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Crack Detection in Folded Plates with Back-Propagated Artificial Neural Network 

 

Abstract 

 

Engineering structures may face various damages such as crack, delamination, and fatigue in 

several circumstances. Localizing such damages becomes essential to understand the health of 

the structures since they may not be able to operate anymore. Among the damage detection 

techniques, non-destructive methods are considerably more preferred than destructive methods 

since damage can be located without affecting the structural integrity. However, these methods 

have several drawbacks in terms of detecting abilities, time consumption, cost, and hardware 

or software requirements. Employing artificial intelligence techniques could overcome such 

issues and could provide a powerful damage detection model if the technique is utilized 

correctly. In this study, the crack localization in flat and folded plate structures has been 

conducted by employing a Back-propagated Artificial Neural Network (BPANN). For this 

purpose, cracks with 18 different dimensions have been modeled in flat and four different 

folded structures by utilizing the Finite Element Method. The dataset required to perform the 

crack localization procedure includes the first ten natural frequencies of all structures as input 

variables. As output variables, the dataset contains a total of 500 crack locations for five 

structures. It is concluded that the BPANN can localize all cracks with an average accuracy of 

95.12%. 

 

Keywords: Finite Element Method, Crack Detection, Machine Learning, Vibration, Neural 

Network, Folded Plate. 

 

1. Introduction 

 

Different types of damage may occur in engineering structures due to production or usage area.  

Damages such as cracks, regional inhomogeneity, variability in the cross-sectional area, 

delamination, and decomposition directly affect the rigidity of the structure. Errors that can be 

detected by destructive testing methods also bring many economic problems. For this reason, it 

is of great importance to determine the location of the damage by non-destructive methods in 

order to detect the instabilities that will be caused by the damage in the structures. The need for 

new methods in terms of economy, speed, and applicability is increasing day by day. 

 

Tsou and Shen performed a methodology for on-line damage identification of discrete structural 

systems. The location and severity of the damage can be detected using neural networks [1]. 

Yam et al. presented an integrated method for damage detection of composite structures using 

their vibration responses, wavelet transform and artificial neural networks identification [2]. 

Yam et al. introduced vibration-based online and non-destructive detection technology for 

structural damage. A honeycomb sandwich plate is subjected for the dynamic response. 

Wavelet transformation of three experimental plates contain a crack is obtained [3]. Yeung and 

Smith investigated a damage detection procedure, using pattern recognition of the vibration 

signature, was assessed using a finite element model of a real structure [4]. Chen et al. 
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investigated a dynamic-based damage detection method for structural systems. The Hilbert-

Huang transform has been used and the method is implemented the scheme on a model of 

wingbox [5]. Manoach and Trendafilova used large amplitude vibrations the detect damages on 

the fully clamped rectangular plates. The geometrically nonlinear version of the Mindlin plate 

theory is used to model the plate behavior, and the damage is represented as a stiffness reduction 

in a small area of the plate [6]. Paulraj et al. presented a simple method for crack identification 

in steel plates based on statistical time energy. The plate is excited by an impulse signal.  A 

simple neural network model trained by back propagation algorithm [7]. Shih et al. used 

dynamic computer simulation techniques to develop and apply a procedure for the structural 

damage detection in flexural members in building and bridge structures [8]. Elshafey et al. 

investigated the damage detection in offshore jacket platform structures subjected to random 

loads using a combined method of random decrement signature and neural networks [9]. Paulraj 

et al. presented a simple method for crack identification in steel plates based on the frame based 

frequency domain features. Discrete Fourier Transformation is computed for the propagated 

vibration signals. Two simple neural network models were developed [10]. Nasiri et al. used 

the frequency response and modal analysis of a composite plate to detect and localize the 

delamination. Artificial neural network process, the experimental results, and the finite element 

model are used together for two different damaged plates [11]. Paulraj et al. examined the 

damage detection in steel plates using nondestructive vibration testing. The simply supported 

steel plate is used to develop a simple experimental model [12]. Kourehli examined a method 

for damage detection of plate structures. The extreme learning machine is proposed, which 

includes the mode shapes and the natural frequencies of a damaged plate. Several damages are 

applied to two examples, with and without noise in the modal data [13]. Alexandrino et al. 

investigated a robust optimization for the damage detection as an inverse problem. The 

localization and identification of damage is performed through artificial neural network [14]. 

Pan et al. investigates the selection of vibration modes for improving accuracy of frequency-

based damage detection with using noise signals. A case study on a composite curved plate is 

presented [15]. Tan et al. developed a procedure for detecting damage in composite bridge 

structure and I beams. The procedure depends on the vibration characteristics and the artificial 

neural network for the modal strain energy-based damages [16]. Padil et al. examined the 

frequency response function as the input variable for artificial neural network for damage 

detection. The study presents a combination of a non-probabilistic method with Principal 

component analysis to consider the problem of the existing uncertainties [17]. Oliver et al. 

performed a neural network-based damage identification in laminated composite plates. Finite 

element software is employed for the plate model. The quantify damage severity achieved up 

to 95% success rate [18]. 

 

The non-destructive methods have several drawbacks in terms of detecting abilities, time 

consumption, cost, and hardware or software requirements. Employing artificial intelligence 

techniques may overcome such issues since they can detect damages with high accuracy in a 

short time and do not require powerful hardware or software only if they modeled in the right 

way.  In this study, it is aimed to detect crack locations in isotropic thin plate structures by using 

Back-propagated Artificial Neural Network (BPANN) considering the free vibration responses. 
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Vibration responses have a significant role in crack detection since cracks of different sizes and 

directions in the structures affect the natural frequency of the structure according to the relevant 

mode shape [19]. Each crack has been modeled in 100 different locations of flat and four 

different folded plates. The first ten natural frequency results are obtained for all crack sizes by 

using the Finite Element Method and the Classical Plate Theory (CPT). Therefore, a dataset has 

been obtained, which includes the first ten natural frequencies of cracked structures and 

corresponding crack locations. The damage localization procedure has been conducted by 

employing BPANN. For training and testing, a 5-fold cross-validation technique has been 

employed in which the train-test split has been performed randomly 5 times by considering a 

80%-20% train-test ratio. The localization accuracies have been evaluated for each location that 

the cracks have been modeled. 

 

2. Methodology 

 

Shear deformation is negligible in thin and moderately thin plates [19-21]. Thus, the Classical 

Plate Theory (CPT) is suitable to moderately thin and very thin plates. The higher-order theories 

are effective for thick plates. Since thin plates are considered within the scope of this work, the 

CPT and the four node quadrilateral finite element are employed.  

 

2.1 Finite element model 

 

The CPT includes five different displacements as out-of-plane and in-plane.  Figure-1 shows 

the plate model with displacements. 

 

 
Figure 1. Four-node finite element with the out-of-plane and in-plane displacements 

 

Normals to the middle surface of the undeformed plate remain straight and normal to the middle 

surface during deformation and are inextensible for in-plane movement [22, 23]. Thus, the 

components of in-plane displacements u and v can be represented by 

𝑢 = 𝑞1 + 𝑞2x + 𝑞3y + 𝑞4𝑥𝑦 

𝑣 = 𝑞5 + 𝑞6x + 𝑞7y + 𝑞8𝑥𝑦 
(1) 

where q1 - q8 are the coefficients of the in-plane displacements. The displacement functions are 

required and that is: 
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𝑢 = ∑𝑁1𝑗𝑢𝑗

4

𝑗=1

 

𝑣 = ∑𝑁1𝑗𝑣𝑗

4

𝑗=1

 

(2) 

The shape function N1j is required the represent displacement functions. The shape functions 

for the in-plane displacements as follows for the non-dimensional coordinates of node j by (ξ j, 

ηj): 

𝑁1𝑗 =
1

4
(1 + 𝜉𝑖𝜉)(1 + 𝜂𝑖𝜂) (3) 

The displacement function for bending is shown in equation (4) in natural coordinates (ξ, η).: 

𝑤 = 𝑞9 + 𝑞10𝜉 + 𝑞11𝜂 + 𝑞12𝜉
2 + 𝑞13𝜉𝜂 + 𝑞14𝜂

2 + 𝑞15𝜉
3 + 𝑞16𝜉

2𝜂 + 𝑞17𝜉𝜂
2 + 𝑞18𝜂

3

+ 𝑞19𝜉
3𝜂 + 𝑞20𝜉𝜂

3 
(4) 

The coefficients q9 to q20 can be expressed in terms of the components of displacement at the 

four node points. The displacement functions are required and that is: 

 

𝑤 = [𝑁21(𝜉, 𝜂)    𝑁22(𝜉, 𝜂)    𝑁23(𝜉, 𝜂)    𝑁24(𝜉, 𝜂)]{𝑤}𝑒 = [𝑁2(𝜉, 𝜂)]{𝑤}𝑒 (5) 

The plate bending element’s shape function is given in equation (6) for node j (1 to 4). 

𝑁2𝑗
𝑇 (𝜉, 𝜂) =

[
 
 
 
 
 
1

8
(1 + 𝜉𝑗𝜉)(1 + 𝜂𝑗𝜂)(2 + 𝜉𝑗𝜉 + 𝜂𝑗𝜂 − 𝜉2 − 𝜂2)

𝑏

2
(1 + 𝜉𝑗𝜉)(𝜂𝑗 + 𝜂)(𝜂2 − 1)

−
𝑎

2
(𝜉𝑗 + 𝜉)(𝜉2 − 1)(1 + 𝜂𝑗𝜂) ]

 
 
 
 
 

 (6) 

where u0, v0 and w0 are the components of displacement at a point (x, y) in the middle surface. 

It is necessary to include both the in-plane and bending displacements as they are coupled for 

some stacking sequences. The matrix form of the components of strain are as follows. 

{𝜀} = {

𝜀𝑥

𝜀𝑦

ϒ𝑥𝑦

} =

[
 
 
 
 
 
 

𝜕𝑢0

𝜕𝑥
𝜕𝑣0

𝜕𝑦
𝜕𝑢0

𝜕𝑦
+

𝜕𝑣0

𝜕𝑥 ]
 
 
 
 
 
 

− 𝑧

[
 
 
 
 
 
 

𝜕2𝑤0

𝜕𝑥2

𝜕2𝑤0

𝜕𝑦2

2
𝜕2𝑤0

𝜕𝑥𝜕𝑦]
 
 
 
 
 
 

 (7) 

That is 
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{ε} = {𝜀1} − 𝑧{𝜀2} (8) 

The strain energy of the plate is shown in equation (9) [22]. 

𝑈 =
1

2
∫𝜎𝑇𝜀 𝑑𝑉

𝑉

 (9) 

σ represents the stress matrix, and ε represents the strain matrix. The relation of the stress-strain 

is presented in equation (10). 

𝜎 = 𝐷𝜀 (10) 

The strain energy is formed in equation (11). 

𝑈 =
1

2
ℎ ∫{𝜀}𝑇[𝐷]{𝜀} 𝑑𝐴

 

𝐴

 (11) 

Here h represents the plate thickness, and D represents the material matrix. Extending equation 

(11) gives 

𝑈 =
1

2
∫({𝜀1}

𝑇[𝐷1]{𝜀1} + {𝜀2}
𝑇[𝐷2]{𝜀2}) 𝑑𝐴

 

𝐴

 (12) 

where D1 and D2 are: 

[𝐷1] =
𝐸ℎ3

12(1 − 𝜈2)
[

1 𝜈 0
𝜈 1 0

0 0
1 − 𝜈

2

] 

[𝐷2] =
𝐸

(1 − 𝜈2)
[

1 𝜈 0
𝜈 1 0

0 0
1 − 𝜈

2

] 

(13) 

Substituting equations (2) and (3) at ε1, equations (5) and (6) at ε2 in equation (8) and equation 

(12) is rearranged; 

𝑈 =
1

2
{𝑞}𝑇[𝐾𝑒]{𝑞} (14) 

Ke represents the element stiffness matrix in dimension (20x20). The kinetic energy relation is 

given in equation (21) for the average density ρ and the thickness of the laminate is h. 
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𝑇 =
1

2
∫𝜌ℎ(�̇�2 +

𝐴

�̇�2 + �̇�2)𝑑𝐴 (15) 

Equation (15) is rearranged using equations (2) and (5); 

𝑇 =
1

2
{�̇�}𝑇[𝑀𝑒]{�̇�} (16) 

 

Me represents the (20x20) element mass matrix. The drilling effect (θz) needs to be considered 

to satisfy the degrees of freedom. Therefore, the last value has to be added formally into 

matrices for the drilling effect, although these matrices represent the effect of θz. Hence the 

element stiffness and mass matrices are expanded to (24x24) from (20x20). The corresponding 

diagonal values of [θz]4x4 has taken absolute value that 1/1000 of the minimum value in (20x20) 

stiffness and mass matrices, while other values of [θz]4x4  are considered to be zero [19, 24]. 

The generalized displacement vector of the jth node for local reference coordinates is expressed 

as: 

𝑞𝑗 = [𝑤𝑗 𝜃𝑥𝑗
 𝜃𝑦𝑗

 𝑢𝑗  𝑣𝑗  𝜃𝑧𝑗
] (17) 

 

Figure 2 shows the coordinate system transformation.  

  

Figure 2. Coordinate system transformation. 

 

The transformation matrix is given in equation (18) which includes six generalized coordinates. 

 

𝑇𝑟 =

[
 
 
 
 
 
cos(θ)  0   0

0 cos(θ)   0
0  0   1

    −sin(θ) 0 0
  0 0 sin(θ)
  0 0 0

sin(θ) 0 0
  0 0 0
  0 −sin(θ) 0

      cos(θ)  0 0
0 1 0
 0 0 cos(θ)]

 
 
 
 
 

 (18) 

2.2. Crack model 

Figure 3 shows the obtaining procedure of a finite element model with crack. The different 
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directed cracks can be implemented by changing the dimensions of the crack. The cracked finite 

element is obtained by subtracting the stiffness of crack from the element stiffness matrix. 

 

Figure 3. The obtainment process of the cracked finite element [21]. 

 

Ke is calculated from equation (19) in finite element dimensions and Kco is calculated in 

crack dimensions. The Kco is subtracted from the element stiffness matrix (Ke) then the cracked 

element stiffness matrix (Kc) is obtained. The free vibration analysis is repeated with the (Kc) 

matrix inplaced separately instead of each finite element stiffness matrix (Ke) [19]. 

𝐾𝑐 = 𝐾𝑒 − 𝐾𝑐𝑜 (19) 

2.3. Free vibration analysis 

The element stiffness matrix Ke, and the element mass matrix Me are used to form global 

stiffness (K), and global mass (M) matrices. The dynamic response of a plate is formulated 

through Lagrange’s equation of motion (20) [22].  

[𝑀]{q̈} + [𝐾]{q} = 0 (20) 

Natural frequencies are calculated from the eigenvalue problem given in equation (21). 

Here, ⍵ is the natural frequency value. 

[𝐾] − ⍵2[𝑀] = 0 (21) 

2.4. Artificial neural network 

 

Following the evaluation of the damaged and healthy natural frequencies, they are used for 

damage detection in flat and folded plate structures. For this purpose, the first 10 natural 

frequency ratios (the ratio of the natural frequency of the damaged to the healthy structure) are 

considered to train and test the Artificial Neural Network (ANN).  

 

Artificial Neural Networks are powerful mathematical models, which mimic the biological 

neuron’s structure. A basic ANN structure, shown in Figure 4, includes input units, hidden layer 

units, and output units. The input units (xi) are connected to the hidden units by dendrites in 

which the input and dendrite weight (w0i) are multiplied. In the hidden units, the weighted input 

(wi) is produced and substituted into an activation function (f), which differs with respect to the 



8 

 

type of the neural network. Afterward, the activation function is summed with bias (b) to 

evaluate the final output. The bias is evaluated for each training step where the initial outputs 

are evaluated. If the initial outputs are considerably different from the actual outputs, the 

weights are adjusted by the bias value. By doing so, the outputs of the neural networks become 

closer to the actual outputs. As the error between the actual and neural network outputs becomes 

negligible or small, the learning procedure is finalized. Therefore, the error can be calculated 

as [25] 

e =
1

2
∑||𝑦𝑖 − 𝑜𝑖||

2
𝑚

𝑖=1

 (22) 

 

where yi is the vector of actual values and oi is the output vector of ANN model. Considering a 

single neuron with m inputs, the output vector is evaluated by 

 

oi = ∑𝜃(𝑥𝑖𝑤0𝑖
+ 𝑏)

𝑚

𝑖

 (23) 

 

Figure 4. The architecture of an artificial neural network. 

 

This fundamental procedure may vary depending on the type of neural network (e.g., feed-

forward, back-propagated, radial basis function, etc.) and it may have been improved by 

changing the number of hidden neurons or hidden layers. On the other hand, detailed analyses 

have to be performed when selecting the activation function, the number of hidden neurons, 

and hidden layers since they may adversely affect the performance of the neural network. 
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3. Results 

 

Within the scope of the study, five different plates, one straight and four folded, are 

investigated. Folded plates are obtained by bending the flat plate in the middle without changing 

its dimensions. Figure 5 shows the flat and folded plate structures. 

 

 

Figure 5. Flat and folded plate structures. 

 

A total of 18 different sizes of cracks are modelled in each plate structure individually. The 

cracks are divided equally into two categories called x-dependent and y-depended cracks whose 

lengths vary in x- and y- axis respectively. Figure 6 shows the illustration of x-dependent and 

y-dependent cracks. Table 1 gives material properties, plate geometries, and crack dimensions. 

 
(a)      (b) 

Figure 6. Cracked finite element. (a) x-dependent crack, (b) y-dependent crack. 

Table 1. Material specifications and the dimensions of the plates 

Symbol Name Quantity, Order 

E Modulus of Elasticity 200 GPa 

ρ Mass density 7900 kg/m3 

ν Poisson’s ratio 0.30 

ap Plate length 0.5 m 

bp Plate width 0.5 m 

h Thickness of the plate 0.005 m 

… Mesh density 10x10 
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ac / bc x-dependent crack length/width 1:0.5:5 / 25 mm 

ac / bc y-dependent crack length/width 25 / 1:0.5:5 mm 

θ1, θ2, θ3, θ4 Angles of the folded plates 150, 300, 450, 600 

 

The convergence analysis of the flat and four different folded healthy plates is presented in 

Table 2. Convergence analyzes are performed both in ANSYS and MATLAB for healthy 

structures, in case the structure has x-dependent cracks located in the middle of the folded part 

seen in Figure-5, and y-dependent cracks located in the middle of the folded part of the plate. 

While the natural frequency parameters of the cracked structure remain the same or decrease in 

both ANSYS and MATLAB compared to the healthy structure, it is seen that more sensitive 

results are obtained with MATLAB. The non-dimensional natural frequency parameter (λ) is 

given in Equation (24), where ω is natural frequency, A is cross-section area of the plate, I is 

the area moment of inertia. 

𝜆 = 𝜔√
𝜌𝐴𝑎𝑝

4

𝐸𝐼
 (24) 

 

Table 2. Convergence analysis of healthy and damaged plates 

   
λ1 λ2 λ3 λ4 λ5 λ6 λ7 λ8 λ9 λ10 

F
la

t 
P

la
te

 

Healthy 
MATLAB 5.59 14.01 35.23 43.37 51.10 87.99 100.34 106.63 116.11 148.72 

ANSYS 5.79 14.17 35.52 45.35 51.58 90.21 102.32 107.04 118.40 154.78 

Cracked 

(x-dep.) 

MATLAB 5.58 13.73 35.22 43.35 51.05 87.97 100.34 106.40 116.03 148.61 

ANSYS 5.79 14.17 35.49 45.30 51.55 90.21 102.04 107.01 118.36 154.76 

Cracked 

(y-dep.) 

MATLAB 5.38 13.99 34.95 43.37 51.04 87.84 100.31 106.61 116.09 148.60 

ANSYS 5.79 14.17 35.50 45.18 51.55 90.21 102.23 106.95 118.36 154.75 

1
5

0
 F

o
ld

ed
 P

la
te

 

Healthy 
MATLAB 5.63 14.17 34.11 48.27 61.11 100.30 115.85 122.87 150.52 183.43 

ANSYS 5.86 14.09 35.33 48.62 61.72 102.16 114.70 126.50 153.08 183.78 

Cracked 

(x-dep.) 

MATLAB 5.62 13.92 34.10 48.21 61.11 100.30 115.84 122.53 150.52 183.42 

ANSYS 5.86 14.08 35.29 48.59 61.70 101.86 114.68 126.45 153.01 183.43 

Cracked 

(y-dep.) 

MATLAB 5.46 14.15 33.90 48.21 61.04 100.27 115.81 122.82 150.51 183.34 

ANSYS 5.86 14.08 35.32 48.59 61.61 102.07 114.68 126.40 153.05 183.64 

3
0

0
 F

o
ld

ed
 P

la
te

 

Healthy 
MATLAB 5.76 14.67 31.33 42.55 61.91 100.25 115.97 123.58 153.37 180.29 

ANSYS 6.00 13.97 32.55 42.78 63.38 102.16 115.37 128.25 155.62 180.86 

Cracked 

(x-dep.) 

MATLAB 5.75 14.47 31.32 42.49 61.90 100.25 115.95 123.24 153.36 180.28 

ANSYS 6.00 13.96 32.52 42.76 63.37 101.85 115.35 128.19 155.51 180.53 

Cracked 

(y-dep.) 

MATLAB 5.59 14.66 31.14 42.50 61.83 100.22 115.92 123.53 153.34 180.27 

ANSYS 6.00 13.96 32.54 42.76 63.27 102.06 115.34 128.16 155.58 180.75 

4
5

0
 F

o
ld

ed
 

P
la

te
 Healthy 

MATLAB 5.98 15.56 28.00 37.50 62.08 100.32 116.14 123.64 153.75 167.84 

ANSYS 6.23 16.19 29.16 37.72 64.89 102.27 116.21 130.12 156.00 169.76 

Cracked 

(x-dep.) 

MATLAB 5.98 15.40 28.00 37.43 62.07 100.31 116.13 123.31 153.75 167.83 

ANSYS 6.24 16.18 29.14 37.70 64.88 101.94 116.20 130.06 155.86 169.44 
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Cracked 

(y-dep.) 

MATLAB 5.81 15.54 27.83 37.45 62.00 100.28 116.10 123.59 153.72 167.83 

ANSYS 6.24 16.18 29.16 37.70 64.78 102.17 116.19 130.03 155.94 169.66 

6
0

0
 F

o
ld

ed
 P

la
te

 

Healthy 
MATLAB 6.32 16.64 24.91 33.86 62.15 100.59 116.42 123.63 153.86 159.40 

ANSYS 6.59 17.33 25.97 34.07 64.53 102.58 116.29 129.32 155.90 162.00 

Cracked 

(x-dep.) 

MATLAB 6.31 16.53 24.90 33.78 62.14 100.59 116.41 123.30 153.86 159.39 

ANSYS 6.59 17.33 25.96 34.05 64.52 102.23 116.27 129.26 155.71 161.75 

Cracked 

(y-dep.) 

MATLAB 6.13 16.62 24.76 33.82 62.07 100.56 116.38 123.58 153.83 159.39 

ANSYS 6.59 17.33 25.97 34.05 64.42 102.47 116.27 129.22 155.83 161.92 

 

The crack localization has been performed using Python 3.9. The ANN model has been 

employed by considering Back-propagated Multi-Layer Perceptron Classifier [26] that existed 

in Scikit-learn, which is a powerful and flexible library for developing artificial intelligence 

models. The ANN models have been built considering the x and y locations of the cracks. 

Therefore, for each crack category, a total of four ANN models have been developed to 

determine the locations of the crack in terms of the x- and y-axis. For all models, relu transfer 

function and single hidden layer have given the best results. On the other hand, the hidden 

neuron number per hidden layer and the L2 penalty parameter vary for each model. Therefore, 

the best hidden neuron numbers are 18 and 130 for the x and y locations of the y-dependent 

cracks, 4 and 10 for the x and y locations of the x-dependent cracks respectively. In addition, 

the L2 penalty parameter values are 0.01 and 0.0001 for the x and y locations of the first case, 

0.001 and 0.0001 for the x and y locations of the second case respectively. Considering the 

ANN models of which parameters are given above, the damage localization analysis has been 

performed. Table 3 shows the accuracy and standard deviation values of localizing the x-

dependent and y-dependent cracks in the flat and folded plate structures. 

Table 3. The accuracy and standard deviation of localizing the x-dependent and y-dependent cracks 

X-Dependent Cracks Accuracy Y-Dependent Cracks Accuracy 

Structure x-axis 

(ap) 

y-axis (bp) Average Structure x-axis (ap) y-axis (bp) Average 

Flat Plate 

 

98.67 97.67 98.17 Flat Plate 

 

99.22 98.56 98.89 

Folded Plate 

(150) 

 

99.67 90.56 95.11 Folded 

Plate (150) 

 

99.44 89.44 94.44 

Folded Plate 

(300) 

 

99.89 90.22 95.06 Folded 

Plate (300) 

 

98.56 90.44 94.5 

Folded Plate 

(450) 

 

99.89 90.22 95.06 Folded 

Plate (450) 

 

97.44 86.89 92.17 

Folded Plate 

(600) 

 

99.89 87.89 93.89 Folded 

Plate (600) 

 

98.67 89.22 93.94 

 

It is seen from Table 3 that all average accuracies are higher than 92.17%. Such a high accuracy 

value indicates that the developed ANN models have successfully localized the considered 

cracks in all structures. For flat plates, y-dependent cracks have been located slightly better than 

those of x-dependent. On the other hand, an opposite situation has been observed for folded 
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structures. The x-dependent cracks have been detected more accurately than those of y-

dependent cracks in these structures for most folded angles. The localization of both cracks in 

the x-axis (throughout ap) is so accurate that the accuracy values have been evaluated higher 

than 97.44% no matter which structure has been considered. On the other hand, the accuracy of 

localizing those cracks in the y-axis (throughout bp) has been obtained between 86.89 % - 

98.56% depending on the structure. Structure-wise comparison indicates that the cracks in the 

flat plates have been detected more accurately than those of folded plates. Considering all 

cracks and all structures, the average crack localization accuracy is 95.12%. Figure 7 shows the 

damage localization accuracy of ANN for the flat plate structure for each x-dependent and y-

dependent crack location respectively. 

 

 

Figure 7. Crack localization accuracy values of flat plate for each x-dependent and y-

dependent crack position. 

 

As seen from Figure 7, both x-dependent and y-dependent cracks have been located by accuracy 

values higher than 94.54%.  As is indicated before, the average accuracy of localizing y-

dependent cracks is slightly higher than that of x-dependent cracks.  
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Figure 8 shows the crack detection accuracy values of ANN for the 150 folded plate structure 

for each x-dependent and y-dependent crack location respectively. The bold red line indicates 

the section where the structure is folded by 150. 

 

 

Figure 8. Crack localization accuracy values of 150 folded plate for each x-dependent and y-

dependent crack position. 

 

It is seen from Figure 8 that the cracks have been localized by accuracy values varying between 

85.51%-100% no matter which kind of crack has been considered. Comparing with the flat 

structure, the average crack localization accuracy values of the folded structure with 150 angles 

are smaller than those of the flat plate. Especially for the y-dependent cracks, the accuracy 

values fluctuate between 85.51%-88.83% for cracks located in the 6th and 7th columns.  It is 

concluded that the ANN model detects some of those cracks as if they were located in the 5th 

and 8th columns. On the other hand, the y-dependent cracks positioned in the 1st are the most 

accurately localized ones since the localization accuracy values change between 99.49% - 

100%. For x-depended cracks, the cracks that are the most accurately detected are located in 

the 6th column. The localization accuracy in this region is evaluated between 98.02%-98.53% 
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for these cracks. On the other hand, the least accurately detected x-dependent cracks are located 

in the 2nd column by accuracy values changing between 92.15% - 92.67%. 

 

Figure 9 shows the crack localization accuracy values of ANN for the 300 folded plate structure 

for each x-dependent and y-dependent crack location respectively. The bold red line indicates 

the section where the structure is folded by 300. 

 

 

Figure 9. Crack localization accuracy values of 300 folded plate for each x-dependent and y-

dependent crack position. 

 

It is seen from Figure 9 that both x-dependent and y-dependent cracks have been located by 

accuracy values between 87.90% - 100%. Comparing with the 150 folded plate structure, the 

average crack localization accuracy values of the 300 folded structure are almost identical. A 

similar condition in terms the crack localization has been observed for 300 folded structure as it 

has been seen for 150 folded structures. One difference is the localization accuracy values of y-

dependent cracks for the 6th and 7th, which differ between 87.90% - 88.66% for the 300 folded 

structure. Besides, the best localized y-dependent cracks are positioned in the 1st and 3rd 
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columns for this structure. The best localization accuracy values of 150 and 300 folded structures 

are almost the same for this kind of crack. The other difference is the lowest localization 

accuracy values and locations of x-dependent cracks. For the 300 folded structure, the minimum 

accuracy values have been evaluated for the first column and range between 91.79% – 92.31%. 

On the other hand, for the 150 folded structure, these values have been obtained for the 2nd 

column and range between 92.15% - 92.67%. The best localization accuracy values for 300 

folded plate are slightly increased when compared with those of 150. It is seen from Figure 9 

that the best localization accuracy values vary between 98.46% - 99.48% for x-dependent 

cracks that existed in the 6th column of the 300 folded structure. 

 

Figure 10 shows the crack localization accuracy values of ANN for the 450 folded plate structure 

for each x-dependent and y-dependent crack location respectively. The bold red line indicates 

the section where the structure is folded by 450. 

 

 

Figure 10. Crack localization accuracy values of 450 folded plate for each x-dependent and y-

dependent crack position. 
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As seen from Figure 10, all cracks have been localized by accuracy values higher than 81.76%. 

Comparing with the 300 folded plate structure, the average crack localization accuracy values 

of the 450 folded structure are smaller than those of the 300 folded plate structure. A similar 

condition in terms the crack localization has been observed for 450 folded structure as it has 

been seen for 150 and 300 folded structures. For the y-dependent cracks the lowest accuracy 

values have been evaluated for the same locations of those of the 150 and 300 folded structures. 

However, the crack localization accuracy values in these rows vary between 81.76% - 84.74%. 

The highest localization accuracy values for y-dependent cracks have been obtained for the 3rd 

column by 99.48%-100%. Apart from the 150 and 300 folded structures, for x-dependent cracks, 

the minimum accuracy values have been evaluated for the tenth column and range between 

92.58% – 93.11% for 450 folded structure. On the other hand, the highest accuracy values for 

such kind of crack and 450 folded structure have been obtained for the 6th column by 97.98%. 

Figure 11 shows the crack localization accuracy values of ANN for the 600 folded plate structure 

for each x-dependent and y-dependent crack location respectively. The bold red line indicates 

the section where the structure is folded by 600. 
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Figure 11. Crack localization accuracy values of 600 folded plate for each x-dependent and y-

dependent crack position. 

It is seen from Figure 11 that all cracks have been localized by accuracy values higher than 

80.60%. Comparing the 600 folded structure with other folded structures, it can be concluded 

that the minimum localization accuracy values of y-dependent cracks have been evaluated for 

the 6th and 7th columns for all folded structures. As it is concluded for 150, 300, and 450 folded 

structures, the only difference is the range of the accuracy values. For 600 folded structure, these 

values ranges between 80.60%-84.79%. The highest localization accuracy values have been 

obtained for the 10th column by 99.46% - 100%. For x-dependent cracks, the minimum accuracy 

values have been obtained for the 3rd, 4th, and 9th rows. Although the minimum accuracy of 

the localization of x-dependent cracks has been distributed in wider locations than those of the 

other folded structures, the localization accuracy values for these regions are still above 90%. 

Apart from the other folded structures, for 600 folded structure and x-dependent cracks, the 

highest localization accuracy values have been obtained for the 5th column by 99.46%-100%.  

 

4. Conclusion 

 

In this study, the localization of various cracks in flat and folded plate structures has been 

performed by employing the Back-propagated Artificial Neural Networks (ANN). According 

to the results obtained within this study, the following conclusions have been drawn. 

 

 The developed Back-propagated ANN has successfully located all cracks for all 

structures with an average accuracy of 95.12%. 

 It is concluded that x-dependent cracks are localized slightly better than y-dependent 

cracks for flat plates. On the other hand, the opposite situation is observed for folded 

structures. 

 The row or x–axis (throughout ap) of the cracks is more accurately detected than those 

of the column or y-axis (throughout bp) 

 Considering all cracks and the type of the structures, the average accuracy values are 

evaluated from the highest to the lowest as the flat plate (98.52%), 300 folded plate 

(94.78%), 150 folded plate (94.77%), 600 folded plate (93.91%), and 450 (93.61%). 

 The folding angles of the folded structures have an impact on the crack localization 

accuracy values. It can be concluded that performing crack localization on flat plate 

results in higher accuracy than folded structures. On the other hand, there is no strict 

behavior in terms of the variation of localization accuracy values among the folded 

structures considering the folding angles. 

 No matter which folding angle has been considered, the minimum localization accuracy 

values for y-dependent cracks have been evaluated for the 6th and 7th column of folded 

structures. On the other hand, the maximum localization accuracy values for y-

dependent cracks has been obtained for the 1st, 3rd, and 10th columns depending on the 

folding angle.  

  Except for the 600 folded structure, the maximum localization accuracy values of x-

dependent cracks have been evaluated for the 6th column of the structure. For the 600 
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folded structure, this region has been shifted to the 5th column. Since the 5th and 6th 

columns are the closest regions to the folding line of the structure, it can be concluded 

that the best localization accuracies for x-dependent cracks have been evaluated for the 

regions close to the folding line. On the other hand, the minimum localization accuracy 

values have been obtained for different regions depending on the folding angle. 
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