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BBenenue

B Hacrosiiee Bpemsi 3ajada yIpaBJIeHUs] CEHCOPHOH CEThIO B PErKUME
peaibHOIO BPEMEHH IIPU CYIIECTBYIOMINX OIPAHNYEHUSIX Ha KOMMYHUKAIIUIIO
MMEET MHOKECTBO HMPAKTHUUECKUX IPUIOKEHU, TaKUX KaK yIIPaBJICHHE B
KOMMYHHUKAIMOHHBIX ceTsix, Hanpumep, [2] (B. P. Augpuesckuii, A. C. Marse-
eB, A. JI. @pajkoB), mobusbrast pobororexuuka [36] (O. H. I'panmann), [45]

(®@. Bysio (F. Bullo)) u yinpasiienne B TpaHCIOPTHBIX U JIOTUCTUIECKUX Ce-
Tax [101] (I A. Pxesckuit u II. O. Ckobesnes), [42] (C.C. Bmkmsn (S. S.
Blackman)), [4] (B. W. Topozxenkuit).

Bo mHorux paborax Jijist IpodIeMbl OTC/IeXKIBAHIS N3MEHEHUsT TIapaMeT-
POB JIMHAMUYECKUX CUCTEM B PEKUMe PeaibHOI'O BPEMEHH aKTUBHO HCIIOJIb-
3YIOTCsI IEHTPAJIM30BaHHbIE [T0XO0/IbI, IIPU KOTOPBIX KarK/IbIil CEHCOD Iepeia-
eT JIaHHble B OOIIUil IEHTP, IJie HPOUCXoauT obpaboTKa Beex JaHHbIX. CTo-
UT YIUTBIBATH, UTO 4eM OOJIbIIe pasdMep CHUCTEMbI U KOJUYeCTBO HabJIIo1a-
eMbBIX XapaKTEePUCTHUK, TeM OoJIbllle JI0J2KHA OBITh CEHCOPHAasl CeThb, YTOOLI
IIPOIIECC OTCJIEYKUBAHUS ObLI HaJAeKHBIM U ObICTPbIM. COOTBETCTBEHHO, Ka-
HAJIBI, I10 KOTOPBIM IIepeIaloTcs JaHHbIe, CTAHOBATCs Bee DoJiee 3arpyKeHHbI-
MU II0 M€pe POCTa CeHCOPHOII CeTH U 3aMejJIsSIoT Iepegady JaHHBIX. Kpome
9TOT0, TepPerpy»KaeTcs NeHTp 00paboTKM JIAHHBIX, Ky/la MOCTYHAIOT BCE Ha-
OJIFOJICHUST U TJIe MPOU3BOIUTCS PacueT MCKOMBIX XapaKTEPUCTUK CUCTEMBI.
Buaromapst pazButuio nHGOPMAaIMOHHBIX TEXHOJIOIUI Bce OOIBIINI NHTEPeC
ceifyac MpejICTaBJISIIOT Paclpe/ie/IeHHbIe BhIUNC/IEHUs], IPUMEHUMbIE JIJIs 3a-
J1ad, B KOTOPBIX €CTh BO3MOXKHOCTH II€PEHECTH 00PabOTKY JAaHHBIX OJINXKE K
X UCTOYHUKY. Takme BBIYNC/IEHUs SIBJIAIOTCS OoJiee HaJIeyKHBIMH 110 CPaB-
HEHUIO C IEHTPAJU30BAHHBIMU BBIYUCJICHUSIMU, TaK KakK HapYIICHHUS B pa-
60Te OJHOI BBIUMCJIUTENbHON eJIMHUIIbI He IIPUOCTaHABINBAIOT paboTy Beeil
cucreMmbl. Cmerenne (hoKyca MCCJIEIOBaHUN €O ClIeNUaJIn3UPOBAHHbBIX I[€H-
TPaJIN30BAHHBIX KOMILIEKCOB K CUCTeMaM C JelleHTpan3aiueii MoXKHO Ipo-
cJIeINTh 110 paboraM 1o pactpejeneHHbiM Boraucsernsiv H. A. Jlunga (N.
A. Lynch) [79], Teopun TpuHSTHS ONTUMAIBHBIX YIIPABICHUIECKUX PEIICHMUIT

M. X. Hel'pyra (M. H. DeGroot) [49], komnekrusaoro nosenenus T. Buceka



(T. Vicsek) [88,119], pactipeiesieHHbIM MeTofaM MpuHsThs perennii /Txx. H.

Teurcuksmca (J. N. Tsitsiklis) [116,117] B obactu Teopuu yrpas/ieHusi.

[Iporpecc B 06/1acTi 3JeKTPOHUKN U HHMOPMAIMOHHBIX TEXHOJIOTH{T BbI-
3bIBAET OCOOBIl HHTEPEC K MYJBTHATEHTHBIM TEXHOJIOTHSIM, HCIIOIb3YIONIM
CeTU B3aUMOCBSI3aHHBIX ABTOHOMHBIX eJINHUIL ( 2eHMO08 ), KOTOPbIE MOI'YT ObIThH
pACIIpE/ICICHbI Ha, OOJIBINTIE PACCTOAHNS U HTPATH POJIb JIATIUKOB, TIPOTIECCO-
POB JIAHHBIX, HCIIOJHUTEIHHBIX MEXAHU3MOB 1 CeHCOPOB. TakmmM obpasoM, B
HACTOSIIIEE BPEMsI CEHCOPbI MOTYT ObITh HAJIEJIeHbl BBITHCIUTEIbHBIME BO3-
MOYKHOCTSIMUE 1 UMETh JIOCTYII K U3MEPEHUsIM JIDYTUX ceHCOopoB. Ha npakTuke,
OJIHAKO, YaCTO BOBHUKAIOT OrPAHUYEHHsI PA3IMIHOIO POJIa: KayKJIblil CeHCop
OOBITHO MOZKET B3anMOICHICTBOBAT JIMIITH C HECKOJBKIMI COCETHUMU y3TaMI
CeTH, a CBsI3b MEK/IY CEHCOPAMMU MOKET OBbITh JINMUTHPOBAHA, HAIIPIMED, 13-
3a OrpaHIYEeHHON MPOIYCKHOf CIIOCOOHOCTH KAHAJIOB CBS3H WJIM 3aJIePKEK B
nepejiade JaHHbIX. MareMaTudecky Takie orpaHndeHnsl MOKHO CMOJIEIUPO-
BATh, KAK OIPAHNYEHHYI0 CKOPOCTDb Iepeadn JaHHBIX WJIN MEeHSIOMIUIICs BO
BpPEMEHH KOMMYHUKAI[MOHHBII Ipad, ecTecTBeHHBIM 00PA30M BO3HUKATOIIUIT
B CUTYAINI, KOTJIa CEHCOPAM MPUXOJUTCS JIEJIUTh HECKOJBbKO JIMHUI CBSI3H
Wi y3Kyto mosocy dactor. B paborax P. II. Araesa (33|, B. P. Aunpues-
ckoro [2], P. B. Bepra (R. W. Beard) [97,98|, ®. Bymio (F. Bullo) [45], A.
Hxanbaban (A. Jadbabaie) [73], B. B. Baxaposa [107], M. 1. Kaprosa [13],
A. 1O. Kpbutarosa [75], ®@. JI. JIstouca (F. L. Lewis) [48], A. C. Mopca (A.S.
Morse) 73], P. M. Mioppes (R. M. Murray) [61, 90|, P. Oadaru-Cabepa
(R. Olfati-Saber) [90], JI. A. Ilerpocama [13], B. Pena (W. Ren) [97,98], II.
FO. Yeborapesa [33], FO. B. Ipiranosoit [118], u apyrux 3ajokeHbl (yH-
JTAMEHTAJIbHbIE TIPUHITUAIBI TOCTPOEHUST PACIIPEJIEJIEHHBIX aJllOPUTMOB MYJib-
THATNEHTHON (MHOIOAreHTHOM) KOOPIMHAIMN U YIPABJIEHUsI JIBUXKEHIEM, 00~
CYKJIAI0TCs chepbl MPAKTHIECKOro MPUMEHEHNsT pa3pabOTaHHBIX TT0JIX0/I0B
K OpraHu3aliui KOJLIEKTUBHOIO MOBe/IeHust HabJtoareeil. Boieonncantbie
POOJIEMbI AKTYATU3UPYIOT UCCJIEI0BAHIE MYJIBTHATEHTHOTO MOJIX0/Ia K Pac-

cMaTpuBaeMoii pobJieMe.

Bo Bpemst m3mepeHus XapaKTEPUCTUKH TapaMeTPOB JTUHAMUYIECKUX CH-

CTEeM B PEXKUME PEAJIbHOTO BPEMEHH OOBITHO BO3HUKAIOT PA3JIMIHBIC MEPhI



HeollpeJIe/ICHHOCTH. JacTo Takue mpobJieMbl CBOJSTCS K ONTUMI3aIUN HEKO-
TOPBIX (PYHKIIMOHAJIOB CPEJIHEr0 PHUCKA, HAIIPUMED, K ONTUMHU3AIUN CPeJIHe-
KBa/IPATHIHON OIMMUOKN cjieKeHnsi. Bo MHOIUX C/1ydasix HCIOJIb3YOTCSI METO/T
IMIUPUIECKOTO (PYHKIMOHATIA, METO/ MaKCUMAaJIbHOTO MPaBIOTOI00MA W
OaifecoBCKOe OIleHMBAHNE, OJIHAKO TaKHe aJrOPUTMbI ONUPAIOTCS Ha CyIIle-
CTBEHHBIE TIPEJIIONOKEHUST U CTATUCTUIECKIE CBOMCTBA TTOMEX HabJIIO/ICHNUS.
OOBIYHO TIPEJIIOIAral0TCd UX IEeHTPUPOBAHHOCTDb 1 HEKOPPEJINPOBAHHOCTD.
Hanbosiee nnTepecHa MOCTAHOBKA 3aJadi O BBIOOPE B TOM WMJIM WHOM CMBbIC-
Jle HaWJIydInX ONeHOK. V3BecTHO, 9TO MEeTOJ| HAMMEHBITX KBaJPATOB SIB-
JISIETCS ONTUMAJILHBIM B CJIydae HEe3aBUCHMBIX OJMHAKOBO PACIPEICTCHHBIX
rayCcCOBBIX TIOMeX B HabOJIIOJIEHUSX, HO €r0 IpUMeHeHe He 000CHOBAHO, €CJIH
TaK#e YCJIOBUSI HE BBINOJHSIOTCA. B 9acTHOCTH, TPYHON 1TPOOJIEMOil siBJIs-
eTcs OTleHNBaNNe, KOoria Hab/mo/laeMble XapaKTePUCTUKHI ITapaMeTpPOB MOT'YT
MEHSATLCS € MPOM3BOJIHHBIMI HEN3BECTHBIMI, HO OTPAHUYIECHHBIMU BO3MYIIIE-
HUSIMU, & [IPU U3MEPEHUsIX MOsIBJISIOTCS CUCTeMaTHIecKne OmmOKY (OmOK T
MOJIeJIN ), KOTOPbIE 3a9acTyi0 OYeHb CJI0KHO HCKII0UnTh. B paborax A. C.
Martseesa 95|, A. Hequa (A. Nedic) [84,86|, P. Ondaru-Cabepa (R. Olfati-
Saber) [89], A. B. Ilpockypuukosa [87,94, 95| npejcraBieHbl pe3yibTaThl
HCCJIe/IOBAHIS AJITOPUTMOB PACIPEJICICHHON ONTHMU3AINN 1 KOHCEHCYCHOTO
yrpasjeHusd. st 3aga9u JOCTUKEHNsT KOHCEHeyca Ha rpadax Mpu HaJIuIun
3aIyMJIEHHBIX U3MePeHuil 0 cocTosinugx cocejieit B paborax M. [Ixk. Baii-
upaiita (M. J. Wainwright) [96], /1. Beprajoca (Vergados D.J.) ¢ coaBropa-
vn [115], O. H. I'pammmma ¢ coasropamu [109], M. Xyamnra (M. Huang) [69],
A. JI. ®@pagkosa u H. O. Amesunoii [38] paccMaTpuBaioch IpUMeHEHNE ajro-
PUTMOB THIIA CTOXACTUYECKON ONTUMHU3AIUU. DTOT BU/JL aJrOPUTMOB SIBJISIET-
Csl OJIHUM U3 BayKHEHIINX KJIACCOB CPEJIH IMOJIXOJI0B K PEIIeHIIO 3a/1a9 OITH-
MUBAIUN C Heollpe/iesleHHoCTaAMI. Hampumep, npu HaJIUYUd TPOU3BOJIBHBIX
BHEIIIHUX BO3MYIIEHUII BO3MOXKHO HANTH PeIeHre BbIIIEONICaHHO 1TpodJie-
MBI C ITOMOIIBIO aJTOPUTMOB PAHIOMI3UPOBAHHON CTOXACTHIECKONW OMTUMU-
sanuu, onucanubix B crarhax O.H. [panudnna ¢ coasropmu [64,65,108|. B
ToM uuce, B padore [108| ObLT IpeiozkeH paHIOMU3HMPOBAHHBINH aJITOPUTM

CTOXaCTHUYECKOl OIITUMU3allN, COBMeLLLeHHbeI C IIPOTOKOJIOM JIOKaJIbHOI'O I'O-



JIOCOBaHUs, CIIOCOOHBII 5(p(HEKTUBHO peliaTh ONTHMU3AIMOHHBIE 38,841 [IPH
HAJIMYNE HEM3BECTHBIX, HO OlPaHUYEHHBIX IIOMEX B U3MEpPEHUsIX HaOJIoj1ae-
MOl (DYHKIINU, & Tak»Ke OBLIO ITPOBEJIEHO MCCJIEIOBAHIE CXOAUMOCTHU TIPEJI-
JIO?KEHHOTO aJINOPUTMa. AKTYaIbHOI 3a1adeil SIBIsIeTCsT IPUMEeHEeHNne PaH10-
MHU3UPOBAHHOI'O aJITOPUTMa CTOXACTUIECKONH ONTUMU3AIINY, COBMEIIEHHOIO C
IIPOTOKOJIOM JIOKAJIBHOI'O T'OJIOCOBaHUA, JIJIsl 3a/la4il YIIPABJICHUA CEHCOPHOI

CETBIO IIPU OTCJIEZKUBAHNU ITapaMETPOB ﬂHHaMquCKOﬁ CHUCTCMBI.

B jmcceprannn paccMaTpuBaeTes 3a1a4a, YIPABICHIS CEHCOPHOM CeThIO B
KOHTEKCTE PACIPEICICHHOIO CONPOGONCOCHUA UEAU CETIMU MOJKIIOUCHHBIX
JTATINKOB (paJapoB, IHJIPOJIOKATOPOB, KAMEP U T.JI.), U9TO sIBISACTCS KJIACCH-
Teckoit 3a1adeit oopaborkn curuasos [67] (O. Xomuka (O. Hlinka) u coasro-
pbi). Takast ipobJieMa pacpeieIeHHOrO CJIeKEHUs 38, HECKOJIbKUMU IEJISMU
IINPOKO U3YUYAJIUCH B JIUTEPATYPE B CBA3U ¢ MHOIOYNCICHHBIMU IIPUIOKEHN-
SIMI B yIIpaBJIeHIN BO3AYIIHBIM [78], MopcknM [80] i TOPOKIBIM JIBUZKEHNUSI-
mu [71], a Takzke B Bujieonab roieHnn [83], 0HAKO, KAK TPABUIIO, PACCMATPHU-
BAJIIChL HEOIPEJIEJICHHOCTH, 00/1aal0Iue 33 aHHbIMI TPAAUIINOHHBIMEI CTa~
TUCTUYCCKUME CBOHCTBAMU IEHTPUPOBAHHOCTH U HE3aBUCUMOCTH, UYTO YaCTO
He BBLIIOJIHAETCH Ha IPaKTUKe. B 4acTHOCTH, B MHOIOOODA3UU BO3MOXKHBIX
BAPUAHTOB [OBEJEHH IeJIell HeJOCTATOYHO CTATUCTUKM, TaK YTO TPACKTO-
pUM MaHEBPUPYIONIUX I1e/1efi MOI'YT ObITH OIIMCAHLI KaK IIPOU3BOJILHBIC HeM3-
BECTHbIE, HO OrpaHMYeHHbIe BO3MYIIEHHS. B KadecTBe pelleHus Takoil 3a-
JIaMN [IpeJIIaraeTcs IPUMEHUTh MOJCPHIU3NPOBAHHBIN PACIIPEe/IeHHbIH paH-
JOMU3UPOBAHHLIN &JITOPUTM CTOXaCTUYICCKON ONTUMU3AINN, COBMEIICHHBII C
IIPOTOKOJIOM JIOKAJTLHOI'O TOJIOCOBAHMSI, JIJIsi CETEBON MOJEIN HAOIIOEHUsT 32

JIBUKYIITIMUCST 00 beKTaMU.

ObosHavenHble IpoOJIEMbl 1 TEHJIEHIUN I0JTBEPKIAI0T aKTyaJbHOCTD

TEMbI JUCCEPTAIIMOHHOI'O NCCJICJOBaHMA.

I{eav pabomo, — paszpaboTKa aJropuTMOB YIIPABJICHUS pacIpeeeHHON CeH-
COPHOI1 CceThI0 B peKNMe PeaibHOI'0O BpeMeHU 1IPU OI'PaHUYEHUSTX Ha KOMMY-
HUKAIMN 1 HAJIUIUU CYIIeCTBEHHBIX HEOIIpee/IeHHOCTE B ONMCAHUN HCCIe-

JIyeMOIl CUCTEeMBbl.



Jl1s TOCT2KEeHNsT 9TON 1eJin OBbLIN IIOCTaBJIEHBbI U PEIIeHbl CJIeIYIOIIe

3a/1a41:

1) paspaborarh MOJIe/b YIIPABJIEHNs CEHCOPHOIT CEThIO HA OCHOBE PaHJI0-
MU3UPOBAHHOTO U MYJILTHAI'€HTHOTO I10JIX0/IOB ITPU OI'paHUYeHndX Ha
KOMMYHUKAIIMN 1 HAJMINKN CYIIECTBEHHBIX HeOoIpejieJIeHHOCTell B OIH-

CaHNU MCCJIeIYEMOIl CUCTEMBI;

2) MOJIEPHU3UPOBATD PACIIPEJICIEHHbII PAHIOMU3HPOBAHHBII ATTOPUTM CTO-
XaCTUYCCKON ONTUMMU3AINN, COBMEIIEHHDIA ¢ IIPOTOKOJIOM JIOKAJILHOI'O
rOJIOCOBAHUA, U UCCJEA0BATH CBOMCTBa €ro OIECHOK I 3a/1a4u Tpe-
KUHTa (OTCIeKUBAHUST U3MEHEHUs MapaMeTpPOB) MPH HCHOJb30BAHUM

pa3paboTaHHOI MOJIEIN YIIPaBIeHUs CEHCOPHOIl CeThIO;

3) mceIe0BaTh YCIOBUsSI IPUMEHIMOCTH MOJICPHI3UPOBAHHOIO PACIIPE Ie-
JICHHOT'O PaHJOMU3UPOBAHHOI'O aJI'OPUTMa CTOXACTUYECKON OoNTUMuU3a-
M1, COBMEIIEHHOT'O C TIPOTOKOJIOM JIOKAJIbHOI'O TOJIOCOBAHUS, JIJIsI CETe-
BOIl Mojiesin HaOJIIO/IeHNs 38 JBHKYIIIMUCS 00beKTaMy IIPU HAJIUINN
HeollpeJieJIeHHOCTell 1 OrpaHuyveHnil Ha KOJIMYEeCTBO CB3eil MexK 1y CceH-

copaMu, a TakKzKe Ha, KOJIMYECTBO HaDJII0IaeMbIX 00bEKTOB.

Memodw uccaedosarnus. B puccepraliun UCIOJIB3YIOTCS METO/Ibl TEOPHil O11e-
HUBAHUS, ONTUMU3AIINN, YIIPaBJIeHHs, I'padoB, BEPOITHOCTE 1 MaTeMaTIye-
CKOIl CTATUCTHUKU; NPUMEHAIOTCS METO/IbI CTOXACTUYECKON AIIPOKCUMAIINH,

PaHJOMU3NPOBaHHBIC aJITOPUTMbI, UMUTAIlMOHHOE MOJC/JINPOBaHUE.

Ocrosnuie peayavmamot. B xojie BbilloJiHeHNsT paOOThI IOy IEeHbI CJIEJYIONINe

Hay4HbIC PE3YJIbTAaTbI:

1) paspaborana MOJE/b YIIPaBJIEHHsT CEHCOPHOI CeThi0 Ha OCHOBE DAHJI0-

MU3UPOBAHHOI'O U MYJIbTUAI'€HTHOI'O I1IOJIXO/10B;

2) MOJIEPHU3UPOBAH PACIpe/Ie/IeHHbII paHIOMI3NPOBAHHBIN aJITOPUTM CTO-

XaCTUYEeCKOt OIITUMHN3aIllN, COBMGHIeHHbeI C ITPOTOKOJIOM JIOKaJIbHOI'O



IoJIOCOBaHMA, 1 HNCCJIeJOBaHbBbI CBOIICTBa €ro OLCHOK IJId 3ada4dud Tpe-
KHHI'a <OTCJI€)KI/IB&HI/IH N3MEHECHI A H&p&MGTpOB) IIpn HCIIOJIb30BaHUUA

pa3paboTaHHOI MOJIEIN YIIPaBJICHUST CEHCOPHOIl CeThIO;

3) Hmccse0BaHbI YCJIOBHST IPUMEHUMOCTH MOJIEPHU3IPOBAHHOTO PACIIPE e~
JIEHHOT'O PaHIOMU3NPOBAHHOI'O aJrOPUTMa CTOXACTUIECKON OINTHMI3a~
1M, COBMEIIEHHOT'O C IIPOTOKOJIOM JIOKAJIbHOI'O NOJI0OCOBAHMUSI, JIJIsI CeTe-
BOI MoJie/in HabJIIojieHns. Pe3yibrarsl alipoOnpoBaHbl B 3a/1a4e HadJI10-
JIeHUs 38 ABUZKYIIIMUICSA 00beKTaMI [IPH HAJIMIUU HeolIpe e leHHOCTel

1 OrpaHUYeHNil Ha KOJIMYECTBO CBA3EH MEXK/1y CEHCOpaMU.

Hayunasa nosuszna. Bee ocHOBHBIE HaydIHbIE PE3YIbLTATHI JIUCCEPTAIINN SIBJIS-

I0TCA HOBBIMMU.

Teopemumeckas UeHHOCD U NPAKMUYECKAA 3HAYUMOCML. TeopeTmieckast
IIEHHOCTh PEe3yJIbTAaTOB 3aKJI0YacTCs B pa3pabOTKe MOJIEN CJCXKEHHS 00b-
eKTaMU 3a I'PYIIIoN Hab/rogaTes e, MojgepHI3alllil PaclpeieJIeHHOIO PaH 10~
MU3UPOBAHHOT'O aJITOPUTMa CTOXACTUYECKON ONTUMUBAINN, COBMEIIEHHOTO C
IIPOTOKOJIOM JIOKAJIbHOT'O I'OJIOCOBAHUS, UCCJIEJIOBAHUN CBOWCTB €ro OIEHOK,
a TaK:Ke yCJOBHUI NMPUMEHUMOCTHU JIJIs CETeBOI Mojie/n HabtoaeHus. [Ipe-
JIO’KEHHBIE METOJIbl U TOJXO/Ibl MOTYT HCIIOJb30BAThCS IPU PEIICHUN Pl
IPaKTUIECKNX 3a/1a9, B TOM YHC/Ie JIJIsI OTC/IeXKUBAHMS JIeTaTe/IbHbIX 00beK-

TOB B BO3AYIIHOM IIPOCTPaHCTBE U KOOPpAMHAIINN UX HepeMGHleHI/Ifl.

Anpobavyus pabomu. Pe3ynbTaThl Juccepraiun JOKJ/aIbIBAIICH Ha CEeMU-
Hapax Kadejp CHCTEMHOTO IIPOrPaMMUPOBAHNST MaTEMATHKO-MEXaHIIECKOTO
dbakysprera CIIOGIY, wa kondepennun «Hegens Hayku CIIGITY 2018» (19-
24 nosibps 2018 1., Cankr-Ilerepbypr, Poccust), Ha MeKIyHAPOTHOM CeMEHA~
pe «International Workshop Navigation and Motion Control> (NMC 2019)
(16-20 okrsibpst 2019 1., Jlenunrpajckast 001, Poccusi), na XXI kordepen-
MU MOJIOJIBIX YUeHbIX «HaBuranust u yrnpasjeHue JBIZKEHIEM» (C MEXKIy-
HapogabiM yuactueM) (19-22 Mapra 2019 1., r. Cankr-Ilerepbypr, Poccnst),
Ha KoHdepeniun The 9th International Scientific Conference on Physics and

Control (8-11 cenrsiopst 2019 1., r. MnuomnoJtuc, Poccust), wa XXII kondepen-
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IUI MOJIOJIBIX YUeHbIX «HaBuraiius u yrpas/ieHne JBUKeHneM> (¢ MeyKIyHa-
pojubiM yaactuem) (17-20 Mapra 2020 r., r. Canxr-Tlerepoypr, Poccust), na
koHdepennun 27th Mediterranean Conference on Control and Automation
(MED 2019) (1-4 wons 2019 1., . Akko, Uspawnib), 13-0if mysnbTuKOHDE-
periun 1o npobsemam yrpasienns (Maremarudeckass Teopust yrpaBIeHUst
u ee npuioxkenusi) (6-8 oxkrsiopst 2020 1., r. Canxr-Ilerepoypr, Poccust), na
18-oit HaronasibHoit kKoHdepeHiuu mo uckyccrseanoMy uaresuiekty (10-16
okTsi6pst 2020 1., 1. Mocksa, Pocenst), na koudepeniun 59th IEEE Conference
on Decision and Control (CDC 2020) (14-18 gexabpst 2020 1., . [IxKemKy,
Pecrny6.mika Kopest), #a 63-it Beepoceniickoit nayanoit koudepentu MO T
(2329 HosiOpst 2020 1., 1. Mocksa, Poccust), na xoudepennuun IFAC World
Congress (11-17 urosist 2020 1., r. Bepsun, lepmanust), Ha koudepenimn 19th
[FAC Symposium on System Identification (SYSID 2021)(13-16 utosst 2021 1.,
r. [lagosa, Uramms), na XXIII kordepentn Moropx yuenbix « Hapurammst
U yIpaBJieHHe JIBIZKeHHeM» (C MexKyHapoJHbiM ydactuem) (23-29 Mapra
2021 r., r. Canxr-Ilerepbypr, Poccust), na kondepennun 5th Scientific School
Dynamics of Complex Networks and their Applications (DCNA 2021) (13-15
certsiopsi, 2021 r., r. Kaqmuunrpas, Poccust), na koudepennun 60th [EEE
Conference on Decision and Control (CDC 2021) (13-17 gexabpst 2021 r., 1.
Octun, CHIA), na xoudepennnn European Control Conference (ECC 2021)
(29 wmons-2 utosist 2021 1., r. Porrepgam, Hunepiaminr), xa XIV kondepen-
[N MOJIOJIBIX YUeHbIX «HaBuranust u yrnpasjeHue JBIZKEHHEM» (C MEXKTy-
HapogHbIiM yaactueMm) (15-18 Mapra 2022 r., Cankr-Ilerepbypr, Poccust), na
koudepenrmn Americal Control Conference (ACC 2022) (8-10 utons 2022
r., I. Arianta, CIIIA), va koudepeniuu 6th Scientific School Dynamics of
Complex Networks and their Applications (DCNA 2022) (14-16 centsibps

2022 r., r. Kagunauurpag, Pocenst).

Pesyabrarsl guccepTanny ObLIM UCIOJIB30BAHBI B padoTax 110 I'PaHTaM
PH® 16-19-00057 «AganTuBHoe ylpaBjeHHe € IPOTHOSUPYIONUMU MOJIe-
JIIMU TIPU TI€PEMEHHOI CTPYKTYpe HIPOCTPAHCTBA, COCTOSHUM € ITPUJIOYKCHU-
eM K CHCTEeMaM CeTEBOIO yIIpaBJICHUs JBUKEHUEM U aBTOMATU3AIUN M-

nuHcKoro obopynoBanusy, PODIU 20-01-00619 «Pammommusuposanmbie adi-
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TOPUTMBl MHOTOAreHTHON ONTUMW3aIlNN, paclo3HaBaHns o0pa3oB U OIEHU-
BaHUs B YCJOBUSAX CYIIECTBEHHBIX HeollpejenennocTeity, PH® 21-19-00516
«MyJsibTHareHTHOE aJIATUBHOE YIIPABJICHUE B CETEBBIX JIMHAMITYCCKUX CHCTE-
MaxX ¢ TpUMEHEHUEeM K TPYIIaM POOOTOTEXHUIECKIX YCTPOUCTB B yCJIOBU-
X Heorpeenennocreity. [Ipoekt «PaszpaboTka TEXHOIOMNN OTC/IEZKUBAHUS
JIeTaTe/IbHBIX allllapaToOB B YCJIOBUSX HEOIPEIEJIEHHOCTEy, BKIIIOYAIOIIIT
pe3yJIbTaThl MCCJIEIOBaHNs, OTMEYEeH JTUIIJIOMOM TOOETUTENA MOJIOIEKHOTO
Hay IHO-UHHOBaIMOHHOTO KoHKypca (YMHIK-2019). IIpoekr «Paspaborka
pacIpeJie/IeHHbIX aJrOPUTMOB OTCJIEKUBAHNA TPACKTOPUIT MHOYKECTBA 00b-
CKTOB MaCCHBOM MOOMJIBbHBIX ceHCOpOB» B 2020 rojly oTMe4YeH JUIIIOMOM II0-
OeuTeNs KOHKYpCa 1 CTYJIEHTOB W aCIIIPAHTOB BY30B, OTPACEBLIX aKa/le-

MUYECKUX UHCTUTYTOB, PACIOIOKeHHbIX Ha Tepputopun Cankt-Ilerepbypra.

Iyorurxauyus pedysvmamos. OCHOBHDBIE PE3YILTATHI UCCAEOBAHNN OTpazKe-
ubl B paborax [11,12,18,19,21-32,34, 46,47, 54, 55,59, 60, 72, 102-106, 121].
CouckarejieM onybnkoBano 30 HayIHBIX PabOT, U3 KOTOPBIX OJIHA TyOIMKa-
I[1sT — CBUJIETEILCTBO O perucTpaluu mporpaMmbl Ha DBM, 14 onyOimkoBaHbI
B m3anngax, Bxogdmux B PUHIL, 14 onybymkoBaHbl B U3JIaHUSX, WHJIEKCHU-
pyeMbIX B 0a3e JJaHHBIX Scopus U 1 oryOJIMKOBaHa B M3JIaHUU, BXO/SINas B

nepeuenb BAK.
Paborsr [11,12,18,19, 31,32, 34,46, 47,54, 55,59, 60, 72,102-106, 121] na-

nmcanbl B coasroperse. B pabote [32] A. H. Cepreenko npuHaJieXKuT JI0Ka-
3aTEJILCTBO T€OPEM U Pe3yJIbTaThl NMHUTAIINOHHOIO MO/IEJINPOBAHUS, COABTO-
py — obmias nocranoBka 3agaan. B [18] A. H. Cepreenko npuHaieKuT MO~
MudUKaIs ITPOTOKOIA JIOKAJIBHOTO TOJIOCOBAHMS IS 33/[a49ll YIIPaBJICHNS
JIBUZKCHIEM TPYTIIBI IUHAMIYECKIX 00beKTOB (POOOTOB, AreHTOB), COABTO-
pam — obmias mocranoBka 3ajgadn. B [11] A. H. Cepreenko mpuaaiexuT
IMUTAIMOHHOE MOJIeJINPOBAHUE, COABTOPaM — 0OOIas MOCTAHOBKA 3aJadll 1
BBIOOp MeTosoB pemtennst. B [19] A. H. Cepreenko npunajyiesKnT onucamme
MOJIX0a K PaHJ/IOMU3AIINN CBsA3eHl B CEHCOPHOW CeTH Il yJOBIETBOPEHNUSI
CTOMMOCTHBIX OTPaHIYIEHH, coaBTOpaM — obIas MocTaHoBKa 3ajadu. B [12]
A. H. Cepreenko npnHa/yjie;KutT o611ast IOCTAHOBKA 381841, COABTOPY — BBI-

OOp MeToJI0B pelieHnst, nMmuTannonnoe Mojeauposanne. B [31] A. H. Cepre-
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eHKO IPUHAJIE’KAT BLIOOP METOJOB PEIleHns U PE3YJILTAT SKCIEPUMEHTOB,
coaBTopy — obrmas nmocranoska 3aaaqdu. B [34] A. H. Cepreenko npunajjiexur
VMUTAIMOHHOE MOJIETHNPOBAHNE, COABTOPAM — 00IIIas TOCTAHOBKA 321441, Bbl-
0Op MeTO/IOB perreHnst, jokasaresabcTBo Teopembl. B [46] A. H. Cepreenko
HPUHAJJIEZKUT J0KA3aTeJLCTBO TEOPEMbl, COABTOpaAM — O0Iast IIOCTAHOBKA
3aJlad, BEIOOD METOJIOB PEIleHns] U UMUTAIMOHHOe MojesinpoBanune. B [47]
A. H. Cepreenko npuHajie;KuT J10Ka3aTe/JIbCTBO TEOPEMbl I UMUTAIIMOHHOE
MOJICJINPOBAHKE, COaBTOPaM — OO0Iasl IOCTAHOBKA 3aJ1a4l, BLIOOP METOJ/OB
pemmennsi. B [54] A. H. Cepreenko mpuHaijie;kuT BBIOOD METO/A DEIeHus],
cOaBTOpaM — ODIIAsT TOCTAHOBKA 38181, PE3YJIbTATHI IKCIIePUMEHTOB. B [55]
A. H. Cepreesko npuHaIe’KUT OIMCAHIE SMEP/IZKeHTHOTO HHTE/IIEKTA, COAB-
TOpaM — 0011ast IIOCTAHOBKA, 384441, BLIOOD METOJ0B PEIICHUsI 1 NUMUTAIMOH-
Hoe mogiesmpoBanue. B [59] A. H. Cepreenko mpuHa/Ie2KUT HMUATAIIOHHOE
MOJICJINPOBAHKE, COaBTOPaM — O0Iast MOCTAHOBKA 3aJ1a4l, BLIOOD METOJIOB
pemennsi. B [72] A. H. Cepreenko npuHaijie;KuT UMUTAIIHOHHOE MOJIEJIN-
poOBaHue, COABTOPY — 00IIasl IOCTAHOBKA 33J1a4l, BLIOOD METOIOB pPelleHusl.
B [60] A. H. Cepreenko npuHa/IE2KNT IMUTAIOHHOE MOJIC/IIPOBAHIE, COAB-
TopaMm — 00IIasi OCTAHOBKA 3a/1a49u, BEIOOD MeTo10B pernenns. B [102] A. H.
Cepreenko NpUHAICKAT UMATAIMOHHOE MOJCJINPOBAHKE, COABTOPAM — 00-
111asl IOCTAHOBKA 3a1a4i, BLIOOD METOJ0B PelIeHust, J0KA3aTe/IbCTBO TEOPEM.
B [104] A. H. Cepreenko npuHajIesKUT JIOKA3aTEILCTBO TEOPEM, COABTO-
paM — 00111ast II0CTAHOBKA, 3814491, BBIOOD METOJIOB PEIIEHNs] 1 UMUTAIIMOHHOE
mogesnposanre B [103] A. H. Cepreenko npunajyiezkar ONucaHue NCTOPUH
BO3HUKHOBEHUs PAHJIOMU3UPOBAHHLIX U MYJILTUAINCHTHBIX AJIIOPUTMOB, Bbl-
OOp METOJIOB PelleHns, JJ0KA3aTeJIbCTBO TEOPEM U UMUTALIMOHHOE MOJIEIUPO-
BaHIe, COABTOPY — obIas nocranoska 3agaqn. B [106] A. H. Cepreenko npu-
HA/IJIE2KUT BLIOOD METO/Ia PEeLIeHUsI, cCoaBTOpaM — 00lIast II0CTAHOBKA 3a/1a4l,
pesysbrarel 9kcrepuMmenton. B [105] A. H. Cepreenko npuna/yiekuT oormast
IIOCTAHOBKA, 33JIa4l U MMHUTAIIMOHHOE MOJICJUPOBAHNE, COABTOPAM — BBLIOOD
metosioB perenns. B [121] A. H. CepreeHko NpuHAJJIEKUT JIOKA3ATETHCTBO

TeopeMbI, COABTOpaM — 00ITasl TOCTAHOBKA 3a/1a91, BEIOOD METO/IOB PelleHus.

Cmpyxmypa u obsem duccepmayuu. Jmccepraimst COCTOUT U3 BBEJICHHUSI,
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Tpex IJIaB, 3aKJI0UeHnsd, CIUCKa JIMTePaTypbl, 122 ncrounuka. TekcT 3anu-

MaeT 104 ctpanunbl, cojiepkuT 23 pucynka n 0 tabJmil.
Kpamxoe codeporcarue pabomou.

Bo BBegeHUM 000CHOBBIBAETCS aKTYaJIbHOCTD JINCCEPTAINOHHO paboTHhl,
dopmyupyercs 1esb, CTaBATCA 3a/1a91 UCCIeIOBAHN U KPATKO M3/1araioTcs

OCHOBHBIE PE3YJILTATLI.

B mepBoii ri1aBe npuBOAUTCS OMUCAHKE TTPOOJIEMbI OIIEHUBAHUS JIBUKY-
uxcsd 00bEKTOB CETHIO CEHCOPOB, COIPOBOXKJIAEMOE 0030POM JINTEPATYPHI
o teMe ncciegopanug. B Pasnene 1.1 BBoggTced obo3HaveHns 1 OCHOBHBIE
onpesienienusd. B Paznene 1.2 onuceiBaiorcs ocobeHHOCTH paspaboTKN ceTe-
BOIT MOJIesTM HAOJIIO/IEHNS 38 JIBIZKYIIUMIECsT OObekTamu (Tiessimin). Beojsitest
MIPEJITOIOZKEHNST O CKOPOCTH JIBUKEHUS TeJiell, a TakyKe 0 ceHcopax, TOIKax
Ha0JII0/IeHns Tieieil n nomexax m3mepenus. B Paznesne 1.3 npuBoanuTes onu-
caHue paHIOMU3UPOBAHHBIX U MYJIbTHAT€HTHBIX M0JIX0/I0B I 0O0CHOBLIBACTCSI
X UCIOJIb30BaHNe B pa3paboTKe ceTeBOil MoJie/n HAOIOCHIS 3a, IeaaMu. B
Paznene 1.4 dopmymupyercs MocTaHOBKA 3aadi OTCIEKUBaHUS 1eseil ce-
ThIo ceHcopoB. B Ilogpasienax onucobBaloOTCsS pa3anydHble MOIX0/Ibl K BRIOOPY
coceJieil JI7I KaxkKJIoro CeHcopa ¢ y4eTOM TOIOJIOIMYeCcKUX orpanudenunii. B
[Tonpasznesne 1.4.1 onmmcbiBaeTCs TOIX0/T, OCHOBAHHBIN Ha ONTHUMI3AIINN BHIOO-
pa TeJieii ¢ MOMOIIBIO TTONCKa MAKCUMAJBHOTO TlepecevdeHns JTOBePUTETbHBIX
SJITUTICOUIOB TTPU MUHUMAaJIbHON HAarpyske Ha cercopbl. B [logpasnene 1.4.2
MPUBOJINTCA JIPYTOIl MOAXO0, OCHOBAHHBIN Ha PAHIOMU3AINT TOIOJOTHH, W
OIICBIBAIOTCS ero npenmyiiectBa. B Pazgesne 1.5 cchopmyinpoBaHbl BHIBOIbI

13 TIEePBOI IJIaBHI.

Bo BTOpOIi ri1aBe hopmMysinpyroTes Mo iuduKaIIT PACIIPEIEIEHHOTO PaH-
JIOMI3UPOBAHHOIO AJITOPUTMa, CTOXACTHIECKOW ONTHMU3AIINN, COBMENIEHHO-
ro ¢ MPOTOKOJIOM JIOKAJILHOI'O T'OJIOCOBAHUS, W HUCCJIEJYIOTCS CBOMCTBA €ro
oreHok. B Pazjesie 2.1 onmcbiBaeTcst pacipe/iesIeHHbIH paHI0MI3UPOBAHHBIIH
AJITOPUTM CTOXACTUYECKOH ONTUMU3AINN, COBMEIIEHHBI C ITPOTOKOJIOM JI0-
KaJIbHOT'O TOJIOCOBAHUS, JIJIsA O0IIero Buia (YHKITNN, TPUBOJIATCS YCJIOBHSA Ha,

9Ty (DYHKITUIO 1 TOKa3bIBAETCs, YTO (DYHKIMA, paspaboTannas B epsoM Pas-
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JleJie, YIOBJIETBOPseT 9TuUM ycjaoBusM. B Pasgene 2.2 npuBoauTcs Moandu-
IUPOBAHHBIN pacipe/ie/leHHbI PaHIOMU3UPOBAHHbBIN AJITOPUTM CTOXaCTHIe-
CKOI ONTUMM3AINT, COBMEIIEHHBIN ¢ IPOTOKOJIOM JIOKAJIHLHOIO I'OJIOCOBAHUSI,
JIJIsT ONEHKU JIBUZKYIIUXCS Tiesieit, popMyInpyeTcss U JOoKasbiBaeTcs Teope-
Ma 1, oTpaxKaroras CpeJHeKBaIpaTHIecKoe KadecTBO OIEHOK, TOJTydaeMbIX
110 TPEJIOKEHHOMY aJIlOPUTMY, & TakxKe (POPMYJIUpyeTcs U JIOKa3bIBAETCs
Teopema 2 n1s1 BbIOOpa cybonTuMaIbHOrO Iara ajaroputMa. B Paznene 2.3
OIICHIBAETCS B3BEIIeHHAs BEPCHs alTOPUTMa, TPUMEHNMAas /)1 Teseil ¢ pas-
JIMIHBIM XapaKTepoM JIBUKeHUs. Takke (popMyInpyercs U JIOKa3bIBAETCs
Teopema 3, KOTOpast MOKa3bIBAET CXOJUMOCTH MATPUIILl KOBAPUAIMH HEBs-
30K, IOJIYUEHHBIX C TIOMOIILIO B3BEIIEHHOI Bepcun ajiroputMma. B Pazjene 2.4
HPUBOJITCS AJTOPUTM C IIEPEMEHHBIM IITaroM JijIsi OIEHKN ITOJIOYKEHUSI CTa-
TUIEeCKNX 00BLEKTOB, (POPMYJIMPYETCT U JIOKa3bIBaeTcs Teopema 4, MoKa3bl-
BaloIas CKOPOCTH CXOJIMMOCTU MaTPUIIhl KOBAPHUAIINN HEBABOK, TOTYyIaeMbIX
1o omnucannomy aJjiropurmy. B Paznene 2.5 chopmynmpoBaHbl BBIBOJLI U3

BTOPOIi TIJIaBbI.

B Tperbeii riiaBe npuBoigTCs pe3yabTaThl UMUTAIIMOHHOTO MOJIEJIPO-
BaHUsl, WLJIIOCTPUpYIONIe paboTy MpPeJ/IOXKEHHBIX METOJIOB U TOJX0J0B. B
Paznene 3.1 mpuBojagaTcd pe3yabTaThbl YUCIEHHBIX SKCIEPUMEHTOB PeIieHnsd
3aJ1aun OTCJIeXKUBaHUs 1ejiell pacipee/leHHOl ceThlo CEHCOPOB € MOMOIIIHIO
paszpaboTaHHOIl Mojen ceTu cencopoB u3 Paznena 1.4 u ajropurmon u3 Pasz-
nesioB 2.2-2.4. B Pazjesie 3.2 onmcbiBaeTcsi IPOTOTUII CUCTEMbI JIJIsl OTCJIEXKHU-
BaHMUs Iejieil pacrpe/ieieHHOI ceThio ceHcopoB. B Iloapasnene 3.2.1 npuso-
JIINTCA apXuTekTypa cucrembl, B Ilogpasaene 3.2.2 — rpacdudeckuii mHTEP-
deiic cucremsbl, a B [logpasnene 3.2.3 — npumepsl padoThl cucteMbl. B Pas-
Jlesie 3.3 OIHMCBIBAETCs MPUMEHEeHNe pacipeieIeHHOr0 paHI0MU3IPOBAHHOIO
AJITOPUTMa, CTOXACTHIECKON ONTUMU3AINN, COBMEIEHHOI'O ¢ ITPOTOKOJIOM JIO-
KaJIbHOTO TOJIOCOBAHU, & UMEHHO CJIEKEHHE 3a JIeTATEILHBIME allliapaTaMu
B pexkuMe peaJibHOro Bpemenu. B Pasjesne 3.4 cdopmyinpoBaHbl BbIBOJIbI U3

TpeTeil T1aBhl.

B zakJsroueHun popMyJINPYIOTCss OCHOBHbBIE PE3YJILTATHI JIMCCEPTAINN.
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I'maBa 1. Monenb
ylpaBJieHUd CEHCOPHOM
CeThbI0 HA OCHOBE
PAHIOMU3NPOBAHHOI'O U
MYJIbTHAI€HTHOI'O IIOAXO0I0B
[IpU OrpPaHNYEHULX HA
KOMMYHUKAINU 1 HAJIUIUN
CYIIIeCTBEHHBIX
HeollpeaeJIeHHOCTeN

1.1 O6o3HadyeHnd n onpeaeieHUs

B Tekcre guccepralui IPUHATHL CJIELYIONINE 0003HAUCHIS:

t, k — IUCKpeTHOEe BpeMs;

i,7,k,m,n,d,p,l,q — nenble ancia (0ObIYHO HEOTPUIATE/HHBIE);
a, B,7,0,€,a,b,c, 2,0 — cKaJISIpHbIE BEJIMUNHDI;

a,b,x,r,s,u, A — BeKTOPHBIC IIEPEMEHHIE;

Yy — HaOJI0JIaeMble CKAJIIPHBIC I BEKTOPHBIC IIePEMEHHBIE;
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v, w, € — momMexu (MyMbl) B HAOJIIOJACHUSAX (M3MEPEHHsIX);
A B,C,D,V,I.I'H, ®, S, Z,W — marpunpi;

M, Pr, V — oneparopsr;

J — Marpuna uin Habop ducelr;

N, M — MHO)KeCcTBa HATYPAJIbHBIX THCET;

R — MHO’KECTBO BEIECTBEHHBIX THCET;

0 - oreHnBaemoe (ONTHMATIBHOE 3HAUEHNUE);

0 — BekTOp (MHOT/IA MATPUIA) B IIPOCTPAHCTBE OIEHIBAEMBIX TADAMETPOB

(omenka);
< -, + > — CKaJIsIpHOE IIPOU3BE/IcHNE BEKTOPOB;
F(2), F(), pl- ) — pemectsermmie dymkis:
T )
-+ — TpaHCIIOHUPOBaHNE BEKTOPA MU MaTPUIIHI;
.~ — obpalrenne MaTpUIHL;
J — 1ceB1000pAIIeHIEe MATPUILBL;
_ : — 2.
[A]l -~ nopma pobenuyca: ||All = \/ 2 2u(aig)%;
0 — HyJIEBOIT BEKTOD;
)
1,= | : | € R? — BexTop, cocrosmuil N3 BCEX €MHUIII;
1)
0
e, = | 1| € RY -~ kanonmueckuii 6a3ncHblii BEKTOP, IJIe 2-blil 3J1eMEeHT

0
\/

I; € R™ — enunndnas MaTpHIA;

paBen 1;

Jg = 1d1;lr € R™9 — yarpuna, cOCTOSIAS U3 BCEX €IMHIILL,
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A ® B — upoussejicaue Kponekepa, orpejiesieHHOE JIjisi JIIOObIX MaTPHI]
An B;

A < B,A < B — yuopsJ04eHHOCTb MaTPUI[ B CMBICJIE KBaJIPATUIHBIX
Popum;

N ={1,...,n} — MHOXKECTBO BepIIINH;

E C N x N — MmHoxecTBO pebep:;

Ga = (N, E) — opuenruposanublii rpad;

i € N — wienruduxarop i-it Bepunbl u (7,4) € &, eciu cyiecryer

HaITpaBJIeHHOE PedPO U3 BEPIINHLI j B BEPIIUHY 1;
Ni={jeN:(ji) € E}— muoxkecrso cocedeti pust ysna i € N
| - | — MOIITHOCTH MHOYKECTBA;
BEpPXHIE UHJIEKCHl — NHJIEKCHl areHTOB;
a’l > 0 — Bec, ceszanublil ¢ pebpoM (j,1) € &, a’ = 0 Beskuii pas, Korja
(1) € &;
deg; (A) — Bspemennas crenenn saxona i € N deg/ (A4) = S

=1 al B
rpade Ga;

deg’ (A) — MakcuMma/bHas cTeleHb 3axX0ja CPe/in BCeX BEPINNH, CoJep-
»kamuxest B rpade Gy;

col{-} — BekTOp-CTONMDCII, TTOTYIEHHBI ITyTEeM HAJIOXKEHHST €r0 9JIEMEHTOB
ApyT Ha ZIpyra;

diag, (b) — nuaronajbHast MATPHIA C SJIEMEHTAME BeKTOpa b Ha juaro-

HAJII U JIPYTHX 9JIEMEHTOB, DABHBIX HYJIIO;
D(A) — auaronanbuas marpuna D(A) = diag,, (degi (A), ..., deg (A));
L(A) =D(A) — A — namacuan rpada Gy;

() —BEpOSITHOCTHOE MTPOCTPAHCTBO;
W — 9JIEMEHT BEPOSTHOCTHOIO TIPOCTPAHCTBA,;

F — MHOYKEeCTBO BCeX COOBITHIA;
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P — BepogTHOCTHAA Mepa;

(Q, F, P) — 6a30BO€ BEPOSITHOCTHOE MTPOCTPAHCTBO;
E — maTemaTnueckoe OKUIAHUE;

YV — KBAHTOP BCEOOIITHOCTH;

J — KBaHTOD CYIIECTBOBAHUSI;

F; — o-anrebpa Bcex BEPOATHOCTHBIX COOBITUI, IPOU3OMIEANINX 0 MO-

MeHTa BpeMenun t = 1,2,.. ;

Ez, — ycioBHOE MaTeMaTHIeCKOE OyKIIaHIe OTHOCUTETBHO O-aareOpsl Fy.
Maremaruyeckn, 9Ta o-aaredpa MOPOXKIAeTCA 3HAYCHUSIMHI BCEX CJIYIalHBIX
hyHKIUiT (M0J0XKEHUS 1eJIN, TTOMEXH, CMEHbI rpada CMEZKHOCTH) B MOMEHTHI

Bpemenn 7 = {1,2,...,t}.

Onpemxmenenue 1. Opuernmuposarrvd epap G4 Hadvisaemcs
CUNDHO CEAZHBIM, €CAU OAA Kaoxtcdot napve eepwun 7,1 € N cywecmesyem

nYymb HANPaBAEHHHT pebep, udywut ud om j 0o 1.

O0o3HaYMM pPAaCIOJIOKEHHbIE B IOPSJIKE BO3PaCTaHUs JIeiCTBUTE/IbHBIX

JacTeil cobcTBenHble 3HadeHust aitacuana L(A) gepes A, ..., Ay,
0 < Re(A1) < Re(Ag) < ... < Re(Ay).

zBecTHO, 4TO eciin rpad CHIbHO CBsA3eH, TO Ay = 0 1 Bce ocTaJibHbIE COO-
CTBeHHbIe 3HadeHust L JierkaT B OTKPBITOI IIPaBoii MOJOBUHE KOMILJIEKCHOI
mwiockoctn (eum. [1,48]). CoberBenHoe 3HaUeHNEe MATPHIBl A ¢ MakcuMaIbHOI

abCOJTIOTHOI BeJIMINHON 0003HATACTC KaK Apax(A).

1.2 CetreBag MoJejb HAOJIIOAEHNA 34

ABUKYIIUMICH 00beKTaMu

Paccmorpum cucteMy, COCTOSILY IO U3 CETH U3 1 CEHCOPOB (nU3Mepureieii),

CJICJISIIIIX 38 JIBUKeHneM m 1eseil (00beKTOB ciieykenus ). Bygem caurars,
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YTO CEHCOPDI U 1eJIM Pa3MeleHbl B BelecTsenHoM npocrpanctse RY (manpu-

Mep, d = 2 — Ha WI0CKoCTH, d = 3 — B BO3/IyXe WJIH 10| BOJION ).

[IycTn
N ={1,2,...,n} — MHOXKeCTBO BCEX CEHCOPOB,
M ={1,2,...,m} — MHOXKeCTBO Bcex IeJieii,
i1
St
si = |-+ | € R? — Bexrop koopjuHar cencopa i,i € N B MOMEHT
id
St
BPEMEHN ¢,
1,1
Ty
ri=|... | € R? - sextop xoopaunar nemm [,l € M, B MOMEHT BpeMe-
ld
T
Hu t,
ry
0, = | ... | € R¥ — obumit BeKTOp COCTOSIHUSI BCEX IeJleil B MOMEHT
m
Iy
BpeMeHu t.

BrejieMm mpeJioiozKeHue 0 CKOPOCTU JIBUYKEHUs 1eJIeid.

IMpeanonoxenue 1. Obosnauum pasrnocmy E =ri—r1l | 1€ M.
Cropocmb usmenernus noaoscenus yeset pasnomepro o2paruvena: Vi € M
IS < 6 < oo, waw arce ElI&* < 6%, Bl ol < 0% Bl6&T] < Qs u

E[&EF 1] < Qs, ecau nocaedosamenvrocms {1} cayuaiina.

Bynem caurarh, 9T0 B KarK/blii MOMEHT BPEMEHH ¢ CEHCOP i MOXKET W3-
MepATh PACCTOsTHUE JI0 JTF000i U3 Tie/1u | 13 HEKOTOPOTO MOJIMHOYKECTBA BCEX
neseit Mj C M:

il il
2t = p(Zal) +wt )
. _
rjie w;” — noMexu uamepenust, a p(i, 1) — KBaJpaT pacCTOSHUSI MEZKJLY CEHCO-

pPOM ¢ U TeJIbIo [ B MOMEHT BpeMeHn t:

d

: j Ld  id\2
pli,0) = i =sil> =D _(r/" —s")".

d'=1
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[TycThb ceThb ceHcopoB, cocTosIas U3 N y3J10B, ONMUCHIBACTCSA OPUEHTUPO-
BaHHbIM IpacdoM G4 ¢ B3BelenHoil Marpuieii emexnoctn A = [a™] (mar-
pHUIla CBSI3HOCTH, CBsi3aHHast ¢ rpacdoM Gy). O603HATNM TTOIMHOYKECTBO CEH-
COpOB ./\/;tZ C N ¢ coceamu cerncopa ¢ B MOMEHT BpeMeHu t, a /\_ftZ C ./\/'tl -
nogMHOKecTBO coceneit J = {j1,...,jp} C ./\_/;’ CceHcopa 2, KaxKJblil U3 KOTO-
PBIX B MOMEHT BpeMeHNU ¢ M3MePsIeT PacCTOsiHNe JI0 TOM »Ke ey | € ./\/lf;, 9TO
1 CEHCOP ¢ (P — KOJMIECTBO OJJHOBPEMEHHBIX COTIACOBAHHBIX HAOJIIOIEHUIT 32
OJIHOIT 11es1bto pasHbiMu cencopamn) ( [12,72]). CocraBum HabOP Tpoek Uy, co-
CTOAIINI U3 BO3MOYKHBIX KOMOUHalmit cencopa ¢ € N, ero cocezeit J € ./\7/;Z "
HekoTopoil ey [ € M, 3a KOTOPOii OHE COrIACOBAHO HAO/IIONAIOT B MOMEHT

Bpemenn t. O603HaUNM JIFOOYIO TPOHKY U3 3TOro Habopa u € U;.

C mpaxTudeckoil TOYKN 3peHns HanboJiee MHTEPECHBIMU SIBJISIOTCSI CJIY-
Yyan, KOrjia KOJMYECTBO cocejieil MUHUMAJILHO JII KayKJI0To ceHcopa. B yact-
HOCTH, Jlajiee OyJleT pacCMOTPEHO JiBa, BapHaHTa, IPU KOTOPBIX KOJIUYECTBO
OJIHOBPEMEHHBIX COIJIACOBAHHBIX HAOJIIOAEHUI 38 OHOI IeJIbI0 JITOO PaBHO
onHOoMYy p = 1, ubO paBHO pasMEepPHOCTU IpPOCTpaHcTBa p = d. Bo BTOpOM
caydae, NpH YCJIOBUU U3MepeHHs 0e3 OIMMOOK ceHcopaMy KOOpJWHAT Iieseil,

MO2KHO BOCIIOJIb30BaTbCA CTaHAAPTHBIMU IIpDUEMaMW TPUAHTYJIALINN.

st kazkoro Habopa u = (4, J, 1) € Uy u vekoToporo j, € J oupejeinm
pasuuiy z/(u) = z(i,1) — 2(J,, 1) MexK/1y U3MEpeHHsIMU PACCTOAHUI 10 OJTHO
1 TO »Ke 1esu [ cencopa @ u cencopa j, € J. Takxke Beejem wi(u) =
wit — wgq’l KaK PA3HUILY MEXKJIy [OMeXaMil U3MEepPEeHUs PacCTOsTHUiL J10 e/ [
cencopa ¢ u cencopa j, € J. Mcnonbsysa ¢opmyiy pasHocTH KBaJpaTos,

MOKHO JIJISE BCeX j, € J moyunTh p ypaBHEHUH st KazKJ10ro ceHcopa i € N
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_ il gl . . i\l g5l
Z(u) = 2" — 5" = p(i,1) = p(jg, 1) +wy" —wy” =

d
Do (4 )" = = )) ) =
d'=1

d

> (st = sy =i — i)+ af(w) =
d'=1
d d

Ld'( Jed  id g, j,d’ -
S (st =) = 3 (= () + ),

d'=1 d'=1

qg=1,...,p. OTu ypaBHeHU: B MATPUIHON POpMe UMEIOT BH/I
(s] —si)T Zw) + s - [sil?] @) (w)
(s —sp)* 2w+ s = Isil?]  Lof(w)

(s] —si)*T 2 () + [|sf]2 — |Isi]|?

(s — )" () + [|s7[I2 — s

W= | ... |. Ypasuenue (1.1) npencrasiser coboil JHHEHHYIO CHCTEMY
=D
w; (u)

OTHOCHUTEJILHO BEKTOPaA I'i.

Byjiem cunTaTh, 4TO U3MepeHus IpoBojidaTces 0e3 moMex, To ectb WH = 0.
Bripasum sexTop rk uepes OF u DP. B obmiem ciyqae, npu p < d marpuna O3
He SIBJISIETCSI KBAJIPATHOI, II09TOMY BMECTO OIlepallii 00paIleHusT MATPHUILbI

Oy/ieM HCII0JIB30BaTh OIePaIliO 11CeBI000paIeHNS:
u..l u
Cyry = Dy,

creprl = cyt oy,
e et e = [CRT O G Dy
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B urore, nmosygaem
I'rl = g2, (1.2)
te TP = [CRTCRYCPTOR, HY = [CPT O/ CrT Dy,

Sameganue 1. Ecaup = d u mampuya C}* nesvipoorcdernan, mo I} —
edununnas mampuya, a H* = [CP]"ID®. Ecau p = 1, mo 6ce snemenmo
mampuyve I Aeaaomes Hysamu, Kpome 00H020 IAEMEHME HA OUGZOHAAU,

Komopuiil paser eduruye.

[lesb ceTeBoil cuCcTEMbI CEHCOPOB COCTOUT B (DOPMUPOBAHUU B KarK/Iblii
MOMEHT BpeMeHn ¢ COCTOATETbHOI OIMEHKN MECTOTIOJIOZKEHUS BCeX 00HEKTOB

1,1
ry

caexkenust 0; = : € R kortopast MEHUMU3UPYIOT (PYHKIIMIO OTEPh

AN
r

0, = argminMZFg u, i) (1.3)
0, ieN
rjie
2 Al Al
F(u, ") = Z fi(u, &%),
uGUhZ:Z(u)

N/ :
i’ — onenxa Mecrouosoxkenns e | cencopoum i, Fi(u,#") — dyukimo-

" alyi
HaJI, B KOTODBIil BXOJAT 1eJIM, 38 KOTOPLIMU CjiejutT cencop i, fi(u,#,") =
oL,
|78, — HE||*> — dynkuust noreps (mmu kadecrsa), a M — 6o onepartop
ycpeiHeHust, inbo onepaTop MakcuMusalyn. lasee Oyer paccMaTpuBaThCs

TOJILKO CJIydail C yCpeIHEeHUEeM:

~

0; = argmin ——— Z fi(u,#7) = argmm ZF’ (u, #), (1.4)
2 ‘ uEZ/l ZEN

rie

Flud)= Y fiui)

uEL{t,i:i(u)
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Ha mpaxTuke o0ble u3Mepenus, MoIydeHnble CEHCOPaMU, BCETIa NCKa-
KeHbl omexamiu |25, 29|. Perenue 3a/1a4u onTUMU3AIMN YCJIOKHSIETCS TIPH
u3MepeHusx ¢ rnomexamu. s ciaydad nenyseBbix nomex W[ nsmepenus
CEeHCOPOB (POPMUPYIOTCA IO 3alTyMJJIEHHBIM U3MEPEHUAM ONTHMU3UPYEMOil

dyHKIIHI
v = 11" = Hy o+ (GGt
[Tpumensisi hopmysty KBajipaTa CyMMbI, MOCIEI0BATEILHO Oy IaeM

Y, =
117y — H“IP +2(Ixy — HY[CPT O CFTWE + (|[Crrer) et w2 =
fi(u,xy >+ 2(Ixy" — HY)[CHT O/ Crrwe + W operTw =
fitu,xy") + 2(Ix" — H“)[O“TC“}’O“TW# + ORI =

fi(u, Xt ) + v}, (1.5)
re fi(u, Xt N = HIt“Xf;Z — HYJ?, xi’i ~ Tekyllash TOYKa, B KOTOPOH MPOU3-
BouTCs m3Mepenue GyHKun (TouKa HaGLOeHNs ), HAPUMED, Xo' = B/, a

vl = 2(IxL — HM[CPTCRYCrTWE + ||C W12 — sekoropast momexa.

Chopmysnpyem IlpejoioxKenns 0 ceHcopaxX, TOYKaX HAOJIOJCHUSIX U

IoMexax M3MepPeHHs].
Ilpeamonoxeunne 2.

1. Paccmosanue meatcdy cencopom St u cencopamu s{l, ..., S j” 02PaHUYEHO

ceepry u cnuzy Vi € N,j, € J,J C Nj ¢5 < Hst—st | < ¢s,q =
1,...,p.

2. Ussecmmwvi oepanuvenus na obaacmo wazodcdenua ueset. Ipyzumu
iy

crosamu, das ecex | € M mouku nabarodernus X, 6wbupaomes ma-

KUM 00pa3om, 4mobvl onu HATOOUAUCD 6 EBINYKAOM 3AMEHYMOM 02Pa-

HUYEHHOM HOdMHOOfCGCTfLS@, romopuwie w@epofcam UCKOMDL 6EKMOP I'i.
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: il
3. Jan scex i € Nl € M nomexu wy" — HE3a46UCUMDBIE, CUMMEMPULHO
pacnpedesenrvie UEHMPUPOSAHHBLE NOMETU, PAGHOMEPHO 02PAHUYEH-

1
nvie 6 cpednexsadpamuueckom cmucae Bllwy'|| < o, u ¢ pasnomepno

]
oepanurennvmu vemeepmuimu momernmamu El|wy' ||t < oy.

Jlemw™m a 1. Ecau svnoanaemcs Ipednosoocenue 2, mo

L|CET* < dped;

2. |[CRTCHICRTI < g

3. |[Irxy = HY? < ey

4. E|WE2 < pol, E|WE{* < poy;

d. meuasecmmvie NOMeTU
v = 21" — HY[CHTCHY MW+ |G WP

ABAANNCA 02PAHUYEHHBIMU 6 cpe@w%eadpamuunom CMDBLCNE
1\2 2.
]E'(Ut> S Cv?

6. nocaedosamesvrvie pasHoCmu Uy, = Uy — Uy | NOMET 02PAHUYEHDL.
2

0i] < ¢ < 0o wau E(0)* < 2, ecau nocaedosameavrnocmny {oL}

CAYYUAUHQ.
Joxazamenvcmeo.

1. Ecin omosmeno Hpenonoskenne 2.1, To ||CPT||? < 2pc n [|CRY||* <

4p2c‘fg.
2. Ecmm semoseno IIpeanosioxkenune 2.1, To
2 2 T 2 2.2
dpte; < G GNP < 4p7es,

1 - 1
- < Cu Cu/ 2<
iz SOOI < o
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2pc

u u u 2pc2
e Sl < 35

2
lCrmererT) < S5

e
y
3. Ecom Bemosnneno Ipeanonoxkenue 2.2, o ||IMx," — HPY||* < ¢f.

4. Ecim soimosmneno Hpemanonoxenne 2.3, To E||wf(u)[|? < o2, E||wf(u)||* <
oy n E[|[WEP < pog, E[[W2* < poy.

5. Ecym Bemosiaens! [Ipeanonoxenus 2.1-2.3, To

Ev; = 2(I}'z} — H)[CP CPYCP T EWS + E[|CPTWR 12 = ElCr W2,

i u u uTl ~uy ~uTyru
E(v;)? = 4[| (1w, — H)[CH CH WP+
A1l — B [CET ORI (WRlICET W) + B Crt e =
4B\ (I — HY[CH G CEIWE P + B[ G| <
16p°crceo? + 4p°cioy.
TaKI/IM 06pazoM, noMexa v, He sBjserca nenrpuposannoii u E(vf)? <

c2, rae ¢ 16p3cfc%012u + 4p3c%04. JpyruMu cjioBamu, vl siBjsieTcs

HEU36ECMHOU, HO 02PAHUYEHHOT NOMETOU.

6. Ecmn Bemosanens: [peanonoxkenusa 2.1-2.3, To

E(@IQ)QZE(U% Uzk) < g

rje c% = 203 = 8pcfccafu + 2pcyo4.
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1.3 PanaoMu3mpoBaHHBIN U MYJIbTUATr€HTHBIN

IIOIXO0dbI

PanjoMmuszanust 3apekomMenjioBaja cedst Kak 3PpMOEeKTUBHBIN HHCTPYMEHT
JJIsT DeIieHust 3a/1a9 ¢ HEeolpeIe/IeHHOCTsIMHE 6], KOTOpbIe 9acTO BOSHUKAIOT
pu cOope JIaHHBIX C IIOMOINBIO0 CEeHCOPHBIX ceTeii. Bojiee Toro, ona 3naqn-
TeJILHO COKpalliaeT pasMepHocThb 3ajaqn [111]. MysibruareHTHOCTD, B CBOIO
O4Yepe/ib, SIBJISIETCS TOIX00M, PA3BUBAIOIINMCS Ha CTBIKE PACIPeIeIeHHBIX
BBIUNCICHUI 1 SMEPIXKEHTHOIO0 NHTE/IJIEKTA, UTO HO3BOJISIET BKJIIOYATH KOM-
MYHUKAIMOHHBIE OI'PAHUYEHUs B OMMMCAHHYIO CETEBYIO MOJICb JIJId HAOJIIO 1e-

HUA 3a ABUZKYIIUMUCA 00 bEKTAMU.

PasBuTne u JIOCTYIIHOCTb BBIYUC/IUTE/IbHON TEXHUKHM OKa3aJl BJIMSHUE
Ha KJIacCU4ecKue o0JIacTH MaTeMaTHYeCKOil CTaTUCTUKHU, CIIOCOOCTBYSI pa3-
BUTHUIO U IIPUOPUTETHOMY HCIIOJIb30BaHUIO IIOBTOPSIOIIMXCS CXeM OlleHKH. B
OCHOBE OTHOCHUTEJIbHO HOBOI'O I10JIX0/1a K PELIeHNIO 38,184 OLeHUBAHIS U OIITHU-
MU3AINK B HeOJArONPUSITHBIX YCJIOBUsIX (HAPUMED, TIPU HAJTMIUUA BBIPOXK-
JIEHHBIX II0C/Ie0BATE/IbHOCTEN HAOIIONEHN) JIEKUT UCIOIB30BaHNIE TTPO6-
HbIX Bo3Mytennit [6]. Ecim npu perennn 3ajadqm gepe3 BXOJHBIC KaHAJIBI
CUCTEMBI MJIM aJCOPUTMa MOXKHO BHECTH HOBOE BO3MYIIEHHE C 33 aHHBIMU
9KCIIEPUMEHTATOPOM HJIM XOPOIIO M3BECTHLIMU CTATHUCTUYCCKIMU CBOHCTBa~
MM, TO OHO MOKET OBbITh HCIIOJIL30BAHO JjIsI ‘oboralneHust mHQOPMAIUN B
KaHaJje HabsiroeHnd. VHoraa poJib MpoOHOr0 BO3MYIIEHUS MOXKET HUI'PaTh
N3MEPUMBII CIydaifHbIil MTpoliece, MPUCYTCTBYIONNI B cucteme. B cucremax
yIIpaBJIeHUs UCIIbITAHUS MOI'YT ObITh J1I00aBJIEHbI Yepe3 KOHTPOJIbHBI KaHaI,
a B JAPYIUX CJaydasgxX PoJib IPOOHOIO BO3JEHCTBHUS MOXKET BBIIOJHSATH pPaH-
JIOMU3UPOBAHHBIN JIM3aiiH 9KcIepuMenTa. V3ydeHne oOHOBJIEHHOI CHCTEMBI
¢ TPOOHBIM BO3MYIIEHUEM, JIaKe C HCIIOJIb30BaHUEM TPaUINOHHBIX METO-
JIOB, YaCTO IIPUBOJAUT K OOHAICXKUBAIOIINM PE3yIbTaTaM OTHOCUTEIbLHO CXO-
JUMOCTH U HPUMEHHMOCTH HOBBIX ajropuTMoB. OJHUM U3 3aMevdaTe/IbHbIX
CBOMCTB TaKUX aJrOPUTMOB ABJIAETCS COXPaHEHHE OIEHOK IPH “TIOYTH IIPO-

U3BOJILHBIX BO3MYIIEHUAX. AJIPCOPUTMBI, B KOTOPBIX OJIMH MM HECKOJIHKO
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I1aroB OCHOBaHLI Ha C.Hy‘-IELﬁHOM BI)I60pe I[IpaBUJI, Ha3bIBalOTCA PaHJIO0OMU3U-

POBaHHBIMU aJITOPUTMaMMN.

[Tpoext Manxarren [110] chirpat BasKHYI0 POJIb B PA3BUTHU KOMIIbIOTE-
pos. B XVIII Beke Tounble mpejicKazanus BO3BpaIleHns KOMeT U 3aTMeHnit
ObLIM obecriedeHbl Os1aromapst OymazkabiM pacderam. Opaaxko jgo 1940-x ro-
JIOB BBIOOP OPI'TEXHUKHU, TAKOW KaK CUeTHbIE MAIUHBI, CODTUPOBIIUKHA KAPT
U IIPOCTbIe MeXaHUIeCKne KaJbKYJIATOPHI, JTOCTYITHOM JI/Isi TIOMOIIHU JITO/ISAM,
obL1 orpannder. B pamkax npoekta Manxastren B Jloc-Astamoce, rie padbora-
JIN y4eHble U UHXKeHepbl, TpeboBaJjiach 00JIbIlasi TOYHOCTb BBIYUCICHUI, ITO
IIPUBEJIO K MCIIOJIb30BaHUIO aHAJOIOBBIX KOMIIBIOTEPOB, BKJIOUAs KOMIIbIO-
Tepbl ¢ nepdokapramMu mnpouspojcTBa IBM. DToT caBur B pa3BUTUH KOM-
IIBIOTEPOB M BO3MOXKHOCTH TOYHBIX BBIYHUCJIEHUI CIPOBOIUPOBAIN IOABJIIE-
rust Metosia Monte-Kapiio [82], nazsannoro B gects ropoja Monre-Kapsio B
KHsizkecTBe MoOHaKO, TJie pyJieTKa SBJ/IsljIach HMOMIMYJISIPHBIM MeHEPATOPOM CJIy-
JaliHbIX 4nces. Takum oOpasoM, rpoekT Manxstren u merosn Monre-Kapiio
CTaJIM BayKHLIMU STAllaMU B Pa3BUTUN KOMIIBIOTEPHON TEXHWKHU U ITpUMeHe-

HHUN CﬂyqaﬁHbIX quceJI B BbIYUCJICHUAX.

Cyl1ecTByeT KJiacc 3ajiad, CJI0KHOCTb KOTOPBIX PacTeT SKCIOHEHIIHA b
HO C pa3MepHOCThIO 3a1a4ui. HekoTopble 3a1a9u I03BOJIAIOT HAUTH aJrOpPUT-
MBI, CJIO?)KHOCTH KOTOPBIX PacTeT MeJJIeHHee, HO eCTh U MHOYKeCTBO 3aJad,
JUIA KOTOPBIX 9TO HEBO3MOXKHO, HAIIPUMED, BBIYUCICHHE 00bEeMa BBIITYKJIO-
I'o Teja B N-MEPHOM €BKJIMJIOBOM IIPOCTPAHCTBE MJIN BBIYUCIECHIE N-MEPHBIX
unrerpajoB. B rakux ciaydasax meron Monrte-Kapio sBisgercd ejnncTsen-
HBIM CIIOCOOOM IOJIYYUTh JOCTATOYHO TOYHBIE PE3YJIbTaThl 3a IIPUEMJIEMOE
Bpemsi. CoBpeMeHHbIe HCCIeIOBaHNsl B OCHOBHOM HallpaBJIeHbl Ha pa3padoT-
Ky 3¢ dexTuBHbIX ajropurmoB Monrte-Kapso mis pasjimanbix GU3niecKux,
XUMHUIECKIX U COLMAJILHBIX IIPOIECCOB, & TaKyKe JIJIsl apaJlieIbHbIX BhIUNC-
qutenbubIx cucteM. Metosn MonTe-Kapsio Takyke mosryunit pa3suTtie B KBaH-
toBoit Teopun. CyliecTByer KBaHTOBbI MeTos MonTte-Kapiio [50], KOTOPBIIA

IIMPOKO IIpUMEHACTCA B UCCJA€eJOBaHUN CJIO02KHBIX MOJIEKYJI U TBEPAbLIX TEJI.

Ha wmaremaruko-mexanndeckom daxyabrere CIIOIY meromom MonTe-
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Kapio ¢ 1956 rosa sannmaerca Cepreit Muxaitiosna Epmakos [10]. Ero na-
yUHbBIE HHTEPEChI BKJIYAT Teopuio Meroga Morrte-KapJio, omneHky MHOTO-
MEPHBIX MHTEIPAJIOB, HUCCJIEI0BAHIE TeHEPATOPOB ICEBIOCTYIaiHbIX THCel,
a TaKKe BEPOSITHOCTHOE peIlleHNe JTMHEeHBIX 1 HeJMHEHHBIX NHTEerpaIbHbIX
ypaBHennii. Ero paborsl crocobcrBoBasn (hopMasiM3aluil 3TOI0 BbIUNC/IN-
TeJILHOTO MEeTOJIa 1 HPEBPAIICHIIO €ro U3 HabOpa MOJIYIMITPIIECKIX [TPHe-

MOB B CTPOI'O O4YEPYCHHYIO 00J1aCTb MaTEeMaTUKI.

Muorue mpakTudeckne 3aJ1a4qr, BO3HUKAIONINE B Pa3IMIHBIX 00JIACTIX,
MOT'YT ObITh c(DOPMYJINPOBAHbI KaK 3a/1a9l [TOMCKa KOPHs (PYHKIIMU MJIH 110~
HCKa TOYKH MIUHIEMYyMa, OJIHAKO aHAJIUTHIECKOe pelleHne TaKuX 3a/a4 4acTo
OKa3bIBACTCsI HEBO3MOXKHBIM U3-32 CJIOXKHOCTH (DYHKIUI WM OrpaHUYeHUIT,
C KOTOPBIMH OHHU CBsi3aHbl. B Takmx cjydastX MeTOJIbl CJIy4YaifHOro MomcKa
IPEJICTABIIAETCS KaK aJbTePHATHBHBIN M0IX0/1, KOTOPbIt MOYKeT ObITH ITpUMe-
HEH JIJIg HAXOKJIeHHs PUOJINKEHHOTO pemleHnsi. MeTo cydaiiHOro momncKa
OCHOBAH Ha, UTEPATUBHOM ITOCTPOECHUU IOC/IEI0BATEILHOCTH OICHOK pelile-
nHust. Ha kazk1oMm 1mmare HoBasi OIEHKa BBIOMpAETCs ITyTeM CJIBUIa TPEIbIITy-
1Ieit OIEHKHU B CJIyYaiiHO BHIOPAHHOM HAIIPABIECHUU. DTOT IMOJXOJ] SIBJISI€TCSI
pa3BUTHEM METOoJa PO 1 OMIMOOK, NP KOTOPOM pEIIeHne UIETCsT CJIydali-
HBIM 00pa30M, U €CJIM OHO YJAOBJIETBOPsieT 3aaHHBIM KPUTEPUAM, ITPUHUMA-
eTCs, B IPOTUBHOM CJIydae OTBEPraeTcs C IeJIbI0 ITPOIOJIZKEHIS TOUCKa, HOBOI
BO3MOKHOCTH. OCHOBHAS WJies 3aKII0UAETCsI B UCIIOJIB30BAHUH CJIYyIailHOCTH
JIUIsT IICCJIEJIOBAHMS PA3JIMIHBIX 00JIacTell IPOCTPAHCTBA IIapaMETPOB, BKJIIO-
Jasi nckoMoe perreHne. MeToj cydaifHOTO MONCKa HAIle I IIPOKOe MPUMe-
HEHUE B Pa3/INYHBIX 00JIACTSIX, BKJIIOUYAs ONTUMU3AINI0 (DYHKINN, KOMIIbIO-
TEPHOE MOJICTUPOBAHUE U CTATUCTUKY. DTOT METOJ MO3BOJISICT UCCIC0BATD
IIPOCTPAHCTBO ITapaMeTPOB, YUUTbIBas CJAYyIallHOCTb, W JOCTHIhL ONTHMAJIb-
HOI'O MJIN NPUOJIMKEHHOTO pernennst 3aja4un. [logpobHoe omnmcanne meToma
caydaiffHoro momcka MOKHO HaiiTm B KHure Pactpuruna “Cratuctuyeckue
meTosbl oncka” [20], re mpecTaBieHbl TeOpETUIecKne OCHOBBI METO/IA, €ro

pa3/iInYHbl€ BapUaHTBI 1 IIDUMEPLI €I'0 IIpUMEHCHN A B IIPaKTUYECKUX 3aJad9ax.

O iHUM U3 IPUMEPOB PAHIOMU3UPOBAHHBIX AJFOPUTMOB, KOTOPBIH 10Ty~

YJI 3HaYUTEJIbHOC BHUMaHUE, ABJISACTCA reHeTUYeCKU aJITOPUTM OIITUMU-
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samnun. OCHOBBI 3TOr0o ajropuTMma Obuin 3ajoxkenbl Husicom Aasiom Bap-
puuesin, KoTopblit B 1954 romy mnposes mepBble PabOTHI 110 MOJIe/INpPOBa-
HUIO SBOJIIOIMK Ha KOMITbIoTepax B VHCTUTYTe TPOJIBUHYTHIX UCCJICI0BAHMIT
B [Ipuncronckom yuusepcurere [39]. B 1957 rogy aBcrpasmiickuii reHeTHK
Anekc @peiizep Hadas myOJINKOBATE CEPUIO CTATEH O MOIEIMPOBAHNN NCKYC-
CTBEHHOT'O 0TOOPa CPeJI OPraHM3MOB € HECKOJILKUMI M3MEPUMbBIME XapaKTe-
puctukamu. Pabora @peiizepa mocyKuja mepejoOMHON TOUKON B Pa3BUTHH
KOMITBIOTEPHBIX MOJIe/Ieil 9BOIIOIMOHHBIX IIPOIEccOB 1 MeTo10B. C TedeHmeM
BPEMEHH, C PACTYIUM HHTEPECOM U IIPOrPECCOM B 00JIACTU BBIYUCINTE/IHLHOI
MOIITHOCTH, F'€HETUYECKUE aJITOPUTMBI HAILIN IMPAKTUIECKOe IpUMEHEHNE B
pas3mIHbIX 001acTaX. [lo Mepe Toro, Kax rnepcoHaJibHble KOMITbIOTEPHI PA3BU-
BaJINCh W UX BBIYUCJUTE/ILHBIE BOBMOXKHOCTU 3HAUYNTEIHHO YBEJIUINBAJINCD,
VIIYUITIIACh BO3MOXKHOCTD peain3alliil TeHeTUuIeCKNX aJTOPUTMOB JIJI pe-
MIEHNs CJIOYKHBIX 3aJ1ad ONTUMU3AINN. ['eHeTndeckne aaropuTMbl UMATHPY-
IOT TIPOIECCHI €CTECTBEHHOTO OTOOpa M Te€HETUKM, MCIOJIb3ys TaKhue TeXHU-
KI, KaK 0TOOp, CKpeIuBaHue 1 MyTalusi, 9TOObI MCCJIeI0BATE TPOCTPAHCTBO
pereHnii 1 CXOAUThCA K ONTUMAJbHBIM WU OJIM3KUM K ONTUMAJILHBIM pe-
meHusiM. ['eHeTn4yeckne ajJropuTMbl JEMOHCTPUPYIOT CBOIO 9(PDEKTUBHOCTD
B IIIUPOKOM CIIEKTpe MPUIOXKEHU, BKIIOUas 3aa9l ONTUMUBAINN B WHKE-

Hepun, (buHAHCAX, JOTUCTUKE U UCKYCCTBeHHOM nHTejuiekTe [40).

MeTos oT>KUTa — 9TO METO]I ONTUMUBAINHI, TOXKE OCHOBAHHBIN Ha YIIO-
psaJI0ueHHoM ciiydaiinoM roncke. Veropus sToro merojia naunnaercsd B 1953
rogy, korjga H. MeTtponosnuc paspaboTas aaroputM Jjisi CUMYJIATINNA TOCTU-
JKEHHST PABHOBECUsI B CHUCTEME C HECKOJBbKUMU CTENEeHSIMU CBOOOIBI TP 3a-
nanHoit Temmeparype [74]. Sarem, B Hauane 1980-x rogos, C. Kupknarpuk
PEJIJIOKIT U0 UCIOJIb30BaHNs TOTO aJTOPUTMa JIJIsi PEIIeHns pa3Ind-
HBIX 33181 OMTUMU3AIIH, BHIXOISAIINX 38 TPeIe/Ibl MOJCTUPOBAHNS (hI3MIe-
ckux cucrem [57|. OH U3 OCHOBHBIX MPEMMYIIECTB METO/IA OTKITa 3aKJTH0-
JaeTcs B €ro CIoCOOHOCTH M30eraTh JIOKAJIHHBIX MUHUMYMOB ONTUMUBHPYE-

MOl PYHKIIUK U IIPOJIOJIZKATH IOUCK IJI00AJIHLHOIO MIHUMYMA.

[Touck ¢ 3amperamu, Tak»kKe W3BECTHBLIN KaK TadY-IOUCK, ITPEJICTAB/ISAET

co0oIi MeTa-aJroOpuTM TIOUCKA, UCIOJIB3YIONINNi METOIbI JIOKAJIbHOI'O TIONCKA,
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JIJIsI PeleHnst 38129 MaTeMaTHIeCKO OTUMUBAIINI. JTOT aJTOPUTM OBLI CO-
snan Opejiom Y. [osepom B 1986 roy [62]. Bee jeio B oM, 90 JlOKaIBHBII
IIONCK IIPOBEPSIET IMOTEHIINAILHOE PellleHne 33/ a9l U ero HeIoCPEeICTBEHHBIX
cocejieit (TO ecThb pelleHtsi, KOTOPbIe OTIMYAIOTCST TOJBKO HEOOJIBIINME Jie-
TaJIsIMU) B HaJlexK e Haiitu yiydmiensoe pererne. OJHAKO METOJIbI JIOKAJIb-
HOI'O TOMCKA MOTYT 3aCTPATh B CYOONTHMAJIbHBIX 00JIACTIX WM Ha ILIATO,
rJie MHOTHE PeIlleHnsi OJMHAKOBO MojxoaAT. [lonck ¢ 3amperamu yiaydiiaer
IIPOU3BO/IUTEIBHOCTD JIOKAJBHOI'O TTOUCKA, OCIabJisisi €ro OCHOBHOE IPABH-
j0. Ha Kaxkj1oM 1mare MoKeT ObITh MPUHSITO YXY/UIEHNEe, eCJIU HET HIKAKOTO
yirydiiennst (aHAJOTHIHO CUTYAINH, KOTJIa MOUCK 3aCTPEBALT HA JIOKAJIbHOM
muHEMYMe). Kpome Toro, 3amperst (Taby) BBOJASITCSA JJIS [TPEIOTBPAIIECHUST
IIONCKA 110 y2Ke IOCeIIeHHbIM pereHusiM. [Ipu peasuzaiun momncka ¢ 3arpe-
TAMU UCTIOJIb3YIOTCs CTPYKTYPhI, KOTOPBIE OIMUCHIBAIOT MOCEIIEHHBIC PEITCHIS
IJTH [I0JIb30BaTeIbcKre Habopbl paBui. Kciin nmoreHuaibuoe penierue ObLIo
MIOCEIIEHO B TeUYeHIEe HEKOTOPOI'o KOPOTKOI'O TepHojia BPEMEHHN I HAPYIIa-
eT TTPaBUJI0, OHO TIOMevaeTcsd Kak “Taly’, YTOOBI aJITOPUTM He PAacCMaTPUBAJT

penienne ImoBTOPHO.

[Iporokost crteren (Gossip), CBsI3aHHBIN ¢ PAHIOMIU3UPOBAHHBIMU AJIT0O-
PUTMAMU, IPOUCXOJUT OT aJIFOPUTMOB SIUJIEMUIECKON PEILINKAIIINH, OIICaH-
HBIX B ICCJIEIOBAHNN ‘DN IEMIYECKIE aJITOPUTMbI O0CTYKUBAHUS PEILIIII-
poBaHHBIX 0a3 manubix’ (1987) [56]. C Toro Bpemenn mprMeHeHre TaKoro mpo-
TOKOJIA CTAJI0 OOHEKTOM 3HAYUTEILHOTO MHTEPEca B 00JIACTU BLIYUCICHUN, 1
1IepBbIe MMPAKTUYCCKUE ITPUMEHEHHS ObLIN 3aMEYeHbl B CUCTEMaX MapIIpy-
TH3aLUN KOMIIBIOTEPHBIX ceTeil, KOTOphle IpeIecTBOBa I ceTu VIHTepHeT.
[IpoTOKOJIBI CILIETEH — 9TO JeIeHTPAJIN30BaHHbIE IIPOTOKOJIbI 0OMeHa HHMOP-
Marueil, OcCHoBaHHbIe Ha WJjee PaclpocTpaHeHust nHpopMallny depes3 cirydaii-
HbIE CBSA3M MEXKJIy Y3JIaMH CUCTEeMbl. B Takux MpoTOoKoJIax y3JIbl MepeiatoT
nHQOPMAIIIIO APYT JAPYTY, OIUPasACh Ha CJIydailHble KOHTaKThI UM CJIyJailHO
BBIOMpaeMbIX cocejieil. DTo 1103BoJIsIeT 3(PHEKTUBHO PACIPOCTPAHSITH HH(OP-
MaITIIo B CETH W OOHAPYKUBATH IJI00AIbHbIE CBONCTBA WM PeliaTh 3a/1adH,
OCHOBBIBasICh Ha JIOKAJLHBIX oOMeHax mHdopmarmeil. [IpoTokosibl criieren

I[MOJIYIWJIN HINPOKOE IIPUMEHEHNE B PA3JIMIHBIX obsactax. B cersax cBasu onn
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UCIIO/IBL30BAIICE JIJIS MAPIIPYTU3AIII [TAKETOB JaHHbIX, OOHAPY KEHU 1 UC-
IIpaBJIeHNs OIINOOK, YIIpaBJIEHISI PECYPCaMi 1 IPUHATUS KOJLJIEKTUBHBIX pe-
mennii. Takzke MPOTOKOJIBI CILJIETEH IIMPOKO HMCCJIEI0BAJNCH B 00JIACTH CO-
I[IAJIBHBIX CETE, I'/le OHU MCIIOIb30BAIICH ST MOJIETNPOBAHNUST PACIIPOCTPA-
HeHusi THQOPMAINN U BJIUAHIA B coodIecTBax. [IpenMyIiecTsa mpoToOKOJIOB
CILJIETEeH 3aKJ/I0YaloTCs B UX YCTOMUMBOCTU K OTKA3aM U JIMHAMUYECKIM U3~
MEeHeHUsIM B crucTeMe. biaromapst ciydailHbIM CBSA3sIM U PACIPOCTPAHEHNIO
nndopManun depe3 cocejeil, oHn crocoOHbI 3(PPHEKTUBHO aJalTHPOBATHCS
K M3MEHEHHIM B CeTH U IIPOAOJ/KATh (PYHKINOHHPOBATH IIPU OTKa3axX OT-
JIeJIbHBIX y3J10B. KpoMe TOro, MpoTOKOJIbI CILJIETeH He TPeOYIOT IVI00a/IbHOIO
3HAHUSI O COCTOSIHUU CHCTEMbBI M MOI'YT PaboTaTh B YCJIOBHUSIX OrpaHUYEH-
HOIT jtocTynHocT nHdopMann. B 1ie1oM, IpoTOKOIBI CILIETEH IIPeICTaBIIsI-
10T c000IT BayKHBIIN KJIACC PAHIOMU3HPOBAHHBIX aJIFOPUTMOB, IITHPOKO ITPUME-
HsIeMBIX JIjIs1 OOMeHa mHQOpMalueil 1 KOOpANHAIUN B JEIEeHTPATN30BaAHHbBIX

CcucremMax.

JItoOble m3MepeHusi, MOJyUYeHHbIE CEHCOpPAMU, BCErJla MCKaYKEHBI MOMe-
xamu. B Jmmreparype, Kak MmpaBmjio, pacCMaTpPUBAIOTCS OMeXHU, 00J1aato0-
e HEKOTOPHIMU H3BECTHBIMU HOPMAJIbHBIMHU CTATHCTUYECKUMU CBOMCTBa-
mu [42,77,78]. Bagaua yrpaBieHns: CeHCOPHOIT CeThIO 3HATUTEIBHO YCIOKHsI-
eTCs MIPU PACCMOTPEHUU ITPOU3BOILHBIX BHEIIHUX 110 OTHOIICHUIO K CHCTEME
HeolIpe/Ie/IeHHOCTel, HAIIPUMED, IPU OIPAHUYIEHHBIX, HO B OCTAJHLHOM HEM3-
BeCcTHBIX |64]. B ¢Bsi3u ¢ 9TrM HAMOOJIBINII HHTEPEC PEICTABIISIOT HCCIIEI0-
BaHUsI B 00JIaCTH CTOXACTUYECKO OIITUMI3aIINN, HAIIPABJIEHHbIE Ha YMEHbIIIe-
HUe HeOOXOIUMBIX JIJI PA0OTOCIIOCOOHOCTH AJITOPUTMOB OITHMUBAIIMI AIIPHU-

OPHBIX 3HAHUIT OTHOCUTEIHLHO HEOIlIpeeJieHHOCTel B 3a1aue [63)].

CerojiHsi cTOXacTHIeCKas alllPOKCUMAIIA UMeeT HIMPOKUM CIEKTD Mpu-
JIO?KEHHUIT B TaKUX 00/IaCTIX KakK: aJlallTuBHasd o0OpabOoTKa CUI'HAJIOB, aJiall-
TUBHOE pa3MelleHre pecypcoB B KOMMYHUKAITMOHHOM ceTH, UJIeHTH(DUKAIINST
chucreM, aJlalTHBHOe yrpasjienue u japyrux. B paborax B. T. Iomsxka [17],
Jx. C. Cramna (J. C. Spall) [112,113], B. C. Bopkapa (V. S. Borkar) [43],
A. B. llpibaxosa [17], X. Kymuepa (H. Kushner) u I'. I. na (G. G. Yin) [76]

CTOXaCTHUY€ECKad alllIpOKCUMalnd NCIIOJIb3YETCAd C Y6I:>IB&IOH_II/IMI/I CO BpeMeHneM
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10 Hyss pasmepamu maros. Cefiuac BozpacTaer HCIOJIb30BAHKE AJIIOPUTMOB
CTOXACTHYECKON allIIPOKCUMAIIUK JIJIsT OITHMUA3AIMNA HECTAIMOHAPHDLIX (DyHK-
[IUOHAJIOB KadecTBa (M3MEHSIIOIIUXCsl O BpeMeHeM ). B Takux 3ajjauax orciie-
JKUBaHUsT W3MEHEHUi 1apaMeTpoB 4acTo HCIOJL3YIOT JOCTATOYHO MAJIbIil,
HO nocrostHublil pasmep miara. . I1. Jepesunkuii u A. JI. ®pajkos B [8, 9]
IpU aHAJIM3e JUHAMUKE AJIrOPUTMOB aJallTallN, OCHOBAHHOM Ha IOCTPOCHUI
IPUOINZKEHHBIX YCPEJIHEHHBIX MoJe/iefi, 000CHOBAIM BO3MOXKHOCTDL UCIOJIb-
30BaHUs AJTOPUTMOB CTOXACTHYECKON AIIPOKCUMAIINN ¢ HEYOBIBAIOIINM JI0
HyJIsl pasMepoM Iara. [Toszke uccieroBanne oNTUMHI3AIIE HECTAIIMOHAPHBIX
dbyHKIMOHATIOB paccMmarpuBasioch B paborax O. H. I'panmanna [5,7], H. O.
Awmemmnoii [38,64], Tx. C. Cramra (J. C. Spall) [122], B. C. Bopxkapa (V. S.
Borkar) [43].

Ertie onHIM paHI0MI3IPOBAHHBIM AJITOPUTMOM $IBJISIETCST PAHIOMU3UPO-
BAHHDLI aJrOPUTM CTOXACTUYECKOI ONTUMU3AINN, N3BECTHDLIN TaKzKe KakK
Simultaneous Perturbation Stochastic Approximation (SPSA) [111]. Om or-
JIMYIAeTCsl TeM, YTO CHOCOOeH pemarTh 3ajadu ontuMusaiuu 54| B mpucyr-
CTBUHU IPOU3BOJIBLHBIX, HO OIPAHHYEHHDLIX ITOMEX 1 M3MEHSIOINXCS CO Bpe-
MeHeM IapamMeTpoB cucTeMbl |5, 7, 17]. DTu HeonpeeleHHOCTH MOTYT OBITH
HEeC/IyJailHBIMU, 1 J1aKe eCJIM OHHU SIBIAIOTCA CAyJIaillHbIMU, UX CTATHCTH-
JqecKre XapakTepucTukn Heobsizaresibuo u3sectHbl [108]. OcHoBHAST 0cOGEH-
HOCTb SPSA 3ak/iouaercss B TOM, 9TO OH UCIIOJIb3YeT OJIHOBPEMEHHbIE BO3MY-
IIeHNUsI Ha BXOJIE, & TaKzKe TO, UTO BMECTO OIEHKU I'paJUeHTa, KaK B TPaIIII-
OHHBIX MeTo/axX onTuMu3amn, SPSA oneHnBaeT anmpoKCIMAaIno IPaJIlneHTa
Ha OCHOBE CJIyYaiiHBbIX BO3MYIIEHNN (DYHKIIMH M COOTBETCTBYIOIINX HM3MEHe-
Huii 1esieBoit pyukunn. SPSA ob1a1aeT HecKoJIbKUMI IIpenmMyiecTBamu. Bo-
1IEePBBIX, OH 9P (MEKTUBHO paboTaeT B YCIOBUSIX OIPAHUYEHHBIX, HO B I[EJIOM
HEN3BECTHBIX ITOMEX, TaK KakK He TpedyeT nHMOpMaIM 00 UX TOYHBIX CBOIi-
crBax. Bo-BTopbix, SPSA 1m03BoJjIsSIeT COKPATUTH BBIYUCIUTEILHBIE 3aTPATHI,
TaK KaK OIEHKa I'PAJIMEHTa IMPOM3BOINTCI TOJILKO Ha OCHOBE NBYX (PYHKIINN

3HAQYEHUl, MOJIyYeHHDBIX C ITIOMOIIBIO CJAYYalHbIX BO3MYIIICHUIA.

OpI/IFI/IHa.HbHaH njaes CJaeAyromero MeToJa — MypPaBbHHOI'O aJITOPUTMa —

NCXOJIUT OT HaOJ/IIOJACHUS 3a MypPaBbsgMH B IIPOIECCe IMOMCKA KpaTdaiflnero
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IyTH OT KOJIOHUU JI0 HCTOYHUKA nuTanus 53],

Puc. 1.1: MypaBbunblit aaroputm

['1aBHOe 3a/1a4eli MypaBbeB ABJIsIeTCsI OUCK Ui, Takum obpa3om, mep-
BBl Mypaseii Haxoput ucrounuk nuiy (F) jmobbiv criocobom (a), a 3arem
Bo3Bpalaerca K mypaseiinuky (N), octaBus 3a coboit Tporry 13 ¢hepoMOHOB
(b) (Puc. 1.1). Barem MypaBbU BBIOHDAIOT OJIMH U3 HECKOJHKIX BO3MOK-
HBIX IIyTell, YKPeILIsIOT ero U JeJaloT IpuBJeKaTe/bHbIM. MypaBbu BbIOU-
paroT KpaTdaiiimii MapupyT, Tak Kak (GbepoMOHbI ¢ 00Jiee JIMHHBIX IIyTeil
obicTpee ucnapstiorcst. Cpejin 9KCIEPUMEHTOB 110 BHIOOPY MEXKJLY JIBYMSI ITy-
TSIMI HEPABHOM JIJINHBI, BEIyITUX OT KOJOHUN K UCTOUYHUKY ITUTAHUS, OMOJIO-
i 3aMETWIN, YTO, KaK IIPaBUJIO, MypPaBbU UCHOJIL3YIOT KpaTJyalllinii MapIil-

pyT [53]. Mosiesib Takoro moBejieHnsT 3aKIIOTACTCS B CJICTYTOIIEM.

Kosonust MmypaBbeB (DyHKIMOHUDPYET IMOCPEICTBOM MEXaHU3Ma, U3BECT-
HOT'O KaK CTUT'MEPIHsi, KOTOPBIl BKJOUYaeT oOMeH mHMOpMAIueil ¢ UCIO0Jb-
3oBanmeM epomMoHoB. Kormga mypaBeil oTIpaBjsieTcss B MOUCKAX IMHIIA, OH
OCTaBJISIET 3a cobOoil cjes hepoMONOB 0 MYyTH BO3BpaIlenns K MypaBenlnu-
Ky. 9TH (HepPOMOHBI MPUBJICKAIOT JPYTUX MYypPaBbeB, HAXOSIIUXCS BOJIN3MH,
U YBEJIMUUBAIOT BEPOSTHOCTH UX IOCJIE/I0BATEJILHOCTU 110 TOMY K€ IIYTH.

ITpu BO3BpalleHUN B MypaBeHHUK 3TH MypaBbU YKPEILISIOT CJiejl (hepoMo-
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HoB. Co BpemeHeM, ec/in CyIIecTBYeT HeCKOJIBKO MyTeil, O0bIee KOJTUIeCTBO
MypaBbeB MPOXOJIUT TI0 OoJiee KOPOTKOMY IIyTH, Jiejiasd ero OoJjiee puBJeKa-
TEJIbHBIM W NPUBOJISI K MCYE3HOBEHUIO OoJiee JJIMHHBIX IyTell 13-3a Uciape-
HIS (DEPOMOHOB. DTOT METOJT KOMMYHUKAIIAN, UCTIOJIB3YIONINI OKPY7KAIOITYTO
Cpe/Ly, IEMOHCTPUPYET CAMOOPTaHU3aIIIO [55] 1 IPUMEHNM K Pa3JInIHBIM CO-

IraJIbHBIM 2KMBOTHbLIM, TaKHUM KaK, HallpUMeEp, TEPMHUTaM.

CucreMa KOJIOHUN MYPaBbeB OTPazkKaeT KaK I0JIOKUTEJbHYIO, TaK 1 OT-
pHUIAaTeIbHYI0 00paTHYIO CBsI3b. [IpucyTcTBHEe APYyTruX MypaBbeB yKpPeILIseT
cJiet (pepoMOHOB (OJIOKUTE/IbHAST 0OpATHAST CBSA3H), B TO BPEMST KaK HCIape-
Hue (bepoOMOHOB JIeficTBYeT KaK OTpuilaTesbHasi oOpaTHas CBsi3b. bes obpat-
HOI1 CBsI3U ObLIO Obl HEBO3MOXKHO BBIOPATDH IIYTh, €CJIM KOJHIECTBO (hepoMO-
HOB OCTaBaJIOCh HEM3MEHHbIM €O BpeMeHneM. OjiHako HeOOJIbIIe KoJiebaHus,
yCUJIEHHBIE OOPATHON CBSI3BIO, IPUBOAAT K YKPEIJIEHUIO OJIHOTO IIyTH, B KO-
HEIHOM HTOre CTaOMIN3UPYs CHCTEMY B CTOPOHY BBIOOpa CAMOr0 KOPOTKOTO
nytu. Ciemyer OTMeTUTb, YTO CYHIECTBYIOT COBPEMEHHbIE BapUAIMU AJIIO-
pUTMa KOJIOHUU MYyPaBbeB, BKJ/IOUasI SJIUTapHYyIO cucTeMy MypasbeB, MMAS
(Max-Min Ant System), paH:KHpPOBaHHYIO CHCTEMY MYPaBbeB U JIJTHHHYIO Op-

TOI'OHaJIbHYIO KOJIOHHUIO MYPDaBbEB.

Muorue ajaropuTMbl MyJIbTHATEHTHONH KOODAMHAINE, KOTOPBIE HCIIOJIb-
3yIOTCs ceiidac, Hampumep, B Ojokdeitne [114], MoOmiIbHON poboTOTEXHN-
ke [18,55] n smepkenTaoM nHTE/EKTE [55,100] TaKKE BIOXHOBJICHBI JANHA-

MUKOM [TPUPOJIHBIX, COIUATBHBIX U 9KOHOMIUECKUX cucrem 41,44, 93).

OcHOBY MyJIBTHAr€HTHON CUCTEMbI COCTABJIAIOT NHTEIIEKTYAIbHBIE areH-
ThI, KOTOPbIe 00JIQJIAI0T CBOHCTBOM aBTOHOMHOCTH (CIIOCOOHOCTH paboOTATh
JIUIsl JIOCTU>KEHUsI TI0OCTaBJIEHHOI 11e/11 0€3 BMellIaTe/ IbCTBa Ye/I0BeKa WK JIPY-
IUX KOMIIOHEHT CHCTEMBbI) U CIIOCOOHOCTHIO K TIPOAKTHBHOMY MTOBEJICHUTO (TIpH
yIpaBJICHUN CBOUM IOBEJCHUEM areHT IIPUHUMACT BO BHUMAHUE HE TOJIbKO
nHQMOPMAIINIO, MOJyIEHHYIO UM OHJIAH U3 BHEITHEr0 MUPa, HO U MPEJIbICTO-
PUIO CBOUX JICHCTBUIL U COCTOAHMNNI BHEIIHE cpeibl, KOTOPbIC HAILIN OTPazKe-
HUE B ero TeKyIeM BHYTPEHHEM COCTOsIHIM, HallpUMe]D, COOOIIeHMSI, 10Ty YeH-

Hble OT JIpyrux arenToB) [3|. B MysbruarenTHO apXuTeKType JInHAMIIECKH
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obHOBJIsIeMast HHMOPMaIlUs, [I0JIydaeMasi areHTOM U3BHE U (hopMupyemMast ca-
MIM areHTOM, BMECTe C JIOKAJILHO JIOCTYIIHON nH(pOopMalieil OT orpaHnyeH-
HOI'O 9H1CJIa cocejiell 00pabaThiBA€TCs UM WJIH IIEPECHLIACTCs JIPYTOMY areHTy.
[Tpu 5TOM CyIIIeCTBEHHO COKPAIAIOTCS KaK PECYPCHBIE N BpEMEHHBIE 3aTPATHI
Ha KOMMYHHUKAIIIN B CETH, TaK U BpeMs Ha 00pabOTKY U MPUHSITHAE PEIIeHMIT,
3aTpaduBaeMble Beeii cucteMoii (B IeHTpe, e/l OH eCThb B cucrteMe). Bojee
TOI'0, MYJIbTHAI€HTHBIE CHCTEMbl TaKyKe SBJISIIOTCA MMOKUMIE: TaKasl CIHCTeMa
MOXKeT OBITH JIOIOJJIHEHA 1 MOIUMUINPOBaHa 06e3 IepelnchblBaHIsI 3HAUNTE b

HOI yacTu mporpammbr [32,103].

Henasuee uccienosanue [99] nmokasaso, 9ro 6GakTepun CrioCOOHBI B3ANMO-
JeficTBoBaTh JIPYT C JIDYTOM, 9TO 3HAYUTE/bHO U3MEHUJIO HAllle IIpejcTaB-
JIEHUE O IOBEJICHUH MPOCTHIX OPTraHM3MOB, HACE/ISIIONNX OKPY KA HacC
Mup. Bakrepun ucrnoab3yoT MOJIEKYIAPHYIO CUTHAIU3AINIO /IS N3MEPEHUST
IIOTHOCTH CBOeit omysisinmu. TepMua “ayBeTBo KBopyMa” (Quorum Sensing,
QS) oTHOCHTCST K TPOIECCY, IPU KOTOPOM OaKTepuasbHast KJIeTKa CIIOCOOHA
OIIYIIAaTh aKTUBHOCTH JPYTUX OAKTEpPUil MOCPEICTBOM KOHIIEHTPAIIUN IOITY-
nsinun. Pasyimanble Bubl OaKTepuil, HAXOAAIMnecs B OJHOI cpejie, NCIOJIb3Y-
10T pa3HoOOpa3Hble CUTHAJIBHBIE MOJIEKYJ/IbI, ITO MTO3BOJISIET UM B3anMOJIeli-
CTBOBaTL C JAPYrUMHU Bujamu OaxTepuii. B HacTosiiiiee BpeMmst 9T CHCTEMBI
KBOPYMa aKTHUBHO HCCIEYIOTCS JIII Pa3JIMIHbIX KaTeropuit bakrepuii. Cy-
IECTBYIOT 3HAYNTE/IbHBIE JIOCTHKEHUs] B MOHUMAHUU T'€HETHKH, PeHOMUKH,
OMOXMMUN 1 PA3HOOOPA3MUsI CUTHAJIBHBIX MOJIEKYJT (S, BKJIIOUasl B3aNMOCBSI3b
MeZK/Iy 1yBCTBOM KBOPYMa U COIUAJIbHBIM IToBeIeHneM bakrepuii. [loBemenne
1 9BOJIIONNS TAKNX OAKTEPUATHLHBIX COODIIECTB PACCMATPUBAIOTCS KaK ecTe-
CTBEHHBIE NPUMEPbI MYJIbTUATEHTHBIX CHUCTEM, TTOCKOJIbKY B3aUMOJIEHCTBUE
MeKJIy OAKTepUsIMU ITPOUCXONT JIOKAJBbHO, U M3MepeHne IJI0THOCTH OaKTe-
puii MOKeT OBbITh BBIIIOJIHEHO 0e3 HeoOXOIMMOCTU cOOMpPATh BCe JAaHHBLIE B
OJIHOM IIeHTpe 00paboTku mHpopmalni. BakTepun yCIeNHO perrapT IJIo-
OaIbHYIO 3ajady, TAKYI0 KaK M3MepeHue TJIOTHOCTU HACEJICHUs, UCIOJIb3Ys
TOJILKO JIOKAJILHOE B3AUMOJICICTBIE, UTO SIBJIAETCS IIPUMEPOM MYJIbTHAINEHT-

HOI'O aJI'OpUTMA.

Eme omanM BayXKHBIM IpuMepoM camMoopranuszanun spigiorcd HK-BbI-
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aucsienus |35]. st obbsicnenust kouneniu JTHK-serauciennit paceMorpum
N3BECTHYIO KOMOMHATOPHYIO 3aJady TONCKa [ 'aMWIbTOHOBA IIYTH B Tpade.
Kak u3BecTHO, 9Ta 3a/1a4a COCTOUT B TOM, YTOOBI HAHTH TaKOil IIyTh B HEOPU-
CHTUPOBAHHOM WM OPUEHTUPOBAHHOM Tpade, ITOOLI OH MPOXOIIT HYepes3
KayKJIy1o BepiinHy rpada poBHO oiuH pa3. Boeruncienus JITHK, ocnoBanHbIe
Ha 3aJI0KeHHbIX B IPUPO/ie MpuHIunax camoopranusanuu [105], crocobubr

peuiaThb TakKue 3aga4du C JIMHEHBIMU 3aTpaTaMM 110 BPpEMEHU.

Hamomuaum, aro mosiekysibl JTHK 0ObraHO 00pas3yioT JIBOWHYIO CHUpPAJIb,
COCTOSIILYI0 U3 HYKJICOTUOB, cojepzKamux docdaTHylo IpyIIILy, caxapHylo
IpyIIly U a30THcToe ocHoBaHue. CyliecTByeT YeThIpe Pa3/InIHbIX HyKJIe0TH-
na: agennn (“A”), tivun (“T7), ryarus (“I7), urosun (“C”). B crmpasu myk-
JIEOTH/IBI COEJINHAIOTCA 1IapaMI B COOTBETCTBHU C (byH/IaMeHTaIbHBIM Npa-
6UAOM Komnaemenmaprocmu: “A” Beerma KoMmiuiemenTapuo “T7 a “I™ Bce-
riaa komiiemenTtapuo “C” [120]. Takzke ¢ HOMOIIBIO HATPEBAHNST BO3MOZXKHO
paszienats asyxnenodeunyio JHK Ha 1Be oTnepHBIC HUTH MM COBEPIIATDH

obparHoe jeficTBie (Au2UposaHue) ¢ TIOMOIIBIO 0c000T0 (hepMeHTa, AU2A30L.

Paccmorpum opuentuposannbiii rpad G = (N, E) ¢ [N| = n ysios.
[IycTb ciayugaiiablie ocienoBarenbHoctu JAHK, cocrosmue ns npajimnar Hy K-
JIEOTUJIOB, TIPEJICTABIISIOT coOO0M y37bl (BepimHbl). Pebpo cBsi3ano ¢ 1mociie-
nosareabHocTbio JIHK, mosydennoit coBmenienneM KOMILIEMEHTAPHON ITO-
CJIJIOBATEIBHOCTH BTOPOI IIOJIOBUHBI HAYAIBHOIO y3J1a 1 KOMILIEMEeHTapHOi
10CJIeIOBATE/ILHOCTI I1€PBOI IOJIOBUHBI KOHEUHOIo y3ja. Hampumep, ecim

nepBbIit y3ea umeet kKo JIHK

TCAGTACCAG TACAGTCACA
KOMILJIeMEeHTapHast 10C/1eJ[0BATETbHOCTD :

(AGTCATGGTC ATGTCAGTGT),

riae A — anenns, T — tumul, G — ryanud, C — NUTO3UH, BTOPOIi y3€e/1 HUMeeT
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ko JJHK
TAGGTATGCT CAGATAAAGG

KOMILJIEMEHTapHa«d II0CJICA0BATE/IbHOCTD

(ATCCATACGA GTCTATTTCC),

1 ecTb pebpo OT IEePBOro y3Jia JI0 BTOPOro, TO 3TO pebpo KOJUPYETCs Kak
ATGTCAGTGT ATCCATACGA.

Dta mpotielypa MOBTOPSIETCST ¢ KAXKJIbIM JOCTYITHBIM pebpom [26,27]. Heob-

XO0AMMO OTMETHUTDL, 9YTO HallpaBJICHUA HUATER Z[HK OIIYIIEHO JJIA IIPOCTOTHI.

Hautee, Bce onncannbie kojbl JIHK cunTesnpytores u cmernuBalorcst B 0/1-
HOII 1IPOOKPKE JJIsT IPOBEJICHUST JINTUPOBAHST (PEAKIINHI, COCJINHSIONCH MO-
JIEKYJIBI TI0 MTPaBIITY KOMILIEMEeHTapHOCTH ). Taknm 06pa3oM, Bce BO3MOXKHBIE
IyTH CO3/IAI0TCsT OJHOBPEMEHHO U TapaJsuiesibHo. [Ipumep Takoro myTtu (Mo-

JIEKYJIBI) TTOKa3aH Ha pucyHke 1.2.

1-2 23
| | | \
'ATGTCAGTGT ATCCATACGN GTCTATTTCC GTATCCCGTG'
‘ TCAGTACCAG TACAGTCACA)TAGGTATGCT CAGATAAAGG‘
r ‘y
1 2

Puc. 1.2: Ilpumep cirydaiinoit MOJIEKYJIbI TTIOCIE PEAKITNH JINTTPOBAHIS

B sTom mporiecce mpocMaTpUBACTCS aHAJIOTHS C MYJIbTUATCHTHBIMI TEX-
Hostorusimu. ITyrem hopmMupoBaHust HUTEl U 3BEHHEB B MACCUBHBIE MOJIEKYJIbI
JHK, kak ecyim Obl OHM ObLIM areHTaMu KACKaJHOI'O Ipoliecca, HYKJICOTH-
JIbl obecrieamBaloT perieHue mnpodsembl. [locmeyromye maru mnpenasnade-
HBI JIJIST IPOBEPKH TOT'0, HAXOIATCS JIN MOJIEKYJIbI, KOJUpYyIomue ['aMuibToHoB
IIyTh, BHYTPU IPOOUPKN WK HET. 3aTpaThl Bpemenn Ha Bhramcienns: JIHK
SIBJISIIOTCS PE3YJILTATOM JIOKAJIBIBIX B3aUMOJICHCTBIN 1 KJIacTepU3allni, JIu-
HEHO yBEJIMIMBAIONINXCS 110 Mepe YBeJUUIeHUs KOJIMIeCTBa y3/I0B [22-24].
Jasee B [106] sra xapakTeprcTiKa CPABHUBAJIACH C TOIl JKe, YTO U B METOJIE
BeTBell U rpanunl. Boisicnmioch, uro JIHK-Bbrunciienns paboratoT HaMHO-

ro Jiydiie Ipu lapameTpax pas3pezKeHHOCTU MaTPUIbl CMEXKHOCTHU, PABHBIX
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0.85, 0.9, 0.8, n yBesmmuenun uncsia y3708 rpada ¢ 37, 43, 45 cOOTBETCTBEHHO.
B [31] Takzke paccmarpuBasiach 3ajiada KOMMUBOSIZKEDA, DEIIeHHAsI ¢ TTOMO-

mipio JIHK-Bbramcienmnii.

MysibTrarenTHbIE aJTOPUTMbBI TaKyKe BO3HUKAIOT B COIMUAIBHBIX CETSIX.
B 93] onucbiBarorest Mosiesin conuaibHBIX MPOTECCOB, KOTOPBIE OBLIN pa3pa-

OOTAHBI OAHOBPEMEHHO C TeOpI/IefI MYJIbTHal€HTHBIX CHCTEM.

[TpoToKOJI JTIOKAJILHOTO I'0JIOCOBAHUST SIBJISIETCS €I1e OJIHUM ITPUMEPOM MYJTh-
THAreHTHOr'O I0JIX0/Ia, KOTOPBII obecriednBaeT JeleHTPaJn30BaHHOe TPIHSI-
THe pelieHnii 1 KOOpIMHAIIIO0 MexK/ Ty arentamu B cetn [37,38,68]. Coryacuo
9TOMY MPOTOKOJTY, 3aJIa9M, MOCTYIAIONINEe Ha, Y3/bl CETH, MOTYT ObITH paB-
HOMEpPHO Ppacipeje/ieHbl MeXK/Iy BCEMHU Y3JIaMU TIYyTEeM HX KOMMYHUKAIIH
(oOMeHa JIAHHBIMU MKy cocequuMu y3jamu). OH MMUPOKO IPUMEHSIeTCsI
B Pa3/INIHbIX 00J1acTsIX. B KOHTeKcTe yIpaBiieHnsl KPbLIbSIMU CAMOJIETa BO
BpeMst TypOyJieHTHOCTH [92| TIPOTOKOJT JIOKAJIBHOIO TOJIOCOBAHMUSI JIOKA3bIBA~
eT CcBOIO 3(DEKTUBHOCTH B YMEHBIICHUN BIUSAHUS TYpOyaeHTHOCTH. [IyTem
UCIIOJIb30BAHUS CEeTU MaJICHbKUX BPAIAIOIINXCS OJIOKOB, OCHAIICHHBIX JIaT-
YUKAMU JIaBJICHUs, ITPOTOKOJI 0DECIIeInBaeT JIOKAJbHYIO 00PaTHYIO CBSI3b U
obmen nHbOpMaIueii MexKIy CoceaHUMU OJIOKAMHU. DTO TO3BOJISIET OJIOKAM
PEryImpoBaTh CBOE TOJIOKEHNE HAa OCHOBE CPABHEHU JIaBJIEHNN, B KOHETHOM
UTOTe JIOCTUTAs COCTOSTHUA CONJIACUS, IIPU KOTOPOM MHTEIPUPOBAHHBIE CUJIbI
JIABJICHUSI CTAHOBATCH OJIMHAKOBBLIMU JIJIsT BCEX OJIOKOB. DTO JIEMOHCTPHUPY-
eT CIO0COOHOCTH MYJILTHAIEHTHBIX CUCTEM K aJallTallid U CAMOOPTaHU3aIINH
JIJIsT PENIeHNsT CJI0ZKHBIX 3a/1a9, CBA3AHHBIX C TYPOYJIEHTHOCTHIO. AHAJIOTTIHO,
IIPOTOKOJI JIOKAJILHOI'O TOJIOCOBAHUS IOKa3aJl ¢BOIO 3 (HeKTUBHOCTL B OajiaH-
CHPOBKe HAIPY3KH B KpynHOMacTabHbIX cersx [38,115]. [lyrem mepepactipe-
JIeJICHUST 33,189 MeXKJTy areHTaMi Ha OCHOBE JIOKAJIbHOI'O 0OMeHa HH(OPMAaIli-
eff IPOTOKOJI CTPEMUTCSI JIOCTUYIb PABHOMEPHOT'O PAaCIpe/ie/IeHUsT HAIPY3KU.
DTO ONTUMU3UPYET 00ITee BpeMsl BBITIOJIHEHN 3a/a1 1 YMEHBIIAET 3a/1ePK-

KI, HOBBIIIasg 3PPEKTUBHOCTE CETH.

OJIHMM 13 BO3MOKHBIX PeIleHnit 3a/1ad9il yIIpaB/IeHus CEHCOPHOIl CeThIO ¢

y4€TOM TOIIOJIOI'MYECKUX OFpaHI/I‘—IeHI/Iﬁ ABJIACTCA paclipedesieHue HEL6JHO,ZL&€—
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MBIX O0BEKTOB MEXK/Iy ceHcopamu, 910 6110 orucano B [102]. CymecTBeHHbI-
MU HEJIOCTATKAMU STOTO METO/Ia SABJIAIOTCS OOJIbIas TPYI0EMKOCTh U HE0D-
XOJIMMOCTD allpHOPHOIO 3HAHUS O TOM, KaKOil 00bEKT OJINKe K KaKOMY CEH-
copy. AJTbTepHATUBHBIN TT0JIX0J] — HCIIOJIH30BaHIE PaHIOMU3AIMN B BbIOOpPE
HAOJTIOAEeMOT0 00BbEKTa, a TAKyKe PAHJIOMU3AINN U MYJILTHATeHTHOrO I10/I-
X0/Ia BHYTPHU CEHCOPHOI ceTH JI/isi BEIDOpA COCEIHIX CEHCOPOB (IepeIatolix

JaHHbIe MeXK Ty coboii) [32,103).

Omnucannble BBIIIE I[MpUMEPDLI IOATBEPKA0T aKTYyaJIbHOCTb U H€O6XOILI/I—
MOCTDb MCIIOJIb30OBaHUA PaHAOMHU3UPOBAHHOI'O U MYJIbTHAIr€HTHOI'O IIOAXO/J0B

B 3aJia4e yIpaBJIeHIsI CEHCOPHOII ceThio, KoTopasi OyjIeT olncaHa JiaJee.

1.4 3ajgada ynpaBJieHHs CEHCOPHOII CeTbhIO

Cy1ecTByIOT pa3/inydHble ClIOCOObI (DOPMUPOBAHUST OLIEHOK MECTOIIOI07Ke-
HUsI JIBU2KYIIUXCS I1eJieil Ha OCHOBAHUU U3MepPeHnii ceHcopoB. TpauiioHHO
HCIIOJIL3YIOTCs [IeHTPaIN30BaHHbIE AJIOPUTMBI, B KOTOPBIX IIPE/III0JIaraeT-
csd, 9TO BCE CEHCOPBI IepeJaloT M3MEPEHUs PacCTOsSIHUI J10 1iejieil B oOmmimii
IeHTp 00pabOTKHU JIAHHBIX JIsi ONEHKN HEM3BeCTHOro BeKTopa (cm. Puc. 1.3
cyieBa). Ecm Habr01aeMbIx 1esieii HeOOJIbIIoe KOJIMIeCTBO, TO TaKOM MO/ X0 1
paboTaer J10cTaTOYHO XOopoino. OIHAKO ec/i KOJIUYeCTBO Iejieil pacTeT, TO
cOOp JaHHBIX, UX Iepejiada B IEeHTP U UX 00padOTKa CTAHOBATCS “y3KUM Me-
crom” |58,85]. AsbTepHATHBHBIM CIIOCOOOM SIBJISIETCST NCIIOIH30BAHIE PACIIPE-
JIeJIEHHOT'O 110/IX0/1a, B KOTOPOM CEHCOPBI PacCMaTPUBAIOTCA KaK aBTOHOMHBIE
BBIIHC/INTE/IbHBIE TIEHTPBI (Ar€HTHI ), CIOCOOHBIE 06PadATHIBATD JIOKAJIBHO J10-
CTYIHYI0 MH(MOPMAIMIO OT OI'PAHNYEHHOIO UHCIa coceleil 1 0OMeHUBATHCSI
JAHHBIMI C cocesisaMu. [Ipr 9TOM MOryT CyIIeCTBEHHO COKpAIaThCsl Kak 3a-
TpaThl Ha KOMMYHHKAIUA B CETH, TaK U BpeMs Ha 00pabOTKY U MPUHATHE

peliennii, 3aTpadnBaemMble Beeit cucremoit (em. Puc. 1.3 cipasa).

IIpu pacupejiesieHHOM II0JIX0/Ie OTJIeJILHON 3a/1adeil siBjIsieTcss BHIOOP COo-
ceneit st KommyHukamyuu. C oJIHOI CTOPOHBI, CEHCOP HE MOXKET IIOCTOSIHHO

0OMEHUBATHCS JaHHBIMHX CO BCEMHM y3JlaMM CETH, TaK KaK 9TO CHOBa IIPpH-
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Puc. 1.3: HentpannsoBanmnbelii (caeBa) u pacupeieseHHblii (cripasa) cmocod

pelieHnd 3a/1a4u yIIpaBJIeHnsd CEHCOPHON CEThIO JJIA OTCJICKUBAHUA JIBUXKY-
[UXC T1es1ei

BeJIeT K pecypco3arpaTHoil 00paboTKe JaHHBIX U He OyjeT OTJIMYaTbCs OT
IEeHTPaJN30BaHHOr0 10/IX0/1a. Kpome Toro, Ha mpakTHUKe YacTO CYIIECTBY-
IOT TeXHUYECKUe OrpaHudYeHnsd Ha KOJMYECTBO KAaHAJIOB CBA3U (KOMMyHHKa—
[IMOHHBIE orpaHquHHﬂ). C apyroit ¢cTOPOHBI, KOMMYHHUIIIPOBAHIE TOJIBKO C
[MIOCTOAHHBIM MaJIbIM KOJIMYECTBOM COCEJIHUX CEHCOPOB MOXKeT HPUBECTU K
1orepe BaykHOI nHMoOpMalun 000 Bceil cucTeMe B IIEJIOM U3-3a OrpaHUYeH-
HOCTI 0030Pa CEHCOPOB WJIN JarKe K BBIPOXKJICHHON 3ajadn olleHnBaHus. B
CBSI3U C ATUM sIBJISIETCSI aKTYyaJIbHOI 3aJiadeil onTuMu3aIis BbIOOpa coceiei

JIUIsl KazKJI0ro CeHcopa.

1.4.1 OnTtumunsanus BIOOpA MeJsieil 1 ceTu CEHCOPOB

OpHuM 13 C110cOO0B ONTUMU3AINI PACIIPEJICICHIS TIeJIeil MeXKIy CEeHCO-
paMi ¢ yIeTOM Harpy3KH Ha KayKJIbIii CeHCOP U TOYHOCTH OIpeesIeHIs Me-

CTOIOJIOZKEHNS Tiestedi pejicTasieH B [102].

g .
Bgejiem T, 1oJIy9eHHOE U3MEPEHIE CEHCOPOM i MECTOIIOJIOKEHHE TIen .
Y
[TpenonoKuM, 9To Takas ONEHKA BBILIAJINT CJAEAYIONIM oOpasoM: T’ =
Iy
rfj + &7, tae ri — UCTHUHHOE MECTOIIOJIOYKEeHNe 11eJi [ B MOMEHT BpeMeHH ¢, a

iy
&' — HeM3BeCTHAs, HO OIPAHUIEHHAs TIOMEXa, KOTOPast MOYKET ObITh OIUCAHA
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9JITUIICOMIOM BOKDYT OLEHKH T, . B 9T0M ¢/lydae MOMKHO IPEIIOIAIATE, YTO
9JLIUTICOM/T TaPAHTUPOBAHHO COJIEPIKUT HCTHHHOE 3HAYeHHe Tt DTo o3HavaeT,
9TO eCJIN CYIIECTBYET OrPAHNINBAOIINI SJIIUIICOMT, TO OIIOKA OI[CHIBAHMST
r} — F2'|| e BBIXOANT 34 €ro rPAHMILI U 3HAMCHHC Th JICKUT BHYTPH STOTO

SJLTUIICONIA:
&' ==+ ||z <1},

—li i
rie =7 — marpuna GbopMbl 3JMIIcOnIa, a Ty’ — HeHTp sjmncona. Ecm

—l,i=li\T .
=/ (27")" >0, To npeapIyIasa 3annch SKBUBAJICHTHA:

&' ={o: (@—7) E) @ -7) <1} (16)

[TocKoBKY paccMaTpnBaeTcsl CEHCOPHAas CeTh, TO JJIsl KaykJoil menn [
mveercst Habop onenok T = {F, ... T} 1 COOTBETCTBYIONMIE NM SJUIATICO-
JIbI ét“ = {Stl’l, ce ,Etl’”}. Tak Kak s/uIMICOUbI TaDAHTUPOBAHO COJLEPZKAT
MCTUHHOE 3HAYEHUE TL, TO BO3MOXKHO YMEHBIIUTH HEOHNPEIeIeHHOCT MeCTO-
IIOJIOZKEHUS 11eJiefl ¢ MOMOIIBIO HaXOK/IeHHs 00IaCTH IepecedeH s 3JIIIIICO-
1JIOB, MOJIyIEHHBIX JIJI Pa3HbIX CeHCOPOB. deMm MeHbIle OyaeT 9Ta 00J1acThb
epecedeHns, TeM TOYHee BO3MOXKHO OyeT OIpeIe/INTb UCTHHHBINR BEKTOD
rl. OJHAKO CTOMT OTMETHTD, YTO HaiiTH 00beM TaKOTO TepecedeHts MOKeT
OBITH JIOCTATOYHO CJIOXKHOI 3ajadeil. OMHO U3 BO3MOYKHBIX DeIleHnil — all-

IPOKCHMAINs 00JIaCTH Hepecevdenns mnconom [81].

[Iycts £ — smmmcon 1, KOTOpbIe AMMPOKCHMUDYET TepecedeHne 3/LInI-
COMJIOB, MOMyUeHHbIX jyis e [, a & = {E1, ..., EM} — MHOKECTBO TaKnx
SJLIUIICOUIOB, TOJIYIeHHBIX JIJIs Kayk 101t mesm. Torma, HeoOXommMo HaiiTh Ta-

KO€ MHOKeCTBO &, YTOObI CyMMa 00beMOB SJLIUIICONI0B ObLIa MUHIMAJILHA:
& = argmin g vol(E))
t — argl t)
& leM

Y100bI yMEHBINTH HAIPY3KY Ha 00Pa0OTKY U CBA3b, TaKyKe HEOOXOIMMO MU-

HUMU3NPOBATL JIJIA K&)K,ZLOfI neJan KOJIM4eCTBO CEHCOPOB, KOTOPbIE 3a HUMMN
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ciaepst. Obosnatnm P, MaTpuily pacipejie/eHns Heseil MexK/Iy CeHCOPaMIL.
DJieMEeHTBI 9TONH MATPHUIIBI YKA3LIBAIOT, CJEUT JI CEHCOD § 3a MeJIbIo | nin
ner. Kazkioit matpuiie P cOOTBETCTBYET CBOE MHOMKECTBO 3/LIMICOUI0B &}
OnTuMusanus pacripeeIenns Ieseil MezKy CEHCOPAMI COOTBETCTBYET Kak
MOZKHO OoJiee paspezkeHnoft marpuie P;, Tak KaK TeM MeHbIIe CEHCOPOB CJie-
JAAT 32 OJTHOM ¥ TOM 7Ke TeJIbI0, TeM MEHbBIIE 3aTPAT Ha KOMMYHUKAIIUIO I
00pabOTKY M3MEPEHHBIX JAHHBIX. THITIHIHBIM TOIX0/I0M, TAIOINM PA3PEesKeH-
HOE DEICHNe, ABJISICTCs perynsipu3alius lo-(KBa3u) HOpMbL. Tak Kak onTnMu-
sarust [p-(KBa3wm) HOPMBI — 9TO HeBbIyK/aad n NP-cioxknas 3ajgada, B [91]
IPE/JIAraeTCsd UCIOIBb30BATh [1-HOPMY, KOTOpasi JaeT HAMJIYHIIYIO AIITPOK-
CHMAITIIO PA3PEZKEHHOr0 pererns. B nrore 3a1ata MUHIMEA3AINA MATPUIIHI

pacIpejiesIeHus 1eJieil MexK 1y ceHcopaMu chOPMYJIUPYETCs B CJIEIYIONIEM BU-

Jie:

P = argmin | Y _vol(&) +a > [PEHL+ 8> 1P ), (1)

B leM leM ieN

rjle o — TmapaMeTp, PeryJupyomuil KOJTMIeCTBO CEHCOPOB, KOTOPHIE CJIEJIAT
3a OJIHOI 11eJIbI0, 3 — TapaMerp, PeryJaupyonmil KoJudecTBo 1eseil, 3a Ko-

. 1 .
TopuiMu crreaut oani cercop, P — [-asg crpoka marpuisr P, Pt( ) J-blif

crosibery marpuiisl Py, || - ||1 — li-nHopMma.

B [102] ontnvuszarnmonnas 3aata (1.7) Obuia nepermcana B TEPMIHAX JIH-

HETHBIX MATPUYHBIX HEPABEHCTB U PellieHa ¢ ucnosb3oBanueM nakera CVX [66].

1.4.2 PanpgoMusanmnsa TOIIOJIOTUN

B npeapiayieM mnojapasjesie omucan crocod BeIOOpa Iesieil 1 ceTu CeHco-
poB. HemocTtarkamu Takoro momxoja sIBJIsSIeTCA JOJroe BpeMsd pacdeTa ITaKe-
ToM CVX, a Tak»Ke TO, 9TO IPU CYIIECTBEHHOM JBUXKEHUU IEeJell WIu IIPH
BBIXOJIE CEHCOPbI M3 CTPOS ONTUMU3AIIMOHHOIO 3ajlavy paclipeiesieHus pe-
CYPCOB IPUXOJUTC peliaTh 3aHOBO, YTO SBJIAETCA JOCTATOYHO TPYIOEMKUM

IIpoeccoM. AﬂbTGpH&TI/IBOﬁ MOZKET CJIIY?KUTDL HCIIOJIb30BaHNE PaHI0MU3allN
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Tomostornn [19].

[Tpeamosiozkum, 9T0 38aHbI CIEAYIONINE MONOA0UMECKUE 02PAHULEHU
KasKIplil cencop ¢ € N B KazKJblil MOMEHT BpPeMeHH © CIIOCOOeH M3MepsiTh
paccTosinme JI0 OJHON Te T 1 cOOMpATh JIAaHHbIe TOJLKO OT P COoCelell, Te p
— 3apaHee 3ajJlaHHOe 3HadeHne. Ha mpaxkTuke ms-3a onpesieleHHbIX OTPaHN-
YeHU{l KOJMYIECTBO BO3MOXKHBIX KAHAJIOB CBSI3M OOBIYHO MEHbINE WJIN PaBHO

pasmepHocTH TpocTpancTBa (p < d).

YI0BIETBOPUTh KOMMYHUKAIMOHHBIE OI'DAHUYEHMSI BO3MOXKHO IIPU IIO-
MOTITH PAHIOMU3AIMN TOMOJOTHE 110 AHAJOTUU C IIPOTOKOJIOM cIiieTeH [52].
[Ipetaraercst BbIOUpaTh KaHAJbI CBI3U MEXKJYy CEHCOpaMU CJIyJailHbIM 00-
pPa3’oM B Kark/Iblii MOMEHT BpeMeHHu. pyrumu cjaioBamu, HEOOXOIUMO paHdo-

MUBUPOBAMY 2pagh C6A3U.

BoJiee hopmasibHO, 9TOOBI YIOBJIETBOPUTH TOIIOJIOIMIECKIM OI'PAHIUIEH-
SIM C MaKCHMAJILHO JIOMYCTUMBIM KOJIIMIECTBOM KAHAJIOB P /IS KaXKJI0r0 CEH-
copa, ToroJjiorndeckuii rpad panmomusupyercs G4 B KaxKJIblii MOMEHT Bpe-
MeHn t. [l 9Toro ncnosb3yeTcs ciydaiiHo BeiOpannblil nojarpad Gp, C G4
¢ MaTpuiell emexuocrn By = [b7], crpoku KoToporo coxepxar ne 6osee p
HEHYJIEBBIX 3JIEMEHTOB, TO e€cTh rpad G4 OIMMCbIBAET BCEBO3MOXKHBIE CBS3M
MeXKJIy ceHcopamn, a rpad Gp, — CBA3M MeXKJy CEHCOpaMU B KOHKDETHBII
MoMmeHT Bpemenn t. Hampumep, eciin marpuiia cssisHoctn rpacda Gy mosHast

(Bce MOTIyT KOMMYHHI[IPOBATH CO BCEMH)

—_ = = O
—_ = O
_— O =
O = e

TO 1Ipu p = 1 MaTpuna cBA3HOCTH rpada Gp, B MOMEHT BpeMeHHU t = t;

MOXKET OBITH paBHA
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By, =

1

o O O
o o O
_ o = O
o = O O

a B MOMEHT BpeMeHH t = ty MOXKeT OBITH PaBHA,

0001
1000
' 0100

0010

Ha npakTuke Takasi paHIoMu3aIis 03HAYAET, YTO KayK/IbIii CEHCOP OJTY-
JaeT JAHHBIE TOJTHKO OT MaJIOro YUCIa P APYTUX CEHCOPOB, TPUYIEM 3TU CEHCO-
PBI TIOCTOSTHHO MEHSIOTCS: B IIPUMEpE, ONMMCAHHOM BBIIIE, B MOMEHT BPEMEHU
t = t; 1epBbIil ceHCOp TOJIyYaeT JaHHble OT BTOPOTO CEHCOpa, & B MOMEHT
BpeMenn t = to 9TOT »Ke CEHCOpP IMOJIyYaeT JaHHble OT YeTBEPTOr0 CEeHCopa.
[Ipumep rpadoB, oIUCHIBAIONINX CEHCOPHYIO CeTh, TipejicTaBiieH Ha Puc. 1.4.
CTouT OTMETHUTH, YTO COCETHUE areHThl JId KOMMYHUKAIUNA BLIOUPAIOTCS
HE3aBUCHUMO U PABHOMEDHO KaK B IIPOTOKOJIe ciuiered [52]. PakTudeckn, To-

nojioruveckuii rpad G4 paHJIOMU3UPYeTCs Tak ke, Kak B [51].

BBGILGM HIPEeaIIOJIO?KEHNE Ha TOIIOJIOT' IO TaKOit paHILOMI/ISI/IpOBaHHOﬁ CETNU.

IIpeagnmnomnoxenaue 3.a)Jeceriec N,je N seca by’
ABAANOMCA HE3AGUCUMBMYU CAYHATHBMU GEAUNUHAMU CO CPEOHUMU 3HAYC-

HuAMU (mamemamuueckumy odcudanuimu): Bby? = bbd

w7l 02PaAHUYEHHDLMU

ducnepcuamu: E||L(B;) — L(Bw)||*> < 0%, 2de By, =[] u oepanuermvimu
mampuyamu xosapuavuu: E[(L(B;) — L(Baw))(L(B;) — L(Baw))T] < Qp, a
makoice bpax — Makcumarvroili aremenm Qp.

6) I'pag Gp,, cusvno cea3an.

B ornmcannom IIOAXO/€ 1P paHA0MHU3all TOIIOJIOTUN BbI60p OITNCaHHOI'O



1/2 1/2

(b) G, (c¢) G,

Puc. 1.4: Ilpumeps TomoJsioruit

patiee Habopa u € U; aBisiercs caydaiinbiM. CocTaBuM Takoil Hadbop
u=(:,J,1),

rie i € N, J C N},1 € M. Bosepaiasich K IpuMepy Bblllle, OJIUH U3 TAKUX
HabOPOB JIJIsI [IEPBOIO CEHCOPa, MOXKET BLIIVIAIETDL CJICAYIOUIIM 00Pa30M HIpH
t = t1, €CJIM yUeCTh, YTO IEePBLII U BTOPOIl CEHCOPLI COIIACOBAHHO HADJIIOIa-

0T 3a [ATOf mesbio: u = (1,2, 5).

Beegem Prj(x) — BbIpeska (Ipoexiust) KOMIOHEHT BEKTOPA X, COOTBET-

CBYIOIILasd H&6JHO,ZL€HI/IHM 3a [IEJIBIO C HOMEPOM l.

Bajada (1.4) orcieknuBanns 1eseil CeTbIo CEHCOPOB MOXKET OBITD Iepe-
dbopmyspoBana B BHJIE CJIE/IYIOMIEH 3a/1a M1 CTOXACTHICCKOM ONTUMI3AIIN:

B KasKJIbIii MOMEHT BpeMeHu ¢ HeoOXOMMO HaiTH OOILYIO OIEHKY MECTOIIOJIO-
1.1
ry

o . d
JKeHUsl Bcex 1eJieit f; = : € R koropasi MUHUMHI3UPYET PYHKITUIO

~TTL,T
ry
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[OTEPH

§, = argmin Bz, Z Fi(u,#") = argmin Z Fi(8,), (1.8)
O ieN b ieN
e

Fi(0) = Ez, {fi(w,#") | i(u) =i}

110 3alllyMJIeHHBIM U3MEPEHUsIM OINTUMU3UPyeMoil hyHKIUN
i i (i N i
Yr = It (ut7 Prl(u;)(xt)) + Uy,

rJle v — HeM3BECTHBIE, HO OrpaHnvYeHHble ToMexu. [Ipn paBHoMepHOiT BbIOOD-

Ke uj € U|iw)=; perenne saadn (1.8) coorseTcTByeT 3asdBIEHHON paHee
nesn (1.4).

Jl1st perienns Takoii 3aj1aun Pe;IIoaraeTcs UCIo/ib30Bale MeToia Hy-
JIEBOT'O TTOPSAJIKA. DTOT KJIACC METOJOB IO Ipa3yMeBaeT HCII0JIb30BAaHNE T3Me-
peHnii ONTUMU3UPYEMOil (PYHKIIMU U He 33/1efiCTBYEeT BIYUCICHUE IPaIUEHTa,

1 IIPON3BOJHDBIX 00J1e€ BBICOKIX ITOPAIKOB.

1.5 BriBoabl

B nepBoii TyiaBe cocTaBiieHa ceTeBast MOJECTb HAOTIONCHIA 38 JIBUKYIIIN-
Mucs 00beKTaMi, OCHOBaHHas Ha paHIoMU3upoBaHHOM Moaxoje. Cdhopmy-
JIMPOBAHBI TTPEJIIOJIOKEHHsT 0 cKopocTu JjiBuzkenust meseit (I[Ipeamnonoxkenne
1), cencopax, Toukax Hab/ogeHnust 1 0 nomexax maMepenust (IIpesmostoxke-
Hie 2), a TaKyKe 0 TOMOJIOrHH paHjgomusuposatnoii cetu (IIpesmooxkenne
3). Ompenenena 3a1ada ONTUMU3AINN /I (DOPMUPOBAHUST B KAXKJIBIIH MO-
MEHT BPEMEHU COCTOATEJbHBIX OIICHOK MECTOIOJIO?KEHUA BCexX IeJieil ¢ yyve-
TOM 3alllyMJIEHHBIX U3MEPEHUN ONTUMU3UPYEMOil (DYHKIINN: B KayKJIbIiT MO-

MEHT BpeMeHU © HeoOXOJIMMO HAiTH OOIIYIO ONEHKY MEeCTOIOJJIOKEHUST BCEX
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()
Iry

f_m,l
neJseit 6y = Atl 5 | € R"  koropas MEHUMU3HPYET (BYHKINIO HOTEPD

Iy

~AM,N

\F)
0; = argmin E F}(60,),
0 ieN

rje

=i A o aliy |
F{(0) = Er_ {f{(w,8") | i = i(a)}
10 3AITYMJIEHHBIM M3MepPEeHnsIM ONTUMU3UPYEMOil (DyHKITIHI
yi = Ji (i, Prygwy) () + vy,

rjle v — Hem3BecTHbIe, HO OorpaHndeHHble nomexu, npuuem E(v))? < 2 e

Cp BBIYHUCJIAETCS € TTIOMOIIBIO KOHCTAHT 13 JIemMmer 1.
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I'maBa 2. PacnpeaeaenHnnblii
PaHIOMU3NPOBAHHBIN
AJILOPUTM CTOXACTHUYECKOI
AIIIPOKCUMAIINN,
COBMEIIICHHbIN C
IIPOTOKOJIOM JIOKAJIBHOI'O
I'0JIOCOBAHNS

2.1 OnruMmum3anus HeCcTAIMOHAPHOTO

dbyHKIIMOHAJJ A CPeIHEro pucka

B pabore [108] ObLT mpe/yioyKeH paHIOMI3HPOBAHHBIN AJTOPUTM CTOXa-
CTUYIECKON ONTUMHU3AINN, COBMEIIEHHbBII ¢ aJrOPUTMOM KOHCEHCYyCca, JIJIs1 pe-

menust 3ajaqu onrumusanuu (1.8) st 0biiero Bujia GyHKIUM
fi (g, Pryu (x7)) -

L

(3 )
Croutr ormeruth, uro B pabore [108] pacemarpusanach yuxkuus fg (x;"),
rie {&},& € = — HeKOHTpoJIMpyeMasi JleTepMUHUPOBAHHAS UJIN CJIydaiiHast
HOC/IeIOBATE/ILHOCT, & 2 — MuOKecTBo. Dynkuust f{ (1), Pry,(x})) u3 Pas-

nena 1 gaBisieTcss 9acTHBIM CIydaeM PYyHKITIN fgt (x}), mpu KOTOPOM & COCTO-
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UT U3 BCEX BEKTOPOB U%, CreHepUPOBaHHbIX B MOMEHT BpeMmenu t. [Ipusejem

asroput™ n3 [108].

[Iyers AL, k= 1,2,...,i € N — nabiioaeMbie 10CII€I0BATEIHHOCTH

HE3aBUCHMbIX CJIydailHbIX BeKTOpoB 13 R™? ¢ pactpeesenneM Beprysn,
1

Vd
BEPOSTHOCTbHIO % Takyio 1moc/e0BaTe/IbHOCTL OOBIYTHO HA3LIBAIOT 00HO8pE-

B KOTOPOM KayKJIbIil KOMIIOHEHT He3aBHCHMO IIPUHUMAET 3HAUYEeHUd +—~ C
MeHHBLM NpobHbimM 6o3mywernuem. Takxke mycrs K () R? - Rk =
1,2,...,i € N — MHOXKeCTBO BEeKTOPHBLIX yHKImii. Jajee GygeM mpeo-

JIaraTh CJIeJyIomine coiicTBa BeKTOpos &, u A (a Takxke U u A}).

IMIpeagnoanoxedue 4. /] mobwri €N a) sexkmopo, &,

L k=1,2,..., i €N, ssaumno nesasucumoy; 0) &, AL sh . sh . ecau
Onu CAyuating, He 3a6ucam om o-anzebpvl For_o; 6) ecau Ui, cayuatinb, mo
cayuatinoie sexmopul £, AL u anemenmoi sl |, b UL asastomea nesasucu-
Mot 2) eexmopu, ul, Al k=1,2,..., i € N, 63aumno nezasucumwi; 0)
ul, AL sh |, sh . ecau onu cayuatino, ne 3asucam om o-aazebpol Fop_o; €)
ecau U cayuatine, mo cayuatinee sexmopo, Uk, Al u anemenmol shy, |, Shy

oL acamomes nesasucumvimu; oic) E[|AL|? < oX, E[AL(AY)T] < 0X L

BosbMem (bUKCHPOBAaHHbII Hec/lydaiiHblii Hada bHbIT BeKTOp ) € R™
i € N, nonoxureabHplii pasmep mara «, K03(pdUIUMEHT YCUICHUA Y U Bbl-
+ — _ pt —
6epem Takue nocsenosarenasnoctn {B,} u {8, }, uro B = B, + B, > 0.
i (i
Byaem cuaurtarth, 9To (ByHKIMS fﬁk (x},) JocryiHa it HAOJIIOJEHNS B KaK-
JIbIIT MOMEHT BpeMeHHU k ¢ Hem3BEeCTHOI, HO OI'PaHUYEeHHON ITOMeXOil vy =
fé (x) + vy, Pacemorpum ajroputy ¢ iByMs Hab/TOJIEHUAMI PacHpe/iesien-
HBIX O] YHKINIT fgt (x}) st Kaxkyoro arenrta ¢ € N Jyist HOCTPOEHHUsI 110-
" i ni
cJie/loBaTesIbHOCTel Touek Habsonenns {X;} u onenok {6} } obmiero BekTopa

COCTOAHNA BCEX IIeJIeit:
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i i + A _
Xy, = Oy + B A, xh) 1—9%2 B

e L | (2.9)
O, = 0331 — [%K(A@JF

7Z;e/\fgk ) o1 ( %k—l - eék—l)} ;

Pacemorpum nocsiesinee ypaaerue ajroputMma (2.9): meppast 4acTb aHa-
nornara SPSA u3 [64], a Bropast coBmajiaer ¢ mpoTOKOJIOM JIOKAJIbHOTO TO-
nocoBanug (LVP) u3 [38], rme on Obl1 m3yteH st CTOXACTUTIECKUX CETell
B KOHTEKCTEe TPOoOJIeMbl OalaHCUpOBKN Harpy3ku. Jactb SPSA npejcraiis-
eT co00il CTOXaCTUYECKUI IPaJIUeHTHBIN CIYyCK Mo A]yHKIINIT Fg(@), a JacThb
LVP oupenessgercst st KayKJIOro areHTa, ¢ B3BEIIEHHON CyMMOII pa3HoCTell

MexK 1y mHGOpMalmeil 0 TeKylneid oleHKe 9§k_1 arefTa ¢ W UMeroleiica mH-

dopmariueit 06 oreHKax ero coceei.

OCHOBHBIM pe3y/ibTaroM padboThl [108] siBjisiercst TeopeMa O CXOJAUMOCTH
PaHJIOMU3UPOBAHHOIO AJTOPUTMa CTOXACTUICCKON ONTUMU3AIH, COBMEICH-
HOI'O C AJIlOPUTMOM KOHCEHCYCa, K MHOXKECTBY BO3MOKHBIX 3HAYCHUIT j1J1s1 00-
1ero Bujia pyHKINI fgt (x%). TIpusejieM peno/oxKeHus, Beejennbie B [108],
i, yuuThiBast KOHKperubiit iy dyuxuun fi (uf, Pryg (x)) = |1} iPrl(u@(xi)—
H} %HZ, IIPOBEPUM BBIIIOJIHEHNE YCJIOBUII TEOPEMbl IS CETEBOH MOJEe/IN Ha-

OJITOJIEHIST 38 JIBUKYIIUMICS IEJISIM.

Yeqgosue 1 u3 [108]. @ywximm F’ti(ét) BBIIYKJIbIE U Y HUX €CTh 00IIast

TOUKa MUHUMYMa, 6}, a TakxKe:
vx € R? (x — ri,Eft71Vf§t(X)> > 0.
[Iposepka BoITIOHEHNA YeaoBus 1:

¢~ KB VS (ux)) = 2B O — 2 ()T (1 - 1) =

T 7 ui ui ui ui ui
2B, (L —xh)) (I = HY) = 21 — HPYT (1% — 1) > 0.
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Yenosue 2 uz [108]. Ipaguent V féit (x) HenpepbiBed 10 Jlumiuity ¢ ou-

HakKoBOH koncrTanToii M > 0:

vx',x" € RY [V fe, (x') = Vfi,(x")]| < M|)x" - x".

[IpoBepka BBITIOIHEHNA YCI0BUSA 2:
IV i (0, %) = Vi (x| = 205 1 (o = x| < Mx = x|

pie M = 2max; ||(1%)T 1Y),

Yenosue 3 u3 [108]. ['paguent V ffit (X) paBHOMEPHO OrPaHUYICH B CPE/IHE-

KBaApaTUIHOM CMBICJIE B TOYKE MHIHUMYMa I'éi

E| Ve (@) < g5,

E(V £, (r), V fi,(ri-1) < 5.

[Tposepka BhinosiHennst Yeiopust 3: Tax Kak V ff(ul, rl) =0, To go = 0.

Yenosust 4-8 uz [108| BBIIONHAIOTCS ABTOMATHYECKH ¢ YIETOM BBEJICHHBIX

panee Ilpemnonoxkennit 1-4.

2.2 PacnpenesieHHblil paHJI0MU3UPOBAHHBINI
AJITOPUTM CTOXACTUYECKON ONTUMU3AIINN,
COBMEIIIEHHBI C IIPOTOKOJIOM JIOKAJIBbHOI'O
rOJIOCOBAHUS, JJId OLMEHKW JIBUXKYIIUXCS
1eJien

Creruduka 3a/1a1 TO3BOJISET aJIAIITHPOBATH (MOJIEPHU3UPOBATE) aJIr0O-

put™ (2.9) u nepenucaTh TEOPEMY O CXOJAUMOCTH aJTOPUTMa K MHOXKECTBY

BO3MOXKHBIX 3HAUYEHUII B TepMUHAX 334241, chopMyanpoBanHoii B Pazniese 1.
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Bosee Toro, yrounennble (hpOPMYIUPOBKHI TEOPEMBI TO3BOJISIIOT BBIBECTH CYO-

OITUMAJIbHBINA MIar MOAEPHU3UPOBaAHHOI'O aJ/JI'OPpUTMa.

PaccMoTpuM MoJIepHU3UPOBAHHBII PaCIIpeieIeHHbII paH/I0MU3UPOBaAHHbI
AJI'OPUTM CTOXACTUYECKON OITUMU3AINN, COBMEIIEHHBII ¢ IIPOTOKOJIOM JIO-
KaJbHOT'O TOJIOCOBaHUS, /I pa3paborannoil B Pazmene 1 mojenn nadoe-
HUST 3a JBIKYIUMECs tessivu [46]. HeobxouMo 3aMeruThb, 9To B OT/indne
ot paborsl [108| masee Oyer UCHO/Ib30BATHCS MOCTOSTHHBIN MAcIITab BO3MY-
menns 3> 0 n Ki(AL) = Al

Broibepem nabJioiaeMble MOCIeI0BATETHHOCTH HE3aBUCUMBIX CTyIaliHbIX
BEKTOPOB A}; c R ¢ pacrpejie/ieHneM bepHym, B KOTOPOM Ka}K,ZLbIﬁ KOM-

IIOHEHT HE3aBHCHUMO IIPUHHMaECT 3Ha4YCHUA :t\lf C BEPOATHOCTDBIO a TaKzKe

d 2’
ul € U, cornacuo panjgomusupoBannomy rpady Tonosorun Gp,. BozbMenm
pUKcUpoBaHHbBIN Hec/TydaiiHbIfl HaUaIbHBII BEKTOD @\6 c R™ i € N, noo-
JKUTEJIbHBIN pasMep Iara «, Ko3(mUIUEeHT YCUJIeHU Y U MaciiTad Bo3MYy-
menust 5. PaceMoTpum ajropur™ ¢ iByMst HabJTIOIEHISIMU PACIIPE e/ IeHHbIX
noadynkuuit f{ (uf, Pry(x})) aus kazoro cencopa i € N st mocrpo-
eHusl 110CIe10BaTeIbHOCTEl Touek Habuoennst {xi} i onenox {01} obero

BEKTOPa COCTOSHULA BCEX IIeJIei:

f AN A .
J— 1 7
XYy, = 9 ok—2 T 6Ak7 Xyp_q = Oy — BAY,

ni _pi

2k—1 — 92/{—2’

7 zka y2k 1
o, =0l — [A Yo Voey 4

VZjeN;‘ bjf’]( %k—l 92k 1)} :

7\

(2.10)

BeejieMm ciejytonime 0003HATEHNS:
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Al
At+2
Ay o = diag,,,,

n
t+2

Ucnonb3yst Takue obozuadenus, aaroputsm (2.10) Mozker ObITh epernucan

B cJiejtytonieit popme:

= ~ ~ (Yo — Y2k
Oy = Oor_1 — | A | &————
2k 2k—1 Oé[ k< 25

Y(L(Bak_1) @ La)for_1].

® 1md> + (2.11)

Jist (bOpMYJIPOBKH OCHOBHOTO PE3YJILTATa HEOOXOJNMO BBECTH CJICITY-
[oIINe 0OO3HAMEHUSA U OIPEJeJCHIS KOHCTAHT OTHOCHTEIBHO Hpe;monome—
muit 1-4. O6osnaunM £ = L£(Bg,), A2 = Re(A2(£)), Amax = maX(ET,C)
Ediag{..., 1", ...} = I,

Mo = AL ). Ay = 4 /o) 1 A (e) = 0,
0 if Ain(Law) <0,
= 275\2 + 4Amin,
V(N + 05) + 4 + 4 A A + 22,
c3 = 5(2%/_/\max + 6v/mA e + V),
C4 = 5(7;\maX(\/§+ 2v/MAmax) + (2\/_Amax + V(Amax) + 2(2y/mA, +
VA max)),
C5 = n(8m52AmaX + 4/mé*\/q),
Ce = n(ﬂ2 + (1 + 252>(4mA12nax + 4\/m\/§+ q-
Onpeapenenue 2. [ociedosamervrocmoy ouenok {0} umeem

acumnmomuyecku apdexmusnyro eepriroro eparnuyy L > 0 cpednexeadpa-

muynoti owubku mpexunea, ecau Ve > 0 dk maxoe, wmo Vk > k

VElo — 1, ® ]| < L+ <.

Cuiestytonnasi TeopemMa MoKas3bIlBaeT aCUMITOTHICCKN (M OEKTUBHYIO BEPX-
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HIOIO IPAHNUILY CPEJIHEKBAIPATHIHOI OMMOKN TPEKIHTa, 00eCIeInBAeMYTO aJl-
ropurmoMm (2.10) [30].

T eopewma 1. Ecau Ipednonrooicenus 1—4 6binosHeHsvt U NOAOHCU-
MEALHAA KOHCMAHMG & JOCmMamoyHo maaa: o < min(cy/co;1/p), moeda
nocaedosamenvrocms ouenor anszopumma (2.10) umeem acumnmomuuecku

APPeRMUEHYI0 6EPTHION 2PAHULY PAGHYIO
o
L=-= <h+ \/h2+lu>, (2.12)
L

2
edeuzcl—oz@,h203+ozc4,l:q;+ozcﬁ+%.

Jlokasamenvcmeo.
JlokazaTesbecTBO BO MHOTOM TTOBTOPSIET JOKA3ATEIBLCTBO TeopeMbr u3 [108].
i pi J — 1 n
[Iycts d} = 92(%1 — 6, dy = col{d;,...,d}}, vae [-] — «noronounast»

bynkuug, vy = ||dag]|, Sk = %((}_’2k_}_’2k—1)®lmd)Ak> Vi = col{ty, ..., 0},
U;.0 = col{u}.,, ..., ul,}.

[Mycrs Fro1 = o{Fr-1,Vor—1, Vor, Sor—1, Sk, U, Ag} — 9T0 0-anrebpa
BCEX COOBITHIL, CreHepupoBaHHAA Fi_1, Vor_1, Vok, Eok—1, Eop, U, Dg, Fr1 =

o{ Fr-1, Vo1, Vor, Eor—1, Eoy Uk}, U Fo1 = 0{ Fr—1, Vok—1, Vor, a1, Eok |
Fr_1 C Fk—l C ﬁk—l C ﬁk_l C Fi.

Yuauteisas aaropurs (2.10), [Ipeamonokenne 3 u ye0BHOE MATEMATHIECKOE

oXKHIJaHue 10 o-ajarebpe Fj_1, mojaydaem

E]}qulz = HngQ —l_ OZQFVQO—QBV%—l _ 2<gk7 Eﬁk71§k> + Eﬁk71‘|§k”2’ (213)

rue gk - (Imnd - 0472 & [md)anfQ + ]-n X (62k72 - 02k)7 /j = /:'(Bav)~

[Tpu suionenun [peanonoxenns 3 Ay > 0 (em. [90]). CrenoatenbHo,

715t IepBoro 4iena B (2.13) mosydaem

& lI” < (1 = 2a9As + @*y* N0 Vi + 4ay/nimAmaxdvy 1 + 4nmd®,
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B cuny Ilpeanosnoxkenuit 1, 4 u ycJI0BHOIO MaTeMaTHIECKOI'O OXKIAHIS
HaJ| o-ajaredpoit Fjr_1, a 3aTeM U HaJ o-ajaredbpoit Fj_q, MOKeM OIEHUTD

Tperuii wieH B (2.13):
2<gk‘7 Eﬁk_lgk> S (_405Amin + 4a275\maxAmaX)V]§_1+

(4or/MmS A pay + 2000/G0 + 20° Y A max (VG0 + 2v/MOA )
+8vVMad Ao ) Vg1 + 8Mad? Ayay + 4v/mad?/q.

Bepsi ycioBHOe MaTeMaTHdeckoe OyKujlaHue HaJ o-ajredpoit Fjp 1 i
nocsieiHero wiena B (2.13) u yunrsiBas [Ipeanosoxkenne 2, morydaem

Ez, skl < (2nc + (2g6% + 4B%) (4AL Vi 1+

462
(8\/_5Amax + 4\/_6AmaX)Vk 1 + n(4m52 max + 4\/—5\/_6 + q52)))

BzsB ycioBHOE MaTeMaTHIecKoe OXKUJIaHe HaJl o-aJreopoit Fi_1, MOIy-

qaeM ciefyioriee u3 (2.13)

Er, vi < (1—pa)vi |+ 2ahv,_ + al. (2.14)

B cuny yenosust Teopembl 1 ap < 1. B3sgB 6e3yciioBHOE MaTeMaTHIecKOe
okuganne obenx dacteit (2.14), Buanm, uro Bee yciosus Jlemmbr n3 [64]
BBIIIOJIHAIOTCS JyIst e, = +/Ev?. O

BamMeuanmne 2. [lomexru nabarodenus v, 6 Teopeme 1 moocHo Ha-
364Mb NOYMU NPOUZBONLHIM, NOCKONDKY OHU MO2YM ObIMb KAk HECAYAT-
HOLM, HO 02DAHUMEHHbLM, MK U PEAIU3AUUET HEKOMOPO20 CAYUATIHO20 NPO-
Uecea ¢ NPou3BOALHHMU BHYMPEHHUMU 3A6UCUMOCAMU. B wacmmocmu,
oas dokaszamenvemea pedyasvmamos Teopemwvr 1 nem 1eobrodumocmu cuu-

mamo, 4mo v; u Fi_1 He3asucumo.

Bameuganue 3. Caedecmeue Teopemvr 1 noxaszvisaem, 4mo s cry-

wan § = 0 (6ce yeau ne menaom nososcenue co epemenem) L = Cgr”;f IIpu
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A000M YPOBHE NOMETL Cpy IMY OUEHKY MOHCHO COEAaMd DECKOHEYHO MaA0U
nymem evibopa docmamoywro masvix . B mo orce epema, 6 cayuae deustcy-
wuzces yenet 60AbUGA HOPMA USMEHEHUT O MOIACEM DBIMb KOMNEHCUPOBAHA
6HIOOPOM DONDUIE20 PABMEPG Wa2A . DO NPUBOIUM. K KOMNPOMUCCY MEAHC-
oY YMEHbWEHUEM @ U3-30 3GUYMMAEHHOLT HAOA00eHUT U YBEAULEHUEM

u3-3a dpetiha ONMUMANLHBLT MOYEK.

Bameugyanue 4. B cayuwae Ay = 0 mpaduyuonnoe yciosus cmpo-
2010 8LINYKAOCTNU, 00BIUHO HAKAAOVBAEMBIE NPU 0OOCHOBAHUL KOPPEKMHOCTU

maxruxr anszopummoe, HEe 8bINOAHAIOTNCA.

SamMedganmume 5. Areopumm moocho yckopumo, dobasus memod

yexopenus no Heemeposy [11, 34, 60] uau memod masicenozo wapura [59].

Yrounennbie popMmyaupoBku Teopembl 1 1O3BOJISIIOT BBIBECTU CYOOIITH-

MaJIBHBII ITIar MoJepHIU3HpoBanHoro ajgroputma (2.10) ( [104]).

Teopema 2. IIpu ycrosuu svinosnenus IIpednonooicerut uz Teopemos 1

a = % — amo cybonmumasvroii wae aseopumma (2.10), u coomeemcesy-

nuwee SHaYeHUE lA—/ pacHo
L =2y/C,Cy + Cs. (2.15)

,ZZO%CLSCZWL&/L?)CTI’LGO.

Jis1 bukcupoBaHHBIX [ 1 Y BepXHs rpaHuIia oreHok (2.12) MoxeT ObITh
OlleHEeHa B CJICIYIONIEM BUJIE:
_ ~ h L h [ A
PP<L=-Q24+-")=2—4+—=L+0("
e L = aCy + % + C3, C1 = (c1(e1cicg — cieseqcs + dnmdeici + 4cey) +
4eacd)/(2¢3¢3), Cy = (4nmd?)/(2c3), C3 = (dci+cseser—4Anmd3eqer)/ (2e1c3),

n (’)(042) TIOPSJI0K MaJIOCTH, SKBUBaJICHTHEIT 2. Jlajiee, HAXO/IA JaCTHYIO IIPO-



57

N3BOAHYIO IIO ¢, IIOJIYYa€M:

@—Oé f= =
R Vs

2.3 DBg3sBeniennag Bepcusi pacOopeaeJeHHOro
PaHIOMU3UPOBAHHOI'O aJITOPUTMA,
CTOXACTUYECKOM OIITUMUAIINMN,
COBMEIIEHHOI'0O C IIPOTOKOJIOM JIOKAJIbHOI'O

ro/jiocoBaHm#l

[Tpu mpakTHvIeckoM UCIOJIB30BAHIHI TOT'O WJIM NHOTO aJrOPUTMa BO3MOXK-
Ha CUTYaIsl, KOIJIa olpejieleHHble HabJII0/IeHnsT pean3aliui Caydaiinoil Be-
JINYWHBI JTAl0T OYeHb OOJIbINNe 3HaUYeHusI. Kak mpaBuio, B peajJbHbIX CUCTe-
Max Mpu OOJILIINX 3HAUYEHUSIX TapaMeTPOB MaJIOU3BECTHBI MOJE/N JTIHAMU-
K. B Takmx curyanusax Moje/lb 9acTo OMPEe/IAoT U3 coobparKeHnit ymob-
CTBa UCIOJIb30BaHus. OIHAKO HEXKETATEIHLHO, YTOOBI OJIHO DOJIBIIOE TI0 BEJTH-
YnHe HabJII0/leHne CyIeCTBEHHO CKa3aJI0Ch Ha BRIYHUC/IeHNe TeKYIeil OIeHKN.
st 3TOr0 HEOOXOIMMO MCIOIB30BATH POOACTHDBIE MPOTELYPHI 110 aHAJOTUN
¢ TporeypamMu pobacTHOrO CTATHCTHIeCKoro anaan3a [6]. Hampumep, eciu
HECKOJIBKO TeJieil MMeI0T OTJINYHBIN OT JIPYyTuX Ieseil XapakTep JBUKEeHUS,
11e71eco00pa3Ho BBIJIEUTL UX B OT/AebHYI0 Tpymiy. g Toro, 9Tobbl yuu-
TBHIBATh Pa3HbBII XapaKTep JBUKEHUS /I pa3HbIX TPy Teseil, gajiee Oy-
JIeT TTPUBe/IeHa B3BEIeHHAsT BEPCHUST PACIIPE/IEIEHHOTO PAHIOMU3NPOBAHHOTO
AJITOPUTMA CTOXACTUIECKOI ONMTUMU3AIINN, COBMEIEHHOTO C IPOTOKOJIOM JIO-
KaJIbHOT'O ToJIocoBaHus. BoJsiee Toro, OyseT gokazana Teopema 00 acUMIITOTH-
Jeckn 3PPEKTUBHON TpaHnile MaTPUITLI KOBaAPUAITUN HEBAZO0K, a He JUCIIEP-
cum HeBA30K Kak B Pazjese 2.2, 9To 1103BoJIIET MPOBECTH OoJiee JleTalbHbIi

aHaJIn3 CXOONMOCTH aJIrOpUTMa. Crour OTMETUTDL, 4YTO JaJiee 6y,ZLeT paccMaT-
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pPUBaTHCS TOJIBKO CIydail p = d, TO eCThb KOT/la KOJTMIECTBO KarKJ0r0 CeHCopa

pPaBHO Pa3MEpPHOCTHU ITPOCTPAHCTBA.

Omnpegenim anaronanpuyio Marpuiyy W = [¢;;], tae ¢;; > 0, ecimn i = j, 1
¥;; = 0 B mpoTuBHOM cjiydae. Bridepem nabJio/laeMble 110C/1€0BaTeIbHOCTH
HE3aBUCUMBIX CJIyYaiiHbIX BEKTOPOB Al € R™ ¢ pacipeiesennem Bepryswin,
B KOTOPOM KayKJIbIil KOMIIOHEHT He3aBHCHMO IIPUHUMAET 3HAUEHIMS i\% c
BEPOSITHOCTHIO %, a TakxKe Ul € U; COrJIacHO PaHJIOMU3HPOBAHHOMY rpady
tonosiorun Gp,. Ha srane nnuiuaiusanun jyist kaxkaoro @ € N BbiOupaem
HAYAJIBHBII BEKTOD 56 € R™ . nos10:KuTesbabLl pa3Mep mmara o, MaTpuia W,

KO3 PUIUEHT yCuaeHus v u Macutad Bosmyienus 5 > 0.

Yrob6b! mostyanTh onenk {6 } obix BekTopos cocrosnust {6} na ocrnose
TOUeK m3Mepenust {X} mpejraraeTcs NCnoab30BaTh B3BEIICHHBIN aIrOpUTM

C JIByMsI U3MEPEHUSIME PacIpe/ie/IeHHbIX 01Dy HKITNIT ft (ut, Prl( )(Xt))

f . AN A . . AN A .
1 - 1 1 VA — 1 VA
Xop = Oy _o + BAL, Xy =0y 5 — BAL,

i pi
2k;—1 — Y2k-2>

(2.16)
k: — (9% . —a¥l Az Yoy, 295% Yor Vo1
\ VZjeNgk . Y 1( 2%k—1 9% 1)} -
Vcronb3ys pannee BBejieHnbie obosnadenus n W = I, @W, agropury (2.16)
MOZKET OBLITH IIepPelncaH B BUJIE
O, = Oop1 — Q¥ [Ak (M ® 1md> +
2p
’}/([,(ng_l) X ]md)é2k—1] . (217)

st bopMyINPOBKI OCHOBHOI'O pe3yJ/ibTaTa HeOOXOIUMO BBECTH CJIEJLYIO-
1e 0003HAUEHNS U OIIPeiesIeHIsI KOHCTAHT, OTJINIHbBIX OT BBEJIEHHBIX PAHHEe
B Pazjesne 2.2:
Cl1 = 1— 81 — 040'2A82,

4
CQ g JA +20—A837
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Cl - qu([/(Bav) & ]md)a

Cy = VR,
03 - %0-2A[(4620-2A + 52)(4VkT_1Rk;V]{;_1 - 125€Vk_1 + 9(52) — ché(zeyk_l —

36) + ] Luma;

Cy = oAl(—z +1)U(diag,,q(e) (9T, ® Qs)diag,,,q () U + (=22 +1) (47, ®
Qs)],

Cs=(1- %)4:]]71 ® Qs,

Cs = Oy + 220y,

OnpepmeneHue 3. Mampuya K08apuaUUL HEBAZOK UMEEM, GCUMN-
momumecku sddexmusnyro eeprrioto eparuyy X > 0, ecau Ik maxoe, wmo
VEk >k

E[(for — 1, @ O3,) (0o, — 1, @ by,) '] < S+ By,

ede B — 0.

Crestytomnasi TeopemMa MoKas3bBaeT aCUMITOTHICCKN 3P DEKTUBHYIO BEPX-
HIOIO TPaHUILy KOBAPUAIIMOHHOW MATPHUIIbI HEBA30K, 00ECIIEUNBAEMYIO aJIro-

putmoMm (2.16).

Teopewma 3. Ecau Ilpednoroscerun 1-4 svinoanenvt u o > 0,mozda
KOBAPUAUUOHHAA MAMPUYA HEBA3KU, 00ecnevusaemas arzopummom (2.16),
UMEEM, ACUMNMOMUYECKY IPPHEKMUSHYIO GEPTHION 2PAHULY X, KOMOPAA AG-

AAETMCA PEWEHUEM CJLG@?JTOW@ZO YpasHEHUA

Y = c1([Lpyma — aCs)E[Lpma — aCg ) — (2.18)
OKCQCQZCQT + 04272@2(@9 ® Imd)\TJT + a?C5 4+ aCly,

,ZZO%CLSCLWL&/L?)CWGO.

O6oznaunm d; = arez1y — O, d; = col{d},...,d"}, tye [-] — noronounas
dbymxims, vy = doy, Bp = B[], 85 = g5A4((For — F2-1) @ Lina), ¥4 =
col{d},..., 0}, Upeo = col{ut.y, ..., ulto}, U =1, @ V.

.
— (3

[ycrs Firo1 = o{Fr-1, Vor—1, Vor, E2k—1, Sk, g, Ap} — o-anrebpa Beex

COOBITH, CreHepUPOBaHHbIX Ji 1, Vor—1, Vo, Sop—1, &ok, Uk, Ap, Fro1 =
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o{Fr-1, Vor—1, Vor, &1, &ok, W}, 1 Fr_1 = 0{Fk-1, Vor-1, Vok, Eak—1,
ggk}: Fr1 C Fr1 C Fr1 C Frq C F.

Vunrsiast, 9T0 Ogj_1 = Oop_o 1 L(Bsp_2)1, = 0, noayaaem
vp = O, — 1, ® Oop = 81, — sy — ayV[(L(Bar—2) — L(Ba)) @ Lyalvi-1,
rue gk - [Inmd — O"Y\I[(‘C(Bav) & Imd)]yk—l + ]-n & (‘92k—2 - 92/{:) Toma

Dy = vt = grgr — g5, U — Usgl + Us,s 0T —
ay(gr — Usy)[(L(Bar-2) = L(Bay)) @ Ina] 0" —
ary I [(L£(Bag—2) — L(Baw)) ® Imd]Vk‘—l(gg - §E\I}T)-|—
a*y*U[(L(Bak-2) = L(Baw)) @ Ina] Di—1[(L(Ba—2)—
L(Bu)) ® Lpg| " 0T,

BzsB ycaoBHOe MaTeMaTdecKoe oxkuganne o-algebra Fi_1 m npumenus [Ipe-

[IOJIOZKEHUE 3, TI0JIyYaeM:

Er . [Di]l < ggr — 15, V' — Uspg) + Ussp U+
22 bax WDy U (2.19)

171 bax — MAKCUMAJIbHBIN 9/1eMeHT (JB.

,ZLaJIee, BO3bMEM YCJIOBHOE€ MaTeMaTU4YeCKOE OXKUIaHHe Ha/l O'—&JIF€6pOﬁ

.Fk;_li

Er [Di) <@g —8Ez [51]10" — VEz [Sklgi+
VEz [8k50)0" 4+ 09 bimax VD1 (2.20)

Js1 mepBoro ciaraemoro B (2.20), ucronibsyst [pennosoxkenue 1, MOXKHO
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BbIBECTH:

gkgg S (1 - 53)([Inmd - O"Y\I](E(B(MJ ® Imd)]zk—l'
[t — 07T (L(Baw) @ Lna)]") + (1 — i)zuln ® Q5.

Obosmatm 1f = ey, ) & [Cfi”]_lDfi”, T) = diag,, (€, ,) ® 1,)0 n

Ep=r;,—r, , torna Vi e {1,...,n}:

?Jék - y;k—l = (25A§c - Egk)T(Qdiagmd(euu;) ® Id)dék—Q

—i —3 1 )
—285, 1 — Zoy) + Uy, — Vg

IIpn ycnosun soinosnenus Ilpeanosoxkenus 4, jomHoxkas Ha Aj 1 B3sB

yCJIOBHOE MaTeMaTHdecKoe OXKUJIaHKe HaJ o-ajaredopom JFi_1, HoIydaem
~ i i A 2 i
E]—'k,l[(y% — Yor_1)AL] = 280Ad; 9,

rue qgk—z = 2(hagmd(el(u’,g) ® [d)d%k—z - 251%—1 - Elzk

Hy_CTb oA = \/L&' O6o3Haunm Ry = diagnmd(col{el(utl+2) R 1Ly €ur, ) ®
I3}), 2 = col{Z}, ..., 27}, e = col{eyyy, - - -, €qupy - Cormacro Ipeamoio-
JKEHUIO 1, B3SIB YCJIOBHOE MATEMATHUYECKOe OKILJAHIe Haj o-anrebpoit Fy_
1 ncrosb3ys Ve > 0 : ABT + BAT < e AAT + %BBT, OJIyYaeM CJIeIyIolIne

BBIDAZKEHUsI JIJisl BTOPOT'O U TpeThero cjaraeMoro B (2.20):
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—gEy [0 —UE; [si]g) <
aoa [=2(Luma — 207V (L(Bay) @ L)) Sp_1 Rp ¥ —
20 Ry, X1 (Tnma — 207(L(Baw)" @ Lng) W) —
e1(Lma — 207V (L(Bay) @ Lna))Sk-1(Lma—
207(£(Bar)" © L) V) + (= + 1) U(ding )
(93, ® Qs)diag,,o(e) ¥’ —
26U R SE Ry 0T + (‘25_12 +1)(4T, ® O5)].

Coruacno Ilpeanonoxxenuto 1 u 4, ucnosnbsys To, 4To Aj HOJIy4YEHO U3
CUMMETPHYHOIO DACIPEJIEJIeHNsI, B KadeCcTBe 4eTBepToro wieHa B (2.20) mo-
CJIEJIOBATE/IbHO BO3BMEM YCJIOBHOE MaTEMATHICCKOE OYKUJIAHNE HAJT 0-a/1reOpoit

Fi_1, a 3aTreM HaJ| o-ajaredpoit Fr_q1. B pesyibrare mnojydaem

042

Ez [si51] < —oAl(48%0A + 6% (4 Revy 1 —
126evy,_1 + 98%) — 2¢,6(2evi_1 — 36) + ] Luna.

CKJI&,ZLBIB&H BEPXHME I'DaHUIIBI 1 B34B 6€3yCHOBHOe MaTeMaTHN4Y€eCKOE 02K~

daHne, I1oJ1ydacM

Ek S Cl([Inmd - Cl4616]216—1[Inmal - CYO(:‘F])_
OéCQCQZk_lcg + a272bmaX\IIZk_1\IIT + 04203 + aCy + Cs.

Beegem zameny: ¥ = X + Ej, rje X — pemienne ypasaenust (2.18).
Torna,

By < e1([Tuma — aCo) Ey—1[Luma — aCq ) —
CVCQCQEk_lcg + CVQ’YmeaX\IfEk_l\IJT + 05.
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Corntacuo [16] Ej, — 0. CriegoBare/ibHO, TeopeMa TOKa3aHA.

2.4 PacnpejeijieHHbliI paHJI0MU3UPOBAaHHBIN
AJTOPUTM CTOXaCTHUYECKOI ONTUMU3aI,
COBMEIIIEHHBI C MTPOTOKOJIOM JIOKAJIbHOTO
roJIOCOBaHUS, JJIsi OIIEHKH! MOJIOXKEHMSI

CTaTUYEeCKNX OOBbEKTOB

B npenpraymux pazjesiax paccMaTPUBAJIICh CIydar, B KOTOPBIX IIPEIIIo-
JIaraJjioch, 4TO IIeJIM U CEHCOPBbI MOT'YT MEHATH CBOE MECTOIIOJIOXKEeHHUEe C Te-
JeHreM BpeMmeHHu. B kadecTBe 00J1aCTU CXOAUMOCTHU IIPU UCCJIEIOBAHIHT aJIrO-
PUTMOB C TaKOil HeCcTal[MOHAPHOI ITOCTAHOBKOM 3a/1a41 ObLIO ITOJIyIeHO MHO-
JKECTBO BO3MOXKHBIX 3HadeHnit. CTOUT 3aMETUTh, 9TO BO3MOYKHO IOCTPOUTD
AJITOPUTM JIJIs1 OIEHKH MECTOIIOJIOYKEHUS CTATUUYCCKUX OOBEKTOB, KOTOPDIN
CXOJIUTCST K TOUYKe Kak B [6] (onTuMa/bHbINA BEKTOD COCTOsHUSI BCeX Teei §
He Oy/IeT 3aBIUCETh OT BPEMEHHU, TaK Kak e/ cTaruoHapHbl). Jlist aroro mo-
JICpHU3NPYEM paclpe/ie/ICHHbIN PaHIOMU3UPOBAHHDLIN aJIlOPUTM CTOXaCTUYe-
CKOIl ONITUMU3AINN, COBMEIICHHBII ¢ IPOTOKOJIOM JIOKAJILHOI'O I'OJIOCOBAHN.
OcnoBHoe ero ormdre or ajropurma (2.16) cocront B 3aMeHe MOCTOSTHHOTO

ITara aJIrOpuTMa & Ha HepeMeHHbIﬁ rar aJ_IropuTMa «g.

[Iycrs ecrs nuaronasbhas marputia W = [¢;5], rae 1 > 0, econ ¢ = j,
n ;; = 0 B 1pyrux ciaydagx. Boibepem na0siofaeMble 110C1€0BaTeIbHOCTH

" i md
He3aBUCUMBIX Cilydaiinbix BekTopos A € R™? ¢ pacupejesnenuem bepmyi-

JI1, B KOTOPOM Ka)KrZLblﬁ KOMIIOHEHT HE€3aBUCHUMO IIPpDMHHMaECT 3HaYCHMA :t\/La

C BEPOATHOCTHIO %, a Takyke Uy, € U; coryiacHo panJoMU3UPOBAHHOMY rpady

tonosiorun Gg, . Beibepem s kaxoro i € N ) € R™ 110/107KUTEIbHBLIT
mar aJjropurma ag, Mmarpuiy ¥, kosdduiueHT ycujienus v u MaciTad Bo3-

mytenns > 0.
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Yrobor nostyunTh onenkn {f;} obmux BekTopoB cocrosnus {0’} ma oc-
HOBE TOUEK M3MEPEHHst { X} Ipe/IaraeTcs NCI0JIb30BATh B3BEIICHHBII aJro-

PUTM C JIBYMsl H3MEPEeHUsIME Pacipe/ieeHHbIX 10AbyHKIuil f; (ut, Pryy )(Xt)):

¢ ~. n ) A
XZQk = 05,9 + BAL, X1 =03 5 — BA,
— 9 ’
< A’k 1 ni " Zy2k 1/2k 1 (221)
— 92]{71 — Oék\I/ |:A T+
\ ’YdeNgk . s ékq - ‘9%1{1)} :

Ucnonb3yst 0b6o3HaueHNs, BBEJICHHBIE paHHee, ajroputm (2.21) moxker

OBITH IIPEJICTaB/IEH B BHUJIE

Oor = o1 1 — ¥ |:Ak (yzk;—ﬁy%_l ® ]-md) +

W(E(ngfl) X ]md)égkfl} . (222)

Cuenyroliasi TeopeMa, IoKa3bIBaeT acCUMIITOTUIECKN P MEKTUBHYIO BEPX-

HIOIO I'DAHUILy KOBapUAIMOHHONI MaTPHIbI OCTATKOB, 00eCcIiednBaeMyIo aJro-

purmoM (2.21).

Teopewma 4. Ecau svnoanaromes Ipednonoorcenun 2—4, oy = % U
—(y A2+ %)\Il + %Inmd ycmotlinuea (6ce ee cobCmeeHnnble 3HAYEHUA NEHCAN 6
AE60T NOAYNAOCKOCTNAL), M0204 ACUMNMOMUYECKAA CKOPOCTD CTOUMOCTIU

anzopumma (2.21) xapaxmepusyemcs HepaceHcmeom

BB~ 0)@ — )] < -5 +o[), (2.23)

n
68 KOMOPOM MAMPUUG S ABAAECMCA PEULEHUEM MAMPUYHOL0 YPAGHEHUA
- 2. = 1
S ((’Y)\Q + _)\IJT S nmd) +
m 2

-2 1 -
((’}/)\2 + E)\IJ — §Inmd> S = 4nctuvt, (2.24)
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,ZZO%CZSCZ?TL&/L’OCWLGO.

O6oznaunm df = 5;[QW —0,d; = col{d},...,d?}, rae [-] — “motosounas
byukiust”, vy = dag, Dy = vgvyk, Sp = E[Dy], 8 = %Ak((yzk — Yor-1) ®
Lya), Vi = col{®}, ..., 00}, G = col{uj,...,ul}, ¥ =1, V.

Iycrs Fjoq = o{Fr-1,Vor_1, Vor, Uy, Ak} — g-ajredbpa BePOSATHOCTHBIX
COOBITHII, CreHEPUPOBAHHDBIX Fi_1, Vok_1, Vor, Ak, Fiol = o{Fr-1, Vor_1,
Vor, Up}, 1 Fr1 = 0{Fp—1, Vor—1, Vo }: Fr—1 C Fr—1 C Fi—1 C Fp—1 C Fp.

Vcnonssyst Oy = Oop_y and L(Baj_2)1, = 0, nomyaum
v = O, — 1, ® 0 = g1, — WSy — ey U[(L(Bag—2) — L(Baw)) ® Lnalvi—1,
riie 8 = [Lyma — YV (L(Bay) @ Ing)|vi—1. Torna

Dy = g8l — 15, V" — Usgf + Us;5, 01—
ary (8 — USk) vy [(L(Bak—2) = L(Baw)) ® La] 0"~
YW [(L(Ba—2) — L(Buw)) ® Lndlvi1(8 — 8, 9" )+
AV W(L(Bak-2) = L(Baw)) ® Lnd) D1 [(L(Bak—2) — L(Bay)) @ L ¥

Teniepb BO3bMEM YCJIOBHOE MaTeMaTHYeCKOe OXKUJIAHUE HaJl o-aareOpoil

Fi_1 n upumMennM llpesnososxkenne 3:

Er . [Di]l <g&gf — 15, V" — Uspg) + Ussp U+
2y by || Di—1 [|PU 0T (2.25)

171 byax — MAKCUMAJIbHBIN 9/1eMEeHT (JB.

[TocsieroBaTeILHO BO3BMEM YCJIOBHOE MaTeMaTHUIECKOe OyKUIaHIe HaJl O-
asireopoit Fr_q:

Er [Di] <gigh — 8Bz [Si]V' —VE; [silg;+
VEz, 518197 + a3y bunax | D1 00T (2.26)
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ITpu soimosmenun [pemonoxenus 3 Ay > 0 (em. [90]). Crenosatenbio,

JJIst TIepBOTO 4jieHa B (2.26) mojydaem
8185 < Dyt — apyha(UDg_y + D1 U") 4+ 24222, || Dy |00
Sl(uy)

O6ozmauny r'(M) = €(uj) ® [CU] 1D T, = = diag,,q(ejm) @ ]d)eg,

ot = b — vk, rorna Vi € {1,...,n}:
. . A . d 7 I i i
Yok — Yor-1 = 45(A2)T(r2(1:—k)2 — /) 4 3.
[To Ipennosnoxenuto 4 nomysaem Ez [0 AL =0 . OGo3HaumM

Rt dlagnmd(COI{el -9) ® Id’ Tt (u o) ® Id})

ITo TIpemnosoxennio 4, ncnombsysa To, 9ro Al B39TO U3 CHMMETPHYHOIO

pacipejie/ieHus, I 9eTBepToro 4ieHa B (2.26) mosydaem
E]}k 1[§k§%‘] < 4&%]E~ [Ak(Ak)TRka_lkaAZ:(Ak)T]—I-

Z Ez [Ap(AR)").

ieN

O6oznaunm Z = E[Ap(Ag)T]. Cymmupys Bropoe u Tperbe ciaraemoe
n3 (2.26) u npuHIMas YCJIOBHOE MATEeMATHUECKOe OKUJIAHUE IO o-ajaredpe
ﬁk_l, [IOJIyYaeM CJIE Y IOIINIA:

—Ej @807 — UE; [sig;] <
—2—(Dk 1 Zp O+ W2y Dy )+

QQkVEAmaX\iI(DkAZE + Z.Dj_1) 0",
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BosbMeM yc10BHOE MaTeMaTuueckoe OyKuJiaHue 110 o-ajiredpe Fi_q:

Eg, [S8] <4—5 0 51D lIE s, 1A+

Haxkoner, B34B yCJIOBHOE MaTeMaTHYeCKOoe OXKUJaHUe Hall o-aJredpoii
Fi—1 B cuty Ilpeanosioxkenust 2 Jijisi 9eTBEpTOro cjaraemMoro B (2.26) mo-

JlydaeM

2
VEz, [8i5;]7" < 4 Skl ER [ AR]TT+
2
Ak 27
4—ﬁ2ncU\Ika.
B urore, B3sB 6€3yCHOBHO€ MaTeMaTU4eCKoe OXKnJaHue U y4uTbiBagd, 9TO

121 Z1 — Lumall = O(k™1), aizi, = k™1 moyuaenm craestytomee us (2.26)

19 _ _
X < Epo1 — (apyAe + EE)(Zk—ﬂI’T + Uy )+

- = 1
40i 2t Ut 4 Eﬁ;kO(HZk,lH) + o(k™?),

rie {kr} : kp — 0 if k — oo.

[Tycrs a = 1, Wi, = T, +1 z (31, — £9). Pacemorpum ypasuenne (2.24):

ecin — (A9 + %)\I/ + %Inmd yCTOMqI/IBa, TO CYILECTBYET MOJIOYKUTEJILHO OIIpe-

JleJIeHHast MaTpuIa S, siBJISIONAsACsS PellleHreM 9Toro ypaBHeHus JIdamyHosa.

Onennm Wi, cBepxy:

1 — 2 - 1
< - _ T _ _
Wi < Wiy T 1Wk—1 ((7/\2 + m)‘I’ 5 nmd>
b (YA +—2)\if—1] 4% +1 O(|Wi_1|) + o(k™)
L —1 YA2 m 5 nmd k—1 kﬁik k—1 o .
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Torma mo gemmve 9 uz 6] Wi — 0. CrieoBaTesibHO, TEOpEMa, JIOKA3aHA.
—00
[]

2.5 DBrniBoabl

Bo BTOpOIi TyIaBe MOKazaHo, YTO OJarogaps creruduke 3a/1aqi pacipe-
JIeJICHHDBIN paHJOMU3UPOBAHHLIN aJrOPUTM CTOXACTUYECKON OIUTUMU3AIINN,
COBMEIIIEHHBIII € IIPOTOKOJIOM JIOKAQJbHOI'O T'OJIOCOBaHUS, BO3MOXKHO MOJEP-
HU3UPOBATHL € yIETOM pas3paboTaHHOil MOJE/N YIpaBIeHUs CEHCOPHOI ce-
Toio. [Ipencrasieno Tpu BapuaHTa MOJEPHU3AINN TAKOTO aJrOPUTMa: aJ-
TOPUTM JIjisi OIEHKN JBIKYTuxcst meseii (2.10), B3BelieHHas BEPCUsT ajiro-
puTMa IS yueTa pas/mdHOro XapakTepa JjBuzKeHus reseii (2.16) u airo-
PUTM JIJIsT OIEHKH MECTOIOJIOKEHNsT cTaTinIecKinx 00bekToB (2.21). Takxke
HCCJIeJIOBAHbl YCJIOBUS NPUMEHUMOCTU PACIPE/IEIEHHONO PaHI0MU3UPOBAH-
HOT'O aJITOPUTMa CTOXACTUYECKON ONTUMU3AINU, COBMEIIEHHOIO C IPOTOKO-
JIOM JIOKAJILHOTO rojiocoBanust, u3 [108] mist cereBoit Mojen HabJIIOIeH s
st mepBoro ajropuTMa JlokazaHa Teopema 1 0 cXoIMMOCTH K MHOXKECTBY
BO3MOXKHBIX 3HAUEHNIT. DTa TeopeMa BO MHOTOM MOBTOpsieT Teopemy u3 [108],
OJTHAKO YTOUYHEHHBbIC (DOPMYIUPOBKU TO3BOJISIIOT BBIBECTU CYOONTUMAJTLHBII
mar ajroputma (Teopema 2). [l Broporo anropurma jokasana Teopema 3
00 acUMIITOTHYECKOI 3 (DEKTUBHON I'PAHNTIE MATPHUIHI KOBapUAITUIT HEBABO0K.
st Tperhero ajroputMa Jlokazana Teopema 4 00 acMMITOTHIECKONH CKOPO-

CTHN CXOJANMOCTU aJI'OPpUTMa.
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I'maBa 3. OTciaexxuBanue
JIBU2KEHIST O0OBbEKTOB IIPU
HAJIAYUN
Heollpe e/ IeHHOCTEe U
OorpaHNYeHnll HA
KOJINYECTBO CBA3€ll MEXKIY
areHramm

3.1 YwmcieHHble 3KCIIEePUMEHTbI

B sTom paszaene paccMaTpUBaIlOTCA YNCIEHHBIC SKCHEPUMEHTBI, HJIJIIO-

crpupylolire paboTy mpeJioKeHHbIX ajroputmos (2.10), (2.16), (2.21).

[Iycts ectb pacupeesennast cetb u3 10-u miaHapHbix (d = 2) UHTEIEK-
TYaJIbHBIX CEHCOPOB (AreHTOB), Yy KOTOPBIX €CTh BO3MOXKHOCTH cOOpa JiaH-
HBIX TOJBKO OT OJIHOTO CBOero coceja. JlaTdmkm mMeoT B 30HE BHUJIUMO-
CTU 25 IJIAHAPHBIX I1leJiell, BEKTOPbI COCTOSIHUST KOTOPBIX IMOJJIEeZKAT OIEHKE
MOJIEPHU3UPOBAHHBIM PacIpe/ieIeHHbIM PaH/IOMU3UPOBAHHBIM aJIOPUTMOM
CTOXaCTUYECKON ONTUMU3AINHT, COBMEIIEHHBIM € IIPOTOKOJIOM JIOKAJILHOI'O 'O~
JIOCOBaHMUSI, Jijisl ONEHKN JBIKYyTuxcs 1eseii (2.10). B momenT Bpemenn t

. y 1 > 2 . .
si = [s77,s77]Y € R? — Bexrop Tekyliero cocrostius jgarduka i, € N =
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{1,2,...,10}, £l = [r', rP*T € R? — Bekrop cocrosinus e [l € M =

{1,2,...,25}, 0; = col{r},... v} — obmmil BEKTOD COCTOSIHUSI BCeX TieJIei.

PaccMoTpuM Tpu THia moMeX: paBHOMEDHO paclpe/lesieHHast clydaiinast
BeJIMUMHA, [ONaJamolas B uarepsa [—1; 1], HeusBecTHasi KOHCTAHTA U TU-
OpUIHBIH 1IIyM, PABHOMEPHO PACIIPEACICHHBIH BOKPYI KOHCTAHT, U3MEHSIIO-
mpxcst Bo Bpemenn, Hanpumep vp = +1 + 0.1 % sin(k), rae snak nepen 1
HepeKIodaeTes Kazkiyio H0-10 urepamnuo. B Mogeuposannn, npejacraBiet-

HOM JaJiee, IIPpUBEJCHbI OICHKH, XapaKTEPpHbIC OJId KazKI0I'O BOa IIOMEX.

Hemun [ = 1, ..., m HAYMHAIOT CBOE JIBWZKEHNE C TO3UIUU, COCTOAIIEH U3
cJIyvaiiHo BbIOpaHHBIX Koopjauuat u3 uarepsaa [0; 120]. Junamuka qsike-
nus neseit ciemyomas: ro = rl 4+ xi . Iyers x| — cayuaitnbii ek-
TOp, PABHOMEPHO paclipe/ie/ieHHbli Ha 1mape pajuycoMm 0.25. Habsrogaren
He JIBUTAIOTCS U UX KOOPIMHATHI TPEJCTABIAIOT cOOO0IT C/Tydaiinble BeTNINHEI,

paBHOMEDHO pactipe/iesientbie B naTepsase [200;250].

300
— 3 =0.10,7 = 1.0
— 3 = 0.08,7 = 1.3
250 — 3 =0.05,7 = 1.5
200
3 150
100 |
50

0 0.05 0.1 0.15 0.2 0.25 0.3
o

Puc. 3.5: 3aBucumocTh BepxHeil IPpaHUIIbI CPEHEKBAIPATHIHBIX OMINOOK OT

mara aJropuTMa « Ipu pa3IudHbIX mapaMeTrpax (3 u vy

Ha Puc. 3.5 upejicrapieHa 3aBUCUMOCTb BepXHel I'PAHUIILI CPETHEKBAI-

PATUIHBIX OMIMOOK OT pas3HbIX mapamerpos [ u . U3 rpaduka BuIHO, ITO
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BLIOOP [ 1 7y MpaKTUYeCKN He BIUSET Ha CXOJUMOCTDb aJrOPUTMa IPHU YCJIO0-
BUM, 9TO TIar aJi'OPUTMa (v BLIOpaH ONTUMAJILHBIM. TakuM obpa3om, nMeer
CMBICJI IPOBOJIUTH HACTPOIKY TOJBKO OJIHOTO IapaMeTpa aJropuTMa, & MUMEH-

HO IIIara ajropuTMa &, 9To 1 ObLIO peajnm3oBaHO B Teopeme 2.

Pazmepa mara a = 0.05 0b11 Boibpan 3 Teopembl 2 ipu = 0.1 u v =

1.0. Puc. 3.5 mokasbIiBaeT, 94T0 3Ta (v ABJIATC CyOONTUMAIHLHBIM MIHIMYMOM

L.

5% N 'MW
0 2000 4000 6000 8000
t

Puc. 3.6: Hessskn _ftl (uf, Pryyy)(X})), yCpeHEHHbIE 110 CEHCOPAM I LEJIsIM, 1
BEpXHsIsl TpaHniia L cpeiHero KBajpaTa OIMMOKN TPEKUHTa

Ha puc. 3.6 nmokazaHo, Kak cpejHee 3HaYeHUE HAOIIOACHUIT
Ji (utaPrl(ug)(XQ)

MeHsIeTCd ¢ TeueHneM BpeMeHHU. Tak:ke MoKa3aHo, YTO CYIIECTBYET MOMEHT
BpPEMEHHU ¢, HAYNHAas ¢ KOTOPOT'O OIEHKHU CXOAATCH K JICHCTBUTEbHOMY 3HaUe-
HUIO W KOJIEOJTIOTCA PsIIOM ¢ HUM. Kpome Toro, XopoIno BUJIHO, 9TO HEBI3KH
HAXO/IATCs HIKE pacCcInTanHoil cortacHo Teopeme 1 Bepxmeit rpaHuIlbl cpe-

HEKBaAPATUIHON omuOKu orciexkuBannd L = 6.8.

[lajiee paccMOTPUM YHC/I€HHBIE PE3YJILTAThI, MOJyYEeHHbIE C ITOMOIIHIO

B3BEIIEHHOI BEPCUU PACIPE/Ie/IEHHOTO PAHIOMU3UPOBAHHOTO aJITOPUTMa CTO-
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XaCTUYECKOI OIITUMHU3a1H, COBMEIIEHHOI'O C IIPOTOKOJIOM JIOKaJIbHOI'O I'OJIO-

copanus (2.16).

[IycThb ecTh pactipejiesieHHast CeTh U3 TPeX IIaHapHbIX (d = 2) WHTeJIIeK-
TYaJIbHBIX CEHCOPOB (are€HTOB), Y KOTOPBIX €CTh BO3MOYKHOCTDH cOOpa, JTaHHBIX
OT JBYX CBOWX coceneil. B maTepecyrormeii obmactu nMeercst 6 JBUZKYIIIX-
cst nesteii. CeHcophl JIOJIZKHBI OIEHNBATh MECTOIOJIOYKEHNE TieJieil B perKuMe

peaJIbHOI'O BPEMEHU.

Tak>ke, Kak 1 B IPEAbIIYIIEM MOJICJTUPOBAHNN, PACCMATPUBACTCS TP TH-
1a TIoOMeX: paBHOMEPHO pacipe/iesieHHasd caydaiinas BeJImInia, 1MonaIaionast
B nHTEepBas [—1; 1|, Hem3BecTHAsT KOHCTAHTA 1 THOPUIHBI [Ty M, PABHOMEDHO
pacrpejie/leHHbII BOKPYT KOHCTAHT, U3MEHAIONINXCSI BO BPpeMeHHU, HallpuMep
v]i = +1 + 0.1 x sin(k), rae 3uHax nepes 1 nepeksodaercst Kazkiayoo 50-io
urepanuio. B MogesnpoBaHuu, 1peicTaBIeHHOM Jlajiee, IPUBOJIATCS OIEHKH,

XapaKTepHbIC 1JId KazK/10I'0 THIla ITOMEX.

Asropurym (2.16), paboratoniuii Ha KaxKJ0M y3Je (CeHcope), MMeeT cJie-
nytore mapameTpol: o = 0.05, = 0.1, v = 1.0. Ilesmm HAUMHAIOT CBOE JIBU-
JKeHne B MO3UINN, COCTOLAIIel U3 ciydaiiio BBIOpAHHBIX KOMIIOHEHT W3 WH-
teppadia [0; 100]. Junamuka qpuzKenus neseit caegytomas: rh =rl | +x! .
[TycTn Xé—l — CJIyYailHbIil BEKTOP, PaBHOMEPHO PAacCIIPeIC/ICHHBII 110 IIapy
pajmycoMm 0.2 juts meseii ¢ HedeTHBIME HOMepamu u 0.6 1714 1iesieit ¢ 4eTHbI-
MU HOMepaMi. DTO 03HAUYAET, YTO HEKOTOPbIE HeJIN JBUIAI0TCs ObICTpee, deM
npyrue 1enn. [Iycrs ceHcopbl HEMTOABUXKHBI, a UX KOOPJIUHATHI TTPEJICTAB/Is-

10T cO0OI ciIydaiiHble BeJIMYMHbBI, PABHOMEPHO Paclpe/ie/IeHHbIe B UHTEePBAJIe

100 120].

Paccmorpum jyrst Kask ot meu [ n Jardnka ¢ B KayKJblii MOMEHT Bpe-
i%l Rdxd

MeHU ¢ KOBAPUAIIMOHHYIO MATPUILY HEBS30K >, € , KOTOpasl MpeJicTaB-

JIeHa KakK 4acTh 00IIeil KoBapualnoHHO MaTpullbl. B 9ToM MojempoBannn

asroput™ (2.16) cpaBuuBaercs ¢ anroputmom (2.10). Yrobbr mponsuiocTpu-

poBaTh, Kak MaTpuia W BJugeT Ha CXOAUMOCTD aJlOPUTMa, PACCMOTPHUM JIBa
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Puc. 3.7: Vcpeanennoe 1o Bcem cencopaMm U He/IsAM 3HadeHHe HepBOro dJe-
MEHTa KOBAPHAIIOHHOH MaTpuIbl Hesizok L7, re (1) — upebiiy it as-
roput™ (2.10) ¢ ¥ = I,,4, (2) u (3) — anropurm (2.16), B KoTopom ¥ pasHo
U* u W™ coorsercTBeHHO

paSHI)IX Cﬂyqaﬂi
U* = diagia(col{2, 2, 10,10,2,2, . ..,10,10}),
U** = diags(col{0.2,0.2, 100, 100,0.2,0.2, ..., 100, 100}).

Ha Puc. 3.7 nokazano, Kak U3MEHAETCsS YCPEIHEHHBIN INepBBbIN JIuaro-

y . il
HAJILHBI 3JIeMEHT KOBapHAIMOHHON MaTPHIBI HEBSI30K Y, uepe3 HeKOTOpoe
BpeMsi. XOPOIIIO BUJIHO, YTO HOBLII aaroputm ¢ W = U* cxonurcest ObICTpee,

yeM Hpeablayiuii ajgroputM. OIHAKO CKOPOCTHb CXOAUMOCTH 3aBUCUT OT W,

PaccMoTpuM YUCICHHBIN 9KCIEPUMEHT, WITIOCTPUPYIONIN paboTy pac-
[peJIEJIEHHOTO PaHIOMU3UPOBAHHOTO aIlOPUTMa CTOXaCTUYECKO ONnTuMu3a-
I[N, COBMEIIEHHOT'O C IIPOTOKOJIOM JIOKAJILHOT'O T'OJIOCOBAHUdA, JJId OLEHKU

MECTOIOJIOYKEHUsT CTATHIECKIX 00beKTOB (2.21).

[IycTh ecTh pactpeneneHnas ceTh, COCTOANIAS U3 IMATH CeHCOpoB. IlycTh

N ={1,2,3,4,5} — muO)ecTBO narankoB. Kaxplil garduk nveer e 60-
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JIee IByX aKTHBHBIX KAHAJIOB CBS3U B KAZKJIbIl MOMEHT BpeMenu. B mpejesnax
uHTepecyomeit obsactu ecth 10 cralmoHapHbIX Hejeil. 3ajpada CeHCOPOB Co-
CTOUT B OIIPEJICJCHIN MECTOIOJIOXKEeHUA STUX Ieseil. B MoMenT Bpemenu t,
s’ = [s"!, s92]T € R? - rexymiee cocrosmme paranka i € N, vl = [rb! rb2)T €
R? — cocrosnue nem [ € M = {1,2,...,10}, 8 = col{r!,... r'’} — obmiee

COCTOAHNE BCEX IIeJIe.

B 5TOM MOJIeIMpOBAHUE PACCMATPUBACTCS TOJLKO MMOPHJIHBII 1IIyM, paB-
HOMEDHO PACIIPEIEICHHBI BOKPYT KOHCTAHT, KOTOPBIE U3MEHAIOTC CO BpPe-
MeHeM, Hanpumep, v, = £1 4 0.1 sin(k), rue 3uaK 1epes 1 nepex/modaeTcs

KaxK/yto 50-10 ureparuio.

Corytacio Teopeme 4 mapamerp paszmepa Inara « JOJKEH ObITh paBeH

. Opnako aynropurm (2.21), paboraoriuii Ha KayKJIoM y3jie ¢ [apaMeTpoM

=

ap = ﬁ,Vp > 0, umeer OoJjiee IOCJIEIOBATEIbHYIO CXOAUMOCTH. B 3TOM
MO/IE/TNPOBAHNN OBLIN BHIOPAHBI CJIEIYIOIIIE TTapAMEeTPhI: (G = k3—1/5, £ =0.1,
~v = 1.0. KoopauHars! 1ejieil 1 CEHCOPOB IIPEACTaB/ISIOT co00il ciydaiiHbie
BeJIMYMHBI, PABHOMEPHO pactipejiesienable B naTepsaiax [0; 100] u [100; 120]

COOTBETCTBEHHO.

12 2 10°

p—
2
3

il

Zz’e/\/,leM )
(o] [o°)

1
nm
~

8000 10000

0 2000 4000 6000

Puc. 3.8: Vcpeanennoe 1o BceMm IHeJAM W CEHCOPaM 3HadeHHe HEePBOTo Jie-
MEHTa, KOBAPUALMOHHOH Marpuisl ocrarkos 2o, mae (1): Uy = Ing, (2):
\Dl == 0-5Imd7 (3) \Ifg == 2]md
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PacemoTpum 1151 KaxKa0it mesn [ m JaTdnKa ¢ B KayKIblii MOMEHT BpeMe-
SZJ Rdxd
HI { KOBapUAllMOHHYIO MaTPUIy HEBA30K 2., € , KOoTopasl 1peJicraBJe-
Ha KakK JacThb o0I1eil Kopapualnonnoii Marpunbl. Ha Puc. 3.8 nokazano, kax
I3MEHIeTCs YCPpeAHEeHHDII IIePBbIil naroHaJbHbI 3JIEMEeHT KOBaAPUAINMOHHONI
i,
MaTPHUIIBI OCTATKOB Ef; B 3aBUCUMOCTH OT paz3JInIHbIX MaTpull W dyepes HEKO-

Topoe Bpems. 3 Puc. 3.8 BujaHO, 9TO HOBBII aJrOPUTM CXOIUTCS K TOYKE.

3.2 l1lpororum cucreMbl AJid OTCJAEKNBAHUSI
neJien

pacIipeieJIeHHOI CceThbI0 CEHCOPOB

3.2.1 ApxurekTypa CHUCTEMBI

st peanmzalun mporpaMMHOTO MPOYKTa, PEAN3yIONero aJropuTMbI,
onrcaHuble B MPOILIOH TuiaBe, OBLIO pa3padoTano IMporpaMMHOe obecrieve-

HIe! ¢ HCIOJIb30BaHIEM CJIELYIONIINX TEXHOIOIHIL:

e s3bik nporpammupoBannsi — MATLAB;

e HCTPYMEHT Jijist co3nanust rpacdudeckoro marepdeiica — MATLAB

App Designer;

® HCTPYMEHT JjIsI co3/anust Heapucumoro npuaoxkerns — MATLAB

Application Compiler.

Cucrema mpeJicTaBIsgeT coOO HE3ABUCIMOE M0/ TH30BATE/IHLCKOE TTPIIOMKE-
HIe, apXUTeKTypa KOTOporo mpejcrasiena Ha Puc. 3.9. ITosb3oBaTenb BBO-

JauT rapaMerpbl depe3 rpadudecknii nnrepdeitc MATALB App Designer.

'Ha HOpPOTOTHII CHCTEMEI, Pean3yIONuil aIrOPUTM, HOJYYIEeHO CBIJIETEILCTBO O TOCYNAPCTBEHHON pe-
ructparu nporpammbr 1t 9BM Ne2022611354 “IIporoTumt cucremsbl JijTst OTCJIEKABAHUS TIeJI€il MHOYKe-
CTBOM CEHCOPOB B YCJIOBUSIX HEM3BECTHBIX, HO OrpaHudeHHbIX moMex” ot 24.01.2022 [21]
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Monb3oBaTtesb MK nonb3oBartens MATLAB Application Compiler

B O 4

MATLAB App Designer

Anropntm — MapameTpsbl

Puc. 3.9: JInarpamMmma KOMIIOHEHTOB apXUTEKTYPhl CHCTEMbI

Hautee, cchopMupoBantasi MoJIe/Ib OJAeTC Ha BXOJ1 ajroputMa. [loce BbI-
nosinenust Buraucsenunit MATLAB App Designer Boigaer pesysibrar pado-
THl aJIrOpUTMa uepe3 Ipadudeckuii nHTepdeiic B Buje rpaduka 3aBUCHMO-
CTHU JIUCIIEPCUU OT KOJIMIECTBa UTepaluil, rpadprka 3aBUCUMOCTU 3JIEMEHTOB
MaTPUIIBl KOBAPUAIINN OT KOJMIECTBa UTepalnii, rpaduka, moKa3bIBaroOIero
JIBUZKEHIE TIeJieil 1 ceHCOPOB 1 IpaduKa, MOKA3bIBAIOIIEr0 PACIIPE/IeICHNE 110~
mex. McnonszoBanne MATLAB Application Compiler no3soJisier yrakoBaThb
BCEe HEOOXOJMMbIe OMOJMOTEKN JIJIsT CO3JIaHMST HE3aBUCHUMOIO IPUJIOYKEHMS,
kKoTopoe He Tpedyer ycranoBku MATLAB s 3anycka Ha 1epcoHaibHOM

komrbiotepe (ITK) xorewnoro mosbzoBaTesis.

Obiast cTpyKTypa paboThl B cucreme nmsobpaxkena na Puc. 3.10 B Buue
auarpaMMbl akTuBHOCTel. Crcreme MOJAI0TC Ha BXOJ, MAapaMeTphbl, 3a/1aH-
Hole B rpaduieckom umHTepdeiice. /lasee mpoBepsieTcst, BLIOpAHO JIU TOJIb-
30BaTesIeM 3aJlalre IMPON3BOJILHON TOMOJOTUN CeTH ceHcopoB. Eciam ja, To
HOSIBJISIETCST MHTEPdeEiic JJIsT BBIOOpa TaKOil TOIOJIOIMU, KOTOPBI B JaJibHEll-
IIeM CUMTBIBaCTCs. Kem HeT, To HCIoIb3yeTest panJIoMI3UpOBaHHast TOIOJI0-
rus. [locsie aTOrO MpPOBEpPsIETCS, BHIOpPAJ JIM MOJIH30BATEbL BBITUCICHUE OIl-
THUMAJBHOrO napameTpa (mara aiaroputma) «. Eciau ga, To mnpousBoguTcs

IIONUCK TaKOI'O ITapaMeTpa. Ecim HET, TO CHUTLIBACTCA BBEJICHHOE IIOJIL30Ba-
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CuutbiBaHNe
3aAaHHoOM
Tononornn

Monb3o8..
Tononorvisa

LWar
anroputma
alpha

Mouck
OnNTUManbHOro
napameTpa

ONTUManbHbLIN

NpPOV3BO/bHbI

L

[MHmumanmsaum anroputMma

‘

BbiBog rpaduikoB

Puc. 3.10: /Inarpamma aKTHBHOCTEN CHCTEMBbI

TejieM 3HadeHue. Jlajiee MPOMCXOMUT MHUINAM3AINSA CAMOTO aJTOPUTMa I
UTEePATUBHOE BBIYUC/ICHNE 3HAUEHNE OIEHKN TOYKU MUHUMYMAa, KOTOPOE IO~
BTODSIETCsI 3a/IaHHOe KOJIMYeCTBO pa3 (umciio ureparmit). Ha kaxkoii ure-
PAIN BBIUUC/ISIETCST CPEJIHEKBAIPATHIHAS ONMIOKA U MATPUIIA KOBAPUAIIUIL
omubok. [Tocsie 3aBepitennst MUKIa pe3yIbTAT BHIBOJUTC B BH/IE TPabUKOB
CPeJTHEKBaIPATHIHBIX ONMMOOK OIEHOK AJITOPUTMA U 3JIEMEHTOB MATPHI[LI KO-

Bapuaiun OunooK.

3.2.2 TI'paduvecknii nuarepdeiic

Buemmnit Bu cucremn! npeactasien na Puc. 3.11, 3.12, 3.13, 3.14. I'pa-
duveckuit mHTEpdEiic BLIIOJIHEH B BUJEC YeThIPEX BKJAJIOK ¢ 00IIei (huKcu-
poBaHHoil obJiacThio. IlogpobHoe ommcanne peajm3anuu IpapuIecKoOro MH-

Tepdeiica CUCTEMBI TIPUBEJIEHO JAJIee.

Ob6mas 0bJ1acTh pasjesieHa o CMbICIy Ha deThipe 0/10Ka. B epBom 0J10-
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Puc. 3.11: I'pacduueckuit uarepdeiic cucrembl. M3006parkenue rnepBoit BKIa/I-
KU

Network Plots Movement SensorTopology S&T Placement

Number of sensors. s Sensors and Targets
Nonoorortages | of2)

Sensor topolgy 7
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(Fun v) 4 = S
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Puc. 3.12: I'pacduueckuit unrepdeiic cucrembl. M3006parkenne BTOpoil BKJa/I-
KU

ke “Network” mosib3oBaTesio pejjiaraercs 3aJaTh KOJUIECTBO CEHCOPOB B
cucreme (“Number of sensors”) u kosmmuaectso meseit (“Number of targets”).
Takzke B 3TOM 6J10Ke BO3SMOXKHO BBIOPATH TOIOJIOTNIO CETH ceHcopoB. OHa Mo-
ket 6bITh Kak mostaoi (“Full”), rak n nmosp3oBaresnbekoii (“Custom”). Kuorka

“Set”, pacmosioykeHHas B aHe i “Sensor topology”’, cTaHOBUTCsI aKTUBHOMN IIPU
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Puc. 3.13: I'paduyeckuii uarepdeiic cucremsr. M30bparkeHue Tpereii BKJIaI-
KI

Network Plots Movement SensorTopology S&T Placement
Number of sensors 3 @ Sensors and Targets Placement
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Sensor topolgy ——
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=
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| Random Y)ev 1 ‘
‘ Plot ‘

Puc. 3.14: I'pacduuecknii unrepdeiic cucremnl. l300parkenune deTBepTOit
BKJIQ/IKI

BLIOOpE T0JIBL30BaTE/ILCKO Tomosiornn. IIpu ee HaxKaTUM B TpeTeil BKJIAJIKE
“Sensor Topology” (Puc. 3.13) nosiBiisiercst moJie Jijisi 3aJJaHUsT TOHOJOIHN.
Ecin V crouTt Ha nepecedeHun ¢-ro CTOJIONA U j-if CTPOKU, TO 9TO O3HAYaA-
€T, YTO CEHCOP ¢ MOYKeT II0JIy4aThb JlaHHble OT ceHcopa j. CTOUT OTMETHUTh,
YTO KOJIMYECTBO COCeJIell JIIst KazKJI0ro CeHCOPa JIOJ?KHO ObITh MEHbIIe, YeM

pasMepHOCTH HpoCcTpaHcTBa (d = 2), HO He MOXKeT ObITb PAaBHO HyJIO. Ta-
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KM 00pa30oM, eCin KOJIMYECTBO BLIOPAHHBIX COCEJIEll CTAHOBUTCS HYJIEBBIM,
TO CHCTeMa BbIJaeT omuOKy. B rnmepBoM 0J/I0Ke Yy I10JIb30BaTe/IsI TaK:Ke €CTh
BO3MOYKHOCTD 3aJIaTh MOJIC/IN JIBUKeHUs 1iesieii: 6e3 nepemerniennst (“No”);
apudT ¢ 3aganabv orpanmgennem § (“Drift”): vl = rl | 4+ xL | roe xl -
9TO CJIyUaiiHBII BEKTOP, PABHOMEPHO paclIpee/IeHHbI Ha Iape pajmyca o;
POU3BOJIbHAsT (DYHKIINA, 3aBUCIIAs OT KOJUIECTBA, [1eJIeil 1M 1 MOMEHTa Bpe-
menn ¢ (“Custom”). Takzke B 1epBoM 0JI0Ke OJIB30BATEH MOKET CaM 3a/1aTh
HavaJIbHOE PACIIOJIOXKEHIE CEHCOPOB U IieJieil, 1nbo BhIOpaTh ee CIydaiiHoil.
Knomnka “Set”, pacnosioxkennas B manesn “S&T Placement”, cranoBurcst ak-
TUBHOI 1Ipu BBIOOpe mepBoro BapuaHTa. [locie ee HaykaTusi 10JIb30BaTE/Ib
MozkeT Tepeiitu Ha uerBepTyio BKIaAKy “S&T Placement” (Puc. 3.14), rue
OysieT oTpucoBaH nHTEPdENc TEKYIIEro MecTOI0JI0KEHIsT CEHCOPOB U TeJIeil.
[aJsiee, BbIOMpasi HOMEP ceHcopa U 1eJin, BBOJIs 3HadeHus 1o ocstM OX u OY

B COOTBETCTBYIOIINE TOJIg W HaxkKuMasd Ha kHonky “‘Upload”, mois3oBaresnb

3arpyzKaeT JaHHbl€ B CUCTEMY.

[TapameTpb! ajiropuT™Ma 3ajiatorcs Bo BropoM 0J1oke “Algorithm”. Snawe-
HIE MapamMeTpa « MOXKHO BbIOpaTh Jinbo ontumasbabiM (“Optimal”), 6o
npon3BosibHBIM (“Custom”), 3aBucsiiium 0T MoMeHTa Bpemenn t. [Tpu perire-
HUH CTAIIHOHAPHON 331491 ONITUMAJILHOE asibda pacCINThIBaeTCs Kak at) =
t% [6,47]. Ilpu perennu HeCTAIMOHAPHO 38/1a9N (v BEIYUCISAETCS COTIACHO
Teopeme 2. Paccunrannoe 3navenne moMeniaeTcss B COOTBETCTBYIOIIEE OKHO.
Marpumy W moxHO nbo 3a1ath Kak equananyio (“No”), mmbo BBecTH mpo-
m3BosIbHO 3HadeHne (“Custom”), saBucsiiee ot kKosmdectsa neseit m. [lob-
30BaTe/Ib TaK¥Ke MOXKET 33/IaBaTh B 3TOM OJIOKE TaKie mapaMeTphl, Kak (3, 7y

1 KOJINYECTBO UTepaliuii.

B Tperbem OJ10Ke POU3BOUTCS 3a/1aHne MoMeX. ECTh BO3MOKHOCTD BbI-
Oopa Tpex BuJI0B noMmex: ciaydaitabie (“Random”), mponsBosibHast KOHCTaAHTA
(“Constant”), ocnmsuisnn (“Oscillations”). Takrke MOXKHO 3a/1aBaTh MOJIb-
3oBaresibekuit By nomex (“Custom”), saBuestiuii oT MOMeHTa BpeMeHn t.

[Tomexu OyIyT orpaHMYeHbl YUCJIOM, BBEJAECHHBIM B I10JIe “‘c V.
Y4y p ) gl _

B yerBepToMm 0J10Ke pacnosiozkena kHonka “Plot”, koropast 3amyckaeTr Bbi-
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I[IOJIHEHHE aJI'OPpUTMa C YIETOM 3aJaHHbIX IIapaMeTPOB.

Ha nepBoit Briajke (Puc. 3.11) npeacrasiiennbl rpadukn pe3yIbTaThbl pa-
60THl aJiropuTMa. B BepxHeM JIeBOM YTJIy HaXOJUTCH I'PadUK 3aBUCUMOCTH
YyCPEIHEHHOI TI0 BCEM CeHCOpaM W IEeJIM CPeHEKBAIPATIIHON OMUOKI OT
KOJIMIECTBa UTEPAINil, B BEPXHEM ITPABOM YTy — I'paduK 3aBUCUMOCTU dJIe-
MEHTOB YCPeJIHEHHOI 10 BCEM CEHCOpaM W IeJIsiM MaTPUIlbI KOBAPUAIH OT
KOJIMYEeCTBA UTEPAIUil, B HIXKHEM JIEBOM YIVIY — I'PadUK 3aBUCUMOCTH TTOMEX
OT KOJIMYeCTBa UTepalyii, B HIXKHEM IIPaBOM YTy — I'paduk, M0Ka3bIBaro-
Ui MEeCTOIOJIOKEHIEe CEHCOPOB (OKPYZKHOCTH ), JIBUYKEHUE Ie/ieil (TOUKN),
a TaKyKe OIEHKN MECTOTOJIOKEHHsI [eJiell pas3ImIHbIMU ceHcopaMu (ILTIOCHI ).
Kak1plit n3 BhIlNIeyKa3aHHbIX IPpadUKOB MOXKHO COXpaHuThb B (hopmare EPS

(Encapsulated PostScript), nazkap Ha KHOIKY “Save’.

Bropas Brmagka (Puc. 3.12) cocrout u3z aByx uacteit. Bepxusisg gactb
pejiHasHavYeHa /I OTPUCOBKU MECTOIIOJIOYKEHIsST CeHCOpOB 1 neseil. B ka-
YeCTBe JIBIDKYIINXCA IeJieill MCIOIb30BaHO M300parkeHne caMoJjera, B Kade-
CTBe CEHCOPOB — m300pazkenne pajapa. CrreBa HaXOAUTCS TOI3YHOK, KOTOPbIi
IPUHAMAET B KaUeCTBe 3HAYEHUsI KOJIMYECTBO urepanuii. B cucreme Bo3MOXK-
HO OTCJIEJIUTDH JBIZKEHEE Teieil (Y3HaTh UX MECTOIOJIOKEHNe B KOHKPETHDI{
MOMEHT BPEMEHN), MepejiBUrasi 9TOT MOJ3yHOK. BoJiee Toro, B crucreme pe-
AJTM30BaH CJIeLY IOl MHTEePAKTUBHBIA PEXKIM: IPU HAXKATHH Ha KOHKPEeT-
HYIO 1eJIb, B HUZKHEl 9acTi BKJIAJKN MOSIBJISIETCsT TpaduK, MOKA3bIBAIOIINIL
3aBUCHMOCTD CPEJHEKBaAPATUIHON OMUOKN OT KOJUYEeCTBa UTEpPALUil i
KayKJIOro ceHcopa. AHAJIOTHYHBI PEXKUM TaKrKe peajn30BaH JIJIs CEHCOPOB
— [P BLIOOPE OIPEJIeIEHHOIO CEHCOPa TOSIBJISIETCs MPadUK, MOKA3BIBAIOIINIL
3aBHCHMOCTD CPEIHEKBAAPATHIHON OMMOKN OT KOJUIeCTBa MTEpPAInil JjIs

KazK IO 1eJIu.

3.2.3 IIpumepsl paboThl CUCTEMBI

B stom nojpasjiese mokaszaHbl pe3yabTaThbl paboThl CUCTEMbI Ha HEKOTO-

PBIX IIpUMEpaXx.
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1. Crannonapsas 3aada 6e3 ydera MOMeX.
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Puc. 3.15: IIpumep paboTsl cucTeMbl TPU PENIEHNN CTAIMOHAPHOIT 3a1a491 0e3
ydeTa moMex. 3o0pazkenue mepBoit BKIAIKN

B kagecTBe nepsoro npumepa Ha Puc. 3.15 npejcrapiien pe3ysbraT padbo-
ThI CHCTEMBI IIPU OTCYTCTBUN JIBUXKEHUSI LeJeil 1 KaKux-JIub0 MoMeX, I0JIy-
YEHHDBIX CEHCOPaMU TP HAOJIIOEHIN 34 MeJIAMU. B 9ToM MoJIe/InpOBaHUN TPH
CeHcopa OIEHUBAIOT MECTOIOJIOZKEHNE TIEeCTH CTAIlMOHAPHBIX Teseit. Tomosro-
I'isi CEHCOPOB BbIOpaHa KakK IIOJIHAsl, & MeCTOIIOJIOYKEHNE CEHCOPOB U IieJIeil
BbIONpaeTcs ciaydaiino. [Iar ajropurma a BBIOpaH Kak ONTUMAJIbHBIN 1 pac-
CUNTBIBaeTCA coryiacHo Teopeme 2. /Ipyrue mapameTpbl ajaropurMa 3a aHbl
caenytomum oopazom: =1, v = 0.1, a kosmmaecTBo nreparuii pasao 4000.
Taxk kak 3To ciydail cralmoHapHON JeTepMUHUPOBAHHON ONTUMU3AINN, U3
rpaduka 3aBUCUMOCTH CPEJIHEKBAIPATUIHON OIMMOKU BUJIHO, YTO aJIFOPUTM
CXOJINTCS K HYJIIO, TO €CTh CEHCOPBI TOUHO OIPEJIE/ISTIOT MECTOIIOJIOXKEHNE T1e-

JIEH.
2. CramuonapHas 3ajada ¢ y9eTOM IIOMeX B BHJIE OCIIUJIJISIINIA.

Ha Puc. 3.16 npejicraBiien pe3yibTaT padOThl CUCTEMBI ITPU PEIEHNN CTa-
UOHAPHON 3a/1aun. B oTyimune oT NpeablIyIero mpuMepa, B 3TOM CJIydae

CEHCOPLbI II0JIYYaroT H&6JHO,Z[€HI/IH O HeJIsZAX € IIoMeXaMu B BUAE IEPUOANYC-
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Puc. 3.16: IIpumep paboThl CUCTEMBI IIPU PEIIEHUN CTAIIMOHAPHON 3a1a41 ¢
y4eTOM IIOMeX B BHJE ocUmIsinuii. MzobpaskeHnue 1nmepBoil BKJa K0

CKUX OCIMJIIAINI, OrpaHndeHHbIMEI 110 MOJIYJIIO ¢, = 1. Pacupenenenue ta-

KUX IIOMeX I0Ka3aHO Ha HUXKHeM JieBoM rpaduke Ha Puc. 3.16. [Tapamerpsr

aJITOPUTMa COBIAJIAIN C MapaMeTpaMu W3 MpeJblayiero npuMepa. Mexoms

nus3 FpaCbI/IKa 3aBUCHIMOCTHU CpeﬂHeKBaﬂpaTI/I‘—IHOﬁ OIINOKH TaK>Ke BHUOHO, 9TO

AJITOPUTM CXOAUTCA dazKe IIPpU YCJIOBUU TaKHMX ITOMEX.

Network Plots Movement

Number of sensors \ 3 @ Sensors and Targets

Number of targets | s

Sensor topolgy

[Fun v) ~=
GLIEg &

S&T Placement

|
(Random v) S
Trgets movement !
[No v] del
Algorithm z ‘
alpha T -
[optimalvalue ¥
Psi Plots
| No v |
beta [ s 10 Error of target 6
gamma [ XS] Sensor 1
: e Sensor 2
lterations [ 4000 9 Sedscra
Noise
| oscitlations v) e | 1]
5 BN
1
Plot 0 000 2000 3000
Iterations

4000

SensorTopology | S&T Placement

Error of sensor 3

Target 1
Target 2
Target 3
Target 4
Target 5
Target 6

2000
Iterations

3000 4000

Puc. 3.17: IIpumep paboThl CUCTEMBI ITPU PEIICHUN CTAIIMOHAPHON 3a/1a9n ¢
YYeTOM MOMeX B BHje oclmuisdAnuii. Mzo0pazkenne BTOPOi BKJIAIKH

Bremanii Buj, BTopoil BKJIaJgky npejacTtasieH Ha Puc. 3.17. Ha Bepxwueit
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HaHe/ M CEHCOPBI U TIeJTH PACIIOJIOKEHBI COIVIACHO UX HACTOANIEMY MECTOIIOJIO-
JKEHUIO, BEIOPAHHOMY cJiydaiino. B aTom npumepe HarKaThl KHOIIKH, COOTBET-
CTBYIOIIINE TPETHEMY CEHCOPY U IIECTOH IEeJIU W OTPUCOBAHBI COOTBETCTBY-
forre rpaduKyn CpeHeKBAIPATUIHON OMMOKN JIJisi BRIOPAHHBIX OOBEKTOB.
Kak y:ke onmucbiBajoch paHee, 100aBjeHne TAKOrO HHTEPAKTUBHOIO PEXKIIMA,
HEOOXOIUMO JIJIsl TTOCJIEIYIOIIEr0 UCC/IC/IOBAHIS aJrOpUTMa, & UMEHHO JIJIst

TOT0, YTOOBI TOHUMATh, KAKOMY CEHCOPY JIyUIIe CJIeUTh 38 KaKOi IeIbIo.

3. Hecramumonapnas 3ajiada ¢ 3ajJaHueM I10J1b30BATE/IbCKONI TOIIOJIOIUN

CEHCOPOB C YYETOM CJy4YaliHbIX IOMEX.
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Puc. 3.18: IIpumep paboThl cUCTEMBI NIpU PEIeHNN HECTAITMOHAPHO 3a1a4un
C 3aJlaHieM I10JIb30BATEIbCKOI TOIMOJOIMU CEHCOPOB C yYeTOM CJIydaliHbIX
nomex. I3o0pakenue Tpereil BKJIaJIK1

B sToMm npumepe deThipe ceHcopa OTCIEKUBAIOT JBUZKEHNE BOCHMHU IeJIeil.
Tomosrornsa cetn cerncopoB 3agana corsiacio Puc. 3.18. lanee, B KaxK1bIit MO-
MEHT BPEMEHU CeHCOPbI CJOyJaiiHO BBIOMPAIOT COIVIACHO STOH TOIOJIOIUN He
OoJiee YeM OJHOIO coceja Jijisi obmieHusi. Mojieb JIBUXKeHUs Iejieil 3ajiaHa,
B Bujie Japudra ¢ 0 = 2. CeHCOpbl MOJIYYIaOT HAOJIIOJEHUST O MECTOIIOJI0XKE-
HUSIX TeJieil co ciydaiiHbiMu omexamu. V3 rpadukoB, mpejcTaBIeHHbIX Ha

Puc. 3.19, Bujno, 9T0 aJrOpUTM CXOJNTCH.

4. HecranmuonapHas 3ajia4a ¢ 3a/JJaHIeM IepBOHAYAILHBIX MECTOIIOJIOXKe-

HUIl CEHCOPOB U IeJiell ¢ y4eTOM MOMeX B BUJIE KOHCTAHTHI.
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Puc. 3.20: IIpumep paboThl cucTeMbl IIPU PEIeHnN HecTallnoOHapHO ¢ 3a/1a-
HUEM TIePBOHAYAJIBHBIX MECTOIOJIOKEHU CEHCOPOB U 11eJieli ¢ yIeTOM MoMeX
B BUJIe KOHCTAHTHI. BWj 9eTBepTOil BKIAIKI

B ciieaytoriem nmpumMepe msiTh CEHCOPOB CJIEIAT 3a J1ecAThio mesamu. CeH-

COpPbI IIOJIYyHaloT H&6HIO,ZL€HI/IH C IIOMeXaMHn B BH/E cnyqaﬁﬂoﬁ KOHCTaHTHI,

OTpaHMYEHHON 0 MOJyIIo ¢, = 3. [lepBoHavyabHOE MECTOIMOJIOYKEHNE CEeH-

COPOB U IeJiell 3a1aH0 ¢ moMoIIbI0 rpadudeckoro nnrepdeiica (Puc. 3.20).
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Puc. 3.21: Tlpumep pa®oThl cUCTEMBI TIPpU PENIeHNN HECTAITMOHAPHO ¢ 3a/1a-
HIEM [TepBOHAYAIBHBIX MECTOIMOJIOXKEHN CEeHCOPOB U TeJIell ¢ yIeTOM ToMex
B BUJIe KOHCTAHTBI. Bu1 1epBoil BKIAIKN

PesynbraTel paboThl cucTeMbl IipejcrapieHbl Ha Puc. 3.21. Kak um Bo Bcex
IPEIBLIYIINX CIyUdasx, IpaduKu TOATBEPK/IAI0T CXOJUMOCTD AJTOPUTMA.
Heobxogumo oTMeTuTh, 4To HUXKHIIT mpaBbiil rpaduk “Movement” mepecraer
ObITh NH(MOPMATHUBHBIM, €CJIM KOJUIECTBO IeJieil 1 ceHCOPOB 0OJIbINe YeThl-
pex m BOCbMHU COOTBeTCTBEeHHO. JIj1sT OoJiee jeTajibHOIO U3YUeHUsl JIBUZKEHUST
nesieil M OIeHoOK WX MECTOIOJIOYKEHWS TOJIb30BATEIO MPEJIJIAraeTCsl M0JIb30-

BaTbCs BTOPOIT BKJIaIKOi “Movement”.

5. Hecranmonaphas 3ajia4ua ¢ 3a/laHueM TPOU3BOJILHON (DYHKITUN JIBUKE-

Hug 1eseit 1 marpuibl ¥ ¢ yaeTom crydaiiibix moMeX.

B sToMm npumepe IsTh CEHCOPOB HAOJIONAIOT 3a JIeBATHIO Hesstmu. OHu
HOJIYIAIOT HADJIIOIEHUs CO CJIYUAHBIME [TOMEXaMU, OIPAHNYEHHBIMHI 110 MO-
ayio ¢, = 1. B [121] omucano, aro amroput™ ¢ mobasiennem mMarpuiibl W
OyJleT CXOINThCsT OBICTPEeE, ec/in MeJIn UMEIOT Pa3HbIl XapakTep JBUKEHH.
[t TOTO, YTOOBI TPOBEPUTH ITO INPEJINOJIOKEHNE, IBUKEHNE Tesiell 3a/1aH0
B Bujle pyHKIINN custom_target_sensor_movement (m,Time) TakuM oOpa-
30M, YTOOBI IE€PBbIC YeThIpE T/ UMEJIH MOJIE/Ib JIBUZKEHUS B BHjIE JpudTa

¢ 6 =3, a apyrue musatb — ¢ 6 = b.
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Puc. 3.23: IIpumep paboThl cUCTEMBI NIPpU PEIIEHNN HECTAITMOHAPHOI 3a/1a4un
¢ 3aJlaHieM IIPOU3BOJILHOI (DYHKINN JIBUKeHUs 1eseil 1 Marpuiibl W

Ha Puc. 3.22 npejicraien pesynbrar paboThl CHCTEMbI ¢ €JIUHUTHON MaT-
purnieit W, a Ha Puc. 3.23 ¢ maTpuneit ¥, 3aanHoii moJjib3oBaTeaeM. Kak BUJIHO
3 rpaduKoB CpeIHEKBAIPATHIHBIX OIMMOOK U 3JEMEHTOB MaTpPHI] KOBapH-
aluii, aJaropuT™ ¢ jgobapjenneM marpuilbl W JIeficTBUTEILHO UMeeT OoJiee

OBICTPYIO CXOJIUMOCTb.
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3.3 llpakTudeckoe nmpuMeHeHUE
PaHAOMU3NPOBAHHOIO AJTOPUTMA
CTOXAaCTUYECKON allIPOKCUMAIIUWN,
COBMEIMIEHHOI'O C IIPOTOKOJIOM JIOKAJIbHOI'O

rojJsiocoBaHms:l

O IHIM 13 IPUIOXKEHU aJITOPUTMA SIBJISIETCS 3a,/1a49a TPEKNUHTa, & IMEHHO
OTCJICY)KUBAHUE JIBUYKCHUS JICTATEJIbHBIX anmnaparoB. s Toro, 9Tobbl obec-
eYNTh 0E30IIaCHOCTH BO3/LYIITHOIO JIBUKEHISI, HEOOXOIMMO CJIezKEeHUe 3a BCe-
MU JleTaTeIbHBIMU allliapaTramu. Eie HekoTopoe BpeMst Ha3a/l JIjid HaDJIio/1e-
HUs 38 caMOJIeTaMH UCIIOJIb30BAJINCH IIEPBUYHbBIC PaIN0JI0KATOPLI, KOTOPhIE
MOTJIN TT0JTyYaTh TOJIBKO PACCTOAHEE 10 (pro3essizka camosieTa. Ha cerojusii-
HUIl JIeHb KaK OCHOBa HaOJIOJICHUS JIJIsi YIIPABJIECHUsT BO3/LyIITHBIM JIBUYKEHU-
eM IIPUMEHSIIOTCS BTOPUYHBIE PaJioIoKaTopbl. VX ocHOBHasi mpobdsema —
39TO BBICOKAsI CTOMMOCTb JIOKATOPA U €r0 MO3UIIN (KAITUTAIBHOIO CTPOUTE b
CTBa), KOTOpasl YacTo MPEBOCXO/IUT, & WHOIJIA U B Pa3bl, CTOUMOCThH CAMOIO
JlokaTopa. B c¢Bsi3u ¢ 3TuM, paccraBUTbh HEOOXOIUMOE KOJUIECTBO BTOPUU-
HBIX PaJINOJIOKATOPOB JIJIsi PEIIeHsT Pa3/JUYHbIX 3aJad He MPEICTaBJIsSIeTCsI
BO3MOXKHBIM. TakrKe B CBsA3U ¢ UX OOJIBIIONH Maccoil Takue paino0KaTOPhI

HE IBJSIOTCH MOOMJIBHBIMU.

B nocie/iee BpeMs B pOCCHIICKIX adpOMOPTaxX aKTHBHO BHEIPSIOTCS MHO-
ronosuruonusie cucrembl Habuogerns (MIICH) [15]. MIICH mpexcrasager
coboil pacipe/ie/IEHHYIO CUCTEMY, KOTOpasl UCIOJIb3YeT [IJIsl OIIPeJieJIeHnsT Me-
CTOIIOJIOZKEHUST BO3IYIITHBIX CY/I0B MHMOPMAIMIO O BPEMEHU IPUX0/a CUT'Ha~
JIOB OT HUX Ha YCTAHOBJIEHHBbIE B 30HE JIEHCTBUS MPUEMHDBIE CTAHIIUNA CUCTe-
Mol [14]. Onn nmeror ctetyioniue ocHOBHBIE mpenMyInecTsa |70]: 3oma jeii-
cteusg MIICH KoHCTpyHUpyeTCst CILUIONTHOMN, B OTJIMYNAE OT BTOPHIHOI'O PaIno-
JIOKATOPa, y KOTOPOI'o 30Ha ACHCTBUA MMeeT BUJ “BOPOHKM ; HU3KAA CTO-
UMOCTD OTJIEJIbHBIX TO3UIIHI, UTO TIO3BOJISIET MPAKTUYECKH DPa3BOPAUNBATH

CUCTEMBI, O6€CH€‘{I/IBaIOH_LI/I€ H&6JHO,ZL€HI/IH, B TOM 4YMCJI€ Ha MaJIbIX U IIPpEAEJIb-
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HO MaJIbIX BBICOTaX; HEOOJIBINOI Bec (5-8 Kr). B ¢BA3M ¢ 9THM, TaKne cucreMol

TECOPETUYIECCKU ABJIAIOTCHA MOOUJILHBIMHA.

[IpuHuMas BO BHUMAaHIE HeIPEePbIBHBIN POCT YUC/Ia JeTaTeIbHBIX alllla-
paToB U TOT 00bEM JAHHBIX, KOTOPLIM KayKIAbIil 13 HUX IIepejaeT Ha obpa-
OOTKY, K IIPEMEPY, B CJIydae ¢ MacCaKIPCKUMI CaMOJIeTaMI — 3TO IO3bIBHOIA
BO3JIYIIIHOIO CY/IHA, IPUOOPHAsi CKOPOCTb, 4ucjao Maxa u mnpodne, MOZKHO
¢lieJ1aTh BBIBOJ, 9TO Iepeada TaKoro 00beMa JaHHBIX IPUBOANT K CHJIbHOI
3arPY’KEHHOCTH KaHaJI0B CBsi3u. TaksKe, YUUThbIBasi OCOOEHHOCTH peJibeda
MECTHOCTH, IIPOU3BOJIbHBIE IOMEXU 1 HEBO3MOYKHOCTb TOUHOI'O OIIPe e/ IeHIHsI
MECTOHAXOXKICHIS JIeTaTeJIbHOIO allllapaTa, HEKOTOPbIE CTAHIIUHU 1€PEeJIAal0T
B IICHTP 00PabOTKHU 3aBEIOMO JIOKHYIO NH(MOPMAIINIO, UYTO ITPUBOJIUT K HEOO-
XOJMMOCTI HAYMHATH 3aHOBO BBIYUCJICHUS PACIIOJIOKEHNs STHX JIeTaTeJIbHbIX

aImapaToB.

Paszpaborannasi cucrema Jijist OTCJICKUBaHUS 11eJIell CeThIO CEHCOPOB C T10-
MOIIBIO pacHpeeJeHHOT0 PAHJOMUBUIPOBAHHOTO aJTOPUTMa, CTOXACTHIECKOI
ONTUMUBAINN, COBMEIIEHHOTO ¢ ITPOTOKOJIOM JIOKAJIHLHOI'O TOJIOCOBaHUS, MO-
JKeT CYIIECTBEHHO YBEJNYUTb TOYHOCTH OIEHUBAHUSA MECTOIIOJIOKEHNS JieTa-
TeJbHBIX allapaToB. B To ke BpeMmsi, 3a cueT UCII0JIb30BaHUsI PACIIPeIe/IeH-
HOIl CeTH CeHCOPOB, KOJNIECTBO IepelaBaeMbIX JAHHBIX MOYKET 3HAUNTE/THHO
yBeJIMIUThCsA. Bee 3t hakTophbl B JaJibHEMIIEM MOIYT OKa3aTh 3aMETHOE

BJIMAHNUE Ha pPa3BUTHUE CJIC2KCHMLA 3a JIETaTC/JIbHLIMHI allllapaTaMi [28]

Kpome Toro, B CBsI3W € TeM, YTO B OOJIBIIUHCTBE CHUCTEM OIEHUBAHUS
(mmenTHUKAINT) HEM3BECTHBIX MAPAMETPOB U CTPATErHii YIpPABJICHUs Ce-
TEBbIMU CUCTEMAMU 3aJI0KEHbI T€ WU UHbIE METOJIbl ONTUMU3AIUY TPEJII0-

KEHHBIA AJITOPUTM BO3MOZKHO HCIIOJIB30BAaThb AJIfd PEHICHNA TaKMUX HpO6.HeM.

3.4 BrniBoabl

B TpeTbeil r1aBe npuBeieHbl PE3YIBTATHl IMUTAIMOHHOTO MOJETNPOBa-
HUsl, WJIIOCTPUPYIOIIKE paboTy BepCcHil MOJIEpPHI3UPOBAHHOIO PaHIOMUBUPO-

BAHHOI'O aJITOPUTMa, CTOXACTUYECKON alllPOKCUMAIINHN, COBMEIIIEHHOTO C TIPO-
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TOKOJIOM JIOKAJIbHOI'O I'OJIOCOBaHUS. TaK»Ke OIMMCaH MPOTOTHUIl CHCTEMbI JIJIs
pacIpeie/IeHHOr0 OTCJEKNBAHN, Ha KOTOPBIH MOJYYEHO CBUIETETLCTBO O
perucTpanun mporpaMmbl Ha IBM, peannzoBaHHbIN Ha SI3bIKE TPOTPAMMIU-
poannst MATLAB. OcHOBHBIM IPHIOKEHIEM PaHIOMU3NPOBAHHOIO AJIrO-
PUTMa, CTOXaCTHIECKON aIllTPOKCUMAIINN, COBMEIIEHHOIO C IIPOTOKOJIOM JIO-
KaJIbHOI'O TI'OJIOCOBAHMS, SBJIAETCS OTCJICKUBAHUE JIBUYKCHUS JIeTaTeIbHBIX
allapaToB, OJIHAKO aJIl'OPUTM TaK:Ke MOKET OBbITh HCIIOJIb30BaH B MICHTH-
duKaImyu HEM3BECTHBIX [TaPAMETPOB, METO/IaX YIIPABIECHUs] CETEBBIMU CHCTE-

MaMU U JIp.
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SaKJII0OUeHne

OcHoBHBIE Hay4YHbIC PE3YJIbTAaTbl JUCCEPTALMOHHOIO HCCJI€OOBaHMA, I10-

JIY4€HHBbI€ B paMKaX BbBIIIOJTHECHNA ITIOCTaBJIECHHBIX 3a/a4:

1) paspaborana MojesIb YIIpaBJIeHIsI CEHCOPHOI CeThi0 Ha OCHOBE PaHJI0-

MU3UPOBAHHOTO 1 MYJIBTHAT€HTHOTO T01x0/10B (I1aBa 1);

2) MOJIEPHU3UPOBAH PaCIpe/Ie/IeHHbII paHI0MI3NPOBAHHBIN aJITOPUTM CTO-
XaCTUYCCKON ONTUMU3AINN, COBMEIEHHDBIN ¢ IIPOTOKOJIOM JIOKAJHLHOT'O
FOJIOCOBAHUS, M MCCJAEI0BAHbl CBOICTBa €ro OIEHOK JIJIsd 3a/a4ul Tpe-
KiHTa (OTC/IEKNBAHIST M3MEHEHUsT [apaMeTpPOB) TPU HCIOJIb30BAHIN

paspaboTaHHON MOJIeJIN yIpaB/ieHus: ceHcopHoit cerbio (Iasa 2);

3) mccsel0BaHbl YCJIOBUST MPUMEHHMOCTH MOJIEPHU3NPOBAHHOIO PACIIPe-
JIEJIEHHOT'O PaH/IOMU3UPOBAHHOTO &JITOPUTMa CTOXACTUYECKOIl ONTUMU-
3allli, COBMEIIEHHOI'O C IPOTOKOJIOM JIOKAJbHOI'O T'OJIOCOBAHUS, JIJIsI
ceTeBoil Mosesn HabJoneHus. Pesyibrarhl anpobupoBaHbl B 3ajiade
HAOJIIOJIEHNs 38 JBIXKYIIUMUCA OObEKTaMU IIPU HAJUYUKU HEOIIpeje-

JIEHHOCTE! 1 OIrpaHUYCHUIl Ha KOJNYECTBO CBA3CH MEZXKIYy CeHCOpaMu

(Dmassr 2, 3).
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Introduction

Currently, the problem of real-time control of a sensor network, given the
existing constraints on communication, has numerous practical applications.
Examples include network control in communication networks, as described
in [2] (B. R. Andrievskiy, A. S. Matveev, A. L. Fradkov), mobile robotics
as discussed in [36] (O. N. Granichin), [45] (F. Bullo), and control in trans-
portation and logistics networks mentioned in [101] (G. A. Rzhevsky and P.
O. Skobeleve), [42] (S. S. Blackman), [9] (V. I. Gorodetsky).

In many studies addressing the problem of tracking changes in dynamic
system parameters in real-time, centralized approaches are commonly used.
In these approaches, each sensor transmits data to a central hub where all
the data is processed. It should be noted that as the size of the system and
the number of observed characteristics increase, the sensor network needs to
be expanded to ensure reliable and fast tracking. Consequently, the channels
through which data is transmitted become more congested as the sensor net-
work grows, resulting in data transmission delays. Additionally, the central
data processing hub becomes overloaded with incoming observations and the
computation of desired system characteristics. With the advancement of in-
formation technologies, distributed computing has gained increasing interest
and is applicable to tasks where data processing can be moved closer to its
source. Such computations are more reliable compared to centralized com-
putations since failures in one computing unit do not halt the entire system.
A shift of research focus from specialized centralized systems to decentral-
ized systems can be observed in works on distributed computing by N. A.
Lynch [79], optimal decision-making theory by M. H. DeGroot [49], collective
behavior by T. Vicsek [88,119], and distributed decision-making methods by
J. N. Tsitsiklis [116,117] in the field of control theory.

The progress in electronics and information technology has sparked par-
ticular interest in multi-agent technologies that utilize networks of intercon-
nected autonomous units (agents), which can be distributed over large dis-

tances and serve as sensors, data processors, actuators, and sensors. Thus,
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sensors nowadays can possess computational capabilities and have access to
measurements from other sensors. However, in practice, various limitations
often arise. Each sensor typically interacts only with a few neighboring net-
work nodes, and the communication between sensors may be limited due
to factors such as limited channel bandwidth or data transmission delays.
Mathematically, such constraints can be modeled as limited data transmis-
sion rates or a time-varying communication graph, which naturally arises
when sensors have to share multiple communication lines or a narrow fre-
quency band. In the works of R. P. Agayev [3], B. R. Andrievsky [2], R. W.
Beard [97,98|, F. Bullo [45], A. Jadbabaie [73], V. V. Zakharova [107], M. L.
Karpova [15], A. Yu. Krylatov [75], F. L. Lewis [48], A. S. Morse [73], R. M.
Murray [61,90], R. Olfati-Saber [90], L. A. Petrosyan [15], W. Ren [97,98], P.
Yu. Chebotarev [3], Yu. V. Tsiganova [118|, and others, fundamental prin-
ciples of building distributed multi-agent coordination and motion control
algorithms are established. These works also discuss practical application
areas of the developed approaches for organizing collective behavior of ob-
servers. The aforementioned issues justify the investigation of a multi-agent

approach to the considered problem.

During real-time measurement of dynamic system parameter character-
istics, various measures of uncertainty typically arise. These problems are
often formulated as the optimization of certain risk functionals, such as
mean squared tracking error. In many cases, empirical functionals, maxi-
mum likelihood methods, or Bayesian estimation are employed. However,
such algorithms rely on significant assumptions and statistical properties of
observation noise, assuming their centeredness and uncorrelated nature. The
problem of choosing the best estimates in one sense or another is particularly
interesting. The least squares method is known to be optimal when dealing
with independently and identically distributed Gaussian observation noise,
but its application is not justified when such conditions are not met. In
particular, a challenging problem arises when the observed parameter char-
acteristics can change with arbitrary unknown but bounded disturbances,

and systematic errors (model errors) occur in measurements, which are often
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difficult to exclude. In the works of A. S. Matveev [95], A. Nedic [84, 86],
R. Olfati-Saber [89], A. V. Proskurnikov [87,94, 95|, the results of research
on distributed optimization algorithms and consensus control are presented.
For the problem of achieving consensus on graphs in the presence of noisy
measurements of neighbors’ states, the works of M. J. Wainwright [96], D.
J. Vergados et al. [115], O. N. Granichina et al. [109], M. Huang [69], A. L.
Fradkov and N. O. Amelina [38| consider the application of stochastic ap-
proximation algorithms. This type of algorithm is one of the most important
classes among approaches to solving optimization problems with uncertain-
ties. For example, in the presence of arbitrary external disturbances, it is
possible to find a solution to the aforementioned problem using random-
ized stochastic optimization algorithms described in the papers by O. N.
Granichina et al. [64,65,108|. In particular, in the work [108|, a randomized
stochastic optimization algorithm combined with a local voting protocol was
proposed, which can effectively solve optimization problems in the presence of
unknown-but-bounded noise in the measurements of the observed function.
Additionally, the convergence of the proposed algorithm was studied. An
important task is the application of the stochastic approximation algorithm
combined with the local voting protocol for the control of a sensor network

in tracking the parameters of a dynamic system.

The dissertation addresses the problem of controlling a sensor network in
the context of distributed target tracking with networks of connected sensors
(radars, hydrolocators, cameras, etc.), which is a classical signal processing
problem [67] (O. Hlinka and colleagues). Such distributed tracking problems
for multiple targets have been extensively studied in the literature due to
numerous applications in air traffic control [78], maritime surveillance [80],
road traffic control |71], and video surveillance [83]. However, usually, un-
certainties with predefined traditional statistical properties of centrality and
independence were considered, which is often not valid in practice. In par-
ticular, in the variety of possible target behaviors, the available statistics are
insufficient, and the trajectories of maneuvering targets can be described as

arbitrary unknown but bounded disturbances. To address such a problem,
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a modified distributed stochastic approximation algorithm combined with a
local voting protocol is proposed for a network model of tracking moving

objects.

The mentioned problems and trends confirm the relevance of the topic of

the dissertation research.

The goal of the study is to develop algorithms for controlling a distributed
sensor network in real-time, considering limitations in communication and

significant uncertainties in the description of the system.

To achieve this goal, the following tasks were formulated and addressed:

1) develop a model for controlling the sensor network based on random-
ized and multi-agent approaches, taking into account communication

constraints and significant uncertainties in the system description;

2) enhance the distributed randomized stochastic optimization algorithm
combined with a local voting protocol and investigate the properties
of its estimates for the tracking task (tracking changes in parameters)

using the developed model for controlling the sensor network;

3) investigate the applicability conditions of the enhanced distributed ran-
domized stochastic optimization algorithm combined with a local vot-
ing protocol for the networked model of object tracking, considering
uncertainties and constraints on the number of connections between

sensors and the number of observable objects.

Research methods. The dissertation employs methods from estimation the-
ory, optimization theory, control theory, graph theory, probability theory,
and mathematical statistics. Stochastic optimization methods, randomized

algorithms, and simulation modeling are also used.

Main results. The following scientific results were obtained during the work:

1) amodel of sensor network control based on randomized and multi-agent

approaches was developed;
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2) the distributed randomized stochastic optimization algorithm combined
with a local voting protocol has been modified and its estimation prop-
erties have been investigated for the tracking (monitoring parameter

changes) task using the developed sensor network control model;

3) the applicability conditions of the modified distributed randomized
stochastic optimization algorithm combined with a local voting proto-
col for the network observation model have been studied. The results
have been tested in the task of observing moving objects in the pres-
ence of uncertainties and constraints on the number of communications

between sensors.

Scientific novelty. All the main scientific results of the dissertation are novel.

Theoretical value and practical significance. The theoretical value of the re-
sults lies in the development of a model for tracking objects by a group of
observers, the modernization of a distributed randomized stochastic opti-
mization algorithm combined with a local voting protocol, the investigation
of the properties of its estimates, as well as the conditions for the applicability
of a network observation model. The proposed methods and approaches can
be used to solve a range of practical tasks. In particular, they can be applied

for tracking aerial objects in airspace and coordinating their movements.

Research Validation. The results of the dissertation were presented at the
seminars of the Department of System Programming of the Faculty of Math-
ematics and Mechanics at St. Petersburg State University, the conference
«Week of Science SPbPU 20185 (November 19-24, 2018, St. Petersburg, Rus-
sia), the International Workshop «Navigation and Motion Controls> (NMC
2019) (October 16-20, 2019, Leningrad Region, Russia), the XXI Confer-
ence of Young Scientists «Navigation and Motion Control» (with interna-
tional participation) (March 19-22, 2019, St. Petersburg, Russia), the con-
ference «The 9th International Scientific Conference on Physics and Control»
(September 8-11, 2019, Innopolis, Russia), the XXII Conference of Young Sci-

entists «Navigation and Motion Control» (with international participation)
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(March 17-20, 2020, St. Petersburg, Russia), the conference «27th Mediter-
ranean Conference on Control and Automations (MED 2019) (July 1-4, 2019,
Akko, Israel), the 13th Multiconference on Control Problems (Mathematical
Control Theory and its Applications) (October 6-8, 2020, St. Petersburg,
Russia), the 18th National Conference on Artificial Intelligence (October 10-
16, 2020, Moscow, Russia), the conference «59th IEEE Conference on Deci-
sion and Control» (CDC 2020) (December 14-18, 2020, Jeju, Republic of Ko-
rea), the 63rd All-Russian Scientific Conference of MIPT (November 23-29,
2020, Moscow, Russia), the conference «IFAC World Congress» (July 11-17,
2020, Berlin, Germany), the conference «19th IFAC Symposium on System
Identification» (SYSID 2021) (July 13-16, 2021, Padua, Italy), the XXIII
Conference of Young Scientists «Navigation and Motion Control» (with in-
ternational participation) (March 23-29, 2021, St. Petersburg, Russia), the
conference «5th Scientific School Dynamics of Complex Networks and their
Applications» (DCNA 2021) (September 13-15, 2021, Kaliningrad, Russia),
the conference «60th IEEE Conference on Decision and Control» (CDC 2021)
(December 13-17, 2021, Austin, USA), the conference «FEuropean Control
Conference» (ECC 2021) (June 29 - July 2, 2021, Rotterdam, Netherlands),
the XIV Conference of Young Scientists «Navigation and Motion Control»
(with international participation) (March 15-18, 2022, St. Petersburg, Rus-
sia), the conference «Americal Control Conferences» (ACC 2022) (June 8-10,
2022, Atlanta, USA), and the conference «6th Scientific School Dynamics of
Complex Networks and their Applications» (DCNA 2022) (September 14-16,
2022, Kaliningrad, Russia).

The results of the dissertation were also utilized in research work sup-
ported by the following grants: Russian Science Foundation (RSF) grant 16-
19-00057 «Adaptive Control with Predictive Models in Variable State Space
Structure Applied to Networked Motion Control Systems and Medical Equip-
ment Automation,» Russian Foundation for Basic Research (RFBR) grant
20-01-00619 «Randomized Algorithms for Multi-Agent Optimization, Pat-
tern Recognition, and Estimation under Significant Uncertainties,» and RSF
grant 21-19-00516 «Multi-Agent Adaptive Control in Networked Dynamic
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Systems Applied to Groups of Robotic Devices under Uncertainties.» The
project «Development of Technology for Tracking Aircraft under Uncertain-
ties» received recognition through a diploma as the winner of the Youth
Scientific and Innovative Competition (UMNIK-2019). The project «Devel-
opment of Distributed Algorithms for Tracking Trajectories of Multiple Ob-
jects using an Array of Mobile Sensors» was awarded a diploma as the winner
of the competition for students and graduate students from universities and

academic institutions located in St. Petersburg in 2020.

Publication of Results. The main research results are reflected in the fol-
lowing works: [7,14,18,19,22-34, 46,47, 54,55, 59, 60, 72, 102-106, 121]. The
applicant published 30 scientific papers, of which one publication is a certifi-
cate of registration of a computer program, 14 were published in publications
included in the RSCI, 14 were published in publications indexed in the Scopus
database, and 1 published in a publication included in the list of HAC.

The works [7,14, 18,19, 32-34,46, 47,54, 55,59, 60, 72, 102-106, 121| were
written in collaboration. In the work [33], A. N. Sergeenko was responsi-
ble for proving the theorems and the results of simulation modeling, while
the co-authors were involved in the general problem formulation. In [18],
A. N. Sergeenko contributed to the modification of the local voting protocol
for controlling the motion of a group of dynamic objects (robots, agents),
while the co-authors participated in the general problem formulation. In [7],
A. N. Sergeenko conducted simulation modeling, while the co-authors con-
tributed to the general problem formulation and method selection. In [19],
A. N. Sergeenko described the approach to link randomization in a sensor
network to satisfy cost constraints, with the co-authors involved in the gen-
eral problem formulation. In [14], A. N. Sergeenko participated in the general
problem formulation, while the co-author was responsible for the method se-
lection and simulation modeling. In [32], A. N. Sergeenko contributed to the
method selection and experimental results, with the co-author involved in
the general problem formulation. In [34], A. N. Sergeenko conducted simula-
tion modeling, while the co-authors were responsible for the general problem

formulation, method selection, and theorem proof. In [46], A. N. Sergeenko
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participated in proving the theorem, while the co-authors were involved in
the general problem formulation, method selection, and simulation model-
ing. In [47], A. N. Sergeenko contributed to proving the theorem and sim-
ulation modeling, while the co-authors participated in the general problem
formulation and method selection. In [54], A. N. Sergeenko was responsible
for the method selection, while the co-authors contributed to the general
problem formulation and experimental results. In [55], A. N. Sergeenko de-
scribed emergent intelligence, with the co-authors involved in the general
problem formulation, method selection, and simulation modeling. In [59],
A. N. Sergeenko conducted simulation modeling, while the co-authors con-
tributed to the general problem formulation and method selection. In [72],
A. N. Sergeenko conducted simulation modeling, and the co-author partic-
ipated in the general problem formulation and method selection. In [60],
A. N. Sergeenko conducted simulation modeling, while the co-authors were
involved in the general problem formulation and method selection. In [102],
A. N. Sergeenko conducted simulation modeling, and the co-authors were
involved in the general problem formulation, method selection, and theorem
proof. In [104], A. N. Sergeenko was responsible for proving the theorems,
while the co-authors contributed to the general problem formulation, method
selection, and simulation modeling. In [103], A. N. Sergeenko described the
history of the emergence of randomized and multi-agent algorithms, method
selection, theorem proof, and simulation modeling, while the co-author par-
ticipated in the general problem formulation. In [106], A. N. Sergeenko was
responsible for the method selection, while the co-authors contributed to
the general problem formulation and experimental results. In [105], A. N.
Sergeenko participated in the general problem formulation and simulation
modeling, with the co-authors involved in the method selection. In [121], A.
N. Sergeenko proved the theorem, while the co-authors were responsible for

the general problem formulation and method selection.

Structure and volume of the dissertation. The dissertation consists of an in-
troduction, three chapters, a conclusion, a list of references, and 122 sources.

The text spans 99 pages and includes 23 figures and 0 tables.
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Brief content of the work.

The introduction justifies the relevance of the dissertation, states the
objective, sets the research tasks, and provides a brief overview of the main

results.

In the first chapter, the problem of estimating moving objects with
a sensor network is described, accompanied by a literature review on the
research topic. Section 1.1 introduces the notation and basic definitions.
Section 1.2 describes the peculiarities of developing a network observation
model for moving objects (targets). Assumptions about the target move-
ment speed, sensors, target observation points, and measurement noise are
introduced. Section 1.3 provides a description of randomized and multi-
agent approaches and justifies their use in developing the network obser-
vation model for targets. Section 1.4 formulates the problem of tracking
targets with a sensor network. Various approaches to selecting neighbors
for each sensor, taking into account topological constraints, are described
in subsections. Subsection 1.4.1 describes an approach based on optimizing
target selection by maximizing the intersection of confidence ellipsoids with
minimal sensor load. Subsection 1.4.2 presents another approach based on
topology randomization and describes its advantages. Section 1.5 presents

the conclusions from the first chapter.

In the second chapter, modifications of the distributed randomized
stochastic optimization algorithm combined with a local voting protocol are
formulated, and the properties of its estimates are investigated. Section 2.1
describes the distributed randomized stochastic optimization algorithm com-
bined with a local voting protocol for a general class of functions, provides
conditions on this function, and shows that the function developed in the
first section satisfies these conditions. Section 2.2 presents the modified dis-
tributed randomized stochastic optimization algorithm combined with a local
voting protocol for estimating moving targets. Theorem 1 is formulated and
proven, reflecting the mean-square quality of the estimates obtained using

the proposed algorithm. Theorem 2 is also formulated and proven for choos-
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ing a suboptimal step of the algorithm. Section 2.3 describes a weighted
version of the algorithm applicable to targets with different types of move-
ment. Theorem 3 is formulated and proven, showing the convergence of the
covariance matrix of residuals obtained using the weighted version of the al-
gorithm. Section 2.4 presents a variable-step algorithm for estimating the
positions of static objects. Theorem 4 is formulated and proven, showing
the convergence rate of the covariance matrix of residuals obtained using the
described algorithm. Section 2.5 presents the conclusions from the second

chapter.

In the third chapter, the results of simulation modeling are presented
to illustrate the operation of the proposed methods and approaches. Sec-
tion 3.1 presents the results of numerical experiments on solving the problem
of tracking targets with a distributed sensor network using the developed
sensor network model from Section 1.4 and the algorithms from Sections
2.2-2.4. Section 3.2 describes a prototype system for tracking targets with
a distributed sensor network. Subsection 3.2.1 presents the system architec-
ture, Subsection 3.2.2 describes the graphical user interface of the system,
and Subsection 3.2.3 provides examples of the system’s operation. Section
3.3 describes the application of the distributed randomized stochastic op-
timization algorithm combined with a local voting protocol specifically for
real-time tracking of aerial vehicles. Section 3.4 presents the conclusions from
the third chapter.

In the conclusion, the main results of the dissertation are formulated.
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Chapter 1. Control Model
for Sensor Network Based
on Randomized and
Multi-Agent Approaches
with Communication
Constraints and Significant
Uncertainties

1.1 Notations and Definitions

In the text of the dissertation, the following notations are used:
t, k is discrete time;

i,7,k,m,n,d,p,l,q are integers (usually non-negative);

a, 3,7,0,€,¢, 2,0 are scalar variables;

a,b,x,r,s,u, A are vector variables;

a, b are scalar or vector variables;

y is observed scalar and vector variable;

v, w, & are- disturbances (noise) in observations (measurements);

A B,C,D,V I,I',H, ® 5, Z W are matrices;
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M, Pr, V are operators;

J is a matrix or a set of numbers;
R is set of real numbers;

0 is an estimated (optimal) value;

0 is a vector (sometimes matrix) in the space of estimated parameters

(estimate);
< -,- > is a scalar product of vectors;

f(,), F(-), p(-,-) are real functions;

T is transposition of a vector or matrix;

.~ is inverse of a matrix;
/ . . . .
" is pseudoinverse of a matrix;

|A|l is a Frobenius norm: ||A|| = \/zi > (@i g)?:

0 is a zero vector;

1
1,= | : | € R%is a vector consisting of all ones;
1
0
e; = | 1| € R? - canonical basis vector, where the i-th element is equal

0
\/

I; € R s a identity matrix;

to 1;

Jg = 1d1;lr € R ig a matrix consisting of all ones;

A ® B is a Kronecker product, defined for any matrices A and B;
A < B, A < B: matrix ordering in terms of quadratic forms;

N ={1,...,n} is a set of vertices;

E CN x N is a set of edges;
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Ga = (N, ) is a directed graph;

i € N is a identifier of vertex i, and (j,4) € & if there is a directed edge

from vertex j to vertex ¢;
Ni={jeN:(ji) €} is aset of neighbors for node i € N;
| - | is cardinality of a set;
upper indices are agent indices;

a®l > 0 is the weight associated with the edge (j,i) € &, a*/ = 0
whenever (j,1) ¢ &;

deg, (A) is the weighted in-degree of vertex i € N, deg/ (A) = 377 a’/
in the graph Gy;

deg (A) is the maximum in-degree among all vertices in the graph Gu;

col{-} is a column vector obtained by stacking its elements on top of each

other;

diag,(b) is a diagonal matrix with the elements of vector b on the diag-

onal and other elements equal to zero;
D(A) is a diagonal matrix D(A) = diag,(deg (A), ..., deg’ (A));
L(A) =D(A) — A is the Laplacian of the graph Gy;
() is probability space;
w is an element of the probability space;
F is a set of all events:;
P is probability measure;
(Q, F, P) is underlying probability space;
E is mathematical expectation;
V is universal quantifier;
7 is existential quantifier;

F; is o-algebra of all probability events that have occurred up to time
t=1,2,...;
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Ef,

. 1s conditional expectation with respect to the o-algebra F;. Mathe-

matically, this o-algebra is generated by the values of all random functions
(target positions, disturbances, adjacency graph changes) at time instants
r=A{1,2,...,t}.

Definition 1. A directed graph Ga is called strongly connected if
for every pair of vertices j,i € N, there exists a path of directed edges from
7 to1.

Let us denote the eigenvalues of the Laplacian £(A) arranged in ascending

order of their real parts as Aq,..., \,,
0 < Re(A1) < Re(Ag) < ... < Re(My).

It is known that if the graph is strongly connected, then Ay = 0, and all other
eigenvalues of L are located in the open right half-plane of the complex plane
(see [1,48]). The eigenvalue of matrix A with the maximum absolute value
is denoted as Apax(A).

1.2 Network Model for Observing Moving
Objects

Consider a system consisting of a network of n sensors observing the
motion of m targets. We assume that the sensors and targets are located in

the real space R? (e.g., d = 2 for a plane, d = 3 for air or underwater).
Let
N ={1,2,...,n} be the set of all sensors,

M ={1,2,...,m} be the set of all targets,
i1
St
si = | ... | € R? be the coordinate vector of sensor i at time ¢,

id
St
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Ty
ri = | ... | € R? be the coordinate vector of target [ at time ¢,
ri’d
r;
0, = | ... | € R% be the overall state vector of all targets at time ¢.
r;

We introduce an assumption about the velocity of the targets.

Assumption 1. Leté& =71l —rl | forl € M. The velocity of
the targets is uniformly bounded: ¥l € M, ||€l]] < § < oo, or equivalently,
E(&11° < 0% ElEINE ol < 0% Elé]] < Qs, and E[GE1 ] < Qs if the

sequence {€L} is random.

We assume that at each time ¢, sensor ¢ can measure the distance to any
target [ from a subset of all targets M} C M:

2 = p(i, 1) 4w,

where wi’l is the measurement noise, and p(i,1) is the squared distance be-

tween sensor ¢ and target [ at time ¢:

Let a sensor network consisting of n nodes be described by a directed
graph G4 with a weighted adjacency matrix A = [a"/] (the connectivity
matrix associated with the graph G4). Let us denote the subset of sensors
N} C N with neighbors of sensor i at time ¢, and N} C N} as the sub-
set of neighbors J = {ji,...,j,} C N} of sensor i, each of which measures
the distance to the same target | € M} as sensor ¢ (where p is the num-

ber of simultaneous coordinated observations of the same target by different
sensors) ( [14,72]).

Let us construct a set of triples U; consisting of possible combinations of
sensor ¢ € N, its neighbors J € N}, and a target [ € M that they observe
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in a coordinated manner at time £. Let any triple from this set be denoted
as u € U;.

From a practical point of view, the most interesting cases are when the
number of neighbors is minimal for each sensor. In particular, we will consider
two cases where the number of simultaneous coordinated observations of the
same target is either one, p = 1, or equal to the dimension of the space, p = d.
In the latter case, assuming error-free measurements of target coordinates by
sensors, standard triangulation techniques can be applied.

For each set u = (4, J, 1) € Y, and some j, € J, let us define the difference

zi(u) = 2(i,1) — 2(j4, 1) between the distance measurements to the same

target by sensor i and sensor j, € J. We also introduce wj(u) = wz’l — w{q’l
as the difference between the measurement noises of distance to target [ by
sensor ¢ and sensor j, € J. By using the formula for the difference of squares,
we can obtain p equations for each sensor i € N:

_ : ol . . ; ol
Za) =2 — 2" = pli, 1) = p(ig, 1) +wp' —w) =

d
Z ((ré’d/ — si’dl)2 — (ri’d/ — s{md')2> + wf(u) =

d'=1
d ! U
. - g / . ]
D (s =) = st =) 4 i (w) =
d'=1
d d
S ool ) = 3 (1 ) + )
d=1 d=1
g=1,...,p. These equations can be written in matrix form as follows:
(s —sp)* Z(u) + s [1” = lIsi® w; (u)
2 rl = - ... (1.1)
(5" —sp)* 7 (u) + [Isy"|1* — [Isilf? wi (u)
(s —sp)* z(u) + [Isy' |1 — lIsiI?
Let C;‘l = . e , D;l = )

(st —sp)" a1 (w) + [Is”[I* — llsilf?
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Wi = ... |. Equation (1.1) represents a linear system with respect to

wi(u)

the vector rl.

Let’s consider measurements conducted without noise, which means that
W1 = 0. We can express the vector r! in terms of C* and DP. In the general
case, when p < d, the matrix C}' is not square, so instead of matrix inversion,

we’ll use the pseudoinverse operation:

Cturft - D;lv
(' Crrt = (CH' DY,
[(CHT e (e ey = (et ey (e Dy

As a result, we obtain:

I'r) = (1.2)

where I = [(C})TCH)(CH)'C} and H = [(C) ] (C}) ' DY
Remarkl. Ifp=d and the matrix C}' is non-singular, then I} is an
identity matriz, and H* = [CP]"'DP. If p =1, all elements of I}* are zero,

except for one element on the diagonal, which is equal to one.

The goal of the sensor network system is to generate a consistent es-
timate O1f 1the location of all tracked objects at each time ¢, denoted as
r,’
0, = : € R which minimizes the loss function:

NN
r

0, = argmin M Z Fi(u, &), (1.3)
0; ieN
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where

Flud)= Y fiui),

uEL{t,i:i(u)

f'f;i is the estimated location of target [ by sensor 7, F} (u, f‘él) is the functional
that includes the targets tracked by sensor 7, fi(u,#0') = ||[I*8h — H2|? is
the loss (or quality) function, and M is either an averaging operator or a
maximization operator. In the following, we will consider only the case of

averaging:

0, = argmin ——— Z fi(u,#) = argmm ZFZ u, #7), (1.4)
0; ‘ ueu zej\/

where

Fui)= )  fiai).
ueldy,i=i(u)

In practice, any measurements obtained from sensors are always corrupted
by noise [28,29|. Solving the optimization problem becomes more complex
with noisy measurements. For measurements with non-zero noise W}, sensor
measurements are formed based on the noisy measurements of the optimized

function:

vi = 1" = H + [(CHTCH (O WP

By applying the formula for the square of the sum, we obtain the following
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sequence of expressions.

Y =
7" — H“H2 + 2(1“ ¢ = HYCHCYT W + |[[CR T et WP =
fi(u, Xt ) + Q(Iu H#)[CETC?]/C?TW? + WtUTCtuCtUTWu =
fi(w,x") + 2(18%y H“)[C“TC"]'C“TW? +ICEWE? =
ft (u, Xt ) +Ut7 (1.5)

l Li Li : :

where fi(u,x\") = |I"x)" — H*?2, x/" is the current point at which the
: : : Li ol ;

function is measured (observation point), for example, x;* = ¥, and v, =

21X — HM[CPTCRCETWE + |CRTIWR? is some noise.

Now, let’s state the assumptions about the sensors, observation points,

and measurement noise.

Assumption 2.

1. The distance between sensor st and sensors S{l, e ,s{p is bounded from
above and below, Vi € N',j, € J,J C N : ¢, < |si — )| < cs,q =
1L,...,p.

2. The constraints on the target’s location are known. In other words, for
all | € M, the observation points Xi’i are chosen such that they are

within a convex closed bounded subset that contains the target vector rt.

3. For alli € N,l € M, the noise wi’l 15 independent, symmetrically

distributed centered noise that is uniformly bounded in the mean square

sense E||wi'|| < o, and has uniformly bounded fourth moments E|jw."

o4.

Lemma 1. If Assumption 2 holds, then

LG < 4pPes;

t<
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2
2. [CRTCRI M| < 55
3. Iy — HP|? < ey
4. E|WE|2 < po2, E[[W2|* < pou;

5. The unknown noise

= 2(I'xy" — HY)[CP OO W + || Ot w2

is bounded in the mean square sense, E(v))? < ¢2;

6. The successive differences vt = v, — v, . of noise are bounded: || <
k ok — V2k—1 k

cy < 00 or E(0%)* < 2, if the sequence {v%} is random.
Proof.
1. If Assumption 2.1 holds, then ||[CP*'||? < 2pc% u [|CP||* < 4p?cd

2. If Assumption 2.1 holds, then

el < |[[CFCHI? < 4p’cs,

| Tz o)
cyop
o <G <
2pc? T T2 < 22905
< ||[C} P CF
Py ] 'O )7 < L

uT rupr T2 o €5
G CRICHII < e
3. If Assumption 2.2 holds, then ||I*xY — HY||? < ¢;.

4. If Assumption 2.3 holds, then E|w}(u)|* < o2, E|lw}(u)|* < o4 and
E[[Wr* < poy, EIWE* < pou.

5. If Assumptions 2.1-2.3 hold, then

Ev} = 2(I'} — HY)[Cy T CYY CYTEWE + E|CPTWE|1* = BlICE T WP,
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E(v})? = 4| (P'w} — HP)[CET O] Crt WP+
A1l — B [CET ORI (WRlICET W) + Bl Crtwe =
4B (1wl — HY[CE O Crm WP + W <

16p°crceo? + 4p°cioy.

Thus, the noise v! is not centered and E(v))? < ¢, where ¢ =

16p3cfch05) + 4p3c§a4. In other words, v! is an unknown-but-bounded

noise.

. If Assumptions 2.1-2.3 hold, then

where ¢ = 2¢2 = 8pcc.02, + 2pcsoy.
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1.3 Randomized and Multi-agent Approaches

Randomization has proven to be an effective tool for dealing with uncer-
tainties in solving problems [12], which often arise in data collection using
sensor networks. Moreover, it significantly reduces the dimensionality of the
problem [111]. Multi-agent systems, in turn, are an approach that develops
at the intersection of distributed computing and emergent intelligence, allow-
ing for the inclusion of communication constraints in the described network

model for observing moving objects.

The development and availability of computing technology have influ-
enced classical areas of mathematical statistics, contributing to the devel-
opment and preferential use of repeated estimation schemes. The relatively
new approach to solving estimation and optimization problems in adverse
conditions (e.g., in the presence of degenerate sequences of observations) is
based on the use of trial perturbations [12]. If it is possible to introduce
a new perturbation through the input channels of the system or algorithm
with specified properties by the experimenter or well-known statistical prop-
erties, it can be used to “enrich” the information in the observation channel.
Sometimes, a measurable random process present in the system can play the
role of a trial perturbation. In control systems, they can be added through
a control channel, while in other cases, a randomized experimental design
can serve as a trial intervention. Studying the updated system with a trial
perturbation, even using traditional methods, often leads to encouraging re-
sults regarding the convergence and applicability of new algorithms. One
remarkable property of such algorithms is the preservation of estimates un-
der “almost arbitrary” perturbations. Algorithms in which one or more steps

are based on random rule selection are called randomized algorithms.

The Manhattan Project [110] played an important role in the develop-
ment of computers. In the 18th century, accurate predictions of the return of
comets and eclipses were made through paper calculations. However, until

the 1940s, the choice of office equipment, such as tabulating machines, card
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sorters, and simple mechanical calculators, available to assist humans, was
limited. Within the Manhattan Project at Los Alamos, where scientists and
engineers worked, a high degree of calculation accuracy was required, lead-
ing to the use of analog computers, including IBM punched-card computers.
This shift in computer development and the possibility of accurate calcula-
tions led to the emergence of the Monte Carlo method [82], named after the
city of Monte Carlo in the Principality of Monaco, where roulette served as
a popular random number generator. Thus, the Manhattan Project and the
Monte Carlo method became important stages in the development of com-

puter technology and the application of random numbers in computations.

There is a class of problems whose complexity grows exponentially with
the dimensionality of the problem. Some problems allow finding algorithms
whose complexity grows slower, but there are many problems for which this
is impossible, such as computing the volume of a convex body in an n-
dimensional Euclidean space or computing n-dimensional integrals. In such
cases, the Monte Carlo method is the only way to obtain sufficiently accurate
results in a reasonable amount of time. Modern research is mainly focused
on developing efficient Monte Carlo algorithms for various physical, chemical,
and social processes, as well as for parallel computing systems. The Monte
Carlo method has also found development in quantum theory. There is a
quantum Monte Carlo method [50], which is widely used in studying complex

molecules and solids.

At the Faculty of Mathematics and Mechanics of St. Petershurg State
University, Sergey Mikhailovich Ermakov has been working on the Monte
Carlo method since 1956 [6]. His research interests include the theory of
the Monte Carlo method, multidimensional integration, the study of pseudo-
random number generators, as well as probabilistic solutions of linear and
nonlinear integral equations. His work has contributed to the formalization
of this computational method, transforming it from a set of semi-empirical

techniques into a well-defined area of mathematics.

Many practical problems that arise in various fields can be formulated as
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root-finding problems or minimization problems. However, finding analytical
solutions to such problems is often impossible due to the complexity of the
functions or constraints involved. In such cases, random search methods are
considered as an alternative approach that can be applied to find approximate
solutions. The random search method is based on the iterative construction
of a sequence of solution estimates. At each step, a new estimate is cho-
sen by shifting the previous estimate in a randomly selected direction. This
approach is an extension of the trial and error method, where the solution
is sought randomly, and if it satisfies the specified criteria, it is accepted;
otherwise, it is rejected in order to continue the search for a new possibil-
ity. The main idea is to use randomness to explore different regions of the
parameter space, including the desired solution. The random search method
has found wide application in various fields, including function optimization,
computer simulation, and statistics. This method allows for exploring the
parameter space, taking into account randomness, and achieving optimal or
approximate solutions to the problem. A detailed description of the random
search method can be found in the book “Statistical Methods for Search” by
Rastrigin 20|, which presents the theoretical foundations of the method, its

various variants, and examples of its application to practical problems.

One example of a randomized algorithm that has received significant at-
tention is the genetic algorithm for optimization. The foundations of this
algorithm were laid by Nils Aall Barricelli, who in 1954 conducted early work
on simulating evolution on computers at the Institute for Advanced Study in
Princeton University [39]. In 1957, Australian geneticist Alex Fraser began
publishing a series of papers on modeling artificial selection among organ-
isms with multiple measurable characteristics. Fraser’s work served as a
breakthrough in the development of computer models of evolutionary pro-
cesses and methods. Over time, with growing interest and advancements in
computing power, genetic algorithms found practical applications in various
fields. As personal computers developed and their computational capabilities
significantly increased, it became feasible to implement genetic algorithms for

solving complex optimization problems. Genetic algorithms simulate natu-
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ral selection and genetics, using techniques such as selection, crossover, and
mutation to explore the solution space and converge towards optimal or near-
optimal solutions. Genetic algorithms have demonstrated their effectiveness
in a wide range of applications, including optimization problems in engineer-

ing, finance, logistics, and artificial intelligence [40)].

The Simulated Annealing method is an optimization method based on
ordered random search. The history of this method dates back to 1953 when
N. Metropolis developed an algorithm for simulating the attainment of equi-
librium in a system with multiple degrees of freedom at a given tempera-
ture [74]. Then, in the early 1980s, S. Kirkpatrick proposed the idea of using
this algorithm to solve various optimization problems beyond the modeling
of physical systems [57]. One of the main advantages of the Simulated An-
nealing method is its ability to avoid local minima of the optimized function

and continue searching for the global minimum.

Tabu Search, also known as taboo search, is a metaheuristic search algo-
rithm that utilizes local search methods to solve mathematical optimization
problems. This algorithm was created by Fred W. Glover in 1986 [62]. The
idea is that local search examines a potential solution to the problem and its
immediate neighbors (i.e., solutions that differ only in small details) in the
hope of finding an improved solution. However, local search methods can
get stuck in suboptimal regions or plateaus where many solutions are equally
good. Tabu Search enhances the performance of local search by relaxing
its main rule. At each step, a deterioration can be accepted if there is no
improvement (similar to the situation when the search gets stuck at a local
minimum). Additionally, tabus are introduced to prevent revisiting already
visited solutions. When implementing Tabu Search, structures are used to
describe visited solutions or user-defined sets of rules. If a potential solution
has been visited within a short period of time or violates a rule, it is marked

as “tabu” to prevent the algorithm from reconsidering that solution.

The Gossip protocol, associated with randomized algorithms, stems from
the study “Epidemic Algorithms for Replicated Database Maintenance” (1987)
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that described algorithms for epidemic replication [56]. Since then, the ap-
plication of such a protocol has attracted significant interest in the field of
computing, and the first practical implementations were observed in com-
puter network routing systems that preceded the Internet. Gossip proto-
cols are decentralized information exchange protocols based on the idea of
spreading information through random links between nodes in the system. In
such protocols, nodes transmit information to each other, relying on random
contacts or randomly selected neighbors. This allows for efficient informa-
tion dissemination in the network and the discovery of global properties or
problem-solving based on local information exchanges. Gossip protocols have
found wide application in various fields. In communication networks, they
have been used for packet routing, error detection and correction, resource
management, and collective decision-making. Gossip protocols have also been
extensively studied in the field of social networks, where they have been used
to model information diffusion and influence within communities. The ad-
vantages of gossip protocols lie in their resilience to failures and dynamic
changes in the system. With random links and information propagation
through neighbors, they can effectively adapt to changes in the network and
continue to operate in the presence of individual node failures. Moreover,
gossip protocols do not require global knowledge of the system state and can
operate under conditions of limited information availability. Overall, gossip
protocols represent an important class of randomized algorithms widely used

for information exchange and coordination in decentralized systems.

Any measurements obtained from sensors are always distorted by noise.
In the literature, disturbances with certain known normal statistical proper-
ties are usually considered [42,77,78]. The problem of controlling a sensor
network becomes significantly more challenging when considering arbitrary
uncertainties external to the system, such as limited but otherwise unknown
uncertainties [64]. Therefore, research in the field of stochastic optimization,
aimed at reducing the required a priori knowledge of uncertainties in the
problem for the functionality of optimization algorithms, is of great inter-
est [63].
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Stochastic approximation has a wide range of applications today in areas
such as adaptive signal processing, adaptive resource allocation in communi-
cation networks, system identification, adaptive control, and others. In the
works of B. T. Polyak [17], J. C. Spall [112,113], V. S. Borkar [43], A. B.
Tsybakov [17], H. Kushner and G. G. Yin [76], stochastic approximation is
used with time-varying step sizes converging to zero. There is an increas-
ing use of stochastic approximation algorithms for optimizing time-varying
objective functions. In such problems of parameter tracking, a sufficiently
small but constant step size is often used. D. P. Derevitsky and A. L. Frad-
kov in [4,5], in the analysis of the dynamics of adaptation algorithms based
on the construction of approximate averaged models, justified the possibility
of using stochastic approximation algorithms with non-increasing step sizes
converging to zero. Later, the study of optimization of time-varying objec-

tive functions was considered in the works of O. N. Granichin [10,11], N. O.
Amelin [38,64], J. C. Spall [122], V. S. Borkar [43].

Another randomized algorithm is the Simultaneous Perturbation Stochas-
tic Approximation (SPSA) algorithm [111]. It is capable of solving optimiza-
tion problems [54] in the presence of arbitrary but bounded disturbances and
time-varying system parameters [10,11,17]. These uncertainties can be non-
random, and even if they are random, their statistical characteristics are not
necessarily known [108|. The main feature of SPSA is that it uses simultane-
ous perturbations at the input and, instead of estimating the gradient as in
traditional optimization methods, SPSA estimates a gradient approximation
based on random perturbations of the function and the corresponding changes
in the objective function. SPSA has several advantages. Firstly, it effectively
operates in conditions of bounded but generally unknown disturbances since
it does not require information about their exact properties. Secondly, SPSA
allows for computational cost reduction as the gradient estimation is based

only on two function values obtained with random perturbations.

The original idea of the ant colony optimization algorithm comes from
observing ants in their search for the shortest path from a colony to a food

source [53].
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Figure 1.1: Ant Colony Optimization

The primary goal of ants is to find food. Thus, the first ant finds the food
source (F) by any means (a), then returns to the nest (N) leaving a trail of
pheromones (b) (Figure 1.1). Then, ants choose one of several possible paths,
reinforcing and making it more attractive. Ants choose the shortest path as
pheromones on longer paths evaporate faster. In experiments where there are
two paths of unequal length from the colony to the food source, biologists
noticed that ants generally choose the shortest path [53]. The model of such

behavior is as follows.

The ant colony functions through a mechanism known as stigmergy, which
involves information exchange using pheromones. When an ant sets out in
search of food, it leaves a trail of pheromones on its return path to the
nest. These pheromones attract other ants in the vicinity and increase the
probability of following the same path. Upon returning to the nest, these
ants reinforce the pheromone trail. Over time, if there are multiple paths,
more ants will travel along the shorter path, making it more attractive and
leading to the disappearance of longer paths due to pheromone evaporation.
This method of communication using the environment demonstrates self-

organization [55] and is applicable to various social animals, such as termites.
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The ant colony system reflects both positive and negative feedback. The
presence of other ants reinforces the pheromone trail (positive feedback),
while pheromone evaporation acts as negative feedback. Without feedback,
it would be impossible to choose a path if the amount of pheromones remained
constant over time. However, small fluctuations, amplified by feedback, lead
to the reinforcement of one path, ultimately stabilizing the system toward
choosing the shortest path. It should be noted that there are modern vari-
ations of the ant colony algorithm, including the elite ant system, Max-Min

Ant System (MMAS), ranked ant system, and long orthogonal ant colony.

Many algorithms for multi-agent coordination, currently used in domains
such as blockchain [114], mobile robotics [18,55], and emergent intelligence |55,
100|, are inspired by the dynamics of natural, social, and economic sys-
tems [41,44,93|.

The foundation of a multi-agent system consists of intelligent agents that
possess autonomy (the ability to work towards their goals without human in-
tervention or interference from other system components) and proactive be-
havior (agents consider not only online information from the external world
but also the history of their actions and the states of the external environ-
ment reflected in their current internal state, such as messages received from
other agents) [8]. In a multi-agent architecture, dynamically updated in-
formation obtained by an agent from the external world, as well as locally
available information from a limited number of neighbors, is processed by
the agent itself or transmitted to another agent. This significantly reduces
resource and time costs for communication in the network, as well as the time
required for processing and decision-making by the entire system (if there is
a central component in the system). Moreover, multi-agent systems are also
flexible, allowing the system to be extended and modified without rewriting

a significant portion of the program [33,103].

Recent research |99] has shown that bacteria are capable of interacting
with each other, fundamentally changing our understanding of the behavior

of simple organisms inhabiting the world around us. Bacteria use molecular
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signaling to measure the density of their population. The term “quorum sens-
ing” (QS) refers to the process by which a bacterial cell can sense the activity
of other bacteria through population concentration. Different species of bac-
teria coexisting in the same environment employ diverse signaling molecules,
enabling them to interact with other bacterial species. Currently, these quo-
rum sensing systems are actively studied for various categories of bacteria.
There have been significant advancements in understanding the genetics, ge-
nomics, biochemistry, and diversity of QS signaling molecules, including the
interplay between quorum sensing and the social behavior of bacteria. The
behavior and evolution of such bacterial communities are considered natural
examples of multi-agent systems since the interaction between bacteria oc-
curs locally, and population density measurement can be achieved without
gathering all the data in a central information processing center. Bacte-
ria successfully solve global tasks, such as population density measurement,
using only local interactions, which serves as an example of a multi-agent

algorithm.

Another important example of self-organization is DNA computing [35].
To explain the concept of DNA computing, let’s consider the well-known
combinatorial problem of finding a Hamiltonian path in a graph. This prob-
lem involves finding a path in an undirected or directed graph that visits
each vertex exactly once. DNA computing, based on the principles of self-
organization inherent in nature [105], can solve such problems with linear

time complexity.

Recall that DNA molecules typically form a double helix composed of
nucleotides containing a phosphate group, a sugar group, and a nitrogenous
base. There are four different nucleotides: adenine ("A”), thymine ("T7),
guanine ("G”), and cytosine ("C”). In the helix, nucleotides pair up according
to the fundamental complementarity rule: “A

7

always pairs with “T)” and “G” always pairs with “C” [120]. Addition-
ally, through heating, the double-stranded DNA can be separated into two

individual strands, or the reverse process (ligation) can be performed using
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a special enzyme called ligase.

Consider a directed graph G = (N, E) with |[N| = n nodes. Let ran-
dom DNA sequences consisting of twenty nucleotides represent the nodes
(vertices). An edge is associated with a DNA sequence obtained by aligning
the complementary sequence of the second half of the initial node and the

complementary sequence of the first half of the target node. For example, if
the first node has the DNA code:

TCAGTACCAG TACAGTCACA
complementary sequence :

(AGTCATGGTC ATGTCAGTGT),

where A represents adenine, T represents thymine, G represents guanine, and

C represents cytosine, and the second node has the DNA code:

TAGGTATGCT CAGATAAAGG
complementary sequence :

(ATCCATACGA GTCTATTTCC),

and there is an edge from the first node to the second, the edge is encoded

as:

ATGTCAGTGT ATCCATACGA.

This procedure is repeated for each available edge [26,27|. It should be noted
that the directions of DNA strands are omitted for simplicity.

Furthermore, all the described DNA codes are synthesized and mixed in a
single test tube to undergo ligation (a reaction that joins molecules based on
complementarity). As a result, all possible paths are created simultaneously

and in parallel. An example of such a path (molecules) is shown in Figure 1.2.

In this process, an analogy can be drawn with multi-agent technologies.
By forming strands and links into complex DNA molecules, as if they were
agents in a cascading process, nucleotides provide a solution to the problem.

Subsequent steps involve checking whether the molecules encoding Hamilto-



139

1-2 2-3
) |
ATGTCAGTGT ATCCATACGAGTCTATTTCC GTATCCCGTG!
| TCAGTACCAG TACAGTCACA)TAGGTATGCT CAGATAAAGG‘

f r
1 2

Figure 1.2: Example of a random molecule after ligation reaction

nian paths are present inside the test tube or not. The time complexity of
DNA computing results from local interactions and clustering, which increase
linearly with the number of graph nodes [23-25]. Furthermore, in [106], this
characteristic was compared to the branch and bound method, revealing that
DNA computing performs significantly better for adjacency matrix sparsity
parameters of 0.85, 0.9, 0.8, and increasing numbers of graph nodes (37, 43,
45, respectively). In [32], the traveling salesman problem was also addressed

using DNA computing.

Multi-agent algorithms also emerge in social networks. In [93], models
of social processes are described that were developed concurrently with the

theory of multi-agent systems.

The Local Voting Protocol is another example of a multi-agent approach
that enables decentralized decision-making and coordination among agents
in a network [37,38,68]. According to this protocol, tasks arriving at network
nodes can be evenly distributed among all nodes through their communica-
tion (data exchange between neighboring nodes). It finds wide applications
in various domains. In the context of aircraft wing control during turbu-
lence [92], the Local Voting Protocol demonstrates its effectiveness in miti-
gating turbulence effects. By employing a network of small rotating blocks
equipped with pressure sensors, the protocol enables local feedback and in-
formation exchange between neighboring blocks. This allows the blocks to
adjust their positions based on pressure comparisons, ultimately reaching a
consensus state where the integrated pressure forces become equal for all
blocks. This showcases the ability of multi-agent systems to adapt and self-

organize to solve complex tasks related to turbulence. Similarly, the Local
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Voting Protocol has shown effectiveness in load balancing in large-scale net-
works [38,115]. By redistributing tasks among agents based on local informa-
tion exchange, the protocol aims to achieve uniform task distribution. This
optimizes the overall task completion time, reduces delays, and enhances

network efficiency.

One possible solution to the problem of sensor network control considering
topological constraints is the distribution of observed objects among sensors,
as described in [102]. However, this method has significant drawbacks, includ-
ing high computational complexity and the need for prior knowledge of which
object is closer to which sensor. An alternative approach involves random-
ization in selecting observed objects and using a randomized and multi-agent
approach within the sensor network to select neighboring sensors (for data

transmission between them) [33,103].

The aforementioned examples confirm the relevance and necessity of using
randomized and multi-agent approaches in sensor network control, which will
be further described.

1.4 Sensor Network Control Problem

There are various ways to estimate the locations of moving targets based
on sensor measurements. Traditionally, centralized algorithms are used,
where it is assumed that all sensors transmit the measured distances to the
targets to a central data processing center for estimating the unknown vector
(see Fig. 1.3 left). This approach works well when there is a small number of
observed targets. However, as the number of targets increases, data collec-
tion, transmission to the center, and processing become bottlenecks [58,85.
An alternative approach is to use a distributed approach, where sensors are
treated as autonomous computational nodes (agents) capable of processing
locally available information from a limited number of neighbors and ex-
changing data with them. This can significantly reduce communication costs

in the network as well as the time required for processing and decision-making
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by the entire system (see Fig. 1.3 right).
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Figure 1.3: Centralized (left) and distributed (right) approaches for control-
ling a sensor network to track moving targets

In the distributed approach, one important task is to select neighbors for
communication. On one hand, a sensor cannot constantly exchange data with
all network nodes, as it would lead to resource-intensive data processing and
would not differ much from the centralized approach. Additionally, there
are often technical limitations on the number of communication channels
(communication constraints) in practice. On the other hand, communicating
only with a small, fixed number of neighboring sensors may lead to the loss of
important information about the entire system due to limited sensor coverage
or even result in a degenerate estimation problem. Therefore, optimizing the

selection of neighbors for each sensor is a relevant task.

1.4.1 Optimization of Target and Sensor Network

Selection

One way to optimize the allocation of targets among sensors, taking into
account the load on each sensor and the accuracy of target localization, is

presented in [102].

Let ff;i be the measurement obtained by sensor ¢ for target [. Assume that
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such an estimate looks as follows: rt =l +§ , where r! is the true location
of target [ at time ¢, and é}’ is an unknown—but—bounded disturbance, which
can be described by an ellipsoid around the estimate ¥ rt . In this case, it can
be assumed that the ellipsoid guarantees the containment of the true value
rl. This means that if there exists a bounding ellipsoid, the estimation error

I lies inside this

Hrt

ellipsoid:
&' ={Z s+ =] <1},

where Eff is the matrix describing the shape of the ellipsoid, and Ti’i is
the center of the ellipsoid. If ”“(”“) >0, then the previous expression is

equivalent to:

& = o - E) e - T < 1) (1.6

Since we are considering a sensor network, for each target [, there is
a set of estimates ¥ = {F',...,F"} and their corresponding ellipsoids
gt“ = {85’1, e ,515’”}. Since the ellipsoids guaranteedly contain the true
value 1!, it is possible to reduce the uncertainty of the target location by
finding the intersection region of the ellipsoids obtained for different sensors.
The smaller this intersection region, the more accurately the true vector r!
can be determined. However, it is worth noting that finding the volume of
such an intersection can be a challenging task. One possible solution is to

approximate the intersection region with an ellipsoid [81].

Let é'tl be the ellipsoid that approximates the intersection of the ellipsoids
obtained for target I, and & = {&',...,E"} be the set of such ellipsoids
obtained for each target. The goal is to find a set & such that the sum of

the volumes of the ellipsoids is minimized:

& = argmin Z vol(E))
& lemM
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To reduce the processing load and communication, it is also necessary to
minimize the number of sensors tracking each target. Let P, be the tar-
get allocation matrix among sensors. The elements of this matrix indicate
whether sensor ¢ is tracking target [ or not. Each matrix P; corresponds to
its set of ellipsoids &. Optimizing the target allocation among sensors cor-
responds to a sparse matrix P, as reducing the number of sensors tracking
the same target leads to lower communication and data processing costs. A
typical approach to achieving sparsity is by regularizing the [y-quasinorm.
However, since optimizing the [p-quasinorm is a non-convex and NP-hard
problem, [91] proposes using the [;-norm, which provides the best approxi-
mation of the sparse solution. As a result, the problem of minimizing the

target allocation matrix among sensors can be formulated as follows:

P, = argmin (Z vol(ED) + o Z | PE|, + BZ HPt("i) |1> , (L)
leM leM ieN

Py

where « is a parameter controlling the number of sensors tracking a single
target, 8 is a parameter controlling the number of targets tracked by a single
Sensor, Pt(l") is the [-th row of the matrix P}, Pt("l) is the ¢-th column of the

matrix P, and || - ||1 is the {;-norm.

In [102], the optimization problem (1.7) was reformulated in terms of

linear matrix inequalities and solved using the CVX package [66].

1.4.2 Randomization of Topology

The previous subsection describes a method for target and sensor network
selection. However, this approach has drawbacks such as the long computa-
tion time using the CVX package, and the need to solve the resource alloca-
tion optimization problem again when targets move significantly or sensors
are deployed or removed, which can be a computationally intensive process.

An alternative approach is to use topology randomization [19].

Suppose the following topological constraints are given: each sensor i € N/
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is able to measure the distance to only one target and collect data from p
neighbors at each time ¢, where p is a predetermined value. In practice, due
to certain limitations, the number of available communication channels is

usually less than or equal to the dimension of the space (p < d).

To satisty the communication constraints, topology randomization can be
used, similar to the gossip protocol [52]. The idea is to randomly select com-
munication links between sensors at each time step, effectively randomizing

the communication graph.

More formally, to satisfy the topological constraints with a maximum of
p communication links for each sensor, the topological graph is randomized,
denoted as G4, at each time step t. This is achieved by selecting a randomly
chosen subgraph Gp, C G4 with an adjacency matrix B; = [bi’j ], where each
row of B; contains at most p non-zero elements. In other words, the graph
G4 represents all possible connections between sensors, while the graph Gp,
represents the specific connections between sensors at a given time ¢. For
example, if the adjacency matrix of the graph G4 is complete (all sensors can

communicate with each other):

—_— = = O
e e =
e e
O ==

then for p = 1, the adjacency matrix of the graph Gp, at time ¢ = ¢; can be:

Bt:

1

oS O O O
o o O
= O = O
o = O O

and at time ¢t = ¢y, it can be:



145

(b) G, (c) G,
Figure 1.4: Examples of topology

0001
[t oo00
' 0100

0010

In practice, this randomization means that each sensor receives data from
only a small number of p other sensors, and these sensors are constantly
changing. In the example described above, at time ¢ = t;, the first sensor
receives data from the second sensor, while at time ¢ = t,, the same sensor
receives data from the fourth sensor. An example of graphs representing a
sensor network is shown in Fig. 1.4. It is worth noting that neighboring agents
for communication are independently and uniformly selected, similar to the
gossip protocol [52]. Essentially, the topological graph G4 is randomized in

the same way as in [51].

The assumption on the topology of the randomized network is introduced.
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Assumption 3.a) Foralie N,j € N}, the wez’ghtsbi’j

are independent random variables with mean values: Eb)’ = bl bounded

variances: E||L(B;) — L(Buw)||* < 0%, where By, = [b%], and bounded
covariance matrices: E[(L(B;) — L(Baw))(L(B;) — L(Bw))T] < Qp, with
bmax betng the marimum element of Q)p.

b) The graph Gp,, is strongly connected.

In the described approach, when randomizing the topology, the selection

of the previously described set u € U; is random. We define such a set as
u=(:,J,10),

where i € N, J C N, 1 € M. Referring back to the example above, one of
such sets for the first sensor could be represented as follows at ¢ = t1, taking
into account that the first and second sensors consistently observe the fifth
target: u = (1,2,5).

Let Prj(x) denote the projection of the components of vector x corre-

sponding to observations of target [.

The target tracking problem with a sensor network can be reformulated

as the following stochastic optimization problem: at each time step t, we

£
need to find a common estimate of the target locations 6; = : e Rmmd
~Am,n
Iy
that minimizes the loss function
0, = argminE, Z Fi(u,#") = argmin Z Fi(8,), (1.8)

0, ieN 0y ieN

where
Fj(0,) =Ez_ {fi(u,8,") | i(u) = i}

over the noisy measurements of the objective function

yi = fi (wy, Pryy (x1)) + vy,
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where v! is unknown-but-bounded noise. Under uniform sampling ui &
Uy|iu)=i, the solution of problem (1.8) corresponds to the previously stated
objective (1.4).

To solve such a problem, the zeroth-order method is proposed. This class
of methods utilizes measurements of the objective function and does not

involve computing gradients or higher-order derivatives.

1.5 Summary

In the first chapter, a network model for observing moving objects based
on a randomized approach was developed. Assumptions were formulated
regarding the velocity of targets (Assumption 1), sensors, observation points,
and measurement noise (Assumption 2), as well as about the topology of the
randomized network (Assumption 3). The optimization problem was defined
to generate consistent estimates of the locations of all targets at each time
step, taking into account noisy measurements of the objective function: at

each time t, it is necessary to find a common estimate of the target locations
~1,1
(rt \

fm,l

et — Atl 2 G and
r

)

t

AN
i7" )

that minimizes the loss function
§, = argmin Z Fi(6,),
0 iEN

where
Fj(0) =Ez_ {fi(u,#,") | i =i(u)}
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based on noisy measurements of the objective function
?JZ - ftZ (uia Prl(u@)(X%» + Ui:

where v! are unknown-but-bounded disturbances, and E(vi)? < ¢2, where ¢,

is computed using constants from Lemma 1.
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Chapter 2. Distributed
Randomized Stochastic
Approximation Algorithm
Combined with Local
Voting Protocol

2.1 Optimization of Nonstationary Mean

Risk Functional

In the work [108], a randomized stochastic optimization algorithm com-
bined with a consensus algorithm was proposed to solve the optimization

problem (1.8) for a general class of functions
Ji (ug, Prygey (7)) -

[t is worth noting that the work [108] considered the function fgt (x4, where
{&}, & € = is an uncontrolled deterministic or random sequence, and = is a
set. The function f{ (uf, Pry;)(x})) from Section 1 is a special case of the
function fgt(xi), where & consists of all vectors u! generated at time . Let

us present the algorithm from [108].

Let A'};, k=1,2,...,i € N be observed sequences of independent ran-

dom vectors from R™ with a Bernoulli distribution, where each component
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independently takes values i\/ia with a probability of % Such a sequence
is usually called a synchronized probing perturbation. Let Ki(-) : R? —
R k=1,2,....i € N be a set of vector-valued functions. We will assume

the following properties of vectors &, and A} (as well as u} and Al).

Assumption 4. For anyi € N: a) the vectors &, Al k =
1,2,..., i € N, are mutually independent; b) £, AL, s, |, sb, . if they are
random, are independent of the o-algebra Foy_o; ¢) if UL, is random, then the
random vectors £, Al and the elements s, |, sb,, 0. are independent; d)
the vectors u%, 2, k=1,2,..., i€ N, are mutually independent; ¢) uﬁﬁ,
N

, sb 1, sb, if they are random, are independent of the o-algebra Fop_o;
f)if f},i is random, then the random vectors uk, Al and the elements s, 1,
sb,., Ut are independent; g) E||AL|]? < o3, E[AL(ADTY] < 0% L

Take a fixed non-random initial vector 56 c R™ i € N, a positive
step size «, a gain coefficient 7, and choose sequences {5; and {5, } such
that By = B + B, > 0. Assume that the function fglk(XZ;) is available
for observation at each time step k with the unknown-but-bounded noise
v Y = fi(x}) + v} Consider an algorithm with two observations of
distributed subfunctions fgt (x!) for each agent i € N to construct sequences
of observation points {x}} and estimates {6;} of the common state vector of

all targets.

)
+ A AN
X2k_9kz o+ BrA, xb, 1—6%2 By AL

Z —

k1 = 0919

7 y%k_yék—l 7
92k = 92k 1 @ [ K(Ak)+

o

(2.9)

VZjeNgk . o1 ( %k—l - 9%1@_1)} ;

Let’s consider the last equation of algorithm (2.9): the first part is analo-
gous to SPSA from [64], and the second part corresponds to the Local Voting
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Protocol (LVP) from [38], where it was studied for stochastic networks in the
context of load balancing. The SPSA part represents the stochastic gradient
descent of subfunctions F’f(@), and the LVP part is defined for each agent
1 as a weighted sum of the differences between the information about the
current estimate é\;k_l of agent ¢+ and the available information about the

estimates of its neighbors.

The main result of the work [108] is the theorem on the convergence of the
randomized stochastic optimization algorithm combined with the consensus
algorithm to the set of possible values for the general class of functions fgt (xh).
Let’s present the assumptions introduced in [108|, and considering the specific
form of the function f{ (uf, Pry(x})) = H[ﬁPI’z(ug)(Xi) - HtuiHQ, we will
check the conditions of the theorem for the network observation model of

moving targets.

Condition 1 from [108]. The functions F/(f;) are convex and have a

common minimum point 6, as well as:

vx € R? (x — ri,EfFlVfé(x)) > 0.

Checking Condition 1:
(x —rLEr Vi (w.x)) = 2Bz (x — )" (1") " ("% — H}Y) =

i T i i i i i i
2, (1)) (I = H}Y) = 21 — HYT (1% = H*) > 0.

Condition 2 from [108]. The gradient V f{ (x) is Lipschitz continuous

with a common constant M > 0:

vx', x" € R? HVfgt(X') — Vfgt(x”)H < M||x" —x"|.

Checking Condition 2:

IV £ (), x) = V £ (af, x")|| = 2[ (1) ¥ (x = x")|| < M|[¥' = X",
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where M = 2max; ||(I™)T1]].
Condition 3 from [108]. The gradient V f{ (x) is uniformly bounded in

the mean square sense at the minimum point r':
B[V fe,(r)l* < g3,

E(Vfe, (1), Vi, (ria)) < g

Checking Condition 3: since V f{(ul,rl) = 0, we have gy = 0.

Conditions 4-8 from [108] are automatically satisfied based on the previ-

ously introduced Assumptions 1-4.

2.2 Distributed Randomized Stochastic
Optimization Algorithm Combined with
Local Voting Protocol for Moving Target

Estimation

The nature of the problem allows us to adapt (modify) algorithm (2.9)
and restate the convergence theorem of the algorithm to the set of possible
values in terms of the problem formulated in Section 1. Moreover, the refined
formulations of the theorem allow us to derive a suboptimal step for the

modified algorithm.

Let’s consider the modified distributed randomized stochastic optimiza-
tion algorithm combined with the local voting protocol for the developed
observation model of moving targets [46|. It should be noted that, unlike in
the work [108], a constant perturbation scale 8 > 0 and K} (AL) = Al will

be used here.

We choose observed sequences of independent random vectors A’ € R™4

with a Bernoulli distribution, where each component independently takes
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values i\lf with a probability of i 5, and also ul € U, according to the ran-

domized graph topology Gp,. We take a fixed non-random initial vector
@\8 € R™ 4 € N, a positive step size a, a gain coefficient 7, and a pertur-
bation scale 3. Consider the algorithm with two observations of distributed
subfunctions f{ (u}, Pryi)(x})) for each sensor i € N to construct the se-
quences of observation points {xi} and estimates {6i} of the common state

vector of all targets:

o ni A i
sz = 02k o T BAIW Xy = Oy — BA,

Y] J—

92k 1 — 92]{1—27

9@ 9 Az y2k y% 1_|_
2k — Y2k—1

72;‘@\/3 7 ( %1 Q%k—l)} :

7\

(2.10)

Let’s introduce the following notations:

Yi
ye=1: |,
yi'
A%%
A, ., = diag,,
AL,

Using these notations, the algorithm (2.10) can be rewritten in the fol-

lowing form:

O = b1 — A (m;—ﬁy%_l ® 1md) + (2.11)

V(E(B%fl) ® Imd)e_gk,l].

To formulate the main result, we need to introduce the following notations

and define constants with respect to Assumptions 1-4. Let £ = L(By,),
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where £(-) is a function defined on the average network connectivity matrix
Bav. A2 = Re(Ao(L)), Amax = Mowax(LTL), Bdiag{..., I}, ...} = I,,,

1 )\min ]cw if )\min [cw > 07
Amax — Amax(lav)a Amin - / ( ) ( ) )
0 if )\min(]cw) S 07

1 = 272 + 4Amin,

€3 = V(X + 08) + 4+ 47 A A + 2L,

3 = 0(27v/nmAmax + 63v/mA ez + /1),

e1 = 0(VAmax (V3 + 2v/MAmax) + L7 (23/MA2 o + /T max) + 2(2y/ AL, +
V@Amax)),

c5 = n(8md%Ayax + 4/mo*\/q),

c5 = n(% + (1 + 25) (4mA2,, + 4/ +

Definition 2. The sequence of estimates 02k has an asymptotically
efficient upper bound L > 0 on the mean-square tracking error if Ve > 0; 3k
such that Vk > k

VElor — 1, ® ]| < L+ <.

The following theorem demonstrates an asymptotically efficient upper
bound on the mean-square tracking error provided by the algorithm (2.10) (
130]).

Theorem 1. If Assumptions 1-4 are satisfied and the positive constant
a is sufficiently small: oo < min(cy/co, 1/u), then the sequence of estimates
produced by the algorithm (2.10) has an asymptotically efficient upper bound

equal to
-1
L=- (h + /Rt lu> , (2.12)
(4
where 1 = ¢y — acy, h = c3 + acy, l:c5—|—0466—|—4”aﬁ.

Proof.

The proof largely follows the proof of the theorem in [108|.
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Let d! = é\é(ﬂ] —6;, d; = col{d},...,d"}, where [-] is the ceiling
function, Vi = ||agk||, S = %((ygk _}_’Qk—l) ®Imd)Ak:7 Vi = CO]{@%, e ,f}g},
Us.0 = col{ul.,, ..., ul,}.

Let Fr 1 = 0{Fr_1, Vor_1, Vor, Ear_1, o, Ug, Ay} is the o-algebra gen-
erated by all events Fi_1, Vor_1, Vor, Eoret, Eop, Up, Ap, Fror = 0{Fi_1,

Vor—1, Vo, &ok—1, Eak, g}, and F_1 = 0{Fk_1, Vor_1, Vor, Ear—1, o }:
Fr_1 C Fk—l C ﬁk—l C ]'_—k—l C Fi.

Taking into account the algorithm (2.10), Assumption 3, and the conditional

expectation with respect to the sigma-algebra Fj,_;, we obtain
Ez, Vi = |18ll* + o*y’opviy — 28k Ex_8e) +Ez 867, (2.13)

wehr gk - (Imnd - OWZ ® ]md)anz—2 + 1n & (QQk—Q - 921@); Z = E(Bav)-

Under fulfillment of Assumption 3, we have Ay > 0 (see [90]). Hence, for
the first term in (2.13) we derive

£ lI” < (1 =209 As + @A Vi + 4ay/nimApaxdvy 1 + 4nmd®,

Due to Assumptions 1 and 4 and the conditional expectation over the
sigma-algebra Fk — 1, and then over the sigma-algebra I3 r_1, we can estimate
the third term in (2.13) as follows:

2<gk; Eﬁk71§k> < (_404Amin + 40527/_\maxAmax>V]%_1+

(4ar/MmOAmax + 2004/G0 + 202V Amax (VG + 2v/ MOy )
+-8v/Mad Aoy ) Vk—1 + 8Mad* Apax + 4v/mad?/q.

Taking the conditional expectation over the sigma-algebra Fj_; for the
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last term in (2.13) and considering Assumption 2, we obtain:

2

E}—k—l Hng < 4_52(277“6 + (2g52 + 462)(4A?naxyk—1+

(8\/_5Amax + 4\/_6Amax)yk 1 + n(4m52 max + 4\/_5\/_6 + q52)))

Summarizing and taking the conditional expectation over the sigma-

algebra Fj_1, we obtain the following from (2.13):
Er, v < (1—pa)vi | +2ahv,_ + al. (2.14)

[]

R e m ar k 2. The observation noise v; in Theorem 1 can be considered
almost arbitrary since it can be either non-random but bounded or realizations
of a random process with arbitrary internal dependencies. In particular, it is
not necessary to assume that vy and F;_1 are independent in order to prove
the results of Theorem 1.

R e m ar k 3. The consequence of Theorem 1 shows that for the case

0 = 0 (all targets do not change their positions over time), the asymptotic

upper bound is given by L = Cég For any level of noise c,, this bound

can be made arbitrarily small by choosing sufficiently small o. However, in
the case of moving targets, a large norm of changes 0 can be compensated by
choosing a larger step size . This leads to a trade-off between reducing o

due to noisy observations and increasing o due to the drift of optimal points.

R em ar k 4. In the case of Ain = 0, the traditional conditions of strict
convexity typically imposed when justifying the correctness of such algorithms

are not satisfied.

R e m a r k 5. The algorithm can be accelerated by adding the Nesterov
acceleration method [7, 34, 60] or heavy-ball momentum term [59].

The refined formulations of Theorem 1 allow us to derive the suboptimal
step size of the modified algorithm (2.10) ( [104]).
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T heorem 2. Under the assumptions of Theorem 1, o = ,/% is the

suboptimal step size of algorithm (2.10), and the corresponding value of[A/ 5

given by
L =2y/C,Cy + Cs. (2.15)

Proof. For fixed 8 and -y, the upper bound of the estimates (2.12) can be

estimated as follows:

_ -~ h L h [ -
P<L=—(24+-5)=2-+—=L+0(’
< M<+2h2> ,u+2h + O(a”),
where L = aCy + @ + (3, C1 = (e1(c1¢3eg — crezeqcs +Anmd?cr el + 4ciey) +
4eac3) [ (263c3), Cy = (4nmé?)/(2c3), C = (4C§+03C5cl—4nm520401)/(20103),
and O(a?) represents the order of magnitude equivalent to a?. Taking the

partial derivative with respect to «, we have:

2.3 Weighted Version of the Distributed
Randomized Stochastic Optimization
Algorithm Combined with Local Voting

Protocol

In practical applications of various algorithms, there may be situations
where certain observations of a random variable realization yield very large
values. Typically, in real-world systems, when the parameters have large
values, the models of dynamics are poorly known. In such situations, the

model is often determined based on convenience of use. However, it is un-
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desirable for a single large observation to have a significant impact on the
computation of the current estimate. To address this, it is necessary to use
robust procedures similar to those used in robust statistical analysis [12]. For
example, if some targets have a different motion pattern compared to other
targets, it is reasonable to group them separately. To account for the different
motion patterns of different target groups, we introduce a weighted version
of the distributed randomized stochastic optimization algorithm with local
voting protocol. Furthermore, we will prove a theorem on the asymptotically
efficient covariance matrix bound of the residuals, rather than the residual
variances as in Section 2.2, which allows for a more detailed analysis of the
algorithm convergence. It is worth noting that we will only consider the case

p = d, where the number of sensors is equal to the dimension of the space.

Let us define a diagonal matrix U = [¢;;], where ¢;; > 0 if ¢ = j,
and 1;; = 0 otherwise. We choose independent random vector sequences
Al € R™ with a Bernoulli distribution, where each component indepen-
dently takes values i\lf with a probability of 2 5, and ul € U, according to
the randomized topology graph Gp,. During the initialization stage, for each
i € N, we select an initial vector é\é € R™ a positive step size o, the matrix

U, a gain coefficient v, and a disturbance scale 5 > 0.

To obtain estimates {6} of the common state vectors {#!} based on
measurement points {x!}, we propose using a weighted algorithm with two

measurements of distributed subfunctions f; (ul, Prjy )(xt))

Y A i i i A i
Xop = Oy o + BAL, Xy =0y 5 — BAL,

1
2k—1 _92143 27

sz — (9% . —a¥v [Az y2k %zk 1+

VZjeNgk . YA ékq - Q%kl)} :

(2.16)

Using the previously introduced notation and ¥ = I,,@W, algorithm (2.16)
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can be rewritten as follows:

Oo = Oo11 — VU | A, Y2k — Y2k-L @ 1pa | +
23
’Y(L(B%—l) & ]md)éZk—l] . (217)

To formulate the main result, we need to introduce the following notation
and define new constants that differ from those introduced earlier in Section
2.2: ¢ =1 — g1 — acieo,

Cco = a% + 202A€3,
Cy = YU (L(Ba) ® Iina),

CQ = \IIRka
03 - %OQA[(4620-2A + 52)(4V]’€I‘_1Rk7/k_1 - 125€l/k_1 + 962) — 2cv5(2€yk_1 —

30) + ] Lnma,

Cy = oAl(=2 +1)U(diag,,,q(e) (9T, ® Qs)diag,,q (e) U + (=21 +1) (47, ®
@s)],

Cs = (1 — )40, ® Qs,

Cs = Cy + 220,

Definition 3. The covariance matrix of the residuals has an

asymptotically efficient upper bound ¥ > 0 if there exists k such that Yk > k
E[(for — 1, ® o) (B, — 1, ® Oop,) "] < T+ B,
ede B, — 0.

The following theorem shows the asymptotically efficient upper bound on

the covariance matrix of the residuals achieved by the algorithm (2.16).

T heorem 3. If Assumptions 1-4 are satisfied and o« > 0, then the
covariance matriz of the residuals obtained by the algorithm (2.16) has an

asymptotically efficient upper bound X3, which is the solution to the following
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equation:

Y = c1([Lma — @Cs) S Lymg — aCF])— (2.18)
ozcngZC; + a272@Z(QB ® ]md)\IfT + a2C5 + aCly,

Proof.

Denote d! = é\;[ﬂw — 0, d; = col{d},...,d"}, where [-] is the ceiling
— 2 _
function, v = doy, X = E[pp)l], §p = %Ak((}_’% — Vor-1) ® Lpa), V¢ =

col{d},..., 0"}, Upeg = col{u).y, ..., ulto}, U =1, ® V.

Let Fr_1 = o{Fr_1,Vor_1, Vor, Ear_1, Eor, g, Ay} is the o-algebra gener-
ated by Fr 1, Vor_1, Var, Eor_1, Eop, Uk, Ap, Frr = o{Fr_1, Var1, Var,
Eon1, Eor, U}, and Fy 1 = o{Fr_1, Vor_1, Vor, Eor_1, Eany: Fro1 C Fr1 C
]‘N—k_l C fk—l C Fi.

Considering for_1 = fop_5 and L(Bay_2)1, = 0, we obtain
vy, = O — 1, ® O, = 8 — VS, — ayVU[(L(Bar—2) — L(Bav)) ® Imalvi—1,
where
8k = [Tuma — @YU (L(Bay) @ Lng)|[Vi-1 + 1, @ (B2 — bz
. Then

Dy = vy = gi8j — 815, V" — Usgr + Uss; Wl —
ay(gr — USk)[(L(Bap—2) — L(Bay)) @ Lna) W' —
ayW[(L(Boy-2) — L(Ba)) ® Imd]Vk‘—l(g/E - gg@T)+
Y U[(L(Bak-2) = L(Baw)) @ Ina] Di—1[(L(Ba—2)—
L(Bay)) @ Lng| " Wr.

By taking the conditional expectation with respect to the o-algebra Fj_;
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and applying Assumption 3, we have
Ez . [Di] < &8l — 815, V" — Us,gl + U580+
(2.19)

a272bmax®Dk—1\IjT7

where b,y is the maximum element of Q)
Next, let’s take the conditional expectation over the o-algebra Fj_;

[Di) < &gy — 8By [5;]V" — VEz  [Silg; +

1y \/ (2.20)

Ez,_,
5151 9T + 0?2 bax U Dy, UT

For the first term in (2.20), using Assumption 1, we can derive

gkgg S (1 - 53)([Inmd - &le(ﬁ(Bav) X Imd)]zk—l
[Inmd - OW‘T’(/:(BM) & [md)]T) + (1 - 5_3)4J 0% Q(S
Ty = diagg(eyu.,) @ 1,)0;, and

Denote 1} = ey ) ® [Cut i 1Dut 2
El=rl—rl | tornaVie {1,...,n}:
Yo — Yo = (2BA], — Z5)" (2diag,,4(€j(u; iy & I1)dy,
— Ehy.) + Uy, — Uy

2“2/{ 1

Assuming the fulfillment of Assumption 4, by multiplying with Ak and

taking the conditional expectation over the o-algebra Fk — 1, we obtain

Eﬁk_l[(yék - y%k I)Ai:] = 2502&11%—27
where QQk 9 = QdIagmd(el( i) & Id)dék 2 QEék—l - E%k
® Iy, ...

. Denote R; = dlagnmd(col{el €y, @ la}),
o} Accordlng to Assumption

Let OA —

= = col{Z},.

: s

e eofeny
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1, by taking the conditional expectation over the o-algebra Fi_1 and using
Ve > 0: ABT + BAT <cAA" ¢ %BBT
, we obtain the following expressions for the second and third terms in (2.20):

—giEy [0 —UE; [si]g) <
aoa [=2(Luma — 207V (L(Bay) @ L)) Sp_1 Ry ¥ —
2W Ry k1 (Lyma — 200y (L(Bay)* @ Ing)0h)—
e1(Lmd — 207 T (L(Ba) © Ina)) St L —
207(£(Bar)" © L) V) + (= + 1) W(ding )
(9], ® Qs)diag,,,. (e)¥T —
2o B R ST Ry 0T + (‘25_12 +1)(4T, ® O5)].

According to Assumptions 1 and 4, and using the fact that A? is obtained
from a symmetric distribution, we can take the conditional expectation over
the o-algebra Fj_; as the fourth term in (2.20), and then take the conditional
expectation over the o-algebra Fio1. As a result, we obtain the following

expression:

2
o (0%
Ez [si81] < —0al(48%0A + ) (A Ryvy1—

120evy,_1 + 952) — 2¢,6(2ev—1 — 36) + ¢ ] nmd-

By summing up the upper bounds and taking the unconditional expec-

tation, we obtain the following expression:

Ek S Cl([Inmd - aCG]Zk 1[ nmd aCﬁ ])
OéCQCQEk_1CQT —+ « ’yzbmax\lfzk_l\l/ + 01203 + aCy + Cs.
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Let’s introduce the substitution: > = X + E}, where X is the solution
of equation (2.18).

Then,

Ek; S Cl([Inmd - aOG]Ek—l[Inmd - OJC(;F])—
aceCy By 105 + Y biax W E), 1 UL + Cs.

According to [16] Ey — 0. Therefore, the theorem is proven.

2.4 Distributed Randomized Stochastic
Optimization Algorithm Combined with

Local Voting Protocol for Estimating the
Positions of Static Objects

In the previous sections, we considered cases where the targets and sensors
can change their positions over time. The convergence region for algorithms
with such non-stationary problem settings was found to be a set of possible
values. However, it is possible to construct an algorithm for estimating the
positions of static objects that converges to a point, as in [12] (the optimal
state vector of all targets # will not depend on time because the targets are
stationary). To achieve this, we modify the distributed randomized stochastic
optimization algorithm combined with the local voting protocol. The main
difference from algorithm (2.16) is the replacement of the constant step size

«a with a variable step size ay.

Let ¥ = [¢);;] be a diagonal matrix, where 1;; > 0 if i = j, and ¢;; = 0
otherwise. We choose observed sequences of independent random vectors
Al € R™ with a Bernoulli distribution, where each component indepen-

dently takes values :I:\/ig with probability %, and u} € U; according to the
randomized graph topology Gp,. For each i € N, we choose 8 € R™ a
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positive step size ay, a matrix ¥, a gain coefficient v, and a disturbance scale
g > 0.

To obtain estimates {@\2} of the common state vectors {6’} based on
measurement points {x!}, we propose to use a weighted algorithm with two

distributed function measurements f{ (u}, Pryi)(x})):

4 . ~. A .
1 — 1 7
XYy, = 9 ok—2 T »BA Xop_ 1 = Oy_o — BAY,
1
‘9% 1= 921@ 2
z A i yék*yékq

szeNgk . ya 1(9§k 1 5%,{_1)}.

i, N

(2.21)

Using the notations introduced earlier, algorithm (2.21) can be repre-
sented as follows:
O = Oop—1 — ¥ |:Al<: (M;—ﬁy%_l ® ]-md) +
’)/(,C(sz_ﬂ & ]md)é%—l} . (222)

The following theorem provides an asymptotically efficient upper bound

on the covariance matrix of residuals obtained by algorithm (2.21).

Theorem 4. If Assumptions 2-4 hold, o, = 1, and — (YA2 + %)‘if +
%Inmd is stable (all its eigenvalues lie in the left half-plane), then the asymp-

totic convergence rate of algorithm (2.21) is characterized by the inequality

E[(6, — 0)@ — )] < 5 +o[), (2.23)

n

where the matriz S is the solution to the matriz equation

-2 a1
i /S —
5((%2+m) 2nmd)‘|‘
2

- 1 .
((7)\2 + E)\II - §Inmd> S =dnc VUt (2.24)
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Proof.

Let us denote d! = é\;(d] — 6, d; = col{d},...,d"}, where [-] denotes
2 _
the ceiling function, vy = dox, Dy = vgvf, Sx = E[Dy], 8 = g—gAk((ka —
Yor-1) @ Lya), Vi = col{@}, ..., 00}, Gy = col{ui,...,ul}, ¥ =1, V.

Let Fioq = o{Fr-1,Vor_1, Vor, Uy, Ak} be the sigma-algebra generated
by the probability events generated by Fy_1, Vor_1, Vor, Ag, Fee1 = 0{Fp_1,
Vok—1, Vor, O}, 1 Fi1 = o{Fi1, Vor1, Vor}: Fi1 € Fro1 C Fpoy C
]'_-k;—l C Fi.

Using that fop_1 = Oa_9 and L(Boy_2)1,, = 0, we get

vp =0, — 1, ® 0 = g, — USp—
aYVU[(L(Bar—2) — L(Baw)) @ Lpalvi_1,

where gy = [Inmd - ak’yqj(ﬁ(Bav) & Imd)]l/k—L
Then
Dy = g8l — 15, U" — Usgf + Us;5, 01—
apy (8 — Usk)vp_ 1 [(L(Bar—2) — L(Bay)) @ Lna] " W' —

YU [(L(Bak-2) = L(Bav)) @ Lnalvi-1(8r — 5 ")+
Q272®[(£(B2k—2) - L(Bav)) X [md]Dk—l[(ﬁ(BQk—Z) - E(Bav)) & [md]T\i]T-

Now, let’s take the conditional expectation over the sigma-algebra Fj_;

and apply Assumption 3:

Er . [Di]l < g&8f — 815, V' — Uspg) + Ussp U+
2y by || Di—1 [|PU 0T (2.25)

where by is the maximum element of Q)g.

Taking the conditional expectation consecutively over the sigma-algebra
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Fi_1, we have:

Ez [Di] < &gt — @Bz [SHVT — UE; [si)gh+

VEz, (555 ]0" + a4y bunaxl| Do [[FTT T (2.26)

Under Assumption 3, we have Ay > 0 (see [90]). Therefore, for the first

term in (2.26), we obtain

8:8r < D1 — oYM (UDg1 4 Dp W) + gy Al | Dy || P20

Let rl(U};) - el ® [Cuk] 1Duk7 rt( 2) - diagmd(el( X Id)ellh ~Z —
vh, — vh, |, then for any i € {1,...,n}:

i i AT u] ~i
Yy — Yo 1 = 4B(AL) T () — r'M) + 3,
Under Assumption 4, we have Ez 5} Al] = 0. Let us denote

R: = diag,,,q(col{eywr, ) ® La, - - -, €ur.,) @ la})-

According to Assumption 4, considering that A} is taken from a sym-

metric distribution, for the fourth term in (2.26) we have
Ao 5185 <
40iE 7 [Ak(Ak) "RiDy 1 Ry AL(A) )+

Z VEz [ALAN)T.

ieEN

Let Z; = E[AL(A;)T]. Summing up the second and third terms from
(2.26) and taking the conditional expectation over the sigma-algebra Fj_1,



167

we obtain:
—E; (2S5 —VE; [5i8)] <
Qo _ _
_QEk(Dk_lzg\IlT + \IkaDk_l)—l—

1. - _
Qa%VE/\maX\IJ(Dk_leT + Z1.Dj_1) 0T,

Taking the conditional expectation over the sigma-algebra Fi_1, we have:

2

Ez [s18;] < 4 Dk lEz [ AT+
O‘k 2
—= N (0.)* Z.
2
45 1eEN

Finally, taking the conditional expectation over the sigma-algebra Fj_4

according to Assumption 2, for the fourth term in (2.26) we obtain

VEr, [8i5;]7" < 4—\|Dk IPIE7 [ Ag] e +

2

4—ﬁ2nc \IJZ

In the end, taking the unconditional expectation and considering that
12 ' Z1 — Lumall = O(k™1), agzr. = k™1, we have the following from (2.26):

19 _ _
Xr < Epo1 — (apyAe + EE)(Zk—ﬂI’T + U )+

- = 1
40i 2t Ut 4 E@O(HZ;C_lH) + o(k™?),

where {k} : ki, = 0 if k — oo,

Let
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Consider the equation (2.24): if
< 2. = 1
—(YA+ =)V + =1,
(A2 + m) T 5 lnma

is stable, then there exists a positive definite matrix S that is a solution to

this Lyapunov equation.

We estimate W, from above:

1 - 2. = 1
<Wi 14— —— W Bl N 7 A —
Wi < Wit = ——7 Wi (('Y>\2 +—) 5 nmd)
1 - 2. - 1
P ((7)\2 + E)‘P - §Inmd> W1+

1

O Wi ) + o).

According to Lemma 9 in [12], we have W}, — 0. Therefore, the theorem
—00

1s proven. [l

2.5 Summary

In the second chapter, it is shown that due to the specifics of the prob-
lem, the distributed randomized stochastic approximation algorithm com-
bined with the local voting protocol can be modified considering the devel-
oped sensor network management model. Three variants of such an algo-
rithm are presented: an algorithm for estimating moving targets (2.10), a
weighted version of the algorithm to account for the different nature of tar-
get motion (2.16), and an algorithm for estimating the locations of static
objects (2.21). The applicability conditions of the distributed randomized
stochastic approximation algorithm combined with the local voting proto-
col from [108] are also investigated for the network observation model. For
the first algorithm, Theorem 1 is proven regarding convergence to the set of

possible values. This theorem largely repeats the theorem from [108], but
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the refined formulations allow for the derivation of a suboptimal step size
for the algorithm (Theorem 2). For the second algorithm, Theorem 3 is
proven regarding the asymptotic efficient boundary of the covariance matrix
of the residuals. For the third algorithm, Theorem 4 is proven regarding the

asymptotic convergence rate of the algorithm.
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Chapter 3. Object Motion
Tracking with Uncertainties
and Constraints on Agent
Communications

3.1 Numerical Experiments

This section presents numerical experiments that illustrate the perfor-
mance of the proposed algorithms (2.10), (2.16), (2.21).

Consider a distributed network of 10 planar (d = 2) intelligent sensors
(agents) that can collect data only from one of their neighbors. The sen-
sors have 25 planar targets in their field of view, and the state vectors of
these targets are to be estimated using the modified distributed randomized
stochastic optimization algorithm combined with the local voting protocol
for target tracking (2.10). At time ¢, si = [si", s/%]T € R? is the current
state vector of sensor 4,7 € N = {1,2,...,10}, vt = [r'! 7"*]T € R? is the
state vector of target I,1 € M = {1,2,...,25}, and 6; = col{r},...,r?*} is

the common state vector of all targets.

Let’s consider three types of disturbances: uniformly distributed ran-
dom variables within the range [—1; 1], unknown constants, and hybrid noise
uniformly distributed around time-varying constants, for example, vl =
+1 4 0.1 * sin(k), where the sign before 1 switches every 50th iteration.

In the simulations presented below, the estimations typical for each type of
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disturbance are shown.

Targets [ = 1,...,m start their motion from positions consisting of ran-
domly selected components from the interval [0;120]. The dynamics of the
target motion are as follows: rl =1} | + x!_;. Let x!_; be a random vector
uniformly distributed on a sphere with a radius of 0.25. The observers do
not move, and their coordinates are random variables uniformly distributed

in the interval [200; 250].

300
—_—3=0.10,7y=1.0
e (3 = 0.08, 7y = 1.3
250 — 3 =0.05,7 = 1.5
200
iy 150
100 f
50

0 0.05 0.1 0.15 0.2 0.25 0.3
o

Figure 3.5: Dependency of the upper bound of mean squared errors on the
step « of the algorithm for different parameters 5 and ~.

Figure 3.5 shows the dependence of the upper bound of mean squared
errors on different parameters 5 and . It can be observed that the choice of
£ and v has almost no influence on the convergence of the algorithm when
the step a is chosen optimally. Thus, it is reasonable to adjust only one
parameter of the algorithm, namely the step a, which was implemented in
Theorem 2.

The step size a = 0.05 was chosen based on Theorem 2 with § = 0.1 and

v = 1.0. Figure 3.5 demonstrates that this « is a suboptimal minimum of L.
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Figure 3.6: Residuals f} (ué, Prl(ué)(xi)), averaged over sensors and targets,
and the upper bound L of the mean squared tracking error

Figure 3.6 shows how the average value of the observations
fi (W, Pryy) (x))

changes over time. It can be seen that there is a moment in time ¢ from which
the estimates converge to the true value and fluctuate around it. Moreover,
it is evident that the residuals are below the upper bound of the mean square

tracking error L = 6.8 calculated according to Theorem 1.

Next, we consider numerical results obtained using the weighted version
of the distributed randomized stochastic optimization algorithm combined

with the local voting protocol (2.16).

Let’s consider a distributed network of three planar (d = 2) intelligent
sensors (agents) that can collect data from two of their neighbors. There are
6 moving targets in the region of interest. The sensors need to estimate the

locations of the targets in real-time.

Similar to the previous simulation, we consider three types of distur-

bances: uniformly distributed random variables within the range [—1;1],
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unknown constants, and hybrid noise uniformly distributed around time-
varying constants, for example, v = +1+0.1x sin(k), where the sign before
1 switches every 50th iteration. The simulations presented below show esti-

mations typical for each type of disturbance.

The algorithm (2.16), operating on each node (sensor), has the following
parameters: a = 0.05, § = 0.1, v = 1.0. The targets start their motion
from positions consisting of randomly selected components from the interval
[0; 100]. The dynamics of the target motion are as follows: rl =rl | +x! ;.
Let x! ; be a random vector uniformly distributed on a sphere with a radius
of 0.2 for targets with odd numbers and 0.6 for targets with even numbers.
This means that some targets move faster than others. Let the sensors be
stationary, and their coordinates be random variables uniformly distributed

in the interval [100; 120].

4
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Figure 3.7: Average value of the first diagonal element of the covariance
matrix of residuals ii’l, averaged over all sensors and targets, where (1)
corresponds to the previous algorithm (2.10) with ¥ = 1,4, (2) and (3)
correspond to the algorithm (2.16) with W equal to W* and W**, respectively

For each target [ and sensor ¢ at each time ¢, let’s consider the covariance
matrix of residuals iil € R4 which represents a part of the overall covari-

ance matrix. In this simulation, the algorithm (2.16) is compared with the
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algorithm (2.10). To illustrate how the matrix W affects the convergence of

the algorithm, we consider two different cases:
U™ = diagpa(col{2,2,10,10,2,2,...,10,10}),
U™ = diag2(c0l{0.2,0.2,100,100,0.2,0.2, ..., 100, 100}).

Figure 3.7 shows how the average first diagonal element of the covariance
matrix of residuals i;l changes over time. It can be seen that the new algo-
rithm with W = ¥* converges faster than the previous algorithm. However,

the convergence rate depends on V.

Let’s consider a numerical experiment illustrating the operation of the
distributed randomized stochastic optimization algorithm combined with the

local voting protocol for estimating the locations of static objects (2.21).

Consider a distributed network consisting of five sensors. Let N =
{1,2,3,4,5} be the set of sensors. Each sensor has at most two active
communication channels at any given time. There are 10 stationary tar-
gets within the region of interest. The task of the sensors is to determine
the locations of these targets. At time ¢, s' = [s%!, s%2]T € R? represents

l’l, rl’Q]T c R? represents the state

the current state of sensor i € N, r! = 7
of target | € M = {1,2,...,10}, and 6 = col{r!,... r'%} represents the

overall state of all targets.

In this simulation, only hybrid noise is considered, uniformly distributed
around time-varying constants, for example, vi = +1 + 0.1 % sin(k), where

the sign before 1 switches every 50th iteration.

According to Theorem 4, the step size parameter a should be set to %
However, the algorithm (2.21), operating on each node with a parameter
ap = ﬁ for all p > 0, exhibits more consistent convergence. In this sim-
ulation, the following parameters were chosen: aj = #, B =0.1,~v=1.0.
The coordinates of the targets and sensors are random variables uniformly

distributed in the intervals [0; 100] and [100; 120], respectively.

For each target [ and sensor ¢ at each time ¢, let’s consider the covari-
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Figure 3.8: Average value of the first diagonal element of the covariance

matrix of residuals ii’l, averaged over all targets and sensors, where (1):
\111 = Imd, (2) \Ifl = O.5Imd, (3) \113 = 2[md

ance matrix of residuals f]i’l € R which represents a part of the overall
covariance matrix. Figure 3.8 shows how the average value of the first diag-
onal element of the covariance matrix of residuals i;l changes over time for
different matrices W. It can be seen from Figure 3.8 that the new algorithm

converges to a point.

3.2 Prototype of a System for Target
Tracking by a Distributed Sensor
Network

3.2.1 System Architecture

To implement the software product that implements the algorithms de-

scribed in the previous chapter, software was developed! using the following

ICertificate of state registration of computer program No. 2022611354 “Prototype of a system for
target tracking by a set of sensors under unknown-but-bounded noise” dated 24.01.2022 [22]
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technologies:

e Programming language: MATLAB,;
e Graphical user interface tool: MATLAB App Designer;

e Standalone application creation tool: MATLAB Application Compiler.

User User's PC MATLAB Application Compiler

B O A

‘\ MATLAB App Designer

Algorithm @ — @ Parameters

Figure 3.9: Diagram of the system architecture

The system is an independent user application, whose architecture is pre-
sented in Figure 3.9. The user enters parameters through the MATLAB
App Designer graphical interface. The generated model is then input to the
algorithm. After the computations, MATLAB App Designer provides the
algorithm’s results through the graphical interface, including a graph show-
ing the variance dependency on the number of iterations, a graph showing
the covariance matrix elements dependency on the number of iterations, a
graph showing the movement of targets and sensors, and a graph showing
the distribution of noise. By using MATLAB Application Compiler, all the
necessary libraries can be packaged into a standalone application that does

not require MATLAB installation to run on an end user’s personal computer

(PC).
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Parameters

Figure 3.10: System activity diagram

The overall system workflow is depicted in Figure 3.10 as an activity
diagram. The system receives input parameters specified in the graphical
interface. Next, it checks whether the user has chosen to define an arbitrary
sensor network topology. If yes, an interface for selecting such a topology
is displayed and subsequently read. If not, a randomized topology is used.
Then, it checks whether the user has chosen to calculate the optimal param-
eter (the algorithm’s step) a. If yes, the system performs a search for such
a parameter. If not, the value entered by the user is read. The algorithm
itself is then initialized, and the iterative computation of the minimum point
estimate value is performed, repeating for the specified number of times (iter-
ations). On each iteration, the root mean square error and error covariance
matrix are computed. After the loop completes, the results are displayed
as graphs of the algorithm’s root mean square estimation errors and error

covariance matrix elements.
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3.2.2 Graphical Interface

The graphical interface is depicted in Fig. 3.11, 3.12, 3.13, 3.14. The
graphical interface is designed as four tabs with a common fixed area. A
detailed description of the system’s graphical interface implementation is

provided below.

Network Plots Movement SensorTopology ‘ S&T Placement
Number of sensors 3 5 1 Covariance matrix
Number of targets . Dispersion =
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= < 0.8 5
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Figure 3.11: System graphical interface. Image of the first tab.
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Figure 3.12: System graphical interface. Image of the second tab.
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Figure 3.13: System graphical interface

. Image of the third tab.
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Figure 3.14: System graphical interface. Image of the fourth tab.

The overall area is divided into four blocks based on their purpose. The
first block, “Network,” allows the user to specify the number of sensors in
the system (“Number of sensors”) and the number of targets (“Number of
targets”). In this block, the user can also select the sensor network topology,
which can be either complete (“Full”) or custom (“Custom”). The “Set” button
in the “Sensor topology” panel becomes active when the custom topology
is chosen. Upon clicking it, the third tab, “Sensor Topology” (Fig. 3.13),
displays a field for defining the topology. If V is present at the intersection
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of the ¢-th column and j-th row, it means that sensor ¢ can receive data
from sensor j. It is worth noting that the number of neighbors for each
sensor should be less than the space dimension (d = 2), but it cannot be
zero. Thus, if the selected number of neighbors becomes zero, the system
displays an error. In the first block, the user can also specify the target
motion models: no movement (“No”), drift with a given constraint ¢ (“Drift”):
rl =7l | +x! |, where x! ;| is a random vector uniformly distributed on a
sphere with radius 0, or an arbitrary function depending on the number of
targets m and the time moment ¢ (“Custom”). Additionally, the user can
either manually set the initial locations of sensors and targets or make them
random. The “Set” button in the “S&T Placement” panel becomes active
when the first option is chosen. After clicking it, the user can proceed to the
fourth tab, “S&T Placement” (Fig. 3.14), where the interface for the current
sensor and target locations will be displayed. By selecting a sensor and a
target number, entering the values for the OX and OY axes in the respective
fields, and clicking the “Upload” button, the user can upload the data into
the system.

The algorithm parameters are set in the second block, “Algorithm.” The
value of the parameter v can be either optimal (“Optimal”) or custom (“Cus-
tom”), depending on the time moment ¢. For solving stationary problems, the
optimal alpha is calculated as a(t) = 5% [12,47]. For solving non-stationary
problems, alpha is computed according to Theorem 2. The calculated value
is placed in the corresponding window. The matrix W can be set as identity
(“No”) or with a custom value (“Custom”) depending on the number of tar-
gets m. The user can also specify parameters such as (3, v, and the number

of iterations in this block.

The third block involves specifying the noise. There are three types of
noise to choose from: random (“Random”), constant arbitrary value (“Con-
stant”), and oscillations (“Oscillations”). It is also possible to define a custom
type of noise (“Custom”) that depends on the time moment ¢. The noise will

be limited by the number entered in the field “c_ v
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The fourth block contains the “Plot” button, which starts the execution

of the algorithm with the specified parameters.

The first tab (Fig. 3.11) presents the graphs that show the results of the
algorithm. In the top left corner, there is a graph depicting the averaged root
mean square error as a function of the number of iterations for all sensors
and targets. In the top right corner, there is a graph showing the elements
of the covariance matrix averaged over all sensors and targets as a function
of the number of iterations. In the bottom left corner, there is a graph
illustrating the noise as a function of the number of iterations. In the bottom
right corner, there is a plot displaying the sensor locations (circles), target
movements (dots), and target location estimates by different sensors (plus
signs). Each of the mentioned graphs can be saved in EPS (Encapsulated
PostScript) format by clicking the “Save” button.

The second tab (Fig. 3.12) consists of two parts. The upper part is
used to visualize the locations of sensors and targets. The moving targets
are represented by airplane images, and the sensors are represented by radar
images. On the left, there is a slider that represents the number of iterations.
It allows tracking the movement of targets by adjusting the slider to a specific
time moment. Moreover, the system implements the following interactive
mode: clicking on a specific target displays a graph in the lower part of the
tab, showing the dependency of the root mean square error on the number
of iterations for each sensor. A similar mode is also implemented for sensors,
where selecting a specific sensor shows a graph depicting the dependency of

the root mean square error on the number of iterations for each target.

3.2.3 Examples of System Operation

This subsection presents the results of the system operation on some

examples.
1. Stationary problem without considering disturbances.

The first example, shown in Fig. 3.15, demonstrates the result of the sys-
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Figure 3.15: Example of system operation for solving a stationary problem
without considering disturbances. Image of the first tab

tem operation in the absence of target motion and any disturbances obtained
by the sensors observing the targets. In this simulation, three sensors esti-
mate the locations of six stationary targets. The sensor topology is chosen
as complete, and the locations of sensors and targets are randomly selected.
The algorithm step size a is chosen as optimal and calculated according to
Theorem 2. Other algorithm parameters are set as follows: g =1, v = 0.1,
and the number of iterations is 4000. Since this is a case of stationary deter-
ministic optimization, the graph of the mean square error dependence shows
that the algorithm converges to zero, which means that the sensors accurately

determine the locations of the targets.

2. Stationary problem with disturbances in the form of oscillations.
Fig. 3.16 shows the result of the system operation for solving a
stationary problem. In contrast to the previous example, in this case, the
sensors receive observations of targets with disturbances in the form of peri-
odic oscillations, limited in magnitude by ¢, = 1. The distribution of such
disturbances is shown in the lower left graph in Fig. 3.16. The algorithm
parameters coincide with those from the previous example. From the graph

of the mean square error dependence, it can also be seen that the algorithm
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Figure 3.16: Example of system operation for solving a stationary problem
with disturbances in the form of oscillations. Image of the first tab

converges even in the presence of such disturbances.
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Figure 3.17: Example of system operation for solving a stationary problem
with disturbances in the form of oscillations. Image of the second tab

The appearance of the second tab is shown in Fig. 3.17. On the upper

panel, sensors and targets are located according to their actual randomly
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chosen positions. In this example, buttons corresponding to the third sen-
sor and the sixth target are pressed, and the corresponding graphs of the
mean square error for the selected objects are drawn. As described earlier,
adding such an interactive mode is necessary for further algorithm explo-
ration, namely to understand which sensor is better to monitor which target.
. 3. Non-stationary problem with specifying a user-defined sensor topology

and random disturbances.
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Figure 3.18: Example of system operation for solving a non-stationary prob-
lem with specifying a user-defined sensor topology and random disturbances.
Image of the third tab

In this example, four sensors track the movement of eight targets. The
sensor network topology is specified according to Fig. 3.18. At each time
step, the sensors randomly select at most one neighbor to communicate with
based on this topology. The target movement model is defined as a drift
with 6 = 2. The sensors receive observations of target locations with random
disturbances. From the plots shown in Fig. 3.19, it can be seen that the

algorithm converges.

4. Non-stationary problem with specifying initial sensor and target loca-

tions and constant disturbances.

In the next example, five sensors track ten targets. The sensors receive

observations with disturbances in the form of a constant, bounded by ¢, = 3.
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Figure 3.19: Example of system operation for solving a non-stationary prob-
lem with specifying a user-defined sensor topology and random disturbances.
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Figure 3.20: Example of system operation for solving a non-stationary prob-
lem with specifying initial sensor and target locations and constant distur-
bances. Image of the fourth tab

Upload ]

The initial sensor and target locations are specified using the graphical inter-
face (Fig. 3.20). The results of the system operation are shown in Fig. 3.21.
As in previous cases, the plots confirm the convergence of the algorithm.

It should be noted that the bottom-right plot “Movement” becomes less in-
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Figure 3.21: Example of system operation for solving a non-stationary prob-
lem with specifying initial sensor and target locations and constant distur-
bances. Image of the first tab

formative when the number of targets and sensors exceeds four and eight,

respectively. For a more detailed study of target movement and estimation

of their locations, the user is advised to use the second tab “Movement”.

5. Non-stationary problem with specifying arbitrary target movement

function and the matrix ¥ considering random disturbances.
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Figure 3.22: Example of system operation for solving a non-stationary prob-
lem with specifying an arbitrary target movement function and the matrix
U. In this simulation, the matrix W is an identity matrix

In this example, five sensors observe nine targets. They receive observa-
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Figure 3.23: Example of system operation for solving a non-stationary prob-
lem with specifying an arbitrary target movement function and the matrix

v

tions with random disturbances bounded by ¢, = 1. In [121], it is described
that the algorithm with the addition of the matrix W will converge faster if
the targets have different movement characteristics. To verify this assump-

tion, the target movement is defined as the function
custom_target_sensor_movement(m, Time),

in such a way that the first four targets have a drift model with § = 3, while
the other five have § = 5.

Fig. 3.22 shows the results of the system operation with the identity
matrix ¥, and Fig. 3.23 shows the results with a user-defined matrix W. As
seen from the plots of mean square errors and covariance matrix elements,

the algorithm with the addition of the matrix ¥ indeed converges faster.
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3.3 Practical Application of Randomized
Stochastic Approximation Algorithm
Combined with Local Voting Protocol

One practical application of the randomized stochastic approximation
algorithm combined with a local voting protocol is in the field of tracking,
specifically the tracking of aircraft movement. Ensuring the safety of air traf-
fic requires monitoring all aircraft in the airspace. In the past, primary radar
systems were used to track aircraft, which could only provide distance infor-
mation to the aircraft fuselage. Secondary radar systems have now become
the primary means of tracking aircraft. However, these systems have their
drawbacks, including high costs and the need for fixed radar installations,
which can often exceed the cost of the radar equipment itself. Therefore, de-
ploying an adequate number of secondary radars to address various tracking
requirements is not always feasible. Additionally, these radar systems are

not mobile due to their large size and weight.

In recent years, multi-position surveillance systems (MPSS) have been
actively implemented in Russian airports [21]. An MPSS is a distributed
system that uses the time of arrival of signals from aircraft at reception sta-
tions within its coverage area to determine their locations [13]. MPSS offers
several key advantages [70]: the coverage area of an MPSS is continuous com-
pared to the cone-shaped coverage area of a secondary radar; the individual
positions of an MPSS are relatively inexpensive, enabling the deployment of
systems for surveillance, including at low and very low altitudes; and MPSS
equipment is lightweight (5-8 kg). As a result, these systems are theoretically

mobile.

Considering the increasing number of aircraft and the volume of data
transmitted by each aircraft, such as the aircraft’s call sign, indicated air-
speed, Mach number, etc., particularly in the case of commercial airliners,

the data transmission over communication channels becomes heavily loaded.
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Moreover, due to terrain features and other interference factors, some stations
may fail to accurately determine the position of an aircraft and transmit false
information to the central processing facility. In cases where data from mul-
tiple sensors do not match, the aircraft’s position estimation process starts

over.

The developed system for target tracking using a sensor network and
a distributed randomized stochastic optimization algorithm combined with
a local voting protocol can significantly improve the accuracy of aircraft
location estimation. Furthermore, by utilizing a distributed sensor network,
the amount of data transmitted over communication channels is reduced. All

these factors can lead to faster and more accurate tracking of aircraft [31].

Moreover, most machine learning algorithms and systems for estimat-
ing (identifying) unknown parameters and control strategies in networked
systems involve optimization methods. The current development in this field
aims to address several challenges, including complex types of objective func-
tions (non-convex, non-smooth, non-convex integer and combinatorial opti-
mization), large-scale data (high-dimensional parameter vectors), real-time
optimization, and dealing with uncertainties. The proposed algorithm can

be used to tackle such problems.

3.4 Summary

The third chapter presents the results of simulation modeling that il-
lustrate the performance of different versions of the modified randomized
stochastic approximation algorithm combined with the local voting protocol.
It also describes a prototype system for distributed tracking, for which a
certificate of registration of the computer program has been obtained. The

prototype system is implemented in the MATLAB programming language.

While the primary application of the randomized stochastic approxima-

tion algorithm combined with the local voting protocol is the tracking of
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aircraft movement, the algorithm can also be used in machine learning, iden-

tification of unknown parameters, and other areas.
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Conclusion

Main scientific results of the dissertation research achieved within the

framework of the set tasks:

1)

2)

a sensor network control model based on randomized and multi-agent

approaches was developed (Chapter 1);

the distributed randomized optimization algorithm combined with a lo-
cal voting protocol was modified, and the properties of its estimations
for the tracking problem (tracking parameter changes) were investi-

gated using the developed sensor network control model (Chapter 2);

the applicability conditions of the modified distributed randomized op-
timization algorithm combined with a local voting protocol were in-
vestigated for the network observation model. The results were tested
in the problem of observing moving objects in the presence of uncer-
tainties and constraints on the number of connections between sensors

(Chapters 2, 3).
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