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In order to ensure the safety of composite components, structural health monitoring is needed to detect structural performance in
real-time at the early stage of damage occurred. This is difficult to detect complex components with single sensor detection
technology, so that ultrasonic phased array technology using multisensor detection will be selected. Ultrasonic phased array
technology can scan the structure in all directions and angles without moving or less moving the probe and becomes the first
choice of structural health monitoring. However, a large amount of data will be generated when using ultrasonic phased array
with Nyquist sampling theorem for structural health monitoring and is difficult to storage, transmission, and processing.
Besides, traditional Nyquist sampling cannot satisfy the sampling of large amounts of data without distortion, so a more efficient
acquisition technique must be chosen. Compressive sensing theory can ensure that if the signal is sparse, it can be sampled in
low sampling rate which is much less than two times of the sampling rate as defined by Nyquist sampling theorem for a large
number of data and reconstructed in high probability. Then, the experiment result indicated that the orthogonal matching
pursuit algorithm can reconstruct the signal completely and accurately.

1. Introduction

Structural health monitoring is an important technology
on the performance of structure and damage of detection
[1, 2]. It uses the sensor technology and advanced signal
processing method, in the early time when structural damage
occurred, for real-time monitoring of response of the
detected structure and properties of the target system. Then,
the structure damage can be identified timely and accu-
rately. Along with the continuous development of aviation
and aerospace, aircraft structure design is ever-changing.
The application requirement of aircraft material, which is
light and effective, is also increased dramatically. So the
composite materials with the characteristics of light mass

and high strength are widely used in the fields of aviation
and aerospace. However, in the forming process of the com-
posites, the damages like defects of crack, doping, air bubble,
and so on are greatly influenced by the difference of the
manufacturing process and the influence of various artificial
factors. In order to ensure the safety of the performance of
the composite products, it is essential to use the efficient
structural monitoring technology—the ultrasonic phased
array technology.

With its flexible beam deflection and strong focusing
performance, ultrasonic phased array technology attracted
the attention of researchers [3–5]. Ultrasonic phased array
can achieve the high efficiency detection of the structure
by using the orderly stack of sound beam emitted from each
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array element and is significant for structural health moni-
toring. Ultrasonic phased array transducer is designed
based on the Huygens-Fresnel principle. The transducer is
composed of a plurality of mutually independent piezoelec-
tric wafers in an array. Each piezoelectric wafer is referred
as a unit. When multiple independent piezoelectric wafers
are arranged by certain shape and size, in order to transmit
the signal, the ultrasonic signal superimposed by each unit
in the array forms a new wavefront. In the receiving process
of the reflected wave, the receiving of the receiver is con-
trolled by a certain rule and time sequence, and the signal
synthesis is carried out, and then the synthesis result is
displayed in an appropriate form. Compared with the tradi-
tional single sensor detecting, the beam scanning of ultra-
sonic phased array is flexible, the detection speed is faster,
the resolution is higher, and the detection of complex parts
is more suitable. In recent years, the research of ultrasonic
phased array detection has been developed both at home
and abroad [6–9]. The advanced ultrasonic phased array
is also used in testing equipment in the field of aviation
and space. However, a large amount of data will be pro-
duced when monitoring the composite structure real-time
and online by the use of ultrasonic phased array technology
with Nyquist sampling theorem, which not only needs
complicated processing of the data but also needs higher
requirements for the acquisition system to complete the
data collection.

Compressive sensing (CS) pointed out that as long as
the signal is sparse, it can complete the signal acquisition
with the much lower sampling rate than the traditional
Nyquist sampling theorem [10, 11]. At first, a suitable
orthogonal sparse transform basis will be chosen to reduce
the number of nonzero values in the sparse coefficient
vector in order to get the signal sparse representation. Sec-
ondly, in order to achieve a high probability of recovering
the original signal, it is necessary to construct a projection
observation matrix to make a projection transform for the
signal. During this process, the matrix must not be related
to the sparse transform basis and need to meet the
restricted isometry property at the same time. Finally, a
reconstruction algorithm which has high stability, low
computational complexity, and high reconstruction preci-
sion is designed. The theory can alleviate the pressure
caused by the storage, transmission, and data processing.
Therefore, the proposed reconstruction method based on
orthogonal matching pursuit algorithm of phased array
structural health monitoring signal is a better solution
of the difficulty of dealing with a large amount of data,
in the process of ultrasonic phased array of structural
health monitoring.

2. Compressive Sensing

Compressive sensing is a novel theory of sampling and
reconstructing for sparse signal. The traditional Nyquist
sampling theorem obtains the data by uniform sampling,
and compressive sensing theory can complete the signal
acquisition with inner product operation of signal and obser-
vation matrix. As long as the original signal is sparse in the

time domain or the basis of a certain transform, compressive
sensing technology can collect the signal with lower sampling
rate and reconstruct the signal with high probability. The
sampling method is partly collecting the signal information,
but not the whole signal, so that it can effectively reduce the
complexity of the data. The process of compressive sensing
is shown in Figure 1.

There are three main parts of compressive sensing the-
ory, including sparse representation of signal, projection
observation of measurement matrix, and sparse reconstruc-
tion of signal.

The sparsity of signal is the precondition and founda-
tion of the compressive sensing theory. Thus, the primary
task is the sparse representation of signal. Let ψi

N
i=1 is a

group basis vector of discrete signal space RN of finite
length, and then the signal x ∈ RN can be linear expressed
as follows:

x = 〠
N

i=1
θiψi

or x =ΨΘ,
1

where Ψ = ψ1, ψ2,… , ψN is a transformation matrix with
the size of N ×N . Θ is called the sparse coefficients and is
the transform vector of x in Ψ domain. The sparse coeffi-
cients satisfy the following expression:

Θ =Ψx
or θi ≤ x, ψi ≥ ψT

i x
2

The core of compressive sensing theory is the design of
the measurement matrix, which directly determines whether
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Figure 1: The process of compressive sensing.
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the compressive sensing can be successfully implemented. If
the signal x has sparse representation in an orthogonal trans-
form basis Ψ, the M-dimensional linear projection observa-
tion vector y can be expressed as

y =ΦΘ =ΦΨTx, 3

where Φ ∈ RM×N is a measurement matrix and is not related
to the transform basis Ψ.

Sufficient information about the signal x is included in
these little values, and if Ξ =ΦΨT , (3) can be converted to

y =ΦΨTx = Ξx, 4

where Ξ is the sensing matrix.
Signal reconstruction is the inverse problem relative to

compressed sampling and can reconstruct the signal x from
observational value y. The reconstructed signal can be
obtained by solving (4). The problem is less definite and
has infinitely many solutions. Candes and Tao proved that
the solution of the equation can be solved by solving the min-
imum l0-norm.

min Θ 0 s t  y =ΦΘ =ΦΨTx 5

It is a linear programming problem, and it is also a
convex optimization problem. If the reconstruction error
is taken into account, (5) can be converted to a minimum
l1-norm problem:

min Θ 1 s t   ΦΘ − y 2 ≤ ε 6

3. Reconstruction of Ultrasonic Phased
Array Signal

The phased array signal with continuous amplitude is
collected by piezoelectric sensor array, with the principle of
ultrasonic phased array. The large amount of signal is difficult
to be stored, transmitted, and processed. In order to facilitate
data processing, the phased array signal that has sparse
representation can be obtained, by selecting the appropriate
sparse transform basis to reduce the nonzero values in sparse
coefficient vector.

3.1. Sparse Representation Based on Fourier Transform. In the
sparse representation process of ultrasonic phased array sig-
nal, the signal will be projected onto the orthogonal trans-
form matrix. The commonly used orthogonal transform
basis includes the discrete cosine transform basis, Fourier
transform basis, wavelet basis, and curvelet basis [12–15].

Fourier transform can express a function that satisfies
certain condition as a trigonometric function or a linear
combination of their integration. In different research fields,
it includes continuous Fourier transform, discrete Fourier
transform, and a variety of different Fourier transform forms.

Discrete Fourier transform (DFT) is a method that trans-
forms the finite time domain data into the frequency domain
data [13]. When a discrete time signal xn n = 0, 1,… ,N − 1

with N sequence values is given, the following transform is
the discrete Fourier transform of xn:

Xk = 〠
N−1

n=0
xnexp −j

2πnk
N

, k = 0, 1,… ,N − 1 7

And the inverse transform is the inverse discrete Fourier
transform.

xn =
1
N

〠
N−1

k=0
Xkexp j

2πnk
N

, n = 0, 1,… ,N − 1 8

3.2. Projection Observation of Phased Array Signal. In order
to achieve a high probability of reconstructing the original
signal, compressive sensing needs a projection observation
matrix Φ to complete the projection transform that is not
related to sparse transform basis Ψ and satisfies the restricted
isometry property. Recently, there are some measurement
matrices that satisfy the restricted isometry principle, includ-
ing the Gauss random matrix, Bernoulli random matrix,
Hadamard matrix, Toeplitz matrix, and random Fourier
matrix [16–19]. Although these measurement matrices can
make a high probability of satisfying the restricted isometry
principle, it still has some shortcomings in practical applica-
tion, such as computational complexity and storage diffi-
culty. Gauss matrix is not only related to most fixed
orthogonal basis but also satisfies the restricted isometry
property, so the Gauss matrix can be used as the projection
observation matrix [18, 19]. For the ultrasonic phased array
signal, the Gauss random measurement matrix is multiplied
with the sparse coefficient, and then the observation vector
of the signal can be obtained.

Let the measurement matrix Φ is M ×N , Φ ∈ RM×N , and
the general term can be displayed as follows:

Φ i, j = 1
M

hij 9

Each element of the matrix is independent to the Gaussian
distribution. The mean is 0, and the variance is 1/ M. This
matrix is not related to the vast majority of sparse signals
and requires less measurement values in reconstructing
signal. Gauss random measurement matrix is a very flexible
matrix with the disadvantage of high uncertainty. A signal
with a length of N and a sparse degree of K only needs
M ≥ cK log N/K as measured values to recover the original
signal with high probability, where c is a very small constant.

3.3. Signal Reconstruction Based on Orthogonal Matching
Pursuit Algorithm. The ultimate goal of compressive sensing
theory is to efficiently reconstruct the original signal. And in
signal reconstruction process, it is necessary to find the spars-
est solution of the equation y =ΦΨx. The former compres-
sive sensing reconstruction algorithm is divided into two
categories. One kind of reconstruction algorithm is convex
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optimization algorithm [20]. These algorithms mainly
increase the constraint to obtain the sparsest solution. The
norm bound form is expressed as follows:

min α p, s t  y =ΦΨα, 10

where p ∈ R, α p
p =∑N

i=1 αi
p. The common algorithms

are the base pursuit algorithm (BP) based on the linear
programming and the gradient projection sparse algorithm
(GPSR). The complexity of the algorithm is mostly deter-
mined by the number of iterations required by finding
the right support set. Therefore, the computing speed of
the algorithm is fast, but the need of measurement data is
more and the precision is low. The other kind of recon-
struction algorithm is greedy iterative algorithm [21–23].
This kind of algorithm mainly uses the combination of
local optimization to find the nonzero coefficient to obtain
the original signal. The common algorithms are matching
pursuit algorithm (MP) and orthogonal matching pursuit
algorithm (OMP). The computing speed of the algorithm
is low, but the need of measurement data is less and the
precision is high.

In the process of the reconstruction of phased array
signal, the reconstruction is transformed into a convex
optimization problem with minimum l1-norm, and then
the l1-norm is approximated to a linear programming and
quadratic programming problem.

OMP is an improved algorithm of MP. This algorithm
followed by the MP in the selection of the best atomic criteria
improves the shortage of only guaranteeing the orthogonality
between the residual error and the best atom during the each
iteration. Before the signal projection, OMP will make all
traverse atoms orthogonal and then make projection for the
signal on the orthogonal atomic space. The components
and residual of the signal on the orthogonal atomic space will
be obtained. OMP ensures that the residuals will orthogonal
with the selected atoms after each iteration.

4. Experiment and Results

In the experiment, nine piezoelectric elements in the linear
array are arranged in the composite plate. The diameter
and the thickness of the piezoelectric element are 8mm and
0.48mm, respectively. And the distance between two adja-
cent piezoelectric elements is 12mm. Data collection points
are 1024, and the sampling frequency is fs=1000000Hz.

The whole process makes one array element as a drive
transmitting signal and makes the other eight elements as
sensors to receive the reflection signal. Nine array ele-
ments stimulate the signal in turns, and each degree corre-
sponds to 72 signals. Then, 9 × 8 × 181 signals can be
obtained after monitoring from 0 degrees to 180 degrees
by phased array scanning for composite plate structure.
Here, we selected the data received by array element num-
ber 1 at the direction of 90 degrees which is emitted by
array element number 0, and other degree processing
method is consistent. The waveform of the data in time
domain is shown in Figure 2.
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Figure 2: The original signal in time domain.
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The discrete Fourier transform is used for processing
the received signal, and the sparse representation of the
original signal will be obtained as been shown in Figure 3.
It can be seen from the figure that the sparse coefficient
of the phased array signal after DFT is mostly equal or
close to zero, which is consistent with the feature of the
sparse signal.

Then, we select the sparse signal to complete the projec-
tion observation, where the length of ultrasonic phased array
data is N = 1200, and the number of observations isM = 400.
The result is shown in Figure 4.

Finally, the orthogonal matching pursuit algorithm is
used for signal reconstruction. And the result is shown in
Figure 5. In Figure 5(a), because the reconstructed signal of
the orthogonal matching pursuit algorithm is very close to
the original signal, it is difficult to distinguish in the wave-
form. Therefore, the local waveform is magnified, as shown
in Figure 5(b).

Compared with the original phased array signal, the
reconstructed signal obtained by the orthogonal matching
pursuit algorithm has some differences in the signal wave-
form. In order to more accurately determine the effect of
the reconstruction algorithm, the reconstruction error will
be generated by the numerical display, as shown in
Figure 6. The overall reconstruction error is within 0.15%,
most of which is almost close to zero.

In order to make a clearer comparison of the effectiveness
of the reconstruction algorithm, two reconstruction errors
are used to compare the reconstruction error in a quantita-
tive way.

The absolute error and the relative error are calculated,
respectively.

δ = x1 − x , 11

Δ = x1 − x
x

× 100%, 12

where x1 is the reconstructed signal and x is the original
signal.

Table 1 shows the error comparison of reconstruc-
tion algorithms.

5. Conclusion

The composite plate phased array structural health
monitoring signal reconstruction method based on orthog-
onal matching pursuit algorithm can effectively solve the
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difficulty of data storage and processing, due to the huge
amount of data produced by the ultrasonic phased array.
Firstly, the discrete Fourier transform is used for sparse
representation to reduce the nonzero values of the signal.
Secondly, the Gauss matrix is used for projection observa-
tion to obtain the observations. Thirdly, the orthogonal
matching pursuit algorithm is used for sparse reconstruc-
tion to approximate the original signal. The experiment
shows that the orthogonal matching pursuit algorithm
can be used to reconstruct the phased array signal moni-
tored by the structure of the composite plate in less mis-
takes. In future research, we can choose more optimized
projection observation matrix and more efficient recon-
struction algorithm to reconstruct the ultrasonic phased
array signal more efficiently.
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