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1. EXFOR Verification
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Outlier detection in EXFOR nuclear 

reactions library by ML techniques
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1.1 EXFOR Verification
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❑ EXFOR library: Compilation of more than 20.000 nuclear reactions experiments.

❑ Outliers:

- Figure of merit (𝜒, 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.

Figure. Principle of the method
Ref. Verification of the database EXFOR and ENDF.

JEFF Meeting 10/2016 (JEFDOC-1778)

𝜒 =
𝜎𝐸𝑥 − 𝜎𝐸𝑣
∆𝜎𝐸𝑥
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1.2 EXFOR Verification
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EXPERIMENTAL 
DATA

EVALUATED 
LIBRARIES

Data Mining
❑ Making data comparable:

- Interpolation

❑ Reactions: (n,p)   (n,α)  

(n,2n)    (n,n)

MACHINE 
LEARNING

Potential 

Outliers

Figure. KNIME flowchart using DBSCAN 

❑ Methodology

* Density Based Spatial Clustering

of Applications with Noise
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1.3 EXFOR Verification
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Normalized Energy

N
o
rm

a
liz

e
d

 C
h
i

Material Zn64 Al27 Pb204 Fe54 Ge76 Se80

Potential Outliers
detected

7 7 6 27 1 4

% of total points 1.2% 0.4% 2.1% 2.4% 1.6% 0.9%

Table. Potential outliers detected in (n,p), (n,α) , (n,2n), (n,n) reactions

Figure. Clustering Knime

Neutron incident reactions Zn64

❑ Results
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2. Nuclear Data Validation
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Nuclear Data Validation using Statistical 

Parameters 
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2.1. Introduction
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❑ Nuclear Data Validation using Statistical parameters:

Three different 
parameters

𝜒2
𝐾𝑒𝑓𝑓,𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑 − 𝐾𝑒𝑓𝑓,𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘

Δ𝐾𝑒𝑓𝑓,𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘
2 + Δ𝐾𝑒𝑓𝑓𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑

2

C/E

𝐾𝑒𝑓𝑓,𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑

𝐾𝑒𝑓𝑓,𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘

C-E 𝐾𝑒𝑓𝑓,𝑐𝑎𝑙𝑐 - 𝐾𝑒𝑓𝑓,𝑏𝑒𝑛𝑐ℎ𝑚

❑ Data from ICSBEP database.

❑ Detection of Outliers using Machine Learning.

❑ Identifying trends with DICE.

❑ Establishing comparisons between libraries.      

ENDF Libraries

JEFF-3.3

ENDF/B-VIII.0

ENDF/B-VII.1

JEFF-3.1.1

Keff calculated by courtesy of SVDM. ~2200 benchmarks
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❑ KNIME Workflows

❑ Clustering Algorithms

▪ DBSCAN algorithm

❑ Trends algorithms:

▪ Random Forest 

Learner

▪ Random Forest 

predictor

❑ Representing results:

▪ CSV Writer

▪ Scatter Plot

▪ Line Plot

KNIME Workflow - Clustering

2.2. ICSBEP Data Processing & ML

KNIME Workflow - Trends
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❑ Outlier Detection: comparison between libraries

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

ENDF VIII. LEU-COMP-THERM-029-010

LEU-COMP-THERM-029-001 

LEU-COMP-THERM-029-012

LEU-COMP-THERM-029-011

LEU-COMP-THERM-005-015

LEU-COMP-THERM-029-009

LEU-COMP-THERM-005-015

LEU-COMP-THERM-029-010 LEU-COMP-THERM-029-002

LEU-COMP-THERM-005-015

Outlier Detection per library LEU-COMP-THERM cases

2.3. Results
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❑ Identifying trends: LCT cases, C/E vs %wt U235 

2.3. Results

C/E vs.%U235 Trend - ENDF/B-VIII.0 C/E vs.%U235 Trend – JEFF 3.3
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❑ Identifying trends: LCT cases, C/E vs EALF (eV) 

2.3. Results

C/E vs. EALF - ENDF/B-VIII.0 C/E vs. EALF - JEFF 3.3



“INGENIA-NUCLEAR” - Diseño y Simulación de un PWR. Curso 2018-19. Prof. O. Cabellos 13

3. Nuclear Data Verification
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Nuclear Data Verification using 

Uncertainty Calculations

INGENIA Students
Pablo Alcaide

Claudia Cea
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María García Moya

Pablo Serna
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3.1. Uncertainty Evaluation
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❑ ML using Uncertainty Evaluation

▪ Keff Uncertainty (∆𝐾𝑒𝑓𝑓𝑁𝐷) due to

Nuclear Data Uncertainties

▪ Bias of Keff: C/E, C-E, chi-squared

▪ Detecting potential Outliers and

trends in the Databases

Variable Tool Result

Covariance JANIS/NEA Errors or lack of 

covariance in libraries

Sensitivity ICSBEP Outlier Detection

Uncertainty NDAST Relation between Bias

and Keff uncertainty

∆𝐾𝑒𝑓𝑓 =
∆𝐾𝑒𝑓𝑓

∆𝜎
∆𝜎 =

ቈ
𝜕𝑘

𝜕𝜎1
… ቉
𝜕𝑘

𝜕𝜎𝑛
∗

𝑣𝑎𝑟 𝜎1 ⋯ 𝑐𝑜𝑣 𝜎𝑛, 𝜎1
⋮ ⋱ ⋮

𝑐𝑜𝑣 𝜎1, 𝜎𝑛 ⋯ 𝑣𝑎𝑟 𝜎𝑛

∗

𝜕𝑘

𝜕𝜎1…
𝜕𝑘

𝜕𝜎𝑛

Keff Uncertainty Calculation

Table. Parameters used in ND evaluation

C

𝐸
=

𝐾𝑒𝑓𝑓𝐶

𝐾𝑒𝑓𝑓𝐸𝑥𝑝

𝜒2 =
𝐾𝑒𝑓𝑓𝐶 − 𝐾𝑒𝑓𝑓𝐸𝑥𝑝

∆𝐾𝑒𝑓𝑓𝐸𝑥𝑝
2
+ ∆𝐾𝑒𝑓𝑓𝐶

2
+ ∆𝐾𝑒𝑓𝑓𝑁𝐷

2

Keff Bias used in evaluation

𝐶 − 𝐸 = 𝐾𝑒𝑓𝑓𝐶 − 𝐾𝑒𝑓𝑓𝐸𝑥𝑝
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❑ Clustering Algorithms

▪ DBSCAN algorythm

▪ K-means workflow

❑ Regression models

▪ 𝑅2 and squared error minimization

❑ Retrieving covariance data in JANIS

Database

❑ Executing JANIS and NDAST in

Command Line

Data Mining

(NDAST)

Automatic

Execution

ML 

Techniques

Figure. DBSCAN Algorithm with Knime

3.2. Data Mining and 

ML Techniques

❑ Methodology

Figure. Regression Model with Knime

Knime
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❑ ND Covariances of JANIS 

Databases

▪ JEFF-3.3 evaluation (by courtesy

of SVDM ~2200 benchmarks)

▪ Missing values of covariance in 

JANIS Database (𝑃𝑢242 and 𝑈236

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

Figure. Relative standard deviation of inelastic reaction of 16𝑂

3.2. Results

Figure. Relative standard deviation of n-alpha reaction of 𝐹𝑒57
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❑ Pattern recognition. For thermal systems: 1𝐻 (n,elastic), 1𝐻 (n,gamma), 16𝑂 (n,elastic), … 

Figure. Bias vs Total ND Uncertainty in Keff

for LEU experiments

Potencial

Outliers?

Figure. C/E vs Keff Uncertainty due to 
𝟏𝟔𝟒𝑮𝒅(n,gamma) reaction

for Plutonium experiments

LEU-COMP-THERM-003

LEU-COMP-THERM-004

LEU-COMP-THERM-005

LEU-COMP-THERM-012

LEU-COMP-THERM-029

LEU-COMP-THERM-051

LEU-COMP-THERM-064

Conservative 

uncertainties?

LEU-COMP-THERM-005

LEU-COMP-THERM-015

3 Clusters 

created with C/E

C/E > 1

C/E ~ 1

C/E < 1

3.2. Results

C
-E

PU-SOL-THERM-034

Gd164_g
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Thank you for your attention


