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Fusion of Local and Global Detectors for PHD Filter-Based
Multi-Object Tracking
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Abstract: In this paper, a novel multi-object tracking method to track an unknown number of objects is proposed. To handle multiple
object states and uncertain observations efficiently, a probability hypothesis density (PHD) filter is adopted and modified. The PHD
filter is capable of reducing false positives, managing object appearances and disappearances, and estimating the multiple object
trajectories in a unified framework. Although the PHD filter is robust in cluttered environments, it is vulnerable to false negatives.
For this reason, we propose to exploit local observations in an RFS of the observation model. Each local observation is generated by
using an online trained object detector. The main purpose of the local observation is to deal with false negatives in the PHD filtering
procedure. The experimental results demonstrated that the proposed method robustly tracked multiple objects under practical
situations.
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Fig. 2. Procedure of the proposed tracking method.
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Fig. 3. Training sample extraction for a local object detector:
Positive sample (red box), Negative sample (blue box).

Se_q+Be e Se_1+Be
xt = Z —xf,Wh = Z wt (8)
k=1

el A @®ollM whe 1A A5A] ol g A4 7HA
o & vrepdnh whofel] wie] oswt A S Al
RE AAIAY AFA 8 AR gk AE A
ol sl Aol A HEVIE HATRTHI2). MaA =3
& MR A MR A AZ7E AA VA AFe
WAow *M?ﬂﬂr wtel 05 oJstolal ads= AHA=
ANz AAE 2715kel7] 997 8% 35 xf ~ q(X|Z,)

E%‘% skt o]-&FTH11].

V.PHD ZEIE o|S¢ A A& TE =3
A9 A AZE7Y] 54L& 28l (online) o2 TGEE
TH7IE ol&3ste] @de] 2 dellA s AAE Zh=
Zom g A FA7|[12]1¢F &2 AR FEHr 2
=rdAE v 7314] FAE HA o= kil ol7] Wit E

k)
e
ofo
L)
£l
0,
i
%
9,,

ient (HOG) [3]=

%}3}71 AOH oy 2°ﬂ

ZE5< online boosting [12] 7|22 5531 T_T_“VT7] g 3
Sty A o] AAAEE RGB 8| 2K 1%(histogram) HHZS
ol-gsto] FFs Y SAEaHIe] FAMY WES
Bhattacharyya coefficient [13] 7<= ©]-&3Hc}

VL X9 A= H4E7| 22l 7Y
o AA 4 Al Al ASHoR Fdsta AR R
2 el mE H4E7] werh Aesith el A}EPXF
Aol ddE HEVIE AAS] sl dE71e] A=
=43t} Ao AMA A% /\li]J/] z7) 3 Pt(LDl) =
0= AR 7 Zedvig AF =S BAsh] S8 s
HE7)19 B5A 9k A9 J&?XH pascal score(*] (1) A4t



776 2xs 89

3laL 0.5 oAkl

=

A% vhgel Ao A%7) NHEE BA

PpPe—1(LD")
ppPe—1(LDY) + pFA(l - Pt_l(LDi))

P(LD") = ©)

A7 pp & pras AA HE GEIY A 24E FES
e, Pascal score”} 0.50]3}21 79 t}52] Alow WA
El=s

il

o5

(1- pD)Pt—l(LDi)
(1 = pp)Pe—1(LDY) + (1 = pra)(1 — P,—1 (LDY))
(10)

P,(LDY) =

o}71A, AE719] A= P(LDY)7} 01018k} Hi= A5 &l
3 HAE71= AA.

VIL Al Z3}
tg A F4 digk A3 flElA o) EE5al =
ETH tlo|E|[14]2} PETHIOE|[19]2 o]-&3}e] z|otel Hwie]
45 ¥7¥8ISItE ETH Hlolg] ¥/dolxe Bt 1%

S7olN FRtaL AR Agke] Sgel el W,
i, vl Babsl maRlel fAke Pl wold 4%

7ol @ AZEN vIER] & Wolrh. Ak el
T maHeR HolFr] 9l Hol A¢EAY PHD
BIe] T A S w2t A5 i msie
H|E 9)sto] 4 dFE(SR: Success Rate)?} Hit <
E(FAF: False Alarm per Frame)& S743I3{t} 1714 SR
= A ZEdell A A F2e] et AAe] gt HA
ZH AL ground truth A 2] F5 Yhe gholth 2 el
A AR FA A = 2 (1)9] Pascal scoreS ©]-83191 31
ground truth®} %] ZAzre] H2= Gl vjEo] 0.5 o]
ol 7 AFo= 715kt
AdeM ARgE A HE7= Zed 7 092719 o4
F ASAE AAUT E 19l neie | o s
A2AR, AT 8]
el ol 715 PHD ZH
N SERATA W12 SR AT 8 2 3
s > HE AE B5A
= @ AL A S0 58 R e o

o_>|:

oX, e,

E 1. A4 45 vl (FH44FESR), LAZEFAF)).

Table 1. Quantitative evaluation (success rate (SR), false alarm per
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Fig. 4. Trackmg results: Upper(conventional framework), Bottom
(the proposed method); Yellow arrows denote missed objects.
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Fig. 5. Tracking results: Upper(conventional framework), Bottom
(the proposed method); Yellow arrows denote missed objects.

I

99 3014 RoAFel AE71e] AR MAEE AF 2
Asieegh) SHAED7E NS R Y 4 xﬂO&%
7

el A 24 A v)E dEud A 248 8 47

=

ZS|
el

REFERENCES

[1] Y.-D. Wang, J-K. Wy, A. A. Kassim, and W. Huang, ‘“Data-
driven probability hypothesis density filter for visual tracking,”
IEEE Transactions on Circuits System and Video Technology,
vol. 18, no. 8, pp. 1085-1095, 2008.

[2] E. Maggio, M. Taj, and A. Cavallaro, “Efficient multitarget
visual tracking using random finite sets,” /EEE Transactions on
Circuits System and Video Technology, vol. 18, no. 8, pp. 1016-
1027,2008.



(3]

(4]

(5]

(6]

(7]

(8]

]

[10]

(1]

(2]

(13]

[14]

[15]

[16]

(171

(18]

[19]
[20]

FEI| S0 J1gt

]
AN
ol

N. Dalal and B. Triggs, “Histograms of oriented gradients for
human detection,” Proc. of IEEE Conféerence on Computer
Vision and Pattern Recognition, pp. 886-893, 2005.

P. Dollar, S. Belongie, and P. Perona, “The fastest pedestrian
detector in the west,” Proc. of the British Machine Vision
Conference, pp. 66.1-66.11, 2010.

Y. Bar-Shalom, F. Daum, and J. Huang, “The probabilistic data
association filter,” JEEE Control Systems, vol. 29, no. 6, pp. 82-
100, 2009.

T. E. Fortmann, Y. Bar-Shalom, and M. Scheffe, “Multi-target
tracking using joint probabilistic data association,” Proc. of
IEEE Conference on Decision and Control, pp. 807-812, 1980.
R. P. S. Mahler, “Multitarget bayes filtering via first-order
multitarget moments,” [EEE Transactions on Aerospace
Electronics Systems, vol. 39, no. 4, pp. 1152-1178, 2003.

J. Santner, C. Leistner, A. Saffari, T. Pock, and H. Bischof,
“PROST Parallel robust online simple tracking,” Proc. of [EEE
Conference on Comuter Vision and Pattern Recognition, 2010.
B.-N. Vo, S. Singh, and A. Doucet, “Sequential monte carlo
methods for multitarget filtering with random finite sets,” /EEE
Transactions on Aerospace Electronics Systems, vol. 41, no. 4,
pp. 1224-1245, 2005.

M. S. Arulampalam, S. Maskell, and N. Gordon, “A tutorial on
particle filters for online nonlinear/non-Gaussian Bayesian
tracking,” IEEE Transactions on Signal Processing, vol. 50, pp.
174-188, 2002.

B. Ristic, D. Clark, B.-N. Vo, and B.-T. Vo, “Adaptive target
birth intensity for phd and cphd filters,” IEEE Transactions on
Aerospace Electronics Systems, vol. 48, no. 2, pp. 1656-1668,
2012.

H. Grabner and H. Bischof, “On-line boosting and vision,”
IEEE Conference on Comuter Vision and Pattern Recognition,
pp- 260-267, 2006.

M. Sohail Khalid, M. Umer Ilyas, M. Saquib Sarfaraz, and M.
Asim Ajaz, “Bhattacharyya coefficient in correlation of gray-
scale objects,” Journal of Multimedia, vol. 1, no. 1, pp. 56-61,
2006.

A. Ess, B. Leibe, K. Schindler, and L. Van Gool, “A mobile
vision dystem for robust multi-person tracking,” Proc. of IEEE
Conference on Comuter Vision and Pattern Recognition, 2008.
J. H. Yoon, D. Y. Kim, and K.-J. Yoon, “Multi-object tracking
using hybrid observation in PHD filter,” Proc. of IEEE
Conference on Image Processing, pp. 3890-3894, 2013.

H. W. Kuhn and B. Yaw, “The Hungarian method for the
assignment problem,” Naval Research Logistics Quarterly, pp.
83-97, 1955.

H. Pirsiavash, D. Ramanan, and C. C. Fowlkes, Globally-
optimal greedy algorithms for tracking a variable number of
objects,” Proc. of IEEE Conference on Comuter Vision and
Pattern Recognition, 2011.

A. Milan, S. Roth, and K. Schindler, “Continuous energy
minimization for multitarget tracking,” Proc. of IEEE
Conference on Comuter Vision and Pattern Recognition, 2014.
http://www.cvg.reading.ac.uk/PETS2009/a.html.

S.-U. Kim and J.-W. Lee, “Traftic sign recognition, and tracking
using RANSAC-based motion estimation for autonomous
vehicles,” Journal of Institute of Control, Robotics and Systems,
vol. 22, no. 2, pp. 110-116, 2016.

HE0182 % (PHD) ZHE H&8 U 2

-

e s

19
A

[21] T. L. Song, “Multi-target tracking filters and data association: a
survey,” Journal of Institute of Control, Robotics and Systems,
vol. 20, no. 3, pp. 313-322, 2014.

i

85 %

20083 AFAEln AR EATER
(FTHAD. 2000 FFHer)sd 7)1
(&, 2014 BFIEl)E
A AREANTS(FSHIAY, 201419~
Al AATFA T MdaT4.

L

& o uf

2001 KAIST A7|LARl5-8kuh-z-8}
AP. 2003\ KAIST AR~ -8
214D, 200911 KAIST AAAAetaE
SHbAD. 20099-2011d A El=9 A
AT 20119~ AAREATY

O

K

ATl
Ay s

199113 ShFrshal ARg et ul(E e,

199313 {%fﬂiﬂ { ERRICEE
o

. 2010Lﬂ
A, 19974~ aﬂzﬂ AAEATR A
TSI Y ATAE A A

g=3

19981 KAIST 7| dza- 8t
Ah. 200081 KAIST AAAAretakE
ZAD. 200653 KAIST AAFAAFSFK
SHaEA}). 20065120081 INRIA Rhone-
Alpes, France HPARS- 41 2008'~&
A FFaer|ed BAREANGSE B

A

ok Lo ol



