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Abstract - Since 1980’s, Tractebel Engineering (TE) has being developed and applied a multi-
physical modelling and safety analyses capability, based on a code package consisting of the best 
estimate 3D neutronic (PANTHER), system thermal hydraulic (RELAP5), core sub-channel thermal 
hydraulic (COBRA-3C), and fuel thermal mechanic (FRAPCON/FRAPTRAN) codes. A series of 
methodologies have been developed to perform and to license the reactor safety analysis and core 
reload design, based on the deterministic bounding approach. Following the recent trends in research 
and development as well as in industrial applications, TE has been working since 2010 towards the 
application of the statistical sensitivity and uncertainty analysis methods to the multi-physical 
modelling and licensing safety analyses. In this paper, the TE multi-physical modelling and safety 
analyses capability is first described, followed by the proposed TE best estimate plus statistical 
uncertainty analysis method (BESUAM). The chosen statistical sensitivity and uncertainty analysis 
methods (non-parametric order statistic method or bootstrap) and tool (DAKOTA) are then presented, 
followed by some preliminary results of their applications to FRAPCON/FRAPTRAN simulation of 
OECD RIA fuel rod codes benchmark and RELAP5/MOD3.3 simulation of THTF tests.  

 

1. Introduction 

The use of best estimate codes and methods is necessary to meet the increasing technical, licensing 
and regulatory requirements for major plant changes (e.g. steam generator replacement), power 
uprate, core design optimization or cycle extension, as well as Periodic Safety Review. 

Since 1980’s, Tractebel Engineering (TE) has developed and applied a deterministic bounding 
approach to FASR accident analyses 1 , using the best estimate system thermal hydraulic code 
RELAP5/MOD2.5 and the sub-channel thermal hydraulic code COBRA-3C. In this approach, the 
corrective methods are used to overcome the relevant known code deficiencies and to bound 
uncertainties, and the worst initial and boundary conditions, as well as the licensing conservatisms are 
deterministically combined. Later on in the 2000’s, it has been extended to accident analyses using 
coupled neutronic and thermal hydraulic codes package RELAP/PANTHER/COBRA2

1J. Zhang, “The Tractebel Deterministic Bounding Approach to Accident Analysis,” Proc. OECD Exploratory Meeting of 
Experts on Best Estimate Calculations and Uncertainty Analysis, 13-14 May, Aix-en-Provence, France (2002). 

.  

2J. Zhang and C. R. Schneidesch, "Development, qualification and application of the coupled RELAP5/PANTHER/COBRA 
code package for integrated PWR accident analysis", IAEA Technical Meeting on Progress in Development and use of 
coupled Codes for Accident Analysis, Vienna (Austria), 26-28 November, (2003). 
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This deterministic bounding approach has been applied to most of the existing non-LOCA accident 
analyses, and has been accepted by the Belgian Safety Authorities. While proving to be a cost-
effective approach for licensing, this approach involves a number of un-quantified conservatisms, and 
hence a loss of licensing margins to the acceptance criteria3

Therefore, following the recent trends in research and development (R&D) as well as in various 
industrial applications, TE has been working since 2010 towards the application of statistical 
sensitivity and uncertainty analysis method to multi-physical modelling and licensing safety analyses. 
In this approach, the code bias and uncertainties for relevant models are first quantified via code 
verification and validation (V&V) or defined, and a simple and robust uncertainty analysis method 
based on the non-parametric order statistic tolerance limit or the bootstrap method is used to 
statistically treat uncertainties related to plant/core/fuel Initial and Boundary Conditions (IC/BC), 
models and modelling options. 

. 

The final objective is to apply the non-parametric order statistic method to develop a TE best estimate 
plus statistical uncertainty analysis methodology (BESUAM) for reloads safety evaluation and safety 
analysis, which will allow TE to provide more economic and flexible core design and more effective 
margin management for our customers. It will also allow TE to keep in pace with the changing 
regulatory requirements and the industry development trends. 

In this paper, the TE multi-physical modelling and safety analyses capability is first described, 
followed by the proposed TE best estimate plus statistical uncertainty analysis method (BESUAM). 
The chosen statistical sensitivity and uncertainty analysis method (non-parametric order statistic 
tolerance limit or bootstrap) and tool (DAKOTA) are then presented, followed by some preliminary 
uncertainty analysis applications and results (FRAPCON/FRAPTRAN simulation of OECD RIA fuel 
rod codes benchmark and RELAP5/MOD3.3 simulation of THTF tests). The perspectives for future 
development are also given. 

 

2. TE multi-physical modelling and safety analysis capability 

2.1. TE Multi-physical code package 

The TE multi-physical code package mainly consists in the following codes: 

• The 3 dimensional (3D) nodal neutronic code PANTHER, which has been used for core reload 
design and neutronic safety analysis under the license agreement with British Energy since the 
1990’s; 

• The best estimate system code RELAP5/MOD2.5 (and recently MOD3.3), which has been used 
as the principle code for nuclear power plant system thermal-hydraulic analysis under the 
agreement with USNRC since the 1980’s;  

• The sub-channel thermal hydraulic analysis code COBRA-3C, which has been used for core 
reload design and safety analysis since the 1980’s; 

• The fuel rod thermal mechanic codes FRAPCON/FRAPTRAN, which has been used for fuel 
design verification and safety analysis under the agreement with Battelle since 2001. 

In order to obtain an integrated plant system thermal-hydraulics and neutron kinetics package, TE 
uses the external dynamic coupling of two existing codes, RELAP5 and PANTHER, by means of the 
TALINK interface developed by the former British Energy (BE). In this approach, both client codes 
perform in parallel their calculations as separate processes, while the TALINK interface controls the 
data transfers between the two processes (Figure 1).  

Optionally, a dynamic coupling between PANTHER and COBRA-3C_TE has been developed, via the 
socket interface. An additional interface between PANTHER code and the sub-channel thermal-

3 J. Zhang, "Perspectives on the Application of Statistical Uncertainty Analysis Methods," Proceedings of the OECD/NSC 
Workshop on Uncertainty Analysis in Modelling (UAM-2006), Pisa, Italy, 28-29 April, (2006). 
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hydraulic analysis code COBRA-3C was developed in order to calculate online the Departure from 
Nucleate Boiling Ratio (DNBR) during coupled RELAP5-PANTHER transient calculations. 

 

 
Figure 1. The TE coupled code package. 

The TE coupled code package has been qualified for licensing applications4. It has been applied to 
develop accident analysis methodologies for main steam line break (MSLB)5

2.2. TE deterministic bounding approach to non-LOCA accident analysis 

 and feedwater line 
break (FLB). Currently, the coupled PANTHER-COBRA code package is being used to develop a 
methodology for verification of Rod Ejection Accident (REA) analysis, using 
FRAPCON/FRAPTRAN for fuel rod behaviour analysis. 

The TE deterministic bounding approach to non-LOCA accident analysis has been described in details 
in reference1. In this approach, corrective methods are used to overcome the relevant known code 
deficiencies and to bound code uncertainties, and the worst initial and boundary conditions, as well as 
the licensing conservatisms are linearly combined. 

The development of such a methodology for accident analysis requires a large number of parametric 
sensitivity studies to identify the most limiting initial and boundary conditions,  and needs a high level 
of expertise for setting-up the plant model and to assess the results. This bounding treatment of 
uncertainties is consistent with the Belgian regulatory requirements. 

Moreover, since most of the non-LOCA accident analysis methodologies using RELAP5 code adapt 
the decoupled approach for the core conditions, the analysis results involved often too large un-
quantified margins, due to: 
• simplistic approximations for asymmetric accidents with strong 3D core neutronics - plant 

thermal hydraulics interactions; 
• additional penalties introduced from incoherent initial/boundary conditions for separate plant and 

core analyses. 
The TE deterministic bounding approach has been also extended to accident analysis methodology 
using the TE coupled code package3; 5.  
 

3.  TE Best Estimate plus Statistical Uncertainty Analysis Method (BESUAM) 

Following the recent trends in research and development as well as in industrial applications, TE 
plans to move towards the application of statistical sensitivity and uncertainty analysis method to the 
multi-physical modelling and licensing safety analyses.  

As shown in Figure 2, the proposed TE best estimate plus statistical uncertainty analysis method 
(BESUAM) for multi-physics accident analysis will be based on six basic elements: 

1. the current licensing basis (FSAR); 

4 C. R. Schneidesch and J. Zhang,  “Qualification of the Coupled RELAP5/PANTHER/ COBRA Code Package for 
Licensing Applications,” Proc. of the Int. Meeting on Updates Best-Estimate Methods in Nuclear Installation Safety Analysis 
(BE-2004), Washington, D.C., USA, (2004). 
5J. Zhang, et al, “Coupled RELAP5/PANTHER/COBRA Steam Line Break Accident Analysis in Support of Licensing Doel 
2 Power Uprate and Steam Generator Replacement,” Proc. Int. Meeting on Updates Best-Estimate Methods in Nuclear 
Installation Safety Analysis (BE-2004), Washington, D.C., USA, (2004). 
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2. the applicable licensing rules (10CFR50, RG, SRP, …), as well as industry standard and codes 
(ANSI, ASME, ANS, …); 

3. a Best Estimate frozen version of code, qualified through a wide scope of developmental 
verification and validation, independent code assessment, as well as TE participation in the 
international standard problems and benchmarks; 

4. a realistic standard plant/core/fuel model with integral neutronics, hydrodynamics, heat structures, 
control logics and trips components, built according to generic and specific code user guidelines 
and experience from code assessment including specific real plant transient data. 

5. a quantification of the coupled code package bias and uncertainties for relevant models;  
6. a simple and robust uncertainty analysis method to statistically treat uncertainties related to 

plant/core/fuel Initial and Boundary Conditions (IC/BC), models and modelling options. 

 
Figure 2. The TE Best Estimate plus Statistical Uncertainty Analysis Method (BESUAM)6

6 V. Bellens, “Assessment of the Coupled PANTHER COBRA Code Package for Development of a Rod Ejection Accident 
Analysis Methodology,” Master Thesis, Belgian Nuclear Higher Education Network, Belgium, August (2010). 

. 
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The proposed BESUAM approach consists of nine steps: 
1. a well-defined accident scenario, consistent with the initial design basis and current licensing 

basis analyses; 
2. a well-defined acceptance criterion, also consistent with current licensing basis analyses; 
3. an identification of key physical phenomena, for which the coupled code package and the 

standard pant and core model are shown to be applicable for their simulation, through Best 
Estimate calculations in a wide range of operational and transient conditions during the code 
verification and validation; 

4. an identification of relevant input parameters including plant/core/fuel initial conditions, and 
boundary condition and model uncertainties; 

5. a definition of uncertainty distribution for all relevant input parameters; 
6. a random sampling of all relevant input parameters, leading to the definition of N cases according 

to the non-parametric tolerance limit theory; 
7. preparation and run of N P/C specific transient calculations for each set of input parameters (each 

case);  
8. a statistical uncertainty analysis of the N calculations; 
9. a definition of the LIcensing Case (LIC) that envelopes the results of the N runs (including all 

uncertainties), which must satisfy the acceptance criteria. 

It is expected that this statistical approach will remove the need for numerous parametric sensitivity 
calculations and a linear combination of all uncertainties, as the uncertainties on initial plant, core and 
fuel states are propagated simultaneously through the sampled N cases to obtain the final licensing 
case. This should greatly increase the efficiency of the accident analysis for complicated accidents 
such as REA. 

However, this approach requires considerable efforts to identify, quantify and define the ranges and 
distributions of all relevant uncertainty attributors, and needs a robust and transparent uncertainty and 
sensitivity analysis method and tool. 

 

4.  Choice of the uncertainty analysis method and tool 

4.1. The uncertainty analysis methods 

4.1.1. The non-parametric order statistics method 

Among all the available uncertainty analysis methods, the non-parametric order statistics method is 
so-far the most widely used in the nuclear safety analysis. In this method, the thermal-hydraulic, 
neutronic and thermal mechanic computer codes are treated as “black boxes”, and the input 
uncertainties are propagated to the simulation model output uncertainties via the code calculations 
with sampled input data from the known distributions (as shown in Figure 3). 

The method consists in the following steps: 
(1). All relevant uncertain parameters for the codes, plant modelling schemes, and plant operating 
conditions are identified; 
(2). Any dependencies between uncertain parameters are quantified or defined, and the variation 
ranges and/or probabilistic distribution functions (PDFs) for each uncertain parameter are quantified 
or defined, based on engineering judgment and experience feedback from code applications to 
separate and integral effect tests and to full plants simulation.  
(3). The uncertainty ranges of input parameters are randomly and simultaneously sampled N times by 
a simple Monte Carlo simulation, according to the combined subjective probability distribution of the 
uncertain parameters. 
(4). Code calculations are performed using the sampled N sets of parameters as inputs. By performing 
code calculations using variations of the values of the uncertain input parameters, and consequently 
calculating results dependent on these variations, the uncertainties are propagated through the 
calculations, and the calculated results include the total uncertainty at the defined probability content 
(quantile or percentile) and confidence level.  
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(5). The calculation results are ranked by order and a certain rank is selected as the estimator of the 
output of interest (i.e., selected key safety variables or figures of merits, such as peak-cladding 
temperature or PCT) at the defined probability content and confidence level. Statistical evaluations 
are also performed to determine the sensitivity of input parameter uncertainties on the uncertainties of 
key results (parameter-importance analysis). 

 
Figure 3. The uncertainty analysis method by propagation of input uncertainties7

The order statistics method needs to select a reasonable number of input uncertainty parameters and 
associated range of variations and possible distribution functions for each one. Selection of 
parameters and their distribution must be justified.  

. 

The number of code calculations (N) is determined by the requirement to estimate the probability 
content or tolerance (quantile)-confidence level interval for the calculation output results of interest. It 
is currently a common practice to rely on the non-parametric tolerance limits procedure to determine 
the minimum sample size. The so-called Wilks’ formula8

 1 − γN = β                  [Eq. 1] 

 is used to determine the minimum number 
of calculations needed for deriving the one-sided tolerance limits (with top rank as the upper limit): 

or the two-sided tolerance limits (with top rank as the upper limit, and lowest rank as the lower limit): 

1 − γN –N (1-γ) γN-1 = β                 [Eq. 2] 

Where β × 100 is the confidence level (%) that the maximum code result will not be exceeded with the 
probability γ × 100 (%) (quantile) of the corresponding output distribution, which is to be compared to 
the acceptance criterion. A more general formulation was given by Guba and Makai9

The confidence level is specified to account for the possible influence of the sampling error due to the 
fact that the statements are obtained from a random sample of limited size. N is representing the 
number of calculations such that the maximum calculated value in the sample is an upper-bound 
statistical tolerance limit. As an example, for a 95th/95th percentile (γ = β = 0.95), a minimum number 
of N=59 calculations should be performed for the single-sided, and 93 for the double-sided tolerance 
limit. 

. 

The non-parametric tolerance limits are used since nothing should be known about the distribution of 
the random variable except that it is assumed continuous. Moreover, the number N of code runs is 
independent of the number of the selected input uncertain parameters, but only depending on the 
tolerance limit quantile and on the desired confidence-level. The number of code runs for deriving 
sensitivity measures is also independent of the number of input parameters. 

7 Sandia National Laboratories, “DAKOTA Uncertainty Quantification,” SAND 2009-0511P, (2009). 
8 S. S. Wilks, “Determination of Sample Sizes for Setting Tolerance Limits,” The Annals of Mathematical Statistics, Vol. 
12, pp. 91-96 (1941). 
9 A. Guba, M. Makai, and L. P´al, “Statistical aspects of best estimate method—I,” Reliability Engineering and System 
Safety, vol. 80, no. 3, pp. 217–232, (2003). 
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This method is very robust and simple to implement, which makes it extremely interesting for 
licensing applications to nuclear safety analyses. Several such methodologies have been licensed and 
currently applied in the industry for best estimate large-break LOCA analysis10-11

However, it has been shown that this method may lead to rather conservative results (in particular 
when using the first rank) and variability (e.g., outliers). One way to improve the method is to 
increase the number of code calculations, and take higher ranks as the estimators for the given 
probability content (quantile) and confidence level

. 

12

Due to its simplicity, robustness and transparency, this method will be implemented for most of the 
TE intended applications. However, an optimised number of calculations will be determined to 
improve the accuracy (see Section 5.1.1). 

. However, it may be limited by the requested 
large calculation efforts in case of complex coupled code systems. 

4.1.2. The bootstrap method 

The use of a single order statistic (top rank or higher order) is subject to several limitations. First, it 
does not explicitly use potential information contained in other order statistics. Secondly, it may be 
subject to variability. Therefore, an alternative procedure based on confidence intervals obtained by 
the Bootstrap method13 has been suggested to improve the accuracy14; 15; 16

The basic idea of bootstrap is to generate an empirical distribution for the calculation output results of 
interest by re-sampling the original samples with numerous replacements 12. The method consists of: 

.  

(1). Random sampling repeatedly the calculation output results of interest to form Bootstrap samples 
of the same size as the original data sample.  

The number of bootstrap samples can be as few as 100 for parameter estimation and up to more than 
1000 for confidence interval estimation, and should be increased until the standard deviation error is 
acceptable.  

The elements of each Bootstrap sample are randomly chosen from the original data, with 
replacements. Thus, a particular sample data point may be chosen several times or perhaps not at all in 
any particular bootstrap sample.  

(2). The parameter of interest is then evaluated from each of the bootstrap samples generated.  

(3). The numerous bootstrap replicates of the parameter can be used to estimate a probability 
distribution for the parameter. This is an estimate of the parameter sampling distribution, and from 
this distribution, confidence intervals may be approximated. Section 5.2.3 develops some situations 
that occur when replicating the probability distribution of a selected output. 

The Bootstrap method allows one to assess the accuracy and uncertainty of estimated parameters from 
limited samples (e.g., the N Wilks’ samples from order statistics) without any prior assumptions about 
the underlying distribution (e.g., the sample need not to be necessarily normally distributed). It also 

10 K. Muftuoglu, K. Ohkawa, C. Frepoli, M.E. Nissley, “Comparison of Realistic Large Break LOCA Analyses of a 3-Loop 
Westinghouse Plant Using Response Surface and Statistical Sampling Techniques,” Proceedings of ICONE (International 
Conference on Nuclear Engineering)-12, Arlington, Virginia (Washington D.C.), U.S.A., April 25-29, (2004). 
11 R. P. Martin and L.D., O’Dell, “Framatome ANP’s Realistic Large Break LOCA Analysis Methodology”, Nucl. Eng. 
Des., Vol. 235, pp. 1713-1725 (2005). 
12 A. de Crécy, et al., “The BEMUSE Programme: Results of the First Part Concerning the LOFT L2-5 Test,” Proceedings 
of 14th International Conference on Nuclear Engineering, Miami, Florida, USA, 17-20 July, (2006). 
13 B. Efron, R.J. Tibshirani, “An introduction to the Bootstrap”; Chapman and Hall, (1993). 
14 J. JOUCLA and P. PROBST, “Rank Statistics and Bootstrap: A More Precise Evaluation of the 95th Perecentile in 
Nuclear Safety LB-LOCA Calculations,” Proceedings of 14th International Conference on Nuclear Engineering, Miami, 
Florida, USA, 17-20 July, (2006). 
15 E. Zio and F. DiMaio, “Bootstrap and Order Statistics for Quantifying Thermal-Hydraulic Code Uncertainties in the 
Estimation of Safety Margins,” Science and Technology of Nuclear Installations, Article ID 340164, (2008). 
16 C. Frepoli and I. Satish, “A Comparison of Non-Parametric Tolerance Limits with Linear Combinations of Order 
Statistics in Safety Analysis,” Proceedings of ICAPP 2011, Nice, France, May 2-5, (2011). 
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allows assessing parameters that may not be expressed mathematically in simple terms (e.g., the 
median of a set of data). 

It has been shown that, with the increase of computational power allowing running several hundreds 
of calculations, bootstrap method gives more precise results compared to the simple order statics 
using Wilks’ formula14; 15. However, a more recent study16 showed that the bootstrap estimators 
perform very similar to the Wilks’ estimator. Depending on the selected implementation of the 
procedures (e.g., the selection of order statistics that defines the upper bound or the selection of the 
smoothing parameters), bootstrap may sometimes fail to ensure that the probability of under-
estimating the quantile of interest is below the target (5%). 

In this paper, TE will also compare the Guba&Makai’s estimators and the bootstrap estimators, based 
on the application to the RELAP5 simulation of the THTF tests (see Section 5.2.3). 

4.3. The sensitivity and uncertainty analysis tool 

The DAKOTA (Design Analysis Kit for Optimization and Terascale Applications) code has been 
developed by the Sandia National Laboratory 17

 

. As shown in Figure 4, it provides a flexible, 
extensible interface between simulation codes and iterative analysis methods, via DAKOTA input 
files and executables.  

Figure 4. The DAKOTA uncertainty/sensitivity analysis process18

Among others, DAKOTA contains algorithms for uncertainty quantification (UQ) with sampling 
(Monte-Carlo or Latin Hypercube), epistemic uncertainty methods (Second order probability or 
Dempster-Shafer theory of evidence), and sensitivity analysis. These capabilities may be used on their 
own or as components within advanced strategies. 

. 

For the applications presented in this paper, the input uncertainty parameters ranges and distributions, 
as well as the uncertainty analysis method and number of samples are defined in the DAKOTA Input 
File. Based on the sampled or assigned input uncertainty parameters in the DAKOTA Parameter File, 
various scripts have been developed to create the code input files, to execute the simulation jobs, and 
to collect the code calculation output data into the DAKOTA Results File. The DAKOTA Executable 
will then perform the requested statistical uncertainty and sensitivity analysis, and provide the 
information in the DAKOTA Output Files. 

 

 

17 B. Adams, et al., "DAKOTA, A Multilevel Parallel Object-Oriented Framework for Design Optimization, Parameter 
Estimation, Uncertainty Quantification, and Sensitivity Analysis: Version 5.1 User's Manual," Sandia Technical Report 
SAND2010-2183, Updated Version 5.1, December (2010). ( http://www.cs.sandia.gov/dakota ) 
18 B. Adams, “DAKOTA 5.0 and JAGUAR 2.0 Capability Overview,” SAND 2008-7901P, Sandia National Labs. (2008). 
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5.  Preliminary applications and results 

5.1. Application of the non-parametric tolerance limits to OECD RIA fuel codes benchmark 

5.1.1. OECD RIA fuel codes benchmark 

OECD/NEA is organising a benchmark of fuel rod codes based on 4 RIA experiments performed in 
the NSRR and CABRI test reactors19

TE participates in this benchmark using the FRAPCON/FRAPTRAN codes. In addition the 
simulation of the test fuel rods according to the specifications, TE has applied the tolerance limit 
uncertainty and sensitivity analysis method to one of the test rods (CIP3-1)

. The objective is to assess the capability and accuracy of the 
existing fuel rod codes to simulate fuel behaviours and evaluate the proposed safety criteria for the 
design basis RIA. 

20

The CIP3-1 is a RIA test that will be performed in the CABRI reactor with pressurised water loop, at 
a pressure of 155 bars and an inlet temperature of 280 °C. The rodlet used for this experiment has 
been refabricated from a fuel rod irradiated for five cycles in the Vandellós 2 PWR nuclear power 
plant. 

.  

5.1.2. FRAPCON/FRAPTRAN models and assumptions 

FRAPCON3.4 code is used to simulate the base irradiation of the fuel rod, based on the specifications. 
The base irradiation has been performed on a real fuel rod in a nuclear power plant but RIA 
experiments have been performed on rodlet taken from these rods. The base irradiation for the test 
rodlet is thus performed with some adjustment in the input parameters. The calculation results 
(burnup, corrosion thickness) are then compared with the available measured data, in order to validate 
the FRAPCON input model and assumptions. 

FRAPTRAN1.4 is used to calculate the transient behaviour of the fuel rodlet during the RIA test, 
using the base irradiation obtained with FRAPCON3.4. 

A base case with nominal values for all input parameters is defined, and the default models in both 
FRAPCON/FRAPTRAN codes are chosen in the calculations. The “best estimate” calculation results 
will be compared with those made by other organizations using various fuel rod codes, in order to 
identify their differences and to propose improvements in the modelling. 

5.1.3. Application of the non-parametric tolerance limits method 

The tolerance limit uncertainty and sensitivity analysis method based on the Wilks’ formula is then 
applied to one of the test rods (CIP3-1). The objective is to test the applicability of the method to fuel 
rod behaviour calculations, and to determine the optimal number of calculations to obtain an 
acceptable accuracy of the Wilks’ estimator. 

The tolerance limit method is chosen because it provides a more realistic range of variation of the 
results based on physical considerations and on a well known and robust mathematical tool. 

Following the approach presented in §4.1.1, all input parameters and the models that may be subject 
to uncertainties are first chosen based on the engineering judgement. Some sensitivity analyses are 
then performed on the individual input parameters of the code in order to determine the most 
influential ones.  

For each of the identified key uncertainty input parameters, a mean value, a standard deviation and a 
range of variation (lower and upper limit values) as well as the distribution type must be defined, as 
summarized in Table 1. 

For the current application, a normal distribution has been assigned to all the considered input 
parameters. For the geometrical parameters, this is justified by the fact that a lot of measurements 

19 M. Petit et al, “WGFS RIA fuel rod codes benchmark specifications.” NEA/CSNI, OECD, (2011). 
20  J. Zhang, T. Helman, Z. Umidova and A. Dethioux, “Statistical Uncertainty Analysis of CIP3-1 Simulation with 
FRAPCON/FRAPTRAN - Preliminary Results and Suggestions,” presented at the OECD/WGFS 1st Seminar on RIA fuel rod 
codes benchmark, Paris, 19-20 September, (2011). 
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have been done during the fabrication. Their standard deviation has been taken as the half of the 
maximum of the absolute value of the difference between their nominal value and their upper or lower 
bound. 

Table 1. Input uncertainty parameters for statistical uncertainty analysis of CIP3-1 
FRAPCON/FRAPTRAN simulation 

 
The coolant inlet temperature as well as the power history (for both the base irradiation and the pulse) 
is measured values. They are thus dependent on great number of independent random variables (i.e. 
the factors influencing a measure are numerous and random) and the central limit theorem shows that 
a variable which is dependent on great number of independent random variable also has a normal 
behaviour. Their mean has been taken as the value provided in the specification and their standard 
deviation has been taken as the standard measurement error considered in a nuclear power station. 

Finally the parameters on the models in FRAPCON have also been chosen as normal for the same 
reasons as for the coolant temperature and power history. Since they bias the model to the number of 
standard deviation corresponding to the number assigned to them, their mean is zero and their 
standard deviation 1. The range of all these variables has been chosen as being their means plus or 
minus two times their standard deviations. 

The impact of the number of calculations and distributions of the input uncertainty parameters are also 
studied.  

5.1.5. Results and discussion 

For the benchmark purpose, the double-sided tolerance limit is used in order to define the lower and 
upper bound of the calculated output values for the whole RIA transient. The objective is to 
demonstrate if the experimental data or the calculated mean values are well bounded by them. 

From [Eq. 2], for a probability of 95% at a confidence level of 95%, the minimum number of 
simulations is determined as N=93, if we take the top rank as the upper bound and the lowest rank as 
the lower bound. The so-defined lower and upper bound values, as well as the best estimate values for 
the enthalpy increase after steady-state at peak power node (PPN) are shown in Figure 5.  

Also shown in the Figure 5 are the results with uniform distribution for all input uncertainty 
parameters. It is clear that the calculated best estimate value is well bounded by both lower and upper 
limits, and that the uniform distribution tends to give larger differences between the lower and upper 
limits. 

As discussed earlier, for safety demonstration purpose, one has to verify the compliance of a safety 
criterion. In this case, it is important to determine an upper bound on a safety parameter of unknown 
continuous distribution. According to the single-sided tolerance limit theory, the minimum number of 
simulations is N=59, if we take the top rank as the upper bound. However, it has been shown that the 
calculated upper bound with the minimum sample size and order statics (the Wilks’ estimator or 
quantile) is often too imprecise. 

Input uncertainty parameter Mean Standard deviation Lower bound Upper bound Distribution 
Thermal conductivity model 0 1 -2 2 Normal
Thermal expansion model 0 1 -2 2 Normal
Fission gas release model 0 1 -2 2 Normal
Fuel swelling model 0 1 -2 2 Normal
Cladding creep model 0 1 -2 2 Normal
Cladding corrosion model 0 1 -2 2 Normal
Cladding hydrogen uptake model 0 1 -2 2 Normal
Multiplicative factor on the temperature history during base irradiation 1 0,00355 0,9929 1,0071 Normal
Multiplicative factor on the power history during base irradiation 1 0,02 0,96 1,04 Normal
Multiplicative factor on the power pulse 0,92976 0,0186 0,89257 0,96695 Normal
Coolant inlet enthalpy (J/kg) during the transient 1232080 5080 1221920 1242240 Normal
Cladding outside diameter (m) 0,0095 0,000019 0,009462 0,009538 Normal
Cladding inside diameter (m) 0,008357 0,000019 0,008319 0,008395 Normal
Dish radius (m) 0,002475 0,0000625 0,00235 0,0026 Normal
Fuel density (%) 95,5 0,75 94 96,5 Normal
Pellet diameter (m) 0,008192 0,000006 0,00818 0,008204 Normal
Cladding roughness (µm) 0,6355 0,31725 0,001 1,27 Normal
Fuel roughness (µm) 1,6005 0,79975 0,001 3,2 Normal
Cold plenum length during base irradiation (m) 0,029531 0,000884 0,0278 0,0301 Normal
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Figure 5. The statistical uncertainty analysis results for CIP3-1 simulation. 

Intuitively, the precision on the calculated quantile increases with the number of simulations. Indeed, 
let’s consider the fraction of the sampled values of the output parameter (Z/N) that is inferior to the 
real quantile. It is clear that if N becomes very large, the sampled population is near the real 
population; and if Z/N becomes close to the desired fraction (β), the calculated quantile is nearer to the 
real quantile (or empirical quantile, which can be found from the DAKOTA output files by using the 
position of the quantile as being the closest integer from 0.95N)21

This can be demonstrated by comparing the Wilks’ quantile and the empirical quantile for the 
enthalpy increase after steady-state at PPN as shown in Figure 6. It clearly shows that the gap between 
the Wilks’ and empirical quantile decreases with the number of simulations as expected.  

.  

        
Figure 6. Comparison of the Wilks’ quantile and empirical quantile for CIP3-1 simulation21. 

This fact allows enabling a cut-off criterion on the optimal number of calculations applicable for the 
safety demonstration. The number of run simulations is obviously dependent on the accuracy that one 
wishes to achieve. However, a greater number of simulations imply a higher computer time cost.  

A stopping criteria based on those two considerations could be proposed as follows21:  

• An absolute maximum number of simulations (Nmax) is decided for an acceptable accuracy, 
depending on the cost in computer time per simulation.  

• If this Nmax is reached and sufficient accuracy has not been achieved, the last calculated quantile 
value is kept. If a sufficient accuracy has been achieved, the calculation stops.  

The proposed way to determine this “acceptable accuracy” is to consider that the gap between the 
empirical quantile and the Wilks’ quantile is sufficiently low and to verify if the variation in the 

21 T. Helman, “Application of the statistical uncertainty analysis method to simulation of Reactivity Insertion Accidents 
with FRAPCON3.4/FRAPTRAN1.4,” Master Thesis, Free University of Brussels, Belgium, September (2011). 
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Wilks’ quantile is not too fast. This could be done by considering a certain number of the previously 
calculated quantiles and consider the variation between them. 

The impact of the input parameters distributions is also studied. In order to do that, all the 
distributions in Table 1 have been changed to uniform distributions with the same variation range. 
The results on the maximum mass fuel enthalpy increase for both cases are compared in Figure 7. 

 
Figure 7. Impact of input uncertainty parameters distribution for CIP3-1 simulation21. 

It can be observed that both the Wilks’ quantile and the empirical quantile increase when uniform 
distributions are used for the input uncertainty parameters. This is what was expected since the 
uniform distribution favours the sampling of extreme values of the input uncertainty parameters, 
which is equivalent to increase the uncertainties on the input parameters, and hence leads to the higher 
quantiles which are the uncertainties on the output parameters.  

The impact of the input parameters distributions is thus important. Their distributions should therefore 
be chosen carefully and more study is needed to determine them precisely (at least for the consequent 
input uncertainty parameters). 

The DAKOTA code calculates also the Pearson’s correlation between the input and output 
parameters. This correlation is used to determine the correlation coefficient not between the 
parameters themselves but rather between the ranks of the parameters allowing determining if there is 
a monotone relation between them. 

The input uncertainty parameters having a strong Pearson’s correlation should be carefully defined 
due to their importance. The input uncertainty parameters having a weak Pearson’s correlation 
(typically less than 0.3) with every output parameter can be eliminated (or simply keep at best 
estimate), after verification on the scatter plots that there is not another type of relation between the 
considered input uncertainty parameters and the output parameters (such as a sinusoidal relation). The 
scatter plot in Figure 8 below shows that the calculated energy input in the fuel has a strong relation 
with the sampled multiplicative factor on the power pulse (Pearson’s correlation coefficient is 
approximately equal to 0.94). 

 
Figure 8. Impact of the power pulse multiplier on CIP3-1 simulation uncertainty21. 
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However, the scatter plot in Figure 9 shows that there is effectively no dependency between the fuel 
enthalpy increase and the cold plenum length during base irradiation. It can thus be considered as 
having a weak influence, and hence can be eliminated as one input uncertainty parameter. 

 

Figure 9. Impact of the cold plenum length on CIP3-1 simulation uncertainty21. 

The above results show that the DAKOTA sensitivity analysis by Monte Carlo is a simple and 
powerful tool to determine the importance of the input parameters in statistical uncertainty analysis. It 
is much easier and faster than the sequential sensitivity studies performed to define the input 
uncertainty parameters. 

5.2. Application of the non-parametric tolerance limits and bootstrap methods to RELAP5 
simulation of THTF tests  

5.2.1. THTF tests 

The experiments were performed in the Thermal Hydraulic Test Facility (THTF), an electrically 
heated thermal hydraulic test loop. Two sets of experiments were run; the first to obtain in steady state 
conditions both void fraction and uncovered core heat transfer data (tests 3.09.10 I through N) and the 
second to obtain only void fraction data (tests 3.09.10 AA through FF)22; 23

The THTF core is a 3.66-m heated length, 64-rod tube bundle. The flow is injected directly in the 
lower plenum and do not pass through the downcomer, which is isolated from the primary circuit.  

. 

The selected test for the experiment developed in Section 5.2.3 and 5.2.4 is Run 3.09.10 L, which is 
part of the uncovered bundle heat transfer assessment tests.  

Table 2 shows the test initial and boundary conditions. 

Table 2.  THTF Uncovered Bundle Test 3.09.10 L Conditions 

Test p 

[bar] 

Tinlet 

[K] 

G 
[kg/m²·s] 

W 

[kg/s] 

Q 

[kW] 

Qloss 

[%] / [kW] 

3.09.10L 75.2 461 29.1 0.181 476 2% / 10kW 

 

5.2.2. RELAP5 models and assumptions 

Figure 10 presents the RELAP5/Mod3.3 THTF model, in which the heat structure #310 (Radial Node 
5) represents the simulated fuel rod (electric heater). 

The RELAP5/Mod3.3 simulation results are shown in Figure 11, in comparison with the experimental 
data. The tendency is well predicted, but the wall temperatures at the top are slightly under-estimated. 

22 T.M. Anklam, et al., “Experimental investigations of uncovered-bundle heat transfer and two-phase mixture level swell 
under high pressure low heat flux conditions”, NUREG/CR-2456, USNRC, April (1982). 
23 T.M. Anklam and R.F. Miller, “Void fraction under high pressure, low flow conditions in rod bundle geometry”, Nuclear 
Engineering and Design, 75, pp. 99-108, (1982). 
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Figure 10. RELAP5/Mod3.3 model for THTF. 

 
Figure 11.  Run 3.09.10 L axial cladding temperatures and RELAP5/Mod3.3 predictions. 

 

5.2.3. Application of the non-parametric order statistics method 

The objective is to compare the predictions of different non-parametric estimators, for a given 
quantile at a certain confidence level, upon an arbitrary surrogate safety criterion surveying a 
parameter; the real aim though, is comparing the goodness of the methods when estimating the 95th 
quantile at a 95% confidence level, against a “true” quantile estimated from a very large sample. The 
safety criterion is not important per se for this purpose, but just defining a surveyed parameter which 
will be “Temperature at the Cladding Node 9”.   

The experiments are performed by sampling 4 parameters {inlet mass flow, inlet/outlet pressure, flow 
temperature and fouling factors (at the grid spacers in heat structure #310 nodes 6 and 9)}, according 
to their uncertainty distribution functions. Those variables are passed automatically by DAKOTA 
onto an input deck, which is run and its results collected. This operation is replicated for as many 
samples generated.  

Four batches of 59, 153, 1000 and 4000 samples are generated by DAKOTA. The kth rank estimators 
(Guba&Makai’s estimator) for those three samples are obtained by applying [Eq. 3], while the 95th 
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quantiles are obtained on the basis of a truncated order-statistic [Eq. 4] (guaranteeing that the 
estimator is in the upper tail and therefore bounds the target quantile): 

                           [Eq. 3] 

                                                 [Eq. 4] 

Where β=0.95, γ=0.95, N is the sample size, and k and t the ranks of the order statistic estimators. 
According to [Eq. 3] or [Eq. 4], the estimator is chosen from the ordered sample output:   

α(1)<…<α(ith)<…<α(tth)<…<α(kth)<…<α(Nth).  

Section 4.1.1 discussed the implementation of non-parametric order statistics method in safety 
analysis, which is a very conservative and robust procedure when a given confidence level on a 
measure needs to be assured. It is self evident that the Guba&Makai’s estimator will over-predict the 
95th quantile a 5% of the time, and as the population is enlarged Guba&Makai’s kth estimator will 
converge towards the 95th quantile from [Eq. 4]. However, a large population is difficult to generate 
from a production point of view. Therefore it is interesting to use bootstrap to exploit all information 
available in a reduced size sample. 

 

5.2.4. Application of the bootstrap method  

Two examples of the bootstrap method are presented here. The first is based on the quantile 
estimation by percentile smoothing, the second is based on the reconstruction of the 95th quantile 
density.  

Given a sample size N=153, the bootstrapping procedure is applied, generating n resamples of N 
elements, with replacement. The number of resamples (n) was first fixed to 100, nonetheless higher 
values of n need to be invoked however when estimating farthest quantiles. Another trial with a 
resample size of n=200 was generated to check whether we got stable quantile estimates with a 
slightly larger bootstrap resample size. 

Percentile Smoothing 

This method, as developed previously24; 25

                              [Eq. 5] 

 and recently recalled in15, consists of using a single order 
statistic with linear combinations of order statistics with weights derived from a Gaussian kernel [Eq. 
7]. The normalized weights [Eq. 6] are applied to a linear combination of order statistics α(i) to yield 
in the estimator for a target quantile P95  [Eq. 5]: 

                                                                                                                    [Eq. 6]                                                                  

                                                                                                       [Eq. 7] 

The only parameters remaining to set in [Eq. 6] is p = 0.95 (centering the weights on the 95th quantile) 
and in [Eq. 7], the kernel bandwidth, h, which is fixed here as 1/N as suggested in15.  

These weighting are applied to each of the n samples, yielding in n estimates of the target quantile P95. 
It is then possible to calculate the empirical standard deviation of the replications (σ), and an estimate 
of the upper confidence bound estimate of the 95th quantile by an L-estimate:  

P95/95 = {P95} +1.645 σ                  [Eq. 8]  

where {P95} is the original sample smoothed 95th quantile.  

24 M. Wand, M. C. Jones, “Kernel Smoothing”, Chapman and Hall, (1995). 
25 S.J. Sheather and J. S. Marron, “Kernel Quantile Estimators” J. American Statistical Association, 85, (1990). 

NEA/CSNI/R(2013)8/PART2

198



The L-estimate is assumed valid in this case by the central limit theorem applied to the 95th quantile 
distribution. However, it could also be claimed that a valid representation of the estimated quantile 
would be: 

P95/95 = <P95> +1.645 σ                   [Eq. 9] 

where <P95> is the average calculated from the resamples smoothed P95’s.  

Non-Parametric Density Estimation 

This method disregards the nature of the density function of a given random variable, but estimates 
this directly from the data. The simplest way to approximate a density function is by its histogram 

  

or alternatively: 

                                                                                                     [Eq. 10] 

where {x1, x2…, xN} are observations, and w(t, h) are some appropriate weighting functions. These w-
weighting functions are of the form  and K is a kernel which determines the shape 
of the weighting function (function of x, {x1, x2…, xN} and of the bandwidth h).  For this experiment, 

a Gaussian kernel  is used. An appropriate choice of h, suffices to say, is 
the most important factor in the reconstruction, rather than the kernel shape itself; for this experiment, 
it will be fixed as , where δ is denoted as the observations standard deviation26

Let us use the same information as above, coming out from the bootstrapped n resamples: from them, 
n P95 quantiles based on [Eq. 4] are determined which will be our observations:  {x1, x2…, xn}.  

. 

By using [Eq. 10], the probability density function of the 95th quantile can be reconstructed, and from 
it, its average (<P95>) and its standard deviation (σ) can be estimated in order to produce an L-
estimate, identical to that of the percentile smoothing: P95/95 = <P95> +1.645 σ.        

However, there is a property that yet needs to be commented: it would be highly desirable that the 
estimator has the same support as the real distribution f(x). In other words, if x is a random 
variable which takes values restricted to an interval [a, b), then the support of f(x) is [a, b) and as 
well needs to be restricted to [a, b), so that  for any x such x<a and x≥b. This bump 
can be simply overcome by reconstructing the density of a variable y = Z(x), which has unbounded 
support (by an appropriate change of variable Z), and reversing the variable change afterwards. More 
sophisticated methods are available. 

It is precisely this property which seems to render not fructuous this approach: there is virtually no 
information about the support [a, b) of f(x). Using arbitrary supports {i.e., [0, ∞)} for a temperature 
density reconstruction, for instance, results in the kernel assigning non-zero, though extremely small 
probabilities to unphysical values. It can be argued that in a LOCA the clad temperature will never 
fall below the ECCS temperature, or that the maximum clad temperature would never be below the 
clad temperature at the transient onset.  

While it still could be possibly be defended a lower bound in some cases, leaving the upper bound 
unassigned would lead to a crude overestimation. In any case, it would be rather more interesting to 
no restricting the upper limit and investigating the associated probabilities of extreme values from a 
risk-informed standpoint. 

Just for comparison sake, the estimation based on kernel regression and percentile smoothing is 
presented in Section 5.2.5. For this application, two supports were chosen; the first one [1010, ∞) was 

26 B. W. Silverman, “Density Estimation”, Chapman and Hall, (1986). 

NEA/CSNI/R(2013)8/PART2

199



chosen by selecting a lower limit slightly smaller than the smallest of the n P95’s observed. The second 
one [1010, 1220] selected a much larger upper limit than any of the n P95’s collected. 

5.2.5. Results and discussions  

Table 3 presents the results of different sizes (N), by using Guba&Makai’s estimator and an order 
statistic for estimating the 95th quantile [Eq. 3] and [Eq. 4]. As expected, the Guba&Makai’s estimator 
[Eq. 3] and the truncated estimator from [Eq. 4] converge at a very large population size (4000 runs).  

Table 3. Estimation of the 95th quantile by order statistics. 

Sample size (N) 59 153 1000 4000 

k (kth – order statistic largest value) [Eq. 3] 1 4 39 200 

Sample 95th quantile/95 confidence – rank k estimator (K) 1179.8 1161.4 1150.2 1137.3 

t (tth – order-statistic larger value) [Eq. 4] 2 6 48 202 

Sample 95th quantile – rank t estimator (K) 1164.6 1151.4 1142.7 1136.8 

Sample smoothed quantile {P95} 1156.7 1143.6 1139.8 1137.4 

The last section explained the use of two different quantile estimators in order to exploit the 
information available in one sample. The results from the approaches exposed in §5.2.4 are presented 
in Table 4, in which the difference between using <P95> or {P95} is very small. 

Table 4.  Resample size: n= 100, N= 153 (sample 1). 

Method Reconstruction  (Variable change) Percentile smoothing 

Support (K) [1010, ∞) [1010-1220] N/A 

<P95> (K) 1144.5 1144.2 1141.9 1143.6 (*) 

σ (K) 16.5 16.2 14.5 

<P95> + 1.645 σ 1171.6 1170.8 1165.7 1167.5 

(*) Corresponds to {P95} from Table 3. 

The resample size n is increased to 200 in order to investigate the stabilization of the estimators and 
the results are presented in Table 5.  

Table 5.  Resample size: n= 200, N= 153 (sample 2). 

Method Reconstruction (Variable change) Percentile smoothing 

Support (K) [1010, ∞) [1010-1220] N/A 

<P95> (K) 1142.6 1142.5 1140.6 1143.6 (*) 

σ (K) 15.4 15.4 13.0 

<P95> + 1.645 σ 1167.9 1167.8 1162.0 1165.0 

(*) Corresponds to {P95} from Table 3. 

 

The estimators have seemingly saturated, and the percentile smoothing (with <P95>) approaches to the 
Guba&Makai’s estimator (see Table 3, N=153). This, by comparison, confirms the robustness of 
Guba&Makai’s estimator, as stated in Section 4.1.1. 

The investigation performed herein does not suffice to conclude upon the variability of the estimators, 
which is directly related to the variance and function of the sample size. The bootstrap estimators are 
similar in nature, though the reconstruction methods would require more information than what is 
available to the analyst and therefore seem not valid for safety analyses purposes. 
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6.  Conclusions and perspectives 

Following the recent trends in research and development as well as in industrial applications, the TE 
best estimate plus statistical uncertainty analysis method (BESUAM) has been proposed, based on the 
chosen non-parametric order statistic or bootstrap methods, and a sensitivity and uncertainty analysis 
tool (DAKOTA).  

The proposed method has been applied to some multi-physical simulations in order to demonstrate the 
robustness of the order statistic method and the DAKOTA tool. 

The order statistic uncertainty analysis method has been used to the FRAPCON and FRAPTRAN 
simulation of a RIA test (CIP3-1). It has been shown that: 
• This method provides upper and lower bounds on the chosen parameters that can be used to 

quantify the accuracy of the RIA fuel rod code simulation results.  
• A better accuracy of the calculated quantile can be obtained by increasing the run number.  
• A stopping criterion based on the maximum computer time cost acceptable and on the desired 

accuracy of the quantile has also been proposed. 
• The feasibility of sensitivity analysis based on the sampled calculations is also shown. 

The order statistic and the bootstrap uncertainty analysis methods have been used to the 
RELAP5/MOD3.3 simulation of a THTF test. It has been shown that: 
• The order statistic (Guba&Makai’s) estimator overpredicts the 95th quantile at reduced sample 

number, and will converge towards the true 95th quantile at higher sample numbers. 
• The bootstrap estimator using the percentile smoothing (with <P95>) approaches to the 

Guba&Makai’s estimator, which confirms the robustness of the order statistics. 
• The bootstrap estimators using different approaches are similar in nature, but the reconstruction 

method would require more information than what is available to the analyst and therefore seem 
not valid for safety analyses purposes. 

The non parametric order statistic methods are robust and flexible tools to investigate extreme 
quantiles; they have been successfully applied in this paper to two problems of different nature: fuel 
rod thermal mechanics and system thermal hydraulics. No knowledge of the output distribution is 
needed in any of the methods used, with the exception of the density reconstruction method requiring 
the output support data. 

As part of the TE’s efforts to mastering the uncertainty analysis in multi-physics simulations, TE will 
further apply the non-parametric order statistic method and the DAKOTA tool to the 
OECD/NEA/NSC UAM benchmark phase II on fuel physics (II-1), neutronics (II-2) and bundle 
thermal hydraulics (II-3). The preliminary application to COBRA-3C_TE simulation of UAM II-3 27

The final objective is to apply the proposed BESUAM method for reloads safety evaluation and safety 
analysis. This, of course, still requires considerable efforts to identify, quantify or define the ranges 
and distributions of all relevant uncertainty attributors. A practical approach to separating and treating 
aleatory and epistemic uncertainties is also needed. 

 
shows promising results. 

 
Acknowledgement - This work has been performed under R&D budget from the Calculation and Modelisation Competence 
Centre in the Nuclear Department of Tractebel Engineering (GDF SUEZ).  

The authors acknowledge the contributions of T. Helman, Z. Umidova and A. Dethioux at TE for preparing the FRAPCON 
and FRAPTRAN input models for simulation of the RIA tests and performing the DAKOTA uncertainty/sensitivity analyses.  

The authors are also grateful to OECD/NEA for allowing publication of the preliminary results using the data provided 
within the CSNI (WGAMA and WGFS) and NSC (EGUAM) projects. 

27 A. Dethioux, F. Van Humbeeck, J. Zhang and C. Schneidesch, “Preliminary Uncertainty Analysis of UAM Exercise II-3 
(Bundle Thermal-Hydraulics) with DAKOTA,” presented at the OECD LWR UAM-5 Workshop, Stockholm, Sweden, 13-15 
April (2011). 

NEA/CSNI/R(2013)8/PART2

201



CHOOSE EXPERTS, FIND PARTNERS

Towards an Industrial Application of               
Statistical Uncertainty Analysis Methods to           

Multi-physical Modelling and Safety Analyses

Jinzhao Zhang                          
Jacobo Segurado  
Christophe Schneidesch

OECD/CSNI Workshop on Best Estimate Methods and Uncertainty Evaluations,           
Barcelona, Spain, 16-18 November 2011



OUTLINE
• TE mission and needs
• TE current safety analysis capability
• TE Best Estimate plus Statistical Uncertainty Analysis Method 

(BESUAM)
• Choice of the statistical uncertainty analysis methods and tool
• Preliminary applications and results
• Conclusions and Perspectives



INTRODUCTION 
> TE MISSION AND NEEDS

• Tractebel Engineering (TE) 
Architect and Owner’s Engineer for all 7 Belgian NPPS

• TE mission
- To provide safe, competitive and optimized solutions to the Utility 

- To answer the specific concerns of the Belgian Safety Authorities 

• Objective: To develop, license and apply BEPU methodologies for 
reload fuel safety evaluation and safety analysis

need quantification of the multi-physics code uncertainties (UQ)

need a simple, transparent, robust and flexible uncertainty analysis method 
(UAM)



CURRENT SAFETY ANALYSIS CAPABILITY
> MULTI-PHYSICS CODE PACKAGE 

FRAPTRAN

FRAPCON

16-18/11/2011 4TE Best Estimate plus Statistical Uncertainty Analysis Methodology

RELAP5/MOD3.3

COBRA-3C_TE

PANTHER

RELAP5/MOD2.5 
or  
RELAP5/MOD3.3

TALINK

COBRA -3C
DNBR



CURRENT SAFETY ANALYSIS CAPABILITY
> DETERMINISTIC BOUNDING APPROACH

• Use of « best-estimate » multi-physics code package 
- Review of known code deficiencies and uncertainties corrected or bounded

• Determination of conservative assumptions (IC/BC)  
- Engineering judgement

- Single-parametric sensitivity studies

• Deterministic combination of all uncertainties and conservative 
assumptions in a Licensing case
- Applied to all non-LOCA accident analyses

- Approved by the Belgian Safety Authorities



CURRENT SAFETY ANALYSIS CAPABILITY
> BENEFITS AND LIMITATIONS

• Consistent with the initial licensing basis
easily acceptable by the Safety Authorities

• Based on engineering judgements rather than on rigorous 
uncertainty analysis

needs a high level of expertise for methodology development

• Cost-effective for applications
needs a large number of parametric studies for methodology development

• Same uncertainties and conservatism’s 
may involve certain un-quantified conservatisms



PROPOSED BEST ESTIMATE PLUS STATISTICAL 
UNCERTAINTY ANALYSIS METHOD (BESUAM)
• Based on best estimate multi-physics code package

- Extensive Verification & Validation (V&V) to quantify the code uncertainties
(UQ)  Future work

• Use of statistical uncertainty analysis method 
- Statistical combination of uncertainties in plant conditions and code calculations

- « Once-through » methodology; less assumptions, less expert judgement

• Objectives
- to gain licensing margins with respect to the safety criteria

- to keep in pace with the regulatory requirements (RG.1.205) and industry
development trends 



Best-Estimate
frozen version 

PANTHER/COBRA
code

Quantification of code 
uncertainties

Realistic standard 
plant/core/fuel model

Definition of uncertainty distribution for inputs

Random sampling of all inputs (N cases)

N Specific transient models and runsUncertainty
analysis

Key physical phenomena

Applicable ?

Identification of relevant input parameters

Statistical analysis of the results

Licensing Case
(LIC)

Random sampling of all inputs (N cases)

N Specific transient models and runs

Statistical analysis of the results

Transient / accident scenario Current licensing basis 
FSAR

Licensing parameters Acceptance criteria
Applicable

licensing rules 
CFR, RG, SRP

Future 
work

This 
work

Current
work



STATISTICAL UNCERTAINTY ANALYSIS METHOD
> PROPAGATION OF INPUT PARAMETER UNCERTAINTIES



STATISTICAL UNCERTAINTY ANALYSIS METHOD
> NON-PARAMETRIC ORDER STATISTICS

• Determination of the Wilks’ estimator (1st order) with minimum 
number of calculations (N ) 
- one-sided tolerance limit

N

- double-sided tolerance limits 

N –N (1- N-1

× 100 = confidence level (%) 

× 100 = probability (quantile) (%) 

-sided), and 93 (double-sided)



STATISTICAL UNCERTAINTY ANALYSIS METHOD
> NON-PARAMETRIC ORDER STATISTICS & BOOTSTRAP

• Determination of the Guba&Makai’s estimators 
- Order-statistic (kth rank)

- Truncated order-statistic (tth rank)

- Estimators determined from the ordered outputs sample :

y(1)<…<y(ith)<…<y(tth)<…<y(kth)<…<y(Nth). 

• Other statistics based on bootstrap methods
- kernel smoothing; 

- non parametric density estimation.

= (1 ) + +1=1 (1 )=1= { ( 0.95) + 2}



STATISTICAL UNCERTAINTY ANALYSIS TOOL   
> THE DAKOTA CODE

• DAKOTA = Design Analysis Kit for Optimization and Terascale
ApplicationsAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAApppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppppllllllllllllllllllllllllllllllllllllllllllllllllliiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiicccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaatttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttttiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiioooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooonnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss



PRELIMINARY APPLICATIONS AND RESULTS
> THE OECD/WGFS RIA FUEL CODES BENCHMARK

• Objective 
- to assess the ability of fuel rod codes to reproduce the results from Reactivity 

Initiated Accidents (RIA) experiments performed in NSRR and CABRI test 
reactors…

with a certain degree of adequacy.

• Uncertainty/sensitivity analysis needed
- To consider the impact of the uncertainties

- To provide certain confidence  

In line with the ongoing BEMUSE project and the UAM project



PRELIMINARY APPLICATIONS AND RESULTS
> THE OECD/WGFS RIA FUEL CODES BENCHMARK

• The CIP3-1 blind test case
- RIA test to be performed in the CABRI reactor

- High burnup PWR fuel rod

• FRAPCON3.4/FRAPTRAN1.4 Simulation of CIP3-1 
- « Best Estimate » calculation

• specified nominal values
• default model options



PRELIMINARY APPLICATIONS AND RESULTS
> THE OECD/WGFS RIA FUEL CODES BENCHMARK

• Identification and definition of input uncertain parameters 
Input uncertainty parameter Mean Standard deviation Lower bound Upper bound Distribution 
Thermal conductivity model 0 1 -2 2 Normal
Thermal expansion model 0 1 -2 2 Normal
Fission gas release model 0 1 -2 2 Normal
Fuel swelling model 0 1 -2 2 Normal
Cladding creep model 0 1 -2 2 Normal
Cladding corrosion model 0 1 -2 2 Normal
Cladding hydrogen uptake model 0 1 -2 2 Normal
Multiplicative factor on the temperature history during base irradiation 1 0,00355 0,9929 1,0071 Normal
Multiplicative factor on the power history during base irradiation 1 0,02 0,96 1,04 Normal
Multiplicative factor on the power pulse 0,92976 0,0186 0,89257 0,96695 Normal
Coolant inlet enthalpy (J/kg) during the transient 1232080 5080 1221920 1242240 Normal
Cladding outside diameter (m) 0,0095 0,000019 0,009462 0,009538 Normal
Cladding inside diameter (m) 0,008357 0,000019 0,008319 0,008395 Normal
Dish radius (m) 0,002475 0,0000625 0,00235 0,0026 Normal
Fuel density (%) 95,5 0,75 94 96,5 Normal
Pellet diameter (m) 0,008192 0,000006 0,00818 0,008204 Normal
Cladding roughness (µm) 0,6355 0,31725 0,001 1,27 Normal
Fuel roughness (µm) 1,6005 0,79975 0,001 3,2 Normal
Cold plenum length during base irradiation (m) 0,029531 0,000884 0,0278 0,0301 Normal



PRELIMINARY APPLICATIONS AND RESULTS
> THE OECD/WGFS RIA FUEL CODES BENCHMARK

• The Upper/Lower Bound Values (Double-sided , N=93)
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• The Wilks’ estimator empirical quantile with larger N



PRELIMINARY APPLICATIONS AND RESULTS
> THE OECD/WGFS RIA FUEL CODES BENCHMARK

• Sensitivity study importance of uncertainty parameters



PRELIMINARY APPLICATIONS AND RESULTS
> RELAP5 SIMULATION OF THTF TESTS 

• Objective 
- to compare the robustness of different statistical uncertainty analysis methods

• Order statistic method for Guba&Makai’s estimators: N = 59, 153, 1000, 4000.

• Bootstrap methods with different estimators:  n= 100 or 200 resamples  (N=153).

• RELAP5/MOD3.3 simulation of a THTF test
- Sampling 4 most significant uncertain input parameters

- The output parameter of interest: “Temperature at the Cladding”. 



PRELIMINARY APPLICATIONS AND RESULTS
> RELAP5 SIMULATION OF THTF TESTS 

• RELAP5/Mod3.3 model • Results for test 3.09.10 L  
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PRELIMINARY APPLICATIONS AND RESULTS
> RELAP5 SIMULATION OF THTF TESTS 
• Estimation of the 95th quantile by order statistics

N 4000 : Guba&Makai’s kth rank estimator the truncated tth rank estimator



PRELIMINARY APPLICATIONS AND RESULTS
> RELAP5 SIMULATION OF THTF TESTS 

• Comparison of two different bootstrap quantile estimators 

The percentile smoothing L-estimator Guba&Makai’s kth rank estimator 



CONCLUSIONS AND PERSPECTIVES

• The TE best estimate plus statistical uncertainty analysis 
method (BESUAM) proposed
- Based on TE current multi-physics code package (PANTHER, COBRA, RELAP, 

FRAPCON/FRAPTRAN)

- Extensive Verification & Validation (V&V) needed to quantify the code 
uncertainties (UQ) future work

- Use of non-parametric order statistic and/or bootstrap uncertainty analysis 
methods 

- With a robust sensitivity and uncertainty analysis tool (DAKOTA)

• Final objective 
- apply to reloads fuel safety evaluation and safety analysis



CONCLUSIONS AND PERSPECTIVES
• The non-parametric order statistic methods are simple, 

transparent, robust and flexible
- Will be further applied to the UAM benchmark phase II on 

• fuel physics (II-1), 
• neutronics (II-2) and 
• bundle thermal hydraulics (II-3)

• Further work/needs
- to improve and qualify the multi-physics code package and input models V&V
- to identify, quantify or define the ranges and distributions of all relevant 

uncertainty attributors PREMIUM?
- to practically separate and treat aleratory and epistemic uncertainties nested

sampling (or second-order probability) method?
- to ensure the compatibility with the current reloads safety evaluation method

based on nuclear key safety parameters
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