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Abstract 

Deep Learning methodologies are said to mimic the 

brain cognition capabilities and are revolutionizing across 

various engineering domains. Wave propagation-based 

damage detection methodology is one of the preferred 

candidates for online health monitoring systems. In this 

paper, we have used deep learning models to detect cracks in 

1D-waveguides using axial waves. A discontinuity in the 

waveguide in the form of a crack introduces prior reflections 

and these signatures are utilized to classify them. In this 

work, different cracks are introduced with varying crack 

lengths across different locations. High-frequency tone-burst 

signals are used to excite the waveguide and their time-

domain representations are converted into the frequency 

domain. Spectral finite element formulations are used to 

model the cracks in the frequency domain. The solution is 

converted back into the time-domain and is used to form the 

feature space (inputs) for deep learning frameworks. We have 

used classification based supervised deep learning models: 

Dense Neural Networks (DNNs), 1D-Convolutional Neural 

Networks (1D-CNNs), Recurrent Neural Networks (RNNs) 

and Long Short-Term Memory (LSTMs) to detect damage in 

the waveguide. Alternatively, time-frequency analysis in the 

form of wavelet transform is also employed to train 2D-

CNNs for damage detection. The proposed models are 

implemented in Python using TensorFlow APIs and the 

models are trained to learn decision boundary mappings from 

the feature space to the target space. New signatures are fed 

into the trained models to detect damages autonomously in 

real-time without resorting to time-taking pre-processing step 

and expert’s analysis. Metrics like accuracy, binary cross-

entropy loss, overall training time and prediction time are 

used to compare the performance of these frameworks. Their 

ability to learn and generalize over the phenomenon of 

damage detection is also discussed. 

Keywords: Deep Learning, Wave Propagation, 1D-

Waveguides, Spectral FEM, Damage Detection, DNNs, 

CNNs, RNNs, LSTMs  

1. Introduction

Modern societies are undergoing a lot of advancements in the 

field of structural engineering. Aerospace structures have to 

encounter advanced design and analysis procedures before 

coming to serve society. In addition to this, the safety and 

stability of these structures are of a major concern and cannot 

be ignored. One of the preferred options is to go for structural 

health monitoring (SHM) procedures. SHM is an online 

health monitoring system that relies on continuous 

observation of the system to detect abnormal behavior and 

predict future failures. 

In general, vibration-based health monitoring techniques can 

be divided into two parts: low-frequency vibration-based 

methods and high frequency based guided waves. Low-

frequency vibration-based procedure use shifts in natural 

frequency, mode shapes and mode curvatures as damage 

detection parameters whereas the time of arrival, frequency 

centroids, correlation coefficients, phase and amplitude shifts, 

wavelet energy are used for guided wave-based methods. A 

lot of studies have been conducted on both low-frequency 

vibration-based [1-2] and high frequency guided waves-based 

techniques [3]. It is well accepted in the SHM research 

community that guided wave-based methods give more 

understanding of damage signatures but are difficult to model 

and require more domain expertise as compared to its 

counterpart.  

There are numerical techniques like FEM, SFEM [4], TSFEM 

[5] which are implemented to detect the damages using

guided wave-based technique, but the time taken by the

simulations for every new signal is one issue and their

performance over noise and uncertainties in the real

environment is another one. Besides that, the end decision of

damage detection requires human intervention. A real-time

health monitoring system requires a fast, intelligent algorithm

that can work with noise and uncertainties and the decision is

taken autonomously without waiting for an expert analyst.

In the last decade, there is a demand for intelligent structures 

which has introduced data science and machine learning 

algorithms into the picture. In recent years, there is a growth 

in machine learning-based algorithms for damage detection. 

Studies suggested that hand-crafting features for the inverse 

problem like SHM may not be a feasible solution. However, 

deep learning-based algorithms can extract relevant features 

from the data at different levels of abstraction. Recent 

literature on deep learning shows the interest of the research 

community towards this problem. Abdeljaber et. al. [6] have 

used a grand-stand simulator and introduced damages in the 

form of removal of filler beams or loosening of bolts at the 

built-up connections. 1D-CNNs are trained to learn the 

differences in vibration signatures on joints to predict the 

state of health of the joint and the overall structure. Khan et. 

al. [7] have modeled delamination in a composite beam along 

the length as well as at different layers along with the 

thickness. Time-domain vibration signals are converted into 

2D-spectral frame representation via Short Time Fourier 

Transform (STFT). The images representing delamination 

signatures are used to train a CNN and classify it into 13 

classes. Bao et. al [8] have converted the time series vibration 

signals into grayscale images and trained a deep neural 

network via stacked autoencoders and greedy-layer wise 

training. The hidden layers are pre-trained using greedy layer-

wise unsupervised training. The pre-trained weight is used as 

initialization and a big neural network is trained via fine-

tuning. This architecture is used to classify acceleration data 

from a long-span cable-stayed bridge in China into six 

classes. In another work, Pathirage et. al. [9] have used an 

autoencoder based neural networks model for damage 

detection at the joints. The elemental stiffness is degraded to 

create single and multiple damage cases for a 7-story steel 

frame structure. It is shown that the proposed learning 
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algorithm outperformed conventional ANNs. Similar other 

recent works have used Artificial Neural Networks [10], 

Support Vector Machines [11], Bayesian Model updating 

[12], Gaussian Mixture Models [13], Deep Principal 

Component Analysis [14], Deep Reinforcement Learning 

[15], and Generative Adversarial Networks [16] for damage 

identifications. 

It is seen from the recent literature that there is lack of focus 

towards deep neural network-based damage detection using 

guided wave-based technique. However, it is a well-known 

fact that the guided wave-based technique qualifies on more 

level of damage identification than the counterpart. This 

contradiction is due to the complications involved in the 

modeling of high frequency guided waves.  

A lot of assumptions are always involved in computational 

models which may not mimic the results from experiments 

precisely. On the other hand, collecting data from 

experiments for different crack cases is a time-taking process. 

Therefore, we have collected data for guided wave 

propagation with different damage scenarios using a spectral 

damage element model.  We have trained deep learning 

frameworks like DNNs, 1D-CNN, and 2D-CNNs, RNNs, and 

LSTMs to detect the damages. The trained models are used to 

test unseen data. To mimic a real environment, different 

levels of noise are added to the unseen data and the 

robustness of the trained model is tested on the same. 

In this paper, Section-2 consists of theoretical formulations of 

spectral damage element and deep learning frameworks. 

Training Strategy of the networks is shown in Section-3. 

Testing over the noisy dataset is explained in Section-4. 

Comparison and discussions are mentioned in Section-5 and 

the paper is concluded in Section-6.   

2. Theoretical Formulations 

2.1. Spectral damage element 

Spectral Finite Element Method is a numerical 

technique to solve partial differential equation in frequency 

domain using Fast Fourier Transformation.  The approach is 

to remove time variation by using the spectral representation 

of the solution. If the structure is in 1D-realization, then 

governing PDE reduces to set of ODEs with constant 

coefficients [17]. Similar as FEM, it utilizes structural 

stiffness method in the form of dynamic stiffness matrix but 

SFEM provides an exact solution. Another advantage of 

SFEM is the modeling of structures with cracks or inclusion.  

Nag et. al. [4] have proposed a spectral damage element to 

study delamination in a 1D composite waveguide. The 

configuration of delamination and location of nodes is shown 

in Figure 1. One spectral element is required between two 

nodes in absence of delamination. With a delamination, the 

discontinuity is modeled with six more nodes.  

The displacement kinematics of 1D waveguide with a 

damage spectral element is shown in Equation: (1) – (6). 

�̂�3 = {�̂�30�̂�3�̂�3} = {
�̂�40 + ℎ2�̂�4�̂�4�̂�4 } = 𝑆1�̂�4               (1) 

�̂�5 = {�̂�50�̂�5�̂�5} = {
�̂�40 − ℎ1�̂�4�̂�4�̂�4 } = 𝑆2�̂�4     (2) 

 �̂�6 = 𝑆1�̂�7    (3) �̂�8 = 𝑆2�̂�7    (4) 

𝑆1 = [1 0 ℎ20 1 00 0 1 ]    (5) 

𝑆2 = [1 0 −ℎ10 1 00 0 1 ]   (6) 

 

 
Figure 1: (a) Delamination configuration (b) Representation 

of the base laminates and sub-laminates by spectral elements 

(Courtesy [17]) 

The free body diagram of each element is shown in Figure 2. 

Force equilibrium equation at interface AB and CD is shown 

in Equation (7)-(8). 

{�̂�4�̂�4�̂�4} + {
�̂�3�̂�3�̂�3} + {

00ℎ2�̂�3} + {�̂�5�̂�5�̂�5} + {
00−ℎ1�̂�5} = {000} (7) 

{�̂�7�̂�7�̂�7} + {
�̂�6�̂�6�̂�6} + {

00ℎ2�̂�6} + {�̂�8�̂�8�̂�8} + {
00−ℎ1�̂�8} = {000} (8) 

In matrix form, Equation (7) and (8) looks like Equation (9) 

and (10): 𝑓4 + 𝑆1𝑇𝑓3 + 𝑆2𝑇𝑓5 = 0     (9) 𝑓7 + 𝑆1𝑇𝑓6 + 𝑆2𝑇𝑓8 = 0    (10) 

The general element equilibrium equations are shown in 

Equation (11) 

[𝐾11(𝑗) 𝐾12(𝑗)𝐾12(𝑗) 𝐾22(𝑗)] {�̂�𝑝�̂�𝑞} = {𝑓𝑝𝑓𝑞}    (11) 

where j = 1, 2 for base laminates and j=3, 4 for sub-laminates 

with nodes p and q. The nodal forces and displacement on 

elements can be re-written by substituting Equations (1) - (4) 

and (9)-(10). After assembling the elements, the global 

equation can be written as shown in Equation (12). 
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Figure 2: Free body diagram of each element  

(Courtesy [17]) 

[   
  𝐾11(1) 𝐾12(1) 0 0𝐾21(1) 𝐾22(1) + 𝑆1𝑇𝐾11(4)𝑆1 + 𝑆2𝑇𝐾11(3)𝑆2 𝑆1𝑇𝐾12(4)𝑆1 + 𝑆2𝑇𝐾12(3)𝑆2 00 𝑆1𝑇𝐾21(4)𝑆1 + 𝑆2𝑇𝐾21(3)𝑆2 𝐾11(2) + 𝑆1𝑇𝐾22(4)𝑆1 + 𝑆2𝑇𝐾22(3)𝑆2 �̂�12(2)0 0 𝐾21(2) 𝐾22(2)]  

    
 {�̂�1�̂�4�̂�7�̂�2}     =    { 

 �̂�100�̂�2} 
 

     (12) 

On condensation of dof at the internal nodes 4 and 7, the 

final form of the equilibrium equation is shown in Equation 

(13). 𝐾(6𝑥6) {�̂�1�̂�2} = {𝑓1𝑓2}    (13) 𝐾(6𝑥6) is the reconstructed stiffness matrix for the spectral 

element with embedded delamination.  

This formulation is presented for a delamination in composite 

beam but can be effectively employed for cracks in isotropic 

structures.  

2.2. Dense Neural Networks (DNNs)  

The goal of a neural network is to approximate some function 

which maps feature space to target space. It works by feed-

forward propagation of input information to hidden layers to 

get some output. This output is not necessarily a true output 

(in supervised learning setting). A back-propagation 

algorithm flows information backwards (which is generally a 

loss value described by a cost function) while using a 

stochastic gradient descent-based optimization algorithm. 

During the procedure of continuous forward and backward 

passes, the learning parameter (weights and biases) are tuned 

to a value which minimizes the cost function. For a two-layer 

neural networks (Figure 3), this process is described 

analytically in Equation (14)-(20). 

A Linear combination in Layer-1 can be expressed as: 𝑍[1] = 𝑊 [1]𝐴[0] + 𝑏[1]    (14) 

Non-Linear computation (Activation function: can be 

sigmoid, ReLU, tanh etc.) of Layer-1 𝐴[1] = 𝑓(𝑍[1])     (15) 

The Linear combination in Layer-2 𝑍[2] = 𝑊 [2]𝐴[1] + 𝑏[2]    (16) 

Non-Linear Activation of Layer-2. The activation of this last 

layer gives predicted output. �̂� = 𝐴[2] = 𝑓(𝑍[2])    (17) 

The procedure from Equation (14)-(17) is called forward 

propagation. In supervised learning setting, the true outputs 

(labels) are also given. Empirical loss for a binary 

classification problem is taken as binary cross-entropy loss, 

which is mentioned in Equation (18). The cost function is 

described in Equation (19). 𝐿(𝑦, �̂�) = 𝑦 log �̂� + (1 − 𝑦) log(1 − �̂�)  (18) 

where y = true output and �̂� = predicted output. 𝐽(𝑊, 𝑏) = 1𝑚∑ 𝐿(𝑦, �̂�)𝑚𝑚=1     (19) 

where m = total number of training examples, W = weights 

and b = biases. 

Parameters are updated through stochastic gradient descent is 

shown in Equation (20)-(21). 𝑊 = 𝑊 − 𝛼 𝑑𝐽(𝑊,𝑏)𝑑𝑊     (20) 

𝑏 = 𝑏 − 𝛼 𝑑𝐽(𝑊,𝑏)𝑑𝑏      (21) 

where 𝛼 is learning rate. 

The above formulation is defined for a neural network with 

only one hidden layer. For a deep neural network, more 

combination of linear and non-linear function is used.  

 
Figure 3: Neural networks with 2 layers (1-hidden layer) 

2.3. Convolutional Neural Networks (CNNs). 

Convolutional Neural Networks are said to mimic 

mammalian visual cortex. CNNs are used to process data 

having grid-like topology. It includes time-series data (1D 

CNNs) and image data (2D CNNs). Some of the popular 

applications of CNNs includes self-driving car, face 

recognition, cancer detection, tumor detection using MRI, etc. 

Such tasks, if trained through a fully connected network will 

take several orders a greater number of parameters and 

eventually training time would increase drastically. 

Convolution is a linear commutative operation. For an image, 

the convolution operation is shown in Equation (22) 𝑆(𝑖, 𝑗) = 𝐼 ∗ 𝐾 = ∑ ∑ 𝐼(𝑚, 𝑛)𝐾(𝑖 − 𝑚, 𝑗 − 𝑛)𝑛𝑚  (22) 

where 𝑆(𝑖, 𝑗) is the resultant feature map, 𝐼(𝑚, 𝑛) is the input 

image and 𝐾(𝑖 − 𝑚, 𝑗 − 𝑛) is the kernel. 
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CNN has 2 important ideas which makes it different from a 

fully connected neural network (FCN) i.e., Sparse 

connections and parameter sharing. In an FCN, each neuron 

interacts with another neurons whereas a CNN has sparse 

connections. For an image, entire information in thousands of 

pixels is not useful instead some low-level features extraction 

is more meaningful. This saves the memory as well as reduce 

the training time. Parameter sharing is another important 

property. In a traditional FCN, each neuron is used exactly 

once but here each member of kernel is used at every position 

of the image. Therefore, instead of learning different sets of 

parameters for an image, we learn same the same set [18].  

There are three stages of convolution: Convolution operation, 

Non-Linear activation and Pooling [19]. Pooling is another 

way of extracting useful information and reducing the 

dimension. It could be max-pooling or average pooling. The 

network of the different convolution layers and then FCN 

makes a CNN. 1D-CNN works like 2D-CNN, only difference 

is that inputs, kernels and feature maps all would be 1D as 

shown in Figure-4.  

 
Figure 4: 1D-CNN with 2 convolutional layers and 2 fully 

connected layers for a binary classification problem. 

The output of a one convolutional layer in 1D-CNN is shown 

in Equation (23).  𝑦𝑘𝑙 = 𝑓 (𝑏𝑘𝑙 + ∑ 𝐶𝑜𝑛𝑣𝑁𝑙−1𝑖=1 1𝐷(𝑤𝑖𝑘𝑙−1, 𝑠𝑖𝑙−1))  (23) 

where 𝑥𝑘𝑙  is the input, 𝑏𝑖𝑙 is the scalar bias of the kth neuron at 

layer l, and 𝑠𝑖𝑙−1 is the output of ith neuron of layer l-1, 𝑤𝑖𝑘𝑙−1  

is the kernel weight from the ith neuron at layer l-1 to kth 

neurons at layer l. The function ‘f( )’ is some activation 

function, which can be ReLU, sigmoid, tanh etc.  The goal of 

the training procedure is to come up with optimum set of 

kernels and biases to minimize the loss.  

2.4. Recurrent Neural Networks (RNNs)  

Densenets in Section 2.2 and Convnets in Section 2.3 have 

same sized input for all training examples and features are 

processed independently without sharing across different 

positions in a sequence. A recurrent neural network processes 

sequence having a state containing information about the time 

history at previous steps [20]. In simple words, RNN is a 

network having an internal loop as shown in Figure 5(a), an 

Unfolded the RNN is shown in Figure 5(b).  

Some of the popular applications of RNNs include speech 

recognition (Many to One RNN), Music generation (One to 

Many), Sentiment Analysis (Many to One), DNA Sequencing 

and Machine Translation (Many to Many), Time Series 

prediction like stock market and weather prediction (Many to 

one), etc. RNN has another version in which information 

flows both ways, called Bidirectional RNNs. 

 
Figure 5: (a) Folded Recurrent Neural Network, (b) Unfolded 

Recurrent Neural Network. U = weight matrix for input-to-

hidden, V = weight matrix for hidden-to-output, W=weight 

matrix for hidden-to-hidden recurrent connections. 

The state update equation and output equation at a time step 

‘t’ for SimpleRNN are shown in Equations (24)-(25).  ℎ𝑡 = 𝑓(𝑊. ℎ𝑡−1 + 𝑈. 𝑥𝑡 + 𝑏ℎ)   (24) �̂�𝑡 = 𝑔(𝑉. ℎ𝑡 + 𝑏𝑦)    (25) 

where function ‘f( )’ is generally ‘tanh/ReLU’ and function 
‘g( )’ is generally ‘sigmoid/softmax’. W, U, V are weight 

matrices and bh, by are the bias vectors.  

2.5. Long Short-Term Memory (LSTM) 

LSTMs are also recurrent neural networks, but they are 

different from SimpleRNN in terms of long-term 

dependencies. While in SimpleRNN, the information at time 

‘t’ is less relevant for processing at a much later time e.g., 

‘t+500’. Long-term dependencies are impossible to learn 

because of vanishing gradient problems in SimpleRNN. 

LSTMs considers these long-term dependencies using 

memory cells/carry state [18, 20]. LSTM network is shown in 

Figure-6 and LSTM cell is shown in Figure-7. 

 
Figure 6: Architecture of a LSTM network 
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Figure 7: LSTM cell 

Forget, Update and Output gate in Equation (27)-(29), 

memory cell or carry state is shown in Equation (30), state in 

Equation (31) and output in Equation (32). �̃�𝑡 = tanh(𝑈. ℎ𝑡−1 +𝑊. 𝑥𝑡 + 𝑏𝑐)   (26) Γ𝑢 = 𝜎(𝑈𝑢ℎ𝑡−1 +𝑊𝑢𝑥𝑡 + 𝑏𝑢)   (27) Γ𝑓 = 𝜎(𝑈𝑓ℎ𝑡−1 +𝑊𝑓𝑥𝑡 + 𝑏𝑓)   (28) Γ𝑜 = 𝜎(𝑈𝑜ℎ𝑡−1 +𝑊𝑜𝑥𝑡 + 𝑏𝑜)   (29) 𝑐𝑡 = Γ𝑢�̃�𝑡 + Γ𝑓𝑐𝑡−1    (30) ℎ𝑡 = Γ𝑜𝑐𝑡     (31) 𝑦𝑡 = 𝜎(𝑉. ℎ𝑡 + 𝑏𝑦)    (32) 

Second part of Equation (30), Γ𝑓𝑐𝑡−1, represent a way to 

forget irrelevant information in the carry dataflow. On the 

other hand, the first part, Γ𝑢�̃�𝑡, provides information about the 

present, updating the carry track with new information. Nine 

weights (U, V, W, 𝑈𝑢, 𝑊𝑢, 𝑈𝑓, 𝑊𝑓, 𝑈𝑜, 𝑊𝑜) and 5 biases (𝑏𝑐, 𝑏𝑢, 𝑏𝑓, 𝑏𝑜 , 𝑏𝑦) for each LSTM cell, learned during performing 

backprop in time determines the effect of LSTM cell on 

network’s output.  

3. Training Strategy for the networks 

3.1. Generation of Samples 

Spectral FEM is used to generate data as shown in Section 

2.1. A Euler Bernoulli beam with crack lengths ranging from 

1mm – 200 mm and position of crack from 400-1800 mm. 

The cross section of the beam is taken as 1mm x 1mm with 

material properties of aluminum for training. A toneburst 

signal with central frequency 25kHz in the form of an axial 

loading is used to excite the waveguide. The waveguide is 

modeled as infinite to avoid the reflection from boundaries. A 

crack in a waveguide acts like a discontinuity and reflects the 

signal called tip reflections and transmits rest if the energy.   

3.1.1. Time-domain dataset  

As shown in Section 2.1. The solution procedure is performed 

in frequency domain and this response is converted back in 

time domain using inverse fast Fourier transform. Figure 8 

shows different time domain responses for undamaged beam 

and damaged beam obtained under different crack positions 

and crack lengths. 3600 training examples are used, 1800 per 

class to train the deep learning algorithms. 

 
Figure 8: (a) beam with a crack with its location ‘x’ and 
length ‘a’, (b) time response of undamaged beam (c)-(e) crack 

moving farther from left end of beam. {left to right} 

It is seen that an extra toneburst (reflected packet) makes 

damaged beam different from undamaged beam. For a near 

field crack, the reflection would appear earlier in the time 

window whereas for a farther crack, the reflections will 

appear later in the time domain.  

3.1.2. Time-Frequency dataset  

The extra wave packet (reflected signal) has some amplitude 

and frequency content associated with it. Frequency domain 

response in plotted in Figure 9.  

 
Figure 9: Time and frequency domain response for two 

different damage cases. 

It is seen from the figure that damage information is present 

in both time and frequency domain. It is also clear what 

frequencies are involved but how these frequencies are 

distributed across time is still missing. There is absence of 

any relationship between both responses, i.e., time-frequency 

response. To ensure both responses come into picture, time-

frequency analysis is used. At first, Short-Time Fourier 

transform (STFT) is performed and spectrograms are 

constructed as shown in Figure 10.  
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Figure 10: Spectrograms with Hamming (256) and Hamming 

(16) window. 

It is seen from Figure 10 that either time resolution or 

frequency resolution can be obtained, one of them must 

compromise. With a lower hamming window, time resolution 

is good and with a higher hamming window, frequency 

resolution is good. Spectrograms are used in some research 

works for time-frequency analysis, but the frequency of 

vibration were below 200 Hz but here we are dealing with 

signals in KHz [7]. It is necessary to obtain resolutions in 

both domains simultaneously. Therefore, we have used 

continuous wavelet transform (CWT) for time-frequency 

analysis. The CWT of a function F(t) is represented as 𝐹𝑊(𝑎, 𝑏) as shown in Equation (33) [21]. 𝐹𝑊(𝑎, 𝑏) = ∫ 𝐹(𝑡)+∞−∞ 𝜑 (𝑡−𝑏𝑎 ) 𝑑𝑡   (33) 

where 𝜑(𝑡) is wavelet basis function and it’s like the 

hamming window function in STFT. ‘b’ defines position in 
time whereas ‘a’ decides the width of 𝜑(𝑡). These parameters 

modify 𝜑(𝑡) by scaling and shifting it. Scaling is inversely 

proportional to frequency. The wavelets (with different scales 

and shift parameters) are shifted in time along the signal and 

compared. This results in coefficients as a function of wavelet 

frequency (scale) and time (shift).  

CWT is obtained using MATLAB signal processing toolbox 

for all time-history training examples. We have used the 

analytic Morse wavelet with the symmetry parameter 

(gamma) equal to 3, the time-bandwidth product equal to 60, 

12 number of octaves and 48 number of voices per octaves. 

The coefficients are plotted in the form of heat maps. Yellow 

color implies higher values of coefficients whereas dark blue 

represents lowest values. Some random training examples are 

plotted in Figure 11. X-axis shows time and Y-axis shows 

frequency, which are not mentioned in the figure for DL 

training purpose.  

In the figure, there are two blobs in which first one represents 

incident signal and second one represents reflected signal. 

The farther the reflected blob from incident blob, the farther 

the crack is. One point is to note that the intensities of 

reflected blob is different in Figure-11 (b)-(d). This is 

because, a bigger crack has a higher amplitude as compared 

to a smaller one. 

 
Figure 11: Wavelet transform for (a) undamaged case (b)-(d) 

crack moving farther from left end of beam. 

 

3.2. Loss function and Metrics  

A neural network-based learning algorithm maps feature 

space into target space. While regression is equivalent to 

fitting a function in n-dimensional space, whereas 

classification maps it on discrete [0,1] via softmax function. 

We are performing binary classification, and binary-cross 

entropy loss is the best suited loss function. The formulation 

is presented in Equation (34). 𝐿(𝑦, �̂�) = −𝑦 𝑙𝑜𝑔�̂� + (1 − 𝑦) log(1 − �̂�)  (34) 

where 𝑦 is the true output and  �̂� is the predicted output. The 

last layer of the neural network contains one neuron with 

sigmoid function as an activation. This loss is minimized 

during the training purpose using mini-batch gradient descent 

using Adam optimizer. Hyperparameter like learning rates, 

batch size and number of neurons and layers are tuned to 

achieve a minimum loss and smooth convergence.  

Metrics are used to evaluate the performance of machine 

learning algorithms. For binary classification tasks, prediction 

accuracy, cross entropy loss, training time per epoch and 

confusion matrix are the preferred options. Accuracy defines 

the number of correct predictions over all prediction whereas 

loss defines the confident in classification. Confusion matrix 

segregates true positives, false negatives, true negatives and 

false positives in a matrix format. Training time per epoch 

defines the time required by the learning algorithm to go past 

the training samples once (forward and backward 

propagation). 

We are training our models on Google Colaboratory, which is 

a free cloud-based Python platform to train ML models. We 

are provided with Tesla T80 GPUs, Intel- Xeon CPU with 

2.30 GHz clock speed (1 Core), a ram of 12 GB and storage 

of 312 GB.   

3.3. Training results for DNN  

Time-history dataset containing 3600 training examples (1800 

of each class) is split in 75% - 25% manner. This splitting 

ensures shuffling each time the algorithm is run. Each training 

example has an input vector of length 2000 and a label 

(damaged vs undamaged). 

Learning rate is said to have maximum effect while training a 

neural network. To tune, the learning rate, a learning rate 

schedular is employed. Learning rate schedular is used to 

increase the learning rate exponentially with each epoch as 

per Equation (35). 𝑙𝑟 = 10−6 ∗ 10(𝑒𝑝𝑜𝑐ℎ/2.5)    (35) 

The learning rate is varied from 1e-6 to 1 in 15 epochs. An 

initial architecture of 3 layers (500 neurons – 250 neurons -1 

neuron with ReLU-ReLU-Sigmoid activation) is adopted. The 

algorithm is trained with an Adam optimizer and initialized 

with a He-Initializer. Loss vs learning rate is plotted in Figure 

12. It is observed that after a learning rate of 5e-4, the loss is 

saturated, therefore, we have selected a learning rate of 1e-3.  

In order to select an appropriate batch size, an early stopping 

criterion with a loss threshold level of 1e-7 is employed. 

Smaller batch size accelerates the training process on account 

of lack of smoothness of loss curve. The network is run for 50 

epochs with a tuned learning rate and with the same 

architecture. It is seen that early stopping occurred at 22nd 

epoch (training time = 2s/epoch) with a batch size of 8 

whereas early stopping take place at 47th epoch (training time 

= 1s/epoch) with a batch size of 16.  
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The network is again run for 100 epochs without any stopping 

criteria and it is seen that the loss curve with a batch size of 8 

is smoother than with a batch size of 16.  

With a learning rate of 1e-3 and a batch size of 8, 500-100-1 

neurons with ReLU-ReLU-Sigmoid architecture is found 

suitable. This optimum architecture is selected based on two 

opposing criteria, training time and depth of the network.  

More depth involves a greater number of parameters which 

means a higher level of abstraction but with a cost of increase 

in training time. 

 
Figure 12: Loss vs Learning rate for DNN 

After tuning all the hyperparameters (learning rate, batch size, 

number of layers and neurons in each layer), the network is 

trained for 100 epochs with another early stopping criterion of 

1e-8 on both losses (training and validation). It took 48th 

epoch to reach the threshold loss of 1e-8 with a training time 

of 2s per epoch. The network has achieved a training loss of 

2e-9 and a test loss of 8e-9. The Loss curve is shown in 

Figure 13.  

The network has achieved a perfect accuracy of 100% with a 

high confidence level (loss in 1e-9). The confusion matrix is 

plotted in Figure 14. It shows 900 test examples; 475 

undamaged samples are correctly classified as undamaged 

and 425 damaged samples as damaged. 

 
Figure 13: Loss curve for DNN 

 

 

 
Figure 14: Confusion matrix for DNN 

3.4. Training results for 1DCNN  

The training methodology explained in Section 3.3 is adopted 

for other frameworks also including 1D-CNN. Loss vs 

Learning rate curve is plotted, and it is observed that the loss 

is saturated at a learning rate of 1e-4, therefore, we have 

chosen it as 1e-3. A batch size of 8 is decided. The network 

architecture with ReLU in initial layers and Sigmoid in final 

layers is shown in Table 1.  

Table 1: Architecture of 1D-CNN 

Layer Units  

(filter size, 

channels for 

Conv. / neurons 

for Dense) 

Output 

shape 

(feature map 

length, 

channels) 

No of 

Parameters 

Conv1D (3, 16) (1998, 16) 64 

Max Pool (2,) (999, 16) 0 

Conv1D (3, 32) (997, 32) 1568 

Max Pool (2,) (498, 32) 0 

Conv1D (3, 64) (496, 64) 6208 

Max Pool (2,) (248, 64) 0 

Flatten - (15872) 0 

Dense 64 64 1,015,872 

Dense 1 1 65 

Total 

Parameters 

1,023,777 

 

The network is trained for 100 epochs with an early stopping 

criterion of 1e-8 on both the losses. Early stopping is 

achieved at 30th epoch. It takes 3s/epoch to train the network. 

The Loss curve is shown in Figure 15. The network has 

achieved a training loss of 1e-9 and a test loss of 9e-9. 

Confusion matrix is same as DNN.  
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Figure 15: Loss curve for 1D-CNN 

3.5. Training results for SimpleRNN  

There are a lot of application of RNNs but for time series, 

RNNs are generally used for forecasting in applications like 

stock market, weather forecasting, astronomy, etc. Hughes et. 

al. [22] has shown that wave physics has an analogous 

formulation with recurrent neural networks. 

A learning rate of 1e-3 with a batch size of 8 is selected for 

SimpleRNN. The following architecture as shown in Table 2 

is found suitable. 

Table 2: Architecture of SimpleRNN 

Layer Activation Output shape 

(feature map 

length, units) 

No of 

Parameters 

SimpleRNN ReLU (2000, 30) 960 

Dropout (0.2) - (2000, 30) 0 

Flatten - 60,000 0 

Dense Sigmoid 1 60,001 

Total 

Parameters 

60,961 

 

A dropout layer (drop rate = 20%) is introduced to avoid 

overfitting. The network is trained for 200 epochs with a 

similar early stopping criterion. Early stopping take place at 

48th epoch. The network takes 270 seconds per epoch for 

training. The loss curve is shown in Figure 16. The network 

has achieved a training loss of 9e-9 and a validation loss of 

9.5e-9. Confusion matrix is same as above two frameworks. 

 
Figure 16: Loss curve for SimpleRNN 

 

3.6. Training results for LSTMs  

LSTMs are recurrent neural networks which are similar as 

SimpleRNN but have long-term dependencies. They are 

considered as an industrial standard for natural language 

processing applications. Here, we are using LSTMs for time-

series classification. In general, LSTMs are slower than 

SimpleRNN but TensorFlow has an inbuilt API called 

CuDNNLSTM (in place of LSTMs) which accelerates the 

training process of LSTMs. 

A learning rate of 0.99e-3 and a batch size of 32 is found 

suitable. The preferred network architecture is shown in Table 

3. 

Table 3: Architecture of LSTM 

Layer Activation Output shape 

(feature map 

length, units) 

No of 

Parameters 

CuDNNLSTM ReLU (2000, 25) 2800 

Dropout (0.2) - (2000, 25) 0 

Flatten - 50,000 0 

Dense Sigmoid 1 50,001 

Total 

Parameters 

52,801 

 

Early stopping occurred at 122th epoch at which network has 

achieved a training loss of 9e-9 and a validation loss of 9.5e-

9. The network takes 19 seconds per epoch for training. The 

loss curve is shown in Figure 17 and confusion matrix is same 

as other frameworks.  

 
Figure 17: Loss curve for LSTM 

3.7. Training results with 2D-CNN on wavelets 

2DCNN is a state of art architecture for image related tasks. 

The images created using wavelet transformation (See 

Section 3.1.2) are used to train the network. The aim of 

performing wavelet analysis is to incorporate time-frequency 

information which is missing in first dataset. The size of each 

color image is 203 x 193. The intensities at each pixel is 

rescaled between 0 and 1.  

It is seen that 0.001 is the best choice of learning rate. A batch 

size of 32 is chosen. We have taken 3 convolutional layers 

with filter size of 3x3 with channels as 16,32,64 respectively 

along with 1 hidden layer. The architecture of the CNN is 

plotted in Table 4. The network is trained for 100 epochs. The 

network has achieved a training loss of 9e-9 and a validation 
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loss of 5e-9 at 29th epoch with a training time of 128s per 

epoch. The loss curve is shown in Figure 18. 

Table 4: Architecture of 2D-CNN 

Layer Units  

(filter size, 

channels for 

Conv. / 

neurons for 

Dense) 

Output shape 

(feature map 

height, width, 

channels) 

No of 

Parameters 

Conv2D (3, 3, 16) (201, 191, 16) 448 

Max Pool. (2, 2) (100, 95, 16) 0 

Conv2D (3, 3, 32) (98, 93, 32) 4640 

Max Pool. (2, 2) (49, 46, 32) 0 

Conv2D (3, 3, 64) (47, 44, 64) 18,496 

Max Pool. (2, 2) (23, 22, 64) 0 

Flatten - 32,384 0 

Dense 64 64 2,072,640 

Dense 1 1 65 

Total 

Parameters 

2,096,289 

 

 
Figure 18: Loss curve for 2DCNN 

 

In CNN, each layer learns some features from the data. Initial 

layers extract more fundamental features like edges, corners, 

color, etc. Later layers extract more complex patterns. The 

intermediate representation from CNN is shown in Figure 19. 

It is observed that color and curves is extracted in first 

convolutional layers whereas some combined features are 

extracted in next layers. 

4. Testing networks over noisy dataset 

In real world there will be additional noise in the data, 

but trained algorithms should be robust enough to detect 

damages. Different levels of gaussian noise is added in a new 

dataset to see the prediction over the noisy samples. The 

samples are noised using Equation (35). 𝑆𝑛(𝑡) = 𝑆𝑛0(𝑡) + 𝛽 ∗ 𝑟 ∗ 𝑚𝑎𝑥(𝑆𝑛0(𝑡))   (35) 

where 𝑆𝑛(𝑡) is the noisy signal, 𝑆𝑛0(𝑡) is the non-noisy signal, 𝛽 is the noise-level, 𝑟 is the random parameter following a 

Gaussian distribution with a mean of zero and standard 

deviation as unity. Figure 20 shows non-noisy signal and 

noisy signal with 𝛽 = 0.08  and noise to signal power ratio = 

37.8 % and SNR (Signal to noise ratio in decibels) = 4.24 dB.  

Noise to signal ratio is taken very high to test the limit of the 

classification algorithm. Such high noise levels won’t appear 
in real operation of guided wave-based detection. One of the 

reasons is that a lot of the noises occurs due to environmental 

factors that are more prominent at low frequencies whereas 

guided wave propagation is high-frequency phenomena. 

 

Figure 19: Intermediate representation of 2DCNN 
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Figure 20: (a) Non-Noisy signal (b) Noisy signal with noise 

level β = 0.08 and SNR = 4.24 dB. 

Above  𝛽 = 0.08 there are misclassifications, but above 𝛽 =0.1  (SNR = 2.45 dB), all examples are classified as damaged. 

Misclassified examples were undamaged samples which are 

classified as damaged. Figure 21 shows confusion matrix at 𝛽 = 0.085 with a SNR = 3.83 dB. It is seen that 109 samples 

are correctly classified as undamaged whereas 366 are 

classified as damaged. As mentioned earlier also, the SNR of 

4.24 dB itself is a very noisy signal which won’t appear in 
real operation and the aim of this exercise is to know the 

behavior of the classification algorithms. 

 
Figure 21: Confusion matrix for 𝛽 = 0.085 with a SNR = 

3.83 dB 

5. Comparison and Discussion 

All deep learning frameworks are giving perfect binary 

classification. It means algorithms are quite comfortable in 

learning the guided wave dataset. The comparison in terms of 

epochs required to reach the threshold loss level is shown in 

Figure 22 (a). Training time per epoch is shown in Figure 22 

(b). Training time per epoch depends on batch size, therefore, 

overall time required to train the network to achieve a 

threshold accuracy of 1e-8 is plotted in Figure 23. 

It is seen that overall training time is much higher for 

SimpleRNN and it is lowest for DNN and 1DCNN. 2DCNN 

is trained with images having input size 20 times more than 

time-history data given to 1DCNN, still, the network has 

performed very good. It has reached the threshold loss in 48 

epochs, which is near to 1DCNN and DNN. This may be due 

to the additional information (time-frequency analysis) 

provided to the network. Generally, LSTMs require more 

training time than SimpleRNN, but here, CuDNNLSTM API 

in TensorFlow is helping LSTM to train faster.  

 

 

Figure 22: (a) Comparison of number of epochs and (b) 

training time per epoch to reach the threshold loss 

 
Figure 23: Comparison of overall training time 

In this research work, we have shown most popular deep 

learning frameworks which can be used for damage detection. 

With SimpleRNN and LSTM, we can feed any input vector 

length whereas 1DCNN and DNN are faster. With a smaller 

number of learning parameters [see Table 2,3,4], RNN and 

LSTMs are performing nicely.  

The overall training time is shown in Figure 23, but 

prediction/test time is necessary for real time health 

monitoring technique. Figure 24 shows the prediction time 

per sample (in microseconds) for the frameworks. 

 
Figure 24: Comparison of overall training time 

It is seen from Figure 24 that the prediction time is several 

orders less than one second. It shows that all frameworks are 

qualified for real time damage detection. The maximum 

41
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prediction time is for 2DCNN because of the size of the 

image. The comparison in prediction time looks similar as the 

training time. 

Previous research works have used vibration signals and 

CNNs for damage detection [6-7]. Here, we have employed a 

guided wave technique with five different deep learning 

frameworks, and they have surpassed every benchmark 

established in the abovementioned research. The reason for 

this superiority is associated with the adopted strategy. It is 

quite difficult for a learning algorithm to understand small 

shifts in natural frequencies and mode shapes in low-

frequency based technique as compared to finding an extra 

toneburst in guided wave-based technique. In addition to that, 

low-frequency vibration-based techniques are more prone to 

environmental noise than guided waves because of their 

operating range of frequencies. We have adopted a more 

suitable combination for damage detection i.e., learning the 

guided wave behavior and their interaction with the damages 

and predict the health of the structure in real-time. 

6. Conclusions 

In this study, we have explored different learning 

frameworks and used them for guided wave-based damage 

detection. The frameworks are compared based on stopping 

criterion, training time and predication time. Apart from this, 

the algorithms have their benefits depending upon the 

application. All deep learning models are achieving perfect 

classification with an accuracy of 100%. The value of loss 

determines the confidence over prediction. The models have 

performed very well on this parameter also. The exceptional 

performance of these frameworks was expected over a dataset 

obtained from a physics-based numerical model, but the 

performance over very noisy data is unexpected. This shows 

their generalization capability. The frameworks understand 

the involved physics and can distinguish the difference 

between a damaged vs undamaged sample. We haven’t tested 
the algorithms on experimental data, but we have confidence 

in the good performance of the algorithms in the real 

environment. The models have performed very well over a 

very noisy set which won’t appear in real operation. So, the 
robust of the algorithms is guaranteed even in the worst-case 

scenario. While testing the algorithms to their limits, the 

behavior of the misclassifications is seen as favorable. Above 

a noise level, the models are classifying undamaged data as 

damage, which is a requirement of an SHM system in the 

worst-case scenario. In this work, we have performed level-1 

of damage identification whereas, in level-2 and level-3, the 

concerns are more about localization and severity of the 

damage. This piece of work serves as a foundation for the 

future works in those directions. 
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