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HMM-based Segmentation of Background, Object and Shadow
from Traffic Monitoring Movies

JIEN KATO,t TOYOHIDE WATANABE! and MASAAKI YONEDA

The main obstacle to the robustness of car tracking is large shadows of vehicles. Even with
a good foreground model, the tracking process is liable to be disrupted by the shadows. This
paper proposes an HMM-based foreground-background segmentation method which is capa-
ble of modeling shadow as well as foreground and background regions. Unlike many other
probabilistic background models, it is not necessary to select the training data since the dis-
tributions for different regions can be learnt from an ordinary video sequence. The ambiguity
among different regions (categories) is reduced by not only using the temporal continuity
constraint for each category, but using jointly intensity and Sobel values, which measure the
homogeneity of a region in space, as the observation symbols. This method itself functions a
low level tracker. It can be also used as a low level process for an active contour based car
tracker. Results on real-world motorway sequences show that using the proposed method, it
is possible to accurately segment the image into background, cars and the shadow of cars in
real time.
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Fig.1 Frequency profiles of the intensity of x € {B, S, F}.
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Fig.2 The algorithm to compute the auxiliary probabilities.
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Fig.3 The algorithm to reestimate the parameters of the HMM.
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Fig.6 Algorithm to reestimate the parameters of the HMM using scaling techniques.
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Fig. 10 The probabilities of being in a state for the HMM region in a test sequence.
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Fig.12 The probabilities of the different categories for a region in a test sequence

and the effectiveness of introducing Sobel filter.
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Histogram for Sobel filter
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Fig.4 (a) Support of Gaussian densities for intensity and Sobel values (two boxes).

(b)—(c) Learnt emission model and the comparison of it with the raw data.
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Fig.11 (a)—(d) The visualization of the results for a region. (e) Importance of
the temporal continuity constraint.
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Fig.13 The visualization of the results for a region to show the importance of

using Sobel filter jointly.



14 goooooooo

ubobooooboooooooooooooboOoOoa

goboboooooooooboooocoooooooo
gooooooooobooooooooooooo

oooooooobooooooooooboooooboooo

OO0O0ooOOO0OOoDOOODOO0OO0O0000B000 Sobel
gbooooooobooooooooooboooooooo
gooobooooooooooooooboooooon
goooooooobosoobooboooooooo
goboooooboooobooooooooooboo
gobooooboooooooooooboooboooon
ooooooboouoobobooooobocoooooDo
gooooooooooboooon
ooboooOoooooobooobooooooon
e DOODODOODOOCOD HMMOODOODODOCOOO
ooooooooooooobooooooooo
gooooboooooobobooooooooon

000000000 SebelOOOOOOOOOO

gbooooooooboboooooon
e JOOOOOOOOOOOODOOOOOOOO
goboboooooooooooooboooon
O0000O0FO0OO0 SO000OD0O0OO0OOO0OO0
ooooooboob epp0O0bOO0OODOOO
goooooooobooobooooboobooon
gbooooooboooooooooboobon
ooboooooo
e DIDODODOODODO SobelDOOOOOODODODO
gooooooooooooooooboooooo
gbbooooooooooooooobooon
oo
uooooboooooooooooboobooo
goobobodobooooobooooobooobooooboooo
odooooooobooboobooooboooooo
gooooobobooobooboooooooooooo
goboooooooobooOoooobooobooboon
goooooooooooooobboooooooon
gooooboooooooooooooooboobo
oooobooooo
oooboobooooooooooooooo
gbooboobooooobooooboooooooaoon
gbobooocoooocoboooboooobooooo

gooooooobooobooooooooboooooo

0000000000000 oOooooo®™ooo
00000000000 00000O00000000
000000000000 000000O0O0D0O00O0

Y 0OooO000000000000000000000

Jan. 2001

dboooooobooooooooooobooooo
gobooooboooooboooobooocboooon
oooooooo

ooooboboooooobooooobooobooooo
ooboooooooboooooooobobooobooo
goooobooooobo HEMMOOODOODOODO
gooooooooooooooobooooobooon
goboobobooooooboooobooooooon
oobooooooooooooooooogon

Ud bOoOooooooooooooooooon
gooobobooooobooooboooooooooo
uoboooooooboodooooobooobooboooo

g o 0 0O

1) 0000000000000 00O0o0O00O
goodo ITsggoooooooooooog
Vol.83, No.3, pp.191-195 (2000).

2) Blake, A. and Isard, M.: Active Contours,
p-352, Springer (1998).

3) Ferrier, N., Rowe, S. and Blake A.: Real-time
traffic monitoring, Proc. 2nd IEEE Workshop
on Applications of Computer Vision, pp.81-88
(1994).

4) 00000000 0OO0OO0O0 Ooooooo
ooooooooooooooooooooo
Vol.14, No.49, pp.1-6 (1990).

5 0 0000000000000000DO00
oo000o0o0ooooooooooooogooog
3000000000000 pp.127-132 (1993).

6) Baumberg, A. and Hogg, D.: Learning flex-
ible models from image sequences, Jan-Olof
Eklundh (Ed.), Computer Vision-ECCV 94,
Vol.1, pp.299-308, Springer-Verlag (1994).

7) Koller, D., Weber, J. and Malik, J.: Robust
multiple car tracking with occlusion reasoning,
Jan-Olof Eklundh (Ed.), Computer Vision—
ECCV 94, Vol.1, pp.189-196, Springer-Verlag
(1994).

8) Paragiso, N. and Deriche, R.: A PDE-based
Level Set Approach for detection and track-
ing of moving objects, Technical Report 3173,
INRIA Sophia Antipolis (1997).

9) Nakai, H.: Noo-parameterized bayes decision
method for moving object detection, Proc.
ACCV 95, pp.447-451 (1995).

10) Haritaoglu, 1., Harwood, D. and Davis, L.S.:
W4 - a real time system for detection and
tracking people and their parts, Proc. Conf.
Face and Gesture Recognitiona, Nara, Japan
(1998).

11) Rowe, S. and Blake, A.: Statistical mosaics for
tracking, Image and Vision Computing, Vol.14,



Vol. 42 No. 1

pp.549-564 (1996).

12) Rabiner, L.R.: A Tutorial on Hidden Markov
Models and Selected Applications in Speech
Recognition, Proc. IEEFE, Vol.77, No.2, pp.257—
286 (1989).

13) Dempster, A.P., Laird N.M. and Rubin, D.B.:
Maximum Likelihood from Incomplete Data
via the EM Algorithm, J. R. Stat. Soc., B39:1—
38 (1977).

14) Rabiner, L.R. and Juang, B.H.: Fundamen-
tals of Speech Recognition, Prentice Hall, En-
glewood Cliffs, NJ (1993).

15) Cohen, M.: Hidden Markov Models II: Impli-
mentation and Complicated variants, Lecture
in Boston University, http://screwdriver.bu.
edu/#cn760-lectures/110/index.htm (1997).

16) 0000000000 0Op.22400000 (1992).

17) Isard, M. and Blake, A.: ICONDENSATION:
Unifying low-level and high-level tracking in a
stochastic framework, Proc. 5th European Conf.
on Computer Vision, pp.893-908 (1998).

(00120 1 07000)
(00120110 2000)

gooooooogoo

1990 000000000000
gooobooooooooooobooo
199300000000000040
dodooooooooressaono
oooooboooooooo2000
goooooooooooooooooboboooo
goooooooooobooboooooooooboo
oooooooooooO0OooOOoOIEEEDDOOO

HMMOOOOOOOOOOOOOOOOOO0OO0O000O0 15

o0 0ooboooooboo
194800019720000000
oooo19v4000000000
ooo0oooooooooool97s
ooooooocooooooooon
“~ ODO00D0O000000019870
goooooooooooooooooboboooo
gooooooooooobooooocoooobooboobooon
00000000 cAlID0ooUooooooooog
gooooooooboooooooboboooooo
0000000 ACMOIEEE-CSOAAAIOOOO

o0 0ooboooooboo

967000 0000DO0OO0O0ODO
ooomn200000000000
goooooooooooooan
gbobooooooooooooo
goooooooocooooooo
gboooooooooooooobooooobooOoobooo
gbobooooooooooooboooboobooooa
gooooooooooooooooDo




