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Swelling uncertainty matters for fuel licensing

High swelling uncertainty
Large gap (conservative margin)
Poor reactor efficiency

Low swelling uncertainty
Thin gap but negligible risk of
fuel-cladding contact

Cladding

High swelling uncertainty
Thin gap (aggressive margin)
Risk of contact

» Swelling drives fuel-cladding contact risk

« Large uncertainty forces conservative safety margins
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A Bayesian inference framework for UQ
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ML is instrumental to mechanistic UQ
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The framework at work
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Takeaway
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« Bayesian inference is key to accelerated fuel qualification

+ It allows to bridge scales and integrate mechanistic models

with separate effects and integral tests

* |tis untractable without neural network surrogates

Calibrated Inputs

+ Atomistic parameters
* N, partial pressure

+ Dislocation density

Experimental Results

Separate effect tests
Diffusivity measurements

Integral tests
Post-irradiation examinations
(swelling measurements)

Microscopic Swelling
And concentration and average
radius of intra- (bulk and dislocation
based) and inter-granular fission
gas bubbles

Swelling (%) Swelling (%) Swelling (%)

Swelling (%)
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Another example: Diffusional creep in UO,

log1o Creep rate (s71)

Creep matters in pellet-cladding mechanical interaction
Bayesian calibration reconciles decades of scattered creep data
Uncertainty reduction achieved, confirming correct mechanisms

Again, unfeasible without neural network surrogate
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