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Cardinality Balanced Multi-target Multi-Bernoulli Filter for

Pairwise Markov Model

ZHANG Guang-Hua' HAN Chong-Zhao'! LIAN Feng® ZENG Ling-Hao"

Abstract Because the Markovian and independence assumptions, which are implicitly implied in hidden Markov model
(HMM), may not be satisfied by the target model in some practical applications, a more general pairwise Markov model
(PMM) has been proposed. PMM relaxes the structural limitations of HMM and can effectively deal with more complex
target tracking scenarios. In this paper, a cardinality balanced multi-target multi-Bernoulli (CBMeMBer) filter in the
framework of PMM is proposed for multi-target tracking in clutter environment, and a closed-form solution to the CB-
MeMBer filter under linear Gaussian PMM is presented. Finally, the proposed algorithm is compared with the probability
hypothesis density (PHD) filter via simulations using a particular linear Gaussian PMM, which keeps the local physical
properties of HMM. Simulation results show that the tracking performance of the proposed algorithm is better than that
of the PHD filter.
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F? = 2 — 1
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At=1,a=b=0.7c=d=0.1. {}j BRI IE
> Matlab R2013b, Windows 10 64 bit, Intel Core
i5-4570 CPU 3.20 GHz, RAM 4.00 GB.
MRS NA 12 ~HA: B 1.2 #1 3 7E
k=1m/H, 4. 5 16 £k = 20 BPHEL, 7
M8 FE k = 40 BHHEHEL, 9 A1 10 7£ & = 60 B
M, 11 f1 12 £ k = 80 BB, MHEPR 1 F1 2
Tk = 70 BHEK, HaH AR HinppRES
Hoxp = [T, iy Ul 2 R yp Fm YL R
IRARFR R T HARPIAALE, T A g 5 53R 7R X
J5 TR . AE MR V= [-2000, 2000] m x
[—2000, 2000] m H1, 45 SRAE S ZI 1) 220 A EUR M
EIE R 20 PIARAZ 11, A4l st DA I X N 3 2
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CBMeMBer ?Bi%ﬁ HEn R H AR i ALY S
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,orr = 0.01, p(i) (x) =N (:13 mF ,Pp>, m(F) =
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}ik77lp }fk}%‘ I%k%—}fk}jplyk
i={1,--- 4} HREFEIERN oy = 0.98, £
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EP: &ﬂﬁ@ﬁﬁ%%ﬁgmﬁ% T’I‘ =10~ 37 I_J/ﬁIﬁf/z
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I IAE R Minax = 100, BEEAUIEXT R 5 30735040
MR Jmax = 30. PHD 38R a8 4 H AR
SRR [21].
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Fig.1 Actual target trajectories

K 2 54T GM-PMM-CBMeMBer JEi 4% F
U ELEEER, AT~ P 7 S B A [ i 22 X Al
Y BRI TT. B, Frit A ] A BER
oAb H SRR, RSS2 2 PR AR H A e
FIPREREA R BN IL, (HREE I )RS, Sk B Srn]
PAMR R PEATE IE.

Truth « Estimation x Measurements‘

10 20 30 40 50 60 70 80
Times /s

10 20 30 40 50 60 70 80
Times /s

90 100

B2 ASCIHRSAR A4
Fig.2 Estimation results of the proposed algorithm

AR OSPA (Optimal subpattern assign-
ment) PEESRY PPEALFE R IR EEBE. 2 HARESE
REWEEN X = {z1, -, zn}, PRSI ES
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Jg X = {@r, -+, &}, #m <n, 1] OSPA Higsdly  OSPA HEESIFH 17,
i (x.%) = 3) % 1 HARFZBIAE T 4 FhoEvk bk g
P ’ - B AN Z-IE IS, CBMeMBer JE 281 PHD
<1 (min $ 40 (@5, o) + ¢ (n—m )) UEWEREE PMM {E42 FhY OSPA BEEBIFHHEIRILT
v i 24 (@ ) HMM HESL R () OSPA BEBSFHMEHE, (085517
) TN 275 K. BT GM-CBMeMBer i 4
Hopt, d9 (25, &x)) = min(c, @ - 2]), H RFHEA FARI RS 3IH GM 0%, ifif GM-PHD
AL n} WITEHES S #om > o, w BRI B R B SR R GM %,
aw (X, X) =49 (£,X). SEEWWRp = 1, ENORITAEOR, LSBT TR

-

=

W Z B ¢ = 20m. B AHMNFE 1T A W, Mk GM-PMM-PHD &
ABIHCT 500 Y545 (Monte carlo, M) I, GIEPAINECINOM Sor Uiy )L/ P T
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