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1. Introduction 

 
Corrosion is one of the main causes of damage to the 

structural surface. For airplanes, especially aging airplanes, 
due to the influence of the flight environment, are 
vulnerable to corrosion (Braga et al. 2014). As the corrosion 
damage reaches a certain level, it may cause serious flight 
accidents and endanger the personnel on board 
(Alexopoulos et al. 2012). 

For the early corrosion damage of aircraft structure, it 
has the characteristics of small area and strong 
concealment. Traditional visual method and non-destructive 
testing method is hard to carry out the effective monitoring. 
The structural health monitoring (SHM) technology based 
on lamb waves uses piezoelectric (PZT) sensors deployed 
on the structural surface to excite and receive Lamb wave in 
the structure, then by analyzing the Lamb wave response 
signal in the non-damage state and the lamb wave response 
signal after damage occurs, the small damage in a certain 
area of aircraft structure can be monitored and the damage 
degree can be evaluated (Vivar-Perez et al. 2014, Garg et al. 
2016, Gorgin and Wang 2021). Therefore, in recent years, 
more and more researchers have applied it to corrosion 
monitoring of structures (Bao et al. 2019, Cirtautas et al. 
2022, Livadiotis et al. 2023, Zima et al. 2022, Huang et al. 
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2024). 

Lamb wave tomography (LWT) is an important imaging 
method of SHM based on lamb wave. It scans the 
monitored area in different directions by exciting the lamb 
wave to obtain the changes in acoustic parameters during 
the propagation process, thereby realizing the monitoring of 
the damage inside the structure. As long as enough sensors 
are arranged around the monitoring area, almost all damage 
scattering information can be collected, and then the LWT 
method can be used to obtain high precision diagnostic 
images (Huang et al. 2016). According to the arrangement 
of sensors, LWT can be divided into cross-hole LWT, fan 
beam LWT and double cross-hole LWT. Zhao et al. (2011) 
studied the ray distribution of LWT, and compared the 
imaging effects of the three kinds of LWT. The results show 
that cross-hole LWT has the lowest imaging accuracy, but 
requires the least number of sensors; double cross-hole 
LWT has highest imaging accuracy and requires a large 
number of sensors, both the imaging effect and the number 
of sensors of fan beam LWT are somewhere in between. In 
addition, reconstruction algorithm also has a great impact 
on imaging quality. There are many image reconstruction 
algorithms in LWT, and the most used in structural health 
monitoring are Filtered Back Projection (FBP), Algebraic 
Reconstruction Technique (ART), and Simultaneous 
Iterative Reconstruction Technique (SIRT). Among the 
three algorithms, SIRT is an iterative algorithm, and its 
iterative process is to updates each pixel value by correcting 
all projection lines, so it has better imaging effect than 
others (Belanger 2010). In view of the above 
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considerations, the LWT sensor layout adopts the cross-hole 
architecture, and the reconstruction algorithm uses the SIRT 
reconstruction method to monitor the corrosion in this 
article. 

However, in order to obtain better imaging result, LWT 
is necessary to arrange dense sensors around the monitoring 
area to generate enough scanning rays. Meanwhile, SIRT 
iteration needs to calculate the weighted average, which 
makes the calculation complicated and slow. Aircraft 
structure corrosion monitoring system requires small weight 
and fast imaging speed to achieve real-time monitoring. 
These shortcomings limit the application of LWT in aircraft 
structure corrosion monitoring. 

Compressed sensing (CS) theory represent that as long 
as the signal is sparse or compressible, the sparse high 
dimensional signal can be sampled by a sampling matrix 
into low dimensional signal, then by solving the 
optimization problem, the original signal can be 
reconstructed with high probability from this low 
dimensional signal (Donoho 2006, Tsaig and Donoho 2006, 
Candes et al. 2006). Using CS theory, the amount of data 
collected by the sensors can be reduced, and the goal of 
simplifying the system can be achieved. To simplify LWT, 
Chang et al. (2020) proposed CS-based tomography method 
to monitor the corrosion of aircraft structure by using a 
reduced number of sensors. The experimental result shows 
that the CS-based tomography method can accurately 
reconstruct the corrosion position with a smaller number of 
sensors. However, the imaging by CS-based tomography 
method has many artifacts in the presence of noise, and 
even if the imaging speed is faster than LWT, it is still 
slower, which affects real-time imaging. Therefore, it is 
necessary to further improve the CS-based tomographic 
method. 

Ji et al. (2008) introduced the relevant ideas of Bayesian 
estimation into the CS reconstruction and proposed 
Bayesian Compressed Sensing (BCS). BCS provides a 
posterior density function of parameters to replace the point 
estimation of the parameters, which can provide sparser 
images than CS. And Bayesian takes into account Gaussian 
noise encountered in the compression sampling process, so 
it has better denoising performance (Xu et al. 2012). Due to 
these advantages of BCS, it has been gradually used in 
various fields in recent years (He et al. 2023, Kullaa 2021, 
Salucci et al. 2022, Xiao et al. 2024). In order to further 
improve the imaging quality in noisy environment, while 
shorten the imaging time, BCS-based tomographic method 
for corrosion monitoring of aircraft structures is proposed in 
this paper. Simulation and experiment were carried out in an 
aluminum plate, results show that BCS-based tomography 
has obvious advantages. 

In section 2, we introduce the traditional LWT imaging 
method. In section 3, the BCS theory is introduced. In 
section 4, BCS-based tomographic method is proposed. In 
section 5, we perform numerical simulation to verify the 
new BCS-based tomographic method in theoretically. In 
section 6, experiments are carried out to verify the new 
method, and the imaging effect were compared with 
traditional LWT and CS-based tomography. In section 7 
conclusions are made. 

2. Lamb wave tomography 
 
When lamb wave propagates in metal plate, the wave 

velocity will change as the product of the frequency and the 
plate thickness changes. If the frequency of lamb wave 
remains unchanged, the variation of wave velocity is only 
related to the plate thickness. When the metal plate is 
subjected to corrosion and the structure becomes thin, the 
change of lamb wave velocity will cause the change of 
wave arrival time on the propagation path. From the arrival 
time of lamb wave, we can infer the velocity distribution of 
the measured area, and thus determine the location of the 
corrosion. That is the principle of lamb wave tomography. 

In order to perform damage monitoring by LWT, the 
monitoring area is discretized and divided into N isometric 
grids. Sensors are arranged on both sides of the monitoring 
area in cross-hole manner, sensors on one side excite lamb 
wave and sensors on the other side receive the lamb wave. 
The lamb waves from excitation sensors scan the entire 
area, and generate M scan paths. Fig. 1 shows the layout of 
sensors and one of the paths. Here, lij represents the length 
of the i-th path in the j-th grid. sj = 1/vj, sj is the reciprocal 
of the velocity of the j-th grid, called slowness. The 
propagation time of the lamb wave on the i-th scan path can 
be determined by Eq. (1) 

 𝑡௜ = ෍ 𝑙௜௝𝑠௝ே
௝ୀଵ    (𝑖 = 1, . . . 𝑀) (1)

 
Write the expression for lamb wave arrival time of all 

rays, as shown in Eq. (2) 
 𝑇 = 𝐿𝑆 (2)
 
In Eq. (2), T represents lamb waves propagation time of 

M rays, which is an M×1 dimensional vector. S represents 
the slowness of the lamb wave in all grids, which is an N×1 
dimensional vector. L is composed of lij, called the distance 
matrix, is an M×N dimensional matrix, each row represents 
a ray path, and each column represents a grid. For example, 
the l11 represents the intercept of the first ray path in the 
first grid, l11 represents the intercept of the first ray path in 
the second grid, and so on, the distance matrix L is 
described by Eq. (3) 

 𝑳 = ൥ 𝑙ଵଵ 𝑙ଵଶ ⋯ 𝑙ଵேିଵ 𝑙ଵே⋮ ⋮ ⋯ ⋮ ⋮𝑙ெଵ 𝑙ெଶ ⋯ 𝑙ெேିଵ 𝑙ெே൩ெ×ே (3)

 
 

 
Fig. 1 Cross-hole arrangement of sensors
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Assuming that the lamb wave slowness vector is S0 and 
the travel time vector is T0 when the measured structure is 
initially undamaged. And the actual measured signal 
slowness vector is S1 and the travel time vector is T1. Those 
parameters in the two states are put into Eq. (2), and we 
subtract the two newly obtained equations to obtain the time 
difference ΔT 

 𝑻𝟎 = 𝑳𝑺𝟎𝑻1 = 𝑳𝑺1ൠ ⇒ 𝜟𝑻 = 𝑳𝜟𝑺 (4)

Or 

቎ ∆𝑡1⋮∆𝑡ெ቏ = ቎ 𝑙11 . . . 𝑙1ே⋮ . . . ⋮𝑙ெ1 . . . 𝑙ெே቏ • ⎣⎢⎢
⎢⎡∆𝑠1...∆𝑠ே⎦⎥⎥

⎥⎤ (5)

 
If corrosion occurs, the slowness value in the 

corresponding grid unit will change, that is to say, the 
slowness difference value in these grids is not zero. The 
lamb wave velocity of other grids without damage remains 
unchanged, so the remaining slowness difference value is 
zero. According to the lamb wave travel time difference 
before and after structural damage, LWT method calculates 
the slowness difference using Eq. (4). Then the slowness 
difference ΔS is used as pixel imaging to highlight the 
corrosion damage in the measured area 

LWT derives the slowness difference vector ΔS through 
the distance matrix L and the travel time difference ΔT. 
Since the selection number of the sensor and the grid 
division of the measured area depend on the specific 
situation, the number of ray paths M and the number of unit 
grid N are generally different, usually M << N. In Eq. (5), 
the number of ray paths determines the number of 
equations, and the number of grids determines the number 
of unknows. In order to obtain an accurate solution, the 
number of equations M needs to be as large as possible. 
That is, the LWT method required densely arranged sensors, 
which increases the burden of the monitoring system and is 
limited in practical engineering applications. 

In order to solve this problem, Chang et al. (2020) 
proposed CS-based tomographic method, which uses a 
sampling matrix to partially sample the lamb wave ray 
paths, and restores the slowness difference ΔS from a small 
amount of wave arrival time difference ΔT through CS 
reconstruction algorithm. This method reduces the number 
of sensors while enhancing imaging accuracy. The purpose 
of optimizing LWT can be achieved. However, in noisy 
environments, especially in the case of low Signal-to-Noise 
Ratio (SNR), the imaging effect of the CS-based 
tomography is not good, which has artifacts. And although 
the imaging time of the method is faster than that of LWT 
method, it is not fast enough for on-line monitoring. 
Therefore, it is necessary to further improve the existing 
CS-based tomography method, reduce the imaging time and 
enhance the imaging effect at low SNR. 

 
 
 
 
 

3. Bayesian compressed sensing theory 
 
3.1 Mathematical model of CS 
 
Given an N×1 dimensional real signal X, X∈RN, it can 

be expanded into the following form under the N×N 
dimensional orthonormal basis Ψ 

 𝑥௜ = ෍ 𝛼௜ே
௜ୀଵ 𝜓௜ (6)

 

Or matrix form 
 𝑿 = 𝜳𝜶 (7)
 
In Eq. (7), α is the decomposition coefficient of X, and it 

is an N×1 dimensional vector. If the number of non-zero 
elements in α is K and K << N, then α is said to K sparse. 
And X is a compressible signal. Then we can construct 
another M × N dimensional (M < N) measurement matrix Φ 
that is not related to Ψ, and perform a compressed 
observation on the signal X to obtain 

 𝒚 = 𝜱𝑿 (8)
 
y is an M × 1 dimensional vector, and it is the linear 

observation (or projection) value of the original signal X. 
Substituting Eq. (7) into Eq. (8), we get 

 𝒚𝑴×1 = 𝚽ெ×ே𝑿ே×1 = 𝚽ெ×ே𝚿ே×ே𝜶ே×1 = 𝚯ெ×ே𝜶ே×1 (9)
 
Where Θ is the observation matrix. Eq. (9) completes 

the compressed sampling from high-dimensional vector α to 
low-dimensional vector y. 

 
3.2 Measurement matrix in CS 
 
The purpose of measurement matrix Φ is to obtain as 

few observations as possible while ensuring the accuracy of 
the reconstructed signal. The dimension of the measurement 
matrix directly determines the compressed sampling degree 
of the signal, and it is a bridge connecting the original 
signal and the measured signal. In order to ensure that the 
sampled signal can maintain the entire information of 
original signal, the measurement matrix must meet the 
Restricted Isometry Property (RIP) condition (Candes et al. 
2006). That is, the RIP parameter δk of the measurement 
matrix Φ is the minimum value δ that satisfies the following 
formula 

 (1 − 𝛿)‖𝒙‖ଶଶ ≤ ‖𝚽𝒙‖ଶଶ ≤ (1 + 𝛿)‖𝒙‖ଶଶ (10)
 
However, it is difficult to calculate whether a given 

measurement matrix has RIP properties. In order to reduce 
the complexity of the problem, Baraniuk (2007) proposed a 
coherence discrimination theory, which shows that if it is 
guaranteed that the measurement matrix Φ is not coherent 
with the spare basis Ψ, the measurement matrix Φ satisfies 
the RIP property with a high probability. In the application 
of CS, the independent and identically distributed Bernoulli 
matrix has little correlation with any sparse basis, and it is 
commonly used as a measurement matrix. 
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3.3 Reconstruction algorithm 
 
In practical applications, y as an observation signal, is 

usually noisy, so equation (9) can be written as 
 𝒚 = 𝜣𝜶 + 𝒆 (11)
 
Conventional CS reconstruction algorithm uses convex 

optimization problem with constraints to solve signal α, the 
expression is 

 minఈ ‖𝒂‖ଵ    𝒔. 𝒕.     ‖𝒚 − 𝚯𝒂‖ଶ ≤ 𝜀 (12)
 
Where ε is an estimate of the noise in the original signal 

and ε ≥ 0. 
Unlike conventional CS reconstruction algorithm that 

uses Eq. (12) for point estimation of α, BCS uses Bayesian 
estimation to estimate the probability of signal α in Eq. 
(11). 

BCS algorithm assuming that the noise e in Eq. (11) is a 
Gaussian noise with a mean value of zero and a variance of 𝜎௡ଶ. According to the knowledge of probability theory, the 
probability density function of y can be obtained as 

 𝑝(𝐲|𝛂, 𝜎௡2) = (2𝜋𝜎௡2)ିಾ2 exp ൭− 12𝜎௡2 ฮ𝐲 − Θαฮ2൱ (13)

 
In Eq. (13), the observation matrix Θ and the measured 

value y are known, and the noise variance 𝜎௡ଶ is unknown, 
the problem is to estimate the signal α. 

BCS solves the posterior probability distribution of 
signal α by reasonably setting the prior distribution of 
sparse signal α. 

The setting of the prior distribution directly determines 
the algorithm complexity and the accuracy of the estimation 
value 𝜶ෝ. Ji et al. (2008) proposes that a hierarchical prior is 
applicable to BCS. It assumes that each element αi in α 
obeys a Gaussian prior distribution with a mean value of 
zero and a variance of 𝜎௜ି ଵ, namely 

 𝑝(𝜶|𝝈) = ෑ 𝑁(𝛼௜|0, 𝜎௜ି 1)ே
௜ୀ1  (14)

 
Assume that the inverse variance vector σ obeys the 

Gamma distribution with parameters a and b, namely 
 𝑝(𝝈|𝑎, 𝑏) = ෑ 𝛤(𝜎௜|𝑎, 𝑏)ே

௜ୀ1  (15)

 
Substituting Eq. (15) into (14), the posterior probability 

density function of α is 
 𝑝(𝜶|𝑎, 𝑏) = ෑ න 𝑁(𝛼௜|0, 𝜎௜ି 1)∞

0 Γ(𝜎௜|𝑎, 𝑏)𝑑𝜎௜ே
௜ୀ1  (16)

 
It can be found that 𝑝(𝜶|𝑎, 𝑏) obeys the student’s T 

distribution, which can effectively ensure the sparsity of the 
original signal α. According to the same method, the 
inverse of the noise variance 𝜎଴ = 𝜎௡ି ଶ is processed, and 

the following expression can be obtained 
 𝑝(𝜎0|𝑐, 𝑑) = Γ(𝜎0|𝑐, 𝑑) (17)
 
The prior distribution of parameters α and 𝜎଴  are 

known. Given the measurement signal y and the observation 
matrix Θ, the posterior distribution of α can be obtained by 
Bayesian formula 

 𝑝(𝜶|𝒚, 𝝈, 𝜎0) = 𝑝(𝒚|𝜶, 𝜎0)𝑝(𝜶|𝝈)𝑝(𝑦|𝝈, 𝜎0) ∼ 𝑁(𝝁, 𝚺) (18)

 
The probability distribution of posterior α in Eq. (18) is 

a multivariate Gaussian distribution with mean μ and 
covariance 𝚺. The mean and variance are 

 𝛍 = 𝜎0𝚺𝚯்𝐲 (19)
 𝚺 = (𝜎0𝚯்𝚯 + 𝚨)ି1 (20)
 
A is a diagonal matrix, and its diagonal elements are (σ1, 

σ2,…,σN). It is only necessary to estimate the parameters σ 
and σ0 to obtain the value of α. The logarithm of the edge 
likelihood function of signal α with respect to parameters σ 
and σ0 is 

 𝐿(𝛔, 𝜎0) = log 𝑝 (𝐲|𝛔, 𝜎0)            = 12 [𝑀 log 2 𝜋 + log|𝑪| + 𝐲்𝐂ି1𝐲] (21)

 
In the equation, σ = [σ1, σ2,…, σN], C = 𝜎௡ି ଶI + ΘA-1ΘT. 

Using the Expectation Maximization (EM) algorithm 
proposed by Tipping (2001), we can estimate the 
parameters σi and σ0, to yield 

 𝜎௜௡௘௪ = 1 − 𝜎௜𝚺௜௜𝜇௜2  (22)

 1𝜎0௡௘௪ = ‖𝐲 − 𝚯𝐮‖22𝑀 − ∑௜(1 − 𝜎௜𝚺௜௜) (23)

 
Initialize σi and σ0, substitute (19), (20), (22), (23) for 

iterative operations, we can obtain mean μ and covariance 
Σ. In order to simplify the calculation, we use the Fast 
Relevance Vector Machine (FRVM) proposed in Faul and 
Tipping (2002) to perform iterative calculation. The FRVM 
can effectively increases the relevant basis functions in the 
matrix Θ and deletes the irrelevant basis functions, so that 
only K relevant basis functions are finally included in the 
matrix Θ. Finally, we can obtain σiMAP, σ0MAP and the 
corresponding signal α. It is worth noting that when the 
sparsity K is small, the calculation amount of matrix 
inversion in equation (20) is O(NK2), which is less than that 
of the conventional CS algorithm. In addition, compared 
with the conventional CS reconstruction algorithm, BCS 
considers the noise in the compressed sampling process, so 
it is more suitable for imaging scenes with noise. 
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4. BCS-based tomography 
 
For corrosion monitoring of aircraft structures, the 

damage area is generally only a small fraction of the whole 
structure to be monitored, so most elements of the slowness 
changes vector should be zero. That is to say, the vector ΔS 
is sparse, that meet the prerequisites of CS.  

Then, a measurement matrix can be constructed 
according to the CS theory to reduce the dimension of the 
wave travel time difference ΔT. We design a random matrix 
Φm×M (m < M) that has two characteristics: 1) each row has 
and only one element is 1, the rest is 0; 2) each column has 
at most one element of 1, and the rest are 0. The matrix 
constructed in this way conforms to the Bernoulli 
distribution, which can satisfy the RIP characteristics and 
irrelevant conditions in the CS theory. The matrix form is as 
follows 

 𝜱 = ൦0 0 ⋯ 0 11 0 ⋯ 0 0⋮ ⋱ ⋮0 1 ⋯ 0 0൪
௠×ெ

 (24)

 
Multiply the matrix 𝜱 and travel time difference ΔT, 

we can get 
 𝚫𝑇௠×1′ = Φ௠×ெ ⋅ Δ𝑇ெ×1 = Φ௠×ெ ⋅ 𝐿ெ×ே ⋅ Δ𝑆ே×1 (25)
 
Through compressed sampling, the wave travel time 

difference to be measured is reduced from M dimension 
(ΔT) to m dimension (ΔT´). That is, as long as m paths are 
randomly selected from M paths, the slowness difference 
ΔS, which represents the corrosion location, can be 
reconstructed by CS theory. Thereby the purpose of 
simplifying the number of sensors in the LWT can be 
obtained. 

BCS is a reconstruction algorithm of CS, which uses 
Bayesian formula to calculate a posterior estimation of the 
slowness difference ΔS. After adding the noise, the 
compressed wave travel time difference can be written 

 𝚫𝑻′ = 𝚽 ⋅ 𝑳 ⋅ 𝚫𝑺 + 𝒆 = 𝚯 ⋅ 𝚫𝑺 + 𝒆 (26)
 
The wave travel time difference ΔT´ is obtained by 

subtracting the lamb wave travel time under damage 
condition from the lamb wave travel time under undamaged 
condition, and its value can be obtained through actual 
measurement. According to the content of section 2, the 
distance matrix L can be constructed. The function of the 
measurement matrix Φ is to randomly select m rows from 
the distance matrix L. e is Gaussian noise with a mean value 
of zero and a variance of 𝜎௡ଶ. Therefore, the probability 
distribution function of ΔS can be estimated by BCS 
reconstruction algorithm introduced in section 3. The 
nonzero element in the ΔS corresponds to the location 
where corrosion occurs. Fig. 2 shows the corrosion 
monitoring implementation process using BCS-based 
tomography method. 

 
 
 

Fig. 2 Schematic diagram of the corrosion monitoring using 
BCS-based tomography 

 
 

5. Numerical simulation 
 
5.1 Corrosion localization simulation without noise 
 
We performed corrosion localization simulation on an 

aviation aluminum plate with a thickness of 0.3cm and a 
monitoring area of 20 cm × 20 cm. The computer used for 
simulation has an inter i5 dual CPU with frequency of 1.6 
GHz, 1.8 GHz and a memory of 8G. Chang et al. (2020) 
obtains the conclusion that when the number of sensors is 
no less than 15 pairs, the CS reconstruction success rate can 
reach 100%. Therefore, we use 15 pairs of sensors to locate 
the corrosion. 

In order to verify the localization effect of the methods 
at different positions, corrosion is placed at coordinates (7 
cm, 8 cm) and (13 cm, 12 cm) of the monitoring area, 
where is called corrosion 1 and corrosion 2, as shown in 
Fig. 3. First, the monitoring area is discretized and divided 
into 40 × 40 equidistant grids, 15 pairs of sensors are 
arranged on both sides. Fig. 4 shows the sensors layout, ray 
distribution and corrosion position in the simulation. The 
yellow grid area in the figure represents the location where 
corrosion occurs. 

According to the dispersion characteristics of lamb 
wave, the velocity of lamb wave in undamaged state 
(thickness 0.3 cm) is obtained and travel time vector T0 is 
calculated. Assuming that the thickness of the corrosion 
location is 0.2 cm, travel time vector T1 under the corrosion 
condition is calculated, and the travel time difference signal 
ΔT´ can be obtained. According to the method described in 
Section 2, the distance matrix L can be obtained. 

We used LWT method, CS-based tomography method 
and BCS-based tomography method respectively to locate 
corrosion 1 and corrosion 2 in the absence of noise. Fig. 5 
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shows the simulation imaging results of corrosion 1 by the 
three methods. And Fig. 6 shows the simulation imaging 
results of corrosion 2 by the three methods. 

From Fig. 5 and Fig. 6, the center coordinates of grids in 
which the pixels are significantly higher than the 

 
 

 
 

 
 

 
 

undamaged portion are found, and the average values of the 
horizontal and vertical coordinates are calculated, thereby 
the coordinates of the damage center position can be 
obtained. Table 1 summarizes the localization results, 
localization errors and running time of those three methods. 

 
(a) Corrosion 1 (b) Corrosion 2 

Fig. 3 Schematic diagram of monitoring area and corrosion location 

  
(a) Corrosion 1 (b) Corrosion 2 

Fig. 4 Sensor layout, ray distribution and corrosion position in the simulation 

 
(a) Image by LWT method (b) Image by CS-based tomography method (c) Image by BCS-based tomography method

Fig. 5 Simulation imaging results of corrosion 1 without noise 

 
(a) Image by LWT method (b) Image by CS-based tomography method (c) Image by BCS-based tomography method

Fig. 6 Simulation imaging results of corrosion 2 without noise 
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From the results, LWT method cannot clearly image the 

corrosions, and its localization error is big. Both CS-based 
tomography and BCS-based tomography can accurately 
locate the corrosions and display the corrosions shape. 
Actually, the entire monitoring area is basically covered by 
rays under 15 pairs of sensors, so corrosion can be 
accurately located anywhere within the monitoring area by 
the both methods. In terms of imaging speed, LWT has the 
longest imaging time, the BCS-based tomography has the 
shortest imaging time, and BCS-based tomography is 
significantly faster than CS-based tomography. 

 
5.2 corrosion localization simulation with noise 
 
In actual environment, the measurement signal often 

contains noise. Therefore, for corrosion1 we add Gaussian 
noise with SNR of 10, 20, 30, 40 to the measured signal ΔT, 
and then use the three methods to reconstruct the slowness 
difference ΔS to achieve the location of corrosion 
respectively. 

Figs. 7, 8, 9, 10 show the corrosion images obtained by 
the three reconstruction methods under different SNR. Table 
2 summarizes the localization results, localization errors 

 
 
 
 

 
 

 
 

and running time of those three methods with different 
SNR. According to the simulation results, the LWT has poor 
imaging effect, it is difficult to accurately display the 
corrosion location and sharp, and it takes the longest time. 
The image of CS-based tomography has artifacts, and the 
artifacts which affect imaging effect increase gradually as 
the SNR decreases. In addition, CS-based tomography has a 
long running time. Compare with the two imaging methods, 
the new proposed BCS-based tomography is less affected 
by noise, has better image quality, fewer artifacts, can 
accurately display the location and shape of corrosion, and 
has the shortest imaging time. 

Through the simulation, we can obtain the following 
conclusion: Although the image quality of BCS-based 
tomography is slightly inferior to CS-based tomography in 
the absence of noise, it does not affect the display of 
corrosion shape and position. Further, BCS-based 
tomography has fewer artifacts and faster localization speed 
than CS-based tomography in noisy environments. There is 
noise in practical engineering application, so the BCS-based 
tomography has a greater application prospect. 

 
 
 
 
 
 

 
 

Table 1 Localization results of corrosion simulation without noise 

 
LWT method CS-based tomography method BCS-based tomography method 

Localization 
results (cm) 

Error 
(cm) 

Running 
time (s) 

Localization 
results (cm) 

Error
(cm)

Running
time (s) 

Localization 
results (cm) 

Error
(cm)

Running 
time (s) 

Corrosion 1 (9.82,10.95) 3.35 2.248 (13.00,12.00) 0 1.961 (12.95,12.00) 0.05 0.204 
Corrosion 2 (9.51,9.95) 3.18 2.171 (7.00,8.00) 0 1.692 (6.96,7.95) 0.06 0.183 

 

 
(a) Image by LWT method (b) Image by CS-based tomography method (c) Image by BCS-based tomography method

Fig. 7 Simulation imaging results under the SNR is 10

 
(a) Image by LWT method (b) Image by CS-based tomography method (c) Image by BCS-based tomography method

Fig. 8 Simulation imaging results under the SNR is 20

317



 
Zengnian Xin and Ming Chang 

 

 
 

 
 

 
 

6. Experimental verification 
 
6.1 Experimental setup 
 
According to simulation analysis, we use a square 2024 

aviation aluminum alloy with a thickness of 0.3 cm and an 
overall structure of 50 cm in length for verification 
experiments. 15 pairs of piezoelectric sensors are arranged 
on both sides of the monitoring area to monitor the area of 
200 mm × 200 mm in the aluminum plate. The corrosion 
point with a diameter of 3cm is artificially manufactured in 
the upper right corner of the monitoring area. The schematic 
diagram of the experimental monitoring area and the 
corrosion position is shown in Fig. 11. Experiment uses 
multi-channel scanning system developed by author’s 
research group to generate excitation signals and receive 
signals. The instruments and specimen used in the 
experiment are shown in Fig. 12. The multi-channel 
scanning system has a dual CPU with frequency of 2.2 
GHz, 1.8 GHz. a memory of 8 G. 

 
 

 
 

 
 

 
 
6.2 Experimental signal 
 
The propagation of lamb waves in aluminum plates is 

complicated, which reflect the characteristics of dispersion. 
In addition, the lamb wave of each frequency contains 
symmetric and antisymmetric modes, so the final lamb 
wave sensing signal that can be obtained will reflect the 
result of dispersion and multi-mode superposition. In this 
experiment, a 0.3 cm thick 2024 aviation aluminum plate 
was selected. According to the parameters of the aluminum 
plate, the dispersion curve of the group velocity of each 
mode lamb wave in the aluminum plate with the frequency-
thickness product was calculated, as shown in Fig. 13. 

It can be seen from the figure that in the range where the 
frequency-thickness product is less than 600 KHz·mm, only 
the A0 mode and S0 mode exist. In this range, the group 
velocity of the A0 mode and the S0 mode are quite different, 
so it is easy to distinguish and extract the two modes. 
Moreover, the group velocity of mode A0 is more sensitive 
to the change of plate thickness, which is conducive to the 
identification of defects. Therefore, the center frequency of 

 
(a) Image by LWT method (b) Image by CS-based tomography method (c) Image by BCS-based tomography method

Fig. 9 Simulation imaging results under the SNR is 30

(a) Image by LWT method (b) Image by CS-based tomography method (c) Image by BCS-based tomography method

Fig. 10 Simulation imaging results under the SNR is 40

Table 2 localization results of corrosion simulation with noise 

SNR 
LWT method CS-based tomography method BCS-based tomography method 

Localization 
results (cm) 

Error 
(cm) 

Running 
time (s) 

Localization
results (cm) 

Error 
(cm) 

Running 
time (s) 

Localization 
results (cm) 

Error 
(cm) 

Running 
time (s) 

10 inapplicability — 2.815 (11.52,11.01) 1.74 2.216 (12.84, 11.79) 0.26 0.591 
20 inapplicability — 2.615 (12.08,11.50) 1.05 2.176 (12.89, 11.90) 0.15 0.448 
30 inapplicability — 2.819 (12.81,11.82) 0.26 2.463 (12.94, 12.00) 0.06 0.175 
40 inapplicability — 2.716 (12.97,11.95) 0.06 2.519 (12.93, 12.00) 0.06 0.180 
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Fig. 11 Schematic diagram of experimental monitoring area,

sensor layout and corrosion 
 
 

Fig. 12 Instruments in the monitoring experiment
 
 

 
Fig. 13 Dispersion curve of lamb wave in aluminum plate

 
 

excitation signal in this experiment is chose to be 60 kHz, 
and the lamb wave arrival time is determined by the travel 
time of the group velocity of the A0 mode at 60 kHz. 

 
6.3 Calculation of lamb wave arrival time 
 
The excitation signal selected in this experiment is a 

five-cycle-modified sine wave with a center frequency of 60 
kHz. The sampling frequency is set to 10 M/s, and the 
sampling length is 5000 data points. 

An adaptive threshold method is used to extract the 
lamb wave travel time. The threshold value is the product of 
adaptive coefficient c and the amplitude of the secondary 
peak Vp, that is c·Vp. The threshold value c·Vp is required to 
be greater than the peak amplitude before the secondary 
peak. In this experiment, the value of coefficient c is 0.6, 
that is mean that the starting point is 60% of the secondary 
peak in rise stage of the excitation signal, and the end point 
is 60% of the secondary peak in rise stage of the sensing 
signal. The time difference between the two points is the 

Fig. 14 Schematic diagram of calculation of lamb wave 
arrival time

 
 

Fig. 15 Aluminum plate during and after corrosion
 
 

Fig. 16 Three different severity of corrosion damage
 
 

required travel time T. Fig. 14 is a schematic diagram of the 
excitation signal, the sensing signal and the adaptive 
threshold method. 

 
6.4 Experimental process 
 
First, under the condition of no damage, 225(15×15) 

excitation sensing routes are generated, and the travel time 
T0 of the lamb wave under the condition of no damage is 
calculated. Next, artificial corrosion is produced. Here, 
corrosion is produced by a chemical reaction between a 
hydrochloric acid solution and metal aluminum. we use 
glass glue to fix the 3 cm diameter Polypropylene-Random 
(PPR) tube at the position to be corroded on the aluminum 
plate. After the glass glue is cured, hydrochloric acid is 
added to the tube, and the hydrochloric acid reacts with the 
aluminum plate for corrosion. Fig. 15 shows the aluminum 
plate during and after corrosion. After the corrosion is 
made, the PACSCAN ultrasonic c-scan is used to measure 
the corrosion depth. In this experiment, the same position 
on the aluminum plate was corroded three times, and three 
corrosion damages with different corrosion depths were 
formed at different stages, marked as “Damage 1”, 
“Damage 2”, and “Damage 3”, as shown in Fig. 16. The 
depths of the three corrosions measured by the ultrasonic c-
scan system are 0.011 cm, 0.041 cm and 0.059 cm, 
respectively. 

We can obtain Tcorrosion1, Tcorrosion2, and Tcorrosion3 by 
measure the travel time of the A0 mode of lamb wave in 
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different corrosion stages. Using these data to subtract the 
travel time T0 of the lamb wave A0 mode in non-damage 
environment, the travel time difference vector ΔT1ʹ, ΔT2ʹ 
and ΔT3ʹ can be obtained. Substituting the travel time 
difference ΔTʹ, measurement matrix Φ and distance matrix 
L into Eq. (26), and the slowness difference ΔS is obtained 
by BCS reconstructing algorithm, whose nonzero elements 
represent where the corrosion occurs. 

 
 
 
 

 
 

 
 

 
 
6.5 Results and discussion 
 
6.5.1 Experimental results 
LWT, CS-based tomography and BCS-based 

tomography are used to localize the corrosion at those three 
different corrosion stages of aluminum plates respectively. 
Figs. 17, 18 and 19 are the corrosion imaging results of the 
three reconstruction methods. The red circle in those figures 
are the actual location and shape of corrosion. Among the 
three methods, the imaging results of LWT method are 

 
 

 
(a) Reconstructed image of Damage 1 (b) Reconstructed image of Damage 2 (c) Reconstructed image of Damage 3

Fig. 17 Corrosion damage imaging by LWT method

 
(a) Reconstructed image of Damage 1 (b) Reconstructed image of Damage 2 (c) Reconstructed image of Damage 3

Fig. 18 Corrosion damage imaging by CS-based tomography method 

 
(a) Reconstructed image of Damage 1 (b) Reconstructed image of Damage 2 (c) Reconstructed image of Damage 3

Fig. 19 Corrosion damage imaging by BCS-based tomography method 

Table 3 Localization results with real corrosion location of (13.00 cm, 12.00 cm) 

 
LWT method CS-based tomography method BCS-based tomography method 

Localization 
results (cm) 

Error 
(cm) 

Running 
time (s) 

Localization 
results (cm) 

Error 
(cm) 

Running
time (s) 

Localization 
results (cm) 

Error 
(cm) 

Running
time (s)

Damage 1 inapplicability — 2.975 (12.10,11.49) 1.03 2.437 (12.90,12.13) 0.16 0.432 
Damage 2 inapplicability — 3.024 (12.28,11.54) 0.85 2.501 (12.89,12.13) 0.17 0.511 
Damage 3 inapplicability — 3.105 (12.04,11.42) 1.12 2.615 (12.89,12.13) 0.17 0.623 
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relatively fuzzy, the location and shape of the corrosion 
cannot be accurately located. CS-based tomography method 
can monitor the corrosion from location, shape and depth, 
but the imaging effect is not good which have many 
artifacts. BCS-based tomography method can monitor the 
corrosion from location, shape and depth, and the imaging 
result have fewer artifacts that make the images have higher 
recognition. Table 3 shows the corrosion positioning results 
and the running time of the three methods. According to the 
experimental results, BCS-based tomography method has 
the best localization effect and the shortest localization 
time. 

 
6.5.2 Discussion 
BCS-based tomography method can achieve accurate 

corrosion localization with fewer sensors, and the corrosion 
imaging has fewer artifacts and shorter imaging time. These 
make the BCS-based tomographic method more 
advantageous than the traditional LWT method and CS-
based tomographic method in aircraft corrosion structure 
monitoring. 

Although BCS-based tomographic method has many 
advantages, it is important to note that the new method is 
performed under the premise that the ambient noise obeys 
Gaussian distribution. The aircraft flight environment is 
complex and changeable. Although most of the noise is 
Gaussian noise, it may be accompanied by other forms of 
uncertain noise for a certain period of time, which will 
affect the diagnosis of the new method. Therefore, when 
using BCS-based tomography method for aircraft structural 
corrosion monitoring, it is necessary to make multiple 
measurements at certain interval. 

 
 

7. Conclusions 
 
In order to optimize the existing LWT method, on the 

basis of CS-based tomographic, this paper proposes a BCS-
based tomographic method for aircraft structural corrosion 
monitoring. The new proposed method uses Bayesian 
compressive sensing to position the corrosion of structure, 
which reduces the number of sensors and the image 
artifacts. Both simulation and experimental study on the 
method are carried out. The result shows that the new 
method can locate corrosion and diagnose the different 
corrosion depths of aluminum plate. Furthermore, the 
imaging quality and imaging time of the new method are 
improved compared with the traditional LWT and CS-based 
tomographic, which are conducive to the corrosion 
monitoring of aircraft structures. 
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