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Fuel performance modeling and uncertainties

Fuel performance modeling

Modeling of temperature, plastic/elastic deformation, fission gases, rod

internal pressure oxidation, etc.

Purpose

Demonstrate that fuel rods sustain

the regular operation, transient

events, and back-end without being

damaged

Calibration needed

• Complex system of approximate

models

• Empirical constants must be

inferred from data
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Bayesian calibration with Markov Chain Monte Carlo

Markov Chain Monte Carlo

• Monte Carlo based inference

technique

• Bayes theorem for UQ

• Parameters are assigned with

priors

• Updated in light of

measurement data to become a

Posterior

• Often expensive

• Surrogate (meta) model

needed
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MCMC and GPs - a popular combination
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Specific challenges in fuel rod modelling

• Significant presence of

model inadequacy leads

to underestimated

uncertainties

• Model inadequacy

treatment may also

require derivatives of the

surrogate model [1]

• Derivatives generally

useful for optimization

and uncertainty

estimation

Solution: An ensemble of differentiated GPs implemented as an exten-

sion of scikit-learn.

[1] G. Robertson, H. Sjöstrand, P. Andersson, J. Hansson, and P. Blair, “Treating Model Inadequacy in Fuel Performance Model

Calibration by Uncertainty Inflation,” Accepted Manuscript, 2022.
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Why GPs?

• Data-driven surrogate model

that adapts to data

• Closed for solution for the mean

and the covariance

• Cheap predictions with

uncertainties

• Differentiable (as long as one

can differentiate the kernel)

• Derivatives of predictions
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GP basics

A covariance structure between data points is assumed:

k(x, x′) = σ2 · exp

(
−

d∑
ℓ=1

1

2lℓ
(xℓ − x ′ℓ)

2

)

and training (f) and test points (f∗) are assumed jointly Gaussian:

[
f

f∗

]
∼ N

(
0,

[
K (X ,X ) + γI K (X ,X∗)

K (X∗,X ) K (X∗,X∗)

])

New predictions f∗ can be conditioned on observed training data f:

f∗ | f ∼ N
(
kT∗ (K + γI )−1f, k(x∗, x∗)− kT∗ (K + γI )−1k∗

)
6/12



Differentiation of the mean predictor

Mean predictor

f̂∗ = kT∗ (K + γI )−1f = kT∗α

Differentiation
∂ f̂∗
∂xi

=
∂kT∗
∂xi

α

Partial derivative obtained using:

∂k(x, x′)

∂xi
=

(xi − x ′i )

li
exp

(
−

d∑
ℓ=1

1

2lℓ
(xℓ − x ′ℓ)

2

)

And the pre-calculated α.
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Application - fission gas release model in Transuranus

Created in grains Formation of HBS HBS pores

Saturation of HBS

Release

Eff. diffusion Athermal release

Grain boundaries Grain boundary sat.

Burst release

(micro-cracking)

Grain boundary

sweeping
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Training and validation

Input

Four uniformed sampled model

parameters + additional inputs to

simulate each case.

λdiff λath λgb sat λgb swe

Output

Corresponding predictions of 31

different fission gas release ramp

tests

Relative fission gas release

70/30 division for independent test data

Fitting of 31 individual GPs.
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Validation using independent test data

GP vs full model prediction
Scaled residuals

r = (c−e)
σ
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Derivative prediction example

Cheap estimates of the propagated uncertainty:

Σy = JΣxJ
T
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Conclusions and outlook

Conclusions

• Individually trained GPs can be used as surrogates for fission gas

release modeling.

• A GP is differentiable with respect to the independent parameters if

the kernel is, and can thus be used to predict derivatives.

• We see that the residuals of the surrogate are most often explained

by corresponding uncertainties predicted by the GP. Some outlying

residuals are obtained.

Outlook

• Investigate if outlying residuals can be removed by the injection of

more data.

• Use the GP ensemble with MCMC to calibrate code parameters.
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