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Generative model approach on TFM data based on variational inference for muti-fidelity data generation
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Generative model applied to ultrasonic testing (UT) on TFM imaging Peculiarity, challenges, and issues of UT inspection problems:

• Access to reliable simulations (semi-analytical approaches finite elements models, etc.)  model driven ML approaches are feasible • Lack of public realistic datasets (security and secrecy constraint issues)

 data driven ML approaches are very often not feasible • Operational conditions may impact the measurements (from the ML perspective)

 non-negligible impact on the acquisitions Conditional U-Net as generator on TFM data (supervised) Encoder: FiLM [4] + ST [5] + Convolution Encoder (conditioned)

•
[4] E. Perez, F. Strub, H. De Vries, V. Dumoulin, and A. Courville ( 2022)

The new per-channel statistics modify the relative importance of features for the subsequent convolution operation.
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[5] M. Jaderberg, K. Simonyan, A. Zisserman, and K. Kavukcuoglu (2015).

[4]
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12 Conditional U-Net as generator on TFM data (supervised) Encoder: Instance Normalisation for fast stylization [6] [6] D. Ulyanov, A. Vedaldi, and V. The neural network has a parametric input that modifies the input image in realtion to the input parameters.

Can we sample the parameter space to generate new images related to new labels? The architecture is not limited by the shape of the parameter vector.  Parametric metamodeling allows to generate new "experimental" instances, even without new simulation instances.  Regression on label space provides direct labelling for new data.

Conclusion Perspectives

 cU-net as realistic data generator for data-set creation provides the tool to have enogh data to train deeper models:

GAN as variational inference tool to link two fidelity data domains (e.g.: simulation and experience)  GAN approach is pertinent when couples on each fidelity domain are not informed. 

G



  Inspection of parts during manufacturing process  Characterization of materials -Aeronautics and aerospace  Multi-layer structure  Composite materials NDT&E and SHM modelling -Data generation for diagnostic, life time prediction -Materials characterization (Advanced Manufacturing) -Performance demonstration -Probe optimization -Defect detection, classification and characterization Exploitation of fast and reliable models -Dimensioning and defect characterization (form/type/criticality) -Confidence intervals on estimation (e.g., uncertainties). -Assessment of the "well-posed" nature of the inverse problem -Rapid Inversion (Online diagnostic)

  Fig 1 -CIVA configuration for simulated welded structure NDT inspection.

  Fig 6 -Conditional CNN U-net architecture for realistic image generation.

Fig 7 -

 7 Fig 7 -Example for image generation vs ground truth. Comparison of maximum pixel value and (x,y) position.

Fig 8 -

 8 Fig 8 -Example for input image vs image generation.

  'énergie atomique et aux énergies alternatives gerardo.granados@cea.fr Commissariat à l'énergie atomique et aux énergies alternatives -www.cea.fr dimensional graph representation of the data then optimizes a low-dimensional graph to be as structurally similar as possible Conclusions and perspectives  Multitask neural network: 9 TFM reconstruction modes are learned. New modes requires DA or new training.  The model takes as HF domain the experience. Different degrees of data fidelity on HF side can be considerer (e.g: FEM).  A novel application of ST and FiLM modules is presented to learn parametric subrogated model on ML frame.  Relation between NDT image features and the simulation parameter are learned by the model.

  

  

  

  

  

  

  

  

  

  

  

Net as generator on TFM data Results on Realistic data-set generation Surrogate model Testing realistic data generation and TFM parametric modelling

  

		Decoder				
				Surrogate model	
	XS test +YS test	cU-NET	XE test	XS train +YS test	cU-NET	XE test
			Instance Normalisation			
				Learned bias and scale		
	❑ Generate experience images ❑ Need new simulations		❑ Metamodelling just changing parameters ❑ No new simulation needed

Lempitsky, "Instance Normalization: The Missing Ingredient for Fast Stylization," Jul. 2016, doi: 10.48550/arxiv.1607.08022.

Principal layers:  Convolutive Neural Network  Fast stylization through Instance Normalisation Task:  Learns the difference between classes (mse+ffl loss)  Take into account uncertainties from experience  Generate new experience data (new instances) in a supervised way Commissariat à l'énergie atomique et aux énergies alternatives gerardo.granados@cea.fr Commissariat à l'énergie atomique et aux énergies alternatives -www.cea.fr Conditional U-

Net as generator on TFM data (supervised) Results on Test: Realistic data-set generation

  

	Conditional U-				
	Echo amplitude cU-Net as multifidelity generator	SIMULATION	Xs test +Ys test XS test +YS test EXPERIENCE	cU-NET cU-NET	Xe test XE test
				SIMULATION		EXPERIENCE
		Echo localisation		
	Backwall angle				
	Celerity T	Xs test +Ys test	cU-NET	Xe test	

Test images + test param. Test mean Test images + test param. Test mean Test images + test param. Test mean Conditional U-cU-Net as multifidelity generator Sampling from simulation parameter space Examples of points is test set Examples of points is training set

Net as generator on TFM data (supervised) Results on Test: Realistic data-set generation

  Net surrogate model -regresion in parameter space(labels) 

				New generated dataset
	XS test +YS test	cU-NET	XE test	SIMULATION	EXPERIENCE
	XS train +YS test	cU-NET	XE test		
		New simulated samples		

A point represents: simulated image + parametares vector cU-

Net as generator on TFM data (supervised) Results on Test: Surrogate model

  

	regression Conditional U-fixed Echo localisation	Backwall angle	XS train Celerity T XS train Echo amplitude

Examples of points to model

Examples of points is training set

Test images + test param. Train images + test param. Test images + test param. Train images + test param. Test images + test param. Train images + test param.

Conditional U-

Net as generator on TFM data (supervised) Generation error on reconstruction parameters regression
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Net as generator on TFM data (supervised) Generation by reconstruction parameters regression Modelling point Examples of points is training set

  

	Backwall angle
	Celerity T

Commissariat à l'énergie atomique et aux énergies alternatives gerardo.granados@cea.fr 21 Test images + test param. Train images + test param. Test images + test param. Train images + test param. Test images + test param. Train images + test param.
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	Loss	Metric	Metric	
		Gerardo E. Granados Validation Training		
	Loss	4h sur GPU NVIDIA Quadro RTX 6000 Batch 128 22 GB on GPU	Dn GAN architecture F	Dx
			dimanche, novembre 20, 2022	
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Metric

This project has received funding from the European Union's Horizon 2020 research and innovation programme under grant agreement No 800945 -NUMERICS -H2020-MSCA-COFUND-2017 26th This project has received funding from the European Union's Horizon 2020 research and innovation programme under grant agreement No 800945 -NUMERICS -H2020-MSCA-COFUND-2017 IUTAM DDMech 2022 -Paris