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Abstract. Confounding factors such as variable temperature have an impact on Lamb 
wave behaviour, affecting the accuracy of damage localization methods based on such 
waves. In this study, an innovative approach to Lamb wave prediction based on 
convolutional autoencoders (CAEs) is proposed and applied to an experimental 
dataset consisting of Lamb wave acquisitions on a Carbon Fiber Reinforced Polymer 
(CFRP) plate under varying temperatures. 

Leveraging an experimental dataset of Lamb wave signals acquired from a 
CFRP plate at different temperatures, this research focuses on utilizing CAEs to 
enhance the accuracy and reliability of damage localization. This algorithm extracts 
critical features from Lamb wave data, effectively recognizing subtle wave properties 
variations, thus significantly improving the precision of damage localization. Two 
different architectures of CAEs were evaluated. One which uses the temperature value 
as a direct input into the latent space of the autoencoder, and another that does not 
process the temperature value. This analysis was performed to demonstrate the actual 
impact of the temperature information on prediction accuracy and, furthermore, the 
accuracy of the CAEs at predicting Lamb wave signals for temperatures outside of 
their training dataset. 

The results obtained demonstrate that the inclusion of the temperature 
information into the autoencoder architecture not only increased its accuracy for 
temperatures within its training dataset but also increased its robustness with regards 
to temperature variations, displaying better performance at predicting Lamb wave 
signals for temperatures outside of its training dataset. The algorithm proposed here 
presents a way forward for increasing the robustness and reliability of damage 
localization methods based on Lamb waves. 
 
Keywords: convolutional autoencoder, Lamb wave, damage localization. 

Introduction  

Several studies have demonstrated the effectiveness of Lamb wave propagation analysis in 
localizing damage on plate-like structures [1–5]. As the wave travels through the medium, 
alterations of the medium’s properties, e.g., delamination or cracks on a plate, alter the wave 
speed, amplitude, among other properties. The comparison between a newly sensed wave to 
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the baseline signal which represents the wave for the healthy state of the plate can be used to 
detect, localize, and quantify damage on the plate. 

However, the manner in which these waves change due to variations of the plate 
properties can often be very subtle and undiscernible, e.g., the damage is minute and far from 
the path between actuator and sensor. For this reason, innovative approaches mostly based 
on machine learning have been recently developed to highlight damage induced Lamb wave 
variations. For instance, [6] and [7] both explore the use of Lamb waves for structural damage 
detection and localization, with [6] focusing on the application of model-assisted 
convolutional and recurrent neural networks, and [7] using a data-driven approach with a 
specific 1D-CNN (Convolutional Neural Network) algorithm. In [8], autoencoders have been 
proved suitable for this purpose as well. This particular type of deep neural network takes the 
input signal through an encoder reducing its dimensionality similarly as the CNN studied in 
[7], and attempts to reconstruct the signal based on its low dimension representation through 
a decoder. It calibrates its weights and biases attempting to minimize the reconstruction error 
between input and output. If it is trained on signals acquired when the structure was healthy, 
it is capable of highlighting whenever it deviates from the healthy state based on higher 
reconstruction errors. 

This method captures whatever changes might exist between its training inputs and 
the current inputs, but it is not capable of identifying what caused these changes. And 
according to different studies [9–11], Lamb waves are sensible to many different cofounding 
factors, such as temperature. Therefore, if an autoencoder is trained to reconstruct the healthy 
state signal of a particular wave at a certain temperature, if the temperature changes, this 
autoencoder might falsely indicate that the structure is damaged.  

In [12], a damage localization framework based on autoencoders proved reasonably 
effective in detecting and distinguishing damage, even in the presence of temperature 
variations. However, its effectiveness was tested for temperatures within the dataset used by 
the autoencoders for training.  

This study focuses on the effectiveness of autoencoders for damage localization 
including for temperatures which were not previously seen by the autoencoders. It proposes 
a solution which could render the method more robust against temperature variations. 

An opensource dataset with data acquired from an array of piezoelectric transducers 
placed on a CFRP plate, with data gathered at different temperatures, has been used to train 
two autoencoder architectures: one which processes only the wave signal, another that has 
the temperature added as an input into its latent space. Both autoencoders have been tested 
for their capability at predicting the signal for temperatures outside of their training dataset. 

This paper is organized according to the following structure: Section 1, Materials and 
Methods, where a description of both the dataset used and the implementation of the method 
are presented. Section 2, Results and Discussion, displays the outcomes of the application of 
the proposed method along with insights based on the results obtained. Lastly, Section 3, 
Conclusions, presents an overview of the study performed and its end results and conclusions. 

1. Materials and Methods  

Two CAE architectures were trained on a dataset of Lamb wave acquisitions for various 
temperatures, with the objective of assessing the influence of the temperature information on 
their signal prediction capabilities. 

1.1 Dataset  

Data was taken from an opensource repository [13] with wave data from a CFRP square plate 
of 500mm side, 2mm thickness, and stacking sequence [45/0/−45/90/−45/0/45/90] S. An 
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array of 12 piezoelectric transducers was attached to the plate and signals were acquired in a 
round-robin fashion, resulting in 66 signals for each acquisition. Wave frequencies spanned 
from 40kHz to 260kHz at 20kHz intervals (40kHz acquisitions were used in this study). 
Temperatures ranged from 20°C to 60°C at approximately 0.5°C intervals. 

To verify the autoencoder’s capability at generalizing signals from outside its training 
dataset, three different temperature arrangements were used for autoencoder training: 
 

a) 20°C - 60°C. 
b) 20°C - 40°C - 60°C. 
c) 20°C - 30°C - 40°C - 50°C - 60°C. 

 
This approach covers the practical case in which experimental data from specific 

temperatures is missing and assesses the autoencoders capability at generalizing its 
predictions. 
 

1.2 Convolutional Autoencoder  

Convolutional autoencoders get this name from two aspects of their construction, the 
convolution process and the autoencoder architecture. Convolution entails the scanning of 
the input signal e.g., an image or in this case a wave signal, using the so-called filters or 
kernels. These filters are designed to highlight particular aspects of the input and reduce its 
dimensionality. 

The autoencoder is a deep neural network in which the input signal has its 
dimensionality reduced while being projected onto what is called the latent space. This 
process is called encoding and is performed by the encoder part of the architecture. This 
latent space representation is then used as input by the decoder to reconstruct the input signal. 
During this process, the reconstruction error i.e., the difference between the input and the 
output of the entire autoencoder, is minimized by adjusting the weights and biases of the 
filters in both the encoder and decoder. There can be many network layers in both, which are 
usually symmetric with regards to the latent space i.e., same number of layers with the same 
input and output dimensions. Both architectures in this study are symmetric.  

The reconstruction error utilized for the optimization process was the root mean 
squared error (RMSE). As for the architecture of the autoencoders, as previously mentioned, 
the intent of the study is to assess the influence of temperature in the autoencoder’s 
generalization capability. Therefore, two different architectures were evaluated (Figure 1). It 
is worth noting that, for the autoencoder that processes the temperature as an input, the latent 
space had five points, one being the temperature value while the other 4 were the results of 
the input signal encoding. Meanwhile, the autoencoder without the temperature input had 
only the four nodes from the signal encoding. 

As for the optimization strategy, the ADAM optimizer with the following parameters 
was used: 
 

•         Learning rate = 0.0001. 
•         Beta 1 = 0.9. 
•         Beta 2 = 0.999. 
•         Epsilon = 1e-07. 

 
For training purposes, noise was added to the original dataset signals, generating 1000 

samples of the same signal with a signal-to-noise ratio of 20 dB [14]. These signals were then 
divided into training (80%), testing (10%) and validation (10%). One autoencoder was 
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trained for each signal i.e., each actuator-sensor path, resulting in 66 autoencoders. The 
difference between each temperature arrangement is the amount of data available for the 
autoencoder for training, being 2000, 3000 and 5000 signals for cases a, b, and c, 
respectively. 
 

 

Fig. 1. Autoencoder architectures tested. On the right, the temperature is inserted directly into the latent space. 
On the left, only the signal is processed. The activation functions used by each layer are displayed along with 

the dimensions of its input and output. 

2. Results and Discussion 

Training performance with regards to training and validation loss was firstly analysed to 
ensure that the autoencoders were not underfitting or overfitting the training data. As can be 
seen in Figure 2, which displays the training performance of one illustrative CAE, training 
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was carried out without underfitting or overfitting, reaching training and validation losses 
below 1e-3. 

Another measure of autoencoder adequacy is the comparison between the RMSE for 
healthy state signals i.e., the baseline, and damaged state signals, after autoencoder training. 
During the experimental campaign to generate the dataset used in this study, the researchers 
mounted aluminium discs on the surface of the specimen to simulate damage. If the RMSE 
for the healthy state signal is lower than the RMSE for the damaged state signal, the 
autoencoder can properly recognize possible damages. As can be seen in Figure 2, for the 
same CAE of the training performance plot, the RMSE for damaged state signals (200 in 
total, 100 for each temperature which in this case are 20°C and 60°C, taken from two original 
signals and adding 20dB signal-to-noise ratio) are higher than the RMSE for the healthy state 
signals, meaning that the autoencoders can be used for identifying damage. 
 

 
Fig. 2. Left: model loss during training for one of the autoencoders. Right: Reconstruction RMSE for the 

trained autoencoder, with damaged or healthy state signals as input.  
 

The performance of the two different architectures at reconstructing healthy state 
signals was evaluated for the three different temperature arrangements for training described 
in Section 1.1, and the results can be seen in Figures 3, 4 and 5. The two different autoencoder 
architectures are represented with different colours, red being the CAE architecture with the 
temperature input. The RMSE results are grouped by temperature. Each box represents the 
66 signals from each acquisition. The boxes extend from the 25th-percentile, meaning that 
25% of the data is below that point, to the 75th-percentile, meaning that 75% of the data is 
below that point, with a line at the median. The whiskers extend to the farthest data point 
lying within 1.5 times the inter-quartile range from the box. Outliers are represented by 
circles. 
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Fig. 3. Autoencoder performance with regards to reconstruction RMSE for all the actuator-sensor pairs, 

grouped by temperature. Training with 20°C and 60°C signals (case a). 
 

 
Fig. 4. Autoencoder performance with regards to reconstruction RMSE for all the actuator-sensor pairs, 

grouped by temperature. Training with 20°C, 40°C and 60°C signals (case b). 
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Fig. 5. Autoencoder performance with regards to reconstruction RMSE for all the actuator-sensor pairs, 

grouped by temperature. Training with 20°C, 30°C, 40°C, 50°C and 60° signals (case c). 
 

By analysing the performance of both autoencoder architectures across various 
datasets some potentialities and drawbacks of the utilized algorithms can be highlighted. 

The three plots demonstrate that for the temperatures included in the training of the 
CAEs, both architectures perform better than for temperatures outside of their training 
dataset, as expected. For case c, this difference is very much attenuated given the smaller 
temperature interval between training temperatures. Furthermore, it is noticeable that the 
RMSE keeps increasing for temperatures further away from the training temperatures, in a 
close to linear fashion. 

Additionally, the architecture with the temperature performs consistently better at 
reconstructing the signals for all temperatures, even more for temperatures unseen by the 
autoencoders during training. Moreover, for case b, the autoencoder architecture with the 
embedded temperature was able to keep the minimum error at similar values across all 
temperatures. And for case a, for temperatures up to 35°C, the architecture without the 
temperature performed better, while for higher temperatures performance was slightly worse 
for both architectures. 

3. Conclusion 

For all training temperature arrangements, the CAE architecture with the temperature input 
performed better, therefore it is always advantageous to leverage this information within the 
autoencoder. For more sparse datasets, the benefit for including the temperature is slightly 
more noticeable. 

If the dataset is too sparse and has just two temperature points for autoencoder 
training (case a), both architectures perform similarly, being unable to properly predict Lamb 
wave signals and displaying high RMSEs between input and output. 

It is clear that a larger dataset with more temperature values for training increase the 
autoencoders performance, regardless of the architecture. But the architecture with the 
temperature input performs better all around, except for the lower temperatures in case a. 
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The method here proposed indicates a path towards more robust damage localization 
frameworks, able to predict healthy structure behaviour for untested temperatures and 
therefore recognizing damage for said temperatures. The results are still preliminary and 
damage localization results are still to be acquired in order to validate the results presented 
here. Nonetheless, the method seems promising and future work including damage 
localization using both architectures will be conducted. 

Moreover, the influence of the temperature within the latent space can be further 
studied with regards to the size of the latent space. In the present study the temperature point 
represented 20% of the latent space, while the remaining 80% were points coming from the 
input signal encoding. Tests with different latent space configurations can further clarify the 
influence of the temperature point in the latent space. 
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