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Abstract

A method is presented that solves the affine transforma-
tion between two images of the same texture. This problem
is encountered in many areas of Computer Vision such as
object retexturing and it is an essential part of many Shape-
from-Texture algorithms. The new method is based on trans-
forming each image such that the texture is isotropic, then
solving the similarity transformation between the isotropic
versions. We point out the difficulties in using other meth-
ods such as feature point methods. Quantitative results are
given for images created with the Brodatz textures, followed
by results for real images. This is followed by an application
of the method: placing an object on the textured surface.

1 Introduction

Estimating the affine transformation between two images
is a common problem in Computer Vision. The affine trans-
formation comprises a slant, rotation and scale operation
that approximately transforms one image into the other. A
common approach to estimating the affine transformation
is to identify “interesting” points (such as Harris points [2]
or SIFT points [4]) in both images and to match together
corresponding points after assigning some feature to each
point. The affine transformation is then found such that it
minimises some criterion such as distance between points
after one set has been transformed. A slightly different
problem involves calculating the affine transformation that
relates two views of different portions of the same texture
(see Figure 1).

In this problem individual texture elements (texels) may
be distributed differently in the two images, and in this
case the feature point approach will not work; for example
see Figures 2(a) and (b) which show two different portions
of the same texture. In Figures 2(c) and (d), the images
have been superimposed with crosses that show detected
Harris feature points. If the points in the first image are
matched with points in the second image, they will not be
related by some affine transform and so the feature point
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Figure 1. Computing the affine transformation
between two textures. The image in (a) has
been transformed to give (c) such that the
texture is the same as in (b).

method would not work in this example. In a similar fash-
ion, many other textures will cause difficulties when a fea-
ture point matching algorithm is applied; examples include
leaves scattered on the ground, pebbles and spots on a chee-
tah. Feature matching is also inherently difficult on textures
because, by definition, they have repeating structures.

This paper proposes a method for estimating the affine
transformation between two patches of texture. The method
firstly transforms both patches of texture to an isotropic
state so that they differ only by a rotation and scale. The
required rotation and scale are then calculated from which
the entire affine transformation can be constructed.

2 Relevant work

A number of methods have been used to estimate the
affine transformations between textures. Many of these
are frequency domain techniques, that essentially track the
movement of spectral peaks to recover the transformation.
Ribeiro, Worthington and Hancock [6] match together cor-
responding peaks in two spectral images according to their
ordering of energy amplitudes. In practice however, this
process of matching corresponding peaks is made difficult
by noise and aliasing, which alter the magnitude, and hence
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Figure 2. Two different portions of the same
texture. Figures (c) and (d) show where fea-
tures have been found in (a) and (b) respec-
tively.

the ordering, of peaks. Malik and Rosenholtz [5] developed
a method for estimating the affine transformation between
two nearby patches of texture on a surface. The method uses
differential analysis to produce a system of constraints that
is solved iteratively. Their method relies heavily on there
being little change between texture patches and therefore
cannot be used to solve for example the case shown in Fig-
ure 1. The new method presented in this paper will work
even if there is large difference between the two textures.

3 The method

Starting with two images of the same texture that has
undergone two different affine transformations (for exam-
ple see Figures 3(a) and 3(b)), the method aims to find the
affine transformation between the two images. The main
idea is to firstly transform each image such that the tex-
ture is isotropic. This idea was influenced by the work of
Schaffalitzky and Zisserman [7], who transformed textured
regions to an isotropic state in order to assign an affine in-
variant texture descriptor.

Textures are made isotropic by firstly calculating the sec-
ond moment matrix of each texture. The second moment
matrix of a region {2 with intensity I is given by
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This matrix may be represented as an ellipse, as superim-
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Figure 3. Basis of algorithm. The original im-
ages in (a) and (b) are made isotropic to give
(c) and (d) respectively. The latter pair differ
by a scale and rotation.

posed onto Figures 3(a) and 3(b). The ellipse is locus of dis-
tances x from the centroid that satisfy x TMx = constant.

The transformation A that makes the region isotropic is
required to satisfy AT A = M. One solution for A is given
by replacing the eigenvalues of M by their square roots.
Figures 3(c) and 3(d) show the isotropic versions and hence
the second moments are now represented as superimposed
circles.

The textures in Figures 3(c) and 3(d) differ by a scale
and rotation, and the next step of the algorithm is to calcu-
late both of these. In theory one may adjust for scale using
information from the second moment matrices; if the sec-
ond moment matrices for the first and second isotropic tex-
ng(l] ) and ( g?S’S ), then the first
texture is made the same scale as the second by transform-

ing the image by spatially rescaling it by \/gj;
tice however, the second moment matrices are heavily af-
fected by phenomena such as blur, and so scale cannot be
accounted for robustly in this way. In this current work, the
affine transformation between two textures is calculated up

to scale.

tures are given by (

In prac-

On the other hand, the rotation between the isotropic tex-
tures may be calculated easily and efficiently. This is done
by computing the Fourier transform of each isotropic tex-



ture, as shown in Figures 4(a) and (b) where the Fourier
transforms of Figures 3(c) and 3(d) are displayed. (Recall
that rotating any image results in an equivalent rotation in
its Fourier transform, but scaling an image results in the in-
verse scaling of its Fourier transform.)

Next we convert each Fourier transform to polar coordi-
nates, as shown in Figures 4(c) and (d), where angle is rep-
resented by the horizontal axis and distance from the center
is represented by the vertical axis. Then we take the mean

(b)

(c) Polar transformed version of (a)

(d) Polar transformed version of (b)

Figure 4. Finding the rotation angle. (a)
and (b) show the Fourier transforms of Fig-
ures 3(c) and (d) respectively.

along each column of Figures 4(c) and (d), to produce two
signals which are phase-shifted versions of each other. A
correlation is used to calculate the necessary shift which
then corresponds to the rotation angle between the textures.

3.1 Summary of algorithm

To summarise, the steps of the algorithm are

1. Begin with two images ¢ and j displaying the same
texture that differs by an affine transformation. Calcu-
late the transformation Ty required to convert ¢ into its
isotropic version 4;so.

2. Similarly, calculate T'g that converts j into its isotropic
Version Jjiso.

3. Calculated the rotation angle between 5, and j;s, us-

ing the method above. Set Ta to be the matrix that
rotates by this angle.

4. Then, according to Figure 5, the transformation from ¢

tOj is T1T2T3_1.
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Figure 5. Finding the affine transformation be-
tween two images i and j of the same texture.

3.2 Details of Implementation

The following were required to make the algorithm ro-

bust.

e Before calculating the Fourier transforms of i;5, and

Jiso these images were windowed with a 2-D circu-
lar Gaussian to suppress the effect of the border of
the texture. To illustrate, differences in pixel values
between the right and left edges manifest as high fre-
quency components in the Fourier Transform, if the
windowing process is not implemented.

o After transferring the Fourier transforms to polar co-

ordinates, the top rows (corresponding to the low fre-
quency data in the original Fourier transforms) were
deleted to stop the low frequency data from dominating
the calculation of the mean along each column. Pre-
cisely what defines a frequency as ‘low’ has not been
thoroughly investigated. For our experiments, the first
20% of rows were deleted since this gave a satisfactory
performance.

e The scalloped bottom edge of the polar transformed

Fourier Transforms seen in Figure 4(c) and (d) is ac-
counted for simply by not including these values in the
calculation of the mean in each column.

e Finally, after computing the mean in each column to

produce a signal for each Fourier Transform, these sig-
nals are centered at zero and scaled to the same range
before correlating them.



Due to the symmetric nature of the Fourier transform, the
rotation can only be calculated up to a w-shift. This may
be reflected as an initial rotation of 7 applied to the image ¢
as part of the estimated affine transformation. This will be
investigated in future work.

4 Results
4.1 Tests with Brodatz textures

To test the algorithm, pairs of images were created us-
ing the Brodatz textures [1]. Random affine transformations
were applied to the textures to create the pairs shown in the
first two columns of Figure 6. Using these pairs of images,
the algorithm estimated the transformation from the first im-
age to the second. The last column of Figure 6 shows the
transformed versions of the first column, such that the tex-
tures approximate those in the second column, up to scale.

The estimated affine transformations were then com-
pared to the true affine transformations. An affine transfor-
mation T may be decomposed via singular value decompo-
sition [3] into

T —UDVT |
— (UDUT)UVT M

where U and V are orthonormal matrices and D is a diago-
nal matrix. The decomposition may be interpreted as such:
the image is firstly rotated by U VT. The image is then
rotated by U™, stretched in the coordinate directions by D
then rotated back by U. The net effect is a slant operation in
some tilt direction followed by an isotropic scale. If rot(z)
is a matrix that rotates by  we can rewrite this as

T =rot(—7) ( g? ) rot(t) rot(d) S ()

where S is a scaling matrix, k is a multiplying (contraction)
factor related to slant, 7 is the tilt direction and 6 is the
initial rotation angle.

For this particular experiment, the estimated transforma-
tion is only accurate up to scale, and so both it and the real
transformation were scaled such that the first entry in their
matrices was unity. The matrices were then decomposed
via singular value decomposition to give values for k, 7 and
7. The errors are shown in Figure 7. A couple of points
are noted: firstly, one expects some error in the estimated
affine transformation due to the slightly non-homogeneous
nature of the textures. Secondly, the third example shows an
isotropic texture, that is one with no rotational preference.
For such textures any initial rotation may be reasonably in-
cluded in the estimated affine transformation. This accounts
for the large error in 6§ seen for this example.

Figure 6. Results of tests on Brodatz textures.
The first and second columns are input im-

ages. The third column shows the affine-
transformed version of the first column such
that the texture resembles the second col-
umn, up to scale.

4.2 Tests with real images

The algorithm was also tested on real images. Figure 8
shows the objects that were photographed. Close up pic-
tures of textures were taken from different angles as seen in
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Figure 7. Errors in affine parameters. The
crosses denote estimated values and the cir-
cles denote real values.

the first two columns of Figure 9. The third column shows
the transformed version of images from the first column,
such that they resemble the textures seen in the second col-
umn.

(d) necktie

(e) tea towel

Figure 8. Objects that were photographed.

4.3 A simple application of the method

As mentioned previously, the method may be used in a
number of applications including Shape-from-Texture and
object retexturing. Here we show another application: plac-
ing objects in a scene. Figure 10(a) shows an embroidered
motif that we wish to place on the teatowel from the last
example in Figure 9. In Figure 9 we saw the teatowel when
viewed frontally i.e. viewed with no slant (in the first col-
umn), as well as the teatowel viewed with some slant an-
gle and rotation (in the second column). Using the algo-
rithm, the affine transformation T from the frontal view to
the slanted view was calculated. Since we have a frontal
view of the embroidered motif, it may also be transformed
by T to give the same orientation as the slanted teatowel;
the result is given in Figure 10(d).

5 Conclusions

A new method has been shown to estimate the affine
transformation between pairs of textures. Previous methods
are susceptible to noise or only usable in a very restricted
set of cases. The new method has been shown to give good
quantitative results when tested on a set of image created
using the Brodatz textures. Real images gave good qualita-
tive results. Future work includes improving the robustness
of the estimation of scale.
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Figure 9. Results from real images. The first
and second columns show the input images.
The third column shows the transformed ver-
sions of the first column so that the texture
matches that in the second column.
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