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FORWARD

This milestone 30 International cmference on condition monitoring and machine diagnostics, in
the form of COMADEM 2017, was held at two venues in the North West of England. The historic
industrial city of Preston, which was at the heart of the industrial revolution in Britain in tHe 18
and 19" centuries and the quiet seaside town of Grar@eerSands in Cumbria on the Southern
fringes of English Lake District, the with its picturesque views and Victorian resort atmosphere.

The Grange Hotel, built in 1866 in a Akkalianate style, wasised as the conference hotel. It
provided an unusual, but convivial retreat away from everyday commitments that allowing
delegates to consider and discuss a wide range of issues in machine surveillance that face
SY3aAYySSNE Ay G2RI&@&a NI}LARt& RSOSt2LIAYy3I 62 NJ

The conference programme itself covered a wide range of topics in condition monitoring and
YI OKAYS RAF3Iy2aGA0a YR gl & &AdzLIL2NISR o6& &Ll
O2yRAGAZ2Y Y2YyAU2NRY3IET | & ¢St drganisations &vorkiniNB a Sy
condition monitoring and machine diagnostics . This technical programme was further
complemented by evening social events providing informal networking opportunities outside the
settings of the technical tracks.

We thank all the diegates attending COMADEM 2017 for their contributions and whether you
attended COMADEM 2017 or not, we hope you find these proceedings a useful and convenient
resource.

Prof | Sherrington
Dr A Onsy
Prof R Rao

COMADEM 2017 Conference Chairs
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The Impact of Maintenance Duration on the Downtime of an Offshore
Wind Farm - Alternating Renewal Process

H. Seyt, A. Barrog, M.Muskulus
! Department of Civil and Environment@hgineering
2Department of Production and Quality Engineering, Norwegian University of Science and Technology,
NTNU, 7491 Trondheim, Norway

ABSTRACT

Maintenance cost in offshore wind farms are one of the main reasons why it is still not competitite with
onshore counter part. To lower the price of energy, the authors want to improve the modeling of offshore
wind farms in order to help improving the applied maintenance strategies. In this paper, we investigate the
repair of wind turbine components as aternating renewal process. The time it takes to repair (renew) a
component in a turbine, directly influences the downtime of this turbine, or even larger parts of the wind
farm. This downtime leads to production losses, which in turn raise the cosheofly. Previous
investigations by two of the present authors showed that a variation in repair times has a significant
influence of the production losses. In this paper, an alternate renewal process is investigated as tool to
calculate the influence of ¢hrepair time duration on the production losses. We show that if we assume an
exponential distribution of repair times, the distribution of the downtimes can be calculated analytically.
For other distributions, the calculation has to be done numericdibyr, fitting the parameters of the
distribution to the available data. Further work with other distributions and actual repair time distributions
is planned.

Keywords: Offshore Wind Energy, Failure Modelling, Maintenance Optimisation, Stochastic Modaltemgating
Renewal Process

Corresponding author: Helene Seytdlene.seyr@ntnu.fo

1. INTRODUCTION

The offshore wind industry is a growing industry in Europe and other continents. However, Operations and
Maintenarce (O&M) costs still account for a significant part of the total cost of energy [1]. Lowering these
costs will lower the cost per kilowatt of power produced and hence make offshore wind sources competitive
to other energy sources. In order to reduce theviQfbsts, many approaches are currently followed in
research. These include condition monitoring, optimizing the preventive maintenance, and inventing
components that are more reliable.

In order to reduce the costs of corrective maintenance, repairs fajj@mailure that could not be avoided

by preventive measures, decision support tools are being developed by several research groups. These air
to help for wind farm (WF) operators and maintenance service providers in deciding which maintenance
strategy touse in order to minimize costs or maximize availability. Most of these models rely on
simulations of the operation phase of the WF. The operation of the WF, its availability and production as
well as the maintenance costs, are influenced by severaldadtoese factors include the failure rates of

wind turbine components, the distance of the WF from an onshore maintenance base, the weather at a giver
location, the types of maintenance vessels, number of vessels, the number of workers and the tuidbine mode
Two of present authors started to investigate variations in the repair times and their influence on the
unscheduled downtimes of the wind farm [2,3]. They have shown that a variation in the repair times can
lead to a significant increase in downtimes &ence in production losses. These production losses in turn
raise the cost of electricity produced.
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In this paper, we want to present an approach based on a stochastic process named alternating renewal
process to investigate this same influencing faciternating renewal processes can be used, as soon as

we assume random failure and repair times and a repair that is a renewal. The paper is structured as follows.
Section 2 gives an overview of the methods used, the results of the analysis are pmessattion 3.

Finally, we conclude the work and give an outlook to future work in Section 4.

2. METHODOLOGY

In order to define an alternate renewal process, we need to take some assumptions. First, we assume that the
lifetime duration of a turbine comportes random, and that it is following a given distribution. We further
assume that the maintenance duration, the repair time, follows a different distribution. The distributions
used in the paper are only examples and not based on actual wind park d#ta.f&idures, we assume a
constant failure rate, which leads to an exponential failure distribution. For many wind turbine components,
the failure rate is assumed to follow a bathtub curve, a constant repair rate is then realistic for most of the
lifetime [4-6]. Exponential distributions for the failures are common in the literatut@].7

Also for the repair time, we use a constant rate for a first analysis. Since there has not been done any
analysis on the actual distribution on repair times yet,ith& very strong assumption. However, this is a

first analysis for a first example of a distribution. Other types of distributions should be investigated as well
as fitting the distribution parameters to actual wind park data.

It is further assumed that @arepair is a renewal, replacing the faulty component with an identical new
one. A renewal is for many wind turbine components, like gears or electrical equipment a common form of
repair.

The theoretical distribution for the downtime is calculated basethe distributions for the lifetime and
repair times. We show that it is possible to do this calculation analytically for any failure and repair rate and
the distribution of the downtime is presented dependent on the two rates.

3. RESULTS

In this section w present the results olur analysis. An examplef an alternatig renewal process is

shown in fgure 1. The turbine component that is considered has two differentistat@sing or failed. In

the given example, the component is running until timAtttime ¢,i t f ai |l s and stays 1in
its repair is completed at timg The process continues like this; the turbine is running fgdmts, when it

fails again. The next renewal is finishedaeind so on. We are now interested i distributions of the X

and Y, the durations during which the component is running or failed respectively.
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Figure 1. An example of an alternate renewal process. T$teod the durations of operation (up states) and ttshdiv the
downtimes (down stas).

The failure dates {t ts, €) depend on the failure distributio
section, we are assuming an exponential distribution of the lifetime duratipmstiX a constant failure

rate. Failure rates for differemtind turbine components can be found in e.g. [5,6]. If we assume a known
constant failure rate &, the probability density

fity=/e"" (1)

We also assume an exponential distributadnthe repair durations ;Y which are corresponding to the
downtimes, with a constant repair rate (. The probability density function for this distribution is then:

gt)=me" (2)
The presented density functions represent the densitgeofadlure and one renewal respectively. In order
to know the distribution of a sum of lifetime duratiov(§+-~-+Xn~? we calculate the th fold
convolution of f(s) with itself:

tn—l

(n- 1)

FO(0= At - 31( 3 ds /= & 3)

Since we are interestedtime duration of the total downtime of the component, we introduce the following
notation.N(t) is the number of up states durifi@jt]and D(t)is the amount of time spent in down state.

We are now focusing on the calculation of the distribution oft3, starting with the description of an
evebt)¢xo. Since the total downtime is the sum of

Dt)=Y +.. ¥if N(t)=n. (4)
The probabilDMdyxoos aheavent i

PO()¢ X)='au:. P .+ Y }|((N(t X)- n) PNEOx) r. (5)
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Since when the failure occurs, n lifetimes have been complXdths ended. As soon a§,, starts, the
renewal has already taken place. Therefore the probability of having exactly n failures is the same as having
a lifetime betweenX +... 4, and X +... 4X,. The probabilityP( N()= 1) can be simplified

P(Nt- ¥ =) &X .+ X+ t X X .£ ¥ +t )

leading finally to

P(N(t - x):n)zF(”) (t - x)- o (t- x), (8)

where F" (t- X) is as in Equation (3For the conditional probability of having the downtime below a

value X, while having exactlyn failures we get

P(Y1+... ® &Nt 3 h= & £X where (9)
G"(%= ;”19“' Y(x- 3930, (10)
0
and g(s) the probability density function of . As for F(t) in Equation (3), this simplifies to
) _ . Xn-l
GI(g=me” s (11
Now the distribution of the downtimB(t) can be calculated as
S ) Y " oo wM X)X
P(O(H¢ X :na:_l(ﬁ“(x(Fﬂ(t x EO(t ) @ & (n-1)!(n-1)!€-el/ - (12)
solving to
p([j(t)q; ><) —a ™ At x)\/,n((t- X) J(Z\/ / X')) W 1(2‘\} Xt m)) il 1(2‘/ k(t /X)" (13)

Jx(t- X)

Wherel, and |, are the modified Bessel functions [13] of the first kind of order 0 and 1 respectively.

4. CONCLUSIONS AND FURTHER WORK

In this paper, a first step hagdn taken to investigate the downtime of a wind turbine component as
alternating renewal process. We have shown that for a constant repair rate, the distribution of the downtime
can be calculated based on this repair rate and the corresponding failuoé tlagecomponent. This
calculation is in principle possible for any repair duration distribution, but will need to be evaluated
numerically in most cases, e.g. a Gamma distribution. The present authors are planning to investigate
further distributions irthe future and to use actual wind park data to conduct a case study.
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ABSTRACT

It is well established that under gusty crosswind conditions, vehicle aerodynamic forces can lead to sudden
changes in vehicle dynamics and stability. Large class vehicles, in particular, are more prone to rollover
accidents in strong crosswind situations, ey at cruising speeds. It is therefore essential to conduct
detailed investigations on the aerodynamic performance of commercial vehicles under crosswind conditions
in order to improve their crosswind stability. This study predicts unsteady aerodyfioaceis on a high

sided tractottrailer unit exposed to gusty crosswind conditions. Although natural wind gusts are highly
stochastic phenomena, and have a large variability in types and origins, this investigation suggests using
deterministic gust modehicombination with Computational Fluid Dynamics (CFD) based approach, using
Large Eddy simulation (LES) for modeling air turbulence. Crosswind scenario with gusts of exponential
shape, as specified in the Technical Specification for Interoperability (M&s),been presented in the
present study. A series of tingiependent aerodynamic interactions on the tracailer unit have been
recorded and investigated through the visualization of instantaneous gust flow structures around-the truck
trailer unit. Theresults show that the TSI gust scenario has significant unsteady effects on the side
aerodynamic force and the roll moment of the vehicle. Furthermore, there are significant variations in
aerodynamic | oads, consistent with the gustodés str e

Key words:Modelling, CFD, Deterministic gust
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1. INTRODUCTION

The real atmospheric wind to which a ground vehicle is subjected durir@pdrdriving is fully turbulent

and unsteady. Within aitbulent wind field, strong wind pulses can occur and they are known as wind gusts
or, more simply, gusts. Under crosswind gust conditions, sudden variations in wind loads have adverse
impacts on the dynamic stability of roaehicle$l]. For instance, the aerodynamic roll moment works
against vehicle weight loads, thus increasing the risk of rollover or derail@}eiiherefore, for improving
crosswind stability of ground vehicles under gusty wind actions, unsteadyevabiodynamic forces are
among the essential information needed to carry out the investigation

Modelling wind gust event is a complex task since in the very $bon, the gust speed estimation
becomes infeasible. However, for design purpogasty wind condition can be evaluated based on the
constrained simulatiof]. In thisapproachextreme gusts are usually idealized as a deterministic gust, and
then the gusis superposed to wind turbulent fluctuatigsjs Also, the deterministic gust model generally
describes the stochastic character of the turbulence with the shape of occasional occurring WiBld peaks

Gust models centered on deterministic approach are applied in various technical and scientific fields. In the
rail vehicles area, a large Eurgperesearch projects TRANSAERQand the DEUFRAKO crosswind
prograni8] contributed to standards in the form of thechinical Specification for Interoperability (TSI)

[9,10]. According to these standards, the wind scenario prescribes a deterministic wind gust baséd on a bi
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exponenti al functi on, Armumnkmoof studies Wwave utiliged theCTSI gnse sscemarih a t
to produce the extreme wind loads on rail velsi¢eg[5], [11]and[12]).

Once the wind speed tinfdstory is produced as deterministic gust scenario, extreme wind loads on a
vehicle are usually expressed through aerodynamic coefficiefit8§las

_1 2 =
F(t)—ErairArCinel(t),l =D,S,L (1)
_1 2 -
Mx,y’z(t)—arairArhCmineI(t) ,i=D,S,L (2),
where F is a generalized aerodynamic f gistchearand |

density, A is a reference area and h is a reference height. The aamityooefficients are for drag force
Co, lift force G, and side force € In Eq. (2) the coefficients are rolling moment coefficientd)C
pitching coefficient (Gs) and yawing coefficient (). The wind speed relative to the vehicle (Vrel) can
be deined directly as a function of the absolute wind speed-kisi®ry u(t) seen by the vehicle with
velocity of Vg, and it is defined §83]:

V2 ()= (V,, +u(t)cosb)? +(u(t)sinb)? )

whereb is a wind angle relative to the vehicle moving direction.

Generally, three techniques are conducted for estimating steady and unsteady aerodynamic coefficients of
ground vehicles: fulkcale measurements, scale model experiments and computationdi/faidic (CFD)
simulations. It is extremely costly and difficult to set up a wind tunnel test that reproduces the ground
relative motion [14]. In contrast, CFD computation is well incorporated into the automotive sector and is
currently an engineering toalse correspondingly with tests during the aerodynamic design process of
ground vehicleg[15]. Moreover, the CFD technique can give great quantities of transiga and
comprehensive thredimensional information concerning the wind flow domdil]. This information can

help to elucidate the comprehensive mechanism of the unsteady aerodynamics of road vehicles.

Based on CFD simulation, several techniques were utilized in previous CFD investigations concentrating on
turbulent malels such as ), -w,KOES, and LES. However, few examples of using a deterministic gust
model in combination with CFD approach can be found in the literature. BBjrearried out CFD study

to analyses the flow around a simple car geometry under crosswind gust condition. In his investigation, a
deterministic wind gust represented by a continuous and smoothkstépnction has beensed. Vehicle
aerodynamic forces were obtained using a commercial software, and the results have been compared again:
two different types of mesh. His work reveals that deterministic gust models can be applied to simulate
crosswind aerodynamic forces ongeound vehicle based on CFD method. However, the study was
conducted on a simple small car model, which is less sensitive to the crosswind comparing with trains or
high-sided lorriefl]. In addition, the author recommends further investigation based on other types of wind
gusts. Similar t¢15], a rectangular crosswind profile was considered by Tsubokura[&Bjal. The study

carries out a numerical simulation of unsteady aerodynamifidl escale truck model under wind gust by
implementing the LES technique. Numerical values of drag and side coefficients have been validated by
wind tunnel tests, and the results show good agreement. However, the maximum gust strength that has beel
applied was 4.43 m/s, which is relatively small comparing to the strength of the gust in reality.

The TSlwind scenario that has been applied to rail vehicles represents a train traveling on an embankment
under constant mean wind load and suddenly being hinlsxateme wind gugi2].This situation applies

to road vehicles as well, and from a practical point of view, it is of interest to examine the TSI gust in the
road vehicle aerodynamics. Therefore, the present paper is an attempt to use the CFD rsinmolatio
combination with the TSI deterministic gust scenarios. The possibility to apply the gust @andeidltrailer

is investigated based on the LES turbulent technique. The gust scenario is introduced into the CFD
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simulation by creating an external velyadata file according to the TSI gust equation and imposing this to
the lateral inlet of the computational domain. The trastmitrailer model is fixed on the numerical
domain floor, and uniform main flow is imposed at the main inlet, which repretbentslative velocity of

the surrounding air on the vehicle moving forward in a straight line.

2. METHOD

This section includes a summary of the CFD method that is implemented to analyse the vehicle
aerodynamic forces. The CFD simulation was produced usiri§YA\Fluent 17.0 software.

2.1. Vehicle Model and Computational domain

A full-scale model of a tractor setnailer based on geometry of real commercial vehicle was developed,
and it was adapted by eliminating each small part attached to its surface. As sHmurei 1, its length,

width, and height are 19.03 m, 2.4m, and 4.16m, respectively. The vehicle is anticipated to move directly
ahead at a continuous speed of 30 m/s, which is the maximum speed limit for commercial vehicles on
highway according to sevéragislations.

19.03

4.16

Figure 1.Vehicle 3D CAD model

Further, fgure 2 illustrates a framework of the computational domain used in all CFD analysis presented in
this paper. It is expressed as a rectangular duct similar to analysis domain that[a6gdniith a 124.5 m

length, 126.0 m width, and 32.0 m height. This big domain was implemented to capture the crucial flow
features. The domain wasglit to about 16,250,000 elements with about 2,970,000 vertexes, the number of
elements has been chosen after several meshes were tested to check the grid independency. The final mesh
was tetrahedral unstructured mesh, this type of mesh has been tiseg@ast for the LES if16], and the

DES in[15], with success. The topology of these tcohvolumes is illustrated inidure 3. In this figure,

two refinement zones are shown, the finest cells zone and the upstream zone. The fine cells are created to
capture the small flow structes around the vehicle. Further, a constant time sté&p of14 x10*s was

used to achieve a CourdntiederichLewy (CFL) number beneath 1 so as to acquire a correct and steady
solution in this simulation. 20 iterations were performed for each tipesteduce the magnitude of ron

linear residuals.

10



COMADEM 2017 University of Central Lancashire, UK.

Free-slip boundary

Main inlet (30 nvsec)

| P

&

R A0

Figure 3.Numerical grids around the truck

2.2. Boundary conditions and boundary data

Figure 2 shows the boundary conditions that used in thistigaéen. Under these conditions, the truck
model is affixed to the floor roughly 40 meters downstream of the domain inlet boundary. The ground is a
moving wall with 30 m/s in the streamwise direction, which represents the vehicle speed, and the same
spedal is applied to the uniform flow at the front inlet. At the outlet faces, zero pressure is arranged, and a
symmetry boundary condition is set at the top boundary. As previously mentioned, to reproduce a strong
crosswind across the pathway of the truck, & gust profile was imposed on the side boundary of the
domain.

2.2.1 TSI Gustharacteristic

The TSIlwind gust scenario is developed based on the analysis of real wind datéhe full TSI gust
scenario (Qure 4) involves a linear rise (from tl to t2) to the base level of the wind speken the truck
semitrailer is traveling at a consistent state (from t2 to t3). Theeas® of wind velocity aligns with the
exponential gust profile that signifies the wind gust from t3 to t4. Between t4 and t5 the wind velocity
reduces to the preceding base level following the gust function. Finally, an additional time stage involving a
constant wind speed takes place between t5 and t6.

In a stationary wind speed, the gust is a perturbation velatitgdded on top of the mean wind speéd,
depending on the Reynolds decomposition:

u(t) =U +u'(t) (@)

11
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Figure 4 TSI gust scenario

According to the gust modeling methodology in the TSI standard, the perturbation velocity is modeled
based on how the mean gust can be described by the autocorrelation function @gphtudie A, i.e u'=

A C(t). This leads to a relatively sharp waveform shape; the shape that has been shown to agree with the
mean gust obtained from measurem¢g&. Thus,wind speed of the Wxponentialprofile shown in the

figure 4is calculated by the following formul[q)].

u(®)=u+A s,.C(t) (5),

wherethe average wind speed and the turbulence intensity determines the standard deviation of longitudinal element
(following the average wind speed) of the wind:

s,=lu (6)

The value of normalized gust amplitude (Afiied by the technique as 2.8%he complex factor in Eqg. 5 is the
autocorrelation function (C(t)) which represents the correlation between the gust amplitude at the present
moment and ahe maximum amplitude. This function is formulated by

C(t) = exp(x/(Cu,P)? + (Clu,P))?)) ),

whereC} and C} are the coherence decay coefficients in the mean wind direction and perpendicular to

the man wind direction respectively; P; and P! are the exponential coefficients in the mean wind

direction and perpendicular to the mean wind direction respectively. The values of these coefficients
measureaxperimemally ,and they are given in the TSI standard. After substituting the coefficients values
in Eq. 7, the correlation function can be calculated as:

C(t) = exp(;/(5u,)% + (16y,)?)) (8)

As the wind gust is fixed in space, the transformation toutate the temporal distribution is only possible
when the vehicle speed is constf®jt Then , velocity components of the wind along and cross the road
ard10]:

-~ 1~ 1
- = il 9
u, (X) 2x.cos@). — )
u, (%) = %i.sin(b). T_lﬁ (10),

where thex term in the equations is a function of the distance along the road towards the position of
the maximum amplitudef the gust, and it can be calculated%y

X=v,(t-t..) (11)
Further, by substituting x@nd y in Egs. 8, for £=90 the coherence function is simplified1Q]:

12
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16u,

Clp=o) =€ (12)

2.3. Governing equations

In principle, the aerodynamic forces are a result of interaction between a vehicle's body and the air
surroundingit. To date, LES has been implemented successfully to assess aerodynamics performance of
road vehicles , as may be evidenced in the literature (e.g.[3],[16],[14]). In this paper, an incompressible
Newtonian fluid was supposed and the equations of cotytimumid momentum were spatially filtered to
acquire the governing equations of LES . For further information on the LES turbulent model see
reference[16].

3. SIMULATION RESULTS

For solving the pressuireelocity coupling, the results of the present simufstiare obtained with the
SIMPLE method. The spatial discretization schemes are a second order for the pressure equation and &
bounded central difference for the momentum equation. Also, the bounded-segendnplicit scheme is

chosen for the transietérms.

3.1. Flow field visualization

In order to discuss trailer crosswind aerodynamic forces and moments, flow field around the trailer
predicted in LES analysis is visualized. Figure 5 shows snapshot of gusty wind distribution on a horizontal
plane at tk midheigh of the trailer, andifure 6 depicts vortex structures around the truck body. The
figures also show values of maximum gust veloaitiiich correspondingp the maximum gust velocity at

14.6 sec . At the maximum gust speed, the flow acceledates mat i cal |l y over the t
surfaces and through the gap between the tractor and trailer . In addition, the flow separates to form large
unsteady structures and fluctuate on both sides of the trailer.

Figure 6 Instantaneous flow structures of the TSI gust around the sides of the trailer at t=14.6 sec.

13
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Contours of the total pressure distributiofigure 7) have been computed for the leeward and windward
sides of the vehicle. Due to the development of flow vortices on the leeward sidepee&sure region is
observed. The existence of the lower pressure region on the leeward side of the train expiaoredke

in the aerodynamic side force and roll moment. Moreover,-pighsure regions spreads widely on the
windward side of the trailer at high speed.

(b) t=146s

L N W ¢

Figure 7 Contours of the total pressure distributions on the truck surfaces under TSI gusbgdapawindward sides,
bottom leeward sides)

3.2. Unsteady aerodynamics loads

Egs. (1), (2) and (3) were used to calculate the unsteady aerodynamic forces acting on the trailer. Figure 8
illustrates these forces acting on the truck under TSI gust effestsamibe seen frorthis figure, the
aerodynamics force monotonically increase and decrease consistent with the scale of the gust speed. The
gust effects observed on the aerodynamic side force is practically about 2.5 times its effects on the drag and
lift forces. Also, the vehicle reaches the exponential part of the gust scenario at approximately t=8 seconds,
and subsequently, the side aerodynamic force rises from about 11 kN to maximum 33 kN in approximately
6 seconds.

40000 35
35000 30
30000
25000

20000

P
)
2
I
velocity (m/s)

10000

Aerodynamic forces (N}

5000

0] 5 10 5 20 25 30
-5000 -5
) . Time (sec)
Drag force(N) Side Force (N) Lift Force (N)

Gust(m/sec)

Figure 8 Time history of truck usteady aerodynamic forces under the effect of the TSI wind scenario.

The gust wind effects can be more visibly perceived in the reaction of aerodynamic mdigerds(9).
Amongst these, the rolling moment displays severe fluctuations, and the yaw naiseedisplays the
penchant of instability. These sudden changes in aerodynamic moments are particularly notable and
valuable for the appraisal of vehicular movement stability.

14
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velocity(m/sec)

Aerodynamic Moments(Nm)
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Figure.9 Duration of the unsteady aerodynamic rolling and yawing mometite S| wind scenario

4. CONCLUSION

The TSI gust scenario was applied to the-$alhle tractosemitrailer model in combination with CFD
approach. The consequences of unsteady aerodynamics when the vehicle is exposed to this extreme gust
crosswind were mdicted. The transient aerodynarmside forceand rolling moment were observed to be
significantly higher than other aerodynamic forces. Further, throughout the rushing in and out process,
variability consistent with the scale of crosswind speed was disedv These conclusions strongly
suggested the significance of considering the unsteady aerodynamic forces in the analysis of heavy vehicle
roll dynamics. Moreover, the simulations used in this study were limited to constant gust amplitude. The
allowance o varying amplitudes, however, does not result in further problems. Moreover, it appears to be
feasible to extend this technique to both bicycles and motorbikes traveling kexpoded environments.
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ABSTRACT

In this paper, the contribution of structural health monitoring (SHM) to the reliability of an offshore fixed
platform is evaluated. A numerical analysis is carried outdtrmine the updated fatigue reliability index

via fracture mechanics, for a structure member with three varying degrees of damage associated with crack
size using two SHM systems with varying sensor density. It is observed that the updated relidbiityfin

a structure member in a fixed offshore platform
damages. The SHM system with lower probability of detection (POD) generates an updated reliability
index larger than thenitial reliability index throughout the structures operational life, in the presence of
damage that is below itstctable size. Hower when the level of damage is greater than its detectable
size, the updated reliability index plunges below the initial reliability insexhée later portions of the
structureds operational |l ife. The second SHM sys
damage levels applied in this work hence, its updated reliability index indicated an overestimation of the
structure nember reliability index at an earlier time.

Keywords:Structural Health MonitoringSensors technology and damage detectidonitoring, diagnosis, prognosis
and health management

Corresponding author: Mahmoo&hafiee Other (emaim.shafiee@cranfield.ac.pk

1. INTRODUCTION

Fixed jacket platform structures used in the offshore exploration of oil and gas are subjectedtittnaper

and environmental loads such as deck load, ship impact, waves, cwirehtand seismic actity, which

lead to the buildup of damage on the structure during its operational life. In order to prevent catastrophic
failure, the ability to detect and locate damage on a structure is vital. Due to the cyclical nature of
environmetal offshore loads applied over the structures operational life, it is of essencsess a
structures resistance to fatigue damage. Fatigue damage is generally evaluated using a fatigue limit state
(FLS), this provides a relationship between the effefcioperational and environmental loads to the
structures fatigue resistance (Vughts & Kinra 1976). Uncertainties from physical, statistical, and model
parameters arises in the formulation of FLS, thus reliability analysis is performed to determine fatigue
reliability index, which indicates the probability that fatigue failure will not occur. The ability to accurately
assess fatigue reliability is paramount to understanding the state of a structure, anthakxbermf an
inspection schedule. The effectingpection on fatigue reliability index is generallyndacted by upding

the failure reliability index based on the outcome of a scheduled inspection (Madsen et al. 1987, Moan &
Song 2000). Structural health monitoring (SHM) is a tool used to deteetjz® and analyze damage
present in a structure by continuously monitoring the structures behavior, thus providing real time
information of the structures integrity rather than periodic structural integitiyned from scheduled
inspection (Doebling etl. 1996). Previous works on SHM for offshore stmwes have focused on
improving the damage detection, localization and assessment; howeventtiteuion of SHM to offshore
structural reliability has not been addressed. In this work, we assessithbutmn of SHM to the fatigue
reliability of an offshore fixed jacket platform structure membeingian updated fatigue reliability index
generated from the outcome of SHM. The initial fatigue rdiigbindex was calculated using Advanced

First Orde Second Moment method (AFOSM), where FLS was defined using fracture mechanics. Updated
reliability index is calculated using a conditional pabitity of failure based on FLS and SHM event
detection. SHM damage detection and localization was conductegl msidal frequencies generated from

17
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a 3D fixed jacket platform model, witharying levels of damage. This current work is limited to theoretical
and numerical analysis, applications to expental and real world offshore jacket platforms represents the
future direction of this work

2. FATIGUE LIMIT STATE FUNCTION

Fatigue limit state function was described based on fracture mechanics wherEr§aden equation
relates the rate of crack growth per load cycle and range of stresétinfensf act or @K as

da .
oy = CIAKI™,  AK >0 (1)
where parameter€ and m are material properties. The range of stress intensity factor is generally

expressed as a function of crack sig@ange of stresgp Sand structural @metric functionY using
AK = YAo/ma (2)

A combination of equation 1 and 2, ariseshie change of crack size over a structures service life for a total
number of stress cycldd as expressed in equation 3, whagds the initial crack deptha, is the crack
depth after N stress cycles, dad &) $ the stress rangedthibution.

apr d
| vtmajosm € N AT o

To describe the vast number of long term distribution of the range of stress on an offshore structure at
varying sea states, Weibull distribution fitted to multiple short term stress ranges which resul@ionequ

4 (Pillai & Prasad 2000, Karader2001, Shabakhty 2004). Parameter A represents scale functions of the

Wei bul | di stribution, is O is a gammatioh.uncti on, ar

E[AS™] = Am-l“[lJr%] (4)

In order to represent the change of crack size over a structures servichlifang, the total number of
stress cycles over a structures service life can be expressed as a function of the time history of stress T, and
theaveage frequency for | ong term stress range of al |

N=w-T (5)

Substituton of equation 4 and 5 into 3, results in a transient relationship for the change in crack depth as
given by equation 6.

ot

da m m
IW:TO)A F[1+§] (6)

ag

The fatigue limit state function is defined in equation 7, where equation 6 is used to repres=nttece
to fatigue andoad applied. Uncertainties due to stress concentration f&8€6r numerical calculation of
stressS, geometric factor, and loading conditidhsvere also added to the fatigue limit state function.

ag

9(X) = f

ap

da
C- y- Ym[n' a]0.5~m

— . LA™ T m ., pm, cm
T w-A r[1+B] SCF™-F™.§ @
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2.1. Fatigue reliability index

Reliability index was alculated via AFOSM to determine the shortest distance between the origin and the
failure surface of limit state function using Matlab. Random variables in the limit state function with non
Normal distribution were transformed to standard normal variables.

2.2. Update fatigue reliability index

The output from a SHM system mounted to an offshore fixed jacket infers the detectiondatection of
cracks in structure member(s). The detection or-aetection of crack was implemented to calculate an
updated proMaility of failure P fusing a conditional probability between the FLS antt@me from the
SHM systenO; (Madsen et al. 1987, Moan & Song 2000, Shabakhty 2004)

P} = Plg(x) = 0|0;] (8)

An outcome of crackletection by the SHM system is represented in the conditional probability based on
time of occurrencé, and crack size detectedas
aq d
a m m m m m
Ousin = | yeytmagres - T A r[14 5] som pese 0 9

ap

For nondetection of crack, the SHM system detectable crackesigeand timeof occurrence are used to
assess the SHM systemtoome with

QAshm

da
Onon—detection = C- y- ym [TE . a]O.S-m
agp

—Tg-w-Am-l"[l+%]'SCFm-Fm-Sm>O (10

Uncertainty inasnmWas characterized by its distribution function attained using model assisteiptpb
of detection (MAPOD).

2.3. SHM damage detection and localization

Damage detection and localization was performed by analyzing modal frequencies generated from a fixed
offshore platform using coordinate modal assurance criterion COMAC. COMAC was impdeinen

detect the variation in the mode shape for each componerg strilicture at multiple modes via atjon

11.

[ 145, 021)" (12)

COMAC; = - .
E?":l (pj'r Z'r:l ‘pj-,-

Subscriptr represents the number correlated modes attained from modal assurance criteri@sentepr
the mode shape location in the structure, while superscript d irglicatde shapes not attained from the
structures reference state (Lieven &Ewins 1988).

COMAC values were normalizea tattain a more sensitive damage index represented by equation 12,
wh e rCOMASG a n dCONMAG are the mean and standard deviationC&MAG. The damage index
signals the occurrence of damage by displaying a positive value that is relatively large, fudteralme

of damage index more than 2 indicates a potential locationnadgia (Cornwell et al. 1999).

HCOMAC; — COMAC; (12
ocCOMAC;

Damage Index; =
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In order to simulate crack size as damage, an equivalent stihafsa structure member with crack length
a was modeleds

_ E-T-1 (13

~ 0125-m-t-D3

ke

inwhichEr epr esent s Y Disthg dveragendiachetdr besvebr pipe outside diameter, and
inside diametert symbolizes the pipe wall thicknesd, and I are the area moment of inertia of the
undamaged and cracked structure member respectively (Lee et al. 2003). Crack depth was sittgined u
crack aspect ratio d@f.2

3. CONTRIBUTIONS OF SHM TO FATIGUE RELIABIL ITY INDEX

Numerical analysis was conducted via finite element model in SAPOS, to assess an exampa@b of

jack platform from a previous work by Karadeniz, using the same geometry, loading conditions, and
material properties. The initial fatigue reliability was calculated using the random variables listed in table 1.
The effect of SHM system on fatigue reliability was assessed by comparing the uptigted reliability

index attained from two SHM systemsth varying sensor density used to assess the integrity of the fixed
offshore platform. Sensor densities for the two SHM systems are represehted2t where the
corresponding node locations on the structure are represented in figure 1. Three stlgeagef were
simulaed in structure member 105 using three different crack lengths, where damage with a crack length of
2.5 mm occurred at year 5. The crack is then set to a length of 5 mm at year 8, and 10 mm at year 15. The
stiffness of structural memb@&05 was reduced to an equivalent stiffness corresponding to the given crack
length for each damage scenario.

Table T SHM system information

SHM systems # of sensor SensolLocation Element 105 crackength (mm)
SHM 1 8 24, 25, 26, 28, 34, 35, 37, 38 2.5,5,10
SHM 2 8 6,8,9, 1130, 31, 32, 33 2.5,5,10
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Table 2 Distribution of random variables

Variable Distribution Mean Coefficient of Varétion
a Normal 8.0 0.04
ao Exponantial 0.112
y Normal 1 0.12

InC Normal -29.84 0.55*2
Y Fixed 1.0
m Fixed 3.18
F Lognormal 1.0 0.12
S Lognormal 1.0 0.12
SCF Lognormal 2.50 0.152
¥ Fixed 6.27e6
A Fixed 10.9
B Fixed 1.222

* This value is a standard deviation. Supersériptiicates réerence from Shabakhty 2004. Units are in N, and mm.

Element 105

Figure 1. Nodal coordinates of the fixed offshorefplan.

4. RESULTS AND DISCUSSIONS

The initial reliability of el ement 105 i screasesspl a
with increasing service life. At a crack length of 2.5 mm, the structure modal frequencies were observed to
display a faint reduction, anthode shapes from the first three modal frequencies vmgpkemented to
calculate COMAC, after which damage index was attained. Output for damage detection for SHM systems
1 indicates the detection of damage at node 38, where a relatively large positesesyaticated as seen in

figure 3. For SHM system 2, there was no detection of damage as the positive values of damage index were
below 2.
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When a crack length of 5.0 mm was assessed, the maximum positive values for damageliedsed in
comparisorto values attained from a 2.5 mm crack length, however a similar evemvatiise was made

by the SHM systems where SHM systems 1 and 2 indicated, damage and no damage respectively (See
figure 3). A 10.0 mm crack length generated the detection of damaigeSHM systems 1 and 2 where

node 32 and 38 displays a value of damage index greater than 2 (See figure 4).

4 r
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Figure 2. Damage index for the occurrence of a 2.5 mm crack length from (Top) SHM system 1 and (Bottom) SHM system 2.
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Figure 3. Damage indewif the occurrence of a 5 mm crack length from (Top) SHM system 1 and (Bottom) SHM system 2.

The updated reliability index for structure member 105 using SHM system 2 in the presence of a 2.5mm
long crack that occurred in year 5, and a 5 mm crack lengthottcurred in year 8 displays a similar
reliability index pattern, where the updated reliability index is greater than the initial reliability index at all
times through its operational life of 25 years. At year 15 where a 10 mm crack occurs, the updated
reliability index displays values larger than the initial calculated reliability index for service time close to
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the detection time. This trend was observed to change as the service time increased, where the update
reliability index dropped below the i reliability index calculated.
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Figure 4. Damage index for the occurrence of a 10 mm crack length from (Top) SHM system 1 and (Bottom) SHM system 2.

Reliability index attained from SHM system 1 over the operational life structure member 105, in the
presence of a 2.5 mm, 5mm, and 10mm crack length occurring at year 5, 8, and 15 respestisghddi
similar trends. This trend was also identical to the reliability index attained from SHM system 2 in the
presence of a 10 mm crack length.

The false neative outcomes from SHM system 2 for crack lengths of 2% mm, generates an
overetimation of reliability index for member 105, when compared to SHM system 1. However at a crack
length of 10 mm both SHM systems display similar reliability index.

5. CONCLUSION

In this study, the impact of SHM systems on the calculated reliability for an offshore platfooturstru
member was assessed using fracture mechanics to model a fatigue limit state function. The ictifial stru
member reliability index was calcué via first order reliability method, where uncentas from initial

crack length, final crack length, detectable crack length, geometric factor, fatigue matgueatigsoforce
calculations, stress calculations, and stress concentration fact@kaacterized using their respective
distributions. Two SHM systems with varying spatial locations were used to assess an example offshore
platform system modeled using finite element analysis. Damage detection mehgted by means of
coordinate modakssurance criterion, using 8 nodes to attain spatially incomplete modal data. Damage was
simulated in the structure member using a partially connected beam with a spring, where the spring stiffness
was modified to correlate with a given crack length. Atcome from the each SHM system was used to
update the reliability index of the stture member for a given type of damage.

The results for updated fatigue reliability index showed that false negative outcomes from the SHM system
generated updated reli¢ibi index that were above the initial reliability index as seen when SHM system 2
assessed the damaged member with crack length of 2.5 mm and 10 mm. Results from SHM system 1,
indicated an accurate detection of 2.5mm and 10 mm crack length, the obsdiatstity index was
observed to decline beneath the initial reliability index as the time in seppoeaghed the service life.
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The contributions of SHM system to monitored structures reliability, in this work was based on the
numerical detection of tigue damage, however the additional forms of damage can be assessed by
changing the limit state function. Furthermore, the damage detection technique used in this study does not
specify the member where damage occurs, its only species the positionsphatlaly incomplete mode

shape suspected of damage. Future work will assess the contribution of SHM systemeg® diztection

and localization in offshore platformsing numerical and experimental analysis.
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ABSTRACT

The finite element analysis and experimental measurement are used to study the vibration characteristics of
gearbox impact faultsParametric modelsof gearbox gear trairare built throug threedimensional
modeling softwargand the finite element software transient dynamics module is used to analyze the
vibration acceleratiomesponse of the gearbox under different conditions of impact [Badchpare the
actualacceleratiorresponse whiclhis collected fromfault simulation experimenwith the finite element
simulation result$o verify the accuracy of the parametnwmdels.Meantime, the vibration response of the

gear box impact failure is analyzed, and the sensor layout optimizationesch@noposed, which reduces

the blindness of vibration measuring point arrangement and reduces the necessary channels for the
monitoring and diagnosiés a result, the cost of monitoring could be reduced.

Keywords: Gearbox, Modelling analysis and optitisn, Transient dynamics analysidpnitoring and diagnos
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1. INTRODUCTION

Gearbox is an indispensable power transmission compéoremiechanical equipment. It is mainly used to
change the peed and transmipower. It is widely used in wind power generation, aviation, ship,
Metallurgical, petrochemical, mining, lifting and transportation industries such as mechanical transmission
system,for it has the advantages of large transmission torhig transmission precision and compact
structure [1]. However, due to the gear box parts such as bearings, gears and shaft processing technology i
more complex, high precision assembly, and often run at high spe¢iduouslyin harsh environment,

part failures appear as a result ofvear failure representingmpact failure,in this condition machinery

and equipmentcar® operae properly, may cause production disruption economic lossesven
casualties[2].

In order to detect the failure of the gdaox and reduce the occurrence of the accident, it is necessary to
study the vibration characteristics of the gear box impact fault, analyze the vibration response [3], propose
the sensor layout optimization scheme, reduce the blindness of the vibratisaring point arrangement,
improve the accuracy of vibration detection, while reducing the monitoring and diagnosis of resource
inputs.

Therefore, this paper adopts the method of finite element analysis and experimental measurement to study
the vibrationcharacteristics of gear box impact failure. The parametric model of wind turbine gearbox train

is established by using 3D modeling software. The finite element software transient dynamics module is
used to analyze the response of vibration compensatiar difterent load conditions. The analysis theory

uses the impact between the meshing surfaces as the basis for interpreting the dynamic excitation and
response of the gear. The gear system is simplified to a simple single degree of freedom system and the
impact load is applied. The dynamic response of the gear system is expressed by the dynamic response o
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the gear system characteristic. Through the fault simulation experiment of the gear box, the actual
acceleration response is measured and comparedthvtfinite element simulation results to verify the
accuracy of the parametric model. At the same time, the vibration response of gearbox impact failure is
analyzed, and the optimization scheme of sensor layout is put forward, which provides a referdree fo
diagnosis of gear box impact fault.

2. PARAMETRIC MODELING OF GEARBOX

The structural parameters of the gearbox train system directly determine the transmission characteristics of
the gearbox, so the accuracy of the established wheel train modeldmatam influence on the later finite
element simulation analysis. According to the structure of the wind turbine gearbox shown in Fig. 4.1, the
parametric modeling of the gearbiexroughly as shown ifigure 1

Derive the invol ute equation to determine the basic gear parameters

v

Using PRO / E to Establish a Single Gear Parametric Model

v

Using UG to assembl e single gear model

Adjust the position or angle of each assembly to ensure proper
assembly without interference

Figure 1 The main flow charbf modeling

In the assembly process, the most important thing is how to plan the wheel train, fixed shaft train to achieve
the correct assembly, to avoid interferertbe, planetary gear assembly meets the corresponding assembly
condiions. Finally, through the abowvaeentioned parametric modeling procesgéd the model shown in

figure 2.

Figure 2 Gearbox train model

3. TRANSIENT DYNAMICS A NALYSIS OF GEAR BOX BASED ON ANSYS
WORKBENCH

3.1. Transient Dynamics Theory
Transient dynamics analgds a method used to determine the structural dynamic response of any load with

time. The transient dynamical analysis gives the response of the structure to the time load. It is different
from the rigid body dynamics analysis. The model of transieramjes in ANSYS workbench can be rigid
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body. It can be flexible body and can be contact, friction, collision and other dynamic analysis. Using the
transient dynamics analysis can determine the displacement, stress, strain, velocity and acceleration of the
structure with time under the static combination of static load, transient load and harmonic load

3.2. Transient Dynamics Analysis of Gear Box

3.2.1. Gearbox model contact pair and motion pair setting

In the ANSYS workbench softwarthe relationship between the twaorfaces must be established to
prevent the mutual penetration in the analysis, called the mandatory contact coordination. There are five
different contact types, Bonded, No Separation, Frictionless, Rough, and Frictional. The contact involved in
the studyis a frictional contact and in view of the fact that the impact load may cause relatively large
deformation of the contact unit. Thus, Enhanced Augmented Lagrange are used here, which adds additional
control, can automatically reduce penetration.

The gearbx train model needs to define the contact pairs between the three planetary wheels and the

meshing ring and the sun gear as well as the contact between the input shaft and the output shaft and th
countershft gear, as shown figure 3 on the left.

100.00 (mm)
—

|\ Geometry,(Frnt Fraview ) Repot Pravew, | N Geometry {Frint Fraviewh Report Freview

Figure 3 gearbox train contact and movement pair

Define the respective rotation pairs of each gear, including the rotation of the three planetary wheels and the
pinion shaft on the planet carrier, the rotation between the sun wheel and the earth, thairfisetiveen

the ring gear and the earth, and the rotation between the three axes and the two supports fixed wheel train i
shown infigure 3on the right.

3.2.2. Gearbox model meshing

In the Method option, select the hexahedral dominant meshing method. Thisndiwethod first generates

a quadrilateral dominant surface mesh, and then obtains the hexahedron, and finally fills the pyramid and
tetrahedral elements as needed. The hexahedral mesh can generate fewer elements than the tetrahedr
lattice, accelerate éhconvergence of the solution, improve the accuracy of the analysis, and reduce the
numerical error. Therefore, the hexahedral element is used as the dominant method.

Divide the grid as shown indure 4
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D\ Geometry {Frint Previewh Racort Prevew/. |

Figure 4 Gear mesh mode

3.2.3. Constraints and the alpgation of loads

According to the most likely occurrence of the impact of the fault location, that is, the planetary wheel in
the sun wheel and the planetary wheel meshing, the meshing between the large gear on the countershaft and
the output shaft. Thetihe impact load is applied at these positions, and the outer surfaces of the outer teeth

of the outer ring and the outer surfaces of the two outer surfaces of the fixed shaft train and the fixed
constraints between the earth, to simulate the fault conditi®he vibration acceleration response is
extracted from the calculated results and the position of the vibration acceleration response is determined.
The acceleration sensor is arranged to optimize the sensor layout.

Therefore, the application of the ffi@ element model load of the gearbox train is divided into the following
two groups to simulate the impact vibration fault at the meshing tooth surface.

(1) Apply a pair of interaction forces at the meshing tooth surface of the sun gear witartbevgieel as

shown infigure 5 on the left. An angular velocity load is applied to the center of the sun gear and
counterclockwise, with a size of 3.0 rad / s; a pair of intersecting forces perpendicular to the meshing
surface are applied at one of the meshiggtht of the planetary gear and the ring gear in the opposite
direction. The time of transient simulation is very short, about 0.01s, which are used to match the impact
between the teeth of the tooth surface load.

Geametry (P Frevan ) Rager Prevee] ] h\Geometry (Frint Prevewh Reson reven].

Figure 5 Loads are applied at the meghisurface

(2) Apply a pair of interaction forces at the meshing tooth surface of the helical gear of the fixed shaft
output shaft helical gear and the intermediate shaft engaged therewsitloyasinfigure 5on the right.

The apply of the load is thersa as in (1)
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3.2.4. The results of transient dynamics analysis

Transient dynamics analysis requires the analysis and calculation of the finite element model of the gearbox
train in the case of two differertdds. The results are shown iigure5

The instantaneus acceleration response of the sun wheel and the planetary wheel in the planetary gear train
is as follows, and as shown iigdire5 on the left.

In the moment when the impact occurs, the vibration acceleration response of the area is mainly strong, and
the vibration acceleration response is far from the central area, and the vibration acceleration response of
the inner ring is more intense than that of the other region.

There is also a strong vibration acceleration response between the planetary gearianer ring gear.
The more valuable result is that the acceleration axis of the output shaft of the fixed shaft train also has a
vibration acceleration response, and the response to vibration acceleration is strong.

The acceleration response of the inggment of the meshing of the fixed shaft gear and the output shaft
gear is as fabws, and as shown figure 6on the right.

In the moment when the impact occurs, the two brackets of the fixed wheel train have vibration acceleration
response.

In the sare case, the vibration acceleration response is more obvious is the output shaft end position, which
is consistent with the result of the analysis of the group (1), indicating that there is a certain regularity.

2013512 843

61538 Max
54700
47883
41025
M138
21350
20513
13675
68375
1.8077e-14 Min

\ Geometry {Print Pravian ) Repart Pravien/. 1 \Geometry {Frict Frovew ) Rapert Froveen]

Figure 6 The results of transient dynarsianalysis

In summary, the gearbox wheel train in the transmission process, when the impact of the planetary gear
train vibration occurs, the outside of the ring gear observed in the more obvious vibration acceleration
response; when the impact of the fixgear train vibration occurs, a more obvious vibration acceleration
response can be observed at the output shaft end of the fixed shaft train.

The more important conclusion is that the vibration acceleration response can be transmitted from the
inside ofthe planetary gear train to the outside of the planetary gear train when the impact vibration occurs
inside the planetary gear train, even the axis of the output shaft of the fixed shaft train, and the degree of
vibration acceleration response can meettteeleration range of the acceleration sensor.
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4. EXPERIMENTAL MEASURE MENT OF VIBRATION AC CELERATION RESPONSE
OF GEARBOX

4.1. Gearbox structure and basic parameters

The gearbox used in the experiment consisted of planetary gear train and fixed shaft tr&éneetith The
planetary gear train consists of three planetary wheels, the sun wheel and the fixed wheel train connected to
the output of the sun wheel as a fixed wheel train input. The number of gears for each gear train is the same
as that of the gearbaxain model used in the analysis of the transient dynamics in Chapter 3, and the
arrangement is exactthie same, as shown iigdire 7.

Gearbox  Planetary gears High speed bearings  Hiah speed bearinas
= — T —
T y| T m N7l 1®
Impeller lock plate B3l _ B8 - — =
@) = — ﬁE)a.a BTM 12 generator
B6 ~ == >
2 'ZQUIsT =® AR
- 1 Rolor wa Z2 e \—4‘ ) S -
=\ i (inside and outsidé)
M )

Motor base 19
(inside and outside)

d\/@j Bl I @Fy
—= 13
Spindle housing ll

Gear box support (inside and outside 1112  Intermediate bearing
Gearbox base (inside and outside) 13—14

Sensor position

Figure 7 Gearbox structure and sensor position

Gearbox of the planetary gear trai,=23 z,=34 z,=80, when the motor input speed 22 r/min, the
gearbox axis frequency and the gear diclv the meshing frequency seble 1.

Table T The frequency of each axis and the meshing frequency ok#rs gn it

Frequency HZzZ” Number of Engagement frequendy Hz
teeth ~
Planetary frame 0.36 o} o}
Planetary wheel 2.36 23 54.28
Sun axle 1.65 34 80 54.71 128.80
Intermediate 6.25 2T 81 129.25 506.25
level
High speed 25.22 20 504.40

4.2. Gear fault presetting and sensor arrangement

The impact failure of the sun gear (the input shaft of the fixed wheel train) and the intermediate stage gear
is simulated by machining the defect on the intermediate gear. The fault is shiogumes.
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The acceleration sensorrangement is shown irigure 7. It is verified by the results of the transient
dynamics analysis, taking into account the rationality of the sensor mounting position in the gearbox.
Therefore, the fault simulation experiment, in the gearbox output shafharizontal and vertical direction

of the layout of the acceleration sensor to measure the different parts of the gear box within the impact of
vibration at the output shaft axis of the acceleration response to verify the transient dynamics Analyze the
results.

Figure 8 Gear fault preset

5. DATA ANALYSIS AND RE SULTS

Measure the vibration acceleration signal, use the online monitoring system software acquisition and
analysis, the time domain processing to obtain vibration acceleration waveform, Foansform
acceleration mplitude spectrum, as shown igudre9.

Figure9. Vibration acceleration waveforandSpectrum

Waveforms are more obvious modulation phenomenon, the spectrum dfdtglbncy dominant,
vibration. The spectrum is refined, as shawfigure 1Q

In the refinement spectrum, the 129Hz frequency and its frequency doubling frequency 260Hz is dominated
by the frequency component, and has a sideband, which is consistent wjrathengagement frequency
(see tabld).

When the meshing i@t enters the defect of the gear, the gear will produce an impulse pulse, and the pulse
signal can be decomposed into many sine quantities, so a series of side frequencies centered on the meshir
frequency are formed on the spectrum, and the number s, ther amplitude is lower, the distribution is

more uniform flat, forming the sideband [4]. And the width of the sideband directly reflects the frequency
of the axis of the other gear engaged with the gear determined at the engagement frequency yirtlleis wa
impact of the failure of the gear pair can be accurately positioned [5].
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Figure10. Refinement spectrum

From the experimental results, it is possible to effectively measure the vibration acceleration response by
arranging the acceleration s@n on the output shaft end. This is consistent with the results of the transient
dynamical analysis of ANSYS workbench in Chapter 3, and by analyzing the vibration acceleration signal,
Accurate positioning of the location and type of shock vibration eeduindicating that the establishment

of gear box finite element model to analyze the impact of vibration response characteristics of the method is
feasible, can follow the gear box measuring point layout optimization to provide guidance.

6. CONCLUSION

Thetransient dynamic analysis of the model was carried out by ANSYS workbench software and the
vibration characteristics of the impact fault were studied.r€bponse ofibrationacceleration for ifite
elementmodelunder fault condition were obtained.

From the results of multiple sets of analysis and calculat®ican seéading impact atlifferent position,
the output end of the fixed shaft trdiad obvious vibration acceleration respongeés. Bhowedhe

vibration acceleration response can be tratied from the inside of the gearbox train to the outside of the
fixed wheel train until it reaches the output shaft of the fixed wheel train Shaft end.

Thevibration response experiment of gearbox tested the tramisieamic response analysimde by

ANSYS workbench software. The results show that the simulation results are in accordance with the
experimental results, indicating the acceleration sensor can be arranged at the shaft end of the output shaft
of the gearbox to collect the vibration accelenatsignal.

The acceleration signal fartheranalyzedaccording tothe geometric parameters of the gearbox, the
frequency of each axis and the frequency of the actual fault signal, combined with the corresponding fault
diagnosis mechanisry find out he exact location dhe failure gears which cause the impact vibration,

in this wayan effective fault monitorings completed

7. CONCLUDING REMARKS

Finite element analysis, experimental measurement and the vibration characteristics of gearbox impact
failure are studied. The results of transient dynamic analysis and experimental measurement are compared.
Based on the vibration measurement of gear box impact fault, the sensor layout optimization scheme is
proposedavoidingthe blindness of the traditionabration measuring point layout, reducing st of

monitoring and diagnosis, and improving the accuracy of monitoring and diagnosis.
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ABSTRACT

The multiwavelet kding window technique could overcome the overkill of universal thresholding and
detect the weak symptoms. However, the traditional denoising method using a rotating speed is favorable to
retain the dominating features in a revolution cycle and apprepigatsingle fault detection. Thus, the
improved multiwavelet denoising using local sliding window is proposed for Hfawili detection in the

paper. The local sliding window technique utilizes a fractional rotating speed to segment the multiwavelet
deconposition signals and then the local vector thresholding is performed in each local sliding window so
as to extract and identify the multiple fault features. The proposed method is applied to gearbfaulnulti
detection of hot strip finishing mill to vdyiits effectiveness.

Keywords:Multiwavelet denoising, sliding window, mtfiéiult detection
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1. INTRODUCTION

The multifaults of rotating machinery usually characterize as the superimposed or dez$so€ffault
features. Due to their complexity, it is significant and challenging to beforehand detect thtaunftslitior
operating security assurance. The traditional fault detection methods such as empirical mode decomposition
and cyclostationary [lare always sensitivand applicable for single faultvhich may not extract the
various and compound fault features at the same time resulting in the failure efaltltietection.

By inner product transform [2], multiwavelets which possess multiplengcand wavelet functions could
match and extract the various fault features. Meanwhile, they have the important signal processing
properties which the scalar wavelets fail to [3]. Thus, multiwavelet methods are potentially suitable for
multi-fault extrat¢ion and detection, in particular the multiwavelet denoising techniques by eliminating the
noises and enhancing the symptoms. Vector thresholding, multiwavelet neighboring, sliding window
denoising and so on have continued to be investigated and impdjvéti¢reinto, the multiwavelet sliding
window could overcome the overkill of universal thresholding and have shown the outstanding performance
in fault detection [5]. However, the traditional sliding window denoising using a rotating speed is favorable
to retain the dominating features in a revolution cycle and appropriate for single fault detection. To
overcome the drawback, the improved multiwavelet denoising using local sliding window is proposed for
multi-fault detection. The local sliding window ugfis a fractional rotating speed to segment the
multiwavelet decomposition signals and the local vector thresholding is performed in each local sliding
window so as to extract and identify the multiple fault features. The proposed method is appliedaw gearb
multi-fault detection of hot strip finishing mill to verify its effectiveness.

2. IMPROVED MULTIWAVELE T DENOISING USING LO CAL SLIDING WINDOW

2.1. Summary of Multiwavelets

Starting from a signal , a vectorvalued inpu{ s} can beachieved by oversampling representafiéjnand
then thedecompositiorand composition of multiwavelet transforms are
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Sj-l,n = .ak.. Hk-ZnSj,k 1 dj-l,n = % Gk-ZnSj,k (1)
S]‘k = é H *k—ZnSJ_Ln + é Gl:—zndj-l,n (2)

where{s} and{d } are the approximationand detail coefficients at th& scale{H,} and{G,} are the

lowpass and highpass filters, and the symbol * is the conjugate transpose.

2.2. Local Sliding Window

Due tothe periodic operations, the faults abtating machinerysuch as gearboxes are involved by the
rotating speedEspecially the multi-faults often regularly generate tlerrespondingnultiple features in
each revolution cycle. Theynamicinformation in everyfractional rotating speeis$ potential toperfectly
describe the operating status and focus omebgectivdault featue. Thus, lhe local sliding windowby the
fractional rotating speets proposed for mulfault detection. Let be the rotating speed arighe the

samplingfrequency the local sliding window at th& scale br{dj,k k=1, n} is defined by

J,m

W, ={d, k4 mwe (m Dy, m 0= ow (3)

wherew=r, 3% is the width of the local sliding windowvthe point ofvis integerfor computing andr. :_L
i

is thefractional rotating speechosen according to thenscendentalnalysis and faulirejudgment

2.3. Local Vector Thresholding

Vector tiresholdingdenoising extended from scalar wavelets mainly contains haegholdingand soft
thresholdig. Due to theshrinkagen the soft hresholdingeducing to smooth the fault features, vector hard
thresholding7] is performed in the local sliding windows to improve the sigoaloise ratio and enhance

the multifault features. Fc{rdjvk} fromw. ., the new standard term is defined

J,m?

Xim (K)=d],Vimd; (4)

whereV, . is the covariance matrix @f ., obtained by a robust covariance estimation. Then the local

jum s
vector hardhresholdings designed by

g _éd;, if Xj,m(k) 2/
T : 0 otherwise

©)

where/ =2log vis the threshold ofv, .. It should be pointed out that althoughis equalfor the local
sliding windows at the same scale (that is the same thresho|d different for eackv, .. Thus, the local
thresholdings actuallyacted inx, ., rather thar . To sum upthe improved multiwavelet denoising using

J,m?

local sliding window for multifault detection is performed as follows.

(1) Starting fromf , {5} is achieved by oversampling representation;

(2) Perform multiwavelet decompdisins by Eq(1) with thej™" scale;
(3) Determing; according to théranscendentalnalysis and faulprejudgment

(4) Segmem{djyk} using w, ,, by Eq(3);
(5) Calculatex; by Eq(4) and thresholdby Eq(5) inw, ,;
(6) Regrou;{dj’k} by the inverse of E();

(7) Perform multiwavelet reconstructions by a).using{sjvk} and{dj,k} ;
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(8) Output the denoisefl by thepostpocessing If f is notideal returnto step 3 and change

(9) Identify the multifault features fronf according to mechanical fault mechanism.
3. EXPERIMENTAL VALIDAT ION

We apply the proposed method to gearbox nalilt detection of hot strip finishing mill to verify its
effectiveness. The gearbox of the tested hot strip finishing mill has a single stage with Z22/Z65. Velocity
sensors were amounted on the outer caseeofi¢larboxand closed to the input shaft. One vibration signal
measured at a sampling frequency 2560 Hz is shovigure 1(a) It can be seen that tiperiodic impulses
denoted as the redangles occur in the original signal. Moreoversariesof faintimpulses denoted as the
green triangles alsoould be found from the data, howewdisturbedby the heavy noise. The rotating
frequencies of the pinion and large gear were calculated te-$&727Hz andf,=1.5477Hz according to

the meshing frequency).6 Hz obtain by thepectrunof figure 1(b)

@) I

?0.6

[T TP . . .
0 200 400 600 800 1000 1200
Frequency (Hz)

&

Amplitude (mnvs)
o

Ties) © b

(b)

Amplitude (mmvs)

Figurel. (a) Vibration signal; (b) Fourier spectrum.

The proposed method iistroducedto analysis theneasuredignal.Accordingto the interval time between
the impulses denoted as the red gneentriangles onethird of therotating speeaf the pinion is selected
as the local sliding window, that ig =1/3f, . Six-level multiwavelet decompositions using SA4

multiwvaveletg8] are performed andethoised following th@roceduren section 2.3. The analysis result by
the proposed method is shownfigure 2 Biperiodic impulses ofiland b are clearly seen from the result.
The average period of Bnd b is both approximately0.218 s, that is4.5872 Hz corresponding to the
rotating frequency of the pinion. Furthermore, the interval betweand bis approximately0.085 s, close

to 0.4timesof therotating speeaf the pinion. It could be indicted that two local faults appeared on the
pinion, which had a distance close to 0.4 times of the circle. The contrastuitsby the traditional
multiwaveletsliding window denoisingalculated byonerotating speedmultiwaveletvectorthresholding
andscalar wavele(Db6) denoising using local slidingindow depended on orthird of therotating speed

are plotted fromfigures 3 to 5 Unfortunately none of the contrastive methods could extractinlact
impulses.

After the hot strip finishing mill was shut down anderhauéd, twosite scuffing and war faults were
found on the pinion and théistancebetween them were 8 teeth, which were quite consistent with the
conclusions.

"
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Figurel. The analysis result by the proposed Figure 3. The analysis result by traditional multiwavele
method. 36 sliding window denoising.
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Figure 4. The analysis result by multiwavelet Figure 5. The analysis result by scalar wavelet denoisit
vector thresholding. using local sliding window.

4. CONCLUSIONS

Due to the excellent properties of multiple basis functions, multiwavelet denoisingdsetle potential

for multi-fault feature extraction. Especially, the multiwavelet sliding window technique could overcome
the overkill of universal thresholding and detect the weak fault symptoms. However, the traditional sliding
window denoising using eotating speed iguite appropriate for single fault detectiofhus, the improved
multiwavelet denoising using local sliding window is proposed for rfailtit detection The local sliding
window determinecdby thefractional rotating speeid proposed andector hard liresholdings performed

to extract the multfault featuresThe proposed method is applied to gearbox rfialiit detection of hot

strip finishing mills, in comparison with the traditional multiwavelet and scalar wavelet denoising methods
to verify its effectiveness. The results show that the method could provide a promising approach-for multi
fault detection of rotating machinery.
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ABSTRACT

To develop online condition monitoring of lubrication characteristics, this research will investigate the
effect of lubricant water contamination on the gearbox vibration signatures. A theoretical analysis is
conducted to understarige changes of lubricant properties caused by added water content. Then it predicts
how the change can alter the tribological behaviour of gear mesh process that can critically lead to changes
in vibrations of gears. Moreover, experimental studies hatairma consistent results which allows for an
indication of the lubrication performance, showing different degrees of water contamination. Gearbox
vibration signal was analysed using modulation signal bispectrum (MSB) analysis, which has high
performancen selecting modulation components and suppressing random noise. More accurate and reliable
results were produced using this method for assisting and diagnosing lubricant condition.

Keywords:gearbox Ubrication; conditionmonitoring; water contaminationyiscosity;vibration signal.

Corresponding author: Khaldoon Bretheg(Khaldoon.Brethee@hud.acukhaldon77m@hotmail.com )

1. INTRODUCTION

The reliability, life time and availability of the most rotating times such as gearbox depend largely on
the lubrication condition. In modern industries, lubrication oil plays a critical part in condition maintenance
of rotating machineries. Recently, health condition monitoring and prognostics of lubrication oil have
become a significant topic among academia and ind{t13]. The pupose of most research is to provide
early warning of machine failure and also extend the operating duration of lubrication oil.

Lubricant failure causes equipment failure and wieesa, hence in many cases, lubricant failure is due to

oil degradation byexternal contamination with water, dust particles, 8t. Water is one of the most
significant destructive contaminations to lubricants, which causes a degradatisncbaracteristics and
excessive water contaminant leads to insufficient lubrication and subsequently to abrasive wear and
corrosion as reported by Kuntner et[d].. Therefore, monitoring external contamination of lubrication is

an important issue in a proactive maintenance program.

Vibration analysis is @ effective technique that widely used for monitoring and diagnosis of various
industrial applications. Despite the fact that many problems are caused by lubrication failure, very few
works examine the possibility of employing vibration analysis for detgdtibrication statuefb-8]. It can

be effective for performing the instant diagnosis of water contamination so as to prevent further damages to
gearboxes running with water contents, as stated by Abusaad33t elowever, vibration signal needs an
effective signal processing method to extract transsgmals and suppress random noise. MSB was
developed based on the demodulation characteristics, which has the capability to suppress the noise
background and extract useful features from the mechanical vibration gighald ]

This study develop online condition monitoring of gearbox lubrication based on vibration signal analysis
using an effective denoising method, as an approach to define a relation between the vibration signature
and the lbrication condition. An experimental investigation was carried out using sequences of water
contents dropped to gearbox lubrication under different operating conditions. MSB was applied to the
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gearbox vibration signal as an approach in extracting effectizsgnostic information based on the
utilization of the modulation characteristics.

2. GEARBOX CONDITION MO NITORING PROCESS

The aim of Lubricant condition monitoring is to ensure that lubricant has retained its physical
characteristics, and it has not degihdhy external contaminants. Water is one of contaminant present in
lubricant that can cause corrosion and oxidation behaviour of lubricants and damage failure to the
operating surfaced 2]. Vibration analysis is one of the most effective techniques for monitoring the health
operation of machinery to avoid catastrophic failures of the syEt8mlt is relatively an easy task for
monitoring gearbox operating conditiofis]. The main steps of gearbox condition monitoring based on
vibration signature analysis are showrfigure 1.

Gearbox
Monitoring

Data | N Signal |\ Feature
acquisition[—¥| processing[—¥| Selection

4

Accelerometer

Fault detection

Figurel. Step configuration of gearbox oil level condition monitoring

3. EXPERIMENTAL SETUP AND TEST PROCEDURE

To study the effect of water contamination on gearbox vibration signature, an experimental work was
carried out by adding various amounts of water to the gearbox oil lube. The test rig comprised a back to
back twastage helical gebox 13.1 kW, driven by a thrgehase induction motor15kW, and connected to a

DC generator, in which different operating conditions can be applied to the system. An electromechanical
accelerometer mounted to the gearbox housing was used to measure tlox gdaetion signals, as
shownin figure 2.

15 KW Three Phase
Induction Motor

/ Encoder

DC Motor/Generator Two-Stages Test Gearbox with

helical Gearbox Different Water
Contaminations

Thermocouple
Sensor

Accelerometer

Figure2. Test rig construction

A schematic structure of the tested gearbox (two stage helical gear box manufactured by David Brown
Radicon Limited) is shown ifigure 3. The oil lubrcation of the gearbox is mineral oil of 320 EP with
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recommended volume capacity of 2.6 Litres. Different quantities of water contaminations were simulated
up t0120 kppm. The tested gearbox is a speed reducer with an overall reduction ratio of 3.6 ¢fa®me

are fully submerged in the oil and some of them are splashed. The rotational and meshing frequencies of
the gearbox components can be verified by:

W Z Z Z

frl :6_8’ fr2 :fr 12_11 fr 3 # 1?1?3 (l)
2 2 4

fml = frlzl’ fm2 :fr 223 (2)

where, ¥1 is the input shaft speed in (rpny;, refers to the gear teeth numbér,refers to the shaft
frequencies and thmesh frequency of the first and second stage of the gearbox are den&ieaniolyf.»,
respectively

Pinionl
Z,=58

Input Shaft

L

frz Pinion
23:13
_ 7,47 Y

Supporting bearing Gearbox Housing

Figure3. A schematic descripgih of twostage helical gearbox

4. EFFECT OF WATER CONT AMINATION

Water in oil mixture is the most destructive contaminant, which undermines the lubricant performance
from forming an effective lubrication film between the contact camapés. It causes significant chemical

and physical changes [2]. Hence, detection of water contamination has received significant attention to
avoid catastrophic failures and inase the life cycle of equipmef@]. The typical acceptable water
content for transmission oils are in the range of 1 to 2% (10 to 20 Kdsm)6] Therefore, the test was
simulated different values below and above this range, which allovagiety of different underlying
measurements to be examined in a wide range for defining their corresponding detection performances.

43



COMADEM 2017 University of Central Lancashire, UK.

Figure4. Gearbox oil samples with different water contaminations

As oil viscosity is the most important parameter ofricdition; a Kinexus pro+ rheometer was used to
measure the oil viscosity and taken as references to represent the deterioration progress due to water
contamination. Different MILLGEAR 320 ERB20 cSt at 40°Csamples were taken from gearbox housing

just when the test was stopped, as showfigare 4. It can be seen that the oil colour was changed due to
water content and there is free water in the sample content of 120 kppm. This confirms that the water
content was added effectively according to the tesigah.

(a) Viscosity of Oil Samples at 40°C (b) Viscosity at Different Temperatures
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Figure5.Viscosity of lube oil with different water contents at selected temperatures

Figure 5 (a) shows the representative viscosity values with different water contamination at the stable
operating temperature of the gearbox. It can be seenthbatiscosity is generally increased with the
interaction extend of the water droplets. Moreover, temperature has a significant influence on the viscosity,
i.e. the higher temperature corresponding to lower viscositfjgse 5 (b). The oil temperatuoé the test
scenario is shown ifigure 5 (c), whereas the oil temperatures with different water contents are in the same
range for all the repeated runs.
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5. FRICTIONAL EXCITATIO NS OF HELICAL GEARS

Friction force variation has large fluctuation along geashirgy line, which is the main cause of excitation

in gears. The effects of friction on meshing gears include nonlinear dependence of friction on the sliding
velocity, and energy dissipatiofi7, 18] In general, frictional effects can be derived from elasto
hydrodynamic lubrication (EHL) and tribology theory, which is considered the dominant mode of
lubrication accumulated with the gears meshing surfft@s For successful operation mechanism of
EHL, a numerical formula of friction was proposed by Xu et[20] to study the effect of system
parameters on friction coefficient:

=l R S P R ®
f(SR E,UO, sz n) + ul thFbg.O ([J) +5"%%El0910(%) _HJS (4)

whereSRis slideto-roll ratio, Py is the contact pressure, is the dynamic viscosity of lubricar is the

tooth surface roughnes¥; is the entdang gear velocityR is the combined radius of curvature dricare
constants explained in the same reference. Since, viscosity is an important parameter for oil quality. It can
generally increase due to lubricant oxidation and degradation or contamindgttiowater, dust etc. Figure

6 shows the effects of lubricant viscosity variations between meshing gears on the time varying of friction
coefficient with slideto-roll ratio (SR) based on the previous numerical formula. It can be seen that, the
time-varying friction coefficient is increased with increasing oil viscosity.

EHL Friction Variation

0.14

10=320 cPs
L | reeeeeeee s 10=360 cPs
- = = ,0=400 cPs
10=440 cPs

| | ====== 20=480 cPs

Friction Coefficient ( x )

. L L L L .
-1 -08 -06 -04 -02 0 0.2 0.4 0.6 0.8 1
Slide-to-Roll-Ratio ( SR )

Figure6. Time varying friction coefficient relationship with SR for EHL

6. RESULTS AND DISCUSSION

The main objective of this study is to investigate the effect of lubricant water coateons on the
vibration characteristics of the gearbox. The general behaviour of the gearbox vibration spectrum with
different water contents under various operating conditions are shown in figure 7. Gear mesh frequency
components (up to 3th harmonicsg also shown.
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(a) Vibration Spectrum at 30% Load and 1475rpm
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Figure7. Vibration spectrum of the tested gearbox

6.1. Modulation signal bispectrum calculation (MSB)

For a reliable operating condition of machinery, various methods for fault detection and diagnosis have
been developed. Vibration analysis aaskociated signal processing techniques are widely used as an
approach to support condition monitoring and diagnostic procedures. To extract diagnostic information
from modulation characteristics of fault frequency, MSB has the capability to decompdseearon
modulation components and suppress random noise by detecting phase coupling in the modulation signal.
TheMSB is described by the correlation between the components of gear mesh frdguemtgidebands

fm £ fr as[20]:

Bus (frns )= E( X(f,- 1) X( £+ £) X (£, )X () (5)
wheref; is modulated frequencys is the carrier fregency,fn + fr andfn 7 f, are modulation frequencies,

X' (f) is the complex conjugate of the Fourier transfoxif) of vibration signalx(t); andE[ ]is the
statistical expectation operator. The magnitude and phase of MSB can be expressed as:

Aus(fr £)= E( XCm D XCE+ D X 6 X (D) ©)

fus £)= Lf- £) +(F, #)  ED- ()

MSB take into account the lower sidebdnd- f. and the higher sidebarfidi f; simultaneously to measure

the nonlinear effects of modulation signals. In the meantime, other components imcardiom noise and
interfering components that are not meet the phase relationship will be suppressed significantly. In addition,
the coherence of MSB is used to estimate the influence of random componeia®asdres the quality of

MSB magnitude can beffective detector of modulatioithe coherence can be defined by:
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(8)

The MSB coherence has boundary [0 1], whereas 1 means MSB magnitude is from true modulation effects
and zero is mainly from random noise influences.

6.2. MSB characteristics at meshfrequency

Spectral amplitude variations are commonly used in the detection of abnormal change and diagnostic
gearbox conditions. The vibration signal of the test gearbox was processed by MSB to suppress noise and
irregular influencesAs gear mesh frequency is more associated with gear dyndigio® 8 shows the
averaged amplitudes at the components of the first mesh frequency for the five repeated runs under different
operating conditions. It can be seen that the vibration ampétat theén: harmonics ar@lmost the same

and there is not clear indication for the water contamination. This could be because this stage isatperated
high speed with low load, and the mesh region is not fully submerged in the oil lube.

In the same waythe vibration amplitudes up to third harmonicsfef which is fully submerged and
influenced by low speed stage with high load transmissiorstamern infigure 9. It can be seen that the
trends exhibit within more consistent behaviours for differeamtidoand speeds, in which the third harmonic
(3*fm2) is significantly increased by the change of water contents and can be a good indicator to lubricant
deterioration. However, there is a slight decrease in the amplitude of this harmonic under high dpeed an
full load, due to the fact that under this condition frictional forces and oil squeezing are acting on each other
depending on speed, load and temperature statuses.

(a) 1*fm1 under740rpm (b) 1*fm1 under1107rpm (c) 1*fm1 under1474rpm
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Figure8. Averageamplitudesof thefirst mesh frequencgomponents under different apéing conditions
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(a) 1*fm2 under740rpm (b) 1*fm2 under1107rpm (c) 1*fm2 under1474rpm
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Figure9. Average amplitudes of theecondmesh frequency components under different operating conditions

6.3. MSB characteristics at sideband components

As the third harmonic (3%, exhibits more beneficial behaviour than the other harasprsideband
frequencies around this component have been examined to extract the usefulness of these sidebands in
diagnosing. Based on the gearbox geometry, the mesh frequency harmonics can be modulated with the
components of shaft frequencyrdt, + nf;, wher e n Eidure 1@showsthe M&B result of these
sidebands modulated with thefg# belong with their coherence, in which tMSB magnitude can be
considered as an effective detector of modulation at these sidebands.
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Figure10.MSB resultsaround 3xm2 with sideband components at high speed

The average amplitudes for all the repeated runs at these sidebands are extracted from MSB results with
different water contentgigure 11presents the average amplitudes at the two components of theliagiu

(1xf1, 2xf1) under different operating conditions. It can be seen that the amplitudes are generally increased
with water content for the most working conditions.
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Figurell. Average amplitudes of thaput shafttomponents under different opénat conditions

The average amplitudes of MSB results at the components of the intermediate shaftxfL), which is

the highest transmission shaft speed, are shovigune 12. The amplitudes are also increased with water
content, however for the gt speed the trends are fluctuating. This may be because the effect of sliding
friction between the engaged gears is decreased with increasing the running speed.
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Figure12. Average amplitudes of treecondshaft components under different operating ctiois

Similarly, the average amplitudes of MSB results at the components of the third shaf2i:x), which is

the lowest transmission shaft speed, are showigime 13.It can be seen that the amplitudes behaviours

are very close to the 8%, which are generally increased with water content and high influence of
modulation at these components under different operating conditions. In which this feature can be also
considered as effective indictors to the lubrication oil degradation.
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Figure13. Average amplitudes of thhird shaft components under different operating conditions

7. CONCLUSION

Vibration signature of gearbox shows complicated modulation of mesh frequency with different shaft
frequencies, which cause inconsistent variation in speatnplitudes and result in excessive difficulties to

define a stable diagnostic feature. MSB analysis is an effective method to select effective modulation
components and suppress random noise. This study examines vibration signaturestaigéwbelical

geabox with different water contaminations under different operating conditions, in order to investigate
any measurable changes that can be correlated with the lubricant attenuation. The results show that the third
harmonics of mesh frequency and its sidelsaigan produce a useful information for assisting and
diagnosing lubricant condition, especially whéhe nonlinear modulation components decompose
effectively. However, under high load and high speed it is difficult to use this features for a stable
diagrostic.

ACKNOWLEDGMENT

The authors acknowledge the Higher Committee for Education Development in Irag (HCED) and the
University of Anbar for their supports.

REFERENCES

[1] Zhu, J.,Online Industrial Lubrication Oil Health Condition Monitimg, Diagnosis and Prognostic013, PhD Thesis,
University of lllinois at Chicago.

[2] Zzhu, J., D. He, and E. Bechhoef&uyrvey of lubrication oil condition monitoring, diagnostics, and prognostics techniques
and systemslournal of Chemical Science and feology, 20132(3): p. 106115.

[3] Graga, B. and J. Seabt&PROVING REALIBILITY OF WIND TURBINE GEARBOXES THROUGHT OIL ANALISIS.
International Conference on Experimental Mechanics, ICEM12722uly 2012, Porto/Portugal, .

[4] Kuntner, J., R. Chabicovgkand B. JakobyOQil condition monitoring using a thermal conductivity sendgarProc. GMe
Forum (Vienna, USAR005.

[5] Bo g k os ki ,Detdetion of lekricateonh starved bearings in electrical motors by means of vibration andlgblogy
internatonal, 201043(9): p. 16831692.

[6] Mokgin, V., A. Ki | i7.Kneestigdtion wfsvipratianaldehavior ofTfrictios paia under starved lubrication
conditions.2013.

50



COMADEM 2017 University of Central Lancashire, UK.

[71 Jamgek, J., n. J Lubricdtionistarved rearingB deted®ian dnlelecsrikal motors vibrasignals by means
of wavelet bispectral analysis.

[8] de Almeida, R.G. and L.R. Padove&tharacterization of oil viscosity alterations in a gearbox through vibration signal
analysis in 17th International Congress of Mechanical Engineering (COBEM2R)3.November 16014, Sao Paulo, SP.

[9] Abusaad, S.B., Ahmed Brethee, Khaldoon F Gu, Fengshou Ball, Anbiresstigating the Effect of Water Contamination on
Gearbox Lubrication based upon Motor Control Data from a Sensorless DrivdProceedings of the 3rd arhational
workshop and congress on eMaintenance: June 1718 Luled, Sweden : eMaintenance, Luled tekniska universite, l-uled, pp. 61
67,, 2014.

[10] Tian, X.G., Fengshou Rehab, Ibrahim Abdalla, Gaballa M Ball, AndrevAlD MSB based robust detector for bearing
condition monitoring in 28th International Congress of Condition Monitoring and Diagnostic Engineering Management
(COMADEM 2015)2015: Buenos Aires, Argentina.

[11] Rehab, I.T., Xiange Gu, Fengshou Ball, André&e fault detection and severity diagnosis dfing element bearings using
modulation signal bispectrumin In: Eleventh International Conference on Condition Monitoring and Machinery Failure
Prevention Technologieg014: 10th 12th June 2014, Manchester, UK.

[12] G. W. Stachowiak, A.W.BEngineering trilblogy, ed. F. Edition. 2005: Cambridge University Press.

[13] Peng, Z., N.J. Kessissoglou, and M. CAxstudy of the effect of contaminant particles in lubricants using wear debris and
vibration condition monitoring techniquédl/ear, 200525811): p. 16511662.

[14] Antoniadou, |., et al.A timé frequency analysis approach for condition monitoring of a wind turbine gearbox under varying
load conditionsMechanical Systems and Signal Processing, 2645. 188216.

[15] Jakoby, B. and M.J. Vellekoophysical sensorfor waterin-oil emulsionsSensors and Actuators A: Physical, 20040(1):

p. 2832.

[16] Johnsen, E.E. and H.P. Rgnnings¥n, s cos i t y -in-Crudepi emulsidhsv axpezimental work and validation of
correlations.Journal of Petroleum Science andgifreering, 200338(1): p. 2336.

[17] Liu, G.P., Robert Gimpact of tooth friction and its bending effect on gear dynardmsrnal of Sound and Vibration, 2009.
320(4): p. 10391063.

[18] Brethee, K.F.G., Fengshou Ball, Andrew B¥ictional effects on the dynamiesponses of gear systems and the diagnostics
of tooth breakagesSSystems Science & Control Engineering, 204(8): p. 270284.

[19] Hamel, M.A., Condition Monitoring of Helical Gears Using Acoustic Emission (AE) Technolg@¢3, PhD Thesis,
Cranfield Univesity.

[20] Xu, H., Development of a generalized mechanical efficiency prediction methodology for gear2p@iss The Ohio State
University.

51



COMADEM 2017 University of Central Lancashire, UK.

Weak Fault Diagnosis of Bearings Using &yclic Deconvolution
Method by Combining SMHD with MEDA

Yonghao Miaé, Ming Zhao', Jing Lir?, Jun Zhot?, Jianming Wanty
! Shaanxi Key Laboratory of Mechanical Product Quality Assurance and Diagnostics, School of

Mechani cal Engineering, Xidan Jiaotong Uni \
2State Key Laboratory for Manufacturing 8ye ms Engi neer i ng, Xi 6an Jiaotor
China

3Qinghai Huading Heavy Machine Tool CO., LTRining 81000Q China

ABSTRACT

This paper proposes a cyclic deconvolution method by combining sparse maximum harnoseicsio
deconvolution (SMHD) with minimum entropy deconvolution adjusted (MEDA) for the weak fault
diagnosis of rolling element bearings. In the method, the main purpose of using two deconvolution
processes to counteract the influence of the transmission path. SMHD is regartedpretreatment to
enhance the periodic nature of the bearing fault signals. Subsequently, an improved MED, MEDA which
overcomes the disadvantage to deconvolve the spurious impulse from the filtered signal, is used to clarify
the periodic impulse congments of the bearing signals. The proposed method not only overcomes the
limitations associated with traditional deconvolution methods, MED and maximum correlated kurtosis
deconvolution (MCKD), but has a better visual inspection, even if the fault periadt provided in
advance. Moreover, the efficiency of the proposed method is verified by simulation and bearing
experimental data. The results show that the proposed method could effectively suppress the heavy
background noise and extract the weak fabHracteristics from the vibration signals compared with MED

and MCKD.

Keywords:rolling element bearing, weak fault diagnosis, deconvolution
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1. INTRODUCTION

The rolling element bearings aredely used as key components in various rotating machinery sy#ems.
tiny defect in a bearing will develop into a considerable security risk if not being detected timely. The
failure of rolling element bearings will cause unscheduled downtime or evertatevgslisaster during the
high-speed operation. Therefore, detecting and diagnosing bearing incipient faults are very important in
machinery condition monitoring and diagnostjé$. Since vibration signals collected from fault bearings
carry rich information on machine health conditions, vibration measurements ahg apgéed to monitor

the bearing conditiof?].

A common problem encountered time fault detection and diagnosis of bearings is that vibration signals
from the monitoring sensors are often contaminated by background noise or inter{8teficeenhance

and extract the defect features, several advancedfit@ageency analysis techniques, such as Short Time
Fourier Transform (STFTM], wavelet transform (WT])5], andEmpirical Mode Decomposition (EMOH]

have been intrasted and applied to fault diagnosis of rotating machinery. But it should be noted that these
transformations are much more complicated compared with the deconvolution methods. Since the
deconvolution methods have the simpler conception and possess amgrafivantage in counteracting

the influence of the transmission path and enhancing the fault impulses. For instance, the minimum entropy
deconvolution (MED) method is designed to reduce the spread of impulse response functions (IRFs), to
obtain signalsloser to the original impulses that gave rise to thgmEndoet al. [8] first introduced and
successfully applied MED in the fieof fault detection. Subsequently, the method was applied by Sawalhi

et al [9] to extract the bearing fault combined with spectral kurtosis (SK) and the technique showed good
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performance. However, MED may fail to extt the desired ones when it encounters the large random
impulses especially for the random impulse and the impulse train that resided in different resonance
frequencies. For this reason, an improved deconvolution technique, maximum correlated kurtosis
demnvolution (MCKD), which takes advantage of the periodicity of the faults, was proposed to overcome
the limitation. It is obvious that MCKIP10] shows more significant performance advantage in extracting
weak features from noisy signals when the peedault period is provided in advance. Therefore, the
technique is considerably appropriate to be a pretreatment signal analysis procedetrel[Jid] takes
advantage of MCKD as a pretreatment to enhance the periodic nature of the bearing fault signals leading to
the result that SK can select the more accurate resonant frequency band of the siglabyiltdfeKD.
Considering the deconvolution process of MCKD containing a resample operation, which will change the
sample frequency of the filtered signal, few literature uses the envelop analysis combining with MCKD
directly. In addition, its ability to det¢ the bearings faults can be further enhanced in the situation where
the noise and interference are highly complicated.

To address the above issues, this paper proposes a cyclic deconvolution method by using two deconvolution
processes. The cyclic decawtion method introduces a new pretreatmspairse maximum harmonics
noiseratio deconvolution (SMHD), and applies MEDA as the after treatment. Inspirited by MED and
extended to the technique objective function method (OFMJ), SMHD employs the new index,
harmonicsto-noise ratio (HNR), as the objective function by atirely selecting an FIR filter to maximum

the HNR of the filtered signal. To further enhance the periodic components, a spare factor is designed to
suppress the noise and improve the signloise ratio (SNR) of the filtered signal after each filtere Th

new method, CDM, takes full advantage of the merits of SMHD and MEDA to reach the goal of the
accurate diagnosis of the weak faults. First, SMHD is applied to highlight the periodic components of the
vibration signals. Then MEDA is used to accuratelyramtt the fault impulses from the filtered signal.
Compared with the conditional deconvolution methods, CDM is expected to be more effective.

The rest of this paper is organized as follows. In section 2, the revi¢he afeconvolution methods

given, am the limitations ofthe methods are discussetihe new method CDM is proposed in sect®n
Section 4 presents the procedure and validatidbli¥ using simulated bearing data. In sectigmhgreal

dataset from the Case Western Reserve Unive(6tWRU) Bearing Data Center further highlighthe

advantages dEDM. Finally, theconclusionis given in section 6.

2. DECONVOLUTION METHOD S

When a localized fault occurs in rolling element bearing, the fayltiisewill excite resonances at much

higher frequends than the vibration generated by other machinery components, and this resonant response
is considered to be amplitude modulated at the characteristic defect frequdmayion signals of faulty
bearings are usually composed of impulses, faxdited esonance, cyclic interferences from other
mechanical or/and electrical components, and background noise. Théindawkd impulses are often
masked by these interferences and noise, and therefore the envelope of impulses cannot be directly
extracted by sme conventionaimethodsFurthermore, a excessively long and complex transmission path
between bearings and transducers would affect the frequespgnse function of thebration signal It

leads to the result that the amplituzféempulsewould be agnuated and the time would be prolongated. As

a result, the impulse signals are submerged into the severe background noig&é&asily

Deconvolution through the iterative process aims at approximately inverting this transmission process to
improve the time resolution in order to restore impulse signals gendnafedlts.Figure 1 illustrates the
deconvolution procesd he vibration signak from thetransducelis comprised of the fault impulses of
bearings in original formg and the noise interference which need to go through the respective
transmission pathdy andh, represent the FIR filter approximations to their respective transfer functions
under stable assumptiomherefore, the time domain approximation forms in terms of convolution of the
vibration signak can be illustrated as:

x=g*h +t R )
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To restore impulse signal©®FM is applied in theleconvolution methal(MED and MCKD)whose basic

ideais to find an inverse filter that counteracts the effect of the transmission path, by assuming that the
original excitation was appraratively impulsiveand periodicand thus having high kurtosis correlated
kurtosis (CK). e filtered signal by optimiing the invertedfilter coefficientsfx to make the objective
functionreach the maximum value and the regu#t expected to be tHault signalg.

g— h

Inverted Filter

Figure 1. The deconvolution process

Wiggins [12] introduced the OFM and firstly derigtethe mathematics of ondimensional MED.The
derivationprocesss givenin the following description. The i g n a | 6 is de&igned tode thesOF:

10 \
~a - m)
K= N o - 3 (2)
e1 2 U
| n=1 Yy

where y, is the output signal and is assuned to bezeromean,i.e., €,=0; N is the sampling number.
Thereforethe followingexpressiortan be given:

N

P v
— n=1
mfaxK = rqax—épN =z ©)
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=2 =x(n -l) 4
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wheref(l) is thefilter coefficient [=1,2, 'L; L is the length of the filtery(n) is the input signal.

By combining with thanverse filteringexpression(4) and taking the derivatives of (3) with respect to filter
coefficientsf and solving it equal to zero, the firitdrative expression can be derivéthe detailed step of
this procedure is described|i8].Compared with MED, MCKD which aims to deconvolve periodic impulse
faults from amachine vibration signal takes the periodicity of the fault into considerddiffierent from
MED, MCKD introduced a new norm, CK, and was designed to use CK as thei@ftively choos the
optimum filter coefficients to maximize CK of the filteredjsal. CK ofM- shift was defined10]:

M

~

a ( Oyn- st)2
CKyy (T)) == —— (5)

(é} y2)
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L
wherey, =f f.X, ;. =0 andy,=0 forn, 1,2¢ é ,N. f,, L and N denotethe filter coefficients the

k=1
length of the filter and the sampling number of theut signal,respectively.Tsis the corresponding
sampling number of fault period provided in advaBamilarly, MCKD also applies the OFM. By
combining with the inverse filtering expression &t)dtaking the derivatives of6] with respect to filter
codficients f and solving it equal to zero, the final iterative expression can be used to obtain the optimum
filter coefficients.

My

N
a ( Oyn— m'I'S)2
— n=l1 m?p
maxCK,, (T)= M N B (6)
2

a.\

a@ Yo o

(;,n:l -
Ref.[10] describes in detatheiterativeprocess.

There is no doubt that MCKD showise more obviougperformance advantaghan MED. Furthermore,

MCKD has overcomsome shortcomings of MEFor instance, MCKD can be used to process the signal
experienced the barmhss filter and the signal contains large random impulses, while MEénssive to
them.However, the limitation tha¥iCKD depends strongly on the precise estimation of the faulbd in
advance has restricted its applications.To overcome the disadvantages of the conditional deconvolution
method, MED and MCKD, Miaet al[14] proposed SMHD by introducing a novel index, HNR, which is
particularly effetive for evaluating the degree of periodicity of a signal applied successfully in the field

of bearing faultdiagnosis voice activity detectiomndautomatic speech recognition, §1& 16]. HNRis
designed to estimate the period and to be the OF in the OFM. By maximizing HNR, the periodic component
is divided from the mixed signal. In addition, combined with sparse process, SMHD has the ability to
further highlight the periodic components and restrain the otfibesefore, SMHDcan be considered as a
feature enhancing techniqudthout requiring any prior knowleddé4].

3. CYCLIC DECONVOLUTION METHOD

The conventionaldeconvolution methods (MED and MCKDHave been applied to maatery fault
diagnosis for years and has achieved gesdlts[8-10]. In some cases, however, MEDesnot attain the
expected goal of machine diagnostss obviots MED is sensitive tdhe signal experienced the bapdss

filtered signaland the large random impulse figure 2. It can be seen that the filtered signal of the one
experienced the barmhss filterby MED in (a), and (b) illustratethe filtered signabf the one contains a

large random impulsby MED. To overcome these problems, an improved MED, MEDA, is proposed by
choosing the valid part of the signal to deconvolve to avoid the impulse near the start of thglg]gnal
SMHD, which hasovercome the trend that the enhanced components only contain the large random
aperiodic impulses rather than the periodic impulses we are interested in, is developed by considering the
periodc nature of the fault impulseBleverthelessnisome weakaultsusing SMHDto detect the impulses

of the signals islsodifficult since potential periodic impulses are often overwhelmed by unexpected heavy
noise and interferencesSMHD needs to choosehe appropriate spardareshold value to enhance the
periodic impulses. Therefore, to extract weak fault more robustly, SMHD is considered as the pretreatment
method, and MEDA is regarded as the aftertreatment in the new method. It is can be ensG@2 tban

take full advantage of the merits of SMHD and MEDA to reach the goal of the accurate diagnosis of the
weak faults.
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Figure 2. The filtered signal of (athe one experienced the bapdss filterand (b)the one containa large random impulse by MED

Based on the analysis above, thigoerproposes ayclic deconvolutiormethod forweakfault diagnosis of
rolling element bearingg.he details ofCDM are described as follows.

Step 1: The original vibration signalis input. x; is obtained by SMHD filter.

Step 2: The signat; experiences MDA filter and the filtered signat is output.

Step 3: Cloose the optimdiltered signalx. and input it to the next step.

Step 4:Detect the fault characteristic frequency in thesdope spectrum and diagnose the fault types

4. SIMULATION

To highlight the advantages of the new method, simulated signals are generated according to the vibration
model developed by McFaddd®]. The mathematical model of defective rolling element bearing can be
expressed as:

X)=4 As(t-IT )t aBs(t - &Peos2 ft .p ey -
i=1 i4 k E v

[N —

—_—
l [l M

The simulated signal is composed of four terms. The first term is the periodic impulses matiselds

The kall pass frequencyf outer racBPFO) and thaatural frequency of the bearing systara set 29 Hz

and 2000 Hzrespectively (is the random fluctuatiobecause ofhe random slip in bearings roufalt
period T and itsvarianceis set 0.01The second term represents vibration components from gearbox and
other related rotating part$he two harmonics of shaft in the signand their amplitudegphasesand

instantaneous rotating frequency of shaft Bye= 0005 P, = 0005 b, = "6 ~ /,88=5,f,= 10
respectively.The third term represents the aperiodic impulse from extraneous sourbesresonance

frequency of lhe aperiodic impulses iset2645Hz. The last term is thel5 dB Gaussian noise with zero
mean In addition, thedata lengttand the sampling rate aresland 2@ Hz, respectively

It is obviousthat the periodic impulses are masked by néise figure 3(a). Theenvelopespectrum can
discover thesecond harmoniof BPFO, whilethe signaito-noise ratio (SNR) irfigure 3(b) is much low
Without loss of generality, in this paper the length of the filter and the maximal iteration count are same in
the all deconvolutiormethods and they are 100 and 30, respectivdlg. thirdshift MCKD method is the
recommended setting [A0]. To highlight the superioritysparse threshold valug set RMS of the original

signal in CDMin all simulations and experimental da@mpared with the results of the twcethods

(MED and MCKD), CDMis more suitable and effective to weak characteristics extraction from noisy
signals Since CDM cardiscover the fault characteristics from a noisy signal witkignificant SNR,
MCKD fails from figures4 and5.
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envelope spectruimf (a).
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Figure4. (a) Filtered signal usinGDM, and(b) theenvelope spectrum of (a).
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5. EXPERIMENT

Over the last decade, the bearing ddig from the CWRU Bearing Data Center has been validated in
many researches, which appears in several academic jolReakntly, Wade A. Smitkt al [20] made a

very thorough study on the dafrom CWRU Bearing Data Center and categorized it appropriately. In the
article, three established diagnostic techniques which include envelope analysis, cepstrum prewhitening and
benchmark method introduced [i@] were applied to the entire CWRU datasets, and the diagnostic
outcomes were provided and discussed in detaildataset199DE was considered to be parlyal
diagnosabldy envelope analysis. To further verify the broader applicability and robustn€d3Mf this

paper will use the dataset and try to discover the fault characteristics.
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Figure6. (a) Raw signal and (b) envelope spectrum anaigstgperiment
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Figure7. Results of applying DM to experimentl signal: (a) filtered signal; and (b) envelope spectrum.

The length of the signal used for analysis is 2 s. The rotating pped@ded i4749 RPM andthe calculated
BPFO is 104.4969Hz. Figure 6 gives the raw signal and tlenvelope spectrum anaigsThe periodic
impulsesare completely buried by noise and its envelope spedsumsked heavilyhough theharmonics

of BPFOcan befaintly discoveredFor comparisonCDM and MCKD are applied to the same outer race
fault signal.The filtered signalsnd the envelope spegin of the signals shovault related signatures in
figures7 and8. From the results, the filtered signals and envelope spectra obtair@dNdyhave better
visual inspection ability than MCKDAs a matter of factMCKD fails to discover the fault characteristics

However,it is interesting to find thahe allpeak valus in theenvelope spectrurmannotcorrespond tahe
calculated BPBs accuratelyin figure 7(b). Therefore, thepeak values in the envelope spectrane
regarded aghe faultcharacteristi@and itsharmonicsand applied in CDM and MCKD again. figs 9 and

10 show the results after changing the fault frequency from 104.4969 Hz to 105l6i$ipbvious that
105.5 Hz is the real fault frequency from the resditds phenomenon provides convincing evidence that
the providedrotating speeds imprecise.In this situation, CDM stillhas more significant performance
advantagehan MCKD. It is obvious seen that the fault impulses are considerably clear from the filtered
signal by CDM infigure9(c). However, thenvelope speatm of the original vibration signal is difficult to
discover BPFOit can be found thahe impulses caused by the fault do exist but are very weak.

Through the comparisons betwe@DM and MCKD in the experiment, it is appropriate to draw the
following some conclusionsThere is no doubt that CDMs more suitable and effective to weak
characteristics extraction from noisy sign#éh addition, MCKD extremely depends on the precise
estimation of the fatlperiod in advance restrgits application rangeWhereaghe experimenthighlights
the anthemerit, the results are not affected by the imprecise prior knowledge, of CDM.
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Figure 8. Results of applyindMCKD to experimenal signal: (a) filtered signal; and (b) envelope spectrum.
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Figure 10. Results of applyindMCKD to experimenal signalafter changing the perioda) filtered signal; (b) envelope spectrum.

6. CONCLUSION

Enhancemenandextractionof the weak signature from the noisy signal are cruciabtalition monitoring

and fault prognosticsHowever, the faulfeatures are often very weak and masked by the background noise.
The deconvolution methods have a significant performance advantage in counteracting the effect of the
transmission path and esmcing the fault impulsesThis paper proposes a novel cyclic deconvolution
which aims to extradhe wealfault signaturethat is difficult forconventionaldeconvolution methods. The
new methodakes full advantage othe merits of SMHD and EDA. That is SMHD hasa significant
performance advantage as the pretreatrgairt fromenhanig the periodic nature of the bearing fault
signalsand MEDA is appropriate to clarify the periodic impulse components of the bearing sin#is.
cases of simulated sigl, compared with MCKD and MEDZDM has a better detection rate for fault
frequency even though therensich interferenceMoreover, the efficiency o€EDM is verified by bearing

data from CWRU Bearing Data Center.
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ABSTRACT

Eddy Current Pulsed Thermography(ECPT) is a developed technique ubDéébructive Testing and
Evaluation (NDT&E).It is widely used in detecting metal surface and-sutface defectdn the present
researchesmany thermhfeature extraction methods have been used to achieve more valuable hidden
information. At the same time, a quantitative analysis strategy is proposed for determining the size of the
defection based on Eddy CurréhilsedThermographyln this paper, th€235was selectedsthe analysis
materias, with multiple surface defects detectiomsstudiedby using edy currentpulsedthermography.

Based orthe theoretical and experimaitstudies the results show that the pulsed eddy current thermal
imaging tehnology can detedhe different positiordefectsboth on the qualitative and the quantitative
evaluationeffectively. It can serve as guidelines to improve the visibility and detectability of defects with
different defects in the future

Keywords:Eddy Qurrent Pulsed ThermographyQ235,Surface Crac, Quantitative Evaluation

Corresponding authorProf. Z. Shi(z_shi@hebut.edu.gn

1. INTRODUCTION

Eddy Current Pulsed Thermography(ECRA§a developed technique in Nd@estructive Testing and
Evaluation (NDT&) has advantaged both nondestructive and visual detectiobhis techniquedirecty
makesthe conductivanaterial generatheatby theexcitationmethod ofinduction heatingMeanwhile the
thermal infrared imageecord the surface temperatuoé the ecimen Due to the influence of the surface
defects on the distribution of the eddy current, the characteristics of thes oratle infrared imagare
obvious Also, the important informatiorwill been obtainedby the thermal image sequences suclhas
spatial, time and frequency domaittsusit is very suitable for the detection wietalsurface cacks[1,2].

Currently many thermal feature extraction methods have been used to achieve more valuable hidden
information. At the same time, the reseaarheddy current thermography has developed from qualitative
analysis to quantitative analysihe ability of ECPT to detect small cracksdamponents of complex
geometry was investigated i8][ The variation law of temperature near the crack of fergyratic material

under low frequency induction heating was studief#]. Genetic algorithm was used to detect the radius

and depth of the defects on the lower surface of the aluminum plate under COMSOL sinfGlation
Frequency optimization of excitatiaurrent fornotch detection on aluminum matens studied in[6].

The relationship between the temperatofenear the surface crack and the crack depth and width in
ANSYS simulation was studieid [7]. However, most of the research are depended ongtesilefect on

the surface of the metal. The quantitative assessment and error analysis about multiple defects on the meta
surface remain as challenges. In this paper, the @285choserasthe case studynaterials The test
sampleswith three differenpositions crack defects on the surféseased inthe experimeral study Based

on the temperaturinagecollectedin the experimentghe boundary position and the relative position of

the defectgan be extracted by usinghavelfeature extraction methio
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The remainder of this paperorganized as follows. Sectionp2esentghe experiment setip andsamples
used for demonstratiosection3 showsthe experiment resultand the relative positions of several defects
areextracted bhsed on théemperatee difference methodn the endthe conclusion is drawin Section 4.

2. EXPERIMENTAL SET -UP

The experimental system of defeatetectionusing pulsed eddy current thermographyilisistrated in
figure 1. The system includesn infrared thermal camera, angouter, an induction heating umiiith an
exciting coil. In the test of the sample, the infrared thermal imager is used to recomhdhging
information of the heat distributionon the specimen surface. However, due to the lack of experimental
conditionsthatthe infrared thermal imagés relatively low in the two aspects of pixel and frequerey
listed in &ble 1the size of the specimen and the defaddpecial requirementBeyond thathe positions

of threegroove shape craslaremade on the staceof the specimemasshown infigure 2(a) and he actual
specimeris shown in fgure 2(b).

Work heard Sample Coil

PC

IR camera

Induction Heater §

Cooling system

Figurel. The eppeliiment system

Tablel: The size of theample andlefecs

Size The carbon Crack defects
stee(Q235)
Lengthmm 150 10
Width/mm 50 5
Height{Depth) /mm 10 2
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Defect 1

M

10

—
 —— |

Defect 2

Defect 3

@ (b)
Figure2. Thediagram of specime(a) and thecarbon steebith multiple defectgb)

In particular the infrared range of the thermal imagefr@m 7.5 micronsto 14 microns, the infrared pixel
is 80 * 60, and the frame rate is about 50 HBesides, He induction heating system is Cheltenham

Induction Heating Easy Heat 022+4ith an outputpower of 12° 2.4 kW across the frequency range of

150 400 kHz. The current strength and excitation time can be set by the detector using the control panel of

theinduction heating unifThe experimental parameters are listadable 2.In the experimest the relative
position between the exciting coil and the specimen is slifigure 3.

Table2: TheExcitation Parameters

Excitation parameters Numerical
Current strengtt 260
Excitation frequencdkHz 380
Life-off/mm 20
Excitation timés 2

Figure3. Relative position of the specimen and the exciting coil
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3. RESULTS AND DISCUSSION

According to the principle of electromagnetic inductitire conductive structures detected will generate
eddy currents when the exciting coil closes to the condustivetures detected. While, surface defects
affect the distribution of eddy current field, and then influence the distribution of surface temperature field.
With the gradual heating of the excitation time, the eddy current gathers in the defect parspddimen

and the temperature of the defect part increases gradually, leading to thenmighature effeci herefore,
somebright areaappearson the surface of the specimen, namely defect. In the whole heating process,
infrared thermal imager recordise variation of temperature on the surface of the specimen. As shown in
figure 4, where, fgure 4(a) is the initial temperature of the image, including coil temperature, specimen
temperature and ambient temperature. the different distribution of sudageerature field under the
excitation time with 0.5s intervare shown in figure 4(b) to 4(f). With the increase of heating time, it is
clear that the temperature of the specimen is in sharp cautrish the ambient temperature and the coill
temperatureAfter heating 2s, the temperature data matrix is analyzed in horizontal and vertical direction
and the results are shown igdre5 andfigure6.
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Figure4 Infrared thermographynder the differenteating time
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Figure5. Horizontal temperaturef infrared themography Figure6. Vertical temperaturef infrared thermography

In order to realize the quantitative analysis of the debecthe specimen the temperature difference
method is used to process the initial temperature atzdathe redlt is illustrated infigure 7 andfigure 8.
The temperature difference method is the differenteadjacenttemperature,so the differenceof
environmentemperature is smadindalmostis zero. Whilethe temperature difference between the heated
specima and the ambient temperatusehigh. According tothe location of the specimerand coil in the
imaging andthe temperature databtainedby the infrared thermal imagertt is obviousto show the
boundary position of the specimetith thetip of temperatve differenceAs shown infigure 7 and fgure 8,

the horizontal boundary i¢ocatedbetween 23rgixel and 61spixel andthe vertical boundary isocated
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betweenbth pixel and46th pixel Extracing effective temperature data good forredudng the wokload
of data processinghus, the next work is @analysethis newtemperature data matrix

15 T T T T T T T 15

Temperature Difference °C
Temperature Difference °C

2 0 2 W0 10 &0 & 70 80 gh 10 2 Y 0 &0 60
Pixel*40pum Pixel*40pum
Figure7. Horizontal temperaturef infrared thermography Figure8. Vertical temperaturef infrared thermography

To detect the size of thdefect and the relative positiaf the three defects accurately, it is necessary to
eliminate the influence othe coil temperature anthe ambient temperature frothe nitial data.Then, the
temperature data matrix is extracted from three rows of tjleebt temperature at the plawéiich these
defects are locatedn, andalsothe ab@e new temperature data matris considered The temperature
curves of the three defects are foundfigure 9 and fgure 10. After usingthe temperature difference
method the results are shown iigtire 11 andfigure 12.
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Figure13. Horizontal temperaturdifferenceof defecs

Becauseéhatthe vertical part of the specimen is not all located in the thermal imagd n order to better
show the boundary ahe spedémen andthe defect the horizontal temperatureifferenceof the thermal
imageis used to alculatethe defect size. Due to the low precision of the infrared thermal imager, it is easy
to miss the temperature data of thége of thespecimen and defecFurthermore the heating time is
slightly larger,andthe thermal diffusion is more uniforfiherefore, the selection of pixels should narrow
therange In figure 13, it is clear that the lefiounday of the specimeris located orthe 2nd pixel and the
right is between 34tpixel and 35thpixel. Actually, the size of thepecimerwidth is 5cm. Thus, there are
34 pixels thatrepresenthe length of 50 mmAlso, the pixel number of the fist defect is 7(16gixel to
22nd pixe). The second one is about 7(Gtixel to 12thpixel). The third one is about-&(25th pixel to
28th pixel). Then, a equation occurs in this section to helpctdculaing the size of the defect and the
relative positions of three defects

S, = kN
k—sr
-5

Where St NO, Si andNi arethe atual size of specimennumber of pixels in thesize of the specimen
defectsizeandnumber of pixels in theizeof thedefect, respectively

It is concluded that thieorizontal sizesof thethree defectgare about10.09 mm, 10.09 mm and 5.04 mm.

And the sizes ofelative position of defestare listed inable 3.Based ortheresultof the error within 5%

it is feasible to use the temperature difference method to quantitatively analyze the relative pdsitions o
multiple defects

Table3: Relative position of defect

Horizontal centre Vertical centre distance
distance
(defect 1, (defect 2, (defect 1, defect| (defect 2,
defect 2) defect 3) 2) defect 3)
Actual sizémm 12 22 30 25
Experimental 12.25 23.05 28.82 24.5
sizdmm
Percentage 2.1 4.8 3.93 2
errof100%
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4. CONCLUSION

A series of experiments were conductedtlmcarbon steeusing thepulsed eddy currerthermography

and obtaired thetemperature dataf the surface of the sampleith multiple defects According to the

signal processing and analysis by the thermal images sequence of valid data, the lpmsitilamand the

relative location of the three crack defects can been proposed to detect and quantify defects. The results
show that it is feasible tanalyze the location of the defeeind the relative position of the defects by using

the temperature difference methdédirthermore,itese will be valuable to improve the defect visibiityd

widen the pulse eddy thermography detection for metal partmiitiple defects.
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ABSTRACT

In manufacturing and condition monitoring of many engineering structireéntegrity of each weld has to

be assessed using a rastructive test technique. In this context the ultrasonic phased array is a widely
accepted method of data acquisition. A linear sequence of sector scans, each created by electronically
sweepingthe beam of the phased array, provides 3D volumetric data of each weld. Particularly when the
engineering structures are physically large this produces a comprehensive but vast amount of data for off
line analysis and has led to the work described inghjger. The aim is to minimise data analysis time
through reliable and automatic identification of defective regions. By treating defects as foreground
anomalies superimposed on a background base material, the paper presents differeriiaskdster
threshotling techniques that achieve automatic defect detection. In particular, the proposed method first
reduces the original 3D data set to 2D using peak values from each beam and image segmentation is then
performed to distinguish the background base matdriats the foreground defects. The work compares

and presents a performance evaluation of the different thresholding methods. In each case robustness is
demonstrated and validated based on sigrabise ratio using a comprehensive set of ultrasonic phased
array data acquired from steel test blocks. These contain different types and sizes of weld flaws at different
locations and orientations.

Corresponding author: Bryan Cassels (BCassels@uclan.ac.uk)

1. INTRODUCTION

Ultrasonic echoes from a directed beam dfasiound provide a means of detecting internal flaws within a
weld. The Phased Array (PA), which is both a transmitter and receiver of ultrasound, allows electronic
steering of the ultrasonic beam through a range of angles [1]. From a full scan it Heptssireate a

sector image which represents a cross section through the weld (figure 1.d). For complete data acquisition a
number of these sector scans are made at regul ar
containing 3D informationAt a typical distance between scans of around 2 mm. a full inspection can easily
produce many hundreds of sector scans. Each of these must now be visually examined by a qualified
inspector. This expensive and error prone stage provides a motivatiaridorating inspection.

Within the data set interconnected voxels containing unusually high values help to locate anomalous
regions. However this is computationally expensive. The proposal here is to reduce this data by taking only
the peak values from eableam, thus reducing the 3D volumetric data to a 2D image (figure 2.a). Although
some information is lost correlations in the two dimensional data emphasise anomalous regions and the
image is more amenable to efficient analysis. Through image segmengatjofigure 2.b) it is possible to

locate and, to some extent, size each fault.

Image thresholding is the simplest method of image segmentation. Previous studies [2],[3] have compared
thresholding methods for None Destructive Test (NDT) applications. Hawéese do not specifically

relate to ultrasonic PA data from welds. Additionally the ultrasonic data sets are relatively small with fixed
Signatto-Noise Ratio (SNR). In practice a weld may be many metres in length and contain very few
defects. Althoughhe test data used here is also limited this issue is addressed by creating virtual test pieces
of long welds using ultrasonic data acquired from a small number of representative test blocks. These
virtual test pieces can be of any length and can contgimpeedefined set of faults with specified SNR.
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This process of creating a virtual test piece also produces a set of fault based test vectors, essentially a lis
of sectors containing faults, for automatic and statistically based performance analysis.

(a) Physical scan paths
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Figure 1 Overview of phased array scanning and the physical set up

Broadly there are three parts to this perforoeaenaluation of anomaly detection:

i. The first set of tests evaluates three methods of thresholding and subsequent segmentation of the
original test blocks. In each case segmented images are compared, on-lay-pixel basis, to
manually generated grodriruths.

ii. The previous threshold values are now used to segment a set of virtual test pieces. The test compare:
anomalous sectors identified from segmentation with the associated test vectors. As part of this step
threshold values are also obtained far thirtual test piece. These are compared to those determined
from the original test blocks.

iii. Finally further evaluation is conducted by means of the Receiver Operating Characteristic (ROC) [4]
curve. By scanning through every threshold value (0 to 100%)R®€ curve indicates the
effectiveness of thresholding for segmentation; it also allows other classification techniques to be
compared. Here the ROC curve provides information on thresholding under different SNRs. It also
suggests an optimum threshold v&for comparison with those produced earlier.
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2. APPROACHES AND METHO DS

The test blocks are similar to that illustrated in figu@. Each contains a set of manufactured faults at

known locations. The parent material is an austenitic steel and weld lemgtd9@& mm. with block
thicknesses of 45 mm. The Ultrasonic Phased Array (UPA) allows a beam of ultrasoundcam £ be
electronically steered and focussed [1]. As the UPA is manually dragged along the length of the weld at a
fixed distance from its cgre line, figure ®, two sectorial scans (high gain and low gain) are recorded.

Each sectorial scan consists ofull set of Ascans, typically through 40to 751 in 0.5 steps. Figures

l@ and 1p)pr ovi de a description of a beam8cans floavards t hr o
400) the beam O0skipsdéd through the weld. At higher a

In figure 1(b) the weld is vertically reflected twice to more clearly illustrate the path of eastaA At

40 the Ascan crosses the first back wall then the se
fusion face. The diagram also indicates hosirgle fault may appear more than once on the corregmpnd

sector scan image, figured)( In some cases three instances of the same fault may be present in the same
sector. The use of the test block allows each weld to be scanned four times (PAIAPARIRPA4) as

indicated in figure (c). In practice it may only be possible or desirable to scan the weld once.

In the complete 3D data set anomalies are evident by applying a threshold on voxel intensities.
Interconnected voxels above the threshold feoagions requiring further investigation. However as a
typical A-scan may contain more than 1000 samples a simpler and more efficient procedure is to reduce the
data set to 2D by taking only the peadue from each Acan, figure ). The resulting imagées mud

easier to segment (figuregd(

Establishing an effective threshold value depends on the image content and choice of algorithm. Here
Kittler and Illingworth Minimum Error [5] and Maximum Entropy [6] are chosen following the evaluation

of Sezgin andsankur [3]. The Otsu [7] method is added due to its popularity and availability in packages
such as Matlab.

In practice the threshold may be determined prior to test and as part of-tipeaset calibration procedure.

For example using a set of geomadticeflectors (such as side drilled and flat bottomed holes) at different
depths and orientations in material similar to that of the weld. This provides precise ground truth
information but the faults are artificial.

An alternative, as in this case, isuee a test block with a set of representative manufacture faults. The
faults are now more realistic but ground truth information is less precise. Using this method threshold
values in directions PAl1 to PA4 are obtained for each test block. That is aft8tahreshold values for

each method, table 1.

A severe limitation of the available data is that it is from only two test blocks, additionally the faults tend to
have a high signal to noise ratio and are densely packed. This contrasts with the pratioa svhere

welds may be a few metres in length and contain few faults. A more comprehensive investigation would
require data from many production welds with a full list of faults, dimensions, locations and orientations
prepared by an experienced ingeecThis is both costly and not practical. To overcome these limitations

the test block data is used to create virtual test pieces. These can be of any length and contain any pre
determined pattern of faults.

Using data from four scan directions (PA1RA4) of the two test blocks over 40 fault instances were
extracted from the low gain data. The process is -set@matic. First the fault is manually selected.
Ground truth data is taken as the number of sectors the fault occupies. This entails sortieityulajer

some experimenting the sectors chosen were those contairsognAvalues greater that? dB from the
faultdés peak plus one sector either side. The out
41 fault instances. This infimation provides the ground truth, in terms of a sector count, for each instance.

70



COMADEM 2017 University of Central Lancashire, UK.

During a calibration procedure the gain of the low gain channel is set to give a fixed response from a known
reflector; the high gain setting is obtained by adding 20 dbleAtigh gain data provides a pronounced
response from defects it is often saturated producing an unsatisfactory threshold value that gives many false
positives. However, as there is a linear relationship between high gain and low gain background seflection

a fraction of the high gain data can be added to the corresponding low gain background data to simulate an
increase in structural noise. Now a virtual test piece of any length and combination of faults can be created
by interleaving low gain backgroursgctors (with added noise) and fault sectors from the library.

As details of the virtual test piece are known it is also possible to create a fault based test vector (of faulty
sector numbers) to automate the analysis. Table 2 lists 5 test pieces ubedsgcand part of this
evaluation. In this case the quoted SNRs are for no added noise. In all cases SNRs are determined usin
equation 1 wherdéEAK: corresponds to the peak value of the fault &S is the RMS value of the
backgroundk:

PEAKFqul
SNRyouie = 20.10gi0 (5 ). (1)

3. PERFORMANCE EVALUATI ON BASED ON TEST BLOCKS

Here a threshold value for each direction (PA1 to PA4) of the two test blocks is determined using the three
algorithms. These values are then used to segment the corresponding image. Evaluation of algorithms
requires a ground truth to which each result may be compared. Test block data sheets are found to give only
an approximate location, size and orientation of each implanted fault. Another uncertainty is the precise
location of the test probe at the startlud inspection. Establishing a ground truth is therefore a subjective
process. For this exercise they are established by segmenting each gray scale image using an increasin
threshold level; at some point the features most closely resemble those expmutéidefdata sheet. The
example, figure @), gives one illustration. Here the threshold is set so that the majority of foreground
(white) areas match those expected from the data sheet.

Ground Truth for TB1, PA1

Otsu Threshold of TB1, PA1

A-scan Peaks for TB1, PA 1

Sector

20 30

40 50 80

i B 4 0 P
Aescan Na A-scan A-scan

Figure 26) Example 2D image  Fig. 2() Equivalent ground tri Fig 2© Otsu threshold

Figure 2(c)illustrates the result of applying the Otsu threshold to the original 2D image. In comparison to
the manually generated ground truth there is some constriction of the foreground areas indicating that the
Otsu threshal value is possibly high. One measure of the difference is the miss classification error [1]
which counts the number of foreground pixels erroneously assigned as background (or background
erroneously assigned to foreground) with respect to the groundriragje. It is calculated from

| B nBrl+ | Fp nFrl @)

MCE=1-
| Bl + | Al

Where FG, BG are the number of Foreground and Background pixels of the ground truth and BT and FT
represent the number of Background and Foreground pixels of the threshold images.
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Figure 3 presents an oveew of the performance of each thresholding method in terms of its ability to
segment test block data. Results are for PAL to PA4 of the two test blocks. In all instances the Kittler and
lllingworth (K&I) threshold value gives a segmentation most closelchiag that of the ground truth.
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Figure 3 Ground Truth comparison
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The threshold values are tabulated in tablel as a percentage of the total dynamic range. It was expected that,
for a given test block, the four threshold values (PAl to PA4) would biasir®f the three the K&l
approach tends to produce the most consistent results for the same test block; these also tend to be the
lowest values.

Table t Test Block Threshold Values (%)

Method | TB1 TB2

PAl | PA2 | PA3 | PA4 | PAl | PA2 | PA3 | PA4
ME 125|156]180|18.8|14.9]18.8| 125|113
Otsu 94 1109[11.7)18.8|10.1][18.8|14.9|10.9
K&l 41 [52 |41 |41 |45 49 |37 |41

4. PERFORMANCE EVALUATI ON BASED ON VIRTUAL TEST PIECES

This part of the evaluation uses a set of virtual test pieces (TP1 to TP5), these rangéhifirbm 107 to

over 2400 sectors representing a weld over 4.8 metres in length. Three faults were selected based on size
(number of sectors) and original SNR. When noise is added the resulting SNR is with respect to the
smallest fault; in general, thadlt covering the smallest number of sectors tends to have the smallest SNR.
After segmentation blob detection is used to determine the area (humber of pixels) of each feature along
with the sectors each occupies. The sectors are compared with thosinligtedault based test vector.

Ideally segmentation will identify all sectors containing a fault while omitting all sectors that are fault free.

In practice this is unlikely and some measure of performance is needed. These measures are usually in
terms @: -

TP - the number of true positives (sectors correctly identified as containing a fault).
TN - the number of true negatives (sectors correctly identified as fault free).

FP - the number of false positives (sectors incorrectly identified as contairféudtha
FN - the number of false negatives (sectors incorrectly identified as fault free).

One measure is the correct decision rate (alternatively known as the accuracy). This is the ratio of the total
number of correct classifications to the total numifedecisions ([P + TN)/(TP+TN+FP+FN).

Using the five virtual test pieces (TP1 to TP5), listed in table 2, the intention is now to evaluate
segmentation by applying the previously determined thresholds for TB1 and TB2 (table 1). However before
doing ths threshold were, for comparison, obtained for each virtual test piece (table 2). Only the K&l
thresholds have similarity, indicating that it will segment the smallest fault. There is an increase in the ME
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threshold as larger faults are added, suggestinigcrease in false negatives. The Otsu method appears to
fail completely except where there is a relatively high fault density such as in TP4. The accuracy results,
table 2, are for the new thresholds.

Table 2 Accuracy for 5 virtual test pieces wihew thresholds.

Test Weld Thresholds Fault 1 Fault 2 Fault 3 Accuracy (%)
Piece Length Virtual Test Piece (small) (middle) (large)
(sectors.)

Kl ME ®] SNR | sectors] SNR [ sectors| SNR | sectors] KI ME (©]
TP1 107 4.5% 4% 1.1% | 12.5 5 97 98 5
TP2 1407 4.5% 4% 0.7% | 12.5 5 99 99 | 05
TP3 2120 4.5% 4% 0.7% | 12.5 5 20 12 96 85 1
TP4 189 4.0% | 11.3% 8% 125 5 20 12 29 10 89 93 93
TP5 2429 45% | 11.3% 1% 12.5 5 20 12 29 10 96 95 3

In the above table TP4 indicates a limitation of accuracy [8] as a meaasnpfrison. For example the
values of 93% (ME and Otsu) suggest these thresholds are better than the 85% achieved using K&lI. For this
work it is essential that a fault is not missed, in fact the K&l threshold of 4.0% segments all faults while the
thresholdevels of 11.3% and 8% actually exclude the first fault.

Returning to the original thresholds in table 1. The K&l values are in the range 3.7% to 5.2%, those for the
Otsu and ME ranging from 15.6% to 18.8%. A selection of these were used to threshdttdeTRbgest
virtual test piece). Results, without added noise, are presented in table 3.

Table 3 Accuracy for segmenting TP5 with original Test Block thresholds.

Threshold TP TN FP FN Accuracy Comments
K&l 3.7% 27 1873 527 2 78% Many FPs
range 52 % 27 2397 3 2 99.8% Best accuracy
Otsu and 9.4 % 17 2399 1 12 99.5% Fault 1 missed
ME 15.6 % 13 2399 1 16 99.3% Over 50% of sectors missed]
range 18.8 % 10 2399 1 19 99.1% Fault 1 and 2 missed |

The indications are that the K&l thresholds are, fos thpplication the more appropriate. In summary
values 3.7% to 5.2% allow identification of all faults; at a threshold of 9.4% fault 1 is no longer detected; at
threshold 15.6% over half of the true positive sectors are missed (fault 2 being captured 2eBctors).

At 18.8% only the largest fault is detected.

5. PERFORMANCE EVALUATI ON BASED ONROC CURVES

Further analysis and estimation of performance with respect to added noise can be made if the accuracy
measure is replaced by the Receiver Operatingachkenistic (ROC) curve [4]. This is a tvadmensional

chart in which the true positive rate, or sensitivity/({r+FN) is plotted against the false positive rate (
TN/TN+FP). The term {Nn/(TN + FP) is also known as the specificity (the ability wentify a fault free
condition).

An example ROC curve is presented in figure 4. A value for the Area Under Curve (AUC) approaching 1
indicates a good separation between feature and background. If the area approaches 0.5 (represented by
diagonal line fron the origin to ceordinate 1,1) the ability to separate the two becomes useless. The usual
purpose of a ROC curve is to compare the performance of two or more classification techniques. In this
case it is used to help evaluate thresholding under differ@ise conditions. In the example threshold
values in the range 0 to 100% are applied to a test piece with a fixed SNR. For each threshold value a
correspondingensitivityand 1-specificitypoint is plotted. This is then repeated after adding noise to the
same test piece. With an SNR of 12 dB the AUC is 0.92 while with an SNR of 9 dB it reduces to 0.72.
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Table 4 lists the AUCs for each virtual test piece for different SNRs. As expected increasing the noise level
compromises segmentation.

; ROC curves for sample at different SNRs Table 4 ROC Areas
oof Peak SNR (dB) 105 11 | 115 | 12 | 125
0.8 1
07 TP1 (AUC) 076 | 078 | 08 | 085 | 087
,.08 i
205 TP2 (AUC) 078 | 082 | 083 | 086 | 0.88
% 04
., TP3 (AUC) 091 | 093 | 094 | 0.95 | 0.96
o TP4 (AUC) 091 | 093 | 093 | 094 | 095
0.1 ——S8NR=12dB., A =092
SNR=9dB., A=0.T1
B or 02 05 o1 05 08 & o o TP5 (AUC) 092 | 094 | 095 | 0.96 | 0.96

1 - specificity

Figure 4 Example ROC curves

The RQC curve may provide further guidance with threshold evaluation. The suggestion is that, in these
examples, the optimal threshold value will correspond to the point on the curve that is closest to the top left
corner gensitivity = 1 1-specificity = § or: -

thyy,, = ming/(1 — sensitivity,,)? + (1— speci ficty,,): (3)

The resulting optimal thresholds for the original five test pieces are found to be in the tight range of 3.9% to
4.7%. As the SNR is reduced then at around 11 dB they converge towards 4.9% for each test piece. These
results are constent with the K&I threshold values obtained in table 1 and table 2.

The main requirement of image segmentation is to identify all anomalies. Some false positives can be
tolerated but if the number is large the technique becomes useless. The ROC angbesss that the
threshold values produced by the K&I imetl provides a good compromise.

Table 5 gives results of thresholding a test piece containing 6 faults with threshold values of 3.9%, 4.7%
(corresponding approximately to the range of K&l values T®&1 and TB2 in table 1) and 9.4%
(corresponding to the lowest Otsu value). Noise has been added to the test piece to reduce the SNR of the

small est fault to 11.5 dB. The 6Fault: Sectorsédé co
fault. Foreach threshold | evel (Th) the corresponding 6
sectors identified by the test bench. The O0Areab
region in the segment ednnicomairgsenore thiam @me emumben this indkates a 6 «

either more than one instance of the fault in the sector or the fault has segmented into two due to a high
threshold value.

Table 5 Test Bench Results (SNR = 11.5 dB)

Fault Th =3.9% Th=4.7% Th =9.4%
No Sectors Area Sectors area Sectors area | Sectors
1 5 9,7 3 54 3 Not detected
2 9 33,25,24 | 6 29,24,18 | 5 6,4 2
3 14 286,61 14 266, 55 14 118,43 14
4 7 48,33,20 | 6 33,32,16( 5 12,2 3
5 12 76,74,68 | 11 72,69,60 | 10 11 5
6 23 186,61,9 | 23 173,535 | 23 97,3 20
False Positives 203 57 4

For the threshold values of 3.9% and 4.7% all faults are identified. At a threshold of 9.4% fault 1 is no

longer detected. To be of practical use the approach must minimise the number of false positives. As
expectedhiese reduce as the threshold is increased. However the size and number of true positive sectors
reduce, making the detection more marginal. For a threshold of 4.7%, 57 false positives are listed, however
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many of these have a size of 3 pixels or less;lithaly account for 44 of the false positives. It is unlikely

that these indicate faults giving some scope for furtherrastessing. This might, for example, include
locating the centre of the potential anomaly within the original 3D volume. From #resityt values of the
interconnected voxels a O6massod6 valwue for the ano

6. CONCLUSIONS AND FUTURE WORK

This work has investigated the use of image segmentation to identify anomalies in a sequence of sector
scans tken from welded austenitic steel blocks. In practice such inspections produce a large amount of 3D
data that is time consuming to inspect even by computer. By extracting peak values fromseachtife
resulting 2D image is far easier to process. Threshglis now the simplest way to detect anomalies and

the reliability of this approach has been investigated. Determining a threshold value is a critical. This can be
done using a reference block at the discretion of an inspector or automatically usireshelthng
technique. In the latter case the K&l method of thresholding has proved to be more reliable than the ME or
Otsu methods.

A major obstacle is that a reference block will not always be available. Under this circumstance it becomes
desirable to awwmatically detect regions that are background without any prior knowledge (other than the
constraint that the weld geometry is constant). In the case of backgresocahé at the same angle and
across consecutive sectors take the same path through thangehave a similar pattern. Any variations

are statistically small and occur at around specific samples points (for example those corresponding to the
fusion face or a weld cap). Providing fauttethns ar e
and detect any anomaly.

This type of problem is not unique to NDT. For anomaly detection more generally the use of Robust
Principal Component Analysis (RPCA) [9] is receiving attention. This is an extension to conventional PCA
which itself sharesa@ne of the limitations described here. However RPCA has the potential to extract
normal behaviour (background) statistics even when the training data itself contains outliers (anomalies). A
condition of this being that, during training, outliers are sparke expectation is that most welds are in

this category (i.e. they are mainly fault free). The application of RPCA is the subject of further work in this
area.
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ABSTRACT

This paper sets out an innovative, tatage approacto wear debris particle analysis for-site equipment

health monitoring. The approach takes account of the fact that conventional laboratory oil testing has
recently become less useful for timely condition monitoring information due to the advent of/éapr
lubricant formulations and more efficient filter designs. The-stage approach uses the latest advances in
onsite imaging hardware combined with software that contains an extensively researched knowledge base,
which has captured the diagnostic iskiind experience of a number of expert wear debris analysts, each
with decades of handm experience. First stage testing uses the latest computer vision technology to
visualise fine debris. This enables-site maintenance professionals not only toatdli size and count
particles but also to analyse fine wear debris as small as 5 microns, offering timely equipment health
information that few specialist laboratories can match. The second stage consissit®f ioiservice filter
analysis triggered bthe appearance of abnormalities in the fine debris particles during first stage analyses.
Innovative, ASTM D7684L1 compliant, diagnostic wear debris particle analysis software then uses the five
level severity rating advocated by the standard guide thathtimely, graded alerts do not allow wear to
escalate to a critical level. The paper includes the results of a forensic case study illustrating the way in
which a catastrophic bearing failure, costing millions of euros in critical equipmenttitoecaild easily

have been avoided had the two stage condition monitoring methodology been applied.

Keywords: Tribology, Condition Monitoring, Wear Debris Analysis.
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1. INTRODUCTION

This paper sets out an innovative, tatage knowledgéased approach to wear debris analysis fesitmn
equipment health monitoring. The need for a two stage approach arises because conventional laboratory oil
testing has becomkess useful for machine health monitoring. This is due to the advent of improved
lubricant formulations and more efficient filter designs, which either remove or significantly delay the
appearance of standard, ddtéven condition monitoring alert signafsom in-service lubricant samples.

First stage routine monitoring is of microscopic debris and uses the latest computer vision technology[1] to
analyse fine debris in order to extract previously inaccessible, important visual cues from images of
particlesas small as 5 microns. Abnormalities in the fine debris then trigger early warning alerts to activate
the second stage analysis.

Second stage diagnostic analysis is of macroscopic debris extracted fsemvige filters or magnetic
plugs. This uses iatactive software[2] with a knowledgmase for wear debris identification and the
associated five level severity rating advocated by the ASTM D1@8gtandard guide[3] to inform timely
and appropriate maintenance action, which can help to avoid coséy d&rms or critical unscheduled
downtime.

2. THE NEED FOR TWO-STAGE ON-SITE CONDITION MONITORING

Technological advances in lubricant formulations and more efficient filter designs should logically have
made equipment health monitoring easier. Howevas, it not the case if monitoring is restricted to
conventional oil and debris analysis methods. This is because:

76


mailto:v.leavers@V4L-group.co.uk

COMADEM 2017 University of Central Lancashire, UK.

1. Innovative highperformance additives and improved synthetic base oils are more chemically stable and
robust. Provided they are used propentygl not allowed to become contaminated in storage or use, they
should give reliable service. This means that, for most machines, standard laboratory oil tests are only
useful to confirm that: the equipment was filled with the correct grade of oil; thectarade of oil
was used for topips; and the oil left in the machinery has not become contaminated and/or exhausted.

2. The end result is that moderngarvice lubricants are now less likely to reveal machine wear problems
when tested by standard laborgtmethods such as viscosity and TAN/TBN measurements etc.. This is
because the new lubricants are chemically more stable and are less affected by overheating or abnorma
wear, than previous lubricant formulations.

3. Despite better lubricants, wear stillaars and wear debris particle monitoring remains the best way to
detect faults in lubricated machinery. However, improved filter designs now trap large wear and
contaminant particles more efficiently, leaving fewer in the lubricant to analyse by metlobdassu
particle sizing and counting and ferrography.

3. TWO-STAGE WEAR DEBRIS ANALYSIS

To-date it has been the accepted wisdom that it is not possible to extract condition monitoring information
from images of particles smaller than 20 microns other thaizéoamd count them. However, dedicated
research has produced advances in computer vision technology[1l] that now allow important visual
information to be retrieved from images of microscopic particles as small as 5 microns.

3.1. First stage testing

First stagedsting consists of analysing microscopic debris using-efatee-art computer vision imaging
technology [1]. In addition,@omatic particle sizing and counting software has been developed, which is
uni quetasdpbay@gand does taoigput subjective, inragerocedsirg thueshelds in

order to distinguish particles from the background image. This makes it ideal$itearse where the end

user may not have the skill or training necessary to set such threshbk&lsiew particle sizip and
counting hardware and software technology is compliant with the ISO 4406 and 4407, NAS 1638 standards
and also the SAE ARP598 standard.

The new technologwllows previously inaccessible, important visual information to be extracted from
images of paicles as small as 5 microns. The software does this by detecting and amplifying important
visual cues such as colour and shape. Detectable abnormalities might include: a significant increase in the
number of particles <6 microns coupled with the appe&raaf corrosion particles; evidence of
contamination by mineral particles coupled with fine cutting wear or the appearance of fine temper
coloured particles.

3.2. Second stage testing

Once the second stage analysis is triggered by abnormalities in the fimeseupic wear debris the-in
service filter or magnetic plug is removed and the larger, macroscopic wear debris particles are extracted
for further analysis using software based on an innovatéwe concept in wear debris particle analysis
developed spedifally to meet the needs of @ite technicians[2]. The software is compliant with and uses

the particle classifications and nomenclature given in the ASTM DI&8%tandard Guide for the
microscopic characterisation of particles fronsarvice lubricant§3].

The software provides the @ite maintenance professional with access to an ekpewledgebase of the
fundamentals of wear debris analysis in order to assist in the identification of transitions between benign,
active and critical wear patternts is ideally suited for ofsite situations where the level of training and

skill of the attendant technician may require substantial support. The user is taken from the particle image
to the relevant information without the need to first interpret dexnparametric data relating to particle
morphology. This ASTM D76841 compliant, diagnostic wear debris particle analysis software also uses
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the five level severity rating advocated by the standard guide such that timely, graded alerts do not allow
wearto escalate to a critical level.

3. FORENSIC ANALYSIS IN THE CASE OF A CATASTROPHIC BEARING F AILURE

A forensic check was carried out in the case of a catastrophic bearing failure due to misalignment and
serves to illustrate that the tvetage approach woulthve detected the fault at a stage when it could easily
have been remedied.

Misalignment in rolling element bearings causes uneven cyclic loading which can exceed the design
parameters of the bearing components and materials, eventually leading o faitially the cyclic loads

caused by misalignment may be insufficient to break the oil film. They are transmitted hydraulically to the
metal surfaces, causing fatigue micmacking and spalling of the inner and/or outer rings and the
balls/rollers. Theparticles produced by the fatigue wear vary in size and number according to the size and
speed of the bearing; the load; the metallurgy of the materials; and the type and extent of the misalignment.
However, even at this early stage microscopic part{@d® microns) showing evidence of tempering will

be generated and these were seen in the archived filter patches routinely created in order to size and count
particles in the sampled lubricant. While the sizing and counting results did not exceedntheratarwith

respect to the specified ISO 4406 cleanliness code, microscopic tempered particles had already begun to be
generated. Analysis of a time series of archived filter patches showed that the percentage of tempered
particles in the samples incregisexponentially while the size and count resaitd the standard TAN and
viscosity tests did not exceed their alert levels

Had the two stagapproach been used the continued increase in microscopic tempered particles would have
signalled a need to move and check the filter. That is, once tempered particles are detected the lubricant
should be sampled more frequently and a note kept of the percentage of tempered patrticles in the sample. If
the fault is temporary the percentage of tempered particdgsraduce or simply not increase over time.
However, if the fault is owoing the percentage of tempered particles will cascade and increase
exponentially. This is the signal to remove the filter and begin the setagd analysis of wear debris
particles

In this case, examination of the filter revealed that some of the macroscopic particles showed direct
evidence of fatigue microracking, while others were reworked and flattened by entrainment in the rolling
contact of the bearing. Reworking causesalooverloading and further fatigue damage to the bearing
surfaces. In this case the damage had been left unchecked and had cascaded. Surface scarring of the rings
and balls/rollers had disrupted the oil flow within the bearing leading to loss of lubnicateiaito-metal

contact and adhesive wear. Damage to the cage had also occurred. The bearing had overheated and locked
up. The twestage approach would have produced a maintenance action alert that could have halted the
damage caused by misalignmentraearly stage and before the fault had caused a catastrophic failure.

4. CONCLUSIONS

Because the twetage approach takes account of the step change in lubricant formulations and filter design
it meets the various challenges posed bgite condition moniting as detailed below

Advanced wear debris analysis using stHtéhe-art digital imaging hardware and software can distinguish
temporary and ogoing wear situations in a way that conventional oil monitoring tests such as particle
sizing and countingyiscosity and TAN measurements cannot. For example tempered steel particles are
symptomatic of lubrication starvation, misalignment or heavy loading. The onset of these conditions can be
seen in the fine debris particles before it is evident in the st&AdEX or viscosity tests. This is because

local wear conditions do not usually generate sufficient heat to oxidise the bulk of the lubricant and will
therefore not be detectable by standard laboratory tests until the condition is well advanced. Trehding of
percentage of fine tempered particles can help to distinguish between transient-gmicdgowear
conditions.
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Standard laboratory oil testing produces sets of numbers that may be difficult to interpret in relation to
maintenance action. Moreover, clgas in the various oil test results may lag behind the onset of the wear
condition. This can lead to a simple stop/go maintenance strategy in which costly false alarms are
unavoidable. The two stage approach uses visual cues associated with both theopiicrand
macroscopic wear particle debris to determine the root cause of the problem and this informs timely and
appropriate maintenance action. This can help to avoid costly false alarms when equipment is taken out of
service before it is necessary orlmps more importantly stop equipment from being leftérvice when it

is critical, which in some industries can lead to fatalities.

When large, critical equipment situated in remote, harsh environments fails unexpectedly it can take many
weeks to arrage to repair or replace it. For this reason advance warning of necessary maintenance or
replacement can offer significant savings and avoid the losses incurred by avoidable, lengthy deferred
revenue situations due to equipment unexpectedly needing tokée ¢at of service. The twstage
approach can help to determine not only the root cause of an equipment problem but also the appropriate
maintenance action according to the five level severity rating advocated by the ASTM-Ti768hdard

guide. Thus, asiding the heavy losses associated with unscheduled critical equipment down time.

Maintenance professionals are able to carry out the checks needed in-giagevapproach esite. This is

the ideal place for equipment health monitoring as engineerausa their extensive knowledge of the
equipment to put condition monitoring data and information into the context of maintenance schedules and
reattime data: speeds, loads, temperature and oil pressure or unusual operating conditions. Use -of the two
stage approach and statd-the-art digital imaging equipment combined with interactive software support
offers a cost effective esite diagnostic capability to rival that of most specialist labs.
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Wind Turbi ne Fault Detection by Monitoring its Rerformance Using
High-Resolution SCADA Data
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ABSTRACT

Much effort is recently dedicated to develop comditmonitoring system (CMS) for wind turbines (WT)
utilising the data of the Supervisory Control and Data Acquisition (SCADA) system. Performance
monitoring is a fundamental task in the development of CMS for WTs. Component malfunction can
influence the pdormance, resulting in significant deviations. The most widely approach is monitoring WT
performance through its power curve. WT power curve can be modelled either with parametric and
nonparametric approaches; control charts based on residual monitoeng aseful tool to detect
performance deviations. While many contributions have been made in WT power curve modelling, no
correlation between performance deviations with real component failure data has been studied. This paper
aims to address WT fault aattion capabilities of performance monitoring techniques. First-ctdate-art
machine learning techniques are used to model WT power curve based dretpigincy SCADA data.
Indeed, most of the power curve modelling technigues rely on the usenahite data, that may smooth
dynamic effects. Then, performance deviations are categorised by faulty WT component by using the
SCADA alarm system. Finally, fault detection capabilities are proved by comparing detected deviations in
healthy and faulty wind tbines as gathered in suitably documented failure information.

Keywords: Wind turbine, Operation and Maintenance, Performance Monitoring, SCADA, Fault detection
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1. INTRODUCTION

Wind power installed capacity accounted for 51% of total installations in 2016, being the main source of
installed power among generation facilities in Eurg¢ple Although some countries have seen a notable
slowdown, the sector is stilllgwing with new onshore installations and wind turbines (WT) of increasing
size; furthermore, offshore wind has experienced remarkable growth rates over the last years. This large
scaledeployment has brought challenges to the operation and maintenant® @&vind farms. WT
failures together with poor accessibility contribute to high O&M costs and have a strong impact on
downtime and thus on annual energy production (AEP). This is especially critical for offshore wind farms,
as shown in[2]. Predictive maintenance is a promising approach for reducing the O&M costs; early
detection of failures not only contributes to better maintenance planning but also to increased turbine
availability and AEP. Condition monitoring is a tool commonly emplofgdthe early detection of WT
failures. Many condition monitoring systems (CMS) developed for WTs are comggpesitic and
usually require the installation of costly additional equipni8ht Alternatives solely based on the use of
data from the @pervisory control and data acquisition (SCADA) system are very promising as these data
are readily available on modern WTs. Since failures of critical components may negatively affect WT
performance, monitoring it is an important step in SCAESed condiion monitoring. Deviations from
faultless performance might be used as indicators of upcoming failures.

Performance monitoring is generally synonymous with monitoring WT power curve. A reference power

curve should capture WT performance under normal ¢giparand it can thus be used to detect deviations.
However, building this reference is not straightforward. Using the ideal power curve provided by a wind
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turbine manufacturer is not possible, since it is only warranted under specific conditions. yn cadiite
conditions may be quite different from those stipulated in the turbine supplier agreement (TSA), and power
curves are greatly influenced by several phenomena, e.g. atmospheric sfdhilityind shear and
turbulence intensit{5], but also by control strategies and component conditions-ddiaten methodology

is a widely used approach to model WT power curve since it allows to take into account any feature
inherent in the data.

Many approaches for WT power curve mottgllcan be found in the literature, especially ehigen,

based on data mining and machine learning algorithms. These can be classified as either parametric or
nonparametric algorithms. Some parametric examples are polynomial regre$8long], logistic
functions[8], [9], linearized segmented model, the linear Hinge mod¢10] and the modified hyperbolic
tangenfi11]. While parametrienodels can be summarised as a function that maps input variables to output
variables, nosparametric algorithms do not make prior assumptions about this mapping function. These
have been widely applied to power curve modelling. Kusial.etrere first toapply knearest neighbour
(k-NN) in [8], used subsequently {d2], [13]. Many contributions have been made investigating neural
networks (NN). Setlbrganised map (SOM) and artificial neural networks were used to detect performance
degradation[14]. Underperformance was also detected[iB] by the use of autassociative neural
networks (AANN). Other examples can be founddh [12], [16]i [18]. Datamining algorithms were also
investigated by Lidia et al if9]; an interesting comparison between parametric andpacametric
algorithms for power curve modelling was shortly after published bgaingeauthorg19]. Kernel methods

were explored if20] and recently if21], where Ouyang et al successfully built a power curve by the use
of support vector machines. N@arametric models hawaso been used to monitor the whole wind farm
power[22]i [24]. Gaussian proce$47], [25], [26] or copula modelling27] are interesting approaches to
obtain confidence levels for power cumnitoring. Finally, although it is a complex process influenced

by several phenomena, few examples can be found involving multivariate power curve m¢@2ig])ifep],
suggesting an improvement in modelling accuracy.

In general, noiparametric models are more accurate gharametric. Indeed, a power curve should reflect

a chain of complex conversion processes, which moreover varies according to different operating regimes.
Nevertheless, while much effort has been devoted to power curve modelling and monitoring, not many
contributions discussed the reason for power deviations, particularly related to component status.
Degradation was detected prior to a gearbox failufé]imand deviations were observed during a generator
overtemperature fault ifi26]. This is undoubtedly due to the lackfailure data- access to dasets is

often proprietary. Brthermore, most of the contributions usedniiiute aggregation SCADA data as it is

an industry standard. We believe this aggregation may hide rapid events, as stfit@d inew
highrresolution SCADA systemshould allow to represent dynamic turbine behaviour with higher fidelity
and therefore improve detection capabilities. In this paper;reiglution SCADA data are used together

with SCADA logs and suitably documented failure information to develop thadelogy for WT fault
detection by monitoring its performance. For this purpose, attate power curve modelling techniques

are applied. The performance of a healthy turbine and a turbine affected by a gearbox failure are compared.

The paper is orgased as follows. Sectidh describes the whole proposed approach. Se2tibnovers
data description and prrocessing methodology and sectihf discusses modellingnd uncertainty
assessment for monitoring purposes. Se@ialiscusses accuracy of the different suggested models. In
section4, a case study is presentedhene performance is monitored for two limes one faulty one
healthy,in a concurrent period before a failure. Finally, conclusions can be found in $ection

2. METHODOLOGY
The framework developed integrates both operational and alarm log SCADA data to produdeaaiabellt

power curve model together with a related uncertainty, to build a normal performance reference. Actual
power observations outside normal performance are detected as events of underperformance and
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categorised by component or issue through the fiségaom logs. A general sketch of the methodology is
shown infigure 1

I
L \ 4
Operational Fower Power No
data modelling residual L
SCADA Pre.processing S|gr.]|f|(.:ant
system _ deviation?
Alarm logs Uncertainty Normality
assessment thresholds Yes
I
! A

Figurel. Suggested framework for wind turbine performance monitoring.

2.1. Data description and preprocessing

The SCADA data used in this paper comes from a commercial wind farmfrdatdaurbines Hhealthy

and F(faulty) were used in this work. The two turbines, located next to each other, should be exposed to
similar local conditions. Three full months of higésolution data were collected: the first month was used

to train moded in both turbines, while performance was monitored during the two other following months.
Dates were chosen as WTF exhibits a gearbox failure on 21/03/2015. A description is pregehted.in

Tablel: Description of the datasets

Dataset Duration Sampling interval Description

WTH -1 01/01/2015 01/02/2015 4-second Training datd 146090 observations
WTH - 2 01/02/2015 01/04/2015 4-second Monitoring data’ 260440 observations
WTF -3 01/01/2015 01/02/2015 4-second Training data 99107 observabdns
WTF-4 01/02/2015 01/04/2015 4-second Monitoring data’ 256453 observations

Operational data, i.e. nacelle wind speed, air temperature, pitch angle, rotor speed and activeepawer,
flagged by the integration of the alarm logs, translated intoponentrelated information. The SCADA

logs are records of relevant information or issues affecting each wind turbine. An alarm is activated when
an incident occurs or to keep records of any operational status change. Based on a modernised wind turbine
taxonomy[30] and original technical documentation from wind turbine manufacturers, each unique alarm
codewas manually associated to a spec#itrsystemandassembly Each operational data record can be
therefore related to an affected component or a specific issue. More information can be found in research
previously published by the authdBl]. The data registered while wind turbine was experignamissue

were discarded during the pqgrocessing phase. While some previous work keeppreessing to a
minimum [29], we believe this step is crucial for poweurnee modelling accuracy. Data flagged as
abnormal can be seenfigure 2 All figures presented here are normalised for confidentiality reasons.
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Figure2. WT normal vs. abnormal performance as flagged by compeaktéd logs.

To ensure faultlessepresentation of WT operation, further abnormal performance filtering was applied
based on multivariate curve approach and machine characteristics. The understanding of WT performance
is highly improved as one can seefigure 3 Pitch angle and rotor spe allow to clearly identify the
different operating regimes.
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Figure3. WT power curve varying depending on blade pitch angle (a) and rotor speed (b).

It has to be mentioned that the variables used in this work exhibit an unevenly dtriieg time. Data
registration often depends on the SCADA system configuration; while wind speed and power are recorded
every 4seconds, air temperature is only updated every 10 minutes. To overcome this heterogeneity, data
were resampled by linear int@lption between consecutive observations. This assumption can be made due
to the low rate of change of the air temperature.

2.2. Performance modelling and uncertainty assessment

In this section, we characterise WT performance by multivariate power curve mgdklliall, six models

were trained and tested by using afdld crossvalidation, by randomly dividing the observations into-ten

folds of approximately equal sizes. Uncertainty related to predicted power was also assessed for each
model. For monitoring grposes, it is important to build a threshold of normal operation that should account
for prediction variability. The tested models are described subsequently.

1 M1-Method of bins (MOB)
The method of bins is a data reduction procedure defined in the staBdar6140012-1 [32] to

measure the power curve of a single wind turbine, used as a characteristic of its performance. It relies on
the reduction of the dataset into meatues per wind speed intervals, called bins. For each bin, centred
on a multiple of 0,5n/s, the wind speed and power output are reduced to the calculated mean, that is:

Each bin is therefore represented by a vector of wind speed and power outpus prager, the
predicted power was obtained by applying the reference power curve to the nacelle wind speed, where
the reference power curve was built through a linear interpolation between bins. Normal performance
thresholds can be built based on the déad deviation of power in each bin.

1 M2i Generalised Linear Models (GLM)
GLMs are an extension of linear modelling framework to response variables that are not normally

distributed; they can therefore be used to model continuous, ordered and unordereindatan
underlying linear relation between explanatory variables and response may not be the same for the
whole power curve, data were partitioned according to the different operating regimesy Beng

power,x; the wind speeds: the pitch anglex; the rotor speed arwh the air temperature, five different

regions were identified, as one can seéalrle 2 The definition of the regions was done according to

the changing rates of variation oktpitch angle and rotor speed. Concerning uncertainty assessment for
normality thresholds, confidence intervals can be built based on the prediction and the standard error of
the prediction (standard error of the fitting).
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Table2: Description of the da partitioning for M2 training

dy dy dy dy

6.1:1 6.1:2 6.1:3 6.1:4
Region 1 70 w0 &0 -
Region 2 =0 <0 Fixed rotor -
Region 3 =0 =0,=0 = —
Region 4 =0 =0,=0 Fixed rotor -
Region 5 ®0 ®0 0 -

9 (Increasing wind speed) (Increasing pitch angle) Fixed rotor
1.004 Region
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o
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@
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Figure4. Data partitioning for trainig of M2.

1 Non-parametric models.
Four nonparametric models were selected based on the literature (see §pclibese are -kearest

neighbour (M3 kNN), regression trees (M4RT), random forest (M5RF) ard support vector
regression (M6 SVR). Detailed information about these algorithms can be fou[88in
The KNNJ8], [12], [29] approach predicts a new sample usingktlbosest samples from the training

dataset; the setted distance between samples is the Euclidean distance. The predicted response for a
new observation is the mean of th@earest responses in the training dataset. The paramgter 22)

was selected in order to ninise the testing error. RT&9], [34], [35] partition the data into smaller

groups that are more homogenous with respect to the response. The algorithm determines the predictor
to split and itsvalue, the depth or complexity of the tree and the prediction equation in the terminal
nodes, that can be simply the average of the training set outcomes in that node for prediction. The
methodology applied here is based in the debtwn classification ah regression tree (CARTB6].

While in standard trees, each node is split using the best spligaaorariables, in RFE], [29] each

node is split using the best among a subset of predictors randomly chosen at that node. Detailed
information can be found if87]. Finally, SVR[8], [21], [38] is the unique kernel method applied here.
Kernel methods require a specified kernel, i.e., a similarity function over pairs of data points in raw
representation. Radial Basis kernel (Gaussian) was selected here asrrnm@wledge is supposed

about the data.

Uncertainty related to prediction was assessed similarly for each method, based on the residuals from the
training dataset, as stated[8]. Normal performance thresholds were built based on the mean residual
(Kerain) @nd the standard deviatiosi-{.::), as shownri the following equations. The parameteras

selected in order that 95% of the training residuals were retained within the normal performance
thresholds.

Upper Normal Performance = Uepain T 1 I,Gtr—i
3 Ntmin

Otrain
W Nrmin
This approach is valid in the case of the homoscedasticity; however, both the yawes or the
residuals between predictions and actual observations show a clear heteroscedasticity. Therefore, the

way normal performance thresholds are calculated is not suitable for our case. To overcome this issue,

Lower Normal Performance = Uppgin — 1
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data were partitioned again, creatidifferent thresholds for the different operational regimes, as one
can see itfigure 5
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Figure5. Normalised residuals varying according to pitch angle (a) and rotor speed (b), and data partitioning for mean an
deviation catulation (c)

3. MODELLING ACCURACY R ESULTS

The six suggested methods were applied to dataset WITKseetable 3. Modelling accuracy was
evaluated through two performance metrics: mean absolute error (MAE) and the root mean squared error
(RMSE). Resultare summased intable 2

N
1\
MAE =2 I5;- ¥
i=1

=
RMSE= (2 (= )?
_\.| i=1

Table3: Results for modelling accuracy

Model MAE RMSE

M1 7 Method of bins 0.02733 0.04876

M2 1 Generalised Linear Models 0.01882 0.03651
Region 1 0.00089 0.00145

Region 2 0.00863 0.01164

Region 3 0.01715 0.02157

Regobn 4 0.06474 0.08210

Region 5 0.00432 0.00576

M3 i k-Nearest Neighbours 0.01868 0.03763
M4 i Regression Trees 0.05344 0.07764

M5 i Random Forest 0.00955 0.01951

M6 i Support Vector Regression 0.02257 0.03948
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Figure6. Real (red) and predicted pewby M5 (blue)

4. CASE STUDY: PERFORMANCE MONITORING OF A FAULTY WIND TURBINE

Since M5 and M3 were found to be the more accurate, they were used for monitoring purposes. Models
were trained with dataseWTH 1 1 and WTH 3, and then power residuals wer®nitored during the

period from 01/02/2015 t61/04/2015 using dataset¢VTH 1 2 and WTFi 4. Residuals detected outside
normal performance thresholds were flagged as events of underperformance. As a result, the number of
detected events in each turbimerh 01/02/2015 to 21/03/2015 (date where the WT4 was affected by a
gearbox failure) are shown figure 7.

6000 - 6000 -

4000+ 4000+

== Faulty WT

2000+ & Healthy WT

Time to failure (days) Time to failure (days)

(a) (b)
Figure7. Number of underperformance events detected in each turbine before the failure. Power was predicted by M5 |
M3 (b)

The number of events detected is greatly superior in WTF, especially from 30 days before the failure. As
mentioned in sectiof, categorised alarm logs from the SCADA were used to ascertain the reason for the
underperformance detected. As a result, the breakdown of the detected events in both turbines is
summarised imable 4 The number of detected events are presented as a percentage of observations.

Table4: Events of underperformance detected for WTH and \&&tEgorised through the alarm logs

M5 M3
Affected component / Cause Healthy WT Faulty WT Healthy WT Faulty WT
Normal operation 13.15% 16.60% 7.29% 11.15%
Weather related events 5.25% 3.46% 5.25% 3.46%
Others 3.95% 13.07% 3.55% 12.08%
Yaw system 0.28% 0.90% 0.38% 0.90%
Gearbox assembly 0.00% 0.40% 0.00% 0.40%
TOTAL 22.64% 34.43% 16.47% 27.56%

Both models detected similar number of abnormal performance during recorded issues, being in any case
superior in WTF. However, both detected many underpadoce events while turbines were supposed to
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have a normal operation; this could be understood as false positives. The greatest difference between the
two turbines is that the faulty turbine registered alarms related to the gearbox, while the heatibty did

This, together with the difference in number of total events detected could be considered as an indicator of
the developing gearbox failure, proving therefore the detection capabilities of the proposed methodology.
Finally, only critical components @htified in[31] were highlighted; it would be necessary to consider a
more detailed breakdown in order to understand which components were malfunctioning marked here as
AOt her so.

5. CONCLUSIONS

This paper presents a methodology where-nggblution SCADA data are used together with SCADA logs
and suitably documented failure information for WT fault detection by monitoring itsrpemhce.The
performance of a healthy turbine and a turbine affectea tgarbox failure are compared in a caseys
proving the fault detection capabilities of the suggested approach.

Modelling results suggest that the use of higbolution data improves accuracy. Nevertheless, further
research should be performed to confirm this. Similar to previous contributi@mparametric models

were found to show better accuracy than parametric techniques. Indeed, the relation between wind speed
and power is not governed by a unique mapping throughout the different operational regimes. As a result,
accuracy in modellingdmefits from a multivariate approach, that better accounts for power variability and
permits a more conscious data partitioning. Nevertheless, multivariatpanametric approach relies on
including the whole gamut of data for the different predictord, this may be difficult for some variables

as, for example, the pitch angle; due to thegoeessing it is very likely that data registered during stall
regime would be filtered out from the training dataset.

Finally, the assessment of uncertaintyed or building the normal performance thresholds remains the
strongest drawback of the suggested methodology, showing a high number of false positives in the case
study presented. Further research should focus on improving uncertainty assessmenpéoameric

models. Interesting approaches are Gaussian process and copula modelling for power curve modelling,
since they provide predictions together with confidence levels.
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ABSTRACT

The overhead catenary system (OCS) is one of the mosttampsubsystems for electric railway. Due to
absence of their redundancy, the accigdbéetweenthe OCS andhe pantograph result in longperational
dowrttime. To prevent such accidenédarge amount of manpower is necessaryitomaintenancevork.
However, laboisaving related to the maintenangerks hashecome a very important subjéntpreparing
the incoming of agingocietyin Japan

Installation tolerance and maintenance criteridhefOCS (contact wire height, gradient, stagger, overlap
configuration, and so on) are specified ftre static condition. These values are checked thy
maintenance personnel. Maintenance can therefore be made efficiently if it is possible to estimate these
static geometries with the data obtainedamjinspectionvehicle. The current inspection vehicle however
measureghe pantograph height instead of the static contact wire height. The pantograph ibeigit
identical tothe static contact wire height since the pantograph height includes dynamic uplift ohtaetc

wire.

In this paperthe authors propose the method to estimate the static contact wire height for OCS systems by
means of the data measured by the inspection vehicle. The estimationkrgshissmethod on two kind of
OCS types agree very well thithe measured static height of contact wire.

Keywords:Diagnosis Pantograph Contact Force, Static height of contact wire, Maintenance

Corresponding authorMr. T. Usuda(usuda.takayuki.99@rtri.or.jp)

1. INTRODUCTION

OCS is one of the important equipmenf an electric railway. Due to absence of redundancy, acsident
result in long operational dowtimes.To prevent such accidentslarge amount of manpower is necessary
for its maintenancevork. At the same time, givethe incoming ofageing societyJamn facesan urgent
need to reduce labdémtensive maintenanc®ecentlya large amount of researghave been conducteih
orderto effectively usethe data collected byhe inspection vehicleso facilitate maintenancé 2 Bl, For
reducing the maieihance cost theoaditionbasedmaintenance methods have been also stutlied

Installationtolerances andnaintenance criterifor the OCS (i.e. contact wire height, gradient, deviation
and overlap configuration, and so on) are specified for static gfepiwf the OCS Theseindices are
checked bythe maintenance personnel. Maintenance would therefore be easiesrpbgsible to verifythe
static geometry from the inspection vehicles. Tho®stedthe need for a method which can evaluate the
static gemetry ofthe OCS.

The airrent inspectiorvehicleshowever measurthe pantograph height instead the static contact wire

height the pantograph height is not identical to the static contact wire height since the pantograph height
includes dynamic uplifof the contact wire. Stereo image processing techniques show promise for static
geometry measurement, but itnist easyto be appliedto on-board measurement at high speed.
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The authorshave beerstudyng amethod to estimate the static contact wire hiefghm the data measured
by inspectionvehicles®. This paper proposes method to estimate the static contact wire heafhthe
OCSwith the span lengthgriation In this method, s.a preprocessingthe authorsnumericallyobtain the
dynamicbehaviair of OCS when vibration forces being applied to the contact wire in several Eases.
thesesimulationresults the dynamic characteristicstiogé OCS are calculated. The static height of contact
wire can be estimated frothesecharacteristics, the pagraph contact force and the pantograph height. It
also presenttheresultsof verifications of the proposed method througaline testsresultsof two kind of
OCS types

2. ESTIMATION METHOD OF STATIC HEIGHT OF CO NTACT WIRE

2.1. Transfer function method

To estimate the static contact wire height, this secpooposesa transfer function method:he static
contact wire heighis able tobe estimatel by this method taking into account the fluctuation of the
equivalent stiffness of the contact lifre the hange span interval. Thesimulatedexcitation test of the
contact line is executed in advance. The static contact wire gights estimated from the contact force
and the height of the first pantograph, ifgx) andy,., (¥, by using dynamic property of the contact line
calculated from theimulatedexcitation test. The details of the proposed method are described below.

First, excitatios of a contact wirall of whose static height at hangesints are identical araimulated for
10secby changing the excitation poirin this procedurethe excitation points are set on the contact wire
with aninterval of 1 meterin the 200m section, an@CS excitatiorsimulationis carried outwith a time

ste p b=D.lntpec. The excitation force isamof DC wave of 1N and random wave with variation from
-100N to 100N. The DC component in the excitation foicenecessaryto reflect the effect othe
pantograph uplift force. By using results of the exmtatsimulation the transfer functioni; (w) from
excitation forceacting onthe pointi to contact wire height at the observation pginan be evaluated as
below:

_Yi(w

H. (w)=
i (w) - )

)

Y; (w) : Fouier transformation of the contact wire height at observation point
F. (w) : Fourier transformation of the excitation force at excitation point

The impulse response functiq]r(t) between thexcitation pointi and the contact wire height observation
pointj was calculatedby computing the inverse Fourier transform of the transfer funla];i()m) . When the
pantograph is running at velocity the predicted value of the contact wire uplifti(x) can be calculated
based orconvolution integral of the first pantograph contact fafge at pointi and the impulse response
function as shown below:

ol (0= hy (x- 1 ) 1(i X0, ®
i=1

Because the pantograjs moving, the impulse response functianaluated atachexcitation point are
needed The contact force sampling interngl was setto be 1m and the sampling rate was adjusted
depending on thérain speed. To simplifynotation equation (3)is rewrittenwith an impulse response
matrix h as shown below:

L . T
gyupll(xm) - Yua (Xr50) ﬁ:héél(xl) = f(%) o fi( e s0) Tl]- (4)
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By preparing an impulse response matrix for each train speed in advance, the uplift ofdbewibatcan

be estimated in the estimation area from equation (4), based on the measured value of the pantograph
contact force of the first pantograph. Using the estimated value of the contact wireyyfiift and the
pantograph hehty (¥, it is possible to estimate the static contact wire heygh) with the following

equation.

yb(x) = ypan]_( )9 - yupi( )) (5)
2.2. Verification in the line test result ofcompound catenary

The statt contact wire height on a commercial line was estimbyetthe above mentionedhethod. In this
procedure, the dynamical simulation of excitationh@fcompoundcatenaryis executedn this sectionThe
excitation points are set on the contact wiligh an interval of 1 meterin the 200m sectioas shown in

figure 1 The tensions of the respective wires of the contact line used in this simulation are shalaa in

1. The samplindgrequencyof the simulation waset to bel0 kHz and the sampling rate wassampled at a
loweredfrequency Becausdhe pantograph moving at 270knifhthis section the sampling rate was set to

75 Hz which corresponds to 1m on spatial resolution. Based on this resampled data, the transfer function
was calculatedA graphic repesentation of the calculated impulse response maftégiuation(4) is shown

in figure 2. In this figure the origin of the XY axis is the support point which is the start point of estimation
area of contact wire height.

50m 50m 50m 50m 50m 50m 50m 50m 50m 50m

Tablel: Tensile forces of contact line

(High speed lines)

IIIIIIIIIIIIIIIIIIIII T T IIIIIIIIIIIIIIIIIIII IO Tension
i Excitation section: (kN)
. . . . Messanger wire 19.4
Figurel. Calculating conditiorof transfer functios - :
Auxiliary wire 14.7
Contact wire 19.6

Impulse response
(mmN)

Load sensor

Ho 00 Pantograph head Spring

Impulse response
(mmN)

A .
RN 50 oot Accelerometer
% ¢ ;
K o008 Articulated arm
0
9\9’5;:0/“ 0150 Acting positon of Figure 3.. Sensor setup for contact forc
& contactforce (m) measurement

Figure2. Calcuktion result of impulse response matrix
(v=270km/h)

The contact force of the pantograghd the pantograph height are measwed70km/h on actualhigh
speed trainThe contact force of the pantograph running was also measurtbeé hdgcelerometers arttie
load sensor&mbeddedn the pantograph headhe arrangement of sensors in the pgraph head is
shown infigure 3. The inertial force of the pantograph head was measured by the accelerometers and the
force applied on the pantograph helg the articulated frame was measured by tHead sensors
respectively. The contact force wdsrived from them[?. The contact force measured using this method
was sufficiently accurate for frequencies below l82. The pantograph height on the other hand was
measured by sensing the angle of the lower frame of the pantograph. Based on these meassutisient
the static contact wire height was estimabgdequation $) in about 1000m long sectionFor verification

of this estimationhe static contact wire height watsomeasured by temporargeasuring instrumerset
onatop ofcatenary maintenaneehicleat very low speed
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Figure4. Estimated result of static contact wire height by using transfer function method

The comparison between the estimated static contact wire hmighe transfer function method and the
measured one by theaimtenance vehicle is shown in figuteThe line test data were measured for a train
running at 27&nm/h. Figures4(a)(c) show the contact force, the estimated results of the uplift of contact
wire and the estimated results of the static contact wire height, respeciivaipuld be noted that the
distance points oévery 50m from200mto 1100n correspad to the support pointsf OCS Figure 4(d) is

the extendedversionof figure 4(c). From this result, the estimet static contact wire height sufficiently
agreeswith the measured heigtiigure4(d) shows that theroposed method casstimate the stat contact

wire height within an accuracy of abo#itmm for most sectionThe reason why the estimation result is
including some err ate distance positionr0ODmmay beconsidereds effect of verticavibrationof train.

2.3. Verification in the line test result of simple catenary with span lengths variation

In the previoussection, we apply the proposed method todbpoundcatenary. Because tloempound
catenary have the higher evenness of OCS vertical stiffness than simply categengral the conact

wire static height otompoundcatenary can be estimatadth relatively little effort In this section, we
apply the proposed method to measurement results in line equipped with simple catenatiie And
versatility ofthe proposedmethodto estimae the static contact wire heighitth span length variation are
verified. As an example, the case where all the span lengths of the OCS are 50m except for,ome span
shown in fgure5, is testedThe exceptional span length is 45m.

A B C D E F
50m 50m 50m 50m 50m 45m 50m 50m 50m 50m 50m 50m Table2: Tensile forces of contact line
(Conventionalines)

Line density{ Tension
(kgim) (kN)
Excitation section | Messanger wire 0.70 19.6
Contact wire 1.51 14.7

Figure5. Calculating conditiorof transfer functios

The specification®f the respective wires of the contact line usedhis simulation are shown ialile 2.
The excitatiors of a contact wireare simulatedin the same wawsthatindicated inthe section 2.1From
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Figure6. Calculded result of impulse response matrix

these excitation datampulse response matrixaée estimatethe uplift of the spanfrom C to Fwere
calculated A graphic representation of the calculated impulse response matrix is shtigur@®6. Figures
6(a)(b) showimpulse response matgs to estimatehe uplift of thespan C andhe span Drespectively

The static contact wire heightvith the spahengthsvariationwereestimated using thebovemethod The

static contact wire heiglibr this commercial line was actually measured by a catenary maintenance vehicle
as well The contact force of the pantogharunning atl27 km/h was also measured by fixirnge
accelerometers anthe load sensoren pantograph heaas indicatedn the section 2.2The pantograph
height was measured tgserdisplacement sensdBased on these measurement results, the statiact

wire height was estimated wittmpulse response matdg The comparison between the static contact wire
height estimated with théransfer function method and the measumstk by separate workn the
maintenance vehicle is shown iigdre 7. The length of sparfrom the distance positiod00m to the
distance positiod45mis 45m andhll of the other spatengthsare50m

250 5050
E [<) [<] [=] [<] 045m0 [=] [=|
200 £
= [
€ 150 E
8 -~ 5000
s 8
< 100 £
e 3
g 50 s
% 4950 Pantograph height
0 < Static height of contact wire
50 X X X '% Estimated result of static height of contact wire
200 300 400 500 600 ® 000 _° Supportpoint . ;
Distance(m) 200 300 400 500 600
Distance(m)
(a) Pantograph contact force (b) Estimated result of static contact wire height

Figure 7. Estimated result of static contact wire height by using transfer function method

Figures 7(a)(b) show the contact forcand the estimated results of the static contact wire height,
respectively.From the result of figure 7(b), it was found that the estingat static contact wire height
sufficiently agreeswith the measured heighiithin an accuracy of abo@0 mm.
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