
CaNel – Calibration of Nuclear 
fuel performance codes

Treating model inadequacies, nuisance parameters and 
unrecognized systematic uncertainties 

4-month seminar

Gustav Robertson - Ph.D. student
gustav.robertson@physics.uu.se

Supervisors:
Henrik Sjöstrand, Uppsala Universitet
Peter Andersson, Uppsala Universitet

Paul Blair, Westinghouse 1

mailto:gustav.robertson@physics.uu.se


Sweden's important contribution 
to low CO2 electricity production

• Westinghouse fuel 
factory:
– Annual production of 

600 tones uranium 
dioxide

– 1/3 of the nuclear fuel 
used in Europe

– If replacing coal = 
4 x Sweden’s CO2 
emissions
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Robust, reliable, safe and predictive 
fuel is key

Schematic of the discretization in a typical fuel performance code 

P. Van Uffelen, J. Hales, W. Li, G. Rossiter, och R. Williamson, ”A review of 
fuel performance modelling”, Journal of Nuclear Materials, vol. 516, s. 
373–412, 2019.
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Fuel performance modelling
• Code system: 

– Thermal and mechanical 
behavior 

• Verify design criteria
• Predict in-reactor behavior 

for a fuel rod
• Predict behavior of a fuel 

rod after irradiation
• Understand fuel behavior
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Fuel rod performance modelling –
what for?

• Pressure
• Temperature
• Strain
• Stresses
• Oxide layer thickness
• Hydrogen uptake
• Amount of fission gases
• Stored energy
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Uncertainties in fuel 
performance

• With high degree of confidence
– Integrity of fuel rods
– Demonstrate fulfillment of 

safety criteria
– No value with predictions 

without uncertainties
• Two different approaches:

– Best estimate plus 
uncertainty

– Conservative biased 
predictions
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Uncertainties in fuel 
performance

• Different inputs and uncertainty 
sources
– Operational/time 

dependent inputs
• Uncertainty is provided

– Geometry and composition 
of the fuel rod 

• Manufacturing 
outcome, drawings etc.

– Model constants
• Code calibration
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Code calibration
• Why Calibration?

– Empirical constants calibrated 
against physical observations

• We derive:
– The best possible model
– Uncertainties for subsequent 

analyses
• Challenges:

– Limited amount of data, often 
integral type

– Execution time
– Models are less than perfect 
– Nominal information about 

inputs
– Hidden sources of uncertainty
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Temperature validation from Westinghouse’s 
internal calibration and validation report.



CaNel – Improved calibration of 
fuel performance models

• Better predictive models
• More well-founded uncertainty estimates
• Improved quantification of margins
• More efficient and safe use of the fuel
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A brief sampling of statistical 
techniques

• We go beyond traditionally least 
square techniques
– Exploration and evaluation 

of state-of-the art techniques
– Expectation-maximization 

algorithm
– Markov Chain Monte Carlo 

(MCMC)
– Gaussian processes 

• Defining a calibration framework 
to address:
– Unrecognized systematic 

uncertainties
– Model defects
– Nuisance parameter 

marginalization
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Planning of the work

Concrete research steps defined as work 
packages with deliverables
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From the ISP: “The primary focus of the
proposed doctoral work is to evaluate the
efficacy of the state-of-the-art in uncertainty
quantification and calibration for the fuel rod
thermo-mechanical model. It is anticipated that
this is conducted via a staged approach
encompassing increasing complexity in both
applied statistical methods and physical models.”
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Timeplan

• Detailed plan for the coming four years not meaningful 
nor necessary 

• Detailed plan for the next 6 months is both required and 
helpful
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Workplan 
• Divided into 8 WPs

– Task, deliverables and milestones. 
– Sept 2020- Sept 2021

14



Concrete research steps

• WP1 – Synthetic data model
• WP2 – Calibration framework – model defects
• WP3 – Publish
• WP4 – Real model real data
• WP5 – Publish
• WP6 – Calibration framework – nuisance parameters
• WP7 – Real model real data
• WP8 – Publish

“I saw the sign and it 
opened up my mine” –
Ace of Base 

“It is anticipated that this is conducted via a 
staged approach encompassing increasing 
complexity in both applied statistical methods 
and physical models.” – G. Robertson & P. Blair 
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Work package 2 – Joint calibration 
using synthetic data 

Duration: October to December
Progress: On-going, progress in the Margin and MLO method. 
Tasks
• Test MLO, Margin methods (and potentially other methods 

(ABC, Inverse sampling)). 
• Understand why the Margin method was less successful for 

the multivariate case in the pre-study. 
• Make the comparison more complete by using both MCMC 

and other deterministic methods to estimate the parameters of 
each probabilistic model.

Deliverables
• Implementations of the tested methods in Python.
• Preliminary documentation to be reused later. 
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Progress 

What has been conducted so far?
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Work package 1 
an artificial test-bed 

• Cladding oxidation and 
hydrogen pick-up model

• Controlled environment
– Simple but complicated 

enough
• Synthetic data 

– Model defects 
– Measurement error

• Challenge
– Joint calibration of 

oxidation and hydrogen 
model constants
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Work package 1 - Artificial testbed

Oxide
“Forsberg & 

Limbäck 
model”

Hydrogen 
concentration

Duration
Temperature at 
metal surface

Heat flux
Ambient 

temperature Delta temperature over oxide

Pick-up 
fraction

K. Forsberg, M. Limbäck, och A. Massih, ”A model for uniform Zircaloy clad corrosion in pressurized water reactors”, 
Nuclear engineering and design, vol. 154, nr 2, Art. nr 2, 1995.
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Model 
constants and 

geometry



Generation of synthetic data 
with model defects  

• The testbed is used to 
generate synthetic data
– Experimental
– Model (with defects)

• LHGR (Heat flux) 
• Ambient temperature 
• Duration

Generation of experiment conditions 

• Oxidation rate
• Pick-up fraction
• Activation energy
• Heat flux uncertainty
• Uncertainty in thermal conductivity

Additional model parameters sampled 

• Using the test-bed model

Calculation of the true outputs

• Adding noise to represent measurement uncertainty
• “Observed” values to be used in calibration

Synthetic experimental data 
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Underlying true physics



A defect model is obtained
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Experiment 
conditions

𝑋𝑋 = {𝑥𝑥1, 𝑥𝑥2 … 𝑥𝑥𝑛𝑛}

Calibration 
constants

Θ

Test bed model
ℳ 𝜃𝜃, 𝑥𝑥𝑖𝑖

Datapoint
y𝑖𝑖

Meas. unc.
𝜎𝜎𝑖𝑖

• LHGR (Heat flux) 
• Ambient temperature 
• Duration

Generation of experiment conditions 

• Oxidation rate
• Pick-up fraction
• Activation energy
• Heat flux uncertainty
• Uncertainty in thermal conductivity

Additional model parameters sampled 

• Using the test-bed model

Calculation of the true outputs

• Adding noise to represent measurement uncertainty
• “Observed” values to be used in calibration

Synthetic experimental data 



An inadequate model is 
obtained

22

Can you se the credibility interval?



Model defects
• model defects = the model cannot reproduce the reality
• The bias will supersede the estimated uncertainty

Measurements Physical reality

Linear model + uncertainties (95 %)

The idea and part of the figure is adapted from Georg Schnabel, “Large Scale Bayesian Nuclear Data Evaluation with 
Consistent Model Defects,” Ph.D, TUW, 2015. 
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Uncertainty inflation

• The best estimated of the model is kept but the 
uncertainty is inflated.

Inflated 
uncertainty
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Application of the “margin” 
method

• To inflate model prediction uncertainty to bound the model deficiency 

The aim: 

•An aleatory (systematic) variability in the calibration parameters is 
assumed
•Hyper-parameters (mean and std. deviation) are calibrated

The margin method:

• Gaussian distributed model parameters
• Linearity around the best-estimate prediction

Assumptions:
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Graphically like this
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Test bed model
ℳ 𝜆𝜆𝑖𝑖 , 𝑥𝑥𝑖𝑖

Calibration 
hyper 

parameters
𝜃𝜃𝜆𝜆

Experiment 
conditions

𝑋𝑋 = {𝑥𝑥1, 𝑥𝑥2 … 𝑥𝑥𝑛𝑛}

Model constant 
𝜆𝜆𝑖𝑖

𝑝𝑝 𝜆𝜆 𝜃𝜃𝜆𝜆

Datapoint
y𝑖𝑖

Meas. unc.
𝜎𝜎𝑖𝑖

Assumptions:
𝑝𝑝 𝜆𝜆 𝜃𝜃𝜆𝜆 is Gaussian
𝑝𝑝(𝑦𝑦𝑖𝑖|ℳ 𝜆𝜆𝑖𝑖 , 𝑥𝑥𝑖𝑖 ,𝜎𝜎𝑖𝑖) is gaussian
ℳ is approx. linear with respect to 𝜆𝜆



In short
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Standard calibration

Model parameters are 
constants with uncertainties

True underlying values of the 
model parameters are 

assumed

The “Margin” formulation

Model parameters are 
allowed to vary between 

experiments

Model parameters are 
described by a distribution



Calibration idea

Typical calibration parameters are; an oxidation 
rate factor and the pick-up fraction

Can these be used to account for the model 
deficiency?
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The adverse effect of model 
defects
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Can you se the credibility interval now?



The adverse effect of model defects
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The adverse effect of model defects

Upper prediction limit = Best estimate prediction +2𝜎𝜎
(parameters and measurement uncertainty)
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Conclusions and outlook
• Test-bed development completed

– Realistic enough 
• Model defects 

– Adverse impact on calibration
– Traditional Bayesian calibration can underestimate the 

uncertainty
• We have investigated a method that:

– Can account for model defects by parameter uncertainty 
inflation

– Works for a two-dimensional output
• Next:

– Real code and real data
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Backup/un-used

33



The adverse effect of model 
defects
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Fuel improvements triggers 
improved simulations

• Improvements of fuel and 
higher depletions

• Better utilization of modern 
fuel products
– Improvements in 

quantification of margins
– Conservative bounding 

analyses replaced with 
more realistic 
simulations

– More stringent treatment 
of uncertainties
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What data do we calibrate on?
• Amount of fission gas or fractional release

– Gamma measurements
– Hot cell / PIE

• Temperature
– Thermocouples in Halden

• Cladding oxidation
– Pool side measurements
– PIE

• Hydrogen uptake in the cladding
– PIE - Hot vacuum extraction

• Void volumes
– Hot cell

• Clad strain (creep)
– Poolside 
– Hot cell

• Rod Growth
– Pool side measurements A limited number of quantities are used 

for calibration and validation of the 
full code



Machine learning technology
• Machine learning is the new paradigm

– Provides new tools from which 
nuclear simulations can benefit

• Challenges addressed in new ways:
– Uncertainties put where they belong 
– Less double counting
– Better use of integral, biased and 

sparse data
– Computationally costly executions
– More use of inadequate models

• Allows for:
– Better quantifications of margins
– Enables more efficient use of the 

fuel
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Model defects in calibration
• Has an adverse effect if not 

addressed
• Two major approaches

– Prediction correction
– Uncertainty inflation

• Prediction correction
– Impractical for fuel 

performance modelling
• Uncertainty inflation

– Making the model prediction 
large enough to account for 
the discrepancy

– In turn two major categories:
• On the input of the 

model parameters
• On the model’s output
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Inadequate model
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The adverse effect of model defects

±2𝜎𝜎 prediction intervals
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• Generation of experiment 
conditions 
– Inputs defining each 

experiment
• Additional model 

parameters sampled 
– Sampled from 

distributions
• Synthetic experimental 

data 
– “Observed” values to 

be used in calibration

• Experimental conditions
– Inputs defining each 

experiment
• Calibration parameters

– Assumption of a true 
underlying constant
value

• Predictions
– Calibrated against 

synthetic experimental 
data



Prediction /model correction

• The model defect is estimated and corrected for 
• Model +model defect describe the the experimental observations. 
• Ideal. Relies on finding systematics. 

Model + model defect
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A defect model is obtained
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• LHGR 
• Ambient temperature 
• Duration

Generation of experiment conditions 

• Oxidation rate
• Pick-up fraction
• Activation energy
• Heat flux uncertainty
• Uncertainty in thermal conductivity

Additional model parameters sampled 

• Adding noise to represent measurement uncertainty

Calculation of the true outputs

• “Observed” values to be used in calibration

Synthetic experimental data 

Experiment 
conditions

𝑋𝑋 = {𝑥𝑥1, 𝑥𝑥2 … 𝑥𝑥𝑛𝑛}

Calibration 
constants

Θ

Test bed model
ℳ 𝜃𝜃, 𝑥𝑥𝑖𝑖

ℒ 𝜃𝜃 = �
𝑖𝑖

𝑛𝑛

𝒩𝒩(𝑦𝑦𝑖𝑖;ℳ 𝜃𝜃, 𝑥𝑥𝑖𝑖 ,𝜎𝜎𝑖𝑖)
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