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Abstract of Thesis Presented to the Graduate School 

of the University of Florida in Partial Fulfillment of the 
Requirements for the Degree of Master of Science 

IMAGE SEGMENTATION AND OBJECT TRACKING FOR 
A MICRO AIR VEHICLE 

By 

Ted L. Belser II 

May 2006 

Chair:  Dapeng Oliver Wu 
Major Department:  Electrical and Computer Engineering 

This thesis describes a system that can perform object tracking in video produced 

by a camera mounted on a micro air vehicle (MAV).  The goal of the system is to identify 

and track an object in full motion video while running in real-time on modest hardware 

(in this case a Pentium III running at 800Mhz with 512 MB RAM). 

To achieve this goal, two vision processing algorithms are coupled.  A graph-based 

segmentation algorithm is used to identify individual objects in the image by 

discriminating between regions of similar color and texture.  A pyramidal implementation 

of the Lucas-Kanade feature tracker is used to track features in the video.  Running at a 

lower frequency than the tracking algorithm, the segmentation algorithm labels the 

features according to the corresponding object.  By tracking the labeled features, the 

Lucas-Kanade feature tracker tracks the objects in the video. 

Analysis and experimentation show that the pyramidal implementation of the 

Lucas-Kanade is both efficient and robust.  The system performance however is 
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dominated by the performance of the segmentation algorithm.  The segmentation 

algorithm, while capable of meeting the functional requirements of the system, requires 

two to three times more processing power than the feature tracking algorithm requires. 

The system described in this thesis is capable of meeting the requirements for 

object tracking on a MAV platform.  The analysis suggests that the pyramidal 

implementation of the Lucas-Kanade is an essential component of the MAV platform due 

to its efficiency and robust performance.  The analysis also suggests a direction for 

improvement.  While the segmentation algorithm was able to fulfill the requirements, it 

did so at a high computational cost.  One possible direction for future work is to improve 

the performance of the segmentation process. 
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CHAPTER 1 
INTRODUCTION 

Problem Definition 

In its mission statement the AVCAAF (Active vision for Control of Agile 

Autonomous Flight) group at the University of Florida’s Machine Intelligence Laboratory 

describes the potential missions of a MAV (Micro Air Vehicle).  The potential missions 

include search and rescue, moving-target tracking, immediate bomb damage assessment, 

and identification and localization of interesting ground structures.  To achieve this 

mission statement the MAV platform utilizes a number of instruments.  As is evident in 

the group’s name, the AVCAAF is focused on vision processing systems for flight 

vehicle control.  The primary instrument for vision-based control is the video camera.  

The video camera coupled with a computer running sophisticated vision processing 

algorithms forms a versatile system capable of performing functions such as automatic 

attitude control, object recognition and object tracking.  Examples of attitude control and 

object recognition applications are discussed in AVCAAF’s research papers [1, 2, 3 and 

4].  Object tracking however is not discussed in these papers and is the focus of this 

thesis. 

To track an object it must first be identified.  Object identification solutions are not 

trivial and can arguably be called a central problem in computer vision.  The problem of 

what makes an object an object was once a question for philosophers; but in computer 

vision, it is a question for engineers.  In many ways, engineers have not answered this 

question.  Our systems are capable of identifying specific, narrowly defined classes of 
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objects, but there is no general solution to object identification.  This paper does not 

attempt to solve this problem; however understanding this problem helps to put the 

problem of object identification and tracking into context. 

In image processing, segmentation is the partitioning of a digital image into 

multiple regions according to a criterion.  Segmentation can be applied to identify objects 

in a scene if a suitable segmentation criterion can be defined to identify objects of 

interest.  In their paper “Intelligent Missions for MAVs: Visual Contexts for Control, 

Tracking and Recognition”[2] Todorovic and Nechyba discuss an object segmentation 

algorithm.  While this algorithm performs object segmentation efficiently, it is 

computationally excessive to use the same algorithm for object tracking. Once an object 

is acquired, the tracking problem has constraints such as a spatial and temporal locality 

that reduce the complexity of the tracking problem.  Furthermore, an object can be 

expected to maintain its shape and appearance in a sequence of frames.  Given these 

constraints the problem is to design and implement an object tracking system that meets 

the following requirements: 

• The system should locate objects of interest 
• The system should track the object(s) of interest through sequential frames in video 
• The system should run in real-time on standard hardware (Pentium III 800 MHz) 
 

Approach 

Three Processes to Achieve Object Tracking 

The approach taken to solve this problem is to divide the tracking task into three 

processes.  The first process identifies and enumerates objects in the image. The second 

process identifies significant features on each the objects.  The third process is 

correspondence of each feature between adjacent frames in a video sequence.  Object 

tracking is possible by defining which objects own which features and the tracking those 
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features over a sequence of frames.  This method is described in the remaining chapters.  

First, each of the processes used are described in detail.  Chapter 2 describes the 

segmentation process.  Chapter 3 describes the feature extraction process and the feature 

tracking process.  The system organization and implementation is discussed in Chapter 4.  

Chapter 5 is an evaluation of the system's performance including limitations of the 

system and how the parameters of the individual processes govern the performance of the 

system as a whole. Finally, in Chapter 6 suggestions for future research are proposed. 

Assumptions 

The segmentation, feature extraction and feature tracking processes do not need to 

run with equal effort.  The feature tracking process should run frequently in order to 

accurately track features from frame to frame.  While the segmentation and feature 

extraction processes may run less frequently.  By making reasonable assumptions, the 

segmentation and feature extraction processes can occur at a frequency significantly less 

than the frame rate of the video sequence. 

The essential mechanism of the feature tracking process is correspondence.  

Correspondence identifies the offset between a specific feature in two frames.  These two 

frames may represent images from cameras that differ in time and/or space.  In the case 

of a moving camera, the two frames differ in time and space.  By using a correspondence 

mechanism, feature tracking is possible.  By associating features with objects it is 

therefore possible to track an entire object.  A few assumptions however must be made. 

1. An object to be tracked has identifiable features. 

2. These features can be tracked by a correspondence mechanism over a sequence of 
frames. 

3. Each feature instance belongs to only one object during the period of time in which 
the tracking occurs. 

 



CHAPTER 2 
A GRAPH-BASED SEGMENTATION ALGORITHM 

Functional and Performance Requirements for Segmentation 

In [5] a graph-based image segmentation algorithm is defined.  The segmentation 

algorithm is designed to meet the following requirements: 

1. The algorithm should capture perceptually different regions of an image. 
2. The algorithm should account for local as well as global information while 

partitioning the image regions. 
3. The algorithm should be efficient, running in time nearly linear in the number of 

image pixels. 
 

Graph-Based Segmentation 

In Felzenszwalb and Huttenlocher [5] a graph-based approach is presented.  An 

image is represented as an undirected graph ( )EVG ,= .  V represents the vertices of the 

graph and corresponds one-to-one with the pixels in the image.  E represents the edges 

between the pixels.  In the actual implementation, E represents every adjacency in the 

four-connected adjacency of every pixel.  Each edge in E is given a non-negative weight 

( )( )ji vvw ,  that is a measure of the dissimilarity between the pixels belonging to vertices 

vi and vj.  In the implementation, this difference is the distance between the color values 

of vi and vj in the RGB color space.  The objective is to produce a segmentation S 

composed of components C.  Each component is defined by a set of edges  

between vertices representing pixels of low dissimilarity as defined by a comparison 

predicate. 

EE ⊆′
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The Comparison Predicate 

Requirement 2 above describes a need to take into account global and local 

information when forming a component in the segmentation.  The comparison predicate 

described by Felzenszwalb and Huttenlocher [5] is designed to meet this requirement.  

The predicate is designed to measure dissimilarity between components relative to the 

internal dissimilarity within each component.  This technique is capable of identifying 

regions that have little internal dissimilarity while also identifying regions where there is 

great internal dissimilarity. 

The predicate is defined in terms of two quantities, the minimum internal distance 

of two components C1 and C2 and the difference between components C1 and C2.  The 

minimum internal distance captures the global information of the two components and 

forms the basis on which the predicate decides if the two components are actually 

different.  The minimum internal difference is defined as 

( ) ( ) ( ) ( ) ( )( )221121min ,min, CCIntCCIntCCInt ττ ++= , 

where the internal difference Int is defined as the largest weight in the minimum spanning 

tree of the component, , ( )ECMST ,

( ) ( )ewCInt max=  for ( )ECMSTe ,∈  

The difference between the components C1 and C2 is the minimum weight in the edges 

connecting the two components, 

( ) ( )( ).,min, 21 ji vvwCCDiff =  for ( ) EvvCvCv jiji ∈∈∈ ,,, 21  

By comparing the minimum internal difference of the components with the smaller of the 

two internal differences, a predicate ( )21 ,CCD  can be defined.  If true, edge 

 



6 

( ) 21 ,,, CvCvvv jiji ∈∈

( ) =21 ,CCD

forms a boundary between components C1 and C2, otherwise C1 

and C2 are the same component. 

( )
C
kC =τ

( )moo ,,1 K

True if ( ) ( )21min21 ,, CCIntCCDiff > ; False otherwise 

This formulation has only one parameter, k.  The parameter k is coupled with the system 

by way of the threshold function τ.  The threshold function ( )Cτ  defines by how much 

the differences between the components must exceed the lesser of the two component 

internal differences.  A higher value decreases the likelihood that two components will be 

declared different and therefore encourages larger components.  The function τ also 

serves to minimize error due to small component sizes in the early stages of the 

computation.  Specifically, it scales a constant k by the inverse of the component size: 

 

The parameter k determines granularity of the segmentation.  Larger values of k produce 

larger components and therefore fewer components per image.  Smaller values of k 

produce smaller components and therefore more components per image. 

The Segmentation Algorithm 

Felzenszwalb and Huttenlocher [5] apply the predicate function using the following 

algorithm: 

4. Calculate the weight for all edges in E. 

5. Sort E into non-decreasing order by edge weight resulting in the sequence 
 

6. Assign all vertices in V one-to-one with components ( )rCC ,,1 K  so that each 
vertex belongs to its own component. 

7. for i = 1 to m do the following 
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a. Let ( ) jjiijii CvCvvvo ∈∈= ,,,  

b. if Ci and Cj are different components AND 
( )ji CCD ,  is false, then merge Ci and Cj; otherwise do nothing. 

8. Return S =  where n is the number of components remaining. ( nCC ,,1 K )

This algorithm runs in time where m denotes the number of edges in E. )log( mmO

Qualitative Analysis 

Figure 2-1 shows an image and its segmentation using this technique.  Regions of 

little dissimilarity, such as the dark region to the left of the butterfly, are properly 

segmented.  More interesting is the left side of the leaf on which the butterfly sits.  This 

region shows dissimilarity in the form of dark and light ridges formed by the veins in the 

leaf.  This region is segmented as a single component despite large internal 

dissimilarities. 

 
A 

 
B 

Figure 2-1.  Graph-based Image Segmentation Results.  A) Original Image.  B) 
Segmented image labeled in randomly chosen colors. 

 
A close inspection of the upper wing reveals much smaller speckles of white 

between the larger dots of white in the.  The dark speckled background of the wing is 

segmented as a single component.  Also evident from this picture is that the algorithm 

does not favor an orientation; it is capable of identifying regions of any orientation.  This 
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is an important requirement for the MAV platform where the image orientation changes 

with the pitch and roll of the aircraft. 

Parameters of the Segmentation Algorithm 

The author of [5] also published C++ language code implementing this 

segmentation algorithm.  This implementation accepts the following parameters: 

• Isize – This quantity represents the size of the input image.  As discussed above, this 
algorithm performs within ( )sizesize II logO time.  This parameter is the only 
parameter that affects performance. 

• k – This quantity represents the threshold used to perform the segmentation.  It 
affects the size resulting components and therefore the total number of components.  
Larger values of k produce larger components and therefore fewer components.  
Smaller values of k produce smaller components and therefore more components.  
This parameter does not affect the algorithms performance. 

• Cmin-size – This quantity defines the minimum size of the components produced by 
the segmentation.  Any component less than the minimum size are merged with an 
adjacent component.  This process is performed after the segmentation is 
completed.  This parameter can improve the performance if its value is 1 in which 
case it can be ignored. 

 

 



CHAPTER 3 
THE LUCAS KANADE FEATURE TRACKING ALGORITHM 

The Lucas Kanade Correspondence Algorithm 

Lucas and Kanade [6] describe an algorithm for registering like features in a pair of 

stereo images.  The registration algorithm attempts to locate a feature identified in one 

image with the corresponding feature in another image.  Despite stereo vision being the 

motivation for the algorithm, there are other applications for this technique.  Tracking 

motion between frames of a single motionless camera is simply the correspondence of 

features through time.  In the case of a moving camera, feature tracking is the 

correspondence of features in images differing in time and space.  The two situations are 

analogous with the stereo application in that the problem is finding the offset of a feature 

in one image to the feature in the second image. 

The algorithm solves the following problem.  Two images that are separated by 

space or time or both (within a small amount of time or space) have corresponding 

features.  These features exists somewhere in space relative to the camera.  As the camera 

moves, its position relative to these features changes.  This change in position is reflected 

as a movement of the feature on the image plane of the camera.  This algorithm identifies 

the movement (the offset) of a feature in two sequential images. 

Lucas and Kanade describe this more formally [6], define the feature of interest in 

image A as the vector x  and define the same feature in the image B as hx + .  The 

problem is to find the vector h .  The algorithm works by searching image B for a best 

match with the feature in image A.  The best match is defined as the feature in image B 

9 
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that differs the least with the feature in image A.  An exhaustive search of image B for the 

feature is impractical and would fail to recognize important constraint of locality that is 

likely to exist.  Lucas and Kanade identify two aspects of the searching algorithm: 

1. The method used to search for the minimal difference. 
2. The algorithm to calculate the value of the difference. 
 
Lucas and Kanade point out that each of these aspects are loosely coupled so 

implementation can be realized through any combination of searching and differencing 

algorithms. 

Lucas and Kanade’s approach uses the spatial intensity gradient of the image to 

find the value of h .  The process is iterative and resembles a method similar to the 

Newton-Raphson method where accuracy increases with each iteration.  If the algorithm 

converges, it converges in ( )NM log2O  time where  is the size of the image and 2N 2M  

the size of the region of possible values of h . 

Lucas and Kanade first describe their solution in the one-dimensional case.  Let 

image A be represented by function ( )xF and image B be represented as ( ) ( )hxFxG +=

)

.  

Lucas and Kanade’s solution depends on a linear approximation of  in the 

neighborhood of 

(xF

x .  For small , h

( ) ( ) ( ) ( )xFhxFhxFxG ′+≈+= ,     (1) 

( ) ( )
( )xF

xFxGh
′
−

≈        (2) 

In other words by knowing the rate of change of intensity around x in  and the 

difference in intensity between 

( )xF

( )xF  and ( )xG , the offset h can be determined.  This 

approach assumes linearity and will only work for small distances where there are no 
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local minima in the error function.  Lucas and Kanade suggest that by smoothing the 

image, minima produced by noise in the image can be eliminated. 

Equation 2 is correct if ( ) ( )hxFxG += .  To find the value of h where this is true, 

the possible values of h need to be explored and a best match determined.  To identify 

this best match the following error function is defined: 

( ) ( )[∑ −+=
x

xGhxFE 2]       (3) 

The value of h can be determined by minimizing (3). 

( ) ( ) ( )[

( ) ( ) ( ) ( )[ ]∑
∑

−′+′=

−′+
∂
∂

≈

∂
∂

=

x

x

xGxFhxFxF

xGxFhxF
h

h
E

2

0

2]      (4) 

( ) ( ) ( )[ ]
( )∑

∑
′

−′
≈

x

x

xF

xFxGxF
h 2       (5) 

These approximations rely on the linearity of ( )xF  around x.  To reduce the effects 

of non-linearity, Lucas and Kanade propose weighting the error function more strongly 

where there is linearity and less strongly where there is not linearity.  In other words 

where  is high, the contribution of that term to the sum should be less.  The 

following equation approximates 

( )xF ′′

( )xF ′′  

( ) ( ) ( )
h

xFxGxF
′−′

≈′′        (6) 

Recognizing that this weight will be used in an average, the constant factor 
h
1  can be 

dropped and the weighting function can be 
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( ) ( ) ( )xFxG
xw

′−′
=

1        (7) 

Including this weighting function (7), the iterative form of (5) becomes 

( ) ( ) ( ) ( )[
( ) ( )

]
∑

∑
+′

+−+′
+=

=

+

x k

x kk
kk hxFxw

hxFxGhxFxw
hh

h

21

0 ,0

   (8) 

Equation (8) describes the iterative process where each new value of h adds on to 

the previous value.  The weighting function serves to increase the accuracy of the 

approximation by filtering out the cases where the linearity assumption is invalid.  This in 

turn will speed up the convergence.  Each iteration is calculated until the error function 

value is below a threshold. 

Lucas and Kanade describe how the one-dimensional case can be generalized into 

an n-dimensional case.  Similar to the one-dimensional case, the objective is to minimize 

the error function: 

( ) ( )[ ]∑ ∈
−+=

Rx
xGhxFE 2 ,      (9) 

where x  and h  are n-dimensional row vectors.  The one-dimensional linear 

approximation in equation 1 becomes 

( ) ( ) ( ) ( )xF
x

hxFhxFxG
∂
∂

+≈+= ,     (10) 

where 
x∂
∂ is the gradient operator with respect to x .  Using this multi-dimensional 

approximation Lucas and Kanade minimize E. 
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( ) ( )

( ) ( )∑

∑





 −

∂
∂

+
∂
∂

=





 −

∂
∂

+
∂
∂

≈

∂
∂

=

x

x

xG
x
FhxG

x
F

xG
x
FhxF

h

E
h

2

0

2

     (11) 

Solving for h  produces 

( ) ( )[ ]
1−




















∂
∂









∂
∂












−








∂
∂

= ∑∑ x

T

x

T

x
F

x
FxFxG

x
Fh ,   (12) 

The Lucas Kanade method described above works for a translation of a feature.  

Recognizing this, they generalize their algorithm even further by accounting for an 

arbitrary linear transformation such as rotation, shear and scaling.  This is achieved by 

inserting a linear transformation matrix A into the equations.  Equation (1) becomes 

( ) ( ),hAxFxG +=  

and the error functions 3 and 9 become 

( ) ( )[ ]∑ −+=
x

xGhAxFE 2       (13) 

resulting in a system of linear equations to be solved simultaneously. 

Because of the linearity assumption, tracking large displacements is difficult. 

Smoothing the image can remove the high frequency components that make the linearity 

assumption more valid and allow for a larger range of convergence.  Smoothing the 

image however, removes information from the image.  Another method for tracking large 

displacements is the pyramidal method.  This method described by Bouguet [7] makes 

use of the pyramidal approach to refine the search for h.  Details of how it works are 

explained in the next section.  The pyramidal approach makes use of a pyramid of images 
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each containing the information from the source image represented in a graduated degree 

of resolution from coarse to fine. 

The Pyramidal Implementation of the Lucas Kanade Correspondence Algorithm 

The Open Source Computer Vision Library (OpenCV) sponsored by Intel 

Corporation is a library written in the C programming language that contains a Lucas-

Kanade feature-tracking algorithm.  The OpenCV implementation makes use of the 

pyramid method suggested by Lucas and Kanade in their original paper. 

The Residual Function 

The OpenCV mathematical formalization differs slightly from the Lucas Kanade 

formalization.  Described by Bouguet [7] the formulation is as follows: Let  and 

 represent the images between which the feature correspondence should be 

determined.  OpenCV defines the residual function, analogous to the error function (9), as 

( yxA , )

)( yxB ,

( ) ( ) ( ) (( )∑ ∑
+

−=

+

−=

++−==
xx

xx

yy

yy

wu

wux

wu

wuy
yxyx dydxByxAddd 2,,,εε )   (14) 

This equation defines a neighborhood of size ( ) ( )1212 +×+ yx ww .  While the 

Lucas-Kanade algorithm defines a region of interest over which the error function should 

be summed, the OpenCV implementation is more specific and defines a small integration 

window defined in terms of and w . xw y

Functional and Performance Requirements 

The pyramidal algorithm is designed to meet two important requirements for a 

practical feature tracker: 

1. The algorithm should be accurate.  The object of a tracking algorithm is to find the 
displacement of a feature in two different images.  An inaccurate algorithm would 
defeat the purpose of the algorithm in the first place. 
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2. The algorithm should be robust.  It should be insensitive to variables that are likely 
to change in real world situations.  Variables such as variation in lighting, the speed 
of image motion and patches of the image moving at different velocities. 

 
In addition to these requirements, in practice, the algorithm should meet a performance 

requirement: 

3. The algorithm should be computationally inexpensive.  The purpose of tracking is 
to identify the motion of features from frame to frame so the algorithm generally 
will run at a frequency equal to the frame rate.  Most vision systems perform a 
series of processing functions to meet specific goals and functions that are run at a 
frequency equal to the frame rate of the source video need to use a little of the 
system resources as possible. 

In the basic Lucas Kanade algorithm there is a tradeoff between the accuracy and 

robustness requirements.  In order to have accuracy, a small integration window insures 

that the details in the image are not smoothed out.  Preventing the loss of detail is 

especially important for boundaries in the image that demarcate occluding regions.  The 

regions are potentially moving at different velocities.  For the MAV application this is 

clearly an important requirement due to the velocity of the camera and the potential 

difference in velocity with objects to be tracked.  On the other hand, to have a robust 

algorithm, by definition, it must work under many different conditions.  Conditions 

where there are large displacements between images are common are common for the 

MAV platform and warrant a larger integration window.  This apparent conflict defines a 

zero-sum tradeoff between accuracy and robustness.  The solution to meeting each 

requirement without a likely counterproductive compromise is to define a mechanism 

that decouples one requirement from the other.  The method that succeeds in doing this is 

the pyramidal approach. 
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The Pyramid Representation 

The pyramid representation of image ( )yxA ,  is a collection of images recursively 

derived from ( )yxA ,

A

.  The images are organized into pyramid levels  where 

the original image  is .  Each image in the pyramid, increasing in level, is a 

down sampling of the previous level.  For example  is down sampled to produce  

and  down sampled to produce  up to .  An image of size 360x240 and 

mLL K1=

( )yx, 0L

0L 1L

31L 2L mL =mL  

produces a pyramid of three images with dimensions 180x120, 90x60 and 45x30 pixels at 

levels ,  and  respectively. 1L 2L 3L

Pyramidal Feature Tracking 

The goal of feature tracking is to identify the displacement of a feature from one 

image to another.  In the pyramidal approach, this displacement vector is computed for 

each level of the pyramid [7].  Computing the displacement vector [ ]TL
y

L
x

L dd=d is a 

matter of minimizing the following residual function. 

( ) ( ) ( ) ( )( )∑ ∑
+

−=

+

−=

++++−==
x

L
x

x
L
x

y
L
y

y
L
y

wu

wux

wu

wuy

L
y

L
y

L
x

L
x

LLL
y

L
x

LLL dgydgxByxAddd 2,,,εε . (15) 

Note that this residual function is similar to equation (14) but differs by the term 

[ TL
y

L
x

L ggg = ] .  This term represents the initial guess used to seed the iterative 

function.  The calculation starts at the highest level of the pyramid with .  

Using this guess, the displacement vector 

[ ]00=mLg

1−Lmd is found by minimizing equation (15).  

This d is then used to find the next g using this expression: 

( )LLL dgg +=− 21        (16) 
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The final displacement found by minimizing the residual function (15) for each level in 

the pyramid is 

∑
=

=
mL

L

LL dd
0
2         (17) 

The advantage of the pyramid implementation is that a small integration window 

can be used to meet the accuracy requirement while the pyramidal approach provides a 

robust method to track large displacements.  The size of the maximum detectable 

displacement is dependent on the number of levels in the pyramid.  The gain over the 

maximum detectible displacement in the underlying Lucas Kanade algorithm is: 

( )12 1
max −= +

−
mL

Gaind        (18) 

For a three-level pyramid, this produces a gain of 15 times the largest displacement 

detectable by the underlying Lucas Kanade step. 

Parameters of the Pyramidal Feature-tracking Algorithm 

Applying the pyramidal algorithm using the OpenCV C-language library is a matter of 
choosing the best values for the following parameters for the particular application. 

• Isize – This quantity represents the source image size.  Specifically the size of level 
L = L0 in the pyramid representation.  Larger images have greater detail and 
therefore can produce more accurate results.  Larger images also require more 
pyramid levels to track feature displacement.  These extra pyramid levels can 
contribute to more CPU time.  Each pyramid level represents a standard Lucas 
Kanade calculation. 

• QF. – This quantity represents which features are selected for tracking.  In terms of 
tracking quality, the upper %100)1( ×− FQ  features are selected for tracking.  The 
method for determining tracking quality is defined by Bouguet, Shi and Tomasi [7, 
8]. 

• NF – This quantity represents the number of features to track.  If the number of 
features in an image meeting the constraint defined by QF is greater than NF , only 
the best NF features are selected for tracking [8]. 
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• W – This quantity is equivalent to the values wx and wy in equation 14.  This 
quantity controls the size of the integration window and therefore determines the 
accuracy of the tracking algorithm. 

• Lm – This quantity represents the number of pyramid levels in the image.  As 
described above, this value determines the maximum detectible displacement of a 
feature.  It also determines how many times the Lucas Kanade algorithm is 
performed for each feature. 

 



CHAPTER 4 
SYSTEM INTEGRATION 

System Overview 

The following describes an object-oriented system framework in which vision 

processing components are easily interconnected to form a vision-processing pipeline.  

Typical vision-processing pipelines involve a number of transformations, filters and 

samplers connected in a meaningful way to perform a task. 

 

 
Figure 4-1. The System Overview 

The system described by this thesis is formed from the following components: 

4. Video Source (a camera or file) – The OpenCV library provides functionality to 
capture video from a file or a live camera. 

5. Feature extraction component – The feature extraction component is described in 
Chapter 3 as part of the feature tracking system. 

6. Image Segmentation Component – The segmentation component is described in 
Chapter 2. 

7. Optical Flow Component – The optical flow component is described in Chapter 3. 
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8. Video player / video recorder – The OpenCV library provides functionality to write 
a video stream to a file or to display it on the computer monitor. 

The Mediator Design Pattern 

By its nature, video processing is a demanding application for which data 

management is essential to a high performance application.  Furthermore, the design 

process and experimentation processes require that any vision system be made of 

reusable, decoupled, extensible and manageable components.  To meet these 

requirements, the system described in this thesis utilized the mediator design pattern [9]. 

The mediator design pattern defines a mediator class that serves as a means to 

decouple a number of colleague classes.  The mediator encapsulates the interaction of the 

colleague classes to the extent that they no longer interact directly.  All interaction 

happens through the mediator. 

The primary role of the mediator in this implementation is to distribute video 

frames from the output of one component to the inputs of other components.  Each 

component inherits a colleague class which implements an interface that allows the 

mediator to interact with the individual component.  When a component is initialized, it 

can subscribe to the output of another component.  Any frames produced by the source 

component will automatically be communicated to the subscribing component. 

The following describes the typical message exchange between a colleague and the 

mediator.  When the colleague changes its internal state in a way that other colleagues 

should know about, it communicates that change in state to the mediator class.  In this 

particular implementation, the colleague class notifies the mediator whenever the 

colleague has produced a frame of video.  The mediator then grabs the frames from the 
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output of the source colleague class and distributes the frames to the input of colleagues 

subscribing to the output of the source class. 

This mediator architecture is designed for expansion.  For example, the mediator 

class could implement a frame cache for an asynchronous system.  Another possible 

improvement is the addition of a configuration file for runtime configuration of the vision 

system.  The system would simply parse the configuration file and based on the contents 

it could connect the components in the correct order all without a line of code or a 

compiler. 

System Timing and the Observer Design Pattern 

A central clock controls the timing of the entire system.  The clock is implemented 

using the observer design pattern.  The purpose of this design pattern is to allow a 

number of objects to observe another object, the subject.  Whenever the state of the 

subject changes, all other subscribing objects, the observers, are notified.  In this 

implementation, the subject is an alarm clock.  Any class inheriting the observer class 

CWatch can subscribe to the clock.  As a parameter of the subscribe method call, the 

observing class passes a time period in milliseconds.  The clock will then notify the 

observer periodically according to the time period. 

In this implementation, the clock is useful when capturing data from a live camera.  

The clock also makes possible multiple frequencies within the system.  For example a 

feature-tracking algorithm can run at a rate of 30Hz while an image segmentation 

algorithm can run at a different rate such as1Hz. 

System Interaction 

Figure 4-1 illustrates how the components of the system are organized.  The 

feature-tracking algorithm runs in parallel with the serial combination of the 
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segmentation algorithm and the feature-extracting algorithm.  This organization is 

necessary to meet the performance requirements of the system.  Segmenting an image at 

the full 30Hz frame rate is both computationally expensive and unnecessary.  Instead, the 

segmentation can happen at a much lower frequency while the feature tracking algorithm 

runs at a full 30Hz.  The mediator pattern described earlier makes implementing a 

parallel architecture practical and easy.  Furthermore the system timing functionality 

provided by the clock allows for multiple frequencies within the system. 

The current implementation is not multi-threaded so this configuration does not 

currently make full use of the benefits provided by the architecture.  For example, the 

segmentation algorithm may run for one second.  In this second, the processor never 

passes control to the clock object and therefore the more frequent feature tracking 

updates are never made.  In a multi-threaded environment however, this blocking would 

not occur.  The low frequency segmentation algorithm could run concurrently with the 

higher frequency feature-tracking algorithm for the minor cost of thread management.  

The analysis in Chapter 5, System Performance, assumes that the system runs in a multi-

threaded environment. 

 



CHAPTER 5 
SYSTEM PERFORMANCE ANALYSIS 

System Performance Requirements 

A MAV such as the one developed by the AVCAAF group has a limited 

performance envelope.  As a fixed wing aircraft, it cannot hover nor slow down in order 

to complete a calculation before making a decision.  This characteristic translates into 

strict performance requirements for the underlying control systems.  While the object 

tracking system described by this paper is not a critical control system, it does run 

concurrently with the other vision systems and therefore indirectly affects overall MAV 

performance.  While an object tracking system may not provide control critical services, 

it would likely provide mission critical services for missions such as surveillance, search 

and rescue or even function as part of a landmark-based navigation system.  Another 

possible role critical to the survival of the MAV is collision avoidance.  An object 

tracking system should meet the following performance requirements. 

9. The system should be computationally efficient – It should not require a significant 
share of the available processing power.  Other more critical systems such as flight 
stability will run concurrently with the tracking system and should not be adversely 
affected by an inefficient tracking algorithm. 

10. The system should run at a rate useful for the particular mission – An update rate of 
1 update every 5 seconds may be sufficient for a navigation by landmark mission, 
but totally unsuitable for navigating a forest of skyscrapers. 
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Computational Complexity of Each Algorithm 

The dominant processes in this system are the feature tracking algorithm and the 

image segmentation algorithm.  This section describes the coupling of these components 

and how the parameters of the components affect the performance of the system overall 

Chapters 2 and 3 describe the complexity of each component.  The complexity of 

the segmentation algorithm is ( )sizesize II logO  while the complexity of the tracking 

algorithm is ( )sizeFm IwNLO log2 .  While the tracking algorithm has the w2 term, 

experimentation shows that the segmentation algorithm is the most computationally 

costly.  The reason for the disparity in actual CPU time is that the  is typically 

much smaller than the size of the image I

2wNL Fm

size. 

Analysis and Discussion 

Description of the Test Video Sequence 

The experiment was conducted on a video sequence that represents a typical MAV 

flight.  In this sequence the MAV is flying at an approximate altitude of 50 ft and an 

average speed of 25mph.  The conditions are a sky with scattered cumulus clouds and 

unlimited visibility (no haze).  The MAV is flying over a green field with regular patches 

of brown.  Tethered to a fence in the field are two red, helium-filled 8ft diameter 

balloons.  The balloons are partially covered on the bottom with a black tarp.  The 

presence of the tarp produces a black wedge in the circular image of each balloon. 

The video sequence captures the relative motion of two balloons.  Balloon A is on 

the left and balloon B is on the right.  The first frame in the video sequence contains the 

first frame in which balloon A entered the picture.  The last frame in the video sequence 

corresponds to the last frame in which balloon B is present. 
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In the initial frames of the video sequence, both balloons A and B are present.  

Balloon A is on the left and balloon B is on the right.  As the MAV flies toward the 

balloons, both balloons translate from right to left until only balloon B is within the 

image.  The MAV then turns left toward balloon B and flies directly toward it.  After 

leaving, balloon A never reenters the frame. 

To make the turns the MAV must roll and therefore each turn is marked by a 

rotation of the entire picture.  Also, the MAV must make slight altitude changes that are 

reflected as vertical motion in the picture. 

The video sequence is 108 frames long and was captured at 30 frames per second.  

Each frame in the sequence has a resolution of 720 by 480 pixels and is interlaced. 

Preprocessing 

The video sequence was preprocessed before running the experiments described in 

this chapter.  First the video was de-interlaced and then it was down sampled to 50% of 

the original size. 

De-interlacing was achieved by duplicating one of the fields for each frame in the 

interlaced sequence.  This reduced the vertical resolution by 50%, but this method 

prevented the introduction of ghost artifacts in the video. 

The video was down sampled by applying a radius-1 Gaussian blur and then a 

point-sampled resize by half.  This method avoids artifacts caused by aliasing, but at the 

cost of a blurrier output. Bilinear or bicubic filters may be a better choice to down sample 

the video and maintain quality without producing artifacts but the result of the Gaussian 

blur was sufficient. 
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Method 

The Segmentation algorithm and tracking algorithms are the primary subjects of the 

experiment.  Each algorithm has a set of parameters as described earlier in their 

respective chapters.  The objective of this experiment is to search the parameter space of 

these algorithms to find an optimal configuration.  The parameter space is huge and 

therefore an exhaustive search of the parameter space is not feasible.  Furthermore, 

because of the nature of the problem, quantitative experimental results cannot be used to 

determine the success of each experiment.  Instead, a human must evaluate each result 

set.  The human observer must classify the experiment as successful or unsuccessful. 

To search the parameter space, the parameters were adjusted with increasing 

computational efficiency until the algorithm no longer met its requirements.  Each of the 

algorithms was tested individually and compared against its requirements. 

Neither algorithm depends on the other to meet its requirements.  Each algorithm 

however will run on the same hardware and is therefore constrained by the availability of 

CPU time.  This analysis first describes how each algorithm behaves independent of the 

other.  The analysis then describes the performance of a system containing these two 

algorithms, specifically the frequency at which each algorithm can run in real-time given 

a specific hardware configuration. 

The computation performance of each experiment was measured using a code 

profiler.  The profiler measured the total CPU time used by each algorithm. 

Environment 

The experiments described in this chapter were performed on a Pentium III running 

at 800MHz with 512 MB RAM. 
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The Segmentation Algorithm 

Each experiment to measure the performance of the segmentation algorithm was 

performed by running the algorithm on all 108 frames in the video sequence.  To verify 

that the parameter k does not affect the computational performance, table 5-1 shows the 

results for k = 100, 1000, 5000 and 10000.  The different values of k did not change the 

time of computation, but did change the quality of the output.  As expected, lower values 

of k produced smaller components and therefore more components while larger values of 

k produced the opposite.  By qualitative observation, k  = 5000 produced the best 

segmentation of the test video.  This value of k was used to perform the remaining 

experiments. 

 

 A  B 
  

 C  D 
Figure 5-1.  Graph-based Segmentation Output.  A) Original image, B) k = 100, C) k = 

5,000, D) k = 10,000. 

 

 



28 

Table 5-1.  CPU Time for the Graph-Based Segmentation Algorithm 
Experiment k Cmin-size 

[pixels] 
Isize [pixels] Total CPU 

Time [sec] 
Average CPU 
Time per 
Frame[sec] 

1 100 50 360x240 452.7 4.2 
2 1000 50 360x240 406.1 3.8 
3 5000 50 360x240 443.0 4.1 
4 10000 50 360x240 428.0 4.0 
5 5000 50 270x180 

(75%) 
224.2 2.1 

6 5000 50 180x120 
(50%) 

107.4 1.0 

7 5000 50 90x60 (25%) 27.0 0.25 
 

The computational complexity of the segmentation algorithm dictates that the 

algorithm’s time of execution is dependent on the size of the image.  Table 5-1 shows the 

CPU time for the algorithm running on an image scaled by 1.0, 0.75, 0.5 and 0.25.  The 

total CPU time values accurately reflect the algorithm complexity . ( )sizesize IIO log
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Figure 5-2.  Segmentation Algorithm Performance. 

The algorithm meets its requirements for scale values 1.0, 0.75 and 0.5 but not for 

0.25.  There is a particular set of frames (frames 68 - 90) where the algorithm fails at 
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every scale.  In these frames the algorithm confuses a brown patch of dirt and grass in a 

field with the red balloon in the foreground. 

Pyramidal Lucas-Kanade Feature Tracker 

The dominant parameters in the feature-tracking algorithm are Lm, w, and NF.  

Table 5-2 shows results for combinations of Lm and w.  The algorithm requires a set of 

features to track as input.  The OpenCV library contains a function 

cvGoodFeaturesToTrack that finds the best features suitable for the tracking algorithm [3, 

4].  This function requires values for the parameters QF and NF.  These parameters were 

described in chapter 3. 

 

A B 
Figure 5-3.  Results from the Pyramidal Lucas-Kanade Feature Tracker.  A) NF = 200, B) 

NF = 1,000 

To improve performance the 30 FPS video was sampled at the lower frequencies of 

15, 10 and 5 FPS.  Running at lower frequencies requires that the algorithm work for 

larger displacements of the features between frames.  This scenario is precisely what the 

pyramidal L-K tracker was designed to fulfill.  The algorithm maintained a good track for 

the 15 and 10Hz runs.  The algorithm started losing points during tracking for the 5Hz 

run even with the maximum number of Pyramid levels Lm = 4. 
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Table 5-2. CPU Time for the Pyramidal Implementation of the Lucas Kanade Feature-
tracking Algorithm. 

Experiment Frames 
per Second 

Lm w NF Average 
CPU Time 
per Frame 
[µsec] 

CPU Load 

8 30 1 2 100 6,677.45 20.03%
9 30 2 2 100 8,495.98 25.49%
10 30 3 2 100 7,287.76 21.86%
11 30 1 3 100 6,909.44 20.73%
12 30 2 3 100 7,950.88 23.85%
13 30 3 3 100 8,758.49 26.28%
14 30 3 3 50 5,617.95 16.85%
15 30 3 3 200 15,172.56 45.52%
16 30 3 3 1000 73,582.15 220.75%
17 15 3 3 200 13,276.56 19.91%
18 10 3 3 200 14,025.36 14.03%
19 5 4 3 200 13,326.06 6.66%
In experiment 16, the feature extractor quality parameter had to be set to 0.005 to get 
enough points to meet the NF = 1000. 
 
Coupling of Algorithms 

The segmentation algorithm requires significantly more computation than the 

feature tracker.  This is easy to understand by recalling the computational complexity of 

the algorithms.  The segmentation algorithm was highly dependent on the size of the 

image: Isize.  While the feature tracking algorithm was highly dependent on the number of 

feature points to be tracked: NF.  This difference is intuitive: the segmentation algorithm 

must run on every pixel in the image while the feature tracking algorithm must only run 

on a small set of pixels.  Also the tracking algorithm exhibited robust performance at low 

frequencies: 15 and 10Hz.  As with most algorithms there is a tradeoff between accuracy 

and performance.  Figure 5-4 charts the performance of the coupled algorithms against 

the period of the segmentation algorithm. 
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Figure 5-4.  The Performance of the Coupled Segmentation and Tracking Algorithms.  

Results plotted for images with sizes 360x240, 270x180 and 180x120 at 
tracking frequencies of 30, 15 and 10 FPS. 

The AVCAAF MAV flies at a speed of 36.7 ft/sec (25 MPH).  Assuming that the 

MAV is flying in a straight line in a static world, in order to detect an object before it is 

within 100ft, the MAV must refresh its knowledge of objects once every 2.73 seconds 

(the time to cover 100ft at 25MPH).  Figure 5-4 shows that this can be achieved using the 

50% scaled image (180x120) and a tracking frequency between 10 and 30 without 

loading the CPU any more than 65%.  Tracking at 10 FPS puts a 50% load on the 

processor while tracking at 30 FPS loads the processor approximately 64%.  Using the 

75% scaled image, the system would exceed the available CPU power at a 30 FPS 

tracking frequency and use 100% of the processor for tracking frequencies of 10 and 15 

FPS.  Using 100% of the processor for object tracking is impractical because there are 

likely other systems more critical to MAV flight requiring CPU resources

 



CHAPTER 6 
CONCLUSION AND FUTURE WORK 

The results from chapter 5 show that the Pyramidal Implementation of the Lucas 

Kanade feature tracker is robust and computationally efficient algorithm.  It is capable of 

meeting functional and performance requirements over a range of configurations.  The 

graph-based segmentation algorithm, while capable of meeting the functional and 

performance requirements marginally, did not perform in a robust or computationally 

efficient manner. 

Future Work for the Pyramidal Implementation of the Lucas Kanade Feature 
Tracker 

The Lucas Kanade algorithm was designed an image registration algorithm for the 

purposes of stereo vision, but it has many applications beyond stereo vision.  This paper 

shows how the algorithm can be used to track moving objects from a moving camera.  

Structure from motion and image mosaic registration are other applications that could be 

useful in MAV missions.  The Lucas Kanade algorithm is a unifying framework [10]. 

They pyramidal implementation allows for efficient computation of optical flow for 

a specific set of points in the image.  An arbitrary set of points or even the entire image 

can be calculated.  Using the architecture described in Chapter 4, the optical flow 

processing component can be shared by other video components in the system.  This 

reduces redundant calculations. 
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Future Work for the Segmentation Algorithm  

A possible optimization for the segmentation algorithm is to optimize for distance 

in the image (the further the distance the less detailed the image has).  The segmentation 

algorithm functions at a fixed level of detail.  This fixed level of detail is optimized for a 

specific distance in the image, but not for all distances in the image.  The AVCAAF 

MAV uses a vision system for estimating the location of the horizon in the image[3].  

One improvement would be to use the horizon estimate as a way to identify the distance 

to a pixel in 3D space.  The segmentation algorithm could be adjusted to discriminate at 

finer detail for pixels further in the image. 
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	An object to be tracked has identifiable features.
	These features can be tracked by a correspondence mechanism over a sequence of frames.
	Each feature instance belongs to only one object during the period of time in which the tracking occurs.
	CHAPTER 2
	A GRAPH-BASED SEGMENTATION ALGORITHM
	Functional and Performance Requirements for Segmentation

	In [5] a graph-based image segmentation algorithm is defined.  The segmentation algorithm is designed to meet the following requirements:
	The algorithm should capture perceptually different regions of an image.
	The algorithm should account for local as well as global information while partitioning the image regions.
	The algorithm should be efficient, running in time nearly linear in the number of image pixels.
	Graph-Based Segmentation

	In Felzenszwalb and Huttenlocher [5] a graph-based approach is presented.  An image is represented as an undirected graph �.  V represents the vertices of the graph and corresponds one-to-one with the pixels in the image.  E represents the edges between
	
	The Comparison Predicate


	Requirement 2 above describes a need to take into account global and local information when forming a component in the segmentation.  The comparison predicate described by Felzenszwalb and Huttenlocher [5] is designed to meet this requirement.  The predi
	The predicate is defined in terms of two quantities, the minimum internal distance of two components C1 and C2 and the difference between components C1 and C2.  The minimum internal distance captures the global information of the two components and forms
	,
	where the internal difference Int is defined as the largest weight in the minimum spanning tree of the component, �,
	for
	The difference between the components C1 and C2 is the minimum weight in the edges connecting the two components,
	for
	By comparing the minimum internal difference of the components with the smaller of the two internal differences, a predicate � can be defined.  If true, edge �forms a boundary between components C1 and C2, otherwise C1 and C2 are the same component.
	True if �; False otherwise
	This formulation has only one parameter, k.  The parameter k is coupled with the system by way of the threshold function t.  The threshold function � defines by how much the differences between the components must exceed the lesser of the two component i
	The parameter k determines granularity of the segmentation.  Larger values of k produce larger components and therefore fewer components per image.  Smaller values of k produce smaller components and therefore more components per image.
	
	The Segmentation Algorithm


	Felzenszwalb and Huttenlocher [5] apply the predicate function using the following algorithm:
	Calculate the weight for all edges in E.
	Sort E into non-decreasing order by edge weight resulting in the sequence
	Assign all vertices in V one-to-one with components � so that each vertex belongs to its own component.
	for i = 1 to m do the following
	Let
	if Ci and Cj are different components AND�� is false, then merge Ci and Cj; otherwise do nothing.
	Return � where n is the number of components remaining.
	This algorithm runs in �time where m denotes the number of edges in E.
	
	Qualitative Analysis


	Figure 2-1 shows an image and its segmentation using this technique.  Regions of little dissimilarity, such as the dark region to the left of the butterfly, are properly segmented.  More interesting is the left side of the leaf on which the butterfly sit
	A
	B
	Figure 2-1.  Graph-based Image Segmentation Results.  A) Original Image.  B) Segmented image labeled in randomly chosen colors.
	A close inspection of the upper wing reveals much smaller speckles of white between the larger dots of white in the.  The dark speckled background of the wing is segmented as a single component.  Also evident from this picture is that the algorithm does
	
	Parameters of the Segmentation Algorithm


	The author of [5] also published C++ language code implementing this segmentation algorithm.  This implementation accepts the following parameters:
	Isize – This quantity represents the size of the 
	k – This quantity represents the threshold used t
	Cmin-size – This quantity defines the minimum siz
	CHAPTER 3
	THE LUCAS KANADE FEATURE TRACKING ALGORITHM
	The Lucas Kanade Correspondence Algorithm

	Lucas and Kanade [6] describe an algorithm for registering like features in a pair of stereo images.  The registration algorithm attempts to locate a feature identified in one image with the corresponding feature in another image.  Despite stereo vision
	The algorithm solves the following problem.  Two images that are separated by space or time or both (within a small amount of time or space) have corresponding features.  These features exists somewhere in space relative to the camera.  As the camera m
	Lucas and Kanade describe this more formally [6], define the feature of interest in image A as the vector � and define the same feature in the image B as �.  The problem is to find the vector �.  The algorithm works by searching image B for a best match
	The method used to search for the minimal difference.
	The algorithm to calculate the value of the difference.
	Lucas and Kanade point out that each of these aspects are loosely coupled so implementation can be realized through any combination of searching and differencing algorithms.
	Lucas and Kanade’s approach uses the spatial inte
	Lucas and Kanade first describe their solution in
	,(1)
	(2)
	In other words by knowing the rate of change of intensity around x in � and the difference in intensity between � and �, the offset h can be determined.  This approach assumes linearity and will only work for small distances where there are no local mini
	Equation 2 is correct if �.  To find the value of h where this is true, the possible values of h need to be explored and a best match determined.  To identify this best match the following error function is defined:
	(3)
	The value of h can be determined by minimizing (3).
	(4)
	(5)
	These approximations rely on the linearity of � around x.  To reduce the effects of non-linearity, Lucas and Kanade propose weighting the error function more strongly where there is linearity and less strongly where there is not linearity.  In other word
	(6)
	Recognizing that this weight will be used in an average, the constant factor � can be dropped and the weighting function can be
	(7)
	Including this weighting function (7), the iterative form of (5) becomes
	(8)
	Equation (8) describes the iterative process where each new value of h adds on to the previous value.  The weighting function serves to increase the accuracy of the approximation by filtering out the cases where the linearity assumption is invalid.  Th
	Lucas and Kanade describe how the one-dimensional case can be generalized into an n-dimensional case.  Similar to the one-dimensional case, the objective is to minimize the error function:
	,(9)
	where � and � are n-dimensional row vectors.  The one-dimensional linear approximation in equation 1 becomes
	,(10)
	where �is the gradient operator with respect to �.  Using this multi-dimensional approximation Lucas and Kanade minimize E.
	(11)
	Solving for � produces
	,(12)
	The Lucas Kanade method described above works for a translation of a feature.  Recognizing this, they generalize their algorithm even further by accounting for an arbitrary linear transformation such as rotation, shear and scaling.  This is achieved by i
	�
	and the error functions 3 and 9 become
	(13)
	resulting in a system of linear equations to be solved simultaneously.
	Because of the linearity assumption, tracking large displacements is difficult. Smoothing the image can remove the high frequency components that make the linearity assumption more valid and allow for a larger range of convergence.  Smoothing the image h
	The Pyramidal Implementation of the Lucas Kanade Correspondence Algorithm

	The Open Source Computer Vision Library (OpenCV) sponsored by Intel Corporation is a library written in the C programming language that contains a Lucas-Kanade feature-tracking algorithm.  The OpenCV implementation makes use of the pyramid method sugge
	
	The Residual Function


	The OpenCV mathematical formalization differs slightly from the Lucas Kanade formalization.  Described by Bouguet [7] the formulation is as follows: Let � and � represent the images between which the feature correspondence should be determined.  OpenCV d
	(14)
	This equation defines a neighborhood of size �.  While the Lucas-Kanade algorithm defines a region of interest over which the error function should be summed, the OpenCV implementation is more specific and defines a small integration window defined in te
	
	Functional and Performance Requirements


	The pyramidal algorithm is designed to meet two important requirements for a practical feature tracker:
	The algorithm should be accurate.  The object of a tracking algorithm is to find the displacement of a feature in two different images.  An inaccurate algorithm would defeat the purpose of the algorithm in the first place.
	The algorithm should be robust.  It should be insensitive to variables that are likely to change in real world situations.  Variables such as variation in lighting, the speed of image motion and patches of the image moving at different velocities.
	In addition to these requirements, in practice, the algorithm should meet a performance requirement:
	The algorithm should be computationally inexpensive.  The purpose of tracking is to identify the motion of features from frame to frame so the algorithm generally will run at a frequency equal to the frame rate.  Most vision systems perform a series of p
	In the basic Lucas Kanade algorithm there is a tradeoff between the accuracy and robustness requirements.  In order to have accuracy, a small integration window insures that the details in the image are not smoothed out.  Preventing the loss of detail is
	
	The Pyramid Representation


	The pyramid representation of image � is a collection of images recursively derived from �.  The images are organized into pyramid levels � where the original image � is �.  Each image in the pyramid, increasing in level, is a down sampling of the previo
	
	Pyramidal Feature Tracking


	The goal of feature tracking is to identify the displacement of a feature from one image to another.  In the pyramidal approach, this displacement vector is computed for each level of the pyramid [7].  Computing the displacement vector �is a matter of mi
	.(15)
	Note that this residual function is similar to equation (14) but differs by the term �.  This term represents the initial guess used to seed the iterative function.  The calculation starts at the highest level of the pyramid with �.  Using this guess, 
	(16)
	The final displacement found by minimizing the residual function (15) for each level in the pyramid is
	(17)
	The advantage of the pyramid implementation is that a small integration window can be used to meet the accuracy requirement while the pyramidal approach provides a robust method to track large displacements.  The size of the maximum detectable displaceme
	(18)
	For a three-level pyramid, this produces a gain of 15 times the largest displacement detectable by the underlying Lucas Kanade step.
	
	Parameters of the Pyramidal Feature-tracking Algorithm


	Applying the pyramidal algorithm using the OpenCV C-language library is a matter of choosing the best values for the following parameters for the particular application.
	Isize – This quantity represents the source image
	QF. – This quantity represents which features are
	NF – This quantity represents the number of featu
	W – This quantity is equivalent to the values wx 
	Lm – This quantity represents the number of pyram
	CHAPTER 4
	SYSTEM INTEGRATION
	System Overview

	The following describes an object-oriented system framework in which vision processing components are easily interconnected to form a vision-processing pipeline.  Typical vision-processing pipelines involve a number of transformations, filters and sample
	�
	Figure 4-1. The System Overview
	The system described by this thesis is formed from the following components:
	Video Source \(a camera or file\) – The OpenCV�
	Feature extraction component – The feature extrac
	Image Segmentation Component – The segmentation c
	Optical Flow Component – The optical flow compone
	Video player / video recorder – The OpenCV librar
	The Mediator Design Pattern

	By its nature, video processing is a demanding application for which data management is essential to a high performance application.  Furthermore, the design process and experimentation processes require that any vision system be made of reusable, decoup
	The mediator design pattern defines a mediator class that serves as a means to decouple a number of colleague classes.  The mediator encapsulates the interaction of the colleague classes to the extent that they no longer interact directly.  All interacti
	The primary role of the mediator in this implementation is to distribute video frames from the output of one component to the inputs of other components.  Each component inherits a colleague class which implements an interface that allows the mediator to
	The following describes the typical message exchange between a colleague and the mediator.  When the colleague changes its internal state in a way that other colleagues should know about, it communicates that change in state to the mediator class.  In th
	This mediator architecture is designed for expansion.  For example, the mediator class could implement a frame cache for an asynchronous system.  Another possible improvement is the addition of a configuration file for runtime configuration of the vision
	System Timing and the Observer Design Pattern

	A central clock controls the timing of the entire system.  The clock is implemented using the observer design pattern.  The purpose of this design pattern is to allow a number of objects to observe another object, the subject.  Whenever the state of the
	In this implementation, the clock is useful when capturing data from a live camera.  The clock also makes possible multiple frequencies within the system.  For example a feature-tracking algorithm can run at a rate of 30Hz while an image segmentation alg
	System Interaction

	Figure 4-1 illustrates how the components of the system are organized.  The feature-tracking algorithm runs in parallel with the serial combination of the segmentation algorithm and the feature-extracting algorithm.  This organization is necessary to mee
	The current implementation is not multi-threaded so this configuration does not currently make full use of the benefits provided by the architecture.  For example, the segmentation algorithm may run for one second.  In this second, the processor never pa
	CHAPTER 5
	SYSTEM PERFORMANCE ANALYSIS
	System Performance Requirements

	A MAV such as the one developed by the AVCAAF group has a limited performance envelope.  As a fixed wing aircraft, it cannot hover nor slow down in order to complete a calculation before making a decision.  This characteristic translates into strict perf
	The system should be computationally efficient – 
	The system should run at a rate useful for the pa
	Computational Complexity of Each Algorithm

	The dominant processes in this system are the feature tracking algorithm and the image segmentation algorithm.  This section describes the coupling of these components and how the parameters of the components affect the performance of the system overall
	Chapters 2 and 3 describe the complexity of each component.  The complexity of the segmentation algorithm is � while the complexity of the tracking algorithm is �.  While the tracking algorithm has the w2 term, experimentation shows that the segmentation
	Analysis and Discussion
	Description of the Test Video Sequence


	The experiment was conducted on a video sequence that represents a typical MAV flight.  In this sequence the MAV is flying at an approximate altitude of 50 ft and an average speed of 25mph.  The conditions are a sky with scattered cumulus clouds and unli
	The video sequence captures the relative motion of two balloons.  Balloon A is on the left and balloon B is on the right.  The first frame in the video sequence contains the first frame in which balloon A entered the picture.  The last frame in the video
	In the initial frames of the video sequence, both balloons A and B are present.  Balloon A is on the left and balloon B is on the right.  As the MAV flies toward the balloons, both balloons translate from right to left until only balloon B is within the
	To make the turns the MAV must roll and therefore each turn is marked by a rotation of the entire picture.  Also, the MAV must make slight altitude changes that are reflected as vertical motion in the picture.
	The video sequence is 108 frames long and was captured at 30 frames per second.  Each frame in the sequence has a resolution of 720 by 480 pixels and is interlaced.
	
	Preprocessing


	The video sequence was preprocessed before running the experiments described in this chapter.  First the video was de-interlaced and then it was down sampled to 50% of the original size.
	De-interlacing was achieved by duplicating one of the fields for each frame in the interlaced sequence.  This reduced the vertical resolution by 50%, but this method prevented the introduction of ghost artifacts in the video.
	The video was down sampled by applying a radius-1 Gaussian blur and then a point-sampled resize by half.  This method avoids artifacts caused by aliasing, but at the cost of a blurrier output. Bilinear or bicubic filters may be a better choice to down sa
	Method

	The Segmentation algorithm and tracking algorithms are the primary subjects of the experiment.  Each algorithm has a set of parameters as described earlier in their respective chapters.  The objective of this experiment is to search the parameter space o
	To search the parameter space, the parameters were adjusted with increasing computational efficiency until the algorithm no longer met its requirements.  Each of the algorithms was tested individually and compared against its requirements.
	Neither algorithm depends on the other to meet its requirements.  Each algorithm however will run on the same hardware and is therefore constrained by the availability of CPU time.  This analysis first describes how each algorithm behaves independent of
	The computation performance of each experiment was measured using a code profiler.  The profiler measured the total CPU time used by each algorithm.
	
	Environment


	The experiments described in this chapter were performed on a Pentium III running at 800MHz with 512 MB RAM.
	
	The Segmentation Algorithm


	Each experiment to measure the performance of the segmentation algorithm was performed by running the algorithm on all 108 frames in the video sequence.  To verify that the parameter k does not affect the computational performance, table 5-1 shows the re
	A
	B
	C
	D
	Figure 5-1.  Graph-based Segmentation Output.  A) Original image, B) k = 100, C) k = 5,000, D) k = 10,000.
	Table 5-1.  CPU Time for the Graph-Based Segmentation Algorithm
	Experiment
	k
	Cmin-size [pixels]
	Isize [pixels]
	Total CPU Time [sec]
	Average CPU Time per Frame[sec]
	1
	100
	50
	360x240
	452.7
	4.2
	2
	1000
	50
	360x240
	406.1
	3.8
	3
	5000
	50
	360x240
	443.0
	4.1
	4
	10000
	50
	360x240
	428.0
	4.0
	5
	5000
	50
	270x180 (75%)
	224.2
	2.1
	6
	5000
	50
	180x120 (50%)
	107.4
	1.0
	7
	5000
	50
	90x60 (25%)
	27.0
	0.25
	The computational complexity of the segmentation 
	�
	Figure 5-2.  Segmentation Algorithm Performance.
	The algorithm meets its requirements for scale values 1.0, 0.75 and 0.5 but not for 0.25.  There is a particular set of frames (frames 68 - 90) where the algorithm fails at every scale.  In these frames the algorithm confuses a brown patch of dirt and 
	
	Pyramidal Lucas-Kanade Feature Tracker


	The dominant parameters in the feature-tracking algorithm are Lm, w, and NF.  Table 5-2 shows results for combinations of Lm and w.  The algorithm requires a set of features to track as input.  The OpenCV library contains a function cvGoodFeaturesToTrack
	A
	B
	Figure 5-3.  Results from the Pyramidal Lucas-Kanade Feature Tracker.  A) NF = 200, B) NF = 1,000
	To improve performance the 30 FPS video was sampled at the lower frequencies of 15, 10 and 5 FPS.  Running at lower frequencies requires that the algorithm work for larger displacements of the features between frames.  This scenario is precisely what the
	Table 5-2. CPU Time for the Pyramidal Implementation of the Lucas Kanade Feature-tracking Algorithm.
	Experiment
	Frames per Second
	Lm
	w
	NF
	Average CPU Time per Frame [µsec]
	CPU Load
	8
	30
	1
	2
	100
	6,677.45
	20.03%
	9
	30
	2
	2
	100
	8,495.98
	25.49%
	10
	30
	3
	2
	100
	7,287.76
	21.86%
	11
	30
	1
	3
	100
	6,909.44
	20.73%
	12
	30
	2
	3
	100
	7,950.88
	23.85%
	13
	30
	3
	3
	100
	8,758.49
	26.28%
	14
	30
	3
	3
	50
	5,617.95
	16.85%
	15
	30
	3
	3
	200
	15,172.56
	45.52%
	16
	30
	3
	3
	1000
	73,582.15
	220.75%
	17
	15
	3
	3
	200
	13,276.56
	19.91%
	18
	10
	3
	3
	200
	14,025.36
	14.03%
	19
	5
	4
	3
	200
	13,326.06
	6.66%
	In experiment 16, the feature extractor quality parameter had to be set to 0.005 to get enough points to meet the NF = 1000.
	
	Coupling of Algorithms


	The segmentation algorithm requires significantly more computation than the feature tracker.  This is easy to understand by recalling the computational complexity of the algorithms.  The segmentation algorithm was highly dependent on the size of the imag
	�
	Figure 5-4.  The Performance of the Coupled Segmentation and Tracking Algorithms.  Results plotted for images with sizes 360x240, 270x180 and 180x120 at tracking frequencies of 30, 15 and 10 FPS.
	The AVCAAF MAV flies at a speed of 36.7 ft/sec (25 MPH).  Assuming that the MAV is flying in a straight line in a static world, in order to detect an object before it is within 100ft, the MAV must refresh its knowledge of objects once every 2.73 second
	CHAPTER 6
	CONCLUSION AND FUTURE WORK
	The results from chapter 5 show that the Pyramidal Implementation of the Lucas Kanade feature tracker is robust and computationally efficient algorithm.  It is capable of meeting functional and performance requirements over a range of configurations.  Th
	Future Work for the Pyramidal Implementation of the Lucas Kanade Feature Tracker

	The Lucas Kanade algorithm was designed an image registration algorithm for the purposes of stereo vision, but it has many applications beyond stereo vision.  This paper shows how the algorithm can be used to track moving objects from a moving camera.  S
	They pyramidal implementation allows for efficient computation of optical flow for a specific set of points in the image.  An arbitrary set of points or even the entire image can be calculated.  Using the architecture described in Chapter 4, the optical
	Future Work for the Segmentation Algorithm

	A possible optimization for the segmentation algorithm is to optimize for distance in the image (the further the distance the less detailed the image has).  The segmentation algorithm functions at a fixed level of detail.  This fixed level of detail is
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