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Abstract

This paper presents a novel approach to finding point
correspondences between images of building facades with
wide viewpoint variations, and at the same time returning
a large list of true matches between the images. Such im-
ages comprise repetitive and symmetric patterns, which ren-
der popular algorithms e.g., SIFT to be ineffective. Feature
descriptors such as SIFT that are based on region patches
are also unstable under large viewing angle variations. In
this paper, we integrate both the appearance and geomet-
ric properties of an image to find unique matches. First
we extract hypotheses of building facades based on a ro-
bust line fitting algorithm. Each hypothesis is defined by a
planar convex quadrilateral in the image, which we call a
“g-region”, and the four corners of each g-region provide
the inputs from which a projective transformation model is
derived. Next, a set of interest points are extracted from
the images and are used to evaluate the correctness of the
transformation model. The transformation model with the
largest set of matched interest points is selected as the cor-
rect model, and this model also returns the best pair of cor-
responding q-regions and the most number of point corre-
spondences in the two images. Extensive experimental re-
sults demonstrate the robustness of our approach in which
we achieve a tenfold increase in true matches when com-
pared to state of the art techniques such as SIFT and MSER.

1. Introduction

One of the most challenging tasks in computer vision
is the locating of true matches between images of build-
ing facades taken from arbitrary viewpoints. The presence
of repetitive and symmetric patterns in these man-made ob-
jects introduces a significant number of false matches; while
a substantial dissimilarity in viewpoints hampers the num-
ber of matches to a modest number. In the past, several
appearance-based object recognition techniques have been
proposed, where most of them include a feature detector
searching for salient features (e.g., points or regions) char-

acterized by e.g., corners, edges, or entropy; followed by a
feature descriptor to describe the features. To try obtaining
invariance under arbitrary viewing conditions, they either
extract invariant features or they compute invariant descrip-
tors based on non-invariant features. Nevertheless none of
the existing approaches (e.g., by Baumberg [1]; Kadir et
al. [5]; Lee et al. [7]; Lowe [10]; Matas et al. [11]; Ob-
drzalek and Matas [18]; Tell and Carlson [22]; Xiao and
Shah [24]; etc.) can handle large viewpoint changes very
well, e.g. for view angles that separate images higher than
40° [15]. The features corresponding over two wide base-
line frames cannot be effectively determined via traditional
matching techniques due to the large geometric transforma-
tion changes [24]. The problem of obtaining a large list of
true correspondences between images of building facades
with large viewpoint difference is yet to be solved.

We present a novel approach to obtain a substantial num-
ber of true matches between images of building facades
even under large viewing variations. The fundamental idea
behind our approach is that if two regions are true corre-
sponding regions in the two images, they will fit a projec-
tive transformation model. As a result, all points within
the pair of regions will also fit this transformation model.
Therefore, our approach is to first find possible pairs of re-
gions in two images that are corresponded closely to some
planar convex quadrilaterals which are often used in man-
made objects, e.g. construction of buildings. For each pair
of regions obtained, we compute a projective transforma-
tion model that describes the transformation. Subsequently,
interest points within the regions are extracted to evaluate
the correctness of each transformation model. The transfor-
mation model with the largest set of correctly corresponded
interest points thereby has the best pair of corresponding re-
gions in the two images. In contrast with appearance-based
matching approaches, our approach works well even under
large geometric transformation changes.

The remainder of the paper is organized as follows. Sec-
tion 2 discusses related work. In section 3, our methodology
is presented. Experiments with comparisons follow in sec-
tion 4 and section 5 concludes the paper.
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2. Related work

Detecting and matching features across two images typ-
ically involves a feature detector and a feature descriptor.
A wide variety of them have already been proposed in the
literature. The most widely used feature detector probably
is the Harris corner detector [4]. It is not selecting just cor-
ners, but rather any image location that has large gradients
in all directions at a predetermined scale. However, this de-
tector is not invariant to scale and affine transformations.
The Harris-Laplace and Hessian-Laplace detectors [12] are
then proposed to deal with affine transformations. They
use a (scale-adapted) Harris measure or the determinant of
the Hessian matrix to select the location, and the Laplacian
to select the scale. Focusing on speed, Lowe [9] approxi-
mates the Laplacian of Gaussian (LoG) by a Difference of
Gaussians (DoGQG) filter, but the drawback of LoG and DoG
detectors is that local maxima can also be detected in the
neighborhood of contours or straight edges, where the sig-
nal change is only in one direction. These maxima are less
stable because their localization is more sensitive to noise
or small changes in neighboring texture. Schaffalitzky and
Zisserman [20] extend the Harris-Laplace detector [12] by
affine normalization proposed by Baumberg [1]. However,
the location and scale of features are provided by the scale
invariant Harris-Laplace detector [12] which is not invariant
to large affine transformations.

The method by Tuytelaars and Van-Gool [23] is purely
intensity-based and starts with extraction of local intensity
extrema. Next, the algorithm investigates the intensity pro-
files along rays going out of the local extremum. An ellipse
is fitted to the region determined by significant changes in
the intensity profiles. A similar approach based on local in-
tensity extrema was introduced by Matas et al. [11], named
Maximally stable extremal regions (MSER) detector. They
use the water-shed algorithm to find intensity regions and fit
an ellipse to the estimated boundaries. The MSER detector,
in particular, has been evaluated in [15] to have often better
performance than other affine invariant detectors, followed
by Harris-Affine and Hessian-Affine detectors [13].

For feature descriptors, Mikolajczyk and Schmid [14]
have evaluated a variety of them and identified the Scale-
invariant feature transform (SIFT) descriptor [9] as the most
resistant to common image deformations. In Lowe’s origi-
nal scheme, he uses the DoG detector [9] to detect features
which are invariant to scale changes. In a recent evalua-
tion [16], the SIFT descriptor is found to be the best de-
scriptor for the MSER detector. In our experimental section
in section 4, we will compare our matching results with the
following approaches: Harris-Affine detector with SIFT de-
scriptor; MSER detector with SIFT descriptor; and the DoG
detector with SIFT descriptor.

Other than using feature detectors and descriptors, van-
ishing points have been used to determine camera orienta-

tion in urban environments. However, the assumption that
the majority of detected line segments comes from princi-
pal vanishing directions associated with the world coordi-
nate frame has to be valid. Furthermore, the detecting of
the vanishing points is rather tedious. In Robertson and
Cipolla [19]’s approach, the images are transformed into a
canonical frame after the dominant vanishing points are re-
covered. Image features are then detected, followed by pose
recovery between views. However, they are unable to dis-
tinguish between some viewpoints without additional infor-
mation, e.g. extra query views, due to the similarity of build-
ings or parts of buildings. KoSecka and Zhang [6] proposed
a similar approach in which each rectangular structure is
defined by four line segments coming from two different
orthogonal line’s groups. A three stage matching strategy
is used to match these rectangular structures, e.g. using the
ratios of rectangular sizes and normalized cross correlation
of canonical views. Given that these ratios and appearances
change significantly under large viewpoint changes, their
matching approach may hence be unreliable. Additionally,
no quantitative data are available to qualify their results.

3. Our methodology

We find quadrilaterals all around us, in everything from
fabrics to buildings. We assume that the man-made objects
investigated (e.g., buildings, windows, doors, etc.) com-
prise some planar quadrilaterals. Each quadrilateral does
not have to have four right angles nor does it have to have
four equal sides, as the shape of, e.g. a square, will look
different under different viewing angles. In addition, for
each quadrilateral there must be an edge between two adja-
cent corners, and each corner is formed by the intersection
between two edges. In images, the edges of man-made ob-
jects (e.g. building facade) can be effectively characterized
by line segments [17].

Since the line segments of a quadrilateral will form four
sides and corners, our assumption is that at least one of these
corners can be detected in order for our algorithm to be able
to locate this quadrilateral. We call this corner a “geometric
corner”. Fig. 1 illustrates the finding of geometric corners in
images of building facades under different cases (e.g. view-
point changes). The reason why we choose geometric cor-
ners over any appearance-based corners (e.g. those detected
by Harris corner detector [4]) is that geometric corners are
always real corners in man-made objects where it comes
from an intersection of two line segments (edges).

Four line segments can be connected to form a planar
quadrilateral which we called a “q-region”. This g-region is
aregion within the image and formed from line segments in-
stead of corners. It corresponds closely to a planar structure
in the real world so that we can derive a projective transfor-
mation (homography) model from each respective pair in
two images. We generate all possible g-regions from the de-
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Figure 1. Geometric corners found in images of building facades
under different cases. (a) A block represents a building on a 2D
image plane. (b) Geometric corners (represented in red) found in
block. (¢) Block is partially shifted out of the image but geometric
corners can still be found. (d) Block changed in viewpoint but
geometric corners can still be found.

tected line segments to provide robustness against partially
occluded or shifted out of images building facades. In order
to reduce the chance of obtaining false matches in scenes
comprising repetitive and symmetric patterns (e.g. building
facades), we try to eradicate unnecessary scene in one im-
age which does not exist in the other image by constricting
the pair of images to the g-regions enclosing the same scene.
This differs from many existing approaches which blindly
match the entire images and inevitably obtain a significant
number of false matches.

To this end, we extract Harris points [4] within the
g-regions. The projective transformation (homography)
model with the largest set of corresponded Harris points
within two g-regions thereby has the best pair of corre-
sponding g-regions and the most number of point corre-
spondences in the two images.

There are three key stages in our approach. First, line
segments are extracted from an edge image. Second, we hy-
pothesize possible g-regions in the image. And lastly, we lo-
cate the best projective transformation model derived from
a pair of g-regions in two images that returns the largest set
of corresponded interest points.

3.1. Line fitting algorithm

We extract line segments from an edge image by a strip
fitting algorithm [8]. Let L = {¢;,--- , ¢, } denote a set of

line segments found from [8]. Due to the well-known frag-
mentation of edge maps of real images, missing edge pixels
will result in the breaking of a line segment. To circumvent
this problem, a post-processing step is applied to identify
and join broken line segments. Two line segments ¢; and /;
are joined if the following condition is satisfied,

C’ondjom ((1763) :
0 > 79 and min (|| Py, Pejll2) < 7a,Vk € {1,2}, (1)

where 6 is the smaller internal angle between line segments
¢; and ¢;, and 7y denote the allowed internal angle threshold
between the line segments. Py ; denote the k*" end point of
line segment ¢;, and 74 denote the allowed distance thresh-
old between the shortest end-to-end points of the line seg-
ments. We denote /; ; as the line segment formed by joining
¢; with £, and L to be the set of new line segments that are
created. The complete set of line segments that will be used
in the next stage is {L U f)}, where all line segments before
and after the post-processing step are retained. Thus there is
no risk of joining two line segments that are not supposed to
be joined (not broken) and end up losing them permanently.

3.2. Q-region hypothesis extraction

The outputs from the line fitting approach in the previous
stage are used to locate possible g-regions in the images.
The approach is presented below.

3.2.1 [Initial geometric corner detection

As discussed, our assumption is that at least one geomet-
ric corner, described as an intersection point between two
line segments, can be found within each image of build-
ing facades. Given two line segments ¢; and ¢; (repre-
sented in red in Fig. 2(a)) as first and second line seg-
ments with their end-to-end points as P; P, and P3P, re-
spectively, P1 = (z1,11), P2 = (22,92), Ps = (23,93),
and Py = (24, y4), the intersection point (x; ;,y; ;) between
£; and ¢; in parametric form is defined as

xi; = o1 + (T2 — x1),
Yij = y1 +ti(y2 — 1), 2

where (2; ;,y;,;) is within the image. Solving for ¢; yields

(e —23)( —ys3) — (ya —ys)(z1 — 23)
B ) e — 1) — (s — ) ) )

If the denominator is not 0, and if 0 < #; < 1, then the line
segments intersect. An initial region R; ; (shaded green in
Fig. 2(b)) detected at this stage is formed by the intersec-
tion point (z; ;,y; ;) together with the the first and second
line segments ¢; and ¢; extended to the end of the image as
shown in Fig. 2(b).
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Figure 2. lllustration of g-region formation. (a) Two line segments
l; and {¢; (represented in red) detected. (b) Initial region R; ;
(shaded green) formed by an intersection point (z;,;,y:,; ), and two
line segments ¢; and £;. (c) Refined region R; ; 5 formed by two
intersection points (z;,;,yi,;) and (x;,k,yi,k), and three line seg-
ments £;, £;, and £. (d) Q-region R; ; r,; (shaded green) formed
by four intersection points (x;,;,yi,; ), (Ti,ksYi,k), (T5,1,Y5,1), and
(k,15Yk,1), and four line segments £;, £;, £y, and £;.

3.2.2 Q-regions formation

We have to find from one geometric corner all the other
supporting line segments to form g-regions. Let /5 with
end-to-end points P5 P be the line we are going to check if
it can be a possible third line segment to form a g-region.
We hypothesize a possible third line segment for a q-region
if at least one point Ps or P is within I?; j, and y1 < 9 <
y2 where (z; k, y; 1) is the point where ¢; and ¢}, intersect.
Fig. 2(c) shows a third line segment is found and we have
our refined region as R; ; . (shaded green). The intersection
point can be achieved by applying the same equations as
Eq. (2-3). The only difference is that the intersection point
(@4,k, Yi,i) here does not have to be within the image. This
is for dealing with building facades that are partially shifted
out of the image.

Finally, we are to find the fourth line segment in a similar
fashion as the third line segment ¢; found previously. Let
¢, with end-to-end points P; Ps be the line we are going to
check if it can be a possible fourth line segment to form a
g-region. However instead of finding only one point where
£; and £}, intersect, now we find two intersection points, one
between /; and ¢; and the other between ¢; and /;. We
hypothesize a possible fourth line segment for a g-region if
at least one point P7 or Py is within R; ; 1. In addition, x3 <

xj; < x4 where (z;;,y;,;) is the point where ¢; and ¢,
intersect, and x5 < xy,; < x¢ where (21, yx,1) is the point
where ¢}, and /; intersect. Fig. 2(d) shows the formation of a
g-region R; ; 1.; (shaded green) which the entire face of the
block is found. This process is repeated to find all possible
third and fourth line segments for generating all possible
g-regions using this geometric corner.

The example discussed assumes a geometric corner is
initially found on the top-left corner of a building facade.
However, the initial geometric corner can also be found on
the bottom-left, top-right, or bottom-right corner of a build-
ing facade if the building facade is not partially occluded
or partially shifted out of the image. The steps will re-
main very similar and the resulting g-region will still be the
same. For example, if the initial geometric corner is found
on the bottom-left corner of a building facade, the initial
region R; ;. (shaded green) and the final resulting g-region
R; j 1, formed will be as shown in Fig. 3(a) and 3(b) re-
spectively. Duplicated g-regions will be removed even if
they were generated from different initial geometric corner.

(5,0, 4,0)

l
. ik !
Py
| ék FPe (Zr, Yk,)

P

(a) (b)
Figure 3. Finding q-region with a different initial geometric corner
(bottom-left corner). (a) Initial region R; i (shaded green) formed
by an intersection point (z;,k.ys,k ), and two line segments ¢; and
lj, (represented in red). (b) Resulting g-region R; j k-

3.2.3 Additional g-regions generation

In order to better deal with the issue that part of the build-
ing facade may be occluded or shifted out of the image, we
generate all possible combinations of g-regions using all the
vertical and horizontal line segments detected, not necessar-
ily to use the original four line segments. Fig. 4 illustrates
an example where the building facade is partially shifted out
of the image and there are four vertical line segments in-
cluding the first line segment /; detected, a total of *C, = 6
g-regions is generated.

3.3. Best model selection

Since each g-region will have four corner points

(xTJ ’yi,j)’ (xi,k’?yi,k')’ (Ij,layj,l)$ (mk,l’yk,l)’ we take the re-
spective four corner points to instantiate a projective trans-
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Figure 4. All possible combinations of g-regions (shaded green)
formed from 4 vertical line segments ¢;,, {;,, {;,, and ¢;, giving
4Cy = 6 g-regions. (a) Q-region R; ; , generated from line seg-
ments ¢;, {5, ¢ and £y, . (b) Q-region R; j 1,1, generated from line
segments {;, £;, £ and £;,. (c) Q-region R; j 1, generated from
line segments ¢;, £;, i and ¢;,. (d) Q-region Ry, jx,:, gener-
ated from line segments ¢y, ;, x, and £;, . (e) Q-region Ry, j ki,
generated from line segments ¢;,, ¢;, ) and £;,. (f) Q-region
Ry, j,k,1, generated from line segments £;,, €5, £, and ¢y, .

formation (homography) model between them. If the two
g-regions are true corresponding regions, they should return
many corresponded locations of detected Harris points [4].
The homography equation is given by

’

i hoo ho1 hoz2 T
v, | = | hio hir hao Yi |- 4)
1 hao hai haa 1

Let Py, and P,; denote a Harris corner point in the first and
second image respectively. We represent the homography
model as ,,, and denote the projection of point Py by H,,
to be H,,(Ps). The correctness of the homography model
and hence the confidence between a pair of point correspon-

dences of the two g-regions is then computed as

Conf(Hum) = 3 [1Hm(Pe), Plllz < distossecr],  (5)
k

where

P, = axgmin || Hn (Pe), P, ]2, ©

dist,y rser 18 the distance offset, and [.] is a binary indicator
function. The Harris detector [4] detects a very high number
of interest points and the repeatability is high. This is appro-
priate for our approach for locating corresponded points in
two images using projective transformation (homography).

4. Experiments

Although our approach is inherently invariant to image
scale, translation, and rotation, experiments on these are
not reported due to limitation of space in this paper. Our
main purpose in this paper is to illustrate the ability to
deal with large viewpoint changes in images of building fa-
cades. In the following, we validate our approach by match-
ing images of building facades under different viewpoint
change conditions. We select a total of 125 pairs of images
from the ZuBud database [21] which comprises of views
of building scenes. The 125 pairs of images are deliber-
ately selected in which they can be equally divided into 5
sets of 25 pairs each. Each set is categorized by difference
in viewpoint angle between 1° to 20°, 21° to 30°, 31° to
40°, 41° to 50°, and above 50°. Furthermore, we com-
pare our matching results with the matching results obtained
from three of the currently most popular approaches, which
are the (1) Harris-Affine detector with SIFT descriptor, (2)
MSER detector with SIFT descriptor, and (3) DoG detector
with SIFT descriptor. We visually inspect the correctness
of each match as homographies cannot be used to inspect
the correctness of the matches in our experiments because
our approach is based on homography. We have performed
separate experiments with and without RANSAC homogra-
phy [3] and find that RANSAC homography can improve
on the above three approaches by rejecting false matches.
It has been proven to work very well in many applications
(e.g. in [2, 10, 23]) and will only fail when the number of
false matches is too severe, e.g. above 80%. The results
discussed here will include only the ones with RANSAC
homography for the three approaches since the results are
significantly improved.

Figure 5 shows results of the four approaches for match-
ing two images of building facades over 50° view angle
difference. Matching images like these is extremely chal-
lenging due to the large viewpoint difference and the repet-
itive patterns in man-made objects. The three approaches
(other than our approach) have as little as only 1 true match
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(c) DoG + SIFT + RANSAC homography

(d) Our approach

Figure 5. Matching two images of building facades over 50° view angle difference. Note that the top-right corner of building facade in
the right image is shifted out of the image. (a) Harris-Affine detector + SIFT descriptor + RANSAC homography: 9 matches, 3 pairs are
true matches. (b) MSER detector + SIFT descriptor + RANSAC homography: 10 matches, 1 pair is true match. (¢) DoG detector + SIFT
descriptor + RANSAC homography: 11 matches, 10 pairs are true matches. (d) Our approach: 134 matches, 134 pairs are true matches.

to a maximum of 10 true matches by the DoG + SIFT +
RANSAC homography approach (see Fig. 5(a)-5(c)). Our
approach obtains 134 matches and all are true matches as
shown in Fig. 5(d). It has no problem finding the pair of
corresponding g-regions in the two images even though the
top-right corner of the building facade in the right image is
shifted out of the image. It achieves above 10 times more
true matches than the three approaches.

We have done a quantitative comparison on the entire
sets of images, and the average results are presented in
Fig. 6. In Fig. 6(a), we can see that the average match-
ing ratio for all of the approaches are above 0.8 when the
difference in viewpoint angle is < 40°. Verification with
RANSAC homography on the three approaches (not on our
approach) plays an important part here by rejecting many
false matches in order for them to obtain such good results.
However, the average matching ratio for all except our ap-
proach start to decrease tremendously when the difference
in viewpoint angle is > 40°. Our approach remains stable
even after reaching the > 50° limit.

In Fig. 6(b), we can see that the number of true matches
get lesser when the difference in viewpoint angle increases.
There are barely any true matches from the three approaches
when the difference in viewpoint angle goes > 50°. How-
ever for our approach, the number of true matches still re-

main above the 100 true matches line even when the dif-
ference in viewpoint angle reached > 50°. We achieved a
tenfold or more increase in true matches when compared to
the rest of the approaches. This shows the robustness of our
approach in viewpoint changes for building facades.

5. Conclusion

The main contribution of this paper is a novel concept
for finding a substantial number of true correspondences
between images of building facades even under large view-
ing variations. The presented approach integrates both the
appearance and geometric properties of an image to find
true matches by first extracting line segments using a robust
line fitting algorithm. Next, we find quadrilaterals in the
images using these line segments since man-made objects
(e.g. building facades) often comprise some planar convex
quadrilaterals. We named the detected quadrilaterals as “q-
regions”. The fundamental concept behind our approach
is that if two g-regions are true corresponding g-regions in
two images, they will fit a projective transformation (ho-
mography) model. As a result, all points within the pair of
regions will also fit this transformation model. We extract
Harris points from the images to evaluate the correctness of
each transformation model. The model which returns the
largest set of corresponded Harris points is selected as the
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Figure 6. Results of matching vs. difference in viewpoint angle for images of building facades. (a) Average matching ratio (number of true
matches/total number of matches). (b) Average number of true matches.

best transformation model.

We compared our performance with other popular state
of the art techniques. The comparison has shown that the
performance of others declines as the difference in view-
point angle increases, and only ours has remained stable
throughout with a tenfold increase in true matches com-
pared to others.
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