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Forecasting Applications Software Demqnstratlon _
* Interactive software environment allows visual
v assessment in addition to numerical performance
End-of-Life predictions Future behavior predictions tracking.
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Motivation

Develop data-driven algorithms for
prognostics and demonstrate their
applicability on diverse applications to

: A prediction threshold exists Non-monotonic models
benChmal’k prognOStIC performance. Use monotonic decay models No thresholds
» Evaluate different algorithms for their e Event predictions (SNSRI — VCVO”tL”UOF“S predictions
suitability for various applications e il
- _> Prediction —» Discrete predictions
* Assess trade-offs that arise from

Economics, Supply Chain
* Amount of data needed patadriven

—» Qualitative

« Computational complexity Aerospace, Nuclear ,
* Robustness towards input space istory data be applied decreasing trends
perturbations . p
* Ability to support uncertainty Medicine, Mechanical oredict
management systems, structures numerical values
. . Features
* Accuracy and usability of predictions . - .
(prediction horizon) Electronics, Aerospace * Runs multiple prediction algorithms
: . . * Tracks and compares prediction
* Develop performance evaluation Algorithms should be developed to cater to specific verformance sin?ultanepously
metrics for prognostics prediction tasks

« Computes performance

Data-Driven Algorithms

Relevance Vector Machines Gaussian Process Regression Artificial Neural Networks
* Supervised learning algorithm using » Supervised learning belonging to the * Universal function approximators
expectation maximization family of least squares estimation »Widely used for data-driven
» Stochastic sparse kernel method similar to algorithms learning, I.e. provide a well
Support Vector Machines »Bayesian framework to derive posteriors ~ represented prognostic technique,
« Allows probabilistic outputs in a Bayesian  from priors (history data) e.g. DWNN, CPNN
framework . «Provides mean and variance estimates  *Do0 not incorporate uncertainty
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Model-Based Algorithms

Particle Filters PF Flow Charts "y PF Results
. . Initialize PF
» State-of-the-art for nonlinear non-Gaussian Parameters e Fier Predicion
. . ¢ 1 . . T .
State eStlmathn Propose Initial Population , <xy,wy> %u_gi % Realdata

» Uses model to predict and data to correct l Fosl  Xxx,

prediCtiOn Propagate Particles using State | y
Model , X,_.;=2> X ; X

* Performs model adaptation in addition to state | =7 |
estimation, tracking and prediction HeasCement #» Update Weights, Wy, W, L : ;

*Nice trade-off between the convergence . d 4 -
guarantees of Monte-Carlo methods and the T SR N W—— |
computational simplicity of Kalman filters Yes e ArD Ereetomcar bat

- . . System

.A”OWS eXp||C|t representatlon and Resample e . Comparision of PF and RBPF pdfs
management of the uncertainties in the model, |rawoaa ERcN I IR - p
the measurements and expected usage O LM g T

« If only part of the state is non-deterministic, L2rectteastremen e I e =l BT L /
the other part can be treated deterministically i Paaneteridentticaton Ll __________ Jiongrem 20 1.

In a Rao-Blackwellized Particle Filter, thus [oystem |_eror | paricle | i posetor || Tuned | & o1 L
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State Tracking Loop Prediction Loop Time (weeks)
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