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Prognostics Overview
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Prognostics Overview

How to track/predict the evolution of a system state to failure?
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Prognostics and Reliability Analysis

Prior versus Posterior Knowledge
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Prognostics and Decision Making Framework
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Prognosis: Systematic Approach



Constituent Problems

In order to compute EOL, we need to know

What is the system state at time of prediction?

What potential inputs will the system have from time of
prediction to EOL?

What model describes the system evolution?
What is the process noise distribution?
What is the future input trajectory distribution?

Prognostics is often split into two sequential problems

Estimation: determining the system state at a given time
Prediction: determining EOL



Prognostic Algorithm Categories

. Type |: Reliability Data-based
Use population based statistical model

— These methods consider historical time to failure data which are used to model
the failure distribution. They estimate the life of a typical component under

nominal usage conditions.
— Ex: Weibull Analysis

. Type lI: Stress-based
Use population based fault growth model — learned from accumulated knowledge

— These methods also consider the environmental stresses (temperature, load,
vibration, etc.) on the component. They estimate the life of an average

component under specific usage conditions.
— Ex: Proportional Hazards Model

. Type llI: Condition-based
Individual component based data-driven model

— These methods also consider the measured or inferred component degradation.
They estimate the life of a specific component under specific usage and
degradation conditions.

— Ex: Cumulative Damage Model, Filtering and State Estimation



Data-Driven Methods

« Model is based solely on data collected from the system

« Some system knowledge may still be handy:
— What the system fis’
— What the failure modes are
— What sensor information is available
— Which sensors may contain indicators of fault progression (and how those
signals may ‘grow’)
» General steps:
— Gather what information you can (if any)
— Determine which sensors give good trends
— Process the data to “clean it up” — try to get nice, monotonic trends
— Determine threshold(s) either from experience (data) or requirements
— Use the model to predict RUL
* Regression / trending
« Mapping (e.g., using a neural network)
- Statistics



Physics-Based Methods

« Description of a system’s underlying physics using suitable
representation

« Some examples:
— Model derived from “First Principles”
- Encapsulate fundamental laws of physics
= PDEs
= Euler-Lagrange Equations

— Empirical model chosen based on an understanding of the dynamics of a
system

* Lumped Parameter Model

» Classical 13t (or higher) order response curves
— Mappings of stressors onto damage accumulation

 Finite Element Model

 High-fidelity Simulation Model

« Something in the model correlates to the failure mode(s) of interest



Hybrid Approach
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Why Model-Based Prognostics?

* With model-based algorithms,
models are inputs

—This means that, given a new

problem, we use the same general
algorithms

—Only the models should change

* Model-based prognostics
approaches are applicable to a
large class of systems, given a
model

* Approach can be formulated
mathematically, clearly and
precisely
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System System
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Effects of Measurement Uncertainty
Probability of
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Effects of Measurement Uncertainty

Hazard Zone

Instead of a single value,
the threshold could be

defined as a distribution
— “Hazard Zone’

Probability of damage is
now taken as the integral
of the product of the two

PDF’s

Note that “Risk” is now
much more difficult to
quantify
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INTRODUCTION TO MODEL-
BASED PROGNOSTICS



Model-based prognostics (1/2)

x(t) = f(x(t),u(t)) +w(?) - State vector includes
_ dynamics of the degradation
y(t) = h(x(t)), u(t)) + v(k) chynam
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operation dynamics
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Model-based prognostics (2/2)
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Methodology
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RESEARCH APPROACH



Research Approach

|dentification of failure modes and their relationship to their particular failure
mechanisms

Identification of precursors of failure which play an essential role in the prediction of remaining life

Development of accelerated aging testbeds that facilitate the exploration of different failure
mechanisms and aid the understanding of damage progression

Development of degradation models based on the physics of the device and the failure
mechanisms

Development of remaining life prediction algorithms that take into account the different sources of
uncertainty while leveraging physics-based degradation models that considers future operational
and environmental conditions




Algorithm Maturation through Validation

Degradation Model
Development

Prognostics Algorithm
Update

Validation experiments

Formulation of model and

algorithms improvements Validation under observed

and degradation process experiments
hypothesis




Algorithm Maturation through Validation

Aging under thermal
and electric stresses

Aging under thermal stresses

TRL 4
Aging under electric stresses

TRL 3
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Model-Based Architecture
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Problem Requirements

# System model
— System state space
— Partition into nonfailure and failure states
— System inputs
— State update equation
* Prediction inputs
— Initial time k,
— Prediction horizon kj,

— System inputs from k, to kj



System Model

* Assume system can be modeled using
— x(k + 1) = f(x(k), u(k), v(k))
— k is the discrete time variable
— X is the state vector
— u is the input vector
— Vv is the process noise vector
— fis the state update equation

* Define a function that partitions state-space into nonfailure and failure
states

— Tf: R™ — {true, false}

— That is, T¢ (X(k)) returns true when it is a failure state, false otherwise



Initial Problem Formulation

* Assume we know

— Initial state, x(k,)

— Future input trajectory, Uy ;. = [u(k,), u(k, + 1), ..., u(ky)]

— Process noise trajectory, Vi, ;. = [v(k,), v(k, + 1), ..., v(kp)]
* Problem definition

— Given k, kp,x(ky), U, k,.» Vi, i

— Compute EOL

» EOL(k) = inf{k: k' > k and T(x(k))}



Concept: Compute EOL
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Computational Algorithm

ComputeEOL(ko, ky,x(k,), Uko,khr Vko,kh)
1 Xi,x, (ko) < x(k,)
fork = k,tok, —1do

2

3. ifTp(Xk,x, ) (K)

4, return k

5. end if

6. Xigo k(K + 1) < f(Xko,kh (k), Uge, iy, (K, Vi, ke, (k))
7

8

end for

if T (X, 1, ) (K)
0. return k
10. else

11. return oo
12. end if



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 parameter estimation computes estimates of age parameters
- 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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p(xop|Y)

R

-
L

EOD

p(keop|Yi?)
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State Estimation

- What is the current system state and its associated
uncertainty?
— Input: system outputs y from k, to &, y(k,:k)
— Output: p(x(k),0(k)|y(ky:k))
- Battery models are nonlinear, so require nonlinear state

estimator (e.g., extended Kalman filter, particle filter,
unscented Kalman filter)

« Use unscented Kalman filter (UKF)
— Straight forward to implement and tune performance

— Computationally efficient (number of samples linear in size of state
space)



Prediction

» Most algorithms operate by simulating samples forward in
time until £

- Algorithms must account for several sources of uncertainty
besides that in the initial state

— A representation of that uncertainty is required for the selected
prediction algorithm

— A specific description of that uncertainty is required (e.g., mean,
variance)



CASE STUDY : PROGNOSTICS
OF LI-ION BATTERIES



Battery Modeling

 Equivalent Circuit Empirical Models

» Most common approach
= Various model complexities used

= Difficulty(ziﬂrf incorporating aging effe (b) C
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Battery Model — Tuned using Lab Data

An equivalent circuit battery model is used

to represent the battery terminal voltage
as a function of current and the charge
stored in 3 capacitive elements
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Battery Modeling

« Electrochemical Models vs. Empirical Models

= Battery physics models enable more direct representation of age-related
changes in battery dynamics than empirical models
= Typically have a higher computational cost and more unknown parameters

i) Load

\ Li,Co0, Scparator Li,C
+ Current Collector DiSCharge— Current Collector
Reduction at pos. electrode:
Li;.,CoO, + nLi* + ne- > LiCoO,
Oxidation at neg. electrode:
Li,C = nLi* + ne + C
Current flows + to —
Electrons flow —to +

Lithium ions flow — to +

i(t) Current Source
< 3
S =

U
°<:>OODC
X0 |

ccol

e.00

L1,Co0, Separator Li

+ Current Collector Charge - Current Collector
Oxidation at pos. electrode:

LiCoO, - Li,.,CoO, + nLi* + ne-
Reduction at neg. electrode:
nLi++ne-+C 2> Li,C
Current flows —to +
Electrons flow + to —
Lithium ions flow + to —



Electrochemical Li-ion Model

- Lumped-parameter, ordinary differential equations

- Capture voltage contributions from different sources

— Equilibrium potential > Nernst equation with Redlich-Kister
expansion

— Concentration overpotential - split electrodes into surface
and bulk control volumes

— Surface overpotential > 4.2
Butler-Volmer equation 4
applied at surface layers

— Ohmic overpotential 2
Constant lumped reS|stance 3.6
accounting for current
collector resistances,
electrolyte resistance, 3.2+

. . . 0 l(;f)() 2()"(7)() 3([()() 4()-(7)() 5(“)-()() ()()T(“)() 7(A)‘()()7
solid-phase ohmic resistances Time (s)

— \[casured
= = = Predicted

|
)
)
\

3.8

tage (V)
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Battery Aging

- Contributions from both decrease in mobile Li Simulated
ions (lost due to side reactions related to
aging) and increase in internal resistance e

— Modeled with decrease in “g™*” parameter,
used to compute mole fraction

— Modeled with increase in “R,” parameter

capturing lumped resistances T e
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Cycle 26
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0

Measured
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Cycle 106
Cycle 116
Cycle 126
Cycle 136
Cycle 146
Cycle 156
Cycle 166

T T T T Cyc le 176
2000 4000 6000 8000 Cycle 186

Current (A) (¢) Decreasing @™ and R,

Voltage (V)

2.5

Cycle 46 ' \ e



Edge 540-T
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Edge UAV Use Case

- Piloted and autonomous
missions, visiting waypoints

- Require 2-minute warning for
EOD so pilot/autopilot has
sufficient time to land safely
— This answer depends on battery age
— Need to track both current level of

Electric Aircraft iectivi
charge and current battery age %’ ?x ~C§ei i##z
— Based on current battery state, x .
current battery age, and expected Objective #1 ]
future usage, can predict EOD and Objective #3 %
correctly issue 2-minute warning Objective #4 R4

I x<_¢
Run y---l-I



Predication over Flight Plan

» Measured and predicted

battery current, voltage

and SOC different time

steps

 The min, max and median

Predicted Time Remaining (min)

predictions are plotted

from each sample time
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flight plan

Overestimate till parasitic load is injected

Once the parasitic load is detected the
remaining flying time time prediction shifts down.

Ref : E. Hogge et al, “Verification of a Remaining Flying Time Prediction System for Small Electric Aircraft”, PHM 2015



Performance Requirements

SOC Estimation Error (%)

Accuracy requirements for the two minute warning were specified as:
— The prognostic algorithm shall raise an alarm no later than two minutes

before the lowest battery SOC estimate falls below 30% for at least 90% of
verification trial runs.

The prognostic algorithm shall raise an alarm no earlier than three minutes
before the lowest battery SOC estimate falls below 30% for at least 90% of
verification trial runs.

Veerification trial statistics must be computed using at least 20 experimental
runs
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Data Sets Available for Download

« https://www.nasa.qgov/content/prognostics-center-of-excellence-data-

set-repository

Randomized Battery Usage Data Set
Publications using this data set

Descrintinn|Rah‘erieg are ecnntintiniiclv cveled with randnmlv nenerated ciuirrent nrofiles

MOSFET Thermal Overstress Aging Data Set

Publications using this data set

Form:
Datas

Datas
Citatic

Public
Citatic

Run-to-failure experiments on Power MOSFETs under thermal overstress.

Description
Data$
Format The s
Datasets + Doy
Dataset J. R
Citation Overs
(http:
Rese
Publication |J. R.
Citation MOSI
Mode
Healt

Randomized U
Management £

Capacitor Electrical Stress Data Set - 2
Publications using this data set

Description |Capacitors were subjected to electrical stress at 10V. DataSet Reference
document can be downloaded here

Format The set is in .mat format and has been zipped.

Datasets |+ Download Capacitor Electrical Stress Data Set - 2 (2087 downloads)

Dataset J. Celaya, C. Kulkarni, G. Biswas, and K. Goebel "Capacitor Electrical Stress

Citation Data Set - 2", NASA Ames Prognostics Data Repository
(http://ti.arc.nasa.gov/project/prognostic-data-repository), NASA Ames
Research Center, Moffett Field, CA

Publication |J. Celaya, C. Kulkarni, G. Biswas, and K. Goebel, “Towards A Model-based

Citation Prognostics Methodology for Electrolytic Capacitors: A Case Study Based on

Electrical Overstress Accelerated Aging”, International Journal of Prognostics
and Health Management. 2012 Vol 3 (2) 004.



https://www.nasa.gov/content/prognostics-center-of-excellence-data-set-repository

Tools Available for Download

P '§ OQP y ProgPy Guide = oo

What is Prognostics

ProgPy Python This page is a general guide for ProgPy. ProgPy consists of three packages: More information
Packages 1.4.0 prog_models, prog_algs, prog_server. To access a guide specific to the References
documentation package you're using, select it in the menu below.

Search the docs ... -

ProgPy Guide PN
prog_models Guide

prog_algs Guide

R

prog_models‘ ‘ prog_algs ‘ ‘ prog_server ‘

prog_server Guide
API Reference v
Release Notes
Glossary

Developers Guide & Project Plan

What is Prognostics

ProgPy uses the following definition for prognostics:

Prognostics

Prediction of (a) future performance and/or (b) the time at which one or
more events of interest occur, for a system or a system of systems

Theme by the Executable Book Project
This is similar to those described in [1]. This approach is intended to be

generic, capable of describing system behavior based on physical principles

(ia_nhucice.hacad) laarnina fram data (i o data_hacad) ar hyvhrid

https://nasa.github.io/progpy/guide.html



CLOSING REMARKS



Prognostics helps enable
— Systems safe and efficient
— Decision making

Research approach challenges

— How to balance lack of knowledge of the system vs own expertise on
particular PHM tools

— Data-driven or model-based?

- Data is always needed but more important, information about
degradation/aging processes is key

- Experiments and field data
« Hybrid Approach

Requirements for autonomous systems
Framework still in early stages and needs maturation
Health Management and Safety Working Group
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