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Abstract 

Quantitative ultrasonic flaw characterization requires inference of defect geometry from measurements that are 

only indirectly related to the underlying discontinuity. This study investigates whether, for a defined 

conventional single-element pulse-echo inspection, that inference can be formulated as a direct geometric 

inverse problem rather than as image reconstruction followed by interpretation. Physics-based CIVA 

simulations were used to generate paired ultrasonic responses and exact reference contours for inner-surface-

breaking, faceted flaws in steel. A supervised convolutional regression model was trained to estimate an 

ordered flaw contour, from which engineering quantities such as depth and tilt can be derived. Model capacity 

was selected using validation performance in these physically interpretable quantities and assessed on held-out 

simulated cases. The results show that the principal geometric trends of the represented flaw family can be 

recovered directly from the ultrasonic response under the controlled conditions of the simulation. The study 

therefore provides a proof of concept for task-oriented geometric inversion in conventional ultrasonic testing 

and defines the principal requirements for subsequent experimental validation. 

Keywords: ultrasonic testing; flaw characterization; inverse problem; geometric reconstruction; CIVA 

simulation; machine learning; deep learning; convolutional regression; nondestructive testing 

1. Introduction 

Engineering assets constitute fundamental elements of modern infrastructure, including energy-production 

facilities, aircraft, railway systems, petrochemical installations, and pipelines. Experience across safety-critical 

sectors has shown that material degradation can evolve over extended service periods before functional 

impairment becomes apparent. Reliable structural integrity management therefore depends on detecting and 

characterizing relevant degradation early enough to inform maintenance, continued operation, and safety 

decisions  [1, 2, 3, 4]. 

Nondestructive testing (NDT), also commonly referred to as nondestructive evaluation (NDE), is central to this 

task because it enables the detection and characterization of material and structural discontinuities relevant to 

integrity assessment. Among established NDT methods, ultrasonic testing (UT) is particularly important as a 

volumetric inspection technique; elastic waves are introduced into the component and the received response 

reveals interactions with internal interfaces and discontinuities. Depending on flaw geometry and inspection 

configuration, these interactions include reflection, diffraction, mode conversion, and scattering  [2, 3, 4].   

Detection of an ultrasonic indication, however, is distinct from quantitative flaw characterization. Structural 

assessment requires information, such as position, depth, orientation, and extent. These quantities are not 
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measured directly; they must be inferred from a response that depends on transducer characteristics, material 

properties, beam angle, bandwidth, aperture, and the scattering behavior of the discontinuity. The resulting 

sizing problem is therefore an inverse problem, and the challenge of relating crack-tip, corner, and specular 

responses to flaw geometry is well established in ultrasonic practice  [1, 5, 6, 7, 8]. 

In conventional single-element pulse-echo inspection, interpretation is commonly supported by spatially 

indexed A-scans and B-scan displays , and, when appropriate, synthetic-aperture reconstruction. The Synthetic 

Aperture Focusing Technique (SAFT) coherently combines measurements acquired at successive probe 

positions to improve spatial localization and provide a focused representation of the inspection region  [10, 11, 

12]. For mechanically scanned conventional UT, SAFT is the relevant reconstruction approach; it differs from 

FMC/TFM, which relies on array acquisition. The reconstructed intensity field remains an intermediate 

representation that must subsequently be interpreted in geometric terms. 

The motivation for the present work arises from this separation between the measured ultrasonic response and 

the geometric quantities ultimately required for engineering assessment. For a fixed inspection configuration 

and a constrained family of flaws, it appears reasonable to ask whether the measurement-to-geometry relation 

can be estimated directly, while conventional displays and SAFT remain available for localization and expert 

review. Such a formulation shifts the computational target from an intermediate image toward a physically 

interpretable geometric representation. 

Data-driven inverse modeling provides one route for examining this hypothesis. Supervised learning can 

approximate an inverse mapping from paired measurements and known geometries over the domain 

represented by the training data  [13, 14, 15, 16, 17]. The principal practical limitation is the availability of 

reliable reference geometry. In experimental and especially in real-world field inspections, the number of 

encountered flaws is sparse and true subsurface contour is rarely known with sufficient spatial accuracy and 

volume for large-scale supervised learning. Physics-based simulation provides a controlled alternative by 

generating measurement-geometry pairs while making the validity domain of the resulting model explicit  [18, 

19]. 

Motivated by these considerations, the present study introduces a direct geometric reconstruction methodology 

for conventional single-element pulse-echo UT. CIVA simulations are used to generate ultrasonic inspection 

responses for randomly generated inner-surface-breaking flaw profiles, and a compact convolutional regressor 

is trained to estimate an ordered crack contour. The study assesses the feasibility of this formulation, referred to 

as UT2CRACK, using two engineering descriptors derived from the reconstructed contour, namely maximum 

depth and tilt, and examines the assumptions and limitations associated with the simulation-based results. 

 

2. Background  

2.1 Conventional ultrasonic imaging and geometric characterization 

Conventional ultrasonic flaw sizing combines signal interpretation, reconstruction, and geometric inference. In 

mechanically scanned single-element inspection, SAFT synthesizes an aperture from successive probe positions 

and applies delay-and-sum processing to focus responses that are consistent with a specific spatial location  [10, 

11, 12]. This improves localization and can facilitate interpretation of crack-tip and corner responses. The 

acquisition architecture differs fundamentally from FMC/TFM, which uses an array and a full transmit-receive 

matrix  [20, 21, 22]. 

In a time-domain formulation, SAFT may be viewed as a coherent back-projection of the recorded A-scans 

onto candidate points in the inspection region. For a candidate position r, the focused image value can be 

written schematically as shown in Equation (1)  [10, 11]: 

I(r) = |Σₙ wₙ sₙ(τₙ(r))| (1) 

where sₙ(t) denotes the A-scan recorded at the n-th mechanical probe position, wₙ is an optional aperture or 

amplitude weighting factor, and τₙ(r) is the theoretical pulse-echo time-of-flight between that probe position and 

the candidate point. In the simplest homogeneous direct pulse-echo case, the time-of-flight is given by Equation 
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(2), where Lₙ(r) is the propagation distance and c is the relevant wave velocity. For an angle-beam inspection 

through a wedge, the time-of-flight calculation is instead obtained from the sum of the propagation times in the 

wedge and component, with the refracted path determined by the interface geometry and Snell’s law. Samples 
that originate from a reflector at r are thereby shifted into temporal coincidence and add coherently, whereas 

unrelated contributions tend to add less constructively.  [2, 4] 

τₙ(r) = 2Lₙ(r)/c (2) 

This formulation also clarifies what SAFT reconstructs. The quantity I(r) is a focused measure of signal 

amplitude or coherence under an assumed propagation model; it is not itself the physical crack boundary. The 

quality of the reconstruction therefore depends on the correctness of the time-of-flight model, the effective 

aperture, bandwidth, beam geometry, and the strength of the relevant scattering features. For conventional 

mechanically scanned single-element UT, SAFT provides a physically transparent route from a set of spatially 

indexed A-scans to a spatial image, but quantitative crack dimensions still require a subsequent interpretation of 

that image or of individual diffracted and reflected responses. 

Image formation does not remove the need for sizing. A focused pixel field represents signal coherence and 

amplitude under a chosen propagation model rather than a direct map of the physical crack boundary. 

Quantitative characterization therefore continues to rely on physically interpretable features such as time-of-

flight, tip diffraction, back diffraction, amplitude behavior, and their relation to the inspection geometry  [1, 5, 

6, 7, 8]. These methods provide the principal conventional reference against which a learned geometric 

reconstruction should be interpreted. 

2.2 Simulation-supported and data-driven inversion 

Physics-based simulation is established in NDT for inspection design, virtual qualification, interpretation, and 

parametric studies. CIVA is a software platform for the simulation and processing of NDT data that combines 

semi-analytical propagation and scattering models with a CAD-oriented inspection environment  [18].  

Simulation is particularly useful for supervised learning because the measurement can be paired with an exact 

geometric reference, although the resulting model remains bounded by the assumptions and parameter space of 

the forward model. 

The ultrasonic module of CIVA is designed for repeated forward calculations and therefore relies 

predominantly on semi-analytical approximations rather than full-domain time stepping. At the field level, the 

ultrasonic displacement field generated by the transducer at a point 𝑥  and angular frequency ߱  can be 

represented schematically by an integral over the active transducer surface ்ܵ, as summarized in Equation (3)  

[4, 18]. 

u(x, ω) = ∫ₛₜ G(x, ξ; ω) q(ξ, ω) dSξ (3) 

where q describes the source distribution on the transducer and G denotes the propagation kernel connecting a 

source point ξ to the field point x. In CIVA, this integral-field description is evaluated efficiently using semi-

analytical beam-propagation procedures, including the pencil method, so that transmission and refraction 

through interfaces can be represented without explicitly discretizing the complete specimen volume.  [18] 

For flaw simulation, the forward problem can be expressed at an operator level as a sequence of propagation, 

interaction with the discontinuity, and reception. This sequence is summarized schematically in Equation (4)  

[16, 18]. 

U(ω) = Rω[SΓ(Pω q)] (4) 

where Pω propagates the emitted field from the probe to the flaw, SΓ represents the scattering response 

associated with flaw geometry Γ, and Rω describes propagation back to and reception by the probe. This 

notation is schematic rather than a reproduction of the internal CIVA implementation, intended to make the role 

of the simulator in the present study explicit; the material, probe, wedge, and acquisition configuration define 

the forward operator, while the crack contour changes the scattering geometry. Repeated evaluation for 

different Γ therefore produces paired examples {U, Γ}, in which the reference geometry is known exactly. The 
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computational advantage of the semi-analytical formulation is important here because the training dataset 

requires many such evaluations, while the corresponding restriction is equally important: the learned inverse 

relation inherits the assumptions and validity range of the forward model.  [18] 

Recent machine learning-based ultrasonic NDT studies span image enhancement, detection and classification, 

synthetic-data generation, and inverse estimation  [13, 23, 24, 14, 19, 25, 26, 27, 28]. The present study 

addresses the direct estimation of a compact flaw contour for a fixed conventional-UT configuration. In 

inverse-problem terms, the network acts as an amortized estimator over a constrained family of admissible 

geometries rather than as a general-purpose imaging system  [16, 17, 29, 30, 31]. 

3. Physics-based simulation framework 

3.1 Inspection model 

The physics-based dataset was generated using the CIVA ultrasonic module [18] under a fixed conventional 

single-element pulse-echo inspection configuration. The simulated component was homogeneous steel with 

longitudinal-wave velocity 5900 m/s, shear-wave velocity 3230 m/s, and density approximately 7.8 g/cm³. A 

conventional single-element rectangular probe with a 20 × 22 mm crystal and 2 MHz center frequency was 

mounted on a 45° wedge. Signals were sampled at 70 MHz with 512 time samples. The flaw was represented as 

a faceted inner-surface-breaking profile described by 11 ordered contour points. Table 1 summarizes the 

simulation parameters. 

The use of a fixed physical configuration isolates the geometric inverse problem. Material properties, probe 

characteristics, coupling geometry, sampling, and wave mode are held constant while flaw depth, tilt, and local 

profile vary. The resulting dataset therefore samples a constrained space of admissible flaw geometries rather 

than an unrestricted collection of image patterns. Figure 1 shows the CIVA inspection geometry used in the 

simulations, including the wedge-mounted single-element probe, the steel component, and the inner-surface-

breaking faceted flaw. 

Holding the inspection parameters fixed allows the study to test the focused hypothesis that differences in the 

rendered ultrasonic response contain sufficient information to distinguish the represented contour geometries. It 

also defines the scope of the conclusions; the reported errors characterize interpolation within one virtual 

inspection procedure rather than universal crack reconstruction. 

CIVA was selected as the means of conducting the simulations, as the implemented semi-analytical modeling 

offers a practical compromise between physical fidelity and computational cost for parametric studies [18]. 

While a fully resolved finite-element simulation could represent complex wave phenomena in detail, generating 

more than one thousand inspection cases at ultrasonic frequencies may be computationally prohibitive. Semi-

analytical propagation and scattering models make systematic geometry variation feasible while preserving the 

principal relationships among probe, wedge, component, wave path, and flaw. The resulting data should 

nevertheless be regarded as outputs of a defined model, not as a complete substitute for experiments. 

The model geometry further defines the interpretation of the 11-point target. The points describe a two-

dimensional sectional profile of a faceted inner-surface-breaking flaw. Accordingly, the inverse task is sectional 

contour reconstruction under the assumptions of the simulation. Extension to finite-length three-dimensional 

cracks is intentionally excluded for the sake of keeping the study focused, as it would require either multiple 

sectional outputs, a surface representation, or a volumetric parameterization and would substantially increase 

both the forward-model parameter space and the amount of training data required. 
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Figure 1. CIVA model of the simulated ultrasonic inspection configuration. A 2 MHz single-element probe is mounted on a 

45° wedge and coupled to the outer surface of the steel component. The faceted, predominantly vertical flaw originates at 

the inner surface (back wall). Left: side view of the component and flaw. Right: simulated ultrasonic interaction with the 

flaw. 

 

Table 1. Principal parameters of the simulated ultrasonic inspection. 

Parameter Value 

Simulation environment CIVA ultrasonic module 

Analysis dimensionality Two-dimensional 

Component material Steel 

Longitudinal-wave velocity 5900 m/s 

Shear-wave velocity 3230 m/s 

Density 7.8 g/cm³ 

Probe type Single-element rectangular transducer 

Active aperture 20 mm x 22 mm 

Nominal center frequency 2 MHz 

Relative bandwidth 50% 

Wedge / refracted mode 45-degree shear wave 

Sampling frequency 70 MHz 

Samples per response 512 

Model input representation 256 x 256 x 1 single-channel B-scan representation 

Reference flaw representation 11 ordered (x, z) contour points 

Number of paired cases 1,096 

Target normalization Coordinates divided by 50 mm wall thickness 

Documented baseline partition 767 fitting cases / 329 held-out cases 

 

3.2 Paired response and geometry data 

Each simulated case produced a paired input-target record. The complete dataset contained 1,096 cases. The 

model input consisted of a single-channel B-scan representation of the simulated ultrasonic response, while the 

target was the exact polygon used to define the flaw in CIVA. The original B-scan data were resized to a 

common spatial dimension of 256 x 256 pixels before model input. This standardization provides a fixed tensor 
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geometry for all cases, avoids variation in input dimensionality across the dataset, and permits consistent 

convolution and pooling operations during training and inference. The 256 x 256 resolution was selected as a 

practical compromise between retention of the spatial signal structure relevant to flaw characterization and 

computational efficiency of the convolutional model. 

The flaw contour is described by 11 ordered points. Point ordering is retained consistently across the dataset so 

that coordinate index i refers to the same progression along the profile for every sample, which is essential for 

coordinate-wise supervised regression. The use of simulation removes ambiguity in the target. Representative 

examples of the standardized B-scan inputs and corresponding reference flaw contours are shown in Figure 2. 

 
Figure 2. Representative simulated inspection responses and associated reference flaw contours. Each contour is 

represented by 11 ordered points, corresponding to a 22-coordinate regression target. 

 

The fixed number of points can be interpreted as a geometric sampling of the admissible profile. Eleven points 

provide more information than a scalar depth-and-angle description, because local changes in slope and 

curvature can be represented, while keeping the regression target small enough for a compact model. The 

choice is therefore a compromise between geometric detail and statistical efficiency. A denser point sequence 

would increase output dimensionality and could impose high-frequency point-to-point error without adding 

significant engineering value; a much smaller sequence would force distinct faceted profiles into the same 

coarse parameterization. 

Coordinate regression assumes that the order of the predicted points corresponds to the order of the reference 

points. Without consistent correspondence, identical contours could be represented by multiple target vectors, 

making the supervised loss artificially large. This direct point regression appears appropriate for a constrained 

shape family. For arbitrary cracks, other representations may be more suitable. 
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The resulting 256 x 256 x 1 tensor therefore represents one standardized single-channel B-scan per simulated 

inspection case. 

4. Direct geometric inverse formulation 

4.1 Forward and inverse mappings 

Let Γ denote an admissible flaw contour and F the forward ultrasonic model defined by the inspection 

configuration. The simulated response U is related to the contour according to Equation (5)  [16, 17]. 

U = F(Γ) (5) 

The characterization problem seeks an approximation of the inverse relation. A parameterized model fθ maps 

the inspection representation to an estimated contour according to Equation (6)  [16, 17, 29]. 

Γ̂ = fθ(U) ≈ F⁻¹(U) (6) 

The inverse may not be globally unique for arbitrary inspections. In this study, however, the model is trained 

and evaluated only on contours belonging to the simulated family M and under a fixed inspection configuration. 

The practical problem is therefore to approximate the inverse mapping over this restricted domain. 

Ill-posedness can arise in several ways. Different contours may produce responses that are similar within the 

finite bandwidth and aperture of the probe; small waveform perturbations may cause comparatively large 

changes in an inferred local boundary; and parts of a crack may be weakly observable because their scattering 

direction does not return energy to the probe. In classical inverse problems, these difficulties are handled 

through regularization, prior models, multiple views, or constraints on the admissible solution [16]. In the 

present approach, much of the regularization is implicit in the training distribution and in the low-dimensional 

ordered-contour representation. 

The learned model can be viewed as an amortized inverse. A conventional optimization-based solution might 

search over candidate contours for each new measurement, repeatedly evaluating or approximating the forward 

model until a data-misfit objective is minimized. Amortized inversion moves computational effort offline; the 

network parameters are adjusted across many paired simulations so that a new input can be mapped to a contour 

in one forward pass. This can make online inference fast, but it also means that the prior encoded by the 

training set is inseparable from the solution. Geometries outside the represented family may be projected onto a 

plausible but incorrect in-domain contour. 

This interpretation separates the scientific problem from the numerical solver. The convolutional network 

described in Section 5 is one approximator of F⁻¹ over M; it is not itself the definition of the methodology. 

4.2 Geometric representation 

The contour is represented as Γ = {(xi, zi)} for i = 1, ..., 11. The corresponding target vector is y = [x₁, z₁, ..., x₁₁, 
z₁₁]ᵀ. This ordered polygon was selected for the following reasons: it is directly available from the simulation 

geometry; it is compact; it preserves physically interpretable coordinates; it avoids the threshold dependence of 

pixel masks; and it can be converted directly into engineering quantities. The representation also regularizes the 

inverse problem by limiting the output to the geometric degrees of freedom represented in the dataset. 

The ordered contour provides an intermediate representation between scalar sizing and dense segmentation: it 

retains local profile morphology while allowing engineering quantities to be derived directly. 

Two derived quantities are used for model selection and test evaluation. Following established ultrasonic flaw-

sizing practice, maximum flaw depth is used as a physically interpretable sizing quantity; in the present study it 

is operationally defined from the largest z-coordinate of the reconstructed contour as given in Equation (7) [1, 

5]. 

d(Γ̂) = maxᵢ(ܰᵢ) (7) 
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The tilt angle is calculated from the line joining the first and last ordered contour points. With x denoting the 

lateral coordinate and z the depth coordinate, the signed angle relative to the vertical axis is defined by Equation 

(8). The sign indicates the direction of inclination. The same definition is applied to the reference and 

reconstructed contours. Maximum depth and tilt summarize complementary aspects of reconstruction; the first 

is sensitive to a local extremum, whereas the second describes the global orientation of the profile.  [1, 5] 

α = arctan[(x₁₁ − x₁)/(z₁₁ − z₁)] (8) 

 

5. Numerical inverse model 

5.1 Preprocessing 

The original B-scan data were resized to 256 x 256 pixels before model input to provide a uniform spatial 

representation for all inspection cases. This standardization ensures identical tensor dimensions throughout the 

dataset and enables consistent convolution and pooling operations during training and inference. The selected 

resolution provides a practical balance between preservation of the spatial signal structure relevant to flaw 

characterization and computational efficiency of the convolutional model. The resized single-channel B-scans 

were then converted to floating-point values and normalized to the interval [0, 1]. The 22 target coordinates 

were divided by the 50 mm wall thickness for training and rescaled to millimeters for evaluation. The 

assembled dataset contained 1,096 paired cases. In the documented baseline implementation, the first 767 cases 

(70.0%) were assigned to model fitting, and the remaining 329 cases (30.0%) were held out. The reporting 

workflow subsequently used stored index sets so that architecture selection and final evaluation were performed 

on fixed subsets rather than newly sampled partitions. 

The implementation used a 70/30 partition for model fitting and held-out evaluation. The simulated flaw 

geometries were generated randomly rather than as an ordered parameter sweep, and file order therefore did not 

encode a progression of neighboring geometries.  

5.2 Compact convolutional regressor 

The convolutional regressor was implemented using TensorFlow  with the Keras high-level API. The selected 

inverse model receives a 256 x 256 x 1 normalized single-channel B-scan and returns 22 linear coordinate 

values. It contains a first convolutional layer with 32 filters and 3 x 3 valid kernels, rectified-linear activation, 

and 2 x 2 max pooling; a second convolutional layer with 16 filters and the same kernel, activation, and pooling 

settings; a flattening operation; a fully connected layer with 128 rectified-linear units; a dropout layer with a 

rate of 0.20; and a linear 22-unit output layer. The output vector is separated into 11 lateral coordinates and 11 

depth coordinates to reconstruct the ordered contour. 

The architecture, displayed in Figure 3, is intentionally compact relative to common image-segmentation 

networks. This choice follows from the target representation: the model is not required to reconstruct a dense 

image, but to estimate a 22-dimensional geometric state within a constrained solution space. 

The convolutional layers provide local receptive fields and shared weights, which are suitable for identifying 

spatially recurring patterns in the inspection representation. The first block extracts low-level gradients, echo 

boundaries, and local texture-like features; pooling reduces spatial resolution and introduces limited tolerance 

to small translations. The second block combines these local responses into more abstract patterns before the 

feature maps are flattened for global coordinate regression. Because the output describes a single contour rather 

than a dense image, an encoder-only structure is sufficient; a decoder such as that used in U-Net  [33] would 

add parameters for spatial upsampling that are not required by the target representation. 
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Figure 3. Selected compact convolutional regression architecture mapping a 256 x 256 x 1 single-channel ultrasonic B-

scan representation to 11 ordered contour points. 

 

5.3 Training and loss function 

Model parameters were optimized with Adam  using the learning rate of 1 x 10-3. Training minimized mean 

squared error (MSE) over the normalized coordinate vector, while mean absolute error (MAE) was monitored. 

The documented training runs used a batch size of 32 and 100 epochs. No early-stopping callback was applied; 

instead, model checkpoints were written after each epoch while monitoring validation mean absolute error. All 

hyperparameters were optimized under the same numerical settings listed in Table 2 to preserve comparability. 

Coordinate MSE assigns equal nominal importance to every normalized output coordinate. This encourages 

overall point-wise agreement but does not directly optimize the derived quantities used for engineering 

interpretation. The grid search partly addresses this mismatch by selecting capacity using depth and tilt 

validation errors, but the training objective itself remains purely coordinate based. 

Coordinate-wise MSE is consistent with the continuous output representation, but it does not explicitly enforce 

contour smoothness, point ordering, or physical feasibility. These properties are learned from the training 

distribution rather than imposed by the loss function. 
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Table 2. Training and optimization settings documented in the implementation. 

Training parameter Documented setting 

Optimizer Adam 

Initial learning rate 1 x 10^-3 (Keras default) 

Loss Mean squared error on normalized coordinates 

Monitored metric Mean absolute error 

Batch size 32 

Epochs 100 

Training-set shuffling Enabled by Keras during model.fit 

Early stopping Not used 

Checkpointing 
Model written after every epoch; validation MAE 

monitored 

 

6. Hyperparameter optimization 

A structured grid search was performed over the number of filters in the two convolutional layers, 

convolutional kernel size, and dense-layer width. All configurations were evaluated on the same validation 

subset. Rather than selecting a model using coordinate loss alone, model capacity was assessed using the mean 

absolute errors of two derived physical quantities: maximum depth and tilt angle. 

Model selection used Pareto dominance. A configuration was considered non-dominated if no alternative 

achieved an equal or lower validation error in both physical metrics and a strictly lower error in at least one. 

This criterion prevents an architecture that improves one engineering quantity at the expense of a substantial 

degradation in the other from being selected by an arbitrary scalar weighting. 

Within the explored search space, the configuration with 32 and 16 filters in the first and second convolutional 

layers, respectively, a 3 x 3 kernel, and 128 dense units formed the unique non-dominated solution. The result 

indicates that tested larger models did not provide a simultaneous improvement in depth and tilt validation error 

under the applied training conditions. It should not be interpreted as proof of global architectural optimality 

outside the examined grid. The validation trade-off across all tested architectures is shown in Figure 4, while 

the corresponding aggregated depth and tilt error maps are shown in Figures 5 and 6, respectively. 
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Figure 4.  Validation depth MAE versus validation tilt MAE for all evaluated architectures. The selected model is the 

unique non-dominated configuration within the explored grid. 

 

 

Figure 5. Mean validation depth MAE across selected architectural dimensions. Values are averaged over the remaining 

grid-search variables. 
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Figure 6. Mean validation tilt MAE across selected architectural dimensions. Values are averaged over the remaining 

grid-search variables. 

 

7. Results 

7.1 Test-set reconstruction performance 

After architecture selection, the chosen model was evaluated on the fixed held-out test set. Maximum depth was 

reconstructed with a mean absolute error of approximately 2.10 mm and a coefficient of determination R² of 

approximately 0.716. Tilt angle was reconstructed with a mean absolute error of approximately 6.30 degrees 

and R² of approximately 0.886. 

The higher coefficient of determination for tilt indicates that global profile orientation was recovered more 

consistently than the exact extremal depth. This difference is physically and numerically plausible. Tilt is 

informed by the coordinated positions of multiple contour points, whereas maximum depth depends on a single 

extremal location and is therefore more sensitive to localized vertical deviations. 

 

Table 3. Performance on the fixed held-out test set. 

Derived quantity MAE R² 

Maximum depth ≈ 2.10 mm ≈ 0.716 

Tilt angle ≈ 6.30° ≈ 0.886 
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Figure 7. Reconstructed versus reference maximum flaw depth for the diagnostic evaluation subset. 

 

 
Figure 8. Signed maximum-depth error as a function of reference depth; the shaded region denotes the interquartile band. 

 

 
Figure 9. Distribution of relative maximum depth error for the diagnostic evaluation subset. 
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Figure 10. Reconstructed versus reference flaw tilt for the diagnostic evaluation subset. 

 

 
Figure 11. Signed tilt error as a function of reference tilt; the shaded region denotes the interquartile band. 

 

 
Figure 12. Distribution of signed tilt error for the diagnostic evaluation subset. 
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7.2 Error diagnostics 

The diagnostic plots in Figures 7–12 complement the fixed held-out test-set summary in Table 3. Figures 7–9 

show the depth behavior: Figure 7 presents reconstructed versus reference maximum depth, Figure 8 resolves 

the signed residual across the represented depth range, and Figure 9 summarizes the relative-error distribution. 

The plots confirm a clear depth-dependent signal while also showing greater dispersion than is observed for tilt. 

Tilt diagnostics are shown in Figures 10–12. The parity relation in Figure 10 is comparatively tight, while 

Figure 11 shows the signed error across the angular range and Figure 12 the corresponding distribution. This 

error structure is consistent with the stronger held-out coefficient of determination for tilt reported in Table 3. 

7.3 Qualitative contour reconstruction 

Representative test cases show that the reconstructed ordered points generally preserve the position and overall 

direction of the reference contour. Deviations tend to appear as local vertical offsets or endpoint discrepancies 

rather than complete geometric misalignment. This visual behavior is consistent with the quantitative finding 

that tilt is more robustly recovered than maximum depth. Representative flaw reconstructions are shown in 

Figure 13. 

 

Figure 13. Representative test-set reconstructions showing the input inspection response, reconstructed contour, and 

reference contour. 

8. Discussion 

The results support the feasibility of estimating quantitative flaw geometry directly from a conventional 

ultrasonic inspection representation under controlled simulated conditions. The distinction from conventional 

reconstruction is primarily one of target definition. SAFT produces a spatial intensity representation that 

remains available for operator interpretation, whereas UT2CRACK estimates a compact contour from which 

geometric quantities are obtained directly. These approaches address different stages of the interpretation chain 

and are therefore complementary rather than mutually exclusive. 

For practical implementation, the conventional ultrasonic data and, where required, a SAFT reconstruction 

would remain traceable inspection outputs. Direct inversion could provide an additional quantitative estimate. 

Agreement between the learned contour and conventional interpretation would provide complementary 

evidence, whereas substantial disagreement would identify cases requiring further examination. A similar 

relationship applies to model-based inversion: a learned contour may provide a rapid initial estimate, while 

forward-model consistency or iterative refinement can be introduced when additional physical verification is 

required. 

The ordered contour establishes a consistent representation across simulation, supervision, and evaluation. This 

avoids intermediate conversion from image to mask and from mask to contour, while preserving a direct 

geometric interpretation. The representation is well-matched to the constrained family of faceted profiles 

considered here, but it relies on point correspondence: each predicted coordinate is expected to represent the 
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same relative location along the flaw profile as its reference counterpart. This assumption simplifies supervised 

regression but limits direct extension to branching, disconnected, or variable-complexity flaws. 

The stronger recovery of tilt than of maximum depth is consistent with the geometry of the two descriptors. Tilt 

reflects the global orientation of the reconstructed profile and is informed by coordinated changes across several 

contour points. Maximum depth is governed by a local extremum and is therefore more sensitive to a localized 

coordinate error. This distinction also explains why full-contour evaluation should accompany scalar metrics in 

subsequent studies. 

The compact network is best interpreted in relation to the low-dimensional output. The task is not dense image 

synthesis but estimation of 22 coordinates within a restricted solution space. The grid-search result indicates 

that additional capacity did not improve both validation quantities simultaneously within the explored range. 

The coordinate MSE used for training is intentionally simple; future work may examine additional geometric 

terms, for example penalties on endpoint orientation or local extrema, provided that improvements in a selected 

scalar quantity do not degrade the reconstructed contour as a whole. 

The principal limitation is the use of simulated data for both training and evaluation. The CIVA model provides 

exact geometric reference data and controlled variation, but it does not reproduce the full variability of 

experimental inspection, including coupling changes, surface condition, probe positioning, electronic noise, 

attenuation uncertainty, and material microstructure. The reported performance should therefore be interpreted 

as in-domain reconstruction accuracy for the modeled inspection procedure rather than as evidence of field 

performance  [14, 19]. 

The method is also bounded by the represented inspection configuration. Changes in probe frequency, refracted 

beam angle, wedge geometry, material properties, or component geometry alter the forward response and 

would require corresponding coverage during training or explicit conditioning of the inverse model. In addition, 

the fixed 11-point representation presumes a consistent contour topology and point ordering. These restrictions 

are appropriate for the present proof-of-concept study but define the conditions under which its results can be 

interpreted. 

The current evaluation emphasizes maximum depth and tilt. These quantities are physically interpretable but do 

not fully characterize local contour agreement. Subsequent validation should include contour-level distance 

measures, endpoint and length errors, uncertainty intervals, and performance as a function of flaw geometry and 

signal quality. Because a deterministic estimator returns a contour for every input, uncertainty estimation or 

domain-validity checks will also be important for experimental use  [35, 36, 37, 38]. 

As a next step, we suggest experimental validation using conventional single-element inspections acquired 

under a configuration corresponding as closely as possible to the simulated setup. Initial measurements should 

establish agreement in time base, bandwidth, propagation path, and background response before the inverse 

model is assessed on specimens with independently known flaw geometry. Simulation-to-experiment 

adaptation can then be introduced in a controlled manner, for example by varying physically meaningful 

simulation parameters or combining simulated flaw responses with measured backgrounds  [19]. 

A direct comparison with a conventional SAFT-based sizing workflow should accompany this validation. Such 

a comparison should address accuracy, processing time, operator interaction, robustness to unsupported cases, 

and communication of uncertainty. The purpose is not to replace an established reconstruction method with a 

learned model, but to determine whether direct geometric inversion provides useful additional quantitative 

information for a defined inspection task. 

9. Conclusions 

This study examined whether quantitative flaw characterization in conventional single-element pulse-echo UT 

can be formulated as direct geometric inversion. Physics-based CIVA simulations supplied paired ultrasonic 

responses and exact ordered flaw contours, and a compact convolutional regressor was used to estimate the 

contour from the inspection representation. Model selection was based on validation errors in maximum depth 

and tilt rather than on coordinate loss alone. 
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Evaluation on held-out simulated cases showed meaningful agreement in both depth and orientation, with tilt 

recovered more consistently than the local depth extremum. These findings establish feasibility within the 

modeled inspection domain while leaving experimental transfer, uncertainty, and broader geometric 

generalization for subsequent validation. 

The principal implication is methodological; for a defined conventional-UT task and a constrained flaw family, 

the reconstruction target can be aligned directly with flaw geometry rather than with an intermediate intensity 

image. This formulation provides a basis for evaluating learned geometric inversion alongside established 

signal interpretation and SAFT-based reconstruction in future experimental studies. 
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