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ABSTRACT

Two fundamental but closely related problems in video understanding are
tracking and segmentation. We have contributed to three different aspects of
these problems in this thesis, namely tracking under occlusion, tracking in mul-

tiple cameras and object-based video segmentation.

Tracking multiple people in single-camera video requires solving the occlusion
problem, which occurs when the object being tracked is partially or fully invis-
ible for some frames. We approach this as a maximum a posteriori probability
(MAP) estimation problem, and show that appropriate choice of color and spatial
pdfs makes it possible to establish correspondences between objects over time,
even under occlusion. Each person is represented with a semi-parametric mixture
model, which is initialized when the person first becomes visible using the Expec-
tation Maximization (EM) algorithm. A Gaussian mixture is used to model the
color distribution. and a non-parametric kernel-based distribution is used for the
spatial component. We have shown that a uniformly contaminated normal-kernel
distribution is appropriate for modeling the spatial cue in occlusion scenarios. We
demonstrate results on several different types of example sequences, containing
100% occlusion, object handover from one person to another and velocity rever-
sal during occlusion. Such scenarios are very difficult to handle using existing

tracking techniques.

If additional cameras are added to a tracking system, the need to establish

correspondence between views of the same person seen in several cameras arises.
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We call this the consistent-labeling problem, and formulate it using two corre-
spondence layers, one at the single-camera level, and the other at the multiple-
camera level. Our framework, based on the extraction of Field-of-View lines,
automatically discovers the spatial relationships between cameras, and is simpler
than competing approaches. We present two schemes for automatic initializa-
tion, depending upon the state of the environment. If it is possible to empty
the environment of all moving objects, the system can be initialized very quickly
by simply having one person walk around in the camera FOVs for a few min-
utes. In the case of crowded places where it might not be possible to remove all
people from the scene, we show that a voting system, based on the Hough trans-
form. can effectively initialize the system. The homography between all cameras
is recovered efficiently through either of these methods. Such a system is use-
ful in many applications; in particular, for reorganization of video streams from
camera-centric to object-centric, for generating global environment maps and for

occlusion resolution.

Finally, we generalize the tracking problem to the video segmentation prob-
lem, which we view as tracking of all objects in an image. We show that these
two problems are very closely related to each other. We present a framework
for using multiple cues in MAP, and advocate the use of Logarithmic Opinion
Pooling (LogOP). This is a novel approach to cue integration in video segmenta-
tion, and may be applied to several other problems, like face detection or sensor
fusion. In addition to integration, the choice of pdfs for each individual cue
is very important, and we show the benefits of appropriate modeling of color,
spatial and motion pdfs for this problem. We demonstrate results on complex
video sequences consisting of several hundred frames. Our segmentation results

are very accurate, and combine the strengths of motion segmentation and color
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segmentation together in one framework. Resulting segmentation can be used for

video interpretation and MPEG4-type compression.
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Transformation between tracking and video segmentation. Input
to a person tracking problem is shown at top-left. This input
can be transformed to the input of a video segmentation prob-
lem (bottom-left). The output of the video segmentation problem
(bottom-right) can be transformed into the required output for the
tracker (top-right). Thus a tracking problem can be transformed
into a segmentation problem, and the solution transformed back

to get the tracking output. . . . ... ... Lo

A person as a set of classes. Each region of coherent color is

considered a separateclass . . . . . ... ... ... ... .....
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Effect of the smoothing parameter o on the spatial pdf. Top-Left:
Data points of a class, spread out in 3 clusters; Top-Right: Spatial
pdf with o = 1: Bottom-Left: Spatial pdf with ¢ = 2; Bottom-
Right: Spatial pdf withe=4. . . . . .. .. ... ... ...... 28

UCNK pdf for one dimensional data. (a) Binary 1D data, rep-
resenting mask of an object. (b) Normal Kernel pdf for (a). (c)

Addition of uniform component of weight w=03.. .. ... ... 31

Computation of the combined covariance of two classes being merged.
The colored lines indicated the contour plot of two individual
Gaussian distributions, and the dotted lines indicate their com-
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3.1

3.2

3.3

3.4

Two examples of typical images captured in a multiple camera
environment are shown here. Both sets (a) and (b) were captured
simultaneously from three cameras. In 3.1(a), the one person is
seen in all three cameras while another person is visible in only C3.
Due to the difference in color between the front and the back of
the shirt of the first person, color matching will not work reliably.
In 3.1(b), there are two persons in the environment (person in C?
and C? is the same person), but due to the lighting variation in
the room, color matching would likely result in the person in C?

being considered the same as the person in C!, which would be an

View Events along a trajectory on the ground plane. The person
first enters the FOV of C! from the right, then enters the FOV
of C? from the left. Following this, the person exits C® from the

right and then C! from thetop. . . .. ... ... .........

The main module of our system is the multiple-camera tracking
module, which establishes consistent labeling among cameras. The
input to this module are the tracker outputs from each individual
camera. Once consistent labeling is established, this information
can be used in a variety of ways, a few examples being correction
of single-camera tracking errors due to occlusion, generation of
object-based movies by computing best view of each object, and
generation of global environment maps. . . . . .. . ... .. ...
FOV lines and their Projections: Two cameras and their footprints

are shown. The projection of boundaries of the footprint are also

shown in the images that will be observed in the two cameras. .

57
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Example of consistent labeling in 3-camera environment: Two dif-
ferent scenarios are shown here. The person in 3.5(a) has just
entered the scene; it can be seen from the marked lines on the
ground plane that he is outside the FOV of all other cameras.
Therefore, he will be given a new label. The person in 3.5(b) is
entering C?, but from the marked FOV lines, it can be seen that he
should also be visible in C! and C3. The images of C! and C?® at
the same time instant are shown in 3.5(c) and 3.5(d) respectively.
The person crossing the left FOV line of C? at this instant is the
correct match, and his label will be transferred to the new view
in C2. y = 0 denotes the left FOV line and y = yma- denotes the
right FOVline. . ... . . . . ... ... ... ... ...
(a) A person entering the FOV of C? from the left yields a point
on the line L}¥=° in the image taken from C!. (b) Another such
correspondence yields the second point. The two points are joined

to find the line L}*=® shownin (c). . . ... ... .........

Example of Label-switching in C!. The two cameras are show-
ing inconsistent information due to a lower-level (single-camera)
tracking error in C!. According to C!, the two persons have gone
back where they came from, whereas according to C?, they simply

passed eachother. . . . . . . . . ... ... ... L.
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Tracking a group of persons in an environment covered by two
cameras. The output shown is every 30th frame of a 100x100
video generated with the object of interest at the center. The map
on left shows the approximate path of the object, for visualization.
The video begins from C!, switches to C?, C!, C? and C!, before
finally ending in C2. The black portion seen in some of the images
is due to the object viewed in a region very close to the edge of
the image, so that the cropped output exceeds the dimensions of

theimage. . . . ... ... . ... ... ...

Global Environment Map, of frame 820 of PETS2001 sequence
with C? as reference image. Four objects are seen in the environ-
ment. By observing the placement of these objects, we can see

that 7 views should be visible. The best view of each object is also

Determination of FOV lines using a short sequence of person walk-

ing in the room. The top 4 rows show triplets of sample images

82
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Results of Consistent Labeling: Tracks seen in each camera are
linked to each other through the consistent labeling approach. (a)
and (b) show results on two different sequences. Tracks of the
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shown, along with corresponding frames from C? (frames are cropped
to show only the areas of interest). There is a label switching er-
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Example of a random-dot stereogram. This is the worst case sce-
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(c) is the ground truth for segmentation. The blocks shown are
translating in the image pair. (d) shows the optical flow for the
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Modification of densities by assigning weights: The solid blue line
indicates the original density function, solid red indicates the den-
sity with w = 2 and dotted red with w = 0.5. (a) Gaussian, (b)
Mixture of 3 Gaussians, (¢) Uniform, (d) Gaussian contaminated
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CHAPTER 1

Introduction

Detection and recognition are key problems in computer vision. Detection is
identifying some class of components in an image and distinguishing it from
other possible objects. For example, face detection involves identifying all face-
like regions in an image. Recognition is comparing a detected segment against
some knowledge base, moving from a common noun description of the object to a
proper noun description. For example, face recognition would involve identifying
a particular person from several possibilities. [t can be argued that both problems
are very closely related, since from a pattern recognition point of view, recognition
problems are identical to detection problems, with possibly a higher number of

classes.

Such high level computer vision problems are made tractable if broken down
into lower level tasks. Segmentation is a fundamental problem in low-level image
understanding. It means distinguishing different objects in an image from each
other. For example, a segmentation algorithm may split a satellite image into
different regions based on land use. One can appreciate that it is closely tied
to detection, since detection requires either explicit or implicit segmentation.
Moreover, given a segmentation, the task of a detection or recognition system will
be to compare each segment against some knowledge base or model to identify

whether that object should be selected or discarded.






