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Abstract— Distinguishing proof of crack area and depth in 

structural elements, for example, beams, columns, and slabs, 

and so on., subjected to time differing burdens will help 

them to retrofit before disappointment along these lines its 

life and structural abilities can be incredibly made strides. It 

is not generally conceivable to identify the underlying 

cracks by visual review. Research facility test consequences 

of isotropic just upheld shaft and Cantilever beams with 

various crack area and crack depths information are 

gathered from written works as far as framework regular 

frequencies and crack areas for single crack and multi 

cracks. Diverse models are produced for crack detainment 

utilizing Natural frequencies as Input and Crack Depth and 

areas as Output. At initial an endeavor made for just upheld 

shaft having a Single crack recognition utilizing Artificial 

Neural Network (ANN) Model. Distinctive ANN models are 

created utilizing diverse preparing capacities and discovered 

Levenberg-Marquartd (LM) fits best among others which is 

assessed as far as R-square esteem. The Comparison has 

been made between created ANN models and relapse 

models. It demonstrates that the ANN models can perform 

well than relapse models. Further the basic condition has 

been displayed for assessment of crack depth taking into 

account the execution of the models created. Furthermore, 

the issue includes recognition of multi crack harm in a 

Cantilever pillar utilizing ANN Model and Response 

Surface Method (RSM). To accomplish better results in 

RSM higher degree condition is utilized. The final 

exhibitions of every model are assessed as far as R-worth. 

What's more, it is found that ANN fits the condition sensibly 

great. Crack Depth and Crack area can be distinguished 

utilizing ANN approaches which might be useful in 

retrofitting the structures. 
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I. INTRODUCTION 

The procedure of recognition and recognizing harm is 

extraordinary significance in structural designing. The 

structures identified with, common ought to be free from 

cracks and ensure it is sheltered. Cracks in structures or any 

designing frameworks may prompt calamitous 

disappointment and ought to be distinguished early.The 

impacts of harm on structural individuals are changes in 

frequencies, mode shapes and damping of structures. So it is 

simple estimation of normal frequencies is less complex 

than that of structural damping, harm will be find from 

element examination of the structure utilizing common 

frequencies. The prime significance is that dynamic 

attributes of cracked structures in structural wellbeing 

checking and non-ruinous harm testing in light of the fact 

that the recognized vibration information will be utilized to 

watch, evaluate, and areas degree of the cracks or harms in 

an each structure member. The cracks present inside the 

framework are additionally considered to build up the 

investigative model to survey the effect of cracks on the 

modular response of the framework. Be that as it may, 

substantial no of endeavors has been made to discover 

whether structural component harm has happened as a result 

of the position or degree of any such harm. In the present 

situation expanding interests inside the utilization of 

artificial neural networks (ANNs) for the wellbeing 

observing and harm recognitions.  

The convenience of neural networks in finding the 

harm has been enhanced because of their capacity to manage 

the examination of the structural harm with concentrated a 

computation. The most alluring component of the 

methodology is that it's prepared to distinguish harm with 

past data (Natural frequencies) about a model of the 

structure. It might successfully adapt to subjective and 

inadequate data, making it to a great degree promising for 

distinguishing structural harm (Kao and hung 2003). Hence, 

a very much planned neural network is prepared to serve as 

an ongoing processing machine for structural wellbeing 

monitoring. The current investigation goes for the 

advancement of a solitary crack and multi crack 

distinguishing proof for clever condition checking of 

structures utilizing the change as a part of modular 

parameters of the structural member. For this reason, 

information have been gathered for just upheld and 

cantilever for single crack and multi crack forecast 

respectively. Comparison has been made amongst ANN and 

relapse methods for single crack, ANN and Response 

surface methods for multi crack. 

II. PREDICTION METHODS 

A. Artificial Neural Networks (ANN) 

Neural Networks that are simplified models of the biological 

neuron system, may be a massively parallel distributed 

processing system created from extremely interconnected 

process elements known as neurons that have the flexibility 

to be told and thereby acquire knowledge and make it 

available for use (Rajsekaran et al. 2008). 

B. Biotic Model of a Neuron 

The neuron (cell) forms the interconnected element in the 

biological nervous system. That unit is a straightforward 

process receiving and processing the input from one neuron 

to other through its input path known as dendrites. An 

activity associate all of a neuron is or non-process. If the 

mixed input sign is robust enough, it create the input signal 

to its output path is known as axons that branch up and 

joints to totally different neuron’s input through a junction 

called as synapses. The quantity of input sign transferred is 

governed by the junction strength which is synthetic 

naturally. This junction strength is found to be changed all 

out the learning process of the brain. Therefore this is a 

remembrance unit of each linkage (Das, 2005). 
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Fig. 1: Biological Neural Network 

C. Model of an Artificial Neuron 

 
Fig. 2: Artificial (Mathematical) model of a neuron 

The on top of fig shows the simple model of an artificial 

neuron. Here O1, O2….On are being the inputs to the 

artificial neuron. W1B, W2B, WnB is the weights hooked up to 

the input links. The weights are increasing trend of the 

inputs to accomplish for the strength of the union. Thus the 

entire input IB received by the some of the artificial neuron 

is 

 

 

D. Architecture of an Artificial Neural Network 

 
Fig. 3: 

The neurons are termed as interconnected dealing out 

elements or nodes in a calculated model of the artificial 

neural network. The networks consists accomplice input 

vector of elements x l (l = 1, 2…, Ni) is relay through a 

relation that's high tended by weight w jl to gives the hidden 

unit z j (j = 1… N h) 

 
The transfer functions are created because of the 

nonlinearity in the relationships with input output. The 

commonly used transfer functions are hyperbolic tangent 

sigmoid, sigmoid and logistic sigmoid functions given 

below. 

 

 

E. Testing of Network 

At the end of the training part, the associated trained weights 

of the neurons are stored in the ANN memory. In the next 

part, testing part, the trained network is fed a new set of 

data. The ANN predictions (using the trained weight) are 

compared to the target output values to assess the ability of 

the network to produce (generalize) correct response to the 

testing patterns that only broadly speaking resembles the 

data in the training part. Once the training and testing gives 

the fine results for the predicted output are found to be 

successful, the corresponding NN can be place to use in 

employment (Das et al., 2005). 

F. Division of Data and Pre-Processing 

In neural network models to know the generalization it is 

required to divide the information into sub-sets which is a 

trained set and an independent tested set. A group of data 

based on amount of data points is preferred as a validation 

set which avoids over fitting. Also training, testing and 

validation sets represent data set. ANNs do not require 

extrapolating i.e. not use to determine the correlations for 

information values, beyond the range those had been 

trained. 

G. Generalization 

Training minimizes the error, use to get optimized weight 

vectors. Also, reducing it may create overtraining as the 

whole error in the network once new knowledge is given to 

the trained network. Over fitting happens if numbers of 

training points in coaching set are insufficient. The error in 

the network drives to a very less value (Das, 2005). 

H. Regression 

When we are examining the relationship between a 

quantitative outcome and a single quantitative input 

explanatory variable, simple linear regression is the most 

commonly considered analysis methods (The “simple" part 

tells us we are only considering a single explanatory 

variable.) In multiple regressions we usually have many 

different values of the explanatory input variable, and we 

usually assume that values between the observed values of 

the explanatory variables are also possible values of the 

explanatory variables. We postulate a linear relationship 

between the outcome and the value of the explanatory input 

variable. 

1) Regression Analysis 

It is a statistical technique for considering linear and non-

linear relations. Below it is showing the general form in 

equation (3.11) 

Y=b0 + b1X1i + b2X2i+  

Where, ‘Y’ is the secondary variable, and X1i, …. 

,Xki are the independent variables. Finally, ‘  ’is the 

residual term, which represents the composite effect 
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The result of a regression is a set of estimates of the 

regression constants bo,b1,.,bk.These values are finding for 

the coefficients by making the residue is ‘0’and the standard 

deviation errors are small that can neglect. The result is 

outlined in the obtained equation: 

Ypred = b0 + b1X1i + b2X2i 

III. MODELLING 

A. Network Data Preparation 

In the present analysis ANN models are developed by taking 

input parameters as changes in the natural frequency ratio 

(1st mode, 2nd mode & 3rd mode) and crack depth ratio 

(CDR) and crack location ratio (CLR) as output parameters. 

The minimum and maximum values of inputs and outputs 

are given in Table 1 and the properties of the material tested 

are given in Table 3.1. 

Inputs Outputs 

Fundamental Natural Frequency 

Ratio ( c    ) 
Crack 

Length 

Ratio 

(L1/L) 

Crack 

Depth 

Ratio 

(A/H) 
1st Mode 

(f1) 

2nd 

Mode (f2) 

3rd 

Mode (f3) 

0.7065 0.8175 0.8014 0.0625 0 

1 1 1 0.875 0.7 

Table 1: Minimum and Maximum values of data set 

IV. RESULTS AND DISCUSSIONS 

A. Results for Single Crack 
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Table 2: Performance Of ANN Model Developed for CDR 

and CLR prediction 

The ANN model for prediction of CDR as follows, 

` CDR = + 868.231-0.6837  

  1 + e n  

Where n =-0.6104 - f1 +18.179 - f 2  - 24.2973+ f3 - 49.0953 

The above equation gives R-value of 0.967. 

B. ANN Results for Multi Crack 

The performance of various ANN models for prediction of 

crack depth, location of first crack and second crack is 

shown in below. 

Table shows it is found that the network structure 

of 3-1-1 with tan sigmoid activation function will predict the 

crack depth value with a testing R-value of 0.99. Shows, the 

ANN models with logsig activation functions provide lesser 

R-value than others. But considering overall R-values of all 

models the one with tansig provides higher value as shown 

in table. For the sake of simplicity a straightforward 

equation (4.3) is presented for prediction of crack depth. 
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Table 3: R-values for crack depth predictive models 

C. RSM Results for Multi Crack 

Table Response surface methodsfor prediction of both crack 

depth (d)and crack lengths (L1&L2) have been carried out 

and predicted response is shown in figure 4.5. It is noted that 

the predicted response to actual showing high correlation 

coefficient when fitted with 3rd order equation. Using a 3rd 

degree equation, the 1st degree equation has been 

transformed, model giving high correlation coefficient of 

0.92, 0.94 and 0.96 for respective depth, first crack and 

second crack locations.when comparing the both the ANN 

model with network structure of 3-1-1 can predict the best 

results in terms of the R-value in more realistic than other 

models followed by response surface method. 

The 3rd order equation for crack depth and both lengths is 

presented below (4.6&4.7). 

Polynomial 

degree 
Crackdepth(d) 

First crack 

length(L1) 

Second 

crack 

length(L2) 

1st degree 

eq. 
0.77 0.93 0.94 

2nd degree 

eq. 
0.89 0.94 0.95 

3rd degree 

eq. 
0.92 0.95 0.96 

Table 4: R-values in RSM predictive models 

Equation Predicted for crack depth(d) 

=-0.548 f1
2 + 0.073 f2

2 + 0.002 f3
2 - 0.650 f1 

f2 - 0.016 f2 f3 + 0.166 f3 f1 - 0.025 f1
3 

- 0.017 f 2 f 2  - 0.006 f 2 f 3 - 0.001 f 2 

+ f 3 - 0.001 f 2 f - 0.003 f  f 2 f 3 +3.787 

Equation Predicted forboth cracks (L1&L2) 

 = -2219.23 f1
2 + 30.157 f2

2 - 4.236 f3
2 - 330.380 f1 

 +f2 + 2.727 f2 f3 -131.358 f3 f1 +103.292 f1
3 

 -0.022 f3
3 - 2.628 f1

2 f2 + 0.253 f1
2 f3 

+1.013 f2
2 f1 - 0.279 f 22 f3 - 0.215 f3

2 f1 

- 0.069 f 2 f 2 - 1.398 f f 2 f 3 + 662.466  
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V. CONCLUSION 

From the present study the following conclusions can be 

made. 

1) Equation is developed for the both the ANN and 

Regression analysis among the both neural network 

gives good result in terms of correlation coefficient (R) 

2) In case of multi crack the response surface method in 

3rd order equation give the R= 0.96 and equation is 

given Neural network gives best fit for multi crack, 

when it is compared with RSM 

3) It can be observed that the damage extent can be found 

out using ANN models trained with only natural 

frequencies with reasonable accuracy. 
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