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 A B S T R A C T

Enhancing the spatial resolution of ultrasonic Lamb wave imaging, fundamentally bounded by the diffraction 
limit, remains an important challenge in nondestructive testing (NDT). Seeking to exceed such a resolution 
limit, i.e., super -resolution (SR), is a difficult ill-posed inverse problem. While it may be directly and 
effectively interpreted as a deconvolution process, Lamb wave SR imaging is uniquely complicated by the 
significant dispersion nature of Lamb waves, which renders the system point spread function (PSF) inherently 
frequency-, mode-, and space-dependent. In this work, we develop a dispersion-informed deconvolution 
framework for SR imaging by explicitly embedding the Lamb-wave dispersion physics into the PSF modeling. 
Specifically, physically consistent PSF is incorporated into the total focusing forward model, enabling inversion 
of dispersion-induced blurring and recovery of structural details that are irreversibly lost in conventional 
array images. Validations are performed through finite element simulations and laboratory experiments on 
aluminum plates. It is observed that the proposed framework achieves reliable super-resolution separation of 
closely-spaced defects beyond the classical diffraction limit while maintaining robustness under low signal-to-
noise ratio (SNR) conditions. In particular, a comprehensive parametric study is conducted to elucidate the 
key factors governing its super-resolution capability. It is revealed that a larger effective aperture enhances 
spatial focusing and resolution, while denser sensor spacing improves PSF fidelity and inversion stability under 
dispersive propagation. Discussions including challenges identified in this study are presented.
1. Introduction

Ultrasonic array imaging has become an indispensable tool for 
detecting and localizing hidden damage in plate-like structures, owing 
to its capabilities for rapid scanning, wide-area coverage, and real-
time visualization [1–3]. When combined with guided Lamb waves, 
array-based inspection further benefits from long propagation distances 
and multi-modal interactions with structural defects. Using controlled 
time delays across the elements of the array, Lamb-wave arrays en-
able dynamic beam steering and synthetic focusing under waveguid-
ing conditions, significantly enhancing defect detectability in applica-
tions of structural health monitoring (SHM) and nondestructive testing 
(NDT) [4–8].

Despite these advantages, the spatial resolution of ultrasonic ar-
ray imaging is fundamentally constrained by wave diffraction. For 
array-based methods, the minimum resolvable distance between two 
scatterers is ultimately bounded by the wavelength of the propagating 
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mode, as formalized by the Rayleigh criterion [9,10]. This limitation 
imposed by diffraction leads to blurred reconstructions when defects 
are closely spaced or subwavelength in size, which motivates extensive 
research into super-resolution imaging techniques that aim to surpass 
this classical boundary [11–14].

Among the various super-resolution strategies developed to over-
come the diffraction limit, subspace-based methods such as time-
reversal multiple signal classification (TR-MUSIC) have attracted con-
siderable attention [15–17]. By exploiting the orthogonality between 
signal and noise subspaces of the time-reversed scattering matrix, TR-
MUSIC can theoretically achieve localization beyond the diffraction 
limit [18–21]. However, its practical applicability in NDT is often 
limited by pronounced sensitivity to measurement noise and the re-
quirement for multiple-input multiple-output (MIMO) configurations, 
which substantially increase system complexity and reduce robustness 
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Fig. 1. Schematic illustration of dispersion-informed PSF modeling for Lamb-wave super-resolution imaging. In conventional TFM, the reconstructed image 
corresponds to the convolution of the true defect distribution with the system PSF, leading to diffraction-limited resolution. For Lamb waves, the PSF is 
fundamentally shaped by dispersion physics: different propagation modes and frequency-dependent group velocities introduce mode- and frequency-specific 
arrival distortions, resulting in an intrinsically space-variant PSF. Accurate modeling of this dispersion-informed PSF is therefore essential for physically consistent 
deconvolution and super-resolution defect separation.
under low signal-to-noise ratio (SNR) conditions [22–25]. These limita-
tions motivate the exploration of alternative super-resolution strategies 
that are both physically grounded and practically robust.

In this context, as a representative delay-and-sum (DAS) strategy, 
the Total Focusing Method (TFM) remains a widely adopted beam-
forming imaging framework in ultrasonic NDT due to its physical 
transparency, strong noise robustness, and modest hardware require-
ments [26–30]. By coherently focusing full-aperture array data at every 
point within the inspection region, TFM provides reliable baseline 
imaging performance and has been extensively validated in guided-
wave inspection scenarios [31,32]. These attributes make TFM an 
attractive benchmark for further resolution enhancement, provided that 
its fundamental physical limitations can be properly addressed [26,27]. 
Unlike these data-driven approaches, the present study seeks super-
resolution enhancement through a physics-informed forward model, so 
that resolution improvement can be achieved in a training-free and 
physically interpretable manner.

From a physical standpoint, conventional TFM imaging may be 
interpreted as a forward convolution process, in which the recon-
structed image corresponds to the convolution of the true scatterer 
distribution with the system point spread function (PSF) [33]. The finite 
mainlobe width and pronounced sidelobes of the PSF inevitably intro-
duce spatial blurring and interference, preventing reliable separation of 
closely-spaced defects and enforcing the classical diffraction limit [34]. 
Consequently, improving super-resolution imaging resolution naturally 
leads to an inverse problem formulation, which is achieved by inverting 
the PSF-induced blurring.

While deconvolution-based techniques have been extensively stud-
ied in acoustic and optical source imaging [35–37], their applica-
tion to ultrasonic Lamb-wave multi-probe array imaging (ULMPAI) 
presents unique challenges. Unlike air- or water-coupled acoustics, 
Lamb-wave propagation in solid plates is characterized by strong modal 
and frequency dispersion [38,39]. These effects render the effective 
PSF inherently frequency-, mode-, and space-dependent, fundamen-
tally violating the spatial invariance assumptions underlying most con-
ventional deconvolution frameworks. As a result, deconvolution ap-
proaches that neglect Lamb-wave dispersion physics are prone to mod-
eling inconsistencies and limited resolution gains in practical NDT 
scenarios.
2 
To address this challenge, in this study we present a physics-
informed deconvolution framework that constructs a dispersion-aware 
PSF by explicitly accounting for the frequency- and mode-dependent 
propagation characteristics of Lamb waves, as schematically illustrated 
in Fig.  1. By incorporating this physically consistent PSF into the TFM 
forward imaging model, the proposed approach enables a physically 
interpretable inversion of dispersion-induced blurring in ultrasonic 
guided-wave imaging. On this basis, the resulting super-resolution 
imaging problem is efficiently solved using a Lamb-wave-dispersion-
aware, FFT-accelerated Fast Iterative Shrinkage-Thresholding Algo-
rithm (FISTA [40,41]), leading to a complete dispersion-informed 
deconvolution framework termed LWD-FISTA (pipeline in Fig.  2). More 
importantly, the methodological advance of the present work does 
not lie in introducing a new generic iterative deconvolution solver, 
but in improving the PSF itself so that the forward model more 
faithfully reflects the actual dispersive physics of Lamb-wave propa-
gation. In contrast to existing deconvolution approaches that typically 
employ a nominal or only weakly physics-informed blur kernel, the 
proposed framework explicitly embeds Lamb-wave dispersion into PSF 
construction and the associated imaging operator. Although the Lamb-
wave PSF is physically frequency-, mode-, and space-dependent, the 
present implementation adopts a local shift-invariant approximation 
within a limited imaging region of interest (ROI), so that a represen-
tative dispersion-informed kernel can be used for efficient FFT-based 
deconvolution. This PSF-level improvement is particularly important 
for ultrasonic guided-wave imaging, where dispersion-induced model 
mismatch directly degrades focusing quality and limits defect sep-
arability. By reducing this forward-model mismatch, the proposed 
LWD-FISTA framework enables a more physically consistent deconvo-
lution process for Lamb-wave array imaging and thereby improves the 
reliability of super-resolution reconstruction for closely spaced defects. 
The effectiveness of the framework is systematically validated through 
finite element simulations and laboratory experiments, with further 
investigations into the influence of aperture size and sensor spacing, 
and comparative studies against TR-MUSIC under low-SNR conditions. 
Results and discussions are presented, with challenges identified in this 
study.
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Fig. 2. The proposed framework for the super-resolution algorithm.
Fig. 3. Illustration of the Total Focusing Method (TFM).

2. Methodology

2.1. Total focusing method (TFM) and imaging resolution

In this work, the TFM is employed as a baseline imaging operator to 
generate an initial defect map from guided-wave array measurements. 
As a representative delay-and-sum (DAS) beamforming technique, TFM 
synthetically focuses the recorded wavefield at each pixel within the 
region of interest by compensating for the propagation delays between 
the excitation point, the imaging location, and the receiver array. 
This full-aperture focusing procedure yields a spatial reflectivity image 
𝐼(𝑥, 𝑦) from the measured Lamb-wave responses.

Fig.  3 illustrates the guided-wave array configuration and the princi-
ple of TFM beamforming. For a given imaging pixel (𝑥, 𝑦), the recorded 
signals are time-shifted according to the assumed propagation paths 
and coherently summed to produce the TFM image, 
𝐼(𝑥, 𝑦)

=
|
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|

|

|
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)

|
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|

(1)

where ℎ𝑟𝑖(𝑡) denotes the Lamb-wave response recorded at the 𝑛th 
receiver located at (𝑥𝑖, 𝑦𝑖), 𝑁 is the total number of receiver positions, 
and 𝑐𝑔 is the group velocity of the selected guided-wave mode.

Despite its robustness and physical transparency, the spatial resolu-
tion of TFM is fundamentally limited by diffraction. Under idealized 
3 
conditions, the minimum resolvable defect separation is commonly 
characterized by the Rayleigh criterion, 

𝑑𝑅 = 0.61𝜆
sin 𝜃𝑅

(2)

where 𝜆 is the wavelength and 𝜃𝑅 denotes the effective angular aperture 
at the imaging point, determined by the array geometry and inspection 
configuration. This expression reflects the intrinsic spreading of wave 
energy from a point scatterer due to the finite aperture, resulting in a 
broadened mainlobe in the system PSF.

More generally, the PSF characterizes the spatial response of the 
imaging system to an idealized point scatterer and encapsulates the 
combined effects of wavelength, aperture, array geometry, and prop-
agation physics. Under linear beamforming assumptions, the recon-
structed image 𝐼(𝑥, 𝑦) can be interpreted as the convolution of the true 
scatterer distribution 𝜌(𝑥, 𝑦) with the system PSF, 
𝐼(𝑥, 𝑦) = 𝜌(𝑥, 𝑦) ∗ PSF(𝑥, 𝑦) (3)

where the finite mainlobe width and accompanying sidelobes of the 
PSF fundamentally govern the achievable imaging resolution. Thus, 
the Rayleigh criterion may be viewed as a practical manifestation 
of the PSF mainlobe extent, linking diffraction-limited resolution di-
rectly to the shape and spread of the PSF. From this perspective, TFM 
may be interpreted as a diffraction-limited forward imaging process 
governed by the PSF. Consequently, achieving resolution beyond this 
limit requires explicitly counteracting the PSF-induced blurring, which 
naturally motivates a deconvolution-based formulation introduced in 
next Section 2.2.

2.2. The Lamb wave dispersion-aware deconvolution algorithm for super-
resolution lamb wave imaging

As discussed in Section 2.1, the beamforming process inevitably 
spreads the energy of a point scatterer over a finite spatial extent, 
leading to blurred images and poor separability of closely spaced 
defects. To mitigate this limitation and achieve sharper localization, 
deconvolution-based strategies have been introduced to explicitly sup-
press the effect of the PSF.

Within this framework, the TFM beamforming output, commonly 
referred to as a dirty map, which can be interpreted as the convolution 
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Fig. 4. Algorithmic Workflow of the PSF revised super-resolution deconvolution algorithm. 
between the system PSF and an underlying distribution of point-like 
scatterers. Each point source corresponds to the spatial response of 
an individual defect, while the PSF characterizes the imaging system’s 
response to a unit-strength point scatterer [42]. Assuming a point 
source located at position 𝒓𝒑, the PSF evaluated at position 𝒓 can be 
expressed as 

PSF
(

𝒓 ||
|

𝒓𝒑
)

= 1
𝑀2

𝒗(𝒓)𝑇
[

𝒗𝒑(𝒓𝒑)𝒗𝒑(𝒓𝒑)𝑇
]

𝒗(𝒓) (4)

where the steering vectors 𝒗𝒑(𝒓𝒑) and 𝒗(𝒓) are defined as 
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(6)

Here, 𝑛 (𝑛 = 1, 2,… , 𝑁) denotes the position of the 𝑛th array sensor; 
|𝑑| is the distance from the array center to the beamformer focus; |𝑑𝑛| is 
the distance from the array center to the 𝑛th sensor; |𝑑 − 𝑑𝑛| represents 
the distance between the focus point and the 𝑛th sensor; and 𝑘 is the 
wavenumber of the incident Lamb wave.

In conventional deconvolution formulations, the PSF is assumed to 
be shift-invariant, implying that translating a point scatterer within 
the imaging domain produces a corresponding translation of the beam-
forming response without altering its shape [35]. However, unlike 
acoustic waves in homogeneous fluids, Lamb waves propagate in plate-
like structures as multiple dispersive modes whose group velocities 
depend strongly on frequency and propagation direction. As a re-
sult, the effective PSF associated with TFM imaging becomes inher-
ently frequency-, mode-, and space-dependent, posing a fundamental 
challenge to physically consistent deconvolution.

To overcome this limitation, we formulate a dispersion-informed 
deconvolution framework in which the Lamb-wave dispersion physics 
is explicitly embedded into the PSF modeling. Rather than treating 
the PSF as an idealized, stationary kernel, the proposed approach 
constructs a physically consistent PSF that accounts for frequency-
dependent group velocity, modal characteristics, and geometric spread-
ing effects. This dispersion-aware PSF provides an accurate forward 
4 
imaging model for Lamb-wave TFM and forms the foundation for 
super-resolution reconstruction.

Under this formulation, the present study incorporates Lamb-wave 
dispersion into PSF modeling, leading to a dispersion-informed PSF, 
denoted as 𝑃𝑑𝑖𝑠, which explicitly accounts for the frequency- and mode-
dependent propagation characteristics of guided waves. As a result, 
the conventional shift-invariant deconvolution formulation in Eq. (3) 
is accordingly reformulated, yielding the dispersion-informed deconvo-
lution model given in Eq. (7), following the framework of Ehrenfried 
and Koop [38] as 
𝐵𝑑𝑖𝑟𝑡𝑦 = 𝐵𝑐𝑙𝑒𝑎𝑛 ∗ 𝑃𝑑𝑖𝑠 + 𝑛(0, 𝜎2) (7)

where 𝐵𝑐𝑙𝑒𝑎𝑛 represents the ideal reflectivity map (ground truth), 𝐵𝑑𝑖𝑟𝑡𝑦
denotes the measured beamforming image, 𝑃𝑑𝑖𝑠 is the PSF evaluated 
at the center of the imaging domain, and ∗ denotes convolution. 
To stabilize the inversion, measurement noise is commonly modeled 
as additive Gaussian noise, and prior information is incorporated by 
enforcing non-negativity of the beamforming power.

Using the convolution theorem, Eq. (7) can be efficiently reformu-
lated in the frequency domain as 
𝐵𝑑𝑖𝑟𝑡𝑦 = −1 (

(

𝐵𝑐𝑙𝑒𝑎𝑛
)

𝛩
(

𝑃𝑑𝑖𝑠
))

(8)

where  (⋅) and −1(⋅) denote the two-dimensional fast Fourier trans-
form (2D-FFT) and its inverse (2D-iFFT), respectively, and 𝛩 represents 
the Hadamard product [43]. In this formulation, the PSF 𝑃𝑑𝑖𝑠 acts as a 
discrete blurring operator, and recovering 𝐵𝑐𝑙𝑒𝑎𝑛 from 𝐵𝑑𝑖𝑟𝑡𝑦 constitutes 
a classical ill-posed inverse problem [44]. Consequently, the objective 
of deconvolution in this study is not to perfectly recover the true defect 
distribution, but to obtain a physically consistent and stable estimate 
of 𝐵𝑐𝑙𝑒𝑎𝑛 that best explains the measured beamforming map under the 
constraints imposed by the imaging system. This highlights the dual 
importance of (i) constructing an accurate, dispersion-informed PSF 
that faithfully represents the system response, and (ii) employing a 
regularized optimization framework to stabilize the inversion and sup-
press non-physical solutions. The detailed numerical implementation, 
including the FFT-FISTA solver and convergence considerations, is pro-
vided in Appendix. Accordingly, the dispersion-informed deconvolution 
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problem is cast as a regularized optimization model and solved using 
an FFT-accelerated FISTA scheme, leading to the formulation given in 
Eq. (9): 

min
𝐵𝑐𝑙𝑒𝑎𝑛≥0

1
2
‖

‖

‖

−1(
(

𝐵𝑐𝑙𝑒𝑎𝑛
)

𝛩
(

𝑃𝑑𝑖𝑠
))

− 𝐵𝑑𝑖𝑟𝑡𝑦
‖

‖

‖

2

𝐹

+ 𝛼
2
‖

‖

𝐷 ⋅ 𝐵𝑐𝑙𝑒𝑎𝑛‖‖
2
𝐹 + 𝛿

(

𝐵𝑐𝑙𝑒𝑎𝑛
)

(9)

where 𝐷 denotes a first-order difference operator that promotes spatial 
regularity, 𝛼 is a regularization parameter, and the non-negativity 
constraint 𝛿 (⋅) reflects the physical nature of defect reflectivity.

The central element of this formulation is the construction of the 
dispersion-informed PSF. In the context of Lamb-wave TFM imaging, 
the PSF represents the beamformer response to an idealized unit-
strength point scatterer. For a reference scatterer located at 𝐫0, the 
PSF evaluated at an arbitrary imaging point 𝐫 is modeled by ex-
plicitly preserving the dispersive phase accumulation associated with 
frequency-dependent group velocity, 
𝑃𝑑𝑖𝑠(𝐫; 𝑓 )

=
|

|

|

|

|

|

𝑁
∑

𝑛=1
𝑤(𝑓 ) exp

(

−𝑗2𝜋𝑓
|𝐫 − 𝐫𝑛| + |𝐫 − 𝐫𝑖|

𝑐𝑔(𝑓 )

)|

|

|

|

|

|

2 (10)

where 𝐫𝑛 denotes the position of the 𝑛th receiver, 𝑤(𝑓 ) is a frequency 
weighting window, and 𝑐𝑔(𝑓 ) is the frequency-dependent group velocity 
of the selected Lamb-wave mode. In practical Lamb-wave measure-
ments, the recorded wavefield may contain multiple propagating modes 
simultaneously. The measured signal can therefore be written as 

𝑢(𝐫, 𝑡) =
𝑀
∑

𝑚=1
𝑢𝑚(𝐫, 𝑡) + 𝑛(𝐫, 𝑡) (11)

where 𝑢𝑚(𝐫, 𝑡) denotes the contribution of the 𝑚th Lamb-wave mode and 
𝑛(𝐫, 𝑡) represents measurement noise. In the present work, deconvolu-
tion is performed for a selected target mode 𝑞, whose dispersion relation 
is either known theoretically or pre-characterized experimentally.

To extract the target mode from mixed-mode measurements, the full 
wavefield is first transformed into the wavenumber–frequency domain:
𝑈 (𝐤, 𝜔) = 𝐫,𝑡{𝑢(𝐫, 𝑡)} (12)

A dispersion-guided modal filter is then constructed around the target-
mode branch 𝑘𝑞(𝜔), 

𝑊𝑞(𝐤, 𝜔) = exp
⎡

⎢

⎢

⎣

−

(

|𝐤| − 𝑘𝑞(𝜔)
)2

2𝜎2𝑞

⎤

⎥

⎥

⎦

(13)

so that the target-mode component can be extracted as 
𝑈𝑞(𝐤, 𝜔) = 𝑊𝑞(𝐤, 𝜔)𝑈 (𝐤, 𝜔) (14)

𝑢𝑞(𝐫, 𝑡) = −1
𝐤,𝜔{𝑈𝑞(𝐤, 𝜔)} (15)

The subsequent PSF construction and deconvolution are therefore 
performed for the selected mode 𝑞, rather than for the raw mixed-mode 
signal itself. Accordingly, the imaging model can be written as 
𝑦𝑞 = 𝐴𝑞𝑥 + 𝜀𝑞 (16)

where 𝐴𝑞 is the forward operator constructed from the target-mode 
dispersion relation, and 𝜀𝑞 collects residual modal leakage, imperfect 
mode separation, and measurement noise. This formulation implies 
that modal coexistence does not alter the definition of the target-mode 
PSF itself; instead, insufficient mode separation appears as a residual 
term in the inversion model. Therefore, as long as the target-mode 
component can be sufficiently extracted, or remains dominant within 
the selected frequency–wavenumber region, the same target-mode PSF 
remains valid for deconvolution.

It should be noted that the present study focuses on mode-selected 
Lamb-wave imaging, and the current validation is performed separately 
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for the 𝑆0 and 𝐴0 modes. More challenging cases involving severe 
multimode overlap or strongly anisotropic propagation are beyond the 
scope of the present manuscript and will require further extension of 
the forward model.

The PSF is obtained by synthesizing the TFM response to a point 
scatterer 𝐫0 and normalized to ensure numerical stability. The corre-
sponding steering and excitation vectors are defined as 

ℎ𝑛 (𝐫) =
|

|

𝐫0 − 𝐫𝑛||
|

|

𝐫 − 𝐫𝑛||
⋅ exp

(

−𝑗𝜔
|

|

𝐫 − 𝐫𝑛||
𝑐𝑔(𝑓 )

)

(17)

𝑒𝑛 (𝐫) =
|

|

𝐫 − 𝐫𝑛||
|

|

𝐫0 − 𝐫𝑛||
⋅ exp

(

−𝑗𝜔
|

|

𝐫0 − 𝐫𝑛||
𝑐𝑔(𝑓 )

)

(18)

The PSF at location 𝐫 is then computed as the normalized TFM 
output 

𝑃𝑑𝑖𝑠 (𝐫) =
|

|

|

|

|

|

𝑁
∑

𝑛=1
ℎ𝑛 (𝐫) ⋅ 𝐞∗𝑛

|

|

|

|

|

|

2

∕𝑁2 (19)

where 𝐞∗𝑛 denotes complex conjugation. This matched-filter-based PSF 
construction naturally incorporates both modal dispersion and spatial 
variability, yielding a physically faithful representation of the Lamb-
wave imaging system. By embedding this dispersion-informed PSF 
into the forward imaging model, the proposed framework enables 
meaningful deconvolution that explicitly counteracts diffraction- and 
dispersion-induced blurring. The overall dispersion-informed deconvo-
lution workflow is summarized in Fig.  4.

The focused image can be written as 

𝑦(𝐫) = ∫𝛺
𝑃𝑑𝑖𝑠(𝐫, 𝝃) 𝑥(𝝃) 𝑑𝝃 + 𝑛(𝐫) (20)

where 𝑃𝑑𝑖𝑠(𝐫, 𝝃) denotes the space-dependent PSF associated with an 
observation point 𝐫 and a reflector location 𝝃. Therefore, the full 
physical model is not strictly shift-invariant.

However, the present study considers a limited imaging ROI, within 
which the spatial variation of the PSF is assumed to be moderate after 
target-mode selection and dispersion-informed correction. Under this 
condition, a local shift-invariant approximation is adopted for compu-
tational tractability. Specifically, with respect to a reference point 𝐫𝑐
(taken as the ROI center in the present implementation), the PSF is 
approximated as 
𝑃𝑑𝑖𝑠(𝐫, 𝝃) ≈ 𝑃𝐫𝑐 (𝐫 − 𝝃), 𝐫, 𝝃 ∈ 𝛺ROI (21)

so that the imaging model becomes 

𝑦(𝐫) ≈ ∫𝛺ROI

𝑃𝐫𝑐 (𝐫 − 𝝃) 𝑥(𝝃) 𝑑𝝃 + 𝑛(𝐫) (22)

where 𝑃𝐫𝑐  is the representative dispersion-informed PSF operator eval-
uated at the reference location. The FFT acceleration used in Eq. (7) is 
therefore applied to this local shift-invariant approximation, rather than 
to the full globally space-variant PSF.

3. Numerical validation on sub-diffraction-limit imaging

3.1. Finite element validation of sub-diffraction-limit imaging

In this section, the proposed super-resolution framework is val-
idated through finite element simulations designed to emulate sub-
diffraction-limit defect imaging scenarios. The primary objective is to 
quantitatively assess the ability of the proposed LWD-FISTA algorithm 
to overcome the intrinsic resolution limitations of conventional TFM.

Finite element simulations are conducted using COMSOL Multi-
physics 6.0, and the overall simulation configuration is illustrated in 
Fig.  5. The model consists of an aluminum plate with dimensions of 
600 mm × 600 mm and a thickness of 4 mm. Guided waves are excited 
on the back surface of the plate using a five-cycle Hanning-windowed 
tone burst with a central frequency of 200 kHz. A synthetic sensor array 
is deployed over a 100 mm × 100 mm region centered on the front 
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Fig. 5. Ultrasonic phased array simulation system. There are two hole defects with a distance of 5 mm. The shortest wavelength of the incident wave is 14 mm 
(corresponding to wavelength of 𝐴0 mode). According to Rayleigh’s half-wavelength criterion, the distance of 5 mm is smaller than the diffraction limit 7 mm. 
Thus super-resolution algorithms and advanced ultrasonic imaging are necessary to identify these two defects.
Fig. 6. (a) and (b) represent the traditional TFM results using different modes to detect defects, (a) using only the 𝑆0 mode and (b) using only the 𝐴0 mode, both 
failing to identify the sub-diffraction-limit spaced defects; (c) and (d) represent the LWD-FISTA results using different modes to detect defects, (c) using only the 
𝑆0 mode and (d) using only the 𝐴0 mode, both identifying the sub-diffraction-limit spaced defects. The aperture size is 100 mm and sensor spacing is 5 mm. The 
green markers indicate the ground-truth defect locations for reference. API (array performance indicator) is defined as the −6 dB mainlobe area of the effective 
PSF normalized by 𝜆2; a smaller value indicates a more compact PSF and higher spatial resolution.  (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
surface of the plate, with an inter-element spacing of 5 mm. To simulate 
closely-spaced defects, two circular holes with a radius of 1 mm and 
a depth of 2 mm are introduced at a location 100 mm from the left 
boundary of the plate, with a center-to-center separation of 5 mm.

The present study defines the reference resolution limit as the 
diffraction-limited (Rayleigh half-wavelength criterion) baseline of con-
ventional TFM under the same acquisition configuration. In the
200 kHz, 4 mm aluminum-plate case considered here, the dominant 
wavelengths are approximately 28 mm for the 𝑆0 mode and 14 mm for 
the 𝐴0 mode, corresponding to diffraction-limited baselines on the or-
der of 14 mm and 7 mm, respectively. Therefore, for the present defect 
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configuration with a center-to-center spacing of 5 mm, the separation 
task lies below the conventional TFM diffraction-limited baseline in the 
𝐴0 dominated case. In this sense, the term super-resolution in this work is 
used operationally to indicate resolution beyond the conventional TFM 
diffraction limit under the same aperture and sensor configuration.

This limitation is clearly observed in the conventional TFM (rep-
resentative results are shown in Fig.  6(a) and (b)). Neither the 𝑆0
nor the 𝐴0 mode is able to distinctly resolve the two circular holes, 
and the reconstructed images exhibit a single blurred response due to 
diffraction-induced energy spreading. Interestingly, while both modes 
fail to achieve defect separation, the 𝐴  mode yields comparatively 
0
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Fig. 7. (a) and (b) represent the traditional TFM results using different modes to detect defects: (a) using only the 𝑆0 mode and (b) using only the 𝐴0 mode, 
both failing to identify the sub-diffraction-limit spaced defects. (c) and (d) represent the LWD-FISTA results using different modes to detect defects: (c) using only 
the 𝑆0 mode and (d) using only the 𝐴0 mode, both identifying the sub-diffraction-limit spaced defects. The aperture size is 80 mm (reduced) while fixed sensor 
spacing of 5 mm. The green markers indicate the ground-truth defect locations for reference.  (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
improved localization performance owing to its shorter wavelength, 
which leads to a narrower effective PSF. In contrast, the proposed LWD-
FISTA method successfully resolves the two sub-diffraction-limit defects 
(Fig.  6(c) and (d)), where the magnified views clearly demonstrate 
accurate separation and localization of the two closely-spaced holes. 
Both the 𝑆0 and 𝐴0 modes are observed to achieve super-resolution 
imaging using the proposed framework. These results indicate that 
LWD-FISTA is able to effectively overcome the diffraction-induced lim-
itations inherent in conventional TFM. Quantitative evaluation using 
the array performance indicator (API) [2] where a smaller API value in-
dicates a more spatially confined energy distribution, further confirms 
the superior resolution achieved by the proposed method, reflecting a 
contracted effective PSF and reduced diffraction-induced spreading.

The distinct difference between the conventional TFM result and 
the proposed method may be directly attributed to the underlying PSF 
structure. In the conventional TFM image, the two closely-spaced de-
fects fall within the effective mainlobe width of the PSF and are there-
fore merged into a single blurred response, consistent with diffraction-
limited behavior. In contrast, by explicitly incorporating Lamb-wave 
dispersion into PSF modeling and inversion, the proposed approach 
effectively suppresses sidelobe interference and contracts the effective 
mainlobe, enabling the two defects to be clearly resolved.

Importantly, the observed resolution enhancement is not a numeri-
cal artifact of the inverse solver, but a direct consequence of physically 
consistent PSF reconstruction. By accounting for mode- and frequency-
dependent spatial spreading, the dispersion-informed PSF accurately 
captures the true imaging system response, ensuring that the recov-
ered defect separation reflects the underlying guided-wave scattering 
physics.

These finite element results confirm that super-resolution in Lamb-
wave TFM imaging is fundamentally governed by the structure of the 
PSF, rather than by post-processing alone. This observation naturally 
motivates a systematic investigation of the key physical and acquisition 
parameters that shape the PSF, including aperture size and sensor 
spacing, which are examined and presented in the following sections.

3.2. Influence of aperture size on imaging performance

In this subsection, the influence of array aperture size on the per-
formance of the proposed LWD-FISTA framework is investigated. From 
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the diffraction theory, the lateral resolution of a beamforming-based 
imaging system scales inversely with its effective aperture: a smaller 
aperture corresponds to reduced angular coverage, which in turn broad-
ens the mainlobe of the system PSF and elevates sidelobe levels. As a 
result, aperture size imposes a fundamental physical constraint on the 
system’s ability to resolve closely-spaced defects, independent of the 
post-processing algorithm employed.

To examine the robustness of the proposed super-resolution ap-
proach under aperture-limited conditions, the scanning aperture is 
reduced from 100 mm to 80 mm while keeping the sensor spacing fixed 
at 5 mm, as illustrated in Fig.  5. All other simulation parameters are 
identical to those described in Section 3.1. The reconstructed images 
for the 𝑆0 and 𝐴0 Lamb-wave modes are presented in Fig.  7, enabling 
a direct comparison between conventional TFM and the proposed 
LWD-FISTA under reduced aperture coverage.

The conventional TFM reconstructions obtained with the reduced 
aperture are shown in Fig.  7(a) and (b). For the 𝑆0 mode, a pronounced 
increase in sidelobe artifacts is observed, accompanied by severe degra-
dation in defect separability. Physically, this phenomenon arises from 
the diminished angular aperture of the array, which broadens the effec-
tive PSF and weakens the suppression of off-axis energy contributions, 
thereby amplifying imaging artifacts and blurring the defect responses.

In parallel the LWD-FISTA reconstructions are shown in Fig.  7(c) 
and (d). Although a noticeable reduction in overall image sharpness is 
observed compared with the full-aperture case, the two adjacent defects 
remain resolvable for both Lamb-wave modes, indicating the proposed 
method retains its super-resolution capability even when the available 
spatial aperture is reduced. The observed degradation in sharpness 
can be attributed to the inherent loss of spatial bandwidth associated 
with the smaller aperture, which limits the highest recoverable spatial 
frequencies, even after deconvolution.
Discussion: Overall, these results indicate the robustness of the pro-
posed LWD-FISTA framework. From a physical perspective, aperture 
reduction primarily affects the angular diversity of the measured wave-
field and therefore limits the spatial bandwidth available for imaging. 
The results presented here indicate that, within the considered aperture 
configuration, sufficient wavefield diversity is preserved to support 
physically consistent PSF inversion and super-resolution reconstruc-
tion. These observations suggest that, while aperture size governs the 
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Fig. 8. The LWD-FISTA image of only using 𝑆0 mode of different sensor spacing while a fixed aperture size of 100 mm. Sensor spacing: (a) 10 mm, (b) 8 mm, 
(c) 2.5 mm and (d) 2 mm.
angular content of the PSF, the fidelity of super-resolution imaging 
also critically depends on how well the wavefield is spatially sampled, 
which motivates the following investigation into the influence of sensor 
spacing.

3.3. The effect of sensor spacing

In this section, the influence of sensor spacing on the super-
resolution performance of the proposed LWD-FISTA framework is in-
vestigated. While the aperture size determines the angular coverage of 
the array, the sensor spacing governs the spatial sampling density of the 
measured wavefield, thereby directly affecting the recoverable spatial 
bandwidth and the conditioning of the inverse problem. Varying the 
sensor spacing therefore provides a critical insight into the trade-off 
between measurement effort and achievable imaging performance.

To isolate this effect, the scanning aperture is fixed at 100 mm, 
while the sensor spacing is varied among 10 mm, 8 mm, 2.5 mm, and 
2 mm, as illustrated in Fig.  8. This configuration enables a controlled 
comparison between spatially undersampled and densely sampled array 
measurements.

The imaging results obtained with coarse sensor spacings of 10 mm 
and 8 mm, respectively, are shown in Fig.  8(a) and (b). A noticeable 
degradation in image quality is observed, characterized by elevated 
sidelobe levels, increased artifacts, and blurred defect signatures. From 
a physical perspective, such degradation arises from spatial under-
sampling of the Lamb-wave field, which limits the capture of high-
spatial-frequency components and introduces aliasing effects. Conse-
quently, the system PSF becomes poorly defined, undermining both 
conventional beamforming and subsequent deconvolution.

In contrast, the reconstructions obtained with reduced sensor spac-
ings of 2.5 mm and 2 mm are shown in Fig.  8(c) and (d). In these 
cases, the two closely-spaced defects are clearly resolved with minimal 
sidelobe interference and improved localization accuracy. Dense spatial 
sampling enables a more faithful representation of the guided-wave 
field, effectively increasing the usable spatial bandwidth of the array 
and yielding a well-conditioned PSF. This, in turn, provides a stable 
foundation for the sparsity-promoting deconvolution in LWD-FISTA, 
allowing super-resolution features to be reliably recovered.
Discussion: It should be noted, however, that finer sensor spacing 
inevitably increases both data acquisition and computational costs. For 
example, reducing the spacing from 5 mm to 2 mm increases the num-
ber of sensing points from 441 to 2601 within the same aperture. This 
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highlights the practical necessity of balancing imaging performance 
against measurement efficiency.

From a theoretical standpoint, the selection of sensor spacing is 
fundamentally constrained by the spatial Nyquist sampling criterion, 
which requires the sampling interval to be smaller than half of the 
shortest wavelength of interest to avoid aliasing and preserve wavefield 
fidelity. Adequate spatial sampling is therefore essential not only for 
conventional TFM imaging, but also for ensuring the stability and 
effectiveness of deconvolution-based super-resolution methods. Exces-
sively coarse spacing leads to irreversible information loss that cannot 
be compensated by post-processing, whereas sufficiently dense sam-
pling enables accurate mode representation, robust PSF inversion, and 
reliable subwavelength defect imaging.

3.4. Robustness to noise: comparison with TR-MUSIC

In this section, the sub-diffraction-limit imaging performance of 
the proposed LWD-FISTA algorithm is evaluated in comparison with a 
widely adopted super-resolution technique, TR-MUSIC. TR-MUSIC ex-
ploits the orthogonality between signal and noise subspaces to achieve 
fine defect localization beyond the classical diffraction limit and has 
been extensively reported for high-resolution ultrasonic imaging. By 
benchmarking against TR-MUSIC under varying SNR conditions, we 
aim to assess not only the achievable resolution of both methods but 
also their robustness and practical reliability in noise-contaminated 
environments.

A fundamental distinction between the two approaches lies in their 
array configurations and data requirements. TR-MUSIC typically re-
lies on a multi-input multi-output (MIMO) array to construct a full 
multistatic response matrix, enabling accurate subspace decomposition 
at the expense of increased system complexity and data acquisition 
cost. In contrast, the proposed LWD-FISTA framework operates under a 
single-input multiple-output (SIMO) configuration, which significantly 
reduces hardware and acquisition demands. It should be noted that the 
comparison between TR-MUSIC and the proposed LWD-FISTA is not 
intended as a strictly configuration-matched head-to-head benchmark. 
Classical TR-MUSIC is typically formulated using multistatic response 
data and is therefore implemented here under a MIMO acquisition 
setting, whereas the proposed method operates in a SIMO framework. 
Accordingly, the purpose of this comparison is not to claim absolute 
superiority under identical information content, but to contrast the 
practical imaging performance and acquisition requirements of two 
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Fig. 9. The TR-MUSIC results of different SNR (a) 5 dB and (b) 0 dB. The LWD-FISTA results of different SNR (c) 5 dB and (d) 0 dB.
Fig. 10. Ablation study on the same dataset under an SNR of 30 dB. (a) Conventional TFM; (b) conventional deconvolution using a nominal PSF without dispersion 
embedding; (c) the proposed dispersion-informed deconvolution (LWD-FISTA); and (d) TR-MUSIC. In (b) and (c), the same FISTA solver, regularization form, and 
convergence settings are used, so that the only difference lies in the PSF model.
representative super-resolution strategies under their standard operat-
ing conditions. Moreover, because the MIMO configuration provides 
TR-MUSIC with richer measurement information than the SIMO set-
ting used by LWD-FISTA, the comparison should be interpreted as 
a practical benchmark of robustness and deployability rather than a 
comparison that artificially favors the proposed method.

The TR-MUSIC reconstructions at SNR levels of 5 dB and 0 dB, 
respectively, are presented in Fig.  9(a) and (b). At moderate SNR (5 dB), 
TR-MUSIC successfully resolves the two closely-spaced defects with 
high localization accuracy, demonstrating its strong super-resolution 
capability under favorable measurement conditions. However, when 
the SNR is reduced to 0 dB, the TR-MUSIC image deteriorates markedly, 
exhibiting pronounced spurious peaks and a loss of defect separabil-
ity. This degradation arises from the sensitivity of the signal-noise 
subspace separation to noise contamination, which corrupts the covari-
ance matrix estimation and destabilizes the identification of the signal 
subspace.

In contrast, the corresponding reconstructions using the proposed 
LWD-FISTA algorithm under identical noise conditions are shown in 
Fig.  9(c) and (d). Notably, even at 0 dB SNR, the two defects remain 
clearly resolved, with well-localized peaks and minimal noise-induced 
artifacts. This enhanced robustness can be attributed to the physics-
informed deconvolution framework, in which the dispersion-corrected 
PSF of Lamb wave propagation is explicitly embedded into the recon-
struction model. By enforcing consistency with the underlying wave 
physics, the algorithm effectively suppresses incoherent noise contri-
butions and concentrates energy at the true scatterer locations, thereby 
preserving localization accuracy in severely noisy data. These results 
emphasize that super-resolution performance in guided-wave imaging 
should be evaluated not only in terms of theoretical resolution limits, 
but also in terms of robustness and physical consistency under realistic 
noise conditions.
Discussion: From a physical standpoint, TR-MUSIC is a purely data-
driven subspace method that relies on accurate estimation of the data 
covariance matrix. When noise power becomes comparable to signal 
power, perturbations in the covariance matrix can significantly distort 
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the signal subspace, leading to false peaks and unstable imaging results. 
In contrast, the proposed LWD-FISTA approach leverages a determinis-
tic forward model through the PSF and incorporates regularization to 
constrain the solution space. This model-based formulation inherently 
stabilizes the inverse problem, improves the effective image-domain 
SNR, and mitigates noise-induced artifacts.

3.5. Ablation study on the role of dispersion-informed PSF modeling

To further clarify the source of the performance improvement, an 
ablation study was carried out on the same dataset under an SNR of 
30 dB. Four representative reconstructions are compared side by side: 
(i) conventional TFM, (ii) conventional deconvolution using a nomi-
nal PSF without dispersion embedding, (iii) the proposed dispersion-
informed deconvolution (LWD-FISTA), and (iv) TR-MUSIC. For a fair 
comparison, the deconvolution methods in (ii) and (iii) use the same 
FISTA solver, the same regularization form, and the same convergence 
settings. In this way, the influence of the forward-model construction 
can be separated from that of the numerical optimizer. In other words, 
the nominal PSF corresponds to a dispersion-frozen kernel, while the 
proposed PSF is dispersion-informed through the full selected-mode 
relation 𝑐𝑔(𝑓 ).

The comparison results are summarized in Fig.  10. As expected, 
conventional TFM remains diffraction-limited and produces a broad-
ened response in which the two closely spaced defects are not clearly 
separated. Conventional deconvolution with the nominal PSF provides 
only limited sharpening relative to TFM. This indicates that using the 
iterative solver alone is not sufficient when the forward blur kernel 
does not correctly reflect the dispersive propagation physics of Lamb 
waves. By contrast, the proposed dispersion-informed deconvolution 
yields the sharpest reconstruction and the clearest separation of the 
two defects, demonstrating that the dominant performance gain arises 
from the physically matched PSF model rather than from the iterative 
optimization procedure.

For completeness, TR-MUSIC is also included as a representative 
super-resolution benchmark. It provides high-resolution imaging under 
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Fig. 11. Finite-element validation on a non-penetrating defect. (a) Schematic of the blind-hole configuration with a depth of 2 mm, while all other simulation 
conditions remain unchanged from the previous case; (b) super-resolution imaging result for the 𝑆0 mode; and (c) result for the 𝐴0 mode. The results show 
that the proposed dispersion-informed deconvolution framework remains effective for a non-penetrating defect configuration, indicating that its benefit is not 
restricted to the idealized through-hole benchmark alone.
favorable conditions, but it is based on a different acquisition paradigm 
and therefore serves here as a reference super-resolution method rather 
than as a strictly solver-matched counterpart.

3.6. Finite-element validation on a non-penetrating defect

To further assess the robustness of the proposed framework beyond 
the 1 mm through-hole benchmark, an additional finite-element study 
was conducted on a non-penetrating defect configuration. In this exam-
ple, all simulation conditions were kept unchanged from the previous 
case, except that the defect was replaced by a blind hole with a depth 
of 2 mm. The corresponding schematic is shown in Fig.  11(a).

The super-resolution imaging results for this blind-hole case are 
shown in Fig.  11(b) and (c) for the 𝑆0 and 𝐴0 modes, respectively. It can 
be observed that the proposed method remains capable of producing a 
spatially concentrated reconstruction for both modes, indicating that 
the dispersion-informed PSF inversion is not restricted to the idealized 
through-hole configuration alone.

It is worth noting that the group velocity used in the dispersion-
informed PSF is jointly determined by the excitation frequency and the 
plate thickness, i.e. 𝑐𝑔(𝑓𝑑). Therefore, uncertainty in either the selected-
mode dispersion relation or the nominal thickness directly perturbs the 
propagation delay embedded in the PSF, and thus appears as a PSF 
mismatch problem. In the present study, this effect is mitigated by the 
use of a narrowband excitation and a nominally uniform 4 mm plate, 
for which the target-mode dispersion relation remains well defined over 
the imaging region. To further examine the robustness boundary of 
the proposed method, a sensitivity study was carried out by perturbing 
the assumed 𝑆0 mode group velocity by ±2% and ±5% relative to the 
theoretical value.

The corresponding sensitivity results are shown in Fig.  12, where 
the assumed 𝑆0 mode group velocity is perturbed by −5%, −2%, +2%, 
and +5%, respectively. It can be observed that moderate perturbations 
of ±2% introduce only limited degradation in the reconstructed image: 
the main effect is a mild broadening of the reconstructed peaks together 
with a slight reduction in focusing sharpness. When the perturbation 
increases to 5%, the PSF mismatch becomes more evident, leading 
to stronger peak broadening, reduced contrast, and a more noticeable 
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localization bias. Nevertheless, the degradation remains gradual rather 
than catastrophic, indicating that the proposed framework is reason-
ably robust to moderate uncertainty in the assumed group velocity. 
From a physical point of view, this is because an error in 𝑐𝑔 mainly 
perturbs the delay law embedded in the PSF, and the resulting mis-
match is partially absorbed by the sparsity-regularized inversion. Since 
the Lamb-wave dispersion relation is thickness-dependent, the above 
sensitivity study also provides a physically relevant indication of how 
moderate thickness uncertainty may affect the proposed PSF-based re-
construction. In other words, thickness error enters the model primarily 
through dispersion mismatch, which perturbs the delay consistency of 
the PSF and gradually degrades super-resolution performance.

4. Experimental validation

Laboratory experimental validation was conducted to further assess 
the performance and robustness of the proposed LWD-FISTA frame-
work under realistic measurement conditions. The experiments were 
designed to validate the algorithm’s ability to achieve sub-diffraction-
limit imaging in guided-wave inspections and to examine its sensitivity 
to key experimental parameters.

A T6061 aluminum plate with dimensions of 600 mm × 600 mm 
× 4 mm was selected as the test specimen (Fig.  13). Two circular 
through-holes with a radius of 1 mm were introduced near the central 
region of the plate to emulate closely-spaced defects. The holes were 
separated by a center-to-center distance of 𝑑 = 5 mm and positioned 
approximately 70 mm away from the reference point. A five-cycle 
Hanning-windowed sinusoidal tone burst with a central frequency of 
200 kHz was employed as the excitation signal. The excitation was 
applied using a surface-bonded piezoelectric (PZT) transducer mounted 
at the center of the plate’s front surface. Out-of-plane displacement 
responses within the region of interest were acquired using a Polytec 
Qtec 3D PSV-500 scanning laser Doppler vibrometer (LDV), operating 
at a sampling frequency of 5.12 MHz.

Using the experimentally measured 𝑆0 mode Lamb wave responses, 
the proposed LWD-FISTA method is observed to detect and locate 
the two closely-spaced defects successfully, as shown in Fig.  14. The 
reconstructed defect locations exhibit good agreement with the ground-
truth positions, with localization errors remaining within acceptable 
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Fig. 12. Sensitivity of the proposed LWD-FISTA reconstruction to uncertainty in the assumed 𝑆0 mode group velocity. The theoretical 𝑆0 mode group velocity 
at 200 kHz in the 4 mm aluminum plate is approximately 5600 m/s. Panels (a)–(d) show the reconstruction results obtained with perturbed group velocities of 
(a) −5%, (b) −2%, (c) +2%, and (d) +5%, respectively.
Fig. 13. The experimental setup involved the collection of ultrasonics lamb wave signals and focused on a specific region of interest within a tested aluminum 
plate.
experimental tolerances. These results indicate the super-resolution 
capability of the proposed method in the presence of experimental 
uncertainties such as measurement noise and boundary reflections.

To further examine the robustness of the proposed framework, a 
series of experiments were conducted by systematically varying two 
key practical parameters: the scan aperture and sensor spacing. These 
experiments were designed to mirror the numerical parametric studies 
and to assess the sensitivity of the reconstruction to changes in mea-
surement configuration. The corresponding imaging results (Fig.  15) 
clearly demonstrate that the LWD-FISTA algorithm maintains reliable 
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defect separability across a range of aperture sizes and spatial sampling 
densities.

Discussion: From a physical perspective, reducing the scan aper-
ture constrains the effective angular coverage of the sensing array, 
leading to a broadened system PSF and a corresponding degradation 
in lateral resolution. Despite this fundamental limitation, the pro-
posed LWD-FISTA algorithm remains capable of resolving the two 
closely spaced defects, underscoring its ability to partially overcome 
diffraction-induced blurring through physics-informed deconvolution.

Similarly, decreasing the sensor spacing increases the spatial sam-
pling density of the Lamb wave field, allowing higher spatial frequency 
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Fig. 14. The image is a LWD-FISTA result in experimental validation of subwavelength defect detection. Aperture size is 100 mm and sensor spacing is 5 mm.
Fig. 15. The images in the upper row are scanned with a scan side length of 80 mm and (a) sensor spacing of 10 mm, (b) sensor spacing of 5 mm and (c) sensor 
spacing of 2.5 mm. The images in the bottom row are scanned with a side length of 100 mm, (d) sensor spacing of 10 mm, (e) sensor spacing of 5 mm and (f) 
sensor spacing of 2.5 mm.
components to be captured and resulting in sharper, more artifact-
free reconstructions. This enhanced sampling fidelity leads to clearer 
defect boundaries and improved localization accuracy, experimentally 
confirming that adequate spatial sampling is essential for achieving 
high-quality super-resolution imaging.

4.1. Comparison with representative deep learning-based super-resolution 
methods

Recent deep learning-based super-resolution Lamb-wave imaging 
methods have shown promising performance, particularly for subwave-
length defect reconstruction using multiscale learned priors and, more 
recently, Bayesian uncertainty-aware networks. However, their imaging 
mechanism differs fundamentally from that of the present study.

To better position the present work relative to representative
learning-based approaches, Table  1 summarizes a methodological com-
parison between representative learning-based Lamb-wave super-
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resolution approaches and the proposed LWD-FISTA framework, in 
order to clarify the distinct role of the present physics-informed and 
training-free formulation. The comparison is informative in clarify-
ing the practical role of the proposed method. In particular, unlike 
learning-based approaches, LWD-FISTA does not require offline train-
ing or labeled datasets, and can be directly deployed once the target-
mode dispersion relation is specified. Under the present experimental 
configuration, the proposed method successfully resolves two closely 
spaced defects with a center-to-center spacing of 5 mm, which is below 
the diffraction-limited baseline of conventional TFM (approximately 
7 mm for the 𝐴0-dominated case at 200 kHz under the present aper-
ture setting). These observations suggest that the proposed method 
should be viewed as a physics-based and training-free complement to 
deep learning-based super-resolution imaging, with particular advan-
tages in physical interpretability, reduced data dependence, and direct 
deployability across measurement conditions.
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Table 1
Comparison between representative deep learning-based Lamb-wave super-resolution methods and the proposed LWD-FISTA framework.
 Method Generalization Train Retraining burden Physical interpretability Uncert. Deployment flexibility 
 Multiscale deep learning Moderate Strong Strong Limited Limited Moderate  
 Bayesian deep learning Moderate Strong Strong Limited Strong Moderate  
 Proposed LWD-FISTA Strong Limited Limited Strong Limited Strong  
5. Conclusion and future work

Conventional ultrasonic array imaging methods, including the TFM, 
are inherently constrained by diffraction, which manifests through the 
finite mainlobe width and sidelobe structure of the system PSF and 
limits the reliable separation of closely-spaced defects. In Lamb-wave-
based imaging, this challenge is further compounded by strong modal 
and frequency dispersion, which fundamentally distorts the PSF and 
invalidates conventional shift-invariant assumptions.

In this work, we present that super-resolution imaging in guided-
wave NDT may be achieved through a physics-informed inversion of 
the imaging system response. By explicitly incorporating Lamb-wave 
dispersion into PSF modeling and embedding this dispersion-informed 
PSF into a deconvolution framework, the proposed approach effectively 
suppresses sidelobe interference and contracts the effective PSF main-
lobe, thereby enabling reliable defect separation beyond the classical 
diffraction limit while preserving the intrinsic noise robustness of TFM.

The proposed framework was validated through both finite element 
simulations and laboratory experiments on aluminum plates. System-
atic parametric studies reveal that the attainable super-resolution per-
formance is jointly governed by physical and sampling constraints. 
Specifically, increasing the effective aperture enhances angular cover-
age and spatial bandwidth, leading to a narrower PSF; while sufficiently 
dense sensor spacing is essential to preserve wavefield fidelity and 
prevent spatial aliasing that degrades deconvolution accuracy. Further-
more, comparative studies with the TR-MUSIC algorithm show that 
the proposed method exhibits remarkable robustness under low-SNR 
conditions, maintaining reliable defect separability at SNR levels as low 
as 0 dB.

Collectively, these results indicate that the key to achieving super-
resolution Lamb-wave imaging lies in physically consistent PSF model-
ing and inversion, with the deconvolution solver serving as an enabling 
computational tool. Thus, the proposed dispersion-informed framework 
may provide an effective alternative for practical NDT scenarios char-
acterized by limited aperture, sparse measurements, and strong noise 
contamination.

Some challenges associated with applying the proposed method 
are also observed in this study. First, it was observed that while the 
proposed framework is highly effective for isolated subwavelength 
defects, its extension to spatially distributed damage patterns, such 
as corrosion and irregular material loss, introduces additional chal-
lenges related to PSF variability and model mismatch. Addressing 
these issues motivates several directions for future research. In par-
ticular, the proposed dispersion-informed deconvolution framework 
will be extended to more complex damage scenarios, including dis-
tributed corrosion, subwavelength defects with irregular geometries. 
Moreover, future work will extend the current single-mode formulation 
toward more challenging cases involving severe multimode aliasing, 
higher-frequency excitation, and structurally complex media such as 
anisotropic composite laminates, where multimode and anisotropy-
aware forward models may be required.
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Appendix. The deconvolution algorithm

This appendix briefly summarizes the numerical solvers employed 
to efficiently compute the dispersion-informed deconvolution problem 
presented in the main text. In particular, we outline the FFT-based 
non-negative least squares (FFT-NNLS) formulation and its acceler-
ated solution using the Fast Iterative Shrinkage-Thresholding Algorithm 
(FISTA). These algorithms serve as numerical solvers for the proposed 
physics-informed inverse model, enabling computationally efficient re-
construction for large-scale Lamb-wave imaging problems, without 
altering the underlying physical formulation.

The resulting constrained optimization problem is given by 

min
𝐵clean≥0

1
2
‖

‖

‖

−1 (
(

𝐵𝑐𝑙𝑒𝑎𝑛
)

𝛩
(

𝑃𝑑𝑖𝑠
))

− 𝐵𝑑𝑖𝑟𝑡𝑦
‖

‖

‖

2

𝐹
(A.1)

where ‖⋅‖ denotes the Frobenius norm.
Owing to the high dimensionality of practical imaging problems, 

first-order optimization methods are typically adopted to achieve com-
putationally efficient solutions [45]. The optimization problem in Eq.
(A.1) corresponds to a NNLS formulation [38]. To efficiently solve 
this large-scale inverse problem, we adopt the FISTA, an accelerated 
first-order method well suited for convex problems with composite 
objectives [46]. The smooth part of the objective function is given by 
1
2
‖

‖

‖
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2
‖

‖
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2

𝐹

(A.2)

Efficient implementation of FISTA requires estimation of the Lip-
schitz constant 𝐿1 of the gradient ∇𝑓 (⋅). It is widely recognized that 
for 𝜓 (𝑥) = 1

2 ‖𝐴𝑥 − 𝑏‖
2

𝐹
 is a smooth and unconstrained quadratic 

function [42], a Lipschitz constant is the maximum eigenvalue 𝜆𝑚𝑎𝑥 of 
the Hessian matrix ∇2𝜓 = 𝐴𝑇𝐴 and it can therefore be estimated using 
the power method [43]. Regarding the power method, its convergence 
rate is determined by the ratio of the largest eigenvalue to the second 
eigenvalue. Further discussion on the convergence properties can be 
found in Golub and Van Loan [47]. Similarly, the Lipschitz constant in 
Eq. (A.2) can also be efficiently estimated.

The FISTA iterations are terminated when either the relative change 
between two consecutive iterates falls below a prescribed tolerance or 
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the maximum iteration number is reached. Specifically, the conver-
gence criterion is defined as 
‖𝐵(𝑘+1)

𝑐𝑙𝑒𝑎𝑛 − 𝐵(𝑘)
𝑐𝑙𝑒𝑎𝑛‖𝐹

max(‖𝐵(𝑘)
𝑐𝑙𝑒𝑎𝑛‖𝐹 , 𝜀0)

< 𝜀tol (A.3)

where 𝜀tol is the convergence tolerance, and 𝜀0 is a small positive 
constant introduced to avoid division by zero. In the present work, 
the iterative process is stopped when Eq. (A.3) is satisfied or when the 
iteration number reaches 𝐾max. In all reconstructions reported in this 
study, we set 𝜀tol = 1𝑒−5 and 𝐾max = 100.

Data availability

Data will be made available on request.
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