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Å Key-hole mode melting

ÅLack of fusion porosity due to poor 
processing parameters (scanning speed, 

laser energy, etc.)

ÅGas pores from insufficiently 
compacted metallic powder prior 

to deposition

[Kim et al, NIST Advanced Manufacturing Series 100-16, 2018]

[Romano et al, Additive Manufacturing, 2019]

[Senanayaka et al, Manufacturing Science and Engineering, 2023]

Volumetric porosity in additively manufactured parts is 
attributed to:
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ÅMaterial 
strength

ÅHardness

ÅFatigue limit 

Immature failure !

[Kanet al, Material Science, 2022]

Inaccurate characterization of volumetric pores may result in 
underestimating the mechanical properties of the part
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Ultrasonic testing can be used to nondestructivelycharacterize 
ǇƻǊƻǎƛǘȅ ōŀǎŜŘ ƻƴ ǘƘŜ ǊŜŎŜƛǾŜŘ ǎƛƎƴŀƭΩǎ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ

Single point 
ultrasonic testing

Phased array 
ultrasonic imaging

Resonant 
ultrasonic testing

[Skiadopouloset al. J. of NDE2023] 
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Transducer

Transducer

[Huang et al, Additive Manufacturing, 2022]

Scattering of ultrasonic waves in a porous medium leads to 
wave speed and amplitude reduction
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Å Analytical models are essential but use simplifying 
assumptions about pore shape & size

Å Deep learning models automatically extract the most 
sensitive features from an ultrasonic signal 

Å Support vector machine (SVR) models 
map ultrasonic features to porosity

Porosity

[Park et al, Precision Engineering and Manufacturing Green Technology, 2022]

SVR

Multi-scale 
Scattering attenuation

Coefficients

[Lin et al, NDT&E International, 2020]

D
Independent Scattering Approximation model (ISA)

♫▬ ╬╛ ♫╪▬ π

Å ▬: porosity

Å ♫ , ♫ : material-dependent 
parameters [Sayers , Applied Physics, 1981]

Analytical modelling vs(supervised) Machine Learning (ML) 
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How would a supervised data-driven ML model be trained?
(for example, an artificial neural network (NN))
Å Ultrasonic testing is performed on a large set of samples to form the training dataset

Å ¦ƭǘǊŀǎƻƴƛŎ ǎƛƎƴŀƭǎ ŀǊŜ ǳǎŜŘ ǘƻ ǘǊŀƛƴ bbΩǎ ǿŜƛƎƘǘǎ 
by minimizing the data-based Loss ὒέίί

Backpropagation 
+

Weight Update



Case 2:Some data 
& Some physics

Case 3:Big data 
& No physics

Case1:Small data 
& Lots of physics

Most common case in NDE 
applications !

Data-Physics trade off in Scientific ML
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Why physics-informed machine learningcan be beneficial for 
NDE applications ? 



Case 2:Some data 
& Some physics

Case 3:Big data 
& No physics

Case1:Small data 
& Lots of physics

Most common case in NDE 
applications !

Data-Physics trade off in Scientific ML

Encoding physics in neural 
Networks (NNs):
Å Reduces need for big 

labelled data
Å Improves accuracy and 

generalizability
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Why physics-informed machine learningcan be beneficial for 
NDE applications ? 
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Observational bias Learning bias

Inductive bias

Å Physics are represented through the data 
(e.g. FE simulations for a range of porosity structures)

Å A physics term is added in the Lossfunction

Å Physics are encoded in 
ǘƘŜ a[ ƳƻŘŜƭΩǎ ǎǘǊǳŎǘǳǊŜ

What is physics-informed ML ?
Domain information is encoded in ML model as additional bias
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Physics-Informed Clustering
A physics-informed clustering 
approach for ultrasonics-based 
non-destructive evaluation

Transfer Learning
A transfer learning approach to the 
prediction of porosity in additively 
manufactured metallic components

Wave Physics-Informed Ultrasonic Imaging
Deep Ultrasonic Imaging of Porosity: 
Tomographic Image Reconstruction by 
wave-physics guided deep learning

Overview
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Physics-Informed Clustering
A physics-informed clustering 
approach for ultrasonics-based 
non-destructive evaluation

Transfer Learning
A transfer learning approach to the 
prediction of porosity in additively 
manufactured metallic components

Wave Physics-Informed Ultrasonic Imaging
Deep Ultrasonic Imaging of Porosity: 
Tomographic Image Reconstruction by 
wave-physics guided deep learning

Overview

* Skiadopoulos, M., Bozek, E., Pillarisetti, L., Kifer, D., & Shokouhi, P. 

(2025), A physics-informed clustering approach for ultrasonics-based 

nondestructive evaluation, NDT&E International.
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Å Supervised machine learning Å Unsupervised machine learning

ὒέίί

Backpropagation 
+

Weight Update

ÅLarge labelleddataset is required for training

Å Complex structure O mᴻodelling flexibility

but Ȣ interpretability

ÅNoneed for a labelleddataset

ÅSimple pre-defined rulesᴼidentification of 

data structures with ᴻ interpretability , but Ȣ
flexibility prohibits modelling of more 
complex problems

●

●

SupervisedvsUnsupervisedML
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,ÏÓÓ
,ÏÓÓ

Physics Constraints

Å Solution:Embed physics in the model! ●

●

Physics

ÅPhysics-informed neural networks (PINNs) encode domain information in the form of a biasto 
improveaccuracy, generalizability& to reduceneed for labelled dataset

Backpropagation + Weight Update

[Karniadakiset al, Nature Review Physics, 2021]

Can we increase unsupervised machine learning 
ƳƻŘŜƭǎΩ ŀŎŎǳǊŀŎȅ ǿƛǘƘƻǳǘ ƧŜƻǇŀǊŘƛȊƛƴƎ ƛƴǘŜǊǇǊŜǘŀōƛƭƛǘȅΚ
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48AlSi10Mg sampleswith άǇǊƻƎǊŀƳƳŀǘƛŎŀƭƭȅ ƛƴŘǳŎŜŘέ ǊŀƴŘƻƳƭȅ 
distributed microscopiccylindrical pores

H × W × L(mm) 10 × 15 × 50

D × l (mm) 0.534×0.180 

Porosity range (%) 0ς2.0 (with steps of 0.25)

# Samplesper porosity 6

CAD model

Test samples: AlSi10Mg test samples were fabricated using 
laser powder bed fusion (LPBF)
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Ultrasonic testing A total of 240 (╬╛, ♪) measurements

Features ╬╛and♪from the ultrasonic pulse-echo testing 
of each test sample are used
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k-means predicted ╒▓ ISA model

╧░▒ɴ ╒▓ □░▪
╧░▒ □▓

В▓
╚ ╧░▒ □▓

╧░▒
♫▬░ ╬╛ȟ░ ♫♪░ π

♫ , ♫ : learnable parameters
▬░

╟▓ □▄╪▪▬░ȟ╧░▒ɴ ╒▓

How can physics be embedded into a clustering algorithm?
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PIC predicted ╒▓

╧░▒ɴ ╒▓

□░▪
╧░▒ □▓

В▓
╚ ╧░▒ □▓

▬░ ╟▓
В▓
╚▬░ ╟▓

k-means predicted ╒▓

ISA model

ISA model is added to the clustering criterion 
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The training set is normalized between 0 and 1 using MinMax scaling and the same training data 
min-max values are used to normalized the testing set.

ÅTraining set ÅTesting set

Data are randomly divided into a training set (80%)and 
a testing set (20%) ǘƻ ŀǎǎŜǎǎ tL/Ωǎ ǇŜǊŦƻǊƳŀƴŎŜΦ 
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PICk-means

k-means

Initialization: 
Random

Initialization: 
k-means++

ISA

PIC provides more diagonal confusion matrices (CMs) (training set)
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PICk-means

k-means

Initialization: 
Random

Initialization: 
k-means++

ISA

PIC provides more diagonal confusion matrices (CMs) (testing set)
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!ƭǎƻΣ tL/ ǊŜǎǳƭǘǎ ǎƘƻǿ ƭŜǎǎ ǾŀǊƛŀǘƛƻƴǎ Ҧ LƴŎǊŜŀǎŜŘ ǊŜǇǊƻŘǳŎƛōƛƭƛǘȅ

tL/Ωǎ ƘƛƎƘŜǊ tŜŀǊǎƻƴ ŎƻǊǊŜƭŀǘƛƻƴ ŎƻŜŦŦƛŎƛŜƴǘǎ όŀǾŜǊŀƎŜŘ ŀŎǊƻǎǎ 
100 initialization seeds) confirms more diagonality in CMs
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tL/Ωǎ ƳŜŀƴ ǎǉǳŀǊŜŘ ŜǊǊƻǊǎ όa{9ύ ŀǊŜ ǎƳŀƭƭŜǊ 
(average across 100 initialization seeds)
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Computational resources

Platform Google Colab, Python3.10.12

Processor Intel Core i7-7700HQ, 
CPU 2.80GHz

RAM 12 GB
422% ᴻ

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

Drawback:Computational time increases when using PIC!
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Development of PIC algorithm & 
application to porosity categorization

PIC is shown to be superior to the standard K-means 
algorithm, but computationally more expensive

Contributions: Physics-Informed Clustering 
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Physics-Informed Clustering
A physics-informed clustering 
approach for ultrasonics-based 
non-destructive evaluation

Transfer Learning
A transfer learning approach to the 
prediction of porosity in additively 
manufactured metallic components

Wave Physics-Informed Ultrasonic Imaging
Deep Ultrasonic Imaging of Porosity: 
Tomographic Image Reconstruction by 
wave-physics guided deep learning

Overview

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 
synthetic ultrasonic response?

Step 2:Can a pre-trained PINN model be transferred to an 
equivalent experimentalultrasonic response?

ÅPorosity
ÅAverage pore radius

Transfer learning

Experimental 
results

PINN

Synthetic data
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Synthetic ultrasonic pulse-echo testing data are generated 
from 3D FE models

Symmetry

Periodic Boundary 
Conditions (PBC)

ÅElement size = wavelength / 50

Absorption layer: 
Infinite elements

Å Excitation & Recording area

FE model setup Å Porosity (%) : 0 ς3.0%, with 
steps of 0.3 %

Å Pore radius (˃m): 70-220, with 
steps of 15 ˃m

Å 3 different spatial distributions

331 synthetic data
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Simulated and actual ultrasonic response in the case of 0% 
porosity agree well

Amplitude decay in the actual ultrasonic responses is matched by setting the ‍
parameter of Rayleigh damping to 2e-11.
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A feed-forward fully connected NN is coupled with the ISA model 
to form the PINN model

╟▐◐▼░╬▼╬╛ȟ▪▫►□
▬▪▫►□═▪▫►□║▪▫►□►▪▫►□

NN Model Physics Constraints: ISA model

ÁOutputsÁLearned Parameters

▬▪▫►□

►▪▫►□

╬╛ȟ▪▫►□

Learning rate (Optimizer) 5e-4 (Adam)

Batchsize 5

Earlystopping epochs 7
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A feed-forward fully connected NN is coupled with the ISA model 
to form the PINN model

Å ╟▐◐▼░╬▼╬╛ȟ▪▫►□
═▪▫►□▬▪▫►□║▪▫►□◐▪▫►□

NN Model Physics Constraints: ISA model

ÁOutputsÁLearned Parameters

ὒέίίὓὛὉ▬▪▫►□ ὓὛὉ◐▪▫►□
ὓὛὉ╬╛ȟ▪▫►□ὓὛὉ╟▐◐▼░╬▼

Backpropagation 
& Weight Update

Learning rate (Optimizer) 5e-4 (Adam)

Batchsize 5

Earlystopping epochs 7

▬▪▫►□

◐▪▫►□

╬╛ȟ▪▫►□

Å ◐▪▫►□ ▬▪▫►□►▪▫►□
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PINN model outperforms (higher r2-scores) NN both for 
porosity and pore radius predictions

Å A train/validation/test split of 
80%/10%/10% is used

Å Both PINN and NN map 
ultrasonic signals to porosity 
and pore radius with sufficient 
training data.

Å Pore radius prediction - more 
challenging than porosity -
benefits more from PINNs

Porosity

Pore radius
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PINN model outperforms (higher r2-scores) NN both for 
porosity and pore radius predictions

The superiority of PINN 
becomes more evident when 
training data is scarce.

Porosity

Pore radius
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Step 1:Can a PINN model be trained to quantify porosity using the 
synthetic ultrasonic response?

Step 2:Can a pre-trained PINN model be transferred to an 
equivalent experimentalultrasonic response?

ÅPorosity
ÅAverage pore radius

Transfer learning

Experimental 
results

PINN

Synthetic data
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What happens when the models, pretrained on synthetic data 
are transferred to experimental data?

Å Both PINN and NN are pretrained on synthetic data using a train/validation/test 
split of 80%/10%/10% 

Å PINN maintains superior performance after transfer learning (TL) to experimental 
data, highlighting its robustness beyond simulate data

Porosity



32

A PINN framework for the quantification of 
porosity in AM metallic components is developed 

With limited data, PINN is more 
effective than data-driven NN.

The PINN model pretrained on synthetic data can 
successfully transfer to experimental data

Skiadopoulos, M., Kifer, D., & Shokouhi, P. (2025), A transfer 

learning approach to the prediction of porosity in additively 

manufactured metallic components, NDT&E International.

Contributions: PINN and Transfer Learning 
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Physics-Informed Clustering
A physics-informed clustering 
approach for ultrasonics-based 
non-destructive evaluation

Transfer Learning
A transfer learning approach to the 
prediction of porosity in additively 
manufactured metallic components

Wave Physics-Informed Ultrasonic Imaging
Deep Ultrasonic Imaging of Porosity: 
Tomographic Image Reconstruction by 
wave-physics guided deep learning

Overview
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Phased array ultrasonic testing

Å Recording points

Source:
Element 1

Defect imaging

FMC acquisition

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

Å Recording points

Source:
Element 1

Source:
Element 2

Defect imaging

FMC acquisition

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

Imaging 
algorithm

Å Recording points

Source:
Element 1

Source:
Element 2

Source:
Element n

Defect imaging

FMC acquisition

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

╞ ●

Ultrasonic phased array
╣ ╡

Ὠ ► Ὠ ►

Ὅ ►
ρ

ὔὔ
ί ὸ

ὸ Ὠ ► Ὠ ► Ⱦὧ

ί : amplitude recorded at 

receiver Ὦfrom transmitter Ὥ

Reconstructed image when using 
information only from 1 transmitter 

TFM

Total focusing method (TFM) is used as the baseline 
ultrasonic imaging method
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◐
Ultrasonic phased array

╣ ╡

Ὠ ►

Ὠ ►

Ὅ ►
ρ

ὔὔ
ί ὸ

ὸ Ὠ ► Ὠ ► Ⱦὧ

ί : amplitude recorded at 

receiver Ὦfrom transmitter Ὥ

TFM

Reconstructed image when using 
information only from 2 transmitters 

╞

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

●
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◐
Ultrasonic phased array

╣╡

Ὠ ►

Ὠ ►

Ὅ ►
ρ

ὔὔ
ί ὸ

ὸ Ὠ ► Ὠ ► Ⱦὧ

ί : amplitude recorded at 

receiver Ὦfrom transmitter Ὥ

TFM

Reconstructed image when using 
information from all transmitters 

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

╞ ●



Ὅ ►
ρ

ὔὔ
ί ὸ

ὸ Ὠ ► Ὠ ► Ⱦὧ

ί : amplitude recorded at 

receiver Ὦfrom transmitter Ὥ

TFM

Vector Coherence Factor (VCF)

Ὓ ί Ὄί

ὠὅὊ►
ρ

ὔὔ

ὙὩὛ ὸ

Ὓ ὸ

ὍάὛ ὸ

Ὓ ὸ

Ὄ: Hilbert transform Ὓ : Analytic signal

Ὅ ► ὠὅὊ►Ὅ ►

Before

After

¢ŜŎƘƴƛǉǳŜǎ ǘƻ ƛƳǇǊƻǾŜ ¢CaΩǎ ǊŜǎƻƭǳǘƛƻƴΥ 
Phase Coherence Imaging

36



37

Ὅ ►
ρ

ὔὔ
ί ὸ

ί ᶰῳᵾ Ὥ Ὦ ὯȟὪέὶὯ πȟςȣȟὔ ρ

ί ὸ ί ὸ ί ὸ ί ὸ ί ὸ

Mean waveform subtraction (MWS)
TFM

◐
Ultrasonic phased array

╣╡

Ὠ ►

Ὠ ►

╞ ●

¢ŜŎƘƴƛǉǳŜǎ ǘƻ ƛƳǇǊƻǾŜ ¢CaΩǎ ǊŜǎƻƭǳǘƛƻƴΥ 
Mean waveform subtraction
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Ὅ ►
ρ

ὔὔ
ί ὸ

ί ᶰῳᵾ Ὥ Ὦ ὯȟὪέὶὯ πȟςȣȟὔ ρ

ί ὸ ί ὸ ί ὸ ί ὸ ί ὸ

TFM

Before After

Mean waveform subtraction (MWS)

¢ŜŎƘƴƛǉǳŜǎ ǘƻ ƛƳǇǊƻǾŜ ¢CaΩǎ ǊŜǎƻƭǳǘƛƻƴΥ 
Mean waveform subtraction
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The defects are modelled using spatially varying wave 
velocities ╬╛ὼȟώ, ╬╢ὼȟώ and viscous damping ♫ὼȟώ

2D Wave equation
█ ▪ Ɑ▪ on 

◊ ό ό

█ π Ὢ
„ ╬╛ ς╬╢ ‐ ‏ ς╬╢‐ ‐

ρ

ς

‬ό

‬Ὦ

‬ό

‬Ὥ

‬◊

‬ὸ
​ɇⱭ ♫

‬◊

‬ὸ
█ Ɑ ⱭȾ”

Beyond TFM: full waveform inversion (FWI)for ultrasonic 
imaging
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█ ▪ Ɑ▪ on 

◊ ό ό

█ π Ὢ

Finite differences (FD) approximation

◊
ς◊ ῳὸ​ɇⱭ ╬╛ȟ╬╢ ρ πȢυЎὸ♫◊ ῳὸ█

ρ πȢυЎὸ♫

╬╛ὼȟώ, ╬╢ὼȟώ and viscous damping ♫ὼȟώ are set as 
learnable parameters

The defects are modelled using spatially varying wave 
velocities ╬╛ὼȟώ, ╬╢ὼȟώ and viscous damping ♫ὼȟώ

Beyond TFM: conventional full waveform inversion (FWI)
for ultrasonic imaging
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Initial guess for ╬╛ὼȟώ, ╬╢ὼȟώ and ♫ὼȟώ

Forward solver

ὓὛὉ όȟ ὸ όȟ ὸ

Loss function

Gradients calculation: 
Adjoint state method

Optimizer: L-BFGS

Iteration 1

Beyond TFM: conventional full waveform inversion (FWI)
for ultrasonic imaging
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Initial guess for ╬╛ὼȟώ, ╬╢ὼȟώ and ♫ὼȟώ

Forward solver

ὓὛὉ όȟ ὸ όȟ ὸ

Loss function

Gradients calculation: 
Adjoint state method

Optimizer: L-BFGS

Iteration 2

Beyond TFM: conventional full waveform inversion (FWI)
for ultrasonic imaging
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Initial guess for ╬╛ὼȟώ, ╬╢ὼȟώ and ♫ὼȟώ

Forward solver

ὓὛὉ όȟ ὸ όȟ ὸ

Loss function

Gradients calculation: 
Adjoint state method

Optimizer: L-BFGS

Final Iteration

Faster convergence via 
quasi-Newton updates, 
but slower iterations!

Å Requires solving the 
wave equation twice!

Å Requires complex 
analytical derivation!

Beyond TFM: conventional full waveform inversion (FWI)
for ultrasonic imaging



41

ÅDeep learning models produce higher resolution images 
from FMC data e.g. subwavelength defect imaging

ÅDeep learning models map FMC data to 
wave velocity distribution
Ҧ 9ȄǘǊŀ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ǘƛƳŜ ǘƻ ŜȄǘǊŀŎǘ 

ground truth wave velocity distribution

ÅRecurrent neural network (RNN)-based full 
waveform inversion O wave velocity distribution
Ҧ /ŀƴ ǘƘƛǎ ōŜ ǘǊŀƴǎŦŜǊǊŜŘ ǘƻ ŘŜŦŜŎǘ ƛƳŀƎƛƴƎΚ

[Zhang et al , Meas. Sci. Technol., 2023]

[Rao et al , Journal of Sound and Vibration, 2023]

[Hughes et al , Sci. Adv., 2019]

Supervised machine learning for ultrasonic imaging
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●◄ ●◄ ●◄▪

Ὤ Ὤ Ὤ Ὤ
Ὤ ╦●●◄ ╦▐Ὤ ╫▐
◐◄ „╦◐Ὤ ╫◐

ÅTrainable parameters

„: nonlinearactivationfunction
Ὤ: hidden state at ὸ

◐◄

ÅBackpropagation 
through time

◐◄▪◐◄

RNN

Å Gradient updates: Automatic differentiation instead of Adjoint state method
Å Optimizer: Adam instead of L-BFGS

Research objective: Formulate a physics-encoded RNN framework that improves the 
efficiency and reconstruction accuracy of FWI

How does RNN work?
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FMC acquisition

Å Recording points

Source:
Element 1

RNN

Hidden weights update:
1st training epoch

Target output: 
Recorded signals

Backpropagation

Loss function

Input: Source

Source:
Element 2

Source:
Element n

The physics-ŜƴŎƻŘŜŘ wbb άƭŜŀǊƴǎέ ŘŜŦŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ 
from FMC data
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FMC acquisition

Å Recording points

Source:
Element 1

Source:
Element 2

RNN

Hidden weights update:
1st training epoch

Target output: 
Recorded signals

Backpropagation

Loss function

Input: Source

Source:
Element n

The physics-ŜƴŎƻŘŜŘ wbb άƭŜŀǊƴǎέ ŘŜŦŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ 
from FMC data
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FMC acquisition

Å Recording points

Source:
Element 1

Source:
Element 2

Source:
Element n

RNN

Hidden weights update:
1st training epoch

Target output: 
Recorded signals

Backpropagation

Loss function

Input: Source

The physics-ŜƴŎƻŘŜŘ wbb άƭŜŀǊƴǎέ ŘŜŦŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ 
from FMC data



FMC acquisition

Å Recording points

Source:
Element 1

Source:
Element 2

Source:
Element n

RNN

Hidden weights update:
2nd training epoch

Target output: 
Recorded signals

Backpropagation

Loss function

Input: Source

43

The physics-ŜƴŎƻŘŜŘ wbb άƭŜŀǊƴǎέ ŘŜŦŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ 
from FMC data



FMC acquisition

Å Recording points

Source:
Element 1

Source:
Element 2

Source:
Element n

RNN

Hidden weights update:
Final training epoch

Target output: 
Recorded signals

Backpropagation

Loss function

Input: Source

How can the wave equation be encoded in the RNN?

43

The physics-ŜƴŎƻŘŜŘ wbb άƭŜŀǊƴǎέ ŘŜŦŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ 
from FMC data
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●◄ ●◄ ●◄▪

Ὤ Ὤ Ὤ Ὤ
Ὤ ╦●●◄ ╦▐Ὤ ╫▐
◐◄ „╦◐Ὤ ╫◐

ÅTrainable parameters

„: nonlinearactivationfunction
Ὤ: hidden state at ὸ

◐◄

ÅBackpropagation 
through time

◐◄▪◐◄

The defects are modelled using spatially varying wave 
velocities ╬╛ὼȟώ, ╬╢ὼȟώ and viscous damping ♫ὼȟώ

2D Wave equation

█ ▪ Ɑ▪ on 

RNN

We parametrize ╬╛ὼȟώ, ╬╢ὼȟώ, ♫ὼȟώ as  

╬╛ ⱬ╬╛ὧȟ ╬╢ ▲╬╛
♫ ⱬ♫‍

π ” ρ ” ρ

◊ ό ό

█ π Ὢ

◊
ς◊ ῳὸ​ɇⱭ ╬╛ȟ╬╢ ρ πȢυЎὸ♫◊ ῳὸ█

ρ πȢυЎὸ♫

The recursive nature of RNN allows encoding wave equation
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ÅTrainable parameters

„: nonlinearactivationfunction
Ὤ: hidden state at ὸ

◐◄

ÅBackpropagation 
through time

◐◄▪◐◄

The defects are modelled using spatially varying wave 
velocities ╬╛ὼȟώ, ╬╢ὼȟώ and viscous damping ♫ὼȟώ

█ ▪ Ɑ▪ on 

RNN

We parametrize ⱬ╬╛ὼȟώ,ⱬ♫ὼȟώ, and ▲as:  

ⱬ╬╛
ρ

ρ ◑╬╛

◑╬╛and ◑♫are initialized from a 

random normal distribution with 
mean=0 and ◑▲is initialized as 0 

2D Wave equation

◊
ς◊ ῳὸ​ɇⱭ ⱬ╬╛ȟ▲ ρ πȢυЎὸⱬ♫‍ ◊ ῳὸ█

ρ πȢυЎὸⱬ♫‍

The recursive nature of RNN allows encoding wave equation
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ÅTrainable parameters
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Ὤ: hidden state at ὸ
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ÅBackpropagation 
through time

◐◄▪◐◄

█ ▪ Ɑ▪ on 

RNN

2D Wave equation

◊
◊

ɇⱭ ◑╬╛ȟ◑▲

◑♫ Ў

◑♫ Ў

◑♫ Ў

ρ π

◊
◊ ῳὸ

ρ
π
█◄

The defects are modelled using spatially varying wave 
velocities ╬╛ὼȟώ, ╬╢ὼȟώ and viscous damping ♫ὼȟώ

The recursive nature of RNN allows encoding wave equation
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ÅTrainable parameters
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Ὤ: hidden state at ὸ
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ÅBackpropagation 
through time

◐◄▪◐◄

RNN

[Hughes et al , Sci. Adv., 2019]

◊
◊
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◑♫ Ў

◑♫ Ў

◑♫ Ў

ρ π

◊
◊ ῳὸ

ρ
π
█◄

The recursive nature of RNN allows encoding wave equation
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◊
◊ ═

◊
◊ ῳὸ

ρ
π
█◄

ς ῳὸ​ɇⱭ ” ◑╬╛ȟή◑▲

ρ ” ◑♫‍ Ўὸ

ρ ” ◑♫‍ Ўὸ

ρ ” ◑♫‍ Ўὸ

ρ π
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ÅTrainable parameters

„: nonlinearactivationfunction
Ὤ: hidden state at ὸ

◐◄

ÅBackpropagation 
through time

◐◄▪◐◄

RNN

[Hughes et al , Sci. Adv., 2019]

Å═

The recursive nature of RNN allows encoding wave equation
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RNN
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Ὤ ═Ὤ ῳὸ
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ÅTrainable parameters

„: nonlinearactivationfunction
Ὤ: hidden state at ὸ

RNN

[Hughes et al , Sci. Adv., 2019]
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through time
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ρ π

Å═

The recursive nature of RNN allows encoding wave equation



FMC acquisition

Å Recording points

Source:
Element 1

Source:
Element 2

Source:
Element n

RNN

Hidden weights update:
Final training epoch

Target output: 
Recorded signals

Backpropagation

Loss function

Input: Source
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P

P

How can the wave equation be encoded in the RNN?

The physics-ŜƴŎƻŘŜŘ wbb άƭŜŀǊƴǎέ ŘŜŦŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ 
from FMC data
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Åὡ results in more convex loss 
function compared to ὓὛὉ

ÅMinimizing of ὡ ώ ȟώ learns the optimal

transport map aligning distributions ώ ȟώ

Shift ⱬ╬╛, ⱬ♫

M
is

fi
t

[Yang et al, Geophysics, 2016]

[Yang and Engquist, Geophysics, 2017]

Loss function: Trace by trace quadratic Wasserstein criterion 
(ὡ )   
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Å It is assumed that ” ◑╬╛ and ” ◑♫ are negatively correlated  

Å The negative correlation assumption is enforced through a regularization term:

ὒέίίὡ ώ ȟώ πȢυρ ὖὩὥὶίέὲᾧέὶὶᾧέὩὪὪ” ᾀ ȟ” ᾀ

ὖὩὥὶίέὲᾧέὶὶᾧέὩὪὪ” ᾀ ȟ” ᾀ
ρ

ὔ

В” ᾀ άὩὥὲ” ᾀ ” ᾀ άὩὥὲ” ᾀ

ίὸὨ” ᾀ ίὸὨ” ᾀ

Loss function also includes a regularization term to enforce 
negative correlation between defect density and attenuation 
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Test casePAUT is simulated in FMC mode to generate 
synthetic signals from a 2D domain with three defects

Å ὧȟ φωςψm/s
Å ‍ ρȢυÅυ
Å Ўὼ ‗Ⱦσυ
Å Ўὸ ЎὼȾρȢυὧȟ

Model inputs

Transmitted sinusoidal pulse

Center frequency (MHz) 1

# Cycles 5

Å The simulated phased array transducer includes 64 elements 
Å Outside defect region ” ρand inside defect region ” πȢυ
Å Outside defect region ” ρand inside defect region ” ρȢσ

Å ή πȢυ

‗ φȢωςψmm
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How does the proposed model compare to existing methods ?

TFM PCI

FWI RNN-FWI

TFM-MWS PCI-MWS

Å TFM and PCI result in poor localization 
and shape reconstruction, even when 
boosted with MWS

Å Although both FWI approaches 
successfully reconstruct the defects, 
RNN-FWI results in less artifacts
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How does aperture reduction to 22/64 elements affect performance ?

TFM PCI

FWI RNN-FWI

TFM-MWS PCI-MWS

Å TFM and PCI are unable to localize the 
defects when using 1/9 of the original 
FMC data

Å Although RNN-FWI performance remains 
unaffected, FWI is struggling to retrieve 
the smaller circular defect


