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Nuclear fission

Taken from: A. Al-Adili, V. Rakopoulos, and A. Solders, Eur. Phys. J. A 55 (2019), 61. 

Adapted from: M. Bender, et al. Future of nuclear fission theory. Journal of Physics G: Nuclear and Particle Physics, 47(11):113002, oct 2020. 
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Taken from: L. Bardelli et al., Nucl. Instrum. Methods Phys. Res. A, vol. 654, pp. 272-278, 2011.

Dedicated detector:
…such as an ionisation chamber 

Fission Tagging

…such as an active target

PhD thesis: Dennis Wilmsen. Nuclear structure studies with neutron-induced reactions : fission fragments in the 
N=50-60 region, a fission tagger for FIPPS, and production of the isomer Pt-195m. Physics [physics]. 
Normandie Université, 2017. English. <NNT : 2017NORMC269>. <tel-01768580>  

It is NOT suitable for all 
experimental setups: 
• Requires spectroscopic target 

• Geometrical constraints 

experimental setups
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Taken from: L. Bardelli et al., Nucl. Instrum. Methods Phys. Res. A, vol. 654, pp. 272-278, 2011.

Dedicated detector:
…such as an ionisation chamber 

Fission Tagging

…such as an active target

PhD thesis: Dennis Wilmsen. Nuclear structure studies with neutron-induced reactions : fission fragments in the 
N=50-60 region, a fission tagger for FIPPS, and production of the isomer Pt-195m. Physics [physics]. 
Normandie Université, 2017. English. <NNT : 2017NORMC269>. <tel-01768580> 

Fission tagging efficiency of 97.8 (25)% for 
This fission tag gives a gain in statistics up to a factor of 10 

Constraints:
- Suitable for dissolvable actinides;
- Target mass density.

233,235U
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Calorimetry for fission event recognition
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This method also 

has its limitations…
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Fission event recognition

Measured values:
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• Is it possible to build a  numerical 
fission trigger using innovative 
methods?  

• Would it be robust to different 
fissioning systems?  

• Could it be adapted to different 
experimental setups? 
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• Is it possible to build a  numerical 
fission trigger using innovative 
methods?  

• Would it be robust to different 
fissioning systems?  

• Could it be adapted to different 
experimental setups? 

Create a model capable of recognizing fission 
solely based on detector response function
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? ? ?

? ? ?

? ? ?

14

Fission trigger based on -Ball2 response functionν

Fission tag

Ob

Oa ?2D plots  higher dimensional 
correlations to evaluate which 
fission observables are more 

or less relevant for fission 
recognition.

→

Fission observables: 
•  multiplicity / energy
• Neutron multiplicity / energy
• Total energy
• …

γ

Experimental setup
A very complex 

response function 
from -Ball2 detectorν

Create a model capable of recognizing fission 
solely based on detector response function
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Fission trigger based on -Ball2 response functionν

A very complex 
response function 

from -Ball2 detectorν

Fission tag
(dFGIC)

Ob

Oa ?
Classification labels

Fission observables: 
•  multiplicity / energy
• Neutron multiplicity / energy
• Total energy
• …

γ

2D plots  higher dimensional 
correlations to evaluate which 
fission observables are more 

or less relevant for fission 
recognition.

→

Create a model capable of recognizing fission 
solely based on detector response function
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Taken from: https://alto.ijclab.in2p3.fr/en/nu-ball2-online-scientific-workshop-2/

HPGe clovers

Gamma detection 
energy and multiplicity

24 High-Purity Germa-
nium clovers (HPGe)

Neutron detection
energy and multiplicity

PARIS array

Fission fragments detection
Ionisation chamber

Thalia LaBr3

Thalia LaBr3

Ionisation chamberThalia LaBr3 phoswich PARIS array 

The N-SI-125 experiment setup

Exploratory

PARIS array 
70 phoswhiches  La(Ce)Br3:NaI
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Taken from: https://alto.ijclab.in2p3.fr/en/nu-ball2-online-scientific-workshop-2/
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Gamma detection 
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The N-SI-125 experiment setup

 source252Cf
 decay

   fission

~330 fissions

96.9 % α
3.1 %

⋅ s−1

Exploratory

• Al ring Ø  mm , Ø  mm
• Pl foil  + Au 

out = 40 in = 30
36 μg/cm2 52 μg/cm2

PARIS array 
70 phoswhiches  La(Ce)Br3:NaI
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Taken from: https://alto.ijclab.in2p3.fr/en/nu-ball2-online-scientific-workshop-2/

HPGe clovers

Gamma detection 
energy and multiplicity

24 High-Purity Germa-
nium clovers (HPGe)

Neutron detection
energy and multiplicity

PARIS array

Fission fragments detection
Ionisation chamber

Thalia LaBr3

PARIS array 
72 phoswhiches  La(Ce)Br3:NaI

Thalia LaBr3

Ionisation chamberThalia LaBr3 phoswich PARIS array 

The N-SI-125 experiment setup

 source252Cf
 decay

   fission

~330 fissions

96.9 % α
3.1 %

⋅ s−1

Exploratory

• Al ring Ø  mm , Ø  mm
• Pl foil  + Au 

out = 40 in = 30
36 μg/cm2 52 μg/cm2

+ contamination 
sources
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Time alignment and Energy calibration of -Ball2ν

Calibrated Eu spectrum for PARIS detectors152

 5.6 % resolution @ 662 keV 
after add-back

Time resolution PARIS 1.2 ns
( LaBr3:NaI and CeBr3:NaI )

Calibrated Eu spectrum for HPGe detectors152

Align -Ball2 detectors in 
time using pure LaBr  as a 
reference.

ν
3

 from Co 
calibration run
γ − γ 60
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Calibrated Eu spectrum for PARIS detectors152

 5.6 % resolution @ 662 keV 
after add-back

22

Time alignment and Energy calibration of -Ball2ν

Time resolution PARIS 1.2 ns
( LaBr3:NaI and CeBr3:NaI )

Calibrated Eu spectrum for HPGe detectors152

Align -Ball2 detectors in 
time using pure LaBr  as a 
reference.

ν
3

Time coincidence peak for LaBr3

Expect a clear n/  
separation due to TOF

γ

 from Co 
calibration run
γ − γ 60

-Ball2νIonisation 
Chamber



•

CONTENTS:

• Fission fragments de-excitation
• N-SI-125 experiment with -Ball2
• Fission tag with dFGIC
• Neural Networks for fission triggering

ν

27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE 23



27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE 24

Event reconstruction (dFGIC)

ϕ = arctan ( Y2 − Y1
X2 − X1 ) cos θ1,2 =

z̄1,2
r̄1,2

=
ν (t̄θmax

− t̄1,2)
r̄1,2

«   »E′ 2

«   »E′ 1

TO DO

Fission event reconstruction: 

Event i : { timestamp;
 «   », «   »E1 E2
θ1, θ2, ϕ
R1, R2
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Waveform analysis

Waveform analysis through most frequently used methods

•Moving average algorithm;

•RC filter;

•Signal baseline correction;

•CR-RC and CR-RC4 shaping filters;

•Trapezoidal shaping filter;

•Signal integration (deposited charge)

•Constant Fraction Discrimination (CFD) TIME MEASUREMENTS

« ENERGY » MEASUREMENTS

BOTH TIME AND « ENERGY
MEASUREMENTS

26

Cathode

EVENT CLOCK
with CFD

Normalised cathode sampled signals 

CFD* on cathode signals requires 
~15000 FLOP per signal
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POOR TIME RESOLUTION

Time coincidence peak

Time coincidence peak

Clear n/  separation due to TOFγ

OVERLAP

1.Time resolution is not sufficient to separate n/
2. Expect to obtain a resolution down to 3 ns

γ

Triggering of signal can be 
optimised to 1-2% of signal 
rise time.

Cathode rise time ~300 ns

ps

Cathode signal IC 
(fission trigger)

LaBr  scintillator 
(coincidence detector)

3

Event reconstruction

CFD on cathode signals requires ~15000 FLOP per signal
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Regression model for signal triggering 

CNN 1D regression model successfully predicted the signal triggering for 
benchmark pure LaBr  detector without degrading time resolution.

However, model did not generalise well for cathode signals and required more 
operations than CFD algorithm.

3

BENCHMARK
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Regression model for signal triggering 

CNN 1D regression model successfully predicted the signal triggering for 
benchmark pure LaBr  detector without degrading time resolution.

However, model did not generalise well for cathode signals and required more 
operations than CFD algorithm.

3

BENCHMARK

*initial time resolution (with CFD) 73.3 ps

M. Kocot also uses MSE loss function
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Loss function for time resolution improvement

HIDDEN 
LAYERS

Trigger
(Timestamp)

SAMPLED 
SIGNAL

CD CD

CD: Coincidence Detector (LaBr ) timestamp *3

NO CONNECTION BETWEEN CD NEURON AND ANY OTHER LAYER IN NN ARCHITECTURE.
USED ONLY FOR LOSS ESTIMATION. 

By batch

Initial guess: cathode signal CFD



27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE 31

Final Model

The model can be loaded in c++ script with Tensorflow API and it was directly implemented in 
our raw data conversion code to ROOT format, replacing the CFD algorithm.

Our final model has 1065 parameters and requires 2110 FLOP per signal entry, with total 
FLOP 2910 per signal. 
The total number of operations already takes into account signal downsampling (600 + 100 
FLOP) and rescaling (100 FLOP). 

This represents a computational cost 5 times smaller than CFD 
algorithm with a time resolution at least 34% better * .

*
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Fission trigger based on -Ball2 response functionν

Ob

Oa ?Measured values:
•  multiplicity / energy
• Neutron multiplicity / energy
• Total energy
• …

γ

2D plots  higher dimensional correlations 
to evaluate which fission observables are 

more or less relevant for fission recognition.

→

Overview on the n-ball
campaign results

M. Lebois, N. Jovancevic, D.Thisse, R. 
Canavan, D. Etasse, M. Rudigier, J. Wilson

And the entire n-ball collaboration

What to give to a Neural Network

Elementary Information: coincidence with a pulse
Data Extracted from a pulse

prompt 
Delayed
Total

- Average Energy (p/d/total)
- Energy Standard Deviation (p/d/total)
- Prompt multiplicity/delayed multiplicity
- Prompt time standard deviation
- Spatial Distribution (average ring #)

16 possible inputs
12

18

The “best” (so far) Neural Network applied to real data

0 500 1000 1500 2000 2500
Energy (keV)

0

0.0002

0.0004

0.0006

0.0008

0.001

0.0012

0.0014

0 500 1000 1500 2000 2500
Energy (keV)

0

0.0002

0.0004

0.0006

0.0008

0.001

0.0012

0.0014

300 350 400 450 500
Energy (keV)

0.0004

0.0006

0.0008

0.001

0.0012

140Xe
140Xe

Create a model capable of recognizing fission 
solely based on detector response function

Tests for fission trigger with Neural Networks performed  

on -Ball campaign results by M. LEBOISν



27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE 34

Fission trigger based on -Ball2 response functionν

What to give to a Neural Network

Elementary Information: coincidence with a pulse
Data Extracted from a pulse

prompt 
Delayed
Total

- Average Energy (p/d/total)
- Energy Standard Deviation (p/d/total)
- Prompt multiplicity/delayed multiplicity
- Prompt time standard deviation
- Spatial Distribution (average ring #)

16 possible inputs
12

Create a model capable of recognizing fission 
solely based on detector response function

What to give to a Neural Network

Elementary Information: coincidence with a pulse
Data Extracted from a pulse

prompt 
Delayed
Total

- Average Energy (p/d/total)
- Energy Standard Deviation (p/d/total)
- Prompt multiplicity/delayed multiplicity
- Prompt time standard deviation
- Spatial Distribution (average ring #)

16 possible inputs
12

Building final dataset by reconstructing « Hit » events measured values.
Boolean classification label « is fission » given by ionisation chamber output

__________________________________________________________________
Additional input, compared to -Ball: 

with -Ball2 it is possible to detect neutrons and discriminate them from -rays

Clear fission tag by dFGIC (ionisation chamber)

Hundreds of millions of fission events available for training and validation 
(Even though we expect to train model with around 10  events) 

__________________________________________________________________
Model architecture:

Input layer with « Hit » measured values 
One or two hidden layer (MLP / FCNN) with no more than 3 times the input size
Single output neuron with « is fission » or « is not fission » boolean classification

ν
ν γ

4

Current state:
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BACKUP SLIDES
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BACKUP SLIDES
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BACKUP SLIDES
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Event reconstruction

Time coincidence peak for LaBr3

Clear n/  separa-
tion due to TOF

γ Align -Ball2 detectors in 
time using pure LaBr  as a 
reference.

ν
3

PA
RI

S 
-B

al
l2

 (H
PG

e 
+ 

BG
O

)
ν
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Event reconstruction

PA
RI

S 
-B

al
l2

 (H
PG

e 
+ 

BG
O

)
ν

Align -Ball2 detectors in 
time using pure LaBr  as a 
reference.

ν
3

Time coincidence peak for LaBr3

Clear n/  separa-
tion due to TOF

γ
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Reconstruct 
zero-crossing

41

Constant Fraction Discrimination (CFD)

f ⋅ in( t )
out = f ⋅ in( t ) − in( t − tdelay )

−in( t - tdelay )

in( t ) in( t )

 , 
where  is the signal rise time
tdelay > tr ⋅ (1 − f )

tr

CFD CONSTRAINT:

>    <

tdelay

Reliable and amplitude-independent approach 
to determine a start point of signal  fission event→
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Double Frisch-Grid Ionisation Chamber (dFGIC)

Ionisation chamber signals sampled every 2ns

Cathode
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Double Frisch-Grid Ionisation Chamber (dFGIC)

Ionisation chamber signals sampled every 2ns

Cathode Fission signature: all 
channels of IC triggered



27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE 45

Double Frisch-Grid Ionisation Chamber (dFGIC)

Ionisation chamber signals sampled every 2ns

Cathode Fission signature: all 
channels of IC triggered

ANODE

CATHODE252Cf

 cloude−

⃗E

Frisch Grid wires

CATHODE

TOTAL ANODE

EVENT CLOCK

DTe−

 drop252Cf
Au

Backing

OSC

θ = 0∘

Detection region
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Double Frisch-Grid Ionisation Chamber (dFGIC)

Ionisation chamber signals sampled every 2ns

Cathode Fission signature: all 
channels of IC triggered

CATHODE252Cf

Frisch Grid wires

 cloude−

⃗E

θ

ANODE

CATHODE

TOTAL ANODE

EVENT CLOCK

DTe−

 drop252Cf
Au

Backing

OSC

Detection region



27/11/2025 IN2P3/IRFU Machine Learning workshop - B. PERTILLE 50

Double Frisch-Grid Ionisation Chamber (dFGIC)

Adapted from: A. Göök, et al. A position-sensitive twin ionization chamber for fission fragment and prompt  
neutron correlation experiments. Nuclear Instruments and Methods in Physics Research Section A:  
Accelerators, Spectrometers, Detectors and Associated Equipment, 830:366–374, 2016. 

x̄ = kx
P1 − P2
P1 + P2

, ȳ = ky
A1 − A2
A1 + A2

z̄ = vd ⋅ (t̄(0∘,0∘) − t̄(θ∘x,θ∘y)) average electron
drift time

Electron drift velocity

Energy vs. Electron drift time

tn = 1
Qmax

⋅
k0+n

∑
k=k0

(qk+1 − qk)(k − k0) ⋅ 1
fs

a.
u.

a.
u.

electron drift time

electron drift time

m
V

ns
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Cathode

Waveform analysis

Waveform analysis through most frequently used methods

•Moving average algorithm;

•RC filter;

•Signal baseline correction;

•CR-RC and CR-RC4 shaping filters;

•Trapezoidal shaping filter;

•Signal integration (deposited charge)

•Constant Fraction Discrimination (CFD) TIME MEASUREMENTS

« ENERGY » MEASUREMENTS

BOTH TIME AND « ENERGY
MEASUREMENTS
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Cathode

EVENT CLOCK
with CFD
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Waveform analysis through most frequently used methods
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•CR-RC and CR-RC4 shaping filters;

•Trapezoidal shaping filter;

•Signal integration (deposited charge)

•Constant Fraction Discrimination (CFD) TIME MEASUREMENTS

« ENERGY » MEASUREMENTS

BOTH TIME AND « ENERGY
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Cathode

EVENT CLOCK
with CFD

•Perform CFD in all anode signals 

•Select first anode signal output for 

each side as reference. Align and 
sum samples for both sides

Sum anode

PAn1
PAn2

Waveform analysis
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Waveform analysis

Waveform analysis through most frequently used methods

•Moving average algorithm;

•RC filter;
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Cathode

EVENT CLOCK
with CFD

tn = 1
Qmax

⋅
k0+n

∑
k=k0

(qk+1 − qk)(k − k0) ⋅ 1
fs

m
V

ns

e.g. Waveform analysis for average electron drift time calculation: 

tn

AVERAGE 
 DRIFT TIMEe−

•Perform CFD in all anode signals

•Select first anode signal output for 

each side as reference. Align and 
sum samples for both sides

Sum anode

PAn1
PAn2RECONSTRUCT TOTAL ANODE 

SIGNAL FOR EACH SIDE
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Waveform analysis

Waveform analysis through most frequently used methods

•Moving average algorithm;

•RC filter;

•Signal baseline correction;

•CR-RC and CR-RC4 shaping filters;

•Trapezoidal shaping filter;

•Signal integration (deposited charge)

•Constant Fraction Discrimination (CFD) TIME MEASUREMENTS

« ENERGY » MEASUREMENTS

BOTH TIME AND « ENERGY
MEASUREMENTS

Cathode

EVENT CLOCK
with CFD

m
V

ns

e.g. Waveform analysis for average electron drift time calculation: 

tn

AVERAGE 
 DRIFT TIMEe−

•Perform CFD in all anode signals

•Select first anode signal output for 

each side as reference. Align and 
sum samples for both sides

Sum anode

PAn1
PAn2RECONSTRUCT TOTAL ANODE 

SIGNAL FOR EACH SIDE
•  drift time is the time difference 

between cathode and sum anode 
calculated timestamps (with CFD)

•Apply shaping filters to measure 

« energy » for all channels


e−

DTe−
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Loss function for time resolution improvement

HIDDEN 
LAYERS

Trigger
(Timestamp)

SAMPLED 
SIGNAL

By batch

Initial guess: cathode signal CFD
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Loss function for time resolution improvement

HIDDEN 
LAYERS

Trigger
(Timestamp)

SAMPLED 
SIGNAL

CD CD

CD: Coincidence Detector (LaBr ) timestamp *3

NO CONNECTION BETWEEN CD NEURON AND ANY OTHER LAYER IN NN ARCHITECTURE.
USED ONLY FOR LOSS ESTIMATION. 

By batch

Initial guess: cathode signal CFD
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Layer complexity

CFD on cathode signals requires ~15000 FLOP per signal
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Layer complexity

CFD on cathode signals requires ~15000 FLOP per signal



19/09/2025 Second CSI meeting - B. PERTILLE 83

Model tuning - first hidden layer
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Model tuning - second hidden layer
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Model tuning - loss function bin size
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Final Model

The model can be loaded in c++ script with Tensorflow API and it was directly implemented in 
our raw data conversion code to ROOT format, replacing the CFD algorithm.

Our final model has 1065 parameters and requires 2110 FLOP per signal entry, with total 
FLOP 2910 per signal. 
The total number of operations already takes into account signal downsampling (600 + 100 
FLOP) and rescaling (100 FLOP). 

This represents a computational cost 5 times smaller than CFD 
algorithm with a time resolution at least 34% better * .

*


