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Abstract. In this paper we present a simple but effective method for
matching two uncalibrated images. Feature points are firstly extracted in
each image using a fast multiscale corner detector. Each feature point is
assigned with one dominant orientation. The correspondence of feature
points is then established by utilizing a multilevel matching strategy. We
employ the normalized cross-correlation defined as the similarity measure
between two feature points in the matching procedure. The orientation
of the correlation window is determined by the dominant orientation of
the feature point to achieve rotation invariance. Experimental results on
real images demonstrate that our method is effective for matching two
images with large rotation and significant scale changes.

1 Introduction

Matching two images of the same scene is one of the fundamental problems in
computer vision. Image matching plays an important role in many applications
such as stereo vision, motion analysis, image registration and mosaicing. It has
been an extensively studied topic in the last several decades and a large number
of matching algorithms have been proposed [1] [2] [3].

The methods for image matching can be broadly divided into two classes:
area-based matching and feature-based matching. Area-based matching directly
compares the gray value distribution in image patches and the similarity is mea-
sured by cross-correlation or least-squares techniques. Feature-based matching
extracts salient features such as corners in the two images and then establishes
reliable feature correspondences. There also have been some matching methods
that can be regarded as the combination of the two classes [4] [5].

Normalized cross-correlation is widely used as an effective similarity measure
for matching tasks. Normalized cross-correlation is invariant to linear brightness
and contrast variations and its easy hardware implementation makes it useful
for real-time applications.However, traditional correlation-based image match-
ing methods will fail when there are large rotation or significant scale changes
between the two images. This is because the normalized cross-correlation is sen-
sitive to rotation and scale changes. There are also generalized versions of cross

P.J. Narayanan et al. (Eds.): ACCV 2006, LNCS 3851, pp. 928–937, 2006.
c© Springer-Verlag Berlin Heidelberg 2006



Image Matching by Multiscale Oriented Corner Correlation 929

correlation that calculate the cross correlation for each assumed geometric trans-
formation of the correlation windows [6] [7]. Although they are able to handle
more complicated cases, the computational load grows very fast in the mean
time.

In this paper, we propose a new method for matching two uncalibrated im-
ages based on normalized cross-correlation. Our work addresses the problem of
matching image pairs with large rotation and significant scale changes, which
cannot be efficiently solved by traditional correlation-based methods. We first
build a multiscale pyramid for each image and extract corner points as feature
points in each level of the pyramid. Compared with other multiscale feature point
detectors, our implementation is simple and fast. Only one Gaussian smoothing
operation is required for building a multiscale pyramid and there is no scale-
space extrema detection included. Each feature point is assigned with one dom-
inant orientation. Then a multilevel matching strategy is used to establish the
correspondence of feature points. The multilevel matching strategy makes our
method more efficient by removing the redundant computation in the matching
procedure.

For similarity measure between two feature points, we adopt the rotation in-
variant normalized cross-correlation. The orientation of the correlation window
is determined by the dominant orientation of the feature point to achieve rota-
tion invariance. Moreover, both the shape and the size of the correlation window
is fixed, which contributes to the simplicity of our method. The epipolar geom-
etry constraint is imposed to reject the false matches. We also provide a simple
method to further improve the quality of matching results. Experimental results
on real images of various content demonstrate that our method is effective for
matching two images with large rotation and significant scale changes.

The rest of this paper is organized as follows. Section 2 describes the multi-
scale feature point detection and the assignment of dominant orientation. Section
3 presents in detail the multilevel matching strategy and the calculation of sim-
ilarity measure between feature points based on rotation invariant normalized
cross-correlation. Section 4 describes rejecting the false matches by imposing
epipolar geometry constraint and also provides a further method to improve the
quality of matching results. Section 5 shows some experimental results on real
image pairs and conclusions are presented in Section 6.

2 Multiscale Feature Point Detection

Corners are highly informative image locations and they are considered as good
candidates for feature points in many computer vision applications. Many al-
gorithms for detecting corners have been reported up to now. Among the most
popular corner detectors, the Harris corner detector [8] is known to be robust
against camera noise, image rotation and illumination changes [9]. Using Harris
corners as feature points has been proved to be effective for image matching
applications [5] [10] [11].
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However, the Harris corner detector is sensitive to changes in image scale.
Its repeatability rate significantly decreases when the scale change between two
images is large [12]. In the recent literature some scale adapted feature point
detectors have been proposed to deal with the problem of scale change [13] [14]
[15].

2.1 Fast Multiscale Corner Detection

A fast multiscale corner detector is used to extract feature points in our method.
We first build a multiscale pyramid representation for the image. The pyramid
consists of four levels. The first level of the pyramid is the image itself. Other
levels of the pyramid are created by sampling the image with a set of scale factors
kn(n = 1, 2, 3). The original image is smoothed by a Gaussian function with
σinit = 1 before downsampling. The scale factor kn should be chosen carefully
since it greatly affects the matching result. The standard Harris detector cannot
provide a satisfying repeatability rate when the scale change between two images
is beyond 1.5 [12]. Considering this and after experimentation with different sets
of scale factors, we choose the set of scale factors {2/3, 1/3, 0.23} in our method
as it gives the most stable results. Compared with the traditional Gaussian
pyramid representation, only one Gaussian smoothing operation is required for
building the multiscale pyramid and the scale factor between consecutive levels
is not a constant.

Feature points are then extracted using a standard Harris corner detector in
each level of the multiscale pyramid. The Harris corner detector is based on the
auto-correlation matrix, which is built as follows:

M = g(σh) ∗
[

I2
x IxIy

IxIy I2
y

]
, (1)

where Ix and Iy indicate the x and y directional derivatives respectively. The
auto-correlation matrix performs a smoothing operation on the products of the
first derivatives by convolving with a Gaussian window function. The Harris
corner strength measure is then calculated from the determinant and the trace
of this matrix as follows:

CH = det(M) − αtrace2(M) , (2)

where α is a constant. A threshold th is used to select corner points. A point
is identified as a corner if CH > th and CH is the local maximum in its 8-
neighborhood. In our implementation, Ix and Iy are computed by convolution
with the mask [−1 0 1]. The parameter σh and α are set to 1.0 and 0.04 re-
spectively. In order to select corners with high significance, threshold th is set to
15000.

We also employ a strategy that will help to restrict the total number of the
feature points. If the number of corners detected in one scale level is larger
than Nl, we reorder all the corners decreasingly according to CH and choose the
first Nl corners. We use Nl = 2000 in our implementation. Experimental results
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show that using this strategy can effectively speed up the matching procedure
while almost not affecting the quality of matching result. For typical images
with medium resolution such as 850 × 680 pixels, the average number of feature
points extracted using our multiscale corner detector is about 4000, with the
above parameter setting.

2.2 Dominant Orientation Assignment

Each feature point is assigned one dominant direction to achieve invariance to
rotation. We adopt the histogram-based approach for dominant orientation as-
signment [15]. Some modifications are made for better results. An orientation
histogram with 36 bins covering the range of 360 degrees is used to accumulate
the local gradient orientations within a square region centered on a feature point.
The size of the region equals to the size of the correlation window used in the
matching procedure, which is set to be 11 × 11 pixels in our implementation.
The pixel differences for computing the gradient magnitude and orientation are
calculated on the pyramid level at which the feature point is detected. The pixel
value is obtained by smoothing with a Gaussian window function with σp = 1.
The gradient orientation of each sample in the region is weighted by its gradient
magnitude and by a Gaussian window function with σr = 1.7.

After building the orientation histogram, we perform a smoothing operation
on the histogram by iterative local averaging of every 3 consecutive bins in a
cyclical fashion. The orientation corresponding to the largest bin in the smoothed
histogram is selected to be the dominant orientation of the feature point.

3 Multilevel Matching Based on Correlation

3.1 Multilevel Matching Strategy

A multilevel matching strategy is used to establish the correspondence of fea-
ture points. Feature points are divided into 4 groups according to the pyramid
level at which they are detected. The traditional matching strategy performs
full group-to-group matching, which requires 16 group-to-group matching oper-
ations. We can speed up the matching procedure by removing the redundant
computation. Only 7 group-to-group matching operations are required in our
matching strategy, as shown in Fig. 1.

Fig. 1. Matching between feature point groups
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The black dots labeled with number represent the feature point groups of
different pyramid level in the two images. Each line segment connecting two fea-
ture point groups denotes one group-to-group matching operation. The multi-
level matching strategy reduces the computation cost in the matching procedure
and makes our method more efficient.

3.2 Similarity Measure Based on Rotation Invariant Correlation

Traditional similarity measure based on correlation is not invariant to image
rotation. In our method, rotation invariant normalized cross-correlation is used
to estimate the difference between feature points. The orientation of the corre-
lation window is determined by the dominant orientation of the feature point.
Therefore the similarity measure between feature points is invariant to rotation.
The calculation of similarity measure is presented in detail as follows:

Let p = Lm(x, y) be a feature point at the m-th pyramid level in the first
image with dominant orientation θ1 and q = L′

n(x′, y′) be a feature point at the
n-th pyramid level in the second image with dominant orientation θ2. W1 and W2
are two correlation windows of size (2w + 1)× (2w + 1) centered on each feature
point. W ′

1 is the correlation window generated by rotating W1 clockwise by θ1
around p and W ′

2 is the correlation window generated by rotating W2 clockwise
by θ2 around q. Then W ′

1 and W ′
2 can be represented as two (2w +1)× (2w +1)

arrays of pixel intensities A and B:

Auv = Lm(x + u cos θ1 − v sin θ1, y + v cos θ1 + u sin θ1) ,
Buv = L′

n(x′ + u cos θ2 − v sin θ2, y
′ + v cos θ2 + u sin θ2) ,

(3)

where u, v ∈ [−w, w]. Auv and Buv are calculated using bilinear interpolation.
The similarity measure between p and q is defined as:

Cpq =

w∑
u=−w

w∑
v=−w

[Auv − A ] · [Buv − B ]

(2w + 1)(2w + 1)σ(A)σ(B)
, (4)

where A (B ) is the average and σ(A) (σ(B)) is the standard deviation of all the
elements in A (B). As mentioned in Section 2, w is set to be 5 in our experiments.
Since the similarity measure is computed with respect to a canonical orientation,
the matching procedure is invariant to image rotation. The similarity measure
decreases monotonically from 1 to −1 with the increase of difference between
two feature points.

Suppose there are m feature points in the first group and n feature points in
the second group. Consider a matrix G ∈ Mm,n whose element Gij stands for the
similarity measure between the i-th feature point in the first group and the j-th
feature point in the second group. If Gij is the greatest element both in its row
and in its column, the i-th feature point in the first group and the j-th feature
point in the second group will be identified as a candidate match. A threshold
tc is used to reject the unstable candidate matches with a low correlation score,
which is set to be 0.7 in our experiments. The initial set of feature point matches
between two groups can be established by selecting all such elements in G.
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4 Rejection of False Matches

For each group-to-group matching operation, we obtain an initial set of feature
point matches. The initial set of feature point matches usually contains some
false matches due to the inaccurate characterization of feature point or the im-
proper matches established in the matching procedure. In the case of matching
two uncalibrated images, the epipolar constraint can be used to reject the false
matches [16]. In our experiments, the epipolar constraint is imposed based on
the widely used robust estimator RANSAC [17]. The feature point matches that
are not consistent with the estimated epipolar geometry are identified as false
matches and rejected.

Suppose F is the fundamental matrix. Point p (x, y) can be represented
as: p̃ = [x y 1]T . For a feature point match (p, q), the epipolar line of point p is
defined as: lp = F p̃. If the match is perfect, point q should lie on the epipolar
line lp exactly. The distance dq of point q to the epipolar line lp is calculated by

dq =
| q̃ T F p̃ |√

(F p̃)21 + (F p̃)22
, (5)

where (F p̃)i is the i-th component of vector F p̃. The distance dp of point p to
the epipolar line lq is calculated similarly. Then a threshold te can be used to
find the bad matches. A feature point match will be identified as a false match if
max(dp, dq) > te. False matches are removed from the initial set of feature point
matches.

After rejecting the false matches by using epipolar constraint, we obtain the
refined matching result for each group-to-group matching. The matching result
that has the largest number of feature point matches will be selected as the
matching result between the two images.

We find that there still exist a few false matches in the selected matching
result. The feature points of these false matches happen to locate around the
epipolar lines. Therefore, they cannot be identified only using epipolar constraint.
A simple constraint is employed to further improve the quality of the selected
matching result. For all good matches, the difference between the dominant
orientations of the two feature points should be almost equal. Considering the
fact that the number of the false matches is usually very small, we use the
following process to identify these false matches.

The average of the differences between the dominant orientations in all feature
point matches is calculated. Suppose the average is θ and the difference between
the dominant orientations of the i-th feature point match is θi. tθ is a threshold.
If |θi − θ| > tθ, the i-th feature point match will be identified as a false match.
The threshold te and tθ are set to be 0.8 and 40 (in degrees) respectively.

5 Experimental Results

In this section, we will demonstrate some experimental results on real images
of various content. The images used in our experiments are from the public
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Table 1. Final matching results for Fig. 2-Fig. 5

Correct Average
Matches Distance

Residence 76 0.577

Boat 53 0.458

East south 45 0.552

Bark 44 0.571

Fig. 2. Matching result for image pair Residence (frame 0 and 9 of “Resid” se-
quence). The scale factor is 4.7 and the rotation angle is 5 degrees.

Fig. 3. Matching result for image pair Boat (frame 0 and 9 of “Boat” sequence). The
scale factor is 4.3 and the rotation angle is 45 degrees.

image database in INRIA 1. Fig. 2-Fig. 5 show the final matching results for
four different image pairs with significant camera motions (translation, rotation

1 http://lear.inrialpes.fr/people/Mikolajczyk/Database/index.html



Image Matching by Multiscale Oriented Corner Correlation 935

Fig. 4. Matching result for image pair East south (frame 0 and 9 of “East south”
sequence). The scale factor is 5.2 and the rotation angle is 59 degrees.

and scaling). The numbers of correct matches and the average distances from
epipolar lines are illustrated in Table 1.

Fig. 2 shows the matching result for image pair Residence with significant
scale changes and translation. There also exist self-similarity structures in the
two images. Fig. 3 and Fig. 4 show the matching results for image pair Boat
and East south with large rotation and scale changes. We also test our method
on the images of the textured scene. Fig. 5 shows the matching result for the
image pair Bark of a textured scene with large rotation and scale changes.

Fig. 5. Matching result for image pair Bark (frame 1 and 6 of “Bark” sequence). The
scale factor is 4.0 and the rotation angle is 154 degrees.

6 Conclusions

This paper presents a simple but effective method for matching two uncalibrated
images. The method is based on matching multiscale feature points using rota-
tion invariant normalized cross-correlation. Feature points with dominant orien-
tation are firstly extracted in each image using a fast multiscale corner detector.
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Then a multilevel matching strategy is used to establish the correspondence of
feature points. We employ the rotation invariant normalized cross-correlation
defined as the similarity measure between two feature points in the matching
procedure. The final matching result is obtained after the false matches rejec-
tion process. Experimental results on real images of various content demonstrate
that our method is effective for matching two uncalibrated images with large ro-
tation and significant scale changes.
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