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Agenda

» Basics
* Prognostics Architecture

* Thermal Model Implementation
— Case Studies

* Closing Remarks
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Basic Idea

Threshold as a Function of System State
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RUL: Remaining Useful Life

— Model underlying physics of a
component/subsystem
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— Determine criteria for End-of-Life
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Model-Based Architecture
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Integrated Prognostics Architecture

« System (battery) gets inputs (current) and produces outputs (voltage)
« State estimation computes estimate of state given estimates of age parameters
« EOD prediction computes prediction of time of EOD, given state and age parameter

estimates

« Age rate parameter estimation computes parameters defining aging rate progression

« EOL prediction computes prediction of time of EOL, given age parameter and age rate
parameter estimates
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Case 1 : Randomized Discharge Data
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Case 1 : Randomized Discharge Data
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Case 2 : Simulated Flight Profile (SFP)
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Case 2 : Simulated Flight Profile (SFP)
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ProgPy Prognostics Python Packages

) star 45

NASA's ProgPy is an open-sourced python package supporting research and development of prognostics
and health management and predictive maintenance tools. It implements architectures and common
functionality of prognostics, supporting researchers and practitioners. The ProgPy package is a combination
of the original prog_models and prog_algs packages.

ProgPy documentation is split into three senctions described below.

* Modeling and Simulation : defining, building, using, and testing models for prognostics
« State Estimation and Prediction : performing and benchmarking prognostics and state estimation

» prog_server and prog_client : A simplified implementation of a Service-Oriented Architecture (SOA) for
performing prognostics and associated client



Next Steps : Looking Ahead

Contents lists available at ScienceDirect

Journal of Power Sources

5 -3
ELSEVIER journal homepage: www.elsevier.com/locate/jpowsour
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Thermal data-driven model reduction for enhanced battery health
monitoring

Michael Khasin **, Mohit R. Mehta, Chetan Kulkarni ®, John W. Lawson

NASA, Intelligent Systems Division, NASA Ames Research Center, Moffett Field, 94035, CA, USA
KBR Inc., Intelligent Systems Division, NASA Ames Research Center, Moffett Field, 94035, CA, USA

HIGHLIGHTS

« Identifying battery model parameters from flight data is challenging.

« Prognostic algorithms require models which are both predictive and identifiable.
« Data-driven reduction applied to a physics-based thermal model.

+ Model reduction results in a model identifiable from flight data.

+ Developed an identifiable thermal reduced-order model.

https://spinoff.nasa.gov/Spinoff2019/t_1.html



Concluding Remarks

» Predicted state-of-charge (SOC), state-of-health (SOH) and
Temperature (T)
— Instrumental in making informed decisions and optimizing scheduling
— Particularly in the realm of autonomous systems.

« The integration of accurate battery prognostics with decision-making
algorithms holds significant promise

— enhancing the efficiency, safety, and longevity of battery-powered autonomous
vehicles.
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