M OTION S EGMENTATION I NCORPORATING ACTIVE C ONTOURS FOR
S PATIAL C OHERENCE

by

Desmond Ryan Chung Lin Cheung

A thesis submitted in conformity with the requirements
for the degree of Master of Applied Sciences
Graduate Department of Electrical and Computer Engineering
University of Toronto



Copyright c 2004 by Desmond Ryan Chung Lin Cheung

Abstract
Motion Segmentation Incorporating Active Contours for Spatial Coherence
Desmond Ryan Chung Lin Cheung
Master of Applied Sciences
Graduate Department of Electrical and Computer Engineering
University of Toronto
2004
This thesis describes a computer vision algorithm that detects and segments independently
moving objects in a video sequence, recovering their shape over time. While traditional motion
segmentation approaches employ learned or low-dimensional parametric models to represent
object shape, we propose a hybrid framework that combines robust motion segmentation with
active-contour-based boundary recovery techniques, to overcome each individual approach’s
limitations. Our framework proposes feeding forward motion segmentation results to initialize, constrain and propagate the active contour, while feeding back active-contour-based object
boundary estimates to the motion segmentation process to provide spatial coherence. We develop a functional system based on this framework, introducing a novel motion-based intensity
constraint, and an active contour formulation that incorporates motion segmentation results.
Our results demonstrate the successful segmentation of sequences that include multiple moving objects and sequences with a moving background.
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Part I
Introduction

1

Chapter 1
Background
The process of distinguishing moving objects from their background and from each other in
a video sequence is known as ‘motion segmentation’. The ease with which motion allows
humans to distinguish objects and their activities has motivated signiÞcant interest in motion
segmentation computer vision community. This research aims to advance the exploitation of
visual motion in addressing the larger challenge of computer-based visual interpretation.
This research develops a vision system that recovers the motion and shape properties of
independently moving objects within a scene without manual initialization or prior knowledge
of object shape or appearance. The system provides an object detection, segmentation and
tracking framework that is able to deal with multiple independently moving objects and a
moving background or moving camera. The results of this system identify the position and
boundaries of any independently moving objects in the scene, continuously maintaining and
updating this information to facilitate the application of more object-centric tasks, such as
recognition.
The segmentation system aims to recover the shape and motion of multiple independently
moving objects (IMOs) in a monocular video sequence. The system does not rely on the depth
estimation-based segmentation techniques that might be available to a stereo or depth-based
vision system. This system recovers scene segmentation for situations where such systems
2
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are not available, such as for surveillance cameras already in place, conventional (monocular)
video footage, and in low-power or low-bandwidth conÞgurations where other systems are
impractical. In addition, the segmentation system might be applied to footage captured by lowresolution imaging systems, or situations where contrast (and hence texture detail) may be poor,
hindering the performance of alternative tracking systems. By combining motion segmentation
and a class of boundary recovery techniques known as ‘active contours’, we design a system
that might be suitable for these applications. We use the MASC acronym to refer to this system
which performs Motion segmentation incorporating Active contours for Spatial Coherence.
This introductory section presents a summary of the concepts behind imaging and the detection of visual motion in images, from the basic pinhole camera model to the theory of
optical ßow, and Þnally, the key obstacle to obtaining reliable motion segmentation of a video
sequence: the aperture problem. These fundamental topics provide a background upon which
the computer vision concepts developed and implemented in this research are based.

1.1 Image Formation: The Pinhole Camera
Image formation refers to the process by which a real-world scene is reproduced on a twodimensional surface, as shown simplistically in Figure 1.1. A typical camera, for example, is
aimed at a real-world scene and reproduces that scene on the light-sensitive negative, recording
that scene on the negative so that it can be later reproduced in print form as a photograph. The
camera’s negative records the light reßected from each point within the target scene, so that
each point in the scene has a corresponding ‘image’ in the negative. This description of image
formation indicates the need for a one-to-one correspondence between scene points and image
points, so that each image point reproduces only the light emitted by its corresponding scene
point. If this were not the case, and an image point reproduced the light emitted by multiple
scene points, the complete image would appear blurred, or ‘out of focus’.
Perhaps the simplest technique of formation is the pinhole camera, illustrated in Figure 1.2.
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Real−world
object

Image plane

Light rays

Figure 1.1: Imaging a real-world object on an image plane

The pinhole camera comprises an imaging surface, and a pinhole-sized aperture, the opening
through which light is allowed to pass through to the imaging surface. The size of the aperture
only permits the light coming from a single point in the real-world scene to reach its corresponding image point, forming a sharp, focused image. The drawback to using the pinhole
camera is that the small aperture only allows a correspondingly small amount of light to reach
the imaging surface in a given amount of time. Such a camera would require the negative surface to be exposed to the scene for a few seconds at the very least in order to correctly register
the scene, and any camera motion or change in the scene during that period would degrade the
quality of the image. Optical systems that incorporate lenses in order to allow larger apertures
to be used, while maintaining the one-to-one scene to image point relationship, reduce this
exposure time to fractions of a second, but the imaging principles remain.
The geometry of the pinhole camera illustrated in Figure 1.3 indicates the following image
point to scene point relationship, taking the aperture as the coordinate center, also known as
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Image of real−world
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Figure 1.2: The pinhole camera model
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Real−world object

Pinhole Aperture

Figure 1.3: Pinhole camera imaging geometry
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the optical center in imaging terms:
















(1.1)
(1.2)

Equations 1.1 and 1.2 formalize the relationship between the location of a point in the scene,
and its image on the imaging surface. This simple pinhole camera model demonstrates the
imaging process, and provides a clear relationship between scene and image points, providing
a view to how motion in the real world generates related visual motion in a video sequence.

1.2 Motion Field and Optical Flow
The idea of estimating the motion of objects in a video sequence can now be interpreted in
two senses, the Þrst of which is the recovery of three dimensional motion of a real-world
three dimensional object, projected onto the two dimensional imaging plane. Alternatively,
we may estimate the two dimensional motion of the image of that object. The former would
require an estimate of the three dimensional structure of the object, and we instead focus on
two dimensional motion estimation. The exact nature of this projected motion is represented
in the ‘motion Þeld’ of a video sequence, which describes the motion of each image point,
reßecting the (projected) motion of its corresponding scene point [50].
While the motion Þeld is an ideal representation of visual motion, numerous examples
may be presented to prove how the true motion Þeld of a sequence is impossible to recover
from the sequence alone. For example, a rotating sphere with a mirrored surface presents no
evidence of its motion Þeld. The intensity values on the surface of the sphere correspond to
those of the stationary environment around the sphere. So even as the sphere rotates, any given
image point on its surface appears to remain still in the video sequence. This introduces the
correspondence problem in motion estimation: in order to estimate the motion of an object
between two successive frames of a video sequence, we must know the precise position of the
object in both frames. This information however, is the object segmentation of the sequence,
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which is what we are trying to recover through motion estimation. This problem manifests
itself as the Aperture Problem, described in greater detail in Section 1.3.
The notion of recovering the true motion Þeld is thus considerably complicated by certain
scene conÞgurations. While the motion Þeld is generated by the projection of moving scene
points, in the opposite sense, the movement of image points allow for the approximate recovery of the motion Þeld of the scene. That approximation is known as the optical ßow Þeld of
a sequence. The optical ßow Þeld represents the movement in a video sequence based solely
upon the evidence provided by the sequence. The optical ßow Þeld is most commonly estimated by making an assumption claiming that the intensity of a scene point’s image remains
constant while the scene point moves. The ‘Brightness Constancy Constraint’ [24] or BCC,
therefore asserts that the appearance of a moving object in a video sequence does not change
over short intervals, so that the optical ßow Þeld may be recovered by measuring the movement
of constant intensity regions in the video sequence.
The BCC is formally expressed in Equation 1.3, by enforcing the claim that the brightness
of any particular scene point,    , in the image remains constant over small periods
of time, where    is a scene point coordinate whose position varies with the time
parameter .

   


 

(1.3)

The chain rule for differentiation expresses this relation with respect to spatial and temporal
(spatiotemporal) partial derivatives of the video sequence:

    
    






      

(1.4)

Using the notational simpliÞcations representing point velocity in Equation 1.5 and spatiotemporal derivatives in Equation 1.6:


 






















 

(1.5)




(1.6)
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The BCC may be presented for a given image point as a sum of scalar products





      

or in vector form:

     
And also as:


  









(1.7)




     




 




    




(1.8)


 









(1.9)

As shown above, the BCC provides a means to estimating the motion of image points given
the spatiotemporal gradients ( ,  and  ) of the video sequence. The primary obstacle to
applying these equations is the Aperture Problem, described in the next section.

1.3 Aperture Problem
The ‘Aperture Problem’ of motion estimation [24] is a key problem posed by motion estimation, and provides strong motivation for the techniques developed in this research. The aperture
problem relates the solution of the BCC expression in Equation 1.7 to the fact that at any given
image point, only the component velocity perpendicular to the brightness gradient at that point
can be estimated. This problem is illustrated in Figure 1.4(a), which illustrates how horizontal
translation of the square cannot be identiÞed at its horizontal edges in Region A, as the motion
is imperceptible at these points. On the other hand, the motion is clearly identiÞed around the
vertical edges in Region B.
Figure 1.4(b) also shows that the component velocity at any single point does not necessarily describe the complete motion of an object. In this Þgure, the diagonal motion of the square
produces distinct component velocities in regions A, B and C. The horizontal edge in region
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A

A

C

B
B

(a)

(b)

Figure 1.4: The aperture problem for a single object

A only provides evidence of the vertical component of the square’s velocity, and similarly, the
vertical edge in region B only provides evidence of the horizontal component of velocity. In
contrast, the corner points in region C have brightness gradients perpendicular to the velocity
of the square, and thus both horizontal and vertical components of the velocity are evident.
In order to overcome the aperture problem, it is necessary to estimate object motion using a
large group of the component velocities present in a sequence. For example, by clustering the
complete set of component velocities from the horizontal and vertical edges of the square in
Figure 1.4(b), its diagonal translation is completely described. Component velocities are therefore referred to as motion constraints, as instead of providing a complete motion estimate, they
simply provide a single constraint for that motion, while at least two constraints are required
to estimate the translational velocity of a point.
The key to correctly estimating motion then, is Þrstly recovering motion constraints accurately, and then intelligently grouping or clustering motion constraints from coherent objects.
It is the latter of these two steps that addresses the aperture problem and presents obstacles that
current computer vision research still does not address completely, the problem of how motion
constraints are optimally clustered for motion estimation. In particular, the ‘Generalized Aperture Problem’ [29] exempliÞes the clustering problem, by stating that while gathering motion
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constraints from a larger region should improve the quality of motion estimates, doing so increases the possibility that motion constraints generated by other objects are included in our
calculations, contaminating the motion estimate.
The classical optical ßow estimation approach proposed by Horn and Schunck [24] makes
the assumption that the optical ßow Þeld should vary smoothly, and simply integrates neighboring motion constraints to generate a smooth and continuous optical ßow Þeld. This approach
assumes that neighboring points are part of the same object, making no provisions for discontinuities in the scene, such as the areas at object boundaries. By integrating motion constraints
from multiple objects at object boundaries, the optical ßow estimates in and around these areas correspond to neither object’s correct optical ßow Þeld, resulting in a contaminated optical
ßow map.
An alternative approach introduced by Jepson and Black [29] seeks clusters of coherent
motion constraints, as motion constraints generated by a single rigid moving object should not
contradict each other. Both cases shown in Figure 1.4 show a single object, whose motion
is easily estimated, as none of the constraints generated in either case are contradictory, so
they are all coherent. Figure 1.5(a) shows an example where two objects move in different
directions, generating two sets of constraints. The constraints generated by the left square
contradict those generated by the right square, as they are in opposing directions. As a result,
the two sets can be easily distinguished. However, this approach does not fully address the
aperture problem as motion constraints generated by distinct moving objects may be coherent,
as shown by Figure 1.5(b). This example shows how a portion of the constraints from multiple
objects may be coherent, in this case, the horizontal constraints generated by both squares. As
a result, the motion may be poorly estimated unless some additional criteria are imposed upon
the constraint clustering process.
The two approaches suggest a possible solution to the aperture problem, using an ‘intelligent window’ to cluster motion constraints, as suggested by Figure 1.6. The ideal window
would have the same shape as the boundary of the target object, so that the cluster would in-
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B

A

(a)

Figure 1.5: The aperture problem for multiple objects

(b)

C HAPTER 1. BACKGROUND

12

clude all of the object’s motion constraints, and exclude all other motion constraints present
in the frame of a video sequence. Any other objects would then require their own particular
integration windows with matching shape requirements, allowing the motion of all objects in
the sequence to be recovered accurately.
Estimating an ideal window inherently requires that the shape of objects be known or recovered. As this research assumes no prior information about the objects in the scene is given,
object shape must be recovered automatically by the system in order to recover the ideal window. The next section explores the clustering of coherent motion constraints using the approach
suggested by Jepson and Black [29], followed by a description of a boundary (shape) recovery
technique, two aspects that this research proposes to combine, resulting in a uniÞed motion
segmentation and shape recovery framework.

1.4 Motion Constraint Clustering
Motion constraint clustering is a critical part of the optical ßow estimation process. It can be
likened to deriving a ‘layered’ model of a video sequence [51], wherein every independently
moving region in the sequence is represented as a separate layer. Objects may be composed of
multiple moving regions, for example, a person may move one arm, keeping the rest of his body
stable. We generalize the terminology here by using the term Independently Moving Object
(IMO) to refer to any independently moving region whose motion can be approximated by a
parametric motion model, discussed in Section 1.5. Multiple layers can then be superimposed
upon each other in the correct order to reconstruct the original video sequence.
Our approach to recovering the IMOs in a video sequence is by using mixture model techniques. Figure 1.7 illustrates a simple one dimensional mixture model, a plot of two independent signals (the broken lines), which sum together to form a new ‘mixture’ (the solid line).
In our context, mixture models apply speciÞcally to compositions of probability density functions, so in our one dimensional example, each independent component is a density function
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Figure 1.6: Intelligent motion constraint clustering groups motion constraints that are generated by distinct independently moving objects by using the clustering window, shown in the
dotted lines, to select the appropriate motion constraints.
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Figure 1.7: Mixture Model: The dotted line and dashed line represent the two independent
signals that generate the mixture, observed as the solid line.

of  with component parameters  . The mixture is also a density function that is composed of
each component density weighted by a ‘mixture proportion’ to normalize the mixture density.
If the form of the original signals is known (for example if their form is known to be Gaussian, or close to Gaussian), then the original signals may be recovered from only the mixture
signal using a technique known as the Expectation-Maximization (EM) algorithm [19]. The
EM algorithm assumes that the mixture is made up of samples from a known number of independent Gaussian random variables. In addition, the algorithm assumes that a set of initial
estimates of each independent signal’s parameters is available. The algorithm iteratively reÞnes
the initial parameter estimates for the independent signals to optimize an objective function deÞned by the ‘closeness of Þt’ of the estimated parameters to the actual observed mixture signal.
As the EM algorithm only guarantees convergence to a local maximum in the objective function, it does not always recover the globally optimal parameters of the underlying independent
signals. Given a reasonable set of initial guesses however, locally optimal estimates are typically very close to the globally optimum values.
As its name suggests, the EM algorithm is made up of two parts, the ‘Expectation step’
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and the ‘Maximization step’. The expectation step compares current parameter estimates to
the observed data set, measuring the ‘Þt’ of each data point to the parameters of the signals that
may have generated it. The maximization step uses these measurements to reÞne the parameter
estimates using the data points that Þt the former estimates best. For a simple mixture of
Gaussians made up of  components, the initial parameter set estimates might comprise mean
and standard deviation values,  and  , for each component, with each component having a
mixture probability  . The mixture probability represents the prior probability of any sample
coming from a given component.
The collection of parameters can also be represented in vector form for notational convenience:
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Now, given an initial estimate for the parameter set, the probability of an observation  
can be calculated as

   






     

(1.10)

where for a mixture of Gaussians



     
      



(1.11)

Assuming the independence of samples, the probability of observation of the entire set of
results can then be represented in log form:

  




    

(1.12)

This overall log data probability deÞnes an objective function that gives the likelihood that





 

the estimated parameter set  , generates the complete set of observations  

   . By optimizing the objective function with respect to the component parameter set,
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we are able to recover the locally optimal values of the component parameter set [39]. In
order to do so however, the probability of a given data point,   , being generated by the 
component must be related to determine the inßuence of each data point on each component
optimization. Through Bayes’ rule, we can calculate these ‘ownership probabilities’, which
completes the E-step of the algorithm:





     
       

(1.13)

The maximization, or optimization, step comprises the recalculation of mixture proportions
ensuring that the sum of ownerships for a point comes to one, while the sum of mixture pro-





portions also comes to one. Furthermore, the parameter set  , must be recovered to
satisfy the local optimum point of Equation 1.12. The partial derivative of the log data likeli-





hood,   , with respect to the parameters   , when set to zero deÞnes the local extreme
point of the log data likelihood function. Solving for the parameter set optimizes the objective
function, completing the Maximization step:






       

(1.14)

By iterating between the two, the parameter set is continuously reÞned and the ownerships
updated, so that they converge to locally optimal values.
Constraint clustering on the basis of motion constraint coherence takes the Þrst step toward collecting the complete set of motion constraints generated by an object’s motion. The
simplest example of this is provided by two moving objects in a video sequence. Two objects
undergoing distinct motion will each generate a set of motion constraints, and usually many
constraints generated by one object will be incoherent with those from the other object. For example, the square of Figure 1.5(a) translating to the right side of the frame generates rightward
motion constraints at its vertical edges, while the square translating to the left side of the frame
generates leftward motion constraints at its vertical edges. The histogram of horizontal motion
constraints generated by this scene would comprise two Gaussian forms (due to noise) with
means representing the leftward motion and rightward motion of each square. The resulting
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mixture model of horizontal motion constraints allows the two sets to be easily distinguished,
as such a group of constraints could not be generated by a single rigid object.
The EM procedure is extended to recover the distinct underlying clusters of motion constraints in a sequence as suggested by Jepson and Black [29]. This formulation likens the
video sequence to the observed mixture (solid black line) of Figure 1.7, and the IMOs within
the sequence as the two underlying signals (dotted red and dashed blue lines) that compose the
mixture. The details of the application of mixture models for motion estimation are covered in
Chapter 4.

1.5 Motion Models
Motion constraint clustering is done with the assumption that a real object’s motion, projected
onto the imaging plane, may be represented by a plausible ‘motion model’. The simplest
motion model is the translational or constant motion model, in which the only plausible motion
an object in a sequence can undergo is that of simple translation. Figure 1.8(a) demonstrates
the simple translation of a square parallel to the image plane.
Equations 1.15 and 1.16 describe the change in coordinates of a pixel between consecutive
frames of a video sequence, as it moves from  to  , undergoing translation . Note that


the vector

represents a discrete displacement between consecutive frames, as opposed to a

velocity at a time-instant.





 
  
 












  
 


 




(1.15)









(1.16)

Real world objects rarely restrict their range of movements to translations parallel to a plane
however, and the scaling motion shown in Figure 1.8(b), demonstrates the result of the target
object moving toward the camera (or vice versa). A constant motion model is clearly unable

C HAPTER 1. BACKGROUND

18
t

2

t2

t

1

t1

(a) The real world square motion is a transla-

(b) As the real world

tion parallel to the image plane, represented in

square moves directly

the video sequence as a simple translation.

toward the camera, its
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Figure 1.8: Object Motion

to describe the motion of the square in this case. Instead, alternative higher order parametric
motion models must be used to represent the motion of a group of pixels that belong to an
object.
An afÞne motion model uses four additional parameters in addition to the two translational
parameters used by the constant model. The additional parameters make up the matrix
Equation 1.17, a

 in

   matrix that can be used to describe location dependent movement of

pixels.


 
  
 









   


 



 

   


  


 

 




(1.17)

(1.18)

In addition to simple translation, the afÞne motion model is also able to represent the effects
of scaling, shearing and rotation in the plane. Assuming the depth of objects is relatively
small with respect to the distance of objects to the camera, the afÞne motion model provides
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a suitable parametric model for representing and clustering object motions. In the example
shown in Figure 1.8, the scaling of the square about the center of the frame can be represented
by the afÞne parameter set



  
























(1.19)

where   , to represent the effect of the square becoming larger.
Higher order parametric motion models such as the projective motion model are able to
overcome the orthographic projection assumption, at the expense of instability in their recovery
and the need for a larger number of motion constraints to estimate them. In general, any
function

     can be used as long as the motion model parameter set, , can be

estimated.

1.6 Motion Segmentation Principles
Motion segmentation classiÞes regions in a frame as belonging to distinct objects by using the
information generated by the motion estimation process. The regions associated with a set
of coherent motion constraints are used to estimate the position and boundaries of the IMO
responsible for generating those constraints. We perform the clustering of coherent motion
constraints under the additional assumption that objects are spatially coherent, that is, all the
parts of a single IMO are usually encapsulated within a single connected region. It is implicit
that parts of other IMOs are usually not present in that connected region, but we do not assume
this to always be the case. There are common exceptions to this assumption, notably cases of
transparency and occlusion. In general however, the assumption of spatial coherence allows us
to intelligently cluster motion constraints that typically correspond to a single coherent object.
This type of region-based segmentation provides a powerful means of recovering an initial
estimate of the motion and shape of any IMO in the scene, however the aperture problem
reveals itself again, through the problem of classiÞcation of ambiguous edges, as shown in
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Figure 1.5(b). In this example the two objects both generate identical motion constraints around
their adjacent vertical edges, making it difÞcult to resolve that the two vertical edges are part
of distinct objects. The incomplete segmentation of a sequence motivates the combination of
motion and shape estimation techniques, since the recovery of accurate object motion estimates
also ultimately requires accurate object boundary estimates, as suggested in Section1.3.

1.7 Boundary Recovery
Boundary recovery is introduced as a means of gradually capturing the shape of the object, using active contour techniques to generate a closed contour that lies on the object boundary. An
active contour is made up of an ordered set of discrete points, over which we deÞne an energy
functional. The energy functional has two primary components: internal energy, whose value
is a function of the position of contour points with respect to each other, and external energy,
whose value is a function of the position of contour points with respect to image features. As
a result, the shape of the active contour can be related in quantitative terms to characteristics
such as smooth curvature through the internal energy term. Similarly, the adherence of an
active contour to edges in the image can be related by the external energy term. A correctly
deÞned energy functional term thus quantiÞes desirable qualities of the active contour. We can
use this to adjust the position of an initial contour, as shown in Figure 1.9(a), into a contour
with smooth curvature, that is also aligned with image edges, resulting in a curve as shown in
Figure 1.9(b).
If applied correctly, the boundary recovery process can be used to recover an accurate
boundary of a target IMO, which in turn, can be used to delineate the ideal constraint clustering
boundary for motion estimation and segmentation, principles that are explored in detail in this
thesis. We begin with a description of thesis organization in the next section.
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(b) Final Contour

Figure 1.9: Active contour execution adjusts the position of the initial contour to that of the
Þnal contour. Each discrete contour point is shown as a small circle.

1.8 Thesis Organization
The remainder of this thesis describes our design and implementation of a motion segmentation
system, presenting experimental results and the conclusions we arrived at after its development.
We begin with a review of recent research in the area of motion segmentation and object tracking in Chapter 2, that includes a summary of the original contribution of this thesis.
The overview in Chapter 3 provides a high-level description of our segmentation system, describing how the various components interact to segment and track IMOs in a video sequence.
The overview is followed by a detailed description of the design and implementation of each
component. The motion estimation component is described in Chapter 4, and then the motionbased intensity constraint classiÞcation algorithm is discussed in Chapter 5. In Chapter 6, we
detail the connected components analysis algorithm used to spatially segment objects in the
sequence, and the active contour techniques used to recover object boundaries are explored
in Chapter 7. The system design discussion is concluded in Chapter 8 with a review of the
system as a whole. Here, we pay particular attention to the interaction between components
in generating the Þnal result: a segmented sequence in which IMO boundaries are efÞciently
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recovered.
Chapter 9 presents a series of experimental results generated by our segmentation system,
and an accompanying analysis of each case. Finally, conclusions and future work directions
are discussed in Chapter 10.

Chapter 2
Literature Review
Recovering the boundary, position and motion of the independently moving objects in a video
sequence is effectively expressed through the notion of layers [51]. In describing a video
sequence as a composition of layers, each layer is made to represent the shape and appearance
of an IMO. By superimposing the complete set of layers in their correct ‘visibility’ order [30],
the video sequence may be completely reconstructed by adjusting the position of each layer
according to its independent motion in the sequence. The objective of this research can then be
likened to the deconstruction of a video sequence into a set of IMO layers [52], with particular
emphasis made upon recovering accurate object boundaries and accurate motion estimates for
each IMO layer. Recovering a layer-like description of a video sequence requires that several
key problems be addressed: segmenting the IMOs in the scene and subsequently tracking each
IMO for as long as it is visible.
For the purposes of this research, our object segmentation relies upon motion to distinguish
objects, as our sole interest is in exploring visual motion cues. As our focus is on IMOs
only, techniques that segment sequences using appearance model databases or static intensity
segmentation are not discussed here. Our object segmentation discussion focuses on motionbased segmentation, noting that a powerful motion segmentation system might be composed
of dynamic and static segmentation approaches. Our research supports this idea by introducing
23
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static boundary recovery techniques to supplement pure motion segmentation.
This literature review surveys the the range of related research, beginning with a discussion
of the key research in motion estimation, which form the basis of motion segmentation techniques. The review continues with a discussion of object segmentation and tracking techniques,
concluding with a discussion of the boundary recovery research relevant to object segmentation
and tracking.

2.1 Motion Estimation
There are three main classes of motion estimation techniques: gradient-based approaches, correlation approaches and feature tracking approaches. We explore each of these areas with
emphasis on the gradient-based approaches, which are of particular relevance to this research
since they provide a reliable means to achieve motion-based object segmentation and tracking.

2.1.1 Gradient-based Motion Estimation
Gradient-based approaches, used in this research, rely on spatiotemporal gradient estimates to
form motion constraints at each point in the sequence (see Section 1.2). Clustering coherent
motion constraints attempts to address the aperture problem [29] by assuming that the motion
constraints collected into a coherent cluster are generated by a single coherent object. As
a result, this class of techniques ties the concept of motion estimation very closely to that of
motion segmentation, as some segmentation of the frame must be recovered in order to generate
a valid motion estimate.
The concept of using spatiotemporal intensity gradient constraints (BCC) relates closely to
the research of Horn and Schunck [24] on optical ßow. A dense set of optical ßow estimates is
calculated by regularization, integrating a single motion constraint with its neighbors through
diffusion. As this process overcomes the aperture problem by blindly assuming that all the
neighbors of a given pixel belong to the same object, the process exhibits unstable behavior
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around object boundaries. Various techniques have been proposed to extend this approach to
handle object discontinuities, such as Nagel’s proposal of ‘oriented smoothness’ [40]. This
approach employs second derivatives of the image to estimate edges in the image, to ensure
that smoothness constraints are not applied across these edges.
Parametric motion models [37, 8] have been introduced to represent the valid motion of a
single object. As parametric motion models are ‘Þtted’ to the motion constraints of a single
object in a video sequence, their use has prompted the need to develop clustering algorithms
that are able to effectively collect sets of motion constraints in a coherent manner. Robust
estimation techniques for estimating parametric optical ßow [7, 8] take the approach of recovering a single dominant motion among a set of constraints, deterministically weighting each
constraint based on its consistency with an evolving parameter set. In doing so, consistent constraints maintain and reinforce the parameter set, while inconsistent constraints are removed
from consideration. The use of mixture models for motion constraint clustering [29], extends
the robust statistical approach to apply a dynamic weighting to each motion constraint while
iteratively reÞning the motion parameter set. This is the technique adapted for the MASC system, for initial scene segmentation and object motion estimation. Ju et al. [32] take a midway
approach, using robust statistical techniques to calculate the afÞne motion parameters of (possibly) multiple objects in regular, Þxed-size regions of the target sequence. Spatial smoothing
is then applied to ensure optical ßow Þeld transitions between the regions to yield a continuous
ßow Þeld.
One of the primary disadvantages of gradient-based techniques in estimating optical ßow
relates to the temporal aliasing effect that occurs due to large object displacements [23] (detailed in Section 4.1.2). As a result, gradient-based techniques must rely upon multiscale techniques [23, 6, 8], which estimate object displacements at multiple scales, starting at the smallest
scale where image displacements are signiÞcantly smaller, and only reÞning displacement estimates at the increasingly larger scales. The multiscale approach is adopted for this research
to ensure its applicability in typical video sequences.
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Alternative means of generating motion constraints have been proposed, notably the use of
phase-based motion constraints [20], which suggest improved performance over BCC-based
motion constraints, due to their relative insensitivity to changes in illumination and shading
[21, 5, 1]. These properties ensure that the spatiotemporal gradient values reßect actual changes
in object position as opposed to changes in illumination. Along similar lines, Mann et al. [38]
propose the substitution of pixel intensity values with photoquantigraphic values calculated on
the basis of camera light response. This approach aims to eliminate the effects of differences
in exposure between consecutive frames in a video sequence due to the common automatic
exposure control of typical video cameras. Although phase and photoquantimetric-based motion constraints are not employed in the MASC system, the ßexibility of the MASC system
encourages the incorporation of such techniques where the application calls for them. Phasebased techniques in particular are very computationally intensive to accommodate, thus their
invariance properties must be weighed against that cost.

2.1.2 Correlation-based Motion Estimation
Correlation-based motion estimation techniques are the other primary means of estimating
optical ßow in video sequences. Correlation techniques Þnd the optimal displacement of a Þxed
sized region between two consecutive frames by comparing the intensities within target region
in the Þrst frame to the intensities of comparably sized neighboring regions in the second frame
[33, 27]. The displacement that matches the initial region with its counterpart in the second
frame is taken as the optical ßow for the region. Various reÞnements have been suggested
to improve the performance of correlation-based techniques [5], for example using bilinear
interpolation in region matching to estimate sub-pixel displacements, and using afÞne region
transformations instead of simple translations. Nevertheless, the approach suffers from the
need to make a choice of window size, which cannot be performed automatically, nor can Þxed
size regions generate optimal results over a varied scene [27].
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2.1.3 Feature-based Motion Estimation
A less related motion estimation technique is based on feature tracking, which tracks the movement of generic features such as corners and other high contrast points, to measure the movement within a video sequence. The registration of features within a window, proposed by Lucas
and Kanade [37], presents this technique as a means of estimating stereo disparity. The adaptive feature tracking method presented by Shi and Tomasi [45] describes a tracking algorithm
that selects optimal tracking features and continuously measures the ‘tracking quality’ of each
feature over time. The sparseness of typical tracking features usually makes feature tracking
techniques unsuitable for motion segmentation, while the need to track generic features within
limited size windows prevents this approach from maintaining good tracking over large feature
displacements.

2.2 Object Segmentation and Tracking
The aperture problem suggests that motion estimation using gradient-based techniques is inherently related to motion-based segmentation. Assuming the correct parametric motion model
is used, the recovery of coherent clusters of motion constraints corresponds to the segmentation of the image. This occurs because motion constraints typically occur in spatially coherent
clusters, being generated by a spatially coherent object.
While many motion estimation techniques exploit the consistency of motion constraints
[29, 7, 8], such approaches do not necessarily produce effective segmentation, as they do not
assume the spatial coherence of objects. This results in topographically disparate regions being
classiÞed as part of a single coherent object. This is often an incorrect assumption, although
it may be valid occasionally, for example in the case of transparency. Most segmentation
techniques explicitly account for the spatial coherence of objects using a variety of approaches
to restricting the topographical ßexibility of a suspected object.
In this section, we proÞle techniques used to segment and track independently moving ob-
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jects in video sequences. From background differencing techniques and approaches incorporating spatial segmentation priors to curve-based techniques, we attempt to clarify the position of
the MASC system in the spectrum of published research. Object tracking, while often tackled
as an isolated domain, typically relies on explicit initialization on the target object to initiate
tracking [9, 28, 49]. Tracking techniques can be seen as a class of techniques which overlap
substantially with segmentation techniques, however in many respects the tracking problem
may be considered a subset of the segmentation problem. Approaches that incorporate initial segmentation as well as tracking [30, 3, 25] are clearly more general than pure tracking
techniques, and applicable to unsupervised systems, comparable to the MASC system.

2.2.1 Background Differencing Techniques
Intuitively, the simplest segmentation and tracking approaches are based on background differencingassuming the background is stationary and constant, and a reference frame of the background
is available. Any changing areas in such a scene can then be detecting and identiÞed as moving
objects, applying additional segmentation techniques to identify the multiple moving objects
in the scene if necessary. Stauffer and Grimson apply background differencing principles using
adaptive background mixture models to tune the approach to a real-time tracking system [47].
This approach however, is clearly limited to a stationary camera and requires a stable reference
background.

2.2.2 Appearance Model-based Techniques
Appearance model-based techniques aim to learn the appearance of the objects of interest over
a training sequence or during the course of the target sequence itself. This appearance model
is then used to seek and identify regions in the video sequence that correspond to the target,
segmenting these regions and tracking them over time by measuring the incremental region
displacements.

C HAPTER 2. L ITERATURE R EVIEW

29

The two dimensional ‘sprites’ proposed by Jojic and Frey [31] are dynamic appearance
models of coherent moving regions in the video sequence, learned stochastically over the entire
duration of the target video sequence. This method is shown to deal effectively with occlusion
however it is only demonstrated when applied to the sequence as whole, and thus cannot be
applied on-line.
El-Maraghi’s approach introduces the use of dynamic appearance models in an on-line
framework [28], actively learning the appearance model of a manually selected region, and
using the appearance model to robustly track the region. The three-part appearance model
comprises stable, transient and outlier components that allow the tracker to function correctly
under noisy conditions and with occlusion. This tracking approach does not attempt to address
the detection and segmentation issues, but demonstrates an alternative tracking approach that
might be easily integrated with the MASC framework’s tracking part.
The ‘active blobs’ proposed by Sclaroff [43] use an intelligent interaction of shape and
appearance, but requires manual initialization. Each active blob is made up of a color texture
map overlaid upon a three-dimensional shape mesh. Tracking is performed by warping the
shape mesh (and its texture map) to register it against similar areas in succeeding frames. The
three-dimensional nature of the mesh allows for a complex set of deformations. In addition, the
matching process is implemented in commodity graphics hardware to conveniently exploit the
high performance texture mapping and texture mapping available to provide high performance.
The multiple object segmentation and tracking techniques proposed by Irani et al. [25]
employ robust motion segmentation techniques for initial automatic segmentation. The system
then develops a windowed dynamic intensity appearance model, which is created by using the
recovered motion parameters to register IMOs in the sequence, so that the object of interest
appears stable over a span of frames. The span of registered frames are used to identify the
temporally stable regions, which should correspond to the IMO of interest. A ‘motion measure’ function assigns the likelihood of motion at each point, so that dense region classiÞcations
may be made. This work however, does not impose any speciÞc spatial coherence constraints,
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limiting the bounds and connection of objects, or preferring compact objects against widely
distributed objects. Similarly, the registration and comparison model does not necessarily segment object boundaries correctly when they are set against uniform intensity backgrounds. In
the case of partial transparency, this is not necessarily the case. For example, the motion constraints generated by a car might be coherent around its sheet metal, however the transparent
glass areas would generate motion constraints consistent with either the interior of the car, or
the objects observed through the glass.

2.2.3 Techniques Incorporating Spatial Segmentation Priors
Tao and Sawhney [48] employ an ellipsoidal Gaussian spatial segmentation prior to enforce
spatial coherence in a multiple object tracker. A dynamic appearance model is implemented by
comparing intensity values within a layer’s object region through multiple frames in motion,
using a Gaussian likelihood function for matching. These two constraints and a parametric motion model are incorporated into a single objective function, optimized using the EM algorithm
to segment the sequence into discrete layers. This approach uses a state machine to manage
the initialization and removal of objects in the image sequence through time. The approach
effectively tracks multiple independently moving objects in a scene, but is forced to rely upon
its simple spatial model of ellipsoidal objects, detracting from its versatility.
Jepson et al. employ an octagonal spatial segmentation prior [30] whose edge likelihood
varies as a half-Gaussian proÞle, allowing for a ‘cushion’ region in which the true object boundary is proposed to lie. The ‘polybones’ model is forced to accommodate objects with its octagonal shape prior, and so is not able to represent complex objects coherently, instead using
multiple polybones to represent such objects. A background layer is used to handle background
or camera motion, and new objects may be initialized at any time.
Segmentation employing spatial and intensity constraints are explored by Weiss [53] by
incorporating spatial proximity and intensity difference within the constraint clustering objective function itself. The EM algorithm is then used to optimize the objective function, yielding
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segmentation that propagates through uniform areas up to region boundaries. But this approach
does not aim to recover accurate boundaries, and makes no attempt to explicitly use edge information.
The use of Markov random Þeld models to enforce spatial constraints [22] provides an
intelligent approach to linking areas, however these techniques place extreme demands on
computational resources. An alternate technique that uses static segmentation and a modiÞed
MRF implementation to assign spatial priors is also suggested by Weiss [54], however the
approach still does not attempt to recover accurate boundaries. In addition, the modiÞed MRF
implementation does not necessarily improve performance over typical MRF’s, which require
signiÞcant computational resources to perform effectively.

2.2.4 Area Integration-based Techniques
Wang and Adelson [51, 52] segment sequences into layers by the segmentation of spatiotemporal gradient constraints. Their approach recovers regional optical ßow estimates from Þxed

 ) neighborhoods, which impose spatial coherence constraints. AfÞne motion model
parameters are then Þtted to    neighborhoods of motion constraint pixels, and Þnally,
size (

k-means clustering techniques are then used to cluster the region motion estimates, collecting
groups of regions. It should be noted that the groups are not spatially coherent by nature, to
cope with transparency and occlusion.
Smith et al. [46] conceptually extend the optical ßow recovery technique proposed by
Ju et al. [32], by pre-segmenting the initial frame into intensity coherent regions using edge
segmentation, before estimating the motion at the edges. The EM algorithm and a Minimum
Description Length requirement are used to accommodate and initialize multiple object proposals in the scene. The edge ownerships are used to generate region ownership estimates by
propagation in a maximum likelihood framework, thus completing the region segmentation
process. However, this technique leaves a signiÞcant proportion of poorly labeled regions,
especially regions with uniform intensity who share a nearly equal proportion of edges with
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distinct objects.
The multi-layer segmentation process proposed by Darrell and Pentland [17] enforces spatial coherence using a line-process approach within contiguous regions of motion support to
regularize optical ßow estimation. This technique creates a number of layers, which are then
further grouped using robust statistical processes to overcome transparency, occlusion and
noise. Morphological constraints are further applied to the segmentation process to favor objects that are compact and coherent, however these spatial constraints are relatively weak and
are not aimed at accurate shape recovery.

2.2.5 Curve and Boundary-based Techniques
While segmentation by its nature requires some element of shape recovery, the inclusion of
accurate object shape as one of the MASC system objectives extends the notion of spatial
coherence beyond a generic object model that models object shapes as simple geometric shapes
or two-dimensional probability distributions [30, 48].
Active contours [34] provide a means of shape recovery, but by their formulation, require
‘good’ initialization to function correctly in their shape recovery and tracking roles. The use of
motion to assist in their initialization and evolution through the duration of a sequence improves
their stability, execution time and reliability.
Some tracking systems have been based purely upon boundary recovery techniques, for
example Leymarie and Levine [36], applying a multiscale active contour implementation to
track and adapt to the non-rigid deformations of cells in biological sequences. This approach
does not explicitly attempt to directly recover the motion of the target objects. Terzopoulos
and Szeliski [49] take this purely active contour-based approach by applying Kalman Þltering
techniques to smooth the evolution of the active contour in time, in an attempt to accommodate
object motion within the snake framework itself.
The ‘Active Shape Model’ of Cootes et al. [13, 4] extends boundary recovery-based approaches using learning and subspace techniques, parameterizing the various boundary forms
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of a Þxed database of objects, and exhaustively searching for such objects in sequences. The
parameterizations are able to accommodate a common range of deformations in the target objects, permitting the development of human shape trackers [4], that are able to detect, segment
and track humans and provide an indication of their physical conÞguration.
The technique is further pursued by Isard and Blake [26], who introduce conditional density progapation techniques to estimate contour motion and deformation parameters during
tracking. This approach is restricted to detecting and tracking template-based contours, and
requires a training stage to learn a stochastic model of contour deformation and parameterized
motion. This approach goes beyond the typical Kalman Þltering model which uses a unimodal
Gaussian distribution to propagate the contour, by using factored sampling techniques to approximate multimodal distributions for propagation. As a result, this approach is unable to
deal with unknown objects, but could be incorporated within the MASC system which would
provide a steady, or slowly changing object boundary for on-line learning.

2.3 Hybrid Techniques
By combining the aspects of segmentation, tracking and accurate shape recovery, hybrid techniques attempt to address segmentation and tracking within a single framework. Thus, while
typical motion segmentation research attempts to resolve optical ßow purely through the use
of spatiotemporal constraints [29, 7], here we draw upon the assumption of spatial coherence
to provide an added set of constraints.
The motion segmentation research of Cremers [14, 15] is based on a cost functional whose
optimization requires the simultaneous solution of IMO motion parameters and the approximate IMO boundary location. The level set technique employed in this work allows the boundary representation to automatically merge and split to accommodate the topographical changes
in the target IMO, and the cost function also attempts to minimize this boundary length to
encourage compactness and spatial coherence. However, this approach is limited to consid-
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ering only motion constraints for its boundary estimation, and is also limited to single scale
gradient-based motion estimation, restricting the range of object displacement between consecutive frames.
Bascle et al. [2] combine region tracking and segmentation with active contour techniques,
using region-based motion estimation to propagate an active contour between frames. Assuming the active contour is correctly conÞgured in the initial frame, it is able to deform in the
succeeding frame to accommodate non-rigid deformations in the target object. The afÞne parameters are Kalman Þltered to temporally smooth the motion estimates, however the technique
does not employ robust estimation techniques for motion estimation between frames, and also
does not integrate any region-based segmentation information in the active contour’s operation.
A similar approach by Bascle and Deriche [3] substitute the gradient-based motion estimation
techniques of [2] by correlation-based motion estimation, permitting larger displacements between frames.
Paragios and Deriche develop the theory of Geodesic Active Regions [41], an approach
that is perhaps closest to our own approach of segmenting and tracking a set of multiple independently moving objects in a video sequence. The Geodesic Active Region technique uses
geodesic active contours to reÞne motion segmentation results, by using the active contours to
isolate each motion coherent region recovered by the segmentation. Once initialized, the isolated regions can then be analyzed individually to recover their motion. The segmentation relies
on the assumption of a static background in the video sequence, from which a dense region segmentation map can be obtained. The dense region segmentation is used to assist the contour’s
evolution in each new frame, after which the contour is allowed to further deform according to
typical geodesic active contour criterion. The static background assumption imposes the same
limitations upon this technique as other techniques that make this assumption (Section 2.2.1),
limiting its applicability. In addition, the lack of robust motion estimation may prevent the
system from operating effectively where image noise and limited IMO transparency is present.
Limited transparency may be observed when tracking a car with a window, for example. The
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segmentation and tracking system described in this research adopts a similar hybrid approach
by actively combining motion segmentation and tracking techniques with active contour-based
boundary recovery techniques, and the next section describes our contribution to this area of
research.

2.4 Original Contribution
The segmentation framework presented in this thesis proposes the integration of region and
boundary-based techniques to address the problem of object segmentation and tracking, in the
belief that the effective combination of these techniques can result in a better solution than
one based on only one of those philosophies. Our framework aims to integrate seemingly
disparate components to enable strong collaboration, yet still remain ßexible enough to allow for the substitution of individual components, based on application-speciÞc requirements
without compromising the overall integration of the system. The resulting system proposes a
novel solution to the problems of automatic initialization, multiple object tracking and accurate
shape recovery within a single framework. It also demonstrates a vision system that can provide higher level vision components with useful motion and shape data for object recognition,
visual surveillance and video compression.

Part II
Methodology

36

Chapter 3
The MASC Segmentation System
The principle of our segmentation system is to combine region and boundary information,
allowing techniques based on both approaches to overcome any weaknesses present in an approach that only relies on one of them. We employ motion estimation techniques to provide
region information and active contour techniques to recover boundary information, so we use
the MASC acronym to refer to this system which performs Motion segmentation using Active
contours for Spatial Coherence.
The segmentation procedure of resolving the motion and shape of IMOs within a video
sequence, comprises the following parts:

 Detect and coarsely segment IMOs in the sequence using motion estimation methods;
 Use the coarse segmentation to initialize and reÞne the boundary estimates of each IMO
to recover an ‘accurate’ IMO shape representation;

 Continuously track each IMO to maintain a stable segmentation over time, incorporating
boundary estimates within the motion estimation process to improve performance.
Detection and coarse segmentation of IMOs in the scene is performed by region-based
motion segmentation methods, which allow boundary-based methods to be instantiated. Information from both types of methods are then used to continuously track the IMOs throughout
37
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the sequence, and eventually recover an accurate IMO shape representation. Special considerations are also made for the scene background which may be stationary or moving due to
camera motion or movement of the background itself. The ultimate goal of providing a completely automatic segmentation of the image is achieved by initializing an independent tracking
process for each IMO present in the scene.
This section presents an overview of the region and boundary-based components, and the
way in which information is shared between them. The remainder of this chapter goes on to
develop each of the components in full detail, presenting their background, implementation and
analysis. In addition, the interaction between components is described throughout the thesis,
but formally discussed in Chapter 8.

3.1 Methodology
The MASC system aims to provide a general framework for tightly integrating region-based
motion techniques with boundary-based active contour techniques. The result of its development is a complete motion segmentation and tracking system that aims to recover IMO boundaries accurately. Figure 3.1 illustrates the conÞguration of the various components within the
system, and a summary of the diagram is provided below.
The motion segmentation component recovers the overall segmentation of a scene and the
approximate locations of each IMO by performing motion estimation upon the entire frame.
The motion segmentation generates a coarse estimate of each IMO’s location and boundary, as
well as an estimate of the motion of each IMO. A spatial segmentation process is applied to segment two or more IMOs share similar motions, if there is sufÞcient spatial separation between
those IMOs. The resulting boundary and location estimates are typically sparse however, as
motion segmentation is performed on spatiotemporal gradient constraints (motion constraints),
which are only present in areas with signiÞcant edge structure.
In order to increase the effectiveness of the motion segmentation process, a motion-based
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intensity constraint classiÞcation operation is performed to increase the density of the region
segmentation map, generating a new motion segmentation map. The intensity of pixels between between two successive frames is compared using the detected IMO motion between the
frames to warp the IMO from its position in the second frame to its position in the Þrst. By
comparing the original frame to the warped second frame, the regions whose intensity remains
constant in the two frames provide a good indication of which regions are part of the target
IMO.
Spatial segmentation based on the Connected Components Analysis (CCA) algorithm is
then applied to the motion segmentation maps, in order to identify a single IMO of interest, as
there may be more than a single IMO with a given motion pattern. The spatial segmentation
aims to isolate the single largest spatially coherent region identiÞed by the motion segmentation
map to provide a coarse IMO boundary estimate. The remaining areas are removed from further
consideration within the current process, but are available for inclusion in separate tracking
processes as distinct objects.
The segmentation result is used to initialize the boundary-based active contour around the
target IMO. The active contour position evolves from its motion-based initial position to account for the edges in the image, while incorporating motion segmentation information in its
adjustments. In turn, the boundary estimates recovered by the active contour are used by the
motion segmentation algorithm to localize its behavior, conÞning the area over which IMO
motion estimates are derived.
The IMO motion and boundary is continuously reÞned and used throughout the sequence to
maintain steady tracking, while a global motion estimation process continues to operate in nonIMO regions, in the search for new IMOs that might appear in the scene. The global process
maintains awareness of the rest of the scene so that when combined with the individual IMO
tracking processes, a complete detection, segmentation and tracking procedure is established
and maintained.
Through time, the active contour boundary estimates assist motion estimation by isolating
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Figure 3.1: MASC Segmentation System Block Diagram

all relevant IMO motion constraints within its boundary, removing noise from the IMO motion estimation process. In turn, the improved motion estimates assist the motion segmentation
process by providing richer region-based information to the active contour, improving boundary estimates. The boundary estimates gradually improve over time, to generate an accurate
representation of IMO shape.
The interaction of components through time results in a system that consciously balances
global criteria affecting the scene as a whole, and local criteria affecting speciÞc areas in the
frame. The interaction also integrates the dynamic (motion-based) and static (edge-based)
properties of image sequences in an effective manner. The primary goals of detection, segmentation, stable tracking and shape recovery are thus met.

Chapter 4
Motion Estimation
Motion estimation is performed by the MASC system to recover the coarse segmentation of
a sequence and generate estimates of each IMO’s parametric motion. Continuous analysis of
the video sequence permits the estimation process to detect any new IMOs that appear in the
scene, so that a new tracking process may be initialized for new IMOs. Once a new IMO has
been detected and an initial segmentation for it obtained, an independent IMO tracking process
is initiated for the new IMO. As a result, initial segmentation is only required when any given
IMO Þrst appears in the scene.
Initial detection and segmentation of IMOs in a scene is achieved by performing a global
analysis of spatiotemporal gradient constraints in the scene, which must be clustered consistently with respect to parameterized motion models. Each motion model represents the consistent motion of a single IMO, so that the clustering process isolates constraints that move with a
single motion. As the analysis is global, multiple IMOs may be present in the scene, requiring
the application of robust clustering techniques to differentiate between the sets of constraints.
Successfully applying the motion estimation process for each IMO produces a segmentation
that assigns ownership of spatiotemporal gradient constraints to distinct motion processes, providing a crude segmentation of the scene into a set of motion-consistent regions, which may
not be spatially coherent. However, these results permit the execution of boundary recovery
41
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techniques which reÞne the position and shape estimates of each IMO using techniques that do
incorporate spatial coherence properties. This information is fed back to the motion estimation component, assisting the motion segmentation to provide more accurate estimates of IMO
motion.
Once an IMO tracking process has been initiated (after initial segmentation), motion estimation is continually applied to the IMO region to update its motion parameter estimates and
global motion-based segmentation estimates. In this case however, the motion estimation is
only applied within the isolated IMO region, but in the same robust manner as for the global
estimation, to account for changes in IMO shape, transparency and occlusion. This chapter
explores the process behind motion estimation using gradient-based techniques. We begin by
describing single scale motion estimation, and extend the implementation to multiple scales in
Section 4.2. We conclude with a discussion of how the estimation process is applied to segment
and estimate the motion of multiple IMOs in a video sequence.

4.1 Single Scale Motion Estimation
The principles of optical ßow and the techniques for estimating it from a video sequence are
described in Section 1.2, This section describes the particular algorithm implemented in the
MASC system to robustly estimate IMO motion parameters and perform motion-based region
segmentation.
The estimation of coherent motion comprises the accurate recovery of motion constraints
for a given pair of frames, followed by the clustering of motion constraints according to parametric motion models to identify and segment the coherent motion layers. Each coherent
motion layer logically represents one or more IMOs undergoing a single plausible motion in
the sequence. Because of this, motion-based classiÞcation of constraint regions results in a
layered segmentation of the sequence at that point in time.
Figure 4.1 illustrates the motion estimation process at a single scale, for the recovery of
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Figure 4.1: Motion Estimation Process

a single motion process. The motion estimation process is in fact applied at multiple scales,
on a number of subsampled versions of the sequence as well as at the original size. This
allows the estimation procedure to maintain effectiveness and accuracy even for relatively large
IMO displacements, as this is not possible at a single scale. Our discussion of spatiotemporal
constraints in Section 4.1.1 describes the unsuitability of single scale motion estimation for
large displacements due to the difÞculty in estimating temporal derivatives, and the extension
to multiscale motion estimation is discussed in detail in Section 4.2. Each component shown
in Figure 4.1 is described below, detailing the motion estimation process at a single scale.

4.1.1 Spatiotemporal Constraints
The MASC system relies on brightness constancy [24] to estimate motion, however it may be
easily adapted to use alternative motion constraints based on other principles such as phase
constancy [21], which provides better robustness to variable lighting conditions at the expense
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of signiÞcant computational overhead.
The spatiotemporal gradient (motion) constraints introduced in Section 1.2 are made up
of three components: the  and  dimensional spatial gradients of a single frame,   and  ,
and the temporal gradient of that frame,  . The spatial gradient components are estimated by
calculating the numerical derivative of the intensity image along the  and  directions. To
estimate the spatial derivatives we use a Gaussian smoothing Þlter to interpolate the image
signal, after which a discrete three-point difference kernel may be applied to approximate the
derivative [50]. In fact, as both the difference and smoothing Þlters are separable, they can be
combined into a pair of 1-D Þlters that can be applied separately in the  and  directions.
Temporal gradient estimation uses two successive frames to estimate   , a process known as
two-frame ßow estimation, although more frames can be used for the approximation. The temporal gradient is approximated as the temporal difference between the two successive frames,
which are Gaussian smoothed prior to calculation to remove discontinuities in intensity changes
between the frames, so that the difference calculation more closely approximates the true temporal derivative. The Gaussian smoothing Þlter is conÞgured to have a standard deviation of



  pixels, so that displacements of intensity discontinuities (such as a strong edge) are

smoothed assuming that IMO displacements will be approximately within this range. The 
value is indicative of the distance from a point over which the smoothing is effective, as it determines the effective width of the Þlter. As a result, temporal derivative values are thus valid
for displacements less than approximately  pixels, an adequate displacement range within a
single scale.
The maximum displacement size that can be estimated can be justiÞed intuitively by analyzing the behavior of temporal gradient estimates for a small region about a moving intensity
discontinuity or edge. Even for a very small displacment, the temporal difference of a pixel on
a moving edge will be the same as it would be for a larger displacement, as illustrated in Figure 4.2. This effect prevents the effective estimation of the true motion of the black block, as
the temporal gradient estimate is constant irrespective of actual block displacement. If a Gaus-
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(a) Frame 1

(b) Frame 2

Figure 4.2: The temporal difference for a pixel in the region within the light circle is constant
for small or large displacements of the black rectangle as it moves leftward, preventing effective
motion estimation.

sian smoothing Þlter is used to smooth the sharp edges of the block, the change in intensity
becomes continuous and smooth even at the edges, but the smoothing is only effective if the
displacement of the block is less than the effective width of the Þlter, roughly indicated by  .
Note that while increasing the  value increases the valid range of the displacements for which
derivatives may be estimated, it also decreases the accuracy of those estimates. As a result, it
is impossible to estimate larger displacements with reasonable accuracy at a single scale. We
ovecome this problem through the introduction of multiscale estimation in Section 4.2.
Finally, the three-vector,

 

  



, is used to represent each spatiotemporal

gradient constraint, which is present at every point in the image. Not every spatiotemporal
gradient value is a valid motion constraint however, as will be shown in the next section.

4.1.2 Constraints Thresholding
A large portion of spatiotemporal gradient constraints are not valid for motion calculation.
There are two primary classes of invalid constraints, constraints that are unreasonably small,
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and constraints that indicate motion beyond our range of estimation. Minimum thresholding
eliminates constraints with very low spatial gradient magnitude,

      , due to the

unreliability of these constraints. When the spatial gradient at a point in the frame is very small,
such as in regions of uniform texture, noise has a large inßuence on the constraint value. As
a result, any calculations using these noisy values will be correspondingly noisy. These constraints can be seen as having an extremely poor signal-to-noise ratio (SNR), where the minimal BCC evidence they provide is corrupted by sensor and quantization error. The minimum

 threshold is conÞgured to remove noisy gradient estimates, Þltering out spatiotemporal
gradient constraints derived from uniform intensity regions.
This thresholding step is intuitive with respect to the aperture problem, which indicates that
regions of uniform brightness provide no evidence of motion, while a small amount of noise
added to such a region produce constraints with small magnitude that have no relation to the
true brightness changes in the scene. As such, they cannot provide valid motion constraints
for motion estimation process, and instead simply introduce a set of noisy constraints. This
process also suggests an intuitive process through which the minimum threshold value can be
interpreted, by visual inspection of the valid constraint map. Valid constraints should only
exist at or around regions where texture or edges are present, as these are the only regions
where motion can be locally distinguished.
The threshold value for the minimum constraint magnitude is heavily dependent upon the
spatiotemporal constraint generation process, speciÞcally the means of smoothing and the difference approximation technique chosen. The MASC implementation uses a 3-point central
difference approximation, and a Gaussian smoothing kernel with a standard deviation of 
pixels. In this conÞguration, testing indicates the optimum minimum threshold value to be in
the range of  units, so that we impose the requirement that all valid constraints have a spatial
derivative magnitude,

     . For the tow truck test sequence shown in Figure 4.3,

the valid constraint maps over a range of minimum threshold values are shown in Figure 4.4,
providing intuitive justiÞcation for the choice of threshold.
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Figure 4.3: Tow Truck Sample Sequence: Toy tow truck rolls down the ramp toward the right
of the scene against a stationary background.

(a) Constraint Threshold Value = 

(b) Constraint Threshold Value = 

(c) Constraint Threshold Value = 

(d) Constraint Threshold Value = 

Figure 4.4: Tow Truck Sequence Thresholded Constraint Map
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While constraints with small spatial gradient magnitude are dominated by noise, constraints
with extremely large magnitude are generated by large displacements or noise. Many large
displacements destabilize the temporal gradient estimates as the size of such displacements
prevent the temporal differencing procedure from generating a useful approximation of the
temporal derivative at a point, due to temporal aliasing. The condition is demonstrated in
Figure 4.5, where we show the change of intensity due to motion of a step edge that might
occur due to a translating rectangle, such as that shown in Figure 4.2. The step edge at the top of
Figure 4.5(a) undergoes smoothing, reducing the gradient of the step to that shown in the lower
part of Figure 4.5(a). The correct temporal derivative estimate is obtained through temporal
differencing for the small displacement of Figure 4.5(b). However, for larger displacements
beyond the size of the smoothing Þlter’s effective width, the temporal difference obtained has
no relation whatsoever to the true temporal derivative at the point when it was Þrst sampled.,
as shown in Figure 4.5(c).
Large displacements therefore have the same effect as overly large temporal differences
between image samples, and the example of Figure 4.5 demonstrates that temporal gradient
estimates can be wildly inaccurate for large displacements and at low sample rates. In fact,
the two conditions are equivalent: increasing the frame capture rate reduces the size of displacements between consecutive frames, however this places signiÞcantly higher demands on
the available system bandwidth and processing power, so this approach is typically impractical. Meanwhile, the aliasing effect prevents single scale motion estimates from being accurate
for large displacement magnitudes [23]. A multiscale motion estimation method (described
in Section 4.2) uses several sub-sampled versions (scales) of the sequence to capture larger
displacements. These large displacement estimates are used to recursively reÞne the motion
estimates at larger scales, so that only a limited range of displacement need to be measured at
any given scale.
As the development of constraints follows the assumption that only small displacements
are valid at any given scale, the upper thresholding process described below eliminates a large
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large amount (middle), generating a speciÞc temporal difference value. However, if the displacement is even larger (bottom), the difference in displacement size is not reßected by the
temporal difference at all, due to
temporal aliasing.

Figure 4.5: The temporal aliasing phenomenon is demonstrated for a smoothed step edge.
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class of the constraints that could only be generated by large displacements outside of the range
of interest. These constraints may be generated legitimately, such as by a relatively large area
in the frame with a very smoothly changing textured intensity undergoing a large displacement.
As a result of the large smoothly changing area, the temporal aliasing phenomenon would not
occur, and the motion constraints generated by this region would provide reliable evidence of
the true motion. However, we defer large displacement handling to the multiscale formulation,
so that we may assume that at any single scale, the IMO displacements will be within a reasonable range for estimation. In this case, a range of two pixels is indicated by the description of
spatiotemporal constraint computation. We therefore remove the motion constraints that could
only correspond to large displacements, although many motion constraints that may be generated by large displacements may still remain, as each constraint only provides one component
of a point’s velocity.
We identify constraints that indicate displacements outside of the range of interest by analyzing the minimum pixel displacement that could result from a given motion constraint. A
pixel’s displacement, , generated by the motion constraint

 , satisÞes the BCC if

    
  
    

(4.1)
(4.2)
(4.3)

Now using the cosine formula:

     !"#

(4.4)

 and . . So we obtain the relation
   !"#
(4.5)

where # is the angle between the two vectors

This relation allows a maximum gradient magnitude threshold to be derived and applied to the
set of spatiotemporal constraints:




(Maximum Displacement)

(4.6)
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The maximum displacement threshold is set to two pixels of displacement for the MASC system, allowing the robust clustering techniques to handle any noisy constraints that still exist
within this range. The multiscale technique introduced in Section 4.2 allows the motion estimation to continue to perform correctly even for large displacements.

4.1.3 Mixture Models for Optical Flow
Once a valid set of motion constraints has been calculated for the two-frame pair, the constraints
must be clustered to recover the coherent motion patterns. The constraint generation process
allows us to assume that at any given image scale, displacements are ‘reasonable’, that is within
the range we can reliably estimate given the limitations of gradient-based ßow estimation. This
section introduces the use of mixture models to recover optical ßow as suggested by Jepson
and Black [29]. Mixture models and the EM algorithm were introduced in Section 1.4, and this
section discusses their application in clustering motion constraints to recover parametric optical
ßow. This approach assumes that the constraint set represents a ‘mixture’ of motions generated
by various layers within the scene, with random noise also present. Jepson and Black [29]
address the aperture problem by clustering motion constraints that are strictly consistent with
each other, so that all the motion constraints within a single motion layer support a common
velocity estimate up to a given tolerance. The same constraint classiÞcation criterion is adopted
in this work, and is described below.
The Brightness Constancy Constraint (BCC) of Equation 1.4, can be expressed as

 
where

 



  is the spatiotemporal constraint vector corresponding to pixel , and

representing the velocity of the IMO layer with index :




























(4.7)


is a vector
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The third component of  is used to represent the temporal displacement of the IMO
corresponding to the spatial displacements, in this case one, as  is measured in frames. The
motion parameter estimation process described below estimates the motion parameters as a
three-vector, but only in two degrees of freedom. A similar case is observed for the higher
order afÞne motion model, where a seven-vector is solved for in six degrees of freedom. In
either case, the actual motion parameters may be obtained by simply normalizing the solution
with respect to the temporal displacement (last element in the vector), to make it equal to one.
The consistency of a (spatiotemporal) motion constraint with a velocity  , is measured
by its deviation from the BCC, Equation 4.7. We employ a likelihood function deÞned by
the angular error of the spatiotemporal gradient constraint

  with respect to velocity

,

approximating this angular error with its sine, assuming small angular error and noting that
under such conditions, they are apporixmately equivalent [29]:


  



(4.8)

   

We use this deviation estimate,  , to deÞne a Gaussian likelihood function:



   
       



(4.9)

While the  error function has Þnite range and the Gaussian likelihood function has inÞnite
range, it should be noted that the above likelihood function is only used to model reasonably
accurate constraints. An outlier distribution is introduced in Section 4.1.5 to model constraints
with larger error. In doing so,  is an estimate of the error in estimating the spatiotemporal
gradients, sensor noise, and must also account for the modeling error associated with using a
parametric motion model to represent the projection of three dimensional motion. For example,
the use of a translational motion model cannot represent an object’s rotation in the plane, and
thus any part of the motion constraints resulting from a rotational motion must be accounted
for as modelling error. A reasonable value for  is in the range

  [29, 28], however

a simulated annealing process is introduced in Section 4.1.7 that systematically varies  to
assist the optimization of the EM algorithm.
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In the more general case, the motion parameters of an IMO are represented by the vector,

 , instead of the translational motion vector,

,

to accomodate higher-order parametric mo-

tion models. Taking this into account, the likelihood function can be used in the Expectation
Maximization (EM) algorithm described in Section 1.4, so with the mixture probabilities of the
IMOs in vector  and given the IMO motion parameter set in the mixture model,      
the probability of observing any constraint,

       

  , is

 




       

,

(4.10)

The log likelihood of the entire constraint set can then be calculated as

 $ 

 

 




   

     

allowing us to deÞne the ownership probability for each constraint,



(4.11)

  , with respect to the

motion parameters of the th motion as





      















 

(4.12)

Ownership estimation concludes the E-step of the EM algorithm, by calculating the probability of a motion constraint being generated by a speciÞc IMO. Calculating ownership values
for each constraint under each IMO motion parameter set quantiÞes the relationship between
every constraint with every IMO, determining the inßuence each motion constraint will have on
the IMO motion parameter reÞnement in the M-step of the algorithm. Conversely, each ownership value identiÞes the probability with which the motion constraint belongs to an IMO, so
that the image may now be coarsely segmented by assigning each motion constraint to the IMO
with maximum ownership for that constraint. The M-step of the algorithm involves optimizing

$     
the next section.

 with respect to the motion parameter set, 

    , and is described in
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4.1.4 Motion Parameter Optimization
Under a parametric motion model, the velocity of a point on an IMO can be expressed as a
function of image location, , as

 

 



  

. To simplify computation for

higher order parametric models, it is convenient to represent this velocity as a product of a
matrix

, and a vector :
 

(4.13)

This form assigns the the parameters of the motion model to the  vector, separating them from
the point coordinate data that is required to calculate point velocity for higher order motion
models. However, if the IMO is moving under the assumption of a constant motion model, all
points on that IMO will have image velocity . In this case, point velocity is not dependent on
point location, so the matrix

 is simply the identity matrix, and  represents point velocities:



  


  
  
  

































(4.14)

In contrast, the afÞne motion model represents image point velocity as a function of point
location:















 



 

   


  


 

 




(4.15)

The image velocity components  and  can therefore be expressed as






      

(4.16)

       

(4.17)

In this case, the vector  contains the afÞne ßow parameters,





     





(4.18)
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 is now a function of point location, :
 


   




   




  
  
      










(4.19)

Higher order parametric models, such as the projective motion model, may also be represented in a similar manner. The motion parameter optimization process is applicable to any
parametric model, so that they may also be incorporated within the MASC system. Each IMO’s
motion parameters may be estimated by optimizing a least squares objective function deÞned
over the spatiotemporal gradient constraint set,

  , for     . In the simplest case, we

assume all the constraints are generated by the IMO of interest, that is, there are no other IMOs
in the scene. Reiterating the brightness constancy assumption:





      

(4.20)

which may now be expressed in the terms deÞned above:

   
    

(4.21)
(4.22)

Where

 

  



(4.23)

To Þnd the motion parameters,  , that best satisfy the constraint set in the least squares
sense, we minimize the cost function,  with respect to  :

 






   

(4.24)

       

(4.25)

  

(4.26)













 



 

(4.27)
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The value of  that yields the minimum  is the least squares solution of the motion estimation
problem. We can solve for  by Þnding the eigenvector of matrix
to

’s smallest eigenvalue.





, corresponding

The least squares motion estimation process described above assumes that the complete
spatiotemporal gradient constraint set,

  , is generated by a single moving IMO whose mo-

tion is well modeled using the assumed parametric motion model. These two requirements are
a result of the sensitivity of the least squares optimization process to noise, as the optimization
performs very poorly when the residual noise in the constraint set is non-Gaussian [8]. Within
the mixture model framework however, the ownership probabilities of the Expectation step of
the EM algorithm provide a quantitative indication of the coherence of constraints with respect
to a given motion parameter set.
Assuming each scene point with index  has ownership probability   with respect to
motion , the

 matrix of Equation 4.27 relating to IMO  can now be expressed as the

following weighted sum,

 


  %

    % 

 

(4.28)

This can be likened to calculating a weighted mean value (for a matrix in this case). Calculating
the eigenvector of & that corresponds to its minimum eigenvalue produces an estimate for the
motion parameter vector,  , that is optimized with respect to the ownership probabilities. This
optimization completes the M-step of the EM algorithm used to robustly estimate IMO motion
parameters.
By iterating between the E-step and M-step, the ownership and motion parameter estimates
are continuously reÞned and improved, within the limits of the EM algorithm. The process
can be terminated when the data’s log likelihood, shown in Equation 4.11, ceases to increase
noticeably. It should be noted however, that the quality of the results from this algorithm
depend on the motion parameter set used in the Þrst iteration, due to the inability of the EM
algorithm to guarantee recovery of the global maximum of the log data likelihood function.
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likelihood

Figure 4.6: The outlier distribution: The Gaussian inlier distribution (solid line) claims ownership of constraints within ' standard deviations of its mean. Beyond this range, the uniform
outlier distribution (dashed line) claims ownership to any errant constraints.

Motion parameter initialization for the MASC system is closely related to the multiscale motion
estimation process, discussed in Section 4.2.

4.1.5 Outlier Components
The EM process described above effectively clusters constraints generated by distinct IMOs,
however, in any real data set a small but signiÞcant proportion of constraints do not correspond
to any speciÞc IMO, as their values are corrupted by noise and violations of the BCC. An
additional layer called the outlier layer is used to assume ownership of such stray constraints,
by claiming ownership of any constraints that are not ‘strongly’ claimed by an IMO.
The outlier layer is conÞgured as a distinct IMO layer, with index 

 , for which we

approximate a sum of many Gaussian distributions to model the outlier layer in the mixture
by using a simple uniform distribution for outlier likelihood [29]. The outlier likelihood,   , is
assigned by considering the situation in which the probability of a constraint being an outlier
is one half. Taking the scenario where one IMO is present, the ownership of a constraint can
be expressed as





      

        

(4.29)
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wherein the mixture proportions are deÞned to sum to , so that given an inlier mixture propor-

    .
      
 

          

 
         

tion,  , the corresponding outlier proportion is:  




(4.30)





(4.31)





Now assuming this outlier ownership probability is assigned to constraints that occur '
standard deviations from the mean, we obtain an expression for the outlier likelihood in terms
of the expected inlier mixture,  , standard deviation,  and a ‘conÞdence’ constant, ':








    






  '



(4.32)

The constant ' indicates the distance from the mean (in units of the standard deviation,  )
where there remains high conÞdence that constraints are generated by the IMO of interest, but
have been mildly corrupted by noise. Jepson and Black [29] employ values of  


'

  and

  to estimate this likelihood, and our experimental results conÞrm the validity of these

values.

4.1.6 Motion Model Selection
The selection of which motion model to use intuitively depends on the content of the video
sequence being analyzed. For the MASC system, we assume that the afÞne motion model is
an effective parameterization by the large class of IMO motion that can be represented by this
model. It is also reasonable to assume that typically the distance of IMOs from the camera is
signiÞcantly greater than the comparative depth of IMOs.
In practical terms, the typical frame size of test sequences used with the MASC system,

   pixels, makes estimating motion parameters for higher order models very difÞcult.
Constant (translational) motion parameter estimates cannot be cannot be reliably calculated

  pixels, and for afÞne motion models, the image patch
size should be larger still, approximately    [8]. Note that these dimensions refer to the

for image patches smaller than 
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approximate IMO sizes, not simply the image sizes, as the motion constraints of interest are
only generated by the IMO. The MASC motion estimation algorithm employs the afÞne motion
model wherever the frame size exceeds 

  pixels, and where more than 200 spatiotemporal

gradient constraints are available for an IMO region. As an alternative, the constant motion
model is employed when the frame size exceeds

   pixels, and where more than 50

spatiotemporal gradient constraints are available. The estimation process dynamically selects
the appropriate model depending on the available constraint set and frame pair.
Functionally, the afÞne and constant motion models may easily be replaced by higher order
parametric models such as the projective motion model, at the cost of stability and complexity. As higher order motion models require a proportionally larger number of constraints to
generate stable motion estimates, the conditions that determine transitions between the various possible motion models in use must be deÞned. However, making such an implementation
practical would require using larger image sizes, greatly increasing the computational demands
of the MASC system.
It should be noted that the motion segmentation unit does not take spatial distribution into
account, classifying only on the basis of the spatiotemporal gradient constraints at any given
point. As a result, noise in disparate regions of the image may cause constraints to be included in an otherwise compact cluster, and two IMOs with the same motion properties will
be classiÞed as one. Median Þltering is applied to remove isolated noise, and in practice this
is quite effective. IMO segmentation and high noise regions must be dealt with using spatial
segmentation techniques described in the following Chapters.

4.1.7 Motion Variance Selection
With all the above components in place, robust motion estimation at a single scale may be
performed by generating a set of initial motion parameters, and then by performing successive
iterations of the EM procedure described above. A key consideration, already discussed, is the
choice of  , which we have already pointed out should reasonably be in the range  .
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Setting  to a larger value permits the algorithm to incorporate a larger set of data points
into its optimization improving its ability to recover from a poor initial motion parameter setting. However, this also forces the algorithm to include a large range of imprecise data points,
causing a correspondingly larger error in the Þnal estimated motion parameters. Conversely,
using a smaller  should improve the quality of the parameter estimates, but only if the initial
parameter estimates are already very close to true maximum, as there is correspondingly very
little tolerance to noise.
The EM algorithm’s iterative nature suggests an alternative means of managing  selection, through a simulated annealing approach [28]. This approach suggests setting  at a large
value during initialization, and then gradually decreasing it after each subsequent iteration,
down to a minimum  value. The MASC algorithm uses an initial value of 
Þnal value of  

 , and a

 . This process ensures large noise and initial value tolerance at the be-

ginning of EM optimization, while the Þnal smaller  value reÞnes the Þnal motion parameter
estimates about the correct clean data points.

4.2 Multiscale Motion Estimation
Multiscale methods are required by any gradient-based motion estimation technique in order to
reliably recover large displacements in a video sequence [23, 6, 8]. This can be attributed to the
unreliability and instability of temporal gradient estimates for large displacements (see Section
4.1.1). Large displacements can be estimated using gradient-based methods by sub-sampling
the video sequence, and recovering the large displacements at a smaller image scale. To do
so, we construct an image pyramid of the frame pair under consideration, where each level of
the pyramid represents a given scale of an image frame, beginning with the original (largest)
scale, with level index ( , and ending with the smallest subsampled scale, index (  . An image
pyramid is shown in Figure 4.7.
The pyramid is created beginning with the original image at level (  , applying a Gaussian
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Figure 4.7: The image pyramid is made up of subsampled versions of the original image. The
original image forms the lowest level, or scale, of the pyramid, and the smallest subsampled
version is referred to as the highest level.

smoothing Þlter and then subsampling by a factor of 2, so that at level (  the image has width
and height dimensions half that of level (  . This procedure is recursively applied to create the
higher levels of the pyramid, with the highest level, (  , made up of an image at least 

 

pixels, to allow for stable single scale motion estimation (see Section 4.1.6). To perform the
multiscale motion estimation, we Þrst create image pyramids for two consecutive frames,  
and  , from the sequence. We can now perform single scale motion estimation at each scale,
beginning at highest level of the pyramid, (  to estimate the largest displacements Þrst.
The single scale motion estimation procedure allows us to recover a single valid motion at
a given level, attributing any other motion patterns to the outlier class. Assuming the motion
parameters,  , are estimated for a coherent IMO at level ( , the motion vectors are projected
onto the next lower level, (  , and  at level (


of the IMO, producing  





    .

is warped according to the projected motion

As a result of this pre-warping, the displace-

ment of the IMO of interest is signiÞcantly reduced between frames   and  at level (  ,


in order to reduce the IMO displacement magnitude at level ( 





to a size below two pixels.

Assuming the motion estimate at level (  is accurate to less than one pixel displacement, the
residual displacement at level (





is within reasonable estimation scale, less than two pixels

displacement. This procedure is recursively applied between each overlapping pair of image
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scales, from level ( to level ( , continuously reÞning the motion estimate. The resulting motion estimate is accurate at the lowest, original image scale, but able to capture displacements
as large as  pixels.
The recovered motion parameters at level ( must be rescaled before they can be used
to warp  at level (  , as a single pixel displacement at level (  corresponds to two pixels


displacement at level (  , We must identify the corresponding motion parameter scaling for


the afÞne motion model parameters employed by the MASC system. At level (  , a point  is
displaced under afÞne transformation to


where

   

(4.33)

 is a    matrix, and  is a two-dimensional translation vector. Assuming a coordinate

origin at the centre of the frame, the corresponding points at level ( 





are 





and   , whose


coordinates can be related to the upper level point coordinates by a scaling factor # (set to two
for the MASC system), so that 
afÞne transformation at level (





 #





, and 

 #





. We can express the equivalent

by observing that



 # 
 #  #
    # 

(4.34)



(4.35)
(4.36)



So an afÞne transformation can be projected from level ( to level (





by preserving the matrix

 unchanged, and scaling the translation vector  by the appropriate inter-level scale factor #.
The pre-warping process is illustrated by Figure 4.8, in which we attempt to recover the

displacement of the circle using a multiscale approach with two levels, with the actual displacement of the circle at the lowest level ( shown in Figure 4.8(b). The circle’s position in
frame 1 is shown by the solid circle, and its position in frame 2 is shown by the dashed circle.
Assuming a circle displacement of magnitude ) 

  at level (, we subsample the frame pair

to generate a half-size frame pair at level ( , shown in Figure 4.8(a). At this level, the circle
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 , facilitating displacement estimation, as the

maximum displacement size we are able to estimate a single scale is 2 pixels. The recovered
displacement at level ( is used to warp the circle’s initial position at level (  , so that the circle’s displacement at this level becomes considerably smaller, shown in Figure 4.8(c). As the
displacement estimate at level ( is typically accurate to well within one pixel, the residual
displacement at level ( shown in Figure 4.8(c) is well within the range of estimation. Summing the projected warp displacement and residual displacement at level (  yields the true
displacement of the circle at that level. This pre-warping and residual motion estimation and
summation process is performed recursively for  pyramid levels, so that the system is able
to accommodate large displacements, provided the top level of the image pyramid contains a
sufÞcient number of motion constraints for motion estimation.
Notably, a given  image pyramid corresponds to the hierarchically detected motion of
only a single IMO, as the lower levels of the image pyramid are warped by the detected motion
parameters of the target IMO. As a result, a unique  image pyramid is required for each
distinct IMO under analysis.
The hierarchical motion parameter estimation process greatly affects the single scale motion parameter initialization process, as for all but the highest level of the Gaussian pyramid,
IMO motion can be assumed to be close to zero, as the primary component of motion should
already be estimated at a higher scale, and removed at the current scale through warping. As
a result, for all but the highest scale of the pyramid, initial single scale motion parameters are
set to random values around the zero displacement range. At the highest level, the range of recovered motion parameters is still restricted by the thresholding of motion constraints to limit
the estimation of pixel displacements to 2 pixels at a given scale. For the test sequences used
(all consisting of no more than three IMOs at any time), it is sufÞcient to initialize the motion parameters of a tracking process to the (unweighted) least squares constant motion model
optimum for the entire constraint set.
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(a) Original circle positions at level

(b) Original circle positions at level

½

¾

(c) Pre-warped frame 1 circle position (solid
line) and frame 2 circle position (dashed line)
at level

½

Figure 4.8: Pre-warping of the image pyramid is illustrated by the displacement of a circle at
multiple scales, with the circle position in frame 1 illustrated by the solid circle, and its position
in frame 2 illustrated by the dashed circle.
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4.3 Multiple IMO Segmentation
The motion estimation procedures discussed above recover the motion of a single IMO in the
video sequence. Where multiple IMOs are present in the sequence, a technique known as
dominant IMO recovery [8, 25] is applied to recover motion estimates for all IMOs in the
scene. Taking the case of single scale motion estimation, mixture model motion estimation
may be applied assuming only a single IMO’s presence in the scene. As a result, the robust
estimation procedure recovers the motion parameters of the dominant single IMO present in
the scene, assigning the ownership of constraints generated by other IMOs to the outlier layer
of the mixture.
The constraints assigned to the target IMO may then be removed from further consideration,
and the single IMO motion estimation process then re-applied to the outlier-owned constraints,
to recover another coherent set of IMO motion constraints. The recursive application of this
process recovers a set of motion parameters for all IMOs in the scene, and the process terminates when the population of motion constraints under consideration becomes negligible, or if
no coherent motion can be recovered.

Chapter 5

Motion-Based Intensity Constraint
ClassiÞcation

The motion segmentation procedure described in the previous chapter generates a coarse region
segmentation through its classiÞcation of motion constraints, which are present wherever valid
spatiotemporal gradient values exist. Binary motion constraint maps, such as those shown
in Figure 4.4 illustrate how sparse the results are, when relying solely upon motion-based
constraint classiÞcation. Despite providing a reasonable indication of where IMOs may be, the
requirements of the MASC system encourage the development of an improved segmentation
technique that can provide denser region segmentation maps for each IMO.

The motion-based intensity constraints introduced here exploit the BCC explicitly, and are
essentially an extension to the standard motion constraint classiÞcation techniques discussed
in the previous chapter. By improving the density of region segmentation estimates, the initialization of active contours about IMOs is improved, and the region-based active contour forces
described in Section 7.4 have greater impact on MASC segmentation performance.
66
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5.1 Motion-based Intensity Constraints
While the motion estimation process provides a coarse and sparse region segmentation map
of the IMO’s in the scene, it also provides the estimated motion parameters of each IMO. We
further exploit the BCC assumption that an IMO’s pixel intensities remain constant over short
periods of time, so that the independent motion of an IMO can be used as a means to identify
the pixels in the image that belong to the IMO.
For two consecutive frames,  and  , the estimated motion for IMO  between the two
frames is used to warp each pixel in the Þrst frame, forming a warped frame,  . The IMO’s
position in  is expected to be identical to it’s actual position in   , notwithstanding any
non-rigid deformations of the IMO. By the BCC, the intensity difference image  

   

should ideally be zero at any points on the target IMO, as these regions are assumed to maintain
constant intensity. On the other hand, some points that are not part of the IMO can be expected
to have a large value in  , as the warp would not correspond to their motion. The large class
of exceptions to this hypothesis are dealt with below.
A Gaussian metric is used to compare the warped intensity differences so that for any given
pixel,

$    
with the Gaussian likelihood function

    
deÞned as





   

     
 





(5.1)



(5.2)

Equation 5.2 compares the intensity difference of a single point’s distinct images in two consecutive frames. The  factor thus aims to model the sensor noise that might be present in
the video recording device, and is conservatively set to a value of  
function,

 .

The likelihood

, maps points in   with zero or near-zero values to have relatively high values,

as they can be said to have a high likelihood of belonging to the target IMO, . Points with
comparatively high  values are mapped to low likelihood values with similar justiÞcation.
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It is trivial to envision a common scenario where points with near-zero values in   may not
correspond to IMO pixels. For example points in regions of uniform intensity would have nearzero  values for a large range of motion warps, as the intensity of the nearby neighbors of
such points all share near-identical intensity as the point itself. To account for such occurrences,
we formulate the probability that a point is part of an IMO by combining the likelihood values
for that point over all IMOs in the scene:

   

$   
  $   



(5.3)

This expression combines a set of likelihoods for a single data point to generate a single probability of ‘ownership’ in a very similar sense to that of the EM algorithm, described in Section
1.4. We therefore also adopt the term ‘ownership’ to refer to these values, which provide a
strong indication of which IMO motions (and hence which IMOs) best account for the warped





intensity difference images,          .
The complete set of ownerships therefore consist of pixels that have a high probability of
belonging to a given IMO, and other pixels that are ambiguous in that respect. In the simplest
case where a single IMO moves against a stationary background, ambiguous pixels are present
mainly in uniform regions in the frames, and each IMO (the background is a unique IMO, and
the foreground IMO generate a total of two IMOs in the scene) would claim equal ownership
over these pixels. This case is shown in Figure 5.1 using our reformulated motion segmentation
maps that use motion-based intensity constraints instead of pure motion constraints. The bright
areas represent areas of high ownership probability, while the dark areas represent areas of low
ownership probability. This can be seen clearly in the Þgure, where textured areas that belong
to the target IMO are shown in white, while textured areas that clearly do not belong to the
target IMO, are given as black. Logically, ambiguous areas are shown in both segmentation
maps in gray, as the ownership is roughly equal between both IMOs in the scene.
The key advantage of this approach is in comparison to the purely motion-based segmentation, which only provides region classiÞcation where valid spatiotemporal gradients are
present. This process is able to exploit far subtler texture and edge data to generate a denser
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(b) Background Layer Ownership Map

Figure 5.1: Motion-based intensity constraints are used to generate improved motion segmentation maps for Tow Truck 1 Sequence Frame 50

classiÞcation map. As a result, the motion-based intensity constraints produce an improved
segmentation map, especially in sequences where lightly textured areas are present. In absolutely uniform regions, there is no advantage in using the motion-based intensity constraints,
however, performance is no worse. The improved performance of motion-based intensity constraints is plainly illustrated in the tow truck segmentation maps shown in Figure 5.2, where
the pure motion segmentation map is compared to the motion-based intensity constraint classiÞcation. The binary ownership maps are generated by thresholding, so that the (white) pixels
belonging to the tow truck are those for which its ownership values are highest among all other
IMO layers in the scene. As shown, the sparsity of motion constraints results in a relatively
poor segmentation, when compared to the dense segmentation provided by the motion-based
intensity constraints classiÞcation. Our reformulated motion-based intensity constraint classiÞcation maps are hereafter referred to as motion segmentation maps.

5.2 Multiple IMOs with Similar Motion Parameters
A special case arises when two IMOs with identical motion parameters are present in a sequence, as they would be identiÞed as only a single IMO by the motion segmentation process.
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(b) Motion-based intensity constraint classi-

Truck map

Þcation Tow Truck map
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Figure 5.2: Comparison of motion constraint segmentation and motion-based intensity constraint classifciation Maps for Tow Truck 1 Sequence, Frame 33

For active contour initialization, CCA spatial segmentation routines (described in Section 6)
are applied to the segmentation maps to ensure that the active contour is only initialized about
a single IMO. This approach is effective as long as the two IMO’s are sufÞciently detached
in the video sequence, as it is otherwise impossible to segment the IMOs from each other on
the basis of their motion. At later stages in the sequence, this ambiguity between IMOs with
similar motion no longer poses a signiÞcant problem, as the active contours about each distinct
IMO remain distinct so long as a reasonable distance between IMOs is maintained.

5.3 MASC Integration of Motion-based Intensity Constraints
The results generated by the motion-based intensity constraint classiÞcation are used in two
distinct parts of the MASC system. The Þrst use is during the initialization of a new IMO in
the scene, where the segmentation map for a single IMO is used to initialize the active contour
of the IMO. In this case, the segmentation map must be reduced to a binary map around which
an initial active contour is generated. To do so, a threshold is applied to the segmentation map,
so that only those regions in the frame with high conÞdence of IMO presence are isolated.
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The CCA-based spatial segmentation routine is then applied to this binary map to isolate the
single primary compact region to generate a conservative estimate of the IMO’s location. This
Þnal compact, binary segmentation map is then passed on to the active contour initialization
routines.
The second use of motion segmentation map results is in implementing the active contour
normal forces (see Section 7.4), an application for which spatial segmentation is not necessary, as the initial active contour applies an implicit spatial segmentation by only expanding to
encapsulate well connected IMO regions.

Chapter 6
Connected Components Analysis
The motion-based intensity constraint classiÞcation process segments the frame into regions
of coherent motion, however this does not account for the fact that multiple IMO’s may be
present within a single region of coherent motion. This common situation must be addressed to
prevent the MASC system from classifying such a group of distinct IMOs as a single IMO. The
Connected Components Analysis (CCA) procedure performs spatial segmentation of a motion
coherent region to resolve any spatially disjoint regions if any such regions exist. Spatially
separate IMOs moving with very similar motion are thus segmented and dealt with as distinct
entities. The following discussion demonstrates the application of CCA to a representative set
of test data, illustrating the application and effectiveness of the CCA procedure to the type of
data sets present in the segmentation framework.
The CCA procedure comprises two primary steps:
1. Determine the segmentation between spatially coherent areas in the motion coherent
region ;
2. Generate and assign distinct labels to each of these distinct regions.
Furthermore, given a parameterized minimum IMO size setting, any segmented IMOs that
are smaller than the minimum size parameter may be eliminated, ensuring the exclusion of
72
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extraneous noise. This minimum size parameter relates directly to the minimum number of
motion constraints required to perform effective motion segmentation (Section 4.2), imposing
the limitation that very small objects cannot be reliably segmented using motion. The CCA
procedure results in labelling of every element in a motion coherent region. The challenge of
doing so in a logical, spatially coherent manner is addressed, to recover one or more plausible
IMO areas within the motion coherent region.

6.1 Connected Components Labeling
Connected components analysis techniques are generally used on binary images to assign a
unique label to every connected area in the image [44]. The binary image example in Figure
6.1(a) shows a simple binary image with two connected regions that we use to demonstrate the
labeling algorithm. The ‘Classical’ connected components algorithm takes two passes over the
binary image while assigning the values of a label map, with the same dimensions as the binary
image. We begin at the top-left corner of the image, scanning across each row. We assign an
ascending numerical label to any unlabeled pixel, and propagate pixel labels to any connected
neighbors right, below, or below-right of the pixel under examination , Figure 6.1(b). If any
labeled pixel is found to have connected neighbors with a different label, the equivalence of
the two label values is noted in the Equivalence Table. After the Þrst pass is completed, the
Equivalence Table is examined and modiÞed to ensure that all equivalent labels reference the
minimum label value in their set, Figure 6.1(c). The second pass of the algorithm comprises
a similar examination of the label map, substituting labels with their minimum equivalence
label from the Equivalence Table. The resulting label map assigns to unique labels for each
connected component to each pixel (Figure 6.1(d)).
For its application in the MASC system, we extend the notion of connectedness from an
immediate connected neighbor to a neighbor within some radial distance. This is equivalent
to the application of typical connected components labeling to a dilated binary image, using a
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Figure 6.1: CCA example: When applied to the original binary image (a), the Þrst pass of CCA
scans down each column, assigning labels to connected components (b). The Þrst pass cannot
immediately identify all connected components correctly, but notes their connectedness in an
equivalence table (c). A second pass through the pre-processed data replaces all labels with
their equivalence labels.
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disk structuring element. We describe this extension by introducing afÞnity matrices, and then
by describing the application of the classical connected components algorithm to operate upon
afÞnity matrices.

6.2 AfÞnity Matrix Properties
The basis of our CCA segmentation is an inter-point afÞnity matrix, whose values are based
upon the distances between each point in the motion segmented regions. An example is shown
in the left binary image of Figure 6.2, where three identical trucks have been segmented as a
single motion coherent layer (as they share the same motion), and we wish to identify each
truck as a separate entity. The test sequence is challenging and representative of the problems
addressed by the segmentation system, in particular, note the proximity of the two trucks in the
right of the test image, and also the detachment of the top section of each truck’s towing mast.
The segmentation therefore aims to distinguish and uniquely label the three trucks present in
the test image.
An afÞnity matrix, * , assigns the afÞnity between any two motion coherent points + and ,
(white pixels in the binary image of Figure 6.2) :




* 



 



¾

¾

+  ,  +  ,  



(6.1)



The afÞnity matrix thus assigns inter-point afÞnities in the range of

  for points that are

closer than  , and afÞnities of  for points that are farther than  from each other. Setting
a threshold, . , ‘cuts’ in the image may be made wherever the connecting afÞnity between two
areas is below the threshold value, forming multiple distinct regions that may then be labeled
uniquely, as shown in Figure 6.2(b). The following section describes the extension to classical
CCA for its application to afÞnity matrices, and it is followed by the process of selection of
reasonable values for the variables used in the MASC CCA segmentation.
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8
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(b) CCA segmentation, with each distinctly
segmented IMO assigned a unique symbol.

Figure 6.2: CCA Segmentation Example.

6.3 Connected Components Labeling for AfÞnity Matrices
The afÞnity matrix structure proposed in the previous section assigns non-zero afÞnities for
points separated by less than  pixels, and uses a Gaussian metric with standard deviation

 to assign afÞnities. Given such a matrix and an afÞnity threshold, . , we can now apply CCA
to determine the connected components with intra-component afÞnities greater than . , in the
target binary image.
The modiÞed CCA algorithm is very closely related to the classical CCA algorithm, comprising two passes across the columns of the afÞnity matrix, as each column corresponds to
one pixel in the binary image. Similarly, the pixel labels are maintained in a column vector
(the label vector) with the same number of elements as one row or column of the afÞnity matrix. We begin with the leftmost column of the afÞnity matrix and assign a new label to that
pixel in the label vector. We then examine subsequent columns in the afÞnity matrix in order,
comparing the target pixel’s afÞnities for previously examined pixels against the . threshold.
This involves examining the target column from the top entry, up to but not including the entry
on the matrix diagonal (corresponding to the pixel itself).

 If the . threshold is exceeded by any afÞnity value in this set and the target pixel is
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unlabeled, we can propagate the label from the connected pixel to the target pixel.

 If the . threshold is exceeded by an afÞnity value in this set and the target pixel has
already been labeled, we note the equivalence of the two labels in an Equivalence Table.

 If no afÞnity in this set exceeds the . threshold, a new label is generated for the target
pixel.
Once all columns in the afÞnity matrix have been examined, the Equivalence Table is modiÞed again to ensure that all equivalent labels reference the minimum label value in their set.
Like the Classical algorithm, the second pass requires the examination of the label vector,
substituting labels with their minimum equivalence label from the Equivalence Table. The resulting label vector assigns unique labels for each connected component to each pixel in the
afÞnity matrix, which can be reshaped to produce the segmented binary image.

6.4 Variable Selection
The selection of  ,  and . values rely upon experiments which aim to generate reliable
segmentations of a wide range of target cases, and the principle of their selection is presented
here. The maximum distance parameter,  , determines the inter-point distance beyond
which afÞnity is set to zero, and thus the distance at which IMOs are ‘obviously’ distinct. The
main reason for using this variable however, is to improve the sparsity of the afÞnity matrix, * ,
speeding up computation. Our selection therefore seeks to Þnd the minimum value of  for
which the target image is not over-segmented, as shown in the top right image of Figure 6.3.
Increasing  ensures that the . value is responsible for determining the segmentation, as
the  value simply aims to eliminate redundant afÞnity values. As shown in Figure 6.3, the
segmentation remains stable and reasonable when  is set to values above  units, and this
value is intuitively reasonable. Note that although the results are only shown for Þxed values
of . and  , it should be noted that an appropriate selection for  should be reasonable for
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segmentation using any . and  values, as long as the chosen  value is sufÞciently high.
The  value is used to determine the strength of inter-point relationships, and therefore
directly affects the choice of threshold, . . The two must thus be chosen together, using the
histogram of afÞnities as a guide. We aim to choose  such that two tightly clustered sets
of afÞnities, one near zero and another near one, are apparent in the histogram. In doing
so, the value of . can be set near the bottom of the cluster near one, generating a strong
segmentation. Figure 6.4 indicates the effect of varying the . parameter with  Þxed, while
Figure 6.5 demonstrates the interaction between the two variables in generating equivalent
segmentation. While it is intuitively desirable to select the minimum  value that generates
reasonable segmentation, it is similarly desirable to select the maximum possible . value.
As a compromise between the criteria discussed above, the working system uses the following CCA segmentation variable values:



 ,    and .  .

Segmentation

results for various test scenarios are presented in the next section to illustrate the performance
of the CCA segmentation procedure.

6.5 CCA Results Analysis
In this section, the performance of CCA segmentation is examined, summarized in Figure 6.6,
where the main problem of under-segmentation is illustrated. The CCA segmentation makes
cuts on the basis of point-to-point afÞnity, and thus as the moving (lower) truck makes any
connection to either of the stationary trucks, the connected trucks are classiÞed as a single IMO.
This situation, shown in the top and bottom rows of Figure 6.6 is an inherent property of the
CCA algorithm, which does not take into account the intra-cluster afÞnities when making cuts.
This failure however, is quite an acceptable property of the segmentation algorithm, and quite
in-line with our assumption of spatial coherence, in which spatially coherent regions moving
with identical motion are likely to belong to a single IMO. This assumption is upheld by the
segmentation results demonstrated here, and the correct segmentation shown in the center row
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CCA Segmentation: sigma=3.0 dMax=2.0 tau=0.8

Affinity Histogram: sigma=3.0 dMax=2.0
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CCA Segmentation: sigma=3.0 dMax=3.0 tau=0.8

Affinity Histogram: sigma=3.0 dMax=3.0
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8

Affinity Histogram: sigma=3.0 dMax=5.0
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CCA Segmentation: sigma=3.0 dMax=10.0 tau=0.8

Affinity Histogram: sigma=3.0 dMax=10.0
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Figure 6.3:  Variable Selection Results. The histograms in the left column illustrate the
distribution of afÞnities, which spread as the  threshold is raised. The corresponding CCA
segmentation is shown in the right column.
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.7

Affinity Histogram: sigma=3.0 dMax=5.0
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.9
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Figure 6.4: . Variable Selection Results. Variation of the . segmentation threshold illustrates
the transition from under-segmentation to over-segmentation in the right column, with the correct segmentation shown bottom left.
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CCA Segmentation: sigma=2.0 dMax=5.0 tau=0.6

Affinity Histogram: sigma=2.0 dMax=5.0
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8

Affinity Histogram: sigma=3.0 dMax=5.0
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CCA Segmentation: sigma=4.0 dMax=5.0 tau=0.9

Affinity Histogram: sigma=4.0 dMax=5.0
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Figure 6.5:  Variable Selection Results. The  and . variables work in tandem to generate the
desired segmentation threshold, see text for selection criteria.
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of Figure 6.6, which also illustrates that the segmentation degrades smoothly.
Although noise Þltering is applied to motion segmented binary regions before spatial segmentation is performed, Figure 6.7 is presented to demonstrate CCA segmentation performance
under noisy conditions, in particular, the non-Þltered version of the motion segmented binary
map. The results shown in the right column of the image demonstrate similar performance to
that in the non-noisy case, with noisy binary pixels classiÞed separately. A Þnal failure case
is demonstrated in Figure 6.9, where a motion segmented satellite binary image is shown on
the left, and its CCA segmented properties shown. The disconnectedness in the binary image
does not allow the correct segmentation to be recovered, however the main central part of the
satellite is correctly recovered due to the connectedness of its components.
The CCA segmentation routines effect spatial coherence constraints on motion segmentation data by uniquely labeling spatially distinct regions in a motion segmented binary image.
The above results indicate that this need is met, and that the variables chosen for those purposes
allow good performance and graceful degradation even under noisy conditions. The coarse
IMO region isolated by the CCA segmentation is then used to initialize the active contour that
binds boundary-based spatial coherence constraints to the motion estimation component of the
MASC system, as described in the next Chapter.

C HAPTER 6. C ONNECTED C OMPONENTS A NALYSIS

Motion segmented binary image

83

CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8
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Figure 6.6: 3truck CCA Segmentation. CCA segmentation of the three trucks when the bottom
truck translates horizontally to the right, illustrating the behavior of the CCA segmentation,
and the way in which IMOs are merged and segmented.
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CCA Segmentation: sigma=3.0 dMax=5.0 tau=0.8
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Figure 6.7: 3truckNoisy CCA Segmentation. Demonstration of the behavior of the CCA procedure under noisy conditions, in which the three trucks are correctly segmented and noise
pixels are classiÞed separately. Note that in the center row, the trucks are correctly segmented.
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Figure 6.8: Satellite test image (Image courtesy of MD Robotics): A model satellite is suspended by a hidden robotic arm.
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Figure 6.9: Satellite test image CCA Segmentation. The CCA segmentation is unable to coherently label the entire satellite, as the valid spatiotemporal constraints generated by the satellite
have large holes within the satellite area.

Chapter 7
Active Contours
Active contour techniques are the basis of boundary recovery and boundary tracking within
the MASC system. Their aim is to recover the shape of the target IMO over time using image edge information and through tight integration with region information from the motion
segmentation component.
Our active contour follows the traditional ‘snake’ formulation [34], but incorporates alternative criteria derived from region-based motion segmentation information. Additional modiÞcations assist the active contour to reliably detect concavities in the target IMO. Including region-based constraints requires modiÞcation to the active contour formulation, to allow
global information from the entire scene to affect the behavior of each active contour control
point. The active contour also uses motion segmentation results for its initialization, so that the
active contour begins execution near the target IMO edges.
Accurate boundary estimates simplify the motion segmentation process over time by providing an increasingly accurate and temporally stable IMO boundary. The strong spatial coherence constraint provided by a good boundary estimate shifts the motion segmentation calculation from a global process to a very local, IMO centered process. The motion estimation
process no longer needs to segment constraints generated by other IMOs while estimating the
target IMO’s motion, as it is now supplied with an estimate of the ideal constraint clustering
86

C HAPTER 7. ACTIVE C ONTOURS

87

window, proposed in Section 1.3. Instead, the target IMO’s motion is recovered while removing a relatively small outlier population from consideration. This reduced complexity of the
clustering process improves motion estimation performance, which in turn improves segmentation.
The speciÞc active contour technique employed is not critical to the tracking performance
of the system as a whole. Alternative active contour implementations that employ level set
formulations [10] provide increased topological sensitivity at the expense of some complexity, and these alternative techniques are equally applicable within the proposed segmentation
framework. The discussion below evaluates the performance of a subset of active contour
techniques that effectively address our primary concerns of boundary recovery: accurate shape
recovery and the incorporation of region information.

7.1 Traditional Active Contours
Active contours are used to recover a boundary estimate of IMOs in static images, so for the
purposes of this research the active contours are assumed to be closed, as they must provide
a closed contour about the IMO of interest. An active contour consists of an ordered set of
control points in a closed loop, and is assumed to be initialized close to the boundary of the
target IMO. The initialization of the active contour is an important area of discussion, as the
traditional contour’s optimization process is a purely local function of its individual control
point locations, preventing any global information from inßuencing the behavior of the active
contour. This is addressed in the MASC system through the addition of normal forces to the
traditional active contour formulation, described below.
The traditional active contour formulation [34] ensures that the set of control points formed
by the contour meet the following criteria:

 The control points are evenly spaced;
 The control points form a contour with smooth curvature; and
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 The contour adheres to image edges.
The active contour’s position is optimized by moving each of its individual control points to
minimize an energy functional deÞned on the entire contour. The terms of the energy functional
are given in Equation 7.1, representing internal and image-based (external) forces that ensure
the contour meets the traditional criteria of continuity (the even spacing of control points),
smoothness of curvature and adherence to image edges. The equation expresses the energy of
the contour as a function of the index " of control points along the contour, so that minimizing

/ " minimizes the energy functional at each discrete control point over the entire contour.







/ " 

#/

"


0/

"


1/

"

(7.1)
  
 










internal forces

image-based force

The #, 0 and 1 coefÞcients in the energy functional adjust the relative weighting of each
term, so that the three criteria can be balanced according to the priorities of the system. For
example, if a smooth contour is more important that strict adherence to image edges, 0 can be
set proportionally higher than 1 .
Given an initial control point set, " "

 , the points can be conÞgured to form a

closed contour by assigning the last point the same coordinates as the Þrst point, and making
appropriate adjustments in the energy calculations. The continuity term in the energy functional, /   , can be expressed as

/   "

   "  "  

(7.2)

where " represents the vector coordinate of the control point of interest, and "
the control point before it.

  that of

represents the average distance between all the control points that

make up the contour, so that the continuity term /    maintains even spacing between all
points along the entire contour.
The curvature of the contour is approximated using the second derivative of the contour,
which we express discretely as

/



"  "    "  "  



(7.3)
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(b) Traditional Snake External Image Forces

Figure 7.1: Active Contour Edge Forces

Equation 7.3 approximates the curvature of the contour, so that minimizing this expression with
respect to the position of points attempts to keep the contour points as collinear as possible,
ensuring smoothness throughout its length.
The traditional image-based term is typically a function of the spatial gradient of the image,

:
/  "

  "

(7.4)

The /  energy term is lowest at points of high spatial gradient, typically wherever image
edges exist, so that the contour attempts to bind itself to edges in the image. The image forces
are illustrated in Figure 7.1, where the increasing gradient in areas close to edges attracts control points toward the edges, but only if control points are initially close enough to be affected
by these short range forces (which are limited to affecting control points two or three pixels
radial distance from the edge).
The active contour is optimized by adjusting the location of each contour control point
within a local neighborhood to wherever the overall contour energy is lowest, allowing the
contour to meet the three required criteria. The traditional optimization process solves a set
of Euler equations in an iterative fashion as proposed in the original active contour research
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[34] and summarized in Section 7.7, however the greedy optimization technique provides an
intuitive approach that often demonstrates comparable performance [55]. The greedy minimization process operates in a loop upon the contour control points, iteratively moving each
control point within a speciÞed neighborhood (typically a square 

 or  area) to wherever

in the neighborhood the contour energy functional is minimized. The process is repeated over
the length of the contour until the proportion of control points that move in a single iteration
drop below a selected threshold or until a maximum number of iterations over the length of the
contour have been performed.
Numerous techniques have been developed to improve the performance of the original
active contour formulation [34]. Aspects such as computational efÞciency [55, 35], shape coherence [56, 12] and ßexibility [10] have all been developed and improved. Although based
on the traditional formulation, our active contour approach incorporates improvements that address key shortcomings of the traditional approach with respect to the segmentation and tracking goals of this research. The next section discusses the speciÞc shortcomings of traditional
active contours that are relevant to their application within the MASC framework.

7.2 Traditional Active Contour Shortcomings
The key shortcomings of traditional active contours for this application are the need for good
initialization, the inability to descend into IMO boundary concavities and a purely local optimization process that does not account for region-based information.
Automatic initialization of the active contour close to the target IMO’s boundary must be
generated to eliminate the need for a human operator. While the traditional active contour
makes no provisions for automatic initialization, the layered motion segmentation and CCAbased spatial segmentation provides a rough estimate of the target IMO location and boundary
that is used by the active contour initialization process discussed in Section 7.3. The use of
automatic initialization procedures also brings about the possibility for non-ideal initialization.
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Figure 7.2: Traditional active contour image-based forces are not able to ensure the contour’s
descent into large concavities due to their limited range.

Poor initialization drastically affects the ability of a traditional active contour to recover a good
IMO boundary. The MASC system’s operation upon a sequence of images (as opposed to
a single image) provides scope for recovery from poor initialization over time, if the active
contour energy functional (Equation 7.1) can be modiÞed to account for region-based IMO
classiÞcation. Normal forces are introduced to the active contour’s execution in Section 7.4,
addressing this problem.
Beyond initialization, deep concavities in IMOs are typically not recovered effectively by
traditional active contours, due to the relatively short range of traditional image-based forces,
as shown in Figure 7.1. The horizontal image forces generated by the sides of the concavity
do not cause the contour to descend into the concavity, and the depth of the concavity prevents
forces from the bottom of the concavity from ensuring the descent of the contour. This results
in the situation shown in Figure 7.2, where the Þnal contour clearly does not not descend into
the concavity. This shortcoming prevents the recovery of reliable IMO boundaries for many
classes of shapes, and longer range image-based forces are introduced in Section 7.5 to address
this issue.
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7.3 Active Contour Initialization
The problem of initialization is a key obstacle to any active contour implementation, as traditional active contours are not able to focus attention upon any area beyond their local scope
of a few pixels radius about any given control point. This shortcoming can be seen intuitively
by examining the active contour energy function of Equation 7.1, where each control point
is inßuenced only by internal forces, and local image gradient. As such, a control point is
only attracted to the edges closest to its current location, making the assumption that the entire
contour is initialized close to the correct set of target IMO edges.
Traditional active contour approaches defer the initialization process to a human-based
interface, however the automatic nature of the MASC segmentation system makes it crucial
that the system not require any such interaction. Motion segmentation information provides a
very useful indication of the approximate target IMO boundary location, and thus the MASC
system integrates this data in its active contour initialization process. The example given below
demonstrates the way in which motion segmentation information is used to generate an initial
guess of the closed contour around the target IMO.
For the tow truck sample sequence shown in Figure 7.3, the combined motion estimation
and motion-based intensity constraint classiÞcation component (referred to as the motion segmentation component in this section) identify the target IMO as the white area shown in the
motion segmentation map in Figure 7.5(a). It is useful to initialize the active contour around
the motion segmented target IMO area, that is, the white area in Figure 7.5(a), corresponding
to the tow truck. It should be noted however, that active contour techniques are speciÞcally
attracted to edges in the target image, speciÞcally those edges about the initial control point
locations. As such, there is a strong motivation to initialize control points at the edges that the
motion segmentation process indicates are the exterior edges of the target IMO.
The edge map of the frame, shown in Figure 7.4, indicates the complete set of image
edges generated using a Canny edge detector. Masking the edge map with the high conÞdence
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(white) areas of the motion segmentation map isolates the target IMO edges. A convex hull 1 is
generated around the isolated IMO edges so that all such edges are enveloped within the initial
closed contour, Figure 7.6(a). Active contour techniques are then applied to contract the convex
hull about the IMO edges so that it tightly wraps the motion segmented target IMO as shown
in Figure 7.6(b). This process is applied using the isolated IMO edge set as the sole source of
image-edge forces to the initialization active contour process, ignoring any other edges present
in the original image. In doing so, the active contour is initialized closely about the target IMO.
The motion segmentation process does not necessarily isolate the full set of edges belonging to the target IMO, due to the aperture problem preventing the distinction of moving
regions where the edges of the moving region are parallel to the direction of motion. However,
the resulting initial contour generated usually provides a reasonable automatic initialization.
The further requirement that the active contour automatically recover from poor initialization
through the incorporation of motion segmentation data goes even further lengths to ensure that
the initialization described here is sufÞcient for our purposes. The next section describes the
procedures taken to ensure that even poorly initialized active contours are able to recover a
good IMO boundary over time within the MASC system.

7.4 Region-based Normal Forces
We address both the need to overcome poor initialization and concavity descent by the integration of motion-segmentation data with the traditional active contour formulation. This is
achieved by specifying additional criteria to the contour’s original properties in operation, so
that the active contour:

 Adheres to image edges outside the estimated target IMO interior area;
 Does not adhere to image edges outside the estimated IMO border.
1

Convex hull generation techniques [18] are widely available, for example MATLAB provides the built-in
convhull() function.
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(b) Frame 50

Figure 7.3: Tow Truck Sample Sequence: Toy tow truck rolls down the ramp toward the right
of the scene against a stationary background.

(a) Tow Truck Sequence 1 Frame 50

(b) Edge Map

Figure 7.4: Tow Truck Sample Sequence Edge Map
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(a) Motion segmentation map: White areas (b) Motion segmented edges of the target
correspond to the target IMO areas, black ar- IMO.
eas to background areas, and gray areas are
ambiguous areas.

Figure 7.5: Tow Truck Motion Segmentation.

(a) Convex hull shown as dark blue line.

(b) Contracted convex hull shown as bright
yellow line.

Figure 7.6: Tow Truck Convex Hull Initialization
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These additional criteria are met by implementing ‘normal forces’ at each contour control
point so that it may expand out of the target IMO’s interior (white areas in Figure 7.5(a)), and
contract away from the non-IMO area (black areas in Figure 7.5(a)). The active contour thus
gains awareness of the motion segmentation region classiÞcation results during its execution,
and is pushed toward the boundary of the IMO area, where the IMO bounding edges should lie.
As a result, while traditional active contours are optimized under the myopic inßuence of
purely local image-based forces and internal constraints, region-based normal forces introduce
global information from the motion segmentation process into the active contour’s execution.
These external forces supplement the purely local image-based force in the traditional active
contour so that the active contour is not only attracted to edges in the image, but those edges in
the image that likely belong to the target IMO’s boundary. Similarly, the motion segmentation
indicates areas where edges have a high probability of not belonging to the target IMO, and the
normal forces cause the active contour to contract away from these areas. Our revised active
contour formulation is thus able to overcome poor initialization and also maintain awareness
of the global segmentation of the frame.
The segmentation framework requires additional terms and modiÞcations to the traditional
energy functional of Equation 7.1 in order to meet the additional contour criteria of adhering to
edges that are expected to be part of the IMO boundary. The resulting energy functional shown
in Equation 7.5 is optimized in the same manner as the traditional active contour, but simply
incorporates new or modiÞed terms in its formulation:

/ "






#/
"  0/
"  1/ "  Æ/ "
         
internal forces

Our test results employ weighting constant values of #

"

(7.5)

image-based forces

 , 0  , 1   and Æ  .

These values balance the effect of internal constraints against the need to closely adhere to
image boundaries. The Æ term that determines the weighting of normal forces is left to unity,
as the normal forces incorporate separate weighting terms (described below) that reßect their
true weighting.
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The normal forces are implemented in the active contour formulation in a similar manner
to image-based forces, by exerting a directional force at any given control point. This force is
simply normal to the direction of the contour at the control point of interest, so that it exerts an
expansion or contraction force when activated. For a given control point: "  "  "  ,
the vector normal to the active contour at that point, " is approximated as



"  


This vector is then normalized, 




"  "  
"  "  
 ,









(7.6)

so that the force exerted by the normal force at any

control point is only dependent on the weighting coefÞcient Æ , and the motion segmentation
map value at that point. As the active contour is initialized with control points ordered in

 is directed outside the
counter-clockwise order about the estimated boundary of the IMO, 
IMO area delineated by the closed contour.
The motion segmentation map shown in Figure 7.7 has the corresponding active contour
result super-imposed upon it, to demonstrate the function of normal forces. High probability
IMO areas are shown in white, ambiguous areas in gray and low probability IMO areas in black.
Normal forces in the white high probability IMO areas are conÞgured for expansion, pushing
the active contour outside areas considered to be part of the IMO, so that the active contour
remains at the exterior of the target IMO. This is done by multiplying the normal force in white
areas by a positive weighting factor, so that they retain their original direction. Black, low
probability, IMO areas are conÞgured to exert a contraction force so that control points in these
areas contract away from non-IMO areas and back to the area near the target IMO boundary.
To do so, the normal force in black areas is multiplied by a negative weighting factor, reversing

 so that it points inward.
the direction of 
Finally, normal forces in gray ambiguous areas are eliminated, so that in such areas only
internal and image-based forces inßuence the behavior of the active contour. This is done
by setting the normal force to zero in these areas. By doing so, the active contour behaves
like a typical snake (with long-range image-based forces) in this area that is determined to
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Figure 7.7: Normal forces are implemented in the white and black areas of the motion segmentation map, causing expansion in (white) IMO interior areas, and contraction from (black)
non-IMO interior areas.
be neither inside the IMO’s interior, nor inside the area determined to be part of other IMOs.
This ensures that the motion segmentation results are used to guide the active contour to the
target IMO border, within the limits of the motion segmentation’s accuracy. The normal force
term can therefore take on any of three values depending on the location of " in the motion
segmentation map generated by the motion-based intensity constraint classiÞcation process.
As such, the motion-based intensity constraint classiÞcation ownership function for the target
IMO,  ", described in Section 5.1, can be used to assign the normal force value at a
point:

2 !3  "






4  "




5 "









 "  
 " - 

(7.7)

 "  

The weighting terms 4 and 5 determine the relative strength of the contraction and expansion
force, and it should be noted that these terms may absorb closely the value of the Æ weighting
coefÞcient in Equation 7.5. The combination of the three terms determine the ultimate balance
of the normal forces relative to the other forces that affect the active contour’s behavior. Under
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  and 5  

, so

that normal forces approach but do not exceed the inßuence of image-based forces. This setting
quantiÞes our conÞdence in the image-based forces, over the comparatively coarse nature of
the region-based normal force.
The motion segmentation map, shown in Figure 7.5(a), still shows large ambiguous areas
in the image where no strong motion classiÞcation exists, the gray areas in the Þgure. Such
areas occur in the uniform areas of the image where no valid motion or motion-based intensity
constraint classiÞcation exits, so normal forces cannot be applied in these areas. This condition
is mitigated by the introduction of long-range image edge-based forces that are applied in this
areas, discussed in the next section, which improve the ability of the active contour to adhere
to the correct boundaries within concavities and within motion-segmented target IMO areas.

7.5 Long-Range Image Edge-Based Forces
The traditional image edge-based forces shown in Figure 7.1 have relatively short range, and
this property affects the need for a good initialization. Increasing the range of these edge-based
forces assists the active contour in Þnding and adhering to the IMO edges, but only if the IMO
edges are identiÞed. The problem can be clearly visualized by imagining the external image
forces that would be exerted by the complete edge map for the tow truck sequence shown in
Figure 7.4 where extended range forces from all IMOs in the scene would affect the active
contour. Ideally, edge-based forces should affect the active contour when they originate from
the IMO of interest’s edges only, such as those edges shown in Figure 7.5(b). In this case, the
active contour easily acquires the correct boundary of the target IMO.
To assist the active contour’s adherence to the correct edges, the motion segmentation map
is used to determine which edges have a high probability of belonging to the target IMO,
which edges are ambiguous, and which edges have a low probability of belonging to the IMO.
Edges with a low probability of belonging to the target IMO(edges in the black areas of a
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segmentation map) are removed from consideration when generating the image-based force
for a given IMO, so that they do not exert any inßuence on the active contour. The nature of
the aperture problem prevents the classiÞcation of many ambiguous edges, even though those
edges may be part of the target IMO. As a result, both the high probability edges of the IMO and
edges in ambiguous regions are used to generate the long-range image-based forces, conÞning
the active contour to adhere to edges in the target IMO’s bounding areas only. The steady
tracking and improvements of the motion estimation process over time improve the motion
segmentation results, improving the active contour’s performance. Meanwhile the ambiguous
edges remain attractive to the active contour allowing it to adhere to these edges wherever they
are closer than high probability IMO edges.
The motion segmentation does result not correctly segment edges that are either ambiguous
due to the aperture problem, or edges that belong to IMOs that have the exact same motion as
the target IMO, but the issue of the aperture problem is assisted by the motion-based intensity
constraint classiÞcation process discussed in Chapter 5, while cases where two IMOs share similar motion parameters is addressed through their spatial segmentation, using the CCA method
presented in Chapter 6. Extending the range of image-based forces assists the active contour
to overcome poor initialization, and to descend into concavities in the IMO’s boundary. The
distance transform techniques used to extend the edge-based forces are introduced in the next
section.
The distance snake formulation effectively replaces the traditional external image forces in
the active contour energy functional given in Equation 7.1. They are calculated by generating
an image-edge map of the region of interest (the motion segmented IMO being tracked), and
then by applying a Euclidean distance transform to the edge image [12], generating an imagesized 2-D map whose values correspond to the distance from a given point to the nearest edge.
A potential map,   can be deÞned on the distance transform map,
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The potential is deÞned as the negative inverse of distance to the nearest image edge of interest,
and the image-based force can then be deÞned (and optionally normalized) as shown below:

  
 
& 
 
&

(7.9)
(7.10)

The negative of the spatial gradient of the potential map orients the image-based force map
vectors toward the closest edge of interest. In order to improve the speed of convergence, the
normalized force map of Equation 7.10 may be used, by ensuring that image forces are of
unit magnitude even at long distances from image edges. In execution, the new distance-based
image forces are substituted in place of the traditional image-based force. The new forces work
cleanly alongside other external forces and the traditional internal forces of the active contour,
and the new formulation can be optimized in an identical manner.
The distance transform edge map is generated by applying a Canny 2 edge segmentation
[50] to the target image, revealing the signiÞcant edges within it. The motion segmentation
map is then used to identify low-probability IMO areas in the image, and edges within these
areas are removed from the edge map. It is this Þltered edge map that is used to generate
the distance transform-based image force of Equation 7.5. The vector forces at each point are
illustrated in Figure 7.8(c).

7.6 Active Contour Propagation Between Frames
An additional region-based force is used to improve active contour performance: the recovered
motion parameters of the target IMO are used to shift the active contour between subsequent
frames of the sequence after initialization. This follows the idea that the boundary of the IMO
should move with the same motion parameters as the interior of the IMO, notwithstanding any
non-rigid deformations.
2

This common edge detection technique is widely documented in computer vision literature, and is available
in the MATLAB Image Processing Toolbox as part of the edge() function.
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(b) Traditional Snake External Image Forces

(c) Distance Transform External Image
Forces

Figure 7.8: Active Contour Edge Forces
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The inter-frame contour propagation step shifts the position of the active contour from its
Þnal position in the previous frame, to its motion predicted position in the current frame. This
simpliÞes the problems faced by the active contour optimization stage, so that it does not need
to account for the rigid parametric motion of the IMO. The active contour execution simply addresses non-rigid IMO deformations and corrects the boundary estimate for propagation errors
due to the assumption of a parametric motion model.
The reÞnement of the active contour over multiple frames is a noteworthy aspect of the
active contour application in a video sequence: the active contour optimization about a rigid
IMO will be continually reÞned at every time step, so the net result is equivalent to running
the active contour optimization for a very large number of iterations over time. This allows
the active contour to eventually recover an accurate IMO boundary even for complex IMOs,
without necessitating the complete optimization of the active contour (through a very large
number of iterations) at any single frame.
Non-rigid IMO deformations may be caused by changes in the IMO’s shape or topology,
for example due to articulation. Assuming the movement due to articulation is small relative
to the overall motion of the IMO, the active contour optimization can easily account for it. On
the other hand, very large motions due to articulation might cause the articulated parts of the
IMO as a distinct IMO, causing the MASC system to initialize a new active contour process
around that part. The other important class of non-rigid IMO deformations are a result of
the error in frame-to-frame contour propagation due to the assumption of a parametric motion
model. This occurs when the IMO’s true motion can only be accurately parameterized by
a higher order motion model than that which is being used at the time, for example, where
a constant motion model is used to represent an IMO’s rotation in the image plane. As the
constant motion model is only able to represent translation in the plane, the propagation of the
contour between consecutive frames does not properly align the contour with the IMO in the
new frame. The active contour aims to accommodate such errors by moving individual contour
points to coherent edges in their vicinity, which have a strong possibility of being the correct
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IMO edges under the assumption of smooth motion. The effectiveness of inter-frame contour
propagation are demonstrated in the results presented in Section 9.1, that show the predicted
contour and the Þnal contour for various test frames.

7.7 Active Contour Optimization
This section describes the active contour optimization algorithm proposed by Kass et al. [34],
used with modiÞcations in the MASC system. The solution process is described here for completeness, without details of the derivation.
The active contour energy functional is a discrete sum of internal and external energy terms,
summed over the length of the contour:

/ 





/  "  / "

(7.11)

where we deÞne the internal energy term as
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For notational simplicity, we let   "  
 , and  "   . The discrete expression

of the Euler equations that minimize the energy function equation is
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We may now express Equation 7.13 in matrix form, where "  "  "  :

     
      

(7.14)
(7.15)
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We can solve the Euler equations of 7.14 and 7.15 by deÞning an Euler method with step size

8:

  
   

















  8     
   8     


(7.16)



(7.17)



The time derivatives on the right hand side of Equations 7.16 and 7.17 go to zero as we approach equilibrium through iteration. We can solve the incremental equations by matrix inversion:
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Taking 9 and 9 to represent the distance transform image-based force maps and taking  
and  to represent the normal force maps, we can express the incremental solution equations
as
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We incorporate additional force weighting parameters in their respective force maps, setting the relative weighting of the external forces with respect to each other. The next chapter
summarizes the interaction between MASC components, and presents details regarding the implementation and performance of the MASC system.

Chapter 8
MASC Segmentation System Summary
The preceding chapters provide a detailed description of the MASC segmentation system’s
components, this chapter provides an overall summary of the MASC system, emphasizing the
interaction between the various components. The block diagram of the MASC system is repeated in Figure 8.1 to reiterate the relationships between components.

8.1 Motion Segmentation Feedforward During Initialization
Hierarchical motion estimation detects and segments IMOs within the scene, providing motion
parameter estimates for the background and IMOs. This information in turn, is used to generate motion-based image warps for each layer, so that the motion-based intensity constraint
classiÞcation process can be applied, generating region segmentation data. CCA-based spatial
segmentation is performed to distinguish similarly moving (but spatially distinct) IMOs in the
scene, generating a binary segmentation map for each IMO. The binary segmentation map is
then used to initialize an active contour about each IMO which performs boundary recovery
for the IMO. The active contour directly incorporates motion-based intensity constraint classiÞcation data in its execution by adopting normal forces that direct the contour to expand or
contract based on that data. IMO motion estimates are further exploited after initialization for
contour propagation, described below.
106

C HAPTER 8. MASC S EGMENTATION S YSTEM S UMMARY

107

Motion Estimation

Motion−based
Image Warp
Motion−based
Intensity Segmentation

Boundary
Feedback

Classified Region
Constraints
Spatial Segmentation

Spatially Coherent
Region Constraints
Boundary Recovery

Figure 8.1: MASC Segmentation System Block Diagram

The initial motion segmentation process initializes an active contour about each IMO in
the scene, providing boundary-based spatial coherence constraints for each IMO and the background layer. The background layer makes up the entire area in the scene that is not bounded
by an IMO active contour. These spatial coherence constraints can now be used by the system
as part of the active contour feedback process.

8.2 Active Contour Feedback
Once an active contour has been initialized, it is optimized to align itself with nearby IMO
edges and within the IMO boundary area indicated by the motion-based intensity constraint
classiÞcation. This boundary can now be used by the motion estimation process for the next
consecutive frame as an estimate of the IMO’s boundary, so that only motion constraints from
within this region are used to estimate the motion of the IMO. This motion estimation process
continues to be performed using robust, hierarchical techniques within this conÞned region,
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allowing the MASC system to accomodate IMO artefacts (such as transparency) and large displacements.
This approach contrasts with the initialization process whereby the motion constraints are
segmented on the basis of their motion coherence, irrespective of their distribution throughout
the scene. The CCA-based spatial segmentation component attempts to ensure spatial compactness, however, this does not simplify or change the motion estimation process. The active
contour provides a boundary within which most motion constraints will be generated by the
target IMO, improving the accuracy and reducing the complexity of the motion estimation.

8.3 Motion Segmentation Feedforward After Initialization
After the active contour initialization has been performed for an IMO, motion estimation and
accordingly, the motion-based intensity constraint classiÞcation are based on the motion constraints found within the bounded IMO area. The motion estimate recovered at this point can
be used to propagate the active contour from the previous frame into the next frame, so that
the active contour’s optimization does not need to compensate for the rigid IMO motion. This
greatly improves the performance of the active contour, as it is effectively performing continuous reÞnement on the IMO, accumulating a large number of reÞnement iterations over the
duration of the sequence. The typical region-based external forces continue to direct the active
contour to expand around the IMO or contract away from non-IMO regions, continuing this
aspect of the original feedforward interaction.
The outline of MASC component interaction illustrates the way in which each component
of the MASC system is able to incorporate results from other components within fundamental
aspects of it own operation. This allows the MASC system’s components to collaborate and
overcome the weakness of their individual limitations. The next section provides a description
of the platform used to implement the MASC segmentation system, and some indications of
the performance of the system.
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8.4 MASC System Implementation
The MASC system described in this thesis was developed and implemented in the MATLAB
6.0 environment of The MathWorks Inc., running on RedHat Linux 7.2 for x86. The primary
hardware platform used was based on dual Intel Pentium Xeon CPUs in SMP conÞguration,
operating at 2.6Ghz. As the MATLAB 6.0 environment is not able to exploit SMP facilities at
this time, performance should be identical for a single CPU conÞguration.
The typical performance of the algorithm on the primary test platform is roughly seven to
ten seconds of processing time per frame, for a sequence containing a single IMO and background layer. As each additional IMO requires independent motion segmentation and active
contour processes, additional computing loads are imposed on the system, reducing performance accordingly. The next chapter presents results generated by the MASC system when
applied to a variety of video sequences.

Part III
Results and Conclusion
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Chapter 9
Experimental Results
In this chapter, we present a set of experimental results that demonstrate the segmentation and
tracking performance of the MASC system. The target video sequences include sequences
in which a single IMO moves against a stationary background, a sequence with a moving
background due to camera motion and also a multiple motion sequence in which multiple
IMOs move against a stationary background.
Most video sequences used to test the MASC segmentation system were captured at thirty
frames per second at a resolution of

   pixels, and subsampled to    pixels for

MASC analysis. A SONY VFW-DL500 digital video camera was used for capture, providing
non-interlaced, uncompressed frame captures in 8-bit grayscale. MD Robotics provided the
satellite test sequence (Section 9.4), at a resolution of

  , subsampled to   

for analysis. The cup test sequence (Section 9.5) was acquired by Professor James MacLean
at the University of Toronto using a SONY DCR-TRV510 NTSC Digital8 hand-held digital
video camera with compression, at a resolution of !

  pixels, subsampled to    

for analysis. The Jojic-Frey test sequence (Section 9.6) is used with permission from Professor
Brendan Frey of the University of Toronto, and the sequence has a resolution of
pixels.
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9.1 Tow Truck Sequence 1
The tow truck video sequence introduced earlier is a view of a toy tow truck rolling down a
ramp from the left side of the scene to the right, shown in Figure 9.1. The camera and background are stationary, and thus the tow truck is the only moving object in view. In this sequence,
the stationary background is represented as a unique IMO, and the toy truck is also a unique
IMO. Results are discussed referring to the toy truck as the active IMO. The segmentation process begins at Frame 31 of the sequence, and Figure 9.1(a) illustrates the results of the initial
motion-based intensity constraint classiÞcation. The white areas of the segmentation map indicate areas corresponding to the active IMO, while the black areas indicate areas corresponding
to the sequence background. The remaining gray areas of the image are ambiguous areas for
which motion segmentation provides no useful distinction due to the aperture problem, as these
areas typically arise due to lack of texture or edges perpendicular to any motion.
The tow truck is clearly identiÞed in the sequence by the motion-based intensity constraint
classiÞcation process, but speckled regions in the background are still assigned the white classiÞcation due to noise. These noisy classiÞcations are removed from consideration during
the initialization of the active contour by the CCA segmentation module, discussed in Section 9.3. The isolated object layer is then used to initialize the active contour as described
in Section 7.3. The resulting active contour, after initialization and optimization is shown in
Figure 9.1(b). Once the object contour has been initialized, it can be propagated through successive frames using the recovered motion estimates from within the contour, with the results
of motion segmentation and the active contour’s execution shown in Figures 9.1(c) to 9.1(f).
Figure 9.2 demonstrates the effectiveness of contour propagation during sequence analysis,
whereby after initialization, the active contour’s position from the previous frame is shifted to
its predicted position in the current frame based on the motion estimate of the object. By doing
so, the initial contour position in the current frame should be very nearly correct, notwithstanding any non-rigid object deformations. The near complete overlap of the predicted and Þnal
contour positions shown in the Þgure fully support the effectiveness of the propagation.
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(a) Frame 31: Layers

(b) Frame 31: Contour Initialization

(c) Frame 40: Layers

(d) Frame 40: Contour

(e) Frame 50: Layers

(f) Frame 50: Contour

Figure 9.1: Tow Truck Sample Sequence 1: Toy tow truck rolls down the ramp toward the right
of the scene against a stationary background. The motion segmentation maps are shown in the
left column, while the active contour result is shown in the right column.

C HAPTER 9. E XPERIMENTAL R ESULTS

114

(a) Frame 31: Contour Initialization

(b) Frame 35: Contour

(c) Frame 40: Contour

(d) Frame 43: Contour

(e) Frame 47: Contour

(f) Frame 50: Contour

Figure 9.2: Tow Truck Sample Sequence 1 Illustrating Inter-Frame Active Contour Propaga-



tion: The green contour with ‘ ’ point markers represents the propagated contour, while the

Æ

red contour with ‘ ’ point markers represents the the Þnal contour.

C HAPTER 9. E XPERIMENTAL R ESULTS

115

The detail recovery performed by the active contour appears to be quite effective in capturing the tow bar of the truck, and also the depression in the base of the truck between the
wheels. The active contour is not successful in capturing the very small concavity that exists
between the driver’s cabin and the towing rig, however the very small entry to the concavity
makes it very difÞcult for the active contour to descend into this small but deep area. Indeed,
the small dimensions of the concavity make it difÞcult even for the region segmentation component to identify. For more tractable artefacts, the scoop sequence presented in Section 9.3
demonstrates the MASC system’s ability to handle deep concavities and transparent IMO areas.

9.2 Tow Truck Sequence 2
The second tow truck sequence sees the same toy truck rolling down the ramp from the left
to the right side of the scene, but now the camera pans left, right then left again, causing the
background to move independently of the tow truck. This result demonstrates the treatment
of the background as a layer with independent motion whose boundary is simply the entire
frame. The robust motion estimation process allows IMOs to be present in this area without
affecting the background motion estimation process. In addition, as each IMO in the scene is
detected and delimited by an active contour, these regions are removed from the consideration
of background motion estimation. The results for this sequence are shown in Figure 9.3, and
illustrate the ability of the MASC system to consistently segment an IMO against a moving
background, with the results being nearly identical to the results for the stationary background
case shown in Figure 9.2.

9.3 Scoop Sequence
The scoop sequence shown in Figure 9.4 substitutes the tow truck in the Þrst two test sequences
for a more complicated bulldozer toy. The bulldozer has front and rear scoops that form signif-
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(a) Frame 31: Layers

(b) Frame 31: Contour Initialization

(c) Frame 40: Layers

(d) Frame 40: Contour

(e) Frame 50: Layers

(f) Frame 50: Contour

Figure 9.3: Tow Truck Sample Sequence 2: Toy tow truck rolls down the ramp toward the right
of the scene against a moving background. The camera pans gently to the left and right of the
scene, keeping the toy truck in view at all times. Motion segmentation maps (left column) and
active contour results (right column) are nearly identical to those of the stationary background
test case.
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icant concavities in the shape of the object, posing a serious challenge to conventional active
contour techniques that attempt to recover such boundaries. The MASC active contour implementation is shown to overcome this problem, descending into the concavities and accurately
recovering the shape of the rear scoop structure.

A ßaw in the active contour boundary recovery can be seen at the base of the front scoop,
where the motion segmentation process is unable to disambiguate the near horizontal edge of
the front scoop. This problem is a result of the relevant edge being parallel to the direction of
motion, and the very even texture about both sides of that edge. As the region segmentation
map illustrates, the edge and its surrounding area are ambiguous with respect to the motionbased intensity constraint classiÞcation process, preventing the contour from being initialized
correctly. Furthermore, as neither area changes in appearance for the duration of MASC analysis, this condition cannot be corrected. The small concavity at the left side of the front scoop
is also incorrectly classiÞed by the region segmentation process due to its size, similar to the
situation caused by tow truck’s small concavity behind the operator cabin, described in Section
9.1.

An additional challenge presented by this sequence is the transparency phenomenon produced by the empty driver’s window of the bulldozer, through which background texture is
clearly visible in Figures 9.4(b) and 9.4(f). The robust motion estimation process is able to
accurately segment the complete bulldozer region, with the background area visible through
the transparent driver window being correctly classiÞed in the region classiÞcation maps of
Figures 9.4(a) and 9.4(e).

An additional pair of results illustrate the removal of speckled intensity consistency noise,
removed by the CCA segmentation techniques discussed in Chapter 6, and shown in Figure 9.5.
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(a) Frame 41: Layers

(b) Frame 41: Contour Initialization

(c) Frame 45: Layers

(d) Frame 45: Contour

(e) Frame 50: Layers

(f) Frame 50: Contour

Figure 9.4: Scoop Sample Sequence: Toy bulldozer truck rolls down the ramp toward the right
of the scene against a stationary background.
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(b) Frame 45: Scoop layer after CCA noise removal

Figure 9.5: Scoop Sequence CCA Noise Removal: The scoop sequence motion segmentation
maps scoop layer is typically noisy. Noise is removed using CCA techniques.

9.4 Satellite Sequence
For the satellite test video sequence1 , a satellite model moves across the scene from left to
right, mounted upon an ‘invisible’ robotic arm, simulating a typical scene in space. The lack
of any visible background texture in this scene requires a change in the MASC system settings,
disabling the background motion recovery and segmentation process. The entire background
area is ambiguous, so the MASC system is unable to classify any part of it to a useful extent.
The satellite itself is adequately resolved, and poses an interesting challenge due to the
extreme lighting conditions of the scene and the extreme concavities formed by the solar panels.
Region classiÞcation maps indicate that the satellite is correctly segmented, with the exception
of the extreme upper corners of the solar panels, which lack sufÞcient deÞnition and contrast.
As a result, these parts of the image are classiÞed as ambiguous regions, and are not correctly
recovered by the MASC system. Besides the solar panel corners, the active contour is generally
able to recover the correct boundary and descend into the deep concavities of the solar panels
despite the lack of background texture in the image, using the long range distance transform
1

Courtesy of MD Robotics
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active contour external force to seek and recover the correct object edges.

9.5 Cup Sequence
The cup sequence2 in Figure 9.7 shows a handheld cup entering the scene from the left, moving through to the right of the scene. Analysis begins at Frame 41 in Figures 9.7(a) and 9.7(b),
where the cup is only partially visible. As more and more of the cup becomes visible, the
bounding active contour is able to expand about the newly visible areas to accommodate the
complete cup. This is made possible by the textured pattern on the cup providing strong motion evidence the motion-based intensity constraint classiÞcation module. The dense region
classiÞcation in the cup area, shown in the region segmentation maps of Figure 9.7, allows the
MASC system to apply expansive normal forces to the active contour in these regions, causing
it to expand around the new cup area. Texture around the hand areas is not strong enough to
cause a similar effect here, preventing the active contour from correctly capturing the complete
moving structure of the hand and cup.

9.6 Jojic-Frey Sequence
The Jojic-Frey3 test sequence is presented in research on adaptive appearance mixture models
[31], and is used here in Figure 9.8 to demonstrate the MASC system’s analysis of multiple
IMO sequences.
The two persons in the sequence walk across the scene in opposite directions, meeting at
the mid-point of the image, where one of them occludes the other. The MASC system correctly
segments both IMOs as well as the stationary background, as shown by the region classiÞcation
maps in the left column of Figure 9.8. Similarly, the active contours shown in the right column
2

Courtesy of Professor James MacLean, Department of Electrical and Computer Engineering at the University
of Toronto
3
Courtesy of Professor Brendan Frey, Department of Electrical and Computer Engineering at the University
of Toronto
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(a) Frame 96: Layers

(b) Frame 96: Contour Initialization

(c) Frame 104: Layers

(d) Frame 104: Contour

(e) Frame 110: Layers

(f) Frame 110: Contour

Figure 9.6: Satellite Sample Sequence: Satellite model moves into view from left to right,
against little visible background, except for shadows.
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(a) Frame 41: Layers

(b) Frame 41: Contour Initialization

(c) Frame 50: Layers

(d) Frame 50: Contour

(e) Frame 60: Layers

(f) Frame 60: Contour

Figure 9.7: Cup Sample Sequence: Handheld cup moves into view from left to right, against a
stationary background, with visible reßections and shadows on the table surface.
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accurately recover the moving outlines of both persons in the scene. Figures 9.8(f) and 9.8(h)
demonstrate the effectiveness of the active contour external normal forces in managing the
shape of the active contour with respect to region classiÞcation information. It is clear that the
contour of the occluded person reliably contracts away from the area of the occluding person,
while maintaining the correct boundary segmentation of the scene.
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(a) Frame 5: Layers

(b) Frame 5: Contours

(c) Frame 9: Layers

(d) Frame 9: Contours

(e) Frame 15: Layers

(f) Frame 15: Contours

(g) Frame 20: Layers

(h) Frame 20: Contours

Figure 9.8: Jojic-Frey Sample Sequence: Two persons walk horizontally across the scene in
opposite directions against a stationary background.

Chapter 10
Conclusion
The objectives of this research were to develop a segmentation system to detect, segment and
track IMOs in a video sequence. The key assumptions imposed on our solution were that no
prior IMO information would be available and that the background or camera might move.
The results presented in Chapter 9 indicate that the MASC system we have developed is able to
address these situations while generating a good estimation of the IMO shape through the active
contour. We now describe the conclusions we have drawn upon completion of development of
the MASC system, providing an analysis of the successes and failures of the system. Finally,
we provide suggestions for future work that might advance the utility of the MASC system and
hybrid region-boundary segmentation techniques in general, and a brief concluding discussion
on the broader implications of the research.

10.1 Contributions of the MASC System
The most tangible achievement of the MASC system is its demonstrated ability to segment
multiple IMOs in a video sequence, and its ability to deal with moving backgrounds. This is
achieved within the requirements of achieving a reasonable estimate of the IMO shape, and
of dealing with shapes for which no prior information is available. The MASC system is also
able to demonstrate a system that effectively combines region segmentation techniques with
125
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boundary segmentation techniques, integrating well established motion segmentation and active contour techniques within a common framework. The close integration has several key
aspects that are discussed in detail here.
Motion segmentation performs the initial detection and segmentation of IMOs in a sequence, generating motion segmentation maps and parametric motion estimates for the IMOs.
The active contour initialization routines utilize the motion segmentation maps to form initial
contours around the target IMOs, overcoming a key obstacle in active contour implementations.
This is the Þrst feedforward component of the interaction between the two components, that is
further pursued in the active contour’s execution. The MASC system’s active contour formulation directly incorporates motion segmentation information through normal forces that apply
expansion or contraction forces to the active contour based on region classiÞcation. The normal
forces assist in addressing another key problem in traditional active contour implementations,
that of ensuring that the active contour binds to the correct edges in the image, as opposed to
the closest edge to the initial contour location. While region segmentation is the basis of the
initial contour itself, signiÞcant changes in the shape of the IMO during the sequence cannot
be detected by a traditional active contour formulation. Examples of such changes are the the
penetrating cup of Section 9.5, where an increasingly larger portion of the cup is visible in the
scene, and the IMO occlusion example in Section 9.6 that shows one IMO rapidly occluding
another. The normal forces improve the responsiveness of the active contour to such changes,
allowing the active contour to incorporate a far broader class of global information into its
traditionally local optimization process.
The feedforward process is further strengthened through the use of the parametric motion
estimates to propagate the active contour after initialization between subsequent frames. This
propagation approach ensures that the active contour’s initial position at any given frame is at
the position estimated by its deformation in the previous frame, and the estimated rigid motion
of the IMO. As a result, the active contour’s execution in the current frame does not need to
account for the rigid motion of the IMO. The active contour’s execution serves to accommodate
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any non-rigid deformations of the IMO, and to accommodate for any error in motion estimation
due to the use of a parametric motion model. The use of motion estimates in this manner
thus simpliÞes the task of the active contour, so that fewer iterations are required to optimize
the active contour, reducing the computational demands of the active contour component and
allowing the active contour to provide good boundary estimates even when the number of
optimization iterations per frame are limited.
The utility of the feedforward process is balanced by the feedback of the active contour results to the motion segmentation component, which uses the IMO boundary estimates to isolate
the motion constraints generated by each IMO. As a result, motion estimation for each IMO can
be performed given a good estimate of the ‘ideal clustering window’ proposed in Section 1.3.
Most motion constraints within this window are generated by the target IMO, while a small
proportion of constraints may be generated by noise, occluding IMOs and transparency phenomena. The application of robust EM-based methods to estimate motion removes incoherent
constraints of that nature from consideration, so that the resulting motion estimate results from
the clustering of coherent constraints from the target IMO, providing near ideal conditions for
estimation. Through this feedback, the active contour component imposes strong spatial coherence constraints upon the motion segmentation process after active contour initialization,
removing a signiÞcant part of the burden of segmentation. An implicit element of temporal
coherence is also introduced by the active contour, as its propagation between frames implies
that we expect the IMO (and speciÞcally, the IMO shape) to persist temporally in the sequence.
In addition, the feedforward and feedback mechanisms of the MASC system allow global
(region-based) constraints such as the global segmentation of the whole scene to be integrated
within the execution of the myopic local contour process. Similarly, the region-based operation of the motion segmentation component is able to incorporate the very local segmentation
results of the active contour into its own operation. The overall MASC system uses each component to overcome the other’s weaknesses, resulting in a better system than what might be
achieved by focusing on only one approach.
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From a purely algorithmic aspect, the MASC framework introduces two novel approaches
to segmentation. The Þrst is the motion-based intensity constraint classiÞcation technique,
which introduces a novel extension to pure motion segmentation techniques. It uses motion
estimates and the BCC to improve the density of motion segmentation estimates, and introduce
a probabilistic framework for doing so. The second novel aspect is the use of active contour
normal forces described earlier.
The more general conclusion of the MASC system emphasizes that this research presents
a general framework for integrating motion segmentation and boundary recovery techniques.
This research presents an implementation of that framework (the MASC system), employing
a hierarchical BCC-based motion segmentation component, and a modiÞed active contour
boundary recovery component. However, as indicated in the suggestions for future work in
Section 10.3, either component might be substituted for more appropriate application-speciÞc
modules if required. The feedforward and feedback channels need not change signiÞcantly to
accommodate the substitution.

10.2 Shortcomings of the MASC System
The MASC system exhibits a number of shortcomings that we have not yet addressed, as many
are beyond the scope of this research. Proposals to rectify many of these shortcomings are
presented in the suggestions of future work. The performance of the current MASC system
implementation presents a key hurdle to any real world application, as it currently takes seven to
ten seconds to process a single frame in the MASC sequence. It should be noted that the current
MATLAB 6 implementation is far from performance optimized, as the MATLAB language
itself is interpreted.
Regarding generic video segmentation, backgrounds with signiÞcant depth variations are
not uncommon, and the MASC system currently does not attempt to deal with such scenarios.
A conÞned room for instance, might have Þve visible walls (planes), each of which would
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require an independent projective motion process to model, if the camera was moving in such a
setting. The current MASC system makes little provision for this condition, however a separate
problem suggests a possible solution. The presence of smaller IMOs in front of larger IMOs is
an additional problem currently not addressed: transparency allows IMO processes to exist ‘on
top’ of other IMOs in the Þeld of view and requires inference of the visibility of each IMO in
the scene. Introducing visibility data for each IMO might also allow for multiple background
planes to be used to represent complicated background structures.
The use of the BCC to estimate motion is another drawback of the MASC system in applications where illumination of the sequence may vary signiÞcantly. Despite this drawback,
alternatives would only introduce further complications to the MASC system while relying on
similar feature constancy assumptions (such as phase [20] or photoquantigraphic constancy
[38]). The beneÞts of invariance to changing illumination must be weighed against the additional system complexity and computational overhead if these alternative approaches are to be
adopted.

10.3 Future Research Suggestions
Our suggestions for future research directions comprise suggestions that apply to individual
components of the MASC system, and suggested directions to improve the MASC system as a
whole, as well as the fundamental framework it is built upon. We present our suggestions for
each of these in order, below.

Discrete Component Research Suggestions
The simplest suggestions for future research are direct improvements to the current components, for example, the introduction of higher order motion models, such as the projective
motion model, for motion segmentation. Higher order motion models represent a wider range
of IMO motion at the cost of increased computational complexity and lower computational sta-
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bility. Given larger frame dimensions, a larger number of constraints might be used to improve
computational stability, making this a viable option for a faster, better optimized computational
platform.
The introduction of phase constancy- and photoquantigraphic constancy-based motion recovery algorithms to improve robustness of the segmentation under variable lighting conditions
is a similar direct improvement of the motion segmentation component. As pointed out in Section 10.2, such modiÞcations would increase the complexity and computational demands of
the system, however such costs may be justiÞed. For example, a space-based application of the
segmentation system would require strong immunity against the rapidly changing brightness of
exterior conditions of a satellite’s orbit. In additon, the automatic gain control present in video
cameras changes the brightness of pixels on the basis of overall scene brightness, violating
the brightness constancy constraint in many conditions, and motivating the use of alternative
constraint sets.
While the active contour component of the MASC system explicitly imposes strong spatial
coherence constraints on the motion segmentation process, the notion of temporal coherence
is only implicit through its frame to frame propagation of the active contour. Explicit temporal
coherence constraints might be introduced to the MASC system through the on-line learning
of shape models, similar to the ‘active shape model’ (ASM) concept [13]. Although the ASM
approach requires training on the target IMOs, the notion of continuous on-line learning and
weakly enforcing the learned shape models during a sequence provide a natural means to incorporate temporal coherence principles into the MASC system.
Kalman Þltering techniques provide an immediate means of integrating temporal coherence
into the active contour boundary recovery. Furthermore, the CONDENSATION contour tracker
[26] introduces non-Gaussian density propagation techniques that improve boundary recovery
performance in cluttered environments. In addition, by using the MASC system’s estimated
IMO motion parameters to replace the trained dynamical model of original CONDENSATION
tracker, the resulting revised MASC implementation provide strong temporal coherence as well
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as spatial coherence, and this suggestion has been implemented recently [11]. Future work
aims to incorporate weak shape priors to this model learned on-line using the active contour
shape recovery.
Finally, the introduction of active contours with inherent topological independence [10,
42] would allow our boundary representation to dynamically split and merge to accommodate
motion coherent IMOs, so that a separate spatial segmentation component may no longer be
necessary.

MASC System Research Suggestions
One of the primary limitations of the current MASC system implementation is the lack of
multiple object handling routines, dynamically managing the ‘birth’ and ‘death’ of IMOs in
the scene over time. One key IMO management aspect that should be incorporated in such a
module is the merging and splitting of IMOs, for example in a scene where an IMO’s parts stop
articulating while the IMO continues to undergo rigid motion. The previously independently
moving parts of the IMO should then be merged with the rest of the main IMO, and then they
should be split off once again if they begin to move independently later. Along similar lines,
an improved IMO management system might also incorporate a probabilistic framework to
continuously infer the transparency and visibility of IMOs, along the lines of Jepson et al. [30].
Such a framework might attempt to explicitly address transparency and visibility, improving
the performance of the system when IMOs in the scene are occluded.
In more practical terms, the current performance limitations of the MASC system, suggest
that an implementation in a compiled programming language (as opposed to the current interpreted MATLAB scripts) such as C or C++ could provide immediate performance beneÞts.
However, as the current MASC implementation requires seven to ten seconds per frame for
analysis, even a speedup of two orders of magnitude would only approach performing realtime segmentation at the current capture rate of thirty frames per second. Improvements on
the order of nearly three orders of magnitude would be required to operate the MASC system
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at typical video frame rates of around thirty frames per second. This level of performance
might be achieved through implementation in re-programmable hardware systems, in a similar
manner to that demonstrated by Darabiha et al. [16] shown for stereo depth measurement.
Beyond incremental improvements, the true utility of the MASC system will be demonstrated by its integration with higher-level components that use the segmentation, tracking and
shape information that the MASC system recovers. Recognition components can use the shape
and localization information to simplify their tasks, and add robustness to their execution.
Positive recognition matches can be fed back to the MASC system to improve segmentation
performance, providing even stronger spatial priors for both the motion and shape recovery
components. The results from such a combination of the MASC segmentation and recognition
could provide the shape, location, motion, identity and perhaps even the pose of the target IMO.

10.4 Discussion
The segmentation framework proposed by this thesis embodies the idea that motion estimation
and shape recovery require a solution that addresses both problems in unison. While spatial
regularization techniques have been a part of even the earliest motion estimation techniques,
the MASC system introduces a shape constraint for motion estimation that does not require
prior information about the IMOs it segments, and does not restrict shape representation to a
low-dimensional parametric shape descriptor. The active contour used by the MASC system
permits the representation of arbitrary shape, working under the assumption that IMOs generally possess spatial coherence and compactness. This research emphasizes the importance of
accurate shape recovery for motion estimation, and presents a functional implementation in the
MASC system, taking another step toward endowing computer vision systems with effective
visual awareness of the world.
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