Bearing Health Condition Prediction Using Deep Belief Network
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ABSTRACT increase throughput and reduocgintenance costs. As a

. - ) o result, bearing progosis has attracted extensive research
Be'arm_gs playa _cr|t|cal ro_Ie in mal_ntamlng safety and effortsin recent yearsl( et al, 2014).
reliability of rotating machineryBearings health condition
predictionaims toprevent unexpected failures amihimize ~ The bearing condition prognosisiethod can be roughly
overall maintenance costs since it provides decisiaking ~ classified intodatadriven and modebased methodd.iu et
informaion for conditionbased maintenanc&his paper al, 2012) Modetbased methods attempt to setup
proposes a Deep Belief Network (DBNjseddatadriven ~ mathematical or physical models to describe degradation
health condition prediction method for bearings. Iisth Processes ahachineryandupdatemodelparametersising
prediction method, a DBN is used as the predictor, whicineasurediata(Lei et al, 2016), such athe Markov process
includes stacked RBM and regressionoutput. Our main ~ model (Dui et al, 2015) the Winner processodel (Si
contributionsinclude development of deep leaningased et d., 2013, the Gaussian mixture mod@fu etal., 2013,
datadriven prognosissolutionthat doesnot rely onexplicit ~ etc However,accuratemathematical or physical modebsr
model equations andprognostic expertiseand providing ~ bearings are always difficult to obtainDatadriven
comprehensiv@rediction result®n five representativeun- ~ a@pproachesave recently become a popular method because
to-failure bearings The IEEE PHM 2012 challenge dataset Of its flexibility and easy operationThe commonly used
is used to demonstrate the effectiveness of the proposé@.tadriven methods include artificial neural network (ANN)
method, and the results are compared with two existin?"uaﬂg et d., 2007, relevance vector machine (RVM)
methods. The results show thie proposed method has (Miao et &, 2012, neurefuzzy system(Zhao et &, 2009
promisirg performance in terms of shdgrm health ~and soon.

conditionprediction and remaining useful life prediction for Existing prognostics methods have made great

bearings. achievementson bearing conditionprediction However,
due to the diversity and complexity @earings existing
1. INTRODUCTION methods show some limitations: (Ihost modetbased

Bearings are one of the most widely used components ifiethods rely heavily omccurate physiebased modebr
rotating machineryNot surprisingly bearing failure is one complex sgnal processing techniquesyhich require

of the majar causes obreakdowns in rotating machinery €xtensive expert involvement; (2) In the age of Internet of
(Sloukia et al, 2013. Bearinghealth condition prognosis ~ Things and Industrial 4.0massive reatime data are
predics the future state of bearings based on current collected from various bearings and form a big data
operating condition anéhaximizesthe machine uptiméo ~ €nvironment, whicthas the characteristics ofdge-volume,

Guangquarzhao et al. This is an opatcess article distributed un dWer_S_'th and h_'ghVe|OC|ty (DeL_ItSCh & He, 2016)
the terms of the Creative Commonrstribution 3.0 United State Traditional datedriven methodsare insufficient for feature

License, which permits unrestricted use, distribution, and reprod extraction anchealthcondition predictionlt is desirable to
in any medium, provided the original author and sourceradited.
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develop generic and systeémdependent prognostic Note that the hidden layer in RBM1 works as the visible
algorithms to meethe needs of big data. layer in RBM2. When the high dimension data are input to

the visible layer of RBM1, the wits of hidden layer of

RBM1 extract features from input data according to the
connection weightsThe hidden layer of RBM2 gett h e
feature of featur elathigstudyghe out pu
input data for DBN is taken from theot mean square

To address thabovelimitations, this paper proposePaep
Belief Network (DBN}based datadriven approach for
bearing health condition prediction In recent years, deep
learning has attractesignificantattention in faultdiagnosis

and prognosis because of its excellent performance on b . . . .
data processingZhao et al. 2016). Although most of @MS) degradation curveof bearings using a sliding

successes focus dault diagnosis(Tamilselvan& Wang, ~ Window strategy The output(t) denotes the predicted
2013 Lei et al, 2016), deep learning hademonstrated RMS value with DBN i.e. usng the data of the previous
potentialsin predicton and prognosissuch as time series time instants to prediche next dataand the instances of
forecasting (Kuremoto et al2014) and RUL estimation training are ®@O0 Qhwo Q pMBhwo pho
(Deutsch & He, 201;8Babu et al.2016).In (Deutsch & He, ®O .
2016) a deep learning basash a RBM is presentedor

bearing remaining useful life predictiorlowever,due to

the RBM structure in existing works, the performance on
prediction accuracy is not as good as traditional methods
(Deutsch & He 2016), which requires further research and
advanced design.
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To address the limitations of existing works, the paper
dewelops a DBNbased approach for bearingrognosis
Compared with existing datdriven methods, our main
contributions are twdold: 1). Inspired by deep learning, a
new datadriven method for bearing prowsis is developed,
which consistsof stacked RBM and a regressionoutput
layer. One significant advantage of the proposed method is
t hat it doesnodt B o prognastic e x pl i
expertise, which greatly simplifies the design of prognosis
and increases the flexibility2). Detailed analysis and
experimental studies onfive run-to-failure bearingsare

Hidden
Layer

Visible
Layer

conducted to verify the proposed method. Performance of Input data

the proposed method in terms sifortterm prediction and x(td) x(td+1) . x(t1)

RUL prediction arediscussed with experimental analysis. Figurel. An example o-layer DBN structure

The results show that, the proposed methodpnamising

performance on bearing health condition prediction. The training process of DBNncludes an unsupervised

iayer—by—layer pretraining stage of stacked RBMs and a
global finetuning stage by back propagation algorithm
(Hinton et al, 2006. The pretraining stage aims to fully
extract features from lodevel to highlevel and, at the
same time, avoid local optimum. The fihening stage of
network parameters is to further optimize the network
capability. When both prdraining and finetuning stages
are completed, the DBN model can be used for practical
predictions

The rest of this paper is organized as follows: Section
briefly introducesthe bast principle of DBN. Section 3
describs the proposedearinghealth condition prediction
method basel on DBN. In Section 4,[EEE PHM 2012
challengedatasets used to demonstrate the exffivenes®of
the proposed method. Conclusions are drawn in Section 5.

2. PrRINCIPLE OF DBN

DBN is a generative model composed of stackestricted
Boltzmann MachindRBM) and a classifieor a regression 3. DBN-BASED HEALTH CONDITION PREDICTION METHOD
(Hinton & Salakhutdinov, 2006 In this study a logistic FOR BEARINGS

regressiorayer is used as the last layer to makeltkstep
ahead predictioffior prognosis Figure 1 shows an example

of 3-layer DBN structureas a predictgrwhich consists of ) o . . . ;
two stacked RBMgKuremoto et al., 2014RBM is able to require _epr|C|t _model_equanons and is sgltable for bl_g data
' applications. Figure? illustratesthe overview of bearing

provide a learning model for unknown data distributions. " d ina. DBNwhich ists ofth
Each RBM contains a visible layer and a hidden layer. Th orltl)(?vr\]/i?\Sglgt%r[;):e ure using which consists ofthe

unitsin the same layer are not connected. The units in tw
adjoining layers have directed symmetrical connections.

This study propose a bearing health condition prediction
method based orDBN. The poposed method doedn
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Stepl:For asystem under testlefinethe prognosigproblem
and identify the fault feature andhealth indicator This
paperconsiders a bearing arRMS of vibration signalss
used as thehealth indicatort o

degradation over time. EnlRMS valueserve as the input to

det er mi

ne

the DBN. The RMS at each time interval (denotedkék) )
is calculated as follows:

where f, represents thieth raw vibration data point at time

interval t and N is the length of the signaN is equal to
2560 in this papeitJsingEq. (1), the time series of RMS for
bearingscan be obtainedFormally, forthe L-step ahead

(Yo -B

0

prediction the input of DBN can be denoted as:
©wd Qo Q pMBo ¢ o p
and thepredictedoutput as:

®wo 0

phwo OMhot

@

)

©)

maximum and minimum ofv, respectively Then the
normalized datasés$ dividedinto training set antkestingset.

§te|;§ﬁls rgl\fycéar DBIH gm%g | and se the training seb

traint Int ep, parameteas DBN, such

as the number of hidden layers, the number of units for each
layer, the pretraining iterations and the finguning
iterations etc. need to be determinedifter the training
processof DBN, the predicted values compared witlthe
ground truthvalue. F the performance is acceptable, the
trained DBN model is ready tobe used for applications.
Otherwise, Stepis repeated to adjust the DBN parameters

Stef®: Use the trainedDBN model to predict thduture
condition of bearingsFromthe starting point of prediction
the trained DBN modelsi used to obtain predictd@MS
stepby-step ecursively until the RMS predietl from DBN
reaches the failure threshold.

4. EXPERIMENTS AND RESULT S

In this section, the proposed method verified and

where Q represents the embedding dimension andieémonstrated by shererm and longerm condition
determines thexumber of unitsof the visible layer in the Predictiors for bearings. For the shet¢rm condition

first RBM.
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!
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Bearing Condition
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Figure2. Overview ofDBN-basedbearingprognoss.

Ste®: Construct the health indicatasingthe RMS feature,

and dotain thedegradatiorcurves from vibration signalsof
learning and testingearings.

Step3:Smooth the raw RMS curvesalthough the overall

tendency of RMS curveis monotonous, their local values

are oscillating. Therefore, a smoothing processtisduced

to reduce the influence of nois&his paper employs a

moving average algorithm gmoothRMS curves.

Stept: Normalize the dataset to ,[01] by &
Qo) (B oo O 0z Wheredis the normalized datayis

the raw RMS valuedor a bearingay, ,gnda, qare the

®

prediction, twoprediction horizon®f L=1 and 10 are used

to predict 10 seconds and 100 seconds respectively into the
future for bearingl 3 and1_7. The longterm condition
prediction performance is verified UL prediction.

4.1. Experimental system and vibration data

Experimental data comes frolBREE PHM 2012 prognostic
challenge(Nectoux et al. 2012)This problem hasnultiple
challengesincluding limited training samplesynknown
failure modes, no fixed failure threshold, and a wide range
of failure times(Sutrisnoet al. 2012) The experimental
system named PRONOSTIA is designed to aest validate
methods for fault detection, diagtizsand prognostic of
bearings. This experimental system is able to conduct
accelerated degradation tests on bearing in a few hours.

Three different operation coitibns are provided in the
challenge dataln this paper, bearirggl_1 and 1_2under

the first conditionare used as training set, beasrig 3 to

1 _7under the first conditioare used as testing set. The first
condition is as follows 1800 rpm and 4000N. The
sampling frequency is 25.6 kHz. Each sample contains 2560
points, i.e., 0.1 s, and sampling is repeated every 10 s.
Figure 3 shows the vibratiorsignak of bearing1l_1during

its whole life cycle It can beseen that the amplitude tife
vibration sgnakincreassover time.
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curve for bearingl_3, it is clear that tteev RMS curvehas

big noise and their local values are oscillating. Therefore,
the 15point moving average algorithm is used to reduce the
influence of noise.The smoothd RMS curves arehen
normalizedin the range of0, 1]. The RMS curves after
smoothing and normalizing are shown in Figbre

Figure3. Vibration raw signal of bearingl 1

4.2.Evaluation criterion

Three evaluation criteria are used to measure the
performance of the proposed method.

1) RMSE: Root Mean Square Error

Yo vyo -B  (x(i)- %(i)) C)

. . . . Figure4. Raw RMS curve for bearingl_3
wherex(j)is thei-th actual earingRMS value, andx(i) is

thei-th predictedRMS value

2) Ern: Percent Error of Prediction Resultfor the
bearing with index n
Ern= ActRUL- RUL» , 100% 5)
ActRUL»

whereAdRUL,is theactualRUL valuefor the bearing with
index n, RUL, is the predicted RULvalue for the bearing
with indexn. In orderto get thepredictedRUL valug EOP
(End of Point)and SP (Starting Point of predictiomeed to
be determined EOP isdefined as the time instant where
prediced curve of bearing condition reaches the failure
threshold, the remaining useful lifeis given by
RUL=EORM-Sh.

3) Score: The Score is used to comprehensively . . o
evaluate the performaa of the prediction method Figure5. RMS curves after smoothing and normalizing
U N Bearing health conditioprediction experimentshow that
Yoe i £B 0 (6)  the number of DBN layerand the embedding dimension

are criticalto the performance of prognosiablel shows

where the impacts of the number of DBN layers on RMfSE 1-
APl i® D Emmw Q&M step ahead predictiohlote that the RMSkalues shown in
0 A (7)  this tablearethe averaged value from 10 experiments on the
Agbl ® OEmIcm Q&M m same datan Table 1,3-layer DNB has structure of0-20-1,
which means the input layer has 10 units, the hidden layer
4.3. Experiments results has 20 units, and the output layer has one unit. Same

representation is employed for-ldyer and Hayer DBN
structure. hese three modelare usedto conductl-step
ahead predictionFrom Table 1, it can be seen that the 4
éayer DBN is the best structure for this case. TaBle
summarizes the best embedding disien forL-step ahead

The methodproposedin Section 3 is used to process the
vibration signals Notethatthe bearing dataretruncated at
the time when the vibration amplitude exceedg2Birstly,
RMS curves are obtained from the raw vibration signal
using EqQ. (1). Figure 4 shows an example of tlraw RMS



