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Abstract: - Artificial intelligence is often used to assess the integrity of engineering structures. Many 
methods are available to assess different types of damage, but the correctness of the results is not proven 
until local inspection methods are applied. Therefore, there is a need to develop a tool that can estimate the 
accuracy of the assessment process through a supplementary intervention. In this paper, we propose and 
test a procedure to establish the accuracy of the damage assessment results, which is the follow-up of a 
normal damage assessment process. First, we assess the damage involving a method previously developed 
by the authors that consider the relative frequency shifts (RFS) for several bending vibration modes. The 
method has the support of artificial neural networks (ANN). Applying this method, we estimate the location 
and severity of the damage. Next, we apply a procedure that presumes first to calculate the modal curvatures 
and the resulting damage location coefficients (DLC) for this location. Then, we normalize the RFSs used 
in the assessment process and compare them with the DLCs derived analytically for the presumed damage 
location. Finally, we compare the DLCs with the normalized RFSs via the Euclidian distance. This 
comparison shows how accurately we assessed the damage location, the smaller the distance, the better the 
prediction. Applying this procedure as a follow-up of a standard damage detection process, we know the 
accuracy of the assessment prediction realized with a standard detection method. If the accuracy is 
unsatisfactory, we can use an ANN model that is trained with data from the supposedly defective area. 
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1. INTRODUCTION  
 

Detecting damage like cracks based on the 
analysis of vibration signals involves the association 
of changes in the modal parameters with the position 
and depth of the defect [1]. Currently, there are many 
methods for detecting defects, most based on 
analyzing natural frequency changes [2-5] since these 
are easy to be measured in real-world applications. 
Some methods involve changes in mode shapes [6-9] 
or modal curvatures [10-13].  

Classically, the comparison between the response 
of the structure and that of the model is made using 
various metrics [14]. In the last decades, more and 
more methods have used artificial intelligence to 
determine the characteristics of cracks [15-20]. More 
recently, some of these methods process images to 
establish the existence and extension of cracks, but 
they cannot estimate the depth of the defect [21]. The 
latter methods can also not detect delamination or 
other damage located inside the structure. 
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In previous works, we presented a way of locating 
and estimating the severity of the defect [22,23] based 
on an artificial neural network (ANN). The accuracy 
is satisfactory in most cases, but there is no indication 
of possible errors in locating the damage.  

In this paper, we introduce a procedure to evaluate 
the accuracy of the crack location obtained with a 
standard vibration-based damage detection method. 
In our example, we use a method that an ANN model 
supports, but it can estimate the accuracy of location 
prediction made with any damage detection method. 
The procedure allows us to interpret the result and 
possibly correct the estimated crack position. Using 
this procedure, we gain credibility for the estimates 
made, or if a significant error results, the operator is 
aware that another method of detecting the defect 
must be applied. 

 
2. THE MACHINE-LEARNING-BASED 
CRACK DETECTION METHOD 
 

The crack detection method that the Babeș-Bolyai 
University research group has developed is based on 
the relative frequency shift (RFS). This feature 
represents the difference between the frequency of the 
intact beam and that of the structure with a crack fiD, 
normalized with fiU, as proposed in [24]: 
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In equation (1), the index i represents the mode 

number of the out-of-plain vibration, and indices U 
and D indicate the undamaged and damaged state, 
respectively. 

The equation to calculate the frequency of the 
beam with one transverse crack [25], situated at 
location x and having the depth a, is: 
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In this equation, γ(a) is the severity of the crack 

with depth a, and ( )i xφ′′  is the normalized modal 
curvature calculated at location x for the vibration 
mode i. The relation of the modal curvature for beams 
with various support types is well-known. The 
severity may be calculated using relations found from 
experiments (fracture mechanics method) [26, 27] or 
from the energy loss reflected in an increased 
deflection [28]. In the latter case, it is: 
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In equation (3), ( )D aδ  is the deflection of the free 
end of a cantilever beam with the crack of depth a at 
the fixed end, and δU is the deflection of the beam 
without a crack. The relative frequency shift is 
calculated for frequencies determined analytically, 
with the help of the finite element method (FEM), or 
for experimental results. For the first case, replacing 
equation (2) in equation (1), we obtain: 

 
2

( ) ( )i if a xγ φ′′ ∆ =        (4) 

 
We calculate the RFSs with equation (1) for the 

measured and simulated data. 
With equation (4), we can generate training data 

for the ANN. We calculate the RFSs for the crack 
parameters x and a; these are the output data. Usually, 
we consider eight vibration modes, which can be 
excited in a controlled manner and for which we 
obtain relevant acceleration amplitudes. The set of 
RFSs is the input data. We present an example of 
input and target data in Table 1.  

 
Table 1. Example of Input and Target Data. 

Input Target 
RFS1 

[Hz/Hz] 
RFS2 

[Hz/Hz] 
RFS3 

[Hz/Hz] 
RFS4 

[Hz/Hz] 
x 

[m] 
a 

[mm] 

0.002901 0.001938 0.001239 0.000688 0.05 0.8 

0.000612 0.000174 0.000011 0.000032 0.116 0.5 

0.000673 0.001240 0.000631 0.000516 0,420 1 

0.000013 0.000333 0.001481 0.002704 0.830 1.2 

0.001809 0.003739 0.001460 0.001968 0.430 1.6 

 
To train the network, we generate data for 501 

positions of the crack along the beam. We consider 
eight crack depths for each position, resulting in 4008 
damage scenarios. To save space, we show in Table 1 
the RFS values for just four weak-axis bending 
vibration modes. However, we use eight values in this 
study, as mentioned earlier. The data in Table 1 is 
obtained from calculus, and the comparison will be 
made for damage detection on real-world structures, 
which implies measured data. Thus, the necessity of 
estimating the frequencies with high precision. To 
estimate the natural frequencies very accurately, we 
developed special excitation methods [30] and signal-
processing algorithms [31] that have proven robust 
and reliable. Since they base on interpolation, these 
algorithms permit obtaining the frequencies on inter-
line positions of the spectrum.    

The hyper-parameters of the feedforward ANN 
model are presented in Table 2. 
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Table 2. Hyper-parameters of the ANN model. 
Hyper-parameter Value  

no of input and output neurons 8 2 

no. of hidden layers 3 

no. of hidden layer neurons 30/layer 

activation function tanh 

training function Levenberg Marquardt 

training epochs 1000 

samples used for training 70% 

samples used for validation 15% 

samples used for testing 15% 
 
The ANN was used was developed using 70% of 

the data for training and 15% for testing. The rest of 
the 15% of the data is for validation. The ANN can 
depict the depth and position of cracks even for 
damage scenarios that do not belong to the training 

set. It is worth mentioning that by using equations (1) 
to (3), we can develop a database for any boundary 
conditions of the beam if the proper relationship for 
the mode shape is used. 

 
3. PROCEDURE TO ESTIMATE THE 
LOCALIZATION ACCURACY 

 
One feature of the RFS is that it contains 

information about the crack's location and severity. 
The effect of the crack location is associated with the 
vibration mode number; see the term ( )i xφ′′  in 
equation (4). Differently, the effect of crack depth 
is the same regardless of the mode number. This 
feature allows us to remove the severity from the RFS 
by normalizing all RFSs for one location with the 
biggest in the series.    

This means that after normalization, for a given 
crack depth a, instead of the RFS, we obtain the 
damage location coefficient (DLC). The 
mathematical relation to calculate the DLC is [29]:
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Because of normalization, the DLCs for a given 

scenario are numbers between 0 and 1. Knowing the 
crack location estimated with the ANN, we can easily 
find the DLCs for that location. Similarly to the 
calculated DLCs, we can find the normalized relative 
frequency shifts, which are the equivalent of the 
DLCs for the measured or simulated data. We use 
equation (1) to find the DLCs in this case. It results in 
the series shown in equation (6). 

The DLCs in equation (6) are also values between 
0 and 1. If the location was estimated with error zero, 
the series Φ:{Φ1 … Φ8} and F:{F1 … F8} are 
identical. A slight difference between the two series 
is possible due to errors in the measured data. If more 
substancial differences occur, the crack’s location is 
not estimated accurately enough. The more 
significant the difference, the bigger the estimation 
error.  

 

 

{ }

{ }

{ }

1 1

11
1

2 2

22
2

8 8

8 8
8

max max

max max

...

max max

U D

U

iU iDi

iU

U D

U

iU iDi

iU

U D

U

iU iDi

iU

f f
ffF
f ff

f
f f

ffF
f ff

f

f f
f fF

f ff
f

−
∆

= =
 −∆
 
 

−
∆

= =
 −∆
 
 

−
∆

= =
 −∆
 
 

   (6) 



 

RJAV vol 20 issue 1/2023                                           62                                                         ISSN 1584-7284 

The comparison is possible using different 
metrics. In this study, we use the Euclidian distance. 
We calculate the distance using the mathematical 
relation: 

 

( )8 2
1 i iid Fε =

= Φ −∑     (7) 

 
Hence, the dimension of dε reflects qualitatively 

the error in estimating the crack location. To find this 
location more accurately, one should compare 
neighbor DLCs with the measured one and check for 
a better fit.  
 
4. GENERATING DATA FOR VALIDATION 

 
We conducted simulations in ANSYS by creating 

several damage scenarios for testing the ANN. The 
cantilever beam model was created with similar 
dimensions and boundary conditions, as described in 
the paper [22]: length L=1 m, width w=50 mm, and 
thickness h=5 mm. The Structural Steel material is 
assigned from the ANSYS library. The simulations 
were set up to determine the first eight natural 
frequencies associated with the transverse vibration 
modes of the beam. Six damage scenarios were 
generated by introducing breathing cracks at different 
depths and locations. The simulation involved 
utilizing the extrude cut feature in ANSYS for 
generating the crack geometry.  

The crack depths varied across the scenarios, 
ranging from 0.4 mm to 1.6 mm. We obtained the 
natural frequencies of the undamaged and damaged 
beam models through the modal analysis. These 
frequencies served us to calculate the RFSs, which 
quantified the deviation caused by the damage.  

 
5. RESULTS AND DISCUSSION 
 

To prove the concept proposed herein, we estimate 
the crack locations for six scenarios with the trained 
ANN and compare the DLCs calculated for these 
locations with the DLCs calculated from the 
measured frequencies. The six scenarios used for 
testing the procedure are presented in Table 3. First, 
we present the natural frequencies obtained with the 
FEM in Table 3. The values are obtained from 
simulation, so we used up to four digits after the dot. 
This precision is achievable for the measured 
frequencies using proper excitation techniques [30] 
and signal processing algorithms [31]. However, 
based on its robustness, the damage detection method 
works even for fewer digits after the dot.  

Afterward, we calculate the RFS values indicated 
in Table 4. Finally, we calculate the DLCs with 
equation (6); the results are presented in Table 5. 

In Table 6, we present the crack locations which 
we found by involving the trained ANN. This table 
also presents the DLC values calculated for the 
identified positions.  

 
 

Table 3. Natural frequencies obtained from simulation. 
Scenario x [m] a [mm] f1 [Hz] f2 [Hz] f3 [Hz] f4 [Hz] f5 [Hz] f6 [Hz] f7 [Hz] f8 [Hz] 

1 0.080 2 4.0406 25.477 71.5965 140.582 232.512 347.108 484.162 643.668 

2 0.412 0.8 4.0883 25.607 71.7292 140.584 232.308 347.464 485.001 646.427 

3 0.353 0.8 4.0876 25.615 71.7007 140.631 232.343 347.214 485.468 645.993 

4 0.271 1 4.0846 25.623 71.6637 140.490 232.524 347.195 484.672 646.151 

5 0.433 0.6 4.0859 25.5825 71.6884 140.536 232.007 347.461 484.431 646.0852 

6 0.806 1.2 4.0899 25.6171 71.6374 140.253 232.006 347.201 485.475 646.032 

 
Table 4. Relative frequency shifts calculated for the frequencies obtained by simulation. 

Scenario RFS1 RFS2 RFS3 RFS4 RFS5 RFS6 RFS7 RFS8 

1 0.012067 0.005826 0.002235 0.000337 0.000078 0.001010 0.002694 0.004519 

2 0.000415 0.000764 0.000386 0.000320 0.000951 -0.000014 0.000967 0.000252 

3 0.000568 0.000457 0.000784 -0.000010 0.000802 0.000706 0.000004 0.000923 

4 0.001320 0.000133 0.001300 0.000992 0.000023 0.000762 0.001643 0.000680 

5 0.000984 0.001733 0.000955 0.000663 0.002247 -0.000005 0.002140 0.000781 

6 0.000008 0.000387 0.001667 0.002681 0.002252 0.000748 -0.000011 0.000862 
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Table 5. Damage location coefficients calculated for the frequencies obtained by simulation. 

Scenario Generated 
x [m] DLC1 DLC2 DLC3 DLC4 DLC5 DLC6 DLC7 DLC8 

1 0.080 1 0.482836 0.18525 0.027963 0.006429 0.083721 0.223251 0.374476 

2 0.412 0.428668 0.789809 0.399281 0.331424 0.983424 -0.01405 1 0.260166 

3 0.353 0.615455 0.495218 0.849486 -0.01123 0.86905 0.765759 0.004589 1 

4 0.271 0.803221 0.080754 0.791005 0.603812 0.014071 0.463708 1 0.413584 

5 0.433 0.438045 0.771374 0.42508 0.295185 1 -0.00226 0.952361 0.347473 

6 0.806 0.003106 0.14431 0.621672 1 0.840065 0.27893 -0.00406 0.321586 
 

Table 6. Crack locations assessed via ANN and the resulting damage location coefficients. 

Scenario Assessed x 
[m] DLC1 DLC2 DLC3 DLC4 DLC5 DLC6 DLC7 DLC8 

1 0.0795 1 0.485707 0.183573 0.026841 0.006592 0.089073 0.229875 0.380552 

2 0.3502 0.435600 0.798990 0.410484 0.329242 0.994951 0.000073 1 0.303938 

3 0.2693 0.643461 0.517483 0.890846 0.004457 0.861860 0.848462 0.007845 1 

4 0.4096 0.793785 0.086297 0.775438 0.614533 0.010720 0.447322 1 0.437225 

5 0.3978 0.434971 0.691658 0.469599 0.195894 1 0.038255 0.764011 0.557471 

6 0.8066 0.006416 0.145900 0.608157 1 0.849906 0.297893 0.000067 0.302231 

 
The core of the procedure, which we propose in 

this paper, has to follow a standard damage detection 
method to check its accuracy. It compares the DLCs 
obtained from simulation/measurements (for the 
simulation, it is the generated location) with those 
obtained analytically for the identified crack position. 
So, knowing the DLCs for the actual (generated) 
locations induced in the FEM model and the 
identified locations obtained from the ANN, we can 
appreciate how these fit, thus, how correctly the crack 
location is estimated.  

We use equation (7) to compare the DLC sets, 
which provide the Euclidian distance. In addition, we 
check the fit of the individual DLCs visually to 
observe differences between them. We present the 
results in Table 7 and in Figures 1 to 5. One can 
observe that not all simulated and estimated DLCs 
perfectly fit. 

 
Table 7. DLC fit evaluation 

Scenario dε 
Location x [m] 

generated assessed difference 

1 0.01103 0.080 0.0795 0.0005 

2 0.05010 0.412 0.4096 0.0024 

3 0.10069 0.353 0.3502 0.0028 

4 0.03627 0.271 0.2693 0.0017 

5 0.59358 0.433 0.3978 0.0352 

6 0.03231 0.806 0.8066 -0.0006 

From Table 7, we can observe that we did not 
estimate all crack locations with high accuracy. For 
instance, for scenario 5, the absolute error in 
estimating the position is 10.2 mm for the beam with 
a length of 1 m. The more significant error is 
signalized by the fit coefficient dε, which is 
significantly higher than for other scenarios.  

A comparison of typical cases regarding the fit 
between the real DLCs and the DLCs for the 
estimated locations is represented in Figures 1 to 5. 
The closer the DLCs, the smaller the fit coefficient dε 
and the better the estimation of the crack location.  

These visual representations in Figures 1 to 5 
contribute to a better understanding of the results of 
the defect localization process. If the DLCs of the 
eight modes have, pair by pair, the same or very close 
amplitudes, the location is identified with high 
accuracy. This good fit is the case of Scenario 1 and 
Scenario 6, where the locations are assessed at 0.5 
mm, respectively 0.6 mm from the generated 
location.  

The location is not very accurately assessed if 
slight differences exist between the DLCs of several 
modes, such as those for Scenarios 2, 3, and 4. For 
these scenarios, absolute errors between 1.7 mm and 
2.8 mm resulted. 

Scenario 5 is an example of an inadequate 
assessment of the crack location. The significant 
differences between the generated and assessed DLCs 
indicate this fact. Indeed, we found an absolute error 
in estimating the crack location of 35.2 mm.  
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Figure 1. The DLC fit for an excellent location 

assessment – the case of scenario 1 
  

 
Figure 2. The DLC fit for an acceptable location 

assessment – the case of scenario 2 
 

 
Figure 3. The DLC fit for an acceptable location 

assessment – the case of scenario 3 
 

 
Figure 4. The DLC fit for an acceptable location 

assessment – the case of scenario 4 
 

 
Figure 5. The DLC fit for an inadequate location 

assessment – the case of scenario 5 
 

 
Figure 6. The DLC fit for an excellent location 

assessment – the case of scenario 6 

We can observe that the DLCs obtained for the 
crack generated at location 0.412 m (Scenario 2) 
differ slightly from the DLCs obtained for the cracks 
generated at location 0.408 m (Scenario 5). This 
slight difference is expected since the two generated 

crack locations are very close. However, the ANN 
indicated the presumed location close enough to the 
generated one, and the proposed validation procedure 
confirms the small distance between the generated 
and identified crack location.
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Note that, for exemplification, we used simulated 
data. These replaced measured data which are used in 
the case of damage assessment on real-world 
structures. 

The accuracy estimation cannot be made without 
an additional check because the ANN model is 
complex and is not transparent. Thus, the decisions of 
the learning model are not transparent and do not 
permit interpretability [32]. For this reason, we added 
a tool for the end-users that gives them coherent 
explanations of the decisions and allow intervention 
when the automated decisions fail. 

 
4. CONCLUSIONS 
 

Artificial intelligence is generally used when large 
and complex data must be interpreted. One example 
is the vibration-based damage detection methods. 
Therefore, using ML techniques to assist damage 
detection methods is a common practice nowadays. 
The way the decisions are taken when ML is involved 
is not transparent, so humans must accept these 
decisions without proof of their reliability. However, 
the analysis results are sometimes unreliable, so 
explainability should be delivered simultaneously 
with the predictions. Alternatively, the system should 
automatically perform an assessment using another 
detection method or ML technique as a better solution 
than just informing about inaccuracies.  

The main objective of this paper was to introduce 
a tool that permits checking the accuracy of damage 
detection predictions. The procedure compares the 
DLCs calculated using equation (5) for the location 
identified with the ANN model with the DLCs 
derived from the RFSs obtained via measurements. 

We found out that: 
• The accuracy of the damage detection 

method previously developed, which 
includes a simple ANN model, is 
satisfactory. The most significant absolute 
error we found after numerous experiments, 
indicated in this paper as Scenario 5, is 35.2 
mm (3.52% of the beam length). 

• The accuracy estimator, nominated as fit 
coefficient dε, can predict if the crack location 
is identified correctly. We found that values 
less than 0.015 indicate an accurately 
predicted location, while values over 0.15 
indicate a badly identified location. 

• The diagrams representing the two DLC sets 
offer a suggestive image of the assessment 
accuracy. 

• In all tests we performed, applying the 
proposed procedure, we could estimate 
correctly if the crack location were accurately 
found.  

The accuracy estimation procedure we propose in 
this paper can be integrated with a standard damage 
assessment method so that the standard method is 
assisted by the first one and can avoid inaccurate 
predictions. For this reason, future concerns will 
consider integrating the proposed procedure with a 
standard vibration-based damage detection method. 
We will also focus on setting the limits of the fit 
coefficient to assess the error level more accurately 
and on assigning weights to the deviations of the 
vibration modes to obtain a more relevant fit 
coefficient.   

As a shortcoming of the proposed procedure, we 
mention the need to know the effect of cracks on 
natural frequencies for a very dense network of 
locations on the structure. Getting this information is 
difficult for structures of high complexity.  
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