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Damián (ESS) and Ph.D. Javier Dawidowski (CNEA).

• To M.Eng. Ariel Márquez (CNEA), Ph.D. José Robledo (CONICET) and B.Eng.
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Motivation

Motivation
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RA-6 Research Reactor - Time-of-flight spectrometry experimental facility

Beam duct no 5 • Design of a time-of-flight spectrometry
facility in the RA-6 Research Reactor.

• Necessity to estimate the neutron
current at the exit of the duct.
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OpenMC OpenMC transport code description

OpenMC transport code description
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Collimator

Shutter

Tracks surface

RA-6 Research Reactor - OpenMC model

• Open-source (https://openmc.org/).

• Modeling the RA-6 Research Reactor
from IEU-COMP-THERM-014 NEA
Benchmark.

• Modification to write the particles that
cross a given surface.

• Possibility to transform track files to
.mcpl format.

• Use the same track files to simulate the
particles in different codes (McStas,
PHITS, etc.).
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OpenMC RA-6 Research Reactor radiation simulation

RA-6 Research Reactor radiation simulation
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Source particles: 1× 109 n, time elapsed: 3.6× 105 s = 4.2 d, CPU: i7 8700 with 12 threads.
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How to generate more particles?

Example of scikit-learn kernel density estimation.

https://scikit-learn.org/stable/auto_examples/neighbors/plot_digits_kde_sampling.htm
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Kernel density estimation Univariate kernel density estimation

Univariate kernel density estimation
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Kernel density estimation Multivariate kernel density estimation

Multivariate kernel density estimation
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Kernel density estimation Best bandwidth selection

Best bandwidth selection
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Python’s libraries for KDE:

1 scipy: Scott’s and Silverman’s rules
(depends only on dim(x) and N).

2 scikit-learn: grid search
cross-validation (same h for each
variable).

3 statsmodels: operator cross-validation
(different h for each variable).
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Results Sampling particles with KDE

Sampling particles with KDE

1 Run a OpenMC eigenvalue core calculation.

2 Write the variables r,Ω, E,wgt of the particles
that cross certain surface in a file.

r = ~r = (x, y, z = z0) = (R, θ, z = z0)

Ω = Ω̂ = (u, v, w) = (ρ = 1, ϕ, ϑ)

3 Compute the multivariate KDE using
statsmodels CV bandwidth selection for each
variable.

4 Write the sampled particles in a .h5 format file.

5 Run a OpenMC fixed source calculation.

x
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r
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u
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φ

Coordinates ilustration.
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Sampling particles with KDE
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Best bandwidth comparison for neutron variables (in original coordinates).
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Results Calculation of current distributions

Calculation of current distributions
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Results Calculation of current distributions

Calculation of current distributions
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Results Calculation of current distributions

Calculation of current distributions
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Results Comparison with the original tracks results

Comparison with the original tracks results
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Conclusions

Conclusions

1 All this work was done using open source codes and free software tools.

2 A modification to write track files with OpenMC was generated.

3 New particles from these track files can be sampled using kernel density estimation.

4 Python has several libraries that estimate automatically the best bandwidth for the
particles’ variables.

5 Distributions of sampled particles with statsmodels resemble with originals.

M.Eng. Norberto S. Schmidt May 27, 2021 14 / 15



Thank you for your time.

Questions?
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