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Abstract

In astrophysical complex TAIGA there are five Imaging Atmospheric Cherenkov telescopes (IACTs),
located at a distance of 300-500 m from each other, due to which extensive air showers (EAS) generated
by cosmic and gamma radiation are recorded with multiple telescopes (stere-mode). The analysis of
EAS images from two or more Cherenkov telescopes together is of particular interest, since for this
approach the reconstruction of physical parameters of the primary gamma ray is much more accurate
than in mono-observations. However, the gamma-ray event reconstruction strongly depends on the
quality of the hadron background suppression of the classifier, therefore, the gamma event selection
stage is one of the important one in the further analysis of IACT data. We propose and study several
neural network methods for gamma event selection in joint TAIGA-TACT image analysis. Neural
network methods we suggested involves a single-stage analysis of IACT images from two telescopes,
while the second method considers the formation of autoencoder-derived essential features that contain

the EAS physical parameters, including the type of primary particle.

PACS numbers: (777) 07.05.Mh, 29.40.Ka, 95.55.Ka, 95.85.Pw, 98.70.Rz

Keywords: IACT, stereo-mode, gamma/hadron selection, convolutional neural network methods

1. INTRODUCTION

UccneioBanne NCTOYHUKOB raMMa, U3JTYY€HIS BBICOKO U OY€Hb BBICOKOM SHEPTUU TIPEJICTABIIAET
OTPOMHBIII MHTEpeC acTpOPU3MKU U TaMMa-acTPOHOMHUHU. DBJjarogapsd OTCYTCTBUIO 3apsija
raMMa-KBaHTOB, MCTOYHHUK TaMMa-U3JIydeHus olpejiessdercd Ha HebecHoil cdepe oHO3HAYH,
9TO B COBOKYITHOCTH C JIDYTUMHU METO/IAMU MYJIbTUKAHAJIBLHON aCTPOHOMUU ITO3BOJISIET Oy YUTH
HauboJIee MOJIHYIO0 KapTUHY KaKOr0-JIM00 acTpodu3ndeckoro oobekTa. B ob1acTi 0deHb BBICOKIX
SHEPIHil perucrparus raMMa-KBAHTOB BO3MOXKHA TOJHKO C MOBEPXHOCTH 3E€MJIM, & WMEHHO
IIyTeM PEruCTPAIMU MUPOKUX aTMmocdepHbix JimBHeil. [Iupokuit armocdepHbIil JTUBEHb - 9TO
KaCcKaJl BTOPUIHBIX YaCTHUIl, KOTOPble BO3HUKAIOT TPU B3aUMOJIEMCTBUN TMEPBUTHON TaCTHUITHI
¢ atomoMm armocdepnl. llepBuunoil gactureit MOXKeT BBICTYIIATH KaK M djpa aTOMOB, TakK U
raMMa-KBaHTBI. B 3aBHCHMOCTH OT THIla IepBUYHONI dactuibl, passurue ITTAJI oramyaercs
cocraBoM u (OPMOIi, W Ha STOM 3HAHUU PA3BUBAIOTCS HOBBIE METOJUKU JJIs PA3JIUIHBIX
YCTAHOBOK Ha 3eMjie, 9TOObl KaK MOYKHO KAYECTBEHHEE OTJEIUTHb I[MOTOK raMMa-KBAHTOB OT
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donoBoro KocMuaeckoro uzsrydenud. /lannas paboTta HampaB/eHa Ha pa3pabOTKy U aIalTAIIIO
HelPOCeTEeBBIMU METOJIAMH B 3a/1ade raMMa,/ aJJpOHHOIO Pa3/Ie/IeHNst Ha OCHOBE JIAHHBIX, [OJTY IaeMbIX
arMocepHbIME dYepeHKOBCKaMmu TejteckonamMu ycraHoBku TAIGA. B jgannom Hampas/ieHUH

uccjieJoOBannusd n3B€CTHO, 9TO TaKue YCTaHOBKHMH...

2. TAIGA-IACT

Ha reppuropun acrpodusungeckoro komrrekca TAIGA HaxogTcst HECKOIBKO THIIOB JIETEKTOPOB,
KOTOPBIE PErUCTPUPYIOT YEPEHKOBCKOE U3y deHne arMocepHbIX iuBHeH. OJHIM U3 1eTeKTOPOB
JIAHHOTO KOMILJIEKCa B 3aJiade BBIJE/IeHNs] raMMa-U3/Iydenns siBjsitorcst teseckornbl TAIGA-I-
ACT. (Ux rexmmdeckoe ommucanne) Ocobennoctbio pazmmunbix ycranoBok IACT (MAGIC,
HESS, CTA, ap.), B tom uncie TAIGA-IACT, cocrour B TOM, YTO TEJECKONbI HAXOATCS
HEeJIAJIEKO JIPYD OT Jpyra. B pe3syibrare 4ero CBETOBOI KOHYC YE€PEHKOBCKOI'O CBETa MOYKET
3aJeTh JBa W Oojiee Tejeckora. MeTon aHam3a HECKOJIbKNX M300parkeHuil ¢ PasHbIX TOUYEK
HA3bIBAETCsI CTEPEOCKOIIMIECKUM PEKUMOM HAOJIIOICHNIT (U cTepeo-pesKuMoM ). MuHIMaIbHas
sueprusa [ITAJI, meooxomnmast mia perncrparun [ITAJ] HeckosbKuMU TeslecKOaMu, HEMHOTO
BBIIIIE, 110 CpaBHEHMIO co crepeockonmieckumu pexkumamu. Tax, TAIGA-IACT B moHo-pexume
perucTpupyer coObITHsI ¢ SHeprueii mopsijaka b T3B u 6osee, B TO BpeMsi KaK CTEpeo-peskuM - €
sueprueit 6osee 10 THB.

Ha nannbrit MmomentT B KiiaccudeckoM noaxogae TAIGA-TACT obpaborka nzobpazkennit [TTAJI
B CTepeo-pexKrMe OCHOBBLIBAETCS Ha MeTOIe IIapaMeTpoB Xujuiaca. B YacTHOCTH, KaxKIoe
n300pazkeHne IapaMeTPU3yeTcs SJLIUICOM, Oa3MpyIONIeiicss Ha MEeTOIe TIJIABHBIX KOMIIOHEHT,
AIIIPOKCUMUPYETCS TOJIOYKEeHHe NCTOYHNKA C MCIoJb3oBanrneM MonTte-Kapiio momennpoBaHust.
HakajpiBasg u onTuMusupysi KaThl Ha (bOpMY, TOJIOKEHHe ¥ TIOBOPOT JUIAICA (C yI&éTOM
HECKOJIbKUX TEJIECKOIIOB ), BBIJIEIAIOTCS TaMMa-TI0JIOOHBIX COOBITHUSI.

[TockoIbKY KJIACCHYIECKHWIT MeTOJT HCIOJIB3YeT TOJBKO O0OOINeHre MapaMeTphbl, KOTOPbHIe
PACCUNTBIBAIOTCSA KaK IEeHTpajbHble MOMEHTBI M300parkeHWii, B JaHHON paboTe MCCiIeayercs

BO3MOXKHOCTH IIPUMEHEHHST HEHPOCETEBBIX METO/I0B B 06paboTke n3obpazkenuii [TTAJI.

3. NEURAL NETWORK TECHNIQUES PROPOSED FOR TAIGA-IACT STEREO-
MODE

B kauecTBe mnepBOHAYAJIBHBIX JIAHHBIX JIJIsi HEMPOCETEBBIX METOJIOB OBLIO PACCMOTPEHO

HeckosbKo BapuanTos (Fig. 1).
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Figure 1. Schematic demonstration for multiple neural network classifier for TAIGA-TACTs images:
medium image fusion approach (a), early image fusion approach (b) and analysis of autoencoder-derived

essential features (c).

[lepBoIit BapmaHT MOJpa3yMeBaeT aHAIN3 KayKJIO0TO W300parKeHWsl TeJIeCKOIa OT/IETbHO.
JlaHHBIIT MeTO/I HA3bIBAETCS MPOMEXKYTOUHBIM CJIUSHHEM, TaK KaK B 9TOM CIydae HEKOTOPbIe
[IPU3HAKH, N3BJIEYeHHbIE KOHBOJIOTUBHBIM OJIOKAMU B IIPOIEcce 00y IeHnsI HeHPOCeTH, KOHKATEHUPYFOTCS
JUI JTaJbHERIero aHajm3a. Bo BTOpOM ciiydae Ipejjiaraetcsd OObeIuHUTH N300parKeHus
mepeJi mojadeil B HepOCeTEeBYIO MOJIEb, COCTOAIIEH U3 KOHBOJIOTUBHOIO U IIOJTHOCBSI3aHHOI'O
aHasm3aTopa (paHHee cimsiHEe). B TperbeM ciiydae Mbl pacCMaTpUBaeM BO3MOKHOCTH (OPMUPOBAHNUST
CYIIECTBEHHDBIX ITIPU3HAKOB I/1306pa}KeHI/HL/‘I7 HE OI'paHUMYCeHHBIX 'eOMETPpHUYICCKUE NI CTATUCTUICCKUMU
cOoOOpaXKeHUsAME, KakK mapaMeTrpbl Xujiaca. st 9Toro merosa crrocoboM BbIJIEIEHNs CYIIEeCTBEHHBIX
[PU3HAKOB siBJIsieTcs aBTodnKojep (AE), npenBapurebHo 00yYeHHBIN Jisi KazKJI0I0 TeJIECKOIa
OTJEeJbHO. DBBLIO MOKazaHo, 9TO B 3ajade pPEerpeccuud SHEPrud raMMa-KBaHTOB 00pPabOTKa
CYHIECTBEHHBIX IIPDU3HAKOB IIOKa3aJla Kade€CTBO BOCCTaHOBJIEHUA HeE XYy2Ke, 9eM CTaH/IapTHbIE

CNN wmogenn, obpabaTbiBaroriye n300pakeHust HAIPSIMYIO.

JL1st 9UCTOTHI SKCIIEPUMEHTa BO BCEX PACCMOTPEHBI CIydasx (hopMa KOHBOJIOTUBHBIX OJIOKOB
coBmaaita. ApXUTeKTypa CBEpTOYHOrO OJIOKa IpejcraBieHa Ha Fig. 2, rme pa3MepHOCTH
[IOCJIE/THETO CJIOS ObLIa TPUMEPHO OJMHAKOBON C PA3MEPHOCTBIO aBTOSHKO/IEpa. B mpeapiiymieit
paboTe 10 MCCJIEIOBAHUIO KOMIIPECCUH JIAHHBIX C MOMOIIBIO aBTOIHKOJEPOB ObLIO BBISCHEHO,
YTO KA4deCTBO CXKATUs OINTUMAJIbHO IPU Pa3MEPHOCTH CKPLITOrO IHpocrpancTsa 12-18. B
JIAHHOHM paboTe MBI B3S/IM pa3sMepHOCTb, paBHyIo 18. Takum obOpaszoMm, B MeToJjie paHHEro
C/IUAHUS Pa3MePHOCTb BBIXOJIHOTO CJIOsT PaBHAIACH 306, B OCTAJIbHBIX ciaydadx - 18. Paznudaue B
TPexX MeToJlaX 3aTparnBajio CTPYKTYpPy aHaJM3aTopa MPU3HAKOB. B ciydae MpoMeKyTOIHOTO
U PAHHErO C/JIUAgHUs, [PU3HAKHK II0CJE CBEPTOYHOTO OJIOKA T0JIaBAJUCh HA OJWH CKPBITHIN

MOJTHOCBsI3aHHBIN cjioit ¢ 2048 wmeitponamu. llpu amaimse cyimmecTBeHHBIX Tpu3HakoB AE

x—4



Moscow University Physics Bulletin 80(9), x (2026)

| IACT image (32x32) | |

Conv(32,3x3)+BN

Inception block scheme (P,,P,,P3,P,,Ps,P¢) |

Conv(P,,1x1)

Inception block (32,32,32,32,32,32) BN Conv(P,,1x1) || MaxPool(3x3,
) v +BN step=2)
Inception block (32,32,32,32,32,32) Conv(P,,1x1) Conv(Ps,3x3) || Conv(Pg,1x1)
Inception block (32,32,32,32,32,32) +BN +BN +BN
= Conv(P3,3x3 @ Ps,3x3
‘ Reduction block (32,32) | +(BIS\I ) oni(BIS\I x3)
Inception block (32,32,32,32,32,32)

Inception block (64,64,64,64,64,64) ——  Concatenation

‘ Reduction block (64,64) I
Inception block (32,32,32,32,32,32)
Inception block (32,32,32,32,32,32)

Reduction block (32,32)

| Reduction block scheme (M,N) |

A
Inception block (32,32,32,32,32,32) Conv(M,3x3) Conv(N,1x1) MaxPool(3x3,
Inception block (16,16,16,16,16,16) Rl Con;“(]ﬁ,}‘,gﬁ) \—E’Ste J_/=2
| Reduction block (16,16) | +BN
Conv(M,3x3,

step=2)+BN
Conv(Ny;,,,3x3)+BN

——> Concatenation <+———

Figure 2. Architecture of convolutional analyzers of medium, early fusion approaches and in AE encoder.

IPUMEHSJINCH D0JIee CJIOYKHASA CTPYKTYPA, COCTOAIIA ITOCIEIOBATETHHO U3 OJTHOTO MTOJTHOCBI3AHHOTO
ciost 2048 HeiipoHOB, peobpa30BaHeM B KapThl IPU3HAKOB pa3Mepos (8,8,32), 3 cBepTOIHBIX
cioeB ¢ umcsioM dbuabTpos 128, 256 u 512, e pasmep dbuiabrpa paBeH (2,2) u mar paBeH
2. 3aTeM cJieJIoBaJl MOJTHOCBS3aHHBIN CKPBITHINA cjioif 512 Heitponos. JlanHasi cTpyKTypa IO
CPaBHEHUIO C IIPOCTBHIMU TOJTHOCBA3AHHBIMY CJIOSMU MTOKa3aJia HAWIYUIINi pe3yabTaT B 3ajade
perpeccun u KJaacCUPUKAIME U3 CKPBITOTO IPOCTPAHCTBA aBTOIHKOJIEPOB. YCJIO2KHEHUE OJIOKOB
aHaJIN3aTOPA MIPU3HAKOB B PAHHEM U IIPOMEZKYTOTHOM CJIUSHUY MbI TIOCYUTAJIN HEIE/IeCO00PA3HO,
T.K. HefipoceTeBble MOJIEIN U3BJICKAIOT IIPU3HAKY, yrKe HAIleJIeHHbIC Ha 3a/1a49y KJIaCCUPUKAIINT,

B oryimawe ot cutyarmn ¢ AE. Takum o6pazom, 9nc/io BeCOBBIX KODMUIMEHTOB y KitaccudukaTopa
B METOJIe MIPOMEXKYTOUHOIO CJMAHUA OBLIO PABHO NMPUMEPHO 2 MWIJINOHA, B PAHHEM CIUSHUU

- 1.1 million, B MeTO/IE CYIIECTBEHHBIX MPU3HAKOB - 2.5 MHJLIMOHA (CyMMAapHO C HKOIEPOM).
OyHKIUS aKTUBAIIMA MEXKJIy CJIOSIMHU - CUTMOWHAs JnHeiiHas dyHKims. PaccMarpuBasioch
JiBe (DYHKITUU OMUOKHM y KJIACCH(PUKATOPOB :OMHAPHAs KPOCCIHTPOINHSA U (hOKATbHAS OIIHOKA.

QyHKIMA OMMOKNA ABTOIHKOJIEPOB SIBJISIACH CPEJIHEKBaIpATUIHAS OINOKA.

3.1. Training set

Ornucanne BbIOOpKH KjaccudukaTopoB - MoHTekapso. llpommcsiBaem, uro Kiacc 1 - 310
ramMmma, () - MpOTOHBI. YKa3bIBaeM, 9TO B METO/IE CYIIECTBEHHBIX IIPU3HAKOB 00y YeHHUE ITPOUCKOJIIIIO

JIByXCTYIEHYATO: CHadaJa o0ydauch aBTodHKoIepbl 100 3mox na BbIOOpKE TPOTOHOB 500 THIC.
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Figure 3. Validation results for model of early fusion approach, using binary crossentropy loss function

(a) and focal loss function (b).

3areM, 6€3 TPEHUPOBKHU SHKOJIEPA, 00ydaJics OJIOK aHau3aTopa Ipu3HakoB. Takzke KOPOTKO O

OPeJIoJArOTOBKE JIAHHBIX

3.2. Validation set

Omnucanne BoibOpKH KitaccudukaTopos. Ha manHoii BLIDOPKE OIIpe/IesiiCs TIOPOT Pas3/IeICHIsT
KJIACCOB U WCCJIEJI0BAJIOCH IIOBEJICHNE DPACIPEJIESICHIs B 3aBUCUMOCTA OT (DYHKIIUU OIIMOKH

OcranoBumch Ha (OpMaJIbHON OIMMOKe. 3HAYEHHE auroc BO BCEX CIydasiX.

4. GAMMA /HADRON SUPPRESSION IN CASE OF STRONG CLASS IMBALANCE

Omnucanne BoIOOPKU KJIaCCH(UKATOPOB, TOYEMY MbI PEITUIN PACCMOTPETH TECTOBYIO BBIOOPKY.
Brauenne auroc Bo Beex caydaax Q-dakrop(?). Takzke /11 cpaBHeHUsI IPUBEJIEH HEHPOCETEBOIT
MEeTO/I aHaJIM3a N300parKeHUil B MOHO-PEXKUMe. DBBIIO MOKa3aHo, YTO MOJIYIAIOTCA PEe3yIbTaThl
..., TIO9TOMY JIJIT MOHO-PEKUMa TpeOyeTCsi BBOJUTD JIONOJTHUTEIBbHBIN OTOOD JIAHHBIX, KOTOPDI

IIO3BOJIAET JOCTHUYIb Tpe6yeMoro IIOJaBJICHI 4. PGSyJIbTaTbI Ta6JII/IIH)I. BI)IBO,ZLI)I.

5. CONCLUSION

In the task gamma/hadron selection in TAIGA-TACT stereo-mode multiple deep learning
methods was proposed and studied in the gamma/hadron classification task: medium fusion

(separate TACTs images analysis in CNN before concatenation), early fusion (concatenated
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Figure 4. Validation classification results for medium fusion approach (top row) and essential feature
analysis (bottom row). (a) Validation results with size-independant classification threshold. (b) De-
pendance gamma score on image brightness (size). Red - 50% classification threshold, orange - 90%

threshold of reamaining gamma.

TACTs images are fed to CNN) and autoencoder-derived essential feature analysis. Three neural
method was costructed and trained. Tests results demonstrated that for strongly imbalanced
classes early fusion is the most promising method. Analysis of essential feature method hadn’t
met the expectations. With size-independent class threshold classification quality significanty
improves in comparison to size-dependent class threshold because a lot of dim EAS images
hadn’t passed the selection. Also it was demonstrated, that the processing of stereo-mode data

doesn’t require additional cuts or preselection criteria unlike neural methods for mono-mode

TACT data.
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