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In order to implement the autonomous navigation function, it is essential to track an object within a certain radius of the ship's
route, This paper proposes the Multiple Probabilistic Data Association Filter (MPDAF), which can track multiple ships by
extending Probabilistic Data Association Filter (PDAF), an existing single object tracking algorithm, using radar data obtained
from real marine environments, The proposed MPDAF algorithm was developed to address the problem of tracking multiple

objects in a complex environment where there can be significant uncertainty in the number and identification of objects to be
tracked, Using real—world radar data provided by the German aerospace center (DLR), it has been verified that the proposed

algorithm can track a large number of objects with a small position error,
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Dataset | # Targets | # Frame | Duration [s] # Targets
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MANV 6 976 1000 2

Table 2 Dimensions of vessels for the different datasets

Dataset | Participating targets | Length [m] | Width [m]
Target 2 129 23
DAAN
Target 3 12 4
DARC Target 2 180 28
Target 2 29
MANV
Target 3 23 6

AlS Ho|E] MEE X-band 0| 3lHE 1 Hz F7IZ £
Mol 22| HlOo[E7} 24832 Table 1 Frame2| Zx| 74
22} Duration[s] 2| =0l &oIEt o= Ut Z+ 2{jo]H o|o]X|
= AR SRR AelEelen niye chgat 2ok

(a) 2t ofo|x|e| 2lEfE|o|A HE MA = 2fo|H o[o|X|E &

DAAN AIS Trajectories

DARC AIS Trajectories

M7 (grayscale) 2 Hgk

(b) A=t 2
(clutten & &

(c) sllAlot EFEE(Determinant of Hessians, DoH)& 0|28t

blob BX| 22| X
b

blob&2 M. of ZFHolM S2iH

00

| AH2|[m], 012 (bearing [rad])S A& =
ENU(East North Up) ZtEAHIZ B

AS Hlo[El= MZo|| wel ME== 717t ZERict M50
H2H 7|71 Bofx|1, =eX|H FI|7F Z2ojx|e S40o]
Cl. AIS HI0[E&= MEXo=z 271101 20| O|o|X| Colef
7|t ¥E 1 Hz FVIE Zk=ch A"l ARSSE AIS Clo[HZ2&
2|x|, COG(Course Over Ground), SOG(Speed Over Ground),
sld Zolod, /X [ ], Z= [ ]) @2 22 East[m],

|
North[m] 22 H=ks|gct

2.2 Proposed Multiple Probabilistic
Data Association Filter (MPDAF)

o

2 A7 ERI=X| ks mo| oM AAE FH5
o 255 tlo|&f od2h 2Holn (Kim, 2012) HHIAAZ} o
IS AHE 2ol ARSEct g o

74
T glen, B2 mol| w2t SHEX
EE

-

o

[l

i

o

kH

la}

A 5

<
)
O
>
M
rir
o
>
Tl
no
kl
o
ilp]
o
S
i

om

25101 PDAFS| 7|58 =&Eic.
Sofl M F5 glol == A
5t 2X15H ASlol|A 02] ZHE X

PDAF T12|ZEHCH AAZo| EEX|oh

ool 04
Extended Kalman Filter), §&F Zi2F 2E 2 Mg 4= QUch

X1
=1

MANYV AIS Trajectories

2500

8000 8000
Radar raw Radar raw Radar raw
e Own ship e Own ship 5500 e Own
2 e Target 2 7000 |- e Target2 |+ ® Target 2
6000 - Target 3 | ® Target 3
Target 4 1500 ® Target 4
6000 - 5 Target 5
3 1000 ® Target 6
4000 -
— 5000
g B E ™
N = =
= 2000 - = 4000 [ = 0 4 . 6
= b= = Own
o o =] 500
Z \ 2 3000 Z ~5
0 \
Own -1000
2000 4 /
1500 3
-2000 - 1
1000 |- 4
Own -2000
4
-4000 0 -2500
-8000 -6000 -4000 -2000 O 2000 4000 6000 8000 10000 3000 2000 -1000 O 1000 2000 3000 4000 5000 3000 -2000  -1000 o 1000 2000 3000
East (m) East (m) East (m)

Fig. 3 Trajectory(coloured) description of data sets including radar data(gray dots)

250

HetEMstel=2E M 607 M4Z 2023 82



Mot=l MPDAF= &2t ZE| =0 gating EHARF data
association EHAIZ| F71E0 =ME= CRS Fig. 42 &k

.

State Estimate

’h‘mH State Covariance
Py
Predicted State
X,
e Covariance of
v Predicted State
Predicted P
Measurement +
R ]
Innovation
Covariance
Calculation of < S,
Innovations and v
Measurement — | Validation
ik Filter Gain
{zlﬂ}, 1 Calculation M
v L/
Evaluation of ¢
Association -
e > Measurement
Probabilities .
; Uncertainty on
Bi State Covariance |y
+ f’k
Combined ¢
Innovation
v Updated State
* Covariance
. PV<
Combined

Innovation

xl\\l\

[

Repeat for number of
targets

Fig. 4 MPDAF flow chart
2.3 Prediction £HA|

Prediction EHAle] 7|2 =Zai|l2 ®ZF Zioh ZEjet RASIH
2 7oA ZE X2 AAB Y HH(F, system model

Cv RHEg ™51
measurement model matrix )% '4E|5._
x(East[m]), y
Ckot 2ot

matrix) =

»
o
ni
o
, 5
Rl
i

2 o

N
B

10T 0
010T _ (1000

Fi 0010 ’Hki[()lOO] U
000 1

A=

T= Hlolef & F719F 5857| s 1 X[s]
Mefol 24
oolsks [z y 1 y] 22 Holsiion, FAsI A} Ske EXQ
Z7| Aefs x = 2t X2 XJ| AIS HIoEZ FT|sRict
SOGet COG &2 ZT 22t tiel st & £7| alefuizof
el=|olCh kg A2 AIS CIOIHE Sall 7|3l AefHof
sk Alolch

Szt £ES

r
-|>
B

mror
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