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 A B S T R A C T

The interpretation of ultrasonic wave propagation in inhomogeneous materials remains a challenging task. 
This is a topic of particular interest in the nuclear industry, where the inspection of inhomogeneous thick-
section welds is vital to meet safety standards. Such welds are characterised by columnar grains with 
varying preferred orientations resulting from a complex solidification process. Consequently, conventional 
post-processing techniques of ultrasonic data may lead to erroneous conclusions, as the ultrasonic beam 
is distorted and attenuated, no longer following a straight path. This issue can be resolved if material 
information is available. We propose a model-based deep neural network (DNN) inversion workflow to infer 
weld microstructure description from time-of-flight (ToF) maps. Work to date focused on grain orientations; 
in this contribution, we extend it to weld geometry, array position, and the elastic tensor. The workflow uses 
numerically generated welds and a fast ray-tracing solver based on the shortest-ray-path (SRP) principle to 
determine propagation times. The weld orientation configurations (weld maps) use the generalised Ogilvy 
description, sampled in a parameter space with up to ten variables, such as the dominant grain orientation, 
the rate of change of the grain orientations, the chamfer angle, the array position, and the coefficients of 
the transversely isotropic elastic tensor in 2D. Therefore, the characterisation considers both geometric and 
material properties, encompassing a broad range of welds. We develop, use, and evaluate several DNN-based 
metamodels to determine weld maps from ultrasonic array data and validate the approach using grain-scale 
finite-element simulations and experimental ToF measurements. Weld maps resulting from the inversion are 
used to determine the delay laws for correcting the ultrasonic images of defects, achieving a signal-to-noise 
ratio improvement of up to 6.4 dB.
1. Introduction

Safety-critical applications, such as nuclear power plants, require 
the use of materials that can withstand demanding conditions, in-
cluding high temperatures and high pressures. These materials often 
exhibit a complex metallographic structure with texture and significant 
heterogeneity, which pose challenges for ultrasonic inspection and 
its interpretation. Thick-section welds are a prime example, where 
columnar grains with varying preferential orientations result in devi-
ation, splitting, and, notably, attenuation of the ultrasonic beam [1,2]. 
Conventional algorithms for defect detection and imaging operate on 
the assumption of a homogeneous and isotropic medium, meaning that 
ultrasound is only understood to travel along straight paths. Employing 
this assumption to inspect heterogeneous media results in misplaced 
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defect signatures. More importantly, mismatched delay laws cause the 
energy associated with a scatterer to spread spatially, resulting in a 
significant drop in the signal-to-noise ratio [3,4]. While the straight-ray 
assumption is common in many acquisition systems, material informa-
tion can be incorporated into ultrasonic imaging through delay laws 
computed using an appropriate model [5].

The delay laws are computed based on the crystallographic struc-
ture of the material and its associated direction-dependent and spa-
tially varying wavespeed. Crystallographic information can be obtained 
through examination using, e.g., the Electron Backscatter Diffraction 
(EBSD); numerical welding simulations [6,7]; geometrical models, such 
as the Ogilvy description [8,9]; and phenomenological models, such as 
MINA [10]. However, these methods have their shortcomings. EBSD is 
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destructive and costly and welding simulation is time-consuming and 
involves considerable computing resources. On the other hand, weld 
descriptions, like MINA, provide the grain orientation layout given a 
set of welding parameters. The grain orientation layout is not a repre-
sentation of individual grains; it is a grid structure composed of locally 
homogenised cells, each containing their dominant grain orientation. 
The associated ray-based model utilises the grain orientation map to 
compute the times-of-flight (ToF), accounting for the changes of the 
direction-dependent wavespeed.

While Ogilvy and MINA weld descriptions are efficient, they re-
quire parameter tuning and are limited in their ability to capture 
the complexity of the weld. Alternatively, grain orientations can be 
characterised directly from ultrasonic measurements by solving the 
inverse problem: given the experimentally measured times-of-flight, we 
seek to obtain the associated grain orientations or welding parameters. 
The predicted values are then employed to compute updated delay 
laws that can support imaging, using e.g. the Total Focusing Method 
(TFM) [11].

Several approaches have been developed to perform the inversion. 
They were usually formulated as optimisation problems, that is, min-
imising an objective function, [12–15]. In [16], Fan et al. focused on 
updating the four parameters in the MINA model whose influence on 
the ToF was most significant. They then proceeded to employ a global 
optimisation process based on the genetic algorithm, iteratively solving 
the ray-tracing model for the generated set of input parameters. The 
technique produced an optimal set of parameters whose computed ToF 
best matched the experimental (target) ToF.

In [5], Kalkowski et al. developed a two-stage physics-based work-
flow called weld map tomography. In the first stage, their generalised 
Ogilvy model was introduced to provide a starting orientation layout, 
and their cost function was evaluated with respect to the dominant 
orientation defined in that model. In the second stage, each cell orienta-
tion and resulting arrival times were updated independently of the weld 
description. The second stage was an implementation of time-of-flight 
tomography, in which the gradient of the objective function was cal-
culated by back-projecting the difference between measured and com-
puted arrival times across a propagation path, considering anisotropy. 
Although their approach was sensitive to the initial guess, the two-stage 
setup aided convergence and provided a significant improvement to 
imaging, as compared to the straight ray path assumption.

Depending on the context, the gradient-based approach can be 
advantageous because it provides a process that is usually transparent 
and explainable (not a black box) and maintains mathematical rigour. 
Although these methods are generally effective at solving the inversion 
task, their computational cost can be significant, and they tend to be 
unstable and affected by local minima. Moreover, their application 
is subject to problem-specific constraints, thus requiring the optimi-
sation procedure to be significantly modified for each new inspected 
case. Therefore, their use may be limited in contexts where real-time 
inspection is indispensable.

Emerging data-enabled technologies have shown promising results 
in tackling some of the limitations of the traditional optimisation 
framework. The obvious advantage is the potential to support scalable 
real-time tasks. However, they usually require large datasets and carry 
the risk of providing unreliable predictions due to a decision-making 
process that is difficult to interpret (black-box). Still, applying trained 
models to experimental data can be highly advantageous in obtaining 
material properties [17]. Motivated to explore a different approach 
to the weld characterisation problem, this paper investigates whether 
neural networks can reliably extract features of the ToF maps that 
enable linking them to grain orientations.

Neural networks have been employed for weld map inversion be-
fore. In [18], Singh et al. used deep neural networks (DNNs) to infer 
grain orientations from ToF maps [18,19]. Synthetic polycrystals were 
generated using Voronoi tessellations with randomly oriented cells, dis-
cretised into a 16 × 16 grid and smoothed to reduce artefacts. Training 
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data consisted of orientation maps and ToF maps computed using the 
anisotropic multi-stencil fast marching method (AMSFMM) [12]. One 
DNN was trained per output pixel, each mapping the full ToF map 
to a single orientation. A generative adversarial network (GAN) was 
trained to upscale the predicted 16 × 16 maps to 64 × 64, substantially 
improving resolution and accuracy of the DNN predictions.

In their following work [19], Singh et al. employed a similar work-
flow to reconstruct weld grain orientation maps from ToF maps. The 
weld maps used for training were generated by randomly perturbing 
a single reference grain orientation layout derived from the Ogilvy 
description. Their approach required training one DNN per orientation 
cell, achieving an average orientation prediction error of 2.61◦. The 
DNN model was also used to predict the grain orientation from ToF data 
obtained from homogenised FEM simulations of a weld with embedded 
defects. The weld map obtained was utilised to update the ultrasound 
delay laws in the TFM calculation, achieving an improvement of up to 
5.3 dB.

Another application of DNNs for microstructure characterisation 
is explored in [20], where Patel et al. employed a neural network 
model to compute crystallographic orientation directly from surface 
wave velocity measurements obtained by Spatially Resolved Acoustic 
Spectroscopy (SRAS). SRAS usually employs the brute force search 
algorithm (BFSA) to determine the grain orientations from surface 
acoustic waves measurements, which is a bottleneck in the process. By 
employing DNNs, Patel et al. reported similar outcomes as the BFSA 
but with significantly faster computation times. 

Previous studies have demonstrated the strong potential of machine 
learning for extracting material properties from experimental data. 
However, several key aspects remain unexplored: (i) previous works 
assumed known elastic tensor properties, which is rarely the case in 
practice; (ii) predictions were limited to determining grain orientations 
only, and did not include information about material or geometry; (iii) 
previous models were tested only with homogenised numerical data, 
not experimental measurements.

We propose two inversion workflows: the first predicts grain orien-
tations directly from ToF maps assuming prior knowledge of the elastic 
constants, and fixed geometry. The second predicts the parameters of a 
generalised Ogilvy description, but also the elastic tensor and selected 
geometric parameters. Each inversion workflow involves a single DNN 
model for the entire domain. This model accepts the full time-of-flight 
map as an input, and predicts the full grain orientation map (first 
workflow) or the tensor and weld parameters (second workflow).

We evaluate two network architectures for the weld inversion task: 
a fully-connected neural network (FCNN) and a convolutional neu-
ral network (CNN), the latter to leverage the CNN’s ability to learn 
from structured spatial data [21]. The trained models are evaluated 
using ToF maps obtained from grain-scale FEM simulations (with a 
fully controlled microstructure) and experimental measurements. The 
experimental data come from an industry-relevant austenitic stainless 
steel weld with drilled artificial defects. Ultrasonic reconstruction of the 
weld serves as an input for updating the delay laws and correcting the 
ultrasonic image for defect localisation.

The paper is organised as follows: after a brief review of cur-
rent approaches to soft computing for material characterisation, we 
introduce the considered setup in Section 2. Next, in Section 3, we 
discuss the weld description and the forward model implemented to 
generate the training, validation, and testing datasets along with a 
data-based sensitivity analysis of the metamodel. Subsequently, two 
inverse tasks are presented: (i) obtaining grain orientations from ToF 
maps (Section 5), and (ii) obtaining weld parameters from ToF maps 
(Section 6). For each task, we assess the performance of their respective 
deep learning models by evaluating prediction errors in (a) train-like 
unseen datasets, (b) k-fold cross-validation estimates, and (c) FE grain-
scale data. The paper is concluded with an experimental case study 
in Section 7, aiming at improving the signal-to-noise ratio and defect 
signatures of an industry-relevant weld by employing the developed 
models.
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Fig. 1. Weld mock-up: (a) weld cross-section with artificial defects drilled through the right chamfer; (b) weld dimensions and material properties; (c) 64-element 
array transducer positioned centrally over the weld; (d) total focusing method imaging with isotropic assumption; (e) EBSD imaging of the weld; (f) ultrasonic 
beam paths assuming isotropy (red) and anisotropy (blue).  (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
2. Weld characterisation setup

In this section, we analyse the austenitic stainless steel mock-up 
weld [5] presented in Fig.  1(a) using the traditional ultrasound imaging 
workflow, where the weld is assumed homogeneous and isotropic. Later 
in Section 7, we will show how this workflow can be improved by 
accounting for the weld’s heterogeneity and anisotropy through an 
inversion process based on neural networks. The weld has two holes 
side-drilled through the weld’s right chamfer to simulate target defects 
(see Figs.  1(a) and 1(c)). Fig.  1(b) presents the weld dimensions and 
material properties - the latter are generally unknown. Fig.  1(c) shows 
the experimental setup for the characterisation of the weld.

The measurements were carried out with a 2.25MHz 64-element 
array with a pitch of 0.75mm. The array was in direct contact with 
the top of the sample (using a standard gel couplant), with the weld 
cap machined into a flat surface, as shown in Fig.  1(c). The ultrasonic 
data were acquired using full matrix capture (FMC), in which signals 
are recorded across all array elements for successive excitations of each 
individual element. The data was subsequently post-processed using 
the total focusing method (TFM) [11] for image reconstruction as per 
Eq. (1), which assumes an isotropic medium: 
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where ℎ is the analytic signal, whose real and imaginary parts are 
related by the Hilbert transform of the acquired time series transmitted 
by the element 𝑡𝑥, and received by the element 𝑟𝑥. The fraction that fol-
lows defines the delay laws: the numerator computes the propagation 
distance from the transmitting element at position (𝑦𝑡𝑥, 0) to each grid 
reflector point in the domain (𝑦, 𝑧), and then to the receiving element 
at position (𝑦𝑟𝑥, 0). The denominator 𝑐𝐿 is the constant wave velocity in 
the medium.

The isotropic assumption is clearly indicated in the calculation 
of the delay laws, as it presumes straight beam paths (numerator) 
and a constant wave velocity throughout the medium (denominator). 
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Employing this approach yields the TFM image in Fig.  1(d), and we ob-
serve that the ultrasonic energy is scattered, resulting in an image with 
elevated structural noise and attenuation. Note how the top chamfer 
defect is unfocused, and the bottom one is not visible.

As discussed in Section 1, the TFM image can be corrected if 
the material properties of the weld are incorporated into the TFM 
computation. Fig.  1(e) shows the EBSD imaging of the weld, and 
reveals its microstructure: a collection of elongated grains with spatially 
varying dominant orientations. These columnar grains with preferential 
orientations are responsible for distorting the ultrasonic beam. Fig.  1(f) 
illustrates the impact of the columnar grains on the beam path (blue) 
in comparison with the isotropic beam path (red). The discrepancy 
between beam paths is significant, demonstrating the need to account 
for the material information when computing the delay laws. Since 
EBSD is a destructive procedure, we need to extract that information 
by other means. As discussed in Section 1, we explore ultrasonic 
reconstruction of grain orientations using two model-based deep neu-
ral network (DNN) inversion workflows. The models supporting this 
inversion are discussed next.

3. Modelling anisotropic representations of the weld

As with any deep neural network training process, a substantial 
volume of data is essential to ensure model robustness and gener-
alisation. This section presents the forward modelling strategies for 
data generation, and the considerations for error quantification: first, 
for efficiency, we use the shortest ray path (SRP) model [5,9,22] to 
generate ToF maps for training, validation, and testing; the SRP model 
is based on the generalised Ogilvy description of weld orientations 
- a simple but versatile model for initial studies. While we employ 
the Ogilvy description, the process is general and well suited for use 
with other grain orientation models, including, e.g., MINA. To sup-
port testing while avoiding the inverse crime [23], we also present a 
time-domain grain-scale finite element model to mimic experimental 
measurements, including all the rich physics of wave scattering in 
heterogeneous anisotropic media. Lastly, this section concludes with a 
discussion about the data generation procedure and their impact on 
training.



L.Q. Machado et al. NDT and E International 163 (2026) 103775 
Fig. 2. (a) Single v-weld as per generalised Ogilvy model [5].

3.1. Ogilvy model and weld configuration

Fig.  2 illustrates the V-weld configuration examined in this study, 
along with its corresponding geometric parameters. These parameters 
are a generalisation of the Ogilvy map [9], which allows for repre-
senting anisotropic heterogeneous materials with an equivalent locally 
homogenised medium. In addition to these geometric characteristics, 
we also incorporate the four (five in 3D) independent material param-
eters of the transversely isotropic tensor of the weld material in 2D, 
as well as the longitudinal wave speed (𝑐𝐿) in the isotropic parent 
material.

The single-V weld depicted in Fig.  2 follows the generalised Ogilvy 
map configuration presented in [5]. The parameter 𝛿 determines the 
relative position of the transducer array with respect to the weld 
centreline. The grain orientations 𝜃 at each location in the 𝑦–𝑧 plane 
are calculated as: 
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where 𝑇𝐿 and 𝑇𝑅 represent the tangents of the orientation angles on 
the left and right chamfers, respectively. 𝛼𝐿 and 𝛼𝑅 are the left and 
right chamfer angles, while 𝑑𝐿 and 𝑑𝑅 denote the lengths of the left and 
right weld beads. 𝜂𝐿 and 𝜂𝑅 correspond to the rates of change of the 
orientation angle when moving horizontally from the chamfer towards 
the centreline. The parameter 𝑎 is the weld thickness, and 𝜁 is the 
dominant orientation, reflecting the preferred grain growth direction. 
See [5,9] for more details on the derivation of Eq. (2).

For training purposes, we make no distinction between the left and 
right parameters (i.e., 𝜂𝐿 = 𝜂𝑅, 𝑇𝐿 = 𝑇𝑅, 𝛼𝐿 = 𝛼𝑅, and 𝑑𝐿 = 𝑑𝑅). It 
does not necessarily impose a symmetric grain layout as 𝜁 shifts the 
angles along a dominant orientation. Table  1 presents the ten variables 
of interest for training.

3.2. Shortest ray path model

The shortest ray path model processes the grain orientation layout 
defined by the Ogilvy model (Eq. (2)) to compute time-of-flight maps. 
It accounts for directional variations in wave speed due to material 
anisotropy, as defined by the grain orientation layout, and employs 
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Table 1
Weld parameters of interest for training.
 Parameter Symbol Unit  
 Chamfer angle 𝛼 ◦  
 Array offset 𝛿 mm  
 Dominant orientation 𝜁 ◦  
 Angle orientation tangent T –  
 Orientation change rate 𝜂 –  
 Longitudinal wave speed 𝑐𝐿 ms−1 
 Independent elastic constants 𝐶22 , 𝐶33 , 𝐶23 , 𝐶44 GPa  

Fermat’s principle [2,14,22] to compute the propagation path between 
two points that minimises travel time.

The effect of heterogeneity becomes important when there is ma-
terial orientation deviation over a significant spatial distance; hence, 
the precision at the local scale is not as important as one might think, 
and there is no significant advantage in pursuing locally accurate 
representations [5,16]. As demonstrated in [3,5,24], grains with similar 
orientations (Fig.  3(a)) can be described by a macroscopic equivalent 
representation of the grain topology, resulting in a map of homogenised 
cells (Fig.  3(b)), often referred to as weld maps [16]. The behaviour 
of the homogenised cell is defined by a transversely isotropic material 
with its soft axis aligned with the dominant grain orientation. In [5], 
Kalkowski et al. demonstrate that SRP and FE ToF computations con-
verge when a 2mm grid cell is employed, yielding ToF errors well below 
0.05 μs, in line with the accuracy target reported in [22]. Therefore, a 
2mm grid size is employed in all SRP computations.

The inversion uses the pulse-echo configuration, with a 64-element 
array. Although this arrangement limits the range of viewing an-
gles [25] - and consequently limits the amount of material information 
that can be recovered - the pulse-echo setup remains a practical 
choice given the area available around the weld [5,26]. The transducer 
array works as transmitter and receiver; for computation purposes, 
the backwall reflection is modelled by mirroring the domain around 
the backwall of the weld, as illustrated in Fig.  3(c). This approach is 
adopted to comply with the Fermat principle and allow the computa-
tion of the wave propagation path back to the transducer. The solid 
blue line indicates the incident wave path, while the solid green line 
indicates the reflected wave path from the backwall. The SRP model 
is used to generate ToF data in a controlled setting, where the causal 
relationship between weld parameters and ToFs is explicitly defined. 
This fast and deterministic workflow underpins the training of deep 
neural networks.

3.3. Finite element modelling

Grain-scale simulation is performed using the finite element
method. Contrary to homogenisation (Fig.  3(b)) adopted in the SRP 
model, the FE models grain topology directly (Fig.  3(a)). It acts as 
a virtual experiment by considering the full physics of elastic wave 
propagation through a textured, heterogeneous, anisotropic medium. 
We implement a numerical workflow analogous to a full matrix cap-
ture [11], simulating the action of a 64-element array with a pitch of 
0.75mm. Each element sequentially applies a three-cycle toneburst with 
a central frequency of 5MHz from the top boundary of the weld.

Fig.  4(a) presents the grain orientation layout of the FE model, 
constructed using an equivalent homogenised configuration defined by 
the weld parameters presented in Table  2. Each cell in this layout was 
assigned a standard Poisson–Voronoi tessellation comprising 40 grains. 
The microstructure of each cell was elongated by a factor of 10 and 
rotated to match the grain orientations (see Fig.  3(a)). The weld model 
shown in Fig.  4(a) was obtained by aggregating these individual grain-
populated cells at their respective locations. The grain microstructure 
was generated using Neper, an open-source software for polycrystal 
generation and meshing [27].
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Fig. 3. SRP model: (a) grain-scale representation of the grid cell; (b) homogenised representation of the grid cell, which is employed in the SRP computations, 
and (c) the pulse-echo set-up and computation strategy with mirrored domain.  (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)
Table 2
V-weld parameters for FE model.
 Parameters 𝛼 𝛿 𝜁 T 𝜂 𝐶22 𝐶33 𝐶23 𝐶44 𝑐𝐿  
 Units ◦ mm ◦ – – GPa GPa GPa GPa m s−1  
 FEM model 27.5 0 −7.3 0.8 1.1 241.3 228.5 91.2 94.7 5668.1 

The weld model was discretised with a regular quad mesh (CPE4-
type linear elements) with an element size of 25 μm, totalling over 9 
million degrees of freedom. The model satisfied the 10 elements per 
wavelength and the 10 elements per linear grain dimension criteria 
suggested by published studies [28–31]. Absorbing boundary condi-
tions were applied to the left, right, and upper edges. The simulations 
were performed in Pogo [32], a GPU-based code for fast modelling of 
ultrasound. Each element excitation requires an independent FEM com-
putation, and the full 64-element FMC computation was completed in 
approximately 12min (see Table  7 for workstation specs). The inversion 
process developed in this paper uses the ToF map which first needs to 
be  manually extracted from time traces. The accuracy of FMC data 
(either simulated or measured) post-processing directly affects the ToF 
maps, and consequently, the performance of the DNN model (and any 
ToF map-based inversion).

The ToF extraction process is often time-consuming owing to
backscattering and grain-induced attenuation. However, the numerical 
setup allows for using auxiliary simulation of a model without a back-
wall, which can then be subtracted from data computed with backwall. 
This operation eliminates backscatter preceding the first arrival and 
simplifies post processing 4(b). Thus, a second set of simulations is 
executed by adding absorbing boundaries to the model depicted in Fig. 
4(a).

3.4. Generation of training data

The weld model and its resulting time-of-flight maps are governed 
by a set ten independent parameters: the weld chamfer angle (𝛼), the 
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transducer array offset (𝛿), the dominant grain dominant orientation 
(𝜁), the tangent of the orientation angles on the chamfers (𝑇 ), the rate 
of change of the orientation angle (𝜂), the longitudinal wavespeed in 
the parent material (𝑐𝐿), and the transversely isotropic elastic constants 
of the weld material 𝐶22, 𝐶33, 𝐶23, and 𝐶44 (see Table  1).

Before we attempt the inverse problem, which is ill-posed and 
challenging, we seek to understand how sensitive the time-of-flight 
maps are to perturbations in the input. This helps to comprehend the 
role of each parameter, supports the interpretation of the subsequent 
DNN model predictions, and assists in the evaluation of the model 
performance by accounting for the associated errors and confidence 
intervals. Table  3 presents the 10 weld parameters and their bounds, 
adopted to generate the training dataset through the Ogilvy-SRP model. 
The sensitivity of the forward model is evaluated using the Sobol sam-
pling method, which generates low-discrepancy sequences to ensure a 
uniform distribution and mitigate clustering effects [33].

Identifying parameters with low sensitivity informs possible dimen-
sionality reduction in subsequent modelling, and a lower number of 
observations may be required to represent the featured space [33]. 
However, the sensitivity computations can be significantly affected by 
parameter sampling ranges [34]. Table  3 shows the bounds of the 
weld parameters spanning relatively broad ranges which need to be 
considered during interpretation.

Model sensitivity is analysed using Sobol indices [33] (implemented 
in the SALib python library [35,36]). The first- (𝑆𝑖) and second-order 
(𝑆𝑖𝑗) Sobol indices are defined by Eqs. (3) and (4), respectively [33,34]:

𝑆𝑖 =
𝐷𝑖
𝐷

, (3)

𝑆𝑖𝑗 =
𝐷𝑖𝑗

𝐷
, (4)

where 𝐷𝑖 is the first-order variance of each parameter (𝑝𝑖), and 𝐷𝑖𝑗 is 
the second-order variance of each parameter interactions with respect 
to each other (𝑝𝑖, 𝑝𝑗 ). The denominator 𝐷 is the total variance of 𝑓 (𝐩), 
which accounts for all higher-order interactions: 
𝐷(𝑓 ) =

∑

𝐷𝑖 +
∑

𝐷𝑖𝑗 +
∑

𝐷𝑖𝑗𝑘 +𝐷12...𝑝. (5)

𝑖 𝑖<𝑗 𝑖<𝑗<𝑘
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Fig. 4. FE modelling: (a) grain-scale model, and (b) signal processing strategy, showing the unprocessed and cleaned simulated time traces transmitted from 
transducer 4 and received by transducer 61.
Table 3
Weld parameter space.
 Parameters 𝛼 𝛿 𝜁 T 𝜂 𝑐𝐿 𝐶22 𝐶33 𝐶23 𝐶44  
 Unit ◦ mm ◦ – – ms−1 GPa GPa GPa GPa  
 Bounds [23, 32] [−8, 8] [−10, 10] [0.8, 1.3] [0.8, 1.3] [5650, 5900] [240, 280] [215, 245] [91, 115] [74, 98] 
 𝜏 2 1 2 0.1 0.1 20 2 2 2 2  
 Sample 1 27.949 4.957 −8.172 1.195 1.097 5804.926 259.475 235.837 92.222 90.667  
 𝛥𝐩 = +1% 0.279 0.050 0.082 0.012 0.011 58.049 2.595 2.358 0.922 0.907  
The first-order sensitivity index 𝑆𝑖 measures the individual influence 
of each 𝑝𝑖 on the output 𝑓 (𝐩), while the second-order sensitivity index 
𝑆𝑖𝑗 accounts for the contributions of the interactions between param-
eters [34,37]. The results of the sensitivity analysis are presented in 
Figs.  5(a) and 5(b). Since the output of 𝑓 (𝐩) is a 64 × 64 image, the 
indices are calculated for each pixel and averaged. The average values 
and their associated standard deviation ranges are also displayed.

Fig.  5(a) shows that 𝐶44 has the highest first-order index (𝑆𝐶44
=

0.224), while the chamfer angle 𝛼 has the lowest first-order index (𝑆𝛼 =
0.021). Since the Sobol indices are unitless and normalised from 0 to 
1 (∑𝑛

𝑠=1
∑𝑛

𝑖1<⋯<𝑖𝑠
𝑆𝑖𝑖 ...𝑖𝑠 = 1), the Sobol index 𝑆𝐶44

= 0.224 indicates 
that 22.4% of the total variance in the model output is associated with 
variations in 𝐶44 alone, and 𝑆𝛼 = 0.021 indicates that 2.1% of the 
total variance in the model output is associated with variations in 𝛼
alone [37] - disregarding interactions with other parameters (i.e., the 
higher-order indices). The sensitivity analysis also indicates that ma-
terial parameters (𝑐𝐿, 𝐶22, 𝐶33, 𝐶23, and 𝐶44) take precedence over the 
geometric and Ogilvy parameters (𝛼, 𝜁 , 𝛿, 𝜂, and 𝑇 ). Thus, under the 
featured parametric space and sampling range, higher accuracy is re-
quired from the inverse model in determining the material parameters 
(higher output sensitivity) than in determining geometric parameters 
(lower output sensitivity).

Fig.  5(b) presents the second-order Sobol indices, capturing the 
effect of the interaction between 𝑝𝑖 and 𝑝𝑗 on the variation 𝐷. The 
colour map indicates the mean 𝑆𝑖𝑗 values for each 𝑝𝑖 − 𝑝𝑗 combination. 
At each pixel, there are two dots indicating the associated standard 
deviation. While the material parameters exhibit high significance by 
themselves (see Fig.  5(a)), their combined effect is of less importance. 
Conversely, the geometric parameters, while not playing a dominant 
role individually, when combined with other geometric and material 
parameters, lead to high output variance.

In addition to the global Sobol sensitivity analysis, we conducted 
a local analysis, evaluating the effect of small changes of the inputs 
𝐩 around a given 𝑝𝑖 on model output (valid only for the presented 
case, assuming a linear behaviour in the neighbourhood of 𝑝𝑖). Table 
3 presents a reference sample and its associated perturbation 𝛥𝐩. We 
are interested in analysing the inputs individually, so we apply one 
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perturbation at a time, resulting in eleven output responses (reference 
plus ten perturbations). The perturbed ToF results are subtracted from 
the reference ToF result to assess the influence of changes in each 
parameter 𝑝𝑖 on the ToF map.

Fig.  5(c) show the results in absolute μs values for each parameter, 
i.e indicates the mean ToF discrepancy in μs due to a 1% change in 𝑝𝑖. 
Here, 𝑖 = 𝑐𝐿 occupies the top rank, where a 1% change in its value leads 
to a mean 𝛥ToF = 0.076 μs. Conversely, the 1% change in the dominant 
orientation 𝜁 leads to an insignificant change in 𝛥ToF. Except for the 
parameter 𝛼, the model output is more locally sensitive to changes 
in material parameters than to changes in geometric parameters, as 
observed in the first-order Sobol index results.

Another perspective is added to the interpretation of the results by 
considering the range and tolerance associated with each parameter. 
While Sobol analysis is scale-invariant, the indices are affected by the 
initial ranges assigned to each input [34]. Consequently, parameters 
with wider bounds are likely to contribute more to the output variance, 
resulting in a higher 𝑆𝑖, as observed for 𝑐𝐿 and the elastic constants 𝐶𝑖𝑗
in Fig.  5(a). This can lead to erroneous conclusions about parameters 
with lower indices, such as 𝜁 and 𝛼, which appear to be less impor-
tant to the model in Fig.  5(a). Adjusting the bounds to better reflect 
parameter relevance would break the link to the practical knowledge 
about the problem. More importantly, it will ignore the fact that Sobol 
indices quantify the effect of the parameter uncertainty on the changes 
in the model’s output, rather than the output itself [38]. To emphasise 
that, we conducted local sensitivity analysis for the tolerances (𝜏) 
associated with each parameter, as shown in Table  3. These tolerances 
are chosen based on the practical constraints of typical thick-section 
weld configurations.

Fig.  5(d) presents the local sensitivity analysis when the model is 
perturbed by 𝛥𝐩 = 2𝜏, that is, when it accounts for the tolerances 
established for each parameter in Table  3. From this perspective, for 
example, varying 𝛿 by 2𝜏𝛿 = 2mm is more impactful than varying 𝑐𝐿
by 2𝜏𝑐𝐿 = 40m s−1. In fact, all parameters exhibit comparable levels of 
relevance: 𝛿 climbed from 7th to 1st in its impact on 𝛥ToF, while 𝜁 , 
although climbing just one position, still displays significant relevance. 
Furthermore, the results indicate high variance throughout the 64 × 64 
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Fig. 5. Global sensitivity analyses: (a) first-order, and (b) second-order Sobol indices. First-order local sensitivity analyses: (c) local parameter step of 1%, and 
(d) local parameter step of 2𝜏 (see Table  3).  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this 
article.)
ToF map, i.e., 𝑐𝐿 is more relevant for paths passing predominantly 
through the isotropic region, while 𝐶22 is more relevant for paths cross-
ing the weld region. This confirms that the weld parameters’ sensitivity 
depends on the wave propagation path captured by each transmitter–
receiver pair. Building on the insights from the sensitivity analysis, 
and the relationship between the inputs and outputs, we will evaluate 
the inversion models by their ability to make predictions within the 
tolerances specified in Table  3. Next, we describe the training strategies 
and neural network architectures used for inversion.

4. Deep neural network models

This section describes the deep neural networks used for the inver-
sion tasks in Sections 5, 6, and 7. We use both the fully connected 
neural network (FCNN), and the convolutional neural networks (CNN), 
for the tasks of: (a) predicting grain orientation from time-of-flight data 
(Section 5), and (b) predicting the Ogilvy weld parameters and materi-
als constants from the time-of-flight data (Section 6). While the FCNN 
is generally used for regression tasks, the CNN is known for its efficacy 
with structured spatial data. Our analysis focuses on their performance 
for both of the inversion tasks, and the discrepancy between predicted 
and true values are computed using the mean absolute error (MAE) and 
maximum absolute error (MaxAE) metrics.

Prior to training, a pre-processing step was conducted to prepare the 
data: in the task (a) of predicting grain orientation from ToF maps using 
the FCNN, both the input and target variables were standardised using 
the StandardScaler from the scikit-learn preprocessing module. 
When using the CNN, only the target data (grain orientation) were 
standardised. The transformed data were standardised to have zero 
mean and unit variance, which improved numerical stability during 
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training [39]. After training, the data is transformed back to their 
original representation.

In the task (b) of predicting the weld parameters from the ToF 
maps, only the weld parameters were scaled since they are defined over 
different ranges. This scaling procedure was applied according to the 
bounds established for each parameter (see Table  3), as follows: 

𝑝̂𝑖 =
𝑝𝑖 − 𝑏𝑙𝑖
𝑏𝑢𝑖 − 𝑏𝑙𝑖

, (6)

and were unscaled after training using: 
𝑝𝑖 = 𝑝̂𝑖 ⋅ (𝑏𝑢𝑖 − 𝑏𝑙𝑖) + 𝑏𝑙𝑖 , (7)

where 𝑝𝑖 are the original parameter values, 𝑝̂𝑖 are the scaled values, 
and 𝑏𝑢𝑖  and 𝑏𝑙𝑖 are the upper and lower bounds for the 𝑖𝑡ℎ parameter, 
respectively.

4.1. Fully connected neural network

The fully connected neural network utilised in this study com-
prises an input layer, multiple hidden layers with non-linear activation 
functions, and an output layer with a linear activation function. Each 
hidden layer consists of a defined number of neurons (or units), which 
directly influence the model’s capacity for learning and generalisation. 
The number of dense layers, neurons, and the activation function 
were determined through a hyperparameter optimisation procedure 
employing Bayesian optimisation, as implemented in the KerasTuner
BayesianOptimization tuner [40,41].  A detailed description of 
the hyperparameter search space is listed in Table  4.

The best-performing hyperparameter configuration was used as an 
initial baseline to build the DNN models. Manual tuning was subse-
quently introduced to the DNN model based on empirical convergence 
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Table 4
Bayesian hyperparameter search space and selection criterion for the fully-connected models.
 Hyperparameter Type/Sampling Search space (bounds/options)  
 Number of hidden layers, 𝑛hidden Integer 0 to 20  
 Neurons in first dense layer Integer 16 to 400  
 Neurons per hidden dense layer Integer 16 to 400  
 Activation function Categorical {ReLU, GELU}  
 Learning rate (Adam) Continuous (log-uniform) 10−4 to 10−2  
 Batch size Integer 16 to 100  
 Loss function Fixed Mean squared error (MSE)  
 Optimiser Fixed Adam  
 Validation split Fixed 0.2  
 Early stopping Fixed Patience = 20  
 (monitor: val_loss; restore best weights)  
 Selection criterion Fixed Minimum validation MAE across all trials 
Table 5
Fully Connected Neural Network (FCNN) architectures and hyperparameter configurations for extracting grain orientations and weld parameters from ToF
maps.
 Component ToF to grain orientation ToF to weld parameters
 (see Section 5.1) (see Section 6.1)
 Input layer 4096 input features (flattened 64 × 64 ToF map) 4096 input features (flattened 64 × 64 ToF map)  
 Initial dense layer 63 neurons, GELU activation 400 neurons, GELU activation  
 Hidden layers 2 Dense layers, each with 204 neurons and GELU activation 4 Dense layers, each with 158 neurons and GELU activation 
 Output layer 380 units (19 × 20 grain orientation map), linear activation 10 units (weld parameters), linear activation  
 Optimiser Adam Adam  
 Learning rate 4.95 × 10−4 1 × 10−5  
 Loss function Mean Absolute Error (MAE) Mean Absolute Error (MAE)  
 Batch size 72 49  
 Epochs (max) 5000 5000  
 Validation split 0.2 (20% of training data) 0.2 (20% of training data)  
 Callback Early stopping (patience 100, restore best) Early stopping (patience 20, restore best)  
 Regularisation None L2 kernel regularisation (0.005)  
behaviour. For example, although the learning rate was bounded to 
the range 10−4−10−2, a lower learning rate of 10−5 was applied to the 
second task (ToF to weld parameters). The final FCNN configuration 
for each regression task is described in Table  5.

Table  5 shows the (FCNN) architectures and hyperparameter config-
urations used in Sections 5.1 and 6.1 for extracting (a) grain orientation 
maps, and (b) weld parameters from ToF maps, respectively. While both 
receive ToF maps with 4096 features as input, the grain orientation 
map requires 380 output nodes, and the weld parameter vector requires 
10 output nodes. However, Table  5 shows that the first inversion task 
requires a simpler network, with only 3 dense layers, whereas the 
second inversion task requires two additional dense layers, a signifi-
cantly lower learning rate, and an 𝐿2 kernel regularisation to prevent 
overfitting by penalising larger weights.

The higher complexity of the network for task (b) might be counter-
intuitive at first, as extracting grain orientations required an output 
with 380 units, whereas extracting weld parameters required only 10. 
However, the latter had no knowledge of material parameters, adding 
significant complexity to the inversion. Also, image outputs provide 
dense supervision, where each pixel contributes to the loss function. In 
contrast, the weld parameters provide sparse supervision, which gives 
significantly less information about the underlying physical or latent 
space. Consequently, the inversion to weld parameters is more prone 
to ill-posedness due to fewer constraints and requires a more complex 
network.

Fig.  6 illustrates the ToF to grain orientation regression. Both the 
ToF and the grain orientation maps are flattened to accommodate the 
FCNN architecture and then resized back to their original shapes. This 
flattening step is characteristic of FCNNs, which treat each pixel of 
the input image as an individual neuron. In the FCNN architecture, 
each neuron is connected to every neuron of the subsequent layer, each 
treated as an independent observation [42].

The fully connected network offers flexibility in handling various 
data types, but any information associated with the input’s relative 
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position is lost. Consequently, FCNNs have been deemed inefficient for 
spatially structured data, such as images [21]. Here, we deal with time-
of-flight and grain orientation maps, which contain spatial information 
and can be represented as images. On a second note, we also deal 
with parametric representations, which map n-dimensional vectors to 
grain orientations and time-of-flight maps. Thus, we explore how this 
architecture performs in both tasks.

4.2. Convolutional neural network

Convolutional neural networks differ from fully connected neural 
networks in that they preserve spatial information through kernels. 
CNNs offer strong performance for object detection and image classi-
fication [43], although they have also been employed for regression 
tasks [44,45]. In our workflow, we aim to obtain grain orientation maps 
and 10-dimensional weld description vectors from time-of-flight maps. 
In the first inversion, we perform image-to-image regression, while in 
the second, image-to-vector regression.

FCNNs are strong candidates for regression tasks, while CNNs are 
preferred for image processing. We explore both individually in the 
image-to-image task, whereas for the image-to-parameter regression, 
a fully connected regression block is added to the convolutional ar-
chitecture, as illustrated in Fig.  7. In the first task, we explore an 
architecture consisting of a number of Conv2D → Conv2D → MaxPool 
blocks with progressively increasing number of filters, followed by a 
set of deconvolution layers for gradual upsampling. Table  6 shows 
the CNN architectures and hyperparameter configurations used in Sec-
tions 5.2 and 6.2 for extracting (a) grain orientation maps, and (b) weld 
parameters from ToF maps, respectively.

In the image-to-image task, we employ a fully convolutional net-
work comprising four convolutional blocks, one deconvolutional block, 
and a final convolutional output layer. Each of the first four convolu-
tional blocks stacks two convolutional layers followed by a max-pooling 
layer. The convolutional layers are responsible for feature extraction 
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Fig. 6.  Fully connected neural network layout for obtaining grain orientations from ToF data.
Fig. 7.  Convolutional neural network layout with fully connected regression block for obtaining weld parameters from ToF data.
Table 6
CNN architectures and hyperparameter configurations for extracting grain orientations and weld parameters from ToF maps.
 Component ToF to grain orientation ToF to weld parameters
 (see Section 5.2) (see Section 6.2)
 Input 64 × 64 greyscale image (64 × 64 × 1) 64 × 64 greyscale image (64 × 64 × 1)  
 Encoder Four convolutional blocks, each comprising two Conv2D layers (3 × 3 

kernels, GELU activation) followed by MaxPooling2D (2 × 2). The 
number of filters increases progressively: 32, 64, 128, and 256. The 
final block uses dilation rate = 2.

Three convolutional blocks with Conv2D layers (3 × 3 kernels, GELU 
activation) followed by MaxPooling2D (2 × 2). Filter sizes: 32, 64, and 
128. The final block uses dilation rate = 2.

 

 Decoder Four transposed convolutional layers (Conv2DTranspose) with 
decreasing filter sizes: 256, 128, 64, and 32. Each uses 3 × 3 kernels, 
GELU activation, and stride = 2 for upsampling.

None  

 Dense layers None Flatten layer followed by a dense layer with 128 neurons, and 4 dense 
layers, each with 100 neurons. GELU activation adopted.

 

 Output layer Conv2D(1), linear + resize to 19 × 20 10 units (regression target), linear activation  
 Optimiser Adam Adam  
 Learning rate 0.00005 0.00005  
 Loss function Huber Loss MAE  
 Batch size 64 16  
 Epochs (max) 5000 5000  
 Validation split 0.2 0.2  
 Callbacks Early stopping (patience = 20, restore best) Early stopping (patience = 20, restore best)  
 Regularisation None L2 (0.005) on first dense layer  
by employing filters with a receptive field size of 3 × 3 and a stride 
of 1, while the max-pooling layers are responsible for the spatial size 
reduction with a stride of 2. The final convolutional block uses a 
dilation rate of 2, which increases the receptive field, by spacing the 
kernel elements to capture larger context [46].

The fourth block stacks three deconvolutional layers that upsample 
the map and reconstruct it into a locally homogenised grain orientation 
map. The deconvolutional layers employ a receptive field size of 3 × 3 
with a stride of 2. The network is finalised with a convolutional layer 
with a linear activation function, followed by a resizing operation to 
match the grain orientation domain layout.

In the image-to-vector regression task, we employ a convolutional 
encoder followed by a fully connected regressor. The encoder consists 
of three convolutional blocks, each comprising a 3 × 3 convolutional 
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layer with a stride of 1, followed by a max-pooling layer with a stride 
of 2. These blocks progressively extract hierarchical spatial features 
from the input ToF maps. Instead of a deconvolutional decoder, the 
convolutional stack is followed by a fully connected network. This 
regressor begins with a transition dense layer containing 128 neurons, 
followed by four dense layers with 100 neurons each. The dense layers 
use the GELU activation, selected after iterations with other activation 
functions such as ReLU and Swish. The final output layer consists of 10 
units, each representing a predicted weld parameter.

5. Predicting grain orientation from time-of-flight data

First, we discuss training and performance of networks estimating 
weld maps from ToF data as illustrated in Fig.  2. To ensure a uniform 
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Fig. 8. FCNN model performance: (a) grain orientation MAE map across 14,120 test samples, and (b) training and validation losses.
grid for the grain orientation map, the offset (𝛿) and chamfer angles 
(𝛼) are kept constant, with values 𝛿 = 0mm and 𝛼 = 27.5◦. The training 
dataset is generated by computing the Ogilvy model across eight weld 
parameters, using the sample space defined in Table  3.

The whole dataset consisted of 45,183 training samples, 11,295 
validation samples and 14,120 testing samples, totalling 70,598 obser-
vations. Additionally, we conduct a 5-fold cross-validation and test the 
trained model on a numerical dataset obtained from the grain-scale FE 
model introduced in Section 3.3.

5.1. Method 1: Fully connected neural network

The fully-connected neural network presented in Section 4.1 re-
ceives a flattened 64 × 64 ToF map and outputs a flattened 19 × 20 
grain orientation map (weld map). Fig.  8(a) shows the absolute mean 
error of grain orientations, averaged over 14,120 test samples. Each 
pixel indicates the mean error at that location in their original physical 
units (◦). The model performed to a high degree of accuracy, exhibiting 
a mean absolute error  and standard deviation of 0.12 ± 0.06◦ and 
maximum absolute error of 0.38◦. Fig.  8(b) presents the training and 
validation losses based on the MAE metric, which indicate good con-
vergence and no overfitting. These are promising results compared to 
the average error value of 2.61◦ reported in the literature [19]. The 
maximum error of 0.38◦ in Fig.  8(a) is located at the root of the weld, 
which is a reasonable observation due to the limited ultrasonic beam 
coverage in that region [47,48].

5.1.1. 5-Fold cross-validation
A 5-fold cross-validation is conducted to assess our model against bi-

ased predictions [49]. Here, the testing dataset is randomly distributed 
into 𝑘 = 5 mutually exclusive subsets (folds). Each model is trained 
using 𝑘 − 1 folds, with one fold designated for testing. Additionally, 
each model trained through the k-fold process is used to predict the 
14,120 unseen testing samples, set apart before the k-split, presented 
in Fig.  9.

Fig.  9(a) shows the grain orientation error map for the third fold, 
which yielded the poorest performance with a mean absolute error  and 
standard deviation of 0.21 ± 0.12◦ and a maximum absolute error of 
0.68◦. Yet, Fig.  9(b) shows that all models exhibited similar perfor-
mance, comparable to the results obtained from the model trained on 
the full training set presented in Fig.  8.

5.1.2. Validation against finite element simulation
This section evaluates the DNN model using data from FE grain-

scale simulation, representing a virtual FMC experiment. See Sec-
tions 3.1 and 3.3 for details on the weld configuration and the FE 
model. Fig.  10(a) presents the absolute ToF error map in μs with 
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respect to the ToF map obtained from the equivalent SRP model. The 
central region displays significant discrepancies, reaching a difference 
of 0.089 μs. However, note that the FMC post-processing introduces 
noise and uncertainty, and that the grain-scale model generates more 
information and complexity than the SRP model, thereby affecting the 
inversion performance.

Despite all the inherent differences between the SRP and FEM 
models, the predicted weld map closely aligns with the true one, as 
confirmed by the absolute orientation error map presented in Fig. 
10(b). Note that the mean absolute error  and standard deviation are 
1.0±1.2◦, with a maximum error of 6.67◦ located at the root of the weld. 
The root of the weld experiences lower wave coverage and higher 
attenuation, thus making its visualisation more challenging and less 
precise. Consequently, regions with lower beam coverage are expected 
to display higher prediction errors.

An attempt is made to improve the predictions from cross-source 
data inputs (e.g., FE and experimental) by augmenting the training 
data with a random noise sampled uniformly from [−0.05, 0.05] μs. The 
model is retrained as represented by the shaded region in Fig.  10(c), 
reaching lower training and validation loss values. Fig.  10(d) shows 
that the mean absolute error  and standard deviation, and maximum 
absolute error display a slight improvement reaching 0.82 ± 0.86◦, and 
4.54◦, respectively.

5.2. Method 2: Convolutional neural network

As with the FCNN architecture in Section 5.1, this section evaluates 
the CNN through three key steps: training on simulated data, assessing 
generalisation via k-fold cross-validation, and testing its ability to 
predict a grain orientation map from a ToF input generated by FE 
grain-scale simulation.

Fig.  11 presents the performance of the model on simulated data. 
The grain orientation error map in Fig.  11(a) displays a mean absolute 
error  and standard deviation of 0.27 ± 0.17◦ and a maximum absolute 
error of 0.75◦. The training and validation losses in Fig.  11(b) indicate 
the model’s convergence and no overfitting.

The FCNN model (Fig.  8) outperformed the CNN model (Fig.  11(a)), 
although the difference was minor. The error maps from both models 
displayed larger discrepancies at the root of the weld, which is asso-
ciated with low ray coverage. However, the CNN prediction errors are 
slightly more pronounced and distributed throughout the weld layout. 
A probable cause is CNNs’ processing of the image, considering the 
spatial structure via pooling layers, whereas FCNNs process each pixel 
individually. While pooling layers help address overfitting and increase 
computational efficiency [50], they may lead to a loss of detail in 
regions with sharp transitions [51].
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Fig. 9. 5-fold cross-validation error analysis: (a) grain orientation MAE map as predicted by the 3rd fold, and (b) grain orientation MAE and MaxAE per fold.
Fig. 10. FCNN performance on grain-scale FE data: (a) ToF MAE between SRP and FEM results. (b) MAE between grain orientations from reference dataset and 
FCCN prediction. (c) Training and validation MAE loss, with shaded region (epochs > 200) indicating further training performed using the augmented dataset. 
(d) MAE between grain orientations from reference dataset and FCCN model retrained with augmented dataset.
5.2.1. 5-fold cross-validation
The 5-fold validation is performed for the CNN architecture, yield-

ing the results shown in Fig.  12. Fig.  12(a) displays the grain orientation 
MAE map generated by the third model, which demonstrated the weak-
est performance among all folds. This model yielded a mean absolute 
error  and standard deviation of 0.44 ± 0.29◦ and a maximum absolute 
error of 1.58◦, as depicted in the bar plot in Fig.  12(b).
11 
Observe that the maximum absolute error of 1.58◦ is notably higher 
than the one observed for the model trained on the entire dataset. 
Thus, in addition to the slightly poorer predictions, the CNN model 
exhibits a lower generalisation and higher bias than the FCNN model 
for this regression task. Although the CNN’s MAE and MaxAE have been 
outperformed by the FCNN, the values remain within an acceptable 
range for inversion from ToF maps.
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Fig. 11. CNN model performance: (a) grain orientation MAE map across 14,120 test samples, and (b) training and validation losses.
Fig. 12. 5-fold cross-validation error analysis: (a) grain orientation MAE map predicted by the third model, and (b) per-fold metrics: mean absolute error (left) 
and maximum absolute error (right).
5.2.2. Finite element validation
Fig.  13 shows the grain orientation MAE map predicted from the 

ToF data obtained via the FE grain-scale simulation. Although the 
FCNN outperformed the CNN on the testing dataset (compare Figs.  8
and 11), here the FCNN is outperformed by the CNN in predicting grain 
orientations. However, the performance gap is negligible: CNN yields 
a mean absolute error  and standard deviation of 0.53 ± 0.59◦ and a 
maximum absolute error of 3.79◦, compared to 0.82◦ MAE and 4.54◦
MaxAE for the FCNN.

Even though the performance of both networks is comparable, their 
error distribution is pronouncedly different. While both predictions 
yield higher errors at the root of the weld, the FCNN predictions exhibit 
a smoother transition with decreasing error levels for cells further 
away from the root. Conversely, the CNN seems to lack the ability to 
generalise the grain distribution, so the error map displays sharper tran-
sitions. This observation may be a consequence of the intrinsic CNN’s 
characteristic to identify local features rather than global trends [52].

6. Predicting Ogilvy parameters, elastic tensor, and geometry 
from time-of-flight data maps

Section 5 demonstrated the ability of an FCNN and a CNN to predict 
grain orientations from ToF maps. However, because the network 
output layer has a fixed shape, the resulting grain orientation map is 
constrained to a predetermined layout of the weld. This is not an issue 
for the input layer, which is dictated by the phased array configuration, 
12 
Fig. 13. Grain orientation MAE map predicted from the time-of-flight (ToF) 
data obtained via grain-scale FE simulation.

and the 64-element array is a standard. However, the shape of the weld 
map may vary depending on the relative position of the transducer and 
the weld and the weld’s chamfer angle.
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Fig. 14. Error analysis of the FCNN’s predictions: (a) mean relative error between predicted and reference parameters; (b) MAE training and validations losses; 
(c) tolerance relative error between predicted and reference parameters; and (d) absolute error between the ToFs computed from the predicted and reference 
parameters. Note that (a) and (b) were computed for 18,023 testing observations, while (d) was computed for a single case.
To increase the robustness of the model and remove the constraints 
imposed on the weld map, we take a step further in the inversion and 
aim to predict the Ogilvy weld parameters, the transversely isotropic 
tensor, the array position, and weld geometry. This requires us to 
expand the parameter space from 8 parameters (Table  2) to 10 param-
eters by adding the chamfer angle (𝛼) and the offset (𝛿) parameters, 
as illustrated in Fig.  2 and displayed in Table  1. The models are 
trained and evaluated on a dataset comprising 57,671 training samples, 
14,418 validation samples and 18,023 test samples, totalling 90,112 
observations.

6.1. Method 1: Fully connected neural network

The fully connected neural network receives a flattened 64 × 64 
ToF map and outputs a 10-dimensional parameter vector. The network 
is composed of 7 dense layers: the first with 256 nodes and a 𝐿2
regulariser of 0.005; the next five with 128 nodes; and the regression 
layer with 10 nodes to account for the 10 parameters. The first six dense 
layers employ the 𝐺𝐸𝐿𝑈 activation function, while the regression layer 
utilises a linear activation function. We adopted the Adam optimiser 
with a learning rate of 1e–5, and employed the MAE loss function. More 
details about the FCNN for this task are available in Section 4.1.

Fig.  14 presents the network performance. Fig.  14(a) shows the 
mean relative error given by the model when predicting the weld 
parameters. Fig.  14(b) presents the MAE of the training and validation 
losses, with good convergence and, thus, no sign of overfitting, which 
opposes the high error values observed in Fig.  14(a), especially for the 
𝛿 with a (39 ± 199)% relative error, and 𝜁 with (162 ± 994)%, both with 
high standard deviations, meaning the model was unable to determine 
them with confidence.
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However, the results displayed in Fig.  14(a) are better understood 
in light of the sensitivity study presented in Section 3.4. The sensitivity 
analysis led us to conclude that the model is more sensitive to the 
material parameters (𝑐𝐿, 𝐶22, 𝐶33, 𝐶23, and 𝐶44) than to the geometric 
parameters (𝛼, 𝜁 , 𝛿, 𝜂, and 𝑇 ). In fact, the Sobol indices indicated that 
less than 5% of variance in the output was individually attributed to 𝛿
(4.0%) and 𝜁 (2.5%). Additionally, the local sensitivity analysis yielded 
similar outcomes, with the model response to 1% perturbation in 𝛿
and 𝜁 resulting in insignificant variations of the ToF map. Since small 
variations incurred by these two parameters go nearly undetectable by 
the network during training, it is more relevant to assess them using 
their associated tolerances, as presented in Fig.  14(c).

The error representation in Fig.  14(c) better describes how far the 
model is from providing a reliable prediction. In fact, only 𝛿, 𝜂, and 𝑐𝐿
exhibit 𝜏 < 1. Another route to verify the performance of the inversion 
is achieved by passing the CNN-predicted parameters to the forward 
model to compute the associated ToF map. Fig.  14(d) presents the 
absolute error between the ToF computed from the predicted param-
eters and the expected ToF obtained from the reference parameters for 
a randomly selected observation. The result yielded a mean absolute 
error  and standard deviation of 0.026 ± 0.021 μs and a maximum 
absolute error of 0.101 μs.

While the error levels in Fig.  14(d) are generally acceptable from 
a practical perspective, the performance of the FCNN in this context 
is certainly insufficient. Therefore, this model is not assessed through 
the 5-fold cross-validation or used to predict the parameters of the 
FEM ToF. Instead, in the next section, we explore how to improve the 
inversion using CNNs.
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Fig. 15. Error analysis of the CNN’s predictions. (a) mean relative error between predicted and reference parameters; (b) MAE training and validations losses; 
(c) tolerance relative error between predicted and reference parameters; and (d) absolute error between the ToFs computed from the predicted and reference 
parameters. Note that (a) and (b) were computed for 18,023 testing observations, while (d) was computed for a single case.
6.2. Method 2: Convolutional neural network

In this task, we are mapping an image to ten independent pa-
rameters, which results in structured data being turned into an input 
vector. As described in Section 4.2, this inversion procedure combines 
convolutional and fully connected layers, leveraging their respective 
strengths. Convolutional layers extract spatial features from the image, 
which are then downsampled using max-pooling layers. Finally, the 
flattened image is processed through fully connected layers to create 
a 10-dimensional output vector. A detailed description of the network 
is presented in Table  6.

Fig.  15 presents the performance of the network in learning the 
weld description parameters from the ToF map. We present the mean 
relative error in Fig.  15(a), which is significantly lower than the values 
displayed in Fig.  14(a) for the FCNN. This is also corroborated by the 
lower training and validation MAE loss to which the model converged 
during training, as shown in Fig.  15(b). However, the relative error 
values remains high in Fig.  15(a), particularly for 𝛿 (19 ± 103)%, and 
𝜁 (32 ± 295)%, both with high standard deviations. This indicates that 
the model cannot make precise predictions.

Analogously to Section 3.4, a more insightful way of looking at the 
data is to account for their associated tolerances. Fig.  15(c) shows that 
𝛿 and 𝜁 are among the parameters with the highest accuracy, i.e., 𝜏 ≪
1 (see Table  3 for tolerance specifications). The material parameters 
𝐶23, 𝐶22, and 𝐶44 are the only ones whose average tolerance-relative 
values are 𝜏 > 1. Parent wavespeed 𝑐𝐿 and 𝐶33 exhibit 𝜏 ≪ 1, which 
is supported by the fact that these are more physics-relevant for the 
model, that is, they are both directly governing wave propagation in the 
considered materials. Furthermore, the grain orientation parameters 
𝛼, 𝜁 , 𝛿, 𝜂, and 𝑇  exhibit low mean tolerance-relative error (𝜏 < 1).
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The performance of the inversion is notably improved by the CNN, 
as evidenced in Fig.  15(d). Here, the predicted parameters are passed to 
the forward model to compute a ToF map. Fig.  15(d) shows the absolute 
error between the ToF map computed from the predicted parameters 
and the expected ToF obtained from the reference parameters for a ran-
domly selected observation. The result yielded a mean absolute error 
and standard deviation of 0.008 ± 0.006 μs and a maximum absolute 
error of 0.026 μs, which are well below the error values observed for 
FCNN, and within reasonable tolerances for inversion tasks [22].

6.2.1. 5-fold cross validation
We now assess the ability of the model to generalise the predictions. 

Fig.  16 presents the 5-fold cross-validation performance of the CNN 
model. The error is calculated relative to the tolerance associated with 
each parameter and exhibits performance equivalent to the model 
trained on the full dataset (see Fig.  15(c)). No underfitting or overfitting 
is observed. Fig.  16 is the result of a further assessment on unseen 
observations, corroborating the estimates provided by the main model 
trained on the full dataset.

6.2.2. Finite element validation
The ToF map computed by the grain-scale FE model (Section 3.3) 

is now used as input to the trained CNN to predict the parameters 
of the FE weld model. The performance of the model is presented in 
Fig.  17, where Fig.  17(a) depicts the mean tolerance-relative error of 
each parameter, and Fig.  17(b) shows the absolute error between the 
ToF map computed by the forward model with the input parameters 
predicted by the CNN and the ToF computed from the FE simulation.

Fig.  17(a) exhibits a trend similar to those observed in Figs.  15(c)
and 16, except for the parameter 𝐶 , whose average tolerance-relative 
33
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Fig. 16. 5-fold cross validation of the CNN model.
Fig. 17. CNN performance on FE data: (a) mean tolerance-relative error between predicted and true parameters, and (b) MAE between ToF map computed by 
the forward model with the input parameters predicted by the CNN and the ToF computed from the FE simulation.
error assumes the lowest value, and the parameter 𝑇 , whose error is 
greater than 3𝜏. As for the parameters 𝐶44, 𝐶22 and 𝐶23, they carry 
higher tolerance-relative errors, reaching 7𝜏. Yet, the mean absolute 
error  and standard deviation of 0.017 ± 0.015 μs, and the maximum 
absolute error of 0.088 μs in Fig.  17(b) are equivalent to the mean 
absolute error  and standard deviation (0.015±0.014 μs), and maximum 
absolute error (0.089 μs) between the ToF obtained through the SRP 
model and the FE model, as shown in Fig.  10(a) - both generated with 
the exact same parameters.

The sources of discrepancy in Fig.  10(a) are known; they arise from 
the post-processing procedure applied to the FMC data and from the 
mismatch between the grain-scale FE model and the homogenised SRP 
model over which the network was trained. The error shown in Fig. 
17(b) includes both of these sources and additionally incorporates the 
error propagated through the parameter prediction process. Consider-
ing the parameter prediction errors in Fig.  17(a), having achieved ToF 
results with the same levels of discrepancy displayed in Fig.  10(a) is a 
positive outcome. It also reinforces the conclusion that the material pa-
rameters 𝑐𝐿 and 𝐶33 are more physics-relevant for the model, whereas 
the influence of 𝐶44, 𝐶22 and 𝐶23 is minor.

Although the error ranking does not imply parameter importance 
on itself, the associated sensitivity analyses in Section 3.4 and the ToF 
error in Fig.  17(b) suggest that this metric can indicate which param-
eters are more influential. Yet, this is an isolated case and cannot be 
used to make definitive conclusions about the uncertainty around the 
predictions from FE data, especially because we do not fully understand 
how the parameter errors interact with the errors from post-processing 
the FMC and the mismatches in the grain-scale modelling. This is an 
analysis we will pursue in the future.
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7. Experimental case study

In this section, we assess the DNN models presented in Section 4 
on experimental data , i.e., an FMC dataset manually processed into a 
ToF map. We quantify their performance in correcting the delay laws 
for the austenitic weld sample introduced in Section 2. We evaluate 
the models from an application perspective, in their ability to improve 
the signal to noise ratio (SNR) and correct ultrasound images initially 
reconstructed under the isotropic assumption.

Following the procedure defined in [5], the SNR was calculated 
using the maximum of the image within ±5mm of the expected defect 
position, and the RMS value of the 10 × 10mm2 noise region (𝐼𝑛𝑜𝑖𝑠𝑒) 
centred around the maximum: 

SNR = 20 log10

(

max(𝐼𝑠𝑖𝑔)
√

𝐼2𝑛𝑜𝑖𝑠𝑒

)

. (8)

Four TFM images are compared (Fig.  18), with delay laws computed 
based on: (i) isotropic medium; and anisotropic medium with grain ori-
entation obtained from (ii) EBSD examination; (iii) FCNN-based grain 
orientation inversion from ToF; and (iv) CNN-based full weld inversion 
from ToF map. Under the isotropic assumption, we can identify the 
upper defect in Fig.  18(a). However, the lower defect position is unclear 
due to low SNR. The TFM image in Fig.  18(b) is computed with 
grain orientation information from an EBSD examination. Here, both 
artificial defects are evident, and we also note two naturally occurring 
defects from the welding process. Evidently, the use of EBSD data 
is incompatible with non-destructive testing. Thus, we utilise it as a 
benchmark for the inversion process. Note that the EBSD examination is 
also affected by errors related to the examination procedure and sample 
preparation, so deviations from the actual structure are still possible.
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Fig. 18. Total focusing method imaging for defect localisation with (a) isotropic delay laws, and delay laws updated by grain orientations from (b) EBSD 
examination, (c) FCNN-ToF to grain orientation inversion, and (d) the CNN ToF map to weld description inversion.
Next, we employ the inversion models, and demonstrate their po-
tential to correct ultrasound image from time-of-flight data. The TFM 
image in Fig.  18(c) is computed with grain orientation information 
from the FCNN model presented in Section 5.1. The model receives the 
ToF map obtained from post-processing the experimental FMC dataset 
and outputs the predicted grain orientation map. The orientation map 
is used to update the delays in the TFM computation. Compared to 
Fig.  18, the SNR has improved by 4 dB for the upper defect, and of 
6.4 dB in the lower defect. Furthermore, using delay laws from inversion 
considerably reduced noise in the image and improved the location and 
focus of defect signatures.

The TFM image in Fig.  18(d) is computed with grain orientation 
information from the CNN inversion model (see Section 6.2). The CNN 
model receives the ToF map and outputs the weld parameters (See 
Table  1). The FCNN model required prior knowledge about the material 
constants, as only the grain orientations were predicted. In contrast, 
the CNN model provides the full generalised weld description, which 
includes the material parameters, grain orientation, and weld geometry 
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through the chamfer angle 𝛼. Despite the challenging task, the CNN 
model was capable of improving the SNR by 3.2 dB for the upper defect, 
and by 2.4 dB for the lower defect, as presented in Fig.  18(d).

Although the DNNs were trained on relatively simple homogenised 
models, they performed well when presented with measured data and 
allowed the identification of weld parameters, material properties, and 
geometry. The improvements in Fig.  18(d) are not as pronounced as in 
Fig.  18(c), but both effectively enable a more accurate defect signature 
location, noise reduction, and more focused signatures in comparison 
with the image obtained with the standard isotropic delay laws in Fig. 
18(a).

8. Discussion and conclusion

Table  7 presents a summary of the four trained models, including 
the architecture, the shape of the input and output, the number of 
training, validation, and testing samples, as well as the training time, 
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Table 7
Training summary.
 Section Model Input Output aNumber of samples Training Inference FLOPs Parameter  
 Training Validation Testing time latency count  
 5.1 FCNN ToF (64 × 64) 𝜃(𝐩) (19 × 20) 45 183 11295 14120 7.6 min 42.97 ms 1.0e6 1.1e6 (4.47 MB)  
 5.2 CNN 44.6 min 42.28 ms 5.6e6 6.4e6 (24.6 MB)  
 6.1 FCNN ToF (64 × 64) 𝐩 (10,) 57 671 14418 18023 15.7 min 46.18 ms 2.3e6 3.4e6 (13.15 MB) 
 6.2 CNN+FCNN 75.5 min 43.49 ms 8.1e7 3.5e6 (13.57 MB) 
Training was conducted using a 13th Gen Intel(R) Core(TM) i7-13850HX CPU, 2000 NVIDIA RTX Ada Generation Laptop GPU, and 32 GB RAM.
a The dataset was generated using IRIDIS High Performance Computing at the University of Southampton.
and the prediction time to process one ToF map. The training times 
varied across the models and tasks, however they were relatively short 
in duration. Although the FCNNs trained faster than the CNNs, and the 
first task trained faster than the second, the difference in prediction 
times were negligible, at around 0.04 s.

The FCNN and CNN architectures exhibited similar performance 
on the first inversion task, both for the numerical and experimental 
observations. Since the FCNN model is simpler and trains quicker, it 
is the preferred option for this task. This conclusion diverges from the 
standard interpretation that CNN dominates image-to-image tasks. It 
also help us understand how the structure of the data influences the 
performance of DNN architectures: the pixels in the ToF and grain 
orientation maps are globally intertwined, i.e., all output and input 
pixels are related; and the pixels in both images depend on their 
position. Despite being an image-to-image regression, these observed 
long-range dependencies and positional perception favours the use of 
FCNNs [52] whereas CNN prioritises local patterns [53].

On the second inversion task, two fundamental changes were ob-
served in the output/input relationship: (i) the global dependency 
was reduced, e.g., ToFs from neighbouring array elements positioned 
on the parent material depended only on 𝑐𝐿; and (ii) the positional 
perception was removed due to the now varying (𝛿) phased-array 
location. Considering (i), (ii), the varying parameter sensitivity, and the 
image-to-vector regression format, a combined CNN-FCNN model was 
the logical choice to leverage on the relationship between output and 
input and the capabilities of both networks to extract local and global 
features. As indicated by the sensitivity analysis, only parameters with 
clear impact on the output such as 𝛿, 𝑐𝐿, and 𝐶33 were determined to 
a high degree of accuracy.

Given the challenging task of a multi-dimensional regression, the 
performance of the models was promising, achieving error levels lower 
than those from the literature. Furthermore, the demonstration on the 
experimental dataset in Section 7 confirmed the effectiveness of the 
inversion in correcting TFM images — yielding improved image quality, 
and defect size and location. While the results were encouraging, fur-
ther analysis is required in setups more representative of the industrial 
context, e.g., when the weld cap has not been removed, and under 
other transducer configurations. Especially for the second task (ToF 
to parameters), we foresee an expansion in application due to the 
flexibility of the model and reduced initial assumptions.
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