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ABSTRACT 

 
For all the physical components that comprise a nuclear system there is an uncertainty. Assessing the impact of 

uncertainties in the simulation of fissionable material systems is essential for a best estimate calculation that has 

been replacing the conservative model calculations as the computational power increases. The propagation of 

uncertainty in a simulation using sampling based method is recent because of the huge computational effort 

required. In this work a sample space of MCNP calculations were used as a black box model to propagate the 

uncertainty of system parameters. The efficiency of the method was compared to a conservative method. 

Uncertainties in input parameters of the reactor considered non-neutronic uncertainties, including geometry 

dimensions and density. The effect of the uncertainties on the effective multiplication factor of the system was 

analyzed respect to the possibility of using many uncertainties in the same input. If the case includes more than 

46 parameters with uncertainty in the same input, the sampling based method is proved to be more efficient than 

the conservative method.  

 

 

1. INTRODUCTION 

 

The increasing interest in the assessment of uncertainties in the simulation of fissionable 

material systems concerns basic data (cross-sections, emission spectra etc), system 

parameters (model inputs such as dimensions, compositions, densities etc), models 

(mathematical approximations and numerical errors) and calculated quantities (neutron 

multiplication factor, etc). These uncertainties are particularly important in criticality risk 

evaluation, where the uncertainty is indirectly related to the level of optimization in the 

project (size of structures, amount of absorbers, redundant operations etc.), affecting 

economics, as safety is not negotiable. 

 

Monte Carlo transport neutron codes are widely employed in criticality calculations because 

they can avoid many of the modeling uncertainties intrinsic to deterministic codes due to their 

continuous treatment of the space domain [1]. 
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There are two approaches to evaluate criticality calculation [2]. Since the analysis has to 

demonstrate safety of the operation under the investigated circumstances, we may explore a 

not too realistic but favorable to safety where any real situation must be on the safe side 

(conservatism) or the case we investigate the real situation and show that no limit violation 

can occur, propagating the uncertainty instead of considering a worst case scenario (best 

estimate).   

 

Given that sampling-based methods just need repetitively running the Monte Carlo neutron 

transport code [3] like a black box model without requiring any changes in the neutron 

transport equation, they offer a simple way for assessing the keff uncertainty due to 

uncertainties in input parameters. It has advantages of no restrictions on behavior of keff 

function, type of parameters and magnitude of their variations and one can insert any 

uncertainty probability distribution for the input parameter. 

 

However the number of Monte Carlo criticality calculations could be large in order to obtain 

the desired confidence in the probability distribution of keff. For investigation of single 

parameter uncertainty propagation, the computing time could restrict the use of the sampling 

based method to few parameters.  

 

The objective of this paper is to show the potential and the efficiency of the sampling-based 

method, against the conservative method, when the calculations sample size is optimized and 

many parameter uncertainties are investigated together, in the same input.  

 

 

2. MATERIALS AND METHODS 

 

To optimize the number of calculations needed for obtaining the desired confidence in the 

results we employ the Wilks formula [4,5]. Due to the relatively large variations in input 

parameters, automation and a quality assured working method (with emphasis on 

reproducibility) are imperative to accomplish the sampling based Monte Carlo evaluation. 

Furthermore, a high degree of numerical precision is essential if one aims to achieve accurate 

results that are not afflicted by numerical round-off effects.  

2.1. Optimizing the Sample Space 

 

The required minimum number of calculations to obtain a statistically significant distribution 

for the parameters and for the calculated value (keff) is given by Wilks formula 

 

  1).1.(1 nn n  (1) 

 

Being n the number of code runs, β the confidence and α the fractile. The formula represents 

the size of a random sample such that the output parameter distribution (calculated value) is 

within two-sided statistical tolerance interval. The fractile indicates the probability content of 

the P.D. (probability distribution) of the code calculation results. In other words, one can be 

β% confident that at least α% of the combined influence (perturbation) of all the 

characterized uncertainties are within the interval.  
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The number of code runs (n) is independent of the number of input uncertain parameters, 

only function of the percentage of the fractile and function of the desired confidence level 

percentage. For this work we applied a 95%/95th percentile, that results in n=93 according to 

Eq.(1). 

 

2.2.  Input Preparation 

With the same purpose of mcnp_pstudy [6], the tool GB_sample was created to automate the 

process of preparing a series of MCNPX input files, running the calculations, collecting and 

analyzing the results through the tools of R [7]. It allows the insertion of parameters to be 

randomly sampled according to its uncertainties. After creating the MCNPX input files, the 

set of calculations are submitted to a run queue and results from output and tallies files can be 

collected after completion of the runs. 

To insert parameters, symbolic characters are defined inside the input file for MCNPX. The 

value of each parameter is the result of sampling from standard statistical distribution. For 

sampling a parameter according to a normal (Gaussian) probability density, one must insert 

the keyword r.rnorm(N, MEAN, SD), indicating N random samples, with a mean of MEAN 

and standard deviation of SD. The use of the keyword normalrange(N, MEAN, SD, MIN, 

MAX) permits modeling conditions such as a dimension that varies according to a normal 

distribution, but does not exceed some maximum and minimum values.  

After sampling the parameters the cases are mounted and subdirectories are created to store 

files for each case. Each case subdirectory will contain an MCNPX input file with parameter 

values related to that case. 

After completion of all the MCNPX jobs, GB_sample is used to collect results from each 

case and study the probability distribution of all results together. The files neutronic_data and 

composition are created (the last only in case of burnup) and the keff P.D. are plotted. 

The variance in a tallied result can be decomposed into two components as can be seen from 

Eq.(2). The first is a variance intrinsic to the code, due to the random sampling which occurs 

during each particle history in the Monte Carlo technique. The second is a variance caused by 

the variation in problem input parameters. 
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2.3.  Uncertainties in Input Variables and Conservative Method 

The background information for this study was taken from a benchmark criticality 

experiment. In the section sensitivity analysis of the document [8], we have the uncertainty 

value associated with a list of parameters and a possibly significant effect on keff calculated 

by means of the conservative method.  

 

The conservative analysis executed MCNP for ±Δx, in other words, two calculations per 

parameter x, the worst case for maximum and minimum possible value of x. The results are 

used to determine the effect of the uncertainty in keff using Eq. 3: 
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    (3) 

 

For the Sampling based approach, we took arbitrarily three independent variables of the list 

of parameters just mentioned: fuel plate thickness, Aluminum 6061 density and burnable 

poison diameter. We rewrite these variables and their uncertainties in Table 1. 

 

Table 1:  Parameters selected for sampling and their uncertainty 

 

Parameter value Uncertainty
a
 

Effect on keff
b
 

(pcm) 
F.P thickness 1.49 mm 0.01 mm 53 

Al density 2.7 g/cm3 0.03 g/cm3 20 
Poison diameter 0.4850 mm 0.0011 mm 29 

a. One SD of the sample (normal distribution obtained from a large number of 

measurements). 

b. Effects of uncertainties over keff using the conservative method (Equation 2). 

 

 

3. RESULTS  

Using GB_sample program, input parameters from Tab.1 were sampled according to the 

probability distribution function of their uncertainties. We considered four hypotheses: one 

for each parameter and one for all parameters together. After evaluating the possibility to use 

the sampling based method with many uncertainties in the same input, we compared the 

method with the conservative method. 

 

3.1.  Propagated Uncertainties by Sampling Based Method 

 

Each one of the 372 MCNPX jobs (93 x 4hypotesis) was run with 1000 cycles of 866 

particles, discarding the first 50 cycles to allow source convergence. This 0.8 million active 

fission source neutrons was the highest value that could be done in this preliminary phase of 

the project, using two 4-core-PC, and resulted a computational uncertainty of ~90pcm, which 

is, very high to investigate a single parameter perturbation, but enables to make qualitative 

analysis. The keff distributions plotted by GB_sample tool are presented in Fig.1 to Fig.4 

where the Frequency represents the number of counts of keff resulted in the range showed in 

the horizontal axis. Each little dash below the axis is a keff result. The dotted line represents 

the normal curve with standard deviation and mean of the resulted distribution. 

 



INAC 2013, Recife, PE, Brazil. 

 

 
Figure 1:  Keff distribution resulted from hypothesis (1). 

 

 

 
Figure 2:  Keff distribution resulted from hypothesis (2). 
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Figure 3:  Keff distribution resulted from hypothesis (3). 

 

 
Figure 4:  Keff distribution resulted from hypothesis (4). 
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The summary of the results is presented in Table 2. The second column gives the mean of the 

keff distribution. The third column gives one standard deviation of the keff distribution mean. 

The forth column gives the uncertainty intrinsic to the code, which is controlled by the 

number of histories run in the MCNPX calculation. The last column presents the propagated 

uncertainty, which can be obtained from the values of the previous columns, using Eq.2.  

 

 

Table 2:  Statistic summary of the keff distributions 

 

 

 

 

Using the values from Table 2 it is possible to calculate the sum of the variances of 

hypotheses (1), (2) and (3), as follows in Eq.3: 

 

     
      

      
        (4) 

 

We note that the propagated uncertainty of the hypothesis (4) (267.8 pcm) is practically the 

same to the uncertainty obtained from Eq. 3. It is in accordance with the statement of Wilks 

formula, that the number of code runs to a given percentage of the fractile and a desired 

confidence level percentage is independent of the number of uncertain parameters in the same 

case. 

 

3.2. Conservative x Sampling Based Method 

 

The efficiency is a measure of how quickly the desired precision is achieved by a specific 

method of uncertainty analysis. In Fig. 5 we compare the number of MCNPX calculations 

necessary to evaluate a model (y axis), in function of the number of parameter with 

uncertainty to be evaluated. From 47 parameters onwards, the computer time using the 

conservative method is higher than the computer time using the sampling based method. 

Furthermore, the precision due to the computational error is smaller for the Sampling Based 

method (the total error is around the computational uncertainty of one single calculation). In 

the conservative method, it increases as the number of parameters increases and is propagated 

to the uncertainty in keff, resulting in a high effect that gives the name to the method: 

“conservative”. 

 

Hypothesis 
Mean 
 keff 

Total S.D.  
(pcm) 

Computational
 

S.D.
a  

(pcm) 
Propagated

  

S.D.
b 

(pcm) 

(1)  0.998 268.9 93.2 252.2 
(2)  0.998 105.2 92.8 49.4 
(3) 0.998 122.0 93.0 79.0 
(4)  0.998 283.5 93.1 267.8 

a. Computational uncertainty (Average of all runs) 
b. Propagated uncertainty (obtained from Eq.2) 
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Figure 5:  Efficiency Comparison between Conservative and Sampling Based Method 

 

 

4. CONCLUSION  

 

The sampling-based method was used with MCNPX code to evaluate keff uncertainty due to 

the propagation of input parameter uncertainties. The system parameters investigated were 

geometry dimensions and material properties. The efficiency of the method was compared to 

conservative method. If the analysis includes more than 46 parameters with uncertainty in the 

same input, the sampling based method is proved to be more efficient. Furthermore, after 2 

input parameters with uncertainty, the sampling based method presents a better precision 

because it does not accumulate the computational error of every calculation.  

 

 The possibility to insert many parameter uncertainties in the same input of sampling based 

approach was confirmed. The variances when considering all the parameters uncertainties 

(hypothesis(4)) is equivalent to the sum of variances if the parameter uncertainties are 

sampled separately. However, it is necessary to remake the calculations in a better computer 

cluster. Increasing the number of histories followed in the Monte Carlo calculation will 

generate computational uncertainties much lower than the values under investigation, thus 

avoiding under-sampling bias. 

 

 Respect to the use of Wilks formula for this fissionable material system neutronic evaluation, 

it is necessary to demonstrate the convergence of the process of selecting 93 code runs. 

Results from two or more different sets of 93 calculations must show the same value.  
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