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JlcepTallMOHHUAT TPy € OOCHAEH U HACOUeH 3a 3auuTa oT KaTenpeHus cbBer
Ha Kareapa ,PalMOKOMyHHMKAIlMM W BHIECOTEXHOJIOrMU KbM Dakynrer no
Tenekomynukaruu Ha TY-Codus Ha pemoBHO 3aceiaHue, MPOBEICHO Ha
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Codus Ha OTKPUTO 3aceTaHe Ha HAYYHOTO KYPH, onpeieneHo cbe 3amnoBe Ne OXK-
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1. ou. n-p Hukon XpucroBa — npeacenaTen
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3. [Ipod. n-p Anekcanabp bexsipcku

4. IIpod. n-p I'abpuena Atanacosa

5. Hom. n-p Crpaxun CokojioB
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1. lou. n-p Hukon Xpucrosa
2. [Ipod. 1-p Anexcanabp bexspcku
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kanmenapusita Ha @axynrer nmo Temekomynukaruu Ha TY-Codus, 610k Nel,
kabunet Ne 1254,

JlucepTaHThT € 3aJ04€H JOKTOPAaHT KbM Kareapa ,,PaguoKkoMyHUKaUuu u
BuaeorexHonorun Ha @Pakynrer no TenekomyHukauuu. M3cienBaHusara mno
JUCcepTallMOHHATa pa3padOTKa ca HAlMpaBeHH OT aBTOpA, KATO HAKOM OT TSIX ca
MOJKPENEHN OT HAYYHOU3CIIEIOBATEIICKU MTPOEKTH.

ABTOp: Mar. unx. NBaiino boxwuinos

3arnaBue: Koaumpane u Busyanuzanus Ha 3D 00eKkTH, upe3 apXHTEKTypu 3a
TBIIOOKO O0yUeHue

Tupax: 20 6pos

Otneuarano B UIIK na Texunuecku ynusepcutet — Codust



. OBIIIA XAPAKTEPUCTUKA HA TUCEPTAHMOHHUA TPY ]

AKTYaJIHOCT Ha npodJiema

Pa3BuTHEeTO Ha CHCTEMHU 3a TPUMEPHO ChIbpPIKAHUE, PA3IIUPEHA PEaTHOCT, Xojorpadcka
KOMYHHKAIIMSI ¥ HHTEPAKTUBHU MYJITHMEIUHHN TPHIOKEHUS BOJH JIO 3HAYUTEIIHO HapacTBaHE
HA W3MCKBAHMATA KbM €(PEKTUBHOTO KOAWMpAHE, MpefaBaHe W BU3yanusanus Ha 3D maHHU.
OO0JyianuTe OT TOYKH M JAPYruTe (GOpMH Ha TPUMEPHO IMPEACTABSIHE CE XapaKTepu3Hupar ¢
U3KJIIOUMTETHO TOJIIM 00eM OT JaHHHW, KOETO IIOCTaBsi CEPHUO3HH OTPAaHUYCHUS BBHPXY
KOMYHHUKAIIMOHHUTE M HW3YUCIUTCIIHUTE PECypCH B CHBPEMEHHHTE CHCTeMH. Kiacuueckute
METOJIU 32 KOMITPECHSI, BBIIPEKH BUCOKATa CH TEXHOJIOTUYHA 3PSJIOCT, CpemiaT 3aTPYAHCHHS TIPU
aJanTanys KbM CIIOJKHATa CTPYKTypa Ha 3D MaHHUTE U AMHAMHYHUTE YCIOBHS Ha MpejaaBaHe. B
TO3U KOHTEKCT OO0y4aeMHTE M CEMAaHTUYHO OPHCHTHUPAHUTE MOIXOAM, Oa3upaHU Ha IBIOOKO
oOydeHune, ce ouepTaBaT KaTo MePCICKTUBHO HAIIPaBJICHUE 3a MOBHINABaHEe Ha e()eKTHBHOCTTA Ha
KOMITPECHATA, YCTOMYMBOCTTA KbM IIyM W QIalITHBHOCTTAa HA CHCTEMHUTE 3a TpenaBaHe Ha 3D
ChIbpxkaHue. ToBa ONpe/elis aKTyaIHOCTTa Ha HACTOSIINS JUCEPTAI[HOHEH TPYIl, HACOYCH KbM
W3CIIe/IBaHE W pa3paboTBaHE HA apXUTEKTYpH M METOIMW 3a KOJIWpaHe W Bulyaim3anus Ha 3D
00eKTH upe3 IbI00KO 00ydeHuUe.

]_Ie.]I Ha ITHCEPTANUOHHUSA TPYA, OCHOBHHU 3aJa4Y 1 ME€TO/IM 3a U3CJICIBAHE

OcHoBHaTa 11eJ1 Ha HACTOsIIAaTa AMCEpPTalMs € Ja ce M3CIeABaT U pa3paboTAT METOAU 3a
UHTErpalus Ha o0ydyaeMd M CEMaHTUYHO OPUEHTHPAHU IMOJXOAU B CHUCTEMH 3a 3aCHEMaHe,
npefaBaHe W Bu3yanuzainus Ha 3D chabpkaHue, ¢ 11eJ MOBUIaBaHE Ha €(EKTHBHOCTTA,
aJaNTUBHOCTTA U (DYHKIIMOHATHOCTTA Ha Mpolieca Ha KOJIUPaHe.

3a mocTUraHe Ha Ta3M Lel ce POpMyNIMpaT CIICAHUTE OCHOBHU 33/1a4H:

1. AHaim3 Ha Bb3MOXKHOCTHTE 3a HHTCrpanusg Ha O6y‘IaCMI/I U CCMAHTUYHO OPUCHTUPAHU
moaAXxoJau 3a KOJAWpaHC B CUCTEMU 3a 3aCHCEMAHE, IPCJaBaHC W BU3yaJIU3allvus Ha 3D
CbAbpIKaHHUC.

2. Wscnensane m pa3paboTKa Ha aBTOCHKOJEPHH apXHTEKTYpH 3a KoauwpaHe Ha 3D
W3TOYHUIIN.

3. MH3cnenBaHe u pa3paboTKa Ha aBTOGHKOJIEPHH apXUTEKTYPH 3a CbBMECTHO KOAMPAHE
U3TOYHHUK—KaHal Ha 3D chaBp:KaHUE, C 1IEN IOCTUTaHE HA YCTOWYUBOCT KbM KaHAIHU
CMYIIEHUS U e(PEeKTUBHOCT IPU KpallHU JABJKUHU Ha OJIOKOBETE.

4. Peanuzanusi, eKCIEPUMEHTAIHO U3CIIEIBAHE ¥ CPABHUTEJICH aHATTU3 HA MPEATIOKEHUTE
METOJIA U APXUTEKTYPH.

Hay4Hna HoBOCT

Hayunara HOBOCT Ha IMCEPTAIIMOHHUS TPYJL CE ChbCTOM B pa3paOOTBaHETO M U3CIIEIBAHETO HA
o0ydyaeMH M CEMAaHTUYHO OpPUEHTHUPAHW METOOU 3a KOJAWpaHe U NpeJaBaHE Ha TPUMEPHO
ChIbpXKaHUe, O0a3sMpaHH Ha ABTOEHKOJEPHU apXUTEKTYPU M JABIOOKO CHBMECTHO KOAMpaHE
U3TOYHUK—KaHall. [lpeayio)keHa € TeopeTHyHa TIOCTAaHOBKA 3a EHTPONUWHO KOJIUpaHE C
HECBHIVIACYBaHU BEPOSITHOCTHU MOJEJIH, MO3BOJISBAIIA U3IIOJI3BAHETO HA MO-CIOKHU MOJENIH B
KoZiepa 4pe3 BbBEXJAaHE Ha cTpaHW4YHa HHpopmanus. Pa3paboTeHu ca HOBU apXUTEKTypHHU
peleHns 3a KOMIIpeCcHsl U MpejaBaHe Ha pa3peieHu O0Jal OT TOYKH, BKIIOYUTETHO METOJ 32
($ha30BO-MHBAPUAHTHO JAEKOJUpPAHE MPU TpeJaBaHE Ha JAMHAMUYHHU OOJAalld OT TOYKH, KOWTO
HaMaJsiBa 3aBUCUMOCTTa OT CUHXPOHU3ALMATA MEXKIY MpeaaBaTens u npueMHuka. [lomyuenure
pe3ynTaTH pa3lIMpsBaT NPUIIOKEHUETO HAa 00ydyaeMUTe METOIU B 00JacTTa Ha KOMIIpECHUsTa U



KOMYHHUKalIMATA HA 3D CBbAbPIKAHUEC U ITOKa3BaT Bb3MOKHOCTH 34 ITOBUIIIaBAHC HA e(l)eKTI/IBHOCTTa
u yCTOfI‘-IHBOCTTEl Ha CUCTCMUTC IIpU PCAJIMCTUYHN KaHAJIHU YCJIOBHS.

IIpakTHYecka NPUIOKUMOCT

[IpakTryeckara NPUIOKUMOCT HA JUCEPTALIMOHHUS TPYA Ce U3pa3siBa B pa3pabOTBaHETO HA
IPOTrpaMHHU peajin3allui U METOJU 3a e(EKTUBHO KOJIUpPaHe, IpeJaBaHe U Bu3yanusauus Ha 3D
ChIbpXKAaHNE, MPUIOKHUMHU B CHUCTEMHU 3a pPa3lIUpEHa PEaTHOCT, XoJorpadcka KOMYHHKAIHS,
TEJICIPUCHCTBUE U MHTEPAKTUBHU MyJnTUMeNuiHU cpenu. [IpeokeHnTe aBTOEHKOAEPHU
ApPXUTEKTYpH M METOIM 32 JBJIOOKO CHBMECTHO KOAMPAHE HW3TOYHMK—KaHAJ IO3BOJISBAT
HaMaJsiBaHe Ha HeoOXoJuMmara CKOPOCT 3a IIpeJaBaHe IpU 3ama3BaHe Ha J00pO KadyecTBO Ha
PEKOHCTPYKIMATA U YCTOWYMBOCT KbM IIYM B KOMYHHMKAalMOHHMS KaHaj. Peanusupanu ca
nporpaMHu cucteMu 3a kommpecus Ha RGB-D uzoOpaxkeHust u obiany OT TOYKM, KaKTO U
excnepumentanau peanuzaiuun Ha AEPCC u DPCT apxutekTypute, KOUTO Morar jga Obaar
U3I10J13BaHU KaTO OCHOBA 3a Ob/ICIIM HAYYHH U3CIIeIBAaHUS U IPAKTUYECKH CUCTEMH 3a 00paboTKa
U NpeJaBaHe Ha TPUMEPHO ChIbpkaHue. Pesynararure oT auceprauusTa MoraT Ja HamepsT
NPUJIOKEHNE B ChbBPEMEHHM KOMYHUKAIIMOHHU cucTeMu, O0azupanu Ha 5G/6G mpexu, ob61auHu
uH¢ppactpykTypu 1 XR mnatpopmu.

Myoankanuu

OCHOBHUTE NOCTH)KEHUS U pPe3yJTaTH OT AUCEPTAL[MOHHUS TPy ca NyOJIMKYBaHHU B 6 HAYYHU
nyOJIMKauu, OT KOUTO 3 ca MyOJUKYBaHHU B MEXYHAPOJHU HAyYHH CIIMCAHUS, a OCTAHAIHUTE 3
ca MpPEICTaBeHM Ha MEXAyHApOJHM HaydHM KoH(pepeHuuu. Exna ot nyOnukauuute e
CaMOCTOSITEIIHA.

Mexnynaponuute Hayuynu cnucanus ca: IEEE Access 2024 u 2025 u MDPI Sensors 2023.

Mexnaynaponnute Hayunu koH(pepenuuu ca: IEEE International Scientific Conference on
Information, Communication and Energy Systems and Technologies (ICEST) 2025, IEEE
International Symposium on Wireless Personal Multimedia Communications (WPMC) 2025 u
Joint International Conference on Digital Arts, Media and Technology with ECTI Northern
Section Conference on Electrical, Electronics, Computer and Telecommunication Engineering
(ECTI DAMT & NCON) 2026.

Crpykrypa 1 00eM Ha JUCePTALlMOHHUSA TPYA

JlycepTallMOHHUAT TPYA € B 06eM oT 151 cTpaHuiiy, KaTo BKIIIOUBA YBOJ, S IIaBU 3a pellIaBaHe
Ha (OPMYJIMPAHUTE OCHOBHU 33/1a4M, CIMCHK HA OCHOBHUTE MPUHOCH, CMCHK Ha IMyOIMKaIllMUTe
0 JUCepTalusiTa, CHUCHhK Ha IPOrpaMHUTE peain3allii U U3MojiI3BaHa uteparypa. Llutupanu ca
o0mo 97 nuTepaTypHM U3TOYHUIM, KaTo 94 ca Ha JTaTUHUIIA, & OCTAHAJIUTE Ca UHTEPHET aJpecH.
PaGorara BxmouBa o6mo 49 ¢urypm u 8 tabmmuu. Homepata Ha ¢urypurte u TabIUIUTE B
aBTOpedepara CbOTBETCTBAT HA TE3U B TUCEPTALIMOHHUS TPY/I.

JlucepTaiMOHHMAT TPy € CTPYKTypHpaH B neT rnaBu. B I'maBa | e HanpaBeH aHain3 Ha
CBCTOSIHMETO Ha MpolseMa U ca pasriellaHd KJIacCHYecKd, 00y4aeMu M CEMAaHTHMYHH METOJH 3a
kogupaHe Ha 3D cwpabpxkanue. B I'maBa 2 € BBBEACH OINEpallMOHEH MOJIE]I HA CHCTEMH 3a
3acHEMaHe, NpeaBaHe U BU3yanusauus Ha 3D cpabpkaHMe U € aHaJTM3MpaHa MHTErpanusaTa Ha
o0ydaeMu METOAM B Pa3IMYHUTE cI0eBe Ha cucTemara. B I'nmasa 3 ca pasrienanu aBTOEHKOAEpHU
apXUTEKTYpH 32 KOJAMpaHe Ha FeOMETpUYHATa CTPYKTYpa Ha pa3pesieHu obany ot Touku. B ['masa
4 e n3cneaBaHO M3IMOJI3BAHETO HA TE3U APXUTEKTYPH 3a KOMIIPECHSI Upe3 KBAHTYBaHE U BTOPUYHO
KOJIMpaHe Ha JaTeHTHUTE NPeJICTaBsiHus, a B [ 1aBa 5 e pasriieano Ab100K0 ChbBMECTHO KOJIUpPaHe
M3TOYHHMK—KaHaJ 3a [IpeJaBaHe Ha 00Jaly OT TOUKH MPe3 KaHAIH C LIyM.



Il. CbBAbPKAHUE HA TUCEPTALHMOHHUA TPY [

I'JIABA 1. AHAJIN3 HA CBbCTOSAHUETO HA ITPOBJIEMA 11O
JIMTEPATYPHU JAHHHA

IIppBa rnaBa pasriexjaa OCHOBHUTE NMPUHLHUIIA U CbBPEMEHHUTE MOAXOAM 3a KoaupaHe Ha 3D
M3TOYHUIM, KATO MOCTaBs aKLEHT BbPXY PAa3BUTHETO HA METOJMTE 32 KOMIIPECUS HA TPUMEPHO
chabpkanue. llpencraBeHN ca OCHOBHHMTE KAaTErOPUM METOAM — KJIAacCHuYecKd, oOydyaeMu U
CEMAaHTHYHU — KOUTO C€ pa3InyaBaT MO HA4YMHA HA (GOPMUPAHE M UHTEpIpEeTaus Ha
MEXIUHHOTO TMPEJCTaBIHE Ha JaHHUTE. AHAJIM3UPAaHU Ca TEXHUTE TEOPETHUYHU OCHOBH,
MPEAMMCTBA M OrPaHUYEHHUs, KAKTO M BPb3KaTa UM C KOMIIPOMHUCA CKOPOCT—H3KpUBSIBAHE W
CTaTUCTUYECKOTO MojenupaHe Ha 3D nannu. llenra e na ce u3rpaau KOHIENTyajdHa paMKa 3a
CPaBHEHME HA pa3IMYHUTE MOAXOAM M Ja CE€ OuYepTadAT TEHACHUHUHUTE B Pa3BUTHUETO HA
ChBPEMEHHUTE CUCTEMU 3a KOMIIpECHs U npeaaBane Ha 3D cbabpkaHue.

1.3 OcHoBM Ha koaMpaHeTo HA 3D U3TOYHUIU

1.3.1 Kareropu3auusi Ha MeTOM 32 KoaupaHne Ha 3D U3TOUYHUIU

B pesynrar Ha W3J0KEHHWTE TEOPETUYHHM IIOCTAHOBKM MOXKE Ja ce ¢opmyimupa obOoOmieHa
neduHUIMS Ha KOAMPAHETO Ha M3TOYHHMKA KAaTo OIepaius, KOSITO OCHIypsiBa KOMIIAKTHO
MCKIWMHHO MPCACTAaBAHC HA JAHHUTC, IO3BOJIABAIIO BH3CTAHOBABAHC HA OPUTHMHAIHHA BXOACH
CUTHAl C KOHTPOJHMPAHO U3KPUBSBAHE, MPU 3HAYUTEIHO TMO-HUCKH M3UCKBAHHUS KBbM
poITycKaTelHaTa ClIocCOOHOCT Ha KaHala Wik HeoOxomumus obeM 3a cbxpanenue. Ha @ur. 1.4 ¢
WIIOCTpUpaHa 0000IIeHa cxemMa Ha IMpolieca Ha KOMIpecus, KaTo ca 0003HauY€HU U OCHOBHHUTE
METPHUKH 3a OLIEHKA Ha KaYECTBOTO, KAKTO U €TalNUTEe, B KOUTO T€ CE U3MEPBaT.
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3D o6eKT Kopavpaxe MeXamHHO [Nekoaupaxe PekoHcTpymnpaH 3D
npegcraBsHe obekT
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(Distortion)

@urypa 1.4: OGo011eHa cxema Ha Mpolieca Ha KOMIIpecHs ¢ 0003HaYeHU METPHKH 3a OLIeHKa

Ananu3bT B o0nactta Ha komnpecusita Ha 3D cpappkanue B [Al] rpynupa metonuTe 3a KOAUpaHe
B TpU Kareropuu. Te3u KaTeropum ce pasrpaHuyaBaT cropen Qopmara Ha MEXKIUHHOTO
IpeCTaBsHe U CPEACTBATa, Upe3 KOUTO TO ce MmoiydaBa. MneHTuduuupanu ca cielHuTe TpU
KaTeropuu METOJU: KJIaCH4ECKH, 00y4aeMu M CEMaHTUYHM, KOUTO ca pasliieJaHH B Ta3H IJaBa
ChOTBETHO B pazaenu 1.4, 1.5u 1.7.



1. Knacuyecku MeTOaH 3a Kommpecusi. [Ipu To3u Ki1ac METoIM MEKAMHHOTO MPEICTABSIHE
OOMKHOBEHO € BEKTOp OT HEHHTEPIPETUPYEMHU 3a YOBEKA MPU3HAIM HIU OUTOBA
MIOCJICIOBATEIHOCT C BUCOKAa eHTponus. Kommpecusta ce mocTtura 4pe3 KIACHYECKH
texHuku onucanu B 1.1. Te3u moaxonu ca 16100K0 BKOPEHEHH B KJIaCHYeCKaTa TEOpHsl Ha
nHpopmanuara u 1UdppoBaTa 00pabOTKa Ha CHTHaIW U (GopMHpaT OCHOBaTa Ha
YTBBPICHUTE CTAaHAAPTH 3a Komrpecus Ha 3D chabpkanue.

2. OOyuaemu MeToau 3a Kommnpecus. [Ipu oOyqaemMuTe METOAM MEXIUHHOTO MPEICTaBSIHE
CBhIIO € BEKTOp OT HEUMHTEPHPETHPYEMHU 3a YOBEKAa IPU3HALIM, HO CpejacTBaTa 3a
NOJy4aBaHETO My ca 0a3upaHM Ha METOAM OT O0JacTTa Ha MAaIIMHHOTO OOy4YeHHE U
IbJI00KOTO OoOyueHue. Haii-yecto ce M3MON3BAT HEBPOHHH MPEXKH, aBTOECHKOICPHU
apXUTEKTYpPU U JIpYyrd 00y4yaeMH MOJENHN, KOUTO CE ONTUMHU3UpPAT CIPSIMO KPUTEPUU OT
THUI CKOPOCT-U3KpUBSIBaHe. 3a pa3jivka OT KJIACHYECKUTE MOIXO0IU, TYK MPeoOpa3yBaHETO
Y BEPOSTHOCTHOTO MOJIEIIMPAHE CE€ HAay4yaBaT AUPEKTHO OT JaHHUTE, KOETO MT03BOJISIBA I10-
n00po aganTupaHe KbM CIOXKHATa CTPYKTypa Ha 3D u3TOuHUIUTE.

3. CeMaHTHYHM MeTO/AM 3a KoMnpecus. CeMaHTHMYHATa KOMIIPECHUS C€ OTJINYaBa C TOBA, Ye
MEXJIMHHOTO MPEACTABSIHE € CbCTABEHO OT MHTEPIPETUPYEMHU 32 UOBEKA IPU3HALIU, KOUTO
HOCAT CMHUCJIOBa HH(OpMALUs 3a ClieHaTa WK o0ekTuTe. To31 MOAX0I LieNu 3ana3BaHe Ha
KOHTEKCTa ¥ 3HAYEHHUETO Ha ChAbpKaHueTo. CeMaHTUUHUTE METOU U3IOI3BAT TEXHUKH
OT ABJIOOKOTO 00y4yeHHUEe, MAIIMHHOTO 00yuYeHHe U U3BIMYaHEe HA CEMaHTHUHU NPU3HALIH,
KaTO IO3BOJIABAT JUPEKTHA WHTEpHIpeTanys WIM [ocueasama o0paboTka Ha
KOMIIPECUPAHOTO Mpe/CTaBsHe 0e3 IbJIHA PEKOHCTPYKLMS Ha OPUTMHAIHUS CUTHAJL.

TakcoHOMHsATa, H3NIOXKEHa B cucteMatuuHus 0030p [Al], oTpassBa pa3npeneneHHeTo Hu
OCHOBHHTE HAIPaBJICHUs HA CbBPEMEHHUTE METOIU 3a Kommpecus Ha 3D cpabpxanne. Ha dwur.
1.5 e mpencraBeHa rpaguuHa MIIOCTpalMsl HAa Ta3M TAaKCOHOMHSA, KOATO IIe CIY)XH KaTo
KOHIENTYaIHa paMKa IIpU aHallu3a U CPaBHEHUETO Ha PA3IMYHUTE KJIACOBE METO/M B CIIE/IBAILIUTE
pa3fenn Ha IUCepTaluATa.

1.8 U3Boam

M3BbpiIeHUIT aHAM3 Ha CHCTOSIHUETO Ha MPoOJieMa MoKa3Ba, 4ye KOJUPAHETO Ha BU3YaJHO, U B
gacTHOCT Ha 3D chabpkaHHe, ce OCHOBaBa Ha J00pe YCTaHOBEHA TEOPETHYHA pPaMKa,
HPOU3THYAIIA OT KJIaCHUecKaTa TeopHs Ha WH(opMaIHaTa U TPaHCPOPMAIOHHOTO KOJHUPAHE,
IpU KOSATO KJIFOUOBA pOJISi WIrPasT KOMIIPOMHCHT CKOPOCT—HM3KpHUBSIBAHE M e(EKTHBHOTO
MO/ICJIUPaHe Ha CTATHCTHYECKUTE 3aBUCMOCTH B JaHHUTE. KitacuueckuTe MeTOIU, NPeICTaBeHN
4pe3 CTaHIapTH KaTo BUIe0-0a3upana Kommpecus Ha obmaiu ot Touku (Video-based Point Cloud
Compression) (V-PCC) u reomerpuuHo-6azupana koMipecus: Ha obianu ot Touku (Geometry-
based Point Cloud Compression) (G-PCC), memoHCTpuparT BHCOKa 3pSIOCT W e€()EeKTHBHOCT,
0CO0EHO NPU TOYKOBO ChABPIKAHUE, KOETO CE€ TIOTBBPIKAaBa KAKTO OT IMIMPOKOTO UM MPUIIOKEHHE,
Taka ¥ OT IOMHHUPAIIOTO UM MPUCHCTBHE B iuTepaTypara [Al].

Ot pmpyra crpaHa, oOydaeMHTE€ METOAM pa3LIMpsABAT Ta3d MapajurmMa uype3 M3MO0JI3BaHE Ha
HEBPOHHM MPEXH 32 aBTOMAaTHMYHO M3BJIMYaHE Ha KOMIAKTHHM MPEICTABSHUS M BEPOSTHOCTHO
MOJIEJIUPaHe, KOEeTO O3BOJIsIBA T0-J00pO aJanTUpaHe KbM CIO0XKHATa CTpyKTypa Ha 3D nanHuTe
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durypa 1.5: TakcoHOMUATa HA METOIUTE 3a Koupane Ha 3D u3roununy, npeacrasena B [Al].

W BOJM JI0 CHIIECTBEHHU MOA00peHust B eeKTHUBHOCTTA Ha KoaupaHero [Al]. B koHTekcTa Ha
CBhBMECTHOTO Koaupane m3tounuk-kaHan (Joint Source-Channel Coding) (JSCC), te3u metonu
I03BOJISIBAT TUPEKTHA ONTUMH3AIHS HA MPEACTABSIHETO CIPSIMO XapaKTEPUCTUKUTE Ha KaHala U
KpaiiHaTa 3aja4a, KOeTO BOJH JO MMO-YCTOWYMBO MOBEACHUE MPH IIYM W KPaWHH ABDKMHU Ha
OJIOKOBETE B CPaBHEHHUE C KJIACHYECKOTO pa3JesiHo Koupane [55].

Borpekn TOBa, oOyuaeMuTe TMOAXOAM C€ XapakTepu3HparT C I0-BUCOKA CTENEeH Ha
HEOIPEeNIEHOCT, CBbpP3aHa KaKTO ¢ OOYyYEHHMETO, Taka M C IeHepalu3alusaTa KbM MHOXKECTBO
JTaHHU, KOETO T'M TIOCTaBs B MO3UIUS HA KOMIIPOMHC MEX1Y €(pEKTUBHOCT U HAJIEKTHOCT CIPSIMO
KjJacudyeckutre Metonu. [lapanmenHo ¢ ToBa ce HaOmOAaBa pa3BUTHE KbM M3MOJI3BaHE Ha
WHTEPIPETUPYEMU MEKINHHU NIPEICTABSIHUSA, P KOUTO KOMIIPECUPAHOTO ChABPKAHUE MOXKE J1a
ObJle aHAIM3MPAHO, MOJU(PHUIMPAHO WM U3MOA3BaHO ©0e3 HeoOXOAMMOCT OT IIbJIHA
pexoncTpykiws [Al, A2]. TakuBa npencTaBsHisl HAMUPAT MPAKTHYSCKH MPHIOKESHUS, HATPUMED
IIPU ThPCEHE, PEIAaKTUPAHE, B3AUMOJEHCTBUE ChC CLIEHU WJIM UHTETPALUs C APYTH CUCTEMU, KOETO
TY IPaBU UHTEPECHU OT MHKEHEPHA IJIeHA TOYKA.

Kakto e 0606meno Ha ®ur. 1.17, agantupana mo [Al], cbBpeMeHHUTE MOIXOIU MOTaT Jia Ce
pasriexaaT KaTo €BOIONMS OT KIACHYECKH KbM 00ydyaeMH M UHTEPIPETUPYEMH, NIPH KOSTO ce
OTKpMBAT HOBU BBH3MOKHOCTH 32 MOBUIIIABAHE HA €EKTUBHOCTTA HA KOJIMPAHETO, CHIIPOBOJICHU
C MO-HUCKA TEXHOJOTMYHA 3PSAJIOCT M MO-TOJIIMA CTENEH Ha HEOIpeneleHocT. ToBa odepraBa
HE0OXOIUMOCTTa OT pa3pabOTBaHE HAa HOBU METOIU, KOMTO ChU€TaBaT IMpeIuMCTBaTa Ha
KJIacHu4YeckuTe W oOyyaeMHTe MOJIXOAU C H3IMOA3BAHETO HA HMHTEPHIPETUPYEMH MEXIAUHHU
MPEJICTaBsAHUSA, C LI€J MOCTUIaHE Ha MO-BUCOKAa €(EKTUBHOCT, I'bBKABOCT U aJalTHUBHOCT IpU
KoAMpaHe U BU3yanu3auus Ha 3D cbabpikaHue.
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@urypa 1.17 O6001menne Ha HanpaBJIeHUATa B KoMipecusita Ha 3D cbappikanue, agantTupano
o [Al].

1.9 lepunupane Ha 1eJTA 1 OCHOBHHUTE 33/]a41l HA HACTOSIATA JAUCEPTALHS

OcHoBHaTa 1€ Ha HacTosIIaTa AHWCEpTalus € Ja ce W3CielBaT M pa3pabdoTAT METOIU 3a
WHTErpalus Ha Oo0ydyaeMM U CEMaHTUYHO OPUEHTHUPAHHU TOJIXOJW B CHUCTEMHU 3a 3acCHEMaHe,
npenaBaHe W Busyanusanus Ha 3D chabpikaHue, ¢ 1€l TMOBUIIaBaHe Ha e(EeKTHUBHOCTTA,
aJJanTUBHOCTTA ¥ (YHKIIMOHATHOCTTA Ha MPoIleca Ha KOJIUpaHe.

3a mocTUraHe Ha Tasu 1en ce GopMysIupaT CIeIHUTE OCHOBHU 3aJauH:

1. AHamu3 Ha BB3MOXKHOCTHTE 3a HUHTCrpanud Ha O6y‘laeMI/I U CCMAaHTUYHO OPUCHTHUPAHU
noaxoau 3a KOJUpPaHEC B CUCTEMH 3a 3daCHCMaHC, MNPCAaBaHC W BU3yaIW3allUd Ha 3D
CbAbPIKAHUC,

2. Wscrnensane um pa3paboTKka Ha aBTOCHKOJCPHH AapXHTEKTYpH 3a Koaupane Ha 3D
WU3TOYHUIN;

3. Hscnensane u pa3paboTka Ha aBToeHKOIepHH apxutektypu 3a JSCC Ha 3D chabpikanue,
C ILIeT MOCTUTaHe Ha YCTOMYMBOCT KbM KaHAIHU CMYIICHUS U €(PEKTUBHOCT MpU KpaiHH
IBIDKUHU Ha OJIOKOBETE;

4. Peanmaum{, CKCIICPUMCHTAJIHO M3CJICABAHC W CPABHUTCIICH aHAJIN3 HaA MNPCIJIOKCHUTC
MCTOOHN N apXUTCKTYpPHU.



I'JTABA 2. MHTEI'PAIIUSA HA OBYYAEMU METO/M 3A KOJAUPAHE B
CUCTEMMU 3A TPUMEPHO CBbABbPKAHUE

Ilpoepamnama peanuzayus Ha nooxooume 3a KOOUpauwe 8 Ci0sl 3d 3dCHeMaHe modxce 0a 0voe
namepena ¢ [B1]: https://github.com/Teleinfrastructure-Research-Lab/rgbd-fusion

B I'maBa 2 e BbBeneH yHHHUIIUPaH 4-CJIOCH OINEpalMOHEH MOJIET 32 CHCTEMH 3a 3aCHEMaHe,
npeaaBaHe W Bu3yanusanusa Ha 3D chabpikaHue, ype3 KOUTO ce aHAIM3upa pa3npeiesieHUeTo Ha
W3YHUCITUTETHUTE U KOMYHUKAIIMOHHUTE PECYPCH B Pa3IMYHUTE YacTW Ha cucremara. Ha tasm
OCHOBA Ca pa3riie/laHu MPAKTUYECKHU MMOX0IU 32 KOJUPAHE B CJIO0s 32 3aCHEMaHe, BKIFOUUTEIIHO
koMmripecus Ha RGB-D nanHu upe3 onersBaHe, MyJITUHIIEKCHPAHE B CEMAaHTUIHO-OPUEHTUPAHA
00paboTKa, KOUTO IIO3BOJISIBAT HAMalsBaHE HA KOMYHUKAIIMOHHUS TOBAp TMIPH HHCKA
W3YHCITUTENHA ClIOKHOCT. OCBEeH TOBa € (hopMysiMpaHa TEOPETUYHA MTOCTAHOBKA 3a KOJIUpaHE B
CJIOS 3a BU3yaIHM3allUs, NMPU KOSTO KOACPHT M3MOJ3BA MO-TOYEH M TO-CJIOKEH BEPOATHOCTEH
MoJie OT JIeKOoJiepa, a HeChOTBETCTBUETO MEXK/Y JIBaTa MOJeJNa C€ KOMIIEHCUPA Upe3 CTpaHUYHA
nH(OopMaIrs, KOETO ITOCTaBsi OCHOBATA 3a M3CJICIBAaHE HA BPb3KaTa MEXIY TOUYHOCT Ha MOJIENA,
CJIIOKHOCT ¥ HEO0X0IMMa CKOPOCT Ha IpeiaBaHe.

2.1 Oﬂepal_[I/lOHeH MOJ€J1 Ha CHCTEMH 3a 3aCHEMaHe, IIpeaaBaHEe H
BU3yajin3anusa HAa TPUMEPHO CHABP/KAHUE

3a na Objie aHAIM3UPaHa UHTETpalUsITa Ha 00yJyaeMH METOIU 32 KOJUPAHE B PCAJTHH CUCTEMH, €
HE00X0IMMO J1a ce BbBeAe OOII ONMEpalMoOHeH MOJIEN Ha CUCTeMa 3a 3aCHEMaHe, Npe/laBaHe U
BU3yalIM3allisl Ha TPUMEpPHO chabpkanue. B [A3] e mpemnoxen 4-cioeH Mojed, KOHTO
npociie/isiBa MOTOKa Ha JIaHHUTE B cUCTeMH 3a xoiorpadcka komyHukanus (Holographic Type
Communication) (HTC). Toit moxe 1a Ob1e pasriexaad B Mo-00I KOHTEKCT, Thil KaTO OMUCBA
OCHOBHHTE oreparuu Bbpxy 3D nanHuTe: 3acHeMane, 00paboTKa, MpeHacsiHe U BU3yau3anms. B
HACTOsIIATa TUCEePTAIMsI TO3H MOJIEI CE U3I0JI3Ba KaTO YHUBEPCAJICH OTIEPallMOHEH MOJIEN, KaTo
HTC ce pa3riex/ia KaTo HETOB YaCTCH CITydai.

C BIIeCTBEHO MPeIuMCTBO Ha Mojiena oT [A3] e, ue Toii e “data-centric”, T.e. Gokycupan € 0KoJI0
npeoOpa3yBaHETO M MpPEJaBaHETO HA JIAaHHUTE, KOETO MO3BOJISIBA SICHO pa3TpaHHuYaBaHE MEXIY
W3YUCITUTETHO U KOMYHHMKAIIMOHHO — HaToBapBaHe". KOMIIpOMUCHT MeXAy TE3H JBa pecypca €
OTIpeIeIIAI] 3a ApXUTEKTypaTa Ha CHCTeMaTa U MHTEeTPaluiITa Ha METOAUTE 3a KOJUpaHe.

Monenst ot [A3] e aganTupaH KbM OOLIMs CIydail 3a CHCTEMH 3a 3aCHEMaHe, NpelaBaHe U
Busyanmsuaius Ha 3D cpabpikanue u e wioctpupa Ha Our. 2.1. Toii BKITIOYBaA CIIEHUTE CIIOCBE:

1. 3acuemane - IIpeoOpasysa ¢u3nueckara ciieHa B IUGPOBU JaHHU Ype3 CEH30pU U 0azoBa
npeaBapuTenHa oopaboTka.

2. OOpaboTtka - IIpeoOpaszyBa CypoBUTE JaHHU B CTpyKTypupano 3D mpencraBsiHe upes
ofepalnnu KaTo peKOHCTPYKIIMS U CErMEHTAIIHSL.

3. Tlpenamane - OcurypsiBa e)eKTHBHO M HAJCHKTHO NMPEHACSHE HA JIAHHUTE MY BB3JIUTE
Ha CHCTEMaTa.

4. Bwsyanmzaius - Bbp3cTaHOBSIBA W BU3yalu3Hpa CIIEHATa Ype3 KpalHU yCTPOMCTBA KaTo
oumia 3a BUpTyaiHa win godaBeHa peanHoct (Head-Mounted Display) (HMD).
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2.1.2 Pa3npenesieHue HA pecypcuTe MO cJIoeBe

Enun ot ocHoBHute u3Boau B [A3] e, ue B cucremure 3a 3D chIbpiKaHUE U3YUCIUTEIHUTE U
KOMYHUKAI[HOHHUTE PECYpCH Ca ChBMECTHO OIpPENENSIIN 3a LIAJIOCTHaTa epeKTHBHOCT. ToBa
cienBa ot (akTa, 4e JaHHUTE HE Ce IpeaBaT TUPEKTHO, a IPEMHHABAT MPe3 MOCIIEeJ0BATEITHOCT
OT Olepanuu TO TpeoOpasyBaHe (HAMp. PEKOHCTPYKIMS, CErMEHTAlHs, KOIWUpPaHE), KOUTO
U3MCKBAT 3HAUYMTENIEH W3uUchIuTeneH pecypc. CrenoBaTenHo e()eKTHBHOCTTA HE MOXKe Jia ce
XapaKTepU3npa €JUHCTBEHO 4pe3 o0eMa Ha IPEHECEHHTE NaHHU, a 4pe3 PasIlpelelIeHHeTo Ha
pecypca MEXJy M3UUCIEHUE U KOMyHHUKalus. PopMaHO, CUCTEMHOTO MPOEKTHpPAHE BKJIIOYBA
u300p Ha aNTrOPUTMH, KOUTO MUHUMH3HPAT KOMYHHKAIIMOHHUS TOBAp MPU JaJICHN OTPaHUYCHUS
BBPXY MU3UUCIHUTEIHATA CIOKHOCT, WK 00paTHO [4, 67]. B pamkuTe Ha HAacTOsIIIATa JUCEPTALHS
(GOKYCHT € BbpXY KOMYHHKAIIMOHHUS aCTIEKT Ha TO3U KoMIpoMHuc. [10-KOHKpPETHO, pasriiexaaT ce
METOAM 3a KOJMpaHE, KOMTO HaMmajsBaT HeoO0XoauMaTa CKOpPOCT, NMPH JaJeH H3YUCIUTENIEeH
pecypc, 6e3 11a ce aHaIM3UpaT B A€TAlIN OCTaHAIMTE €Taly Ha 00paboTKa (Harp. peKOHCTPYKIIUS,
cerMeHTanus, Kanuopamus 1p.), XapakTepHu 3a eaHa cuctema 3a 3D cwhabpxkanue wim HTC
cucTeMa.

PaznpenernenneTo Ha HW3YHCIUTEIHUTE W KOMYHHKAIIMOHHUTE PECYpCH HE € €IHOPOJHO TIO
CJIOeBeTe Ha cucTeMara. Beeku croii ce xapaktepusnpa cbe crennduyeH npopuin Ha HaTHIHUTE
pecypcH, KOETO Ompeeiis JOMyCTUMATa CJIOKHOCT Ha aJITOPUTMHUTE U €(PEKTUBHUTE CTPATECTHH 32
koaupane (dur. 2.1 u Tabn. 2.2).

B 00o00mienue, pasnpeneneHHeTo Ha pecypcuTe MO CIOEBE € HEeIHOPOJIHO: M3YUCIUTETHHSIT
KaraluTeT HapacTBa MpHU IMpPEeMUHABaHEe OT CJIOS 3a 3aCHEMaHe KbM cJiosl 3a 00paboTKa, JOKaTo
KOMYHUKAIlMOHHUTE OIPAaHUWYEHUs C€ MPOSBABAT Hal-CUJIHO IIPU NPEHOCAa HA JaHHU MEXAY
pa3IUYHUTE CTPaHU, y4yacTBallld B KOMyHHKaIUsATa, pe3 MyOanudHa Mpexka (JoKallHa cpelia Ha
3acHeMaHe — 00JauHU U3YUCIUTEIHU KI'bCTEpU — KpaiiHu ycTpolicTBa). ToBa Hanara CbBMECTHa
ONTUMM3AIMS HAa H3YUCIUTEIHUTE U KOMYHUKAIIMOHHUTE pECypcH NpHU NPOEKTUpaHE U
MHTETpalIys Ha METOIU 33 KOAUPAHE.
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Tabmuua 2.2: O0001IEeHE Ha PECYPCHUTE OTPAHUYEHUS 110 CIIOEBE

Cioit W3uyucaurennu pecypcu KomyHukanmoHnuu pecypcu

3acHemaHe Hucku (kpaitnu yctpoiictBa) | Bucoku (J10kajiHa Mpexa)

O6paboTka Bucokwu (061aunu pecypcn) Bucoku (BBTpeIIHa
uHPPACTPYKTYPaA)

[IpenaBane YMepeHu 10 BUCOKHU Bucoku (BBTpeIIHa
UHPPACTPYKTYPA)

Busyanuzanus Hucku (kxpaithu ycrpoiictBa, | Hucku 10 yMEpEeHU

HMD) (Oe3)1UHU BPB3KH)

2.3 Ilpeau3BuKaTe/ICTBA NPHU NpeaaBaHeTo Ha 3D cbaAbp:KaHue

Cucremute 3a 3acHeMaHe, NpeJaBaHE M BU3YyaIM3allMsl Ha TPUMEPHO ChIbP)KAHUE CE
XapaKTCPpU3UpaT C U3KIHOYUTCIIHO BUCOKU M3MCKBAHUA KbM obeMa Ha JaHHUTC U 3aKbCHCHUATA
IpyU IpelaBaHe, KOETO MOpaxaa CHeU(PUYHU MPEIU3BHKATENICTBA B Pa3jIMYHUTE CIOEBE Ha
ornepannonuus mojen [4]. Ilpu 3acHemaneTo, OCHOBEH Ipo0JIeM € Bb3HUKBAHETO Ha TPAGUIHOTO
npeToBapBaHe B paMKUTE Ha jokanHata mpeka [A3]. Jlopu npu CpaBHUTEIHO OrpaHHYCH Opoit
CEH30pH, FeHEPUPAHUSAT IIOTOK OT JaHHM MOeE Jla JOCTUTHe Topsaxbka Ha 10% 6uta B cekyHna.
Hanpumep, npu tpu cenzopa c gyecrota 30 kaxbpa B CeKyH1a, 00EMbT Ha TaHHUTE HA/IBHINABA 2
Gbps [A3]. B T031 KOHTEKCT H3MOJI3BAHETO HA HAJCKIHH TPAHCIOPTHU TpoTokonu kato TCP
BOIHM A0 AOII'BJIHUTCIHU e(i)eKTI/I, KaTO HOBTOPHO MpCAaBaHC Ha IMAKETH W KOHTPOJI Ha
MIPETOBAPBAHETO, KOUTO MOT'aT J1a yBEIMYaT 3aKbCHEHUETO U J1a IOBEIAT 10 BapUalliy B UeCTOTaTa
Ha IOCTBIIBAHC HA KaJpHTC. Tosa BOAW OO HECHOTBCTCTBHUEC MCKAY TI'CHCPUPAHUA U PCATHO
oOpaboTBaeMHsl MOTOK OT JaHHM M Hajlara BHUMATEJHO YIpaBlieHUE Ha OydepupaHeto u
CUHXPOHM3ALMATA.

[Tpu Bu3yanusanusAra, ce HaOIIO1aBa IPOTUBOIIONIOKEH, HO CHIIO TOJIKOBA KPUTUYEH MPOOIEM.
Kpaiinute yctpoiicta (Hanp. HMD) pa3nonarar ¢ orpaHiyeHa KOMyHUKallMOHHA CBBP3aHOCT U
YeCTO H3MOJ3BaT O€3’)KUYHM BPB3KM C OrpaHMYEHa 4YecTOTHa JeHTa. B chlIoTO Bpeme
W3HUCKBAaHUATA KbM KadyeCTBOTO Ha BB3NPOM3BEKIAHOTO CHIBPKAHUE U 3aKbCHEHHMATA ca
M3KJIIOUUTEIHO CTPOTH, KaTo I0IyCTUMOTO 3aKbCHEHUE € OT MOPsAIbKa Ha JECETKH MUITMCEKYH I
[4]. ToBa ch3aaBa (yHImamMeHTaNIEeH KOH(PIUKT MEKAY HEOOXOIMMOCTTA OT HMPEHOC Ha TOJEMH
obemu 3D naHHU, OrpaHUMYEHMSITa HAa KOMYHUKAIIMOHHUS KaHal WM HUCKUS H3UUCIUTENIEH
KaraiuTeT Ha KpallHUTe yCTpOHCTBa.

B O606H_IGHI/IC, cuctemuTte 3a 3D CbAbPIKAHUC Ca OT'PAHUYCHU CIHOBPEMCHHO OT IIPCTOBAPBAHEC B
JIOKAJIHUTE MPCXKU B €Talla Ha 3aCHEMAaHC MW OT OI'paHHUYCHA IIPOIYCKATCIIHA CIIOCOOHOCT B
MpEKaTa Ha KpaﬁHHTC YCTpOﬁCTBa IIpH BU3yaJIn3alus. Tora Hanara KU3I0JI3BaHETO Ha C(I)CKTI/IBHI/I
MCTOIN 3a KOMIIPECHUA M aJallITUBHO MPEAaBaHC, KOMTO Ja MHUHHMU3HPAT KOMYHUKAIWOHHUA
TOBAp IpH 3al1a3BaHC Ha U3UCKBAHHUATA 3@ HUCKO 3aKbCHCHUC.

2.1.4 MsicTo 4 MHTerpauysi Ha 00yuyaeMHuTe METOAHU 32 KOJAMPaHe

Kakro Oeme ycranoBeHo B I'nmaBa 1, oOydaemMuTe METOAM 3a KOAMPAHE TMOCTUTAT IO-BUCOKA
e(eKTUBHOCT CIIPSAMO KJIACHUECKUTE MOAXOAH Ype3 aIalTHPaHe KbM CTaTUCTHYECKAaTa CTPYKTypa
Ha JaHHuTe. ToBa € 0coOeHo BaxHO Npu 3D ChABPKAHUETO, KBIAETO 3aBUCHMOCTUTE Ca CIIOXKHU
U TPYJHO MOTarT Aa ce AepUHUPAT C aHATUTUYHU MOJeNn. Ta3u eeKTUBHOCT, 00aue, 0OMKHOBEHO
Ce IMOCTHTa 33 CMETKa Ha TIOBHINIEHA H3YHCIUTETHA CJIOKHOCT, KOSITO B OOIIIHS CITyYail HapacTBa C
Mmamiaba Ha Mozena [68]. B pamkute Ha oneparronHus Mojen ot [A3], uHTerpanusaTa Ha TakKuBa
METOJTU CJIeJIBA Ja CE pa3riIexk1a KaTo 3ajava 3a CbBMECTHA ONTUMHU3AIMS MKy N3UNCITHTCITHU
U KOMYHHKAIMOHHH pecypcu. [lo-KOHKpEeTHO, MeToauTe 3a KOoAWpaHe MoraT na Obaar
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pasriICKaaHu KaTO MEXaHN3bM 3a HaMaJIsIBAHC HAa KOMYHUKAIIMOHHUA TOBAap 4YpE€3 U3IOJI3BAHC HA
AOM'BJIHUTCIICH U3YHUCIUTCIICH PECypC. HpaKTI/I‘-IeCKaTa UM IIPUITOKUMOCT 3aBUCHU OT TOBA AaJIN
HGOGXOI[I/IMaTa CJIOKHOCT MOXK€E€ J1a 6”5,[[6 nogabspKaHa B CbOTBETHHA CJIOM Ha cucTeMara.

CnenoBarenHo, U300pbT U PA3NOI0KEHUETO Ha 00yuaeMu KOJIEpH HE Ca YHUBEPCAJIHHU, a 3aBUCST
OT PECYpPCHHUTE OIpaHWYEHMs] Ha KOHKPETHHUS cJIoi (ycTpoiicTBa 3a 3acHeMaHe, oOiayHa
uH(ppacTpyKTypa, KpallHU YCTpOMNCTBa 3a BHU3yalu3auus). B TO3M CMUCBHI HMHTErpaunusTa Ha
o0yyaeMH METOIM € creru(uyHa 3a BCEKU CJIOH M M3HUCKBAa ChOOpa3siBaHE KAKTO C HAJMYHUS
M3YUCIIUTENICH KalaluTeT, Taka U ¢ OTPaHUYEHUATa BbPXY MpOIMycKaTeIHaTa ClIoCOOHOCT.

2.4 U3Boau

B HacTosmiara riiaBa Geile BbBeJIeH YHU(DUIMPAH ONIEPALMOHEH MOJIEN Ha CUCTEMHU 3a 3aCHEMaHe,
npe/iaBaHe W BU3yalM3allds Ha TPUMEPHO ChIbpikanue, Oazupan Ha [A3], koiiTo mo3BoisiBa
CHUCTEMaTH4YeH aHajlu3 Ha KOMIIPOMHUCA MEXIY HM3UUCIUTEIIHU U KOMYHUKALMOHHU PECYpPCH.
[Toka3zano Oere, 4e TO3U KOMIIPOMUC HE € PABHOMEPHO pa3IpeelieH 110 CI0EBETE Ha CUCTeMATa,
KaToO CIIOAT 3a BU3yalM3allUs CE€ XapaKTepU3Hpa €IHOBPEMEHHO C OTPAaHUYEHA IIPOIYyCKaTelIHa
CHOCOOHOCT M OIpaHUYEH M3YMCIMTENIEH KamanureT. ToBa ro mpeBpblla B KPUTHYHA TOUYKA 32
MHTETpalus Ha €PEeKTUBHA METOH 33 KOJAUPAHE.

B koHTeKCTa Ha €10 3a 3acHeMaHe Oeliie aHanu3upana komnpecusta Ha Red-Green-Blue-Depth
(RGB-D) nmannu ype3 oIlBeTsBaHE M H3MOJI3BAHE Ha KIACHMYCCKH CXCMH 3a KOIUpAHE Ha
u3obpaxenus [A4], kato Oerre Moka3aHo, Y Ype3 MOIXOSIIH IPESIBAPUTEIHU IIPEOOpa30OBaHUsI
U MYJITHILICKCHpPAHE MOXE JIa C€ TIOCTUTHE ChIIIECTBEHO HAMAaJIsIBAHE HA KOMYHUKAIIMOHHUS TOBAp
MPYM MUHHMMAJIHU M3YMCIUTEIIHH pa3xoaud. ToBa JEMOHCTpUpa NpaKTHYECKa CTpaTerus 3a
aJIalITUpaHe Ha KOJUPALIUTE METOIM KbM OIPAaHMYCHUSATA HA KOHKPETHHS CIIOH.

Hakpas Oeme ¢opmynupaH TeopeTHueH MpoOsieM 3a KOAMpaHe Ha M3TOYHUKA B CJIOS 32
BU3yallM3alysi, CBbP3aH C U3I0J3BAHETO HAa HECHIVIACYBAHU BEPOATHOCTHU Mojenu. IlokazaHo
Oere, ye KJIaCHYECKOTO EHTPOIMIHO KOAMpPaHe OrpaHuvaBa CI0KHOCTTA Ha MOJIENIa OT PECYypCUTe
Ha JIEKO/Iepa, KOETO MPOTUBOPEYM Ha JKeJaHaTa CUCTEMHa apXUTEKTypa. B To3m cmuchi Oeme
nepuHUpaHa MOCTAHOBKA, IPU KOSTO KOAEPHT U3IM0JI3Ba O-TOYEH MO/IENT, @ HEChOTBETCTBHETO CE
KOMIIEHCUpPa 4Ype3 CTpaHW4YHa MH(pOpMalus, KaTo Oelle H3BEJIEHO OCHOBHOTO YCJIOBHE 3a
e(eKTUBHOCT Ha TakaBa cxema. ToBa mocTaBs OCHOBaTa 3a I0-HATAaTHUIHO H3CJIEJBaHE Ha
BpB3KaTa MEX/Jy TOYHOCT Ha MOJIEJIa, CII0)KHOCT U HEOOXO0MMa CKOPOCT Ha IIpeJaBaHe.

I''TABA 3. ABTOEHKOAEPHU APXUTEKTYPHU 3A KOJAUPAHE HA
I'EOMETPUYHATA CTPYKTYPA HA PA3ZPEAEHH OBJJALIMA OT
TOUYKH

Ilpoepamnume peanuzayuu na apxumexmypume u memooume om Inaea 3, mocam oa 6voam
namepenu 6 [B2]: https://github.com/Teleinfrastructure-Research-Lab/aepcc

Hacrosimara riaBa pasriexja cucTeMara 3a KOJMpaHe Ha TeoOMEeTpHUYHaTa CTPYKTypa Ha
paspeneHu o0Jyay OT TOYKH, TpemiokeHa B [A5] (Bmwk dwur. 3.1), koaTO € peanusupaHa B
CMHCBJIa Ha KOHIIETITyaJHaTa paMKa, BbBeZieHa B pa3zien 1.7. B wacTHOCT, cucremara M3Moi3Ba
BUPTyaJICH KaHAJI 3a TMpeJaBaHe Ha OOIl KOHTEKCT, KakTo € Qopmymupan B pasaen 1.15 u
NPUJIOKEH KbM CEMaHTHUYHU CIieHapuu B pa3zaen 1.7.3. 3a pasiuka OT KIacH4eCKUTE MOIXO0IHU 32
KOJMpaHe Ha oOmanmu OoT Toukd, kato Te3n B G-PCC, kouTo pazuntar Ha MPOCTPAHCTBEHO
pa3nensHe 4pe3 OnmokoBe u cpe3oBe (Bwk pasmen 1.4.2), pasriexpaHara cuUcTeMa TMpuiara
CEMaHTHYHA CErMEHTallUs BbpXY ClieHaTa. ToBa MO3BOJISIBA MU3MOJI3BAHETO HA HHTEPIIPETUPYEMO
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MEXIMHHO MPEICTaBSIHE Ha OOUIMs KOHTEKCT, OIMMCBAIIO PAa3MOJIOKEHHETO Ha OOEKTUTE B
TPUMEPHOTO MPOCTpPaHCTBO. [lo TO3M HAYMH CIeHAaTa ce MOJAENTUpa KaTO CBBKYITHOCT OT
CEMaHTHUYHO 3HaYMMHU OOCKTH, BMECTO KaTO PAaBHOMEPHO JUCKPETU3UPAHO MpocTpaHcTBo. Clien
CETMEHTAIUATa BCEKU 00EKT C€ HOpMalIM3upa upe3 chepruiHa HopMaIH3aIys, KaTo mapaMeTpUuTe
Ha HOpMaJIM3allMATa C€ ChXpaHsABAT KaTO MeTaJaHHU (KJac, MO3MIMSA W Mamab Ha oOekra). 3a
OIIMCAaHUECTO Ha IICTafIJIHPIH KOHTCKCT, XapaKTCpu3upall BbHIOHUA BHI W TCOMCETpPUATA,
HOPMAaJIU3UPAHUTE OOCKTH CE TOJaBaT KbM aBTOCHKOJEP, KOWTO TeHepUpa HEMHTEPIIPETUPYEMO
MEXJIUHHO MPeICTaBsHe Mo popmara Ha TaTEHTEH BEKTOP. 3a€THO C METAJaHHUTE TE3U BEKTOPH
dbopMupar 00II0TO MEKIMHHO MPEACTABSIHE, CTPYKTYPUPAHO KATO MHOXECTBO OOCKTHH 3aIlHCH,
CBCTOSIIIIU CE OT JIATCHTCH BEKTOP, MO3MIKSA U Maiiab Ha oOekta B ciienara. B [A5] u [A6] ca
NPEUIOKEHN PA3JIMYHU aBTOCHKOACPHH apXHTEKTYypH, KOMTO PabOTAT BHPXY IreOMETpUYHATA
CTPYKTYypa Ha pa3peaeHu obmamy oT Touku. Te 1me ObaaT aHaIM3upaHu U CPaBHEHU B HACTOSIIIATA
Y CIIC/IBAIIIMTE TJIaBH.
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3D o§eKTM Aexopep: P=y (z) NateHTHO
P (meTanneH KOHTEKCT) npescTassHe 7

®urypa 3.1: BriokoBa cxema Ha cuctemata ot [A5].

Q — keaumysane;, BK — emopuuen xodep, KK — xananen kooep, M — mooynamop, /IM —
demooynamop, KJ/[ — kananen oexooep, B/[ — emopuuen oexooep.

3a Hopmanmm3upan o6mak ot Touku P = {p,}N_,,p, € R®, mnpemcrapsm reomerpuuHara
CTPYKTYypa Ha OTJEJeH 00EKT, aBTOEHKOJIEPHT pealu3upa aHAIM3UpaIio (mpaBo) npeodpasyBaHe
z=f(P) u cuntesupamo (o6paTHO) mpeobpasyBane P = g(z). Bcuuku pasriexnaHu
APXUTEKTYpH CIeJBaT O0II, HellepapXuieH (TUIOCHK) MPUHITUAI Ha paboTa (1mogo0eH Ha TO3HW B
[76]). Ha mbpBus eTam KOOpPIMHATHTE HA TOYKUTE CE H3MOJ3BAT 32 M3BIMYAHE HA HAYAIHH
TOYKOBH XapaKTEPUCTHKH. B 3aBHCHMOCT OT KOHKpETHATA peaTu3aIiis MoXKe 1a Obe MPUII0KEHO
MO3HUIIMOHHO KOJMpaHe BbPXY Te€3H XapakTepucTuku. Ciea ToBa ce MOJENIUpaT 3aBUCUMOCTHUTE
MEXIy TOYKUTE 4pe3 PYHKIUS f,, KOSITO 000TaTsBa MPEICTABSIHETO C MEKIYTOYKOB KOHTEKCT,

13



U3BJICYCH BH3 OCHOBA HA CBHP3aHOCTTA M TOMOJIOTHATA Ha 00ONaka OT TOYKH. Ta3u CBBP3aHOCT
Moxe 1a Obae neduuupana ekcrumimtHO (Hamp. upe3 KNN rpad), wim na Obae UMILTHIUTHO
U3BJICUCHA Ype3 MeXaHM3MH 3a BHHMaHue (attention) [44], KOWTO aganTUBHO MOJEIHpAT
3aBHCUMOCTHUTE MEKIY TOUKHUTE CIIPSIMO TEXHUTE XapaKTepUCTUKU. Hakpas ce mpuiara onepanus
Ha TI00anHO arperupaHe (Hamp. OOCOMHSABAaHE 10 MaKCHMallHa CTOWHOCT), 4pe3 KOSTO ce
Nojly4aBa eIuH TJI00aleH JIaTeHTEH BEKTOp Z, MpeAcTaBsml menus oOexT. B nmexoxepa To3u
riio0aineH BeKTop ce perumkupa M mbTH, 1 BbpXy nosydyerute M TOUKHM ¢ elHAKBU MPU3HALM CE
npuiiara Mo3unHOHHO Koaupane. Cien ToBa ce M3MONI3Ba QYHKIHS (g, KOSITO TpaHchopmupa
MO3HUIIMOHHO KOJWPAHUTE XapaKTEPUCTUKH, U HAKpas Te ce Mmpeodpa3yBar 0OpaTHO B TPUMEPHU
KOOpJAMHATH. Bb3cTaHOBeHHWTE OOEKTH ce Mamadbupar W TO3WIMOHHMPAT B CIIEHaTa upes3
U3I0JI3BaHe HA OOIIMS KOHTEKCT.

B [A5] ca pa3riieanu 1Ba OCHOBHH Pa0OTHU PEKMMa 3 H3II0JI3BaHE Ha JIATCHTHOTO MPEACTaBsHE.
[TbpBUAT € KIAaCUYECKHT MOIX0A Ha pa3eHO KOAWpPaHe, MPU KOWTO JIATEHTHHUSAT BEKTOP Z Ce
KBaHTYBa, CJIeJ] KOETO C€ NpWiiara BTOPHUYHO KOIUpAHE (HArp. EHTPOIUHHO WM PEYHUKOBO
koaupane). To3u pexxum ce pasriexia B ['maBa 4. B pamkute Ha To3u criieHapuil Morat a Obaat
BKJIIOUCHH W KaHAJIHO KOJMpPAaHE M MOIYJIalUs 3a IpelaBaHe Mpe3 KOMYHHKAIMOHEH KaHal.
Bropust pexum e JSCC, npu KOWTO JTATEHTHHUST BEKTOP Z CE MU3IOJ3BA JUPEKTHO 32 MOy IAIIHS
Ha HOCEII CUTHAI U ce IpeaBa 0e3 KBaHTyBaHe. BTopusT pexxum e pasrienas B [nasa 5.

B 00001enue, Hactosmara riaBa ce GoKycupa BbPXY aHAIM3a U CPABHEHHETO HA PAa3IMYHU
ABTOECHKOJIEPHU apXUTEKTYPH, CTPATETUUTE 32 TIXHOTO O0yYEHUE U U3UUCIUTEIHA UM CI0XKHOCT,
Cc men uAeHTU(UIMpaHE Ha TOIXOIANIM KJIacoBe (PYHKIMH U ApPXUTEKTYpHU pELICHUS 3a
e(EeKTUBHO W3BJIMYAHE HAa 3HAYMMH NpPHU3HAIM OT OOJalM OT TOYKW. Te3u H3CieNBaHHs ca
HAIPaBeHU B paMKUTE HA YHU(UILIMPaHa CUCTEMA 32 KOJIMPaHe Ha TeOMETpUYHATa CTPYKTYpa, MpU
KOSITO c€ KOMOMHHMPAT HHTEPIPETUPYEMO MIPECTABSIHE HA CTPYKTYpaTa Ha CIIeHaTa U KOMITAKTHU
JIATEHTHU OMMCAaHUA Ha OTAeNHUTe 00ekTu. Cuctemara, mwioctpupana Ha @ur. 3.1, HaKpaTKo 11e
0wae Hapruana Autoencoder-based Point Cloud Coding (AEPCC), kakrto B [A5].

3.6 Odyuenue

B [A5] u [A6] Bcsika apxuTekTypa ce o0ydaBa MpH TPH Pa3IiuHHU Pa3MEPHOCTH HA JIATEHTHOTO
npoctpancTBo: 128, 256 m 512. Ta3u Bapumarusi Mo3BOJIsSIBA J1a C€ HW3CJEIBAa BIMSHHETO Ha
Kamaiurera Ha JIATEHTHOTO IPOCTPAHCTBO BBPXY KaueCTBOTO HAa PEKOHCTPYKIMATA U
MOBEJICHUETO TPHU HAIWYKME Ha IIyM B KaHaima. Beuuku mozenu ot [A5] (toBa ca FoldingNet,
Graph Autoencoder (GAE) u Transformer Graph Autoencoder (TGAE)) ca o0ydeHu wu
BaJIMIMPaHU BHPXY cuHTeTHYHaTa 06a3a nanau SYNTH, onucana B pa3aen 3.5. 3a pa3iuka oT TX,
B [A6], apxutekTypute ce 00yuaBat BbpXy 0a3zaTa TaHHH, BbBeleHa B [79], KosATo e pa3aeseHa Ha
oOydJaBaima, BamuJallMOHHA W TecToBa wu3Bagka B cboTHoOmeHHE 80%:10%:10%. C uen
HaMaJsiBaHE Ha HEOIpeJeNIeHOCTTa Ha 3ajgadara B [A6], rmoOamHata poTamus Ha OOCKTHUTE €
npeMaxHaTa, Taka Y€ BCHYKH MOJIENH J1a ObJIaT OPUEHTHUPAHU IO €WH U ChIM HadyuH. OOmmsT
Opoii mapameTpu Ha KojJepa M JEKOojepa 3a BCSAKa apXMTEKTypa, pasrielaHa B Ta3H IjlaBa OT
JUCEePTAMOHHUSA TPy, € 0000mieH B Tabmuma 3.1. B [A5], kakto u B [A6], kato GyHKIHsA Ha
3arybara ce wu3noi3Ba Chamfer pa3cTOSHUETO, M3YMCIABAHO MEXAY OPUTHHAIHHUS U
peKOHCTpyHpaHus o6i1ak ot Touku P u P, kakto e naneno B (3.11), kbaeto N = |P|u M = |13|
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Tabnuma 3.1: bpoii mapameTpu 3a Kojepa U IeKoJepa Mpy pa3IundHUTE apXUTEKTYPH U BpeMe 3a

o0y4eHue.

Apx. Mopaya F=128 F =256 F =512 Bpeme 3a o0yuenue

FoldingNet Konep 100,8K 282K 939,5K 6,114./6,914./8,284.
Jlexonep 68,6K 268,3K 1M

GAE Konep 767,8K 2M 5,9M 21,334./28,464./60,06u4.
Jlexonep 939,8K 2,6M 7,9M

TGAE Konep 1,1M 4,2M 16,5M 17,134./30,384./111,18u4
Jlexonep 1,5M 5,8M 23,1M

SEPT Konep 2,3M 2,3M 2,3M 4,214./5,674./6,504.
Jlexonep 17,8M 17,8M 17,8M

DPCT Konep 5,4M 5,4M 5,6M 6,174./6,144./6,204.
Jlexonep 74,5M 74,6M 74, 7TM

Bcuuku apxumexmypu ca obyuenu evpxy epaguuen npoyecop RTX 4090 24GB, ¢ uzxknioyenue na
TGAE npu F = 512, kotimo nopadu ocpanudenus 8 namemma e oo6yyet 6vpxy NVIDIA RTX A6000
ADA 48GB. Bpemenama 3a obyuenue 3a FoldingNet, GAE u TGAE ca usmepenu evpxy SYNTH
[A5], a 3a SEPT u DPCT — éwpxy nabopa om oannu om [19], ananocuuno na [A6].

. 1 _ R 1 R (3.11)
LCD(P,P) = Nz %}51})1 |p — P|? +Mz %211; P — p|?
pEP peP

B [A5] Bcuuku mojaenu ca o0ydenu ¢ ontumuzaropa Adaptive Moment Estimation (ADAM) B
npoabikenre Ha 300 enoxu. CkopocTTa Ha OOy4YeHHE € 3a/lajieHa Ha 1074 ¢ Koe(DHUIIMEHT Ha
3atuxBaHe Ha Ternata 107°. M3nosnseaH € IUIAHMPOBYMK 3a HAMAJIABAaHE HA CKOPOCTTAa Ha
oOydeHue, KONUTO Mmpuiara CThIIKOBO HaMasiBaHe Ha Beeku 60 emoxu ¢ koeduiment 0.5. PazmepsbT
Ha naptujara e 64. Ilpensus ToBa, ye HIKOM 00JaIM OT TOYKH Ca IOI'BJIHEHU C HYJIH, CE U3I10J13Ba
OnHapHa MacKa Ha HUBO TOYKH (OMHCaHa B pa3fen 3.5), 4ype3 KOSITO Ce U3KIII0UBAT JOMBIHEHHUTE
TOYKH OT U3YHUCIIIBAaHETO Ha 3aryoOara. 3a GAE apxuTekTypaTa MacKHpaHETO Ce Mpriiara KakTo
BBPXY BXO0/1a, TAKa ¥ BbPXY U3X0J1a, ThI KaTO MOJENBT 3aMa3Ba CbOTBETCTBUE MEXKAY BXOJIHUTE U
U3XOJJHUTE TOYKH, KaKTO € OMMCAHO B pa3aen 3.3.

B [A6] o0y4yeHnuneTo ce u3BbpINBa MO CXOJCH, HO pasnuueH HauuH. [Ipu Dynamic Point Cloud
Transmission (DPCT) apxurekTypaTa, ce H3I0JI3Ba ChIUS pa3Mep Ha MapTUaaTa, HO 00y4eHUETO
ce TmapaMeTpu3Mpa C pas3IMYyHH CTOHHOCTM Ha HHUBOTO Ha myMmM B KaHama SNR.g €
{0 dB, 5 dB, 10 dB}. IIpu 00yuenuero na apxutekrypute FoldingNet [76] u Semantic Point Cloud
Transmission (SEPT) [57] B [A6] ce n3nonssa HayanHa ckopocT Ha oOydenue 1073, nokato 3a
DPCT ce wmsnomsea 107*, koeTo OTpassBa MO-BHCOKAaTa CIOXHOCT Ha apXUTEKTypaTa M
HEO0OXOAMMOCTTA OT Mo-cTabuiiHa onTuMu3anusa. O0ydeHa e u efHa JOMbIHUTETHA BapHaIus Ha
DPCT c¢ ¢}a3oBo-uHBapHaHTHO JEKOJUpaHE, pasriefaHo B paszjen 5.4, KaTo TaM ce M3MO0I3BaT
SNR,s. = 5dBu F = 512. B [A6] Bcuuku apxutekTypu ca o0yuasar 3a 200 emoxmu.

Kpusure Ha Chamfer 3arybata mpu oOydeHue W Bamumaims 3a apxutekryputre oT [A5] ca
NoKa3aHu B paszzen 3.6 Ha JucepTaluMoHHUS Tpyd. Bcuuku monenu aeMoHcTpupar craOuiHa
CXOAMMOCT, KaTo HaOJIOJaBaHUTE Pa3IMKU B NOBEIEHUETO Ha 3arybara KOpeaupaTr KaKTo ¢
Karaiurera Ha MoJIeJIa, Taka U ¢ OCOOCHOCTUTE Ha apXUTEKTyparTa U YCIOBHUATA HA 00y4yeHue. 3a
eKCIIEpUMEHTUTE B CIEJBAlIUTE TJaBU C€ M3MOJ3BAaT Terjara OT ernoxara ¢ MHHHMallHa
BaJIMJJAlIMOHHA 3aryoa.

B3umaiiku npeBu] TPUTE apXUTEKTYPH, pasriienanu B [AS] u TpuTe pa3MepHOCTTH Ha JIATCHTHUSI
BEKTOp, MPH KOWTO Te ce oOyuasar, B [A5] ca 0Oyuenu ob6mio 9 pasnuunu momena. B [A6] ce
obyuaBat Tpu apxutekrypu (FoldingNet, SEPT [57] u DPCT), otHOBO ¢ Tpu Bapuaiuu Ha
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pa3sMEpHOCTTa Ha JIATEHTHOTO MPOCTPAHCTBO W TPH BapHaIlMid HA OTHOMICHHUETO CHTHAJ-IIYM
(Signal-to-Noise Ratio) (SNR) B kanana - SNR,4. Toect B [A6] ca 0Oyuenu o010 27 mMojena,
IUTFOC ©IMH JOMBJIHHUTEICH MOJEN, KOWTO H3CIeaBa MPHUIAraHeTo Ha (ha30BO-MHBAPUAHTHO
JeKoIMpane, pasrieaano B Inasa 5. Te3u Moenu mie ObIaT U3IOI3BAHN 33 CKCIICPUMEHTH TIPH
KOMITpECHsl M JBhJIOOKO CHBMECTHO KoaupaHe u3TouHuk-kanan (Deep Joint Source-Channel
Coding) (DJSCC) na ob6naru OT TOYKH B CJICABAIIMTE TJIaBH.

3.6 U3Boau

B Hacrosimata rnaBa Osxa pasrielaHd aBTOCHKOJCPHU AapXUTEKTYypH 3a KOJHWpaHE Ha
reoMeTpUYHaTa CTPYKTypa Ha pa3peleHu oOjaIy OT TOYKH B paMmkuTe Ha cuctemata AEPCC.
[Tokazano Oemie, 4e oOmara TOCTAaHOBKA, Oa3upaHa HA CEMAHTHYHA CETMEHTAIUs,
UHTEPIPETHPYEMO TPEICTABSIHE Ha OOMIUS KOHTEKCT M KOMIIAKTHHM JIATEHTHH OIMCAHHS Ha
OTJICTHATE OOCKTH, MO3BOJISIBA OOCIMHSBAHE HA PA3IMYHU APXUTCKTYPHHU TOIXOAW B €IWHHA
crcTeMa 3a KOMIpecus u npeaaBane Ha 3D chabpikaHue.

AHaJIM3UPAHUTE APXUTEKTYPH 00XBAIAT HIUPOK CIIEKTHP OT METOM 32 00pabOTKa Ha OOJAIH OT
ToukH - oT FoldingNet-0a3upanu nexoaepu ¢ TeOMETPUYHO IMO3UIIMOHHO KOJUpaHe, mpe3 rpad-
KOHBOJIFOIIMOHHM aBTOCHKOJIECPH, [0 XHUOPUIHU apXUTEKTYypH CbC caMOBHHUMaHue u 3D
KOHBOJIOIMH. ToOBa TO3BOJISIBA Jla C€ HW3CJIEIBAa BIMSHHETO HAa Pa3IMYHU MEXaHU3MHU 32
MOJICIIMPAaHE Ha MEXKIYTOYKOBHTE 3aBUCHUMOCTH, Pa3IndHu (JOPMH Ha MO3UIIMOHHO KOJMpaHE U
Pa3IUYHHA CTPATETHH 3a JCKOJIMPAHE BBPXY KAa4eCTBOTO HA PEKOHCTPYKIUATA, CIOKHOCTTA U
MPUIIOKUMOCTTA UM B 337a4u 1o kommnpecus 1 DISCC Ha o6ianm oT TOUKH.

I'TABA 4. KOMIIPECUA HA PASPEJIEHU OBJIALIA OT TOYKHU, YPE3
ABTOEHKOJIEPHU APXUTEKTYPH

Ipoepamnume peanusayuu na memooume om Inasa 4, mocam oa 6woam namepenu ¢ [B2]:
https://github.com/Teleinfrastructure-Research-Lab/aepcc

Hacrosmara riaBa pasriiexzia u3IoiI3BaHeTO Ha AaBTOEHKOACPHUTE apXUTEKTYPH, aHAJIM3UPAHU B
I'maBa 3, B KiacH4ecKusl peXHM Ha pas3/ieIHO KojaupaHe. B To3m creHapuili aBTOCHKOAEPHT
U3ITBJIHABA POJIsATa Ha 00yyaeMo mpeoOpa3yBaHe, KOETO U3BJINYA KOMIIAKTEH JIATEHTEH BEKTOp Z,
OIKCBAIll T€OMETPUYHATA CTPYKTypa Ha oOekTa. B To3u cMuchi, pasriexjgaHara OCTaHOBKA
ChOTBETCTBA Ha KJIACHYECKATa CXEMa 3a KOJUPAHE Ha BU3YAJIHO CBHABP)KAHHME NPU KOATO Ce
KOMOMHMpAT TpU OCHOBHHU eTamna: (00ydaemo) npeoOpa3zyBaHe, KBAHTYBaHE U €HTPOIUNHO WUIIU
peuHnkoBo kojnupane. [lo cmuckia Ha GnokoBara cxema oT ®ur. 3.1, Ta3u rnasa ce poxycupa
BBbpPXY OJIOKOBETE 3a KBAHTYBAHE M BTOPUYHO KOJMPAHE HA JATEHTHOTO Mpe/cTaBsiHe, 0e3 /1a ce
pas3riieXx1aT KaHaJIHOTO KOJUPAaHe U MOy IalusATa.

OCHOBHMAT BBIIPOC, pasMIekAaH B HACTOSIIATA TJIaBa, € JOKOJIKO JIATEHTHUTE IPEICTaBsSHUS,
U3BJIEYEHH OT pa3IMYHUTE AapXUTEKTYpH, ca MOAXOIAIIM 3a e(peKTUBHA KOMIIpECHs Ha
reoMeTpHsITa. 3a Ta3u LEN CE€ aHajJu3upa BIMSHUETO Ha CIOKHOCTTA HAa apXMUTEKTYpara,
pa3MepHOCTTa Ha JIATEHTHOTO NMPOCTPAHCTBO U CTHIIKATa Ha KBAHTYBaHE BBPXY KOMIIpOMHCA
MEXly CKOPOCT M U3KpUBsABaHE. B paMKuTe Ha Ta3M riaBa ce IpUEMa, Y€ KaHAIBT 3a IpeJaBaHe
€ ujiealieH, Taka ye rpelIky Mpu MpeHoc He ce pasriexkaar. [1o To3u HauuH aHanu3bT € GoKycupaH
U310 BBPXY KOMIIpecHs (KOoJupaHe Ha W3TOYHMKA) HAa TeOMETpUYHarTa CTpyKTypa. ToBa
MO3BOJISIBA SICHO Ja C€ OTHeNHU €(PEeKTHT OT KBAHTYBAHETO Ha Z OT €(EeKTUTE, CBBbP3aHU C
IIpEelaBaHETO MPe3 KaHaj ¢ UIyM, KOUTO ca npeamer Ha ['naBa 9.
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[To-kOHKpeTHO, IJIaBaTa pas3riiex/a KBAaHTYBAaHETO Ha JATEHTHUTE BEKTOpU, (OpPMHUpAHETO Ha
CepHAIM3UPAHO MEXJAMHHO TMPEJCTAaBIHE W MPUIaraHeTo Ha BTOPUYHO KOJUpAHE BBPXY
MOJIyYEHUTE AUCKPETHU CHUMBOJIH. [lodydeHuTe pe3yiTatd ce OLEHSBAT 4Ype3 3aBUCUMOCTHU
CKOPOCT -U3KPUBSABAHE, KOUTO MMO3BOJISIBAT CPABHEHHUE KAKTO MEXIY PA3TUUHUTE aBTOCHKOICPHHU
aApXUTEKTYpH, TaKa U CIPSIMO KJIACHYECKH MOAXOAU 32 KOJUpPaHe HAa TeOMETPUSTA.

4.1 IlocTaHoBKA HA 3a1a4aTa NP Pa3ieJTHO KOJAHUpPaHe

CxeMa Ha pasriexaaHara paboTHa IOCTaHOBKA € Nokasana Ha dur. 4.1. Hexa P = {p, }\_,, p, €
R3, 0603HauaBa HOpPMAIM3UpaH OONAK OT TOYKHM, IPEACTABANl TeOMETPUYHATA CTPYKTypa Ha
otaeneH obOekr. Kakrto Oeme pasrinemano B [nmaBa 3, komepbT peanuszupa oOydaemo
npeobpazysane z = f(P), kbaeto z € RF e narentnuar sextop, a F e pasmepHocTTa Ha
JATEHTHOTO MPOCTPAHCTBO. B 00mIMs citydail Z chabpika HENMPEKbCHATH CTOMHOCTH M HE MOXKE
JTUPEKTHO J1a ObJIe MIPEICTaBEH upe3 KpaeH OMToB MOTOK. [lopaay ToBa MpH pa3IeTHOTO KOAUpaHe
ce BbBEXK/Ia €Tall Ha KBAaHTYBaHE, Upe3 KOHUTO ce popMHpa TUCKPETHO JIATCHTHO NPECTaBsHE Z =
Q(z), xprero Q(+) e oneparop Ha KBaHTyBaHe. I10JIy4EHOTO TUCKPETHO MPEACTABIHE Z MOXKE Ja
ObJlc CepUAIM3MPAHO W TIPEACTABEHO Ype3 KOMIIAKTEH OWTOB TOTOK. B TO3W CcMHUCHI
aBTOEHKOJEPHT nepuHUpa mnpeodOpazyBaHeTo P — z, a mocneiBamIdTe €Tanud OCUTYpSBAT
npejcTaBsHe Ha Z B JWCKpeTHa (opma, moaxojsiia 3a ePeKTHBHO BTOPHUYHO KOIHMPAHE.
JleKoniepbT PEKOHCTpyHpa TeoMeTpuuHata cTpykTypa upes P = g(Q~1(2)), xwvuero g(-) e
CHHTE3HPAIOTO ITpeodpa3yBaHe.

B pasriexxpaHus crieHapuii CKOpOCTTa 3aBHCH OT TPH OCHOBHHU (hakTopa: pasmepHocTtTra F Ha
JATEHTHUS BEKTOp, CTHIIKaTa Ha KBaHTyBaHE A M e(pEKTHBHOCTTa Ha BTOPHYHOTO KOJIUpAHE.
VBenmnuaBaneTo Ha F 00OMKHOBEHO ITOBHIIABA KarmanuTeTa Ha IPCACTaBAHCTO U MOXKE 1d HOI[O6pI/I
Ka4eCTBOTO Ha PEKOHCTPYKIIUATA, HO €JHOBPEMEHHO C TOBA yBeIH4YaBa Oposi KOAUPAaHU CHMBOJIH.

KsaHTyBaH
JlateHTeH TlaTeHTEH BEKTOP Z [ekBaHTyBaH
BEKTOp Z ' naTeHTeH BeKTop Z

______
- -~

' v
M WpeaneH 1
Q I |BK’ ( KaHan ( ) ‘B'D'I |Q
A\ ,A

1
:
v

~ -

Hopmanuavpax . PekoHcTpynpaH
obnak oT Touku 1 obnak oT Touku
KoaupaHa 6utosa
nocnefoBaTenHocT

MeTagaHHu Ha MeTagaHHu Ha
obekTa obekTa

@urypa 4.1: Cxema Ha pas3riexaaHaTa paboTHa MOCTaHOBKA.

HamansiBaneTo Ha A BoJiM 10 TO-TIPEIIU3HO MPEICTABSIHE HA JIATCHTHUTE BEKTOPH, HO OOMKHOBEHO
yBEJIMYaBa EHTPOMUSATA Ha CHMBOJHHS MOTOK M CHOTBETHO HeoOxoammara ckopocT. OT cBos
CTpaHa, BTOPUYHOTO KOAHMPAHE CITUMUHUpPA WHPOPMAIMOHHHS HW3JUIIBK B Z, 3a J]a Hamalld
JT'BJDKMHATA Ha OUTOBOTO TIPE/ICTaBsiHE O€3 JOMBIIHUTETHA 3ary0a Ha nH(OopMaIusl.

Baxxna ocoOeHocT Ha pasriexaaHara MOCTaHOBKA €, 4e ce MpueMa HjieajeH KaHaj, T.e. Clel
BTOPUYHOTO JCKOJMPAHE CE€ BH3CTAHOBSIBA TOYHO CHIIUAT KBAHTYBaH JIATEHTEH BEKTOP Z, KOHTO
e oun gpopmupan B koaepa. CienoBaTesIHO €AMHCTBEHUTE U3TOYHUIIM Ha 3aryda B Ta3H rjaBa ca
HEUJCATHOCTUTE Ha AaBTOCHKOJEpHATa AapXUTEKTypa U KBAaHTYBAaHETO Ha JIATEHTHOTO
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NpeCcTaBsHe, a HE TPEIIKUTe NpU TperaBaHe. ToBa TMO3BONSIBA EKCIIEPUMEHTATHO Ja ce
aHajim3vupa AOOKOJKO pPa3IMYHUTC AaBTOCHKOACPHU APXUTCKTYpU BOLAT OO0 JIATCHTHH
NPEJICTaBSHUS, KOUTO Ca €JHOBPEMEHHO KOMITAKTHU U YCTOHYMBY Ha KBAaHTYBaHE.

ITo cmuckina Ha cuctemara ot dur. 3.1, 3a Bcekn 00€KT ce Koaupa aBoiikara (Z, m), Kbaero m
o0o3Ha4yaBa ChITBTCTBALIUTE META/laHHU, CBBP3aHU C MO3ULIMATA, Malialda u Kjiaca Ha oOekTa. B
HACTOSIIATa TJ1aBa OCHOBHUAT (JOKYC € BhPXY KOMIIPECHSITA HA JATCHTHUS BEKTOP Z, ThH KaTo
MMEHHO TOH HOCH OCHOBHaTta wuH(poOpMalus 3a JeTailllHaTa TeoOMEeTpUYHA CTPYKTypa.
MetagaHHuTe ce pas3riekaaT KaTo JOIBIHUTEIHO CEpHATM3UPAHO ONKCaHHE, HEOOXOAUMO 32
noJpexJaHe Ha OOEKTUTE B CIIeHaTa, HO HE IPOMEHSAT OCHOBHUTE 3aBHUCHUMOCTH MEXIY
pa3MepHOCTTa Ha JAaTEHTHOTO MPOCTPAHCTBO, KBAHTYBAHETO M KAYECTBOTO HA PEKOHCTPYKIIUATA.
Ha Ta3u ocHoOBa B cienBamuTe pa3feiu ce aHAIU3UPAT KOHKPETHUTE PELICHUS 32 KBAaHTYBaHE U
BTOPUYHO KOJUPAHE, KAKTO U MOJYUYCHUTE 3aBUCUMOCTH CKOPOCT -U3KPUBSABAHE 32 Pa3IJIe/IaHUTE
B ['maBa 3 apxuTekTypu.

4.6 Pe3yjaraTu npu KoMInpecusi Ha reoMeTpU4YHATA cCTPYKTYpa Ha 3D cuenn

Pesynrature mnpu KoMmmpecus Ha cleHH, JokidagBanu B [AS5], ca momydeHu B J1Ba
eKCIIEpUMEHTAIHU CIeHapusi. B mbpBus ce aHalIM3WpaT XapaKTePUCTUKUTE Ha CKOPOCT-
uskpuBsBane (Rate-Distortion) (R-D) Bwpxy cuenu ot O6azara REAL. HabGnronaBanute
3aBUCUMOCTH Ca TOJI00OHM Ha TE3M IPH KOMIIpECHs Ha OTAeIHH 00ekTH (pasmen 4.5), karo ce
NOTBBPKAABAT cieaHute ocHoBHU TeHAaeHnuu: (i) TGAE nemoncrpupa nHaii-nobopa R-D
edekTUBHOCT; (i1) pa3MepbT Ha MojieJIa OKa3Ba ChIIECTBEHO BIUSHUE IIPU CUITHO KBAaHTYBaHE, HO
BIIMSTHUETO MY HaMaJIsSIBa TIPH ITO-BUCOKHU CKOPOCTH; U (1i1) Hail-TOOpUTE pe3yaTaTH HE CE IOCTUTAT
HENPEMEHHO OT Hai-roJieMUTe MOJAEIH.

BbB BrOpHs ekcriepuMeHT, R-D xapakTepucTHKHUTE ce M3MepBaT BbPXY YETHPU CaMOCTOSTEITHU
cieHu — nBe oT 0azata SceneNN wu nBe, 3acHetu oT aBTopuTe Ha [A5]. KonmuectBenute u
Ka4eCTBEHUTE PE3YJNITaTH ca MPEJCTaBeHH B paszen 4.6 Ha nucepTaoHHus Tpyad. [IpencraBeHu
ca BXOJIHUTE CLICHH, KAKTO U PEKOHCTPYKIIMHTE, TIOJIYUYSHHA OT PAa3IUYHUTE METOIH, 3aCTHO ChC
cporBeTHHTE R-D KprBH 32 Besika crieHa. OT mpeicTaBeHUTe pe3yNTaTu ce BUXK/a, ye HuTo Draco,
HuTO G-PCC nocrurat Huckure ckopocty, mocruraata ot AEPCC, He3aBUCHMO OT H3MOJI3BaHATa
apxutekTypa. [lopaan orpanudenoto npunokpusane mexny AEPCC u kiaciuueckure Kolenu B
HHUCKOCKOpOocTHUS pexkuM, Bjentegaard Delta PSNR (BD-PSNR) He moxe na Oble HaaeKIHO
u34ncieH. BmecTto ToBa, mpu HamMuWe Ha JOCTaThYHO TNPHUIIOKPUBAHE IO OTHOLICHHE Ha
nuKOBOTO oOTHomIeHne curHan-mym (Peak Signal-to-Noise Ratio) (PSNR), ce wusmon3Ba
metpukara Bjentegaard Delta Rate (BD-Rate) ¢ G-PCC xaro pedepeHTeH MeTOHm, Karo
pesynratute ca npencraBeHu B Tabnwma 4.3.

4.7 U3Boan

B nacrosmara riaBa Gemie n3ciaeBaHO U3MOJI3BAHETO HA pa3rienanuTe B [ 1aBa 3 aBTOCHKOACPHH
ApXUTEKTYpH B KJIACHUECKH PEXKHUM Ha Pa3/eTHO KOJUPaHe, IPU KOWTO JATEHTHOTO Mpe/ICTaBsIHE
ce KBaHTyBa M IMOJAJlara Ha BTOPMYHO Kojaupane. IlokasaHo Oeme, ye aBTOEHKOAEPHHUTE
apXUTEKTypu (QopMHUpaT JATEHTHH MpPEJICTaBAHUSA, KOUTO Morar Ja ObAaT eQpeKTUBHO
KOMIIDECHpPAHH, KaTO KOMIIPOMHMCBT CKOpPOCT-M3KPHUBSIBAaHE 3aBUCH €IHOBPEMEHHO OT
apXUTEKTypaTa, pa3MEpHOCTTa Ha JIATEHTHOTO MPOCTPAHCTBO M CThIIKaTa Ha KBaHTYBaHE.
Pesynratute nokaspar, ue mpu KOMITpECHsl KAKTO Ha HUBO OTJIEJIEH OOEKT, Taka U Ha HUBO CLIEHa,
apxutekrypata TGAE nmoctura Haii-noopa R-D epekTHBHOCT, KaTO ChIIEBPEMEHHO IEMOHCTPUPA
n00pa CrocOOHOCT 3a reHepalTu3alys Ipu IPeMUHaBaHe OT CHHTETHYHU KbM PEaTHU JaHHU.
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Pesynratute mpu Kommpecuss Ha CIEHHM IIOKa3Bar, 4e mnpemioxkeHuar mnoaxon AEPCC
IPEeBB3X0XK/1a KIIacu4eckuTe koaupamu cxemu kato Draco u G-PCC u o6yuaemust metogq CRCIR
B HUCKOCKOPOCTHHUS PEKUM TIPH pa3peieHn o0J1aIy OT TOUKH, 0ocoOeHo npu apxutektypure GAE
u TGAE. ToBa moTBBpXkmaBa, 4e oOydaeMUTE MpeoOpa3oBaHHs ca €PEKTUBEH IMOAXOMd 3a
KOMITpECHsI Ha TEOMETPUYHATA CTPYKTYpa Ha Pa3peacHU 00Ialy OT TOUKH.

Taomuua 4.3: BD-Rate cpaBHeHWe Ha KOOMPAILIUTE CXEMHU, KaTo 3a pedepeHTeH KOIEK €
n3noinssad G-PCC.

CueHa l CueHa 2 CueHa 3 CueHa 4 CpenHo

BD-Rate Bpeme BD-Rate Bpeme BD-Rate Bpeme BD-Rate Bpeme BD-Rate Bpeme
Kogex F [%] [s] [%] [s] [%] [s] [%] [s] [%] [s]
FoldingNet|128 | -85.69 [0.30 +0.006 -83.01 |0.25 +0.004| -72.69 |0.51+0.011| -82.88 |0.62 +0.012| -81.07 |0.42 +0.151
FoldingNet|256 | -81.53 [0.30 £+ 0.004] -77.23 |0.25 +0.004| -68.15 |0.51 +0.009| -74.94 |0.63 +0.015| -75.46 |0.42 +0.156
FoldingNet|512 | -69.59 [0.30 +0.006 -73.90 |0.25 +0.004| 22706 |0.52 +0.013| -62.25 |0.63 +0.020| -50.53 |0.42 £ 0.158

GAE 128 | -87.45 [0.45 £ 0.006] -74.98 0.34 £0.005| -77.59 |0.83 +0.011 | JEBABAN 1.05 + 0.014] -81.14 |0.67 +0.289
GAE 256 | -81.99 [0.46 £0.005 -66.24 [0.35 +0.006| -71.02 |0.86 +0.011| -76.97 |1.09 +0.013| -74.06 |0.69 +0.299
GAE 512 | 26207 [0.47 £0.007 -52.58 /0.36 +0.006| -53.62 |0.910.012| -62.35 |1.15 £0.016| -39.46 [0.72 +0.323
TGAE 128 [[E878100.39  0.006]286:3400.32 + 0.004[ 581091 0.66 + 0.012| -84.51 [0.81 +0.015 || S840 0.55 + 0.201
TGAE 256 | -76.29 [0.40£0.006 -82.81 [0.33 +0.005| -74.20 [0.69 £0.015| -77.32 [0.85 +0.019| -77.65 [0.57 £0.214
TGAE _ |512| 7335 [0.43£0.009 -73.13 [0.34 £0.008] -58.79 |0.79 +0.016| -63.62 |0.99 +0.020| -67.22 [0.64 + 0.265
CRCR __ |— | -34.34 0.04+0.003 12571 [0.20+0.006] -28.74 |0.06 +0.013| -45.59 [0.09  0.025[ -25.58 [0.10 + 0.066
Draco  |— | -33.23 J0.54+0.166 -11.83 |0.27 +0.065| 0.12 |1.25+0.416| -25.70 [1.69 +0.597| -17.66 [0.94 £ 0.674
G-PcC_ |—= | — Jo71:0374 — 03320132 — [222+1371] — [o97:0736] — [111:109

Knemxume, oyeemenu 6 mvmnocuso, noxkazeam nai-ooopus BD-Rate 3a cvomeemnama cyena, a
ceemaocusume Kiemku 0003Hauasam emopus Hau-000wvp. Bpemenama 3a obpabomka (nau-
00bpomo e noouepmano) ca usmepenu 6vpxy cucmema ¢ AMD Ryzen 9 7950X u 64 GB RAM u
NVIDIA RTX 4090.

I'JTABA 5. IBJIBOKO CBbBMECTHO KOJIUPAHE N3TOYHUK-KAHAJI
3A OBJIAIIK OT TOYKHA

Ipoepamnume peanuzayuu na memooume om Inasa 5, moeam oa 6voam namepenu ¢ [B3]:
https://github.com/Teleinfrastructure-Research-Lab/lb-dpct

B mnpenxonmnara riaBa Oemre pasrienaHa 3ajgadara 3a KOMIIPECHs Ha OOJNalM OT TOYKH 4Ypes3
o0y4aeMH aBTOCHKOJEPU B paMKHTE Ha KJIACHYECKHs MOAXO] 3a Pa3leNHO KoaupaHe. B To3m
PEeXKHM KOMITPECHSITa Ha CIICHHUTE CE pealn3upa 4pe3 KBAaHTYBaHE Ha JIATCHTHUS BEKTOp U
BTOPUYHO KOJHMpaHEe, KaTo B YETBBPTA IJaBa Oelle pasriieflaHo MpeJaBaHEeTO Ha IOJydeHaTa
OWTOBa TOCIENOBATEHOCT Tpe3 uaealeH KaHan Oe3 myM. [lpm Hammume Ha peajeH
KOMYHUKAI[HOHEH KaHall, B KOWTO MpPHUCHCTBA IOyM, € HEOOXOJAWMO BBBEKAAHETO Ha
JOMBJTHUTEITHO KaHAJTHO KOJHMpaHe, C Ie] 3allliTa Ha MpefaBaHarta MH(OpMAIUs OT TPEIKH.
KiacuueckusT moaxoj 3a pa3[elHO KOIHMpaHE € TEOPETHYHO ONTHMAalieH Npu Oe3KpaiHH
JIBDKUHA Ha OJIOKOBETe W TMPH CTAllMOHAPHH KAaHAIHU YCJIOBHUS, CHIJIACHO TEOPETHYHATA
TIOCTaHOBKA M3JI0XKEeHA B pa3eln 1.6 Ha mucepTaloHHus Tpyl. B mpaktuueckure cucremu, obaue,
KBJIECTO ce pabOTH C KpailHW IB/DKMHM HAa KOJOBUTE IyMH W TMPH HaJW4YHe HA JTUHAMHUYHO
NPOMEHSIIIH Ce KaHaJH, TO3H ITOIX0 BOJIU JI0 ChIIECTBEHN orpaHH4eHus. Hail-xapakTepHOTO OT
Tsx e T.Hap. cliff-effect, mpu koiito mpu manko BnomaBane Ha SNR HacThmBa ps3bK cnax B
KaueCTBOTO Ha PEKOHCTPYKIHATA, KOETO € OCOOCHO HeOIarompusTHO NpH npexaBane Ha 3D
ChIbpKAaHHE B PEAJHO BpeMe, KbJETO IUIABHATA JErpajanus € KPUTHYHO H3HMCKBaHe. To3u
HEJIOCTAThK Ha Pa3lIeTHOTO KOJIMPAaHE Ce MPOsBsIBAa UMEHHO B PEKMMa Ha KPAiHU IBIDKHHH Ha
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omokoBere, kpaero JSCC mpezacraBisiBa mo-moaxozsima aiarepHaruBa [A5, 57, 55]. B To3m
koHTekcT, cucteMata AEPCC, BbBeniena B [AS] u pasrienana B ['nasa 3, moaaspxa JSCC/DISCC
peKHUM Ha padoTa, MPU KOHTO JATCHTHUTE MIPEJICTABIHUSA MOTaT Ja ObJaT U3MOI3BaHH JTUPEKTHO
3a MOJyJIaIUsl Ha HOCEIla U MPeAaBaHe Mpe3 KaHal ¢ IIyM, 6€3 HE0OXOUMOCT OT KBaHTYBaHE U
KaHAJTHO KOJHMpaHe.

[TpenumcTBata Ha JSCC moaxona ca 0coOeHO 3HAYMMU NMpU AUHAMUYHHA 3D gaHHU, KOUTO ce
NPEBPBIIAT B KIIOYOB THUI ChIbpPIKAHUE 3a MPUIIOKEHUS KaTo pasimpena pearHoct (Extended
Reality) (XR), temenpucbctBue [A3, 4] u mMoOmiHa poOOTHKa, HO YHETO IpeJaBaHe Ipe3
0C3)KUYHM KaHAJIM OCTaBa MPEAU3BUKATEICTBO IMOPAJIN BUCOKATA UM PA3MEPHOCT M CIIOKHOCT [4].
Kitacuueckure moaxoau ¢ paszenHo koaupane crtpaaart ot cliff-effect u orpanndena agantusHocT
B PSXKHMUTE C KbCH OJIOKOBE, XapaKTEPHU 3a ChBpeMeHHHTE NpritokeHus [92]. 3a pasnuka ot TsX,
DJSCC peanusupano upe3 AMPEKTHO NpElaBaHE HAa HEMPEKBbCHATH JIATCHTHU IPEICTaBSIHHS,
OCHUTYpsiBa IIJIaBHA Jerpajalis Ha KadeCTBOTO M IO-TOJsIMA T'bBKABOCT CHPSIMO KaHAJTHHTE
ycinoBus. B Tasu rmaBa ce aHauM3uWpa YyBCTBUTEIHOCTTA KBbM IIYM Ha aBTOCHKOJCPHUTE,
npeanoxenu B [A5] u pasrienanu B ['maBa 3, a umenno FoldingNet, GAE u TGAE, karto ce
U3Clie/IBa TSAXHOTO MOBEACHUE MPHU HAIWMYWE Ha aauTHBeH Os1 raycoB mym (Additive White
Gaussian Noise) (AWGN) B 1aTeHTHOTO MPOCTPaHCTBO. TO3M aHAIM3 CIIY’KH KaTro MPEXOi OT
pexxuma u3ciensad B [1aBa 4, KbM pealCTUYHA KOMYHHKAIIMOHHA moctaHoBKa. Cien ToBa ce
BbBOKIa U (opMalu3upa eKCIepUMEHTaaHaTta ImocTaHoBKa oT [A6], KosTO pasriexkaa
noBenenuero Ha DPCT apxwurektypara B JSCC pexum, npu KOWTO JIATEHTHUTE BEKTOPU Ce
U3IMOJI3BAT JTUPEKTHO 3a MOAYJIAIMs W TpeAaBaHe Npe3 KaHal ¢ IIyM. B JombiHEHHE ce
pas3riaekaaT CreupUUHUTE MPEIN3BUKATEICTBA, Bh3HUKBAIIIN MPH PEAaBaHETO HA JTUHAMUYHU
obmanm ot Toukm B JSCC pexum, BKIIOUHATEIHO NPOOJIEMHTE CBHC CHHXPOHHU3AIMATA H
4yBCTBUTEIHOCTTA KbM BPEMEBU HM3MECTBaHHs, KaKTO M MpemiokeHute B [A6] perenus 3a
TSAXHOTO MPEOJIOJISIBAHE.

5.2 CbBMeCTHO KOJHPaHe U3TOYHUK -KaHAJ U MpelaBaHe NMpe3 KAHAJIM ¢ IyM

[Tpu BTOpHs pexxuM Ha pabora Ha AEPCC cucremara ot ®@ur. 3.1, a umenno JSCC pexuma, npu
KOMTO KOMITOHEHTUTE Ha JITATEHTHUS BEKTOP CE M3MO3JIBAT 32 MOy IMpaHe Ha HOCEIa 1 TIpeIaBaHe
npe3 3amymeH kaHai, e u3cnenaHa DPCT apxurtektypara ot [A6]. ExcnepumenTanHara
noctanoBka ot [A6] e mpeacraBena Ha ®wur. 5.3, K0ATO B 0OIIM JMHUU CHOTBETCTBA HA BTOPHSI
pexxum Ha AEPCC c¢ noGaBeHu OJ0KOBE, M3IBIHSABAIM KOHKPETHH (YHKLUU CBBP3aHU C
IpeaBaHeTo Ha CUTHAA Tpe3 KaHall ¢ IIyM. B To31 pexuM npeaaBaHnuTe CUMBOIIN ChOTBETCTBAT
Ha €JIeMEHTHUTE Ha JIATEHTEH BEKTOp, TeHEpHUpaH OT KOojepa, ChbIIACHO apXUTEKTyparTa, ONUCaHa B
pasaen 3.4.2 u B npeaxonnu pabotu [76, 57, 95]. Jlarentuusar sektop z € RF ce cneroun ot F
peasHu KOMIIOHEHTA C aMIUIUTY/1a, KOSITO e IpUeMa 3a HelIpeKbCHaTa CTOMHOCT, a Ae GakTo e 32-
OWTOBO YKCTO C IJIaBamia 3ameras. 3a mpeJaBaHe Ha Z Tmpe3 (U3NYECKH KaHal ce W3IMO0J3Ba
Discrete Time Analog Transmission (DTAT) [95]. Heka z = [z, ...,Zr_1]' o0003HauaBa
JaTeHTHHs BeKTop, reHepupan oT DISCC kozepa, KaTo Ha BCEKH €NIEMEHT Zj OTrOBapsi CUMBOJI
alk] (peamHo unciio). CAMBOJIHTE Ce pa3riieXkaaT KaTo UMITYJICH, Pa3IOI0KEeHH pe3 HHTepBa T,
u ce odpopmsar upe3 Root-Raised-Cosine (RRC) ¢unrsp. I[Monyuenmar DTAT curnan e
(opmanm3upan MareMaTHYeCKu B 5.6, KbeT0 grpc(t) € uMmmyncHaTa xapakrepuctuka Ha RRC
¢untepa, k = 0,...,F — 1,aT e ciMBONHHAT HHTEpBaIL. ToBa UMITYJICHO O(DOpPMSIHE TapaHTHPA,
4ye MpeJjaBaHUAT CUTHAJI € OrpaHUYeH 0 YeCTOTHA JIEHTA, KaTo MpU MpUilaraHe Ha ChIJlacyBaH
RRC ¢untbp B mpueMHUKa W AWCKPETH3AMsS B MOMEHTHTE Ha CHMBOJIUTE C€ MHHHMH3HPA
mexaycumBoiHa uatepepenius (Inter-Symbol Interference) (1S1):

s(t) = Z alk] guge(t — KT) (5.6)

k
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durypa 5.3: Cxema Ha nocraHoBkara pu DPCT [A6].

B PAMKHUTEC Ha Ta3W NOCTAHOBKA Bb3HUKBAT ABC OCHOBHU TCXHUYCCKHU NNPCAU3BUKATCIICTBA, KOUTO
CC pasriICKaar B CJICABAIINUTC PA3aCIIn:

1. EdexTHBHO JekoaupaHe B KaHAJ ¢ yM: [IpeganeHust obak OT TOUKH TpaOBa Ja Obe
PEKOHCTPYHpPaH OT 3alllyMEeHHs JIATCHTEH BEKTOp C MUHUMAJIHA 3ary0a Ha kadecTBo. Kakto
Oemre mokazano B pasuen 5.1 m B [A5], aBTOCHKOAEpPHUTE AEMOHCTPHpAT ChILECTBEHA
YCTOWYMBOCT KbM LIYM B JJATEHTHOTO MPOCTPAHCTBO, JOPH KOTAaTO OTCHCTBA TaKbB IIYM
10 BpeMe Ha o0yueHueTo. Brnpeku ToBa, B [57] € nmokasano, ue BkapBaneto Ha AWGN B
JaTEHTHUS BEKTOpP IO BpeMe Ha OOYYEHHETO MOJ00psSBa yCTOHYMBOCTTa KbM IIYM B
kaHama. Cpmo Taka, m3nomsBaHero Ha cbriacyBaH RRC  ¢unrep B mnpuemnmka
makcummsupa uzxogHoto SNR u e ontumanno mpu AWGN kanan, koeto ro npasu
€CTeCTBEH M300p 3a U3BJIMYAHE Ha JIATEHTHUTE cUMBOJH [95].

2. CunxpoHu3zaumsi Ha kaapurte: Ilpu mpenaBaHe Ha AMHAMUYHU OOJalM OT TOYKH,
MHOXECTBO JIATEHTHH BEKTOPH C€ TIpeAaBaT IMOCIEIOBATENIHO, KaTO BCEKH OT TAX
CBHOTBETCTBA Ha OT/ENEH Kaabp. [IpMeMHUKBT TpsgOBa Ja ompeneny TpaHULUTe MEXIY
TE3W MOCJIEAOBATEIHU BEKTOPH, 3a Ja MOXKE MPABWIIHO J1a PEKOHCTPYHpa OTIACTHHUTE
KaJjpu. 3a pa3iMka oT HU(POBUTE CUCTEMH, KBAETO Ta3M 337a4a OOMKHOBEHO C€ pelllaBa
ype3 Mo0aBsiHE Ha 3arjiaBUsi WM TPEABAPUTEIIHO M3BecTHH mpeamOronu [96], mpu
ananorosure DJSCC xoMyHHMKallMOHHM CHCTEMH IMOJOOHU CTPYKTYpPH HE ca HaJHYHHU.
ToBa mpaBu mpobiemMa 3a CHHXPOHU3AIM Ha KaApUTE 3HAYUTETHO IO-CIIOKEH M TOH
ocTaBa cnabo u3cnenBan B auteparypata [97]. Busyanna wirocTpaiys Ha TO3H mpodiem
e npeacraBeHa Ha @ur. 5.4A, KbJIeTO ce 0Ka3Ba KaK JIECHHXPOHMU3ALMATA Ha IPUEMHUKA
BOJIU /IO TPELIHO BH3CTAHOBSIBAHE HA JITATEHTHUS BEKTOP.

5.3 Cunxponusauus ype3 PRC u cbriacyBan Gpuiarsp

[IpennoxeHaTa cxema 3a CHHXpOHM3AIMs M3Mo0J3Ba niceBaociydaeH ko (Pseudorandom Code)
(PRC) u cprimacyBan GpuUATHp 3a HAAEKIHO ONpPEIeTHE Ha HA4YaJIOTO Ha Kaabpa MpH MpelaBaHe
npe3 AWGN kanas. M3xoaHara mocie1oBaTelIHOCT ce yMHOkaBa nmoeieMeHTHo ¢ PRC kona, cien
KOETO CUTHAIBT c€ Mojajara Ha uMmmnyiacHo odopmsHe upe3 RRC ¢untsp u ce npenasa. B
NpUEMHHKA TTOYYEeHUST CUTHAJ ce (GUITPUpa, TUCKPETU3NPA U KOPEIHpa ChC CIPErHaTHs KO B
yecToTHaTa obnact. [To3unusra Ha MaKCUMyMa Ha KopenaloHHaTa (QyHKIH OIpe/eNis OlleHKaTa
Ha BPEMEBOTO OTMECTBAaHE Ha Kaabpa, KOETO I[IO3BOJISIBA MPABHJIHO IMOJPAaBHSIBAHE U
Bb3CTAHOBSABAHE HA CHHXPOHM3MpaHATa IOCIEA0BATETHOCT. MeXaHU3MbT, Ype3 KOUTO
chriacyBanusaT GuiaTwp u kopenamnusara ¢ PRC mocnenoBaresHocTTa M03BOJISBAT BH3CTAHOBSIBAHE
Ha CUHXPOHU3aLUATa, € uitoctpupad Ha dur. 5.4b.
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MpreMHUKBLT 3anouBa
npuemaHeTto Ha kagbpa N Tyk
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(B) BnicranossBane Ha CUHXpOHHU3aIusATa 9Yp€3 ChIriraCyBaH (1)I/IJ'IT'I)p
MprYeMHUKBLT 3anouBa
npuemaseto Ha Kagbpa [N TyK
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A Npepanen: ay = [an([0],an[1],an(2],. .., an[F —1]]
npuer: 3 = [ay[2],an[3],. .., an+1[0], an1[1]]
MpepaBaTenaTt 3anousa
npegasaHeTo Ha kagbpa N Tyk ||’I’(5’(k)) _ ‘P(éN) H ,<¢

(B) ®azoBo-unBapuantHo nekoaupane (PID), mpu koeTo He ce U3MCKBa BH3CTAHOBSBAHE Ha
CUHXPOHM3AIHATA.

@urypa 5.4: [IpoOneMbT ¢ JECHHXPOHU3ALMATA U MPEATIOKECHNUTE pelieHus B [A6].
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5.4 ®a30BO-UHBAPMAHTHO JeKOMPaHe

[Ipemnoxkenata cxema 3a (ha3oBO-UHBapUaHTHO jekoxupane (Bwk ¢wur. 5.4B) mpemaxsa
3aBUCHMOCTTa OT BPEMEBOTO OTMECTBAHE 4Ype3 M3IOJ3BAHE HA AMIUIUTYIHUS CHEKTHp Ha
nuckpetHo TnpeoOpasoBanne Ha @Dypue (Discrete Fourier Transform) (DFT), koiito e
WHBAPHAHTEH CIPSIMO LMKIMYHA H3MecTBaHuA. [IpueTuTe JaTeHTHH IOCIEIOBATEITHOCTH Ce
npeoOpaszyBat upe3 yHurapHo DFT, kato nexonepbT paboTH €AMHCTBEHO C aMIUIMTYIUTE Ha
CIIEKTPAJTHNUTE KOCPHUIMEHTH. AHATU3BT MOKA3Ba, Y€ JIOPH KOTaTO M3BJICYCHUAT OJIOK mpecuya
rpaHMIaTa MEXIy J[Ba IMOCJIEIOBATCIHH Kalbpa, MOJYYCHOTO MPEACTaBsHE OCTaBa OJU3KO 10
TOBa Ha ILIEJNEBUS KaIbp IPU YCIOBHE 3a MAJKH MEXIyKaJpOBH M3MEHEHHS. T0Ba IO3BOJSABA
HA/eKIHO BB3CTAHOBABaHE Ha oO0Naka OT TOYKM Oe3 HeoOXOAMMOCT OT EKCIUIMIUTHA
CHHXPOHH3AIMA, KaTo (a30BO-WHBAPHAHTHUAT CIIOM ce M00aBs Mpeau AEKOAepa M OCUTypsBa
YCTOﬁqHBOCT CIIpAMO JCCUHXPOHU3aIUA MCKAY IMMPCAABaTCIId U IPUCMHUKA.

5.5 Pesyaratu npu DJSCC u npenaBaHe B KaHAJIU € LIYM

B To3u pasmen ce pasriexaarT pe3yiaTaTuTe OT eKcrnepuMeHTHTe B [A6], KOWUTO OlleHsBaT

KaueCTBOTO Ha PEKOHCTPYKIHATA MPH Pa3IMYHU CHCTOSHUS Ha KaHaia, B paMKHATE Ha

eKCIIepMEHTaHaTa TOCTAaHOBKa, omucaHa B pazaen 5.2. Ha dur. 55 e mpencraBena

3aBUCHMOCTTa MKy pa3Mmepa Ha yiareHTHUs BekTop F, SNR B kanana npu tectBane — SNR,, ,

u PSNR nHa pexoncrpykmusaTa. 3a To3u ekciepumeHT SNR,q ce m30upa Taka, ye na chbBmaja

MaKCHUMAaJIHO C TECTOBOTO ycioBue, T.e. SNR, = arg Srl\rllfgn6 ISNR,s. — SNR,, |, kbieTo SNR 4 €
00.

{0dB, 5dB, 10 dB}. Kakro Gemie onucano B paszien 5.2, JaTEHTHUAT BEKTOP CE Pa3riIexk/aa KaTo
MOCJIEIOBATEIHOCT OT peajHH CcHMBOJM, KouTo (opmupar DTAT curnan 3a mpenaBaHe.
CrnenoBarenHo OposIT Ha MpeJaBaHUTE CHMBOJIM 3a €QUH Kaabp OT OoOlaka OT TOYKH — U
CBHOTBETHO HEOOXOIMMaTa YEeCTOTHA JIEHTa — HapacTBa ¢ yBennyaBane Ha F. Pesymrarture
MOKa3BaT, Y€ KAaueCTBOTO Ha PEKOHCTPYKIUS ce MOAOOpsiBa KAaKTO MPHU YBEIWYaBaHE Ha
YyecToTHaTa JieHTa (mo-rojsimo F), Taka u nipu mo-m1o00pu kaHamHu ycinoBus (mo-Bucoko SNR,, ).
Cpen pasriiexaanuTe apxXuTeKTypu B [AG], MpeioKeHuIT MEeTol MpeBb3Xokaa kakto SEPT,
taka u FoldingNet 3a nenus quana3on ot croiiHoct Ha F 1 SNR,,, . Berpeku ye FoldingNet ne
e mhpBoHadaTHO paspaboreH kato DJSCC meron, Toif € BKIIOYEH 3a ITBJIHOTA, THhH KaTo
JIEMOHCTPHpA CPABHUTEIIHO J00pa MPOU3BOIUTEIHOCT CpsiMo Opost mapaMmeTpu. Brnpeku ToBa,
toii orcThniBa Ha SEPT 1 DPCT B noBedero koH(pUTYpaIum.

mmm DPCT
N SEPT
I FoldingNet

PSNR [dB]

> 38
> 37
~ 36
> 35
T34
>33
~ 32
> 31
> 30

<

128

256

Sy, 4 —
,?’(”- Loy 2
@/ - ~
0 512

®durypa 5.5: 3aBucumoct Ha PSNR ot uectornara nenra (F) u SNR, .
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5.7 N3Boau

B Hacrosimiara riaBa Oeiie pasriieiaHO TbJIOOKOTO ChBMECTHO KOIUpPAHE M3TOYHHMK -KaHaN 3a
00Jany OT TOYKH KaTo aJTepHATHBA Ha KJIACHUYCCKHUS MOAXO0/1 3a Pa3/Ie/IHO KOIUPaHE, aHATU3HPaH
B I'nmaBa 4. IlokazaHo Oerile, 4e JaTCHTHUTE MPEACTABSIHUSA, T'€HEPHPAHH OT pa3rJICIAHUTE
ABTOCHKOJICPH, TIPUTESIKABAT BrPaIcHa YCTONYUBOCT KbM IIIYM B JIATEHTHOTO IPOCTPAHCTBO, KOETO
I'M IPaBH MOAXO/SIIM KaKTO 332 KBAaHTYBaHe, Taka M 3a AUPeKTHO npeaaBane npe3 AWGN kana.
Pesynrarure mokaszsat, ue DIJSCC momxomute ocurypsiBatr IjiaBHa AeTrpajalvs Ha Ka4eCTBOTO
IpH BJIOIIABaHE HA KaHAJHHUTE YCIIOBHS M 10 TO3M HayMH u30srBar xapakrepuus Cliff-effect,
Ha0JII01aBaH MPHU KIIACHYECKUTE U(PPOBH CXEMHU.

OcBen ToOBa Oemie mokaszano, ye apxurekrypatra DPCT moctura mo-no06pa npou3BOAUTETHOCT
cripsiMo pasrienanute pepepeHTHr Metoau B DJISCC pexum, kaTo chueTaBa 1o-BUCOKO Ka4eCTBO
Ha PEKOHCTPYKIIUATA C 110-100pa yecToTHa ehekTuBHOCT [AB]. JlombiHUTETHO O5Xa aHAIM3UPAHU
U JIBa TI0JIX0/1a 32 CHHXPOHHU3AIIUs Ha KaJJPUTE MPH MpelaBaHe Ha JUHAMHYHH OOJIalk OT TOYKH -
ype3 PRC u cprimacyBan GpuiaTsp, KakTo U 4pe3 (pa3oBo-MHBApHAHTHO JeKoaupaHe. Pesynrartute
MOKa3BaT, Y€ ChIVIACYBAHUAT (QWITHD OCHUTYpSBA NMPAKTHYECKH ONTUMAIIHA CHHXPOHH3AIHS,
nokaro PID mpemnara paborocnocoOHa anTepHaTMBa B CIydal Ha MaJKd MEXIYKaIpOBH
pa3MHHABaHUs ¥ MO3BOJISIBA JIEKOIMPaHEe 0€3 N3PHUYHO Bh3CTAaHOBSBAHE HA CHHXPOHH3AIIMATA.

CrhuieBpeMeHHO, IpeIIokKeHaTa cxema 3a (ha30BO-MHBAPUAHTHO JEKOAUPAHE MO CBOSITA CHITHOCT
BOJM 110 3ary0a Ha HH(OpMaLusl, Thil KaTo IpeMaxBa (azoBaTa KOMIIOHEHTA Ype3 U3MO0JI3BAHE HA
ammumntynHus crnekTbp Ha DFT. ToBa orpanmuaBa mpenctaBuTenHaTa CHOCOOHOCT Ha
ABTOCHKO/JICpa U HaAaMAJIsIBa KallaluTECTa My J1a MOAC/IMPA 3aBUCUMOCTUTEC B JAHHUTC, KOCTO MOKC
Ja OBeJe /0 MO-HUCKAa TpaHMIla Ha JOCTHXKUMOTO KaueCTBO Ha peKOoHCTpykuusara. Ot apyra
CTpaHa, IpH I[PaKTHYECKa pealu3alus Ha CHUHXPOHHU3aLUs Ype3 CbIJaCyBaH QUITHD €
HEOOXOUMO BBHBEKJIAHETO Ha JOMBIHUTEIHA TMOCTOSIHHOTOKOBA CHhCTaBKa B CHUTHANA, KOSITO
ocurypsaBa HaJCKAHO OTKPUBAHC Ha I'paHUOWUTC HA KaJIPUTEC. AMHJ’II/ITYI[&T& Ha Ta3u CbCTaBKa
3aBUCH OT HMUBOTO Ha IllyMa W M3UCKBAaHATa HAJEKIHOCT HAa CHHXPOHH3AIUATA, KaTO MpH TO-
H€6HaFOHpI/I$ITHI/I KaHaJIHh YCJIOBUA € HGO6XO)II/IMO T Oa 6’17,[[6 I10-T0JIsIMa. HpI/I HaJIMYMUEC Ha
OTpaHHuYEHHUE BBPXY OOIlaTa mpefaaBaHa MOIIHOCT TOBa BOJAM IO HaMalsBaHE Ha MOIIHOCTTA,
OTJIEJIeHa 3a MOJIE3HHSI CUTHAJI, U ChOTBETHO 10 €(EeKTHBHO BJOILIABAaHE HAa KauyeCTBOTO Ha
PEKOHCTPYKIHUATA. B TO31 CMUCHI B3HUKBA (PyHTaMEHTaJIEH KOMIIPOMHC MEKY JIBaTa MOAX0/1a:
PID wn30sirBa HE0OXOOMMOCTTa OT MHOCTOSHHOTOKOBA CHCTaBKa, HO 3a CMETKa Ha HaMaJleHa
MpeJICTaBUTENIHA CIOCOOHOCT Topaau 3aryda Ha ¢da3zoBa HHGOpMAIUs, TOKATO CHHXPOHHU3AIUATA
ype3 ChINIacyBaH (WITHpP 3ama3Ba IbJHATa WHQOpMAaIMs, HO H3UCKBA BBHBEKIAHETO HA
JTOMBIHUTENHA ChCTaBKa, KOSATO MPHU OTPaHUYCHHs Ha MOIIIHOCTTA HaMallsABa e(peKTUBHUS pecypc
3a KoAupaHe Ha moje3Hus curHai. [lopamu ToBa, B Obaema paboTra € HEOOXOAUMO TIO-
3a1b1009€HO H3CIIEeIBaHE HAa TO3M KOMIIPOMHC, BKIIOUMTENHO aHalM3 Jald HamaleHaTa
npejacTaBuTesniHa crocoOHocT mpu PID moxe na ObAe KOMIEHCHpaHa OT MO-e€(eKTHBHOTO
M3MOJ3BaHE Ha pecypca MpU peaiIuCTUYHU KaHAJIHU YCIIOBHSL.
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1. 3BAKJIIOMEHUE U TTPUHOCHU HA IMCEPTAIIMOHHUSA TPY ]

JlucepTauimOHHUAT TPy pasriiexaa eheKTUBHOTO KOJUpPaHE Ha TPUMEPHO CHABPKAHHE 4pe3
oOydyaeMd M CEMaHTHYHHM TOAXOAMU 33 CUCTEMH 3a 3acCHEMaHe, NpeJaBaHe M BHU3yaJU3alusl.
[IpenyiosxeHu ca apXUTEKTYpH 32 KOMIIPECHS U IMPEKTHO MpeiaBaHe Ha 001y OT TOYKH, KOUTO
U3IOJI3BAT ABTOCHKOJIEPHH AapXUTEKTYPH, KOUTO MOH00psBaT e(EeKTHBHOCTTAa IPH HUCKHU
CKOPOCTH U IIpEeAaBaHe Mpe3 KaHaIM C IIyM. AHaJIM3UPaHU ca OTPAaHUUYEHUATA HA KJIACUYECKOTO
EHTPONUITHO KOAMpaHE W € BbBEJEHA IMMOCTAHOBKA C HECHIVIACYBAaHU BEPOSITHOCTHU MOJEIH,
II03BOJISIBAILlA U3II0J3BAHETO HA MO-CJII0KHHM MOJIEIN OT CTpaHara Ha Kojaepa. [lokazaHo e cblo,
Yye MPEeJIOKEHUTE METOJU OCUTYpsIBAT YCTOWYMBOCT KbM IIYM W IUIaBHA Jerpajanus Ha
KauecTBOTO IpHU IpeaBaHe IMpe3 KaHal ¢ wmwyMm. Karo Opaemm HampaBlieHUs c€ OdepTaBaT
pa3paboTBaHeTO Ha MO-€()EeKTUBHH OOy4yaeMHU apXUTEKTYpU, MHTErpalUsATa Ha BEPOSTHOCTHU
MOJIEJIM 3a EHTPONMIHO KOAMpAHE, Pa3LIMPSBAHETO KbM IO-CJIOKHU JMHAMUYHM CLEHU U
U3CIIEIBAHETO Ha KOMIIPOMUCHUTE TPY U3IOJI3BAHE HA PA3IMYHU METOIH 32 CHHXPOHU3AIIUA.

HAYYHO-ITPUJIOKHU U TPUJIOKHU ITPUHOCH

Hayuynure npuHocu ca:

1. Pa3pa60TeHa € TCOpPCTHUYHA ITIOCTAaHOBKaA 3a eHTpOHHﬁHO KOOAUpAaHC C HEChIJIACYBAaHU
BCPOATHOCTHU MOACIIN U € U3BCICHO YCIIOBHUC 3a C(i)eKTI/IBHOCT, CBBP3BAIO I10J13aTa OT I10-
TOYCH MOJACII B KOACPpA C HCO6XOI[I/IMaTa CTpaHHUYHa PIH(i)OpMaI_II/IH.

2. Tlpeanmoxxken e Meron 3a ¢a3zoBo-uHBapuaHTHO jaekomupane (PID) mpu mpenaBane Ha
JTUHAMUYHHA O0JIalk OT TOYKH, KOWTO TMpemMaxBa HEOOXOJUMOCTTAa OT HU3PUYHO
Bb3CTAHOBSIBAHE HA CHUHXPOHHU3ALMATA HAa KAJPUTE 4YpEe3 M3II0JI3BAHE Ha MNPE/ICTaBsHE,
WHBApUAHTHO CIPSMO [HUKJIMYHM HW3MECTBAHHUsS, 3a KOETO € H3BEICHA TpaHWIla Ha
rpelikara.

Hay4Ho-npu/105KkHMTE NPUHOCH ca:

1. W3BbpieHu ca cUCTeMaTH3AIMS M aHAJIW3 HA METOJIUTE 3a Koaupane Ha 3D cbabpikanue,
Bb3 OCHOBA Ha KOUTO € IPEJJIOKEHA TAKCOHOMMS CIOPEN MU3MOI3BAHUTE TEXHOJIOTUYHU
NPUHIMON W HWHTEPIPETHPYEMOCTTa HAa MEXKIUHHUTE mpeacraBsaus (¢ur. 1.5).
@opMynUpaH € U KOHLENTyaJleH MOJEN 33 CEMaHTUYHA KOMIIPECHUS 4pe3 pa3leisiHe Ha
nH(popMaluATa Ha I100aJIeH U IeTallIeH CEMaHTHYeH KOHTEKCT.

2. Ilpunarane Ha 4-cioeH omeparyoHeH mojen (¢ur. 2.1) xaTo yHHMBepcalHa paMKa 3a
aHaJIM3 Ha CHCTEMH 3a 3aCHEMaHe, IPelaBaHe M BU3yaIN3alisi Ha TPHMEPHO ChAbPKaHMUE,
C aKIIEHT BbPXY pasnpeesIeHUEeTO Ha U3UUCIUTEITHUTE U KOMYHUKAIIHOHHUTE PECYPCH.

3. H3cnensaH e MMPOK CIEKTHP OT METOIM 3a 00paboTKa Ha 00JIaIN OT TOYKH, BKITFOYHTEITHO
FoldingNet-06asupanu, rpad-KOHBONIOIMOHHU, AapXUTEKTYpH C MEXaHM3MH 32
camMoBHUMaHHe © 3D-KOHBONIIOIIMOHHW  apXUTEKTYpH, KaTro ca TPEIIOKEHH
apxurekrypute GAE, TGAE n DPCT. O0yuenu u cpaBHeHH ca obmio 37 Mozena mnpu
Pa3IMYHA Pa3MEPHOCTH Ha JIATEHTHOTO MPOCTPAHCTBO M YCIOBHS Ha OOYYCHHE.

4, HBCJ’ICI{BaHa € KOMIIpECUsATa Ha Ppa3pCACHU 06J'IaI_II/I OT TOYKH YpPE3 aBTOCHKOIACPHU
APXUTEKTYPH, KaTO € aHAIM3UPAHO BIMSIHUETO HA apXHUTEKTypara, Oposi Ha mapaMeTpuTe
U Ppa3sMCPHOCTTA Ha JIATCHTHOTO IMPOCTPAHCTBO BBPXY 3aBUCUMOCTTAa CKOPOCT -
uskpussiBane. M3swpiieno e cpasuenne ¢ G-PCC [11], Draco [90] u Context-based
Residual Coding and Implicit neural representation based Refinement (CRCIR) [91], kaTo
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pesynrarute (tabdn. 4.3) mokaszsar, ue AEPCC, u mo-cnenmanao TGAE, nocrura Haii-
no6pa R-D edexTuBHOCT B HUICKOCKOPOCTHHS PEXKUM.

Nzcnenana e DPCT apxurekTypata B peXXuM Ha TBI00KO ChBMECTHO KOJAMPAHE U3TOYHUK
-KaHaJ 3a 00JalM OT TOYKH, KaTo € IMOKa3aHo MOJA00peHHe CIIPSIMO peepeHTHH METOIU
(SEPT [57], FoldingNet [76] u G-PCC [11]) mo oTHOIICHME Ha Ka4eCTBOTO Ha
PEKOHCTPYKIIMSATAa U YECTOTHATa €()EKTUBHOCT NMPH HAJMYWE HA IIyM B IMpEIaBaTCITHHS
kaHan (¢wur. 5.5). PazpaboTeHun 1 cpaBHEHU ca MOIXOIM 32 CHHXPOHM3AIMS HA KaJpPUTE,
BKITIOYHUTEITHO (Da30BO-WHBAPUAHTHO JEKOIUPAHE, KATO € aHAJM3UPAHO TOBEACHUETO UM
IPH pa3jMdHy HUBA HA TYM U JICCHHXPOHU3AIHUS.

IIpuiiokHMTE NPHUHOCH ca:

1.

AHalM3 W MMIUIEMEHTAIUsl Ha MeToau 3a kommpecus Ha RGB-D u3oOpakeHus dpes
OLIBETSIBAaHE W M3IOJI3BAaHE HAa KOAWPAIIM CXEMH 32 [[BETHH M300PaKCHHS, BKIIOUUTEITHO
OLICHKAa Ha BJIMSHUETO HAa Pa3jIMYHU CTPATETMU 33 OIBETSBAHE MYJITHUIUICKCHpPAHE U
CEMaHTUYHO-OpUeHTUpaHa oOpaboTka BbpXy R-D xapakrepuctukurte (mporpamHara
peanm3alys Ha METOAUTE MOKe J1a Obae HamepeHa B [B1]).

PaszpaboTena e mporpamHa peanu3anys Ha CHUCTEMa 3a KOAHMpaHE Ha TeOMETpHUYHATa
CTpYKTypa Ha paspenenu obnanu ot Touku (AEPCC), BximtouyBamia uMmiieMeHTanus Ha
ABTOCHKOJIEPHU apXUTEKTYPU OT pa3IMyeH THUI, MEXaHU3MH 32 TO3UIIHOHHO KOIHMpaHE,
IpoIeypy 3a MOJIrOTOBKA M pa3lIMpsBaHE Ha JaHHUTE, KAKTO W IBbJICH IUKBI 3a
oOydeHue, BaJMIalus 1 TecTBaHe. [IporpaMHaTa peaiu3alys Ha aBToeHkoaepure ot [AS5]
Moxe Ja Ob1e oTkpuTa B [B2], a 3a aBToeHkoaepa ot [A6] - B [B3].

Pa3paboTeHa e camocTOsATENTHA TPOTpaMHa peaTn3ans Ha KOANpAIla CXeMa 32 Pa3/IesHO
KOJMpaHe Ha TreoMeTpuyHara cTpykrypa B pamkure Ha AEPCC, Bximousaa
MOKOMIIOHEHTHO CKaJJapHO KBAHTYBaHE Ha JIATCGHTHUTE BEKTOPH, JCKBAaHTYBaHE,
nakerupane, cepuanmsanus upe3 Concise Binary Object Representation (CBOR) wu

BropuyHo KoaupaHe upe3 DEFLATE. [Iporpamuara peanu3zanus Moxe a 0b/ie HaMepeHa
B [B2].
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MN3ITOJI3BBAHU CbKPAILLEHU A

CBKPAIIEHHME | OTPEJEJEHHUE CBKPAIIEHHUE | OITPEJEJEHHUE
IBJIIOOKO CbBMECTHO
KOAWPAaHE U3TOYHUK-KaHaJl
(Deep Joint Source-Channel
3D TPUMEPHHU DJSCC Coding)
BUJICO-0a3rpaHa KOMIIPECHS
Ha oOuanu ot Touku (Video-
based Point Cloud ckopoct-u3kpussiBane (Rate-
V-PCC Compression) R-D Distortion)
reoMeTpuYHO-0azupana
KOMITIpECHS Ha 00JIary OT
touku (Geometry-based Point
G-PCC Cloud Compression) BD-Rate Bjontegaard Delta Rate
CBbBMCCTHO KOAHWPAHC
M3TOYHHUK-KaHai (Joint
JSCC Source-Channel Coding) BD-PSNR Bjontegaard Delta PSNR
xonorpad)cka KOMyHUKaIHS ITMKOBO OTHOIIICHHWE CUTHAI-
(Holographic Type mryM (Peak Signal-to-Noise
HTC Communication) PSNR Ratio)
OyYuia 3a BUPTyaJIHa WU
nobasena peanHoct (Head- pasimpeHa peasHoCT
HMD Mounted Display) XR (Extended Reality)
aJINTHBEH 05T TAyCOB IITyM
(Additive White Gaussian
RGB-D Red-Green-Blue-Depth AWGN Noise)
k-naii-6nmsku ceeenm (k- Discrete Time Analog
kNN Nearest Neighbours) DTAT Transmission
Autoencoder-based Point
AEPCC Cloud Coding RRC Root-Raised-Cosine
MCKAYCUMBOJIHA
naTephepennus (Inter-
GAE Graph Autoencoder ISI Symbol Interference)
Transformer Graph MICEB0CIYYaeH KOJI
TGAE Autoencoder PRC (Pseudorandom Code)
JIMCKPETHO MpeoOdpa3oBaHue
Ha ®ypue (Discrete Fourier
ADAM Adaptive Moment Estimation | DFT Transform)
(ha30BO-MHBAPUAHTHO
Dynamic Point Cloud nexomaupane (Phase-Invariant
DPCT Transmission PID Decoding)
Context-based Residual
Coding and Implicit neural
Semantic Point Cloud representation based
SEPT Transmission CRCIR Refinement
OTHOLICHNE CUTHAJI-IIYM Concise Binary Object
SNR (Signal-to-Noise Ratio) CBOR Representation
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This thesis investigates the encoding and visualization of 3D objects using deep
learning architectures, with a focus on efficient compression, transmission, and
reconstruction of sparse point clouds. It analyzes classical, learning-based, and
semantic approaches for 3D content coding and introduces an operational model for
systems for acquisition, transmission, and visualization of three-dimensional
content.

The work proposes and evaluates autoencoder-based architectures for point cloud
geometry coding in both separate source coding and deep joint source-channel
coding scenarios. The results demonstrate efficient low-rate compression,
robustness to channel noise, and graceful degradation of reconstruction quality. The
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proposes methods based on pseudo-random coding and phase-invariant decoding.
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I. GENERAL CHARACTERISTICS OF THE DISSERTATION
Relevance of the Problem

The development of systems for 3D content, extended reality, holographic communication, and
interactive multimedia applications has led to a significant increase in the requirements for
efficient coding, transmission, and visualization of 3D data. Point clouds and other forms of three-
dimensional representation are characterized by extremely large data volumes, which impose
serious constraints on the communication and computational resources of modern systems.
Classical compression methods, despite their high technological maturity, encounter difficulties in
adapting to the complex structure of 3D data and dynamically changing transmission conditions.
In this context, learned and semantic-oriented approaches based on deep learning are emerging as
a promising direction for improving compression efficiency, robustness to noise, and the
adaptability of 3D content transmission systems. This determines the relevance of the present
dissertation, which is focused on the investigation and development of architectures and methods
for coding and visualization of 3D objects using deep learning.

Objective of the Dissertation, Main Tasks, and Research Methods

The main objective of the present dissertation is to investigate and develop methods for integrating
learned and semantic-oriented approaches into systems for capture, transmission, and visualization
of 3D content, with the aim of improving the efficiency, adaptability, and functionality of the
coding process.

To achieve this objective, the following main tasks are formulated:

1. Analysis of the possibilities for integrating learned and semantic-oriented coding
approaches into systems for capture, transmission, and visualization of 3D content.

2. Investigation and development of autoencoder architectures for coding 3D sources.

3. Investigation and development of autoencoder architectures for Joint Source—Channel
Coding (JSCC) of 3D content, with the aim of achieving robustness to channel impairments
and efficiency under finite block-length conditions.

4. Implementation, experimental evaluation, and comparative analysis of the proposed
methods and architectures.

Scientific Contribution

The scientific novelty of the dissertation lies in the development and investigation of learned and
semantic-oriented methods for coding and transmission of 3D content, based on autoencoder
architectures and Deep Joint Source—Channel Coding (DJSCC). A theoretical framework for
entropy coding with mismatched probabilistic models is proposed, enabling the use of more
complex models at the encoder through the introduction of side information. Novel architectural
solutions for compression and transmission of sparse point clouds are developed, including a
phase-invariant decoding method for the transmission of dynamic point clouds, which reduces the
dependence on synchronization between the transmitter and receiver. The obtained results extend
the application of learned methods in the field of 3D content compression and communication, and
demonstrate opportunities for improving the efficiency and robustness of such systems under
realistic channel conditions.



Practical Applicability

The practical applicability of the dissertation is reflected in the development of software
implementations and methods for efficient coding, transmission, and visualization of 3D content,
applicable to systems for extended reality, holographic communication, telepresence, and
interactive multimedia environments. The proposed autoencoder architectures and Deep Joint
Source—Channel Coding (DJSCC) methods enable reduction of the required transmission bitrate
while maintaining good reconstruction quality and robustness to channel noise. Software systems
for compression of RGB-D images and point clouds have been implemented, together with
experimental implementations of the AEPCC and DPCT architectures, which can serve as a
foundation for future scientific research and practical systems for processing and transmission of
3D content. The results of the dissertation may find applications in modern communication
systems based on 5G/6G networks, cloud infrastructures, and XR platforms.

Publications

The main achievements and results of the dissertation have been published in 6 scientific
publications, of which 3 are published in international scientific journals and the remaining 3 are
presented at international scientific conferences. One of the publications is single-authored.

The international scientific journals are: IEEE Access (2024 and 2025) and MDPI Sensors (2023).

The international scientific conferences are: IEEE International Scientific Conference on
Information, Communication and Energy Systems and Technologies (ICEST) 2025, IEEE
International Symposium on Wireless Personal Multimedia Communications (WPMC) 2025, and
Joint International Conference on Digital Arts, Media and Technology with ECTI Northern
Section Conference on Electrical, Electronics, Computer and Telecommunication Engineering
(ECTI DAMT & NCON) 2026.

Structure and Scope of the Dissertation

The dissertation consists of 151 pages and includes an introduction, 5 chapters addressing the
formulated research objectives, a list of the main contributions, a list of publications related to the
dissertation, a list of software implementations, and references. A total of 97 references are cited,
of which 94 are in Latin script and the remaining are internet sources. The dissertation contains 49
figures and 8 tables. The numbering of figures and tables in the abstract corresponds to that in the
dissertation.

The dissertation is structured into five chapters. Chapter 1 presents an analysis of the state of the
art and reviews classical, learning-based, and semantic methods for 3D content coding. Chapter 2
introduces an operational model for systems for acquisition, transmission, and visualization of 3D
content and analyzes the integration of learning-based methods within the different system layers.
Chapter 3 investigates autoencoder architectures for coding the geometric structure of sparse point
clouds. Chapter 4 studies the use of these architectures for compression through quantization and
secondary coding of latent representations, while Chapter 5 addresses deep joint source—channel
coding for the transmission of point clouds over noisy communication channels.



I1. CONTENT OF THE DISSERTATION

CHAPTER 1. ANALYSIS OF THE STATE OF THE PROBLEM BASED ON
LITERATURE REVIEW

The first chapter examines the fundamental principles and contemporary approaches to 3D source
coding, with emphasis on the development of methods for compression of three-dimensional
content. The main categories of methods are presented — classical, learned, and semantic — which
differ in the way intermediate data representations are formed and interpreted. Their theoretical
foundations, advantages, and limitations are analyzed, together with their relation to the rate—
distortion tradeoff and the statistical modeling of 3D data. The objective is to establish a conceptual
framework for comparing the different approaches and to outline the development trends in
modern systems for compression and transmission of 3D content.

1.3 Fundamentals of 3D Source Coding

1.3.1 Categorization of 3D Source Coding Methods

Based on the presented theoretical formulations, a generalized definition of source coding can be
established as an operation that provides a compact intermediate representation of data, enabling
reconstruction of the original input signal with controlled distortion while significantly reducing
the required channel bandwidth or storage capacity. Figure 1.4 illustrates a generalized
compression pipeline, together with the main quality assessment metrics and the processing stages
at which they are evaluated.
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Figure 1.4: General compression pipeline with indicated evaluation metrics.

The analysis in the field of 3D content compression presented in [Al] groups coding methods into
three categories. These categories are distinguished according to the form of the intermediate
representation and the means by which it is obtained. The following three categories of methods
are identified: classical, learned, and semantic, which are discussed in this chapter in Sections 1.4,
1.5, and 1.7, respectively.



1. Classical compression methods. In this class of methods, the intermediate representation is
typically a vector of features that are not interpretable by humans, or a high-entropy bitstream.
Compression is achieved through the classical techniques described in Section 1.1. These
approaches are deeply rooted in classical information theory and digital signal processing and
form the basis of established standards for 3D content compression.

2. Learned compression methods. In learned methods, the intermediate representation is also a
vector of features that are not interpretable by humans, but the means used to obtain it are
based on machine learning and deep learning techniques. Neural networks, autoencoder
architectures, and other trainable models are most commonly employed and optimized
according to rate—distortion criteria. Unlike classical approaches, both the transformation and
probabilistic modeling are learned directly from data, enabling better adaptation to the complex
structure of 3D sources.

3. Semantic compression methods. Semantic compression differs in that the intermediate
representation consists of human-interpretable features carrying semantic information about
the scene or objects. This approach aims to preserve the context and meaning of the content.
Semantic methods employ techniques from deep learning, machine learning, and semantic
feature extraction, enabling direct interpretation or subsequent processing of the compressed
representation without requiring full reconstruction of the original signal.

The taxonomy presented in the systematic survey [Al] reflects the distribution and the main
directions of contemporary 3D content compression methods. Figure 1.5 presents a graphical
illustration of this taxonomy, which will serve as a conceptual framework for the analysis and
comparison of the different classes of methods in the following sections of the dissertation.

1.8 Conclusions

The performed analysis of the state of the problem shows that the coding of visual content, and in
particular 3D content, is based on a well-established theoretical framework derived from classical
information theory and transform coding, in which the rate—distortion tradeoff and the efficient
modeling of statistical dependencies in the data play a central role. Classical methods, represented
by standards such as Video-based Point Cloud Compression (V-PCC) and Geometry-based Point
Cloud Compression (G-PCC), demonstrate high maturity and efficiency, especially for point cloud
content, as confirmed both by their widespread practical use and by their dominant presence in the
literature [Al].

On the other hand, learned methods extend this paradigm through the use of neural networks for
automatic extraction of compact representations and probabilistic modeling, enabling better
adaptation to the complex structure of 3D data and leading to substantial improvements in coding
efficiency [Al]. In the context of Joint Source—Channel Coding (JSCC), these methods enable
direct optimization of the representation with respect to the channel characteristics and the target
task, resulting in more robust behavior under noisy conditions and finite block lengths compared
to classical separate coding approaches [55].

Nevertheless, learned approaches are characterized by a higher degree of uncertainty associated
both with training and with generalization across diverse datasets, placing them in a tradeoff
between efficiency and reliability relative to classical methods. At the same time, there is an
increasing trend toward the use of interpretable intermediate representations, in which the
compressed content can be analyzed, modified, or utilized without requiring
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Figure 1.5: Taxonomy of 3D source coding methods presented in [A1].

full reconstruction [Al, A2]. Such representations have practical applications in tasks such as
search, editing, scene interaction, and integration with other systems, making them particularly
attractive from an engineering perspective.

As summarized in Figure 1.17, adapted from [A1], contemporary approaches can be viewed as an
evolution from classical toward learned and interpretable methods, where new opportunities for
improving coding efficiency emerge alongside lower technological maturity and a higher degree
of uncertainty. This highlights the need for the development of new methods that combine the
advantages of classical and learned approaches with the use of interpretable intermediate
representations, aiming to achieve higher efficiency, flexibility, and adaptability in the coding and
visualization of 3D content.
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1.9 Definition of the Objective and Main Tasks of the Dissertation

The main objective of this dissertation is to investigate and develop methods for integrating learned
and semantically oriented approaches into systems for acquisition, transmission, and visualization
of 3D content, with the aim of improving the efficiency, adaptability, and functionality of the
coding process.

To achieve this objective, the following main tasks are formulated:
1. Analysis of the possibilities for integrating learned and semantically oriented coding
approaches into systems for acquisition, transmission, and visualization of 3D content;
2. Investigation and development of autoencoder architectures for coding 3D sources;

3. Investigation and development of autoencoder architectures for Joint Source—Channel
Coding (JSCC) of 3D content, aiming to achieve robustness to channel impairments and
efficiency under finite block lengths;

4. Implementation, experimental evaluation, and comparative analysis of the proposed
methods and architectures.



CHAPTER 2. INTEGRATION OF LEARNED CODING METHODS INTO
3D CONTENT SYSTEMS

The software implementation of the coding approaches in the acquisition layer can be found in
[B1]: https://github.com/Teleinfrastructure-Research-Lab/rgbd-fusion

Chapter 2 introduces a unified four-layer operational model for systems for acquisition,
transmission, and visualization of 3D content, which is used to analyze the distribution of
computational and communication resources across the different parts of the system. Based on this
model, practical coding approaches in the acquisition layer are examined, including RGB-D data
compression through coloring, multiplexing, and semantic-aware processing, enabling the
reduction of communication load while maintaining low computational complexity. In addition, a
theoretical framework for coding in the visualization layer is formulated, in which the encoder
employs a more accurate and more complex probabilistic model than the decoder, while the
mismatch between the two models is compensated through side information. This establishes the
foundation for investigating the relationship between model accuracy, complexity, and the
required transmission rate.

2.1 Operational Model of Systems for Acquisition, Transmission, and
Visualization of 3D Content

In order to analyze the integration of learned coding methods into real-world systems, it is
necessary to introduce a general operational model for systems for acquisition, transmission, and
visualization of 3D content. In [A3], a four-layer model was proposed to describe the data flow
in Holographic-Type Communication (HTC) systems. The model can also be considered in a
broader context, since it describes the fundamental operations performed on 3D data: acquisition,
processing, transmission, and visualization. In this dissertation, the model is used as a universal
operational framework, while HTC is treated as a particular case.

A significant advantage of the model proposed in [A3] is that it is data-centric, i.e., focused on
the transformation and transmission of data, which enables a clear distinction between
computational and communication “load.” The tradeoff between these two resources is
fundamental to the system architecture and to the integration of coding methods.

The model from [A3] has been adapted to the general case of systems for acquisition,
transmission, and visualization of 3D content and is illustrated in Figure 2.1. It includes the
following layers:

1. Acquisition — Transforms the physical scene into digital data through sensors and basic
preprocessing.

2. Processing — Converts the raw data into a structured 3D representation through operations
such as reconstruction and segmentation.

3. Transmission — Provides efficient and reliable transfer of data between system nodes.

4. Visualization — Reconstructs and visualizes the scene through end devices such as Head-
Mounted Displays (HMDs) for virtual or augmented reality.
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Figure 2.1: Operational model of systems for acquisition, transmission, and visualization of 3D
content.

2.1.2 Distribution of Resources Across the Layers

One of the main conclusions in [A3] is that, in 3D content systems, computational and
communication resources jointly determine the overall system efficiency. This follows from the
fact that data are not transmitted directly, but instead pass through a sequence of transformation
operations (e.g., reconstruction, segmentation, coding), which require significant computational
resources. Consequently, efficiency cannot be characterized solely by the amount of transmitted
data, but rather by the distribution of resources between computation and communication.
Formally, system design involves selecting algorithms that minimize communication load under
given computational complexity constraints, or vice versa [4, 67]. Within the scope of this
dissertation, the focus is placed on the communication aspect of this tradeoff. More specifically,
coding methods are considered that reduce the required transmission rate for a given computational
resource budget, without analyzing in detail the remaining processing stages (e.g., reconstruction,
segmentation, calibration, etc.) characteristic of 3D content or HTC systems.

The distribution of computational and communication resources is not uniform across the system
layers. Each layer is characterized by a specific resource profile, which determines the admissible
algorithmic complexity and the effective coding strategies (Figure 2.1 and Table 2.2).

In summary, the distribution of resources across the layers is heterogeneous: computational
capacity increases from the acquisition layer toward the processing layer, whereas communication
constraints are most pronounced during data transfer between the different entities participating in
the communication process through a public network (local acquisition environment — cloud
computing clusters — end-user devices). This necessitates joint optimization of computational and
communication resources in the design and integration of coding methods.
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Table 2.2: Summary of resource constraints across system layers.

Layer Computational resources Communication resources

Data Acquisition Low (end devices) High (LAN)

Processing High (cloud resources) High (cloud infrastructure)

Transmission Moderate to High High (cloud infrastructure)

Visualization Low (end devices, HMD) Low to Moderate (wireless
connections)

2.3 Challenges in the Transmission of 3D Content

Systems for acquisition, transmission, and visualization of 3D content are characterized by
extremely high requirements in terms of data volume and transmission latency, which creates
specific challenges across the different layers of the operational model [4]. During acquisition, a
major issue is traffic congestion within the local network [A3]. Even with a relatively small
number of sensors, the generated data stream can reach the order of 10° bits per second. For
example, with three sensors operating at 30 frames per second, the data volume exceeds 2 Gbps
[A3]. In this context, the use of reliable transport protocols such as TCP introduces additional
effects, including packet retransmissions and congestion control, which may increase latency and
lead to variations in frame arrival rates. This creates a mismatch between the generated and the
actually processable data stream, requiring careful management of buffering and synchronization.

At the visualization stage, an opposite but equally critical problem arises. End-user devices (e.g.,
HMDs) have limited communication connectivity and often rely on wireless links with constrained
bandwidth. At the same time, the requirements for rendering quality and latency are extremely
strict, with acceptable latency on the order of tens of milliseconds [4]. This creates a fundamental
conflict between the need to transmit large volumes of 3D data, the limitations of the
communication channel, and the limited computational capabilities of end-user devices.

In summary, 3D content systems are constrained both by congestion in local networks during the
acquisition stage and by limited bandwidth in end-user networks during visualization. This
necessitates the use of efficient compression and adaptive transmission methods that minimize
communication load while maintaining low-latency requirements.

2.1.4 Placement and Integration of Learnable Coding Methods

As established in Chapter 1, learnable coding methods achieve higher efficiency compared to
classical approaches by adapting to the statistical structure of the data. This is particularly
important for 3D content, where dependencies are complex and difficult to describe using
analytical models. However, this efficiency is typically achieved at the cost of increased
computational complexity, which generally grows with the scale of the model [68]. Within the
operational model proposed in [A3], the integration of such methods should therefore be viewed
as a problem of joint optimization between computational and communication resources. More
specifically, coding methods can be regarded as mechanisms for reducing communication load
through the use of additional computational resources. Their practical applicability depends on
whether the required complexity can be supported within the corresponding layer of the system.

Consequently, the selection and placement of learnable codecs are not universal, but depend on
the resource constraints of the specific layer (capture devices, cloud infrastructure, end-user
visualization devices). In this sense, the integration of learnable methods is layer-specific and
requires consideration of both the available computational capacity and the bandwidth limitations.
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2.4 Conclusions

In this chapter, a unified operational model for systems for acquisition, transmission, and
visualization of 3D content was introduced, based on [A3], enabling a systematic analysis of the
trade-off between computational and communication resources. It was shown that this trade-off is
not uniformly distributed across the system layers, with the visualization layer being characterized
simultaneously by limited bandwidth and limited computational capacity. This makes it a critical
point for the integration of efficient coding methods.

In the context of the acquisition layer, the compression of Red-Green-Blue-Depth (RGB-D) data
through colorization and the use of classical image coding schemes [A4] was analyzed. It was
shown that through appropriate preprocessing and multiplexing, a substantial reduction of
communication load can be achieved with minimal computational overhead. This demonstrates a
practical strategy for adapting coding methods to the constraints of a specific system layer.

Finally, a theoretical problem related to source coding in the visualization layer was formulated,
associated with the use of mismatched probabilistic models. It was shown that classical entropy
coding constrains model complexity by the resources available at the decoder, which contradicts
the desired system architecture. In this context, a framework was defined in which the encoder
uses a more accurate model while the mismatch is compensated through side information, and the
fundamental condition for the efficiency of such a scheme was derived. This establishes the basis
for further investigation of the relationship between model accuracy, complexity, and required
transmission rate.

CHAPTER 3. AUTOENCODER ARCHITECTURES FOR SPARSE POINT
CLOUD GEOMETRY CODING

The software implementations of the architectures and methods presented in Chapter 3 can be
found in [B2]: https://github.com/Teleinfrastructure-Research-Lab/aepcc

This chapter examines the system for coding the geometric structure of sparse point clouds
proposed in [A5] (see Fig. 3.1), which is implemented within the conceptual framework introduced
in Section 1.7. In particular, the system employs a virtual channel for the transmission of global
context, as formulated in Section 1.15 and applied to semantic scenarios in Section 1.7.3. Unlike
classical point cloud coding approaches, such as those used in G-PCC, which rely on spatial
partitioning through blocks and slices (see Section 1.4.2), the considered system applies semantic
segmentation to the scene. This enables the use of an interpretable intermediate representation of
the global context, describing the spatial arrangement of objects in three-dimensional space. In this
way, the scene is modeled as a collection of semantically meaningful objects rather than as a
uniformly discretized space.

Following segmentation, each object is normalized through spherical normalization, while the
normalization parameters are stored as metadata (object class, position, and scale). To describe the
detailed context characterizing appearance and geometry, the normalized objects are processed by
an autoencoder that generates a non-interpretable intermediate representation in the form of a latent
vector. Together with the metadata, these vectors form the overall intermediate representation,
structured as a set of object records consisting of a latent vector, object position, and object scale
within the scene. In [A5] and [A6], several autoencoder architectures operating on the geometric
structure of sparse point clouds are proposed. These architectures are analyzed and compared
throughout this and the following chapters.
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Figure 3.1: Block diagram of the system proposed in [A5].

Q — quantization; SC — secondary coder; CC — channel coder; M — modulator; DM —
demodulator; CD — channel decoder; SD — secondary decoder.

For a normalized point cloud P = {p,,}Y_,, p,, € R3, representing the geometric structure of an
individual object, the autoencoder implements an analysis (forward) transform z = f(P) and a
synthesis (inverse) transform P = g(z) All considered architectures follow a common non-
hierarchical (flat) processing principle, similar to that in [76]. In the first stage, the point
coordinates are used to extract initial point-wise features. Depending on the specific
implementation, positional encoding may be applied to these features. Next, dependencies between
points are modeled through a function f,, which enriches the representation with inter-point
context extracted based on the connectivity and topology of the point cloud. This connectivity may
be defined explicitly (e.g., through a kNN graph) or implicitly extracted using attention
mechanisms [44], which adaptively model dependencies between points according to their
features. Finally, a global aggregation operation (e.g., max pooling) is applied to obtain a single
global latent vector z, representing the entire object. In the decoder, this global vector is replicated
(M) times, and positional encoding is applied to the resulting (M) points with identical features. A
function g, is then used to transform the positionally encoded features, after which they are
mapped back into three-dimensional coordinates. The reconstructed objects are finally scaled and
positioned within the scene using the global context.

In [A5], two main operating modes for the use of the latent representation are considered. The first
is the classical separate coding approach, in which the latent vector z is quantized, followed by
secondary coding (e.g., entropy or dictionary coding). This mode is examined in Chapter 4. Within
this scenario, channel coding and modulation for transmission over a communication channel may
also be incorporated. The second mode is Joint Source-Channel Coding (JSCC), in which the latent
vector z is used directly for carrier signal modulation and transmitted without quantization. This
second mode is examined in Chapter 5.
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In summary, the present chapter focuses on the analysis and comparison of different autoencoder
architectures, their training strategies, and their computational complexity, with the goal of
identifying suitable classes of functions and architectural solutions for efficient extraction of
meaningful features from point clouds. These investigations are conducted within a unified
geometry coding system that combines an interpretable representation of scene structure with
compact latent descriptions of individual objects. The system illustrated in Fig. 3.1 will hereafter
be referred to as Autoencoder-based Point Cloud Coding (AEPCC), following the terminology
used in [A5].

3.6 Training scenarios

In [A5] and [A6], each architecture is trained using three different latent space dimensionalities:
128, 256, and 512. This variation enables the investigation of the influence of latent space capacity
on reconstruction quality and behavior in the presence of channel noise. All models presented in
[A5] — namely FoldingNet, Graph Autoencoder (GAE), and Transformer Graph Autoencoder
(TGAE) — are trained and validated on the synthetic SYNTH dataset described in Section 3.5. In
contrast, the architectures in [A6] are trained on the dataset introduced in [79], which is divided
into training, validation, and test subsets in an 80%:10%:10% ratio. To reduce task uncertainty in
[A6], the global rotation of objects is removed so that all models are consistently aligned. The total
number of encoder and decoder parameters for each architecture considered in this chapter is
summarized in Table 3.1. In both [A5] and [A6], the Chamfer distance is used as the loss function,
computed between the original and reconstructed point clouds P and P, as defined in (3.11), where
N =|Pland M = |P|.

Table 3.1: Number of encoder and decoder parameters for the different architectures and their
training times.

Architecture Module F=128 F = 256 F =512 Training time

FoldingNet Encoder 100,8K 282K 939,5K 6,11h./6,91h./8,28h.
Decoder 68,6K 268,3K 1M

GAE Encoder 767,8K 2M 5,9M 21,33h./28,46h./60,06h.
Decoder 939,8K 2,6M 7,9M

TGAE Encoder 1,1M 4,2M 16,5M 17,13h./30,38h./111,18h.
Decoder 1,5M 5,8M 23,1M

SEPT Encoder 2,3M 2,3M 2,3M 4,21h./5,67h./6,50h.
Decoder 17,8M 17,8M 17,8M

DPCT Encoder 5,4M 5,4M 5,6M 6,17h./6,14h./6,20h.
Decoder 74,5M 74,6M 74, 7TM

1 _ o1 o 3.11
Lep (P, P) :NZ rfglelglp—plz+ﬁzr;gplp—plz (340
pEP peP

In [A5], all models are trained using the Adaptive Moment Estimation (ADAM) optimizer for 300
epochs. The learning rate is set to 107, with a weight decay coefficient of 107, A learning rate
scheduler is employed, applying step-wise decay every 60 epochs with a factor of 0.5. The batch
size is 64. Since some point clouds are padded with zeros, a point-level binary mask (described in
Section 3.5) is used to exclude the padded points from the loss computation. For the GAE
architecture, masking is applied both at the input and output, since the model preserves
correspondence between input and output points, as described in Section 3.3.
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In [A6], training is performed in a similar but modified manner. For the Dynamic Point Cloud
Transmission (DPCT) architecture, the same batch size is used, but training is parameterized with
different channel noise levels, SNR.in€{0dB,5dB,10dB}. During the training of the FoldingNet
[76] and Semantic Point Cloud Transmission (SEPT) [57] architectures in [A6], an initial learning
rate of 1073 is used, while DPCT is trained with a learning rate of 10, This reflects the higher
complexity of the architecture and the need for more stable optimization. An additional variation
of DPCT with phase-invariant decoding, discussed in Section 5.4, is also trained using SNRtrain. =
5dB and F=512. In [A6], all architectures are trained for 200 epochs.

The Chamfer loss curves during training and validation for the architectures proposed in [A5] are
presented in Section 3.6 of the dissertation. All models demonstrate stable convergence, while the
observed differences in loss behavior correlate with both model capacity and the specific
architectural and training characteristics. For the experiments in the following chapters, the
weights from the epoch with the minimum validation loss are used.

Considering the three architectures examined in [A5] and the three latent vector dimensionalities
used during training, a total of 9 different models are trained in [A5]. In [A6], three architectures
(FoldingNet, SEPT [57], and DPCT) are trained, again with three variations of latent space
dimensionality and three variations of channel Signal-to-Noise Ratio (SNR), denoted as SNRyrain.
Consequently, a total of 27 models are trained in [A6], in addition to one extra model investigating
phase-invariant decoding, discussed in Chapter 5. These models are used in the following chapters
for experiments on point cloud compression and Deep Joint Source-Channel Coding (DJSCC).

3.6 Conclusions

In this chapter, autoencoder architectures for coding the geometric structure of sparse point clouds
within the AEPCC system were examined. It was shown that the general framework, based on
semantic segmentation, interpretable representation of global context, and compact latent
descriptions of individual objects, enables the integration of different architectural approaches into
a unified system for compression and transmission of 3D content.

The analyzed architectures cover a broad range of point cloud processing methods — from
FoldingNet-based decoders with geometric positional encoding, through graph-convolutional
autoencoders, to hybrid architectures incorporating self-attention and 3D convolutions. This makes
it possible to investigate the influence of different mechanisms for modeling inter-point
dependencies, various forms of positional encoding, and different decoding strategies on
reconstruction quality, computational complexity, and applicability in point cloud compression
and DJSCC tasks.

CHAPTER 4. COMPRESSION OF SPARSE POINT CLOUDS USING
AUTOENCODER ARCHITECTURES

The software implementations of the methods presented in Chapter 4 can be found in [B2]:
https://github.com/Teleinfrastructure-Research-Lab/aepcc

This chapter examines the use of the autoencoder architectures analyzed in Chapter 3 within the
classical separate coding framework. In this scenario, the autoencoder acts as a learnable transform
that extracts a compact latent vector z, describing the geometric structure of the object. In this
sense, the considered formulation corresponds to the classical visual content coding pipeline, in
which three main stages are combined: (learnable) transformation, quantization, and entropy or
dictionary coding. According to the block diagram in Fig. 3.1, this chapter focuses on the
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quantization and secondary coding blocks of the latent representation, without considering channel
coding and modulation.

The main question addressed in this chapter is to what extent the latent representations extracted
by different architectures are suitable for efficient geometry compression. To this end, the
influence of architectural complexity, latent space dimensionality, and quantization step size on
the rate—distortion trade-off is analyzed. Within this chapter, the transmission channel is assumed
to be ideal, meaning that transmission errors are not considered. Consequently, the analysis is
focused entirely on geometry compression (source coding). This makes it possible to clearly
separate the effects of quantization of z from the effects associated with transmission over a noisy
channel, which are addressed in Chapter 5.

More specifically, the chapter investigates the quantization of latent vectors, the formation of a
serialized intermediate representation, and the application of secondary coding to the resulting
discrete symbols. The obtained results are evaluated through rate—distortion characteristics,
enabling comparison both between the different autoencoder architectures and against classical
geometry coding approaches.

4.1 Problem Formulation

The considered experimental setup is illustrated in Fig. 4.1. Let P = {p,,}~_,, p» € R®, denote a
normalized point cloud representing the geometric structure of an individual object. As discussed
in Chapter 3, the encoder implements a learnable transform z = f(P), where z € RF is the latent
vector, and F is the dimensionality of the latent space. In the general case, z contains continuous
values and cannot be directly represented as a finite bitstream. Therefore, in the separate coding
framework, a quantization stage is introduced, through which a discrete latent representation z =
Q(z), where Q(-) denotes the quantization operator. The resulting discrete representation Z can
then be serialized and represented by a compact bitstream. In this sense, the autoencoder defines
the transformation P +— z, while the subsequent stages provide a discrete representation of z,
suitable for efficient secondary coding. The decoder reconstructs the geometric structure through
P= g(Q‘l(i)), where g(-) is the synthesis transform.

Quantized vector z )
Dequantized latent

Latent vector z p,
1\ vector z
1

_____

: \Z
M Ideal 1
Q SC Channel Sb Q
Normalized Reconstructed

Point clouds Y point cloud

Bit stream

Metadata Metadata

Figure 4.1: Diagram of the considered experimental setup.

In the considered scenario, the bitrate depends on three main factors: the latent vector
dimensionality F, the quantization step size 4, and the efficiency of the secondary coding scheme.
Increasing F generally increases the representational capacity and may improve reconstruction
quality, but simultaneously increases the number of coded symbols. Reducing 4 leads to a more
precise representation of the latent vectors, but typically increases the entropy of the symbol stream
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and consequently the required bitrate. In turn, the secondary coding stage removes statistical
redundancy from Z in order to reduce the length of the bitstream without introducing additional
information loss.

An important characteristic of the considered setup is the assumption of an ideal transmission
channel, i.e., after secondary decoding, the exact same quantized latent vector Z generated by the
encoder is perfectly reconstructed. Consequently, the only sources of distortion considered in this
chapter are the imperfections of the autoencoder architecture and the quantization of the latent
representation, rather than transmission errors. This makes it possible to experimentally analyze
the extent to which different autoencoder architectures produce latent representations that are both
compact and robust to quantization.

Within the meaning of the system shown in Fig. 3.1, each object is represented by the pair (Z, m),
where m denotes the associated metadata related to the object’s position, scale, and class. In this
chapter, the primary focus is on the compression of the latent vector Z, since it carries the main
information describing the detailed geometric structure. The metadata are treated as an additional
serialized description required for arranging the objects within the scene, but they do not alter the
fundamental relationships between latent space dimensionality, quantization, and reconstruction
quality. Based on this framework, the following sections analyze specific quantization and
secondary coding strategies, as well as the resulting rate—distortion characteristics of the
architectures introduced in Chapter 3.

4.6 Results for Compression of the Geometric Structure of 3D Scenes

The scene compression results reported in [A5] were obtained under two experimental scenarios.
In the first scenario, the rate—distortion (R—D) characteristics were analyzed using scenes from the
REAL dataset. The observed behavior is similar to that obtained for individual object compression
(Section 4.5), confirming the following main trends: (i) TGAE demonstrates the best R-D
efficiency; (i) model size has a significant impact under aggressive quantization, but its influence
decreases at higher bitrates; and (iii) the best performance is not necessarily achieved by the largest
models.

In the second experiment, the R-D characteristics were evaluated on four independent scenes —
two from the SceneNN dataset and two captured by the authors of [A5]. The quantitative and
qualitative results are presented in Section 4.6 of the dissertation. The input scenes and the
corresponding reconstructions generated by the different methods are shown together with the
associated R—D curves for each scene.

The presented results show that neither Draco nor G-PCC are capable of reaching the very low
bitrates achieved by AEPCC, regardless of the autoencoder architecture used. Due to the limited
overlap between AEPCC and the classical codecs in the low-bitrate region, the Bjontegaard Delta
PSNR (BD-PSNR) metric cannot be reliably computed. Instead, when sufficient overlap exists in
terms of Peak Signal-to-Noise Ratio (PSNR), the Bjontegaard Delta Rate (BD-Rate) metric is used
with G-PCC as the reference method, and the results are summarized in Table 4.3.

4.7 Conclusions

This chapter investigates the use of the autoencoder architectures introduced in Chapter 3 within
the classical separate coding framework, where the latent representation is quantized and subjected
to secondary coding. It was shown that the autoencoder architectures generate latent
representations that can be efficiently compressed, with the rate—distortion tradeoff depending
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Table 4.3: BD-Rate comparison of the coding schemes using G-PCC as the reference codec.

Scene 1 Scene 2 Scene 3 Scene 4 Average

BD-Rate Time BD-Rate Time BD-Rate Time BD-Rate Time BD-Rate Time
Codec F [%] [s] [%] [s] [%] [s] [%] [s] [%] [s]
FoldingNet|128 | -85.69 [0.30 £0.006] -83.01 [0.25 +0.004| -72.69 (0.51 £0.011| -82.88 |0.62 +0.012| -81.07 |0.42 £0.151
FoldingNet|256 | -81.53 [0.30 £0.004 -77.23 |0.25 +0.004| -68.15 [0.51 +0.009| -74.94 |0.63 +0.015| -75.46 |0.42 £0.156
FoldingNet|512 | -69.59 [0.30 £0.006| -73.90 |0.25+0.004| 22706 |0.52 +0.013| -62.25 |0.63 +0.020( -50.53 |0.42 £ 0.158

GAE 128 | -87.45 [0.45 £ 0.006 -74.98 [0.34 £0.005| -77.59 |0.83 +0.011|[EBABAN 1.05 + 0.014| -81.14 |0.67 +0.289
GAE 256 | -81.99 [0.46 £0.005 -66.24 [0.35 +0.006| -71.02 0.86 £0.011| -76.97 |1.09 +0.013| -74.06 |0.69 +0.299
GAE 512 | 26207 [0.47 £0.007 -52.58 /0.36 +0.006| -53.62 |0.91+0.012| -62.35 |1.15 +0.016| -39.46 [0.72 +0.323
TGAE 128 [[E878100.39 + 0.006]586:340{0.32 + 0.004[ 5811091 0.66 + 0.012| -84.51 [0.81 +0.015 || S84040.55 + 0.201
TGAE 256 | -76.29 [0.40+0.006 -82.81 [0.33 +0.005| -74.20 [0.69 £0.015| -77.32 [0.85 +0.019| -77.65 [0.57 +0.214
TGAE  |512| 7335 [0.43£0.009 -73.13 [0.34 £0.008 -58.79 [0.79 +0.016| -63.62 |0.99 +0.020| -67.22 |0.64 +0.265
CRCR __ |— | -34.34 0.04+0.003 12571 [0.20+0.006| -28.74 [0.06 +0.013| -45.59 [0.09  0.025[ -25.58 [0.10 + 0.066
Draco |— | -33.23 |0.54+0.166 -11.83 [0.27 +0.065| 0.12 |1.25+0.416] -25.70 |1.69 +0.597| -17.66 |0.94 +0.674
G-PcC_ |— | — 7120374 — 03320132 — [222+1371] — Jo97:0736] — [111:109

The dark gray cells indicate the best BD-Rate for the corresponding scene, while the light gray
cells denote the second-best result. Processing times (the best result is underlined) were measured
on a system equipped with an AMD Ryzen 9 7950X CPU, 64 GB RAM, and an NVIDIA RTX 4090
GPU.

jointly on the architecture, the dimensionality of the latent space, and the quantization step size.
The results demonstrate that, for compression at both the individual object level and the scene
level, the TGAE architecture achieves the best rate—distortion (R-D) efficiency while also
demonstrating good generalization capability when transitioning from synthetic to real-world data.

The analysis further shows that model capacity is particularly important under aggressive
quantization, whereas at higher bitrates the architectural design has a more significant influence
on reconstruction quality. In addition, the scene compression results indicate that the proposed
AEPCC approach outperforms classical coding schemes such as Draco and G-PCC, as well as the
learned CRCIR method, in the low-bitrate regime for sparse point clouds, especially when using
the GAE and TGAE architectures. These findings confirm that learned transformations, combined
with appropriate quantization and secondary coding, constitute an effective approach for
compressing the geometric structure of sparse point clouds.

CHAPTER 5. DEEP JOINT SOURCE-CHANNEL CODING FOR POINT
CLOUDS

The software implementations of the methods presented in Chapter 5 can be found in [B3]:
https://github.com/Teleinfrastructure-Research-Lab/Ib-dpct

The previous chapter examined the problem of point cloud compression using learned autoencoder
architectures within the classical separate coding framework. In this mode, scene compression is
achieved through quantization of the latent vector followed by secondary coding, while Chapter 4
considered the transmission of the resulting bitstream over an ideal noiseless channel. In the
presence of a real communication channel affected by noise, additional channel coding is required
in order to protect the transmitted information against transmission errors. The classical separate
coding approach is theoretically optimal for infinite block lengths and stationary channel
conditions, according to the theoretical framework discussed in Section 1.6 of the dissertation. In
practical systems, however, where finite codeword lengths and dynamically varying channels are
considered, this approach leads to significant limitations. The most characteristic of these is the
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so-called cliff-effect, where a slight degradation in channel SNR results in a sharp drop in
reconstruction quality. This behavior is particularly undesirable for real-time transmission of 3D
content, where graceful degradation is a critical requirement. This limitation of separate coding
manifests precisely in the finite block-length regime, where Joint Source—Channel Coding (JSCC)
represents a more suitable alternative [A5, 57, 55]. In this context, the AEPCC system introduced
in [A5] and discussed in Chapter 3 supports a JSCC/DJSCC operating mode, in which the latent
representations can be directly used for carrier modulation and transmission over a noisy channel
without the need for quantization and channel coding.

The advantages of the JSCC approach are particularly significant for dynamic 3D data, which are
becoming a key type of content for applications such as Extended Reality (XR), telepresence [A3,
4], and mobile robotics, but whose transmission over wireless channels remains challenging due
to their high dimensionality and complexity [4]. Classical separate coding approaches suffer from
the cliff-effect and limited adaptability in the short block-length regimes characteristic of modern
applications [92]. In contrast, Deep Joint Source—Channel Coding (DJSCC), implemented through
the direct transmission of continuous latent representations, provides graceful quality degradation
and greater adaptability to channel conditions. This chapter analyzes the noise sensitivity of the
autoencoder architectures proposed in [A5] and introduced in Chapter 3, namely FoldingNet,
GAE, and TGAE, by investigating their behavior in the presence of Additive White Gaussian
Noise (AWGN) in the latent space. This analysis serves as a transition from the compression-
oriented setup studied in Chapter 4 toward a realistic communication scenario. Subsequently, the
experimental setup from [A6] is introduced and formalized, examining the behavior of the DPCT
architecture in JSCC mode, where latent vectors are directly used for modulation and transmission
over a noisy channel. In addition, the chapter discusses the specific challenges arising in the
transmission of dynamic point clouds in the JSCC regime, including synchronization problems
and sensitivity to temporal shifts, as well as the solutions proposed in [A6] to address these issues.

5.2 Joint Source—Channel Coding and Transmission over Noisy Channels

In the second operating mode of the AEPCC system shown in Fig. 3.1, namely the JSCC mode,
where the components of the latent vector are used for carrier modulation and transmission over a
noisy channel, the DPCT architecture proposed in [A6] is investigated. The experimental setup
from [A6] is illustrated in Fig. 5.3 and generally corresponds to the second operating mode of
AEPCC, extended with additional blocks responsible for specific transmission-related functions
in a noisy communication channel.

In this mode, the transmitted symbols correspond directly to the elements of the latent vector
generated by the encoder, according to the architecture described in Section 3.4.2 and in previous
works [76, 57, 95]. The latent vector z € R¥ consists of F real components whose amplitudes are
treated as continuous values, although in practice they are represented using 32-bit floating-point
numbers. To transmit z over a physical channel, the Discrete Time Analog Transmission (DTAT)
[95]. Let z = [z, ..., zr_1] " denote the latent vector generated by the DJSCC encoder, where each
element z;, corresponds to a transmitted symbol a[k] (a real-valued amplitude). The symbols are
interpreted as pulses spaced at intervals of T and shaped using a Root-Raised-Cosine (RRC) filter.
The resulting DTAT signal is mathematically described in Eq. 5.6, where grgrc(t) denotes the
impulse response of the RRC filter, k = 0,...,F — 1, and T is the symbol interval. This pulse
shaping ensures that the transmitted signal remains bandwidth-limited, while the use of a matched
RRC filter at the receiver together with sampling at the symbol instants minimizes Inter-Symbol
Interference (ISI).

5(t) = )" alk] guac(t = kT) (56)

k
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Within this framework, two main technical challenges arise, which are addressed in the following
sections:

1. Efficient decoding in a noisy channel: The transmitted point cloud must be reconstructed
from the noisy latent vector with minimal quality degradation. As shown in Section 5.1
and in [A5], autoencoders demonstrate significant robustness to noise in the latent space,
even when such noise is absent during training. However, [57] shows that injecting
Additive White Gaussian Noise (AWGN) into the latent vector during training improves
robustness to channel noise. Furthermore, the use of a matched RRC filter at the receiver
maximizes the output Signal-to-Noise Ratio (SNR) and is optimal for AWGN channels,
making it a natural choice for recovering the latent symbols [95].

2. Frame synchronization: During the transmission of dynamic point clouds, multiple latent
vectors are transmitted sequentially, each corresponding to an individual frame. The
receiver must determine the boundaries between these consecutive vectors in order to
correctly reconstruct the separate frames. Unlike digital communication systems, where
this task is typically solved through packet headers or predefined preambles [96], such
structures are not available in analog DJSCC communication systems. This makes the
frame synchronization problem significantly more challenging, and it remains relatively
unexplored in the literature [97]. A visual illustration of this problem is presented in Fig.
5.4A, showing how receiver desynchronization leads to incorrect reconstruction of the
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Figure 5.3: Block diagram of the experimental setup for DPCT [A6].
5.3 Synchronization Using PRC and Matched Filtering

The proposed synchronization scheme employs a Pseudorandom Code (PRC) together with a
matched filter in order to reliably determine the frame start during transmission over an AWGN
channel. The transmitted sequence is multiplied element-wise by the PRC sequence, after which
the signal undergoes pulse shaping using an RRC filter and is transmitted through the channel. At
the receiver, the received signal is filtered, sampled, and correlated with the conjugated PRC
sequence in the frequency domain. The position of the maximum of the correlation function
determines the estimated frame timing offset, allowing proper alignment and recovery of the
synchronized sequence. The mechanism through which the matched filter and the correlation with
the PRC sequence enable synchronization recovery is illustrated in Fig. 5.4B.
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5.4 Phase-Invariant Decoding

The proposed phase-invariant decoding scheme (see Fig. 5.4C) removes the dependence on
temporal alignment by using the amplitude spectrum of the Discrete Fourier Transform (DFT),
which is invariant to cyclic shifts. The received latent sequences are transformed using a unitary
DFT, while the decoder operates solely on the amplitudes of the spectral coefficients. The analysis
shows that even when the extracted block overlaps the boundary between two consecutive frames,
the resulting representation remains close to that of the target frame under the assumption of small
inter-frame variations. This enables reliable reconstruction of the point cloud without the need for
explicit synchronization. The phase-invariant layer is inserted before the decoder and provides
robustness against desynchronization between the transmitter and receiver.

5.5 Results for DIJSCC and Transmission over Noisy Channels

This section presents the experimental results from [A6], evaluating reconstruction quality under
different channel conditions within the experimental setup described in Section 5.2. Figure 5.5
illustrates the relationship between the latent vector size F, the channel Signal-to-Noise Ratio
during testing — SNRwst — and the reconstruction PSNR. For this experiment, the training
SNRuain is selected to match the testing condition as closely as possible, i.e., SNRan =
arg min |SNR i, — SNRes|, Where SNRy.i, € {0dB,5dB,10dB}. As described in Section

Rtrain

5.2, the latent vector is treated as a sequence of real-valued symbols forming a DTAT signal for
transmission. Consequently, the number of transmitted symbols per point cloud frame — and
therefore the required bandwidth — increases with increasing F.

The results show that reconstruction quality improves both with increased bandwidth (larger F)
and under better channel conditions (higher SNRst). Among the architectures evaluated in [A6],
the proposed method outperforms both SEPT and FoldingNet across the entire range of F and
SNRtest values. Although FoldingNet was not originally designed as a DJSCC method, it is
included for completeness, since it demonstrates relatively good performance with respect to its
number of parameters. Nevertheless, it is outperformed by SEPT and DPCT in most
configurations.
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Figure 5.5: Dependence of PSNR on bandwidth (F) and SNRest.
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5.7 Conclusions

This chapter investigated Deep Joint Source—Channel Coding (DJSCC) for point clouds as an
alternative to the classical separate coding approach analyzed in Chapter 4. It was shown that the
latent representations generated by the considered autoencoder architectures possess inherent
robustness to noise in the latent space, making them suitable both for quantization and for direct
transmission over an AWGN channel. The results demonstrate that DJSCC approaches provide
graceful degradation of reconstruction quality under deteriorating channel conditions, thereby
avoiding the characteristic cliff-effect observed in classical digital communication schemes.
Furthermore, the DPCT architecture was shown to achieve better performance than the considered
reference methods in the DJSCC regime, combining higher reconstruction quality with improved
bandwidth efficiency [A6]. In addition, two approaches for frame synchronization during the
transmission of dynamic point clouds were analyzed: synchronization using PRC and matched
filtering, and synchronization-free phase-invariant decoding (PID). The results indicate that the
matched-filter approach provides practically optimal synchronization performance, while PID
offers a viable alternative in scenarios with small inter-frame variations and enables decoding
without explicit synchronization recovery.

At the same time, the proposed phase-invariant decoding scheme inherently introduces
information loss, since it removes the phase component by relying solely on the amplitude
spectrum of the DFT. This limits the representational capability of the autoencoder and reduces its
capacity to model dependencies in the data, potentially leading to a lower upper bound on
achievable reconstruction quality. On the other hand, practical implementation of synchronization
through matched filtering requires the introduction of an additional DC component into the
transmitted signal in order to enable reliable frame boundary detection. The amplitude of this
component depends on the noise level and the required synchronization reliability, and must
increase under more adverse channel conditions. Under a total transmit power constraint, this
reduces the power allocated to the useful signal and consequently degrades reconstruction quality.
This leads to a fundamental tradeoff between the two approaches: PID avoids the need for an
additional DC synchronization component, but at the cost of reduced representational capability
due to the loss of phase information, whereas synchronization through matched filtering preserves
the complete information content but requires additional transmission resources for
synchronization. Therefore, future work should further investigate this tradeoff, including whether
the reduced representational capacity of PID can be compensated by more efficient resource
utilization under realistic channel conditions.

I1l. CONCLUSIONS AND CONTRIBUTIONS OF THE THESIS

The dissertation investigates efficient coding of 3D content through learned and semantic
approaches for systems for capture, transmission, and visualization. Architectures for compression
and direct transmission of point clouds are proposed, based on autoencoder architectures that
improve coding efficiency at low bitrates and during transmission over noisy channels. The
limitations of classical entropy coding are analyzed, and a framework based on mismatched
probabilistic models is introduced, enabling the use of more complex models on the encoder side.
It is also shown that the proposed methods provide robustness to noise and graceful quality
degradation during transmission over noisy channels. Future research directions include the
development of more efficient learned architectures, the integration of probabilistic models for
entropy coding, the extension toward more complex dynamic scenes, and the investigation of
tradeoffs associated with different synchronization methods.
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SCIENTIFIC, SCIENTIFIC-APPLIED, AND APPLIED CONTRIBUTIONS

Scientific Contributions:

1.

2.

A theoretical framework for entropy coding with mismatched probabilistic models has
been developed, and an efficiency condition has been derived that relates the benefit of
using a more accurate encoder-side model to the amount of required side information.

A Phase-Invariant Decoding (PID) method for the transmission of dynamic point clouds
has been proposed. The method eliminates the need for explicit frame synchronization
recovery by using a representation invariant to cyclic shifts, for which an error bound has
been derived.

Scientific-Applied Contributions:

1.

A systematization and analysis of 3D content coding methods have been carried out, based
on which a taxonomy has been proposed according to the employed technological
principles and the interpretability of intermediate representations (Fig. 1.5). A conceptual
model for semantic compression based on the separation of information into global and
detailed semantic context has also been formulated.

A four-layer operational model (Fig. 2.1) has been applied as a universal framework for
the analysis of systems for capture, transmission, and visualization of 3D content, with
emphasis on the distribution of computational and communication resources.

A broad range of point cloud processing methods has been investigated, including
FoldingNet-based, graph-convolutional, self-attention-based, and 3D-convolutional
architectures, resulting in the proposed GAE, TGAE, and DPCT architectures. A total of
37 models were trained and compared under different latent space dimensionalities and
training conditions.

The compression of sparse point clouds using autoencoder architectures has been
investigated, analyzing the influence of the architecture, the number of parameters, and the
latent space dimensionality on the rate—distortion relationship. Comparisons were
performed against G-PCC [11], Draco [90], and Context-based Residual Coding and
Implicit Neural Representation-based Refinement (CRCIR) [91]. The results (Table 4.3)
show that AEPCC, and especially TGAE, achieves the best rate—distortion efficiency in
the low-bitrate regime.

The DPCT architecture has been investigated in a Deep Joint Source—Channel Coding
(DJSCC) regime for point clouds, demonstrating improvements over reference methods
(SEPT [57], FoldingNet [76], and G-PCC [11]) in terms of reconstruction quality and
bandwidth efficiency in the presence of channel noise (Fig. 5.5). Frame synchronization
approaches, including phase-invariant decoding, were developed and compared, and their
behavior under different noise levels and synchronization errors was analyzed.

Applied Contributions:

1.

Analysis and implementation of RGB-D image compression methods through colorization
and the use of image coding schemes, including evaluation of the influence of different
colorization, multiplexing, and semantic-oriented processing strategies on the rate—
distortion characteristics (the software implementation can be found in [B1]).
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2. A software implementation of a system for coding the geometric structure of sparse point
clouds (AEPCC) has been developed, including implementations of different types of
autoencoder architectures, positional encoding mechanisms, data preparation and
augmentation procedures, and a complete training, validation, and testing pipeline. The
implementation of the autoencoders from [A5] is available in [B2], while the
implementation of the autoencoder from [A6] is available in [B3].

3. A standalone software implementation of a separate coding scheme for the geometric
structure within AEPCC has been developed, including component-wise scalar
quantization of latent vectors, dequantization, packetization, serialization using Concise
Binary Object Representation (CBOR), and secondary coding using DEFLATE. The
software implementation is available in [B2].

ABBREVIATIONS
ABBREVIATION | DEFINITION ABBREVIATION | DEFINITION
Deep Joint Source-Channel
3D three-dimensional DJSCC Coding
Video-based Point Cloud
V-PCC Compression R-D Rate-Distortion
Geometry-based Point Cloud
G-PCC Compression BD-Rate Bjontegaard Delta Rate
JSCC Joint Source-Channel Coding | BD-PSNR Bjontegaard Delta PSNR
Holographic Type
HTC Communication PSNR Peak Signal-to-Noise Ratio
HMD Head-Mounted Display XR Extended Reality
Additive White Gaussian
RGB-D Red-Green-Blue-Depth AWGN Noise
Discrete Time Analog
kNN k-Nearest Neighbours DTAT Transmission
Autoencoder-based Point
AEPCC Cloud Coding RRC Root-Raised-Cosine
GAE Graph Autoencoder ISI Inter-Symbol Interference
Transformer Graph
TGAE Autoencoder PRC Pseudorandom Code
ADAM Adaptive Moment Estimation | DFT Discrete Fourier Transform
Dynamic Point Cloud
DPCT Transmission PID Phase-Invariant Decoding
Context-based Residual
Coding and Implicit neural
Semantic Point Cloud representation based
SEPT Transmission CRCIR Refinement
Concise Binary Object
SNR Signal-to-Noise Ratio CBOR Representation
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ENCODING AND VISUALIZATION OF 3D OBJECTS USING DEEP
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ABSTRACT of PhD THESIS

This thesis investigates the encoding and visualization of 3D objects using deep
learning architectures, with a focus on efficient compression, transmission, and
reconstruction of sparse point clouds. It analyzes classical, learning-based, and
semantic approaches for 3D content coding and introduces an operational model for
systems for acquisition, transmission, and visualization of three-dimensional
content.

The work proposes and evaluates autoencoder-based architectures for point cloud
geometry coding in both separate source coding and deep joint source-channel
coding scenarios. The results demonstrate efficient low-rate compression,
robustness to channel noise, and graceful degradation of reconstruction quality. The
dissertation also addresses synchronization in dynamic point cloud transmission and
proposes methods based on pseudo-random coding and phase-invariant decoding.
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