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Automatic defect detection for ultrasonic
wave propagation imaging method using
spatio-temporal convolution neural
networks
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Abstract
Ultrasonic wave propagation imaging enables the detection of anomalies in various structures; hence, it has been applied as
one of the promising techniques for damage identification in structural health monitoring (SHM). The interpretation of
imaging data is vital to SHM; however, it relies significantly on expert subjective judgment, rendering the results vulnerable
to human errors. Recent advances in the field of computer vision arising from the adoption of deep neural networks have
resulted in new perspectives for substituting human roles in laborious data interpretation tasks. This paper presents an
effective learning architecture that can characterize the ultrasonic wave propagation videos for automatic non-destructive
inspection. The main contribution is threefold: 1. To the best of our knowledge, this is the first study to leverage video
content analysis techniques to exploit ultrasonic wave propagation image series. Previous approaches that focused on the
still wavefield images are likely to lose critical temporal information, thereby resulting in an inferior performance. 2. We
devise a model that progressively aggregates both temporal and spatial information encoded in multiple adjacent snapshots
of ultrasonic wave propagation motions for efficient data analysis. We presented the details regarding the system im-
plementation and critical parameter settings. 3. The proposed approach is validated through extensive experimental
comparisons with other state-of-the-art computer vision techniques on a real dataset which is publicly available. We hope
that this study will encourage further investigations into video-based non-destructive data interpretation, not limited to
ultrasonic signals.
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Introduction

Ultrasonic inspection is a well-established technique that
has been extensively applied in various non-destructive
testing (NDT) and structural health monitoring (SHM)
applications for decades. Because of its favorable long-
range diagnostic capability, this method is extensively
applied in detecting multiple defects such as cracks, de-
lamination, and fatigue-based losses in various structures. In
general, an electrical pulser is employed to generate an
ultrasonic signal that propagates through inspection objects
in the form of elastic waves, allowing the volume of the
material between the transmitting and receiving transducers
to be inspected. Once flaw/damage is encountered, part of
the wave energy is reflected back to the surface of the
structure. These defects can be discerned by investigating
the waveforms.1 As a versatile damage detection technique,

ultrasonic inspection offers several favorable merits, such
as high sensitivity to most material damages and proficiency
in extracting defect location and size specifications. How-
ever, direct interpretation of complicated waveforms can be
challenging due to their multimodal characteristics.

Visualization techniques, which render a series of
snapshots of ultrasonic wave propagation, have been in-
troduced to alleviate difficulties in ultrasonic inspection data

National Metrology Institute of Japan, National Institute of Advanced
Industrial Science and Technology (AIST), Tsukuba, Ibaraki, Japan

Corresponding author:
Jiaxing Ye, National Metrology Institute of Japan, National Institute of
Advanced Industrial Science and Technology (AIST), 1-1-1 Umezono,
Tsukuba, Ibaraki 305-8568, Japan.
Email: jiaxing.you@aist.go.jp

https://uk.sagepub.com/en-gb/journals-permissions
https://doi.org/10.1177/14759217211073503
https://journals.sagepub.com/home/shm
https://orcid.org/0000-0002-6680-1201
https://orcid.org/0000-0002-9657-891X
mailto:jiaxing.you@aist.go.jp
http://crossmark.crossref.org/dialog/?doi=10.1177%2F14759217211073503&domain=pdf&date_stamp=2022-03-01


interpretation. The resultant image sequence significantly
facilitates the understanding of the wave propagation
mechanism as well as the detection of wave scattering.
Therefore, damage identification can be performed effi-
ciently by analyzing the visualized scattered waves induced
by defects instead of exploiting complicated waveforms.2,3

A typical ultrasonic imaging inspection system comprises
three components: a pulsed laser that generates thermo-
elastic ultrasonic waves, a transducer that receives ultra-
sonic signals, and a computer that stores the signals and
visualizes wave propagation. In addition, image post-
processing is commonly applied to enhance the signal-to-
noise ratio of inspection wavefields, thereby facilitating
visual inspection.

Damage detection lies at the heart of SHM and the goal is
to identify the damage with high accuracy and efficiency. In
the past decade, there is an increasing interest on the au-
tomatic interpretation of inspection data for structural health
monitoring (SHM) in the field of civil engineering.4,5 In
respect to minimizing the labor force in ultrasonic in-
spection data interpretation, a majority of the effort is
offloaded to the subject, in which advanced signal pro-
cessing and machine learning techniques are primarily
involved.

The initial studies toward wavefield imaging data
analysis were performed by using conventional signal
processing tools. For instance, Fourier analysis and wavelet
packet transform had been employed to investigate the
behavior of temporal and spatial frequency components of
wavefield for damage detection.6 Soon the focus of
wavefield analysis shifted to quantifying wave propagation.
It had been acknowledged that the ultrasonic wavefield is
difficult to interpret, mainly due to multiple modes and
reflections constructively and destructively interfering.3 To
eliminate the incident wavefield, which conveys no infor-
mation regarding damage identification while retaining the
critical damage-induced patterns, some efficient numerical
methods had been proposed, such as wavenumber filtering
methods7 and root mean square (RMS) method.8 Further-
more, derived from the wavenumber method, advanced
methods had been validated for defect detection and
quantification in composite.9 More lately, weighted RMS
and wavenumber filtering had been further investigated for
detection and localization of barely visible identified
damages (BVID) and characterize the severity in carbon-
fiber-reinforced polymer composite structures.10

In the last few years, the impact of deep learning has been
widespread across diverse research fields, including the area
of structural health monitoring.11 The application of the
latest deep learning models to interpret the ultrasonic
wavefield data for damage detection and condition as-
sessment has recently gained considerable attention.12–14

Before we dive into the details of technical review, we
present a brief comparison between wavefield signal

processing and machine learning based schemes for ultra-
sonic wavefield image pattern investigation.

In general, wavefield data processing techniques are
developed under (relatively) explicit/ideal assumptions,
such as the physical properties of ultrasonic waves and the
homogeneous media had been thoroughly characterized.3 It
can be understood as a top-down approach, in which the
physical properties are represented by using well-formed
mathematics formulas and subsequently being applied for
wavefield data analysis. Because the prior knowledge
(physics of wave propagation) had been carefully exploited,
wavefield signal processing methods are data efficient. They
do not rely on massive datasets to extract the underlying
data structure for damage identification. However, the initial
assumption may not hold when dealing with the real data,
making the methods incapable of generating favorable
assessment results.

On the contrary, the deep learning models handle the
ultrasonic wavefield pattern classification problem in an
alternative manner. They formulate the problem of damage
identification from wavefield data as a cognitive task. The
models would exhaust all efforts to establish a mapping
(using function composition) between visual patterns and
corresponding condition labels. According to the universal
approximation theorem,15 with a powerful design of
stacking layers of nonlinear transformations and numerous
tunable parameters, deep neural networks can exploit a
hypothesis space of sufficient flexibility and complexity.16

Furthermore, stochastic optimization is employed to search
the optimal functions in the hypothesis space with high
efficiency, which can build mapping relationships specified
by the training data (e.g., wavefield images and the cor-
responding condition indexes).17 Deep learning takes a
bottom-up approach that combines subtle visual cues dis-
tilled from massive wavefield data to give rise to a more
comprehensive system with high complexity and com-
pleteness for the wavefield data assessment. However, since
the model performance depends purely on its own previous
experience, its ability is bounded by how many annotated
samples were available for training the model.

Overall, both approaches have the same objective: to
minimize human efforts and reduce errors in ultrasonic
inspection signal interpretation but adopt different strate-
gies. The wavefield signal processing methods, which treat
a signal as the physical support of information, endeavor to
find provably correct and optimal solutions for damage
identification and assessment with consideration of the
properties of ultrasonic waves. In contrast, deep learning
approaches tackle the cognitive task of damage identifi-
cation from wavefield data more directly by establishing the
mapping from the input wavefield images to the corre-
sponding condition labels. And the models are more tolerant
of uncertainty, partial loss in wavefield data, and approxi-
mation, which bring new perspectives and possibilities for
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ultrasonic wavefield interpretation. In the long run, the two
types of methodologies could be combined and contribute
complementarily to automatic ultrasonic wavefield data
interpretation with high precision.

For the development of statistical machine learning
system for ultrasonic wavefield pattern classification, in an
early attempt, the artificial neural network (ANN) with a
single hidden layer was evaluated to classify ultrasonic
waveforms with crack, porosity, and inclusion defects.18 As
for the statistical pattern classification, since the perfor-
mance of ANNs is limited by the computation power and
size of a dataset, some researchers have adopted simpler
approaches, such as principal component analysis (PCA)
and self-organizing maps (SOM).19 More recently, efficient
machine learning algorithms, such as support vector ma-
chines (SVMs), have been evaluated for flaw-induced ul-
trasonic wave detection,20 and the random forest
algorithm21 was employed to detect the extent of internal
damage due to rebar corrosion. Although these models
reported high classification accuracy, the evaluation was
confined to small scale datasets, and their performances
were proved to be difficult to extend to unseen cases.

With the rapid development of computer hardware,
machine learning models have become more effective. In
recent years, deep neural networks (also known as deep
learning) have consistently demonstrated state-of-the-art
performances in various cognitive tasks.22 The shift in
applying deep learning for ultrasonic imaging data analysis
is in progress.23 Convolutional neural networks (CNNs)
have been employed to characterize the wavelet spectro-
gram of ultrasonic waveforms to classify voids and de-
lamination in carbon fiber composite materials.24

Furthermore, CNNs have been employed to analyze ul-
trasonic wavefield images to detect multiple types of defects
in planar specimens.13 It is noteworthy that CNNs, owing to
their large number of learnable parameters, have been ac-
knowledged to be data hungry, that is, their performance
relies significantly on the size of the training data. As in
ultrasonic testing, samples from real or manufactured flaws
are expensive, thereby resulting in insufficient experimental
data. Hence, simulation approaches have been devised to
generate large datasets to facilitate CNNmodel training.25,26

In summary, recent systems for ultrasonic testing data
analysis are typically constructed using deep neural net-
works, and the primary targets are A-scan waveforms or
wavefield images. Problems pertaining to small sample
sizes are expected to continue in the application of CNNs for
ultrasonic data analysis.

The aim of this study is to provide a novel perspective
for characterizing ultrasonic wave propagation imaging
(UWPI) data using video content analysis techniques. This
is inspired by practices in ultrasonic wavefield testing, that
is, an inspector watches a “movie” of wave motion snap-
shots to monitor the manner in which waves propagate and

then analyze whether an obstacle (flaw) is present in their
path.2 Although a single snapshot of the ultrasonic wave-
field provides discriminant information for flaw detection, it
is evident that video-based assessment is more efficient and
accurate; therefore, we propose devising a spatio-temporal
convolutional neural network that can mimic human ability
in understanding UWPI videos. An overview of the pro-
posed system is presented in Figure 1.

Video understanding, which is a core problem in the field
of computer vision, is an established research topic and has
attracted significant attention in recent decades. Although
substantial progress has been reported, the existing models
may not be suitable for UWPI data analysis due to three
main reasons: First, the UWPI dataset obtained from real
specimens is small compared with massive datasets used for
genetic action recognition,27 causing the complicated
models to overfit the data easily. In other words, because the
model parameters are numerous whereas the available
training samples are limited, the model tends to perform
extremely well on the data used for training but cannot yield
correct predictions when handling unseen data. Multiple
methods can be used to solve this issue; herein, we present
our solution to the problem. Second, action recognition
models are primarily focused on dynamic human actions
and gestures,28 whereas UWPI exhibits a relative structured
pattern of wave propagation and scattering. For instance, in
a continuous medium, the behavior of ultrasonic waves
propagation can be approximated by combination of lon-
gitudinal waves, transverse waves, and surface waves. Such
essential property implies that simple neural network ar-
chitectures might be sufficient to describe the normal wave
propagation. Third, the central problem of video content
understanding is the aggregation of multi-frame infor-
mation. We revisit this fundamental principle and em-
pirically validate multiple CNN architectures for efficient
spatio–temporal information characterization. Further-
more, a few questions remain: How does additional
temporal information affect UWPI pattern analysis? What
is the overall performance improvement afforded? In this
study, we designed a series of experiments to answer these
questions. In summary, the contributions of this study are
as follows:

*.We propose a novel scheme that adopts a video content
analysis technique for UWPI data investigation. It
differs from previous approaches that focus on still
wavefield images. Our approach is advantageous for
exploiting rich motion information for better ultra-
sonic wave propagation pattern modeling.

*.In the field of computer vision, spatio–temporal con-
volutional neural networks, that is, three-dimensional
(3D) CNNs, have demonstrated state-of-the-art per-
formance for video understanding.27 In this study, we
redesign them to adapt to UWPI video analysis.
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Through extensive investigations, we determined the
optimal network design for this task.

*. The proposed video-based analysis approach is validated
through experimental comparisons for a practical task,
that is, to discern flaw-induced patterns from ultra-
sonic wave propagation motions. Various state-of-the-art
computer vision techniques are added to the comparison
list, including the conventional approaches composed of
feature extraction with statistical classifiers and the latest
approaches based on neural networks, such as ResNet29

and DenseNet,30 which even delivered human-level
visual object recognition performance. By comparing
the results on real data, it is demonstrated the proposed
video based UWPI data analysis approach outperformed
all other methods by a significant margin.

The remainder of this paper is organized as follows. We
first present a comprehensive review of the machine learning
techniques employed for understanding ultrasonic data. Then,
the following section describes the proposed approach for
UWPI video analysis, and several variant designs for the
learning architectures are discussed. Subsequently, we present
the experimental validation, including an introduction to the
inspection method and real ultrasonic imaging test dataset,
parameter settings for spatio-temporal pattern modeling, and
comprehensive comparison results. We conclude this study by
presenting a summary and discussion in the final section.

Related works

Over the last 5 years, machine learning-enabled ultrasonic
inspection data interpretation emerged as an active research

Figure 1. The processing diagram of the proposed ultrasonic wave propagation video analysis system.

Table 1. Overview of papers using machine learning techniques for ultrasonic non-destructive tests.

Input signal Year Signal representation Pattern classification scheme

1-D
waveform

200231 Ultrasonic A-scan signal with matching pursuit coefficients ANN with RBF activation functions
201319 Ultrasonic A-scan signal Self-organizing maps (SOM) classifiers
201520 Ultrasonic A-scan signal Support vector machines (SVM)
201732 Ultrasonic A-scan signal with wavelet transformed features Principal component analysis (PCA)
201733 Ultrasonic A-scan signal Dictionary learning with K-SVD
202023 Ultrasonic A-scan signal Autoencoder (AE)
202126 A-scan signal with adjacent concatenation and virtual flaw

augmentation
Deep convolutional neural network

2-D image 199618 Ultrasonic A-scan signal with PCA pre-processing Artificial neural network (ANN) with 3
layers

19976 Ultrasonic B-scan image Wavelet packet transform
200534 Phase information extracted from TOFD images Cross-correlation coefficient
200735 Co-occurrence based matrix features Multilayer neural-fuzzy network
201136 Ultrasonic B-sacn image with time-frequency representation 4-Layer artificial neural networks
201637 Ultrasonic B-scan image Sparse deconvolution method
201738 Ultrasonic B-scan image with Hilbert-Huang transform (HHT) Cross-correlation
201813 Ultrasonic wavefield images Deep convolutional neural network with

residual module
202025 Ultrasonic plane wave imaging data and simulation data Deep convolutional neural network
202139 Ultrasonic wavefield images Latest deep convolutional neutral networks
202140 Ultrasonic wavefield images with adaptive wavenumber filtering

and RMS feature extraction
Fully convolutional network (FCN)
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topic and a wide variety of research progresses had been
reported. In this section we summarize the remarkable
progress achieved in the field. Table 1 presents a concise
review of the recent progress in this field. We categorized
the methods in terms of ultrasonic signal representation and
machine learning algorithms.

The table reveals the technical trend of devising machine
learning systems for automatic ultrasonic data investigation.
Advanced machine learning approaches such as SVMs20

and random forests21 have been discussed for ultrasonic
signal analysis. It was confirmed that novel machine
learning/pattern recognition techniques can contribute
substantially to ultrasonic data interpretation. This finding is
further intensified owing to the remarkable success of deep
learning models. Based on the universal approximation
theorem,15 deep neural network architectures can be used to
approximate any complex function f (�) that maps attributes
x to the desired output y. Within the context of ultrasonic
testing, x can be the ultrasonic wavefield image, and y can
be the corresponding condition index, which is a numerical
code with 1 denoting normal, and 0 indicating a flaw
pattern. Neural networks fully utilize deep stacking archi-
tectures to establish a highly nonlinear relationship between
the two spectrums.17 Although deep neural networks have been
extensively discussed, themost complex neural network design
applied hitherto comprised seven convolution layers.13 This is
attributed primarily to ultrasonic inspection datasets being
limited to small scales, thereby hindering the complicated
network design from achieving a significant performance gain.

Second, in terms of ultrasonic data representation,
computerized pattern analysis systems typically involve two
input modalities: ultrasonic A-scan waveforms and B-scan
wavefield images. Accordingly, different signal processing
techniques have been adopted, such as Fourier and wavelet
transforms,32 which have been introduced to process A-scan
waves. Furthermore, statistical co-occurrence features were
investigated using ultrasound B-scan images.35 Moreover,
advanced ultrasonic testing techniques, such as ultrasonic
wave propagation imaging (i.e., wavefield imaging), can
provide a series of snapshots (video) depicting ultrasonic
wave propagation through the test piece, thereby easing
defect inspection significantly. However, to the best of our
knowledge, video-based machine learning approaches for
ultrasonic wavefield data analysis have not been
investigated.

The analysis above motivated us to conduct further
studies. We discovered that previous studies focused on
ultrasonic signals in the representations of A-scan wave-
forms and two-dimensional wavefield images. In this study,
we considered an alternative scheme to perform UWPI
video analysis. We assumed that both spatial and temporal
information are essential for wavefield motion pattern
modeling. The rich discriminant conveyed in a spatio-
temporal manner can provide further advancements.

The proposed approach

The aim of this study is to develop an efficient machine
learning system to discern flaw-induced patterns in an ul-
trasonic wave propagation video. Figure 2 illustrates an
example for ease of understanding. A sequence of ultrasonic
wavefield snapshots was used as the input to the machine
learning system. The corresponding condition indexes were
binary values indicating the presence/absence of flaw-
induced patterns and were the desired outputs. In this
section, we introduce the proposed computerized UWPI
data analysis system as follows: First, we provide a general
scheme for video understanding based on spatio-temporal
feature learning. Subsequently, we explain our custom-
ization of the learning architecture to achieve an efficient
UWPI video investigation.

Video understanding problem and 3D
convolution-based learning scheme

In computer vision, video understanding refers to the ca-
pability in automatically analyzing videos to extract
knowledge/information for the detection and recognition of
meaningful events. Video content analysis is primarily
performed by investigating two crucial and complementary
aspects: appearance and dynamics. Inspired by the re-
markable success of CNNs in image recognition, CNNs
have been extended to video classification in recent studies.
Because video data can be regarded as 3D signals (height,
width, and time), a new type of deep neural network, that is,
spatiotemporal CNNs, was investigated jointly to exploit
the spatial appearance and temporal motions exhibited in
adjacent frames.41 This method is also known as 3D CNNs,
as convolution is applied to 3D data. The key aspect of 3D
CNN for video understanding is that human engineers do
not design the feature layers. Instead, they are learned from
massive training data (raw pixels) using a general-purpose
learning procedure. By utilizing multiple levels of spatio-
temporal features learned using 3D CNNs, remarkable
progress has been achieved in video understanding.42 In this
section, we present learning approaches based on 3D CNNs
for UWPI video data analysis.

We denote the ultrasonic wavefield video data, which
comprise a series of wavefield images, as 3D tensors
V 2R

T×H×W , where T, H, and W are the number of images,
height, and width, respectively. In 3D CNNs, a series of 3D
convolution operators (i.e., kernels) are applied to the video
data, which slide along three directions (T, H, and W) to
automatically exploit both the visual appearance of waves
and dynamic propagation motions in a hierarchical manner.
Figure 3 Shows the flowchart of the 3D CNN model for
UWPI video analysis. The model is defined by f (�) which
defines a function composition involving a series of com-
putations as follows:
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~y ¼ f
�
V ;W 1,…,K ,b1,…,K

�
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�
σ
�
/σ

�
VW 1 þ b1

�
/þ�

WK þ bK
�

(1)

whereW 1,…,K and b1,…,K are the learnable weights of all the
convolution filters and the biases vectors that operate at the
l-th layer, respectively. The network is organizedinto groups
of units known as layers ðk ¼ 1,…,KÞ and the mechanism
of information propagation between layers, for example,
from the k-1 to k layers, complies with the same principal as
follows:

hðkÞ ¼ σ
�
aðkÞ

�
,where aðkÞ ¼ bðkÞ þW ðkÞhðk�1Þ (2)

Here, σð�Þ is the activation function, which generally per-
forms element-wise nonlinear filtering to prevent the model
from collapsing into a linear model. The activation function
that we employed in this study is a rectified linear unit
(ReLU), defined as σðτ,aÞ ¼ max ð0,aÞ which has been
validated for large-scale visual learning problems. The
subsequent operator–3D pooling performs down-sampling
by segmenting the input into cuboidal pooling regions and
computing each region’s maximum. The objective for ap-
plying 3D pooling is twofold, that is, (i) to downscale the
data size, and (ii) to introduce some level of translation
invariance to feature extraction, which is quite important for
visual feature extraction. The composition of such com-
putations enables extremely complex functions to be
learned. ~y is the prediction output generated by f (�), which

approximates the interpretation results of human inspectors,
such as normal and abnormal judgments are denoted as 0
and 1, respectively.

Among the various problems encountered in deep
learning architecture design, the most difficult is neural
network training, that is, to automatically adjust tens of
millions of parameters in a systematic way to establish
an efficient and robust mapping between the input and
output when the model is fed with raw data and the
corresponding label pairs fVn,yng. We present a concise
overview of 3D CNN model training algorithm in
Table 2.

In the algorithm,=
~yJ is the derivative induced by the loss

of training data, and η is the learning rate that governs the
network update step/speed. A regularization term is typi-
cally added to the prediction error function to prevent the
model overfitting, which is expressed asV(θ). We denote all
the learnable parameters with θ, and stochastic optimization
was performed to tune all the parameters to minimize the
objective function J. For simplicity, we used the stochastic
gradient descent (SGD) optimization scheme in the algo-
rithm, although modified solvers are available such as
adaptive moment estimation (ADAM) and stochastic gra-
dient descent with momentum; more details can be referred
to reference17.

In this section, we present the 3D CNN learning model
employed for UWPI video analysis. We abbreviate it as
ST-Net-3D, which represents spatio-temporal neural net-
work using 3D convolutions. In the following sections,

Figure 2. The ultrasonic wave propagation imaging (ultrasonic wave propagation imaging) snapshots and corresponding condition
indexes.

Figure 3. The flowchart of spatio-temporal convolutional neural networks for ultrasonic wave propagation imaging video analysis.
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beginning with the basic architecture, we discuss how we
devise the ST-Net-3D to achieve better performance.

Temporal information fusion scheme

The central problem in video analysis is the modeling of the
temporal dimension. Ultrasonic wave propagation video
classification involves clips containing several contiguous
frames in time. Therefore, we can establish the connection of the
deep neural network in the time dimension to learn the spatio-
temporal features through neural network training. Although the
connections can be established via multiple methods, we herein
present three major designs: late score fusion, early feature
fusion, and hierarchical feature fusion.

Single-frame prediction:We employed single frame-based
prediction as a baseline to understand the significance of static
appearance for ultrasonic wave propagation image analysis. In
detail, individual ultrasonic wavefield images were as input in
the scheme, and a series of advanced two-dimensional (2D)
CNNmodels were adopted to distinguish flaw-induced patterns
from normal cases. Moreover, because temporal information
were not considered, the results can be used to justify the
contribution of spatio-temporal information for the task.

Late score fusion: After building the baseline model, we
devised a temporal information aggregation scheme. A
direct solution can be late fusion, which performs majority
voting over the single-frame predication results generated
by a 2D CNN model. Although straightforward in design,
the method is error tolerant, thereby enabling a successful
prediction (i.e., as if the failure predictions are less than half
of the total frames in an input video clip).

Early feature fusion: The early feature fusion scheme
combines information across neighboring frames immediately at
the pixel level. It is implemented by modifying the filters on the
first 2D convolutional layer in the single-frame model by ex-
tending them to 3D convolutions, by which temporal information
can be characterized. All the early and direct connectivity to the
raw pixel from adjacent frames allows the network to precisely
model local motions, such as direction and speed.

Hierarchical feature fusion: The hierarchical fusion
method aggregates both temporal and spatial information
throughout the network such that higher layers can access
more global information progressively in both dimensions.
It is implemented by extending the connectivity along the
time axis of all layers and computing 3D convolutions to
compute activations. We explain this method using an
example, as follows: Assume that we are addressing a short
video clip containing five frames. In the model we used, the
first 3D convolutional layer was set to apply local temporal
filtering with a timespan of three frames. We shift the
convolution operator along time axis by one frame at each
time. By setting valid convolution parameters, the third
convolutional layer can access the spatio-temporal infor-
mation across all five input frames. The valid convolution
parameters mentioned here include the kernel size KT ,
padding length P and striding step S. The desired output
volume size was obtained by adjusting the three parameters
using the following formula: Dout = ( Din - KT + 2P)/S + 1,
where Din and Dout are the input/output dimensions, re-
spectively. This principle also applies to other dimensions of
the imaging data such as height (H) and width (W). Spe-
cifically, we set the 3D convolution operators at first, second,
and third layers with parameters fKT ¼ 3, P ¼ 0, S ¼ 1g,
fKT ¼ 1, P ¼ 0, S ¼ 1g; fKT ¼ 3, P ¼ 0, S ¼ 1g, re-
spectively. Compared with other methods, the hierarchical
feature fusion scheme introduces more nonlinear transfor-
mations, thereby enabling the model to represent more
complex relationships between the input data and corre-
sponding labels. Figure 4 shows an overview of the temporal
information fusion schemes which clearly demonstrates the
difference.

3D convolution kernel decomposition

Although 3D CNNs are suitable for creating hierarchical
representations of spatio-temporal patterns for video un-
derstanding, they contain far more parameters than 2D
CNNs because of the additional kernel dimension,

Table 2. Algorithm for training neural networks.

Algorithm 1: Train Neural Networks (Vn, yn, W, b)
Initialization: W, b, η
For n = 1,2,…,N
do perform forward propagation byn ¼ f ðVn,W, bÞ

Compute the prediction loss J ¼ Lðyn,bynÞ þ λVðθÞ
Compute the gradient on the output layer gðKÞ←=byJ
Compute the gradients at each layer by back-propagation: For k ¼ K,K � 1,…,1
gðkÞ←=aðkÞJ ¼ gȯσ0ðaðkÞÞ
=bðkÞJ ¼ gðkÞ þ λ=bðkÞVðθÞ; =wðkÞJ ¼ gðkÞhðk�1ÞT þ λ=wðkÞVðθÞ
gk�1←=hðk�1ÞJ ¼ WðkÞTgðkÞ

Update all the parameters via SGD θ←θ � η � g
Return (W, b)
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rendering themmore difficult to train.37 It can be understood
easily from a computational perspective, that is, the 3D
convolution with size of t × d × d has complexity O (tdd)
which is much higher compared with the case of 2D d × d
convolution kernel that costs O (dd). To mitigate this issue
and facilitate the efficient modeling of ultrasonic wave
propagation video, we employed an approach to decompose
3D convolution to a 2D spatial convolution, followed by a
one-dimensional (1D) temporal convolution. The method
has been discussed in previous studies and proven to be
effective for accelerating the deep network learning while
retaining favorable performance.43 The rationale behind the
decomposition is that the 2D spatial appearance and 1D
temporal dynamics in videos always exhibit different
characteristics. Compared with modeling the spatial and
temporal information simultaneously, it may be more ef-
ficient and feasible to model the two-way information
separately. In this design, we replaced the 3D convolution
kernel with size of t × d × d by using two consecutive
kernels with size of 1 × d × d and t × 1 × 1, respectively.
The decomposition kernel is hereafter denoted by (2+1)D
convolution. By performing (2+1)D convolution, the
computation complexity can be reduced from O (tdd) to O
(t) +O (dd). An illustration of the decomposition process is
presented in Figure 5. The 2D convolution kernel contains
nine (3×3) learnable parameters, whereas the 3D convo-
lution kernel and the (2+1)D kernel contain 27 (3×3×3) and
12 (3×3+3×1) parameters, respectively. In addition to high
efficiency, the kernel decomposition can facilitate the op-
timization, thereby necessitating fewer data is required to
achieve a lower prediction error.

Table 3 presents the proposed spatio-temporal neural
network architecture for UWPI video analysis and we de-
noted it as ST-Net-(2+1)D. Hierarchical fusion method was
adopted to aggregate both temporal and spatial information
throughout the network. To speed up the model training and

prevent overfitting, we substitute the (2+1)D convolution
for 3D convolution operators. Batch normalization and
ReLU activation units were applied after the convolutions.
We employ Batch normalization to mitigate the change in
means and variances of the inputs to internal layers during
training. By reducing these unwanted distribution shifts,
batch normalization can speed up network training and
produce more reliable models. Moreover, it has been
deemed also that batch normalization offers a regularization
effect, which performed comparably to the dropout
method.17 Subsequently, the Rectified Linear Unit (ReLU)
operator is adopted to generate sparse feature representa-
tions for robust pattern recognition. For simplicity, we
omitted the ReLU processes in Tab 2. 3D pooling was
adopted to downsize the feature map and enhance the
translation invariance. Additionally, we show the key
specifications of the proposed spatio-temporal network,
including dimensions of the filters, number of learnable
parameters, and size of output feature maps in the order of
height, width, and time. The series of convolutions cul-
minated in a global spatio-temporal pooling layer yielded a
long feature vector. Then a dropout layer was implemented
to enhance the neural networks stability and robustness,
where a certain set of features were disregarded at random.17

Finally, the resultant vector was fed into a fully connected
layer, which outputs the class-wise probabilities (condition
index) through a softmax function. Cross-entropy loss is
employed to assess the model performance and to facilitate
gradient-based network training.

Experimental validation

In this section, we evaluate the proposed approach based on
an extensive experimental comparison using a real dataset.
We first present the ultrasonic inspection dataset, parameter
settings for neural network training, and evaluation metrics.

Figure 4. Demonstration of three fusion rules for ultrasonic wave propagation video analysis.
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Subsequently, the proposed approach and other state-of-the-
art methods are compared.

Dataset

To assess the performance of computer vision algorithms for
automatic ultrasonic wave propagation image analysis, we
employed the system developed in our laboratory to es-
tablish the database.44 The system comprised three com-
ponents: A pulsed laser scan unit that generates
thermoelastic ultrasonic waves, a transducer attached to the
surface of a specimen that collects ultrasonic waves
propagating through the specimens, a computer that stores
the amplified signals and visualizes wave propagation.

In the evaluation, we addressed the problem of flaw
detection from stainless-steel plate specimens. Because the
appearance of the UWPI data varied significantly owing to
the flaw shape, size, and depth, we prepared a series of
specimens with intended flaws to include more propagation

patterns. Two types of defects were implemented: drilled-
holes with diameters ranging from 1 to 5 mm, and slits with
lengths ranging from 3 to 10 mm. Table 4 introduces the
flaw conditions of the 17 specimens used for dataset de-
velopment, and Figure 6 shows the flaw specifications. A
laser scan was performed on the central region of the 3-mm-
thick specimens measuring 100 mm 100 mm (green zone in
Figure 6) on the steel plates. Notably, the transducers in-
cident angle governed the propagation direction of the
ultrasonic waves; hence, it was fundamental in detecting slit
flaws. To rate the robustness of the computer vision system
to incident angle selections, we obtained ultrasonic in-
spection images with different incident angles varying from
0 to 90° with 22.5 degree interval. Table 5 presents the key
parameters applied for laser ultrasonic imaging inspection.

Based on the settings above, we captured 49 UWPI
videos from 17 specimens and then prepared one defect-free
specimen to obtain the wave propagation data from normal
sample. Altogether, the dataset contained 50 full-scan

Figure 5. Convolution kernel comparison for wavefield image feature learning.

Table 3. Summary of the proposed ST-Net-(2+1)D architectures.

Layer # Operations Learnable parameters Output feature map

(2+1)D conv1 5 × 5 × 1 × 3, 64, stride [2, 2, 1],
padding [0, 0, 1] 1 × 1 × 3, 64

(5 × 5 × 1 × 3 + 1) × 64 62 × 62 × 7 × 64
(1 × 1 × 3 × 64+1) × 64

BatchNoram1 — (1 × 1 × 1 + 1 × 1 × 1) × 64 62 × 62 × 7 × 64
pool1 2 × 2 × 1, stride [2, 2, 1] — 31 × 31 × 7 × 64
(2+1)D conv2 3 × 3 × 1, 64, stride [2, 2, 1], padding [1, 1, 0] (3 × 3 × 1 × 64 + 1) × 64 16 × 16 × 7 × 64

1 × 1 × 3, 64, padding [0,0,1] (1 × 1 × 3 × 64 + 1) × 64
BatchNorm2 — (1 × 1 × 1 + 1 × 1 × 1) × 64 16 × 16 × 7 × 164
pool2 2 × 2 × 2, stride [2,2,1] — 8 × 8 × 6 × 64
(2+1)D conv3 3 × 3 × 1, 96

1 × 1 × 3, 96
(3 × 3 × 1 × 64 + 1) × 64 6 × 6 × 4 × 96
(1 × 1 × 3 × 96 + 1)

BatchNoram3 — (1 × 1 × 1 + 1 × 1 × 1) × 96 6 × 6 × 4 × 96
(2+1)D conv4 3 × 3 × 1, 128, padding [0,0,1]

1 × 1 × 3, 96
(3 × 3 × 1 × 96 + 1) × 128 4 × 4 × 4 × 128
(1 × 1 × 3 × 128 + 1) × 128

BatchNoram4 — (1 × 1 × 1 + 1 × 1 × 1) × 128 4 × 4 × 4 × 128
(2+1)D conv5 3 × 3 × 1, 128 (3 × 3 × 2 × 128 + 1) × 128 2 × 2 × 2 × 128

1 × 1 × 3, 128 (1 × 1 × 3 × 128 + 1) × 128
BatchNoram5 — (1 × 1 × 1 + 1 × 1 × 1) × 128 2 × 2 × 2 × 128
FC layer — (1024 + 1) × 2 1 × 1 × 1 × 2
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videos with 7004 wavefield snapshots with resolution of
128 × 128. We manually labeled all the images with binary
condition indexes: 1 represents observable defective-
induced scattering patterns, and 0 indicates normal ultra-
sonic wave propagation. The dataset had been used to
evaluate CNN models for still wavefield image pattern
analysis, and it had been made available for public access.39

Previously, the binary condition indexes were assigned in a
frame-wise manner, and in this work, we further process the
wavefield images and the corresponding condition labels to
facilitate video-based classification. In detail, we trimmed
the full-scan videos to multiple short clips, and each clip
consists of five contiguous frames with one overlapping
frame. There are mainly three reasons to trim the videos: (1)
We can obtain a sufficient number of video snippets, which
enable spatio-temporal neural network training. (2) Al-
though short, the trimmed clips can provide rich wave
propagation dynamics for learning discriminant feature
representations for defect detection. (3) The trimming
scheme can retain high annotation accuracy to the resultant
short clips in the time domain. As a result, we obtained 1681

annotated UWPI video clips. Figure 7 demonstrates the
video clip trimming scheme from UWPI full scan data. The
three examples represented the cases of a normal specimen
and defective specimens with slit-shaped and hole-shaped
flaws. Moreover, the plots reflect the effect of key pa-
rameters of incident angles.

The defective patterns can be discerned by focusing on
the flaw-induced scattered wave radiation. However, it is
not feasible to define the scattering waves using explicit
programming. The significance of the CNN-based learning
scheme is that owing to multiple levels of feature extraction,
the raw pixel input can be systematically grouped to de-
scribe high-level and meaningful patterns by automatic
feature discovery from the example dataset. It has been
acknowledged that deep neural networks so far are data
inefficient. That is, thousands, or even millions of training
examples are required to be fed to the model to learn the
efficient feature representations for a specific cognitive task.
Data augmentation is regarded as a prospective process for
mitigating the small sample size issue; it helps in increasing
the dataset size and thus reduces overfitting. As for

Table 4. Summary of the specimen specifications.

Specimen # Flaw type Depth Transducer side Defect Size (mm)

1–3 Hole Penetrated Front f 1, f 3, f 5
4–6 Hole 1.5 mm Front f 1, f 3, f 5
7–9 Hole 1.5 mm Back f 1, f 3, f 5
10–11 Slit Penetrated Front 5, 10
12–14 Slit 1.5 mm Front 3, 5, 10
15–17 Slit 1.5 mm Back 3, 5, 10

Figure 6. Flaws implemented on specimens and transducer placement.

Table 5. Summary of the experimental setting of inspection device.

Probe frequency Beam angle β (°) Pulse repetition Incident angle α (°)

1 MHz 90 500 Hz 0, 22.5, 45, 67.5, 90
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computer vision tasks, geometry transforms are the most
applied data augmentation methods, including rotation,
horizontal/vertical axis flipping, translation, and affine
transform. Besides those four basic transforms, we intro-
duce a block erasing scheme for dataset augmentation,
randomly selecting a rectangle region in a wavefield image
and erasing its pixels with zeros values. The method was
proven to be effective in reducing the risk of over-fitting and
making the model robust to occlusion.45 The augmentation
operation was implemented in the UWPI video clips such
that the same geometry transform was applied to all frames.
Figure 8 shows an illustration of the video augmentation
schemes. The neural networks that have learned augmented
data are assumed to generate robust feature representations
to the corresponding visual appearance changes. However,
the current augmentation scheme is incapable of describing
real variations in ultrasonic wavefield patterns caused by

different settings of an inspection system, such as transducer
locations, incident angles, and target specimen flaw con-
ditions. Recently, some progress had been made to devising
new approaches of doing physically realistic data aug-
mentation for non-destructive testing, such as generating
synthetic ultrasonic inspection data by fusion of real and
physics-model simulation data.26 Realistic data augmen-
tation will be an essential research topic for building reliable
machine learning models for ultrasonic inspection data
interpretation without gathering an absurd amount of
training data.

At the evaluation stage, we adopted the leave-one-
specimen-out protocol, that is, at each iteration, we se-
lected one stainless-steel specimen with defects, and the
UWPI data generated from it were assigned as testing data.
All clips captured from other specimens were segregated
into training and validation sets on an 80%-20% ratio.

Figure 7. Demonstration of ultrasonic wave propagation imaging video clips trimming with three examples.

Figure 8. Augmented video clips by geometry transformation.
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Meanwhile, video clips obtained from non-flaw specimens
were randomly inserted into the training/validation/testing
sets with a fraction of 65%-10%–25%. At the training stage,
we randomly selected 30% of the augmented clips and
added them to the training set. Besides, the reference 2D
CNN models, that is, AlexNet, ResNet, and DenseNet,
require the input images to be of the size 224 × 224, we
upscale the UWPI dataset from original resolution (128 ×
128) to 224 × 224 to fulfill the requirement.

Parameter settings

In this section, we present the configuration for training the
machine learning models. The dataset was rescaled to the
range of [0, 1] with min-max normalization to ease model
training. To perform PCA feature extraction, we need to
determine the number of principal components. To this end,
we evaluated three cases of using 50, 100, 200 components,
which presented explained variances of 97.31%, 98.10%, and
98.76%, respectively. Because each parameter renders a
sufficient amount of explained variance, we tune the hyper
parameter using validation set via cross validation. For
Histogram of Oriented Gradients (HoG)46 feature extrac-
tion, we adopt default settings with cell size of [8, 8] and 9
bins of orientation histogram. For training the SVM model
with RBF kernel, both C and gamma parameters need to be
optimized simultaneously. We define the following pa-
rameter grid for optimization: we set C with log-uniform
distribution of [0.1, 1, 10, 100] and gamma of [0.001, 0.1, 1,
10]. Two hyper-parameters were tuned with the validation
set through leave-one-specimen-out cross-validation as
described in the previous section. For evaluation of random
forest classifier, although there had been some works that
demonstrated using 128 trees is sufficient for most cases and
the best depth is 5–8 splits.47 Since the specific optimal
values may exist depending on the application, we per-
formed cross-validation on random forest consisting of 50,
100, and 200 trees with maximum depth parameters of 4, 6,
and 8 in this evaluation.

For the neural network training, batch size was set to 64,
which refers to the number of training video clips processed
at each iteration. We set the epoch number to 10, that is, the
entire dataset was passed forward and backward through the
neural network 10 times. We adopted the SGD optimizer
with an initial learning rate of 1 × 10�3 to train the networks
from the beginning. During the training, the learning rate
was reduced by half by every two epochs. Such weight
decay scheduling has been empirically observed to facilitate
both model optimization and prediction power general-
ization.32 We set the dropout ratio to 0.3, which can sup-
press model overfitting. It is noteworthy that to compare the
early fusion and hierarchical fusion schemes, we prepared
two spatio-temporal neural networks both consisted of five
convolution layers. The difference is that early fusion

adopted spatio-temporal convolution at only the first layer,
while hierarchical fusion employs spatio-temporal convo-
lutions at each convolution layer. By controlling the model
depth, a valid and fair comparison can be performed.

Evaluation metric

The evaluation metrics, which are integral to an appropriate
assessment, are described herein. By comparing the pre-
diction results with the ground truth labels, we can derive
four descriptive statistics, as follows:

1. True positive (TP): the number of video clips ex-
hibiting flaw-induced patterns is correctly discerned.

2. True negative (TN): the number of normal wave
propagation video clips classified as non-defects.

3. False positive (FP): the number of normal wave
propagation video clips is incorrectly assessed to
contain a defect.

4. False negative (FN): the number of video clips ex-
hibiting flaw-induced patterns is incorrectly classi-
fied as no-defect.

We further extract four metrics of Accuracy (ψ), Recall
(Re), precision (Pr), and F-score(γ)

ψ ¼ TP þ TN

TP þ FP þ TN þ FN
, Pr ¼ TP

TP þ FP
,

Re ¼ TP

TP þ FN
, γ ¼ 2 � Pr � Re

Pr þ Re
: (3)

Because the validation was performed using the leave-
one-specimen-out method, we can extract the four metric
statistics denoted as fψp,Prp,Rep, γpg, p ¼ ½1; 2,…,17�,
where p denotes the p-th specimens. To investigate the
overall performance, we extracted the average scores among
all 17 specimens. The resultant statistics were expressed as
fψ,Pr,Re, γg and these four metrics were employed to
evaluate the models. It is noteworthy that the F-score is the
harmonic mean of the precision and recall, and it has been
applied as a representative indicator for model assessment.

Results comparison

The objective of the experimental validation is threefold:
First, we would like to justify the contribution of spatio-
temporal information for UWPI video modeling. Second,
after confirmation of the significance of spatio-temporal
information, a problem arises: how to fuse temporal and
spatial information efficiently. An empirical comparison has
been performed to determine the optimal scheme. Third, 3D
convolution filter decomposition could be regarded as an
efficient way to ease spatio-temporal nerual network
training. By conducting experiments on real data, we intend
to understand the manner in which 3D kernel decomposition
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facilitates the spatio-temporal feature characterization of
ultrasonic wave propagation patterns.

We first tested the conventional computer vision ap-
proaches composed of visual feature extraction and sta-
tistical classification algorithms. At the feature extraction
stage, two dimension reduction techniques of principal
component analysis (PCA) and uniform manifold approx-
imation and projection (UMAP)48 methods were employed
to extract low-dimensional features from ultrasonic wave-
field images. In the experiments, we standardize the
wavefield image data to have a mean of 0 and a variance of
1, and the latent feature dimension is empirically set to 100.
Besides, we evaluate the HoG feature to characterize in-
cident traveling waves and flaw-induced anomalous waves.
Three classification algorithms Naive Bayes classifier,
support vector machines (SVM) with RBF kernel and
random forest (RF)50 were adopted to perform content-
based classification. It is noteworthy that SVM and RF
classifiers played dominant roles in machine learning before
the era of deep learning. Therefore, we add them to the
comparison list. Then, we evaluated a series of represen-
tative still image recognition CNN models as baselines,
namely AlexNet,49 ResNet,29 and DenseNet.30 It is note-
worthy that we adopted those off-the-shelf models as ref-
erence baseline without any manual tweaking. Moreover,
we added the most recent USresNet13 for comparison,
which is equipped with a dedicated network design for
ultrasonic wavefield image classification. The results of
reference methods are presented in the upper half of Table 6.
As shown, DenseNet and USresNet were the top performers
in addressing still wavefield images, and both yielded F-
scores exceeding 95%. Two findings were revealed from the
results: First, the advanced CNN models with a deeper
depth can usually achieve better performances, and the
results of AlexNet, ResNet, and DenseNet obtained in this
application were consistent with their performances in
universal image recognition.30 Second, for a specific ap-
plication, the neural network architecture can be customized
to reduce the model complexity while retaining high per-
formances. We discovered that the seven-layer USresNet
achieved comparable performance to that of DenseNet with
120 layers. This is primarily attributed to the limitation of
the data size. We further applied the late fusion method to
the 2D CNN-based models. In detail, the 2D CNNs were
applied to recognize each frame of a video clip and then
average the predictions at the whole video clip level. Al-
though simple, the late fusion scheme achieved slight
performance improvements as an initial attempt to incor-
porate temporal information.

Next, we evaluated the core part, that is, the spatio-
temporal neural networks for the task. In Table 6, ST-Net-
3D denoted that approach that it is based on 3D convolution
filters for combining three-way spatial and temporal in-
formation for UWPI data investigation. In detail, we

evaluated two schemes for time-domain information
characterization: early fusion and hierarchical fusion. Based
on the results shown in Table 6, ST-Net-3D achieved su-
perior performance gain in terms of the F-score. By con-
sidering spatio-temporal information, even the simple ST-
Net-3D scheme using early fusion with a five-layer design
achieved an average F-score of 96.35%, which out-
performed the 120-layer DenseNet model (95.85%). The
results comparison also demonstrated the effectiveness of
the hierarchical spatio-temporal feature aggregation scheme
using deep-stacking neural networks. Hence, spatio-
temporal information is validated to be essential for un-
derstanding UWPI videos.

We subsequently investigated the effects of 3D convo-
lution filter decomposition on the motion modeling of
ultrasonic wave propagation. The method, denoted as
ST-Net-(2+1)D, involves a method to approximate the 3D
filter using two sequential filters, which address spatial and
temporal information individually. The ST-Net-(2+1)D at-
tained the highest F-score of 97.20% compared with those
of other methods in Table 6. Moreover, we compared the
model complexity regarding the number of learnable pa-
rameters (Million) of neural networks and model size (MB)
in Table 7. The proposed ST-Net-(2+1)D is a rather light-
weight model that requires less computational resources. It
could be a desirable feature because it frees up memory and
enables real-time operations in a real deployment scenario.

The factors contributing to this result are as follows: For
a small dataset, a relatively simpler model is preferred over
complex ones. In this study, our dataset comprised less than
1700 clip samples, which is regarded to be small for deep
neural network training. The experimental results validated
that the 3D filter decomposition can accelerate model
training and improve performance.

We comprehensively analyzed the consistency of the
wave propagation video classification performance for all
specimens. This was performed because the defect-induced
ultrasonic wave scattering pattern can vary significantly due
to the flaw properties. An efficient computerized UWPI data
analysis system should be robust to all these variations and
always generate reliable predictions. To demonstrate the
stability of the models, we present boxplots that describe the
distribution of F-scores for all specimens. A full comparison
is shown in Figure 9. In the boxplot, the central part is
known as the interquartile range (IQR) box, which ranges
between the first and third quartiles (Q3–Q1) of F-scores,
and the red line indicates the median F-score, and the red
“+” represents outliers that are belowQ1-1.5×IQR or above
Q3+1.5×IQR. Figure 9 shows the variability or dispersion
of the F-scores of each method over the dataset. The
comparison shows that the spatio-temporal CNNs generally
performed better than the 2D CNN-based methods that
focused on still images wavefield appearance. Moreover,
the comparison results validated that the proposed UWPI
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video analysis system achieved superior accuracy and fa-
vorable performance consistency.

Furthermore, we investigate the automatic defect de-
tection performances with respect to flaw types because an
efficient defect detection system is required to render high
performance for various types of defects. As shown in
Table 4, specimen #1 ∼#9 and #10 ∼ #17 contain hole-
shaped and slit-shaped flaws, respectively. We calculated

the average evaluation metric scores between the two sets of
specimens to evaluate the flaw type-wise performance. The
resultant statistics for hole-shaped defects and slit-like
defects were expressed as fψhole,Rehole,Prhole, γholeg and
fψslit,Reslit,Prslit , γslitg and we summarized all comparison
results in Table 8 and Table 9. Through extensive com-
parison with other methods, the proposed ST-Net-(2+1)D
achieved superior defect detection performance in terms of

Table 6. Performance of the spatio-temporal neural networks for ultrasonic wave propagation imaging data analysis compared with the
state-of-the-art methods.

Model depth Temporal aggregation Accuracy ψð%Þ Recall Reð%Þ Precision Prð%Þ F-score γð%Þ
UMAP48+Naive Bayes — — 68.53 71.62 68.32 69.63

Late fusion 69.20 71.45 68.69 69.72
UMAP+SVM — — 69.05 76.81 67.71 71.60

Late fusion 69.79 76.77 68.20 71.83
UMAP+RF — — 68.83 76.44 67.69 71.41

Late fusion 69.53 76.32 68.15 71.58
PCA+Naive Bayes — — 82.00 82.25 83.24 80.84

Late fusion 81.01 79.36 83.36 78.64
PCA+SVM — — 91.19 96.33 88.23 91.68

Late fusion 91.72 96.59 88.77 92.08
PCA+RF — — 88.30 96.08 83.95 89.15

Late fusion 88.46 96.47 83.63 89.13
HoG+Naive Bayes — — 83.77 86.62 83.97 84.81

Late fusion 83.37 90.58 82.91 85.45
HoG+SVM — — 90.80 92.70 89.27 90.95

Late fusion 90.91 92.83 89.53 91.34
HoG+RF — — 91.44 92.13 91.77 92.02

Late fusion 91.53 92.09 91.92 92.14
AlexNet, 201249 5 — 86.96 94.88 67.70 77.87

Late fusion 86.70 94.80 67.35 77.51
ResNet, 201629 17 — 95.36 91.43 92.11 90.95

Late fusion 96.14 91.54 94.46 92.20
DenseNet, 201730 120 — 97.35 95.82 95.21 95.33

Late fusion 97.62 95.68 96.37 95.85
UsresNet, 201813 7 — 95.59 96.77 94.81 95.61

Late fusion 95.58 96.85 94.64 95.50
ST-net-3D 5 Early fusion 96.29 97.39 95.30 96.35
ST-net-3D 5 Early fusion 96.67 96.51 97.09 96.68
ST-net-(2+1)D 5 Early fusion 97.19 96.81 97.73 97.20

Figure 9. Specimen-wise classification accuracy comparison.
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high detection precision and low miss detection rates for
both slit-shaped and hole-shaped flaws.

The proposed ST-Net-(2+1)D learning architecture is
designated to learn multiple levels of representations to
amplify aspects of the input wavefield snapshots that are
important for flaw-induced pattern discrimination and
suppress irrelevant variations. To demonstrate the effec-
tiveness of feature learning, we perform the latent space
analysis by exploiting the bottleneck features of using t-
Distributed Stochastic Neighbor Embedding (t-SNE)
method. The bottleneck features is defined as the last
output feature map (BatchNorm5, Tab. 3) before the fully-
connected (FC) layers, which can be regarded as the highest
level feature representation rendered by ST-Net-(2+1)D with
respect to the flaw detection task. On the other hand, t-SNE
has been acknowledged as an essential method to interpret
the functionality of neural networks by exploiting how it
transforms the high-dimensional raw (image) data to a low-
dimensional space is preferable for the respective task. In
Figure 10, we illustrate both the two-dimensional principal
component analysis (PCA) features (left) extracted from raw
UWPI snapshots and the t-SNE visualization of ST-Net-
(2+1)D bottleneck features (right). The bottleneck feature
visualization shows that in the latent space, the two classes—
defective and normal cases, appear in two clusters which is
ideal for a binary classification task. In contrast, the PCA
features were incapable of capturing critical visual features for
flaw-induced pattern discrimination. The latent space analysis
manifests that the non-linear hierarchical feature representation

learned by ST-Net-(2+1)D can greatly facilitate discrimination
of the defective patterns from UWPI data.

Finally, we conducted the over-fitting analysis by in-
vestigating learning curves. Overfitting refers to the case
where model performance on the training dataset is improved
at the cost of worse performance on data not seen during
training. It is regarded as one of the most common problems
for training deep neural networks because they have far more
parameters than training samples. We employed a batch of
techniques to avoid overfitting, including simplifying the
model by 3D convolution kernel decomposition, increasing
the dataset with data augmentation, and applying batch nor-
malization and dropout in the ST-Net architecture. This section
presents the learning curves with the metrics of training loss
and prediction accuracy to demonstrate model performance.
Figure 11 showed the three learning curves of training loss for
USresNet, DenseNet, and ST-Net-(2+1)D models. As the
training continued, we can observe that the loss decreased to a
point of stability, and validation loss exhibited a similar trend
while maintaining a small gap with the training loss. By
examining the two learning curves, we can confirm that the
model training had proceeded successfully. The same con-
clusion can also be inferred from Figure 12 that presented the
learning curves of prediction accuracy.

Conclusion and future works

The aim of this study was to develop a video content
analysis system that can mimic the ability of the human eye

Table 7. Complexity comparison of automatic defect detection models for ultrasonic wave propagation imaging method.

AlexNet, 2012 ResNet, 2016 DenseNet, 2017 ST-Net-(2+1)D

Parameters(M) 36.53 6.39 7.98 0.51
Model Size(MB) 157.02 139.41 126.01 14.41

Table 8. Detailed detection performance comparison for hole-shaped flaws.

UMAP + SVM PCA + SVM AlexNet, 2012 ResNet, 2016 DenseNet, 2017 UsresNet, 2018 ST-Net-(2+1)D

Acc:ψholeð%Þ 69.55 91.28 85.92 94.12 97.10 96.63 97.91
Prec: Prholeð%Þ 68.13 88.15 64.91 90.73 94.86 97.14 99.08
Rec: Reholeð%Þ 76.78 96.56 93.45 87.07 94.84 96.64 96.94
F1γholeð%Þ 71.79 91.71 75.62 87.55 94.59 96.78 97.97

Table 9. Detailed detection performance comparison for slit-shaped flaws.

UMAP + SVM PCA + SVM AlexNet, 2012 ResNet, 2016 DenseNet, 2017 UsresNet, 2018 ST-Net-(2+1)D

Acc:ψslitð%Þ 69.29 91.63 88.13 96.76 97.63 94.42 96.54
Prec: Prslitð%Þ 67.79 88.84 70.83 93.67 95.60 92.19 96.20
Rec: Reslitð%Þ 76.79 96.35 96.50 96.33 96.93 96.91 96.67
F1γslitð%Þ 71.64 92.05 80.40 94.78 96.16 94.28 96.33
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for watching a movie of ultrasonic testing wave motion
resulting from a scanning pulsed laser and for understanding
the manner in which waves propagate and interact with any
obstacle (flaw) in their path. First, we prepared an ultrasonic
wavefield imaging dataset that included more than 1600
annotated clips for model assessment. Subsequently, we
presented the idea and backbone architecture of spatio-
temporal CNNs for generic video understanding. Regarding
ultrasonic wave motion analysis, the fundamental problem
was the method to use time-domain information. Hence, we
investigated three approaches to incorporate temporal
features for better wave propagation modeling. Moreover,
to reduce the complexity of spatio-temporal learning neural
networking and facilitate model training, we factorized thes

patio-temporal (3D) convolution filters using coupled 2D
and 1D convolution operators. Because we were using a
small-scale dataset, it can be beneficial to adopt a light-
weight model with fewer learnable parameters. Subse-
quently, we performed an extensive evaluation of
representative image classification methods. The results
validated that the proposed video-based deep learning
system outperformed all conventional approaches. In ad-
dition, to obtain a better understanding of the model per-
formance consistency, we analyzed its behavior on all
specimens with different flaws. The results confirmed that
the proposed method achieved superior performance in
terms of both defect pattern classification accuracy and
model stability. We hope that our analysis will inspire new

Figure 10. Latent space comparison: raw wavefield image PCA features (left) and ST-Net-(2+1)D bottle neck features with t-SNE
visualization (right).

Figure 11. Learning curves comparison: Model training loss.

Figure 12. Learning curves comparison: Defect detection accuracy.
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research that harness the potential efficiency of video-based
analysis for automatic NDT data interpretation, not limited
to ultrasonic wave propagation data.

The proposed method was validated for automatic damage
detection, which is one of the essential tasks in SHM. Our
future work will be as follows: First, an elaborate study will be
conducted to obtainmore information about the defects present
in the wavefield imaging data. The current system can only
determine whether a defect exists in the wavefield image and
cannot provide further details, such as location and size.
Second, we will expand our dataset by using new specimens
with other kinds of defects. It can be anticipated that with the
extended dataset, both the defect detection performance and
generalization ability to defect multiple damages of spatio-
temporal neural networks would be improved. Moreover, it
has beenwidely acknowledged that there is a need to go further
than just damage detection to the assessment of performance
and life of a structure. From this perspective, the proposed
methodology has the potential to serve as a compelling
anomalies detector in ultrasonic wavefield imaging inspection
for a wide range of SHM applications. The rapid progress in
hardware platforms for deep learning and communication
technologies will soon become feasible to deploy the proposed
method on site. Validating the method in the context of
practical SHMwill be one of the focuses of our future research.
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