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Basic Idea

System State
(Damage)

Damage Threshold as a Function of

System State
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® RUL: Remaining Useful Life e -
— Model underlying physics of a I
component/subsystem nfzir () (@@ memaminc

Je(t) = fo(pe(t), us (1))
Jo(t) = fo(pu(t), up(t))

20" Damage Progression ofFrcion Coeficert

— Model physics of damage (=
propagation mechanisms ‘ L
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— Determine criteria for End-of-Life

threshold EOL(tp) £inf{t e R:t > tp ANTgor(x(t),0(t)) = 1}

Algorithm 2 EOL Prediction
Inputs: {(x}.,..0}). w;l,),‘,,
Outputs: {EOL,,.wh, }
fori=1to N do 0.5+
k—kp

— Develop algorithms to propagate
damage into future

end while

EOLL, —k 01

end for
— Deal with uncertainty - “ M T e ]
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State of the Art

Results tend to be intuitive

Models can be reused + Easy and Fast to implement
If incorporated early enough * May identify relationships

in the design process, can that were not previously
drive sensor requirements considered

Computationally efficient to

implement

Paris-Erdogan Crack Regression analysis
Growth Model Neural Networks (NN)

Bayesian updates
Relevance vector machines
(RVM)

Taylor tool wear model
Corrosion model
Abrasion model




4 Measured
= = =Predicted
Model-based prognostics s .
» State vector includes dynamics of normal and 7
degradation process
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Hybrid Approach
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Approach 1 : Deep Learning + Physics Model Calibration

o Model Calibration
4
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Deep Neural
Network

Architecture of the hybrid prognostics framework fusing

physics-based and deep learning models.
Calibration Policy

M. Chao, Y. Tian, C. Kulkarni, K. Goebel, O. Fink, “Real-Time Model Calibration with Deep Reinforcement Learning’, Mechanical Systems and Signal Processing ,
2022, ISSN 0888- 3270 * work done during collaboration

M. Chao, C. Kulkarni, K. Goebel, O. Fink, “Fusing Physics-based and Deep Learning Models for Prognostics”, Reliability Engineering & System Safety, Volume
217, 2022, ISSN 0951-8320 * work done during collaboration



Approach 1 : Deep Learning + Physics Model Calibration
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Approach 2 : Physics + RNN —
for Vine p
MLP model
- for Vinen
Physics-informed RNN
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Architecture of the physics-informed recurrent

Physics-informed neural network framework for
neural network

Li-ion Battery SOC estimation

R G. Nascimento; M. Corbetta; C. Kulkarni; F. A.C. Viana ,“Hybrid Physics-Informed Neural Networks for Lithium-lon Battery Modeling and
Prognosis’, Journal of Power Sources, Volume 513, 2021, ISSN 0378-7753

R G. Nascimento; M. Corbetta; C. Kulkarni; F. A.C. Viana ,“A Hybrid Variational Physics- Informed Neural Network with Complete and Censored Data
for Battery Prognosis’, Journal of Reliability Engineering & System Safety



Approach 2 : Physics + RNN
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(b) Random-loading discharge.



Approach 2 : Physics + RNN — Multi cell Application
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C. Kulkarni; P. Pradeep and G. Chatterjee ,“Simulation Studies for an Urban Air Mobility Aircraft using Hardware-In-Loop Experiments” AIAA Aviation
2022
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Next Steps : Looking Ahead




Data Repository — Open Source

https://data.phmsociety.org/nasa/

Randomized Battery Usage Data Set
Publications using this data set

—
Form. | Descrlp_
Datas |'|-———
atas | |[Format
Datasel
Datasef
Citatior
I
Datas | ———
Citatii Publica
| [Citatior
I
(
Publi(
Citatii
Mar'1‘;

Descrs MOSFET Thermal Overstress Aging Data Set
F Publications using this data set

Capacitor Electrical Stress Data Set - 2

Publications usina this data set
Turbofan Engine Degradation Simulation Data Set-2

Cg¢ Publications using this data set

Description
do
Format Th
Datasets |+ |
Dataset J.
Citation De
(ht
Re
Publication |J.
Citation Br
El
an

Description

The generation of data-driven prognostics models requires the availability of
datasets with run-to-failure trajectories. In order to contribute to the
development of these methods, the dataset provides a new realistic dataset
of run-to-failure trajectories for a small fleet of aircraft engines under realistic
flight conditions. The damage propagation modelling used for the generation
of this synthetic dataset builds on the modeling strategy from previous work .
The dataset was generated with the Commercial Modular Aero-Propulsion
System Simulation (C-MAPSS) dynamical model. The data set is been
provided by the Prognostics CoE at NASA Ames in collaboration with ETH
Zurich and PARC. Readme file for the dataset describing the experimetal
details and data can be found here.

Format

The dataset is in csv format and has been zipped. A python code to unzip the
files can be found here.

Datasets

+ Download Turbofan Engine Degradation Simulation Data Set - 2 (8862
downloads)

Dataset
Citation

M. Chao, C.Kulkarni, K. Goebel and O. Fink (2021). "Aircraft Engine Run-to-
Failure Dataset under real flight conditions", NASA Ames Prognostics Data
Repository (http://ti.arc.nasa.gov/project/prognostic-data-repository), NASA

Ames Research Center, Moffett Field, CA




Concluding Remarks

« Health Management framework helps enable
— Systems safe and efficient
— Decision making

* Hybrid Approaches

— Physics based methods can be combined with machine learning to determine and evaluate
models for complex physical systems.
* High Fidelity simulation
+ Field and Tests
— These models enable in verification and validation for autonomy in shorter period of time than
current state of the art.
» Computational tools are too slow.

— With availability of test and field data, machine learning able to blend the digital data fabric for
model update

— Uncertainty Quantification
* Requirements for autonomous systems
« Framework still in early stages and needs maturation

20
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