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Abstract:

In computer vision, two or more images taken

under different viewpoints are used to estimate 3D
projective structure and camera models. Typical steps

in such a reconstruction task include:
(1) Extraction of feature points with discriminative

power
(2) Point matching between image pairs
(3) Computation of eipoles and canonical projection
matrices
(4) 3D projective structure determination
(5) Factorization method for obtaining projective

structure and motion from multiple views

We start with the computation of transformation

matrix between the two given images. The

transformation matrix is then decomposed into three

elementary projection matrices: H ,H,,H,. We



shall apply these matrices in order to any image to
analyze their geometrical effects on the image
projection. Based on the above analysis, we shall
design a Gabor filtering technique for feature point
extraction, aiming to sustain the attacks of the
projection matrices so that some feature points will
survive to be used in a latter process of point
correspondence finding. We use point
correspondences thus obtained to compute the
fundamental matrices and eipoles, and also find the
canonical camera projection matrices to further
recover the 3D projective structure. We shall also
attempt to use multiple images to apply the
factorization method to derive the 3D projective
structure and camera models simultaneously and
evaluate the performance of the result.

Keywords: Camera projection matrix, Image
transformation, Perspective distortion, Rotation,
Translation, Multi-scale, Multi-orientation, Gabor
filter, Robust feature point, Fundamental matrix,

Matrix factorization.
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3. Geometric properties of projective matrix
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The transformation is also linear and spatially
invariant, so it is a constant transformation. The
geometric effect on the view transformation
comprises two positive (or negative) rotations (i.e.,
the two orthogonal matrices Q; and Q,) plus a scaling
(i.e., the diagonal matrix X ). Here Q; X Q-zr is the
singular value decomposition of the affine matrix A.
Let A’ be the inverse of A. Under H, a set of parallel
lines: {au+ pv=y;,i=123,-} in the reference

image becomes a set of parallel lines of the form

{7i = [0! ﬁ{:j| = [0( ﬂ]A'|::':|;i — 1’273,._,} in the sensed

image.
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Under H,: {u} ~ {u /(hyu +hy,v + 1)}

v' | |v/(hyu+hyv+1)

This transformation is nonlinear and spatially
variant, so it is not a constant transformation. In the
following we shall derive the properties of this
transformation and its geometric effect. Then we
point out that under the practical constraint on the
values of h3; and hj,, the perspective transformation is

locally equivalent to an affine transformation.

Lemma 1. Under the projective transformation

a line of the form au +bv = c is



transformed into a line of the
form (a + chy, Ju'+(b +chy, MV =c-

Lemma 2: Under the projective transformation

1
the vanishing point of a set of
Hp=| 0 1
hyy hy 1

parallel lines: {au + bv =c¢;; i =1, 2, 3,..}is given by
Uy, { b/hy ;b — hya }
V,, | [—a/hb-hypa

Lemma 3: Under the projective transformation

0
b o=l o 0 the set of parallel lines of the form

o=
hyp hyy 1

{hsiu + hgov = ¢j; 1= 1, 2, 3,..} is transformed into a
set of parallel lines of the form {hs;u’ + hgv’ = ¢;
/(1+c) ;i =1, 2, 3,..}. This is the only set of parallel

lines that remains parallel after the transformation.

Lemma 4:

The set of parallel lines perpendicular to a set of
hs hsy

parallel lines: { U-+ Vv
2 2 2 p2
\/h31+h32 \/h31+h32

2, 3,..}, where ¢; is the inter-distance between two

neighboring lines, is of the form
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\/h321+h322 \/h321+h322

Vzdi;
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4. Robust Feature Extraction Using Scale
/Orientation - adaptive Gabor Filtering Technique
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4.1 Important Properties of the Gabor-filtered
Image

Gabor function :

gV (x,y) = exp {20 + () Texp(jw,x)
o, ao,

2
2rao,

where

X'| | cosg sing || x
y'| —sinf, cosf ||y

with @, being the orientation parameter; o, and
ao are the Gaussian window size parameters (& = 1
is assumed here); @, is the spatial frequency
parameter. A normalization condition is usually
imposed on the parameters o and @, such that
oW, =Nz/4 (Here 45 is used to approximate the

Gaussian window size, which is also called the filter

size) for all scale indices .

] [
UL
(/
/
2
<

(b)

Fig. 4 (a) A set of even-symmetric Gabor filters. (b)
The plot of a typical even-symmetric Gabor filter

with N = 3.

Let I(x,y) be the input image function. For
multiple scales s, s € {1, 2, 3, ..., S}, and multiple
orientations §,,6, =l xA@ , | = 1, 2,...., L (7is a
multiple of A@), the filter responses or outputs are

given by the convolution operations:

RS,N, | (X, y) = (X, y) * ges\;gln’l (Xa Y)

In the following, we give the important properties of
Gabor-filtered image that lead to the robust feature

points.

Property 6: LetR*"'(x,y) andR*M'(x,y) be the
filter responses to the images [(x,y) and1(x,y). If
F(x, y) is obtained from | (X, y) by a rotation through
counter-clock  direction,

an angle ¢ in the

ie., f(x,y)zl(x',y’) for points (X,y) and

(x',y") that are related by

X') [ cosg sing) x
y' B —sing cosg \y



Then RSN y) = R&N-2 4 (x,y)

where (XJ _ (cos ¢ —sin ¢J (Xj
y sing cos¢g J\y
Property 7: LetR®™'(x,y)and R*™'(xy) be the
Gabor filter responses to input
images I (x, y) and | (x,y) . If the two input images
are related by a scale factor such

that T(x,y)=I(kx,ky) , then there is a

correspondence between their responses given by
RO (%, y) =R*™(k ky) with o =Ko,

We compute the responses R*™'(Xy) at each point
X, y)fors=1,2 ..,Sand 1 =1, 2, .., L (Nis fixed).

Then the total energy value at point (X, y) at a scale S

is defined as
N - N, I
EXN(xy) =D |R*™(x,y)|
=1

Then the maximum energy value is calculated at point

(x,y) with respect to all scales {1,2,...,S} (N is fixed)
EN(ey)= E° N (oy)= max{E™ " (xy);

Property 8. Consider the Gabor filter output energy

E*N(x,y) for a binary rectangular object image with a
fixed filter size parameter o, and a varying lobe

parameter N. Along a longer rectangle side, the

maximum energy value occurs at consecutive points

near the middle point of the side for N < 1; while for
N > 1, the maximum energy value occurs at a single
point near the vertex of the side. (Please refer to Fig.

5 for an illustration)

. I — %??'-"9-,‘

(@) (b)
Fig. 5 (a) There are no dominant points in the
maximum energy map for a rectangular object image
of size 8x33 for N=1. (b) There are dominant points

in the maximum energy map for N=3.

4.2 Dominant Point Extraction

Based on the above properties of the Gabor filtered
image, we outline below an algorithm for extracting
dominant points from a given image.

Algorithm for dominant point extraction:

(1)Choose a set of Gabor filters with filter
parameters N =3 and L = 12.

(2)Determine a set of filer size scales based on the
structure pattern of the object under consideration.
Apply the multi-scale Gabor filters to the image
to obtain the energy maps at the multiple scales
and merge them into a single maximum energy
map by retaining the maximum value among
them.

(3)Construct the maximum energy histogram and
choose a lower bound on the energy value for a
candidate dominant point in the upper T %. (T =
10 in our case)

(4)Partition the image into non-overlapping blocks
of mxm pixels each (m=7 in the experiments).

(5)Find one candidate dominant point having the

maximum energy in each block. Then check if



each candidate dominant point obtained so far is
also a local maximum in a neighborhood of size

mxm centered at the point.

4.3 The feature vector representation of
Gabor-based feature point

We use a feature vector \7pi consisting of L filter
responses to a set of Gabor filters with an incremental
orientation step of 7L to characterize the local pattern
around the feature point p,(x,, y,)- The principal scale
Sgi and the principal orientation (9; are iteratively
tuned to a high accuracy. The mathematical form of a
Gabor-based feature point is given as
V, (R A

(505, A z)
DG YR (XL YR 06, YT

The similarity s(\7ID ,\7q ) between feature points
i i

\7p and\Zq_ can be measured by the normalized cross
i i

correlation:
SV, V) = Nf' _ mean(\{pl )).(\qu - mean(\qu )
Y ‘Mi —mean(V,, )H-‘Mj - mean(\/qj )H
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Figure 12(a). The multiple images od a human head with extracted feature points.
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Figure 12(b). The corresponding wire-frame representations (upper) of the reconstructed 3D point

structure for each input view (bottom).



