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Abstract

Abstract
In order to have accurate, safe and reliable remote control for mobile robots, it is necessary
to track their motion. With new high technology systems, fools for imaging and image acquisition
are becoming less expensive every day. Consequently, vision-based systems are considered
practical for tracking purposes. Most of the present motion-detection systems used for control
of heavy duty hydraulic machines depend on external equipment like inertial sensors, deadreckoning or laser beacons. There are also a few existing systems for navigation purposes
that are based on vision, but they do not perform in real-time or they require a partially known
environment. The goal of this thesis is the design and implementation of a stand-alone motiontracking system, to track the local motion of a machine-mounted down-looking camera in realtime. By installing the camera under the base of a mobile robot, the local trajectory of that robot in
an unstructured environment can be tracked. In the present work we use a computational vision
approach to design an image registration system to estimate the two dimensional translation,
rotation and small scaling factor from two partially overlapping Images. This is done in real-time
(about 20 frames per second) even when there is simultaneous rotation and translation occurring
between the two successive frames and images may have few significant features. To reduce
the processing time and obtain information from different regions of the image, we process only
selected regions of interest of the original image. An initial estimate is used to select those
regions, so that regions contain similar features with the least possible disparity. This method,
with the aid of a coarse-to-fine search method, makes the motion-detection algorithm able to
execute in about 45ms and detect a dependable rotation of up to 11.25 degrees and translations
of up to 8 pixels for each pair of image frames.
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Chapter 1
Introduction

In the last few years, a considerable amount of interest has been devoted to robotics and mobile robots. There is a wide range of applications for mobile robots, in forestry, construction and
transportation of dangerous materials. Accordingly, some work has been done in autonomous
guidance of vehicles that are used for the above purposes, such as excavators, bulldozers, and
road finishers [1],[2],[3]. Such machines are able to follow a commanded path. However, there
are many different environmental or communication factors, such as slippery surfaces, interaction with obstacles, etc., that might lead to failures. Therefore, for accurate guidance, with the
ability of position correction, it is necessary to locate the machine and get feedback about the
path that it has followed. The need for a reliable and inexpensive system for guidance of mobile
robots, has led us to the development of a dependable and fast motion-tracking system based
on vision. Through our eyes, not only we can derive a rich understanding of what is in the world
and where it is located, but also we can locate and track our motion. The same principle can be
used in motion-tracking of a mobile robot, by using a vision system.
The purpose of this project is to develop and implement an algorithm to track the motion of
a mobile robot in real-time by using image registration. By mounting a down-looking camera on
a mobile robot, the problem of tracking the motion of the robot becomes similar to tracking the
motion of the camera. With the assumption that the robot moves on a two-dimensional plane,
detection of two-dimensional translation and rotation between each pair of successive images,
continuously taken from the ground, will be sufficient to track the camera's movements.
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Image registration is a fundamental task in image analysis and is used to match two or more
pictures taken at different times, from different sensors, or from different viewpoints. It enables the
images taken in different physical conditions to be aligned by a spatial transformation. Therefore,
detection and measurement of the variations in the images is possible. To track the motion of an
image, via image registration, it is first necessary to find enough reliable, informative patches in
the image and then, to detect their corresponding matches in the moved image. Finally, with all
relative location of features and their corresponding matches, an over-constrained linear equation
is built that leads to the detection of the existing transformation between images.
Normally, since the computation time for feature extraction and match detection is too high,
it is not possible to process every incoming image in real-time. Therefore, only a certain number
of images can be processed. Obviously, in processing fewer images with a larger temporal gap
between them, there is a higher chance of having a bigger change of disparity in the images.
As the images might move farther, the size of the search area must increase. Since the spatial
disparity between corresponding image features becomes larger, the bigger search area requires
more computation time. In addition, sampling the images in larger intervals can also lead to
difficulty in predicting the motion, since the range of potential motion increases. Thus, it is
desired to decrease the amount of computation time and increase the rate of processing images
as much as possible.
In this thesis, we focus on processing a few selected regions out of whole images in multiscale resolution, to have a fast registration algorithm. Velocity prediction is used to obtain an
approximate location of the corresponding regions to be selected. This saves a lot of computation
time, since the entire image does not need to be searched for corresponding features. Since
at a higher rate of image processing, the expected spatial disparity between images is smaller,
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motion can be predicted more accurately. The other consideration is that some terrain might
lack objects with specific structures. We found that corners, rather than other structured features,
are the most suitable features to be tracked. Corners are extracted reliably with a relatively low
computational cost, in a multi resolution hierarchy. Then, a correlation-based metric, which is
robust to the environmental change of illumination intensity, is used to locate the corresponding
matches, with subpixel accuracy. Some methods are also presented to eliminate false matches,
such as match verification, and discarding of matches that have high residuals relative to the
best fit of the least squares estimation.
In Chapter 2 we briefly study some of the previous work done on motion tracking. A
background on image registration and its general requirements, which could lead to the selection
of an efficient registration algorithm, follows in Chapter 3. Next, Chapter 4, presents the main
procedures of the proposed motion-detection algorithm, including the generation of sub-images
and resolution pyramid and a brief review of our image registration algorithm. The velocity
prediction based on the results of registration, is also covered in this chapter. The details
of image registration, which is one of the major components of the presented motion-detection
algorithm, is explained in Chapter 5. Also the selected methods for feature extraction, matching in
subpixel resolution, match verification and finally translation and rotation estimation are explained
in details. Then, the implementation issues and experimental results on synthetic and real
images are discussed in Chapter 6. Finally, Chapter 7 concludes this dissertation with some
recommendations for future improvements.
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Chapter 2
Related Work on Motion Tracking

Many different approaches to resolving motion tracking problems have been undertaken. As
reviewed by Borenstein er a/.[4], the ones mostly used for navigation purposes operate on the
basis of tracking the motion of mobile machines by using sensors mounted on them. These
methods can be categorized into the following groups based on the type of sensors used:
1. Inertial sensors such as gyroscopes and accelerometers
2. Sensors for dead-reckoning and odometry
3. vision systems based on:
a. Active beacons
b. Landmarks
c. Image Correspondences
i.

Model-based positioning

ii. Feature-based positioning
The positioning methods that are based on active beacons and landmarks provide absolute
position measurements, however the other methods are appropriate for relative positioning
measurements. Because of the lack of a single, generally good method, developers of automated
guided vehicles normally combine the two methods, one from each category.
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In this chapter, we will review some of the recent work done in the above area. We will mainly
concentrate on vision systems which compute the correspondence between two successive
images.

2.1 Inertial Navigation
The principle of inertial navigation involves continuous sensing of minute accelerations in
each of the three directional axes and integrating them over time to derive velocity and position.
A gyroscopically stabilized sensor platform is used to maintain consistent orientation of the three
accelerometers throughout this process. Inertial devices can provide accurate information on the
attitude of a vehicle. But to obtain the desired accuracy, an inertial navigation system of very
high standard is required, the price of which is unacceptable for practical use in mobile machines.
For example, a high quality inertial navigation system found in a commercial airliner will have a
typical drift of about 1850 meters per hour of operation and cost between $50K and $70K[5].
A hyper-frequency system such as GPS (General Positioning System) gives the 3-D position
coordinates. However, its accuracy is not very high. DGPS (Differential GPS) can derive a higher
precision of the order of one meter in. real-time[6]. In addition, the GPS update time is very slow
and it cannot be used under structures or even dense foliage.
An integrated inertial platform consisting of three gyroscopes, a biaxial accelerometer and two
tilt sensors is described in [7]. Their system is designed for estimating the position and orientation
of a moving robot vehicle. Gyroscopes provide angular rate information and accelerometers
provide velocity rate information. By supplying error models for inertial sensors, they claim a
maximum, rotation error of. 1-3 degrees/min and a position drift rate of 1-8 cm/sec. We wish to
obtain higher accuracy with our vision system.
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2.2 Dead-Reckoning and Odometry
Dead-reckoning (originating from "deduces reckoning" of sailing days) is a simple mathematical procedure for determining the present location of a vessel by advancing some previous
position through the known course and velocity information, over a given length of time[8].
The most simplistic implementation of dead-reckoning is odometry. Odometry is based on
simple equations that utilize data from inexpensive incremental wheel encoders, such as brush
encoders, potentiometers, synchros, resolvers, optical encoders, magnetic encoders, inductive
encoders and capacitive encoders. However, odometry is also based on the assumption that
wheel revolutions can be translated into linear displacement relative to the floor. This assumption
is not always valid, as slippage is one extreme example. In the case that one wheel slips, then
the associated encoders will register an invalid revolutionary motion. There are some other
reasons for inaccuracies in the translation of wheel encoder readings into linear motion such
as unequal wheel diameters, misalignment of the wheels, finite encoder sampling rate or travel
over uneven surfaces. For a survey on different dead-reckoning approaches and measurement
of odometry errors, the reader can refer to the survey done by Borenstein et al.[4].

2.3 Vision Based Approaches
2.3.1 Active Beacons
Active beacon navigation systems are the most common and reliable navigation aids for ships
and airplanes [4]. Vision approaches using active beacons allow for high sampling rates and
high reliability, but they require high cost installation and the maintenance of beacons. Accurate
mounting of beacons is necessary for accurate positioning. So the most important drawback of
the active beacon navigation systems is that they cannot be used in unstructured sites.
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Corre and Garcia[1] present a sensory system that provides the position, attitude and speed
of a mobile robot. A turning linear CCD camera attached to the vehicle, receives light from
sources located on the site. The system derives the azimuth and height angles of the light
sources. Consequently, the location and the speed of the robot at each reading of a beacon is.
computed. With the rotational speed of one revolution per two seconds and three beacons, the
position information could be updated three times in two seconds. To estimate the position at
any instant, it is suggested that linear interpolation or a Kalman filter be used.
Transitions Research Corporation, TRC has introduced a beacon navigation system, which
calculates vehicle position and heading at ranges up to 24.4 meters, within a quadrilateral
24.4x24.4 m area defined by four passive retroreflective beacons [9]. A static, 15 second
2

unobstructed view of all four beacons is required for initial acquisition and setup. Then, only two
beacons must remain in view as the robot moves about. The system resolution is 120 mm in
translation and 0.125° for rotation in the horizontal plane. The scan unit has a maximum of 1 Hz
update rate. A dedicated 68HC11 microprocessor continuously outputs navigational parameters
(x,y,0) to the vehicles on-board controller via an RS-232 serial port.

2.3.2 Landmarks
Landmarks are distinct features that a robot can recognize from its sensory input. In general,
landmarks have a fixed and known position relative to which a robot can localize itself. Landmarks
can be categorized in two main groups: artificial and natural landmarks. Natural landmarks are
those objects or features that are already in the environment and have other functions than just
for robot navigation. In contrast, artificial landmarks are specially-designed objects or markers
that need to be placed in the environment for the purpose of robot navigation. The main task in
localization based on landmarks is first to recognize the landmarks reliably and then to calculate
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the robot's position.
Abe et a/.[10] proposed a vision navigation system based oh natural landmarks. The
system recognizes outlets of air conditioning systems located on the ceiling as landmarks. They
apply Fuzzy Template Matching to detect the landmarks in an image, in addition to a neural
network for fast detection. The navigation system can then calculate the distance and the
angle of the landmark from the map information. As a result, the present robot position and
orientation is identified. Their experimental results show that with a system composing a cpu
with two transputers and two cameras all recognition and distance measurements take about
four seconds. They could derive satisfactory results with the robot's maximum speed of 2 km/hr.
The above positioning systems require structured targets (landmarks), so they are not
suitable for motion tracking in an unstructured environment.

2.3.3 Image Correspondence
One of the most efficient vision-based approaches to motion tracking is by computing the
correspondences between successive frames. Assume that any object existing in the scene
represented by a model corresponds to a set of simple features in the image. A change in the
configuration of features denotes a relative change in position of the object versus the camera.
Therefore, a relation between the change of feature configuration and the change of model pose
or camera pose should be determined.
To relate the change of feature positions to the object or camera poses, two approaches
can be taken. In feature-based approaches the relative motion can be estimated directly from
the change of feature configurations. However, model-based systems form and test different
model poses and find the one that has the best match with the particular pose corresponding
to the image features.

9
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Model-Based Image Correspondence:

Model-based techniques include utilizing a model of an

object in an environment or the environment's model to facilitate searching for a possible camera
position. Since, this approach is able to exploit global attributes of the object in the scene [11],
it can provide significant advantages over purely local methods for situations in which:
•

the environment is cluttered,

•

multiple moving objects exist, or

•

large motion of an object exists.
Huang and Gillies[12] determine the position and direction of a camera on a land vehicle
f

moving on a curved road. They use the curved road's image to find the curvature of the road
in 3-D space. Once the road's edge has been found, the position of the vehicle is inferred
by matching the curvature of the real road, which can be extracted from map data, and the
curvature of the measured road points, which are back-projected into the 3-D space. The
achieved precision for the above position detection system is claimed to be 20 meters. However,
it cannot be used for motion tracking in an unstructured environment.
The tracking system designed by Verghese et a/.[13] is also a model-based approach. They
need to have a model of the moving object(s) in the scene. The system also requires the
temporal sampling rate of images to be high with respect to the rate of spatial changes in the
image. Therefore, they obtain real-time processing through the use of parallelism. New object
pose hypotheses are generated and tested in parallel by searching for the correct model pose
in a neighborhood around the previous model pose. These hypotheses are correlated with a
stream of edge-detected feature maps by performing a logical "and" between the edge points
and the model points projected from each hypothesis.
Usually, the model-based image correspondence systems require expensive computations.
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So they do not obtain real-time speed. In addition, those systems initially require a model of the
moving object(s) in the scene, which is not feasible in all navigation environments.

Feature-Based Image Correspondence: Feature-based techniques, as opposed to model-,
based techniques, do not require an expensive search strategy to locate an object. In featurebased methods, preliminary feature extraction can be employed such as edge or comer detection
and then a few features can be tracked in a less expensive system than a model-based system.
The feature-based approach was taken by Mandelbaum and Mintz[14] to solve the problem
of localization in a partially known environment. They use a clustering algorithm to extract
planar features from ultrasound data in the local coordinate system of a mobile robot. With a
histogram-based function, correspondences are established between extracted planar features
and model features. The pose estimation stage makes use of least squares estimation to yield a
refined estimate of translation and rotation. Rapidly convergent gradient descent techniques are
employed for orientation estimation. The comparison of this system to dead-reckoning shows that
this algorithm reduces the localization error by almost 50% over dead-reckoning. However, the
assumptions of having a partially known environment and initial knowledge of model features,
limit the applications of this method.
Zheng and Chellapa [15] have a feature-based approach to registration, for the estimation of
2-D translation, rotation and scale when the rotation of the camera and scale change between
two successive frames are significant. A feature of their approach is that an illuminance direction
estimation method is first used to obtain an initial estimate of camera rotation. A small number of
feature points, in both successive images is then located based on a Gabor Wavelet model, for
detecting local curvature discontinuities. Consequently a scale factor is computed at the lowest
level of a hierarchical matching process, by pairwise matching of feature points. Finally, through
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the coarse-to-fine feature matching, an accurate estimate of translation and rotation is obtained.
With synthetic and real aerial images they could yield accurate results when the scale of the
successive images differs by up to 10% and camera rotation is significant. The system requires
one to assume that the illumination on the Martian surface is from the sun and is constant during
the time the image pairs are taken. They have not reported the timing costs of the system.
Ravela et a/.[16] have also presented a registration algorithm, capable of tracking an object
through distinct aspects in real-time. It is assumed that they have a few model points of the
object from different aspects and they are all stored in an aspect look-up table. Therefore to
perform the registration for two successive frames no feature extraction is required. The whole
algorithm can be summarized in the following steps:
1. The known model points are projected, with an initial pose or the computed pose obtained
from previous image frames, to get the initial guess about the new location of model points.
2.

The Rotation Compensated Normalized Cross Correlation (NCC-R) is performed for matching
purposes.

3: With the use of Kumar's algorithm the pose including rotation and translation is solved.
Kumar's algorithm is an iterative approach that minimizes the squared image plane distance
from the data points to the projected model points. The Levenberg-Marquart method is
employed to solve this nonlinear optimization problem. Meanwhile, outliers are detected and
excluded with a median filter.
4.

From the computed pose the new aspect will be achieved. Consequently, the new model
points regarding to the new aspect will be extracted from the aspect look up table.
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Figure 2.1 The interaction between components of Ravela et al. registration system

As a result, they claim to have a stable system by using a median filter in pose estimation
module, which detects and eliminates the mistracked features. They also claim to be capable of
detecting 360 degrees out-of-plane rotation with a real-time performance on Sparc-2, when the
speed of registration for six points is 7 Hz.
The drawback of their method is that it is assumed that the camera is roughly pointed
toward a specific modelled object throughout the relative motion, which is not always possible.
Moreover, model points should be extracted manually and an aspect look-up table should be
constructed off-line.
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Chapter 3
Background on Image Registration

This chapter will give a brief background on image registration and explains how a suitable
registration method can be designed to meet the requirements of our problem.

3.1 Registration in Theory
Image registration is a method of aligning images, comparing them and detecting their
differences by finding the proper transformation. Image registration is used when one wishes to
detect and/or remove variations. Generally variation is defined as a difference in the value of
pixels and their locations between the images, and can be categorized into two groups:
1. Distortions:
These are variations which are caused by the source of image misalignment, and do not
permit true measurement in the images to be done.
2. Variations of interest:
These are variations in the images which we would like to detect and measure after
registration is performed, such as movements, growths or any other changes in the scene.
So these variations are not to be removed by registration.
During registration we would like to model the distortions and remove them by finding an
appropriate transformation (or sequence of transformations). If we do that for images that are
taken from different sensors or different viewpoints, they will be aligned. They can then be
compared and any differences between them, which might be of interest, can be detected. Since
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the objective of registration is to detect the changes of interest between images, it is important
that images be matched only with regards to the misregistration source. Otherwise the changes
of interest would be removed as the distortions are removed. In order to register images with
variations of interest, there js a need to have enough knowledge about the misalignment source
to model it.
By defining the registration as: a mapping between two images both spatially and with
respect to intensity, for 2-D images h(x,y) and h{x,y) we have:
Ux,y)

= g[I (f{x,y))]
1

(3.1)

where / is a 2-D transformation that maps two images spatially, and g is 1-D transformation
that maps the images with respect to intensity.
However, finding the intensity map in real time is not usually necessary because it could
be determined by sensor calibration techniques and then matching image intensities by using
look-up tables[17]. So, a registration model can be simplified to:

h(x,y) =

h[fx(x,y)J (x,y)]
y

(3.2)

3.2 Common Transformations
According to the survey of L. G. Brown in 1992 [17], the most common general transformations that can map images spatially, are:
•

2-D Rigid transformation: This is composed of translation, rotation and scale change.
During this transformation just a change in the position of the sensor can be modeled, when
the relative shape and size of the objects in images remain unchanged :

L2/2 J

cos 0 — sin 6 x\
cos 6 y^

+ 5 sin 9

(3.3)
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where

l x

, 6 and S are a 2-D translation vector, a rotation angle and a scaling factor

}y J

respectively.
•

Affine transformation: This is a more general form of rigid transformation and more
complex. As opposed to a rigid transformation it does not have the properties associated
with the orthogonal rotation matrix. Therefore angles and lengths of an object are no
longer preserved, but parallel lines do remain parallel. It can count for some general spatial
distortions such as shear and changes in aspect ratio. The general 2-D affine transformation
is:
^2
V2

«13
«23

+

a\

(3.4)

a

2

22

Perspective transformation: This is a mapping from 3-D to a 2-D plane. This transformation accounts for distortions which cause an image to appear smaller the farther it is from the
camera or more compressed in one direction the more it is inclined away from the camera.
The perspective transformation can be given by:
-fx

• ',

Q

zo - f
-fyo

(3.5)

zo- f

where / is focal length of lenses, when camera is in focus for distant objects and (x

y,

0)

0

z)
0

are coordinates of object in the scene.
•

Projective transformation: In a special case where the scene is composed of a flat plane
tilted with respect to the image plane, the projective transformation maps the scene to a
tilt-free image plane:
+ Qi3

ax

p

+a y

a ix

p

+a y

p

+ 033

a x
21

p

+a y

p

+ a

31

p

+a y

+ a

u

3

Vi = a x

12

32

p

22

32

p

23

3 3

(3.6)
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where, a terms can be computed with regard to equations of image and scene plane.
(x ,y,)
t

•

and

{x ,y )
p

p

are the image and scene coordinates respectively.

Polynomial transformation: This is a very general transformation which accounts for any
distortion, as long as it does not vary too much over the image, such as some types of lens
distortions.

3.3 Registration Methods and Trade-Offs
In this section two basic registration methods, which are both efficient for finding small rigid
transformations, are introduced— Fourier Phase Correlation and Spatial Correlation.

3.3.1 Fourier Phase Correlation
This method is introduced by De Castro and Morandi [18] as an expansion of the conventional
correlation between phase-only, or whitened, versions of two images to be aligned, so that this
extension covers both rotational and translational movements. Moreover, it is strongly robust to
distortions, such as those encountered with unsteady, time varying illumination. However, no
scale change is allowed and as we will see this method needs some initial assumptions that
cannot be provided in our problem.
We consider an image plane A performing rigid movements of translation and rotation
t

within our observed field
and

s (x,y)
t

C.

Then,

s (x,y)
Q

can represent the image at reference time

represents a replica of s translated by
0

x

0

and

y

0

t

=0

and rotated by 0 in the present
0

image. Therefore we can have:
st(x,y)

(3.7)

= s (u,v)
0

when:
x —x

0

= ucos6

0

— vs'm8

0

(3.8)
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y — yo — u

sin 9

0

+ v

cos 6

(3.9)

0

In a special case, when we have only translation:
s (x,y)

= s

t

( x - x

0

0

y - y

)

0

(3.10)

)

If we take the Fourier transform of both images:
S {w ,u )
t

x

= e-' "( ' ° »riSo(u ,a> )
2

y

u x

x

(3.11)

•

+u

y

and the ratio of the Cross Power Spectrum to its magnitude is:
G(«x,wj,) = r M i = e-**(»- ° >>y<>)
x

Therefore, by inverse transforming

, a Dirac

G{u ,u )
x

y

(3.12)

+u

distribution centered on

6

(x ,y )
0

0

is

obtained. So the translation can be found by finding the location of the Dirac function.
However, if there is also a rotational transformation included, then G will be a function of
u) ,Lo and 9:
x

y

G ( ^

y

, 6 )

=

?<"""v) . ,

(3.13)

5

-

bo(u) cos V 4- u> sin tV, — o; sin v 4x

y

x

cos

In the case of 0 = 0 (the rotation angle) the inverse of G becomes a Dirac 6 distribution,
O

having its peak amplitude, centered on

% ,

w

^

(x ,y ):
0

0

0

) =e-^

I 1 +

"*)

(3.14)

Therefore, in order to find the transformation parameters, when there are both translation
and rotation included, we should vary 0 and compute the inverse of G repeatedly until we obtain
the peak of Dirac 6 function in

F^IG].
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Trade-Off

This method is robust to low frequency noise, such as a slow change of illumination caused
by weather conditions. In addition, it is an efficient and fast means of computation (using an
FFT), with existing well tested programs. On the other hand, one of the weak points of this
method is that peak amplitude of G at 6 - 8 cannot be determined by nonoriented search
0

techniques, for instance, by successive halvings, unless the specific application suggests a
sufficiently approximate first tentative value. Moreover this approach assumes that A is the only
t

image region that is always fully contained in C, the observation field. However this assumption
does not hold in many applications such as our problem. While the camera is moving, parts
of the image taken at time t go out of the field and some new parts of scene come into the
observation field of image at time t + 1. So, we cannot have just a specific image region, that is
moving such as A , assuming that it is fully contained in the observation field of both images.
t

3.3.2 Spatial Correlation Methods
Cross correlation is a basic approach to registration. By itself it is not a registration method.
It is a similarity measure or a match metric which gives a measure of the degree of similarity
between image and a template (assumed to be equal to or smaller than the image). However,
there are several registration methods for which it is a primary tool. All those methods use a
correlation match metric to find the location of corresponding features in two images. Then, by
having the location of a feature before and after a variation, the related transformation can be
computed. As in Fourier phase correlation, these methods are generally useful for images which
are misaligned by smallrigidtransformation.
In order to compare the existing correlation based methods, and selecting the most efficient
one, we can look at the experimental results obtained by Hotz in [19] and described in more detail
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in his technical report[20]. In those experiments he compared the correlation results obtained
for various window sizes and the following four, one dimensional, correlation measures:
Non-normalized cross correlation:

Jrf, ^
1

Ci=

•

(3-15)

Normalized cross correlation:

~;
•

( 3 1 6 )

Non-normalized mean squared differences

^\:1 Z
2

C =
3

•

(3.17)

Normalized mean squared differences:

„_

E((A-A)-fe-^))

2
(

3

,

8

)

\li:(h-h) -£(h-h)
2

2

For evaluation of these correlation measures, the following quantities are computed:
-

Percentage of reference points for which a match is found

-

Percentage of reference points for which the correct match is found

-

Average difference between the computed and real disparities
The results obtained from scores, C ,C
2

3

and C , are similar and much better than d .
4

Among C , C and C , C and C are more efficient than C because C and C are insensitive
2

3

4

2

4

3

2

4

to variations in the mean intensity value of images. Between C and C , C is preferred for a
4

2

4

faster solution, because it requires fewer multiplications, which is an expensive operation.
It should be noted that, for faster implementation, all squaring computations can be avoided
by using look-up tables, in which the square of all values, representing the image intensity, are
stored. Also, the square root computation can be eliminated by computing (C f instead of C .
4

4
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Generally, for template T and image I the two dimensional normalized mean squared
differences function measures the difference between the template and the image after each
translation (d ,d ).
x

The translation, whose the mean squared difference is the smallest, specifies

y

how the template can be optimally registered to the image: .
E E {(T{*,y) - MT) - (70 - d , - d ) x

C(d ,d )
x

y

=-

x

y

)f

y

N

(3.19)

y

T

J E E (T(x,y) - UT) E E Vi* - d , y - d ) -

)

2

2

x

y

x y

y

Ul

x y

Where U-T and m are average intensity of the template and image over the correlation window.
The selection of the size of template, or correlation window, is also very important. By using
large windows more matches can be found but, the finer details are smoothed and, in effect,
resolution is reduced.

Trade-Off
An important reason why the correlation metric is chosen in many applications is that it can
be computed using the Fast Fourier Transform (FFT). The use of FFT becomes most beneficial
when the image and template to be tested are large. In addition, it is robust in presence of
white noise.
On the other hand, only cross correlation before normalization may be treated by the FFT.
In addition, the computational cost for spatial correlation based methods grows proportional to
the number of transformations.
However, spatial correlation is still a preferred method for our problem, because in such
cases with global transformations, measures can be computed on a few features instead of the
whole image area. This significantly reduces the computational cost and needed memory. In
addition, it is possible to illuminate the scene area captured by the camera, in order to avoid
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any frequency dependant noise. All we should consider is allowing for white noise caused by
imperfect photographing, which can be tolerated by the correlation metric.

3.4 Registration Components
Generally registration methods can be viewed as a combination of four major components:
•

feature space

•

similarity metric

•

search space

•

search strategy

In this section we study the different choices for each component and choose them so that they
meet the requirements of our problem.
3.4.1

Feature Space

To find what transformation is efficient for registration, the first step is to compare the images
and find the differences between similar features. The choice of feature space determines what
can be matched. According to the survey done by L. Brown [17], common feature spaces that
are used for matching are:
•

Raw pixel values,

such as intensity. Even though they give good information about the

image, their computation is costly and time-consuming.
•

Edges, Contours and Surfaces

are intrinsic structures in an image, less sensitive to noise

and fast. However, edge points are not easily distinguishable for matching.
•

Salient features,

such as comers, line-intersections and points of high curvature, which are

easily distinguishable, have accurate positioning.
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Interesting points in absence of shape or curves interesting points are found such as points
of greatest local variance.

•

Statistical features are measurements over a region of an image which represent the
evaluation of the region. The region can be a result of a preprocessing segmentation step.
Examples are Moment Invariants and Centroid/Principal axes [21]. They are used very often
because their values are independent of coordinate system, however, their computation is
costly.

•

High level descriptors, such as Topological, Morphological and Fourier transforms. They are
used because they are more unique and discriminating.
In order to select a good feature space the following issues should be considered:

-

to reduce the effect of noise

-

to extract proper structures of the image to be matched
to reduce the computation cost by increasing the precomputations and/or decreasing the
similarity measures
Features can be found in each image independently in a preprocessing step. This reduces

the amount of data to be matched each time and consequently reduces the cost.
In our approach, images taken of the ground might lack objects with special structures.
So, we need features that are distinguishable from unstructured objects and have accurate
positioning. Moreover, we require features to be detected with low computational cost. With
respect to the above constraints, corners are selected as the elements of an optimal feature
space.
3.4.2

Similarity Metric

A similarity metric determines how matches are rated. Since feature space is precomputed

3 . Background on Image Registration

23

on each image before matching, the similarity metric is computed using both images. The most
common similarity metrics are:
•

Normalized Cross Correlation:Th\s is accurate for white noise but not tolerant of local
distortions. Sharp peaks in correlation space are difficult to find [21].

•

Fourier invariance properties: Phase correlation and other Fourier invariant approaches are
tolerant of frequency dependant noise [18].

•

Sum of absolute differences: This is an efficient computation, good for finding matches with
no local distortion.

•

Sum of squares of differences of curves, surfaces: This is more robust to local distortion,
and not as sharply peaked.

•

Number of sign changes in pointwise intensity difference: This is good for dissimilar im

•

Higher level metrics: These optimize matches based on features or relations of interest.
The Feature space and Similarity Metric stages are both responsible for ignoring the un-

corrected variations, and detecting and matching the corrected distortions. So, if noise or any
other uncorrected variation is not extracted in the stage of selecting the feature space, it should
be done in similarity measurement phase. In other words, with a proper similarity metric the
remaining uncorrected variations should be ignored. However, if they are extracted in the feature space, this task is done in a single step precomputed independently on each image prior to
matching. This performs the registration faster than the case of extracting noise in the similarity
measurement phase. For example, Fourier methods like phase-correlation, which are more noise
tolerant, can be used on raw images, when there is frequency dependant noise[18]. However,
correlation as a similarity metric is optimized for exact matches (without noise); so it requires a
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feature space such as edges to be robust to noise. Therefore a preprocessing step is required
to detect the edges, followed by edge-correlation.
For our registration method, normalized mean squared differences as a correlation based
similarity metric, is used to match comers which are used as our selected features. It will be
seen later that noise and false matches are eliminated with other strategies, such as match
verification and error recovery in least squares estimation.
3.4.3 Search Space
The search space is a class of transformations from which we would like to select the optimal
transformation (translation and rotation) to align the images. By reducing the size of the search
space, the number of similarity measures to be computed can be reduced . For example, if we
limit our search space to just translation, when correlation is the similarity metric, there is only a
need to correlate a single template at all possible shifts to find the correct translation. However,
if there is larger search space for more complex misalignment or local variations, finding the
optimal transformation is more difficult, time-consuming and costly.
Regarding the definition and requirements of our problem, we have rigid transformations,
containing 2-D translation, rotation and small scaling, in a continuous mode between sequence
of images taken from a moving camera.
3.4.4 Search Strategy
The search strategy decides how to choose the next transformation from the search space,
to be tested for the optimal transformation. The choice of search strategy is determined by the
characteristics of the search space including the form of the transformation and how hard it is
to find the optimum.
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Examples of common search strategies and the kind of problems for which they are used,
as explained in more detail in the survey done by Brown[17], are as follows:
•

Hierarchical techniques: Applicable to improve and speed up by guiding the search through
progressively finer resolutions.

•

Tree and Graph Matching: Uses tree/graph properties to minimize the search. Good for
inexact and higher level structures.

•

Linear programming. For solving systems of linear inequality constraints. Used for finding a
rigid transformation with point matching with polygon-shaped error bounds at each point.

•

Dynamic programming. For finding local transformations when an intrinsic ordering for
matching is present.

•

Hough transform: For shape matching of rigidly displaced contours.

•

Relaxation: For finding global transformations when local distortions are present.

•

Decision Sequencing. For similarity optimization for rigid transformations.
Each strategy has its own advantages and disadvantages. However, for each specific

problem there are some issues that should be considered in order to find a proper approach:
-

How does the strategy deal with missing information?

-

Does the strategy make any assumption?

-

What are the typical computations and storage costs?
By considering the above constraints and the trade-offs of different strategies, a hierarchical

search strategy is chosen for our registration problem.
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Chapter 4
Motion-Detection Algorithm

The goal of this chapter is to provide an overview of the principal procedures of our algorithm
for estimating any 2-D transformation existing between two sequential images. Figure 4.1 shows
the block diagram of our algorithm.
At the very beginning of the algorithm, two (w x w) sub-images will be generated from the
original successive images (W x W). We match sub-regions that contain informative matching
features. The future location of these sub-regions in an image sequence are predicted from
the estimated kinematics of the camera motion. This reduces the search space and preserves
matching targets with high image detail.
Then, a coarse-to-fine resolution pyramid is generated for both images 11 and 12. This
stage of the algorithm provides our hierarchical image registration algorithm with three levels of
resolution for each image.
The coarse-to-fine registration algorithm, which will be explained in detail in the next chapter,
is used to estimate the transformation between two images within subpixel accuracy. Hierarchical
feature extraction, correlation matching, match verification, least squares estimation, and error
point rejection are components of the presented registration algorithm. Since the input images for
the registration algorithm are the generated sub-images, and we need to obtain a transformation
between the original images, the initial transformation parameters used for sub-image generation
are also used in the registration procedure to refine the transformation results.
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Figure 4.1 Flowchart of motion-detection algorithm
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Finally, velocity prediction isdone to provide an initial estimate for sub-image generation of
the next image pairs. For continuous motion detection another image is taken of the ground and
the motion-detection algorithm is performed on a new pair of images. In the new image pair,
the transformed image 12 of the previous stage is considered as the new 11 or nontransformed
image and the last grabbed image is considered as the new transformed image or 12.
An advantage of this algorithm is that it reduces the feature space size in various stages. This
is fulfilled with the aid of a rough approximation in multi-scale registration and velocity prediction
based on expecting small changes of velocity in short intervals of image analysis. Consequently
the motion-detection algorithm can be used in real-time applications.
The reduction in computation by reducing the feature space might be expected to result in
decreased accuracy. However, we will show that satisfactory results are achieved even with this
sparse input information. This could not be accomplished without the aid of match verification
and false match recovery procedures that will be presented in the next chapter.

4.1 Motion Model
Assume that

(x^y^Zi)

are the 3-D coordinates of an object in the scene and (X Yi)
h

are

2-D image frame coordinates both measured with respect to the position of the camera at time f,.
Then the general projection equations are :
'x{

=

i

Xi
t =

y.

{l,2}

(4.1)

where, / is the focal length of camera.
The transformation between two 3-D camera locations in the scene can be approximated by:
%2
V2
Z2

cos 0
sin 0
0

— sin 0 0
cos 0
0
0
1

Xi

z\.

+

Ax
Ay
Az

(4.2)
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where 0 is the rotational angle, Ax, Ay and Az are displacements of the camera in the 3-D world.
So:
x

2

=

cos 0 — t/i. sin 0 -+- Ax

X\.

y = x-i. sin
2

+ y^. cos

8

+ Ay

(4.3)

z\ + Az

2 -

z

8

Therefore:
X

=

2

- X 2

COS

8

— yy sin # + A z

T^+Az
-(X cosfl-y infl) + / ^
+ Az
'
z -\-

^
Az

(4.4)

y- osg) + /
\
' Z! + Az
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*
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+
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So:
*2
^2

= s

6
sin 6

cos

- sin

8

+

cos 0

AX
AY

(4.6)

Where the scaling factor, 5, stands for the changes in the vertical distance of camera from
the ground :
7

S=
'

zi + Az

(4.7)
2

2

In our project, even though, we deal with 2-D motion of a vehicle, by considering a small scaling factor, we can handle the

possible small vertical movements (shaking) of the vehicle
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and AX and AY are 2-D translations of the camera origin in the image plane:
A * = / - ^ r -

Ay = / — —
z + Az
y

1

Therefore by determining AX, A y and ,5, v = (Ax,Ay,Az)

T

can be determined as follows

if z-i, the initial height of the camera is available. (Note that by calculating S, any small vertical
motion of the camera is also taken into account in order to improve the estimation of the 2-D
transformation.)
Az = jAX
Ay = ^-Ay

(4.9)

Thus the unknown 2-D translation and rotation of the camera can be estimated by detecting the
2-D translation, rotation and scale parameters, existing between successive images taken from
that camera via Image Registration.

4.2 Sub-Image Generation
The main reason for the generation of sub-images from the original 11 and 12 full resolution
image sequence, is that obviously less computations are required for their analysis than for the
original images'. In building of a (w x w) sub-image from an (W x W) original image where
W > w, there are two concerns. First, in order to obtain the most possible information from
sub-images, it is required to include those regions of the original images that have the most
overiapping features in them. Moreover, to avoid possible lack of features in a certain region
and/or false information provided by unexpected motion of an unknown object in a certain part
Of the scene, it is preferred to have well distributed features from all over the image.
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velocity prediction stage, to obtain the coordinates of the upper left corner of the corresponding
region in the transformed image, 12.
To clarify this matter, assume that the upper left comer of each region p. in the sub-image
S1 is located at (Ilc ,Ilr )
p

p

in the original image 11 and similarly the upper left comer of each

corresponding region in the sub-image S2 is located at (I2c ,I2r )
p

in the original image 12. For

p

the generation of the sub-image S1 we have':

(4.10)

Then an initial transformation estimate such as T = (xo,y ,6 )
0

0

0

is used for the generation

of the sub-image S2. For this purpose, the upper left corners of the 11 regions are transformed
to obtain the location of upper left comers of the corresponding regions in the image 12. So,
for four regions of p - 1..4 :
J2c = x + Ilc
p

0

cos 0 + Ilr

p

O

p

sin 0

O

(4.11)
I2r = -y'o + Ilr
p

p

cos 0 - Ilc
O

p

sin 0

O

Figure 4.2 shows the selected regions of images 11 and 12 and the consequent sub-images
when the initial estimate vector is T = (10,5,7) .
0

The difference between the sizes of the inner window, m , and the original window W',
corresponds to the maximum amount of displacement that might be predicted. So, in order

'

The image frame origin is located at the centre of the camera-lens/ image
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to avoid any out-of-image regions being selected from the image 12, we should have :
7

W -

ra

—-—>

(4.12)

Max{d ,dy)
x

Where:
TTl

71%

(4.13)

d = xo + y (cos 0 + sin 9 ) - —
x

O

m

d = y +y(
y

0

c o s

0

.
m
#o - sin B ) - —
Q

In the above computations it is considered that the biggest displacement caused by any transformation Tb = (zo,2fo,0o) in an (m

x

m) image is at the comer points:

( ± y , ± y )

2

.

4.3 Resolution Pyramid
In order to have a fast registration algorithm, a hierarchical approach is taken. There are
many different methods for generating a resolution pyramid; such as the Gaussian pyramid based
on a weighted averaging proposed in [22]. We did tests on both weighted and non-weighted
averaging methods. Finally, we concluded that the non-weighted averaging method is much
more appropriate for our purpose, since it provides adequate filtering at less computational cost.
Suppose an image is initially represented by the array 50 which contains C columns and R
rows of pixels. Each pixel represents the gray scale at the corresponding image point. This
image becomes the zero level of the pyramid. Pyramid level / contains image 5/which is a
reduced or low pass filtered version of
'

Each value within level / is computed as an average

Usually it would not really matter if a small portion of image falls out of the window. However, for a more robust estimation we

prefer not to have an out-of image region.
2

In the rest of our algorithm the 11 and 12 images will refer to the generated S1 and s2 sub-images.
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of values in level / - l within a KxK window, where K is the scale-down ratio. A hierarchical
representation of this process, for K=2, is shown in Figure 4.3.
'—.

—
•

^

^

*-

~~~

—' —. J

9.

9i+i

9i

+2

Figure 4.3 Generation of Resolution Pyramid

The level-to-level averaging process is performed by the function average:

gi = average(gi_i)

(4.14)

which means that for level 0 < / < TV and nodes (i, j) :
1

1

9i(hj) =

1

^9i-i(K*

+ m,Kj + n)

m—On=0

0 < i < Ci
0 < j <Ri

where:
K = the scale — down ratio
N'= the number of resolution levels

(4.15)
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Figure 4.4 illustrates the contents of resolution pyramid generated by the average function
for K = 2 and N = 3 .

Figure 4.4 Resolution Pyramid generated based on non-weighted averaging

In our hierarchical approach, three levels of the pyramid (as will described later in Section
6.3) are generated. At the first iteration of the registration algorithm a pair of the coarsest images
at level g are registered in order to provide a rough estimate of the transformation parameters.
2

In the next iteration that estimate is used as an initial estimate for registration of the next finer
images which are at level a/j. Finally to obtain the finest estimation, the registration algorithm is
performed on images, go, based on initial estimate obtained from previous iteration.

4.4 Hierarchical Image Registration
Since image registration is the principal function of the motion-detection algorithm, it has
been explained in more detail in the next chapter. As an overall description it can be said that in
this function, the existing two dimensional transformation, including 2-D translation, rotation and
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scaling, between two images can be detected. An initial parameter of the maximum range of the
search window can be defined with respect to the expected size of transformation. Obviously
the bigger the transformation that is expected, the slower the image registration function will be.
However, with the aim of velocity prediction, and consequently generation of almost similar subimages from both original images, 11 and 12, we could expect a small transformation between two
sub-images. Therefore, the selected size of the search window for matching can be small. It will
be mentioned again later, that it is just 3x3. By having a small search window, we can expect to
have real-time image registration. It should also be mentioned that the estimated transformation
resulting from the registration of sub-images should be refined to produce a real transformation
of the original images. Thus, the initial estimate used for the generation of sub-images is another
input for the Registration function to refine the final transformation.

4.5 Velocity Prediction
Knowing where an object is in an image frame allows a good estimate of where it can be. in
the next frame, provided that the interval between frames is not large. In order to reduce the size
of the search window for matching, the estimated transformation of each motion step is used to
predict the amount of transformation of the following step. Since imaging and image analysis
is expected to be done in real-time, it can be assumed that the velocity of motion between two
successive frames is almost constant. Therefore, a zeroth order prediction is used. In other
words, the transformation between two proceeding frames is used in tracking the features in the
current frame. To make the registration simpler, this prediction is used to select similar regions
of two images in generation of sub-images, as it has been explained in Section 4.2. Then, the
registration algorithm is performed with no initial estimates, except the ones that are achieved
internally in the hierarchical registration process.
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Chapter 5
Hierarchical Image Registration

Registration is done when two images need to be aligned with one another so that differences
can be detected or when an optimal match for a template is found in an image. In these cases
a transformation is found to relate the features of one image to their corresponding points in
the other. Some of the feature-based algorithms such as [15] extract features of both images
and then perform matching procedures on them. However, in our approach feature extraction
is performed only on the non-transformed image, to detect some features to be tracked in the
transformed image. The match pairs will be found by doing the correlation matching on the
features over their corresponding predicted search area in the transformed image. Figure 5.1
illustrates the flowchart of the presented registration algorithm.
In our hierarchical approach we perform feature extraction, correlation matching and least
squares estimation at ajl of the resolution levels. As has been shown in the Flowchart in
Figure 5.1, the results of each level will aim to predict the search area for feature extraction
and correlation matching at the following level. In Feature Detection, the location of extracted
features of a coarse level will be an initial guess for fast detection of features in the next finer
levels of resolution. Moreover, the rough estimate of the transformation vector in a coarse level
will lead to an initial estimate for matching process in the next finer level. Obviously, for the
coarsest level no prior knowledge about translation, rotation, and scaling is available, so an
initial estimate is obtained by processing the whole image for feature extraction and performing
correlation matching on all extracted points of one image with their pairwise neighbors in the other
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Figure 5.1 Flowchart of Hierarchical Image Registration

image. The processing of the coarsest level is quite fast because: Firstly, only a small coarse
image is processed for feature extraction, Secondly, in the coarsest resolution features have so
small a displacement that their match can be found within a small range of search window.
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After extraction of a small number of feature points from the non-transformed image, 11,
based on Moravec's comer detection, they are transformed with the initial estimation to the
12 image frame.

This helps to predict the location of their corresponding matches in 12.

Consequently for each feature of 11 a search region in 12 will be obtained around the predicted
match point. Accordingly, the search window for matching can be minimized in size to reduce
computations and mismatches. Correlation matching is next performed on each feature point of
the 11 image and its corresponding search region in 12. Then by using the validity criteria (see
Section 5.2), gross errors of correlation matching are eliminated. It should be mentioned that for
acquiring a sub-pixel accuracy, at the finest level of resolution, sub pixel correlation is performed.
The unknown translation, scale and rotation parameters are identified by accumulating the
coordinates of matched feature pairs as coefficients of a set of linear equations and then
performing the least squares estimation. Finally, for false match recovery, at the finest level
of resolution, the components of matched feature pairs with a high residual of least squares fit
are discarded.

5.1 Feature Extraction
For various applications, different features are used to detect informative patches of an
image, such as: line intersections [23], centers of windows having locally maximum variance [24],
combined comers and edges [25] and comers [26]. To enable explicit tracking of image objects to
be performed, we extract the comer features, because they are discrete and invariant to the scale
and rotational changes[27]. Moravec's comer detector proved to be simple, computationally low
cost, fast and adequate for our purpose.
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To study the basic mathematical form of Moravec's comer detector assume :
/ :
•

Image Intensity

W :
V

W

Image

u>v

G

f l within a specif ied rectanglar region •
Window = <
[ 0 elsewhere
Search Space

For each of four directions resulted from x,y displacements' given by :
(a;,y)e{(0,l),(-l,l),(-l,0),(-l,-l)}.

a regional intensity-change is defined as:
^x,y

— ^ ^ ^^u,v \ Iy.-\-x,v+y

-^11,111

(5-3)

u,v

then W ,v is a comer patch if:
u

min {E} > threshold

(5.4)

Moravec's corner detector considers a local windowed patch, W, in an image and determines
the changes of regional-intensity that result from shifting the patch by a small amount in various
directions of x, y . The computed value will be assigned to an E

XiV

If the minimum of all different E

XiV

corresponding to that direction.

for a patch is higher than a threshold then that patch is

considered as a comer. In other words this comer detector simply looks for local maxima in
min {E} above a threshold. Therefore, if the patch is flat in intensity then all shifts will result a
small change of intensity. If the windowed patch contains an edge, the shifts perpendicular to
the edge direction will produce a big change, the ones along the edge will result a small change
'

With this set of x,y displacements, comers with a certain orientation will be detected. Since the orientation of comers is not

important to our purpose, we have selected them arbitrarily.
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of intensity so the

m'm{E}

remains small. Finally, if a comer or a discrete point exists in the

windowed patch, the result of shifts will be big in all directions. Therefore, min{£} will be big
enough to be above a threshold.
Each level of our hierarchical approach is similar to Moravec's comer detector'with some
differences. One of the differences is that, just in the first step, where features are extracted from
the coarsest image, the search space is the whole image. However, at the next finer level the
search space will be reduced to a few small rectangular regions, corresponding to the comers
found at the coarsest level. So generally it can be said that, first, at the coarsest level, the whole
image (gN-i) is searched for comers. Then, the position of each of the extracted corners from
the coarsest level, are used to estimate a small rectangular search space in the following finer
images (gi). The above calculation can be shown in the following mathematical form:

/or each corner :

gN-i(iiJ)
- ' i * ( A ^ " - ' ) ) < col < i * ( A ' ^ " - ' ) + l j - 1
| <
&
[ 'j* ( A ^ - - ' ) ) < row < j * ( A ' t ^ - - ' ) + 1) - 1
1

search space in level I : V gi(col,row)
-

1

1

1

(5.5)

where:
0

< / < .V - J

N : number of resolution

levels' in pyramid

K : the scale down, ratio of the resolution

pyramid
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32x32
level 0

b) 64x64
level 1

c) 128x128
level 2

d) original 128x128 sub-image

Highlighted patches are the pre-estimated search spaces for feature extraction and white pixels are the extracted features.
By using the location of each extracted feature in level 0 of pyramid, it is possible to predict a search space for a possible
feature in the following finer levels.
Figure 5.2 Hierarchical feature extraction with aim of search space estimation

For each of the finer images gi- , Moravec's corner detector is used again to extract the
k

location of that corner within the pre-estimated search space. Figure 5.2 illustrates the preestimated search space and detected corners of the three levels of the resolution pyramid. In
comparison to the methods that analyze the whole image for feature extraction, our method that
predicts a corner search space based on the location of extracted corners at the coarser level,
requires much less computation.
On the other hand, in using Moravec's corner detector for hierarchical feature extraction it
is preferred not to shift a large corner detector window, W. To clarify, suppose that a shifting
window of a coarse image results in recognition of a corner. However, it doesn't necessarily
mean that in a higher resolution of that image, within the estimated search space, there will be
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(a) w contains a
corner in coarse
image

(b) none of w1 ,w2 or w3
contain a corner in fine
image

(c) detected features by
shifting pixel instead of
Window patch in fine image

Figure 5.3 Use of window patch versus pixel in hierarchical corner detector

a same sized corner detector window that would detect a corner. At a higher resolution, in fact
we zoom into the corner. Even though, the whole zoomed area is a corner, the region itself
contains finer details that cannot be recognized as corners by the use of a window patch. Figure
5.3 illustrates an example of a corner in a coarse image which cannot be detected at its higher
resolution by using window patches in Moravec's corner detector.
One solution in the hierarchical process is that the corner detector window should be scaled
as well as the images. However, the objective is to find adequate corners at all levels of
resolution, but not necessarily the same corners. Therefore, it is preferred to determine the
intensity change of a single pixel, rather than the intensity change of a window, which also
requires much less computations. In other words, in Moravec's Corner detector we use a 1x1
window patch. In Figure 5.3.C, corners that can be detected, by considering pixels instead of
window patches, are pointed to.
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Figure 5.4 illustrates the extracted features of real images resulting from both methods:
considering intensity changes resulted by shifting of a) 3x3 windows and b) pixels (1x1 windows).

a) Extracted features in hierarchical process,
using 3x3 window in Moravec's corner detector

64x64

32x32

b

) Extracted features in hierarchical process,
usinglxl window in Moravec's corner detector

6 4 x 6 4

32x32

Figure 5.4 Feature Extraction results on real images by use of Window patch versus single pixel detector
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It can be seen that when the patch W is 3x3, only a few corners in the coarse image can
be detected, and in images with fine detail, not much change in the patch-intensity will result,
by performing small shifts on window patches. On the other hand, a small amount of shift
performed on a pixel in a comer position, will be sufficient to result a big change in the pixelintensity. Therefore, by using our method, in all image resolutions, even where we have very
small and discrete objects, a large number of features can be detected. Obviously, this method
does not necessarily determine the precise location of a comer and might be too sensitive to
intensity changes. However, since we are just looking for some informative patches rather than
sharp location of comers, it is wise to consider this method, which provides adequate information
for our purpose with relatively low computational cost. It should also be mentioned that in the
presence of noise, any information regarding a false comer will be ignored later, with the aim of
performing correlation matching, match verification and false information rejection.
Corners are ranked based on their corresponding min{£}. To make our feature extraction
compatible with various image types, in other words, to extract sufficient features from both
highly textured images and images with less detail, a very small threshold has been selected.
However, since just a few comers are adequate to track the image motion, another function
will choose just a specific number of the most significant ones. If the total number of extracted
comers are bigger than the number of features that are necessary, then a function will select
the most significant comers based on a Quick Search method introduced in [28]. If the total
number of extracted comers at the first point has been less than what is required, then, all the
extracted comers are used.

5.2 Hierarchical Correlation Matching
A correlation match metric provides a similarity measure score for two points. The points
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which result in the highest similarity score will be considered as match pairs. Some stereo
matching algorithms such as [19], attempt to compute a similarity score for every point in an
image. For each point, this is done by taking a fixed window in image 11 and a shifting window,
along the epipolar line, in the image 12. These approaches require expensive computation while
they perform correlation over the whole image. However, in our approach, we eliminate the
computation by not only performing the correlation matching on only the interesting points as a
subset of 11, but also eliminating the matching search space for each interesting point to a small
(pxp) rectangular region in 12.
Each square search region is centered at the location of a predicted match corresponding
to a feature point of 11. In a coarse-to-fine hierarchical matching process, at each level, the
location of a predicted match is computed based on a transformation estimate, resulting from the
previous resolution level. Thus the size of a square search region corresponds to the required
offset from a predicted match location. Since at the coarsest level no initial knowledge about
the transformation is available, the initial parameters (AX, AY,6, S) are assumed to be (0, 0, 0,
1). Therefore, the search region for each interesting point of 11 is a square region centered at
the location of its pairwise point in 12. However, at each of the following levels of the resolution
pyramid, the transformation parameters obtained from the previous level, /, are converted to the
current resolution level, / - 1, by using the following equations:
AA',_i = AAA',
A l , . , = KAX,
7

e,^=e

t

,

.

=e

= Si = S
K : scale down rate of resolution pyramid — 2

(5.7)
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Then, each interesting point of 11 at the current level of the pyramid is transformed with
the above parameters to obtain the location of the predicted match in 12. Therefore for each
extracted feature ( z / - i , 3 / i _ i ) , of image 11 at level / - 1, a predicted match point ( X ; _

1

, V / _

1

)

is

computed as follows:

cos 0

sin#

— sin 9

cos 8

cos 8

sin 9

— sin 9

cos 9

(A

x^\

{

(5.8)

Xl

Later in the implementation chapter it will be explained how the size of the search window
and correlation window has been selected.
In summary, we obtain a similarity score for every interesting pixel of the image 11 by
taking a fixed window centered at the pixel's location in the image 11 and a shifting window
centered at the location of predicted match point in the image 12. The second window is moved
within a pxp search region by integer increments along the vertical and/or horizontal lines and
meanwhile an array of similarity scores is generated. A measure based on normalized mean
square differences of gray scale is used for similarity score generation. To obtain, Sc(x,y), the
score of the best match for each interesting point, the smallest normalized difference square is
computed as follows:

(5.9)

Sc(x,y) - min{C}

E E ((^(x, y) - pr) - (H

x

C(dx,dy)=

*
, / E E m*,y)
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2

(5.10)
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Where T represent the fixed window in 11 and / represents the shifting window in 12 and p

T

and HI are average intensities of fixed and shifting windows. Obviously d and d represent the
x

y

disparity between the centre of the fixed window and the centre of shifting window.

5.2.1

Match Verification

In previous sections we described how we generate a dense map of interesting points
propagated across the image even in a featureless area. After detecting a best match for each
interesting point of the nontransformed image, 11, with a correlation-based matching algorithm,
gross matching errors, resulting from false corner points or correlation errors, are eliminated
by using a validity criterion used by Pascal Fua [19]. The validity check function improves the
matching algorithm so that when the correlation fails the algorithm usually rejects the matched
pair rather than yielding an incorrect match pair. In fact a valid disparity measure is defined in
which two images play a symmetric role. To find a valid match pair the correlation is performed
two times. Once, matching from image II to 12. Second time, in opposite direction, from image
12 to 11. If in both iterations the same pair is achieved as having the highest similarity score,
then those points are valid matches.

R'2

invalid

R'1

P'1 • R1

R2

-•

3

2

P1 •

11 .
Figure 5.5 Match verification process
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As a better illustration (see Figure 5.5), assume a fixed correlation window centered at an
interesting point p1 in 11. Suppose that in matching from 11 to 12, point p2, among all points
of the search region R2, is determined as the best match. To verify the validity of that match,
in the second matching iteration, a fixed correlation window is centered at P2 and the centre
of the shifting window is moving within the search region R1 around P1. Points P1 and P2
are considered as valid matches, if and only if, in the second iteration of matching, point P1 is
selected as the best match for P2 as well.

Figure 5.6 B e h a v i o r o f Correlation M a t c h i n g w i t h M a t c h V a l i d i t y C h e c k on real images

Thus, with the validity checking we can reject the false matches achieved from images that
are suffering from noise or occlusion. Figure 5.6 shows this behavior, using real image pairs. All
of the valid match pairs in 11 and 12 images appear in white and those match pairs that did not
pass the validity check criterion appear in black points. In this example some extracted points of
the image 11 are occluded in 12. Even though some random points of the occluded area in the
image 12 are detected as best matches, after the reverse correlation-matching iteration, almost
70% of the false matches are rejected.
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Since these images are highly textured and we want to run the correlation matching with
the least possible computations, a 5x5 correlation window size has been used. Our experiments show that the proposed validity check function adequately discriminates the existing false
matches.

5.2.2 Subpixel Correlation
In order to obtain an optimal match location with subpixel accuracy, at the finest level of
resolution, level l , we fit a second degree curve into three correlation scores, the best score Sc
0

0

and its two neighbors 5c_ and 5 c . Then an optimal match location is computed by using a
+

simple quadratic estimator introduced by Dvomychenko [29]:
6=

(Sc

+

- Sc_)

2(2 * Sc - Sc_ 0

estimated peak SO

Sc )

(5.11)

+

true peak

Figure 5.7 Sub pixel sampling by using quadratic estimator

6: estimates location of real peak Sc in terms of the sample scores and referenced Sc

0
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To obtain both coordinates of an optimal location of a match, the estimator is used twice. In
order to compute the x coordinate of the optimal point, the similarity score Sc corresponding
0

to the matching pixel and scores Sc and Sc corresponding to the immediate right and left
R

L

neighbors are taken. Similarly Sc and the scores corresponding to immediate up and down
0

neighbors, Sc

v

Supposing

(x ,y )
0

0

and Sc , are used to calculate the vertical coordinate of the optimal match.
D

is the location of the estimated match corresponding to the highest similarity

score then Sc , the location of the optimal match point (x,y) with subpixel accuracy can be
0

computed as follows:

X

—

XQ

+ 6x

(5.12)

y = yo + 6y

where:

(Sc

- Sc )

R

6x =

L

2(2 * Sc - Sc - Sc )
0

(Sep

Sy =

L

-

(5.13)

R

Scy)

2(2 * 5 c - Sc - Sc )
v

0

D

5.3 Transformation Estimation
Motion of a rigid body can be defined as a transformation, that is the product of a rotation
by 6, a translation by (Ax,Ay)

and a scaling by S. This transformation is described as vector

T

x = (Az, Ay,5cos6>,Ssin0) , such that it transforms each arbitrary point (u,v) of an image II to
T

the location (x,y) in image 12, after the body has moved. As has also been stated in equation
(4.6) the motion model can be given by the following set of equations:
'x '
•y •

cos 6

=s
•

sin 8

—

sin 8

cos 9

u
V

+

Ax
S cos
S sin

Ay

(5.14)

Ay

0

'Ax

8
8
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or
(5.15)

b = A.x

A transformation vector is expressed as a linear matrix operation as Pope has also done
[30]. Obviously, with additional pairings of match features the problem of transformation estimation will be over-constrained and can be solved with linear or recursive estimations. Ayache
and Faugeras[31] have suggested a recursive method based on generation of a number of hypotheses. The one-by-one generation of hypotheses after achievement of each matched feature
pair will improve the quality of estimation. However, we elected to use least squares estimation
since it requires less computation and simpler mathematics. For a set of N matched points in
two images we have 2N equations with four unknowns:
x

0

yo
2/1

-VN-i -

=

'1 0
0 1
1 0
0 i

UQ

-v

v

U

0

0

0

-v

1

1 0
.0 1

—UJV-1

or :
b

H

A„.x

Where a - Ax , b '= Ay , c = Scos0 , d - Ss'm6 and for each feature i , (u ,vi) is its
t

location in the image 11 and (z,-,^) is its corresponding match location in image 12.
Then the least squares estimation is:
x= ( A J A H ) - ^

(5.17)

and transformation parameters are estimated as:
• Ax = a

(5.18)
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(5.19)

Ay = b

(5.20)

5

=

\/c

+

2

(5.21)

<P

The minimum number of required match pairs for estimating the transformation parameters
is N = 2. However, our experiments show that an approximate number of 20 to 30 feature pairs
are necessary to obtain reliable results.

5.3.1 Transformation Refinement
To achieve a refined transformation between two original images rather than two sub-images,
as has been mentioned before, we should refine the locations of match pairs. Consequently,
the location of match points in the sub-images should be replaced with their locations in the
original images before the transformation is computed with the least squares estimator. Recall
that each sub-image S1 consists of four rectangular regions, taken from the four corner regions
of an (m x m) inner window of the original image 11 (see Figure 4.2). Assume that, the upper
left corner of each selected region p is located at (Ilc ,Ilr )
p

in 11; and the upper left comer

p

of each corresponding region that is used to build sub-image S2, is located at (I2c ,I2r )
p

original image 12. Then, for each point (Slx ,Sly )
p

location at (IIX,I1Y)

p

p

in

in an region p of sub-image S1, its real

in 11, is computed as:

I1Y - Sly

p

+ dy

p

and similarly, for each point (S2x , S2y )\r\ region p of sub-image S2, its location at
p

p

(I2XJ2Y)

in 12, is obtained from the following:
I2X = S2x + dx + I2c p

p

p

Ilc

p

I2Y = S2y + dy + I2r - Ilr,v
p

p

p

(5.23)

54

5 . Hierarchical Image Registration

where:
dx =
p

{

m—w
m—w

if p

2 or 4

if P

1 or 3

if p

3 or 4
1 or 2

(5.24)

and
dy =
v

if P

(5.25)

5.3.2 False Match Recovery
While the least squares estimator tries to fit a number of data points to the final estimation,
it is possible to compute the disparity of each data point with respect to the estimation. This
can be done by calculating the residual of each element. For additional improvement of our
estimated transformation, at the finest level of the hierarchy, those match pairs that are too far
from the estimated transformation are discarded. To discard those elements, the local residual,
Ri, according to the best fit for each corresponding feature pair, relative to the global least
squares fit, x, should be computed:

Ri = ||A,x-bi|| ? threshold

(5.26)

The elements corresponding to each match pair are discarded from matrixes A and b, if their
corresponding residual is higher than a residual-threshold. After discarding all extraneous points,
the least squares fit is computed again. The process is repeated and any existing high residual
points in the new fit are discarded. This process will be done repeatedly until no high residual
points remain. With this technique those feature pairs that are far away (relative to the threshold)
from the least squares fit and which could deteriorate the estimation are discarded. It should be
mentioned that since we are using a small search window (a 3x3 window), the outliers cannot
be very distant from the correct least squares fit. So, the outliers cannot affect the estimation
significantly, however, we will improve the results by discarding them.
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Chapter 6
Implementation Issues and Experimental Results

This chapter describes the implementation of a real-time motion tracking system based on
the theory set forth in the previous chapters.

6.1 Hardware Configuration
6.1.1

Camera Setup

Figure 6.1 Setup of Camera

A down-looking, CCD TV camera (Philips, VC72505T) is mounted on a mobile arm at a
height of about 70cm above the ground, as shown in Figure 6.1. The mobile arm can manually
be rotated, around a central axis perpendicular to the ground, and translated in a 2-D plane
parallel to the ground plane. The centre of the camera lens is considered to be the origin of
image frames and the central axis of the mobile platform to be the origin of the robot frame.
Therefore, even a pure rotation of the mobile arm around its central axis, in the robot frame, will
generate a simultaneous 2-D translation and rotation in the image frame. By having a textured

6 . Implementation Issues and Experimental Results

56

surface of dirt under the camera and rotary motion of the mobile arm, a 2-D motion of a mobile
robot, consisting of translation, rotation and small scaling is synthesized.

6.1.2

Frame Grabber

Images taken from the camera are digitized by an analog video interface. The S1V Video
Capture and Frame Buffer Interface made by EDT Inc., which is an S-Bus compatible module,
has been selected for this purpose. This frame grabber is hosted by a Sun SPARC20 workstation
, using Solaris 2.3. The S1V Video Capture and Frame Buffer Module provides a gray scale
video capture and output capability for the Sun SPARC station at a rate of 30 frames per second.
The output signal of the camera, which is a 60 Hz standard CVBS signal, is digitized and stored
in S1V RAM memory. Each pixel is defined by 8 bits of data, providing 256 levels of gray. The
S1V has 1MB RAM divided into two banks. Each image can be captured into one bank while
the host computer is processing the contents of the other bank. This double buffering ability of
S1V is employed, in continuous acquisition mode, to minimize the waiting period for an image to
be captured. When the grabbing function is called, the driver fills one of the banks and returns
the last bank into which it acquired data. The S1V driver then continuously acquires frames
into the other bank, while the application program processes the contents of the first bank. The
driver does not cycle between both banks again until the application calls a function announcing
that application is done.
With this setup, our motion-detection program requires about 45 ms to detect the relative
motion between two images. Moreover, the driver can capture a frame in 33 ms. Therefore, by
calling the application done function at the end of each 45 ms period of process, ideally the rate
of 22 frames per second can be achieved in motion detection.
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6.2 Calculation of Camera Location from Transformation Parameters
In previous chapters we described how to acquire the translation and rotation parameters
existing between two successive images. These transformations were obtained corresponding
to the location of matching pixels in the image frame. In this section we will explain how to
convert the transformation parameters from the image frame to the global frame of the mobile
robot platform in real world. Then it is possible to find the real location of the camera after each
step of the transformation and track the motion.
As has been mentioned previously, each image frame originates at the centre of the camera
lens. Therefore, the image frame is transformed while camera moves. In the cases where only
pure translation exists between images, the obtained translation in the image frame is equal to
the real translation in the global frame. However, if the transformation includes some rotation,
then the obtained translation in an image frame should be converted to the global robot frame
in the real world.
To clarify this matter, as is shown in Figure 6.2, assume that in coordinate frame A, the
mobile arm can rotate around its central axis which is located at
the origin of the camera frame is located at p

0

relocated to point ^ =

(x ,y )

A

l

l

-

2

=

{x ,y )

A

2

1

After the first step of motion it is

(xo,yo)-

A

and next to point p

Assume that initially

(0,0) .

A

2

and

so on. In registration, the

transformation existing between two successive images, is estimated based on the coordinate
system of the first image (the nontransformed image). Thus, T ,
B

BB

= (Ax ,Ay )
B

7

0

0

and 9 are
0

the estimated translation vector and rotation of the camera moving from location B to B' in terms

'

To represent the coordinates of a vector, we follow the notation used in [32]; the leading superscript indicates the frame in

which the coordinates are expressed. Pre-multiplying the coordinates of a vector written in frame B by a rotation matrix gR yields
the coordinates in frame A.
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Figure 6.2 Transformation of image frame versus global frame of robot platform

of frame B. Similarly,

'T <B"

-

B

B

s

' ( A a ;

]

) and 0] are the estimated translation vector and
T

,

rotation for a motion from location B' to B" in terms of frame B'.
Assume, the location of the camera after the first step, in terms of global frame A, is presented
by vector

and after the second step by

P B'

A

A
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A

A

•

Then we have:
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In other words, to obtain the location of the camera, after step i, in terms of frame
the transformation
a rotation matrix
to frame A:
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which is in terms of an image frame
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The rotation matrix corresponds to the rotation of frame B
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•
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sin
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— sin

ji

where :

7i = ^

K

(6.2)

COS7J-

It can be seen that after each step i of motion, in the rotation matrix, ^ is the summation of all
previous rotational angles except the last one.
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Therefore after first step of motion we have:
PAB'

A

= PAB

+

A

-R- T B'

A

B

B

or :

Ax

x

(6.3)

0

0

Ay

2/1

0

where:
B

R

-

1

0

0

1

after the first step : 7o = 0

and the computed location vector of the camera,
PAB<> = PAB'

+

A

[

P B>

A

A

B

>R-

. is used to locate it after the second step:
B

TB'B'

or

x

2

x

(6.5)

x

.2/2

where:
cos 6

- sin 6

sin 60

cos 6

Q

B'R

-

0

after the second step : 71 = 6

0

0

6.3 Optimal Parameters
In the initial stages of implementation, a few parameters existed as program inputs. Parameters were specified regarding the density of features in images, range of motion and the speed
of the processor. However, as the algorithm performance, on various scenes within different
motion ranges improved, less variable parameters were required. Finally, we obtained good
performance from a single set of parameters across all real image sequences taken from the
camera with the above setup.
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Image Size

At the height of 70 centimeters, for the best focus, the focal length of camera is 1.44 mm. In
the interlaced mode, the biggest area that can be captured in an (640x480) image is (112.5 cm
x 74.4 cm). For simplicity and speed of process, just a 240x240 central segment of the captured
image is stored in image arrays. Recall from Section 4.2 that four segments are selected from an
inner window of the image. In our implementation the central inner window is 152x152 and each
segment is 64x64 therefore, the generated sub-images are 128x128. Referring to the Figure 4.2
we have: W = 240, m = 152, w = 128 .
Obviously in sub-images with four separate regions, more distributed features can be
extracted. Also, in cases where some parts of an image do not have adequate information, there
is a greater chance to acquire sufficient informative features. Figure 6.3 illustrates an example
in which features of the upper part of images are very similar. By analyzing the information of
only one central region of each image, those similar features, that also have the highest comer
rank, are chosen. Consequently, transformation estimation is based on false matches and the
registration algorithm fails. However, by performing the registration on sub-images consisting of
four different regions, correct results are obtained.
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multiple regions search resulted in correct corresponding matches
result: Ax = 14.56 Ay = 0.68 0 =0.79
Figure 6.3 sub-image constructed of four different regions vs. one region

6 . Implementation Issues and Experimental Results

6.3.2

62

Number of Resolution Levels

By building a resolution pyramid, and performing all steps of registration in,a hierarchical
manner, the required time for detection of motion between two successive frames has reduced
significantly. Analysis of a small coarse image is much faster than the finer versions of the image.
The results obtained.from analysis of a coarse image leads to fast processing of the next higher
resolution image. This results in a faster algorithm.
On the other hand, there is a trade-off between having more levels of resolution and losing
the details in coarse images. Our experiments on real images illustrated in Figure 5.2, show that
having 3 levels of resolution with the coarsest image of 32x32 is optimal. So, when the scaling
rate is two, there are 32x32 , 64x64 and 128x128 images existing in three levels of the resolution
pyramid for each image. However, it can be seen later that we obtain satisfactory results on Our
images with synthesized motion, illustrated in Figure 6.5, with four level of resolution, because
those images contain bigger details that are still detectable in the coarsest resolution. So, it can
be concluded that the number of resolutions depends on the image regarding the size of fine
features that it contains.
Table 6.1 compares the time spent on the most expensive functions of the algorithm and
the number of interesting patches found in hierarchical corner detection, for different numbers
of resolution levels. By having more levels in the resolution pyramid the total required time
for the algorithm will be less. The reason is that less time is needed for hierarchical detection
of the corners and their correspondences. Moreover, since the detected features and their
correspondences are obtained from more levels and their validity is confirmed by more levels,
results are more reliable a n d the algorithm will fail for fewer frames. On the other hand, in
this example with four levels of resolution, the coarsest images, which are 16x16, do not have
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adequate information. Therefore, the algorithm fails more often.

no. of res.
levels

total time
(ms)

Correlate
(ms)=%of total

Find-Corner
(ms)=%of total

failed
frames

ave. no. of detected
corners

1

9.72

0.5 = 6%

4.04 = 42%

4

24

2

8.27

1.0=12%

1.41 = 16%

3

20

3

6.60

1.5 = 24%

0.63 = 24% .

2

19

4,

3.18

1.0 = 25%

0.36 = 9%

6

9

Table 6.1 Comparison between hierarchical registration with different numbers of resolution levels

6.3.3 Number of Features to be Extracted
As has been explained in Section 5.3 when solving the linear equation of rigid transformation
for four unknowns, at least two valid corresponding points should be found in two images.
However, usually for accurate and reliable results, it is preferred to have an over-constrained
problem. Moreover, in match verification and false match recovery steps some of the extracted
patches might be discarded. Therefore, having more corresponding matches in two images,
more reliable results can be generated.
On the other hand the number of extracted patches is directly proportional to the amount of
computational cost. Our experiments have shown that an average number of 30 patches to be
extracted at each level of resolution is adequate, assuming that at most 20% of those extracted
patches might be discarded in each level.
To assure that at least 30 corners can be extracted from the image of any unknown scene,
a very small threshold (e.g. 2) is used in the comer detection function. As it is mentioned in
Section 5.1 in our corner detection algorithm all detected corriers are ranked based on their
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sharpness. Therefore, by using an indexing function which is based on Quick-sort algorithm
and is introduced in [28], then the 30 highest ranked comers among all detected comers can
be extracted. In the case that even with the mentioned low threshold the number of detected
comers has been less than 30, the indexing function would not be called and the system will
cope with the number of detected comers.

6.3.4 Correlation Window and Search Window for Matching
After extraction of a sufficient number of interesting patches in the nontrarisformed image, 11,
a correlation matching approach is taken to find the corresponding match points of the following
image 12. A correlation window of 7x7 requires a high computational cost and a 3x3 window
does not provide enough information for reliable matching. Therefore a 5x5 correlation window
was selected for this purpose.
For each interesting pixel of 11 , the matching search space is apxp

rectangular region of 12

that is centered at the predicted location for the corresponding match. The size of search window,
at the coarsest level, can be chosen by considering the amount of expected transformation
between images and in the next finer levels, by considering the maximum expected error in
. prediction of the location of match points.
Since our correlation matching is performed on sub-images, that are generated to minimize
the possible displacements, in the coarsest images, displacements are expected to be small. On
the other hand, since transformation is computed based on integer location of matching pairs
on the grid, the accuracy of transformation parameters is within ±0.5 pixels. Moreover, in the
generation of the resolution pyramid the chosen scale rate, K - 2, therefore the maximum error
in conversion of the transformation parameters from each level to the next one and consequently
in prediction of match points is: K x (±0.5) = 2 x (±0.5) = ± 1
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Therefore, a 3x3 square region, centered at the location of predicted match, is sufficient to
track matching between levels. Consequently, with a 3x3 search window, for each interesting
pixel, 9 match values are computed.
With a 3x3 search window, 3 levels of resolution and scale rate of 2, the maximum
displacement that can be detected between two consequent images is ±1 pixel at the coarsest
level or ±8 pixels at the finest level of images.
Usually, big rotations cause correlation matching to fail, because after a big rotation the
intensity configuration of the patch under the correlation window changes significantly. However,
we assume the rotations that cause the displacement of less than or equal to half a pixel, would
retain a substantial degree of correlation. Figure 6.4 shows that, in a 5x5 window, if the center
of a pixel moves less than or equal to half a pixel it will remain in the angle of a, which is 11.25°.
In other words, a 5x5 correlation window can provide consequential degree of accuracy while
the rotation is less than or equal to 11.25°.
a = ^ - = 11.25°

(6.7)

0.5 pixel
-•I H*-

5x5 Correlation Window
Figure 6.4 An approximate maximum detectable rotation within a 5x5 correlation window

It should be mentioned that, in the actual experiments, this amount highly depends on the contrast
of image and the shape and size of the rotated feature, overlaid by the correlation window.
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In an experiment on synthetic images, illustrated in Figure 6.5, when there were no translations but 20° rotation and image was relatively blurred, we could detect the rotation of 20.9°,
within 4 levels of resolution. Table 6.2 shows the intermediate estimated results (translation and
rotation), obtained from coarse-to-fine resolution levels, when 20 comer patches are requested
to be extracted. The translation and rotation obtained from the fourth (finest resolution) level
has the highest accuracy.

on

# of found matches

Res. level#

Ax. (pixels)

Ay (pixels)

1

0.7963

-2.1667

15.4411

18

2

0.1107

-1.0549

19.5408

10

3

0.0825

' -0.2922

20.5535

13

4

0.0056

-0.2427

20.9180

7

Table 6.2 Intermediate results, obtained from registration i n four levels, for 20° rotation

6.3.5 Thresholding for Discarding False Matches
There are two stages, used to discard false matches. First, in the correlation matching
function, where the validity of correlation matching is verified.

In that step the disparity of

the obtained best matches from two reverse matching iterations is compared. For the highest
accuracy, the corresponding matches with equal disparities are considered as valid, and the
ones with more different disparities are discarded.
The next discarding of possible false matching points is after the transformation estimation
step in the finest level of resolution. In this stage, if the residual of the best fit for each pair of
obtained match points relative to the final least squares fit is more than the residual threshold
of 1.0, that pair of corresponding matches will be discarded. For an ideal fit, the residual should
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be zero but since, with subpixel correlation, we expect an accuracy of less than a pixel, the
residual-threshold of 1.0 has been selected:
||A;X-b;|| < 1,0

(6.8)

6.4 Timing Cost
This system has been simulated using C language, on Sun Sparc20 with Solaris 2.3. The
most effort has been done to optimize the code and modulate the system in order to obtain fast
subsystems with less communicational cost and required memory.
The most severe drawback of a registration algorithm is its high computation requirements.
Especially, where finding and evaluating of a match is required. Computation time is mainly
spent on performing correlation between two images, over a specific disparity range. As stated
earlier, to reduce the computation time, we only correlate a limited number of patches of the
nontransformed image, 11, (interesting patches) over a small 3x3 region of the transformed
image, 12. The number of executed correlations is proportional to the number of interesting
patches times the size of search area.
On a Sun SPARC20 all steps of sub-image generation, resolution pyramid generation and
hierarchical registration of the algorithm with the above parameters is done in approximately
46 milliseconds. This figure has been obtained by generating a Graph Profile and measuring
the spent CPU time of during the execution of algorithm. The contents of GProfile, shown in
Table 6.3, illustrate the spent CPU time for each call, number of calls, total spent CPU time and
percentage of CPU time, spent for each function.
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% of Total time

Total seconds

Number of calls

Spent time (ms/call)

Function

37.4

2.72

27382

0.10

Correlate

15.7

1.14

462

2.47

Find_LeftAve

9.6

0.70

13860

0.05

Find_RightAve

9.1

0.66

462

1.43

Find_Corner

8.9

0.65

308

2.11

SubImage_Gen

5.6

0.41

616

0.67

Res_Scaling

5.5

0.40

462

0.87

Find_Match

4.1

0.30

3913

0.08

SubPixel_Corr

1.0

0.07

1112

0.06

Array_Mult

0.7

0.07

462

0.11

Choose_Crnr

0.3

0.02

248 .

0.08

Find_Residual

100

7.28

155

46.96

Total/frame

Table 6.3 CPU time spent on various functions of motion-detection algorithm

The above GProfile has been generated while the motion of camera has been tracked, within
155 frames, and the algorithm uses the mentioned optimal parameters. It can be seen that the
most time consuming function is the correlation function. The second and the third most time
consuming functions calculate and provide the average intensity of patches, that overlay the
features which are being compared, for doing the normalized correlation. Average CPU time
spent for complete motion detection of each frame relative to its previous frame, is 46.96 ms,
therefore, with a real_time operating system with faster capability for I/O and memory access
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the actual speed of motion detection can be up to 21.3 frames/sec. However, because of the
limitation of the current non real-time computational resources in our experiments, we could
perform our algorithm in only 10 frames/sec.

Consequently, it was necessary to move the

camera quite smoothly and slowly.

6.5 Maximum Detectable Displacement of Camera
As it has been mentioned in Section 6.3.4 the maximum detectable displacement in the
images, with 3 levels of resolution, a 3x3 search window and a 5x5 correlation window, is 8
pixels per frame. According to the resolution and focal length of our camera and its height
relative to the ground, the maximum displacement in the scene, that can be detected, is as:

X 8 image pixels

= 16000 CCD pixels

(6.9)

= 1.4 cm in the scene

Therefore, maximum detectable displacement of the camera within two successive images is ±1.4
centimeter. By prediction of velocity to be constant between two pairs of successive images, the
change of velocity, or acceleration of 1.4 cm/sec in each frame is detectable. Therefore, with
2

the imaging rate of 20 frames/sec the maximum motion with acceleration of 2Scm/sec can be
2

tracked. In the other hand, the detectable displacement is limited by the image size.
Another factor that is limiting the maximum speed of the vehicle is the sub-image parameters,
described in Section 4.2. As equation 4.12 illustrates, the difference between the size of central
window, m , and the size of original image, W, should be bigger than the maximum displacement.
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With the selected sub-image size parameters, we have:
W = 240 , m = 152
W - m

^

= 44 image'.pixels

(6.10)

= 7.73 cm

So, the maximum displacement of camera can be 7.73 cm/frame. In other words the maximum
detectable velocity of camera's displacement, consisting of both rotation and translation, with the
processing rate of 20 frames/sec, is 7.73x20=154.6 cm/sec or 5.4 km/hr.
Obviously, by having a faster processing, or a wider angle lens, larger displacement can be
detected. However, there is a trade-off between having a wide angle lens and extracting enough
details from the images.

6.6 Results
6.6.1

On Images with Synthesized Motion

To study the accuracy of algorithm we can refer to the images that have been taken from a
terrain of forest and transformed synthetically, with a known amount of translation and rotation.
To produce synthetic transformation, each of the above images has been scanned and then
shifted and rotated via software. In the following figure the existing transformation between a
pair of transformed and nontransformed images has been detected.
Our algorithm has performed well on various images with wide range of synthetic transformations. Table 6.4 illustrates the results of those experiments, with various transformations,
when the search window is 3x3, correlation window is 5x5 and resolution pyramid has 4 levels.
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These experiments simulate situations in which, motion includes pure rotations, pure translation
or simultaneous translation and rotation.

Detected results

Synthetic Motion

Total time (ms)

Translation in X = Y (pixels)

Rotation ( ° )

A x (pixels)

A y (pixels)

e n

0

1

-0.46

-0.46

1.03

45

0

-1

-0.65

0.43

-0.9

46

0

4

0.02

T0.34 .

3.9

45

0

-4

-0.11

0.18

-4.08

48

0

20

0.00

-0.24

20.91

50

1

0

0.93

1.04

0.10

45

10

0

9.95

9.98

0.02

46

15

0

14.97

15.01

0.04

50

5

9

5.61

4.40

9.32

51

7

6

6.34

7.79

6.04

46

10

2

9.41

10.19

2.02

47

Table 6.4 E x p e r i m e n t a l results o n a terrain images with various synthetic translations and rotations

Figure 6.5 illustrates one of the above examples. An image of a terrain in forest, 11 is
shown, with another version of it, 12, that is synthetically shifted and rotated by Ax - Ay 7 pixels and 0 = 6°. The valid correspondences are identified with white and the invalid
ones, that did not pass the match verification, are in black. The estimated transformation,
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obtained from four levels hierarchical registration of the generated sub-images S1 and S2 is :
(Ax = 6.34, Ay = 7.79,f5 = 6.04) .

Estimated Transformation: Ax = 6.3419 , Ay = 7.7921 9 = 6.0400
Figure 6.5 Experimental results on synthetic images

6.6.2 On Real Images
In the mentioned setup, camera has a rotational motion around the central axis of the mobile
arm. During the motion of camera 135 images has been taken from the ground, but only one
image per 15 sample is displayed in the Figure 6.6. In the result image, each of the white pixels
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represents the centre of camera at each moment, consequently, the white curve illustrates the
tracked motion of camera. By having different patterns on the floor we proved that the algorithm
i

performs well on various types of grounds, regardless of any specific object existing.
We also carried out an experiment on a mini-excavator to obtain a rough idea about the
accumulated error. The camera was mounted on the rear dozer-blade of the machine at a
height of 50 centimeters'. As shown in Table 6.5, two paths were examined while taking 300
images from the gravelled surface of the test yard.
Detected Results

Approximate Motion

Translation in X (cm) Translation in Y (cm) Rotation (°) Ax (cm)

Ay (cm)

Missed

0 (°)

frames

0

180

0

-0.5

157.5 0.9

5

o

0

75

0.8

0.5

62.8

8

Table 6.5 Experimental results on images, taken by the camera, mounted on a mini-excavator

The detected translation and rotation, show that the total accumulated error after 300 image
frames in translation is 12% and in rotation is 16%. Accordingly, the average rate of accumulated
error per frame is 0.04% in translation and 0.05% in rotation. In other words, total accumulation
error in translation, after processing 300 image frames is 22.5 centimeter which is approximately
equal to 128.57 image pixels. Therefore, the average translation error is 0.42 pixels per frame.
The obtained error value strongly supports the subpixel accuracy of our estimation.
Because of the current communication's tether limitations, we could not move the machine
farther. In the near future, it is intended to have more experiments on the mini-excavator
and compare the results obtained from the presented vision system and other motion tracking
systems.
'

In the implementation on a large scale excavator, the camera will be mounted at a convenient location under the chassis.
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Motion of Camera detected within 135
image frames:
(only one sample per 15 is displayed)
Estimated transformation:
Ax = -183.6 pixels = -32.3 cm
Ay = 473.3 pixels = 73.9 cm
a = 123.93 degree

Figure 6.6 Experimental results on real images
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Chapter 7
Conclusions

7.1 Concluding Remarks
We have described a feature-based, real-time motion tracking system for local control of
a mobile robot equipped with a down-looking camera. We do not assume the presence of
any beacons or landmarks, nor do we require any inertial sensors or any expensive dedicated
hardware for fast performance. We have derived a new faster approach to detect motion via
image registration.
In this approach, an effective method to cut down the computation is to process the subregions of images. In partitioning a transformed image, velocity prediction provides enough
information to filter out areas which are unlikely to contain features that are being followed in
a corresponding non-transformed image. Moreover, a hierarchical approach has been taken to
improve the speed of feature extraction and match detection. To eliminate false information two
methods have been presented to discard errors caused by noise or partial occlusion.
Results obtained from synthetic and real images with various two dimensional transformations showed that this algorithm performs well with, better than a pixel accuracy in detection of
translation and better than one degree accuracy in detection of rotation, at a processing rate of
20 frames/sec. The above processing rate allows the maximum acceleration of 28 cm/sec and
2

maximum speed of 5.4 km/hr\o be detected while the camera is moving on a two dimensional
plane. Moreover, satisfactory results, obtained from our experiment on the mini-excavator in a
gravelled yard, shows that, the average accumulated error per frame of the present system is
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0.04% in translation and 0.05% in rotation. Moreover, the system can successfully compensate
the small vertical motions of the camera.

7.2 Directions for Future Improvements
An inherent characteristics of our motion-detection system is that estimation errors get
accumulated over time and distance. Although, the position information obtained from each
iteration of the algorithm is reliable, over long periods of time the system must be integrated to
provide absolute measurement of location. Like inertial systems, the platform requires additional
information from some absolute positioning systems, such as GPS, to eliminate the accumulated
errors. One way of doing this is to periodically reset the initial estimates with the absolute
position sensing estimates.
As we mentioned before, the CPU time spent on the motion-detection system is much less
than (about half of) the actual time that we have obtained from running the program on Solaris
2.3. Higher speed can be obtained by optimizing the code for faster access to I/O and memory,
or using a real-time operating system.
Since, our algorithm can fail in situations when the camera has abrupt motion discontinuities
or large vibrations, future improvements include handling these two problems as well.
In addition, an unexpected motion of some relatively large object(s), in the scene such as
a branch under the machine, can produce unreliable results as well. Ways should be found
to recognize the presence of more than just one global motion. Then, the results could be
evaluated and the object could be ignored.
In the case that a robot moves on an uneven surface, the vertical distance of the camera
to the ground, z, changes significantly thus, the objects that are closer to the camera seems
to move faster than others. This situation is also similar to the case that more than one global
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motion is present. Even though, we have presented some methods to discard false information,
more robust methods can be searched for.
For further applications, other properties such as speed of the mobile robot can be computed
using time intervals between frames.
In the near future we are going to incorporate our algorithm into a motion detection system
for excavators, which allows the path planar know the current position of the machine. We hope
to be able to add higher level control capabilities to this application.
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