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Abstract

The objective of this work is to enlarge the class of
camera motions for which epipolar geometry and im-
age correspondences can be computed automatically.
This facilitates matching between quite disparate views
— wide baseline stereo.

Two extensions are made to the current small
baseline algorithms: first, and most importantly, a
viewpoint invariant measure is developed for assess-
ing the affinity of corner neighbourhoods over image
pairs; second, algorithms are given for generating pu-
tative corner matches between image pairs using local
homographies. Two novel infrastructure developments
are also described: the automatic generation of local
homographies, and the combination of possibly con-
flicting sets of matches prior to RANSAC estimation.

The wide baseline matching algorithm is demon-
strated on a number of image pairs with varying re-
lative motion, and for different scene types. All pro-
cessing 18 automatic.

1 Introduction

It is now possible to automatically compute the epi-
polar geometry and point correspondences between
two images of a sequence from image information
alone [16,21]. This simultaneous computation of cam-
era geometry and feature matches has been extremely
successful in both stereo and motion applications. For
example, it has allowed the matching of primitives
through sequences of 30+ images without requiring
any knowledge of the 3D scene structure or camera
internal calibration or camera motion [1, 20].

The computation is achieved by the combination of
two technologies: first, reliable “generic” visual prim-
itives — interest points/ “corners” [7] — with a match-
ing affinity score based on cross-correlation of neigh-
bourhood intensities; second, robust statistical estim-
ation algorithms that can tolerate mismatches in pu-
tative matched sets, such as RANSAC [4], and Least
Median of Squares [21]. Once epipolar geometry is
available the stereo matching literature of the ’70’s

and ’80’s provides many methods and constraints for
determining correspondences of other image features
such as lines and curves.

However, the current generation of algorithms
which compute matches and epipolar geometry fail un-
less the relative camera motion and change in internal
parameters between the views is restricted. There are
several connected reasons for this failure [11], but the
dominant one is that cross-correlation on corner in-
tensity neighbourhoods fails to provide a veridical af-
finity score for matching corners.

The methods presented in this paper extend the
“envelope” of matching techniques to overcome these
restrictions. A wide baseline stereo algorithm is
developed which can cope with significant rota-
tions, translations and changes in internal paramet-
ers between views. Figure 1 illustrates the class of
motions for which the wide baseline algorithm is ap-
plicable.

There have been a number of recent photogram-
metry applications where such wide baseline match-
ing is required. These are generally aimed at recon-
structions from multiple views, where the baseline is
large to improve the accuracy of reconstruction or a
small number of views cover all aspects of the ob-
ject [5,15,20]. Currently some of the correspondences
for these applications are established by hand.

Although extensions to small baseline algorithms
have been proposed [12,20,21] they are not sufficient
to cope with the perspective foreshortening effects
which can occur in wide baseline images.

The key enabling idea in this paper is the use
of local planar homographies (plane projective trans-
formations). These are used in two quite distinct roles.
First, to define a viewpoint invariant affinity measure
(section 2); and second, to restrict search when gener-
ating putative corner matches (section 4.1).

Homographies have been used for these roles before,
but only when the epipolar geometry is known [8].
In particular homographies are used in rectification,
where the images are mapped to those of a parallel
camera geometry. However, in these previous cases the



Figure 1: A sequence consisting of small translations between views, with rotations to fixate on the house. There
is a small baseline between any two consecutive images of the sequence, however between the first and last image
there is a wide baseline. The affinity measure of the corners highlighted in white are given in figure 2.

homography is defined only by the camera motion and
internal parameters (i.e. the epipolar geometry) and is
global for each image. In contrast in the wide baseline
algorithm there are many local homographies for an
image pair, and these are defined by 3D scene struc-
ture as well as epipolar geometry. The single global
homography for each image is then a special case.

The wide baseline algorithm has a number of stages.
First, homographies between the images are generated
(section 3). These homographies are used to gener-
ate sets of putative matches (section 4). A funda-
mental matrix (representing the epipolar geometry)
and a consistent set of matches are then obtained via
RANSAC (section 5). Results on several image pairs
are given at the end of the paper. All the stages are
processed automatically.

2 A viewpoint invariant affinity
measure

In small baseline algorithms the affinity between
corners is determined by cross-correlating the corner
intensity neighbourhoods. This affinity measure is
used to assess corner matches over the two views.

Photometrically, cross-correlation is invariant to a
linear (affine) transformation of image intensities — a
constant addition and common scaling. Geometrically
cross-correlation is not even invariant to a simple ro-
tation of the intensity neighbourhood. Two examples
will illustrate the need for a greater geometric invari-
ance in the affinity measure:

Ex. A Suppose that the motion consists of a
small lateral translation followed by a large rotation
about the principal axis (cyclo-rotation). Since cross-
correlation is not invariant to rotations, it does not
provide a useful affinity measure in this simple motion
case. This situation can be remedied by a global rota-
tion of the image about the principal axis before cross-
correlating, or by using rotationally invariant cross-

correlation [12].

Ex. B Suppose that the (non-cyclo) rotation of the
camera about the optical centre is significant, or the
translation of the camera is significant. Consider the
image of a planar surface. A square corner neighbour-
hood in one image back-projects to a planar facet in
the world, and the image of this facet in the second
image is a quadrilateral, its shape depending entirely
on the relative positioning of the cameras and plane.
There may be severe projective distortion of this quad-
rilateral due to differing perspective foreshortenings of
the plane in each image. This case cannot be remedied
by a global rotation of the image about the prin-
cipal axis before cross-correlating. However, it can be
remedied by a planar homography of the image, but
since this homography depends on the relative posi-
tioning of the cameras and plane, it must be different
for different planes.

It is evident then that in both examples warping
by a homography is sufficient to make cross-correlation
geometrically invariant. Consequently, a viewpoint in-
variant affinity measure can be defined by the intensity
cross-correlation of pixels at image points x in a square
neighbourhood of the first image with pixels at image
points x’ in the second image, where x is mapped to
x' by the homography.

Although the motivation has been in terms of
planes, as will be demonstrated in the sequel, the af-
finity measure performs well for smooth surfaces since
locally the homography defined by the tangent plane
is sufficient. Also, the class of homography needed to
produce an invariant measure depends upon the cam-
eras’ internal parameters, motion, and the relative po-
sition of the surface. It is not always necessary to use
the most general projective homography (8 degrees of
freedom (dof), defined by four point correspondences).
Affine (6 dof, 3 point correspondences) and similarity
(4 dof, 2 point correspondences) often suffice.

The constancy of the viewpoint invariant affinity
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Figure 2: Comparison of standard cross-correlation
(dashed line) with the viewpoint invariant measure
(solid line) for corresponding corner neighbourhoods.
The three corners are those of figure 1.

measure is demonstrated in figure 2, where it is com-
pared to standard cross-correlation (i.e. an identity
homography) as the baseline is extended. Both affin-
ity measures use a 7 x 7 pixel neighbourhood defined in
the zeroth image. For the standard cross-correlation a
7 % 7 neighbourhood of the same orientation is used in
the other image. For the viewpoint invariant meas-
ure the corresponding point is computed via a ho-
mography, and the intensity at sub-pixel resolution
determined by bi-linear interpolation. The (affine)
homography is computed in this example from three
corner correspondences on the same plane.

The viewpoint invariant affinity measure is far more
stable than standard cross-correlation — deteriorat-
ing to only 0.7, compared to 0.2 for standard cross-
correlation.

3 Automatic generation of ho-
mographies

This section describes methods for obtaining homo-
graphies between the images. Two contrasting ap-
proaches are given. The first based on feature group
correspondences, the second on pyramid techniques.
These homographies are used in section 4 to generate
sets of putative corner matches.

3.1 Generating homographies from

feature groups

To obtain corresponding feature groups we have at our
disposal the large repository of ideas developed in the
stereo matching and object recognition literature. The
feature focus [2] approach is particularly suitable —

using whatever distinctive features a particular image
sequence provides us with.

Here we illustrate the idea by using correspond-
ences of closed regions bound by four line segments.
This follows the approach of Venkateswar and Chel-
lappa [19], but does not involve maintaining relation-
ships between the closed regions. Four line corres-
pondences are sufficient to compute a projective ho-
mography. Three would be sufficient for an affine ho-
mography.

Line four cycles are grouped by searching for paral-
lelograms amongst line segments obtained by edge de-
tection, linking, and line fitting. The topology of the
edges is preserved during line fitting and this simpli-
fies the search. The grouping constraint only requires
approximate parallelism and length equality for op-
posite sides. Often only 3-cycles are obtained and the
remaining line is inferred to close the region. Figure 3
shows an example.

Once parallelograms have been grouped they are
matched pairwise between the images. This has a
quadratic complexity, but generally the number of four
cycles is small, so the cost is not too high. Putat-
ive parallelogram matches are verified by computing a
projective homography (from the four line correspond-
ences) and cross-correlating the projectively warped
region enclosed by the four-cycle.

3.2 Generating homographies from

image pyramids

Here Gaussian pyramid techniques [3,6] are used. A
similarity transformation is estimated by optimising
intensity cross-correlation of the entire image over the
four parameters at the highest level of the pyramid.
Moving down the pyramid, local affine transforma-
tions are computed at each level in a similar manner to
the estimation of the similarity. The inherited trans-
formation from the level above provides the starting
point for the new transformation estimation.

4 Generating corner matches

In this section it is shown how a homography can
be used to generate a large set of putative corner
matches. Section 4.1 introduces the basic compon-
ent common to all the generation strategies — that
a transformation simplifies the correspondence prob-
lem by predicing the position for the match. Then
several strategies are outlined which attempt to grow
an initial set of matches, generated from a local ho-
mography. This is an important stage in the overall
wide baseline algorithm as its success will maximise
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Figure 3: Automatic extraction of parallelogram line
cycles. The 3 and 4 cycles are shown before parallelo-
gram completion. There are 15 groupings in image 0,
and 26 in image 6.

the number of putative correspondences that can be
generated given an initial local homography.

These sets are used as the correspondences in a
robust estimation of the fundamental matrix, as de-
scribed in section 5.

4.1 Matching via a homography

In addition to providing an invariant affinity measure
for individual corners, a homography can also greatly
simplify matching for sets of corners by reducing the
search complexity.

Suppose the homography exactly represented the
mapping between image points, then corner points
mapped from one image to the other would coincide
exactly with their correspondences. Generally, the ho-
mography is only an approximation of the mapping,
(e.g. where the surface is not planar) so that mapped
corners do not coincide exactly. If the homography
is computed from four corresponding points, for ex-
ample, this disparity generally increases with distance
from the basis used. The acceptance of a putative
corner match then depends on both the viewpoint in-
variant affinity measure, and a search window dispar-
ity which varies according to distance from the basis.

4.2 Growing matches

The aim here is to obtain large sets of (putatively)
matched corners starting from a supplied local homo-
graphy — despite the fact that generally the homo-
graphy does not apply to the entire image.

The first step is to obtain an initial set of corner
correspondences consistent with the homography us-
ing the disparity matching of section 4.1. The aim
is then to “grow” these correspondences, whilst also
providing a homography for both the viewpoint invari-
ant affinity measure and matching. Since generating
an initial local homography is in general a more costly

process than utilising the homography, it is in our best
interests to obtain as many matches as possible from
a given homography.

Several growing strategies have been developed
each varying in its goal and assumptions. Each
strategy has a basic transformation type — an affine or
projective transformation, with the methods differing
according to whether only matches consistent with a
single transformation are sought or whether many sets
of matches each consistent with a local transformation
are found.

The first method — single transformation — can
be thought of as attempting to find all matches that
are consistent with a single planar homography. If the
initial local homography arises from a dominant plane
in the scene, then this method will find the matches
on that plane.

The second method — varying transformation —
attempts to find new homographies (affine or project-
ive) from the initial homography, and use these new
homographies to compute new sets of matches, which
will be used in the same manner. This method allows
a set of matches to be built up over a curved surface,
and also allows matching to “jump” over plane bound-
aries.

Two of these algorithms will now be described and
illustrated.

4.3 Plane following using a single pro-
jective homography

Initial matches are first obtained as described above
using the supplied local homography. A RANSAC al-
gorithm is used to select a subset of these matches
within a fixed region which are consistent with a
projective homography. The size of the region is
then increased and the procedure repeated, using the
RANSAC determined projective homography instead
of the supplied homography. The size increase of the
region is not homogeneous, but is governed by the pro-
portion of new matches found. These two steps are
then iterated, and the algorithm terminates when the
number of new matches is below threshold.

An example is shown in figure 4. Coplanar points
are clearly obtained. The success of the algorithm is
indicated in table 1. Each supplied homography gen-
erates a set of over 100 correspondences, of which over
60% are consistent with the final estimated epipolar
geometry.
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Figure 4: Matches generated from a supplied affine
homography (indicated by the white basis triangle) us-
ing a plane following algorithm. This is basis 8 from
table 1.

basis | #initial | #inliers | #grown | #inliers
matches to F matches to F
1 27 14 134 78
2 69 39 162 84
3 54 41 133 69

Table 1: Number of matches generated by the plane
following algorithm for three affine homographies.

4.4 Surface following affine

transformations

using

Initial matches are first obtained as described above
using the supplied local homography. The selection
window is then subdivided into four, and for each sub-
division matches consistent with an affine homography
are determined using RANSAC. Where sufficient sup-
port for an affine homography exists, three consistent
matches are chosen as a basis and a new region centred
upon the centroid of the basis is matched. The effect
is that new matches are “grown” on the periphery of
each selection window. Novel matches are stored. The
algorithm terminates when no new affine bases can be
found.

An example is shown in figure 5. Even though the
initial (affine) homography is for the front of the house,
correspondences are obtained on many other planes.
Table 2 indicates the success of the algorithm in “in-
flating” the number of matches: the set of matches
consistent with the estimated epipolar geometry is in-
creased to over 100 for each set of initial matches.

5 Computation of the Funda-
mental Matrix
The previous section showed that a plentiful supply

of correspondences can be generated from a few local
homographies. It then remains to compute a funda-

image 0 = imge 6
Figure 5: Matches generated from a supplied affine ho-
mography (indicated by the white basis triangle) using
a surface following algorithm. This is basis 4 from
table 2.

basis | #tinitial | #inliers | #grown | #inliers
matches to F matches to F
1 27 14 386 134
2 69 39 343 125
3 54 41 309 123
4 60 33 416 173

Table 2: Number of matches generated by the surface
following algorithm for four affine homographies.

mental matrix from these correspondences. As there
may be a significant proportion of mismatches remain-
ing in the match sets, the robust estimation algorithm
RANSAC is used to obtain a fundamental matrix to-
gether with a set of consistent matches.

The issue now is how to combine the sets of matches
provided by the various initial homographies and
growing algorithms. One possibility is simply to take
the union of all the matches. This has the possible dis-
advantage that a particular corner might be allocated
more that one correspondences because it is in several
of the sets. However, RANSAC might well be able
to cope with this since a multiple correspondence is
simply a different type of mismatch. Another possibil-
ity, which is the one adopted here, is to enforce single
correspondence. Where there is conflict the match
with higher viewpoint invariant affinity measure is se-
lected. Once this set of potential matches has been
generated, the fundamental matrix is computed using
RANSAC based on seven correspondences.

In a typical example, figure 6, there are 3 initial
homographies generating 343, 309 and 416 matches
each. These three sets combine to form a new set of
446 putative matches of which 132 are consistent with
the RANSAC estimate of the epipolar geometry.



6 Algorithm summary and ex-
amples

1. Automatically generate a set of local homograph-
ies. For example, by matching feature groups or
using a pyramid search (Section 3).

2. Use each homography to generate a set of corner
matches (Section 4).

3. Sets of matches generated from each local homo-
graphy are combined, and a fundamental matrix
and consistent matches estimated using RANSAC
(Section 5). A MLE of the fundamental matrix
is then obtained from the inliers via a non-linear
minimization.

Figures 6 to 14 show examples of the wide baseline
computation. The figures show the automatically
matched points, example epipolar lines, and recon-
structed 3D scene points.

7 Conclusions and future work

We have demonstrated the automatic estimation of
epipolar geometry and consistent matches for view
pairs separated by a wide baseline. The epipolar geo-
metry produced by the wide baseline algorithm is then
the starting point for generating additional feature
matches using guided matching.

Other strategies for obtaining homographies are
currently being investigated including joint photomet-
ric/geometric invariants [18], and local graph match-
ing [10]. Also, we are investigating the automatic se-
lection of which strategy to apply.

Wide baseline algorithms are also being developed
for other multiple view relations which currently are
only estimated automatically for small baselines. Of
particular importance is the automatic computation
of the trifocal geometry (represented by the trifocal
tensor [9,13,14]) for three views [17].
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Figure 6: Images 0 and 6 of the house. There are 132
inlying matches of a total of 446 (inliers and outliers).

Figure 7: Corresponding epipolar lines and points us-
ing the computed fundamental matriz.

Figure 8: Images of a bottle with 366 inlying matches
of a total of 541 (inliers and outliers). Note, the
matched corners clearly indicate the common regions
of the two images.

Figure 9: Ezample epipolar lines and correspondences
using the computed fundamental matriz.

Figure 10: Images of a chapel with 195 inlying matches
of a total of 315 (inliers and outliers). Images courtesy
of Fraunhofer IGD.

Figure 11: Ezample epipolar lines and correspondences
using the computed fundamental matriz.

Bottle Chapel

Figure 12: Plan views of 3D projective reconstruction
of the bottle and chapel using inlying matches and the
computed epipolar geometry.

Figure 13: Images of the Valbonne church with 50 inly-
ing matches of a total of 94 (inliers and outliers). Im-
ages courtesy of INRIA, Sophia Antipolis.

Figure 14: Exzample epipolar lines and correspondences
using the computed fundamental matriz.



