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Abstract 7 

Noncontact guided wave array imaging with a scanning laser Doppler vibrometer (SLDV) is an effective 8 

tool to detect and locate defects within a plate-like structure, as it obviates the need for installing, calibrating, 9 

and maintaining a transducer array. However, it requires collecting guided wave signals through scanning 10 

across dense spatial grid points to avoid non-defect artifacts in the array image, which is time-consuming. 11 

In this paper, we present an accelerated noncontact guided wave array imaging method that does not require 12 

dense scanning array while providing defect imaging performance comparable to the dense scanning case. 13 

In our approach, sparse scanning measurements at only a small number of points are carried out first for 14 

fast guide wave data acquisition. Then, dense guided wave array data is reconstructed from these sparse 15 

array measurements using a sparsity-promoting optimization technique, followed by delay-and-sum (DAS) 16 

beamforming to image defects within a test structure. We validate this method with laboratory experiments 17 

on composite plate specimens with multiple defects. The results demonstrate that defects within a composite 18 

plate can be successfully detected and located using sparsely sampled guided wave array measurement data. 19 

Such a significant reduction in the number of required measurement points enables accelerated noncontact 20 

guided wave array imaging.21 
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1. Introduction 22 

 Guided waves are widely employed to inspect confined structures like plates, as they propagate a 23 

long distance with low energy loss [1,2]. Among various guided wave-based nondestructive evaluation 24 

(NDE) and structural health monitoring (SHM) techniques, guided wave array imaging has shown its 25 

effectiveness in defect imaging (i.e. detection and localization) from a large inspection area with limited 26 

access [3–7]. Using a guided wave array, defect imaging is typically carried out by delay-and-sum (DAS)-27 

based beamforming, where a predefined time delays are applied to array elements for excitation and sensing 28 

of guided waves; the measured signals are then summed to create an image in which defects within an 29 

inspection region of the test structure are visualized as high pixel intensities. Post-processing-type DAS 30 

beamforming can also be performed by applying the DAS principle to process a full matrix of guided wave 31 

excitation-sensing array data. In spite of the effectiveness of the guided wave array imaging technique, 32 

technical limitations remain to implement the technique. First, an array of multiple contact-type 33 

piezoelectric transducers such as lead zirconate titanate (PZT) patches are employed, which is time and 34 

labor-consuming to install, calibrate, and maintain. Furthermore, modifying the array configuration is 35 

difficult, once the guided wave array that is adhesively installed on a test structure.  36 

To address these challenges, noncontact guided wave array imaging with a scanning laser Doppler 37 

vibrometer (SLDV) has been proposed in recent studies [8–10]. Taking advantages of the SLDV, 38 

noncontact guided wave array imaging provides significant advantages over the contact-type array imaging 39 

technique. First, array installation is not needed as the guided wave responses are obtained by scanning 40 

measurements with the SLDV, which reduces costs in installation, calibration, and maintenance of 41 

ultrasonic transducers. In addition, high spatial sensing resolution can be achieved as well as flexibility in 42 

array configurations. SLDV-based noncontact guided wave array imaging has been demonstrated 43 

successfully across various engineering materials including metals and carbon fiber-based composites [8,9]. 44 

However, there is still a limitation of the noncontact guided wave array imaging technique that hinders its 45 

wide acceptance in real-world structural inspection. That is, guided wave responses need to be collected 46 



3 

 

across a dense scanning grid points to avoid non-defect artifacts that can lead to false defect indications in 47 

the obtained in the DAS beamforming image. Performing dense scanning measurements is time-consuming, 48 

making it difficult to practically inspect real-world large structures.  49 

 Research efforts have been made to accelerate guided wave scanning measurements using 50 

compressed sensing (CS) techniques [14–18]. In these studies, guided wave responses sparsely collected 51 

across a few pre-defined spatial sensing points are used to reconstruct dense guided wavefield data as if 52 

they were collected from a much denser sensing grid. Assuming that a guided wavefield data can be 53 

represented sparsely with a certain basis, this can be achieved by solving a system of underdetermined 54 

linear equations with a sparsity-promoting optimization technique [19,20]. Considering that the total 55 

number of guided wave signals collected by scanning measurements is linearly proportional to the time 56 

duration for data acquisition, compressed sensing can accelerate scanning measurements of guided waves 57 

significantly. Studies have shown its effectiveness in rapid guided wavefield data acquisition, and near-58 

field defect visualization within a reconstruction grid has been demonstrated [15–17]. However, these 59 

methods aim to visualize defects only within the scanned area (or the reconstruction grid), making it 60 

challenging to inspect a larger area outside the scanned area.  61 

In separate efforts, defect imaging has been carried out using a sparse guided wave array where a 62 

few transducers are loosely distributed over the inspected structure [11–13]. Once guided wave signals are 63 

obtained from all transmit-receive pairs (i.e. sparse array data), defect imaging can be carried out with 64 

various algorithms including DAS imaging [12], multiple signal classification (MUSIC) [13], and sparsity-65 

promoting optimization [11]. Due to the small number of array elements for these techniques, array data 66 

acquisition time can be short while providing a reasonable defect imaging performance. However, the 67 

sparse guided wave array approaches typically require baseline data to extract scattering wave components, 68 

which is not always available in practice. 69 

 In this study, we propose an accelerated noncontact guided wave array imaging approach via CS-70 

based guided wave array data reconstruction. Unlike previous CS studies for guided wavefield imaging that 71 
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are applied to visualize defects within a scanned area only, this study makes use of a CS technique for far-72 

field defect imaging that enables imaging a much larger area than the existing methods. The proposed 73 

approach combines an SLDV-based noncontact sensing, a CS-based data reconstruction, and far-field 74 

defect imaging techniques to accelerate guided wave array data collection while imaging a large inspection 75 

area with limited sensor access at the same time. First, dense noncontact guided wave array data is 76 

reconstructed from a sparsely collected guided wave signal set by solving a CS problem with a sparsity-77 

promoting optimization technique. Then, post-processing-type DAS beamforming is carried out using the 78 

reconstructed array data to image defects within a large inspection area. The proposed approach provides 79 

the following advantages to guided wave array imaging: (1) accelerated noncontact guided wave array 80 

imaging can be achieved while the performance of defect imaging is not meaningfully compromised; (2) 81 

the proposed guided wave array imaging technique does not require baseline data in the defect imaging 82 

process; and (3) the defect imaging performance is robust against the reconstruction error of guided wave 83 

array data. 84 

2. Accelerated noncontact guided wave array imaging  85 

 In this section, the proposed accelerated noncontact guided wave array imaging method is described. 86 

We introduce an overview of the proposed approach, followed by the details of each step of the method. 87 

2.1. Overarch of the proposed accelerated noncontact guided wave array imaging method 88 

 The overview of the proposed accelerated noncontact guided wave array imaging method is 89 

illustrated in Figure 1. In Step 1, a sparse guided wave array data is collected using an SLDV. From a 90 

predefined 2-D spatial sensing grid, guided wave responses are acquired across randomly under-sampled 91 

sensing points. In Figure 1, light green dots represent sparse measurement points and gray dots not 92 

measured points. In Step 2, dense guided wave array data is reconstructed from the sparse array data 93 

acquired in Step 1 with the mixed l12 minimization technique that is a sparsity-promoting optimization 94 



5 

 

technique. In Step 3, DAS beamforming is carried out to create a defect image using the reconstructed 95 

guided wave array data computed in Step 2. 96 

 97 

Figure 1. Overview of the proposed accelerated noncontact guided wave array imaging method. Sparse 98 

guided wave array data is collected using an SLDV. Then, dense guided wave array data is reconstructed 99 

using the collected sparse array data via a sparsity-promoting optimization technique. Finally, a defect 100 

image is computed through DAS beamforming using the reconstructed array data. 101 

2.2. Reconstruction of guided wave array data via sparsity-promoting optimization 102 

 In the theory of compressed sensing, a signal that is sparse in a certain basis can be accurately 103 

reconstructed from a few linear measurements [19,20]. This is applicable to guided wave array data 104 

reconstruction, as a set of guided wave signals can be sparsely represented in various bases such as the 105 

Fourier basis [14] and modal solution-based basis [15]. Here, we propose a guided wave array data 106 

reconstruction technique taking advantages of the sparsity of guided wave array data.  107 

The proposed reconstruction approach is carried out by solving multiple measurement vectors 108 

(MMV) CS problem with a sparsity-promoting optimization technique, as schematically illustrated in 109 

Figure 2. The sparse measurement matrix where 𝒀 ∈ ℝ𝑁×𝑅 can be expressed as 110 

𝒀 = 𝚽𝑿, (1) 

where 𝚽 ∈ ℝ𝑁×𝑀 is the down-sampling matrix that linearly maps 𝒀 and the unknown dense measurement 111 

matrix 𝑿 ∈ ℝ𝑀×𝑅. Here, each row vector 𝑦𝑘
𝑇 ∈ ℝ1×𝑅 , 𝑘 = 1,… ,𝑁 of 𝒀 represents a guided wave signal 112 

collected from a sparse sensing and 𝑥𝑘
𝑇 ∈ ℝ1×𝑅 , 𝑘 = 1,… ,𝑀 of 𝑿 represents a guided wave signal from a 113 

dense sensing point. Assuming that 𝑥𝑘
𝑇 can be sparsely represented with a basis 𝑩 ∈ ℝ𝑀×𝑃, the MMV-CS 114 

problem is formulated as 115 
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𝒀 = 𝚽𝑩𝑨 = 𝚿𝑨, (2) 

where 𝑨 ∈ ℝ𝑃×𝑅 is the basis coefficient matrix that is the sparse representation of the dense measurement 116 

matrix 𝑿. The multiplication of 𝚽 and 𝑩 gives the sensing matrix 𝚿 ∈ ℝ𝑁×𝑃. Note that 𝐴 is row-sparse, 117 

meaning that only a few rows of 𝑨 have non-zero values. In this study, a two-dimensional (2-D) discrete 118 

cosine basis is used as 𝑩 considering it is a simple and universal basis that can be applied to various CS 119 

problems [17]. Also, theoretical guided wave response solutions have sinusoidal terms that are similar in 120 

shape to discrete cosines. 121 

 Once the MMV-CS problem is formulated, the solution 𝐴 is obtained using a sparsity-promoting 122 

optimization technique basis pursuit (BP) that minimizes the mixed l1,2 norm of 𝑨, expressed by 123 

min
𝐴
‖𝑨‖1,2     subject to 𝚿𝑨 = 𝒀, (3) 

where ‖𝑨‖1,2 is given by 124 

‖𝑨‖1,2 =∑‖𝐴𝑗→‖
2

𝑃

𝑗=1

, (4) 

where 𝐴𝑗→ is the jth row vector of 𝑨. To obtain a BP solution 𝐴 for the MMV-CS problem, a well-known 125 

solver SPGL1 [21] is used in this study. Finally, the reconstructed dense guided wave array data 𝑿 is 126 

obtained by matrix multiplication between the basis and BP solution matrices, given by 127 

𝑿 = 𝑩𝑨. (5) 

To obtain a satisfying BP solution, the sensing matrix 𝚿 is required to satisfy the restricted isometry 128 

property (RIP) with the RIP constant smaller than unity [22,23]. This is typically satisfied in practice when 129 

𝚿 is orthonormal. In this study, the orthonormality of 𝚿 is satisfied by performing random sparse sampling 130 

across a dense 2-D scanning grid and using the 2-D discrete cosine basis. 131 
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 132 

Figure 2. Schematic illustration of the guided wave array data reconstruction method. 133 
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2.3. Delay-and-sum beamforming using the reconstructed guided wave array data 134 

 Once dense guided wave array data is reconstructed in Step 2, a defect image 𝐼(𝑥, 𝑦) is computed 135 

using a DAS-based beamforming algorithm. Here, the reconstructed dense guided wave array data 136 

represents receiver phased array data obtained across all the measurement points over the full dense 2-D 137 

scanning grid. A synthetical beam focusing is then carried out to compute 𝐼(𝑥, 𝑦) given by 138 

𝐼(𝑥, 𝑦) = |∑ ℎ𝑟𝑥

𝐾

𝑟𝑥=1

(𝜏𝑟𝑥(𝑥, 𝑦))|, (6) 

where ℎ𝑟𝑥 is the reconstructed guided wave signal for a receiver point (rx), 𝜏𝑟𝑥(𝑥, 𝑦) the time delay applied 139 

to the signal ℎ𝑟𝑥  for synthetical beam focusing on an image pixel at (𝑥, 𝑦), and K the total number of 140 

receivers. 𝜏𝑟𝑥(𝑥, 𝑦) is computed as 141 

𝜏𝑟𝑥(𝑥, 𝑦) =
|√𝑥2 + 𝑦2 +√(𝑥𝑟𝑥 − 𝑥)

2 + (𝑦𝑟𝑥 − 𝑦)
2|

𝑐𝑔
, (7) 

where (𝑥𝑟𝑥 , 𝑦𝑟𝑥) is the position of a receiver when the excitation for guided wave generation is applied at 142 

(0,0), and 𝑐𝑔 is the group velocity of the incident guided wave mode. In the DAS image 𝐼(𝑥, 𝑦), pixels with 143 

a high intensity indicate regions including possible defects.  144 

In this study, the fundamental anti-symmetric (A0) Lamb wave mode is used considering that it is 145 

the dominant guided wave mode at the center frequency of excitation (120 kHz) for the tested composite 146 

laminate sample as well as it is less dispersive across the excitation frequency band.  147 

3. Experimental validation 148 

3.1. Experimental setup 149 

 The proposed accelerated guided wave array imaging method is validated using the guided wave 150 

array data obtained by laboratory experiments on an 8-ply CFRP composite laminate plate ([0, 45, 90, 151 

135]S). Figure 3a shows the backside of the tested CFRP composite plate. At the center of the plate, a PZT 152 
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patch (Piezo.com 5H) with a dimension of 9 mm × 9 mm × 0.267 mm is installed to generate guided waves. 153 

An artificial defect was introduced by attaching a steel bolt with adhesive as seen in Figure 3a. Two defect 154 

scenarios are considered: (1) a plate with one defect located at Position D1 (0, 100) mm and (2) a plate with 155 

two defects located at Positions D1 and D2 (-70.7, 70.7) mm.  156 

Figure 3b shows the experimental setup to collect the guided wave array data from the tested 157 

composite plate. An arbitrary waveform generator (BK Precision, 4047B) generates a 3-cycle tone burst 158 

excitation signal at the center frequency of 120 kHz. The generated excitation signal is then amplified to 159 

35.5 V by a power amplifier (Krohn-Hite, 7602M) to be applied to the installed PZT for guided wave 160 

generation. An LDV (Polytec, MLV-I-120 (sensor head) and OFV-5000 Xtra (controller)) is used to 161 

measure the corresponding guided wave responses from the tested composite plate. Scanning measurements 162 

were implemented with dual-axis galvanometer (Thorlabs, GVS002) across 21 x 21 sensing points with 2.3 163 

mm spacing in both the x and y directions. The sensing points act as a 2-D receiver phased array. 164 
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 165 

Figure 3. Experimental setup to collect guided wave array data from a CFRP composite laminate: (a) the 166 

back side of the tested CFRP plate and (b) a noncontact guided wave array data acquisition setup. 167 

3.2. Results and discussion 168 

The proposed accelerated noncontact guided wave array imaging method was validated using the 169 

array data collected from the CFRP composite laminate sample shown in Figure 3a. As reference full dense 170 

array data, guided wave responses were measured across the 21 x 21 sensing points for the two defect cases. 171 

Then, sparse array data were obtained by applying a sparse sampling mask to the reference full dense array 172 
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data. An example sparse sampling mask with a sparse sampling ratio (𝑅𝑠𝑝𝑎𝑟𝑠𝑒) of 30 % is shown in Figure 173 

4a. 𝑅𝑠𝑝𝑎𝑟𝑠𝑒 is defined as 174 

𝑅𝑠𝑝𝑎𝑟𝑠𝑒 [%] =
𝑁

𝑀
× 100, (8) 

where N is the number of sensing points for a sparse array and M that for a full dense array. In Figure 4a, 175 

white pixels represent sampled spatial points and black pixels unsampled spatial points from the 21 x 21 176 

sensing grid points shown in Figure 3b. Using the sparse array data, dense guided wave array data was 177 

reconstructed with the procedure described in Section 2.2. An example time-domain guided wave signal 178 

selected from the reconstructed array data (indicated as ‘Reconstructed’) is compared with the reference 179 

signal from the reference full dense array data (‘Dense’) in Figure 4b. Note that the selected sensing point 180 

for the reconstructed array data is originally unsampled point (i.e., one of the black pixels in Figure 4a). In 181 

Figure 4b, the reconstructed guided wave signal shows good agreement with its corresponding reference 182 

signal from the original dense array data.  183 

To visualize the overall reconstruction quality, the reconstructed guided wave array data at a certain 184 

time instance (t = 145 µs) is shown in Figure 4c, and its corresponding reference dense array data at t = 185 

145 µs is shown in Figure 4d. The presented array data can be interpreted as guided wavefield snapshots 186 

at the time instance. In the figures, the reconstructed array data (Figures 4c) shows good agreement with 187 

the reference dense array data (Figures 4d), showing the spatial wavefield pattern of the reconstructed data 188 

is similar to that of the reference data. 189 
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 190 

Figure 4. Guided wave array data reconstruction results: (a) the sparse sampling mask to obtain a sparse 191 

guided wave array data, (b) an example of reconstructed time-domain signal, (c) the reconstructed array 192 

data at t = 145 µs, and (d) the original dense guided wave array data at t = 145 µs. In (a), white pixels 193 

represent sampled sensing points and black unsampled sensing points from the 21 x 21 array sensing grid 194 

points. 195 

 Defect imaging results obtained by the proposed approach are shown in Figure 5. DAS 196 

beamforming images computed using the reconstructed dense guided wave array data for the two defect 197 

cases (D1 only and D1 & D2) are shown in Figures 5a and b, respectively. For the reconstructed array data 198 

for both defect cases, 𝑅𝑠𝑝𝑎𝑟𝑠𝑒 was 40%. Each DAS beamforming image was normalized by its maximum 199 

pixel intensity. In Figures 5a and b, the defects shown in Figure 3a are clearly observed from the computed 200 

DAS beamforming images. The high intensity objects shown in the DAS images match well with the 201 

expected defect positions. The DAS beamforming images obtained with the reference dense array data are 202 

shown in Figures 5c and d. It is seen that the DAS images computed with the reconstructed array data 203 
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(Figures 5a and b) exhibit good agreement with those computed with the reference dense array data 204 

(Figures 5c and d) in the clarity of defect indications. These results demonstrate that the proposed approach 205 

enables defect imaging with sparsely sampled guided wave array data, making it possible to accelerate 206 

guided wave array imaging processes. To further investigate the utility of the dense array data 207 

reconstruction step (Step 2 in Figure 1) in the proposed approach, DAS images for the two defect cases 208 

computed using the sparse array data omitting the reconstruction step are shown in Figures 5e and f, 209 

respectively. In both defect cases, false defect indications (high-intensity artifacts) are observed, which 210 

compromises the credibility of defect detection. These results demonstrate that the data reconstruction step 211 

in the proposed approach significantly improves defect imaging performance by reducing the possibility of 212 

false defect indications. 213 

 The defect localization accuracy of the proposed approach is summarized in Table 1. Localized 214 

defect positions for the two defects (D1 and D2) using the proposed approach are compared with actual 215 

defect positions. The defect positions were obtained by picking local maxima from the defective regions 216 

shown in Figure 5b. To quantify the localization error, the relative distance error between localized and 217 

actual defect positions are computed by 218 

𝐸𝑟𝑟𝑜𝑟 [%] = √
(𝑥𝑙 − 𝑥𝑡𝑟𝑢𝑒)

2 − (𝑦𝑙 − 𝑦𝑡𝑟𝑢𝑒)
2

𝑥𝑡𝑟𝑢𝑒
2 + 𝑦𝑡𝑟𝑢𝑒

2 × 100, (9) 

where (𝑥𝑙 , 𝑦𝑙) and (𝑥𝑡𝑟𝑢𝑒 , 𝑦𝑡𝑟𝑢𝑒) are localized and actual defect positions, respectively. Although not 219 

significantly high, some degree of localization error was observed. In this study, a uniform group velocity 220 

(1500 m/s) of the A0 mode neglecting its angular dependency is assumed for simplicity. The defect 221 

localization error may be reduced if the angular dependency of the A0 mode group velocity is considered. 222 

Table 1. A summary of defect localization accuracy for the two defects (D1 and D2). 223 

 Localized position Actual position Error 

(%) x (mm) y (mm) x (mm) y (mm) 

D1 -9.3 112.1 0 100 15.3 

D2 -77.6 75.7 -70.7 70.7 8.5 

 224 
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 225 

Figure 5. Defect imaging results via delay-and-sum (DAS) beamforming: DAS images computed using 226 

reconstructed dense array data for (a) the one-defect case (D1) and (b) two-defect case (D1 and D2); DAS 227 

images computed using full dense array data for (c) D1 and (d) D1 and D2; DAS images computed using 228 

sparse array data for (e) D1 and (f) D1 and D2. For sparse array data sampling, 40% of the full dense array 229 

data were randomly sampled. 230 
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 Effects of the reconstruction accuracy for guided wave array data on the DAS imaging performance 231 

are discussed. Figure 6a shows the relationship between the sparse under-sampling ratio 𝑅𝑠𝑝𝑎𝑟𝑠𝑒 and the 232 

pick signal-to-noise ratio (PSNR) that measures the reconstruction accuracy for guided wave array data. 233 

PSNR is computed as 234 

𝑃𝑆𝑁𝑅 [dB] = 20 log10

(

 
max(|𝑋|)

√1
𝑀‖

𝑋𝑟𝑒𝑓 − 𝑋‖2
2

)

 , (10) 

where 𝑋 is the guided wave array data reconstructed from the sparse array data and 𝑋𝑟𝑒𝑓 the reference full 235 

dense array data. Figure 6a shows that PSNR gradually increases as 𝑅𝑠𝑝𝑎𝑟𝑠𝑒 increases, indicating that a 236 

high reconstruction accuracy can be obtained at a cost of more sensing points for sparse array data 237 

acquisition.  238 

 Next, effects of the array data reconstruction accuracy on the beamforming imaging performance 239 

are discussed. Figure 6b shows the relationship between the reconstruction accuracy evaluated by PSNR 240 

and beamforming imaging performance evaluated by the intersection of union (IoU). IoU also known as 241 

the Jaccard similarity coefficient is computed by 242 

𝐼𝑜𝑈 =
|𝑃 ∩ 𝑃𝑟𝑒𝑓|

|𝑃 ∪ 𝑃𝑟𝑒𝑓|
, (11) 

where 𝑃  and 𝑃𝑟𝑒𝑓  represent a set of pixels with their pixel intensities equal or greater than 0.5 in a 243 

normalized DAS image computed from the reconstructed array data and reference dense array data, 244 

respectively. Note that IoU measures how well the defective regions indicated in a DAS image for 245 

reconstructed array data overlap those indicated in a DAS image for its corresponding reference dense array 246 

data. An IoU value closer to one indicates a higher DAS imaging performance. Based on our empirical 247 

observations, we assert that IoU equal or higher than 0.3 indicates the number of defects and their locations 248 

are successfully identified in the DAS image for the reconstruction array data. Figure 6b shows that IoU 249 

increases as PSNR increases. In addition, this figure reveals that PSNR above 25 dB (30% of 𝑅𝑠𝑝𝑎𝑟𝑠𝑒) 250 
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provides successful defect imaging performance (i.e. IoU ≥ 0.3). Note that the sparse under-sampling ratio 251 

is proportional to the the total time duration to collect guided wave arry data. For example, 30% of under-252 

sampling takes 30% of the total time to acquire a full dense array data, considering that 30% of a guided 253 

wave signal set is needed to reconstruct a full dense array data. The results shown in Figure 6 demonstrate 254 

that the proposed approach provides accelerated guided wave array imaging of defects by reducing the 255 

number of array elements significantly while maintaining a high defect imaging performance. 256 

 257 

Figure 6. Effects of reconstruction accuracy on delay-and-sum beamforming performance: (a) peak signal-258 

to-noise ratio (PSNR) as a function of sparse under-sampling ratio and (b) intersection over union (IoU) as 259 

a function of PSNR. 260 

 We discuss the difference between our accelerated guided wave array imaging approach with 261 

distributed sparse array-based defect imaging approaches. In distributed sparse array approaches  [11,12], 262 

a few piezoelectric transducers are distributed loosely over a test plate structure. Due to the nature of the 263 

array configuration (pitch-catch type), guided wave signals collected by the distributed sparse array include 264 

forward- and back-scattering components that are mixed with direct arrivals and boundary reflections. As 265 

all these guided wave components are overlapped in a time-domain signal and not easily separable, 266 

scattering components needed for the defect imaging process are typically obtained by baseline subtraction. 267 

However, baseline data collected from the test structure when it is intact is not always available in practice. 268 

Our sparse guided wave array is a denser array where sensor elements are distributed near the excitation 269 

transducer element. Due to its pulse-echo type configuration, scattering components (most likely back-270 
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scattering) are well separated from other wave components in a time-domain signal, and hence baseline 271 

subtraction is not needed. The absence of baseline requirements is the main advantage of the proposed 272 

sparse guided wave array imaging approach over existing sparse distributed array approaches. Once sparse 273 

guided wave array data is collected, dense array data is computationally reconstructed for improved defect 274 

imaging performance.  275 

4. Conclusions and future work 276 

 In this study, we proposed an accelerated noncontact guided wave array imaging technique, where 277 

dense guided wave array data is reconstructed from sparse array data first, and then a DAS beamforming is 278 

carried out to image defects from plate-like structures. Based on the results presented in the paper, the 279 

following conclusions are drawn: 280 

(1) The proposed array data reconstruction method enables accurate reconstruction of dense guided 281 

wave array data from sparsely measured array data, providing PSNR above 25 dB; 282 

(2) The proposed guided wave array imaging method that combines array data reconstruction and DAS 283 

beamforming tasks can image defects from plate-like structures successfully with a reduced number 284 

of array sensing points; and 285 

(3) The reduced number of array sensing points achieved by the proposed method can accelerate 286 

guided wave array imaging work by reducing the time duration to acquire array data. 287 

The proposed method enables successful defect imaging with fewer number of guided wave signals. 288 

However, the number of sparse sensing points is fixed at the measurement phase, and the fixed sensing 289 

points may not be the optimal for defect imaging. In future work, we will incorporate a deep reinforcement 290 

learning (DRL) technology for autonomous guided wave array imaging where the number of sparse sensing 291 

points are determined by a trained DRL agent. 292 

References 293 

[1] Z. Su, L. Ye, Y. Lu, Guided Lamb waves for identification of damage in composite structures: A 294 



18 

 

review, J. Sound Vib. 295 (2006) 753–780. doi:10.1016/j.jsv.2006.01.020. 295 

[2] M. Mitra, S. Gopalakrishnan, Guided wave based structural health monitoring: A review, Smart 296 

Mater. Struct. 25 (2016) 053001. doi:10.1088/0964-1726/25/5/053001. 297 

[3] L. Yu, V. Giurgiutiu, In situ 2-D piezoelectric wafer active sensors arrays for guided wave damage 298 

detection, Ultrasonics. 48 (2008) 117–134. doi:10.1016/j.ultras.2007.10.008. 299 

[4] P. Wilcox, M. Lowe, P. Cawley, Omnidirectional guided wave inspection of large metallic plate 300 

structures using an EMAT array, IEEE Trans. Ultrason. Ferroelectr. Freq. Control. 52 (2005) 653–301 

665. doi:10.1109/TUFFC.2005.1428048. 302 

[5] B. Yoo, A.S. Purekar, Y. Zhang, D.J. Pines, Piezoelectric-paint-based two-dimensional phased 303 

sensor arrays for structural health monitoring of thin panels, Smart Mater. Struct. 19 (2010) 075017. 304 

doi:10.1088/0964-1726/19/7/075017. 305 

[6] P. Malinowski, T. Wandowski, I. Trendafilova, A Phased Array-based Method for Damage 306 

Detection and Localization in Thin Plates, Struct. Heal. Monit. 8 (2009) 5–11. 307 

[7] W. Wang, H. Zhang, J.P. Lynch, C.E.S. Cesnik, H. Li, Experimental and numerical validation of 308 

guided wave phased arrays integrated within standard data acquisition systems for structural health 309 

monitoring, Struct. Control Heal. Monit. 25 (2018) 1–17. doi:10.1002/stc.2171. 310 

[8] L. Ambrozinski, T. Stepinski, T. Uhl, Efficient tool for designing 2D phased arrays in lamb waves 311 

imaging of isotropic structures, J. Intell. Mater. Syst. Struct. 26 (2015) 2283–2294. 312 

doi:10.1177/1045389X14545389. 313 

[9] L. Yu, Z. Tian, Guided wave phased array beamforming and imaging in composite plates, 314 

Ultrasonics. 68 (2016) 43–53. doi:10.1016/j.ultras.2016.02.001. 315 

[10] Z. Tian, S. Howden, Z. Ma, W. Xiao, L. Yu, Pulsed laser-scanning laser Doppler vibrometer (PL-316 

SLDV) phased arrays for damage detection in aluminum plates, Mech. Syst. Signal Process. 121 317 



19 

 

(2019) 158–170. doi:10.1016/j.ymssp.2018.11.016. 318 

[11] R.M. Levine, J.E. Michaels, Model-based imaging of damage with Lamb waves via sparse 319 

reconstruction, J. Acoust. Soc. Am. 133 (2013) 1525–1534. doi:10.1121/1.4788984. 320 

[12] H. Kim, F. Yuan, Adaptive signal decomposition and dispersion removal based on the matching 321 

pursuit algorithm using dispersion-based dictionary for enhancing damage imaging, Ultrasonics. 322 

103 (2020) 106087. doi:10.1016/j.ultras.2020.106087. 323 

[13] X. Yang, K. Wang, P. Zhou, L. Xu, Z. Su, Imaging Damage in Plate Waveguides Using Frequency-324 

domain Multiple Signal Classification (F-MUSIC), Ultrasonics. 119 (2021) 106607. 325 

doi:10.1016/j.ultras.2021.106607. 326 

[14] T. Di Ianni, L. De Marchi, A. Perelli, A. Marzani, Compressive sensing of full wave field data for 327 

structural health monitoring applications, IEEE Trans. Ultrason. Ferroelectr. Freq. Control. 62 (2015) 328 

1373–1383. doi:10.1109/TUFFC.2014.006925. 329 

[15] O. Mesnil, M. Ruzzene, Sparse wavefield reconstruction and source detection using Compressed 330 

Sensing, Ultrasonics. 67 (2016) 94–104. doi:10.1016/j.ultras.2015.12.014. 331 

[16] B. Park, H. Sohn, P. Liu, Accelerated noncontact laser ultrasonic scanning for damage detection 332 

using combined binary search and compressed sensing, Mech. Syst. Signal Process. 92 (2017) 315–333 

333. doi:10.1016/j.ymssp.2017.01.035. 334 

[17] H. Song, J. Park, J.S. Popovics, Development of a MEMS ultrasonic microphone array system and 335 

its application to compressed wavefield imaging of concrete, Smart Mater. Struct. 29 (2020) 105011. 336 

doi:https://doi.org/10.1088/1361-665X/ababe5 Manuscript. 337 

[18] S. Sabeti, J.B. Harley, Spatio-temporal undersampling: Recovering ultrasonic guided wavefields 338 

from incomplete data with compressive sensing, Mech. Syst. Signal Process. 140 (2020) 106694. 339 

[19] D.L. Donoho, Compressed sensing, IEEE Trans. Inf. Theory. 52 (2006) 1289–1306. doi:Doi 340 



20 

 

10.1109/Tit.2006.871582. 341 

[20] E.J. Candès, J. Romberg, T. Tao, Robust uncertainty principles: Exact signal reconstruction from 342 

highly incomplete frequency information, IEEE Trans. Inf. Theory. 52 (2006) 489–509. 343 

doi:10.1109/TIT.2005.862083. 344 

[21] E. van Den Berg, M.P. Friedlander, Probing the Pareto frontier for basis pursuit solutions, SIAM J. 345 

Comput. 31 (2008) 890–912. doi:10.1137/080714488. 346 

[22] E.J. Candes, T. Tao, Decoding by linear programming, IEEE Trans. Inf. Theory. 51 (2005) 4203–347 

4215. doi:10.1109/TIT.2005.858979. 348 

[23] E.J. Candès, M.B. Wakin, An Introduction To Compressive Sampling, IEEE Signal Process. Mag. 349 

25 (2008) 21–30. doi:10.1109/MSP.2007.914731. 350 

 351 


