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A. Test Material Preparation

* A novel ANN-based prediction framework is
oresented in this work to predict the life and s* Composite laminates were made using unidirectional epoxy

impregnated E-glass fiber prepregs with a quasi-isotropic
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¢ The framework consists of two coupled ANN
models to estimate the current life (ANN_1)
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residual strength of polymer composites under

. . and residual strength (ANN_2) of the . | = Ateioaa
. . laminate stacking sequence. . . . e =
fatigue loading. . _ specimen based on dielectric permittivity 3
_ S . ** The out-of-autoclave manufacturing process was used to cure fesponse g o
** The framework incorporates in-situ dielectric data the laminates at 135°C P ' 2
. . . . .
acquired from Dielectric Spectroscopy and B. Experimental Design ** ANN_1 provides full life prediction for test
stiffness degradation monitored through Fiber . _ _ . . . _ | - specimens from dielectric data of predefined 0.0-
: ” Speumgns WEere SUbJef:ted to q.ua5|-stat|c tensile loading to Figure 2. Test Setup limited cycles with average R? value 0.9326. 0 100 260 360 460 560
Optic Sensors. determine the mean ultimate tensile strength (UTS). ¢ Performance enhances when more dielectric 340 oo
% The prediction framework consists of two coupled ¢ Fatigue tests with in-situ dielectric spectroscopy were carried out up to failure for * data i bl o |
. mean stress levels (25%, 50%, and 75% of UTS) to develop a life prediction model. dtd 1> avallabie. @ 320 ; 2ot
ANN-based multilayer perceptron models that can & The outout estimated life is then passed = e
: : : s A training dataset was generated for residual strength prediction from fatigue * P P ES— 2
predict the life and residual strength (RS) of the . through the ANN_2 model, and the model & 3°: 7.
. . . tests for a 50% mean stress level up to predefined cycle counts. , o= ’ , s | .
composite part with high accuracy. —_ | st R tength Tot predicts the residual life of the specimen. £ 280 7

< This study highlights the effectiveness of using in- S e : “* ANN_2 predicts the residual strength with an Ezsoi o’
situ dielectric permittivity data and FOS-based ] R? value of 0.9613. lo -&° T oeenl |
FBGs to improve the prediction of the life and g0 % The in situ dielectric permittivity response 240" ——~ ————= ——— ——
residual strength of composite parts under fatigue can be used to determine the present Actual RS, MPa
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Figure 3. Mechanical Response and Dielectric Response of Composite this coupled ANN framework. (Top: ANN_1, Bottom: ANN_2)
Background Conclusions and Core Findings

* Fiber-reinforced  polymer  (FRP)  composite % Stiffness degradation and dielectric evolution shows i < Dielectric permittivity changes can be correlated
structures are widely used in Aerospace industries similar pattern as reported in literature. [3] g 1 : with the initiation and propagation of damage in I;a:‘t':qcl;e'::ﬁsres T_?;:ﬂ::gzt:
but have unpredictable damage progression and % The acceleration of mechanical and dielectric state 2 °-9§ the material. l J J
failure behavior under fatigue loading. variables following a similar trend until about 50% of an os; “* A novel framework using artificial neural network Y
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** Characteristic Damage. State (CD_S) IS an |nd|cator.for life. | EE==m 0_7 algorithms to predict life and residual strength of [ In-Situ Dielectric Response ]
severe damage, leading to stiffness degradation, < The second inflection point in the acceleration curves  ° ™ yomsizeatre polymer composites under fatigue loading is i anaysis  Residual Strength
bUt nOt necessarlly |OSS Of Strength' (Flgure 1) ind|cates that the diEleCtriC respOnse prOVideS an Accelerationof.Mechan!calandDielectricState developed (Figure 7). * +

** Traditional maintenance approaches are becoming earlier warning of the beginning of material failure o % Life prediction model can predict current and | "ai7® HETE
obsolete, and artificial intelligence (Al) based than the mechanical response. S os future life span from dielectric permittivity with I !
predictive models can be trained to identify damage % The average life percentage and number of cycles %“ | high accuracy. . ANN.1 | | ANN2
precursors from extensive sensor data throughout based on permittivity were 68.78% and 53655, E 0 /T_\ 2 The coupled framework can predict residual | i ) _ #
the service life of a composite. respectively, and based on stiffness, they were strength of a specimen with high accuracy | | | [ Predicted

¢ Different Al models have been developed, but ANN- 71.74% and 59669. respectivel 0 0z 04 06 08 1 . o L . . i R;iﬁui.

| r £ 14% , Fesp Y. | Normaized Life | % Optimizing statistical data curation techniques and Life S
based algorithms have been more efficient and Figure 4. Analysis of State Variables _ |

using deep neural network-based algorithms can

Data Curation and Model Development improve the method in future studies.
Dielectric state variables, analyzed using the Framework

Dielectric Spectroscopy (DS) technique, can be used Acquired dielectric and life data is divided into finite timesteps (Figure 4)

as in-situ indicators of damage development during Two training datasets curated for Life and RS ANN Models (ANN_1 and ANN_2)
fatigue and coupled with ANN architecture for

accurate for modeling damage and prognostics [2]. Figure 7. Proposed Prediction

References

oy G rld seq rCh Cross Va“dation teCh ni ue was used tO flnd 0 tlmal h ernara meters . Raihan, R., Adkins, J.-M., Baker, J., Rabbi, F., and Reifsnider, K. Relationship of Dielectric Property Change to Composite Material State Degradation. 2014.
q p yp p . Das, P. P, Elenchezhian, M., Vadlamudi, V., & Raihan, R. (2023). Artificial Intelligence Assisted Residual Strength and Life Prediction of Fiber Reinforced

Prognostic Health Monitoring. for the models (Table 1 and 2) Polymer Composites. In AIAA SCITECH 2023 Forum (p. 0773).

. Elenchezhian, M. R. P. (2021). Real-time Material State Assessment of Composites Using Artificial Intelligence and Its Challenges (Doctoral dissertation).

DAMAGE MODES DURING FATIGUE LIFE

T
] * ¥ ¥
- Motix Crocking 3 -Detominotion . 1 iRemammgstrength

Fiber Breaking Fiber Breaking

: . : : 1
: . : " o |
. . . A B L IGlobal stiffness
. _ . " : 5 |
' ‘ . -' SEHE [
o o° o o -

|
}"Da mage" development

l (local Fa(oij/ X ij) )

P /'r-‘famag Accumulation . .
¥ & Growth 7 \ Table 2. Tuned hyperparameters for the RS prediction model
Da.mage InteFacuon

Da.]'nage I:uuanoz"l AN 1

Actual Normalized Life

Table 1. Tuned hyperparameters for the life prediction model
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remaining strength, global stiffness with life [1] Figure 5. Data Curation Methodology
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