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1. EXFOR Verification. Qutlier detection

= |ntroduction
= Methodology
= Results

2. Nuclear Data Validation using Statistical Parameters
* Introduction

= |CSBEP data processing and ML
= Results

3. Nuclear Data Verification using Uncertainty Calculations
= Uncertainty Evaluation
» Data Mining and ML Techniques
= Results
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Outlier detection in EXFOR nuclear
reactions library by ML techniques
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0 EXFOR library: Compilation of more than 20.000 nuclear reactions experiments.

O Outliers:

- Figure of merit (y, distance ). Weighting the dispersion of the experimental value from the
evaluated one.

- Any kind of data (Cross sections, nu-bar, angular distributions, etc.) can be checked with the
same test.

- Special Case: Reactions with resonances.

N
% )7 ENDF O-E x — O-E v
Cross-section X u—
(barn) A
$ distance O-EX
y EFOR
; > Figure. Principle of the method

X TF%,  Iooident ExerpyieV) Ref. Verification of the database EXFOR and ENDF.
JEFF Meeting 10/2016 (JEFDOC-1778)
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d Methodology
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D R esu ItS Incident neutron data / EXFOR vs ENDF VII.1/Zn64 / (n,A)28-Ni-61
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Nuclear Data Validation using Statistical
Parameters
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O Nuclear Data Validation using Statistical parameters:

Keff,calculated eff,benchmark

2 2
- ’ AKeff,benchmark + AKeffcalculated

K
Three different eff,calculated

parameters ' Kerf penchmark

Keff,calc eff,benchm

0 Data from ICSBEP database. ENDF Libraries
JEFF-3.3
Q Detection of Outliers using Machine Learning.
ENDF/B-VIII.O
O ldentifying trends with DICE. ENDF/B-VII.1
JEFF-3.1.1

O Establishing comparisons between libraries.
Keff calculated by courtesy of SVDM. ~2200 benchmarks
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1 Outlier Detect

lon: comparison between libraries

O Evaluation LEU-COMP-THERM: more outliers in libraries JEFF 3.3 and

ENDF Vi
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Case
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Q Identifying trends: LCT cases, C/E vs %wt U235
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Q Identifying trends: LCT cases, C/E vs EALF (eV)
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3. Nuclear Data Verification

Nuclear Data Verification using
Uncertainty Calculations
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3.1. Uncertainty Evaluat/
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O ML using Uncertainty Evaluation

= Keff Uncertainty (AKeff"P) due to
Nuclear Data Uncertainties

= Bias of Keff: C/E, C-E, chi-squared

» Detecting potential Outliers and

AKeff
AKeff = ———Ao =
ff Ay
ok ok var.(al) COV(Cfn» 01)
doy oy cov(a.l, 0,) UaT.(Un)

dk
60'1
dk

On

trends in the Databases

Covariance JANIS/NEA Errors or lack of
covariance in libraries

Sensitivity ICSBEP Outlier Detection

Uncertainty NDAST Relation between Bias

and Keff uncertainty

Table. Parameters used in ND evaluation

Keff Uncertainty Calculation

5 Keff¢ — Kef fExp

X:

\/AKeffEx?’z + AKeffC? + AKeffND?

Keff¢

C
E  KeffEx»

C —E = Keff¢ — KeffEt*»

Keff Bias used in evaluation
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0 Methodology

Data Mining Automatic
(NDAST) | Execution
ML _
Techniques

O Retrieving covariance data in JANIS
Database

O Executing JANIS and NDAST in
Command Line

O Clustering Algorithms
= DBSCAN algorythm
» K-means workflow
U Regression models

= R? and squared error minimization

Configure your set Node 12
of columns here

— P,
N »>
]
Numeric Distances Cluster using
{ ' DBSCAN
Normalizer | f
e ‘% - Scatter Plot
s \  oceb
u ]
® Euclidean
Z_score distance ®
normalization Node 148

Figure. DBSCAN Algorithm with Knime

Linear Regression

Learner
> |
Feature Selection > Regression Feature Selection
Loop Start (1:1) Partitioning L ] Predictor Loop End
Node 11
R oo —
» @5 0

Numeric Sc.rirf,r— ,
® ® o ®
® <t Pohoose the variab
® to optimize

Node 14

Do the final fittering here
Figure. Regression Model with Knime
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d ND Covariances of JANIS
Databases

» JEFF-3.3 evaluation (by courtesy
of SVDM ~2200 benchmarks)

= Missing values of covariance in
JANIS Database (Pu?*? and U?%3¢
for instance)

= Error processing covariances: 873
cases with relative error > 100%

Sensitivities of ICSBEP

= Problem running NDAST with
‘KENO ABBN-93” sensitivies,
cause to have high uncertainty
deviations in the benchmarks
cases.

= Sensitivies are evaluated by
elements instead of isotopes
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Figure. Relative standard deviation of n-alpha reaction of Fe>’
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O Pattern recognition. For thermal systems: 1H (n,elastic), 1H (n,gamma), 10 (n,elastic), ...
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Figure. C/E vs Keff Uncertainty due to 164Gd(n,gamma) reaction Figure. Bias vs Total ND Uncertainty in Keff
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Thank you for your attention
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