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SUMMARY
Automatic traﬃc surveillance based on visual
tracking techniques has been desired for many years. This paper
proposes a basic highway surveillance system using an HMMbased segmentation method. The presented system meets the
essential requirement of ITS: real-time running. Its another advantage is robustness to the shadows of moving objects, which
have been recognized as one of main obstacles to robust car tracking. At present, using the system we can estimate velocity of
vehicles with high accuracy. For acquiring metric information in
the real world, the system does not require a precise calibration
but only needs four point correspondences between the image
plane and ground plane.
key words: traﬃc surveillance, car tracking, hidden Markov
model, car speed estimation

1.

Introduction

Utilizing visual information is the most suitable way to
grasp circumstances in many cases. From this point
of view, automatic traﬃc surveillance based on computer vision techniques has been of interest for many
years [17]. Initial purposes of such surveillance systems
include obtaining information about road usage that
helps road engineers to ﬁnd out the areas in need of
alteration of existing traﬃc patterns. Recently, more
interest has focused on acquiring information for ITS
(Intelligent Transport System) [22]. One required function of the systems is to alert drivers to problems in
advance, for example, heavy congestion or other exceptional events ahead on the road. Naturally, such
systems need to work in real time and to operate robustly in real-world traﬃc environment. In this paper,
we propose a basic highway surveillance system based
on visual tracking techniques. This system achieves
real-time working and is robust to the shadows of moving objects, which have been recognized as one of main
obstacles to robust car tracking [9].
Ideally, a highway surveillance system with the objective of providing ITS with a variety of traﬃc information should perform the following tasks:
• Count vehicles and estimate the speed of vehicles
• Monitor lane occupancy and detect lane-changing
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• Classify vehicles into diﬀerent groups: trucks, cars,
cars with trailers, motor bikes, etc.
• Report exceptional events such as congestion, accidents and breakdowns of vehicles
In order to acquire any kind of above information from
images, it is necessary to track vehicles reliably over
time on traﬃc surveillance movies. Tracking vehicles
have been achieved in diﬀerent approaches [1], [3], [6],
[8], [13]–[15]. Now we survey these approaches according to the dimensionality of the representation for target objects.
Three-dimensional model-based approach usually
represents each type of vehicle by the skeleton of the
object or a wire frame model. Koller et al. [14], [15] and
Baker et al. [1] demonstrated that trajectories of vehicles could be recovered with high accuracy in 3-D-based
approach, although the systems were computationally
expensive and did not run in real time. The most serious weakness of this approach is the reliance on very
detailed models for all vehicles that can be found on
roadways.
On the other hand, the idea of region-based tracking is to model each vehicle as a connected region, to
identify it in the image and then to track it over time
using techniques such as cross-correlation measure [13].
This approach can be evaluated as a two-dimensional
model-based one. A common problem with regionbased methods is the diﬃculty in segmenting individual
vehicles under congested traﬃc condition: so-called occlusion problem [8].
Active contour or snake [3] can be regarded as a
1-D model-based approach. The basic idea of this approach is to generate a representation of the bounding
contour of an object and to keep dynamically updating
it. The merit of having a contour based representation
is of course reduction in computational complexity. Ferrier et al. [6] built an active contour-based car tracker
that ran in real time.
Distinct completely from the approaches mentioned thus far, feature-based approach abandons the
idea of tracking objects as a whole, but instead tracks
distinguishable points such as corners of objects. We
thus evaluate it as zero-dimensional model-based approach. The advantage of this approach is that even
in the presence of partial occlusion, some of the subfeatures of moving objects remain visible. Since ve-

IEICE TRANS. INF. & SYST., VOL.E85–D, NO.11 NOVEMBER 2002

1768

hicles have similar features, the diﬃculty is to ﬁnd a
method to group the feature points. Grouping process
should distinguish a vehicle from its neighbors by using
motion parameters such as speed, acceleration and lane
drift. The grouping algorithms are usually complex and
computationally expensive.
In eﬀect, acquiring most of desired traﬃc information (as listed above) does not require precise 3-D
modeling of the objects. From this viewpoint, the highway surveillance system presented in this paper exploits
an HMM-based (hidden Markov model) segmentation
method as a low-level car tracker, which essentially belongs to the region-based approach. This method has
two characteristic aspects. On one hand, it deals with
the problem of shadows of moving objects. Shadows of
vehicles obstruct robust car tracking, however, it is difﬁcult to remove the shadows by using traditional image
diﬀerentiation techniques (either background subtraction or inter-frame diﬀerentiation). As yet we have not
found any existing method which is able to track vehicles excluding the shadows. Our method alleviate this
problem considerably by modeling shadows as well as
foreground and background objects through one HMM.
The basic idea of the segmentation method has been
addressed in [9], [10]. On the other hand, although image segmentation based on HMMs is generally computationally expensive, in our system a mechanism realized by a forward procedure of state estimation makes
real-time car tracking possible with modest hardware.
In Sect. 2, we ﬁrst give the approach of our highway
surveillance system. Section 3 summaries the HMMbased segmentation method for completeness, and then
Sect. 4 extends this method into a car tracker via introducing context-dependence among neighboring HMM
regions. In Sect. 5, we set out a simple calibration for
real-time recovery of Cartesian trajectories of vehicles
based on only four point correspondences between the
image and ground, rather than a precise calibration
as described in [5]. Experimental results of estimating velocity of vehicles on real-world video sequences
are shown and discussed in Sect. 6. Finally, we draw
conclusions and point out future work in Sect. 7.
2.

Approach

In our approach, tracking vehicles means to perform
accurate segmentation over time of the foreground objects, vehicles, from background objects and the shadows (of vehicles). Shadows of moving objects are regarded as an individual category because they move but
do not belong to the foreground. Previous work [12],
[21] has revealed that such shadows are one of the main
factors that disturb tracking process and need to pay
special attention. We employ an hidden Markov model
to classify and segment each ﬁeld image of traﬃc movies
into three diﬀerent categories: foreground (F), background (B) and shadow (S). The motivation of using

HMMs springs from two aspects. Firstly, an HMM is
suitable to incorporate temporal continuity, namely, the
nature that a pixel belongs to a certain category for
a period of time. The use of temporal continuity enhances the performance of segmentation of the system.
Secondly, HMMs allow to learn model parameters from
an ordinary image sequence. Being free of requirement
of speciﬁc learning data leads to considerable simpliﬁcation in model parameter training stage.
Images of a surveillance movie are divided into
non-overlapping small regions with equal size (called
HMM region). Each region location is modeled as an
HMM (1-D HMM) to take into account the temporal
continuity of diﬀerent categories along a time-axis † . Intensity and wavelet coeﬃcients in high frequency bands
are used as observations in our approach. The use of
the second 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, since
the foreground objects are usually sharply focused and
have more details within the objects than the out-offocus background and shadow regions.
The system is mainly composed of two phases: the
learning phase and the tracking phase. In the learning
phase, the system learns the unknown HMM parameters with an EM-type (Expectation-Maximization) algorithm [4] for individual region locations or relearns
the parameters when necessary, based on the observations over several seconds of a video sequence. In the
tracking phase, the system classiﬁes each region in a
ﬁeld image of a movie into F, B and S by a state estimation algorithm, given the learned model and observed data. This state estimation algorithm performs
context-dependent (or spatial) classiﬁcation of individual regions in each ﬁeld image. As a result, the foreground regions can be segmented out from background
and shadow regions over time.
3.

HMM-Based Segmentation Method

3.1 The Hidden Markov Model
It is postulated that there are three states in the HMM
and that there is a unique mapping from the states to
the categories. At any discrete unit of time, an HMM
region is assumed to exist in one of the states. Transitions between the states take place according to a probability, depending only on the state of the system at
the immediately preceding unit of time (a ﬁrst-order
Markov). Two observations (intensity and wavelet coeﬃcients in high frequency bands) are treated as a 2-D
feature vector. At each unit of time, a feature vector is
generated from the current state according to a probability distribution, depending only on this state. The
†
All region locations have the same model but diﬀerent
model parameters.
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states in the HMM represent abstract quantities (the
categories F, B and S). They can never be observed
but correspond to the “clusters” of contexts that have
similar probability distributions of the observable feature vectors [16].
The model is characterized by the following parameters: the initial state distribution, the state transition
probabilities and the observation probability distributions for each category. Let S = {Sf , Sb , Ss } be the
states corresponding to categories F, B and S. The
parameters of the HMM, notated as Ω = {A, B, π}, are
deﬁned as follows:
• Initial state distribution: π = {πb , πs , πf },
πi = Pr(Si at t = 1).
• State transition matrix:


abb abs abf
A =  asb ass asf ,
af b af s af f
aij = Pr(Sj at t + 1|Si at t).
• Observation probability distribution in state j:
B = {bj (v)}, bj (v) = Pr(v at t|Sj at t), where
v is the 2-D feature vector generated by the ﬁrst
and second observations: intensity and wavelet coeﬃcients.
We approximate the probability distributions of B and
S by 2-D Gaussian densities, i.e.
t −1
1
1
e− 2 (v−µi ) Σi (v−µi )
bi (v) = 
2
(2π) det(Σi )
i ∈ {b, s}.

(3)
(4)

(5)

(6)

where γt (i) = Pr(Si at t|V, Ω) and ξt (i, j) = Pr(Si at
t, Sj at t+1|V, Ω) are auxiliary probabilities that can be
eﬃciently calculated by the so-called forward-backward
algorithm [19]. V = {v1 , . . . , vT } is a sequence of observation symbols.
To set initial parameters properly, time constants
τb , τs and τf are deﬁned as the typical duration time
in which a pixel belongs to B, S and F. Let also λb ,
λs and λf be the proportions of the time spent in B, S
and F with λb + λs + λf = 1. The initial parameters
for the state transition matrix are chosen as


1 − τ1b τ1b Λsf τ1b Λf s
A =  τ1s Λbf 1 − τ1s τ1s Λf b 
1
1
1 − τ1f
τf Λbs
τf Λsb
Λij = λi /(λi + λj )

π = {λb , λs , λf }.

(1)

where the subscripts 1 and 2 mean the ﬁrst and second observations, respectively. On the other hand, we
model the probability distribution of F by a uniform
probability density, namely,
1
256 × 512

π i = γ1 (i)
T
vt γt (i)
µi = t=1
T
t=1 γt (i)
T
γt (i)(vt − µi )(vt − µi )t
Σi = t=1
T
t=1 γt (i)
T −1
ξt (i, j)
aij = t=1
T −1
t=1 γt (i)

(7)

and those for the initial probability to be

The mean vector is denoted by µi = (µi1 , µi2 ) and the
covariance matrix by
 i

i
σ11 σ12
Σi =
i
i
σ21
σ22

bf (v) =

re-estimation formulae for π, A and B are deﬁned as

(2)

where 256 corresponds with the gray level of the ﬁrst
observation and 512 gives a range of variation of the
second observation.
3.2 Parameter Learning and Initialization
The aim of parameter learning is to ﬁnd the model parameter Ω which maximizes L(V, Ω) = log[p(V |Ω)] for
a given set V of observed data. We use Baum-Welsh
algorithm [2] to generate a sequence of estimates for Ω
given V , so that each estimate Ωi has a greater value
of log[p(V |Ω)] than the preceding estimate Ωi−1 . The

(8)

The initial parameters for state distributions are
determined in the following ways. The mean vector µb
is initially estimated by the modes of intensities and the
wavelet coeﬃcients at a given region location, because
λb  λs and λb  λf generally hold, while the covariance matrix Σb is determined empirically. The initial
s
are selected based on the asparameters for µs1 and σ11
sumption that the intensity of the shadow is lower than
that of the background, i.e.

 s 2
b
µ1
µb1 + 2 σ11
s
s
, σ11 =
µ1 =
.
(9)
2
2
The rest initial parameters for µs2 and other elements
of Σs are given the same values as the corresponding
parameters for the background.
The model parameters are re-estimated according
to Eqs. (3)–(6) until the likelihood probability stabilizes
(most around 10 times). Learned probability distributions for F, B and S at one region location are shown
in Fig. 1.
4.

State Estimation with Spatial Information

The method described in the preceding section models
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(a)

(b)

(c)

(d)

Fig. 1 Probability distributions are learned for Sb , Ss and Sf at one region location.
(a) Background, (b) Shadow, (c) Foreground, and (d) The three put together. In (a)–
(d), the ﬁrst observation, intensity, uses output of a 4 × 4 mean ﬁlter, and the second
observation, wavelet coeﬃcient, is calculated as the variance of the wavelet coeﬃcients in
high frequency bands.

each region location of image sequences independently
of neighboring region locations along a time-axis. From
the viewpoint of tracking, however, it is vital to segment
foreground objects out as a connected region at each
time unit, and moreover to achieve it in real time. We
attack this problem by introducing context-dependence
among neighboring HMM regions into the HMM-based
segmentation method. Concretely, we incorporate spatial information into the criterion for choosing an optimal state sequence associate with a given series of
observations. Let the value of a state at region (i, j) be
notated by Si,j , and the values of a state set at neighborhood Ni,j of region (i, j) by SNi,j . The criterion
adopted is deﬁned as
argmax {Pr(v1 , . . . , vt , Sk at t|Ω)

k∈{b,s,f }

· Pr(Si,j = Sk |SNi,j )}.

(10)

The ﬁrst term in Eq. (10) takes into account the joint
probability of the state at time t and the past observations {v1 , . . . , vt } given the model Ω, from the
viewpoint of the temporal context. The second term
means the probability of the state being Sk at region
(i, j), given the probability of state set SNi,j at neighborhood Ni,j of region (i, j). Hence, it incorporates
spatial relationships among individual HMM regions,
from the viewpoint of the spatial context. We deﬁne
Pr(Si,j |SNi,j ) as
Pr(Si,j |SNi,j ) ∝ exp(κϑ(Si,j ; SNi,j ))

(11)

where κ indicates a parameter that measures the
strength of the context-dependence among the neighboring HMM regions. The function ϑ(Si,j ; SNi,j ) is selected as
ϑ(Si,j ; SNi,j ) =
8
(s,r)∈Ni,j

1
I(i, j, s, r)
16

+
16
(s ,r  )∈Ni,j

I(i, j, s, r) =

1
I(i, j, s , r )
32

1 Si,j = Ss,r
0 Si,j = Ss,r

(12)

(13)

8
16
where Ni,j
and Ni,j
are the 8-neighbors of region (i, j)
with distances 1 and 2, respectively. Note that Eq. (10)
can be solved by the forward procedure alone [19]. Since
the ﬁrst term in Eq. (10) is deﬁned inductively, it is possible to perform state estimation (segmentation) with
Eq. (10) in real time.
In order to segment a foreground object as a connected region, the state estimation with Eq. (10) should
be repeated several times. Experiments show that three
re-estimations seem suﬃcient to obtain good results.
The tracking process based on the segmentation
method described so far includes three conditions as depicted in Fig. 2. Condition 2 in Fig. 2 denotes resetting
the process to start tracking, condition 3 corresponds
to tracking a vehicle, and condition 1 is entered when
no vehicle is present in the area to be monitored. Fig-
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Fig. 3 Tracking a car over an area for testing. In the lower images, foreground, shadow
and background are indicated in black, gray and white, respectively. A cross at the center
of a foreground region means that the object is being followed by the tracker.

Fig. 2 A three-condition tracking process. Number i indicates
condition i.

ure 3 demonstrates that the tracker catches hold of a
vehicle when passing through a small area for testing.
Multi-vehicles are able to be tracked simultaneously.
5.

Acquiring Metric Information in World

This section discusses the real-time recovery of Cartesian trajectories of vehicles when moving on the ground.
Surveillance movies are supposed to be taken from
a video camera placed on a bridge or a pole above the
traﬃc area to be monitored, and hence restricted to
a certain geometry (Fig. 4). To model the behavior
of a perspective mapping between image plane π and
ground plane Π, we deﬁne a ray model as a set of rays in
a 3-D space R3 , in which all rays emanate from a common origin (the center of the lens) and only the direction of a ray is important [18]. A ray intersects the two
planes in the corresponding perspectively transformed
points, for example, points d and D in Fig. 4. This relationship can be interpreted by considering each of π
and Π to be a single plane which is transformed from
one plane to the other by transforming the coordinate
system of ray space.
It is usually possible to model the arbitrary relationship between π and Π by rotation and anisotropic
scaling of the rays in R3 (aﬃne approximation [18],
[20]). Rotation and scaling of R3 can be represented
by a general 3 × 3 matrix multiplication. Hence, any
corresponding points x and X on the two planes can be
related by a transformation matrix M (= {mij }; i, j =
1, 2, 3) as
λx = M · X

(14)

where x and X are expressed in homogeneous coordi-

Fig. 4 The geometrical relationship among the camera, the image plane and the ground plane.

nates: x = (x1 , x2 , x3 )t and X = (X1 , X2 , X3 )t , and λ
denotes an arbitrary scalar. The existence of λ means
the scale uncertainty. As a result, only eight out of the
nine matrix elements are independent and recoverable.
If the transformation is represented in Cartesian
coordinates, each point in the planes provides two
Cartesian coordinate equations, namely,
L · M = H
where





L=



..
.
Xi
0
..
.

(15)

..
.
Yi
0
..
.

..
.
1
0
..
.

..
.
0
Xi
..
.

..
.
0
Yi
..
.

..
.
0
1
..
.

..
.
−xi Xi
−yi Xi
..
.

..
.
−xi Yi
−yi Yi
..
.








(16)
M  = (m11 , m12 , m13 , m21 , m22 , m23 , m31 , m32 )t
(17)
and
H = (. . . , xi , yi , . . . )t .

(18)

As a result, four point correspondences (no three of

IEICE TRANS. INF. & SYST., VOL.E85–D, NO.11 NOVEMBER 2002

1772

those are collinear) between two projectively transformed planes can deﬁne the transformation matrix uniquely. For instance, when we have world
points A, B, C, D with coordinates (0, 0), (9, 0),
(9, 54), (0, 54) (unit: meter), and corresponding image
points a, b, c, d with coordinates (0, 0), (117, 0),
(277, 221), (−93, 221) (unit: pixel), the parameters
for the projectivity are calculated as M  = (0.0769231,
0.0323703, 0.0, 1.5546e − 17, 0.772711, 0.0, −1.30337e −
18, 0.00978458).
6.

Experimental Results

Our system is implemented on an SGI O2 R12000 300S
entry-level desktop workstation and is able to run at the
ﬁeld-rate of 60 Hz (real time). The tracking process has
been tested extensively and the results on real-world
highway sequences show that it is possible to accurately
distinguish vehicles from background and shadow regions by proposed segmentation method. Some video
clips that demonstrate the validity of this method are
provided on [11]. In this section, we primarily focus
on the experiments of recovering velocity of vehicles,
the fundamental traﬃc information required by a highway surveillance system, using the calibration system
described in Sect. 5.
Several driveways around Aichi Prefecture are
ﬁlmed by a CCD-TR705 Handycam camera (Sony)
to acquire testing data for experiments. The reason for selecting driveways rather than highways is to
conveniently obtain ground truth information by car
speedometers. Surveillance movies are taken from overpasses above traﬃc areas of interest. This location is
subject to vibration from traﬃc and wind. Each new
camera position requires learning of the model parameters and determining the new projective relationship.
The experimental results discussed below are obtained from a video sequence of a time period of one
hour. Cars participating in the experiments were required to drive through a speciﬁc area, within the
camera’s visual ﬁeld, at any nearly constant speed
(Fig. 5 (a)). One 30 second video fragment situated in
the beginning of the sequence was used to learn the
model parameters, and there was no parameter updating during the whole testing period. That means the
time intervals between the learning sequence and the
testing sequences were up to one hour.
So as to recover the unknown elements in the transformation matrix, M , we choose four point correspondences between the image and the ground planes as
shown in Fig. 5. The Cartesian coordinates for these
points on the ground plane can be acquired by knowledge about road markers, for instance, the width of
roads, the length of line segments in the center of roads
and their interval† . While, the coordinates of corresponding points on the image plane can be easily obtained from their pixel locations. In the camera posi-

(a) Camera view of road

(b) Plane view of
road

Fig. 5 Velocity of vehicles is calculated by the projective transformation between the image and ground planes. World points
A, B, C, D and corresponding image points a, b, c, d are used for
calibration procedure. The trajectories of the car (moves toward
the camera) are represented with ﬁlled circles at the positions
where the centers of vehicle regions occur. It is worth to note
that when a car is farther from the camera, the tracker is less
sensitive to the movement of the car. This fact can be taken into
account when choosing tracking areas.

tion shown in Fig. 5 (a), we select world points A, B,
C, D and corresponding image points a, b, c, d. They
have the coordinates described in the preceding section, under the identical Cartesian coordinate system.
By further setting m33 = 1 to eliminate the scale λ,
the transformation matrix for the projection are hence
calculated as follows:


0.0769231
0.0323703 0.0
0.772711 0.0 . (19)
M =  1.5546e − 17
−1.30337e − 18 0.00978458 1.0
The transformation between the two planes allows
us to calculate velocity of vehicles based on frame count
and the image displacement of the regions classiﬁed as
foreground. Figure 5 (a) shows the target car being
tracked over an area (trapezoid) consisting of 50 HMM
regions in length and each region has 4 × 4 pixel size.
The trajectories of the car on both image and ground
are shown in Figs. 5 (a) and (b), respectively, with the
centers of detected foreground regions at successive
frames. Since the car is ﬁrst grasped at the 215-th
frame in world position xw = 1.9365, yw = 0.765224
(xi = 25, yi = 1 on the image), and released at the
317-th frame in xw = 1.85474, yw = 43.4484 (xi = 1,
yi = 125), it moves over 42.753482 meters during 3.4
seconds. That implies a speed of 44.9735 km/h.
Estimated velocities for ﬁve appearances of two
cars are summarized in Table 1. The second column of
Table 1 shows velocities that average every eight frame
speeds, and third one give speeds calculated according
to the instants a vehicle is grasped and released by a
†
The area determined by the four points in Fig. 5 (a)
has the width same as that of the road, and the length
just including three line segments with four intervals on the
center of the road.
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(a)

(b)

(d)

(e)

(c)

Fig. 6 Estimated velocity of vehicles at each ﬁeld well converge on the speed given by
a car speedometer. (a)–(e) correspond to two cars’ ﬁve appearances in an area of interest
for surveillance. t = 0 means the moment the tracker catches the target.
Table 1

Statistics summary.

No.

AV (km/h)
Error Rate (%)

V (km/h)
Error Rate (%)

GT
(km/h)

1

45.2095
0.4566
50.83
5.8958

44.9735
0.0589
50.5531
5.3190

45

3

45.21
7.6429

45.1455
7.4893

42

4

47.8271
1.7598
43.1123
2.6483

47.9606
2.0438
42.6832
1.6266

47

2

5

48

42

tracker. Ground truths from car speedometers are indicated in the last column. Error rates between estimated
velocities and ground truths are also listed below each
approximated value. Many factors, aﬃne approximation of projective transformation, a bigger HMM region
size, inaccuracy of the car speedometers, etc. potentially cause the errors, nevertheless the results given in
Table 1 oﬀer good precision for car speed estimation.
In addition, we plot estimated velocities at one
ﬁeld interval in graphs (Fig. 6) to provide somewhat intuition how the velocities change as time passes. It can
be observed from Fig. 6 that after almost two seconds
elapse since the tracker catches a target, the car speed
estimated by the system considerably converges on the
ground truth. When a car is farther from the camera,
the tracker is less sensitive to the movement of the target because the movement is smaller. This is the reason
why detected vehicle’s centroids in Fig. 5 (b) distribute
at larger (precisely irregular) intervals at ﬁrst. This
fact can be taken into account when choosing tracking
areas.

We have emphasized that one characteristic of our
method is the capability of tracking vehicles excluding the shadows. This is conﬁrmed by two examples
shown in Fig. 7 where the target cars on the right lane,
surrounded by large shadows cast by the trucks on
the left lane, are reliably tracked over time, independently of the shadows. In the examples both vehicles on left and right lanes are distinguished distinctly,
while some traditional methods could detect only the
trucks and would miss the vehicles in the shadows. The
speeds estimated by the system for those cars totally
accord with the velocities measured on video sequences
by hand† . These results suggest that our method is
also eﬀective for estimating the speed of the vehicles
in the shadows. Some practical traﬃc monitoring systems abandon the notion of discriminating the vehicles
from shadows, however examples shown here give us an
idea of how important discrimination of foreground objects from shadows is, so as to acquire accurate traﬃc
information.
7.

Conclusion

The objective of the work described in this paper is
to apply our foreground-background-shadow segmentation method to the real problem of highway traﬃc
surveillance, and to examine the validity of this method
as a low-level car tracker through estimating velocities
of cars. From this point of view, we have extended our
method to car tracking and developed a basic highway
surveillance system.
The contributions of this paper are summarized
†
These sequences are provided without ground truth information.
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ﬁeld 730

ﬁeld 732

ﬁeld 734

ﬁeld 736

ﬁeld 738

ﬁeld 740

ﬁeld 1170

ﬁeld 1172

ﬁeld 1174

ﬁeld 1176

ﬁeld 1178

ﬁeld 1180

Fig. 7 Two examples of tracking cars excluding shadows. Though the target cars on
the right lane are within large shadows cast by the trucks on the left lane, they are reliably
tracked over an area for test (denoted by a rectangle). Foreground: black, shadow: gray
and background: white.

as follows.
Firstly, we incorporated the contextdependence (formalized in Eq. (10)) among neighboring
HMM regions at each time unit into state estimation
(segmentation) phase. This not only promotes segmentation performance of the method, but makes it possible to ﬁnd a foreground object as a connected region.
This is also necessary for computing car speeds. Secondly, we designed a simple calibration that allows to
calculate the speeds of vehicles while moving on the
ground, using four point correspondences which are
usually obtainable from the existence of road markers.
Finally, several experiments utilizing car speedometers
as ground truth conﬁrmed the practical eﬃcacy of our
method, and the robustness of the method against the
shadows.
Light conditions vary all the time. Our basic attitude toward this kind of alterations is to make HMMs
suit the changing light conditions through updating the
model parameters. This can be simply achieved by a
re-learning process. However, the adaptiveness of the
method for special time zones such as night, early morning, etc. or for inclement weather has not been tested.
Problems caused by congested traﬃc conditions are also
not discussed in this paper. These issues will be the
subjects of future work.
The HMM-based segmentation method that plays
important role in the system was initially developed as
a low-level component for a high-level contour-based
tracking process. Low-level approaches are fast and
robust but convey little information other than object centroid. By “high-level” here, we mean that
the trackers can follow complex deformations in highdimensional spaces by including high-level shape and
motion models [7]. Challenging further work will be to

incorporate low-level information from our HMM-based
component into a high-level contour-based tracker, under a consistent probabilistic framework. Introducing
such a high-level foreground model will enhance the
robustness of the system against the alterations from
both light and weather conditions, and will contribute
to solving various problems from congested traﬃc conditions.
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