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Multi-sensor Gaussian Mixture PHD Fusion for Multi-target Tracking

SHEN-TU Han' XUE An-Ke! ZHOU Zhi-Lit

Abstract
ronment, a multi-sensor Gaussian mixture PHD multi-target tracker is proposed in terms of FISST theory. First, the

As the performance of single sensor multi-target tracking method will degenerate under complicated envi-

formalized PHD filter is analyzed with FISST. Then, a multi-sensor posterior PHD feedback fusion framework is con-
structed. Further, Gaussian mixture technique is employed to build a multi-sensor PHD tracking method. At last,
three applicable algorithms are proposed by solving particle matching and fusion problem. Simulation results show that,
compared to some common Gaussian mixture PHD algorithms, the proposed algorithms are more accurate and robust.

Multi-sensor multi-target tracking, finite set statistics (FISST), probability hypothesis density (PHD),
Gaussian mixture
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Fig.1 Multi-sensor PHD feedback fusion tracking framework
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Table 1 Three multi-sensor PHD feedback fusion tracking algorithms
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Six algorithms’ OSPA comparison in Scenario one
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Fig.3  Six algorithms’ OSPA comparison in Scenario two
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Table 3 Mean and RMS comparison of OSPA in Scenario one
Mtk as PHD (8 fiiss e PHD FMPF-PHDT FMMF-PHDT FMGF-PHDT
OSPA F-#(8 38.02 36.43 31.25 27.30 38.02
OSPA ¥77#i 3.06 3.33 4.65 3.56 3.34
£ 4 R OSPA BERIY T RE Lk
Table 4 Mean and RMS comparison of OSPA in Scenario two
il ee PHD (4 fislr e PHD FMPF-PHDT FMMF-PHDT FMGF-PHDT
OSPA 498 48.04 46.32 41.23 49.07 37.59
OSPA #yH# 5.45 5.41 4.43 6.22 4.32
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Six algorithms’ OSPA comparison in Scenario three
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Fig.5 Six algorithms’ OSPA comparison in Scenario four
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Table 5 Mean and RMS comparison of OSPA in Scenario three
L REs PHD #(H k& PHD FMPF-PHDT FMMF-PHDT FMGF-PHDT
OSPA “Fi{A 49.09 48.02 37.59 41.05 42.14
OSPA ¥JJ5iR 4.47 4.49 5.58 3.89 5.75
F 6 FEPUEY: OSPA YA 7 LB
Table 6 Mean and RMS comparison of OSPA in Scenario four
B PHD (4 g4 PHD FMPF-PHDT FMMF-PHDT FMGF-PHDT
OSPA “F#5{E 59.18 57.76 52.52 55.83 58.55
OSPA ¥R 3.24 3.42 5.64 6.65 3.44
4 ?p'ii@ (Wh4em, RULHE, BOiit. ZURGEEMA. 4 2 I dunt: Wk

TR RN T B2 H A B A, BRAR T s
BRERITIRROR A, 21 B BT A AT DA
HE Y IR B 7 YR B 5 N B2 B R, BT
FISST BRI R A SIS, (AN EA
FRIE— W5, I, ASCE et il — Rl R i A%
J&ds PHD @& BRESAEZN, SRS 52 A . i) 2 14 Ja
e iR PHD 2 HARIREST A =FEE, &
HEffpR T 2L PHD 2 HARERES ARl A4 |
RL¥- VRS MURL 1Bl A 5 L i B3R 54t
PHD BREFFIRAM L, 78 SCHT$ SR HR ERRT R B o
ERPEE R, KRR TAERTIRAB A L X2 AL &
#R5 % PHD G5B EIe HERE, T ik RS
AR AR5 .

References

1 Quan Tai-Fan. Target Tracking: Advanced Theory and
Techniques. Beijing: National Defence Industry Press, 2009.
(BORHE. AFREREEHEE SHOR. Junt: Ry Tk T, 2009.)

2 Han Chong-Zhao, Zhu Hong-Yan, Duan Zhan-Sheng. Multi-
sources Information Fusion (2nd Edition). Beijing: Ts-
inghua University Press, 2010.

AL, 2010.)

Bar-Shalom Y. Multitarget-multisensor Tracking: Applica-
tions and Advances. Volume III. Norwood: Artech Print on
Demand, 2000.

Magnant C, Giremus A, Grivel E, Ratton L, Joseph B.
Multi-target tracking using a PHD-based joint tracking and
classification algorithm. In: Proceedings of the 2016 IEEE
Radar Conference (RadarConf). Philadelphia, PA, USA:
IEEE, 2016. 1-6

Choi M E, Seo S W. Robust multitarget tracking scheme
based on Gaussian mixture probability hypothesis density
filter. IEEE Transactions on Vehicular Technology, 2016,
65(6): 4217—4229

Bar-Shalom Y, Tse E. Tracking in a cluttered environ-
ment with probabilistic data association. Automatica, 1975,
11(5): 451—460

Fortmann T, Bar-Shalom Y, Scheffe M. Sonar tracking of
multiple targets using joint probabilistic data association.
IEEE Journal of Oceanic Engineering, 1983, 8(3): 173—184

Blackman S S. Multiple hypothesis tracking for multiple tar-
get tracking. IEEE Aerospace and Electronic Systems Mag-
azine, 2004, 19(1): 5—18

Cham T J, Rehg J M. A multiple hypothesis approach to
figure tracking. In: Proceedings of the 1999 IEEE Computer

Society Conference on Computer Vision and Pattern Recog-
nition. Fort Collins, CO, USA: IEEE, 1999.



614

HUBR S e arminiia PHD a2 HARERE A

1037

10

11

12

13

14

15

16

17

18

19

20

21

22

Mahler R. The multisensor PHD filter: II. Erroneous solu-
tion via Poisson magic. In: Proceedings of SPIE 7336, Signal
Processing, Sensor Fusion, and Target Recognition XVIII.
Orlando, Florida, USA: SPIE, 2009.

Tian Y X, Gao K, Liu Y, Han L. A novel track-before-detect
algorithm based on optimal nonlinear filtering for detecting
and tracking infrared dim target. In: Proceedings of SPIE
9622, 2015 International Conference on Optical Instruments
and Technology: Optoelectronic Imaging and Processing
Technology. Beijing, China: SPIE, 2015.

Vasuhi S, Vaidehi V. Target tracking using Interactive Mul-
tiple Model for Wireless Sensor Network. Information Fu-
sion, 2016, 27: 41—43

LiWL, JiaY M, DuJ P, Yu F S. Gaussian mixture PHD
filter for multi-sensor multi-target tracking with registration
errors. Signal Processing, 2013, 93(1): 86—99

Mahler R P S. Statistical Multisource-Multitarget Informa-
tion Fusion. Boston: Artech House, 2007.

Mahler R. Random set theory for target tracking and iden-
tification. Multisensor Data Fusion. Boca Raton, FL: CRC
Press, 2001.

Mahler R P S. Multitarget Bayes filtering via first-order
multitarget moments. IEEE Transactions on Aerospace and
Electronic Systems, 2003, 39(4): 1152—1178

Yang Feng, Wang Yong-Qi, Liang Yan, Pan Quan. A survey
of PHD filter based multi-target tracking. Acta Automatica
Sinica, 2013, 39(11): 1944—1956

(B, LoK5F, B, . BT IS i 2 H AR
ERH R GEA. BBk, 2013, 39(11): 1944—1956)

Vo B T, Vo B N, Cantoni A. Analytic implementations of
the cardinalized probability hypothesis density filter. IEEE
Transactions on Signal Processing, 2007, 55(7): 3553—3567

Jones B A, Gehly S, Axelrad P. Measurement-based birth
model for a space object cardinalized probability hypothe-
sis density filter. In: Proceedings of the 2014 ATAA/AAS
Astrodynamics Specialist Conference. San Diego, CA, USA:
ATAA, 2014.

Ouyang Cheng, Ji Hong-Bing, Guo Zhi-Qiang. Improved
multiple model particle PHD and CPHD filters. Acta Auto-
matica Sinica, 2012, 38(3): 341—348

(BRPHR, WRLLEs, Mo Bk ZBA06+ PHD #1 CPHD &
W AR, 2012, 38(3): 341—348)

Chen Hui, Han Chong-Zhao. A new sequential Monte
Carlo implementation of cardinality balanced multi-target
multi-Bernoulli filter. Acta Automatica Sinica, 2016, 42(1):
26—36

(FR#%, 5. CBMeMBer Wil 473 5% 52405 B S i TR BT
7. HEER, 2016, 42(1): 26-36)

Papi F, Vo B N, Vo B T. Generalized labeled multi-Bernoulli

approximation of multi-object densities. IEEE Transactions
on Signal Processing, 2015, 63(20): 5487—5497

23

24

25

26

Vo B N, Singh S, Boucet A. Sequential Monte Carlo meth-
ods for multitarget filtering with random finite sets. IEEE
Transactions on Aerospace and Electronic Systems, 2005,
41(4): 1224—1245

Delande E, Duflos E, Vanheeghe P, Heurguier D. Multi-
sensor PHD: construction and implementation by space
partitioning. In: Proceedings of the 2011 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). Prague, Czech Republic: IEEE, 2011.
3632—3635

Wu Wei-Hua, Jiang Jing, Feng Xun, Liu Chong-Yang, Qin
Xing. Multi-target tracking algorithms based on random fi-
nite set: a survey. Electronics Optics & Control, 2016, 23(3):
1-6

(RBP4, TLA, Wi, XEH, R, BTG REN 2 B iR
HRERA. ES R, 2016, 23(3): 1-6)

Zhang Q, Song T L. Improved bearings-only multi-target
tracking with GM-PHD filtering. Sensors, 2016, 16(9): 1469

R BN RO A a2y b
PRI SR BRI W H AR ERER, St
a, HERG. ASTEE1EE.

E-mail: hanshentu@hdu.edu.cn
(SHEN-TU Han
School of Automation, Hangzhou Di-

Lecturer at the

anzi University. His research interest
covers target tracking, feedback fusion,

and information fusion. Corresponding author of this pa-
per.)

BRR HiMB TR R B
WSy AR SR A, S, TR
J#. E-mail: akxue@hdu.edu.cn

(XUE An-Ke Professor  at
Hangzhou Dianzi University. His
research interest covers information

fusion, robust control,
scheduling.)

and optimal

Biad B TR R A S B
{07 1) e R e 20 W LI DL EHSYC L S
E-mail: zhouzhili517@163.com
(ZHOU Zhi-Li  Master student at
the School of Automation, Hangzhou
Dianzi University. His main research
interest is information fusion.)



