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Abstract

Image registration enables the geometric alignment of two images and is widely used
in various applications in the fields of remote sensing, medical imaging and computer
vision. This thesis explores each of the stages, and looks at two applications of image
registration. The applications investigated are mosaicing and independent motion

detection.

Mosaicing is the aligning of several images into a single composition that represents
part of a 3D scene. This is useful for many different applications, including virtual

reality environments and movie special effects.

Motion detection often assumes a static background onto which moving objects
provide a dynamic foreground. A challenging problem is presented when the camera
is also moving. A differentiation needs to be made between the apparent movement of
the background (caused by the motion of the camera) and independently moving
objects in the scene. We compensate for the apparent movement of the background by
registering or aligning the images. Following this, we use frame-differencing,
thresholding, and morphological operations to segment independently moving objects
in the scene. We do not set out to achieve real-time motion detection, but rather

present a means for the detection of independent motion.

The images we consider in this thesis are views of a scene taken by a rotating camera
and are registered by means of a planar homography. The advantage of our approach
to the two applications is that it is fully automated, robust and uses only information
provided within the images. Mosaicing results show that provided there is sufficient
overlap between images, mosaicing can be achieved with no user intervention. Lastly,
it is shown that despite the apparent movement of the background it is indeed possible

to detect independently moving objects using our approach.
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Chapter 1

Introduction

“If we knew what it was we were doing, it would not be called research, would it?”

- Albert Einstein (1879 - 1955)

This thesis looks at the stages of image registration. It also considers the problems of
creating image mosaics and the detection of independent motion as viewed by a non-
stationary camera. The chapter starts with an overview of the research and
application areas that provide inspiration to this work. Some selected work is briefly
described, as relevant related work will be referred to within the individual chapters

of this thesis.

1.1 Motivation and scope

Vision allows us humans to observe and be aware of our surrounding world.
Computer vision, as the name suggests, aims to duplicate human vision by
electronically manipulating and interpreting images. Whilst images do provide us
with lots of useful information, extracting this information is not a single problem but
rather a vast number of them, each individually complicated. As such, computer
vision has been evolving as a multi-disciplinary subject over the years focusing on the
extraction, representation and use of visual information in artificial intelligence,

robotics, medical image analysis, surveillance systems, and other applications.

Further, images not only contain scene shape, structure and colour information, but
also the possible motion of the camera and objects in the scene. It is precisely this
information that we manipulate in this thesis. Active vision allows for camera motion
and thus improves the retrieval of information relevant to a particular task. For
instance, in surveillance systems, active tracking can be used to keep an object of

interest in sight, or better yet, keep it centred in a video sequence.




When multiple images are captured from different viewpoints (or at different times)
the images become distorted with respect to each other. Image registration or
alignment® is the process of determining the optimal transformation matrix that results
in the images being in spatial alignment [16]. The registration of images is used in a
variety of applications and it is no surprise that research in the area of image
registration has followed many avenues towards determining this optimal
transformation matrix. Excellent reviews of image registration are given in {4] and
[58]. The reader is encouraged to look at these for an in-depth look at the different

methods used in the registration of images.

This thesis considers each stage of image registration in depth and then looks at two
application areas, namely the creation of mosaics and the detection of independent
motion. The objectives of our research can be summarised as to:
e Review existing literature on image registration and tackle each of the stages
involved in this process.
e Use image registration to create mosaics of scenes containing moving objects.
* Combine image registration and temporal differencing to achieve independent
motion detection.
e Test the selected method of mosaicing and motion detection on images of real
scenes.
® Finally, draw conclusions and make recommendations for future research

directions.

1.2 Related work

Algorithms that allow images to be aligned and seamlessly stitched together are
among the oldest and most widely used in computer vision [48]. One of the
applications of image registration is in the medical field: [28] offers a comprehensive
survey. In medical image analysis, image registration is used for applications ranging
from tumour detection to those dealing with the integration of structural information
from computed tomography (CT) or magnetic resonance (MR), with functional

information from scanners such as Position Emission Tomography (PET) [4]. In the

! The terms registration and alignment will be used synonymously throughout this thesis.



field of remote sensing, image registration can be used for interpreting changes in
scenes captured at different times, for instance in urban growth monitoring [9] or
surveillance of nuclear plants. Other applications in the field of remote sensing
include the location of positions and orientations of well known features such as
parking lots, airport runways, etc. More information on the applications of image
registration in the field remote sensing can be found in [4]. One last useful application
is that of the creation of panoramic mosaics. Several approaches are presented in
literature to construct full view panoramas by taking several video images in order to
cover the whole viewing space and then stitch the images together. The reader is
encouraged review work done by Szeliski (see credits). Other work related to this

thesis includes {1, 7, 8, 11, 14, 17, 23 and 32].

1.3 Thesis structure

The rest of this thesis is organised as follows: firstly an introduction to projective
geometry is given (Chapter 2) after which the feature detection and feature matching
stages of the image registration are then explained. Here, a general overview of the
stages and related literature is given before the exact methods that were used are
described (Chapter 3). A background description of the estimation of the transform
used in this research is given and the robust estimator that is used to estimate it
described. The method used to align pairs of images is also presented (Chapter 4).
Two applications of image registration are investigated; image mosaicing (Chapter 5)
and motion detection (Chapter 6). Conclusions based on the research are drawn and

directions for future research given at the end of the thesis (Chapter 7).




Chapter 2

Projective Geometry

“Copy from one, it’s plagiarism; copy from two, it’s research.”
- Wilson Mizner (1876 - 1933)

This chapter reviews some of the basic notations and properties of projective
geometry. Projective geometry is the natural mathematical framework used to
describe the projection of a scene onto an image. The background presented here is

therefore useful for understanding subsequent chapters.

2.1 Perspective camera model

The most commonly used geometric model of a camera in computer vision is the pin-
hole camera. This model consists of a plane R , called the retinal or image plane, and a
3D point O called the center of projection or the optical center. The straight line
through the optical center and perpendicular to the image plane is called the optical
axis and the distance between the plane R and the optical centre, the focal length. The
camera reference frame has its origin at the optical centre and the optical axis as its z-

axis. This discussion is illustrated in figure 2.1.
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Figure 2.1: The perspective Camera Model



Let {u,v) be the 2D coordinates of the point m and (x, y, z)the 3D coordinates of M.

The fundamental equations of the perspective projection of M in the point m of the

image plane are:
u=r2 y=f2 @2.1)
z F4

Equation 2.1 is a non-linear relation but can be expressed in homogenous coordinates

and expressed linearly as:

ul L f
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where P is the perspective projection matrix.

2.2 Camera parameters

Often, the camera reference frame is unknown and the location and orientation of the
camera frame with respect to a known reference frame needs to be determined using
image information only. In practice the image coordinate system is represented by a
pixel grid (not mm) and the origin is not the principal point but one of the image
corners. Also, the horizontal and vertical distance between pixels is not necessarily
the same. To deal with these issues, an operation known as camera calibration is
performed. This operation involves estimating two sets of camera parameters known
as extrinsic and intrinsic parameters. Extrinsic parameters define the location and
orientation of the camera reference frame with respect to a known reference frame. A
typical choice for describing the transformation between the camera and world frame
is to use a 3D translational vector T describing the relative positions of the two
frames, and a rotational matrix R that brings the corresponding axes of the two frames
onto each other. The relation between the coordinates of the point M in world and
camera frame, M,, and M, respectively, is:

M. =RM,-T) (2.3)
with

T N2 T3
R=iry 1y rm

T3 T Ty




Intrinsic parameters are the parameters necessary to link the pixel coordinates of an
image point with the corresponding coordinates in the camera frame and characterize
the optical, geometric and digital characteristics of the viewing camera. They specify,
respectively; the perspective projection (i.e. the focal length), the transformation
between the camera frame coordinates (mm) and pixel coordinates, the geometric
distortion introduced by optics. Neglecting geometric distortions, the transformation

between camera and image frame coordinates is given by:

x=~{x, ~0,) s, y=~—0,)s, @4)
where (ox,o y) are the coordinates of the pixel of the image center O (the centre of
projection), and (sx , sy} is the effective size of the pixel (in mm) in the horizontal and

vertical direction respectively. Putting equations 2.3 and 2.4 into equation 2.1, and
neglecting radial distortion, two matrices for the cameras intrinsic and extrinsic

parameters may be defined as:

- y 0 o,
SX
M. = o I/ o,
in sy y
0 0 1
and
M, =[RT]

where [R;T) represents a 3 x4 matrix with the first three columns occupied by R and

the fourth by the vector T.

2.3 Planar transformations

A linear transformation of a projective space 1is defined by a non-
singular (n +1)x (n +1) matrix A. This transformation is known as a collineation or a

projective transformation. The matrix A performs an invertible mapping of onto itself
and is defined up to a non-zero scale factor. For 2D projective transformations we
have what is known as the projective plane and two different views of the same planar
scene in 3D space are related by a collineation which is also known as homography,

the term we adopt in the rest of this thesis.



A 2D projective transformation is a linear transformation on homogeneous 3-vectors
represented by a non-singular 3 X3 homography matrix H:
x; hy  hy o by x
Xy |={hy Ay By x, (2.5)

£
X3 hy hy hy|lx,

In equation 2.5,(x,,x,,x,) and (x{,x},x;) are the homogeneous vector

representations of two points, and H is the matrix defining the linear mapping of
homogeneous coordinates. The matrix H may also be multiplied by any arbitrary non-
zero scaling factor without altering the projective transformation. The matrix H has
eight degrees of freedom, being defined up to a scale factor. Two images taking by a
moving camera are related by a homography if the scene is planar or if the point of
view of the camera does not change (the camera is rotating around its optical axis).

Table 2.1 shows the hierarchy of homographies.

Table 2.1: Models used to describe a planar transformation.

Image model and degrees | Homography Matrix form | Distortion and invariants
of freedom
Pure translation 1 0 ¢ Image is parallel to the
2 DOF 0 1 planar scene. No rotation.
t)’
0 0 1
Euclidean cos® -—sinf t, Translation and rotation
3 DOF snf cosd 1, are fllstorted. Length 1is
mvariant
0 0 1
Similarity scosd —ssinf 1, Translation, rotation and
4 DOF . scale are distorted. Angle
ssinf  scos@ ¢, .. .
is invariant.
0 0 1
Affine (', h, h;] Translation, rotation, scale
6 DOF b b h and shear are distorted.
2 T T Parallelism is invariant
1 0 0 1]
Projective ¥ y by hy 7 Most  general  planar
8 DOF transform, collinearity and
oy By By cross-ratio are invariant
_h31 hsz has |




Notably, a general projective transformation takes into account translation, rotation,
scaling, shear, and perspective deformation. When dealing with a 3D scene and
arbitrary camera motion, the relationship between two views can be defined in terms
of a homography plus a paraliax term depending on the scene structure and camera
translation. However if the depth range of the scene is small compared to the distance
from the camera, or the translation is small, then the parallax term can be neglected
[12].

2.4 Conclusions

This chapter was devoted to a summary of the mathematical framework describing the
projection of a scene onto an image. The perspective camera model, which is widely
used in computer vision applications, was described. Following this, the cameras
external and internal parameters were discussed. The process of finding the camera
parameters, camera calibration, was not described as it fell beyond the scope of our
research. However, for applications such as 3D reconstruction and motion tracking,
camera calibration 1s essential. Finally, the basic properties of 2D projective
transformations were explained. Further details on the computation of the

homography will be discussed in subsequent chapters.



Chapter 3

Feature Detection and Matching

“It is impossible to begin to learn that which one thinks one already knows.”

- Epictetus (.55 - ¢.135)

This chapter is devoted to the first two stages of image registration, namely feature
detection and matching. The material presented here is not new and a plethora of
literature on the subject exists. For more details on these topics the reader is referred
to [4]. The chapter is organized as follows: Section 3.1 gives an introduction and
describes the various types of features that can be used for our application. The
Sfeatures that are used in this thesis are corners. A review of corner detection and a
description of the method we use are presented in section 3.2. The maiching
procedure is described in section 3.3 and the results of both the detection and
matching shown in section 3.4. The chapter concludes with a discussion in section

3.5.

3.1 Introduction

The feature detection and feature matching stages of image registration can be divided
into two approaches, namely area-based and feature-based. Area-based methods of
feature detection put emphasis on the matching of the features themselves rather than
on their detection. These methods are not considered here; instead we focus on

feature-based methods.

Feature-based methods do not work directly with image intensity. Therefore when
illumination changes are expected, as is the case with the real scenes being dealt with
in this research, the fact that features represent information on a higher level
motivates their use. The use of feature-based methods is also recommended if the
images contain sufficiently many detectable and distinct objects, as is the case with

most computer vision applications. They are several features that may be used for




detection and matching, and certain criteria are used to justify the type of feature
chosen. These criteria are that the features should be unique, able to be detected
without difficulty, and have a good spatial distribution over the images. Some of the

features that may be used in the registration of images, taken from [58], follow.

One type of feature that may be used is a closed-boundary region. Examples include
buildings, forests, and fields or lakes due to their significant size in remotely sensed
images. Regions are also used because their centres of gravity are invariant with
respect to rotation, scaling and skewing, and are stable under conditions such as noise
and grey level variations. However, region features are detected by means of
segmentation methods, the accuracy of which significantly influences the resulting
registration [34]. Line features such as representations of general line segments or
object contours may also be used. Often the line correspondences are expressed by
pairs of line ends or middle points [58]. Standard edge detection methods are used for
line feature detection, and these include the Canny edge detector and the Laplacian of
Gaussian (LoG) based detector. The reader is pointed to [S7] where an extensive

overview of edge detection techniques is given.

The last group of feature we consider are point features. This group of features
includes methods using line intersections, high variance points, maximally distinct
points with respect to a specified measure of similarity, and comers. With regard to
feature detection, in most instances the core algorithms follow the definition of a point
as a line intersection or as the centroid of a closed-boundary region. It has been found
that corners form their own class of feature as the property of being a comer is hard to

define mathematically.

3.2 Corner detection

As mentioned in the previous section, there are several types of features available for
detection in images. Primarily, the choice of which feature is to be used is dependent
on the application being undertaken. Corners, with their two-dimensional structure
providing information about image motion, are well suited to the moving scenes being
considered in this research. The choice of comers for feature detection is further

motivated by the fact that they are stable, not only to small changes in viewing

10



directions but also to illumination changes. Also, comers are not affected by the

aperture problem inherent when computing optical flow.

A review of some of the different methods of comer detection is now given, after
which the comer detector used in this research is described and reasons for its choice

given.

3.2.1 Review of corner detectors

Early approaches to corner detection involve segmenting images into regions,
extracting boundaries as chain codes, and then identifying comers as points where
directions change rapidly [38]. Such approaches have largely been done away with
due to their dependence on the initial segmentation step. More recent corner detectors
can be categorized in two groups that differ in the way “comerness” is defined. We

have curvature-based detectors, as well as feature-based detectors.

The curvature-based corner detectors exploit the definition of a comer as a point
where the edge contour curvature is high. Kitchen and Rosenfeld [25] employ a local
quadratic surface to find the magnitude of the gradient and the rate of change of the
gradient direction. The resulting product of these two quantities is determined and the
point of local maximum locates the corners. Baudet [3] improves high-curvature
edges by looking for saddle points in the image brightness surface, and then calculates
the image Gaussian curvature based on the product of the two principle curvatures.
The Baudet operator, known as the DET, is derived from the second-order Taylor

expansion of the intensity function (x, y):
DET:IHIW-I;,, (3.1)
where I, ,1  and I, are the second order partial derivatives of [/ (x, y). The corner

detection is based on the thresholding of the maximum of this cornerness measure.

At the forefront of the curvature-based methods is the Wang and Brady corner
detector [53]. Here the stability of the detected comers is improved by suppressing
false corners that are wrongly reported on strong edges. The original image is

convolved with a Gaussian filter (0=0.5 pixels) to reduce the effect of noise and

11




quantization, before computing the total image surface area. It is shown that for points

with a strong gradient, the total curvature x can be approximated by

2

5°F
K = % >S, (3.2)
which leads to
(‘Zf jz ~S|VE[* >0, (3.3)

where F is the grey-level image after Gaussian convolution and 8°F/8t” is a directional
derivative along the direction perpendicular to the image gradient n. The term S [VF |2

is the edge strength, which responds well at the edge pixels.

A modified corner detector is proposed in [53] which looks for where the curvature x
is high and where a local maximum is found in the inequality given in equation 3.3.

The Wang and Brady detector is therefore defined as:

§*FY )
r=(;—J —S|VF|" = Maximum (3.4
°F 15
WVF|" >T,,>T, (3.6)

where S is a constant measure of the image surface curvature (varying with different
Gaussian masks), F is the intensity image after Gaussian smoothing, and T, and T, are
user-defined thresholds on edge and corner strengths. In cluttered environments,
however, the false corner suppression is not sufficient to prevent false responses on
strong diagonal edges. This group of detectors is sensitive to noise as the measure of

“comerness” relies on the second order derivatives.

Feature point based detectors use the intuitive definition of a corner as points that are
well-distinguished from neighbouring points, or where the local autocorrelation of the
image intensity is high. Paler et al. [35] show that, at a corner, the median of the local

brightness values taken over a small mask is significantly different from the centre

12



value. A corner response is produced using the difference between the median and
centre value of the mask. The approach is restricted to images where the edge widths

and the contrast between the object and background can be estimated accurately.

Smith and Brady [45] introduce the SUSAN corner detector for low-level image
processing, and use a principle similar to that of Paler et al. Their method considers an
arbitrary pixel in an image and a corresponding circular pixel mask around it, the
centre of which is called the nucleus. Provided that the image is not textured, there
exists a compact region within the pixel mask whose pixels have similar intensities to
the nucleus. The area is called the USAN (Univalue Segment Assimilating Nucleus),
and by observing how the position of the centre of gravity of the USAN varies from
the nucleus, a principle is derived to locate corners. Some of the representative shapes
of the USAN are shown in Figure 3.1. No assumption is made about the form of the
local image structure around any well-localised point, nor are points of interest

sought. As such the SUSAN detector is fast and able to handle all types of junctions.

Figure 3.1: Representative Shapes of USAN. (A) the nucleus is within the USAN;
(B) the nucleus is an edge point; (C) the nucleus is a corner point.

The Moravec corner detector [29] defines corners as points where there is a large
intensity variation in every direction. The principle consists of computing an un-
normalised local autocorrelation in four directions and taking the lowest results as the
intermediate response. The final response is obtained after performing thresholding

and local non-maximal suppression. As only four directions are used in finding the

13




local autocorrelation, the Moravec detector is sensitive to strong edges under certain
directions. Harris and Stephens [18] use a similar technique to that of Moravec but
estimate the local correlation measurements from first order derivatives. This is the

detector used in this research and is the focus of the next section.

3.2.2 Corner detection using the Harris Corner Detector
To be useful for the later feature matching stage, a corner detector needs to satisfy the
following criteria of robustness:
o (Consistency of detection - The comer detector should detect even very subtle
comers, while being insensitive to the variation of noise,
e Localisation - The comers should be detected as close as possible to their
correct locations,
o Stability - The detected positions of corners should not move when multiple
images of the same scene are acquired possibly from different viewpoints, and
o Complexity - For real-time tasks the comer detection needs to be fast, so a
low algorithm complexity is required.
The Harris and Stephens corer detector is a widely used corner detector and is used
in view of the above-mentioned criteria. Consider a local window in the image. Harris
and Stephens determine the average variation in intensity that results from shifting the
window by a small amount in different directions. Letting I denote the image
intensities and W specify the current image window, the change E produced by a

shift (x, y) is given by
E,=> W, [Iu+xv+y)-Iuv]. (3.7

An expansion about the shift origin is then performed as:

E =W, IxI, +yI, +0G*, y))]* =M (x ), 3.8)
where

(3.9)

[ IR®W  (1)®W
(IL1)®W I',®W |

I, and I, are the first order derivatives of the intensity function in the x and y

directions respectively, O(x*,y”) represents higher order properties, and W is

defined as the Gaussian function for a smooth circular window. Denote the
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eigenvalues of the matrix M as a and B. Since the matrix M describes the shape of the
local autocorrelation function at the origin of the shift, a and B are proportional to the
principal curvatures and form a rotational invariant description of M. Therefore, when
both o and B are larger than some threshold values, the shifts in any direction lead to a

significant change in E and a corner is flagged. The cornerness measure Cg (M) is
defined using the trace Tr(M ) and the determinant Det(M) as:

Cy (M )= Det(M )—kTr*(M)
where (3.10)

t 1 «a

k= m and z < —E <t
The constant k varies with different masks and different Gaussian convolution. As it
is commonly used, the detection process used in this research may be summarised as

consisting of the following stages:

® The calculation of the image gradients /, and I,
® Convolution of the image gradients /, and I, and their product, 7,/ with a

smooth circular Gaussian convolution mask
e (Calculation of the corner responses from the smoothed gradients, and
® Thresholding the comer responses and applying a non-maximum suppression
process to eliminate multiple candidates for a corner point
The results of using this corner detector are shown and discussed at the end of this

chapter.

3.3 Corner matching

Once the two sets of comner features in the images have been detected, the aim is to
match the corresponding features using spatial relations or various descriptions of the

features.

3.3.1 Review of Feature-based Matching

Early work regarding feature based-matching was undertaken by Barnard and
Thompson in [2]. In their approach, well-localised corners are found using the

Moravec corner detector. An iterative relaxation of the matching surface is then used
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to find an optimal set of matches. For each point in the first image a probability of a
match is assigned to each point in the second, and relaxation is then applied in order
to force the flow field to vary smoothly in the images. Shapiro et al {42] make use of a
correlation method in their corner matching having found cormers using the Wang and
Brady detector. The corners are then matched using a correlation of small patches
placed on the detected comers. Trajkovic and Hedley [52] use this same approach
whilst working with the SUSAN comer detector. They use the standard cross-
correlation coefficient for matching and a disparity constraint to reduce the number of

mismatches.

When finding feature correspondences certain criteria need to be fulfilled by the
feature description, namely:
¢ Invariance - the descriptions of corresponding features from both the images
are required to be the same,
e Uniqueness - different features should have different descriptions, and
e Stability - the description of a feature, which is slightly deformed in an
unknown manner, should be close to the description of the original feature.
An appropriate trade-off is often found between these conditions, and they are not all
required to be satisfied. Features from the images with the most similar invariant
description are paired as corresponding features. The selection of the types of the
invariant description depends on the feature characteristics and also on the assumed
deformation of the images. When searching for the best matching feature pairs in the
space of the feature descriptors, the minimum distance rule with thresholding is

normally applied.

3.3.2 Matching through correlation

In this research, the correlation and strength of match measure presented in the paper
by Zhang et al. [56] are considered in the matching step of the image registration
process. Consider an arbitrary corner m; detected in the first of two images, with
image coordinates given by vector my =[u,.,vi] T, The aim of corner matching is to
find the corresponding feature m; in the second image. As comparing m; to all the
comers in the second image is computationally expensive, the common approach is to

use is a correlation-based technique.
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Given a correlation window of size (2n+1)><(2m+1) centred at my, a rectangular
search area of size (2du +1)><(2d ,+ 1) is selected around this location in the second

image. This search area has to be larger than the expected displacement of the feature
between the two frames and a priori knowledge of the disparity between the matched
points is needed. Searching for a match is reduced from the entire image to this area.
Prior to the correlation, an image smoothed with an averaging filter of size wXxw is
subtracted from both images. This is done to compensate for any brightness

differences in the images and allow a faster correlation calculation.

A correlation operation is then performed on a given window between point my and
all the corners my lying within the rectangular search area in the second image. All the
corners from the second image lying in this search area are considered candidates for
the match and compared with m,. A score or a measure of similarity is computed
between the small neighbourhood around the corner my and a correlation window in

the neighbourhood of all the feature match candidates. This procedure is shown in

Figure 3.2.

Correlation Window Search Window

VZ_...__,_.

Image ! Image 2

Figure 3.2: Searching for a match by correlation. Figure obtained from [56].
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In our implementation, the normalised cross correlation (NCC) coefficient is the

similarity measure and the correlation score is defined as:

Z Z[ (u, +i Y+ -1 (“vvz)]x[lz(uz +i,v, +j)“12(“2’vz}]
Score(m;, my) = =2 ,(3.1D
(. 2 (27 +1)( 2m+1\/0'2 1)xe*(1,)

where

u-H v+])
(2n +1)(2m +1)

is the average at a point (u,v) of 1, (k 1 2), and 0'( ) is the standard deviation of

) (3.12)

the image I, in the neighbourhood (22 +1)x(2m+1) of (u,v), given by

olI k)_,\/znm.,.z,,.-m u,v)

(2n+1)2m+1)

-I v}, (3.13

The score ranges from -1, for two correlation windows which are totally dissimilar, to
1, for two correlation windows that are identical (that is, for perfect correlation). In
order to select the most consistent matches a constraint is placed on the correlation
score. A match that has the highest correlation and scores above a predetermined
threshold value is selected and forms a candidate match. Other measures of similarity

that may be used in place of the NCC may be found in [46].

For each comer in the first image, we obtain a set of candidate matches from the
second image and vice versa. Notably, it is possible to obtain no candidate matches
for certain corners. A sufficiently large number of detected comers is needed to avoid
this situation hampering the whole registration process. Further, the matching process
is an ill-posed problem, and although the threshold on the similarity measure reduces
the number of mismatches it is still impossible to eliminate the occurrence of

mismatches.

Depending on image content and time considerations, different values may be used
for the filter size, correlation window and other variables. In our implementation, as
default values, w = 39 is used for the filter size, n = m = 7 is used for the correlation
window size, and a threshold of 0.7 on the correlation score is chosen. For the search

area, d, and d, are generously set to half of the image width and height, respectively.
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This was done as we assumed the images overlapped by at least 50%. Also, whereas
increasing the search area increases the probability of a bad match as there are more

candidates, making the area too small is too restrictive

3.3.3 Support for a candidate match

The correlation method described in the previous section results in corners in the first
image possibly having several candidate matches in the second image and vice versa.
Matching ambiguities may be resolved in several ways, This section explains and
defines the strength of the match as described in [56], and shows how putative

matches can be obtained.

Consider a candidate match (my;,imy;) where my; is a corner detected in the first image
and my is a comer detected in the second image. Let N(my) and N(my) be,
respectively, the neighbours of my; and my; within a disc of radius R. If (my;,my;) isa
good match, we expect to see many matches (M hy), where npee N(my;) and
nzi& N(my;) such that the position of my relative to my; is similar to that of ny relative
to my;. Alternatively, if (my;imy;) is a bad match, few or no matches are seen in their

neighbourhood. The measure of support or strength for a match, Sy is defined as:

¢ J(m. My Ny 1 )

kl W72 k2702
Sm(my,my) = ¢ Z{: X T [ : 1K
r Nl )| "2S N 11+ dist\my,, my sy, 0y,

where c; and ¢, are the correlation scores of the candidate matches given in the

(3.14)

previous section and dist(m,j, My ;3 My nz,) is the mean distance of the two pairings,

and
- ¥
(3 . ) i
; =4 € Z if (n,,,n,, }is a candidate match and r > £
a(mli’ijfnlkanI)“ ( tk -21) R
0 otherwise,

with the relative distance given by

|d(mli’n1k )"d(mzjvnzzx

d”t(mxi’mzj sy ’nm)

r= and &, a threshold on the relative distance difference.

Further details on this measure of support for a candidate match can be found in [56]

and are omitted here,
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With regard to Zhang’s measure of support the following remarks are made in {21]:

¢ For the support of the match, only the candidate matches whose positions
relative to the considered match are similar in the neighbourhoods are counted.

e The test of similarity in the relative positions is based on the relative distance,
r. Whilst the similarity in relative positions is justified by the hypothesis of an
affine transformation being able to approximate the difference between the
small neighbourhoods of the proposed match, Zhang et al’s criterion allows
for a larger tolerance in distant differences for distant points.

s If a corner detected in the first image has several candidate matches in the
second image, only the one, which has the smallest distance difference, is
accounted for. This is achieved using the “max” operator.

¢ The contribution of each of the candidate matches is weighted by its distance
to the match. A close candidate match thus gives more support to the match
under consideration than a distant one.

One pitfall in this measure of support is that it is not symmetric. That is to say, it is
possible that the strength of the match is not the same if the role of the images is
reversed. This occurs when several comers in one image are candidate matches for the

same corner in the other image as shown in Figure 3.3.

Figure 3.3: Illustration of the non-symmetric problem of the measure of support.

ny; and ny; share the same corner ny; as a candidate match. Figure obtained from [56]

Before the summation is computed, if several corners score the maximal value with
the same point, then only the comer which gives the largest value is counted. This is
done to ensure that the same pairing is counted in the event of the role of the two

images being reversed. In [56], a relaxation method is used to obtain putative
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matches. This merthod cousists of munnmusiug an energy function that sums up the
streugths of all the candidate matches, In our implementation, a similae approach s
lollowed, A support of match matrtx is formed whose rows represent the corners in
the first image and columns represent the comers in the second image. The enines

that are both highest in thewrr respeciave columns and rows are chosen as matches,

Pilu [37] finds the putaiive maches via Smowlar Valne Decemposifion (SVD) 'This
apprisach is also followed i | 21] where it 1s suggested thar the reluxanon method be
replaced by. or combined with the SV approach. Hlowever. the pistification tor this
suggesiion is that the SVD approach works well when only a few [eatures are used. In
our implementation however, doe w the large number of fealures we use, the

computational cost of using the YL upproach is high.

3.4 Experimental results

In this section, the results ol the comer detection by the Horis detector and the
mitching by comelanon wre examined. The 1Larriy detector and correlation matching
are tested on the hasis of:
s Accuracy - to (est this criterla we use vanous types ol mmages that woald
present the methods with a range of corner tvpes. and
o Stahility - by obscrvang the marches obtained by the corrclation-hascd
malchimye. Better results can be oblained i a sub-pixel matching rechnique is
usee, but this comes af the expense of incorming a high computational cost,
YVarious images are used to st comer deteetion and matching method, The tnages
nsed 1o the corper derection arc:
1) A Synthetic unage
‘Fhis image 18 used to observe how well the Harris detector handled dillerent tvpes
of junctions [51],
g [ndeor 1mages
These fest bmages are caplurcd by o panming camera aud contaim a static scene
with no moving objects ju i The images are used to oliserve how stable the

corner detection s, and how the mulching weehmgue performs.
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3 Ouardoor images

We use soime oubdoor images 1o 1wst how 2eometric commers as well as corners in

textured regions can be dulectod, This s usefal m the cose of our overall approach

being extended to owldoor scenvs. The images contain both weakly and ghly

textuced regions as well as geomelnic comers.
The Haeris detectar requires only one threshald: the lower the contrast in the imagre
the lower the threshold necded, and vice-versa. A suitiable ramge 5 found to be 3000
to 13000 depending on Lhe image content. In our implementaiion we sel the defaultto
4000, The ameunt of computation is independent of image content and 6n additons
and 3a -+ 1) multiphications (where g/ relers o the diameter of the window used) ane
required, For n = 5 we zot 35 operations per pixel. Figure 3.4 shows the vesulis of Lthe

corner detection o the various 1mages,

(€) | (D)
Figure 3.4: Results of the Harris Corner detector. (A) Sychetic imagze: (B} Desk

image: (C) Nolice board fiage: (I Qutdoor image.
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A wide Gaussian smoothing function is able to reduce noise effecrively but atfeets the
locauon of the delcated conwr. A wade-off between consistency of deteetion and
tocalisalion is inade. espectally sinee the Hamris comer detcetor 1s known 1o have o

lower uccuracy fur other types of junctions when conpared to L. junctions [52].

The wsnlts of the comer matching are shown next. Oonee again, vardons mage Tvpes
are used Lo test that the method conformied Lo the cnteria sel. Figure 3.5 shows bwo
vicws of the beuven castle and the resulls of the comer detection and matching,
Figure 3.6 shows the results of our appreach on a static laboratary seene caplured by o
panning I"IZ camcra. Figure 3.7 shows the resuhs of our approach on a static

Juboratory secihe caprurcd again by a puming PTZ camera, Twao people moving

independently of the camera molion are present.

1Ch
Figure 3.5: Matching by corrcelation, (A) (B) two inaees fram the Tewven eastle
image scquence with the detected comers supecomposed: (C) pulative matches are

shown by the lines inking the matching corners
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(A} (B}

Figure 3.6: Malching by correlation. (A} (B} neo imoges of a statie Jaborory scenc
with deteeted corners superimpeosed. The images are captured by a Pan-T1l-Zoom
camera from different vicwpoints; () putative matches are shown by the lines linking

the matching corners



(A} (B)

()

Figure 1.7: Matching by correlation. (A) (B) two images of a static laboratory scene

thal are caplured by u Pan-11l-Zoom camera and containing moving people. The
detected corners are superimpased: (C) putative marches are shown by the lines

linking lhe matching corners

3.5 Conclusions

In terms of stability, the detector iy found to be well suited o consistently finding
corners reliably enabling correspemdences to be found. Several comers are detected in

the images and one approach would be to restrict their number before maiching them.



The number of comers detected can be reduced by nsing o higher threshold or only
selecting corners with a speeiiic distance between them, This could be tuned to yield
the desired number of comers. A point worlh noung 1s thal miost of the strone comers
im the images are located in the same area and so care would have o be Luken to

ensure the detected comers stay well spatially distributed over the mages.

The localisation error crilemmon 1s used too evaluale mterest points in images and
measures whether a corner 15 accorately located al a speatfic 2D locaton, I is,
however, an intnnsic error of the comer detection and cannol be measured direct |y
from the mmages |55 From the observed results, although “conventional” comers
such as L-junction, T qunctions and Y-junctions satisfied the definition of a comer as
a paint where the local auocorrelation of the image mensity is high, so o did
locations in the image with significant texture. The Humis detector detecied comens

well and had a good localization performance.

Another important criterion for the nse of 4 corner detector in our application is
consislency of detection. Repeatabiliy explicitly compares the peometric stability of
the detected comers between the two images of the scene taken from different views.
A comner 15 “repeated” i the 3D scene point in the Tirst image 18 also Jewecied i the
second one, The repeatability rate 1s then the percentage of the tolal observed points
i both images [41]. In owr approach, corner detection is not a final resule o ity own
night but mare an inpul for further processing. Therefore, the e performance
erlerion, we [eel 1s how well the detection prepares isclf as o inpul W subsequent
algorithms — in our case the corner matching and homowsraphy cstimation, The Harris
detector is found to be compurationally efficient: ity computation is independent of the

troages and also cosy fo naplement.

The comelition-based matching approach we use provides reasonably good matches.
However. the putative matches oblained show mevitable mismatches. The matching
erpor can be determined from the number of fulse matches chtuined when establishing
the feature correspondences o the images, Only overlappimg reeions in the Tmages
wolld be considered and a matching creor determined from the tree and false matches

i this region. Comers that do notl appear 10 hoth images would corrupl the matchimg
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error. A mathemate Tonoulation ol determiming the matching crror (o repeatability

rate) can be found m |40 and 417,



Chapter 4

Robust Transform Model Estimation

and Image Warping

“Fnotamdy use Lhe braim that T hasee, ot all T ean boreow ™

- Waoaondrow Wilson {1856 - 192

thce the featares hove feen detected in the tmepges, and their corecipondences
established, the wapping function thar may be wsed o olign the bmaves con be
estimated. As the images acgulved v the camera are related by o hosmopraphy, we
describe the rebust estination of thrs transform by the BANSAC alpovithun. Although
there are manving objects in the sceae, pnder the dominant otion asswption these

are freated ax owrliers 1o the dominag comrera motion that the komaogeapdny desoribes,

4.1 Introduction

Transiorm madels may be divided into evo broad caregories dependimg on the amount
of image dati thal is used as a basis [or their support, A global model is composed of
a simgle set of mappimg funcion paramelers that maps the entite image. In other
waords, a single equatien maps each point in the one image o a corresponding location
i the other image, and the parameters of this equation do not depend on the image
locutivn, Rather, all ports of the image are used to compute the mapping function

parimeters.

In contrast, for local models the mapping of poinls depends oo the location of the
point in the image. 'The local mapping functions treat the 1mage as a composiion of
several smaller patches and so the parameters of the mapping function need to he
defined. Only relevant local purts of the imuge Tor each set of local paramelers are
used in determining the tocal tronsformarion. Local models are not required for the

applications this thesis looks at and are not discussed further.



Achomwography relales aony two Dnages that are caplured by o camera that votates aboul
its oplical centre, as 15 the ciase with oor P77 camerie Tt s this transform we gse 1o
find the indicis from the putative matches found and subscguently alien the images. A
rohust estomator 15 used (o eatinvare the homography that 18 responsible for the oo
ol the nugority of the comers, which we reler to as Lhe dominant medion. Further,
unless the scene 1s cntered with mapy moving ohjecrs, this 1s assumed 1o be the

motion of the camer with respect 1o the static backeround | 13, 3],

4.2 Robhust estimation of 2 homography

If cxactly four point correspondences are given, then provided no three poiets are
collimear an exacl solulion for the matmxs H s possible. This 15 relemred o as the
minimal selotion. These four point correspondences can manmuably be sclected and
s v generatipg a homogeaphy, The minimal solution s important as it defines the
stge ol the subsels mequived o robust estimation algonthms, When points are
measured inexactly, and if more than tour such comrespondences are given. then the
correspondences are pot tedally compatible with any projective tunstormation. The
task at hand then becomes one of determining the “best” transformation from the data
avarlable. This s achieved by finding the transformation H that munimazes some cost
[unctom. There are two main categories ol cost function: those bused on minimizing
an algebraic error. and those bascd on minmmizing a geometric or statistical distance.

The Yatter type of cost fupeuon is used n s esearch and is pow brietly explained.

The cost fonciion we minimize 15 the Svpenetric transfer epror and this lunction is
based on the meosurement of geometric distapce in the images. The symmetric
trapster error considers the torward (Hy and backward (H'') transtormations, and sums
the geometric errors corresponding 0 these trunstonmations. This error 1s given by

Yl B P vl #r Y (4.1

The el term 1 tus sum is the wwansler ermor 10 the first image and the sceand term
the transter error 10 the sceond image, The estimated hommography s the one for which

gquation 4.1 13 mummized,
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Figure 4.1 illustratesy the discussien on the symmetnic transfer coror.

L fmaee | : itz 2

Figurce 4.1: Symuneiric iransler error when estimating a homography. The pomis
% oand xlare the measured (noisy) poins, Using the petation c![IL_v:I for the
luchidean  distance  between yand v, the  symmoetrnie  wransier ereor

is > dix H 5 ) +dix Hy V.

Two more poinls worthy ol note are mentoned nest A omore detailed disonssion on
these points, as well as on the computation ol the homograpby o peneral. can be
found in | 19], The Oest point reliles 10 e medelling of the measurcment creer o
noisc. In arder t aobtain an optimal estimate of 1110 s necessiry W have a model for
the noise presepr, A common assumphoen is that the noise obeys a Gaussian
probability distribution. This assumption pol justilied in gencral. in that 1t 1akes no
account of the presence of grossly crroneous meusuecments {outlers) m the set of

matches.

The second point concems the selection of a coordingte system for the computation of
H. In the approach we Tullow, puenfs o the images aes translated s that their eentroid
is at the origim and are then scaled so that the average distance from the origim 15 equal
to %2, The resulting fransformation is then applied to both images independently.
Naormalizing the data by trapslating and scaling the image coordipates is essential.
Other than improved accuracy, a data-popmahzing step allows for an algorithm
iy ariant with respect W arbiteary choices of the scale and coordinate orgim, This sep
undoes the effect of coordinate changes by effecuvely choosing o canonicul
coordinate frame for the measured data. After the inliers and homography have been

[ound, de-normealizacon is then pecformed,
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As 15 observed o the seetiom on the feature-matching step of tmage registration, due
to the matching heing based on proxiimity and similanty, mismatches fregquently oceur
m enr experiments, Ao assuimplion of o Gaussian crror distribution would therefore
not e valid, These mismiatches, which sre outhiers o the Gauasstan distribution and
can severely distiurb the estimated homography. consequentiy need to be identified.
The poal then s o dewermne a sew ol mliers Trom (e matehes so that the homosraplhy

con be estunated m oo elfectve muanner.

Rizmid motion imposes constrainis on the motion of points between images, which the
matched points benwcen two views need w sansly, In this thesis BEANDon Sanpling
Consensus (RANSACH 1] 15 used to automaucally compute o homography between
two images. The input o the RANSAC algorithm is the estimated feature
correspondences in the images, and the output is the estimated homography with a set
of mlerest paimts i comespondence, no other o poorl infornution s required. Four
coirespondences determine o homography, so the sample size used is tour, With
mintmal sets of fonr comrespondences randomly selected, cach sar genetales a pulalive
henmography,. Takimg more than Tour points s ineffeciive as the probability of fmding
a random sample of inhier matches decreases with respect o increasing sample size

L19].

The support for cach sample set s measured by applying the homoaraphy o all the
poants i the imnal match set, and then coumting the pumber of natches within a
distanee theeshold (n oue case the symmetne transler crrory, For the RANSAC
algoritin, o decision necds o be made regording the number of sanples and the type
of sample sclection taken. Firstly, degencrate samples in which three of the four
points are collinear are discarded, hecanse a homography cannot be gencrated (ram
them. Mexl, samples thal consist of poiots with o good spatial distobuion over the
nnages are sought. As revealed in F19). the estmated homogruphy maps 2 region
straddled by the computstion pomts, bul the accuracy generally deteriorates with
distance from this region. This is known as the extrapolation problem and humpered
our early attempts to estimate a howography. This problem is deall with by ensuring
that the images used are well texrured so that the detecred comners (and hence purative

maiches) have a pond sputisl distribution over bath tmages.



To cut down the computational cost of the RANSAC algonthin, we envisage that
least one hypohesised metion will be close to the true moton we wish o obtgin, I
the proportion of valid dat is gl ], and the minimwm number of [eatures required to
form a hypothesis ism |, then the probability, UM Y that a correct hypothesis has been
encountered alter & leralions s apprasimately
plM J=1- [] plo)” ]f . i4.2)

A stopping conditron 15 usnally determined from a desimed conlidence level, im our
implementotion, we use a probubiliy p{.ﬂ'_fr.}:'- Y% Whilst plv) s generally ool
known in advames, o lower bound can be estimated trom the largest ;J{v:] olbseryed,
A additionad optimal estimaten and guided matching step that can be nerated unol
the number of correspondences is stable is often proposed.  This slep 1s however

cinarted here.

To swpmarise, in RANSAC the sopport for o solulion s the number ol
correspondences where the error (s below a piven threshold, The strenpgth of ths
alsrorithin Hes in the tact that it s Bkely 1o find at lewst one sample that only consists
of inlicrs and thus results in a good estimate of the requited homouraphy, The rubust
estimator dubbed MLESAC (Maximum Likelthood Estimaton Sample Consensus)
|34 adoprs the same sampling stridegy as RANSAC i senerating putative solutions
1o the homwography and then seeking suppert in the remaimng matches. Unlike
EANSAC, which counts the number of malches thar suppart the current hamography,
MLESAC evaluates the log Likelihood of the selution taking into account the
distribution ol outliers, Errors in MLESAC are modelled as a omixiure mixdel of
Gaussian and unitiem distrbutions. Whereas i our implementation we mnumss the
symimetne tanster erron, this algorithm is observed to minimise the reprofection error
function [19]. As in RANSAC, it is cnvisaged that at least one hypothesised
homography will be close (¢ the true one if sampling and evaluation are repeated over
a large number of samples. Whilst this algorttin 18 por used inooowr final
implementation it shows promising improvement over the well-known RANSAC

Further detals oo this slgorithm can be found in |49 and 50,



4.3 Image warping

Onge the homography has been found it may be applied to one of the imagzes to alian
it with the other. The sk of applying a known rransformanoen o an image 15 known
as Image warping, Transfomming each pixel from the first mage vsing the estimated
homozraphy (forward approach) would result in holes and for overlaps in the output
image due to discrenizaton and rounding, The backward approach s therelore usually
taken, First, the inyerse mapping is applicd (o the outpul sampling gnd, projecting i
onto the inpul The resull 15 4 resampling grid specilying the location at which the
input is to be resampled. ‘The input image is then sampled at these points and the
values assigned to their respective outpur pixels. Traditionally, the Sampling Theorem
defines resamplhing: A continuous signal may be reconsiructed from ity samples of the

s1imal 1s bund-limited and the sampling frequeney exceeds the Nvgudss rate,

The first condition avoids spectra with infinite extent thar are impossible w replicate

withot overlap. The second condition refers 1o the mummoum samphing frequency f, .
As the sampling frequency must be greater than twice the maximum frequency

present o (he signal, the Nyguist frequency 1y the minimum distance between the

spectra coples, each with handwidih f Leming x. be a ser ol poims located on

mias -
integer posiiions n 2-D space. Samipling can be expressed as:

f= J‘H_\ 16 x—x, Wz = £{x, ) (4.1

[l the input signal a5 band lomited the original signal can then be perfectly
reconstructed by:

Hix)= E fﬂ 5in c'{.r, —x,, )sin cl.r..lr1 - .JL'H] 4.2

kel
The imlerpolation is achiecved by the convolulion of the Tmage with an merpalation
kemel,  Although  sampling  iheory  cslablishes the sing [unction as the 1dead
imterpoelation kernel, it is not spiable for practical applicatnons due to s infinite
distribution. A number of approximations are proposed in literature, for example the
nearest neighbour, bilingar and cubic spline methods of interpolation, A thorough
discussion on image resampling can be found in [20, 54] to which the reader is
pontted 1o These references also provide the munhemaneal backpround on image

warping metheds, For 4 review of image warping methods [15] provides a good read



and excellent refercaces on the Wwpee. In our implementation, we use MATLADLS
imtransform  function o trapsform our  images  according to the  estimated
homography. We use the hncar interpolation kernel as the detault form of

iterpodation. The peat seelion shows the resulls of the regislration of wo Images,

4.4 Experimental results

The detected corners and putative correspondences that serve as the inputls 1o the
RANSAC algorithm are foumd usmp the techniques described in Chapter 3. The
default values for the number of RANSAC ilerations was set o 10040 and the mlier
threshold distances = 0001, Ay all the images used gave simidar results, only (wo
image pairs of a statie scene are shown here, Figure 4.2 shows astane scene with the
anly movement being that due Lo the camera. Figure 4.3 shows a sltic acenc

comtainmeg both cumera motion and an independently moving object,

Figure 4.2: 1'1"{]53) Ly views of o statie labotutory  scene, The images  ame
240 320 pixeds, (Bottom) RANSAC mlicrs: 60 correspondences from 900 puarative

matches consistent with the estimated H and the aligned 1mages.

a3



. jl

Figure 4.3 {'Top) rwo views of a static laboratory scene containing i moving object.
The images are 240 320 pixels, (Bouom) EANSAC inliers: 50 comespondences

[rom 70 putative malches consistent with the estimated H and the aligned images.

The computational efficicney of RANSAC can be improved by considering the two
[actors that the speed depends one the number of samples drawn 1o guaraniee the 99%
confidence level to obtain a gond estimare: and the time spent evaluating the quality

of ¢coch hypothesized mode] (this is proporiional 1o the size of the data ser.

4.5 Conclusions

The estimation of the homopraphy wsimg the RANSAC algorithm is nor affected by
independent molion within the scene (provided the majority of muoving pixels belonyg
to the buckground) or slight changes in illumination and shadows. Despite the
mismatches that were encountered, the images could still be aliened using this robust
approach. However, any moving ohjects in the scene appear as “ghosts” in the aligned

LM pes,



Chapter 5

Sequence Registration and Mosaic

Rendering

“Men give me credit for some pewos, Al the genius T have lies in rhisl when T have a
subject n hand [ ostudy 0 profoundly. Doy and mght b s belore me. My mind
hecomes pervaded with i1 Then the effert that 1 bave mude 1 what people are pleasced
1o cali genius,”

- Alexauder Harailoon ¢ 735 - 1804

fir this chaptes we extend the procedure wsed to vegister e images and use 0 (o iy
o seguestie of video frames. The creation of the resuliing mosaie iy aclifeved in twe
Staages; seguence reiilradion dmd mosaic readering. Sequence registration estitates
e poinf coerrespondences between tie frames ta o global model of the sequence. The
rendering stoge (v actieved by applying @ temporal operator over the registered and

efipred trravey, resnltiag v o single Btosaic,

5.1 Global registration and sequence alignment

Glubal registration establishes a mapping between each frame i a sequence and an
arbitrary [ramoe, o the preceding chapters we deseribed how (o map one mage 1o
another osmg o homoeraphy, To extend this approach 1o au culire sequence a
reterence frame muast be chosen W which the images will be warped. The choice of

reference frame ultimarely atfects the appearance of the resnlting mosaic.

If there s sufficient overlup o the frames of the sequence being considered a lxed
reterence frame can be chosen. and all the homographies between each image and the
{ixed one computed. The homographies are then used to warp sach tmage to the fit the
content of the reference frame. This 15 kniown as frame 1o fixed frome registration. In

the sequences thar we consider the pmages are registered with respect to the first



frame. However. in some applications the reference frame may not correspond to any

one of the frames,

When the sequence spns a wide area the matching of features 15 moere robust between
contiguens frames, As a homography is a linear operator, the mappings between non-
contiguens frunes can be computed by secquentially molliplying the hoemographies of
the in-Petween frames. lei #/, ., be the homography hetween the reference frame
ancd the first image frame. The global registration is defined by the set of

hommographies {H b b l.....-“l."j' where [ur 227 N

e L ) e (5.1

Onee the mages lave been globally abgned they can be considered (o form a 3-1

SPasc-ImndG contnuu as shown i feune 5,1

Figure 5.1: Temporal Alignment: in the absence of parallax, a temporal line through

the mage planes commespends 1o the same world pomt,

5.2 Mosaic rendering

Masaic creation 1s one of the applications for which Image registration may be used.
Having registered the frames the next step 1s o merze them, Severa] issues need Lo be
dealt with 1 achieve Lthis: the choive ol relerence frame or reprojection manifold ontw
which the 1mages are composited: which actual [rames of the sequence wre to be used;
and the chotce temporal operator to be used [or blending the images which determmes

how independently moving abjects in the scene are handied.
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Reprojection is the process of transforming every point in every image Lo d point i
the global coordimate frume. Although the ser of mages wnd homographies form a
mosaie Tepresciiation of a soene, w resdering fraasfermation. T 1s needed 1o map
pomts in the remstered tmages W pomts 1 the gtobal frame. This trinstormation 11
determined by the chowce of reprojecion weanfold, the surface that plays the role of
the imaging sensor in the virtual camera [6]. The simplest manitold is a plane, onto
which all ot the images are reprejected. In this case the rendering transformation is a
homaeraphy ad the resulomg mosae has the classic “how-tie torm. Notably, the
planar manifeld cannel be wsed for sequences that swoeep an angle larger thar 90
degrees as the projective distortion mieans that the mosaic becomes infinite In size.
Cylindrical and spherical manifolds improve the appearance of the mosaic and can
handle barge sweeps of up o 360 dogrees, However these manifolds require a camera
calibration swp and therefore the sample planar progection was uscd o onr

implementation.

On regions that overlap, there are muliple contributions for the same world pohu on
the output image. A unigue intensity value that is to be used therefore has to be found,
As the contributions for the same world point e on a line parallel (o the tme axis the
images are morged wsing g temporal filter, Several types of filters may be used o
construct the mosaic and some ol the commanly used ones are the use-last, temporal
average and the wempora] moedian Glers, The wse-last method uses the entire content
of the most recent frame 1o update the mosaic. Intuitively, this visualized as placing
the frames on top of cach ether in the order in which they are captured. Fach paint in
the fimad mosaic contains the pisel valoe of the last frame that contiibuted 1o thiat

Poinl.

The averaging filler takes the average of Lhe intensity values, The average lilter s
effective in removing temperal noise. However, if the sequence has moving objects
o il statie background these objects appear blurred in the mosaic. The median filker
takes the mediun of the intensity values. This filler removes noise and moving ohjects

whose intensity patterns are stationary for less than half of the frames.



One mterestng form of blending images often used m computer graphics s that of
alpha Blending, Olher than the three primary colour channels - red, green and blue,
the fourth is known as the alpha channel. This channel conveys information about the
inage’s rransparcney and specifies hew Foreground colours should be merged with
those i the background when overlaid on top off each other, Alpha blending therefore
creates the effect of transparency by combining a tunslucent foreground with
buckground colour o create an m-berween blend and cun be used to gradually fade

O Tage into anether,

The equutian used in alpha blending is:
|.‘r‘ g 1 h]l’:\'nm'.?gl' - a|.'ll’ .‘%' 2 'I!-':l]_.'i'.'m.l,'r-:ww' - |:-| - LIC:][?', l&r‘ I'!J‘-|.I=J\'.|r.'.'.;l_.;.l'..'.'u':r.' {5‘2-]

where [r,z.b] is the red. green. blue colour chunnels and alpha s the weighting Factor,

The warghung [actar is allowed to rake any valoe trom 0 1o 1. When set to (), the
loreground is complelely transparent. When it is ser to 1, It becomes opague and
totally obscures the background. Any intermediate value creates a mixlure of he twao
Images ar o scma-lransparency. Tor instance, a valoe of g =05 would be u simple
averagmg of piael values in the overlapping regions. One ocher fonm of blending that
can ilso be achieved by using the alpha channcl is the nearest ferage contre. Tlere,
when expracring values from the input images, the distunce of the sampling location
trom the oage centre is also computed. The ser of vilues are ranked according Lo this
distunce, und the candwlare clusest o 13 image centre 15 taken as the output pixel

value. This 15 achieved osing MATLAB s uwdist [uncion.

Fizure 5.2 on the nexl page iflustrates the steps in forming @ mosaic representation
trom o sequence of images and rendering a novel view. For further detals on image
mosaicing the reader 15 referred to work by Capel, Odone, Shum and Szeliskn |3, 6,

31, 43044, and 47],
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Figure 5.2: Steps in creating ao image mosadc: here the middle frame 15 taken as the

reterence frame und the rendering transtormation T <hifts the origin.

5.3 Experimental results

The Tolowange are the results ol our approeach mousing maee reesinaen e creale
tosdaics. The seguences we o pse conlan moeton due o both the camera and
independently moving ohjeets. Az was ohserved in the cxperiments in the provious
chapter, moving ohjecrs appear a8 “ghosts” in glipned mmages, Tooavord this we
mavmpulate the value ol g0 sive us our desired tesolis, Inoooe experiments, we were
net oo concemed with seams m the tinal mosale but rather with how the moving
objects appearad. Figure 3.3 shows the effect of alpha blending on 8 frames of two
poople moving moa fickl, The atm beee was to climinate shosts appeaciege m the Onal
ks, Froures 5.4 abd 3.5 show how alpha blending was used to create an effect of a
moving person fading oul and gradually oppearing. respectively. inoa 16-frame
sequence, This was done by changing which frame was considerad as the background
and which was the back around in equation 5.2, The first 8 [ranws were blended
wrgcther, as o were the last & The Omal result was obtmied by mersme these two

ITHRS IS,
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Fisure 5.3: Field segquence mosaic (a) & {rames of two people moving i a ficld
captured by i moving cmnera (hy Resulting mosaic using alpha bending, ez = 1and (¢}

g -0
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Figure 5.4: Roud sequence mosaic () firse 8 [rames apd (b st 8 frames blended to
create 1wo mosaics. (¢) The overall mosaic using alpha hlendmgfer =0.2) to give the

effect of the moving perzon ading out.
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Fipure 5.5: Road sequence maosaic (a) first 8§ frames and {h) last 8§ frames blended o
create two moesaes, (¢} The overall mosaic asing atpha blending {er - 0.2) Lo give the

cffect of the moeving person wradually appearing,

5.4 Conclusions

The alpha blending does not get rid of the seams in the final mosale, Rather, by using
=1 mives a mosaie equivalent w using the last frame overlold over the first. Using
ef = Dresults in 4 mosale that would have been obtained using the use-last method.
This results ine visible seams in Lhe loal mosaic, The advantage of this method was
that shosts did not appsar in the final mosaic. Atpha blending was used effectively 1o
gradually fade oot {or in) a moving person in by manipulating the uppearance of

ghasts the fial mosaic,
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Chapter 6

Motion detection and segmentation

“Sinplicity 1s the ubimace sephisiucation,”
-Leonanbo da Vine (1452 - [51™)

In this chapter, we look af the methods of tempaoral diffevencing. threshedding aned
marphotogy. Havine compensated for the camera motion by aligning nnages, we find
the difference between the afipned Danoyes and upply o theeshold to detect the
independent motion, The morpholopical filters are need to eliminale tarrfow regions
o fulsely derected maofiom whilst presenving the original size wnd shape of the wide

regions of fride maotion.

6.1 Review of independent motion detection

Temporal diffceencing urilises the pixel-wise differences berween rwo or three
grmsecuiive frames in an image scoquence (o derect motion. Jung and Sukhatme [24].
mt ane approgch very sinular wothe one we use. generae dillerence imoees whose
normalised pixel values represent the probability of moving objects. The stze and
position of the moving ohjeers are estimated nsing a Bayesian formulation based on

the scquence of difference images.

Liptonn oL al [27] wse o combination of wmporad dillferencine and image templae
matching to achieve good detectiom, classitication and tracking performance in the
preserce of clutter. Temporal differencing fuils it the turget is occluded or ceases its
metion. As such they complement the remporal differencine warh template matching
that is most robusl when the trecl 18 stationary, Moving largels are therelore derected
using temporal differencing and the lemplate-matching atgorithim trained. The targets

are then tracked using template matching guidad by the temporal ditferencing stage.

In their approach, Paragios and Tziritas [36] addreess the detectiom of moving ohjects

and their localizalion in Lwo conscoulive imaces i a seguence, They argue that the



boundaries of a moving objeet cannol be located precisely by inter-Irme diflerencing
alone, Instead they propose a statisical ramework wo model the ditference image as a
mixtire of two zero-tmean generalized Caussian distributions, and then use a Gibbs
random tield for describing 1he Tabel set. A maximum a posterion cricerion 15 used o
adapiively determne the threshobkl Tor the detection of molion, The  stalistical
frumework wsed enables good resulls o be oblained even in the presence of camera
maotion provided this moenon 15 estimated and compensated first, Other approaches

lowards achieving independent motion detection con be tound i {13, 22, 264

6.2 Temporal differencing and thresholding

The simplest method of temporal differencing is to take two frames and derermine the
absolute difterence, A threshold funcoion s then apphed to determing any changes

between the frames It/ is the intensity ot the watft frame, then the pixel wise
dilference funclion A s then
A, =t =T (6.1

For a statwonary camera, the pixcl-by-piagl subtraction method is uscd Lo détection
motion s for a stalle scene o given 3D poinl continuously projects to the same
position i the 203 pmage plane, In our implementation, a moving object is derected by
huding the mxel-wase dillercnes borween Lwo [tames, having mapped  pixels
corresponding to the same 313 points to corresponding image plane positions (thereby

compensating for the motion of the comeral.

Thresholding 15 a4 well-known wehnigue used 10 onage segmentation thal convers a
mutti-scale image into a binary image or suask In the hinary mask each pixel value is
represented by a single binary digit. In its simplest form, thresholding is a point-based
opcralion that assiens the values of O (black) or 1 {whiled based on a comparison with

a plobal threshold T, Thus, having found the pixel-wise difference function A&, a

macton image Moas extracted by thresholding

(6.2)

L

R R

This s known as glebal theeshelding as a single threshold walue is coaleulated for the

whole mmage. Among the many global thresholding methods, is the popalar and
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efficient method by Otsu [33]. This method is based on an analysis of the shape

propertics of the grey scale level istueram of the whole mmage. An optimal threshold

1% then found according o the diseriminant theory. Several other theesholding

methods exist and menerally thresholding ucthods can be grouped according to the

information they exploil |39, These calegones are

Histopram shape hased meilbods where the peaks, valleys and curvatures of
the smoothed histogram are analyzed. Two major peaks ond an intervening
valley are searched for nsing tools such as the convex hull of the stogram, or
il curvature andd zere crossings of the wavelet compunant, Cther anthors try to
approximate the histogram via bwo-step functions or two-polc autorerressive
stmuuthing,

Clustering-based methods 1n whach the grey level samples are clustered 1o
parts as background and foreground (object) or alternanively the arey level
distrihunion 15 modelled as two CGanssian distributions.

Lntropy-based miethods result in algorithms for cxample, that use the
entropy  {oreground-background  regions, the  cross-entropy  between  the
oririnal amd biowagsd bnuge e The maxinication of the entropy of the
thresholded simage is interpreted as indicative of the massmume anformation
transter.

Ohjeet attribule-based mcthods search a measure of similanty between the
srev-lovel and binarieed images, such os fuzzy similavity, shape, cdges,
number of ohjects cte, Allenutively they consider certain imoge artributes
such as compactness of connectivity of the objecls resulung from the
binarization process or the coincidence of the edge fields.

Spatial methods use the probubiahiey mass funetion mudels taking into account
correlation between pixels on o slobal seale, Spatial ifunmation of oyeet and
hackground pixels ae alse wtilized, for cxample, in the form of cuntext
prubabilities. co-current probabilities. lecal lincar dependence maodels of
pixels, two-dimensional eatropy 2tc.

Local methods do nol detcraonine a single value of threshold bur adapt the
threshold value depending on the local image characteristics. These mothods
assume each pixel deviates secording to s own medel and threshold each

pixel according 1o the cuntext of its model. The value of the threshold deperds
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o1 somne locul statistics like range, varance, and surface titling parameters or
their logicaul combinations.
Dreliwibed nfermation on the vanous image thresholding technigues in cach ol these
catcgones s found m {39 where a comprehensive survey of image thresholding
methods that bath describes the vnderlving ideas of the aloorithms and measures their

performances in dillerent contexis.

Vor simplicity, in our implementation global thresholding 18 wsed. The ¢lobal
threshold T has been determined empirically to be = 13% of the digitizer’s brightness
range. As grey scale imiges are wsed, o value of 1= 40 a5 upplied to the difference

e,

6.3 Morphological opcrations

Muthemaoceal morpholegy s a field of non incar image processing based on
minimum and maximum operations and s osed o analyse the geometne structure
mberent within an image. Morphelogical eperotioms  allows for the svstematic
alleration of the gpeometne comlent of an image while preserving the siabiliey of the
important seometric charactenstics. An onginal image 15 tnnslormed nto ancther
through the interacrion with another 1mage of a certam shape and size, which as
known as the strechiring eloment. Geametrie features in the images similar in shape
anel size o the structuring element are preseryed whilst other [eatures are suppressed
|35]. Marphological operations  theretore  elimimue  irrelevant  objects  whilst

preserving the shape of larger regions.

Detinition: Translation
Given au image A, the translation of set A by the paint x . denoted by A, 15 defined ax
A = {r.l TALUE A}. i3}
Definition: Rellection
(iiven an imoge B . the reflection of set 8 |, denoted & is defined as
B={ww=—-hte B} (f.4)

This operation has the same effect as rotating the Image 180 degrees about its ongin,



6.3.1 Binary erosion and dilation
The two basic building Blocks for the construction of morphological operators are
erosion and  dilaten. This section presems the underlymg theory of these two

UPCTiiors,

Definition: Binary Erosion
Erosion of a binary image A by o structuring element 8. denoted by AGE | s
defined as

A® B={dc+be AWhc B}, (6.5)

The above delimtien of erosion can be redelined by o Minkowski sifiraction as:

ARB=nA,. (6.6)
[

where “-b" 15 the scalar multiple of the vector b by -1,

The cresion of the otginal image by the structoring element can be described
mmitively by template translation. Formally, given a mask M (# xs1) and a part of a
binary imige A of the same size a- 1he mask, the crosion mask 1s detined as

r s o £ rd—] Il
A@MJ]HW“E”“ﬁ J (6.7)
[D otfterwise

Erosion shonks the origina image and eliminates narrow regions while wider ones

are tkinnad. This 1s lustrated In Figure 6.1

.Q

A B C

Figure 6.1: An example of Binary Erosion. A} Onginal Image, B) Struciur

element: x is the erigin, (1) Image after erosion; original in dashes,



Detinition: Rinary Dilation
With A aod B assets in 27, the dilution of A by B {where A is an image and B is
the structuring element), denoted by A® 8 | is defined

A'ZDH={:_F Pilr=wt b as A ke H}. (6.8)

It can he shown that the dilation 15 equivalent to a umon of translaton of the orizinal
image with respect to the structuring element

AER - L,:r{;’i}b, (6.9)

Dilation 1s leund by placing the contee of the emplate over cach of the Toreground
pisels of the cnsinal image and then tikine the uoion of all the resulting coples of the
structuring element. produced  usine the tupslation, Ditation hay the offeer of
expanding an image; so consequently. small holes inside the foreground can be {illed.
As with erosion, dilaton can be mere formally detieed as

A (‘E’ gy e q I {IFH'_I"”L' = A'}A {.Pl.' - l”

: {} athierudse

RN

The effvel of binuwey dikation s showi i Figore 6.2

Figure 6.2: An example of Binary Dilatios. Ao Oviemnal imaee, BY Structural
element: x is the origin. € Imaze abier dilulion; original in dushes.

Adter having eroded un image o remove the narrow regions, wider regions that are
thinoed can theretore be restored by applyving Jdilation with a mask of the same size.
This leads us to more advanced morphological operations; morphological openring and

efersinge.
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6.3.2 Binary opening and closing

Binary erosion and dilation con be wsed inoa variety of ways o give ather
ranslormations such as thinning, thickening, skeletonisation and several others: This
section presents the onderlviog theory of two of such advanced morphojogical
operators obtitned by cascadine the two basic murphiolosical operators, These are

hinary opeadie and binary closing,

Delinition: Binary Opening
The process of crosion follewed by dilation 15 known as epereg. Opening of a hinary
image A by the struclunnge element £, 9s delined ay

ArR=[ASB)ESR, (611
This operation has the effect of eliminating small and thin objects. and smoothing the
boundaries of larger objects withour significantly changing their arca. This can be
thought of Intuitively as “relling the structuring element about the mside boundary of

the imaae as s llusteated in fignre 6.3

Fipure 6.3: Hlustration of Binary Opening, A) Onginal Tmage. By Structral

glement; % 1% the origin, C) Image after opening; eresion followed by dilation.

Delinilion: Binary Closing
The process of dilation followed by crosion is called clesing. Closing of a binary
image A by the structuring element £, 15 delfined ay

Aep=(AdR®R (6.12)
Binary closing hay the offeet of filling sod] and thin boles in objects. and spmhing

the boundaries of objects withoue significantly changing thelr area, Closing can also
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be miuitvely thoush of as “rolling the seructure element on the cuter boundary of the

nmage’.

Thu elfect of hinary closing is illustrated in Figure 6.4

e
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Figure 6.4: [llustration of Binary Closing. A) Original Inage, B) Stmcrara)l
element; x is the origin, C) Image after closing; dilation tollowed by erosion: origmal

in dashes,

(Orther advinced and efficient morphological aperations con readily be found in mosi

ceTpoler ¥ision amd Dnase processing literature,

6.4 LExperimental results

The following are the results of our approach on a short sequence caplured by g non-
slationary camers of a nwwving persorl 'Two frames were aligned and the ahsolute
difference between them found, As regions that do not appear in both frames need to
b disreparded, these were manoally cropped oo, Morpholesical openations were then
perlormed (o remeve crronconsly detected regions of motion and a hounding box was
displayed around the region of trie motion. As real-time requircments were not an
altimate coneern of Miis thesis, no fming resules are shown, However, from the comey
detection and marching stage, on average our approach ek approximately 13

sccomds te complere the motion deteeiion,
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Figure 6.5: Independent motion detection {Top) two images of o moving person
captured by o non-stallouary camernt (Bottom) the frame dilfference between the
alizmed images (lefl) and the resulting houuding box around the deected motion

(right}.



Figure 6.6: Independent mation detection (Top) two images of a two moving
people captured by a nen-stationary camera. {Botlom} the frame difference hetween
the alignad images (Jeft}, and the resulting bounding box around Lhe detected moton

{right).

6.5 Conclusions

In Figure 6.6, technigues Ror splitting the twa moving people were ol caplored,
However, both results show that despite the camera inovement regions of independent
mation can be deteeted by using image registration. Further the approach, although

not optimized Tor real-me opergtion, was Dully aulomaled and mobust,
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pitfall though was that often too many corners were detected and this proved to be

time consuming for the matching stage.

The correlation-based matching technique developed by Zhang et al [56] found
good putative matches. As the matching was based on proximity and similarity,
mismatches were inevitable. One factor that was not investigated was the effect of
the disparity between the images on both the accuracy and speed of the matching.
However, real-time detection was not the concern of this thesis.

e Robust transform estimation and image warping

The well-known RANSAC algorithm was found to robustly estimate the
homography in the presence of mismatches. However the real-time performance
of the algorithm is questionable. Further, the main assumption made was that the
camera was responsible for the dominant motion. Image pairs were successfully
aligned using the dominant homography that described the camera motion.
Although the background was perfectly aligned, moving objects appeared as
“ghosts”.

¢ Sequence registration and mosaic rendering

Frames from image sequences containing moving objects were used for
mosaicing. The alpha blending technique gave results equivalent to a use-first or
use-last blending method depending on whether the value of awas 1 or 0.
Although the blending was not able to produce a seamless final mosaic, it
successfully removed the ghosts that would be caused by the moving objects. A
value of @ =0.2 was used to manipulating the ghosts to make the moving person
fade out or gradually appear.

e Motion detection and segmentation

Using our approach independent motion was detected. Without aligning the
images first, frame differencing would not have been able to produce meaningful
results. Due to project time constraints the extension of this a whole video

sequence or to a useable tracker was not investigated.

Both the mosaicing and independent motion detection via image registration worked

well and were not computationally expensive. Although we use the most basic

methods at each stage of our approach, we still show promising results. To

incorporate the approach into a fully useable real-time tracker requires faster and
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more accurate methods for each stage of our registration approach to be researched

and implemented. Our approach serves as a useful foundation to achieving real-time

independent motion detection and subsequent active tracking.

7.2

Future research directions

The applications of image registration that we presented in this thesis can be

improved upon and extended in several ways. Some of the possible future research

directions are now discussed.

A faster and more accurate detection and matching scheme could be
investigated. Alternatively, the number of corners detected could have some
constraints added, for example a constraint on the distance between detected
corners. This would reduce the time taken for the comer matching and
transform estimation stages.

The RANSAC algorithm could be optimised to be suitable for real-time
purposes and a guided matching approach used to improve the matching and
subsequent homography estimation.

Median filtering could be used to remove the moving objects in the final
mosaic. Alternatively a tracking algorithm could be used to identify the
moving object and a mosaic of a static background created. Blending the
moving object onto the static background would produce a video of the
moving object in the background mosaic.

Having used the approach outlined in this thesis to successfully detect
independent motion in the presence of camera motion, the next step would be
to generalise the registration approach from two images to entire sequences.
Also, at present we are working with the assumption that only one
independently moving object is present. Future work would include detecting
and tracking several moving objects, dealing with occlusions and other such
problems that were not dealt with by this thesis.

Further the result of motion segmentation is affected by the precision of the
motion estimation. Due to the inaccuracies due to noise in the frames only a
rough region of the independently moving object may be obtained. As colour-
segmentation can give more accurate the combination of the approach used in

this thesis and the use of colour information in the images is recommended.
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An ultimate goal, though beyond the scope of this research, would therefore to
be to improve the approach we present and incorporate it with a colour-

tracking algorithm for an efficient visual surveillance system.
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