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On the feasibility of ultrasonic full waveform evaluation with 
changing testing conditions for the quality control of 
manufacturing parts
Simon Schmida, Thomas Schumacherb and Christian U. Grossea

aTUM School of Engineering and Design, Department of Materials Engineering, Technical University of 
Munich, Munich, Germany; bDepartment of Civil and Environmental Engineering, Portland State University, 
Portland, USA

ABSTRACT
Fast volumetric non-destructive testing methods are needed, espe
cially for quality control in manufacturing lines. Ultrasonic testing 
with full waveform evaluation is a promising method for this. 
However, changes in coupling conditions or environmental factors 
can significantly alter the ultrasound signal, sometimes more than 
actual defects. This study investigates the effect of various factors 
on the ultrasound signal based on a Monte Carlo study with wave
field simulations. The test specimens comprise aluminium plates 
with holes of varying sizes and positions. Using both experimental 
as well as simulated data, the performance of two commonly used 
comparison metrics, namely the R2 score and the magnitude- 
squared coherence integral, for detecting defects in manufactured 
parts is evaluated. It was found that the magnitude-squared coher
ence integral is more robust against random influences than the R2 

score. Additionally, factors influencing the entire plate exhibit the 
most significant impact on the signals. The hole positions and 
dimensions change the signals and the value of the comparison 
metrics significantly and are difficult to distinguish by one metric. A 
deep learning model, however, is capable of performing this task 
and it outperforms the comparison metrics in defect detection. The 
performance of the approaches is assessed with probability of 
detection curves.
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1. Introduction

In large-scale manufacturing facilities, a main objective is the efficient production of each 
component, ensuring cost-effectiveness. To achieve this goal, all processes are tailored to 
minimise time consumption, including the integration of quality control into the pro
duction line. Common quality assurance methods are non-destructive testing (NDT) 
methods. NDT methods that enable volumetric inspections, like X-ray computed tomo
graphy (CT), are often time-consuming and not suitable choices for a fast-paced man
ufacturing environment. Further, in such use cases, it is beneficial if the testing method 
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and the evaluation can be integrated into the production and automated [1]. In this 
study, the feasibility of a specific type of ultrasonic testing is studied for use in such 
applications.

One of the benefits of ultrasound is that it can provide volumetric information. 
However, the conventional analysis approach involves evaluating only the direct 
reflections from defects, resulting in a time-consuming process when an entire 
volume should be measured [2]. Alternatively, ultrasound offers also an indirect 
method to assess deviations across the entire volume of a part. By introducing an 
ultrasonic wave into a part and measuring it after a sufficiently long propagation 
time, deviations in the entire part can be examined. Depending on the size of a part, 
more than one sensor may be required to cover the entire volume due to wave 
attenuation. The recorded waveform carries information about any defects within 
the material. Extracting this information is challenging, as it is not always evident 
how a waveform is affected in response to the presence of a defect. One method for 
extracting this information involves comparing the full waveforms measured from 
a reference sample (deemed defect-free) and the sample to be examined. For the 
comparison, several similarity metrics can be used (see, e.g [3–5]).

The same technique is employed to assess subtle variations in scattering materials such 
as concrete [6–9], glass fibre-reinforced plastic (GFRP) [10] or aluminium with multiple 
circular holes [11]. In this context, a notable portion of the energy from the ultrasound 
wave arrives after the first arrival, forming what is known as the coda, which is the tail of 
the signal. The comparison of this tail to a reference is called coda wave interferometry 
(CWI) [12,13]. Hereby, the stretching of one signal with respect to another is estimated 
allowing for the determination of the relative velocity change dv=v [14]. When the 
material remains unchanged, the path of a propagating ultrasonic wave remains constant, 
resulting in an unaltered captured waveform. The coda wave proves highly sensitive to 
minor changes in the material [6]. Typically, this method is employed to monitor 
material changes over time, such as fluctuations in stress levels, which is related to 
acousto-elastic theory.

In Wang et al. [10], ultrasound full waveform comparison based on the squared 
correlation coefficient R2 is reported. Here, a transmitter and receiver are attached to 
a glass fiber-reinforced polymer (GFRP) plate with dimensions, 102.0 � 80.5 � 19.8 mm. 
The transmitter excites an ultrasound wave with a center frequency of 100 kHz and holes 
of increasing diameter are drilled into the plate during measurements. It was found that 
the R2 score decreases as the hole diameter increases. Further, the hole diameter and the 
R2 score are linearly related, and holes significantly smaller than the wavelength could be 
detected. A similar study was conducted by Chen and Schumacher [15] for steel plates 
with an increasing notch length. As a similarity metric, the magnitude squared coherence 
integral (MSCI) was used (see Subsection 2.1). It was found that the MSCI value 
decreases for an increasing notch size. It should be noted that in both of these studies, 
the transducers were glued to the test specimen, to ensure constant coupling conditions. 
Also, temperature variations were not significantly large enough to affect the 
measurements.

Lu and Michaels [5] conducted a study examining the impact of temperature on ultra
sound signals. Here measurements on an aluminium plate (50.8 � 152.4 � 6.35 mm) with 
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a hole and a single transmitter-receiver setup were conducted. This is a very similar setup as 
used in the presented study. Notably, in Lu and Michaels [5] the transmitter and receiver 
remained stationary while the holes were progressively drilled to larger dimensions during 
the measurements. Moreover, the temperature was systematically adjusted between 8.9 and 
37.8 °C throughout the measurement process. This temperature variation allowed the gen
eration of a comprehensive baseline dataset. By incorporating a reference signal measured at 
a similar temperature, they could effectively compensate for the temperature effects observed 
in the ultrasound signals.

Besides metrics used for evaluating changes in ultrasound signals, neural networks can 
be employed to automatically estimate suitable features to detect subtle differences 
between signals. In Ebrahimkhanlou et al. [16] it was possible to estimate the source 
locations of acoustic emission (AE) events, with a single sensor at a fixed position. The 
AE events were introduced through an HSU Nielsen test at 13 different positions. The 
specimen was an aluminium plate with rivets of the dimensions 914.4 � 914.4 � 3.2 mm. 
The captured signals were transformed into an image using the wavelet transform, on 
which a stacked autoencoder and a convolutional neural network were trained. Both 
models were able to accurately estimate the positions of the sources. It shall be noted that 
the presented approach was a classification problem, which inherently constrains the 
range of possible source positions to be estimated.

Another study using machine learning methods for defect detection with ultrasound is 
presented in Zhao et al. [17] They used an adapted gcForest algorithm (AWGA-gcForest) 
for defect detection on a phased array full matrix capture dataset. The proposed algo
rithm outperforms other benchmark models in terms of accuracy and computation time.

A more established approach for volumetric defect localisation in plate-like structures 
involves utilising vibration measurements to assess Eigenfrequencies and mode shapes. 
Nonetheless, this method faces challenges such as symmetry issues, ill-posedness of the 
inverse problem, and limited sensitivity to small defects, arising from minor alterations in 
the mass or stiffness of the structure. Moreover, in the case of bulk materials, these 
constraints are increased, since the relative change of mass and stiffness are even smaller 
in that case. For studies about the application of modal analyses for defect detection or 
localisation, please refer to, e.g. Tufoi et al. [18], Le et al. [19], and Cheng et al. [20].

In the literature, the quantification of a damage extent based on full waveform 
comparison has already been studied. However, in these applications, the transmitter 
and receiver positions were kept constant, either glued onto the specimen [10,15] or 
embedded inside the material [6,7] to minimise the effect of varying coupling conditions. 
This is not feasible when different parts need to be investigated, as the transmitter and 
receiver have to be deployed in-situ to each part to be examined. In such cases, other 
factors come into play that can distort a recorded ultrasound waveform and affect the 
reproducibility of measurements. A significant factor among these is variations in 
coupling [21], including the force and position of the transmitter. These influences can 
be more pronounced than the changes due to defects in the material. Temperature 
variation, which can also notably affect the measurements (see, e.g [5]), and changes in 
the dimensions of the specimens need to be considered as well.

In this study, the influence of changing coupling conditions, transducer placement, 
specimen dimensions, and temperature variations on the ability to detect holes in 
a simple manufactured component using ultrasonic full waveform comparison are 
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discussed. To achieve this, two waveform comparison metrics and deep learning models 
are evaluated. To estimate which hole size is still detectable under the given setup, 
probability of detection (POD) curves are utilised. The specimens are aluminium plates 
with dimensions of 140 � 100 � 3 mm, featuring varying hole diameters and positions. 
The same measurement setup is also simulated with randomised environmental and 
coupling influences. To the best of the author’s knowledge, it is the first study system
atically investigating the applicability of the use of full waveform comparison when 
different specimens are investigated.

This paper is structured as follows: Section 2 gives the relevant background of the 
comparison metrics, time series-based deep learning, and POD curves. The investigated 
specimens together with the measurement and simulation setup are described in 
Section 3. The results are presented and discussed in Section 4. Here, first, the optimal 
signal length for the comparison metrics is estimated, along with the influence of the hole 
position on the comparison metrics. Subsequently, the response of the two metrics R2 

score and MSCI to an increase in the hole diameter is evaluated, and the best-performing 
metric, which is the MSCI, is chosen for all further evaluations. Following that, the effect 
of each influence factor is estimated based on simulated data. Furthermore, a deep 
learning model time series transformer (TST) is trained on the simulated and measured 
dataset. The performance in estimating the hole diameter is evaluated with POD curves 
and compared to the POD curves based on the evaluation with MSCI. Concluding 
remarks are provided in Section 5.

2. Background

This section introduces the full waveform comparison metrics and the deep learning 
model. Furthermore, it provides relevant background on the â vs. a POD evaluation.

2.1. Full waveform comparison metrics

In the literature, multiple metrics exist for the comparison of the full waveform or 
the coda of ultrasound signals [7,14,22]. All of them compare a reference wave
form uðtÞ to a waveform ~uðtÞ that was recorded after a permutation had been 
introduced in the material [6]. One approach to detect changes in the material is 
to determine the relative velocity change dv=v, which is commonly referred to as 
coda wave interferometry (CWI). The process involves cross-correlating the two 
waveforms, of which the one from the second waveform is stretched in time. dv=v 
is found when the two signals have the highest correlation coefficient. Relative 
velocity change was found to be not useful in this study for several reasons. First, 
the permutation is influenced also by other factors than the material alteration, 
which makes it not possible to analyze the coda. Second, the introduced damage 
(a hole) is likely not to induce a velocity change. Conventionally, stress changes or 
the resulting microstructure changes due to stress change are investigated. Lastly, 
the velocity change is a metric tailored for scattering materials such as concrete, 
and for the investigated aluminium plates in this study, the measurements are 
influenced by multiple reflections on boundaries rather than scattering due to the 
microstructure.
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Besides metrics that estimate a velocity change, other metrics exist that aim to capture 
the differences in the amplitude and frequency characteristics of two waveforms. These 
are the squared correlation coefficient R2 or the MSCI. The R2 score, also known as the 
coefficient of determination, is the proportion of the variation in the signal uðtÞ explained 
by the reference signal ~uðtÞ [23]. It is the square of the Pearson correlation coefficient p, 
which is calculated with the covariance cov and the standard deviation σ as 

p ¼
covðu; ~uÞ

σu � σ~u
: (1) 

The R2 score is given by 

R2 ¼ p2: (2) 

The R2 takes a value between 1 and 0, which can be interpreted as the waveforms being 
identical (no change/difference) and completely different (or unrelated), respec
tively [23].

A metric that describes the similarity between two random variables in the frequency 
domain is the MSCI. It is according to Gonzales [24] defined as 

MSCI ¼ MSCu;~uðf Þ ¼
jPu;~uðf Þj2

Pu;uðf Þ � P~u;~uðf Þ
(3) 

where Pu;uðf Þ and P~u;~uðf Þ are the power spectral densities and Pu;~uðf Þ is the cross power 
spectral densities, which are calculated using Welch’s method [25]. The MSC(f) indicates 
how similar u is to ~u at each frequency. To get the one scalar value MSCI, MSC(f) is 
averaged over a frequency range from 200 to 600 kHz. This range was determined 
manually on the given datasets. Here the upper and lower frequency is chosen where 
the signal is dominating compared to noise [26]. In this study, the excitation of the 
ultrasound transmitter was done with a center frequency of 400 kHz (see Subsection 3.1).

Both the R2 score and the MSCI are dimensionless and independent of the maximum 
amplitude of each of the signals, which means you can multiply u or ~uðtÞ by a scalar value 
and still get the same value for the metrics.

The similarity metrics R2 and MSCI are decreasing with increasing perturbation of the 
material. In order to have an increasing metric with an increasing damage extent 1-MSCI 
and 1-R2 are used as metrics. This is also done in the literature, where, e.g. R2 is 
interpreted as the decorrelation coefficient [27].

Further, other simpler metrics such as the maximal amplitude of the signals or the 
least square norm of two signals were also investigated in this study, but they did not lead 
to sufficient results for the given datasets.

2.2. Time series-based deep learning for ultrasound full waveform evaluation

In this study, a deep learning model is used, which takes an ultrasound waveform as input 
and predicts the x-position, y-position, and diameter d of a hole. The problem is 
formulated as a time series regression task, where continuous outputs are predicted 
based on a time series input.

NONDESTRUCTIVE TESTING AND EVALUATION 5



Deep learning has demonstrated remarkable achievements across multiple 
domains, surpassing conventional machine learning models and making it the pre
ferred choice for this application [28]. Moreover, one of its key advantages is the 
automated extraction of features from raw time series data, streamlining the feature 
engineering process. In recent times, transformer models have gained significant 
success in natural language processing tasks. Among these models, ChatGPT has 
emerged as a highly successful chatbot. Transformer models, introduced by 
Vaswani et al. [29], leverage an attention mechanism that enables them to focus on 
important sections of the data. This characteristic is particularly valuable when 
working with time series data.

A transformer model adapted for time series data was introduced in Zerveasi et al. [30] 
with the time series transformer (TST). The fastai’s [31] implementation of it is used in 
this study. To determine the appropriate learning rate for each trained model, the fastai 
learning rate finder was employed. The learning rate was set to 4 � 10� 5 and each model 
was trained for 40 epochs. To train the models, the fastai fit-one-cycle policy, which 
incorporates a learning rate scheduler [31], was employed. Throughout all the experi
ments, the Adam optimiser was utilised for stochastic gradient-based optimisation.

Two datasets were used, comprising simulated and measured data, respectively. The 
measured dataset is explained in Subsection 3.1 and consists of 1600 signals with varying 
hole diameter and hole x- and y-positions. For the simulated dataset, deviations based on 
temperature variation and coupling influences were introduced randomly. The simula
tion setup is introduced in Subsection 3.2. In total, 2500 signals were simulated with 
randomly varying hole diameters d 2 [1.0 mm, 10 mm], x-positions 2 [−30 mm, 30 mm], 
and y-positions 2 [−30 mm, 30 mm].

For the evaluation of the model’s performance, a 10-fold cross-validation was con
ducted. Hereby, the dataset is divided into 10 groups. Each group is used once as 
a validation dataset to evaluate the performance of the model, which is trained on the 
remaining 90% of the data. The overall performance is estimated by combining the 
predictions of the 10 trained models on the respective validation dataset. For more 
information on cross-validation the reader can refer to James et al. [32]. For the 
measured data, repeated measurements (see Subsection 3.1) were either in the training 
or validation dataset to mitigate overfitting on these more similar samples, giving a false 
impression of the models’ performance. The performance of the models was evaluated 
based on the root mean square error (RMSE), which is calculated as 

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
ðyi � ŷiÞ

2

s

; (4) 

where yi is the label of one signal, ŷi is the respective prediction and n is the number of 
signals in the dataset. The RMSE was averaged for the three labels hole diameters d and 
hole x- and y-position.

For training the models, a workstation with the following hardware configuration was 
used: an NVIDIA GeForce RTX 3090 Ti GPU with 24 GB of GPU-RAM, an AMD Ryzen 
Threadripper PRO 3955WX with 16 cores, and 64 GB of RAM. This workstation was also 
used for the ultrasound simulations.
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2.3. Probability of detection curves

A POD evaluation is commonly used in NDT to assess the capabilities of a measurement 
system and its evaluation procedure. In industry, the handbook MIL-HDBK-1823A [33] 
is widely established. The POD method has been standardised by ASTM [34,35], which 
conforms with MIL-HDBK-1823A. The POD evaluations of this study are conducted 
according to this guideline. A POD analysis estimates the probability with which a hole 
with a defined characteristic (e.g. hole diameter) can be found using the given measure
ment and evaluation procedure. There are two variations of the POD method: the hit/ 
miss and the â vs. a approach. The hit/miss POD is applied when the output of the 
measurement system is binary, so either hit or miss. This is often the case when the 
evaluation is done by a human inspector [36]. Since the â vs. a POD is used in this study, 
its working principle will be explained further.

The â vs. a POD was originally introduced by Berens [37]. The working principle is 
sketched in Figure 1. It evaluates the signal response â of a defect with a given character
istic a. An â vs. a plot is shown at the top of Figure 1. Hereby, three thresholds are set. 
ânoise defines the noise of the measurement system under which no defect could be 
separated from the noise. The decision threshold âdec defines when a response is seen as 
a hit or a miss, and is always greater than ânoise [33]. The saturation of the measurement 
system is given by âsat. In the case of the comparison metrics, this value is set to 1, since 
they converge to 1 for large differences between the signals.

Figure 1. Schematic illustration of â vs. a POD analysis.
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The POD is a cumulative normal distribution function Φ and is defined as 

PODðaÞ ¼ Probabilityðâ> âdecÞ: (5) 

The relation between â and â is assumed to be linear which can be described as 

â ¼ β0 þ β1 � aþ δ (6) 

with β0 and β1 being the parameters of a linear regression and δ is the random error with 
the standard deviation σδ. With this linear relation, the POD can be estimated as 

PODðaÞ ¼ 1 � Φ½
âdec � ðβ0 þ β1 � aÞ

σδ
�: (7) 

If the relationship between â and a is nonlinear, it can be linearised by applying 
a logarithm to â or a [33]. The parameters of Equation 7 are fitted to the data using 
maximum likelihood estimation, which also estimates confidence bounds using the 
confidence bounds [38]. Here, most often, and also in this study, the 95% confidence 
bounds are chosen. For an â vs. a POD, at least 30 measurements are necessary [36]. For 
more on the POD calculation process, please refer to [33].

From the POD curves, several metrics can be extracted. Commonly used metrics 
include a50, a90, and the a90=95 value, which is defined as the intersection between the 
lower 95% confidence bound and the 0.9 probability of detection [38]. The performance 
of the evaluation approaches is compared based on the a50 value in this study, which gives 
the hole diameter for which a POD of 50% is reached.

3. Methodology

In this Section, the investigated test specimens, the experimental design, and the ultra
sound measurement setup are described. Further, the simulation considerations for 
modelling the random influence factors are explained.

3.1. Laboratory experiment

Experimental measurements were conducted on aluminium plates with dimensions 140  
mm � 100 mm � 3 mm. The ultrasound p- and s-wave velocities were determined 
experimentally to be vp ¼ 6382 m

s and vs ¼ 3191 m
s using an OmniScan M×2ultrasonic 

testing instrument. The measurements were carried out using a 2.25 MHz p-wave 
transducer (Panametrics V104-RM) and a 5 MHz s-wave transducer (Panametrics V157- 
RM) in pulse-echo configuration. The density ρ was calculated as 2638 kg

m3 by weighing the 
specimens and using their nominal dimensions. The plates were made of the aluminium 
alloy AlMg3, and 64 plates were laser-cut to ensure the dimensions are accurate. Each 
plate featured a single drilled hole. Five different hole diameters, d = 1.5, 3, 4.5, 6, and 7.5  
mm were manufactured. For each hole diameter, 16 distinct hole positions, characterised 
by varying x- and y-coordinates, were drilled. Leveraging the symmetry of the plate by 
flipping it and interchanging the positions of the transmitter and receiver, 64 hole 
positions per diameter were tested. This is visualised in Figure 2(a). Notably, some 
hole positions are common to multiple plates and transmitter-receiver configurations. 
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Each measurement was repeated five times and in between these measurements, the 
transmitter and receiver were removed from the plate and then remounted. In total, 1600 
measurements were conducted. Further, measurements on five plates without a hole, 
hereafter referred to as reference plates, were carried out.

To achieve accurate positioning of the transmitter and receiver on each plate, a plastic 
mask with cut-outs for both components was employed, as illustrated in Figure 2(b). 
Consistent coupling was ensured by applying weights to both the transmitter and receiver 
and a shear wave couplant was used as a coupling agent. The selected transmitter and 
receiver were the Panametrics V103 p-wave probes with a resonance frequency of 1 MHz.

Illustration of a test specimen with all tested hole positions in (a). The coloured 
squares visualise four different plates (flipped) and transducer-receiver (switched) con
figurations. In (b), the measurement setup with the mask is shown along with the 
coordinate system.

To excite the transmitting transducer, a waveform generator (TiePie Handyscope 
HS5), along with a Trek 2100 HF amplifier, was employed. The transmitter was excited 
at 400 kHz and 150 V with a square pulse. For 400 kHz, the wavelength of the p-wave in 

Figure 2. Illustration of a test specimen with all tested hole positions in (a). The colored squares 
visualize four different plates (flipped) and transducer-receiver (switched) configurations. In (b), the 
measurement setup with the mask is shown along with the coordinate system.
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the material is 16 mm, while for the s-wave, it is 8 mm. This relatively low frequency was 
chosen to reduce the attenuation of the ultrasound wave and, therefore, capture longer 
signals. The signals were recorded with a sampling frequency of 20 MHz and a signal 
duration of 8 ms, representing 16,000 samples. For each measurement, 100 signals were 
recorded and averaged, to increase the signal-to-noise ratio (SNR).

3.2. Numerical simulations

The conducted measurements differ not only due to different hole diameters and 
positions but also due to other random effects. In order to model these effects, 
a Monte Carlo approach is used in this study. All deviations were assumed to be normal 
distributed. The applied standard deviations σ for the individual influence factors are 
given in Table 1.

Three categories of random influence factors are considered and are associated with 
the test specimen, the transducers, and the hole.

The influence factors related to the test specimen include the error in the plate x- and 
y-dimensions, which were introduced by the laser cutting process. To estimate the 
deviation in the dimensions, all plates were measured with a caliper. The standard 
deviation for both the x- and y-dimensions of the plates was determined to be 0.05  
mm, while the plate height exhibited a standard deviation of 0.01 mm. The deviation in 
the height most likely stems from the extrusion moulding of the raw aluminium material. 
Furthermore, the standard deviation of temperature in the plate during the experimental 
measurements was assumed to be �2 °C. A change in temperature affects the ultrasound 
velocities with which the temperature was changed indirectly. To account for this in the 
simulation, the estimates of Ginzel and Ginzel [39] were used for aluminium, which state 
that for a deviation of �5 °C from room temperature, a linear relationship can be 
approximated. The estimated relationships for the temperature, T and the p- and 
s-wave velocities, vp and vs are, ~vp ¼ 1:47 � ΔT þ vp and ~vs ¼ 1:47 � ΔT þ vs, respectively. 
Since density variations only influence the wave propagation at partially reflective 
interfaces, which are not present in our simulation scenarios, deviations in the densities 
were not considered.

Table 1. Standard deviations of the individual 
parameters selected to model the random 
influences on the simulated ultrasound sig
nals. All influence factors except the transmit
ter angle were assumed to be normally 
distributed. The transmitter angle was 
selected from a uniform distribution between 
0 and 25%.

Parameter σ

Plate x- and y-dimensions 0.05 mm
Height 0.01 mm
Temperature 2ºC
Amplitude/Force 0.05
Trans. Rec. x- and y-position 0.07 mm
Transmitter angle of incidence 25%
Hole diameter 0.005 mm
Hole x- and y-position 0.05 mm
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The contact area of the transmitter was modelled as a ‘Fibonacci sphere’, which is 
displayed in Figure 3(c). This pattern is intended to mimic a disc-shaped transmitter with 
point sources, which On the Feasibility of Ultrasonic FullWaveform Evaluation are 
distributed as evenly as possible over a circular area. The excitation was modelled with 
a timevarying vector force, and a force normal to the surface was applied. The excitation 
waveform was extracted from a measurement where the transmitter and receiver were 
pressed directly onto each other and can be seen in Figure 3(a) with its frequency 
spectrum in (b). The receiver was modelled with the same pattern as (c), and the 
measured component normal to the surface was averaged over all points of the receiver.

Influence factors stemming from the transmitter and receiver were regarded. Initially, 
the energy input into the specimen is considered, which is assumed to be linearly 
correlated to the force with which the transmitter is pressed against the specimen. For 
that reason, the force in the simulation was scaled such that the maximal amplitude of the 
simulated signal matched the measured one.

To get an estimate of the variation in the energy, the standard deviation in the 
maximal amplitude in the measured signals of the reference plates was determined. 
The standard deviation was further scaled with the same factor as the force in the 
simulation relative to the measured signals, which resulted in a value of 0.05. With this 
standard deviation, the force of the vector source in the simulation was scaled by 

Figure 3. Modeling of the ultrasound transmitter. In (a), the excitation wavelet is displayed with its 
frequency spectrum in (b). In (c), the ensemble of point sources is visualized, and in (d) the Gaussian 
random field for modeling the transmitter.

NONDESTRUCTIVE TESTING AND EVALUATION 11



sampling from a Gaussian distribution. The amplitude of the simulated signal is linearly 
correlated to the applied force in the simulation.

A deviation of the transmitter’s angle of incidence from the normal was modelled. It 
was assumed that the angle of incidence has a linear effect on the travel time in the 
coupling agent and the force on the surface. For this, a Gaussian random field was 
estimated, a sample of which is given in Figure 3(d). Regarding the angle of incidence, On 
the Feasibility of Ultrasonic FullWaveform Evaluation

This pattern is intended to mimic a disc-shaped transmitter with point sources, which 
are distributed as evenly as possible over a circular area. The excitation was modelled 
with a time-varying vector force, and a force normal to the surface was applied. The 
excitation waveform was extracted from a measurement where the transmitter and 
receiver were pressed directly onto each other and can be seen in Figure 3(a) with its 
frequency spectrum in (b). The receiver was modelled with the same pattern as (c), and 
the measured component normal to the surface was averaged over all points of the 
receiver.

Influence factors stemming from the transmitter and receiver were regarded. Initially, 
the energy input into the specimen is considered, which is assumed to be linearly 
correlated to the force with which the transmitter is pressed against the specimen. For 
that reason, the force in the simulation was scaled such that the maximal amplitude of the 
simulated signal matched the measured one.

To get an estimate of the variation in the energy, the standard deviation in the 
maximal amplitude in the measured signals of the reference plates was determined. 
The standard deviation was further scaled with the same factor as the force in the 
simulation relative to the measured signals, which resulted in a value of 0.05. With this 
standard deviation, the force of the vector source in the simulation was scaled by 
sampling from a Gaussian distribution. The amplitude of the simulated signal is linearly 
correlated to the applied force in the simulation.

A deviation of the transmitter’s angle of incidence from the normal was modelled. It 
was assumed that the angle of incidence has a linear effect on the travel time in the 
coupling agent and the force on the surface. For this, a Gaussian random field was 
estimated, a sample of which is given in Figure 3(d). Regarding the angle of incidence, it 
was assumed that the transmitter is at its outer radius maximal 25% closer or farther away 
from the surface of the sample than the centre of the transducer. In contrast to the other 
influence factor here, a uniform distribution between 0 and 25% was assumed. With the 
given transmitter radius of 6.35 mm, this corresponds to an angle of incidence of 0.023°, 
considering a couplant layer thickness of 0.01 mm. This angle, with which the random 
field was scaled, was determined randomly. In Figure 3, for example, an inclination of 
25% was applied. With the respective value for the scaled random field at each source 
position, the force was multiplied. Further, the starting time of each wavelet was 
expedited or delayed by the same factor, assuming that the transmitter is on one side 
closer to the surface of the specimen.

The transmitter and receiver’s x- and y-positions were placed randomly and indepen
dently. Since they were positioned with a mask oriented along the edges of the plate, and 
the plate dimensions had a deviation of 0:05 mm, the location error should have at least 
this magnitude. The mask cut-out also has some dimensional inaccuracies. Therefore, the 
total standard deviation was set to be 0:07 mm.
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Finally, the error in the manufacturing of the hole was considered. Since the drilling 
process is highly reproducible, the deviation in the hole diameter d was assumed to be 
low and was set to 0:005 mm. For the x- and y-positions of the hole, the same error as for 
the plate dimensions was taken, as the positioning of the hole was done based on the 
edges of the plate. All used standard deviations of the individual parameters are listed in 
Table 1.

Some effects are not accounted for in this modelling approach, such as the inclination 
or radial changing sensitivities of the receiver, the frequency response of the receiver, as 
well as the propagations of the waves into the transmitter and receiver or over other 
interfaces.

With the assumed deviations, simulations were conducted, and the signals of two 
randomly selected parameterised simulations on a plate without a hole are presented in 
Figure 4 (bottom Figure). In the top Figure, two sample measured signals from different 
reference plates without a hole are shown in red and black. Here signals with visually 
large differences were chosen. In the simulation, the attenuation was modelled using 
Q-values, which were manually adapted, such that the decrease in the amplitude over 
time of the simulated signals matches the measured signals. The positions of the different 
wave packets vary between the measured and simulated signals. This discrepancy may 
arise from not modelling the interfaces and assuming perfectly reflecting boundaries, 
which is not the case in reality. In the experiment, the plate was lying on a table, where 
continuously some of the energy is coupled out over the plate/wood table interface. For 
signals exhibiting numerous reflections and mode conversions, minor inaccuracies in the 

Figure 4. Comparison of sample measured (top) and simulated (bottom) signals for plates without 
holes. The respective red and black signal represent two samples from different measured or 
simulated plates.
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model can result in significant differences in the waveforms. Nevertheless, both the 
simulated and measured signals displayed significant visual differences. Given the study’s 
objective to explore the extent to which such data can be utilised for the detection of the 
holes, the simulated data remains suitable despite the modelling inaccuracies.

All simulated signals were downsampled to a sampling rate of 20 MHz (same as 
measured signals) using Lanczos resampling. For all simulations, boundary- 
conforming meshes were used, which were generated within the software Salvus from 
Mondaic. Salvus is based on the spectral element method, which enables an efficient 
solution, allowing simulations of high-frequency wave propagations, of the wave equa
tion with little restrictions on the geometry. The spectral element method is a variant of 
the finite element method with a diagonal mass matrix [40]. For the smallest simulated 
hole diameter (1 mm), 16 hexahedral elements circumscribe the hole. Together with the 
use of a tensor order of four and 4th-order Lagrange polynomials. The error in the shape 
representation is negligible.

4. Results and discussion

In this section, the results are presented and discussed. First, the optimal signal length is 
determined, and the influence of the hole position on the comparison metrics is esti
mated using the simulated data. Next, the performance of the two comparison metrics for 
defect detection is evaluated. Subsequently, the results of the deep learning model are 
presented. Finally, the outcomes of the comparison metrics and the deep learning model 
are compared, based on both simulated and measured data.

4.1. Influence of signal length and hole position

At first, the effect of the position of the hole and the length of the investigated signal on 
the comparison metric is investigated. Hereby, simulated data was used without intro
ducing random effects to show the idealistic relations. To investigate the influence of the 
signal length on the MSCI and R2 scores, signal durations of 0.25 to 8 ms, which represent 
500 to 16,000 samples, respectively, were used to calculate the comparison metrics. It can 
be expected that later portions of the signal are more sensitive to other influences, like 
changes in the temperature [6]. Nevertheless, they are also more sensitive to holes being 
present in the material. Hereby the hole was positioned at the center of the plate, and hole 
diameters ranging from 1.0 mm to 10.5 mm were simulated. The results are given in 
Figure 5.

It can be observed that for the longer signal lengths, both the MSCI and R2 scores show 
the largest slope over increasing hole diameters. For that reason, the entire signals, which 
have a length of 8 ms, were used for all evaluations with the comparison metrics. For 
small hole diameters, the R2 score shows at first a decreasing trend. This can be due to 
a change in the dominant interaction from diffraction to reflection-based for holes 
smaller than half of the wavelength. Further, the R2 score also shows for larger defect 
diameters short decreasing trends, which is not the case for the MSCI.

Further, the spatial sensitivity of the comparison metric on the hole positions was 
evaluated. For this variations of the hole position were introduced within the simulation, 

14 S. SCHMID ET AL.



ranging from −30 to 30 mm for both the x- and y-positions. This represents the same 
range for the hole positions as for the laboratory experiments (see Figure 2). A hole 
diameter d = 5 mm was selected. The simulated signals were then compared to 
a reference signal of a plate without a hole using the comparison metrics MSCI and R2 

score. The result is shown in Figure 6.
It can be seen that both comparison metrics show a similar relation, and the metrics 

are symmetric towards the centre axis in the x- and y-direction of the plate. High metric 
values are reached at the symmetry axis of the plate. This can be due to focusing effects, 
which lead to more energy of the waves being present at these positions. Another 
explanation for these phenomena is that the reflected waves pass through the centre 
axis of the plate most often, and therefore, a hole affects the wave propagation there the 
most in that specific region. The symmetry in the y-direction is expected since the 
simulation and measurement setup are symmetric. The symmetry in the x-direction, 
however, is surprising. An explanation could be that the position of the transducer and 
receiver is not that important when long signals are evaluated. In general, the metrics 
deviate strongly over the hole positions. The maximal values of the metrics are reached at 
the centre of the plate.

4.2. Evaluation of the comparison metrics

At first, the variation in the R2 score and MSCI for different hole diameters is explored, 
using both simulated and measured data. Centrally positioned holes (x = 0 mm and y = 0  

Figure 5. Evaluation of how the R2 score (top) and MSCI (bottom) change with varying signal 
durations. The colorbar represents the duration or length of the signals used for the calculation of 
the comparison metrics.
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mm) are considered only. The simulated dataset involves simulations with 15 distinct 
hole diameters ranging from 1.0 mm to 10.5 mm. For each hole diameter, 30 simulations 
with randomly initialised influence factors are conducted. The reference for R2 score and 
MSCI was estimated through a simulation without a hole and with no random influences. 
Additionally, a POD evaluation is conducted. For this, the decision threshold âdec was 
determined by estimating the mean comparison metrics of 50 simulations without a hole 
but including random influence factors and adding two time the standard deviation to 
this mean value. This represents 95% of the data assuming a Gaussian distribution. In 
a The calculated values of the comparison metrics for each simulation are depicted in 
Figure 7(a) for the R2 score and in (b) the MSCI in red. The mean values, together with an 
error band denoting the standard deviation, are also shown. In Figure 7(c), the signal-to- 
noise ratio, calculated as the mean divided by the standard deviation, is given for each 
hole diameter. The MSCI is shown in blue and the R2 score is in black. The same colours 
were used in the result of the POD evaluation in Figure 7(d). Further, the a50 values are 
given for the R2 score and the MSCI, which are 5.5 and 2.9 mm, respectively.

The distribution of the comparison metric values for a given diameter is skewed, with 
a few instances exhibiting relatively high values. For the simulated dataset, the MSCI 
performs overall better than the R2 score. The R2 score shows outliers for individual 
samples, exhibiting a much larger spread with a higher standard deviation, as also evident 
in the signal-to-noise ratio. In the SNR, there is a noticeable jump at approximately 8  
mm, corresponding to half of the wavelength for the p-wave (λ=2 ¼ 8 mm). This change 
may be attributed to a shift in the dominant wave interaction from reflection to scattering 

Figure 6. Effect of hole position on the comparison metrics for the R2 score (top) and MSCI (bottom).
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[41]. In the POD evaluation, the probability of detection is generally higher for the MSCI 
than for the R2 score.

The same evaluation was conducted on the experimentally measured dataset using the 
holes in the centre, which included 100 measurements with 5 repetitions for each plate 
configuration.

The evaluations are given in Figure 8. For the reference signal, the signals of half of the 
measured plates without a hole were averaged. For the POD evaluation (see Figure 8(d)), 
the decision threshold âdec was established using the mean of the comparison metrics 
from measurements of a plate without a hole, which was not utilised in computing the 
reference signal. In this process, half of the measurements were averaged to estimate 
a reference, while the other half was employed to determine âdec.

For the measured data, the MSCI consistently outperforms the R2 score, and the a50 
value, where the POD reaches 50%, is 1.9 mm for the MSCI, which is significantly smaller 
than its simulated counterpart of 2.9 mm. The R2 score does not exhibit a monotonically 
increasing trend over the hole diameter and is failing to reach a POD of 50% within the 

Figure 7. Evaluation of the response of the comparison metrics for different hole diameters with 
simulated data. The holes are located in the center of the plate. The R2 score is plotted in black, and 
the MSCI in blue. The shaded error bars display, for the R2 and MSCI, the standard deviation, and for 
the POD curve, the 95% confidence bound. In (a) and (b) the response of the R2 score and MSCI is 
plotted. In (c) the signal-to-noise ratio is given and in (d) the POD evaluation is shown. The horizontal 
and vertical lines in (d) give the POD 50% and the a50 values. The decision thresholds âdec are 0.70 for 
the R2 score and 0.39 for the MSCI.
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investigated hole diameter range. One possible explanation for the worse performance of 
the R2 score on measured data is its inability to handle noise in the reference signals, 
a factor absent in the simulation. Further, since the MSCI evaluates the changes in the 
frequency domain, it is independent of time shifts in the signals (e.g. different arrival 
times), which makes it more robust. Given the superior performance of the MSCI, it is 
utilised in all subsequent evaluations.

4.3. Effect of the environmental and coupling influences

As described in Section 3.2, eight different random influence factors were modelled. 
Three categories of influence factors were regarded, which are related to the plate, the 
transmitter and receiver, and the hole within the plate. To investigate the effect of each 
influence factor on the MSCI, they were sampled from a Gaussian distribution with 
a variation of �3 � σ, where σ represents the given range in Table 1. An exception here is 
the transducers’ angle of incidence, which was varied between 0 and 100%. A hole with 

Figure 8. Evaluation of the response of the comparison metrics for different hole diameters on the 
measured dataset. The holes are located in the center of the plate. The R2 score is plotted in black, and 
the MSCI in blue. The shaded error bars display, for the R2 and MSCI, the standard deviation, and for 
the POD curve, the 95% confidence bound. In (a) and (b) the response of the R2 score and MSCI is 
plotted. In (c) the signal-to-noise ratio is given and in (d) the POD evaluation is shown. The horizontal 
and vertical lines in (d) give the POD 50% and the a50 values. The decision thresholds âdec are 0.85 for 
the R2 score and 0.24 for the MSCI.
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a diameter of 5 mm was introduced in the middle of the plate. The resulting MSCI values 
are given in Figure 9. For the variation of the plate x-dimensions, the left and right sides 
of the plate were varied positive and negative x-direction. The results of all four 
combinations (left pos./right pos., left neg./right neg., left neg./right pos., left pos./right 
neg) were averaged. The same was done for the plate y-dimensions and the transmitter 
and receiver positions.

It can be seen that the influence factors on the whole plate, plate dimensions, plate 
height, and temperature have the largest effect on the MSCI (see Figure 9(c)). It shall 
be noted that the y-axis is scaled differently for these factors since larger MSCI values 
are reached. Especially, changing the height has a high impact. The MSCI value of the 
5 mm hole without the influence factors is 0.38, which is the value at σ ¼ 0. For some 
parameter variations, e.g. temperature, plate dimensions, or hole positions, MSCI 
values less than 0.38 are reached for certain values of that influence factor. This can 
lead to an underestimation of the defect size. The MSCI appears to be constant over 
the range of contact forces considered (see Figure 9(a)). The reason for this is that the 
changes in the force change the amplitude in the signal linearly and in the calculation 
of the MSCI, the amplitudes are normalised. For real measurements, the force can 
have an effect on the MSCI for very large and very low forces due to signal clipping 

Figure 9. Effect of individual influence factors on the MSCI. In (a) and (b) the influence factors related 
to the transmitter and receiver are given, while (c) addresses those related to the whole plate. In (d) 
the factors affecting the hole are shown.
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and the presence of noise. Further, changing the transmitter and receiver x-position 
has a larger effect than the y-position; the same is true for the hole position. A reason 
for this could be that by changing the x-position, the direct path of the wave from the 
ultrasound transmitter to the receiver is affected, whereas changing the y-position has 
more influence on the reflections at the side of the plate. The angle of incidence has 
a relatively small effect for the chosen deviation (25%) but increases non-linearly for 
larger changes (see Figure 9(b)). Most of the influence factors change the MSCI non- 
linearly over their parameter range, which makes it more difficult to calculate the 
introduced error due to the respective influence. A parameter with a linear relation
ship is the change in the hole diameter (see Figure 9(d)).

4.4. Estimation of the hole position and diameter with deep learning and 
comparison metrics

Based on the previous findings, it can be concluded that variations of the defect diameter d 
(see Figures 7 and 8) and the hole x- and y-positions (see Figure 6) significantly affect the 
MSCI. These two factors are likely difficult to distinguish based on one comparison metric, 
thereby compromising the ability to detect defects. This is evident in Figure 10, where the 
MSCI was assessed for both the simulated dataset (top) comprising 2500 randomly 

Figure 10. Evaluation of MSCI over the hole diameter d with random influence factors and varied hole 
positions. The simulated dataset is presented at the top, while the measured dataset is shown at the 
bottom. The black line indicates the MSCI for each respective hole diameter.
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initialised simulations and the measured dataset (bottom) consisting of 1600 measure
ments. Both datasets contain various hole positions with x and y-positions 2 [−30 mm, 30  
mm], along with different defect diameters.

Since there was no visible relation when plotting the MSCI over the x-position or the 
y-position for both datasets, these plots are not shown here. It can be seen that the 
relation is now significantly weaker in comparison to the evaluations of the hole position 
in the centre of the plate (see Figures 7 and 8), and the noise level in the data is higher. 
Nevertheless, the mean of the MSCI is still increasing over the defect diameter. For the 
simulated dataset, the mean MSCI was calculated for evenly spaced hole diameter ranges.

Moreover, a TST model was trained on both simulated and measured data. Since the 
model has three outputs, the hole diameter d, and the x- and y-position, it has the 
capability of distinguishing these three influence factors in the signals. The models were 
trained with a 10-fold cross-validation on the respective dataset. Only the validated 
dataset of each fold is used for further evaluation. Notably, it was observed that when 
labeling x and y-positions within 2 [−30 mm, 30 mm] with a positive and negative range, 
the model failed to learn anything and simply predicted the mean of these labels, which is 
zero. This can be due to symmetries in the measurement setup, which lead to similar 
signals at different hole positions. To address this, absolute values for the x- and 
y-positions were utilised as labels, resulting in a range from 0 to 30 mm. The test results 
are presented in Figure 11.

In both the simulated and measured datasets, the TST model demonstrates 
more accurate predictions for the hole diameter, d than for the hole positions. 
Hole positions near the centre axis of the plates (x = 0 mm or y = 0 mm) or at the 
boundary (x = 30 mm or y = 30 mm) exhibit higher prediction errors for both 

Figure 11. Predictions generated by the TST model for the simulated dataset in (a)-(c), and the 
measured dataset in (d)-(f). A line fit with its 95% prediction bounds is given in red.
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datasets. Moreover, larger diameters are predicted less accurately. Overall, the 
models exhibit poorer performance on the measured dataset in (d)-(f) compared 
to the simulated one in (a)-(c). An exception is observed in the case of hole 
diameter, where the RMSE is smaller. It shall be noted that the simulated dataset 
contains larger hole diameters than the measured dataset, which leads to a higher 
RMSE.

4.5. Evaluation of the probability of detection for the comparison metrics deep 
learning model

To quantitatively compare the MSCI and the deep learning models, a POD evaluation 
was performed. The estimation of âdec on a plate without a hole is not directly applicable 
to the deep learning model. Therefore, the mean response plus one standard deviation of 
the model to hole diameters � 1; 5 mm was used as âdec for both the simulated and 
measured datasets. This represents 68% of the data for that hole diameter range. To 
evaluate the TST model and the MSCI comparable this was also done for the MSCI. The 
POD curves are illustrated in Figure 12, with the simulated data displayed at the top and 

Figure 12. POD curves for the simulated (top) and measured (bottom) datasets. The TST response is 
depicted in black, and the MSCI response in blue is. The datasets include simulations and measure
ments with varying hole diameters and positions. The decision thresholds âdec for the simulated data 
are 1.85 for the TST and 0.25 for the MSCI. For the measured data they are 2.53 and 0.47, respectively.
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the measured data at the bottom. The MSCI is represented in blue, and the precision of 
the deep learning model is depicted in black.

The POD for the simulated dataset is higher than that of the measured dataset, and the 
deep learning model outperforms the MSCI. In the simulated dataset, the MSCI achieves 
a 50% POD at 5.93 mm, while the TST model achieves this at 1.57 mm. Notably, the a50 
value of the TST model is even smaller than that of the MSCI with the defect positioned at 
the center and the simulated data (see Subsection 4.4). For the measured data, the TST 
model reaches a 50% POD at 2.18 mm, and the a50 value for the MSCI is beyond the 
investigated range of hole diameters. The relatively narrow confidence bounds, especially 
in the context of the high variance in the data, can be attributed to the large dataset sizes 
of 2500 and 1600 samples, respectively.

5. Conclusions and outlook

This study demonstrates the application and limitations of full waveform evaluation for 
quality control of manufactured parts using a simple ultrasonic transmitter-receiver 
setup. Plates with holes of varying sizes at different positions were examined, and the 
measured setup was simulated. Hereby, random influence factors, which represent 
changes in coupling and environmental conditions, were regarded. Hereby, it was 
found that influence factors related to the properties of the whole plate, such as tem
perature or the plate dimensions, have the largest effect on the measured and simulated 
ultrasonic signals.

The comparison metrics, R2 score and magnitude squared coherence MSCI, were 
evaluated for the capability to detect the holes in the plate. For the MSCI hole diameter 
and position were investigated separately and combined. Additionally, a deep learning 
model, i.e. a time series transformer (TST), was trained to predict defect positions and 
diameters. All approaches were compared using probability of detection curves. The key 
findings of the study can be summarised as follows:

● The MSCI was found to be robust to many random influence factors, related to the 
coupling or transducer position or the deviation of the position of the hole given at 
a specific location.

● Both the hole diameter and the hole position have a large effect on the ultrasound 
signals and the detectability of the defects but are with the given approach impos
sible to distinguish with the MSCI.

● The best approach for detecting defects was found to be deep learning models, 
which are robust to different influences and can separate several effects that change 
the ultrasonic signal.

For the practical implementation of this kind of methodology, initial precision in 
manufacturing is crucial, requiring minimal variations in part dimensions. Consistent 
measurement conditions, including temperature, are equally relevant. The accurate 
positioning of the transmitter and receiver is also of importance, and in such cases, 
industrial robots could help. The force with which the transmitter is pressed onto the 
specimen does not influence the evaluation with MSCI under the range studied.
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Additionally, when examining the same part, it is important to investigate the signals 
for various defect positions. Simulation can streamline and optimise this experimenta
tion process. In large-scale manufacturing facilities, establishing a database of ultrasonic 
measures becomes feasible. With such a database, which contains defects with known 
characteristics, a deep learning model could be trained, enabling relatively robust defect 
detection.

In the future, we aim to explore whether utilising both the MSCI and ultrasonic 
recordings as inputs enhances defect detection. Furthermore, we plan to explore whether 
pretraining the model on simulated data followed by fine-tuning it on measured data can 
lead to improved performance on the measured dataset. Further, we want to investigate 
similar approaches as presented in Lu and Michaels [5] for the temperature valuation in 
which temperature effects are compensated by using measurements of a baseline dataset, 
conducted at different temperatures. This approach can be extended to other influencing 
factors. A further next step could be to test deep learning models on a setup with more 
than one hole. Here it could be estimated if holes are there (detection), where they are 
(localisation), and what diameter they have (characterisation). Additionally, we want to 
test the presented approaches on scattering materials like carbon fibre-reinforced plastic. 
Finally, measurements using several receivers in a pulse-echo and pitch-catch setup could 
improve the localisation capability of the TST model significantly. This advancement 
may bridge the gap needed to significantly boost performance to use such a method in 
practical applications.
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