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Abstract: - Structure condition monitoring has considered a great deal of attention all over the world due to
significant impact on safety and longevity of the structure. However, the presence of damage or fault like
a crack in beam like structure for a long time increases the probability of system collapse which leads to a
loss of life and properties. In various techniques, vibration characteristics of structural components can be
used as an influential tool for damage detection. In this paper, modelling of transverse vibration of clamped
beam with transverse crack has been studied to possible influence the crack parameters (relative crack
position and relative crack depth) on relative natural frequencies based on vibration measurement. First, the
variations in relative natural frequencies according to location and depth of crack in a damaged beam have
been analysed by developed finite element model. Second, the free vibration experimental is accomplished
for damaged beams having crack of various depths and locations to validate the FEA values. The FEA and
experimental results are to be close to each other. Finally, an intelligent technique based on artificial neural
network has been developed for crack diagnosis in structure. The predicted results acquired from neural

network model for crack identification are very close to experimental results.
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1. INTRODUCTION

A fault is one of the parameters that play an
important role in structural performance because of
integrity case as well as economic consideration. The
presence of faults in structures lead to deterioration in
performance of them and at the same time cause
catastrophic  failure. Identification the cracks
parameters in an early stage in the dynamic structure
are a significant aspect of enhancement the safety and
reliability of structures. However, the crack detection
problem in structure has been widely studied and
various techniques were suggested. Most of the
research dealing with crack identification in beam
carried out single crack case [1][2]. Narkis [3]
modelled the crack as massless spring divided the
beam into two parts as shown in figure.1. The results
from proposed model in algebraic equations which
connect the natural frequency to crack features and
beam. Chinchalkar [4] proposed a technique to find
the position of a crack in the beam of different depths
by measurement the vibration response based on
natural frequencies of cracked beam. The crack is
simulation as rotational spring. The intersection of
three curves plotted between spring stiffness and
crack position for each natural frequency determining
the location of the crack.

Hai [5] use analytical transfer matrix method for
solving the direct and inverse problem of simply
supported beam containing an open crack. He

obtained the characteristic equation of the system
which is in term of the eigenvalue (natural
frequency), crack position and crack sectional
flexibility by applying compatibility requirements of

the beam
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Figure 1. (a) Represent of open cracked cantilever beam

with a cross-section (b) Represent of cracked by rotational
spring of cracked cantilever [3].

Patil and Maiti [6] used frequency measurements
as method for multi cracks detection in slender beam.
They adopted transfer matrix method and rotational
spring methods for modelling the crack in beam.
Finally crack location is found by intersection of
curves plotted Dbetween rotational  spring
stiffness with crack location. Barad et al [7] used
analytical solution and experimental analysis for
damaged detection in cantilever beam. They studied
the influence the crack parameters on vibration
response of the beam. Lee et al. [8] have used finite
element analysis to calculate the lower four
fundamental natural frequencies of the damaged
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beam. Where Armon's Rank-ordering method is used
the obtained vibration response to calculate the crack
location. Sahin et al. [9] have suggested a damage
detection algorithm based on an alter in natural
frequencies and curvature mode shapes. Where
dynamic responses (first three natural modes) of the
damaged beam are obtained using finite element
method, which used as data set input for the neural
network. The experimental set up is carried out for
validation the results from FEM and neural network.
Behzad et al. [10] compared the natural frequencies
for open edge cracked beam using theoretical and
finite element analysis. Prasad et al. [11] also
investigated the applicable of finite element method
for successful predicting of the dynamic response of
the cracked structure. Khiem and Toan [12] develop
method to detect arbitrary number of crack in fixed-
fixed beam using frequency response measurement.
The proposed technique based on Rayleigh quotient
has been validate through experimental results. H.C.
Das and Parhi [13] used neural network for crack
diagnosis in cracked cantilever beam of different
crack depths and locations. Where the used deviation
in relative first three natural frequencies and mode
shapes as input for controller and ratio of crack depth
and location as output. They revealed that the
applicable of neural network is robust tool for crack
identification. Aslo Sutar et al [14] used multi -layer
backpropagation neural network for crack parameters
prediction in cantilever beam. The used first three
natural frequency obtained from experimental
analysis as input for proposed controller and crack
depth and location as output. They found that the
developed neural network is successfully prediction
the damage parameters in structure. Hakim et al [15]
utilized modal parameters for fault diagnosis in beam.
They have used first five natural frequencies and their
mode shape for predication severity and location of
crack in clamed beam using neural network.

In this paper, the existence the crack which affects
the effectiveness of structure as well as the vibration
characteristics such as natural frequency and mode
shape is discussed. Where the influence the crack
parameters (crack location and crack depth) on
vibration parameters of a cracked clamped beam are
analysed using finite element method and
experimental analysis. Finally, the application of
neural network as crack diagnosis tool is design and

2.1 FINITE ELEMENT METHOD

The governing equation of transverse vibration of
continuous system can be handled easy by analytical
solution. However, the presence the crack in the
continuous systems introduces a local flexibility and
the analysis of their vibrational parameters becomes
more challenged and some times more complexed.
Since the equation of motion is involving a second
order derivation with respect to time and fourth order
derivation with respect to distance. In addition to
different initial and boundary condition. So finite
element method (FEM) can be used to solve the
complicated problem and solution becomes easier.

A clamped beam of length L, width b, thickness t,
having crack of depth a at distance L; from left fixed
end as illustrated in figure.2. Where Relative crack
depth o= (a/t) and Relative crack location = (Li/L)
are used as variable to calculate the lowest natural
frequencies in cracked beam.
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Figure 2. Geometry of inclined crack clamped beam

The finite element program ANSY'S 15.0 is carried
out for vibration analysis of the un-cracked and
cracked fixed-fixed beam to calculate the first three
natural frequencies at different crack parameters
(crack position and crack location). The undamaged
beam of 800*40*6 mm dimension and a damaged
beam of different crack locations and depths are
firstly modelled by using CAD software (i.e.
Solidworks). After that, the beam is importing in
Finite element software Ansys workbench 15.0, it is
discretized into many element to create finite element
mesh. Moreover, the mesh at crack tip is refined to
give accurate results as illustrated in figure 3. The
cracked beams have the parameters as summarized in
Table 1.

Table 1. Parameters of cracked beam

develop based on frequencies measurement. Length | Width | Thickness | Young's | Density | Relative crack | Relative crack
modulus depth location
mm mm mm GPa Kg/m? a B
2. METHODOLOGY _ _
800 120 ¢ 210 7800 0to0.8with | 0to0.8with
Finite element, experimental analysis and neural
network have been used to analysis the crack in
clamped beam as following:
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Figure 3. Finite element mesh of cracked beam at
a=0.4and p=0.5
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The figure 4 represents the three mode shapes and
corresponding their natural frequencies.
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2.2. EXPERIMENTAL ANALYSIS

The results which are obtained from finite element
analysis are required to validate. So experimental
analysis is carried out to validate the finite element
values and find natural frequencies for the cracked
and un-cracked beam. Steel beams with dimension
(800 X 40X6 mm) are used for the experimental tests.
Before the starting the test for measuring the natural
frequencies and mode shapes of the beam, the
transverse crack is created at various locations with
different crack depths by using Wire cut electric
discharge machine (EDM) machine as shown in
Figure 5.

Figure 5. Creation of crack utilizing Wire EDM machine

After the creation the crack, the beam has been
addressed through experimental analysis to find
vibration characteristics. The schematic block
diagram of the experimental setup is seen in Figure 6.
Where experimental setup consists of following
devices for achieving the experiments:

Vibration

analyser
Multi-channel
ﬂ / Accelerometer

Figure6. Schematic diagram of experimental setup:
- Vibration indicator (PULSE Labshop software).
- Pulse Lite 3560-L Device.
- Vibration analyser.
- Impact Hammer.

Vibration indicator

(PULSE Labshop

software)

Power
Distribution

Pulse Lite
3560-L

DAY

0.200 (m) . N - Accelerometer.
e - Power Distribution.
Figure 4. 1%, 2" and 3™ Mode shapes and their - Damaged beam.
natural frequencies for fixed beam at a =0.4 and  =0.6
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A cracked beam with transverse crack has been
rigidly fixed to the concrete foundation base at both
sides as shown in Figure 7.

Accelerometer

Figure 7. Experimental setup

During the experiment, the cracked and un-
cracked beam have been hit by an electrical hammer.
The force signal is generated from load cell mounted
on the tip of impact hammer and at the same time, the
vibrations characteristics of the beam correspond to
1*, 2" and 3" mode of vibration have been recorded
by mounted accelerometer sensor on the beam. Both
the impulsive force and accelerometer signals are
shown in Figure 8 & 9 respectively.

2 &R YNV E
] - R LR )
o

il

Woiking: Input Inpul: FFT A

sssss
30/04/2016 2:45:27.485

Ovetoad: 0.00%

00 a0 S0 600 700
ol

Figure 8. Impact force generated by impact hammer
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Figure 9. Accelerometer responses in term of time

The signals output from a sensor and load cell
which contains the vibration parameters such as
natural frequency and mode shapes are analysed and
shown on the vibration indicator. Further, the time
signals are sent to an analyser which combined in
Data acquisition in order to analysis the signal
through FFT and frequency response curve is plotted.
The relative natural frequency which is used in

research is computed as:
RNF Natural Frequency of cracked beam

~ Natural Frequency of Uncracked beam

2.3 ANALYSIS OF NEURAL NETWORK
CONTROLLER FOR CRACK DIAGNOSIS

The existence of crack for a long time leads to
failure and cause a huge loss of life and economic
risk. So it is important to detect the damage at an early
stage and hence, an intelligent and automated method
has to develop to prognosis about crack parameters in
engineering systems. As it is known, the existence the
damage in any system lead to decrease the stiffness or
increase in flexibility which cause alter in natural
frequencies and mode shapes and those changes can
be utilized to detect the presence damage in the
structure. So it is important to develop an intelligent
tool for online crack detection in structure. In this
section, a controller based on artificial neural network
(ANN) has been developed to predict the crack
parameters in structure (relative crack position and
relative crack depth). The designed artificial neural
network has been modelled with Feed forward multi-
layer network with backpropagation algorithm for
training the neural network. The neural network has
been designed with five layers (i.e. input layer, three
hidden layers and output layer) The input layer of the
neural network represented by three neurons (RFNF,
RSNF and RTNF) and the output layer contain two
neurons (a and B). The three hidden layers (i.e. 1st,
2nd and 3rd) comprises 6 neurons, 10 neurons and 4
neurons respectively.
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Figure 10. Multilayers feed forward back propagation
neural network for crack detection
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The numbers of hidden layer are chosen in such a
way where the error is minimized and accuracy is
maximized by empirical test. As seen in Figure 10.

2.3.1 NEURAL NETWORK CONTROLLER
MECHANISM FOR DAMAGE DETECTION

The proposed neural network for damage
identification has been trained with 105 patterns of
data of wvarious relative natural frequencies and
relative crack locations and depths. Where the neural
model is fed with RFNF, RSNF and RTNF as inputs
and the outputs parameters are o and 3. Which are
obtained from FEA after the results are validated by
performing the experimental setup. The activation
functions which are used for three hidden layers and
output layer are a hyperbolic tangent function
(Tansig) for the first two hidden layers and linear
transfer function (Purlin) for the third hidden layer
and output layer. The back propagation algorithm
based on Levenberg-Marquardt backpropagation is
used for training the network and finding the network
weights.

More details about training feed-forward neural
network are discussed as following:

When the neural network is fed with inputs
parameters, the following component will be entered:

X 1{1} =Relative difference in first natural frequency

X 2{1} =Relative difference in second natural
frequency

X 3{1}=Relative difference in third natural frequency
These inputs will be distrusted to the hidden layer
and new output will be generated as [16] :

f(ZL Wij{layer"'l} Xi{layer}) — yj{layer+1} (1)

Label for i™ is number on neurons in layer

Label for j™ is number on neurons in layer+1

Wij weight of the connection from nodes i in layer
to nodes j in layer+1

The function f(x) is activated function (transfer
function) where the function Tansig is used for the
first two hidden layer:

flo) =22 @)

eX+e %

and Purlin for the third hidden layer and output layer

fG) =x

The output of neural network Oneu, (n=1,2) is
different from the desired output Oact, (n=1,2) as
inserted in training data as a target output. So the error

signal generated between the neural network output
and actual output and passes backward through the
network. By this process, the network weights are
adjusted until minimize the difference between
prediction and actual values. The sum-squared error
function can be quantity this difference as

1
Er == (Oact,n - Oneu,n)2
2 3)
number of
training data
where:
Oact,; represents the actual values of relative

crack depth (a)

Oact,, represents the actual values of relative
crack location (f3)

Similarly:

Oneu,; represents the predicted values of relative
crack depth ()

Oneu,; represents the predicted values of relative
crack location (j3)

3. RESULTS AND DISCUSSIONS

The results have been acquired from finite
element, experimental analysis and artificial neural
network (ANN) for steel cracked clamped beam of
different crack depths and locations. Based on the
result calculated form all above methods, the
following discussions can be done.

3.1. NUMERICAL RESULTS:

The finite element model is developed where the
damaged beam is discretized into many numbers of
elements. Next for particular location of the crack in
the beam the crack depths are varied and vice versa.
Model analysis for each crack position and crack
depth is done to find the natural frequencies and mode
shapes of the damaged beam. Finally, the frequency
response of damaged beam is plotted for various
crack depths and locations as seen in
figures11,12&13. Where figures represent the
divergence of first three relative natural frequencies
as function of relative crack location for different
crack depths.

It is noticed that the different crack parameters
affect the vibration response of the damaged beam. It
is clearly that the natural frequencies of the beam
reduce due to existence the damage in the beam. It is
also seen from Figure 11 that when crack locates near
to fixed ends of the beam, the frequency reduction
increases whenever the crack depth is increased. It is
obvious that there are critical locations in the beam
(i.e. p=0.21 and B= 0.78) where whatever the crack
depth it is, it doesn’t affect the natural frequency.
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Relative First Natural Frequency
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Figurell. Relative First Natural Frequency Response VS
Various Relative Crack Location (B) at Different crack
Depths (o)

Relative Second Natural Frequency
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Figurel2. Relative Second Natural Frequency Response
VS Various Relative Crack Location (p) at Different
crack Depths (o)
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Figurel3. Relative Third Natural Frequency Response
VS Various Relative Crack Location (p) at Different
crack Depths (o)

Actually, the aforementioned positions are
corresponding to inflection points for the first mode
of the Fixed-Fixed beam. However, since the bending
moment is responsible for the reduction in natural
frequency caused by a crack. And also at the
inflection points the bending moment equal to zero so
no impact on the first natural frequency. Such a point
are referred as crucial points for a specific frequency.

Finally, the presence such a points in the beam are
useful to detect damage if unless a change of specific
frequency is realized.

It is also seen from figures 11, 12 &13 that the
crack affects the 1% natural frequency of the beam to
the maximum limit at 30-70% of the relative length
of the beam. Whereas the 2™ natural frequency is
much decreased at =0.31 and p= 0.68. Moreover, the
3" natural frequency reaches maximum decreasing at
p=0.2, p=0. 5, p=0.8.

3.2. EXPERIMENTAL RESULTS

The damaged fixed-fixed beam with various
configuration of crack sizes and crack positions have
been carried out to validate the results from finite
element method. Impact hammer test is performed on
cracked beam to find its vibration parameters. Natural
frequencies of the beam are corresponding to the
peaks of Frequency Response curve. The following
Figure 14 shows the 1% , 2™ and 3™ natural
frequencies of the cracked beam at a=0.4 and =0.6
respectively. Due to the presence some inevitable
noises, the peaks will become blunt instead of sharp.

First Na(:ural frequency, [\ I \Th .
P _ |Third Natural frequency
\ t st

| Second Natural frequency
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Figure 14. Natural frequencies of damaged beam at a=0.4
and $=0.6

Finally, the experimentation is done many times
and average values are calculated. The results for
three relative natural frequencies from FEM and
experimental analysis are summarised in Table 2.

Table 2. Relative natural frequencies for cracked beam at
different crack sizes and locations
|
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NO | Relative | Relative | Experimental results FEA results Error
crack crack %
depth | location
a B RFNF | RSNF | RTNF | RENF | RSNF | RTNF | RFNF | RSNF | RTNF
1 04 | 09841 | 0.98447 | 09913 | 0.9987 | 09988 | 0.99954 | 1483 | 1455 | 0831
[ 2] 02 06 | 09816 | 09892 | 0857 | 09985 | 0.9986 | 099943 | 1721 | 050 | 13%
3 02 | o986t | 09769 | 09792 | 09997 | 09965 | 09907 | 1379 | 2006 | 117
4 04 08 | 09829 | 09708 | 09711 | 0.99979 | 099% | 0.9895 | 1718 | 2595 | 18%4
5 03 | o098 | 09632 | 0969 | 09940 | 09657 | 0.9880 | 1180 | 0259 | 1939
6 | 06 0.7 | 09811 | 09468 | 09721 | 0.9947 | 0969 | 0.9892 | 1386 | 2386 | 1759
7 03 0976 | 08%02 | 0954 | 09811 | 0so0 | 0969t | 052 | 1550 | 1753
8 | 08 0.8 098 | 0.9581 | 09012 | 0.9976 | 0.9643 | 0.9187 | 1476 | 0647 | 1941
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The results found from FEA have been compared
with experimental analysis. Where the results from
FEA and experimental analysis are close to each other

3.3. ARTIFICIAL NEURAL NETWORK
CONTROLLER RESULTS

Intelligent technique has been developed based on
the artificial neural network to predict crack
parameters in structures (relative crack depth and
relative crack location).

3.3.1. Evaluation of training a neural network

The 105 training patterns of data of different
relative natural frequencies as inputs and relative
crack locations and depths values as a target are used
for training the neural network. The following figure
15 illustrates the output of training neural network
with desired output (relative crack location and depth
of FEA values) for training parameters.
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Figure 15. Comparison of output results from ANN with
desired values for training patterns.

From above Figure 15, the outputs of ANN and
actual results for training parameters are completely
coincidence between the trained values and actual
results which indicate that the neural network is
successfully trained.

3.3.2 Neural network testing

After the neural network is successfully trained, it
is used for prediction of crack severity and its location

in the structure. Now new patterns of data are entered
into neural network as input and desired output for
prediction purpose. Where the following figure 16
represents the predicted values of ANN and values

ANN Predicted Values VS Actual Results
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Figure 16. Comparison of output results from ANN with
desired values for prediction patterns.

From above Figure 16, the outputs of ANN are
slightly different than actual results for prediction
where the Table 3 comparing the result of neural
network controller values with experimental results.
Which indicate that the neural network has shown
success at the prediction of crack parameters.

Table 3: Comparing the result of neural network
controller values with experimental results

Relative | Relative | Relative Actual Neural Network Error
first second third Results Controller %
NO natural natural | natural | Relative | Relative | Relative | Relative | Relative | Relative
frequency | frequency | frequency | crack | crack | crack | crack | crack | crack
depth | location | depth | location | depth | location
RINF | RSNF | RINF | @ B o B « p
1 1 0.999258 | 0.998031 | 0.2 02 | 019% | 0203 2 15
2 1 0999332 | 0998221 | 0.2 08 | 0205 | 0789 | 25 13
3 | 0992887 | 0.998665 1 0.4 01 | 0391 | 0102 | 225 2
4| 0993009 | 0993991 | 0.997198 | 0.4 04 | 039 | 0395 | 025 | 125
5 | 0986869 | 0971511 1 06 | 035 | 059% | 0344 | 066 | 171
6 | 0970974 1 0962403 | 0.6 0.5 | 05% | 0507 1 14
7 | 0943931 | 0.989984 1 0.8 0.1 079 | 00982 | 125 18
8 | 0981787 | 0.906373 | 0.969559 | 0.8 0.7 | 0809 | 0689 | 112 | 157

4. CONCLUSION

An intelligent controller based on an artificial
neural network with three inputs ant two output has
been proposed for damage parameters detection in the
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fixed-fixed beam. The training sets for design neural
network model have been obtained from finite
element analysis after the validation its results. The
predicted results acquired from neural network model
for crack identification are very close to actual results.
Therefor the neural network can be used as intelligent
tools for crack parameters detection in clamped
cracked beam. Finally, five layers backpropagation
feed forward neural network is a suitable network for
finding the damage and its severity in structure.
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