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Analysis of nuclear emulsion images for

hypernuclearphysics using machine Iearnlng
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Photographic emulsion sheet for visualizing charged particle tracks

Charged particle development

/

Silver halide crystals Silver graing~1 mm)
(Diameter~200 nm)

Gelatin medium

Optical microscope Micrograph 2

i L.
Developed emulsion sheet
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Datasizeof emulsion sheet:

1 sheet
108 sheets

~100 TB
~100 PB



My research experience

2006-2008 Graduate student at ldgoyaU
Imaging the interior of volcanoes using cosmic ray muons

20082013 Ph. D. student at &goyaU
OPERA experiment aiming to detect neutrino oscillations

20132017 Postdoc researcher at GHu | Hypertriton €, H)
20172020 Postdoctoral Fellovat Advanced Science Research CeteEA ’ L
20202022 TohokuU, RIKEN High energy nuclear physics lab.

Hypernucleamphysics

‘ DoubleL hypernucleus
20202022 RIKEN High energy nuclear physics lab. @

Machine learning fohypernuclearphysics, neutron imaging

X hypernucleus
2022 May- International Center for Synchrotron Radiation Innovation Smart, Tolwbku

Synchrotron radiation science




Hypernucleus normal nucleus + hyperon

Nucleon(N)
Nucleus
Molecule Atom Proton Neutron L Hyperon X hyperon
e ] . A e °d = < ° S S:
ﬁ ﬁ ; 1 u* 1 \U. d ad)
_ ; |
N Only up and downrquarks Contain strange&uark(s)

Image: The Nobel Prize in Physics 2008

A Important for understanding generalized nuclear forces
A Strangequark: unstable on the earth (lifetime: ~-1%ec)
A Hyperonsare generated by accelerator experiments

SingleL hypernucleus Double strangeneshypernuclei

. Yoo o

Hypertriton ¢ _H) DoubleL hypernucleus X hypernucleus

A Information on the interaction from its binding energy with normal nucleus
A Emulsion sheet is a suitable detector to detect their production and decay at rest
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Automated track following M.K.Soe , ..J. Yoshida et al., N.I.M.848 (2017) 66

Photographic —p Volumesfor readout

development » ;1200 mmy

= » YouTube
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T 0.4 mm Thirtype

/ ~(&10 mmy
tracking detector \ @ @

Target

Beam

Emulsi dul /
mulsion module
K 1.0 mm Thickype 7 Automated Track Following
/ A https://youtu.be/3fiWIStDx2U
~1G Kparticle per module //
(] % ’ ' In the 1998 experiment
~440 predictions oK- tracks | 1.0 mm Thickype ~5k tracksfor ~7years.
JPARC EO7:
permodule Beam direction

~40k tracksfor ~2years

X 118 modules



Detected double strangeness events 14 events in the former experiments
33 events in-PARC EO7

15
¥ 2C
K. Nakazawa, et al.,

Prog Theor Exp. Phys.
2015, 033D02 (2015)

DoubleL hypernuclearvents ts

8l ; 10 M. Yoshimoto, et al.
cLior ~Be x Prog Theor Exp. Phys. 2021, 073002 (2021)
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H.Ekawaet al., o Nyaw A. N. L. et al., — %
Prog Theor Exp. Phys. Bull. SocPhotogrimag Japan || g H. Hayakawa et aI

2019, 021D022019) 30, 2, 25 (2020) Phys. Rev. Let., 126, 062501 (2021)




Overall scanning method

Detectable events by the hybrid method are estimated to be ~10% of all.

K+ decay ¢ KS - Yqxréadtion

KO

K Kl ________a/ K N 1>
—ﬁ\]( decay --
X X

Detection efficiency: ~30% Twice the probability of (KK") reaction

A SingleL hypernuclearevents ( ~18/ sheet)

A Evenif they are not triggered, they are certainly recorded in the emulsion sheets
A Exhaustivesearch using image recognition

A Development began around 2010.

% : Mm / X- 14N M 15,C rbloL Be +5 He
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The first observation of th&X hypernucleus
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J. Yoshida, et al., N.I.LM A, 847 (201 7p86

Vertex Picker, Image processing for verikixe shape detection

A Line segment detection
A Vertexes where line segment endpoints are
concentrated.

A Image processing parameters were set to
detect found doubléhypernuclearvents.

A Used to detect alpha decay events as thestep
A U, Thin gelatin
A Calibration source for the correspondence between track length and kinetic energy
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Performance of alpha decay selection using line information.

N_trackshat make up a vertex.
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| 44459 Precision (Purity): 0.08L 0.006 =@o01. K201)/2489
Recall (Efficiency): 0.788 0.056 =(201- K201)/255

HDevelopmentof aCNNbased image classifier.
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Image classification using Convolutional Neural Netw@@d\N)
J. Yoshida, et alucl Inst. and Meth, A 989 (2021) 164930
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A Scalar values are calculated by the CNN for each imag
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Object detection using Region based CNN

Mask RCNN https /larxiv.org/abs/1703. 06870

traffic igh$oR 0 <

' o |
=l ll |
T || == )

affiedioht 0.895
.

car 0.920 ol )
S B
g

t R - \@ro«u/

https /[github. com/mu|t|modallearn|ng/pytorclcmaskrcnn - e : _
A Pedestrian dataset by Pennsylvania and Fudan Univ.

Our strategy

Micrograph Object detection
A How to collect training data for rare events?
| =
_ C Using
» Trained A Machine learning (Style Transfer)
Mask RCNN A Physics simulation (GEANT4)

to generate training data without any actual example.

S m————
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Synthesized images: from line to simulated images using Image Translasam optical simulator.

Pix2Pix
https://arxiv.org/abs/1611.07004
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A Inverse transformation of Edge

detection

A Recover the colors of the original

image from the line drawing

Training using our data

3 '/f o ; L

Artificial lines on
binarized actual micrograph

Pairs of ~10real images and binarized images

T were used to train the inverse transformation.

e
. A ‘r 3

Synthesized image

Transform , -


https://arxiv.org/abs/1611.07004

Synthesized images: from line to simulated images using Image Translagam optical simulator.
A.Kasaget.al,N.[.M. A 1056 (2023) 168663
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Line drawings of tracks RGB channels for focused and adjaaepth layers
using GEANT4
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Mask

A Training a modified Mask-&NN
A 30k pairs of simulated image and mask are used.
L A Masks are created without manual annotation works.

A Mask RCNN

A Implemented byPyTorch
A Backbone: ResNet50
A Modified for our purposes

Trained

Performance

. (Number of detected a_decay event)
Efficiency =

modified (Number of a_decay events in test dataset)
Mask RCNN (Number of detected a_decay event)

Purity =

(Number of detected candidates) Using eye search

Detected!

Efficiency [%0] Purity [%0]
VertexPicker+CNN 40.8*56 . 8.9711 1,

Mask RCNN 80.3%42 , 17.37%% 10




In operation for physics research; hypertriton searct& L

NUCLEAR WALLET CARDS|201
Appendix-IV Observed A Hypernuclidest
El A J(g.s.) B,(g.s.) Excited states (MeV)
H 3 1/2+ 0.13 5
4 0+ 2.04 4 1.054 1+
He 4 0+ 2.393 1.154 1+
5 1/2+ 3.12 2
6 4.18 10
8 T7.16 70
0.13+0.05 MeV, measured in the 1970s
Remeasuring using modern techniques
9d [ AdzZ X3I WO aKARF SaG |
A decay event at rest
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The Fhypertriton event detected in an emulsion sheet é?PARC EOQ7 using ML
GbSs RA NBErauileanJIK 8 & A (
T.R Saito et.al., Nature Reviews Physics
https://doi.org/10.1038/s42254021-0037 :w
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Personal impression

Why does it work?

A Effective usage
Event search
Alpha decay and decay event of hypertriton

Image processing for micrograph of emulsion sheet

A Collaboration with experts of machine learning
RIKENRikkyaU

A Timing and public understanding of machine learning
Google boughDeepmindfor $650m (Jan. 2014)

AlexNeton Caffe
Chainer (Jul. 2015), TensorFlow (Nov. 20B$Yorch(Oct. 2016)

AlphaGovsLee Sedol (Mar. 2016)

Development issues

A Reduction of increased eygheck work
A Other decay modes of hypertriton
A Searching for double strangendsgoernuclei




My current work: construction of a new synchrotron radiation facilitijanoTerasu

This facility is being set up for operation in April 2024.
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