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1. Introduction

In computer vision various

applications related to object pose
determination, motion tracking, camera
parameter estimation, object recognition
and perspective reconstruction we need
feature points with discriminating power
to perform these tasks, no matter
whether we use stereo views, multiple
views or a view sequence. Also, we need
to find the point correspondences across
the views. Due to noise and occlusion
and other reasons not all the feature
points extracted are commonly visible
across the different views, so the point
correspondence finding is not an easy
task. The conventional point matching
method is based on image correlation,
plus the use of ordering constraint and
eipolar constraint to aid the matching. A
dynamic programming [36] is applied to
speed up the point matching search.
However, when the camera viewpoints
change widely, the above method
becomes not suitable.

NSC

developed the

In the previous research

project we have

Gabor-filtering technique using the

multi-scale and multi-orientation
concepts to find the robust feature points.
These feature points reflect the local
pattern  structure  information  to
facilitating the point matching. The
fundamental problem of point matching
for image registration is to recover the
2D spatial transformation between two
images taken under different viewing
specifications. There are various image
registration methods in the literature.
Different methods [1]-[13] were
proposed to meet different requirements.
However, there is still a need to find the
optimal solution under the more
desirable conditions. In the following we
shall

simultaneously in the view registration

consider four general issues

problem:
(1) The generality of spatial
transformation: The spatial

transformation between two images
is often approximated by an affine
transformation or a similarity
transformation [12, 13]. However,

both of them are special cases of a



homography (2D projective matrix).

The homography deals with the
projective distortion problem in
addition to the effects of rotation,

translation and scaling.

(2) View registration time complexity:

There are two classes of image
registration algorithms in
estimating a particular 2D spatial
transformation ~ depending  on
whether an initial point matching is
executed. In the first class of
algorithms with an initial point
matching, the time complexity for
the initial matching is of the order
o(nm), where n and m are the total
numbers of feature points in the
reference and sensed images,
respectively. Then the estimation of
the underlying spatial
transformation will be performed
using the matching point pairs
found[14-25]. On the other hand,
the second class of algorithms does
not perform the initial point
matching. Instead, they first select a
subset of points to compute the
transformation matrix and then
verify if the remaining points in the
two point sets confirm the
estimated transformation matrix.
The time complexity of this kind of
approaches ranges from O(n3 m3) to
O(n4 m4), depending on the total
number of feature points n and m
used in the two views.

Noise  sensitivity: In  real
applications, images are spoiled by

noise. The window-based

approaches are more suitable than
the pixel-based approaches to
counteract the noise effect. Only
the robust feature points should be

used in the presence of the noise.

(4) Occlusion or partial matching: If

the scenes in the two images to be
registered are partially overlapped,
the global registration methods
such as the moment-based [32] and
Fourier-based [33, 34] methods are
inappropriate.  The  registration
method based on the local
information 1is more suitable.
Moreover, the detection of the
overlapping area of the two images
is important to the registration

problem.

The main ideas of our approach are
described below.

(1) Robust feature point extraction

under a more general view
transformation: To find the robust
feature points under a more
general view transformation such
as homography, we use the
multi-scale and multi-orientation
Gabor-based  feature  points
developed in the previous NSC
project. These feature points turn
out to be virtually invariant under
the homorgraphy transformation

considered.

(2) View registration time complexity

under the affine and homography
transformations: For
computational efficiency, we first
approximate the homography as

an affine and solve for an



approximate solution. Then we
use an iterative algorithm to refine
the solution subject to the

homography transformation if the

approximate solution
representation a good initial
solution. ~ The  computational
complexity of our affine

transformation estimation can be
reduced based on the properties of
the Gabor-based feature points.
Moreover, to avoid a blind point
matching among the all possible
candidates, we shall plan the
matching order in an off-line
fashion based on the reference
image information beforehand.
With these planning strategies,
promising point pairs can be
found to lead to a good solution as

quickly as possible.

(3) Occlusion handling or partial

matching: To avoid blindly
selecting feature points from a
region where part of the object
scene is not visible in the sensed
image, we partition the reference
image into four sub-regions in
advance. Later, we apply an
on-line mechanism to detect the
potential occluded regions in the
reference image to avoid selecting
the matching point pairs from
these regions.

Noise  insensitivity: ~ The
Gabor-based feature points with
large energy and stable orientation
prove to be less likely to be

corrupted by noise. Therefore, the

energy and principal orientation
factors of the Gabor-based feature
points can be taken into account in
the selection of the candidate
feature points.

The rest of the paper is organized as
follows. In section 2, we introduce our
invariant feature point extraction and
the vector representation of the feature
points under the similarity
transformation. Next, we discuss how
the affine

determined by

transformation can be

using only two
Gabor-based feature points along with
their principal orientations to reduce the
combinational complexity. In Section 3,
we refine the approximate solution
under a homography transformation by
applying an iterative process, called
ICPM. Section 5 gives our overall
registration algorithm including the
off-line planning strategies and the
on-line  registration  steps.  The
experimental results are reported in
Section 6.

2. The Gabor-based feature point

In our previous work [35], we apply
a multi-scale and multi-orientation
Gabor filtering technique to obtain a set
of energy maps of a given image and
then manage to get a single ‘maximum
energy map’ by retaining the maximum
energy at the principal scale (Sq) for each
image point. We extract a set of
Gabor-based feature points from the
maximum energy map.
feature

We use a vector



V, consisting of L filter responses to a feature points invariant under the

set of Gabor filters with an incremental similarity transformation remain almost

orientation step of z/L to characterize invariant due to the negligible energy
change when their principal orientations

the local pattern around the feature ) o
. o ; are nearly perpendicular to the direction
point p(x,y,) - The principal scale s, of the smaller scalings .

. ) ) ]
and the principal orientation g, are To estimate the matrix of the affine

iteratively tuned to a high accuracy. The  (ransformation, we can use merely two

mathematical form of a Gabor-based  point pairs plus their accompanied

feature point is given as principal orientations to replace the

d pd s“,"+ln sd,“+5n 1 1 1
V, 2[R (6,70, R0 (), RE T Ly, )]Tconventlonal set of three point pairs. The

The similarity s v ) between merit of using only two point pairs is to
P’ q;

. - - reduce the combinational complexity
feature points VvV and V. can be ]

: N from c! to ¢!, where n is the total
measured by the normalized cross

number of feature points.

correlation: X | [scos0 -ssind t|[x]| [a, a, a;|x
- - X/=|y|=]s,sin@ s,cos0 t,| vy |=|a, a, ay|V|=AX
- = Vv, Y, 1 0 o 1jit] o o 11
S(Vpi 7Vq J.) =TS . .
‘MH Mj In Figs. 1(a) and 1(b), the unit vectors

& .6 ,@ & are the principal orientations of
3. The homography registration e

point . p,.p.. B » respectively. Under
3.1The approximate image

) ) o ) the affine transformation the relationship
registration: an initial solution

) between the two corresponding principal
We shall approximate a homography

by an affine transformation, and, in turn, ~ Orientations, (g &) Or (g,&’), can be

an affine transformation by a similarity

] ) shown to be
one. For the time being, we assume that
the images are free from noise and PP éL=A‘DkDi €
missing object part. . .
£ J_ P . . In a matrix notation,
3.2 The affine transformation matrix
o ==X | [a, a, a,] X
determination PP e
. . — | Ye =3 Qn 8y || Ve
Under an affine transformation with ‘pk pi‘ 0 0 0 11 o

anisotropic scaling factor (0<s <s,))’, we

observe that some of the Gabor-based Let s, =[p{p]/[p.ps| Which is unknown.
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Fig.1. (@) The point set (p p) and their individual principal

orientation set (g ¢)

corresponding point set ()

orientation set

Then, we have the following system of
linear equations for estimating the affine

transformation matrix A.

X, ¥, 1 0 0 0 0 0 ra 7 %]
0 0 0 x y 10 0y
X Yo 100 0 0 0 |5 |y
0 0 0 % Yy, 1 0 0 fa] |y
X Yo 0 0 0 0 -x 0 |la, 0
0 0 0 X X 0 -x 0 |3 0
. Y, 00 0 0 0 x| % 0
0 0 0 x vy, 0 0 -y |t3%I [0

Denote the estimated matrix A by
T®that will be used as an initial solution
for computing the  homography
transformation in the next section. For

the existence of the solution matrixT©,

the principal orientations (g ,e) must

intersect, so do (&,&). We shall discuss

these

orientations from the feature point set of

how to choose appropriate

the reference image.

3.3 Final registration

in the reference

(b)

image. (b) The two

and their individual principal

Finally, we extend the estimation
from the affine transformation to a

homography transformation.

X m, my, My X
X'=ly [=|my my, my|ly|=MX
1 m, m 1 |1

32

A homography  transformation

differs from an affine transformation in
the nonzero values of m, and m,. The
scaling factors s and s, vary with the
point location in the image. Since the
Gabor-based feature point is determined
by the local (not the global) geometric
structure around the feature point, so the

Gabor-based feature points are invariant

to the smoothly changing scaling
factors.
We use the approximate

transformation T®as an initial solution
for applying an iterative closest point
matching (ICPM) algorithm to refine the

initial estimation.

Let p—{p,p,,-p, e a set of N



points in the reference image and P'=

{p.ps.e.py, b be a set of N points in

the sensed image. The ICPM algorithm

iteratively transforms the sensed feature
point p'ep’ back to the reference
image space and seeks for a closest point
peP in a predefined neighborhood

such that (p/,p) 1s a matched point pair

based on the -correlation similarity
measure. All the matched point psirs
comprise the corresponding point set
(CPS) and those unmatched are viewed
as the outliers. Then, a new
transformation T® is computed using
the cps®, where K is iterative number
(note that cps® = {the two starting
point pairs(q,, p,),(q.p,)})- The process
will be repeated until no new point pair
is found. We use the size of the final
cps” as a stopping criterion. The

algorithm is described as follows:

Algorithm ICPM (lterative Closest

Point Matching)

Input:

1. Two feature point sets
P’ = {p]'i p;f"a p;\lq} and

P = (PP Py } in the form of

feature vectors.

2. The initial estimate of the
transformation 7.

Output:

1. The corresponding point set

cps”

2. The final transformation matrix
T(f)
Initialization:

k=1
CPS, = {(Pe> P> (P> P} » dy =20
Begin
Repeat until cps® ycps®" =cps®
1. Construct the
points set
CPS™ =U (pi,CC(T“(p)). P)
where cc*(p)),P)=p,
if the following conditions are
satisfied:

corresponding

(a) Distance constraint
T () - py| <d,

where
T a -] = mfr e )

d, =d,/2"

(b) Similarity constraint

S(p;, p;) > Threshold

where SNP,,VP.):M
SVl
2. Compute the new transformation
matrix T® using all points in
the cps®, Update k=k+1.
End
T(f) :T(k) ; Cps(f) :Cps(k)
End
4. Experiments
Computer experiments using synthetic
and real image data were conducted to
validate our method. All the experiments
were executed on a PC, running under
the Windows XP operating system and
featured with an AMD K-7 1.2G Hz
CPU and 512 MB RAM.
Experiment 1 for the image
registration under the homography
transformation
Figs. 3(a) show a reference aerial
image of size 500 by 500, which is



superimposed by  the  extracted
Gabor-based feature points. The feature
points are labeled with identification
numbers and attached with arrows to
indicate their principal orientations.
numbers in the

their

Moreover, the

parentheses indicate principal
scales. The total number of the feature
points is 22 points. A synthetic image
with severe perspective deformation is
generated to be the sensed images, as
shown in Figs. 3(b).

The first selected starting point pair
happens to result in a good approximate
transformation 7. The result is shown
in the first row of Table 1. Then, the
iterative algorithm ICPM refined the
approximate transformation and
terminated within two iterations,
producing sixteen corresponding point
pairs (CPS) and a small root mean
square distance error of 0.75 pixels.
Table 1 also

transformation matrices T obtained at

gives the two

the two iterations i = 1 and 2. Fig. 4
shows the convergence of the feature
of the
reference image under the three spatial
and T? |

good overlapping

points and the boundaries
transformations T , TV
respectively. The
between the two images implies that the
homography estimation is correct.
Experiment 2 on noise
resistance

image

To demonstrate the usefulness of the
strategies 2 and 3 in combating with
image noise, we generate 100 noisy

images by adding Gaussian noise to the

reference image in Fig. 3(a), each with
three different noise levels such that the
signal-to-noise ratios are 9.7, 6.2 and 4.7
db, respectively.

First, we compute the principal
orientations of the feature points for the
100 noisy images. In Fig. 5(a) the
horizontal axis shows the ranking of the
feature points according to the stability
of the principal orientationQ(p,), and the

vertical axis shows the standard
deviations of the principal orientations
over the 100 noisy versions. The result
reflects that the points with higher
value of the

stability principal

orientation O(p,) will result in small
variation of principal orientation under
the noise effect. Meanwhile, this ranking
leads to the more stable triangles used to
compute the approximate transformation
in the noisy images. Next, we examine
the energy change of the feature points
under the noise effect. The solid line in
Fig. 5(b) shows the energy value of the
noiseless reference feature points, and
the two short horizontal lines show the
energy variation range of the feature
points under the noise effect with a
signal-to-noise ratio 6.2 dB. The result
indicates that the feature points with
higher energy remain strong with the
addition of noise. Thus, they should be
used in the image registration. Finally,
we examine the points according to the
index product of E(p,) and O(p,). The
result is shown in Fig. 5(c) whose
annotation is same as Fig. 5(b). The
result indicates that the points with
have smaller

larger index product



variation

(b)

Fig. 3. (a) The reference image. (b) The synthetic sensed image.

Table 1: The transformation parameters in three iterations

M
m, m,, m,, m,, m,, my, ms, m,, m,,
TO -0.6110  -1.4876 664.0500 1.0264  -0.8557 161.9824 0 0 1
TO -0.7977  -0.9341 674.8476 1.0080  -0.7286 173.6283 -0.0005  0.0018 1
T® -0.7995  -0.9120 682.9316 1.0400  -0.7318 175.3778 -0.0005  0.0020 1
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(b)

(d)

Fig. 4. (a) The overlapping between the boundaries of the reference and transformed

sensed images. (b)-(d) The image registration result using 7@, 7", 7@, respectively.
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Fig. 5. The variations under the noise effect for (a) principal orientation, (b) energy, (c)

product of principal orientation and energy.

5. Conclusion

We have applied the multi-scale,
multi-orientation Gabor filtering technique to
extract the robust feature points against the
viewing change. Then we use the affine
transformation matrix to get an initial
estimation of the image registration model
and refine the model by iteratively plugging

the result obtained so far into an updated

homorgraphy  estimation. ~ Experimental

results show the registration accuracy and

noise robustness of the proposed method.
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