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Abstract. Significance and usefulness of local invariant features and
traditional corner-like features have been widely proven in the litera-
ture. In this paper, we novelly combine the two types of features to select
salient keypoints with the invariant and corner-like properties, which are
highly distinctive and improving match performance. We use moment-
derived complex image patterns (e.g., corner, T-junction, sectional cut,
and chess-cross) to find corner-like features. We further optimize the
matching results by finding corner-like patterns in the invariant matched
point correspondences; and rebuff point correspondences that have dis-
similar pattern responses which are most likely false matches.

Keywords: Keypoint extraction, salient keypoints, distinctive key-
points, corner-like patterns.

1 Introduction

The use of salient features, also known as keypoints or interest points, to find cor-
respondences across multiple images is a key step in many image processing and
computer vision applications. Some of the most notable examples are panorama
stitching [1,4,5], wide baseline matching [2,8,10], image retrieval [12,22], object
recognition [3,7,13], and object class recognition [14,16,17]. These salient fea-
tures are landmarks in an image which are often intuitively palpable to humans.
They include corners of buildings, edges of objects, features (e.g., eyes) on hu-
man faces, etc. The traditional salient features such as edges and corners have
been significantly useful and applied to many problems including tracking. We
use complex image patterns (e.g., predefined shapes, contour junctions, etc.) in
this paper to detect corner-like features.

In recent years, there has been an increased interest within the content-based
image retrieval community in finding new types of salient features (e.g., SIFT
features [13]) which provide properties robust to changes in scale and/or affine
transformations. Such invariant features have proven useful in the context of im-
age registration and object recognition. In this paper, we novelly combine these
invariant features with the traditional ones (corner-like features). This combi-
nation can be used to select salient keypoints which comprise of the invariant
and corner-like properties. These keypoints are highly distinctive points so that
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they can be easily distinguished from other similarly extracted points in the
same or another image, and therefore improving match performance. This will
be discussed in Section 3.1.

In additional, after matching the invariant keypoints, we further improve
the matching results by finding corner-like patterns in the matched invariant
point correspondences; and rebuff point correspondences that have dissimilar
pattern responses which are most likely false matches. This will be discussed in
Section 3.2.

2 Related Work

Many different keypoint detectors have been proposed with a wide range of
definitions for what points in an image are interesting. Some detectors find points
of high local symmetry, some find areas of highly varying texture, while others
locate corner points. Corner points are interesting as they are formed from two
or more edges and edges usually define the boundary between two different
objects or parts of the same object. The earlier work on corner detectors can be
traced back to the work of Moravec [18] used for stereo matching. It was then
further improved by Harris and Stephens [9] to make it more repeatable under
small image variations and near edges. While these detectors are called corner
detectors, they are not selecting just corners, but rather any image location that
has large gradients in all directions at a predetermined scale.

Complex image patterns, which also include corners and other predefined
shapes, are informative as they are infrequent and provide rich description of
images. In medical imaging, there is a tendency of replacing the traditional
two-step object recognition (i.e. segmentation followed by shape identification)
by methods directly extracting predefined objects from grey-level images (e.g.,
active contours [11,21]). Similarly, over the past years there has been considerable
attention directed toward the detection of more complex contour features in raw-
data images (e.g., [6,19]).

Recently, there has been impressive body of work on invariant local features
which have been shown to be rather robust with respect to changes in scale
and/or affine transformations (e.g., [2,13,15]). Lowe’s Scale Invariant Feature
Transform (SIFT) [13] is one of the well-known ones which looks promising
for tracking applications. However the vast numbers of detected keypoints for
matching at times can be rather time-consuming. There are also existence of
false matches on occasion.

3 Combining Invariant and Corner-Like Features

In this paper, we demonstrate the combination of SIFT features (invarient fea-
tures) and complex image patterns (corner-like features) for keypoint extraction
and matching, which will be discussed in the following sub-sections (3.1 and 3.2).
Complex image patterns will be discussed in sub-section 3.3.
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(a) (b)

Fig. 1. Some invariant samples from SIFT. Some comprise of corner-like patterns as
shown in (a), or no corner-like patterns as shown in (b).

3.1 Keypoint Extraction

SIFT uses Difference of Gaussian (DOG) Extrema detector [13] to detect key-
points which are invariant to scale change. However due to the large numbers
of extrema, there could be up to thousands of detected keypoints in an image.
Each of these keypoints after sampled to a 15×15 square window, may comprise
of some corner-like patterns (as shown in Figure 1(a)), or no corner-like patterns
(as shown in Figure 1(b)).

Subsequently, each of the samples is computed against the complex image
patterns (e.g., corner and T-junction, discuss in sub-section 3.3) to ascertain
that the sampled patch comprises at least one of these corner-like patterns. If it
does not, it will be eradicated. Figure 2 illustrates this, which the two samples
are tested for any corner-like patterns. We can see from the response results that
the sample in Figure 2(a) has some responses from the complex image patterns
detection while the sample in Figure 2(b) does not. Sample in Figure 2(a) is
more distinctive in this case, which we know is apparently better for matching.

3.2 Matching

The matching is done through an Euclidean-distance based nearest neighbor
approach. To increase robustness, matches are rejected for those keypoints for

(a) (b)

Fig. 2. Two invariant samples from SIFT. Complex image response for sample (a): Cor-
ner: 0.2218; T-junction: 0.5413, and Complex image response for sample (b): Corner:
0; T-junction: 0. Sample (b) does not comprise any corner-like patterns.
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(a) (b)

Fig. 3. Example of sample group in (a) with small pattern response differences. Ex-
ample of sample group in (b) with huge pattern response differences.

which the ratio of the nearest neighbor distance to the second nearest neighbor
distance is greater than some threshold τr; or the other way round, a pair of
keypoints is considered a match if the distance ratio between the nearest neighbor
distance and a second nearest neighbor distance is below τr:

d2(f, f1st)
d2(f, f2nd)

< τ2
r , (1)

where f ∈ �n is the descriptor to be matched and f1st and f2nd are the nearest
and the second nearest descriptors respectively, with d denoting the Euclidean
distance between two descriptors. The threshold τr = 0.8 suggested in [13] was
found effective for general object recognition.

In additional, while SIFT provides invariant matched pairs, we scrutinize the
difference in the responses of each pair of good distance match with complex
image patterns. This can be done by sampling pixels within a 15 x 15 square
window around the pair of point correspondences. If the difference in their pat-
tern responses is huge (above a threshold of 0.5), it is very likely that this pair of
point correspondences is a false match, and thus it will be eradicated. Figure 3
gives an example of two sample groups with similar and dissimilar patterns. The
differences in the pattern responses of the group in Figure 3(a) (with similar
pattern) are small, while the differences in the pattern responses of the group in
Figure 3(b) (with dissimilar pattern) are huge.

3.3 Complex Image Patterns

Our work was inspired by moment-derived patterns [20] and we use them to
find the pattern approximations of circular patches around keypoints. Corners
and corner-like patterns (e.g., junctions) are predominantly significant as they
generally preserve their geometry over a wide range of radii of circular patches.
Thus, in this paper we demonstrated on four corner-like patterns which are
commonly found in building images, i.e., proper corner, T-junction, sectional
cut, and chess-cross. Two of them (corner and T-junction) will be discussed. The
concept is identical for the rests. The model configuration of a corner over a circle
of radius R is defined by two angles and two intensities (or colors) as illustrated
in Figure 4(a). Similarly, the model configuration of a T-junction consists of two
angles and three intensities (or colors) is illustrated in Figure 4(b).
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(a) Corner (b) T-junction

Fig. 4. Model configurations of a corner (a) and a T-junction (b)

Corner Model. Given any circular image window of radius R, the parameters
of its optimum corner approximation can be found from moment-based expres-
sion specified in [20]. The orientation angle β2 in Figure 4(a) is extracted using

β2 = arctan2(±m01, ±m10) (2)

while the angular width β1 is computed from

β1 = 2 arcsin

√
1 − 16[(m20 − m02)2 + 4m2

11]
9R2(m2

10 + m2
01)

(3)

or

2 arccos
4
3

√
(m20 − m02)2 + 4m2

11

R2(m102 + m2
01)

. (4)

The intensities A1 (corner) and A2 (background) are found using

A1 =
m00

πR2 +
3(2π − β1)(m10 cosβ2 + m01 sin β2)

4πR3 sin 0.5β1
(5)

and
A2 =

m00

πR2 − 3β1(m10 cosβ2 + m01 sin β2)
4πR3 sin 0.5β1

. (6)

T-junction Model. For T-junction in Figure 4(b), β1 angular width and β2
orientation angle can be computed using

π

2
− β2 − β1

2
=

arctan 2(±m02 ∓ m20, ±2m11)
2

(7)

and
m01 cosβ2 − m10 sinβ2 = ± 4

3R

√
(m20 − m02)2 + 4m2

11 (8)

respectively. The intensities are found as solutions of the following system of
linear equations⎧⎪⎨

⎪⎩
2m00
R2 = A1π + A2β1 + A3(π − β1)

3m10
R3 = −2A1c2 + A2(c2 − c2−1) + A3(c2 + c2−1 − 2s2)

3m01
R3 = −2A1s2 + A2(s2 − s2−1) + A3(s2 + s2−1 + 2c2)

(9)
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where cx and sx indicate cos and sin functions of the corresponding arguments.
Simple calculations can prove that results produced by Equations (2-4) and
(7-8) are invariant to linear illumination changes and the angular width β1 is
invariant under any similarity transformation. Extensive experiments have also
attested that the results are stable under both high and low frequency noise,
image texturization and partial over and under saturation of image intensities.

The method is applicable to color images as well. In fact, it may be even
more flexible since moments of color images are 3-dimensional vectors (R, G
and B components) instead of scalars. Thus, the approximation equations for
color patterns would be modified correspondingly. If scalar moments can be
directly replaced by moment vectors, the gray-level solutions remain basically
unchanged. For example, equation 3 is converted into

β1 = 2 arcsin

√
1 − 16 (‖−−→m20 − −−→m02‖2 + 4‖m11‖2)

9R2 (‖m10‖2 + ‖m01‖2)
. (10)

If the direct replacement of scalars by vectors is not straightforwardly possible
(e.g., equation 8), the scalar moments would be replaced by the largest compo-
nents of vector-moments. Subsequently, equation 8 would be replaced by

m01(Z) cosβ2 − m10(Z) sin β2 (11)

= ± 4
3R

√
‖−−→m20 − −−→m02‖2 + 4‖m11‖2

where Z could be R, G or B, depending for which color the value of |m10(Z)| +
|m01(Z)| is the largest. Colors of the approximations are calculated identically.
We just apply equations 5, 6 and 9 separately to R, G and B colors, using the
moments of the corresponding color.

4 Experimental Results

We have done experiments with images taken within the campus. As explained in
Section 3.1, distinctive keypoints are found by selecting only those that comprise

(a) (b)

Fig. 5. In (a), 1326 invariant keypoints are detected from SIFT. Some of the keypoints
without any corner-like patterns are circled in red. In (b), 1008 keypoints remain after
selecting only those that comprise some corner-like patterns.
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Fig. 6. Graph shows the percentage of correct match in 50 pairs of images with SIFT
keypoints and predefined keypoints. Predefined keypoints improved matching results.

(a) 102 corresponding matches, with 11 false matches.

(b) 83 corresponding matches remain after eradicating those with dissimilar
pattern responses. All false matches are being eradicated.

Fig. 7. Complex image patterns used to scrutinize the difference in responses of point
correspondences in two images. Correspondences with dissimilar pattern responses are
being eradicated in (b).

of the invariant and corner-like properties. This is illustrated in Figure 5. We
can see that those keypoints that do not comprise any of the corner-like patterns
are usually those that are rather homogeneous (circled in red in Figure 5(a)).
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Fig. 8. Graph shows the percentage of correct match in 50 pairs of images. The match-
ing results are further improved after eliminating matches/point correspondences that
have different pattern responses.

These more distinctive keypoints can improve the match performance. For
experiment, we took 51 images of similar campus scenes for matching. 1 image
was taken as the main image while the rest of the 50 images were matched against
it. The scenes were similar with some adjustments on the camera position at each
shot, giving certain viewpoint and scale differences. Figure 6 displays a graph of
the matching results from the 50 pairs of images. Most of the matchings were
improved with the predefined keypoints.

Subsequently, the invariant keypoints were matched as described in Section 3.2.
While SIFT gave invariant match, we scrutinized the difference in the pattern or
corner-like responses of each pair of point correspondences. If the point correspon-
dences were true match, the responses on the corner, T-junction, sectional cut,
and chess-cross patterns would be similar. Figure 7 illustrates an example and we
can see that some or most of the false matches (with dissimilar pattern responses)
were eradicated as shown in Figure 7(b).

Figure 8 displays a graph of the matching results from the 50 pairs of images.
As shown, the matching results have been further improved after eliminating
matches/point correspondences with different pattern responses.

5 Conclusions

We have novelly combined the local invariant features (SIFT features in this pa-
per) with the more traditional corner-like features for selecting salient keypoints.
These keypoints were usually more distinctive and have shown to significantly
improve on the match performance. The corner-like features were detected us-
ing moment-derived complex image patterns (i.e., proper corner, T-junction,
sectional cut, and chess-cross).

While SIFT has provided invariant matched pairs of point correspondences,
we further scrutinized the differences in the pattern or corner-like responses of
each pair. Those pairs of point correspondences with dissimilar pattern responses
which were most likely false matches have been eradicated. Through experimen-
tal results, we perceive the effectiveness of the approach which the matching
results have been very much optimized.
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