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Vysokoenergetickeé kozmické ziarenie

 Ciel JEM-EUSO: Identifikacia zdrojov
vysoko-energetického kozmického Ziarenia

e GZK limit (Greisen-Zatsepin-Kuzmin)

- Predpoklada sa, Ze spektrum kozmického
Ziarenia konCi pod 1x102 eV kvoli
kozmickému mikrovinému pozadiu

— Vzdialenost atlmu (atenuacie) pre protény s
energiou 1x102 eV je okolo 100 Mpc.

— Boli pozorované castice nad tymto
limitom — Fly's Eye pozoroval 3x102 eV [2]

« Sprsky st produkované pri vstupe
castic kozmického ziarenia do
atmosféry.

- Kolizie primarnych castic spésobujia kaskadu
sekundarnych kolizii.

— ZapriCinuju excitaciu molekal atmosféry, ktoré
deexcituja fluorescenciou (najma v UV
spektre)
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Obr. 1: Zavislost toku primarnych Castic od energie [1].

[1] Todor Stanev. “Ultrahigh Energy Cosmic Rays". In: arXiv (2011), pp. 1-40. DOI: 10.1103/RevModPhys.83.907. ArXiv: 1103.0031.
[2] D. J. Bird et al. “Detection of a cosmic ray with measured energy well beyond the expected spectral cutoff due to cosmic microwave radiation”. In: apj 441

(Mar.1995), pp. 144-150. DOI : 10.1086/175344. eprint: astro-ph/9410067



JEM-EUSO experiment

Ciel: Identifikacia zdrojov vysoko-energetického ‘
kozmiCkéhO ziarenia p Inlernafioncf f?(:cf Swt'ic?n (ISS)_ 7

Kolaboracia zahiha 16 krajin a skoro 90 institicii
(TUKE clen od roku 2015)

Pozorovanie atmosferickych spfSok z obeznej
drahy pomocou fluorescencného detektora

Detektor

— pozoruje oblast s polomerom 380 km, 4.5 x 105 km?
(ISS orbit, nadir), 1 bod odpoveda 0.56 x 0.56 km?

— Priestorové rozlisenie 320 000 obrazovych bodov

P,

— Temporalne rozlisenie 2.5 ps = 1 Gate Time
Unit (GTU).

— Intenzita obrazového bodu je pocet fotoelektronov za
1 GTU.

& ; ;:N, “'-‘GE%C%‘I Gboglc eart;‘
Obr. 3: Plocha pozorovana JEM-EUSO
detektorom (side-cut verzia) [4].

[3] The JEM-EUSO collaboration. Report on the phase A study 2010, Collaboration Mission Report. Tech. rep. Dec. 2010.
[4] JEM-EUSO Collaboration et al. (2015). The JEM-EUSO mission: An introduction. Experimental Astronomy, 40(1), 3-17. DOI: 10.1007/s10686-015-9482-x
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JEM-EUSO experiment:

Priklad atmosferickej spisky (1)

Signal + UV pozadie Signal
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Obr. 5: Animécia spfsky na ohniskovej ploche detektora.

Spiska:
E =15x10%eV 0 = 75.3° ¢ = 222.4°
X, =74.45 g/cm® X =[27.24,-36.83,27.31] km

X y=939.45 g/cm? X =[73.97,5.84,10.74] km



JEM-EUSO experiment:

Priklad atmosferickej spisky (2)

Signal + UV pozadie Signal

Obr. 6: Zluéeny pohlad spfsky na ohniskovej ploche detektora.

Sprska:
E =15x10%eV 0 =75.3° ¢ =222.4°
X, =74.45 g/cm® X =[27.24,-36.83,27.31] km

X.,=939.45 g/cm® X =[73.97,5.84,10.74] km



Rekonstrukcia sprsok v JEM-EUSO experimente

e Pozostava z postupnosti P .
modulov, ktoré mozno prirovnat |
k aloham pocitacového videnia. TELEMETRIA Laefesy .
J [ -
* Predspracovanie — segmentacia. -

REKONSTRUKCIA

SEGMENTACIA | PROFILU SPR3KY

o Extrakcia priznakov —
rekonstrukcia smeru sprsky a
profilu sprsky.

] REKO. PROFILU

REKO 6 ~
REKO ¢ ELEKTRONOV

PIXEL-GTU

e Fitovanie a klasifikacia — REKONSTRUKCIA
~ . . SMERU PRICHODU
rekonstrukcia energie a typu

primarnej Castice, rekonstrukcia /\ . ~ a

0 ® REKO ENERGIA ~ Xmax

FITOVANIE

max

Obr. 14: Proces rekonstrukcie spiSky v programe Reco
softvérového ramca ESAF [33].

[33] Francesco Fenu. “A Simulation Study of the JEM—-EUSO Mission for the Detection of Ultra—High Energy Cosmic Rays". Doctoral
thesis. Eberhard Karls Universitat Tubingen, 2013.



Houghova transformacia pre segmentaciu
sprsky
* VVyber pixelov v okoli

najvyraznejsej Clary v
XY, X-GTU, Y-GTU

rovinach
B e - VIDEO: hough2.mp4 -
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Obr. 22: Porovnanie presnosti rekonstrukcie uhla pre metédy  Obr. 23: Priklad spfsky rekonstruovanej algoritmom Hough 2.
segmentacie. Zvyraznené pixely st vybrané oznacené algoritmom ako pixely spfsky
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Pocitacove videnie

» Pocitacové videnie = rozpoznavanie vzorov v obraze
— priestorova shvislost medzi vstupmi (obrazovymi bodmi).
 Bishop — Rozpoznavanie vzorov [6]:

- Automatické objavovanie regularit v datach vyuzitim
algoritmov.
Regularity sii vyuzité pre akcie ako klasifikacia alebo regresia.

o Postupy pocitacového videnia sa casto delia do 2 alebo 3
arovni [6]:

— Nizka Groven — spracovanie obrazu

— Stredna aroven — extrakcia priznakov

- Porozumenie obrazu — statisticka klasifikacia, regresia

[5] C.M. Bishop. Pattern Recognition and Machine Learning. Information science and statistics. Springer, 2013. ISBN: 9788132209065
[6] E.R. Davies. Computer and Machine Vision: Theory, Algorithms, Practicalities. Academic Press. Elsevier, 2012. ISBN : 9780123869081.
(Kompletny zoznam literatiiry je na konci prezentacie.)



Pocitacoveé videnie:

Pocitacoveé videnie nizkej urovne

Prahovanie [12]

- Metédy zalozené na: distribicii intenzit,
klastrovani, entropii, lokalne distribicie
intenzity, atd’.

Detekcia hran [13]

— Metdédy zalozené na: diferencidlnom
gradiente, laplaceovsky operator, rezy grafu,
aktivne kontary.

e\ [ ™} 4
Obr. 7.1: Priklad detekcie hran —
operator Sobel.

Praca s binarnymi obrazkami [14]
e Filtrovanie — napr. Gauss, Median, Mode

e Detekcia rohov — napr. Harris

[12] Mehmet Sezgin et al. “Survey over image thresholding techniques and quantitative performance evaluation”. In: Journal of Electronic imaging 13.1 (2004), pp. 146-168.
1993, pp. 42-55. ISBN: 978-1-4899-3216-7. DOI: 10.1007/978-1-4899-3216-7 3.
[13] E.R. Davies. Computer and Machine Vision: Theory, Algorithms, Practicalities. Academic Press. Elsevier, 2012. ISBN : 9780123869081

[14] Milan Sonka, Vaclav Hlavac, and Roger Boyle. “Data structures for image analysis’. In: Image Processing, Analysis and Machine Vision. Boston, MA: Springer US, 10



Pocitacoveé videnie:

Pocitacové videnie nizkej urovne

. Otsu (t, = Original 15
 Prahovanie [12] 0
35
- Metédy zalozené na: distribicii intenzit, 2
klastrovani, entropii, lokalne distribicie -
intenzity, atd'. 5

. ~ Canny (0=3, t=50%, t=60%) Sobel
e Detekcia hran [13] E—— s
35
— Metdédy zalozené na: diferencidlnom 20
gradiente, laplaceovsky operator, rezy grafu, 20
aktivne kontary. 1o

Praca s bindrnymi obrazkami [14] e

. . . 35

e Filtrovanie — napr. Gauss, Median, Mode »
20

e Detekcia rohov — napr. Harris .
5

Obr. 7.2: Priklad prahovania a detekcie hran
(kompozitny obraz spfsky - maximum)

[12] Mehmet Sezgin et al. “Survey over image thresholding techniques and quantitative performance evaluation”. In: Journal of Electronic imaging 13.1 (2004), pp. 146-168.
1993, pp. 42-55. ISBN: 978-1-4899-3216-7. DOI: 10.1007/978-1-4899-3216-7 3.
[13] E.R. Davies. Computer and Machine Vision: Theory, Algorithms, Practicalities. Academic Press. Elsevier, 2012. ISBN : 9780123869081

[14] Milan Sonka, Vaclav Hlavac, and Roger Boyle. “Data structures for image analysis’. In: Image Processing, Analysis and Machine Vision. Boston, MA: Springer US, 11



Pocitacoveé videnie:

Pocitacové videnie strednej trovne

e Uloha — hl'adanie obrazovych bodov sl
zodpovedajiicich modelu — pristupy je mozné |
rozdelit na zaklade poctu obmedzeni a o}
parametrov modelu et
- Nad-obmedzenie — pocet neznamych / :
parametrov je nizsi ako pocet obmedzeni — ol
minimizacia. T P T e
— Obmedzenie — rovnaky pocet parametrov ako Obr. 8: Priklad - linearna regresia.

obmedzeni — hl'adanie optimalnej kombinacie.

— Pod-obmedzenie — pocet nezndmych parametrov™
je vyssi ako pocet obmedzeni, vsetky mozné i
kombinacie parametrov st testované — Houghova -
transformicia.

* Os spfsky je mozné najst algoritmami pre
detekciu Ciar, viac Specificky algo. — smer
, - . Obr. 9: Priklad — parametricky priestor
PrlChOdU castice. Houghovej transformacie.

15
¢ [rad]

[15] Alice Collaboration et al. “ALICE: Physics Performance Report, Volume II". In: Journal of Physics G: Nuclear and Particle Physics 32.10 (2006), pp. 1295-2040.

ISSN: 0954-3899. DOI: 10.1088,/0954-3899/32/10,/001.

[16] R. Mankel. “A Concurrent track evolution algorithm for pattern recognition in the HERA-B main tracking system”. In: Nucl. Instrum. Meth. A395 (1997), pp. 169- 12
184. DOI: 10.1016/50168-9002(97)00705-5.



Pocitacoveé videnie:

Porozumenie obrazu

— Statisticka klasifikacia,
numericka predikcia (regresia)
— Typicky sa vyuzivaji pristupy
strojového ucenia.
 Jain et al. [7]:

- syntaktické porovnavanie [8] —
hierarchické struktiry vzorov -

gramatika, Priklad — kla.sifikéci.a
— rozhodovacie hranice.

— porovnavanie sablén [9] — korelacia so
znamymi Sablénami,

— Statisticka klasifikacia [10] — hl'adanie
separacie medzi triedami,

- neurdnové siete [11] — implicitne
ekvivalentné alebo podobné statisticke;j
klasifikacii.

(Kompletny zoznam literatiry je na konci prezentacie.)
llustracia: Morgun Ivan. Types of machine learning algorithms. [ONLINE] Dostupné na: http://en.proft.me/2015/12/24 [types-machine-learning-algorithms/ 13



Pocitacove videnie > Porozumenie obrazu:

Neurénové siete (dopredné)

e Multi vrstvovy perceptrén (MLP)
— Tréning spatnou propagaciou.
— Viac skrytych vrstiev
» problémy nestabilného gradientu —
vytracajici sa alebo explodujici.

* Rekonstrukcia parametrov spisiek

- rekonstrukcia energie pri

Cerenkovych teleskopoch
experimentu MAGIC [18],

— klasifikacia typu primarnych castic v
Pierre Auger Observatory [19],

— Vstup NN - extrahované
parametre sprsky.

in(t) <

p
out(t)

\ wy(t) = 0

Obr. 10: McMulloch a Pittov model neurénu.

Hidden

LD

Obr. 11: Priklad struktary doprednej NN.

[17] Leandro G. Almeida et al. "Playing tag with ANN: boosted top identification with pattern recognition”. In: Journal of High Energy Physics 2015.7 (July

2015), p. 86. ISSN: 1029-8479. DOI: 10.1007/JHEP07(2015)086. arXiv: 1501.05968

[18] Jens Zimmermann. “Statistical Learning in High Energy and Astrophysics”. Dissertation. Ludwig—Maximilians—Universitat, 2005.
[19] Riggi, S., & Caruso, R. (2007). A neural network approach to event-by-event cosmic ray primary mass identification. Proceedings of Science, 23-27.



Pocitacove videnie > Porozumenie obrazu > Neurdnové siete:

Hlboké neuronoveé siete

Klasické systémy pre rozpoznavanie vzorov vyzaduji extrakciu
priznakov

Parikh and Zitnick [20]:

- Klasifikaéné schopnosti ludi nie st lepsie ako pri algoritmoch strojového ucenia

- Ludia prekonali strojové videnie v extrakcii priznakov

Metédy reprezentacného strojového ucenia [21] nahradzujiu extrakciu
priznakov od experta uciacim procesom.

* Hlboké ucenie - Hlboké neurénové siete [22]
— Viaceré Grovne umoznujice postupné zvysovanie abstrakcie.
- Riesia (znizuja) problémy MLP, tréning je urychleny aj vdaka GPGPU.

— Spracovanie obrazu - konvolucné neurénové siete (CNN), Deep belief
networks

[20] Devi Parikh and C Lawrence Zitnick. “The role of features, algorithms and data in visual recognition”. In: Computer Vision and Pattern Recognition (CVPR),

2010 IEEE Conference on. IEEE. 2010, pp. 2328-2335.

[21] Y. Bengio, A. Courville, and P. Vincent. “Representation Learning: A Review and New Perspectives’”. In: IEEE Transactions on Pattern Analysis and Machine

Intelligence 35.8 (2013), pp. 1798-1828. DOI : 10.1109/tpami.2013.50 15
[22] Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. “Deep learning”. In: Nature 521.7553 (2015), pp. 436—444. ISSN : 0028-0836. DOI: 10.1038/nature14539.



Pocitacové videnie > Porozumenie obrazu > Neurdnové siete > HIlboké neurénové siete:

Konvolucné neuronoveé siete

* Vlychadza z konceptov receptivnych poli [23], neocognition [24], prvy navrh LeNet-5 [25]
 Popularita vzrastla po vitazstve v ImageNet 2012 (1 000 000 obrazkov, 1000 tried) [26]
e Struktara

— Vstup — obrazové body

— Konvolucné vrstvy - neurény napojené na svoje receptivne polia, Neurény vo vrstve zdielaja vahy.

- ReLU - Rektifikovana linearna jednotka — znizuje problémy nestabilného gradientu

— Zdruzovanie — zmenSovanie regiénov

Plne prepojené vrstvy — Viac vrstvovy perceptrén

C3: f. maps 16@10x10

INPUT GCé):zfgitnge maps S4: f. maps 16@5x5
32x32 S2: f. maps

6@14x14

| Full conrlection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Obr. 12: Struktara konvoluénej siete LeNet-5 [27]

[23] Hubel, D. H.; Wiesel, T. N. (1968-03-01). "Receptive fields and functional architecture of monkey striate cortex". The Journal of Physiology. 195 (1): 215-243.
doi:10.1113/jphysiol.1968.sp008455. ISSN 0022-3751.

[24] Fukushima, Kunihiko (1980). "Neocognitron: A Self-organizing Neural Network Model for a Mechanism of Pattern Recognition Unaffected by Shift in Position" (PDF). Biological

Cybernetics. 36 (4): 193-202. doi:10.1007/BF00344251

[25] Yann LeCun et al. “Gradient-based learning applied to document recognition”. In: Proceedings of the IEEE 86.11 (1998), pp. 2278-2324. DOI: 10.1109/5.726791.

[26] Alex Krizhevsky, llya Sutskever, and Geoffrey E Hinton. “ImageNet Classification with Deep Convolutional Neural Networks”. In: Advances In Neural Information Processing Systems 16
(2012), pp. 1-9. ISSN: 10495258. DOI: 10.1016/].protcy.2014.09.007.



Konvolucna neuronova siet
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Adam Harley. Dostupné na: http://scs.ryerson.ca/~aharley/vis/conv/flat.html



http://scs.ryerson.ca/~aharley/vis/conv/flat.html

Konvolucné neurénové siete (1)

convl pl nl conv2 p2 n2 conv3 conv4d convd pi fe6 fc¥ feB prob

fwd convl_43 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na ,


http://yosinski.com/deepvis
https://www.youtube.com/watch?v=AgkfIQ4IGaM

Konvolucné neurénové siete (2)

convl pl nl conv2 pR2 n? conv3d conv4 convd pd fc6 fe¥7 fc8 prob

fwd pooll_4 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM 19



http://yosinski.com/deepvis
https://www.youtube.com/watch?v=AgkfIQ4IGaM

Konvolucné neurénové siete (3)

convl pl nl conv2 pR n? conv3d conv4 convd pd fc6 fe¥7 fc8 prob
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fwd norml 4 | Back: off | Boost: 0/1 -

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM



http://yosinski.com/deepvis
https://www.youtube.com/watch?v=AgkfIQ4IGaM

Konvolucné neurénové siete (4)

convl pl nl econv@ p2 n?2 conv3d conv4 convd pd fc6 fe7 fc8 prob

fwd convZ_4 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM 91



http://yosinski.com/deepvis
https://www.youtube.com/watch?v=AgkfIQ4IGaM

Konvolucné neurénové siete (5)

convl pl nil conv2 pR n2 conv3 conv4 convd pi fc6 fc7 fe8 prob
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Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM
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http://yosinski.com/deepvis
https://www.youtube.com/watch?v=AgkfIQ4IGaM

Konvolucné neurénové siete (6)
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fwd norm2_ 4 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM
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Konvolucné neurénové siete (7)

convl pl nl conv? p2 n2 eonv3d conv4 convd pd fc6 fe¥ fc8 prob

v

fwd conv3_4 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM 21
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Konvolucné neurénové siete (8)

convl pl nl conv2 p2 n2 convld conv4 convd pi fc§ fc7 feB prob

L]
fwd conv4d 4 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM
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Konvolucné neurénové siete (9)

convl pl nl conv2 p2 n2 conv3 conv4 gonvd pd fc6 fc7 fc8 prob

¢

k

i

-

fwd convb_ 151 | Back: off | Boost: 0/1

Yosinski J. et al. “Understanding Neural Networks Through Deep Visualization®. In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM 2%
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Konvolucné neurénové siete (10)

convl pl nl conv? p2 n2 conv3 conv4d eonvd pS fc6 fc¥ fc8 prob

fwd conv5_ 151 | Back: deconv {(from convi_ 151, disp raw) | Boost: 0/1

Yosinski J. et al. "Understanding Neural Networks Through Deep Visualization". In CoRR, abs/1506.06579. 2015. ArXiv: 1506.06579

Dostupné na http://yosinski.com /deepvis, https://www.youtube.com/watch?v=AgkflQ41GaM 97
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Rekonstrukcia sprsok v JEM-EUSO experimente

e Pozostava z postupnosti P .
modulov, ktoré mozno prirovnat |
k aloham pocitacového videnia. TELEMETRIA Laefesy .
J [ -
* Predspracovanie — segmentacia. -

REKONSTRUKCIA

SEGMENTACIA | PROFILU SPR3KY

o Extrakcia priznakov —
rekonstrukcia smeru sprsky a
profilu sprsky.

] REKO. PROFILU

REKO 6 ~
REKO ¢ ELEKTRONOV

PIXEL-GTU

e Fitovanie a klasifikacia — REKONSTRUKCIA
~ . . SMERU PRICHODU
rekonstrukcia energie a typu

primarnej Castice, rekonstrukcia /\ . ~ a

FITOVANIE

0 ® REKO ENERGIA - Xmax
Xmax
Obr. 14: Proces rekonstrukcie spiSky v programe Reco
softvérového ramca ESAF [33].
[33] Francesco Fenu. “A Simulation Study of the JEM—-EUSO Mission for the Detection of Ultra—High Energy Cosmic Rays". Doctoral 28

thesis. Eberhard Karls Universitat Tubingen, 2013.



Odhad schopnosti detektora

e Verifikacia hardvéru a softvéru e
detektora a rekonstrukéného a2

6/ Cw*

=
(=]
)

Expsoure [km? sr yr; linsley]
o

softvéru i =

| 4 — [ ] ‘E Augermf{/ E
 Presnost rekonstrukcie /
— Kvantitativny opis distribacie : / AN
rozdielu medzi simulovanou a 0 3

1990 1995 2000 2005 2010 2015 2020 2025
Date

rekonstruovanou spfskou (alebo
inym pozorovanym javom)

: : ; ' | JEM-EUSO ‘Auger (S+N)
1.E+06 {--------- Rssptesiannt s tie e Eakesnosd T L Ae e e

' -
-
o

— Pouzité pre porovnavanie
algoritmov pre rekonstrukciu. oo

m
+
o
o

1800 b T ]

Exposures (L=km*2*sr*yr)

« Expozicia

Flyie Eye ;

— Vyjadrenie mnozstva spisok Ee Rl el
pozorovanych za jednotku Casu LB D B

1.E+02 T T T T ' + y y
1985 1990 1995 2000 2005 2010 2015 2020 2025 2030

— Porovnavanie JEM-EUSO s inymi

. ) Obr. 15: Odhady kumulativnej expozicie JEM-EUSO detektora
experimentami porovnany s inymi experimentami [3, 34].

[34] Medina-Tanco, G., Asano, K., Cline, D., Ebisuzaki, T., Inoue, S., Lipari, P., ... Collaboration, F. (2009). JEM-EUSO Science 29
Objectives. In Proc. of the 31st Intl. Cosmic Ray Conference (pp. 1-4). Lodz. Retrieved from http://arxiv.org/abs/0909.3766



Ciele dizertacnej prace (1)

« Analyza expozicie detektora

- Vyuzitie novych modelov pre UV pozadie a
oblacnost.

— Nova definicia expozicie:

e bude zahrhovat presnost rekonstrukcie,

* spolu s vytvorenymi nastrojmi umozni vyjadrit
expoziciu detektora pre konkrétny zdroj
UHECR.

— Skoro okamzité ziskanie expozicie a presnosti

rekonstrukcie detektora pre akykol'vek
dodany popis zdroja.
 Verifikacia viditelnosti zdrojov detektorom.

* Moznost porovnat pozorovani distriblciu Castic s
modelmi zdrojov kozmického ziarenia.

— Realnejsie vyjadrenie schopnosti detektora a
rekonstrukénych algoritmov.

— Preverenie schopnosti detektora na vybranych
modeloch zdrojov UHECR (Centaurus A).

Vsetky mozné médy pozorovania

i
i

\

Databaza simul

ovanych spirsok —

Metaédy
rekonstrukcie
spisok

@kcia spisok

\

\

il

Databaza rekonstruovanych spisok

\

i
Analyza presnosti
rekonstrukcie
i

\

Databaza presnosti algritmov

Model
zdroja UHECR

luv(t, pos)

Vypocet expozicie

A
0 ¢

Expozicia
pre UHECR zdroj

Model UV pozadia

Model orbitov
Zeme, Mesiaca, 1SS

Model oblacnosti

Obr. 18: Systém pre vypocet expozicie.
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Ciele dizertacnej prace (2)

« Metédy segmentacie sprsky

Vylepsenie presnosti rekonstrukcie
UHECR skrz presnejsi vyber pixelov
sprsky.

Pokus o odstranenie limitacie
presnosti rekonstrukcie UHECR
sposobenej segmentaciou pixelov.

Preverenie, ze aktualny proces
rekonstrukcie neignoruje podstatné
informacie vyuzitelné pri rekonstrukcii,
ktoré zaroven nie si stratené v Sume.

Navrh metdd prispésobujicich sa
meniacej sa intenzite UV pozadia.

+Nova expozicia” bude vyuzitd pre
vyhodnotenie algoritmov

Testovanie metdd na datach
z EUSO-SPB experimentu.

—
& O

3.5

2.5

1.5

Separation angle e [deg]
w

0.5

0.95
0.9
0.85
0.8
0.75
0.7
0.65
0.6
0.55
0.5

Fraction

Obr. 19:

Only signals, true count >= 2
——— Only signals, true count >= 3

———— Only signals, true count >= 4
PWISE

Hough2

Only signals, true count >= 2

i

Only signals, true count >=3 \
Only signals, true count >= 4 \
PWISE
Hough2
IIllllllllllllllllllIIIIIIIlllIIIIIIIIlllIIIIIII
30 35 40 45 50 55 60 65 70 75

Zenith angle 6, ,, [ded]

Porovnanie rekonstrukcie uhla pre ré6zne metédy
segmentacie.
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Ciele dizertacnej prace (3)

* Rekonstrukcia javov pozorovanych detektorom vyuzitim
strojového ucenia

Alternativy pristup k analytickym a numerickym metédam rekonstrukcie
UHECR.

Nova aplikacnd doména pre konvolu¢né neurdnové siete:
* Nie len klasifikiacia typu Castice, ktord sposobila spfsku.
« Cely proces rozpoznania spfsky (extrakcia priznakov, klasifikacia alebo regresia)
je nahradeny neurénovou sietou.

Porovnanie naucenych priznakov s parametrami, ktoré sa pouzivaji
pre opis spisky.
Trénovacie data budi najma sprsky, ktoré boli simulované pre vypocet
expozicie.
Vo finalnom systéme je tloha pouzivatela len poskytnit presnt simulaciu
spisky (alebo iného javu), resp. dostatocné mnozstvo pozorovanych
sprsok.
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Ciele dizertacnej prace (4)

e Detekcia tsunami vyuzitim
detektorov triedy EUSO

Test novej moznosti detekcie tsunami
skrz perturbicie intenzity svetelného
Ziarenia atmosféry (airglow)
vyvolaného gravitacnymi vinami.

Algoritmy pre rozpoznavanie
gravitacnych vin.

Overenie pristupu rekonstrukcie
vyuzitim strojového ucenia na
rozdielnom jave ako UHECR spfska.

Vyuzitie / analyza dat z Mini-EUSO
experimentu.

Differenced 630.0—nm Airglow

ogeNE - SRS .........
240N : = 3 .......
200N 3 = ..........
16°N ......
12°NK- . / ,JI ._' !,':‘-' --._\_'1. ..........
170°W 165°W 160°W 155°W 150°W 145°W
)
=20 0 20

% Perturbation
Perturbacia v ziare atmosféry

v [
u] 10 20 30 40 0 10 20 30 40

Priklad vin (sinus) pozorovanych detektorom.
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Doplnkové snimky
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Pocitacové videnie > Porozumenie obrazu > Neuronové siete > Hlboké neurdnové siete:

Aplikacie konvolucnych neurdnovych sieti

» Atmosferickd sprska 3-dimenzionalne data X-Z pohlad
- X, Y, GTU 4 |
 Viaceré aplikacie na klasifikaciu 3D sop
objektov [27], RGB obrazkov [28], videa
[29] j
. Apllkac!e v.astrf)fy2|ke a vo vysoko- Y-Z pohlad
energetickej fyzike f
- NOVA kolaboracia — klasifikacia neutrin [30] o
— Daya Bay Neutrino experiment — N
demonstracia extrakcie , fyzikalne 10|
ZanimaV}l/Ch VZOFOV“ [31] % 20 20 60 80 100
— LHC - identifikicia bozdénov [32] Obr. 13: NoVA - vstupné data - (v, CC) [31].

[27] Daniel Maturana and Sebastian Scherer. “VoxNet: A 3D Convolutional Neural Network for Real-Time Object Recognition™. In: lros (2015), pp. 922-928. ISSN: 21530866. DOI :
10.1109/1R0S.2015.7353481.

[28] Luis A. Alexandre. “3D Object Recognition Using Convolutional Neural Networks with Transfer Learning Between Input Channels”. In: Intelligent Autonomous Systems 13: Proceedings
of the 13th International Conference IAS-13. Ed. by EmanueleMenegatti et al. Cham: Springer International Publishing, 2016, pp. 889-898. ISBN: 978-3-319-08338-4. DOI: 10.1007/978-3-
319-08338-4 64

[29] Andrej Karpathy et al. “Large-scale video classification with convolutional neural networks”. In: Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern
Recognition (2014), pp. 1725-1732. ISSN : 10636919. DOI: 10.1109/CVPR.2014.223. ArXiv: 1412.0767

[30] A. Aurisano et al. “A convolutional neural network neutrino event classifier”". In: Journal of Instrumentation 11.09 (Sept. 2016), P09001-P09001. ISSN : 1748-0221. DOI:
10.1088/1748-0221/11/09/P09001. ArXiv: 1604.01444

[31] Evan Racah et al. “Revealing Fundamental Physics from the Daya Bay Neutrino Experiment using Deep Neural Networks”. In: (2016), pp. 1-8. arXiv: 1601.07621. 36
[32] Luke de Oliveira et al. "Jet-Images — Deep Learning Edition”. In: (2015). DOI: 10.1007/JHEP07(2016)069. arXiv: 1511.05190.



Odhad schopnosti detektora:

Vyhodnocovanie presnosti rekonstrukcie

S . . . 0 0 L L, . L0, 0. T

PWISE
Reference PWISE

* Rekonstrukcné algoritmy sii
vyhodnocované porovnavanim

3.5
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Obr. 17: Priklad metriky o [36].

[35] Jozef Vasilko et al. “Pattern recognition study for different levels of UV background in JEM-EUSO experiment”. In: Proceedings, 34th
International Cosmic Ray Conference (ICRC 2015).

[36] F. Fenu et al. “The JEM—-EUSO energy and Xmax reconstruction performances”. In: Proceedings, 34th International Cosmic Ray 37
Conference (ICRC 2015).



Odhad schopnosti detektora:

Vyjadrenie expozicie JEM-EUSO detektora

 Expozicia detektora (¢(F)) [37,38] je vypocitana ako sicin trvania misie
(t), geometrickej apertary (A,.,(E)) a operacny cyklu detektora (DC)

V(E) = Ageo(E) -t - DC lkm?. sr . rok]

o Geometrickd svetelnost hovori o akceptacii sprSok detektorom v zavislosti
od energie primarnych castic

27 27
Ageo(E) = /S dS/O dgb/o df - cosf -sinf-e(F, S, Braq)

Plocha pozorovana detektorom

£ S B B A\ qg pocet udalosti (sprsok) akceptovany spistacmi
6( s My ’ra,d) — —

N. tot celkovy pocet simulovanych udalosti (spfSok)

[37] J. H. Adams et al. “An evaluation of the exposure in nadir observation of the JEM-EUSO mission”. In: Astropart. Phys. 44 (2013),

pp. 76-90. DOI : 10.1016/j.astropartphys.2013.01.008. arXiv: 1305.2478 [astro-ph.HE].

[38] JEM-EUSO Collaboration et al. “JEM-EUSO observational technique and exposure”. In: Experimental Astronomy 40.1 (Nov. 2015), 38
pp. 117-134. ISSN : 0922-6435. DOI: 10.1007/s10686-014-9376-3.



Detector Description Algorithms

Observatory

Fluorescence
Surface
Atmosphere

Softvérovy ramec Offline

.

Module
Module
Module

Moznost konverzie suborov z Offline do ESAF

Event data

Event

Fluorescence
Surface
Air shower

Obr. 20: Zakladna struktara softvérového ramca Offline [37].

Pévodne vyvinuty pre Pierre Auger experiment [34], simulacia a
rekonstrukcia

Modernejsi kéd (C++11)
Lepsia konfiguracia

Nekompletna rekonstrukcia sprsky — chyba rekonstrukcia X, . a energie

<sequenceFile>
<loop numTimes="unbounded">
<module> SimulatedShowerReader </module>
<loop numTimes="10" pushToStack="yes">

<module> EventGenerator </module>
<module> TankSimulator </module>
<module> TriggerSimulator </module>
<module> EventExporter </module>
</loop>
</loop>
</sequenceFile>

Obr. 21: Priklad konfiguracie sekvencie modulov [37].

[37] S. Argiro et al. “The offline software framework of the Pierre Auger Observatory”. In: Nuclear Instruments and Methods in Physics
Research Section A: Accelerators, Spectrometers, Detectors and Associated Equipment 580.3 (2007), pp. 1485 — 1496. ISSN: 0168-9002. 39
DOI : 10.1016/j.nima.2007.07.010..



Program PattRecoVis

Vizualizacia simulovanych
a rekonstruovanych sprsok

Volanie/testovanie
rekonstrukcnych
algoritmov

Univerzalne rozhranie pre
definiciu popis detektora

(aktualne implementované

pre ESAF)

Univerzalne rozhranie pre
rekonstrukcné algoritmy

O stages

tage

Counts
36
32

Processing

Event  Processing  ESAF
€= Previous | -1 D =P Next P Play W stop

exclusive

Obr. 24: Program PattRecoVis.

QtPixelMapScene PatternRecoAlgorithm RecoModel
o o I
1 1 1
QtEsafPixelMapScene EsafPatternRecoAlgorithm EsafModel
KeHoughV1 KeHoughV2 PWISE

Obr. 25: Implementacia rozhrania pre ESAF v PattRecoVis.
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Atmosferické spisky (1)

o Spisky s produkované pri vstupe castic

Primary Praton

kozmického Ziarenia do atmosféry. Firet Intoraction
— Kolizie primarnych castic spbésobuji kaskadu "
sekundarnych kolizii. o
L
— ZapriCinuja excitaciu molekal atmosféry, ktoré T
deexcituja fluorescenciou (najma v UV spektre) -
n
. L, o . ~N o , L L . '®)
» Kozmické ziarenie méze byt tvorené hadrénmi, / -
fotébnmi gamma Ziarenia, neutrinami T -
/ <
o
M+| F!_uiériéé_‘ée’nce
Y E_ At
L Cherenkov
" Radio Bursts
~ Ground " Acoustic Shock
~Obr -26‘k':"‘Foto’ny produkované extenzivnou atmosférickou spfskou. Obr. 27: Schéma vyvoja extenzivnej atmosferickej sprsky [38].

[38] Peter K. F. Grieder. Exentsive Air Showers and High Energy Phenomena. Springer Nature, 2010. DOI: 10.1007/978-3-540-76941-5. 41



Atmosferické spisky (2)

Obr. 28: Parametre atmosferickej spfsky. 42



Experimenty pre detekciu UHECR

e Hybridné detektory -

Observatérium Pierra Augera,

Teleskopové pole

e Polia ¢asticovych detektorov

* Fluorescencné detektory

. R

2””’5'35 LOMA AMARILLA jesderp TP = o o
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Obr. 29: Observatérium Pierra Augera SD [39]
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AN 7/
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J

Obr. 30: Teleskopové pole - Fluorescenény detektor [40]

[39] The Pierre Auger Collaboration et al. “The Pierre Auger Cosmic Ray
Observatory”. In: Nuclear Instruments and Methods in Physics Research

Section A: Accelerators, Spectrometers, Detectors and Associated

Equipment 798 (Oct. 2015), pp. 172-

213. DOI: 10.1088/1475-7516/2014/08/019

[40] Tokuno, H., Tameda, Y., Takeda, M., Kadota, K., lkeda, D., Chikawa,

M., .. Zundel, Z. (2012). New air fluorescence detectors employed in the
Telescope Array experiment. Nuclear Instruments and Methods in Physics
Research, Section A: Accelerators, Spectrometers, Detectors and 43
Associated Equipment, 676, 54—65. DOI:10.1016/j.nima.2012.02.044



Pocitacove videnie

 Nizka Groven
~ Prahovanie [12]

* Metddy zalozené na: distriblcii intenzit, klastrovani, entropii, lokalne distribicie
intenzity, atd.

— Detekcia hran [13]

* Metédy zalozené na: diferencidlnom gradiente, laplaceovsky operator, rezy grafu,
aktivne kontdary.

— Préca s binarnymi obrazkami [14]
— Filtrovanie — napr. Gauss, Median, Mode

— Detekcia rohov — napr. Harris

e Stredna Groven
— Aplikacia HEP:

* hladanie drahy castic Houghovou transformaciou [15],
alternativa sledovanie drahy - napr. Kalmanov filter [16,17].

e Porozumenie obrazu - NN

- Klasifikacia pradov (jets) v LHC experimente [17] (vstup - pixely z
hardénového kalorimetra, 30x30 px), alebo aj ALICE experimente [15].
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