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Guided wave ultrasonic testing (GWUT) is among the optimum method 
that has been broadly utilised for structural health monitoring (SHM) 
applications. With the rapid development of wireless and real-time in 
SHM fields, the implementation of compressive sensing (CS) for GWUT 
has received attention for better signal-processing compression 
techniques. Instead of the traditional compression method, an efficient 
CS promises a compression method that can sample signals lower than 
the Nyquist sampling rate. In CS, the signal basis is an important 
parameter to be investigated that will influence the compression 
performance. This study transforms the GWUT input signal into three 
(3) types of familiar signal basis, such as discrete cosine transform 
(DCT), fast Fourier transform (FFT) and discrete wavelet transform 
(DWT), and the compression performance using the CS method is 
examined and compared. The results reveal that among these three (3) 
signals basis, considered the trade-off between quality and compressed 
performance, the DCT is the best basis and the sparsest transform 
signal for GWUT with excellent compressed ability and quality of 
reconstruction. It was recorded that 50 to 80 percent of the M/N 
sampling ratio was the best sampling ratio for DCT, with SNR values 
ranging from 37dB to 44 dB. 
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1. Introduction 
Guided wave ultrasonic testing (GWUT) has been used recently in structural health monitoring (SHM). It allows 
inspections that can cover a large area, detect defect location and, most importantly, analyse the structural 
integrity and provide preventive maintenance reports. These features make GWUT has been used in many 
structural integrity concern areas, such as pipeline inspection [1–5], aerospace [6] and composite materials [7]. 
GWUT uses the pulse-echo method and frequently operates at a low-frequency range of 20–100 kHz [8]. This 
technique is widely used in the industry to detect corrosion and other forms of degradation. 

In signal processing applications, compression techniques are crucial, especially for remotely located areas. 
Consequently, for GWUT in SHM, it is desirable to use data compression techniques to reduce data while 
maintaining signal integrity. Hence, the ultrasonic signals can be transferred efficiently through wireless or wired 
communication channels for analysis.  

Compression is a necessary step in signal processing because it extracts important and eliminates redundant 
information from the sampled data. Traditionally, a signal is sampled using the Shannon sampling theorem [9] to 
ensure data recovery in the reconstruction or decompression process. Candès et al. [10], Donoho [11] and Candes 
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and Tao [12] have established a mathematical foundation of compressive sensing (CS)  that opens a new path of 
research to be explored in the field of signal processing. 

A signal will be sparsed, either in the original domain or in other transform domains, for example, the cosine, 
Fourier or wavelet transform [13]. Based on the sparsity of the signals, CS can attain and precisely reconstruct the 
signals with significantly fewer samples than the traditional Nyquist sampling. This benefit makes CS has drawn 
substantial attention in numerous fields, such as reconstruction, digital multimedia signal, radar imaging, 
signal/image processing, biomedical, cognitive radio network, geophysics, remote sensing and the Internet of 
Things (IoT) [14–19]. 

This paper discussed CS compression performance using three (3) types of transform domains: discrete 
cosine transform (DCT), fast Fourier transform (FFT) and discrete wavelet transform (DWT) signal basis. The best 
basis for GWUT using CS performance among the signal basis is evaluated based on the trade-off between the 
quality of decompression or reconstruction of the signal and data reduction of the compressed signal. 

The remaining structure of this paper is organised as follows. A general equation of CS and the concept of 
best-basis is explained in section 2. Simulation-based experimental setup and performance evaluation results are 
discussed in sections 3 and 4, respectively. Lastly, the conclusion is outlined in section 5.   

2. Best-basis Compressive Sensing 
The term best-basis refers to the best performance signal transform of the CS for GWUT, which is evaluated in this 
paper. In the theory of CS, the general equation is described as  𝑦𝑦 =  𝛩𝛩𝛩𝛩, with 𝑦𝑦 as a measured signal, 𝛩𝛩 as a 
measurement matrix and 𝑥𝑥 as the input signal, as shown in Equation (1). This equation can be elaborated and 
explained in much detail in Equations (2) to (5): 
 

𝑦𝑦 =  𝛩𝛩𝛩𝛩 (1) 

𝑥𝑥 =  �𝑠𝑠𝑖𝑖𝜓𝜓𝑖𝑖 = 𝜓𝜓𝑠𝑠
𝑛𝑛

𝑖𝑖=1

 (2) 

𝑥𝑥 =  𝜓𝜓𝑠𝑠 (3) 

𝑦𝑦 =  𝛩𝛩𝜓𝜓𝑠𝑠 (4) 

𝑦𝑦 =  𝐴𝐴𝐴𝐴 (5) 
 

The CS reconstruction model, as depicted in Fig. 1, shows that the input signal 𝑥𝑥 can be recovered by utilising 
the measurement vector 𝑦𝑦 (compressed signal that being transmit) and reconstruction matrix 𝐴𝐴, where   𝐴𝐴 = 𝛩𝛩 × 
𝜓𝜓 (𝛩𝛩 is the measurement matrix and 𝜓𝜓 is the sparsifying basis of the signal 𝑥𝑥). The signal 𝑥𝑥 can be represented as 
a linear combination of 𝜓𝜓 columns or the basis vectors as 𝑥𝑥 =  𝜓𝜓𝑠𝑠, where 𝑠𝑠 is the sparse coefficient of the input 
signal. The CS method can beat the Nyquist theorem because the input signal can be sparse in some transform 
domains. In this study, the transform domain 𝜓𝜓 of well-known DCT, FFT, and DWT basis for the ultrasonic input 
signal were investigated to identify the most suitable transform domain for the GWUT input signal. Haar transform 
has been used in this research work as the simplest and the fastest wavelet transform [20]. 

 

 

Fig. 1 CS reconstruction model 
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Instead of the transform domain, the measurement matrix Θ also plays a significant role in this experiment, 
as the sampling process of the CS method is based on the M/N sampling ratio. Several percentages of the M/N 
sampling ratio are tested and the lowest possible sampling data with excellent signal reconstruction quality is 
determined. 

3. Experimental Setup 
The experiment is simulation-based using MATLAB software. For this simulation, the input GWUT signal (.mat 
format) was imported from the Institute for Aerospace Technology and The Composites Research Group, The 
University of Nottingham and the Department of Mechanical Engineering, the University of Bristol, which are 
online open sources resources [21, 22]. In this experiment, the guided wave signal is generated using piezoelectric 
disc transducers with a frequency of 50kHz. 

This experiment was conducted on the Intel (R) Core (TM) i7-5600U CPU processor @ 2.60GHz, with 8.00GB 
RAM and a 64-bit operating system. The guided wave signal compress using CS operation was developed using C 
programming in MATLAB with different types of transform domains (DCT, FFT and DWT) and the percentage of 
samples by M/N ratio (10% to 90%). The various percentages of the M/N sampling ratio are used to identify the 
best ranges of sampling ratio results. The CS reconstruction method approached in this implementation using the 
l1-minimization method [23]. 

The performance compression using CS with different transform domains is evaluated with two (2) 
parameters: reconstruction quality and data reduction of the compressed signal. The quality of the reconstruction 
signal is assessed using mean squared error (MSE) and signal-to-noise power ratio (SNR) as in equation (6) and 
equation (7). MSE calculates the average square error difference between the original and recovered signals at 
various measurement points. In contrast, SNR measures signal integrity by comparing and finding the similarity 
between the original and reconstructed signal [24]. 

 

𝑀𝑀𝑀𝑀𝑀𝑀(𝑜𝑜, 𝑟𝑟) =  
1
𝑁𝑁
�(𝑜𝑜𝑖𝑖 − 𝑟𝑟𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 (6) 

𝑆𝑆𝑆𝑆𝑆𝑆 = 10 ∗  
𝑙𝑙𝑙𝑙𝑙𝑙10(∑ (𝑜𝑜𝑖𝑖)2𝑁𝑁

𝑖𝑖=1 )
∑ (𝑜𝑜𝑖𝑖 − 𝑟𝑟𝑖𝑖)2𝑁𝑁
𝑖𝑖=1

𝑑𝑑𝑑𝑑 (7) 

where  𝑜𝑜 = original input signal,  𝑟𝑟 = recovered signal and 𝑁𝑁 = total number of data. 

4. Performance Evaluation Setup 
The CS performance of the guided wave for different transform domains can be compared as shown in        Table 
1, Fig. 2 and Fig. 3. The results obtained have been evaluated regarding the quality of reconstruction using MSE 
and SNR formulation and compressed signal for different percentages of M/N ratio from the original signal.  

Fig. 2 and Fig. 3 show the MSE and SNR trends of the reconstruction signal of CS between different type of 
transform domain which is DCT, FFT and DWT, including no transform (NT). MSE and SNR values obtained for 
different transform domains are plotted against the various percentages of M/N sampling ratios from the original 
signal ranging from 10 to 90 percent.  

Between MSE and SNR, the trends of the results will be reversed, which means decreasing the MSE will 
increase the SNR values. As shown in Fig. 2 and Fig. 3, quite consistently, it can be observed that the MSE values 
decrease and SNR values increase with the increasing percentage of M/N sampling ratio no matter the types of 
the transform domain.  

However, in terms of performance, it can be observed that the error corresponding to DWT and NT has the 
highest MSE value, followed by FFT, and the minor error is for the DCT basis. These trends also make the results 
for SNR inversely proportional to MSE, where DCT is the best transform domain for the quality of signal 
reconstruction, followed by FFT and DWT and NT as the least quality. 

There are two (2) main parameters that contribute to the performance of CS in this simulation, which are 
types of transform domain and percentage of M/N sampling ratio. From the hypothesis, a signal will be sparse in 
the original or some transform domain. The sparsity is an inherent characteristic of signals which enables the 
signal to be stored in far few samples or a smaller number of significant data. This sparsity represents the 
compression of the signal. Based on the results, signal transform using the DCT domain is the sparsest signal.  

In terms of sampling ratio, the sparsest the signal, less number of samples requires. For example, DCT requires 
almost double or less percentage of the M/N sampling ratio compared to another transform domain. From the 
plotted graph, we can also spot that the best sampling ratio for DCT is from 50 to 80 percent of the M/N sampling 
ratio, as the MSE and SNR values remain almost consistent. 
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Fig. 4 compares the compressed signal (kB) of CS computation between transform domains for different 
percentages of the M/N sampling ratio. DWT was reported as the highest compression performance, DCT as the 
intermediate and FFT as the least memory reduction. If we compared for 50 percent M/N sampling ratio, from 
36kB original signal, DWT compressed signal from 36kB to 8kB (77 % memory reduction), DCT compressed signal 
from 36kB to 15kB (58% memory reduction) and FFT compressed signal from 36kB to 29kB (19% memory 
reduction). NT compressed signal is the same as DCT as the DCT algorithm does not change matrix dimension. The 
exact size dimension created the same amount of compressed signal but a different quality of reconstruction. 

Table 1 Transform domain reconstruction signal performance 

Transform 

domain 
M/N ratio 

(%) 
MSE SNR 

Original 
signal 
(kB) 

Compressed 
signal (kB) 

DCT 10 9.87E-07 4.4249 36 4 

 20 7.44E-08 15.6532 36 6 

 30 1.70E-09 32.0724 36 9 

 40 7.27E-10 35.7547 36 12 

 50 4.40E-10 37.9325 36 15 

 60 2.79E-10 39.9107 36 18 

 70 1.90E-10 41.569 36 21 

 80 1.18E-10 43.6526 36 24 

 90 5.84E-11 46.7017 36 27 

      

FFT 10 2.12E-06 2.5908 36 6 

 20 1.81E-06 4.2112 36 12 

 30 8.74E-07 10.0026 36 18 

 40 1.94E-07 18.6679 36 24 

 50 8.73E-08 19.3398 36 29 

 60 7.36E-08 26.7512 36 35 

 70 7.39E-08 29.8581 36 41 

 80 1.05E-08 35.7336 36 47 

 90 1.50E-09 46.0269 36 53 

      

DWT 10 3.04E-06 0.2132 36 2 

 20 2.60E-06 0.2249 36 4 

 30 2.07E-06 1.2097 36 5 

 40 1.43E-06 2.8145 36 6 

 50 1.19E-06 3.6119 36 8 

 60 8.69E-07 4.9782 36 9 

 70 5.92E-07 6.6428 36 11 

 80 3.14E-07 9.3938 36 12 

 90 1.34E-07 13.0855 36 14 
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NT 10 3.09E-06 0.2561 36 4 

 20 2.45E-06 0.4765 36 6 

 30 1.85E-06 1.6939 36 9 

 40 1.47E-06 2.6962 36 12 

 50 1.18E-06 3.6436 36 15 

 60 8.17E-07 5.2438 36 18 

 70 4.99E-07 7.3842 36 21 

 80 3.46E-07 8.9803 36 24 

 90 1.44E-07 12.7809 36 27 

 
Fig. 2 Comparison of MSE vs M/N sampling ratio for different types of transform domain 

 

Fig. 3 Comparison of SNR vs M/N sampling ratio for different types of transform domain 
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Fig. 4 Comparison of compressed signal (kB) vs M/N sampling ratio for different types of transform domain 

 
 

4.1 Trade-off Between Quality and Compressed Signal 
Based on the results obtained, evaluation of the performance of CS between the transform domains is essential 

by evaluating the trade-off between quality and data reduction. In terms of computation, DCT is more 
straightforward and faster than FFT. DCT is favoured over FFT in certain compression algorithms because DCT is 
a real transform which results in a single real number per data point. In contrast, an FFT results in a complex 
number (real and imaginary parts) which requires double the storage memory. This issue is shown in Fig. 3, as 
the FFT transform domain has a more compressed value than other domains and creates more data than the 
original signal when the M/N sampling ratio increases from 70 to 90%. 

DWT generally gives a better compression ratio or compressed signal without losing more information but 
needs more processing power. While DCT needs low processing power, but it loses some information [25]. 
However, CS is a lossy compression that makes the DWT basis in CS unable to recover the original signal and 
makes the SNR value less than the DCT. 

 DWT has the highest data reduction but is poor in reconstruction quality. On the other hand, DCT is the best 
in terms of reconstruction quality with good data reduction. Taken together, the results indicate that the DCT basis 
is the best transform domain of CS for the guided wave ultrasonic signal tested.  

Fig. 5 shows the reconstruction signal obtained compared to the original signal from CS reconstruction using 
DCT, FFT and DWT. In this experiment, the reconstructions were performed after removing 50% of the original 
samples. The reconstruction signal images are reliable with the previous finding since it clearly shows that the 
highest error is associated with DWT reconstruction, followed by FFT and DCT reconstruction corresponds to the 
slightest error with a smooth signal reconstructed, as shown in Fig. 5. DCT reconstruction signal recovered almost 
similar to the original signal with an SNR value of 37.9325 dB. 
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Fig. 5 Reconstructed of DCT, FFT and DWT signal computed from 50kHz input signal with 50% M/N sampling ratio 

5. Conclusion 
This paper applies the simulation of CS for GWUT signal to evaluate the performance using different signal 
transform domains like DCT, FFT and DWT. The results assessed in terms of reconstruction quality using MSE and 
SNR equations show DCT transform domain as the best signal basis with the consistency of low MSE and high SNR 
value for the best percentage of M/N sampling ratio from 50 to 80 percent. In data reduction, DCT also moderately 
reduced between DWT and FFT. In conclusion, considering the trade-off between the quality of reconstruction 
and data reduction of CS compression, DCT was selected as the best basis or best performance for CS-based GWUT. 

In future improvements in terms of the compression part of CS, emphasis can be given to the aspect of matrix 
multiplication between measurement matrix and input signal, as in Equation (1), where this process involves large 
matrix multiplication that requires a lot of computer computation resources. Types of measurement matrix can 
also be compared and analysed to improve the CS performance. Instead of software, improvement using hardware 
acceleration with parallelism must be explored to reduce the computation time. 
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