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Abstract—Shadows of moving objects often obstruct robust visual tracking. We
propose an HMM-based segmentation method which classifies in real time each
pixel or region into three categories: shadows, foreground, and background
objects. In the case of traffic monitoring movies, the effectiveness of the proposed
method has been proven through experimental results.

Index Terms—Car tracking, hidden Markov model, image classification, image
segmentation, wavelet coefficients.
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1 INTRODUCTION

THE main obstacle to robust visual tracking is that distracting
features, such as clutter in the background regions, compete for the
attention of the tracker and may succeed in pulling the tracker
away from foreground (target) objects [3]. To make the tracker
reliable, it is a common practice to discriminate the foreground
pixels from the background pixels. Earlier researchers have
attempted to increase the robustness of the tracker by image
differentiation techniques [11], [2], [10], [13]. However, as to
applications such as traffic monitoring systems, typical trouble-
some features are the shadows of vehicles, which are not well-
handled by traditional techniques.

This paper introduces a new segmentation method [9] based on
Hidden Markov Models (HMMs) to deal with problems of the
shadows of vehicles. The method is mainly composed of two phases:
the learning phase and the segmentation phase. In the learning
phase, the tracking process learns the unknown HMM parameters
with an EM-type (Expectation-Maximization) algorithm [5] over
several seconds of a video sequence. In the segmentation phase, the
process classifies each small region in a field image of a movie into
three different categories: foreground (F), background (B), and
shadow (S) over time.

2 RELATED RESEARCH

A number of researchers have adopted image differentiation
techniques such as background subtraction and interframe
differentiation [11], [2], [10], [13] to make the trackers reliable.
Background subtraction methods are based on the assumption that
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the background is perfectly static. This assumption seems
unrealistic for outdoor systems. Moreover, this method cannot
remove the shadows of moving objects, such as vehicles. On the
other hand, interframe differentiation has the advantage that the
shadows only appear as outlines on the resulting image. However,
the homogeneous regions inside the vehicle appear as background
regions. Thus, it is difficult to distinguish vehicles from shadows
by using image differentiation techniques.

Another approach is to enhance immunity to distracting
background objects by modeling the background [12], [16], [7],
[15]. Toyama, et al. [16] discussed the issue of background
maintenance by using a multilayered approach. The intensity
distribution over time is modeled as an autoregressive process of
order 30, but the computation costs seem to be too expensive for
real-time systems. Haritaoglu, et al. [7] composed a simple gray-
value distribution model for the background. According to this
method, the background is modeled by representing each pixel by
three values: the pixel’s minimum and maximum intensities and
the largest interframe difference between two consecutive frames
during the training period. With this distribution model, the
system determines whether a part of the scene contains foreground
objects. However, the obtained foreground image is not sufficiently
clear, so it cannot be used for tracking. Rowe and Blake [15]
proposed a statistical model for the distribution of intensities of the
background pixels. They investigated the special case of a video
camera mounted on a pan-tilt head. In this case, they could not use
a global threshold for foreground-background separation because
of the intensity variation caused by the moving camera. Practical
tests show better results than the tests done by image subtraction
methods, but the method did not solve the problem of the shadows
of moving objects.

It is still necessary to design a method which is able to model
shadows as well as foreground and background objects and also
work in real time.

3 APPROACH TO ROBUST SEGMENTATION

For robust car tracking, our method should perform accurate
segmentation of the foreground objects from background objects
and shadows. We employ HMMs to deal with three different
categories including the shadows of vehicles. The use of HMMs
has two main advantages that were not found in previous
methods. First, an HMM is a suitable model to incorporate
temporal continuity. Temporal continuity here means that a pixel
belongs to a certain category for a period of time. If a pixel belongs
to the foreground (a vehicle) at a given moment, it is likely that the
pixel will still belong to the foreground (the same vehicle) at the
next time step. Traditional background models based on intensities
perform poorly when intensity differences among categories are
small. In consideration of the fact that the temporal continuity of
each category is very important, especially in case of almost no
intensity differences among categories, we utilize HMMs (1D
HMMs) to incorporate the temporal continuity of each category
along a time-axis. 1D HMMSs need less model parameters (than 2D
HMMs do), which reduces learning computation costs. This is
desirable for a real-time tracking system. The context-dependence
among neighboring pixels or regions is incorporated in the
segmentation phase. Second, it is not necessary to provide specific
data for learning. This is because HMMs are able to learn the
observation distributions for different hidden states from an
ordinary image sequence. This property is particularly important
for traffic monitoring sequences. Since all the three intensity
distributions (for F, B, and S) have a large amount of overlap, it is
difficult to find a robust way to learn these distributions
separately.
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Fig. 1. Frequency profiles of the intensity of z € {B, S, F}. (a) Background, (b) shadow, and (c) foreground. (d) A picture taken from a motorway sequence. The data

related to (a)-(c) is observed at the pixel marked with a cross. The rectangle on the right lane is an area of interest.

time, and these

In addition to the adoption of the HMM technology, also
developed ways to make our method more robust, especidlly to
extract the foreground objects more reliably. The first, is to ude two
kinds of observation symbols: intensities and high freq§ency
wavelet coefficients. The two values are observed at any time khese
two series of observations depend on an underlying unobservable
process which explains the transitions among hidden categories B,
S, and F. Details are described in Section 4.5. The second, is to use
a constrained HMM. Among all the cafgory transitions, specific
transition is prohibited. Details are descyibed in Section 4.5. The
third, is to take the context-dependence an\ong nearby regions into
account during the segmentation phase. §etails are described in
Section 4.6. Experimental results on real\world motorway se-
quences show that this method makes it possible to accurately
segment the image into three categories, as d&scribed in Section 5.

Section 4.2
4 IMPLEMENTATION

41 The Hidden Markov Model

To design a suitable model for traffic monitoring, we investigated
the intensity variations of three categories at a given pixel first (see
Fig. 1). Except in the case of congested traffic, the background
distribution occupies the main area of the distribution at a given
pixel. The shadow has of course a lower intensity than the
background. However, the distributions of B, S, and F are not
independently separated but partially overlap each other. Accord-
ing to the Fig. 1, the distributions of the shadow and background
can be approximated by Gaussian densities. As to the foreground,
the simplest reasonable model is a uniform probability density
since the density of vehicles covers a large range of gray-values
and does not depend on a given location. We also use high
frequency wavelet coefficients as the second observation. In the

densities, and the

same way that we deal with fhe intensities, we also approximate
the distributions of the secondfobservation for the background and
shadow by Gaussian densitied the distribution of the foreground as
a uniform probability density. Moreover, for background and
shadow, we treat two observations as a single two-dimensional
feature vector. Thus, each distribution is actually modeled as a
two-dimensional Gaussian-mixture density. These approximations

lead to less learning computation time.
Let S={Sy, Ss, S¢} be the states corresponding to three

categories. The parameters of the HMM [14], notated as

X = {A, B,n}, are specified in our particular problem as follows:
e Initial state distribution:

n={m, ms, 75}, m =Pr(S;att=1).

e  State transition matrix:

apy  Abs  Abf
A= Ash  Ass  Asf

afp  afs  Qff

,a;; = Pr(S; at t 4 1|S; at t).

e  Observation probability distribution in state j: B = {b;(v)},
bj(v) = Pr(v at t|S; at t), where v is the feature vector.

The state transition which plays the role of modeling the temporal

continuity of categories is a first-order Markovian. The observation

probabilities of background and shadow are characterized by only

mean vectors (u;) and covariance matrices (X;) instead of all the

probabilities for different observation values, i.e.,
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(27)*det (X))

Ho—pi) ,

bi(v) = i € {b,s}. (1)

The mean vectors are denoted by p; = (i}, 4h) and the covariance

matrices by
. — (%11 %12
1 1 7 b
021 Oy

where the subscripts 1 and 2 mean the first and second
observations, respectively. On the other hand, the distribution for
foreground has density

by(v) = (2)

256 x 512"

4.2 Observations

The observation symbols are a series of the values observed during
the target movie. The observations depend on an underlying
unobservable process which explains the transitions among the
hidden categories B, S, and F. In principle, the proposed method
can allocate one set of HMM parameters to each pixel location.
However, we assume that a nonoverlapped small block with equal
size (k x k pixels), called an HMM region, has a set of HMM
parameters. In the learning phase, the model parameters for each
HMM region are estimated from a learning sequence. While in the
segmentation phase, one series of optimal states is found for each
HMM region over time. This assumption leads to a reduction of
the number of HMMs, which contributes to considerably less
computation time.

For the intensity observations, we use the outputs of a k x k
mean filter instead of using the gray-level intensities directly in
order to reduce noise. However, experiments show that the
discrimination of dark-colored vehicles from shadows using only
the intensity observations is difficult. To distinguish foreground
objects from shadows reliably, we employ high frequency wavelet
coefficients as the second observation. The introduction of this
observation is based on the idea that the variance of wavelet
coefficients in high frequency bands should be small for S and B,
but large for F. This is because the foreground objects are generally
sharply focused and have more details within the objects than the
out-of-focus background and shadow regions [18]. The second
observation is calculated as the variance of the wavelet coefficients
in LH, HL, and HH bands. In our current implementation,
Daubechies wavelet transformation (N =2) is adopted [4]. We
treat two observations as a single two-dimensional feature vector,
as described in Section 4.1.

4.3 Baum-Welsh Reestimation Formulae

We learn the unknown HMM parameters by use of an EM
algorithm. EM algorithms perform an iterative computation of
maximum likelihood estimation when the observed data are
incomplete [5]. The aim of parameter learning is to find the model
parameter A\ which maximizes L(z, \) = log[p(z|)\)] for a given set
x of observed data. A special case of the EM algorithm, Baum-
Welsh algorithm [1], is applied to learn unknown model
parameters. It produces a sequence of estimates for )\, given a
set of observed data z, so that each estimate A\’ has a greater value
of log[p(z|)\)] than the preceding estimate \'~!. The reestimation
formulae for m, A and B are defined as follows:

i = 11(1), (3)

_ Z?:] 'Ut'yt(i)

T = , 4
. ZtT:1 ¥ (%) W
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T, = S n@) v — 7)o — )
Zthl V(%)

gy = L &lid)
ij =
Yia ni)
Pr(S; at t|V,\) and

gf(l’]) =

are auxiliary probabilities that can be efficiently calculated by the
so-called forward-backward algorithm [14]. V = {vy,...,vr} is a
sequence of observation symbols. The model parameters are
reestimated using (3)-(6) until the likelihood stabilizes. Experi-
ments show that 10 reestimations seem to function well and allow
a reasonable time of computation.

where (i) =

Pr(S; at ¢, Sjat t + 1|V, A)

4.4 Parameter Initialization

As the learning algorithm leads to a local maximum, it is important
to choose appropriate initial HMM parameters. To set initial
parameters properly, time constants 7, 7, and 7y are defined as the
typical duration time in which a pixel belongs to B, S, and F. Also,
let Ay, As, and A; be the proportions of the time spentin B, S, and F
with A, + A; + Ay = 1. A reasonable set of initial parameters for the
state transition matrix can be chosen as

1-1 Lay Lhs
A= Ay 1-1 Ap | A=A/ N (D)
.rlf,Asb L Aeb -1

No indent, please.
Q The initial probability is chosen to be

Ay Arks (®)

The initial parameter for p;, can be estimated by the mode of
intensities or the wavelet coefficients at a given HMM region since
Ay > A and A, > Ay, The covariance matrix X, is determined
empirically, as estimating 3, from data is not a stable way even if
the traffic is not very heavy. The initial parameters for x] and o},
are selected based on the assumption that the intensity of the
shadow is lower than that of the background. Approximating the
support of a Gaussian as [u— X, p+2R¢], #i and of; can be

chosen so that the shadow distribtQn supRort goes from 0 to the
upper limit of the background distribu rt, i.e. .

™= {)\b,

\"Please omit commas
between 2 and sigmas,
7 n= (*)out comma Between sigm
eded.

s N?JFZ ‘711)1
H=—FH

The remaining initial parameters for p5 and oﬂ%pgemelﬁlltlssop gs
are given the same values as the corresponding parameters for the
background. Obviously, all these initial parameters meet the
stochastic constraints for HMM parameters: y ,m; =1, Y s =1,

and ), bi(v) =1

4.5 Improvement of the Model

The HMM is at first considered as an ergodic model in which every
state can be reached in a single step from every other state. The
validity of this assumption is examined by inspection of the
learned parameters.

For investigations, we use a thirty-second motorway sequence
(see a frame image in Fig. 1d) to learn the model parameters. The
parameters are estimated at an HMM region at the center of the left
lane, where there is almost no state transition between F and S
during the whole sequence. For 31mp11c1ty, only intensities with a
3 x 3mean filter are used for the, second observation
isnotused here. The learned moments are 15 3N\g0.143, 0%, = 10.244,
i = 682294, and o}, =44.9762. The two Idned Gaussian

observation, and the
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Fig. 2. Model parameter learning. (a) A set of distributions b;, b, and b; estimated for one HMM region. (b) Comparison of the learned model with raw data. (c) The
probability of being in F at an HMM region, given learned parameters of the ergodic model. (d) The same probability as (c), given learned parameters of the constrained

model.

intensities and one uniform density are shown in Fig. 2a. Fig. 2b
shows that the raw data are well-matched by estimated i}, %, 15,
and of,. The learned state transition matrix

0.986032  0.0129378 0.00102398
0.0138807 0.884321  0.101796
0.0333774 0.0253723 0.941252

A=

implies that 7, = 72, 7, 9, and 7 =~ 17. The typical duration time
7, is not so different from the average time actually spent in B
(7, = 75). Thus, it seems there is no confusion between B and
{S,F}. On the other hand, the shadows of vehicles almost do not
appear at this position, but 7, ~ 9 was obtained. However, this is
not a serious problem because, in the learning sequence, there is
always a dark part in front of a vehicle.

The problem is that 7; ~ 17 is much shorter than the average
time actually spent in F (7; = 31). Wind-screens of cars are usually
darker than the rest of the vehicle and are easily classified as
shadow in the learning process. Since a car is learned as two or
more separated foreground units, 7; is under-estimated. To solve
this problem, we consider an HMM that is not fully connected:
namely, af, = 0. Experiments show this assumption is reasonable
for all used traffic monitoring sequences. The state transition
matrix estimated with the constrained model in the same HMM
region of the identical learning sequence becomes

0.980455  0.0157114 0.00382949
A= 0.0130607 0.897758  0.0891776
0.0479983 0 0.952003

The probability as; (and, thus, 75) has been increased to 0.952003,
which implies 7; ~ 21. Figs. 2c and 2d show the probabilities of
being in state F using the ergodic and constrained models,
respectively. The constrained model categorizes four cars out of
five as whole entities which are all classified into separated units
by the ergodic model.

Thus, it is necessary to modify the model according to
assumption as, = 0.

4.6 State Estimation

In the segmentation phase, an “optimal” state is found for each
HMM region. Given the observation sequence, several criteria for
selecting an optimal state sequence may be used. In view of
tracking, the basic requirement for the state estimation is to work
in real time. Namely, we cannot adopt a criterion that uses the
whole sequence of observations as the Viterbi algorithm does [17],
[6]. One solution is to maximize the joint probability of the state at
time ¢ and the past observation {vi, ..., v}, under the model ), i.e.,

argmax{ay(k)} = argmax{Pr(vi,..., v, S at t|A)}, (10)

However, this criterion does not incorporate context-dependence
among HMM regions. For example, an F state is highly unlikely to
exist in isolation surrounded by B regions. To take this important
consideration into account, we estimate a state with a criterion

argmax{Pr(vy, . (11)

ey Uty Sk at t‘)\) PI‘(QZ'.]'|Q/\[,.I)},

where Pr(Q; ;|Qy,,) means the probability of the state being Q; ; at
region (4, j), under the conditions that the state set Qy, ; is observed
at neighborhood N, ; of region (i, 7). We define Pr(Q; ;|Qy,,) as

1
Pr(Qij|Qu.,) = 15 exp(rI(Qij; Quy)):

(12)
where D is a normalization constant and « is a parameter that
denotes the strength of the context-dependence between HMM

regions. The function 9(Q; j; Q) is selected as

1 R A
> gy llidsr), (13)

(s')ENS
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Fig. 3. The visualization of the results of state estimation under the constrained model with a;, = 0, for the area shown in Fig 1d. Foreground: black, shadow: gray, and
background: white.
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where N fj e 8-neighbors of region (i,j) with

distances 1 10) and (11) can be solved by the
forward procedure alone [1]. Since these criteria are defined
recursively, it is possible to perform the state estimation in real
time using (10) or (11).

5 EXPERIMENTAL RESULTS

In this section, we present the experimental results that are all
obtained under the constrained model with ay = 0. Several
30 second sequences are used for the experiments. Although the
traffic density and light conditions of these sequences do not
change much, the typical duration times spent in B, F, and S
might be quite different from each other. The results we discuss
here are obtained with respect to an area in the right lane, where all
categories are observed. Without loss of generality, the following
descriptions are also true of other areas in the image. The area is
composed of 18 x 28 HMM regions and each region has 4 x 4 pixel
size (see Fig. 1d). Some results are given in Fig. 3. To make the
explanation straightforward, we roughly divide the cars into light,
dark, and gray ones.

First, we consider the light cars. The first row in Fig. 3 shows six
successive images of a light car at three-field intervals. The
corresponding classification results are given in the second row,
where two observations are used and (10) is adopted as the
optimization criterion. The light car is clearly distinguished from
other categories, even if context-dependence is not used. This
means light cars stand out distinctly from background objects and
shadows.

By “dark cars,” we mean the cars whose intensities are not so
different from those of shadows. Dark cars are particularly
problematic since they are easily confused with shadows by the
tracker. The HMM using only the intensity observation allows
definition of light cars in a robust way, but the model does not
work well for dark cars. Part of a dark car is more likely to be
classified as shadow. This is because the distributions of different
categories overlap, namely, the gray-value of an HMM region that
belongs to F (a dark car) also falls in the support of the shadow
distribution and, moreover, the probability of the foreground is
very low.

Introducing the second observation contributes to the robust-
ness of foreground object recognition. With a 2D feature vector
composed of the two observation symbols, the area proportion
where the densities of different categories overlap becomes less
than the area proportion with a 1D feature vector. Thus, the Bayes
risk is reduced. To confirm effectiveness, we test a sequence in the
same area by using intensity alone and by using wavelet
coefficients together with intensities as the observations. The
results with 1D and 2D features for a dark car (see the third row)
are shown in the fourth and fifth rows, respectively. Equation (10)
is used in both cases for state estimation. In the fourth row, only
the light portions such as the roof and lamps are classified as
foreground. A larger percentage of the dark car stands out more in
the fifth row than in the fourth row. The sixth row is also the result
of the same images. The difference from the fifth row is that we
adopt (11) as the optimization criterion rather than (10). The state
estimation based on (11) is applied to the area of interest in raster
order and repeated three times. By incorporating the measure of
the context-dependence, the results are improved.

Some results concerning the “gray car” are shown in the
remaining images of Fig. 3. The images are shown in the seventh
row. The results based on individual HMM regions are shown in
the eighth row the results with the context-dependence among
HMM regions are shown in the last row. A similar

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 24, NO.9, SEPTEMBER 2002

misclassification problem also occurs with gray cars because the
distribution of gray cars overlaps with the distribution of the
background. However, since the variance of the background is
usually much smaller than that of the shadow, the risk of a gray car
being confused with the background is lower, as seen in Fig. 3.
The state estimation process has been implemented on an SGI
02 R5000 SC 180 entry-level desktop workstation and is able to run
at the field-rate of 50 Hz (real time). Some video clips including
these results are provided on our web page at URL http://
www.watanabe nuie.nagoya-u.ac.jp/member /jien/demo.htm.

6 CONCLUSION

We proposed a new HMM-based segmentation method which is
able to model shadows as well as foreground and background
regions. A considerable advantage of this model is that this model
performs accurate segmentation of foreground objects out of
background objects and shadows, as seen in Fig. 3. The model also
enables the tracker to perform the state estimation in real time
because the state estimation is based only on the past observation
and the estimation criterion is defined recursively. Another
advantage is that, unlike other approaches, it is no longer
necessary to provide specific data for training. All the HMM
parameters are estimated by the EM algorithm from an ordinary
video sequence.

Our contrived techniques are especially useful for reliable
extraction of the foreground objects. First, the state estimation
algorithm is developed to perform context-dependent classifica-
tion. By incorporating the measure of the context-dependence, the
results are improved significantly. Second, introducing the second
observation contributes to the robustness of foreground object
recognition. Though the high frequency wavelet coefficients are
effective for traffic monitoring movies, the choice of filters is open
to further discussion. Finally, the constrained model imposes
temporal continuity constraints on the foreground objects and
contributes to the robustness of foreground object detection.

Based on the experimental results, we can see our proposed
method works as a low-level car tracker. Since this low-level
tracker runs comfortably in real time, it also offers the possibility of
being used as a low-level component for a high-level tracking
approach [8].
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