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Abstract- This paper presents a completely unique period crack identification technique to
see the position and depth of a cross open crack on arod. A new developed wireless sensing
element capable of being mounted directly on the shaftis utilized to observe acceleration
at completely different points of the shaftin an exceedingly rotating system. The vibration
parameters obtained from the wireless sensors and
Finite part Model give operational knowledge to perform Modal Analysis with completely
different mock crack positions and depths, associated an distinctive relation between the
vibration  parameters @ and  crack  characteristics is  developed by  Neural
Networks technique operating as perform approximator to predict the crack size and site on the
shaft. The strategy was by experimentation valid and results have shown that the crack detection
sensitivity parameters rely on the acceleration signals at completely different points of the shaft.

Index terms: Crack detection, wireless sensor, modal analysis, finite part model,
neural networks, rotating shaft.

I. INTRODUCTION

Rotating shafts carrying disks area unit loosely utilized in several mechanical applications like
pumps, engines and turbines. it's determined that top speed and significant duty shafts develop the
wart wise cross-sectional cracks owing to fatigue at it slow throughout their life amount. Cracks is
also caused by mechanical stress raisers, like sharp keyways, abrupt cross sectional changes,
metallurgic factors, significant shrink fits, grooves, and alternative stress concentration factors that
promote the crack initiation. Once a crack is initiated it propagates and therefore the stress needed
for propagation is smaller than that needed for crack initiation. Once several cycles

‘operative stresses are also spare to propagatedthe\¢tack! The crack propagation takes place over a



particular depth once it's spare to form unstable conditions and fracture occur. it's vital to develop
new period of time based mostly not at all harmful techniques to predict the behavior of a crack so
as to avoid human and economical disasters.

Crack detection and diagnostic techniques is classified into signal-based and model-based ways. Y.
Narkis in 1992 [1] derived never-ending equation to see the situation of a crack on a consistent and
regular rotor. The crack was simulated by constant spring, connecting the 2 segments of the beam.
Narkis used pure mathematics equations that relate natural frequencies to beam and crack
characteristics. it had been found that the sole info needed for correct crack identification is that the
variation of the primary 2 natural frequencies owing to the crack. The responsibility of the projected
methodology was evaluated with finite component methodology exploitation ANSY'S package
giving acceptable results. K. Bikri, R. Benamar and M.M Bennouna. In 2006 [2] performed a
theoretical investigation of the geometrically non-linear free vibrations of a clamped—clamped beam
containing ANopen crack. The approach used a semi-analytical model supported AN extension of
the Rayleigh—Ritz methodology to non-linear vibrations. Stress was created on the backbone curves,
1.e. amplitude-frequency dependence, obtained for varied crack depth, and therefore the impact of
the vibration amplitudes upon the non-linear mode shapes of a cracked beam was examined. The
work was restricted to the basic mode so as to target the study of the influence of the crack on the
non-linear dynamic response with reference to the basic resonance.

G. M Owolabi. in 2002 [3] studied the vibration behavior of metallic element beams supported
changes within the natural frequencies and amplitudes of the FRFs. Galerkin’s methodology was
utilized to resolve for the frequencies and vibration modes in a very simulating model. Modal
analysis was performed within the experimental work using a twin channel signal analyser and
7 light-weight accelerometers placed at completely different points of the beam. Results have
shown that vibration behavior of the beams area unit terribly sensitive to the crack location, crack
depth and mode range. This study illustrates that measured parameters of frequencies and response
amplitudes area unit distinctive values. The distinctivevalues of the crack location and crack depth

were obtained by plotting the contour lines of the first 3 modes of the fastened beam. Y. Fan and J.



Li in 2000 [4] used Associate in Nursing embedded modeling approach to spot the amendment in
stiffness of a shaft as aresults ofa crack. They worked with a replacement methodology to
spot multi-degree of freedom nonlinear systems from the systems in operation information. The
methodology includes a replacement nonlinear model design that embeds feed forward neural
networks to represent unknown nonlinearities in an exceedingly lumped parameter model, and a
learning algorithmic ruleto coachthe embedded neural networks additionally as model
parameters to  get model fidelity. The amendmentin  stiffness of the shaft was
approximated mistreatment neural network  thatis then, in turn, embeddedin an
exceedingly lumped parameter model of the shaft. The neural network is refined iteratively with
technique to attenuate a price operate supported the distinction within the response of an embedded
model and also the information collected from the cracked system. Model primarily
based ways treated the crack identification in the static frame of coordinates to estimate the changes
in natural frequencies, mode shapes and damping ratios of the shaft attributable to a
discount in native stiffness aggravated by the presence of a crack. These ways need huge amounts
of machine time and energy. What is more, it's tasking to get Associate in nursing correct activity of
the crack effects mistreatment Associate in nursing analytical approach. The simulating
study conferred during this analysis introduces the analysis of the dynamic system within
the rotating coordinates supported the acceleration signals at completely different points of the shaft
rotating at a relentless driving frequency. A shot has been created to sight the presence of a crack in
an exceedingly rod, and confirm its location and size, supported experimental modal analysis.
Previews experimental ways need high speeds to extract modal parameters like natural frequencies
and frequency response amplitudes. Another advantage of the projected technique is that the
system will be safety monitored online without the need to reach the fundamental frequency
avoiding extreme operational conditions for diagnosis. Therefore, the crack can be identified and
characterized in operational condition without the need of dismounting the shaft.

This paper presents a completely unique real time observance technology, that uses a collection of

acceleration frequency response of a shaft rotating at a hard and fast driving frequency, to work out



position and depth of a cross open crack on the shaft. A fault machine machine was used to simulate
the system, wherever a shaft is supported on 2 bearings and a disk is hooked up at the mid span. The
shaft is turned by AN electrical motor coupled to the shaft on one aspect. The shaft vibrates in
bending owing to the harmonic excitation force elicited by the unbalanced disk. Finite component
technique was accustomed calculate the modal parameters of the cracked shaft for proverbial crack
depths and positions. the bogus neural network trained with Back propagation algorithmic rule is
found from a style of experiment to resolve the inverse problem: from the modal parameters
estimate the crack characteristics. Analog signal was conditioned and processed to get the
acceleration signal within the radial direction of the shaft for 3 completely different points. Finally
the diagnostic network is chosen to associate the acceleration signal with the crack depth and
position. Simulation results and experimental results area unit compared.
II. SYSTEM DESCRIPTION
A complex system sort of a turbine are often portrayed by a Jeffcott Rotor in

Figure one (a), wherever the rotating shaft-disk system is sculptural forward that the

bearings strong and supply no damping to the system. The shaft is elastic (let’s assume)

and can deflect with reference to its equilibrium position within the presence of external

mass unbalance because of the eccentricity of disk mounted at the mid span.

Figure 1(b) shows the section of the disk with the ensuing acceleration parts. The vectors of

motion involving the mass center C is calculated as:

Position Velocity Acceleration

_ (1)
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Figure 1. (a) The Jeffcott Rotor (b) Section of the unbalanced disk

From the vectorial analysis the acceleration components in the rotating coordinates we have:
. 52 2 A 5 2 -
Qe =F =18 —em” cos(or —6) Ay = 2r8+rf —ew” sm(of—8) (2)

Applying Newton’s second law to equations of motion in the radial direction to find the harmonic
force F'(wt) we get:

¢ .k
Ft—T+(
My m,

—51)1' = e’ cos(wt—8) where F(of)= mdemz cos(arf — ) (3)

HNILFINITE PART MODEL IN ROTATING SHAFT

Finite component (part) methodology was used to built the cracked and uncracked shaft rotating
with the unbalance disk, that is working on the shaft as a continuing harmonic force so as to
verify the sensitivity and singularity of the acceleration response within the frequency domain
for completely different crack positions and depths. These parameters were used to solve the

inverse problem. Knowing the frequency response amplitude of acceleration at 3 completely



different points of the shaft, realize the crack characteristics by suggests that of Neural

Networks.
TRANSMITER
TRANSYERSE WIRELESE
CRACK " ACCELEROMETER
— =T Tt RECEIVER
u DATA AQUISITION CARD
- - - PC AND
FFT ANAL ¥ZER
BEARING - LUNBAL ANCE BEARING
DISK

Figure2. Cracked Shaft Model
The open crack was thought of as a tiny low part with reduced stiffness among the finite part model.
Only 1 crack is taken for this study and external damping was ignored. Wireless detector directly
mounted on the shaft permit to research the rotating system in an exceedingly static frame relative
to the detector, so the model is assumed as a set beam carrying the disk and experiencing principally

flexural stresses attributable to the harmonic excitation of the disk at the mid span.
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Figure3. Fixed shaft divided in six elements and its nodal coordinates
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Applying the dynamic condensation methodology planned by M. Paz (1984) as associate
degree extension of the Static Condensation methodology wherever the mounted degrees of
freedom square measure reduced by expressing them in terms of the free or primary degrees of
freedom, the secondary degrees of freedom (slopes one to 5) square measure condensed, and also
the primary degrees of freedom square measure preserved (deflections six to ten in

Figure 3). The secondary degrees of freedom square measure organized at the primary s
coordinates and also the primary degrees of freedom square measurethe last p
coordinates. whenthese arrangements the equations of free motion is written in partitioned

off matrix type as

| [ 0[] o)
J s 55 1 ds _ a0 )
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The reduced stiffness and mass matrices are calculated as

{aJof] o [}l

Requiring for a nontrivial solution that

[K]- o [_n;f]‘ -0 (6)

The force vector of the system and the modal matrix are employed to estimate the steady state

. . F w? -0) acti the node 4 due t
response of the shaft subjected to the harmonic force = ° cos( ) acting on the node 4 due to

the unbalance disk. The force vector is assembled as follows.

F={0 0 Fycos(ar—6) 0 0O} (7)
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Neglecting damping and assumingf = 0, the system can be represented with the normal equation

N
Z +@'Z =P cos(ot) where P = Z(D'IFW (8)

i=l

On finding the  non consistent standard equation (8) using the undetermined constant methodology and

applying the initial conditions we've the deflection answer of the nodal coordinates within the time as follows:

- :L[cm(mr) cos(a,1)] 9

- ~
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The deflection of the nodal coordinates are found from the transformation

(v}=[®]{Z,} where|D]is the modal matrix (10)

Substituting the values of {Zn} into Equation (10) gives the amplitudes of deflection at the nodal

Coordinates. The second derivative corresponds to the amplitudes of acceleration at the nodal

coordinates is.

Z =—5—— (m — [r s cos(a,1) -’ cos(an)] = {7} =[®]{Z,} (1)
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IV. PRACTICAL SETUP

A measuring system (probably accelerometer) ADXL202E with duty cycle output was
conditioned to figure wireless by the transmitter TXM-418-LC and also the receiver RXM-418-LC-
C. The measuring system used is capable of finding positive and negative absolute accelerations a
minimum  of+/- 2g.  Thedevicemay be asurface micro-machined polysilicon
structure designed on high of semiconductor wafer. Poly silicon springs suspended the structure
over the surface of the wafer and provoke a resistance against acceleration forces. Deflection of the
structure is measured employing a differential electrical device that consists
of freelance mounted plates and  central  plates hooked upto the moving  mass.
The ensuing output may be asq. wave whose amplitude is proportional to acceleration.
Knowledge acquisition system consists of a buying deal board National Instruments CB-68LP that
connects the receiver circuit with the info acquisition board NI6024E. The info acquisition board is
connected to the communication port of a notebook computer. Analog signal is distributed by the
transmitter as waves at 418 KHz, that is launched by the receiver to {the knowledge|the info|the
information} acquisition board and data acquisition card. A set of this signal is recorded by
the knowledge acquisition card connected to the laptop computer. This card was organized to work
with  the package Matlab seven.1 =~ and the signal processing toolbox. The  signal
was additionally monitored by associate electronic equipment connected in parallel to the

receiver circuit throughout the sampling. Figure four shows experimental setup and wireless device.
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Figure4. Data Acquisition System and Experimental Setup
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V. LOCATION AND CRACK SIZE IDENTIFICATION USING ARTIFICIAL NEURAL
NETWORK

Multilayer feed forward neural networks with Back propagation Levenberg Marquardt
(LMBP) coaching  algorithmic =~ program was used during  this study  as a  non
linear perform approximator to maintain relationship between input vectors and target values.
LMBP algorithmic program introduced by Hagan [5] was elite as a result of it's one among the
foremost economical and fasted algorithms. The performance of the network is measured
by examination the output of the network with the corresponding target worth. Illustrious inputs P
and  targets T  were  obtained initial in ~ theory by  the simulation  with
finite component technique then by experimentation using the wireless measuring instrument. The
input vector (P) was created from the distinction within the spectral amplitudes of acceleration
response between cracked and uncracked shaft at nodes four, 5 and 6. The target matrices
were created by considering illustrious locations and depths of the crack to be related to the
pattern of amplitudes of acceleration response variations. A neural network is trained once the
educational algorithmic program notices the load matrices and bias vector in such method that the
error between foretold and actual information is reduced.

There were thought of 2 sizes for the input matrices and target vectors for coaching so as to work
out the importance within the network performance: one with six positions and four depths for
twenty-four total points, and another with nine positions and four depths for thirty six total points
delineated with blue and red severally in Figures five (a) and (b). Simulated information obtained
by the finite component model wherever used initial for coaching then for testing the network.
Experimental information was obtained from the measuring instrument. Deviations in crack depth
and crack position were integrated in one variable named “Total Error” that was outlined because

the root of the summation of the square errors. The “Total Error” was assumed because



the response variables of the system, that were treated for the analysis of variance. The
experiment was conducted to ascertain statistically the principles to spot the structure of the
network.  Matlab 7.1 and  therefore = the neural = networks chest functions  [Error!
Reference supply not found.] were usedto develop a code for coaching varied the sensitive
parameters that affects the performance of the network. Next figures show the common error
obtained from the prophetical network for each simulating and experimental increasing the
subsequent parameters: variety of neurons within the hidden layer with colon transfer functions

and amount of information used for coaching.
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Figure 5. Predicted average error (a) simulated data (b) Experimental data



Figure 5 (a) corresponding to simulating results shows however increasing {variety, amount, and
quantity} of information for coaching and reducing the number of neurons in the hidden layer the
average error of the prognosticative network is reduced. So the most effective structure hand-
picked was the one that revealsall-time low average error withthe littlest range of
neurons. One nerve cell within the hidden layer was hand-picked with
a sigmoid transfer operate for the network. The icons and notation given in Figure six were taken
from Hagan [5], wherever W (m) represents the load matrix of the mth layer, b (m) is that the bias
vector of the mth layer, n (m) is that the web input vector to the network within the

mth layer, a(m) is that the web output of the network within the mth layer.

Figure 6. Neural network structure schematic of the predictive model for the simulated data

Figure 6, shows one input vector P of {three} x one with the three variations in amplitude of
acceleration: P1,P2 and P3 , and 2 neurons with linear transfer functions within the output layer
that provide the output vector a corresponding to crack depth and position . Figure five (b)
corresponding to experimental results shows however increasing {variety amount quantity} of
knowledge for coaching and therefore the number of neurons within the hidden layer the typical error

of the prophetical network is reduced. The structure revealing rock bottom average error with the



littlest variety of neurons is shown in Figure seven.it had been thought-abouta network
with 5 neurons within the hidden layer, a colon transfer perform with one input vector P of
three x one, and 2neurons with linear transfer functions within the output layer that provide the

output vector a love crack depth and position as shown within the next schematic.

Figure7. Neural schema of the predictive model for the experimental data.



New cracked shafts are tested for the selected network obtained experimentally finding good
results on prediction. Figure 8 shows a tendency of error reduction in prediction when the crack

approaches to the middle of the shaft.
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Figure 8. Performance of the predictor network (a) Crack positions (b) Crack depths

This behavior is attributed to the low sensitivity of the vibration parameters obtained from
PSDAA variations obtained from at the nodes of research of the structure. Table one summarizes
the performance of the neural networks:

Table 1. Comparison between theoretical and experimental predicted data

NEURAL NETWORK PERFORMACE (IN MILIMETERS)
Average [Minimal Maximal JAverage |Minimal Maximal

error in error in  J|error in [error in error in error in
Theoretical 7.2119 0.0178 16.8989 0.6578 0.1257 2.0365

Experimental 7.7990 0.3636 26.5853 0.9678 0.1216 2.1658
Difference 0.5871 0.3458 9.6865 0.3099 -0.0042 0.1294




VI. CONCLUSION

This analysis developed a technique for on-line failure diagnosing on a shaft rotating with associate
unbalance disk at the midspan. a singular pattern of acceleration signals non inheritable from a brand
new wireless sensing element capable of being mounted at completely different positions of the
shaft permit the event of neural network acting to predict crack characteristics from the vibration
parameters. The choice of the predictor specification was supported its performance in pattern
recognition. A simulating study was administered using the finite part technique to model the
matter before experimental application. The strategy was with success enforced within a degree of
accuracy to diagnose the crack depth and position in a very shaft demonstrating the effectiveness of
the artificial neural networks predictor operating together with the wireless sensing element giving a
signal in the rotating coordinates. Modal parameters like mode shapes and natural frequencies
obtained from the finite part model resulted to be terribly sensitive to crack depth and crack location.
The variations of power spectral densities amplitudes of acceleration between the cracked and
uncracked shaft at3 completely different positions have showna singular pattern of the
failure situation, except in crack positions near the shaft support. This distinctive characteristic
was with  success utilized because the diagnostic  input sensitive parameterto search
out a operate approximator networks able to correlate this pattern with the failure
characteristics using the rear propagation coaching algorithmic rule. The
little error variations between actual and expected information within the simulated and experimental
studies in showed the consistency of the planned technique within the crack identification of a

shaft using wireless sensors and artificial neural networks technique in a very real system.
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