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Lamb wave TDTE super-resolution imaging assisted by deep learning
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Ultrasonic Lamb waves undergo complex mode conversion and diffraction at non-penetrating defects, such as plate
corrosion and cracks. Lamb wave imaging has a resolution limit due to the guided wave dispersion characteristics and
Rayleigh criterion limitations. In this paper, a full convolutional network is designed to segment and reconstruct the received
signals, enabling the automatic identification of target modalities. This approach eliminates clutter and mode conversion
interference when calculating direct and accompanying acoustic fields in time-domain topological energy (TDTE) imaging.
Subsequently, the measured accompanying acoustic field is reversed for adaptive focusing on defects and enhance the
imaging quality. To circumvent the limitations of the Rayleigh criterion, the direct acoustic field and the accompanying
acoustic field were fused to characterize the pixel distribution in the imaging region, achieving Lamb wave super-resolution
imaging. Experimental results indicate that compared to the sign coherence factor-total focusing method (SCF-TFM),
the proposed method achieves a 31.41% improvement in lateral resolution and a 29.53% increase in signal-to-noise ratio
for single-blind-hole defects. In the case of multiple-blind-hole defects with spacings greater than the Rayleigh criterion
resolution limit, it exhibits a 27.23% enhancement in signal-to-noise ratio. On the contrary, when the defect spacings are
relatively smaller than the limit, this method has a higher resolution limit than SCF-TFM in super-resolution imaging.

Keywords: Lamb waves, asymmetric defects, fully convolutional network, time-domain topological energy
imaging, super-resolution
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1. Introduction

Ultrasonic phased arrays achieve the deflection and focus-
ing of the acoustic beam by precisely controlling the excitation
timing across array elements. This technology allows for real-
time sweeping of objects and finds extensive applications in
industrial nondestructive testing.[1–5] However, phased array-
based imaging exhibits a law of focusing acoustic beams, typi-
cally in a fan-sweeping form with a restricted detection range.
The total focusing method (TFM) technique is employed to
process array data to increase the resolution imaging range,
enabling the refocusing of scattered signals on each pixel point
within the detection area.[6–11] Despite these benefits of TFM,
the multimodal dispersive Lamb waves tend to introduce ar-
tifacts into imaging results. Furthermore, according to the
Rayleigh criterion, the diffraction of Lamb waves at defects
imposes a limit on the resolution of ultrasonic array imag-
ing systems. Consequently, studies addressing the impact of
Lamb wave mode mixing and the constraints of the Rayleigh
criterion on imaging outcomes have become focal points in the
field of ultrasonic non-destructive testing.

Based on the time-reversal invariance of the wave equa-
tion and the reciprocity of the acoustic field, Fink[12,13] pro-
posed the acoustic TR theory. By utilizing multiple piezo-
electric transducers to excite and receive ultrasonic signals,
an inverted wavefield is generated, and the inverted waves

are retransmitted to acquire damage information. This tech-
nique mitigates the impacts of Lamb wave dispersion and mul-
timode characteristics on imaging outcomes. In addition, it
can expand the computational domain as a means to alleviate
the anomalous distribution of imaging pixels caused by mode
mixing. Considering the signal phase, Camacho et al.[14] pro-
posed phase coherence imaging (PCI) technology in medical
research. The PCI applies coherence factors to each sam-
pling point and suppresses clutter influence on scattered waves
within the target region based on a statistical analysis of the in-
stantaneous phase of the aperture, greatly enhancing imaging
resolution. Additionally, imaging efficiency and quality can be
improved following the simplified technical implementation
by binarizing the phase of scattered signals, utilizing polarity
as a resolving feature, and integrating PCI with the full-matrix
focusing method. For instance, Liu[15] introduced an image
composite technique for compact rectangular phased piezo-
electric transducer arrays, combining TFM and PCI images to
partially compensate for the interference of guided wave dis-
persion characteristics on imaging results. On this basis, Prado
et al.[16] incorporated amplitude and phase information from
received signals and fused TFM and SCF pixels to minimize
the blind zones and artifacts in imaging. Compared to imag-
ing principles based on geometric theory, topological imaging
deriving from shape optimization emerges as a high-precision
ultrasound imaging method. Dominguez et al.[17] on the ba-
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sis of topological asymptotics, transformed the excitation of
acoustic waves and the interaction between acoustic waves and
defects into the solution of direct and accompanying problems.
This innovation largely reduces iterative calculations of topo-
logical properties, conferring practical applications. Sun[18]

utilized TDTE to achieve Lamb wave TDTE high-resolution
imaging of blind-hole defects. Instead, the aforementioned
imaging methods only alleviate the interference of multimodal
Lamb waves on imaging without addressing this issue.

Deep learning has been successfully applied in object
detection and image recognition. Convolutional neural net-
works are proficient in learning acoustic wave scattering laws
from datasets, proving high accuracy in defect identifica-
tion. Song et al.[19] proposed a deep learning model (U-
Net) to extract edge features of defects in ultrasonic imag-
ing results, followed by reconstructing the defect morphol-
ogy to achieve high-resolution ultrasonic imaging. Ewald[20]

translated multiple Lamb wave scattering signals into time-
frequency maps and established mapping relationships be-
tween time-frequency features and defects for comprehensive
defect characterization. SU et al.[21] localized defects by de-
veloping a mapping relationship between the amplitude char-
acteristics of Lamb wave scattering signals and defect loca-
tions. The incorporation of deep learning into Lamb wave de-
fect imaging has facilitated high-resolution imaging. The full
convolutional network (FCN) presents a promising choice for
Lamb wave target modality recognition. Initially designed for
image semantic segmentation, FCN differs from conventional
convolutional neural networks by providing the probability of
each input data point rather than representing the probability
of a typical category.[22–26] This unique property makes FCN
suitable for Lamb wave target modality selection, enabling the
selection of the time window for the target modality based on
predicted probabilities. Despite these advantages, a research
gap remains on the adoption of FCN for Lamb wave modality
identification and its combination with TDTE for multi-defect
super-resolution imaging.

This study detected Lamb wave defects with spacings
smaller than the resolution limit. An FCN was devised to
automatically extract Lamb wave target modalities and elim-
inate the interference from multimodalities on imaging out-
comes. Subsequently, the principles of TDTE imaging al-
gorithms were examined. Additionally, the computations for
direct and accompanying acoustic fields were optimized and
integrated to enhance the precision of adaptive acoustic fo-
cusing. In conclusion, the proposed method was compared
with three imaging techniques grounded in geometric princi-
ples. The array performance index (API) and signal to noise
ratio (SNR) were employed to quantitatively evaluate each
method’s performance in Lamb wave imaging.

2. Target modality pickup and imaging
The FCN model used for image segmentation differs from

Lamb wave mode selection in terms of the required output,
which necessitates point-by-point probability and classifica-
tion. Consequently, the fully connected layer for classifica-
tion prediction becomes unnecessary, as the recognition of re-
sults is achieved through deconvolution of the output mode
via upsampling operations. This probability distribution was
employed to characterize the likelihood of each point in the
time-domain signal becoming a target modality.

2.1. FCN architecture

This paper used the FCN network model (see Fig. 1)
to process one-dimensional Lamb wave signals. The exper-
imentally collected Lamb wave normalized curve with 5376
in length was input, and complementary zeros were used in
the FCN to ensure an equal-length probability distribution of
output. All convolution kernels in this model have a size of
3 and are composed of 14 convolution layers, including the
lower and upper sample layers (1:1). Each layer employs a
one-dimensional convolution and a rectified linear unit activa-
tion function. The down-sampling layer extracted the features
from the Lamb wave signals, and the up-sampling converted
them to probability distributions. The prediction results were
outputted using a sigmoid function.

5376T1

2688T8

1344T16

5376T4

672T32

336T64

168T128

84T256

5376T1

2688T8

1344T16

5376T4

672T32

336T64

168T128

LengthTChannel

Input

Convolutional 

layer

+

Maxpooling

Convolutional 

layer

+

Upsampling

Fig. 1. FCN architecture: length of each layer with channels (left) and ex-
tracted channels (right).

Dropout layers with a dropout rate of 0.5 were strate-
gically incorporated into the convolutional layers to mitigate
overfitting. Additionally, the number of channels underwent a
sequential increase from 1 to 256, followed by a reduction to
1.

2.2. Training

As illustrated in Fig. 2, the dataset for model training is
built based on an ultrasonic phased array defect detection ex-
periment. This involved the creation of blind holes at various
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locations on an aluminum plate. The experimental setup com-
prised an M2M ultrasonic phased array detector (M2M com-
pany, France), a computer (HP, America), a phased array probe
(Shantou ultrasound, China), and an aluminum plate. A total
of 9216 sets of ultrasonic Lamb wave signals were generated.

Subsequently, the corresponding scattered wave time
window is calculated by the actual distance between the
phased bursts and the defects, and the Lamb wave time se-
ries sampling points are labeled with two different types: 0
(outside the selected window) and 1 (inside the selected win-
dow). The time windows were manually checked to elimi-
nate undesirable results, enhancing the training dataset quality.
Ultimately, 8704 high-quality time windows were obtained.
Specifically, 6964 units were randomly selected as the training
set, with the remaining units constituting the test set. Within
the training set, 20% of the samples (9216) were selected as
the validation set. This validation set is crucial for adjust-
ing neural network parameters, preventing overfitting, and en-
hancing the network’s generalization capabilities.

Computer

Ultrasonic array

Aluminum plate
M2M array ultrasound 

transmitter/receiver

Fig. 2. Ultrasonic phased array experimental system and several experimen-
tal objects.

By inputting Lamb wave signals and labeled data into the
model, the loss function can be defined as follows:

H =− 1
N

N

∑
i=1

∑
t∈T

(qt
i log(pt

i)+(1−qt
i) log(1− pt

i)), (1)

where p and q are the predicted and true values of Lamb wave
signal phase, respectively. T represents the combination of
Lamb wave signal samples in the prediction result, and N rep-
resents the total number of trained Lamb wave samples.

The dataset was randomly shuffled and divided into
batches, each consisting of 32 samples. The model was trained
batch by batch, and its parameters were updated iteratively to
minimize the loss function until all batches were processed.
Upon confirming the loss curve’s stability, training was halted
to mitigate the risk of overfitting. The Adam random optimiza-
tion algorithm was used to optimize the loss function, and the
learning rate of 10−4 was incorporated into the Keras frame-
work. Using CPU calculation (i5-12500H), the convergence
curves of training loss and verification loss as shown in Fig. 3
achieve good convergence in 1000 periods.

0 200 400 600 800 1000
0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

0.22

0.24

L
o
s
s
 f
u
n
c
ti
o
n

Epoch

 Val loss

 Train loss

0

Fig. 3. Relationship between the training loss and verification loss with
the number of periods.

2.3. Prediction

As shown in Fig. 4, the FCN model-derived output repre-
sents the probability of each sample point in the Lamb wave
signal representing the target modality. To transform this prob-
ability into a time window, a threshold value was defined to
facilitate signal segmentation. Following experiments and hu-
man judgment, the threshold was set at 0.15, and time win-
dows smaller than one-half cycle were discarded.

1

-1
0

0 1 2 3 4 5
T10-5

1

-1
0

0 1 2 3 4 5
T10-5

1

-1
0

0 1 2 3 4 5
T10-5

1

-1
0

0 1 2 3 4 5
T10-5

S

A

(a)

(b)

(c)

(d)

Fig. 4. Windowing results: (a) original Lamb wave signal, (b) the target
mode probability distribution, (c) the window after threshold selection,
(d) the mode selection results after eliminating the interference window
for less than half the period.

2.4. Quantitative performance evaluation of FCN

The performance of the FCN model was characterized
by metrics such as accuracy (A), precision (P), recall (R),
F1 score, and intersection-over-union (IoU). The true posi-
tives (TP) and true negatives (TN) indicate that the frequen-
cies of the FCN model correctly classified a target or non-
target modality in the signal samples. The false positives (FP)
and false negatives (FN) represent the samples identified as
the target modality classified as a non-signal or a non-target
modality. The calculation method is written as follows:

A =
TP+TN

TP+FP+TN+FN
,

P =
TP

TP+FP
,

R =
TP

TP+FN
,
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F1 = 2
P×R
P+R

, (2)

where TP + FP represents the total number of samples for
modal selection of Lamb wave signals by FCN, and TP+FN
denotes the sample count of Lamb wave signals in the test set.

IoU was employed to assess the alignment of modal se-
lection results with the target modal time window, defined as
follows:

IoU =
Length of overlap
Length of union

. (3)

The numerator and denominator in the formula denote
the overlap length and concatenation length between the Lamb
wave target modes and the model predictions, respectively.

The FCN prediction time window was applied to the test
dataset, and the TP, TN, FP, and FN counts were tallied to
calculate each evaluation metric. A measures the percentage
of correctly identified target modality from Lamb wave sam-
ples by the FCN. The average accuracy for the test set is 0.93,
indicating that over 93% of the target modalities in the total
Lamb wave samples are accurately classified. P is indicative

of the reliability of the modality recognition method, repre-
senting the ratio of correctly detected target modality to the
total Lamb wave signal samples. Impressively, over 95% of
the Lamb wave samples are correctly identified.

The R quantifies the percentage of FCN correctly classi-
fied target modality in the total Lamb wave samples, yielding
an average value of 75% for the test set. The F1 score pro-
vides a balanced evaluation of P and R performance, reaching
0.87 for FCN. The IoU measures the agreement between the
selected time window and the genuine target modality, yield-
ing 0.88 on average for the test set. These metrics collectively
signify that the FCN model demonstrates commendable accu-
racy.

2.5. Optimization of the TDTE imaging method

The challenges associated with the direct and accompa-
nying problems in TDTE imaging necessitate manual selec-
tion of scattered waves and consideration of Lamb wave mode
conversion during calculations. To streamline the TDTE cal-
culation, an FCN was employed to segment and reconstruct
the received signal.

t

Original signal

FCN mode selection

Time reversal

Excitation source

Experimental

acquisition

R
ea

ct
iv
at
e

Defect Refocus

Fig. 5. Schematic diagram of the scattered signal time reversal.

As illustrated in Fig. 5, the excitation pulse signal from
the array initiates the direct acoustic field. According to Huy-
gens principle, the interaction between the acoustic wave and
the defect leads to signal scattering and reflection. Then, the
defect becomes a secondary acoustic source, generating the re-
versed scattered wave at the defect. This wave re-excites the
defect, giving rise to the accompanying acoustic field. The
direct and accompanying acoustic fields are multiplied and in-
tegrated to derive TDTE values, which were utilized as pixel
values for imaging. The specific processes unfold as follows:

(i) Direct acoustic field calculations: The Lamb wave sig-
nal was initiated through excitation in the aluminum plate and
was extracted as the excitation signal u0(t). The direct acous-
tic field is calculated based on Eq. (4) in accordance with the
Lamb wave propagation model

U(x,y, t) = F−1{F{u0(t)}e−i2π f d/cs0
p ( f )}, (4)

where F{·} and F−1{·} represent the Fourier transform and
inverse transform, respectively. d denotes the distance be-
tween the current pixel point and the defect. cs0

p ( f ) signifies

the phase velocity of the Lamb wave target mode (S0) under
the corresponding frequency thickness, which is calculated by
Rayleigh Lamb equation. The dispersion curves in the alu-
minum plate are shown in Fig. 6.

(ii) Accompanying acoustic field calculations: The target
modality signal extracted from the FCN model was employed,
inverted, and re-excited at the corresponding array element.
The received signal was used to compute the accompanying
acoustic field. In contrast to conventional TDTE imaging, the
precise segmentation of the target modality using the FCN
model eliminates the need to consider mode conversion in the
calculation of the accompanying acoustic field. Consequently,
the process can be streamlined as follows:

V (x,y, t) = F−1
{

ϕF{z j(t)}exp
[
−i2π f d
cs0

p ( f )

]}
, (5)

where ϕ represents the propagation coefficient of the target
modality.

(iii) Fusion of the direct and accompanying acoustic
fields: The imaging pixel values are determined using the
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TDTE energy calculation Eq. (6)

I(x,y) =
∫ T

0
‖U(x,y, t)‖2 ‖V (x,y,T − t)‖2 dt, (6)

where ‖V (x,y,T − t)‖ represents the accompanying acoustic
field after time reversal, and (x, y) denotes the pixel point po-
sition within the imaging region.
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Fig. 6. Aluminum plate dispersion curves: (a) phase velocity, (b) group
velocity.

3. Experimental research
3.1. Lamb wave experiment

As shown in Fig. 7, the experimental system consists of a
signal generator (Tektronix AFD3152C, US), a signal ampli-
fier, an oscilloscope (Tektronix DPO3024, US), piezoelectric
chip (500 kHz, China), and an aluminum plate.

The characteristics of aluminum plate specimens are de-
tailed in Table 1.

Table 1. Parameters of the test plate.

Dimension (mm) Density (kg/m3) Poisson’s ratio Young’s modulus (GPa)

300×300×2 2.69 0.35 69

The parameters of the piezoelectric chip and the arrange-
ment of the array are shown in Table 2. The experiment em-
ployed a five-cycle sine wave signal with a central frequency
of 500 kHz (see Fig. 8). Referring to the Lamb wave disper-
sion curve of the aluminum plate shown in Fig. 6, when the
frequency-thickness product is 1 MHz·mm, a relatively pure
S0 mode signal can be obtained through symmetric excitation.

Signal generator Signal amplifier Oscillograph

Aluminum plate

PZT

Fig. 7. Ultrasonic array experimental system.
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Fig. 8. Excitation signal: (a) time domain diagram, (b) spectrum diagram.

Table 2. Setting of experimental parameters.

Parameter Property (value)

Array element number 16
Array element length 5 mm
Array element width 5 mm

Array element spacing 1 mm

3.2. Experimental signal analysis

Acoustic diffraction adheres to the Rayleigh criterion.
Specifically, the ultrasonic array imaging system cannot effec-
tively differentiate between two target defects when the spac-
ing between neighboring defects falls below a threshold value.
This threshold is calculated as follows:

dR = 0.61
λ

sinθR
, (7)

where λ represents the acoustic wave wavelength in the alu-
minum plate, and θR denotes the longitudinal deflection angle
from the first array element to the defect center.

As shown in Fig. 9, based on the array size and placement
position, x and h are 47.5 mm and 50 mm, respectively. From
this figure, we can obtain sinθR = 0.689 and dR = 9.4 mm.

Pules

z

x

dR

θR

Phased array probe Active
element

Inactive
element

Defect

Fig. 9. Schematic diagram of the ultrasound array resolution.
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(a) 50 mm

R=3 mm

(b) 50 mm

R=5 mmR=3 mm

d=18 mm

(c) 50 mm

R=5 mm

d=9 mm

R=3 mm

(d) 50 mm
R=5 mm

d=6 mm

R=3 mm

Fig. 10. Aluminum plate specimen.

Figure 10 shows four sets of aluminum plate Lamb wave
experiments for validation based on the calculation results of
the Rayleigh criterion. The defect depth of the blind hole
is half of the thickness of the aluminum plate, and the dis-
tance from the upper surface of the aluminum plate is 50 mm.
In Fig. 10(a), a single circular blind-hole with a diameter of
3 mm is detectable. Figures 10(b)–10(d) all feature double-
blind holes with a 3-mm diameter on the left and a 5-mm di-
ameter on the right, demonstrating defects with spacings of

18 mm (exceed the resolution threshold), 9 mm (slightly less
than the resolution threshold), and 6 mm (below the resolution
threshold).

In Fig. 11, time-domain Lamb wave signals were ac-
quired from the 8th and 16th array elements in a single-blind-
hole defect in the aluminum plate (Zn

m, where m and n denote
the m-th array element excitation and the n-th array element re-
ception, respectively). The scattered signals undergo a mode
shift at the blind-hole defects, indicating the presence of two
Lamb wave modes, namely, S0 and A0.
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Fig. 11. Time-domain scattering signals of defects in single-blind holes.

3.3. Analysis of imaging results

3.3.1. Analysis of single-blind-hole imaging results

The Lamb wave signals from the single-blind-hole speci-
men were imaged using TFM, TR, sign coherence factor-total
focus method (SCF-TFM), and TDTE. The imaging outcomes
are depicted in Fig. 12.
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Fig. 12. Single-blind-hole results: (a) TFM, (b) TR, (c) SCF-TFM, (d) TDTE, (e) TFM three-dimensional (3D) image, (f) TR 3D image,
(g) SCF-TFM 3D image image, (h) TDTE 3D image.

In the above imaging results, influenced by the multi-
modality attribute of Lamb waves, substantial artifacts ap-
peared in the TFM imaging. TR and SCF-TFM suppress the
interference of the dispersion effect by enlarging the compu-
tation domain and weakening the scattered waves in the non-
target region respectively. The TDTE erased mode transfor-

mations and noise interference after modality selection based
on the FCN model, merging the direct and incidental acous-
tic fields and achieving the best performance among the four
methods.

API and SNR are incorporated for a quantitative assess-
ment of the imaging quality across the four methods. API is
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a dimensionless image resolution representation method for
point spread function space size

API = A−6 dB/λ
2, (8)

where A is the cross-sectional area of the 3D image corre-
sponding to the intensity threshold of −6 dB in the longitu-
dinal profile, λ is the wavelength corresponding to the center
frequency of the Lamb wave.

SNR is the ratio of defect signal to background noise in-
tensity, reflecting the overall quality level of ultrasound imag-
ing, expressed as

SNR = 20log10

(
Psignal

Pnoise

)
, (9)

where Psignal and Pnoise represent the peak value of the defect
signal and the mean value of the background noise, respec-
tively.
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Fig. 13. Performance metrics of different imaging algorithms for single-
blind-hole defects: (a) API, (b) SNR.

In the single-blind-hole imaging results for aluminum
plates, the descending sequence of API is APITFM > APITR

> APISCF−TFM > APITDTE, and the ascending order for SNR
is SNRTFM < SNRTR < APISCF−TFM < SNRTDTE. The figure
above illustrates that TDTE exhibits improvements of 77.79%,
35.12%, and 34.41% in API compared to TFM, TR, and SCF-
TFM, respectively. Regarding SNR, it increases by 163.44%,
76.15%, and 29.53%, respectively.

Figure 14 compares the lateral intensity curves for the
four imaging methods. With a limit of−6 dB, the TDTE main
lobe displays a smaller peak width than SCF-TFM (approxi-
mately 1.31 mm versus 1.91 mm) and a 31.41% higher lateral
resolution than SCF-TFM.
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Fig. 14. Comparison of transverse amplitude curves.

Overall, the imaging quality index of a single blind hole
Lamb wave indicates that the imaging performance of TDTE
optimized by FCN model modal selection is far superior to the
other three methods, and can better characterize defect loca-
tion and morphology information.

3.3.2. Comparative analysis of imaging results for
asymmetric blind-hole defects featuring spac-
ings greater than resolution threshold

According to Fig. 15, when detecting an asymmetric
blind-hole defect with a spacing of 18 mm (greater than the
resolution threshold), all imaging methods can effectively
identify the two defects.
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Fig. 15. Results of asymmetric 18-mm spacing defects: (a) TFM, (b) TR, (c) SCF-TFM, (d) TDTE.

The corresponding quantitative evaluation indexes are presented in Fig. 16. Compared to TFM, TR, and SCF-TFM, the
TDTE exhibits improvements of 85.29%, 46.59%, and 45.39% in API, respectively. Regarding SNR, this algorithm demonstrates
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enhancements of 116.20%, 54.75%, and 27.23% compared to the other three methods.
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Fig. 16. Performance indicators of different imaging algorithms for asymmetric 18-mm spacing defects: (a) API, (b) SNR.

3.3.3. Comparative analysis of imaging results for asymmetric blind-hole defects with spacings slightly smaller
than resolution threshold

As shown in Fig. 17, for asymmetric blind-hole defects with a 9-mm spacing slightly smaller than the resolution threshold,
TFM fails to distinguish between these defects effectively. TR and SCF-TFM show multiple artifacts and only TDTE displays a
good recognition capacity.
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Fig. 17. Results of asymmetric 9-mm spacing defects: (a) TFM, (b) TR, (c) SCF-TFM, (d) TDTE.

The imaging quantitative evaluation indexes of the four modalities are shown in Fig. 18, with APITR > APISCF−TFM >

APITDTE, and SNRTR <APISCF−TFM <SNRTDTE. In terms of API, TDTE exhibits 34.05% and 29.52% improvements compared
to TR and SCF-TFM, respectively; in addition, its relative enhancements in SNR are 57.10% and 15.49%, respectively.
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Fig. 18. Performance indicators of different imaging algorithms for asymmetric 9-mm spacing defects: (a) API, (b) SNR.

3.3.4. Assessment of imaging results for asymmetric blind-hole defects (with spacings below resolution threshold)

As shown in Fig. 19, in the presence of asymmetric blind-hole defects with a spacing of 6 mm (smaller than the resolution
threshold), TFM, TR, and SCF-TFM cannot effectively distinguish between the two defects. In contrast, TDTE maintains its
ability to discern asymmetry despite slight artifacts observed in the imaging results.
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Fig. 19. Results of asymmetric 6-mm spacing defects: (a) TFM, (b) TR, (c) SCF-TFM, (d) TDTE.

As depicted in Fig. 20, the TDTE-based calculation of
the transverse amplitude profile at the 50-mm depth of the
blind hole demonstrates that two distinct peaks persist on
the transverse intensity profile at a threshold of −6 dB with
τ = −12.83. This observation indicates that TDTE imaging,
under the guidance of FCN model-identified modality, can rec-
ognize asymmetric blind-hole defects with a spacing smaller
than the resolution threshold.
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Fig. 20. Transverse amplitude curve of TDTE imaging for asymmetric
defects of 6-mm spacing.

4. Conclusion
In this study, an FCN network for target mode selection

was introduced to enhance the resolution of Lamb wave imag-
ing. Additionally, the Lamb wave TDTE imaging method was
optimized based on the mode selection results. Subsequently,
ultrasonic Lamb wave detection experiments were conducted
on aluminum plates.

In the case of a single-blind-hole defect, the four meth-
ods consistently and accurately depict its location and mor-
phology. Furthermore, TR, SCF-TFM, and TDTE effectively
mitigate the Lamb wave scattering effects. Notably, TDTE
demonstrates the highest lateral resolution among these meth-
ods. When the defect spacing is greater than the resolution
threshold, the TFM imaging performance index is the worst.
Specifically, TDTE exhibits the most favorable imaging out-
comes, with a remarkable improvement of 77.79% in API and

a significant 163.44% enhancement in SNR compared to TFM.
In the case of asymmetric blind holes having defect spacings
slightly below the resolution threshold, TFM cannot effec-
tively discern the defects. TR and SCF-TFM show artifacts.
TDTE stands out with superior imaging quality and demon-
strates notable improvements compared to TR and SCF-TFM,
enhancing API by 34.05% and 29.52% and elevating SNR by
57.10% and 15.49%, respectively. When the spacing is further
smaller than the Rayleigh criterion, the three traditional meth-
ods are no longer able to accurately reflect the defect morphol-
ogy. Despite such a limitation, TDTE still proves capable of
super-resolution imaging.

In conclusion, the use of FCN networks to eliminate the
interference of Lamb wave mode conversion and noise to im-
prove defect recognition can assist TDTE to achieve super-
resolution imaging.
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