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Abstract. In this paper we present a novel approach to match two
images in presenting large scale and rotation changes. The proposed ap-
proach is based on scale invariant region description. Scale invariant re-
gion is detected by a two-step process and represented by a new descrip-
tor. The descriptor is a two-dimensional gray-level histogram. Different
descriptors can be directly compared. In addition, our descriptor is in-
variant to image rotation and large scale changes as well as robust to
small viewpoint changes. The experiments demonstrate that our method
is effective enough for image matching and retrieval.

1 Introduction

Image matching, which is a fundamental aspect of many computer vision prob-
lems, has been extensively studied for the last two decades. The image matching
problem estimates correspondences between two views of the same scenes, where
the viewpoints differ by position, orientation and viewing parameters. It is a chal-
lenging task due to the various appearances that an image can have. Many global
approaches have been proposed in the literatures to solve this problem [3,12].
But they have difficulty in dealing with nearby clutter and partial occlusion.
Recently local information has been shown to be sufficient to describe image
content [1], and well adapted to image matching, as they are robust to clutter
and occlusion and don’t require segmentation [2,5,6,7].

Schmid and Mohr [1] demonstrate that local information is sufficient for gen-
eral image recognition under occlusion and clutter. They use Harris corners [10]
to detect interesting points, and extract a rotationally invariant descriptor from
the local image region. This guarantees features to be matched between rotated
images. Lowe [2,16] uses the local extrema of difference-of-Gaussian in scale-
space as the interesting points. He proposes a distinctive local descriptor, which
is computed by accumulating local image gradients in orientation histograms.
Tuytelaars and Van Gool [7] construct small affine invariant regions around
corners and intensity extrema. Their method looks for a specific structure “par-
allelogram” in images. Among the above methods, [1] and [2] are rotation and
scale invariant. [7] is affine invariant.
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Many methods have been presented for wide-baseline matching [6,8,9,11].
Baumberg [9] uses the multi-scale Harris features detector, and orders the fea-
tures based on the scale-normalized feature strength. The neighborhood of fea-
ture point is normalized using an iterative procedure based on isotropy of the
second gradient moment matrix. Mikolajczyk and Schmid [8] propose the Harris-
Laplace method. They first detect the Harris corners in multiple scales, then
select points at which the Laplacian measure attained the local extrema in scale
dimension. They extend their work to affine invariant in [5]. Schaffalitzky and
Zisserman [6] present a method for obtaining multi-view matching given un-
ordered image sets. They use two kinds of features: invariant neighbourhoods
and “Maximally Stable Extremal” regions. They use the complex filters as de-
scriptor. J. Xiao, and M. Shah [11] combine Canny edge detector and Harris
corner operator together to present a new edge-corner interesting point. Based
on SVD decomposition of affine matrix, a two-stage matching algorithm is pro-
posed to compensate the affine transformation between two frames. They use
the epipolar geometry to estimate more correspondences interesting points.

In this paper we want to solve the problem of matching images in the presence
of both large scale and rotation changes. Mikolajczyk and Schmid try to solve
this problem in [8]. They use Harris-Laplace detector to select the position and
scale of interesting points, and extract rotation invariant descriptors. Since they
use multi-scale space to select interesting points, their method is suitable for
significant scaling case. But before computing the distance of descriptors, they
must learn a distance metric in invariant space from training data. So the metric
is tuning to the domain of training data. The matching results depend on the
efficiency of learned metric. In order to overcome this problem, we propose a
novel descriptor, SC descriptor, based on Shape Context [17]. The new descriptor
is scale and rotation invariant. The distance between SC descriptors can be
calculated directly.

The paper is organized as follows. In Section 2, we introduce the Harris-
Laplace detector. In Section 3, we present a novel descriptor based on Shape
Context [17]. In Section 4, we describe the robust matching algorithm. In Sec-
tion 5, we demonstrate the effectiveness of our approach for image matching and
retrieval. In section 6 we summarize the contribution of this paper and draw
some conclusions.

2 Harris-Laplace Detector

The task of image matching by local information requires detecting image re-
gions, which are co-variant with scale transformations of the image. A two-step
algorithm is used to achieve the co-variant regions (x, y, scale): 1) detecting
interesting points (z, y), 2) associating a characteristic scale to each interesting
point (scale).
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2.1 Interesting Points Detector

Computing image descriptors for each pixel in image is time consuming and
unnecessary. The descriptor extraction is limited to a subset of the image pixels,
interesting points, which should have two main properties: distinctiveness and
invariance. Different interesting points detectors are comparatively evaluated
in [15]. The Harris corner detector is the most reliable one in the presence of
image rotation, illumination changes, and perspective transformations. The basic
idea of this detector is to use the auto-correlation function in order to determine
locations where the signal changes in two directions. A matrix related to the
auto-correlation function which takes into account the first derivatives of the
signal on a window is computed. The eigenvectors of this matrix are the principal
curvatures of the auto-correlation function. Two significant values indicated the
presence of an interesting point.

However the repeatability of this detector degrades significantly when the
images have large scale changes. In order to cope with such changes, a multi-
scale Harris detector is presented in [13].

Multi-scale Harris function det(C') — atrace?(C)

2

With C(x,07,0p) = 0%,G(01) * (szijz;:g)g) ngéj}gi;;])j) :
where o7 is the integration scale, op the derivation scale, L(x,0) = G(0) * I(x)
different levels of resolution created by convoluting the Gaussian kernel G(o)
with the image I(x) and x = (x,y). Given an image I(x) the derivatives can be
defined by L,(x,0) = %G(O’) * I(x). We use the multi-scale Harris detector to
detect interesting points at different resolution L(x,0,), with o, = k™0oq, oois
the initial scale factor.

2.2 Scale Selection

Lindeberg [14] suggests that for Geometric image descriptors, the characteristic
scale can be defined as that at which the result of a differential operator is
maximised. The characteristic scale is relatively independent of the image scale.
The ratio of the scales, at which the extrema were found for corresponding points
in two rescaled images, is equal to the scale factor between the images. Different
differential operators are comparatively evaluated in [8]. Laplacian obtains the
highest percentage of correct scale detection. We use the Laplacian to verify for
each of the candidate points found on different levels if it forms a local maximum
in the scale direction.
Lap(x,0,) > Lap(x,0n-1) A Lap(x,04) > Lap(x, 0n41)

Figure 1 shows two images with detected interesting points. The threshold of
multi-scale Harris and Laplacian are 1000 and 10, respectively. 15 resolution
levels are used for scale representation. The factor k is 1.2 and o7 = 20p.

3 Invariant Descriptor

Given an image region which is co-variant with scale transformations of the
image, we wish to compute a descriptor which is both invariant to scale and
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Fig. 1. Scale invariant regions found on two images. There are 252 and 417 points
detected in the left and right images, respectively

rotation changes and distinctive to reduce the ambiguity in correspondences.
The descriptor we use is novel, and we now discuss this.

3.1 SC Descriptor

In this paper, we propose a novel invariant region descriptor, the SC descriptor,
inspired by the work of Shape Context [17] introduced by Belongie, Malik and
Puzicha for matching shapes. A SC descriptor is a two-dimensional histogram
encoding the intensity distribution in an image region, and the geometry rela-
tion between the sub-regions. The two dimensions of the histogram are d, the
sequence number of n sub-regions, and i, the intensity value. The sequence of
sub-regions is sorted in ascending order both in and as shown in Fig. 2(a). Each
column of the SC descriptor is the intensity histogram of the corresponding sub-
region. We use bins that are not uniform in , which are selected by experiments.
An example is shown in Fig. 2. To achieve invariance to affine transformations
of the intensity (transformations of the form I — al + b), it is sufficient to
normalize the range of the intensity within the sub region.

Our region detector is a local approach and does not need segmentation, so
it is robust to clutter and occlusion. For the same reason the invariance to trans-
lation is intrinsic to our approach. Due to multiple window sizes and selecting

Fig. 2. SC descriptor construction. (a) A image region is divided into 18 sub-regions.
We use three bins for p(0.57,0.85,1) and six bins for 6(1/3w,2/3r,m,4/37,5/3m, 2m).
The number in the sub-region is its sequence number. The sequence numbers of the
third ring aren’t shown for clarity. Two sub-regions in an image patch (b) map to two
different columns in the SC descriptor (c)
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(d) (e) ()

Fig. 3. More examples of SC descriptor. Top: image patch (white circle) and the ap-
proximate gradient direction (white arrow). (b) is a rotation version of (a). (b) and (c)
are different parts of the same image. Bottom: (d), (e) and (f) are SC descriptors of (a),
(b) and (c), respectively. SC descriptor is a two-dimensional histogram. Each column of
SC descriptor is a histogram of a bin of Fig.2(a). (White =large value). Note that (d)
and (e) are similar, which are calculated for relatively similar region except rotation.
While (f) is quite different with (d) and (e). We don’t normalize the intensity here

scale automatically, scale invariance is achieved. The invariance to rotation can
be obtained by normalizing the region with respect to the gradient direction,
or by using a relative frame, which treats the gradient direction as the positive
x-axis. One can use the method in [4] to get a stable estimation of the dominant
direction. However we have observed that the SC descriptor is robust to small
error in gradient direction estimation, as the gradient directions in Fig. 3(a)
and Fig. 3(b) are different, but the SC descriptors are similar. We use the gra-
dient direction 6, = arctan(L,/L,). After turning the relative frame with the
gradient phase, the descriptor is completely rotation invariant. The number of
sub-region should be chosen according to specific application. Figure 3 shows
several examples.

3.2 Comparison of SC Descriptor
Let P; and @; represent two image regions. And COST;; = COST(FP;,Q;)
[1

denotes the cost of matching these two regions. We use x? test statistics [17].
N 255
— hj(n,m))?
COST;; = COST(P;, J 1
f RPN o

where h;(n, m) and h;(n, m) denote the value of the SC descriptor at P; and @,
respectively.
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4 Robust Matching

To robust match a pair of images, we first determine point-to-point correspon-
dence. We select for each descriptor in the first image the most similar one in
the second image based on the cost function (1). If the cost is below a thresh-
old the correspondence is kept. All point-to-point correspondences form a set
of initial matches. We refine the initial matches using RANdom SAmple Con-
sensus (RANSAC). RANSAC has the advantage that it is largely insensitive to
outliers. We use fundamental matrix as the transformation of RANSAC in our
experiments.

5 Experimental Results

5.1 Robust Image Matching

The matching strategy just described is applied and tested over a large number of
image pairs. All of our experiments use gray images to compute correspondences.
And we give the epipolar geometries of two images estimated by our method, to
show that our matching algorithm is effective.

Figure 4 shows the matching results for three different scenes, which in-
clude significant rotation and scale changes. Figure 4(a) and Fig. 4(c) show scale
changes between images. Figure 4(b) shows both rotation and scaling between
two images. The rotation angle of Fig. 4(b) is 10 degrees, and scale factor is
2.4. Figure 5 displays two images with estimated epipolar lines. All the epipolar
geometry is correctly estimated.

mxor
dox fourters tle
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"41D$ﬁja

-
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/d" i ’-I
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Fig. 4. Robust matching results by our algorithm. (a)(frames of ” Laptop” from INRIA)
shows 34 inliers, 32 of them are correct. (b) (frames of ”boat” from INRIA) shows 9
inliers, all of them are correct. (c) (frames of ” Asterix” from INRIA) shows 17 inliers,
all of them are correct
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Fig. 5. This figure shows the epipolar geometry as computed with the matching method
described in this paper. Two frames of "East” from INRIA show 30 correct inliers.

Fig. 6. The first row shows some of the query images. The second row shows the most
similar images in the database, all of them are correct

5.2 Image Retrieval Application

We have evaluated the performance of SC descriptor in an image retrieval appli-
cation. Experiments have been conducted for a small image database containing
40 images (including 8 real-world scenes). They show the robustness of our ap-
proach to image rotation, scale changes and small viewpoint variations.

The retrieval application is as follows. We first extract SC descriptors of
each image in the image database. We compare each descriptor of a query image
against all descriptors in the other image. Then we determine corresponding
SC descriptors that are within a threshold. We regard the number of matched
correspondences as a similarity between images.

Figure 6 shows the results of image retrieval experiments. The top row dis-
plays five query images. The second row shows the corresponding image in the
database, which is the most similar one. The changes between the image pairs
(first and second row) include scale changes, for example for pairs (a) and (d).
They also include rotation changes, such as image pair (b). Furthermore, they
include small viewpoint variations (image pair (c) and image pair (e)).
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6 Conclusion

In this paper we propose a novel approach to solve the problem of obtaining
reliable corresponding regions over two images in the presence of both large scale
and rotation changes. We present a novel region descriptor based on the intensity
distribution. Image matching and retrieval experiments show this descriptor is
invariant to image rotation and scale changes as well as robust to limited changes
in viewpoint.

Acknowledgements. This work is supported by National Hi-Tech Develop-
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