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ABSTRACT 

Guided-wave based structural inspection and health monitoring, such as the ultrasonic A-scan, has been 

widely adopted in vehicle operation and maintenance. An accurate estimation of the time-of-flight leads 

to the location information of discontinuities in the geometry/material, which indicates damage, any 

deviation in temperature from the baseline condition will drastically change the waveform 

measurements and induce ambiguity in the interpretation of data. The recurrent neural network (RNN) 

is used in this study to establish a data-driven surrogate model of wave propagation, in which ambient 

temperature is included and considered as an extra input in addition to the structural excitation. The 

acquired ultrasonic waveform is thereby compensated through the RNN model by changing the 

temperature input to arbitrary desired values. Finite element simulations of a contrived non-trivial 

shaped structure under tone burst excitation are conducted using the ABAQUS solver, and the response 

waveforms under different temperatures are estimated. A comprehensive training is conducted with the 

corresponding temperature conditions, and the surrogate model is validated through simulation data. 

1. Introduction

In civil engineering, data-driven approach is widely applied in the application of Structural Health 

Monitoring (SHM). For data-driven method, the data is usually acquired from the sensors in an in-situ 

fashion. It detects the damage in the structure by finding and analyzing the abnormalities. However, for 

large structures [1][2], temperature has great influence on displacement and deflection sensors 

commonly used in structure, especially for non-linear bridges such as cable-stayed bridges, which makes 

it impossible to get accurate measurements, and thus affect the accuracy of SHM [3]. 

In mechanical engineering, guided wave based structural inspection and health monitoring is a widely 

adopted method in vehicle operation and maintenance. While an accurate estimation of the time-of-

flight leads to the location information of discontinuities in the geometry/material, which indicates 

damage, any deviation in temperature from the baseline condition will drastically change the waveform 

measurements and induce ambiguity in the interpretation of data. 

The multi-scale characteristics which are separated by temperature effect is presented in [4], such as 

signal separation by wavelet analysis to eliminate the temperature effect. However, the frequency 

bandwidth of wavelet analysis is fixed. One frequency bandwidth contains many other effects besides 

temperature effect. It has bad impact on the accuracy of temperature effect compensation. Some 

researchers presented compensating temperature by using statistical approach and proper orthogonal 

decomposition etc. such as Lanata and Grosso etc. [5][6]. But these methods cannot get the precise 

results when there is noise. In this study, LSTM neural network is used to fit the physical model to get 

the surrogate model for the temperature effects. Then, the waveform at a new temperature is predicted 
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which has not been used for training the LSTM neural network. There are advantages of this method, 

including: 

1) The calculation process is simpler than other physical methods; 

2) The results obtained without knowing the exact physical model is better. 

The processes of the mothed in this study is shown as follows: 

1) Using the ABAQUS solver to conduct finite element simulations of a contrived non-      trivial 

shaped structure under tone burst excitation, and the response waveform under different 

temperatures are estimated; 

2) Adopting the recurrent neural network (RNN) to establish a data-driven surrogate model of 

wave propagation, in which ambient temperature is included and considered as an extra input 

in addition to the structural excitation. 

The acquired ultrasonic waveform is thereby compensated through the RNN model by changing the 

temperature input to arbitrary desired values. 

 

2. LSTM Neural Network Architecture 
 

2.1 The Structure of RNN 
 

Recursive neural network has special network structure, which solves the problem of information 

preservation [7]. Not only will it learn the information of the present moment, but it will also rely on the 

previous sequence information. Therefore, RNN has unique advantages in dealing with time series, 

which is very good for prediction of displacement waveforms. 

RNN has a series of repeated neural network cells. In the standard RNNs, these repeating cells have a 

simple structure. The Fig. 1 shows the structure of an unrolled recurrent neural cells. 

 

 
Fig. 1. The structure of an unrolled recurrent neural network 

 𝑥𝑥𝑡𝑡 is the input at t.  𝑓𝑓 is the activation function of RNN, which usually is tanh. 

 𝑆𝑆𝑡𝑡 is the memory at 𝑡𝑡, 𝑆𝑆𝑡𝑡 = 𝑓𝑓(𝑈𝑈𝑋𝑋𝑡𝑡 + 𝑊𝑊𝑆𝑆𝑡𝑡−1).  

As time passes, RNN loses the ability to learn information that connects far away due to vanishing 

gradient. Because RNN using BPTT algorithm, which is similar to BP but related to time. The BPTT 

are as follows: 

E(𝑦𝑦𝑡𝑡 ,𝑂𝑂𝑡𝑡) = −𝑦𝑦𝑡𝑡 log𝑦𝑦�𝑡𝑡 
E(𝑦𝑦𝑡𝑡 ,𝑂𝑂𝑡𝑡) = −�𝑦𝑦𝑡𝑡 log𝑦𝑦�𝑡𝑡𝑡𝑡  𝜕𝜕𝜕𝜕𝜕𝜕𝑊𝑊 = �𝜕𝜕𝜕𝜕𝑡𝑡𝜕𝜕𝑊𝑊𝑡𝑡  

Here 𝑦𝑦𝑡𝑡 is the correct value at time t. 𝑂𝑂𝑡𝑡 is the predicted value at time t. 𝑊𝑊 is the weight of the RNN. 

The activation function of RNN, tanh, maps all values between -1 and 1. Due to chain rule is used when 

we take the derivative of the gradient descent algorithm, the polynomial is continuous multiplication 

which going to have a bunch of terms that are less than 1 and then the gradient going to jump to zero. 
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However, although LSTM also use BPTT algorithm, its updating status values are additive. It is not easy 

to gradually approach zero. 

 

2.2 The Structure of LSTM 
 

LSTM is a special form of RNN. The different part between LSTM and normal RNN is the structure of 

cells. In the cells of LSTM, there are three gates called input gate, forget gate, output gate [8]. Only the 

information that conforms to the algorithm can be reserved, and the inconsistent information is forgotten 

through the forget door. The procedure can be visualized in Fig.2. The activation function of LSTM is ∫𝑓𝑓, which is sigmoid, and ∫ℎ is the activation function of LSTM, which is tanh. 

 

 
Fig. 2. Memory block architecture 

Change cell state.  

1. Forget gate: Decide to discard what information from the cell state. 𝑓𝑓𝑡𝑡 = 𝜎𝜎�𝑊𝑊𝑓𝑓 ∙ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑓𝑓� 
2. Input gate: Decide what new information to put into the cell state. 𝑖𝑖𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖 ∙ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑖𝑖) 𝐶𝐶𝑡𝑡� = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝑊𝑊𝑐𝑐 ∙ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑐𝑐) 

3. Change cell state. 𝐶𝐶𝑡𝑡 = 𝑓𝑓𝑡𝑡 ∗ 𝐶𝐶𝑡𝑡−1 + 𝑖𝑖𝑡𝑡 ∗ 𝐶𝐶𝑡𝑡�  

Output. 

1. Output gate: The output is based on the cell state. 𝑂𝑂𝑡𝑡 = 𝜎𝜎(𝑊𝑊0[ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏0) ℎ𝑡𝑡 = 𝑂𝑂𝑡𝑡 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝐶𝐶𝑡𝑡) 



 

 

 

Due to the fact that there are three gates in the cell structure, the updating status value is 𝐶𝐶𝑡𝑡 = 𝑓𝑓𝑡𝑡 ∗ 𝐶𝐶𝑡𝑡−1 +𝑖𝑖𝑡𝑡 ∗ 𝐶𝐶𝑡𝑡�  which is the addition form. It is hard to get a state value approaching zero, and thus LSTMs allow 

to store and access information over long periods of time.  

Because surrogate models of temperature compensation need to rely on the long-term information to 

update and use, LSTMs can be a good surrogate model for temperature compensation. 

 

3. Finite Element Model 
 

To verify the feasibility of this method, the ABAQUS solver is used to conduct finite element 

simulations of a contrived non-trivial shaped structure under tone burst excitation, and the response 

waveform under different temperatures are estimated. 

A plate model has been built to validate this established approach. The geometry of the plate is sketched 

in Fig. 3. 

 
Fig. 3. The geometry of a plate structure for ultrasonic simulation 

 

A 100kHz ultrasonic is used as the input at one of the sensors. The ultrasonic is superimposed by a 

100kHz sine wave and a Hanning window, which is demonstrated in Fig. 4. 

 

 
Fig. 4. The input of ultrasonic time seires 



 

 

 

The other sensors measure the response waveforms under 6 different temperatures (24℃, 35℃, 55℃, 

66℃, 72℃, 80℃). The process is show in the Fig. 5.  

 

 
Fig. 5. The process of the FEM model calculation 

 

In the FEM Model, a contrived homogeneous material property of the plate is used. The density of the 

material is set to be 2700 kilograms/meter3, and its Poisson ratio is 0.33. It is assumed that the elasticy 

module changes linearly with temperature (from 72000MPa under 24℃ to about 52105MPa under 80℃). 

The calculation time step of FEM is 9E-008s. The measured results from the sensor of the FEM model 

are shown in the Fig. 6. 

 
Fig. 6. Displacement waveform measured from the sensor 

 

4. Training and Testing of LSTM Neural Network 

 
The structure of LSTM includes an output layer, an input layer, and 7 hidden layers. For training, there 

are two sets of inputs have been used in the network [9]. One is the deflections at 24℃, 35℃, 55℃, 
72℃, and 80℃, while the other is their corresponding temperatures. The output of the LSTM neural 

network is only one set, which is the corresponding deflections at the next time step. 



 

 

 

 

 
Fig. 7. Process of LSTM neural network in training 

 

For testing, firstly at time t-1, one of the inputs is the deflection under 80℃, and the other is the 
temperature, 66℃. The output is the deflection under 66℃. Then get the deflection under 66℃ as one 
of inputs at t, the other is the temperature, i.e., 66℃. The output is the deflection under 66℃ which as 
the input for t+1. After that, this procedure is iterated in this way.  

 
Fig. 8. Process of LSTM neural network in testing 

 

5. Compensation Results by Using LSTM’s 
 

The LSTM network is used to compensate the deflection under 80℃ and get the compensated deflection 
under 66℃. The real deflection under 66℃ with compensated deflection under 66℃(P66-T66) and real 

deflection under 66℃ with real deflection under 80℃(T80-T66) are shown in the Fig. 9 and Table 1. 



 

 

 

 
Fig. 9. The results of prediction with compensated defection 

 

Table.1. The real error of real deflection under 66℃ with compensated deflection under 66℃, and 
real deflection under 66℃ with real deflection under 80℃ 

 
The Fig. 9 shows that the black line (real deflection under 66℃) and the red line (compensated deflection 
under 66℃) coincide with each other, and the black line (real deflection under 66℃) is quite different 
from the green line (real deflection under 80℃). It illustrates the temperature compensation from 80℃ 
to 66℃ is basically successful using this method. In addition, Table 1 provides the information that the 

mean and the variance of the P66-T66 is much smaller than that of the T80-T66. It also illustrates that 

using LSTM network as a surrogate model to compensate temperature is working better. 

 

6. Conclusions 
 

The study adopts the LSTM neural network to establish a data-driven surrogate model of deflections 

from the FEM model, in which ambient temperature is included and considered as an extra input in 

addition to the structural excitation. The advantages of the LSTM surrogate model are as follows: The 

calculation process is simple when compared with other physical methods; Better results can be obtained 

without knowing the exact physical model. Therefore, using LSTM network as a surrogate model to 

compensate temperature is working. In experimental results show that the surrogate model compensated 

successfully the deflection from 80 ℃ to 66 ℃. 
The prediction time interval of LSTM is limited, therefore the prediction after too long time will lead to 

a decline in accuracy, so a multi-scale model will be generated in future work. Multiscale models can 

be applied to various time scales such as second, minute and hour, which can extend the length and 

accuracy of the predictions. 
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