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Objective: Provide technical basis to support regulatory
decisions and Code actions on automated data analysis for NDE
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Research is focused on capability and limitation evaluations
of commercial and research-grade machine learning methods
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Evaluation approach uses a (growing) reference data set
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Previous Analyses: ML performs best when training and test
data are from similar distributions
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Data augmentation can improve richness of training data for

increased ML accuracy
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Data augmentation appears to increase data diversity
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PCA 2

Data representativeness is equally important, even with data

augmentation
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Metrics: ROC Curves and TPR/FPR
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Increased Data Augmentation improves ML performance up to
a point
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Data imbalance during augmentation influences detection
performance but it's complicated
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Comparison of ML Models highlights need to match model

complexity with available data
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Examples of performance for different ML models
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Ongoing: Virtual Flaws for Data Augmentation (specimens 11&13)
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Deep Learning for Data Generation

P
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Generative Adversarial Network (GAN)
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Example of synthetic vs. real ultrasonic B-Scans
generated by a GAN**,

**K. Virupakshappa and E. Oruklu, in Proc. 2020 IEEE Int’l. Ultra. Symp., Las Vegas. doi:
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https://doi.org/10.1109/IUS46767.2020.9251382

Ongoing Verification & Validation Activities

Model Correctness & Sensitivity

» Establish a fixed baseline ML model and training protocol

» Verify implementation correctness via: Multiple random
seeds, data splits, and retraining runs

» Sensitivity studies to model type and hyperparameters
 ldentify dominant factors influencing ML reliability

Performance Metrics for ML V&V

« Evaluate and verify candidate metrics for:
— Detection (e.g., POD, AUC, recall at fixed false-call rate)
— Classification (confusion matrix, class-wise accuracy, F1)
— Characterization (error, bias, uncertainty bounds)

» Select metrics that are robust, interpretable, and aligned
with inspection decisions
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Benchmarking Against Qualified Human Analysts

Statistically compare ML performance to expert human
analysis for:

- Detection, discrimination, and characterization
Evaluate ML consistency relative to inter-analyst variability

Establish ML performance context relative to Code-based
human benchmarks

Reproducibility & Requalification

Quantify performance variability across training runs and
datasets

Define reproducibility metrics and acceptable bounds

Establish triggers and scope for requalification as data,
models, or procedures change



S

ummary

ML models were evaluated with ultrasonic NDE data collected on weld
mockups (austenitic and dissimilar metal welds).

Results to date suggest that ML has the potential for supporting automated
NDE data analysis if applied appropriately.

Results indicate several factors, including data richness and
representativeness, play a role in ML accuracy.

» Mode converted responses and tip signals may contribute to multiple flaw calls
= Material/weld noise may contribute to higher false call rate
* Models and formulations need to be matched to available data sets

Increasing the richness of training data using data augmentation techniques
seems to improve ML performance, though attention needs to be paid to
other factors such as representativeness and balance in data

« Assessment of other ML advances is ongoing
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Future Work
« ML

= Evaluating generative Al for training and test data generation.

= Examining model explainability approaches.
« Evaluation

= Other statistical metrics for ML performance, including POD.
 Qualification

= Verification and validation criteria for ML qualification for NDE applications

%OAK RIDGE

National Laboratory



Questions?
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