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ABSTRACT

Ultrasonic nondestructive evaluation (NDE) is an essential tool in various industries
including aerospace, energy, and civil engineering, for assessing the structural in-
tegrity of manufactured products without damaging them. This thesis is focused on
the automated analysis of ultrasonic NDE data by means of low-cost machine learning
(ML) techniques, particularly in the context of inline pipeline inspection. We propose
two lightweight neural network architectures for efficient multi-attribute classification
to characterize surface-breaking crack defects in terms of their location, size, and tilt.
Our networks have under 2M parameters and incorporate novel design elements in-
spired by the latest MobileNet models. Their computational footprint is also small,
not exceeding 100M floating-point operations (FLOPs) per data sample. The pro-
posed models process raw channel data acquired by a transducer array, as opposed
to multi-view beamformed image patches utilized in related works, thus eliminating
the computational burden associated with image reconstruction. Our evaluation re-
sults, based on a public-domain NDE dataset, demonstrate that our networks offer a
balanced combination of their competitively high classification performance and low
cost. These findings highlight the potential of lightweight deep learning models in ul-
trasonic NDE data analysis, which contributes to the development of more advanced

and intelligent inspection systems.
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Chapter 1
Introduction

This thesis focuses on the application of advanced machine learning (ML) techniques
to the analysis of ultrasonic nondestructive evaluation (NDE) data. Ultrasonic NDE
is a critical technology used across various industries, including aerospace, automo-
tive, civil engineering, and manufacturing, to assess the integrity and properties of
materials and structures without damaging a sample being tested. The primary objec-
tive of this work is to leverage ML capabilities to improve the accuracy and efficiency
of automated data analysis tasks arising in the context of ultrasonic NDE.

The material presented in this introductory chapter is based on [41], providing a
concise overview of the industrial context in which this research is applied. It begins
by discussing the significance of ultrasonic NDE in maintaining operational safety
and quality of critical infrastructure components, such as pipelines. The chapter
then delves into the fundamental principles of machine learning, elucidating how
these techniques can be tailored to address specific challenges inherent in NDE data
analysis, such as feature extraction and defect classification.

Additionally, this chapter reviews the current state-of-the-art in ML applications
within the field of NDE, highlighting recent advancements and identifying existing
gaps that this thesis aims to address. By combining domain knowledge of ultrasonic
NDE with the latest developments in ML, this research contributes to the development

of more intelligent and efficient automated inspection systems.



1.1 Ultrasonic Pipeline Inspection

The purpose of NDE techniques is to assess the health of a component under test
without causing any damage to it. The basic principle of ultrasonic NDE considered
in this thesis involves three basic steps: generating of an excitation stimulus (e.g.,
steered plane wave pulses) used to image the component, recording the returning
echoes that constitute the transient response, and the subsequent analysis of that
response to infer the component’s integrity.

One of the major ongoing industrial applications of NDE is the inspection of oil
and gas pipelines. This is typically achieved using mechatronic tools that travel inside
the pipeline, assessing the integrity of the pipe’s walls—a process commonly referred
to as ‘inline pipe inspection’ In this context, characterization of surface-breaking
crack defects from ultrasonic inline pipe inspection data serves as a primary example
of the industrial application for the research presented in this thesis.

The importance of NDE in the oil and gas industry cannot be overstated due to
the scale of operations and the potential damage caused when defects are not detected
in time. The global network of oil and gas pipelines extends over 2 million kilometers,
with many individual pipelines spanning hundreds of kilometers, and some exceeding
3000 kilometers in length [14]. Environmental factors and in-service stresses can lead
to corrosion and cracking, which, if not detected and repaired promptly, can result
in significant spills. For instance, the Colonial pipeline oil spill in 2020, caused by
a crack in the pipe wall, resulted in the release of at least 1.4 million gallons of oil,
causing extensive environmental damage and incurring a clean-up cost exceeding $55
million [39].

Inline inspection plays a crucial role in preventing oil and gas leaks. One of the
earliest inline inspection techniques, magnetic flux leakage (MFL), has been in use
since the 1960s [24]. MFL involves applying a strong magnetic field to a ferromagnetic
material and monitoring changes in the field to detect discontinuities. In recent years,
ultrasound has become increasingly prevalent in inline pipe inspection, due to its
ability to produce imaging data suitable for defect detection and sizing [[77, 46].

Ultrasonic data acquisition can be carried out by a cylindrical device known as a
‘pig’, which is transported by the flow of the product while imaging the surrounding
pipe structure. For example, the UltraScan™ DUO device (Baker Hughes Co.) typi-
cally inspects every 2 mm of the pipe, and to maintain a high oil flow rate, it travels

at approximately 2 m/s [46].



To maximize the inspection coverage, a circumferential ring of transducer arrays
is mounted on the pig. Each array is capable of transmitting a sequence of several
plane wave pulses at different steering angles at every inspection location, with all
transducer elements activated during reception. The high rate of such transmit-
receive events taking place along the pipe quickly generates a vast amount of data.
Each plane wave produces approximately 140 kB of relevant time-domain data (e.g.,
about 270 MB/s from each array [41]).

While it may be possible to perform on-device detection of crack defects, their
sizing remains a challenge due to the on-device storage size and computational speed
limitations. This has led to the practice of discarding most of the received signals,
retaining only one peak amplitude per plane wave, which allows for basic amplitude-
based sizing [46, B, 26]. However, this approach can fail to accurately size tilted
cracks, as their amplitude response can be significantly affected by small changes in
the crack tilt [32].

Recent advancements in compression software, data storage, and computational
hardware have made it increasingly feasible to store full time-traces, enabling offline
plane wave imaging (PWI) [45, 28] and the application of image-based sizing algo-
rithms. These algorithms can be based on physical principles (e.g., the 6 dB drop
method [75]) or learned from data, offering enhanced defect detection and sizing ca-
pabilities. The main direction of our research efforts presented here is to explore
lightweight data-driven ML techniques for classifying the size, tilt, and location of
a detected crack defect. Our emphasis on lightweight models is motivated by the
goal of enabling such defect characterization on the resource-constrained inspection
device itself, as opposed to offline processing. It is important to mention that this
work does not deal with the task of detecting the presence of a crack. In other words,
our proposed models are applied at the next step (defect characterization) after a

crack has already been detected by some other methods.

1.2 Machine Learning in Nondestructive Evalua-
tion

NDE data analysis has traditionally relied on skilled operators. However, as the di-
mensionality of NDE data increases and the frequency of inspections rises, manual

interpretation becomes slow, expensive, and susceptible to human error. The chal-



lenges associated with cost, complexity, speed, and inconsistency in human analysis
highlight the need for automated methods.

Currently, many automated NDE data analysis methods are based on physics,
empirical rules, or experimental thresholds. For instance, the 6 dB drop method is
commonly used to size defects from reconstructed (beamformed) images. It estimates
the defect’s extent as the smallest box that encloses the pixels within the top 6-dB in-
tensity range. While traditional approaches like these are effective when relationships
between imaging data and the estimated quantity are relatively simple, they often fail
to capture more complicated correspondence patterns. Analyzing high-dimensional,
complex NDE data is fundamentally a pattern recognition task, making it well-suited
for machine learning (ML). As the field advances towards 'NDE 4.0" [37] integrating
cyber-physical systems and the Internet of Things, ML is becoming an increasingly
popular method for processing the vast amounts of data generated [68, b, b].

ML encompasses a wide range of techniques aimed at learning functions from
data. It has been demonstrated to achieve human-level interpretation performance in
NDE [62, I, B, B0, [73, 66, 49, 61, 51] as well as in the traditional ML research fields
of computer vision [67] and medical imaging [33, b3]. This thesis focuses exclusively
on supervised learning, which involves learning from labeled data. In the context of
our target application, it means that all training data is associated with three known
ground-truth characteristics of a crack defect: size, tilt, and location.

ML techniques are further categorized into ‘deep’ and ‘shallow’ learning. Shallow
learning in NDE dates back to the 1990’s with the use of decision trees to detect
defects based on ultrasonic wall reflection amplitude loss [40], and it remains an active
research area [17]. For example, neural networks have been applied to traditional
ultrasonic measurement features to estimate material properties [l B8] and classify
defects [62, 19], while support vector machines and random forests have been used to
size cracks from eddy current field peaks [4] and detect defects in fluorescent penetrant
inspection images [b1], respectively.

While the transition to deep learning is well underway in medical imaging [53], its
application in NDE is limited by the high cost of generating experimental training sets
and the challenge of qualifying ’black box’ algorithms. Data augmentation techniques
can expand training set sizes, but they must produce realistic examples. In some
specialized cases, a sufficient number of defect samples can be available to create
adequate training sets [13, 8|, or the ML task scope can be restricted to reduce

training set requirements [36]. However, these approaches do not provide a general-



purpose solution for the shortage of large NDE training sets or address concerns about

qualifying ’black box’ algorithms.

1.3 Thesis Contribution and Organization

Despite the significant advancements in the field of nondestructive evaluation (NDE)
using deep learning techniques, the application of these methods to ultrasonic imaging
still faces several challenges. These challenges can be categorized into four main areas:

1. Scarcity of Ultrasonic Imaging Data: The high cost of acquiring ultrasonic
imaging data results in relatively small datasets. Additionally, employing artificial
(i.e., simulated or synthesized) data may not be a robust option for supplementing
real-world data because of the latter’s complexity. Training a model with strong
generalization capabilities on such limited data is particularly challenging.

2. Black Box Nature of Deep Learning Models: Deep learning models often suffer
from poor interpretability. This lack of transparency is further exacerbated by the
small dataset sizes, making it crucial yet difficult to analyze and interpret the model’s
behavior.

3. Special Characteristics of Ultrasonic Imaging Data: The data processing meth-
ods for ultrasonic NDE typically involve generating multiple views of an imaged sec-
tion from the same collected raw data, taking into account multiple wave propagation
phenomena, such as reflections, refractions, diffractions, and mode conversions. Due
to the complexity of both raw and beamformed data, defect analysis can be difficult.

4. Hardware Resource Constraints of Ultrasonic Equipment: Ultrasonic field
equipment is often limited in terms of available computational resources. Designing
deep learning models that consider computational complexity and memory efficiency
is essential for the deployment of algorithms on such hardware. Lightweight deep
learning models are therefore of paramount importance for practical ultrasonic NDE
applications.

To address the last two challenges, this thesis proposes two lightweight networks,
EMACnet and EMACnet++, inspired by the recent advances in MobileNet architec-
ture designs. The abbreviation EMAC stands for Efficient Multi-Attribute Classifi-
cation. Our models are tasked with classifying three attributes of an imaged surface-
breaking crack defect, namely its location, size, and tilt (see Chapter 2). The ground
truth for these attributes is organized into 27 location classes, 5 size classes, and
11 tilt classes (see Chapter 2). The relevant dataset has been created by the Ul-



trasonics and Non-destructive Testing (UNDT) Research Group at the University
of Bristol (https://data.bris.ac.uk/data/dataset/2082rzo6d5ly32h7msblzqdy8v) and
used in several of their articles [42, 43, 41]. However, in our case, we use 561 x 40 raw
channel data frames, as opposed to multi-view 32 x 32 beamformed image patches
used in [42, 13, 41]. It should be noted that these patches (used to predict crack sizes
and tilts) correspond to predetermined crack locations, whereas our models predict
not only crack sizes and tilts, but also their locations. It is also important to note
that in this work the term "prediction” refers to the result of producing a model out-
put during classification of unseen data samples from the test portion of the utilized
dataset.

The rest of this thesis is organized as follows. Chapter 2 provides a brief back-
ground on the utilized ultrasound dataset and existing lightweight network examples.
Chapter 3 presents the main contributions of this work, covering proposed network
architectures and their general design principles. Chapter 4 discusses the training
setup and compares our EMACnet and EMACnet++ models to several competitors,
including evaluation results for both prediction accuracy and computational cost. Fi-

nally, Chapter 5 concludes the thesis and offers perspectives for future work.



Chapter 2

Background

2.1 Experimental Setup

This chapter describes the experimental setup used in [41] for ultrasonic NDE data
acquisition and the resulting dataset used in this thesis. We also briefly review of
several representative deep learning models that have inspired the development of our

own lightweight model presented in Chapter 3.

2.1.1 Data Acquisition

Due to the complex physical and chemical operational conditions encountered during
pipeline lifetime, various defects such as corrosion and cracks can develop on the pipe’s
inner and outer walls. This study aims to utilize raw ultrasound data to determine
critical information such as the size, location, and tilt of surface-breaking cracks on
the outer wall, thus facilitating timely pipeline maintenance and repair. Given the
difficulty in obtaining representative experimental data from actual pipelines, our
work follows [43, 42] in adopting a pipeline inspection model that emulates real-world
NDE data collection. The setup of this model is illustrated in Figure El! from [41].
Due to the short distance between the device and the pipe’s inner wall (in rela-
tion to the radius of the latter), the ultrasonic NDE data can be approximated by the
experimental data acquired from an immersed stainless steel plate. The inspection
setup employs a 5 MHz phased array with 40 elements, each spaced 0.3 mm apart.
Three plane waves are emitted at steering angles 0° and +19° in water, producing
longitudinal waves at 0° and shear waves at £45° in steel, respectively. FEach el-

ement records its own signal time series during reception, forming full plane wave
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capture (PWC) data. The two nonzero-angle plane waves are used to characterize
crack defects, while the zero-angle plane wave is used only to determine the standoff
distance (nominally 20 mm) and the specimen’s thickness (nominally 10 mm). The
sound speeds were calculated using a calibration sample of known thickness at known
standoff, which produced a longitudinal speed of 5759 m/s in steel, a shear speed of
3165 m/s in steel, and a speed of 1480 m/s in water. The PWC data is collected from
either side of the defect to simulate data acquisition from the circumferential ring of
arrays on the inspection device, as shown in Figure El]

All experimental crack defects have been manufactured using electrical discharge
machining (EDM). This method produces cracks having the width of 0.3 mm and
controlled size (length) L, tilt 0, and location (lateral position) P, as illustrated in
Figure El]

2.1.2 Utilized Dataset

While both simulated and experimental data are used in the study by Pyle et al.
[43], this thesis focuses solely on the real-world experimental data, which is more
challenging due to the realistic noise presence and smaller data volume. The total
number of experimental data samples is 1485, covering five sizes L (1, 2, 3, 4, 5 mm),
eleven tilts 6 (0°, £2°, +5° +8° +15° +20°), and 27 locations P ranging from 13.2
mm to 21.0 mm and spaced at the regular intervals of 0.3 mm.

Typically, crack characterization begins with acquiring raw data from the trans-
ducer array, followed by beamforming to produce images representing various recon-
struction modes (views), and subsequent image analysis. Although this is a well-
established method, the beamforming process itself can be time consuming and prone
to errors due to transducer misalignment, speed-of-sound mismatch, noise, and other
factors. Hence, our approach is to analyze the raw channel data directly, which means
that the beamforming step is no longer necessary. This approach reduces the data
processing burden, which is crucial for devices with limited computational and stor-

age resources.
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2.2 Deep Learning

2.2.1 Traditional Convolutional Networks

Since AlexNet[27] won the ImageNet competition in 2012, convolutional neural net-
works (CNNs) have become a focal point of research in deep learning and com-
puter vision due to their superior performance across various tasks. For instance,
VGGNet[62] highlighted the advantages of deeper networks with simpler structures.
GoogLeNet[5H4] introduced the Inception module, which enables multi-scale feature
extraction while reducing computational complexity. ResNet[18] tackled the gradi-
ent degradation problem in deep networks with residual connections, allowing for
the training of deeper architectures. DenseNet[22] enhanced feature propagation and
reuse by densely connecting layers. SENet[21] introduced the Squeeze-and-Excitation
(SE) structure to recalibrate channel-wise feature responses, enhancing representa-
tional power. EfficientNet[57] proposed a compound scaling method to uniformly scale
all dimensions of depth, width, and resolution, improving performance with fewer pa-
rameters. More recently, ConvNeXt [31] modernized the standard CNN architecture
by integrating design principles from Vision Transformers (ViTs) [12], achieving com-
petitive performance on various benchmarks. These advancements have collectively
shaped the evolution of CNNs, enhancing their efficiency, scalability, and performance
across numerous tasks.

Although deep CNNs have achieved numerous successes, their high computational
and memory requirements pose challenges for training and deployment on resource-
constrained devices. Consequently, extensive research has focused on designing new
lightweight network architectures to reduce computational and memory requirements

while maintaining high performance.

2.2.2 Mobile Convolutional Networks

Major mobile network architectures include the MobileNet series. MobileNetV1[20]
employed depthwise separable convolutions to maintain good performance with fewer
parameters and computations. MobileNetV2[50] introduced the linear bottleneck
structure, decoupling the network’s capacity and expressiveness, further improving
performance and interpretability. MobileNetV3[19] incorporated the SE module for
attention mechanisms and optimized the network structure through neural architec-

ture search, enhancing performance. MobileNetV4[44] unified Inverted Bottleneck
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(IB), ConvNeXt, FFN, and Extra Depthwise (ExtraDW) IB blocks through the
Universal Inverted Bottleneck (UIB) module and introduced the Multi-Query At-
tention (MQA) mechanism for better adaptation to lightweight devices. Meanwhile,
MobileOne[64] reduced network parameters and improved performance through struc-
tural re-parameterization. MobileDet[72] demonstrated the effectiveness of regular
convolutions (as opposed to separable convolutions) across various mobile accelera-

tors.

2.2.3 Hybrid Convolutional Networks

Since the advent of ViT[12] and DETR][7], transformer attention mechanisms and
encoder-decoder structures have been gradually introduced into computer vision.
However, for lightweight network models, transformers’ computational and mem-
ory overheads are substantial. Researchers have begun to integrate transformer
attention mechanisms and encoder-decoder structures with mobile CNNs. For ex-
ample, MobileViT[35] applied global attention blocks within the ViT framework.
MobileFormer[9] bridged transformer and MobileNet structures through a novel bridge
design. FastViT[63] combined large convolutional kernels and attention mechanisms
to enhance network performance. EfficientFormerV2[29] explored the latency-performance

trade-off with a more efficient dimensional consistent structure.

2.2.4 Other Lightweight Networks

In addition to the aforementioned MobileNet series and some lightweight ViT vari-
ants, other network designs have also received widespread attention. For exam-
ple, ShuffleNet [[76] achieves efficient and cost-effective channel information exchange
through group convolution and channel shuffling. ShuffleNetV2 [34] introduces addi-
tional design enhancements for ShufleNet and proposes four principles for designing
lightweight networks. EfficientNet [57] improves performance through a compound
scaling method that uniformly scales the network’s depth, width, and resolution.
MnasNet [58] proposes a lightweight network design method through automated neu-
ral architecture search. GhostNet [16] achieves efficient feature reuse by introducing

ghost modules.
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2.2.5 Summary

In summary, deep learning has made significant progress in the field of computer
vision, with CNNs serving as the backbone for various tasks. Traditional CNNs have
evolved from AlexNet to ConvNeXt, with advancements in depth, width, and res-
olution scaling, feature reuse, and recalibration mechanisms. Mobile convolutional
networks have been developed to address the computational and memory limitations
of resource-constrained devices, with the MobileNet series being the most representa-
tive. Hybrid convolutional networks have emerged to integrate transformer attention
mechanisms and encoder-decoder structures lightweight CNNs. Automatic neural
architecture search has also been employed to reduce computational and memory
requirements while maintaining high performance. These advancements have collec-
tively shaped the evolution of deep learning, enhancing the efficiency, scalability, and

performance of CNNs across various tasks.
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Chapter 3

Proposed Models

3.1 Hardware Considerations

The performance of CNNs in terms of inference speed is critically dependent on the
specific hardware platforms employed, such as NVIDIA GPUs, ARM embedded pro-
cessors for mobile devices, general-purpose CPUs, and edge NPUs. Key factors influ-
encing CNN inference speed include the computational complexity of operations (mea-
sured in Floating Point Operations, FLOPs), the number of parameters (Params),
the memory access costs associated with convolutional blocks (memory bandwidth),
and the inherent parallelism within the network. It is important to recognize that
on a given hardware platform with a fixed network architecture, the percentage of
accelerated FLOPs directly affects the inference time improvements, while having
fewer FLOPs does not necessarily guarantee faster inference speed, particularly on
hardware platforms equipped with acceleration capabilities like GPUs.

In [72], it was found that models with the number of channels being a multiple
of 16 are relatively hardware-friendly in mobile computing environments. In terms
of convolutional design, 3x3 convolutions exhibit a computational density four times
greater than that of 1x1 and 5x5 convolutions[l1]. Depthwise separable convolu-
tions, despite having fewer FLOPs, are less efficient on hardware with robust parallel
computing capabilities due to their intensive data read-write operations. Thus, depth-
wise separable convolutions are generally more suitable for non-GPU hardware (e.g.,
ARM processors), where the available memory bandwidth is a closer match for the
amount of available FLOP parallelism. Their benefits in terms of lower parame-

ter count and lower computational complexity make such convolutions desirable in
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hardware-constrained designs[70, [/2]. Overall, VGG-like convolutional architectures
and highly parallel structures are better-suited for leveraging GPU computing power,
while serialized architectures impose reduced memory bandwidth demands. Notably,
in the initial layers of lightweight networks with low channel counts, standard convo-
lutions outperform depthwise separable convolutions on hardware with acceleration
capabilities|72].

In conclusion, the design of lightweight networks must account for factors such
as the total number of FLOPs, the percentage of parallelizable FLOPs, memory
bandwidth, and hardware acceleration capabilities to optimize inference speed per-
formance. This work focuses primarily on the application of these principles using
GPU-like hardware platforms.

3.2 Proposed Network Design

We propose two networks in this thesis: EMACnet and EMACnet++4. The former is a
lightweight model inspired by MobileNetV3 and MobileNetV4, while the latter (based
on the same design principles) incorporates additional architectural enhancements.
Tables @ and @ with Figures El] and @ summarize the overall architecture of
EMACnet and EMACnet++4, respectively. Both networks have five sequential stages:
Stem, Backbone, Feature Expansion, Pooling, and Classification. The last stage
is a collection of classification heads operating in parallel. In the context of our
target application, we designate one classification head (CH) for each of the three
attributes characterizing a crack defect: location, size, and tilt. This section presents
the network architecture design of EMACnet, including the overall design concept,

the details of each stage, and the parameters of key building blocks.

3.2.1 Universal Inverted Bottleneck and Fused Inverted Bot-

tleneck

The bottleneck structure was first proposed as part of ResNet [1§], introducing 1x1
convolution layers to reduce the number of parameters and computational complexity.
MobileNetV2 [50] introduced the Inverted Bottleneck (IB) structure, which improves
the network’s representational capacity by first expanding and then compressing the
number of channels. MobileDets [[72] reconsidered the design of the IB block, pointing

out that the Fused IB layers and Tucker Convolution layers could improve network
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EMACnhet

Feature Vector

1280

Backbone
Expansion&Pooling

Figure 3.1: EMACnet Architecture: Stem, Backbone, Feature Expansion and Pooling
stages. The Classification stage is not shown.

EMACnet++

Feature Vector

Backbone pocing
Expansion&Pooling

Figure 3.2: EMACnet++ Architecture: Stem, Backbone, Feature Expansion and
Pooling stages. The Classification stage is not shown.

performance. ConvNeXt [@] achieved better performance by placing extra depthwise
separable convolution (ExtraDW) layers before the feed-forward network (FFN) lay-
ers. In MobileNetV4 [@], the Universal Inverted Bottleneck (UIB) block unified the
ExtraDW, 1B, ConvNeXt, and FFN structures, as shown in Figure @ Additionally,
MobileNetV4 uses a Fused IB block as the network’s stem, similar to the MobileDets
design.

The EMACnet model adopts the UIB block as a basic building cell of the network.
In MobileNetV4 [@], the optimal network structure was obtained through Neural Ar-
chitecture Search (NAS) [@] However, this method requires extensive computational
resources. Here, we analyze the UIB design concepts and combine them with the de-
sign principles from other models to construct a network structure suitable for our

target application.
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Universal IB block oo s Alternative
wi two optional DW Possible instantiations of our UIB block Fused IB
-
( uiB h Extra DW Inverted Bottleneck Conv Next FFN ( Fused IB B
G ) | ) & J
Optional Depthwise DepthWise PointWise Conv2D

Figure 3.3: Universal Inverted Bottleneck (UIB) Block and Its Various Configurations
from [44]

3.2.2 Stem

The stem part of our network is the entry point, responsible for initial feature ex-
traction and processing of the input data. In MobileNetV4 [44], NAS found that the
stem part of small networks is more suitable for implementation with a Fused IB block
(see Figure @) as opposed to UIB. MobileDets [72] also found that in few-channel
situations (e.g., we start with only two input channels in our case), using standard
convolution on hardware devices with acceleration capabilities is more efficient than
depthwise separable convolution.

Therefore, the Stem stage of the EMACnet model uses the Fused IB structure,
as shown in Table El] and Figure @(a). It has three modules: Conv0, Layerl,
and Layer2. The first one is a convolution layer with 2 input channels, 32 output
channels, a 3x3 convolution kernel, and a stride of 2x2, responsible for performing
initial feature extraction and processing. Layerl consists of a convolution layer with
32 input channels, 64 output channels, a 3x3 convolution kernel, and a stride of 2x2,
followed by a convolution layer with 64 input channels, 32 output channels, a 1x1
convolution kernel, and a stride of 1x1. Layer2 is similar to Layerl, consisting of
a convolution layer with 32 input channels, 96 output channels, a 3x3 convolution
kernel, and a stride of 2x2, followed by a convolution layer with 96 input channels,
64 output channels, a 1x1 convolution kernel, and a stride of 1x1. The two-layer
convolutions in Layerl and Layer2 follow the Fused IB design in Figure @ In Table
El], the convolution layers forming Conv0, Layerl, and Layer2 are listed as ConvBn

blocks, where Conv refers to Convolution, and Bn refers to Batch Normalization.
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Figure 3.4: Stem Stage: (a) EMACnet, (b) EMACnet+-+

3.2.3 Backbone

The Backbone stage of the EMACnet model uses the UIB structure, and it consists of
the Layer3 and Layer4 modules as specified in Figure @ and Table @, where DW1
and DW2 refer to two depthwise separable convolutions before and after expansion,
respectively. In Layer3, the first block is ExtraDW responsible for extracting spatial
information at the beginning of the stage and performing downsampling. This block
uses two depthwise separable convolution layers with 64 input channels, 64 output
channels, a 3x3 kernel size, a 2x2 stride, and a bottleneck expansion ratio of 3. The
second block in Layer3 is an IB, responsible for processing of downsampled data, ex-

panding the ExtraDW output, extracting features in a richer high-dimensional space,
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and then reducing the dimensions again. It has 64 input and 64 output channels,
and it uses a 3x3 separable convolution kernel with a stride of 1x1 and a bottleneck
expansion ratio of 2. The last Layer3 block is another IB that has the same configu-
ration as the preceeding IB block.

In Layer4, the first and second block follow the same design as the first (ExtraDW)
and second (IB) block of Layer3. However, due to the increased module depth, a
larger expansion ratio is required to meet the feature extraction and processing needs.
Consequently, the ExtraDW block of Layer4 has a bottleneck expansion ratio of 6,
while the IB block of Layer4 has a bottleneck expansion ratio of 4. At the end of
Layer4, the EMACnet model has a ConvNeXt block that implements the transition

from spatial feature extraction to channel feature extraction.

3.2.4 Feature Expansion and Pooling

The Feature Expansion stage is responsible for further channel-level feature expan-
sion, extraction, and processing of the data processed by the network backbone, fa-
cilitating subsequent classification of the individual attributes of interest. This stage
is formed by Layer5 that consists of two 1x1 pointwise convolution layers: the first
one has 128 input channels and 960 outputs channels, while the second one has 960
input channels and 1280 output channels.

To reduce the number of parameters and computational complexity, the EMACnet
model relies on the Pooling stage that follows the Feature Expansion stage. A global
average pooling (GAP) layer is used to compute the mean of the output feature map,

obtaining a fixed-size feature vector.

3.2.5 Classification

In the context of our target application, there are three attributes associated with a
crack defect: location, size, and tilt. Therefore, as shown in Table @, we use three
classification heads to predict which class (for a given attribute) an input data sample
belongs to. The Location CH consists of a linear layer with 1280 input channels and
27 output channels (equal to the number of location classes). The Size CH consists of
a linear layer with 1280 input channels and 5 output channels (equal to the number
of size classes). The Tilt CH consists of a linear layer with 1280 input channels and

11 output channels (equal to the number of tilt classes).
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3.3 Enhanced Network Design

In this section, we will introduce the network structure of EMACnet++, which is an
improved version of EMACnet, designed to further enhance model performance. This
section presents the design concepts, module composition, and working principles of
EMACnet++, as well as the differences and advantages compared to EMACnet.

3.3.1 Stem Convolutions

Recall that in our case, the input samples are 2D raw channel data in the (t,z)
domain, where ¢ denotes time, and x refers to the sensor position. The nature of such
data is closer to multivariate time series than to camera images. Each data frame
in the utilized dataset is of size N; x N, = 561 x 40 (cropped to 411 x 40), i.e., its
vertical and horizontal dimensions are highly imbalanced.

In response to these issues, the EMACnet++ model employs a different convolu-
tion configuration in Layerl of the Stem stage, using a 3x1 kernel with a 2x1 stride
(see Table @ and Figure @(b)) instead of a 3x3 kernel with a 2x2 stride in the
original EMACnet case. Such convolutions appear to be better suited for our target
application, which is supported by the experimental evidence presented in Chapter 4.
Also note that Layer] has three ConvBn blocks (instead of two) and yields 64 output
channels (instead of 32).

Layer2 of the Stem stage in EMACnet++ is similar to that of EMACnet (except
for minor adjustments in the convolution kernel size and stride); however, the number
of input/output channels is doubled to enhance initial feature extraction prior to the

Backbone stage processing.

3.3.2 General Design Concepts

In EMACnet, we adopted the Universal Inverted Bottleneck (UIB) block from Mo-
bileNetV4 [44] as a building cell for the model. As we demonstrate in Chapter 4,
EMAChnet achieved good performance on the targeted dataset when predicting crack
size (5 classes) and tilt (11 classes); however, the accuracy of crack location predic-
tions (27 classes) was low. Aside from having a relatively large location class size and
small network size, one possible reason behind poor handling of this attribute could
be global pooling that potentially compromises spatial information fidelity.

Generally, the spatial information extraction capability of a model includes both
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absolute position information and relative position information. Since we require
the network to be lightweight, it is difficult to replace the global pooling layer with
another competitive alternative. Hence, given the imbalanced aspect ratio and the
presence of global pooling, the model needs to learn the relative position information
between different regions to compensate. In [74], it has been noted that the separation
of the channel and token mixers is key to the excellent performance of transformer-
based models like ViT, DeiT, and ResMLP [12, 60, 59]. We have also adopted such a
separation mechanism, aiming to improve the spatial information extraction ability
of the EMACnet++ model.

In [54, 23, b5, 56, [10], the design concept of the Inception structure that con-
catenates feature maps of different sizes of convolution kernels has been shown to be
beneficial for feature learning in a network. We have adopted this concept as well,
by concatenating feature maps of differently sized convolution kernels.

Furthermore, based on [21], EMACnet++ also incorporates the Squeeze-and-
Excitation (SE) layer as an efficient attention mechanism. Although there are various
attention mechanisms, such as Transformer and CBAM [65, [71, [15], practical experi-
ence suggests that with a small dataset size and a small number of model parameters,
the SE structure is not only simple and easy to train but also more effective. Next,
we describe a novel block that combines aforementioned ideas into a new building
cell used by the Backbone stage of EMACnet++.

3.3.3 EMACDblock++

EMACDblock++ is the core cell of EMACnet++, and its structure is illustrated in
Figure @ It is inspired by a Universal IB, and it can take three forms, as shown
in Figure @ They are enhanced versions of the FFN, ConvNeXt, and ExtraDW
blocks derived from our EMACblock++. We refer to these configurations as FFN++,
ConvNeXt++, and ExtraDW++, respectively. By comparing our EMACblock++
with an UIB, one can see that the first layer of the depthwise separable convolution
is replaced by a combination of the 1x1 and 3x3 depthwise separable convolutions,
followed by residual concatenation. The 1x1 depthwise convolution is a weighted
feature of the spatial dimension, which can be seen as a spatial attention mechanism,
whereas the 3x3 depthwise convolution is a larger feature extractor. Their combi-
nation is essentially the token mixer. Its output is supplied to the SE layer that

implements a channel attention mechanism, enabling channel feature weighting and
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facilitating the subsequent learning of the channel mixer. The channel mixing part is

essentially an IB with an optional depthwise convolution layer, as depicted in Figure

5d
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Figure 3.6: Comparison of MobileNetV3, EMACnet++, and MobileNetV4 Building
Cells. (a) Inverted Bottleneck, (b) EMACblock++, (¢) Universal Inverted Bottleneck.

The overall network structure of EMACnet++4 is summarized in Table @ Its
organization is similar to that of EMACnet, but with one key architectural enhance-
ment in the Backbone stage. Layer3 and Layer4 are now made of more complex
EMACblock++ configurations (i.e., FEN++, ConvNeXt++, and ExtraDW++) that
have been introduced to improve the feature extraction and fitting ability of the
model. The goal of this network design is to facilitate enhanced learning of relative

position information to mitigate the potential loss of absolute position information
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due to global pooling prior to multi-attribute classification. The next chapter de-
scribes our training settings and demonstrates that EMACnet++ does perform better

than EMACnet in terms of crack location classification.
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Chapter 4

Model Training and Evaluation

4.1 Training Setup

4.1.1 Data

This work relies on a publicly available dataset[43] providing raw channel data ac-
quired during PW imaging of steel plate specimens (10-mm thickness), immersed in
water, 20 mm away from the probe plane. A 40-element probe (0.3-mm pitch) was
used to transmit two 5-MHz PWs (angled at £19°) and to receive returning signals.
Each acquisition (one per crack sample) produced two raw channel data frames of
size Ny x N, = 561 x 40, where z refers to a lateral coordinate of the sensor position,
and t denotes a time instance under the sampling frequency of 16.7 MHz. The total
number of acquisitions was 1,485, representing all combinations of 5 sizes L (1.0, 2.0,
3.0, 4.0, 5.0 mm), 11 tilts 6 (0°, +2°, +5° +8° +15° +20°), and 27 locations P
(13.2 < P < 21.0, equally spaced 0.3-mm apart), over all imaged crack variants. The
acquisition setup is illustrated in Figure El!

In terms of data preprocessing, we reduced the size of input data frames to 411 x
40 by removing the upper 150 x 40 section (i.e., early-arrival signals), which does
not contain useful defect-related information. We also computed the envelope of
each sensor’s signal, and the resulting 2D data frame was normalized to restrict the
numerical values to the [0, 1] range. To summarize, our original preprocessed dataset
consisted of 1,485 two-channel samples, where the first and second channels of each
sample contained the corresponding 411 x 40 normalized envelopes of negative- and

positive-angle raw channel data frames, respectively.
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2 Multi-Attribute Classification

Given an input sample from the dataset described above, the model’s task is to output

the three target attributes of a crack defect: location (27 classes), size (5 classes), and

tilt (11 classes). Such multi-attribute outputs are essentially the model’s solutions to

the corresponding multioutput classification problem instances.

The model’s Classification stage includes three branches, each containing a classifi-

cation head (CH) responsible for one of the three classification outputs. During model

training (optimized using backpropagation), the loss function F' was the weighted sum

of the three branches’ cross-entropy losses given by Equations (El]) and (@) below.

F' = Ujpc * Eoc + Qlgize Fsize + Qi Ftilt
Cloc szze Ctzlt .
= Qoc * Zyloc log yloc + Asize Z yszze log yszze) + Otiit - Zytzlt log(ggl)t)
7j=1

(4.1)

N
F=>F (4.2)

i=1

where

F; is the loss for the i-th sample.

Floe, Fiize, and Fyy are the cross-entropy losses for the location, size, and tilt

branches, respectively.

yl(gg, ygze, and ?Jmt are the ground truth labels for the j-th class of the location,

size, and tilt branches, respectively.
y}gg, ygzze, and ymt are the probability-like softmax scores (ranging from 0 to 1)

for the j-th class of the location, size, and tilt branches, respectively.

Ciloe, Csize, and Cyy; are the number of classes for the location, size, and tilt

attributes, respectively.

Qloe, Qlsize, and ayy; are the weights for the location, size, and tilt attributes,

respectively.

N is the total number of samples.
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As a special case, our model can also be trained to predict fewer than three
attributes. For example, when training solely for the location classification task, the
loss function weights for the outputs of the size and tilt classification heads can simply

be set to 0. This allows for evaluating the model performance limits, which we explore

in Section @

4.1.3 Training and Evaluation

Given a relatively small amount of data, we used the 75:25 split ratio to randomly
partition our input dataset into the training and test sets. We repeated our random-
ized computational experiments ten times for each evaluated model, so that we could
report the model’s average observed performance and related standard deviation fig-
ures.

To ensure fair comparisons among the evaluated models, a unified training setup
was adopted. The Adam optimizer was used [25], with a learning rate of 0.01, the
loss function was given by Equations (4.1)-(4.2), the training batch size was 256, and

the number of training epochs was 300.

4.1.4 Evaluation Criteria

Evaluating the performance of deep learning models involves several key criteria,
including accuracy, network size, and computational complexity. For lightweight
network models, which are often deployed on embedded devices in real-time envi-
ronments, it is essential to consider not only general metrics, such as the number
of parameters and FLOPS, but also the actual inference speed values. For instance,
the MobileNetv4[44] employs the Roofline Model to analyze inference speed from two
perspectives: MACtime and Memtime. In this thesis, our model assessment is simpli-
fied to include the following four principal evaluation criteria: classification accuracy,
the number of parameters, the number of FLOPs, and the inference latency.

Since our target task is to produce multi-attribute classification results, we con-

sider the following accuracy measurements.

o Single-attribute accuracy: The models are trained to predict only one attribute

of the crack defect, i.e., either its location, or its size, or its tilt.

o Multi-attribute accuracy: The models are trained to predict more than one

attribute of the crack defect, i.e., either its size and tilt, or all three attributes.
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The multi-attribute accuracy is calculated as follows: if all the target attributes
are predicted correctly, the overall outcome is treated as a success; otherwise,

it is considered to be a failure.

We have used the PyTorch [2] and Thop [78] library to determine the number
of parameters and FLOPs for each evaluated model. The inference latency (average
execution time per batch of 256 test samples) has been measured on a Windows 10
workstation with an Intel Core i5 CPU (2.5 GHz clock, 16 GB RAM) and NVIDIA
GeForce RTX3060Ti GPU (16 GB VRAM).

4.2 Evaluation Results and Analysis

In this section, we present the experimental results and comparative analysis of var-
ious neural network models, highlighting the competitive performance of EMACnet
and EMACnet+4. Table El] summarizes the prediction accuracy of our proposed
models in comparison to the baseline ResNet18 [[18] and three state-of-the-art net-
works: MobileNetV3-L [19], FastViT [63], and RepViT [69]. We evaluate the following

three prediction scenarios.

o Each model is trained to predict only one attribute of the crack defect, i.e.,

either its location, or its size, or its tilt.

o Each model is trained to predict two attributes simultaneously, namely, the

crack size and tilt.

o Each model is trained to predict all three attributes simultaneously.

Table 4.1: Model Accuracy Comparison

Model Name | Loc. Acc | Size Acc | Tilt Acc | Size/Tilt Acc | Loc./Size/Tilt Acc
ResNet18 0.82 £ 0.03 | 1.00 £ 0.00 | 0.99 £ 0.01 0.98 £ 0.01 0.65 £ 0.02
MobileNetV3-L | 0.57 £ 0.04 | 1.00 &+ 0.00 | 0.91 £ 0.02 0.90 £ 0.03 0.23 £ 0.02
FastViT 0.41 +0.02 | 1.00 £ 0.00 | 0.92 £+ 0.01 0.91 £0.01 0.20 £ 0.02
RepViT 0.86 = 0.02 | 1.00 £ 0.00 | 0.95 £ 0.01 0.97 £ 0.01 0.59 £ 0.03
EMAChnet 0.66 = 0.04 | 0.96 £ 0.02 | 0.94 = 0.03 0.92 +£ 0.03 0.47 £ 0.04
EMACnet++ 0.79 £ 0.07 | 1.00 £ 0.00 | 0.99 £ 0.01 0.96 £ 0.01 0.57 £ 0.03
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Table 4.2: Cost Comparison for Evaluated Models

Model Name Latency(s) | Params(M) | FLOPs(M)
ResNet18 0.003 11.2 699.2
MobileNetV3-L 0.004 4.23 87.5
FastViT 0.009 3.27 207.1
RepViT 0.110 4.73 329.8
EMAChnet 0.002 1.65 68.0
EMACnet++ 0.003 1.68 97.0
FV,
— > DNN, —»H—» LocATION CH}—> P
B1
B2 FVy
I > DNN, 4>D > SzeCH 1

INPUT

)

> Tiot CH p—>

FV: FEATURE VECTOR
CH: CLASSIFICATION HEAD

Figure 4.1: Organization of Modified Models. Note: DNN; and DNNy Are Identical
Networks Trained for Two Different Classification Tasks.

It is evident that ResNetl8, RepViT, and EMACnet++ are the strongest per-
formers in terms of location-only classification, achieving the prediction accuracy of
0.82, 0.86, and 0.79, respectively. When classifying the tilt-only or combined size /tilt
attributes, the same three models yield the prediction accuracy of at least 0.95. In
the case of three-attribute predictions, the combined accuracy drops dramatically: it
is equal to 0.65 for ResNet18, 0.59 for RepViT, and 0.57 for EMACnet++.

Table @ compares the evaluated models in terms of their inference latency, num-
ber of parameters, and number of FLOPs. Among the three best performing models,
namely ResNetl8, RepViT, and EMACnet++, ours is the least expensive. It has
the same latency as ResNet18 (3 ms per batch), but 6.7x fewer parameters (1.68M
versus 11.2M) and 7.2x fewer FLOPs (97.0M versus 699.2M). It is also 36.7 times
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faster than RepViT, with 2.8x fewer parameters and 3.4x fewer FLOPs. Compared
to EMACnet++, the original EMACnet model has approximately the same number
of parameters, but the latter is 33.3% faster and has 29.9% fewer FLOPs. On the
other hand, EMACnet++ can predict crack locations with substantially higher accu-
racy (0.79 versus 0.66 in Table @)

The last two columns of Table @ suggest that adding the location attribute to the
combined size/tilt classification compromises the network’s ability to learn all three
types of attribute features effectively using the same pre-classification layers before
branching to three different classification heads. Since EMACnet and EMACnet++
have the smallest number of parameters (see Table @), we can afford a modified net-
work organization shown in Figure §.1. First, the pre-classification layers are simply
replicated to form two processing branches Bl and B2 for the same input sample.
Then, the B1 output is supplied to a single CH for the location-only classification,
while the B2 output is supplied to a pair of CH branches for the combined size/tilt
classification.

We have observed that the resulting accuracy for the combined location/size/tilt
predictions increased to 0.62 + 0.04 for modified EMACnet and 0.78 + 0.07 for
modified EMACnet++. Although the number of parameters and FLOPs effectively
doubled in our modified networks, they are still cheaper than ResNet18 and RepViT,
while offering a comparable (EMACnet) or better (EMACnet++) three-attribute
prediction accuracy than 0.65 of ResNet18 and 0.59 of RepViT.

In conclusion, while other networks, such as ResNet18 and RepViT exhibit strong
performance in certain metrics, EMACnet and EMACnet++ stand out due to a bal-
anced combination of their competitively high classification performance (see Table
@) and their low operating cost (see Table @) These characteristics make EMAC-
net and EMACnet++4 desirable choices for applications requiring high performance
in real-time and resource-constrained environments. When comparing EMACnet to
EMACnet++, the latter shows improvements in location-limited multi-attribute clas-
sification accuracy (0.78 versus 0.62 after modification), which is due to the architec-

tural enhancements incorporated into EMACnet++.

4.2.1 Further Discussion

Table @ shows that the inference latency and the number of FLOPs do not necessar-

ily follow a linear relationship. Models with fewer FLOPs may have longer latencies
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compared to those with more FLOPs. This is because the compatibility of the model
design with the underlying hardware can also affect the inference speed. For exam-
ple, the number of FLOPs in ResNet18 is much larger compared to MobileNetV3-L,
primarily because the former utilizes standard convolutions, while the latter relies
on separable ones. However, having fewer FLOPs did not translate into a smaller
inference latency (due to mismatched hardware support), while it still paid a price
in terms of diminished location-only classification accuracy (MobileNet’s 0.57 versus
ResNet’s 0.82). For our EMACnet++, its selective use of both standard and depth-
wise convolutions has resulted in a balanced tradeoff between the accuracy and speed.

Meanwhile, Table Ell shows that all models performed unsatisfactorily in terms of
the location predictions. This could potentially be due to the fact that the location
class size of 27 is larger than those of the crack size and tilt classes (5 and 11,
respectively), i.e., the location classification is expected to have higher sensitivity to
the input data. Another possible reason could be that the spatial information included
in location-related features differs from that of the size- and tilt-related features. The
former is likely to be affected by the global spatial information, while the latter is
likely to be affected by localized data properties. This issue is discussed further in
the Appendix.

4.2.2 Soft Location Prediction

As mentioned earlier, the location prediction accuracy is not satisfactory. However, by
examining the confusion matrices of the best-case location-only results produced by
EMACnet and EMACnet++, we can see that the errors are mainly concentrated near
the matrix diagonal, as shown in Figure @ This indicates that most mispredictions
are only one or two class bins away from the ground truth. Recall that any pair of
adjacent location classes are separated from each other by the physical distance of
0.3 mm. If the user can tolerate the crack location error of £0.3 mm, a mispredicted
clags that is immediately next to the ground truth can be treated as an acceptable
classification outcome. In other words, we can enable soft predictions by relaxing
adjacent class boundaries.

Using this relaxation method, we can significantly improve the location prediction
accuracy of EMACnet and EMACnet++ without compromising its physical signifi-
cance. The results are shown in Table @, where the term ”Soft” designates prediction

scenarios with relaxed location classification: if the predicted location is within £0.3
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mm (i.e., within a single-class distance) from the ground truth, it is considered to
be successful. The location-only prediction accuracy of EMACnet and EMACnet++

increases to 0.93 and 0.97, respectively. More importantly, their accuracy of the com-

bined location/size/tilt predictions become equal to 0.83 and 0.87, respectively. As

for the modified versions of EMACnet and EMACnet++ (see Figure 4.1), their ac-

curacy of the corresponding combined location/size/tilt predictions increases to 0.89
+ 0.02 and 0.95 + 0.03. These results provide another confirmation that the EMAC-

net++ performance is superior to that of EMACnet.
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Figure 4.2: Confusion Matrices for Location-Only Classification Results
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Table 4.3: Soft Accuracy Comparison

Model Name | Loc. Acc | Loc./Size/Tilt Acc | Soft Loc. Acc | Soft Loc./Size/Tilt Acc
EMAChnet 0.66 £+ 0.04 0.47 £ 0.04 0.93 £ 0.02 0.83 £ 0.03
EMACnet++ | 0.79 £ 0.07 0.57 £ 0.03 0.97 £ 0.02 0.87 £ 0.03

4.2.3 Heatmap Visualization

For CNNs, heatmap analysis can be valuable for understanding the inner behav-
ior of the network. In this section, we examine the functionality of EMACnet and
EMACnet++ through two visualization techniques: gradient heatmaps and activa-
tion heatmaps. The gradient heatmap reveals the network’s sensitivity to the input
by computing the gradient information, while the activation heatmap reveals the net-
work’s activation patterns by computing the activation information. Through these

methods, we aim to provide insights into the network’s inner workings.

Gradient Heatmap

In Section , we demonstrated that EMACnet and EMACnet++ mispredicted
crack locations primarily due to confusion between adjacent ground truth (GT)
classes. We compare several outliers picked from the confusion matrices (see Fig-
ure @) with correctly classified samples using gradient heatmaps to analyze the
network’s sensitivity to these outliers.

The examined two-channel input samples (marked with letters A to H) are shown
in Figure @, where each sample consists of two raw channel data frames (for positive-
and negative-angle PW emissions), with Location GT Class indicating the true label
for the location of an imaged crack defect. The corresponding heatmap images are
shown in Figure @ They are displayed in pairs, with the left and right images
depicting the gradient heatmap for EMACnet and EMACnet++, respectively. Figure
@ also includes the class predictions by EMACnet and EMACnet++, as well as
the confidence scores of these predictions. As one can see, EMACnet misclassified
input samples C and F, while EMACnet++ correctly classified all samples under
consideration.

It is important to note that even within the same location GT class, the input
samples can be very different depending on the size and/or tilt of an imaged crack de-
fect at a fixed lateral position. For instance, clearly distinct samples C, D, and E (see
Figure ) belong to the same class 21. EMACnet was successful when classifying D
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and E, but incorrectly put C into class 12 (with a fairly low confidence score). For
these three cases, their gradient heatmaps in Figure @ indicate that both EMACnet
and EMACnet++ rely on similar input data patterns, but the former utilizes addi-
tional “background” data points. Undue influence of this “background” noise could
be one possible explanation for EMACnet’s incorrect decision to put sample C into
the same class as samples A and B.

On the other hand, when misclassifying sample F that belongs to the same class
10 as samples G and H, EMACnet utilized fewer data points than EMACnet++ (see
Figure @), but more importantly, the two models relied on quite different patterns in
the upper third section of the input data. This example suggests that the difference
between feature extraction capabilities of EMACnet and EMACnet++ goes beyond

“background” noise filtering.

Activation Heatmap

Figures @ and @ show the activation heatmaps for the same input sample supplied
to both EMACnet and EMACnet++ during location-only inference. From these
heatmaps, it can be observed that both EMACnet and EMACnet++ extract locally
concentrated (sparse) and visually distinguishable features in Conv0, Layerl, and
Layer2. However, in Layer3 and Layer4 of EMACnet, the features become more
spread out and less distinguishable. We hypothesize that in this case, visually less
structured features are indicative of potential overfitting that might explain poor
EMACnet performance in the subsequent Classification stage after GAP. In contrast,
EMACnet++ continues to extract sparse and distinguishable features in Layer3 and
Layer4, which is correlated with its superior classification performance in comparison
to EMACnet.
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Figure 4.3: Two-Channel Input Samples from Location GT Classes 12, 21, and 10.



38

(d) (0) (u) (w) (0] (1) 0 (0] C)} (3 (€)] (@) (P) 0) (a) (e)
B W N W W W W W N O W W N W O
3 h i | L | y i 1
5 )] < ;, s
, , , , , , , ,

(0] 0T ot T¢C T¢ T¢C (4" 4"
€¢66°0 TLSL°0 S086°0 78660 6566'0 87¢6°0 €1599°0 £696°0
ot ot ot T¢C T¢C T¢ [4* [4"
€L/8°0 89G56°0 68650 €860 vLv6'0 QL8170 88860 76L6°0
(0] ot T¢ T¢C T¢ 4" 4" [4"

H ) E| E| a J d v

:SSe|) 1D uoiedo
194026 "pald ++13UDVINI
:SSe[) ‘paid ++IBUDVING

19100G *pald IPBUDVINT
iSSe|D "paid WBUDVING
:9|dwes indu|

¥

Figure 4.4: Gradient Heatmaps During Location-Only Inference Given Inputs from

Figure



39

Input ConvO Layerl Layer2

EMACnet
EMACnet++

Figure 4.5: Activation Heatmaps for Conv0, Layerl, and Layer2 During Location-
Only Inference.
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Figure 4.6: Activation Heatmaps for Layer3 and Layer4 During Location-Only Infer-
ence.
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Chapter 5

Conclusion and Future Work

5.1 Concluding Remarks

In this thesis, we have explored ultrasonic nondestructive evaluation (NDE) data
analysis by means of advanced machine learning (ML) techniques. Our primary
objective was to leverage ML algorithms to improve the efficiency of inline pipeline
inspection.

We introduced two lightweight network structures, EMACnet and EMACnet++,
which are tailored for handling raw ultrasound imaging data. These models incor-
porate modern structures, such as the Universal Inverted Bottleneck (UIB) and the
newly proposed EMACblock++, to enhance the models’ ability to extract and process
spatio-temporal features. The experimental results demonstrated that both EMAC-
net and EMACnet++4 outperform several competitors either in terms of classification
accuracy associated with predicting the location, size, and tilt of surface-breaking
crack defects (e.g., MobileNetV3-L and FastViT), or in terms of the computational
cost measured by the inference latency, the number of parameters, and FLOPs (e.g.,
ResNet18 and RepViT).

5.2 Future Work

Our findings highlight the potential of lightweight deep learning models in enhanc-
ing ultrasonic NDE data analysis, indicating that EMACnet and EMACnet++ are
viable solutions for real-time, resource-constrained applications. These models can

contribute to more intelligent automated inspection systems, enhancing the safety
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and efficiency of critical infrastructure maintenance.

Future work will focus on further refining these models to improve their inter-
pretability and adaptability to various NDE scenarios. Additionally, following the
discussion on the loss of spatial information presented in the appendix, further re-
search into network designs that better extract both local and global spatial infor-
mation is a promising direction. We will also explore appropriate data augmentation
techniques to enhance the generalization capability of the models. Moreover, we plan
to apply EMACnet and EMACnet++ to other fields, such as medical imaging and

computer vision, to validate their applicability across different domains.
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Appendix

Spatial Information in CNN

In deep learning, particularly with convolutional neural networks (CNNs), pooling
operations are commonly used to reduce the size of feature maps, thereby decreasing
computational load and the number of parameters. However, pooling may cause a
significant loss of spatial information at the feature level. For example, the sky is
usually at the top of an image, the sun is in the sky, roads are at the bottom, and
cars run on these roads. These features have a statistical distribution in images.
This distribution allows models, even after pooling, to infer the position of features
through multiple layers by simply recognizing their presence.

The spatial information post-pooling depends entirely on the probability distri-
bution of specific features’ locations in the dataset. CNNs, being numerical methods,
essentially fit to the dataset and its underlying distribution. For instance, while
the sun can theoretically appear anywhere in an image, it is typically in the sky in
the dataset, enabling the model to infer its approximate location even after pooling.
However, this reliance on dataset distribution can lead to poor performance when
encountering differently distributed data.

The size of the receptive field significantly impacts the pooling operation. If the
convolution’s receptive field covers the entire image, the model can infer the global
spatial distribution of features. However, if the receptive field is small, such as a
7x7 feature map before the final pooling, the original image is effectively divided into
7x7 patches. After pooling, the model struggles to infer global spatial information
spanning these patches. Within each patch, spatial distribution of features can be
partially retained, but the spatial relationships between different patches are lost.

The discussion further differentiates between two types of spatial information:
one is the positional distribution of features within an image, such as the sun being
usually at the top; the other is the spatial relationship between features, like the sun
being in the sky. For image classification tasks, only the latter is needed, and this
information can be effectively captured through convolution and non-linear layers,
making pooling perform well. However, for tasks requiring precise location detection,
such as crack localization, pooling can lead to severe information loss.

In our experiments, the crack size and tilt classification performed well, but the

location classification was poor. This is likely due to the fact that location information
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heavily relies on the first type of spatial information—specific positions within the
image—which pooling diminishes. In contrast, size and tilt classification depends
more on the spatial relationship between features, which convolution networks can
capture well.

To mitigate the limitations of pooling, alternative methods can be used. Tech-
niques like skip connections and pyramid features (e.g., in Unet [48]) can expand
the receptive field. Models like YOLO [A7] address absolute spatial information by
dividing images into grids. These methods have shown better performance in various
tasks. However, the spatial information loss caused by pooling remains a challenge in
certain tasks, requiring more complex model structures and larger training datasets
to compensate.

Overall, the limitations of pooling in specific tasks remind us to carefully design
and adjust model structures according to task requirements, balancing computational

efficiency and information retention.
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