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Abstrakt

Cilem této dizerta¢ni prace je navrh nového asociacniho algoritmu uréeného primarné pro
systémy Multi-Static Primary Surveillance Radar (MSPSR). Systémy MSPSR spadaji do
kategorie pasivnich multilatera¢nich radarovych systému. Prace je rozdélena na ¢tyri ka-
pitoly. Prvni kapitola slouzi jako tivod do problematiky urcovani polohy cilu v systémech
MSPSR. Mimo samotného tivodu také obsahuje resersi existujicich postuptu reSeni asoci-
ace v systémech MSPSR spoleéné s popisem jejich nedostatku a stanovenim pozadavku
na novy algoritmus. Hlavnim obsahem druhé kapitoly préce je pak vlastni publika¢ni
¢innost autora (plné texty ¢ldnku) jejimz tématem je pravé zcela novy algoritmus asoci-
ace pro urceni polohy cile. Navrhovany algoritmus je zalozeny na Markov Chain Monte
Carlo (MCMC) metodéch a také neparametrickém apriornim rozdéleni pro asociace které
nese nazev Indian Buffet Process (IBP). K ¢lanktum je zde poskytnut teoreticky ivod do
MCMC metod a IBP a také kratkd diskuze vysledkt v ¢lancich dosazenych. Tteti kapi-
tola se zabyva diskuzi zvoleného reseni, dosazenych vysledku a moznych dalsich sméru
vyzkumu metodologie. Posledni kapitola slouzi jako zavér této prace.
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Abstract

The goal of this dissertation thesis is the development of brand new association algori-
thm intended to use in the Multi-Static Primary Surveillance Radar (MSPSR) systems.
The MSPSR systems are included in the category of passive multilateration radar sys-
tems. The thesis is divided in to four chapters. The first chapter serves the purpose of
introduction in to the matter of target position estimation in the MSPSR systems. After
the introduction, the research of current solutions of the MSPSR, association problem is
included together with the description of their drawbacks which forms the requirements
for the new algorithm. The second chapter is mainly consisted of the publication work
of the author (article full texts) the main point of which is the brand new association
algorithm for target position determination. The proposed algorithm is based on the Re-
versible Jump Markov Chain Monte Carlo (RJIMCMC) methods and the nonparametric
association prior distribution with the name Indian Buffet Process (IBP). The articles
are supplemented with short introduction in to the MCMC methods and the IBP. The
chosen methodology and achieved results are discussed in the third chapter together with
the ideas for future development. The last chapter concludes the thesis.
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KAPITOLA

Multi-Static Primary Surveillance Radar

1.1 Uvod

Tato dizertacni prace je vénovana urceni polohy vzdusného cile na zakladé méfeni rada-
rového systému, ktery je v literature oznacovan jako Multi-Static Primary Surveillance
Radar (MSPSR). V uvodu této kapitoly tedy struéné predstavime ruzné typy radarovych
technologii, jejich zakladni princip fungovani a také zduraznime jejich prednosti a slabé
stranky. V dalsich ¢astech této kapitoly jiz detailnéji popiSeme pouze jednotlivé aspekty
samotného systému MSPSR, coz ¢tenafi poskytne dostatecny teoreticky zaklad pro stu-
dium dalsich kapitol této prace, které se jiz vénuji vlastnimu vyzkumu.

1.2 Radar

Radarové technologie pro urcovani polohy vzdusnych cili jsou rozsifené a existuje nékolik
ruznych typu, které se lisi zakladnim principem fungovani a také pozadavky na cil, jehoz
poloha je urcovana. Mezindrodni organizace pro civilni letectvi (ICAO, z anglického
International Civil Aviation Organization) pridruzend k Organizaci Spojenych Néarodu
(OSN) déli tyto technologie (pro aplikace ve spravé vzdusné dopravy (ATM, z anglického
Air Traffic Management) nésledovné [3]

Radar

o

— primérni radar
— sekundarni radar

— sekundéarni radar s Mode-S

samotné ADS-B

o

multilaterace

@)

o ADS-C.



2 KAPITOLA 1. MULTI-STATIC PRIMARY SURVEILLANCE RADAR

1.2.1 Primarni radar

Princip fungovéni primarniho radaru je zalozeny na jeho vlastnim vysilaci (obvykle
umisténém na stejném misté jako prijimac), ktery vysila signal o vysokém vykonu smérem
k leticimu cili, pricemz ¢ast tohoto signalu se od cile odrazi zpét k prijimaci radaru. Radar
nasledné urci vzdalenost k cili na zédkladé ¢asového rozdilu mezi vyslanim a opétovnym
prijetim signalu. Vyhodou tohoto systému je, ze neni vyzadovana spoluprace cile (napf.
vysilani uré¢ité zpravy). Nevyhody tohoto systému jsou vysoké citlivost na falesné cile
(nebo odrazy od nezajmovych cilu, napt. pozemni vozidla), absence identifikace cilu a
vysoké naklady na systém.

1.2.2 Sekundarni radar

Zakladni soucdsti systému sekunddrniho radaru je sit pozemnich dotazovact spolu s od-
povidadi, které se nachézeji na palubé zajmovych cilu. Odpovédi prijaté od cili umoznuji
urcit jejich vzdalenost spolecné s napt. elevaci a azimutem cile relativné k ptislusnému
dotazovaci. Pulzni sekvence komunikacniho protokolu mezi dotazovac¢em a odpovidacem
jsou standardizovany. Hlavni komunikacni protokoly se oznacuji jako Mode 1 — 5 pro
ucely vojenské a Mode A-D a S pro tucely civilni. Kazdy z protokoli mé sva specifika,
napi. Mode A poskytuje identifikaci cile, zatimco Mode C navic poskytuje také vysku cile
z palubniho barometru s rozlisenim na 100 ft (cca. 30 m).

Mezi vyhody sekundarniho systému patii dostupnost identifikace cile (odstranéni nejis-
toty prirazeni nového méfeni nékteré z jiz existujicich trajektorii) a také informace o vysce
cile, kterd muze byt pouzita ke zvyseni kvality polohové informace. Oproti primarnimu
radaru ma sekundarni castéjsi obnovu polohové informace. Mezi nevyhody patii nizka
rozlisSovaci schopnost v uhlovych méfenich (predevsim azimut). Nevyhodou zavislosti na
Mode A/C komunikaénich protokolech je absence detekce chyb v prijatych zpravach.
Sekundarni radar miva obvykle problémy odliseni dvou vzajemné blizkych cilu z duvodu
smésovani prijatych pulzu (oznacovano jako garbling) a také nizkého rozliseni méfeni.

1.2.3 ADS-B

Automatic Dependent Surveillance - Broadcast (ADS-B) je oznaceni komunikacniho
systému a zaroven protokolu umoznujici prenos informaci zaznamenanych palubnimi
piistroji cile. Jednd se o informace o geografické poloze (ziskand z palubnitho GNSS
ptijimace), vysku uréenou pomoci barometru, identifikace cile, rychlost cile, pfipadné i
informace ze senzoru naklonu a dalsi.

7 hlediska pozemnich stanic je radar zalozeny na ADS-B levnou a jednoduchou vari-
antou (malé rozméry prijimacich antén, malé energetické naroky). Zaroven tento systém
poskytuje velkou ¢etnost obnovy informaci o cili spoleéné s vysokou presnosti kvantita-
tivnich informaci, protoze k jejich méreni dochézi piimo u cile. Nevyhodou je, Ze osazenost
cilu systémem ADS-B se lisi stat od statu, a to predevsim podle stari dané letky. Dalsi
nevyhodou muze byt zavislost polohové informace na GNSS systémech, protoze pokryti
(dostupnost sateliti) nebo dosazitelnd presnost nemusi byt v misté cile optimdlni.
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1.2.4 Multilaterace

Multilateracni systémy vyuzivaji vysilani ze strany zajmovych cilu, napt. odpovédi v ramci
jiz zminénych komunika¢nich protokolu Mode nebo ADS. Na zdkladé prijatych signalu
(prevazné ve formé pulznich dat) na vétsim mnozstvi piijimacich stanic jsou pocitdny
rozdily casu piichodu. Tyto rozdily, prepoctené na délkovou informaci pomoci rychlosti
siteni v daném prostredi, formuji v prostoru hyperboloidy pro ruzné pary ptijimacich
stanic (dvojice ¢asu prichodu, z nichz je pocitan rozdil) a poloha cile je pak urcena jako
jejich prunik (poznamenejme, Ze tato predstava je ilustraéni, vzhledem k chybam méfeni
je tloha Tesena statisticky).

Tyto systémy maji prevazné vyuziti v oblastech s hustym provozem, jako jsou napf.
okoli letist. Systém muzZe byt pasivni, parazitujici na pfitomnosti cizich dotazovaci, které
podnécuji cile k vysilani odpovédi, nebo aktivni s vlastnim dedikovanym dotazovacem.
Klicovym prvkem multilatera¢niho systému je, vzhledem k dislokovanosti ptijimacich sta-
nic, také casova synchronizace, ktera redukuje chybu v ¢asovych rozdilech mezi stani-
cemi, kterd by byla zpusobena lisicim se chodem jejich vlastnich hodin. Synchronizace
muze byt realizovdna navésenim se na systém GNSS nebo také vnitini synchronizaci
z preurceni (ve smyslu vétstho mnozstvi nezdvislych méfeni oproti poctu urcovanych
neznamych soutadnic) poloh cilu.

Vyhodou multilateracniho systému je, i pres to, ze polohova informace je ziskavana
nezavisle, moznost dekdédovani obsahu Mode zprav a vyuziti jejich obsahu ke zvyseni
vykonnosti. Multilateracni systémy maji obvykle vysokou schopnost cile detekovat a mo-
hou se stat soucasti nékterych z jiz zminénych systému. Mezi hlavni nevyhody multila-
tera¢nich systému patii vyssi ndklady na jejich zfizeni (vétsi mnozstvi vhodné umisténych
stanovist) a také zavislost na mife vysildn{ cila.

1.2.5 ADS-C

Automatic Dependent Surveillance - Contract (ADS-C) je podobné informacné bohaty
protokol jako ADS-B a navic obsahuje meteorologickda data z okoli cile. Je urceny
predevsim pro oblasti bez komunikac¢ni infrastruktury, kde k pfenosu jsou mimo jiné
vyuzivany satelity v okoli Zemé. Prenos kazdé zpravy je zpoplatnén samostatné, coz je
hlavni divod pro¢ tyto zpravy cile nevysilaji ¢astéji nez jednou za 10 — 15 minut.

1.2.6 MSPSR

Z hlediska predchoziho déleni by systémy MSPSR spadaly do kategorie pasivnich mul-
tilatera¢nich systému. Na rozdil ale od multilatera¢nich systému zalozenych na vysilani
cilu je systém MSPSR zalozeny na odrazech od povrchu cili, pficemz odrazeny signél je
emitovany vysilacem, ktery neni soucasti radarového systému. V praktickych aplikacich
se vyuziva verejného vysilani s frekvenéni modulaci (FM) (v Evropé se jednd o frek-
vencni rozsah 87.5 - 108.0 MHz) nebo modernéjsiho vysilani digitalni televize pomoci
Digital Video Broadcasting (DVB). Jeden takovy vysila¢ spole¢né s ptijimacem piimého
a odrazeného signalu formuje jeden bistaticky radar, jehoz princip ¢innosti z hlediska
urceni polohy cile je popsan v sekci Komplexni MSPSR systém skladajici se z vétsiho
mnozstvi piijimacich a vysilacich stanic je pak popsan v sekei [1.4]
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Obrazek 1.1: Schema procesu métfeni pomoci bistatického radaru. Sledujeme dvé ruzné
cesty sireni radiového signdlu. Nepiimé siteni vznikd ve sméru od vysilaci antény (7'x)
k cili (C') a odtud smérem k piijimaci anténé (Rz). Druhd cesta je piima od vysilace
k prijimaci.

1.3 Bistaticky Radar

Systém MSPSR je multistaticky, sestavajici se z vétstho mnozstvi bistatickych radaru.
V této sekci tedy popiSeme hlavni aspekty a vlastnosti bistatického radaru z pohledu
urcovani polohy a dalsich parametru vzdusnych cilu. Definujeme bistatické soutradnice,
které tvoii bistatické méteni. Dale popiSeme jejich statistické vlastnosti a postup zpra-
covani detekci v rdmci bistatického prostoru, které jsou ziskavany v ¢ase v ramci jednot-
livych méficich intervali (obvykle periodickych).

1.3.1 Geometrie Bistatického Radaru

Bistaticky radar se sestavd ze dvou stanovist, pficemZ na jednom z nich je umisténa
vysilaci anténa, zatimco na druhém z nich je umisténa anténa pfijimaci. Prozatim se
omezime na idedlni situaci, kdy je v zdjmovém prostoru pritomen pouze jeden cil.
Predmeétem idealizovaného méteni je zpozdéni radiového signalu, ktery se od vysilace Siti
prostiedim a odrazem od cile dale na pfijimaci anténu, oproti takovému, ktery by se sitil
prostiedim nejkratsi cestou na pfijimaci anténu. Tato situace je vizualizovana na Obr.
. Cas &ffeni odrazeného signalu od cile oznac¢ime to_ 7, + tr.—c a Cas Sifeni signalu
putujictho po primé cesté oznac¢ime tg,_7,. Mérené zpozdéni odrazeného signalu vuci
piimému je v literatufe oznacovéno jako rozdil ¢asu prichodu (TDOA, z anglického time
difference of arrival) a obvykle se uvadi jako délkova velicina r (z anglického range coz
je vychozi mérena veli¢ina vétsiny typu radaru, v piipadé bistatického radaru se pouziva
oznaceni bistatic range), kterd je ddna vztahem

r=||C — Tx|| + ||Rx — C|| — || Rx — Tx||

=C (tC'fT:v +tRe—Cc — tszTx)

(1.1)
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kde C,Rx, Tx oznacuji soutadnice cile, pfijimaci a vysilaci stanice a ¢ znac¢i rychlost
siteni svétla v atmosfére.

Mimo casového zpozdéni je predmétem méteni bistatického radaru také bistaticka
rychlost cile, ktera je ddna jako ¢asova zména pravé bistatického zpozdéni

(1.2)

p= 4y (C-Tx | Rx-C TV
At \||[C-Tx|| |[Rx—C|]

kde zavislost jednotlivych veli¢in C, r, v na ¢ase nenf explicitné uvedena. Polohy stanovist
Rx, Tx povazujeme vzhledem k dobé méreni za ¢asové neproménné a V znaci vektor
rychlosti cile v kartézském prostoru. Poznamenejme, ze stejné jako v pripadé bistatického
range mérime primo pouze casové zpozdéni, tak v pripadé bistatické rychlosti mérime
frekvenéni posun Af prijatého signdlu odrazeného od cile vuci primému. Prevodu na
bistatickou rychlost dosdhneme pomoci znamé vinové délky primého signalu v = —AAf.
Pii pouziti alespon tiech bistatickych radaru (za predpokladu tspésného méteni totozného
cile) muzeme méfenim bistatického range a bistatické rychlosti urcit nejen polohu ale i
rychlost cile v zajmovém kartézském prostoru.

V zévislosti na signalovém zpracovani v ramci bistatického prostoru jsou nékteré
systémy schopné urcit i bistatické zrychleni. Poznamenejme, ze tento vypocet je znacné
narocny obzvlasté pii snaze o dosazeni vyssich pfesnosti uréeni hodnoty parametru.
I v pripadech, kdy tento parametr neni piimo méfen, ale je pouze odhadovan v case
z prichozich méfeni bistatické vzddalenosti a rychlosti, je vhodné znat vztah mezi
bistatickym zrychlenim a parametry cile v kartézském prostoru. Pro bistatické zrychleni
plati

a=—(v)=— [(vTx +sz)TV]

pricemz zrychleni cile v kartézskych soutadnicich oznac¢ime A. Po dosazeni ziskame

_ T 7 [ I3x3 — VTmV%; I3xs — VRIVECE)
a (VTg;—i—VRx) A+V ( ||C—TXH + ||RX—C|| VvV (13)
Rovnice ilustruje fakt, ze, diky nelinedarnimu vztahu mezi bistatickym a kartézskym
prostorem, i cil s nulovym zrychlenim v kartézském prostoru (cil letici rovnomérnym pohy-
bem) muze mit v bistatickém prostoru zrychleni nenulové. V dalsich tivahach a aplikacich
v ramci této prace povazujeme za zakladni méreni bistatickou polohu a rychlost.

Mimo bistatické vzdalenosti, rychlosti a zrychleni se v praxi lze také setkat s bista-
tickymi radary, které umoznuji (diky vhodné konstrukci antény) méreni thlovych velicin,
obvykle v misté prijimaci antény (k anténé vysilace nemusime mit viubec piistup).
Pro zépis geometrickych vztaht je vhodné umisténi prijimaci antény radaru do lokalni
soutfadné soustavy, jejiz pocatek je ztotoznén s pozici prijimace a osa x je ztotoznéna se
smérem k severu. Ilustrace této lokalni soustavy spolecné s pozici cile a méfenymi uhly
je na Obr. Umisténi prijimaci antény do stiedu soustavy je nezbytné a samotné
ztotoznéni osy = se smérem na sever nestaci, a to predevsim z duvodu zakfiveni zemé,
které s rostouci vzdéalenosti od stiedu vnasi chybu do urceného azimutu. Uhlové veli¢iny
jsou pak, vzhledem k poloze pfijimace Rx = (ry, Yrs, 2r:) a cile C = (z¢, yo, 2¢), dany
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Obrazek 1.2: Geometrickd interpretace méreného astronomického azimutu 6 cile (C) a
jeho elevace ¢.

vztahy

f = arctan (M)

Xc — TRz

20— 2
¢ = arctan ( ¢ “he )

||(x07y0) - (IRx,?JRx)H

kde arctan (-) znaci cyklometrickou funkei inversni k funkei tangens, ktera uréi i informaci
o kvadrantu.

Mimo oznaceni bistaticka vzdalenost a bistaticka rychlost se muzeme u téchto velic¢in
setkat také s privlastkem elipticky. Tento fakt vyplyva uz ze samotné definice bistatické
vzdalenosti, kterd je pro volenou hodnotu totozna pro vsechny takové body v prostoru,
pro nez je konstantni soucet vzdéalenosti k obéma stanovistnim. Uvazujme nyni hodnotu
bistatické vzdélenosti, kterd neni redukovand o délku zdkladny (tj. vzdalenost mezi
piijimacem a vysilacem)

r' = [[Rx = C[| +[|Tx - C]|

coz je rovnice dvouosého rotacniho elipsoidu s velikosti hlavni poloosy % 7, geometrického
hlediska muzeme rovnici tohoto elipsoidu také psat ve tvaru kvadratické formy

aix Q2 Q13 ao Tc

(xc Yo 2o 1) G12 G2 (23 Q30 Yo —0
13 Qa23 33 Aa30 zc
aip Ay asp Qoo 1

kde pro prvky matice kvadratické formy A = {a;;} plati nasledujici vztahy
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ap; =4 (xQRm + 22— 2T Ry Ty — r’2>
age =4 <y?2x + ?J%x — 2YRa YT — 7“,2>
as3 =4 <

12
2py 2y — 22RgpRTe — T )

Q12 =
a13 =4 (Try — iETx) (ZR:c - ZT:(:)

(
(
a3 =4 (Yre — Yro) (2R — 272)
(
(

8

Re — T72) (F? — E?) + 21" (2 pe — Trg)
Yre — Y12) (F? — E?) + 21" (yro — yra)
) (F2 — E2) + 2T/2 (ZR,,j — ZTx)

kde £ = RxRx’ a F = TxTx".

Elipticky privlastek pro rychlost plyne z jeji definice, a to sice, zZe elipticka rychlost
je prumétem kartézské rychlosti do normalového vektoru elipsoidu v misté vyskytu cile,
pricemz tato normala je dédna jako vyslednice jednotkovych vektoru ve sméru jednotlivych
stanovist. Z této tvahy také vyplyvaji limity bistatické rychlosti cile, vzhledem k jeho
rychlosti v kartézském prostoru. Naznacené skalarni souciny v rovnici rozepiseme
pomoci thli d7, a dg,, které reprezentuji ihly mezi spojnicemi jednotlivych stanovist a
cile a vektorem jeho kartézské rychlosti

v =||V]| (cos Srs + oS Ors) . (1.4)

Povazujeme-li bistatickou rychlost z rovnice ([1.4)) za funkci dvou proménnych v(dr., dr,)
potom tato funkce nabyva maxima pro bod (0,0), tedy vmax = 2||V]|, @ minima pro bod
(m,7), tedy vmin = —2|V||.

1.3.2 Zpracovani detekce v bistatickém prostoru

V predchozi sekci jsme si vystacili s predpokladem, zZe se v prostoru métreni nachazi pouze
jeden cil, pficemz vysledkem méfeni (vystup signdlového zpracovani) je jeden vektor ob-
sahujici bistatickou polohu a rychlost tohoto cile. V realnych situacich tento predpoklad
neni splnén a v ziajmovém prostoru je piitomno neznamé mnozstvi cilu. Vysledkem
signalového zpracovani je pak mnozina takovych vektoru bistatickych soutadnic, které
odpovidaji véem statisticky vyznamnym detekcim (tedy s dostateé¢nym odstupem signélu
od Sumového pozadi), které jsme v ramci méfictho intervalu z piijatych signalu uréili.
Poznamenejme, Ze zdrojem nékterych téchto detekci nemusi byt zajmovy cil, mohou byt
zpusobené vicecestnym Sitenim, odrazem od ruznych prvku prostiedi a podobné. Detekce,
které nereprezentuji zdjmové cile, se souhrnné oznacuji jako neporadek (z anglického clut-
ter).

Celé zpracovani detekel v ramci bistatického prostoru mé za cil formovat v bistatickém
prostoru tracky. Track je oznaceni pro v ¢ase navaznou posloupnost detekci, které k sobé
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jsou prirazovany tak, ze je vysoka pravdépodobnost, ze maji puvod ve spoletném cili,
ktery se nachazi v prostoru méreni. V této ¢asti popiseme mechanismus tohoto pfirazeni,
v dalsi pak postup vypoctu odhadu nejpravdépodobnéjsi polohy cile na zakladé téchto
detekei.

Pokud se v méfeném prostoru vyskytuji realné cile, pak primarnim cilem asociace
detekci je systematicky v case pritazovat detekce pochazejici od totozného cile jednomu
jedinému tracku. Tuto snahu komplikuje ten fakt, Ze detekce obsahuji pouze informaci
o poloze v bistatickém prostoru, spoleéné s kovariancni matici, ktera vyjadiuje chybu od-
hadu. Neni tedy k dispozici zadny identifikator, ktery by umozinoval jednoznacéné pritazeni.
Ulohu je tedy (vzhledem k chybam méfteni i stavovych veli¢in bistatickych tracku) nutné
reSit v pravdépodobnostnim smyslu. Pro tento ucel byla vyvinuta cela fada algoritmu
a jejich zevrubny popis je mimo téma této dizertacni prace, proto se spokojime pouze
s kratkou resSersi.

Vzhledem k tomu, ze predpoklad normalniho rozdéleni chyb méteni i predpoklad Gaus-
sovské aproximace stavovych veli¢in bistatickych tracku je zcela bézny, pouziva se jako
standardni ohodnoceni Mahalanobisova vzdalenost [4], kterd bere v ivahu i presnost obou
veli¢in. Zakladnim ,hladovym* pfifazenim je lokalni nejblizsi soused (LNN, z anglického
Local Nearest Neighbour), ktery kazdému tracku pfifadi tu detekci, kterd je mu (vzhle-
dem ke vzdélenostnimu ohodnoceni) nejbliz. V piipadé konfliktu je upfednostnén track
s mensi vzdalenosti. Sofistikovanéjsi variantou algoritmu LNN je globalni nejblizsi soused
(GNN, z anglického Global Nearest Neighbour), kde ptitazeni je optimalizovano z hle-
diska celé mnoziny detekci a tracku tak, aby suma vzdalenosti vysledného prirazeni byla
minimélni [5].

Dalsi rodinou asociaCnich algoritmu jsou ty, které jsou zalozené na hustoté
pravdépodobnosti (PDA, z anglického Probabilistic Data Association) [6]. Na rozdil od
predeslych, v pripadé pravdépodobnostni asociace jiz nepozadujeme unikatni prirazeni
jednoho meéreni k jednomu tracku ale pripoustime, ze vétsi mnozstvi detekci muze
pochéazet od cile, ktery je reprezentovan bistatickym trackem. V tomto piipadé prichazi na
fadu branovani, které pro dany track urc¢i kandidatni mnozinu méreni na zékladé jejich
limitn{ vzdédlenosti. Poznamenejme, ze Mahalanobisova vzdalenost ma x? rozdéleni [7]
s poCtem stupnu volnosti, ktery je dan dimensi vektoru méfeni, a proto tato limitni
vzdalenost je na zakladé volené hladiny pravdépodobnosti p odvozena jako kvantil tohoto
rozdéleni. Algoritmy PDA jsou odvozeny pro ruzné predpoklady korelovanosti odhadt jed-
notlivych tracku (v piipadé prekryvu bran) [§], kvantifikaci pravdépodobnosti existence
skute¢nych cilu [9] nebo snahy o linearizaci [10].

Doposud vsechny uvedené algoritmy fesi asociaci méreni v rdmci jednoho intervalu
prichozich dat s tim, ze je-li ptifazeni jednou provedeno a stavové velic¢iny trackt odhad-
nuty, jiz jej nereviduji. Naproti tomu napt. algoritmus trackovani vice hypotéz (MHT,
z anglického Multiple Hypothesis Tracking) [11] umozinuje zpétné nékteré tracky prohlasit
za nepravdépodobné (na zdkladé ohodnoceni hypotézy prifazeni méfeni daného tracku)
a zpétné je kompletné odstranit. Zakladem je, podobné jako v piipadé PDA, branovani,
tedy pro kazdy track ziskdme mnozinu kandidatnich detekci. Pro prifazeni kazdé z de-
tekel vytvorime novou asociacni hypotézu a kazda z téchto hypotéz ziska své unikatni
stavové veliciny. Prirozené, bez revize hypotéz by takovy ptistup vedl k vypocetni explozi
a zahlceni celého systému. Proto existuje celd fada strategii jak tracky v MHT algoritmu
udrzovat (a predevsim jak odebirat hypotézy), aby se tomuto jevu predeslo. Stejné jako
u predchozich algoritmu, i v pripadé MHT existuje cela rada jeho modifikaci pro specifické
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Obrazek 1.3: Tlustrativni vizualizace procesu pritazeni detekei jiz vedenym cilim. V této
situaci jsou v prostoru méreni modelovany dohromady tfi cile (¢ernd barva) ruzné délky
a casu zacatku. Pfechod mezi ¢asovymi epochami odpovida prechodu mezi body pomoci
cernych Sipek. Méteni (Gervené) jsou asociovana k trackum, pficemz tato asociace je vy-
znacena pomoci Sipky (zelené). Nékterda méteni nejsou ve své epoSe prifazena zadnému
cili. Pro jednoduchost je vyobrazen pouze kvadrant kladného bistatického range a rych-
losti, ta ovSem muze byt i zdporna.

piipady a problémy.

Proces asociace bistatickych detekei k vedenym trackim muzeme nazorné ilustrovat
s predpokladem pouziti takového algoritmu ptitazeni detekci cilim, ktery jednomu cili
prifadi maximalné jednu detekci. Takova situace je vizualizovana na Obr. [1.3]

1.3.3 Vedeni cile v bistatickém prostoru

V predchozi sekci jsme shrnuli fungovani bistatického radaru a také jsme uvedli a po-
psali métené parametry polohy cile v ramci tohoto radaru. Bézné zajmové cile uvazované
v rdmci této prace nejsou nehybné, ¢imz je opodstatnéna potieba urcovat jejich polohu
v zavislosti na case.

Uvazujme nyni posloupnost ¢asu t = {t1,tq, -+ ,tx} a ke kazdému ¢asu vektor x,, €
R¥ pro n = 1,2,---, N. Vektor x,, oznacuje vektor zajmovych parametri jednoho cile,

coz v ramci jednoho bistatického radaru muze byt jeho bistaticky range a bistaticka
rychlost. Z hlediska cile ma pojem track, zavedeny v predchozi sekci, vyznam posloupnosti
stavovych vektoru {Xn}i\[:1 odhadnutych z ¢asové posloupnosti detekci tomuto tracku
pritazenych. Spoleéné s pohybem cile v kartézském prostoru dochazi zéaroven ke zméné
sledovanych parametru (z geometrického hlediska ke zméné nedochazi pii pohybu po
elipsoidické plose, nicméné vlivem chyb méfeni se i v takovém pripadé souradnice mirné
meni).

Vzhledem k tomu, ze parametry cile ani funkéni vztah jejich zmény v ¢ase nikdy presné
nezname, jevi se jako vhodné je modelovat pomoci nelinearniho diskrétniho stochastického
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dynamického modelu

Xn+1 = Inta (Xna Wn) (15)

kde f,, je obecné nelinearni prechodova funkce stavového vektoru mezi epochami t,, a t,1
a w, € R¥ je vektor bilého sumu systému. Zahrnutim bilého sumu modelujeme ty zmény
stavového vektoru, které se jevi ndhodné a nelze je popsat pomoci prechodové funkce f,
zatimco je lze dobfe popsat pomoci nahodného procesu.

Pojem bily sum je v literatufe pouzivan v mnoha ruznych kontextech a proto jej
zde specifikujeme. Jedno-dimenziondlni bily Sum je formalni ¢asovou derivaci spojitého
nahodného procesu f (), ktery nazyvame Wieneruv proces a ktery ma nasledujici vlast-
nosti

o ((0) =0 s pravdépodobnosti 1,
o B(t)—p(s)~N(0,t—s)prot<s <0,

o pro casy So > 1 > Sg > S3 jsou ndhodné veliciny [ (s1) — B (so) a [ (s3) — B (s2)
vzajemné nezavislé.

Jedno-dimenzionalni bily sum pak muzeme formalné zapsat jako

ds (t)
t) = L
w(t)=—7,
Vicerozmérny bily sum w (t) = (wy (8),wa(t), -, wg (t))T je pak pouze souborem

jednorozmérnych bilych sumu, jejichz vzajemnou zavislost popisuje kovarianc¢ni matice
Q € RF*F,
Rovnice ([1.5) predpoklddé, ze zname prechodovou funkci f,, mezi jednotlivymi epo-

......

mulaci nelinedrniho spojitého dynamického systému [12] ve tvaru

dx (t) = a(x(t),t)dt + B (x (t), 1) dB (t). (1.6)

At jiz uvazujeme dynamiku cile v diskrétnim ¢i spojitém case, je odhadované parame-
try cile nutné zalozit na métenich z radarového systému. Vztah mezi mérenimi a stavovym
vektorem formulujeme jako

Yn+1 = hn+1 (Xn+1> Vn+1) (17)

kde h,; je obecné nelinedrni funkce pfevodu vektoru sledovanych veli¢in na vek-
tor mérenych veli¢in y,.1 a v,y je Sum mérfeni. Vhodnym piikladem nelinedrniho
prevodu jsou vztahy a kde stavovy vektor by obsahoval polohu a rychlost
cile v kartézském prostoru, zatimco vektor méfeni by obsahoval bistatické soutadnice cile.

Mame tedy k dispozici dynamicky model cile v diskrétnim ¢i spojitém case, pricemz
v diskrétnim case jsou do systému doddvana zasuména métfeni jako obecné nelinedrni
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transformace stavového vektoru. Z duvodu stochastické podstaty celé formulace je vhodné
stavovy vektor modelovat jako nahodnou veli¢inu. Potom hleddame pravdépodobnostni
rozdéleni p (X,41|¥1.n41), kde y1.,41 0znac¢uje mnozinu méfeni az do casu ,,41.

Pomoci Bayesovy véty muzeme tuto hustotu p (X,+1|y1.n41) pPsat ve tvaru

p (Yn+1|Xn+1) p (Xn+1|y1:n)
P (Xn Yin = 1.8
( +1| tnt1) fP(YnH’XnH)p(Xn+1b’1;n) dxp 1 ( )

kde p(¥n+1|Xnt1) je veérohodnost méfeni (z anglického measurement likelihood),
P (Xpi1]¥1n) je apriorni rozdéleni stavového vektoru x,.; (nebo také predikce, coz
zduraznuje, ze rozdéleni stavového vektoru neni zaloZeno na nejnovéjsSim méfeni) a
P (Yn+1) = [ P (¥Ynt1|Xnt1) P (Xnt1]y1:n) dXni1 je normalizaéni konstanta.

Obvyklym postupem pii odhadovéni stavového vektoru x je tzv. rekurzivni (nebo
také sekvencni) filtrace, tedy v kazdé epose t,y1 je do systému doddno nové méfent
VYni1 @ pouze toto, s jiz odhadnutou hustotou p(x,i1]y1..) je pouzito k aktualizaci
hustoty p (X,+1|y1:m11). Pro tento ticel se obecné zavadi dva predpoklady. Prvni z nich je
markovska vlastnost stavu

p (Xn+1’X1:n7 y1:n) =P (Xn+1|Xn)

ktera tika, ze budouci stavy systému jsou podminéné nezavislé na vSech informacich
dostupnych pied epochou t,,. Druhym predpokladem je pak podminéna nezavislost méreni

P (Ynt1|X1m415 Yim) = P (Ynt1[Xns1)

tedy, ze méreni je zavislé pouze na momentalnim stavovém vektoru.

Pro feseni odhadu posteriorni hustoty p(X,i1|y1ms1) lze v literature najit velké
mnozstvi postupu, pricemz kazdy z nich ma své vlastni vychozi predpoklady tykajici
se funkel f,11 (x,, W) a hy 11 (X411, Ve). Zbyld éést této sekce je vénovana piehledu
nejbéznéjsich technik s tim, ze detailni informace Ctenar nalezne v odpovidajicich re-
ferencich.

s

funkce f a h jsou linearni a oba Sumy jsou pridatné

Xn+1 = Fn+1xn + Wit Wnt1 ™~ N (Oa Qn-l—l)
Yn+1 = Hn+lxn+1 + Vint1 Vi1 ™~ N (07 Rn+1) .

Diky témto predpokladum muzeme predikéni hustotu i posteriorni hustotu uvazovat
v Gaussovském tvaru

P (Xns1/Xn) = N (m;ﬂ’ P;L+1)
p (Xn+1|Y1:n+1) =N (mn+17 Pn+1)

pricemz parametry posteriorni hustoty lze nalézt pomoci jednoduchych maticovych
vypoctu
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_ —1
Sn+1 = (Hn+1Pn+1Hg+1 + Rn+1)
My, =m, ; + P;+1Hg+1sn+1 (YH - Hn+1m;+1)
P,y=P., -P H S, H, P,

kde P,,.; znaci odhad kovarianéni matice odhadu stavového vektoru x,,.1, H,,11 je trans-
formacni matice ktera ralizuje linearni funkci £, a pravy horni index ~ znaé¢i predikova-
nou veli¢inu.

Predpoklad Gaussovské aproximace apriorni i aposteriorni hustoty se bézné zachovava
i v ptipadé, ze transformacni funkce f,, ;1 a h,, 1 jsou nelinedrni. Jednou z nejjednodussich
metod Tesicich tento problém je rozsiteny Kalmanuv Filtr (EKF) [14]. Tato varianta je
hojné pouzivana tam, kde nelinearita funkci neni prilis velkd a je jednoduché vypocitat
jejich parcidlni derivace. Transformacni matice F,.; a H,; jsou nahrazeny Jakobiho
maticemi parcidlnich derivaci

Oh ... Of
8CE1 awk
Jp=1{: -
Ofe ... Ofx
8CE1 awk
o0z oxy,
Jp=1| : Lo
Ohg . Ohg
8m1 89:k

Poznamenejme, ze linearizace pomoci parcialnich derivaci je bézné pouzivana v pripadé
spojité formulace dynamického systému [15], kde je misto Taylorova rozvoje pouzit roz-
voj Ito-Tayloruv [16]. Jednim z nejjednodussich piikladu aplikace Ito-Taylorova roz-
voje je Euler-Maruyamova diskretizace stochastické diferencidlni rovnice. Casovy interval
(tn, tny1) rozdélime na M pod-intervalu a nasledné pro j =0,1,--- , M ziskdme

Xj+1 :Xj—f—a(Xj,j) At—I—B(X],]) ABJ (19)

kde At je délka pod-intervalu a Ap; je piirustek Wienerova procesu, ktery mé na zédkladé
jeho vlastnosti rozdéleni AjB; ~ N (0, AtI), kde I je matice identity ptislusnych rozmeéru.
Mezi formulaci rovnice (1.9) a obecnou rovnici si 1ze v§immnout silné podobnosti.
V zasadé jediny rozdil je, ze zatimco v pripadé systému je casovy krok obecné moti-
vovan casy noveé prichozich méteni, v pripadé formulace je ¢asovy krok motivovany
dostatecné presnou aproximaci nelinearniho spojitého systému.

Na rozdil od linearity transformacnich funkci, jako tomu je v pripadé Kalmanova
Filtru, je pfedpoklad aditivity a Gaussovskosti Sumu (systémového i méfeni) béznym
predpokladem pfi feSeni tlohy Bayesovské filtrace, predevsim pak pfi numerickych
metoddch feseni. Uvazuje nyni tedy (diskrétni) stochasticky dynamicky systém ve tvaru

Xn+1 = Inta (Xn) + Wipt1 Wp41 N(Oa Qn—‘rl)

Ynt+1 = hn+1 (XnJrl) + Vit Vip41 ~~ N (07 Rn+1) .
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Diky uvedenym ptredpokladim vlastnosti Sumu je také platny priblizny predpoklad Gaus-
sovského tvaru apriornich i aposteriornich hustot (jednd se ptirozené jen o aproximaci) a
vypocty jejich stfednich hodnot i kovarianénich matic obecné vyzaduji vypocty integralu
ve tvaru

_ /g(x)/\/<x\f<, P) dx (1.10)

kde N (X|§<, P) znaci hustotu vicerozmérného normalniho rozdéleni se stfedni hodnotou

X, kovarian¢ni matici P a argumentem x. Integral 1) bude obvykle nahrazen konecnou
sumou

I ~ Zg(xi) Q; (1.11)

pricemz jednotlivé metody odlisuje predevsim pravé volba vah «; a bodu x; a tato volba
také odlisuje kvalitu a vlastnosti aproximace (napft. zachovani momentu).

Na KF a EKF navazuje Unscentovany Kalmanuv Filtr (UKF), ktery pouzivé prave
numerickou aproximaci (1.11]), pficemz x; jsou nazyvany sigma body, protoze jsou
odvozeny piimo z kovarian¢ni matice normalniho rozdéleni v argumentu integralu

~

Xp =X

& "
X; =X 1_w0\/Pj, proj=1,2--- k
[k N
X; =X — 1_w0\/Pj_k, proj=k+1,k+1,---,2k
1—’11]0

proj=1,2,--- 2k

’UJj:

2k

kde wy je parametr umoznujici kontrolovat polohu bodu vzhledem ke stiedni hodnoté x

a \/P; znaci j-ty sloupec Choleskyho rozkladu kovarian¢ni matice.

Dalsim zéstupcem z rodiny filtra¢nich algoritmu, zalozenych na feSeni integralu
jsou Kubaturni Kalmanovy Filtry (CKF) [17], které pro aproximaci vyuzivaji
standardni kubaturni vzorce [18-20] urcéené pro vypocet vicerozmérnych integrélu,
jejichz argument obsahuje vahovaci funkci ve tvaru normovaného normélniho rozdéleni.
Jako piiklad muzeme uvést kubaturni schema stupné d = 5 popsané v [21]. Stupen
kubaturniho schematu se obvykle odvozuje od polynomu, tedy pokud d = 5 pak
(1.11) neni aproximaci ale presnym vypoctem pro vSechny funkce g, které lze nahradit
polynomem pétého stupné. Kubaturni schemata daného stupné se lisi v poctu bodu (a
tim i ve vpocetni narocnosti), pro nas priklad N = 2k*+1 a body jsou voleny nésledovné
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Vk (k2 — Tk + 18)

(0,0,---,0) s vahou ap =

18
\/ Tk 4 —k
(7)707"'70)1:’5 Svahoualz%
\/k
(U’U’O’“.’O)FS SV&hOUO{ZZ%

kde F'S oznacuje mnozinu vSech unikatnich permutaci soutadnic a také zmény jejich

znamének. Pro toto konkrétni kubaturni schema plati v = %

S ohledem na numerickou stabilitu pii filtraci (predevsim pak zachovéani positivni semi-
definitnosti vypoctené kovarian¢éni matice) je bézny pozadavek a; > 0. Z tohoto duvodu
by toto schema mohlo byt pouzito pro dimense stavovych vektoru k > 4. Zevrubnéjsi
popis teorie kubaturnich vzorctu a jejich klasifikaci 1ze nalézt napiiklad v [22].

K vypoctu integralu Ize pristoupit i randomizovanym zpusobem, napt. pomoci
¢asticovych filtra (PF, z anglického Particle Filters) [23]. V piipadé ¢édsticovych filtru
neni nutny ani Gaussovsky predpoklad tvaru posteriorni hustoty p (X,41|y1.n41) @ tato
hustota dokonce ani nemusi umoznovat analytické vypocty pro provedeni filtrace nebo ge-
nerovani vzorku podle této hustoty rozdélenych. V takovém piipadé uvazujeme jinou hus-
totu q (Xp11|Y1:ne1), Pro kterou umime generovani vzorku realizovat, a kterd mé totozny
nosic¢ jako funkce p. Pro kazdé x,,,; tedy muzeme urcovat realnou konstantu pusobici jako
meéiitkovy faktor mezi témito hustotami

p (Xn+1 |}’1:n+1)
q (Xn+1|Y1:n+1)

W (Xpt1) =

Vzorky nahodné vybrané z ¢ spoletné s vahami w mohou byt pfimo pouzity v rovnici
(1.10) i za predpokladu, ze vahovaci funkce nemd tvar normalniho rozdéleni

1= [oeopxiy ax=12 f?&f;‘iﬁfy")’ﬁdx

a pro IV vygenerovanych vzorku z hustoty ¢ ziskdme aproximaci integralu

I ~ Zg (XZ) w (XZ)
=1 . (1.12)
(Xi) w (x')

% Zjvzl w (x7)

Filtrace pomoci nahrazeni integralu koneé¢nou sumou poskytuje vyhodu velice snadné
a efektivni paralelizace s relativné malymi ndroky na pamét. Existuje celd fada variant
¢asticovych filtru a jejich modifikaci. Zaujatého ¢tendre odkazeme na monografii [24] nebo
piehledovy ¢lanek [25].
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1.4 Multistaticka Konfigurace

V této césti struéné popiseme pouziti bistatického radaru v multistatické konfiguraci, tedy
v pripadé, kdy k vedeni cilu chceme pouzit vice nez jen jeden prijimac a jeden vysilac.
7 definic bistatickych méreni a je patrné, ze multistaticka konfigurace je navic
nezbytnou podminkou aby radarovy systém byl schopen poskytovat polohu cile v 3D
kartézské souradnicové soustave.

‘ Detektor

bistatick& méreni

\ 4
Bistatické trackovani - kazdy z N bistatickych prostor oddé&lené

asociace m&feni k | hepiifazena méfen}i zaloZeni novych
tracklm trackd

l pfifazen& méfeni l

aktualizace stavovych ) udrzba, ruseni
veli¢in trackd starych track(

vSechny ovéfené
bistatické tracky

Kartézské trackovani

Kartézské tracky | méFeni z bistatického

pfifazeni bistatickych TN e

trackl kartézskym

prostoru
kartézské tracky s novymi
bistatickymi méfenimi I E—
\
aktualizace stavovych + UdrZba a rusenf
veligin trackd 7| starych track
nepfifazené bistatické
tracky
i ) 4
nepfifazené ovéfené nové kartézské
bistatické tracky tracky

Asociace bistatickych track(

Obrazek 1.4: Schematicky model architektury systému zajistujictho vedeni cila
v kartézském souradnicovém systému na zakladé bistatickych méteni.

Architektura multistatického radarového systému uvazovand v této sekci vychazi z kla-
sickych ndvrhu pasivnich systému, kdy jsou prostory primérnich méfeni (v nasem piipadeé
bistatickych detekei) a zdjmové prostory (v nasem piipadé 3D kartézsky prostor vedeni)
spravovany oddélené. Tato architektura je bézné pouzivana a v literature lze jeji popis
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nalézt napt. v [26] nebo novéji v [27]. Schematicky ptehled je pak k dispozici na obrazku

L4l

Uvazujme tedy N vzajemné nezavislych bistatickych prostoru. Nezavislost pozadujeme
v geometrickém smyslu a jeji vyznam je takovy, ze zadné dva bistatické pary ¢ a j nejsou
plné totozné polohou svych stanovist (pfijimace a vysilace). V kazdém bistatickém paru
dochézi ke zcela nezavislému signalovému zpracovani, jehoz vysledkem je mnozina detekei
{m;, M;}* pro kazdy bistaticky prostor k. Tato mnozina detekci obsahuje jak detekce
viech detekovatelnych cilu (poznamenejme, Ze cil muze byt v blizkosti spojnice pfijimace
a vysilace bistatického paru a presto nedetekovatelny, napt. protoze je v zakrytu) ale také
falesné detekce vzniklé nahodnym odrazem, vicecestnym Sitenim nebo kumulaci Sumu.
Tyto detekce jsou déle zpracovavany v ramci bistatického péru.

V prvnim kroku je provedena asociace detekei k jiz existujicim bistatickym trackum.
Bez ohledu na pouzity typ asociacniho algoritmu ziskame po zpracovani detekci mnozinu
tracku {x;, P;}, jejichz stavové vektory jsou aktualizovdny pomoci piichozich méteni.
V pripadé téch, kterym zadné méfeni piitazeno nebylo, lze sladit stavové velic¢iny v case
s ostatnimi tracky pomoci predikénich mechanismu.

Mnozinu tracku mame k dispozici samostatné pro kazdy z N bistatickych prostoru.
Neékteré z tracku jsou zcela nové (zalozené nékterymi z neptirazenich primarnich méfeni),
jiné jsou vedené jiz delsi dobu. Obvykle se uvazuje urcity druh valida¢niho mechanismu,
obvykle ve formé pozadavku aktualizace stavovych veli¢in pomoci méfeni v alespon L z M
intervalu, kdy byla data k dispozici. Track je po splnéni tohoto kritéria ve stavu ovéreny
a z hlediska popisované architektury trackovaciho systému pripraveny postoupit do dalsi
faze zpracovani pro tcast na vedeni cilu v kartézském prostoru.

Jak jsme jiz zminili v ivodu kapitoly, pro sestaveni plné 3D kartézské polohy cile
resp. jeho 3D vektoru kartézské rychlosti potfebujeme znat jeho polohu v alespon tiech
bistatickych prostorech resp. jeho bistatickou rychlost v téchto prostorech. Detailnim po-
stupem sestaveni této polohy resp. rychlosti se budeme zabyvat v dalsi sekci. K samotnému
vypoctu polohy a rychlosti muze ovsem dojit az tehdy, kdy mame k dispozici tii bista-
tické tracky z ruznych bistatickych prostort, které jsou obrazem totozného cile. Stejné
jako v ptipadé pritazeni detekce bistatickému tracku, ani v tomto piipadé nemame k dis-
pozici zadny identifikator, ktery by nam umoznil skupiny bistatickych tracku sestavovat.
Jejich sestavenim se zabyva cast trackovaciho systému, kterd obstaravé asociaci bista-
tickych tracku (nebo také kartézskou asociaci) a tato ¢ast je zaroven hlavnim predmétem
této dizertacni prace. Spolecné s algoritmy urceni polohy cile se tedy touto ¢asti zabyvame
detailnéji v nasledujici sekci.

Posledni fazi zpracovani dat v multistatickém systému je samotné vedeni cile
v kartézském systému. Jednotlivym kartézskym trackiim jsou bistaticka méreni doddvana
skrz napojeni na bistatické tracky, které se ucastnily jejich iniciace. Zaroven vsak, po-
kud néktery kartézsky track neni doposud v nékterém z bistatickych prostoru veden,
ponechavéa systém moznost napojeni na tamni bistatické tracky. Pokus o tato napo-
jeni se provadi jesté diive, nez jsou oveérené tracky odeslany do asociace bistatickych
tracku tak, aby se predchazelo zbytecnému zahlceni systému a zaroven vytvareni falesnych
kartézskych track.
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1.4.1 Asociace bistatickych tracki

V predchozi sekci jsme popsali a shrnuli celkovy systémovy pohled na systém vedeni
cila, kde zdrojem informaci o jejich poloze jsou detekce ziskané pomoci multistatické
konfigurace bistatickych radaru. Z popisu vyplyva, ze jednou z klicovych casti je prave
asociace bistatickych tracku, ktera spoleéné s algoritmy urceni polohy a rychlosti cile,
realizuje prechod z bistatickych do kartézského prostoru. Praveé tato ¢ast je také hlavnim
tématem této prace a v této sekci ji podrobné popiSeme a poskytneme dukladnou resersi
dostupné literatury na toto téma.

Nejprve formulujme tlohu asociace bistatickych tracku tak, jak je naznacena
v predchozi sekci. Ovérené bistatické tracky jsou nejprve poskytnuty jiz existujicim
kartézskym vedenim pro piipadné navazani v téch bistatickych prostorech, kde dany
kartézsky track prozatim neméd data. Predpokladejme, ze ¢dst bistatickych tracku je takto
odebrana a predana do kartézskych vedeni, nicméné podstatné mnozstvi jich zustane
nepritfazeno. Tyto bistatické tracky jsou pak vstupem jejich asociace.

Oznacme N celkovy pocet nezavislych bistatickych para a My pro k = 1,2,--- /N
pocet ovérenych bistatickych trackt vstupujicich do asociace. Jak jiz bylo fec¢eno v sekci
[1.3.1] pro sestaveni plné polohy cile je zapottebi alespon tii geometricky nezdvisla mérent
bistatické polohy. Je tedy smysluplné hledat alespon trojice bistatickych tracku z ruznych
bistatickych prostort. Na druhé strané cilem umisténi a pokryti systému je co nejvétsi
detekovatelnost cilii napti¢ dvojicemi paru prijimac-vysilac. V tomto ohledu ma smysl
uvazovat skupiny az N tracku, coz by odpovidalo cili, jez mé v kazdém bistatickém pro-
storu svuj track.

Uvazujme nyni mnozinu kombinaci indextu k = 1,2,--- , N t¥idy [l kterych je

) (N) = (ZID (1.13)

a jejich mnozinu si oznacme L. Pomoci bijektivniho zobrazeni z mnoziny ptirozenych ¢isel
i=1,2,---,C;(N) na mnozinu £ muzeme mezi jednotlivymi kombinacemi L; iterovat.
Celkovy pocet potencidlnich hypotéz o asociaci bistatickych tracku tedy muzeme zapsat
ve tvaru

K = i M;. (1.14)

Prirozené, velka cast z asocia¢nich hypotéz nebude disjunktnich, tedy nékteré hy-
potézy budou mit spolecné bistatické tracky. Tim vyvstava dalsi problém, jak posoudit
dvé ruzné hypotézy (které napt. sdili jeden ¢i dva bistatické tracky) abychom vybrali tu
spravnou nebo alespon pravdépodobnéjsi. Eliminace faleSnych asociacnich hypotéz, které
by potencidlné mohly vést k falesnym kartézskym trackum, se v literature obecné nazyva
slovem deghosting.

Asociace bistatickych tracku a deghosting nejsou ani zdaleka novym tématem a exis-
tuje mnoho literatury, ze které lze ¢erpat. Obecnéd 1loha prifazeni prvka z N seznamu, ve
smyslu ,tvrdého* prifazeni (tedy jeden prvek ze seznamu i muze byt pfifazen maximalné
jednomu prvku ze seznamu j) je feSena v [28]. Uloha je zde feSena obecné s aplikact
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sledovani cile v siti vysokofrekvenénich stanic urc¢ujicich smér odkud prichézi signal cile,
tedy s nelinearni transformaci stavového vektoru do prostoru méreni. Mimo jiné jsou
uvazovana i falesnd méfeni, nebo chybéjici méteni cile v nékterych prostorech (seznamech
méfeni). Diky tomu lze velmi snadno feSeni prevést i na piipad asociace bistatickych
tracku. Protoze tloha je sama o sobé NP-tézkd, vyuziva feseni polynomidlniho algoritmu
pro 2-D ptitazeni, ktery je aplikovan postupné a optimum je hledano s pouzitim Lagrange-
ovy relaxace pro penalizaci naruseni omezujicich podminek (omezujici podminky vyplyvaji
z pozadavku na tvrdé prifazeni).

Clének [29] jiz fesf asociaci z hlediska bistatickych méfeni. Redukce vypocetni
narocnosti asociace se zde provadi za prvé pomoci projekce poloh do volené 2D roviny
(tj. nefesime plné 3D polohu cile) a déle analogicky jako v pripadé [28] pomoci formovani
pouze paru méfeni (nebo tracku) z ruznych bistatickych prostori. Tyto pary pak v roviné
formuji dvojice elips méfeni, které maji zpravidla analyticky urcitelné pruseciky. Kova-
rian¢ni matice takto vypoctenych poloh cilu jsou nasledné osetteny vzhledem k neznamé
vysce a pomoci téchto kovariancénich matic jsou pak polohy ,shlukovany* na zakladé Ma-
halanobisovi vzdélenosti. Pro jednotlivé shluky je pak urcena vérohodnost piitomnosti
cile v dané oblasti vzhledem k poctu poloh ve shluku, na zakladé c¢ehoz je shluk prohlédsen
za cil nebo falesny odraz. Toto testovani lze provadét jednak v kartézském prostoru a nebo
v prostoru méfeni. Navrhovany algoritmus je déle rozveden v [30] a [31] a mimo jiné jsou
vyuzivany analytické vzorce pro vypocet kartézské polohy cile z neiplnych méreni [32].

Alternativni postup vedeni kartézskych cila je navrzen v [33]. V ¢lanku je vyuzita tech-
nika vedeni track-before-detect (TBD), ktera eliminuje kompletné bistatickou ¢ast véetné
detekéniho procesu. Zobecnény vérohodnostni pomér je vyhodnocen ptimo nad prijatym
signalem, pricemz uvazované hypotézy jsou Hj: signdl neobsahuje cil a Hy: v signalu je
obsazen odraz od cile. Vérohodnostni pomér pro tyto dvé hypotézy je nasledné vyhodno-
cen pies celou preddefinovanou mnozinu poloh a rychlosti cile, pficemz za uréené polohy
jsou oznaceny ty, kde pomeér piekroc¢i voleny prah. Poznamenejme, Ze vzhledem k archi-
tekture uvazovaného systému, predstavené v predchozi sekci, je tento postup nevhodny.

Mimo samotného algoritmu sestaveni skupin meéfeni z ruznych zdroju, lze deghos-
ting také realizovat pomoci potlaceni téch, pro které by vysledné parametry cile (tedy
predeviim poloha a rychlost) byly silné nepravdépodobné. Pro redlné cile v blizkosti
zemského povrchu lze predevsim uplatnit kritéria rychlosti. Tento zpusob deghostingu
byl detailné zkoumén v [34]. Prosté limity Vi, & Ve zde byly prevedeny do detailnéjst
geometrické domény a odvozeny analytické vztahy pro ohraniceni oblasti pripustnych
hodnot vzhledem k pohybu cile. Uplatnénim téchto oblasti lze efektivné vyloucit velké
mnozstvi cilu s nepravdépodobnou rychlosti vzhledem k jejich poloze a pohybu a tim
snizit pocet falesnych cilu.

Podobnym smérem se ubiraly také tivahy autoru ¢lanku [35], kde jsou také uplatnovany
limity vyskytu cile (v oblasti polohy a rychlosti). Celkovy pfistup byl ale odlisny a
spoc¢ival ve formovéani trojic bistatickych méfeni (pomoci heuristického algoritmu 3D
prifazeni vychazejictho z JPDA), které zakladaly nova kartézska vedeni. Ta byla nasledné
rusena bud’ v pfipadé nesplnéni limiti polohy a rychlosti, nebo piekro¢enim vérohodnosti
tracku pocitané na zadkladé manévru cile a pfitazenych dalsich méteni. Vyznam pocitané
vérohodnosti znevyhodnoval ty tracky, jejichz manévry neodpovidaly realnému cili.

Odlisny postup asociace bistatickych tracki byl zvolen v [36] a [37], pficemz oba
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thesis Tracking (PMHT) piistupu. V rdmci toho piistupu jsou jednotlivé asociace méfent
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k trackim povazovany za nezavislé a celkova vérohodnostni funkce ptifazeni muze byt
vyjadfena pomoci soucinu a souctu pres bistatické prostory a uvazované tracky. Maxima
této vérohodnostni funkce pak urcuji kandidatni asociace, které pokracuji do dalsiho stadia
kartézského trackovani.

Tématem testovani odhadnutych poloh z kombinaci bistatickych méteni se zabyvaly
clanky [38] a [39]. V obou piipadech byl zvolen postup testovani velikosti zbytkové
chyby vypoctené polohy zpétnou projekci vypoctenych kartézskych soutadnic do pro-
storu méfeni. V pripadé [38] bylo kritérium maximélni chyby odvozeno od predpokladu
normalniho rozdéleni chyb v bistatickych prostorech, diky éemuZ ma zbytkova chyba 2
rozlozeni s poc¢tem stupnu volnosti odvozenym od poctu ur¢ovanych a mérenych para-
metri. Oproti tomu v [39] je zbytkova chyba prevedena na dekadicky logaritmus a pro
ten je stanovena mezni hodnota.

Jak je vidét z provedené reSerse, v literatuie je dostupné velké mnozstvi ruznych
pristupu k asociaci bistatickych trackt a deghostingu. Nékteré se lisi samotnym algorit-
mickym pojetim asociace (pticemz algoritmus sdém muze zabranovat formovani falesnych
cil) nebo jen uplatnovanymi kritérii na vysledné polohy nebo kartézské tracky v prubéhu
vedeni. Nyni tedy uvedeme nékolik problému s dostupnymi pristupy k problematice.

Prvnim velice castym jevem je pievod ulohy z prostoru 3D polohy a 3D rychlosti cile
na 2D polohu bud bez rychlosti, nebo s 2D rychlosti. Tento pifstup se tyka napi. ¢lanki
[29-31},134,38-42]. Ackoli z hlediska problematiky vypoctu polohy cile (kterou detailnéji
rozebereme v dalsi sekci) prace pouze s 2D polohou pfindsi redukei vypocetni naroénosti,
z hlediska deghostingu naopak situaci vyrazné komplikuje. Nezndama vyska cile musi byt
kompenzovana a to predevsim v kovarianéni matici cile. Pfipomenime, ze bistaticky range
tvori v prostoru elipsoidy, a proto se zménou vysky dochézi ke zméné polohy (pricemz mira
této zmeény je ddna vzdalenosti od systému) a tudiz mé jeji zanedbani vliv i na presnost
v uvazované 2D roviné. To prirozené vede k vétsim nejistotam v asociaci a muze nasledné
vést k tvorbé falesnych kartézskych cili. Poznamenejme, ze v cCasti literatury muzeme
najit formulaci, ze ,pfevedeni tlohy do 3D je jednoduché®“. U nékterych algoritmu je tato
formulace spornd, u jinych nikoli. Nicméné i tam, kde si 1ze snadno domyslet pfevod na
asociaci a deghosting ve 3D prostoru, nejsou v literatuie zadné vysledky a porovnéani pro
tuto modifikaci a je tedy otazka, jestli dany postup nedosahuje uvadéné efektivity prave
pouze pfi nasazeni ve 2D.

Druhym problematickym bodem vétsiny v literature navrhovanych ptistupu k deghos-
tingu je uvazované sestaveni multistatického systému. Sestaveni multistatického systému
je dano polohami prijimacich a vysilacich stanic, ve zjednodusené formé pouze jejich
poctem. V drtivé vétsiné clanku, napf. [26,31,35,36,38,40,42-44], je uvazovand mul-
tistatickd konfigurace typu 1/N nebo M/1, pticemz v poméru M/N oznacuje M pocet
prijimacu a N pocet vysilacu. Takovy predpoklad silné zjednodusuje situaci jak pro uceni
polohy cile, kde napt. uzaviené vzorce [43] nelze snadno upravit pro vypocet polohy
cile napr. ze tii méreni, pokud tato méreni nemaji spole¢né ani jedno stanovisté, tak
pro pocet vzniklych pruseciku elips v roviné v piipadé uvazovaného 2D vedeni (které je,
jak jsme uvedli, casté), protoze konfokalni elipsy mohou mit maximélné dva pruseciky.
vétsi mnozstvi falesnych kartézskych vedeni. Navzdory tomu, ze konfigurace 1/N ¢i M/1
jsou v literatute casté, i konfigurace M/N maji své praktické vyuziti, a lze je v lite-
ratuie nalézt [45/46]. Obecné konfigurace multistatického systému maji vyuziti predevsim
v téch aplikacich, kde je cilem urcenou oblast co nejlépe pokryt plné 3D vedenim, idedlné
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z preurceni (tedy abychom meéli nadbytecnd méreni, kterd snizuji chybu odhadu).

Hlavnim cilem této préce je, jak jiz bylo fec¢eno v tvodu, navrhnout alternativni al-
goritmus pro asociaci bistatickych tracku a deghosting, ktery by eliminoval nékteré diléi
nedostatky zjisténé v algoritmech dostupnych v literatuie. Pozadavky na takovy algorit-
mus bychom mohli shrnout do nékolika bodu.

o Algoritmus musi byt od pocateéniho ndavrhu uréen pro plnou 3D lokalizaci cilu
(poloha i vyska) tak, aby ani nebrénil asociaci pouze dvojice bistatickych métent,
ktera 3D vedeni schopnd nejsou.

o Algoritmus musi predpokladat, ze multistatickd konfigurace je obecného typu M/N.

o Vzhledem k tomu, ze asociace méfeni a veden{ tracku (at jiz v bistatickém nebo
v kartézském prostoru) je realizovana pomoci Bayesovského modelovéni, méla by i
asociace bistatickych tracku byt fesena pomoci tohoto pristupu.

o Vypocetni narocnost algoritmu musi byt kontrolovatelna s ohledem na dostupné
prostiedky systému, tak aby nedochazelo k jeho zahlceni. V tomto ohledu se jako
vhodnd moznost nabizi randomizovany piistup.

o Vysledny algoritmus by mél predcit bézné pouzivané algoritmy s ohledem na objek-
tivni kritéria hodnoceni asociace bistatickych tracku.

1.4.2 Urceni polohy a rychlosti cile

Uvazujme nyni, ze mame k dispozici informaci, kterd nam umoznuje identifikovat bista-
tické tracky totozného cile napfi¢ bistatickymi prostory. Asociaci bistatickych tracku
provadime pravé za ucelem odhadu této informace tak, abychom ji déle pouzili k urceni
polohy (rychlosti) cile v zdjmovém 3D kartézském prostoru.

V souladu se znacenim ze zacatku kapitoly oznacime skuteénou polohu cile C a jeho
rychlost V. Pro mérené bistatické soutradnice tohoto cile v néjakém bistatickém prostoru
1 plati

yi = Cf) +vi (1.15)

kde v, r jsou dany vztahy a upravenymi pro polohy prijimace Rx; a vysilace
Tx;, pricemz jejich index oznacuje prislusnost k bistatickému prostoru 7. Nahodny vektor
chyb méfeni mé normalni rozdéleni s nulovym vektorem stifednich hodnot a znamou
kovarian¢ni matici

S ohledem na sekci[I.3.3]samoziejmeé nechceme urcovat polohu cile piimo z bistatickych
méreni, ale z vyfiltrovanych stavovych vektoru tracku, které se projevily jako v case tr-
valé a tudiz duvéryhodné. Na druhou stranu, tato modifikace méa za nasledek pouze to, ze
zatimco v ptipadé bistatickych méreni je kovarianéni matice R témér ¢i zcela diagonalni,
v piipade stavovych vektoru m,,; bistatickych tracku je kovarian¢ni matice P, i zcela
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obecnd kovariancni matice. Poznamenejme, zZe definici kovarianéni matice splnuji i po-
sitivné semidefinitni matice, nicméné vzhledem k bézné potiebé vypoctu s jeji inverzi,
kdy vlastni smér s nulovym vlastnim ¢islem by pusobil problémy, se omezujeme pouze
na matice pozitivné definitni. S ohledem na tyto skutecénosti lze povazovat tvar (|1.15)) za
je i stavovy vektor bistatického tracku mérenim.

Na zakladé informace o spole¢ném puvodu skupiny tracku {yi}i]\il7 kde N zde oznacuje
pocet bistatickych prostoru, ve kterych byl uvazovany cil identifikovan, mtuzeme hledat
kombinovanou polohu cile P = (C, V)

P = argminy (v~ h (P) R, (v~ h (P)). (1.16)

Vyznam minimalizace je nésledujici. Pro kazdou kandidatni polohu P bychom
provedli jeji projekci do kazdého z N bistatickych prostoru pomoci funkce h (P).
Nésledné v kazdém prostoru ¢ bychom vypocetli Mahalanobisovu vzdalenost mezi touto
promitnutou polohou a polohou métenou vzhledem ke kovarianéni matici mérené polohy
R,;. Vysledny odhad polohy P ziskdme jako takovou polohu P, pro kterou je soucet téchto
Mahalanobisovych vzdalenosti minimalni. Poznamenejme, ze vyhodou tohoto ptistupu je
moznost piimo statisticky testovat, jestli nalezené vzdjemné pritazeni bistatickych tracku
neni chybné.

Kazda z Mahalanobisovych vzdalenosti v sumé (|1.16) ma dva stupné volnosti, jejich
soucet (vzhledem k vzdjemné nezdvislosti) pak ma 2N — 6 stupnu volnosti, pficemz tato
suma (jako ndhodné veli¢ina, nebot jeji hodnota je ddna ndhodnymi chybami méfent)
mé stale y? rozdéleni s timto poc¢tem stupiiii volnosti. Miizeme tedy porovnat minimaln{
hodnotu minimalizované (icelové) funkce s kritickou hodnotou a posoudit, jestli je dana
asociace na volené hladiné pravdépodobnosti p ptijatelna. Poznamenejme, Ze tento postup
neni konkrétnim algoritmem, jako spis matematickym popisem zalozenym na statistické
podstaté véci vzhledem k nastolenym predpokladum.

Nez prejdeme k reSersi literatury ohledné urcovani polohy cile, naznac¢ime zde jednu
obecnou metodu Feseni rovnice a to pomoci metody nejmenstho spadu [47].
Pouziti prave této metody je opodstatnéno nelinearitou minimalizované funkce a také
potencialné velmi rychlou konvergenci této metody. Hlavnim principem této metody je
ziskédni poc¢ateéniho odhadu polohy cile P? a pro k > 0 iterativné poéitdme

pU+) — p) L o0 q®)

dokud nedoséhneme konvergence na zékladé volenych kritérif. Smér d®) a velikost kroku
a®) yolime tak, aby pohyb smérem k minimu byl co nejrychlejsi (ve smyslu poétu prove-
denych kroku). Ozna¢me minimalizovanou funkei f (P), tedy

fP) =3 (vi=h(P)'R (yi —~h(P) =} _f:(P) (1.17)

=1 i=1

a jeji gradient vyjadiime pomoci diferencialniho operatoru V

Vf; (P) = —2Vh; (P)" R} (y; — h (P)) (1.18)
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pticemz Vh; (P) odpovida Jakobiho matici. Pro funkci h; (P) pfepoctu do bistatickych

soufadnic plati podle ([1.1)) a ([1.2))

h, (P) (n) (HC—TXJHHRX@'—CH —H];{Xi—TXiH>
i = . = C—Tx; Rx;—C :
vi <\|c—TXi|\ + Hsz——CH) 4

Smér d®) je smér spadu (tedy smér vedouci k minimu) pokud je splnéna podminka

d®vf(PW) <o

pro Vf (P®) # o. Jednou z moznost{ uréeni sméru d*) je Newtonova metoda [47],
pomoci které jej ur¢ime jako

d® = -H; (P)Vf (PW)

kde Hy (P) je Hessova matice druhych parcidlnich derivaci. Koeficient a® hleddme tak,
aby f (P*D) < f (P®) napi. metodou pilen intervalu.

Kromé naznaceného zjevného teSeni problému urc¢eni polohy piimo z jeho definice
existuje v literature také velké mnozstvi zjednodusenych postupu, které je vhodné pouzit,
pokud jsou splnény jejich vychozi predpoklady. Na zacatku reSerse této literatury po-
znamenejme, ze problematika urceni polohy cile z elipsoidickych bistatickych méreni a
problematika urceni polohy cile z hyperboloidickych bistatickych méfeni (oproti souctu
vzdalenosti ke stanovistim se zde jednd o jejich rozdily) jsou silné spjaté a tudiz i jejich
literatura se velmi casto prolina.

V [48] je predstavena metoda lokalizace vysilace pomoci N + 1 (N > 3) piijimacu na
zékladé mnoziny TDOA meéfeni (hyperboloidickych) za predpokladu, ze jeden z ptijimacu
je centralni. Tento predpoklad je v souladu s béznym piedpokladem z ptredchozi sekce
zabyvajici se asociaci bistatickych tracku, tedy konfigurace N/1. Metoda samotnd vyuziva
prevodu nelinedrnich rovnic TDOA (rozdily euklidovskych vzdélenosti) na soustavu
linedrnich rovnic (pomoci neekvivalentnich iprav) pro polohu cile. Mimo samotné metody
je v ¢lanku také poskytnuto odvozeni podminek existence feSeni a jejich poctu. Vyhodou
této metody je, ze umoznuje zahrnout i charakteristiky chyb métfeni a tim nalézt feseni
ve smyslu nejmensich ¢tverct.

Na ¢lanek [48] pfimo navazuje [43], kde je metoda upravena pro piipad elipsoidickych
TDOA meéfteni pro konfiguraci 1/N. Prijimac¢ je s vyhodou umistén do stfedu lokalni
kartézské soustavy soutadnic, coz vede ke zjednoduseni vyslednych rovnic. Kromé odvo-
zeni vypoctu polohy cile je v ¢lanku také naznaceny jednoduchy analyticky vypocet rych-
losti cile za predpokladu, ze jsou k dispozici méfeni i bistatické rychlosti pfi zndmé (nebo
odhadnuté) poloze cile. Poznamenejme, Ze pii silngjsi korelaci mezi mérenou bistatickou
polohou a bistatickou rychlosti neni odhadnutd poloha a rychlost optimélni ve smyslu
rovnice . Dalsim pokracovatelem tohoto piistupu k urceni polohy cile je clanek [49],
ktery metodu rozsifuje o novy zpusob vypoctu neznamé konstanty v linedrnich rovnicich
urceni polohy. Jeden z vypoctu této konstanty je vhodny za predpokladu nadbyteénych
méreni, kdy jeji hodnota je uréena z residui, druhd metoda vypoctu bez preurceni byla
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predstavena jiz v [43]. Mimo to je v [49] také pfedstaveno odvozeni kovarian¢éni matice
odhadu polohy cile danou metodou.

Dalsim zajimavym smeérem urceni polohy cile je situace, kdy neméame k dispozici
dost méfeni na to, abychom uréili plnou polohu (tedy aby pocet geometricky nezavislych
znamych byl alespon roven poctu geometricky nezavislych neznamych souradnic) nicméné
chceme, se zavedenim urcitych predpokladu, urcit alespon diléi polohu. Této problema-
tice se vénovali autofi ¢lanku [50], ktefi tento problém oznacuji jako inicializaci z ne-
kompletnich méteni. Vyhodou tohoto pristupu je, ze vedeni cile muze byt zahédjeno difv
(nemusime ¢ekat na dostatek vhodnych méteni) a tim je i vétsi vyuzitelnost méreni, ktera
na takto zavedeny cil mohou byt vazana. Nevyhodou je ovSem to, Ze neni mozné odhad-
nout (a kvantifikovat nejistotu tohoto odhadu) vsechny pozadované souradnice.

Neurcité casti stavového vektoru cile jsou nahrazeny predpoklady ve formeé
pravdépodobnostniho rozdéleni tohoto parametru. Zdékladni princip pak spociva
v rozdéleni stavového vektoru na dvé ¢asti, kde prvni se sestdva z odhadu z dostupnych
méfeni a druhd ze zminénych apriornich predpokladu. Na praci [50] pfimo navazuje
clanek [32] (zde je nutné poznamenat, ze tato navaznost je véc presvédéeni autora této
préace, predchozi ¢lanek [50] neni v referencich ¢lanku [32] uveden, nicméné v ¢lancich
lze nalézt zcela identické obrazky a rovnice). V ¢élanku je puvodni myslenka siteji ro-
zebrana pro ptipad vedeni pouze z uhlovych méfeni a je tedy pro pripad TDOA vedeni
nepouzitelny a zde jej uvadime pouze pro uplnost reserse.

Netiplnou inicializaci polohy cile, pfesnéji inicializaci pouze v néjaké horizontalni ro-
viné (bez urceni chybéjici soufadnice), rozebird podrobnéji clanek [51]. Jako piiklad je
zde uvedeno zavedeni cile pouze ze dvou elipsoidickych TDOA méfeni. Poloha cile v ta-
kovém ptipadé odpovida kiivece v prostoru, jejiz tvar je podobny poledniku elipsoidu, s tim
ze hladiny pravdépodobnosti rozdéleni odhadu polohy cile odpovidaji obalu této krivky,
ktery mé nepravidelny tvar. Metoda feseni tohoto problému uvedend v [51] je zalozena
na Gaussovské smeési, kdy popisovany prostorovy utvar je nahrazeny jednotlivymi troj-
rozmérnymi rozdélenimi podél kiivky tak, aby jejich hladinové plochy vyplnovali hladiny
pravdépodobnosti skuteéného rozdéleni. Volba Gaussovské smési je zde na misté, nebot
dobte aproximuje vétsinu analyticky tézko popsatelnych pravdépodobnostnich rozdéleni.
Poznamenejme, ze tento ¢lanek je vyraznym rozsifenim a obsahuje vétSinu poznatku
obsazenych v [52].






KAPITOLA 2

Asociace bistatickych tracku

2.1 Uvod

V této casti prezentujeme vysledky vlastniho vyzkumu, publikovaného na odborné konfe-
renci IEEE Multisensor Fusion and Integration 2020 (indexovana v databédzi SCOPUS)
a v recenzovaném casopise s impakt faktorem (3.576, Q1), ktery se tykd asociace bista-
tickych tracku, které jsou vysledky zpracovani méreni v jednotlivych bistatickyh prosto-
rech.

Clanky spojuje pouziti Bayesovského modelovani pro feseni samotné lohy asociace
bistatickych tracku. V prvnim z ¢ldnku [1] je predstaven pravdépodobnostni model, jehoz
hlavni prednosti je pouziti specifického apriorniho rozdéleni pro asociacni matici, ktera
slouzi pro prifazeni bistatickych tracku ke kartézskym. Pro inferenci, ziskani posteriorniho
rozdéleni, je pak pouzita metoda Reversible Jump Markov Chain Monte Carlo, ktera nam
umoznuje v prubéhu inference provadét skoky mezi hypotézami o poctu pritomnych cilu
(reprezentovanych kartézskymi tracky), coz vede ke zméné poc¢tu urcovanych parametru.
Pozdéjsi ¢lanek, publikovany v ¢asopise 2] s impakt faktorem, na predchozi plné navazuje
(je jeho vyrazné rozsirenou verzi), poskytuje detailnéjsi popis celého modelu a posky-
tuje detailnéjsi analyzu dosazenych vysledku, véetné analyzy konvergence sestrojeného
markovského fetézce na simulovanych datech.

V nésledujicich sekcich poskytneme strucny teoreticky tvod do dvou hlavnich prvkua
pouzité metodologie, kterymi jsou Indian Buffet Process a Reversible Jump Markov
Chain Monte Carlo, s odpovidajici resersi literatury. Dale jiz nasleduji plné texty obou
zminovanych ¢lanku, jejichz vlozeni do této prace umoznuji licenéni podminky obou z vy-
davatelu.

2.2 Teoretické zaklady

2.2.1 Indian Buffet Process

Indian Buffet Process (IBP) je stochasticky proces, ktery definuje rozdélent
pravdépodobnosti nad tiidami ekvivalence bindrnich matic s koneénym, pevné danym
poctem tadku a hypoteticky neomezenym poctem sloupcu [53].

25
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2.2.1.1 Koneény model skrytych vlastnosti

Pted uvedenim samotného modelu IBP je zapotiebi zavést koneény model skrytych vlast-
nosti, z néhoz je IBP pak odvozen. Predstavme si model, v némz figuruje N objektu
(reprezentujicich pozorovanou realitu, napt. data) a déle K skrytych vlastnosti téchto
dat. Fakt, ze objekt ¢ vykazuje pritomnost vlastnosti k£ signalizujeme pomoci binarni
promeénné z;,, pricemz pro vSechny objekty a vlastnosti muzeme tuto informaci sumari-
zovat do binarni matice Z. Ke kazdé vlastnosti ptifazujeme hodnotu 7, kterd repre-
zentuje pravdépodobnost, ze libovolny objekt ¢ bude mit pravé vlastnost k. Seradime-li
pravdépodobnosti pro jednotlivé vlastnosti do vektoru @ = (7,9, -+ ,Tx), muZeme
pravdépodobnost celé matice Z psat ve tvaru

p(@lm) = [[[[p(alm) = [[m* (1 = m) (2.)

kde hodnota my oznacuje pocet objektu, které maji prirazenu skrytou vlastnost k.

Model v této podobé by byl zavisly na volbé pravdépodobnosti jednotlivych vlastnosti,
pricemz i tyto pravdépodobnosti by mély byt véci statistické inference. Z tohoto duvodu
je model doplnén o apriorni rozdéleni pro tyto pravdépodobnosti tak, Zze jednotliva
T, povazujeme za vzdjemné nezavisla (tedy vyssi pravdépodobnost vyskytu vlastnosti
k netikd nic o ostatnich vlastnostech, coz je jisté zadouci). Jako apriorni rozdéleni je
voleno rozdéleni Beta s parametry 7, s a to z duvodu, ze je vhodnym rozdélenim pro
hodnoty, které reprezentuji pravdépodobnosti nebo procenta (obecné kvantity nabyvajici
hodnot z néjakého omezeného intervalu) a dale, protoze se jedna o rozdéleni konjugované
vzhledem k Bernoulliho rozdéleni jednotlivych bindrnich ptifazeni [54]. Pravdépodobnosti
rozdéleni pro m, mé pak tvar

(1 — )t

B(r,s)

p(m) =

kde B (r,s ) je Beta funkce

B(r,s )= /0 (1 =)y = %

Cely pravdépodobnostni model pak lze shrnout

Tklr,s ~ Beta(r,s ) (2.2)
Zik| Tk ~ Bernoulli (7y,) . '

7 duvodu, které budou dale zfejmé, provadime volbu parametru apriorniho rozdéleni
r = % as= 1. Mimo jiné, volba s =1 zajistuje, Ze pro poméry 7% > 1 je tvar hustoty
pravdépodobnosti rostouci funkce na intervalu (0, 1), zatimco pro % < 1 mé naopak tvar
klesajici funkce. Tvary hustot pravdépodobnosti pro rizné hodnoty poméru 4 jsou na
Obrazku Pti znalosti apriorniho rozdéleni nahodné proménné 7, se muzeme pokusit
jeji vliv odstranit z vypoctu pravdépodobnosti matice Z a to marginalizaci. Diky konju-

govanosti Beta a Bernoulliho rozdéleni tak ziskdme tvar [55]
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Obrazek 2.1: Tlustrace beta prioru vah jednotlivych skrytych vlastnosti pro ruzné volby
koeficientu %. Pro volbu oo = K pfechdzi prior na rovnomérné rozdélent.

K [0 (6]
P(Z):HKF(mk—i—K)F(Namk—i—l) (23)
I'(N+1+2)
kde m;, znaci pocet objekt, pro které je z;; = 1. Z odvozeného tvaru rozdéleni binarnich
matic Z v rovnici je zjevné, ze potadi jednotlivych ndhodnych velicin je zaménitelné,
tedy, ze na jejich poradi nezalezi a ze (vyjma parametru N, K a «) je pravdépodobnost
konkrétni matice ddna pouze obsazenosti m;, jednotlivych vlastnosti.

2.2.1.2 Neomezeny model skrytych vlastnosti

Konecny model skrytych vlastnosti predpoklada, ze K, tedy pocet vlastnosti, které v ob-
jektech chceme hledat, zname. Ve skutecnosti v celé fadé aplikaci a také v pripadé asociace
bistatickych trackt je tento pocet sam o sobé hledanou neznamou. Chceme mit tedy k dis-
pozici model, ktery bude v tomto ohledu flexibilni.

Jednim z nastroju jak sestavit bayesovsky model s touto vlastnosti je predpokladat,
ze K muze byt potencidlné neohrani¢ené [53]. Na druhou stranu, s rostoucim K bu-
dou matice Z vice a vice fidké a pravdépodobnost kazdé z nich se bude limitné blizit
nule. Tento problém lze vyftesit ustanovenim tiid ekvivalence nad témito binarnimi ma-
ticemi, které budou mit tu vlastnost, ze seskupi tak velké mnozstvi matic, ze stanoveni
pravdépodobnosti jednotlivych tiid bude mozné. Jednou z moznosti je sestaveni tiid ekvi-
valence zleva setazenych binarnich matic lof (z anglického left ordered form) [56).

Transformaci na zleva sefazenou formu budeme znacit pomoci operdtoru lof(-).
Zakladni myslenkou této transformace je interpretace jednotlivych sloupcu matice
jako binarnich ¢isel s tim, zZe nejvyznamnéjsi bit je pfitazen prvnimu fadku. Sloupce
jsou nasledné sefazeny v potradi podle dekadické hodnoty téchto bindrnich ¢isel. Ttidu
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rows
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Obréazek 2.2: Ilustrace prevodu bindrni matice (vlevo) na jeji zleva sefazenou formu
(vpravo) tak, ze vyznamnost bitu klesé od prvniho fddku. Cernd reprezentuje 1 v bindrni
matici, zatimco bild reprezentuje 0.

ekvivalence, do které matice Z ndlezi oznacime [Z]. Poznamenejme, ze uplatnénim lof
transformace se pravdépodobnost matice nezméni. Priklad této transformace je
vizualizovan na Obrézku 2.2 Pro tucely dalstho popisu pravdépodobnostniho rozdéleni
nad bindrnimi maticemi s potencidlné neohrani¢enym poctem sloupcu zde zavedeme
pojem historie. Historie vlastnosti k£ pro objekt ¢ je binarni vektor dimense ¢ — 1 ve tvaru
(21K, 22k, - -+, Zi—1x)- Celd historie vlastnosti & je pak bindrni vektor dimense N ve tvaru
(21K, 22k, "+ 5 2nk)- V réamci jedné bindrni matice Z oznacéime pocet vlastnosti, které maji
totoznou historii h pomoci proménné K. Pravdépodobnost celé tiidy ekvivalence [Z] je
pak prirozené dana pomoci

=) Pz

Zc(Z)

pricemz po dosazeni z (2.3 a vyéisleni mohutnosti tiidy ekvivalence ziskdme [53]

K
a7 ( mk+ LY (N —my + 1)
2N 1 HK :

P([2]) = 2 th:l I'(N+1+2)

(2.4)

I v piipadé pravdépodobnostniho rozdéleni pro tiidy ekvivalence bindrnich matic
ovSem stale predpokladame, Zze jsou matice konecné jak v poctu radku tak v poctu
sloupcu. Potencidlné neomezeny model v poctu vlastnosti objektu ziskdame limitnim
prechodem pro K — oo [55]

lim P ([Z]) = o™+ exp (—aHy) 71 (N = mg)! (my — 1)

K 2N -1 !
e h=1 K! k=1 N

kde K, oznacuje pocet sloupcu, pro které plati my > 0 a Hy = Ejv 15 = je harmonické

¢islo. Celkovy pocet vlastnosti a také jejich sdileni mezi jednotlivymi obJekty je tedy
v odvozeném modelu propojen skrze parametr «. V aplikacich ovsem ¢asto muzeme chtit
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tyto pocty regulovat nezavisle a bylo by tedy vhodné mit k dispozici model se dvéma
parametry, kde kazdy by reguloval jinou vlastnost vyslednych binarnich matic.

Pravé pro tento tucel lze v literatufe [55] nalézt také dvou-parametrickou verzi
IBP. Tato verze také vychédzi z koneéného modelu s tim, ze parametry Beta
rozdéleni jsou voleny r = % a s = 3, kde 8 je novy parametr pridany k parametru a.
Pravdépodobnostni rozdéleni konecné bindrni matice Z marginalizované vzhledem k 7y

pak ma tvar

(52 +5)
()T

Provedenim limitniho prechodu pro K — oo pro dvou-parametricky model ziskame

ﬁ mk—l— 9B (N —my, + B)

r
T (N+5245) T

(@) exp (~K.) ¥
Hh21 Ky!

P([Z]) = HB (mi, N — my, + B) (2.5)

kde Ky = a 32N B+z
Rozdélen{ pravdépodobnosti nad lof tiidami ekvivalence bindrnich matic ([2.5)) je pouzito
v ¢lanku [1] v rovnici (3) a v ¢lanku 2] v rovnici (3).

Pro lepsi ilustraci vzniku binarnich matic s neomezenym poctem sloupcu zde zminime
jesté proces, ktery generuje patficné binarni matice. Tento proces je zalozeny na stra-
vovaci analogii a také opodstatiiuje jméno celého aparatu (Indian Buffet Process) [55].
Jednotlivé objekty jsou zde nahrazeny zakazniky indického bufetu a vlastnosti jsou na-
hrazeny jidly, které jsou v bufetu nabizeny ve zdéanlivé nekonecné fadé. Prvni zdkaznik
bistra zac¢ne zacatku fady jidel, z nichz si nabidne od Poisson («) prvnich jidel. Nasledny
zékaznik s pofadonm él'slem 1, si nabl'dne od kaidého z jidel, které bylo ochutnano

"""" - (pfipomeiime, Ze m;, oznacuje

7 je stfedni hodnota rozdéleni K a tedy plati K ~ P01sson (K+)

pocet zakazmku ktefi jiz jidlo k diive ochutnali). Mlmo to si také nabere od kazdého

Fric dalsich jidel, ktera doposud nikdo neochutnal. Poznamenejme, ze timto

postupem generujeme matice, které nejsou v lof forme.

7 Poisson (

2.2.2 Monte Carlo Markovské Retézce
2.2.2.1 Markovské Retézce

V této casti poskytujeme teoretické zédklady teorie markovskych fetézcu na obecnych sta-
vovych prostorech. Jednotlivé pojmy jsou zavedeny pomoci definic, které na sebe postupné
navazuji tak, abychom mohli na konci této sekce definovat, za jakych podminek konver-
guje markovsky fetézec (Vzhledem k normé totélnl' Variace) k jeho Stacionérnl' distribuci
vysledkem pro dalsi sekci zabyvajici se Monte Carlo markovskymi tetézci. Vétsina definic
je prevzatd z monografie [57] a také ze souhrnného ¢lanku [58].

V definicich znac¢i X mnozinu staviu markovského fetézce a systém jejich podmnozin
B (X) takovy, ze B (X) je o-algebra.

Definice: Prechodové jadro je funkce K, definovand na mnoziné X x B (X) takové, ze
plati
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a) Vo € X, K (x,-) je pravdépodobnostni mira,
b) VA € B(X), K (-, A) je méfitelné.

Definice: Markouvsky retézec je posloupnost Xg, Xy, --- , X,, ndhodnych proménnych,
kterou zjednodusené znacime (X,), kde pro libovolné ¢, podminéné rozdéleni X; pro
dané realizace xg, z1,--- ,x;_1 je stejné, jako podminéné rozdéleni X; pouze pro danou
realizaci z;_;. Pomoci prechodového jadra markovského retézce muzeme tuto podminku
psat ve tvaru

P(X, € Ao, a1, o 1) = P (X, € Alzyy) = / K (21, dx).
A

Podobné jako realizace ndhodné veliciny je konkrétni bod z mnosice jejiho
pravdépodobnostniho rozdéleni, realizaci markovského Ttetézce je fada téchto bodu
T, X1, , Tn. Pocet ndvstév ny markovského fetézce v mnozing A € B (X) je dén

na =) La(X)
=1

kde I, je charakteristickd (indikdtorova) funkce. Spoleéné s prechodovym jadrem
predchozi definice popisuje chovani markovského tetézce, kdy pro kazdou predchozi rea-
lizaci x;_; prechodové jadro urcuje pravdépodobnostni rozdéleni nésledujiciho stavu X,
pricemz realizace x; je véci nahodného vybéru z tohoto rozdéleni.

Abychom dosahli kompletniho popisu markovského Ttetézce, musime kromeé
prechodového jadra navic specifikovat pocateéni rozdéleni stavu P (X,). Naopak,
pro urcité typy markovskych retézcu plati, ze pokud se zajimdme o limitni vlastnosti
markovskych fetézcu, na po¢atecnim rozdéleni nezalezi.

Definice: Posloupnost n prechodu v markovském tetézci takovych, ze Xg =xr ax, € A

oznac¢ime K" (x, A). Pro n = 1 plati K'(x, A) = K (z,A). Pro n > 1 plati rekurzivn{
vztah

K" (z,A) = /){K”l (y, A) K (z,dy) .

Definice: Je-li ddna mira ¢, markovsky retézec (X,,) s prechodovym jadrem K (z,y)
je ¢-ireducibilni pokud, pro kazdé A € B(X)s ¢(A) > 0 existuje n takové, ze
K" (z,A) > 0 pro vsechna x € X. Retézec je silné ¢-ireducibilni, pokud n = 1.

Definice: Mnozina C' je mald, pokud existuje m € N* a mira v, > 0 takovd, ze

K™ (x,A) > vy, (A) VeeCVAeB(X).
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Definice: Markovsky fetézec (X,,) ktery je t-ireducibilni, ma cyklus délky d pokud
existuje mald mnozina C', k ni M € N* a pravdépodobnostni mira v, tak, ze d je nejveétsi
spolecny délitel ¢isel v mnoziné

{m >1,36,, > 0tak ze C je mald mnozinav,, > d,,va} .

Definice: Perioda markovského retézce (X,,) je definovéna jako délka d jeho cyklu.

Definice: Pro konec¢ny stavovy prostor X se stav w € X nazyva transientni, pokud
ocekdvand hodnota poctu navstév tohoto stavu markovskym fetézce E, (1,,) je kone¢na.
Stav se nazyva rekurentni, pokud E, (1,) = oc.

Definice: Markovsky fetézec (X,) ma atom a € B(X), pokud existuje mira v > 0
takova, ze

K (z,A) =v(A) VzecaVAcBX).

Pokud (X,,) je ¥-ireducibilni, potom je atom dosazitelny, pokud  (a) > 0.
Definice: Markovsky tetézec (X,,) je rekurentni, pokud
a) existuje mira ¢ takova, ze je y-ireducibilni a

b) pro kazdou mnozinu A € B(X) takovou, ze 1) (A ) > 0 je E, (na) = oo pro kazdé
xr € A.

Markovsky fetézec se nazyva transientni, pokud v podmince b) plati, ze E, (n4) je
konecné.

Definice: Pro mnozinu A € B(X) plati, ze je rekurentni podle Harrise, pokud
P, (n4a = o0) = 1 pro vsechna z € A. Retézec (X,,) je rekurentni podle Harrise, pokud
existuje mira 1 takova, ze (X,,) je ¥-ireducibilni a pro kazdou mnozinu A je ¢ (A ) > 0

a A je rekurentni podle Harrise.

Definice: o-konecna mira 7 je invariantni pro prechodové jadro K, pokud
7 (B) :/ K (z,B)7(dx) VBeB(X).
X

Pokud je 7 pravdépodobnostni mira, potom se rozdéleni nazyva staciondrni.

Definice: Pokud pro w-ireducibilni markovsky retézec existuje stacionarni rozdéleni,
pak tento Tetézec nazyvame pozitivnd.

Definice: Norma totdlni variace vzdélenosti mér py, s na mnoziné A € B(X) je

[y — po| v = sup 1 (A) — p2 (A)].



32 KAPITOLA 2. ASOCIACE BISTATICKYCH TRACKU

Definice: Pokud markovsky fetézec (X,) je rekurentni podle Harrise, positivni a
aperiodicky, potom pro libovolné pocateéni rozlozeni stavu p a stacionarni rozdéleni m
prechodového jadra tetézce plati

lim | /X K™ (2,) g — 7 () ||zw = 0. (2.6)

n—oo
Alternativné také muzeme psat

lim P" (z,A) =7 (A).

n—oo

Definice: Markovsky fetézec (X,) je reversibilni vzhledem k pravdépodobnostnimu
rozdéleni m na X, pokud plati nasledujici podminka

7 (dx) P (z,dy) = 7w (dy) P (y,dz) x,y € X.

Podmince rekurzivniho markovského tetézce se také rika podminka vyvdzZenosti.

Definice: Markovsky fetézec (X,,) s prechodovym jadrem K a stacionarnim rozdélenim
m je rovnomérné ergodicky, pokud

|K" (2, ) =m ()| < Mp" n=1,2,--

kde p € (0,1) a M € (0,00).

Definice: Markovsky fetézec (X,,) s prechodovym jadrem K a stacionarnim rozdélenim
m je geometricky ergodicky, pokud

|E" (z,-) =7 () || < M (2) p" n=1,2,-

kde p € (0,1) a M (z) € (0,00).

2.2.2.2 Monte Carlo Markov Chain a Metropolis-Hastingsiv algoritmus

Monte Carlo Markov Chain (MCMC) metody slouzi pro generovani vzorku rozdélenych
podle 7 (z) konstrukei ergodického markovského fetézce (X,,), jehoz je 7 (x) stacionarnim
rozdélenim. Jednou z nejrozsitenéjsich MCMC metod pro generovani takového fetézce je
Metropolis-Hastingsuv (MH) algoritmus. Pro cilovou hustotu « (z) z niz chceme ziskat
vzorky (jako stavy markovského tetézce) volime podminénou hustotu g (y|x) ktera je
takovd, ze jeji nosi¢ pokryva kompletné nosi¢ 7 (z) a zdroven z ni umime jednoduse
generovat vzorky.
Algoritmus MH muzeme popsat nésledovné
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1. ndhodné vygenerujeme navrh Y, dalstho vzorku (stavu fetézce) kde Y, ~ ¢ (y|x,),

2. vygenerujeme nahodné ¢islo r z rovnomérného rozdéleni na intervalu (0, 1), tedy
r ~ U (0,1) které rozhodné o dalsim stavu,

3. pravdépodobnost pfijeti navrhu Y,, jako dalsiho stavu fetézce je
p(Xni1 =Y,) = p(x,,Y,), pravdépodobnost, ze fetézec setrva v soucasném stavu
jep(Xpy1 =) =1 —p (25, Yy),

kde akceptacni pomér se urci jako

— i J "W alzly)
plo) = min{ TR 1} 20

Obecné, az na degenerované piipady, plati, ze pro libovolnou navrhovou hustotu ¢ (-, -)
jejiz nosi¢ obsahuje také nosic¢ cilové hustoty 7 je 7 stacionarni rozdéleni markovského
fetézce (X,,) ziskaného MH algoritmem. Tento fakt vyplyva z toho, ze akceptaéni pomér
splnuje podminku vyvazenosti pro libovolnou cilovou hustotu 7. Déle, mar-
kovsky fetézec ziskany pomoci MH algoritmu je aperiodicky a rekurentni podle Harrise a
tudiz pro néj plati vlastnost pro volenou cilovou hustotu 7.

Jednim z omezeni MH algoritmu je omezeni stavového prostoru generovaného mar-
kovského Tetézce tim, ze vSechny stavy musi mit stejnou dimensi. V praxi se lze setkat
s aplikacemi, kdy i tato samotnd dimense je jednim z parametru, které chceme ziskat
pomoci statistické inference. V puvodni praci [59] se muzeme setkat s piikladem odhadu
poctu changepointu v ¢asové radé, pricemz jejich pocet ovliviuje také pocet jejich poloh.

Podobnou tvahu muzeme rozsitit i na pripad asociace bistatickych tracku. Ve
skutecnosti nevime, kolik redlnych cilu (pohybujicich se v zdjmovém vzdusném prostoru
a které jsou zaroven systémem detekovatelné) mame v datech (bistatickych tracich) k dis-
pozici. V zavislosti na jejich poctu (resp. na poétu cili, které modelujeme) se méni i
pocet dalsich urcovanych parametri, protoze pro kazdy cil chceme odhadnout 3 slozky
3D polohy a 3 slozky 3D rychlosti.

Teorie, kterd ndm umoznuje fesit i tuto situaci, ktera byla zavedena v [59] a pozdéji
vyrazné rozsitena v [60], predpokladé existenci sdruzené hustoty pravdépodobnosti

p(k.6W) =p (6P1k) p (k)

kde k oznacuje nezndmou dimensi a 8% vektor urcovanych parametri vzhledem k této
dimensi. V souladu s dosavadnim znacenim oznac¢ime r = <k, O(k)> bod stavového

prostoru a podle [59] pak lze sestavit piislusny markovsky fetézec pomoci prechodového
jadra K (-,-) splaujiciho

/A/BK (x,dy)ﬂ(:c)da::/B/AK (y,dz) 7 (y) dy

pro cilovou stacionarni hustotu pravdépodobnosti 7 (z) kde A C S a B C S pticemz S
opét oznacuje mnozinu moznych stavii markovského tetézce.

Volend prechodova hustota g, musi umozinovat pohyb fetézce v rdmci totozné dimense
k (v literatufe se ¢asto uziva oznaceni model, jako analogie k oznaceni linedrni model pro
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k = 2 nebo kubicky pro k = 4) ale také mezi dimensemi k — k' kde k # k', pficemz
tyto pohyby lze oznacit jako skoky (a proto zduraznéni, oznaceni Reversible Jump). Zjed-
nodusené feceno, Reversible Jump Markov Chain Monte Carlo (RJIMCMC) je teoretickym
rozsitenim MCMC pro prechody mezi stavy ruznych dimensi. Hlubsi teoreticky popis lze
najit napi. v [60] nebo [61].

2.3 Clanky zabyvajici se vyuZitim Bayesovského mode-
lovani

2.3.1 Plny text €lanku [1]

Pteneseni autorskych prav k ¢lanku [1] pfi jeho publikaci na IEEE konferenci [62-64] nas
zavazuje k zahrnuti nasledujici poznamky k autorskym pravum

Cesky: (©2021 IEEE. Pretisteno, s povolenim, z P. Kulmon, “Bayesian Deghosting Al-
gorithm for Multiple Target Tracking,” IEEE Int. Conf. Multisens. Fusion Integr. Intell.
Syst., vol. 2020-Septe, no. 1, pp. 367-372, 2020.

English: (©)2021 IEEE. Reprinted, with permission, from P. Kulmon, “Bayesian Deghos-
ting Algorithm for Multiple Target Tracking,” IEEE Int. Conf. Multisens. Fusion Integr.
Intell. Syst., vol. 2020-Septe, no. 1, pp. 367-372, 2020.
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Bayesian Deghosting Algorithm for Multiple Target Tracking

Pavel Kulmon"

Abstract— This paper deals with bistatic track association in
classical Frequency Modulation (FM) based Multi Static Pri-
mary Surveillance Radar (MSPSR). We formulate deghosting
procedure as Bayesian inference of association matrix between
bistatic tracks and targets as well as target positions. To
do that, we formulate prior probability distribution for the
association matrix and develop custom Monte Carlo Markov
Chain (MCMC) sampler, which is necessary to solve such a
hybrid inference problem. Using simulated data, we compare
the performance of the proposed algorithm with two others and
show its superior performance in such a setup. At the end of
the paper, we also outline further research of the algorithm.

I. INTRODUCTION

Passive location systems are widely used in both civil
and military applications. Due to their low hardware cost
(no transmitters needed) they offer reliable solutions for
covert operations and offer the advantage of fast deployment.
Among the passive sensors, the Multi-Static Primary Surveil-
lance radars (MSPSR) with bistatic geometry offer unique
advantages. Foremost, no target transmission is necessary
and due to the bistatic geometry, it is difficult to design
such an aircraft surface, which would prevent the reflected
signal to be spread in the receiver direction. The Frequency
Modulation (FM) based MSPSR are used either separately
or together with Single Frequency Network (SFN) systems
which suffer from the transmitter uncertainty.

The usual MSPSR data processing architecture, which is
also suggested e.g. in [1] is as follows. The primary data
from signal processing and detection usually comprises of
bistatic range and bistatic velocity. There are systems where
the angle of arrival or angle of elevation is available, but
it may not be everywhere. Tracking in bistatic coordinates
(which is especially possible in FM based systems without
the transmitter uncertainty) reduces the concentration of false
measurements and also increases the precision of target
bistatic coordinates [2]. After the validation phase, bistatic
tracks from different receiver-transmitter pairs are associated
and form groups of at least three bistatic tracks from distinct
bistatic spaces. From each group of associated bistatic tracks
a new Cartesian target is initiated [3]. In the process of
the bistatic track association, the most important part is
deghosting. Deghosting is a process of false association
hypotheses elimination.

There are many solutions for the deghosting problem avail-
able in the literature [4]-[8]. Deghosting algorithm based on
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evaluation of all possible bistatic track pairs combinations
with modified clustering is available in [9]. This algorithm
is primarily focused on SFN systems, however, it can be
as effectively used for FM based system. A different ap-
proach is chosen in [6] which explores the usage of residual
error as deghosting criterion, however only in the case of
2D localisation. In [4] another method based on multiple
association algorithms and so-called supertargets formation
was developed. This method can also be used for both SFN
and FM based MSPSR systems. Multidimensional assign-
ment problem is solved in [10] using Lagrangian relaxation
technique with application to target localisation in network
of direction finders.

All of the algorithms in the reference literature are based
on evaluation of as many hypotheses as possible and use
some kind of heuristic (such as Joint Probability Data As-
sociation (JPDA) without the computational complexity) to
optimize the results. In this paper, we have decided to take
the Bayesian approach which is already established in the
radar literature mainly for the filtering purpose. We define the
bistatic track association (deghosting) as Bayesian inference
problem and develop Markov Chain Monte Carlo (MCMC)
sampler to solve this discrete-continuous inference problem
and find the most likely solution. To do that, we need
to establish prior probability distribution for the modified
association matrix which is introduced in the next section
together with the proposed sampler. Then we compare the
results of our new deghosting method with results obtained
from two alternative deghosting algorithms. The comparison
is done using simulated data with known truth. We illustrate
the superior performance of our algorithm over the two
others and also discuss the achieved results. In conclusion,
we outline further work as well as unanswered questions.

II. METHODOLOGY
A. Assignment problem

The assignment problem in target tracking concerns with
obtaining assignment matrix A = (a;;) where a;; € {0,1}
between two sets of entities V, W. If a;; = 1 then we decide
on assignment between entity ¢ € }V and 7 € W. Usually, we
put some constraints on the form of the assignment matrix,
such as uniqueness of the assignment. Such a constraint can
be formulated using conditions

Zaﬁ S 1
i
Zaij < 1
J

(€]
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which ensures that entities from one set are not shared
between entities from the other set. However, there are
situations where such a constraint is not appropriate, such
as assignment between bistatic tracks and Cartesian targets
in MSPSR target initiation/deghosting. If we are concerned
with only one bistatic space, then in the simple case we
can put the constraints (1) on the assignment matrix. By
the simple case, we consider using a hard assignment
decision which assigns bistatic detections to tracks and thus
ensures probabilistic independence between two different
Cartesian targets. For the rest of the paper, we will assume
this condition to be fulfilled. However, one bistatic space
is not enough to estimate target position and velocity in
3D Cartesian space. Therefore we usually need at least
three bistatic spaces so that the target initiation/deghosting
stage can be performed. Such a task usually consist of an
evaluation of all possible combinations of bistatic tracks
from different bistatic spaces of various cardinality (e.g. two
or three tracks) and statistical testing of resulting Cartesian
target positions. We suggest to keep the association matrix
and establish new constraints, which would be concerned
only with submatrix representing bistatic tracks from the
same bistatic space. From the global point of view, the
first condition in (1) no longer hold, on the contrary, we
encourage the bistatic tracks from different bistatic spaces
to share assignment to the same cartesian target (as we
have already said, three tracks are necessary minimum,
however, we want the target to be tracked in every bistatic
space available). We can express the previous description of
MSPSR assignment matrix A’ as

Al

A2
Al = ‘ (@)
AmnBs

where the upper index of submatrices denotes the index of
particular bistatic space and npg is the overall number of
bistatic spaces available. For any k we apply conditions
(1) on the submatrix A*. From (2) is obvious that the
more tracks share assignment to the same cartesian target
(i.e. the more ones in the same columns while keeping
conditions (1)) the fewer columns are necessary to express
the assignment (i.e. the less Cartesian targets will be
initiated). This is a desirable property because the problem
with many of the deghosting algorithms is the number of
possible track combinations which provide feasible results
(i.e. an estimate of Cartesian position with small residual
error). One of the ways how to incorporate this property
into the solution of target initiation/deghosting process
is the enumeration of all possible associations of all the
cardinalities from nps to 3. Some of the associations
can be dismissed based on the residual error, the other
can be omitted because its tracks are already part of the
feasible assignment of larger cardinality, which is preferred.
However, in extreme cases the combinatorial complexity
of this computation is unbearable. Another option is to
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incorporate desired properties of the assignment matrix
into its prior and evaluate not only probabilities of bistatic
track assignments based on the residual error of Cartesian
position but also the probability of assignment matrix with
respect to this prior.

B. Indian Buffet Process

Let us recall the properties of the assignment matrix.
We want the initiated target (without loss of generality
represented by columns) to be shared by multiple bistatic
tracks from distinct bistatic spaces and, in the hard
assignment setting, each bistatic track to be assigned to at
most one initiated target. The number of targets is usually
unknown or can be only roughly estimated. Therefore,
another property of prior for assignment matrix is that it
should be flexible enough with respect to the number of
targets. This requirement is often used in nonparametric
Bayesian modelling [11] as the structure of observed data
may not be completely known. This is similar to the case of
MSPSR target initiation/deghosting since we do not know
which targets produced detections for which bistatic track.
In the environment of nonparametric Bayesian statistic the
prior distribution for binary matrices with a finite number
of rows (the observed data) and a potentially infinite
number of columns (the way the unknown number of
columns is modelled) is defined using a simple generative
process called Indian Buffet Process (IBP). The name of
the generative process is derived from the metaphor used
to describe the process. Description of the process together
with its statistical properties can be found in [12]. The
probability distribution of matrices, under which the order
of targets is exchangeable requires us to define classes of
equivalence between assignment matrices in such a way,
that two matrices from the same class represent the same
underlying structure in the data. The exchangeability is
also desired property in MSPSR target initiation/deghosting
because the order of targets is not important, as long as
they are represented by the right set of bistatic tracks. The
equivalence classes are defined using lof (e) function [13]
which represents columns of assignment matrix as binary
numbers (assignment represents true value) with the first
row being the most significant bit and then sorts them
as integers. For any association matrix A we denote its
lof (e) equivalence class as [A]. With assignment matrices
represented by equivalence class, we can define probability
distribution for different classes. There are two versions
of probability distributions for lof (e) classes of binary
matrices which differ in the number of parameters. The first
version [11] depends only on parameter c. This parameter
controls sharing assignment between different bistatic tracks
(in our application, with the restriction on bistatic space
submatrices from (1)) and also the expected number of
initiated targets. Since in the IBP for each row we sample
from Poisson distribution to add new columns, in the
limit case the number of columns is Na where NNV is the
row count of the association matrix (i.e. the number of

Authorized licensed use limited to: National Library of Technology. Downloaded on March 18,2021 at 08:54:14 UTC from IEEE Xplore. Restrictions apply.



bistatic tracks over all of the bistatic spaces). The second
probability distribution uses two parameters « and (. In
this representation, « represents the average number of
assignments for one bistatic track and /5 controls how the
assignments to one particular target are shared between
bistatic tracks (the smaller 8 the more the assignments
are shared). For the rest of the paper, we will use the two
parametric representation, since it allows better modelling of
assignment matrices in MSPSR target initiation/deghosting.
For any assignment matrix A the probability of its lof (e)
equivalence class is [12]

G S B
P([A]) = o o exp (K1) HB(mk,N my + ) .
<1 ' k=1

3

where K, is the number of assignment matrix columns
with at least one 1 (i.e. targets with at least one piece of
associated data), my is the number of associated data for
column k, Kj is the number of identical columns and
K is the expected number of columns for binary matrix
distribution with paramters o and 8 and is equal to

~_ B
Ky=a . 4
" Z B—i+1 @
i=1
In Fig. 1 the different IBP parameter values are visualized
for different number of targets in four bistatic spaces with
ideal assignment matrix. We can see, as the number of targets
grows, the relative number of shared bistatic tracks decreases
and hence the [ parameters value increases.

C. Sampler

In this section, we describe the proposed sampler used
for parameter estimation in order to maximize the posterior
probability with respect to observed data, model and prior
distributions. Similarly, as in [14] we divide moves in the
variable space into subsets such that moves in these subsets
can be proposed and evaluated independently.

1) Sampling new targets: The first category of moves is
the proposal of a completely new target. We can either pick
states in bistatic spaces based on some kind of selection
criteria (e.g. states from multiple targets where each of the
targets is underdetermined) or we select the states at random
from the whole set. Holding on the assumptions from section
II-A, we want hard assignments which imply no more than
one track from one bistatic space assigned to any target.
This influences the selection of the states as well because
we want to select them from distinct bistatic spaces. This
also puts the upper limit on the number of states which can
be used to propose new targets and it is equal to the number
of bistatic spaces. However, we need to take into account the
possibility of a target which is observed in only three of those
bistatic spaces. Using a larger number of states to initiate new
target would make it hard for the sampler to establish such a
target. Therefore we set the number of sates the move uses
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IBP parameters for different number of targets

parameter
—

— B

Parameter value

————

2 4 6 8
Number of targets

Fig. 1. Indian Buffet Process (IBP) prior parameter values for which the
ideal assignment matrix has the highest probability.

to establish a new target to three. Another advantage of this
approach is that we can use various closed-form solutions
to obtain target position and velocity estimate [2]. All of
the sampler moves are based on Metropolis-Hastings (MH)
proposals [15] which is the general algorithm for Markov
Chain Monte Carlo methods. There are also more advanced
and faster samplers with potentially higher acceptance ratios,
however, in the case of MH it is for us easier to compute
the acceptance ratio and the performance of the algorithm
is sufficient. Due to the numerical concerns, especially in
the case of larger amounts of data, we decided to calculate
first the logarithm of acceptance ratio and then take the
exponential to propose the move.

We assume that the data in the bistatic spaces have
a multivariate normal distribution with known mean
vector z and covariance matrix Z. Here, for the sake of
simplicity, we have dropped any indices (identification
of measurement inside of bistatic space or the bistatic
space itself). Probability logarithm of some target estimate
% = (P, V) (again without identification), composed of target
position p and velocity v, with respect to the data is given by

1

o (0 (312.2) = - 3 (=55 + low (2]

+(h (%) ~2)" 27 (h(%) - 2))

(&)

where h(e) is projection of the cartesian position and
velocity into bistatic coordinates. While sampling new target
position, we create new assignment matrix A’ which has,
at the time of sampling, K + 1 columns (the new column
corresponds to the new target and its assignment of data).
Therefore, we have a new binary matrix with different
probability under the prior distribution for assignment
matrices. We need to take this information into account and
thus the logarithm of MH acceptance ratio is as follows
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_ p(ZIA0)p (A0, )
p(Z]A.6)p (Ao, 5)

p(',n) (6)

where n = {A,0} and 0 = {fc}j(:*l is the set of target

estimates and similarly for the primed elements. The

probability functions are given by (3) and
p(Z1A,0) = ] p 2 Z:) )

a;;=1

where the indices refer to the position in the association
matrix, instead of e.g. bistatic space. It is obvious that in
the situations with many established target estimates and
data, we do not have to evaluate probabilities over the
whole association matrix, but we only have to take into
account the entries whose value has changed. This fact
gives us a lot of space for computation optimizations. If the
proposal of the new target estimate is accepted, the new
association matrix A’ and a new set of target estimates
0" is established. The association matrix has one more
column than the previous one. The same holds of the new
set of target estimates. Note that the acceptance ratio for
proposing new targets can be high especially with respect to
the potential number of false ideal intersections. This would
lead to the constant creation of new targets which, due to
the prior probability distribution on the association matrix,
would be then eventually merged with previous estimates
of the same target from a different set of data. To prevent
this, we decided to put small penalisation A; on the data
probability of new targets. The term (7) then becomes

p(Z|A,0) = ] p&jlzi, Z:i) exp (V) @®)
a;;=1
where
N SN e <4
)‘j — J Zz:l a.] < . (9)
0 otherwise

The penalisation is chosen in such a way, that the accepted
proposals do not cause fragmentation of larger internally
consistent group into smaller subsets of measurements. Our
experiments show the importance of such a penalisation.

2) Sampling common targets: The second category
of sampler moves is the proposal of assignment change
from one target to another. The purpose of such a move
is to concentrate assignment of track states to common
target estimate in such a way, that the probability of this
assignment is higher than before the change of assignment.
This approach has two advantages. Foremost, we can
propose changes for each entry of the assignment matrix
independently from the others. Le., in NK, steps we
can re-evaluate all the assignments and potentially merge
separated groups into one larger target (larger in terms of
assigned data). The second advantage is, that the selected
IBP prior allows us to express the probability of the
assignment change based only on the information about
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other assignments to the same target. For any assignment
matrix entry a;; we propose its complement

aij{

so we either establish or cancel the assignment. In the case
of assignment establishment, with respect to constraints (1),
we just set all the rest of the assignment matrix row to
zero. However, if we cancel the assignment, the track state
is no longer assigned to any target. That might cause some
problem for the rest of the sampler. Therefore we select
such a different target, which has minimal Mahalanobis
distance. This approach showed itself as an effective one,
but we might propose selecting alternative target at random,
or using any other strategy.

Probability of assignment matrix entry a;; = 1 is [16]

1 aij:()

10
0 041',]‘:1 ( )

m~4
N—-m~4 —

pla; =1A,a,B) = 3

an

where m~% is the data count associated with the target
7 other (except) than track state :. We can see, that this
probability does not depend on the data or estimated
parameters and therefore we can write

p(aij|A, Z,0) = p(ai;|A) p(2i|Zi, a;,0) (12)

where a; represents i-th row of the association matrix A.

The MH proposal acceptance ratio then can be expressed as

_ p(ai; = alA) p(zi|Zi, a;, 0)
p(aijalA) p(zi|Zi, a;,0)

p(aij, @i ) 13)

where a is the current value of the assignment matrix entry.
Part of the sampling procedures for common targets can be
also such a move which would merge two targets into one.
However, in our experiments, such a move was rarely ac-
cepted and added to computational complexity unnecessary
burden. Testing assignments one matrix entry at the time has
the same capability if the acceptance ratio is sufficiently high.
Similarly, splitting one large target (with many inconsistent
data associated to it), can be achieved using completely
random proposal of new the target and then by the change of
assignment for the rest of the tracks while sampling common
targets. Sampling common targets is also the move where the
target proposal can be cancelled if we reassign all of its data
to different, more suitable, targets. Therefore we consider
these two categories of moves sufficient and strongly capable
to explore the variable space during the course of MCMC
sampling.

3) Sampling the clutter: During the course of target pro-
posals and bistatic state reassignments, we can find ourselves
in such a situation, when the sampler accepted move leading
to an internally inconsistent group of states. Such a group
has a large residual error (common estimate from bistatic
positions) but it is hardly divisible by already mentioned
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moves. Therefore we need such a move for the sampler,
which would exclude one of the states which is not consistent
with the rest. In this move, we propose a new assignment
matrix whose K + 1-th column has only one 1 at the index
of the measurement we propose to exclude from its target.
By following (8) we apply penalisation for this virtual target
(virtual targets do not have enough measurements to establish
its state vector) which allows us to differentiate between a
valid group of states with larger residual error and completely
inconsistent group. The MH acceptance ratio is then the same
as in (6). The penalisation value for a single observation
target needs to be designed with respect to precision of
bistatic coordinates in order to establish high true proposal
acceptance ratio.

III. EVALUATION

In this section, we evaluate the performance of our new
proposed algorithm. The evaluation is done using simulated
data since they allow us to compare results with the actual
truth, which is usually not available when dealing with data
from the real system. For data simulation we set up an
MSPSR system with two receivers and two transmitters, i.e.
the system comprises of four bistatic spaces. We simulate
targets in local 3D cartesian space (position and velocity)
uniformly in a block-shaped space. The number of simulated
targets ranges from 2 to 8. To make the situation closer to
reality, all of the simulated targets are detected and tracked
in all of the bistatic spaces, however, there are also bistatic
tracks which do not represent any of the simulated targets.
The number of additional false bistatic tracks is always
equal to the number of simulated targets. Bistatic spaces in
which those bistatic tracks are simulated is chosen randomly
and uniformly. Bistatic positions of tracks are provided
to the association with diagonal covariance matrix, with
02 = 1000m and 02 = 4m/s. Using repeated Monte Carlo
simulation of data for a different simulated number of targets
(and additional false bistatic tracks) we evaluate the number
of true-positive (TP) associations, which is the number of
associations created by the algorithm which correspond with
the actual simulated targets. We also evaluate the number
of false-positive (FP) associations, which is the number
of associations created by the algorithm, which do not
correspond with any of the simulated targets. Last important
quantity is the number of false-negative (FN) associations,
which is the number of simulated targets which the algorithm
did not resolve. These three quantities are evaluated in each
Monte Carlo run.

A. Reference Deghosting Algorithms

To make the evaluation more beneficial, we decided to
employ two other deghosting algorithms to the same simu-
lated data. First of the algorithms is a modification of the
deghosting algorithm for Single Frequency Network (SFN)
[9]. This algorithm can be easily used for FM based MSPSR
system with the advantage of the absence of transmitter
uncertainty. Due to the number of bistatic spaces available
(the simulated system comprises of four bistatic spaces), we
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TABLE I
RESULTS FOR NEW METHOD

n. of targets / case | TP assoc. | FP assoc. | FN assoc.
2 2.0 0.0 0.0
3 3.0 0.0 0.0
4 4.0 0.4 0.0
5 5.0 0.0 0.0
6 6.0 1.0 0.0
7 7.0 1.2 0.0
8 7.4 2.1 0.6

initiate the Cartesian estimates from pairs of bistatic tracks
in chosen z coordinate. The clustering procedure is then
performed by the likelihood ratio test suggested in [9] with
spatial false return density pr = le™!! and pp = 0.9 for
all of the bistatic spaces. In [5] it is suggested to take into
account the error caused by replacing the unknown height
with a constant. The correction is done in the covariance
matrix through the linearization of the model, which may
no work well with different geometries. This is particular
may be responsible for a quite high number of false-positive
associations (since they could not be merged with their
actual neighbours). We refer to this method as the ellipse
intersection method (EI method).

The second compared method is based loosely on a similar
principle. However, instead of initiating from two measure-
ments and coping with errors caused by unknown height, we
initiate targets from all combinations of three measurements.
If there is a target with more than three measurements,
estimates from subsets of three measurements should be
relatively close and we can test that using estimated Cartesian
covariance matrices and Mahalanobis distance between the
estimates. On the other hand, if there are two triplets from
two different targets, they should be far apart from each other.
By fusing the close groups and simple fusion rules (the larger
group the better, the smaller Mahalanobis distance the better)
we can create a feasible association algorithm. We refer to
this algorithm as the three-dimensional method (3D method).

B. Results

As we have already mentioned, the performance compar-
ison was done using simulated data. We have evaluated the
number of true-positive (TP) associations, the number of
false-negative (FN) associations and the number of false-
positive (FP) associations. The TP and FN quantities are
complementary and together they sum up to the number of
simulated targets. The achieved values for all of the three
metrics for the new proposed algorithm are available in Table
1. The displayed values are the average from 50 Monte Carlo
simulations of different target positions and bistatic spaces
of false measurements, both of which were chosen at random
with uniform distribution. As we can see, up to 5 targets can
be resolved clearly, without almost any FP associations and
no unresolved target. The number of unresolved targets stays
low even for a higher number of simulated targets, however,
due to the increased concentration of false bistatic tracks,
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Fig. 2. Performance comparison between the tree methods. Two quantities,
the number of true-positive (TP) resolved targets (blue) and false-negative
(FN) unresolved targets (red) are visualised. Solid line together with circular
points is used for the new algorithm, dashed line with triangular points for
the elipse intersection (EI) method and dash-dotted line with cross points
for the three-dimensional (3D) method.

the number of FP associations (non-existent targets) grows.
This is mainly due to the fact, that in our MSPSR geometry,
there are plenty of false intersections from three ellipsoids.
Many of them could be dismissed using kinematic limits
and limits for the area of the target position. However, such
restrictions were not applied in any of the methods used.
Since the intersections are ideal from the geometric point of
view, for example, an increase in bistatic position would not
help.

To compare the performance of our new algorithm, we
have run the same simulations for the other two deghosting
methods, i.e. ellipsoid intersection (EI) method and three-
dimensional (3D) method, with the same setup and number
of Monte Carlo simulations. Comparison of all of the three
methods is in Fig. 2. Methods are differentiated using line
type (new method = solid, EI method = dashed, 3D method
= dash-dotted) and TP and FN quantities are differentiated
using line colour (TP = blue, FN = red). As we can see,
in all of the cases the new method outperforms the other
algorithms, i.e. the number of successfully resolved targets
is always the highest for new method while the number of
unresolved targets is always the lowest. These results are
valid for the simulated geometry and parameters, however,
the simulation illustrates the ability of the method to perform
correct association in given conditions.

IV. CONCLUSIONS

In this paper, we have developed new deghosting algorithm
based on a Bayesian approach. To do that, we have formu-
lated prior probability distribution for the association matrix
and developed custom MCMC sampler to solve the discrete-
continuous inference problem. Although the description of
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the sampler is detailed and sufficient, no analysis of its
convergence and mixing properties were provided. This is
our main goal for the future. Fast convergence together
with low operation cost of single steps is crucial for the
algorithm to outperform alternative ones not only concerning
obtained results, but also with respect to computational
complexity. On the other hand, our algorithm profits largely
from parallelization when running multiple chains at once.
The next important step for further research is to test the
performance of our algorithm using data from the real radar
system. However, so far the results suggest that our algorithm
is a good step towards fully Bayesian radar data processing.
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Abstract: This paper deals with bistatic track association and deghosting in the classical frequency
modulation (FM)-based multi-static primary surveillance radar (MSPSR). The main contribution of
this paper is a novel algorithm for bistatic track association and deghosting. The proposed algorithm
is based on a hierarchical model which uses the Indian buffet process (IBP) as the prior probability
distribution for the association matrix. The inference of the association matrix is then performed
using the classical reversible jump Markov chain Monte Carlo (RIMCMC) algorithm with the usage of
a custom set of the moves proposed by the sampler. A detailed description of the moves together with
the underlying theory and the whole model is provided. Using the simulated data, the algorithm is
compared with the two alternative ones and the results show the significantly better performance of
the proposed algorithm in such a simulated setup. The simulated data are also used for the analysis
of the properties of Markov chains produced by the sampler, such as the convergence or the posterior
distribution. At the end of the paper, further research on the proposed method is outlined.

Keywords: FM; radar; MSPSR; Bayesian inference; deghosting; MCMC; reversible jump

1. Introduction

Passive location systems are widely used in both civil and military applications. Due
to their low hardware cost (no transmitters needed), they offer reliable solutions for covert
operations and offer the advantage of fast deployment. Among the passive sensors, the
multi-static primary surveillance radars (MSPSRs) with bistatic geometry offer unique
advantages. Foremost, no target transmission is necessary and due to the bistatic geometry,
it is difficult to design such an aircraft surface, which would prevent the reflected signal
being spread in the receiver direction. The frequency modulation (FM)-based MSPSRs are
used either separately or together with single-frequency network (SEN) systems which
suffer from transmitter uncertainty.

The usual MSPSR data processing architecture, which is also suggested, e.g., in [1]
is as follows. After signal reception and processing, the detection process is performed.
This process produces primary data which is usually comprised of bistatic range and
bistatic velocity. There are systems where the angle of arrival or angle of elevation is
also available, but this requires a special kind of receiving antenna and therefore the
angles are not available in every MSPSR system. Tracking in bistatic coordinates (which is
especially possible in FM-based systems where the transmitter uncertainty is eliminated)
reduces the concentration of false measurements and also increases the precision of target
bistatic coordinates [2]. After the validation phase, bistatic tracks from different receiver—
transmitter pairs are associated and form groups of at least three bistatic tracks from distinct
bistatic spaces. From each group of associated bistatic tracks, a new Cartesian target is
initiated [3]. The bistatic track association process usually includes the deghosting part,
which is a method of false association hypothesis elimination. The deghosting can be either
explicitly performed after forming all of the available hypotheses, or implicitly being part
of the association process.
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There are many solutions for the deghosting problem available in the literature [4-8].
A deghosting algorithm based on the evaluation of all possible bistatic track pair combina-
tions with modified clustering is available in [9]. This algorithm is primarily focused on
SEN systems; however, it can be as effectively used for an FM-based system. A different
approach is chosen in [6] which explores the usage of residual error as a deghosting crite-
rion, however, only in the case of 2D localisation. In [4], another method based on multiple
association algorithms and so-called super targets formation was developed. This method
can also be used for both SEN- and FM-based MSPSR systems. The multidimensional
assignment problem is solved in [10] using the Lagrangian relaxation technique with an
application to target localisation in the network of direction finders.

The majority of the deghosting algorithms available in the literature are based on
the evaluation of as many association hypotheses as possible. These hypotheses are then
reduced using some testing criterion or some association heuristic, such as the linearised
joint probabilistic data association (JPDA) to optimise the results. However, there are
also deghosting approaches which use the Bayesian approach. The Markov chain Monte
Carlo data association (MCMCDA) [11] relies on the specifically designed path in the
association space and defines the prior probability distribution on this association. This
prior probability distribution can be influenced using design parameters such as the
probability of detection or false target concentration, which are hard to estimate in real
scenarios. Other Bayesian approaches such as probability hypothesis density (PHD) [12] or
probabilistic multiple hypothesis track (PMHT) [13] use likelihood functions but do not
formulate any prior or they use it only in the context of false measurements. In this paper,
we also use the Bayesian approach for MSPSR deghosting, however, we define the bistatic
track association as a Bayesian inference problem and develop the Markov chain Monte
Carlo (MCMC) sampler to solve this discrete-continuous inference problem and determine
the most likely solution. To do this, we need to establish prior probability distribution for
the modified association matrix which is introduced in the subsequent sections together
with the proposed sampler. This probabilistic model forms a novel deghosting algorithm
for the MSPSR applications. We then compare the results of our new deghosting method
with results obtained using two alternative deghosting algorithms. The comparison is
performed using simulated data with known truth. We illustrate the superior performance
of our algorithm over the two others and also discuss the achieved results. Moreover,
the simulated data are used in the sampler to produce multiple long runs of the chain
which is later analysed in order to assess its convergence. As this is an extended version
of [14], the detailed convergence assessment and the rest of the detailed analysis is the
additional contribution. Illustration of chain iterations in the Cartesian space and the target
identification space are provided. At the end of the results section, the analysis of the
discovered association hypotheses posterior distribution is presented. At the end of the
paper, the results and methodology are discussed and the paper is concluded with the
outline of further research.

2. Materials and Methods
2.1. Assignment Problem

The assignment problem in target tracking is concerned with obtaining the assignment
matrix A = (a;;) where a;; € {0,1} between two sets of entities V, W. If a;; = 1, then we
decide on assignment between entity i € V and j € W. Usually, we put some constraints
on the form of the assignment matrix, such as the uniqueness of the assignment. Such a
constraint can be formulated using the following conditions:

Y4 <1,

i

Ya;<1, M
j
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which ensures that entities from one set are not shared between entities from the other set.
However, there are situations where such a constraint is not appropriate, such as assign-
ment between bistatic tracks and Cartesian targets in MSPSR target initiation/deghosting.
If we are concerned with only one bistatic space, then in the simple case, we can put the
constraints (1) on the assignment matrix. In the simple case, we consider using a hard
assignment decision that assigns bistatic detections to tracks and thus ensures probabilis-
tic independence between two different Cartesian targets. For the rest of the paper, we
will assume that this condition be fulfilled. However, one bistatic space is not enough
to estimate the target position and velocity in 3D Cartesian space. Therefore, we usually
need at least three bistatic spaces so that the target initiation/deghosting stage can be
performed. Such a task usually consists of an evaluation of all possible combinations of
bistatic tracks from different bistatic spaces of various cardinality (e.g., two or three tracks)
and the statistical testing of resulting Cartesian target positions. We suggest keeping the
association matrix and establish new constraints, which would only be concerned with a
submatrix representing bistatic tracks from the same bistatic space. From the global point
of view, the first condition in (1) no longer holds; on the contrary, we encourage the bistatic
tracks from different bistatic spaces to share the assignment with the same Cartesian target
(as we previously mentioned, a minimum of three tracks is necessary, however, we want
the target to be tracked in every bistatic space available). We can express the previous
description of MSPSR assignment matrix A as

A= . | @)
A"BS

where the upper index of submatrices denotes the index of a particular bistatic space and
npg is the overall number of bistatic spaces available. For any k, we apply conditions (1)
on the submatrix A¥. From (2), it is obvious that the more tracks there are that share
assignment with the same Cartesian target (i.e., the more ones there are in the same
columns while keeping conditions (1)), the fewer columns are necessary to express the
assignment (i.e., the less Cartesian targets will be initiated). This is a desirable property
because the problem with many of the deghosting algorithms is the number of possible
track combinations which provide feasible results (i.e., an estimate of the Cartesian position
with small residual error). One of the ways to incorporate this property into the solution
of the target initiation/deghosting process is the enumeration of all possible associations
of all the cardinalities from npgg to 3. Some of the associations can be dismissed based
on the residual error, and the other can be omitted because its tracks are already part of
the feasible assignment of a larger cardinality, which is preferred. However, in extreme
cases, the combinatorial complexity of this computation is unbearable. Another option is to
incorporate the desired properties of the assignment matrix into its prior and evaluate not
only the probabilities of bistatic track assignments based on the residual error of Cartesian
position, but also the probability of the assignment matrix concerning this prior.

2.2. Indian Buffet Process

Let us recall the properties of the assignment matrix. We want the initiated target
(without loss of generality represented by columns) to be shared by multiple bistatic tracks
from distinct bistatic spaces, and in the hard assignment setting, each bistatic track to be
assigned to at most one initiated target. The number of targets is usually unknown or can
be only roughly estimated. Therefore, another property of a prior for the assignment matrix
is that it should be flexible enough concerning the number of targets. This requirement is
often used in nonparametric Bayesian modelling [15] as the structure of observed data may
not be completely known. This is similar to the case of MSPSR target initiation/deghosting
since we do not know which targets produced detections of a given bistatic track. In the
environment of nonparametric Bayesian statistics, the prior distribution for binary matrices
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with a finite number of rows (the observed data) and a potentially infinite number of
columns (the way the unknown number of columns is modelled) is defined using a simple
generative process called Indian buffet process (IBP). The name of the generative process
is derived from the metaphor used to describe the process. A description of the process
together with its statistical properties can be found in [16]. The probability distribution of
matrices, under which the order of targets is exchangeable, requires us to define classes
of equivalence between assignment matrices in such a way, that two matrices from the
same class represent the same underlying structure in the data. The exchangeability
is also a desired property in MSPSR target initiation/deghosting because the order of
targets is not important, as long as they are represented by the right set of bistatic tracks.
The equivalence classes are defined using the lof(e) function [17] which represents the
columns of the assignment matrix as binary numbers (assignment represents a true value)
with the first row being the most significant bit before sorting them as integers. For any
association matrix A, we denote its lof(e) equivalence class as [A]. With assignment
matrices represented by equivalence class, we can define the probability distribution for
different classes. There are two versions of probability distributions for lof(e) classes
of binary matrices which differ in the number of parameters. The first version [15] only
depends on parameter «. This parameter controls shared assignments between different
bistatic tracks (in our application, with the restriction on bistatic space submatrices from
(1)) and also the expected number of initiated targets. Since in the IBP for each row we
sample from Poisson distribution to add new columns, in the limit case, the number of
columns is Na where N is the row count of the association matrix (i.e., the number of
bistatic tracks over all of the bistatic spaces). The second probability distribution uses
two parameters—a and B. In this representation, a represents the average number of
assignments for one bistatic track and § controls how the assignments to one particular
target are shared between bistatic tracks (the smaller B is, the more the assignments are
shared). For the rest of the paper, we will use the two-parameter representation, since it
allows better modelling of assignment matrices in MSPSR target initiation/deghosting.
For any assignment matrix A, the probability of its lof(e) equivalence class is [16]:

(ap)*+ LSt
P([A]) = mexp(—K+)]HB(mk,N—mk+ﬁ), 3)
< : =1

where K is the number of assignment matrix columns with at least one 1 (i.e., targets with
at least one piece of associated data), my, is the number of associated data for column k, K,
is the number of identical columns and K} is the expected number of columns for binary
matrix distribution with parameters « and f and is equal to:

_ N B

In Figure 1, the different IBP parameter values are visualised for a different number of
targets in four bistatic spaces with an ideal assignment matrix. We can see, as the number
of targets grows, the relative number of shared bistatic tracks decreases and hence the
parameters value increases.

2.3. Sampler

In the subsequent sections, we describe the sampler used to solve the inference
problem. This custom sampler is based on the design of a set of moves in the Markov chain
that (a) reversibility (explained later) is assured and (b) the set together with respective
proposal distribution allows us to efficiently explore the whole parametric space. In general,
the sampler is based on the reversible jump Markov chain Monte Carlo (RIMCMC) theory,
first introduced in [18]. Since its introduction, this method was extensively studied and
used in many different applications, e.g., [19-22].
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IBP parameters for different number of targets

parameter
—_a

— B

Parameter value

2 4 6 8
Number of targets
Figure 1. Indian buffet process (IBP) prior parameter values for which the ideal assignment matrix
has maximum probability.

2.4. RIMCMC

The reversible jump Markov chain Monte Carlo (RIMCMC) [18] is an extension of
the MCMC class of algorithms for generating samples from probability distributions. In
particular, RIMCMC extends the Metropolis—Hastings (M-H) [23] algorithm for the case,
when “the number of unknown parameters is one of the unknown parameters” [22]. Such
applications are called transdimensional since during the inference of the parameters, we
are required to sometimes change the dimension of the parametric space. Such a description
is certainly valid for the case of the deghosting problem in the MSPSR system, as it was
presented in the Introduction. The core task is to decide which bistatic tracks belong to each
other and thus effectively decide upon the number of valid combinations, i.e., the number
of modelled targets. From the purely combinatoric perspective, even with the lower limit
of three bistatic tracks per target and the upper limit of at most one bistatic track from one
bistatic space, the number of options is usually very large. The geometrical perspective
eliminates many of these options, however, such a process is computationally exhaustive.

The complications with reduced geometry (i.e., bistatic versus Cartesian space) to-
gether with no information about the possible target locations are one of the main reasons
to use the RIMCMC methodology. The classical model selection methodology would not
be applicable here because enumerating all of the possible models is very expensive. The
comparison of different models would then bring even more difficulties such as how to
ensure the combinations of as many bistatic tracks to be preferred. During the review of this
paper, the use of the approximate Bayesian computation (ABC) [24] was proposed. While
we agree that it could be used to solve the problem at hand, the design of an appropriate
summary statistic would be in our opinion as complex a problem as the design of the
RJMCMC sampler is.

We can think about different numbers of targets as different models. Each target is
parametrised by its position p € R3 and velocity v € R® which are coupled in to the state
vector x € R®. Thus, different models (different numbers of targets) also differ in the
number of parameters. For the model k, we denote by n; the number of parameters of
the model, which is equal to n; = 611;c where nf( is the number of targets in the model. We
denote the point in the parametric space x = (k, 8;) where k is a label of the model and:

0, = <x11‘,x§,--- ,xﬁ}t). 5)
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The whole parametric space over which the problem is defined is then given by
subspaces £ = {k} x R" for one model, and thus, by taking the union £ = Uy Ly,
we obtain all possible parametrisations over the set of all model indices. One of the
assumptions behind the sampling procedure is the decomposition of the joint density,
given the data Z (without specification of what they consist of):

p(k, Ok, Z) = p(k)p(6k[k) p(Z]k, 6k), (6)

which follows from the idea that the probability density of parameters is easy to specify
once the dimension is given, but otherwise very hard to formulate. In the same way, the
posterior density factorisation is given by [18]

p(k, 8| 2) = p(k|Z)p(6i|k, Z). )

Without getting too extensively into the theory of RIMCMC (more details on which
can be found by an interested reader in the references of this section), we only emphasise
that in this paper, it is only used as the extension of the classical M-H algorithm. Let us
denote by x = (k, 8¢) the current state of the Markov chain. Using some (later specified)
proposal distribution g(x, x"), we propose a new state x” which is accepted as the new state
that the chain moves to with the probability:

Py m(x")g(x', x)
p(x,x) fmm{l,W}, 8)

where 77 is the target distribution of the chain, i.e., the distribution we would like the sam-
ples to be sampled from. Please note that (8) is a plain M-H acceptance ratio if for x and x’
the model dimensions do not differ. The acceptance ratio is based on the notion of reversibil-
ity of the constructed chain (which ensures the existence of the stationary distribution)
and also its ergodicity (which ensures the uniqueness of the stationary distribution) [25].
In RIMCMC [20], these assumptions are considered and by the measure-theoretic ap-
proach, these assumptions are extended to much more general state spaces such as L. The
equilibrium equation is formulated using the transition kernel K of the Markov chain:

/£ m(dx)K (x,dx") = 7 (dx'). )
In the same manner, the reversibility for two subsets B, B’ C L can be expressed as

/Bn(dx)lC(x,B’) = /1 mt(dx") K (x', B). (10)

This formulation guarantees the desired Markov chain to be constructed even for
transdimensional models. For a more detailed description, please refer to [18-20,22,26].

2.5. Parametric Space

Let us describe the properties of the parametric space before we describe the full
model and the sampler. We now assume that a fixed realisation of A, the association
matrix, is available. We denote the number of columns of A by K, which also represents
the current number of targets in the evaluated model. From the previous section, we can
observe that 7, = K; however, we need to drop the model index for the sake of notation
simplicity as the association matrix and thus also the model is fixed. We assume the second
condition in (1) to hold that the association must be consistent. For any i, j the a;; = 1
means that the j-th target is associated with (and therefore its position is given by) i-th
bistatic measurement. We assume the measurement errors in bistatic space to come from
a multivariate normal distribution and thus the measurements are sufficiently described
by state vector z; € R? (in our application. only the bistatic range and bistatic velocity are
measured) and covariance matrix Z; € R2*2, The transformation function h; : R® — R2 is
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specific for each measurement i and is given by the positions of receivers and transmitters
of the respective bistatic space that the measurement comes from. Note that for the set
of measurements associated with one target, all of the transformation functions need to
be independent. The likelihood function of the j-th target position x; concerning the i-th
measurement can then be written as

p(xjlzi, Z;) = N (h(xj)|zi, Z;), (11)

where NV (x|, £) denotes the multivariate normal distribution with the mean vector y and
covariance matrix X, evaluated at the point x. The choice of this likelihood function is
natural. The detections in the bistatic space (the bistatic tracks are created using these
detections) have their covariance matrix estimated from the signal properties in their
neighbourhood. In this case, the actual measurement errors should be normally distributed.
Then, if we assume a linear (or almost linear) target movement model in the bistatic space,
normality is preserved. Since the measurements in different bistatic spaces are independent,
the likelihood function of the target position x; conditioned by the whole association matrix
is given by

p(xi|A, 2) = TT N (hi(x) |z, Z;), (12)

aij=1

where by Z, we denote the set of all measurements. Therefore, for a fixed realisation of
A, the target estimates 0= {)A(j}jl.il can be found using, e.g., the method of maximum
likelihood, by
x; = argmax p(x;|A, Z), (13)
Xj

and this maximisation can be naturally performed independently for each target in the
model. Such an approach offers two advantages. First, there are numerous methods
specifically designed to solve the problem (13). A straightforward solution for the case
of normal likelihood cannot be used due to the nonlinearity of the function h. Therefore,
the solution has to be found using some iterative maximisation algorithm. Starting point
%0 =

j <p? A?) can be found using three bistatic positions [27]

P} =a+ bR, (14)

where:
a= (sTs) g,

b= (sTs) “lsTy,

and Ry is the distance between the target and central receiver station, r is the vector of
bistatic positions, S is the row matrix of transmitter position coordinates and
s = %[(S”Z i) —1°2], i € R¥*! is their vector. In the equation for s, the operator B*?
denotes the Hadamard second power of the matrix B. Details of this approach together
with its derivation and means to compute the velocity estimate can also be found in [2,27].
Once the initial estimate is obtained, the final estimate X j can be found through the con-
vex optimisation [28] or using the Newton method [29]. The second advantage of this
approach is the efficient marginalisation of the target parameters from the sampled dis-
tribution. Once the association matrix is sampled, the probability distribution of target
parameters is obtained using the maximum-likelihood method based on the bistatic tracks
assigned. This makes the development of an efficient sampler much easier since we are
only concerned with binary assignment variables. A similar approach was used in [30]
where the transition probabilities in the hidden Markov model were estimated using the
backward—forward algorithm.

(15)
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2.6. Model

In the next section, we describe the sampling procedure which we use to perform
moves across the whole parametric space. Here, we simply summarise the graphical
model based on the prior probability distribution for the association matrix (3), which is
formulated using the IBP, and the probability distribution of the data observed, conditioned
on target parameters. The probability model arising from the definition of IBP [17] is
given by

Tl B wBeta(%,ﬁ>,

Ak | T ~Bernoulli(7ry),

(16)

where 71}, is the latent variable, connected for all of the matrix columns through the IBP
parameters « and B. By a,,;, we denote the m-th element of k-th column of the association
matrix to prevent confusion with an indexation of bistatic tracks. To complete the proba-
bilistic model, we denote by t;'. the bistatic data of i-th track in j-th bistatic space. Using the
notation of the previous section, we can write:

El i e = 1% ~ N<hj(xk)rzm(i,j)>r 17)

and here we use m(i,j) : N> — N as a transformation from a pair of indices (of bistatic
track i in bistatic space j) to a linear index. This is only a formality with no influence on
the model. Having such a transformation simply allows us to differentiate between the
transformation functions of different bistatic spaces. The overall structure of the model in
graphical form is available in Figure 2.

N

K

Figure 2. Graphical visualisation of the bistatic tracks association model. Parameters & and 8 define
the Beta distributed (used in the definition of the IBP) hidden variables 7t} for a matrix of K columns.
Association matrix entries a,,; define the association between bistatic tracks t;. and targets x;. By N,
we denote the overall number of bistatic tracks available.

2.7. Basic Moves

The description of how we estimate the target parameters once the number of tar-
gets is given is presented in Section 2.5. Here, we analyse the options for the sampler
to jump between the association matrices, either with the same number of columns or
transdimensionally.

There are two general classes of transdimensional moves available in the literature on
RJMCMC. The first class is the birth-and-death (BD) [18] class of moves and the second
class is split-and-merge moves (SM) [21]. The BD class was introduced together with
the new theory of RIMCMC [18], extensively analysed in the context of other MCMC
methods [19] and also appears in newer papers concerning the RIMCMC theory [22,30,31].
The BD move assumes that if the currently assumed dimension is K (e.g., representing the
number of changepoints in time-series or the number of targets), we can propose either
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a decrease in the dimension (K — 1) or its increase (K 4 1). In the applications available
in the literature, such a process usually involves a type of parameter transformation as
the K vectors of parameters are dependent. This is not true for the case of bistatic track
association since we still preserve the second condition of (1) and single targets in the
model are therefore independent (and so are its parameters). It is also possible to propose
the BD move at random, i.e., in the case of the birth move, we can propose a random 6D
vector of the new target parameters. There is no harm in the association consistency since
the new target does not possess any bistatic tracks. However, we argue that concerning the
high-dimensional space of target occurrence, this move would not be efficient. There is also
a problem with the likelihood evaluation for a target without data, and we would need to
propose some arbitrary likelihood function. In the case of a death move, similar problems
arise. Randomly, we can propose some track to be deleted. However, we would end up
with a set of unassigned bistatic tracks. Such an operation would break the consistency
requirement of the association procedure. With this analysis, we decided not to implement
BD moves in our sampler, despite the BD type of moves being considered as basic in the
RJMCMC literature.

The second class of RIMCMC moves, called split-and-merge, was introduced in [32]
and later extended in [21]. Again, the moves are proposed as a reversible pair so that
the detailed balance condition (10) is still fulfilled. We start with the description of the
split move. Let us suppose that K > 1 and we generate random S > 3. By S, we denote
the number of bistatic tracks we randomly select in existing targets (while preserving
the association consistency) and we propose to establish a new target using this set of
tracks. The move also contains the operation of removing selected tracks from their
respective targets. The randomness of S is not necessary and its value should also be
selected concerning the computational effort. Initiation from S = 3 tracks is also possible
and advisable with respect to the closed-form solution (14). In addition, selecting smaller
sets of bistatic tracks rather than some large ones increases the acceptance ratio because the
probability of set contamination by an inconsistent track is lower. Overall, the deterministic
setting S € {1,3,4} proved itself to be a good strategy. The case when S = 1 is the special
case of an SM move which serves to sample clutter targets. Such targets do not exist in the
observed space; however, from the chain perspective, they serve as storage of inconsistent
tracks (inconsistent with other targets). Another good modification is to prefer selecting
tracks from those targets, which are either underdetermined, or the data likelihood (i.e.,
the column likelihood) is very low (hence the target is probably very inconsistent). The
merge move is similarly designed. We pick one target at random. For every one of these
target bistatic tracks, we (randomly) select some other target to which we would like to
assign the bistatic track. This way, the pair is reversible since with every move, there is a
way to return to the original state. An example of the SM reversible pair is available in
Figure 3. We will now describe the reversible pair more formally from the point of the MH
acceptance ratio. We denote by A the current association matrix and by A’ the association
matrix which would be the result of the proposed move (i.e., a matrix with K 4 1 columns
in the case of the split move and K — 1 columns in the case of the merge move). Similarly,
we denote by 6 the current set of target state vectors and by 6’ the set of target state vectors
of the proposed move. The acceptance ratio is then given by

p((A0'),(A,0)) = min{l, p(ZIA, 9’)P(A’\“/ﬁ)qnziA'fA) } (18)

p(Z|A,0)p(Ala, B)qm(A, A')

where the probability p(A’|«, B) is given by the IBP prior and is evaluated for the whole
lof equivalence class. The proposal distribution g,,(A’, A) was described in the previous
paragraph and the specific value depends on the number of targets and bistatic tracks
available. Note that we use the ratio given by proposal distributions g, (A’, A) /g (A, A")
of the specific SM move instead of the distribution of all possible moves [21]. This signifi-
cantly simplifies the computations. This transdimensional move changes the parameters of
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some of the existing targets involved in the random selection. However, the parameters are
solely given by the data contained in the bistatic tracks, the likelihood of which is evaluated
as the first term in the acceptance ratio (18). With respect to this observation, we assume
the Jacobian usually contained in the RIMCMC ratio [18] to be the identity matrix. The
data likelihood in (18) arises from (11) as

p(Z|A,0) = ] N(zmlhm(X), Zm). (19)
=1
6 6, 06 O 6 6 65 - G bkn
11010 0 0|00 01
0|10 0 0O|11]0 010
01011 0 0|00 01
11010 0 11010 010
0010 0 0/0]O0 010
|
0O/1]0 0 split 0/01]O0 01
0010 1 0/01]0O0 110
1101 0 B — 11011 010
merge
0|10 0 0O|11]0 010
0 0 0 0O|11]0 010
11010 0 11010 010

Figure 3. Matrix visualisation of the reversible split-and-merge move. Here, we mainly focus on the
target-to-track association and omit the differences between bistatic spaces (although we assume the
association to be consistent). Columns are labelled by 6;, which denotes the j-th target rather than the
target state vector x; or its estimate X;.

Concerning the already presented target parameters’ marginalisation, this quantity
always represents the maximum likelihood value (both concerning the target state and the
bistatic track data). Note that the acceptance ratio for proposing new targets can be high,
especially concerning the potential number of false ideal intersections. This would lead to
the constant creation of new targets which, due to the prior probability distribution of the
association matrix, would then be eventually merged with previous estimates of the same
target from a different set of data. To prevent this, we decided to put a small penalisation
Aj on the data probability of new targets. The term (19) then becomes:

P(ZIA,0) = [T N(zulhu(3e), Zu) exp(2;), (20)
amk:1
where:
3 N
1o JA i <4 1)
/ 0 otherwise.

The penalisation constant 7\1- is chosen in such a way that the accepted proposals do
not cause the fragmentation of the larger internally consistent group into smaller subsets
of measurements. Our experiments show the importance of such a penalisation.
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p((A’,6),(A,0)) = min

A different approach was taken in the case of the second type of moves we used.
We call them reassignment (R). This move is not transdimensional because it does not
change the number of targets in the model. Hence, the regular MH acceptance ratio applies.
From the current assignment matrix, A, we randomly select one entry ajj and propose its
change to a complement value 4;;. Since the association consistency has to be preserved,
we also select some 4;, which, in the current state of the chain, has the value a;; = a;;. The
complement value is defined as

1 a;=0,
B=qo 22)
0 aij =1

Note that for the first case of (22), there is only one ! possessing the complement value,
while for the second case, any I # j is available. This, together with the actual values of
N and K, defines the transition distributions g, of this move. There is also the option to
propose the assignment change in a deterministic way. For every a;;, there is either K — 1
or 1 options to change the assignment. The number of entry selections is NK and therefore
the complexity of such a deterministic proposal would be O (NK?). Note, however, that the
proposals are not independent and for the reversibility to be preserved, different conditions
need to be developed. The probability of the assignment matrix having the value a;; = 1
follows from the two-parametric IBP prior to the distribution [33] and is given by

i

plaj =1|A,a,p) = Nomi—p (23)

where m~/ is computed as the number of tracks assigned to the target j excluding the track .
As in the case of SM move, we denote here by A’ the new assignment matrix with changed
value aj; and a); at their respective positions. The acceptance ratio in general would be
(with the modified proposal distribution g,;) the same as in (18). However, there is a large
space for the optimisation of computational cost. For both directions of this MCMC move,
only the i-th and I-th columns of the association matrix are changed. Due to this, only X;
and %; change value and therefore change the data likelihood. Moreover, the probability
with respect to the prior is given by (23) rather than (3) which also significantly simplifies
the computation. We also exploited the independence of single columns concerning the
data likelihood and therefore we can write the acceptance ratio in the following form:

. ke iy {Hi,a;k/\/'(zi\h(i;(),zi)} p(aﬁj = ajj,a; = aij\A’,nc,,B>qm(A’,A)
[kegjn [Hi,a,-k N(Zi|h(f<k),Zf)] p(aij = aij, ay = a;j| A, a, B)qm (A, A')

(24)

2.8. Sampling Procedure

In this section, we illustrate the sampling algorithm which is composed of all steps
presented in the previous sections.

The initiation is given by the generative process of the IBP distribution, which is
described in detail in [16]. This generative process is naturally modified so that the
conditions (1) are fulfilled (concerning the bistatic space and the proposed targets). The
result of this procedure is the association matrix A, the columns of which represent the
proposed targets. Target parameters are estimated with regard to the number of associated
tracks. In Section 2.2, we denoted m; the number of ones in k-th column of the association
matrix. In our application, this quantity also represents the number of bistatic tracks
assigned to the k-th target. If my € {1,2} we are unable to initiate the target with full
parameters. Therefore, we randomly generate the 6D target position in the area of measure-
ment and find its projection onto the ellipsoid surface (11, = 1) or onto the ellipse obtained
as the curve of two ellipsoid intersections (1 = 2). This random initiation serves mainly
visualisation purposes as the target position is marginalised again once a new measurement
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is added or some measurement is removed. If m; > 3 and all of the measurements share
a common receiver or transmitter, the initiation is solved using Equations (14) and (15).
Otherwise, if my > 3 but there is no common focus of the ellipsoids of measurement, the
initiation is solved in a more general way, using (13) where the maximisation itself is solved
using the log-likelihood and gradient descent algorithms. The same initiation scheme is
used through the whole sampling process whenever target position estimation is needed.

The sampling process, given the initial chain state, proceeds as follows. At each
iteration, we try to propose one SM move and one R move. Proposal distributions of these
moves were described in the previous section together with their respective acceptance
probabilities. If the proposal is accepted (i.e., if the realisation of the random variable
U ~ Uniform (0,1) is smaller or equal to the ratio p((A’,6’), (A, 8))) the affected columns
are modified together with the corresponding target positions. This way, the sampler
travels through the parametric space described in Section 2.5. Some of the samples will
have different dimensions (i.e., the number of targets) than the others. Note that even if
two samples have the same dimension, it does not mean that the target positions have to be
the same, since the assignment of tracks to targets can be completely different. For tracking
purposes, however, we do not need the whole distribution (described by the obtained set
of samples), but rather the “best estimate”, in some sense, is required. Obvious and widely
used choices are the maximum aposteriori (MAP) estimate and the maximum likelihood
(ML) estimate. In our experiments, the ML estimate was used, which also corresponds to
the way in which the target positions are marginalised.

We illustrate the way in which the chain moves between dimensions using one specific
chain. The simulation parameters are not important in this case, as we are only concerned
with the way the chain moves in the parametric space. The algorithm performance analysis,
for which the simulation parameters are important, is provided in the results section of
this paper. There were four targets simulated in the area of measurement, three of them
with measurements in four bistatic spaces, one of them with only three measurements, and
no false measurements were included.

Four different chain states (target positions in the x — y plane) together with the actual
target positions are available in Figure 4. Note that even though we illustrated the target
states in the x — y plane, the whole computation was performed in the 6D space described
in Section 2.5 and the simulated targets also have different z coordinates. As we can see,
the chain was initiated with highly separated bistatic measurements (10 one measurement
targets, 1 two measurement target and 1 three measurement target) and with the initial
dimension 7} = 12. Note that only one of the initial target states corresponds to the actual
target position. During the first few iterations, mainly the SM moves were accepted, which
led to the creation of the first four measurement targets at iteration 13 and the second
one at iteration 20. Both of these targets correspond to the actual targets. In the later
iterations, SM and R moves are accepted at approximately the same rate and at iteration 25,
all actual target positions were resolved. This illustrates the capability of the sampler to
travel through the states with different dimensions. Even though we selected interesting
iterations for illustration purposes, the dimension can also grow between iterations. This is
solely dependent on the value of the acceptance ratio.
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Figure 4. Four different iterations of the chain. At each iteration, we differentiate between estimates with the different
number of bistatic measurements (red for one bistatic measurement, blue for two, green for three and yellow for four
bistatic measurements). Dot marks are used for estimated positions and boxes for the true target positions: (a) chain state
at the first iteration with 12 initiated targets, none of the four measurement targets and only one nearby the true target
location; (b) chain state at the 13th iteration with 9 estimated targets, one of them consisting of four measurements; (c) chain
state at the 20th iteration with 7 estimated targets, two of them consisting of four measurements, both of them nearby
the true target’s location; and (d) chain state at the 25th iteration with 4 estimated targets, each corresponding to the true

target’s location.

3. Results

In this section, we evaluate the performance of our new proposed algorithm. The
evaluation was performed using simulated data since these allow us to compare results
with the actual truth, which is usually not available when dealing with data from the
real system. For the data simulation, we set up an MSPSR system with two receivers
and two transmitters, i.e., the system comprises four bistatic spaces. Positions of the sites
are available in Table 1. We simulated targets in a local 3D Cartesian space (position and
velocity) uniformly in a block-shaped space. The number of simulated targets ranges from
2 to 8. To make the situation closer to reality, all simulated targets were detected and
tracked in all bistatic spaces, however, there were also bistatic tracks that did not represent
any of the simulated targets. The number of additional false bistatic tracks is always
equal to the number of simulated targets. The bistatic space in which those bistatic tracks
were simulated was randomly and uniformly chosen. Bistatic positions of the tracks were
provided to the association with a diagonal covariance matrix, with the variance of bistatic
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range 02 = 1000 m and the variance of bistatic velocity ¢2 = 4 m/s. Using the repeated
Monte Carlo simulation of data for a different simulated number of targets (and additional
false bistatic tracks), we evaluated the number of true-positive (TP) associations, which
is the number of associations created by the algorithm which correspond with the actual
simulated targets. We also evaluated the number of false-positive (FP) associations, which
is the number of associations created by the algorithm, which did not correspond with any
of the simulated targets. The last important quantity is the number of false-negative (FN)
associations, which is the number of simulated targets which the algorithm did not resolve.
These three quantities were evaluated in each Monte Carlo run. The IBP hyperparameters
were settoa = 0.25and g = 1.9.

Table 1. Cartesian coordinates of four site positions, two receivers (Rx) and two transmitters (Tx).

Site Type x (m) y (m) z (m)
Rx 8311.076 —3793.234 246.0192
Rx —9001.145 —1833.460 267.4876
Tx 1260.241 5365.893 233.9839
Tx —1260.366 —9750.959 306.8714

3.1. Reference Deghosting Algorithms

To make the evaluation more beneficial, we decided to employ two other deghosting
algorithms on the same simulated data. The first of the algorithms is a modification of
the deghosting algorithm for a single frequency network (SFN) [9]. This algorithm can be
easily used for FM-based MSPSR system with the advantage of the absence of transmitter
uncertainty. Due to the number of bistatic spaces available (the simulated system comprises
four bistatic spaces), we initiated the Cartesian estimates from pairs of bistatic tracks in
the chosen z coordinate. The clustering procedure was then performed by the likelihood
ratio test suggested in [9] with spatial false return density pr = le~!! and pp = 0.9 for all
bistatic spaces. In [5], it is suggested to take into account the error caused by replacing
the unknown height with a constant. The correction was done in the covariance matrix
through the linearisation of the model, which may not work well with different geometries.
This in particular may be responsible for quite a high number of false-positive associations
(since they could not be merged with their actual neighbours). We refer to this method as
the ellipse intersection method (EI method).

The second compared method is loosely based on a similar principle. However, instead
of initiating from two measurements and coping with errors caused by unknown height,
we initiate targets from all combinations of the three measurements. If there is a target
with more than three measurements, the estimates from subsets of three measurements
should be relatively close and we can test that using the estimated Cartesian covariance
matrices and Mahalanobis distance between the estimates. On the other hand, if there are
two triplets from two different targets, they should be far apart from each other. By fusing
the close groups and simple fusion rules (the larger the group the better, and the smaller
the Mahalanobis distance the better), we can create a feasible association algorithm. We
refer to this algorithm as the three-dimensional method (3D method).

3.2. Results

As we already mentioned, the performance comparison was performed using sim-
ulated data. We evaluated the number of true-positive (TP) associations, the number of
false-negative (FN) associations, and the number of false-positive (FP) associations. The TP
and FN quantities are complementary and together they sum up the number of simulated
targets. The achieved values for all of the three metrics for the new proposed algorithm are
available in Table 2.
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Table 2. Association results for the new proposed method. Average numbers of true-positive (TP),
false-positive (FP), and false-negative (FN) associations from 100 Monte Carlo simulations are shown.

n. of Targets/Case TP Assoc. FP Assoc. FN Assoc.
2 2.0 0.0 0.0
3 3.0 0.0 0.0
4 4.0 0.4 0.0
5 5.0 0.0 0.0
6 6.0 1.0 0.0
7 7.0 1.2 0.0
8 7.4 2.1 0.6

The displayed values are the average from 100 Monte Carlo simulations of different
target positions and bistatic spaces of false measurements, both of which were chosen at
random with uniform distribution. As we can see, up to five targets can be clearly resolved,
without almost any FP associations and no unresolved target.

The number of unresolved targets stays low even for a higher number of simulated
targets, however, due to the increased concentration of false bistatic tracks, the number
of FP associations (non-existent targets) grows. This is mainly because in our MSPSR
geometry, there are plenty of false intersections of the three ellipsoids. Many of them
could be dismissed using kinematic limits and limits for the area of the target position.
However, such restrictions were not applied in any of the methods used. Another possible
reason for the number of FP associations is the natural inclination of the mixture models
to the overestimation of the number of components. Our findings are consistent with the
theoretical analysis provided in [34].

To compare the performance of our new algorithm, we must run the same simulations
for the other two deghosting methods, i.e., the ellipsoid intersection (EI) method and three-
dimensional (3D) method, with the same setup and number of Monte Carlo simulations.
The comparison of all of the three methods is in Figure 5. Methods are differentiated using
line type (new method = solid, EI method = dashed, 3D method = dash-dotted) and TP
and FN quantities are differentiated using line colour (TP = blue, FN = red). As we can
see, in all cases, the new method outperforms the other algorithmes, i.e., the number of
successfully resolved targets is always the highest for the new method, while the number of
unresolved targets is always the lowest. These results are valid for the simulated geometry
and parameters, however, the simulation illustrates the ability of the method to perform
the correct association under the given conditions.

3.3. Convergence Analysis

In this section, we present the results concerning the convergence of the proposed
sampler. The results obtained using the simulated data presented in the previous section
suggest a good performance in comparison with the alternative algorithms as well as the
ability of the proposed method to associate true targets while avoiding the creation of false
ones. However, positive results (even if it would be using data from a real radar system) do
not guarantee the correctness of the sampler. By the correctness of the sampler, we usually
mean that the stationary distribution of the chain produced by the sampler corresponds to
the desired one and whether the chain (of a certain length) may have achieved its stationary
distribution. Answering both questions simultaneously is very difficult. In this section, we
focus on the latter one, i.e., we analyse whether there is some stationary distribution which
is eventually achieved by each chain of a certain length that the sampler produces. There
are two different ways to perform such an analysis [35]. The first of them assumes some
information about the target density being available, which is then incorporated into the
analysis. The second way is purely experimental and is based on running multiple different



Sensors 2021, 21,4815

16 of 23

chains and then analysing the differences between the results achieved by the chains. We
chose the second way for incorporating information about the target density would be
very difficult. The methods for the analysis of multiple runs of the Markov chain were also
adapted for the purposes of transdimensional Monte Carlo methods [36]. However, this
modification is not suitable in our case, as it requires us to select a set of parameters which
retain the same meaning across all possible models.

Performance comparison between methods
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Figure 5. Performance comparison between the three methods. Two quantities, the number of true-
positive (TP) resolved targets (blue) and false-negative (FN) unresolved targets (red) are visualised.
Solid line together with circular points are used for the new algorithm, dashed line with triangular
points for the ellipse intersection (EI) method and dash-dotted line with cross points for the three-
dimensional (3D) method.

As we described in Section 2.5, the target positions, which are continuous variables by
nature, are marginalised using maximum-likelihood estimates, which helps the sampler
as it does not have to propose the positions at random. This also means that we do not
need to include these parameters in the analysis of the chain convergence and we only
need to deal with the assignment matrix which defines them completely. Since dealing
with the two-dimensional assignment matrix is impractical, we can reduce it to a one-
dimensional vector variable. This reduction directly follows from the usage of the IBP
prior mentioned in Section 2.2, where the probability distribution is formulated for the
whole class of equivalence. This is achieved by transforming the columns of the association
matrix into binary numbers, where the first row is interpreted as the most significant bit.
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By forming the actual integers, for each association matrix A; at the j-th iteration of i-th
chain, we obtain a vector of integers:

i_ i .
T = (le, Tipr o /T/‘K;_) (25)

where K; is the number of columns of the matrix A; By preserving the conditions (1), we
guarantee the numbers obtained in one iteration being unique, i.e., T;k # T]?Z for any k # I.
The analysis of T;- between different chains or parts of one particular chain generates two
problems. First of all, the variable 7! varies in dimension (just as the association matrix

does) not only between chains but also between different iterations of one particular chain.
The second problem arises from the integral nature of the values in the vector r}. For

integer values, usual test statistics such as R [35] are impractical. An overview of test
procedures for Markov chains taking values from a categorical variable is presented in [37].
We used the x? test originally proposed in [38] which states the null hypothesis Hy that
all of the analysed chain segments contain sequences of random samples obtained using
a common distribution to all chains in the analysis. The alternative hypothesis H; is that
the distributions of single chains are different. Note that even if the single chains achieved
a stationary distribution, the test would reject the null hypothesis provided that they are
not the same for all chains. The rejection of the null hypothesis therefore either states that
the sampler does not provide chains with a stationary distribution or that it is different
for each chain. For now, let us reduce the association matrix at each iteration j of each
chain i into the single number K]l This way, the chains consist of scalar discrete variables.
Let us have s different chain segments and the set of all unique observed target counts
x = (x1,%p, - , k). For each chain i, we evaluated f,il as the number of transitions from
dimension x; to dimension x;. The test statistic of the null hypothesis was then given
by [37]
s r i(pi s N2
X} _ Z Z Z e (pklﬁ Pi1) (26)
i=1k=11€Ry ki

where:

f=Yf
1=1

Pa = L}l i
i—1 i 27)
s _Ju
ki f[é

Ry ={k|pn > 0}.

According to [38], this test statistic follows the x? distribution with the degrees of
freedom given by

Y (ak—1)(bx—1) (28)
k=1

where: ‘
ae=I{i: fi > o}

(29)
by ={1: pr > 0}

We generated 10 independent chains from the sampler, using simulated data from the
previous section. Each of the chains contained 10,000 samples (i.e., we worked with long
runs of the sampler). The analysed segments were then obtained by taking the second half
of each chain, i.e., each segment contained 5000 samples. Then, the test statistic (26) was
calculated and the value X} = 8.33 with n = 10 degrees of freedom was obtained. Since
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the assumed probability distribution of the test statistic was x?, the value of the cumulative
density function is 0.40. Therefore, the p-value is 0.60 which allows us to accept the null
hypothesis with the usual significance level « = 0.05 and even « = 0.1. This test has shown
us that the sampler proposed in Section 2 produces chains, which converge to a common
stationary distribution concerning the assignment matrix dimension.

An appropriate method for the analysis of vectors 'r;- is not known to the authors of
this paper. However, once we validate the convergence concerning the number of targets,
we can perform the graphical validation of the obtained targets using the histogram of their
counts in different chains. Such a histogram is presented in Figure 6. As the chain travels
through the parametric space, it discovers multiple different target proposals expressed as
columns of the association matrix. Each column can be transformed using the procedure
described in Section 2.2, which is used to form classes of equivalence over association
matrices. These codes are common even for different runs of the sampler because they are
bound to the source data, provided that the ordering of bistatic tracks was not changed.
Note that this does not have anything to do with the exchangeability property of the IBP
prior, but rather it is a necessary condition for the identification of the specific associated
groups of bistatic tracks across the iterations of single chains as well as between multiple
chains. We can see that the first six targets in each histogram are the same codes, only with
different ordering and counts. These six codes correspond to the true simulated targets and
two separated clutter measurements. The rest of the histograms are random targets with
rather small counts, which are results of the probabilistic nature of the MCMC method.

Another interesting question is, once the convergence has been verified, what is the
uncertainty of the model posterior probabilities estimated from the chains produced by
the sampler. For this purpose, we decided to use the approach developed in [39]. The
analysis is based on the estimation of the Markov chain transition matrix where the states
represent the current model. In our case, each model is differentiated by its vector of lof
codes presented in Section 2.2. Note that each model can have a different dimension and
therefore the number of codes can be also different. We assigned one numeric label to
each unique model and these labels were used in the sampler output. Then, the matrix of
frequencies N consisting of entries 7;; was built, which represent the number of transitions
from a model with label i to a model with label j. The matrix N is then used as input to the
sampled transition matrix P(") prior distribution, which was proposed to be:

PET) ~D(nyy+e,np+e -, m) (30)
where plm denotes the i-th row of the sampled transition matrix P<’), I denotes the overall
number of models, D denotes the Dirichlet distribution and € is the prior parameter. The
prior parameter was set to € = 1/1, as it is suggested in [39] for better numerical stability.
The samples of the stationary distribution are generated using the normalised eigenvector
of P{") corresponding to the unit eigenvalue. For the rest of the procedure, please refer to
the original paper [39]. The resulting model posterior probabilities, together with the fifth
and the ninety-fifth percentiles (vertical black bar) are plotted in Figure 7.
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Figure 6. Histogram of top 10 count target lof codes: (a) histogram from chain no. 1; (b) histogram from chain no. 2;
(c) histogram from chain no. 3; (d) histogram from chain no. 4; (e) histogram from chain no. 5; (f) histogram from chain
no. 6; (g) histogram from chain no. 7; (h) histogram from chain no. 8; (i) histogram from chain no. 9; and (j) histogram from

chain no. 10.
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Figure 7. Stationary distribution over the models encountered in the chains produced by the sampler.
Red points represent the median and the black bars represent the range between the 5th and 95th
percentile. The model labels were assigned again after the posterior evaluation so that they are sorted
in descending order. The distinction between the first and the rest of the models is visible and holds
even with respect to the precision.

4. Discussion

The bistatic track association and deghosting method presented in this paper relies on
two techniques. The first of them was the IBP prior distribution for the association matrix
and the second one is the RIMCMC inference procedure with a custom set of moves related
to the bistatic track association problem.

The suitability of the IBP prior was analysed in Section 2.2. The main argument for
its usage is the exchangeability property, which allows us to compose targets and tracks
with arbitrary ordering without any influence on the results. The second argument would
be the two-parameter version of the distribution. The two parameters can be used to
set the expected number of the association matrix columns (i.e., the expected number of
targets). This property can also be observed in the results for the simulated data where
the number of false-positive targets (i.e., the number of excess columns) is kept relatively
low, even for a higher number of tracks. The real-world justification of this approach
is the direct connection between the number of targets assumed to be present in the
area of measurement and the association scheme (i.e., the association between bistatic
and Cartesian spaces). Such a connection is usually missing in the classical deghosting
algorithms and we see this as an improvement achieved by the proposed method.

In Section 3, the method assessment using the simulated data was presented. First
of, the ability of the proposed method to solve the association problem was tested. This
was achieved through the repeated simulation of target measurements and the resolved
targets were compared with the known truth. The evaluation of true-positive and false-
negative associations suggests a good ability of the method to successfully resolve the
actual targets. This is emphasised via a comparison with two alternative algorithms, both
of which are outperformed by the proposed method. However, due to the geometrical
properties of the bistatic geometry and the nature of the method, the number of false-
positive associations grows with the number of actual targets and the number of false
measurements. Note, however, that the growth is slower than in the case of the compared
algorithms. Since the proposed method is a Markov chain Monte Carlo (MCMC) method, it
was considered necessary to assess the convergence of the chains produced by the sampler
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and to analyse the resulting stationary distribution. This assessment was performed in
two steps, both of which used 10 long runs of the sampler with 10,000 iterations (but only
the second half of each chain was used in the analysis). In the first part of the analysis,
the convergence with respect to the number of resolved targets was performed. For this
purpose, the x? test for categorical data was utilised and the calculated test statistic verified
with a high level of significance that the chains were from a common distribution of the
number of targets. The second part of the chain analysis was based on the estimation of the
transition matrix between different models (i.e., different association matrices), which is
suitable for the transdimensional MCMC. The models with a varying number of parameters
were reduced to a single number, the model label. In addition, using the Dirichlet prior
for the transition probabilities between models, this analysis allowed us to assess the
model posterior probabilities as well as the precision of these probabilities. The graphical
results suggest that there is only one model with significant posterior probability and this
probability is known with relatively high precision. All of the three analyses verified the
good performance of the proposed bistatic track association and deghosting method.

From the modelling perspective, as it was pointed out by the reviewers, the sensitivity
of the results with respect to the prior and proposal probability distribution was not
analysed. However, as a matter of future work, we plan to provide a comparison of the
results using different priors on the association matrix, as this is the key component of our
model. However, as far as we know, there are not many probability distributions which do
possess the same properties as the two parametric IBP probability distributions. One of the
interesting options would be to use the prior used in [11] and compare the results.

The most computationally expensive part is the marginalisation of the target states.
At every proposed step, the association of bistatic tracks is changed for a certain subset
of targets. For every target influenced by this change in association, we need to compute
again the target position in the maximum likelihood sense. The starting point of each such
maximisation is computed using the closed form method (14), where the most computa-
tionally expensive operation is the multiplication of the coordinate matrix S transposed
by itself. The inverse of this product is just an inverse of 3 x 3 matrix and this inverse
is used in the rest of the computation for one target. Only a few iterations are required
to correct this initial estimate, if necessary (e.g., if there are measurements which do not
fit into the closed form initiation scheme). The number of iterations is also dependent
on the precision that is required. We argue that, with respect to the usual targets, if the
change in position is less than 0.01 m, the iterations can be stopped. If the maximisation
is performed iteratively, the most computationally expensive part is the evaluation of the
normal likelihood function, where the exponent corresponds to the Mahalanobis distance.
The inversion of the measurement matrix can be solved by precomputation (the data do
not change during the inference) and is even easier in the case where we have the same
measurement precision for all data. Partial derivatives of the projections from the Cartesian
to any of the bistatic spaces can be expressed in closed form. For the rest of the computation,
the complexity is comparable to any other classical MCMC method.

The main limitation of the experiments performed in this paper is the bistatic setup.
The simulation of the real setup used two transmitters and two receivers. There are sys-
tems with many more sites of both kinds, however, they are rarely used in the literature,
e.g., [1-5]. In this regard, the setup with more than one receiver and more than one trans-
mitter seems to be more general. The limitation with respect to the number of simulated
targets is also present, since the simulation results were only evaluated up to eight simu-
lated targets. However, this is not so uncommon in the tracking literature [1,2] and others.
Together with the limitations in the simulation setup design, one of the limitations is the
simulation itself. However, the experiments with real data were spared as a matter of
future work, since the results” analysis and data description would take up most of the
manuscript. Other limitations such as the fixed choice of the proposal distribution were
already mentioned; however, we do believe that the results are nonetheless convincing.
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5. Conclusions

In this paper, we developed a new bistatic track association and deghosting algorithm.
The core of the algorithm is based on the Bayesian approach, namely the hierarchical model
which utilises Indian buffet process (IBP) as the prior distribution for the association matrix
between the bistatic and Cartesian spaces. The inference of the targets was performed using
the reversible jump Markov chain Monte Carlo (RIMCMC), which allowed the method to
naturally traverse across association hypotheses with a varying number of targets. In this
paper, detailed descriptions of the Bayesian model, the parametric space and the sampler
moves are provided. The method assessment was performed using a simulated bistatic
setup where the simulated data contained both missing and false measurements. The
results show a good performance in comparison with two alternative algorithms. The
simulated data were also used to analyse the statistical properties of the chains produced
by the sampler in terms of convergence and posterior probabilities. Using statistical testing,
the convergence with respect to the number of targets was verified. Further research will
be concerned with the sensitivity analysis with respect to the prior probability distribution
and assessment of the method using data from a real radar system.
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KAPITOLA 3

Diskuze

V ptedchozi kapitole jsme predstavili vysledky samostatného vyzkumu autora prace, které
byly publikovany jako kratky ¢lanek na konferenci a také jako vyrazné delsi a rozsitend
verze clanku v impaktovaném casopise. Hlavnim predmétem tohoto vyzkumu byl vyvoj
nového algoritmu pro asociaci bistatickych tracku, ktery je urcen pro reseni prechodu mezi
bistatickymi a kartézskym prostorem urcovani a vedeni polohy cilu v systému MSPSR,
ktery byl predstaven v kapitole [I} V této kapitole byla také provedena reserse existujicich
zpusobu TeSeni této problematiky, ktera lze najit v odborné literature. Na zdkladé této
reSerSe byly také stanoveny zakladni pozadavky na nové navrhovany algoritmus, jejichz
splnéni je nezbytné pro dosazeni lepsich vysledku v porovnéani se sou¢asnym stavem. V této
kapitole tedy srovname tyto pozadavky stanovené v kapitole|[l|s vysledky vyzkumu prezen-
tovanymi v kapitole [2[a také shrneme dosazené vysledky vcetné vysledku porovnani s kon-
kuren¢nimi algoritmy. V zavéru kapitoly nastinime dalsi mozné sméry rozvoje navrzené
metody a dalsi naméty pro jeji vyzkum.

3.1 Vlastnosti algoritmu

Na tuvod této sekce shrneme pozadavky z kapitoly |1 které vyplyvaji z reSerse soucasnych
metod asociace bistatickych tracku a deghostingu.

o Algoritmus musi byt od pocdtecniho navrhu urcéen pro plnou 3D lokalizaci cilu
(poloha i vyska) tak, aby ani nebrénil asociaci pouze dvojice bistatickych métent,
ktera 3D vedeni schopnd nejsou.

o Algoritmus musi predpokladat, ze multistatickd konfigurace je obecného typu M/N.

o Vzhledem k tomu, Ze asociace méfeni a vedeni tracku (af jiz v bistatickém nebo
v kartézském prostoru) je realizovana pomoci Bayesovského modelovani, méla by i
asociace bistatickych tracku byt fesena pomoci tohoto pristupu.

o Vypocetni naro¢nost algoritmu musi byt kontrolovatelna s ohledem na dostupné
prostiedky systému, tak aby nedochazelo k jeho zahlceni. V tomto ohledu se jako
vhodnéd moznost nabizi randomizovany piistup.

o Vysledny algoritmus by meél predcit bézné pouzivané algoritmy s ohledem na objek-
tivni kritéria hodnoceni asociace bistatickych tracku.

65
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Pozadavek navrhu asocia¢niho algoritmu tak, aby byl plné kompatibilni s 3D vedenim
je splnén, a to predevsim diky zpusobu jakym jsou z cilové hustoty marginalizovany para-
metry polohy cile. Jejich odhad je v kazdém kroku proveden pomoci Maximum-Likelihood
(ML) odhadu bud pifmo z rovnice nebo ve zjednodusSenych ptipadech pomoci
uzavienych vzorcu z ¢lanku [49]. Timto postupem eliminujeme nejistotu v odhadnuté
vysce cile a stejné tak v odhadnuté rychlosti nebo jeji vertikalni slozce. Zaroven také cel-
kova posteriorni hustota pravdépodobnosti je ur¢ovana nad 6D prostorem (3D poloha a
3D vyska) vyskytu cile.

Jakékoli predpoklady o typu multistatické konfigurace (tedy predpoklady o poctu
prijimacu ¢ vysilaci) jsou eliminovany ,zplosténim* sité paru pozemnich stanic do
linearni fady bistatickych prostoru (linedrni, protoze v asocia¢ni matici tato rada tvoii osu
radku) bez ohledu na jejich vzajemné vztahy na zdkladé sdileni (nebo nesdileni) vysilaci
nebo prijimaci stanice. Jediny predpoklad, ktery se tyka multistatické konfigurace je, ze
kazdy geometricky nezavisly bistaticky prostor se v této fadé nachézi jen jednou a proto
kazdy ptrinasi novou nezavislou polohovou informaci. Nicméné tento predpoklad neni nijak
restriktivni a je také z hlediska asociace bistatickych tracku nutny.

Z4dny z v literatufe dostupnych piistupt k Feseni asociace bistatickych tracki dopo-
sud neposkytoval skutecné Bayesovsky pristup. Tento pristup vyzaduje stanoveni apri-
orni hustoty rozdéleni nad hledanymi parametry a také stanoveni funkce vérohodnosti
pozorovanych dat, za predpokladu znalosti hodnoty hledanych parametriu. V ramci nami
vyvinutého pristupu je stanoveno apriorni rozdéleni pro bindrni asociacni matici mezi
bistatickymi tracky z ruznych bistatickych prostoru a jednotlivymi modelovanymi cili,
jejichz pocet je jednou z nepfimo hledanych (skrytych) proménnych v modelu.

Tato skutecnost, tedy neznamy (a vzhledem k podstaté ilohy také potencidlné neome-
zeny) pocet cilu klade vysoké naroky na tento prior, které dobfe spliuje rozdéleni které se
v literatute vyskytuje pod ndzvem Indian Buffet Process (IBP). Mimo splnéni pozadavku
na nekladeni restrikci na pocet sloupcu asociacni matice mezi bistatickymi tracky a mode-
lovanymi cili také jeho parametrizace umoznuje napi. podnécovat k co nejvétsimu sdileni
téchto cili mezi prifazenymi tracky. V praxi tak predavame informaci, ze pokud je to
pripustné vzhledem k velikosti zbytkové chyby, preferujeme kartézské cile sestavené z co
nejvétstho mnozstvi geometricky nezavislych bistatickych tracku.

Potieba stanoveni apriorniho rozdéleni nad samotnymi polohami modelovanych
kartézskych tracku je z praktickych duvodu eliminovana marginalizaci téchto parametru.
Jejich odhad je (jak jiz bylo zminéno v pfedchozim odstavci) tak redukovén, pro dané
asociacni schema, na ML odhad. Tento postup je opodstatnén za prvé tim, ze pro polohu
cilu jsme v literature nenalezli zadné vhodné apriorni rozdéleni, museli bychom se tedy
uchylit k néjaké formé neinformativniho prioru. Za druhé, pokud by i samotné polohy
meély byt predmétem iterativniho numerického odhadu, mohlo by to mit vyrazny vliv na
celkovy pocet iteraci pozadovanych k dosazeni uspokojivych vysledku. Z tohoto pohledu
se marginalizace jevi jako vhodny krok. Reseni odhadu posteriorni hustoty ve vytvofeném
Bayesovském modelu je pak feseno pomoci Reversible-Jump Markov Chain Monte Carlo
(RIMCMC), které je voleno predevsim kvuli nezndamému poétu cilu, protoze retézec pak
musi prechdzet mezi stavy s ruznou dimensi.

S pouzitim iterativntho RIMCMC souvisi i moznost kontroly vypocetni naroc¢nosti.
Nabizi se napf. varianta nechat iterace bézet do doby, nez vyprsi ¢asovy limit (a
systém musi zpracovat novou sadu dat), pticemz dalsi vypocty (kartézské vedeni) pracuje
s doposud nejlepsimi dosazenymi vysledky. Samoziejmeé, vypocet lze ukonéit také pred
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vyprsenim casového limitu, pokud byl dosazen limitni pocet iteraci nebo diagnostika kon-
vergence rozhodla o dosazeni dostatecné kvalitnich vysledki. Tento pfistup je vyraznym
vylepSenim oproti stavajicim vyctovym metodam, kde pozastaveni vypoctu pted jeho
dokon¢enim neposkytuje zadnou kvantitativni informaci o kvalité doposud dosazeného
vysledku.

Vysledky v publikovanych ¢lancich potvrzuji vyssi kvalitu asociace bistatickych track,
které je dosazeno navrzenym algoritmem v porovnani s dvéma stavajicimi, nicméné jejich
podrobnému rozboru se budeme vénovat v dalsich odstavcich.

3.2 Analyza algoritmu

Béznym postupem ovéreni validity algoritmu asociace bistatickych tracku je porovnani
pomoci simulovanych dat. Simulovana data umoznuji pfimo kontrolu znamych pozic cilu,
které muzeme porovnat s pozicemi cili které jsou vystupem z asocia¢niho algoritmu. Na
druhou stranu, velmi ¢asto se v literature muzeme setkat s ovérenim, které kombinuje
samotnou asociacni ¢ast s kartézskym vedenim [29]. V piipadé ovéfeni naseho algoritmu
v ¢lanku [1] 1 [2] jsme zvolili Monte Carlo piistup k testovani schopnosti algoritmu urcit
spravné polohy (tedy spravné sestavit bistatické tracky).

Opakovanou simulaci poloh cilu v zadjmové oblasti, které pak byly prepocteny do bista-
tickych soutadnic, a naslednym vyhodnocenim pomoci asociaé¢niho algoritmu jsme zjistili
prumérné chovani algoritmu pro ruzné polohy (a tudiz i ruzné geometrické vztahy) cilu.
Mimo méfeni samotnych cili jsme simulaci obohatili o falesna méfeni, jejichz koncent-
race roste imérné poctu simulovanych cilu (coz je relativné vérna simulace skute¢ného
systému). Samotné vysledky vyhodnoceni pomoci této simulace budou probrény v ramci
samostatné sekce diskuze.

Protoze samotny zpusob nalezeni feseni asocia¢ni ulohy je v ptipadé navrzeného al-
goritmu zalozeny na MCMC metodé, bylo nezbytné ovérit i jeho konvergenci z hlediska
markovského fetézce. Analyticky dukaz konvergence markovského tetézce lze ziskat pouze
pro specidlni piipady, nikoli vSak obecné. Proto se v MCMC metodach bézné uchylujeme
k numerickému statistickému testovani konvergence [66]. Problém s testovanim konver-
gence v pripadé RJMCMC spociva ve vybéru sledované hodnoty, pro niz chceme oveérit
konvergenci, coz je piistup navrhovany v [66,/67] a ktery je bézné pouzivany pro numerické
ovéreni konvergence v pripadé klasického MCMC.

Pro n&s pripad jsme tedy zvolili dvoji ovéreni. V prvnim kroku jsme provedli statistické
testovani nulové hypotézy, ze vsechny testované ¢asti Markovskych tetézcu (ziskané jako
druhd polovina z deseti ruznych fetézcu z velmi dlouhych béht naseho RJIMCMC) obsa-
huji ndhodné proménné pochézejici ze stejného kategorického rozdéleni. Tyto nahodné
proménné, pro kazdy vzorek ziskanych tetézcu byly vytvoreny transformaci na jednu
skaldrni hodnotu, pocet sestavenych cilu (tedy, pocet sloupcu asociaéni matice v daném
kroku). Detailni popis celé procedury lze nalézt v clanku [2] a pro teoreticky zéklad pouzité
metody muzeme ¢tenafe odkdzat na puvodni cldnek [68]. Statistickym testovanim doslo
k potvrzeni nulové hypotézy na vysoké hladiné pravdépodobnosti, ze testované tseky
vSech deseti fetézcu pochazeji z totozného rozdéleni. Vysledek testu také rika, ze toto
spolecné rozdéleni je s vysokou pravdépodobnosti stacionarni pro markovské fetézce pro-
dukované nasim algoritmem.
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Mimo samotné konvergence jsme se také zabyvali posteriornim rozdélenim nad jednot-
livymi modely, které ziskané markovské fetézce navstivili. Modelem se v tomto piipadé
rozumi mnozina sestaveni cilu, tedy konkrétni asociaé¢ni matice. Pro redukci problému
s nestejnymi dimensemi téchto matic muzeme uvazovat, ze se kazda matice redukuje na
mnozinu lof kédu cilu, pricemz zpusob ziskani téchto kédu je popsan v sekei [2.2.1.2]
Nicméneé i tyto mnoziny se mohou li§it poctem svych prvku. Proto je muzeme sefadit
(napt. podle potradi kdy byl dany model poprvé objeven néjakym markovskym fetézcem,
a postupné ocislovat od 1 do NN, pricemz mnoziny lisici se pouze v poradi lof kodu maji
stejné cislo. Z deseti Marovskych tetézct, kazdy o 5000 vzorcich, jsme timto postupem
ziskali vice nez 400 modelu.

Samotnd analyza je pak zalozena na postupu z [69], pficemz tato metodologie je
navrzena pravé pro trans-dimezionalni MCMC metody. Nase indexy mnozin lof kodu
slouzi jako proménnd 2 kterd pro kazdy prvek markovského fetézce oznacuje, ktery mo-
del je momentalné uvazovan. Pomoci relativnich ¢etnosti jednotlivych modelu v fetézcich
bychom mohli odhadnout posteriorni pravdépodobnosti téchto modeli, nicméné tento
odhad postrada statisticky popis své nejistoty. A pravé tento odhad poskytuje metodo-
logie z [69] ktera je zalozena na Bayesovském odhadu ptrechodovych pravdépodobnosti
mezi jednotlivymi modely pricemz jako apriorni rozdéleni prvku prechodové matice mezi
modely je zvoleno Dirichletovo rozdéleni. Na zdkladé této analyzy bylo zjisténo, ze mezi
navstivitenymi modely je pouze jeden s vyrazné vysokou posteriorni pravdépodobnosti
(~ 0.7) pricemz rozsah 99% intervalu pravdépodobnosti této hodnoty je < 0.1.
Pravdépodobnosti ostatnich modelu jsou oproti nejvyznacnéjsimu zanedbatelné (i s ohle-
dem na presnosti ur¢enych posteriornich pravdépodobnost{). Poznamenejme, ze v ¢lanku
byla poskytnuta vizualizace, kde jsou modely piecislované tak, aby pravdépodobnosti byly
sefazeny od nejvetsi po nejmensi. Toto fazeni nijak nezkresluje vysledky, protoze fazeni
jednotlivych modelu neni pevné dané a vizualizace timto ziskava na prehlednosti.

3.3 Dosazené vysledky

’ souradnice \ minimum | maximum

zm | —2-10° | 2-10°

y [m] —2.10" | 2-10°

z [m] —2-102 8- 10°
v, [m/s] —50 50
vy [m/s] —50 50
v, [m/s] —25 10

Tabulka 3.1: Tabulka shrnujici limity pro jednotlivé prvky 6D polohy cile.

Dosazené vysledky jsme castecné popsali jiz v pfedchozich dvou sekcich. Soucasti
dosazenych vysledku je splnéni vsech bodu z kapitoly [1| které obsahovaly pozadavky na
noveé navrzeny algoritmus asociace bistatickych tracku. Protoze navrzené reseni je zalozené
na MCMC metodeé, jsou soucasti dosazenych vysledku také statistické testy konvergence
generovanych markovskych fetézci. V této casti se tedy jiz budeme vénovat posledni sa-
mostatné vysledkové ¢ésti, a to je samotné nasazeni nového algoritmu v simulované situaci
a nasledné porovnani se schopnosti konkurencnich algoritmu tuto situaci resit.
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Simulovany scénér je zalozeny na jedné konkrétni multistatické situaci, ktera je typu
2/2, obsahuje tedy vice nez jeden ptijimac a vice nez jeden vysila¢. Pouzitim této multista-
tické konfigurace tedy umoznujeme testovat pozadavky kladené na algoritmus. Jednotlivé
stanice jsou uspotradany do tvaru diamantu, kdy na protilehlych vrcholech lezi vzdy sta-
nice stejného typu. Poznamenejme, Ze se jednd o simulaci redlné nasazeného systému,
ktery byl pouzit k testovani algoritmu asociace detekei k trackum v bistatickém prostoru
v clanku [45] a ktery byl vyvijen pro potieby Arméady Ceské Republiky (ACR). Tento
systém je (z duvodu pokryti) uréen predevsim pro vedeni cilu uvniti konvexniho obrazce
tvoreného stanicemi a v jejich blizkém okoli. Z toho duvodu jsme omerzili generované
kartézské souradnice cilu v kartézském prostoru pomoci limitu v ose. Nastavené limity
shrnuje Tab.

Pocet generovanych poloh cilu byl postupné volen v rozsahu (2, 10), pricemz tato volba
vychézela predev§im z naSich zkuSenosti z realnych systému kde pocet nové zavadénych
cila (pokud k zavedeni doslo) se pohyboval v tomto rozsahu. Prepoctem do bistatickych
souradnic jednotlivych bistatickych prostoru (paru pfijimac - vysila¢) jsme simulovali
nejpravdépodobnéjsi odhady poloh bistatickych tracku. Tyto polohy jsme pak zasuméli
pomoci zndmé kovariancni matice v bistatickém prostoru, pficemz hodnoty prvku této
kovarian¢ni matice jsou opét dany realnymi predpoklady dosazitelné presnosti métreni
systému, jehoz vysilace vysilaji v pasmu L-Band [45].

Pro dosazeni realisti¢téjsi simulace jsme v bistatickych prostorech také nahodné gene-
rovali polohy bistatickych tracku, které nemély puvod v zadném ze simulovanych cila
v kartézském prostoru. Takova simulace odpovidd situaci, kdy se v prostoru méreni
nachazi cil, ktery ale neni dostatecné silné detekovatelny ve vice bistatickych prostorech,
resp. v tolika bistatickych prostorech, aby mohl byt zavedeny v prostoru kartézském.
V realné situaci ovSsem takové bistatické tracky nejsme schopni odlisit od téch, které jsou
vedené v dostatecné velkém mnozstvi bistatickych prostoru a proto se asociace bista-
tickych tracku musi tcastnit veskeré bistatické tracky které prozatim nejsou soucésti
zddného kartézského vedeni a zaroven jsou v bistatickém prostoru vedené (a aktualizované
pomoci detekel) po dostateéné dlouhou dobu, abychom si s vysokou pravdépodobnosti byli
jisti, ze se nejednd o tracky falesné. Protoze v redlnych systémech obvykle koncentrace
neasociovatelnych bistatickych tracku roste s poctem cilu které se nachazeji v zdjmovém
prostoru, i v nasem piipadé generujeme ndhodné bistatické tracky v poc¢tu momentéalné
simulovanych kartézskych cilu. Tyto bistatické tracky jsou pak ndhodné (s rovhomérnym
rozdélenim) rozprostieny pies vSechny bistatické prostory.

Nésledné vyhodnoceni jsme pak provedli statisticky. Tedy, simulaci popsanou
v predchozim odstavci, jsme pro kazdy simulovany pocet cilu provedli celkem stokrat a
vysledné vyhodnoceni vykonnosti ziskali jako prumér z dosazenych vysledku pro jednot-
livé simulace. Predmétem vyhodnoceni je spravné urceni polohy cili, které byly skutecné
simulovéany (TP, z anglického True Positive), uréeni polohy cile ktery simulovéan nebyl
(FP, z anglického False Positive) a neschopnosti urcit polohu néjakého simulovaného cile
(FN, z anglického False Negative). Poznamenejme, Ze tento typ vyhodnoceni je v ramci
literatury o asociaci bistatickych tracku zcela unikatni svou komplexnosti.

Kromé navrhovaného algoritmu jsme vyhodnoceni provedli také se dvéma konku-
renénimi algoritmy pro asociaci bistatickych tracku, které jsou zalozené na metodach
z [29-31}135,146,[70,/71] a je tedy zjevné, ze se jednd o casto vyuzivany asociaéni postup
se kterym chceme nové navrhovany porovnat. Zakladnim principem je sestaveni hypo-
tetickych poloh cili na zdkladé formovéni dvojic (metoda pruniku elips oznacena EI)
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pocet cili | TP (novd metoda) | TP (EI) | TP (3D) |

2 2.0 14 2.0
3 3.0 2.2 2.8
4 4.0 2.6 3.8
5 5.0 3.3 4.6
6 6.0 4.8 5.5
7 7.0 5.4 6.3
8 7.4 9.5 7.0
9 8.3 6.7 7.6
10 8.9 7.7 7.9

Tabulka 3.2: Tabulka dosazenych vysledku pro metriku TP (spravné uréené polohy
skutecné simulovanych cili). Vysledky jsou zaokrouhleny na prvni desetinné éislo.

nebo trojic (formuje odhady v 3D prostoru, oznacena 3D) geometricky nezavislych bista-
tickych tracku, pricemz tento piistup pro vhodné multistatické konfigurace (1/N nebo
M/1) umoznuje pouziti uzavienych vzorcu pro odhad polohy cile [26]. Sestavené kan-
didéatni polohy se k sobé déle vzajemné statisticky asociuji (na zakladé vypoctenych kova-
rian¢nich matic odhadnutych poloh) a testuji se hypotézy o tom, jestli dany shluk poloh
mohl vzniknout ndhodnym Sumem v bistatickych datech, nebo se jedna o systematicky
shluk s puvodem v cili ktery se nachézi v prostoru méreni. Pro detailni popis algoritmu
muzeme Ctenare odkdzat na [70].

Jak jiz bylo zminéno vysledkem vyhodnoceni jsou prumérné hodnoty metrik TP a FN
ze 100 nezavislych (Monte Carlo) simulaci situace v bistatickych prostorech. Dosazené
vysledky pro metriku TP jsou shrnuté v Tab. a pro metriku FN v Tab. Z vysledku
je patrné, ze nami nové navrzend metoda asociace bistatickych tracku predci konkurenéni,
bézné pouzivané, v poctu spravné rozpoznanych cilu (nejvyssi hodnoty) a tim padem i
v poctu nerozpoznanych (nejnizsi hodnoty). Pocet nadbyteénych cilu, které algoritmus
vytvori ale neodpovidaji simulované skutec¢nosti, shrnuje metrika FP. Tato metrika byla
v publikovanych ¢lancich vypoctena pouze pro nové navrhovany algoritmus. K vyhod-
noceni pro algoritmy EI a 3D nedoslo proto, ze i podle ptuvodniho ndvrhu v ¢lanku [29]
se pocita s filtraci hypotetickych poloh cilu béhem faze trackovani v kartézském pro-
storu a proto téchto nadbytecnych poloh cili muze byt skutecné velké mnozstvi. Tento
predpoklad se ovSsem nijak nedotyka vyhodnocenych metrik TP a FN a vyhodnoceni se
tedy omezilo na né.

3.4 Budouci prace

V predchozich tfech odstavcich jsme detailné popsali dosazené vysledky navrhovaného
algoritmu z hlediska puvodné stanovenych pozadavku (které jsme formulovali na zdkladé
reserSe literatury zabyvajici se asociaci bistatickych tracku), z hlediska analyzy a roz-
boru navrzeného algoritmu a také z hlediska dosazenych vysledku pomoci simulovanych
bistatickych dat, kde nam jako referenc¢ni hodnoty poslouzily vysledky dosazené pomoci
konkurenc¢nich algoritmu. V zavérecné sekci této kapitoly se budeme zabyvat oblastmi
potencidlniho dalsiho rozvoje algoritmu ktery jsme v této praci navrhli.
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| pocet cili | FN (novd metoda) | FN (EI) | FN (3D) |

2 0.0 0.6 0.0
3 0.0 0.8 0.2
4 0.0 14 0.2
5 0.0 1.7 0.4
6 0.0 1.2 0.5
7 0.0 1.6 0.7
8 0.6 2.5 1.0
9 0.7 2.1 1.4
10 1.1 2.3 2.0

Tabulka 3.3: Tabulka dosazenych vysledku pro metriku FN (poéet simulovanych cila je-
jichz poloha nebyla urcena). Vysledky jsou zaokrouhleny na prvni desetinné ¢islo.

3.4.1 Rozvoj modelu

Prvni smér rozvoje se tyka samotného modelu, pro néjz se snazime ziskat posteriorni hus-
totu. Jak je zminéno v kapitole 2] volime apriorni rozdéleni pravdépodobnosti pouze pro
samotnou asocia¢ni matici ve tvaru Indian Buffet Processu (IBP), pficemz pro samotné
polohy cilu apriorni rozdéleni nevolime a vlastné ani nezkoumame posteriorni hustotu,
nebot polohy jsou ziskdny marginalizaci na zakladé konkrétni asociace a to ve smyslu
maximalni vérohodnosti (ML). V rdmci publikace ¢lanku [2] byla prévé apriorni hustota
polohy predmétem diskuze s jednim z recenzentu. V publikaci tvrdime, ze takova hustota
neni pro nas pripad k dispozici a proto ji neuvazujeme. Recenzent tvrdil, Ze obecné ta-
kovou hustotu formulovat lze, nicméné neuvedl konkrétni nameét. V piipadé vedeni cilu
mimo zény valetného konfliktu, kde lze predpokladat jisté (i kdyz ne predem dané) letové
trasy se nabizi podobny postup jako v piipadé [72]. Z dlouhodobého pozorovéani urcité
oblasti, kterd muze byt definovana jako oblast kde je dany systém schopen 3D vedeni cilu,
lze odvodit prostorové mapy, které mohou byt dale pouzity jako apriorni hustota vyskytu
cilu).

Samotny vyzkum by bylo vhodné provést i pro apriorni rozdéleni asociacni matice.
V nasem vyzkumu jsme pouzili IBP, ktery byl vybran na zakladé reserse literatury protoze
spliiuje kladené pozadavky a svou parametrizaci umoznuje piiznivé ovlivnit vysledky
inference. Na druhou stranu, v maticich produkovanych IBP nelze nijak zohlednit ka-
tegorizaci dat (tedy déleni na ruzné bistatické prostory) a uz vubec ne vylouceni ob-
sazeni jednotlivych prvku matice jednickami tak, ze k jednomu cili jsou pfifazeny dva
bistatické tracky z totozného bistatického prostoru. V ramci algoritmu samotného toto
neni problém, protoze takové matice nejsou ani navrhovany. Na druhou stranu, i tfidy
ekvivalence téchto matic maji v IBP nenulovou pravdépodobnost. To vede k tomu, ze
urcitd masa pravdépodobnosti v IBP lezi nad tiidami ekvivalence matic, které v ramci
naseho modelu neptipadaji v uvahu. Tento jev pak muze vyrazné zpomalit konver-
genci markovskych fetézci, coz je z hlediska nasazeni v redlném provozu nevyhodné
protoze dochézi k neekonomickému nakladani s vypocetnimi prostiedky. Vyvoj vhodného
rozdéleni pravdépodobnosti pro asociacni matice by si vyzadal rozsahly teoreticky vyzkum
ktery je vyrazné nad ramec této dizertacni prace.

S rozvojem modelu souvisi i hlubsi teoretickd analyza jeho vlastnosti. V pfedchozi sekci
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jsme shrnuli vysledky jeho analyzy pomoci empirického vyhodnoceni na zakladé dlouhych
useku produkovanych markovskych fetézct. Pouzita metodologie je zalozend na obecné
uznavanych statistickych metodéach které se pro hodnoceni vlastnosti MCMC pouzivaji.
Na druhou stranu se lze velmi casto setkat i s velice komplexnimi modely, pro nez se
podaii dokazat jejich vlastnosti teoretickou cestou a na dosazené vysledky se da nasledné
vyrazné vice spolehnout. Podobné jako v ptipadé apriorniho rozdéleni pro asociacni matice
v naSem modelu, i tato ¢ast vyzkumu je casové narotna a mimo ramec této dizertacni
prace.

3.4.2 Vyhodnoceni

V predchozi sekci jsme predstavili vysledky porovnani nové navrhovaného algoritmu s kon-
kurenénimi pro piipad simulace nékolika cilu, jejichz bistatické polohy jsou zatizené
Sumem a nékteré z nich jsou falesné (neodpovidaji skutecnému cili). Jakkoli je toto
vyhodnoceni sofistikované v porovnani s ostatni literaturou, nejedna se o redlna data.
Vyhodnoceni na redlnych datech s sebou vzdy nese nec¢ekané problémy (neshoda mezi
skuteénym Sumem bistatickych poloh a uddvanymi hodnotami, vyssi/nizsi koncentrace
neasociovatelnych bistatickych tracku, fluktuace detektability cilu a dalsi) a proto je vzdy
rozhodujicim faktorem az funkénost algoritmu v redlnych situacich. Pro takové tucely je
ovSem nezbytné mit k dispozici redlny radarovy systém (typu MSPSR), jehoz pofizovaci
naklady jsou v radech desitek milionu dolaru, a v ném nasazenou verzi asociac¢niho al-
goritmu. Autor této préace, diky svému zaméstnani u firmy ERA a.s. kterd se vyvojem
takové technologie zabyva, ma k podobnym systémum ptistup. Nicméneé realné porizenych
nahravek je k dispozici minimum a je obtizné v nich vytipovat zajimavou vzdusnou situaci
(z hlediska poctu cilu). Samostatnym problémem je pak to, ze vétsina zminéného vyvoje
se provadi pro tcely obrany a to nejen Ceské Republiky (CR) a proto vétsina dat podléhd
bud obchodnimu tajemstvi, nebo pifmo utajeni. Z tohoto ditvodu v rdmci dosavadniho
vyvoje algoritmu nedoslo k ovéreni na redlnych datech.
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Zavér

V této praci jsme se zabyvali asociaci bistatickych trackt, které jsou vysledkem zpracovani
detekci porizenych v jednotlivych parech ptijimac¢ - vysilac. Smyslem této asociace je
prechod od bistatickych souradnic do soutadnic kartézskych, které umozinuji vedeni cile
v zdjmovém prostoru, pricemz tuto informaci jiz lze vizualizovat operatorovi systému.
Asociace bistatickych tracku je tak velmi dulezitou soucasti celého systému Multi-Static
Primary Surveillance Radar (MSPSR).

V ivodni kapitole jsme se sezndmili s principem bistatického radaru z hlediska urc¢ovani
polohy cilu. Definovali jsme zakladni bistatickd méreni, jejich geometrické i statistické
vlastnosti. Seznamili jsme se se zpusobem ziskani casové ndvaznosti které se dosahuje aso-
ciaci bistatickych méteni k jiz vedenym cilim v bistatickém prostoru, pficemz tato méreni
jsou déle pouzivana ke statistickému zpracovani za ucelem ziskani nejpravdépodobné;jsi
polohy cile v ramci paru prijimac - vysilac. Popsali jsme pozadavky na piechod z bista-
tického do kartézského prostoru ktery je limitovan predevsim vedenim cile v dostatecném
poctu geometricky nezavislych bistatickych prostoru.

Kromeé vysvétleni zakladniho cile asociace bistatickych tracku jsme zde také predlozili
reSersi postupu feseni této tulohy, které lze nalézt v dostupné literature. V ramci této
reSerse jsme také identifikovali bézné nedostatky dostupnych feSeni, jako jsou napf.
konkrétni predpoklad typu multistatické konfigurace MSPSR systému (tedy predpoklad
pouze jednoho pfijimace ¢i pouze jednoho vysilace) nebo predpoklad dostate¢nosti uréeni
polohy cile v néjaké volené vysce (tedy nikoli plné 3D polohy a 3D rychlosti). Na zaklade
téchto identifikovanych nedostatku jsme sestavili seznam pozadavku na nové vyvijeny al-
goritmus, které musi spliovat. Na zaveér prvni kapitoly jsme predstavili zakladni princip
urceni polohy a rychlosti cile za predpokladu, ze jiz mame k dispozici mnozinu bistatickych
tracku totozného cile. Urceni polohy cile z bistatickych tracku je nezbytnou a nedilnou
souc¢asti asociace bistatickych tracku.

Ve druhé kapitole jsme predstavili vysledky vlastni autorské prace a to v podobé
plnych textu clanku publikovanych na mezinarodni konferenci mezinarodni organizace
Institut pro elektrotechnické a elektronické inzenyrstvi (IEEE, z anglického Institute of
FElectrical and Electronics Engineers) a také v ¢asopise s impakt faktorem Sensors (detailni
informace o publikacich a podilu autora jsou v piiloze [A)).

Oba clanky se zabyvaji navrhem nového algoritmu asociace bistatickych tracku,
pricemz metodologie je zalozena na Bayesovském modelovani. Navrzeny Bayesovsky mo-
del vyuziva Indian Buffet Process (IBP) jako apriorni hustotu pravdépodobnosti pro aso-
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ciacni matici mezi bistatickymi tracky a navrhovanymi kartézskymi cili. Toto konkrétni
apriorni rozdéleni jsme zvolili, protoze umoznuje plynule pfechazet mezi hypotézami
o ruzném poctu kartézskych cilu, které lze z bistatickych tracku sestavit. Tato vlast-
nost je nezbytnd, protoze informace o poctu cilu neni pred provedenim samotné asociace
zZnama.

Z duvodu potieby plynule prechdzet mezi ruznymi variantami poctu cila (které jsou
realizovany pomoci poctu sloupcu asociaéni matice) jsme pro hledani aposteriorni hustoty
pravdépodobnosti poloh cilu zvolili Reversible Jump Markov Chain Monte Carlo (RJM-
CMC) coz je varianta MCMC vhodnd préavé pro tento typ problému. Pro konkrétni aso-
ciacni hypotézu jsme samotné polohy cilu hledali pomoci metody maximalni vérohodnosti
(ML) popsané v zavéru prvni kapitoly.

Navrzeny zpusob asociace bistatickych tracku jsme v ¢lanku podrobili numerické
analyze konvergence s ohledem na pocet cilu i s ohledem na konkrétni modely (tedy
konkrétni sadu kartézskych cilu) a na zakladé statistického testovéni jsme konvergenci
potvrdili. Schopnosti algoritmu urcit spravné polohy cilu jsme také otestovali pomoci so-
fistikované simulace bistatickych tracku, které slouzili jaké zdrojova data pro asociaci.
Vysledky asociace jsme ndasledné porovnali se simulovanou realitou a vyhodnotili poc¢ty
spravneé urcenych poloh cilt a pocty cilu, jejichz polohy algoritmus viibec nenalezl. Vyhod-
noceni jsme provedli také na dvou konkurenénich algoritmech které jsou bézné pouzivany
a jsou popsany v reSersi literatury z prvni kapitoly. Z tohoto porovnani, na zakladé 100
simulaci bistatickych trackt, jsme vypocetli prumérné hodnoty a pro simulované pocty
ciliu jsme potvrdili, Zze nové navrzeny algoritmus vzdy spravné rozpozna vétsi mnozstvi
simulovanych cilii nez konkurencni algoritmy.

Ve treti kapitole této prace jsme se pak zabyvali diskuzi dosazenych vysledki a to
jak z hlediska analyzy samotného navrhovaného algoritmu, dosazenych vysledku tak
predevsim z hlediska nedokoncené prace, resp. jeho slabin. I pfes to, ze jsme identifikovali
velké mnozstvi sméru mozného rozvoje nové metody, prokazali jsme zaroven, ze metoda
funguje a lze ji pouzit pro asociaci bistatickych tracki. Mimo to jsme také prokazali, ze
pomoci navrzeného algoritmu lze potencialné dosahnout lepsich vysledku nez s pouzitim
jinych, v literatufe bézné pouzivanych postupu.
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