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Abstract

Visual tracking is a domain of computer vision with many promising applications. An
important field of this domain involves the tracking of human motion with interesting
applications, including “smart” surveillance systems, virtual interfaces, character
animation and gesture-driven control. This work intends to implement a semi-
automatic, non-real-time tracking system of humans by using active contour models
(snakes). Snakes are energy-minimizing splines that are moving towards a target of
interest under the influence of internal and external forces. The modular character of
the snake energy functional allows the inclusion of many different image cues (edges,
color, shape) and corresponding terms, according to the specific application. The
snake model offers a flexible and unified way of extracting and representing a desired
image feature. Emphasis is given in the confrontation of two major, intrinsic problems
of snakes: the dependence on the initial contour and the weakness in outlining
concave shapes. Moreover, this work examines the details of adapting the snake
model to the tracking system. The overall algorithm is tested on sequences of grey-
scale images under some specific stipulations and has encouraging results.
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Introduction

The term “visual tracking’” may be generally defined as the problem where- given an
identified target in an initial image lp of a sequence of images (lo, 11, I2, ), and a
corresponding initial configuration (or state), So, of this target- we must produce a
series of target state estimates (S, S, ...). At this generic definition we may add some
stipulations in order to produce a more specific visual tracking system that covers our
needs at each time. Such stipulations may concern the ‘real-time’ or ‘non-real-time’
operation of the system, the range of the conditions under which the target is expected
to be tracked, the dominant cue(s) that distinguish the target of interest (e.g. shape,
color, appearance), or some prior information that can be assumed. In this thesis, the
goal is to produce a semi-automatic, ‘non-real-time’ system of tracking moving
humans in sequences of gray-scale images.

For a long time, the mainstream of tracking has been the “ blob” tracking
algorithm. It can be said that it is a ‘segmentation-based” approach, in the sense that it
is actually a way of optimizing a pixel selection based on a given cue. This algorithm
though relies on some (usually) undesirable assumptions, for example the fact that
there is only one target in the region of interest and that this target remains roughly
constant in size from frame to frame. The same limitation in the appearance of the
object of interest between frames somewhat also exists in the “template-based”
region-tracking algorithm. The basic idea of this approach is that of matching the
direct appearance of the target from frame to frame, using some variation in
correlation. This thesis uses a third approach that can be referred to as “snake-
tracking”. The state estimates of the target are represented as contours of discrete
points; the given initial contour in the first image converges to the target through an
energy-minimization process, whereas the initial contour of the subsequent states is
generated from the previous state(s) and converges with the same process. This
approach can give quite accurate results by low computational work.

Snakes were proposed by Kass et al. in 1988, as energy-minimizing splines in
an image domain, with the ability to move under the influence of internal forces,
coming from within the curve itself, and external image forces, computed from the
image data. They may also be guided by external constrained forces. The internal
forces aim to enforce a piecewise smoothness constraint. The external image forces

attract the snake toward salient image features like edges, lines and subjective
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contours. Finally, the external constraint forces serve to put the snake near the desired
local minimum and can, for example, come from user interaction or high-level
interpretations. All these forces form an energy functional, which has to be minimized
in order to achieve a convergence of an initial contour to the object of interest. This
minimization exhibits a dynamic behavior and that is why snakes are regarded to be
active models.

In the original definition of snakes, the minimization of the energy functional
is achieved by a variational approach (Euler — Lagrange equations). This approach
requires the computation of higher order derivatives of the discrete data, may have
problems of numerical instability and do not allow direct and natural addition of
external constraints, as these need to be differentiable. Amini et al. presented a
dynamic programming algorithm for energy-minimization, which allows the
enforcement of hard constraints for a more desirable behavior of the snakes.
Nevertheless, this method is very slow and computationally expensive in memory
requirements. Williams et al. proposed a fast algorithm, widely known as “greedy
snake”. This method was derived from the dynamic programming method, but, unlike
the latter, does not use exhaustive search. Its searching strategy is based instead on the
connective property of the eight neighbours of a snake point. Furthermore, the greedy
snake retains the privilege of the dynamic programming method to allow hard
constraints. Therefore, it is a method that combines speed, flexibility and simplicity
and that is why is chosen in this thesis.

However, irrespectively of the method used for the minimization of the energy
functional, snakes tend to present some generic problems. Mainly, if the initial
contour is not close to the target in both position and shape, the convergence process
may end up in the wrong result due to the lack of attracting forces or because the
snake is trapped by local minima. Even in the case of a quite close initial contour,
snakes usually have difficulties in handling concave/convex contours. Many methods
have been proposed towards the solution of these problems, such as the *“gradient-
vector-flow” (GVF) snake, in the area of the variational approach, and the “attractable
snake model”, which is based on the greedy algorithm. Some of these methods solve
some problems, usually in specific cases, but sometimes other problems appear. It is
hard to say that there is a globally optimal solution.

This work intends to examine the effectiveness of snakes in outlining and

tracking of humans and proposes some modifications on the previous work. Chapter 1
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IS an introduction to visual tracking and a statement of the assumptions and
stipulations of our desired tracking system. Chapter 2 introduces the original snake
model of Kass (variational approach), continues with the dynamic programming
approach and concludes to the greedy algorithm. Chapter 3 describes two major
problems of snakes and outlines some of the proposed solutions. Chapter 4 proceeds
to the implementation details and results of the snake model and the tracker of the
current thesis. Finally, chapter 5 gives the conclusion and some possible directions of

future work.
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Visual tracking

Chapter 1: Visual tracking

1.1 What is visual tracking? - Definition and applications

A simple and theoretical definition of visual tracking could be given through the

following problem [1]:

Given:
1. anidentified target (or object of interest) in an initial image, 1,
2. acorresponding initial configuration (or state), Sy, of this target and
3. aseries of subsequent images, 7, I, ...,

produce a corresponding series of state-estimates S;, S,, ... of the target.

Visual tracking could also be defined mathematically, in a probabilistic framework
[2]. In a dynamic system, the states of the target and image observations are
represented by X, and Z, respectively. The tracking problem could be formulated as an

inference problem with the prior p(X,,,|Z,Z,, ), which is a prediction density. We

t+1

have:

(X4 Zz+l,Zt,...) o p(Z,,, 1 X)) p(X,4 | Zt,Zt—l,...) (1.1)

P(X,a1Z,2,5 )= [ p(Xa | X)P(X,12,Z,, )dX, (1.2)

where p(Z,,,|X,,;) represents the measurement or observation likelihood and
p(X, ;| X,) is the dynamic model. This probabilistic formulation could be

represented by a graphical model that is similar to the hidden Markov model (Figure

1.1). At time t, the observation Z; is independent of previous states, (X, ; X, , ) and
previous observations, (Z,,Z,, ), given the current state, X, i.e.
p(Z | X, X4 ,Z..Z,, )=p(Z|X,), and the states have Markov property, i.e.

p(Xt | Xt—l,xt—Z,...) = p(Xt | Xt—l) :
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Figure 1.1: The tracking problem through a graphical model [2].

However, in many practical cases, this strict definition is of small significance. On the

other hand, the first definition is quite generic. In order to describe accurately a real

visual tracking system we have to add some stipulations to this definition.

1.1.1 A real visual tracking system

The stipulations and assumptions that define the form of a real visual tracking system

could be derived from the following set of questions [1]:

What is/are the dominant cue(s) (e.g. edges, colour, appearance, etc.) that
discriminate the target from other objects and consequently what is the target
representation (e.g. parameterised shapes, colour distribution, image-
templates, etc.)? Usually there are good ‘local’ approximations rather that a
globally unique answer.

What is the range of viewing conditions under which we expect to track our
target? Is the target constant in shape or is it deformable (and then what are the
expected changes in pose)? What are the changes in lighting conditions? Is the
system able to handle occlusion (i.e. the case where other objects ‘hide’,
partially or totally, the target of interest)?

Relevant to the issue of the viewing conditions are also some features of the
camera (or generally of the sensor), principally its multiplicity and its
mobility; does the tracker use a single camera or multiple cameras, which can
resolve some ambiguous poses that may occur from monocular vision? Is/are
the camera(s) stationary or moving?

What is the desired dimensionality of the tracking space? Does the tracker
need a quite accurate and compact representation of physical space (3-D
approach) or a less precise representation of the target is sufficient?
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e What kind of prior information can be assumed? For example, is the 3-D
structure (in 3-D approaches) of the object already known? Is it possible to
know a priori the deformation pattern of the target?

e What level and frequency of information is needed? There is a big difference
between expecting 60 Hz pose estimates down to seconds of accuracy, and
just coarsely knowing where something is going. By sub-sampling the image
or the frame rate, we can gain in speed but lose in accuracy. What is more
important?

e Do we need a ‘real-time’ tracking operation or not?

e What grade of user interference is allowed? For example, a user could provide

the initial state or interfere by correcting an estimate.

Some of these issues are not necessarily independent of one another. Moreover,
thinking about them, may lead us to some other useful questions. In each case, the
answers to these questions depend, more or less, on the application of the specific

tracker.

1.1.2 Applications

In the last few years, a new application domain has emerged in computer vision. This
domain works on the analysis of images involving humans, covering, among others,
issues like, hand gesture recognition, lip tracking and whole-body tracking [3]. The
tracking of human motion could be put in a general framework of human motion
analysis [4]. A step of motion analysis involving human body parts may precede the
tracking-phase, providing to it some low-level information (e.g. body part
segmentation or joint detection and identification) that may be useful during the
tracking-phase. Finally, a higher-level task of recognizing human activities may
follow a successful tracking stage, completing the procedure of human motion
analysis. There are many interesting and promising applications in this area. For a
summary, see Table 1.1 [3].

More specifically, human motion analysis can help in the development of
advanced social interfaces, where computer-generated characters may interact with
the user in a more friendly way, using human-like behaviours [5]. Furthermore, a

speech-guided interface can use computer vision, either in order to detect the presence
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of a user and commence an interaction, either in order to recognize a user, distinguish
multiple users and guide the dialogue in a more proper way, or finally in order to
enable a more robust recognition of speech in the presence of acoustic noise (e.g. lip
tracking [6]). Other interesting applications in this domain are sign-language
interpretation [7], gesture-driven control for people with disabilities [8] and signalling
in high-noise environments, such as airports and factories.

The development of interactive virtual worlds is also relevant to the above
application domain. The tracking of the human body may help in the creation of a
human presence in a virtual space, whereas the tracking of hand gestures may be
useful in finding a natural way to interact with virtual objects. Other applications in
the domain of virtual reality are games [9], virtual studios and character animation
[10].

CGieneral domain Specific area

Advanced user interfaces Social interfaces
Sign-language translation
Cesture driven control
Signaling in high-noise environments

{airports, factories)

YVirtual reality [nteractive virtual worlds
Crames
Virtual studios
Character animation
Teleconlerencing

{e.g., film. advertising, home-use)
Motion analysis Content-based indexing of sports video
footage

Personalized training in golf, tennis, etc.
Choreography of dance and ballet
Clinical studies of orthopedic patients

“Smart” surveillance systems Access contraol
Parking lots
Supermarkets, department stores
Vending machines, ATMs
Traftic

Table 1.1: Applications of human tracking [3].
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Moreover, visual-based human motion analysis can be applied in personalized
training systems for various activities, like sports and dance. It can also help the
clinical research in medical branches, like orthopedics. Another possible application
could be the content-based indexing of sports video footage, that would decrease the
browsing-effort through a large data set, for example in a query like “give me all the
cases of action X of the player Y™ [3].

Another important application domain is that of “smart” surveillance.
Applications may range from detection of human presence and motion to face
recognition for the purpose of access control or the observation of human actions and
suspicious behaviours. These applications are useful in areas such as parking lots,
airports, department stores or traffic management systems. Of course the matter of
privacy rights must be taken into account in these cases [3].

Especially in traffic management systems, it is usually desirable to track, apart
from humans, other objects as well, for example, vehicles, obstacles and traffic signs.
The goal is usually the maintenance of a secure distance of the pedestrian or vehicle
from static or moving obstacles and the observance of traffic laws [11]. Furthermore,
visual systems that track only vehicles are also useful in applications such as the
measurement of traffic flow or the computation of parameters like the average vehicle
speed and spatial occupancy [12].

Visual tracking is also applicable in areas where the human motion is not
involved in a direct way like in the previous applications, or is not involved at all.
Medicine is one of them and relevant application is the tracking of biological
structures in MR images [13].

Robotic applications are another domain. These can include mobile robot
navigation [14], machine-learning [15] and visual servo [16].

Finally, tracking techniques are often applied in the area of model-based
coding in order to accomplish low bit-rate video compression [17].
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1.2 Tracking approaches

It is obvious that visual tracking is a very intriguing and quite complex problem of
computer vision with numerous and interesting applications. Therefore, during the last
years a lot of research has been done on this subject. The proposed approaches usually
depend on the specific application and the stipulations that govern the tracker.
Although there is no globally adopted classification of the existing tracking

techniques, we can consider two distinct classes [18], [19]:

e Model-based approaches that impose high-level semantic representation and a
priori knowledge of the 2-D or 3-D structure of the object.
e View-based approaches that do not use shape models but rely on heuristic

assumptions to find correspondences of the target.

The view-based approaches are relatively fast but cannot handle non-rigid movements
of objects as easily as the model-based approaches; on the other hand the latter have
higher computational cost. In both classes, tracking is performed by information
provided by geometrical properties of the target. We can define two different sub-
classes according to the type of this information:

e Feature-based approaches, which depend on the information provided by the
target’s features, such as points, lines and, especially, boundaries (boundary-
based or edge-based approaches).

e Region-based approaches, which rely on the information provided by the

whole region.

Another, more general classification states that there are two kinds of approaches to

the visual tracking problem [2]:

e Bottom-up approaches, which try to determine the target state by simply
analysing the content of images.

e Top-down approaches, which generate candidate hypotheses (predictions)
from the previous frame and then measure and verify these hypotheses against
the image observations.



Visual tracking

The first class might be computational efficient, but, since tracking depends only on
the content of the image, its robustness is strongly affected by the viewing and
analysis conditions. On the other hand, top-down approaches are less dependent on
image analysis but the need for methods of generating and verifying hypotheses
imposes larger computational effort.

Obviously it is not possible to outline all the existing tracking approaches at
this point, however we can overview three typical approaches: “Blob” tracking,

“Template-Based” region tracking and “snake” tracking.

1.2.1 “Blob” tracking

Basic “blob” tracking has been for quite a long time the mainstream of tracking. It can
be considered to be a region-based approach according to the above classification.
More specifically, it can be characterized as “segmentation-based” approach since it
groups similar (in the sense of a given cue) image pixels into blobs in order to
estimate the position and shape of the target. Thus, it relies on the analysis of the
image and can be regarded as a bottom-up approach. Some of the cues that can be
used for the grouping of blobs are intensity, colour, motion, texture and depth. The
basic algorithm goes roughly as follows [1]:

1. ldentify an image (binary) segmentation function = (based on the selected
cue) and an initial region of interest R, in the initial image /,. Let the
location of the center of R, (with respect to the entire image) be u.;.

2. For every image of the video stream Iy, 1, ...

I. acquire R; about u; ; in [,
ii. compute the new blob B; = z(R)),

iii. compute the new center u; = u;_; + centroid(B,).

This basic form of the algorithm promises quite efficient and accurate tracking but
only under some restrictive assumptions. Such assumptions are the usage of a
constant segmentation function and the presence, in the region of interest, of only one
target, which remains almost constant in size and stays into the region of interest

between frames. Even then, this algorithm is very sensitive to unstructured
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environments, where large appearance variability occurs, due to pose, lighting or
occlusion.

Furthermore, the segmentation process can be computationally time-
consuming. A good idea to improve the algorithm’s performance would be to use
lower image resolution (sub-sampling) and lookup-tables for the segmentation

function.

1.2.2 “Template-based” region tracking

The basic idea of this approach is to match the direct appearance of the target from
frame to frame. Thus, it could be roughly considered as a top-dawn approach (the
candidate hypotheses are all the possible locations of the template and the matching
based on image features works as the verification phase). A simple form of this

algorithm would be [1]:

1. Choose a region of interest R, in the initial image 7,. Let the location of R,
in 1y be u.
2. For every subsequent image 1, I, ...
I. use some variation on correlation to find the location u; of the
best match to R; in I;

ii. sample R; about u; in I..

The above “greedy” operation of correlation, which demands searching for the target
at each possible location of the image, is expected to lead to a prohibitive
computational cost. Some algorithmic tricks and data structures, such as the resolution
pyramids, could improve the performance. In a resolution pyramid, successive levels
are smaller versions of the image with fewer pixels to be processed.

As far as the accuracy is concerned, this basic algorithm relies on the
assumption that the target remains almost constant in appearance between frames.
Likewise the “blob” approach, it cannot handle occlusion and rapid changes in pose
and illumination.

The problem of the algorithms that use simplified matching methods, like SSD
(Sum of Squared Difference) minimization or cross-correlation maximization, is that

they model the motion of the target region as pure translation in the image plane.
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However, as mentioned above, in most real cases of tracking a target through a large
sequence of images, changes of illumination and image distortions (e.g. rotation or
scaling), may occur. Thus, more efficient and robust algorithms of region tracking

may be accomplished by modelling these changes in a unified framework [20].

1.2.3 “Snake” tracking

Snakes were introduced by Kass et al. [21] as energy-minimizing splines, which tend
to lock onto nearby edges. They are active contour models with the ability to
represent the boundary of a target and keep updating it dynamically between frames.
Hence, they can be used in a boundary-based tracking approach. The basic form of

such an algorithm is:

1. ldentify an initial contour, Cy, in the initial image, /.
2. Let it converge iteratively to the target boundary through the energy-

minimization process, giving you the optimised contour C, .
3. Forevery subsequentimage /; (i=1, 2,...),
I. compute the initial contour, Ci, of the image ;, based on the
optimised contour, C,_,, of the previous image /;, ,
ii. let C; converge iteratively to the target boundary through the
energy-minimization process, giving you the optimised contour
C,.
The initial contour, Cy, in the first image of the sequence, can be either provided by
the user or acquired through a high-level process. In both cases, tracking should
proceed automatically (i.e. with no further input) and therefore the initial contour, C;,
in the subsequent images, /; (i=1, 2,...), has to be computed.
There are more than one possible ways to compute C;, based on the optimised

contour, C, , , of the previous image. A very ‘naive’ approach is to use C, , directly as

C; (Figure 1.1). This is a really simplified method that could work only under certain
circumstances. For example, the interior of the target boundary has to be smooth
(without edges) and the displacements of the target between frames should be

relatively small.
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Frame 1 Frame 1 Frame 2

Figure 1.1: The initial contour is provided by the user and its optimisation is used as starting

contour for the next frame (naive approach) [22].

A similar, but less simple, method computes C; using an inflation factor in

order to expand the previous optimised contour C,, about its centroid. One drawback

of this method is that improper inflation factor may lead to a starting contour, which is
either too far away from the real boundary and cannot be attracted to it, or intersects
the boundary of adjacent objects.

A third possible approach is to take as starting contour, C; the motion-

compensated version of the optimised C, , (using optic flow for example). This third

approach is usually the most efficient but undoubtedly increases the computational
cost.

From the above we can claim that snake tracking is somewhat an operation
where predictions (naive or more complex) are made and updated against image
observations through the energy-minimization process. Thus, it can be considered as a
top-down approach.

Regarding accuracy, the basic algorithm as it stands, can promise quite
efficient but still not very precise tracking of a target contour at all points, since
snakes are actually an interpolation through a discrete set of points. Furthermore, the
boundary-based character of snakes makes them sensitive to lighting changes and
occlusion. A more robust tracking requires some addition to the basic algorithm.
Nevertheless, snakes are generally a good and computationally easy way of tracking.

Finally, it is worth to mention that, some research, inspired from Kass’ snakes,

has moved on to statistical frameworks and spline-based ideas. A least-squares-style

10
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snake algorithm (a Kalman filter) [23] and a probabilistic model of object shape and
motion [24] are some of these approaches.

1.3 Visual tracking in the current thesis

This thesis intents to build a quite efficient and robust non-real-time visual system for
tracking a single human target through a video stream. The tracking approach that is
followed is snake-based. The starting contour of the initial image is a rectangular that
is provided by the user and encloses the human target. The user actually defines the
rectangular by ‘clicking’ on the image the upper-left and lower-right angles. This is
the only user interference; the following tracking is curried out automatically using
motion compensation for the determination of the following starting contours.

The representation of the target is performed in the 2-D space using a contour
and the dominant cue of tracking is edges. The system does not use any kind of shape
model or other prior knowledge. The target is expected to be deformable (e.g.
movement of arms, gait). Small changes in lighting are tolerable but occlusion is not
handled. The tracking system is tested on gray-scale images, taken from one single
and stationary camera.

More implementation details of the tracker will be stated in chapter 4. Until
then we have to take a closer look at snakes.

11
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Chapter 2: Snakes: active contour models

2.1 Introduction

Snakes were introduced by Kass et al. [21], as energy-minimizing splines guided by
internal spline forces and external, image and constraint, forces. They are contour
models that can provide a unified account of a number of visual problems, which used
to be examined separately, such as detection of edges, lines and subjective contours,
stereo matching and motion tracking. The iterative and dynamic minimization of their
energy functional makes these models active. The name “snakes” was given to them
because the movement of the contour through this dynamic minimization looks like
the slithering of the homonym reptile.

A snake is actually defined as a sequence of (x,y) points in an image, named
“control points”, but is usually drawn with lines that connect the adjacent control
points, giving the impression of the snake-shape (Figure 2.1). The control points are
also called “snaxels” (Snake Elements, according to pixels). Every control point has
an energy level, which is desirable to be minimized at each iteration, in order to
minimize the energy functional of the whole contour. Depending on the
implementation, the minimization process makes each snaxel move, -either
asynchronously to the other snaxels (affecting the energy level of adjacent snaxels) or
synchronously to them. When all snaxels have their energy minimized once, a new
iteration begins and the procedure goes on until the total energy stops decreasing or

when a more complex criterion is satisfied.

Snake
|

/{ ‘ontrol Point
r///,r [mage
y

Figure 2.1: A snake as a sequence of control points in an image [22].

12



Snakes: active contour models

There are three main implementations of the snake model according to the
formulation of the energy functional and the techniques used for the energy
minimization; Kass’ original model adopts a variational approach, Amini et. al use

dynamic programming and Williams and Shah propose a greedy algorithm.

2.2 Original snake model — a variational approach
Representing the position of a snake parametrically by v(s) = (x(s), y(s)) (where s is
proportional to the contour arc length and s €[0,1]), the energy functional of the

original snake model can be written as:

1

Efpe = [ Erae V)5 = [ (B, (V) + B, V(&) + E,, (V())ds  (2.1)

0

where Ej, is the internal energy of the spline, Ej,qq. 1s the energy from the exerted
image forces and E,,, is due to the constraint forces. The minimization of £;,, aims to
impose a piecewise smoothness constraint to the curve, whereas the image forces pull
the snake towards salient image feature. The external constraint forces may be exerted
through user-interference or high-level interpretations, and serve in putting the snake
near the desired local minima. The image and constraint forces are both considered as

external forces, unlike the internal forces that come from the spline itself.

2.2.1 Internal energy

The internal spline energy consists of a weighted first-order term and a second-order

term, also controlled by some weight:
1
Ey =5 (@(s)]V,(5) [ +B() V() F) (2.2)

where v _(s) and v _(s) denote the first and second derivatives of v(s) with respect to

s and can be approximated in a discrete form by the backward finite differences
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|Vi _Vi—l| and |Vi—1 —2v,+v,,

respectively (v, , and v, are the preceding and

following snaxels of the snaxel v, in the sequence of the snake points). Adjusting the

two weights, a(s) and f(s), results in controlling the relative significance of the above
terms.

The first term, also called “elasticity term” or “elastic energy”, makes the
snake act like a membrane. It is a measure of the distance of a snaxel from the
previous snaxel in the sequence of the snake points, and therefore decides how much
a control point should be pulled towards its neighbour or pushed away from it.
Actually, the influence of this term can be expanded to include also the distance of the
snaxel to its following (i+1/) neighbour, as in equation (2.13). The ‘direction’ of this
movement (push or pull) is defined by the polarity of a(s); if a(s) is positive, the
minimization of the elastic energy of a snaxel is achieved by pulling this snaxel
towards its neighbours. When this pull is applied to all snaxels in one iteration step,
the snake appears to contract. On the contrary, when a(s) becomes negative, every
snaxel moves away from its neighbours and contraction converts to expansion. This
can be useful, for example, when we need to detect the contour of an object with a
smooth interior (few internal edges) in a complex environment. In this case, we can
initialize the snake into the object and then let it expand, avoiding the misleading
external edges.

The magnitude of a(s) is also significant. The new position of a snaxel in the
current iteration of the algorithm is related by the coefficient a(s) to the positions that
this snaxel and its two neighbours (previous and next) had in the previous iteration
step (equation 2.13). Therefore, the magnitude of a(s) controls the expansion or
contraction rate. Larger values of a(s) make the snake shrink (or expand) more
rapidly.

The second-order term measures the bending ability of the snake, in other
words, its ability to form corners. It is also known as “bending term” or “bending
energy”. The minimization of this energy tends to smooth the snake curve,
disallowing large curvatures. That is why this term is said to make the snake act like a
thin metal strip [22]: if the two ends of the strip are not connected (correspondingly, if
the snake is open), the strip tends to open out into a straight line; if they are joined
together (correspondingly, if the snake is closed), the strip becomes a smooth curve

almost without corners (Figure 2.2). Setting the parameter S of a control point equal to
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zero eliminates the bending term, allowing the snake to become second-order

discontinuous and form a corner at that point.

Figure 2.2: The minimization of the bending energy: the effect on a single snaxel [left], on an

open snake [middle] and on a closed snake [right], after a number of iterations [22].

From the above it is obvious that both elasticity and bending terms are
affected by the relative positions of the control points along the snake and not by the
image features. This fact justifies the characterization “internal”, which is given to the

corresponding energies.

2.2.2 Image energy

Unlike the internal energy, this energy term relies on the information obtained from
the image area around the snake and is irrelevant to the position of the control points.
The minimization of the image energy aims to attract the snake towards salient
features. The original model examines the cases of attraction to lines, edges and

terminations, and in this direction proposes the following formulation of the image

energy term:
Eimage = WlineE line + WedgeE edge + WtermEterm (2 3)
where E,, is the line-energy, E,,, is the edge-energy, E,,, is the termination-

energy, and w, ,w are the corresponding weights. By adjusting properly

edge W

term

these weights we can obtain different snake behaviour.
The line-energy is the simplest term of image energy and is actually the image
intensity itself:

E,.=1(x,y) (2.4)
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This energy term can attract a snake either to dark lines (small values of intensity) or

bright lines (large values of intensity), depending on the sign of the weight w, . If
w,,., 1s positive, then the minimization of a positive quantity is achieved by going to

smaller values of intensity, hence darker areas. Conversely, a negative weight leads to
brighter areas.
The second term of equation (2.3) desires to guide the snake towards edges;

this can be done using a simple gradient function:

E

edge

=—|VI(x,»)[ (2.5)

The gradient of image intensity, VI(x,y), has large values at points that belong in

strong edges; the stronger is the edge, the larger the gradient. This fact imposes the
negative sign in equation (2.5). If the negation were not present, the control points
would be repelled from strong edges during the energy-minimization.

The original model also proposes a slightly different form of the edge term:
Eedge = _(Ga * VZI)Z (26)

where G_ is a Gaussian of standard deviation o . Minima of this energy correspond

to zero-crossings of G_ *V*I, which define edges. This term can be used in a scale-

space continuation approach, where firstly the snake is let to converge on a blurry
version of the image and then the blurring is being reduced gradually. This blurring
effect enlarges the capture range around an object of interest. Figure 2.3 shows an

example:
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Figure 2.3: Scale-space continuation on edge-energy [21].

The upper-left image shows the snake in equilibrium at a coarse scale. The edge
localization is not that accurate but the goal of approaching to the contour is achieved.
Reducing the blurring gradually, leads the snake to the position shown in the upper-
right image (intermediate scale) and finally to a very accurate localization shown in

the lower-left image (no blurring at all). The lower-right image superimposes on the

lower-left image the zero-crossings of G, *V°I that corresponds to the energy term

of this image. It is worth to note that this last image appears to have many zero-
crossings that could mislead the snake. This does not happen though, due to the fact
that the edge-energy is only a term in the whole energy functional.

Finally, the termination-energy is useful in finding terminations of line
segments and corners. A line segment may appear to terminate either because another
line or edge (probably from another object) occludes it, or because it changes
direction, forming a corner [22]. In either case, line terminations correspond to
important features of a target shape; therefore it is sometimes useful to detect them.
The termination term is computed in a slightly smoothed version of the image,

C(x,y)=G, (x,y)*I(x,y). Smoothing is used to reduce the image noise; noise could
be misleading, for example, in cases where it degrades a line segment, making it
appear like two distinct lines. If we denote by 6 = tan_l(Cy/ C.) the gradient angle
and by n=(cosf,sinf) and n, =(-siné,cosd) the unit vectors along and

perpendicular to the gradient direction respectively, then we have:
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_do
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The significance of the termination-term could be shown through the
following example. Figure 2.4, shows a “subjective” triangle occluding two lines and
three circles. If a snake were initialized into this “invisible” triangle, it would
probably manage to converge to its subjective contour. Due to the combination of

E and E

edge term >

some snaxels would be attracted to the existing edges, line-

terminations and corners, while the internal energy would smooth the snake, allowing

to the rest of the snaxels to rest on the subjective edges of the triangle.

"~
¢

Figure 2.4: A subjective contour [22].

2.2.3 External constraint energy

Kass et al. created a user-interface for snakes on a Symbolics Lisp Machine (Figure
2.5), in order to examine the results of exerting interactively constraint forces to a
snake. The user was able to “push” a snake near a feature of interest, letting the rest of
the energy terms to continue the snake’s movement. Furthermore, the user was able to

attach a spring to a snaxel and hence constraint its movement. The other side of the
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spring could be free, so that the user could drug it around (using the mouse). It could
also be connected to a fixed position in the image or to another snaxel.

Another external constraint force proposed in the original model is a repulsion

force of the formi2 , also controllable by the mouse. Due to numerical instability near
r

r= O(L2 — o when r»—0), this energy functional is clipped near zero and that is
r

why the resulting potential is depicted as a volcano (Figure 2.5).
The computation of the constraint energy term is not fully documented in the

original model. It is stated, for example, that a spring connecting two snaxels x, and

x, would cause the addition of the term —k(x, —x,)’ to the external constraint energy

(where £ is the spring constant); there is no reference though to the case of a spring
dragged around by the mouse. In fact, it is difficult, if not impossible to model such

an interaction as an energy term. However, the original model includes E,, in the

total snake energy.

Figure 2.5: The Snake Pit user-interface. Snakes are shown in black, springs and the volcano

in white [21].
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An example of applying external constraint forces to a snake is shown in
figure 2.6 [22]. A snake has relaxed on a contour including two different objects (1).
This fact is undesirable, so the user pushes a snaxel towards the desired target (2).
Due to the internal forces of the snake, the neighbours of the above snaxel are moving
along with it (3,4,5). The snake finally fits on the desired target, influenced by the

other terms as well (6).

(4) (5] (B6)

Figure 2.6: User-interacted movement of a snake. Solid lines denote the snake and dashed-

lines denote snaxels’ movement [22].

2.2.4 Energy minimization

As mentioned before, both image forces and constraint forces are external, therefore

the sum of their corresponding energies can be written as £, , =E, +E_ . Hence

image con

equation (2.1) becomes:

E}ge = [ (B, (V(9)) + E, (V(5)ds
’ (2.8)

= _[( (@($) [V ()" +B() [V, () [") + E,,, (v(5)))ds

N | —
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Assuming constant weights a(s)=a and fS(s)= f, the above equation gives two

independent Euler-Lagrange equations:

0’x o'x N oE,,

- + 0 2.9
“ Os® P os* ox 29)
o’y o'y OE
—-a + -|- ext = 0 2.10
Os* P Os* ox ( )

When «a(s) and S(s) are not constant, it is simpler to use a discrete form of

equation (2.8):
E:nake = Z (Eint (l) + Eext (l)) (2 1 1)
i=1

where 7 is the number of the control points. Approximating the derivatives with finite

differences and using vector notation V, =(x,,y,) = (x(ih), y(ih)) , the internal energy

1S written as:
E,()=a,|V, =V [" /20> + B, |V, =2V, +V,, [ / 2} (2.12)

where v, =V, and v, , =V, (in a closed snake) and h is the distance between

subsequent snaxels (it can be included in the values of a and f and disappear from the

equation). Let f (i))=0E,, /ox, and f (i)=0FE,,/0y,;, where the derivatives are

approximated by finite differences if they cannot be computed analytically. Then the

corresponding Euler equation is:

o, (V; =Vi) =, (Vi
:Bi—l [Vi—2 - 2Vi—1 +V, 1-
2BV, =2V, +Vv, ]+ (2.13)
:Bm [Vi - 2Vi+1 + Vi+2] +

(£, (D, £,(0)=0

_Vi)+

21



Snakes: active contour models

This equation can be written in matrix form as:

Ax+ f (X,y)=0 (2.14)
Ay+ f (x,y)=0 (2.15)
where A is a nxn pentadiagonal banded matrix. If @ and f are constant, then
[20+68 —a-48 B 0 0 B —a-4p
—a-4B 2a+6B -a-45 B 0 0 B
B —a-4B 2a+6B -a-4B8 S 0 0
0 p -a-4f 2a+6f —-a-4p p 0 0
A= : . :
0 0 B —a-4B 2a+68 —-a-4B8 B
B 0 0 B —a-48 20+68 -a-4p
| —a—4p i 0 0 g —a—-4f3 2a+6p |

A similar form is used when a and f are variable for each snaxel.

In order to solve the above equations, the snake is made dynamic by treating

X and y as functions of time. Then the right-hand sides of these equations are set

equal to the product of a step size, y, and the negative time derivatives of the left-

hand sides:
Axt + fx(Xt—D yt—l) = —]/(Xt - Xz—l)

Ayt + fy(xt_la yt—l) = _7(yt - yt—])
We can now solve for position vectors iteratively:

X, = (A+7I )_1(7xt—1 - fx(xt—la yt—l))

yt = (A+7I)_l(7yt—l - fy(xt—l’ yt—l))

(2.16)
2.17)

(2.18)

(2.19)

The matrix (A+y1) is also a pentadiagonal and banded matrix, so it can be inversed

by LU decompositions in O(n) time. When the snake reaches its equilibrium, the time

derivative vanishes and the above equations come to solution.
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2.2.5 Advantages and disadvantages

It was shown that snakes are active contour models with the ability to handle many
different visual problems in a unified way. This is mainly due to the fact that snakes
are based on the minimization of a modular energy; many different energy terms may
be added to the total energy functional, according to the specific application. For
example, if we want the snake to be attracted to areas of high green colouring, we can
simply add an appropriate term that has small values in “high-green” pixels.

Another advantage of the snake model, as it was proposed by Kass et al., is
that it allows the user to contribute to the snake movement. The user can place one or
more snakes near target objects and interfere to their movement if needed. Thus a
more efficient detection can be achieved.

Nevertheless, the ability of user-interaction could also be regarded as
disadvantage. The original intention might be a user-guided model, however there are
many applications that require unaided visual systems.

Even in the case though that the external constraint forces are tolerable, it is
necessary to be able to model them in a functional. Moreover, they also have to be
differentiable, due to the variatonal approach to energy-minimization. The same
condition stands for the image forces too.

Furthermore, there is no clear way to define the weights and hence the relative
importance of the energy terms. A bad adjusting could result, for example, in a snake
that keeps contracting (or expanding) even after “finding” the target.

The fact that the movement of a snaxel is proportional to the magnitude of the
internal energy could also create a problem. For example, if a snaxel has large elastic
energy, it will jump to its new position and overrun an edge that may lie in between.

Finally, the energy-minimization process is rather slow. This makes difficult

the real-time implementation of the model in the case of tracking.

2.3 A dynamic programming approach

The problems related to the variational approach of the original model created the
necessity of finding new methods for energy minimization. Amini et al. proposed a

discrete multistage-decision process, using dynamic programming [25]. This approach
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concerns only the minimization task; the snake energy to be minimized is still given

by equation (2.8):

By, = [ (B, 06+ B, (V) = [ (@) V() F +5(5) [V, () F) + . )ds

2.3.1 Energy minimization

The discrete form of the above equation can be written as:

Es*nake = (%(az |Vi _Vi—l |2 +ﬂi |Vi—1 _2Vi +Vi+1 |2)+Eext(vi)j (220)

i=l1

The minimization problem can be solved through a discrete multistage-decision
process: starting from the initial snaxel on the contour, at each one of a finite set of
stages (i;,1,,...,1,) (that correspond to the n control points), a decision has to be made
from a finite set of possible decisions.

We can start with the comprehension of the problem, making an assumption
for the shake of simplicity; if we assume that the snake energy does not include the
bending-energy (the second term of equation (2.20)) then the minimization problem

can be resembled to the minimization of a function like the following:
E(u,u,,...u)=E@u,u)+E,(u,u,)+..+E_(u, ,u,) (2.21)

where each variable is allowed to take only one of m possible values. In a discrete
dynamic programming approach, every u; corresponds to the state variable in the ith

decision stage. The solution yields a sequence of functions of one variable (optimal

value functions), {s,};_,, where for obtaining each s,, a minimization is performed

over a single dimension. In the case of equation (2.21), s, is of the general form:
8 () = Hﬁ}in{skq (u)+E, (u,uy.,)} (2.22)
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For example, if n=5 in equation (2.21), then (2.22) gives:

s, (uy) = Hll,in E (u,,u,)
1

s, (uy) = minds, (u,) + E, (u,,u;) }
" (2.23)
s5(uy) = minds, (uy) + E; (us,u, )}

min E(u,, u,,uy,u,,us) = 5, (Us) = r%in{s3(u4)+E4(u4a”5)}
4

Uy .yl

In the same way, the equation (2.20) without the bending-energy term, gives a set of

equations of the following general form:
. a
St (Vi) = mvln{sk—l V) + 7k Ve =V, [P +E,, (V)} (2.24)

The process uses two matrices for storing the results of each stage. An energy-matrix

for the optimal value functions, s;, and a position-matrix for the values of v, that

minimize (2.24). After the formulation of the two matrices, the contour of minimum
energy is found by using the backward method of solution for discrete dynamic

programming problems: the energy of the resulting contour is £ . (f) =mins, (V,).
Vn

Going back in the position-matrix, the contour is found. This procedure corresponds

to a single iteration. The iterative process continues until £ . (¢) stops changing with
time. Supposing n control points and m possible directions (decisions) for each point,
the time complexity is O(nm’) for each iteration and the storage requirements are
nXxXm.

An important advantage of this algorithm is that it allows the enforcement of
hard constraints to the solution (they are called “hard” because they cannot be
violated). An example of such a constraint is a condition that demands that two
adjacent snaxels cannot come closer to each other than a distance d (inequality
constraint). In this case, the distance between adjacent points is also computed during

the process; if a point v, minimizes the function s,(Vv,,,), but does not satisfy the

constraint, it is rejected and substituted by the next best point that satisfies the

condition. If there is no such a point, the algorithm terminates.
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Having the simple case (where the bending-energy is missing) in mind, we can
proceed to the solution of the overall energy of equation (2.20). Now, a two-element

vector of state variables, (v,,,,V,), is fixed and the general case of the optimal value

function is:

. a 5
S (Vs V) = rglm{skq (Vkﬂvk—1)+7k Ve =V, |+
k-1

(2.25)
% ‘ Via _2Vk Vi ‘2 +Eext (Vk)}

In this case, the dynamic programming table has m’ entries for each stage; these

correspond to the m’ possible two-element vectors of state variables. Thus, the time

complexity increases to O(nm’) and the memory requirements become nx m?>. Since
there is no interaction between the m’ entries of each stage, their energy values could
be computed in parallel. This would require m’ processors but would reduce

complexity to O(n).

2.3.2 Advantages and disadvantages

The above “time-delayed” discrete dynamic programming algorithm has a significant
advantage over the previous variational approach: there is no need of computing high-
order derivatives. The only ones required are the first-order and second-order
derivatives of the internal energy and the gradient in the image energy functional.
This fact implies numerical stability. Furthermore, the external forces don’t have to be
differentiable.

Continuing the comparison, we can note that the Amini’s method works
directly on the discrete grid, whereas the original model computes new point
coordinates as real numbers. The latter allows points to fall between the discrete
coordinates.

Moreover, the dynamic programming approach allows hard constraints to be
easily included in the model. When these constraints are violated, the algorithm stops,

so they can be used in order to prevent undesirable situations.
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On the other hand, the computational cost of the algorithm is very high. Given
a snake of n control points and a window of m possible positions, the complexity is
O(nm’ ) in time and O(nm’ ) in memory requirements.

Finally, some drawbacks of Kass’s model still exist. There is no guideline at
all for the evaluation of the energy weights. Furthermore, the elasticity energy is
prone, due to its formulation, to make the snake shrink (or expand) continuously, as it

minimizes (or maximizes) the distance of adjacent snaxels.

2.4 “Fast snake” — a greedy approach

Williams and Shah introduced a similar (to the dynamic-programming algorithm)
approach [26], in the sense that the new positions of the control points are sought into
a window around them. During each iteration of the algorithm, each snaxel moves to
that position of its neighborhood (window), which minimizes its energy level. Unlike
the previous methods, the snaxels move asynchronously, i.e. the movement of each
snaxel takes place during the iteration rather at the end of it, affecting, in this way, the
movement of the following snaxels. Despite being greedy, the proposed algorithm
ensures faster convergence than the dynamic-programming approach, while in the
same time, preserves the advantages of numerical stability and inclusion of hard
constraint. The energy-model does not include terms due to external constrained
forces (although it would be able to do so) and the basic snake energy is now written

as:

*
E snake =

(E,,(V(s) + E,, (V(s)))ds
(2.26)

O — — O e —

(a(s)E,,, (V(5)) + B(S)E,,, (V(s)) + 7 ($)E,, .. (V(5)))ds

where a(s), f(s) and y(s) are weights that control the relative influence of each

term. Thus, their relative rather than absolute values are important.
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2.4.1 Internal energy

The first two terms of equation (2.26) form the internal energy of the snake and they
correspond to the elastic and bending energy of the original model respectively.
The first-order term in the integrand of (2.8), i.e. the elastic energy, which in

discrete form is written as |v, —Vv,_, |, has a serious drawback. As mentioned before,

the minimization of this term is equivalent to the minimization of the distance
between subsequent snaxels, causing the snake to shrink consecutively. This is getting
even worse in the greedy approach, as the movement is asynchronous and is based on
local decisions.

In this model, the above term, which is called here “the continuity energy”, is

made to include the average distance,d, between the adjacent control points. For

each snaxel v, we have:
Econt (Vz) = g_ | Vi _Vi—l | (227)

This equation still satisfies the desirable first-order continuity of the curve but in the
same time ensures that the adjacent snaxles are almost equidistant. The average
distance, d , is updated at the end of each iteration and is affected by the overall
movement of the snake due to the minimization of the total energy (equation (2.26)).
Thus, depending on the value of d , the snake can still expand or contract, but in a
more controllable way, preventing the bunching-up on strong segments of the
contour.

The second term of equation (2.26) corresponds to the second-order term in
the integrand of equation (2.8) and is actually a measure of the curvature of the

contour (in this model it is called “the curvature energy”, E.,). The mathematical

. . do ) .. )
definition of curvature is —, where @ is the angle between the positive x-axis and
s

the tangent vector to the curve.
There are many different ways to approximate the curvature of a discrete
contour [26]. The greedy snake model uses the square of the difference of the vectors

U =V, =V )= —x_,y,—y) and U, =V, =V,)=(x, =%, —¥,), where v,
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is the snaxel under consideration and v, | and Vv,,, are the preceding and following

snaxels respectively. Thus, the curvature energy is written:
E., (Vi) =] l:IiJrl - Ui |2:| Vi =2V, 4V, |2 (2.28)

This is a reasonable and quick measure of curvature. Note that it takes into account,
not only the difference in the directions of the two vectors, but also the difference in
length. Thus, if the above three snaxels are not evenly spaced, the curvature will be
larger.

Another approach, which eliminates this last feature, uses the difference of the

normalized vectors:

o2
u[+1 ui

- (2.29)
U, | 4

curv(V,) =

The length of curv(v,) is given by 2sin(8/2), where € is the difference between the

directions of the two vectors (Figure 2.7). Now the curvature depends only on this

difference, but its computation is slower than the one used in (2.28).

Figure 2.7: Difference in direction of two vectors (€ €[0,7]).

For every snaxel, both £ and E.,., are computed for every possible position

cont
in the neighborhood of this snaxel and then the values are normalized to [0, 1] by
dividing by the largest respective value in the neighbourhood. This normalization is
made so that the range of both terms of the internal energy is the same. In this way,

the relative importance of the two terms is absolutely defined by the ratio of a and f.
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The polarity of these weights has the same significance as in section 2.2.1. Their

magnitude though affects the gravity of each term but not the rate of movement.

2.4.2 Image energy

Unlike the original snake model, the image energy of the greedy snake consists of
only one term: the magnitude of the gradient of the image. For the computation of the
gradient any appropriate mask and smoothing filter can be used.

The value of image energy must also be normalized to [0, 1] in consistency
with the terms of internal energy. The magnitude of the gradient is an integer value
between 0 and 255. The normalization of this value by dividing by 255 or by the
largest value in the neighbourhood isn’t very accurate. If, for example, the largest
value in the neighborhood is 240 and another position has a gradient of 225, the
division with 240 will give 1 and 0.94 respectively, which doesn’t reflect the exact
(quite large) difference between 240 and 225. The model uses a more efficient

normalization formula:

- Pimage (Vi )

! __ " image_min
P[mage (Vl) -

image_max image_min

(2.30)

where P, ..(v,)) is the real value of the gradient magnitude, £, (V) is the

P are the minimum and maximum values of

image_max

normalized value and P,

image_min >
gradient magnitude in the neighborhood. In the above case, supposing a minimum
value of 140, this formula will give -1 and -0.85 respectively. Note that equation
(2.30) yields a negative image energy, which has smaller values in larger values of
gradient, exactly as in the original model. Furthermore, the algorithm sets min equal
to max-5 when max—min <5 . This prevents large differences when close values of
gradient are normalized. For example, for three subsequent values 50, 51 and 52 (in a
supposed neighbourhood of three positions), the direct application of (2.31) will give
0, -0.5 and —1 respectively, i.e. quite large differences; if we set min =max—-5=47,
we will get —0.6, -0.8 and —1 respectively, i.e. smaller differences.

Finally, the weighting coefficient y in equation (2.26) has a behaviour similar

to that of weights a and . The ratio of a, f and y defines the gravity of each term in

30



Snakes: active contour models

the overall energy. Usually y is set larger than the other weights. Setting y equal to 0

results in a snake not affected by the image forces.

2.4.3 Energy minimization

The minimization of the snake energy is performed locally and asynchronously. At
each iteration of the algorithm, starting from the first snaxel, a square neighbourhood,
which has this snaxel as center, is considered (Figure 2.8). The three energy terms are
computed and normalized for every possible position in this neighbourhood. The
normalized values are then multiplied by the respective weights and the addition of
the results gives the total energy for each position. The position with the lower overall
energy is found and the snaxel is moved there. This process goes on for each
subsequent control point. As the computation of the internal energy takes into account
also the preceding and following snaxels, we have to note that in closed snakes (the

usual case) v, =V, and v, =V,, where n is the number of snaxels (modulo » index

arithmetic). The first snaxel is reexamined at the end, in order to take into account the

movement of the last snaxel.

.%T

Figure 2.8: Snaxel V, is moving to that position of its neighbourhood that minimizes its total

energy. The new contour segment is in red.

At the end of each iteration the algorithm includes a significant and rather

simple method for choosing an appropriate value of g, for each snaxel v, in the next

iteration step. Firstly, the curvature of the new snaxels is computed using equation

(2.29). As mentioned before, this measure of curvature is computationally slow, but
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it’s only used » times at each iteration. Furthermore, this measure offers an easy way
to define a meaningful threshold for the size of curvature, as its length is given by

2sin(@/2). A good choice for this threshold is 0.25, which corresponds

approximately to 29°. If the curvature of a control point is greater than this threshold
and greater than the curvature of the points before and after it in the contour, and
moreover, if the gradient of the point is above a gradient-threshold (i.e. on a strong
edge), then S is set equal to 0, for the specific control point, in the next iteration. This
allows the snake to form a corner at that point in the next iteration, by eliminating
from the overall energy the curvature term, which is expected to be large. This
process is repeated at the end of the next iteration and if the above conditions aren’t
satisfied, f gets back its initial value. The overall algorithm terminates when the
number of the control points moved during an iteration is smaller than a threshold. A

summary of the algorithm is given below in pseudo-code:

Initialize o;, B; and vy; for all i
do

//'loop for moving the snaxels to new locations

fori=1ton+l // where V,,, =V, . The first snaxel is first and last one processed

n+l
Enin = BIG
forj=1tom // mis the size of neighbourhood

Ej = aiEcont,j + BiEcurv,j + YiEimage,j

if Ej < Epin then
Emin = Ej
jmin = J
end

end
if jmin NOt current location then

move snaxel v; to location jy,

ptsmoved + =1 // count points moved
end

end
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// decision for the value of f3

fori=1ton
¢ = Uy /Uy | =0, /] G; |
i i+1 i+1 i i
end

fori=1ton

if ¢; > ¢;.; and ¢; > ci4g // if curvature is greater than neighbours
and c; > threshold1 // and curvature is greater than threshold1
and mag(v;) > threshold2 // and magnitude is above threshold

then
p=0

end

end

until ptsmoved < threshold3

2.4.3 Advantages and disadvatages

The greedy snake retains all the advantages of both the original model and the
dynamic programming approach. The modular energy function allows the usage of
any helpful term (differentiable or not), including hard constraints and even user-
guided constraints. The greedy snake model though can work efficiently without the
influence of constraint forces coming from the user and this makes it more suitable for
unaided visual systems. Furthermore, like the dynamic programming approach, it
doesn’t require the computation of high-order derivatives, operates on the discrete
grid and avoids overruning phenomena due to its window searching strategy.
Additionally, the greedy model makes easier the decision for the appropriate
values of the weights o, f and y. Only a zero weight is important as absolute value,
since it eliminates the corresponding term in the energy functional. In all other cases,
only the ratio of the parameters is important as it defines the gravity of each term.
Two different sets of coefficients with the same ratio, for example,

2;=0.7,5=05y,=1 and «,=14,8=1y,=2 will have the same effect on the
movement of snaxel v,. In the original model though, the second set would move the

snaxel to a different position than the first set would. Moreover, the greedy algorithm
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implements a simple but efficient method for getting a variable . This is very useful
for handling in a unified way target shapes that have both corners and smooth areas.

Another advantage over the other two approaches comes from the different
formulation of the continuity energy. The contraction/expansion of the snake due to
this energy is more controllable and it leads to a contour with almost equidistant
control points.

It is important that all the above advantages are achieved by an algorithm that
is fast, in spite of its greedy character. The complexity in time is O(nm), much faster
than the O(nm’) of dynamic-programming approach, where 7 is the number of control
points and m is the size of the neighbourhood. Moreover the memory requirements are
only O(m), as the snaxels are moving asynchronously.

Unfortunately, the greedy algorithm doesn’t solve some generic problems of
snakes. The most important of them, the sensitivity in the original contour and the

handling of concave contours, will be examined in detail in the following chapter.
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Chapter 3: Two major problems of the basic snake
algorithm

3.1 Introduction

After the general definition of the snake model and the examination of the three basic
approaches to energy formulation and minimization, a closer look at the effectiveness
of snakes must be taken. There are two basic problems that exist in all these
approaches: sensitivity to the position and shape of the original contour, and disability
of coping with concavities. The first problem may be due to the lack of desirable
features (e.g. edges) or the existence of misleading features between the initial and the
target contour. The second one is caused by the lack or weakness of forces that could
push the snake towards concave areas.

The two problems may become clearer through the following simple example
(Figure 3.1). The target is a line-drawing of a U-shaped object on a smooth
background (1). Note the boundary concavity on the top. The potential external force

field that corresponds to an external energy of the form —V(G, (x,y)*(x,y)), where
G, is a Gaussian of standard deviation o and o =1, is shown in (2). A close-up of

this field at the concave area is taken in (3). Finally, the subsequent curves of the
snake towards the final contour are superimposed on the original image (4). In (2) we
can see that the external forces die out quite rapidly far away from the target
boundary; if an initial contour is placed far from the target, it is unlikely to converge
under the lack of image forces. A greater value of o would increase the capture range
but it would also lead to a deformation of the shape (blurring). But even if the contour
is initialized into the capture range, it won’t be able to converge accurately to the
concave part, as shown in (4). An explanation can be found by observing the close-up
in (3): within the concave region, the forces point towards the sides of the concavity
rather than towards the bottom of it. Hence, only an initial contour that is close
enough to the target in both position and shape (i.e. having points within the concavity

as well) can result in a more accurate fit. This is very restrictive though.
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Figure 3.1: An inappropriate force field can lead to a poor convergence [27].

Many methods have been proposed for the solution of the above problems and
the most of them were developed in the variational framework. The computational
cost of the dynamic programming approach has limited the research for solutions that
use dynamic programming. Therefore, in this chapter, we will see some methods
proposed in the variational framework, and we will examine an interesting proposal,
applied on the greedy snake model. This will serve as an introduction to the
implementation details of the snake model of the current thesis, in the following

chapter.
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3.2 Variational approach framework

Most of the proposed solutions were developed in the variational framework. Some of
them are outlined in this section.

Cohen [28] copes with the first problem by introducing a ‘balloon model’,
where inflation/deflation normal forces push/pull constantly the snake towards the

target object. These forces have the form F :klﬁ(s)—k%(v(s)), where fi(s) is the

unit vector normal to the curve at point v(s), k is the amplitude of the force, k is a
constant, slightly larger than k; so that an edge point can stop the inflation force, and
P=—|VI|*. In an extended version of the model [29], a Euclidean (or Chamfer) map

is used to increase the capture range of the snake (Figure 3.2), as referenced in [27].

This model though doesn’t solve the problem of fitting to concave shapes.
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Figure 3.2: The capture range is improved (a), but the potential forces into the region of

concavity (b), still cannot guide the snake to the bottom of it (c) [27].

Other similar approaches add to the snake model constant forces in the normal
direction of the snake, as noted in [30]. Xu et al. [31] uses such a force to help the
evolution of the snake towards the target object, after suppressing its internal
resistance in the normal direction. Berger [32] constructs a “wrapping” force in an
open snake model in order to make the snake move towards the target after “locally
growing” from a given starting point. However, all these forces are constant normal

forces that depend only on the particular geometric property of a snake, i.e. either its
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delimited area or its distance to the target contour. Hence, they may be too weak to
reach the target or too strong, resulting in edge-overruns.

Wong et al. [33] proposes a “blown” force, which is also dependent on the
specific geometric property, but both its amplitude and direction are determined
adaptively. In this model, a first estimation of the target contour is found using the
original snake model and then this estimation is corrected through a split-and-merge
process. During the split process, the estimated contour is divided into two types of
segments: these that are regarded to be located on the target boundary and those that
are regarded to be far from it and need further movement. Each of the segments of the
second type forms an open snake with fixed end-points, and an additional force is
applied to this open snake, in order to further push it towards the target boundary. The
direction of the force is determined by comparing the local regions on both sides of
the segment; the force has to point towards the region with the greater image energy.
The amplitude of the force is designated through a scaling function in a way that it is
maximum at the mid-point of the segment and decreases gradually on both sides,
resulting to be zero at the fixed end-points. When the split process is completed, old
and new segments are re-connected in a merge process. The new contour is examined
again and the split-and-merge process is repeated, if needed. The whole method has
encouraging results but also some drawbacks. For example, the split-and-merge
process is quite complex and the determination of the direction of the force is not
always accurate.

Xu and Prince [27] introduce a model that replaces the original image force by
a new type of external force field, which is called the “gradient vector flow” (GVF)

field v(x,y)=(u(x,y),0v(x,y)). This field is defined by minimizing the energy functional:
gzjjy(uxz vu2 402 40,2+ |V PIV-Vf P dvdy (3.1)

In the above integrand, u is a regularization parameter governing the trade-off

between the two terms, u,,u,,v,,v, are the partial derivatives of u and v, and f'is any

x> %y Yy
possible edge map that has large values near the edges. In almost homogenous regions
of the original image, where the image intensity is almost constant, the gradient of

edge map, V/', has small values and the energy in (3.1) is dominated by the sum of the
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squares of the partial derivatives of the vector field (first term). This yields a slowly
varying, non-zero field in smooth areas of the image. On the other hand, in regions of
strong edges, Vf has large values and the energy, ¢, is minimized by setting v=Vy .
These two cases lead together to an increment of the capture range. Furthermore, from

the Euler equations derived from (3.1),

WV u—(u= f)(f2+f,)=0 (3.2)

HVP o= (0= S+ 1,)=0 (3.3)

we can see that, in homogenous regions (where the partial derivatives of the edge

map, f,,f,, are zero), u and v are both determined by Laplace’s equation. As

referenced in [27], the result is that the GVF field is interpolated from the region’s
boundary, reflecting a kind of competition among the boundary vectors, and yielding

vectors that can point to boundary concavities (Figure 3.3).
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Figure 3.3: (a) Convergence of a snake using GVF external forces. (b) The potential force

field. (c) A close-up of (b) within the boundary concavity [27].
The resulting potential field seems quite functional in the above figure but in real

cases, where many objects and noise are present, it can be really misleading.

Furthermore the computation of the GVF field is very time-consuming.
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3.3 Greedy snake framework: Attractable snakes

L. Ji and H. Yan [30] proposed a snake model, based on the greedy algorithm, with
promising results in handling both of the known problems. The core of the model is a
direct feedback mechanism, which introduces an additional adaptive force. This force
manages to move the snake to the target when the other (internal and external) forces
seem inadequate. The proposed model also includes an efficient edge detector for the
computation of the potential external energy field, a composite convergence criterion
for the minimization process, and an adaptive interpolation scheme that increases the

flexibility of the snake contour.

3.3.1 Energy formulation

The attractable snake model is based on the greedy algorithm. The energy to be

minimized is given, for a discrete contour, by the equation:
Eouate W) = Y[ @D (V) + B Ery (V) + Y () Epge V) = L35 )V P VNG | (3.4)
i=1

The three first terms in the above sum constitute the energy functional of the original

greedy snake model. E,,,,,E,,, and E,, . are computed and normalized as mentioned

cont >~ curv image

in the previous chapter. The new term implements the feedback mechanism, where

VP, 18 the difference in the potential energy of a desired image feature (e.g. edge)

between the target and the snake, f,, is a weight that controls the gain of the feedback
mechanism, and n(i) is the projection of the normal direction of the snake at a snaxel.

By determining the orientation of the normal direction, we can make the snake either

contract or expand. The value of VP, is computed and normalized as follows:

8
Pmax - zPﬁeld (Vi,_j)/g
j=1 .
VPﬁeld (Vi) = 4 P » lfpﬁeld (Vi,O) < Plevel (35)

max

0 > ifpﬁeld (Vi,O) = Plevel
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where P, is the potential energy field and P, and P are its maximum and

threshold values respectively. In [30] it is implied that the potential field may result
from a pre-processing stage or prior knowledge in order to include information about
the desired image feature (e.g. edges) of only the target object. When such a prior
knowledge is not possible the potential field involves the available image. For

example, the attractable snake model in [30] uses as Pg,,, the magnitude of the

intensity gradient of the entire image. Furthermore, it proposes an edge detector

scheme for the computation of this gradient (see next section for details). In the above

equation we assume a 3x3 neighbourhood, where v, =v,, and {v,., =1 2,...,8} are the

eight neighbours of v;.

A closer look at equation (3.5) reveals the functionality of the feedback
mechanism and the adaptive character of the ‘force’ that this mechanism introduces.
When a given snaxel is far away from the target object, the potential field has a small
value at this point, smaller than the threshold Pj.,.;. The potential field is also small

(approaching to zero) at the eight neighbours of the snaxel. Hence, VP, approaches

to its maximum value, which, in combination with the negative sign of the feedback
term (eq. 3.4), gives a maximum push along the normal direction of the snake at the
given snaxel (Figure 3.4a and 3.4b). As the snaxel gets closer to the target contour, its
neighbourhood starts to include some desired features (e.g. edges) and so the sum in

equation (3.5) gets larger values. This leads to smaller values of VP, and
consequently to a reduction of the push (Figure 3.4c). Finally, when the P;,, on the

snaxel position is greater than Pj,,.; (i.e. when the snaxel is very close or on the target

contour), VP;,, is zero and there is no push at all. In general, we can say that both the

image and the feedback term are based on the potential image energy (edges); the
difference is that the image term uses only this potential energy, whereas the feedback
term uses the difference in potential energy between the snake and the desired target
contour, and combines this difference with a geometrical property of the snake, that is

the normal direction of the snake at a snake point.
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Figure 3.4: Movement of a snake under the control of the feedback mechanism [30].

3.3.2 Potential field: edge image

The potential field of an image is determined by the image feature that is responsible
to attract the snake to the target object. In the case where this feature is the object
boundary (the case in this thesis), the potential field is actually an edge image. An
effective edge image requires both good edge-detection and noise suppression. The
attractable snake model proposes a new edge detector, which seems to be more
efficient than the usual edge detectors [30].

In the Canny detector, the gradient is calculated using the derivative of the
intensity or the derivative of a Gaussian filter, and the result is smoothened via two
1D Gaussian filters. The method uses then two thresholds, to detect strong and weak
edges, and recognizes weak edges only if they are connected to strong edges. The
detector is good at noise suppression but not at the weak edge identification.
Furthermore, it gives a one-pixel-strength response to a step edge, which can lead to
overrunning problems.

The Sobel detector uses two separable filters in order to detect edges in x and

y directions:

S =D -4 =[-101]"-[121
c=D,-4, = 1 -[21] (3.6)
Sy:AX~Dy:[l21]T-[—101]

where D, and D, are the 1D simple difference operators and A, and 4, are the inherent
average smoothers of the Sobel detector, applied in the orthogonal direction. The

detector can give a two or three-pixel response to a step edge but is not so good at
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noise suppression. Noise can be reduced by using a 2D Gaussian smoother before or
after the Sobel detector, but this will also lead to image blurring.

The proposed edge detector is actually a combination of the above schemes.
The two separate filters of (3.6) are first applied on the image, giving /mgS, and ImgsS,

respectively. Then, a 2D Gaussian filter splits into two directions x and y:

Gx _ 1 efx2/202
2;“’ (3.7)
G = efy2 /207
d N27mo

and the two smoothers are applied on the orthogonal directions of /mgS, and Imgs,.

Hence the intensity gradient is:

|VI |= \/(Imng ®G,)’ +(G, ®ImgS,)* ~|ImgS, ®G, |+|G, ®ImgS, | (3.8)

Noise can be further suppressed using a threshold:
Bevel = Tg(| V[ |]TlaX - ‘ V[ |mm )+ | VI |mm (3'9)

where |VI|,, and |VI|,, are the maximum and minimum values of gradient

respectively and 7, controls the trade-off between noise suppression (larger values of
T,) and identification of weak edges (smaller values of T;). A value between 0.1 and
0.4 is good for coping with both cases. Note that Py, as defined in (3.9), is also used
in equation (3.5) for deciding whether a snaxel is close to the target contour or not.
The proposed scheme is claimed [30] to achieve larger edge strength over two
or three pixels, greater noise suppression and better identification of weak edges than
the Canny edge detector. An example is shown in figure 3.5. Furthermore, the
blurring effects from the scale factor of the Gaussian filter are much less intense

(Figure 3.6).
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Figure 3.5: The proposed edge detector: (a) original intensity image and (b) edge image
(6=1.0, T, =0.2, Pjpe; = 46.6).

Figure 3.6: The proposed edge detector with 0 =2.0 (T; = 0.2, Pjeye; = 40.2).

3.3.3 Convergence criterion

As mentioned in the previous chapter, the original greedy snake model uses a quite
simple convergence criterion. The algorithm terminates when the number of points
moved in a single iteration becomes smaller than a predefined threshold (a small non-
zero value). The attractable snake model proposes a compound-parameter criterion,
which is based, apart from the number of the moved points, on two additional
parameters: the snake contour length and the snake potential energy.

By intuition, as the snake approaches its equilibrium, it tends to be static (i.e.

the number of points that have been moved tends to be zero), the contour length stops
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changing and the overall image energy of the snake tends to remain constant and
large. Therefore, the proposed criterion needs to compute the variation of these
parameters during the snake movement, i.e. the standard deviation of the parameters
within a number of successive iterations of the algorithm. This number is given by a
step size, Tgep (in [30] a value around 10 is claimed to be a good value for 7,). The

criterion is shown in the block diagram of the following figure:
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Figure 3.7: A compound-parameter convergence criterion [30].

ni

This criterion also allows us to choose between a convergence to a subjective contour
and a convergence to a concave/convex contour (Figure 3.8). When the snake is far
away from the target, its image energy is very small and starts to increase as the snake
approaches to the target. If the variation of the snake image energy is not negligible
then the variation of the other two parameters is being checked; note that the number
of maximum acceptable iterations of the algorithm is also added as a final condition.
On the contrary, if the image energy is almost constant, then the snake is likely to lie
on a subjective contour. [30] mentions that, based on the human visual perception, a

snake with overall image energy, £,,..(V), equal or greater than a threshold 7,,, which

iamge
is equal to the 60% of the maximum possible image energy of the snake

(T,=0.6F (")), 1s likely to lie on a subjective contour. Due to the normalization

image,,,

of the image energy to [0,1], we can say that 7, (V)zz;/(i), where n is the

image,,
i=1
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number of points of the snake V' and y is the weighting coefficient of the image

energy. So if (¥)>T, and furthermore we have predefined that we’re interested

Pz!mage
in a subjective contour, the algorithm terminates (convergence). Otherwise, the check

moves on to the other parameters, as before.

. Imtal Contour

Subjective
Contour

Interim Clontours

Figure 3.8: The convergence process of a snake [30].

3.3.4 Adaptive interpolation scheme

The attractable snake model uses a dynamic interpolation scheme for the
discretization of the snake contour. The snake can start from a simple initial contour,
consisted of a few snaxels, and during its deformation it can be re-sampled via a linear

interpolation. In particular, before each iteration step of the algorithm, the average

distance,g, of subsequent snaxels is examined against a desired distance 7, and if
it’s larger than T,,,, the contour is linearly interpolated. Every new snaxel retains the
parameter settings of the old snaxels, between which it is inserted. The fact that the
interpolation takes place at the beginning of each iteration step offers a dynamic way
to take into account the geometric property of the snake at each time, which is
expressed by d. The value of threshold T, wap 18 crucial: if we want a coarse
representation of the target contour or a snake that lies on a subjective contour then
T4qp should be rather large, whereas lower values of 7,,, are suitable for handling

more complex shapes.
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Chapter 4: Implementation details and results

4.1 Introduction

In this chapter we proceed to the implementation details of the tracker defined in
chapter 1. Firstly, having only a single image in mind, we propose a modified snake
model, which is based on the greedy algorithm and aims to achieve a tolerable
convergence to the target contour. Then, we examine the details of applying this
model to the whole process of tracking a target in a sequence of images, under the
given stipulations of our tracker.

The algorithm is tested on the two video streams shown in figures 4.1 and 4.2,
which, for now on, we shall call video A and video B respectively. Note that in the
first video, the people are moving perpendicular to the camera, whereas in the second,
the movement is in general parallel to the camera. Hence, video 4 gives postures with
larger concave areas due to the gait, as in frames 311 and 321 (Figure 4.1). On the
other hand, in video B, the movement takes place in a highly cluttered background,

with many misleading edges.

frame 311 frame 316 frame 321
Figure 4.1: Three frames of video A.
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frame 166 frame 176 frame 186

Figure 4.2: Three frames of video B.

4.2 The snake model

As mentioned in chapter 1, the initial contour is a rectangle around the target, defined
by the user-specified upper-left and lower-right corners. Starting from these two
points we get the rest of the initial snaxels by taking three equidistant points on each
of the smaller sides of the rectangle and five equidistant points on each of the larger
sides of it, concluding to 12 initial snaxels (Figure 4.3a). In figure 4.3b, it is depicted
the initial contour that comes up by connecting the subsequent points. A more natural
representation of the contour is given by a parametric curve interpolation (Figure

4.3c), where the parameter value t(i) for the point v, is chosen by Eugene Lee’s

centripetal scheme [34], i.e. as accumulated square root of chord length:

t(i)=2\’|vj+l_vj||2 4.1

Jj<i

(a) by ic]

Figure 4.3: Initial snaxels. The user-defined corners are shown in green (a). Two different

representations of the initial contour (b) and (¢).
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From figure 4.3 it is obvious that, even if the rectangle is chosen close to the
target, it’s not totally close in position (e.g. near the corners) and is definitely not
close in shape (especially near the concavity). Therefore, the two problems mentioned
in the previous chapter are still present. In the previous chapter we also saw that
“attractable snakes” [30] offer promising solutions to problems of this form. Here we
shall see that this algorithm generally has satisfying results, but in some cases there
are some problems with its application to the given test videos. That is why we shall
also examine a second solution, which is based on the original greedy snake model

but uses a scale-space continuation technique.

4.2.1 The “attractable snake” model

In [30] the attractable snake model is applied successfully on some concave/convex
objects and MR images. Here we try to apply this model on the above test images,
where the target object is human. Some points of this implementation, including some

modifications of the original algorithm, are given below:

» The edge image, used in the image energy term, is computed as mentioned in
the previous chapter, i.e. by a combination of the Sobel and Canny edge

detectors. Furthermore, it is thresholded, according to the equation (3.8):

Bevel = Tg(' VI |max - | Vi ‘min )+ ‘ vi |min

Having no prior information about the desired potential field, we can use as

Py the above edge image. In our case, we can take advantage of the

rectangle initial contour in order to seek for the maximum and minimum
values of gradient into this rectangle instead of the whole image. Of course
this can only be done at the first frame, where the initial contour is rectangle.

Some examples are shown in the following figures.
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(b)

Figure 4.4: Original image (a) and thresholded edge image (potential field) (b)
(T3=0.2, Pjoyes=36.2, Gaussian o = 1.0)
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(b)
Figure 4.5: Original image (a) and thresholded edge image (potential field) (b)

(T3=0.2, Pjeye = 48, Gaussian o = 1).
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» The interpolation scheme proposed in [30] states that a new point is
interpolated between each pair of snaxels at the beginning of each iteration
step, when the average distance of the snake points is above a threshold 7y,
However, another re-sampling scheme is suggested in [35], which seems to be
more adaptive. A new point is added in the middle of a snake segment defined
by two subsequent snaxels, if the length of this segment is larger than a
threshold /... In other words, the segment splits into two segments of equal
length and the number of snaxels increases by one (Figure 4.6a). On the other
hand, two subsequent snaxels that get closer than a threshold /,;, are replaced
by a single snaxel in the middle of the segment they define. Hence the
segment is removed and the number of snaxels decreases by one (Figure 4.6b).
At the beginning of each iteration of the snake algorithm, the re-sampling
process consists of the removal-step followed by the split-step. In order to
avoid an oscillatory behaviour, where segments are repeatedly removed and
reinserted, we have to choose carefully the ratio of /,,,x and /,;,. In general, the

condition /,, > 21/, must be satisfied. We can consider that the values of /4

and /,,;; both depend on another parameter: the approximate desired length of
the snake segments, /4, which has significance similar to that of Tg,.
Therefore, we can define only /s and let /,, and /,;, be proportional to the
desired length, in a way, of course, that they satisfy the above inequality. A

good choice is:

1

lmin :Eldes (42)
3
lmax :Eldes (43)

Such a choice actually means that the desired segment length can

approximately vary between %ldes and %lde‘s..
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Figure 4.6: The resampling steps: (a) split and (b) remove.

» In the previous chapter we saw that the compound-parameter convergence
criterion of the attractable snake model allows an option between a
convergence to a subjective contour and a convergence to a concave/convex
contour. In the edge image of Figure 4.4b, assuming that our target is the man
at the left of the image, we can consider as a subjective contour the one that
outlines the man without entering the area between the legs that is formed due
to the gait. Obviously, we would like a snake that would not stop at this
subjective contour but would move on to outline the present concavity. At the
same time though, the resemblance in the illumination between the left leg and
the background, in combination with the thresholding of the edge image, give
a rather false sense of subjective contour at this area. Hence, in general we
cannot decide whether we want the convergence process to stop on a
subjective contour or not. If we omit the part that refers to the subjective

contour, the proposed convergence criterion becomes:
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Figure 4.7: The new compound-parameter convergence criterion.
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The use of a step size in the above criterion imposes that the iterations of the
algorithm are multiple of this step size, even if the snake converges at an
earlier iteration as well. Therefore we can use a simpler convergence criterion
that examines at the beginning of each iteration only two parameters: the
number of the points moved in the previous iteration against a threshold, and
the number of the current iteration against a maximum number of iterations
(Figure 4.8). The threshold for the points’ movement, 7.4, sShould be a small
non-zero value, which should be dependent on the total number of snaxels and
should be updated after each re-sampling of the snake. A good choice for

Tmoved 18!

Tpovea =1/10+0 (4.4)

m

where 7 is the total number of snaxels and o is the scale factor of the Gaussian
smoother. As we will show later in this section, this convergence scheme has

almost the same results as the one of figure 4.7.
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Figure 4.8: A simpler convergence criterion.

» The energy terms are calculated and normalized as mentioned in the previous
chapter. The continuity, curvature and image terms are computed for each
position of the neighbourhood around a given snaxel. For the feedback term
though, the insertion of the normal direction in the computation of the term, is

not very clear in [30]. Here, the difference in the potential, VP is

calculated for the given snaxel as in equation (3.5):

8
Pmax - ZPﬁeld (Vi,j)/g
-1 .
VPa(V;) = ! P s Y Proa (Vi) < B

max

0 > lfpjield (Vi,O) = Plevel

where v, , =V, is the given snaxel and P, is the magnitude of the above
computed image gradient. This value of VP, , multiplied by -f,, is

assigned to that point of the neighbourhood of v,, which lies on the normal
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direction of the contour at v,. All the other points in the neighbourhood have

zero feedback energy. Thus, the additional push towards the target is given by
means of energy minimization, only at the contour normal direction. The
strength of the additional push depends on how far from the target the given
snaxel currently is. In particular, when the given snaxel is already on an edge

(or at least very close to an edge), its gradient magnitude is above B, and we

eve

have a zero push. In the opposite case, the further the snaxel is from the target,
the smaller is the sum of gradient magnitudes at the snaxel’s eight neighbours

and so the stronger is the push.

The normal vector of the snake at a given point is calculated as the
perpendicular vector to the tangent vector at that point. The tangent vector is

given by the following equation:

sin(@tl_ )

[
; {( )1 4.5)

where 6, is the angle between the tangent at the given point v; and the x-axis.

This angle can be basically calculated in three ways: using the backward

difference, the forward difference or the centered difference:

6, = tan~! izt (4.6)
' X =X
g, = tan™ Zivi=ti_ (4.7)
‘ Xisl =%
1 vy ViV
0, = (tan 1 YizYict ot Vi) (4.8)
b2 X; =X Xipl =X

The first two equations give tangent vectors that have the direction of the
contour (clockwise), as shown in figures 4.9a and 4.9b respectively. The
centered difference gives a more realistic calculation of the tangent vector, as
shown in Figure 4.9c, but the orientation does not always agree with the

contour direction, since it’s the average of the other two measures. In this
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work, we chose the third way of calculating the tangent vector, but we have to
check the orientation of the tangent against the direction of the contour. This
can be simply done by computing the dot products of the resulting tangent
vector from equation (4.8) and each of the resulting tangent vectors from
equations (4.6) and (4.7) (which always have the same orientation as the
contour). If any of these dot products is negative, then the proper angle is

6, =6, += . Once the correct angle is computed, the normal vector is:

[
= {COS( )1 (4.9)

sin(Hn,_ )

where 6, =6, —% is the angle between the normal vector and the x-axis. In

other words, the normal vector is the tangent vector rotated clockwise (i.e. at

the contour direction) by %

—= contour direction  —= tangent wvector —= normal wector

Figure 4.9: The tangent and normal vectors using (a) the backward, (b) the forward

and (c) the centered difference.
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» Even if the significance of the coefficients a, f, y and f; as control parameters
of the four energy terms is clear, the optimal choice of their values is not an
easy task. Actually, there is no ratio of these parameters that is optimal for all
postures and for all parts of the target (e.g. weak edges, strong edges,
concavities etc.) at the same time. The fact that, during an iteration step, the
movement of each snaxel is affected by the so far moved snaxels
(asynchronous movement), makes things more difficult. For example, if a
snaxel locks onto a noisy point of high gradient far away from the target, the
internal energy will probably keep the following snaxel(s) near to this snaxel
and far from the target as well. In this implementation we attempt to keep a
(almost) constant parameter ratio (with small variations in some cases), based
on the common sense and on trials, and moreover we intent to correct some
problems that may arise in some cases from such a general parameter
definition. The common sense dictates that the weight of the image term, y,
should be greater that the other weights, since the image feature (edge) is the
dominant cue that defines the target. The control of the continuity term is
slightly more important than that of the curvature term, especially when we
are interested in a rather coarse description of the target shape, so a should be
grater than f. The feedback weight, f,, should be usually between a and S, so
that the effect of the feedback force would be limited in cases of “edge gaps”.

A set of parameters that agrees with the above statements is:

a=0.7,8=05,y=1,f5=0.5

Furthermore, the choice of 7, for the computation of the edge threshold Py
is also crucial: T, should be large enough to suppress noise and at the same
time small enough to maintain weak edges. Our choice is a value of T, around
0.2, which results in a value of P, around 40 in the range [0,255].
Sometimes though, this “trade-off” value doesn’t completely remove the
image noise. In these cases we may observe snaxels being trapped in places far
away from the target (Figure 4.10a). Note that two non-subsequent snaxels
come very close to each other, forming a narrow contour “strip”. Cases like

these are undesirable anyway, but they can further create another problem:
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such snaxels, apart from being very close to each other, have also normal
directions with opposite orientations; hence, they may move in such a way that
they form a “closed-loop” (Figures 4.10b and 4.10c). A closed-loop is also

created when two non-subsequent snaxels coincide (Figure 4.10d).

Figure 4.10: Some undesirable contour deformations. (a): A snaxel is trapped far away from

the target, forming a narrow contour “strip”. (b): The opposite movement of the two snaxels
(red arrows) create a closed-loop (the contour in the previous iteration step is in red). (c) and

(d): Two other cases of closed-loops.

The problems depicted in Figure 4.10 may (or may not) be avoided with a
specific parameter choice, but since we decided to use a general, constant
parameter ratio, we have to find a way to eliminate these problems whenever
they are created. A simplified but quite effective way to do so is the following.
At the end of each iteration we find all the pairs of non-subsequent snaxels,

between which the distance is 0, 1 orv2 . For each pair(v,,v;), there is a

group of snake points that lie clockwise between v; and Vv; and a group of
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points that lie counter-clockwise between these two snaxels. In order to tackle
the above undesirable deformations, we ecliminate all the snaxels of the

smallest group, including vj, if |V, -v,[</ . We can also use a threshold so

that only relatively small loops are eliminated. The images in Figure 4.10 are
close-ups of some snapshots during a real convergence process. Using the
initial contour that is shown, superimposed on the original and the edge image,
in figures 4.11a and 4.11b, and the parameter set: a = 0.7, 5 =0.5,y=1, fap =
0.5, lges = 3, Ty, = 0.2, we get the contour of Figure 4.11c. During the execution
of the algorithm, a lot of closed loops are being formed, blocking the smooth
convergence of the snake. The algorithm terminates at the predefined
maximum iteration, without achieving a tolerable fit to the target. Using the
above algorithm for the elimination of “closed-loops”, we get the result in
Figure 4.11d. In the following figure we use the centripetal interpolation

scheme that was mentioned at the beginning of this section, since it gives a

more natural contour representation.

Figure 4.11: The initial contour on the original (a) and on the gradient image (b). The final

contour without (¢) and with (d) the “closed-loop elimination” algorithm.
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» The final contour in Figure 4.11d reveals the effectiveness of both the “closed-
loop elimination” algorithm and the feedback mechanism. In the specific
example, the target object doesn’t have large concavities but the initial contour
is not very close to it, in both position and shape. If we don’t use the feedback
mechanism the snake will fail to converge to the target, as it’s shown in Figure
4.12, where the resulting final contour (b) is compared to the contour that
results if we use the feedback mechanism along with the algorithm for
elimination of “closed-loops” (a). We get these results using the initial contour
of Figure 4.11a and the same parameter set. We also use the simplified
convergence criterion of Figure 4.8. This criterion terminates the algorithm
after the 18th iteration, during which, 1 of overall 42 points was moved, for
Figure 4.12a, and after the 9th iteration, during which, 6 of overall 51 points
were moved, for figure 4.12b. Using the compound-parameter criterion of
figure 4.7, we get almost the same results (figures 4.10c and 4,10.d) but after
more iteration steps: 30 iterations and 1 of 42 points moved for figure 4.12a,

and 30 iterations and 0 of 50 points moved for figure 4.12d.

Figure 4.12: The resulting contours with (a,c) and without (b,d) the feedback

mechanism, using the simplified (a,b) or the compound-parameter (c,d) convergence

criterion.
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However, the effectiveness of the feedback mechanism in handling the two
major problems of the previous chapter should also be examined on targets
with larger concavities. Such a target is the one depicted in figure 4.13a. We
use the initial contour that is superimposed on this figure, and the same
parameter set (a = 0.7, =0.5,y =1, fa = 0.5, lges = 3, Tz = 0.2). Obviously
due to the fact that the continuity and the curvature term dominate the
feedback term, the snake oscillates around some point into the concavity and
finally the algorithm terminates at the maximum number of iterations, giving
the result of figure 4.13d. Note that the compound-parameter criterion
terminates the algorithm earlier (30 instead of 50 iterations) with exactly the
same result. Hence, we can say that this criterion achieves faster convergence
than the simplified criterion, when the snake converges in an oscillatory way.
We can see that the snake does not totally outlines the concavity, but the final
contour is definitely better than the one that comes up without using the

feedback mechanism (Figure 4.13c).

Figure 4.13: The initial contour on the original (a) and edge image (b). The resulting

contours with (d) and without (c) the feedback mechanism.

62



Implementation details and results

Having in mind what we have said above about the weight f;, i.e. that
B< f» <a, we can further improve the final contour by choosing f,, =a=0.7
(Figure 4.14). This increment of fz, is allowed because the specific target has

an edge contour without gaps (Figure 4.13b), unlike the target of Figure 4.11.

Figure 4.14: The final contour using f;, = 0.7.

The model becomes less effective though for targets with similar concavities
and “edge gaps” as well (Figure 4.15a). Witha =0.7, £=0.5,y =1, lzes =3, T,
= 0.2 (Piever = 37) and fz = 0.5, we get the result of figure 4.16a. Obviously
the small values of f; and P stop the evolution of the snake into the
concavity. Furthermore, the edge gap at the bottom of the right foot (4.15b)
makes the snake overrun this “subjective” edge. The increment of fz, to 0.7
doesn’t improve the result into the concavity and moreover leads to more edge

overruns (Figure 4.16b).

Figure 4.15: A target with “edge gaps” and large concavities. The initial contour on the

original (a) and edge image (b).
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Figure 4.16: The final contour with £, = 0.5 (a) and f3;, = 0.7 (b).

A greater value of 7, and hence of P, for example 0.22 and 40.7
respectively, can further suppress noise (Figure 4.17a) and lead to a slightly
better description of the concave area but, of course the handling of edge gaps

is still problematic (Figure 4.17b).

Figure 4.17: The edge image (a) (Pjee; = 40.7) and the final contour (b)
(ﬁb = 07)

» In all the previous examples the area between the initial contour and the target
object was almost clear of edges coming from noise or other objects, which
could block the evolution of the snake. Unfortunately, this is not always the
case. The following frame (Figure 4.18) of video B is a representative
example. The background edges around the target (Figure 4.18b) stop the
snake far away from the real contour, as we can see in figure 4.18c, where a =

0.7,=05,y=1,fa =0.5, lges =4 and Ty = 0.2 (Peres = 48). A lower value of
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Ty (Ty = 0.1/ Piever = 24) just makes the effect of ‘edge-bypass’ less intense
(Figure 4.184d).

Figure 4.18: A cluttered background: the initial contour (a,b) and the final contour for

two different values of 7, (c,d).

There is definitely no parameter set that could achieve a tolerable convergence
in this case, as the problem arises from the cluttered background. Therefore,
the solution should be sought in the improvement of the edge image. A simple
way to approximate the background is to calculate the average of the intensity

images of the entire video stream (Figure 4.19a). Then, an improved edge
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image can be taken by simply differencing the edge image of the background
(Figure 4.19b) from the edge image of the current frame.

Figure 4.19: A background approximation (a) and its edge image (b).

The resulting image is also thresholded in order to further suppress noise. An
example is shown in the following figure. In this case we choose a rather large
value of Ty (Ty = 0.2, Pjever = 42.6) in order to remove the noisy edges due to
the differencing, and a small value of f; (fz» = 0.3), in order to avoid the
‘bypass’ of subjective edges. We also use fewer snaxels (/s = 5), as the target
shape is not very complicated. This parameter set gives a quite tolerable final

contour (Figure 4.20b).

Figure 4.20: Using the difference of edge images: the initial contour on the resulting

edge image (a) and the final contour (b)

66



Implementation details and results

Another way of detecting only the moving objects of an image is
referenced in [36]. This algorithm combines the spatial and the temporal
information of an image in order to distinguish the moving objects from the
background. In particular, it finds the static edges of a moving object using the
spatial gradient of both the intensity image and the background (spatial
information). Then it uses the information coming from the motion vectors
and the first derivative of intensity in time, /,(x, y,¢) = I(x, y,t) = I(x, y,t =1)|,
in order to detect the moving edges of the object (temporal information). The
final edge image comes from the combination of the detected static and
moving edges, followed by noise suppression (median filter). An example is

shown in the following figure.

Figure 4.21: The edge detection scheme of [35]: (a) Original intensity image and (b) edge

image.
Now we can apply the above attractable snake model on this improved edge

image. By setting a = 0.7, =0.5,y =1, fap = 0.3, lges =4 and Ty = 0.14 (Piever
= 48), we get a satisfactory final contour (Figure 4.22b).
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Figure 4.22: Attractable snake and edge detection using spatio-temporal information.

However, neither of the improved edge images can prevent the
blocking of the snake movement, when an object that is not moving
temporarily is very close to the target object, as in figure 4.23. For a given
value of T, (Tg = 0.2, Piever = 35.2), a small value of fu, €.g. far = 0.4, allows
the snake to adapt to the subjective contour, but at the same time cannot
“unlock” the snake from the adjacent object (Figure 4.23c). On the other hand,
a greater value of f, e.g. fa» = 0.7, has exactly the opposite result (Figure
4.23d).

Figure 4.23: The initial contour is very close to a background edge (a,b). The

parameter fy;, should be neither small (c), nor large (d).
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A quite efficient convergence can be achieved by a lower value of T, (Tg =
0.11, Ppeyve; = 19.36) and, at the same time, by a higher value of fz (fz» = 0.9)
(figure 4.24). However, this “golden mean” can only be found after a “trial

and error” process.

Figure 4.24: The edge image (a) and the final contour (b).

4.2.3 The *“scale-space” model

We have seen that the additional force introduced by the feedback mechanism can
become very helpful when the initial contour is far from the target in both position
and shape. In some cases though, e.g. in edge gaps, it may become undesirable and
may force the snake to ‘overrun’ a subjective contour. In this section we examine yet
another way of attracting the snake to the target when the initial contour is far away
from it. The proposed model uses the energy functional of the original greedy snake
(i.e. without the feedback term) but lets the snake move sequentially on edge images
of subsequently decreasing Gaussian scale factor. All the other features of the model
of section 4.2.1, i.e. the interpolation scheme, the simplified convergence criterion
and the “closed-loop” elimination algorithm, are maintained in this model too.

For the computation of the edge image we use the following edge detector. A
2D Gaussian filter splits into two directions, x and y, and the first derivatives of the
1D filters (D, and D, in equation 4.11) are applied on the intensity image, giving the

directional derivatives in the x and y directions:

ImgD, =1®D,

4.10
ImgD, =1®D, (4.10)
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X -x%/20°
D =- e
x / 3
2zo (4.11)
D _ y e—yz/ZUZ

N [y

where ¢ is the scaling factor of the Gaussian filter. Then, the two 1D Gaussian filters
(Gx and G, in equation 4.13) are applied on the orthogonal directions of the results of
equation (4.10), giving the intensity gradient:

| VI |=[(ImgD, ®G )+ (G, ® ImgD.,) (4.12)

G 1 -x*/207

. = e
J?“ (4.13)
G = —y* /20
Y oro

Finally, the resulting gradient is thresholded in order to further suppress noise. The

threshold value is given, as above, by:

F;evel = Tg(' VI |max - | Vi ‘min )+ ‘ vi |min

This edge detection scheme is quite good at noise suppression and gives a more-than-
one-pixel strength response to a step edge (fig 4.25). However, its most important
feature, for the current application, is that, the increment of the scaling factor, o,
results in the blurring effect of figure 4.26. On one hand, this effect causes an
undesirable image deformation (blurring), but on the other hand increases the capture

range of the object.
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Figure 4.25: The edge image with scale factor 6 =1 (T, = 0.22, Py, = 38.28)

Figure 4.26: The edge image with scale factor 0 =3 (7, = 0.22, P,.; = 37.4)
In the following figure, firstly we let the snake converge onto the edge image of o = 3;

then we execute the snake algorithm in the edge image of ¢ = 1, using as initial

contour the final contour of the previous stage (fig 4.27b). The final result is shown in
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figure 4.27d. For this execution of the algorithm we used the following parameter set:

a=0.7,8=0.57=1,les=3and T,=0.22.

Figure 4.27: The snake converges subsequently on edge images of different scale
factor (¢ =3 in (a) and o =1 in (¢)). The intermediate result is in (b) and the final

contour in (d).

It is obvious that by setting ¢ = 3, we increase the capture range of the target but we
also get a coarse representation of the shape, loosing in details. This can cause some
problems. For example, in the above figure, the deformation at the human hand is
quite intense and hence the snake concludes in the interior of the real target at that
area, as it is depicted in the close up of figure 4.28a. Then the scale factor decreases to
1 (fig. 4.28b) but the particular part of the snake is already away from the angle that
the hand forms. That is why the snake slightly misses the human hand in figure 4.27d.

Figure 4.28: Close-ups of the two edge images.
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This effect can be improved by substituting the edge image of ¢ = 3 with a
combination of the edge images of ¢ = 3 and o = 1. For example, if we add the two
edge images we get a new image of increased capture range and, at the same time, of

smaller deformation (Figure 4.29).

Figure 4.29: The result of adding the two edge images (6 =3 and o = 1).

Note that he edge detector with ¢ = 1, unlike the one with ¢ = 3, cannot suppress the
non-target line at the upper right of the target. This line is also present in the edge
image of figure 4.29 and pulls the snake to the right, far away from the target. This
feature of the image is undesirable and can be eliminated by the background-
subtraction technique of the above section (for both edge images before the addition).
The final result is shown in figure 4.30d. It is clear that this final contour outlines the
target better than the one of figure 4.27d. We can also notice that the difference
between the intermediate and the final contour is rather small. In this sense we could
omit the execution of the algorithm on the edge image of o = 1. However, this stage of

the algorithm is usually short and improves (even slightly) the final contour.
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Figure 4.30: Using the combination of the edge images along with the background extraction
(a). The intermediate result is shown in (b), the gradient with ¢ =1 in (c¢) and the final contour

in (d).

The application of this model to a more complicated shape gives us the result of the

following figure. The parameter setis: a = 0.7, §=0.5,y =1, [z =3 and T, = 0.12.

Figure 4.31: The application of the “scale-space” model on a more complex posture.

74



Implementation details and results

It is clear that the snake fails to enter the concavity, due to the absence of image
forces in the area. Hence, the proposed model resolves only one of the two major
problems of snakes.

Finally, the “scale-space” model has quite good results when applied to targets
with many edge gaps in a highly cluttered background, as it is demonstrated in the
following figure. The parameter set at this example is: & = 0.7, £ = 0.5, y = 1, lzes = 4
and 7, = 0.16.

Figure 4.32: The application of the “scale-space” model on a target with many edge gaps, in a

highly cluttered background.
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4.3 The tracking algorithm

In this section we present the details of embedding the snake model in the overall

tracking algorithm. The basic form of this algorithm is the following:

1. Identify an initial contour, Cy, in the initial image, /.
2. Let it converge through the snake algorithm, giving you the optimised
contour C, .
3. For every subsequent image I; (k=1, 2, ...),
1. use as initial contour, Cj;, of the image [;, a motion-
compensated version of the optimised contour, C, ,, of the
previous image /., ,
ii. let C; converge to the target boundary through the snake

algorithm, giving you the optimised contour C, .

A simple and fast way to find a motion-compensated version of the previous
optimised contour is to use the velocity of each snaxel. Let’s say that we attempt to
find the initial contour, Cy, in the current frame, /;. The velocity of a single snaxel can
be expressed by the signed distance, in x and y-axis, between the final positions of

this snaxel in the two previous frames, /;; and ;.. Hence, the initial contour Cj can
be found by moving each snaxel of the optimised contour C, , according to its

previous velocity. In other words, each snaxel of C; is given by the following

*) *k-1) D) _ (k-2)
X; X; X: —X:
v :[ l(k)] :[ l'(kl)} 5'[ b l'(kZ)} (4.14)
Vi Vi Vi — Vi

where the weight ¢ defines the contribution of the previous velocity to the calculation

equation:

of the new contour (& € (0,1]), and the symbol | | denotes rounding towards +w . The

effectiveness of this simplified algorithm requires that the movement of the target
object is constant in velocity and orientation. If the target motion is not abrupt, the

variations in speed and orientation are small and the snake algorithm is likely to
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correct an inaccurate estimation of the initial contour. Furthermore, it is obvious that
this algorithm can be applied only from the third frame onwards, hence we should
consider as initial contour for the second frame, the optimised contour of the first

frame. This consideration cannot be very harmful, for the same reason.

4.3.1 A tracker that uses the attractable snake model

As it is mentioned in [30], the movement of the snake can be either contraction or
expansion, according to the orientation of the normal direction. In all the experiments
of section 4.2.1 we have chosen an inward orientation, since the starting, rectangle
contour is initialised outside the target object. However, the above simple way of
motion-compensation may give an initial contour that lies partially on the target
interior. If a snaxel of the initial contour occur in the interior of the target and the
contribution of its feedback energy term to the overall point energy is large enough,
this snaxel will move further inwards. This incorrect movement will be accumulated
from frame to frame and will probably result in a complete convergence failure,
sooner or later. An example is shown in the following figure. The initial contours are
in red (left) and the resulting contours are in green (right), for 4 consecutive frames.
Note that the initial contour of the second frame (fig. 4.33c) is exactly the final
contour of the first frame (fig. 4.33b), as there is no former information about the
movement of the object. However, the snake manages to converge to the target. The
initial contour of the third frame (fig. 4.33e), which comes from the motion-
compensation of the contour in figure 4.33d, outlines sufficiently the target object,
leading to a good final contour (fig. 4.33f). The initial contour in the fourth frame
though contains closed loops and snaxels within the object interior (fig. 4.33g), due to
the motion-compensation algorithm. Inevitably, the snake fails to converge
satisfactorily (fig. 4.33h). By setting 6 = 0.1, we note that the compensated initial

contours become closer to the real target contours. In this case, the term

(k=1) _ '_(k—2)
{5,[%@1) x{(“)H of equation (4.14) actually cuts off all the non-zero differences
Vi X

(x* D —x* 2 and y*D_*2) to 1 or 1. Eventually the snake also results in a

convergence failure, but after 5 frames (fig. 4.34). Thus the parameter 6 may be used
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to control convergence, but essentially there is a need of some way to decide

effectively between contraction and expansion.

Figure 4.33: The results of tracking an object in a sequence of images, using the attractable
snake model and the above motion-compensation algorithm (6=1). The snake “misses” the

target after three frames.
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Figure 4.34: By decreasing the ‘compensation weight’, d, to 0.1, the snake “misses” the target

after 5 frames.
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4.3.2 A tracker that uses the “scale-space” model

In the previous subsection we saw that the simplified algorithm of motion
compensation, even with a small compensation weight (6 = 0.1), may lead to an
inaccurate initial contour, partially away from the target, either in or out of the target
shape. Such cases usually result in a convergence failure when using the attractable
snake model, mainly due to the action of the feedback mechanism. In the “scale-
space” model the feedback force does not exist and moreover, the convergence
process starts in an edge image of increased capture range. Thus the snake model is
more likely to correct an inaccurate estimation of the initial contour. The
corresponding results of using this tracking algorithm on the sequence of images of
figure 4.34 are shown in the following figure. The parameter set is: a = 0.7, £ = 0.5, y
=1,lges=3,T;=0.12and 6 =0.1.

Frame 552

Frame 553

Frame 554
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Frame 555

Frame 556

Frame 557

Frame 558

Figure 4.35: Tracking of object using the “scale-space” model (video A).

It is clear that, if we can tolerate a coarse target outline (i.e. an outline that does not
enter the concavity), the tracker works quite effectively. Another example is shown in

the following figure.
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Frame 131

Frame 183

Frame 187
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Frame 189

Figure 4.36: Tracking of object using the “scale-space” model (video B).

We can see that the snake misses some parts of the target contour in some frames (e.g.
frames 181 or 183), but the convergence failure is usually not propagated to the
following frames as it is in the case of the attractable snake model; on the contrary, in
some cases we can observe a “recovery” of the “missing” parts (e.g. frame 187).

As a conclusion, we can say that there is a trade-off between accuracy in the
target representation and effectiveness in the tracking process. This implementation of
the tracker is less accurate in outlining the target that the implementation with
attractable snakes but has lower sensitivity in bad initial-contour estimations, and
hence better results in tracking the target in a sequence of images. An appropriate
combination of the two methods would probably eliminate the disadvantages and
maintain the advantages of the two sides. For example, after the application of the
scale-space model we can find the snaxels of the final contour that haven’t reached
the target (e.g. by examining their gradient value against a threshold); then we can
further move towards the target only the contour segments that these snaxels form, by
using the attractable snake model. The fact that the feedback force will not be applied
on all snaxels and from the beginning of the process will probably eliminate the
above-mentioned problems of the feedback term. Nevertheless, it is hard to decide
whether a snaxel of low gradient is ‘in front of” a concavity, and requires further
movement, or just on a subjective contour, and does not need correction. Therefore

this possible improvement of the algorithm has to be examined further.
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Chapter 5: Conclusions and future work

5.1 Conclusions

In this work we attempted to examine the possibility of using active contour models
(snakes) in order to implement a semi-automatic visual tracker. The system performs
a target-state-estimation, followed by a target-state-verification, for each one of a
series of images. The state-estimation (initial state) is provided by the user for the first
image of the sequence and is generated from the previous movement of the target for
the second image onwards. For the state-verification (final state) we tested two
different implementations of the snake model: the attractable snake model and the
scale-space model.

The addition of the feedback mechanism makes the attractable snake model
very effective in outlining the target, as it resolves both of the major problems of the
original snake model. On the other hand, the scale-space model can also cope with an
initial contour far away from the target in position and shape, but it cannot outline
large shape concavities. Both methods are parameter-dependent, in the sense that
there is no global parameter set that gives the best results in all cases. However, in this
work we propose a parameter set that can work, with small variations, for most cases.

The system was tested on images with noise and cluttered background, i.e.
features that can distract the snake from fitting on the target. Techniques like noise
suppression and background extraction minimize, but not totally eliminate, this
problem. The attractable snake model is more effective than the scale-space model in
these cases, as the additional feedback force points towards the target. On the other
hand this force may have undesirable effect in the contour “edge gaps” that occur
when the edge detector fails to detect target edges with intensity very close to the
background intensity; the snake is likely to bypass the “subjective contour” and move
towards the target interior, under the influence of the feedback force. The absence of
this force in the scale-space model allows the internal energy to restrain the snake in

these cases and therefore the scale-space model is more effective when “edge gaps”
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are present. However it is, in general, slower than the attractable-snake algorithm, as
it is actually executed both times for each case.

The simplified way of motion-compensation that is used in this work generally
leads to inaccurate initial contour estimations, since it assumes that the movement of
the target is almost constant in velocity and orientation. The attractable snake model,
due to the action of the feedback force, is more susceptible to a bad estimation,
especially when the estimated contour falls within the target interior. This fact reduces
the number of subsequent frames on which the tracking algorithm can be applied. On
the contrary, the increased capture range of the scale-space method can handle more
easily such cases.

As a general conclusion, we could say that the attractable-snake model
achieves a satisfactory contour fit on a single frame, but cannot follow the target for a
large sequence of images, whereas the scale-space model offers a coarser target

representation, but is more effective in the tracking stage.

5.2 Future work

The tracking system of this thesis obtains some good results but also indicates some
problems of tracking moving object using snakes. Therefore, there are some
improvements that should be made in order to build a more effective tracker.

An important point of the snake algorithm is the construction of an appropriate
edge image, since edges are the dominant feature of the snake attraction. Problems
like noise, surrounding edges and “edge gaps”, should be resolved more efficiently.
The edge detection scheme that uses spatio-temporal information, and was mentioned
in chapter 4, is a step towards this direction. However, a further processing of the
detected edges, such as edge linking, is needed in order to prevent the snake from
overrunning the real target contour.

Future work may also take advantage of the modular snake energy in order to
add other useful terms in the energy functional. For example, a possible addition

could be a second image term, based on the temporal image gradient

( ol (x,ty,t)

p =[1(x, y,t)=1(x, y,t—1)| ), instead of the spatial image gradient. This term
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would actually generate an additional attracting force towards edges that are moving
between frames.

The above improvements refer to the “snake-part” of the implementation. In
addition, future work should also concern the “tracking-part”. The estimation of the
initial contour could be made in a more effective way, for example by using optical
flow. In this case though, it is important to note that there is a trade-off between
accuracy and speed.

Another potential improvement could be the following. For each frame (from
the second onwards), the initial contour could be generated from the relaxed contour
of the previous frame, by some way of motion-compensation (snaxel by snaxel).
Then, the final positions of the new snaxels (old snaxels after the motion-
compensation) could be found by minimizing, not only the energy of the new snake in
the current frame, but also the energy of the old (relaxed) snake in the previous frame.
This could work as feedback information for the correction of the initial estimation.

Another possible improvement could deal with the full-automatic initialization
of the tracking process; the initial contour for the first frame could be found by some
kind of pre-processing (e.g. segmentation). The handling of occlusion from other
objects is also an important matter. Finally, the proposed algorithm could also be
slightly modified so that it could be applied on color and texture images. In this case,

other energy terms, based on color and/or texture information, could be used.
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