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Abstract

We propose an approach for vehicle tracking in a low an-
gle camera sequences based on background subtraction and
region tracking. We extract vehicle contours and use the
shape and size information of the foreground objects to ob-
tain occlusion boundaries. Along the same lines, a gradient
based approach is described for segmenting occluded ve-
hicles. We effectively account for shadows arising in the
image regions that interfere in our tracking results. Experi-
mental results are shown for different cases with a best suc-
cess rate of about 93%.

1 Introduction

Traf�c management and surveillance has acquired a great
importance in recent years due to our increased dependence
on modern transportation systems. Vehicle tracking forms
the basis of many modern traf�c management systems. Ve-
hicle tracking in real world sequences is contingent upon a
large number of factors which may signi�cantly affect the
outcome of the algorithm. For example changes in scene
illumination conditions, background, presence of different
kinds of vehicles on the road, traf�c conditions, camera
noise are some of the factors which may affect the results
of the tracking algorithm. This makes tracking vehicles a
challenging problem.

We try to solve a special case in vehicle tracking
wherein, the sequences are generated by a low-angle off-
axis camera. This means that the camera is placed on the
side of the road at a very low height. A typical image be-
longing to a video sequence taken from a low angle camera
placed on one side of the road is shown in Figure 1a. Figure
1b shows an image from a sequence shot on top from an
overpass. As seen in the �gures,the most prominent prob-
lem is that of occlusions. Large vehicles can easily occlude
smaller vehicles traveling behind them or in the adjacent
lane for a large part of sequence. The problem of occlu-
sion is compounded if the two nearby vehicles are traveling
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Figure 1: Comparison of low and high angle camera scenes.
(a)Low camera angle scene.(b) High camera angle scene.

with the same velocity as it becomes dif�cult to segment the
two vehicles and their trajectories. In a typical high camera
angle case shown in Figure 1, heights of the vehicle can
be considered as negligible. This simpli�es the problem a
great deal as the solution can now be found using any suit-
able method by modeling the vehicles as rectangles. As the
angle becomes low, 3D shape of vehicles (height) and their
orientation becomes a signi�cant factor and cannot be ig-
nored.

Most of the previous work on vehicle tracking concen-
trates on high camera angle scenarios with a few exceptions.
Different kinds of approaches are used depending on the
type of sequence and the nature of results desired. Detec-
tion and tracking of vehicles using 3D geometric models is
discussed in [10], [8]. Appearance based model of vehicle
surfaces are used to track vehicles in [5]. Tracking vehi-
cles by estimating the state of pixels using spatio-temporal
Markov random �elds is described in [7]. A real time sys-
tem to track the sub features of vehicles is described in [3].
The feature tracks are grouped over time using motion cues
to segment the vehicle and generate vehicle trajectory infor-
mation.

A method proposed in [4] extends the idea of feature
points tracking in low camera angle scenarios and produces
good results in terms of accurately grouping feature points
belonging to different vehicles even though the accuracy of
vehicle description at the boundaries is lacking on certain
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occasions. This is because of occlusions, effects of shadows
and tracking errors. The features are detected and tracked
using KLT feature tracker ([1]). The features may straddle
depth discontinuities (on occlusion boundaries) or shadows
or it may so happen that all the features belonging to one
particular part of a vehicle are lost due to tracking errors
or sudden change in illumination (for example a car pass-
ing through the shadow region of a truck). This may lead to
confusion regarding the state of the vehicle. Accurate shape
information of a vehicle cannot be obtained only from the
tracked feature points. Vehicle boundary information gives
a better idea whether the vehicle is occluded or fully visible.
A lot of information can be gathered from the boundaries
such as depth and motion discontinuities, gradient change
or color that can be very useful in segmentation of vehicles
and occlusion handling. Appropriate shadow detection and
removal is important for reliable blob tracking and its lo-
calization. Shadow detection is important step for outdoor
tracking of object. Shadow cause hindrance in proper de-
tection of object boundaries or object localization in image.
Secondly shadows also cause occlusions in traf�c scenes
and if properly accounted for, they can help in occlusion
handling.

Our work is fundamentally similar to the one described
in [9] and [6]. We perform background subtraction to ob-
tain foreground regions pertaining to the vehicles. While
Kalman �ltering is used to track blobs in [9], we track the
foreground regions using an algorithm that calculates the
area of overlap between the regions in consecutive frames
for establishing correspondences between the regions. This
algorithm is a variation of the graph based tracking algo-
rithm mentioned in [6]. Vehicle contours are obtained from
the tracked regions. [9] uses depth based occlusion reason-
ing to handle occlusions. We rely on shape and size of the
foreground regions, the gradients associated with them and
our apriori knowledge about the scene to handle occlusions.
We then effectively account for shadows that interfere in
generating vehicle contours. Shadow detection algorithm is
based on algorithm presented in [2]. The principal behind
shadow detection algorithm is that the ratio of the intensity
of a pixel belonging to the shadow region in a frame with
the corresponding pixel in the background image is roughly
constant. We use gradients associated with a region to de-
tect shadows without assuming any apriori knowledge about
the nature and direction of the shadow.

2 Region Tracking

Region tracking comprises of generation of background im-
age from the images in the sequences, subtracting the back-
ground from the current frame and thresholding it to obtain
foreground regions, performing morphological operations
and tracking blobs from one frame to another.

a b

Figure 2: Background Generation.(a)Image Sequence 1.(b)
Background for image sequence 1. The backgrounds are
generated by performing median �ltering on the input im-
age sequences.

2.1 Background Subtraction

Background subtraction is a straightforward method of ob-
taining the objects moving on a stable background. Ifx is
an image location then, foreground regionsF g(x) are ob-
tained by subtracting the background imageBg(x) from the
current imageI (x).

F g(x) = I (x) � Bg (x)

Background subtraction is important in the overall success
of the tracking algorithm as it forms the basis of region gen-
eration. An ideal background subtraction algorithm should
be invariant to changes in the scene illumination, adapt to
changes in the background over time and still be simple to
compute. There exists a trade off between the simplicity of
algorithm and its performance in terms of above mentioned
factors.

The key function here is to generate a background im-
ageBg(x) form the images available in the sequence. The
techniques for generating the background can be broadly
classi�ed into two classes, namely recursive and non recur-
sive. While non-recursive techniques such as median �lter-
ing, linear predictive �ltering require a large buffer of im-
ages to generate the background, they are relatively easy
implement, more adaptive to changes and less error prone
as compared to the recursive techniques like Kalman �lter-
ing or mixture of Gaussian.

We use a simple median �lter which operates on the prin-
cipal that a pixel in an image represents the background for
more that half the total number of images in the sequence.
The results of background subtraction are shown in Fig-
ure 2b and the corresponding image sequences are shown
in Figure 2a.

The foreground imageF g(x) is then thresholded to ob-
tain a binary image. Initial threshold is provided to the al-
gorithm and for every image the threshold is iteratively cal-
culated by locating the minima between two peaks of the
intensity pro�le of F g(x).

Bn (x) = f 1; Fg (x) > Th ; 0; Fg (x) < Th
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Figure 3: Background Subtraction.(a)Foreground regions
for sequence 1.(b) Foreground regions for sequence 2.

We perform morphological operations such as dilation and
erosion on the foreground regions obtained form back-
ground subtraction to eliminate regions generated by noise.
We then look for regions whose area is above a certain
threshold(determined experimentally) to make sure that
only regions associated with vehicles are considered. The
foreground regions that we obtain are shown in Figure 3a
and b corresponding to the image sequence 1 (Figure 2a)
and 2 (of Figure 1a) respectively.

2.2 Tracking

The process of tracking blobs is essentially establishing cor-
respondences between the blobs in consecutive images. We
use a straightforward method of �nding area of overlap be-
tween the blobs in consecutive frames. See Figure 4a and
b which shows the blobs in two frames of sequence 2 (See
Figure 2). The numbers on the blob indicate the associa-
tion of each blob in frame 1 with the corresponding blob in
frame2.

Afg i;n is the area of thei th region in thenth frame and
in present case it is the total number of pixels in that region.
The overlapping area of a blobOA i;n in consecutive frames
is the number of pixels common to both the regions and is
given by

OA i;n = Afg i;n \ Afg i;n � 1

. We maintain a association table for a pair of frames de-
scribing the association of each region in the current frame
with the region in the previous frame based on the overlap
area calculated above. If a new region is detected in the
current frame then a �eld is added in the table with a zero
association while if a region exits the tracking area then the
corresponding �eld in the table is deleted.

Obtaining vehicle contours from the tracked foreground
regions is then a comparatively straightforward task and is
done by region boundary �nding techniques such as wall
following algorithm.
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Figure 4: Blob Tracking.(a)Foreground regions for frame
1 of sequence 2.(b) Foreground regions for frame 2 of se-
quence 2.

3 Occlusion Handling

A limitation of background subtraction and region tracking
techniques is that if the vehicles are partially occluded then
they are all considered as a single blob. Effective segmen-
tation of vehicles is not possible in such a situation only
using region tracking techniques. For this reason multiple
cues can be used to satisfactorily conclude about the vehicle
boundaries. These cues can be static cues (that can be ob-
tained from a single frame) such as color information, tex-
ture, shape, size etc or motion cues (obtained from motion
information over the frames) such as depth discontinuities,
motion �elds, templates etc. These cues can also be used in
conjunction or in a hierarchical manner. In this section we
describe two approaches for detecting occlusions,one uses
apriori information about the size and shape of the region
while the second approach is based on utilizing gradient in-
formation associated with the blob.

In the �rst method, we check the blob size as the vehi-
cle approaches the exit region in the image. If it is greater
than a set threshold ( based on the largest vehicle we expect
to encounter in the sequence) then we select it for further
processing. There may be some confusion if two car appear
occluded near exit region may be considered as one large
vehicle. We try to distinguish between such situations by
using the shape of the blob. Two occluding cars tend to have
less height and more width as compared to a truck which
has a larger height. Similarly, situations where cars are oc-
cluded by truck can detected by shape of the blob which is
uneven in height and width. We use this unevenness in the
height and width of the region to segment the protruding
parts, where the height of that part of region is less than the
average height and width is larger than the average width of
the region. The segmented regions are usually the occluded
parts or the shadows. The shadows can be accounted by our
shadow detection approach. The results of occlusion detec-
tion are shown in Figure 5a,b,c and d.

We detect possibility of occlusion in a manner similar
to the one described above. But in this case we use gra-
dient information in the direction of the road and in a di-
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Figure 5: Occlusion Detection. The red boundaries indicate
occluded vehicles
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Figure 6: Occlusion detection using gradients.(a)Occlusion
of two cars form region 1.(b) Separated regions.

rection perpendicular to the road. The assumption here is
that occlusion boundary between two vehicles is parallel or
perpendicular to the road direction.We threshold these gra-
dients and XOR them to get edges parallel to the road direc-
tion. We are not interested in the edges near the boundary
of the blob but those which are inside the blobs that divide
the region. Such edges correspond to the occlusion bound-
ary between two vehicles. The results are shown in Figure
7a and b. Figure 7a shows the region 1 which is formed
due to occlusion of two cars. Figure 7b shows these blob
1 separated into blob 1 and 2 after applying the occlusion
detection using gradients.

4 Shadow Detection

Shadows are caused by obstruction of light rays coming
from a certain source. Shadows are characterized by two
types of properties, photometric and geometric. Geometric
properties depend on the type of obstruction and position
of light source. Photometric properties determine relation
of pixel intensity of background under illumination and un-
der shadow. Geometric properties need a priori information
such as object size or direction of light rays. Since our aim
is to track object in outdoor environment we cannot rely on
any a priori information. Since position of source of light
(sun) would change during the day time. This would change
both size and direction of shadows as the day progresses.
We use two types of information for shadow detection they
are mentioned below.
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Figure 7: Nature of shadows.(a)Use of spatial informa-
tion removing false positives.(b)3D plot showing peaks in
shadow region.

1. Spatial Information: Shadows are generally attached
to the object. Shadows are attached to one side partic-
ular side of image blob. We can use this information to
get rid of the false positive information.

2. Photometric properties: A pixel in image can be con-
sidered as background pixel, shadow pixel or fore-
ground pixel (object). Studies have shown that illumi-
nated background pixel and shadow pixel (background
pixel under shadow) have approximately linear ratio.

Algorithm basically uses ratio of traf�c background im-
age and scene image. We use this ratio of pixel and multiply
it by constant value to get a divided image data. This image
has particular characteristic that shadow regions have very
high value as compared to other regions. The Figure??
shows peak and surrounding regions having shadows. We
threshold this divided result to create a binary mask.

R(x) = f 1; T l < D (x) < T h ; 0; otherwise

Shadow region is extracted from the divided image using
binary mask. Second step involves gradient analysis on di-
vided image to remove false positive results. First derivative
kernels in horizontal, vertical and diagonal directions are
used to calculate gradient from the divided image. We as-
sume that the gradient in actual shadow region is much less
as compared to other regions where we get false positive
results. These kernels give us gradient in top, left, bottom,
right and diagonal directions. The gradient data is com-
bined and threshold operation is performed to remove re-
gions having high intensity changes in shadow region. The
last operation is to get rid of other erroneous shadow blobs.
We use morphological operations and spatial information
about the shadow to get rid of these errors. As we can ob-
serve from the �gure , the shadow blobs which are in the
center of the blob (generally windshields of car) are not the
real shadows. Shadows are observed in the periphery of the
blobs. We use morphological operations to get rid of these
errors.
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Figure 8: Tracking Results.(a)Frame 50.(b) Frame 150.
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Figure 9: Shadow detection results.(a)without using spatial
information.(b) using spatial information.

5 Results

We perform tracking on sequence1 for about200 frames
and the results are shown in Figure 8. The videos were
captured at30 Hz and the images of the sequence are of
the size320 � 240. Figure 9a and b show the results of
shadow detection using with and without using spatial in-
formation. False positives can be reduced using spatial in-
formation about the location of shadows near the boundaries
of the vehicle region. The tracking algorithm performs well
on a sequence 1 with a success rate of about93%. The al-
gorithm is not robust enough to detect heavy occlusions.The
results can be signi�cantly improved if the results of shadow
detection can be combined with the results of tracking. The
shadow detection performs well on light colored vehicles
but when a dark colored vehicle is present, then it considers
some part of the vehicle as shadow. Primary reason for this
is due to non-adaptive thresholding in the shadow detection
technique and use of only grayscale images.

6 Conclusion

In this paper we approach the problem of tracking vehicles
in a low camera angle by background subtraction and region
tracking. We employ a straightforward blob tracking algo-
rithm and use the properties of the foreground regions such
as shape and size to conclude about possibility of occlu-
sions and �nd the boundaries occluding regions. We also
show that the gradient information associated with the re-
gion can be effectively used to segment occluding vehicles.
We also account for shadows occurring in the images that

interfere with the tracking process. Since we are using only
limited cues(shape and gradients) for occlusion and shadow
detection (gray scale images), our results are preliminaryin
nature. The present work can be can be improved upon by
using color and motion information in addition to the shape,
size and gradient information of the regions.The shadow de-
tection results can be improved by using color information
and statistical analysis, probabilistic techniques usingpast
data for adaptive threshold calculation.
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