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ABSTRACT

This paper proposed a new method of time-domain signal feature extraction and fault diagnostic based on improved
dynamic time warping method of mechanical and electrical equipment. Dynamic time warping method was
improved by integrating the methods of phase compensation, weighted gradient, derivatives, diding window
connection, fast dynamic time planning . Then improved dynamic time warping method may be applied directly to
extract the signals of domain statistical parameters of fault feature of mechanical and electrical equipments and get
accurate residual signal sequence with fault sideband features. Identification and localization of fault signal
features may be done by selecting peak value, RMS, kurtosis and other statistical characteristics identify and detect
faults. Using new statistical parameter Thikat to forecast failure trend is a new method of fault detection and
diagnosis of electromechanical equipments.
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INTRODUCTION

The key technique for feature extraction in faultedtion system of mechanical and electrical eqaignwas
feature extraction in frequency domain by Fouriansform. Although it is possible to obtain satisfay results
feature extraction, the Fourier transform basedjiemcy domain features extraction method also lwses
limitations, such as aliasifty spectral leakad@® and fence effeBt*!, etc. In particular, the latter two limitations
can lead to very significant errors of spectruninestion. And weak fault signal can not be accusatitected and
diagnosed.

Direct use of the time-domain fault feature exi@cttechnique in fault detection of planetary gearican avoid
many shortcomings of fault feature extraction baBedrier transform in the frequency domain. Dynaitiige
warping used in speech recognition widely was ntégtdo fault feature extraction and diagnosis imetidomain.
Used the improved method, limitations of frequedcynain processing based Fourier transform wereiradied
and high cost of time-domain synchronous averagiathod was avoided. It was a kind of very effectivethod of
identification, data mining and signal processing.

There were disadvantages of large computation, atatipnal complexity, singularity, bad robustneshew
dynamic time warping method was used in fault featxtraction of mechanical and electrical equipnurectly.
So disadvantages of dynamic time warping methodst fmel improved in order to get accurate time-donsiggnal
residuals and more efficient time-domain fault featextractiof°171®!

In the paper, a new method of time-domain signatuiee extraction and fault diagnostic based on awad

dynamic time warping method of mechanical and gl=dtequipment. And new time-domain fault trenediction
method of mechanical and electrical equipment vetabéished based on parameter Thikat. A new ideatanget

979



Shang Zhi-wu et al J. Chem. Pharm. Res,, 2015, 7(3):979-985

was provided for fault diagnosis of mechanical elettrical equipment.

1. Dynamic Time War ping M ethod

Time series are regulated nonlinearly used the mdetti uniform and non-uniform deformation along thee axis

to stretch and contract in dynamic time warping hodt And optimum match path of time calibration of
characteristics signal of test pattern and referguattern was set and the shortest distance wad lgen similar
characteristics of two time series are matchedcantpared.

Dynamic time warping algorithm is generally dividiatb two steps.
First step is to calculate the distance betweemdrsof two time series and get Euclidean distana&ixn The
second is to find an optimal path in the distanedrix

There are two time seriesX and Y, respective lengths n and m,
X = (X, %,,[0X,,) (1)
Y = (Y1 Yo LY, (2)

X sequence is measurement sequence and Y seqsemference sequence. a Euclidean distance matfix was
built. Elements of matrix (i, j) were Euclideantdisce(x yj)2 of x, and y.

Warping path function W was Build k-th element of W was defined a&=(i, j)x. SO
W =w,w,,[I[w, maxmn)<K<m+n+1l (3)

Warping path W must meet following constraints:
(1) Boundary constraint: (1, 1) and w=( n, m). Starting and end point of warping pathstriae the first point
of the regular time series and the last point.
(2) Continuous constraint: if w(a, b), w.,=(a’, b’), a-ax1, b-b<1. This limits the neighbor elements (including
diagonally adjacent) in the allowed step of warpdagh
(3) Monotonic constraint If w,=(a, b), w,=(a’, b’), a-a>0, b-b>0. Poaints in warping path were limited to layout
monotonically in time.

Target of dynamic warping algorithm was to fiodtimum wraping path with minimum cumulative ofaw
time series. Define objective function of optimumaping path:

D(X,Y)=min > (x -y’ @
(i,))Ew
DG, j)=(x —y,)*+min(k_ —y,)% %2~y )% (% —y,)* I O[N], jO[L: M] (5)

Where D@, j)=>"_c,,jO[L:M]
D(D) =Y. GuilL:N]

Accumulated distance was defined as minimum suacofimulated distance between the current cell djatent
elements.

The minimum total cumulative distance was calculdtem (1, 1) to (N, M) according to equation aftesilding the
cumulative distance matrix and the best match wig@path was got. Match results of two time sergedudynamic
time wraping method was shown as Figure.1l. Sigolsvo time series based on optimum path produced b
dynamic programming were well matched.

2. Fault features Extraction based on improved dynamic time war ping

Integration of phase compensation, slope weightiettivative, sliding window connection, fast dynantime
planning method is applied to dynamic time warpmgthod in order to achieve small computing amohigh
precision, fast and robust of feature extractiagpathms of fault signal of mechanical and eleetriequipment.
And improved dynamic time warping algorithm suit tault feature extraction of mechanical and eleatri
equipment was designed and integrated.

2.1 Savitzky-Golay smoothing of time series
Savitzky-Golay smoothing method of time series waplied to dynamic time warping method to filtegrsal,
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smooth noise data, eliminating data points witlydagrrors obstacles. And smoothness and robusthesgorithms
was enhanced by direct dealment.

W
A

by

:

Figure.1 Matching schematic of dynamic time wraping method

The best fit was done by moving the windows useadtlequare method based on the polynomial in the domain.
The p-th binary polynomial fit was got to value Beach point in the sliding window | x m, whereridam are the
window size and odd numbers. Then correspondinfficieats of polynomial were determined when figierror

was the least based the least square method. Anblett-fit values of P (i, j) of center point {i,if | x m sliding

window were got, which was the new value after dising processing. Sliding data window sledded satjally

along each point in the three-dimensional spacenssddealt smoothly.

2.2 Phase estimation and compensation method

Phase compensation method was used to enhancehsmes®tand robustness and improve singularity pmoloie
dynamic time warping signal processing for reductid the data transitions. And the reliability aacturacy of the
signals may be improved.

Generalized metric of Euclidean distance of twanalgime series was got according to phase diffaresf test
points and the reference points used method ofepasimation and compensation. The initial phasge eHained
by calculating the minimum Euclidean distance mattind phase errors cause by singularity of refeeesignals
and filtered signals were compensated and corrected

2.3 Slope weighting techniques and derivative nmagho
Corrected logic weighting function based phase ate was found and weight of each point in timgesewas
allocated optimally used the methods of logic waighfunction and slope weighting.

Time series data was processed to data with wawvedtiaracteristics used derivative method. And wigpnatrix
was found and wraping path was optimized to protesire signal used logic weighting method of dyitatime
warping.
Correction logic weighting function:

W

—_ max
W =l o] (6)

Where i=1, m. m is length of time series andnmid-point of time series.

WmaxiS maximum value of weight coefficient and g is ke factor.
Processing method of derived weighted logic dynaime warping:

WDDTW(D,, D) =Y¢ () o
Where

fﬂ,j)=‘V\(i_”(dia—d?)‘p+mir{5(i =1ji-0.&EG-2)).&G,j —1)}2.4 Sliding window connection, fast dynamic time

planning

Algorithm accuracy was improved and optimum was edamtegrated sliding window algorithm, fast dynamic
programming algorithm to reduce calculation amamt space complexity of dynamic time warping alioni
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Firstly new time series were created after 1/2 @ssing data quantity of time series signals ofrpatinent. Then
optimum path was established and time series sigwake input after mapping original preprocessifigally

extended mapping paths of searching sliding windeve established as predefined radius. Only sigatd in

searching window was calculated used the algorithnd calculation space was simplified and compuspged
was improved.

Technology Roadmap was shown as Figure.2.
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Figure.2 Technology roadmap of fault feature extraction based improved dynamic time war ping

3. Fault featureidentification and localization based Thikat

Feature identification and localization of faulgjisal was done by selecting statistical charactenistrameters such
as peak, RMS, kurtosis spectrum to identify anadctefaulty after using improved dynamic time warpiio get
residual signal sequence with fault sideband featur

SADOK SASSI and BECHIR BADRI integrated part of thtatistical characteristics parameters and prapbtse
new statistical parameters Talaf and Thikan order to be able to determine the node of tatalic accidents in
bearing fault diagnosis in 2008.

Omar D. Mohammed and Matti Rantatalo had done reseaork characteristics and effectiveness of Talad
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Thikat parameters in gear failur8. Thikat parameter was introduced to fault diaghasi mechanical and
electrical equipment. And status and trends oftfsiginals was predicted after feature extractiot e timing of
specific maintenance evaluation was studied.

Correlation spectrum kurtosis and Thikat parametes used to design a kind of new identification knwdlization
algorithm of residual signal feature vector of neulal and electrical equipment. Time-domain reslicgignal
vector was detected, identified and located ardriasize and trends were predicted used the method

3.1 Fault location method based on correlation tspeckurtosis analysis

The method of maximum correlation kurtosis decounttoh (MCKD) was used to filter time domain resitisanal.
And correlation kurtosis parameters analysis wiized to evaluate health status to identify andate the fault
used periodic of fault signal.

Firstly the original signal timeline signal lengtvas recovered by pre-processing and signals aftarepsing by
improved DTW were filtered used the maximum coitietakurtosis deconvolution method.

Then concerned period T was determined é@'ﬂ ,[Xﬁxg]_i of input signal is calculated after pretreatment.

T _ T _ —
Filter size was selected and the initial filterualof f = [00---1—1.--0q was set. Filtered output signg
was calculated and signals filtered by the maxincomelation signal kurtosis deconvolution were gjtitnately.

MCKDM(T)=m_ax0KM(r)=m—a“zn<£ﬂ"pi’y3+?” @ f = M 7 (XX )‘12 Xpln  (9)

Correlation kurtosis value was got by calculatifitefed signal used correlation kurtosis analy3isen residual
vector signal was analyzed according to correlatietween different fault period of different gearsd rotational
frequency of different gears and fault was located.

S (s oer)?
(z :lxs)Mﬂ

CKy (T) =

(10)

L
Yo = fiXops X, =0y, =0,(n£12,...,N) (11)
k=1

3.2 Fault trend prediction method based Thikat
Fault size and trends were determined used Thikdtation method. Then maintenance methods, tingnagrams
and working life were got and emergency fault wiasmaed.

Firstly Talaf time domain vector evaluation metheds used to establish development trend curve wf $ize of
time-domain residual signal vector. Then runnirgpawith fault and repair replacement area wererhited.

Peak values, RMS, peak factor, kurtosis were dulsti into Formula (12) and Talaf was got.

TALAF =log[Ku + RMS
RMS,

Trend correlation curve between fault development @alaf parameter was found according to faultmiatr of
different size of the same fault. And four regiovere subdivided according to curve slope.

| (12)
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Figure.3 Map of Talaf trend curve of fault development

Thikat evaluation method of time-domain vector waed and Thikat value was monitored when fault feasd.
Then thresholds were set according to trend zorfaulf development. Maintenance and replacements wene
when alarm thresholds of time domain residual digeator of repair replacement area were achieved.

Peak values, RMS, peak factor, kurtosis were sulbsti into Formula (13) and Thikat was got.

THIKAT =log[(Ku) +(%) pesk

RMS, 1 @13)

Thikat value was monitored and threshold alarm @dnd done when it reached red zone of Figure.4.

400
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Figure.4 Map of Thikat trend curve of fault development

Technology Roadmap was shown as Figure.5.
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Figure5 ldentification and localization of fault feature based on Thikat
CONCLUSION

Dynamic time warping used in speech recognitionelyidvas migrated to fault feature extraction anagdbsis in
time domain. Integration of phase compensationpeslaeighted, derivative, sliding window connectidast
dynamic time planning method is applied to dynatitiee warping method to improve the disadvantagelargie
computation, computational complexity, singularibad robustness when it is used in fault featuteaetion of
mechanical and electrical equipment directly

Identification and localization of fault signal c¢hateristics may be done by improving dynamic tiwerping

method to obtain a residual signal sequences vethit fcharacterized sidebands and selecting théststat

characteristic parameters such as peak, RMS, ksigpsctrum to complete identification and locdlaa of fault

signal characteristics. New time-domain fault trgmeldiction method of mechanical and electricaligapent was
established based on new statistical parameteraf hilirstly thresholds based on the developmemidtief the

fault area were set used Thikat evaluation metHotiiree-domain vector. Then status and trends oft fsignal

after feature extraction was predicted and speg#jair time was decided. Then alarm was givenrfaintenance
and replacement reached alarm thresholds of timeadoresidual signal vector of repair and replaggm& new

idea and target was provided for fault diagnosimethanical and electrical equipment.

How to apply and complete improved fault diagnasisthod based improved DTW in engineering practite o
complex electromechanical equipments such as @langearboxes and rotating machinery will be theusoof
future research work. Next main work is to deteengarameters of filter, Threshold RMS, Thikat thiad in the
study of planetary gearbox.
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