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The Development of An Effective Time-Series
Based Fault Identification Technigue using
Parametric-Distance Method

Pulung Nurprasetio, Komang Bagiasna, Djoko Suhartd, Tegoeh Tjahjowidodo

Abstract— This paper presents the implementation of the
combination of time-series modeling and nearest nghbor
classification method in detecting common faults inrotating
machineries. In this paper we propose the utilizatn of
parametric distance as an instrument to diagnose tdts. The
parametric distance is defined as the Euclidean disnce between
the vector of parameters of an unknown fault and te vector of
parameters of known faults obtained from the learnng stage.
Since the vectors are defined in a hyperspace spath by the
parameters of the identified time-series model, theparametric
distance is definitely metric. The method has beesuccessfully
implemented in the laboratory using a simple vibraion test rig.

Index Terms— Time series modeling, Euclidean distance, fault
identification, rotating machinery

. INTRODUCTION

I n rotating machineries, it has been observed dweryéars
that condition-based maintenance (CBM) plays aebettie
than the traditional run-to-breakdown and

simple equipment such as pumps and motors, theig® ex
typical standards for the vibration levels of hegltand
unhealthy machines [2, 3]. In addition, it is alsown that
any particular fault will produce a specific vikboat
waveform. The symptoms of common faults such as
unbalance, misalignment, mechanical looseness, ingear
failures, etc., have been well researched and dented [3,

4].

The most common method used in the industry is the
frequency-domain analysis by means of fast Fotrarsform
(FFT). Despite its popularity, it is also known tthihe above
method will perform poorly for low signal to noisatio case.

As an alternate and to complement the frequencyaitom
analysis, Gersch et al. [5] proposed a method ¢batbines
time-series modeling (TSM) and pattern recognitiontheir
paper, Gersch et al. used Kullback distance whisiolves
logarithmic and subtraction operation. As a reshk, distance
measure does not satisfy metric requirement sihaaight
yield negative numbers. This fact has been verifiedhe

time-dasePreliminary stage of this research [6]. Other resieers, Hong

preventive maintenance in terms of maximizing safet€t al. [7] used five different distance measures, the

security, and minimizing cost and downtime [1]. Withe

Euclidean, Residue, J-Divergence, Kullback-Leilfldr), and

advent of new instruments and sophisticated eleirtro Kurtosis ratio. The last two suffers the same problas the

devices, the task of monitoring the condition ofchiaeries
becomes relatively trivial. However, without propeethod in
diagnostics which involves fault detection, isalati and
identification, finding the remedy for the unhegltmachine
will become complicated and error-prone.

Kullback distance, in the sense that they are netrim
Following Hong et al., Mechefske and Mathew [8]
implemented Kullback distance in fault detection rofler
bearings. Considering the formulation, the distan@asure
being used is prone to giving negative number apekchot

For rotating machineries, the most common CBM wilpatisfy triangle inequality. A better approach waggested by

involve vibration level measurement. The basic ephds that
a healthy machine will produce minimum vibratioor Bome
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Staszewski et al. [9], in which Mahalanobis distaneas
employed. Since Mahalanobis distance is a quadiatic, the
distance measure satisfies metric requirements.edery the
feature vector was constructed from Wigner-Villanek
frequency distribution. Consequently, the size hed feature
vector is normally large. In a more recent develepimPan et
al. [10] proposed the use of Itakura distance. Bseaof the
formulation, which includes logarithmic operatiorthe
distance measure may not satisfy the metric remgrgs.

In this paper, a new and simple parametric distaisce
proposed. This method belongs to the family of eséar
neighbor classification method (NNCM) of faults. Ilte the
older Kullback distance which does not satisfy thetric
distance requirements, i.e., that distance mealaseto be

(e-mail positive-semi definite and satisfy the triangleguality, the
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newly proposed parametric distance is metric.

The rest of the paper is organized as follows:
comprehensive review of time-series modeling is@néd in
section 2, followed by an elaboration of the paraime S _ X .
distance method in section 3, description of theofatory Model that is linear, stable, and invertible, anavihg

experiment and typical time and frequency domaiffaussian white noise N@) as the input, we need to
characteristics of the data in section 4, constnoctof perform stationary test. The test consists of tatale, as well

reference feature vector in the learning stageeictin 5, @S quantitative test. Qualitative test is perfornigd direct
implementation of the method in identifying new alaet in observation of time-frequency distribution of thata power

section 6, and the conclusions are finally preseirtesection SPectra. In this case, the following periodogramtiszed as
7 an estimate of the power spectral density (PSDJ} [13

. Pre-modeling stage
In order to obtain an appropriate ARMA model, i.a.,

1

II. TIME-SERIESMODELING (TSM) Popr(f) = ﬁ' ’t";olx[t]e—fz"fﬂz 4)
In TSM, any waveform signal will be regarded asdhgut
of a linear system upon injecting Gaussian whitsenmto the
system. Mathematically, the model may be expressethe
following stochastic difference equation [11 — 13]:

In equation (3)Peer () denotes the periodogram of the signal
X[t], N number of data, f signal frequency [HzHiscrete time
index, and j the complex operator. After initial ameremoval,
the data is divided into several independent setgnen
So:Xibal ylt —il = Xicocf wlt —ji (1)  Pperiodogram is calculated for all segments of taéacand
plotted in three-dimensional space with time, femay, and

In the above equation, t stands for the discrete index, the Periodogram as the x, y, and z axis, respectivélgr
leading coefficientsag and ¢ are both equal to 1 (monic Stationary signal, the periodogram will appear eorbughly
polynomial requirement), w[t] is the independentand Similar for the entire data set. _ _

identically distributed (i.i.d.) Gaussian randomqeence  AS for the quantitative test, we split the dataoiritvo

N(0,02), and the superscriftdenotes the true parameters of(;‘i‘;?erld[izg segments and perform the followingschiare
est [14]:

the system.
Using the back shift operatgr!, the model may be o o
rewritten in the following AutoRegressive Moving énage, ¥ = [L+L] /2 [logw <2 (5
ng1  naz =1 R0l T ze

ARMA(Nn,Nn,), form:

In this caseP, (f;) stands for the average auto-PSD of the k-th
So: Alg™H) y[t] = C(q~ ) w[t] (2) segment, (k = 1, 2), nd1l and nd2 are the numberthef
independent sub-segments used in calculating tlezage
in  which A(@Y) =1+a,q*+-+ ap,q "™ is the auto-PSD, n number of data in each sub-segmentxr_z%?\pdis

AutoRegressive (AR) polynomial,C(q™") =1+ ¢1q4™" +  the (1) x 100% quantile of the chi-square distribution for
~++ ¢ q " the Moving Average (MA) polynomial, y[t] the /2 degrees of freedom (dof). Based on the abestette data
output of the linear system, wif] Gaussian i.i.dONofy) will be considered stationary if the auto-PSDs bbé two
white noise input, and;™! is the back shift operator, i.e., segments are statistically equivalent.
qly(®) =y(t—1). ,

Furthermore, the ARMA@N,) system is assumed to satisfy B. Modeling Stage
the following standard requirements: Next comes the modeling. In this stage, we detezntiie

1. The roots of the A("') and Cg~') polynomials lie model order and estimate the polynomial coeffideot the
strictly inside the unit disk in the complex planeARMA model. First, we need to come up with a guefthe

(stationarity ~ and invertibility ~ assumptions, order of the AR polynomial. For this purpose, thdoiwing
respectively). averaged periodogram is calculated:

2. The signal y[t] is wide sense stationary with auto
Power Spectral Density (auto PSD) that is a rationa Prper() =% Ko B () (6)

function of frequency.

Based on the above, th d signal y[t] maydmeled . . o . . .
ased on the above, the measured signal y[t] may © in which P, (f) is the averaged periodogram (time segment

as the foII(.)erlg ARMA(Q'nC)' ne _ average)Ppa,(f) the periodogram of the m-th segment, and K
Mo: XjZo a It — i1 = Xj2o g wit —J1 is the number of independent segments (no overdapyl in
Ew(s)w(t)] = 656(s — t) (3)  the calculation.
The averaged periodogram will be the estimator hef t
following theoretical auto-PSD [13]:
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z 7 and only if the residual sequence is normally dtisted. This
Iw ™ condition, known as statistical efficiency requieary will
guarantee that the estimator possess minimum GoEi

where PARMA(f) denotes the auto-PSD of the outpghal Matrix (Cramer Rao bound [12]).
of an ARMA system, C(ej) and A(ej2t ) are the MA and  C. Post-modeling Stage

AR polynomials, respectively, evaluated atréjX stands for In the last stage, we need to verify the ARMA modéle

frequency [Hz], and j the complex operator. ~ validation test consists of whiteness test of thsidual and
From equation (7), it may be observed that a pdir Ane-step-ahead prediction test.

complex conjugate poles of the transfer functioti prioduce In the first validation test, in order to see thbiteness of

a peak in the auto-PSD. Since the poles are a&soois of o residual, one needs to calculate and plot dieviing
the AR-polynomial, the easiest way to estimate dh#er of |, malized autocorrelation sequence [11, 17]:

the AR-polynomial is by simply counting the numloéipeaks

in the auto-PSD curve or its estimator. Therefonppn _ Nek

calculating the averaged periodogram according6jo apd Teelk] = N—k+14t=0 eltle[t + k] (10)
plot it against frequency, we may count the nunifepeaks rN[k] = Teelk] (11)
and this number will be the order of AR-polynomia|, TeelO]

Once the AR-order is determined, the next stefhésAR ) ) )
parameter estimation. The coefficients of the polgial and In equations (10) and (11)e[k] is the autocorrelation
the variance of the residual are calculated usiagdard code Seduencerce[k] the normalized autocorrelation sequence, k
for parameter estimation [15]. The most suitableM¥gn,,n)  time lag, e[t] measured signal, and N the numbetaté. Any
may be obtained through step-by-step incremenhefMA- signal e[t] may be considered white noise if thenmalized
order. As an indicator, the following Bayesian Imf@tion autocorrelation sequence for lag=k1 lies within the 95%

_ el
Pirma(f) = |m

1

Criterion (BIC) is used [16]: confidence interval which is equal lﬁ\? [17]. Consequently,
ClnN after obtaining the model and calculating the alep-shead
BIC(k) =1né? +EHT (7) prediction error sequencé[t|t — 1], according to (9), we

need to compute the normalized autocorrelation esecg)

In the above expression, N is the number of dataotal rN,[k], plot it against the lag k, and confirm that tieues are
number of parameters =,(# n), ands? is the variance of the all within the 95% confidence interval for lageKL.

residual. The best ARMAgN) should produce minimum The second validity check is through the evaluatibrihe
BIC value. In the case that the BIC value saturatee One-step-ahead prediction. In this case, one neetse data
parameter estimation iteration should be terminated we Set that has not been used in the parameter elstimmbcess.
pick the smallest ARMA(pn) model, in accordance to the The one-step-ahead prediction of the siggifdit — 1] , may
parsimony principle [13, 20]. Once the model isaiméd, we be calculated as [10]:

need to check the poles and zeros of the transfestibn to .

ensure that they lie strictly within the unit ciclin the Plt|e—1] = [1_(‘1__1) y[t] (14)
complex plane. €@

To slightly elaborate the parameter estimation,stfaadard
code implements the one-step-ahead prediction ensthod
[12]. Mathematically, the one-step-ahead predictioay be
expressed as:

where A(q™!) is the AR-polynomial, C(q™1) the MA-
polynomial, and y[t] measurement data. If by visual
inspection it is observed thgft|t — 1] is ‘close’ toy[t] or it

is within the 95% confidence interval fropit] then we may
PtIt — 1] = y[t] — e[t]t — 1] (8) Say that the estimated ARMA model is satisfactdiye 95%
confidence interval fory[t] are defined byt 1.96 6, , in

with §ft|t— 1] being the one-step-ahead predictionypf]. which 6, is the standard deviation of the residual [17].

The one-step-ahead prediction error or the resié{gt —

: ) . Ill.  PARAMETRIC DISTANCE METHOD
1] may be obtained from the following Infinite Impulse . . . } o
Response (IIR) filter relation: From practical point of view, fault diagnosis inves

pattern recognition since we must detect and iflerttie
common pattern of the measured signal, and finakypgnize
the pattern in order to classify the fault [18]. viable
technique is by measuring the ‘distance’ between an
The estimated parameters consisting of the AR ard M unidentified time-series and some previously knaassified
polynomials and the variance of the residual atainbd as a time-series. In this paper, we propose a simplerpatric
result of minimizing a second order quadratic fiorctof the distance defined as follows.
prediction error. The above prediction error methat be Suppose that the result of the ARMA modeling of the
equivalent with the maximum likelihood estimatioetimod if known fault is given byd(m) and the parameters of the

A A(q~?
élele - 11 = 592y [e] ©)
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unidentified time series is denoted o). The N x 1 mass times eccentricityge, equals to 67.9 g-cm.
column vectors of the estimated parameters of ARMA(C),
which are called feature vectors, may be expreased

— a](-m) — — ago) -
ag‘m) ago)
(m) ©)
A, A,
o™ = ™ landg@ = (15)
Cz(m) Céu)
(m) ©)
Cn, Cn,
_6‘;("1)_ _65/(0)_

Fig. 1. Experimental set-up, which shows the semgbration test rig, the
. . Kyowa accelerometer mounted on the continuous beard, other related
The above vectors which form the features of theetsignal instrumentations.

are basically concatenation of the ARMA parameters.
The proposed parametric distance is defined as:
The pin support at the left end is fixed, while thee at the
d(6,8™) = |le™ — 6|, (16) right end may be alternatingly replaced using #ttigller

support or a slack support to simulate mechanaadéness.
The measurement was conducted using Kyowa AS-2C CD-
4659 piezoresistive accelerometer. The acceleromets
cross-calibrated using Lutron VB-8202 Vibration EletData

In the above definition@® stands for the feature vector of
the new or unidentified time-serig™ the reference feature

vector of previously known fault, arfl ||, is the#, matrix acquisition was carried out by NI USB-6009 externatd,

nor.m or. Euclidean distance.. Since the p-ara-metelomeeare and the data acquisiton was governed by LabVIEW
defined in a hyperspace of dimensigs which is the number SignalExpress which was set at 1 kHz sampling eqy.

?r: the ets_tlmated paramt_eterslgf t‘[]he AI;MA mOd_eI'ei??H of As for the experiment, two cases were simulatedpata
le n|1a ix p(l)crm prhoper |e§[ d]" € above paramels f:;nce the pure unbalance case, and the combination o&lante
clearly satisfies the metric distance requiremesteted as ;.4 mechanical looseness. For the first case, ¢laenbwas

[18]: supported tightly using pin-type supports at batkdss while
for the second case, the housing of the right rollas
replaced, resulting in a loose support. In all sasthe
d(a,b) < d(a,c) +d(b,c) (17) rotational velocity of the disk is fixed at 1200mp
d(a'b)?o Typical measurement signals in the time domain are
d(a,b) =0if a=b depicted in Fig. 2 and 3, for the unbalance and the

combination of unbalance and mechanical looseness,
Another issue that needs to be addressed is regatde respectively

reliability of the method. From asymptotic propestiof the
estimated parameters, it is known tatvill converge to the
true value@™ with probability 1 as the number of data, N, g ¢
to infinity [12, 20]. Based on this fact, it is thretically
guaranteed thatd(6”,8™) will approach 0 as th
unidentified time-series comes from the same facidtydition
as the previously known fault.

d(a,b) =d(b,a)

Acceleration [m/sz]

IV. LABORATORY EXPERIMENT

In order to show the effectiveness of the methoc % o005 o1 o1 02 0% 03 0% 04 04 05
laboratory experiment was performed using the atl Tmets
vibration test rig. The rig consisted of a continsdoeam with o ) ) )
pin-pin Supports and an unbalanced-mass excielepisted 0. 2 Accerralon sl e tme soman fe pure unbalnce cese
in Fig. 1. The rotating disk is made of aluminunogl the  graph. '
diameter is 165 mm, thickness 5 mm, and it weigB&.2 g.
To create unbalance condition, additional mass@44 g is
added at a radius equals to 65 mm, giving a cortibimaf
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Acceleration [m/sz]

L L
0 0.05 0.1 0.15 0.2 0.45 0.5

0.25
Time [s]
Fig. 3. Acceleration signal in the time domain tbe combined unbalance
and mechanical looseness case. Data is capturesl Soat 1 kHz, but only
fraction of the data is shown in the graph.

Typical frequency profiles of the simulated casesshown

14

V. LEARNING STAGE VIA TIME-SERIESMODELING

As has been outlined in Section 3, to implemenaetric
distance, reference feature vectors are neededbiain the
above reference, in the learning stage, the expatinvas
repeated 30 (thirty) times to collect independeasticsets for
both the unbalance and combined unbalanced anéress
cases. Reference feature vectors will be constiuittan the
average time-series coefficients of the 30 dat set

Following the procedure outlined in Section 2.he tata
need to be checked for stationarity. This part fef tvork,
which
beforehand to avoid loss of focus. Shortly, it mbhg
mentioned that all data sets satisfies both thditgtiae as
well as quantitative stationary tests [21]. Owingthis result,

in Fig. 4 and 5, expressed in terms of the averag&# may proceed with the time-series modeling of diata.

periodogram of the measured signals which was [kl
using (6). Fig. 4 is for the unbalanced case, aind 3-is for
the combination of unbalanced and mechanical lcesenase.

Each independent set consists of 5000 data asethét rof
sampling at 1 kHz for 5 s. We split the 5000 dat® itwo
segments. The first 4000 data is used in the mogledtage,

In the calculation of the averaged periodogram, 3@hile the remaining 1000 data is used for predicparposes.

independent data sets for both the unbalanced amibined
unbalanced and mechanical looseness are usedengh lof
each independent data set is equal to 5000.

For brevity, in the rest of the paper, the unbatacase will
be denoted as UB, and the unbalance and looseasssadll
be denoted as UBL.

120

100 q

80

60

40

20

Syy(H) [m?/s?, dB]

of

220

40+

; | | . I . I | |
% 50 100 200 250 300 350 400 450
Frequency [Hz]

1‘50 500
Fig. 4. Averaged periodogram of the acceleratiggnad for the pure
unbalance case. Thirty independent data sets @@, a®d the calculation
follows (6).

Syy(N [m%/s*, dB]

I I I | I |
200 250 300 350 400 450
Frequency [Hz]

r . , .
>0 50 100 150 500

Fig. 5. Averaged periodogram of the acceleratigma for the combined

The calculation of the ARMA coefficients are perfard with
MATLAB O [15].

Following the procedure outlined in Section 2.hg tata
need to be checked for stationarity. This part fef tvork,
which is considered elementary,
beforehand to avoid loss of focus. Shortly, it mhg
mentioned that all data sets satisfies both thditgtiae as
well as quantitative stationary tests [21]. Owingthis result,
we may proceed with the time-series modeling of dlaéa.
Each independent set consists of 5000 data asethét rof
sampling at 1 kHz for 5 s. We split the 5000 dat® itwo
segments. The first 4000 data is used in the mogledtage,
while the remaining 1000 data is used for predicparposes.
The calculation of the ARMA coefficients are perfard with
MATLAB O [15].

As the next step, in line with Section II.B, order
determination using BIC is performed. From Fig. 2,-and by
the nature of the excitation, we know from literat{il1, 13]
that for harmonic signals, the structure of the ARModel
should be of the form of ARMA(2m,2n), since every
frequency or every peak in the periodogram requaresir of
complex conjugate poles. Therefore, we should gitémfind
the best or optimum AR order by fitting AR(2m) stiag at m
= 1, calculate the BIC’s, and plot them. Once wenfb the
optimum AR-order ry) then we may embark in the MA
direction by fitting ARMA(2m,2n) starting at n = 0. The BIC
plots for UB along the AR and MA directions are wmoin
Fig. 6 and 7, respectively. From Fig. 6, the BlQuea saturate
starting at AR(4). Therefore, the optimum AR orideequal to
four. Next, from Fig. 7, after fitting various ARMA,2n)
models to UB data, the lowest BIC value is obtaifeech = 0.
Based on the BIC, we may conclude that the best-tiaties

unbalance and mechanical looseness case. Thirgpémtient data sets are model for UB data is ARMA(4,0) or AR(4).

used, and the calculation follows (6).

115305-6767 IIMME-IJENS © OctoBed 1 IJENS

is considered elementary, has been performed

has been performed
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4.8 4

BIC
BIC
&

7

4.9 4

.
12 14 16 18 20 “+3% 2 P

10
14 16 18 20
AR-order

8 10 12
MA-order (AR-order = 12)
Fig. 6. Typical BIC-plot for UB along the AR ditsan. The AR order is Fig. 9. Typical BIC-plot for UB along the MA dirgan. The ARMA(4,n)
varied starting from 2 up to 20. In this case, oalgn AR order is chosen to order is varied starting from ARMA(4,0) up to ARMARO). The lowest BIC
accommodate the harmonic feature of the periododfdim 13]. From the values settles starting at ARMA(12,0). Therefohe best model for UBL is

figure, it may be observed that the best AR ordemjual to four.

_ | | I | I | I I |
55 8 10 12 14 16 18 20
MA-order (AR order = 4)

Fig. 7. Typical BIC-plot for UB along the MA dirgon. The ARMA(4,n)
order is varied starting from ARMA(4,0) up to ARMARO). Based on thi
BIC-plot, it may be observed that the best modelU8 is ARMA(4,0) or
AR(4).

Likewise, we perform the same procedure to UBL dats.
The BIC-plots are shown in Fig. 8 and 9 for on
determination in the AR and MA directions, respeddiy.
From Fig. 8, the BIC values saturate starting at(18R
Therefore, the optimum AR order should be equél2oln the
next step, following the previous process, aftdinfy various
ARMA(12,2n) models to UBL data, since the minimurtCB
value in Fig. 9 settles starting ARMA(12,0), itdkear that the

AR(12).

To validate the time-series model and ensure tHésithe
data, we should proceed with the calculation ofdhe-step-
ahead prediction error sequence according to (8)pdot the
normalized autocorrelation sequence. Typical re&ultUB,
given that we use the AR(4) model obtained from the
modeling, is depicted in Fig. 10. Since all valusfsthe
normalized autocorrelatiory [k] for lag k> 1 fall within the
95% confidence interval, the model passed the wegs test,
which is the first validation test.

Fig. 10. Typical normalized autocorrelation seqenf the residual as the
result of fitting AR(4) model to the UB data sefthe 95% confidence
interval, which aret1.96/v/N, N: length of the data used in calculating the
autocorrelation sequence, are drawn in dashed lines

best time-series model for UBL data is ARMA(12,0) 0 As a second validation test, we compute the one-atead

AR(12).

14 16 18 20

10 12
AR-order

Fig. 8. Typical BIC-plot for UBL along the AR dtton. The AR order is

varied starting from 2 up to 20. In this case, cawgn AR order is chosen to

accommodate the harmonic feature of the periododfaim 13]. From the
figure, it may be observed that the best AR ordemjual to 12.
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prediction using (8) and compare it with the segnwnthe
data that is not used in the modeling stage. Thecay
comparison of the prediction and the original dataUB is
depicted in Fig. 11. In this regard, the originariss is
presented in solid line, the one-step-ahead pliedisequence
in ‘+’, and the 95% confidence interval band in lie lines.
The 95% confidence interval is calculated #4.96 x g,
deviations from the predicted value, in whighstands for the
standard deviation of the one-step-ahead predicgomr
sequence?[t|t — 1]. Based on Fig. 11, we may observe that
the prediction tightly tracks the original serieghwery small
95% confidence interval. Based on the two validat&sts, we
conclude that AR(4) is indeed the best model fordaia sets.
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Acceleration [m/s?]

4.‘15
Time Is1
Fig. 11. One-step-ahead prediction of the UB datausing AR(4) model
obtained previously. The original series is showrsolid line, ‘+' denotes
prediction, and the 95% confidence interval drawdashed lines.

4.1 4.2

Similarly, the same validation plots are computed UBL
data sets, and typical results of fitting an AR(429 depicted
in Fig. 12 and 13. Based on the above plots, thmesa
conclusion may be drawn, i.e., AR(12) is the beestleh for
UBL data sets.

1.

1S 4

0.8 B

0.6[ B

Ree(k)

0.4f- E

0.2 B

e e ase T oo ey 0Ty
‘
0 5

0,060?

-0.
10

Fig. 12. Typical normalized autocorrelation sequeenf the residual as the
result of fitting AR(12) model to the UBL data sefthe 95% confidence

16

TABLE I.
ENTRIES OFTHE REFERENCEFEATURE VECTOR FOR THEUB CASE

Parameter Value
af”) -1.113
al™ -0.311
agm) 0.044
af}m) 0.416
52 0.005

TABLE II.

ENTRIES OFTHE REFERENCEFEATURE VECTOR FOR THEUBL CASE

Parameter Value
a™ -2.133
al™ 1.253
al™ -0.231
al™ 0.568
a™ -0.330
a™ -0.527
al™ 0.308
al™ 0.380
ad™ -0.109
a™ -0.251
a™ -0.087
a™ 0.186
52 (M) 0.033

Regarding the time-series modeling results, an itapo

interval, which aret1.96/vN, N: length of the data used in calculating theremark needs to be addressed for the UBL casectl§tri

autocorrelation sequence, are drawn in dashed lines

Acceleration [m/sz]

4,‘15
Time [s]
Fig. 13. One-step-ahead prediction of the UBL d@tausing AR(12) model
obtained previously. The original series is showrsolid line, ‘+' denotes
prediction, and the 95% confidence interval drawdashed lines.

4.2

Since the best models for UB and UBL have beenimdda
i.e., AR(4) and AR(12), respectively, we performdating to
the entire 30 data sets available in the learntagesto form
the reference feature vectors. These vectors aiedily the
average value of the parameter vectors of the siemes
model. The reference feature vector for UB and 4Bkes are
shown in Table I. and Table Il., respectively.
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speaking, the loose support makes the system nearlidue
to the nature of the stiffness variation. Howevbe ARMA
model that is employed in the modeling will only
accommodate linear, stable, and invertible systeAss.a
result, the ARMA model for UBL will ‘linearize’ thaystem,
and thus will be suboptimum. For the purpose ofltfau
identification, this suboptimum model will not posmy
problem, since the reference feature vector shbelar the
specific characteristics of the UBL case.

VI. THE IMPLEMENTATION OF THEPARAMETRIC DISTANCE IN

FAULT IDENTIFICATION

Having the reference feature vectors for the UB bl
case, we are ready to test the effectiveness diadbiliéy of
the method. As a test case, we generate a sepdasie
consisting of 30 independent data sets for UB dsd dBL.
More over, we assign an operator to perform theetiog and
obtain the feature vectors of the test data. Durimggeling,
the identity of the model is not revealed to therapor [21].
Since the identity is not revealed, for discusgionposes, we
label the unidentified data sets as set A and Bhirgethe
scene, we hold the key that set A is actually UB set B is in
fact UBL. To keep the unbiasedness of the operaterdid
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not allow any pre-modeling such as plotting of time and
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frequency domain features of the data. The complete

procedure for the operator is outlined as follows:
1. Getindividual data from set A and B

2. Model each data using AR(4), which is the best « H, The mean of the feature vectors = UB reference
model for UB, and AR(12), which is the valid model feature vector (null hypothesis)
for UBL e Hj;: The mean of the feature vectotsUB reference

3. Concatenate the AR parameters and the variance of  feature vector (alternate hypothesis)
the residual sequence to form feature vec@#fdas
in (15) To compare two sample mean vectors, we implement

4. Calculate the parametric, i.e., Euclidean distanceBlotelling’s T test, with the following test statistic [23]:
according to (16) for each feature vectors
0 relative to UB and UBL reference feature F = WitNa=Ng-DT2 F(Ng,N, + Ny — Ng —1)  (18)
vectorsg™ {(N1+N2=2)No}

5. Draw box plots [22] of the parametric distancesetf . .

A and B relative to the reference feature vectdrs " which,

UB and UBL. Thus, there will be two sets of box M) _ BONT 1 r@m) _ B0

plots, one set consisting of two box plots depibts T2 = NN (07 — 029)7 €77 (07 — 6°)/(Ny + N7) (19)
distribution of the parametric distances of setrd a

B relative to UB reference feature vector, and laaot and,

set consisting of also two box plots that shows the

distribution of the parametric distances of setrd a C={(Ny = DC + (N, = DC}/(Ny + N, = 2) - (20)
B relative to UBL reference feature vector. ) )

6. Calculate the average feature vector of set A and B !N (18) — (20)F is the (1 —a)% quantile of the F
according to the postulated model, i.e., AR(4)u@ distribution with Ny and (, + N, —Np — 1) degree of
and AR(12) for UBL freedomsN; = 30 stands for the number of data sets used in

7. Perform Hotelling's T hypothesis testing [24] to forming the reference feature vectdr, = 30 is the number

For the hypothesis testing, we formulate the foitay
hypotheses:

check whether the average feature vector of setdd aOf data in set A or BNy the length of the reference feature

B are the same or different than the referencaifeat
vectors for UB and UBL. This final step will
substantiate the qualitative test of eyeballing ibg
plots.

The box plots, showing the distribution of pararncetr
distances of set A and B relative to UB refereneatdre
vector, are depicted in Fig. 14. Consequently, aved AR(4)
models to fit all data. From the figure, it is aléhat set A is
essentially taken from UB set up since the valuéghe
parametric distances relative to UB reference feattector
are smaller then set B.

151 b

Parametric Distance

0.5+ q

—

ot | I 1
SetAvs UB Set B vs UB

Fig. 14. Boxplots showing the distribution of patric distances of feature
vectors of set A and B upon fitting AR(4) modelslative to UB reference
feature vector. Box plot on the left is for setalyd box plot on the right is for
set B.
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vectors (which is five for UB and 13 for UBLR™ the
reference feature vector for UBR® the average feature
vector of set A or BC, the covariance matrix of the feature
vector set in the UB case, afid the covariance matrix of the
feature vectors in set A or B, depending which dsg& is
being tested.

Upon performing the calculation, it is found thae tvalue
of the test statistic for set A equalsA#? = 2.301, whereas
the test statistic for set B equals &}® = 45.546, as
compared to the threshold osss4) = 2.386. Therefore,
based on the hypothesis testing, we accept setdatasfrom
UB and reject set B as data from UB at lewek 5%.
Viewing at the conclusion of the box plot analysiad
hypothesis testing, we conclude that the methodecty
identifies set A as being UB and set B as beingetbimg
other than UB.

After completing the analysis with UB as the refee
feature vector, we continue with the box plot aseyand
hypothesis testing of set A and B relative to URlference
feature vector. The box plots, showing the distidru of
parametric distances of set A and B relative to UBlerence
feature vector, are depicted in Fig. 15. Accordingle fit
AR(12) models to all data. From the figure, it isar that set
B basically comes from UBL case since the valueghef
parametric distances relative to UBL referenceuieavector
are smaller than set A.
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Set A vs UBL Set B vs UBL

Fig. 15. Boxplots showing the distribution of paetric distances of feature
vectors of set A and B upon fitting AR(12) modetdative to UBL reference
feature vector. Box plot on the left is for setad box plot on the right is for
set B.

As for the hypothesis testing, after the calculatid is
found that the value of the test statistic for Aeequals to

FYBL = 534.02, whereas the test statistic for set B equals to

F§P" = 1.78, as compared to the threshélghs 1346y = 1.94.
Therefore, based on the hypothesis testing, wetrept A as
data from UBL and accept set B as data from UBlesa¢l
a = 5%.

Looking at the conclusion of the box plot analysisd

hypothesis testing, we conclude that again the ockth®

correctly identifies set A as being non-UBL and Beds data
coming from the UBL case.

VII. CONCLUSION

In this paper, we have presented a comprehensihaitpie
in fault diagnosis using parametric distance. Umlikhe
previously known Kullback distance, the proposethpeetric
distance satisfies the metric conditions. Labosaéxperiment
using a simple vibration test rig has been perfarnte
evaluate the effectiveness of the method. Expettaheasults
confirms that the method works extremely well ie thense
that it correctly identifies the simulated faultemely the pure

unbalance and the combined unbalance and mechanipaj

looseness. Therefore, the method is deemed satisfao be
used as a complement to the traditional frequenaymain
method.

Lastly, it is also necessary to mention that duethe
parsimony principle, although not shown in this gapthe
predicted autopower spectrum of the signal doeserattly
match the periodogram, especially in the UBL caBke
limited order of the ARMA(gN.) will not allow us to match
the numerous peaks in the periodogram, excepthimiost
significant frequency components. This minor flaiweg way
to the improvement of the method, which will beealcare of
in our future work.
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