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NHTennekTyasnbHble CUCTEMbI U TEXHOJIOMMU
Intellectual Systems and Technologies

HaydHas cTaTbs @ 013)
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rEHEPALNA PAAUONOKALIUOHHDbIX
CHUMKOB MECTHOCTU U3 ONTUYECKHUX

K.B. lNpokogveb’ = , C.B. NBaHOB?

12 CaHKT-MNeTepbyprckMin HaLMOHaAbHbIN UCCea0BaTENbCKUI YHUBEPCUTET
MHPOPMALMOHHbIX TEXHONOTMIA, MEXAHUKKN U ONTUKM (YHUBepcuTeT UTMO),
CaHkT-NeTepbypr, Poccuitckaa Pepepaums

= baterflyrity@yandex.ru

Annotamus. PocT TeXHOIOTMYECKOTO YPOBHS IMPOMBIIIICHHOCTHU 3a ITOCASIHNE TOIBI TIPU-
BEN K ITUPOKOMY IIPUMEHEHMIO TEXHOJIOTUN CTAaTUCTUYECKOTO BBIBOAA, HaIlpuMep, HEMPOH-
HBIX CETel M MAIlIMHHOTO O0Yy4YeHUsI, TPEOYIOINX HAJINUMsI OOJIBIIOro 00béMa UCXOTHBIX JaH-
HbIX. B o0sacTu 06pabOTKM JaHHBIX ¢ OECIIMIOTHBIX JIETATEJbHbBIX aMlapaToB HaOM0IAI0TCS
CJIOXKHOCTH C TIOJTYYeHUEM MCXOMIHBIX PAJINOIOKAIIMOHHBIX CHUMKOB MECTHOCTH B CBSI3U C J0-
pOTOBU3HOI 00OpPYIOBaHUS, OpraHU3aIeil OECIOMETHBIX 30H U TPYIHOCTHIO COTJIACOBaHUM
cbopa maHHBIX. Habophl maHHBIX B CBOOOTHOM JIOCTYIIE OTPAaHMYCHBI M HElleJIeCcO00pa3HbI IS
psima ucciaenoBaHuii. McciaemoBaTeabcKue TPYMIITHI JIMOO pabOTaiOT B YCIOBHUSX OTCYTCTBUS
JNaHHBIX, MO0 HAHUMAIOT Teoae3ucToB U 3D-au3aiiHepoB. B craThe M3y4eHBI METOABI pEIlIe-
HUS 9TOH MpoOJIeMbl MyTEM TeHepallMy paauoJOKALMOHHBIX U300paXXeHUl U3 00IIeI0CTYII-
HBIX ONITHYECKHUX CITYTHUKOBBIX KapT, KOTOPBIC JOCTYITHBI JJIsT JTI000i Toukn 3eman. Paccmo-
TPEHBI IBa METOa: MOJeIMPOBaHNe (PU3NUECKUX ITPOIIECCOB PACIIPOCTPAHEHUS PAANOBOIH 1
CBEPTKA IBETHOTO M300pakeHMS B rpagaliuu ceporo. @usmdeckas MOACTb CTPOUTCS B IIEPBOM
MPUOIIKECHUM KaK JUHEIHOE pacipocTpaHeHUE 3JIEKTPOMAaTHUTHOM BOJHBI C OAHOM TOUKOM
OTpakeHUsl, HeCylleCTBeHHbIe 3(P(PeKTHl pacrpoCTpaHEHUsSI PaJUOBOJH B aTMocdepe U Ipu
OTpaxXeHuHu omycKarTcs. OnucaHbl pa3iUuuyHbIe AITOPUTMbI CBEPTKH, TMHENHOTO Mpeodpa3o-
BaHU4 LBeTOBOTO npoctpaHcTBa RGB B rpamanuu ceporo: YPbPr, HSV, nuneiinas perpeccus.
dusngeckas MoIeab OTOpAChIBAeTCSI BBUIY MPAKTUUYECKOM HEIMPUMEHUMOCTH M CJIOKHOCTH
peanu3anuu. [Tociie OLIEHKU Pe3yJABTaTOB CBEPTKU IT0 KPUTEPUSIM BU3YaTbHOTO U MaTeMaTH-
YeCKOIo MaKCMMAaJIbHOTO TIPaBAOIIONO0MS IIPEeAIIouTeHNe oTaaéTcs anropurmy YPbPr. Ipen-
JIOXKEHBI TOTIOJHUTEIbHBIC IIaTH 151 00Jiee TOUHOM reHepaluy paaroI0KallMOHHBIX CHUMKOB:
nobGaBiaeHMe 1IymMa U TpeoOpa3oBaHUs MpPocTpaHCTBA. [losydyeHHBI aNrOpUTM TeHEPUpPYeT
BU3YaJbHO M MaTeMaTMYEeCKU aJeKBaTHbBIC MCEBIOPAINOIOKAIIMOHHBIE CHUMKU. Pe3yabTaThl
MPUMEHSIOTCS JUISI CO3MaHWsl HAaOOpOB MAaHHBIX, COMOCTABJIEHHBIX PaJMOJOKAIIMOHHBIX U
ONTUUYECKNUX M300paxXeHUii. MeToa MMeeT TIPeuMYIIecTBO Tepell aHaJIoTaM1 Ha CEJIbCKOM U
IUKOM KJIaTTepax, HO IIPOUTPHIBACT B I'YCTOHACEJIEHHBIX palioHax. JlaHHBIe MCIIOIB3YIOTCS B
HEMPOHHBIX CETSIX M MalllMHHOM oOydeHMHU. IlpemioxeHo Mmocieaymoliee KOMOMHUPOBaHUE
aJlropyuTMa ¢ reHepalueil TOYeUYHbIX 00BEKTOB MHTEpeca.

KioueBsle cioBa: pagnoIoKallMOHHBIC N300paxkeHus, reHepaTop, SAR, mpeobpa3oBaHMe CIIyT-
HUKOBBIX KapT, 00paboTKa a3pOChEMKU

Jlnsa nurupoBanus: [Tpokodpnes K.B., UBaHos C.B. [eHepauus paarojoKallMOHHBIX CHUMKOB
MecTHOCTH u3 ontudeckux // Computing, Telecommunications and Control. 2022. T. 15, Ne 4.
C.7-21. DOI: 10.18721/JCSTCS.15401

© Mpokodbes K.B., MBaHoB C.B., 2022. U3paTenb: CaHKT-MeTepbyprckuii NONUTEXHUYECKUI YHUBEPCUTET lNeTpa Benukoro
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SAR IMAGES GENERATION FROM OPTICAL IMAGERY

K.V. Prokofiev' & , S.V. Ilvanov?

L2 ITMO University (Saint Petersburg National Research University of Information
Technologies, Mechanics and Optics), St. Petersburg, Russian Federation

= baterflyrity@yandex.ru

Abstract. Technological level boost in the industry has led to widespread utilization of neural
networks and machine learning that require large datasets. Data processing in unmanned aerial
vehicles faces several difficulties such as high equipment cost, no-fly areas and complicated
imagery permission acquisition. Public datasets can be deficient and impractical. Researches are
forced to either work without initial data or hire surveyors and 3D-designers. The paper solves
this problem by generation of synthetic aperture radar images from publicly available optical
satellite maps available anywhere on Earth. Two methods are discovered: physical processes
of radio wave propagation modeling and color image convolution into grayscale. The physical
model is constructed in the first approximation as a linear propagation of an electromagnetic
wave with a single point of reflection, insignificant radio waves atmosphere propagation and
reflection effects are omitted. Various algorithms of convolution, linear transformation of RGB
color space into grayscale are examined: YPbPr, HSV, linear regression. The physical model is
discarded due to its practical inapplicability and complexity of implementation. After evaluating
the convolution results according to the maximum likelihood criteria, preference is given to the
YPbPralgorithm. Additional steps are proposed for more accurate generation: noise addition and
space transformation. The resulting algorithm generates visually and mathematically adequate
pseudo-radar images to obtain initial datasets, correlated radar and optical images. The datasets
are supposed to improve neural networks. The method gives an advantage over analogues in rural
and wild clutters but loses in urban areas. In further studies, we propose to combine the results
with objects of interest generation.

Keywords: radar imagery, generator, SAR, satellite map transformation, optic to SAR translation,
aerial imagery processing

Citation: Prokofiev K.V., Ivanov S.V. SAR images generation from optical imagery. Computing,
Telecommunications and Control, 2022, Vol. 15, No. 4, Pp. 7—21. DOI: 10.18721/JCSTCS.15401

BBenenne

bypHoe pa3BuTHe TeXHOJIOTUI B HAMPaBIEHUN MAIlIMHHOTO 00yYeHUSI U UCKYCCTBEHHOTO MHTEJLICK -
Ta CIOCOOCTBYET MX OOIIMPHOMY MPUKJIATHOMY TPUMEHEHUIO B PAa3IMUHBIX 00JIACTSIX MPOMBITTUIEHHO-
CTH, B YaCTHOCTH, B CEKTOpPE OCCHMIIOTHRIX JieTaTeIbHBIX anmapatoB (BITJIA).

CobupaeMble B mpoliecce MOJIETOB AaHHbIE MOABEPraloTCs HIMPOKOMY CIEKTPY Pa3HOOOPa3HBIX
BUIIOB aHaJM3a, B TIEPBYIO OYepeNb C MIOMOIIBI0O HEMPOHHBIX CETEBBIX TEXHOJIOTHI, KOTOPHIE TPeOYIOT
3HAYUTEJbHOTO 00bEMa alIpUOPHBIX TaHHBIX 7151 00ydeHust U onTtuMmusaunu. Coop naHHbix BITJIA 3a-
TPYAHEH M3-3a LEJOro psifia MPUYUH: JOPOrOBU3HBI 00opyaoBaHus [1, 2], opraHu3auuu 6ecroJETHBIX
30H HaJl TOUKAMU MHTepeca U KPYIMHBIMU HACEJIEHHBIMU MyHKTaMu [3—5], CJIOKHOCTBIO U MEIJICHHOMI
CKOPOCTHIO cornacoBadus 1Mo€ToB BITJIA [6], orpaHMYeHHBIM JOCTYIIOM K COOMpaeMbIM TaHHBIM. Mc-
cJemoBaTeIsIM U aHATUTUKAM MPUXOAUTCS 3aMMCTBOBATh YyXK1e HaOOpbl JAHHBIX, KOTOPbIE B HEKOTO-
PBIX BUIaX paboT SIBJISIOTCS He peJieBAHTHBIMU WJIM TTOTyYeHBI Ha Apyroit MecTHOCTH. COOP MCXOMHBIX
JIAHHBIX JUISl 1IeJIEBOM MECTHOCTM HEPENKO SIBJSIETCS HEBO3MOXHON 3amaueii. AJIbTepHaTUBON MPUXO-
JIUTCSI TeHEPaLIUSl HEOOXOAMMBIX JaHHBIX.

© Prokofiev K.V., Ivanov S.V., 2022. Published by Peter the Great St. Petersburg Polytechnic University
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Puc. 1. [IpuMmepsl onITHYECKOro (CIeBa) U paaroI0KaIlMOHHOTO (CIIpaBa)
CHMMKA 36 MHOM ITOBEPXHOCTU CEJIbCKOU MECTHOCTU

Fig. 1. Examples of optical (left) and radar (right) images of the Earth's surface of rural areas

TpanuIIMOHHBIMU KJacCaMM COOMpaeMbIX AaHHBIX SIBJISIIOTCS TMOKa3aHUs JaTYMKOB, reofe3uye-
CKMe KOOPAMHATHI, ONTUYECKNE CHUMKM 1 paauoIoOKallMOHHbIe CHUMKM (puc. 1). Ilocnemnuii Kiacc
pPa3uTEIbHO OTJIMYAETCS CIOKHOCTBbIO ChEMKU B CBSI3U C 00Jiee BHICOKOW CTOMMOCTBIO MCTOJIb3YEMOTO
000pyd0BaHMS U IPYTUMU NIPUBEAEHHBIMU BhIlIE (hakTopamMu. Ha pucyHKe BUIHO, YTO 3amedyaTiéHHas
TTOBEPXHOCTD BKITIOYAET B €04 T10J1€e, JIYT, achaabTOBYIO aBTOIOPOTY, OTAEIbHbBIC IePEBbs M UX TPYIIIIHI,
4yacTh CTaJMOHA, KyCTapHYIO ajlielo.

PagvonokalimoHHble U300pakeHUST — aHAJIOTUYHbIE ONITUYECKUM U300paKeHUsI, MOJyYeHHbIE C MC-
IM0JIb30BaHMEM 3JIEKTPOMArHUTHBIX BOJIH OTJMYHBIX YAaCTOT M3 Auaria3oHa paauo [7, 8]. Takue uzobpa-
JKeHUs 00J1aaloT PSAOM ITPEMMYIIECTB Mepe ONTUYECKUMU aHajioraMu [9]: He 3aBUCST OT METEOYCJIO-
BUI M OCBELIEHHOCTHU, SIBJISIIOTCS 0oJiee KAYeCTBEHHBIMU U I€TaTbHBIMU, MPOCBEYMBAIOT ONTUYECKUIA
Kamydsek. Ho TpeOyIoT MCIoib30BaHMs CIIEIMAIbHOIO JOPOTroro ooopynoBaHusi. CHUMOK COCTOUT U3
HECKOJIbKUX CJIOEB: peibed MeCTHOCTH, MOACTHUIaIoNIasl MOBEPXHOCTh, 00beKThl MHTepeca. Kitaccuye-
CKMM HarpaBjeHHUeM B TeHepalluu SIBISIETCS CUMYJISILUS OTPaXkKeHUsI PaOBOJIH OT OOBbEKTOB MHTEpe-
ca 1 TOCJIeIYIOIMNM BBEIYMCICHUEM PaIloJ0KAIIMOHHOW KapTUHBI 00BEKTa B TOM YHUCJIE C TTOMOIIBIO
HEeHpPOHHBIX ceTeil. JlaHHOMY HallpaBJIeHUIO TTOCBSILIEHO MHOXecTBO paboT [10, 11]. HanpasneHue no-
MycKaeT caadylo KOppesluio U 3aBUCUMOCTb pe3yJibTaTa aHajau3a JaHHBIX OT OKPYXKalollero o0bekT
uHTepeca ¢oHa. JleiicTBUTeIbHO, IJIs aHaIn3a HanboJjIee 4acTo UCITOIb3YIOTCSI CBEPTOYHbBIE HEIPOHHbIE
CeTU, KOTOPbIE BBIACSIIOT HAa PAIMOJIOKAIIMOHHOM CHUMKE 00J1aCTh, BKJIIOUAIOIILY0 OOBEKT UHTEpeca, 1
paboTaroT gaiee ¢ Heil. [TomoOHBIM TUI aHanu3a JaHHbIX ¢ BITJIA siBasieTcst ML OMHUM U3 TIPUMEHU -
MBIX; B MCCJIEIOBATEIbCKUX 3aMayax TpeOyeTCs TOIHAS paaloIOKAlIMOHHAs KApTUHA MECTHOCTH.

PaccmarpuBaeTcst Bropoe MeHee ToIyJisipHOe HallpaBjieHue, TeHepalys KiaTTepHOl KapThl (KapThbl
TUIOB TIOACTUIAIOLIEH MOBEPXHOCTU U CTPOCHUIT), 0ObeAMHSIIONIEH B cebe pebed MECTHOCTU C MOI-
CTHUJIAIONIEH ITOBEPXHOCTHIO, Ha KOTOPYIO ITPU HEOOXOIMMOCTH BO3MOXKHO HAHECTH TpeOyeMbIe OOBEKTHI
WHTEpeca, OMMCcaHHbIe BbIIIEe, Oe3 OLIYTUMBIX MOTEPb KayecTBa pe3ybTUpylollero cHumMka. OcobeH-
HOCTBIO JTaHHOTO HAIpaBICHUS SBJISETCS €ro Majas CTelneHb U3YYeHHOCTH, YTO BhIpaxkaeTcs B c1aboii
MIPeICTaBIEHHOCTH TEMAaTUYECKNX IPAKTUUECKUX PA0OT B OTKPBITOM AOCTYyIIE [ 12], 1 OTCYyTCTBHE UCXOM-
HbIX HAOOPOB JAHHBIX JIsI TPUMEHEHUSI HEMPOHHBIX CETel B OTKPBHITOM JOCTYTIE.
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Puc. 2. [Ipumep cCITyTHUKOBOTO paaroI0KAIIMOHHOTO CHIMKA I1eJIeBOIf MeCTHOCTH (puc. 1)
13 ob1IenocTynmHOro Habopa naHHbix Shuttle Radar Topography Mission

Fig. 2. An example of a satellite radar image of the target area (Fig. 1)
from the public data set of the Shuttle Radar Topography Mission

Meton SARViz [13] mo3BojsieT OCylIECTBISITh CUMYJISILIMIO PAAUOCHEMKM Ha OCHOBAHUM 3apaHee
ITOATOTOBJICHHOM TPEXMEPHOI MOIEN 1IeJIeBO MECTHOCTH. B ciydae OTCyTCTBMSI MOIENM Tpeiiara-
eTCsl MCTOJIb30BaTh MUPOBBIE PaJMOJIOKAIIMOHHbIE cTyTHUKOBbIe cHUMKU Shuttle Radar Topography
Mission [14], KOTOpble UMEIOT Majioe pa3pellieHUe, YTO MPUBOAUT K HU3KOMY KauyeCTBY CUMYJSILIUU
(puc. 2). Pa3penieHne CHUMKa He TTO3BOJISIET pab0OTaTh B LieJieBbIX MaciuTabax. Metonsl RaySAR [15, 16]
u CohRaS [17] mpuMeHSIOT yIpoIIEgHHYIO (PU3NYECKYIO0 MOAEIb OTCIICXKMBAHMS OTPaKeHUI paaroBOJIH
JUTST TIOJTYYEHMST IeTaTbHbIX PAAMOCHUMKOB MCXOAHBIX MOJIEJIeli MECTHOCTH U MoJieieil OObeKTOB MHTE-
peca. Cucrema [18] 3ameiicTByeT KOMIUIEKCHBIN ITOAXO/: TOMOJHUTEIBHO K MCIIOJb30BAaHUIO METOIOB
OTCJIEXKMBaHUS OTPAXKEHUUN PaIMOBOJIH MHTETPpUPYET B ceOsl METOJI FeHepalluu TPEXMEPHBIX Mojeei
MPOM3BOJIbHOI 36MHOI MOBEPXHOCTU HA OCHOBE OTKPBITHIX TAHHBIX TeOMHGMOPMALIMOHHBIX CUCTEM, TT0-
Jlarast uX alpruopHOe HaJTWIKe B JOCTOMHOM KadyecTBe.

3aneiicTBoBaHMEe 3apaHee TMOJArOTOBJCHHBIX MOJEe/iell orpaHM4YMBaeT NMpUMEeHEeHHWE BbICOKOKave-
CTBEHHOU CUMYJISILIMU TTPEUMYIIECTBEHHO TOPOJACKON MECTHOCTbIO. MoJenupoBaHue celbCKOoii, Ma-
JIOU3y4YeHHOM, TPYIHOZOCTYITHON MECTHOCTH HE SIBJIICTCS 1IeJIeCO00pa3HBIM [T psila 3amad, B TOM
YUCJIe ONepaTUBHOTO Pa3BEPTHIBAHUS CUCTEM TOACPXKKU TMPUHSITHSI PellIeHWiI Ha OCHOBE CHUMKOB
MECTHOCTH.

Iupokuii crieKTp pabOT IMOCBAIIEH O0paTHON 3amade — MPeoOpa30BaHUIO PAIMOIOKALIMOHHBIX
CHMMKOB B ontuueckue [19, 20].

HccnenoBaTenbckue Ipyniibl BRIHYXKIEHBI pPabOTaTh JMOO B YCIOBUSX OTCYTCTBUSI UCXOMHBIX AaH-
HBIX, TMOO0 HAHMMATh KOMITAHUH TS T€0Ie3MIECKOTO OOCIeI0BAaHMS U TIOCIEAYIOIIETO MOICTUPOBAHUS
MeCTHOCTH. Takoi MOAXO SIBJISIETCSI HETTPUEMJIEMbIM 10 Pa3HbIM MPUYMHAM: B [TIEPBYIO 0UYepelb BBUIY
OrpaHMYEHHOCTU (pMHAHCUPOBaHUS. TpagulIMOHHO AaHHAs MpobyeMa pelraeTcs MyTéM MOIMEHbI yC-
JIOBHI1 9KCIUTyaTallii KOHEYHOTO TPOMYKTa XOPOIIIO M3YYeHHBIMU JAHHBIMHU CXOXKEH MECTHOCTH WIIM
MOJIHBIM OTKa30M OT MCMOJIb30BAHUS PAIMOJIOKALIUH.

B cBs13u ¢ pa3BUTHEM TEXHOJIOTUI MAIIIMHHOTO OOYYeHHsI U UCKYCCTBEHHOTO MHTEJUIEKTa 3a1eCTBO-
BaHME U HapalllMBaHUe MOJOOHBIX JOIYIIEHUI BCE OOJIbIIE IIPUOIMKAETCSI K KpUTUIECKO# Touke. B
CTaTbe UCCAEAYETCSI METOJI PeIIeHUS U3JIOKEHHOM MPOOJIeMbl ITyTEM MPUMEHEHUST 00111eTI0CTYITHbBIX 00-
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HEMUPOBLIX ONITUYCCKUX CITYTHUKOBbBIX CHUMKOB MECTHOCTHU B TCHEPATUBHOM aJITOPUTME COIMYTCTBYIO-
IIKUX pagroJIOKaIMOHHBIX CHUMKOB.

Du3nuecKoe MOIETMPOBAHNE

dusnyeckas paauoioKallMOHHAs ChbEMKA B TIEPBOM TPUOIMKEHUN MOJETUPYETCS JIMHEHHBIM pac-
MPOCTpaHEHUEM PaJMOBOJIHBI C OMHON TOUKON OTpa’keHHUsI Ha 36MHOI MOBEPXHOCTU (CM. puc. 3; mon
CIMMYTHUKOM mofipazyMeBaeTcs 1000l BITJIA); 00bEMHOCTh MPOCTPAHCTBA U HEKOTOPBIE 3(D(PEeKThI pac-
MPOCTPAHEHUS DJEKTPOMArHUTHON BOJHBI B aTMOc(hepe He yUYUThIBAOTCS. PaaroBOJHBI MOIIIHOCTBIO
Ptx uznyyarorcst B cTopoHy 3eMJii B MOMEHT BpeMeHu, Korna bITJIA HaxoauTcs B JieBo# Mo3uiiMy. 3a-
TEM YacTh SHEPTUM PATMOBOJIHBI OTPAXKAETCs (BOJIHA UCTIBITHIBAET MOTEPU L ) OT MOBEPXHOCTH 3eMIIH,
npuodpeTasi CBOMCTBA, XapaKTepU3YIOlIKe TOBEPXHOCTb OTpaXeHUs (KiaTTepa). 3a BpeMsi OTpaKeHUs 1
BO3BpallleH1s BOJHbI «HaBepx» BITJIA nmepemeliaeTcst B mpaByio MO3ULIMIO, TAE T1eTEKTUPYET OTPaKEH-
HYIO BOJIHY MOIITHOCTbIO P. 1 U3BJIeKaeT U3 He€ MepeHOoCUMYI0 MH(OPMALIMIO O KJIATTepe UIN 00bEKTe
uHTepeca. B npoiiecce pacﬁpOCTpaHeHym B arMocdepe paaroBOJHbBI TEPSIOT YaCTh SHEPTUU (MCTIBITHI-
BalOT MOTEPU d).

Mogaenb MOXXHO 3arucaTh JIorapu(pMUuIecKuM ypaBHEHUEM PaJuOCBSI3U:

I)Rx :PTX"'GTX_LTx_Llos_LR_Llos_LRx+Ger (1)
rne T — nepenaya; R — npuém; P — MOHOCTE; L — 1oTepy Ha 060pyoBaHuy; L, — noTepu B CBOOO -
HOM MPOCTPAHCTBE; L, — MOTEPY NMPU OTPAKEHUHU OT TOBEPXHOCTH 3€MIIU.

[ToTepy B cBOOOIHOM MPOCTPAHCTBE BLIYMCIISIOTCS 10 clieaytoiieit popmyite [21]:

L,, =32,4+201g(f)+20lg(d), )

rne f — yacrora panuoBoiHel, MIir; d — miuHa paguorpaccsl — paccrosiiue ot BITJIA 1o Touku oTpa-
JKEHUSI, KM.

HepoBHOCTL MOBEPXHOCTH 3eMIIM onpenesisiercs B Buae pasopoca Ad (puc. 4). Bausanue pasdpoca
BBIYMCIISIETCS TIO CIEMyIoIIeit hopmyie:

AL, =L, (d+Ad)-L, (d)=20lg 1+Ad—d : (3)

os — los

Homyckasi, 4To BbICOTa MOJETA JEeTaTeJIbHOIO arrapara cocTaBisieT 1 KM, paspeliaroiasl Criocood-
HOCTb M300paxkeHus: 1 M, yroyj OTKJIOHEHMS JMHUM PACIIPOCTPAHEHMSI PaarMOBOJHBI OT IOPU3OHTA
npuHuMaercd 3a 90 rpamycos, a JuinHa paguorpacchl d oueHuBaercs B 1 kM. Torma cpeaHecTaTUCTH-
yeckuii pazopoc Ad TIpy OTHOCUTENILHO POBHOM 36MHOI IMOBEPXHOCTU B CEJILCKOIA, JIECHO!, MOJIEBOA
U MPUTOPOIHOI MecTHOCTH [22] coctaBnseT 15 M. Biusinue pasdpoca AL/OS paBHsietcs 0,129 nb unu
3 % W He OKa3bIBaeT 3HAYNTEIIFHOTO BIMSTHUS Ha PaIroI0OKAIIMOHHYIO KapTHHY. YpaBHEHHE paTuOCBI3U
MOKHO TIepeTnncaTh K BUILY

P :C_LR 4)

Y TIEPEHOPMUPOBATh K BUILY

R> )
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Puc. 3. [IpyHIMIT panroIoOKalIMOHHOM ChEMKH B IICPBOM IPUOIKCHUT
Fig. 3. The principle of radar survey in the first approximation

Puc. 4. HepoBHOCTb OBepXHOCTU 3eMIIN
Fig. 4. Unevenness of the Earth's surface

rie C — xoHcTanTa; Y — apkocTh u3o6pakenus; K, — KoapGUUMEHT OTpakeHUs paJliOBOJIHbI 3a1aH-
HO 4acTOThI OT TOBEPXHOCTU 3EMJIU.

PaauonokanuonHoe nzobpaxeHue dhopMupyeTcsl MoJ AeHCTBUEM pa3IuyHON OTpaxarolleil cro-
COOHOCTM 3eMJIM B YCIOBUSIX 3alaHHON MecTHOCTH. [ToTepu mpu oTpaXkeHUU 3aBUCIT OT KaTTepa Uiu
00beKTa MHTepeca U MOTYT ObITh BbIBEJIEHbI M3 JAHHBIX FTeOMH(MOPMALIMOHHBIX CUCTeM. TOUHOCTb MoJie-
JIN OTIpeIeIISIETCS B MIEPBYIO ouepeab TOUHOCTHIO TeOMH(POPMALIMOHHBIX CUCTEM, YTO HE TIOAXOAUT IS
pelieHus 001IIei 3a1aur, a TOJIBKO JIMIIE IJIs TeHepaluy Habopa JTaHHBIX Ha XOPOIIIO UCCIeI0BaHHOM
MECTHOCTH, U TIPUHOCUT MaJIo TTPAKTUUYECKON TOJIb3bl. PellleHo 0TKa3aThCsl OT (PU3MYECKOTO MOJEM -
POBaHUSI U MCCIEA0BATh METOJ MaKCHMAaJIbHOTO MPaBAONOA00MST MYyTEM MpeoOpa3oBaHUs 1IBETOBOTO
IIPOCTPaHCTBA ONTUYECKUX CHUMKOB MecTHOCTH RGB B sipkocTHOe.

IIpeoGpa3oBaHue HBETOBOrO MPOCTPAHCTBA

M3BreyeHrne pamvoCBOMCTB KJIATTEPOB M OOBEKTOB MHTEpeca M3 ONTUYECKOTO CHUMKA MPUHIIM-
MMMAJIPHO HEKOPPEKTHO M HEBO3MOXKHO € TOYKM 3peHus du3nku. Ho mpuMmeHeHne creHeprupOBaHHBIX
MCEeBAOPAAUOJOKALIMOHHBIX B HEMPOHHBIX CETSIX, MAIIMHHOM OOyYeHUU M IPYrux ajaropurMax obpa-
ootku gaHHbIX ¢ BITJIA 1enecoodpasHo. PaccmarpuBaercs 3agavya moaoopa, MoMrKceIbHasi CBEPTKA
IIBETOBBIX KOMITOHEHT OITMYECKOTO CHMMKA B OTTEHOK Ceporo. 3amada IpeoOpa30BaHUS IIBETOBBIX
[IPOCTPAHCTB B OTTEHKU CEPOrO ¥ ONTUMU3ALIMHI SIPKOCTHOM KOMITIOHEHTHI Y, B O0OLLEM CiIydae, He UMe-
eT GU3NYECKUX UM MaTeMaTUYeCKUX orpaHuyeHni. OnHAKO UCCIIEAYeTCs UCKIIOUMTENbHO JUHEHHAs
CBEPTKA, pa3IMYHbIe ITNPOKO MpaKTUKyeMble aaroputMbl: YPbPr, HSV, nmuneiinas perpeccus.

SApkocTHast KOMITIOHEHTa LIBeTOBOU Moneau YPbPr Beruuncisercs o popmyie

12
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Y =KR+(1-K,~K,)G+K,B, (6)

rae R, G, B — userosble KOMITOHEHTHI TpocTpancTtBa RGB ot 0 10 1; K — K03hGULIMEHTH raMMa-Kop-
pekunn. KoadduimeHTsl raMMa-KOPPeKLUK U TeJIEBUIEHUSI CTAHIAPTHOM YETKOCTU OIpeaeeHbI
xak K, = 0,144, K, = 0,299 [23].

SpxocTHast KoMIOHeHTa 1BeToBOIM Monesin HSV BeruncisieTcss mo hopmyie

Y =max(R; G; B). (7)

KoadduimeHTsl @ TMHEWHON perpeccuu OlleHEeHbl METOJ0M HAaMMEHBIINX KBaApaTOB C HYJIEBBIM
CBOOOIHBIM YIEHOM, ITOJIy4eHHbIE 3HaUeHns pasHstores —0,156 g R; 2,189 wia G; —1,713 g B:

Y=a,R+a,G+a,B. (8)

OtpulartenbHOE 3HaYueHUEe KO3 MULIMEHTa ISl LIBETOBOI KOMIOHEHTHI R BBITJISIAUT CTPAHHO C y4é-
TOM (PU3NIECKOI OCHOBBI LIBETOBOM Mozaean RGB, HO IOIYyCTUMO B YCJIOBHMSIX aOCTparnpoBaHus oT Gu-
3MYECKUX MPUHIIUIIOB U peLlIeHUs CyTy00 ONTUMMU3ALOHHON 3a1a4M.

Bce paccMoTpeHHbIE aJITOpUTMBbI TeHEepalluy UCCIIeIYIOTCSl Ha Habope COMOCTaBAEHHBIX ONTUYECKUX
U pagroJOKALMOHHBIX CHUMKOB MeCTHOCTHU. [Tocjie reHepaluuy MceBAopaauoJ0KallMOHHOTO CHUMKA
MMPOU3BOJUTCS HOPMAJIM3AIUS €r0 SIPKOCTU: T00aBIISIETCSI CBOOOIHBIN UjieH, 00eCTIeYMBAIOIINI MUHU -
MaJIbHOE PacXOXJIeHUE CPeHEN SIPKOCTH TATOHHBIX PAIMOJOKAIIMOHHBIX U CTeHEPUPOBAHHbBIX TICEB-
JOPaINOJOKAILIMOHHBIX CHUMKOB.

OueHKa pe3yJbTaToB

OneHka PAaCCMOTPEHHBLIX aJITOPUTMOB I'€HEpaLl IICEBAOPAANOIOKAIIMOHHbBIX I/I306pa)KGHI/H71 n3 OoIl-
TUYECKUX BBIYMCIIACTCA CIICAYIOIINM 06pa30M:

DMl
WH

)

B aGCOJTIOTHOM BenunHe E — CpenHsis OLIMOKA Ha UKCeb (MpuHuMaet 3HaueHust ot 0 1o 256), roe W
— mprHa u3obpakeHus, [ — BbicoTa U300pakeHus1, Y — UCTUHHAS SIPKOCTb, Y - CTEHEPUPOBAHHAS
SIPKOCTb.

B kauecTBe MOMOTHUTEIBHBIX METPUK MCIOJb3YIOTC MakcuMaibHas (10) u muHumanbHas (11)
OILIMOKA HA MUKCEb:

; (10)

max

E :maxW,H|Y—)7

. (11)

min

E . :minW,H|Y—)7

ITpousBeneHa olieHKa U cpaBHeHHUE (TabJ. 1) creHepUpOBaHHBIX CHUMKOB (puC. 5), B TOM YuUCJIe C
3TaJOHHBIMU PAAUOJIOKALIMOHHBIMU (puc. 1, cripaBa). [1o pe3ynbTatam npeaiaracTcst K UCHoAb30BaHUIO
anroput™ YPbPr (6).

Ol'[TI/lMPBaIll/lﬂ ajiropurMa

[Tocne reHepalvu U300pakeHUs B IpafallisiX CEPOro peKOMEHIYeTCsl JOMOJHUTEIbHO HaT0XEHME
1Iyma JUisi CUMYJISILIMM TTIOMEX, MOTJIONIA0IIMX DJIEMEHTOB U HeoJHOpoaHOocTel. [To mpupoe 1yMm sBiisi-
€TCsl MYJITUTUTMKATUBHBIM, TI0 XapaKTepy pacrpeaeeHus ToAUMHSIETCs raMMa-3akoHy [24, 25].
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| _a
Puc. 5. CreHepupOoBaHHBIE IICEBIOPATNOIOKALIMOHHBIE N300paKEeHUS
(aroputMbl ciieBa HarpaBo: YPbPr, HSV, nuneiinas perpeccust)
Fig. 5. Generated pseudo radar images (algorithms from left to right: YPbPr, HSV, linear regression)
Tabnuna 1
Onenka pe3y/IsTaToB I'eHePAIH NCEBI0PAAN0JI0KAIMOHHBIX CHUMKOB
Table 1

Evaluation of the results of pseudo radar images generation

AJroput™ E E . E .. Cpemee cuemnenie BusyasnbHas oneHka
SIPKOCTH
YPbPr 25 0 22 +33 HawubGonee Bu3yajibHO
cxoxkee u3o0paxeHue
HSV 2% 0 214 +37 C/IMIIKOM BBICBETIICHHBIE,
OITHOPOJIHBIE TOJIST U JTyTa
JIuneiinasa 21 0 200 _6 HawubGonee Bu3yajibHO
perpeccus pacxoxxee u3obpaxkeHue

Ha HaGope MCXOMHBIX JaHHBIX [IPOBE/IeHA OlLIeHKA ITapaMeTPOB pacIpeae/ieHUsI MYJIBTUIUIMKATUBHO-
ro myma (puc. 6) METOIOM MaKCHUMAaJIBHOTO TTpaBaonogoous [26—29] Ha oKpecTHOCTH paauyca 3 muKce-
151, [padyKM MIIOTHOCTH BEPOSTHOCTH HATISITHO IEMOHCTPUPYIOT CXOAMMOCTh TaMMa paciipeaeIeHIs K
60oJ1ee IPOCTOMY, HOPMAaJIbHOMY, COIJIACHO LIEHTPaJIbHOM TPeAebHOI TeopeMe:

e = R R
Y[xy](R):(ZR-’_l) ZZAx:_RZAy:_RYE)HAx,)wAy]’ (12)

rae Y[x,y] — cpelHee 3HAYCHUE OKPECTHOCTH THUKCEJIsI 10 KoopauHaTam (X; V); R — pamuyc oKpecTHO-

cru; Y[x’y] — 3HAYEHUE MMUKCEJIS IO KOOpAMHATAM (X; V).

PekoMeHmyeTcsi HanoXeHHUE MYJBTUIIMKATMBHOTO TayCCOBCKOTO IIyMa C TMapamerpamMu [ =
=0,9885796517360985, ¢ = 0,2508281649583726 (puc. 7).

IMocie reHepay pagroIOKAlMOHHOIO N300pakeHUST pEKOMEH/IYETCS BBITTOJIHUTH CUMYJISLINATO TT0-
JI€Ta OCCMIIOTHOTO JieTaTeJibHOro armapara (puc. 8, 9). JlaHHBI TTOpSIAOK NeHCTBUI ITO3BOJISIET CO-
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CpaBHeHWe pacnpefeneHus My nbTUNAUKaTUBHOIO
wyMa Ha UCXOOHBIX N CreHeprupoBaHHLIX
PaanoNoKauMOHHbIX CHUMKax

Pacnpe,qeneHMe B
1.75 4 WCXOOHBIX OaHHbIX
OI'ITHMI/ISMDDBEHHOE
raMmmMa pacnpeneneHue
1.50 1 ONTUMW3WPOBaHHOE
HOpManbHOE pacnpefeneHue
£ 1.25
g
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I
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3
9 1.00 A
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8
a
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0.50 4
0.25 1
0.00 4
-1 0 1 2 3 4

OTKNoHeHne

Puc. 6. CpaBHeHMe pacrpeaesieHUsI MYJIBTUILIMKATUBHOIO IIIyMa
Fig. 6. Comparison of multiplicative noise distribution

Puc. 7. [Ipumep HaMOXEHUS HOPMAJIbHOI'O MYJIBTUIUIMKATUBHOIO LIYMa Ha MOJy4eHHOE
MCeBIOPAAMOJOKAIIMOHHOE N300pakKeHue ¢ MpuMeHeHneM ajaroputma YPbPr

Fig. 7. An example of superimposing normal multiplicative noise
on the obtained pseudo radar image using the YPbPr algorithm

KpaTUTb B TPU pa3a CJIOKHOCTb UTOrOBOM TeHepaluu. Bc€ MHOoroodpasue aspoiMHaMUYECKUX SIBJIEHU I
[30—32] B mepBOM IIpUOIMKEHUM CBOAUTCS K MOJEIN IIPeoOpa3oBaHUi IIPOCTPAHCTBA, KOTOPAsl BKIIIO-
YaerT:

1. HakJoH.

2. AddunHbIe IpeoOpa3oBaHusI.

2.1. PacrtsixeHue (MeTOJ0M OOpaTHOTO CXKATUST).
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Puc. 8. [IpuMep NCXOTHOTO ONTUYECKOTO M300paKEHUST
Fig. 8. An example of the original optical image

Puc. 9. [Tpumepbl moTy9eHHBIX U3 UCXOTHOTO (pUC. 8) MCeBIOPATNOIOKAIIMOHHBIX N300paXKeHU
C HAJIOXXEHUEM IIyMa 1 MPUMEeHEeHUeM MTpeo0pa3oBaHuil TPOCTPAHCTRA

Fig. 9. Examples of pseudo radar images obtained from the original
(Fig. 8) with noise overlay and the use of space transformations

2.2. JIBrxeHue.
2.2.1. IlapajienbHbIi IIEpeHoC.
2.2.2. TloBopoT.
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ITox pacTsokeHUMEeM METOA0M OOpaTHOTO CXKATHsl MOApPa3yMeBaeTCs IMpeIBapUTeIbHOE CXKATUe M30-
OpakeHus (IIepeHOPMUPOBKa MaciTada), YTOObI MPU PACTSLKEHUN He IIPUXOAMIIOCH IIPUMEHSITh MUHTEP-
TOJISILMIO TIMKCEJIEN.

ITapamMeTpsl IpeoOpa3oBaHuil OAOMPAIOTCS CIyYaiiHbIM 00pa3oM U COCTaBIsAIOT He 6ojee 10 % ot
U300paKeHUs 115 peaoTBpalleHus GyHKIMOHATbHBIX UCKaXEHU.

CoBOKYITHBI HA0OP MapaMeTpoB (Tad1. 2) O3BOJISIET MOJIYYUTh KOHEUHbIE TICeBIOPAaN0I0KAIIMOH-
HbIe U300paXkeHus U3 OJIM3KKUX MO MaclITady K MCCAEeA0BAHHBIM ONTUYECKUX CHUMKOB MECTHOCTU U3
OTKPHITHIX UICTOYHUKOB JaHHBIX.

Tab6nauua 2
ITapameTpbl reHepanuu nNCeBIOPATHOTOKANUOHHBIX CHUMKOB
Table 2
Parameters for generating pseudo radar images
ITapameTp 3HauyeHue
KoaddunueHT raMmma-KoppeKIIMy CHHETO KaHaia 0,144
Koadduiment ramma-Koppekinm KpacHOTO KaHaja 0,299
CMeleHue IpKoCTH +33
MaremaTuuecKoe 0XXuaaHue HOpMaJIbHOTO pacipeneaeHUs IyMa 0,9885796517360985
CpenHeKBaapaTUUeCKOe OTKJIOHEHNE HOPMAaIbHOTO pacIpeae/ieHUs IIyma 0,2508281649583726
[TapamMeTpbl TpeoOpa30BaHMil IPOCTPAHCTBA 1o 10 %

3akoueHue

Pa3paboTtaH ajiropuT™M reHepaluy NCeBIOPaANO0JIOKAIIMOHHBIX CHUMKOB 36MHOM MOBEPXHOCTU Ha
OCHOBE OOI1IeIOCTYIMHBIX ONTUYECKUX U300paKeHU I, TaKUX KaK OHJIaH-KapThl. [IpeasioxkeHbl YeThIpe
aTana reHepaluu: BhIYMCIeHUE SIPKOCTHOM KOMITOHEHTHI LIBETOBOTO MpocTpaHcTBa YPbPr, cMelieHue
SIPKOCTHOM KOMITOHEHTBI, T00aBJIeHne HOPMaJbHOTO MYJIBTUILUIMKATUBHOTO IIIyMa, MpeoOpa3oBaHUs
MPpOCTpaHCTBa (HAKJIOH, pacTSXKeHUE METOJIOM 0OpaTHOTO CXKaTusl, MapajlieJIbHbIi TIEpEHOC, MOBOPOT).
[IpousBeneHa reHepalius TECTOBBIX M300paXkeHUii, BbIMOJIHEHA MaTeMaTUYecKasi U BU3yajibHasl OLICH-
Ka pe3yabsraToB. [logyyaemblie MceBIOpanroIOKAIIMOHHBIE U300paXkKeH!sI TIPUMEHUMBI I O0yYeHUs
HENPOHHBIX CeTeil U APYTUX aIrOPUTMOB aHaIM3a JaHHbIX, cooupaeMbix BITJIA. PazpaboTaHHbIl Me-
TOJI TIO3BOJISIET YCKOPUTD, YASIIEBUTh WM JIeTaTU3UPOBATh UCCAEA0BaHUS 32 CUET UCITOJIb30BaHUS 00-
IIENOCTYITHBIX UCXOMHBIX TaHHBIX IIJIS1 JTI000M JTOKAIIMU 1O CPAaBHEHUIO C aHAJIOTMYHBIMU METOIAMU Ha
CEJIbCKOM M IMKOM KJIaTTepax, HO IPOUTPHIBAET B KaueCTBE Ha T'YCTOHACEIEHHBIX U XOPOIIO U3YUYEHHbBIX
paitfoHax. PekomeHayeTcsi KoMOMHALIMS TTPEAJIOKEHHOTO aJITOPUTMA JIJIsI TeHepaluy paaloJOKalMOH-
HOTO CHUMKa MECTHOCTH C pACCMOTPEHHBIMU METOIAMM TeHepallui 00beKTOB MHTepeca.
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OOPMUPOBAHMUE YMNPABJIEHUA NMOJIETOM IPYMMbl
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Annoramusi. PaccMoTpeHa 3amava yrpaBieHUS TPYINON OSCIUIOTHBIX JIeTaTeJbHBIX aIllia-
patoB (BITJIA) nns opranu3anuy ABUXKEHUS pOeM IO 3aJaHHON TpaeKTOpUHU, o0ecrieuynBalo-
meit HanboJsee 3 GheKTUBHOE TOCTHXEHKE 1eIN ImoJieTa. M3ydeHbl BOIIPOCH BRIOOpa MaTeMa-
TUYECKON MOIEN IMPOCTPAHCTBEHHOTO ABMKeHUS Tpynnbl BITJIA, mpurogHoil mIst perieHNs
3aJa4M CUHTE3a COTJIACOBAaHHOTO YIIPaBJICHUS BCEU COBOKYITHOCTBIO JIeTaTeIbHBIX allllapaToB.
YuutheiBas cnenuduKy TpeOOBaHUI K IIPOCTPAHCTBEHHO-BPEMEHHOMY ITOJIOXKECHHUIO OTHCIb-
Hbix BITJIA (areHTOB) B TpyIIe, MPEeIIOXeHO MCII0Jb30BaTh MOMAEIb ¢ JumepoM. B rpymme
areHTOB HAaXOAWTCS BUPTYaJbHbBIN JUIEpP, KOTOPBIM MJIaHUPYET MapLIPYT IBUXKEHUS T'PYIIIbI
B COOTBETCTBUM C 3aaHHOM 3amadyeii 1 OTCIICKUBAET OTpeNeICHHYIO LIe/Ib IBUKeHMsI. BupTy-
aJIbHBIN JINJIEp PACCUMUTHIBAET CBOE COOCTBEHHOE YIIPaBIeHUE IBUKEHUEM C TTIOMOIIBIO aJITO-
pUTMa OTCJICXKUBAHUS TPACKTOPUU VUIU OTCIICKUBAHUS 1IN, YTOOBI IBUTATHCS IO XKeJIaeMOU
TpaekTopuu. [Ipu 3TOM cuUrHai HaBeAEeHUSI MOXKET MO3BOJUTh OTAeabHBIM BIIJIA cobuparbscs
Ha MO3UIIMY BUPTYATbHOTO JUIepa U COOTBETCTBOBATh BEKTOPY CKOPOCTU BUPTYaTIbHOTO JIM-
nepa, 4ToObl 00ECIeYUTh CBSI3b TOIMOJOTHMM MHOTOAreHTHOM CUCTeMbl U 00ECTIeUUTh POEBOE
dopmMupoBaHuUe.

KioueBsle c1oBa: cricTemMa yIpaBieHHs, OCCITMIOTHBIN JIeTaTeIbHBIN alllapat, MaTeMaTHIecKast
MOJIEJIb TPYIIIThI, KOOPAWHAIIMSI, YIIPaBIeHNE POeM

Jlna murupoBanus: Uxxy FO. @opmupoBaHue ympaBiaeHUs MMOJETOM TPYIIbI OECTIMIIOTHBIX Jie-
TaTeJIbHBIX aIllapaToB Ha OCHOBE aJIfOPUTMA MHOTOAreHTHOU Monenu poeHust // Computing,
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FORMATION OF FLIGHT CONTROL
FOR A GROUP OF UNMANNED AERIAL VEHICLES
BASED ON ALGORITHM OF MULTI-AGENT SWARM MODEL

Y. Zhu' =
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Abstract. The problem of controlling a group of unmanned aerial vehicles (UAVs) is considered
to organize the movement of a swarm along a given trajectory, which ensures the most effective
achievement of the flight goal. The issues of choosing a mathematical model of the spatial motion
of a group of UAVs, suitable for solving the problem of synthesis of coordinated control of the
entire set of aircrafts, are discussed. Taking into account the specifics of the requirements for the
space-time position of individual UAVs (agents) in a group, it is proposed to use a model with
a leader. A group of agents has a virtual leader who plans the route of the group in accordance
with a given task and tracks a specific goal of movement. The virtual leader calculates its own
motion control with a trajectory-tracking or target-tracking algorithm to move along the desired
trajectory. In this case, the guidance signal can allow individual UAVs to gather at the position
of the virtual leader and correspond to the velocity vector of the virtual leader in order to
communicate the topology of the multi-agent system and ensure swarm formation.

Keywords: control system, unmanned aerial vehicle, mathematical model of the group, coordination,
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BBenenne

Ycnexu, TOCTUTHYTBIE B pa3pab0TKe OeCHMJIOTHBIX JieTaTeabHbIX arnapatoB (BITJIA) kak BoeHHOTO,
TaK ¥ TPax/JaHCKOTO Ha3HAUYEeHUS, CO3[1al0T XOPOIIre MPEANOChUIKU JUIsl IITMPOKOTO Kpyra ux mpumMe-
HEHMSI, B YaCTHOCTH JIJIsI UCCJIEIOBAaHUSI 36eMHOU TTOBEPXHOCTH, B TOM YUCJIE 30H CTUXUIMHBIX OEICTBUIA,
MECT Ype3BblYaHbIX CUTYALIM, 17151 OOHApYKEHUsI 04aroB IOXapoB, IJIs U3MEPEHUS METEOPOJIOrnIe-
CKMX JAaHHBIX, paJlallMOHHOro (hoHa U Apyrux (akTopoB, a TaKXKe /i o0ecrieueHus TeJJeKOMMYHUKa-
LI, MOHUTOPUHTA TPYOOTIPOBOIOB U JJMHUI dJIeKTpoTiepeiay, maTpyJupoBaHus rpaHull. CBsI3aHO 3TO
¢ teM, uto BITJIA neliesiie MujoTUPYyeMOM aBUaLliM, 00Jiee MMPOCThIE B OOCTYKMUBAHUU, X ITOJET MOXKET
OBITb HAMHOTO ITPOJOJIKUTEJIbHEE, OHU TAKXKE MOTYT pab0TaTh B TEMHOTE, B YCJIIOBUSIX IUIOXO! BUIMMO-
CTU, KPOME TOTO, OHU MOTYT ITPUMEHSITLCS B CUTYaLIMSIX, YTPOXKAIOIIMX XKU3HU TTUJIOTA.

BDddexkTuBHOCTL Ucnonb3oBaHusl BITJIA 3HaYMTEIbHO MOBBIILIAETCS MPU OPraHU3aLUY TPYITIOBbIX
nosieToB. OOHAKO MPU 3TOM BO3HMKAET Psi CJIOXHBIX IMPOOJIeM, CBI3aHHBIX C 00ecreuyeHeM yrpaB-
snienust mosietoM rpynibl BITJIA. TTox rpynnoit BITJIA 06b1YHO MOHMMAIOT HEKOTOPYIO COBOKYIMTHOCTD
JIeTaTeJIbHBIX allllapaToB, MOAUYMHSIIOIIMXCS ONIPeAeACHHBIM MpaBuIaM cOopa B TPYMITY, CHOCOOHBIX BbI-
JIep>KUBAaTh CBOE MECTO B CTPOIO Ha MPSIMOJIMHENHBIX M KPUBOJMHEHHBIX Y4aCTKaX I0JIeTa BCEI ITPYIIIThb
B 1I€JIOM, pearupoBaTh Ha U3MEHEHHUSI OKPYXKaloIlei cpe/ibl 1 B3aUMOJEMCTBOBATh APYT C APYTOM IS
pelLIeHUs] €eAMHON 1LIeJIEBOM 3a1a4u, ITOCTABJIEHHON Meped IPyIIoN.
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DTO onpenensieT HEOOXOAMMOCTb THOKOTO (POPMUPOBAHUS IPYIIILI B ONEpaLlU: TTO3BOJISIET BHIOU-
paThb TTapaMeTphl POCTPAHCTBEHHO-BPEMEHHOTO 1 KOMOMHATOPHOTO B3aUMHOTO TTOJIOKEHUS JIeMEH-
TOB I'PYMIIbI, UCXO/ISI U3 TPEOOBAHU U LiEJIeli oTnepalinu.

C TOYKHM 3peHMs] MPOCTPAHCTBEHHO-BPEMEHHOIO TOJIOXKEHUS 2JIEMEHTOB B TPYIINE, MOCAeIHUE
MOTYT BBITIOJTHATb:

* TPYNIIOBO MaHEBp, NP KOTOPOM HOMUHAJIbHbIE TPACKTOPUU ABUXKEHUS BCEX JIEMEHTOB KOH-
TPYHTHBI;

* WMHOIWBUAYaJbHBIM MaHEBp, TP KOTOPOM KaXKIBIN 3JIEMEHT, HE3aBUCUMO OT JPYTUX, MOXET Me-
HSITh MTapaMeTpPbl TPACKTOPUU IBUKEHMUS,;

* CMEILIaHHBII MaHeBp, MPU KOTOPOM BO3MOXHO M3MEHEHME MapaMeTpoOB ABMKEHUS KaK Bceit
TPYIITION CPENCTB, TaK M OTAEITbHBIMU JIeMEHTaAMMU.

Yro KacaeTcsi KOMOMHATOPHOTO MOJOXEHHSI, TO OHO XapaKTepu3yeT CTPYKTYPY MOCTPOSHUS TPYMIIbI
BITJTA paszauuHBbIX TUIIOB, HAPUMEP, LIEJIEBbIX 3JIEMEHTOB (HEMOCPEACTBEHHO PellaloluX 3a1a4y) 1
obecrieunBatoiux e€ BoinmojHeHne BITJIA. @opMupoBaHue IPOCTPAHCTBEHHO-BPEMEHHON MOIEIH 110~
CTPOEHMSI TPYIIMHI JOJKHO 0a3MpOBAThCsSl HA yueTe OrpaHUUEHU 1Mo pacriosaraeMoil 3HepreTuke, Ma-
HEBPEHHbIM BO3MOXKHOCTSIM, B3AUMHOI pacCTaHOBKE U T. 1.

IIpu sTOoM Ha cucTeMy yrpasieHus 1ojeroM rpynmbl bITJIA Boznaraercs 3amada cOrjlacOBaHHOTO
yIpaBJIeHUs] KaXIbIM U3 JeTaTeJIbHbIX allfapaToB /I OpraHU3alMy JIBUXKEHUST CTPOEM 0 3aJaHHOMN
TpaekTOpuHU, KoTopas obecrieyrBaeT Hanbosiee 3¢ GeKTUBHOE JOCTHXKEHME 1eIM, ITOCTaBJIEHHOM Ie-
pen rpynmnoii. Cucrema yrpasieHus mojietoM BITJIA B rpymiie ocyiiecTBisieT KOHTPOJIb IIPaBUJIbHOCTH
yaepxaHus Tpaekropun KaxabiM BITJIA ¢ ToyHOCTBIO, oOecrieunBaolleii 0e30MacHOCTh B IIJIOTHBIX
IPYNMOBBIX Mopsinkax. Ha aTy xe cuctemy Bozjaraercs 3agada MeKCaMOJIETHOM HaBUTallMM W Opra-
Huzanuu B3anMmoaeiicteusa BITJIA nmo mHdopMalMOHHBIM KaHallaM C LIeJIbIO OIpeaeIeHUST B3aMMHbBIX
koopauHar [1].

B o6nactu uccinegoBanuii opmupoBanue rpymnbl BITJIA nocTerneHHO CTAaHOBUTCS HOBOM pa3HO-
HaIlpaBJIeHHON 1 MEXIUCLUUILUIMHAPHONI 00J1acThiO UccaeaoBaHuii. B 3Toi 061acTu CyliecTByeT MHO-
JKeCTBO HaIlpaBJIeHU I MCClIeJOBaHMIA: UCCIeI0BaHMS a9POAMHAMUYECKUX TTOMEeX MTpU 0JIM3KOM (popmu-
pOBaHUU IpynIibl [2—4], UccaeaoBaHKs IO MPOEKTUPOBaHMIO (DOPMUPOBAHUS IPYIIILI [5—7], ucciieno-
BaHUS MO TJIAHUPOBAHUIO TPAeKTOPUM (POpPMUPOBAHUS IpymIIb [§, 9], McclenoBaHUs O yIIpaBICHUIO
dopmupoBarmeM rpyrs [ 10—13], mccaemoBaHUS ITO PEKOHCTPYKIIUY (hOPMUPOBAHUS TPYITITH | 14—16],
KCCeA0BaHMS 110 pacipeaeeHuIo 3aJa4d popMupoBaHust rpyrmnsl [17, 18], npegoTBpalieHe CTOJIKHO-
BeHuii BITJIA u T. n. IlockonbKy ynpasieHue (hopMUPOBaHUEM CTPOS (TPYMIIbI, POST) SIBJISIETCS BaXKHOM
TEXHOJIOTUE, TO B 3TOI 00JIaCTM MHOTOUMCJIEHHbBIE MCCIIe0BaTEIN TTPEIIOKUIN 00JIbILIOE KOJUUECTBO
aJITOPUTMOB yIpaBjieHus: GopMupoBaHueM Ipynmbl. [Ipu 3ToM TeopeTuuyeckas OCHOBa ajarOpUTMOB
TPYIITIIOBOTO YIIPaBJIeHMS KaK ITPaBUJIO CBSI3aHa C MOIEbIO POSBOTO IBYDKCHUS.

s 1ocTrKeHUs BBICOKOW CTAaOMIBHOCTU M Xopollieit koopauHauuu rpymnbsl BITJIA nonyyaercs,
yTO yrnpaniieHue hopmupoBaHuem rpymi BITJIA cioxHee ynpasieHnust onHuM BITJIA (arentom). Heo6-
XOIVMO YYMTHIBATh HE TOJIBKO KOHTPOJIb HAI MYJIBTHATCHTOM (WIEHOM TPYIIITHI), HO M IPUHUMATh WH-
TepaKTUBHbBIE U COBMECTHBIE PEIIeHUSI MO TolydaeMoii MHGopMaluu sl odecrniedeHust 3¢ GeKTUBHO-
ro ynpasieHusi. Heobxoanmo Takke yUUThIBaTh B3aMMOACICTBIE MEXIy areHTaMU U B3aMMOJIEHCTBUE
MEXIy areHTaMM 1 OKpYXalollei Cpenoi.

IMonet rpynimbl BITJIA MOXXHO MpeacTaBUTh Kak JABUXKEHUE posi. Moiesib pOeBOTro IBUXKEHUST — MOJIEIb,
WCIIOb3yeMas Tl U3YYeHMsT IBMKEHHMs OMHOBPEMEHHO OOJIBIIOTO KOJIMYECTBAa MHAUBUIYYMOB. DopMmy-
JIMPYs 3aKOH WHIWBUIYAJIGHOTO IBYDKEHMS, MOXKHO OIPENETNTh OTHOCUTEIHHOE PETYISIPHOE TIOJOXKE-
HUE MeXIy nepemelneHusIMU otaeabHbIX BITJIA, mpu atoM nBrkenust unausuayaabHoro BITJIA nmeroT
TEHACHIIMIO MPUOIMKATHCS K PETryISIPHOCTH.

CrenoBatebHO, HEOOXOIMMO HE TOJIBKO YIMTHIBATh COBMECTHOE YIIpaBIeHNE MyJIbTHAaTeHTaMK, HO
Y U3y4yaThb MOJIEJIb POSI U IBUKEHUE CTPOSI MYJIbTUAr€HTOB.
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B cratbe npeayiara€rcd Moaejab pod B IPUMEHECHUU K MHOTOAreHTHOMN CUCTEME C KOOII€paTUuBHbLIM
JBM2KECHUEM: MO EC/Ib IBM2KCHUE POA.

Mogaenn pos BILIA

Poii — moBceMecTHOe SIBJIEHME B IPUPOIE. DTO BPOXKIAEHHAs! CIIOCOOHOCTh, IIPUOOpPETeHHAs I10-
cJie JUINTEJIbHOM 3BOJIOLIMU COLIMAbHOM I'PYTIIbl OPraHU3MOB, OOBEIUHSITLCS B IPYIIIIbLI U TEM CaMbIM
afarTUPOBAThLCS K OKpYKalollei cpee /i BbKMBAHUS MPU BOCIIOJHEHUU CJIA00CTU OTAEAbHBIX UJie-
HOB rpymnmsl. [TpuMepamMu MOTYT CIIYKUTh CTau TITULL, PHIO U 1Ip.

B 1986 rony PeitHombac TpemIoKMI TPY 3BPUCTHUECKUX TTpaBujia, KOTOPHIE TIPUBENIA K CO3TaHUIO
MepBOI KOMITBIOTEPHOM aHUMAIIUU TPYIIOBOro MmoBeaeHus [19]:

1) LleHTpupoBaHUE CTau: CTapaliTeCh AepKaThCs OJIMKe K OJIMKANIIIIM TOBapUILaM I10 POIO.

2) IlpenoTBpallieHUe CTOJKHOBEHMIi: U30eraiiTe CTOJKHOBEHUN ¢ OJMXKaWIIMMU TOBapulllaMu
10 polo.

3) ComnocTaBiaeHUe CKOPOCTHU: MOMBITKA COMOCTAaBUTh CKOPOCTh C OJMKAWIIMMU TOBapuUILaMU
0 polo.

OTU NpaBUiia TaKKe U3BECTHBI B JIMTEpaType KakK MpaBuia CIJIOYEHHOCTU, pa3aeieHUs U coTJia-
coBaHus. Mcxoms M3 3TUX TIPaBUI Pa3TUYHBIMU MCCIEIOBATEISIMUA OBLIO TIPEIIOKEHO MHOXKECTBO
MOJIEJIE POsI.

B 1995 rony Vicsek npemioxXuia Moiesib pOsi MHOTOAreHTHOM CJIOXKHOM CMCTeMBI M CO3aJl IIPOCTYIO
MOJIeJb TPYIIITOBOTO ABIMKEHUST — MOJIeb Vicsek Ha OCHOBe cTaTrcTrdeckoi Mmexanuku [20, 26]. JIxamn-
babaiie u ap. [22] mpeacTaBUIIM TTOCIIeIOBAaTEILHOCTD I'padoB coceneit, 00pa3oBaHHYIO BCEMU MHAWBU-
JlyaJIbHBIMU OTHOLIEHUSIMU MECTOIOJOXEHUST B MoJien Vicsek, 1 TeopeTUuecku aoKasaiu, 4To, eciu
9TU Tpadbl COceaei CBSI3aHbI COrJIACOBAHHBIM 00pa3oM, IpyIina OyaeT CHHXpOHU3UpPOBaHa. DTa MOACIb
OIUCHIBaeT CUHXPOHHOE JBUXKEHNE aBTOHOMHOI CUCTEMbI, COCTOSIIIIEH U3 HECKOJIbKUX areHTOB. ATeH-
ThI B MOJIEJIA CJAEAYIOT CJICAYIOIIMM MpaBUIaM:

1. AreHT, IBMXYLIMICS B CUCTEME, UMEET MTOCTOSIHHYIO CKOPOCTb p.

2. Jlro6ast mapa areHTOB B CUCTeMe UMEeT paanyc BIusHUS 7. ToIbKO Koraa MpsIMOJIMHEeTHOe paccTo-
STHUE MEX]y Mapoii areHTOB MEHbIIIe 7', OHU MOTYT BJIMSITh APYT Ha Apyra.

3. HampaBneHue OBMKEHMS areHTa B KaKIbIi1 MOMEHT TaKoe K¢, KaK U CpelHee HarpaBIeHue TBHU-
JKEHUSI BCeX IPYTMX areHTOB B ITpejiesiax paauyca BAUSHUS B MPEAbIIYIIUiA MOMEHT.

B 37Ol MOZIEIM areHT [ UMEEeT MOCTOSTHHYIO0 CKOPOCTb P, CMELIEHNE PAaBHO ql_(t), a HampaBJIeHUE CKO-
pocTy areHTa i paBHo 0 (£), 4TO YIOBIETBOPSIET CIEYIONIMM YCTOBUSM:

1

—)Z,-GN,,MGJ(t), (1)

Gi(t+l)=ni(t

rae N, (t) = {j < k| ”% (t)— q, (t)” < r}.

Kykep u CMmeiin npeutoxX v KJiacTepHyto Moaesb rpyribl (CS-moaens) [23], ocHoBaHHYIO Ha pabo-
te Vicsek. Monenb Couzin [27] npeactaBuia mpooiemMy IepCcrieKTUBHOIO yIjla, OCHOBAaHHYIO HAa MOAC/IN
Vicsek. IlepBoHavyaibHOE HaMepeHue aBTOPOB [27] COCTOSIIO B TOM, YTOObI MOJETMPOBATH IPYIIITY XKU-
BOTHBIX C YU€TOM OTPaHUYEHHOTO MPOCTPAHCTBA U YAYUIIUTb 3(P(HEKTUBHOCTh CHHXPOHU3AIIUU MO
TPYIIBL. DTOT pe3yabTaT UCCIAEA0OBAaHUS TTI0KA3bIBAET, YTO areHT B 0a30Boi Moaean Vicsek UCITOIb3yeT
MHOOPMAIINIO O COCETHUX areHTaX M30BITOYHO, T. €. aTeHTY He HYXKHO ITOJIyJaTh BCIO MH(POPMAIIUIO O
coceJIsIX B IpyIIe U 00aaaTh MHGOopMallreit o Bcex UieHaxX Ipyniibl. YBeJUUeHNe YK clia YJICHOB IPYIIIbI
He 00s13aTe/IbHO 03HAYaeT MOBbIIeHUE 3(P(PEeKTUBHOCTU CUHXPOHU3ALIMH.

Ja"Has MojesTb MMeeT CIIeTYIoIINe JOMyIIeHS:

1. Bce areHThl UMEIOT B3aUMHOE BJISIHUE.
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2. 3HauMMOCTb areHTa, Ha KOTOPOT'o AEHCTBYIOT APYTHe areHTbl, 3aBUCUT OT AOCOMIOTHOTO PaccTosi-
HUSL M PA3HUILIBI B CKOPOCTH MEXIY HUMHU.

Hermpepsisaas Moziesib CS MMeeT MHOTOAareHTHyIo cucteMy ¢ N areHTamu, TJe CMeIeH e areHTa i B
MOMEHT BPEMEHM [ 3aMHChIBAETCA KakK ¢ (f), a CKOPOCTb 3amuchiBaeTcs Kak p (1)

q.i(t):pi(t) (2)

p,(t)= aZjeN,j#aij (”qj (t)-q, (t)”)(p/ (t)-p, (t))’ )

), u (p(r) :;, napameTpsi o > 0, 3 > 0.

(141117

B nccnenosanuu bannepunu u np. [24] 66U10 0O0HAPYKEHO, YTO OCOOM B CTae MTUIL] B3aUMOACHCTBY-
10T TOJIBKO C OJIVDKaUIIUMM 6-7 COCeIsSIMU BO BpeMs IBMKCHUST CTATH M 3TO HE CBSI3aHO C TUIOTHOCTHIO
TPYIIIBI M pACCTOSTHUEM IO NITUII-coceneii. KpoMe Toro, ObI10 IPUHSTO, YTO B 3aBUCUMOCTH OT CIIOCO0-
HOCTU OT/AEJIbHOTO OpraHM3Ma 3alloMUHATh UH(pOpPMaLIUI0, BO3MOXHO, YTO 3allOMMHaeMast nH(opma-
LIMS1 OKa3bIBaeT HEMAJIOBAXKHOE BIMSIHUE HA MPUHSITUE PEIlIeHUI O BPEMEHHOM TMOBEIEHUH areHTa.

Jxxopmx [25] cuuTaer, 4To, €Ciiu 3alloMuHaeMasi MHGpOpMaLMs O COCEIsIX MOXET ObITh 3(P(PEeKTUBHO
HCIOJIb30BaHa, TO CKOPOCTb CXOAMMOCTU CMHXPOHU3ALIMU TPYIIIbI TAKXKE OyIeT yaydlleHa.

CrenoBatesibHO, MOXKHO CUUTATh BOZMOXKHBIM MOCTPOUTH YACTUUHO HAOI01aeMyI0 TPYIIIOBYIO MO-
Jelib (MOIeJb posi) IJIsl YIIpaBISHUS TPYIIIOBBIM ABMKEHNEM (IBMXKEHUEM POsI).

e a, (¢)= %(p(”qj (1)-a(1)

TaagMop 1 ap. co3aanu HOBYIO MOJIEb KJIacTepa MHOTOAreHTHbIX CI0XHBIX cucteM (MT), ocHoBaH-
Hyto Ha Mozenu CS [28]. HenpepniBHas Mozaeabs MT paccMaTpuBaeT CIOXHYIO cucteMy ¢ N UHIUBU-
ayymaMu. [l MHIMBUOYyyMa [ B MOMEHT BpEMEHHM ! CMEICHUE 3aIlliUChIBACTCS KakK qi(t), a CKOpOCTb
3aIChIBaeTCS Kak pi(t), TO [ql. (t), D; (t)] YIOBJIETBOPSIET:

g:(t)=pi(7) (4)

pi(6)=aX . by(la, (=g ()]) (2, (). (1)), 5)

oo -a@l) o
> olla (-0 (1Y

Ha ocnose mozaenu CS Ilen u ap. [29] npeaoxuayu Moaeib posi ¢ MEXaHM3MOM JUAepCcTBa (MOIEb
HL). Mozens HL paccMaTpuBaeT CI0XKHYIO HEPAPXUYECKYIO CUCTEMY, COCTOALYIO 13 (k + 1) areHTOB 1
nnausunos [0, 1, 2, ..., k]. TIpu 5TOM KaxXIbIil YPOBEHb COOTBETCTBYET COOTBETCTBYIOLEMY WHIUBULLY,
al.j(t) 03HAYaeT, YTO MHAMBU I BO3IJIABJISIET UHIMBUI j, YTO YAOBJIETBOPSIET IBYM YCIOBUSIM:

1. j<i,T0 al.j(t);éO;

2. eciy HaboOp JIMIEPOB UHAMBUAYYMA [ paBeH L = {alj (t) > 0} , To [t ioboro I > 0 ectb L # .

JIn Yxyayns [30] monomHuTeabHO yaydini moaeab HL Ha ocHoBe monenu IIsHb 1 ycraHoBMI 00-
Jiee oOlIy10 MOJe/Ib KJlacTepa MHOTOAareHTHOM CIOXXHOM CUCTEMbI C AMHBIM MEXaHU3MOM JIMIEPCTRA,

rae b, (t) = napameTpsi o > 0, 3 > 0.

KOTOpasi UMEET IJTI00aJIbHOTO JIMAEpa U HE 3aBUCUT OT APYTUX areHTOB.

AJropuTM™ ynpasiieHus apuxkenneM pos mo Moaean Ondaru-Caiidepa. OndaTtu-Coaitdep [29] pazpabdo-
Taj alropuT™ poeHust ¢ HeckoabkuMmu BITJIA, umest BBuay, uto poeHue — ckorienue BITJIA, koropoe
OTHOCUTCS K O6onbioMy KoaudyecTBy BITJIA, nBuxkymmxcst BMecTe. B npupoae KoJJIeKTUBHOE TBUXKE-
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HUE cTaeil mues, NTULL, PbIO ¥ JKMBOTHBIX SIBJISIETCS TUTMYHBIM ITpuMepoM poeHus. DopMupoBaHue po-
sIILIeTACS TPYIIIBI YaCTO He MMEET II100aIbHOTO JInaepa Wi MH(GOPMALMOHHOTO LIeHTpa ISk 00paboTKU
U BbIIQUM IPYMIIOBOI MH(pOPMALIMK. ATEHTHI B TPYIITEe MOTYT KOOPAMHUPOBATh 0011iee ITOBeIeHUE IPYII-
bl B COOTBETCTBUU C MPOCTHIMUA MECTHBIMU MPaBUJIaMU. AJITOPUTM pa3desisgeT CUIy areHTa Ha ycjao-
BMST NICKYCCTBEHHOTO TIOTEHITMATLHOTO TTOJIS, YCIOBHS COTTIaCOBAHMS CKOPOCTHU M YCIIOBUSI HaBEeICHMS.
AJITOPUTM MYJITUAT€HTHOTO POEHUSI UCIIOJIb3YeTCs JJIs BIYMCIEHUsI BEKTOpa MO3ULIMK, U TTOJyJYaeT-
cs pacnpeziesieHHas1, TOCTeNeHHO reHepupyeMasi opMalivsl KBa3upeleTk, KOTopasi UMeeT XOpOUIyIo
HaIeXXHOCTh M MaCIITaOMPYeMOCTb, YTOOBI IMTOAIEPXKUBAThL TPYITITY POsI aTeHTOB M (POPMBI, TEM CaMbIM
obecrieurBasi MpeaoTBpallleHne CTOJIKHOBEHUSI C MPENsITCTBUSMU U OTCJIEXKMBaHUE.

MeTonbl MOJETUPOBAHUS M aHaJIM3a POeHUs BKJIIOYaloT B ce0s1 MeTox JlarpaHxa, Meron Diiiepa 1
METO/I IUCKPETHOM Monesin cucteMbl. MeTon JlarpaH:ka ncmob3yeT OObIKHOBEHHBIE U depeHIInanb-
HbI€ YpaBHEHMSI JUIsl ONMCAaHUs BCeX MHIMBUIOB B TPYIIIe, KOTOPble MOTYT OMUCHIBATh MPOLIECC TUHA-
MMUYECKOI0 U3MEHEHUs 00beKTa; METo Diijiepa ONMChIBAeT IPYIITY KakK IoJjie B TPOCTPaHCTBe, a (yHK-
LM TZIOTHOCTH TTIOJIST TIPEICTaBIIsIeT MHAWBHUIOB B Tpytiie. [LIOTHOCTD pacripenesieHus B IpOCTPaHCTBE
BbIpaxkaeTcsl ypaBHEHUSIMU B YACTHBIX ITPOU3BOAHBIX, YTOOBI BbIPA3UTh sIBIeHUE TUM Y31 TOJIS TUI0T-
HOCTHU, TEM CaMbIM OTpaXKasi IMHAMUKY I'PYIIIOBBIX U3MEHEHU. Moelb TUCKPETHONH CUCTeMbl TPUHM-
MaeT BuA Habopa ypaBHEHUI TMCKPETHOTO BPEMEHH TS BRIPAXKCHUS TUMHAMUKHI CUCTEMBI.

AJroputM, ncnoab3yeMblii B Mogeau OndaTtu-Caiibepa, BRITJISIAUT CASAYIOIIIM 00pa3oM.

B TpexmepHOM €BKIMAOBOM MPOCTPAHCTBE AMHAMUKA areHTa I MOJECJMPYETCS KaK MHTErpajbHOE
3BE€HO BTOPOTO MOpPSIIKa:

TP o2, LN, 6)
P; = U,

rie ¢, pu u, e R" nipeicTaBiagioT MoJIOKEHUE, CKOPOCTb U YIIPABJIAIOLIMIA BXOJ, I-I'O areHTa COOTBET-
cTBeHHO. Kaskblil areHT MOXET B3aMMOAEHCTBOBATh TOJIBKO C COCEIHUMHU areHTaMU B CBOeil 061acTu
CBSI3U, U B MOMEHT BpEMEHU  HA0OP COCEIHMX areHTOB MOXKET ObITh BhIPAXKEH CJICIYIOIIMM 00pa3oM:

N () ={jia—a)<r i=1 2 N, =il (7)

rae ”qi - qj” — paccrosiHue Ditnepa, a ¥ — MaKCUMaJIbHbIN paanyc B3aMMOACCTBUS WIM MaKCUMaJlb-
HOe KPpUTHUYECKOEe paccTosHHe. XKemaemas reoMeTpuiyeckast MOIeb Kiractepa TpeOyeT, 4TOObI KaXKIbIit
areHT HaXOJIMJICSl Ha OJJMHAKOBOM PAaCCTOSIHUU OT BCEX COCETHUX MHAMBUIYYMOB U YIOBJIETBOPSLI Clie-
TYIOIIMM OIpaHUYEeHUSIM:

la:—a,]|=d. vi. j N, (0). (8)

rae d — NMOJIOXKUTENbHAsE KOHCTAHTA, YKA3bIBAIOILAsd MUHUMAIBLHO JOITYCTUMOE PACCTOSIHUE WU MAHM-
MaJIbHOE KPUTHUECKOE PACCTOSTHIE MEXKIY KaKIOM MMapoil COCEMHNX areHToB, U d < 7.

B cpene ¢ MHOXeCTBOM MPENSITCTBUM BXOAHBIE JaHHbBIE KaXKIOT0 areHTa B MHOTOare HTHOM aJITOPUT-
Me€ YIPaBJICHMSI COCTOSIT U3 CIIEAYIOIINX TpexX yacteit [29]:

— @ B Y
u, =u +u; +u, )

e o, [3, Y peiCTaBIsioT TpeX areHTOB, OCHOBaHHbBIX Ha Teopuu poeHust Ondaru-Caiibepa.

ATeHT 0L TIPEe/ICTaBJISAET JII0OOr0 areHTa B IPYIIIe, areHT [3 reHepUpyeTCst MPOESKIIMEN COCEMHETO areHTa

O Ha TTOBEPXHOCTD TPETSITCTBUS, NCIIOIB3YEMYIO IJIST TIPEACTaBICHUS (DU3MUECKOTO TIPETIITCTBUS, KO-
TOPOE HEOOXOTUMO O0OMTH, a AaTEHT Y UCTTOJIb3YETCS IS TOCTPOEHUST HABUTAaLIMOHHO 00paTHO CBSI3H,
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YKa3bIBAOLLEH LIeJTb, KOTOPYIO HEOOXOIMMO OTCICXKHMBATD. U, O3HAYAET JIEMEHTBI B3aMOLEHCTBIS (0,
a), uiB — BJIeMEeHTHI B3auMozeiicTus (o, B),a #] — pacripenesieHHast HABUTALMOHHAs OOpaTHasI CBSI3b.
p

OmnpeneneHus U;', U, W U CleIyiONIne:

>

uf ==t Y Py (4)0u(0) - Y a,(a)(pi- ), (10)

Jjen; jeN?

:_CBZ () 0p (a.) =< 2 b, (4) (= b)) (11)
keNP keNP
ul =—clo,(q,-q,)-c.(p.—p,); (12)

u cocrout u3 IByX 4acreii. [TepBasi 4acTh yCTaHABIMBACT PACCTOSIHIE MEXKILY areHTAMH KakK JKeJlaeMoe
paccTosHHe, a BTOpast 9acTh Je/laeT CKOPOCTh areHTOB COTJIAaCOBAHHOM CO CKOPOCTBIO COCETHUX areH-
ToB. KOHKpeTHOE BbIpaxkeHUe MePBO YaCTU 3aKII0YAETCS B CAEAYIONIEM:

_ 44,
S e I "
9. (4)=——. (14)

I+€, ZU”

2

—q|-d
pH(q,»)=(”q’ 2’” )+1, (15)

e H, €, c; n c;‘ ABJISAIOTCS HOPMaJIbHBIMU YUCIaMU, a 3HaueHue [ o6ur4HOo Gosblite, ueM d. ®par-
MEHTalus — 3T0 alroput™ Kinacrepusaunu Ondaru-Caiibepa, U BBeAEHUE P, (%) MoxeT 3(ppeKTuB-
HO TIpemoTBpaTUTh (pparMeHTanuio. Korma paccTtosHue MeXay areHTaMy YBEJIWYMBAETCs, 3HAYCHME
Py (q ) Takke OBICTPO YBETMIMNBACTCS.
o o _ . . —
Bropoii KOMIIOHEHT ;" paBeH @, (%) =p, € [O, 1], J#IL a; = 0, ecnu a; #0,

o

=y
r

o0MeH nHdopMaleil MexXLy areHTaMu I U j TAKXKe MOXET PaccMaTpuBaThesl Kak 00MeH nHdopmalmeit
MEXy areHTaMH.
o (Z) — (byHKIIMS BO3ACHCTBYSI, KaK IMTOKa3aHO HILKE:

1, z€ [0, h]
P (z)z % I+cos n((i_;;l)) , ze[h, 1] (16)
0, otherwise

U] TI03BONSIET ATEHTY OTCIIEKMBATH BUPTYaTbHOTO MTUJIOTA WM KEIaeMyI0 TPAeKTOPHIO, c;’, c; — O0BIY-
HOE 4WCIO, ¢ W P, MPEICTABIAIOT MONOXEHNEe U CKOPOCTh BUPTYalbHOTO MUJIOTa COOTBETCTBEHHO,
o, (ql. —(q, ) MMeeT CrefyIolee MPe/CTaBIeHNe:
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qi _qy

(17)

¢, (4:,-4,)= :
-

ulﬁ E SIBJISIIOTCSI HOPMaJIbHBIMU YuciaMu. [TpuH-
LT 32KJTI0YAETCS B CIIEIYIOIIEM: BUPTYATbHBIN [3- areHT C IMOJIOKEHMEM 1 CKOPOCTHIO CO3IaeTCst HA TI0-
BEPXHOCTHU IPEMSITCTBUS B IIpe/ieliaxX Ihara3oHa OOHapyKeHUsI areHTa B Kjactepe. MeTo/l oCTpOeHUst
3aKJII0YaeTCs B cieaytomeM [29].

1. lng coBnianeHust ¢ rpaHMIIeH TUTIEPIUIOCKOCTH U EAMHUYHOM HOPMAJIBIO ¢, TIPOXOMAIIEH Yepe3
TOUKY },, MOJIOXEHUE U CKOPOCTb - areHTa onpesiesioTes 1o ciefylomeit hopmyie:

IIO3BOJIACT arCHTY 00XOIUTh IpenATCTBUA, TAC Cs uc

4.y =Pg;,+(1-P)y,, b, =Pp,, (18)

T
rne P =1—a,a, — npoekllMOHHas MaTpULA.
2. [lnsa chepuyeckoro npensaTcTBys ¢ panuycoM R, v LIEHTPAILHOI TOUKOH V,, MONOXEHUE U CKO-
pocTh 3- areHTa paBHbI:

C}i,k = lq, +(1_u)yk’ f?i,k :pri» (19)

R 4TI , P=I1-a,a,.

rie = , =
lg. = v, lg. = v
Co3naHHbIi TAKUM 00pa30M BUPTYaIbHBII J- areHT, HAIIPaBJIeH Ha TO, YTOOBI MHANBHUIYaTbHAsI CKO-
POCTDH B I'PYIIIE€ COOTBETCTBOBAJIa CKOPOCTU BUPTYAJIbHOT'O B— arcHra, CoxpaHdsd IMpu 3TOM OMNMPEACIICH-
HYIO JMCTaHIIUIO.
o8 (ql.) ub,, (%) B ulB OTIPE/IETISIIOTCS Kak

ql - qi,k
(pﬁ (q,) = > - 19 (20)
-
q,— in,k
@A%thL—r—L%, 1)
rac EB — HOPpMaJIbHOC 4YH1CJIO, a I”O — MaKCUMaJIbHOC€ paCCTOAHUEC O6Hapy}KCHI/IH BH.HA OTHOCUTECJILHO
IIpenATCTBUS.

YHpomeHHbIﬂ AJITOPUTM MHOI0areHTHOI Moae 1 poeHuA

Koncrpykius Ondatu-Coaitbepa uMeeT MHOXECTBO MapaMeTPOB UCKYCCTBEHHOTO MOTEHIIMATIbHOTO
TTOJIST ¥ XapaKTepU3yeTcsl TPOMO3IKMMU BhIYrcIeHUussMu. [IprHUMas Bo BHUMaHUe TPEOOBAHUSI CUCTe-
Mbl ynpasieHust BITJIA K BeiunciautenbHol 3(pHeKTUBHOCTH, OBLIO MPOBEAEHO YIPOILIEHUE MOIEIU
Ondaru-Caiibepa ¢ yueToM TOJbKO YCIOBUSI UCKYCCTBEHHOTO MOTEHLIMATIBHOTO IOJIS U YCJIOBMSI COTJIa-
COBaHMS CKOPOCTEH U YCIOBUS HaBEIECHMSI.

Pemeruarsie u KBa3upemeTouHble CTPYKTYpbl. B MHOroareHTHOI cucTeMe eciy PacCTOSIHUE MEXITY
KaXIbIM areHTOM M COCEIHUM areHTOM OJMHAKOBO, OTHOCUTEIbHOE MOJOXEHUE MHOTOAareHTHOM CH-
CTEMBI COCTaBJISIET PEIIETYATYIO CTPYKTYPY.

Ecnu paccrosiHue MexXay areHTOM U COCEIHUM areHTOM He MOXET ObITb TOUHO OJIMHAKOBBIM, a U3-
MEHSIeTCs B IIpeiesiax OonpeAesIeHHOTO 11arna3oHa, TO OTHOCUTEIbHbIE MO3ULIMOHHbBIE OTHOIIEHUS MYJTb-

29



4 Intellectual Systems and Technologies

THareHTa o0pa3yloT CTPYKTYPY KBas3upelleTKu. JJisi KBa3upeleTOYHOM CTPYKTYPhl PACCTOSIHUE MEXKIY
COCEAHUMHU areHTaMu IPUMEPHO OAUHAKOBO.

Pa3pa0oTka MHOr0areHTHOro aJrOPMTMa POEHHsA. AJITOPUTM MHOTOAreHTHOTO POEHMS IpeAIoara-
€T TaKO¥ YIpPaBJISIOLINiA BBO U, KOTOPbII 32CTABUT OTHOCUTENIbHBIE TIPOCTPAHCTBEHHbIE TTOTOXEHMSI
MYJIETUAr€HTOB 00Pa30BbIBaTh CTPYKTYPY, ITOTOOHYIO PEIIETKE WIM KBAa3UPEIIETKE, U CBOAUTH BEKTOP
CKOPOCTHU MYJITUAr€HTOB K COTJlacOBaHHOMY 3HauyeHuto. Anroput™ Osndaru-Caiibepa npeacTapisieT
3JIEMEHT YIPABJICHUsI U, [-TO areHTa KAK KOMOMHUPOBAHHOE JIEUCTBUE TPEX DJIEMEHTOB YIIPABJICHUSL:

>

u =uf +u’ +u’, (22)

e Uf — 3IEMEHT UCKYCCTBEHHOTO MOTEHIIMATHLHOTO MOJIsI, HCITOMB3YeMbIi TS peal3aLiiyi arperarin
U MIpeJ0TBpAIlEHUsT CTOJTKHOBEHWI areHTOB; uid — BJIEMEHT COTOCTaBEHUsI CKOPOCTHU, UCTIOIb3YeMbIi
JUISL peasl3aliy COMOCTABICHHSI CKOPOCTH; U, — DJIEMEHT PYKOBOJICTBA, UCIIOJIb3YeMBIil [UTs1 OTCIIEXK M-
BaHUS BUPTYaJbHOTO JIMAEPa, YTOOBI IPYIITa areHTOB IBUTAJIaCh B COOTBETCTBUM C KeJTaeéMbIM HaIlpaB-
JICHUEM.

DbdeKTh UCKYCCTBEHHOTO MOTEHLMAIBHOTO MOJS M COMOCTaBJIEHUS CKOPOCTEN OTPakaioT TpU
MIpUHIIATA poeHns PeftHombaca. OmHaKo ecii HadalbHOE TOJIOXKEHUE TPYIIILI areHTOB pacIpeneIeHO
clyyaiiHbIM 00pa3oM, TOIOJOTUSI CBSI3W CUCTEMbI MOXET ObITh HECBSI3aHHOM, UTO MPUBEAET K pasfie-
JIEHUIO Tpynibl. DbdeKT pyKOBOACTBA MO3BOJSIET BCEM areHTaM OTCJIEXKMBATh OMHOTO U TOTO XK€ BUP-
TyaJbHOTO JINIEpa, a TPyIIla areHTOB COOMpPAeTCs OT HAaYaJIbHOM MO3WUIIMY 10 BUPTYAIBHOTO JIUIEpa,
YBEJIMUMBAasI CBSI3HOCTh TOIOJIOTUU CUCTEMbI 1 M30erasi pa3iaeseHus TPYII.

IIpoekTHpoBaHne MCKYCCTBEHHOTO MOTEHIUAIbHOTO moJsA. CyIIecTBYeT MHOXECTBO MapaMeTpOB MC-
KYCCTBEHHOTO MOTEHIMAJbHOTO T0JIs, TIepBOHAYaIbHO pa3paboTtaHHbix B Moaeau Ondatu-Caiibepa,
YTO MPUBEJIO K TPOMO3AKOMY pacueTy. [I1s1 mpeososieHus 3TOro HeJocTaTka MUCKYCCTBEHHOE TTIOTEHIIU -
aJlbHOE 1oJjie ObLIO MepepadboTaHo, (U3NUEecKoe 3HaAUSHUE MPU TOM IIpuodpeio 0ojiee YSTKUI XxapaK-
Tep, MapaMeTPhI CTAJIU JIYYIIIe OTIaKEHBI, a PacCUeT CUJIBI TOTEHIINATBLHOTO TOJIST CTajl 6oJiee TaKOHUYCH.

[Tpu 3TOM (DYHKIIMS MHCTPYMEHTA ITPOEKTUPOBAHMSI 3aKJTI0UAETCSI B CJIAYIOLIEM.

@DyHKLMA [JIABHOTO 1l1ara BTOPOTo Mopsika §, (r) us, (r)

L r<r,
s,(r): ph(z), z:%, r,<r<r, (23)
b a
0, r>r,

s,(r)=1=s,(r), (24)

rie 7 , ¥, — JieBasi M paBasi TPaHUILIbI MHTePBAJIa IIaros; P, (Z) JIOJIKHA OBITH TJIaAKOM (hYHKIIUEI BTO-
pOro MopsiaKka, 3aBUCUT OT JeTaJbHbIX TPeOOBAHUI U TPAHUYHBIX YCJIOBUI, HATIPUMED:

1 3"

=—+——_COSTIZ —;cos 3nz. (25)
2 2(3-1)

2(3"-1)

HpCI[CTaBI/IM (DYHKHI/IIO IJIaBHOT'O 1lIara BTOPOI'o IMOpsIAKa Sy (7") B BUIEC

53(r)=sl(r)r+(ra+rb)s2(r)/2, (26)

pi(2)
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rIe ¥, ', UCTIOJIB3YeTCs UTsl HACTPOWKYM MHTEPBATbHOTO IMaria3oHa (GYHKIMY HACHILLIEHUS.
DyHKIMS CUITBI UICKYCCTBEHHOT'O TTOTEHIIUAIBHOTO TTOJIs, TPpeIHA3HAYCHHAS IS UMUTALIMA JTUHE -
HOI CTPYKTYPHI, BBIIVISIANUT CJICAYIOIIUM 00pa3oM:

f<r>={—§<r—msl<r>, e

I1e 7 — OTHOCHUTEJIBHOE PACCTOSIHUE MEXKLY IBYMsI COCEIHMU areHTaMu; 7', — PACCTOSIHUE IEHCTBYS,
Korja cujla MCKYCCTBEHHOIo MOTEHLMAJILHOIO TI0JISI paBHA HYIIIO; fO — aMIUIMTyAa CUJIbI MOTEHIIV-
aJIbHOTO TI0JIsI, KOTAA OTHOCUTEIbHOE PACCTOSIHUE MEXIY IBYMSI COCCIHUMM areHTaMu paBHO HYJIIO.
CreneHHast QYHKILIMS MOXET OBITh ITOJIydeHa MyTeM NHTETPUPOBAHMS CUJIOBOM (PYHKIMHU CIEAYIOIINM
obpas3om:

o(r)= Iof(z) dz. (28)

[lpu r = r, cuna NOTEHLUMATBLHOTO TIOJIS f (ro) =0, cocegHUIT areHT HAXOAUTCS B PaBHOBECHUU, a
SHEPrus TMOTEHIMATBHOTO TIOJIS (p(ro) =0 umeer MuHMManbHOe 3HaueHue. Ilpu r <7, f (r) =
= f, / 7, ~(r —ro) <0, cwra MOTEHIMATBLHOTO TTOJIS MTPOITOPLIMOHAIBHA OTHOCUTEIEHOMY PACCTOSHUIO
MeXXIy areHTaMU M TIPOSIBIISIETCS KaK Cuila oTTalKuBaHus. Ecimn (p(r) = f, / 2r, ~(r -7, )2 , TO OTHOCH-
TeJbHAsl CUJIA MEXIy areHTaMK aHAJIOTMYHA YIPYrOCTH OTTaKuBaHus. [Ipu » > 7, B MEHbIIEM M-
amasone, f (r) > (0, 5TO NPOSABIISIETCS KaK OTHOCUTEILHOE MPUTSKEHUE MEXIY areHTaMu, KOTOPOe
UCIIOJIB3YeTCsI TSl OpraHM3aluy 00pa3oBaHmii posi; B GOMbIIEM ananasoHe f (r) CXOIMTCS K HYIIO,
YTOOBI M30€KaTh B3aMMHOTO BMEIIIaTeIbCTBA MEXIY areHTaMHM, He SIBJITIOIITUMHUCS COCEIIMU, 1 TTIOTeH-
[uabHast GYHKIMS CXOIUTCSI K 3HAYCHUIO €, KOTOPOE TPEJICTABIIsIeT MUHUMAJTbHYIO SHEPTUIO [UTst pas-
JIeJIeHUsI COCETHUX areHTOB.

Takum 06pasom, byHKIWs f (rg) CHJTBI ICKYCCTBEHHOTO TTOTEHIINATBLHOTO TTOJISI ¥ TIOTEHITMATbHAS
pyHKLIIS (p(rc) BBINJISIASIT CACAYIOIIUM 00pa3oMm:

(29)

DJIeMeHTbI HICKYCCTBEHHOT0 MOTEHIMAIBHOTO NoJisA. [1ycTh i-if areHT HAXOAUTCS B UCKYCCTBEHHOM I10-
TEHUMAJIBHOM I10JIe, TEHEPUPYEMOM j-M areéHTOM, U MOTEHLMalbHasl (PyHKLMS BbIpaXaeTcsl cleayio-
LM 00pa3oM:

¢, (|2, ~a[)=o(|a, - 4])- (30)

* .
rue ” ” MpeACTaBIISIET 3HAYEHNE BEKTOPHOro Moayis. [loTeHumanbHas cuiia IoJjsl, co3maBaemas i-M
areHTOM OT j-M areHTOM, IpPeACTaBisieT co00il OTpULATENbHbBIN TPAAMEHT SHEPTUM MOTEHLNATBHOIO
TOJIA B TTOJIOKEHUH I-TO areHTa:

1.l -al)=%,0, (0, al)= o, ol o
rae nij — CHMHM‘{HbIﬁ BEKTOD, Hpeﬂ,CTaBJIHIOU.lI/Iﬁ IIOJIOKMUTCJIbHOC HaIIpaBJICHUEC HOTCHL[MaJIbHOﬁ

CWJIbL ITOJIAA, OT I-T'O areHTa K J-MYy areHTy; f qj - qi ||) — aMIlInTyaa MOTEHLIMAJIbHOM CUJIbI TTOJIS. Ec-
JIN paCCTOSAHUE MEXIY I-M areHTOM I/Ij—M ar€HToOM MaJio, aMIUIMTyJda OTpuuaTejibHa, 1 MIOTCHIIMaJIbHas
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CWJIa MOJIs1 [-To areHTa HarpasJieHa OT j-I'O areHTa K I-My areHTY, UTO SIBJISIETCS CUJIOH OTTalIKMBAHUSI.
Ecnu paccTosiHue MexXay [-M areHTOM U j-M areHTOM BEJIMKO, aMIUIMTYAa MOJOXHUTeNIbHA, U MOTEH-
LpagbHasl CUjia MoJis I-ro areHTa HampaBjieHa OT I-TO areHTa K j-My areHTy, UTo sIBJISIeTCSl CUJION rpa-
BUTALINMN.

Ecnm i-if areHT HaXOIUTCS B TPYIIIIEe areHTOB, TTOJydeHHAsT TTOTEHIINATbHAs CHJIA TTOJIS TIPEICTaBIIsIeT
€000 COBOKYITHYIO CUJTY TIOTEHIIMAIBHBIX CHJI TTOJIST, CO3IaBacMbIX BCEMU APYTUMHU COCETHUMU arcHTa-
MM, KOTOpast BbIpaXkaeTcsl CIASIYIOIIMM 00pa3oM:

fig = ;M f:; (”f]_; - q[”)' (32)

CornacoBaHne CKOPOCTH areHToB. PoJIb COrTacoBaHUST CKOPOCTH 3aKJTI0YaeTCsl B TOM, YTOOBI TpyTIIa
areHTOB MMeJia OMMHAKOBYIO CKOPOCTD ABUXKEHUS. ATCHT IMHAMMWYECKH PETyIUPYeT CBOIO COOCTBEHHYIO
CKOpPOCTh Ha OCHOBE MH(MOPMAILIMM O CKOPOCTH COCEIHETO areHTa, BBIYMCIISIET CYMMAapHYIO CKOPOCTh
COCEITHETO areHTa Ha OCHOBE MPHWHIIMIIA BEKTOPHOM CYITEPITO3UIINM M MCIONBb3YyeT e€ cpelHee 3Haue-
HME B KaueCTBE COOCTBEHHOI KeaeMoii CKOpocTu. B hakTrueckom pacuere areHT BBIYMCIISIET pa3HULLY
MEXXIy COCETHUM areHTOM M €ro COOCTBEHHBIM BEKTOPOM CKOPOCTH M IMPUHUMAET BEKTOPHYIO CYMMY
pPa3HUIILI B KAYECTBE YIeHA COOTBETCTBUS CKOPOCTH, KOTOPBIN BEIpaXkaeTcs CIASIYIOINM 00pa3oM:

fidzzag<%9 qj)(pj_pi)’ (33)

JeN;

d . . .
e a (q[ » 4 ) — BECOBOI KO3 UIIMEHT, TTPeICTaBISIONINI COO0M TUTABHYIO CTYTICHYATYIO (DYHKIIMIO
BTOPOTO TMOPsIIKA OTHOCUTEIbHOTO PACCTOSIHUSI areHTa

a; (qi’ qj)=S1<||qj'_qi||)' (34)

[Ipu mepemenieHuy TPYIIbl areHTOB U3MEHSIETCSI OTHOCUTEIBLHOE TTOJI0KEHME TPYIITBI, M COOTBET-
CTBEHHO M3MEHSIETCS OTHOIICHUE coceneil Mexxmy areHTaMu. Korma oauH areHT BXOIUT B COCEACTBO C
JPYTUM areHTOM U BBIXOJUT M3 Hero, a(PeKT YieHa corjjacoBaHUsI CKOPOCTU BO3ZHUKAET WU MCUe3aeT.
Braromapst ¢pyHKIIMY TIABHOTO I1ara BTOPOTO MOPSIIKA TOT MPOIIECC N3MEHEHMUST MOXET OBITh CTJIaKEeH.
MoHO M36eXaTh CUIOBBIX MYTalllil M (POPMHUPOBATH CITOCOOHOCTD TTOIACPKAHMS CTAOMITBHOCTH.

PykoBoacTBo aBiKeHreM pos. [1pearnoaoxuM, 4To B IpyIire areHTOB €CTh BUPTYalbHbIN ISP, KO-
TOPBIN MJIAHUPYET MAPIIPYT ABMKEHUS TPYIIITBI B COOTBETCTBUM C 3alaHHON 3amavueii Uin OTCIEXKUBAET
oTIpeNieICHHYIO 11eJTh IBIKEHUSI. BUPTyanbHBIN TUAEp pacCIMTBIBACT CBOE€ COOCTBEHHOE YIIPABJICHHE C
MOMOIIIBIO AJITOPUTMA OTCICXKUBAHUS TPACKTOPUN WJIM OTCJICXKUBAHUSI LIEJU, YTOOBI IBUTAThCS T10 XKe-
JJaeMoli TpaeKTopuu. MoJenb BUPTYaTbHOTO JUAEPA BBHITJISIAUT CASAYIOIIUM 00pa3oM:

- leader __ __leader

- leader __ uleader ’ (35)

e qle”d‘” € R’ — BeKTOp MOJOXEHNs] BUPTYAILHOTO JTHAEPA; ple“de’ € R’ — BekTop cKOpOCTH BHPTY-
aJIbHOTO JINIEPA; ' BEKTOP yIpaBJIeHHUsI BUPTYaJIbHOTO Jiaepa. BUpTyanbHBblii Tuaep rnepeaaet
MHGOPMALIMIO O CBOEM MECTOIOIOXEHUU U CKOPOCTU IPYIIIE areHTOB BO BpEMsI ABVIKEHMsI, ¥ TPyIIIa
areHTOB TOMIYMHAETCH BUPTYaIbHOMY JIMIEPY C MOMOILBIO 3JIEMEHTA YIIPABIEHUs, YTOObI C(HOPMUPO-
BaThb PO¥i BOKPYT BUPTYaJIbLHOIO JIMAEPA.

TOFI[a pYKOBOI[HH_[I/Iﬁ CUTHaJI aJITOpUTMa POCHU A BbIPpAXKaCTCA KaK
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f;leader — CIIeader (qleader, qi)+céeader (pleader _pi)’ (36)

leader

IIe ¢, (qle‘“’”, q,.) — YacTh COTJIACOBAHMSI MOJIOXKEHMS, KOTOpasl sABJsieTcsl (DYHKIIMEH MIaBHOTO HaChI-
LLIEHUS BTOPOTO IOPSLKA; ¢, ( p - pi) — YacTb COIJIACOBAaHUS CKOPOCTU U cée“d” — TIOCTOSIHHBIN
leader

KO3 OULMEHT; | (q"’”""’, ql.) OTIpENEIISIETCS CIEMYIOLIIM 00Pa30M:

leader leader

leader

leader leader _leader leader q _q[
¢ (q , q,») =", (||q —q,»||)—,eade, , (37)
q —q,;
e ¢““ — KoaGhOUIMEHT, COOTBETCTBYIOLIMIA MOJOXEHHUIO; Sy (*) — (OYHKILIMST HACBILLIEHUS BTOPOTO
lead.
MTOPSAIKA; ”q cader q[| — PACCTOSIHUE MEXIY areHTOM U BUPTYaJIbHBIM JIMAEPOM.

CurHajl HaBeJeHUSI MOXET MO3BOJIMTh areHTaM COOUPAThCsl Ha TO3UIIMKU BUPTYaJbHOTO Jujaepa U
COOTBETCTBOBATb BEKTOPY CKOPOCTU BUPTYAJIBLHOTO JIUAEPa, YTOObI 00ECIIeUUTh CBSI3b TOMOJOTUY CBSI3U
MHOTOAareHTHOM CUCTeMBI U copMUpPOBaTh poeBoe dhopMmupoBanue. C Apyroil CTOPOHBI, U3-3a MPU-
TSKEHMST HaIpaBJIsIolero areHra (Jiugepa), KOTOpblil BIUSIET Ha CUJIy areHTa, UCXOIHasl pelieryaTast
CTPYKTYypa 00pa3oBaHMSsI MEXKIY MyJBTUATeHTAMU MOXET HapylllaTh KBa3upelieTyaTyo CTpyKTypy o0pa-
3oBaHus. [IpyunHa B TOM, 4TO cuia, cO3IaBacMasl COrJlacOBaHKMEM ITOJIOXKEHUSI B TEpPMUHE HAaBEeICHUSI,
MPONOPIIMOHAIbHA PACCTOSIHUIO MEXIY areHTOM M BUPTYaJbHBIM JIMEPOM. ATeHThl Ha Tepucepuun
IPYIIIIbl aTeHTOB MOJABEPralTcsl OOJbIIEMY YCUINIO U CKUMAIOTCS BHYTpU (DOpMUPOBaHUSI, pa3pyliast
OIHOPOIHOCTh (popMUpOBaHUS. BrIpaskeHre yacTh OoIpeAe/IeHUs MOJI0KEHMSI, COOTBETCTBYIOLIEH TT0-
JIOXKEHUI0, B KauecTBe (PyHKIIMU HACHILIEHUsI MOXET MOMOUb M30€XKaTh Ype3MEepHOTO BO3/IEHCTBUSI HA
nepudepuiiHbie areHThl ¥ BbI3BATh IOMEXU B (DOPMUPOBAHUH.

OCHOBBIBasICh Ha BCEOOBEMITIONICH MOIENM areHTa, TePMUHAX MCKYCCTBEHHOTO ITOTEHIIMAJIBHOTO
OJIsI, TEPMMHAX COTJIACOBaHUSI CKOPOCTU U TEPMUHAX PYKOBOJICTBA, MpeacTaBlieHne poeBoro (popmu-
POBaHUSI MHOTOAreHTHBIX CUCTEM BBITJISIAUT CIEIYIOIIUM 00pa3oM:

- leader __ __leader

v, 3o (-l S0~ )
JeN;

i

3akmouenue

Takum 006pa3oM, C TMOMOIIIbIO MPEIT0XKEHHOTO METO/Ia CUHTE3UPYETCsl KOOPJAMHUPYIOIee yIpaBie-
HuUe, obecrneunBarollee corjacopaHHoe yrnpasiaeHue BITJIA B rpynme ¢ Leablo JOCTUKEHUS JKeJlaeMOoi
TpaekTopuu ABvxkeHus. [1pu pereHrnu 3agauu ynpasiieHUs 11ojieToM rpymmbl BITJIIA, neHTpanbHOe Me-
CTO 3aHMMAaET BbIOOP MaTeMaTUUYECKOW MOJIEIH ISl ONTMCAHUS POCTPAHCTBEHHOTO ABUXKEHUS TPYMIIbI
JieTaTeJIbHBIX arraparoB, MOCKOJbKY YPaBHEHUSI IMHAMUKM MPEICTABISIIOT COOOM CIOXHYIO CUCTEMY
HeJUHeHbIX b depeHInaTbHbIX ypaBHEHU I, KOTOpas BKJIIOYaeT KWUHEMaTUYECKHe YPaBHEHU S, ypaB-
HEHMSI CUJI, ypaBHEHUSI MOMEHTOB, a Tak>K€ COBOKYITHOCTb YpPaBHEHUI CBsI3ei MapamMeTpoB ABUXKEHUS
B pas/IMUHBbIX CUCTeMax KoopAauHaT. Mcrmonb3oBaHHasi B paboTe MoOJe]b OTHOCUTEIbHOTO ABUXKECHUS
MO3BOJISIET JEKOMITO3MPOBATh COBOKYIMHOCTb YPABHEHU I AUHAMUKU TPYIIIbI JIETATEIbHbBIX allllapaToB B
Habop Mojesieit ABrxKeHus aunepa u Beaombix bITJTA.

Takoii moaxon Mo3BOJINI YIIPOCTUTh aHAINU3 3aJa4u yripaBiieHus rpynmnoi BITJIA, ynmpoctuTths nepe-
X0JI K HOBO# 6a30B0OIi cUCTeMe OTcueTa Mpy M3MEPEHUU KOOPAUHAT OTHOCUTEIbHOTO JBUXKEHUS, a TaK-
K€ YIIPOCTUTh TEXHUYECKYIO peain3alliio BHIOpaHHON 0a30Boit cucTeMbl KoopauHat Ha 6opty BITJIA,
YTO OMpeessieT MPOCTOTY BCei CUCTeMbI YIIPaBASCHUSI U B OCOOEHHOCTH €€ U3MEPUTEIbHOM YacTH.

B pesynbraTe ynanoch peajin3oBaTh TPUHIIUIT KOOPAWHUPYIOIIETO YIIpaBleHUs, KOTOpoe obecrievu-
BaeT MepeBo/l BEKTOpa MepeMEeHHbIX COCTOSIHUSI B 3aJaHHYI0 00J1aCTh 3a OJMH TaKT YIIpaBJIeHUSI.
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B rpyrmire areHToB HaXOIUTCS BUPTYaJbHbIN JUAEp, KOTOPBIH MIAHUPYET MapIIPyT ABUKEHUS TPYII-
IThI B COOTBETCTBUH C 3aJaHHO 3aadeil U OTCIICKUBAET ONPEIeICHHYIO LIeb IBVKeHNS. BUpTyanbHbII
JIAJEP PACCYMTHIBACT CBOE COOCTBEHHOE YIIPAaBIICHUE C TIOMOIIIBIO aJITOPUTMA OTCIIEKIUBAHUS TPACKTO-
PUU WJIM OTCJIEKUBAHUS LIEJIA, YTOOBI IBUTATLCS IO KeJlaeMoil TpaekTopuu. [1py 3ToM cuUTHaI HaBe-
JIEHUSI MOXET TTO3BOJIMTh arleHTaM COOMPAThCsl HA TTO3ULIMKA BUPTYaJIbHOTO JIMIEPAa U COOTBETCTBOBATH
BEKTOPY CKOPOCTH BUPTYaJIBHOTO JIUAEPa, YTOOBI 00€CTICUNTH CBSI3b TOTIOJIOTHUH CBSI3U B MHOTOATeHTHOI
cucteme 1 chopMupoBath poeBoe (hOPMUPOBAHUE.

CINMUCOK JIUTEPATYPbI

1. Edanos B.H., Mu3un C.B., Heperuna B.B. Yrpasnenue monerom BITJIA B cTporo Ha 0CHOBE KOOp-
JUHALMKA B3aMMOJEHCTBUSI TPYIIbI JeTaTeJbHbIX anmnapatoB // BectHuk YIATY. 2014. T. 18, Ne 1 (62).
C. 114—121.

2. Pachter M., D’Azzo J.J., Proud A.W. Tight formation flight control // J. of Guidance, Control, and Dy-
namics, 2001, 24 (2): 246—254.

3. Zhang X.Y., Duan H.B., Yu Y.X. Receding horizon control for multi-UAVs close formation control based
on differential evolution // Science China Information Sciences, 2010 (53): 223—235.

4. Mu Y. Research on aerodynamic coupling in UAV formation. Xi'an: Northwestern Polytechnical Univer-
sity, 2006.

5. Pollini L., Giulietti F., Innocenti M. Robustness to communication failures within formation flight //
American Control Conference. Anchorage, AK, 2002: 2860—2866.

6. Gautier H., Simon L., Rachid A. Formation flight: Evaluation of autonomous configuration control algo-
rithms // IEEE / RSJ Internat. Conf. on Intelligent Robots and Systems, San Diego, USA, 2007: 2628—2633.

7. Giulietti F., Pollini L., Innocenti M. Autonomous formation flight // IEEE Control Systems Magazine,
2000 (12): 566—572.

8. Jodo S., Tunc S., Pravin V. Task planning and execution for UAV teams // IEEE Conference on Decision
and Control. Atlantis, Bahamas, 2004: 3804—3810.

9. Lechevin N., Rabbath C.A., Lauzon M. Cooperative and deceptive planning of multi-formations of net-
worked UCAVs in adversarial urban environments // AIAA Guidance, Navigation and Control Conference and
Exhibit. Hilton Head, South Carolina, AIAA-2007-6410.

10. Reyna V.R., Pachter M., D’Azzo J.J. Formation flight control automation. AIAA: AIAA-94-3557, 1994.

11. KOO T.J., Shahruz S.M. Formation of a group of unmanned aerial vehicles (UAVs) // Proc. of the
American Control Conf. Arlington, VA, 2001: 69—74.

12. Zong L., Xie F., Qin S. Intelligent optimal control of UAV formation flight based on MAS // J. of Aero-
nautics and Astronautics, 2008, 29 (5): 1326—1333.

13. Shin J., Kim H.J. Nonlinear model predictive formation flight // IEEE Transactions on Systems, Man
and Cybernetics, 2009, 39 (5): 1116—1125.

14. Fidelis A.P.L., Tiauw H.G. A collision-free formation reconfiguration control approach for unmanned
aerial vehicles // Internat. J. of Control, Automation, and Systems, 2010, 8 (5): 1100—1107.

15. Fidelis A.P.L., Tiauw H.G. Reconfiguration control with collision avoidance framework for unmanned
aerial vehicles in three-dimensional space // J. of Aerospace Engineering, 2013, 26 (3): 637—645.

16. Xiong W., Chen Z., Zhou R. Optimization method for multi-aircraft formation reconstruction using
hybrid genetic algorithm // J. of Aeronautics and Astronautics, 2008(29): 209—214.

17. Ye Q., Hu X., Ma H. Two-stage solution method for coordinated target assignment of multi-UAV forma-
tions // J. of Hefei University of Technology, 2015, 38 (10): 1431—1436.

18. Dai J., Li X., Sun Y., et al. Research on coordinated target allocation method for multi-formation ground
attack // J. of System Simulation, 2009, 21 (8): 2148—2151.

34



4 MHTeJ'IJ'IeKTyaJ'IbeIe CUCTEMbI N TEXHOJIOTUN

19. Reynolds C.W. Flocks, herds, and schools: A distributed behavioral model // Comput. Graph. (ACM
SIGGRAPH’87 Conf. Proc.), Jul. 1987, vol. 21, Pp. 25—34.

20. Czirdk A., Vicsek M., Vicsek T. Collective motion of organisms in three dimensions // Physica A, 1999,
264 (1-2): 299—-304.

21. Qiu H., Duan H. Pigeon interaction mode switch-based UAV distributed flocking control under obstacle
environments // ISA Transactions, 2017, 71 (1): 93—109.

22. Jadbabaic A., Lin J., Morse A.S. Coordination of groups of mobile autonomous agents using nearest
neighbor rules // IEEE Transactions on Automatic Control, 2003, 48 (6): 988—1001.

23. Cucker F., Smale S. Emergent behavior in flocks // IEEE Trans Autom Control, 2007, 52 (5): 852—862.

24. Ballerini M., Cabibbo N., Candelier R. Interaction ruling animal collective behavior depends on topo-
logical rather than metric distance: Evidence from a field study // Proc. of the National Academy of Sciences,
2008, 105 (4): 1232—1237.

25. George M., Ghose D. Reducing convergence times of self-propelled swarms via modified nearest neigh-
bor rules // Physic A, 2012, 391 (16): 4121—4127.

26. Vicsek T., Czirok A., Ben-Jacob E., et al. Novel type of phase transition in a system of self-driven parti-
cles // Physical Review Letters. 1995, 75 (6): 1226—1229.

27. Couzin D., Jens K., Richard J., Ruxton G.D., Franks N.R. Collective memory and spatial sorting in an-
imal groups // J. of Theoretical Biology, 2002, 218 (1): 1—11.

28. Motsch S., Tadmor E. A new model for self-organized dynamics and its flocking behavior // J. of Statis-
tical Physics, 2011, 144 (5): 923—947.

29. Olfati-Saber R. Flocking for multi-agent dynamic systems: Algorithms and theory // IEEE Transactions
on Automatic Control, 2004, 51 (3): 401—420.

30. Li Z., Xue X. Cucher-Smale flocking under rooted leadership with fixed switching topologies // SIAM
J. on Applied Mathematics, 2010, 70 (8): 3156—3174. DOI: 10.1137/100791774

REFERENCES

1. Yefanov V.N., Mizin S.V., Neretina V.V. Upravleniye poletom BPLA v stroyu na osnove koordinatsii
vzaimodeystviya gruppy letatelnykh apparatov. Vestnik UGATU, 2014, vol. 18, No. 1 (62), Pp. 114—121. (rus)

2. Pachter M, D’Azzo J.J., Proud A.W. Tight formation flight control. Journal of Guidance, Control, and
Dynamics, 2001, 24 (2): 246—254.

3. Zhang X.Y., Duan H.B., Yu Y.X. Receding horizon control for multi-UAVs close formation control
based on differential evolution. Science China Information Sciences, 2010 (53): 223—235.

4. Mu Y. Research on aerodynamic coupling in UAV formation. Xi'an: Northwestern Polytechnical Univer-
sity, 2006.

5. Pollini L., Giulietti F., Innocenti M. Robustness to communication failures within formation flight.
American Control Conference, Anchorage, AK, 2002: 2860—2866.

6. Gautier H., Simon L., Rachid A. Formation flight: Evaluation of autonomous configuration control
algorithms. IEEE/RSJ International Conference on Intelligent Robots and Systems, San Diego, USA, 2007:
2628—2633.

7. Giulietti F., Pollini L., Innocenti M. Autonomous formation flight. /EEFE Control Systems Magazine,
2000 (12): 566—572.

8. Jodo S., Tunc S., Pravin V. Task planning and execution for UAV teams. IEEFE Conference on Decision
and Control, Atlantis, Bahamas, 2004: 3804—3810.

9. Lechevin N., Rabbath C.A., Lauzon M. Cooperative and deceptive planning of multi-formations of
networked UCAVs in adversarial urban environments. AIAA Guidance, Navigation and Control Conference and
Exhibit, Hilton Head, South Carolina, AIAA-2007-6410.

10. Reyna V.R., Pachter M., D’Azzo J.J. Formation flight control automation. AIAA: AIAA-94-3557, 1994.

35



4 Intellectual Systems and Technologies >
I

11. KOO T.J., Shahruz S.M. Formation of a group of unmanned aerial vehicles (UAVs). Proceedings of the
American Control Conference, Arlington, VA, 2001: 69—74.

12. Zong L., Xie F., Qin S. Intelligent optimal control of UAV formation flight based on MAS. Journal of
Aeronautics and Astronautics, 2008, 29 (5): 1326—1333.

13. Shin J., Kim H.J. Nonlinear model predictive formation flight. IEEFE Transactions on Systems, Man
and Cybernetics, 2009, 39 (5): 1116—1125.

14. Fidelis A.P.L., Tiauw H.G. A collision-free formation reconfiguration control approach for unmanned
aerial vehicles. International Journal of Control, Automation, and Systems, 2010, 8 (5): 1100—1107.

15. Fidelis A.P.L., Tiauw H.G. Reconfiguration control with collision avoidance framework for unmanned
aerial vehicles in three-dimensional space. Journal of Aerospace Engineering, 2013, 26 (3): 637—645.

16. Xiong W., Chen Z., Zhou R. Optimization method for multi-aircraft formation reconstruction using
hybrid genetic algorithm. Journal of Aeronautics and Astronautics, 2008 (29): 209—214.

17. Ye Q., Hu X., Ma H. Two-stage solution method for coordinated target assignment of multi- UAV for-
mations. Journal of Hefei University of Technology, 2015, 38 (10): 1431—1436.

18. Dai J., Li X., Sun Y., et al. Research on coordinated target allocation method for multi-formation
ground attack. Journal of System Simulation, 2009, 21 (8): 2148—2151.

19. Reynolds C.W. Flocks, herds, and schools: A distributed behavioral model. Comput. Graph. (ACM
SIGGRAPH’S7 Conf. Proc.), Jul. 1987, vol. 21, Pp. 25—34.

20. Czirok A., Vicsek M., Vicsek T. Collective motion of organisms in three dimensions. Physica A, 1999,
264 (1-2): 299—304.

21. Qiu H., Duan H. Pigeon interaction mode switch-based UAV distributed flocking control under ob-
stacle environments. ISA Transactions, 2017, 71 (1): 93—109.

22. Jadbabaic A., Lin J., Morse A.S. Coordination of groups of mobile autonomous agents using nearest
neighbor rules. IEEFE Transactions on Automatic Control, 2003, 48 (6): 988—1001.

23. Cucker F., Smale S. Emergent behavior in flocks. IEEE Trans Autom Control, 2007, 52 (5): 852—862.

24. Ballerini M., Cabibbo N., Candelier R. Interaction ruling animal collective behavior depends on top-
ological rather than metric distance: Evidence from a field study. Proceedings of the National Academy of
Sciences, 2008, 105 (4): 1232—1237.

25. George M., Ghose D. Reducing convergence times of self-propelled swarms via modified nearest
neighbor rules. Physic A, 2012, 391 (16): 4121—4127.

26. Vicsek T., Czirék A., Ben-Jacob E., et al. Novel type of phase transition in a system of self-driven par-
ticles. Physical Review Letters, 1995, 75 (6): 1226—1229.

27. Couzin.D., Jens K., Richard J., Ruxton G.D., Franks N.R. Collective memory and spatial sorting in
animal groups. Journal of Theoretical Biology, 2002, 218 (1): 1—11.

28. Motsch S., Tadmor E. A new model for self-organized dynamics and its flocking behavior. Journal of
Statistical Physics, 2011, 144 (5): 923—947.

29. Olfati-Saber R. Flocking for multi-agent dynamic systems: Algorithms and theory. IEEE Transactions
on Automatic Control, 2004, 51 (3): 401—420.

30. Li Z., Xue X. Cucher-Smale flocking under rooted leadership with fixed switching topologies. SIAM
Journal on Applied Mathematics, 2010, 70 (8): 3156—3174. DOI: 10.1137/100791774

INFORMATION ABOUT AUTHOR / CBEAEHUA Ob ABTOPE

Yky IOiimuH
Zhu Yuqing
E-mail: 1918149382@qq.com

Ilocmynuna: 13.07.2022; Odobpena: 18.12.2022; Ilpunama: 12.01.2023.
Submitted: 13.07.2022; Approved: 18.12.2022; Accepted: 12.01.2023.

36



\

Computing, Telecommunication and Control, 2022, Vol. 15, No. 4, Pp. 37-50.
MHdopMaTurKa, TeENEKOMMYyHUKaummK 1 ynpasnerume. 2022. Tom 15, N2 4. C. 37-50.

Research article @ 018
DOI: https://doi.org/10.18721/JCSTCS.15403 A
UDC 004.032

TECHNIQUE FOR AUTOMATING CHARGING
OF AN ELECTRIC VEHICLE BASED ON A RASPBERRY
Pl CONTROLLER USING NEURAL NETWORKS

N.A. Vlasenko', A.l. Dusaeva?,
I.V. Nikiforov? & , D.S. Prelovskii*

1234 peter the Great St. Petersburg Polytechnic University,
St. Petersburg, Russian Federation

B ijgor.nikiforovv@gmail.com

Abstract. The expansion of Russian market of electric and autonomous vehicles leads to
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and connecting it to the charging connector of an electric vehicle through the use of a robot
manipulator. A feature of the technique is the determination of the type and coordinates of the
location of the charging connector of the car by reading images obtained from the camera of
a gas station in real time and processing them with a convolutional neural network model. A
study was conducted, and a function was selected that allows optimally solving the problems
of classification of charging connectors, which ensures maximum accuracy of the result. The
volume of the training sample for the neural network was used in the amount of 10,000 images
from a synthetic data set, which was created on the basis of three types of the most popular three-
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AnHoTamus. PacimpeHune poccuiickoro pelHKa 3JIeKTPUUECKUX 1 aBBTOHOMHBIX TPaHCIIOPT-
HBIX CPEACTB BeJeT K YBEJIMUYCHUIO CITPOCAa Ha aBTOMATH3allMi0 0ECKOHTAKTHOM 3apsaku (6e3
ygacTus BomuTesist). B crarbe mpemoxkeHa MeTOIMKA OCCKOHTAKTHOM 3apsIIKM 3JICKTPOMO-
Ouseii, KoTopas MpearnojaraeT aBToOMaTUUYeCKoe OIpe/eeHue TUMa 3apsaHOro KOHHEKTopa
aBTOMOOWJISI, BBIOOP COOTBETCTBYIOILIETO 3aPsIIHOTO YCTPOIMCTBA U €ro MOAKIIOUEHUE B 3apsif-
HBIII KOHHEKTOP 3JIEKTPOMOOMJIsSI Ojlaromapsi UCIOJb30BaHUIO poboTa-MaHumysTopa. Oco-
OEHHOCTHIO METONUMKU SIBJISIETCST OTIpEJIeIeHUE TUITAa U KOOPAMHAT PACTIOJIOXEHUS 3apsITHOTO
KOHHEKTOpa aBTOMOOMJIS 3a CYET CUMTHIBAaHUS M300paKeHU, IMOIydIaeMbIX ¢ KaMephl aBTO3a-
IIPaBOYHOM CTAHIIMM B PEXMME PEATbHOTO BPEMEHHU U 00paOOTaHHBIX MPU MTOMOIIY MOICIU
CBEPTOYHOI HelipoHHOI ceTu. [IpoBeneHo uccienoBaHue U BbIOpaHa (PYHKIIMS, TTO3BOJISIO-
11ast ONTUMAaJIbHO pelaTh 3aayu KiaaccubuKaiuu 3apsiAHbIX KOHHEKTOPOB, obecIeyrBaolas
MaKCUMaJbHYIO TOUHOCTH pe3yiabTaTta. O0bEM oOyJaloliieil BBIOOPKU A1 HEMPOHHOM ceTu uc-
nojb3oBaH B pazMmepe 10 000 nzobpaxxeHut U3 CUHTETUUYECKOTOo Habopa JaHHBIX, CO3JaHHOTr0
Ha OCHOBE TPEX TUIOB HauboJiee IMOIYISIPHBIX TPEXMEPHBIX MOAeei 3apsIAHBIX KOHHEKTO-
POB Ha pa3IUYHBIX (PoHAX, MPUOIMKEHHBIX K PeaIbHBIM YCIOBUSIM MCITOJIB30BaHUS POOOTOB,
00CITyXMBAIOIINUX 3apsiaAHble CTaHIIUMK. [IpenmoxkeHHass MeTOAMKA pealn30BaHa B IMIPOTOTUIIE
MpOrpaMMHO-aNMnapaTHOro KOMILIeKca yrnpaBieHUsI MAaHUTYJISILIMOHHBIM pOOOTOM Ha OCHOBE
KoHTposiepa Raspberry Pi.

KimoueBsie clioBa: aBToMaTu3alnsi, KOMIBIOTEpHOE 3peHHUE, CBEPTOYHASI HEMPOHHAS CeTh, PO-
0OT-MaHUMYJSATOP, 3apsSIAHOE YCTPONCTBO

Jlna murupoanus: Vlasenko N.A., Dusaeva A.l., Nikiforov 1.V., Prelovskii D.S. Technique for
automating charging of an electric vehicle based on a Raspberry Pi controller using neural networks
// Computing, Telecommunications and Control. 2022. T. 15, Ne 4. C. 37-50. DOI: 10.18721/
JCSTCS.15403

Introduction

To date, one of the most acute environmental problems in developed countries is the pollution of the
atmosphere by exhaust gases from motor vehicles. The total level of environmental pollution by exhaust
gases from total emissions of harmful substances in Europe is 72.9 % [1]. One of the possible ways to
solve this problem is the widespread use of electric cars since they are more environmentally friendly
than cars with an internal combustion engine and contribute to reducing the consumption of fossil fuels.
This trend leads to the need to build a modern infrastructure for the vehicles maintenance [2].

Often, the construction of infrastructure for vehicles is carried out using robotic tools and systems,
which makes it possible to automate processes and minimize human involvement [3]. One of the parts of
such infrastructure is a contactless charging system with the use of robotic manipulators, which should
provide a high-quality, reliable, and fast connection of the charging station with the charging socket

© BnaceHko H.A., [lycaeBa A.W., Hukudopos W.B., Mpenosckuii A.C., 2022. U3patenb: CaHKT-MeTepbyprckuii NOAMTEXHUYECKUIA YHUBEPCUTET
MNeTtpa Benukoro
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of the car. Accordingly, with the increase of electric vehicles in the Russian market [4, 5], the need
for automatic contactless charging systems using robotic manipulators also increases, which is why the
relevance of the chosen topic is determined.

In addition, the situation in Russia differs from other electric vehicle markets [4], since there are
cars in our country that meet both European and Japanese standards. Guided by these considerations,
the paper considers the most popular charging sockets of electric vehicles in the territory of the Russian
Federation [5].

Research

Since the issue of the introduction and creation of automatic charging stations is relevant almost for
the whole world, many research groups are developing automated charging systems for electric vehicles.

For example, M. Bell, J. Duro, T. Flynt et al. in their article [6] consider a robot manipulator for
refuelling electric cars. Their research is aimed at developing a navigation system for the robot using the
LiDar system, as well as a system of movement towards the charging connector option.

Researcher E.H.C Harik in the article [7] considers the possibility of introducing autonomous
electric tractors into agriculture and proposes an autonomous charging station system that uses visual
navigation and detection to connect a power cable to an outlet. In the article, E.H.C Harik uses only
one type of charging connectors, which is a generalized model and is not used in real conditions.

A group of authors, B. Walzel, C. Sturm, J. Fabian, and M. Hirz, in their work [8] give a brief overview
of both existing charging systems from large companies such as Tesla, Volkswagen, and various research
projects, for example, a charging system from the Technical University of Dortmund. In addition, the
article highlights the main problems associated with the development of such an automatic system:
the location of the car in the parking space at the time of connecting the charger, various types of
connectors. They also proposed the concept of an automated charging system.

The works considered in the study provide a solution to their task, but they also have several
disadvantages associated with a low degree of automation, low connection quality (below 70 %), which
leaves room for improvement of the car charging automation. Some solutions describe a generalized
model and are not applied in real conditions.

The article suggests a different approach for charging electric vehicles with a robot manipulator. Its
main task is to automatically determine the type of charging connector of the car and build the optimal
trajectory from the charging station to the socket of the car using a robot manipulator. Also, a distinctive
feature is the creation, training and testing of a neural network for classifying various charging sockets
on a physical model of an automated charging system with the function of visual navigation of a robot
manipulator.

The aim of the work is to develop a technique that provides contactless charging of electric vehicles
by means of implementing a software and hardware complex based on the use of neural networks and a
Raspberry Pi controller.

The methodology consists of three main steps presented below.

Step 1. Automatic detection of the type of car charging connector by reading the image from the
video camera and its recognition by means of a neural network.

Step 2. Determining the coordinates of the charging socket and calculating the optimal trajectory for
moving the selected charger to the socket of the electric vehicle.

Step 3. Connecting the charger to the charging connector of the electric vehicle by using a robot
manipulator.

A feature of the technique is the determination of the type and coordinates of the location of the
charging connector of the car by reading images obtained from the camera of a gas station in real time
and processing them using a convolutional neural network model. The technique proposed in the paper
is implemented in a software tool based on the Raspberry Pi 4 controller.
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Finite automaton behaviour of the robot manipulator

The technique proposed in the paper was brought to implementation in a hardware and software
complex, the basis of which is the behaviour described by a finite automaton. Fig. 1 shows a model of
its behaviour in the form of a Mile machine [9], consisting of a finite number of states. Based on certain
input data, there is a transition from one state to another and data transfer.

In a finite state machine, the following basic states can be distinguished:

— "take photo" — the state in which the camera located at the gas station takes a picture of the
charging socket of an electric vehicle;

— "recognize socket" — the state in which the type of car charger is recognized by the image created
by the camera;

— "change charger" — the state in which the robot manipulator changes the active charger to a
suitable one for the current car;

— "calculate coordinates" and "calculate angle" — states in which, based on photos of the charging
socket of an electric vehicle, the coordinates of its location and angle are calculated, respectively;

— "plug" — connection of the charger by the robot manipulator to the charging socket of the electric
vehicle;

— "charge" — a condition that characterizes the process of direct physical charging of an electric
vehicle;

— "idle" — the state of the end of the charging process of the electric vehicle.

The most interesting states that will be considered in the paper are: "recognize socket", "calculate
coordinates” and "calculate angle".

Automation of determining the type of car charging connector

In the "recognize socket" state, the type of car charging socket is determined based on image
recognition [10].

There are a large number of charging sockets for electric cars. They differ in charging speed. According
to statistics [4] the most popular cars for 2020—2021 are Nissan Leaf, Porsche Taycan, Audi e-tron, Tesla
Model 3, Mitsubishi i-MiEV and others. These models use the following types of charging connectors:

command=CHARGER
PHOTO

command=SOCKET
take PHOTO
photo

command=NO_SOCKET

command=CHARGER l

CHARGER_TYPE,

calculate
oordinateg

change
charger

command=FALSE

COORDINATES

command=NEXT_OFFSET
calculate \CALCULATED_ANGLE

command=UNFINISHED command=UNCENTERED
CURRENT_ANGLE
die command=FINISHED, command=PLUGGED m command=CENTERED

Fig. 1. Behavior model of robotic arm system

40



4 Intellectual Systems and Technologies>

a) b) 9

Fig. 2. Models of charging sockets in use

— standard connector of the first type (SAE J1772, J-PLUG, J-plug), shown in Fig. 2a is a North
American standard, common among American and Japanese vehicles. It is single-phase and includes 5
contacts;

— connector of the second type (Mennekes), shown in Fig. 25 is a European standard with 7 contacts,
at the moment it is the most common among electric vehicles in Europe and China, can be single-phase
or three-phase;

— combined type (CCS Combo 2), shown in Fig. 2¢ is an improved version of the second type with
9 contacts. The second type of the cable can also be used for this connector.

Thus, the work selected the above tips for recognition automation as the most common in Russia.
Their example shows the applicability and effectiveness of the methodology. At the same time, the
applicability of the technique is not limited to the considered types of electric vehicles and their charging
sockets. It is universal and can be used, among other things, for other electric vehicles. To do this, it will
be necessary to expand the data set for training the neural network with images with additional photos
of charging connectors and retrain the neural network.

Figure 3 shows the architecture of a neural network for determining the type of electric car charger,
which consists of four convolution layers [11] (Conv2D with the number of neurons 8, 12, 16 and 18,
respectively), performing the operation of multiplying the image matrix (28x28) by the convolution
core matrix (3x3). Convolution layers alternate with four layers of subdiscretization (MaxPooling2D),
which are necessary to compress the size of the extracted image feature map [12]. The work uses a
convolutional neural network, because this architecture has proven itself well in image recognition tasks,
and the number of layers is justified by the highest efficiency and quality of recognition in comparison
with other numbers of layers.

Consider the layers of a neural network. The thinning layer (Dropout) is used to solve the problem
of retraining the network, converting to a one-dimensional vector (Flatten). Next is a fully connected
layer with a linear activation function (Dense 128 + ReLU), a thinning layer (Dropout) and the last fully
connected layer with a sigmoid activation function (Dense 4 + sigmoid), which determines independent
probabilities for determining the coordinates of the object in the frame. At the output of the neural
network, we get a two-dimensional array array [samples] [4], where samples is the number of images
submitted to the input of the neural network, and 4 is the number of coordinates received.

To classify the connectors, the Softmax activation function was used, which determines the dependent
probabilities of distribution over three possible classes for classifying objects. At the output of the neural
network, we get a two-dimensional array array [samples] [3], where samples is the number of images
submitted to the input of the neural network, and 3 is the probability distribution by class.

To train a neural network that implements the recognition mechanism of the charging socket of an
electric vehicle, a data set [13] from CAD models (Computer-Aided Design) was prepared.
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Fig. 3. Architecture of classification charging sockets neural network

The approach used in the work makes it possible to obtain many images of the required objects in
various positions, lighting and environment, and automatically mark up the data.

10,000 images were obtained in the work. In the Blender program, a program was created using the
bpy library, where a random angle and position of the part on the scene are calculated within acceptable
limits, since it should be facing the camera and should not go beyond the stage. After that, the background
is applied, the image is saved with the settings set.

Choosing an optimizer for classification of charging connectors

The study and selection of the best optimizer for the task of classifying charging connectors was
carried out. These optimizers are used in most machine-learning tasks.

Stochastic gradient descent (SGD) [14] is one of the simplest methods of minimizing the loss
function, on the basis of which other optimizers are built:

0, <06, —nVeJ(GZ),

t+1
where 0 — network parameters (weights), 1| — learning rate, J (9,) — loss function.

In the connector classification problem, this optimizer is at 1 = 0.001 (this value is optimal, because
with an increase in this hyperparameter, the final classification accuracy will decrease due to a large
number of local minima omissions, convergence may not be achieved, with a decrease, the convergence
rate will decrease significantly, especially when entering the plateau zone), it has the lowest convergence,
the classification accuracy on the test set was 35.64 %. This problem arises due to the impossibility of
adaptive changes in the learning rate and, accordingly, the step length.

The Root Mean Square Propagation Algorithm (RMS Pro) is used for batch optimization, in which
data is processed in blocks. Its main idea is to preserve the moving average of the squares of the gradients
for each weight. The learning rate is adapted by dividing it by an exponentially decreasing average of the
squares of the gradients:

v, =Bv,_, +(1_B)(V9J(9,))2 ’

0,,, < 6, ————V,J(6,),

WV, T €

t+1
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where v, — moving average, B — accumulation coefficient, € — smoothing parameter.

In this case, the loss function for the validation set and the classification accuracy are unstable, the
accuracy on the test set was 81.54 %.

Adaptive Moment Estimation (Adam) is an advanced RMS Pro algorithm using momentum and
one of the most effective and most frequently used optimizers in machine learning [15]. It calculates
the adaptive learning rate for each parameter with a slight change in weights for characteristic features.
To ensure this, it is necessary to preserve the exponentially decreasing average of the squares of the
gradients in previous iterations and the exponentially decreasing average of the past gradients. Instead
of using the entire dataset to calculate the actual gradient, this optimization algorithm uses a randomly
selected subset of the data to create a stochastic approximation:

m, = Blmt—l +(1_BI)VGJ(et)

v =B +(1-B,) (Ve (6,))

1-B, Aloss
et+1 —r ) ’

T] - T] A
«—0,———m, =0, ——| Bm,_, +
D +e ! \/§+6[B1 L1-B) A,

where 1 = 0.001, B, = 0.9, B, = 0.999, € = 105 0 < B, < 1,0 < B, < 1 — accumulation coefficient;
v, — average non-centered variance; m, — exponential moving average.

At the end of the training, the classification accuracy, and the loss function for the training set and
for the validation set begin to diverge, which entails retraining, so the accuracy with this optimizer was
84.15 %.

The algorithm of adaptive estimation of moments with infinite norms (Adamex) uses the inertial
moment of gradient distribution:
|k

v, =By, +(1-B4)[VeJ (6,)

=4 = mas (B9, (0., B2V, (0. B 9,00, ) 9,7 (0)
et+1 <~ et _ﬂmt
u

t

n=0.002, B,=0.9, B, =0.999.

At the beginning of the training, there is a big difference and instability of the results of functions
on the test and validation datasets, however, by the hundredth epoch, the results gradually converge;
nevertheless, the recognition accuracy of the test set was 77.23 %.

Adaptive estimation of moments with Nesterov acceleration (NAdam) is an improved Adam
algorithm. In this optimizer the next position of the exponential running average (ﬁzt ) is not predicted
in advance, and the gradient update formula compared to the Adam algorithm changes accordingly as
follows:
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Thanks to this algorithm, significant success was achieved: instability of functions was eliminated,
the results of their work converged, the recognition accuracy of the test set was 91.59 %.

Table 1 shows the final comparison of the accuracy of the classification of optimizers for each charging
connector. The rows of the table are the tests performed to determine accuracy by class (Type 1, Type 2,
Type 3), the total accuracy on training data (Train_accuracy) and on test data (Test_accuracy), and the
columns are the optimization functions under consideration. The cells show the results of calculating
the recognition accuracy on the test data set.

Table 1
The resulting classification accuracy for different optimizers

Adam NAdam RMS Pro Adamax SGD

Type 1 0.7554 0.8785 0.6677 0.7862 0.0615
Type 2 0.9031 0.8985 0.8062 0.8367 0.9978
Type 3 0.8661 0.9708 0.9723 0.7228 0.0077
Train_accuracy 0.8583 0.8938 0.8982 0.7632 0.5408
Test_accuracy 0.8415 0.9159 0.8154 0.7723 0.3564

Automation of determining the trajectory of the robot manipulator
from the charger to the charging connector of the car

In the “calculate coordinates” and “calculate angle” states (see Fig. 1), the trajectory of the robot
manipulator [16] with the selected active charger to the charging socket of the electric vehicle is
determined by using images from the camera.

One of the main physical characteristics of the camera, which takes pictures of the charging connector
of the car at the gas station, are its viewing angles, which are calculated by the formulas:

)

o =2arctan| — |,

2f

B =2arctan (Lj ,
2f

where o, B € (0;360), rad; i, v — sensor dimensions, mm; f — focal length, mm.

To create an algorithm for the movement of the robot manipulator from the charger to the charging
connector of the car, it is necessary to enter the definitions listed below.

Definition 1. F_, Fy € Q|0 <F <0.50A0< Fy < 0.5B we will call the final shifts, the relative values
by which the object in the image is shifted relative to the optical axis of the camera. Let x, y € (0;1),
then:
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k k
F;kﬂz(xéc_i_xl 2x0j*a’ Fk+1 (yl yl 2)’0} B)

where o, B — camera viewing angles; x,, X, — diagonal coordinates along the X-axis, the fraction relative
to the total width of the image; Yy» ¥, — diagonal coordinates along the Y-axis, the fraction relative to
the total height of the image.

Definition 2. yk“ R yl;ﬂ € O we will call the rotation angles (rad), the values by which the servomotor
will rotate at each new iteration, based on its current position and the coordinates of the object in the

resulting image:

v=(vieE), W =(vi£F)),

k_ Lk
yk+1 :[yk i(xé‘ +X1 ;Xo j*a}

The algorithm for calculating the trajectory of movement can be represented as a sequence of steps.
Step 1. Take the initial values /4, v — sensor dimensions, f — focal length, x — coordinate vector.

where Fy — final shifts.
Thus, we get:

Step 2. Accept o : = 2arctan i , B: =2arctan| — |, k = O n.
2f 2f

Kk
X —X,
Step 3. Accept F**: =[xg +%]*a.

Step4. If F/*' <0.5,accept y*™': = (y]; - ka), if "> 0.5, accept Y : = (yl; + F;k) otherwise
ve=(rn).
Step 5. Return y*™', accept k =k +1.

In this case, the local minimum of the function is achieved when the optical axis of the camera and
the calculated center of the recognized object coincide, since in the interval between iterations there is
a possibility of changing the position of the tracked object or changing the selection results in case the
object does not fully enter the frame during the first iteration. The algorithm is carried out before the
condition of changing axes.

Tools and technologies for implementing the methodology

The set of tools and technologies for the implementation of each individual module of the software
product includes:

— to write the motor control module for the Arduino Uno board, an ATmega328P-based
microcontroller, the Arduino IDE 1.8.19 development environment and the C++ programming
language with the Wiring framework and an extensive set of libraries were used;

— the motion vector calculation module for the Raspberry Pi 4 B board (Cortex-A72 [17]) was
developed using Python 3.6;

— training and testing of neural networks was conducted in the Jupiter Notebook 6.4.8 interactive
development environment using open libraries for Tensorflow 2.2.0 and Keras 2.2.1 machine learning
and Python 3.6 programming language;
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Fig. 4. Software module diagram that implements the proposed technique

— writing a program for rendering images and creating a data set for processing by neural networks
was carried out on the Ubuntu 21.04 operating system in open-source 3D modelling software Blender
3.0.1 in Python.

In accordance with the stages of the methodology proposed in the work, Fig. 4 shows a diagram of
the modules of the software tool. It consists of 5 main modules.

The “Rendering” module is necessary to compile a data set for training a neural network: the
components “Socket_Typel”, “Socket Type2”, “Socket Type3” start the process of creating images
with three types of charging connectors on different backgrounds.

The module “Jupyter Notebook” trains neural networks to determine the coordinates and type of the
charging connector of the car: the component “CNN_coordinates” implements the definition of the
coordinates of the required object in the frame; the component “CNN _class” implements the definition
of the connector class.

The Raspberry module is the main one, it starts the initialization of the camera and the process
of creating photos in real time loading neural network models from the Jupyter Notebook module,
basic calculations and data transfer to the Adruino module: the “Preparation” component prepares
directories, checks the existence of the necessary directories, creates them if necessary; the “Camera”
component starts the process of creating a photo; the “Model” component processes the received photo
using a neural network model; the “Calculate” component performs basic calculations with the received
data; the “Communication” component establishes a connection to the Arduino Uno board, sends a
command to the ttxAXMx port.

The “Arduino module” controls the motors, changing the position of the manipulator in space.

The “Dataset” module stores data sets for training, validation, and testing of neural networks.

Testing of software and hardware

The prototype of the gas station robot manipulator created in the work, shown in Fig. 5, meets the
following requirements:

— recognizes the type of charging socket of the vehicle with an accuracy of at least 80 % before
instructing the robot arm to grab the charger and start moving it to the charging socket of the vehicle
(average recognition accuracy of 91.59 %);

— determines the coordinates of the car’s charging socket and selects the optimal trajectory;

— starts moving when the coordinates of the object are received;
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Fig. 5. Prototype of robotic arm

— at each iteration, searches for the center of the selected object for subsequent calculations of the
rotation angles of the motors of which it consists.

With the number of images in the training dataset equal to 1500 images and an acceptable error of
p =0.01 and p = 0.05 45 % and 69 % of images are recognized correctly, respectively, while with an
error of p = 0.2 % — 96 %. When increasing the size of the input dataset to 10,000 images and with an
acceptable error of p = 0.01, 96.41 % of the images are recognized correctly.

Table 2 shows a comparison of the hardware boards that can be used in robotic arm for neural
networks processing. Raspberry Pi 4 B occupies a leading position in image processing for machine
learning [18] and image compression [19]. It provides fast enough speed of data processing and image
recognition in order to produce output in a reasonable amount of time. So Raspberry Pi 4 B was used to
build a robotic arm model.

At the same time, Arduino Uno controller was chosen for conversion of calculated coordinates into
rotational output (to servomotors), since it has good reputation in the similar tasks solutions [20].

Fig. 6 shows an example of recognition and allocation of charging connectors, as well as accuracy
for each type.

Conclusion

The paper proposes a method of contactless charging of electric vehicles, which involves automatically
determining the type of car charging connector, selecting the appropriate charger, and connecting it to
the charging connector of an electric vehicle using a robot manipulator.

A prototype robot manipulator was developed that implements the proposed technique and has the
following properties:

— determines the type of vehicle charging connector with an accuracy of 91.59 % due to the use of
a convolutional neural network. The data collection method used to train a neural network based on
3D models of charging sockets allows you to create data sets in different areas (at gas stations, in urban
areas, parking lots, on federal highways, etc.) with different natural and weather conditions that affect
lighting and visibility (rain, fog, blizzard, night time) at a lower cost;

— determines the coordinates for the movement of the robot manipulator with an accuracy of 96.41 %
due to the use of the optimal loss minimization function.

Based on wide and deep comprehensive analysis Raspberry Pi 4 B board was selected as the most
powerful and fast enough board to handle and process input data and provide relevant output in a
reasonable amount of time.
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Fig. 6. Demonstration of neural networks output

Table 2
Comparison of hardware boards for data processing in robotic arm
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The developed prototype of the software and hardware solution allows reducing human involvement
in the process of automating the charging of vehicles.
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Annoramusa. CTaThs MOCBSIIEHA MCCICAOBAHUIO M CPAaBHUTCIBHOMY aHaIN3y IIPOTpaMM-
HOH UM aImmmapaTHOI peaau3alliy oIlepallii CYMMUPOBAHUSI TPAHCIIOHMPOBAHHBIX MATPUIL U
e¢ MoauUIMPOBAHHOTO BapraHTa: ollepallii TPAaHCIIOHMPOBAHUS CyMMBI MaTpuil. OcobeH-
HOCTBIO MCCJIeOBAHUS SIBISCTCS MCIIOJb30BaHUE IJIs MOJYYEeHMS allapaTHOW peanu3aiuu
CPEICTB BbICOKOYPOBHEBOTO CUHTE3a. AKTYaJlbHOCTbh MCCJIEA0BaHUs OOYCIOBIeHA IIMPOKUM
KCITOJIb30BaHUEM MATPUUHBIX OIMEpalyii IJIs pelIeHUs 3aJad pa3IMdHBIX KJIAacCOB, CTEIICH-
HOM aCMMIITOTHMYECKON CIIOKHOCTHIO MAaTPUYHBIX BBEIYMCICHUM W OTCYTCTBUEM HAHHBIX 00
HCITOJIb30BAaHUU JTaHHOTO MHCTPYMEHTAapUs B 3aJayax CO3MaHUS amllapaTHBIX YCTPOMCTB IS
MaTPUYHBIX BEIYUCICHUN. [IpeamokeH MOIIaroBblii METOI CUHTE3a M ONTUMU3AIINH alllapaTt-
Horo ycrtpoiictBa. [IpoBeneHO cpaBHUTEIbHOE UCCIEAOBaHME MPOTPAMMHBIX U amIapaTHBIX
peanu3aluit 1BYX BbIYMCIUTENbHBIX 3amayd. [TokazaHo, 4TO OOJIbIION BBIMIPHIII TTPOU3BOIU-
TEJIbHOCTHU anIapaTHbIX peaqu3aliiii MojiydyaeTcs 3a CUeT yBeJIMUEHUsI CTEIIeHU Mmapauie/in3mMa
BBIYMCIICHWI. JJOTTIOJTHUTEIFHO ClIeIaHbl BEIBOIBI O HEA((HEKTUBHOCTH ITOMBITOK JOCTUYD BBI-
COKMX TAKTOBBIX YAaCTOT, a TaKXKe 00 YBeIMUYEHHNH 3aTpauynBaeMBIX PECYPCOB IIPU YBEIMUCHUU
OBICTPOIEICTBHUS 3a CUET pacliapauicIUBaHMUSI.

KiioueBble cioBa: ammapaTHasi peajusanusi, MPOU3BOAUTENbHOCTb, allllapaTHbIE 3aTparThl,
FPGA, napaienbHble BbIUMCICHMST, KOHBelepu3amus

®unancupoBanue: PaboTa BoinoiHeHa 1pu noaaepxke loczamanus CIT6ITY FSEG-2022-0001.

Jlng murupoBanus: AutoHoB A.Il., becennu 1.C., @wmnmos A.C. MccrenmoBanne 1 cpaBHU-
TeJbHBIN aHAMM3 3(PHEKTUBHOCTH TPOTPAMMHON 1 allllapaTHBIX PeaTn3ainii onepau CyMMH-
poBaHMS TpaHCHOHMPOBaHHBIX MaTpull // Computing, Telecommunications and Control. 2022.
T. 15, Ne 4. C. 51-63. DOI: 10.18721/JCSTCS.15404

© AHTOHOB A.., Beceant A.C., dununnos A.C., 2022. U3paTenb: CaHKT-MeTepbyprckuii NOAUTEXHUYECKUI YHUBEPCUTET MeTpa Benmkoro



4 Intellectual Systems and Technologies

>
|
Research article @ 018
DOI: https://doi.org/10.18721/]JCSTCS.15404 o

UDC 004.312.44

RESEARCH AND COMPARATIVE ANALYSIS
OF THE EFFECTIVENESS OF SOFTWARE
AND HARDWARE IMPLEMENTATIONS OF THE OPERATION
OF SUMMING TRANSPOSED MATRICES

A.P. Antonov' ® , D.S. Besedin?, A.S. Filippov?
123 peter the Great St. Petersburg Polytechnic University,

St. Petersburg, Russian Federation

= antonov@eda-lab.ftk.spbstu.ru

Abstract. The article is devoted to the study and comparative analysis of the software and
hardware implementation of the operation of summing transposed matrices and its modified
version — the operation of transposing the sum of matrices. A feature of the study is the use of
high-level synthesis tools to obtain a hardware implementation. The relevance of the study is
due to the widespread use of matrix operations for solving problems of various classes, the power
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tasks of creating hardware devices for matrix calculations. A step-by-step method of synthesis
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implementations of two computational tasks is carried out. It is shown that a large gain in the
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to parallelization.

Keywords: hardware implementation, performance, hardware costs, FPGA, parallel computing,
pipelining

Funding: The work was carried out with the support of the Goszadanie of SPbPU FSEG-2022-0001.
Citation: Antonov A.P., Besedin D.S., Filippov A.S. Research and comparative analysis of the
effectiveness of software and hardware implementations of the operation of summing transposed

matrices. Computing, Telecommunications and Control, 2022, Vol. 15, No. 4, Pp. 51-63. DOI:
10.18721/JCSTCS. 15404

BBenenne

MarpuyHble BIYUCICHUS IIMPOKO MCMHOAb3YIOTCS AJIsl pellieHMs 3a1ad pa3iMuyHbIX KiaccoB. [1pu
5TOM aCMMMTOTHYECKAS CIOKHOCTb MAaTPUYHBIX BBIYMCICHUIN MMEET CTEIIEHHYIO 3aBUCUMOCTD OT YMC-
Jla CTPOK,/CTOJIOLIOB 00pabaThiBaeMbIX MATPULL, HAIIPUMED, B 0011eM ciaydae: O(n°) — mj1st yMHOXKEHUS
Matpuil, O(n?) — mist ciaoxeHust Matpull. [1oaToMy 3amava MOBBIICHUST IPOM3BOAMTEILHOCTH BHIYKC-
JINTEJIbHBIX CUCTEM IPU BBIMOJIHEHUN 0a30BbIX MAaTPUUHBIX OIlepalnii akTyanbHa [1, 2].

MatpuuHble BBIYKUCICHUS] — 3TO TUIT BIYUCICHUM, TTO3BOJISIIOIINI OCYIIECTBISATh TPOCTPAHCTBEH -
HOe pacrnapajuieluBaHUe BHIYMCICHUI, YTO SIBJSIETCS CJAEACTBMEM TOTO, UTO BHIYMCICHUS CBOISATCS K
orepaiusM ¢ He3aBUCUMbIMHU, C TOUKU 3PEHUST BBIUUCIUTENBHOIO Tpoliecca, dJIEMEHTAMU MCXOAHbIX
Matpull. KpoMe TOro, oTcyTcTBMe 3aBUCMMOCTU T10 JaHHBIM JIJIsI OOJBIIMHCTBA 06a30BbIX MATPUUHBIX
orepanuii mo3BoJIsIeT UCMOJb30BaTh KOHBeHepu3alluio (pacrapasieuBaH1ue BO BpeMEHU), o0ecreun-
BaOIIYIO TapayiieIbHOe (OMHOBPEMEHHOE) BHITIOJIHEHNE OTIEPalliii CYUTHIBAHUS 3JIEMEHTOB MaTpHII,
apu(MeTUUYECKUX ACCTBUI Hal HUMU U 3alIMCH pe3yJibTaTa OMHOBPEMEHHO [Jist P 271eMEeHTOB pe3yiib-
TUPYIOILIE MaTPULIbI.

© Antonov A.P,, Besedin D.S., Filippov A.S., 2022. Published by Peter the Great St. Petersburg Polytechnic University
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O4YeBUAHO, YTO TEOPETUUYECKU MPOCTPAHCTBEHHOE paclapaslelMBaHue BbIYMCICHUI MOXKET NaTh
KPaTHBIN CTeTIEHN pacliapajuleTMBaHusI poCT Mpou3BoauTeabHOoCcTH. COOTBETCTBEHHO, KOHBelepu3a-
LIUST — KpaTHbIN Ko3(hGUILIMEeHTY KOHBeepu3aluu, T. €. YMCITy pearn30BaHHbIX 3TarnoB KoHBelepa. Of-
HaKO TaKHe TeOPETUYECKUE OLIEHKH SIBJISIOTCS U3AUIIHE ONTUMUCTUYHBIMU, TTOCKOJIBKY HE YUYUTHIBAIOT
OTpaHMYEHMSI, CBI3aHHBIC C TIPOITYCKHOM CITOCOOHOCTHIO MOJACHCTEM, O0SCIIEYMBAOIINX CUNTHIBAaHTE,/
3aIUCh JaHHbBIX, T. €. CUNTbIBAHUE U 3AMUCh BJIEMEHTOB MaTpUIl, a TAKXKe C TOCTYMHBIMU JIOTUYECKUMU
pecypcaMu ISl peanu3aluy apudMeTUYeCKUX onepalii Hall dJieMeHTaMu MaTpull [ 3].

CpencTBa 1 TTOAXOABI, TPATUIIMOHHO MCITOJIB3YeMbIe IJIST TTOBBIIIICHUS IIPOMN3BOIUTEILHOCTH BBIUMC-
JIGHW1, OCHOBAHHBIX HA MAaTPUYHBIX OIepalrsiX, XOPOIIO U3BECTHbI. DTO U MHOTOITOTOYHOE, MHOTOSI-
JEPHOE U/WJIM MHOTOMPOLIECCOPHOE MPOCTPAHCTBEHHOE paclapajieIMBaHue, pealu3yeMoe Ha Tpaau-
LIMOHHBIX ITpoLieccopax, MMerInX N GU3NIECKUX siIep 1 MO3BOISIONINX PeaTn30BaTh 10 N*2 IOTOKOB.
D70 M rpaduyeckre KapThl, paboTalollue B PeXKUMe BbIYMCIUTEIsI, B aHIVIOSI3BIUHON JIUTepaType Ha-
3piBaeMoM General Purpose Graphic Processing Unit (GPGPU), u umeriue cucroanueckyio SIMD
(Single Instruction Multiple Data) — ogHa MHCTPYKLIMSI MHOIO JaHHBIX — apXuUTeKTypy. 910 u FPGA
(Field Programmable Gate Arrays) — CBMC (Cepx6onbiire MHTerpanbHbie CXeMbl) ¢ BHYTpeHHEMN
ApXUTEKTYPOI1, anrapaTHO PEKOHMUIypUPYeMOIi MO BLITIOJHSIEMbII anroputm [4—7].

B BeramcmTenssx ¢ pUKCUPOBAHHON apXUTEKTYpOii (MHOTOSIIEPHBIC/ MHOTOTTIOTOKOBEIE TTPOIIECCOPHI
1 GPGPU) Bo3MOXHOCTH TTOBBILICHUST ITPOU3BOIUTEILHOCTA OTPAHUYEHBI 0COOCHHOCTSIMM KOHKPET-
HOTO BBIYMCIUTEISI: YUCIOM BbIYMCIUTENbHBIX 0JOKOB; CYIIECTBYIOIIMMU CBI3SIMUA MEXKIY BHIYUCIH-
TeJbHBIMU OJIOKAMM M UX OBICTPOAEHCTBUEM; O0OBEMOM JIOKAILHON /pacpeieIeHHON MaMITH, IIUPH-
HOI1 KaHaJIOB JIOCTYyTIa K MaMsITH; ObICTPOAECHCTBUEM U ITPOM3BOAUTEILHOCTBIO TAMSITH. DTU OrpaHuyve-
HUS SBJSIIOTCS (PUKCUPOBAHHBIMU JIJIS1 KOHKPETHOTO BBIYUCIUTENS ¢ (PUKCUPOBAHHON apXUTEKTYPOit
1 OTIPENEIISTIOT 3aBUCUMOCTD MEXIY TTPOU3BOIUTETbHOCTBIO BEIYUCIUTENIS M TUTIOM pelllaeMoil Ha HeM
3a/1auM.

Brruucnurenu ¢ peKoH(PUIypupyeMoii BHYTpPEHHEH apXUTEKTypoli, MOACTpauBaeMOi T01 3a1auvy,
TpaguLIMOHHO peann3dyemble Ha FPGA, Bo MHOroM JIMIlIeHbl YKa3aHHBIX BBIIIE HEAOCTATKOB (DUKCH-
POBaHHbBIX apxXUTEKTyp. OTHAKO OJJHUM U3 HEJIOCTATKOB MCIOJIb30BaHUS YCKOPUTEIe BBIUYMCICHUI Ha
FPGA xaxk nisi MaTpUuHbBIX ONepaluii, Tak v AJis APYTuX 3a1a4, sIBISIeTCS CIOXKHOCTh TPaaAUIIMOHHOMN
TIPOIIEAYPHI pa3pabOTKM, OCHOBAHHON KaK Ha CXeMHOM OITMCAHWU, TaK M Ha MCIOJb30BaHUM SI3bIKOB
ornucaHus anmnapartyphbl, Harpumep, si3bikoB VHDL, Verilog HDL, System Verilog [8§—11].

[Ipouiecc coznaHusl BEIUMCIUTENS, anllapaTHO ONTHMU3UMPOBAHHOIO MO aJIrOPUTM peliaeMoi 3a-
JIavu, TPyIOEMOK 1 TpeOyeT CYIIeCTBEHHBIX BPEMEHHBIX 3aTpaT Kak Ha 3Tare ero pa3paboTKH, Tak 1 Ha
aTare ero omiaaku [5]. DTo 3a4acTyio He TTO3BOJISICT IIPOBECTU UCCISAOBAHNE Y CPAaBHUTEJILHbBIN aHAIN3
pa3HbIX BAPMAHTOB anmnapaTHbIX pean3alivii airopuT™Ma pelraemMoii 3anaur. YTo mpuBOIUT K anmnapar-
HBIM PEIIEHMSIM TI0 TTIPOM3BOAUTEIBHOCTH OJIM3KUM K PEIICHUSIM Ha OCHOBE BEIYMCIIHMTENEH ¢ (PUKCHPO-
BaHHBIMU apxuTekTypamu [12, 13].

K HacrosiiieMy BpeMeHU CyIIeCTBYeT psii pa0oT, CBSI3aHHBIX C CO3IaHMEM allnapaTHbIX pean3aluit
BBIYMCITUTENIEHO CIIOXHBIX aJITOPUTMOB M IEMOHCTPUPYIOIINX YKa3aHHBIC BBIIIIE OCOOEHHOCTHA M HEMO-
CTaTKU.

Taxk, B [3] onucaHa 1monbiTKa ucrojb3oBaHnus FPGA 11 BBIIIOJHEHUS ollepalyii ¢ MaTpULaMU 1
BEKTOpaMM M cpaBHeHUE 3(PdeKTUBHOCTU ¢ peanusanusiMu Ha 0aze ILludposbix CurHaabHbix ITpo-
eccopoB (DSP), GPGPU u CniettnanusupoBaHHbix MHTerpanbHbix CxeM (ASIC). CaenaH BBIBOJI O
npuMmeHuMoctd FPGA m1s pelieHus 1OoJOOHBIX BBIYMCIMTENbHBIX 3aJa4, a OCHOBHBIM HEIOCTATKOM
ucnojb3oBanus FPGA Ha3BaHa CIIOXXHOCTh pa3paOOTKU YCTPOMCTBA C UCIIOJb30BAHUEM SI3bIKOB OITM-
canus anmaparypsl HDL. ITpu 3Tom B pabote, B cuiy 3asiBAI€HHON CIOXHOCTU CO3/IaHUSI BADUAHTOB
armnapaTHbIX peaan3aluii, He MPOBEAeHbI UCCIEAOBAHMS U ONITUMU3AIIMS allMapaTHbIX peaan3alnii.

B [4] cpaBHuBaeTcsa npousBoauteabHOCTs FPGA n1 GPGPU npu peniennu 3amaun yMHOXEHUS pa3-
pexxenHoi marpuubl Ha Bektop. s GPGPU wucnonb3yercst pelieHrue, OCHOBAHHOE Ha TEXHOJIOTUU
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CUDA. B pabote npuBejeHa cpaBHUTEJIbHAs TabJMLa ITPOU3BOAMTEIbHOCTY PELIEHUS TTOCTaBISHHOMI
3agaun Ha GPGPU u Ha 6a3ze FPGA, nmoka3sbiBaloiiasi, 4To IpeaIoXeHHas amnmapaTHasl peaau3alus
aJiIrOpUTMa YMHOXKEHUsI pa3peKeHHOM MaTpULIbl HA BEKTOP HECKOJIBKO MTPOU3BOAUTEbHEE Peau3aluu
Ha GPGPU.

B [5] npencTtaBieno cpaBHeHue npou3BoauTeabHocT GPGPU, MHOrosimepHbIX CUCTEM M aIlapar-
Hoit peanu3aiuy Ha FPGA nipu peltieHuu 3agaum nepeMHoxkeHust Matpull. [TokazaHo, 4To MakcuMaJb-
Has IIPOU3BOAUTEIbHOCTD JocTturaercs Jis peienunii Ha 6aze GPGPU u FPGA. I1pu stom FPGA 1o-
Kaszajiu JIyJLIUi pe3yabTaT o KpUTeprio 9HeproaHeKTUBHOCTH.

B [6] paccMOTpeHBI ABe peaqu3alliv OJHOTO ajropuTMa yMHOXeHMs Matpull Ha FPGA, co3man-
HbI€ C UCITOJIb30BAHUEM TPATULIMOHHOIO MOAX0/1a K MPOEKTUPOBAHMIO, BKJIIOYAIOIIEMY UCITOJIb30BaHUE
SI3bIKOB OTMCAHMSI allapaTypbl U CXEMHOTO BBoja. B cTaThe mokaszaHo, UTO MOJYyYEeHHbIE anmnapaTHbIe
peanu3aluuy 1o Mpou3BOAUTEbHOCTU CPABHUMBbI C peaiu3alusiMU aHAJIOTUYHbBIX aJITOPUTMOB HA MHO-
rOSiZIEPHBIX CUCTEMAX.

B pa6ote [7] npenioxeHa KOHBelepHast apXUTeKTypa MaTpuuHoro ymHoxenust Ha FPGA, co3naH-
Hasl Ha 0a3e cxeMHOro BBoja. Ocoboe BHUMaHHWE YIEJIeHO OLIEHKE MPOM3BOAMUTEIbHOCTU Tiepeaavyu
JMAHHBIX MEXIy TTOIMOAYJISIMU ycTpoiicTBa. OlieHKa MPOU3BOAUTEILHOCTH MPOBOAMIACH B CPABHEHUM
C OLIEHKOM IMPOM3BOAUTEIHLHOCTHY Ha 0a3e MonennpoBaHus B makere MATLAB. B pesyibraTe mokasaHo,
4yTO co3laHHas peanusauusi Ha FPGA numeeT cXoxyto mpou3BOAUTEIbHOCTD.

CoBpeMeHHBIM MOJXOI0M IPY CO3JAHMM alllapaTHOW peaqu3alluy aaropuTMa pellaeMoi 3amaadu
SIBJIIETCSI MCMOJIb30BAaHWE BO3MOXHOCTEU CpPEACTB BHICOKOYPOBHEBOTO CMHTE3a — CHMHTE3a armapar-
HBIX PellIeHUI ONMUCaHUIi, CO3aHHBIX HAa BLICOKOYPOBHEBBIX SI3bIKAaX MPOrpaMMUPOBAHMSI, OOBIYHO Ha
a3bikax Cu u C++. I[TomoOHbIe cpencTBa NPeaoCTaBISIOT Kak Beayuue npouspoautean FPGA, takue
kak kommnanus Xilinx u Intel PSG, Tak 1 KoMnaHuu, 3aHUMAOILIMECS CO3TaHUEM CPEACTB pa3padbOTKu
3JIEKTPOHHBIX YCTPOMCTB, HarpuMep, Kommnanus Mentor Graphics. ITomoOHEBIE cpencTBa IMO3BOJISIIOT HE
TOJIBKO CO3/1aTh HEKOTOPOE, 6a30BO€, HE ONTUMU3MPOBAHHOE allNapaTHOE pellieHre Ha 0a3e CylIeCTBY-
fomero onvcanusd Ha Cu (i C++), HO U IIPOBECTU MCCIIEAOBAaHME W CPAaBHUTEIbHBINA aHAIU3 pa3-
JIMYHBIX BapUAHTOB arnapaTHbIX pellieHU, OTIMYAIOIMXCS CTENEeHbI0 Mapajie/iu3Ma, KOJIMYeCcTBOM
CTyINeHel KoHBelepa, nHTepgelicoM K MaMsATH JaHHbBIX, CTPYKTYPHOM opraHu3alyeil maMsITu JaHHBIX
U IPpYTMMU NapaMeTpaMM, CBSI3aHHBIMU C 3(P(PEKTUBHOCTHIO (KPUTEPUU: TPOU3BOAUTEIBHOCTD, arnia-
paTHBIE 3aTPaThl) CO3JaBacMBbIX allnapaTHbIX pelneHnit [14—16].

Db GEKTUBHOCTD, MPOX3BOAUTEILHOCTD U alllapaTHbIE 3aTpaThl KOHEYHOTO pe3ysbTaTa, armnapaTHON
peanu3aliuy airopuTMa pelliaeMoit 3a1auu, CyIIeCTBEHHO 3aBUCST OT BBIOPAHHOTO airOpUTMa PEIIeHUS
3a/1auM M MoJ00paHHbBIX MapaMeTpPOB IMPOoLIeypbl BHICOKOYPOBHEBOTrO cuHTe3a. [Ipolienypa monydyeHust
OINTUMAJILHOTO KOHEYHOIO pe3yJsibrata He (hopMaii30BaHa, 3BpUCTUYECKAs U TPEOYET MPOBENEeHUS UC-
cJIeIOBaHMI C UCIIOJb30BaHMEM UMUTALIMOHHOIO MOAEINPOBAaHYS U CPaBHUTEIbHOTO aHamm3a [17—19].

>

O0beKT, npeaMeT, METObI, EIb ¥ CPEICTBA UCCIEI0BAHUS

OOBEKTOM UCCICI0BaHMSI, PE3YJIbTaThl KOTOPOI'O IIPUBEICHBI B JAHHOM CTaThe, SBJISIETCS CIIOCO0 IMO-
BBILIEHUS ITPOU3BOAUTEIbHOCTH MATPUYHBIX BEIYMCICHUIA.

[MpeaMeT MccaeqoBaHus — OIepaluss CYMMUPOBAHUSI TPAHCIIOHMPOBAHHBIX IBYMEPHBIX MaTPHIL
pasmepoM N c¢tob1oB u M cTpok:

_ AT T
CN><M - AM><N + BMXN’
roe C — nByMepHas BeIXOIHasI MaTpuiia pasmepom NxM; A u B — nBymMepHBIe BXOIHBIE MATPHUIILI Pa3-
Mepom NxM.

[Monb3ysich N3BECTHBIMU CBOMCTBAMU OIepallMi TPAaHCIIOHMPOBAHUS MATPHII, aJITOPUTM TIpeaMeTa
HCCIEeI0BaHUS MOXET ObITh MPeICTaBlIeH B MOIU(MULIMPOBAHHOM BUIIE:

54



4 MHTGﬂﬂEKTyaﬂbele CUCTEMbI N TEXHOJIOTUN

C A,y +B

T
NxM :( MxN M><N) >

rae C — nByMepHas BeIXOIHas MaTpuiia pasmMepoM NxM; A u B — nBymMepHbIe BXOIHBIE MATPULIBI pa3-
MepoM NxM.

Onucanue Ha sg3bike CU MPSIMOTO aJIrOpUTMa IMpeaMeTa MccaenoBaHus MPUBENeHO Ha puc. 1, rae
A_inu B_in — nByMepHbIe BXOAHbIE MaTpulibl, pazmepoMm NxM; C_out — nByMepHasi BbIXOIHAsI MATPU-
1a pasmepom MxN.

DyHKIMS transponse TPaHCIIOHUPYET BXOMHYIO MATpUILy, (PYHKIIMSI sum_matriX BBIYMCISIET CyM-
MY ABYX MaTpHIl C ITIOMOIIbIO ABYX BJIIOXKEHHBIX LIUKJIOB moajeMeHTHO, a T _SUM mpeacraBisieT co-
0011 (yHKIIMIO ISl pellleHusl 1IeJeBO 3aaur ¢ TTIOMOIIbIO Mpenblayux AByx. [ITpu aTom B hyHKIMU
T_SUM ucnons3yloTcst ABa BpeMeHHBIX (IPOMEXYTOUHBIX, OyhepHbIX) MaccuBa A _t 1 B_t s xpaHe-
HUS TPAHCIIOHUPOBAHHBIX KO BXOIHBIX MaTpull A _in u B_in.

OnucaHue Ha s13bike CU MOAUDUIIMPOBAHHOTO AJITOPUTMA MpeIMeTa UCCAeI0BaHUS TTPUBEIEHO Ha
puc. 2, rae A u B — n1ByMepHbIe BXOAHbIe MaTpUIIbl, pasmepoM NxM; C — nByMepHast BBIXOAHAS MATPHU -
1a pasmepom MxN.

B momuduiimpoBaHHOM ajiropuT™Me TPaHCHOHUPOBAHME BBIMOJHSIETCS TIPU 3alMCU Pe3yibTaToB
CYMMUPOBaHUS ABYX MaTpUIl MyTeM M3MEHEHUs MopsiaKa MHIeKcoB. [loaToMy B JaHHON peanu3aluu
ajTopuTMa HeT HEOOXOIMMOCTH B Oy(epHBIX MACCHBAX, UCTIONb3YEMBIX TSI XpaHEHUS TIPOMEXYTOTHBIX
pe3yabTaToB.

MeTtonbl UcciieAOBaHNS:

* MMUTALMOHHOE MOJEJMPOBAHUE IMIPOTPAMMHON 1 anIapaTHON peaiM3aliuii MAaTpUYHOM orepaluun
CYMMUPOBAHMUS JIBYX TPAHCTIOHUPOBAHHBIX ABYMEPHBIX MATpUIl (MCXOAHBIN aJrOPUTM MpeaMeTa uccie-
JOBaHUs) U €€ MOAUGDUIIMPOBAHHOM (POPMBI: TPAHCIIOHUPOBAHHUSI CYMMBI ABYX ABYMEPHbBIX MaTPUIL;

* CpaBHMTEJIbHBIN aHAIU3 TI0 KPUTEPHUSIM: TIPOM3BOINUTETLHOCTD U alrapaTHbIe 3aTpaThl (LIS ara-
paTHBIX peaau3aliuii).

Mertonuka ucciaenoBaHus BKIIOYAET CIEAYIONIe OCHOBHbIE STArlbl:

* OIIEHKY TPOM3BOAUTETBHOCTHA MPOTPAMMHON pean3allii CYMMHUPOBAHUS JABYX TPaHCIIOHUPO-
BaHHBIX JIByMEPHbIX MaTPHUII;

* OIIEHKY NMPOM3BOIUTEIBLHOCTH almnapaTHOM peaau3alui CYMMUPOBAHUS IBYX TPAHCIIOHUPOBAH-
HBIX IBYMEPHBIX MaTPUII;

* OLIEHKY TPOU3BOAUTEILHOCTU MPOrPaMMHON peain3aliii MOAU(MULIMPOBAHHOTIO aJIrOpUTMa —
ornepanyy TPAaHCIIOHUPOBAHNSI CYMMBI IBYX TIBYMEPHbBIX MaTPUIL;

* OIIEHKY ITPOM3BOIUTEILHOCTH aIllapaTHOU peaanu3aui MOIU(PUIIMPOBAHHOTO aJITOPUTMa — OTTe-
paluy TPAaHCTIOHUPOBAHUST CYMMBI JIBYX IBYMEPHbBIX MaTPUIL;

* CpPaBHUTEJbHBIN aHAJIU3 OLIEHOK, MOJYYEHHbIX ITPU MPOBENEHUU UCCIIENOBAHUS.

Lenb nccnenoBaHuss — BBIOOP ONTUMAIBHOTO, TT0 KPUTEPUIO TTPOM3BOAUTEIBHOCTD C YUETOM ariia-
pPaTHBIX 3aTpart JJIs1 arnapaTHbBIX peaiu3allnii, criocoda peau3aluu MaTpUIHOI oniepaliui CyMMUpPOBa-
HUSI IBYX TPAHCIIOHUPOBAHHBIX IBYMEPHBIX MAaTPUIL.

Mepa n3mepeHns Ipor3BOIUTETLHOCTH — IIPOMEXKYTOK BpeMEHH, M3MEpsieMbIil B HAHOCEKYH/Iax, ye-
pe3 KOTOPBI MOKET OBITH 3aITyllieHa HOBas 3ajaua CYMMUPOBAHUS IBYX TPAHCTIOHUPOBAHHBIX MATPUIL.

Mepamu n3MepeHust anmnapaTHbIX 3aTpaT SBJSIOTCS: YMCI0 BCTPOSHHbIX Moayeit namsatu (BRAM),
HEOOXOMMMBIX IJTsI alapaTHON pealn3alliy aiTOpUTMa, U3MepsIeMoe B IITyKax; CyMMa Yucia TPUTTe-
poB (FF) n nornueckux snementoB (LUT), HeoOXoaQUMBIX [UIsT almapaTHOM pealn3alliyd aJrOpUTMa,
nu3MepsieMas B IITyKax.

HccnenoBaHusi mpoBOAWINCH ISl CJEAYIOIIMX HAOOPOB uYMCia 3JEMEHTOB KBaJpaTHbIX MaTPUIL:
256x256, 512x512, 1024x1024, 2048%x2048, 3072x3072 anemeHTOB. [TosIcCHEeHUsT TIO0 BEIOOPY UMCIA DJIe-
MEHTOB /IS IPOBEJACHUS UCCIEAOBAHMS: YMCIIO 3JIEMEHTOB CTPOK,/CTOIO1I0B BEIOPAHO PABHBIM CTETIEHU
JIBOWKH T. K. 3TO MAKCUMAaJIbHOE YMCJIO 3JIEMEHTOB [UIST COOTBETCTBYIOIIEH pa3psTHOCTH ajapeca CTPo-
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void transpose(data in_m[N][M], data out_m[M][N])
Loop_T1: for (int i = 0; 1 < N; i++)
Loop_T2 : for (int j = 0; j <M; j++)
out_m[j1[i] = in_m[1][3];
¥oid sum_matrix(data A_m[M][N], data B_m[M][N], data C_m[M][N])
Loop_suml: for{int j=0;j<N;j++)
Loop_sum2: for( int i=0;i<M;i++)
3 C_mli1031=A_m[i1[3]1 + B_m[i1[3];

void T_SuM(data A_in[N][M], data B_in[N][M], data C_out[M][NID{
data A_t[M][N], B_t[M][N];

transpose(A_in, A_t);

transpose(B_in, B_t);
sum_matrix(A_t, B_t, C_out);

Puc. 1. IIpsmas popma ajiropuTMa CyMMUPOBAHMUSI TPAHCIIOHUPOBAHHBIX IBYMEPHBIX MATPUIL
Fig. 1. The direct form of the algorithm for summing transposed two-dimensional matrices

void SUM_T(data A[N]J[M], data B[N][M], data C[M]I[N]) {
sM_L2: for (int i = 0; i < N; i++) {
SM_L1: for (int j = 0; j < M; j++) {
C[310i] = A[i103] + B[1]1[]];

Puc. 2. MoguduimpoBaHHas ¢popMa aIropuT™Ma CyMMUPOBAHKS TPAHCIIOHMPOBAHHBIX IBYMEPHbIX MaTPULI
Fig. 2. Modified form of the algorithm for summing transposed two-dimensional matrices

KU/CTOJI011a; TTOTyYeHHbIE Pe3yJIbTaThl MTPAKTUYECKU HE 3aBUCST OT 3aJaHUs YMCJIa SJIEMEHTOB CTPOK/
CTOJIOLIOB HE paBHBIMU CTETIEHU ABOIKM, HAIIpUMep, TaKMMHU Kak 255%255, 511x511 u ganee, cooTBeT-
CTBEHHO. THII 3JIeMEHTOB MaTPULI — 1ieJIble, 3HAKOBBIC YMCIa, Pa3psaHOCTh 32 OuTa.

CpencrBoM IJisi UMUTALIMOHHOTO MOAEJMPOBAHUS TPU MPOTrPaAaMMHOI peaau3aluy ObUT BbIOpaH
nepcoHanbHbIi Komibiotep (1K) co ciaemyrommmu xapakrepuctukamu: npoueccop — AMD Ryzen7
6800HS; onepatuBHag namath — 64 I6aiit, DDRS5. OGonouka pa3paboTky (KOMIUJISTOP) IJIsT CO3/a-
HUS UCITOJIHIEMbBIX (DaiiJIOB MMUTALIMOHHBIX POrpaMMHBIX Mozeiaeir — Microsoft Visual Studio 2022
Community.

CpencTBoM TS aImapaTHOM pealn3aliiu, OMPEAeIISTIONINM OTpaHMYeHNS Ha JOCTYITHBIEC aIllapar-
HbIE PECYPCHI U 3aIep>KKU BBITIOJHEHUS alnlmapaTHbIX yHKLWI, Obl1a BeIOpaHa Mukpocxema (FPGA)
kommaHuu Xilinx: xckul15-flval517-2-e.

CpencTBOM TSI CUHTE3a alapaTHBIX peai3alliii Ha OCHOBE OITMCaHMS aJlrTopuTMa Ha si3bike CU sIB-
nsicd mmaket Vitis HLS 2022.2. TTakeT mo3BoJIsSIeT OCYILECTBIISITh CUHTE3 YCTPOMCTBA, I10JIydaTh OLEHKN
BPEMEHM pelIeHUSI 3a1a4l, TAKTOBOI YaCTOTHI YCTPOMCTBA, a TAK3KE BHIITOIHITH UMUTALIMOHHOE MOJIe-
JIMPOBAHUE TS TIOJTYIeHUSI OLIEHOK TTPOM3BOAUTEIIBHOCTH.

IIpoueaypa u pe3yasTaThl HCCIEI0BAHUS

JI1st TIpoBeieHrsl UCCIefOBaHMsl allllapaTHOM W MPOrpaMMHOM peajn3aliii IByX BApMaHTOB aJiro-
pUTMa CYMMUPOBaHMS ABYX TPaHCIIOHMPOBAHHBIX ABYMEPHBIX MaTpUll Ha s3bike CH co3maHbl OIuca-
HUSI, AITOPUTMHUYECKIE OCHOBBI KOTOPHIX ITPUBEIECHBI Ha puc. 1, 2.

s mpoBeaeHUsT MccaefoBaHUs TPOrpaMMHOM peaiu3alliu co3laHa UMUTAIIMOHHAsI MOJIeJb, OCY-
LIECTBJIAIONIAS U KaXI0ro Habopa yuciaa 3j1eMeHTOB (256x256, 512x512, 1024x1024, 2048x2048,
3072%3072) kBaapaTHbIX MaTPUILI;

— (GopMUPOBAHUE IBYMEPHBIX KBAIPATHLIX MaTphLl A 1 B, 1 MX 3aI0JHEHME CITYYaiiHBIMU JAHHBIMU;
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— MHorokpatHbii (K pa3) 3anyck ¢pyakumiit SUM_T u T_SUM, aaropuTMbl KOTOPBIX IPUBEIEHBI
Ha puc. 1, 2 COOTBETCTBEHHO;

— olleHKY BpeMeHU BbinojHeHust pyHKuii SUM_Tu T _SUM npu Kaxxaom 3aIycke 1 3aiuch ole-
HOK B COOTBETCTBYIOIIIE€ MACCHUBBI;

— HaxoxnaeHue K/2+1 cratuctuku (MeauaHbl) Cpeau 3JIeMEHTOB MaCCHUBOB C Pe3yJibTaTaMU OLIEHOK
BpeMeHHU BbinosiHeHUsT GyHKIMit SUM_Tu T _SUM, a Tak:ke MUHMMAaJIbHOM U MaKCUMaJIbHOM OLIEHOK
BPEMEHU;

— KOHTPOJIb AJITOPUTMUYECKOU npaBuiibHOCTU paboThl pyHkuMit SUM_Tu T _SUM, ocyiectsisi-
eMbIil MyTeM CpaBHEHMUS PE3YJITaTOB, MOJYYEHHBIX 3TUMU (DYHKIIUSIMU;

— OTOOpaXeHWe MUHUMAJIbHOW, MAaKCUMAaJbHOU W MEIMaHHOW OLIEHOK BPEMEHMW BBIMOJHEHUS
¢dyskuuit SUM_Tu T _SUM s Tekyuiero Habopa yucia 2JIeMEeHTOB B MaTpUIIE.

Jns anmapaTHO# peanu3alvii KaxKa0To U3 ABYX BApMaHTOB aiTOpUTMa CYMMUPOBaHUsI IBYX TpaHC-
IMMOHMPOBAHHBIX ABYMEPHBIX MaTpull B paMKax maketa Vitis HLS 2022.2: co3gaHbl HaOOpHI pellIeHU,
OTJIMYAIOLIMECS] CTETNEeHBIO Mapajiienn3ma, KoaduiimeHToM KOHBeiepUu3aliuy v CTPYKTYPHOI OpraHu-
3alMell maMsITU XpaHeHUsl JaHHBIX; TPOBEACHBI UCCIEI0BAaHUS U BbIOpaH MEepUO] TAKTOBOTO CUTHAJa,
OCYILECTBJISIONIETO CUHXPOHU3ALIMIO 2JIEMEHTOB allapaTHON peann3aliun; MoayYeHbl OLIEHKU MTPOU3-
BOJMTEIbHOCTU U afapaTHBIX 3aTpaT CO3IaHHBIX HAOOPOB anIapaTHbIX peleHU.

[IpoBeaeH cpaBHUTEIbHBIN aHAIU3 PE3YJIbTaTOB UCCASAOBAHUI U BEIOpAaH ONTUMAJIbHbINI, TTO KpUTe-
PUSIM TIPOU3BOAUTEIBHOCTD/ATIMapaTHBIE 3aTPaThl, AITOPUTM peaau3allii CyMMUPOBAHMS IBYX TPaHC-
TMOHWPOBAHHbBIX BYMEPHbBIX MAaTPUILL U CIIOCOO €ro peajiusalniu.

[1pu cozgaHuy Habopa arnmapaTHBIX pellleHU UCIOb30BaHbI CeayolIe TUPEKTUBHI MakeTa Vitis
HLS:

— pemenus sol_16_6 (sol_16_8): crermens mapajien3Ma BHYTpeHHETo KA — 16, KoahGUuImeHT
KOHBelepu3alluy BHYTPEHHETO 1IMKJIa — 3, BXOJAHbIE MAaCCHUBBI JaHHBIX CTPYKTYPHO MpeoOpa3oBaHbl B
16 MaccrBOB IO BTOPOMY MHJIEKCY, BBIXOIHbBIE MACCUBBI IAHHBIX CTPYKTYPHO ITpeoOpa3oBaHbl B 16 Mac-
CHBOB TI0 TiepBOMY MHaeKcy. [leprom TaKTOBOTO CUTHAJIA 3aaH paBHBIM 6 HC (8 HC);

— pemenus sol_32 6 (sol_32 8): creneHb mapayieiM3Ma BHYTPEHHET0 IHKJIA — 32, K03 GUITUEHT
KOHBelepu3allui BHYTPEHHETO 1IMKJIa — 3, BXOJHbIE MAaCCUBBI JaHHBIX CTPYKTYPHO MpeoOpa3oBaHbl B
32 MaccuBa Mo BTOPOMY MHJIEKCY, BBIXOJAHbIE MaCCUBbBI JaHHBIX CTPYKTYPHO Mpeodpa3oBaHbl B 32 Mac-
CHBa I10 TiepBOMY MHzAeKcy. [lepro TaKTOBOTO CUTHAJIA 3aaH paBHBIM 6 HC (8 HC).

PesynbraThl nccaenoBaHus MPOrpaMMHOM M annapaTHOW peanu3auuil MpsiMOro airOpUTMa CyMMMU--
pOBaHUS JBYX TPAHCTIOHUPOBAHHBIX JIBYMEPHbBIX MaTpUIl, MpeCcTaBlIeHHbIE B BUle rpapukoB, MpuBe-
JIeHBI Ha puc. 3.

ITo ocu abciuce OTI0XKEHO YUCIO CTONIOLOB U CTPOK MAaTpPULL, MCIIOJb30BAHHbBIX B UCCAEI0BAHUU.
ITo ocu opauHaT, MpeACcTaBIEHHOM B JlorapudmMuueckoMm MaciiTade, OTI0XKEeHO BpeMsl BHITOJHEHUST ajl-
rOpUTMa B HAHOCEKYH/IaX.

Ha pucyHnke noka3aHbl rpaduMku 3aBUCUMOCTH BPEMEHHU BBIMIOJHEHUSI aJlTOPUTMa OT pa3Mepa Ma-
Tpuilpl 1t PC — nporpamMmMHoii peanu3aiinu; base (8 ns) — anmnapaTHOM peanuzannu 6e3 onTuMr3alium,
TIepUo TaKTOBOTO cuTHaya 8 He; sol 16 6 (sol _16_8) m sol 32 6 (sol 32 8) — onTUMH3UPOBAHHBIX
arnmnapaTHbIX PELIEHUI, OMTMCAHHBIX BbILLIE.

M3 aHanu3a JaHHBIX, MPeACTaBIeHHbIX Ha PUC. 3, ClIeayeT:

— Tpaduky a1 pemreHnii sol_16_6 msol 16 8 mpakKTUIeCKN COBIAIIH;

— rpacduku s perneHuit sol 32 6 usol 32 8 nmpakTUyecKu COBIAIIHU;

— peleHue base sSIBJISIETCSI CaMbIM MEJIJIEHHBIM;

— pemenre PC Toka3biBaeT GOJIBIIYIO TTPOM3BOAUTEIHLHOCTh OTHOCHTEIBLHO pelieHuit sol 16 6
(sol_16_8) mist MATPHII C YUCIIOM CTPOK = CTOJIOLOB <= 512, 1 MEHBIIYIO IPOU3BOAUTENBHOCTH OTHOCH -
TebHO perneHuii sol 32 6 (sol 32 8) misa 11060r0 Yrcia CTPOK,/CTOIOIOB MaTPHII.

OlieHKa annapaTHBIX 3aTparT [IJIs yKa3aHHBIX BhILIE allnmapaTHbIX pellieHUi TpUBeIeHO Ha pucC. 4.
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Puc. 3. [Ipon3BoanTe IbHOCTD IJIST IIPSIMOI (DPOPMBI aITOPUTMA CYMMUPOBAHUS
TPaHCIIOHUPOBAHHBIX TBYMEPHBIX MaTPUII

Fig. 3. Performance for the direct form of the algorithm for summing transposed two-dimensional matrices
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TPaHCIIOHUPOBAHHBIX ABYMEPHBIX MaTPUII

Fig. 4. Hardware costs for the direct form of the algorithm for summing transposed two-dimensional matrices

Ha ocu opayHat nmokaszaHa cyMMa MCIOJIb30BaHHbBIX JIOTMUYECKUX 2JIEMEHTOB U TPUITEPOB JJISI COOT-
BETCTBYIOIIECH aIllnapaTHOM peaan3alui.

M3 aHanu3a pyucyHKa MOXHO 3aMETUTh TO, YTO MOTEHIIMAIbLHO 00Jiee MPOU3BOANTEIbHbIE BApDUAHThI
(Y KOTOPBIX ITEPUOJI TAKTOBOM YaCTOTHI 3aJaH PaBHBIM 6 HC) TpeOYIOT OOJIBIIKX aIlapaTHbIX 3aTpat. Of1-
HaKO M3 aHaJn3a PUC. 3 CIEAYeT, YTO OLIEHKH TTPOU3BOIUTETLHOCTH, MIOJYICHHBIE TTOCTe MMUTAITNOH -
HOTO MOJIeJIUPOBAHMUSI, 3aBUCST TOJBKO OT CTENEeHU Napajjieii3dMa U MpakKTUYeCKr He 3aBUCST OT ycTa-
HOBJIEHHOTO TpeOOBaHUsI K MEPUOIY TAKTOBOU YaCTOTHI.

OueHka 4uciaa BHYTPEHHMX OJIOKOB ITaMSTH, MCIIOJb30BAHHBIX I Oy(epHBIX MAacCHUBOB (CM.
puc. 1), mokasbiBaeT ero KBaJpaTUUHyK 3aBUCUMOCTb OT UYMCJIa CTPOK/CcToyIOOB MaTpull. [ToaTomy,
MpUBeIeHHbIE Ha puc. 3, 4 pelleHus] MOTYT ObITh peainu3oBaHbl HA MUKpocxeMe xckullS-flval517-
2-e, BBIOpAaHHOM JUIST UMUTAIMOHHOTO MOIETUPOBAHUS, TOJIBKO IS MATPUIL C KOJTMYECTBOM CTPOK =
= croj61oB <= 1024. YTo orpaHMYMBaeT MPUMEHUMOCTb MIPSIMOTO aJITOPUTMa CYMMUPOBAHUSI IBYX
TPAHCTIOHUPOBAHHBIX IBYMEPHBIX MaTPUIL IJIs anmnapaTHOW peanusauuu. Jlydiieit anmnapatHoil pea-
JTr3anuei mpsMoit hopMBI aITOPUTMa, TI0 KPUTEPHSIM MTPOU3BOIUTEIBHOCTD/aIIIapaTHBIE 3aTPaThI,
SBJIsIETCS pelneHue sol 32 8.
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Fig. 5. Performance for a modified form of the algorithm for summing transposed two-dimensional matrices

PesynbraThl ucciaemoBaHus MPOrpaMMHOI M allliapaTHOM peanu3aiuii Moau(MUIIMPOBAHHOTO ajiro-
pUTMa CYMMMPOBAHUS ABYX TPAHCIIOHUPOBAHHBIX IBYMEPHBIX MAaTpPHUII, TIpeICTaBICHHBIC B BUIE Tpa-
(UKOB, IPUBEICHBI HA pUC. 5.

ITo ocu abcuuce OTI0XKEHO YMCIIO CTONIOIOB M CTPOK MAaTPHII, MCIIOJIb30BAHHBIX B MUCCAEIOBAHUM.
ITo ocu opauHaT, peACcTaBAEHHON B JorapudmMuueckoM Maciitade, OTI0KEHO BpeMsl BbITTOJTHEHUS aJl-
ropuT™Ma B HAaHOCEKYH/IaXx.

W3 aHanu3a rnoJjiydeHHbIX pe3yJIbTaToB CeayeT, uTo IporpaMmMmHoe petreHue (PC) mokasbiBaeT MEHb-
1LIYI0 MTPOM3BOAUTEIbHOCTh OTHOCUTEIBLHO BCEX allllapaTHBIX PellIeHU 17151 JIIoOOTro Yrcia CTpoK,/cToi0-
LIOB MaTpull; pemreHus sol 32 6 (sol 32 8) mokasbIBalOT OOJIBIIYIO IPOU3BOIUTEIBHOCTL B CPABHEHUU
¢ pereHusiMu sol_16_6 (sol_16_8).

OlLleHKHY 3aTpaT alapaTHBIX PecypcoB, TPeOYeMBbIX IJIS alllapaTHON pealn3alluyl pelIeHuil MO-
IUGUIMPOBAHHOrO aJropuTMa, MOKa3bIBaIOT aHAJIOTUYHBIN puc. 4 XapakTep 3aBUCMMOCTHU OT Yucia
CTPOK/CTOJIOLIOB 00pabaThiBaeMbIX MAaTPUIL U 3aJJaHHBIX TPeOOBAHUI K TepUOAY TAKTOBOI YaCTOTHI.
AOCOTIOTHBIE 3HAYCHMST KOJIMYECTBA MCITOTb30BAaHHBIX JJOTUUECKHX 2JIEMEHTOB M TPUTTEPOB IIJIST CO-
OTBETCTBYIOILIEH amnmapaTHO pealu3aluuy MOAUGULMPOBAHHOIO aJlropuTMa MPUMEPHO B JBa pasa
MEHBbIIIE, YeM JIJIS annapaTHOU pealu3aliu IpsiMoro ajaropurma (cM. puc. 4). Ilpu atom Moaubuiim-
POBaHHBIN aTOPUTM He TpebyeT OydhepHBIX MaTpHIl. JIydieii anmapaTHOM peaanu3anueiit MOTuUIImI-
POBaHHOI (hOPMBI AITOPUTMA, IO KPUTEPUSIM TTPOU3BOAUTEIbHOCTh/amnapaTHbIe 3aTpaThl, SIBISIETCS
pemenue sol 32 8.

O060011IeHIEe TTOTYIeHHBIX B pe3yIbTaTe NCCIeI0BaHNS Pe3yIbTaTOB IMIPUBEIEHO Ha pHC. 6.

[To ocu abciuce OTI0XKEHO YKUCIO CTOJOLOB U CTPOK MaTpULl, UCITOJIb30BAHHBIX B UCCICIOBAHUMU.
ITo ocu opauHaT, peACcTaBAeHHON B lorapudmMuueckoM Maciitade, OTJI0KEHO BpeMsl BbITTOJIHEHUS aJl-
TOpUTMa B HAHOCEKYHIaX.

Ha pucyHke nokasaHbl rpachMKu 3aBUCUMOCTHA BPEMEHM BBIMIOJIHEHUSI aJlflOpUTMa OT pa3Mepa Ma-
tpuubl it T_SUM_PC — mporpaMmHoOii peanuzanuu npsimoit ¢opmbl aaroputma; SUM_T PC —
MPOrpaMMHOI peanuzauuu MonuduuupoBaHHoi (opmbl anroputma; T SUM 32 8 — anmaparHoit
peanu3aluu npsiMoii opMbl airoputMa (6asupyercst Ha petieHuun sol 32 8, mpuBeAeHHOM Ha puc. 3);
SUM_T 32 8 — anmapaTHOU peaiu3aluyd MOAUMUIIMPOBAHHOK (opMbI ajaroputMma (0asupyercsi Ha
pemenun sol 32 8, mpuBeaeHHOM Ha puc. S).

AHaJIN3 TTOJYYeHHBIX 0000IIIEHHBIX pe3y/IbTaTOB MOKA3bIBACT:

* MoauduurpoBaHHbII AITOPUTM CYMMUPOBAHUS JIBYX TPAHCIIOHMPOBAHHBIX IByMEPHBIX MATPULL
MO3BOJISIET KaK [/ TPOrpaMMHOM, Tak U JIJIs arlnmapaTHON peaiu3aliuii 1T0CTUYb MPUMEPHO B JiBa pa3a
OoJibllIei MPOU3BOAUTEIBHOCTU OTHOCUTEJIBHO MPOM3BOAUTEILHOCTU TIPSMOTO aaropyuT™a Ijis CoOT-
BETCTBYIOIIMX PELICHUN.
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Fig. 6. Generalized results of the study

* MakcuMalIbHYIO MPOX3BOAUTEILHOCTD AAaeT arnmnapaTHOe pellleHue, OCHOBaHHOE Ha MOAMMUIIN-
poBaHHOI1 hopme anroputma — pemieHne SUM T 32 8. IIpu 3TOM BBIMTPHIII IIPOU3BOAUTEIHLHOCTH
arnmnapatHoro SUM_T 32 8 penieHust OTHOCUTENIBHO JIyYIlIero MporpaMMHOTO pellieHUs YBeTMUUBaET-
Cs1 C YBEJIMYCHUEM YHUCIIa CTPOK/CTOIOLIOB MATPULI, a CJIOKHOCTh, YMCJIO UCIIOIb30BaHHbBIX JIOTUYECKUX
3JIEMEHTOB 1 TPUITEPOB AIllIaPaTHOI'O PEIICHUS IIPAKTUIECKU HE U3MEHSIETCSI.

3akinoyenue

Lenb mpoBeaeHUsT MCCIEAOBAHUS JOCTUTHYTA — OIpeNeeH CIocod peal3aliii OIepaliy CyM-
MHPOBAaHUSA ABYX TPAaHCTIOHWPOBAHHBIX ABYMEPHBIX MAaTPHUIl, OOSCITEYNBAIOIINI MaKCUMATbHYIO TTPO-
WU3BOJAUTEIBHOCTh ISl 3aJaHHBIX OrPaHUYEHU, U CO3aHO COOTBETCTBYIOILIEE allfapaTHOE pelleHUe
SUM T 32 8.

ITokazaHo, 4TO aJrOpUTM peasiu3allMy orepaluu CYMMUPOBAHUS IBYX TPAHCIOHUPOBAHHBIX JIBY-
MEpHBIX MaTpUIl UMEET CYILIECTBEHHOE BIMUSIHUE KaK Ha MPOU3BOIUTEIbHOCTh MPOTrPAMMHOTIO U arlna-
paTHBIX pelIeHNH, TaK 1 Ha armapaTHbIe 3aTpaThl TIPY allllapaTHOW peaan3alliiy.

B xauectBe manbHeiileit paboThl B JaHHOM HaIlpaBJeHUHU 11eJ1eCO00pa3HO MPOBECTU aHAJIOTUYHbBIE
HCCIIe0BaHUS IPYTUX YaCTO MCTOIb3yeMbIX MATPUUHBIX OMEepaLIUii.
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Abstract. Language model pre-training has led to significant success in a wide range of
natural language processing problems. It was shown that modern deep contextual language
models need only a small number of new parameters for fine-tuning due to the power of the
base model. Nevertheless, the statement of the problem itself makes it possible to search the
new approaches. Our experiments relate to the span-based question answering, one of machine
reading comprehension (MRC) tasks. Recent works use loss functions that require the model
to predict start and end positions of the answer in a contextual document. We propose a new
loss that additionally requires the model to correctly predict whether each token is contained in
the answer. Our hypothesis is that explicit using of this information can help the model to learn
more dependencies from data. Our solution also includes a new span’s ranking and a no-answer
examples selection scheme. We also propose approaches of accounting for information about
relative positions of tokens in the dependency trees and the types of dependencies in relation to
syntax-guided attention. The experiments showed that our approaches increase the quality of
BERT-like models on SQuAD datasets.
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Annoramus. Vicnonb3oBaHue Tpeo0OyUYeHHBIX SI3IKOBBIX MOJIEIE MPUBEJIO K 3HAUNTEb-
HOMY yCTIeXy B peIlIeHUU IMUPOKOTO Kpyra 3a71a4 00paboTKM ecTeCTBEHHOTO s13biKa. [TokaszaHo,
YTO COBPEMEHHBIM [NTyOOKUM SI3bIKOBBIM MOJIEJISIM I0OCTATOUHO JIMIIb HEOOIBIIIOTO KOJTNYECTBa
JIOTIOJHUTEbHBIX TAPAMETPOB JIsI JOOOYUEHUsI, YTO JOCTUTAETCS 32 CUET MOLIHOCTU 6a30BOM
monenu. TeM He MeHee cama MOCTaHOBKA 3a/auu JOOOyJYeHMs MTO3BOJISIET UCKATh HOBBIE IO/ -
XoJbl. Halmm akcrepuMeHTHI CBSI3aHbI € 3aa4eli TorcKa arara3oHa paBUIbHOTO OTBETA, OJ1-
HUM U3 BApUAHTOB 33/1a4¥ MAIlIMHHOTO TOHWMAaHUS MPOYUTAHHOTO. BO MHOTUX COBpEMEHHBIX
paboTax sl TaHHOU 3a/lauu UCTOJIb3YIOTCS (DYHKIIMU TIOTEPh, KOTOPbIE MPEAIOIAraloT, YTo
MOJIEJIb MpecKa3blBaeT TOJIHKO MO3UIIMY Havyajla U KOHIIA TPABUJIbHOTO OTBETA B JOKYMEHTE.
B manHoIi cTaThe mpeaioxeHa HoBasl (yHKIIMS MOTephb, HallpaBAeHHasl Ha TO, YTOObI MOJAEb
MpaBWJILHO TIPeACKa3bIBasia, COACPXKUTCS JIM KaXKIblii TOKEH B TIpaBUJIbHOM oTBeTe. Harra ru-
1oTe3a COCTOUT B TOM, YTO SIBHOE MCITOJIb30BaHME 3TOW MH(MOPMAIIMU MOXKET MTOMOYb MOJIe-
JI U3BJIeYb OOJIbIIIE 3aBUCUMOCTEN U3 MaHHBIX. [IpeiokeHHOe pelieHre TakKe BKITIoUaeT B
ce0s HOBYIO CXeMy PaHXXMPOBAHUS IUATIA30HOB 1 CXeMY BbIOOpA MTPUMEPOB 0€3 TPaBUIBLHOTO
otBeTa. [IpeanoxeHbl MOAXOABl K YUeTy MH(MOPMALIMM O B3AUMHOM PACITOJIOXEHUN TOKEHOB
B JIEPEBbSIX 3aBUCUMOCTEN W THUIAaX 3aBUCMMOCTEN BMECTE C MCITOJb30BAHUEM CUHTaKCUYe-
CKM YIIPaBJISIEMOTO MeXaHM3Ma BHUMaHUsI. DKCIIEPUMEHTBI TOKa3bIBAIOT, YTO MPEITOXKCHHBIE
MOAXOMAbI MOBBILIAIOT PE3YyIbTaT IJIs pellieHuil, ocHoBaHHbIX Ha Moneau BERT (Bidirectional
Encoder Representations from Transformers), Ha Habopax ganHEIX SQUAD (Stanford Question
Answering Dataset).

KiioueBbie cioBa: MalliHHOE 00yYeHUe, 00pabOTKa eCTeCTBEHHOTO SI3bIKa, BOIIPOCHO-OTBETHHIE
CHCTEMBI, MAIIMHHOE TTOHMMAaHWe ITPOYNTAHHOTO, CHHTAKCUYECKUIA pa300p 3aBUCHUMOCTEM

Jlna nutupoBanus: Pismenny A.A., Sokolov E.A. Token-wise approach to span-based question
answering // Computing, Telecommunications and Control. 2022. T. 15, Ne 4. C. 64—72. DOI:
10.18721/JCSTCS.15405

Introduction

Question Answering (QA) is an important natural language understanding problem. One of examples
of related tasks is span-based QA, where an answer is looked up as a sub-sequence in a contextual docu-
ment. Selecting the span of the answer to a question might be used as a final step in the open-domain QA
pipeline, therefore, advances in span-based QA can be applied for real-world question-answering prob-
lems [1]. Also, this task is one of the options of Machine Reading Comprehension (MRC) problem, where
the task is to read the text and answer questions based on it (in this case the answering form is span se-
lection). In this paper, we focus on a span-based QA task. Given a question and a passage containing the
information for understanding, the task is to predict the contiguous span of answer text in this passage.
Additional difficulty may lie in identifying those examples in which the passage does not contain a right
answer (no-answer examples). We propose new a training objective and suitable answer selection scheme.
Our approach is applied to a pre-trained BERT model [2]. Evaluation on challenging question answering

© MucbMeHHbIN A.A., CokonoB E.A., 2022. U3paTenb: CaHKT-MeTepbyprckuii MONUTEXHUYECKUIA YHUBEPCUTET lNeTpa Bennkoro 65
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tasks shows than the proposed solution benefits the model performance. Our additional experiments focus
on using information from dependency parsing. Our contributions are as follows:

1. We propose a new approach for span-based QA that takes into account more supervised information
from the dataset.

2. We propose new approaches of accounting for information about relative positions of tokens in the
dependency trees and the types of dependencies.

3. We validate our approaches on both SQUAD datasets and show that they are significantly better than
BERT baseline.

Related work

Contextual language model pre-training has significantly improved performance in a wide range of
NLU tasks including question-answering benchmarks. Some important examples are Embedding from
Language models (ELMo) [3], Bidirectional Encoder Representations from Transformers (BERT) [2]
and BERT-based approaches, such as RoOBERTa [4] and ALBERT [5]. Many of these models use the
self-attention mechanism proposed in Vaswani et al. [6]. For span-based QA, this mechanism can provide
bidirectional cross attention between the passage and the question. Many works have been devoted to the
inclusion of syntactic/semantic information for solving NLP tasks. For example, Zhang et al. [7] exper-
imented with adding explicit syntactic constraints to the attention mechanism by focusing on ancestors
in the dependency-parsing tree. Zhang et al. [8] used an additional module that processes information
received from semantic role labeling.

Proposed methods

Training objective and prediction. The standard training objective function for span-based question an-
swering is the negative sum of the log probabilities of the predicted distributions indexed by true start and
end indices averaged over all the training examples (Seo et al. [9], Yu et al. [10], Devlin et al. [2], Liu et al.
[4], Lan et al. [5] and others). On the one hand, the information about tokens between the start and end
answer tokens is also used in these models. On the other hand, it is possible to take this information into
account more explicitly. Our hypothesis is that using token-wise labels can help the model to learn more
dependencies from data. Our model predicts whether each particular token is contained in the answer. The
important question in this case is how to select answer on test data. The proposed solution is described
below.

Similarly to Devlin et al. [2], we use a start vector S € RY and an end vector E € R (fully connected
layers over the encoder output) during fine-tuning. The start and end logits for one example are computed
by

s=SH", e=EH'",
where H € R™ is encoder output,  is input length, d is hidden size.
We use the additional vector B € R for binary classification task. Suppose the correct answer is
spanned from i* to /™ token. Denote logits for the new vector by b = BH " The loss function is
‘C = 7\'S‘Cs + 7\'e‘Ce + 7\'bLb’

where XS, ?»e, Xb are hyperparameters. The components of the loss function are defined as follows

L = —log(softmax(s)i), L, = —log(softmax(e)j),
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Loss
PO + X Ap
__— to.
Cross-entropy loss Binary cross-entropy loss

( Linear layer S Linear layer E Linear layer B
BERT
encoder
_____________________________________________________ |
Position embeddings | | ( ]( ] | | ( ] ] ( ] [ ] (
P+ + + + + + + o+

Segment embeddings

Token embeddings :

Input ~ (CLS]| (What| [does | [ Tom | [ do | [ 2 |[SEP [Tom | [eats | [and | [drinks ((SEP]

0 0 0 0 0 0 0 1 0 0 0 0
Target 2 0 0 0 0 0 0 0 0 0 0 1 0
Target 3 0 ] 0 0 0 0 0 1 1 1 1 0

Fig. 1. DT-BERT model

=—= ZIOg( ) > 10%(1_5(bk)) :

kei,j ke0,n—1, ke?j

The DT-BERT (Double Task BERT) model is shown in Fig. 1. The score of a candidate span from
position 7 to position j is defined as

2 bes

kei,j

T(i,j)=s+e+——
( ’ ) j—i+l
where a is a hyperparameter that is selected on the validation set. The maximum scoring span where j > i

is used as a prediction.
We also experimented with maximizing the following function:

P(i,j)=s+e, L Dlog(o(b))+ D, log(l-a(b,))|,
n\ ieij keOn—Lkei,;

which is equivalent to finding the span with the minimal value of the loss function (similarly to s, + e
maximizing for the base model). In this case, the model performed worse. Replacing 1/n coefficient with
a hyperparameter, which is selected on the validation set, gives comparable results.

The extra layer B can also be used to predict unanswerable questions. As usual for BERT-based models,
we treat questions that do not have an answer as having an answer span with start and end at the [CLS]
(null) token. We predict a non-null answer when max, ;- G(bi) > (S(b0 ) + 1, where the threshold T is

selected on the validation set (instead of max,_ J {Si +e /} > 5§, +e,+7T in [2]). For the task with unan-
swerable questions we first optimize the EM metric on the answerable questions by choosing a, and then
we choose the optimal threshold T on all questions for fixed a value (also for EM).
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Using information from dependency parsing. We adopt the self-attention layer modification proposed
in [7]. Given input token sequence S = S, S, ... S , where n denotes the sequence length, they derive the
ancestor node set Pi for each word s, according to the dependency tree. Then a nxn mask M is used to add

explicit syntactic constraints into attention mechanism (X is layer input, for example, the batch size is 1):

T
Attention (Q, K, V') = softmax (MJ v,

N

0, if jeP or j=i,
M, = _
7| —oo, otherwise

O=W°eX,K=W*X, V=Ww"X, X eR"™.

We propose to supplement this mechanism with the information about the distance from each token to
the root of the dependency tree corresponding to it (depth in a tree). We assume that this is sufficient in-
formation to understand the relative positions if we use described masking. The embeddings corresponding
to each depth value are added to the input of dependency-based attention module:

Q=W?(X+D), K=Ww*(X+D),V=w"(X+D),

where D € R™. If the level of the i* token is &, then D[i ] =FE [k] , where E € R™“, m is the maxi-
mum depth value, E is the learnable embeddings matrix for all depths, £ [k] is embedding for k™ level.

We are experimenting with two approaches: in the first case X is BERT encoder output (similarly to
[7]), in the second case X is a matrix of relations in dependency trees. Specifically, the i row of the matrix
is the embedding of the dependency between the i*" token and its parent in the dependency tree'.

We use special dependency embeddings for special tokens [CLS], [SEP], and [PAD]. Each of such
tokens corresponds to a separate dependency tree. For proposed approach we assume that each row of
Attention( ) output is some embedding of the path from the “root” of the sentence to the corresponding
token. The depth embeddings and the dependency embeddings are learned together with the model. In
both cases, the additional module repeats the Transformer encoder block's architecture. For the first model
dependency-based module's output is averaged with the BERT encoder output with weights w =w,=0.5,
for the second we use concatenation and slightly increase the dimension of the linear layers S, £ and B.

Experiments

Dataset and evaluation. Our experiments are carried on SQUAD 1.1 and SQuAD 2.0 datasets [11, 12]
for span-based question answering. The SQuAD 2.0 task extends the SQuUAD 1.1 by allowing for the pos-
sibility that no answer exists in the provided passage. The dataset statistics are described in Table 1 and
Table 2. The Dev set is another name for validation set.

Table 1
Dataset statistics of SQuAD 1.1

Train Dev Test
Num of examples 87.599 10.570 9.533

! Most of the dependencies are covered here: https://universaldependencies.org/u/dep/all.html
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Table 2
Dataset statistics of SQuAD 2.0

Train Dev Test

Total examples 130.319 11.873 8.862
Examples with answer 86.821 5.928 4.530
Examples w/o answer 43.498 5.945 4.332

Two official metrics are used to evaluate the model performance on SQuUAD datasets: Exact Match
(EM) and a softer metric of F1 score (they were used in original papers [11, 12] and also in the official
leaderboard). The EM measures the percentage of predictions that match any one of the ground truth an-
swers exactly. The F1 score measures the overlap between the prediction and ground truth answer (for one
example). The prediction and the ground truth are presented as bags of tokens, and their F1 is computed.
The average F1 is calculated for all examples; in each case, the maximum F1 for all ground truth answers
is taken. For unanswerable examples, EM and F1 are equal.

Implementation. We adopted the BERT-base-cased and BERT-large-cased-whole-word-masking?
(BERT wwm) as the baselines. We used one training epoch for BERT-wwm model on SQuUAD 1.1. For
BERT-base-cased training, we used 3 epochs on SQuUAD 1.1 and 4 epochs on SQuUAD 2.0. The number
of epochs was chosen from {1, 2, 3, 4} using learning rate 5 - 100> to maximize the performance of our
baselines. The initial learning rate was selected from {3 - 10,4 - 10,5 - 107, 6 - 107, 7.5 - 1075}. We used
the linear warmup for the first 10 % of steps followed by a linear decay to 0; L2 weight decay coefficient was
0.01. Weset A, =A =, = 1/3forproposed lossandA_=A_ = 1/2, A, = 0 for baseline loss; our experiments
with BERT-base on SQUAD 1.1 were done with double (x 2) weights A, A , A,. We used the WordPiece
embeddings [13]; the maximum input length was set to 384. Our implementation was based on the Pytorch
implementation of BERT? and Spacy dependency parser* (from "en_core_web_lg" model). The hidden
size in dependency-based module for syntactic path encoding was set to 30, the number of attention heads
was 3, and the intermediate size was 90.

Results. Table 3 shows SQUAD 1.1 Dev set results. Limited testing on this dataset is due to the fact that
getting results on a test dataset is not currently available. The DT-BERT model outperforms the baselines
in the task of choosing the correct span.

Table 3
SQuAD 1.1 Dev results
System EM F1
BERT-Base [2] 80.8 88.5
BERT-Base (our baseline) 80.94 88.67
DT on BERT-Base 82.04 88.81
BERT wwm (google-research-github®) 86.7 92.9
BERT wwm (our baseline) 87.38 93.36
DT on BERT wwm 87.87 93.54

DT-BERT results on SQUAD 2.0 compared to prior leaderboard "BERT-base" entries and published
BERT-base results are shown in Table 4.

2 https://github.com/google-research/bert/blob/master/README.md
3 https://github.com/huggingface/transformers

4 https:/spacy.io/models/en

° https://github.com/google-research/bert/blob/master/README.md
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Table 4
SQuAD 2.0 results. The results of BERT on the Dev set and Test set taken
from Yang et al. [14] and SQuAD 2.0 leaderboard® respectively
System Dev Test
EM F1 EM F1
BERT-Base [14] 73.66 76.30 — —
BERT-Base (best on leaderboard) — — 73.10 76.24
BERT-Base (our baseline) 73.74 76.71 73.30 76.28
DT on BERT-Base 74.48 77.54 74.77 77.71

We find the proposed way to encode the relative position in dependency trees and the proposed encod-
ing of the syntactic path useful as well.

Table 5
Results of models using dependency parsing, SQuAD 2.0
Dev Test
System
EM F1 EM F1
DT-BERT 74.48 77.54 74.77 77.71
+ Mask layer, input:
relation embs + depth embs 74.96 77.64 — —
BERT output 75.20 78.25 — —
BERT output + depth embs 75.35 78.24 75.47 78.23

We also evaluated the separate contribution of the proposed span’s scoring, no-answer detection and
mask layer over syntactic embeddings.

Table 6
SQuAD 2.0 Deyv, ablation results. In the last version (last row),
additional embeddings are not processed by the mask layer
System EM F1
DT-BERT 74.48 77.54
DT-BERT, w/0 new no-answer detection 74.02 76.93
DT-BERT, w/o new span scoring 74.08 77.44
DT-BERT , w/o both (only new loss) 73.62 76.81
DT-BERT + Mask layer, input: relation embs + depth embs 74.96 77.64
rela‘[iolr?ifmllgals5 Ii{l;)‘%\k/l[ aesrlriéesl?lg’/énr%ggk layer 74.70 77.28

We used the McNemar’s test [15] to test the statistical significance of SQUAD 1.1 and SQuAD 2.0 Dev
set results (SQuAD test data are not publicly available). This test can be adapted for classification tasks
[16], and span-based QA [17]. Our models are better than the baselines with p-value < 0.05.

© https://rajpurkar.github.io/SQuAD-explorer/
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Conclusion

We proposed a new approach for span-based question answering task, including new loss function,
span’s ranking and no-answer examples selection. The experiments on two widely used benchmarks
showed improving performance both for finding correct answers and for identifying unanswerable ques-
tions. The proposed solution requires a minimum number of extra parameters and can also be used for any
model that encodes input sequence tokens. The solution can be further improved by using more powerful
encoders or syntactic information as demonstrated. The proposed approaches to its accounting also allow
improving the results.
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AnHOTamusA. MHOTIMe COBpeMeHHBIC TTOAXOIBI ST PEIIeHWs 3aIadi paclio3HaBaHUS MHO-
TFOTOJIOCHOU peyr JIMOO He MpelHa3HAyYeHBI ISl paboThl C IMepeceKarolleiics pedbto, aubo
TpeOYIOT MHOTO BpPEMEHH IJIsl 3aIlycKa, YTO MOXKET ObITh KPUTUYHBIM, HAalpUMeEp, B ciydae
pacrmo3HaBaHUsl peuu B peaJjbHOM BpeMeHU. B cTarbe mpeajioxeHa TpaHchopMmepHas end-
to-end Momenb s paco3HaBaHUsI MHOTOTOJIOCHOW pedu ¢ BO3MOXHBIMU TEepeCeUYeHUSIMU.
[MpennoxeHHast apXUTEKTypa sIBJIsIeTCsI 0000IIEHNEM apXUTEKTYpPhl M3 CTAHIAPTHOTO TTOAX0/1a
K paclo3HaBaHUIO peuu. Takas MOIesb MO3BOJSIET JOCTUYb PE3YJIBTaTOB, COMTOCTABUMBIX IO
KA4eCTBY C COBPEMEHHBIMU PEIIEHUSIMU, HO TpeOyeT MEHbIIIE 3allyCKOB MOAEIN /s MOoJIyde-
HUSI TEKCTOBOI'O PAacCIlO3HABAHMS MHOIOTOJIOCHOM peYM, YTO YCKOPSIET BpeMsl pabOThbl TaKoii
cucteMbl. OmnKcaHa Mmpolleaypa reHepallui CUHTeTUYECKUX JaHHBIX JUISI OOy4YeHUs] MOJIEJIU.
DTa npoleaypa Io3BoJIsieT KOMIIEHCUPOBATh OTCYTCTBHE pealbHBIX JaHHBIX IJIsI O0ydeHUs MO-
IeJIN [IJIsI paclio3HaBaHWST MHOTOTOJIOCHOIM peUM IMyTEeM CO3IaHUs MOTOKa JaHHBIX M3 IEepBO-
HavaJbHOTO Habopa.

KiroueBblie cioBa: pacro3HaBaHME pevM, paclo3HaBaHWE MHOTOTOJOCHOM peuu, Auapusalusi,
pasjesieHe peur, roJJ0COBbIE TEXHOJIOTUN

Jna mutuposanusa: Fadeeva E.S., Ershov V.A. Multi-channel transformer: A transformer-based
model for multi-speaker speech recognition // Computing, Telecommunications and Control.
2022. T. 15, Ne 4. C. 73—85. DOI: 10.18721/JCSTCS.15406

Introduction

Speech recognition is a problem of determining a text spoken on an audio signal. Voice technologies
are used in many aspects of human life: voice assistants, smartphones for blind people, transcribing voice
messages.

Periodically, a situation of multi-speaker speech arises in speech technologies, that is, when several
people are speaking on an audio recording. Solutions to the problem of voice recognition in such situations
usually give out the whole speech in one text, without identifying the specific speakers of the recognized
words. But if it is necessary to determine the spoken texts for each speaker separately, the problem of mul-
ti-speaker speech recognition arises.

Systems for automatic multi-speaker speech recognition can be used for mark-up and further analysis
of various audio data, for example, dialogues at conferences or personal meetings.

In the general case of the problem of multi-speaker speech recognition, the number of people partici-
pating in the conversation is not known in advance, as well as any additional information about the speak-
ers is unknown. Another difficulty of the problem is the periodically occurring situation of overlapping
speech (when people interrupt each other).

Thus, in the most general formulation of the problem of multi-speaker speech recognition, an audio
signal comes to the input of the system, where the speech of several people sounds (the number of which

© ®apeesa E.C., Epwos B.A., 2022. U3gaTenb: CaHKT-IMeTepbyprckuii NOAMTEXHUYECKUI yHUBEPCUTET MeTpa Bennkoro
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is unknown), and the system should output several voice-recognition texts of each of the participants in
the conversation.

Diarization is a problem of dividing input audio recording into several segments with a designated
unique number for each the speaker whose voice sounds throughout this segment. In situations of overlap-
ping speech, these segments should overlap.

Multi-speaker speech recognition is closely related to the problem of diarization, as is its combination
with a problem of conventional speech recognition in case of disjoint (non-overlapping) speech.

In this article, a model for multi-speaker speech recognition is proposed. We will release code to repro-
duce our experiments here: https://github.com/cant-access-rediska0123/multi-channel-tranformer. The
presented approach works correctly if no more than two people participate in the conversation on the input
audio recording, however, the architecture of the presented model can be generalised to the situation of
any limited number of speakers. In all other aspects, the problem statement is the most general (including
the input speech may overlap).

Existing solutions

Currently, there are several approaches to solving the problem of multi-speaker speech recognition.
A detailed overview of the existing solutions of the diarization problem and approaches to multi-speaker
speech recognition is presented in [1].

One of the standard problem statements in working with multi-speaker speech is audio mark-up using
speaker identifiers. The first methods for multi-speaker speech recognition solve the problem of conven-
tional speech recognition by predicting, together with parts of the text, the unique identifiers of the speak-
ers who uttered this text (for example, [2—5]). Such approaches do not require the use of separate models
for the multi-speaker speech recognition, so this problem boils down to determining speaker identifiers for
different audio parts. This could be done using particular methods of diarization — determining who spoke
on which segment of audio. Such methods do not usually consider situations with overlapping speech (as
for example [2]).

Often, in order to solve the problem of overlapping speech, it is proposed to solve a more complex
problem: to automatically divide the signal into several audio tracks (channels), each of which refers to
a separate person. The signal is then recognized independently on each track using conventional speech
recognition models. This approach is used, for example, in [6]. However, this approach has a number of
shortcomings. Firstly, it is necessary to additionally solve the problem of signal separation, which may be
more difficult than the original problem (it is shown that such a problem is difficult for human hearing,
[71). Secondly, this approach is limited in the ability to work on improving the quality of models by col-
lecting training data. In the presence of a working neural network architecture, further and significant im-
provement in the quality of most machine learning systems is achieved by collecting and marking up new
training data (including using crowd-sourcing, for example, [8, 9]). Finally, in modern machine learning,
there is a trend towards integral end-to-end approaches that struggle with the problem of all cascading ap-
proaches, when errors of one model affect subsequent ones. For example, later solutions to the problems
of diarization, speech recognition, and speech synthesis have an end-to-end architecture [5, 10, 11].

There are also similar modern approaches that solve the problem of overlapping speech in different
ways [3—5]. Those approaches use modern state-of-the-art architectures like transformers to achieve best
possible results, but recognize speech of different speakers consequently. This process requires

2. It

i=l...n

auto-regressive model calls to transcribe 7 text hypotheses hl , hz, s hn. The runtime of the multi-speaker
speech recognition system can be critical in many situations, for example in case of real-time multi-speak-
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er speech recognition, when the model needs to be inferenced fast to transcribe texts with minimum pos-
sible delay.

In this article, an end-to-end model for multi-speaker speech recognition with possible overlaps is pro-
posed. This model achieves results that can be compared with the results of modern state-of-the-art solu-
tions, but it reduces the runtime by recognizing multiple speakers in parallel, so that only max |h,| au-
to-regressive model calls are required to transcribe text hypotheses hl, hz, s hn. The strﬁ:clfﬁ're of the
presented model is based on the assumption that no more than two people participate in the dialogue, but
it can be generalised to the case of any limited number of participants in the dialogue.

The successfully released transformer architecture [12] is now used in the best models that solve a wide
variety of machine learning problems, including speech-related problems. The most recent models often
use this architecture [5, 13, 14]. This model structure looks promising in such problems, so the presented
model is completely based on the transformer architecture.

Metrics

A common metric for evaluating speech recognition models is Word Error Rate (WER), which is de-
fined as the ratio of the minimum number of inserts, deletions and substitutions of words necessary to
convert the hypothesis of the model into the text spoken on the audio recording to the number of words in
this text:

I(h,r)+D(h,r)+S(h,r)

|

WER(h,r):

5

where /4 is the hypothesis of the model about the speech spoken on the audio recording; 7 is the target text
(spoken on the audio recording); /, D, S are the numbers of inserts, deletions and substitutions of words,
respectively.

When evaluating the models of multi-speaker speech recognition, the exact correspondence of the
speech recognition texts to the spoken texts is unknown, since the order of speakers in the prediction of
the model is unknown. Therefore, the most widely used metric is the Concatenated minimum-Permuta-
tion Word Error Rate (cpWER, [15]), which generalises the WER metric to the case of several speakers.
CpWER is calculated using the following formula:

cpWER (h,r) = Iflzleirr[l(l(hn,”’z)+§:(|hnl,r,‘)+5(hn,,rl))
hi

where £ is several texts; the hypothesis of the model about the speech spoken by each of the participants
of the conversation on the audio recording; 7 is the texts spoken by the speakers on the audio recording;
n is the number of speakers on the audio recording; the number of texts in 7 and in /; I1(n) is all possible
permutations from n elements; 7 is the permutation that determines the correspondence of the texts from
the hypothesis of the model / to the texts on the audio recording 7.

At the same time, if the number of people in the prediction of the model does not match their number
on the audio recording, the missing people are filled with empty texts.

In this paper, in order to assess the quality of the model, the cpWER metric is used for the case of two
speakers. When calculating it, all (two) possible permutations of the target texts were iterated through.

In order to solve this problem, the transformer architecture is used. The model (Fig. 1) is constructed
for the case of no more than two speakers on an audio recording, but it can be generalised to the case of
any limited number of people. The model is constructed by analogy with the transformer model for speech
recognition [13].

b
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Model: multi-channel transformer

Standard methods are used for pre-processing of the input audio recordings and target texts. Similarly
to [13], 80-dimensional mel-spectrograms are used to extract features from the audio recording.

In order to convert target texts, a 8000 tokens-size dictionary (sentencepiece, [16]) pre-trained on
training data is used. Thus, one target text corresponding to one speaker is divided into several tokens from
this dictionary, where the token is one or more letters in a row, which are often found in the training data
in this combination.

The architecture of the multi-channel transformer consists of two parts — encoder and auto-regressive
decoder. The encoder does not depend on the recognized texts in any way, so any encoder suitable for the
speech recognition problem can be used in its place. The experiments used the encoder inspired by the
work of [13], consisting of sequentially applied layers of two convolutions, Positional Encoding and ten
Transformer Encoder blocks [12]. Additionally, experiments were carried out with the encoder from [17].
As experiments showed, for the stated problem, the most critical part of the model is the decoder and the
network training method, and not the specific architecture of the encoder.

The decoder architecture has been modified for the case of multiple texts. In the presented model, two
prefixes of prediction texts independently pass through the same Embedding and Positional Encoding
blocks. To get rid of the extra dimension (two blocks of features from two speakers) a linear layer is used
reducing the number of features by half. The final Transformer Decoder block predicts the distributions
of the next tokens.

Instead of one distribution of the next token p (xt |x1 s Vis voes Xiis Yoy e) as it would be in a con-
ventional transformer, the decoder predicts two independent distributions of the following tokens for each
speaker:

p('xt |xla Yis oo X Vicrs e)a p(y,|x1, Yis oo X Vicrs e)’

where e is the output of the encoder encoding the audio recording; x, y is the recognition texts of two
speakers. In order to ensure the same length of the sequences x and y, the smaller of them is padded with
END tokens denoting the end of the sentence.

This paper does not consider the problem of mark-up of recognized text using speaker identifiers.
Therefore, in the training data the first text corresponds to the text of the person who started speaking first,
and the second text corresponds to the text of the remaining second person.

Experiments were conducted with two decoding variants. In the first variant, experiments had two
decoders corresponding to each of the speakers on the audio recording and recognizing the two hypoth-
eses independently. This variant showed results comparable to the results of the current variant. But due
to the doubled number of decoders, the number of parameters in such a model increased by ~ 1.5 times,
and both decoders had to learn the same information about the identity of the speakers. Therefore, this
approach has been replaced with the second variant — with a single decoder that recognizes both texts
together.

In total, the final model for recognizing two speakers turned out to have ~ 1.94x10® parameters. The
single-channel transformer for conventional speech recognition, by analogy with which a multi-channel
transformer was built, have approximately the same (~ 1.8x10%) number of parameters.

Data

Data with speech recordings of one or two speakers were used to train the multi-channel transformer.
In the absence of open-source datasets with short recordings of conversations between two people, data
from the widespread LibriSpeech speech recognition dataset [18], which includes 960 hours of audiobook
recordings, was taken to train the model. Parts of train-clean and train-other data are used in the process
of training.
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Fig. 1. Scheme of multi-channel transformer

There are no dialogues samples in the LibriSpeech data. Therefore, in addition to single-speaker orig-
inal examples, synthetic data obtained by mixing pairs of audio recordings are used in training the model
to recognize two people (Fig. 2). When mixing, both audio recordings are padded with silence to the same
size, and then their average is taken. Pairs of audio recordings are selected so that they are spoken by dif-
ferent people, that is, the unique speaker identifiers given in LibriSpeech for each audio recording were
different for these two samples.

When generating another synthetic example in the training process, first audio recording is uniformly
selected from all the data (train-clean and train-other), then the second audio recording is uniformly se-
lected among all, excluding audio recordings with the same speaker, then these two audio recordings are
mixed with indentation. The indentation is selected randomly with a lower bound of 1 second in order to
avoid the possibility of incorrectly determining the order of speakers. This streaming method of generating
examples greatly increases the size of the training data.

At the training stage data is pre-processed using several augmentations: changing the audio speed with
a coefficient chosen randomly from the interval [0.75, 1.25] and augmenting the spectrogram [19].

Similar data is used in [6] to train the model to separate audio for each of the speakers and subsequent
speech recognition on each of the resulting channels. However, in this work, such data are used to train the
model on signal separation, and not for end-to-end multi-speaker speech recognition. Also in this article,
the case of a large number of speakers and long audio recordings is considered, so such data are not suitable
for the multi-channel transformer training.

In order to test the models, several datasets were collected from the LibriSpeech test cases (test-clean
and test-other): a dataset with one speaker on each audio recording (original data) and mixed pairs of these
audio recordings (each audio recording participated in no more than one synthetic example). The overlap
size of audio recordings is measured as a percentage of the length of the segment with overlapping audio
from the length of the first audio recording. Mixing was carried out for all possible overlaps from 0 % to
100 % in 10 % increments, forming eleven synthetic test datasets.
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Fig. 2. Synthetic data for training multi-channel transformer with two speakers

Baseline solutions

In existing articles with different approaches to solving the problem of multi-speaker speech recogni-
tion there is no source code or pre-trained models. Therefore, similarly to [4], in order to compare the re-
sults of the multi-channel transformer, a baseline solution for multi-speaker speech recognition was built.

Firstly, the "single-speaker transformer" model was built, recognizing speech on each channel with
their known separation. It is using a single-channel transformer model for speech recognition. The
architecture and hyperparameters of this model were similar to the multi-channel transformer. The sin-
gle-speaker transformer does not solve the stated problem of multi-speaker speech recognition because
it uses generally unknown information about channel separation, but this model can be considered as a
lower estimate for the potential quality of the multi-channel transformer, since their architectures are
almost the same.

Secondly, the "transformer with channel separation” model was built. In it, similarly to [6], a model for
separating the audio signal is used first (specifically, the Sepformer model, [20], pre-trained in [21]), and
then the same single-channel transformer for speech recognition is used for each channel.

The single-channel speech recognition transformer and multi-channel transformer were trained on 8
A100 GPUs with a batch size of 16 audio recordings on each GPU. In the training process of the mul-
ti-channel transformer, 30 % of the examples were taken uniformly from all audio with one speaker, and
70 % — uniformly from synthetic data with two speakers. In the training of the single-channel transformer,
only data with one speaker was used. The multi-channel transformer was trained for eight days, and the
single-channel transformer was trained for three days. In both models, the AdamW optimizer ([22]) was
used with the parameters weight decay of 0.01, learning rate of 10~* and the subsequent two decreases of the
learning rate by ten times when the model error function reached a plateau. Both models used 12 layers of
Transformer Encoder, 6 layers of Transformer Decoder, 16 attention-heads, d =512.

model

Results

Solutions were tested on test data from mixed pairs of LibriSpeech data. Table 1 shows the results of the
cpWER metric for three models: single-speaker transformer, transformer with channel separation, and the
presented model. The results are presented for several different overlaps of two audio recordings when they
are mixed (0 %, 20, 50, 70, 90 %). The experiments were carried out with transformer models generating
recognition using beam search with different search widths (1 and 5).

The results of the single-speaker transformer do not depend on the size of the overlap of the mixed au-
dio recordings, since this model is fed to the input channels of each speaker separately, which are known
even before the mixing process and do not depend on its results. The results of the single-speaker trans-
former can be considered as a lower estimate for the potential quality of the multi-channel transformer,
since their architectures are almost the same.
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Table 1
CpWER on synthetically mixed data from test-clean and test-other
when generating transformer models recognitions using beam search
with different search widths (1 and 5) for different overlaps of audio recordings in three compared models:
single-speaker transformer (transformer), transformer
with channel separation (sepformer baseline) and the presented model

Synthetic test-clean, cpWER, %
Overlap o | 20 | 50 70 90
transformer 46+0.2
Beam Sebgg‘;fi‘;lgr 21.2+0.4 20.0+0.3 20.2+ 0.4 20.1+0.2 19.8+0.3
search, 1 multi-
channel 59+0.4 6.0£0.3 9.8+0.2 12.0+0.3 21.3+0.7
transformer*
transformer 44+0.2
Beam Sf)gg‘;fif;l:r 20.6+0.5 19.6+0.5 20.0 + 0.4 18.6+0.4 18.9+0.7
search, 2 multi-
channel 5.7+0.3 5.8+0.4 9.5+0.4 11.5+0.5 20.2+0.7
transformer*
transformer 10.6 £0.5
Beam s;gngirrrll:r 29.7+0.5 29.5+0.5 29.1+0.6 29.1+0.5 29.5+0.6
search, 1 multi-
channel 11.6 £ 0.5 12.3+0.5 16.5+0.5 19.3+0.6 25.5+£0.5
transformer*
transformer 10.0+0.4
Beam Sebgg‘g{ir;‘:r 29.1+0.6 29.1+0.5 28.3+0.5 29.1+0.5 29.3+0.5
search, 2 multi-
channel 11.0+ 0.4 11.9+0.5 16.0 £ 0.4 18.7£0.5 24.8 £ 0.6
transformer*

Additionally, Fig. 3 shows a diagram of the dependence of the cpWER metric on different overlaps of
audio recordings. To generate the results of this diagram, the model was applied using beam search with a
search width of 5.

For synthetic data from test-clean and test-other with overlaps of 0—20 %, the multi-channel trans-
former shows quality of cpWER ~ 15 % better than the transformer with channel separation, and ~ 1-2 %
worse than the transformer with known channel separation. Moreover, it can be seen from Fig. 3 that the
multi-channel transformer beats the transformer with channel separation in case of small overlaps (up to
80 % on synthetic test-clean and all overlaps for test-other).

On synthetic audio recordings with a large overlap, the multi-channel transformer tends to poorly,
but consonantly, recognize overlapping parts of utterances. An example of such a recognition result is
presented in Fig. 4. For an overlap of 90 % in the example presented, the hypothesis of the multi-chan-
nel transformer gets cpWER ~ 40 % worse than its predictions for an overlap of 10 %. This may be due to
the complexity of speech recognition in the case of large overlaps, which turns into a channel separation
problem.
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Synthetic test-clean; beam search, 5

Synthetic test-other; beam search, 5
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Fig. 3. Diagram of the cpWER dependence on the overlap of mixed audio recordings
on synthetic data from test-clean and test-other for the three models compared

Multi-channel transformer, 10% overlap

Text 1 these perverters of the righteousness of christ resist the father and the son and the works of them both
Hypothesis 1 these proverbs of the righteousness of crise resist the father and the son and the works of them both
Text 2 i pass away yet i complain and no one hears my voice
HypOtheSiS 2 i pass away yet i can t blame and no one here s my voice
cpWER 22.5%

Multi-channel transformer, 90% overlap
Text 1 these perverters of the righteousness of christ resist the father and the son and the works of them both
HypOtheSiS 1 these prefer husband outrageways of christ he says the father and the snow and the hoards of the sofa
Text 2 i pass away yet i complain and no one hears my voice
Hypothesis 2 | i so so way yet i do so frightened the miller appears in my voice
cpWER 64.5%

Sepfomer baseline, 90% overlap

Text 1 these perverters of the righ of christ resist the father and the son and the works of them both
Hypothesis 1 these prefers of the righteousness of christ resists the father and the son and the works of the boat
Text 2 i pass away yet i complain and no one hears my voice
HypOtheSiS 2 it s i passed away yet i can flee and no one hears my voice
cpWER 29%

Fig. 4. Recognition of the multi-channel transformer and transformer with channel separation
on one example from synthetic test-clean for different overlap sizes. The words correctly recognized
by the model are aligned with their originals. The part of the texts that overlaps is highlighted in grey

Sepformer baseline, 90% overlap

Text 1 well she was better though she had had a bad night
Hypothesis 1 what was the better so she had got it by mnight
Text 2 were 1 but already on the cart
HypOthESiS 2 how she was so she gathered but already on the cart
cpWER 72.2%

Multi-channel transformer, 20% overlap
Text 1 well she was better though she had had a bad night
HypOthESiS 1 well she was better though she had had a bad night
Text 2 were i but already on the cart
HypOthESiS 2 or i but all ready on the cards
cpWER 22.2%

Fig. 5. Recognition of the transformer with channel separation and multi-channel transformer
on one example from synthetic test-clean. The words correctly recognized by the model
are aligned with their originals. The part of speech recognition obtained after the artefacts
of separating the audio recording into channels is highlighted in grey
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On the other hand, the single-speaker transformer tends to recognize multi-speaker speech worse
due to various artefacts in the audio recording channels after separation. For example, in the sample
from Fig. 5, after splitting into channels, part of the first audio recording was duplicated in a quiet tone
on the second channel, which is why both texts from subsequent speech recognition contain recognition
of this piece.

Table 2
CpWER in the case of one speaker for test-clean and test-other for the single-speaker
(transformer) and multi-channel transformer when using beam search with different search widths (1 and 5)

Test-clean, cpWER, % Test-other, cpWER, %
beam search, 1 beam search, 5 beam search, 1 beam search, 5
Transformer 45+0.3 43+0.3 10.0+0.3 93+04
Multi-channel 53£03 47403 10.8 + 0.4 9.8+ 0.4
transformer

Table 2 shows the results of experiments with the multi-channel transformer and single-channel trans-
former on audio recordings with one speaker. The results show that in the case of one speaker instead of
two, the presented model differs in quality from the usual transformer model that can recognize the speech
of only one speaker in only ~ 1 % cpWER.

The proposed multi-channel transformer model achieves results similar to modern multi-speaker rec-
ognition systems (~4—5 % on test-clean single-speaker samples and ~ 4—6 % cpWER on two-speaker
synthetic test-clean samples), but has faster inference due to parallel speakers recognition architecture.
The number of model runs needed to recognize texts 2, &, ..., h is max |hl. |

The number of model runs required by modern consequent speakeifr 'r'gcognition techniques is z |hl. |

i=l...n
Thus, the proposed solution speeds up model inference by two times in the best case of two-speaker
speech (when the length of different speaker hypotheses are approximately the same), and has the same
speed in the worst case (when only one speaker is presented).

Conclusion

Based on the results of the study, a model was built that solves the problem of possibly overlapping mul-
ti-speaker speech recognition of no more than two speakers. The model was trained and tested on synthetic
data from LibriSpeech and showed better quality than the transformer with channel separation for small
overlaps of audio recordings (up to 80 % cpWER on test-clean and 90 % cpWER on test-other), as well as
a small difference from the model that recognizes a single speaker, in the case of such data. The model also
showed results similar to modern state-of-the-art multi-speaker speech recognition solutions, but can be
inferenced faster, which could be beneficial in many tasks, for example, real-time multi-speaker speech
recognition.

The presented model has a potential for many applications, for example, transcription of meeting re-
cords, or mark-up and subsequent analysis (for example, [23]) of multi-speaker speech. To solve such
problems, it will only be necessary to overcome the problem of the model's inability to recognize speech
on sufficiently long audio recordings (this problem, as for any similar auto-regressive models, arises due to
the limitations in the memory of computing resources) and, possibly, to investigate generalisations of the
model to a larger number of speakers. More details about these problems and their possible solutions can
be found in the "Future work" section.

Another result of the study is a data construction scheme. The presented streaming method of gener-
ating two-speakers training examples by mixing pairs of audio recordings with different overlaps greatly
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expands the size of the dataset, and also forces the models to learn to recognize audio recordings with
possible speech overlaps.

In addition, it is expected that the multi-channel transformer will work no worse on real audio record-
ings with two speakers than on synthetic data, since the problem of dividing audio into channels, which in
fact the multi-channel transformer is facing in the case of large overlaps in synthetic audio recordings, is
more difficult than conventional recognition of dialogue speech. However, due to the lack of open-source
datasets with short dialogues, the relevant studies were conducted only on a closed-source dataset and
therefore are not presented in this article. The same studies on proprietary data showed that the mul-
ti-channel transformer demonstrates high quality not only on LibriSpeech audio recordings recorded with
a minimum amount of background noise by speakers in the studio, but also on noisier data.

Future work

One of the shortcomings of the proposed solution is its inability to recognize speech on long audio re-
cordings due to the limitations in the memory of modern computing resources. A possible way to solve this
problem is to combine the recognition of small audio recording windows, which may also allow solving the
problem of recognizing audio recordings in real time. When applying this approach to the proposed mod-
el, it will be necessary to match the local order of speakers in the audio recording window to their global
order, which is a problem for further study.

Additionally, a useful functionality of the model would be to mark up the utterances of each speaker
in time inside the audio recording, that is, to determine the time intervals for each word/symbol from the
recognition hypothesis. Such information, for example, would help when gluing window recognitions of a
long audio recording to identify the same words from different windows.

Another field for research is the case of a large number of participants in the dialogue (more than two).
In some situations, the upper limit on the number of speakers on an audio recording may be unknown,
or it may be very large. It is yet to be found whether the multi-channel transformer generalised to a larger
number of speakers can produce the results of the same how high quality.

Another problem is to select the optimal architecture of the proposed model. Experiments were carried
out with only two encoder variants (the original and the encoder from [17]) and two decoding variants
(with two and one decoder). However, it is not known how much the results could be improved by using
any other architecture. Unfortunately, such experiments with the architecture of the model or increasing
the upper bound by the number of speakers require a lot of time and computing power.
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AnHoramusa. Ha ceromHsIIrHuii neHb pa3IndHBIC HEpOoCceTeBhIe MOJCIN yJaT ¢ TTOMOIIBIO
pacrmpeneieHHOro o0y4eHus1, YTOObl CHU3UTh 3aTpauriBaeMoe BpeMsi. CaMbIM pacIpoCTpaHeH-
HBIM CIIOCOOOM pacIpeaeeHHOro O0yUYeHUS SIBJISIETCS MOAXO0/I, IIPU KOTOPOM JaHHbIe pa30u-
BalOTCs HA YaCTU M BMECTE C MOJIE/IbIO OTIIPABIISIIOTCS Ha pa3Hble YCTPOMCTBA, KaX/10€ YCTPOui-
CTBO BBIYMCJISIET OOHOBIJICHMS IJIST MOJEINIHM, 3aTeM OOHOBIIEHWS arrpervupyioTcs Ha cepBepe,
cepBep OOHOBJISIET Beca MOJIENIU M TIepeIaeT NX HOBYIO BEPCUIO Ha YCTpoiicTBa. MemjieHHOe ce-
TEeBOE B3aMMOCICTBUE, CBI3bIBAIOIEE YCTPOMCTBA, HA KOTOPBIX IPOUCXOAUT OOy4EeHUE, MO-
JKeT 3HAYMTEJIbHO CHU3UTD 3((hEeKTUBHOCTD pacipeaeneHusi. HemaBHue uccienoBaHus mpe-
JlaraloT OJHOOMTHBIE Bepcuu aaroputMoB Adam u LAMB, mo3Bossgoiine COKpaTUTh 00bEM
repeaaBaeMoil MHGOPMalluu B HECKOJbKO pa3, BCICACTBUE YEro MacIITabupyeMOCTh 00yde-
Hus ynydymaercsd. OQHAKO Ha MPaKTUKE 0Ka3aJoCh, YTO JAHHBIC aJTOPUTMBI PACXOMSITCS Ha
HEKOTOPBIX apXUTEKTypaxX HEMPOHHBIX ceTeil. Llenb cTaTh — SMIUPUUYECKOE HUCCIEIOBaHIE
YKa3aHHBIX aJITOPUTMOB, pellleHre OOHapy:KeHHON MPOOJIeMbl PACXOAMMOCTH, a TaKXKe pac-
CMOTpEHHE HOBBIX ACIIEKTOB JJISI TECTUPOBAHMS aJITOPUTMOB IPaJMEHTHOIO CIIYCKa.

KioueBblie cjioBa: MalllMHHOE O0yYeHUe, IIyOMHHOE 00yUeHNe, FpaAueHTHBIN CITYCK, pacIipee-
JICHHOE 00y4YeHUe, ONTUMU3ALIIUS

Bbaarogapuoctu: biarogapum AHapes KupuieHKO 3a TOMOIIb B PEIIEHUU TEXHUUYECKUX MPO-
0J1eM, BO3ZHUKIIMX BO BpeMsI ucciienoBaHusl. Takke 61arogapum Ieba EHranbiua 3a KOMMeHTa-
PHU K pYKOTIACH.

Jna murupoBanms: Tarasov D.A., Ershov V.A. Fixing 1-bit Adam and 1-bit LAMB algorithms
// Computing, Telecommunications and Control. 2022. T. 15, Ne 4. C. 86—97. DOI: 10.18721/
JCSTCS.15407

1. Introduction

The latest breakthroughs in deep learning bring about many challenges from areas such as natural
language processing, computer vision, and more. The training of neural networks is usually performed
on GPUs (Graphical Processing Units) or TPUs (Tensor Processing Units) and their power constantly
grows, but the training speed-up is compensated by the fact that models become more complex and the
amount of data used for training increases. Training a single model may require weeks, while people need
to run many experiments to find a good set of hyperparameters or continuously train existing models using
new available data. Therefore, there is a lot of research, the goal of which is to reduce training time while
maintaining quality.

Optimization problems arising in training neural network models are solved using the stochastic
gradient descent (SGD) method and its various modifications. The aim of several studies is to get an
optimization algorithm with not only better convergence rate in theory, but one which provides a speed-up
in practice as well: SGD with Nesterov momentum, RMSProp [1], Adagrad [2], Adadelta [3], Adam [4],
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LARS [5], LAMB [6], Novograd [7], etc. At the moment, SGD with Nesterov momentum and Adam are
the most used ones.

In terms of computation speed, one of the most effective ways to speed up training is to increase the
batch size for each training step while reducing the number of steps. Using large batches can lead to worse
performance of the trained model, so either some tricks, such as in [8], or suitable optimization methods,
such as LARS and LAMB, are required. GPUs and TPUs have limited video memory, so the following
approach has found widespread use: the data are divided into the required number of parts and training is
performed on several devices, while all the calculated gradients are averaged before the gradient descent
step, so that all processes have a model with the same weights. The described approach makes it possible
to linearly speed up training if the network communication between devices has sufficient bandwidth and
suitable methods are used. However, in practice, network bandwidth may turn out to be a bottleneck that
does not allow obtaining a linear increase in the training rate [9].

In [10, 11] 1-bit Adam and 1-bit LAMB algorithms were presented, which propose compressing the
transmitted data before synchronisation in order to reduce the amount of transmitted information and,
accordingly, accelerate the learning process without a loss of quality. One-bit compression is the most
compact among compression approaches, which preserves some useful information about each value.
However, in practice, during our experiments, it turned out that these algorithms can lead to divergence
for certain models.

Our contributions are as follows:

1. We empirically study 1-bit Adam and 1-bit LAMB algorithms convergence on different tasks.

2. We propose to consider two methods that, to our knowledge, have not been discussed during
development of new SGD algorithms.

3. Using these techniques we discover weaknesses of 1-bit Adam and 1-bit LAMB algorithms, as well
as a proposing a simple empirical solution to one of the critical problems associated with the original
implementations.

2. Previous work

In this section, we will provide a short overview of 1-bit optimizers based on [10]. The idea of the one-
bit modifications of Adam and LAMB comes from the idea of the one-bit SGD [12]. A single step of the
SGD algorithm looks like this:

¢
W =W, —Qg, =W, _azgk’
k=0

where w is the model weights at step #; x, is a training sample at step #; o is the parameter of the learning
rate, and if f, (x) is the objective function, then g, = Vf, W, (xt ) , these notations are used further.

If we denote the compression operator by C (x) , then the SGD step with compression can be done as
follows:

¢ ¢
Wia =W, —OLC(gt):Wt _a(gt _St): Wo _(ngk +a28k
k=0 k=0

8k denotes the error introduced by compression after step k. As it is seen, error accumulates and without
its compensation, there is no guarantee of convergence. Therefore, the update is slightly modified so that
the error does not accumulate:

Win =W, _(X‘C(gt +6t—1): W, _a(gt _St +6t—1):

88



4 The Seventh Conference on Software Engineering and Information Management (SEIM-2022) >
t ! !
=w,—oY g +aY (8,-8,_)=w,—a) g +0d,
k=0 k=0 k=0

o
If o depends on the step number, the error compensation must look like C ( g+ —’Stj instead of
t-1

C ( g, +9,, )
1-bit Adam. 1-bit Adam is a modification of the widely used Adam algorithm. Adam weights update
rules:

m.,, = Blmt +(1_Bl)gt’

Vin = Bzvt + (1 _BZ )(g, )2 5
m

=W, —o——=,
v, T¢€

where 3, 3, are numbers between 0 and 1; € is a small constant for numerical stability.
Because of the quadratic dependence of the second momentum (vk) on gradients, it is impossible to
apply error-compensated gradient compression similar to SGD compression.

Vin =By, + (1 -B, )(C(gt +9,, ))2 =
=By, +(1-B,)(g, +3,., -8, )2 =
=By +(1-B,)((,) +(8,,-8,)" +22,(5,., -8,))
(SH -9, )2 from the equality above is not cancelled if the sum is written out, and as a result, the error

accumulates.
o

AV, +€

to apply compression to the first momentum (m,) in the following manner:

If we consider as a changing learning rate (individual for each parameter), then we are forced

v, te

m,, =C|Bm, +(1_Bl)g1 +m6t71 =
= Bzvt +(1_B2)((gt )2 +(8t—1 _St )2 +2gt (St—l _SZ))'

But after the compression, we cannot express v, and, accordingly, get the coefficient to compensate
for the error.

In [10], the authors argued that after some training time, the second momentum stops changing much,
and used this observation to build a one-bit version of Adam, see Algorithm 1. First, after several steps
(the original work recommends 15—25 % of steps, if the amount for which the model should be trained is
known) updates are made in accordance with the original Adam algorithm. After that, the steps begin at
which one-bit compression of the first moment occurs, and the second moment remains unchanged. In
addition to the compressed vector, its stretching coefficient is also transmitted between training nodes in
order to preserve the magnitudes of the initial moments. A theoretical analysis of the algorithm and more
details are available in [10].
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Algorithm 1:

1. Initialize: «, B, f2,€,wy,my = 0, = 0, compres-
sion errors § = 0, number of training steps T, number
of warm up steps T,,, C1(x) = Ly0)(x) = L[xc0)(x), 1
training nodes

2: Perform T,, steps of the original Adam algorithm,

keep the last second momentum vy, and stop updat-

ing it

fort=T,,..,Tdo

(On i-th node)

Sample a random subset of examples x;
(1) — wfwf(xt(l)) |
7: ﬁlmt 1 + (1 - ﬁl)g(l) 5t(i)l

Agl) = Cll(mgl)).
5t(l) _ mt(l) _5®

@

9: t
10: (On server)
—,_1n A(l)
11 m; = ;Zt:o e my + 01
my
12: m; = C; (my))
13: 5t = m{ - ﬁt
14: (On i-th node)
15 omy = il
[l
16: W, =W —
r— Wr—-1— ﬁ_,_e
17: end for

1-bit LAMB. Adam, as the research showed, gives poor results with large batch sizes. To solve the
problem, the LAMB algorithm was proposed, which takes Adam as a basis and slightly modifies it with the
following update rules:

m) =Bm +(1-8,)g",
z+1 Bz (_Bz)(gt(l))za

() — m.;
t+1
e
|
t+1 _CIlp () ’ cmin’ Cmax s

ut+l

! li

ol =)

c . ,c___are new algorithm hyperparameters responsible for clipping, index (1) denotes that vector belongs

min’ ~ max

to the /™ layer of the network, so coefficient c( ) is different for each layer.
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In [11], the authors tried to apply the idea from 1-bit Adam without changes, i.e. also stop updating
the second moment and use the one calculated at the last step before compression stages. However, this
approach led to suboptimal solutions, so the algorithm was complicated to obtain quality results comparable
to the original LAMB. We will not describe this algorithm in detail and provide only its pseudocode, see

Algorithm 2.

Algorithm 2:

9:
10:

11:

12:
13:
14:

15:
16:

17:

18:

19:

20:

21:
22:

23:

24:
25:

Initialize: «, f1, Ba, B3, €, Tmins Tmaxs ihs w(()l),m(()l) =

(1) = 0, c{glv)g = 0, rO = 1, compression errors
5 = O number of training steps T, number of warm
up steps Ty, C1(x) = Lxz0](X) = L[x<](x), n training
nodes

Perform T, steps of the original LAMB algorithm, at
each step update cc(u?g = ﬁgc‘gl\}g +(1- ﬂg)c Keep

O] O]

the last second momentum v, stop updating cgyg.
fort=T,,..,Tdo

(On i-th node)
Sample a random subset of examples x;
g = Vufiy i)
g;) = pimy +(1 - ﬂl)gti) + 5t(i)l
Agl) = Cl(mt(i))
(5t(i) _ mfi) _ rht(i)
(On server)

—,_1n [m) 0
my = Zl =070 my + &1
t

m; = Cy (m;)
5t - m{» - mt
(On i-th node)

()

my = 5= Mg
([
for layer [ do

O _ m—pim
8t 1— ﬁ

v = By + (1= fo)(Y

(o]

1 . [ !
rt() = chp(r( ),(1 - rth)rt( )1’ 1+ rth)rt( )1

rt(l) = clip(r(l)

o _ (l) (l)
Ct It Cavg

> Y'mino rmax)

O]
) _m
W= W —ac (g)

vy, e
end for
end for
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3. Discovered effects

During our experiments with the considered algorithms, we discovered effects that are not mentioned in
the corresponding works. For research, we used the original implementations provided in the DeepSpeed'
library. Because 1-bit LAMB in the experiments has the same behaviour and shares the same problem as
1-bit Adam, we show only graphs with 1-bit Adam, in order to reduce the volume.

Divergence. The original work of 1-bit Adam provides the results of training ResNet [13] on ImageNet
and CIFARI10 datasets, training and fine-tuning BERT [14], and training DCGAN [15] on CelebFaces
dataset. 1-bit LAMB was considered only for the task of training and fine-tuning BERT.

We confirm that training ResNet? using one-bit algorithms on ImageNet and CIFAR10 goes without
problems and even find the effect that sometimes the compression stage can be started earlier than
recommended by the authors, without loss of quality, which is described below.

We attempted to train networks of the VGG? [16] family using one-bit algorithms for the classification
problem on the CIFAR-10 and ImageNet datasets, Transformer* [17] for the task of translating from
English into German on the WMT-14 dataset and Jasper® [ 18] for speech recognition task on LibriSpeach
dataset. From the model listed above, only Jasper did not begin diverging after the onset of the compression
stage. VGG divergence with 1-bit Adam is also observed in [19].

Optimization of simple functions. While trying to identify the divergence problem cause, we looked at
the behaviour of algorithms when minimising simple functions, such as the sum of squares, and compared
it with the behaviour of algorithms without compression.

It can be observed that compression can lead to both slower convergence when approaching the
optimum of the function, but at the same time it can have better convergence up to a certain moment, see
Fig. 1. This observation shows that one-bit versions of the algorithms require more optimization steps to
get as close to the function optimum as the original algorithms.

Early compression without quality loss. For the considered algorithms, the authors recommend starting
the compression stage after 15—25 % of the training steps. However, our experiments showed that when
training ResNet on the CIFAR10 dataset, compression can be started even after only 3 optimization steps
and the quality of the model does not suffer very much, and after 100 the quality is the same as that of the
algorithm without compression, see. Fig. 2. In other settings (for example, when training ResNet on the
ImageNet dataset), early compression was affecting the quality of the trained model, but this effect may
be the subject of further research.

4. Divergence problem

The divergence problem described in Section 3 is critical to the use of the algorithms. Our goal was to
identify the cause of this behaviour and find a solution.

Zero gradients are not the only problem. The DeepSpeed documentation, where the algorithm
implementations were taken from, recommends that parameter groups known to contain zero gradients
should be updated without compression , since one-bit compression encodes zero into a non-zero value,
because of which there may be an update of parameters whose gradients are zero. However, we may not
know in advance which parameters have a zero gradient. In addition, as our experiments have shown,
such parameters are not the only problem. To test the hypothesis that the problem is in zero gradients, we
replaced 1-bit compression, with 2-bit compression — positive values of gradients encoded as 1s, negative
values encoded as —1s and zeros encoded as 0s. However, even with the 2-bit compression models diverged,
which indicates that zero gradients are not the only problem with the considered algorithms.

! https://github.com/microsoft/DeepSpeed

2 Implementations were taken from https://github.com/pytorch/vision and https://github.com/kuangliu/pytorch-cifar

* Implementations were taken from https://github.com/pytorch/vision and https:/github.com/chengyangfu/pytorch-vgg-cifar10
4 Implementation was taken from https://github.com/sgrvinod/a-PyTorch-Tutorial-to-Machine-Translation

5 Implementation was taken from https://github.com/NVIDIA/DeepLearningExamples
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Fig. 1. Minimising x? + y? function with the original Adam and 1-bit Adam algorithms:
a — optimization with learning rate 10~ for 500 iterations; » — learning rate is 10-¢ and the number
of iterations is set to 7000; "compression n" denotes that compression stage started after n» optimization steps

a) b)
—— 1-bit Adam, compression 3
8 ---- 1-bit Adam, compression 100 80
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Fig. 2. Training ResNet on CIFAR10 dataset with usage of Adam and 1-bit Adam algorithms.
Each epoch contains 250 optimization steps; "compression n" denotes that compression stage started
after n optimization steps; a — loss function values, b — accuracy of prediction on the test set

Different magnitudes of gradients. To understand the possible reason, we decided to analyse the values
of the gradients in different models. As it turned out, the ResNet gradients have values of close orders for
different layers, the maximum difference in mean and median values is about 100 times, see Fig. 3. At the
same time, for example, VGG16 gradients can be very different: the differences of mean and median values
are of the 10% order, see Fig. 4. For the Transformer model, mean gradient values are not that representative
but median values show that gradient values differ from each other a lot in this model too, see Fig. 5. From
these observations, we concluded that this might be the problem.

If we apply the compression procedure used in Algorithm 1 and Algorithm 2 to the following vector of
numbers

m: =(10",10", -107, =107, 10 ),
as a result of compression, there will be a vector
m: = (1, 1, -1, —1, 1).

After multiplying by scaling coefficient, we end up with vector
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Fig. 3. Mean and median values of gradients from different layers of ResNet18
at 1000™ training step with Adam optimizer on CIFAR10 dataset
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Fig. 4. Mean and median values of gradients from different layers of VGG16
at 1000™ training step with Adam optimizer on CIFAR10 dataset
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Fig. 5. Mean and median values of gradients from different layers of Transformer
at 1000™ training step with Adam optimizer on WMT-14 dataset
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”l”mzo.oms-(l, L =1, -11).
m

Thus, it turns out that the last element of the restored vector with value of 0.0045 differs from the last
element with value of 107¢ in the original vector by 4500 times. As it turns out in practice, such changes
for the gradient may be enough for the model to start diverging even after one optimization step with
compression. If in a vector with zero elements there is at least one nonzero, then after compression and
restoration of the norm in the new vector there will be no zeroes. Considering the example with the sum of
squares, we can also observe this effect: one-bit optimizers may start diverging if one of the arguments is an
order of magnitude larger than the second, see Fig. 6.

Possible solution. As shown above, after the procedure for compressing the vector of the first momenta,
some of the first momenta can become orders of magnitude larger than the true ones. Then in the formula
of weights update

m
e (1)

W, =Ww
VTw+8

t

too large update step will be made for the corresponding parameters (the denominator is a constant),
which may lead to a model divergence.

To solve the problem, we tried several approaches, for example, clip the first momentum at each training
node after synchronisation so that the values do not exceed those obtained in the previous step, or restore
the second momentum, as is done in line 18 of Algorithm 2, to use it for weights update. Nevertheless,
none of this worked and led to a divergence, most likely due to the fact that the changes were not taken
into account in the error compensation rules, or did not give a significant effect immediately — one step
with problematic compression may be enough for the models to diverge, i.e. the problem must be solved
immediately.

There is an option to change the value of the hyperparameter o to a smaller value or increase e after the
start of compression. This method works, but it requires an additional search for the values, because we
want the model trained in this way to show comparable results. In this regard, after starting training with
compression, we propose to put the e under the square root in (1) so the update rule has the following form:

—a M )

w=w .
v, +E

t t-1

This modification does not complicate the calculations in any way, and, as our experiments showed,
the convergence of unproblematic models does not suffer in any way, and for divergent models, it helps
to prevent divergence while saving performance. Fig. 7 shows how this change can help to train VGG 16
which diverged with original implementations on the CIFAR10 dataset.

5. Conclusion and future work

In this work, we conducted an empirical study of 1-bit Adam and 1-bit LAMB algorithms and found
a problem associated with the original implementation. We proposed a simple solution to the problem:
it is computationally simple and quite effective in practice, while not requiring any additional tuning of
the parameters. Further studies of the considered algorithms can be focused on their application to other
neural network architectures, search for a non-empirical solution to a discovered problem or the effect that
in some situations compression can be started almost from the very beginning of model training.

In addition, we hope that the techniques that we used in this work to find problems will be taken into
account when creating new modifications of gradient descent where information about the gradients of
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10-° WMMWW'W-V“~'-“*“"W-‘*“'Wwwwwmwww
) N\
210713
©
c 10777 iy
o
ks] 10—21
§ —— Adam
L 10725 —— 1.pit Adam, compression 50
10-2° 1-bit Adam, compression 100
—— 1-bit Adam, compression 200
0 100 200 300 400 500

Iteration

Fig. 6. Divergence of 1-bit Adam while minimising x> + 32 function
because of different magnitude orders of parameters
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Fig. 7. VGG 16 training on CIFAR10 dataset using Adam and 1-bit Adam modified according to (2).
Each epoch contains 24 update steps; "compression n" means that compression started after » update steps;
a — loss function value, b — prediction accuracy on the test set

one parameter used when updating other parameters. Using these techniques can help detect problems
similar to those that we found in 1-bit Adam and 1-bit LAMB.
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Abstract. Data analysis using neural networks and deep machine learning is one of the current
trends in scientific research in various fields. One of the scientific tasks of this direction is the
study and prediction of time series using artificial intelligence. The article discusses the results
of experiments on adding one-dimensional convolutional layers to a neural network within the
framework of the task of classifying meteorological time series data — wind speed. The accuracy
of the forecast is shown to increase due to the inclusion of one-dimensional convolutional layers
in the model. The increase in accuracy on the test data set for the problem under consideration
is about 9.5 %. Several variants of architectures for building a model with one-dimensional
convolutional layers and evaluating the accuracy of their classification after machine learning are
given. The results obtained allow us to conclude that the use of one-dimensional convolutional
layers in the neural network architecture is effective for identifying and predicting a time series
of meteorological parameters.

Keywords: neural network, deep machine learning, 1D convolutional layer, wind speed, time series

Citation: Kobzarenko D.N., Mustafaev A.G., Gasanova Z.A., Magomedova D.S. One-
dimensional convolutional layers in a neural network for wind speed time series analysis.
Computing, Telecommunications and Control, 2022, Vol. 15, No. 4, Pp. 98—107. DOI: 10.18721/
JCSTCS.15408

© Kobzarenko D.N., Mustafaev A.G., Gasanova Z.A., Magomedova D.S., 2022. Published by Peter the Great St. Petersburg Polytechnic University



4 The Seventh Conference on Software Engineering and Information Management (SEIM-2022) >

Hay4dHasa cTaTbs —(D@
DOI: https://doi.org/10.18721/]JCSTCS.15408 & T
YOK 004.8

OAHOMEPHDIE CBEPTOYHbLIE C/IOU B HEﬁPOHHQﬁ CETHU
ANA AHAJIU3A BPEMEHHbIX PAAOB - CKOPOCTEMU BETPA

J.H. Ko63apeHko' = , A.l. MycmadpaeB?,

3.A. lacanob6a’, [.C. MazomedoBa*

1234 NlarecTaHCKWUI rocyaapCcTBEHHbI YHUBEPCUTET HaPOAHOIO X0351CTBa,
r. Maxaukana, Poccuiickas ®Pegepaumn

= kobzarenko_dm@mail.ru

AHHOTAmMA. AHAJIN3 TaHHBIX C UCITOJh30BAHUEM HEUPOHHBIX CeTell 1 IIyOOKOI0 MaIlWH-
HOTO OOYUEHMUS SIBISICTCS OMHUM M3 COBPEMEHHBIX TPEHIOB B HAYYHBIX MCCIEIOBAHUSIX B pa3-
JIMYHBIX 00acTsax. OgHa U3 HayYHbBIX 3a[1a4 3TOr0 HallpaBJIeHUs] — UCCIeA0BaHUE U TTPOTHO3U -
poBaHUE BpEMEHHBIX PSIIOB C TTOMOIIbIO NCKYCCTBEHHOTO MHTeIeKTa. B cTaThe paccCMOTpeHbI
pe3yabTaThl 3KCIMEPUMEHTOB MO J00aBISHUIO OJTHOMEPHBIX CBEPTOUYHBIX CJIO€B B HEHPOHHYIO
CeTh B paMKax 3ajJauyu KjacCU(PUKAUMU JTaHHBIX METEOPOJOTMYECKUX BPEMEHHBIX PSIIOB —
cKopocTeli BeTpa. ITokazaHo MOBBIIICHE TOYHOCTH IIPOTHO3a 3a CUET BKIIOUCHMS B MOACTb
OTHOMEPHBIX CBEPTOUYHBIX clioeB. [1oBBIIIIECHME TOYHOCTU HAa HAOOpE TECTOBBIX JAHHBIX IS
paccMaTpuBaeMoOi 3ajauu cocTaBisieT 0kosio 9,5 %. [TpuBeaeHbl HECKOJIBKO BADUAHTOB apXu-
TEKTYp AJsI TOCTPOEHUST MOJIENAN C OAHOMEPHBIMU CBEPTOYHBIMU CJIOSIMU U OLIEHKA TOYHOCTHU
X KjaccudUKamy mocjae MalimHHOTo odyueHus . [TonydyeHHble pe3yabTaThl MTO3BOJISIIOT Clie-
JlaThb BbIBOA 00 (O (HEKTUBHOCTH NPUMEHEHUST OTHOMEPHBIX CBEPTOYHBIX CJI0EB B apXUTEKTYpe
HEHPOHHOU CeTH TSI NICHTU(PUKAIIUY U TIPOTHO3MPOBAHMS BPEMEHHOT'0 PsIIa METEOPOJIOTH -
YeCKHUX IapaMeTpoB.

KiioueBble cioBa: HelipoHHAas CeTh, INTyO0OKOoe MalllMHHOE o0ydyeHue, 1D cBepToUHBIit ciloit, CKO-
POCTb BETpa, BPEMEHHBIE PSIIbI

Jna murupoBanusa: Kobzarenko D.N., Mustafaev A.G., Gasanova Z.A., Magomedova D.S.
One-dimensional convolutional layers in a neural network for wind speed time series analysis //
Computing, Telecommunications and Control. 2022. T. 15, Ne 4. C. 98—107. DOI: 10.18721/
JCSTCS.15408

Introduction

In modern scientific researches and developments, artificial intelligence, mostly represented by neural
network models, occupies its niche as a tool for solving a group of tasks, including wind energy parameters
prediction [1—3]. As a rule, these tasks are regression, forecasting, classification, generating new data
based on templates, searching for outliers in data, etc. At the same time, neural network models can be
used not only to solve tasks with a classical formulation, where there are initial data and it is required to
obtain the final result with the required accuracy, but also to carry out scientific researches that provide
answers to questions about the properties of data arrays.

The relevance of research on wind monitoring data is determined by the high interest in the develop-
ment of renewable energy sources. The main wind power characteristic is the speed. But the wind direction
is also an important parameter, since it affects the orientation of the wind turbine and its efficiency during
rotation.

To implement the research, we prepared a database based on observations from four meteorological
stations located on the territory of the Republic Dagestan (Russian Federation) for the time period of
2011-2020. The names of the stations, "Akhty", "Derbent", "Kochubey", and "Makhachkala", coincide
with the names of the corresponding settlements in the region.
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Analysis of wind speed and direction time series using neural network models is a continuation of work
[4]. The work showed seasonal changes in the frequency characteristics of the meteorological time series
in the Coastal Dagestan.

In paper [5], the analysis of meteorological time series (wind speed and direction) was performed using
neural network models for the classification task built on the basis of fully connected layers only. This re-
search showed that wind direction time series are classified with almost 100 % accuracy. However, for wind
speed time series, the situation is different: in this case, the overall classification accuracy does not reach
70 %. This suggests that the wind speed time series related to the territories of the region that are close in
distance contain much less obvious patterns that cannot be captured by a network built only based on fully
connected layers.

Use of one-dimensional convolutional layers [6] is a way to improve the performance of a neural net-
work model. One-dimensional convolutional layers are used in a wide variety of tasks from different sci-
ence areas and technologies [7—12]. Therefore, this paper discusses the results of experiments on use of
one-dimensional convolutional layers for the wind speed time series classifying task.

Why classification but not regression? We suppose that performing classification before regression al-
lows us to answer the following questions:

— How well does a neural network recognize a meteorological station by wind parameters?

— What recognition is better: by wind speed data or by wind direction data?

— What data time intervals are optimal for recognition?

— Which meteorological stations are recognized better or worse?

— How are recognition errors correlated with the geographical and relative location of a meteorolog-
ical station?

The information obtained as a result of the classification task is very important in performing time series
prediction based on the same neural network. It significantly expands knowledge about the object of survey
— wind speed and wind direction.

We found no publications considering the meteorological time series classifying task in the same way
and knew with certainty that such researches had not been performed for our region before. Therefore, we
started from our own results.

Toolkit and data preparation

The work used one of the most popular modern tools — the Keras library for the Python programming
language. Keras is a high-level add-on to the basic Tensorflow neural network library, which allows you to
create models on Python more quickly than for example Py Torch or Tensorflow (separately from Keras). As
a programming environment, the Google Colaboratory cloud resource was used: it provided the ability to
do all the work, display and save the results in an Internet browser.

The source data were a set of text files with structured meteorological data. Each text file contained data
observations for a month. The frequency of observations was eight times a day in uniform time intervals
(hours:minutes): 00:00, 03:00, 06:00, 09:00, 12:00, 15:00, 18:00, 21:00.

The data covered the time period of 2011—2020. Each meteorological station was represented by a set
of 120 files containing information for 10 years. The first engineering challenge was to combine all the
data into a single table. A Python script was written to solve it. As a result of the script, the source data were
converted into the tabular format of the Pandas library. For the convenience of extracting information from
the table, a temporary index was formed. After conversion, the result table was ready for further work. It
was saved into the open CSV file format.

The next step was to prepare a data sample for modeling. The total sample was n-dimensional arrays,
where the last dimension determined the number of data blocks. In neural network models, it is accepted
to divide the samples into training, verification, and test ones. Usually 80 % is allocated to the training
sample and 20 % to the rest. In this case, it was decided to form samples by time periods: the time period
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of 20112017 was taken for the training sample, 2018 — for the verification sample and 2019—2020 — for
the test sample. Such an approach to sampling excludes data mixing, which would inevitably lead to their
imbalance (for example, there may be more data for winter or spring in the training sample than for other
seasons), which is not acceptable for the considered task.

The next step was to determine the elements of the sample arrays. For this, the concept of the data
block size was introduced. Consider the data block size as a sequence of measurements that fits into a
time interval measured in days. For example, a data block size of 3 days means that it contains 3 * 8 =
= 24 measurements.

The input model data are X — wind speed, and output data are ¥ — meteorological station index. To
reach the best neural network training results, it is usually required to normalize a dataset or to convert it
into the one hot encoding (OHE) format. An analysis of the entire database showed that wind speed values
were in the range 0—19 m/s. Therefore, to represent wind speed in OHE, it is sufficient to use a vector of
20 elements. The meteorological station index is also converted into OHE of 4 elements (by number of
stations). For example, for a data block size of 2 days, the following vector sizes are obtained:

— for X: 20 * 2 * 8 = 320 elements;

— forY: 4 elements.

Modelling

The current work is based on the results from [5]. In [5], the optimal parameters of the neural network
model for meteorological time series were selected. The values were as follows:

— batch size = 40;

— value for dropout layers = 0.1;

— activate function = 'relu’;

— learning rate = 0.000005;

— epoch count = 50;

— optimizer = 'Adam’;

— loss = 'categorical crossentropy';

— metrics = 'accuracy’.

Since the main purpose of the work is to improve the forecast indicators by using one-dimensional con-
volutional layers, then all the given basic parameters of the neural network remain unchanged.

The optimal network model based on fully connected layers only, taken from [5], is shown in Fig. 1.

Next, we performed experiments with one-dimensional convolutional layers. To do this, the neural
network used not only the one-dimensional convolution function Conv 1D, but also the functions: Spatial-
Dropout 1D and MaxPoolingID. Keras also has the Avarage Pooling 1D function, but as experiments showed,
it is not suitable for the solving task.

Here you can also introduce the concept of a block for one-dimensional convolution, which con-
sists of a layers’ sequence: SpatialDropout1D, ConvID and MaxPoolinglD. Experiments with enu-
merating parameters in functions showed that the value of the pool size parameter in MaxPooling 1D
should be 2, the value of the filters parameter in ConvID should be 10, and the value of kernel size in
Conv 1D should be 5.

This model consists of a sequence of four fully connected blocks. The fully connected block refers to
Dense and Dropout layers’ sequence. Further increase in neurons and blocks count does not improve ac-
curacy rates. Note that in the learning process, using the callback, the best result of the arithmetic mean
of the accuracy on the verification and test samples is fixed. The best result of the model training is shown
in Fig. 2.

Figure 3 shows the neural network model consisting of one convolutional block and two fully con-
nected blocks. Since convolutional layers, unlike fully connected ones, work only with a two-dimensional
tensor, it is necessary to use a Reshape layer before, and a Flatten layer after it.
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input_1 input:

[(None, 1920)] | [(None, 1920)]

InputLayer | output:

h J

dense | input:

(None, 1920) | (None, 2000)
Dense | output:

Y

dropout | input:

(None, 2000) | (None, 2000)
Dropout | output:

A J

dense_1 | input:

(None, 2000) | (None, 1500)

Dense | output:

h J

dropout_1 | input:

(None, 1500) | (None, 1500)

Dropout | output:

Y

dense_2 | input:

(None, 1500) | (None, 1000)
Dense | output:

A J

dropout_2 | input:

(None, 1000) | (None, 1000)
Dropout | output:

h J

dense_3 | input:

(None, 1000) | (None, 500)

Dense | output:

Y

dropout_3 | input:

(None, 500) | (None, 500)

Dropout | output:

A J

dense_4 | input:

(None, 500) | (None, 4)
Dense | output:

Fig. 1. The model based on fully connected layers only

° The best accuracy on validation and test sets = 69.38 %

G Overall accuracy on the test set: 69.58 %
Station classification accuracy: Akhty 65.8 %
Errors on stations:

Derbent - 15

Kochubey - 1

Makhachkala - 5

Station classification accuracy: Derbent 68.33 %
Errors on stations:

Akhty - 13

Kochubey - @

Makhachkala - 6

Station classification accuracy: Kochubey 85.8 %
Errors on stations:

Akhty - 1

Derbent - 1

Makhachkala - 7

Station classification accuracy: Makhachkala €68.8 %
Errors on stations:

Akhty - 2

Derbent - 1@

Kochubey - 12

Fig. 2. The best result of the model based on fully connected blocks only training
(screenshot from Google Colaboratory notebook)
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input: | [(None, 1920)]

input_1 | InputLayer
Pt P Y output: | [(None, 1920)]

input: (None, 1920)
output: | (None, 1920, 1)

reshape | Reshape

input: | (None, 1920, 1)
output: | (None, 1920, 1)

spatial_dropoutld | SpatialDropoutlD

input: | (None, 1920, 1)
output: | (None, 1916, 10)

convld | ConvlD

input: | (None, 1916, 10)

max_poolingld | MaxPooling1D
P & & output: | (None, 958, 10)

input: | (None, 958, 10)
output: | (None, 9580)

flatten | Flatten

input: | (None, 9580)
output: | (None, 1000)

dense | Dense

input: | (None, 1000)
output: | (None, 1000)

dropout | Dropout

input: | (None, 1000)
output: | (None, 500)

dense_1 | Dense

input: | (None, 500)

dropout_1 | Dropout
output: | (None, 500)

input: | (None, 500)
output: | (None, 4)

dense_2 | Dense

Fig. 3. The model based on one convolutional block and two fully connected blocks

The best result of training the model based on one convolutional block and two fully connected blocks
is shown in Fig. 4. The figure shows that the training result only by adding one convolutional block was im-
proved by more than 3 %. Next, you can experiment with the number of fully connected and convolutional
blocks, and see what the accuracy limit of the forecast can be achieved.

Experiments with the number of fully connected and convolutional blocks led to the final version of
the neural network model, which had the best learning result. The model consists of a sequence of two
convolutional blocks and four fully connected ones, and allows you to get result that is another 2 % better
than the previous one (Fig. 5).

All the models discussed above have a sequential architecture. The idea arose to try to design and test
models with parallel branches and their subsequent merging through the concatenate layer. Obviously,
each branch must have a difference in data processing. In parallel model branches, it is logical to vary the
parameters of the ConvID (filters, kernel size) and MaxPolling 1D (pool_size) layers.
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° The best accuracy on validation and test sets = 75.21 %

=g Overall accuracy on the test set: 72.92 %
Station classification accuracy: Akhty 68.33 %
Errors on stations:
Derbent - 16
Kochubey - 2
Makhachkala - 1
Station classification accuracy: Derbent 81.67 %
Errors on stations:
Akhty - 7
Kochubey - @
Makhachkala - 4
Station classification accuracy: Kochubey 83.33 %
Errors on stations:
Akhty - 1
Derbent - 1
Makhachkala - 8
Station classification accuracy: Makhachkala 58.33 %
Errors on stations:
Akhty - 2
Derbent - 15
Kochubey - 8

Fig. 4. The best result of the model based on one convolutional block
and two fully connected blocks training (screenshot from Google Colaboratory notebook)

° The best accuracy on validation and test sets = 75.83 %

> overall accuracy on the test set: 75.8 %
Station classification accuracy: Akhty 73.33 %
Errors on stations:
Derbent - 14
Kochubey - @
Makhachkala - 2
Station classification accuracy: Derbent 83.33 %
Errors on stations:
Akhty - 6
Kochubey - @
Makhachkala - 4
Station classification accuracy: Kochubey 80.0 %
Errors on stations:
Akhty - 1
Derbent - 1
Makhachkala - 1@
Station classification accuracy: Makhachkala 63.33 %
Errors on stations:
Akhty - 4
Derbent - 12
Kochubey - 6

Fig. 5. The best result of the model based on two convolutional blocks
and four fully connected blocks training (screenshot from Google Colaboratory notebook)

As a result of many experiments, the optimal model of the following architecture was adopted. After
the initialization and reshaping layer, parallelization into three branches followed, where each branch was
a model from Fig. 3 — one convolutional and two fully connected blocks. The branches differed only in the
kernel_size parameter, which changed with values 3, 5 and 7. After merging the branches in the Concate-
nate layer, a sequence of four fully connected blocks was added to the model, completely in accordance
with the model in Fig. 1.

All the completed it is possible to improve the learning result by more than 3 % (Fig. 6).

In addition, the results of classification accuracy by objects turned out to be more balanced than in
previous models. This is especially noticeable if we summarize the learning results for the four considered
models in a single table (Table 1).

Table 1 shows the effectiveness of using one-dimensional convolutional layers in parallel branches and
varying the kernel size parameter in the Conv 1D layer.
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° The best accuracy on validation and test sets = 79.17 %

[+ oOverall accuracy on the test set: 78.33 %
Station classification accuracy: Akhty 76.67 %
Errors on stations:

Derbent - 9

Kochubey - ©

Makhachkala - 5

Station classification accuracy: Derbent 78.33 %
Errors on stations:

Akhty - 8

Kochubey - @

Makhachkala - 5

Station classification accuracy: Kochubey 85.@ %
Errors on stations:

Akhty - 1

Derbent - @

Makhachkala - 8

Station classification accuracy: Makhachkala 73.33 %
Errors on stations:

Akhty - @

Derbent - 1@

Kochubey - 6

Fig. 6. The best result of the model based on tree parallel brunches training
(screenshot from Google Colaboratory notebook)

Table 1
Comparison of the model accuracies, %

M1 M2 M3 M4
OVERALL 69.58 72.92 75.0 78.33
Akhty 65.0 68.33 73.33 76.67
Derbent 68.33 81.67 83.33 78.33
Kochubey 85.0 83.33 80.0 85.0
Makhachkala 60.0 58.33 63.33 77.33

Conclusion

As can be seen from the results of the presented work (Table 1), when processing the wind speed time
series, the use of one-dimensional convolutional networks significantly improves the accuracy of the fore-
cast on the test data set. In addition, a model architecture with parallel branches and variation of the
convolution kernel size can be effective and more beneficial in the classification task not only due to the
accuracy of the overall forecast, but also thanks to balancing the accuracy of the objects forecast.

As well known, neural network model architectures are directly dependent on the source datasets. It
would be incorrect to compare our results with the simulation results for other regions, since the climate is
different everywhere, while datasets may differ in data size and completeness.

In the paper, we do not offer a template for solving similar tasks, but a solution to improve the neural
network accuracy by adding 1D-convolutional blocks, while also providing some experiments with the
possible model architecture variants.
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