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Abstract
Purpose Glass fiber reinforced polymer (GFRP) composite structures are extensively utilized across the globe due to their 
lightweight, corrosion resistance, high specific strength and stiffness. Generally, fatigue failures are common in composite 
structures such as aircraft structures, mechanical components, windmill structures, etc. The crack initiates and propagates 
in relative orientation between the crack and loading direction which adversely affects the performance of composite struc-
tures. Therefore, it is essential to detect the crack location and orientation to avoid catastrophic failure. This research article 
explores the investigation of transverse cracks with different orientations in GFRP composite beams using a modal data-
based Artificial Neural Network (ANN).
Methods The composite beam laminate is fabricated using vacuum-assisted resin transfer molding with bi-directional GFRP 
lamina. Crack with consistent depth and triangular shape made on the specimen using a hacksaw. Experimental modal analy-
sis is carried out on four beam specimens with different damage conditions such as without crack and transverse crack with 
30, 60, and 90-degree orientations under cantilever boundary conditions. Further, ANN is applied to the modal parameters 
to predict the frequency response functions (FRFs).
Results To comprehend the specimen’s behavior for notable changes, modal parameters such as natural frequencies, mode 
shapes, damping ratios and FRFs are acquired and briefly examined for various experimental cases. Then, FRFs for all four 
cases are predicted using ANN, and the accuracy of the model is computed.
Conclusion It is observed that for the fundamental mode, natural frequencies decrease and damping ratios increase respec-
tively with the formation of crack. The predicted FRFs using ANN have agreed well with the experimental FRFs for all 
different criterion.
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Introduction

Significant progress has been made in the development of 
fiber-reinforced polymer composite over several decades due 
to superior physical, chemical, and mechanical character-
istics [1, 2]. These materials anticipate several mechanical 
advantages, such as design simplicity, safety, and service 
life. They have acquired prominence in a variety of disci-
plines because of their high stiffness to weight ratio, high 
strength to weight ratio, and low production cost. These 
contemporary materials are primarily used across a wide 

range of industrial fields, including aerospace, automotive, 
construction and transportation [3–6]. In aeronautical, civil 
and mechanical systems damages are inevitable. The struc-
tural integrity and load-bearing capability of a GFRP beam 
design may be jeopardized by a crack. It develops due to 
fatigue, manufacturing flaws and when the stresses at the 
fracture tip surpass the allowable limit [7, 8]. The sustained 
actions of the structural element are threatened by cracks. 
Safety and preventive measures should be a top priority to 
maintain the structural integrity [9]. These days, monitoring 
the health of structures is crucial. The methods for local and 
global damage analyses are frequently employed for crack 
identification and to maintain structural integrity [10–13].

Global-based damage identification method identifies 
damage based on changes in vibrational characteristics viz 
natural frequencies, mode shapes and damping ratios [14]. 
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When analyzing the FRF curves, the resonance frequency’s 
peak is used to determine the natural frequencies [15, 16]. 
Khalate & Bhagwat [17] explored that the crack present 
near the fixed end of the cantilever beam has a significant 
decrease in natural frequency as compared to the free end 
with the same length and depth of the crack. Additionally, 
they concluded that as crack depth increases, the natural 
frequency drastically decreases. Das & Yilmaz [7] inves-
tigated transverse open crack on a curve composite beam 
experimentally and numerically. They found that altering 
the position and depth of the cracks did not always cause 
the natural frequency to decrease. This behavior of the struc-
tures might be concerned with the closeness of the crack to 
the fixed and free end node positions. Jena et al. [18] exam-
ine the dynamic behavior of cracked composite beams by 
varying the angle of the bidirectional fiber. They observed 
that the relative natural frequency of the beam decreases 
with relative crack depth, relative crack length and fiber 
orientation from 0o to 45o due to stiffness degradation. The 
maximum frequency is observed corresponding to 0o fiber 
orientation. Mehdi et al. [19] estimated that the frequency of 
the structures decreases drastically as the number of cracks 
on the beam increases. Many investigations observed that 
when the crack is situated distant from the fixed end, the 
frequency shift is insignificant as compared to the free end 
[20, 21]. It is also observed that damage severity increases 
with increasing depth of crack because of stiffness reduction 
[4, 22]. Natural frequency-based damage detection systems 
are less sensitive and unreliable in finding little and precise 
damages [12]. As a result, integrated natural frequency and 
mode shape-based approaches are employed to overcome 
the shortcomings [23].

Kahya et al. [24] identified the presence and location of 
multiple cracks in a fixed-free beam using natural frequen-
cies and mod shapes. Doninski & Krawczuk [25] computed 
mode shapes of undamaged and intact wind turbine blades 
employing numerical and experimental modal analysis and 
predicted the presence and location of damage. Mode shape-
based method can only locate the presence of damage and 
can’t ensure the damage severity. Hence, Gorgin [26] applied 
the damage index method based on the first mode shape on a 
beam structure to predict the size and severity of the damage. 
Mode shape data-based indicator used by Yazdanpanah et al. 
[27] for damage detection in a beam structure, and it was 
summarized that the suggested approach was more effective 
than the curvature damage factor. To locate the damage in 
a GFRP composite beam structure, Rajendran & Srinivasan 
[28] employed the modal-based damage parameters such as 
force index and rotational curvature index computed using 
experimental mode shape data. Further damping ratios also 
come into pixels to identify significant damage in compos-
ite structures. In a composite cantilever beam, Demir [29] 
investigated the natural frequencies and damping ratios and 

found that they decrease as hole diameter increases. Kiral 
et al. [30] found that damping ratios increase with increas-
ing damage severity, and it is more sensitive at the clamped 
edge. The damping ratio is highly susceptible to beam fail-
ures as compared to the natural frequency. The position and 
intensity of the failures also significantly impact the damp-
ing ratios. Kyriazoglou et al. [31] found that vibration damp-
ing increases substantially prior to the fatigue failure.

Vibration-based methods (VBMs) are not reliable for 
solving major structural damage problems alone. Thus, 
VBMs are combined with signal processing and artificial 
intelligence techniques for solving advanced structural 
damage problems. Rajendran & Srinivasan [32] applied 
wavelet packet transform as a signal processing technique 
to identify damage in a plate structure in the form of 
added mass. Rajendran & Sivakumar [33] used rotational 
mode shape as a parameter in the wavelet packet trans-
form (WPT) to detect damage in a glass fiber beam struc-
ture. ANN technique is presently a very successful tech-
nique in automated structural health monitoring. Chaupal 
& Rajendran [34] utilized the ANN model to estimate the 
flexural strength of randomly oriented chopped GFRP 
composite laminate using three-point bending test data. 
Using ANN model and vibration parameters, Tan et al. 
[35] located and quantified damage in a girder-bridge 
composite slab. Jena et al. [36] applied first three modes 
natural frequencies and fiber orientation as input to the 
neural network technique and predicted relative crack 
length and depth in an FRP beam. Sahoo & Jena [11] 
applied crack length and crack depth as input parameters 
to the ANN and predicted the first three natural frequen-
cies of the beam. It was shown that the relative natural 
frequency increases with increasing relative crack length 
and reduces proportionately with increasing relative crack 
depth. Zara et al. [3] fed natural frequency as an input 
and predicted the exact crack length as an output using 
improved ANN using different optimization algorithms. 
Mojtahedi et al. [37] tested random decrement signature 
methods and the ANN algorithm to identify the damage 
(increased mass). They provided natural frequency, mode 
shape, and damping ratio as input to the ANN model. It 
reveals that when there is damage, the coherence func-
tion decreases. Zhang et al. [38] employed ANN model 
and surrogate-assisted genetic algorithm to determine the 
position, size, and interface of delamination in a CFRP 
curved plate composite. The algorithm demonstrates 
how the backpropagation ANNs approach uses frequency 
shifts as input parameters and the location and size of 
interface delamination as output parameters. Oliver et al. 
[39] applied ANN based on frequency variation and deter-
mined the location and extent of delamination damage in 
a composite plate construction. Reis et al. [40] used ANN 
based on FRF to identify different sizes of delamination 
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in a GFRP beam. Sreekant et al. [41] detected the loca-
tion and size of delamination in a composite beam using 
ANN based on vibration response. Sreekant et al. [42] 
determined the position and location of delamination in a 
GFRP composite plate using ANN by applying the change 
in natural frequencies as an input parameter.

According to a summary of previous research, numer-
ous studies have been conducted to predict the existence, 
location, and severity of cracks and delamination dam-
ages in a composite structure using ANN in conjunction 
with variations in natural frequencies, mode shapes, and 
damping ratios. However, limited work has been carried 
out on the vibration analysis of a GFRP composite beam 
laminate with traverse open crack with varying orienta-
tions in concurrence with the application of the ANN 
model. Therefore, the novelty of this research work is to 
investigate transverse cracks with various orientations in 
GFRP composite beams using ANN based on vibrational 
characteristics. In this research work, four glass fiber 
composite beams are fabricated using vacuum-assisted 
resin transfer molding. After fabrication, a triangular 
crack of constant depth is created in the middle with 0, 
30, 45 and 60-degree crack orientation. Further, experi-
mental modal analysis were performed on the beam under 
cantilever boundary conditions. Thereafter, vibrational 
characteristics are analyzed, and ANN is applied to pre-
dict the FRF. This research article is arranged as follows: 
The materials and methodology are described in sect. 2. 
The materials and methodology include the fabrication 
of composite using vacuum assisted resin transfer mold-
ing, experimental modal analysis and the method of ANN 
simulation. Section 3 provides a brief presentation of the 
findings and comments, along with vibration character-
istics, FRFs and outcomes that were anticipated using 

ANN. Finally, the concluding remarks are presented in 
sect. 4.

Materials & Methods

Fabrication

The composite laminates such as beam, plate and shell can 
be fabricated using hand lay-up process, resin transfer mold-
ing and vacuum extrusion process. In this study, the GFRP 
beam is manufactured through Vacuum Assisted Resin 
Transfer Moulding (VARTM) and followed by cutting pro-
cess. It begins with cleaning of the mould using wax which 
is followed by the application of polyvinyl alcohol. Polyvinyl 
alcohol acts as a releasing agent that allows the GFRP lami-
nate to be readily removed from the mould surface after cur-
ing. A suitable size of 200 gs per square meter (GSM) GFRP 
lamina is cut with scissors and placed over the mould surface 
one by one, up to the specified thickness in a suitable fibre 
orientation. An appropriate size of peel ply and infusion 
mesh is cut and positioned above the lamina. The spiral tube 
and vacuum connector are placed above the infusion mesh 
at the input, and the output ends are secured using masking 
tape. Then, the entire assembly is kept inside the vacuum 
bag, which is prepared using the heat-sealing machine and 
sealing tape. Finally, a hose pipe is linked to the connector’s 
input and outlet end and placed into the resin holder and 
resin catch pot respectively. Each inlet and outlet end of the 
resin fusion line has one resin fusion line clamp to check 
the resin flow. The catch pot hose is attached to the vacuum 
pump and securely sealed with masking tape, and the pump 
is turned on, which removes all the air from the vacuum bag 
and displays a negative pressure on the pressure gauge.

Fig. 1  Schematic representation 
of a VARTM setup and b hot 
air oven
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In a separate beaker, the fibre to epoxy ratio is considered 
as 1:1 equally by weight and epoxy to hardener is taken as 
10:1 by weight [43, 44] are mixed together. Using a mag-
netic stirrer, they are well blended. In the vacuum bagging 
configuration, two pipe connections are set up: one pipe is 
dipped into the beaker, and another pipe is linked to the 
vacuum pump via the resin catch pot as shown in Fig. 1(a). 
The first resin input pipe is closed, and all air is pulled out 
which results in a negative pressure in the gauge. Check for 
any leakage in the bagging before allowing epoxy and hard-
ener to flow through the stacked lamina. Allow the mixture 
to flow until the whole lamina has been filled with the epoxy 
and hardener mixture. After that, shut the input line and let 
the vacuum pump remove any remaining matrix material. 

Close the outlet and turn off the entire system after reaching 
the proper proportion. Remove the excess pipe while keep-
ing the pipe’s inlet and outlet closed. The entire arrangement 
was then placed in a hot oven with the temperature set to 
60 ◦ C for 24 h to cure as depicted in Fig. 1(b). Once the 
material has been set, remove it from the bag, remove any 
undesired particles. At last, the laminate is cut into a beam 
shape of dimensions 300 mm * 30 mm * 2 mm, and a trian-
gular crack of depth of 1 mm is made above the beam in the 
middle with an orientation of 30◦ , 60◦ and 90◦ respectively 
using hacksaw blade as shown in Fig. 2.

Fig. 3  Schematic representation 
of experimental modal analysis 
setup

Fig. 2  GFRP beam with no 
crack, 30◦ , 60◦ , and 90◦ crack 
orientation
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Experimental Modal Analysis

The experimental modal analysis (EMA) was performed 
on the four GFRP specimens with different crack orienta-
tions. Mostly, the cantilever type beams are used in aircraft 
structures. Thus, the prepared GFRP specimen is setup in 
the fixture as a cantilever type beam as shown in Fig. 3. 
The beam is discretized into fifteen parts with each 20 mm 
apart. The miniature accelerometer (Model: PCB 352A21 & 
Sensitivity: 10 mV/g) is mounted on the free end with the 
help of glue. The other end of miniature accelerometer BNC 
cable is connected to the DEWE 43A DAQ (8 channels USB 
data acquisition system). Further, impact hammer (Model: 
086C01 & Sensitivity: 11.2 mV/N) is also connected to the 
DAQ. The DEWE 43A DAQ is connected to the PC with 
the DEWESOFT-X-EDU Software interface. Further, In 
the DEWESOFT-X-EDU Software, necessary parameters 
such as resolution, sensitivity, excitation, response, geom-
etry, etc., were defined, and the roving hammer method was 
chosen for the modal analysis. Once the modal analysis is 
performed the necessary data is imported into the excel for-
mat like FRF, acceleration response, impact force response, 
mode shape and damping ratio. Further, the investigation is 
completed on these imported datasets to predict the damage 
locations and orientations for different cases.

Artificial Neural Network Simulation

The process of implementing ANNs to forecast the fre-
quency response function of GFRP composite laminates is 
shown in Fig. 4. To determine the model input (amplitude) 
and output (natural frequency) parameters, free vibration 
analysis was first carried out using an experimental modal 
analysis (EMA) setup. For this ANN simulation, the ANN 
design with 16 input layers, 70 hidden layers, and 1 output 
layer is used. In total, 7814 (length of FRF) data points were 
obtained from the modal test and analyzed. Additionally, 
the data points are split into 70:15:15 proportions for test-
ing, validation, and training, respectively. The sigmoid and 
purelin functions were used on the hidden and output layers, 
respectively. The architecture of ANN model is simulated 
in MATLABⓇ2021a to train, validate and test the ANN 
model. The computer workstation has a 2.50 GHz Intel(R) 
Core (TM) i5-10300 H CPU and 8 GB of RAM. The L-M 
approach is used to train the ANN model, and the number 
of neurons in the hidden layer is optimized for the lowest 
RMS error values. Following that, the model’s performance, 
error histogram, and regression are thoroughly examined to 
determine the model’s correctness. Finally, the FRF is pre-
dicted and compared to the experimental findings to assess 
the ANN model’s efficacy and dependability.

Fig. 4  Artificial neural network 
methodology
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Results and Discussions

The EMA and ANN simulation results of the GFRP beam 
under cantilever boundary conditions are briefly explained 
in this section. After experimental modal analysis of FRF, 
natural frequencies, mode shape and damping ratios are 
investigated and the effect of different crack orientations on 
these vibrational characteristics are studied. Based on the 
obtained vibration parameters, ANN models were developed 
to predict the FRFs of the GFRP composite beam.

Vibration Characteristics

Figure 5 shows the schematic of DEWESOFT-X-EDU inter-
face after the experimental modal analysis using roving ham-
mer method. The representation of natural frequency, damp-
ing ratio, mode shape, FRF, phase angle and coherence can 
be clearly observed in the Dewesoft interface.

Frequency Response Function

The FRFs of GFRP beams are extracted from experimental 
modal analysis as given in section 2.2. Representation of 
experimental FRF curves for beams with different cases such 
as without crack, crack orientations 30 ◦ , 60 ◦ and 90 ◦ are 
clearly shown in Fig. 6. It is clearly observed that there is 
shift in FRF curves with formation of crack. The first and 
second mode shapes are more dominant and shift in FRF 
results in decrease in natural frequencies as compared to the 

intact beam. However, there is no trend observed in higher 
modes between intact and crack specimens.

Natural Frequencies and Damping Ratios

The experimental natural frequencies and damping ratios 
for different modes with varying crack orientations are 
given in Table 1. It is observed that the first and second 
modes, the natural frequency of the crack beam decreases 
as compared to the intact beam irrespective of the crack 
orientation. Hence, it is difficult to conclude the judgment 
based on the higher modes of natural frequencies.

The damping ratio is a type of damage signature can 
also vary based on the crack’s location, orientation, and 

Fig. 5  Schematic of DEW-
ESOFT-X-EDU interface

Fig. 6  Frequency response function of a beam under different crack 
orientations
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severity. The damping ratio of first mode is observed 
increases for different crack orientation cases with respect 
to intact beam. The increase in damping may be due to 
energy dissipation in the crack region. Further, the trend 
of damping ratio decreases relatively as crack orientation 
increases. However, it is challenging to predict the trend 
in the higher modes.

Mode Shapes

In this section, the first five experimental modes of the 
GFRP beam under clamped-free boundary conditions 
are explained for four different cases of the beam. In the 
Figs. 7 and  8 , the x-axis represents the nodal point dis-
tance from the fixed end of the beam and z-axis shows 
displacement of each nodal point. It is observed that there 
is no evidence found in mode shapes. The higher mode 
shapes of cracked beams with orientation of 30◦ , 60◦ and 
90◦ show insignificant changes as shown in Figs. 7 and  8. 
The sign of crack is not clearly seen with the mode shapes 

of beams. With only modal parameters, it is arduous to 
detect the crack location and orientation. Thus, it is sug-
gested to use FRF curves of beams in ANN models to 
predict the crack location and orientation accurately in 
the beam.

Prediction of Frequency Response Function

Architecture of ANN Model

The architecture of multilayer perception or ANN is shown 
in Fig. 9. The ANN architecture selection is purely based 
on analyzing the partial derivative of the model’s output 
relative to the model’s input [45]. sixteen input layers, one 
output, and one hidden layer are selected for the simula-
tion. Sigmoid and purlin functions were used in the hidden 
and output layers. Weight and biases are represented by W 
and b, respectively. The number of hidden layers is selected 
based on empirical justification. For linear problems, gen-
erally, one hidden layer is good enough, and for non-linear 

Table 1  Natural frequencies and 
damping ratios of the beam with 
varying crack parameters for 
different modes

Types of orientation Mode 1 Mode 2 Mode 3 Mode 4 Mode 5

�
n
(Hz) �(%) �

n
(Hz) �(%) �

n
(Hz) �(%) �

n
(Hz) �(%) �

n
(Hz) �(%)

No Crack 12.42 0.21 77.71 0.62 220.32 0.8 430.63 0.42 722.63 0.54
30◦ - Crack 12.2 1.08 76.15 0.44 222.79 0.38 431.83 0.71 719.31 0.65
60◦ - Crack 12.23 1.04 76.13 0.49 222.73 0.36 425.25 0.49 723.13 0.53
90◦ - Crack 12.34 1.02 75.35 1.48 218.82 0.41 418.98 0.4 715.85 0.6

Fig. 7  Mode shape representa-
tion of the beam with no crack 
and 30◦ crack orientations
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problems, more than one hidden layer is selected in ANN 
[34]. Further, the number of neurons in the hidden layer is 
optimized using hidden layer optimization techniques.

Hidden Layer Optimization

Optimizing the number of neurons in an ANN’s hidden 
layer is critical to creating an effective neural network archi-
tecture. The hidden layer in the ANN model is the layer 
between the input and output layers. The appropriate num-
ber of neurons in the hidden layer can be determined by 
a variety of parameters and frequent experimentation. The 
computation functions employed in the hidden layer are used 
to resolve nonlinear problems. Therefore, determining the 
total number of hidden layers and the number of neurons in 
each hidden layer is essential. One cannot be assured of the 
number of concealed layers directly. Thus, it was computed 
by trial and error method. Zero hidden layers are often uti-
lized for linear issues, while one or more hidden layers are 
used for complex problems. For this ANN study, just one 
hidden layer was selected. By computing a plot between the 

number of neurons and root mean square (RMS), as shown 
in Fig. 10. It is observed that corresponding to the 70 neu-
rons in the hidden layer, the RMS values for the training, 
validation, and testing are minimal. Hence, number 70 is 
selected as an optimum number of neurons in the hidden 
layer for the further proceedings ANN simulations.

Parameters of ANN Model

Figure 11a–c represents the training state, performance and 
error histogram of the ANN model. These diagrams are the 
case with no crack condition of the beam. The training pro-
cess of the current model is completed at nineteen epochs, 
as shown in Fig. 11a and b, but it does not give the minimum 
mean square error. Thus, the algorithm selects thirteen as the 
optimum number of epochs, corresponding to the most neg-
ligible MSE value. At this point, testing and validation errors 
remain constant, and test error decreases. Corresponding 
to the thirteen epochs a good fit is achieved, i.e., the ANN 
model is neither underfit nor overfit.

From Table 2, it is observed that the structure of the ANN 
model is chosen the same for all cases of the beam. There 
were sixteen input parameters, one output parameters and 
one hidden layer with 70 neurons. The simulation time for 
all the models is quite low i.e., less than 10 sec. Totally, 
1000 epochs or iterations were defined for simulating the 
model, but the model can complete the computation within 
a smaller number of epochs i.e., approximately 25 epochs. 
The performance represents the highest accuracy and lowest 

Fig. 8  Mode shape representa-
tion of the beam with 60◦ and 
90◦ crack orientations

Fig. 9  Architecture of ANN
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Fig. 10  Optimization of the 
number of neurons in a hidden 
layer

Fig. 11  a Training state of the 
model, b Performance of the 
model, c Error histogram



 Journal of Vibration Engineering & Technologies

loss on the validation data set. The performance value is 
the mean square error of the epoch size minus six. It is also 
called the best validation performance, in which training, 
validation, and testing have the least mean square error. The 
gradient represents the slope or rate of change of the loss 
function with respect to the network’s parameters. It guides 
the parameter updates during training to minimize the loss, 
thereby improving the network’s ability to make accurate 
predictions.The learning rate is represented by Mu and it 
is a crucial hyper-parameter in training ANN models using 
optimization algorithms like gradient descent, stochastic 
gradient descent (SGD), Adam, RMSprop, L-M, and oth-
ers. It determines the step size at which the model’s weights 

are updated during the training process. The present model 
is trained by L-M training algorithm. An error histogram 
shows the graphical representation of the distribution of 
prediction errors made by the network on a dataset. It helps 
us to visualize how well our neural network is performing 
and provides insights into the nature of prediction errors. A 
twenty-bin system was used for the analysis. It is observed 
that the majority of datasets are close to the zero line. Hence, 
the trained model can predict the future successfully. The 
RMSE values for all cases of damages are less than 1%. 
Hence, the parameters listed in the above table are efficient 
and can efficiently predict future datasets.

Table 2  Parameters of artificial neural network (ANN) simulation

Types of crack Network Time (Sec) Epoch Performance Gradient Mu Error histogram RSME(%)

structure Train Val Test

No-Crack 16-70-1 6 19 0.0231 225 0.0001 − 3.348 to 2.21 0.2207 0.3496 0.3404
30◦-Crack 16-70-1 7 24 0.321 330 0.001 − 3.11 to 0.9576 0.1942 0.333 0.2747
60◦-Crack 16-70-1 10 23 0.0121 76.3 0.0001 − 4.206 to 3.444 0.2126 0.3183 0.43
90◦-crack 16-70-1 6 19 0.0136 2.34 0.001 − 6.579 to 7.142 0.2523 0.5144 0.5087

Fig. 12  Regression values for a Training, b Validation, c Test and d Combined results
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Regression Value

The ANN models’ regression values generated for training, 
validation, and testing are 1, as shown in Fig. 12a–c. How-
ever, the overall regression value of 1 for testing, valida-
tion, and training as shown in Fig. 12d. The data sets for the 
test, validation, and training components are fitted along the 
regression line. It revealed a strong relationship between the 
analysis and the desired results.

Predicted FRF Curves

The experimental and predicted FRF curves of a GFRP 
beam with all four scenarios of crack i.e., beam without 

crack, with 300 , 600 , and 900 crack orientations are shown 
in Fig. 13. It is observed that predicted FRF curves for all 
cases of cracks have good agreement with the experimental 
FRF curves. The RMSE for training, validation and test are 
less than 1% as shown in Table 2. Hence, it is justified that 
the present ANN model is highly efficient and can accurately 
predict the FRFs of the GFRP composite beam.

Fig. 13  Comparison between experimental and predicted FRF curves
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Conclusions

Crack has a noteworthy effect on the integrity of the struc-
tural components. The presence of the crack in the structure 
not only degrades the mechanical and dynamic properties 
of structures also it causes a catastrophic failure of struc-
tures. The existence of transverse crack on the structure 
cause adverse effects on modal characteristics viz degrade 
in natural frequency, altering the mode shapes and increase 
in damping ratio usually. If the nature of transverse crack 
changes i.e., crack is rotated with different angles. There 
might be detrimental effects on the dynamic properties of 
the structure. The observation of this study is as follows: 
(i) for 900 crack orientation, the natural frequency of beam 
decreases for all modes as compared to intact beam. (ii) it is 
observed that the natural frequency may increase or decrease 
for higher modes (other than 1 st & 2 nd ) if the orientation 
of open transverse crack is not perpendicular to the axis 
of the beam. (iii) For the fundamental mode, the damping 
ratio increases with crack formation due to the energy dis-
sipation at the crack and varies randomly for other modes. 
(iv) the predicted FRF curves using ANN model is highly 
justified with the experimental experimental FRF curves. 
(v) it is challenging to make valid perception about mode 
shapes. (vi) it is found that predicted FRF curves for all 
cases of cracks using ANN model have good agreement with 
the experimental FRF curves. This work can be extended 
to crack orientation detection in composite plate and shell 
structures using machine learning algorithm based on vibra-
tion characteristics.
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