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Important innovation drivers in the aerospace industry

e Digitalization of processes/digital transformation, leading to reductions
in cost and lead time. 50% reduction of certification costs by 2050 (ACARE
vision for 2050). End-to-end simulation, including design, manufacturing
and certification.

e Model verification, validation and uncertainty quantification (VVUQ).

“YvUQ are the primary methods for quantifying and building credibility in
computational models”.

vua s T —
= = L
vwuQ / = =-

(J. Fatemi, Airbus NL, Porto, 2023)
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Important innovation drivers in the aerospace industry

e Highly optimized composite structures & non-conventional composite materials, requiring simulation
across the scales.
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(Waypoint 2050, Air Transport Action Group, 2" ed., Sept. 2021). (Picture courtesy of Dr. Stéphane Mahdi, Airbus).

e Multifunctional composites (electrification, SHM).

Three-point bending
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(F. Danzi, H. Braga, P.P. Camanho, Coaxial energy harvesting and storage, patent EP4324008)
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Finite Element models

Open-hole
tension/compression

Bolted joint
(in-plane and
pull-through)

—
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impact and CAEI v x
1
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Computing times (16 CPUs) - between 1h = High computational costs may limit the use of the
and 80h; expert users required. FE models.
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Questions to be addressed:

* How to define a machine learning-based approach to predict composite design allowables?
* What is the best machine learning algorithm to predict composite design allowables?

PrOpOSEd appf'OGCh . Definition of model descriptors and
their bounds

l

Theory guided machine learning for the generation of
surrogate models:

Sampling

!

Modification of the sampling

Design of experiments

Scientific 1
knowledge

method to conform to the

Physical models

Co
3 5
¢ n=L ('
SRS
L

restrictions of the descriptors

-

Generation of a database by

~

Analyses

running the analytical model

Theory-guided data v '
science models — Training set Testing set

!

K-fold cross-

\ D Data science

L mdels

validation

!

Best

v

parameters

Data : -

Trained Final

Machine learning

model evaluation
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Analytical framework to predict the notched strength of composite laminates
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(Camanho et al., Composites Part A, 2012).
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Analytical framework to predict the notched strength of composite laminates

oA A A
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oc>ra ,X>0

B 1
2a 2
Vi- ()
Complex Variable Theory  Finite width correction
(Lekhnitskii) factor K; =0 F,F,J/ra , A=1

(Camanho et al., Composites Part A, 2012).

New development required for the implementation of the proposed approach: stress intensity factor for
non-quasi-isotropic laminates.

(Catalanotti, Salgado, Camanho, Engineering Fracture Mechanics, 2021).
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Analytical framework to predict the notched strength of composite laminates
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Good accuracy, but the model relies on [aminate properties.

é 1 a-I—l
7 / O'yy(;lf)(l;l,‘ :@ Laminate property
' a

a+l l
/ K3(a)da = /@Aa)d(Aa) Laminate property
_ Ja 0

Ajj (4 ply elastic properties)

Laminate elastic properties
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Laminate strength
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(Camanho, Catalanotti, Engineering Fracture Mechanics, 78, 2011).

@& meqgi::ii O|loeta 14/28



[ArorTO

FEUP FACULDADE DE ENGENHARIA

UNIVERSIDADE DO PORTO

1.Introduction

2.Analytical

3.DoE

4 .B-basis

5.Conclusions

Analytical framework to predict the notched strength of composite laminates

0,/ +45/90] 0.445 0289
0/ £ 454/90] 0217 0217
10/ £ 45] 0370 0.155
0/ +45/0
0/ +30)
0/ 30/0)

I ay-up LL L L o /Tr vy
0880 0.052 0031 0320
0.468 0468 0031 0036
0336 0336 0129 0308
0/ = 45/90) 0.662 0175 0,070 0310
05/ + 45,/90) 0518 0208 0109 0423

Uv5|l! 1.220
ety a Master Ply &

E;, Eg Gig, viz

E,, E,, G
I

xy? Vxy

Fracture Mechanics Gl
Laminated plate theory
.
) gll(l [Hl
G =Z+ (i) # 90°
/

_—

El Tr
Universal
Lay-up laminate
factors
X
1M7/8552

Omni Strain Failure Envelope

Unit Circle (max. strain)

1 K2 (a)da

{ L[ 6y (x, 0)dx @

XL

1 - es 1 5
/e e/eie
A ds

— 1P Omi Envelope
— unitdrcle

(Furtado, Arteiro, Camanho et al., Composites Part A, 2017).
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15° off-axis 45° off-axis

60° off-axis

T700/M21 75gsm
[90/+45/90/+45/90/0],

Sharp crack Approximated diffuse crack band -

phase field

II(u) = /Q Yo(u)dQ + /r GcdS + Wy () /r G.dS ~ /Q G.Y(¢;Vp)dQ

(W) ~T1(0.¢) = [ y(0,¢)d2+ [ Ge(@:V$)dQ+ Wen(u)
I S Ineql 2 nnovation () Laeta

(A Mitrou, PP Camanho, et al., International Journal of Solids and Structures, 2022).
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Analytical framework to predict the notched strength of composite laminates

Modeling a thin-ply laminate at the macroscale, in an equivalent single
layer form, requires proper consideration of:

= Elastic Anisotropy

= Fracture energy anisotropy

The crack surface density function:

G.(0) = gC\/1 + a, sin?(0) + a, cos2(6)

90
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structural tensor
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The scaling constants typically used as numerical
inputs are a material input and represent the full
fracture toughness of the laminate
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(A Mitrou, PP Camanho, et al., International Journal of Solids and Structures, 2022).
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UD off-axis response is seamlessly captured:

Off-axis predictions:

[45/-45/0/45/-45/90/0/45/-45/90/0];

25 440
o 400
o
20
- = 360
W A
E & o
S © S 320 & o o
15 ¢ o o Q
<
o 280
O PF ¢ Exp.
P Max error 4.8%
10 240
20 40 60 80 100 0 20 40 60 80 100
Angle (°) Angle (°)
@ Ineql S‘Tr\;lrr\‘gvs;ﬁg;e () ’ lgqetq (A Mitrou, PP Camanho, et al., International Journal of Solids and Structures, 2022). 18/28
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Design of experiments and computational analysis
Laminate definition

Considering each ply orientation of a given stacking sequence as an input parameter yields a
highly dimensional space that is unsuitable for machine learning.

Two classes of laminates considered: Legacy Quads (LQ) and Double-Double (DD).

90 0°
PR 1.0- 10
Legacy Quads g ' 05
-‘; 0.5 o8
7 x ( ) 0.7
cos(26;) 06
LN (46)) T 00 053
C L cos(46; o
Two lamination parameters: (fiosy =4 > > (2 — zic1) o5
i=1 | sin(26;) 01 io.z
. o 01
sin(46;) -10 - 00

\ / 210 -05 0.0 05 1.0

Double-Double

1.0
0.9
0.8
r0.7

0.6

Two fibre orientation angles: [+¢/ +],

o]
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Definition of dimensionless parameters _ T i4
Legacy Quads = 3 A
= 62
U:fl (E17 XT: gO: D: W/D/ la’y_up) la’y-up:fQ (Q7 ﬁ) = : qﬁ
o =
Double-Double <
. f=1

Reduction of input parameters - Buckingham’s I1 theorem:

g GoEy

Design of experiments
Sobol sequence using SALib Python library; material, geometric and laminate bounds:

Legacy Quad Double-Double
E; € [150,200] GPa E; € [150,200] GPa
Material Property X7 € [2000,2500] MPa Xt € [2000,2500] MPa
Go € [150,250] N/mm Go € [150,250] N/mm
) D € [1,12] mm D € [1,12] mm
Geometric
W/D € [3,8] W/D € [3,8]
(ftel-1,1 ¢ € [0,90]°
Layup
G el-1,1 ¢ € [0,90]°
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Legacy Quads

1.0 X M ® l.
Allowed S .
Requires the solution of an inverse problem: from the lamination  Sholseoced B2 977/
| ¢ Modified e '
parameters to the lay-up. "IV
« I A
. ' ) ) . . - O.O_znx ' ., .'. ..'.' :x
A database relating all possible ¢i'/(;' combinations to the .
corresponding lay-up was created with the following restrictions: os{ 2t e I
x % * L] ... x *
up to 32 plies and balanced laminates. ceon el T
B TR TRy 0.5 1.0
¢t

Input data point: =; = [E1, Xr, Go, D, W/D, (i, (Y,

1. The laminate parameters ( ¢{* and ¢3! ) are converted into a lay-up by accessing the database.
2. Computation of the notched strength o and normalized /X7 notched strength.

3. Conversion of the 7D space into a 4D space: =} = %, W/D, ¢, &'

@ mneqgi:::: O|laeta 21/28
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Double-Double
S— Symmetry plane -
801 Sobol generated & T _: .
Modified v
60_' . " . --1 .° ..
- - I . a ..
— - s "
= y .=
5-40* - o .q -..
d t..n .. - I. "I.
-1 - .‘ - .c
20 - . ..'.. .
- - .'- . . I :
'] ‘% -
0 S '
0 20 40 60 80

o]

Input data point: z; = [Ey, X7, Go, D, W/D, ¢, 1];

1. The laminate parameters (¢ and ¢’ ) are converted into a lay-up [+¢/ 1] .

2. Computation of the notched strength o and normalized /X7 notched strength.

3. Conversion of the 7D space into a 4D space: z] =

[QOE1
DX2

W/D, &, i

'
@& mequ:::

22/28



[ArorTO

FEUP FACULDADE DE ENGENHARIA
UNIVERSIDADE DO PORTO

1.Introduction  2.Analytical 3.DoE 4 B-basis  5.Conclusions

Algorithms used:

Definition of model descriptors and Lega CV QU d d S
2]
‘5:: their bounds 0.05 -
E 1 e Gaussian Processes. - —— XGBoost
g ) 0.04 —¢— Random Forest
5 sampling  Artificial Neural Networks "] —4— Artifical Neural Network
Qa l l —4— Gaussian Processes
g — _ * Random Forests.
= Modification of the sampling
8 method to conform to the e XGBoost.
restrictions of the descriptors
)
§ . p————
%, Generation of a database by 0 500 1000 1500 2000
5 running the analytical model e
- v v N
( —  Training set Testing set \ Double-Double
!
%o K-fold cross-
g validation —#— XGBoost
3 0.04 1 ‘ —4¢— Random Forest
@ Artificial Neural Network
! —+
g Best 0.031 ‘ —4— Gaussian Processes
S parameters =
= $ * 5 0.02 -
Trained 1 Final
k model evaluation/ 0.011
) :
0 soo  (ooo _J 1500 2000
Hyrain
'
derlng science
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Generation of B-basis allowables using machine learning
Representation of the design space — 1,000 training points and 9,000 testing points

Legacy Quads

[ XGBoost [ Artificial Neural Network
I Random Forest 1 Gaussian Processes
30.0%
72
5]
Relative error £ 20.0% 1 .
= S
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3] :
2
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—40 -20 0 20 40
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5251 | 525 525 5254 5251 001 6001

Sensitivity

Notched strength [MPa]

5004 500 500
a n a IySIS 475 175 A00 4 4004
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‘ 2040 1 200 4
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Generation of B-basis allowables using machine learning

Double-Double

[ XGBoost
I Random Forest

[ Artificial Neural Network
71 Gaussian Processes

1 1
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] 1
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Q9 I 1
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1 1
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-40 =20 0 20 40
Relative error (%)
==== Ground truth — XGBoost — Random Forest — Artificial Neural Network — Gaussian Processes
850 850 850 850 850
\ 1000 1000+
800 800 800 S00\Y K00
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Generation of B-basis allowables using machine learning

B-basis — 95% lower confidence bound on the tenth percentile of a specified population;
it accounts for geometric and material variabilities.

Monte Carlo-based approach used:

1. 10,000 material (E1, X, Gy) and geometric (D and W) parameters are generated following a
given statistical distribution.

2. The distribution of the notched strength is calculated using the analytical model and the
trained machine learning algorithms.

3. The 10t percentile of the distribution on the notched strength is obtained and taken as the
B-basis value.

IM7/8552,3<W/D < 8, D=2, 4, 6,8 and 10mm

Legacy Quad: (90/0/-45/45);, Double-Double: (45/-45/20/-20)
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Distribution of the notched strength, B-basis and mean value of the notched strength. D=6mm, W=36mm

Legacy Quad
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Double-Double
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0 Analytical L1 Gaussian Processes
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Design charts
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Conclusions

v" Using analysis models and restrictions in the definition of lay-ups it is possible to define machine
learning models to predict the notched strength of composite laminates.

v" Gaussian Processes achieved the best performance for a small number of data points.
v" Artificial Neural Networks outperformed all other algorithms for larger data sets.
v All machine-learning models provided good estimations of B-basis design allowables.
v Gaussian processes is the preferred machine learning model taking into account:

v" Continuous and accurate representation of design space.

v Low errors of the predictions.

v" Fast learning process.

v Low number of hyperparameters to optimize.

v' Better performance for small training sets.

More information: Carolina Furtado et al., A methodology to generate design allowables of composite
laminates using machine learning, International Journal of Solids and Structures.
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