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ONTUMI3ALIA OBCAry METAOQAHUX Y CYYACHUX IHOOPMALIIMHUX CUCTEMAX:
METOAOM, IHCTPYMEHTU U ANIFOPUTMIYHI NIAXOOMU

B c Ty n. JocnidxeHHs numaHHs onmumisayii o6csicy memadaHux crnpsiMoeaHo Ha 0ocsi2HeHHs1 6anaHcy Mixk docmamHicmio
onucy U egpekmueHicmio cucmemu. HadmipHuli obcsie MemadaHux MOXe nepeeaHmaxyeamu cucmemu, a HedocmamHil —
ycknadHoeamu docmyn do daHux. BoOHo4ac 3pocmaroyuli o6¢csi2 OaHux ycknadHoe pobomy 3 MemadaHUMU, OCKiflbKU iXHE
cmeopeHHs1, 36epizaHHA Ma o06pobrieHHs euMaz2aromb 3Ha4yHUX pecypcie. Onmumizauiss o6¢csi2y MemadaHux cmana eaxueum
3ae0aHHSIM OJ1s1 op2aHi3auill, siki npazHymb docsiamu egheKmueHo20 ynpaeniHHs iHghopmayiero. Buknuku, noe'sizaHi 3 o6¢css2o0mM
MemadaHux: HadMipHicmb, HedocmamHicmb, Oy6roeaHHsi, OUHaMiYHicmb 0aHux, HegidnoegidHicmb cmaHdapmam.

Me Toawu. Po3ansHymo meopemu4Hi ocHoguU, Npakmu4Hi Mmemoou, iHcmpymeHmu (Collibra, Apache Atlas, Talend Metadata
Manager, Al-anzopummu) ma nepeeaz2u onmumisayii o6csicy MemadaHux (3MeHWeHHs1 eumpam, MoKpauw,eHHs1 NPodyKmueHocmi,
nideuweHHs1 sIKocmi 0aHux, 2Hy4YKicmb i MacwmaboeaHicmb, NOKpawjeHHs1 aHalimuku).

Pe3ynbTaTun. 3anponoHoeaHO KOMIJIEKCHY cmpamegziro onmumi3ayii MmemadaHux, adanmoeaHy dnsi IT-cepedosuwja.
lMoka3zaHO, W0 euKopucmaHHsi cucmemamu4Ho20 mnidxody, eK/Yaryu aHasis, cmaHOapmu3sayito, asmomamu3ayiro ma
iHmezpauito HogimHix mexHosoeili, dae 3Mo2y 3Ha4HO 3MEeHWUMU eumpamu ma fnokpauwyumu KkepyeaHHsi daHumu. [lpedcmaesieHo
anzopumm onmumisayii o6csicy memadaHux, wjo Moxe 6ymu adanmoeaHull Osis1 pi3HUX cghep 3acmocyeaHHsl, makux sik 6asu
OdaHux, cucmemMu ynpaeJsliHHsI KOHMEeHMOM YU 8eJIuKi OaHi.

BucHoBKU. 3anpornoHogaHull anzopumm 8paxosye: OyiH8aHHsI KOPUCHOCMi MemadaHux i3 UKOPUCMaHHSM HopMarni3auii
mMempuk 0ns yHighikayii wkan oyiHO8aHHA ma 3 eu3Ha4eHHsIM KOPUCHOCMI KO)XHO20 eleMeHma mMemadaHux; 8id6ip memadaHux
(pinbmpauis, knacmepu3sayisi); cCmucHeHHs1 MemadaHux; aemomMamu4Hy onmumi3ayiro 3 eukopucmaHHsIM Modesiell MalWuHHO20
Hae4yaHHs1 ma OuHaMi4YHO20 HajslawmyeaHHsi; nepeeipky U adanmauiro. Anzopumm moxe 6ymu po3wupeHuli abo 3miHeHul
3anexHo eid cneyudpiku 3adavyi.

Kno4yoBi cnoBa: memadaHi, onmumi3zayis, ynpaeniHHsi, iHgpopmayiss, uHamidyHicmb, adanmueHicmb, pesieeaHmMHicMab,
npodykmueHicmb, sIKicmb, an2opumm, CMUCHEHHS.

Betyn

MeTagaHi € CTpyKTypoBaHol iHcpopMmallieto, sika onucye, NOsICHIOE, Bu3Havae abo B iHWMIA CNociO nomerwye noLuyk,
BMKOPUCTaHHS i kepyBaHHS faHuMK. Y Baratbox ranyssx, Takux sik iHdopmauiiHi TexHonorii, 6ibnioteuyHa cnpaea, GisHec-
aHaniTMka  ynpasniHHA KOHTEHTOM, 06CsAr meTagaHux Mae BupillanbHe 3HavyeHHs. HagMipHuiAi obcar meTagaHux Moxe
nepeBaHTaXyBaTV CUCTEMU, @ HEAOCTATHIN — YCKNagHBAaTU JOCTYN A0 AaHnx. OnTumisadist obcary metagaHux cnpsiMoBaHa
Ha OOCArHeHHsi 6anaHcy MiXX AOCTaTHICTIO OnMCy i ehEKTUBHICTIO CUCTEMM.

MeTagaHi — KrnoYOBMI KOMMOHEHT ynpaBniHHSA iHdopMalieto B LmndpoBy enoxy. BoHn 3abesnevyoTb onuc, knacudikauito
Ta opraHisauito AaHux, NoMerwyYn AoCTyn i BUKOPUCTaHHSA iHdopmadii. BogHoyac 3pocTtatounii obcsar gaHux ycknagHioe
pob6oTy 3 MeTagaHNMK, OCKiNbKW iXHE CTBOPEHHS, 36epiraHHsA 1 06po6eHHs BUMaratoTb 3Ha4YHUX pecypciB.

OnTtumisauis obcsry meTagaHWx crana BaxkMBWM 3aBAAHHSM A1s1 OpraHizauii, ski nparHyTb A0OCArTM eddeKTUBHOIO
ynpaBniHHS iHopMaLieto. Y Uin cTaTTi MU PO3rNsiHEMO TEOPETUYHI OCHOBW, NPAKTUYHI MeToau, IHCTPYMEHTU Ta nepesarv
onTumisadii o6cary MeTagaHumx.

AHani3 nonepeaHix gocnigXeHb Nokasye, WO npobnema onTuMisalii MeTagaHux po3BuBanacsi NOCTYNoBO Ta B Pi3HUX
Hanpsimax.

Y pocnigxkeHHsx (Ghemawat et al., 2003), (Dean, & Ghemawat, 2004) yBary HanpaBneHo Ha macliTaboBaHi cucremu
36epiraHHs 1 06pobku iHdpopmalii. Google File System Ta MapReduce ctBopvnu nepegymoBu ANS ynpasniHHS BENMYE3HUMU
obcsiramn MeTagaHux y po3nogineHmx obuncnioBansHUx cepeposmilax. CunbHa CTopoHa Umx pobiT nonsirana y npakTU4Hin
npuaaTHocTi Ans "Benukux aaHunx", Todi sik cnabkMm MicLiem cTana CKnagHicTb iHTerpadii 3i ctaHgapTHUMKY MeTaMoaensiMu.

OocnipxeHHs (Bizer et al., 2009) y Hanpsami "3B'a3aHnX gaHuWxX" 3anpornoHyBanu HOBi Nigxoau Ao iHTeponepabensHOCTI
MeTafaH1xX 3aBOsKM CEeMaHTUYHUM BebBTexHonorism. IxHbol nepesarolo € yHiBepcanbHiCTh | MaclwTaboBaHicTb, oaHaK
HeZ0MiKOM BUCTYNae CKNagHiCTb yNPOBaXKEHHS Y TPaAULINHMX CUCTEMaXx.

HoBui etan po3BWUTKy MOB'A3aHWIA i3 3aCTOCYBaHHAM METOLIB MAaLUMHHOIMO HaBYaHHS Ta HEWPOHHWX Mepex. PoboTn
(Mikolov et al., 2013) Ta (Joulin et al., 2017) nokasanu, WO aBTOMaTU4Ha reHepauis v Bigbip peneBaHTHUX MeTagaHnX MOXyTb
iCTOTHO 3MEHLUWTH iXHilh 06csar, 36epiratoym peneBaHTHICTb ANs aHaniTuku. MNepeBaroto Lboro Nigxoady € BUCOKa afanTUBHICTb
i MOXNUBICTb CaMOHaBYaHHs, @ HEONIKOM — 3amneXHICTb Bif SIKOCTi HaBYanbHUX OaHUX i PECYPCOMICTKICTb O0BGYMCNEHb.
HosiTHi ny6nikauii, Taki sk (Korshun et al., 2023), iHTerpytoTb LUTYYHUA IHTENEKT Y MPOLECUM KEPYBaHHA MeTaJaHuMmu B
onepauiiHux cucrtemax, a (Turovsky et al., 2024) nponoHyOTb KpUTEPIi ANst OLUiHIOBaHHA edeKTUBHOCTI MeToaiB poboTn 3
iHdbopMaLi€to, Lo AEMOHCTPYE MiXKOUCUMMMIHAPHICTb | NPUKNagHy CAPSIMOBAaHICTb Cy4aCHUX OOCHIAXEHb.

Y cyyacHux iHopMaUinHNMX cucteMax MeTagdaHi BUKOHYIOTb (PYHKLIO nocepedHuka MiXX JaHMMKM Ta KOpUCTyBadewm,
CnpWsAYK iHTErpadii, NowwyKy 1 NigBULLIEHHIO SKOCTI iIHGbOopMaLinHMX NpoLieciB.

[opeyHo BUMOKPEMUTY TaKi OCHOBHI (PYHKLii MeTagaHumx:

= OMUC AaHuX — iHpopMaLia Npo TUM, CTPYKTYpPY Ta 3MICT AaHKX;

" KepyBaHHSA [aHWMMW — MoseriueHHs 30epiraHHsi, NoLWyKy i 06po6reHHs BENUKNX MacuBiB OaHWX;

© TkauyeHko Onbra, Jllemewko AHapin, 2025
6
ISSN 2788-6603



Cyuachi indopmarrivtHi TexHostorii, No 1(4)/2025

= jHTerpauis gaHunx — niaTpumMKa CyMiCHOCTI MidX Pi3HUMK cucTemMamu Ta popMaTtamu;

= aHaniTvMka — NiaBULLIEHHA AKOCTI aHani3y AaHuX 3a paxyHOK OOCTYMNHOCTI peneBaHTHOI iHdopmallii.

3 ornsgy Ha ui dyHKUIT, BaXMBO 3HaWTK BGanaHC MK OOCTaTHICTIO MeTafaHuX OS1S BUKOHAHHS iXHiX 3aBOaHb i iXHIM
0o6carom, Wob YHUKHYTU NEPEBAHTAXEHHSI CUCTEMM.

Y npoueci 3abe3neyeHHss e(peKTUBHOCTi BUKOPUCTAHHS METaAaHNX BUHMKaKOTb BUKIMKM, NOB'sA3aHI 3 iXHIM o6csirom:

" HagMIpHICTb — 3aHaATO BENMUKMI 06CAr MeTagaHux Npu3BOAUTL 4O NEPEBUTPATU pecypciB Ha 36epiraHHs, 06pobneHHs
Ta nepegady iHopmalii;

* HEeAOCTaTHICTb — HecTaya MeTaaHuX YCKagHIoe MOLWYK i ynpaBniHHS iHopMaLlero, 3HIDKYUM e(PeKTUBHICTb cucTeM;

= nybnoBaHHsS — NOBTOPIOBaHi MeTaaHi CTBOPIOKTL NIyTaHWHY Ta 36inbLuyoTb BUMOTM 40 064MUCoBanbHUX Pecypcis;

= OWHaMIYHICTb JAaHWUX — NOCTINHE OHOBMEHHS iHopMaLil BUMarae rHyqkux nigxoAis 40 ynpasniHHA MeTagaHumu;

= HeBiAMOBIOHICTb CTaH4APTaM — BiACYTHICTb €EAMHOI CTPYKTYpPU MeTadaHMX YCKNafHIE iHTerpaLito CUCTeM.

BpaxoByoun OCHOBHI (DYHKLii MeTagaHuX i BUKNWUKKU LLIOAO iXHBOro obcsry, chopMyeMO KITHOHOBI NPUHLMNKM ONTUMI3aLi
ob6csAry meTaaHumx:

" peneBaHTHICTb — MeTaJaHi NOBMHHI BiANOBIAAT KOHKPETHUM NoTpebam KopuCTyBaYiB | 3aBOaHHAM CUCTEM;

= CTUCTICTb — CKOPOYEHHs1 06cAry meTagaHmx 40 MiHiManbHO HEOOXIOHOro piBHS A5 BUKOHAHHSA iXHbOI (OYHKLT;

= aBTOMaTM3aLisi — BUKOPUCTAHHSI TEXHOMOri AN aBTOMaTUYHOIO CTBOPEHHS, OHOBIMEHHS Ta BUAANEHHSA MeTafaHuX;

= CTanAapTu3auis — yNpoBaMKEHHS EAVHUX CTaHAAPTIB MeTafaHuX Ans NiABULLEHHS CYMICHOCTI MiXX cucTeMamu;

= aAanTUBHICTb — FHYYKICTb Y NiAXxoAax A0 CTBOPEHHSA MeTafaHux Ans pisHUX TUNiB AaHWX | 3aBAaHb.

3HauyLicTb onTMMi3auii MeTagaHux BUSIBMSAETLCA Y Ti BMNMBI HA pi3Hi napaMeTpu iHpopMaLiiHUX CUCTEM, OCHOBHMMMU 3
AKWUX BapTO BUAINWUTK TaKi:

1) NpPOAYKTUBHICTE CUCTEMM — 3aHAATO BENUKUA OOCAr MeTagaHux MOXe YMOBIiNbHIOBaTW OOpPOGNEHHS 3anuTis,
iHOeKcaLiio Ta noLyk; ue ocobrnmBo KpUTUYHO Anst Benukux 6a3 gaHnx abo XxMapHUX CXOBULL, Ae LWBWUAKICTb AOCTYNy Mae
BUpilLanbHe 3HaYEHHS;

2) 3pYYHICTb BUKOPUCTAHHSA — MeTaAaHi NOBUHHI ByTi 3p03yMinnmMmn Ta KOPUCHUMU NS KIHLEBOrO KOpUCTYBaYa; HagmipHO
AeTanbHWI ONMUC MOXe 3annyTaTn, Todi 9k 6pak iHdopmaii Moxxe 3pobuTn 06'eKT BaxkkMM ANS ineHTudikaLii;

3) BapTicTb 36epiraHHs — xo4a 3bepiraHHsl AaHUX CTano AeLleBLUUM, BENVKUIA 06csar MeTafaHnx y Maclutabax BENMKUX
opraHisauii Moxe cyTTeBO 36inbLIMTK BUTPATY;

4) ynpaBniHHA SAKICTIO JAHUX — HagMipHa KiNbKiCTb MeTagaHWX YCKINaAHKE iXHIO NepPeBipKy W OHOBIIEHHS], WO MOXe
npu3BOANTM 4O NOMWIOK i Ay6rntoBaHHS.

Metoaun

HocsarHeHHs 6anaHcy Mixk OCTaTHICTIO OMUCY Ta NPOAYKTUBHICTIO CUCTEMU MOXIMBE 3aBASKN 3aCTOCYBaHHIO KOMMMEKCHNX
MeToAiB onTuMisaLii MeTagaHux:

1) aHani3 i knacudikauis gaHnx — NepLUni KPOK B ONTUMI3aLii, o nepeagdavae aHanis TUNIB AaHWX | BUSHAYEHHS IXHIX
OCHOBHUX XapaKTEepUCTUK, A1 LbOro HEOOXiAHO: BU3HAUMTU KaTeropii AaHux (Hanp., TeKCToBi dhannu, 306paxeHHs, Biaeo),
BCT@HOBUTM KIMHOYOBI aTpMbyTUN ANst KOXHOI KaTeropii (Ha3Ba, AaTa CTBOPEHHS!, aBTOP TOLLO);

2) cTaHgapTu3auia MeTagaHux — BUKOPUCTaHHS 3aranbHOMPUNHATMX CTaHaapTiB, Takmx sik Dublin Core, 1ISO 19115 a6o
METS, wo 3abe3ne4vye eanHy CTPYKTYPY OAHUX i 3MeEHLLYye AyOnNoBaHHS;

3) aBTOMaTM3auis npoueciB — cyyacHi iHCTpyMeHTW, Taki sik Al i MalnHHE HaBYaHHS, O03BONSATb aBTOMATUYHO
CTBOpIOBATM MeTagaHi Ha OCHOBI aHanidy BMICTy ainis, Hanpuknaz: po3nidHaBaHHsi 00'ekTiB Ha 300paKeHHsIX, aHani3
TEKCTIB A1 aBTOMATUYHOIO BM3HAYEHHS KIOYOBMX ChiB;

4) BupaneHHs AybnikaTHWX JaHUX — IHCTPYMEHTW ONSA MNOLWYKy Ta BuaaneHHs aybnikaTHux metagaHux, Taki sk Talend
abo Apache Atlas, 803BOMSATE CKOPOTUTM 0BCAT iHbopMmalii, Lo 36epiraeTbes;

5) koHTponb piBHA AeTanisauii — AudepeHUinoBaHWin Nigxig 4O ONUCY AaHMX, OCKiNbkM He BCi 06'ekTn noTpebytoTb
O[HAKOBOro piBHA AeTanisauii, Hanpuknaa: AOKYMEHTW AN apXiByBaHHS MOXYTb MaTu MiHiManbHuWi Habip meTagaHux,
aKTMBHO BMKOPUCTOBYBAHI AaHi NOTPebytoThb AeTanbHOro onucy;

6) BuOaneHHs 3acTapinMx MeTagaHux — perynspHa nepesipka N OYMLLEHHS CUCTEM [O3BOMSATb BUAAnNATU
HepeneBaHTHy abo 3acTapiny iHcopmaldlito.

MpakTnyHy peanisauito onTumisauii MmeTagaHux 3abesnevyloTb creLiani3oBaHMMU IHCTPYMEHTaMU, SKi aBTOMaTU3yoTb
npoLecu aHanidy, cTaHgapTu3adii Ta kepyBaHHS JaHUMU:

= Collibra — iHTerpoBaHa nnatgopma Ans KepyBaHHS MeTagaHUuMu;

= Apache Atlas — cuctema gns katanorisadii, knacudikadii Ta cTaHgapTU3auii MeTagaHux;

= Talend Metadata Manager — iHCTpyMeHT Ana aHanisy “ onTuMisauii MeTagaHux y BENMKUX cuctemax;

= Al-anroputMu — iIHCTPYMEHTU MALLMHHOIO HAaBYaHHS, SIKi aBTOMAaTU3YHOTb NPOLIEC CTBOPEHHS 1 YNPaBiHHA METaAaHNMMU.

BnpoBagxeHHs MeTodiB onTuMMi3aLii MeTagaHux 3abe3nedye 3HauvHi nepesarun, NoB'a3aHi 3 NPOAYKTUBHICTIO, AKICTIO 1
E€KOHOMIYHICTIO ynpaBniHHA SaHUMU:

= 3MEHLUEHHS1 BUTPAT — CKOPOYEHHS BUTPAT Ha 36epiraHHs 11 06pobneHHs iHdopmauii;

= MOKpaLLeHHsI NPOAYKTMBHOCTI — LUBWMAKUIA AOCTYN OO OAHUX i 3MEHLIEHHS Yacy Ha BUKOHAHHSA 3anuTiB;

= NigBULLEHHS SKOCTI AaHUX — 3MEHLUEHHS KiNbKOCTi MOMUMOK i yOntoBaHb;

* THYYKIiCTb i MaclwTaboBaHicTb — NnerkicTe aganTauii cucteM 4O HOBUX BUMOT;

" MoKpalleHa aHaniTuka — 3abeaneyvyeHHs 4OCTyny A0 peneBaHTHOI iHdopMauii AN aHaniTUYMHNX 3aBAaHb.

MpakTyHi kelcu 3acToCyBaHHA OMTUMI3aALii MeTagaHMX NiTBEPOKYIOTL 1i 3HAYYLLICTb AN KOprnopaTMBHMX 0a3 AaHuXx,
XMapHWX CEepBICIB Ta aHaniTM4HMX NnaTgopm:

1) kopnopaTuBHi 6a3n gaHnx — BENWKI komnaHii, Taki sk Google yn Amazon, BUKOPUCTOBYIOTb ONTMMI3aLit0 MeTagaHux
Ans 3abe3neyeHHs WBNAKOrO NoLyKy 1 edheKTUBHOIO KepyBaHHs iHchopMaLieto;

2) 6ibnioTekn 1N apxiBu — HauioHanbHi 6ibnioTekn BnpoBagXyTb ctaHdapTv Dublin Core ans katanorizauii KHUT i
LMdpOoBUX pecypcis;
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3) xmapHi cuctemmn — Dropbox i Microsoft OneDrive aBTOMaTM4HO CTBOPHOIOTL MeTadaHi Ha OCHOBI BMICTY (oawnis,
3MeHLUyoun obear onucie 6e3 BTpaTu KOPUCHOCTI;

4) wmegpiaiHgyctpis — Netflix onTumizye metapaHi, o6 nokpalwmTn pekomeHaauii ANs KOPUCTyBadiB, 3aCTOCOBYHUM
MalUVHHE HaBYaHHS.

MaibyTHe onTMMI3aLii MeTagaHuX BiOKPUBAE HOBI rOPU3OHTY ANs NiABULLEHHS edheKTUBHOCTI 06pobneHHs, 36epiraHHs 1
aHaniTMKv JaHuX, CTBOPIOKOYM YMOBU NSt iHTENEKTyanbHNX CUCTEM HOBOMO MOKOMIHHS:

= jHTerpauis LUTY4YHOro iHTeNeKTy — 3acTocyBaHHs Al 4ns aBTOMaTUYHOro ynNpasrniHHA MeTagaHumu;

* rinepaBTOMaTM3aLis — NoegHaHHs Kinbkox TexHonorin (Al, RPA, NLP) ansi cTBOPEHHsS1 KOMMNIEKCHMX PilLeHb;

= CeMaHTW4YHi MeTafaHi — BUKOPUCTaHHA OHTONOrIN i cemaHTU4Horo Beby Ans nokpalleHHs iHTeprnpeTauii AaHuX;

" eHeproedeKTUBHICTb — PO3POBMEHHS pillieHb, SIKi 3HVXKYIOTb CNOXMBaHHSA eHeprii nig yac 06pobneHHs meTagaHux.

MeTagaHi BigirpatoTb BaXnuBy pofb Yy YHKUIOHYBaHHI iHpopMauiiHMX cucteMm, cnpusaoym eqpekTMBHOMY YrpaBsiHHIO
OaHUMW, NMOKPALLEHHIO TXHBOT AOCTYMNHOCTI Ta NigTpMMUi iHTerpauii Mix pisHMMu nnatdopmamu. MpoTte obcarn gaHux, Lo
MOCTINHO 3pOCTaloTh, BUMAraTb PO3PO6EeHHs CTpaTerilin A4nst onTUMisauii MeTagaHux, siki 3abesnevyoTb 6anaHc MiX iXHbOH
NMOBHOTOK, KOPWUCHICTIO Ta NPOAYKTUBHICTIO CUCTEM.

B po6oTi 3anponoHoBaHO KOMMIEKCHY CTpaTerilo onTumisaLii MeTagaHux, agantoBaHy ans IT-cepegoBuila:

1) ouiHIOBaHHA NOTOYHOrO CTaHy MeTajaHuxX — aHani3 iCHyluYMX MeTagaHux, meTa — 3pO3yMiTM MOTOYHMIA CTaH
ynpaeniHHA MeTagaHuMmK, iaeHTUgIKyBaTM HaaMipHi, oybnboBaHi abo HepeneBaHTHi MeTafaHi, Aii — npoBecTu ayaut
MeTagaHux y 6asax gaHux, CXOBuMLIAX, CUCTEMAX yNpaBriHHA KOHTEHTOM, BUSIBUTK Axeperna Ay6nioBaHHsA Ta HaanuwKkoBoi
Aetanisauii, BU3Ha4UMTK KM4YoBi aTpMbyTn MeTagaHux, Lo HandacTille BUKOPWUCTOBYHOTHLCS, IHCTPYMEHTU AN aHanisy —
Apache Atlas, Collibra, Talend Metadata Manager;

2) BUW3Ha4eHHA Uinen onTumisauii — npiopMTeTn oNTUMI3aLii (3HWKEHHSA BUTPaT Ha 36epiraHHa 1 06pobneHHsa aaHmx),
NiABULLEHHS MPOAYKTUBHOCTI CUCTEMW, MOMEreHHsa MoWwyKky W aHanisy gaHux, NigTPUMKa CYMICHOCTI MK pisHUMMU
cUCTEMaMu, OUiHIOBaHHsS ycnixy (BcTtaHoBuTM KPI (KMOYoBi MOKa3HMKM eMEeKTUBHOCTI), HanMpuKNag: 4ac BMKOHAHHS
NOLLYKOBUX 3aNuUTIiB), CKOPOYEHHS 06CsAry 36epexeHnx meTagaHux, piseHb 3a40BONIEHOCTI KOPUCTYBaUIB,;

3) cTaHgapTu3auis MeTagjaHux — BMOIp CTaHAApTIB (BMKOPUCTaHHSA 3aranbHOBM3HaHMX CTaHAapTiB 3abe3nedvye
Y3rO[pKEHICTb | CNPOLLYE iHTerpauito AaHux), 4ns 3aransHux metaganunx — Dublin Core, ans npoctopoBux aaHmx — 1ISO 19115,
ans 6ibniotek i apxigiB — MARC (Machine-Readable Cataloging), peani3auis — po3pobutu wabnoHn ons mMeTagaHux, Lo
BiQNOBiAaTb CTaH4apTaM, NepeKoHaTMCS, WO BCi HOBI MeTadaHi BignosiaaTb oOpaHin mogeni;

4) aBTOMaTM3aUis npoueciB — 36ip i reHepaLia MeTagaHux (aBToMaTu3aliss CTBOPEHHSI 1 OHOBIEHHSI MeTadaHux, wob
MiHiMi3yBaTh py4Hy po0oTy), iHCTpyMeHTu — Al anga aHani3dy TekcTiB, 306paxeHb i Biaeo, cuctemu ETL (Extract, Transform,
Load) ans aBTOMaTWYHOro iMMOPTY AaHUX, MOHITOPUHI Ta YnpaBniHHA (BUKOPWUCTAHHSA iHCTPYMEHTIB, WO MOCTIHO
nepeBipsAloTb MeTafaHi Ha aybnioBaHHA abo HepeneBaHTHICTL), Npuknag — y cuctemax CRM aBTOMaTn3oBaHa reHepawis
MeTagaHux (Hanp., Aata OCTaHHbOI aKTUBHOCTI KMieHTa) 3abe3nevye akTyanbHiCTb iHdopmalLlii;

5) KoHTponb piBHS geTanisauii — npuHuMnM geTanisauii (MiHiMym ons apxisiB — MeTagaHi, Wwo 3abe3nedvyoTb 6a3oBy
ineHTudikauio (Ha3Ba, AaTa, aBTop), po3LWMpeHa AeTanisauis Ans akTMBHMX aHUX — MeTafdaHi 3 4oaaTkoBMMM aTpubyTamu,
30Kpema 1 Teru, Kateropii, TEXHIYHI XapakTepuUCTUKK), iepapXis MeTagaHnx — CTBOPEHHS CTPYKTYPU, WO A03BONSE AUHAMIYHO
popasaTv abo npnbupaTtn MeTagaHi 3anexHo Bi KOHTEKCTY BUKOPUCTaHHS;

6) BuAaneHHs AyGnbOBaHWX i 3acTapinuMx MeTagaHnx — OYULLEHHSA cucTeMmn (perynsapHo npoBoAdbTe aHania metagaHux
Ansi BuganeHHsa aybnikatHoi abo HepeneBaHTHOI iHbopMalii), aBTomaTusoBaHi iHcTpymeHTn (Talend Data Quality), py4Huia
ayauT (3anyvante ekcnepTiB AN aHani3y Baxnveux HabopiB AaHWX), NpMKNag — B apxiBax enekTPoHHOI NowWTn Ay6ntoBaHHS
TEeM Ta aBTOPIB NINCTIB MOXHa YCYHYTW 3@ JOMNOMOIOH iIHCTPYMEHTIB OYULLEHHS AaHUX;

7) BUWKOPUCTaHHA CEMaHTMYHUX MeTajaHux — LUe MeTadaHi, WO He Iuwe OnucyloTb [AaHi, ane W JojakwTb
KOHTEKCTyanbHWUI CEHC 3a AOMOMOrO OHTONOrIN abo 3B'A3kiB MiXk 06'ekTaMu, nepeBarn — NOKpaLLEHHs! MOLLYKY 3a 3MiCTOM,
NigBULLIEHHS TOYHOCTI aHaniTukK, iHcTpymeHTn — RDF (Resource Description Framework), OWL (Web Ontology Language),
npuknag — B CMCTEMax ernekTPOHHOI KOMepLii CEMaHTWMYHI mMeTagaHi MOXyTb AOMOMOITW BCTAHOBMIOBATU 3B'A3KM Mk
npoayKTamun Ha OCHOBI KaTeropin, pekoMeHaauin abo ictopii nokynok;

8) iHTerpauis i3 XMapHMMK TEXHOMOriIIMM — XMapHe YNpaBfiHHA MeTagaHuMKU (XMapHi nnatopMu MPOMOHYHTL
iHCTPYMEHTU AN aBTomMaTtusauii Ta ontumisauii metagaHmx — AWS Glue (Amazon), Google Cloud Data Catalog. Azure Data
Factory), nepesarn — rnobanbHa AOCTYMHICTb, MaclwTaboBaHiCTb, MiHiMI3aUis BUTpaT Ha NokanbHe 3bepiraHHs, npuknag —
opraHisauis BukopuctoBye Google Cloud Data Catalog ans aBTromatusadii 36opy meTagaHux y posnogineHnx 6asax gaHux;

9) 3abe3nedveHHs Ge3nekn MeTajaHWX — MeTadaHi MOXyTb MICTUTU KOHIAeHUiHY iHcopmaLilo, Hanpuknag, npo
KopucTyBayiB abo KoHirypauii cuctemu, MeToam 3axucty — LWNMPYBaHHA YyTNNBUX MeTadaHux, OOMeXeHHs JoCTyny Ao
MeTaZaHuX 3a JOMOMOroK POosen i NpaB JOCTYNYy, BUSIBNIEHHS aHOManin y 4OCTyni 4O MeTajaHux, Npuknag — B cuctemax
ynpaBniHHA AaHUMKU hiHAHCOBMX YCTAHOB JOCTYN A0 MeTafgaHnX 0OMeXeHUIN nuiue Ans aBTOpM30BaHUX CniBpOOITHUKIB;

10) HaBYaHHS nepcoHany — PO3yMiHHA BaXXNMBOCTI (MepcoHan Mae po3yMmiTW BaXKNMBICTb ONTUMI3aLuil MeTadaHuXx i
BOMoAiTM 6a30BMMM HaBMYKaMK yNpaeBniHHA HUMW), NPOrpaMu HaBYaHHA — HaBYaHHs pobOTKM 3i cTaHAapTaMu MeTaJaHux,
KypCU 3 BUKOPUCTAHHSA iIHCTPYMEHTIB aBTOMaTmM3aLlii, pO3BUTOK HAaBMYOK POBOTHY i3 CEMAHTUYHMMK TEXHOMOTIAMN, NpuKNag —
KomaHaa IT-igainy npoxoauTb TPEHIHT i3 BUkopucTaHHa Apache Atlas ons ynpasniHHA MeTagaHumu.

MpenctaBneHnin anroputMm onTuMisauii o6cary MeTagaHnx Moxe OyTu aganToBaHMIM ONs PisHUX cdep 3aCTOCYBaHHS,
Takux sik 6a3n gaHux, cucTemMu ynpasniHHS KOHTEHTOM Yu Benuki gadi. Ha puc. 1 npeacraBneHo 6rnok-cxemy anroputmy
onTumisauii obcary metagaHux.

1. IHiyianizauis:

1) BxigHi gaHi:
= KomneKuist MeTagaHux

M ={m1, ma, ..., mn},

0e m; — OKpeMUI eNeMeHT MeTadaHux;
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= MEeTPUKM AKOCTi MeTagaHux Q, Hanpuknag, peneBaHTHICTb, YHiKanbHICTb, HEOOXIOHICTb;

= ODOMeXeHHs1 pecypciB — Nnam'siTb, Yac 0bpobneHHs, 06car AaHux;

2) uinboBa yHKLis:

= 3MeHLUEeHHs 06cary meTagaHux [M|, i3 3abesneveHHsIM 3a8aHOro piBHS sKOCTi Qmin.

2. OuiHOBaHHS KOPUCHOCTI MeTagaHuX:

1) ONs KOXHOro enemMeHTa MeTagaHux mi:

= obumcnuTn MeTpukmn Q(mi), BKMoYa4m:
e peneBaHTHICTb — HACKifIbKM eNeMEeHT MeTafaHUX BigNOBIiAa€E LiNbOBMM 3aBOaHHAM;
® 4acTOTy BUKOPUCTAHHS — K YACTO eIEMEHT 3anuTyeTbCS Y BUKOPUCTOBYETHCS;
e 4ac CTBOPEHHSI / OHOBIIEHHSI — YN € [aHi aKTyanbHUMU;

® MPUCBOITU BaroBmmn koedilieHT wi Ansa koxHoro Q(mi);

2) BUKOpMCTaTV HOpManisauio MeTpUK AN yHidikauil WKan ouiHBaHHS;

3) BM3HaAYMTU KOPUCHICTb KOXXHOTO efeMeHTa MeTaaHux:

U(m)=3%_, w; - Q;(my),

Ae wj — BaroBuii koediLieHT, a Qj(m;) — ouiHKa 3a j-10 METPUKOIO.

1. Inimianizamis
Bxingni maHi:
- Konexuiss metaganux M={m1l, m2, ..., mn}
- MeTpuku sskocti Q
- ObMezKeHHSI pecypciB
inboBa GyHKIIs:
3menmuTH [M|, 3abesnedyioun Qmin

2. OniHIOBaHHSA KOPHUCHOCTI MeTa/laHuX
- 06uncaUTH MeTpUKH Q(mi):
PeneBaHTHicTb, YacToTa, AKTya/bHICTh
-IlpucBoitu Barosi koedinieHTH Wi
-064KCcaUTH KopucHicTb U(m;i)

y
3. Bigbip MmeTagaHux
- ®inpTpanisa: BumaneHds Oy6JiKaTiB i HU3bKOI KOPHCHOCTI
- Knacrepusanisi: rpyIyBaHHS 3a O3HaKaMH
3aINIINTH pelIpe3eHTaTHBHI eJIEeMeHTH

4. CTHCHEHHS MeTaJlaHuX
- BUKOpPHCTATH aJITOPUTMH CTHCHEHHS:
Huffman coding, RLE, BinapHe KomyBaHHS
- BumanuTtu Heo60B'sI3KOBi aTpUOyTH

4
5. ABTOMaTH4YHa ONTHMIi3alist
- MamuHHe HaBYaHHS IS BigOopy peieBaHTHHUX MeTagaHHX
- JuHaMiyHe HaJIaIITyBaHHS Ha OCHORBI 3allUTIB

6. Ileperipka Ta amanTanis
- OuiHuTH SKicTh 3a Q
- fIxkmo Q < Qmin, NOBEPHYTHCH OO BimGOpPY
- 3abe3NeYnTH aKTYIbHICTh MeTaJlaHuX

Y
7. Buxing
OntumisoBanuil Habip MeTaganux Mopt,
SIKWH 3af0BOJIbHSIE OOMeZKeHHS Ta 3abesneyye AKicTb Qmin

Puc. 1. Bnok-cxema anroputmy onTuMmisadii o6¢cAry MetagaHux

3. Bigbip meTagaHunx:
1) dinbTpauis:
= Buganutn gybnikatn abo HagNMLIKOBI MeTadaHi, siKi MaloTb HU3bKi MOKa3HWKM KOPUCHOCTI:

Uim) <e,

e € — noporose 3Ha4eHHA.
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2) knacTtepwusauisi:
= 3rpynyBaTy CXOXi MeTaAaHi 3a KIo4oBMMM O3HaKaMu1 (Hanp., TeMaTyKo Y opMaTom);
" 3anMLINTK penpe3eHTaTUBHUIA eNeMeHT AN KOXHOro knacrepa.
4. CTUCHEHHS MeTaAaHux:
1) anropuTMmn CTUCHEHHS:
= BMKOPUCTATU METOAM KOMMpPeECii, Taki AK:
e Huffman coding ans TekcToBUX gaHuXx;
¢ Run-length encoding (RLE) ansa nosToptoBaHux AaHuX;
¢ OiHapHe KofgyBaHHSA AN CTPYKTYPOBAHUX MeTagaHux;
2) BuMaaneHHs 3avBuUX MONIB:
= BUKIOYUTU HEODOB'SI3KOBI aTpMOBYTH, K 3pigka BUKOPUCTOBYIOTHLCS.
5. ABTOMaTK4Ha onTuMisauis:
1) mogeni MalMHHOrO HaBYaHHS:
= BUKOPUCTaTK KnacudikauinHi anroputmm ans nepegbavyeHHs KOPUCHOCTI MeTaAaHWX Ha OCHOBI iXHIX XapaKTepuCTUK;
® 3acTOCyBaTW HEMPOHHI Mepexi abo AepeBa pilleHb A aBTOMaTUYHOrO BiAOOpy peneBaHTHUX MeTadaHux;
2) AMHaMiYHe HanawTyBaHHS:
= ONTMMIi3yBaTW OBCAr METaAaHNX 3aneXHO Bif 3anuTiB KOPUCTYBaYIB | JOCTYMNHUX pecypciB.
6. MNepesipka 1 aganTauis:
1) oUiHUTK AKICTb CKOPOYEHMX MeTafaHunX 3a MeTpukamm Q;
2) akwo Q < Qmin, noBepHyTUCh A0 eTany inbTpauii abo KopuryBaHHs NapameTpis;
3) 3abe3neunTn OHOBMEHHSI MeTadaHWX y peanbHOMY Yaci AN MiATPUMKN akTyanbHOCTI.

7. Buxig — ontumisoBaHuii Habip MeTagaHux Mopt, IkUiA 3300BOSbHSAE 0OMEXEHHs1 Ha o6csr | 36epirae HeobXiaHWIA pPIBEHL SIKOCTI.

Llen anroputm moxe 6yTn po3wmpeHnin abo 3MiHEHWIN 3anexHo Bifg, cneundikv 3agadi (Hanp., AN KOHKPETHUX AOMEHIB
YN TUNIB MeTadaHux).

Lunckycis i BUCHOBKM

OnTtumizauia obcsary MeTagaHnx € Ko4oBMM (DaKTOPOM YCMILLHOMO ynpaBsriHHA iHpOpMaLield B Cy4acHUX cucTemax.
BanaHc mix obcsarom, SKICTIO Ta peneBaHTHICTIO MeTagaHuX OO03BONsSEe OOCArTM e(PEKTMBHOCTI, 3MEHWUTN BUTpATU Ta
3abe3neynTn 3pyyHiCTb ANs KopMcTyBaYiB. Y ManbyTHbOMY PO3BMTOK TEXHOIOTIN, TaKMX SK LUTYYHWUI iIHTENEKT | CEMaHTUYHUI
BeO, BigKpWE HOBI MOXIMBOCTI AN BOOCKOHANEHHA NpoLeciB onTumisallii.

Ontumizauia meTagaHux B IT € KpUTUYHMM npouecoMm, Akuin 3abesnedye edekTUBHICTb, NPOAYKTUBHICTL Ta Gesneky
iHpopmaUiiHux cucteMm. BukopnctaHHA cucteMaTMyHOro nigxoay, BKNOYayy aHanis, ctaHaapTM3adiio, aBTomaTm3auiio Ta
iHTerpauito HOBITHIX TEXHOMOTIN, AO3BONAE 3HAYHO 3MEHLUMTY BUTPATMN Ta NOKPaLLUMTU KEPYBAHHSA AAHUMMU.

BrnpoBageHHs L€l cTpaTerii cnpuaTMmMe 3pocTaHHIo GidHec-edheKTUBHOCTI Ta KOHKYPEHTOCMPOMOXHOCTI OpraHisauiv y
LMcpoBy enoxy.

BHecok aBTopiB. Onbra TkayeHko — KOHLenTyanisauis; AHApin Jlemeluko — aHania gxepen, NiarotoBka ornsay nirepaTtypu.

Dxepena ciHaHcyBaHHS. Lle focnigxeHHs He OTpUMaro XX04HOro rpaHTa Big iHaHCOBOI YyCTaHOBM B AepXKaBHOMY, koMepLinHomy abo
HEKOMEpLINHOMY CEeKTOpax.
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OPTIMIZATION OF METADATA VOLUME IN MODERN INFORMATION SYSTEMS:
METHODS, TOOLS AND ALGORITHMIC APPROACHES

Background. The study of metadata volume optimization aims to achieve a balance between the sufficiency of description and system
efficiency. Excessive metadata can overload systems, and insufficient metadata can complicate data access. At the same time, the growing
volume of data complicates work with metadata, since its creation, storage and processing require significant resources. Metadata volume
optimization has become an important task for organizations seeking to achieve effective information management. Challenges associated with
metadata volume: redundancy, insufficiency, duplication, data dynamics, non-compliance with standards.

Methods. The paper considers the theoretical foundations, practical methods, tools (Collibra, Apache Atlas, Talend Metadata Manager,
Al algorithms) and the benefits of metadata volume optimization (cost reduction, improved productivity, improved data quality, flexibility and
scalability, improved analytics).

Results. The paper proposes a comprehensive metadata optimization strategy adapted for the IT environment. It is shown that the use
of a systematic approach, including analysis, standardization, automation and integration of the latest technologies, allows to significantly reduce
costs and improve data management. An algorithm for optimizing the volume of metadata is presented, which can be adapted for various
application areas, such as databases, content management systems or big data. The proposed algorithm takes into account the assessment of
metadata usefulness using metric normalization to unify evaluation scales and determine the usefulness of each metadata element; metadata
selection (filtering, clustering); metadata compression; automatic optimization using machine learning models and dynamic tuning; verification
and adaptation. The algorithm can be expanded or modified depending on the specifics of the task.

Conclusions. The proposed algorithm takes into account: metadata usefulness assessment using metric normalization to unify
evaluation scales and determine the usefulness of each metadata element; metadata selection (filtering, clustering); metadata compression;
automatic optimization using machine learning models and dynamic tuning; testing and adaptation. The algorithm can be expanded or modified
depending on the specifics of the task.

Keywords: metadata, optimization, management, information, dynamism, adaptability, relevance, performance, quality, algorithm, compression
ABTOpPU 3a8BMNAOTL NPO BiACYTHICTb KOHMNIKTY iHTepeciB. CnoHcopu He Bpanu yvacTi B po3pobneHHi gocnigkeHHst; y 36opi, aHanisi un
iHTepnpeTauii AaHWX; y HanMcaHHI pykonucy; B pilleHHi npo ny6nikauito pesynbTarTis.
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MOAENDbL OUIHIOBAHHA POBACTHOCTI TA XXUBYYOCTI
MOBUTbHUX POBOTU30OBAHUX NMNATOOPM
3 YPAXYBAHHAM HAQIUHOCTI

BcTyn. Po3pobreHo komriekcHy Modesnb HadiliHocmi, pobacmHocmi ma xusy4yocmi Mob6inbHoi po6omu3oeaHoi nnamgpopmu
(MPI) i3 nocnidoeHo-napanensHor apximekmyporo. Memoro pobomu € npoeedeHHs1 MameMamu4yHo20 mModesntosaHHsl U aHanizy
HadiliHocmi enemenmie MPI1 Ha ocHoei 3akoHie po3nodiny Belibynna (i ekcrioHeHYiaslbHO20 3aKOHY, @ MaKOoX OYiHrO8aHHs1 erusy
pe3ep8yeaHHsi ma cmpyKmypHoi HaOMipHocmi Ha 3a2anbHy cmilikicmb cucmemu G0 8iOMoe. BcmaHoesieHo, wWo Kpumu4yHUMU
enemenmamu MPI1 e: waci, deu2yH, KOHMpPoJIiep, OCKiNbKU 80HU M0C1i008HO 3'€¢OHaHi ma Maromb HU3bKUU pieeHb eidMogocmilikocmi
6e3 pesepeyeaHHsI, Ha 8iOMIHy il napanesbHO 3'€OHaHUX CEHCOPHUX i KOMyHIKayiliHuUx KOMMOHeHmie.

MeToawu. o memodie Hanexamb maki: Memodu po3paxyHKy HadililHocmi 3 euKkopucmaHHsIM NocylidoeHo-NapanenbHUX
cxeM; OUiHBaHHSI 4acy 6e3sidmMoeHoi po6omu (MTTF); MmodenteaHHss 3 euKopucmaHHsIM po3nodiny Belibynna U
eKcrnoHeHYianbHo20 po3nodiny; 4Yymnaueocmi Ons aHanizy ennuey enemMeHmie Ha HadilHicmb cucmemu; OUYiHIO8aHHS
pobacmHocmi ma xuey4ocmi cucmemMu 8 ymosax 3MiH cepedosuwja abo HecripagHocmedl.

Pe3ynbTaTtu. Ha ocHoei no6ydoeaHux modesieli ompumaHo yucsoai 3HayeHHss MTTF ons ecix enemenmie MPI1. Halisuwi
nokasHuku 6e3eidmoeHoOi po6omu 3aghikcoeaHo Onsi waci (135412 200) ma akymynsmopHoi 6amapei (124 914 20d), modi sik
HalimeHwy HadiliHicmb deMOHcmpyomMb KoMyHikayitiHi modyni Wi-Fi (80 000 200) ma BLE (70 000 200). 3HayeHHss MTTF yciei MPIT
cmaHoeumsb 21 188 200, 6nu3sbko 2,4 poky 6e3nepepe8HoOi ekcrislyamauii.

lMo6ydoeaHi epaghiku Yymnueocmi nokasanu, wjo Halibinbwul ennue Ha 3a2anbHy HadiliHicmb Matomb waci, KoHmpousep i
deuzyH. BoHu € npiopumemHumu 05l pe3epeyesaHHsi abo cmeopeHHs1 dezpadoeaHux pexxumie. PobacmHicmb cucmemu 3a o0Hiei
gidmoeu (A < 1) oyiHeHO Yyepe3 3HUXeHHS limosipHocmi 6e38idMoeHOi pobomu. [Ipome i3 4acom (noHad 100 000 200) HadiliHicmb
3HWKyembCcsi HUX4Ye 5 %, wo niokpecntoe saxnusicmb 06Ky 3HOCYy KOMMoHeHmis. [ns nideuweHHs xusyyocmi MPI1 mae
npayroeamu 3a eiomoeu Ao desox nnamdpopm, naaHyeamu Mapwpymu 3a HadiliHicmro, niompumyeamu dezpadoeaHull pexum i
AuHamiyHO nepepo3nodinamu 3ae0aHHsl.

BucHoBku. 3anpornoHoeaHa Modesib 0ae 3M0o2y 3 8UCOKOK MOYHicmio ouyiHroeamu Hadilivicms MPI1 3 ypaxyeaHHsaM i
cmpykmypu, muny 3'c¢OHaHb i pyHKUioHasbHUX ocobnueocmeli enemMeHmie. Pesynbmamu eka3yromb Ha HeobxiOHicmb
pe3epeyeaHHsI KpUMUYHUX KOMIOHeHmie i nideuujeHHs1 pobacmHocmi cucmemu Onsi 3abe3neyeHHss cmilikocmi 0o eidmoe.
lMpedcmaeneHy mMemoduKy MOXHa eukKopucmosyeamu Onsi n/naHyeaHHsi cepeiCHO20 06ciy2o08y8aHHsl, NPO2HO3Y8aHHs!
JXummeeoeo yukiy U onmumisayii po6omu MPI1y duHamivHOMy cepedoeuuyi.

Knw4yoBi cnoBa: mMobinbHa po6omu3oeaHa nnamgpopma (MPI1), HadiliHicmb, po6acmHicmsb, nocnidoeHo-napasnesnbHa
cmpykmypa, 4yymJsugicmb KOMIOHeHmie, onmumi3auisi Mapuipymis.

Betyn

Bce vacrTilwe cydacHi npoMucnoBi nignpuemctBa BMKOPUCTOBYIOTb MOGiNbHI poboTtusosaHi nnatcdopmu (MPIT). Taki
nnatgopmm 4acTo edhekTMBHO 3aCTOCOBYIOTb Y NOTiCTULI, aBTOMaTM3aLii BUpoOHUYMX NpoLeciB Anst 3a6e3neyeHHi rHy4YKOCTi
BUpOoOHUUTBa. [poTe B Takmx ymosax MPI1 niggatoTbcs nigBuULEHWM pr3MKaMm LWOOO BiAMOBM KOMMOHEHTIB 4yepe3
pi3HOMaHITHI MPUYMHK, Hanpuknag nNun, Bibpadii, enekTpomarHiTHi 3aBagm Towo. Lle HeraTuBHO BNnMBaE Ha iXHIO HaAiHICTb
i 6e3nepepBHicTb poboTu Beiei cuctemu MPIT y BHYTPILLIHBONOTCTUYHUX CUCTEMAX MPOMUCIOBUX NiANPUEMCTB.

TpaguuinHi nigxoam OO OUiHIOBaHHS HaAiNHOCTI YacTo He BPaxOBYOTb B3aEMO3B'sI3KIB MiXK NigcucTeMamu, pe3epByBaHHA
N aganTuBHI cTpaTerii po3ropTaHHa poboTM30BaHUX MnaTdopM. Y 3B'A3KY i3 UMM MocTae HeoOXiaHICTb y PO3pO6MeHHi
KOMMJEeKCHOT Moaeni ouiHoBaHHs pobacTHocTi cuctemn MPI, sika 4O3BONUTD:

= OUiHIOBATU BMMUB HAAIAHOCTI OKPEMMX KOMMOHEHTIB (JaT4ymkiB, 3B'A3Ky, Lwaci, ob4yucnioBadiB) Ha 3aranbHy
npaues3naTHIiCTb;

= 320e3neunTn NPUAHATTSA iHXEHEPHUX pilleHb LoAo BMOOPY KOHQirypauin i piBHA pe3epByBaHHA ONSA OOCATHEHHSsI
3agaHoi rotoBHocTi MPT1.

MNMocTaHoBKa 3agayi — po3pobuT MatemaTuyHy Mogernb OuiHoBaHHA pobacTHocTi Ta xwusy4ocTi MPTI 3 ypaxyBaHHAM
HaLINHOCTI KOMNOHEHTIB Ta YMOB rOTOBHOCTI B MPOMMUCITIOBOMY CEPEAOBULL.

OcCHOBHi 3aBAaHHA:

1. TNpoaHanisyBatn apxitektypy MPI Ta 1i KpUTWYHI nigcucteMu (CeHcopu, BUMKOHABYI MEXaHi3aMmu, KOMYHiKauii,
obuncntoBanbHi Moayni) 3 nornsay BigMOBOCTIVKOCTI.

2. TMobynyeBatv mMofenb HagiMHOCTI OKpeMoi nnatgopmu, BUKOPUCTOBYLOUM po3nodinu Benbynna 1 ekcrnoHeHuianbHi
Mogeni ANst KOMNOHEHTIB.

3. CdopmynioBaTtu MaTemaTuyHy MOAENb CUCTEMM 3 YMOBOK TOTOBHOCTI Tuny "m 3 n", wo onucye pobacTHICTb i
XUBYYICTb Y BUrNAAI MMOBIPHOCTI Npaue3gaTHOCTI 3a HAasiBHOCTI HE MEHLLE HibK m cripaBHUX niaTdopm.

4. Po3pobutn nporpamHuii 3aci6 anst obumcneHHs Ta Bidyanisavji dyHKLiA HagiMHOCTI, iIHTEHCUBHOCTI BiAMOB, OYiKyBaHOrO
Yacy 6e3BigMOBHOI pob0TH, @ TaKOX AOCHIMKEHHS BNAMBY NapaMeTpiB KOMMOHEHTIB Ha 3aranbHy POBaCTHICTb i XKUBYYICTb.

5. TpoBecTu YncenbHe MOAENOBAHHA 1 aHani3 cueHapiie po6otn MPI1 y npoMUCIOBOMY CEPeAOBULLI 3 YpaxyBaHHSAM
XxapaktepHux 3HavyeHb MTTF, MTBF, A(f) Ta iHLUIMX NOKa3HMKIB.

6. CdpopmynioBatn pekoMeHgauii WOAO0 apXiTEKTYpHUX pilleHb, WO NigBuLyloTb pobacTHicTb i xuBydicte MPIT y
pearnbHUX yMOBax ekcrnyaTaldlii.

© Naentok OneHa, 2025
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Oznsd nimepamypHux Odxepen. [y6nikauito (Luo, 2023) npucesveHo 3abeaneveHHio 6e3nevHoi Ta pobacTHoI
aBTOHOMIi B cMCTEMaX i3 BEIMKOK KiNbKicTio poOOTiB, WO AiloTb Y CKMagHWX i 3MiIHHUX cepefoBuLLax. ABTOpU NPOMOHYTh
nigxoan OO CTiMiKoi B3aemogii Mk reteporeHHUMn poboTamy Ta NMoAbMU 3 ypaxyBaHHAM MOXNUBUX 360iB y 3B'A3Ky Ta
BiamoBamu po6oTiB. HaykoBa HOBM3Ha nomnsrae y noegHaHHi 6e3nekn 1a pobacTHOCTI ANs AOCATHEHHS KOPEKTHOT NOBEAIHKM
poboTiB We Ha eTani NpoekTyBaHHs. B poboTi Stetter (2022) po3rnsiHyTo nigxia 4o nigBULLEHHS BigMOBOCTINKOCTI TEXHIYHNX
CMCTEM LUMNSAXOM LiNecnpsiMoBaHOro MpOEKTYBaHHs, 30KpeMa W Ha NpuvKnagi aBToOMaTM30BaHOrO TPAHCMOPTHOro 3acoby
(AGV). ABTOpM OMUCYOTb METOANYHY OCHOBY, anropuTMy N iHCTPYMEHTHU, IO OO03BONSAIOTh iHTErpyBaTu AiarHOCTUYHICTD,
KEpPOBaHICTb i CTPYKTYpPHY HaAMIpHICTb yXXe Ha eTani po3poOneHHs npoaykTy. HaykoBa HOBWM3Ha Monsirac y CTBOPEHHI
cuctemHoro nigxoay ao fault-tolerant design, skun oxonntoe sik KOHUENTyanbHi, Tak i FeOMETPUYHI aCMEKTU TEXHIYHUX PilLIEHb,
CNpMAI0YN NiABULLEHHIO NPO30POCTi N ePEKTUBHOCTI iHKEHEPHOrO NPOEKTYBAHHS.

AsTopu (Fazlollahtabar et al., 2017) mogentol0Tb HaAIAHICTE CKNAaAHUX CUCTEM aBTOHOMHUX POBOTIB Yy BUPOOHMYMX
yMOBax LLUMSXOM PO3PO6IEeHHs MEeTOAIB OLHIOBAHHSA 1 onTuMisauii HagiHocTi. X po3pobunu 3a AONOMOrow Brnok-cxem
HafiHOCTI, IepeB BiAMOB i CTOXaCTUYHWUX NPOLECIB, NPUAINsoYn ocobnmBy yBary KpUTUHHUM KOMMOHEHTaM pob0oTU30BaHNX
cucTtem. HaykoBa HoBM3Ha poboTuM nonsrae B iHTerpadii gepeBa pilleHb 3a Kputepiem py3nky 3 BapTiCHUM aHamnisoM, a Takox
y 3acToCyBaHHi KOMGiIHOBaHMX MiAXo4iB ANs CTPYKTYPHO-MOMYHOrO aHanisy cknagHux poboTusoBaHux cuctem. B pobori
(Bensaid Amrani et al., 2023) po3rnsiHyTO NPOrHO3yBaHHA HA4INHOCTI MEXaTPOHHUX CUCTEM Ha eTani NPOEKTYBaHHS, WO €
KIMIOYOBMM ONS1 3MEHLUEHHS1 BUTpaT i KiNbKOCTi NpoToTUniB. ABTOPWM aHami3ytTb iCHYHOMI KiMbKiCHI Ta sikicHi migxogn Ao
MOZEMOBaHHS HaAiHOCTI 3 ypaxyBaHHSM OCOGNMBOCTEN MEXaTPOHIKU SK AWHAMIYHOI, iHTEPaKTMBHOI, a TaKoX
KOHQDirypyBanbeHi cuctemu. HaykoBa HOBM3HA Monsdrae B KPUTUYHOMY OMMsAi CydacHUX MeTOOONOorin MpPOrHOo3yBaHHS
HaAiVHOCTI Ta BMSBMNEHHI iXHiX cnabkux miclp Ans noganbLoro po3BUTKY HOBUX MiAXOAIB i iHCTPYMEHTIB.

B po6oti Betzer et al. (2024) npeactaBneHo aHania HagiiHOi poboTU aBTOHOMHOro MobGinbHOro pobota B yMoBax
HEBM3HAYEHOCTi 3a JOMNOMOror LMdPOBOro ABiiHMKA, SKUIA 34iNCHI0E BepudikaLliio NoBeAiHkM poboTa B peXuMi pearbHOro
yacy. ABTopu BUKOpUCTOBYHOTE npoTokon MQTT i cuctemy MoHiTopuHry TeSSLa ans BUsBMNEHHs BiaxwuneHb Yy pobori,
noB'A3aHnX i3 WymamMu AaTyMKiB i 3MiHAMW HaBKOMULLIHLOrO cepefoBuvlla. HaykoBa HOBM3Ha nonsrae y BRpOBaKEHHI
XMapHOro UngpoBOro ABivHMKa SK "Harnsa4oBoro" MexaHiamy, 30aTHOro He nuwie aHanisyBaTtu, a i BTpyYaTucs B ynpasiiHHA
poboToM y pasi 3arpo3u nNopyLleHHs BUMOT 6e3neku Yn npoayKTUBHOCTI.

Y ny6bnikauii Panchal (2023) 3anponoHoBaHO [BOga3Hy MeTOAMKY OLiHIOBaHHA HaginHocTi TypbiHHOro arperaty
LlyKpOBOroO 3aBOAY Ha OCHOBI iHTYITUBHO-HeYiTKoi noriku (Intuitionistic Fuzzy) Ta nigxogy Lambda-Tau. AsTopu 3actocysanu
BMpasmn cepiiHo-napanensHoro 3'edHaHHA Ans po3paxyHKy MOKasHWKIB HaZIMHOCTI 3 ypaxyBaHHAM OYHKLIN HaNexHocTi Ta
HEHaNeXHOCTi, WO [03BOSISIE BPAaxOBYBaTM PO3MUTICTb i HEBU3HAYEHICTb BXiAHWMX AaHuWX. HaykoBa HOBM3Ha nonsirae y
BUKOPWUCTaHHI iHTYITUBHO-HEYITKOT NOriKA ANS TOYHILLOro MOAEeNtoBaHHSA BMMAMBY 3MiHM PO3KUAY 3HA4YeHb Ha AOCTYMHICTb
cUCTEMM Ta MraHyBaHHS i TEXHIYHOro 06CnyroByBaHHs.

I'DYHTOBHWIA OFMISA CY4aCHOro CTaHy CUCTEM KepyBaHHs 3 BiaMmoBocTiikicTio (FTCS), sokpema i ix Tunis, meTomis
peanisauii Ta cep 3acTocyBaHHs NpeAcTaBneHo y nybnikauii (Amin, & Hasan, 2019). ABTopy aHani3yoTb akTUBHi, MACUBHI
Ta ribpugHi nigxoam go Fault Tolerant Control, a TakoX po3rnsgatoTe TUNOBI BiGMOBM CEHCOPIB i BUKOHABYMX MeXaHi3MiB,
nUTaHHsA cTabiNbHOCTI Ta HagiHOCTI Takux cucTeM. HaykoBa HOBM3Ha nonsrae B cucrtemaTtv3aii HOBITHIX po3poboK i
BUSIBMEHHI aKTyanbHUX HAayKOBWX NporasnvH, Wo Crnyrye opieHTUpom ANns nofanslumx gocnimpkeHb y cdepi FTCS.

Y ny6nikauii Maza (2025) posrnsgaetbcsi HoBa npobrnema kepyBaHHs OBOCTOpPOHHIMM AGV y pasi 360iB ceHcopis,
30KpeMa B YMOBax 4acTKOBOI BTpaTu CMOCTEPEXYBaHOCTI Mofil. ABTOPY MPOMOHYIOTb NMOAIEBO-OPIEHTOBAHY apXiTeKTypy
KepyBaHHsi Ha OCHOBiI Teopii cynepsi3opHoro kepyBaHHs (SCT), OONOBHEHY AiarHOCTUYHWMM LLAPOM AN NigBULLEHHS
BiAIMOBOCTINKOCTI cMCTeMU. HaykoBa HOBM3HA MNONArae y CUHTE3i KepytuuMx aBToMaTiB, AKi BpaxoByHTb iHopmaliio 3
AiarHoCTMYHMX aBTOMATIB, WO [03BOMSE YHUKATU TYNWKOBUX CUTYyaLild HaBiTb 32 YMOB CEHCOPHUX MOPYLUEHb, @ TaKoX Y
BUKOPWUCTAHHI CTOXaCTUYHUX TaMMOBAHWX aBTOMATIB ANs OLUiHOBaHHS MMOBIPHOCTI 6e3BiAMOBHOI poboTW. Y AOCNIOKEHHI
(Purwaningsih et al., 2025) npoaHanizoBaHO nepexia BiA HaniBPyYHOro TPaHCMOPTYBaHHA Martepianis O MOBHICTIO
aBTOMaTM30BaHOi cucteMm Ha ocHoBi AGV y BUPOBHUYMX YMOBaX KpaiH, L0 PO3BMBaOTLCSA. 3a A4OMOMOrol MOAENtoBaHHS
OVCKPETHMX NOAIN | Teopii Yepr ouiHEHO ePEKTUBHICTb, BUTPATK Ta AKICTb NPOAYKLii ANA TPbOX CLEHapiiB: py4yHe KepyBaHHS,
2 Ta 3 AGV. HaykoBa HOBU3Ha nonsrae y KinbkicHoMy o6rpyHTyBaHHi nepesar ynpoBamkeHHs AGV Ha geTepmiHOBaHUX
BMPOOHMYMX MiHIAX, WO A03BOMSAE NIOBUWMUTU HAAIAHICTb CMCTEMWU 1 OBIPYHTOBaAHO NMPUMIUMAaTK ynpaBniHCbKi pilleHHs. Y
ny6nikauii (Cai et al. , 2024) gocnigpxeHo HagiMHICTE BU3HAYEHHS BigHOCHOTO KyTa Mk AGV Ta uinsnto 3a 4ONoOMOrow Metoay
Angle-of-Arrival i3 BukopuctaHHaM loT-ceHcopie Big Tl Ta u-blox signosigHo Ao craHgapty Bluetooth 5.1. MNpoeegeHo
NopiBHANbHE OLiHIOBAHHSA TOYHOCTI CEHCOpPIB Y CUMYIALIi Ta peanbHUX YMOBaXx, NiCns 4Yoro KpaLuin BapiaHT iHTerpoBaHo B
cuctemy Hagirauii AGV. HaykoBa HOBU3Ha nonsirae B NepLIOMY CUCTEMATUYHOMY aHanisi 3actocyBaHHs AOA-CeHCopiB Ans
30BHIiLLHbOT HaBirauii AGV, Lo BigKpMBae NepcrnekTnBM IXHbOro BUKOPUCTaHHS B CKITagHUX peanbHUX cepegoBuLiax. ABTopu
poboTtn Zheng et al. (2024) poarnsaHynu npobnemy HeHagiHocTi Wi-Fi-3B'a3ky B cuctemax AGV y npomucrnoBomy
cepefioBuLi Ta 3anporoHyBanu anbTepHaTUMBHE pilleHHs Ha ocHoBi npotokony WIA-FA. JocnigHukn po3pobunu Hoy
CTPYKTYpPY CynepKaapiB i cTpaTerito NoBTOpHOI nepepavi SSER, wo 3abe3neyye BnopsakoBaHy Ta HagiiHy nepegady gaHux
Mk AGV i mepexeto. HaykoBa HOBM3HA Monsrae y BNpOBamKeHHI MOCNIAOBHOIrO pos3knagy nepefadi, Skl guHamiyHo
onTumidye ¢pasy mignomy Ta CMycKy OaHWMX, 3HAYHO MOKPALLyuYM HafiNHICTb 3B'A3KY Yy CKknagHux ymoBax. Y ctaTtTi (Li, &
Schulze, 2024) 3anponoHoBaHO niaxig, 40 NiABULLEHHSA HaAiMHOCTI Ta gocTynHocTi AGV-cnctem y BUpOGHUYOMY cepenoBuLLi
3a [OMNOMOroH MPOTrHO3HOIO0 TEXHIYHOro OOCNyroByBaHHS Ha 6asi HEMPOHHOI Mepexi 3 OOBrOTPMBANO KOPOTKOYACHOH
nam'attio (LSTM). MeToa posBonse aHanidyBaTu iCTOPUYHI AaHi, BUSBNSATU 3aKOHOMIPHOCTI Ta nepeabadaTt NOTEHLiNHI
BigmoBn abo notpeby B obcnyroByBaHHi koMnoHeHTIB AGV Ta cymikHoro obnagHaHHs. HaykoBa HOBM3Ha nonsrae y
BrpoBaaxeHHi Al-meToay ONA NPOaKTMBHOIO KepyBaHHS TeXHiYHMM cTaHom AGV-cuctem, wo 3abesnevye MiHimisauio
npocToiB i niaBuWeHHs edekTnBHOCTI BMpoOHMUTBa. Y nybnikauii (Yin et al., 2023) po3pobneHo meTon nnaHyBaHHS
MapLUpPyTY Ansi aBTOHOMHWUX Ha3eMHWX TPaHCMOPTHMX 3acobiB (AGV), Lo BpaxoBye He nuLle ONTUMAarbHICTb LWNsXY, a i oro
HapiNHICTb B yMOBaX CknagHoro penbedy Ta MMOBIpHMX BigMOB. ABTOpHM iHTerpyBanu isuyHo obrpyHToBaHe MogentoBaHHs
AVHaMIKM pyxy 3 aHamnisom HagiiHocTi MobinbHocTi AGV, 3acTocyBaBLUM METOAM CypOraTHOrO MOAEMIOBAHHSA N anroputm
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RRT*. HaykoBa HOBM3Ha nonsirae B NOeHaHHi aHanisy MMOBIpPHICHMX BiAMOB MOGINbLHOCTI 3 anropuTMiYHUM MraHyBaHHSAM
TPaEKTOpii, O A03BOMsE NpoknagaT 6esneyvHi MapLIpyT y HeBU3HaYEHNX NO3aLLMSAXOBMX YMOBAX.

Metoaun

Hapinnicte MPT1 onncye noBeAiHky okpemwux i KOMMNOHEHTIB abo Bciei cuctemy B HopManbHUX ymoBax. PobacTHicTb
BpPaxoBYE CTPYKTYPHY HaZMipHICTb, pe3epByBaHHS, aganTtalito Ta CTilikicTb 4o 360iB. TOMy Brcoka pobacTHICTb cucTeMu Aae
3MOry nigTpMMyBaTU 3adaHy HafilHICTb HaBiTb 3a BUXoQy 3 Jlagy OKPEMUX KOMMOHEHTIB. ToOTo pobacTHicTb — ue
apxiTekTypHa BNacTUBICTb, ika He rapaHTye BiACYTHICTb BiAMOB, ane 3MeHLUye ixHi Bnnue. KusydicTb Bigobpaxae 3aaTHiCTb
cuctemun 36epiratv yHKUIOHaNbHICTb | ePEKTUBHICTL pOBOTM HaBiTb 38 HAABHOCTI MHOXMHHMX MOLLKOAXEHb abo TpuBanoro
BNMBY HECNPUATNNBKX YMOB, 3abe3neyyoumn Weuake BigHOBMNEHHS abo aganTadilo 40 HOBMX OBCTaBuH.

Mopenb HaginHocTi okpemoi nnatdgopmm 6yayoTb Ha OCHOBI 0OCHOBHMX Nigcuctem MPTI. [lo HUX HanexaTtb: Wwaci, 4BUryH,
KOHTpoORep, SiKi 3'e4HaHi NocnigoBHO, Ta Kamepa, nigap, KOMyHikauis, siki 3'egHaHi napanenbHo. AKLO B NOCAIA0BHO 3'€4HaHNX
nigcucteMax Hemae pes3epByBaHHSA, TO BOHW MalTb HU3bKUWA piBeHb BiOMOBOCTINKOCTI. MapanensHo 3'eqHaHi enemeHTu
MaloTb BULLY BiAMOBOCTIMKICTb 3a paxXyHOK HaASIMLIKOBOCTI. TOMY KPUTUYHUMW efleMeHTaMn €. ABUryH, Laci, KOHTponep.
BoHun noTpebytoTb CTPYKTYPHOro pe3epByBaHHSA abo AerpagoBaHoro pexumy ans nigBuLLEeHHS HaginHOCTI.

3a dyHKuioHanbHUM 611okomM komnoHeHT MPTT MoxHa knacudikyeaTy 3a nigcucremamu i 3'egHaHHaM (Tabn. 1).

Ta6bnuysa 1
Knacudikauis komnoHeHTiB MPI1 3a nigcucremamu i 3'eAHaHHAM
KoMnoHeHT Miacucrema DyHKUiOHaNbLHICTb Tun 3'egHaHHAa | KpuTtnyHictb Mpumitka
AxymynsTopHa KuBneHHs BCix KOMMOHEHTIB . Bes xuBneHHs cuctema He
EHepreTuyHa MocnipoBHe Bucoka .
6arapes MPTI DYHKLIOHYE
Waci MexgHNHa / OcHoBa CTPYKTYpM, MocninosHe Bucoka Buxig 3 nagy = noBHa
MOBinbHiCTb HecHa KOHCTPYKLUis 3ynuHka MPI
. Buxig 3 nagy asuryHa =
OBuryH BukoHaBua MpuBogutb Nnatdopmy B pyx MocnigoBHe Bucoka BTpATa PYXIUBOCTI
Bignosigae 3a npouec
KoHTponep Ob6uucnioBanbHa | KepyBaHHS, NPUAHATTSA pilleHb MocnigoBHe Bucoka ynpaBrniHHA BCiMa
nigcucremamm
Kamepa CeHcopHa BisyanbHa Hasirauis MapanenbHe CepegHs BM'.(OpMCTOByeTbCﬂ y napi 3
nigapom abo sk peseps
LIDAR CeHcopHa 06xin nepewukog, MapanenbHe CepegHs Moxe npautosaTy Ges
nobynosa kapTtu Kamepu abo HaBnaku
Wi-Fi / BLE KomyHikaLiifHa MNepenava panux, NapanenbHe | CepenHs BUKopuCTOBYIOTLCA 5K
3B'AI30K i3 Mepexeto aybnioBanbHi kKaHanm

Posrnspgaetbca mopens HaginHocTi MPI cepeaHboro knacy, To6To ue aBToMaTM30BaHUA TPAHCMOPTHUIA 3acid Macoto
6nm3bko 600 Kr, LWo cknagaeTbesa 3 eneMeHTIB i3 po3noginom Belibynna Ta ekcnoHeHLianbHUM po3nogifioMm Yacy 40 BiAMOBMU.
EnemeHTH, WO 3'egHaHi nocnigoBHO: akymynaTopHa 6atapes, waci, ABUryH, KOHTponep. EnemeHTw, ki 3'eaHaHi napanensHo:
kamepa, nigap i komyHikauis( Wi-Fi, BLE). ApxiTektypa MPI1 mae nocnigoBHo-napanenbHy CTPYKTypY i 306paxeHa Ha puc. 1.

y

‘ AkymynsiTopHa GaTapes ‘

| Lulaci |
| o |
| KOHTF‘)onep |
v : v
Kamepa Nigap KomyHikais

| |
v

Puc. 1. Apxitektypa MPI1
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3akoHy posnoainy Benbynna nianopsakoBYOTLCA: LWAci, KOHTPoNep Ta akymynaTopHa GaTtapes. 3okpema pyHKUito
HagiHoCTI ANns waci ob4yncntooTb 3a hopmyrnoto

Rc(t) = exp[—(Ac )], (1

e A, — napameTp MaclTaby (iHTEHCUBHICTb BiMOB), 06epHEHNIN [0 XapakTepHoro yacy 6e3BigMoBHOI poboTu; k. — napameTp
dopmn (shape), skuii Bu3Ha4ae xapaktep crapiHHs: k. < 1 — dasa "gutayoi cmepTHocTi" (initial failures); k. = 1 — ekcnoHeH-
LjansH1n po3nofin (NocTilHa MMOBIPHICTb BiAMOBW); k- > 1 — cTapiHHa (failure rate 3pocTtae i3 yacom); t — 4ac y rogmHax
(abo cekyHaax, 3anexHo Big 0aNHWLb).

[nsa koHTponepa dyHKLUis HaainHOCTI

Reery () = exp[—Qgert) eert]. (2)
[ns akymynaTopHoi 6atapei dyHKLito HaginHOCTI 064YnCnoTL 3a hopMyIo
R (t) = exp[~(Apt)*?]. (3)

EkcnoHeHUianbHOMY 3akOoHY po3noginy nignopsakoByloTeest Taki enemeHTn MPTI: aBuryH, kamepa, nigap, Wi-Fi i BLE.
dopmyna ansa obumcneHHs yHKLUiT HaaiHOCTI ABUryHa:

Ry (t) = exp(—=Ayt). (4)
DYHKLiA HagINHOCTI Kamepu:
Ream () = exp(-Acamt)- (5)
DyHKUiA HaginHOCTI nigapa:
Ryp(t) = exp(—Aypt). (6)
DyHKUia HaginHocTi Wi-Fi:
Rwiri () = exp(—Awip;t). (7)
DOyHKUis HaginHocTi BLE:
Rppe(t) = exp(—Ap.et). (8)

DYHKL0 HaAINHOCTI NOCMIAOBHO 3'€4HAHMX eNeMEHTIB 064NCEMO, NEPEMHOXaUMN PYHKLiT HAAIMHOCTI KOXHOTO 3 ENEMEHTIB,
a came: akymynaTopHoi 6aTapei, waci, KoHTponepa Ta ABUryHa:

Rser () = Rp (DR (O)Reer () Ry (). 9)
PyHKLit0 HaAiIMHOCTI NapaneneHo 3'edHaHUX eneMeHTiB 06uncnoemo, nepemHoxarun dyHkuii HaginHocti Wi-Fi i BLE:
Reomm () =1 —= (1 = Ryiri (1)) (1 — Rpre(2)). (10)
DyHKUi0 HAaZIMHOCTI ANA napanenbHo 3'eQHaHMX Kamepu, figapa Ta KOMYHiKauinHOT CUCTEMU 3HanZeMo 3a hopMyrio
Rpar(®) =1 = (1 = Ream(®))(1 = Ryp (D). (11)
3aranbHa dyHkUis HagiiHocTi MPI maTume Burnsg, t € [0; 2000]:
Ry (t) = Rser (D) Rpar (1) (12)
Omxe 3aranbHa yHKUia HagiHocTi MPIT Burnsgae tak:
Ryev(t) = Rg(O)Rc(O)Ry (D Reeri(D[1 — (1 — Ream () (X = Ryp (0))1 — (1 = Ryiri () (1 — Rppe ()] (13)
IHTEHCMBHICTb BIAMOB A1 €MEMEHTIB, LU0 NiANOpsAAKOBYHOTLCS 3akoHy Benbynna, obuncnumo sk
Ai(E) = kAkigha, (14)
IHTEHCMBHICTb BIOMOB 4119 €NeMEHTIB, Lo NignopsaKOBYOTHCS EKCNOHEHLianbHOMY 3aKOHY, PO3paxoBYEMO 3a (DOPMYSIO
L) = A (15)

O6uncnoemo iHTEHCUBHICTb BiAMOB ANS NOCMIAOBHO 3'€QHAHNX €NeMEeHTIB: akyMynaTopHoi 6aTapei, waci, KoHTponepa
Ta ABuryHa:

Aser(®) = Ap(®) + A (®) + Acer (B) A (8). (16)
IHTEHCMBHICTb BigMOB NapanenbHoi YactuHn MPIT o6uncnioemo sik
—_ fpar(t)
Apar (6) = 225, (17)

3aranbHy iHTeHCMBHICTb BigMoB MPI1 3Haxoammo 3a opmynoto
Mgy (1) = Aser (1) + Apar (DApar (1) (18)
YacrtoTa Bigmos MPIT:
a(t) = f; mgv(Wdu. (19)
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ImoBipHicTb BigMmoBu MPTT:

Q) = 1= Ryav (D). (20)
oTOBHICTb, BpaxoBytouu, wo MPI1 npautoe 6e3 BigHOBNEHHS:
A(t) = Rygy (1) (21)
OuikyBaHUI 3an1LIKOBUIA Yac A0 BiAMOBMU:
_ I Ragy(wdu
T® = Racv () (22)

CepepHin yac 6e3BigMoBHOI poboTn (MTTF) ona enemeHTiB, WO NigNOPSAKOBYOTLCA 3akoHy Benbynna:
MTTF; = Aiil"(l + kii). (23)
CepepHin yac 6e3BigMoBHOI poboTn (MTTF) ons enemeHTiB, O NiANOPSAKOBYOTLCSA €KCNIOHEHLiaNbHOMY 3aKOHY:
MTTF,; = % (24)

CepegHilt yac 6e3BigmoBHOi poboTn (MTTF) onsa napanensHux komnoHeHTiB MPT:

1 1 1

MTTFP‘" = MTTFeqm  MTTFp  MTTFegmm’ (2%)
CepegHilt Yac 6e3BigMOBHOI pob0TK ANA KOMYHIKaUiNHOT cucteMu, sika cknapgaetbes 3 Wi-Fi i BLE:
— 1 1 51
MTTF,om = (MTTFWL_H + MTTFBLE) . (26)
3araneHuin MTTF MPIT npnbnusHo Takui:
~ (L 1 N1
MTTFyey = (MTTFser + MTTFpar) ) (27)
Ae 3aranbHui MTTF MPI gnsa napanenbHO 3'e€QHaHNX enemMeHTIB po3paxyeMo SK
MTTF,,, = MTTFg + MTTF; + MTTFgy, + MTTEy,. (28)

Po6actHicte MPI1 Bu3Hauae ii 3gaTHiCTb 36epiratv npaues3fgaTHiCTb 3a HaBe4EHNX HKYE YMOB.
3aranbHa MaTemaTMyHa Mogenb pobacTHOCTHOI HaginHocTi MPIT:

Rigv(®) = | ] B Ri(®O[Mjes\a(1 = Ri(t))], (29)

neV ={B,C,M,Ctrl} — kno4oBi By3nu (baTapes, kopnyc, OBUINYHWU, KOHTponep), S = {Cam, LID, WiFi, BLE} — CEHCOPHO-
KOMYyHikaLiiHa cuctema, AS V U S U E — nopyLUeHi KOMMNOHEHTM abo 3B'A3kK, R;(t) — yHKUIA HaOIMHOCTI KOMMOHEHTa j.
YMoBHa pobacTHiCTb BpPaxoBye, LUO KOMMOHEHTM 3 JenbTa BBaXKalOTbCA BiAMOBNEeHWMW, TO6TO R;(t) = 0,i EA. YmoBY
k-pobacTHoCTi onucyloTb Tak: cuctema € k-pobacTHO,SKWO 3a Oyab-AKoi MHOXWHW icHye k BigmoB. ToOTO, HaBiTb SAKLIO
BiAMOBNATbL Oyab-ski kK KOMMOHEHTU (BY3nu abo kaHanu), 3aranbHa HagiNHICTb CUCTEMU NMOBUHHA 3anULIATVCh BULLIOKO 32 MiHIMYyM.

Risy(t) = Ryin VAS VUE, |A| < k. (30)

YyTnmBiCTb KOMMNOHEHTIB OBYNCMIOEMO ANA OLHIOBAHHS BMIMBY KOXHOrO KOMMOHEHTa Ha 3aranbHy HafilHICTb:

— 9Ragv(®) _ Racv(®)
50 =T Ri(t) (31)

KOMMNOHeHTH 3 HanbinbLWMMN 3HaYEeHHAMMN € HaWKPUTUYHILLI, | came iX NOTpiGHO pesepByBaTy.
OnTtumisauito mapupyTis MPI 34iCHIOITE HA OCHOBI MHOXMWHW LUNSAXIB:

P={1,2,...,n}. (32)

PesynbtaTtun

Ha puc. 2 306paxeHo rpadikin OCHOBHUX XapakTepucTuk HaginHocti MPI. A came: iHTEHCMBHICTL BigMOB, (OyHKLO Hanpavyo-
BaHHs1 Ha BiAMOBY, (DYHKLLIHO OYiKyBaHHS Yacy 40 BiAMOBM, iIMOBIPHICTb poboTK cucTEMM, IMOBIPHICTL BiMOBU, roTOBHICTL MPTT.

3ripHo 3 HaBegeHUMK rpadbikamu, po3paxoBaHO cepedHivi yac GessigmoBHOI poboTn (MTTF) aAns okpemmx KOMMOHEHTIB
aBTOMaTu3oBaHoi MobinsLHOI Nnatcdopmu. B Tabn. 2 HaBeaeHo cepeHin Yac 6e3BiaMOBHOT poboTY KoXXHOrO 3 enemeHTiB MPTT.

Ta6bnuys 2
CepepHin yac 6e3BigMOBHOI po60TH KOXXHOro enemeHTa MPI
EnemenTt MPI batapes Waci KoHTponep OsuryH Kamepa Nigap Wi-Fi BLE
MTTF (roauHn) 124914 135412 110829 110000 120000 100000 80000 70000
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1e-5 IHTEHCUBHICTb BiAMOB cucTeMU A(t) DyHKUiA HanpauoBaHHA Ha Bigmosy a(t)
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Puc. 2. 'pachikn ocHOBHUX XapaKkTepucTUK HaginHocTi MPI

Hanposwwun MTTF matoTb waci (135 412 roa) Ta akymynatop (124 914 roa), Wwo cBiAYUTb NPO IXHIO BUCOKY HagiNHICTb.
KoHTpornep, ABUrYH i kamepa MatoTb TPOXW HWKYiI 3HAYeHHs, 6nuabko 110 000—120 000 roa. HavmeHLly HaginHicTe MakoTb
6e3gpoTosi moayni 3B'a3ky: Wi-Fi — 80 000 rog, a BLE — 70 000 roa. Yepes Te, Wo Ans 38'A3Ky BMKOpUCTOBYOTL abo Wi-Fi,
abo BLE (ymoBa "a60", To6T0 napanensHa pobota), MTTF uiei rpynu ctaHoButb nuwe 37 333 roa.

Konu posrnsgaetbcs napanenbHa rpyna koMnoHeHTiB (kamepa, LIDAR i 38'a30k), 3aranbHun MTTF we Hwk4mun — nuwe
22 164 rogwn. Lle o3Hauvae, wo B pasi BigMOBM OyAb-AKOro i3 LMX TPbOX €NeMeHTIB cuctema BTpayae (pyHKUIOHaNbHICTb.
Y nigcymky, opieHtoBHe MTTF yciei cuctemmn AGV ctaHoBuTb 6nmsbko 21 188 rog, wo Bignosigae npmbnusHo 2,4 poky
6e3nepepBHOi poboTu. Lle fae 3mory ouiHWTK YacoBi MeXi HafiiHOI ekcnnyarTadii cuctemu Ta nnaHyBaTu ob6cnyroByBaHHS
4 MOAEPHI3aLlito KOMMNOHEHTIB.

Ha puc. 3 306paxeHo rpadikn yyTnneocTi enemeHTiB MPI Ta pobactHocTi MPI ans ogHo4acHoO OfHiel BiAMOBM ii €NEMEHTIB.

Cuctema MPT1 noyaTkoBO Ma€e MakcumanbeHy HagiiHicTb 100 %. Yepes 10 000 rog BoHa 3HMXYETHCS A0 NpuBnn3Ho 85 %,
a gani noctynoBo nagae, gocararoum 6nuseko 0,5 % nicna 30 000 rog i meHwe 1 % nicnga 140 000 rog. MiHiManbHi 3Ha4YeHHs1
HaAIVHOCTI TPOXWM HWXYi 3a HOMiHanbHi, WO BpaxoBye MOXIMBI KONMBaHHA napameTpis. 3aranomM, cuctemMa HafiiHa Ha
no4yaTkoBOMY eTani, ane i3 4acoM ii poBacTHICTb 3HAYHO 3HMXKYETLCSI.

Y tabn. 3 npefgcraBneHo po3paxoBaHi 3Ha4YeHHS Yacy Ans HOMiHanbHUX 3HadYeHb 6e3 BigmoB enemeHTiB MPI (R, ominat)
Ta 3 ofHie BIiAMOBOW ( Ry, Npy A< 1), a TakoX 4YyTNMBICTb KOMMOHEHTIB A0 3aranbHoi HagiiHocti MPI1. [Mpu
Rpin Al €1 — ue pobacTHicTb, T06TO 3gaTHicTe MPI1 36epiraTm npaues3naTHICTb 3a OAHIEi BiAMOBM KOMMOHEHTa
(Hanp., BTpata 3B's3ky Wi-Fi abo BLE).

Ha noyatky po6otu cuctemu (f = 0 rog) ii HagivHicTe ctaHoBUTL 100 %, TO6TO cMCTeMa NOBHICTHO NpaLe3aaTHa. I3 yacom
HafinHIiCTb NOCTYNoOBO 3HMXYETbCS. Yepes 10 000 roa BoHa 3anmwaeTbCst 4OCUTb BUCOKOK — 6nin3bko 85 % 3a HOMiHamNbHUM
3HAYEHHSIM | TPOXW MEHLLIE 3 ypaxyBaHHAM Bapiauin (R, ). ani, 3i 3poctaHHsaM Yacy ekcnnyaTalii, HagiiHicTb nagae: Yepes
50 000 rog BoHa cTaHoBUTb Yxe 6nm3bko 30 %, a yepes 100 000 rog — meHwe 5 %.
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YyTnmeicTb KoMnoHeHTiB (k=1) PobacTHicTb AGV (Makc 1 BigMoBa)
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Puc. 3. I'padiku uytnuBocTi enemeHTiB MPI1 i po6acTtHocTi MPI1 ans ogHo4YacHoO oAHi€l BiAMOBM ii enemMeHTiB

Ta6bnuys 3
3HaveHHA Yacy AnAa HoMiHanbHUX 3HaYeHb 6e3 BiaMoB enemeHTiB MPI,
a TaKoX YyTNMUBICTb KOMMNOHEHTIB A0 3aranbHoi HaginHocTi MPI 3a oaHiei BigMoBu enemeHTiB MPI
(ropLHM) Rominal Ruin |Al <1 | Batapes | Waci | Koutponep | AeuryH | Kamepa NMinap Wi-Fi BLE
0.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

10000.0 0.853 0.8518 1.0 1.0 1.0 1.0 0.0014 0.0011 0.0009 0.0008
20000.0 0.6935 0.6877 1.0 1.0 1.0 1.0 0.0084 0.0069 0.0054 0.0046
30000.0 0.5454 0.5333 1.0 1.0 1.0 1.0 0.0221 0.018 0.0138 0.0118
40000.0 0.4164 0.3993 1.0 1.0 1.0 1.0 0.0411 0.0331 0.0251 0.0211
50000.0 0.3093 0.2896 1.0 1.0 1.0 1.0 0.0636 0.0506 0.0378 0.0315
60000.0 0.2238 0.2042 1.0 1.0 1.0 1.0 0.0879 0.0693 0.051 0.042
70000.0 0.1581 0.1402 1.0 1.0 1.0 1.0 0.1128 0.0881 0.0639 0.052
80000.0 0.1091 0.0941 1.0 1.0 1.0 1.0 0.1376 0.1064 0.0759 0.0611
90000.0 0.0736 0.0617 1.0 1.0 1.0 1.0 0.1617 0.1238 0.0868 0.069
100000.0 0.0487 0.0397 1.0 1.0 1.0 1.0 0.1849 0.14 0.0966 0.0758
110000.0 0.0316 0.025 1.0 1.0 1.0 1.0 0.2069 0.155 0.1051 0.0815
120000.0 0.0201 0.0155 1.0 1.0 1.0 1.0 0.2279 0.1688 0.1125 0.086
130000.0 0.0126 0.0095 1.0 1.0 1.0 1.0 0.2476 0.1813 0.1187 0.0895
140000.0 0.0078 0.0057 1.0 1.0 1.0 1.0 0.2663 0.1927 0.1239 0.0922
150000.0 0.0047 0.0034 1.0 1.0 1.0 1.0 0.284 0.2031 0.1281 0.094

MiHiManbHi 3Ha4YeHHs1 HagiHOCTI (Rpypin), SIKi BpaxoBYHOTb MOXIUBI KOMNMBaHHS NapameTpiB, 3aBXOW TPOXWM HWXKYi 3a
HOMiHanbHI, ane TeHAeHUIa 3HWXeHHs i3 4Yacom opHakoBa. o 150 000 rog cuctema Mae Oyxe HU3bKy MMOBIPHICTb
6e3BigMoBHOT po60TK — MeHLLe 0,5 %. OTxe, cucTema i3 Yacom BTpadae CBOIO NpaLe3naTHiCTb, | Ans 3abe3neyeHHs HaginHoT
poboTn NOTPiIOHO nnaHyBaTu npodinakTuiHe obcnyroByBaHHs abo 3amiHy KOMMOHEHTIB A0 TOro, siKk HafAiHICTb CTaHe
KPUTUYHO HU3BKOH.

Ha puc. 4 306paxxeHo rpadikn yytnmeocTi enemeHTiB MPI1 Ta pobactHocTi MPI ans ogHo4acHMX ABOX BiAMOB ii €l1eMEHTIB.
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YyTAMBICTb KOMNOHEHTIB A0 Po6acrricts MPIT npu
3aranbHoi HaailHocTi MPM MaKC. JBOX OJHOYAaCHUX BinmoBax (k=2)

1.04{— —— R_AGV (6e3 Binmos)
-=- Min R_AGV_A npv || = 2
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Puc. 4. I'padikn ywytnuBocTi enemeHTiB MPI1 i po6acTtHocTi MPI ansa ogHo4YacHUX ABOX BiAMOB ii enemMeHTIB

Cucrema MPT1 3a makcumarnbsHOI KinbKOCTi BiAMOB (4Bi 04HOYACHI BigMOBM) Ma€e BUCOKY HaAiMHICTb HA MOYaTKy ekcrnnyaTauii,
LLIO CTaHoBUTb 6nn3bko 85 % nicnst 10 000 roguH. I3 Yacom HagjiMHICTL NOCTYNOBO 3HWKYETLCA | nicna 150 000 rog nagae maibke
[0 Hynsi. MiHiManbHi 3Ha4YeHHs HagiNHOCTI TPOXM HWXKYI 32 HOMIHamMbHI Yepe3 MOXNMBI Bapiauii. 3aranom, cuctema crabinbHa
Ha no4yaTKoBOMY eTarni, ane i3 Yyacom notpebye npodpinakTmkm abo 3amiHm ons NigTPMMKM poBacTHOCTI.

Y 1abn. 4 npeactaBneHo po3paxoBaHi 3HAaYeHHS Yacy Ans HOMiHanbHUX 3HavyeHb 6e3 BigmoB enemMeHTiB MPIT (R, ominat)
Ta 3 ABoma ofHo4dacHuMU BigmoBamu enemeHTiB MPI (R,,npn A £2), a TakoX YyTNMBICTb KOMMOHEHTIB A0 3aranbHoi
HapinHocTi MPT. Akwo Ry,in|A| £ 2, To Mmaemo cnpay i3 xuBydicTio, TO6TO 3gaTHicTio MPIT npogoBxyBaTV BUKOHAHHS MiCil
HaBiTb 3a JBOX BigMOB.

Tabnuuys 4
3HayeHHs yacy Ans HoMiHanbHUX 3Ha4YeHb 6e3 BiaMoB enemeHTiB MPI1,
a TaKoX YYTNMBICTb KOMNOHEHTIB A0 3aranbHoi HaginHocTi MPI 3a oBox BiaMoB enemeHTiB MPI
t(roavun) | Rouominat | Rminl Al <2 BaTapes LWaci KoHTtponep | OBuryH | Kamepa Nipap Wi-Fi BLE
0.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
10000.0 0.853 0.8397 1.0 1.0 1.0 1.0 0.0014 0.0011 0.0009 0.0008
20000.0 0.6935 0.6564 1.0 1.0 1.0 1.0 0.0084 0.0069 | 0.0054 0.0046
30000.0 0.5454 0.489 1.0 1.0 1.0 1.0 0.0221 0.018 0.0138 0.0118
40000.0 0.4164 0.3507 1.0 1.0 1.0 1.0 0.0411 0.0331 0.0251 0.0211
50000.0 0.3093 0.2437 1.0 1.0 1.0 1.0 0.0636 0.0506 | 0.0378 0.0315
60000.0 0.2238 0.1647 1.0 1.0 1.0 1.0 0.0879 0.0693 0.051 0.042
70000.0 0.1581 0.1087 1.0 1.0 1.0 1.0 0.1128 0.0881 0.0639 0.052
80000.0 0.1091 0.0702 1.0 1.0 1.0 1.0 0.1376 0.1064 | 0.0759 0.0611
90000.0 0.0736 0.0444 1.0 1.0 1.0 1.0 0.1617 0.1238 | 0.0868 0.069
100000.0 0.0487 0.0276 1.0 1.0 1.0 1.0 0.1849 0.14 0.0966 0.0758
110000.0 0.0316 0.0169 1.0 1.0 1.0 1.0 0.2069 0.155 0.1051 0.0815
120000.0 0.0201 0.0102 1.0 1.0 1.0 1.0 0.2279 0.1688 | 0.1125 0.086
130000.0 0.0126 0.006 1.0 1.0 1.0 1.0 0.2476 0.1813 | 0.1187 0.0895
140000.0 0.0078 0.0035 1.0 1.0 1.0 1.0 0.2663 0.1927 | 0.1239 0.0922
150000.0 0.0047 0.002 1.0 1.0 1.0 1.0 0.284 0.2031 0.1281 0.094
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Pob6acTtHictb (JA] £ 1) MPI1 Bu3HavaeTbes sk CTabinbHICTb y pasi oanHUYHOI BigMoBU. CucTeMa NUIAETLCA MOBHICTIO
npaue3gaTHoLo, HaBiTb SKLLO OAMH KOMMOHEHT BUXOAMUTb i3 nagy, Hanpuknag, BLE un kamepa. ®yHKUia HaginHOCTi OCHOBHUX
KOMMOHEHTIB (KOHTponep, OBUryH, waci, 6atapes) amiHoeTbcs Big 1.0 go 150 000 roa. Lie Bka3ye Ha HagnuwKoBicTb abo
BUCOKY HagivHicTe MPIN, saka HeobxiogHa Ha npomucnoBux nignpuemcrtBax. Hanpuknag 3a 100 000 rog
Rpominar = 0.0487 (6e3 BigmoB), a R, |A] <1 = 0.0397. Lle o3Hauae, Wwo Bigbynocs nagiHHa MeHLWw Hix Ha 20 %, TobTo ogHa
BiMOBa NPaKTUYHO He BNNunBae Ha yHKUioHyBaHHs MPT1.

XKusyuicTb (JA| < 2) Burnsgae, 9k agantaia Ao datansHux cueHapiis. Hanpuknag, npu t = 100 000 rog Rpyin|A| < 2 = 0.0276,
Rminlf| £ 2 = 0.0397, wo Ha 30 % MeHwWwe. R;,Nagae WeWALle, HX 3a OAVHUYHOI BigMoBU. NpryoMy, xo4a NMOBIPHICTb
BMKOHAHHSA 3aBAaHHA cyTTeBO nagae, MPI Bce e 3aaTtHa dyHKUioHyBaTH, TOGTO cUCTEMA BMXKMBAE B pexXuMi gerpagaldlii.
Ha 140 000 rog R, ominai= 0.0078, RyinlAl €2 = 0.0035, a ue o3Hayae, WO MMOBIPHICTb BUKOHAHHS 3 ypaxyBaHHAM [BOX
BiAMOB YABIui HWXK4a, ane Bce e HeHynboBa. To6To MPI1 MOXe BUKOHATW 3aBOaHHs, ane Ansi Lboro NOBMHEH Bia'ixatu B
©e3neyHy 30Hy, NogaTu CUrHan, HaBiTb y BUNaaKy BigMoBwW, Hanpuknag, BLE + Wi-Fi, abo kamepu + LIDAR. OTXe XuBy4iCTb
3abesneyvyeTbcs 3a paxyHOK: AerpafoBaHuX pexuMiB poboTu; MicLLeBMX aBTOHOMHMX pilleHb i pe3ePBHOIO KOHTPOIO.

[unckycis i BUCHOBKMU

Ha ocHoBi npoBeaeHWx JocnigKeHb HaMeHLW HadiiHumMn enemeHTamu MPIT e: akymynsitopHa 6aTtapes, nigap, Wi-Fi- Ta
BLE-mogyni. AkymynsitopHa 6aTapes Mae wBuake 3HWxeHHs1 HaginHocTi nicns 50 000 rog. Jligap mae cTpiMke 3pocTaHHs
nmosipHocTi Bigmos (R = 0.28) y pasi 150 000 roa. Wi-Fi-mogynb Mae cxunbHicTb A0 yacTux 360iB (R = 0.8 Ha 100 000 roa),
a BiH € KpuTnyHUM Ans 3B'asky. Y BLE-moaynsa dyHkuis HagiiHocTti R = 0.09 Ha 150 000 roa, To6T0 € maike rapaHToBaHa
BigMOBaA. |HLLUi KOMMOHEHTM (Laci, KOHTPONEp, ABUIYH, Kamepa) MatoTb OyXe BUCOKY HagdinHicTb (R = 1.0 go 150 000 ron) i He
BMMaralTb HEranHoro BTPy4aHHs.

MipBUWEHHA HaAIHOCTI MOXHa 34ilCHIOBAaTM Ha KOMMOHEHTHOMY piBHi. A came, Ans akymynatopHoi 6Gatapei
3anpoBaanTV MOHITOPUHI CTaHy 3 NMPOrHo3oM Aerpagadii, BukopuctosyBatu LiFePO, abo TBepaoTinbHi 6atapei 3 UMM
MTTF i 3abe3neuntn mopynbHy 3amiHy OaTapew 6e3 3ynuHku nnaTcdopmu. [Ans nigapa: obpatu 6e3psepkanbHi abo
TBEPOOTINbHI Nigapy 3 MEHLLOK KiNbKICTIO pyXOMMX YacTWH, perynspHo kanibpyeaTtu ix i TpMmMaTy y BOMOro3axuileHux
Kopnycax, a TakoX BUKOPUCTOBYBaTW CUCTEMY CaMOAiarHOCTUKM AMsi BUSBNEHHS YacTKoBMX BigMoB. HaginHicte Wi-Fi- Ta
BLE-moayniB MoXHa nigBuWMTK Tak: obpaTu npoMucnoBi Moayni 3B'A3Ky 3 aHTMBIOpauiiHMM 3axucToMm, ynpoBaguTy
BUSIBMEHHS BTpaTW 3B'A3KY 1 aBTOMAaTUYHUI nepe3anyck MOAYiB.

Ons nigBuweHHa pobacTHOCTI Ha CUCTEMHOMY piBHI HEOOXiOHO 3AINCHWUTU pe3epBYBaHHS KPUTMYHUX KOMMOHEHTIB.
A came, BCTaHOBWTU NoABiNHWI nigap abo 'toxH i3 KaMepor Ans KOMMeHcauii BTpaTh, a TakoX MNOABINHWUIA KaHan 3B'A3Ky
(Wi-Fi + BLE abo Wi-Fi + LoRa/5G). MexaHi3am nepemukaHHA Mk mogynsamm 3a BTpatn Wi-Fi 3abe3neyye aBToMaTu4HUN
nepexig Ha BLE abo odnaiiH-pexum. Takox HeobxigHO nporHosyBaTtu 3600 wnsxom nobyaosu dyHKuii A(f) Ta 3anycky
NPeBEHTMBHOro 06CnyroByBaHHS. Ha piBHSIX MOAYyNbHOI apXiTekTypy 3abe3neunTu LIBUAKY 3aMiHy nigapy, 6atapei un 3B'asky
6e3 geMoHTaxy Bciei nnaTdopmu.

LLlo6 nigBuLLMTK XXUBYYICTE Ha PiBHI BUKOHAHHS nocTaBneHux nepeg MPI 3aBoaHb, HEOOXigHO hopMyBaTH IXHIO KiNbKiCTb
Tak, wob 3a BiamoBu Ao ABox oavHuub MPI1, cuctema npogoBxyBana npautoBaTtv, Hanpuknag, i3 10 nnatdopm nuwe
7 matoTb Oyt 060oB'a3koBo cnpasHi (m = 7, n = 10). MNnaHyBaT MapLLpyTV 3 ypaxyBaHHAM pu3uKiB. Hansuwmin npioputet
AaeaTu nnaTcopmam i3 HaBuULLO HadivHicTio R(f) Ta Hkyoto A(f). Takoxx MPI1 noBMHHa MaTy MOXIUBICTb NPOLAOBXAUTH
poboTy y AerpagoBaHoMy pexumi 6e3 3B's3Ky (fokanbHa HaBirauisi, oCTaHHin MapwpyT). LleHTpanbHuii gucneTtyep mae
nepeposnoainaTu sasgaHHs Mixk cnpasHuMmu MPIT, WwonHo geski 3 HUX BUMAYTh i3 naay.

3aranom MPT1 xapakTepusyeTbCs BUCOKOK HaiMHICTIO KPUTUYHMX MeXaHiYHMX Ta obumcnioBanbHUX MoAyniB, ogHak
ceHcopu Ta 6e34poToBi KOMyHiKaUii € "By3bkum Micuem". ns nigBuweHHst po6acTHOCTI 1 XXMBYYOCTi Cif opieHTyBaTUCA Ha
pe3epByBaHHS, MOAYIMbHICTb, ajanTUBHY MapLUpyTM3auilo Ta MpeBeHTUMBHY JdiarHocTuky. Lle possonute 36epiratu
npauesfaTHICTb HaBiTb y pasi YacTkoBUX abo MOBTOPHUX BiAMOB OKPEMMUX KOMMOHEHTIB Yv Nnatdgopm.

Dxepena ciHaHcyBaHHS. Lle focnigxeHHs He OTpUMaro XX04HOro rpaHTa Bifg iHaHCOBOI YyCTaHOBM B AepXKaBHOMY, koMepLiiHomy abo
HEKOMEpLNHOMY CEeKTOpax.
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MODEL FOR ASSESSING THE ROBUSTNESS AND SURVIVAL
OF MOBILE ROBOTIC PLATFORMS TAKING INTO ACCOUNT RELIABILITY

Background. Thispublication develops a comprehensive model of reliability, robustness, and survivability of a mobile robotic platform (MRP)
with a series-parallel architecture. The aim of the work is to perform mathematical modeling and analysis of the reliability of MRP components based on
Weibull and exponential distribution laws, as well as to assess the impact of redundancy and structural redundancy on the overall system resilience to
failures. It was established that the critical elements of the MRP are the chassis, motor, and controller, as they are connected in series and have a low level
of fault tolerance without redundancy, unlike the sensor and communication components connected in parallel.

Methods. Reliability calculation using series-parallel schemes; evaluation of mean time to failure (MTTF); modeling using Weibull and
exponential distributions; sensitivity analysis to evaluate the impact of components on system reliability; assessment of system robustness and
survivability under environmental changes or faults.

Results. Based on the constructed models, numerical MTTF values were obtained for all MRP components. The highest fault-free
operation times were recorded for the chassis (135,412 hours) and the battery (124,914 hours), while the lowest reliability was demonstrated by
the Wi-Fi communication modules (80,000 hours) and BLE modules (70,000 hours). The MTTF for the entire MRP is 21,188 hours, approximately
2.4 years of continuous operation. Sensitivity graphs showed that the chassis, controller, and motor have the greatest impact on overall reliability.
These are priorities for redundancy or the creation of degraded modes. The system robustness with one failure (A < 1) was evaluated through the
decrease in probability of fault-free operation. However, over time (beyond 100,000 hours), reliability drops below 5%, highlighting the importance
of accounting for component wear. To increase survivability, the MRP should operate with up to two platform failures, plan routes based on
reliability, support degraded mode, and dynamically redistribute tasks.

Conclusions. The proposed model enables highly accurate reliability assessment of the MRP considering its structure, connection
types, and functional features of components. The results indicate the need for redundancy of critical components and increased system
robustness to ensure failure resilience. The presented methodology can be used for maintenance planning, lifecycle forecasting, and optimization
of MRP operation in dynamic environments.

Keywords: mobile robotic platform (MRP), reliability, robustness, series-parallel structure, component sensitivity, route optimization.
ABTOp 3asiBNsi€ Npo BIiACYTHICTb KOHMNIKTY iHTepeciB. CnoHcopy He Bpanu ydacTi B po3pobreHHi JocnigXeHHs; y 36opi, aHanisi 4mn
iHTepnpeTauii AaHWX; y HanMcaHHi pykonucy; B pilleHHi Nnpo ny6nikauito pesynbTartis.

The author declares no conflicts of interest. The funders had no role in the design of the study; in the collection, analyses or interpretation
of data; in the writing of the manuscript; in the decision to publish the results.

21



_ Advanced Information Technology, No 1(4)/2025

UDC 004.93
DOI: https://doi.org/10.17721/AIT.2025.1.03

Iryna YURCHUK, PhD (Phys. & Math.), Assoc. Prof.

ORCID ID: 0000-0001-8206-3395

e-mail: i.a.yurchuk@gmail.com

Taras Shevchenko National University of Kyiv, Kyiv, Ukraine

Taras SEMENCHENKO, PhD Student

ORCID ID: 0009-0007-3259-7007

e-mail: taras.semenchenko@knu.ua

Taras Shevchenko National University of Kyiv, Kyiv, Ukraine

MOTION-CONSISTENT TEMPORAL FUSION FOR UAV DETECTION AND TRACKING

Background. Detecting and tracking Unmanned Aerial Vehicles (UAVs) in video streams is essential for modern air-space
monitoring yet remains challenging because UAVs are small, fast and easily confused with birds or background clutter.
Conventional detectors produce noisy, frame-wise boxes, while standard trackers still suffer from false positives and identity
switches. The purpose of this study is to stabilize UAV detections by adding a motion-aware temporal fusion method to a
mainstream detector-tracker pipeline.

Methods. A detection-tracking pipeline was constructed using an RT-DETR (Real-Time Detection Transformer) and
ByteTrack baseline, extended with a lightweight, training-free motion-consistent fusion (MCF) method. The method (i) aggregates
bounding-box history over five frames, (ii) averages spatial and confidence values, and (iii) penalizes tracks whose short-term
velocity or angular change exceeds empirically chosen thresholds. No appearance features or additional learning are required, so
the solution runs in real time on a single GPU.

Results. Experiments on a labelled UAV-video dataset show that the proposed method increases Multiple Object Tracking
Accuracy (MOTA) from 0.533 to 0.591, precision from 73 % to 84 %, and reduces identity switches from 60 to 28 (a 53 % improvement
in ID stability). Recall decreases slightly from 90 % to 76 %, reflecting a deliberate trade-off: the system filters unstable or non-UAV
motion to improve track consistency and suppress false positives. The evaluation was performed on more than 1,000 video
sequences, ensuring robustness across diverse flight environments.

Conclusions. The motion-consistent fusion method significantly enhances both accuracy and temporal coherence while
adding minor computational cost. It can be added into existing detection—tracking systems and is particularly suited for real-time
UAV surveillance applications, though performance may degrade if drones execute extremely abrupt maneuvers outside the
predefined motion thresholds.
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Background

Unmanned aerial vehicles (UAVs), commonly named as drones, are increasingly used in both civilian and military
applications. As the number of UAV operating in public and private airspace continues to grow, the need for accurate, reliable,
and real-time UAV detection systems becomes critical, particularly in video-based monitoring applications.

However, detecting and tracking UAVs in real-world videos is very challenging task. UAVs are typically small, fast-moving,
and often visually similar to birds and background objects. Even modern object detectors can produce noisy bounding boxes
with volatile confidence values for different frames. Multi-object tracking methods such as ByteTrack can associate detections
over time, but they are still vulnerable to false positives, identity switches, and lack semantic understanding of object motion.

This research focuses on the development of a lightweight, real-time fusion method to improve the temporal stability of
UAV detections in video. The object of study is a vision-based UAV monitoring system, and the subject is the refinement of
frame-level detections through fusion of temporal and motion information.

The goal of this paper is to improve UAV detection accuracy and tracking reliability by introducing a motion-aware temporal
fusion module. Special attention is paid to the Multiple Object Tracking Accuracy (MOTA) metric, which combines false
positives, missed targets, and identity switches into a single measure of tracking performance.

To achieve this, the following tasks were completed:

= Construction of a detection-tracking pipeline using RT-DETR and ByteTrack;

= |Implementation of a temporal fusion module that smooths detection outputs;

= |ntegration of a motion consistency filter to penalize erratic movement;

= Evaluation of detection and tracking performance.

The scientific novelty of this article lies in the proposed motion-consistent fusion (MCF) mechanism, which extends
standard temporal fusion with motion smoothness analysis, which is a method particularly suited for UAVs, that typically follow
smooth, linear trajectories. Unlike appearance-based methods, MCF does not require additional training or feature extraction,
making it highly practical for real-time UAV tracking.

Experimental results show that the proposed approach improves overall tracking accuracy, indicated by a higher MOTA
score, while increasing precision, and significantly lowering identity switches. Recall remains strong, though the method may
underperform in cases of highly dynamic or intentionally evasive flight patterns, where the assumption of smooth, UAV-like
motion no longer holds.

Related work. The real-time tracking of Unmanned Aerial Vehicles (UAVs) faces bigger challenges than detection alone:
extremely small targets, quick moves, frequent disappearances, and camera motion. So, recent research in UAV tracking
focuses on two goals: building high-quality benchmarks that reveal these pitfalls and designing trackers that remain robust
while still running at video rate on edge hardware.

Jiang et al. introduce Anti-UAV, a large-scale RGB benchmark containing more than 300 video pairs and about 580k
manually annotated bounding boxes (Jiang et al., 2021). Beyond its size, the dataset pairs each UAV sequence with an
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empty-background counterpart, enabling dual-stream evaluation, and the authors supply a baseline tracker (DFSC) that
exploits semantic flow to stabilize appearance drift, showing a significant margin over earlier Siamese architectures.

To support this, Zhao et al. created DUT Anti-UAV, which combines 10 000 labelled still images for detection with 20 RGB
videos for tracking (Zhao et al., 2022). The authors demonstrate that fusing a YOLO-style detector with a lightweight
correlation-filter tracker markedly boosts precision, underlining the value of joint "detect-then-track" pipelines when the target
is tiny or often disappears.

While both datasets rely on visible light, Zhang, P. et al. extend the problem to visible-thermal UAV tracking (VTUAV) by
collecting 500 RGB-T sequences totaling 1.7 million 1080 p frame pairs (Zhang, P. et al., 2022). They also created a new tracker
called the Hierarchical Multi-modal Fusion Tracker (HMFT), which combines thermal information at different levels. This layered
approach reduces tracking failures by about 20% in their tests, showing that heat data can help when lighting is poor.

Transformer backbones increasingly dominate state-of-the-art trackers. Yu et al. present UTTracker, whose unified
Transformer feeds four specialized heads: (i) multi-region local search, (ii) global detection for re-entry, (iii) background
correction to cope with camera motion, and (iv) a dynamic head tuned for very small targets (Yu et al., 2023). This holistic
design secured the 2nd place in the 3rd Anti-UAV Challenge, highlighting that integrating detection, localization, and motion
compensation is more effective than alternating them.

Robustness can also be improved through representation learning. Fu et al. propose PRL-Track, which first learns a
coarse appearance-aware representation, then progressively refines it via a hierarchical generator (Fu et al., 2024). Despite
the two-stage pipeline, PRL-Track maintains 42.6 FPS on an Nvidia Xavier, illustrating that adaptive feature refinement can
balance accuracy with real-time constraints on embedded hardware.

Finally, Do et al. tackle deployment at scale with RAMOTS, a real-time multi-object tracker that couples YOLOVS (Reis et al.,
2023) and YOLOv10 (Wang et al., 2024) (versions of the You Only Look Once real-time object detection algorithm) detectors
and BYTETrack (Zhang, Y. et al., 2022) / BOTSort (Aharon, Orfaig, & Bobrovsky, 2022) trackers for fault-tolerant processing (Do
et al., 2024). Although aimed at "from-UAV" rather than "against-UAV" scenarios, RAMOTS demonstrates that big-data tooling
sustains 28 FPS while managing large video streams—an architectural insight relevant to surveillance networks.

However, existing methods often overlook the specific motion characteristics of UAVs, leading to false positives in
cluttered environments. To address these limitations, the method proposed in this paper consists of three main components:
a transformer-based detector, an association tracker, and a novel motion-consistent fusion mechanism designed to stabilize
trajectories based on flight dynamics.

Methods

The proposed approach comprises three stages: an object detector RT-DETR (Wang et al., 2025), a multi-object tracker
ByteTrack (Zhang, Y. et al., 2022), and a custom temporal fusion module that filters and stabilizes detections based on motion
consistency.

Detection Stage. The first component of the proposed system is the object detection model, which is responsible for
identifying UAV instances in video frames. The RT-DETR (Real-Time Detection Transformer) is used as the backbone
detector due to its balance between speed and accuracy, particularly suitable for real-time UAV monitoring applications.

RT-DETR is a transformer-based object detector that directly predicts bounding boxes and class probabilities without the
need for anchor generation or post-processing steps such as non-maximum suppression (NMS). It uses a combination of
convolutional and attention-based layers to extract rich spatial and contextual information from the input image. The
architecture produces a fixed set of object queries, each corresponding to a potential object instance.

At inference time, RT-DETR outputs a set of detections per frame, where each detection includes:

= A bounding box (x,y,w, h);

= Aclass label (in this case, primarily "UAV");

= A confidence score ¢ € [0,1].

These frame-wise detections are passed to the tracking and fusion stages for temporal association and refinement.

Tracking stage. To maintain object identity across video frames and enable temporal reasoning, a real-time multi-object
tracking method based on ByteTrack is integrated. ByteTrack is a high-performance, association-based tracker that links
object detections over time without relying on deep appearance features, making it lightweight and well-suited for UAV tracking
in real-time scenarios.

At each frame t, the detector (RT-DETR) produces a set of bounding boxes {B}} with associated confidence scores.
ByteTrack divides these detections into high-confidence and low-confidence sets using a fixed threshold (e.g., 0.5). It then
performs data association between the new detections and previously tracked objects.

Each object track maintains a motion model using a Kalman filter. The position of the object is predicted in the current
frame using the following linear state transition model:

Xelg—1 = A Xpq,

where x;_; - is the previous state vector of the object (e.g., center position and velocity), A — is the state transition matrix
(typically constant), x;|,_; — is the predicted state before updating with new observations.

To match detections with predicted tracks, ByteTrack computes the Intersection over Union (loU) between the predicted
bounding box B; and the detected box B;:

|BiNBj|
|BiUB;|

IOU(BUB]) =

A cost matrix is constructed based on this metric, and the Hungarian algorithm is used to solve the assignment problem,
pairing detections with existing tracks by maximizing overall loU.

Each matched track is updated with the new detection. Unmatched tracks are temporarily retained and predicted forward
using the Kalman filter, allowing the system to recover from short-term occlusions. Tracks that remain unmatched for a
predefined number of frames are terminated. Importantly, ByteTrack does not modify detection confidence or bounding box
geometry, it only propagates and assigns object identities.
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While ByteTrack is highly effective for frame-to-frame association, it is sensitive to detection noise and does not enforce
global consistency across time. To deal with these challenges, a temporal fusion method is introduced in the next section that
smooths detection results and penalizes unusual motion patterns, which are rare in typical UAV trajectories.

Temporal Fusion Method. Although the integration of ByteTrack provides temporal identity assignment and object
association across frames, it does not directly improve the quality or stability of detection results. In real-world UAV tracking
scenarios, especially under challenging conditions (e.g., occlusions, fast motion, or cluttered backgrounds), frame-by-frame
detections can have high variance in both confidence scores and bounding box locations. To address these limitations, in this
paper a lightweight temporal fusion method is introduced that aggregates detection information over time for each tracked object.

The core idea of the proposed fusion method is to keep a fixed-length history buffer for each object track, indexed by its
unique track ID. This buffer stores the most recent N detections associated with the object, including:

* The bounding box coordinates Bf = (x,y,w,h),

= The detection confidence c;.

At each frame, the fusion method performs the following steps for every active track:

Step 1. Update the buffer with the current detection (bounding box and confidence).

Step 2. Remove the oldest entry if the buffer exceeds the maximum length N.

Step 3. Compute a fused bounding box by averaging the coordinates across all buffer entries:

B =iYt=t—N+B.

N

Step 4. Compute a fused confidence score as the mean of the stored scores:

Cl=NZt=t—N+Ci.

Step 5. Estimate the detection stability by calculating the standard deviation of the bounding box center positions across
the buffer. If the standard deviation exceeds a defined threshold, the detection is flagged as unstable and may be suppressed.

This temporal fusion approach reduces jitter in bounding box placement and filters out short-lived, noisy detections. The
averaging strategy also increases the reliability of confidence scores, allowing the system to more robustly handle volatile
detections that may otherwise be discarded or mismatched.

The fusion process is non-parametric and computationally cheap, requiring only arithmetic operations over a small buffer.
It can be applied in real time and is fully compatible with online tracking systems.

In the next section, this fusion mechanism is extended by incorporating motion consistency analysis to further penalize
erratic movement patterns that are unlikely to originate from UAVs.

Motion Consistency Filtering. To further improve the robustness of UAV tracking, a motion consistency filtering
mechanism is proposed to enhances the temporal fusion method by incorporating dynamic constraints based on typical UAV
movement patterns. While the fusion module stabilizes detections over time, it does not consider the physical plausibility of
an object's trajectory. In contrast, motion consistency filtering evaluates whether an object is moving in a smooth, UAV-like
manner and penalizes tracks that have unnatural behavior.

UAVs typically have controlled, smooth motion, often with steady direction or hovering behavior. In contrast, false positives
such as birds, background clutter, or detection noise tend to result in abrupt position changes or inconsistent movement
between frames. The proposed method exploits this behavioral distinction to assess and filter object tracks.

For each object track, the short-term trajectory is analyzed over the last N frames using its center point positions pf = (x, o).

The following parameters are computed:

= Velocity change (Av):

Av = ||pf = 2p{t + pf72;
= Angular deviation (AB):

’

AB = arccos(

(i =pi7%)- (i -pi™Y)
llpi = = w21 - llpi - Pf‘1||>
= Motion consistency score (MCS):

MCS = a-Av + [ -A6.

If the motion consistency score exceeds a predefined threshold T, the corresponding detection is flagged as inconsistent
and either penalized (by reducing its confidence) or temporarily ignored by the tracking system.

This filtering mechanism helps suppress false positives caused by fast-moving distractors, reduce identity switches in
noisy scenes, and prioritize detections that exhibit UAV-like motion patterns. Importantly, this enhancement is model-free and
fully compatible with real-time deployment.

Fusion Algorithm. The final stage of the system combines the results of detection, tracking, temporal fusion, and motion
consistency filtering to produce reliable, temporally stable UAV detections with unique identifiers. This stage determines which
object tracks are retained and presented as output at each frame.

For each frame, the system performs the following steps:

1. Detection and tracking: The RT-DETR model generates bounding boxes and confidence scores, which are associated
across frames using ByteTrack. Each detection is linked to a persistent object track with a unique ID.

2. Temporal fusion: For each active track, a fused bounding box and smoothed confidence score are computed by
aggregating the track's detection history over the last N frames. This reduces jitter and stabilizes detection output.
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3. Motion consistency filtering: The short-term motion pattern of each track is analyzed to compute a motion consistency
score. Tracks with erratic or physically implausible motion are flagged and penalized by lowering their confidence or
suppressing their output altogether.

4. Decision thresholding: Tracks that meet all criteria — including minimum confidence, temporal stability, and motion
consistency — are passed to the final output stage. Each retained track is represented as:

Output = (B;, ¢, track_id),
where B; is the fused bounding box, ¢; is the smoothed confidence score, and track_id is the assigned identity.

To formalize the decision-making process, we define a valid output set Oy;,,4; at frame t. A track T; is included in the final output
only if it satisfies both spatial stability and motion consistency constraints. This can be expressed using an indicator function:

Ofinat = { (B, C,id;) | i € T, o(HPP®) < 04n A Smotion (@) < T}.

where Ofinq; —is the set of validated output tracks; T; — represents the set of all candidate tracks at frame; B, and C, — denote
the fused bounding box and confidence score; c(Hl-bb"") — is the spatial stability metric (standard deviation of the history
buffer); Smotion (i) — is the motion consistency score; o, and t are the stability and motion thresholds, respectively.

The full logic of the fusion and filtering process is showed in Algorithm 1 below.

Algorithm 1. Fusion strategy of tracker

Input:
T, — set of tracks at frame k
H — history buffer per track 1D
N — history length (e.g., 5 frames)
Ouwresn — Stability threshold
Onax — max angle deviation
Vmax — Max velocity change
Output:
T Mused — filtered, fused tracks for frame k

1: for each track t in T, do

2: id « t.id

3: bbox « t.bbox

4: conf « t.confidence

5: if H[id] does not exist then

6: initialize H[id] < empty list

7: end if

8: append (bbox, conf) to H[id]

9: if length(H[id]) > N then

10: remove the oldest entry from H[id]

11: end if

12: bboxes « list of all b from (b,) in H[id]

13: confs « list of all ¢ from (, c) in H[id]

14: fused_bbox «— mean(bboxes)

15: fused_conf «— mean(confs)

16: bbox_std « standard_deviation(bboxes)
17: compute motion_score from recent bboxes
18: — velocity < center_distance(b,, b,_1)
19: — angle_change < angle(center,_, — center,_; — center,)
20: — velocity < center_distance(b,, b,_1)
21: if bbox_std < Gyre., and motion_score < threshold then
22: mark track t as "stable"

23: output (fused_bbox, fused_conf, id)

24: else

25: penalize fused_conf

26: end if

27: end for

The proposed fusion algorithm introduces a novel enhancement over classical temporal fusion techniques by incorporating
a lightweight motion consistency filter. Traditional fusion methods typically rely on statistical averaging (e.g., exponential
moving averages or buffer smoothing) across historical detections to reduce jitter and noise. While effective in improving
spatial stability, these approaches are blind to the dynamics of object motion and may average out valid but fast movements,
or fail to suppress outliers caused by false positives.

In contrast, the proposed method evaluates each fused detection not only based on temporal coherence but also on
motion plausibility, derived from short-term velocity and angular trajectory consistency. By explicitly penalizing tracks with
erratic movement patterns, such as sudden jumps, sharp turns, or non-UAV-like acceleration, the proposed approach
suppresses false positives (e.g., birds, clutter, background detections) without compromising on real-time performance.
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This is considered particularly critical in UAV surveillance applications, where:

= Most UAV have smooth, predictable motion patterns.

= False positives often have inconsistent or unnatural motion.

= The system must be efficient and non-reliant on deep appearance models (e.g., no Re-ID or embeddings).

This fusion strategy improves detection precision while maintaining tracking integrity, leading to fewer identity switches,
lower false positives, and more consistent trajectories.

Results

The system was evaluated on the (Jiang et al., 2021; Zhang, P. et al., 2022; Zhao et al., 2022) UAV video dataset, which
contains more than 1000 video sequences annotated with bounding boxes and object identities. The dataset includes a
diverse range of scenes such as urban areas, vegetation, and open skies, with variable lighting and UAV altitudes.

The detection method uses a pretrained RT-DETR model fine-tuned on UAV-specific data. Tracking is performed with
ByteTrack, configured with a high-confidence threshold of 0.5 and a Kalman filter for state propagation.

Our temporal fusion method maintains a fixed-length history buffer N = 5 and applies motion filtering using two features:
center velocity change and angle deviation. Tracks are penalized if their standard deviation exceeds o;,.sn, = 20 pixels or if
their motion score exceeds a dynamic threshold. All experiments were run on an NVIDIA RTX 3070 ti.

We evaluate performance using:

= MOTA as an overall indicator of tracking accuracy,

= Precision and Recall for detection quality,

= |dentity Switches (ID Switches) for measure identity consistency during tracking.

Table 1
Result comparison of fusion configurations
Approach MOTA Precision Recall ID Switches
RT-DETR only 0.431 0.682 0.824 -
+ ByteTrack 0.480 0.736 0.806 57
+ Fusion (baseline) 0.533 0.733 0.900 60
+ MCF (our approach) 0.591 0.838 0.755 28

Table 1 presents a comparison of detection and tracking performance across different system variants with MOTA used
as the primary measure of overall tracking accuracy. The baseline RT-DETR detector achieves a MOTA of 0.431, along with
precision of 68% and recall of 82%, but lacks any temporal consistency or object ID tracking.

Adding ByteTrack improves tracking performance to a MOTA of 0.480, driven by gains in precision (up to 74%) and
tracking consistency, though 57 identity switches still occur.

The baseline fusion approach further raises MOTA to 0.533, with recall peaking at 90%, confirming that temporal
smoothing helps recover missed detections, but identity stability remains limited (60 ID switches).

The proposed method, Motion-Consistent Fusion (MCF), achieves the best overall results:

= MOTA increases to 0.591, the highest score among all tested variants,

= Precision improves to 84%,

= Recall decreases slightly to 76%,

= |D switches are reduced to just 28.

This trade-off, higher MOTA and precision at the cost of a small recall drop-reflects the effect of motion consistency
filtering, which suppresses detections with erratic or non-UAV motion. While a few true but noisy detections may be excluded,
the result is a more stable and reliable tracking system, with improved resistance to clutter and false positives.

Figure 1 illustrates typical frames where the proposed method smooths detections and eliminates false tracks.

frame_000100

Drone 0.81

frame_000300

Fig. 1. Examples of the motion-consistent fusion (MCF) results
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Discussion and conclusions

In this paper, a lightweight and effective temporal fusion framework for UAV detection and tracking in video streams is
presented. Based on a standard detection-tracking pipeline with RT-DETR and ByteTrack, a novel motion-consistent fusion
(MCF) method is proposed, which improves detection stability by combining temporal smoothing with motion plausibility
analysis.

The proposed method introduces two key ideas:

1. Temporal aggregation of bounding boxes and confidence scores over a fixed-length buffer, reducing frame-to-frame jitter.

2. Motion consistency filtering, which penalizes tracks exhibiting erratic movement patterns unlikely to represent UAV
behavior.

Experimental results on a UAV video dataset demonstrate that the proposed approach improves overall tracking
performance, achieving a higher MOTA score, increased precision, and significantly fewer identity switches. While recall
decreases slightly, this trade-off helps suppress false positives and ensures more stable, UAV-like tracking behavior. MCF
increases MOTA from 0.533 to 0.591 — the highest among all tested variants, while maintaining real-time operation, requiring
no additional training, and integrating seamlessly with existing detection and tracking systems.

Overall, the proposed method offers a practical and generalizable improvement for UAV detection systems, particularly in
real-world conditions where false positives and unstable detections are common.
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METO[ Y3rOXXEHOIO 3A PYXOM YACOBOI'O ®'FOXXHA Ond BUABNEHHA TA BIACTEXEHHA BMJA

B cTyn. BusieneHHss ma eiocmexeHHs1 6e3ninomHux nimanbHux anapamie (BI1J/1A) y eideonomokax € KpUMUYHO 8aJlueuM 3a80aHHSIM
cy4acHO20 MOHimopuHay noeimpsiHo2o npocmopy. BoOHo4Yac e0oHO 3anuwaembcsi ckiadHUM Yepe3 mani po3mipu, weudkul pyx BIJIA ma ixHio
cxoxicmb i3 nmaxamu 4u ¢gpoHosumu o6'ckmamu. Tunoei demekmopu ¢hopmyromb HecmabinbHi pedynbmamu, siki 3anexams eid kadpis, a
knacu4Hi mpekepu 4acmo Oaromb XxubHi cnpayboeyeaHHsi ma nomusku demekyii. Memoto yiei po6omu € cmabinizayis demekuyil BI1JTA
dodaeaHHaAM Ao cmaHOapmHo20 Jdemekuii-mpekiHz nalnnaliHy cneyiabHO20 Memody 4Yacoeo-rNpPocmopoeo2o ¢h'lKHa, 4ymaueoz2o 00
xapakmepy pyxy o6'ekma.

Me Toawn. basosy cucmemy RT-DETR + ByteTrack po3wupeHo 3a 00oMo20H0 Jjieako2o Memody y3200)KeHO20 3 pyxom 32n1adxyeaHHsi (MICF),
KUl He 3anexums 8i0 Has4aHHs. Ljeli Memod: (i) aepezye icmopito o6MexyeanbHUX paMOK 3a ocmaHHi n'ame kadpis, (ii) ycepedHroe npocmopoei
KoopduHamu ma pieHi doeipu, (iii) wmpagye 3HalideHi 06'ekmu, y IKUX KOPOMKOYacHi 3MiHU weudkKocmi abo Kyma nepesuwytoms emnipu4yHo
o6pani nopoau. KodHi o3HaKu 308HiWHOCMIi Yu dodamkoee Hag4aHHsI He MOMpPIi6GHi, MOX piuleHHs1 Npaytoe 8 peasbHOMYy Yaci Ha oOHomy GPU.

Pe3ynbTaTtun. Ekcnepumenmu Ha po3miveHoMy Habopi eideo 3 BI1JIA noka3yromsb, ujo 3anponoHosaHuli memod nideuwyye MOTA 3 0.533
do 0.591, Precision — i3 73 % 0o 84 %, a Kinbkicmb nomusok ideHmudpikayii smeHwyemscs i3 60 do 28 (nokpaujeHHsA Ha 53 % y cmabinbHocmi
ideHmudpikayii). Recall mpoxu 3Huxyembcsi 3 90 % 9o 76 %, wo eidob6paxae ceidomuli KoMnpomic: cucmema 8idghinbmposye HecmabinbHi a6o
HexapakmepHi dnsa BIJIA mpaekmopii, w06 nokpawumu MoYyHicms i 3MeHWumMu KinbKicmb XubHuUX crnpayboeyeaHb. OyiH8aHHs nNpoeedeHo
Ha noHad 1 000 eideo3anucax, wjo 3abe3neyye HadiliHicmb pe3ysnbmamie y pi3HOMaHimMHUX yMogax rnosibomy.

BucHoBku. 3anponoHosaHuli MemoO ¢h'toxkHa Cymmeeo nokpawye sik mo4Hicms, mak i cmabinbHicmb pe3ynbmamie y nocnidoeHocmi
kadpie eideosidcmexeHHs1, NPaKMUYHO He 36iNbLWyroYu 06YucnosanbHi eumpamu. Mo2o0 MoXHa neaKo iHmeapyeamu y exe HasieHi cucmemu
demekyii ma mpekiHay. Memod ocobnueo eghekmueHuli Os1s1 3acmocyeaHHsl 8 peaslbHOMY 4aci, xo4a lio2o nPodyKmueHicmb Mojxe 3HUXyesamucs
y eunadkax piskux a6o HenepedbayyeaHux maHeepie BI1J/IA no3a mexamu 3a3daneziOb su3Ha4YeHUX napamempie pyxy.

Knw4yoBi cnoBa: BIJA, mpekiHz 06'ekmie, demekyisi 06'ekmis, anzopumm ¢h'toxxHa, pinsmp pyxy, RT-DETR, ByteTrack.

ABTOpM 3asBNAIOTb NPO BiACYTHICTb KOH(MIKTY iHTepeciB. CnoHcopu He Bpanu yvacTi B po3pobneHHi AocnigXeHHs ; y 36opi, aHanisi um
iHTepnpeTauii AaHWX; y HanMcaHHI pykonucy; B pilleHHi npo ny6nikauito pesynbTarTis.

The authors declare no conflicts of interest. The funders had no role in the design of the study; in the collection, analyses or interpretation
of data; in the writing of the manuscript; in the decision to publish the results.
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2 BigkpuTHiA MiXKHapoAHWUIA YHIBepCUTET PO3BMTKY NnioanHM "Ykpaina", Kuis, YkpaiHa

3 lepxxaBHe HeKOMepUiiHe nignpueMcTBo [lepaBHun yHiBepcuTeT "KniBcbkuil asiauinHmin inctutyT”, Kuis, Ykpaina
“MpuBaTHe aKkUWioHepHe TOBapMCTBO "Bunii HaBYanNbHWI 3aKnag

«MixperioHanbHa akagemifi ynpaBniHHA nepcoHanom»”, KuiB, YkpaiHa

CUCTEMA ANnA NOWYKY BUBYXOHEBE3NEYHUX NPEAMETIB
Yy CKNnAAlI MOBINTBHOMO rYCEHUYHOIO POBOTA 3 KEPYBAHHAM
13 KBAOPOKONTEPA 3A AONMOMOroo MALWMHHOIO 30PY

BcTtyn. Pesynsmamu, onucaHi e uili cmammi, € no4amkomMm OOcCJliOKeHb KOMaHOuU fpoekmy y ceepi po3pobrieHHs
pobomu3oeaHux cucmeM gusierieHHs1 subyxoHebe3ne4Hux npedomemis. [JocioxeHHs1 MPo8odusuchk y J1abopamopHUX yMOo8aXx i 8 HUX
po32JIsIHymo Jiuwe 3a2asibHy KOHUenuito ma eu3HavyeHHs1 Hanpsimie nodanbwux docsiioxeHb. [Nodanbwi docnidkeHHs1 3annaHo8aHo
npoeodumu e peasibHUX yMoeax abo HabnuxeHux Ao Hux. 3anpornoHo8aHo cucmeMy eusiesieHHs 8UGyxoHebe3neyHuUx npedmemie Ha
6a3i iMmnynbcHo2o memasnowykaya K158, MikpokoHmposiepa ma Mob6inbHoi 2yceHu4Hoi nnamgopmu Keyestudio Mini Tank V3.0.
3anponoHoeaHo iHMezpayito 3 K8aOPOKOMMepPOM, OCHau,eHUM KOMIT'tomepHUM 30poM, Wo dae 3moay 30ilicHro8amu mo4YHe HageOeHHs
ma ducmaHuiliHe kKepyeaHHsl. OnucaHO cmpyKmypy cucmemu, fMpuHyurn e3aemModii KOMroHeHmis, sI02iKy NpulHAMMS piweHb i
MameMamuy4Hy MoOeJib (hyHKUiOHY8aHHSI.

MeToau. BukopucmaHo memodu ModesnroeaHHs (PyHKUiOHasIbHUX midcucmeM, KOMIT'FOmepHo20 ocyusiozpaghiyHo20
aHani3y esleKmpu4yHUX Cu2Haslie, MameMamu4Ho20 MOOesIl08aHHSI KiHeMamuKu 2yceHu4Ho2o poboma e koopduHamax XY, a
makoxXx asizopummiyHo20 MPOEKMyeaHHs1 aemomama KepyeaHHs. [ns nepeeipku e3aemModii 3 keaOpoKorNmMepoM 3acimoco8aHo
mMemod eipmyasibHo20 mecmyeaHHs Yy cuMynsiyiliHoMy cepedoeuwji 3 6UKOPUCMAaHHSIM MawuHHo20 30py. Peani3zayiro
06pobieHHsI cuzHarie 30ilicHeHO 3acobamu npoz2pamMyeaHHs1 MiKPOKOHMpoJiepa Ha OCHOegi Mopo2oeoi hinbmpauii.

Pe3ynbTaTtun. Pesynbmamu deMoHcmpyroms 4imke po30inieHHs1 cuz2Hanie 3a HasseHocmi ma eidcymHocmi memasy. Y
ghoHoBOMY pexumi ¢hikcyembcss cmabinbHa Hynboea JliHisi, a Npu susiesieHHi yini — cepis imnynbcie i3 yacmomoro 125-150 Iy i
cmpymom do 625 MA. Lle 3abe3neyye docmoeipHy ideHmudgbikayiro 06'ckmie y peasibHOMy 4aci. Yci ey3nu, ekio4Ho 3 modynem
JKuesnieHHs1 ma 6e30pomoeo2o 38's13Ky, nokasanu cmabinbHy pobomy. HaeedeHHs1 3a AOMOMO200 MawWUHHO20 30py OOCsi2JI0
moyHocmi *20 cm. 3a2anom cucmema npodeMoHcmpyeasna HadiliHicmb i egpekmueHicmb y 1abopamopHUX yMo8ax.

BucHoBku. 3anponoHosaHa cucmema eusiefieHHs1 eubyxoHebe3neyHux o6'ckmie 06'c¢dHye nepeeaz2u aHar0208020
ceHcopa, yugpoeoi 06pobku cueHay, MobinbHoi nnamgopmu ma noesimpsiHoi koopOuHauii. [[pocmoma, asmoHOMHicmb i HU3bKa
eapmicmb pobnsims ii npudamHoro 0151 3aCMocyeaHHs y 30HaxX PU3uKy.

Knwo4yoBi cnoBa: eubyxoHebesne4Hi npedmemu, Arduino, iMnynbscHuli Memanowyka4, 2yceHu4yHuli Mo6inbHuli po6om,
Keadpokonmep, MawWuHHUU 3ip, a8MOHOMHe KepyeaHHSsI, eusieJIeHHs Memariie.

BecTtyn

CyvacHi BO€HHI fji, rymaHiTapHi Micii Ta noOWyKOBO-pATYBanbHi oOnepaudii y 3oHax niaBuweHoi Hebesnekn
CYMPOBOXYTHCA BUCOKUMW PU3MKaMKM ONS XKUTTSA NepcoHarny, ocobnmeo y BUSABNEHHI BUbyxoHebeaneyHnx ob'ektis (BHO),
TaKUX SIK MPOTUNIXOTHI abo NpoTUTaHKOBI MiHWU, Hepo3ipBaHi cHapsau Towo (Heenoaos Ta iH., 2023). Y 3B'A3ky i3 UM noctae
HaranbHa notpeba y BNpPOBamKEHHI ANCTaHUiIMHUX, aBTOHOMHUX CUCTEM, SIKi 30aTHi 3abe3neunTtn 6e3neyHe oOCTEXEHHS
TepuTopi 6e3 6e3nocepeHbOT y4acTi MOANHU.

IHTerpauisi 4OCTYNHUX CEHCOPIB, 30KpeMa 1 iMMyNbCHUX MeTaroLlykadis, Ha 6asi MikpokoHTponepie Arduino y MoGinbHi
poboTm3oBaHi NnaTtgopmn, CTBOPKE NepeaymoBu Ans nobynoBy KOMMAKTHMX, OHOMKETHUX i aganTUBHMX MPUCTPOIB ANis
BusiBneHHss BHO. Arduino 3abesnevye rHyykiCTb Yy HanalwiTyBaHHi, MOXMMBICTb OOPOOMEHHS aHanoroBuMx CUrHanie i
KepyBaHHs1 nepudepinHMMM MOAYNSIMU Y peanbHOMY Yaci.

BukopucTaHHsa KBagpokonTepa siKk MOBITPSIHOrO HarnmsgoBOro Moaynsa 3 OYHKUIE MaLUMHHOMO 30py CYTTEBO PO3LUMPHOE
MOXIIMBOCTI Takoi cuctemu. 3okpema, APOH A03BOSSE 3AiICHIOBATI NOBITPSHY PO3BiAKY, (POPMyBaTU MapLUPYT AN HA3EMHOro
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poboTa, TOYHO KOOPAMHYBATU MOro pyX, a TaKoX OnepaTMBHO NepenaBaTh Bigeo- Ta KoopaMHATHY iHopMaLilo. Y CyKymnHOCTI
Le 3abe3nedye KOMMNMEKCHUIA NiaXig 40 AUCTaHLIMHOTO MOHITOPUHTY Ta BUSIBNIEHHS 3arpo3 6e3 pusuky ans oneparopa.

3pocTatoya 3auikaBneHiCTb y CTBOPEHHI pobOTU30BaHUX CUCTEM AN BUSIBMEHHS BUMOYyxoHeGesneuyHux npegmertiB i3
BMKOPUCTaHHAM nnatdgopm Arduino, ceHcopiB i 3acobiB aBTOHOMHOIO KepyBaHHS, Habyra BenuKoi NonynsipHOCTI, ¥ 3B'A3Ky 3
pocifcbknuM BTOPrHeHHAM (OnekceHko Ta iH., 2024). Hanpuknag, y npausax (Mujiarto et al.,2021) Ta (Jeyagopi et al., 2022)
po3rnsHyTOo MObGiNbHI poboTu-meTanowykadi Ha 6asi Arduino, ogHak BIACYTHA MIATPMMKa BigganeHoro ynpasrniHHA abo
BidyanbHOi HaBirauji. ¥ poboti (Abdulmajeed, & Hussein, 2015) gocnimkyoTeCa napaMeTpu BNAMBY Ha SIKICTb BUSBMEHHS
MeTanis, ane HemMae MexaHi3MiB apanTauii Ao cknagHuWx nonboBux ymoB. Y cTatTi (Ravi Kiran et al., 2024) snepLue
3anpornoHOBaHO NoegHaHHA POOOTM30BaHOrO LUAC 3 KAMEPOK CMOCTEPEXEHHS, NPOTe 0OpobneHHs BiAeO He iHTerpyeTbes y
1OriKy aBTOHOMHOIO KepyBaHHs1. [JOCNigKEeHHS YKpaiHCbKUX aBTopiB, Takmx sk (Conogyyk, & BoviteHko, 2022; Kysaskos, 2022;
Miwyk, & deceHko, 2024; PeleTHsik, 2024; CasiH, 2024; LLoskowntHWi, & BacuneHnko, 2024), netanbHO po3rnsaarTb OKpeMi
acneKTu: CTBOPEHHS BIipTyanbHOro cepefosuLLa, BUGIp ceHcopis, BukopucTaHHs BIJTA, peanisauitio MalwmMHHOIO 30py, ogHak
BOHW HE MPOMOHYOTb MOBHOLIHHOT MNaTdopMu 3 MOEQHAHHAM YCiX KOMMOHEHTIB B €AMHY cucTeMy BusiBrieHHs BHO. BigmiHHicTio
3anporoHOBaHOrO AOCHIAXKEHHA € MOBHa iHTerpauis ceHcopHoi YacTuHu (K158), umdpoBoi 0bpobku curHany (Arduino),
aBTOHOMHOIO YynpaeniHHA Ta Bi3yanbHOi koopauHauii (kBagpokonTep). Takox npoBedeHO MOAErNtoBaHHS XapaKTepucTuK
curHany, nobygoBaHO aBTOMaTtu MOTiKU Ta peani3oBaHO aganTuBHY peakuilo Ha BusiBreHHs uini. OTxke, us poboTa He nue
CUHTe3YE ifei nonepeaHix AOChiMKeHb, a i MPOMOHYE LiniCHY cUcTeMy A NPakTUYHOMO 3aCTOCYBAHHS Y 30HaX PU3NKY.

Memoro docnidxeHHs1 € po3pobneHHs Ta npakTU4YHa pearnisauis aBTOHOMHOI MOGinNbHOI cuCTEMM ANs BUSIBIIEHHS
BNOYXoHebe3neyHnx NnpeaMeTiB Ha OCHOBI iMMyNbCHOrO MeTanowykada K158, iHTerpoBaHoro 3 mikpokoHTponepom Arduino,
cuctemMamm UMdpoBOi 00pobku curHamniB i AMCTaHLIAHOrO Bi3yanbHOrO KepyBaHHsl 3a [OMOMOrol Ksagpokontepa 3
KOMN'tOTEPHUM 30pOM. 3anponoHOBaHe pilleHHs Mae 3abe3neunTy TouHe, 6e3neyHe 1 edhekTMBHE BUSIBNIEHHSI METaNeBUx
06'eKTiB y CKNagHMX MNONbOBUX YMOBAX i3 MOXIMBICTIO aBTOMAaTM30BaHOI doikcauii Ta nepefadi koopanHaT BUSIBIEHUX LiNen.

MocmaHoeka 3adadyi. [Ans 4OCArHEHHS MeTU AOCHiaKeHH1 HeobXiaHO po3B'sA3aTh Taki 3aBAaHHS.

MpoBecT aHania cyyYacHux MiaAXo4iB A0 nobyaoBM cUCTEM BUSIBIIEHHST BUOyxoHebe3neyHux o6'ekTiB, 3okpema 3
BUKOPUCTaHHAM Arduino, po6oTnsoBaHux nnaTdopm i 6e3ninoTHMX niTanbHUX anaparis.

Po3pobuTn enekTpuyHy CxeMy MiOKMHYEHHS iMNynbCcHOro MeTanowykadya K158 po mikpokoHTponepa Arduino Ta
326€e3Mne4nTN KOPEKTHE 34YNTYBaHHS BMXiZHOrO CUrHany.

MobyayBatn MaTtemaTuyHi Moaeni (yHKUIOHYBaHHSI CEHCOPHOI 4acTWMHW, JOrikm 0oOpoOKu curHanie i KiHeMaTuku
ryceHu4Horo poborTa.

IHTErpyBaTU CUCTEMY KEPYBaHHSI PYXOM FYCEHWYHOI nnaTcgopmu 3 BidyanbHUM HaBeLAEHHSIM 4Yepe3 KBagpokonTep i3
MaLUVHHUM 30POM.

Metoan

Y pocnigXeHHi 3acTOCOBaHO KOMIMMEKCHUA METOLONONYHUI MNigxid, WO BKNOYae eTann MOAENtoBaHHS, aHaniTUYHOI
Bepudikalii, NPOTOTUMNYBAHHA N eKCMepMMEHTanbHOro TeCTyBaHHA B yMOBaXx, HabnwkeHux OO0 peanbHOro cepegosuLua.
MoyaTkoBO MOOYOOBAHO EMNEKTPUYHY MPUHLMMOBY CXEMYy MeTanolwlykada 3 ypaxyBaHHAM napameTpiB iMMyrnbCHOro
reHepatopa NE555, TpaHaucTtopHux kntodiB, komnapatopa LM393 Ta pe3oHaHCHWX XapakTepUCTUK KOTYLUKW. BuKOHaHO
LuncpoBy cumynsauito OpMU curHamy 3 BMKOPUCTAHHSM MPOrpamMHOro ocuunorpada Ha OCHOBi OaHUX, OTPUMaHUX Yy
cepepouuli Arduino IDE, 3okpema 3a gonomoroto Serial Plotter i 30BHiLLIHiX iIHCTpyMEHTIB aHaniay.

Bamyxaroyull KonueanbHuli cugHan ceHcopa:

v(t) = Ae~* cos(wqt + @),
ae A — amnnityaa, a — koedilieHT 3aTyxaHHs, w; — KpyroBa 4yactoTa curHany, ¢ — noyatkona ¢asa.

MporpamHe 3abe3neveHHs MIKPOKOHTponepa peanisoBaHo Mook C/C++ i3 BukopucTaHHsIM GibnioTek aHanoro-
uncpoBoro nepeTsopeHHdA. [loporoBuin aHania BXiAHOro curHany Ha aHanoroBomy niHi A0 go3BonuB igeHTUdiKyBaTu
iMMynbCK, WO reHepyrThCs B pasi BUSIBNEHHS MeTany. [inst yTOYHEHHS Nnorikv cbopmMoBaHO MaTeMaTUyHy Mogenb dinbTpadii
Ta nigpaxyHKy iMnynbCiB Ha YacoBOMY iHTepBani.

lMopoeosa pinbmpauisi cueHary:

1, ifv(t) > T,
S(t) — { ( ) . thr
0, otherwise

Ae v(t) — BXigHMN curHan (Hanpyra) Ha aHanoroBoMy BXOAi MiIKPOKOHTpornepa y MOMeHT yacy t. Lle curHan, cchopmoBaHui
BHAaCNIAOK iHAYKLIT B KOTYLIL Nicns iMnynbey; Ty, — NOPOroBe 3HaYeHHSA Hanpyru, sike BCTaHOBMIOETLCA NPOrpamMHo (Hanp.,
1.5-2.0 B) i BU3Ha4Yae mMexy, BULLE AKOT CUTHaN BBaXaeTbCs 3HAYYLUMM; S(t) — BUXiA NOMYHOrO curHany nicns NopiBHAHHS.
Moxe HabyBaTn ABOX 3HaYeHb:

111 — curHan nepesuLMB NOPIr — MNOTEHLjiNHa HasBHICTb MeTany,

000 — curHan He nepeBuLLMB NOpPIr — MeTasn He BUABIEHO.

Ymoea susierieHHs Memary:

7’

Sf (t) > Tmetal:
Ae S¢(t) — iHTerpoBaHWii NOPOroBUI BUXi 3a NEBHUI iHTepBan Yacy.

Mogenb pyxy MobGinbHOI nnaTtgopmMm nobynoBaHO Ha OCHOBI AudepeHUianbHMX KiIHEMAaTUYHUX PIBHSIHb NS TYCEHUYHUX
poboTiB y koopanHatax X-Y. MNpoBeaeHO OUiHIOBAHHSA TOYHOCTI NO3ULIOHYBaHHSA Ha OCHOBI JaHMX i3 KOMM'IOTEPHOrO 30pY,
OTpMMaHMX i3 BiAeO 3 KBaApoKonTepa, Ta CUHXPOHI30BaHO TPAEKTOPIlo poboTa i3 uindmu, BAAUMUMY B Kaapi.

KiHemamuka pyxy e koopduHamax X-Y:

x(t) = v(t) cos(0(t)),
y(t) = v(t) sin(6(t)),
0(®) = o(0),

Aae v(t) — niHinHa WBKAKICTb, w(t) — KyToBa LWBWUAKICTL, B(t) — opieHTauia nnaTdopmMum.
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Po3pobneHo mogeni Ans BCiX OCHOBHMX MiACMCTEM: CEHCOpPHA YacTUHA (3aTyxaroui KONMMBAHHS y KOTYyLILi), undpoBa
06pobka curHany Arduino (noporoea inbTpadis), AMHaMika pyxy poboTa (B cuctemi koopauHaT X-Y), nepegada koopamHat
3 ApoHa (MaWwnHHWIA 3ip), Ta aBTOMAaT NEePEXOAIB CTaHiB (PyX — CKaHyBaHHSA — BUSIBIIEHHS).

Ymoea OocsieHeHHs uini:

dt=\/(x_xt)2+(y_yt)2<€;

Ae x,y — NOTOYHi koopauHaTh MobinbHOI NnaTopmu (ryceHMYHoro poboTa); x,,y, — KoopAWHaTK LinboBoi Touku (uini abo

30HW CKaHyBaHHS, Hamp., BKa3aHoi 3 kBagpokontepa); d, — akTMYHa BiACTaHb MK MOTOYHWM MOMOXEHHsIM poboTa Ta

3a[1aHOI0 TOYKOHD; € — AOMYCTMMA NOXMbka (MOpPOroBe 3HaYEHHS ), B MeXax SKOi BBaXaeTbCs, Lo poboT "gocar uini".
Asmomam nepexodie cmaHie (nozika KepysaHHs):

Move to target, ifo(t) =1,
Scan if S¢(t) > Teta
State(t) = ’ Y metal
© Dodge obstacles, if obstacle detected,
Wait for coordinates, otherwise.

Lle NOTOYHMI (pyHKLIOHANBHWUI CTaH CUCTEMU Y MOMEHT Yacy t, AKuii BU3Havae, Lo came BUKOHYe nnaTdopma:
= Move to target — pyxaeTbCs A0 BKa3aHUX KOOPAWHAT;

= Scan — 3yNMHAETLCA 1 aHamnisye CUrHan meTanoLlykava;

= Dodge obstacles — yxunsieTbCs Bif NepeLLKoau;

= Wait for coordinates — O4ikye Ha OHOBMEHHSA AaHMX.

Ymosu nepexody MiX crmaHamu:

1. 0(t) = 1: nnarchopma oTpumana KOOpAMHATY Lini (Hanp., i3 KBagpOKoNTepa) — NepexoanTsb Y CTaH "pyx 4o uini".
2. S¢(t) > Trmetqr: 3a(PiKCOBAHO NEPEBULLEHHA CUrHamNY HaZ NOporoM — poGoT 3YMUHAETLCA AN CKaHyBaHHSA.

3. Obstacle detected: BUSABMEHO nepeLukogy — NepexoanTb A0 pexumy obxoay.

4. lHaKwWwe: SKLWOo HeMae koopauHaT abo nodivi — 3anuLaeTbCs B PeXMMI OYiKyBaHHS.

Ons koxHoi mogeni nobyaosaHo rpadiku, O AEMOHCTPYIOTb NOBEAIHKY CUrHaniB i 3MiHM cTaHiB y yaci (puc. 1).

/
I Sensor ! [ Arduino \: 1 States b
| | |

d/ad- !
: Damping oscillation I > : Threshold _)—>| / ¢ ! Wait for :
| Ae=ot- cos(wy+ ¢) : } Filtering : : coordinates I
e e e - I | | |
] 0 | -1
Throusholt | o,(t) | | Throughpt | | : :
Filtering | Filtering & |
|

] | | :
(T S T T T 3 B | l
I X-Y Plane : ST S S s e [
Lu(t), (1) L |
| : I | Dodging |
| | | |obstacles :
| x(8) || : I
| |
I —«¢ X-Plane | : '\ States ;
N\ . : S - =
N /

Puc. 1. MatemaTuyHa moaenb cuctemMu

IHTerpauito anapaTHoro 3abe3neyeHHs1 3 KBagpOKONTEPOM BMKOHAHO Yepes BipTyanbHe cepenoBuile emynsuii (Processing,
Gazebo), o 0o3BONUNO NPOTECTyBaTU OOMIH KOOpAMHATaMK Ta B3aEMOZit0 MK By3namu cuctemu. [ina TecTyBaHHSA NOBEAIHKM
cuctemu y pasi BuserneHHs BHO peanisoBaHo aBToMat nepexoAiB CTaHiB i3 NporpamMHUM KepyBaHHSIM peakuisimu.

MoByaoBaHi rpadiky Hanpyrv Ta CTpyMy BigoOpaxkatoTb XapakTepHi BigMiHHOCTI Mk CTaHamu "MeTany Hemae" Ta "mMeTan
BUSIBNEHO", MiATBEPAXYIOYM KOPEKTHICTb €NeKTPUYHOI YacTUHW. [padikn BepuUdiKoBaHO LUMSXOM MOPIBHAHHS TEOPETUYHNX
iMNyNbCHUX XapaKTePUCTUK 3 eMNIPUYHO 3addiKCOBAHUMU 3HAYEHHSIMM B NabGopaTopHOMY CepefioBuLLi.

PeanisoBaHo nporpamHy noriky NpUAHATTA pilleHb Yy BUIMAA4i aBTomMaTta KepyBaHHHA, 34aTHOro BWMKOHyBaTu Aii B
pearnbHOMY 4Yaci y BiANoBiAb HAa BUSBNEHHST MeTaneBux o6'exTiB.

MpoBeneHo ekcnepnMeHTanbHy NepeBipKy NpaLe3aaTHOCTI NPUCTPOL Ta OLHEHO TOYHICTb, CTabiNbHICTb | aganTUBHICTb
noro po6oTn B yMOBax iMiTauii NONbOBMX CUTYaLLil.

Bydoea ma npuHyun pobomu cucmemu. Cuctema nobygoBaHa Ha OCHOBI iMNynbCHOrO MeTtarnowykada K158, wo
cknagaeTtbes 3 reHepatopa imnynbcis (NE5S55), TpaHanctopHux kntoyis VT1/VT3, koTywkn L1 Ta npuiManbHOro kackagy Ha
LM393. BusiBneHHs1 MeTaneBux 00'ekTiB BiAOyBaETbCA LUMSIXOM aHanidy 3BOPOTHUX iMMYMbCIiB Y NpUCYyTHOCTI meTany. bes
mMeTany: Hanpyra Ha SP1 6nusbka o 0 B, cTpym BiacyTHin. 3 MmeTanom: imnynbcu 3-5 B, yactota 6nmsbko 140 'y, nikoBun
cTpym go 625 mMA. Lia cuctema BMOHTOBaHa B Kopnyc ryceHuuHoro pobota Keyestudio Tank, wo 3abe3neyye aBTOHOMHe
nepemMilLieHHs MiCLEBICTIO (puc. 2).
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Puc. 2. 3aranbHa cTpyKTypa AocnigXyBaHOi cucteMm

MeTanoLuykay nigknioyeHo Ao MikpokoHTpornepa Arduino, BCTaHOBNEHOro Ha MobinbHoMy waci. CurHan i3 Touku SP1
(Bnxia KoMnapaTopa) 34UNTYETECA Ha aHanorosmin Bxig Arduino, Skuii BU3Havae HasiBHICTb 06'ekTa 3a napameTpamu curHany.
MpucTpin BUKOHYE ponb BMKOHABYOro enemeHTa: y pasi BussneHHs BHO nepepae koopanHaTtv Ta komaHAy 3ynuHku abo
06'isgy yepes 6esgpoToBuin mMoaynb. lNMnatdopma kepyeTbCa KBagpOKOMTEPOM, OCHALLEHUM KaMepor 3 KOMM'IOTEPHUM
30pOM, AKWUIA BU3HAYa€e MapLUPYT i KOHTPOMIOE 30HY OrNsAy.

Bnok-cxema kepyro4ozo asmomama. CdopmoBaHO Orok-cxemy, sika inCTpye noriky poboTu Bciei cucTemu:
OTpMMaHHS KoopAMHaT i3 ApoHa, HaBirauia poboTa, akTuBauis MeTanowykada, obpobneHHsa curHany, NPUNHATTS pPilUeHHS.
Takox [OoAaHO Tinkv AN peakuii Ha nepelukoau (3MiHa HaNPSAMKY pyxy) Ta NOriky MOBEPHEHHsT A0 TpaekTopii nicrs obxoay.
Lle 3abe3neuye aganTUBHICTb CUCTEMM y peanbHUX YMOBaXx MicLeBocCTi (puc. 3).

[ Receive coordinates ]

[ Navigate to target

[ Scan for metal J

|

[ Signal detection ]

Puc. 3. Bnok-cxema Kepytoyoro asTomaTta

locmaHoeka ekcnepumeHmy. [ocnigxyBaHuin npunag siBNse cobok yHKUioOHanbHe 3'€AHaHHSA  iMMYNbCHOrO
MeTarnoLwykada Ha 6asi mogyns K158 i3 mikpokoHTponepom Arduino Nano. CucTema peanizoBaHa Ha MakeTHi nnati Ta
XMBUTbCS Bi TPbOX akymynsitopis Tuny 18650, 3'egHaHMx NocnigoBHO, WO 3abe3nedye JOCTaTHIO Hanpyry Ans crabinbHoi
po60TK BCiX KOMMOHEHTIB.

Moaynb Arduino Nano BcTaHOBREHO Ha MakeTHiii nnaTi. Moro xuBneHHs nogaetbcs 6e3nocepeaHbo 3 akyMyNSaTOPHOTO
6roka, yepes niHii VCC (4epBonuii nposig) Ta GND (4YopHui nposig). 3 Mogyns MeTanollykaya [0 aHarioroBoro BXxoay
Arduino (AQO) nioBegeHoO curHanbHWIA NPOBIA (CUHIN), AKMIA Nepedae oOpobneHuid iMNyNbCHWIM curHan nicns komnaparopa
LM393. Lle no3BONsiE MiKPOKOHTPOMNEPY aHanidyBaTu BUSBIEHHA MeTarny NporpamHo.

MowwykoBa KOTyLUKa 3 MiZHOrO NPOBOAY Nid'eAHaHa Ao nnaTh MeTanoluykaya. Ii 3aBgaHHa — popMyBaTy enekTpomarHiTHe
norne 1 ynoBnoBaTh NOro 3MiHW y NPUCYTHOCTI MeTaneBux 06'exTiB. BuxigHuii kackag nnatu 3'eAHaHWN i3 AMHaMIKOM (YOPHUIA
i XKOBTUI OPOTN), AKUIN reHepye 3BYKOBUIA CUrHan y pasi BUsiBNeHHa meTany (puc. 4).

Ko>XeH KOMMOHEHT CXeMU YITKO BUKOHYE CBOH (DYHKLiH0: BI10K XUBIEHHSI — eHEPronocTavyaHHs; MeTarnoLlykay — reHepyBaHHS
i dikcauis curHanis; Arduino — LMdPOBMIA aHani3 i MOXNMBE NMPUAHATTS pilleHb. Taka CTPYKTypa A03BONSAE NErko iHTerpysaTtm
cxeMy B MObBinbHy nnaTopmMy Ans NPakTUYHOro 3aCTOCYBaHHS B yMOBaX MOLLYKY BUOyXoHe6e3neyHnx npeameTis.
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Puc. 4. NMpucTpii nowyky BUGyxoHebe3neyHUx npeamerTiB:
a — eneKkTpu4yHa cxema, 6 — pyHKLioHanbHa cxeMa, 8 — 30BHiLUHi BUrNaA po3po6rneHoro npucTpoo

Pe3ynbTatn

B xopni ekcnepvMeHTanbHOro AOCNIAKEHHS iMMYINbCHOrO MeTarnollykaya, iHTeErpoBaHoro 3 MiKpokoHTponepom Arduino
Nano, 6yno oTpumaHo xapakTepucTuku, 3o6paxeHi Ha puc. 5.

Ha nepwomy rpacpiky (puc. 5a) BMAHO uiTKi iMnynbcHi cnnecku amnnitygoto o ~500 BignikiB aHanoro-uudposoro
nepetsoptoBada (ALIM), wo pisko BMAINATLCS Ha TNi poHOBKX konueaHb (~300-350). IMNynbCKM BUHUKaIOTL KOPOTKO Ta
pisko, 6e3 TpuBanoro 3aTyxaHHs. Lle TunoBui curHan ans ApibHoro MetaneBoro ob'ekTa 3 BWUCOKOK MPOBIAHICTIO,
pO3TaLLUOBAHOro Ayxe 6rn3bKo A0 LeHTpa KOTYLKW. Takuin curHan nerko nigaaeTbecs MOPorosin dinbTpadii, i Noro MoxHa
BMKOPUCTOBYBaTY K "eTanoHHnn" ans knacudikadii apibHuX uinen.

Opyrun rpadik (puc. 56) AeMOHCTPY€E BUCOKOYACTOTHY NUIKONOAIGHY hopMy CUrHary, i3 YiTKUMKU YepryBaHHSIMU MiHIMyMiB
i MakcMyMmiB y giana3oHi 6rm3bko 310-390 Bignikis ALM. Taka noBediHka xapakTepHa AnNs BeNMKoro ob'ekta 3 BMCOKO
NPOBIAHICTIO, SIKUI LLINbHO NepeKkpuBae MarHiTHe none. Heasaxatoum Ha Te, WO antoMiHi Mae HU3bKY MarHiTHY MPOHUKHICTb,
Moro nrolla [03BOMSE reHepyBaTu CTabinbHUIA iHAYKUINHWIA 3BOPOTHUIA curHan. 3ybvacta dopma curHany [A03BONSAE
ineHTNdiKyBaTH Lern Tun ob'ekTa 3a YaCTOTHOK XapaKTEPUCTUKOIO.

Ha TpeTtbomy rpacpiky (puc. 58) cnoctepiraetbcs MeHwa amnnityga (~300—-400), ane popma curHany crae LWMpLLOK Ta
MeHLW cTabinbHo. IMNynbCK He MatoTb YiTKOI hopMu — Aeski nikv 3atynneHi abo po3tarHyTi. Lle cBigumTe npo cnabwumn
iHOYKUiMHWA BNnmB 06'ekTa Ha MarHiTHe mone, OCKINbKM NpeaMeT MICTUTBCA 3a MeXaMu ONTMMarnbHOI 30HM YYTNUBOCTI
KOTYLWKW. Y Takomy BWMNagKy Ans BMNEBHEHOrO BUSBMEHHS OaxaHO HakonuyyBaTWM CTATUCTUKY KiMbKOX iMnynbciB abo
aHanisyBaTu cepegHe BiaXWUMeHHs.

Ha rpadiky (puc. 52) BugHo cepito imnyneciB cepegHboi amnnityan (~600-800), ski po3TalloBaHi HEPIBHOMIPHO, 3
OKPEMUMU BUCOKMMM crninieckamu. IMicns KoXHOro nika curHan noBeptaeTbes Ao piBHSA 6nmabko 300-350. Lle Tnosuii Burnsag,
curHany ans Benukoro metanesoro o6'ekTa, skuii nepebyBae Ha MeXi YyTNMBOCTI NPUCTPOID. Baxknneo 3a3HaumTy, WO HaBiTb
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Ha Takill 3HaYHiln BiACTaHi antoMmiHieBUiA NpeaMeT yce e Aae cTabinbHi BUKMAM, WO CBIigYMTbL Npo Ao6pYy YyTNMBICTE CXeMU
[o Benukux uinen. OgHak Ans obpobneHHs Takux curHanie Arduino notpebye abo iHTerpauii 3HaveHb y 4yaci, abo
Knacudikauii 3a oparmeHTamm.

Puc. 5. CurHatypu pocnigkeHb MeTaneBuUx npeaMeTiB:
a— ApibHWK cTaneBui NnpeameT BNpUTYn, 6 — antoMiHieBMIA NnpeaMeT BNPUTYn,
e — ApibHMM cTaneBU NpeaMeT Ha BiacTaHi 4 cM, 2 — BeNIMKMMA MeTaneBumn 06'€KT Ha MeXi YyTIMBOCTiI NPUCTPOLO

Ha ocHOBI ekcrnepyMeHTanbHUX AaHux, OTPMMaHWX y npoueci BUNnpobyBaHb MeTarnollykada 3 iMnyrbCHOK CXEMOK Ha
ocHoBi NE555, LM393 i Arduino Nano, MoxxHa 3pobuTi BUCHOBOK, LLIO CUCTEMaA 3aaTHa BUABNATM APiOHI MeTaneBi 06'ekTn
Ha BigcTaHi Ao 2-3 cm 3 amnniTygoto aHanorosoro curHany 450-520 signikis ALM. Y uboMy pexumi dikcyeTbCs YiTKUN
KopoTKoYacHui imnynbsc Tpueanictio 5-10 Mc, o Aae 3Mory TOYHO 3acTocyBaTu NpocTy noporoBy ob6pobKy 6e3 foaaTkoBoi
dinbTpauii. Y pasi 36inbweHHa BigcTaHi o 3—4 cm, amnnityga curHany 3meHwyetbca go 300—400 signikis AL i
cnocTepiraeTbcs 3MmilLeHHs1 dopmu iMNynbey, Wo noTpebye umMdpoBoro 3rnagxyBaHHS abo KymynsaTMBHOIO obriky KiflbKoxX
cnneckiB Aons 3abe3neyeHHs 4OCTOBIPHOIO BUSABIIEHHS.

Mpn BusABNEHHI Benukmx 06'eKTiIB cucTema AEMOHCTPYE BigdyTHY iHAYKUIHY 4yTnuMBICTb Ha BigcTaHax go 20 cw.
AmnniTyga curHany npu ubomy gocsirae 750-800 ignikie AL, dbopma curHany mae perynspHuin 3ybyactuin xapakrep i3
4YacToToK KonuvBaHb 6nm3bko 12—15 y. Lle gae 3mory He nuwe BUSBWUTM HasiBHICTbL 00'ekTa, a i 3AINCHUTM TUMOBY
knacudikauito ob6'ekta 3a nMoro po3Mipamu Ta NpoBigHicTio. Taka dopma curHany € xapakTepHOK Ans BENUKMX Linen i3
BEIMKOI MIIOLLEt0 BiaOUTTS, BUTOTOBMNEHMX i3 NPOBIAHMX MeTariB (antoMiHili, cnnaeu Ha KOro OCHOBI).

[unckycis i BUCHOBKM

OTpuMaHi curHaTypu curHanis ceigvaTb Npo YiTKy 3anexHicTb hopMmn i aMnniTyau BiAryky iMnynbLCHOro MeTanoLuykaya
Bij reOMeTPNYHMX PO3MipiB 06'ekTa, MOro eneKkTPonpoBIAHOCTI Ta BiACTaHI 40 KOTYLLKW.

Onsa nigBULLEHHS HadiMHOCTI BUSIBNEHHS OO'EKTIB Pi3HMX KNaciB peKkOMEHOOBaHO BMPOBaAUTM OBOCTYNEHEBY CUCTEMY
06pobku curHany:

= noporoswit aHania 3 noporom Tthr =~ 400T - ans dikcauii Api6HUX MeTanesmx o6'ekTiB,

= jHTerpanbHWn aHani3 abo dinbTpauis 3a KinbKiCTIO iMNYNbLCIB Y YacoBOMYy BikHi (Hanp., =25 cnneckie npotarom 500 mc) —
ON19 BeNUKUx abo BigaaneHux uinen,

= TAKOX pekoMeHA0BaHo 36epiratn eTanoHHi opmu curHanis y EEPROM a6o nepegasatu ix no UART/LoRa/Wi-Fi ans
BigaaneHoi knacudikadii. BapTo 3a3HaunTtu, wWo npucTpin ctabinbHO npautoe npu xkuBneHHi Big 3 x 18650 (12.6 B),
a cepepHin pobounii CTpyM y pexnmi ckaHyBaHHS He nepesullye 150-180 MA, wo 3abe3neyvye aBTOHOMHICTb A0 8 rof.

3 ypaxyBaHHsIM 3a3Ha4YeHUX BULLE pe3ynbTaTiB, cucTemMa nigTBEepAXYe CBOK NPaKTUYHY eDEKTUBHICTL Y 3a4a4ax MoLLyKy
BMOyxoHebe3ne4Hnx 06'ekTiB, JO3BONAIOYM BUSBNSATY Sk APiOHI 06'exTu 3 BiacTaHi 4o 3 cM, Tak | Benuki MeTanesi Kopnycu 3
anctaHuii go 20 cm 3 iMOBIpHICTIO BUSIBNEHHs,, WO Habnwkaetbcss [0 95 %, Ans (QOHOBOrO PiBHSA MOMMITKOBUX
cnpauboByBaHb, MeHLe 5 % 3a ymoBuM ikcoBaHOro nopora.

Y xoai noganbLumx 4ochimKkeHb 6yayTe po3pobeHi Ta 3aCTOCOBaHi METOAMKM MOLLYKY MeTanesux npeaMeTiB Ha OinbLuii rinbuHi,
a TaKOX NPAaKTUYHO AOCHIMKEHA KOHLIENLst BUKOPUCTaHHSI pOOOTU30BAaHOMO HAa3EMHOMO CEMMEHTY, LLIO KEPYETLCS 3 KBaapoKonTepa.
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BHecok aBTopiB. AHgpii [yaHik — KOHUEeNTyani3auis, noctaHoBKa 3agadi gocnigxeHHsi; AHapin ®deceHko — meTogonoris, nobyaosa
maTtemaTtunyHoi mogeni; OnekcaHap TopoLuaHko — doopMarbHUIA aHanis, nigbip TEXHIYHMX KOMMOHEHTIB ANt ekcrnepumeHTy; Bipa Mukonanyyk —
mMeTogororisi, po3pobrneHHst meTody iHTerpauii iMnynbcHoro meTanowykada K158 3 nnatdgopmoto Arduino; Onekcin BaTtpak — iHxeHepis,
NPOEKTYBaHHSI Ta BUrOTOBMEHHS iMMyNbCHOro MeTanowykada K158; Ceprii Buroecbkuin — nporpamHe 3abesnedeHHsi, Banigauis AaHux,
NpoBefEeHHS eKCNEPUMEHTY.

Dxepena ciHaHcyBaHHs. Lie gocnigxeHHs He OTpumano X04HOro rpaHTa Big iHaHCOBOI yCTaHOBM B AepXXaBHOMY, KOMepLinHoOMy abo
HeKOMepLiHOMY CeKTopax.
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A SYSTEM FOR DETECTING EXPLOSIVE OBJECTS BASED ON A MOBILE TRACKED ROBOT CONTROLLED
FROM A QUADCOPTER USING MASHING VISION

Background. The results presented in this article mark the beginning of the project team's research in this direction. The experiments
were conducted under laboratory conditions and focus on the general concept and identification of directions for further development. Future
research is planned to be conducted in real or near-real conditions. The work proposes a system for detecting explosive objects based on the
K158 pulse metal detector, a microcontroller, and the Keyestudio Mini Tank V3.0 mobile tracked platform. An integration with a quadcopter
equipped with computer vision is proposed, enabling precise targeting and remote control. The system architecture, component interaction
principles, decision-making logic, and a mathematical model of operation are described.

Methods. The research employed methods of functional subsystem modeling, computer-based oscillographic analysis of electrical
signals, mathematical modeling of the tracked robot's kinematics in XY coordinates, and algorithmic design of a control automaton. To test the
interaction with the quadcopter, virtual testing was conducted in a simulation environment using machine vision. Signal processing was
implemented through microcontroller programming based on threshold filtering.

R e s ults. Theresults demonstrate a clear differentiation between signals in the presence and absence of metal. In the background mode, a stable
zero line is observed, while detection of a target produces a series of pulses at a frequency of 125-150 Hz and a current of up to 625 mA. This ensures
reliable real-time object identification. All components, including the power and wireless communication modules, showed stable operation. Machine
vision-based targeting achieved an accuracy of 20 cm. Overall, the system demonstrated reliability and efficiency in laboratory conditions.

Conclusions. The proposed system for detecting explosive objects combines the advantages of analog sensing, digital signal
processing, a mobile platform, and aerial coordination. Its simplicity, autonomy, and low cost make it suitable for use in high-risk areas.

Keywords: explosive objects, Arduino, pulse metal detector, tracked mobile robot, quadcopter, computer vision, autonomous control,
metal detection.
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YNAPABIIHHA SDN-MEPEXEIO OATA-LIEHTPIB
HA BA3l MOAUDIKOBAHOI'O Nnigxony bEVOFLOW

BcTyn. [ocnidxeHo ocobnueocmi peanizayii pieHs ynpaeninHss SDN-mepesx nid 4ac ob6cny2oeyeaHHs1 pi3HUx 3a 0b6csi2om
nomokie dama-yeHmpie Ha ocHoei mexHonogzii Hedera, npomokony OpenFlow ma nidxody DevoFlow. Po3nodin ¢yHkuyil
06pobreHHs1, 360py cmamucmuYHuUx GaHux ma nepioOU4HOCMi OHOBJIEHHSI cmamucmu4YyHuUX daHuUx erniuearmb sIK Ha obcs2
cnyx6oeoi iHgpopmauii, mak i Ha egphekmueHicmb ma onepamueHicmb ynpaesiiHHa wWodo po3nodiny exiOHo2o mpadpika Ons
6anaHcyeaHHs1 HaeaHmMaxeHHsi. Memoro po6omu € modudpikayia nioxody Hedera 3a paxyHok nepepo3nodiny yHkKyil
knacudpikayii nomokie ma adanmueHo20 ynpaeJsliHHs 3a1eXXHOo 8i0 06csi2y nomoka Ha pieHi ynpaesliHHs, a MaKoX po3pPOo6IIeHHSs!
anzopummy eu3sHa4yeHHs1 00MycmuMo20 Yacy HadcuslaHHs cmamucmu4Hux 0aHux eid komymamopie Ha SDN-koHmponep.

MeToau. BukopucmaHo MemoO CUCMEMHO20 aHaJlizy ma AeKkomMno3uyii Onsi AocsidxeHHs1 ckslaOHUX cucmeM, Memoodu
360py JaHuUX NPo cmaH Mepexi, a MaKoX eepucmMu4Hi npasusna 015 eu3Ha4YeHHs1 o6csicy cnyx6o0eo20 mpadbika.

Pe3ynbTaTtu. Y pesynbmaminpoeedeHo2o aHasnizy ocobnusocmeli nobydoeu i pobomu makux mexHosozil, sk Hedera
ma DevoFlow, 3anponoHoeaHo modudghikogaHy apximekmypy nob6ydoeu pieHs1 ynpaesiiHHsi ma eu3Ha4eHO OCHO8HIi OYHKuil
npoepamHux modyisie, siki datomb 3mMo2y nidsuwjumu egpekmusHicmb po6omu SDN-koHmposnepie. A came, 3ag0siku 3MiHi
nopsioky 36opy U o6pobneHHs1 cnyx6oeoi iHpopmauyii Ha ob6bnadHaHHi SDN-mepexi Oama-ueHmpie i noeepHeHH 4o
yeHmparnizogeaHo20 muny ynpaeJsliHHs.

Bu3sHayeHo nidxodu w000 knacudpikayii exiOHUx nomokie ma ix po36ummsi Ha mani "mice-flows", cepedHi "medium-flows" i
eenuki momoku "elephant-flows”, wo d0o3eosisie 8 nodanbwoMy eukopucmosyesamu 6az2amouwsisixogy Mapwpymu3ayito Ons
eghekmueHiw o020 sukopucmaHHs1 pecypcie mepexi. Takox y yili cmammi 3anpPonoHo8aHo asni2o0pumm eU3Ha4yeHHs1 00IyCMuUMo20
4acy HadcuJslaHHs cmamucmuku 8i0 komymamopie (Memod push-based), sikuli epaxogye OuHaMiKy 3MiHU Ha8aHMa)KeHHS1 8 JIiHisIX
y Mepexi, KinbKicmb akmueHux cecili i 6a3yembcsi Ha eepucmuYyHOMY npasusli o6MexeHHs1 ob6csi2y cnyx60e8020 mpadgbika.

BucHoBku. Po3pobneHo modugpikoeaHy apximekmypy pieHsi ynpaesniHHs1 Ha 6a3i nidxody DevoFlow ma eu3Ha4yeHO
OCHOBHI @pyHKUii npoepamHux modynie SDN-koHmponepa mepexi dama-uyeHmpie. Po3pobrnieHo aHanimuyHi 3anexHocmi Ons
8U3Ha4YeHHs1 AonycmuMo20 Yacy HadcusaHHsi cmamucmu4yHux daHux eid komymamopie Ha SDN-koHmponep, siki epaxoeyromb
nomoYHuli cmaH 3aeaHmaxeHocmi Mepexi. A makox npoeedeHo psid ekcriepuMeHmie O5s1 06rpyHmyeaHHs1 obpaHo20 Memody
ompumaHHs1 cmamucmu4Hux OaHux i niomeepoxxeHHs1 docmoeipHOoCcMmi 3anpornoHoeaHo20 asizopummy OoMycmumMo20 4Yacy
HadcunaHHsi cmamucmuy4Hux daHux 8id komymamopie Ha SDN-koHmponep.

Knw4yoBi cnoBa: Software-defined Networking, dama-uenmp, OpenFlow, Hedera, DevoFlow, elephant-flows, mice-flows,
SDN-koHmponep, OpenFlow Switch, mabnuysi nomockis.

Betyn

CyyacHuii pos3sutok Mepexk SDN Bkadye Ha LUMPOKE 3aCTOCYBaHHSI L€l TEXHOMorii Ansi po3ropTaHHS MepeXeBoil
iHppacTpykTypu posnogineHnx LeHTpiB obpobku AaHux. lMpuyomy AuvHamiyHa npuvpofda AofaTkiB i cepBiciB, a Takox
Pi3HOPIOHICTE TEeXHOMOriN TPaHCMOPTHUX MepeX BuMaralTb YNPOBaMKEHHS O0AAaTKOBUX MeXaHi3aMiB, Lo [03BOMsTb
edheKTMBHO BUKOPUCTOBYBATM HasiBHI MEPEXEBI pecypcu Ta 3abesnevyBaTtu HeobxigHi NOKa3HMKM AKOCTi 06cnyroByBaHHst QoS.

3asBuyan ocHosBHoto nepesaroto SDN-mepexi € LeHTpanizoBaHuii nigxig Woao ynpaBniHHA MepexeBMMU pecypcamm y
npoLeci po3noainy pisHopiaHMX NOTOKIB Tpadika 3a paxyHOK arperadii AaHnX Npo NOTOYHUI CTaH obnagHaHHA 3 ypaxyBaHHAM
yciei Tononorii mepexi. To6To, Npu po3paxyHKy LWnsxiB nepegadi (MappyTis) SDN-KOHTponep Mae NoBHiLLy CTaTUCTUKY NPo
CTaH ycix enemeHTiB Mepexi (Globa et al., 2019, c. 76—100; Romanov, & Mankivskyi, 2019, c. 683-688).

OpHak nig yac obcnyroByBaHHS MOTOKIB Pi3HWX 0OCAriB i Yacy TpMBanocTi Cecii, BUHMKaIOTb CKMagHOCTI LWOAO iXHLOro
po3noainy MK AOCTYMHUMM LWNsixaMu nepedadi (onTumanbHOCTI POpMyBaHHSA Tabnuvub MOTOKIB), OCKINbKM Lie Hanpsimy
BNMBAaE Ha e(PeKTUBHICTb BUKOPUCTAHHS MEPEXEBOr0 PeCcypcy Ta 3aBaHTaXeHHS MiHin nepeaaui.

B po6oTtax (Costa et al, 2021, vol. 147; Yu et al., 2018, c. 251-258), po3rnsHyTo Taki pilweHHs, sik Hedera Ta Devolved
OpenFlow (DevoFlow), ski HauineHi Ha 36inbLUeHHA NPONYCKHOI CMPOMOXHOCTI MepeXxi AaTa-LeHTpy 3a paxyHoK knacudikauii
(po36uTTsa) BxigHoro Tpadika Ha Benuki "elephant-flows" Ta mani "mice-flows" NOTokM 3 METOK BUKOPUCTAHHSA MPOTOKOSIB
OaraTownaxoBoi MapLupyTusadii ans 6anaHcyBaHHs HaBaHTaXXEHHS BenuKMX MOTokiB. Ane Hedera obmexyeTbca nuwie
BHYTPILLUHBOK MEpEeXel [AaTa-LeHTpy K aHanidye obcsar MOTOKiB Nulle Ha rpaHuyHuMX komyTatopax (edge-switches).
OcobnusicTb nigxogy DevoFlow (Costa et al., 2021, vol. 147) nonsirae Takox y po3gineHHi notokis Ha "elephant-flows" i "mice-
flows" Ta 06pobLi BENMKMX NOTOKIB i3 3any4eHHAM KOHTponepa, 1 06pobLi Manux NoTokiB Ha kKomyTaTopax 6e3 4oaaTKoBOro
3BepHeHHs1 4o SDN-koHTponepa.

OpHak 3actocyBaHHst Mogeni DevoFlow xo4 i fae 3Mory 3aMeHLUUTY Yac AN BU3HaAYeHHs MapLUpyTy nepeaadi Ta 3MeHLLye
HaBaHTa)XEHHS1 HA CaM KOHTPOEP, ane Len hakTop Moxe NPU3BECTM 40 MaKCUMarbHOro 3aBaHTaXXEHHSI OKPEMUX MapLLPYTIB
(niHi nNepepadi) i 9K HacNiQOK — OO NEpeBaHTaXKEHHS OKPEMUX CErMeHTIB mepexi. Lle NosicHIeTbea TUM, WO YacTKoBe
nepeHeceHHs piBHA ynpaerniHHA Ha komyTaTtopu (OpenFlow Switch) npuBognTh 40 BTpaATU NOBHOI KAPTUHW LWOAO TONONOrii
Ta CTaHy (YHKUIOHYBaHHA Mepexi. ToMy B Ui cTaTTi NponoHyeTbCa Moaudikauisa nigxogy DevoFlow 3 nepeposnoginom
YHKUIN Kknacudikauii NoToKiB Ta afanTMBHOMO yMpaBniHHS 3anexHocTi Big obcary notoka came Ha SDN-koHTponepi.
PosrnsiHemo fgeTtanbHille HaBeeHi BULLE TEXHOSOriT Ta 0COBNMBOCTI iXHbOT po6oTK.
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MocmaHoeka 3adayi. lMoyHemo 3 TexHomorii Hedera, siky cTBOpeHO AnNs e(EKTMBHOrO BMKOPUCTAHHS MPOMYCKHOT
CMNPOMOXHOCTI B LLleHTpi 06pobku aaHnx. Peanisauis Hedera nonsrae B nepiogM4yHoMy 36MpaHHi CTaTUCTUKKN (KOXKHI 5 cekyHAa)
i3 rpaHnyHMX KomyTaTopiB Ana BusiBneHHs “"elephant-flows". CnovaTky KkomyTaTopu BiANpaBnslOTb HOBUIW MOTIK,
BMKOPUCTOBYIOUM CBOi CTaHA4apTHI MpaBuna 3iCTaBreHHs NOTOKiB, N0 OAHOMY 3i LUNSAXIB 3 OAHAKOBOK BapTICTHO. AKWO obcar
NOTOKY J0Csirae NoporoBoro 3HavYeHHs, Todi BiH MapkyeTbes Ak elephant-flow. lMopir, 3a 3amoB4vyBaHHAM, cTaHoBUTL 10 %
noTy>xHocTi mepexesoro iHTepdency (NIC). Y e MOMEHT ueHTpanbHuii NnaHyBansHuk Hedera BukopucToBye rmobanbHy
iH(bopMaLito Npo CTaH Mepexi i po3paxoBye HaMKpaLLMiA LWNAX ANst NOTOKY. Npuyomy, Anst 00UYUCNEHHN WXy nepegadi
BM3HAYaETLCA MOro AOCTYMHA NPOMYCKHA CMPOMOXHICTb, OO BiH Mir BMICTUTM NOTIK.

3asHauumo, wo DevoFlow siBnsie coboto moandikauito mogeni OpenFlow, B sk BioOyBaeTbCcA OesKUA PO3PUB MiX
LeHTparisoBaHMM KepyBaHHSIM i LieHTpani3oBaHOK BUOUMICTIO CTaHy Bciei mepexi. A came, DevoFlow BukopucTtoBye
arpecuBHe BWKOPUCTaHHA icHytoumx OpenFlow-npaBun Ha komyTtatopax Aana "mice-flows", wWo6 3MeHWWUTN 0OMiH
CnyX00BMMU MOBIAOMMEHHAMW MiXK KOHTporepoMm i komytatopamu. OTXe, 3a BigNOBIAHWMX YMOB, KOMYTaTtopy MOXYyTb
NpUUMaTK pilleHHSA NPO MapLUPyTM3aLlilo Manunx 3a ob6CsromM NOTOKIB NTOKANbHO, B TOW Yac SK KOHTPONEp 34ifCHIOE 3aranbHe
ynpaBniHHA MepexXeto i MapLIpyTU3ye BENWKi MOTOKU.

[ns po3yMmiHHA 3anponoHOBaHUX yAOCKOHaneHb Ta norikn pobotn SDN-mepexi 3a3Buyaii NoTpibHO npuainutn yeary
npotokony OpenFlow. BignosigHo, OpenFlow € ogHuM i3 knto4oBUX NPOTOKOMIB Y KOHLENLii nporpamMmHO-KoHdIrypoBaHnx
mMepex (SDN), skuii [03BOMsiE PO34inMTU NMOLWMHY KEpyBaHHsI Ta NMowwMHy nepecunaHHa tpadika (Wang et al., 2023,
c. 4377-4393). OcHoBHa ines OpenFlow nonsirae B TOMy, WO KOMyTaTopu OTPMMYHOTb iHCTPYKLUIi Big LeHTpanizoBaHOro
KOHTpoOrnepa, sikui BU3Ha4ae MapLLpyTM3aLito NakeTiB Ha OCHOBI rnobanbHoi iHdopmaLii npo mepexy (puc. 1). Lie 3abesnevye
rHy4ke ynpasniHHS NoTOKaMu, CNpOoLLy€e HanawTyBaHHA NOMITUK i Aae 3MOry LeHTparnisaoBaHO KOHTpomntoBaTh Tpadik, Lo €
KPUTUYHO BaXIIMBUM A5si Cy4acHUX AaTa-LeHTPIB i MepeXx i3 BUCOKMMU BUMOTramm 0 SSKOCTi 06cnyroByBaHHsi (Q0S).

SDN-Controller

Headers Actions Counters

Port 1
10416 | Port2 502
= S = = & 10.1.4.22  [10.2.10.3| Drop 108

Flow table with relevant actions

193.33.100.241

OpenFlow
channel

OpenFlow
channel

Flow table

OpenFlow
channel

Flow table

OpenFlow OpenFlow OpenFlow

Switch

-’ - * - bidirectional communication between switch and SDN controller. Includes: statistics collection

uploading of updated/new rules for flow-tables

Switch

0

Switch

Puc. 1. Moaenb po6oTtu npotokony OpenFlow i cTpykTypa Tabnuui noTokis

MepeBaramu LeHTpani3oBaHOro KOHTpPoso, 6asoto Ansa akoro crtae niaxia OpenFlow, e:

» rnobanbHe ynpaBniHHs nonitTukamu 6e3 cknagHoi KoHdirypadii Ha piBHI KOMyTaTopiB, @ TOYHilLE, HaBiTb BiACYTHICTb
Heob6XigHOCTI HanawToByBaTV KOMYTaTOp;

" MOXINUMBICTb 34iMICHIOBATN ONTUMaribHy MapLupyTM3alilo MOTOKIB, OCOONMBO B Mepexax i3 rapaHTigsMu SKOCTI
o6cnyroByBaHHst (QoS) (Romanov et al., 2021, ¢. 33—40; Shirmarz, & Ghaffari, 2020, c. 7545-7593);

" rHy4Ke ynpaeniHHSA noTokamu Ta 6e3neka;

= MOXNMBICTb rnobanbHoro 6ayeHHs Mepexi, e KOHTporep Mae "neped o4mMma" Becb Npouec nepeaadi B Mepexi, Wwo
[O3BOISIE 3aBYaCHO pearyBaTV Ha MepeBaHTaXEHHs!, 3MIHIOBaTUM MapLupyTM B pearlbHOMY 4aci Ta, 3aBAsKU LbOMY,
edeKkTMBHILLE BMKOPUCTOBYBATUM Mepexesi pecypcu. (Hacnpasai maike koxeH SDN-koHTponep Moxe 3agigty npouec
OVHaMIYHOro nepeajpecyBaHHs MOTOKIB, Ha 6asi BUKOPWUCTAHHS 3aBXAM OHOBMEHUX [OaHUX MNP0 HaBaHTaXEHHs Ha
MepexeBux 3'eQHaHHAX).

3a BukopucTaHHs TpaauuinHoro OpenFlow, NOTOkM MOXyTb 6YTV po3dineHi Ha:

= G6e3nekoBi (security-sensitive flows), ski 06pobnsOTLCS LEHTPani3oBaHo Ans NiATPUMKN Ge3neku;

= 3Hauvywi notoku (significant flows), WO kepylTbCSA UeHTpanisoBaHO pAns nokpaweHHs QOS Ta YHUKHEHHs
nepeBaHTaXeHb Y Mepexi;

= 3BMYanHi notoku (normal flows), ski MoxxyTb ByT 06pOBEHi NokansLHO KOMyTaTopamu Ha 6asi 3asganerigb NPonMcaHnx
npasuIi, Yy iCTOPUYHO 36epexeHnMn noniTukamy nepegasi (Ui AaHi O4NLLYIOTLCH 4OCUTL LUBUAKO).

OpHak, marum OoCuTb CYTTEBI nepesaru, WO pobnaTb Mepexy He AyXe Benukmx macwtabiB AocuTb pobouyoto i
e eKTMBHOK y BMKOPUCTaHHI, ueHTpanisoBaHa mogens OpenFlow mae cyTTeBi Heponiku, WO CEepro3HO OOMEXyYHTb ii
MacwTabosaHicTb (Tennakoon et al., 2018, c. 1043-1050).

Mo-neplue, 3agisHHS KOHTporepa Ans KOXHOro HOBOro ceaHCy nepefadvi Cepro3HO HaBaHTaXye CaM KOHTponep.
Hanpwuknag, oamH NOX-koHTpornep Moxe obpobnatm go 30 000 HoBMX MOTOKIB 3a CeKyHAy, ane Lboro Moxe 6ytn
HeOoCTaTHbO AN BeNMKMX 3a obcsarom Tpacdhika [daTta-ueHTpiB, i3 COTHAMM, a TO W TUCSHaMM KOpPUCTyBadyiB
(Rout, Patra, & Sahoo, 2017, c. 543-551; Romanov, Nesterenko, & Mankivskyi, 2021, c. 159-182). Akwo B3sTK KnacTep,
AKMA Mae B nignopsiakyBaHHi 1500 cepepiB, TO B Takii Mepexi Moxe Hagxoautu HagiTb Ao 100 000 HOBWMX NOTOKIB
LLIOCEKYHAM, Lo BUMarae, Sk MiHiMyM, BUKOPUCTaHHS KiNlbKOX KOHTPOMEpiB Ans edpeKTUBHOI poboTH Mepexi B LLinomy.

39



Advanced Information Technology, No 1(4)/2025

Mo-gpyre, MaeMo BMCOKI BUTPaTW Ha MepexeBy B3aeMofito. BMKOpMCTaHHA KOHTponepa Ans HanmawTyBaHHS MOTOKIB
36inblUye MepexeBi 3aTpuMkn B Mepexi. Hanpuknag, ans N komyTtatopis noTpibHO cTBOpMTM Ta nepedaTtu BABiYi Ginblue
(2N) 3anucis y Tabnuui noTokiB, a TakoX nepedaTn SOAATKOBI KOHTPOMbHI MakeTw, Lo, 3HOBY X Taku, CTBOPIOE AoAaTKOBeE
Ccny>k60Be HAaBAHTAXEHHS.

Mo-TpeTe, BUWHUKaIOTb OOMEXEHHA MPOAYKTUBHOCTI KOMYTaTopiB, OCKINbKM (i3NYHIi KOMYyTaTtopyM MalTb CYTTEBI
obOMexeHHs1 Mo pecypcax, siki BBOASATb B Ait0 Ans obpobneHHs noTokiB. Hanpuknag, TpaguuiiHi KomMyTaTtopy MOXYTb
06pobnATM 4o 146 HOBMX MOTOKIB 3@ CEKYHAY, L0 MOXeE CTaTh TUM cCaMnM NpobrneMHuM Micuem (By3bkuM micLeM / bottleneck)
y BEMNWKMX 3a MacluTabom Mepexax.

Takox BapTo 3a3HauuTw, wo OpenFlow-npasuna 36epiratotbest B TCAM-nam'ati (Ternary Content Addressable Memory),
sIka € X04 Ay>Ke LWBUAKOL0, ane AOpOroto anapaTHo Nam'sTTio Ta BUKOpUCToBYye H6arato Micus Ha ASIC (3acTocyBaHHS LbOro
nigxogy Ao3sonsie 36inbWnUTY NPOAYKTMBHICTL 0B6pobneHHs Ha anapaTHoMy piBHi). To6To OpenFlow Bumarae 6Ginblie
pecypciB Ha KOXXeH 3annc Ha BiAMIHY Bi Hanpuknag, 3su4yanHoro Ethernet Tpadika, e BUKOPUCTOBYETLCA NULLIE XeL-Nam'aTb
i Npautoe 3Ha4YHO ekoHOoMHiILWwe. o nopiBHsAHHSA, Ethernet forwarding notpebye nuwe 60 6iT Ha oguH 3anuc (48-6itoBa MAC-
agpeca + 12 6it VLAN ID), go3sonsitoun 36epiratn o 64 000 sanucie (Rout, Patra, & Sahoo, 2017, c. 543-551). B Toii yac
sk OpenFlow noTpebye 288 6iT Ha NpaBuMIO, L0 CYTTEBO 3MEHLLYE MOXIMBY KiNbKiCTb Takux 3anuciB go ~1500.

BignosigHo npasuna OpenFlow reHepyoTbea Ta 30epiraloTbCa Ha PiBHI KOXXHOTO MOTOKY, @ came Ansi KOXHOro HOBOro
KnieHTa, sKMA iHiLitoe 3'edHaHHSA, HeoOXiAHO CTBOpPUTM OKpeMe npaBuno. Hanpuknag, cepepHin ToR-komyTaTop
(Top-of-Rack switch) moxe o6cnyrosyeaTty 6nmsbko 10 000 NoTOKIB 04HOYACHO, LLO NPOCTO hi3UYHO NEPEBULLYE KiNbKICTb
npasun, siki MoxHa byno 6 36epiratn B TCAM-nam'ati. ToOMy oAeH i3 HasBHUX i 3anponoHoBaHux niaxoais OpenFlow He €
ifeanbHUM, OCKINMbKU Y BENNKUX Mepexax AaTa-LeHTpIB Liel npoLec Moxe CnpuyrMHnTK nosisy bottleneck Ha gesikmnx ginsHkax
Mepexi, cCame TOMY Cy4acHi pilleHHS BCe YacTille BUKOPUCTOBYIOTbL abo ribpuaHi moaeni, abo posnogineHy aHanituky, wob
MaTu 6anaHc Mk npoayKTUBHICTIO 11 ecbekTmBHicTio (Gilliard et al., 2024, vol. 35).

Po3pob6neHHs nigxogy DevoFlow HauineHoO Ha 4acTkoBe MOBEPHEHHSI PIiBHS YNpaBfiHHA Had MOTOKaMM Hasag Ha
KOMYTaTopW, O4HaK LeHTpanizoBaHWi KOHTPOrb i BUAUMICTb BaXXMMBMX MNOTOKIB NMULLAETHCA Ha KOHTporepax, Lo Aae 3Mory
3MEHLINTU HaBaHTaxeHHs Ha SDN-koHTponep. 3asHayeHa TexHonoris mMoaudikye mMoaenb BiAKPUTOrO MOTOKY Y TaKvi
cnoci6, abu nepeposnofinuTn sikomora GinbLue pilleHb Ha KOMyTaTopu Tak, Wwob iX MoxHa Oyrno npocTto, eKOHOMIYHO I
edheKkTUBHO peanidyBaTh Ha anapaTHOMY piBHi. Takox Le MoXe A03BONUTU 3MEHLUUTU KinbkicTb 3anucis TCAM-nam'ati Ta
HagaTu HOBi MexaHi3Mun AN edpekTMBHOro BusaBneHHA QoS-3HadyLwux NOTOKIB.

3rigHo 3 mogennto DevoFlow € kinbka meToaiB igeHTUdikaLii BENMKUX NOTOKIB:

= 10 TarMMepax Ha komyTtaTopax (Timeouts). AKLWIO NOTiK iCHye [oBLUE NEBHOrO Yacy (Hanp., 6inblie Hixx 1 cekyHaa), To
BiH MoYMHae BBaxkaTucs Benukmm (elephant flow);

" N0 MepeBULLEHHIO 3adaHoro nopory obcsary nepepaHux AaHux (Byte Threshold). Akwo noTik nepepas Ginblie
3a3HayeHoro obcary Tpadpika (Hanp., 10 MBawnT), Toai Takuin NoTik MapkyeTbcs sik elephant flow. BignosigHo Le n no3sonse
dinbTpyBaT ManeHbki 3anutn HTTP, DNS i cdokycyBaTtuce Ha FTP, cTpimiHry;

= Bubipka abo cemnniHr (Packet Sampling), Ae komyTaTop nepiogM4HO aHanidye naketu (Hanp., koxeH 100- naker).
AKwo Ans NneBHOro NOTOKY (iKCYETbLCHA BEnMKa KinbKiCTb MakeTiB 3a KOPOTKUI Yac, BiH MapkyeTbes sk elephant flow;

= TpUrepyu Ha OCHOBI 3aTpuMku abo nepeBaHTaKeHHSA kaHaniB 3B'A3ky (Load-Based Triggers). AKwo kaHan mepexi
BMKOPUCTOBYETLCA BinbLu HixX Ha 70 %, koMyTaTop LUyKae NOTOKM, Ski 6e3nocepefHbO CNPUYNHSIIOTHL Take HaBaHTaXeHHs, Ta
knacudikyetbca sk elephant flow.

Konu BusiBnsietbcs Benuvkuii noTik (elephant flow) Bxe koHTponep o64ncnioe AOCTYNHI WsXK | nepeHanpasnsie Tpadik
No HalWMEHLU 3aBaHTaXEHOMY anbTepHaTUBHOMY MapLUpyTy. MexaHiamu BUSBMEHHS MOTOKIB, LIO BUKOPWUCTOBYKOTHCSA B
Hedera ta Devoflow, maloTb JOCWMTb BUCOKI HaknagHi BATPATU SIK anapaTHWX TakK i MepeXeBuX pecypciB, WO 0cobnmBo
KPUTUYHO A5 MeHLU NpoAyKTUBHOrO obnagHaHHs piBHSA iHppacTpykTypn SDN-mepexi.

Metoaun

3 ornspy Ha 3asHayeHe Bule B Ui poboTi, Ha OCHOBI MeTOoAiB aHanidy CknagHux cuctem, To6TO aHanidy nopsaky
B3aemogii 6a3oBux enemeHTiB SDN-Mepexi 3a pi3HMMM TEXHOMOrIAMKU Ta NPOTOKoNamu, Gyna 3anponoHOBaHa apxiTekTypa
MopmdikoaHoro niaxody DevoFlow. Takox 3a paxyHOK A4eKOMMO3uLii BU3HAaYeHO (DYHKLIOHAMNbHI MOXITMBOCTi NPOrpamMmHmnx
MopyniB, siki 4O3BONATL 0O6POONATN AaHi MPO MOTOYHUIA CTaH Mepexi Ta 34iNCHI0BaTU Knacudikauilo BXiQHUX MOTOKIB 3a
o6csArom i3 MeToto 6anaHcyBaHHS HaBaHTaXXEHHS 1 YHUKHEHHS aBapitHUX CUTyaLin.

3ayBaxumo, Lo icHylOTb Npobnemu i3 3b6MpaHHAM CTaTUCTUKM MOTOKIB, Ockinbkun mopene OpenFlow nigTpyMye aBa
METOAMN OTPUMAHHSI CTaTUCTUKN:

" nepwwnn i3 HUX push-based, ge KoHTpornep OTpMMYE MOBIDOMIIEHHS NPO BCi 3MiHM (TOGTO KOMyTaTOpyM aBTOMAaTU4HO
HagcvnatoTb CTAaTUCTYKY Ha KOHTpOrep, LWOWHO B NOTOL BiOyBaeTLCA NeBHa nogis), WO CTBOPIOE CyTTEBE HABAHTaXXEHHS B MEPEXi.

= apyrui metog — pull-based, B skoMy KOHTpornep NepioguyHoO 3anuTye AaHi, WO 3HKYE HAaBaHTaXXEHHS MepeXxi, arne pasom i3
UMM nagae epekTUBHICTb 300py CTAaTUCTVKM Yepes CBOK HEOMNePaTMBHICTb | 3aTPUMKM (OCKINbKW AaHi OHOBMIOKTLCA HE MUTTERO).

Peanizauisa dyHKLUiT 360py cTaTUCTUKM HanpsiMy NOB'si3aHa 3 KiflbkoMa KIYOBUMUN 0OMEXEHHSIMU — 5K 3 BOKY MepexeBmnx
npucTpoiB (komyTaTopiB), Tak i 3 Goky camoro koHTporepa. Akwo po3rnagati metoq push-based, To koxkeH HOBUI NOTIK, WO
HaaxoauTb, abo 3MiHa cTaHy NOTOKY (Taumepu, NiYUNBHUKN) aKTUBYE HafCcunaHHsA crnyx60BuX NOBIZOMIIEHb 40O KOHTponepa.
Onsa popaTkoBoro o6pobneHHs Takoro obcsary cnyx6oBoro Tpadika koHTponep notpebye Bucokoi npoagyktusHocTi CPU Ta
[OCTaTHbOI KiNbKOCTI Nam'aTi.

Axwo rosoputn npo pull-based meToa, TO 3anNUT KOHTPONEPOM OXOMIIOKTL YCi aKTUBHI MOTOKW (HaBITb Ti, B AKMX HIYOro He
3miHunocs). BignosigHo, komyTaTopy NOBUHHI hOpMyBaTU BiAMOBIAi NO KOXHOMY MOTOKY, 06pobnsaoyn Ui AoAaTKoBi onepauii
Ha CBOIX i Tak AocuTb obmexeHnx obumcrnioBanbHux pecypcax (ASIC abo CPU). A Taki BignoBigi 3anmaroTb 3HaYHWMI obcsr
nam'aTi Ta NPOMYCKHOI 3A4aTHOCTI KaHaniB Mepexi, 0COONMMBO Lie KPUTUYHO B MeEpEXax AaTa-LEeHTpIB i3 TMCi4aMm NOTOKIB.

Ak pesynbTar, 36ip cTaTUCTMKM 3aimae abo 3aHaaTo BaraTto pecypcis, L0 MOXe 3HWKYBaTU NPOAYKTUBHICTb Mepexi, abo
36inbLUeHHs1 Yacy nepiogy OMUTYBaHHA 3MeHLlye edeKTUBHICTb poboTW KOHTporepa Yy peanbHOMYy Yaci y Bunagky
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nepeHaBaHTaxeHb. TOMY XOJEH i3 HasBHUX i 3anponoHoBaHux niaxoais OpenFlow He € igeanbHUM, OCKINBbKW Y BENUKUX
Mepexax AaTta-LeHTpiB Lier npouec Moxe CnpuynHuTK nosisy bottleneck Ha gesikux ginsaHkax mepexi, came TOMy CyyacHi
pilLeHHs Bce 4acTille BUKOPWUCTOBYKTb abo ribpuaHi mogeni, abo posnogineHy aHanituky, wob maTtn GanaHc Mix
NPOOYKTUBHICTIO 1 €(PEeKTUBHICTIO.

BignosigHo, y po3pobneHHi anropuTMy BU3HAYeHHA AOMYCTMMOrO Yacy HagcuNaHHA CTaTUCTWMKWU Big KOMyTaTopis A0
SDN-KoHTponepa, Ha OocHoBi MeToady push-based, Gynv BMKOpUCTaHiI €BPUCTUYHI nNpaBunia 00CnyroByBaHHSA CNy>X60BOro
Tpadpika 3 ypaxyBaHHSAM NMOTOYHUX MNOKA3HUKIB Mepexi.

Pe3ynbtaTtun

Ha BiamiHy Big 3anponoHoBaHuXx pilleHb B poboTax (Costa et. al., 2021, vol. 147; Yu et. al., 2018, c. 251-258), wono nopsiaky
poboTn MepexeBoro obnagHaHHs Ha ocHoi DevoFlow, B Ui cTaTTi NPONOHYETLCA 3MIHUTU MOPSAOK 300py M 0BpoGNeHHs
cnyx60Boi iHdbopMaLii Npo xapakTepncTykM noTokiB. To6To komyTaTopm (OpenFlow Switch) B 3aransHomy npautoloTh Tak:

= KOMYTaTOpPW He NPUNMalOTb pilleHb, LLOAO PO3paxyHKy WNAXIB ANA nepeaadi AaHuX, a 34IACHIOTb KOMYTAaLio NakeTiB
N1LLEe Ha OCHOBI TabnuLb NOTOKIB;

= kOMyTaTOpX 30UpalTb CTATUCTUYHI AaHi (Hanp., KiNbKiCTb nepefaHux nakeTiB abo GanTiB) ANA KOXHOro MoOTOKY,
BUKOPWUCTOBYHOUM BigNOBIAHI Nons B Tabnmusax noTokiB (counters);

= KOMyTaTOpPU CaMOCTIiHO Bi4NpaBnsitoTb AaHi Ha koHTponep (push-based). Mokn cecisi nepepadi NoToky akTUBHa (Ha
nepion nepefadyi), CTaTUCTUYHI AaHi Ha NiYMnbHUKaxX (counters) NOCTINHO OHOBMIOKTLCS, @ IXHi 3HAYEHHSI HE OOMEXYThCS.

Takox Ha SDN-koHTpornep noknagawTb Taki 3aBAaHHS:

= 36ip, y3aranbHeHHs Ta NigTPMMKa akTyarnbHUX CTAaTUCTUYHUX AAHUX 3@ KOXKEH MOTIK;

= 36ip, y3aranbHeHHs Ta NiGTPUMKa akTyanbHUX AaHWX Npo MOTOYHY TOMOMOrilo Mepexi (MiHii Ta akTuBHe Mepexese
obrnagHaHHA);

= 30ip, y3aranbHeHHs Ta NIATPUMKA aKTyanbHUX AaHMX MPO MOTOYHWMI CTaH (OYHKUIOHYBaHHsSI BCiei Mepexi (Hanmp.,
PO3paxyHOK 3aBaHTaXXEHHS MiHil 3B'A3KY);

= knacudikauis noTokiB. To6To, 06paxyHOK 06CAriB NOTOKIB i NPUCBOEHHS BiAMOBIAHMM MOTOKaM MITOK: Manui " mice-
flows", cepegHin "medium-flows" i Benukuii notik "elephant-flows". Y cBoto yepry, noTik — Le cecia nepegadi AaHUx Mix
BiANPaBHWKOM Ta OTPUMYBAYEM Yy MEpPEXI.

= onepaTuMBHUIA MEepepo3nodin HaBaHTaXeHHsA Ans 3Havyywmx noTokiB (Hanp., nicnga igeHTudikauii elephant flow
nepepaxyHoK i BU3Ha4YEeHHsi anbTepHaTUBHUX LUNSXIB nepegadyi);

" nepegaya OTPUMAaHUX Yy MNpouecCi pospaxyHKiB MapLupyTHoOi iHdopmauii OpenFlow-npaBun Ha komyTaTopu Ta iX
noganblue KOperyBaHHS 3anexHo Bi OAepKaHWX MOTOYHUX CTaTUCTUYHUX daHUX.

Ha puc. 2 npeactaBneHo apxiTekTypy  OCHOBHI KOMMoHeHT SDN-Mepexi 3rigHo 3 yaockoHaneHum nigxogom DevoFlow.

I Topology I I:ilahgl»cs Colleclovl
Path Weigth
Calculation

Sot of Rules and | [Elephant Flow Path

Path Installation Computation

[ Network Map |

SDN-Controller

[Determination Flow!
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OpenFlow Controller
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Rack A
(or single server)

0000
0000

OpanIowl/ m m’

’
’

Rack C
i (or single server)

OpenFlow
channel

Sackis

(or single server)

p
i

[OpenFlow Switch

NOTES

- bandwidth of all links - 2,5 Gbits,
- all switches communicate with
via OpenFlow ch

Puc. 2. BapiaHT apxitektypu SDN-mepexi gaTa-LeHTpy Ha OCHOBI BOockoHaneHoro niaxoay DevoFlow
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LleHTpansH1M KoMNoHeHTOM 3a3Budan € SDN-koHTponep, Wo BKoYae:

= MporpamHo-byHKUioHanbHUn 6nok Tononorii (Topology), skniA 36epirae iHopMadito Npo BCi HasBHI B Mepexi By3nu
(komyTaTOpK) Ta kaHanw;

= ook 36opy crtaTtucTukm (Statistics collector), skui BiaocTexye 3aBaHTaXeHHs KaHaniB, nepioaMyHo 306upatoun
(arperytoun) iHpopmaLiito NPO 3aBaHTaXEHICTb NOPTiB KOMyTaTOpPa;

= 6nok obuncneHHst Baru wnsxy (Path weight calculation), siknin po3paxoBye HankopoTLi WNSAXM Nepeaadi Ans BXigHUX
NOTOKIB Mi>k ByAb-sKOI0 Mapoto AxXeperno-oaepxysay;

= 6ok BM3Ha4YeHHs po3mipy notoky (Determination flow size), sakuii pospaxoBye (knacudikye) po3mip NOTOKY 3anexHo
B[] MOPOroBMX 3Ha4YeHb Ta 0OpaHNX NnapameTpiB iHAeHTUIKauii;

= 6ok obuncneHHs wnaxis gna senukux "elephant flow" notokis (Elephant flow path computation), skuin pospaxosye
winaxv gns notokis "elephant flow" y npoueci BukopuctaHHs anropuTtmie 6aratolunsaxosoi MapLupyTuaadii Hanpuknag ECMP;

= OMOK nepecunaHHs Ta KOHTpomn focTaBku Tabnuub notokiB (Set of rules and path installation), skuin BignpaBnsie
npasuna nepepadi Tpadika (flow table) Ha komyTaTOp;

= 610K KOHTPONtO hyHKUiOHYBaHHA Mepexi (Network map) — y3aranbHeHa iHdopmMauisi Npo NOTOYHWIA CTaH YCiel Mepexi
(Hanp., NOTOYHa MaTpULUSA LIMPKYIoYoro Tpadika, NpoknageHi (akTyanbHi) MapLUpyTu TOLO).

Tenep posrnagHemo B AuHamiLi 3acTocyBaHHS baratownsaxosoro npotokony ECMP ans 6anaHcyBaHHS HaBaHTaXeHHs y
Mepexi y Bunagaky igeHtudikadii "elephant flow". Ha puc. 3 npeacrasneHo npyknag po3noginy HaBaHTaXKEHHS 3 ypaxyBaHHAM
3anponoHOBaHMX Mogudikauin.
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e=pP— Sl (r single servr
o o
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(*] o] 0.75G
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(or single server)

NOTES

- bandwidth of all links - 2,5 Gbit/s;
- all switches communicate with
controller via OpenFlow channel

Puc. 3. Po3noain HaBaHTaxeHHA ana moaudikoBaHoro DevoFlow
AN Benukux notokiB (elephant flows) Ha ocHoBi npoTokony ECMP

3rigHo 3 MpuKnagoM i HaBedeHow Tornonorieto, BiabyBaeTbca nepegaya Tpadika i3 ABox cepsepiB (i3 cepBepa A 3i
wemngkictio 1,5 I'6it/c Ta i3 cepsepa B 3i wemakicTio 750 M6it/c) Ha cepeep C, GiToBa LUBUAKICTb YCiX KaHaniB 3B'A3Ky B Mepexi —
2,5 I'6it/c. Ocobnueicte ECMP nonsirae B TOMy, LLO Ha KOXHOMY KOMyTaTopi BiaOyBaeTbCA PIBHOUIHHWIA (HaBaAHTaXXEHHSI
OiNMTbCs HaBMin) po3nogin BxigHoro Tpacdika M Wwnaxamm nepegadvi 3 O4HAKOBOK LiHOW (MPUIAMAEMO O4HAKOBY KinbKiCTb
TPaH3UTIB), AKLLO LiiHa OQHOrO LUNSAXY MEHLUA 32 LiHY iHLINX, TO pO3MoZin HaBaHTaXeHHs He BiaOyBaeTbCs.

Min yac nepepauvi Tpadika i3 cepsepa B Ha C, ioro mapLupyT 6yae 6e3 6yab-akux po3nofinis, OCKiNbK1 HanBUrigHILLNM
(MiHIManbHOIO KiNMbKICTIO TPAH3UTIB) € MapLUPYT Yepes:

SW1 - SW3 - SW5 — SW7.
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3a nepepavi Tpadika i3 cepepa A go cepsepa C, iCHye Tpy PiBHOLIHHI MapLUpyTH, a came:

SW2 — SW4 — SW6 — SW7 (Path 1);
SW2 — SW3 — SW5 — SW7 (Path 2);
SW2 — SW4 — SW5 — SW7.

Mpwn HagxomKkeHHi NOTOKy Ha komyTaTop SW2, KOHTponep Mae Bi4OMOCTI, WO € ABa PIBHOLIHHI LWNAXW nepepadi (Yepes
SW3 ta SW4) i Tomy piBHOMIpHO po3noginge Tpadik MK MiHiAMKM 3B'A3KY LMX KOMyTaToOpiB i3 MeTow OGanaHcyBaHHs
HaBaHTaxeHHs. [lani po3rnsaHemMo okpeMo BUnagku nepegadi wnsaxamu 1 ta 2:

Path 1. MNoTik HagxoanTb Ha SW4, KOHTpONep Mae BiAOMOCTI, L0 Mae 2 PiBHOLIHHI WNsxu nepeaavi (4epe3 SW5 ta SW6)
i TOMy PIBHOMIPHO pO3MOAINse BXiAHWA Tpadik MK iHUMAESHTHUMU NiHIAMU UMX KoMyTaTopiB. YacTuHa Tpadpika nicns
nonepeaHboro noginy yepes SW6 ta SW7 goctaBnsietbes 4o cepsepa C.

Path 2. TMoTik, sAkMn npoxoAuTb NO AaHOMy LWMsXy ob'eqHyeTbCcsi 3 MOTOKOM Big cepBepa B (B MiHisxX 3B'A3Ky Mix
SW3 — SW5, a Takoxx SW5 — SW7). 3asBnyait NoTokn 06'eqHyOTbCS Ha NiHil Mixk SW7 i cepepom C.

Mopanblue BAOCKOHANEHHSI CMPSIMOBAHO Ha pPO3pOOMeHHs aHaniTUYHOI 3anexHOCTi (anropuTmy) ANns BU3HAYEHHS
MiHiManbHO AONYCTUMOrO Yacy HaACUNaHHA CTaTUCTUYHMX AaHWX (MOTOYHE 3HaYeHHS NiYMIbHUKIB) Big, KOMyTaTopiB Ha
KOHTpornep. 3aranbHuii anropuTM po3paxyHKy AONYCTUMOrO Nepioay HagcuaHHS Takun:

= aHani3ylTbCA NOTOYHI 3HAYEHHS LUBMAKOCTI Ha BCIX NiHiSX 3B'A3Ky ||V”nki}.|| Mepexi 1 06MpaeTbCa HaiMeHLLa LWBUAOKICTb
nepepadi min (Vjine);

* BiA BU3HA4YeHOI MiHIManbHOI LIBMAKOCTI PO3PaxOBYETLCS 3HAYEHHS, WO CTaHOBUTL He Ginbwe 10 %, Ha nepepavy

. . . . ™ Vii X0,1
cnyx60Boi iHdopMaLlii, N(PMYOMy OTPUMaHe 3HaYeHHs AINMTbCA Ha KinbkKicTb akTuBHUX cecivt (NAS): Vipresnota < [%];
" pO3paxoBYETLCA AONYCTUMUIN YaC (Tyyowanie) HAACMNAHHA CTAaTUCTVKK Big komyTaTopis 4o SDN-koHTponepa 3rigHo 3
aHaniTM4HUM BUPa3oM:

1
Tallowable = Vinreshold’ (1)
Lframe
A€ Lfrqme — 00CAT (PO3MIP) KaApy, BMICT AKOTO BKITHOYAE CIy6oBy iHgopmalLito, TOBTO HeobXiaHI 3Ha4eHHS NiYNIIbHUKIB.

[nsa npoBegeHHs ekcnepMMeEHTIB | BepudikaLlii 3anponoHoBaHWX pilleHb BUKOPUCTaHO nporpamHui npoaykT MiniEdit ana
CTBOPEHHS iMiTauinHoi mogeni cermeHty SDN-mepexi. Mo cyti, MiniEdit siBnse coboto rpadiyHuin pegakTop, B siKOMy
KOpUCTYBa4y HaJaeTbCs MOXIMBICTb BNacHOpyY NobyayBaTtu CBOO Mepexy, 6e3 npsimoi po6oTu 3 KoAOM, OCKiNbKK BinbLuicTb
napamMeTpiB MOXHa HanawTtyBatu i3 camoro pepaktopa. MiniEdit € 4yacTuHow nporpamHoro npoaykty Mininet, wo
npeacTtasnsie coboto BipTyanebHy nnatcdopmy aAns emynsuii cermeHTisB SDN-mepexi, e MoXHa BUKOPUCTOBYBATU BipTyanbHi
xoctu, OpenFlow komyTaTopu Ta KOHTponepw (sik BOy4OBaHi, L0 3aBaHTaXYTbCA 3a 3aMOBYYBaHHAM i3 nakeTamm Mininet,
Tak i 3 MOXNMBICTIO NiAKIMIOYEHHST 30BHILLHIX Pi3HUX PO3POGHUKIB).

BuxigHMMM OaHMMM LLOAO CTBOPEHHS iMiTauiiHOT Mogeni ctama TOMosnoris 3 MepexeBMMM napamMeTpamu, sika
npeacrtasneHa Ha puc. 3.

Ona noyatky BMKOHYeEMO nobyaoBy Haworo cermeHTy SDN-mMepexi LNSXoM HamoOBHEHHS MepeXeBoro "nonotHa" B
MiniEdit enemeHTamu Mepexi (koHTponep, BipTyansHi OpenFlow komyTaTopw, BipTyanbHi xocTn). B Hawomy Bunagky ans
emynsauii pobotu knactepis cepsepie (Rack A, B ta C) sukopucrtaHo BiptyaneHi xoctu (h1, h2, h3). Ak 6asosun, 6ys
BMKOPUCTaHWUiA 30BHIiLLHI koHTponep Big Hewlett Packard (HPE VAN SDN Controller). CkomnoHoBaHa cxema SDN-mepexi
ANs NpoBeAeHHSA eKCNepUMEHTIB BUrnagaTMe Takum YnHoMm (puc. 4).

X Minedn
fle ot Run Melp
k —
) =
Remote SON Controller
\ hl
| —

h2

Puc. 4. Bisyanizauis Tononorii cermeHTy SDN-mepexi pata-ueHTpy B MiniEdit

HacTynHum eTanom HanaluTyBaHHS € KOHirypauis KoHTponepa ans nigkniodeHHs o Mininet (ae posropHyTa Tononoris
Mepexi: OpenFlow komyTaTopu, XOCTK, MiHii 3B'A3KY), @ TaKOX HanawTyBaHHS HEODXIAHMX MepexeBMX NnapameTpiB y MiHiax
3B'a3ky (delay, bandwidth Ta iH.), Wo noka3aHo Ha puc. 5.
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Puc. 5. Nopsiaok HanawTyBaHHA napameTpiB NiHin 38'A3Kky B MiniEdit

B pe3ynbTaTi NpoBeAeHNX EKCNEPUMEHTIB Y NPOLIEeCi 3MiHW BEMUYMHN HaBaHTaXXEHHSI B MEPEXi Ta BUKOPUCTAaHHI Pi3HWX MeToAB
360py CTaTUCTUYHUX OaHWX MPO XapaKTepuCTMKM MOTOKiB, Oyna sibpaHa cTaTucTuka, WO npeacTaBneHa Ha puc. 6. A cawme,
nopiBHIOBanu Taki metoam: metoz pull-based (KoHTponep Bianpaensie 3anUT Ha KOMyTaTop i3 METOK OTPUMATK CTAaTUCTUYHI AaHi)
Ta MeTof push-based (komyTaTop CaMOCTIHO 3 AEAKOIO NEPIOANYHICTIO HAACUMAE CTAaTUCTUYHI AaHi Ha KOHTporep).
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KinbkicTb ogHoOYacHUX NOTOKIB Nepegaui, NOToKis/c

Puc. 6. 3anexHicTb Yacy oTpUMaHHSl CTaTUCTUKM Bif, PO3MipHOCTi Tabnuub NOTOKIB
ansa metogaiB pull- Ta push-based

AHani3a oTpMMaHKX 3anexHOCTeN CBIAYMTL NPO Te, WO 3i 36iNblIEHHSIM HaBaHTaXXeHHs1 B Mepexi MeTof push-based
OEMOHCTPYE Kpalli pesynbTaT, LWOoAO Yacy OTPUMAaHHs CTaTUCTUKKM, HiK meTop pull-based, Ta BignosigHO A03BONseE
OTpUMYBaTM yYacTille akTyanbHy iHdopMauilo npo craH Mepexi. BignosigHo push-based wmetog nponoHyeTbes
BMKOPUCTOBYBATW Ha PiBHI ynpaBniHHS B MoandikoBaHil apxiTekTypi Ha 6asi niaxogy DevoFlow.

Mopanblui ekcnepMMeHT Ha imiTauirHin Mmogeni cermeHTy Mepexi SDN (guB. puc. 4) 6ynu HanpaeneHi Ha nepesipKy
3anpornoHOBaHOI aHaniTM4YHOI MoAeni 4OMNYCTUMOro Yacy HagCcunaHHA CTaTUCTUKM Ha KOHTponep (aHaniTu4HuiA Bupas 1).

Ha puc. 7 rpadiyHo y3aranbHeHO OTpMMaHi ekcrepuMeHTanbHi AaHi MOPIBHAHO 3 aHaNiTUYHOK MOAENI0 AN O4HaKOBUX
BXiOHUX OaHUX.

3rigHo 3 aHanisom pesynbTaTiB NPOBEAEHNX EKCNEPUMEHTIB (puc. 6, 7) MOXEMO BiAMITUTY Take:

= MEeTO4 OTPMMaHHS CTaTUCTMYHMX AaHux push-based € B pasu wemawmm 3a metopq pull-based, wo nigTBepaxyeTbes
eKcrnepMMeHTOM Ha iMiTauinHin mopeni SDN-mepexi npu emynsuii pisHMX piBHIB HaBaHTaxeHHs. [locunawumcb Ha
3anexHocTi Ha puc. 6, MoxHa nobauntu, Wwo npu nepepadi 4500 noTokiB 3a cekyHOy B Mepexi, 4ac 30opy CTaTUCTUKM
meToaom pull-based craHoBuTb 0,51 cekyHaun, B TO Yac sk Yac 36opy metogom push-based — 0,38 cekyHau, Wwo npnbnmsHo
B 1,3 pasa wBeuglle;

" pe3ynbTaTh eKCnepuMeHTy, 306paxeHi Ha puc. 7, NiATBEPAXYOTb LOCTOBIPHICTL 3anpornoHOBaHOT aHaniTMYHoI Moaeni
AONYyCTUMOro Yacy HaACUNaHHS CTaTUCTUKU Ha KOHTponep (aHaniTuyHui Bupas 1), a cama MoAenb BpaxoBYE 3aneXHiCTb
3MiHW IHTEHCUBHOCTI HaACUINaHHS CTaTUCTUYHUX AaHUX Bif, 3aBaHTaXEHOCTi eNfleMeHTIB Mepexi.
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Puc. 7. 3anexHicTb Yacy 1 iHTEHCMBHOCTiI HaficCUNaHHA CTaTUCTUKM BiA KiNbKOCTi NOTOKIB y Mepexi

[unckycis i BUCHOBKM

B pesynbTati JocnigaxXeHHA npoBeAeHO aHarni3 nepesar i Hegonikis TexHonorin Hedera ta DevoFlow. Ha ocHoBi nepesar
3anponoHoBaHO MoAUMIKOBaHY apXiTeKTypy piBHS ynpasrniHHA 3 ypaxyBaHHAM niaxodis DevoFlow. Lie no3Bonuno 3aincHnTm
OEKOMMO3MLiI0 Ta BU3HAYUTKM pyHKUIOHaNbHI MOXNUBOCTI nmporpamHux moaynie SDN-koHTponepiB AaTa-UeHTpiB Ans
niaBULLEHHST eheKTUBHOCTI 06pOBEeHHS Ta po3noainy BXigHMX NOTOKIB.

Onsa oTpumaHHA ctaTuctukm (cnyxboBoi iHdopmauii) 3 obnagHaHHs SDN-mepexi gaTa-UeHTpiB 3anponoHOBaHO
BUKOPUCTOBYBaTM push-based meToa, skui nokasye Kpalli pesynbTaTv LWOOO0 OnepaTMBHOCTI 360py CTaTMCTMKM 3a
KOMMBaHHSI HABaHTaXXeHHs NopiBHSHO 3 MeToaoMm pull-based.

B noganbLliomy, Ha OCHOBI OTPUMaHWX CTaTUCTUYHWUX AaHUX Bid KOMyTaTopiB NPOMOHYETLCA 3AiNCHIOBaTH Knacudikauio
BXiAHMX NOTOKIB Ta ix po36uTTs Ha mani "mice-flows", cepegri "medium-flows" Ta Benuki notokn "elephant-flows". Lle nae
3MOry BUKOPUCTOBYBATU Pi3Hi cTpaTerii 06pobrneHHst 4aHUX MNOTOKIB AN PIBHOMIPHOrO 3aBaHTaXEHHS eNeMEeHTIB MepeXxi i sk
HacnifoK — 3MEHLLUEHHSA NMOBIPHOCTI MOSIBU NepeHaBaHTaXeHb.

Y uin cTaTTi 3anponoHOBaHO anropuTM BU3HAYEHHS JOMYCTMMOrO Yacy HafCunaHHsa CTaTUCTUKM Bid KOMyTaTopiB (MeToq
push-based), skuii BpaxoBye OUHAMIKY 3MiHW HABAHTAXEHHSA B MiHIAX B MepeXi, KiNbKICTb aKTUBHUX CecCiii i 6a3yeTbCsl Ha
€BpPUCTUYHOMY NpaBuri obmexeHHi 06cary cnyxbosoro Tpadika.

[ns nepeBipkn OOCTOBIPHOCTI 3anMpPOMOHOBaHUX pilleHb PO3pobneHo iMiTauiiHy Mogens y rpadivyHoMy emynsTopi
MiniEdit i npoBeaeHo cepilo ekcnepuMeHTiB. AHani3 pesynbTaTiB MogentioBaHHA NigTBepaXye BUKOPUCTaHHA push-based
MEeTOLYy SIK OCHOBHOIrO AN OTPMMaHHS CTaTUCTMKU KOHTPOMEPOM, @ TaKOX [OCTOBIPHICTb PO3POBNEHMX aHamniTU4HNX
3anexHoCcTen Ansi BU3Ha4YeHHs JOMYCTUMOro Yacy HagCcuUNaHHS CTaTUCTUYHMX JaHMX Ha KOHTporep.

Mopanblwi gocnimkeHHst OyAyTb HanpaBneHi Ha BU3HAYEHHS BMIMBY Ha Mepexy PpisHMX 3a obcsarom i TepMiHOM
dyHKUioHyBaHHs noTokis ("mice-flows", "medium-flows" "elephant-flows") i po3pobneHHs meToais (Moaenen) s3banaHcoBaHOroO
pO3noainy HaBaHTaXEHHS.

BHecok aBTopiB. Mukona HecTepeHko — po3pobrieHHst apxiTekTypu ynpaeniHHA Ha 6asi mogwmdikoBaHoro niaxogy DevoFlow Ta
aHaniTMYHUX 3arexHOCTeN Ans BU3HAYeHHs AOMYCTUMOro Yacy HaACWMaHHsi CTaTUCTUYHMX OaHWX Ha KOHTponep, NPOBEAEHHS aHanisy i
NOPIBHSIHHSA iCHYIOYMX NiAXOAIB | TEXHOMOriN, HanMcaHHA BUCHOBKIB; AHTOH MapiHoB — ornsig nitepaTypHuX Axepen, 36ip TeopeTuyHUX aHux
i pe3ynbTaTiB gocnigXeHb, onuc 6GanaHcyBaHHS HaBaHTaXXEHHAM B Mepexi MoaudikoBaHOro niaxoay.

Dxepena chiHaHcyBaHHs. Lie gocnigxeHHs He OTpuMano XX04HOro rpaHTa Big hiHaHCOBOI yCTaHOBM B AePXKaBHOMY, KOMepLinHOMY abo
HeKOMepLiHOMY CeKTopax.
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MANAGEMENT OF DATA CENTER SDN BASED ON THE MODIFIED DEVOFLOW APPROACH

Background. The paperinvestigates the features of implementing the SDN network management layer when servicing data center flows
of different volumes based on Hedera technology, the OpenFlow protocol, and the DevoFlow approach. The distribution of processing functions,
collection of statistical data, and the frequency of updating statistical data affect both the amount of service information and the efficiency and
effectiveness of management in terms of distributing incoming traffic for load balancing. The aim of the work is to modify the Hedera approach
by redistributing the functions of flow classification and adaptive control depending on the flow volume at the control level, as well as to develop
an algorithm for determining the allowable time for sending statistics from switches to the SDN controller.

Methods. The method of system analysis and decomposition is used to study complex systems, methods of collecting data on the state
of the network, as well as heuristic rules for determining the volume of service traffic.

Results. The paperanalyzes the features of construction and operation of technologies like Hedera and DevoFlow, recommend a modified
architecture for building the control plane and identifies the main functions of software modules that can improve the efficiency of SDN
controllers. Due to changing the procedure for collecting and processing service information on the equipment of the SDN network of data centers
and returning to a centralized type of control.

Approaches to the classification of incoming flows and their division into small "mice-flows", medium "medium-flows" and large "elephant-flows" are
determined, which allows further use of multi-path routing for more efficient use of network resources. Also, this article proposes an algorithm for
determining the permissible time for sending statistics from switches (push-based method), which takes into account the dynamics of load changes in
the lines in the network, the number of active sessions and is based on a heuristic rule for limiting the amount of service traffic.

Conclusions. Amodified architecture of the control level based on the DevoFlow approach has been developed and the main functions
of the software modules of the SDN controller of the data center network have been determined. Also, some analytical dependencies have been
developed to determine the approved time for sending statistics from switches to the SDN controller, taking into account the current state of
network congestion. Additionally, specific experiments were conducted to confirm both the reliability of the chosen method for obtaining
statistics and the proposed algorithm for determining the permissible time for sending statistics from switches to the SDN controller.

Keywords: Software-defined Networking, data center, OpenFlow, Hedera, DevoFlow, elephant-flows, mice-flows, SDN controller,
OpenFlow Switch, flow table.

ABTOpM 3asBNAIOTb NPO BiACYTHICTb KOHMMIKTY iHTepeciB. CnoHcopy He Bpanu yyacTi B po3pobneHHi AocnigKeHHs ; y 36opi, aHanisi um
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E®PEKTUBHI METOAN BUBYEHHSA NATEPHIB NMPOEKTYBAHHA:
AHANI3 CYYACHUX TEHOEHLIA | OCBITHIX NMPAKTUK

BcTyn. Bu3HayeHHs1 eghekmueHux Memodie eue4YeHHsl SIK K/acU4YyHUX, mak i HOeimHiXx namepHie nNPoOeKmMyeaHHs
npozpamMHo20 3abe3neYeHHs], 3 ypaxyeaHHsIM Cy4acHUX 8UMo2 00 Lio20 po3pobIIeHHs1 € akmyanbHUM 3a80aHHsAM. B ocHoey ybo2o
docnidxeHHs1 noknadeHo aHania HoeimHix MmeHOeHyill w000 NMPaKMUYHO20 3acmocyeaHHsl Pi3HUX namepHie y npouyeci
po3pobrieHHs1 NpozpaM, 8U3Ha4YeHHs1 IXHbOI nonynspHocmi ma nowyk memodis, w0 3abesne4yamb ehekmueHiwe onaHyeaHHs
malubymuimu IT-ghaxieyssmu apximekmypu 3acmocyHKie.

MeToawu. Y npouyeci docnidxeHHs sukopucmaHo Mmemoou aHanisy U y3asanbHeHHs iHghopmauii, ompumaHoi 3 eidkpumux
Oxepesi, 30KkpemMa, 3 Haykoeux nyb6nikauyili, me3, cmamel, Hag4aslbHUX MJaHie, poboYyux npozpaM Hae4qasibHUX OUCYUIIIIH,
cunabycie ma iHwux HopmamueHux dokymeHmia. [IpoaHanizoeaHo poboyi Nnpozpamu Hag4YasibHUX QucyuliH (cunabycu) KinbKox
npoeidHux yHieepcumemie, w0 00380/UI0 BUOKPeMUMU egekmueHi Memodu Onsi eUBYEHHS MNamepHie MNPOEKMYyeaHHs!
npozpamMHo20 3abe3neyeHHs1 Onst MalibymHix IT-¢haxisuie.

Pe3ynbTaTun. AHaniz HagyanbHUX nNpoepaM rokasas, Wo 6 yHisepcumemax YKpaiHu yeaza 30cepedKeHa rnepesaxHo Ha
8UBYEHHI Krlacu4HuUX namepHie npoekmyesaHHs1 GoF, ujo deuwjo o6mexye sikicmb nidczomosku cmydeHmie do pobomu 3 HoO8imMHIMu
mexHosnoziamu. lMopieHsHO 3 mpaduyiliHuMu MemodaMu Hae4aHHS, 30KpeMa, YUmaHHsIM Jiekuili, npoeeGeHHsIM J1TabopamopHuUX
3aHsimb, eukopucmaHHsim UML-Odiazpam Ans eisyanisauii npoepamHux kodie, MemoOd npoekmie ausieuecs 6inbw egpekmueHuUM.

BucHoBku. EdpekmueHuM MemoGom eu84eHHsI MamepHie NPoeKmMyeaHHs € NoeGHaHHS KITaCUYHUX JIeKyil 3 iHmepakmueHUMu
3aHAmMmsIMU ma 3acmocyeaHHsiM Memody npoekmie. Lle cnpusie kpauwjomy po3ymiHHIO Mamepiany i nidzomoeuyi cmydeHmie do
po3e ‘'s13aHHs peanbHUx 3adad, siki 3a3eudall € 6inbWumMu 3a 06¢s120M i CKNadHIWUMU NOPIEHSIHO 3 OKPEMOIo sTabopamopHoIo po6omoro,
i fompebyromb Hagu4YOK aHani3y i cuHme3y. 3saxaro4u Ha HasieHi uMOo2u 3 60Ky PUHKY npauyi, GoyinLHO OHO8UMU HaeYalslbHi Mpozpamu,
yAockoHanuswu ixHiti 3micm i cmpykmypy, 30kpema i 3ae0siKu 8rpoeadXXeHHI0 eheKmueHiwux memodie Hag4yaHHSI.

Kno4yoBi cnoBa: namepHu npoekmyeaHHsi, Memoou Hag4yaHHsl, Memoad rnpoeKkmie.

Becryn

B cyyacHomy nporpamHoMy 3abesneyeHHi MPOEKTYBaHHA € OOHUM i3 KIIOYOBMX acMnekTiB, L0 BW3HAYae SKiCTb,
NPOAYKTMBHICTb i MacluTaboBaHiCTb po3poboBaHMX NporpamMHMxX cuctem. lNaTepHn NPOEKTYBaHHA 5K y3aranbHeHi pilleHHs
TMNOBUX Mpobnem nporpamyBaHHs BidirpaldTb BaXMMBY POfib Yy CTBOPEHHI €deKTUBHMX, THYYKMX | MigTpMMyBaHUX
nporpamMHux piweHb (€snaHoB, 2014). BUBYEHHS NaTepHIB NPOEKTYBAHHSA € BaXXMMBMM €NEMEHTOM MiAroTOBKU (haxiBLiB y
ranysi iHopmauinHUx TEXHOMOrIN, OCKIfbKM Ja€e 3MOry He nulle onaHyBaTu Kpalli npakTuku, a i chopmyBaT HaBUYKU
3aCTOCYBaHHS CTPYKTYpOBaHWX Migxodis A0 po3pobreHHs nporpaMmHoro 3abeaneyeHHs.

IcTopuyHO OCHOBM NaTepHiB NPOEKTYBaHHsA Bynu onucaHi y kHusi Epika Mammu, Pivapaa MNenbma, Panbdga [xkoHcoHa Ta
IxoHa Bniccipeca, aki 1994 p. y cBoin npaui "Design Patterns: Elements of Reusable Object-Oriented Software"
npeacTaBunu knacudikadito 23 knacuyHMx naTepHiB NpoekTyBaHHA (Gamma et al., 1994). 3rogom Ui KoHuenuii oTpumanu
noganbLUMin PO3BUTOK Y 3B'AI3KY 3 €BOSIOLLEI0 MPOrpamMHMX NapagurM i TEXHONOrIN, Lo NPU3BENO A0 NOSBN HOBUX NaTepHIB,
30KpeEMa I TUX, L0 CTOCYHTLCS MIKPOCEPBICHOI apXiTEKTYPU, XMAPHUX OBYMCIEHb | PO3NOAINEHNX CUCTEM.

Ha cy4acHomy eTani po3BuTKY NpOrpamMHoi iHxxeHepii BUBYEHHSI MaTepHiB NPOEKTYBaHHS 3anMLLIAETbCS OQHIEI 3 KIMYOBUX
CKNagoBuX y nigroToBui daxiBuiB 3 iHxeHepii nporpamHoro 3abeaneyeHHs (Yener, & Theedom, 2014). 3ayBaxumo, Lo
GinbLUiCTb OCBITHIX MPOrpamM akUeHTYTb yBary Ha knacnyHux natepHax GoF, Takux sik Singleton, Factory, Observer, Proxy
Ta iHWi, ToAi AK HOBITHI TeHAeHLii, NoB'aA3aHi 3 KOHTeVHepu3auicto, nodinHo-opieHToBaHo apxiTektypoto (Event-Driven
Architecture) Ta 6e3cepBepHUMHK (serverless) TeXHOMOrISIMW, HUHI MEHLLOK Mipoto iHTerpoBaHi B HaB4arnbHi nnaxu (17-695:
Design Patterns..., 2022). Lle cTBoptoe NeBHWIA pO3pmB MidK akageMi4yHO MiAroTOBKOK Ta pearibHMMU BUMOraMu Cy4acHOro
PVHKY npaui. IHWa, He MeHLL BaXnMBa HeBIGMOBIAHICTb NonsArae y nepeBaxHOMY 3aCTOCYBaHHiI KnaCMYHMX METOAIB HaBYaHHS
naTepHam NPOEKTYBaHHS, WO Y NOEAHAHHI 3i CKNafHICTIO BNacHe HaBYyanbHOro martepiany, BUCOKUM piBHeM abcTpakuii He
3abe3neuye ix edpekTBHE onaHyBaHHs (Cinakosa, 2017).

OTxe, Memor [OCNIOAXEHHSI € BU3HAYEHHs] e(DEKTUBHNX METOAIB HaBYaHHsI NMaTepHam MPOEKTYBaHHS. BuaHayeHHs
e(EeKTUBHMX METOAIB HaBYaHHS sIK KNACUYHUM, TaK i HOBITHIM natepHaMm 403BOMUTL NIABULLMTY SIKICTb NiAroTOBKM (haxiBLiB
y ranysi nporpamHoi ilxxeHepii, cnpuaTMMe Kpallii aganTtauii BUMYCKHWKIB A0 CydacHUx Bumor IT-iHgycTpii Ta 3abe3neunTb
rnnboke po3yMiHHSA NPUHLMNIB CTBOPEHHSA FHYYKMX | MacluTaboBaHUX NPoOrpamMmHMX CUCTEM.

AHani3 ocmaHHix docnidxeHb i ny6nikayit. BuB4yeHHs naTepHiB NPOEKTYBAHHSA y NPOBIAHMX YHIBEpCUTETax CBITY W
YKpaiHn € BaxnMBMM enemMeHTOM NigroToBKM ManbyTHIX daxiBuiB y cdepi iHdopMauinHmx TexHonorin. OaHak aHanis
HaBYanbHWX MporpaM 3acsigyye, WO 3MICT KypCiB i3 naTepHiB NMPOEKTYBaHHA Y GiNbLIOCTI yHIBEpCUTETIB 30CepemKeHunn
nepeBaxHO Ha KnacuMyHuX nigxodax, ToAi K HOBITHi NaTepHMW, WO OpPIEHTOBAHI Ha Cy4acCHi apXiTEeKTYpHi PilleHHs,
npeacraeneHi HegoctaTHbo (Factors Contributing..., 2019).
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HTY YkpaiHu Kuiecbkuli nosimexHiyHul incmumym imeHi lzopsi Cikopcbkozo (KTl). Y mexax onaHyBaHHsI OCBITHbOI
KOMMNOHeHTU "MamepHu 06'ekmHO-opieHMOo8aHO20 NPOEKMy8aHHs" CTYAEHTWN BUBYAIOTb OCHOBW 3aCTOCYBaHHSA KMaCUYHUX
natepHiB GoF ([Mopes, 2022). 3okpeMa, y HaBYanbHOMY nnaHi nepegbavyeHo Taki Temu:

" MOHATTHA NaTepHy NpoekTyBaHHS. [MaTepH Singleton;

= pisHOBMAM NaTepHiB Factory;

= natepHu Facade, Adapter, Dependency Injection, Bridge;

= natepHu Decorator, Observer, Visitor.

3aranbHuin 06car 3a3HavyeHoro Kypcy CTaHoBUTb 18 HaBYanbHUX rOOMH, WO CYTTEBO OOMEXYE MOXIMBOCTI AeTaribHOro
onpautoBaHHsl MaTepiany Ta rmMOOKOro po3yMiHHS CTPYKTYpW KOZy, BPaxOBYHUM KinbKiCTb i pi3BHOMaHITTS pi3HMX NaTepHiB
npoekTyBaHHs. KpiM TOro, Kypc OpieHTOBaHWiA nuwe Ha TpaauuiiiHi naTtepHu, ToAi SK CydacHi apXiTeKTypHi Migxoau, 3okpema 1
MikpocepBicHi, 6e3cepBepHi (serverless) i noaiiHo-opieHToBaHi (Event-Driven Architecture) natepHu, 3anvwatoTbcsa nosa Mexamm
nporpamu. YacTkoBO BOHW pO3rnsaatoTeCsl B iHLLIM OCBITHI KOMMNOHEHTI "ApXiTEKTypa nporpamHoro 3abesneyeHHs", npoTe 3micT
NPaKTUYHUX 3aBAaHb Nepeabayae nuLLe onpautoBaHHs LyX WABMOHIB 3 MOrMsay CUCTEMHOIO apxiTektopa. [NpnyomMy 3anmiiaeTbest
no3a yBarolo npakTuyHa cKrazoBa, a came — po3pobrieHHsi MPOrpaMHOro 3aCTOCYHKY BiINOBIAHOT apXiTEKTYpW.

HauioHnanbHuli yHieepcumem "Kueeo-MozunsiHcbka akademis”. HaBuyanbHa nporpama nepenbadae OCBITHIO
KOMMOHEHTY, LLIO OXOMNJI0E MOBHUI LMK PO3pOOMNEHHS MPOrpamMHOi CUCTEMM, BKIIOYAKYM METOAMN aHani3dy Ta MPOEKTYBaHHS,
yHichikoBaHMA npouec po3pobrneHHs 06'eKTHO-OpIEHTOBaAHMX Nporpam i KepyBaHHsi NPOrpaMHUM MPOEKTOM. Y KypCi
NPaKTUKYETbCA PO3POOEHHS HaBYaNbHUX NPOrPaMHUX NPOEKTIB CTYAEHTaMW B HEBEMMVKMX rpynax i3 BUKOPUCTaHHAM CUCTEM
ynpasniHHA BepcisMu, BebopieHTOBaHMX cepefoBuLLY i peLieH3yBaHHs pe3ynbTartis (OcBiTHA nporpama..., 2018).

Kuiecbkul HayioHanbHull yHieepcumem imeHi Tapaca Llleeyerka. HaB4aHHS 3a cnewjanbHicTio "IHxeHepis nporpaMmHOro
3abe3neyeHHs" MpPoBOAATbL Ha OBOX dpakynbTeTax: hakynbTeTi KOMM'HOTEpHUX Hayk i kibepHeTukn (PKHK) Ta dakynbTeTi
iHdbopMmaLiiHMxX TexHonorin (PIT). 3ayBaxuMo, LLO 3MICT OCBITHIX KOMMOHEHT, NMOB'3aHNX 3 ONaHyBaHHAM 00'€KTHO-OPIEHTOBAHOIO
nporpamyBaHHS, BiApi3HAETLCA CYTTEBO 3a NepenikaMmmn TeM, iX HAaNOBHEHHSAM i PO3MOAINIOM rOANH, BUOKPEMITEHUX HA ONaHyBaHHS,
Hanpuvknag, naTepHiB NPoekTyBaHHA. BvBYeHHs naTepHiB npoekTyBaHHSA Ha PKHK B Mexax onaHyBaHHS OCBITHLOI KOMMOHEHTU
"O6'ekTHO-OpieHTOBaHE NMporpamMyBaHHSA" KOHLEHTPYETbCA Ha naTtepHax GoF. 3aranbHui obcar agucumnniny cknagae 120 rog (4
kpeantn ECTS). Ha oymKy aBTOpiB AOCHIMKEHHS], MOr0 HE MOXKHA BBaXKaTW AOCTATHIM, 3BaXKaroun Ha ManbyTHi dhax CTyLAeHTIB,
apke Ans BUBYEHHS NaTePHIB NPOEKTYBaHHS i3 3ararnbHOro o6csry BUOKPEMIIEHO NULLIE TpY TEMU, L0 CKNagae 3aranom 28 rof, 3
HUX ayanMTopHUX — nuwe 12 rog. Cepen MeTofiB HaBYaHHSA HasiBHI NnLe KacuYHi: Nekuisi, nabopaTopHe 3aHATTS i caMoCTilHa
po6ota (Omenbuyk, 2022). MNpoTe Okpemo BiA OCHOBHOI AUCLMMNIIHM Y HaBYarbHOMY MNaHi TakoX MpuUCyTHi "INabopaTtopHui
NPaKTUKyM 3 06'EKTHO-OPIEHTOBAHOrO NPOrpamMyBaHHs", Lo TPagMLIMHO NOKpaLLye NpoLeC HaBYaHHSI | JO3BOSSE 3aCTOCOBYBATH
TOW camMuii MeTOof, NMPOEKTIB, NiOBULLYIOYN €dDEKTUBHICTL BUBYEHHS MaTepiany.

XapakTepHOolo 03HaKoK opraHisauii HaB4YanbHoro npouecy Ha ®IT € 3anpoBaXkeHHs IHHOBALNHMX TEXHONOrI HaBYaHHS,
Takux sik STEM-ocBiTa, B OCHOBY $IKOi MOKMaAeHO PO3BUTOK KPUTUYHOTO MMCIEHHS, iHXEHEPHOro nigxo4y i BMiHHS
3aCTOCOBYBaTW OTPUMaHIi 3HaHHS y peanbHomy XuTTi. LLlogo ocBiTHLOI koMnoHeHTH "OB6'eKTHO-OpiEHTOBaHE KOHCTPYHOBaHHS
nporpam" 3ayBaxxmmo, L0 BOHA BUKNA4aETbLCA NPOTArOM ABOX CEMECTPIB, € CYTTEBO 3a obcarom (ctaHoBuTb 330 roa, To6TO
11 kpegutiB ECTS), BMiwye ornsag natepHiB GoF (3aranbHuM o6csrom 56 rof, 3 HUX ayauTopHux 28 rof.) i apxiTekTypHuX
natepHis (MVC, MVP, MVVM), noginHo-opieHToBaHi (Event-Driven Architecture) natepHu Towo, nepegbavae 3actocyBaHHs
KPiM KIacuyHMX MeTOoAiB HaBYaHHS MEeTOAy MPOEKTIB, WO, 3a pe3ynbTataMu NpoBedeHMX cepef CTYAEHTIB OnUTyBaHb,
No3UTMBHO BNNMBae Ha ePEKTUBHICTE BUBYEHHSI MaTepiany (3youk, 2023).

University of Vienna. Ha BigMiHy Bif yKpaiHCbKMX BULLIB, Y BigeHCbKOMY yHiBEpCUTETI NaTepHN NPOEKTYBaHHA BMBYaIOTb
y Mexax marictepcbkoi nporpamu 3 iHdopmaTtukm B Kypci "Infernet Computing and Software Technologies”. Len kypc
BKIOYAE AeTarnbHUIA po3rnsig METOAIB NPOEKTYBAHHS, apXiTEKTYp i NaTepHiB, L0 3aCTOCOBYHTHLCS Y Cy4aCHUX PO3MOAINeHNX
cuctemax. [JocnigxXyeTbcsa NiaTpUMKa NaTepHiB y CKPUNTOBMX MOBaxX NporpamMyBaHHs Ta Cy4acHUX NaTepHiB MPOEKTYBaHHS,
Takux sk Saga Pattern, CQRS, Sidecar Pattern, i ue [o03BONsiE CTyAeHTaM OTPUMYBATU 3HAHHS HE NULLIE MPO KNacuyHi, a i
Npo HOBITHI NATEePHK, OPiEHTOBaHI Ha Cy4acHi TexHonorii (232 Curriculum..., 2022).

OTmxe, aHani3 HaBYanbHWX NpPorpam 3acBigvye CyTTEBI BIAMIHHOCTI Y MeTO4ax BMBYEHHS NMaTepHIB NPOEKTYBAHHA Y Pi3HUX
yHiBepcuTeTax. Y TOM Yac SK €BPONENChKI YHIBEpCUTETH, 30Kpema 1 BigeHCbkin, NpUAINATL yBary Cy4acHUM apXiTeKTypHUM
PiLLIEHHAM, YKpaiHCbKi 3aKnaau BULLOI OCBITU MOKW L0 30CEpe;KeHi NepeBakHO Ha BMBYEHHI natepHiB GoF i 3acTtocyBaHHi
KNacu4YHUX METOIB HAaBYaHHS, LLIO MOXe 0OMeXXyBaTH FOTOBHICTb BUMYCKHUKIB O pOBOTM Y BUCOKOTEXHOMOrYHOMY CEPEOBULL.

Boston University. Y Boston University BuB4eHHs naTepHiB NpoekTyBaHHS BiabysaeTbes y kypci "MET CS665: Software
Design and Patterns”, ge Haronoc pobuTbCA Ha MNpPaKTUYHOMY 3aCTOCyBaHHi NPMHUMNIB 06'€KTHO-OPIEHTOBAHOMO
NPOEKTYBaHHS, BKMtovatoun GoF-natepHu. B Kypci iHTerpoBaHo Kelc-CTagi 3 BUKOPUCTAHHSIM Cy4aCcHUX MOB MporpamyBaHHs
Ta NpUKNaam 3 NpoeKTiB peanbHoro GisHec-cepeposua (Software Design. .., 2025). MpoekTHUIA MeTOA HaBYaHHs 3abeaneyye
CTYAeHTaM TiCHWUIN 3B'A30K MiX TEOPIEI0 Ta NPaKTUKOIO Ha Cy4acHOMY PiBHi.

Carnegie Mellon University (CMU). Benuky yBary CMU npuginse BMBYEHHIO MaTepHiB MPOEKTYBAHHS Y KOHTEKCTi
CUCTEMHOIO MUCIIEHHSA Ta FHYYKMX meTogonorin po3pobku. Kypc "17-695: Design Patterns”, sikuii BuknagawTb y Mexax
nporpamn Master of Software Engineering, Bkmn4ae He nuwe KnacuuHi WabnoHw, a # aHanisye ixXH eBomntoLito,
BUKOPUCTAHHSA B PO3MNOAINEeHNX cepefoBuLLax i B3aEMO3B'A30K i3 NpUHUMNAMK NporpaMHoi apxitektypu (17-695: Design
Patterns..., 2022). OcobnusicTto nigxogy B CMU € opieHTauist Ha aHaniTu4He MUCMEHHS], PO3B'A3aHHSA peanbHUX iHXeHepHUX
npobnem Ta aganTauilo MaTepHiB A0 CKNagHUMX NPOEKTHUX cueHapiiB. OTke, MOPIBHANbHUI aHani3 3MmiCTy HaBYanbHUX
nporpam, BUKOHaHWI Ha NpUKNagi LWecTu NPoBiAHMUX TEXHIYHUX YHIBEPCUTETIB, CBIAYMTbL NPO CYTTEBI BIAMIHHOCTI Y MeToaax
BMBYEHHS NAaTepHIiB NMPOEKTYBAHHSA MiX BITUN3HAHUMM Ta 3apyOiXHMMU 3aknagamuy BULLOT OCBITU.

Y HaB4danbHMX nporpamMax Takux yHiBepcuteTiB sik Carnegie Mellon University (17-695: Design Patterns..., 2022),
University of Vienna (232 Curriculum..., 2022) Ta Boston University (Software Design..., 2025), npuginstoTb 6inbLue ysaru
He nuwe KNnacu4yHum LWwabnoHaMm, a N Cy4yaCHUM apXiTEKTYPHUM pilleHHAM, WO (OPMYE 30aTHICTb CTYAEHTIB LUBWAKO
afjanTyBaTUCS [0 BUMKIMKIB BMCOKOTEXHOSOMYHOTO PWHKY npaui 3aBAsKM edeKTMBHILLOMY OnaHyBaHHI LabnoHiB
NPOEKTYBaHHA nNporpamMHoro 3abeaneveHHs. BiTunsHaHI nporpamu noTpebyloTb nepernagy iXHbOro 3MmiCTy, 30Kkpema n y
KOHTEKCTi akTyanisaujii MeTofiB HaB4YaHHsS, BignoBiaHO A0 rnobanbHUX TEHAEHLIN Y cdrepi MPOrpamMHOro iHXUHIPUHTY.
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MeTtoaun

LLlabnoHn NpoeKTYBaHHS € BaXK/IMBMM acrneKToM O6'€eKTHO-OPIEHTOBAHOro MporpaMyBaHHs, WO [03BOSISE CTBOPOBATU
rHy4Kki, MaclwTaboBaHi Ta MiATPUMYBaHi NporpamMHi pilleHHs. MpoTe HaBYaHHS LMX KOHUENLi 4acTo BUKIMKAE TPYOHOLL
cepef CTyAeHTIB, OCKINbKM BOHW MatTb BUCOKWUIA piBeHb abcTpakuil Ta noTpebyroTh rMmMboKOro po3yMiHHS apXiTEKTYPHUX
npuHUMNiB. Y uin poboTi po3rnsHYTO pi3Hi METOAN BMBYEHHS LUAOMOHIB MPOEKTYBAHHS i 3anNpOMOHOBAHO Kpallui MeTon
HaBYaHHS Y KOHTEKCTi NOro e(PeKTUBHOCTI.

JocnipXeHHs HaByanbHOrO Mpouecy MoKasye, Lo CTyAeHTW, AKi MaTb 06as30Bi 3HaHHS O0O6'€KTHO-OPIEHTOBAHOrO
nporpaMyBaHHs, YaCcTO CTMKalOTbCS 3 TPyAHOLAMM N Yac BUBYEHHS WABNOHIB NpoekTyBaHHs. OCHOBHI BUKIUKW, 3 SKUMU
BOHW 3yCTPivaloTbCH, MICTATb BUCOKY abCTPaKTHICTb WabmnoHiB, L0 YCKNaaHIE PO3YMiHHSA iXHiX nepesar Hag TPagauuinHMm
MeToAammn po3pobKu, BiACYTHICTb 3B'A3KYy MiX WabnoHamu Ta peanbHUMU NPakTUYHUMK 3afadvamu, a TakoX TPYAHOLi y
BuKopuctaHHi UML-giarpam, gki € BaXNIMBUM iHCTPYMEHTOM ANSA PO3YMiHHS apXiTEKTYpU NPOrpaMHUX CUCTEM.

Mig Yac HaByYanbHOro Mpouecy Yy 3ragaHux BULLe YHIBEpCcMTEeTax akueHT 3a3Buyani pobuTbCs Ha HaWnoOLUMPEHinX
WwabnoHax NPOEKTYBaHHS, SKi NOAINATE Ha TPW KaTeropii: NOpo4XXyBarbHi, CTPYKTYPHi Ta NOBeAiHKOBI. [1o Mopoa)XyBanbHMUX
wabnoHiB Hanexatb Singleton, skui rapaHTye iCHyBaHHA nuvwie OAHOro eksemmnnspa knacy, Ta Factory Method, wo
3abesneyye rHyvke cTBOPeHHs 06'ekTiB 6€3 NpuB'A3KM 4O KOHKpeTHoro knacy. CTpyKTypHi wabnoru BkntoyatoTe Decorator,
AKMN Oae 3MOory AMHaMiYHO po3LMploBaTV (PYHKLIOHamNbHICTb knaciB, He 3MiHIuYM ixHboro kogy. Cepen noBefiHKOBUX
wabnoHiB 0cobnmBo akTyanbHi Taki: Observer, sikuin peanidye MexaHi3am CMocTepexeHHsl 3a 3MiHamu cTaHy ob'ekta, Ta
Strategy, o go3BoNsge AMHaMIYHO 3MiHIOBATU anropuUTMu Mig Yac BUKOHAHHS MPOrpamMu.

Y npoueci HaBYaHHs 3a3BMYaln 3aCTOCOBYIOTb Pi3Hi METOAM, SKi MOXHA YMOBHO pO34iNUTW Ha TPaguUinHi (KnacuyHi) 1
iHTEepaKTUBHI.

TpaduuyitiHi (knacu4Hi) MeTOaM, Taki K YNTAHHSA NEKLiIHWX i caMOCTiiHe onpauloBaHHsl HaBYanbHUX MaTtepianis, 3a
pesynbTaTaMu ONUTYBaHb CTYAEHTIB BUSBUIUCA MeHLW edekTuBHuMU (Shatz, 2024), ockinbku CTYAEHTM 4acTo He MOrnu
noB'a3aTt OTPMMaHi 3HaHHA 3 NPaKTUYHUMK 3aBOaHHAMM, HabnwxeHMMn Jo peanbHux. Jlekuii, wo 6asyBanuca Ha
TEOPETUYHUX MNOSICHEHHsIX | UML-giarpamax, OeMOHCTpyBann HU3bKy e(eKTUBHICTbL Yepes3 BiACYTHICTb 6e3nocepeqHboi
B3aeMofil CTYAEHTIB i3 KOOOM.

HatomicTb iHmepakmueHi Memodu BnaBUNMcs 3HauyHo edekTusHiwmmu (Jobposonbcbka, 2018). XKue kogyBaHHS, nig
Yac AKOro BMKNagay AEMOHCTPye peanisauilo WwabrnoHiB y peanbHOMY 4Yaci, [O3BOMNSE CTyAeHTaM Kpale 3acBooBaTty
maTepian, NpoTe BOHO He 3aBXau nepeabavae akTUBHICTb CTyAeHTIB. MNapHe nporpamyBaHHs, B SKOMY OAUH CTYAEHT nuile
Ko, @ iHLWNIA NOACHIOE NOTIKY Air, CNPUSAE KpaLloMy po3yMiHHIO KOHLEMLIN, ane TakoX Mae Heonikn, afpke BaXKo cenapysaTtu
KOMMETEHTHICTb OKPEMOro CTyAeHTa, KON BOHW NpautoloTb Y Napi, i BUOKPEMUTH HE3PO3yMini came Ans HbOrO MOMEHTW.
Haibinblw edekTMBHM BUsIBUBCS Memod npoekmie (MeTpoBcbkuid, MaciuHmk, & CkpunHuk, 2021), y Mexax 3acToCyBaHHs
AKOro CTyAeHTU po3pobnsaioTb BNacHi MporpamHi pilleHHs 3 BMKOpUCTaHHAM wabnoHis. Lle cnpuse Hacamnepen ix
CaMOCTINHOCTI Y MPUMHATTI pilleHb, 1 e(peKTMBHOMY (POPMYBAHHIO 1 3aKPINfeHHI0 3HaHb, OCKiSTbKM BOHM MatloTb MOXIUBICTb
3aCTOCOBYBATH LWIABMOHM Yy peanbHNUX cLueHapisax po3pobkn. Takox edeKTUBHUMN BUSIBSIOTLCS BIKTOPUHMW Ta KOPOTKI TECTH,
AIKi BUKOHYIOTbCSI CTyA€HTaMM MicNsA onaHyBaHHS KOXHOI OKPeMOi TeMu, i siki JonomararTb OUiHUTY iHOUBIAyanbHUI piBEHb
3aCBOEHHS MaTepiany, BUABUTW NPOranuHy y 3HaHHAX. O4HUM i3 HanMeHLW edeKTMBHUX METOAIB BUABNAETLCA HagMipHe
BukopuctaHHa UML-giarpam 6e3 npakTUYHMX MNpUKNagiB iXHbOro 3acTOCYBaHHS, OCKINbKM Lie YCKNaaHKE CNpUAHATTSA
martepiany cTyaeHTamu, siki He Manu JOCTaTHLOro 4OCBiAY POBOTH 3 TAKMMU CXeMaMm paHille.

CTaTUCTMKY YCMILWHOCTI CTYAEHTIB 32 YMOBM BNPOBaXEeHHS MPOEKTHOrO MeTOAY HaB4YaHHA HaBeAeHo Ha puc. 1.

Onsa ouiHioBaHHSA eeKTUBHOCTI BMBYEHHS MaTepiany 3a TpaguuinHMMKM Ta CyyYaCHUMW iHHOBaLiHUMW MeTogamu
OOLINbHO BMKOPUCTOBYBATWM METOZ, MOPIBHAHHSA, 3aCHOBaHUIM Ha aHanisi ouiHOK cTyAeHTiB. OgHMM i3 CnocobiB KinbKiCHOrO
OUiHIOBaHHS € HopMari3oBaHe MOPIBHSAHHSA CcepefHiX 3HayeHb, WO A03BOMSE BM3HAYUTW piBEHb BMNAMBY iHHOBAUMHOIO
nigxoAy Ha pesynbTaTh HaBYaHHS.

dopmarnbHO ePEKTUBHICTL HaBYaHHS E MOXHa 064MCnMTY 3a Takow DOPMYOoH:

E = Snew—Sold (1)
Oold ’
ae Spew — CepenHs OuiHKa CTyAeHTIB, ki HaB4Yanucsl 3a Cy4YacHOK MEeTOAUKOMW; S,;; — CepedHs OuiHKa CTyOeHTIB, SKi
HaBYanucs 3a TpaauuUiiHOK METOAMKOM; G, — CTaHAAPTHE BiAXUMNEHHS OUIHOK Y rpyni TpaguuiiHOro HaBYaHHS.
CTtaHgapTHe BiAXWUMEHHS OLHOK Y rpyni TPagMUinHOro HaB4YaHHS MOXHa BU3HAYUTMK 3@ Tako hOPMYIIOH:

1
ot = |y 1S = Sota)?, (2)

ae N — KinbKiCTb CTyAEHTIB y rpyni TpaauUiMHOro HaBYaHHS; S; — OUiHKa i-ro CcTygeHTa y uin rpyni; S,;; — cepeaHs ouiHka y
rpyni TpaguLUiiHOro HaBYaHHs.

HasegeHi popMynu gatoTb 3MOry OLHUTY CTYMiHb NOKPaLLEHHS HaBYanbHUX pe3ynbTaTiB LUMASAXOM HopManisauii pisHuUi
MiX cCepefHiMM 3Ha4YeHHAMW BiHOCHO BapiaTMBHOCTI OLIHOK Yy KOHTPOSbHIN rpyni. AKWO oTprMaHe 3Ha4YeHHs E € 3Havywum
(E > 1), ue Moxe CBig4UTM NPO ePEKTUBHICTb NPOEKTHOrO METOAY 3aCBOEHHS HAaB4alNbHOro Martepiany.

Y marictepcbkomy gocnimxkeHHi P. Mony6eka (Holubek, 2022) 3aiicHeHO KinbkicHe Ta siKicHe OujiHIOBaHHSA ePEKTUBHOCTI
BMBYEHHS NaTepHiB MPOEKTYBAHHSA 3 BUKOPUCTaHHAM MeToAy NpPoeKTiB. Pe3ynbTaTv AOCHiAKEHHS cBigYaTh NPo NiABULLEHHS
pe3ynbTaTiB HaBYaHHSA CTYAEHTIB y MeXax ynpoBa[yKeHOro MeToay MOpiBHAHO 3 TPaAWLiNHUMK MeTOoAaMM HaBYaHHS.

CepegHini 6an, oTpumaHuin CTyAeHTamu nicnsa BNpoBagKeHHA MeToAy NpoekTiB, cknas 7,8 i3 10, npu uboMy megiaHHe
3HaYeHHs1 4OpiBHIOBANO 8, WO CBiAYMTb NPO CTabiNbHO BMCOKI pe3ynbTaTy BiNbLIOCTi y4acHMKIB. Y TOW caMuii Yac, CepeqHin
6an 3a pesynbTatamu icnMTy 3a TpaguUiiHOK METOAMKOK CTaHoBMB 6,5, a cTaHgapTHe BigxuneHHsa — 1,5. 3acTtocyBaHHs
dopmMyrnn HopManizoBaHOro NPUPOCTy ePeKkTUBHOCTI JO3BOSUIIO KiNIbKICHO OLHUTY piBEHb NOKPALLEHHS:

= Snew=Sou _ 7865 _ oo
Oold 1,5 e
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OTpumaHe 3HauyeHHs E = 0,87, xo4 i He MepeBuLLYE YMOBHOrO Mopory 3HadvyllocTi (E > 1), ogHak 3acBigvye nomipHe
MOKPAaLLEHHS pe3ynbTaTiB HaB4YaHHsI. [103UTMBHY ANHAMIKY TakoX NiaTBEPOXYH0Tb Cy6'eKTUBHI OLLIHKM CTyAEeHTIB, 3adikcoBaHi B
aHKeTyBaHHI nicnsi NPOXOMKEHHs Kypcy: 85 % pecnoHAEeHTIB CXBarnbHO OLHWMW BriacHe Nekuito. Y Mexax aHanidy npaktuiHol
OiANbHOCTI BCTAHOBIEHO, WO 70 % CTyOEeHTIB 3MOrnM KOPEKTHO 3aCTOCyBaTH NAaTEPHN Y MeXax KOHTPOSbHOro 3aBaaHHs, a 80 %
NpPOAEMOHCTpyBanm Bucoke podymiHHa UML-giarpam. ¥YTim, 60 % cTyAeHTiB 3a3Haqunm TpyaHOLL B peanisauii (hyHKLioHansHoro
HarMoBHEHHS NaTEpHIB, WO CBIigYMTL NPO NOTPeby y NocuneHii poboTi Ha eTani NPaKTUYHOI iIMNeMeHTaLlii.

PesynbtaTtun

Y cyKynHOCTI 3a3HayeHi AaHi BKasyloTb Ha Te, L0 3aCTOCYBaHHS MPOEKTHOrO METOAY A0 BUBYEHHS NaTEPHIB MPOEKTYBaHHSI
edekTuBHe i Bede OO0 MOMIMWEHHS YCMIWHOCTI CTYAEHTIB, MOKpaLLUEeHHA 3aCBOEHHSA HWMW HaB4anbHOro Martepiany.
HesBaxatoum Ha Te, L0 OTPMMaHe YNUCIIOBE 3HAYEHHs] e(PEeKTUBHOCTI HE € BUCOKMM Yy MeXax CTaTUCTMYHOI MoAeri, BOHO
OEMOHCTPYE 06I'pyHTOBaHICTb 3aCTOCYBaHHsi METOAY NPOEKTIB SIK JOMOBHEHHS A0 KNAaCUYHUX METOAIB HAaBYaHHsI, 30KpemMa B
acnekTi eMOLiNHOro 3any4yeHHs CTyAeHTIB OO HaBYarnbHOro npouecy 3 MeTol 3abesneyeHHs Kpalloro po3yMmiHHS HUMU
HaBYarnbHOro MaTepiany Yepes npu3my Moro ManbyTHBOrO MPAKTUYHOIO 3aCTOCYBAHHSI.

AHania MeTofiB BMBYEHHS LIAOMOHIB MPOEKTYBAHHA MOKa3aB, WO MeTon MNpPOoekTiB € edekTnBHum (Tageyw, 2017).
IHTEpaKTMBHI MeToaN MOKpaLLylTb CMNPUNHATTS HaBYyanbHOro mMaTepiany Ta O03BOMSAKTb Kpalle MOro posymitu. Takum
YMHOM, ONS YCMILHOrO BUBYEHHSI LIAGMOHIB NPOEKTYBaHHA OOUINbHO MOEHYBaTW TEOPETWMYHI Nekuii i3 3aBgaHHAMM,
HaOMMKXEHUMN [0 NPaKTUYHMX, $IKi BUKOHYKTbCA MNOETAMHO MPOTSroM TPWMBanoro MpPOMDKKY 4Yacy 3 MOCTYMNoBUM
HapoLlyBaHHSAM MPOrpamMHOro Koay, akTMBHOK B3aEMOAIEI0 CTYAEHTIB y MeXaX YSABHUX KOMaHZ i 3 BUKNagadem, LWo ae im
3Mory edhekTMBHO 3aCBOKOBATU 3HAHHS Ta 3aCTOCOBYBATM iX y pearbHUX CLeHapisix po3po6Ku.

Ounckycisi i BUCHOBKM

MigcymoBytoun pesynbTaTv AOCNIMDKEHHS METOAIB BUBYEHHSA NaTepHiB NPOEKTYBaHHA, MOXHa 3po0buTh Taki BUCHOBKM. Ha
OCHOBI MPOBEAEHOr0 aHanidy HaB4arnbHVX NporpaM i METOAIB HaBYaHHS B OKPEMUX NPOBIAHNUX yHiBepcuTeTax YKpaiHu Ta AesKnX
3apybOiKHMX 3aKragax BULLOI OCBITU BMSIBMIEHO OEsKi BaXNMBI acnektu, Wo noTpebyoTb yBaru Ans NOKpalleHHA npouecy
HaBYaHHs1. BUBYEHHSI NaTepHiB NPOEKTYBaHHS 3 BUKOPUCTAHHAM TPaAMLIiNHUX METOZIB HAaBYaHHS, TaKMX siK NekLii, nabopaTtopHi
3aHATTS | camocTiliHa poboTa CTyAeHTIB, BUSIBANOCS MeHL edeKTUBHUM YHACMILOK OOMEXEHOI MOXIMBOCTI CTYAEHTIB Y
3aCTOCYBaHHi TEOPETUYHUX 3HaHb Y peanbHUX CLeHapisix po3pobkM. HaToMiCTb NPOEKTHWIN METOA HABYaHHSI MPOAEMOHCTPYBaB
BULLY e(eKTMBHICTb. 3aCTOCYBaHHS LbOro MeToAdy O03BOMSE CTyAEeHTaM He Mulie MeXaHiYHO 3anam'aToByBaTW TEOPETUYHI
BiJOMOCTi 1 BigTBOpIOBATH iX, PO3B'A3yl0uM 3adadi, BigipBaHi BiA peanbHUX MPOEKTIB, arne W niaTBepavTyn HabyTi 3HaHHS
NPaKTUKOI, pyXawyucb OO0 pearnisauii 3agyMaHOro MpoeKTy MOKPOKOBO, OyTW ANns LbOro AO0CTaTHbO BMOTUBOBAHWUM i
OpieHTOBaHNM Ha pe3yrnbTaT. HanexxHa BMOTMBOBaHICTb MONerilye CTyaeHTaM onaHyBaHHSA CKnagHux abcTpakuin.

3 ornsigy Ha pesynbTatu OOCMIMKEHHS, BBaXaeEMO 3a OOUiNbHE 30CcepeanTy 3yCUIIs Ha OHOBIEHHI HaB4anbHMX Nporpam
YHIBEPCUTETIB, 30KpeMa i 3a paxyHOK KOPUryBaHHS IXHbOrO 3MICTY LUMSIXOM BKIOYEHHS A0 IXHbOro 3MICTy CydacHWX naTepHis
NPOEKTYBaHHs!, L0 BiANOBIAAOTb BUMOraM CbOrOAEHHS. IHHOBaUiMHI MeToaM HaB4YaHHA 3abe3neyaTtb CTyAeHTam Kpally
niaroToBKy A0 poboTu y cyvacHoMy iHdopmaLinHOMYy cepefoBuLLi. MeToz NpoeKTiB 4O3BONUTL CTYAEHTaM SOCATHYTU KpaLLmx
pe3ynbTaTiB HaB4YaHHS, a TaKOX [AOMNOMOXeE MiAroTyBaTUCS [0 pearibHUMX BUKIMKIB Yy X ManbyTHIN AisnbHOCTI 3a daxom.
3Baxaloun Ha BaXNMBICTb BUKOPUCTAHHS NATEPHIB NPOEKTYBaHHS Y pO3pobLi Cy4acHMX NPOrpaMHMX cUcTeM, edpeKTUBHICTb 1X
BMBYEHHS € HEOOXIAHOK YMOBOLO MiArOTOBKU BUCOKOKBanidikoBaHNX (haxiBUiB y ranysi iHdopmaLiiHAX TEXHOIOriN.

BHecok aBTopiB. [llogmuna 3y6uk — koHUenTyanisauis AoCnigKeHHs!, po3pobneHHs MeTOAIB AOCMIAXEHHS Ta 3aranbHe KepiBHWULUTBO;
Oanwuin ®ypkano — ooCnigXeHHS niTepaTypHUX [Keper, MaTemMaTuyHi po3paxyHku Ta nigrotoBka rpadiyHnx martepianis.

Mxepena ciHaHcyBaHHS. Lle focnigpkeHHs He 0TpMMaro X0AHOro rpaHTa Bif iHaHCOBOI yCTaHOBM B AepXXaBHOMY, KoMepLinHomy abo
HEKOMepLiNHOMY CeKTopax.
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EFFECTIVE APPROACHED TO TEACHING DESIGN PATTERNS:
ANALYSIS OF CURRENT TRENDS AND EDUCATIONAL PRACTICES

Background. Determining effective methods for studying both classical and modern software design patterns, taking into account
modern requirements for its development, is an urgent task. The basis of this study was the analysis of the latest trends in the practical application
of various patterns in the process of program development, determining their popularity and searching for methods that will ensure more effective
mastering of application architecture by future IT specialists.

Methods. The research used methods of analyzing and summarizing information obtained from open sources, in particular, scientific
publications, theses, articles, curricula, work programs of educational disciplines, syllabi and other regulatory documents. The work programs
of educational disciplines (syllabuses) of several leading universities were analyzed, which allowed us to identify effective methods for studying
software design patterns for future IT specialists.

Results. The analysis of curricula showed that in Ukrainian universities, attention is focused mainly on the study of classical GoF design
patterns, which somewhat limits the quality of students' preparation for working with the latest technologies. Compared to traditional teaching
methods, in particular, lectures, laboratory classes, and the use of UML diagrams for visualization of program codes, the project method turned
out to be more effective.

Conclusions. An effective method of studying design patterns is to combine classical lectures with interactive classes and the use of the
project method. This contributes to a better understanding of the material and prepares students to solve real problems, which are usually larger in volume
and more complex than separate laboratory work, and require analysis and synthesis skills. Given the existing requirements of the labor market, it is
advisable to update curricula by improving their content and structure, including by introducing more effective teaching methods.

Keywords: design patterns, learning methods, project method.
ABTOpPU 3a8BMNAOTL NPO BiACYTHICTb KOHMNIKTY iHTepeciB. CnoHcopy He Bpanu yvacTi B po3pobneHHi gocniopkeHHst; y 36opi, aHanisi un
iHTepnpeTauii AaHWX; y HanMcaHHI pykonucy; B pilleHHi npo ny6nikauito pesynbTarTis.
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AN ANALYTICAL REVIEW OF CONTENT-BASED
AND COLLABORATIVE FILTERING IN RECOMMENDER SYSTEMS

Background. With the rapid growth of digital content, recommender systems are becoming a key tool for providing
personalized offers. They contribute to the discovery of new movies, music, and products, maintaining user interest in using
platforms. The relevance of researching recommender system algorithms is due to the need to improve their work to satisfy
individual user preferences. This paper presents a review and analytical study of recommender system algorithms. The purpose
of this paper is to systematize, classify, and critically analyze two main approaches in recommender systems: content-based
filtering and collaborative filtering.

Methods. Areview of existing recommender system methods, a comparative and analytical assessment.

Results. The work analyzes recommender system algorithms. A formal definition of the recommendation problem is given,
where user preferences are modeled as a functional dependence on object properties. Within the framework of content-based
filtering, the use of classification algorithms, such as a Naive Bayes classifier and decision trees, as well as the Rocchio algorithm,
which uses relevant feedback to update the user profile, is considered. The strengths and weaknesses of different similarity
measures between vectors are analyzed. In collaborative filtering, the memory-based approach (user-based and item-based
methods) and model-based techniques with an emphasis on the k-NN algorithm are investigated. To overcome the shortcomings
of individual methods, a hybrid approach is proposed that combines their advantages. Methods for integrating systems into a
hybrid model are presented, which allows improving the accuracy of recommendations.

Conclusions. Theresults of the work highlight the features of the specified filtering methods, demonstrate the impact of
the implementation of algorithms and input data on the accuracy of recommendations and response time. The analysis of
shortcomings emphasizes the importance of the combined use of filtering algorithms to improve the efficiency of recommendation
systems, which makes the hybrid approach a promising direction for further research and implementation.

Keywords: collaborative filtering, content-based filtering, hybrid filtering, recommender systems, Rocchio algorithm,
vector space model.

Background

The modern digital world is filled with an excess amount of data and information. Recommender systems have become
important tools, helping users find what they're looking for among all the options. At their core, these systems aim to predict
user preferences and offer personalized recommendations tailored to individual tastes.

Given the increasing reliance on recommender systems in various industries, optimizing their performance and improving
their recommendation accuracy is a critical research area. The study of underlying principles, different similarity measures,
and hybrid models contributes to enhancing the efficiency and adaptability of these systems. The selection of appropriate
models and recommendation algorithms remains an open question in optimizing recommender system performance. As a
result, numerous studies have been devoted to the development and evaluation of recommendation algorithms, which makes
systematic review and analysis of existing approaches particularly valuable.

Two main methods used in recommender systems are content-based filtering and collaborative filtering. Content-based filtering
uses the intrinsic properties of items and user profiles to generate recommendations, while collaborative filtering relies on the
collective behavior of users to provide personalized suggestions. Each of these methods has its own advantages and drawbacks.

This paper is an analytical review of recommender system techniques, with a particular focus on content-based and
collaborative filtering methods. The primary object of this research is recommender systems, focusing on content-based and
collaborative filtering techniques. The aim of the research is to analyze and compare different algorithms used in
recommender systems. The objectives include investigating the principles and algorithms behind content-based and
collaborative filtering, and evaluating the effectiveness of different similarity measures, such as Euclidean distance, cosine
similarity, Pearson correlation etc. The methodology includes an analytical review of existing recommender system
techniques, their classification, systematization, and a comparison of their performance based on the related studies,
highlighting the advantages and limitations of each approach.

The comparative analysis presented in this study is based on a set of qualitative and performance-oriented criteria. These
include the type and characteristics of input data (explicit and implicit feedback, availability of item metadata, data sparsity,
and vector dimensionality), recommendation accuracy reported in related studies, and computational aspects such as time
performance and algorithmic complexity. Additional comparison dimensions involve scalability with respect to dataset size,
interpretability of recommendation results, adaptability to evolving user preferences, and robustness to the cold-start problem
for new users and items. Furthermore, the analysis considers the sensitivity of different methods to data quality and feature
representation, highlighting how these factors influence both effectiveness and efficiency across content-based, collaborative,
and hybrid recommendation approaches.

Methods

General model of recommender systems. A recommender system consists of essential components that facilitate
personalized recommendations (Fig. 1). It is built around a set of source data files that can have different structures and be
curated from various sources (Xia et al., 2024). The item catalog serves as the repository from which recommendations are
drawn, ensuring a diverse selection for users.

User feedback is central to improving recommendation accuracy. Explicit feedback, derived from direct user input such
as ratings, likes/dislikes, or comments, provides clear indications of user preferences. However, collecting explicit feedback
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can be challenging due to user participation barriers and potential biases (Kumar, 2022). Implicit feedback is inferred from
user behavior, such as browsing history, clicks, and purchases, offering an alternative method that does not require direct
user engagement. However, it may not fully capture user preferences as it relies on observable actions (Kumar, 2022).
Combination of direct user input and observed behavior can provide a more comprehensive view of user interests and
preferences (Mandal, & Maiti, 2018).

Recommender system

. Implicit feedback Source data:
User Set of - structured
profile items - semi-structured
Explicit feedback

\/ - unstructured

Recommendation
engine

Recommended items | ¢——

Fig. 1. General design of recommender systems

Leveraging the collected user feedback, the recommender system constructs individual user profiles that encapsulate
their preferences. These profiles are dynamic representations that evolve over time based on the user's interactions. User
profiles serve as the basis for generating personalized recommendations, allowing the system to match users with items that
align closely with their preferences and interests.

In a formal context, recommender systems tackle the following problem (Zisopoulos et al., 2008): given a set of items S,
a subset E (estimates) of S, with |E|«|S| and the values f(e) for each e€E of a function f(x):S—{0,1}, where the exact nature
of f(x) is unknown, the aim is to find an estimate g(x):S—{0,1}, and a subset R (recommendations) of S, with |R|«|S| and
ENR=0, such that the probability P([g(r)=f(r)]=1), for every r in R is maximized. Both f(x) and g(x) can also target numerical
sets, employing a threshold mechanism to discern between different classes. In other words, it is assumed that user
preferences can be modeled by an unknown target function, and the goal of the recommender system is to approximate this
function as accurately as possible.

Content-based filtering. Content-based filtering suggests items to users based on their features and the user's past
interactions. The main idea is to find similarities between items and match them with user preferences.

This approach works by creating user profiles and item profiles (Fig. 2). A user profile stores information about a person's
interests, preferences, and past interactions. An item profile contains details about an item, such as its description, metadata,
or specific features. By comparing these profiles, content-based filtering algorithms find and recommend items that best match
a user's interests (Herimanto, Samosir, & Ginting, 2024).

Movie Adventure Action Science-Fiction Drama  Crime Thriller Score Rewiews _
Star Wars IV 1 1l 1l 0 0 0 4,54 15845 1 -1
American Beauty 0 0 1 0 0 4,13 3484
City of Gold 0 0 0 1 1 0 3,55 2649 =il 1
Interstellar 0 0 1 1 0 0 4,01 4158 1
The Matrix 1 1 1 0 0 1l 4,87 6533 1

Fig. 2. An example of item and user profiles

Before feeding the data into recommendation algorithms, preprocessing steps are typically applied to clean, normalize,
and transform the data. This may involve handling missing values, encoding categorical variables, and scaling numerical
features. Additionally, feature extraction techniques may be employed to derive meaningful representations of items and
users, such as content features, word embeddings or contextual information, in high-dimensional vectors.

The primary objective of data preprocessing is to transform raw item features into a structured, numerical format suitable
for input into mathematical models and machine learning algorithms. These numerical representations form the basis for
measuring similarity, learning user preferences, and generating accurate, personalized recommendations.

Since recommender systems aim to estimate the likelihood of user satisfaction with specific items (often categorizing this
satisfaction into discrete outcomes such as "like", "dislike", or "neutral"), the recommendation task can naturally be framed as
a classification problem. In this formulation, the system predicts the class label that best represents a user's potential reaction
to an item, based on historical interactions and item attributes. By training on labeled data, where the labels represent user
preferences, classification algorithms build predictive models that can then be used to classify new items for recommendation.

Different classification algorithms can be utilized in content-based filtering. Naive Bayes is a powerful algorithm for content-
based filtering in recommender systems due to its simplicity, speed, and effectiveness in handling text data (Ricci, 2002). It
operates on the principle of Bayes' theorem, assuming that the presence of a particular feature in a class is unrelated to the
presence of any other feature. This "naivety" simplifies the calculation of probabilities, allowing effectively model the content
of items and recommend similar items based on the features. However, it's important to note that while Naive Bayes is fast
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and easy to implement, it makes strong assumptions about feature independence, which might not hold true in all datasets.
Therefore, it's crucial to evaluate its performance on your specific dataset and consider other algorithms if necessary.
Decision trees are powerful and interpretable models used in machine learning to solve classification problems by
hierarchically dividing the feature space. In content-based filtering, they provide a structured approach for predicting user
preferences based on item attributes (Gershman et al., 2010). A decision tree consists of internal nodes that evaluate feature
conditions and branches that represent outcomes, ultimately leading to leaf nodes associated with predicted classes (Fig. 3).
During training, the tree splits data recursively, aiming to reduce impurity or maximize information gain, resulting in a set of

decision rules that are easy to follow and explain.
Liked 9
Disliked 5
superhero

comedy
Liked 4 Liked 3
Disliked 2

(o2

Fig. 3. An example of a decision tree

action

Liked 2
Disliked 3

[

Marvel

Liked 3 ]

Disliked O

In recommendation systems, decision trees apply these rules to evaluate item relevance for each user, enabling
personalized suggestions. Their visual structure enhances transparency, making them accessible to stakeholders without
deep technical expertise. Decision trees support both categorical and numerical features and offer efficient performance
suitable for large-scale systems.

However, the effectiveness of decision trees relies heavily on the quality of the input features. Proper feature engineering
and preprocessing are critical to accurately model user preferences. Additionally, decision trees can overfit the training data
if allowed to grow too deep, capturing noise rather than general trends. To mitigate overfitting, it's crucial to tune the
hyperparameters of the decision tree, such as the maximum depth and the minimum number of samples required to split a
node, ensuring better generalization to unseen data.

Classic classification algorithms often face challenges in adapting to new data. Traditional models are typically static and
require retraining to incorporate additional user interactions. This can be inefficient and difficult to scale, especially with large
datasets. Although some modifications to standard algorithms support incremental learning, allowing the model to update with
new data without full retraining, implementing such methods can be complex and resource-intensive in practice. As user
preferences evolve over time, maintaining model relevance becomes critical. Relying on outdated models risks degrading
recommendation quality, while frequent retraining demands substantial computational resources.

To address this challenge, the technique of relevance feedback has emerged as a promising solution. Unlike traditional
approaches, relevance feedback empowers systems to dynamically adjust existing models based on user feedback. At the
forefront of relevance feedback algorithms stands the Rocchio algorithm, renowned for its effectiveness in refining
recommendations in response to user interactions (Meteren, & Someren, 2000). The Rocchio algorithm operates within the
vector-space model, necessitating the transformation of unstructured data into a structured format. In this model, each item is
represented as a vector in an n-dimensional space (Fig. 4), where n corresponds to the number of characteristics or features.

Central to the Rocchio algorithm is the concept of user profiling, where
each user is characterized by a vector that reflects their preferences. This
vector is engineered to exhibit high correlation with positively rated items while
displaying lower correlation with negatively rated ones. The essence of the
Rocchio algorithm can be succinctly captured by the following formula:

DC

Liked O
Disliked 2

movie
Liked 2
Disliked 0

Liked O
Disliked 3

[ movie 2
/

user

P'=a-P+b-ST(rel) — c-ST(non — rel).

(1)

Here, P’ represents the updated user profile, P denotes the original user
profile vector, ST (rel) signifies the vector sum of positively rated items, and
ST (non — rel) represents the vector sum of negatively rated items. Hence,
when incorporating a newly rated item into the user's profile, a simple
operation suffices. If the item T is deemed relevant, the updated user profile
P’ is calculated as P’ = a-P + b-T. Conversely, if the item T is assessed
as non-relevant, the updated user profile is determinedas P' =a-P —c-T.
This streamlined process enables the continual refinement of the user's
profile, ensuring it remains highly correlated with relevant yet unrated items.
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The coefficients a, b and ¢ modulate the influence of each component on the updated user profile, allowing for fine-grained
adjustments based on user feedback. Parameter a manages the balance between past preferences and new interests,
ensuring the profile retains useful historical data while adapting to changes. Parameter b determines how quickly the profile
updates when encountering relevant items, helping it learn new preferences efficiently. Conversely, parameter c regulates
the impact of non-relevant items, preventing incorrect recommendations from distorting the user profile. By carefully tuning
these values, recommender systems can better adapt to individual user behavior, improving recommendation accuracy and
overall user satisfaction. Continuous updates based on feedback allow the profile to evolve dynamically, making
recommendations more responsive and relevant over time.

In content-based recommender systems, various similarity measures, including Euclidean distance, Pearson correlation,
and Jaccard similarity, as well as other methods, are used to evaluate the similarity between user profiles and items based
on their features (Deutschman, 2023). Each of these methods serves different purposes and is suitable for different types of
data and requirements.

Euclidean distance measures the straight-line distance between two points in a multi-dimensional space (2), which can
be visualized as the length of the line segment connecting them. It is particularly useful in cases where the magnitude of the
vectors is meaningful and should be taken into account. For instance, when the features of the vectors represent absolute
values, such as the number of times a user has interacted with certain items or the ratings a user has given, Euclidean
distance can effectively capture the overall difference between two users or items:

d(x,y) =/ — )2 + (2 = ¥2)% + -+ (xn — )2 )

Cosine similarity quantifies the similarity between two vectors by measuring the cosine of the angle between them in a
multi-dimensional space (3). It is particularly effective in scenarios where the magnitude of the vectors is less important than
their direction. This characteristic makes cosine similarity ideal for identifying items that are similarly oriented in a high-
dimensional space, regardless of their length. For instance, when comparing articles of varying lengths, cosine similarity can
effectively find articles that are conceptually similar, even if one article is much longer than another:

— —__ Xy _ i XiYi
Se(x,) = cos(8) = mn = o o ®)

Pearson correlation measures the linear correlation between two variables (4). It is commonly used in recommender
systems to assess the strength and direction of the relationship between two variables. Pearson correlation indicates the
degree of similarity between users' preferences. A high positive correlation suggests similar preferences, while a negative
correlation suggests divergent preferences. However, Pearson correlation can be problematic with sparse data, as it may not
accurately reflect the similarity between items with few common features. In such cases, cosine similarity might be a better
choice (Gaurav, 2023):

T i=0 i) ()
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Jaccard similarity measures the similarity between two sets by dividing the size of the intersection by the size of the union
of the two sets (5). It is particularly useful in recommender systems for binary data, such as tag-based recommendations.
For instance, in a movie recommender system, Jaccard similarity can be used to determine how similar two movies are based
on their top tags:

|Xny| _ |1Xny|
|xuy| |X|+]Y|=|XnY|

J&X,Y) = ®)

Semantic similarity and relatedness between words is an important aspect of natural language processing tasks, which
can enhance the performance of various applications within recommender systems. By going beyond surface-level
comparisons, semantic similarity measures assess the meaning and contextual relationships between words. These methods
enable the construction of algorithmic models that enhance context-linguistic analysis, addressing challenges such as word
sense disambiguation, named entity recognition, and text analysis. A particularly effective approach involves estimating the
semantic distance between words through a weighted modification of the Lesk algorithm (Anisimov, Marchenko, & Kysenko,
2011). By incorporating these refined semantic similarity measures, recommender systems can better understand and utilize
the nuanced relationships between words, leading to more precise and contextually relevant recommendations.

These similarity measures have been compared on a real learning platform dataset (Joy, & Renumol, 2020). The study
evaluated Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) metrics. It was found that Jaccard similarity and
Euclidean distance perform similarly well (MAE 0.66, RMSE 0.91) and better than Pearson correlation (MAE 0.72, RMSE 0.94),
while cosine similarity outperforms them all (MAE 0.6, RMSE 0.87). Another study (Wijewickrema, Petras, & Dias, 2019)
compared normalized discounted cumulative gain (NDCG). This study showed that BM25 measure can outperform cosine
similarity in a journal recommender system — BM25 achieved an average NDCG score of 0.626 for the social science domain
and 0.615 for the medicine domain, compared to 0.436 and 0.469 for cosine similarity respectively.

A comparative study has been performed to evaluate the time performance of various distance measures using different
sizes of datasets (Marchenko, & Shevchenko, 2024). The study revealed that cosine similarity, inner product, and Euclidean
distance produced comparable results in content-based filtering, showing no significant differences in retrieval performance.
Also, since feature vectors in content-based filtering have a predefined shape that does not depend on dataset size, the
response time for all three measures exhibited a linear growth pattern as the dataset size increased.

These studies are showing that there is no one-size-fits-all answer to which similarity measure performs best in content-
based filtering. The optimal choice depends on the characteristics of the data and the specific needs of the recommender
system. Experimentation and evaluation using real-world data are crucial to determining the most effective similarity measure
for a given application.
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Collaborative filtering. Rather than relying on item attributes or content descriptors, collaborative filtering algorithms
analyze user-item interactions, such as ratings, purchases, or clicks, represented as a utility matrix (Fig. 5). By identifying
users with similar preferences and recommending items favored by their peers, collaborative filtering endeavors to deliver
tailored recommendations that resonate with individual tastes. This approach is widely used in various domains, including
product recommendations on e-commerce sites, movie and TV show recommendations on streaming platforms and article
recommendations on news sites.

Item1 Item 2 Item 3 Iltem4 Item 5 Iltem 6

User1l < 5

User 2 3 4
User 3 2 5
User4 5 4 5

User5 3 5 4

Fig. 5. An example of a utility matrix

Model-based approaches represent a paradigm in collaborative filtering, where intricate models are crafted to capture
underlying patterns and relationships inherent in user-item interactions, and are encompassing various techniques (Grover,
2017). Matrix factorization techniques, such as Singular Value Decomposition (Nguyen, 2016), Principal Component Analysis
(Yadav et al.,, 2021), Nonnegative Matrix Factorization (Anisimov, Marchenko, & Vozniuk, 2014) and Alternating Least
Squares (Gosh et al., 2021), as well as the tensor approach (Marchenko, 2016), decompose the user-item interaction matrix
into lower-dimensional representations. These latent factors capture user preferences and item characteristics, enabling
accurate prediction of user-item interactions. Probabilistic graphical models, such as Bayesian networks (Qazi et al., 2017)
or Markov random fields (Steck, 2019), represent the dependencies between users and items probabilistically. Deep learning
architectures, such as neural networks or autoencoders (Liu et al., 2018), learn hierarchical representations of user-item
interactions. By leveraging multiple layers of abstraction, deep learning models capture intricate patterns and nuances in the
interaction data, enabling the generation of highly accurate recommendations.

Unlike model-based approaches that rely on learned parameters, memory-based methods directly compute similarities
between users or items to infer preferences and foster recommendation generation. A widely used technique within memory-
based collaborative filtering is the k-Nearest Neighbors (k-NN) algorithm (Analytics Vidhya, 2024). The k-NN identifies similar
users or items by computing distances in the feature space, based on the assumption that the target user shares preferences
with their nearest neighbors. Memory-based collaborative filtering encompasses user-based and item-based approaches
(Belhaouari et al., 2023).

User-based approach identifies k users who are similar to the target user based on their past behavior or ratings. The
similarity between users is typically measured by the similarity of their ratings or interactions with items. These similar users
serve as a reference group whose preferences are aggregated to generate recommendations for the target user. It
recommends items that these similar users have liked but the target user has not yet interacted with (Fig. 6). This facilitates
the discovery of relevant items that align with the preferences of the target user (Vijay, 2020).

positive interactions neutral interactions . negative interactions
— User we want to make a recommendation We can then recommend the most popular
for is represented by its row in the matrix... items among the K nearest neighbours
I l | | . L
|
o User-item
2 interactions )
= matri ... and we search the K nearest neighbours e
c AENEX of this user in the matrix
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Fig. 6. An illustration of the user-based collaborative filtering algorithm (Vijay, 2020)

ltem-based method focuses on the items themselves rather than the users. K-NN operates by identifying items that are
similar to those a user has interacted with or rated highly (Fig. 7). The similarity between items is determined by the similarity
of the ratings of those items by the users who have rated both items. The algorithm finds the k items that are most similar to
the items the user has interacted with and recommends these items to the user.
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positive interactions neutral interactions . negative interactions
prefered item prefered item
user wWp . user Wp

User-item User-item

interactions interactions

matrix matrix I

We identify the prefered item of user The prefered item is represented We can search and recommend the K
we want to make recommendation for. by its column in the matrix. nearest items to this “prefered item”

Fig. 7. An illustration of the item-based collaborative filtering algorithm (Vijay, 2020)

Collaborative filtering and content-based filtering may differ in their underlying principles, but they often share common
ground when it comes to similarity measures. The same similarity measures utilized in content-based filtering can also be
seamlessly integrated into collaborative filtering frameworks, enriching the recommendation process with insights derived
from user-item interactions (Kumar, 2022).

The experimental study (Fkih, 2022) demonstrates that no single similarity measure is universally effective for both user-
based and item-based approaches, with some measures performing better in one approach than the other. Additionally, the
study highlights that the effectiveness of a similarity measure can vary based on dataset density, even within the same filtering
approach. The study (Saranya, Sadasivam, & Chandralekha, 2016) proposed a new similarity measure that incorporates
Pearson Correlation Coefficient and Jaccard Coefficient. The proposed combined similarity measure outperformed the
Bhattacharyya Coefficient and the Jaccard Uniform Operator Distance, and achieved an average F-score measure of
0.77 compared to 0.72 and 0.75 in the competitors respectively. Another study (Sun et al., 2017) proposed integrating Triangle
and Jaccard similarities for recommendation to enhance recommender system performance. This combination allows the
system to leverage the strengths of different measures, addressing their individual limitations and providing a more robust
and adaptable recommendation process. The proposed measure achieved MAE of 0.614 and RSME of 0.816 for the FilmTrust
dataset, compared to MAE of 0.617-0.852 and RSME of 0.817—1.043 for other similarity measures.

Another research investigated the impact of similarity measures on recommendation time (Baxla, 2014). The findings
revealed that correlation-based measures require significantly more time for execution. One more comparative study
(Marchenko, & Shevchenko, 2024) demonstrated that cosine similarity has significantly worse time performance on high-
dimensional datasets compared to inner product and Euclidean distance. Additionally, the experiment revealed that due to
data sparsity, the response time on a high-dimensional collaborative filtering dataset can be lower than on a lower-dimensional
content-based filtering dataset. Therefore, when selecting an appropriate similarity measure, it is crucial to consider not only
the accuracy but also the computational efficiency.

Results

Pros and cons. Comparative analysis. Content-based filtering relies on structured representations of item attributes and
user profiles derived from explicit or implicit individual feedback. Because recommendations are generated by matching item
features to learned user preferences, the underlying reasoning is typically transparent and easy to interpret, especially in rule-
based models, decision trees, or relevance feedback approaches such as the Rocchio algorithm (Ricci, 2002). From a data
perspective, these methods are particularly well suited to environments with rich and expressive metadata, where item
characteristics can be encoded as fixed-dimensional vectors obtained from metadata, textual descriptions, or semantic
representations. Under such conditions, comparative studies report stable and reliable recommendation accuracy, provided
that similarity measures are appropriately selected and features adequately capture user interests (Joy, & Renumol, 2020).

From a computational standpoint, most content-based algorithms are efficient and scalable. Similarity calculations
between user profiles and items typically exhibit linear time complexity with respect to the number of items, while fixed-
dimensional feature spaces enable predictable performance even in large and frequently updated catalogs (Marchenko, &
Shevchenko, 2024). Another notable advantage is robustness to the item cold-start problem: new items can be recommended
immediately based solely on their attributes, without requiring historical user-item interaction data or information about other
users' preferences (Herimanto, Samosir, & Ginting, 2024). This self-sufficiency also allows content-based systems to
effectively serve users with niche or specialized interests, including items that may be unpopular in the broader population.

Despite these strengths, content-based filtering suffers from several limitations. Its effectiveness is highly sensitive to
feature engineering quality: incomplete, noisy, or poorly designed item representations can substantially degrade
recommendation performance and narrow the recommendation space (Zisopoulos et al., 2008). Typical implementation
pitfalls include inadequate preprocessing, inappropriate similarity measure selection for the data type, and lack of proper
feature normalization, all of which may bias similarity computations. Moreover, content-based filtering systems are prone to
over-specialization, repeatedly recommending items that are very similar to those previously consumed and thereby limiting
diversity and serendipity (Ricci, 2002).
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Finally, content-based filtering may exhibit unstable or unsatisfactory behavior in dynamic or subjective domains. Because
recommendations are constrained to known item characteristics, these methods struggle to introduce entirely novel or
conceptually different items and often fail to capture rapidly evolving user interests without frequent retraining. As a result,
delayed adaptation and increased computational overhead can occur when user preferences change quickly. Such
weaknesses are especially evident in scenarios with sparse or poorly defined metadata, context-dependent or subjective
tastes, and highly dynamic user behavior, where static content representations are insufficient to model the true drivers of
user satisfaction (Herimanto, Samosir, & Ginting, 2024).

Unlike content-based approaches, collaborative filtering does not require explicit item features or rich metadata, allowing
it to recommend items even when descriptive attributes are incomplete or unavailable (Vijay, 2020). By exploiting patterns in
collective user behavior, collaborative filtering can uncover latent preferences and recommend items that users might not
have discovered on their own, thereby introducing serendipity and promoting exposure to diverse content. When sufficient
interaction data are available, both memory-based and model-based methods demonstrate high recommendation accuracy
by capturing shared interests and implicit behavioral signals (Fkih, 2022).

From an accuracy and adaptability perspective, collaborative filtering is particularly effective in domains where subjective
preferences dominate and are difficult to encode through explicit features. Model-based approaches, such as matrix
factorization and probabilistic models, are especially successful at learning latent structures that generalize beyond observed
interactions, often outperforming simpler methods in dense data settings (Nguyen, 2016; Gosh et al., 2021). However, this
advantage diminishes in sparse environments, where unreliable similarity estimates and limited historical data reduce
recommendation quality (Belhaouari et al., 2023). Adaptability to evolving user interests varies by method: memory-based
approaches naturally incorporate recent interactions, whereas model-based techniques require periodic retraining or
incremental updates to reflect preference shifts.

Computational complexity and scalability represent central challenges for collaborative filtering. Memory-based methods,
including user-based and item-based k-NN, incur substantial computational costs due to pairwise similarity calculations over
high-dimensional and sparse matrices, which can lead to unstable response times without proper optimization (Marchenko,
& Shevchenko, 2024). Model-based methods mitigate online computation by shifting complexity to an offline training phase,
enabling faster recommendation at runtime but at the cost of increased training overhead and resource consumption. As a
result, large-scale collaborative filtering-based systems often rely on dimensionality reduction, approximation techniques, or
distributed computing frameworks to achieve acceptable scalability (Nguyen, 2016).

In terms of interpretability, collaborative filtering generally offers limited transparency compared to content-based methods.
Recommendations are derived from aggregated user behavior or latent factors rather than explicit item characteristics, making
it difficult to provide clear explanations to end users. While this opacity may be acceptable in some applications, it can reduce
user trust and hinder system debugging or evaluation, particularly in high-stakes domains (Fkih, 2022).

Despite its strengths, collaborative filtering is subject to several fundamental limitations and common pitfalls. The cold-
start problem remains a major challenge, as new users and new items lack sufficient interaction data to generate reliable
recommendations (Belhaouari et al., 2023). Data sparsity further exacerbates this issue, leading to noisy or biased similarity
estimates and degraded accuracy, especially in user-based approaches. Popularity bias is another frequent concern, whereby
frequently interacted items are over-recommended, limiting diversity and marginalizing niche content (Vijay, 2020). Moreover,
inappropriate choices of similarity measures, neighborhood size, or update strategies can significantly harm both accuracy
and efficiency (Baxla, 2014).

Hybrid approach. Hybrid recommender systems combine the strengths of both content-based and collaborative filtering
approaches to enhance the effectiveness of recommendations (Wayesa et al., 2023). This approach is particularly useful
when there is insufficient data to effectively apply either method alone. By leveraging both types of data, hybrid systems can
offer more personalized and accurate recommendations.

Hybrid recommender systems have been extensively studied as a means to improve recommendation quality by
combining multiple filtering techniques. The foundational work (Burke, 2007) introduced a systematic framework for
hybridization, focusing on integrating collaborative filtering and content-based methods. Based on the interaction patterns
between constituent models, hybrid recommender systems can be classified into several major types listed below, each
addressing specific challenges of recommendation tasks to a different extent.

The weighted hybrid approach (Fig. 8) combines the outputs of multiple recommendation models using predefined or
learned weights. Typically, predictions generated by content-based and collaborative filtering models are linearly aggregated
to produce the final recommendation score. This approach effectively improves recommendation accuracy by balancing
complementary information sources and partially alleviates data sparsity issues. However, weighted hybrids do not fully
resolve the cold-start problem for new users, as collaborative components still require sufficient interaction history.
Additionally, static weighting schemes may limit adaptability to dynamic user behavior and may lead to suboptimal
performance if weights are not carefully tuned.

Recommender Score A
system A
Final score
User profile Combining scores —
P g (aA+bB)
Recommender
system B Score B

Fig. 8. Weighted hybrid recommender system
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In switching hybrid systems (Fig. 9), the recommendation process dynamically selects one of several models based on
contextual conditions, such as user profile completeness, interaction history, or item availability. This approach explicitly
addresses the cold-start problem by activating content-based methods for new users or items and switching to collaborative
filtering when sufficient data becomes available. Switching hybrids offer improved robustness across heterogeneous usage
scenarios but do not directly combine model outputs, which may limit accuracy gains compared to weighted or mixed hybrids.
Furthermore, incorrect switching criteria can lead to unstable or inconsistent recommendations.

Recommender
system A
No 4
. Recommender .
User profile Recommendation
selector
\ ) \
Yes
Recommender
system B

\

Fig. 9. Switching hybrid recommender system

The mixed hybrid (Fig. 10) approach generates recommendations from multiple models simultaneously and merges the
resulting candidate lists into a unified output. This strategy enables the system to exploit diverse recommendation signals in
parallel and is particularly effective for increasing recommendation coverage and diversity. Mixed hybrids can handle sparse
and partial datasets more effectively by matching subsets of users or items to appropriate models. However, this approach
increases computational complexity and may introduce redundancy or conflicting recommendations if result aggregation is
not properly managed.

Cascaded hybrid systems (Fig. 11) employ a hierarchical structure in which a primary recommendation model generates
an initial ranked list, while secondary models refine the output by resolving ambiguities, such as tie-breaking or missing values.
This approach is well suited for improving precision and ranking quality without significantly increasing computational
overhead. Cascading hybrids, however, depend heavily on the quality of the primary model and do not inherently address
cold-start or data sparsity problems unless explicitly incorporated into the cascade structure.

N/ N/ N

‘ Subset A F Recommender H Ranked list A

\ system A
User profile Subset bined li
p selector Combined list
‘ Subset B Recommender Ranked list B
‘ | systemB
Fig. 10. Mixed hybrid recommender system
) Main recommender .
User profile —_— —_— Main result

system

Secondary
recommender — Final result
system

Fig. 11. Cascaded hybrid recommender system

Feature augmentation (Fig. 12) integrates a contributing recommendation model by using its output, such as predicted
ratings or class labels, as input features for the main recommendation system. This strategy enhances the representational
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power of the core model and improves recommendation accuracy without altering its fundamental structure. Feature
augmentation is effective for incorporating collaborative signals into content-based models and partially mitigating data
sparsity. Nevertheless, it does not fully eliminate cold-start limitations and may propagate errors from the auxiliary model into
the main system.

Contributing Main
) - Augmented user .
User profile recommendation —* recommender Final result

fil
model ‘ ‘ protiie system

Fig. 12. Feature augmentation hybrid recommender system

The feature combination approach (Fig. 13) merges features derived from different recommendation paradigms into a
unified feature space. For example, collaborative latent factors may be injected into content-based user profiles, enabling the
model to consider both item attributes and user interaction patterns. This method provides strong flexibility and improves
personalization by jointly modeling heterogeneous data. However, feature combination increases model complexity and may
suffer from scalability issues in high-dimensional feature spaces. Additionally, interpretability can be reduced due to the
integration of latent and explicit features.

Contributing

User profile recommender Additional features
model

Main recommender
system

Final result

Fig. 13. Feature combination hybrid recommender system

The study (Burke, 2007) highlighted the trade-offs of hybrid systems, including increased computational complexity and the
necessity for mindful parameter tuning. Recent systematic reviews on hybrid recommender systems highlight their growing
significance in addressing key challenges such as cold-start problems, data sparsity, and recommendation accuracy. The study
(Cano, 2017) found that most hybrid models combine collaborative filtering with other strategies, often using weighted hybridization
due to its simplicity and flexibility. The review emphasized that cold-start and data sparsity remain the most frequently addressed
issues. Moreover, accuracy metrics dominate the assessment of hybrid recommenders, but user satisfaction evaluations remain
a challenge. Another study (Sabiri et al, 2025) provided a broader perspective by exploring hybridization techniques within big data
environments. This review underscored the increasing adoption of machine learning-based hybridization methods and the
necessity for scalability improvements. The review also highlighted the importance of balancing accuracy with computational
efficiency, suggesting the use of hybrid parallel algorithms and large-scale datasets to address scalability concerns. Ethical
considerations and user engagement metrics were also noted as emerging research priorities.

These studies emphasize that while hybrid recommender systems provide substantial benefits, their successful
implementation requires significant computational resources and careful design considerations. In many cases it also requires
distributed or parallel processing to maintain scalability and acceptable response times (Cano, 2017). Interpretability varies
widely across hybridization strategies: weighted and cascaded models tend to preserve a moderate level of transparency,
whereas deeply integrated or machine learning-based hybrids are less interpretable due to latent representations and multi-
stage transformations (Liu et al., 2018).

From a performance and robustness perspective, hybrid recommender systems demonstrate higher accuracy and greater
adaptability to evolving user preferences. The content-based component enables recommendations for new users or items
with limited interaction history, while the collaborative component contributes serendipity and discovery of novel items beyond
a user's immediate profile. This balance makes hybrid systems especially suitable for large-scale, real-world applications
characterized by heterogeneous data and dynamic user behavior (Sabiri et al., 2025).

Despite their overall robustness, hybrid recommender systems are not immune to instability or suboptimal performance.
Poorly chosen integration strategies, imbalanced weighting between components, or misalignment between algorithmic
assumptions and data characteristics can lead to degraded accuracy or inconsistent behavior. Additional risks include
overfitting due to model complexity, inefficient handling of high-dimensional data, and unstable recommendations in extremely
sparse, noisy, or rapidly changing environments. These limitations highlight the importance of context-aware hybridization.

The continued evolution of hybridization methods, particularly through machine learning and contextual adaptation,
remains a key focus in recommender system research. Despite the fact that designing and implementing hybrid recommender
systems can be complex, they can offer more comprehensive and effective recommendations, addressing the limitations of
using content-based or collaborative filtering alone.
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Modern challenges in recommender systems. Several fundamental challenges of recommender system such as the
cold start problem, data sparsity, and scalability have been discussed in earlier sections of this paper. While these issues are
central to recommendation accuracy and system performance, they do not fully capture the complexity of deploying
recommender systems in real-world applications. In practice, a number of additional challenges must be considered to ensure
robustness, efficiency, fairness, and user trust in operational systems.

From a system-level perspective, latency remains a critical concern, especially in interactive and time-sensitive
applications such as e-commerce and online advertising. Even when scalability challenges are addressed through distributed
architectures, complex recommendation models may still introduce unacceptable response delays. High latency negatively
affects user experience and can lead to reduced engagement or abandonment. Common mitigation approaches include offline
precomputation of recommendations, model simplification for real-time inference, and approximate similarity search
techniques that trade minimal accuracy loss for substantial speed improvements (Roy, & Dutta, 2022).

Beyond technical performance, bias and fairness have emerged as key ethical challenges in modern recommender
systems. Recommendation algorithms may unintentionally reinforce existing biases present in training data, resulting in
popularity bias, exposure bias, or demographic bias. Such effects can limit content diversity, disadvantage minority groups,
and raise concerns about transparency and accountability. Addressing these issues requires fairness-aware modeling,
diversity-promoting re-ranking strategies, and regular auditing of recommendation outputs to balance accuracy with equitable
exposure (Mehrabi et al., 2021).

One important yet often overlooked challenge is the vulnerability of recommender systems to shilling attacks, also referred
to as profile injection attacks. In such attacks, malicious users or automated agents intentionally introduce biased or fraudulent
interactions to manipulate recommendation outcomes, for example by artificially promoting specific items or suppressing
competitors. These attacks can significantly distort ranking mechanisms and undermine the credibility of recommendation
platforms. Mitigation strategies include anomaly detection techniques, trust-aware recommendation models, and machine
learning approaches that identify abnormal rating patterns and suspicious user behavior (Gunes et al., 2014).

Another challenge arises from semantic ambiguity and synonymy in item descriptions and user queries. In content-based
and knowledge-aware recommender systems, different terms may refer to the same concept, leading to fragmented
representations and reduced retrieval effectiveness. This issue is particularly prevalent in systems that rely on textual
metadata or user-generated content. Advances in natural language processing, such as latent semantic analysis and neural
word embedding models, have been shown to alleviate synonymy by capturing semantic similarity in latent representation
spaces (Roy, & Dutta, 2022).

Privacy concerns are increasingly important as recommender systems rely on extensive collection and processing of
personal user data. The use of behavioral signals and detailed user profiles raises risks related to data leakage, unauthorized
inference, and regulatory non-compliance. Privacy-preserving techniques, including differential privacy, federated learning,
and secure computation, have been proposed to reduce these risks while maintaining recommendation effectiveness.
Moreover, transparent data usage policies and user-controlled privacy settings play a crucial role in fostering trust and long-
term adoption of recommendation technologies (Yang et al., 2019).

Modern recommender systems must operate under complex and often conflicting constraints, balancing accuracy,
efficiency, robustness, fairness, and privacy. Addressing these challenges requires integrated solutions that combine
advances in machine learning, distributed systems, and ethical Al, moving beyond purely performance-driven optimization
toward socially responsible recommendation technologies.

Discussion and conclusions

The analytical comparison conducted in this study demonstrates that the effectiveness of recommender systems is
determined not by the choice of a single algorithmic paradigm, but by the alignment between model assumptions, data
characteristics, and operational constraints. As summarized in Table 1, content-based and collaborative filtering exhibit
complementary strengths that manifest across multiple evaluation dimensions, including data requirements, interpretability,
scalability, robustness, and adaptability.

The analysis confirms that content-based filtering is most reliable in environments with well-structured and expressive
item metadata, where interpretability and predictable time performance are critical. Its stable computational behavior and
robustness to item cold-start scenarios make it particularly suitable for domains with rapidly evolving catalogs or limited
interaction data. However, empirical evidence reviewed in this work indicates that recommendation quality in content-based
systems is highly sensitive to feature engineering choices and similarity measures, and that over-specialization remains a
persistent limitation in practice.

Collaborative filtering, in contrast, demonstrates superior capability in uncovering latent user preferences and promoting
serendipity when interaction data are sufficiently dense. Both memory-based and model-based approaches achieve high
accuracy under favorable data conditions, yet the analysis highlights substantial trade-offs in terms of scalability,
interpretability, and robustness to sparsity. Experimental findings reviewed in the paper further indicate that similarity measure
selection and computational cost play a critical role in large-scale deployments, often requiring approximation techniques or
offline training pipelines to maintain acceptable response times.

Hybrid recommender systems emerge from the analysis as a practically validated strategy for mitigating the structural
limitations of single-method approaches. Different hybridization schemes address different problem dimensions: switching
hybrids effectively handle cold-start scenarios, weighted and feature-level hybrids improve accuracy and robustness, while
cascading approaches refine ranking quality with limited overhead. At the same time, the review makes clear that hybrid
systems introduce increased model complexity, higher maintenance costs, and sensitivity to integration design choices, which
can lead to unstable behavior if not carefully managed.

Several open challenges remain evident from the analytical perspective of this study. First, there is no universally optimal
hybridization strategy. Performance strongly depends on domain characteristics, data quality, and system constraints.
Second, evaluation practices remain fragmented, with accuracy metrics dominating experimental studies, while user-centric
measures such as satisfaction, trust, and long-term engagement are less consistently addressed. Finally, scalability, fairness,
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and privacy considerations increasingly shape real-world recommender system design but are not yet systematically
integrated into comparative evaluation frameworks.

Table 1

Comparative analysis of recommendation approaches, summary

Criterion

Content-based filtering

Collaborative filtering

Hybrid filtering

Core principle

Recommends items similar to
those a user liked in the past
based on item features

Recommends items based on
preferences of similar users or
items

Combines content-based and
collaborative signals using different
hybridization strategies

Required data

Item metadata and user profiles

User-item interaction matrix

ltem metadata, interaction data, and
possibly contextual features

Personalization level

High (user-specific models)

High (community-driven
patterns)

High, with increased robustness due
to multi-source signals

Recommendation
accuracy

Moderate; limited by feature
quality

High when sufficient interaction
data is available

Generally higher than single methods
if properly tuned

Ability to recommend
novel items

Strong (does not rely on
popularity)

Weak (new items lack
interactions)

Improved compared to collaborative
filtering; depends on hybrid type

Cold-start (user)

Handles reasonably well

Performs poorly

Typically mitigated, but not fully
eliminated

Cold-start (item)

Handles well if metadata is
available

Performs poorly

Largely alleviated through content
signals

Diversity and

Low to moderate; tends to

Higher diversity due to social

Higher than content-based filtering;

on feature dimensionality

serendipity over-specialization effects controllable via hybrid design

Explainability High (feature-based explanations) | Low to moderate Med!um to high, depending on
dominant component

Scalability Scales well with users; depends | Scalability issues for large Often more computationally expensive

user-item matrices

than single methods

Robustness to noise

Sensitive to poor or sparse
metadata

Sensitive to noisy or biased
interaction data

More robust due to redundancy of
information sources

Adaptability to context

Limited unless explicitly modeled

Limited

High when contextual or feature-level
hybrids are used

Model complexity

Low to moderate

Moderate to high

High, varies by hybridization strategy

Implementation
complexity

Relatively simple

More complex (similarity
learning, factorization)

Most complex; requires integration
and tuning

Maintenance cost

Low

Moderate

High (multiple models, parameters,
and pipelines)

Typical failure cases

Overspecialization, feature
misrepresentation

Data sparsity, popularity bias

Error propagation, overfitting,
misbalanced model dominance

Best-suited scenarios

Domains with rich item
descriptions and stable user
interests

Large-scale platforms with
dense interaction data

Production systems requiring
robustness and higher accuracy

Future research should therefore focus on developing standardized, multi-criteria evaluation methodologies that jointly
assess accuracy, efficiency, interpretability, and ethical considerations. Promising directions include context-aware and adaptive
hybridization strategies, integration of lightweight machine learning models to balance performance and complexity, and
exploration of privacy-preserving and fairness-aware recommendation techniques. From a practical standpoint, the findings of
this study suggest that robust recommender systems should be designed as adaptive architectures rather than static algorithmic
choices, with hybrid models serving as a flexible foundation for addressing evolving data and application requirements.

Sources of funding. This study did not receive any grant from a funding institution in the public, commercial, or non-commercial sectors.
The funding is covered by the authors' own expense.
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KuiBcbkui HauioHanbHUI yHiBepcuTeT imeHi Tapaca LUeByeHka, KuiB, YkpaiHa

AHANITUYHUKA OrNsAQ KOHTEHTHOI TA KONMABOPATUBHOI ®INbTPALIA Y PEKOMEHOALIMHUX CUCTEMAX

BcTyn. 3a cmpimkozo 3pocmaHHsi 06¢csicy yughposo20 KOHMeHMYy pekomeHOauyiliHi cucmemMu cmaromb K/1H0408UM iHCMpPyMeHmMom ons
HaldaHHS nepcoHanizoeaHux npono3uyili. BoHu cnpusitomb eidkpummrio Hoeux ¢hinbmie, My3uku ma moeapie, niompumyrodu 3ayikaesneHicmob
Kopucmyeadyie y eukopucmanHi nnamgopm. AkmyanbHicmb docnidxeHHs1 anzopummie pekoMeHOayiliHUx cucmem 3ymoesieHa Heo6xiOHicmio
800CKOHaJIeHHS1 iXHbOT po6omu 0Onsi 3adoe0s1eHHs iHOugidyanbHuUX ynodobaHb kopucmyseadyis. Liss po6oma siensie co6oro 021510 ma aHanimuyHe
docnidxeHHs1 anzopummie pekomeHOayiliHux cucmeM. Memoto yiei po6omu € cucmemamu3sayis, knacugikayis ma KpumuyHul aHaniz deox
ocHOBHUX nidxodie y pekomeHOauyiliHux cucmemax: ¢inbmpauyii Ha ocHoei eMicmy (KoHmeHMHoI) ma konabopamueHoi pinbmpauii.

MeTtopaun. Oansd icHyro4ux Memodie pekomeHOauiliHux cucmem, nopieHsiIbHe i aHasimu4yHe G0CliOKeHHS.

Pe3ynbTartu. lpoaHanizosaHo aneopummu pekomeHdayitiHux cucmem. [laHo ¢hopmasnibHe su3HavyeHHs1 3adayvi pekomeHOauiti, e 81odo6aHHs
Kopucmyea4ie Modesirorombcsi K (hyHKUYioOHanbHa 3anexHicmb 8i0 ennacmueocmeli 06'ckmis. Y mexax ¢hinbmpayii Ha ocHoei emicmy po3anssHymo
sUKOpucmMaHHs1 KnacugikauyiliHux anzopummie, makux sik HaieHuli 6aecie knacudpikamop, i depee piweHb, a makox anzopummy Pokkio, sikuli
3acmocoeye pesieeaHmMHuUll 360POMHUll 38'A30K Osisi OHo&sIeHHs1 nNpoghinto Kopucmyeaya. [fpoeedeHoO aHasi3 cusibHUX i cr1abKux cMOpPIH pi3HUX Mip
nodi6bHocmi mMixx eekmopamu. Y konabopamusHili ¢pinbmpayii docnidxeHo memory-based nioxid (user-based ma item-based memodu) i model-based
mexHiku 3 akyeHmom Ha aneopummi k-NN. [lnsi nodonaxHsi Hedorikie okpemMux Mmemodie 3arnpornoHo8aHo 2i6pudHutli nidxio, skuli 06'edHye ixHi nepesazu.
lpedcmaeneHo cnocobu iHmezpauii cucmem y 2i6pudHy Modesb, Wio dae 3Mo2y MoKpawumu mo4Hicms pekomeHdAauil.

BucHoBku. Pesynomamu pobomu euokpemnroroms ocobnueocmi 3asHayeHuUx memodie ¢pinbmpauii, deMmoHcmpyroms ensue peaniszauii
anzopummie i exiOHux OaHux Ha mMoO4YHicmb pekomeHdOauil i 4yac eidnoeidi. AHani3 HedoJlikie nidKkpecsoe 3Ha4YeHHs1 KOMbOiHOeaHO20
eUKopucmaHHs1 anzopummie ¢inbmpayii ona nidsuwieHHs1 egpekmueHocmi pexkomeHOayiliHux cucmem, wo pobumsb 2i6pudHuli nidxio
nepcneKmMueHUM HanpsiMom 05151 nodanbuiux ocidxeHb i enpoeadxKeHHs.

Knio4yoBi cnoBa: ameopumm Pokkio, eekmopHa Modenb, 2i6pudHa inbmpayis, konabopamueHa hinbmpauyisi, KOHMeHmMHa
ginbmpauyisi, pekomeHdauiliHi cucmemu.

ABTOp 3asABNs€ Npo BiACYTHICTb KOHMIKTY iHTepeciB. CnoHcopu He Bpanu yvacTi B po3pobneHHi gocnimkeHHs; y 36opi, aHanisi um
iHTepnpeTauii AaHWX; Y HanMCaHHI pykonucy; B pilleHHi Npo nybnikauito pe3ynbTartis.
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