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Abstract. The problem of feature points matching between pair of
views of the scene is one of the key problems in computer vision, because
of the number of applications. In this paper we discuss an alternative
version of an SVD matching algorithm earlier proposed in the literature.
In the version proposed the original algorithm has been modified for cop-
ing with large baselines. The claim of improved performances for larger
baselines is supported by experimental evidence.

1 Introduction

A number of computer vision tasks require that a set of point correspondence is
established between image pairs, just to name a few: automatic feature matching
is often an initialisation procedure for more complex tasks, such as fundamental
matrix estimation, image mosaicing, object recognition, and three-dimensional
point clouds registration.

We are currently interested in what we call large baseline matching, i.e. for
images taken with the same camera and from not close view points. For the
present work we do not aim to give a solution for the wide-baseline problem,
when the images can look too much different. Our interest to this problem come
from a 3D data acquisition system we are developing, for which we are dealing
with the problem of registering different measures of the same object coming
from different poses. Even if methods for 3D data registration do exist [1], they
do need a good initialisation, that might be provided by point matched in the
images, providing that an appropriate calibration between an image and a 3D
point cloud is given.

We aim at obtaining a system to compute sparse correspondences between
image pairs and use them to initialise a 3D registration procedure. From the
feature matching standpoint our goal is to devise a procedure that allows us to
obtain a reasonably high number of accurate matches from image pairs acquired
by a large baseline system.

The problem of matching points between images is covered by a very rich
literature. We do consider here the case when the epipolar geometry is not known,
and then the corresponding point can be anywhere in the image. A classical
approach, for the case of short baseline, is the one presented in [2], that adopts
a standard correlation step, followed by a relaxation step. For the case of wide
baseline we mention the work by Pritchett [3], Baumberg [4], Tuytelaars [5].
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Recently a simple constraints that can reduce the computational complexity for
wide baseline matching, for the only case of parallel epipolar lines, has been
proposed in [6].

We propose in this paper a simple modification of the SVD-based matching
algorithm proposed in [7]. The core of the modification is to associate to each
feature point a meaningful local descriptor to deal with larger baseline. In our
method we extract from each image interesting points using difference of Gaus-
sians, and represent them with the SIFT descriptor [8], making them tolerant to
change and scale orientation. Finally our algorithm computes correspondences
between the two sets of feature points with a mixed geometric and appearance
based approach, as in [7]. In this last paper it is shown that a reasonably good
solution to the matching problem can be achieved by an appropriate transfor-
mation of a correspondence strength matrix. The method, that builds on the top
of a previous work by Scott and Longuet-Higgins [9], obtains the transformation
of the strength matrix by singular value decomposition.

We report promising results, discussing how the matching behaves while the
baseline grows. A comparison with the original work shows how SIFT features
make the system more tolerant to the effects of a larger baseline. We also report
a comparison to the matching criterion for SIFT key-points proposed by Lowe,
showing that our approach is a better compromise between accurate results and
a high number of correspondences.

The paper is organised as follows. In the next Section we review the SVD
matching algorithm. In Section 3 the scale invariants features and their associ-
ated descriptor are briefly reviewed. Our modified SVD matching is described
in Section 4, and experimental results are shown and discussed in Section 5.
Section 6 is left to the final remarks.

2 SVD Matching

In this section we briefly review the matching algorithm proposed in [7]. As
mentioned before this algorithm builds on the top of [9], and adapts it to deal
with pixel correspondences. In the original work described in [9] it is shown that,
in spite of the well-known combinatorics complexity of feature correspondence,
a reasonably good solution can be achieved through the singular value decom-
position of an appropriate correspondence strength matrix. In [7] this matrix is
modified in order to consider intensity values together with spatial position of
the feature points.

Let A and B be two images, from which we extracted m and n features
respectively (Ai, i = 1, . . . , m, and Bj , j = 1, . . . , n), each of them represented
by a simple image patch of size w × w. The goal of the algorithm is to put two
subsets of the two sets of features in a one-to-one correspondence.

The algorithm consists of three steps:

1. Build a correspondence matrix G that models both geometric proximity and
similarity; each entry Gij is computed as
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Gij =
Cij + 1

2
e−r2

ij/2σ2
. (1)

rij = ||Ai − Bj || is the Euclidean distance between the two features in the
image plane, and Cij is the normalised correlation between the two image
neighbourhood. The parameter σ controls the degree of interactions between
features, where a small σ enforces local correspondences, while a bigger σ
allows for more distant interactions. The elements of G range from 0 to 1,
with higher values for more correlated features.

2. Compute the Singular Value Decomposition for G: G = VDU�.
3. Compute a new correspondence matrix P by converting diagonal matrix

D to a diagonal matrix E where each element Dii is replaced with a 1:
P = VEU�. It is shown in [9] that P carries similar information of G, with
the interesting property of enhancing good pairings.

In [7] experimental evidence is given that the proposed algorithm performs
well on short baseline stereo pairs. In fact the performance fall as the baseline
increases. It is our target to show that the reason for this behaviour is in the
feature descriptor chosen and is not an intrinsic limit of the algorithm.

3 Features Detection in Scale-Space

Scale invariant features transform key-points (SIFT) were first proposed in [10]
and attracted the attention of the computer vision community for their tolerance
to scale changes, illumination variations, and image rotations. These features are
also claimed robust to affine distortion, change of viewpoints and additive noise.

A recent comparative study presented in [11] shows that SIFT descriptors
are more stable than other state of the art interest point descriptors. Therefore
we decided to focus our attention on this feature descriptor, associated to the
DoG key-point. In the remainder of this section we will briefly introduce the
key-points and a possible description.

3.1 Scale-Space and Interest Points Detection in Images

When approaching to computer vision one of the first remarks is that every
object in an image assumes a different significance if observed at a different scale.
It has been demonstrated [12] that scale-space is a good framework to handle
objects in images at different scale. Indeed, scale-space is a representation of the
image which is seen at different resolution levels while its fine-scale structures
are deleted.

An important aspect of the scale-space is that the suppression of details is
not a random process: scale-space keeps the meaningful information obtained at
the different scales.

3.2 Scale Invariant Description of Interest Points

The process of building SIFTs [8] is heavily inspired by the scale-space frame-
work, but it keeps all the information related to the different levels of resolution.
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The process can be sketched in two phases: the first is key-points detection in
scale-space pyramid and the second is key-points description using the image
gradient at the right level of resolution. Key-points are detected in a particular
pyramidal structure that is built as follows:

1. The original image I is convolved with a Gaussian function with σ =
√

2.
The result Iσ1 is convolved again with the same Gaussian to obtain a double-
filtered image Iσ2 .

2. The difference between these two images is called difference-of-Gaussian
(DoG): D12 = Iσ1 − Iσ2 . This will be the first level of the DoG pyramid.

3. The image is sub-sampled and the Gaussian convolution is repeated to obtain
the other levels of the pyramid of DoG.

Once the pyramid of DoGs is completed, maxima and minima are located.
The feature detection phase ends with a cleaning procedure for discarding low
contrast features, for filtering out edges.

Regions detected by DoG are mainly blob-like structures. There are no sig-
nificant signal changes in the centre of the blob and therefore the Gaussian
filter-based descriptors perform better in larger point neighbourhood [11]. Once
the keypoints are accurately located in the scale-space, a principal direction
is assigned to each of them. This orientation is attributed in order to achieve
invariance with respect to rotations.

Following [8], we associate each key-point to a descriptor, computed as a
composition of direction histograms in the neighbouring regions of the scale-
space, shifted according to the dominant orientation of the feature.

4 SVD Matching Using SIFT

In this section we discuss the use of the SIFT descriptor in the SVD matching
algorithm. As mentioned in the introduction the SVD matching presented in [7]
does not perform well when the baseline starts to increase. The reason for this
behaviour is in the feature descriptor adopted. The original algorithm uses the
grey level values in a neighbourhood. It is now well known that image neighbour
grey level values is a descriptor too sensitive to changes in the view-point, and
more robust descriptor have been introduced so far (see, for instance, [13,5,14]).

Results of a comparative study, performed on a set of planar scenes, of the
performance of various features descriptors have been reported in [11], where it is
shown that the SIFT descriptor is better than the other descriptors with respect
rotation, scale changes, view-point change, and local affine transformations. The
quality of the results decrease in the case of changes in the illumination. In the
same work, cross-correlation between the image grey levels returned not stable
performance, depending on the accuracy of the point, that depends strongly on
the kind of transformation considered.

The considerations above suggested the use of a SIFT descriptor, instead of
grey levels. We left the matrix G in equation (1) unchanged in its form, but Cij

is now the cross-correlation between SIFT descriptors. As it will be shown in
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the next Section, this straightforward modification improves the performance of
the SVD matching, and also gives better results, in terms of number of points
correctly matched, with respect the SIFT distance used for the experiments
reported in [11]. We do plan to experiment with different SIFT distances in the
SVD matching, which might require to modify the form of the G matrix.

5 Experimental Results

In this section we report experiments carried on short image sequences where the
camera was moving around a complex indoor scene (i.e., with several objects),
increasing the baseline with respect the camera pose for the first frame in the
sequence. For reason of space we show here only results on a sequence of 13
frames.

For each frame in the sequence we extracted a set of interest points, using the
DoG points detector described in Section 3, that proved invariant to rotation and
scale changes [10,11]. We remind here that the points detected are local scale-
space extrema of the difference of Gaussians. The size of the support region,
the area used for computing the associated descriptor, is determined from the
selected scale.

We compare the performance of the SIFT based SVD matching, henceforth
S-SVD, against the performance of the correlation based one (C-SVD), and
a SIFT based point matcher proposed by Lowe in [10], and used in [11] for
measuring the SIFT performance, which uses the Euclidean distance between
SIFTs. We will address to this last matching method as S-DIST. More formally
the correspondence are established as

– S-SVD: point matches are established following the algorithm of Section 2

Cij =
∑

t

(Si
t − mean(Si))(Sj

t − mean(Sj))
stdv(Si)stdv(Sj)

where Si and Sj are the SIFT descriptors;
– C-SVD: point matches are determined as above but with

cij =
∑

t

(Ii
t − mean(Ii))(Ij

t − mean(Ij))
stdv(Ii)stdv(Ij)

where Ii and Ij are the two grey-levels neighbour;
– S-DIST: two features i and j matches if

dij = min(Di) < 0.6 min(Di − {dij})

where Di =
{
dih = ||Si − Sh||

}
.

For measuring the goodness of a point match we computed the fundamental
matrix [15] between the first frame and all the successive frames for each image
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Fig. 1. Results for a 13-frames image sequence. Left: total number of matches detected.
Centre: number of correct matches. Right: accuracy of the method.

Fig. 2. Results for a 13-frames image sequence. Correct matches between first (top)
and sixth (bottom) frame. Left: S-SVD. Centre: C-SVD. Right: S-DIST.

sequence, using sets of point correspondences established by hand. Having the
fundamental matrix F allows to verify if a match is correct, by using the point
to epipolar line distances. We say that a match (pi, pj) is correct if the

d(pi,Fpj)2 + d(pj , F
tpi)2 < 4.

We would like to point out that this measure is not bullet-proof, as it can hap-
pen that wrongly matched points lie on corresponding epipolar lines. In our
experience when this situation occurs, it is no more than one or two points. In
Figure 3 we show stereo pair for which this happened in the case of the S-DIST
matcher.

For evaluating the performance of the three point matching methods used for
this work we computed: a) the total number of matches detected; b) the number
of correct matches; c) the accuracy, defined as the ratio between number of
correct matches and the total number of matches detected. The plot of these
three values, relative to the 13-frames sequence for which we show results, can
be found in Figure 1.

Overall we can say that S-SVD outperforms C-SVD in all the cases. In general
S-SVD returns the largest number of correct point matches, and total number
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Fig. 3. Results for a 13-frames image sequence. Correct matches between first (top)
and eightieth (bottom) frame. Left: S-SVD. Centre: C-SVD. Right: S-DIST. One of the
matches in the right image is wrong but the two points lie on corresponding epipolar
lines, therefore is wrongly passed as correct.

of point matches. In terms of accuracy the best one is S-DIST, but S-SVD has
an accuracy of more than 0.5 for almost half the length of each sequence, that
makes the quality of the matches good enough for any state of the art robust
estimator [16]. On the other hand, the number of correct matches detected by
the S-DIST for the cases when the accuracy of the S-SVD is below 0.5, is very
often too small (2-6) for being useful for any task.

The quality of the matches goes down for all the three methods as the baseline
starts to be too large, meaning that none of the methods can be feasible for wide-
baseline matching, and some more work needs to be done in attempting to make
the S-SVD algorithm more robust to the baseline variation.

In Figure 2 and 3 we show results of the matching between the first frame of
the sequence and the sixth and the eightieth frame respectively.

6 Conclusions

In this paper we described an improved version of the SVD matching presented
in [7] that is capable to deal with stereo pairs with reasonably large baseline.
The improvement is obtained by using a more robust feature descriptor (SIFT)
than the one used in the former version of the algorithm. Experimental evidence
shows the better performance of the proposed version with respect the original
one, and with respect a standard SIFT based point matcher.

More work is still necessary in trying to make the algorithm feasible for wide
baseline matching when the images can look too much different. In our view
what should be tried is: the use of a different interest point detector as the
improved Harris point detector discussed in [11], and the use of SIFT distance
measures different form the cross-correlation used in the current version of the
S-SVD.
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