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—> Very High Energy astrophysics
&
Imaging Atmospheric Cherenkov

Telescopes




VHE y-ray astrophysms
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o At the most energetic extreme of
the EM spectrum

* y-rays due to non-thermal
emission of accelerated particles

I

IE_HE VHE

l\l‘l

—— Gamma Rays —
MeV y GeVy TeVy

10-12 10-15 10-18
Credits: K. Kosack

¢ STUCI)' of gCI|CIC|'iC and radio microwave IR UV X-rays
[ ) [ } m 3 -2 -5 -8 -10
extragalactic cosmic accelerators W 18 10 10+ 404 10

fpatactic Extragalactic

Transient events

Supernova rempant - LR Achve Galachc Nuclei (AGN) Gamma-ray burst

Credit: NASA, ESA R - Credits: P. Grespan . T | Credit: ESO/A__. Roquette
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VHE y-ray astrophysics

o Effective and high-performing analysis of y-ray data
needed for different science cases:

® Distant sources
e Specific AGN types

* e.g. Flat Spectrum Radio Quasars, Extreme blazars
* Fundamental physics research

* e.g. Dark matter, axion like particles, intergalactic
magnetic fields

Credits: CTAO

e VHE observations exploit creation of extensive air showers initiated by the incoming
gamma-ray



Extensive Air Showers
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Extensive Air Showers
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Imaging atmospheric Cherenkov technique
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Air showers initiated by VHE y-rays

Detection of Cherenkov light produced
by secondary particles

Image recorded by PMT camera

Use of atmosphere as a calorimeter

* Energy of primary particle deposited
in the form of cascades of secondary
particles

More telescopes improve the
reconstruction

Credits: L. Romanato



Current generation of IACTs
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Current generation of IACTs
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o Arlzona USA

12 m diameter
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Next generahon of IACTs: CTAO

——— —_—— . - __ — —————————————

e 5. 10 times beﬂer sensmvﬂy wrt current IACTs  ® Improved qngular and energy resolution

o Energy range from 20 GeV to 300 TeV e Two sites: Northern and Southern Hemispheres

MST Medlum -energy range ey |
ST Low-energy range * 12 m diameter SST High-energy range
¢ 23 m diameter e 75° FoV - 4 m diameter
® 4.3° FoV ® Energy range: 150 GeV - 5 TeV * 10° FoV
* Ei, 20 GeV | | * Multi-TeV energies
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Credits: CTAO



|ACT event reconstruction




Aims and issues

LSTCam: gamma shower image
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Y position (m)
o
&

e s O B
X position (m)

Aims of event reconstruction:
* Particle type

* Energy

* Incoming direction
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LSTCam: proton shower image

120
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"=1.5

G 65 00 ©5 T0 15
X position (M) Credits: P. Grespan

Main issue:

Large background from charged
cosmic-rays (hadronic showers)

Ratio: 1:1000



Standard data analysis method
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Raw Calibrated
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Image credits: P. Grespan



Standard data analysis method
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Image
Parameters

Raw Calibrated

Image credits: P. Grespan
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Image anin
cle
! g > cled parametrizaﬁon
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https://ui.adsabs.harvard.edu/abs/2023ApJ...956...80A/abstract

Image clecmlng and parametrlzahon
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Center of

Gravity (CoG)

Total number of phe in the image

Coordinates of the weighted average signal in the camera plane

Source-dependent parameters

Dist Distance between expected source position and CoG position
Alpha Angle between ellipse major axis and expected source position - CoG line
Timing parameters
TimeRMS Arrival times RMS of pixels surviving image cleaning

Time gradient

Slope of linear function used to fit the arrival time distribution of the pixels

Directional parameters

Asymmetry

Sign of the difference between position of brightest pixel and CoG

Image quality parameters

LeakageN

Number of
islands

Fraction of image size contained in N outermost pixel rings of the camera

Number of non-connected pixel groups surviving image cleaning
14

———————— ————

Related to the prlmary
_—"7  particle energy
{ Related to the lateral and longitudinal
development of the shower

~

~ Differentiates between
—

shower head-tail

Smaller in y-ray showers

Estimates the fraction

—> .
of signal loss
~—— Larger for hadronic showers

(usually are more fragmentated)



Image cleaning and parametrization

Stereo parameters

Shower axis Direction of the shower
"""""""""" Impact parameter  |Distance between the shower axis and the pointing direction of the telescope
"""""""""""""""" Impact point |Impact position of the shower on the ground

Height at which the number of particles in the EAS is maximum. It depends on the energy of the

Height of shower max : :
primary particle.

e( ‘ .
oq‘ “'. o.
S\ MAGIC I AN
Impact parameter N

T

Credits: D. A. Guberman

MAGIC | Nmpact point ™ MAGIC |1

MAGIC |
“mpact parameter




Standard data analysis method
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Image
Parameters

Raw Calibrated

Image credits: P. Grespan



Standard data analysis method

————— — ——— ———— - __— —————————————
- — _ S = - — —— _ - = —

Image
Parameters

Raw Calibrated

0 Image credits: P. Grespan



Standard data analysis method
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Image
Parameters

Raw Calibrated




Analysis technique before machine learning
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Different techniques, mostly based on Hillas parametrization or on semi-analytical models

MC gammas MC hadrons
0.5 - 160 0.5 - -
© 3 140 3
Hillas-parameter based — _ = I
I . g 0.3 — 100 g 0.3 __ 80
ana YSIS 15_, 0.2 : z: £ 0.2 : -
T 0.1 é: 40 = 0.1 é: .
° ° ° . ?_ 20 : ?_ 20
O Rehes on MC mmulqhons o ERLSTEAR s sersn Bl RO R . o EE-ERERER e B e LU g
1 1.5 2 4.9 3 < &, 4 4.5 5 1 1.5 2 2.9 3 3.5 4 4.5 S
* Defines static cuts to S e
. . . - Albert et al. (2008)
discriminate between y and 3¢ s = T .
hadrons % osk 0 Fol -
. S 04 f = % 04 F 40
* Values of image parameters %os¢ * fo0 "
. 302 E 3 02 E 20
are compared with 01 £ . "l "
° 0 = o 0 oo g Nl R v o e C e L oA e At ) DR S ST [ it gt IRt S g Sl B 1S S L vy o
expectation values from , 1 . s
M Cs log,, (size [phe]) log,, (size [phe])

width and length as good separation parameters, at

least for size > 200 phe (i.e. E > 100 GeV)


https://www.sciencedirect.com/science/article/pii/S0168900207024059#bfn1

Calibrated

Standard data analysis method

= == = — — _

Image
Parameters

18

———————— ——— — — - —_— —_ _ _ o

Machine Leamning
' (Random Forests)

The current |
. B workflow }{
AN ‘

regression

classification

Image credits: P. Grespan



Current analysis method: Random Forest
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* Based on Random Forests (RF), one for each task

e Collection of uncorrelated decision trees,
combining their individual results to make the vengm<'en9thci/

prediction

e Event characterized by vector of image
p aram ete rs Vyigih< Widthcut

* Training on MC y and real background

e MC and bkg data have to match as much as \

i 4
possible the observational conditions of the source

data

* e.g. zenith angle, dark/moon nights, Y

Vgize > Sizecut

\'

Albert et al. (2008)

extragalactic/galactic obs.
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https://www.sciencedirect.com/science/article/pii/S0168900207024059#bfn1

Current analysis method: Random Forest
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How does the splitting work? V <|engthm/

e Full sample (i.e. full parameter space) in root
node

e Splitting of each node using on parameter at a Vo< widtheut
time and an optimized cut value

v 4
* Events per node below defined limit

Vgize > Sizecut

\'

e Splitting process stops if \
h

e Only events of one class in the node
v Albert et al. (2008)

20
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Identification of particle type

p— e
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training samples

———————— ——— — —— — — — —_ _ o

e Best cut value obtained through minimization of the
Gini index

* Measure of the inequality in two distributions as a
function of a cut in a variable

o y
Gini =

After split: weighed average of
Gini in each node

Nodes at same depth node B node B,
¢ | ® g(gamma)
e~ - h (hadron) e —e
°o'e . ]
Y The smaller the Gini, the better the separation|
21

Image credits: K. Ishio



Identification of particle type
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training samples
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e At each terminal node a hadronness value is assigned
based on its population (gammas=0, hadrons=1)

h, = ! = hadronness = — Z h,
N}, + Nh n -
=0
Tree 1 \" T\reeg/’
© - © | ® g(gamma)
o .. - _ h (hadron) h1(X) hn(X)
0o ®

22

Image credits: K. Ishio



Identification of particle type
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training samples

e At each terminal node a hadronness value is assigned
based on its population (gammas=0, hadrons=1)

N, -O+N, -1 1 &
h, = ! ' = hadronness = —Z h,
N},+Nh ni:O

-
—
o

.
—
N

o
—
—

number of event [normalized]

o1f- gamma

////////////////////////I//////.-------------,..,,--.

0.08f
: Cut to remove
-~ | ® g(gamma) 0.06
. : most of bkg

. - - h (hadron) 0.04 v

K ol X
. - . ' '/‘:r B | et et bl e o], BT s\‘.\:\\:\\\,\\\\\\\ Colin el Cll., ICRC (2009)

Credits: K. Ishio ©o 01 02 03 04 05 06 07 08 09 1

23 hadronness


https://arxiv.org/abs/0907.0960

Effect o

Hadronness < 0.2

N_events
3500 :_ Time =4.37h
u N,,=4230;N =749.2=+ 122
3000 = o
- Ngy = 3480.8 + 66.2
2500 [ Significance (N_ / \off) = 127.170
- Significance (Li&Ma) = 74.1c
2000 — Sensitivity = 1.16 + 0.03 % Crab
E E Gamma Rate = 13.28 +- 0.25 / min
1 500 :_ E Bkg Rate = 2.857 +- 0.047 / min
—
1000 | !
—
500 =,
;ﬂ.q#%uww
O [ | | | | | | | | | | | | | | | | |
0 0.1 0.2 0.3 0.
0% [ deg” ]

tg

E— — — = EE— e ——— e

—_—

I

Hadronness < 0.4

N_events
4500
= Time = 4.37 h
4000 _; No, =5583; N_ =1410.2 = 16.8
3500 Nex = 4172.8 + 76.6
- Significance (N_ /\off) = 111.120
3000 - Significance (Li&Ma) = 72.3¢
2500 f— Sensitivity = 1.33 = 0.03 % Crab
2000 ;_ Gamma Rate = 15.91 +- 0.29 / min
g Bkg Rate = 5.378 +- 0.064 / min
1500 ¢
1000 &~
SO0 | TR e e T Ty
ob— v
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amma/hadron cut
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Hadronness < 0.6

N_events
5000 —

B Time =4.37 h

e No, =6345;N_=1961.6 = 19.8
4000 — N, = 4383.4 + 82.1

B Significance (N_ / \off) = 98.97c
3000 — E Significance (Li&Ma) = 68.3¢

— Sensitivity = 1.49 + 0.03 % Crab

- Gamma Rate = 16.72 +- 0.31 / min
2000 —"“: Bkg Rate = 7.481 +- 0.076 / min

- L

- .

| —-—
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Energy reconstruction
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e e ——

e Splitting rule not relying on class population

* To purify the node population wrt the energy samples

distribution the variance is used ’
* In analogy to the Gini index, the weighted average of
the variance in minimized to find the best cut:
PE) = ———(N,07 + Neg? /Q
Np + Ng Credits: K. Ishio

* The energy at the node is given by the average of the population at the node

1 n
* The final energy is given by averaging the results in each tree: £ = — Z E.
n
=0

25



Energy
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reconstruction

Correcting for distance improves size-energy correlation

Main parameters related | ——P‘ m m
to energy dare. 9:— | I800 9:_ Friies 330047 9:_ Erfies - 332047
o S ey W e 278 - (leanx 270
1ZE 8: meanx Al - 8: leany 814 8: Meany 6866 fl
° C ey 266 RSy 08606 1 | RSx 08
number of b | o RSy 07 S ey
Cherenkov photons 8 ey o - F -
e x Ener = | :
O I -
* Impact 9 . i

e distance of the
telescope axis to the
shower

= smaller size

T
|
=

e
I I LI B B |

log10((M1Size*M1Impact+M2Size*M2Impact)/2.)

—
LI |

-llll|llll|llll|llll|llll|llll|llll 1-llll|llllllllllllll|llll|llll|llll -llll|llll|llll|llll|llll|l|ll|llll 0

[ A T A T S [ A I R I A [ R A S R | T R
log10(Energy/GeV) log10(Energy/GeV) log10(Energy/GeV)

26 Credits: K. Ishio



Main parameters related
fo energy are:

* Size
* number of
Cherenkov photons

* x Energy

* Impact
e distance of the
telescope axis to the
shower

= smaller size

Energy reconstruction

——

Reconstructed energy

L B L L N B B N L B N e B I I L O I I L

o -
ooooooooooooooo
=

...............................

llllI|lll||ll||llll|l|ll|llll|lll||

15 2 2.5 3 3.5
l0g,( (E. [GEV]) Albert et al. (2008)

True energy of the shower

known from MCs
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https://www.sciencedirect.com/science/article/pii/S0168900207024059#bfn1

Direction reconstruction

— p— ——————— — P e———— — —— —————— e e  — - o _ B _
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* Based on DISP parameter

® Source position assumed to be on the ellipse
major axis

{5 - 8 Rea] 'SOAUrC»-el

® Source position related to image shape and eseese
393605 i W posi;ion |

photons arrival time

+ Old DISP method: image shape orly e

 New DISP-RF: also timing information

* Two possible positions are found for each image

e Degeneracy is broken thanks to asymmetry in SIS
charge distribution - “head-tail discrimination” Credits: A. Fernandez Barral
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Direction reconstruction

* Based on DISP parameter
® Source position assumed to be on the ellipse
major axis
* Source position related to image shape and S Realisource
photons arrival time SIS esioziatess
e Old DISP method: image shape only il essssenscses
* New DISP-RF: also timing information ogeosessessentes  'egeesesses!
* Two possible positions are found for each image
e Degeneracy is broken thanks to asymmetry in e sesss
charge distribution — “head-tail discrimination” Credits: A. Fernéndez Barral

Reconstruction of DISP and ASYMMETRY parameters

28



Direction reconstruction

* For stereo observations: Qocessessatsiiietieen
: - . S RRtrhErad i POSIION 1 6
* All possible position combinations are R S
considered SEISISINED

* The combination giving the smaller distance
is selected

* Final source position is estimated as Sses.  agcessessesss. o8
average of computed positions weighted pee, oesneseetaniessessy Seeses:
with number of pixels in images SIS

Credits: A. Ferndndez Barral
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Direction reconstruction

* For stereo observations: Qcesssssstsssesieeseny
. . . . S L S pOSIHION S 5
o All possible position combinations are b sdetiinigus ¢ 58058858800000
considered (TSN

* The combination giving the smaller distance
is selected

* Final source position is estimated as Ses.  dsssccessesss. e
average of computed positions weighted pe0e, oosavssetandeesens,, Sosses:
with number of pixels in images S0 tset00 8080000802808

Credits: A. Ferndndez Barral

In both mono/stereo cases: training aims at finding a relation between
the disp (known for MCs) an2c9| a defined set of parameters



Model comparison
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DISP vs DISP-RF

Hillas-based analysis vs RF
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https://www.sciencedirect.com/science/article/pii/S0168900207024059#bfn1
https://www.aanda.org/articles/aa/full_html/2010/16/aa14747-10/aa14747-10.html

Standard data analysis chain
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Image
Parameters

Raw Calibrated Machine Learning

(Random Forests)

classification regression

d Credits: P. Grespan



Stcmdard data cmaly5|s chcun

e e ———— e - — _ - _
__ _ _ = - = = — — =

Raw Calibrated | -2 & Image Machine Learning

eneitenl  Parameters

(Random Forests)
| )
.

classification regression

d Credits: P. Grespan



Raw Calibrated | -2l

information

Convolutional Neural Network

(CNN)
Zor, W
X0 >0
X200
>T< \O/O
Nagn ~

Image
Parameters

32

Towards a Deep Learning approach

— —— — ——— _

Machine Learning

classification

(Random Forests)

Decision Forest

regression

Credits: P. Grespan



Towards a Deep Learning approach

———————— ——— — —— — — - - R o

. Image
Raw alibrat Loss of i i
Calibrated WS O ometers Machine Learning
~ (Random Forests)
Decision Forest
& - N
i > o
Convolutional Neural Network _ _ Optimized for <
¥ (CNN) iImage recognition
= O3
N N
X 0 >0
>T< \O/O
- —a

classification regression

% Credits: P. Grespan



Towards a Deep Learnmg approach

— — — e ~ - _ B _
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. Image
Raw alibrat Loss of : .
Calibrated WEN oo omators Machine Learning
' (Random Forests)
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Convolutional Neural Networks
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e Able to access spatial and temporal image information

e Able to identify relevant image features with unprecedented accuracy through the use
of convolutions

* Thanks to the extracted features, it can make a prediction of the quantity of interest

e Performance checked by a loss function
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In IACTs event reconstruction...

e Application of CNN on the non-parametrised images to enhance telescope sensitivity

Risks and issues...
 Need for MC hadrons: less reliable than MC y in approximating real data

* Developed for squared pixels
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* |ACT camera pixels are hexagonal

e Need for:

* Mapping method turning them into cartesian

lattice

e Dedicated convolution implemented in the CNN

to operate on hexagonal pixel organization

Preserves image charge

Y Preserves angles and
distances

Hexagonal
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https://arxiv.org/abs/1912.09898

== — ——
= — e — - —— _

Single telescope full event reconstruction
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® One of main efforts: CTLearn framework

Prediction
e Open source python package for IACT event Q
reconstruction with Deep Learning e
e Pixel mapping into cartesian lattices Deﬁse
* Model based on a 33-layers CNN with residual { ‘
. 3X ConvR4 /| Max-pooling
connections A | e
. 3X ConvR3 ConvR# : :
e One model of each reconstruction task 5 % Rt
3 ConvR? \ attention
* Both mono and stereo analyses allowed y °"TV "
2X ConvR1

Nieto et al. (2021)
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Stereo full event reconstruction
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 Predicon ) Second step

e Output of single-telescope
network as input for stereo
network processing multiple
images in parallel

First step

B ConvR4 /| Max-pooling | ¢
T / Activation
CNN with residual

* Stereo network size
adjusted based on number
of telescopes triggered by
the event

=
e  — L
y —
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https://arxiv.org/abs/2109.05809
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Results
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Summary and future prospects
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e VHE y-ray astrophysics has a crucial role in exploring the most energetic
phenomena in the universe

* Classical machine learning techniques as Random Forests represent a robust and
reliable method for the analysis of VHE y-ray data

 However, the pre-processing of the y-ray images needed for the application of this
techniques can lead to a loss of information on the original event

* |n this context Deep Learning methods can be of help, as they are able to work
directly on the raw images

e Stereo analysis with CNNs on both images and waveforms show promising results
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Thank you for your attention
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