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ABSTRACT

In this chapter, a particle filtering based gear prognostics method using a one-dimensional health index
for spiral bevel gear subject to pitting failure mode is presented. The presented method effectively ad-
dresses the issues in applying particle filtering to mechanical component remaining useful life (RUL)
prognostics by integrating a couple of new components into particle filtering: (1) data mining based
techniques to effectively define the degradation state transition and measurement functions using a one-
dimensional health index obtained by a whitening transform, and (2) an unbiased I-step ahead RUL
estimator updated with measurement errors. The presented prognostics method is validated using data

from a spiral bevel gear case study.

INTRODUCTION

Recently, applications of particle filtering to
prognostics have been reported in the literature,
for example, remaining useful life (RUL) predica-
tion ofamechanical component subject to fatigue
crack growth (Zio and Peloni, 2011), on-line
failure prognosis of UH-60 planetary carrier plate
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subjectto axial crack growth (Orchard and Vacht-
sevanos,2011), degradation prediction of thermal
processing unit in semiconductor manufacturing
(Butler and Ringwood, 2010), and prediction of
lithium-ion battery capacity depletion (Saba et
al., 2009). The reported application results have
shown that particle filtering represents a poten-
tially powerful prognostics tool due to its capabil-
ity in handling non-linear dynamic systems and
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non-Gaussian noises using efficient sequential
importance sampling to approximate the future
state probability distributions. Particle filtering
was developed as an effective on-line state estima-
tion tool (see Doucet et al., 2000; Arulampalam
et al., 2002). In order to apply particle filtering
to RUL prediction of a mechanical component
such as gears, a few practical implementation
problems have to be solved: (1) define a state
transition function £ L thatrepresents the degrada-

tion evolution in time of the component; (2) select
the most sensitive health monitoring measures or
condition indicators (Cls) and define a measure-
ment function h, that represents the relationship

between the degradation state of the component
and the ClIs; (3) define an effective /-step ahead
RUL estimator. In solving the first problem, re-
search on using particle filtering for mechanical
component RUL prognostics has used Paris’ law
to define the state transition function f, (Zioand

Peloni, 2011; Orchard and Vachtsevanos, 2011).
Asanempirical model, Paris’ law can be effective
for defining a state transition function that repre-
sents a degradation state subject to fatigue crack
growth. For other type of failure modes such as
pitting and corrosion, effective alternatives for
defining the state transition function should be
explored. Regarding the second problem, on the
surface, it doesn’t seem to be a problem to use
multiple ClIs to define a measurement function
for particle filtering as it allows information from
multiple measurement sources to be fused in a
logical manner (Zio and Peloni, 2011). In particle
filtering, measurements are collected and used to
update the prior state distribution via Bayes rule
S0 as to obtain the required posterior state distri-
bution. Subsequently, various kinds of uncertain-
ties arise from different sources that are corre-
lated. In most real applications, no single CI is
sensitive to every failure mode of a component.
This suggests that defining the measurement
function h, will have some form of de-correlat-
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ed sensor fusion. In order to apply particle filter-
ing to estimate the RUL, an /-step ahead estima-
tor has to be defined. Both biased and unbiased
[-step ahead estimators have been reported by Zio
and Peloni (2011) and Orchard and Vachtsevanos
(2011). However, as pointed out by Zio and
Peloni (2011), oneissuerelated to these estimators
is that state estimation and prediction must be
accompanied by ameasure of the associated error.

In this chapter, a particle filtering based gear
prognostics using one-dimensional health index
method for spiral bevel gear subject to pitting fail-
ure mode is presented. In particular, in presenting
the method, the three particle filtering prognostics
implementation related issues will be addressed:
(1) define the state transition function using data
mining approach; (2) use an one-dimensional
health index (HI) obtained by a whitening trans-
form to define the measurement function; (3) an
[-step ahead RUL estimator incorporated with a
measure of the associated error. The presented
method is validated using fatigue testing data
from a spiral bevel gear case study performed in
the NASA Glenn Spiral Bevel Gear Test Facility.

THE APPROACH

The general framework of the particle filtering
based gear prognostics method for spiral bevel
gear subject to pitting failure mode is shown in
Figure 1.

As shown in Figure 1, to predict the RUL of
the spiral bevel gear subject to pitting failure
mode, the oil debris mass (ODM) is used to rep-
resent the degradation state of the gear. Therefore,
the state transition function f. is defined by an

ODM ARIMA model established using data min-
ing based approach. The one-dimensional HI
obtained by the applying a Cholesky decomposi-
tion based whitening transform and statistical
generation models is used to define the measure-
ment function }, . by double exponential smooth-



8 more pages are available in the full version of this document, which may be
purchased using the "Add to Cart" button on the publisher's webpage:
www.igi-global.com/chapter/particle-filtering-based-approach-gear/73449

Related Content

Visualization to Assist the Generation and Exploration of Association Rules

Claudio Haruo Yamamoto, Maria Cristina Ferreira de Oliveiraand Solange Oliveira Rezende (2009). Post-
Mining of Association Rules: Techniques for Effective Knowledge Extraction (pp. 224-245).
www.irma-international.org/chapter/visualization-assist-generation-exploration-association/8445

The Model-Driven Architecture for the Trajectory Data Warehouse Modeling
Noura Azaiezand Jalel Akaichi (2020). International Journal of Data Warehousing and Mining (pp. 26-43).
www.irma-international.org/article/the-model-driven-architecture-for-the-trajectory-data-warehouse-modeling/265255

GeoCache: A Cache for GML Geographical Data

Lionel Savary, Georges Gardarinand Karine Zeitouni (2007). International Journal of Data Warehousing
and Mining (pp. 67-88).

www.irma-international.org/article/geocache-cache-gmi-geographical-data/1779

Multidimensional Design Methods for Data Warehousing

Oscar Romeroand Alberto Abell6 (2011). Integrations of Data Warehousing, Data Mining and Database
Technologies: Innovative Approaches (pp. 78-105).
www.irma-international.org/chapter/multidimensional-design-methods-data-warehousing/53073

Data Mining for Junior Data Scientists: Basic Python Programming
(2023). Principles and Theories of Data Mining With RapidMiner (pp. 205-236).

www.irma-international.org/chapter/data-mining-for-junior-data-scientists/323376



http://www.igi-global.com/chapter/particle-filtering-based-approach-gear/73449
http://www.irma-international.org/chapter/visualization-assist-generation-exploration-association/8445
http://www.irma-international.org/article/the-model-driven-architecture-for-the-trajectory-data-warehouse-modeling/265255
http://www.irma-international.org/article/geocache-cache-gml-geographical-data/1779
http://www.irma-international.org/chapter/multidimensional-design-methods-data-warehousing/53073
http://www.irma-international.org/chapter/data-mining-for-junior-data-scientists/323376

