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Abstract: With the globalization of the Belt and Road national strategy, the volume of shipping trade is
increasing rapidly. As a result, the problem of the safety of maritime navigation and monitoring has become
increasingly prominent. The real-time monitoring of large-scale ships, based on the spatio-temporal data, through
target tracking and information fusion is an effective method, but it also faces great challenges. Data association,
as the basis and a key step of target tracking and information fusion, has important application value in military
and civil fields. This paper summarizes the problems related to data association. Firstly, the data sources for
trajectories of the marine targets were introduced and compared, showing its necessity and feasibility. Then two
kinds of problems in data association, i.e., measurement- to- track association (MTTA) and track- to- track
association (TTTA), were described. Based on the data association methods in MTTA, we abstracted a data
association model consisting of state estimation and association judgment, and described the Kalman filter used
generally in state estimation. After that, the basic principles and improvements of nearest neighbor (NN),
probabilistic data association (PDA), joint probabilistic data association (JPDA) and multiple hypothesis tracking
(MHT) were introduced. NN implements the data association using the distance between the measured and
predicted values. PDA, considering only a single target, calculates the association probability of each
measurement in the circumstance with presence of clutter and target missing, and associates the measurement with
the maximum association probability to the target. JPDA as the extension of PDA, suitable for multiple targets,
calculates the joint association probability of measurements and targets by joining all targets, and selects the
association event corresponding to the maximum joint association probability as the association result. MHT is a
multi-scan multi-hypothesis method and has the characteristics of track creation, maintenance, deletion and false alarm.
It achieves the optimum in theory by maintaining multiple possible hypotheses generated by each association
cycle. The key to the MHT is how to control the scale of the hypotheses by effective pruning in order to improve the
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efficiency of time and space of the algorithm. With regard to TTTA, two kinds of methods, based on statistics and
fuzzy mathematics, were introduced respectively. The statistics methods consist of NN/K-NN/MK-NN, double
threshold track correlation, sequential track correlation, etc. The key of fuzzy methods is the construction of fuzzy
factor set and membership function. We also introduced the evaluation methods for data association. Finally, the
problems in the existing methods, e.g., the application scenarios, and further researches were explained.

Key words: data association; measurement-to-track association; track-to-track association; multiple hypothesis
tracking; association evaluation
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Fig.2 The MTTA and TTTA illustration

3 Kl i
Fig. 3 The data association model

THERET AR Iy SR (A& S5 ) Bk ok
eI 2 RS . SIS W T H A DUAE FRAR
AAGTHE AR — 2 B CIPEN 1751 . A Y
R IR 2 WPIRES A T i A A W], 32 2L
A-RI/R 28 (Kalman Filer, KF)® ™, K HBGH A
P S R 3E % (Extend Kalman Filer, EKF) ™" ™4
TR /R 2 EE (Unscented Kalman Filer, UKF)®,

MR 2R AL B B R T, A T REAS R H
b ) 4 1T EB RN AT 5 RS B, 75 BN 2 TR AL
P A TRG TRl 0 D PRSI A T A A3 5
o W TN RML RS 09I 158 22 | H A AR A1
R X B AS AR A, R BOk A A RS B 1 A — B
BRI S A BERGBVCED , i b= A TTTA R,

4 MTTA T EN

TEMTTA v, B8 SC I ik 322 Tk, 1
FEAEZRIE WA AN Z FAARBUIE DL T , AR 14 g
7 A 1 T A DGR 22 BRI H AR, AT 1
B AARBIMUIL o f 48 AR Sk IS
B IIAN 2R B BRI 2 4 22 L ) B ST
5 AR i Z

4.1 &iE4B
5% T 4% (Nearest Neighbor, NN) 541 56 1€ 2 Lt
B AT P A —Fh ok, FREE TS >  H

BRI . O TR TR A S AE B
ST SR A IR ) DGR A Wy 32 2EAL 4R 2 4
IR

(1) TG Xk, 345 v A6 A 300 4 i TR
A 24 DX I P 194 B 0 DA A ale SR P e 10 5

(2) HOHARAS A T, I B rh e 9% 5 2 Hip
TOIMPPRAS B 25 fe i i DU HH T BB R A

ST R IRy 1k B O B X B e PR S A S
R E G T, Hoe = (1) s .

d?=(z(k) - 2(kk - 1)) S(k) "(z(k) - 2(kk - D) (1)
Rk E A YT 205 2(kk - 1) 25 H bR 5y 75
WA ; z(k) FRm B AR ) BLCE 5 S(K) 3R k2

SCHR (3] F — B Bk A A5 AH DG AL (Fuzzy
Correlation Weight) i 1BL % I B AR 82 4% 52 NN H 1)
LR, 2GR rh T s R L TR T S
[CHE 251 NN FIL S0 0 TROMZ B NN, P RE
i JPDA, {HITHHE A /T JPDA,

NN E5d G i s s B/ N H 5 T 58
PR, e s AN FH T R R AR A AR st

4.2 WREEHIEKEE

LR K48 ¢ B (Probabilistic Data Association,
PDA )2 Bar-Shalom &5 94 H} (1) —Ffiid H] T 77 7E M
P — s T AR B H bR R B MTTA 7 i,
PDA T AFELELL T Bk :

(DAUAH —A Hbr 268k, Hoiz g7 #E R
TR KF;

(2) WA Bk 2 BT L 2w i Ak ;

(3) BARAY L 205 B AL B2 A — I
HrE R R gt AR
p[x(k - 1)|Zk_1] =N[x(k-1); X(k-1k-1), P(k=1]k-1)]

(2)

A x(k-1) FRTEK-1IFZIAPIRE ; 24 R3]
k=1 B ZC B0 A T AT S A AE 55 R(k- 1k - 1) Fom
FE k-1 B ZIPREA THE ; P(k- 1k - 1) F/R7E k-1
B ZR S U O 25 WA T s N & il 3596y
R(k—1k=1) , 7220 P(k— 1k — 1) B 55 30 43 A i HE

(4) 7% AF B AR T A 255 DX 35k A 1 )
YA B bR sl 245 5

(5) B LA — AR X IR N i I gk E S B
i Y R, H Al ) 2 I 1 A i Ak, HLIRA



54 BE ok A i b AARZIRBUE B G R IR 575

K14 PDAEHER
Fig. 4 The outline of PDA algorithm

F A e B O VA o I = S A O S A S
MIARA 5347 5

(6) H¥r s &g I 2 2B A — & 4, H &
YA 2 (B AH BT

PDA I8 AR 2L 40 18 4 FT 7 , A 55 700 | 2
AR B SRS A T 420 3R

LT SCHR[AS] TR A IH 2905 1k, SCHR[8] 2
—Flt MXPDA(Mixture PDA) J5 12 , {ifi FH 8™ 15 s
ALE U PDA H TR G B iy, T AR 2 2%
PR BT R 2 B . 4 X dlsh B bR
IR %, SCHR[16] 25T IMM (Interacting Mul-
tiple Model) 557"l PDA 5342 H —FP IMM-PDA
D5, 5 | A2 15 SRR fif e B — i3 S A
ToUI AEfR BEAN B A TR R, X IMM B TR S 4

B A — S AR A — BRI, SCHR [18] K- B 2 4 5 |

A PDA H2H1 T IMM-FPDA 751 , IMM-FPDA fii
FH— BRI 15 B4 6] PDA s il 2 o R Ige
MBI TT 25 o SCER[L9TH A5OSR 2E 0 ] T PDA 1, ]
B C-Y(E R (FCM) LA PDA 5 A7 AN [A]
SRR ARMAT ¥ S T T E AR R R Y
TRABORI ML 250805 G HF-PDA

PDA J7 15 A7 AE B ) HE T bR, AN
FER AT A B e

4.3 BEEBEE LR XEL

B A5 M SR B S 52 6 (Joint Probabilistic Data As-
sociation, JPDA ) /2 Bar-Shalom 25825} PDA 77 1 1
PR 3 T A M — 2 TR R 0 2 Hbn i
B SCER . JPDA T IRFE T LA RS A

(1) BAa HRZ T A

(2)—A> HARAY I AT LAYEAEARZR H AR A 2L
DI, I ELZ RGO AT LK AR 2

(3) ARG A5 BT LA 48 o th— 2R 2
TR TS G E i, X RS AN T i A
H AR IPRS I S S W 7 263805 5

(4) HARIRZS IR e 07 234, (A5 220
2N (3) TG THR IR 225

(5) B~ HARIIH — A2 g5 A A A A
AR BAR BRI AT DIASIR]

JPDABATRUNT .

(L) BCA A B H AR5 I A H bR Y Bk
HE 5

(2)fE T geit &l IR T AR IS o8 1
IS TR OGO

() RIEEA HFRAARSAG T EB S, o] DA
¥4 JPDA 43Ky 38 JPDA 175 541 JPDAC .

JPDA 5 PDA [ 222 X il i i B T3 2 i G Ik
JESI A AR BB DGR AR I A5 B

AK) = _ﬁAilj(k) (3)

ol A (0 J— N, Fr BN 1R kO
(KB FUER 1 sm R 1 k-1 2L

DA S RS BALRAES AL . 15 5%
fleJPDA T, R 8 RS RA S 1, 7T 5
Hfl JPDA 1 H R0 F 3 B

B 9 S R 6 R ) A R
I A A A BT R R R A
BRI TR A BRI
G EAR I 7 2 A 5 P R 1
FERHI 1 IS P 7R (R (4) . TR
FUBR RS T AR, AT T B0 FFLPDA H
R

[O=PEAMIZY= Y PIAKIZT  (4)

P AZFR IR A (k) BT RS IR
E1XF JPDA HOBTE ) 24> B AR Bl & 1 1y 1)
B, Sk [21] 42 T —Fh NNJPDA (Nearest Neigh-
bor JPDA) J5 ¥k , 1% 5 V5 B i 19— 1 0 DG K
UL, AP A I A28 . SCRR[191HF
ORI 5 25 0 1 F JPDA H , FHBLR C- 3 (B R 2k
(FCM) LR PDA A B AS [ &0 A9 HE %
BT 320 T3 T 2 BARIRER TR & RO R
HHE OCHK HF-JPDA . SCHR[22]4& i —F 7 1 JPDA
(Joint Possibilistic Data Association) J5 ¥ , ¥t i 4



576 ok 7 B R

20184F

JPDA R TR A ME R T GEMEICEE . IP-
DA 7 AFAE A I R A SRR B ik o

4.4 ZRIZIRER

Z AR ML (Multiple Hypothesis Tracking, MHT)
e - Donald™ & 1, 3 FH T A7 76 M 5 Fil— 2 Tk
R Z Hir s T AR OCH . MHT i@ i 4+ iR
B 1) H BRI ) 22 B A5 ok SiE 3R H5 8 S IR 1Y) e 2%
F P, B BNVEE SR AN A AR DL IS, BB
ANFTBE R 2285 , B T s ] g i QIR , T
SEPAHRE IR B ELS e . MHT J5 s A% O 1)
ST T R R B A ARG, 7E R B A AR R
M HTSE T LB 8T A . MHT s B A LU Hr
P LB R R4k LD R T2 1k 7 T T A
ME—PEZY R

MHT 43} track-oriented MHT (TOMHT ) Fil hy-
pothesis- oriented MHT (HOMHT ) 1§, measurement-
oriented MHT (MOMHT ), TOMHT 3£+ MMSE-ML®
J5 ¥, R B 2R S [ RG  E bR OC B
MOMHT %£F MMSE-MAP® 532, (i i H AR 27
AR EDN ERCE ., MHT 2—fMZ a2
BT 125, B BB JPDA & MHT F—Fif
Rl

MHT i) — A2 — AWl 15 G %A
ARG B — N LU A B Ac

(1) S HTEE 20 i B 00 43 e 45 2 80 (7R
Dy Al T EAEAE) B bR R BRSO H s

(2) ¥ A A B B ABAE ) 2 rh R oy
BCAT AR 52 DU A A3 43 i o 25 (B I A U Y R )

FA BARdERE 2 A BT , R B A &
1% B ARTE S B 25 AR 4 A [ (9 38 43 T A5 21 11
S A A I 5

PSR T —AN 8 2 4B H AR A1 34 2471
A CH s, o HbRg 5400 o 1R 2, 1
M543 R 11,12 113, K641 T 5 K85
R IOE A MB AR o el 21, PRy HL Rl v+ H
i LA 2 A 5 XIR , r AAT K L OGHK 8 H A 1
o 2, [Al A A R BEJE 4 H AR Hbr . X
F M 12, i F HAUF B AR 2 A XA, 78
N 110G HAR 1. 80 B4 B ARSHT H AR 9 Fr
FE T, AT LA HOCHE 2= H s 2, W]zt A Al R
2 H AR SET B AR 76 s 11 SCBE & H bR 2 0, 4R
T — SO B0 12 L RE AN R H AR BT H
Fio X5 T 13, FLH W [R) d i 12, (H 75 2 A 1
11F112 CLOCIRIMATHE FHEAT . A6 T [
HIEE T AR AR i AR 45 5 2 4 B AR i E

KI5 MHT /Rl
Fig. 5 The scenario for a MHT example

6 &5 TR MHT SCB s i By
Fig. 6 The hypothesis tree of the MHT described in Fig.5



54 [ O SR A WE L e 2187 BUY € TP RISE 30 577

FRIFIIE B —MB %

R IR ARRE , — MR 53 A AR R A 7
(SR, BT LA TR 24 BIRA AL,
HAR ) B AR TEAR AT R N B A 23 B 42 5 1)
FEAL AT F . R TT LU VR i RO G
FRIEAE) B AR BRI ] PR A R A
HSE A, AT LA R, RS — A R TA) i &)
3R ZAAE ST /N R B

SCHR[24]%51 % Reid £ H 19 MHT J5 k547 1 —
FhE RS2 B, IEKs Murty 5532257 B F A B k-best
iz, AT F E A A R4S B9 Murty
B R E AR R 2 I R ] O (N?) (R
BT B s TE] A2 22 1 o O (N*) |, N A k-best 115 15 H B
BB K)o SCHR[26]%F MHT 76 #9158 R i v 1 fifi
AT 1 ekk 2 i 7 —Fh e S AR U A
W55, FER 2 ORI L BIUK S 12 S B R i 1%
45 MHT H DL o 383 0 8 A3 4, DT 76 DR TIEAS ik
N B GRS LT, I MHT 894, %
SCHR A MHT-DAM J5 35 76 A0 ok R rh i M e A T
FRUER) MHT J732% , I H 5 0000 8RO i
PEREAH M o FEIZSCHR P B BY A 0455 2 I B A
E 1 BT 4% F1 DAM ( Discriminative Appearance Mod-
eling) I A . SCHR[2714F MHT J7 ik b7 Fi 132 Ja
MG i L7 oK) B BREREE | 38 50K RTree 517
T MHT FRERR 2R, IF AR i G T]
FRACR MR B0 0 I TR, e i Bk i Mg

MHT J7 A7 76 1 ) U2 T+ 28 B ey, MR
AT R T AN

4.5 Htt73i%
FA A MTTATT A B 2K ] RAR T A5
Eiﬁlzgl%o

5 TTTANENS

TETTTA R BE 5k EZ A T fE45
A A AN R Y R SR 22 AR B 50, 4
AARE 25> A TR i 7™ A O R A S IR R 5 R 48
H)— T . TTTARRE SCHR U a] 73 L T 48
THITHE R TR 1) 2 Fh s 87 5K

5.1 EF it 5L KEE %
TG 5 1 AT IR k2 A NNEY
K-NNFT MK-NNF? SRR e 5 P945 0 NN &

W — MBS PR 5 o — s S
SR I — I A T OISR, A0 AL 30 [1) >4 T 2]
B RRH G, B R A 25 (R vk R B o, 2
BOE T BHAsMs 5t . K-NN 52416 NN
BAYRFHSE I )8, 25 1T Dy SR, X 2 R A
BT ) R AR DGR 28 /045 KOs AR DG ) 22
SR, AL 58 31X 2 S5 A A5G . K-NIN A
o g o P A N AE DG L A A A AR
FEI 54 BE, K-NN T3 &2 4% 3 HE NN B3
MK-NN J5 % K-NN J5 kB4 7 THEIE B AH e 55
) R AT A S AH G KA AR R 2 B B, 5
K-NNAH LG, 2211552 2 BRI [RIT,  BR AT T
PETF o KU 7 v A8 S T A5 S A R0 R o
W) AR AT A DA 3 et R P i 8 T 24T RR L 55—
I TRRAE A 2 2500328 H0 kg A S ol it A2 (A BRZS A 311]
A BP0 I 5 55 T T PRI 2 SRl B T4 — T RR
Bl AR DG AR BSIAA, SCS/NT55— T TR HL
RS T TRR A, 2 A A E R LR G, P
U SCT 24 Ry 7 A A Ao 320 24 et 220 r 22 73
WA IRAEA T Z 22X — P IR R T rh &
ARG TE 22 2Z 18] B9 0k 7 M T A M R
PRI, 20 777 308 3 15 2 A3 A 4B K Sk 2 A A 3
SEE MR . X TGRS R iR 2=
X AR SR PR S e [P L, Y 17 2 AT 2 Pl vk
OSCHR[35] 2R F A IR Az A G 5 125 B T 1Y)
J7 3K, 2T PR A DG RN B B 2 4 A R A
Bk AQ A EALAL ; @SCER[36] 7 R FH A3 i X
Fii328 (4 2 HE 4 4D (Reference Topology , REF) iX —4
FARFAIE A T SR AN [R) A R #8 I) R e i 22 14 O =X, Sk
[37] % JH OSPA 1154 2 2% fiii 75 i) REP 2 [A] (1) i
B o P BUE A I R A AE B ] 4R B B A Gk e) 4
fiE, BV G R D0 SRS B 2 AR Fhas s A
(AR 25 (A 2 B - (RS ) R 10F , B 540 8 H A
FRIAFG AV A

BRULZ A1, i o] NI s ) [i] ) 470 A R o
18 Ff1 B SR AT A3 A OG0 8 SCHR[38]-[4L] % H
() 300308 AFARL P 1 B 7 IR AT T 4, W DTW
LCSS .EDR IERP %,

5.2 ETHEMEF AT XK A

SEitE 1 PRI B S A R A R T B R G
R7E AR 22 SO HSE FIEANE e A [R) S5 R R
FRIRE I, AN [F) A s O AS b 058 22 [ 8 AR R A AR
AR , DR AT AR FABOI R A G 1 B X



578 Bk 5 B

IS

20184F

IARDCHEIEATINT o SCRR[A421R FASERI AU TR 977
TEIEA T SCIBCH W, 12 SCRR P e ST ORI R 3R 4
AR Z b AYRBERIEE | 0 02 M0 X R i SRR
JEVEATINECE- 24, A5 21 24Tl i 25 & AR LR, 44
TEASIAH SCHE I , SRS 5 T i R E3 5 A DL A B
JEOUHEATAE AR A SR . SCHR[43]5E T RO SR T5
i (FCM) Gl A4 AR i (55 J3E S R
[l — AR 89 2 A0 59 G HK , I 1 1o e 4% foe i (2
ZEfe/N) WIUIE A5 ISR 5 i AL 328 A R B
PRERLE RS

6 W R SRS T ik

X Bt SCIR 7 ¥ AT VAL 32 A B TR
PERISERF RS O HNE T B AP PAs 2 R0 7 1%

6.1 EFHEMUBBENFTHERIE

SCHR[441 R FH 255 1% 0 6 1004~ B A% .3 5B
IR, PEASTR) A D B 158 22 RN A7 152 22 T iEA T &
JEXF GPU °F- & 1 CPU - &5 I 9 S 3 i 47 P g Xt
Lo SCHR[45]R SRR 1% 5 X il ik 3 3 ih WL
W 8 %) 16 >4 i B4k iz ol H AR Y R B AT T 15
B, SCHR[46]05 B 1 FH 2355 7 i 4 I R i 102
W EH LIS B TAT BN bR SCER[ATI SRR R %
D543 IR, T M 4 S AT A R A8 X 3
FREREE | IR WK A ~7 3 L 0 o D), E A
BN 72 P4 V-1 AR AP fe A B8 .
SC Tk [48] & X AR T I A% 431 5 2 6 H AR ECh
1600~3200 1~ AL IR AFEL R 2~8 N7 S i AT T 1)
L, I A RCRIAT TP . SCHR[49]38 13 54
KB RAGE T 34 HLRZ s g BN H b, 15
SR A3 B R N ESM SCRIR[13]3% T A [H] il 42
SR BN T 24 A8 T 50 B A8 B AT
TIN5 58 AL Bhizf 15

6.2 BETFEXHTWINTMHAE

SCHR[50]-[511%F i & iyt - AT A TR AR ALS FI
TINBE A TS . SCHER[52]% 2k A = RN
B R IR B A ALS B EA TR S . SCRR[53] (8
FH W At b I8 B 38 %) S AR T JR T 4T, L B
S DX 18 b 3 B IR BSCHE RN R 2D ALS £ 4 L T 55 100
ANZEAT HbR o SCHER[5416 W T 78 ¥ T2 SAR
FILALS B S , Rl AS A% AIS BE i . SCilik
[55] %1 % i 45 b 5 7 % (HFSWR) F H SR 5 & 48

(AIS) H b 53008 1 filt 75 ) FH [a) 81, 4331 R FH 2011
2013 4 Fh 45— R s B 1) B a8 A AIS Bdg iE A 1%
R HIE o SCHik [56]38 i1 8 HU /R 2% 108.1° ~108.6°E,
20.5°~21.1° N [E N, >k [ 2 5 [R]85 75 35
AISHY L h AR, HEA T IR

A 0 GV A, 7 A S e T AR TE Y
P2 H bR /b, ) S SR B AR IR AR A 2
AR — 5 RS s 22 K. AR T 0] FL 5
S BAE SCIEPEAS [, SRR T — Mz
Sl LB A BT, 6 TR A A R0 D 5k
I EHRAZ A A AR 53 A1 Az SRS 2 AR T
SR A 4 BRAT — 35 & X I, 30 s i 0 3 4
LA T, AIS L FI TR A S5 Z R L s
SRR A W B

7 g HREH

AR AL X L H AR 22 VR B S X — )
R, DA TID 30 ) B SR U T 173 24 i DR Ty i
R EEATAS A5 AT T 45 . Al S s ok
PR 1T, A B e A B 56 Y R
HCR 445 ik L AIS 6] Argos FILRIT 5
Fh ST A A BAE AT T A AR L, UERH T i
0 HR AL A i S B S T AT o A S EK )
AR EENF T MTTAFITTTA 2 B8 450
B R] B, MTTA J7 i, £ 2% NN, PDA , JP-
DA MHT 4R 2 BT T 47 . NN 7k faf A
H5 928, 2N T A5 /b, BAR% B A%
155 ; PDA EZHF R E bR, H IR SR Hbri
W5 B ; IPDA 2 XF PDA (Bt , & F T £ HFx,
AR S RE H AR 9 A s MHT & —Fh 2 0H
i 2B BE R S 1 72, IPDAE Ry B 14 B
BT 0] LR MHT () — e . MHT S8 H
BRI A B AR ALl 5 pE R R — 2
W, FEN SR RILE RS . TTTAJ I, £
R SRR P REIE SR E P
W7, ST Geit 7 i W LT S 7 v A 6 NN/K-
NN/MK-NN 3 TR 7 5E S AR ME &
FUL 3D SR A% TR OV R 1 5 R AT B2 1 o
I MR Ty R AN Ry 3 R SR R 2R AR
SKJE B2 PRER, LA BR ff o B [l BB S L o X B
KB AT VRN 2 B S TR 1 SRR
VAT ELANHE T B SO A PPl 2 Fh o



54 BE ok A% i b AR IRBL B SR LRI 579

B CIRAE S — D AWE R AT R, T
RIS DA, 2 4T B 1 58 8 1A 7ok 4
E o DRI, T80 S A I 9% B A v e OG-
BT RAR G FCHPEAL ik 24 . H TS
PR IR, s SBT3 7 vk 9 i 22, T Al ¢
ERPPAN i A g AR X 4D o FEscbriz v, %
JE B ST fa MR M 7 b HAR B B 52
K 22 K %8 M £ B NN 1 IPDA 2 ff MTTA J7
Bio MHIRMR —F — " XA AE KA B AR
12 24375 iF, NN T IPDA 37 73 AT R, GBS R
ML L ER . MHT 1R i e i —Fptis
AR T, 2 Ab B i HARE, L5 4%
FEBCH G, PR G Aa] S MHT 78 5508 S 156 £
TE DIV B2 (A 17 0 T EA T4 R A, s il 2 ik
R R RIASE | AT B AT 580 ) i ) 57 2% 88 A s ) &2 2
T E S — SR T . [FRE, MHT H
BN AR MTTA H anfar iz 5 i 64 7 etk LA
FTTTA P W EMA I 0. 50 R
H Y LSTM R 28 piy e st i) 7 570 50 5 K 1 Ak
PIRE ST, B I N TiE R A ARIE S AL B
SN, 7 L8 B I B 2 — i SR (% B[] 5 5
W, AT A0 G AT 45 . B SC B A, ik
J5 1L, BT ) vk E BRI IR EE R A sk
FUAE Y B , L5 2k N T B A T 1A
[[ipd=Rsr75= g N ¢l AP 7 N SR vy Y S T = R =
5 B B R B R, N T A PR AN P8
Wb Gy ke L S T R A 1) S B S BRRUR H
AT A BTG = — METR R R 1

£ % 32k (References):

[ 1] Series M. Technical characteristics for an automatic identi-
fication system using time-division multiple access in the
VHF maritime mobile band[S]. 2014.

[2] T CA R JE I (5 = M) [M]. VG475 42 H TR R %
4 JR #1,2002. [ Ding L F. Radar principle, third edition
[M]. Xi'an: Xidian University Press, 2002. ]

[3] R & ILJBFT. Argos Z 45 1) & J B 5 4 3 [3]. W 7 1
#2,2012,29(6):98-102. [ Song F, Feng X Z. Present status
and development trend of Argos system[J]. Marine Fore-
casts, 2012,29(6):98-102. ]

[4] MSC IMOR. 263(84). Revised performance standards
and functional requirements for the long-range identi-fi-
cation and tracking of ships[S]. 2008.

[5] MSC.1/Circ.1259/Rev.4 Long- range identification and

tracking system technical documentation (part i)[S]. 2011.

[ 61 MSC.1/Circ.1294/Rev.2 Long-range identification and track-
ing system technical documentation (part ii)[S]. 2011.

[ 77 Llinas J, Liggins M E, Hall D L. Handbook of multisen-
sor data fusion: theory and practice[M]. Boca Raton:CRC
Press, 20009.

[ 8] Bar-Shalom Y, Daum F, Huang J. The probabilistic data
association filter estimation in the presence of meas-ure-
ment origin uncertainty[J]. Control Systems IEEE, 2012,
29(6):82-100.

[9] Kalman R E. A new approach to linear filtering and pre-
diction problems[J]. Journal of Basic Engineering, 1960,
82(1):35-45.

[10] Welch G, Bishop G. An introduction to the Kalman filter
[Z]. Department of Computer Science, University of
North Carolina. ed: Chapel Hill, NC, unpublished manu-
script, 2006.

[11] Julier S J, Uhlmann J K. New extension of the Kalman fil-
ter to nonlinear systems[C]. Signal processing, sensor fu-
sion, and target recognition VI. International Society for
Optics and Photonics, 1997:182-194.

[12] Wan E A, Van Der Merwe R. The unscented Kalman filter
for nonlinear estimation[C]. Adaptive Systems for Signal
Processing, Communications, and Control Symposium
2000. IEEE, 2000:153-158.

[13] Aziz A M. A new nearest- neighbor association approach
based on fuzzy clustering[J]. Aerospace Science and
Technology, 2013,26(1):87-97.

[14] Bar-Shalom Y, Tse E. Tracking in a cluttered environment
with probabilistic data association[J]. Automatica, 1975,
11(5):451-460.

[15] Salmond D J. Mixture reduction algorithms for target
tracking in clutter[J]. SPIE signal and data processing of
small targets. Bellingham, WA: International Soc. of Op-
tics and Photonics and the Organization, 1990,1305(1):
434-445,

[16] Jan S S, Kao Y C. Radar tracking with an interacting multi-
ple model and probabilistic data association filter for civil
aviation applications[J]. Sensors, 2013,13(5):6636-6650.

[17] Blom H A P, Bar-Shalom Y. The interacting multiple mod-
el algorithm for systems with Markovian switching coeffi-
cients[J]. IEEE Transactions on Automatic Control, 1988,
33(8):780-783.

[18] Turkmen 1. IMM fuzzy probabilistic data association algo-
rithm for tracking maneuvering target[J]. Expert Systems
with Applications, 2008,34(2):1243-1249.

[19] Oussalah M, De Schutter J. Hybrid fuzzy probabilistic
data association filter and joint probabilistic data asso- cia-



580 Bk 5 B OB 2 A R

20184F

tionfilter[J]. Information Sciences, 2002,142(1-4):195-226.

[20] FortmannT, Bar-ShalomY, Scheffe M. Sonartrackingof mul-
tiple targets using joint probabilistic data asso- ciation[J].
IEEE Journal of Oceanic Engineering, 1983,8(3):173-184.

[21] Helmick R. IMM estimator with nearest- neighbor joint
probabilistic data association[J]. Multitarget- multisensor
Tracking: Applications and Advances, 2000,3:161-198.

[22] Aziz A M. A joint possibilistic data association technique
for tracking multiple targets in a cluttered environ- ment
[J]. Information Sciences, 2014,280:239-260.

[23] Reid D. An algorithm for tracking multiple targets[J]. IEEE
Transactions on Automatic Control, 1979,24(6):843-854.

[24] Cox I J, Hingorani S L. An efficient implementation of
Reid's multiple hypothesis tracking algorithm and its eval-
uation for the purpose of visual tracking[J]. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence,
1996,18(2):138-150.

[25] Murthy K G. An algorithm for ranking all the assign-
ments in order of increasing costs[J]. Operations Re-
search, 1968,16(3):682-687.

[26] Kim C, Li F, Ciptadi A, et al. Multiple hypothesis track-
ing revisited[C]. Proceedings of the IEEE International
Conference on Computer Vision, 2015:4696-4704.

[27] Olofsson J, Brekke E, Fossen T I, et al. Spatially indexed
clustering for scalable tracking of remotely sensed drift
ice[C]. Aerospace Conference, 2017 IEEE, 2017:1-13.

[28] Zaher N A, Aziz A M, Ghouz H H. A data association ap-
proach for multitarget tracking based on a Hidden Mar-
kov Model[C]. Intelligent Signal Processing and Commu-
nications Systems (ISPACS), 2013 International Sympo-
sium. IEEE, 2013:136-141.

[29] Shao H, Japkowicz N, Abielmona R, et al. Vessel track
correlation and association using fuzzy logic and echo
state networks[C]. Evolutionary Computation (CEC),
2014 IEEE Congress. |IEEE, 2014:2322-2329.

[30] Singer R A, Kanyuck A J. Computer control of multiple
site track correlation[J]. Automatica, 1971,7(4):455-463.

[31] 74 IRLDR AR 5 2 45 AL IR AR 2 B R GT P O IE H OC
FEI] K 585 H,1989,14(1):1-12. [He Y, Tan Q
H, Jiang R R. Track correlation algorithm in multisensor
fusion system[J]. Fire Control & Command Control,
1989,14(1):1-12. ]

[32] faf /2 2 7. — T 22 H bp AL I T A O 3122 [3]. 7
B R 24K H R F221,1997,37(9):108-113. [ He Y, Lu
D, Peng Y. New track correlation algorithm for multitar-
get and multisensor tracking[J]. Journal of Tsinghua Uni-
versity: Science and Technology, 1997,37(9):108-113. ]

[33] fif A2, 32 BT ki R e, 25 3 A1 2 22 1 SRS B0 5

HRY LT BRI R OGS IE O] T S AR R AR
1997,19(6):721-728. [ He Y, Peng Y N, Lu D J, et al.
Binary track correlation algorithms in a distributed mul-
tisensor data fusion system[J]. Journal of Electronics,
1997,19(6):721-728. ]

[34] fi A, 210 7 i R A, 56, 2 A5 IR Bl Rl 45 R e v M A
BRI AH OGB4 9], HL 2% 41,1997,25(9):10-14. [ He
Y, Peng Y N, Lu D J, et al. Two new track correlation al-
gorithms in a multisensor data fusion system[J]. Acta
Electronic Sinica, 1997,25(9):10-14. ]

[35] Zhu H, Wang C. Joint track-to-track association and sen-
sor registration at the track level[J]. Digital Signal Pro-
cessing, 2015,41:48-59.

[36] Yue S, Yue W, Xiuming S. A novel fuzzy pattern recogni-
tion data association method for biased sensor data[C]. In-
formation Fusion, 2006 9th International Conference.
IEEE, 2006:1-5.

[37] Tian W, Wang Y, Shan X, et al. Track-to-track association
for biased data based on the reference topology feature
[J]. IEEE Signal Processing Letters, 2014,21(4):449-453.

[38] Chen L, Ng R. On the marriage of Ip-norms and edit dis-
tance[C]. Proceedings of the Thirtieth international con-
ference on Very large data bases-Volume 30. VLDB En-
dowment, 2004:792-803.

[39] Zheng Y. Trajectory data mining: an overview[J]. ACM
Transactions on Intelligent Systems and Technology
(TIST), 2015,6(3):29.

[40] Toohey K, Duckham M. Trajectory similarity measures
[J]. Sigspatial Special, 2015,7(1):43-50.

[41] Magdy N, Sakr M A, Mostafa T, et al. Review on trajecto-
ry similarity measures[C]. Intelligent Computing and In-
formation Systems (ICICIS), 2015 IEEE Seventh Interna-
tional Conference. IEEE, 2015:613-619.

[42] fof /2,32 B 7 Bl K e 25 H i 20 A% S ASOR XL FR AL 8
AH A [0]. By 72241, 1998,26(3):15-19. [ He Y, Peng Y
N, Lu D J. Fuzzy track correlation algorithms for multitar-
get and multisensor tracking[J]. Acta Electronica Sinica,
1998,26(3):15-19. ]

[43] Aziz A M. Fuzzy track-to-track association and track fu-
sion approach in distributed multisensor-multitarget multi-
ple- attribute environment[J]. Signal Processing, 2007,87
(6):1474-1492.

[44] w5500, R0, T BE, 55 . GPU I8 1) 0320 G 56 el ok
fifg 80 5 [9]. 78 Jb Lol K 2% %= 47,2016,34(3):514- 519.
[ Gao Y, Chen X, Wang Y T, et al. Improved ant colony
solution algorithm accelerated by GPU in track correla-
tion[J]. Northwestern Polytechnical University, 2016,34
(3):514-519. ]



54 BE ok A% i b AR IRBL B SR LRI 581

[45] Btlg iz 2 75 ik 22 H AR R ER P A 0300 DG I 3L 92 [ D).
MR 6 4 K2#£,2015. [ Duan Y Y. Study of track correla-
tion algorithm in multi- radar and multi- target tracking
[D]. Yantai: Ludong University, 2015. ]

[46] B 15 S5, T VR AR, = B M. A 2R 38 T 328 ST ) —
BT 9] T B B4R, 2008,23(5):27-30. [ Chen
C Z, Ruan H L, Hu F G. A new track correlation method
in distributed radar network[J]. Electronic Information
Warfare Technology, 2008,23(5):27-30. ]

[47] BEEAC fu A i LA AL BT A 28 SCIBR W2 0]
Z 547 B2 H%,2005,17(9):2085-2088. [ Huang X D, He
Y, Zhao F. Study of track association in typical cases[J].
Journal of System Simulation, 2005,17(9):2085-2088. ]

[48] FHAR AL H BT SB[ 9] IR AR, 2014,
54(12):1641-1645. [ Wang Q D. An accelerated track asso-
ciation algorithm for a large number of targets[J]. Telecom-
munication Engineering, 2014,54(12):1641-1645. ]

[49] TR, T E 2, FI0, 55 R GuiR 26 T R HEC B 1Y T s M
P, 37 4R ) A5 S B [3]. HA O 5 4 1l 2012,19(3):30-
35. [ Zhang XY, Wang G H, Wang N, et al. Track association
of radar and esm sensors with systematic errors at differ-
ent sites[J]. Electronics Optics & Control, 2012,19(3):30-35. ]

[50] Kazimierski, W, Stateczny A. Radar and automatic identi-
fication system track fusion in an electronic chart display
and information system[J]. Journal of Navigation, 2015,
68(6):1141-1154.

[51] Kazimierski W. Proposal of neural approach to maritime ra-
dar and automatic identification system tracks as-sociation

[J]. IET Radar, Sonar & Navigation, 2016,11(5):729-735.

[52] Liu C, Shi X F. Study of data fusion of AIS and radar[C].
International Conference of Soft Computing and Pattern
Recognition, 2009:674-677.

[53] XU HE, X1 7K A5, 42 7K M, 55 35 AR LT IR Fr) s 90 e 15l
HIE 5 AIS HARMIGE G 55 0] RS TR S THOR,
2016,38(3):557-562. [ Liu G W, Liu Y X, Ji Y G, et al.
Track association for high-frequency surface wave radar
and AIS based on fuzzy double threshold theory[J]. Sys-
tems Engineering and Electronics, 2016,38(3):557-562. ]

[54] Mazzarella F, Alessandrini A, Greidanus H, et al. Data fu-
sion for wide-area maritime surveillance[C]. Proceedings
of the COST MOVE Workshop on Moving Objects at
Sea, 2013:27-28.

[55] KR XK A7 5K, A5 M B ik 5 A Sk 3R 40 H b s ik
F L RHREA L [J]. B 5 15 18 4% 41, 2015,37(3):619- 624.
[ Zhang H, Liu Y X, Zhang J, et al. Target point tracks op-
timal association algorithm with surface wave radar and
automatic identification system[J]. Journal of Electronics
& Information Technology, 2015,37(3):619-624. ]

[56] X1y 3w it i 45 A 48 h ) Z2 95U B Rl G S BF5E [D).
JRAR: B, R K 2%,2016. [ Liu J H. The multi-source in-
formation fusion algorithm in the offing ocean monitor-
ing and management system[D]. Chengdu: University of
Electronic Science and Technology of China, 2016. ]

[57]1 Wu L. ICTShips: Multisource Target Data Simulator[CP/
OL]. https://gitee.com/iOceanPlus/open_multisource_tar-
getdata_simulator, 2017.



