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ABSTRACT

Active strategies for structural health monitoring using ultrasonic guided waves mainly deal with
excitation signals that are band-limited in order to minimize the effect of dispersion. The underlying
idea is to activate only the fundamental wave-modes so that the signal complexity decreases. However,
it would be advantageous to increase the temporal resolution of the signal in order to enhance the
performance of the post-processing algorithms.

This paper suggests a new technique that deconvolves narrowband and non-stationary ultrasonic
signals by means of a time-varying inverse Filter. The filter is realized through the application of the
matching pursuit decomposition algorithm. As a result one attains ultrasonic signals where the
waveforms have a significantly smaller temporal extent compared to the original signals, resulting in a
much higher resolution. After automatically deconvolving the ultrasonic signals they are applied on the
time-difference-of-arrival (TDOA) and time-of-arrival (TOA) imaging algorithms. It can be observed
from the images that the point spread function becomes significantly smaller. Thus, it can be possible
in the future to image not only the correct position of the damage but also the size and in case of a
crack the corresponding orientation.

INTRODUCTION

Permanently mounted sensors arranged as a spatially distributed sensor network are being
considered for monitoring the integrity of structural components like a fuselage section of an aircraft or
a rotor blade of a wind energy plant. In contrast to non-destructive testing (NDT) approaches, where
the sensors are normally not permanently fixed, baseline measurements become available. Subsequent
deviations from these reference measurements can be either referred to structural degradation,
changing environmental and operational conditions (e.g. temperature, vibrations) or sensor faults. In
this study it is assumed that the changing conditions can be controlled either by temperature
compensation [1, 2] or filtering strategies [3] and that the piezoelectric sensors are intact.

The strategy in this paper is to use ultrasonic guided waves that are emitted from piezoelectric
actuators. Once initiated, they travel across the structure and interact with different types of defects like
holes, delaminations etc. An important characteristic of these waves is dispersion, which means that the
wave velocity is a function of frequency and thickness of the material. Because of that it is not possible
to use a broad-band impulse excitation signal that gets heavily distorted while propagating across the
structure. However, this kind of excitation signal would be desirable, because it has minimum temporal
extent and thus maximum resolution. Instead of an impulse, it is a common strategy to use band-
limited excitation signals in the lower fd-range to activate only the fundamental wave modes.

In this paper a narrow-band excitation is used to simulate wave propagation with the spectral
element method in an isotropic plate [4]. The resulting sensor signals are recorded by a sparse number
of piezoelectric sensors aligned in a spatially distributed sensor network. In order to receive as
much information about the defect as possible the common source technique is used to record
signals from all possible actuator-sensor combinations. The signals are automatically processed
with the time-varying inverse filter to transform them to broad-band and highly resolved signals (see
reference [5]). Subsequently, these signals are used in the time-of-arrival and time-difference-of-arrival
algorithms in order to determine the damage position tomographically.



SIGNAL PROCESSING TECHNIQUES
TIME-INVARIANT WIENER FILTER

Figure 1 schematically shows the convolution process to get the non-stationary sensor signal s().
First, an initial toneburst signal sy(?) starting at /=0 is convolved with a reflectivity function g(#). The

reflectivity function symbolically shows structural reflectors like boundaries or stringers. Then noise
n(t) is added to the convolved signal to get the final echo signal s(z).
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Figure 1: Schematic visualization of the convolution process

Mathematically, the convolution can be expressed in time domain as
$o() * g(1) +n(t) = 5(2). (D

Transforming this relationship into the Fourier domain results in an equivalent expression where the
convolution operation (*) is replaced by a multiplication:

So(NG(H+N(f)=S8(f) 2)
Equation (2) can be rearranged to get the final Wiener filter solution W(f)
6N =W(HS(=——L s (). ()
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In this equation Sy*(f) denotes the complex conjugate of Sy(f) and W(f) the Wiener filter. Py(f) and
Pq(f) are the power spectral densities of noise and reflectivity function, respectively. The latter can be
iteratively estimated for the optimal Wiener filter as proposed in [6]. The solution for the Wiener Filter
simplifies to the inverse filter when Py(f) tends to zero. In this case G(f) can be calculated via

1
So(f)

The inverse Fourier transform yields the desired time domain reflectivity function g(?).

G()=

S(f). 4

MATCHING PURSUIT DECOMPOSITION ALGORITHM

The Matching Pursuit (MP-) algorithm has been originally introduced by MALLAT AND ZHANG [7]
and successfully applied in structural health monitoring by different researchers [8-11]. It decomposes
a signal into a linear combination of analytical functions (so-called atoms) that are selected from a
redundant database of atoms which is termed dictionary. The atom from the dictionary that matches the
signal best is selected for reconstruction. The algorithm terminates automatically when the signal
energy of the residuum after # iterations r,+;(2) falls below a pre-defined threshold of e.g. 5% of the
original signal energy or when the maximum number of iterations are exceeded. Mathematically, this
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iterative procedure can be written in the following five steps, where the residuum ry(?) equals the
sensor signal s(?) in the first iteration:

Step 1: Create a dictionary D using Gabor atoms y¢ (see equation (8)).

Step 2: Select the best match between each atom of the dictionary y,,() and the residuum 7,(?) in
iteration n by means of the highest absolute correlation.

(r,(0).3,,®) (5)

V., =argmax
' Ym€D

Step 3: Subtract the atom y,, , which is the best match in iteration » with the residuum 7,(?).

iy =1, (O~ (1,0, 3,,0) ¥,., (6)

Step 4: Add this signal to the reconstruction s ’(%).
$'O)1 =5, O+(1,0.3,, ) 3, (7)
Step 5: Repeat steps 2 — 5 until either the pre-defined threshold or the maximum number of iterations

is reached.

Here, the m-th Gabor atom with the four parameters [s,, t, ©m, @] 1s defined similar to [8] as

L 7“[::@ o, o
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where s, represents a scaling parameter, u,, the time center, w,, the angular frequency and ¢,, the phase.

The design of the dictionary is a compromise between computational efficiency and reconstruction
accuracy. Compared to other implementations the size of the dictionary is relatively sparse and special
attention is put on the reconstruction of the primary waveform because this part of the waveform
represents the first interaction with damage. In case of active excitation, the dictionary can be chosen
with the knowledge about the excitation signal. Thus, the angular frequency matches the center
frequency of the actuator wavelet. The parameter interval of s and u is discretized using a reasonable
choice with respect to the shape of the actuator pulse. In contrast to the parameters s and u, which are
adapted by the highest absolute correlation, ¢ is optimized a posteriori during the iterations. A
statistical post-processing technique has been applied to reject all these MP-reconstructions that have
amplitudes smaller than one percent of adjacent peaks. The distance of adjacent peaks is defined by
plus-minus half of the duration of the actuator wavelet. This step is important to avoid over-fitting.

The matching pursuit decomposition algorithm reconstructs an ultrasonic signal adaptively and
rejects additive noise. Thus, it has inherent filtering properties. Moreover, each atom consists of only a
few parameters. By storing these parameters instead of all sample points memory can be saved which
is particularly important for energy harvesting in wireless communication systems [12, 13].

TIME-VARYING INVERSE FILTER

This section introduces the design of a time-variant inverse filter that uses the matching pursuit
algorithm to provide noise-free representations of the original ultrasonic signal. The noise-free
assumption allows to use equation (4) for the inverse Filter instead of the Wiener solution of equation
(3). Based on the previous section the reflectivity function can be calculated as the sum of N individual
reflectivity functions Gi(f). Here, N is the number of iterations in the matching pursuit before it
terminates.
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In this equation Sy.(f) and Si(f) represent the Fourier transforms of the A-th atom with the difference
that the time origin of Sy(f) is at t=0. It can be concluded that both spectra have the same amplitude
but a different phase spectrum. However, the spectral division locates the spike according to the
temporal position of the atom. The absolute value of g(?) has been chosen without loss of generality
(compare the absolute value of the Hilbert envelope). With the aid of this operation negative
interferences during the imaging procedure can be avoided.

g0 =2 IFFT{G,(N)}| =2 IFFT{ Sk<f)} )

LOCALIZATION ALGORITHMS

The time-of-arrival (TOA) and the time-difference-of-arrival (TDOA) algorithms have been used
in the literature for damage visualization. In this paper only the time-of-arrival approach will be
introduced mathematically. The reader is forwarded to [14] for a theoretical introduction of the TDOA
algorithm. Both techniques are based on differential signals between pristine and damaged structure.
The advantage of using differential signals compared to other localization strategies is the fact that
reflections from structural boundaries and direct arrivals are eliminated. Thus, the differential signal
contains information about the wave-damage interaction only. Challenging tasks are the
synchronization of the measurement equipment and the compensation of the temperature effect [1].

Figure 2 shows the geometric relationships of the time-of-arrival algorithm. The intensity value
Ip(x,y) at the image position P(x,y) is extracted from the differential signal. This value corresponds to a
travel time #; of the wave from the actuator i across the position P(x,y) to the sensor position j. Based
on a constant group velocity cg, the travel time #; can be determined by:

1 1 2, 2 2, 2
(dl-P+de)=g( 32+ +\/xj+yj) (10)
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Based on #; the intensity /p(x,y) can be calculated for all actuator-sensor combinations via

IP(x,y):MZ_:l % el-j(tij(x,y)). (11)

i=1 j=i+l

In this equation e; denotes the differential signal between the actuator-sensor pair i-j. The double
sum in equation (11) contains the information of the common-source technique while the number of
sensor is represented by M. In practical applications not the radio-frequency but the envelope-detected
signals are used in order to avoid local interferences [15]. In this paper the differential signal e; is
processed with the Hilbert envelope as well as the proposed time-varying inverse filter.

P (x,p)

Figure 2: Geometric relationships of the time-of-arrival algorithm
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Figure 3: Illustration of the exponential windowing; the influence of secondary
reflections decrease through the weighting

In [15] an exponential window w() has been introduced in order to weight secondary reflections of
the signal. Mathematically, this windowing function is defined as

(1)

wt)=e ¢ (12)

In this formula #) represents the onset-time of the differential signal that can be detected automatically
by means of an energy-based algorithm [16]. As a result, the weighting function is one at #) and decays
exponentially with the decay rate ¢. Figure 3 illustrates the weighting with a radio-frequency signal.
The original differential signal contains many secondary reflections. Applying the onset-time
estimation algorithm the beginning of the signal can be extracted automatically. Multiplying the
windowing function using a decay rate of e=2-10" with the original differential signal the influence of
secondary reflections decrease.

EXPERIMENTAL SETUP

The spectral element method has been used in this study to simulate wave propagation in an
aluminum plate. [sotropic material properties have been chosen because the tomography algorithms are
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Figure 4: Experimental setup



not able so far to deal with anisotropy like other damage localization formulations [17, 18]. The
dimension of the plate is 600mm x 600mm x 1.5mm (see Figure 4). Nine piezoelectric sensors are
arranged across the plate and the sensor coordinates are listed in Table 1. A 3-cycle Hann-windowed
toneburst with 100kHz center frequency is used for excitation. The Sp-mode has been chosen in this
study exclusively, because the wave-velocity is higher compared to the Ap-mode. Consequently, the
first waveform in the differential signal comes from the Sp-mode that has a wave velocity at this
frequency-thickness product of 5409m/s. Damage has been modeled by reducing the stiffness of a
single 10mm by 10mm element of twenty percent. The damage coordinates are listed in Table 2.

RESULTS

Figure 5 shows two exemplary actuator-sensor combinations, the appropriate MP-reconstruction
and the corresponding deconvolution. It can be seen from this figure that the onset-time of each time-
trace can be reconstructed precisely. Moreover, the temporal resolution can be improved significantly.
The properties of the matching pursuit algorithm allow to approximate the number of physical
waveforms in the sensor signal, because the sensor signal represents a superposition of time-delayed
and phase-shifted actuator wavelets. Unfortunately, it is not possible to guarantee that the correct
number of waveforms is reconstructed.
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Figure 5: Improved temporal resolution of the differential signal by means of time-
varying inverse filtering for actuator-sensor pair 6-3 (top) and 6-9 (bottom)

Applying the processed signals directly to the visualization routines seems to be impractical for
two reasons: The first reason refers to the procedure how the damage map is constructed. Therefore,
the plate is discretized equidistantly in x- and y-direction with a certain spatial resolution. In order to
assign a value to a pixel position the resolution must be incredibly high to avoid spatial aliasing. The
second problem refers to inaccuracies in reconstructing the onset-times of the time-traces and
uncertainties in the underlying wave velocities. In order to solve both problems and to design the
method more robust a Gaussian window with the standard deviation o is centered on the peak positions
while keeping the original amplitudes (see Figure 6). Thus, each peak gets a certain temporal
dimension, where the highest damage probability remains at the peak position.

Figure 7 shows damage maps for the time-of-arrival and time-difference-of-arrival algorithms for a
single actuator-sensor pair and a single actuator-sensor-sensor pair, respectively. It can be concluded
that the ellipse curve of the TOA algorithm crosses the actual damage position for both, the envelope-
detected and the deconvolved signals. The same behavior can be observed in the TDOA-images.
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Figure 6: Deconvolved signal with Gaussian window centered on the peak position

Consequently, it is plausible that the image quality by fusing all possible actuator-sensor combinations
is higher for the deconvolved signals. As a result of the high-resolution TOA-image of Figure 7 a
relationship to the ellipse method can be derived [19]: In contrast to the proposed visualization
strategy, where pixel-intensities from a spatial grid are calculated, the ellipse method determines a
single curve for each actuator-sensor pair. The damage position is expected to be at those points where
different ellipses intersect with the highest density [20]. In ultrasonic tomography the information
about the damage location is already included by summing all individual images. Thus, a statistical
post-processing is not necessary.
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Figure 7: Damage maps constructed by the TOA-Algorithm for a single actuator-sensor
pair: Envelope-detected signal (top left) and deconvolved signal (bottom left); Damage
maps using the TDOA-Algorithm for a single actuator-sensor-sensor combination:
Envelope-detected signal (top right) and deconvolved signal (bottom right)



In a next step, all actuator-sensor combinations have been evaluated for 6=25, =10 and o=35. It
can be observed from Figure 8 that the TOA algorithm is able to determine the actual damage position
with the envelope-detected signals. By choosing the deconvolved signals with the Gaussian
modifications the point spread function becomes much smaller compared to the reference case.
Unfortunately, the position of the damage is slightly shifted. However, the goal of visualizing a point-
like scatterer has been achieved by de-blurring the reference damage map that has been constructed by
the envelope-detected differential signals. Thus, for future studies, it seems to be possible to image not
only the correct position of the damage but also the size and in case of a crack the corresponding
orientation.

The improvement of resolution (especially for c=5 and 6=10) can be seen via horizontal and
vertical cross-sections through the point spread function of the fused images (see Figure 9). The slope
of the images with the deconvolved signals is much higher compared to the reference image. Similar
results are generated by the TDOA algorithm. Due to lack of space these are not shown here in this

paper.
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Figure 8: TOA images for all actuator-sensor combinations — Envelope-detected signals (top
left), deconvolved signals with 6=25 (top right), =10 (bottom left), =5 (bottom right)
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Figure 9: Horizontal and vertical cross-sections through the damage maps of Figure 8

CONCLUSION

The results shown here indicate that the quality of damage localization can be enhanced through
the application of a time-varying inverse filter. As a result of the deconvolution procedure the temporal
extent of the sensor signal decreases which results in much higher temporal resolution compared to
standard envelope-detected signals. Applying the processed signals to the time-of-arrival and time-
difference-of-arrival algorithms improves the shape of the point-spread function and deblures the
damage map. Furthermore, an automated procedure has been implemented to weight secondary
reflections through an exponential window.

In the future, the proposed methodology will be applied to experimental data from an isotropic
plate in order to image the orientation of a crack and to size the defect. Furthermore, it is possible to
use this signal-processing technique for damage localization in anisotropic structures.
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