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Abstract 

Ultrasound imaging is a widely used technique in non-destructive testing for 

detecting and sizing defects in industrial pipelines. Accurate defect localization and 

sizing are critical for diagnosing the structural integrity of pipelines and preventing 

failures that pose significant environmental, economic, and safety risks. Motivated 

by the need to mitigate such risks, this thesis presents an effective technique for 

localization and sizing of surface-breaking cracks on the outer walls of liquid-filled 

pipes. 

The proposed approach combines traditional and novel data processing techniques 

applied to a sequence of multi-view ultrasound image frames of inspected pipe 

sections. Tri-sectional sliding windows are utilized for frame-by-frame view-

specific defect localization, followed by establishing correspondence among 

potentially differing crack location estimates across all considered views and frames, 

as well as for defect sizing. Additionally, a similarity-based sizing method is 

developed to increase the accuracy by comparing synthetic images to the original 

ones. Our evaluation results using real-world experimental data demonstrate that the 

sliding window method is computationally inexpensive and yields accurate 

localization and sizing results in most cases, while the similarity-based method 

provides superior sizing accuracy in more complex scenarios.  
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Chapter 1: Introduction 

Water mains and petrochemical pipelines are subject to aging and degradation, 

which can lead to the emergence and progression of surface-breaking crack defects 

in their walls. Ignoring these defects can lead to unexpected malfunctions such as 

leaks or even pipe ruptures. These events can be both costly and dangerous, 

impacting people and the environment. 

The available statistics of incidents from 2008 to 2023 that occurred in pipelines 

regulated by Canada Energy Regulator (CER) indicates that crack or corrosion 

defects have resulted in 207 substance releases, 12 fires, 3 explosions, 2 adverse 

environmental effects, and 1 serious injury (some incidents had several types of 

consequences combined) [1]. Table 1 and Figure 1 from the latest available 2020 

CER data report [2] demonstrate that cracks represent a large fraction of defects 

detected and repaired during 2020. 

Table 1. Average number of found and repaired defects in different types of pipelines [2] 

Pipeline type  
Average number of repaired defects per pipeline system 

Metal loss Cracking Dents 

Gas > 50 km and 

< 5000 km 
3.0 0.3 1.0 

Gas > 5000 km 12.0 19.7 2.7 

Liquid > 50 km 9.0 8.5 2.3 

Number of 

pipeline systems 
21 

Total defects 

repaired/mitigated 
363 
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Figure 1. Average number of found and repaired defects in different types of  

pipelines (Table 1) [2] 

The same 2020 CER data report [2] indicates that a significant part of pipeline 

assessments was dedicated to investigation of cracking. Table 2 and Figure 2 show 

this tendency. 

Table 2. Average number of kilometres assessed for susceptible hazards in different types of 

pipelines [2] 

Pipeline type 

Average number of km assessed per pipeline 

Metal loss Cracking 
External 

interference 

Material, 

Manufacturing 

or Construction 

Geotechnical 

or Weather 

related 

Gas > 50 km 

and < 5000 km 
314 95 130 229 324 

Gas > 5000 km 2833 1437 4586 2719 3 

Liquid > 50 km 509 657 1151 658 211 

Number of 

pipelines 
111 

Total km 

assessed 
79 500   
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Figure 2. Average number of kilometres assessed for susceptible hazards in different types of 

pipelines (Table 2) [2] 

1.1. Crack Defects in Pipes 

Cracks in pipes are defined as planar discontinuities of pipe walls caused by ruptures 

of the pipe material, as illustrated in Figure 3. These defects negatively impact the 

strength properties of pipes locally, making their walls thinner and acting as 

concentrator of mechanical stress [3]. Cracks are usually divided into three 

categories related to their root causes. 

Cracks of the first category are caused solely by mechanical factors. Thus, possible 

reasons for emergence of cracks of this type are external interference, operation 

under extremal conditions, pipe geometry (e.g., bending), or fatigue induced by 

repeated stress cycles caused by fluctuations in temperature or pressure. The main 

feature of such cracks is that they often appear as isolated defects. The second 

category of cracking is induced by aggressive environmental conditions. The 

surrounding environment serves as a source of active electrolytes causing corrosion, 

which results in embrittlement of the pipe material and makes it more susceptible to 

cracking [4]. This type of cracking is characterized by simultaneous emergence of 
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multiple cracks in the same area. The third category of cracks originate from 

imperfections in manufacturing technology and, strictly speaking, are not exactly 

cracks. These crack-like defects can still be assessed by the same means as cracks. 

Such defects are caused by lack of fusion or penetration in welds [4]. 

  

Figure 3. Examples of a crack-like defect (left) [5] and a crack colony (right) [6] 

An alternative criterion for crack categorization is the direction of crack 

development, with longitudinal and circumferential being the two principal crack 

orientations. Typically, both initially develop on the external pipe surface and 

propagate along their orientation through the pipe material. Hence, cracks are mainly 

characterized by their length and depth which are the main parameters of interest for 

burst pressure estimation in the assessment of pipe strength [3]. 

In pressurized pipes, the major component of stress acts perpendicular to the 

direction of longitudinal cracks and along the direction of circumferential cracks. 

This fact makes pipes with longitudinal cracks more vulnerable to the stress induced 

by internal pressure, compared to pipes with less dangerous circumferential cracks 

[4]. A schematic image of a longitudinal crack is presented in Figure 4. This thesis 

is focused on the development of a method for detecting and sizing of vertical (i.e., 

perpendicular to the surface) longitudinal cracks in pipe's outer walls. 
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Figure 4. Schematic image of a longitudinal crack 

1.2. Role of Ultrasound Imaging 

For pipe state monitoring, various methods of defect detection have been developed. 

Some of these methods cannot be performed without additional damage, while 

others do not affect an object’s integrity at all. Although the first group can be more 

informative, preference is often given to the latter, especially in cases where the 

object of interest is still in operation. Non-destructive testing (NDT) methods 

include, but are not limited to, dye penetrant inspection, magnetic particle inspection 

(MPI) [7], eddy current testing (ECT) [8], magnetic flux leakage (MFL) testing [9], 

radiographic testing (RT) [10], and ultrasound (US) imaging [11]. 

While other modalities are commonly used as well, US imaging stands out in the 

field of NDT due to several benefits. The core advantage of this technology is that it 

enables the capture of diagnostic images of hard-to-access areas. In addition, this 

modality is quite flexible, offering an opportunity to adjust ultrasound wavelength 

to obtain images with high spatial resolution or deeper wave penetration. With a 

smaller wavelength at a high frequency, smaller defects can be detected, and waves 

with lower frequencies can reach deeper interior regions [12]. Additionally, 

advanced US systems offer real-time imaging capabilities [13]. These systems are 

capable of imaging at high frame rates [14], allowing detailed visualization and 

analysis of pipe walls as they are scanned. Furthermore, US inspection can be 

applied to various materials, including composites [15]. Therefore, US imaging is 

suitable for a wide range of applications and industries. Another advantage is that 
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probing devices used for emitting and receiving US waves are relatively compact 

[16]. 

US imaging has its disadvantages as well. Firstly, US waves experience attenuation 

and scattering when propagating through an imaged medium. As waves propagate, 

they lose energy, and the signal strength reduces. Consequently, acquiring a clear 

image becomes impossible beyond a certain depth [16]. Besides the depth limitation, 

images are also limited in width by the size and configuration of the transducer. 

Typical dimensions of an industrial ultrasonic probe rarely exceed several 

centimetres, which limits the width of US images accordingly. Another challenge 

lies in the necessity of having a coupling material between a wave emitter and an 

inspected object. Coupling media such as water or gels are used to improve acoustic 

coupling between a probe and the surface of an inspected object [16]. 

Although the described disadvantages are substantial, they do not outweigh the 

advantages of US imaging in the context of pipeline inspections. For instance, high-

density transducer arrays traversing pipelines filled with liquid enable effective 

coverage of large inspection areas, while liquid ensures sufficient acoustic coupling 

between an emitter and pipe walls [17]. Moreover, limited wave penetration depth 

is not particularly important for imaging the outer walls of pipes because their 

thickness is usually relatively small. 

A separate set of challenges is related to the interpretation of US images. These 

challenges represent the main motivation behind this work. 

1.3. Motivation, Objective, and Contributions 

Being very flexible by nature, human visual perception varies from person to person 

and can be quite subjective. Moreover, it relies on the individual experience of an 

inspector. To minimize this interpersonal variability in interpretation, extensive 

training is necessary for specialists. 

Manual image processing is also time-consuming. Examining a clear image with no 

defects may take a few seconds, while the presence of defects may extend the 

processing time to minutes due to the need to properly characterize and document 

each defect. Additionally, some images may be lower in quality because of artifacts 

and noise, which makes interpretation even more challenging. Taking into account 
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the length of water mains and pipelines that extend for kilometres, a typical 

inspection scenario may require analyzing thousands of US images. 

The mentioned drawbacks suggest that the examination of pipeline US images 

should be done automatically. While modern machine learning methods can 

potentially address this issue, many of them rely on the availability of significant 

amounts of high-quality representative training data [18], which can be very 

expensive and difficult to obtain in the ultrasonic NDT field. This work aims to 

overcome the challenges associated with automatic interpretation of pipeline US 

images while avoiding the need for a large training dataset. Our overall goal is to 

develop an effective method for localization and sizing of surface-breaking cracks 

on the outer wall (referred to as the "backwall") of imaged pipes.   

This work proposes a new non-machine-learning automatic method for backwall 

crack localization and sizing. It has been developed based on traditional computer 

vision (CV), and it does not require training data. The localization algorithm utilizes 

a sliding-window approach coupled with cross-view and cross-frame agreement 

post-processing. The sizing algorithm incorporates two complementary techniques, 

one utilizing a sliding window as well and another exploiting image similarity with 

automatically generated synthetic images. We evaluate the reliability and efficiency 

of the proposed method on real-world experimental data. 

This thesis is organized as follows. The second chapter touches upon the background 

concepts that are vital for understanding the problem addressed by the proposed 

method. Specifically, it provides an overview of the underlying principles of US 

imaging and provides examples of multi-view beamformed images of surface-

breaking crack defects. Additionally, this chapter reviews related work conducted in 

this field. The third chapter presents our proposed defect localization mechanism. 

The fourth chapter introduces a sliding-window approach to defect sizing. 

Furthermore, an alternative sizing algorithm based on image similarity is presented 

as well. The fifth chapter evaluates the developed techniques using real-world data. 

The sixth chapter summarizes the carried-out work, outlines conclusions and 

indicates possible directions for further development. 
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Chapter 2: Background 

2.1. US Imaging 

The pulse-echo US imaging technology is based on the principle of emitting US 

pulses and receiving the echoes reflected by the objects with which the waves 

interacted. While the quality of an echogram is determined by the power carried by 

the reflected waves, this power itself depends on the properties of the object the 

waves encountered and, more importantly, on the initial power of the wavefront that 

impacted the object. Traditionally, to increase the power of an impacting wavefront, 

US systems apply transmit beamforming techniques which control the sequence of 

emitting waves by means of transducer delays. This technique enables multiple 

wavefronts to reach a focal point simultaneously, combining their energy and 

enhancing the reflected signal. However, the area of focus is small, and inspecting a 

larger region of interest (ROI) requires emitting many beams in a sequence, each 

focused at different points within the ROI to acquire clear B-mode scans (i.e., 2D 

echogram). This process is demonstrated in Figure 5(a). For each focal point, the 

resulting echoes need to be received. Consequently, a large number of required focal 

points and the finite speed of wave propagation are the main factors limiting image 

acquisition rates. 

Alternatively, one can employ unfocused transmit beams formed by diverging or 

plane waves, as illustrated in Figure 5(b). The main advantage of this approach is 

that a large ROI can be insonified all at once, leading to much higher acquisition 

rates. It is common to utilize multiple unfocused beams steered at various transmit 

angles, which increases the resulting image quality after compounded 

reconstruction. It is important to mention that focusing can be done digitally during 

image postprocessing, if an echo signal was recorded by all transducer elements in 

an array [19]. 
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a)  b)  

Figure 5. Transducer emitting US waves (a – focused beams, b – plane waves) 

Total Focusing Method 

The early synthetic aperture methods were initially developed for medical 

applications [20] and then adapted for NDT purposes as the Total Focusing Method 

(TFM) [21]. In this case, US data are acquired using emissions of US waves by 

individual transducer elements (one at a time) and then recording reflected signals 

with the whole array after each emission. For every transmitter-receiver pair, the 

paths of wave propagation to the point of interest and back from it can be determined 

geometrically. With the known paths and speed of sound in all involved media, a 

propagation delay to and from each point of interest can be calculated. 

a) b)  

Figure 6. Illustration of signal paths in TFM [22] 
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Geometrical demonstrations of signal paths are shown in Figure 6, where the ith 

element transmits and the jth element receives the wave signals. Symbols Iin and Iout 

are the points of entering and leaving the specimen, R is the point of reflection from 

its backwall, P is the point of interest, ti
P and tj

P are the time delays needed to cover 

the i-to-P and P-to-j distances, respectively. Symbols va, vb, vc, and vd are the speed 

of sound values in related propagation path sections. 

Plane Wave Imaging 

The TFM approach suffers from limited signal power because of single-element 

emissions and requires significant computation resources due to the large number of 

calculations involved in the beamforming process. To address these issues, the Plane 

Wave Imaging (PWI) method was designed [23], [24], [25]. In [22], the authors 

adapted PWI for the NDT domain. 

This method relies on emitting series of plane waves at different incidence angles. 

Instead of emitting a wave by a single element, the whole transducer array forms a 

plane wavefront, which increases the power carried by waves and reduces the 

number emissions required to produce an image with comparable quality. Assuming 

that Q is the number of emitted plane waves and N is the number of elements in the 

array, the matrix of response signals M(t) will consist of Q-by-N elements in 

comparison to an N-by-N matrix in TFM. 

  

Figure 7. Illustration of signal paths in PWI (left: direct mode, right: half-skip mode) [22] 
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The PWI propagation paths are illustrated in Figure 7. The data value at point P is 

calculated as the sum of delayed signals sqj(t), where indices q and j refer to the 

steered plane wave emissions and receiving elements, respectively: 

𝐴(𝑃) = |∑ ∑𝑠𝑞𝑗(𝑡𝑞
𝑃 + 𝑡𝑗

𝑃)

𝑁

𝑗=1

𝑄

𝑞=1

| , (1) 

with sqj(t) being the Hilbert transform of signal mqj(t) from matrix M(t). 

As the transmit angle αq is set manually, it is known. The distance from a transducer 

array to a specimen zin is known as well. The xin coordinate and the refraction angle 

βq are given by 

𝑥𝑖𝑛 = 𝑧𝑖𝑛 tan𝛼𝑞 , (2) 

𝛽𝑞 = sin−1 (
𝑣𝑏

𝑣𝑎
sin 𝛼𝑞) . (3) 

Then, the transmit delay tq
P can be calculated for direct modes (i.e., ignoring 

backwall reflections, see Figure 7) as follows: 

𝑡𝑞
𝑃 =

𝑥𝑖𝑛 sin 𝛼𝑞 + 𝑧𝑖𝑛 cos 𝛼𝑞

𝑣𝑎
+

(𝑥𝑃 − 𝑥𝑖𝑛) sin 𝛽𝑞 + (𝑧𝑃 − 𝑧𝑖𝑛) cos 𝛽𝑞

𝑣𝑏
. (4) 

For half-skip modes (i.e., assuming backwall reflections, see Figure 7), the xr 

coordinate is needed: 

𝛾𝑞 = sin−1 (
𝑣𝑐

𝑣𝑏
sin 𝛽𝑞) , (5) 

𝑥𝑟 = 𝑥𝑃 − (𝑧𝑟 − 𝑧𝑃) tan 𝛾𝑞 . (6) 

Consequently, the delay tq
P becomes 

𝑡𝑞
𝑃 =

𝑥𝑖𝑛 sin 𝛼𝑞 + 𝑧𝑖𝑛 cos 𝛼𝑞

𝑣𝑎
+

(𝑥𝑟 − 𝑥𝑖𝑛) sin 𝛽𝑞 + (𝑧𝑟 − 𝑧𝑖𝑛) cos 𝛽𝑞

𝑣𝑏
 

+
√(𝑥𝑟 − 𝑥𝑃)

2 + (𝑧𝑟 − 𝑧𝑃)
2

𝑣𝑐
. (7) 
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On the other hand, the formula for calculating tj
P is the same for both direct and half-

skip modes, but we need to determine the xout coordinate that needs to satisfy the 

following equation: 

𝜕𝑡𝑗
𝑃

𝜕𝑥𝑜𝑢𝑡
= 0, (8) 

where 

𝑡𝑗
𝑃 =

√(𝑥𝑜𝑢𝑡 − 𝑥𝑃)
2 + (𝑧𝑜𝑢𝑡 − 𝑧𝑃)

2

𝑣𝑑
+

√(𝑥𝑗 − 𝑥𝑜𝑢𝑡)
2
+ 𝑧𝑜𝑢𝑡

2

𝑣𝑎
. (9)

 

Given the recorded signals mqj(t) and calculated delays tj
P, tq

P for all points of 

interest, the whole image can be reconstructed. 

2.2. Imaging of Pipes 

In this work, we process US images that have been obtained by the method 

analogous to PWI. Instead of rectangular specimens and plane waves, cylindrical 

waves are used to scan sections of cylindrical pipes. Figure 8 illustrates the data 

acquisition setup in our case, where the transducer array emits three diverging waves 

at zero, positive, and negative transmit angles. The curvature of the zero-angle wave 

approximately matches the curvature of the pipe frontwall (when the wavefront 

reaches the frontwall). The positive- and negative-angle waves are tilted versions of 

the zero-angle wave. Image reconstruction (i.e., receive beamforming) is done 

separately for each transmit angle. We combine the positive- and negative-angle 

beamformed data into a single compounded frame, while keeping the zero-angle 

beamformed data as is. Before we process these image frames (i.e., before 

performing crack localization and sizing), they are converted from the transducer-

based Cartesian coordinates to the pipe-based polar coordinates (see Figure 8). 
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Figure 8. Transition from the transducer-based Cartesian coordinates to the pipe-based polar 

coordinates 

In the sequel, the following notation is used: letters “L” (longitudinal) and "T" 

(transverse) indicate the wave propagation mode before or after an interaction with 

a defect denoted by letter "d". We focus on the following three reconstructed views: 

LdL (i.e., longitudinal wave propagation along both transmit and receive paths), 

TdT (i.e., transverse wave propagation along both transmit and receive paths), and 

TTdT (i.e., transverse wave propagation along both transmit and receive paths, 

including a reflection from the pipe backwall before defect interaction). LdL and 

TdT are direct views, while TTdT is a half-skip view. Zero-angle emissions are used 

for obtaining LdL views. In contrast, TdT and TTdT views are obtained using both 

positive- and negative-angle emissions with compounding of the corresponding 

beamformed data. 
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Figure 9. Example: LdL, TdT, and TTdT views of an imaged 5-mm crack defect 

Figure 9 shows example sections of the three views under consideration that 

represent the same defect, a 5-mm vertical crack. Due to the different wave 

propagation modes, defect images differ from one view to another. In LdL views, 

one can see a small bright circle (a crack tip) with the corresponding backwall gap 

underneath it. In contrast, the same crack appears as vertical lines in TTdT views 

and tilted lines in TdT views. The tilt angle depends on the wave propagation 

direction, and after compounding, the crack appears as a V-shape feature in our TdT 

views. 

We also utilize an additional TdT_tip view exclusively for defect depth 

measurements. In our case, obtaining the TdT views involves calculating the lateral 

derivative applied to complex-valued beamformed data before computing the 

envelope, whereas obtaining the TdT_tip views omits the derivative calculation. As 

a result, the TdT_tip views tend to have more pronounced crack tip features 

compared to the TdT views, as illustrated in Figure 10 (inside white circles). 

 

Figure 10. TdT and TdT_tip views 
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2.3. Related Work 

Crack sizing methods can be categorized into amplitude, temporal, inversion, and 

imaging techniques [26]. 

Amplitude techniques involve measuring the amplitude of US signals scattered from 

defects and comparing them to the amplitudes of a reference signal. Such signals are 

typically acquired on samples identical to the object being tested in terms of physical 

parameters, such as material, thickness, surface quality, and other manufacturing 

conditions [27], [28]. Reference samples include imitations of defects. For instance, 

surface-breaking cracks can be modelled by spark-eroded slots or saw cuts [29]. 

These methods assume that defect size is proportional to the amount of US energy 

scattered [27], [30]. Amplitude techniques are commonly applied to defects smaller 

than the US beam width. However, their accuracy can be limited by factors such as 

defect shape, orientation, material properties, and surface conditions, which may 

cause real defect scattering patterns to differ from their reference counterparts [26]. 

Despite these challenges, amplitude techniques are simple to implement and remain 

widely used for sizing defects in many industrial applications. 

Temporal techniques rely on analyzing the arrival time of US signals scattered from 

defect endpoints to estimate the defect size. A prominent technique in this category 

is Time-of-Flight Diffraction (TOFD) [31], which utilizes low-amplitude diffraction 

signals from the tips of defects to determine their through-wall extent. Another 

method, Relative Arrival Time Technique (RATT) [32], measures the difference in 

arrival times between the root and tip indications of surface-breaking defects to 

calculate defect depth [33]. Temporal techniques have also been modified to advance 

automated analysis in industrial settings [34], [35], [36]. These methods are 

particularly effective for embedded and surface-breaking defects [37], [38]. 

However, their limitations include reduced accuracy in cases when defects are within 

dead zones [39], difficulties in exact localization of defects due to curved signal 

trajectories, and limited spatial resolution [40]. 

Inversion techniques involve analyzing US signals to estimate the physical 

properties of defects, such as their size, shape, and orientation. These methods use 

advanced algorithms to reconstruct flaw features by interpreting scattered waves. 

Common approaches include time-reversal techniques such as DORT 

(décomposition de l'opérateur de retournement temporal) [19], Time-Reversal 
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Focusing Technique (TRFT) [41], Synthetic Aperture Focusing Technique (SAFT) 

[42] and scattering matrix methods [43]. In time-reversal techniques, signals are 

reversed in time to focus on the source of scattering [44], while scattering matrix 

methods analyze the relationship between incident and scattered waves to derive 

flaw properties [45]. The idea of using scattering matrices has been extended to 

automatic defect characterization [46], [47]. It has been shown that defect 

parameters can be determined by comparing scattering matrices of test samples to a 

bank of reference scattering matrices. In this case, the best match can be found using 

similarity metrics. 

Inversion techniques often involve comprehensive mathematical modelling and 

significant computational requirements [26], making them well-suited for 

characterizing complex or irregular flaw geometries. Despite their accuracy, the 

methods can be sensitive to noise and are less practical for routine inspections due 

to their computational cost. 

In this work, we focus on imaging techniques. These techniques use US signals to 

create 2D or 3D representations of ROI, from which flaw sizes are inferred. While 

these techniques provide intuitive visual representations, their limitations include 

challenges in resolving small defects below the resolution limit and correctly 

identifying defect extremities in cases of complex reflections or noise. 

Improvements in image processing, including phase imaging and the fusion of 

multiple images, enhance the clarity and utility of US imaging techniques [48], [49]. 

Among traditional methods in this category, decibel drop methods are the most 

common approach to defect characterization. Such methods set a threshold to extract 

defect features for measurements. Variations include 6 dB, 12 dB, or 20 dB [26] drop 

methods. The drops are calculated from the peak intensity value in a ROI. Parts of 

the image with values above these drops are considered to represent defect features. 

Sometimes, only defect endpoints are present in an image. In such cases, the distance 

between the endpoints characterizes the defect size. The measurements can be done 

by automatically positioning the minimum possible rectangle covering either the 

defect area or its tips [50]. 

Recently developed imaging methods are often based on Machine Learning (ML). 

There are many successful examples showcasing the capabilities of Deep Learning 

(DL) in the domain of NDT. Applications of YOLO and SSD models have been 
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shown to be useful for defect detection [51]. Additionally, it has been demonstrated 

that expert-level accuracy in detection and sizing can be achieved by a Convolutional 

Neural Network (CNN) [52], [53], [54]. Notable efforts have also been made 

towards making sizing models interpretable [55]. Nevertheless, ML techniques 

require significant amounts of data to learn useful patterns, while there is frequently 

a lack of data available for training purposes [53]. Both producing samples with 

manufactured defects and collecting data from them or natural defects are costly. In 

other words, ML methods are often inapplicable in scenarios where collecting 

sufficient amount of data is not feasible. 

Using large pretrained general-purpose models for image-based defect analysis 

might seem to be a viable option. For instance, properly segmented images have the 

potential to greatly simplify automatic sizing. Segmentation models like SAM [56] 

and the more domain-specific UniverSeg [57] are openly available. In fact, we 

applied these models to experimental data in our possession. Although some cases 

demonstrated reasonably good results, others highlighted the limitations inherent to 

these models. It has been observed that both models do not eliminate human 

involvement from the sizing process. For example, SAM requires confirming that a 

generated segmentation mask actually captures a defect feature, while UniverSeg 

produces masks of varying quality, making it challenging to automatically 

distinguish between relevant and irrelevant ones. 

This situation has urged us to develop our own defect localization and sizing 

techniques based on the principles of traditional CV. 

2.4. Experimental Dataset Description 

Prior to going to the description of the developed method, details of the data in our 

possession need to be discussed. Raw channel data have been provided by 

DarkVision Technologies (Vancouver, BC) [17]. These data were acquired on five 

samples representing different cutouts of a stainless-steel pipe with the thickness of 

9.5 mm. The information about backwall cracks present in each sample is given in 

Table 3. 

For each frame, the data acquisition process involved emitting a sequence of three 

4-MHz diverging waves angled at –20°, 0°, and +20° and recording the returning 

echo signals (raw channel data). For each angle, the raw data recording interval 
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lasted approximately 0.13 ms, which would allow for an acquisition rate of about 

2.5K frames per second (with three angles per frame). The zero-angle raw data were 

used for reconstructing the LdL views, while the nonzero-angle raw data were used 

to reconstruct the TdT and TTdT views. Image reconstruction was done using a 

customized software implementation of a delay-and-sum beamformer, whose details 

are outside the scope of this work. It should be noted that delay calculations during 

beamforming depend on the specific speed-of-sound values inside the liquid and the 

steel pipe. In our case, the nominal speed-of-sound values were 1480 m/s for the 

liquid, 3120 m/s for the transverse waves in steel, and 5640 m/s for the longitudinal 

waves in steel. For the 4-MHz frequency, the respective T-mode and L-mode 

wavelengths were approximately 0.8 and 1.4 mm. 

Table 3. Imaged samples 

Sample ID 
Number of 

cracks 
Crack size, mm Crack width, mm Crack tilt, deg 

DV14276 1 5 0.46 0 

DV14277 1 7 0.30 0 

DV15011 4 4 0.30 0 

DV15013 2 4 0.30 20, 10 

DV15390 3 0.4, 0.6, 0.8 0.30 0 

 

Every data acquisition event, referred to as a frame, gives rise to four views: LdL, 

TdT, TdT_tip, and TTdT. They represent max-normalized 2D envelopes of the 

corresponding beamformed data. Recall that these images are converted to the pipe-

based polar coordinates before processing. We also discard the first seven pixel rows 

adjacent to the pipe frontwall that are not needed for the backwall crack analysis. All 

resulting images are 770-by-88 pixels, where the height and width of each pixel are 

equal to 0.1 mm and approximately 0.0005 rad, respectively. The latter corresponds 

to the arc length of 0.1 mm along the pipe's outer wall of the 203.2-mm radius, which 

is the same for all five samples. 

Each sample has 18 related frames captured by a moving transducer array. Although 

the frames are relatively well aligned, the relative locations of defects may vary 

slightly from frame to frame due to the potential drift of the transducer array position. 
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Figures 11 – 15 show examples of the LdL, TTdT, TdT, and TdT_tip views from one 

of the available frames for each sample. Note that the TdT_tip views are used only 

for defect sizing, while the other three views are used for both defect localization 

and sizing. 

 

Figure 11. Sample DV14276, frame 152 
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Figure 12. Sample DV14277, frame 178 

 

Figure 13. Sample DV15011, frame 130 
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Figure 14. Sample DV15013, frame 126 

 

Figure 15. Sample DV15390, frame 198 
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Chapter 3: Defect Localization 

The first stage of defect characterization is localization. The main goal of this stage 

is to determine how many defects are present in a given image and where. Our 

algorithm starts with processing each view individually, by utilizing a sliding 

window that moves horizontally to detect the presence of defect indicators (features).  

Observing defect features at similar positions across different views contributes to 

additional confidence in the defect presence. Hence, the algorithm gathers indicator 

positions (nodes) into groups based on their mutual proximity, which allows 

identifying spatial clusters of indicators (across views) related to the same defect. A 

similar approach is applied to determine relationships between predicted defect 

locations across different frames. In other words, the algorithm produces location 

predictions that are confirmed using both cross-view and cross-frame information. 

This chapter provides a detailed description of the proposed algorithm for defect 

localization in given US images of pipe sections under inspection. It describes the 

logic behind the detection steps and the aspects of predictions grouping. 

3.1. Localization in Individual Views 

In the LdL view, defects are indicated by low pixel intensity values in the region 

corresponding to the crack root. On the other hand, the crack presence is indicated 

by high pixel intensity values at the same root locations in the TdT and TTdT views. 

Finding signal drops in LdL views and peaks in TdT and TTdT views may seem to 

require different solutions. However, signal drops can be turned into peaks by 

subtracting the maximum value and then taking the absolute value. This 

manipulation can be expressed by the following equation: 

𝑆(𝛼) = {
|𝑆(𝛼) − 𝑚𝑎𝑥(𝑆(𝛼))| 𝑓𝑜𝑟 𝐿𝑑𝐿

𝑆(𝛼) 𝑓𝑜𝑟 𝑇𝑑𝑇 𝑜𝑟 𝑇𝑇𝑑𝑇
, (10) 

where S is the signal values at every location along the α axis (at some fixed depth 

r). 

Given that the crack roots are located on the pipe backwall, the most intuitive way 

to generate signal S is to trace the intensity values of the pixels along the bottom of 

an image. However, the signal based on raw intensities of these pixels might be 
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insufficiently informative. It is demonstrated in Figure 17 showing the signal plot 

for the LdL view presented in Figure 16. This view clearly contains only one defect, 

yet its backwall pixel intensity signal exhibits three pronounced peaks. Hence, 

additional processing must be performed. Our approach is to use a window sliding 

along the backwall to obtain a better signal. The window size is set λ-by-λ, where λ 

is the wavelength in pixels. Figure 18 shows a signal based on average pixel intensity 

inside such a window. 

 

Figure 16. LdL view of a pipe section with a single defect 

 

Figure 17. Signal based on intensities of the pixels closest to the pipe backwall 

 

Figure 18. Signal based on the average pixel intensity inside a sliding window 

This way of obtaining the signal produces a smoother curve that is more suitable for 

analysis. However, the curve has inherent trends, and false peaks are not completely 

eliminated. Threshold-based detection would be challenging due to the fact that the 
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right peak is almost at the same level as the peak in the center. Therefore, it is 

necessary to detrend the signal. To do so, additional window sections can be attached 

to the sides of the main window. Subtracting the average intensity value of these side 

windows from the main one is capable of producing a detrended signal. 

Ideally, positive values of the calculated difference between average intensities 

should indicate that there is a feature of interest in the central section of the sliding 

window, while negative values should indicate the presence of such a feature in the 

side sections. We have decided to use the sliding window configuration as presented 

in Figure 19. It features one foreground section in the center and two background 

sections on the sides. Each section is of size λ-by-λ pixels. Sliding along the bottom 

of the image, this window produces a 1-D signal which is illustrated in Figure 20. 

 

Figure 19. Sliding window configuration 

 

Figure 20. Intensity-difference-based signal 
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We can now formally define our signal of interest as follows: 

𝑆(𝛼) = {
𝐼𝑓̅(𝛼) − 𝐼𝑏̅(𝛼) 𝑖𝑓 𝐼𝑓̅(𝛼) > 𝐼𝑏̅(𝛼)

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, (11) 

where 𝐼𝑓̅(𝛼) is the average pixel intensity in the foreground region (central section), 

𝐼𝑏̅(𝛼) is the average pixel intensity in the background region (two side sections) 

when the center of a sliding window is positioned at angular (i.e., horizontal) 

coordinate α. Note that the negative intensity difference values are simply 

suppressed according to (11), which is illustrated in Figure 21. 

 

Figure 21. Intensity-difference-based signal with suppressed negative values 

In summary, the algorithm moves a sliding tri-sectional window horizontally across 

the bottom portion of the image subtracting the average intensity of the background 

region from the average intensity value of the foreground region and suppressing the 

resulted negative values. This approach is illustrated in Figure 22 using an example 

of the TTdT view of a pipe sample containing four cracks. 

 

Figure 22. Visualization of the proposed approach (sliding window size is not to scale) 

To detect the presence of cracks in the produced signal, the algorithm relies on two-

level thresholding based on the signal’s standard deviation σ. A signal value 
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exceeding 3σ at a given location is considered to be a strong indicator of a defect, 

whereas exceeding 3σ/2 is treated as a weak indicator. An example of a feature signal 

plot including the strong and weak threshold levels is shown in Figure 23, which 

corresponds to the TTdT view above (see Figure 22) with all four cracks successfully 

detected. 

 

Figure 23. Defect detection by feature value thresholding 

Complexity 

Calculation of the big-O complexity of this stage is relatively straightforward. Our 

sliding window moves along the bottom of an image, computes the difference 

between foreground and background intensity averages within the window 

boundaries at each possible position on the horizontal axis, and uses a pair of data-

dependent thresholds to identify crack-related signal peaks. Let us define the number 

of pixels in the sliding window as S₁, the horizontal size of the image as W, the 

number of views as V, and the number of frames as F. Based on these parameters, 

the time complexity of the crack localization stage is O(S₁·W·V·F). 

3.2. Agreement on Predicted Defect Locations 

We assume that, when a backwall crack defect is present, its relevant image features 

should be present in more than one view (among LdL, TdT, and TTdT) as well as 

across multiple frames because of defect continuity. Note that we use the fourth view, 

TdT_tip, only for crack sizing after localization. 

Ideally, an unobstructed interaction of a defect and an incident wave would result in 

a “strong prediction” of the defect location, i.e., a feature signal exceeding the strong 

threshold level, in all three views under consideration: LdL, TdT, and TTdT. 

However, in some situations (e.g., multiple defects are located close to one other as 

illustrated in Figure 22), the resulting feature signal may exceed only the weak 
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threshold level, which is considered to be a “weak prediction”. To improve 

localization accuracy and reliability, the algorithm looks for an agreement among 

predicted defect locations across the LdL, TdT, and TTdT views. 

If at least two predicted defect locations from different views are within some user-

defined tolerance (e.g., 10 pixels, or approximately 1.0 mm, in this work) and other 

predictions are farther from them than the value of this tolerance, they will form a 

separate group. In Figure 24, red and blue nodes represent the predicted crack 

locations. If a group has at least two nodes with at least one of them being a strong 

prediction (marked in red), it is treated as a “confirmed” (i.e., agreed upon) defect 

location. In the given example, there are four confirmed crack locations whose 

group-averaged lateral coordinates (in pixels) are 342, 390, 430, and 448. 

 

Figure 24. Illustration of defect location agreement among different views 

The next level of prediction validation is a cross-frame grouping stage. At this level, 

the same agreement mechanism is utilized. However, predictions are no longer 

divided onto strong and weak, and all defects confirmed with the cross-view check 

are considered as equal. Another distinction from the previous stage is in the number 

of required confirmations which is a user-defined parameter. We set the minimum 

number of needed confirmations at the one quarter of the total number of frames 
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within a given inspection window. Given that there are 18 frames in total, our setting 

implies that at least 5 frames should be in agreement. 

In the rest of this section, we present full details of both cross-view and cross-frame 

data processing mentioned above. 

Cross-View Data Processing 

An instance of cross-view data processing is presented in Figure 24. Five separate 

groups representing five predicted defect locations can be seen. Four of them are 

confirmed, as they contain at least two related predictions. Recall that two nodes are 

grouped when the horizontal distance between their predicted locations is within the 

user-defined tolerance. This simple rule, however, may potentially lead to a 

pathological case where several nodes in a group originate from the same view. Since 

the idea is to have one group per crack, having several predicted locations in one 

view for one crack would be ambiguous. Algorithm 1 presents a proposed method 

for dealing with such cases. 

The algorithm takes the sets of strong and weak candidate predictions as an input. 

The set of strong nodes is sorted in increasing order based on their position. Nodes 

of the strong set are iterated over and added to a group if their positions are within 

the tolerance from the last member of the group, and the group has no other nodes 

of the same origin (i.e., from the same view). However, if there are two nodes of the 

same origin, the one having the shorter distance to the average position of the nodes 

in the group is chosen. A new group is started every time when there is a node with 

the distance to the last added member of the group greater than the tolerance. 

Following this, nodes from the weak set are assigned to formed groups to 

compensate for missing views, provided they meet the distance criterion. So, starting 

from the largest group, for every group of strong nodes, a pool of suitable weak 

candidates is formed by including any candidate whose position falls within the 

tolerance from a range of node positions in the group. For every view missing in the 

strong group, a weak node with the minimum distance to the average position of 

nodes in the group is added to that group and removed from the pool. As a result, 

every frame has a set of associated defect candidates, and every candidate has an 

associated group of the corresponding predicted positions in individual views. 
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Cross-Frame Data Processing 

This grouping mechanism is similarly applied to determine relations between 

predictions from different frames. After the previous step, every frame has a set of 

crack candidates taken as an input. Every crack candidate has an associated position 

calculated as an average position of nodes in a corresponding group. All candidates 

are now treated as strong. As there is no longer a distinction between weak and strong 

candidates in this case, the processing steps associated with weak candidates are 

simply skipped (Algorithm 1, lines 15 – 23). Iterations are performed over frames. 

In all other aspects, the method follows the same procedure. As a result, the 

algorithm produces a set of confirmed crack defects that are grouped across views 

and frames. 

Similarly to cross-view data processing, the algorithm processes set of frame-level 

candidate predictions by sorting them in ascending order based on their positions. It 

then iterates through the sorted candidates one-by-one, adding them to a group if 

their positions fall within the allowed tolerance from the last included member, and 

if no other nodes from the same frame are already in the group. When two nodes 

originate from the same frame, the one closer to the group's average position is 

selected. A new group is started whenever a node's distance from the last added 

member exceeds the tolerance. The resulting groups represent sample-level defects. 

It should be noted that defects that have insufficient support (i.e., have the number 

of associated frame-level candidates fewer than 5) are discarded. Figure 25 provides 

an illustrative example of how cross-view groups are combined across frames. 
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Algorithm 1. Group formation procedure 

1 

2 

3 

4 

5 

6 

 

7 

8 

9 

 

 

10 

11 

12 

13 

14 

15 

16 

17 

18 

 

19 

20 

21 

 

22 

23 

24 

25 

Input the sets of strong and weak candidates, cs and cw; 

Sort the members of cs in the increasing order of their positions; 

Initialize empty group g; 

Initialize empty set of groups G; 

For every strong candidate s in cs Do 

If g is empty Or distance between s and the last added member of  

g < tolerance Do 

If g has no member of the origin same as s Do 

Add s to g; 

ElseIf distance between s and the average position of g < distance 

between the member of the same origin and the average position  

of g Do 

Replace this member with s; 

Else Do 

Add g to G; 

Start new g; 

Add the last g to G; 

For every incomplete group g in G (from largest to smallest) Do 

Initialize an empty set of neighbouring weak nodes A; 

For every weak node w in cw Do 

If position of w > position of the first member of g – tolerance And  

position of w < position of the last member of g + tolerance Do 

Add w to A; 

For every view missing in group g Do 

In set A, find weak node w of this missing view with the minimum 

distance to the average position of g; 

If w is found Do 

Add w to group g; 

Remove w from sets A and cw; 

Output all groups of G; 
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Figure 25. Example of defect grouping across frames 
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Complexity 

Let us assume that the overall number of defect candidates is N = cs + cw, where cs 

and cw are the numbers of strong and weak candidates in the corresponding sets. Let 

us also assume that every view has at most D predicted cracks in it. The tolerance 

parameter T for position prediction restricts the maximum number of cracks in a 

view of width W. Specifically, we have D ≤ W / T. Thus, the overall number of defect 

candidates N over all V views is also limited: N = D·V ≤ V·W / T. 

Sorting the set of strong nodes requires O(cs·log(cs)) operations (Algorithm 1, 

line 2). It is followed by iterating over all strong candidates to establish groups of 

strong candidates (Algorithm 1, lines 5 – 14), which takes O(cs) time. 

The number of groups containing only strong candidates is denoted by G ≤ cs. 

Sorting these G groups by their size requires O(G·log(G)) operations (Algorithm 1, 

line 15). Populating these groups with missing views from the set cw of weak nodes 

requires iterating over all G groups and iterating over all weak nodes cw at most twice 

per group (Algorithm 1, lines 15 – 23). This results in the complexity of O(G·cw). 

Summarizing, the complexity of Algorithm 1 is the following: 

𝑂(𝑐𝑠 𝑙𝑜𝑔(𝑐𝑠) + 𝑐𝑠 + 𝐺𝑙𝑜𝑔(𝐺) + 𝐺𝑐𝑤). (12) 

Given that cs + cw = N and G ≤ cs ≤ N, it can be concluded that none of the 

components exceeds N2. Therefore, the overall big-O complexity per frame is O(N²) 

or O((V·D)2). 

The same reasoning applies to the subsequent stage of frame-level processing, as it 

uses an identical approach. However, in this stage, the total number of candidates is 

proportional to the number of frames F. Since predictions from different views 

representing the same crack are grouped together, the total number of candidates per 

frame is bounded by D only (i.e., the number of views V is no longer a factor). 

Consequently, the complexity of this stage is O((F·D)2). 
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Chapter 4: Defect Sizing 

Once the groups of the predicted locations are formed for all detected defects, sizing 

(i.e., crack depth measurement) is performed next. Prior to sizing, the image patches 

(containing localized defect features) extracted from the individual views across 

different frames are combined (via summation) after matching the related defect 

locations frame-by-frame. Effectively, after such fusion, each localized defect is 

represented by four image patches corresponding to the LdL, TTdT, TdT, and 

TdT_tip views compounded over all frames. All further processing is performed on 

the resulting superimposed images. There are various ways to approach the sizing 

problem. Two distinct methods are proposed in this chapter. 

The first method utilizes a sliding window, where a sliding window moves along the 

defect, analyzing the average pixel intensities. The second method is based on the 

concept of image similarity. For every extracted patch with a defect, this method 

generates a series of primitive synthetic defect images and compares them to the 

original patch, offering an alternative approach to defect sizing. 

Although these two methods can be used separately, in this work, we take advantage 

of their strengths, using them in combination. The sliding window method is less 

computationally expensive; thus, it is used first by default. The similarity-based 

method is more expensive and hence used only when needed. Specifically, it is 

applied if the window-based method either finds the size agreement to be weak or 

nonexistent. 

This chapter describes each method in detail. It explains their underlying principles 

and limitations. 

4.1. Sliding Window 

Sliding windows can be utilized not only for defect localization, but also for size 

prediction. Configuration, prediction criteria and sliding directions of these windows 

are view-specific and described next. 
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4.1.1. Measurements in LdL, TdT (tip), and TTdT Cases 

 

Figure 26. Window configuration and usage in the LdL, TdT_tip, and TTdT views 

Figure 26 shows the window configuration used in the LdL, TdT_tip, and TTdT 

cases. The window slides vertically from top to bottom. The feature of interest is the 

difference between the average pixel intensities in the central section and in the side 

sections of the window based on equation (11). The vertical dimension is used 

instead of the horizontal one. For the LdL and TdT_tip views, the crack depth is 

estimated by measuring the distance from the bottom of an image (pipe backwall) to 

the peak in the feature plot as shown in Figure 27. For the TTdT view, the measured 

distance is from the bottom of an image to the halfway-drop point in the feature plot 

as shown in Figure 27. Also, note that in the TdT_tip view in Figure 27, the bottom 

image portion corresponding to the central section of the window is zeroed out in 

area where it overlaps with the V-shaped region from TdT (line) case (described 

next). This is done to avoid interference from non-tip manifestations of the crack 

presence. However, such masking also risks eliminating tips that are close to the 

backwall. In other words, accurate sizing of small cracks in the TdT_tip case using 

the current approach is likely to be problematic. 
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Figure 27. Depth measurement in LdL, TdT_tip, and TTdT cases 

4.1.2. Measurement in TdT (line) Case 

Depth measurements in the TdT (line) case (using the TdT view) are not a trivial 

task because a crack manifests itself in an image as one or two tilted lines (e.g., see 

Figure 24). Consequently, the sliding window movement should align with the 

orientation of such tilted lines. This is accomplished by sliding a two-section window 

from top to bottom along a V-shaped region containing tilted lines in question (see 

Figure 28). These sections move simultaneously towards the defect root. Note that 

the sliding window no longer has side sections (background), and the feature of 

interest is simply the average pixel intensity within its foreground section. The 

window slides along the V-shaped region whose width is given by the two 

wavelengths λ. 

                                      
                  

            

  

  

  

 

  

          
    

   

     



36 

 

 

Figure 28. Depth measurement in TdT (line) case. 

The average intensities computed at each sliding window position yield a feature 

plot with respect to the vertical coordinate axis, as illustrated in Figure 28. The 

measured vertical distance between the backwall (i.e., the bottom of an image) and 

the nearest point that falls below 50% of the initial signal value at the defect root is 

referred to as projection p. To obtain an estimate of the crack depth d itself, the 

formula below is used: 

𝑑 =  
𝑝

𝑠𝑖𝑛(𝜃)2
, (13) 

where θ is the mean of the absolute values of the minimum and maximum wavefront 

propagation angles inside the imaged pipe section. In our data samples, the value of 

θ is close to 45°, which yields d ≈ 2∙p. Figure 29 explains the logic behind the 

equation above. 
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Figure 29. Explanation of the relationship between the TdT image of a defect and its actual 

geometry 

4.1.3. Agreement on Measured Sizes 

An estimated crack size can differ significantly from one view to another due to a 

variety of reasons such as background noise, interference caused by another defect 

nearby, and the overall fidelity of a beamformed image. To decide on the “final” 

depth value given four measurements (per crack defect detected) in the LdL, TTdT, 

TdT_tip, and TdT (line) cases, we utilize an algorithm with two pointers. 

The pointers (start and end indices) are initially at the beginning of the sorted list (in 

ascending order) of size predictions. The end pointer moves forward, thus expanding 

the interval between the pointers, until the difference between the maximum and 

minimum within the interval exceeds a user-controller tolerance threshold (5 pixels 

in our case). When the difference exceeds the threshold, the start pointer moves 

forward to shrink the interval. Once the tolerance criterion is met again, the end 

pointer can expand the interval further. These iterations continue until the end and 

start pointers reach the end of the list. During this process, the largest interval is 

identified, and the average value of predictions within this interval is taken as the 

“final” prediction of defect depth. 

Algorithm 2 summarizes the sliding window method for defect sizing. 
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Algorithm 2.  Defect sizing using sliding window approach 

1 

 

2 

3 

4 

5 

6 

 

7 

8 

9 

 

10 

11 

12 

13 

14 

15 

 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

Input patches of a localized defect in the LdL, TdT_tip, TdT,  

and TTdT views; 

For every view in [LdL, TdT_tip, TdT, TTdT] Do 

For every sliding window position from zero to the image height Do 

Calculate signal values to form a feature signal; 

If view = TdT or TTdT Do 

Find the sliding window position at which the feature signal drops 

below 50% of its initial value; 

Record the prediction; 

Else Do 

Find the sliding window position at which the feature signal reaches its 

maximum value; 

Record the prediction; 

Sort the prediction list in ascending order; 

start_pointer = 1; 

max_interval_size = 0; 

For end_pointer from 1 to number of views Do 

While prediction at end_pointer – prediction at start_pointer > tolerance 

Do 

start_pointer =  start_pointer + 1; 

If end_pointer – start_pointer ≥ max_interval_size Do 

max_interval_size  =  end_pointer – start_pointer; 

Record start_pointer and end_pointer; 

final_combination  = predictions from start_pointer to end_pointer; 

If max_interval_size = 4 Do agreement = strong; 

ElseIf max_interval_size = 3 Do agreement = medium; 

ElseIf max_interval_size = 2 Do agreement = weak; 

Else Do agreement = none; 

If agreement = none Do final_prediction = Nil; 

Else Do final_prediction = mean value of final_combination; 
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Figure 30 illustrates depth measurement examples for defects from two samples, 

DV14276 and DV14277. The first set of images contains the views of the single 5-

mm crack defect, while the second set contains the views of the 7-mm crack. 

Specifically, for defect 392 of sample DV14276: 

• Measured crack size values in pixels are 54 from the LdL view, 56 from the 

TdT_tip view, 48 from the TdT view, and 51 from the TTdT view.  

• Value spread which is within the chosen tolerance of 5 pixels (corresponding to 

0.5 mm) can be achieved over 3 measurements: 56 – 51 = 5 pixels. 

• Thus, the agreement is medium. 

• Final crack size estimate is (54 + 56 + 51)/3 = 54 pixels, or 5.4 mm. 

On the other hand, for defect 368 of sample DV14277: 

• Measured crack size values in pixels are 76 from the LdL view, 76 from the 

TdT_tip, 67 from the TdT view, and 66 from the TTdT view. 

• Value spread which is within the tolerance range can be achieved over 2 

measurements: 76 – 76 = 0 pixels. These measurements are from the LdL and 

TdT_tip views. Although there are two other measurements that are in agreement 

(TdT and TTdT), they are smaller (67 and 66). Since the prediction list is sorted 

in ascending order, they end up being disregarded. 

• Thus, a weak agreement is achieved. 

• Final crack size estimate is (76 + 76)/2 = 76, or 7.6 mm. 
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Figure 30. Examples of crack depth measurements 

4.1.4. Complexity 

The stage of defect depth measurement (Algorithm 2, lines 1 – 10) moves the 

window from top to bottom of an image, performing calculations at each position. 

Afterward, it searches for either the maximum value or the first drop below 50%. 

This results in a time complexity of O(S₂·H·V) for one defect, where S₂ is the size of 

the sliding window, and H is the image height. Next, predictions from different views 
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are analyzed to find an agreement (Algorithm 2, lines 11 – 26). In its current two-

pointer implementation, this step has a complexity of O(V·log(V)). The overall 

complexity of Algorithm 2 is O(S₂·H·V·D + V·D·log(V)). 

4.2. Synthetic Image Similarity 

Another approach to defect sizing involves matching a synthetic image of a defect 

to an actual US image under consideration. This method entails the generation of a 

series of synthetic images, each representing a specific defect depth under 

examination. These images are then compared to the original US image using an 

image similarity metric. The aim is to identify the depth that produces the synthetic 

image with the highest degree of the resemblance to the actual defect captured in the 

US image. The peak similarity value indicates the best match, and therefore the 

corresponding depth can be treated as the best estimate. 

In contrast to the sliding window method, the defect depth is characterized by a 

signal peak in every view. This fact simplifies combining information from different 

views. In our case, the signal curves representing a similarity metric value 

dependence on the defect depth in the synthetic image are averaged across views: 

𝑓𝑔𝑒𝑛
𝑠𝑖𝑚(𝑑) =

1

𝑉
∑𝑓𝑖

𝑠𝑖𝑚(𝑑)

𝑉

𝑖=1

, (14) 

where 𝑓𝑖
𝑠𝑖𝑚(𝑑) is the similarity function value, d is the defect depth in the synthetic 

image, V is the number of views. The value of d corresponding to the peak of 

𝑓𝑔𝑒𝑛
𝑠𝑖𝑚(𝑑) is used as an estimate of the defect size. Algorithm 3 provides the general 

description of the method. The issues related to the quantification of similarity and 

the generation of synthetic images are discussed next. 
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4.2.1. Similarity Metrics 

Image similarity metrics are used to assess the degree of resemblance between 

different images. Some metrics perform pixel-wise comparisons, others compare 

image features or calculate alternative measures of the distance between images. 

Among these types, the most popular metrics are Peak Signal-to-Noise Ratio 

(PSNR) [58], Structural Similarity Index Measure (SSIM) [59], and cosine similarity 

[60]. 

Algorithm 3.  Defect sizing using image similarity approach 

1 

 

2 

3 

4 

5 

6 

7 

 

8 

9 

10 

 

11 

12 

 

 

13 

 

14 

Input patches of a localized defect in the LdL, TdT_tip, TdT, and TTdT 

views; 

For every view in [LdL, TdT_tip, TdT, TTdT] Do 

For each possible defect size in a given set Do 

If view = TdT Do 

For every look direction in [positive, negative, both] Do 

Generate a synthetic image for the given size of a defect; 

Measure the value of similarity metric between the patch and the 

synthetic image; 

Else Do 

Generate a synthetic image for the given size of a defect; 

Measure the value of similarity metric between the extracted patch 

and the synthetic image; 

If view = TdT Do 

Choose the look direction (see Section 4.2.3) which produced a 

maximum similarity value, consider its signal as the main TdT similarity 

signal and discard the others; 

Find the average of the similarity metric values across all the views for every 

defect size value; 

Localize a maximum value of the resultant similarity measure; 
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Peak Signal-to-Noise Ratio 

PSNR is a metric derived from Mean Squared Error (MSE). The latter quantifies the 

squared differences between pixel intensities of two images: 

𝑀𝑆𝐸 =
1

𝑋𝑌
∑ ∑ (𝐼𝑝(𝑥, 𝑦)  − 𝐼𝑠(𝑥, 𝑦))

2
𝑌

𝑦=1

𝑋

𝑥=1

, (15) 

where X and Y are the numbers of pixels in the horizontal and vertical dimensions of 

a given pair of images, Ip(x,y) is the intensity of an (x,y) pixel in the real US image, 

and Is(x,y) is the intensity of the (x,y) pixel in the synthetic image. 

Then, 

𝑃𝑆𝑁𝑅 = 20 𝑙𝑜𝑔10

𝑀𝐴𝑋𝐼

√𝑀𝑆𝐸 
, (16) 

where MAXI is the dynamic range of the pixel intensity values (i.e., the maximum 

possible pixel intensity value). 

Structural Similarity Index Measure 

SSIM is a feature-based metric that compares two images in terms of their 

luminance, contrast and structure, deriving a single measure value. 

In general, SSIM is calculated as follows: 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) = (𝑙(𝑥, 𝑦))
𝛼
(𝑐(𝑥, 𝑦))

𝛽
(𝑠(𝑥, 𝑦))

𝛾
, (17) 

where l is the luminance, c is the contrast, s is the structure calculated for a region 

around an (x,y) pixel, and α, β, γ are their power constants. Individual pixel feature 

measures are determined as shown below. 

𝑙(𝑥, 𝑦) =
2𝜇𝑝(𝑥, 𝑦) ∙ 𝜇𝑠(𝑥, 𝑦) + 𝑐1
𝜇𝑝

2(𝑥, 𝑦) + 𝜇𝑠
2(𝑥, 𝑦) + 𝑐1

, (18) 

where μp and μs are the local mean intensities of pixels in some neighbouring area 

around an (x,y) pixel of the patch and synthetic image, c1 is the parameter used to 

stabilize the division by a small denominator (usually set to 𝑐1 = (0.01MAXI)
2). 
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𝑐(𝑥, 𝑦) =
2𝜎𝑝(𝑥, 𝑦) ∙ 𝜎𝑠(𝑥, 𝑦)  + 𝑐2

𝜎𝑝
2(𝑥, 𝑦) + 𝜎𝑠

2(𝑥, 𝑦) + 𝑐2
, (19) 

where σp and σs are the local standard deviations of pixel intensities in a neighbouring 

area around an (x,y) pixel of the patch and synthetic image, c2 is the parameter used 

to stabilize the division by a small denominator (usually set to 𝑐2 = (0.03MAXI)
2). 

𝑠(𝑥, 𝑦) =
𝜎𝑝𝑠(𝑥, 𝑦) + 𝑐3

𝜎𝑝(𝑥, 𝑦) ∙ 𝜎𝑠(𝑥, 𝑦) + 𝑐3
, (20) 

where σps the covariance of pixel intensities in the patch and synthetic image, c3 is 

the parameter used to stabilize the division by a small denominator. 

Here, the means, standard deviations, and covariance associated with an (x,y) pixel 

are calculated within a certain window (7-by-7 pixels in this thesis) centered at that 

pixel. 

The common way to calculate SSIM is to set α, β, γ equal to 1 and c3 equal to the 

half of c2. Hence, 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑝(𝑥, 𝑦) ∙ 𝜇𝑠(𝑥, 𝑦) + 𝑐1)(2𝜎𝑝𝑠(𝑥, 𝑦) + 𝑐2)

(𝜇𝑝
2(𝑥, 𝑦) + 𝜇𝑠

2(𝑥, 𝑦) + 𝑐1)(𝜎𝑝
2(𝑥, 𝑦) + 𝜎𝑠

2(𝑥, 𝑦) + 𝑐2)
. (21) 

Since we need a single value characterizing resemblance between two images we 

use the mean of a pixel-wise SSIM map: 

 𝑆𝑆𝐼𝑀 =
1

𝑋𝑌
∑ ∑ 𝑆𝑆𝐼𝑀(𝑥, 𝑦)

𝑌

𝑦=1

𝑋

𝑥=1

. (22) 

The key advantage of SSIM is that it considers not only pixel-wise differences but 

also structural similarities between images. However, this SSIM property comes at 

the expense of computational complexity. SSIM requires more advanced 

calculations in comparison to the other similarity metrics, especially for the 

structural similarity component. This result in higher computational costs for large 

datasets. 
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Cosine Similarity 

The cosine similarity metric indicates the difference in directions of two vectors, i.e., 

it represents an angular distance between them. This distance is calculated as the dot 

product of two unit vectors, making it independent of vector lengths. 

𝑐𝑜𝑠(𝛽) =
𝒗⃗⃗ 

‖𝒗⃗⃗ ‖
∙

𝒖⃗⃗ 

‖𝒖⃗⃗ ‖
(23) 

In our case, cosine similarity (CS) is expressed in terms of pixel intensities as 

follows: 

𝐶𝑆 =
∑ ∑ 𝐼𝑝(𝑥, 𝑦) ∙ 𝐼𝑠(𝑥, 𝑦)𝑌

𝑦=1
𝑋
𝑥=1

√∑ ∑ 𝐼𝑝
2(𝑥, 𝑦)𝑌

𝑦=1
𝑋
𝑥=1 ∙ √∑ ∑ 𝐼𝑠

2(𝑥, 𝑦)𝑌
𝑦=1

𝑋
𝑥=1

. (24)
 

The computation of this metric is straightforward. Furthermore, two images with 

similar structures but different intensity scales can still be matched correctly. If all 

pixel intensities are multiplied by the same constant, the direction of an image vector 

remains unchanged. 

4.2.2. Synthetic Image Generation 

The most primitive synthetic image is a binary mask where a defect region is 

highlighted with ones and a background is filled with zeros. Although this type of a 

defect representation embodies size information, our initial experiments indicated 

that it was too crude for similarity measurements. Binary mask examples are 

illustrated in Figure 31. Examples of the depth measurement with binary masks are 

given in Figure 32 and Figure 33. 

 

Figure 31. Defect binary mask examples 
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Figure 32. Depth measurements with binary masks when defect pixel intensities are high 

 

Figure 33. Depth measurements with binary masks when defect pixel intensities are low 
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Figure 34. Combined similarity plots for the high-intensity (left) and low-intensity (right) cases 

Combining similarity curves of these two cases results in the similarity plots shown 

in Figure 34. The cosine similarity curves show relatively good results. They yield 

fairly accurate predictions of the defect depths, despite the absence of a pronounced 

peak for the TdT and TTdT views shown in Figure 33. In contrast, the SSIM curves 

exhibit the narrower range of values and less distinct peaks; however, the overall 

trend still aligns with relatively accurate defect depth predictions. The PSNR curves, 

on the other hand, perform poorly, showing neither pronounced peaks nor consistent 

results across the plots. These findings highlight the necessity for further refinement 

of the synthetic defect images to improve the reliability of the analysis. 

Instead of simply assigning 0 to the background pixels and 1 to the defect pixels in 

synthetic images, we want to adjust their values based on the intensity information 

contained in real patches. For the synthetic background pixels, we use the median 

intensity of the patch pixels, which is reasonable given that the vast majority of 

pixels correspond to the background. For the synthetic defect pixels, we use the 

maximum intensity of the patch pixels. 

Examining the statistics of intensity distribution illustrates this approach for the 

earlier two cases shown in Figure 32 and Figure 33. The histograms of pixel 

intensities are presented in Figure 35. A median value is indeed within a majority of 

background pixels, while maximum value varies from image to image. 
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Figure 35. Pixel intensity distributions in the views with the high-intensity (top) and low-intensity 

(bottom) defect pixels 

Figure 36 demonstrates the synthetic images with adjusted pixel intensities 

following the suggested approach. As a result, the values of the similarity metrics 

increased for all views, with the curve shapes exhibiting more pronounced peaks as 

depicted in Figure 37 and Figure 38 (compared to Figure 32 and Figure 33, 

respectively). 

 

Figure 36. Examples of defect images with adaptive intensities 
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Figure 37. Depth measurements with adaptive synthetic images when defect pixel intensities are 

high 

 

Figure 38. Depth measurements with adaptive synthetic images when defect pixel intensities are 

low 

However, the resulting combined curves shown in Figure 39 improved only for the 

PSNR metric, while the cosine similarity and SSIM curves worsened in regions of 

small and large defect sizes in the LdL and TdT_tip views. Consequently, additional 

adjustments to the methodology are required. 
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Figure 39. Combined similarity plots for measurements with adaptive synthetic images in the 

high-intensity (left) and low-intensity (right) cases 

Another observation pertaining to the real patches is the absence of sharp 

boundaries. To match this property, synthetic images are blurred with a Gaussian 

filter whose standard deviation parameter has been set to the half of the wavelength. 

Their final appearance can be seen in Figure 40. 

 

Figure 40. Synthetic images after applying Gaussian filtering 

With the updated synthetic images, changes in the similarity metric curve shapes on 

different views can be seen in Figure 41 and Figure 42. The corresponding combined 

plots can be seen in Figure 43. Each curve exhibits a distinct peak occurring at an 

approximately 50-pixel defect depth for the DV14276 sample and an approximately 

40-pixel defect depth for the DV15011 sample. These are relatively good estimates, 

as the actual crack sizes are 5.0 and 4.0 mm, respectively. Thus, we have 

demonstrated that replacing binary synthetic images with blurred ones having patch-
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dependent background/defect pixel intensity levels improves the efficacy of our 

sizing method based on image similarity. 

 

Figure 41. Depth measurements with blurred adaptive synthetic images when defect pixel 

intensities are high 

 

Figure 42. Depth measurements with blurred adaptive synthetic images when defect pixel 

intensities are low 
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Figure 43. Combined similarity plots for measurements with blurred adaptive synthetic images in 

the high-intensity (left) and low-intensity (right) cases 

4.2.3. View-Specific Considerations 

The depth measurement with synthetic images has a couple of view-specific aspects 

that require additional clarifications. 

The first one is the mechanism of taking into consideration the variety of possible 

defect images in the TdT view. The appearance of defects changes drastically 

depending on the direction of wave propagation in the TdT case. When a wave 

approaches from the right side (negative direction), the defect feature is tilted to the 

left. Conversely, when the wave arrives from the left side (positive direction), the 

defect feature is tilted to the right. As a result, a defect observed clearly from both 

sides appears as a V-shaped feature in a compounded TdT view. At the same time, 

one of these two parts of a V-shape might be absent if a defect is acoustically 

shadowed by another defect.  

Since there are three possible shapes of a defect in a TdT view, all of them should be 

considered during image generation. The suggested synthetic images are presented 

in Figure 44. Consequently, the similarity curves are calculated for each direction of 

wave propagation: positive, negative, or both (see lines 5 – 7 in Algorithm 3). An 

example is given in Figure 45. Among these three curves, the one with the highest 

value of the similarity metric is considered to represent a defect most accurately, and 

it is selected as the primary curve for subsequent operations (see lines 11 – 12 in 

Algorithm 3). 
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Figure 44. Synthetic images of a defect in a TdT view considering wave interactions from 

positive (left), negative (central), or both (right) directions 

 

Figure 45. Example of measurements in the TdT view of a defect covered by another defect from 

one side 

Another important consideration is related to measurements in the LdL and TdT_tip 

views. In contrast to the TdT and TTdT views, the LdL views include features of 

front and back walls, while the TdT_tip views include features of a defect other than 

its tip. As these irrelevant features are typically brighter than the tip feature, they can 

negatively affect the accuracy of defect sizing. 

Based on our experiments, we have found that one way to deal with irrelevant 

features is to zero out the corresponding image sections in both synthetic images and 

real patches (e.g., see two leftmost images in Figure 40 and Figure 41, respectively). 

This approach appears to be effective for both LdL and TdT_tip views, as 

demonstrated in Figure 41. It elevates the curve peak above the similarity values in 

the regions that are close to inner and outer pipe walls. It also yields a noticeable 

variation in the similarity metric values, so that the LdL and TdT_tip curves can have 

an impact on the final combined plot. 
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4.2.4. Complexity 

For the similarity-based approach, synthetic images of all possible defect sizes are 

generated, and a similarity metric is calculated between each synthetic image and a 

given real patch. For cosine similarity and PSNR, this stage has a complexity of 

O(K·H·V) per defect, where K is the number of pixels in real patches. For SSIM, the 

complexity increases to O(K·S₃·H·V), where S₃ represents the size of a pixel's 

neighbouring area used for luminance, contrast, and structure calculations. 

4.3. Patch Extraction 

In the previous sections we have alluded to image patches containing defect features 

subject to size measurements. Here, we discuss how these patches are extracted from 

the LdL, TTdT, TdT, and TdT_tip views in each frame. 

It is highly preferable to extract patches containing only one defect, since the 

presence of other defects may lead to difficulties in further processing. Isolating 

defects in patches is relatively straightforward for the LdL, TdT_tip, and TTdT 

views. With the determined positions of defects, patches can be easily zoned, 

considering that defect features extend vertically in these views. This helps to avoid 

inclusion of other defects in the majority of cases. In contrast, defect features in the 

TdT views are represented by tilted lines of varying length, meaning that the minimal 

patch size is dependent on the defect size that is yet to be determined. 

Figure 46 illustrates an important case of relatively difficult patch extraction. It 

corresponds to the DV15011 sample with four defects, where the two rightmost ones 

are very close to each other, which makes their features hard to separate. Figure 47 

illustrates how the corresponding patches are extracted from the TdT view. 
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Figure 46. A sample with four cracks, where two rightmost defects are closely spaced 

 

Figure 47. Examples of boundaries for patch extraction 

During patch extraction, each localized defect is characterized by its predicted 

position, core boundaries and soft boundaries. Core boundaries are placed one 

wavelength away from the defect's predicted position. Soft boundaries are placed at 

the distance of m pixels from the defect's predicted position, which allows to fit 
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maximum possible depth in the TdT view, plus additional padding if needed (in this 

work m = 70, or 7.0 mm). Maximum possible size depends on the pipe wall 

thickness. 

Extracted patches are the image portions captured between the soft boundaries, but 

the soft boundaries are adjustable in cases when a neighbouring defect is located too 

close. If one of the core boundaries of some other defect end up being between the 

core and soft boundaries of the defect of interest, the corresponding soft boundary is 

adjusted to the core boundary of another defect, as seen in Figure 47 (a). If one of 

the core boundaries of some other defect end up being between the core boundaries 

of the defect of interest, the intersecting core boundaries of two defects are set to the 

midpoint between the predicted position of these two defects, as seen in Figure 

47 (b). In this case, the soft boundaries are adjusted to the corresponding core 

boundaries. 

This bounding method is employed in all cases, except when using the sliding-

window sizing approach applied to TdT patches. In this particular case, our 

experiments indicated that it was more beneficial to allow presence of other defects 

in the patch. 

As the algorithm processes every predicted position independently to extract 

patches, the number of operations is proportional to the number of defects D, the 

number of frames F, and the number of views V. The time complexity of patch 

extraction is O(V·F·D). 

4.4. Patch Fusion  

While both sizing methods can be applied to defect images from individual frames, 

it is more efficient to fuse similar patches across all frames. First, defect patches are 

extracted from all frames, as determined by the defect locations and their cross-

frame grouping. These patches are then combined to create a single fused patch. All 

patches are aligned based on the predicted defect position. After alignment, the 

patches are summed, as illustrated in Figure 48. Frames with no predicted defect 

locations associated with a group are simply skipped. Pixel intensities of the summed 

patch are divided by the number of contributed frames to keep the fused patch within 

the dynamic range of the original images. As a result, averaging across frames 

reduces noise and enhances the visibility of defect features, making defect sizing 
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more straightforward on the fused image. The patch fusion complexity is 

O(K·V·F·D). 

 

Figure 48. Example of TTdT patch fusion 
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Chapter 5: Evaluation Results 

This chapter presents an integrated discussion of the results, evaluating the 

performance of our overall localization-and-sizing method and providing a detailed 

picture of its strengths and limitations. 

5.1. Computational Cost 

The worst-case time complexity provides a theoretical perspective on how the 

runtime of an algorithm scales with the increasing input size, offering insights into 

its efficiency and scalability. Meanwhile, actual time requirements give a practical 

estimation of how long an algorithm takes to complete when executed on specific 

hardware, reflecting the impact of real-world constraints such as system architecture 

and implementation details. Below, we report both the theoretical complexity results 

and the runtime measurements associated with our proposed defect characterization 

method. 

5.1.1. Theoretical Complexity 

Our data processing pipeline consists of six main stages: defect localization in 

individual views, matching predicted defect positions across views, matching 

positions across frames, patch extraction, patch fusion, and, finally, defect sizing that 

can be performed in two different ways. The complexity of individual stages has 

been provided in Chapters 3 and 4. Below, we simply put it all together. 

For the entire pipeline that starts with defect location using horizontally sliding 

windows and performs defect sizing using vertically sliding windows, the overall 

complexity can be expressed as 

𝑂(𝑆1𝑊𝑉𝐹 + 𝐹(𝑉𝐷)2 + (𝐹𝐷)2 + 𝑉𝐹𝐷 + 𝐾𝑉𝐹𝐷 + 𝑆2𝐻𝑉𝐷 + 𝑉𝐷𝑙𝑜𝑔(𝑉)). (25) 

If the sliding window approach to defect sizing is replaced with the image similarity 

approach using CS or PSNR, the overall complexity becomes 

𝑂(𝑆1𝑊𝑉𝐹 + 𝐹(𝑉𝐷)2 + (𝐹𝐷)2 + 𝑉𝐹𝐷 + 𝐾𝑉𝐹𝐷 + 𝐾𝐻𝑉𝐷), (26) 

and in the case of SSIM-based similarity measurements, 

𝑂(𝑆1𝑊𝑉𝐹 + 𝐹(𝑉𝐷)2 + (𝐹𝐷)2 + 𝑉𝐹𝐷 + 𝐾𝑉𝐹𝐷 + 𝐾𝑆3𝐻𝑉𝐷). (27) 
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The above expressions indicate that the main factors limiting the algorithm's 

performance are the image width W and height H, the number of views V, the number 

of frames F, and the number of defects D. It should be noted that D is not under the 

user control, as the presence of defects is determined solely by the quality of a pipe 

section being investigated. 

5.1.2. Runtime Measurements 

Table 4 summarizes the runtime measurements recorded during the execution of our 

method. It was executed 100 times on a system with a 3.2 GHz AMD Ryzen 7 6800H 

processor (8 cores, 16 threads) and a 16-Gb RAM. The implementation was written 

in Python 3.9.15 using libraries NumPy, SciPy, scikit-image, and OpenCV, and run 

on Windows 11. The input data consisted of 5 dataset samples described in Section 

2.4. Recall that each sample has 18 related frames with each frame containing LdL, 

TTdT, TdT, and TdT_tip views of size 88-by-770 pixels.  

Total time required for processing all 5 sample datasets falls between 1735 ms and 

3518 ms depending on the selected method of defect sizing. The most 

computationally intensive stages are defect localization (~1495 ms) and defect 

sizing using the similarity-based approach (~1845 ms for SSIM), whereas the 

contributions of other stages are relatively minor. The defect localization stage 

involves scanning all views over all frames using a sliding window, leading to a 

substantial computational burden. Similarly, the similarity-based defect sizing stage 

requires evaluating the similarity metric values across multiple synthetic images, 

which is also relatively expensive. It should be noted that defect sizing based on the 

sliding window approach takes approximately 62 ms, which is significantly faster 

than the similarity-based approach. 
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Table 4. Measured runtimes for individual data processing stages 

Stage 
Time, ms 

Mean Std. Dev. 

Defect Localization 1495.0 7.0 

Prediction Matching across Views 7.1 0.6 

Prediction Matching across Frames 2.6 0.4 

Patch Extraction 159.0 4.8 

Patch Fusion 9.1 0.2 

Defect Sizing Using Sliding Window 61.8 0.4 

Defect Sizing Using Cosine Similarity 1015.0 6.4 

Defect Sizing Using PSNR 1042.4 4.9 

Defect Sizing Using SSIM 1845.5 10.2 

5.2. Accuracy 

Prior to delving into the accuracy metrics, it must be emphasised that our proposed 

method operates on imperfect beamformed US images. A key consideration is that 

defect visual features represented on input images may vary significantly depending 

on the beamforming process. Beamforming inherently introduces its own 

inaccuracies, whose analysis is beyond the scope of this thesis. Consequently, we 

compare the results of the algorithm to manual measurements conducted on the same 

beamformed images instead of comparing them directly to a ground truth (GT). 

To facilitate this evaluation, all input images were subjected to manual inspection. 

Defect positions were manually labelled in these beamformed images, creating a 

consistent reference for algorithm performance assessment. Similarly, fused image 

patches were also manually inspected. Defect sizes were labelled based on visual 

inspection, and the final size label was calculated as the mean value of the manually 

measured sizes that visually agree. This approach ensures that the reference 

measurements are representative of human judgment on the input data. 

5.2.1. Localization 

The localization accuracy is evaluated using beamformed images of 5 pipe samples, 

with 18 frames captured for each sample. Across these samples, there are a total of 
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11 defects (see Table 3 in Section 2.4). Since the position of a defect may vary 

slightly from frame to frame, defects are assigned a unique defect ID, which 

represents the average position of the defect across all frames, as indicated in Table 

5. This table also shows the number of frames in which a given defect was missed 

during either manual or automatic localization. 

For manual localization, the process was straightforward: each frame was examined 

independently, and when the presence of a defect (and thus its location) was 

ambiguous upon examination of the LdL, TTdT, and TdT views, that frame was 

marked as a case with a missed defect. The same process was used for automatic 

localization performed by our proposed algorithm from Chapter 3. 

Table 5. Number of frames where a defect was missed 

Sample # Defect ID 
Number of frames (out of 18) with missed defects 

Manual Automatic 

DV14276 392 0 0 

DV14277 368 0 0 

DV15011 341 0 0 

DV15011 388 1 1 

DV15011 431 0 0 

DV15011 449 4 11 

DV15013 291 0 0 

DV15013 540 0 0 

DV15390 36 1 0 

DV15390 386 0 0 

DV15390 739 1 0 

 

It can be seen from Table 5 that the rightmost defect in sample DV15011 (ID = 449) 

poses a clear challenge for automatic localization, mainly due its close proximity to 

another defect (ID = 431). In the majority of frames, representations of these two 

neighbouring defects merge into a single feature that our localization algorithm is 

unable to separate in 11 out of 18 frames. Manual localization was more successful 

in this case, where the defect in question was missed in 4 out of 18 frames. Notably, 
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neither automatic nor manual localization processes produced false positives, i.e., 

the number of localized defects never exceeded the number of actual defects present. 

Localization accuracy was evaluated as follows. For each frame, defect positions 

were manually labelled. Then, our localization algorithm predicted defect positions 

independently for each frame, while information from other frames was used for 

discarding predictions with insufficient support1. The error for each frame was 

calculated as the absolute difference between the manually labelled positions and the 

algorithm’s predictions within that frame. These error values have been averaged 

across all frames for each view, and the resulting mean average error (MAE) values 

are presented in Table 6.   

The localization error is very small when we use the TdT and TTdT views, averaging 

at 0.2 mm which is equivalent to 2 pixels. The mean error for the LdL cases is higher, 

averaging at 0.6 mm (or 6 pixels). There are several factors affecting the sizing 

accuracy in the latter case, briefly outlined below. 

Table 6. Average localization error in individual views across frames 

Sample # Defect ID 
MAE, mm 

LdL TdT TTdT 

DV14276 392 0.3 0.2 0.2 

DV14277 368 0.9 0.1 0.2 

DV15011 341 0.7 0.2 0.2 

DV15011 388 0.4 0.2 0.2 

DV15011 431 0.5 0.1 0.1 

DV15011 449 0.2 0.2 0.2 

DV15013 291 1.7 0.1 0.1 

DV15013 540 0.4 0.1 0.2 

DV15390 36 0.8 0.4 0.4 

DV15390 386 0.1 0.2 0.2 

DV15390 739 0.2 0.3 0.3 

 Mean: 0.6 0.2 0.2 

 

 
1 Defects detected in fewer than 5 frames were not taken into account.   
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Firstly, the longitudinal wavelength is almost 1.8 times larger than the transverse 

wavelength (1.4 mm compared to 0.8 mm). Shorter wavelengths provide better 

spatial resolution in the TdT and TTdT views compared to LdL views, allowing for 

more accurate image analysis. 

Secondly, our localization method searches for a gap feature at the bottom strip of 

the LdL view, whereas our manual localization method utilizes a tip feature in the 

same view. These two defect features are usually well-aligned for vertical cracks, 

but not for tilted ones. An example of the latter is illustrated by the leftmost defect 

(ID = 291) in the DV15013 sample. This defect has a tilt angle of 20 degrees 

resulting in a noticeable discrepancy between the lateral positions of the gap and tip 

features. 

5.2.2. Sizing 

The sizing accuracy is evaluated on fused image patches of 11 defects. The 

evaluation results are presented in Table 7 and Table 8. Recall that fusion of image 

patches in our case simply means aligning them and averaging their pixel intensity 

values across all frames. Thus, the reported absolute error (AE) values represent 

deviations of a single automatic prediction of a defect size from the corresponding 

manual measurement. 

In general, the manual measurements are reasonably close (within 0.5 mm) to the 

GT. However, for defect 449 of the DV15011 sample, there is a noticeable difference 

due to its close proximity to defect 431. Their tip features are merged in the LdL and 

TdT_tip views, making it difficult to separate these two defects. Consequently, our 

manual labels have to rely on the TdT and TTdT views only, where it is still possible 

to distinguish and size the defect in question (ID = 449). 

Table 7 lists the accuracy results for our similarity-based sizing method. Using 

cosine similarity (CS) and PSNR yields the AE of under 0.5 mm (averaged over all 

11 defects), whereas the corresponding SSIM-related error exceeds 0.7 mm. All 

three metrics perform poorly when sizing defect 291 of the DV15013 sample, which 

is due to the defect's tilt. The tilt causes the TdT and TTdT views to display smaller-

sized features, while the LdL and TdT_tip views show a tip feature that is not 

vertically aligned with the crack root, resulting in inaccurate size predictions. Among 

the three metrics, cosine similarity achieves the smallest maximum AE below 
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0.3 mm in all cases except the one discussed above, making it the most reliable 

metric for depth measurements in the similarity-based approach. 

Table 7. Automatic defect sizing using the similarity-based approach 

Sample # Defect ID 
GT, 

mm 

Manual 

label, 

mm 

Automatic measurements 

CS PSNR SSIM 

Depth, 

mm 

AE, 

mm 

Depth, 

mm 

AE, 

mm 

Depth, 

mm 

AE, 

mm 

DV14276 392 5.0 5.3 5.4 0.1 5.0 0.3 5.2 0.1 

DV14277 368 7.0 7.5 7.4 0.1 6.8 0.7 7.2 0.3 

DV15011 341 4.0 4.2 4.0 0.2 3.8 0.4 4.0 0.2 

DV15011 388 4.0 4.3 4.2 0.1 4.0 0.3 0.4 3.9 

DV15011 431 4.0 4.0 4.0 0 3.8 0.2 4.0 0 

DV15011 449 4.0 3.1 3.2 0.1 2.8 0.3 3.0 0.1 

DV15013 291 4.0 3.9 1.6 2.3 1.8 2.1 1.4 2.5 

DV15013 540 4.0 4.1 4.0 0.1 3.8 0.3 3.8 0.3 

DV15390 36 0.8 0.5 0.2 0.3 0.2 0.3 0.2 0.3 

DV15390 386 0.6 0.9 1.0 0.1 0.8 0.1 0.8 0.1 

DV15390 739 0.4 0.5 0.2 0.3 0.4 0.1 0.2 0.3 

    Mean: 0.3 Mean: 0.5 Mean: 0.7 

 

Table 8 shows the sizing result for the sliding window approach. Recall that it has 

the predictions agreement (i.e., strong, medium, weak, and none) as an additional 

consideration available when analyzing defect sizing predictions. This method 

produces accurate results when the depth measurements align across 3 (medium 

agreement) or all 4 views (strong agreement). However, the reliability of predictions 

becomes questionable when there is either weak or no agreement in defect sizing 

across the views in use. 
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Table 8. Automatic defect sizing using the sliding window and combined approaches 

Sample # 
Defect 

ID 

GT, 

mm 

Manual 

label, 

mm 

Automatic measurements 

Sliding Window Sliding Window + CS 

Depth, 

mm 

AE,  

mm 
Agreement 

Depth, 

mm 

AE,  

mm 

DV14276 392 5.0 5.3 5.4 0.1 medium 5.4 0.1 

DV14277 368 7.0 7.5 7.6 0.1 weak 7.4 0.1 

DV15011 341 4.0 4.2 4.1 0.1 strong 4.1 0.1 

DV15011 388 4.0 4.3 4.4 0.1 medium 4.4 0.1 

DV15011 431 4.0 4.0 4.1 0.1 strong 4.1 0.1 

DV15011 449 4.0 3.1 3.2 0.1 weak (no) 3.2 0.1 

DV15013 291 4.0 3.9 2.2 1.7 weak 1.6 2.3 

DV15013 540 4.0 4.1 4.1 0 medium 4.1 0 

DV15390 36 0.8 0.5 - - no 0.2 0.3 

DV15390 386 0.6 0.9 1.8 0.9 weak 1.0 0.1 

DV15390 739 0.4 0.5 2.6 2.1 weak 0.2 0.3 

    Mean: 0.5  Mean: 0.3 

 

To address this, the similarity-based approach can be used as a complementary 

method to improve confidence in the sizing results in the case of weak or no 

agreement. In other words, one can start the defect sizing process with the sliding 

window method, which is relatively inexpensive, and use the similarity-based 

method, which is more costly, only when the results from different views are deemed 

sufficiently different. By integrating the two approaches, it is possible to achieve 

high prediction accuracy at reduced computational cost. Table 8 provides the sizing 

results (shown in bold italic font) when the sliding window method is followed by 

the CS-based method in the case of a weak or no agreement. As a result, the average 

AE is reduced from 0.5 mm to 0.3 mm. Since the CS-based method was run in only 

6 out of 11 cases (after executing the sliding window method for all cases), the 

measured runtime for this combined sizing approach is reduced from 1015 ms (see 

Table 5) to 654 ms. 

A comparison of the defect size predictions obtained using the sliding window and 

CS-based approaches reveals that the latter achieves a lower average AE (0.5 mm in 
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Table 8 compared to 0.3 mm in Table 7, respectively). This difference is primarily 

attributed to the superior performance of CS-based sizing (see Table 7) when 

measuring small-sized defects 36 and 739 of sample DV15390. A notable exception 

is observed for defect 291 of sample DV15013, where CS-based sizing has produced 

a higher error (2.3 mm in Table 7 compared to 1.7 mm in Table 8). However, the 

sliding window approach yields only weak agreement in this instance, making its 

predictions unreliable. 

Comparing the results from Table 8 and Table 7 also reveals that the average AE 

values for the combined and CS-based methods are identical  and equal to 0.3 mm. 

This observation indicates that the sliding window approach performs adequately in 

relatively simple cases, while the similarity-based method effectively handles more 

complex scenarios. 

Thus, by combining the sliding window approach and the similarity-based approach, 

the resulting method provides a robust solution for defect localization and sizing 

based on US images of pipe walls. This is particularly valuable in scenarios where 

training datasets are not available (to facilitate the use of ML techniques), further 

underscoring the practicality and importance of the proposed method. 
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Chapter 6: Concluding Remarks 

6.1. Conclusion 

The primary goal of this thesis was to develop a reliable method for defect 

localization and sizing based on beamformed ultrasound images of pipe sections. To 

achieve this, we introduced the tri-sectional sliding window configuration, the 

method for establishing location-based correspondence among defect features from 

multi-view frames, and the similarity-based approach for defect sizing by comparing 

synthetic images corresponding to varying defect sizes to the beamformed image 

patches containing localized defect features. 

The evaluation on the real-world experimental data demonstrated that combining 

information from different views and frames enhances the accuracy of defect 

localization. The sliding window method is relatively inexpensive and well-suited 

for handling simple cases with isolated defect features. On the other hand, the 

similarity-based method, though computationally more demanding, offers greater 

reliability and precision in more complex scenarios where the defect features appear 

merged (because of their proximity) and when defect sizes are relatively small. By 

integrating the strengths of both methods, our combined method achieves a balance 

between speed and accuracy, making it a practical and effective solution for 

characterization of surface-breaking crack defects in pipe backwalls. 

It should be noted that the techniques proposed in this thesis can be used for 

localization and sizing of frontwall cracks as well. In this case, the corresponding 

defect features would appear at the top of beamformed images, and simply flipping 

these images upside down is likely to be sufficient for reusing our method as is. 

However, to obtain the frontwall crack features similar to the backwall ones, a 

beamformer must reconstruct views that are different from the LdL, TdT, and TTdT 

ones (specifically, the LLdLL, TTdTT, and TdTT views are needed). 

6.2. Future work 

Our crack defect localization approach makes use of the local feature variance in US 

images. If an imaged pipe section has no backwall cracks, it may still be possible for 

our sliding-window feature signal to exceed the three-sigma threshold. This is partly 
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due to the fact that each view of interest is created by max-normalizing an envelope 

of the beamformed IQ data, which may amplify the background noise when there 

are no defects present. Thus, the algorithm can produce false positives for the US 

images of defect-free pipe sections. Development of a separate method for 

identifying healthy pipe sections is one of the possible directions for the future work. 

Another important problem is related to accurate sizing of crack defects that are not 

strictly vertical. Flaws that are tilted at some angle can result in erroneous 

measurements by our algorithm in its current form. Estimation of crack angles and 

subsequent correction of crack depths should be explored to enhance the algorithm 

precision. 

Also, it is currently quite challenging to measure small crack defects (around 1 mm 

or less in depth), even though their localization appears to be successful. Our 

vertically sliding windows seem to be relatively ineffective in such cases, failing to 

generate adequate features for crack depth measurement purposes. Although the 

similarity-based method performs better in such cases, it still has low sensitivity in 

the image areas corresponding the backwall of a pipe. This is mainly due to zeroing 

out the pixels in these areas in the LdL and TdT_tip views. Addressing this challenge 

would be an important research task as well. 

Finally, it would be worthwhile to explore parallelized implementations of our 

proposed techniques to decrease their execution runtimes listed in Table 4. As 

mentioned in Section 2.4, the speed of raw data acquisitions can be as high as 2.5K 

frames per second, which roughly translates into a 0.4-ms delay between consecutive 

frames. For ideal real-time processing, both image reconstruction and defect 

characterization should be completed within a fraction of a millisecond. Using high-

performance computational capabilities offered by modern many-core graphics 

processing units (GPUs), it may be possible to improve the execution runtimes in 

question by several orders of magnitude. 
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