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Fsi Overview 4

A Objectives
A Project Summary

A Research Progress

- Deep learning framework for automated microstructure
characterization & reconstruction

- Thermomechanical tests for S200H SIC/SINC

- Physics-based high-fidelity generalized method of cells
microscale simulations

- Neural network-based reduced order model
formulations

A Concluding Remarks & Future Work



ESil Objectives o

rDevelop a computationally efficient synergistic multiscale
framework integrating multiphysics constitutive models with scale-
specific experiments for damage assessment & life estimation of

| CMCs in service environment

A Accurate scale-dependent material
characterization & uncertainty
guantification

A Constitutive modeling of damage, — ’ il
inelasticity, and effects of Micrographs |
environmental degradation , 4

, ‘)’.{i .

A Integration of developed models into | 723
commercial finite element (FE) E P " SRVE

i -
software for CMC component analysis Qﬁ S

A Closed-loop testing & validation for
model calibration & validation

Thermomechanical
testing

*Khafagy, K., Datta, S., & Chattopadhyay, A., Journal of Composite Materials (2021)
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Project Summary
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Methodologies

Accomplishments

Localization

Homogenization

Creep Load Sharing "= Residual Stresses in woven CMC || Strain Field
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T z:x Results
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Experiments

7L, .\
Thermomechanical

Chemical Intratow 8HS weave X-ray
composition Micrograph uCT scan Testing
MICRO MESO MACRO

Multiscale framework integrating scale-specific multiphysics
constitutive models with experimental characterization

vear 6 s wor k:

Previous
A
tomography (UCT)
A
(SRVE)
A
SRVE generation
A
A
A

Current work:

Scale-dependent variability characterization of C/SiNC and
SiC/SiNC CMCs via microscopy & X-ray micro-computed

Image processing algorithm for feature identification and
generation of stochastic representative volume element

Machine-learning (ML)-based techniques to facilitate image
segmentation, scale-dependent variability quantification, and

High fidelity damage modeling to investigate effects of
microporosity and residual stress in SiC/SiC composites
Quasi-static tensile testing of 8HS woven SiC/SINC CMC with
in-situ digital image correlation (DIC)

Coupled oxidation and damage model

Creep-fatigue testing and microstructure assessment for
woven SiC/SiNC and C/SiNC CMC

ML-based SRVE generation and implementation for high
fidelity models

Physics-informed neural-network (NN)-based surrogate
model to emulate multiscale methodology

Milestone

Research Team

BP1 BP2 BP3 BP4 BP5
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Task 1: Project Management and Planning

Task 2: Material Characterization and Uncertainty \

Task 3: Multiphysics Constitutive Modeling with Thermomechanical Damage |

Task 4: Integrated Multiscale Framework

Task 5: Integration into FE Model |

Task 6: Closed Loop Testing and Validation |

Completed: [ 1] Projected: [ ]

. Aditi Chattopadhyay i PI

. Luke Borkowski (RTRC)i Major Participant
AMohamed Hamza i PhD Student

ARayva Ranade i MSc Student

AChristopher Sorinii Ph D Student/ De
Ahaled Khafagy i PhD Student

Alacob Schichtel i NDSEG fellow, no cost to the
grant 4
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Multiscale framework using multiscale generalized method of cells (MSGMC, Liu
& Chattopadhyay, 2011) - generalizes two-scale homogenization & localization
operations to arbitrary number of scales

Allows synergistic analysis of woven or braided composite systems

Model damage & inelasticity at constituent level & capture progression to higher
length scales

Reduced order models for computational efficiency 5
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ESi Scale-dependent Variability =il

Multiscale material & scale-dependent architectural variability quantification:
1) extract scale-dependent architectural features & defect variability from
micrographs; ii) construct statistical representative volume elements (SRVES)
inform multiscale modeling framework

A Meso/macroscale - X-ray micro-computed tomography (uCT)

A Microscale - confocal microscopy (CM) & scanning electron microscopy
(SEM)

A Chemical elemental characterlzatlon energy dlsperswe spectroscopy (EDS)
A Mesoscale SRR BT '

- Inter-tow defects;
- tow size & shape
- Inter-tow spacing , fande b N
A Microscale Denuded matrix defects: Crack nucleation at free

- Intra-tow fiber vol. % Open and intra-tow porosity surface

- Fiber radii & spacing

- Intra-tow porosity vol. %
Previously - semantic segmentation
algorithm using deep learning based
framework

CMC intra-tow porosity
Khafagy, K., Datta, S., & Chattopadhyay, A., Journal of Composite Materials (2021)
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%‘ Automated Microstructure Characterization & Awis-
Generation

Deep learning (DL) framework: i) Deep Convolutional Nonlinear Regression
for automated feature extraction; ii) Deep Conditional Generative Adversarial
Network for SRVE generation

Challenges:

A Unified feature extraction & regression models

A Random generation of synthetic microstructure

A Coupling between variability & generated RVES i generate microstructures
based on desired microstructure variability

A Sparsity in micrographs

Advantages

A Semantic segmentation of microstructure characteristic features through
CNN layers

A Variability quantification through fully connected regression layers

A Vanilla regression output tensor used to train generative adversarial network
(GAN)

A Various GAN architectures wused for high-fidelity —microstructure
reconstruction

A Microstructure-inspired statistically representative volume elements (SRVES)

A Applicable to other material systems with complex heterogeneous
architectures




%l Automated Microstructure Characterization & AIMS—
Generation

Vanilla Regression NN for CMC Characterization

Spans taxonomy of microstructure analysis: semantic segmentation of
microstructure constituents & guantification of microstructure variability

a; —— Variability feature (fiber VF, Porosity VF, etc.)

Cj”) —— Feature Map at layer | and filter j
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Statistical Descriptors:
A Two-point correlation

Physical Descriptors
A Fiber volume fraction
— A Mean fiber radius
¥ A Porosity fraction

A 8



w i - o AIM
%‘ Vanilla Regression Training ol

Used previously-developed computer vision (CV) SRVE generation algorithm to
train DL-based algorithm & further improve variability guantification accuracy

| T Validation Loss Two-point Correlation

Loss function
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A Optimized vanilla regression variability prediction show high coefficient of determination
(=| ) with respect to the ground truth
A Deep vanillaregression captured fiber and porosity radial correlation functions overall trend
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ES Multi Deep NN for CMC SRVE Generation %7

Microstructure
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CE) k Deep
Convolutional Critic
NN
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Earth-Mover-Distance:
: Distance between the real and
generated distributions

%pdatef—’ via gradients
: P_: Generator parameters

Wasserstein Generative Adversarial Network (WGAN) Outcomes:

A

Critic network learns microstructure convolution filters to distinguish between

actual micrographs and generated SRVEs by maximizing the Wasserstein loss

A

Generator network produces SRVEs which mimic the actual micrographs, thus
minimizing the Earth-Mover-Distance (EMD) between the two distributions

10
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ES] SRVE Generation and Training Evaluation %

10" - J— 1.5E406 ]
t‘_‘ AN T T Yy Al 2 0 ? .
- «F  Penalty Constraint
' Joms Kenedemit 10* :_
% 107 % 5
a & :
10" I s &
E Discriminator Loss
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R
-6 TR 1 1 TR R 1 | 1 1072 :—
10 200 200 600 800 1000 1.56+06 200 300 . R R R T
Training Steps Training Steps 200 400
Training Steps
SRVE Evolution Across Model Training Optimized Generated SRVE

WGAN showed enhanced SRVE quality generation with microstructure variability
compared to traditional GAN frameworks due to better gradient estimations and stable

objective function
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ES S200H SiC/SINC Quasi-Static Tests 7

Confocal Micrographs of Fracture Surface

500 ({—RT
800°C

RT

—1200°C
450 | —RT Artz et al. (2020)
—RT Jefferson et al. (2021)
1200°C Jefferson et al. (2021)|

ﬂ/‘rﬂx R A SN P Fiber
TR b pullout

Stress (MPa)

Room Temperature (RT)
UTS: 487.2917 Mpa
Modulus: 135.39 Gpa
Failure Strain: 0.541%

800°C

0 1 2 3 4 5 6 7
Strain (mm/mm) <1073

800°C 1200°C
UTS: 451.2897 Mpa UTS: 336.5265 Mpa

Modulus: 128.47 Gpa Modulus: 110.83 GPa
Failure Strain: 0.541% Failure Strain: 0.448%

(A Nonlinear behavior is due to large pores and cracks caused by PIP
manufacturing process; accelerating damage growth in the composite

A Tensile strength results at 1200°C are in good agreement with literature

Drastic decrease in tensile strength at 1200°C due to higher activation energy for
matrix microcracks ) 12
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%ﬁ S200H SIC/SINC Creep-Fatigue and Residual  ams~
Strength Tests

MATERIALS @S¥STENS CEN

%1073
3r 500 {—RT
—800°C
Residual Strength at 50% UTS
450 H—Residual Strength at 40% UTS
Residual Strength at 30% UTS
2.5 // ——Residual Strength at 20% UTS
400 [-
oL 350
- |
E fr —— e ———— 53007
5151;:, =)
£ | §25o—
5 | | ‘
‘ 200 -
'
L e
[ { | | i
0.5 Stress Level 20% (1) 100
1 Stress Level 50% (2)
Stress Level 40% (2)
Stress Level 30% (2) 50 [
‘ _‘ v 1 _‘ ‘ 7SEress Leve! 20% (2) J
0O 1-0 2-0 30 40 50 60 70 80 90 100 0 I ! L | | . |
Time (hours) 0 1 2 3 4 5 6 7
Strain (mm/mm) %107
( )
A Large difference in strain between repeated tests at 50% and 40% Stress Levels
A Strain rates for repeated tests at 50%, 40% and 30% stress levels match
A Stiffness decreased due to embrittlement caused by oxidation
A Significant decrease in strength and strain to failure upon creep-fatigue exposure
. J
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%‘ S200H SIC/SINC Fracture Post-Residual Strength (800°C) =&

EHT =20.00 kV 20 . p . T = - . i
o T Sl e |
Ll ass—— L N E____ s
Manufacturing-induced - : : .
Void in matrix leaving exposed fibers

damage on fracture surface

’

Zﬂnm = i:g:jia,:,:v : ;ﬁ:gnzmzz ;rrxlans ?:;;.; i?ﬁg,;rfgzs ﬁ ‘. %}i?finv ;?;Zlszé,:ens ?::».;,21?5“;{42:23 ;u:n:‘ 1 i:;T: f:aﬂgi:f ISA‘:;: 850X ) ?21752?22:23 ﬁ
Fracturé damage located close to Silica formation on fracture surface
sample surface
é )
A Material characterization using SEM and EDS performed after creep-fatigue testing
and residual strength testing
A Damage due to manufacturing induced defects depicted in sample fracture surface
A SiNC matrix oxidizes into glassy silica phase causing embrittlement 14
. J




-~ Physics-based High-fidelity Modeling AIMS—
Fsu of CMCs 48

Key Features

A Modeling CMC viscoplasticity and damage induced
Inelasticity at elevated temperature

A Capturing the CMCs global mechanical response due
to damage mechanisms in each constituents (fiber and
matrix)

A Model training on high-fidelity microstructure
representation to account for microstructure features
and variability effects

ACapturing the main stages of creep strain behavior

AEnforcing physics-based constrains through loss
function regularization

AMicroscale surrogate model training on stress
relaxation and creep testing scenarios with damage 15



%‘ Stress Relaxation for S200H CMC at 1300°C: AlM

. Localized Response
1% defect VF 2% defect VF 4% defect VF Applied Strain

Cauchy Longitudinal Stress:

Subcell - Stress Contours

Subcell - Stress Contours Subcell - Stress Contours
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20 20 |
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: o § w0 §
; i il N b
0 a «‘ » » | A Intratow defects
W w % o — induced localized
Inelastic Longitudinal Strain: stress and viscoplastic
Subcell - Plastic Strain Contours <107 Subcell - Plastic Strain Contours x10* Subcell - Plastic Strain Contours 1 strain around fiber
’ 7 6 surfaces
‘s - . | A Viscoplastic strain
R mismatch between
. 3 . 8 SiNC matrix and Hi-
1 - Nicalon fiber due to
0 1 , different stress state
oo 20 4 e s w0 e and inelasticity
Total Longitudinal Strain: activation energy
Subcell - Strain Contours %107 SubcI-Strain Contours %107 x10% A LOC&|IZ€d tOtal Stl’aln
2 N near porosity;
5 indicating defects
f 0 diffusion along fiber
’ ? surfaces during stress
) relaxation
0 k )
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Impact of Porosity on Inelastic Response of

%l S200H CMC at 1300°C

ADAPTIVEINTERTICE 1

AIMS

MATERIALS @S¥STENS CEN

Unit Cell Stress vs. Time
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To Do o

S200H exhibits inelastic strain mismatch during stress relaxation simulations
Fiber stress rapidly drops and approaches a constant creep strain rate

Inelastic strain in fiber increases with porosity as a result of stress localization along fiber

surfaces

17



%‘ Physics-Informed Machine Learning CMC
Surrogate Model

- o

MATERIALS @SYSTENS CENTER

Surrogate model developed and extended to effectively predict response of woven

SIC/SIiC with microstructural variability

Stress vs. strain Tangent modulus vs. strain
4 . . . 5
00 5210 . .
—— Ground truth
300t - - -RNN
=
Ay
= 200
o
100 —
——Ground truth
o . ~ - “RNN _ L |
0 1 2 3 5 5

€ (mm/mm) %102 ¢ (mm/mm) %1073

Parity plot T with and without
physics-informed constraints

Prediction speedup

*Borkowski, L., Skinner, T., & Chattopadhyay, A. (2023). Woven
ceramic matrix composite surrogate model based on physics-informed
recurrent neural network. Composite Structures.
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