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Abstract. Sparse-path Lamb-wave imaging remains challenging because the available pitch–catch paths con-
tribute unequally to defect localisation, and simple equal-weight fusion often produces diffuse and unstable
hotspots. This study proposes a reliability-aware physics-guided framework for sparse-path Lamb-wave de-
fect imaging. The method combines unified preprocessing and scattering-envelope extraction, delay-constrained
single-path elliptical imaging, two-stage path-reliability weighting, and lightweight image refinement under a
soft physics prior. Experimental validation is performed using paired intact–damaged measurements from an alu-
minium plate with a controlled through-hole defect, which serves as a representative compact scattering source
for evaluating the sparse-path imaging chain. Physically aligned scattering-envelope model (SEM)-assisted aux-
iliary datasets are used for refinement learning and statistical assessment under the same geometry and delay-
mapping convention. The results show that single-path imaging is strongly underdetermined, whereas multi-
path fusion reduces localisation error from over 100 mm to the order of tens of millimetres. On the SEM-100
benchmark, the trained refinement stage further reduces the mean localisation error from 19.0 to 4.8 mm while
substantially improving image quality. The proposed framework therefore provides a practical balance between
physical interpretability, sparse sensing, and data-assisted enhancement for guided-wave inspection with limited
reliable paths and scarce labelled data.

1 Introduction

Guided Lamb waves are among the most widely used sens-
ing modalities in structural health monitoring and non-
destructive evaluation of plate-like structures because they
offer a long interrogation range, high sensitivity to disconti-
nuities, and straightforward integration with surface-bonded
piezoelectric transducers. Recent progress has moved the
field well beyond classical delay-and-sum localisation to-
ward full-field imaging, sparse-array reconstruction, physics-
aware signal processing, and learning-assisted diagnostics
(Yang et al., 2023; Segers et al., 2022; Philibert et al., 2022;
Wang et al., 2022; Segers et al., 2021). In parallel, phased-

array and multimode compounding studies have shown that
imaging quality can be improved substantially when delay
modelling, phase consistency, and mode-sensitive informa-
tion are handled explicitly rather than heuristically (Xu et al.,
2023a; Li et al., 2023; Huang et al., 2024; Xu et al., 2024a).
For practical structural health monitoring (SHM), however,
the key requirement is not merely defect indication but rather
stable localisation with interpretable images under limited
sensing resources and imperfect operating conditions. Sim-
ilar system-level thinking has also been emphasised in recent
reviews of soft robotic control and solar-sail mission design,
where structural design, physics-based modelling, actuation
or mission constraints, and intelligent decision-making must
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be considered jointly rather than in isolation (Yu et al., 2026;
Zhao et al., 2023).

This requirement becomes especially difficult in sparse-
path settings. In many practical deployments, the number of
usable actuator–sensor paths is constrained by wiring, ac-
cess, geometry, or power, and so the acquired data do not
satisfy the assumptions underlying full-wavefield or full-
matrix-capture approaches. Existing studies have addressed
this problem from several directions, including autoencoder-
assisted delay-and-sum imaging, sparse and limited-view
signal reconstruction, modular neural-network localisation,
multi-path exploitation, probabilistic imaging, and sparse-
reconstruction-based inversion (Yu et al., 2023; Wang et al.,
2024; Gao et al., 2024; Zeng et al., 2022, 2025; Zhang et al.,
2024b; Xue et al., 2025b, a). Nonetheless, the core diffi-
culty remains unresolved: under a genuinely sparse sensing
network, defect-sensitive information is distributed very un-
evenly across paths, and simple equal-weight fusion often
produces diffuse hotspots, elevated artefacts, and unstable lo-
calisation.

In a sparse pitch–catch network, each individual path pro-
vides only a one-dimensional geometric constraint: a defect-
scattered arrival maps the candidate defect to an actuator–
receiver ellipse rather than to a unique point. Therefore, a
single path may produce an elongated high-response man-
ifold with many geometrically admissible locations. Reli-
able localisation requires the mutual intersection and consis-
tency of several pathwise responses. When only a few paths
are available, this intersection becomes sensitive to coupling
variation, angular coverage, and path-dependent scattering
strength, making sparse-path imaging intrinsically underde-
termined rather than merely a reduced-channel version of
dense-array imaging.

A closely related issue concerns the front-end represen-
tation of defect-sensitive information. Lamb-wave measure-
ments are affected by dispersion, mode conversion, envi-
ronmental variability, and path-dependent amplitude scal-
ing. Accordingly, recent work has emphasised baseline-free
strategies, local-wavenumber imaging, hyperbolic localisa-
tion, and robust feature representations that remain infor-
mative when pristine baselines are unavailable or unreliable
(Segers et al., 2021, 2022; Zhu et al., 2024; Xu et al., 2023b;
Barzegar et al., 2025). At the same time, there is increasing
interest in reliability-aware or uncertainty-aware localisation,
where the objective is not only to predict a damage position
but also to assess how trustworthy that prediction is for a
specific case (Khurjekar and Harley, 2024). This perspective
is particularly important for sparse-path SHM, where a vi-
sually plausible image may still be dominated by unreliable
path contributions.

A further question is how learning should be used. Deep
learning has demonstrated clear potential in guided-wave
imaging, corrosion mapping, and damage diagnosis when
sufficiently rich datasets are available (Wang et al., 2022;
Wu et al., 2021; Gonzalez-Jimenez et al., 2024; Zhang et al.,

2024a). Learning has also been combined with coarse phys-
ical images through auto-encoder-assisted imaging, hybrid
enhancement, and related refinement schemes (Yu et al.,
2023; Zhang et al., 2024a; Luo et al., 2025). However, purely
data-driven inference remains difficult to justify in many
SHM scenarios, especially when labelled experimental data
are scarce, when acquisition is costly, or when the output
must remain physically interpretable. This limitation is even
more evident for weakly scattering or early-stage damage,
where recent nonlinear Lamb-wave studies have shown both
the promise of damage-sensitive features and the difficulty
of converting those features into reliable spatial images (Xu
et al., 2024a, b). For constrained SHM problems, learning
is therefore most persuasive when it refines a physically
meaningful coarse image rather than replacing the underly-
ing propagation model altogether.

Recent studies on anisotropic laminates, tapered plates,
lap joints, and multi-damage configurations further indi-
cate that reliable localisation on non-ideal structures requires
path-dependent modelling and hybrid inference rather than
a generic imaging recipe (Wu et al., 2022; Chen et al.,
2024; Zhang et al., 2025; Zeng et al., 2025; Luo et al.,
2025). However, a compact framework that jointly addresses
three issues – the use of experimentally acquired sparse
pitch–catch data, path-to-path reliability variation, and small-
sample physics-guided enhancement – remains lacking. Mo-
tivated by this gap, the present work proposes a reliability-
aware physics-guided framework for sparse-path Lamb-wave
defect imaging. The method integrates unified preprocess-
ing, delay-constrained single-path imaging, two-stage path
reliability weighting, and lightweight image refinement un-
der a soft physics prior. Rather than competing with full-
wavefield imaging or large-array inspection in data-rich set-
tings, the proposed strategy is designed for the more con-
strained and practically relevant case in which only a small
set of paired intact–damaged signals is available, yet robust
and interpretable localisation is still required (Wang et al.,
2024; Khurjekar and Harley, 2024; Zhang et al., 2024b; Xue
et al., 2025a; Barzegar et al., 2025).

The contributions of this study are fourfold. First, a
unified physically interpretable front-end is established for
paired sparse-path Lamb-wave signals, covering preprocess-
ing, scattering-envelope extraction, and delay-constrained
single-path imaging. Second, a two-stage reliability assess-
ment is introduced to quantify path usefulness from tempo-
ral consistency, relative amplitude, and envelope compact-
ness, thereby replacing ad hoc equal-weight accumulation.
Third, a lightweight enhancement network is coupled to
the reliability-weighted coarse image through a soft physics
prior so that learning acts as constrained refinement rather
than unconstrained inversion. Fourth, the complete frame-
work is validated using experimentally acquired sparse-path
measurements stored in comma-separated-value (CSV) files
together with physically aligned scattering-envelope model
(SEM)-assisted auxiliary datasets, enabling joint assessment
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of front-end interpretability and back-end enhancement un-
der small-sample conditions.

The remainder of the paper is organised as follows. Sec-
tion 2 presents the proposed methodology. Section 3 de-
scribes the experimental configuration and dataset construc-
tion. Section 4 reports signal-level validation, imaging per-
formance, quantitative comparisons, ablation results, and ro-
bustness analysis. Finally, Sect. 5 summarises the main con-
clusions and outlines future work.

2 Methods

The proposed framework targets sparse-path Lamb-wave
imaging under experimentally realistic conditions, where
only a limited number of actuator–sensor paths are available
and where the defect-sensitive information is distributed un-
evenly across those paths. In such cases, direct equal-weight
fusion often yields diffuse hotspots and unstable localisa-
tion, whereas unconstrained learning may sharpen the im-
age at the expense of physical plausibility. To address both
issues, the present method combines unified signal prepro-
cessing, delay-constrained single-path imaging, reliability-
aware multi-path fusion, and lightweight physics-guided re-
finement within a single interpretable pipeline.

2.1 Overall framework

Let the set of effective paths be

P = {(1,2), (1,3), (2,3), (4,1), (4,2), (4,5)}, (1)

with P = |P| = 6. For each path (i,j ) ∈ P , the damaged-
state and intact baseline signals are denoted by sij (t) and
s0
ij (t), respectively. The objective is to estimate the defect lo-

cation d̂ = [x̂, ŷ]> over the inspection domain �.
As shown in Fig. 1, the framework consists of four

stages. First, each damaged–intact signal pair is filtered,
normalised, temporally aligned, and converted into a non-
negative scattering-envelope feature. Second, each pathwise
envelope is mapped into the inspection domain by delay-
constrained elliptical backprojection. Third, the path im-
ages are fused using reliability weights derived from de-
lay consistency, relative scattering amplitude, and envelope
compactness. Fourth, the fused coarse image is refined by
a lightweight enhancement network constrained by a soft
physics prior. The SEM-assisted auxiliary data are used only
for refinement learning and validation, whereas the measured
sparse-path signals remain the basis of the physical front-
end. Thus, the proposed pipeline is physics-first: learning is
introduced only after a physically meaningful coarse image
has been formed.

The reliability-weighted coarse image is formed by com-
bining the normalised path images with their reliability

weights:

Iw(x)=
∑

(i,j )∈P
wij Îij (x). (2)

After physics-guided refinement, the final defect estimate is
obtained from the global maximum of the enhanced image:

d̂ = argmax
x∈�

Î (x). (3)

For clarity, Table 1 defines the key terms used throughout
the proposed framework.

2.2 Signal preprocessing and scattering-envelope
extraction

Because direct subtraction of damaged and intact traces is
sensitive to gain variation and small trigger mismatches, all
paths are processed using the same front-end before imaging.
Each raw signal is first band-pass filtered in the 150–400 kHz
range to retain the principal excitation band while suppress-
ing low-frequency drift and high-frequency noise. The fil-
tered traces are then normalised by a derivative-based scale
estimate, which is less sensitive to slow baseline bias than
direct amplitude normalisation:

ŝij (t)= B
[
sij (t)

]
, ŝ0
ij (t)= B

[
s0
ij (t)

]
,

aij =

(
1
N

N∑
n=1

(
∇ ŝij [n]

)2)1/2

,

a0
ij =

(
1
N

N∑
n=1

(
∇ ŝ0

ij [n]
)2)1/2

,

s̃ij (t)=
ŝij (t)
aij + ε

, s̃0
ij (t)=

ŝ0
ij (t)

a0
ij + ε

. (4)

Residual timing mismatch between the damaged and intact
measurements is corrected by local cross-correlation:

1tij = arg max
τ∈[−τmax, τmax]

t2∫
t1

s̃ij (t) s̃0
ij (t + τ ) dt, (5)

which yields the aligned baseline s0
ij (t)= s̃0

ij (t +1tij ). The
defect-sensitive residual and its analytic envelope are then
defined as

1qij (t)= s̃ij (t)− s0
ij (t),eij (t)=

∣∣H[1qij (t)
]∣∣ , (6)

where H[·] denotes the Hilbert transform. A short moving-
average smoothing may be applied after Eq. (6) to suppress
isolated spikes without materially shifting the peak position.
The envelope eij (t) is used consistently in all subsequent
imaging and reliability calculations.
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Figure 1. Overview of the proposed sparse-path Lamb-wave imaging framework, including signal preprocessing, delay-constrained single-
path imaging, reliability-aware fusion, and physics-guided enhancement. SEM-assisted auxiliary data are used only for refinement learning
and validation.

Table 1. Concise definitions of key terms used in the proposed framework.

Term Concise definition

Scattering-envelope extraction Subtracting the aligned intact baseline from the damaged signal and taking the
Hilbert envelope to obtain a defect-sensitive trace.

Path reliability weighting Fusion weighting based on delay consistency, relative scattering amplitude,
and envelope compactness.

Delay-constrained imaging Elliptical backprojection using the predicted actuator–defect–receiver travel
time.

Soft physics prior A continuous delay consistency map that guides refinement and suppresses
delay-inconsistent enhancement.

SEM-assisted data Geometry-consistent auxiliary sparse-path data generated under the same plate
geometry, sensor layout, path set, and delay-mapping settings as the
experiment.

2.3 Delay-constrained single-path elliptical imaging

For each actuator–sensor pair, a defect-scattered arrival con-
strains the candidate defect to an ellipse with the actuator and
sensor as its foci. Let r i and rj denote the coordinates of the
actuator and sensor for path (i,j ), and let x = (x,y) ∈� be
a candidate point. The corresponding predicted delay is

τij (x)=
‖x− r i‖2+‖x− rj‖2

c
(ij )
g

, (7)

where c(ij )
g is the path-dependent effective group velocity

used for delay mapping. Here, “effective” refers to the cal-
ibrated speed associated with the dominant imaged arrival;
it absorbs practical effects such as finite bandwidth, modal
mixture, and arrival-picking bias and should not be inter-
preted as intrinsic material anisotropy.

Figure 2 illustrates this delay mapping. For one actuator–
receiver path, all candidate points with the same total travel
distance form an ellipse with the actuator and receiver as foci.
Therefore, a single path does not uniquely determine the de-
fect location; it only provides an admissible elliptical mani-
fold.

Instead of assigning the envelope value at a single sample,
a short symmetric integration window is used to improve ro-
bustness to arrival-picking errors and effective-velocity un-
certainty:

Iij (x)=

τij (x)+1τ/2∫
τij (x)−1τ/2

eij (t) dt, (8)

where 1τ is the window width. The resulting path image
is min–max normalised to suppress purely numerical scale
differences between paths:

Îij (x)=
Iij (x)−minx∈�Iij (x)

maxx∈�Iij (x)−minx∈�Iij (x)+ ε
. (9)

The single-path images already preserve the correct prop-
agation geometry, but their quality is path dependent because
the sparse network does not interrogate the defect region uni-
formly. This motivates the reliability-aware fusion stage.
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Figure 2. Delay-constrained single-path elliptical imaging. A candidate point is evaluated by its predicted actuator–defect–receiver travel
time, and the corresponding envelope energy is accumulated within a short temporal window.

2.4 Reliability-aware path weighting and multi-path
fusion

A sparse-path image should not be formed by assuming that
all paths are equally informative. In practice, some paths
exhibit strong and temporally coherent defect-scattered ar-
rivals, whereas others are weakened by poor coupling, un-
favourable geometry, or diffuse responses. The proposed fu-
sion strategy therefore uses a first-pass estimate followed by
pathwise reliability assessment.

A coarse reference image is first obtained by equal-weight
accumulation:

I (0)(x)=
1
P

∑
(i,j )∈P

Îij (x), d̂(0)
= argmax

x∈�
I (0)(x). (10)

This first-pass location is used only to evaluate path consis-
tency and is not taken as the final result.

For each path, let

t∗ij = argmax
t
eij (t),τ pred

ij = τij

(
d̂(0)

)
(11)

denote the measured envelope peak time and the predicted
delay at the coarse estimate, respectively. The time-of-flight
mismatch is defined as

δτij =

∣∣∣t∗ij − τ pred
ij

∣∣∣
τ

pred
ij + ε

,φ
(ij )
tof = exp

(
−λδτij

)
, (12)

where φ(ij )
tof is the temporal-consistency score.

To avoid relying on timing alone, two additional indicators
are used: the peak envelope magnitude,

Aij =max
t
eij (t), (13)

and the envelope compactness measured by temporal kurto-
sis,

κij =
E
[(
eij (t)− eij

)4](
E
[(
eij (t)− eij

)2])2
+ ε

, (14)

where eij = E[eij (t)]. Both Aij and κij are min–max nor-
malised over the path set, yielding Ãij and κ̃ij .

The raw reliability score is then defined multiplicatively as

rij = φ
(ij )
tof Ãij κ̃ij , (15)

and the final fusion weights are

wij =
rij∑

(m,n)∈Prmn+ ε
,
∑

(i,j )∈P
wij = 1. (16)

The reliability-weighted coarse image is therefore

Iw(x)=
∑

(i,j )∈P
wij Îij (x). (17)

Compared with uniform accumulation, Eq. (17) suppresses
geometrically admissible but weak or inconsistent paths
while retaining the complementarity of multi-path informa-
tion.

2.5 Physics-guided lightweight enhancement network

Although reliability-aware fusion substantially improves the
coarse image, residual artefacts may still remain because a
sparse set of elliptical manifolds rarely intersects perfectly
at a single pixel under realistic experimental uncertainty. A
lightweight learning stage is therefore introduced, but its role
is limited to refining the physically meaningful coarse image
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Figure 3. Reliability-aware fusion: first-pass localisation, path quality indicators, normalised path weights, and weighted image formation.

rather than performing end-to-end inversion from raw sig-
nals.

Let Nθ (·) denote the trainable encoder–decoder. Its output
is

Î (x)=Nθ

(
Iw(x), Mp(x)

)
, (18)

where Mp(x) is a reliability-aware soft physics prior:

Mp(x)=
1∑

(i,j )∈Pwij + ε

∑
(i,j )∈P

wij exp

−
(
τij (x)− t∗ij

)2

2σ 2
τ

 . (19)

This prior highlights regions that remain compatible with
the measured arrival times of the more reliable paths while
softly penalising delay-inconsistent regions. Unlike a hard
binary intersection mask, it remains stable when one or two
paths are degraded and is therefore better suited to sparse-
path measurements.

The network is trained to match the defect-centred target
image G(x) defined in Sect. 3. A composite loss is adopted:

L= Lrec+ λfLfocal+µLphys, (20)

with

Lrec =
1
|�|

∑
x∈�

(
Î (x)−G(x)

)2
,

Lfocal =−
1
|�|

∑
x∈�

G(x)
(

1− Î (x)
)γ

log
(
Î (x)+ ε

)
,

Lphys =
1
|�|

∑
x∈�

(
1−Mp(x)

)
Î (x).

(21)

The reconstruction term preserves global fidelity, the focal
term concentrates probability near the defect centre, and the
physics-consistency term discourages enhancement in delay-
inconsistent regions. This design keeps the learning stage
compact, interpretable, and suitable for the present small-
sample setting.

Algorithmically, the proposed method follows a two-pass
reliability procedure. An equal-weight image is first used
only to obtain a coarse estimate d̂(0); this estimate is then
used to evaluate pathwise delay consistency, relative enve-
lope amplitude, and envelope compactness, from which the
weights wij are calculated. The reliability-weighted image
Iw and the soft-delay-consistency priorMp are finally used as
the physical input and auxiliary constraint of the lightweight
refinement network so that learning acts as constrained image
refinement rather than end-to-end inversion from raw signals.

2.6 Defect localisation and evaluation metrics

The final defect location is given by Eq. (3). Localisation ac-
curacy is primarily measured by the Euclidean error

e =

∥∥∥d̂ − d

∥∥∥
2
, (22)

where d is the ground-truth defect location. We also report
the success rate under a practical tolerance threshold eth:

ηeth =
1
Ntest

Ntest∑
n=1

1(en < eth)× 100%. (23)

Image fidelity is evaluated by the standard peak signal-
to-noise ratio (PSNR) and structural similarity index (SSIM)
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Figure 4. Physics-guided refinement network with reliability-aware soft prior and composite loss.

between Î and G. To quantify how strongly the image en-
ergy is concentrated around the predicted defect region, we
additionally use the side-lobe ratio:

SLR=

∑
x:‖x−d̂‖2≤r0

Î (x)2∑
x∈�Î (x)2+ ε

, (24)

where r0 is the radius of the main-lobe neighbourhood. To-
gether, these metrics characterise both localisation accuracy
and image quality and are used for the comparative analysis
in Sect. 4.

3 Experimental setup and dataset construction

This section summarises the experimental configuration, the
construction of the paired sparse-path measurements, the
SEM-assisted auxiliary datasets, the target label design, and
the implementation settings used throughout the study. To
keep the refinement stage physically grounded, the measured
data and the auxiliary datasets share the same plate geom-
etry, sensor topology, effective path set, and delay-mapping
convention.

3.1 Specimen, defect, and sensor layout

The inspection target is a rectangular aluminium plate with
dimensions of 300 mm× 500mm and a thickness of 3mm.
A plate-fixed Cartesian coordinate system is defined on the
same 1mm grid used for image reconstruction. The discrete
in-plane coordinates are denoted by (x,y), with x ∈ [1,300]
and y ∈ [1,500]mm. The reference defect in the measured
dataset is a through-hole located at

d = (xd ,yd )= (150,250)mm. (25)

The through-hole is used here as a controlled and repeatable
representative defect and/or scattering source for quantita-
tively validating the sparse-path imaging chain. Extension

from this compact through-hole scatterer to realistic crack
morphologies is to be discussed in future work.

Five piezoelectric transducers are bonded to the plate sur-
face and labelled as sensors 1–5. Their coordinates are

r1 = (268,280), r2 = (33,378), r3 = (131,378),

r4 = (150,128), r5 = (199,258)mm. (26)

The effective sparse paths considered in this work are

P = {(1,2), (1,3), (2,3), (4,1), (4,2), (4,5)}, (27)

corresponding to the shorthand path labels 12, 13, 23, 41,
42, and 45. This path set provides complementary coverage
of the inspection region while remaining representative of a
practically sparse sensing configuration. The same geometric
definition is reused in the SEM-assisted auxiliary datasets so
that the measured and auxiliary images remain directly com-
parable.

3.2 Data acquisition and paired-signal construction

The experimental data were acquired using the excitation
and reception chain shown in Fig. 6. A five-cycle Hann-
windowed tone burst with centre frequency 250kHz was
used throughout the experiments, consistently with the pre-
processing assumptions in Sect. 2. For each effective path,
paired recordings were obtained from two structural states:
the damaged state containing the reference through-hole and
the intact baseline state without the defect. This paired acqui-
sition enables differential extraction of defect-sensitive scat-
tering.

The measured signals were stored in nine CSV files:
23.csv, 23o.csv, 41o.csv, 42o.csv, 45.csv,
45o.csv, 123.csv, 132o.csv, and 421.csv. Each
record contains 10 000 samples with a sampling interval of
approximately 1t ≈ 0.2µs, corresponding to a record length
of about 2ms. The first column stores the time axis, whereas
the signal channels of interest are taken from the third or
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Figure 5. Experimental specimen, sparse-path layout, and path parameters. (a) Geometry of the aluminium plate, through-hole defect, and
piezoelectric transducer (PZT) arrangement in the plate-fixed coordinate system. (b) Effective actuator–sensor paths used for sparse-path
imaging. (c) Path-dependent effective group velocities together with the corresponding theoretical and experimentally selected times of
flight.

Figure 6. Excitation and acquisition chain used to generate the sparse-path Lamb-wave measurements. (a) Experimental signal chain
schematic. (b) Five-cycle Hann-windowed excitation signal and corresponding spectrum. (c) Photograph of the actual laboratory setup.
Paired intact and damaged measurements are acquired under the same nominal excitation settings to enable differential scattering extraction
in the subsequent preprocessing stage.

fourth columns depending on the file structure. Any dupli-
cated trailing columns are ignored during preprocessing.

The six pathwise signal pairs are formed as follows. Paths
12 and 13 are read from the multi-channel files 123.csv
and 132o.csv; path 23 is read from 23.csv and

23o.csv; paths 41 and 42 are obtained from 421.csv,
41o.csv, and 42o.csv; and path 45 is constructed from
45.csv and 45o.csv. In the subsequent method descrip-
tion, these historical filenames are not propagated; each path
is treated simply as a damaged–intact signal pair.
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The raw paired traces also indicate why the unified prepro-
cessing of Sect. 2.2 is required: the path amplitudes vary visi-
bly across channels, and small timing mismatches remain be-
tween the damaged and intact recordings. Direct subtraction
without normalisation and temporal alignment would there-
fore produce unstable residuals unrelated to genuine defect
scattering.

3.3 SEM-assisted auxiliary dataset construction

Because the measured dataset is intentionally sparse and
contains only a small number of experimental configura-
tions, two SEM-assisted auxiliary datasets are introduced
to support method development and lightweight enhance-
ment learning. Both datasets use the same plate dimensions,
sensor coordinates, effective path set, and path-dependent
delay parameters as the experimental configuration. In the
stored metadata, the generation method is recorded as
SEM_Mie_v2; here it serves only as an identifier, whereas
the main point is that the auxiliary data remain fully aligned
with the experimental imaging geometry.

The defect locations in the SEM-assisted datasets are sam-
pled within the same 300mm× 500mm inspection domain
and are represented by the stored hole_x and hole_y
coordinates. Each defect is treated as a compact scattering
source: for each actuator–receiver path, the dominant arrival
is determined by the actuator–defect–receiver distance and
the path-dependent effective group velocity. The resulting
SEM-assisted images are therefore geometry-consistent sur-
rogates for training and statistical assessment of the refine-
ment stage rather than independent experimental evidence or
a replacement for the measured Lamb-wave signals.

The first auxiliary dataset, denoted SEM-100, contains
100 cases with detailed descriptors. Its top-level entries
include the sample list (dataset), defect-position array
(positions), sensor layout (sensors), effective path
set (paths), and path-dependent effective group veloci-
ties (cg). For each sample, the stored fields include id,
hole_x, hole_y, IMAGE, scatter_envs, tofs, err,
est_x, and est_y. This descriptor-rich dataset is therefore
used primarily for method diagnosis, descriptor-level valida-
tion, and ablation-oriented analysis.

The second auxiliary dataset, denoted SEM-500, con-
tains 500 cases and serves as the principal auxiliary training
pool for the lightweight enhancement network. Its structure
is similar at the dataset level, but each sample retains only
id, hole_x, hole_y, IMAGE, and err. In other words,
SEM-500 is image-centric and is therefore appropriate for
refinement learning since the network operates on coarse im-
ages rather than on the original pathwise waveforms.

For both datasets, the stored coarse image IMAGE has size
300×500, matching the grid used in the measured-data imag-
ing code. The stored path set and effective group velocities

are

c
(ij )
g =



2.2, (i,j )= (1,2),

1.6, (i,j )= (1,3),
3.8, (i,j )= (2,3),
2.6, (i,j )= (4,1),
2.5, (i,j )= (4,2),
3.0, (i,j )= (4,5),

mmµs−1, (28)

which are identical to those used in the delay mapping of
Sect. 2.3. The auxiliary datasets are therefore not generic im-
age corpora but rather are physically aligned surrogates of
the same sparse-path imaging problem.

3.4 Ground-truth generation and label design

The refinement network of Sect. 2.5 is trained to regress a
defect-centred target image rather than a one-pixel point la-
bel. This choice is motivated by the nature of sparse-path
imaging: even when the defect coordinates are known ex-
actly, the coarse hotspot is spatially extended and may ex-
hibit localisation errors ranging from several millimetres to
several tens of millimetres. A one-pixel target would there-
fore make the regression unnecessarily ill-conditioned.

The target image is defined as a Gaussian heatmap centred
at the ground-truth defect position:

G(x)= exp

(
−
‖x− d‖22

2σ 2
g

)
,x ∈�, (29)

where σg controls the spatial spread. For the measured
through-hole case, d is given by Eq. (25); for the SEM
samples, the same role is played by the stored coordinates
hole_x and hole_y. The label generation rule is therefore
identical across the measured and auxiliary data sources.

A moderate Gaussian width is used so that training re-
mains stable in the small-sample regime while preserving the
localisation nature of the task. It also makes overlap-based
evaluation more meaningful than it would be for a strictly
one-pixel target. For metrics requiring binary support, the
predicted image Î (x) and the target image G(x) are thresh-
olded at the same operating level. Because all labels are gen-
erated directly from known defect coordinates, the supervi-
sion is geometrically exact and does not rely on manual an-
notation.

3.5 Implementation details

All path images are reconstructed on a 300×500 grid with a
spatial resolution of 1mm per pixel. The experimental sam-
pling interval is fixed at approximately1t ≈ 0.2µs, and each
path contains 10 000 samples. The same six sparse paths and
the path-dependent effective group velocities in Eq. (28) are
used consistently in both the experimental imaging code and
the SEM-assisted auxiliary datasets.
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The physical front-end comprises preprocessing, delay-
constrained imaging, and reliability-aware fusion. The
refinement stage is implemented as a three-level U-
Net with base channel width C = 8 and approximately
3× 104 trainable parameters. Training is performed on
dataset_SEM_500.pkl using IMAGE as input and the
Gaussian target map of Eq. (29) as supervision, whereas val-
idation is conducted on dataset_SEM_100.pkl. The fi-
nal checkpoint is selected at epoch 41 according to the mini-
mum validation loss (0.0012).

The fixed implementation settings include the 150–
400 kHz band-pass range, the sampling interval 1t ≈ 0.2µs,
the six-path set in Eq. (27), the effective velocities in
Eq. (28), and the U-Net width and checkpoint settings stated
above.

All coordinates, labels, and evaluation metrics are ex-
pressed in the same plate-fixed coordinate system. The de-
fect estimate from Eq. (3), the target map of Eq. (29), and the
localisation error of Eq. (22) are therefore evaluated on the
same 300× 500 grid, eliminating coordinate conversion bias
in the comparisons reported in Sect. 4.

4 Results and discussion

This section evaluates the proposed framework from the sig-
nal level to the final localisation output. Following the data
hierarchy defined in Sect. 3, the validation is divided into
two layers. The physically interpretable front-end, includ-
ing scattering-envelope extraction, single-path imaging, and
reliability-aware fusion, is assessed directly on the measured
sparse-path CSV data. The enhancement stage is then eval-
uated mainly on the descriptor-rich SEM-100 benchmark,
with SEM-500 being used as the auxiliary training pool.
This separation preserves physical grounding while still pro-
viding a statistically meaningful basis for assessing the re-
finement stage.

4.1 Signal-level validation

We first verify whether the proposed preprocessing chain ex-
tracts defect-sensitive envelope features that remain physi-
cally meaningful across the six sparse paths. As shown in
Fig. 7, the experimental envelopes are broader and more clut-
tered than their SEM-assisted counterparts, yet the dominant
early-arrival structure remains concentrated near the defect-
sensitive delay region. This agreement is sufficient for the
purpose of the present method because the delay-constrained
imaging and reliability assessment rely primarily on early
defect-related arrivals rather than on the late-time tail of the
record.

The practical implication is twofold. First, the preprocess-
ing front-end is operating on physically interpretable scatter
features rather than arbitrary subtraction residuals. Second,
the increased late-time clutter in the measured signals ex-
plains why peak amplitude alone is not a reliable indicator

of path quality, thereby motivating the combined use of tem-
poral consistency and compactness in the weighting stage.

4.2 Single-path imaging results

We next examine whether any single sparse path can localise
the defect on its own. Figure 8 shows that each path produces
an elliptical high-response structure consistent with the prop-
agation geometry of Eq. (7), but none of the six paths yields
accurate localisation by itself. The annotated localisation er-
rors range from 104.2 to 183.0 mm, with even the best case,
path 4→5, remaining far outside a practically acceptable tol-
erance.

This result confirms that the sparse-path problem is gen-
uinely underdetermined at the single-path level. It also clari-
fies why simple geometric admissibility is insufficient: some
paths generate compact ellipses that pass close to the true
defect, whereas others produce broader or more weakly in-
formative manifolds. Accordingly, the purpose of the subse-
quent fusion stage is not merely to accumulate responses but
to combine geometrically complementary paths while limit-
ing the influence of those that are only marginally informa-
tive.

Figure 8 therefore provides a concrete case study of
sparse-path ambiguity. The true defect can lie close to an
admissible elliptical response, but the maximum response
along that ellipse may still be displaced far from the true lo-
cation. The large single-path errors are thus not caused by
one exceptionally poor channel; rather, they reflect the non-
uniqueness of single-path delay constraints. This is why the
proposed framework first combines complementary path ge-
ometries and then uses reliability weighting to suppress paths
with weak or inconsistent scattering evidence.

4.3 Reliability-weighted fusion results

Figure 9 compares three representative front-end outputs on
the experimental reference case: the best single-path im-
age, the uniform fusion of all six paths, and the proposed
reliability-weighted fusion. As expected from the previous
subsection, the best single-path image remains grossly in-
accurate, whereas both multi-path fusion strategies collapse
the dispersed ellipse families into a compact candidate re-
gion near the true defect and reduce the localisation error to
the order of 20 mm. For this specific case, the equal-weight
and reliability-weighted fused images yield similar localisa-
tion errors (18.0 and 19.0 mm, respectively). This observa-
tion should not be interpreted as evidence against the weight-
ing strategy because peak error alone does not fully describe
coarse-image quality. A simple half-maximum area count,
defined as the number of pixels with intensity not lower than
50 % of the image maximum, is smaller for the reliability-
weighted image than for the equal-weight image (≈ 4.9×103

vs. 7.0× 103 pixels). This indicates a more compact hotspot
and reduced diffuse background. Thus, the role of reliability-
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Figure 7. Signal-level validation of the sparse-path scattering features. The six panels compare the normalised scatter envelopes obtained
from SEM-assisted data and from the experimental measurements for all effective sparse paths. Despite the broader experimental clutter, the
dominant early-arrival structure remains concentrated near the defect-sensitive delay region, supporting the use of delay-constrained imaging
and reliability-aware path assessment.

Figure 8. Single-path delay-constrained imaging results obtained from the experimental sparse-path measurements. Each path produces
an elliptical high-response structure consistent with the propagation geometry, but none of the six paths alone is sufficient for accurate
localisation. The localisation error associated with each path is indicated above the corresponding panel.

aware fusion is to provide a physically more selective and
better-conditioned coarse representation for the subsequent
refinement stage rather than to guarantee a lower peak error
in every individual coarse-stage instance.

The inset path weights further reinforce the methodolog-
ical point made in Sect. 2.4: the six sparse paths should not
be regarded to be equally trustworthy. Reliability-aware fu-
sion preserves the geometric complementarity of multi-path
imaging while suppressing the contribution of paths whose

envelopes are temporally inconsistent or morphologically
diffuse. The resulting coarse image is therefore more physi-
cally credible, even when its peak error is numerically close
to that of uniform fusion in a particular case.

4.4 Enhancement performance

Because only one measured defect instance is available ex-
perimentally, the enhancement stage is evaluated primarily

https://doi.org/10.5194/ms-17-557-2026 Mech. Sci., 17, 557–573, 2026



568 P. Li and T. You: Reliability-aware sparse-path Lamb-wave imaging

Figure 9. Fusion comparison on the experimental reference case. (a) Best single-path image. (b) Uniform fusion of all six sparse paths. (c)
Reliability-weighted fusion with the corresponding path weights shown in the inset. The triangle and cross indicate the true defect location
and the estimated peak, respectively.

on the physically aligned SEM-100 benchmark, while the
network is trained on SEM-500. This setting allows the re-
finement stage to be assessed over a sufficiently broad defect
set without disconnecting it from the sparse-path imaging ge-
ometry defined in Sect. 3.

Representative examples are shown in Fig. 10. In most
cases, the coarse image Iw already places the dominant re-
sponse in the correct neighbourhood, but the hotspot remains
broadened by intersecting ellipse branches and diffuse side
lobes. After refinement, the response contracts into a more
compact defect-centred region, and the surrounding clutter is
markedly reduced. The difference maps indicate that the net-
work acts mainly as a structured suppressor of diffuse arte-
facts rather than as an unconstrained image generator.

At the benchmark level, the enhancement stage reduces
the mean localisation error from 19.0 mm for the reliability-
weighted coarse image to 4.8 mm after refinement. The
gain is therefore not a marginal visual improvement, but
a substantial final-stage regularisation effect that sharpens
the peak, improves concentration, and increases consistency
across cases.

4.5 Quantitative comparison

The overall effectiveness of the proposed framework is sum-
marised in Fig. 11 using multiple criteria, including locali-
sation error, PSNR, SSIM, success rate within 20 mm, and
the radar chart summary of normalised performance. This
multi-metric view is necessary because sparse-path Lamb-
wave imaging should be judged not only by peak position
but also by the concentration and structural credibility of the
reconstructed image.

Two internal reference variants are especially informa-
tive: the coarse uniform-fusion image (SEM+Unif.) and the
reliability-weighted coarse image (SEM+Wtd. (ours)). The
former represents the physical front-end without reliability
screening, whereas the latter provides the coarse represen-

tation used by the subsequent refinement stage. Relative to
the reliability-weighted coarse image, the full framework re-
duces the mean localisation error from 19.0 to 4.8 mm and
simultaneously improves the image quality metrics, consis-
tently with the qualitative behaviour observed in Fig. 10. The
contribution of the enhancement stage is therefore not merely
visual sharpening but a substantial final-stage regularisation
effect that improves both localisation accuracy and image fi-
delity.

At the same time, Fig. 11 should be interpreted carefully.
Figure 9 reports a single measured reference case, whereas
Fig. 11 summarises benchmark-level statistics over the SEM-
100 dataset. The two comparisons therefore serve different
purposes and should not be interpreted as numerically equiv-
alent views of the same experiment. In particular, the bene-
fit of reliability weighting should be understood primarily in
terms of coarse-image conditioning for enhancement rather
than as a universally superior standalone fusion rule under
every coarse-stage metric.

Figure 11 also includes literature-level reference baselines
such as RAPID, ToF-DAS, and E-DAS. These comparisons
are intended as contextual benchmarks rather than strict like-
for-like re-implementations under identical raw-data condi-
tions. Even under that conservative interpretation, the pro-
posed reliability-weighted and enhanced framework achieves
the strongest overall trade-off, combining the lowest mean
localisation error with the most favourable overall image-
quality profile.

4.6 Ablation study

The ablation results in Fig. 12 identify which components
are genuinely necessary. The full framework yields the most
compact error distribution and the strongest cumulative be-
haviour, whereas removing any major component broadens
the distribution and reduces localisation stability.
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Figure 10. Representative refinement examples from the SEM-assisted validation set. For each case, the coarse image is compared with the
corresponding enhanced output, the difference map, and the ground-truth defect location. The refinement stage primarily suppresses diffuse
ellipse traces and contracts the response into a compact defect-centred hotspot.

The largest degradation occurs when the system is reduced
to a single path. The two single-path-only variants show
very broad error distributions and large outliers exceeding
200 mm, which is fully consistent with the experimental ob-
servation in Fig. 8 and confirms that sparse-path localisation
is fundamentally a multi-path problem.

The intermediate ablations are more mechanistically infor-
mative. Removing the Mie-scattering component broadens
the distribution and lowers the success rate within 20 mm to
75%, indicating that physically meaningful scatter formation
remains important even when the later enhancement stage is
present. Removing reliability weighting also degrades per-
formance, though less severely, suggesting that the weight-
ing stage primarily stabilises the coarse image and mitigates
occasional path conflicts.

A notable detail is that removing path 2→3 does not de-
grade the cumulative distribution and even yields a slight im-
provement in this benchmark. This does not imply that the
path is useless; rather, it shows that a geometrically admis-
sible path can still become locally counterproductive when
its scatter response is less consistent with the dominant path
family. The ablation therefore supports the central premise
of the method: path usefulness must be evaluated from the
measured response and not from geometry alone.

4.7 Robustness analysis

A practically useful Lamb-wave imaging method must re-
main stable under moderate noise, imperfect path avail-
ability, and uncertainty in the effective group velocity. To
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Figure 11. Multi-metric comparison with baseline methods. (a) Mean localisation error. (b) Peak signal-to-noise ratio (PSNR). (c) Structural
similarity index (SSIM). (d) Success rate within a 20 mm tolerance. (e) Radar-chart summary of the normalised multi-metric performance, in-
cluding 1/Error, PSNR, SSIM, side-lobe ratio (SLR), and success rate. The proposed reliability-weighted and enhanced framework achieves
the best overall trade-off between localisation accuracy and image quality among the compared methods.

Figure 12. Ablation study of the proposed framework. (a) Localisation-error distributions under different model reductions; the dashed
line marks the 20 mm tolerance. (b) Corresponding localisation-error cumulative distribution functions (CDFs) for representative ablation
settings and the enhanced output Îe. The full framework yields the most compact and stable localisation performance.

keep the robustness analysis compact, representative pertur-
bation tests on the SEM-100 benchmark were summarised
by localisation error and the success rate within 20 mm.
The mean error changed from 4.8 mm in the nominal set-
ting to approximately 5.1/6.3 mm under 30/20 dB additive
noise, to 5.7/9.1 mm when retaining five or four paths, and

to 5.5/8.6 mm under −5% and +5% group velocity bias;
the corresponding success rates remained in the range of
90 %–100 %. The trends remain path dependent: path re-
moval weakens ellipse intersection constraints, and positive
velocity bias is more harmful because it compresses the pre-
dicted ellipse family inward. These results indicate robust
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routine performance while identifying path availability and
velocity calibration as the main practical sensitivities.

4.8 Discussion

Several conclusions follow from the above results. First, the
signal-level agreement between the SEM-assisted and ex-
perimental envelopes, although not perfect, is sufficiently
strong in the defect-sensitive early-arrival region to support
the delay-based mapping and the reliability indicators used in
the present framework. Second, the fusion and enhancement
stages play distinct roles: the reliability-aware fusion stage
converts the gross geometric ambiguity of the sparse paths
into a physically meaningful coarse hotspot, whereas the re-
finement stage sharpens that hotspot and suppresses diffuse
clutter. Third, the remaining larger errors are not random but
tend to occur near sensors or in regions of weaker angular
coverage, where local delay ambiguity and direct-wave con-
tamination remain more difficult to resolve.

The results also clarify how the reliability-aware stage
should be interpreted. Its principal value is not to guarantee
uniformly lower coarse-stage error than equal-weight fusion
in every individual case but to provide a more selective and
physically better-conditioned representation for refinement.
This distinction is important for understanding the relation-
ship between the single experimental illustration of Fig. 9
and the benchmark-level statistics of Fig. 11. The final per-
formance gain emerges from the interaction between a phys-
ically grounded front-end and a constrained refinement stage
rather than from any one component acting in isolation.

The present work should therefore be interpreted as a
physically grounded sparse-path imaging methodology with
experimentally anchored validation. The controlled experi-
mental specimen is a through-hole case, while the statistical
evaluation of the enhancement stage is carried out mainly on
geometrically aligned SEM-assisted data. Accordingly, the
present study demonstrates the validity of the sparse-path
imaging and refinement pipeline rather than an exhaustive
validation across the full spectrum of crack morphologies
encountered in service. Broader experimental verification on
richer crack families and more diverse structural conditions
remains an important next step.

5 Conclusions

This study has presented a reliability-aware physics-guided
framework for sparse-path Lamb-wave defect imaging under
small-sample conditions. The proposed method combines
unified preprocessing and scattering-envelope extraction,
delay-constrained single-path elliptical imaging, reliability-
aware multi-path fusion, and lightweight image refinement
under a soft physics prior. Rather than relying on purely
geometric equal-weight fusion or unconstrained end-to-end
learning, the framework preserves the physical structure of

guided-wave propagation while using learning only as a con-
strained refinement stage.

The results demonstrate that the method is effective at
both the front-end and image levels. The measured paired
sparse-path signals show that the preprocessing chain ex-
tracts defect-sensitive scattering envelopes that remain con-
centrated near the physically meaningful arrival region.
Single-path imaging is strongly underdetermined, with lo-
calisation errors exceeding 100 mm for all six sparse paths,
whereas multi-path fusion reduces this gross ambiguity to
a coarse defect-centred hotspot in the tens-of-millimetres
range. Within this front-end, the reliability-aware formu-
lation provides a more selective and physically better-
conditioned coarse representation for the subsequent en-
hancement stage. On the physically aligned SEM-assisted
benchmark, the refinement stage further sharpens this coarse
image into a compact defect-centred map, reducing the mean
localisation error from 19.0 to 4.8 mm while also improving
image quality.

At the same time, the scope of the present study should be
stated clearly. The experimental validation is based on a con-
trolled through-hole specimen, and the statistical assessment
of the refinement stage is conducted mainly using SEM-
assisted data rather than through a large multi-defect exper-
imental campaign. The present contribution should there-
fore be understood as a physically grounded sparse-path
imaging methodology with experimentally anchored vali-
dation. Future work will extend the measured benchmark
from the present representative through-hole defect to richer
crack morphologies, multi-defect cases, and more diverse
structural conditions and will further systematise robustness-
aware refinement under path dropout and parameter uncer-
tainty.
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