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Abstract— Recently, many vision-based robotic applications
such as visual SLAM (Simultaneous Localization And Mapping)
and autonomous navigation have achieved good performance
using visual features. In these applications, robust feature
tracking plays an important role, e.g., in scene recognition
for autonomous navigation and in data association for visual
SLAM. In this paper, we propose a hierarchical outlier detection
algorithm for robust feature tracking; the algorithm uses a
simple window-based correlation (NCC) and enforces angular
and scale constraints. The proposed algorithm maximizes the
inter-cluster score and detects outliers that do not satisfy
the angular constraints. The remaining outliers are detected
by enforcing scale constraints using SIFT descriptors. The
proposed algorithm is efficient and particularly useful for
scene recognition, in which an image corresponding to a query
image is searched among data images. Experimental results
demonstrate that the proposed algorithm is robust to outliers
and image variations such as scale changes. One of the main
applications of the proposed algorithm is global localization due
to its low computational complexity and robustness to outliers.

I. INTRODUCTION

One of the fundamental problems in vision-based robotic

applications such as autonomous navigation and visual

SLAM is to find consistent correspondences between two

sets of features. For this purpose, many feature detection

methods such as SIFT [1], GRIF [2], and MSER [3] that

aim to find regions that are covariant to the underlying

deformation have been proposed. It has been shown that the

detected features can be reliably matched over a wide range

of viewpoints and scale changes between images. However,

the high computational complexity of these methods prevents

us from using them in real-time robotic applications.

Many vision-based robotic applications [4][5][6] use cor-

ner features [7] as visual primitives because their computa-

tional cost is low and they continue to be stable under small

image distortions. For two consecutive images, between

which there exist small image deformations, a small window

such as the neighborhood region of a corner feature can be

tracked well using an NCC or KLT feature tracker [8].

However, if there exist large viewpoint variations, many

false matches are produced because the corner features

are detected under the assumption that the image plane is

parallel to the object surface. For this reason, a robust outlier
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detection method is necessary in order to use corner features

more widely for vision-based applications.

A traditional way of rejecting outliers is to impose the

epipolar constraint [9]. The epipolar constraint, however,

might not be so powerful for indoor scenes that frequently

comprise dominant planes. Therefore, methods that provide

geometrical constraints to local image feature correspon-

dences have been proposed [10][11][12]. Recently, an op-

timization method that uses pairwise constraints has been

developed [13]. The method finds consistent correspondences

between sets of features by taking into consideration both

similarity between features and pairwise geometric consis-

tency between correspondences.

Our algorithm maximizes an inter-cluster score and detects

outliers that do not satisfy angular constraints. The remaining

outliers are detected by enforcing scale constraints provided

by SIFT descriptors between two feature points. Section II

illustrates the initial matching of corners using NCC. An

outlier rejection algorithm using pairwise angular constraints

is mentioned in Section III. Section IV presents the scale

constraints imposed by SIFT descriptors. In Section V, the

proposed method is experimentally assessed by considering

various images, and we perform a quantitative statistical

performance evaluation. Finally, Section VI concludes this

paper.

II. INITIAL CORRESPONDENCE

A. Corner Feature

As a visual primitive, we use corner features [7]. These

features have been found to provide relatively stable detec-

tion for small image distortions and are identified by the

intersection of two clearly visible edges.

B. Initial Matching by Normalized Cross Correlation

In correlation-based methods, the element to be matched

is an image window with a fixed size, and the similarity

measure is the correlation between windows. Normalized

cross correlation is widely used in many applications that

require robustness to illumination changes.

Normalized cross correlation (NCC) between two points

x1 and x2 is defined as

S(x1,x2) =
∑w∈W (I1(x1 +w)− Ī1)(I2(x2 +w)− Ī2)

√

∑w∈W (I1(x1 +w)− Ī1)2 ∑w∈W (I2(x2 +w)− Ī2)2
(1)

where I1 and I2 denote the image intensity, Ī1 and Ī2 are the

mean intensity values of the windows, and W is a window

centered at the origin.
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III. OUTLIER REJECTION BY ANGULAR CONSTRAINTS

According to [13], given two sets of features P and Q

containing Np and Nq features, respectively, a corresponding

pair (i, i′) is an inlier if it belongs to the main cluster C.

For each candidate correspondence a = (i, i′), a score that

measures the photometric similarity between the features i

and i′ is defined. For each pair of correspondences (a,b),
another score that measures the compatibility between the

pairs (i, j) and (i′, j′) is defined.

We define pairwise angular constraints generated from

sets of two points. As shown in Fig. 1, two pairs of points

(x1,x2) and (x′1,x
′
2) provide a geometric angular constraint

such that α and β must be similar to each other because

the assumed robot navigation does not encounter the cases

in which images are deformed by camera rotation about the

optical axis. A large difference between the two angles means

that one of or both the correspondences are likely to be

outliers.

1x

2x

1x′

2x′

α β

Fig. 1. Angular constraint

Given a list L of n candidate correspondences, we store

all the similarities and compatibilities in an n×n matrix M

as follows.

• M(a,a) is computed by using (1) and it measures the

photometric similarity between feature i in one image

and feature j in the other image.

• M(a,b) is computed from a geometric error produced

by pairs of two points, as shown in Fig. 1:

M(a,b) =
1

t + |α −β |
, only i f a 6= b (2)

Here α and β are angles of lines measured with respect

to the horizontal line. t is a small positive value.

Now, the outlier detection problem reduces to the problem

of finding the cluster C of inliers (i, i′) that maximizes the

score

D = ∑
(a,b)∈C

M(a,b) = xT Mx (3)

The optimal solution x∗ is the vector that maximizes the

score D when the angular constraints are provided.

x∗ = argmax
x

(xT Mx) (4)

x∗ can be found by inspecting the eigenvector of M corre-

sponding to its largest eigenvalue [13].

The overall procedure is summarized as follows.

• Step 1: Construct the n×n matrix M.

• Step 2: x∗ is determined by eigenvalue decomposition.

• Step 3: a∗ = argmaxa∈L(x∗). If x∗(a∗) = 0, stop the

algorithm. Compute the angular error for each feature

(a) NCC only

(b) NCC + epipolar constraints

(c) NCC + pairwise angular constraints

Fig. 2. Outlier rejection using the epipolar constraint and pairwise angular
constraints

with respect to a∗.

e(i) = |α(i)−β (i)|.
If e(i) > eT , then eliminate the ith correspondence; eT

is a positive angular threshold. We set the value of x∗(i)
to 0 in this case. Put a∗ in C, and set x∗(a∗) to 0.

• Step 4: If there is no outlier in step 3, stop the algorithm;

otherwise return to step 3.

From the results shown in Fig. 2, we can conclude

that outlier rejection using pairwise angular constraints is

more effective than that using the epipolar constraint for an

indoor scene. Moreover pairwise angular constraints have the

advantage that they do not require a minimum of eight true

correspondences, unlike the epipolar constraint.

IV. OUTLIER REJECTION BY SCALE CONSTRAINTS

Even though pairwise angular constraints provide distinc-

tive true corresponding pairs in the presence of many false

matches, as view changes are significant, the number of

inliers drastically decreases thereby causing false matches

on applying these constraints. Moreover, as shown in Fig. 3,

when there is no overlapping region between two scenes,

pairwise angular constraints always provide some false

matches because these constraints consider a corresponding

pair that has the maximum score of x, defined in (4), as

an inlier, and we eliminate outliers by comparing the angle

differences with this pair.

Due to scale variations between two images, we cannot use

the distances defined by sets of two feature points. To solve

this problem, we propose a hierarchical outlier detection

method that can utilize scale constraints imposed by SIFT

descriptors for the remaining outliers. Two sets of features
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Fig. 3. An example of false matches after the application of pairwise
angular constraints

can provide the scales of the regions by generating circular

regions, as shown in Fig. 4. A scale is determined by the

distance between two points in a set. SIFT descriptors can

encode regions that are invariant to image scaling, rotation,

and partial changes in illumination. SIFT descriptors can

be computed by assigning a consistent orientation to the

region generated by two points on the basis of the local

image properties [1]. An orientation histogram is determined

from the gradient orientation of a point within the region

defined by the two grouped points, as shown in Fig. 4. The

orientation histogram has 128 dimensions. By comparing the

SIFT descriptors, we can determine the outliers. However,

many large-sized circular regions are formed beyond im-

age boundaries, consequently, determining the descriptors is

time-consuming.

1x

2x

1x′

2x′
1r

2r
1minr

2minr

Fig. 4. Region generation beyond image boundary

Therefore, we determine the appropriate scales such that

the scale ratio between two regions is maintained, as shown

in Fig. 5.

1x

2x

1x′

2x′

1s

2s

1r
2r

Fig. 5. Scale decision rule

The scales between two circular regions must satisfy the

following relations

smin ≤ s1 ≤ rmin1 (5)

smin ≤ s2 ≤ rmin2

s2/s1 = r2/r1 = k

Here rmin1 is the minimum distance between the image

boundaries and a feature point in the first image and rmin2

is the minimum distance between the boundaries and a

feature point in the second image. r1 and r2 are defined as

distances between two points. smin is the minimum scale that

is sufficient to compute a SIFT descriptor. We group two

points that are separated by a distance greater than smin. We

can decide the scales by following criteria that satisfy the

above constraints in (5). Let s1 < s2 and k > 1, without loss

of generality.

s2 = ks1 (6)
smin

k
≤ s1 ≤

rmin2

k
smin ≤ s1 ≤ rmin1

We can define a range of scales that satisfies the two above

inequalities by

smin ≤ s1 ≤ min{
rmin2

k
,rmin1} (7)

Thus, we can summarize the scale selection criterion on the

basis of (7) as follows.

rre f = min{
rmin2

k
,rmin1} (8)

{

s1 = rre f , s2 = k · rre f i f smin ≤ rre f < s f ix

s1 = s f ix, s2 = k · s f ix i f rre f ≥ s f ix

By limiting the maximum scale of a region to s f ix, the

computational cost of SIFT descriptors can be reduced.

We can refer to the value of x∗(a) as the confidence of

assignment a. From the correct assignment a∗, which is the

one we are less confident of being correct, we compute a

SIFT descriptor. Given a list L
′

of remaining m candidate

correspondences after the application of pairwise angular

constraints, we can summarize the overall procedure for the

rejection of outliers by using scale constraints as follows.

• Step 1: Find a∗ = argmin
a∈L

′ (x∗).
• Step 2: Select the nearest assignment b of a∗ that

satisfies the criterion that the distance between two

points is considerably larger than smin.

• Step 3: Compute the SIFT descriptors after generating

regions by using a∗ and b according to (8).

• Step 4: if d(a∗) < dth, then terminate the process; else,

we eliminate a∗ from C and repeat step 1.

Here d(a∗) is the Euclidean distance between two descrip-

tor vectors computed from a candidate correspondence a∗,

and dth is a constant threshold for descriptor matching.

By first testing a candidate correspondence that we are

less confident of being correct, we eliminate the need to

verify all the remaining candidates. Thus, we can reduce

the computational cost of rejecting outliers by using scale

constraints.

V. EXPERIMENTAL RESULTS

A. Outlier Detection

We evaluate the performance of our method for the task

of finding correspondences when there exist some outliers

due to large image deformations.
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(a) NCC only

(b) NCC + epipolar constraints

(c) NCC + pairwise angular constraints

(d) NCC + angular and scale constraints

Fig. 6. Outlier rejection between consecutive two images

Figs. 6 and 7 illustrate the feasibility of the proposed

method. In these figures, the topmost image among the four

images shows the initial NCC matching result by comparing

only neighboring pixels around the detected corner points,

and the second one reveals the corresponding points after

eliminating the outliers using eipolar constraints by com-

puting the fundamental matrix F with a normalized 8-point

algorithm [9] after 500 trials in the RANSAC [14] process.

We use a Sampson distance [9], as given in (9), to determine

the outliers for each correspondence (xi,x
′
i) :

di =
(x′Ti Fxi)

2

(Fxi)2
1 +(Fxi)2

2 +(FTx
′

i)
2
1 +(FTx

′

i)
2
2

(9)

Here (Fxi)
2
j represents the square of the j th entry of

the vector Fxi. The third image shows the feature matching

result obtained by applying pairwise angular constraints.

The last image shows feature matching performed by the

proposed method.

As observed in Fig. 7, the proposed approach can eliminate

the outliers that survived from the pairwise angular con-

straints. The two points in the blue circles are false matches

that are not detected as outliers by the application of pairwise

angular constraints.

(a) NCC only

(b) NCC + epipolar constraints

(c) NCC + pairwise angular constraints

(d) NCC + angular and scale constraints

Fig. 7. Outlier rejection when two images have overlapping areas

Fig. 8 shows an example of feature matching in the case

of non-overlapping images. Thus, there is no corresponding

point between the two images and all the detected corre-

spondences are outliers. The proposed method can detect all

the false matches, even though pairwise angular constraints

provide some outliers, as shown in Fig. 8(c).

One of the false matches detected by the proposed method

is shown in Fig. 9 because of similar scenes. The proposed

combined method detects a considerably lesser number of

outliers than just using pairwise angular constraints.

Fig. 10 shows the feature matching results when two

images have scale variations, and Fig. 11 shows the result

obtained by two images which were taken under affine

variations. The time interval between the two images shown

in Fig. 12 is approximately 3 months; the left image has

been taken during daytime and the right one has been

captured at night. Because NCC and SIFT descriptors are

partially robust to illumination changes, we can obtain robust

correspondences for this situation.

We carry out the performance evaluation of the proposed

method. Table I shows the computational cost at each step.

The images are 320 × 240 pixels in size, and we tested all

the images using a 2.4 GHz CPU.

4089

Authorized licensed use limited to: Korea Advanced Institute of Science and Technology. Downloaded on January 18, 2010 at 02:24 from IEEE Xplore.  Restrictions apply. 



(a) NCC only

(b) NCC + epipolar constraints

(c) NCC + pairwise angular constraints

(d) NCC + angular and scale constraints

Fig. 8. Outlier rejection when two images have no overlapping area

TABLE I

MEAN COMPUTATIONAL COST FOR 20 SETS OF TWO IMAGES

Operation Time (ms)

Corner extraction 26.9
(two images)

NCC matching + winner-take-all 2.8

Outlier rejection 15
by pairwise angular constraints

Refinement by scale constraints, 4.2
including SIFT-descriptor creation and matching

Total time 48.9

Table II shows a comparison between the proposed ap-

proach and pairwise angular constraints on the basis of

Leordeanu’s work [13]. The proposed approach is useful

in that it not only robustly detects false matches but also

maintains the number of correct matches.

B. Scene Recognition

Table III shows the experimental results for scene match-

ing. For the experiments, we captured the images by driving

a robot in an indoor environment, and we selected 27

images from 1104 images as overlapping regions between

two images were very small, as shown in Fig. 13. Table

(a) NCC only

(b) NCC + epipolar constraints

(c) NCC + pairwise angular constraints

(d) NCC + angular and scale constraints

Fig. 9. An example of false matches

TABLE II

PERFORMANCE COMPARISON FOR OUTLIER REJECTION FROM 20 SETS

OF 2 IMAGES

Angular Angular +
constraint scale

only constraints

When there exist overlapping areas :
True matches / false matches 440 / 47 431 / 8

When there exists no overlapping area :
True matches / false matches 0 / 126 0 / 8

III shows a comparison between the proposed approach

and SIFT. Because SIFT is highly distinctive (only 2 false

matches among 1104 test images, as shown in Table III), we

did not use additional outlier rejection methods. The main

reason for the better performance of the proposed approach

is that we can extract much more corner features from the

images than SIFT.

VI. CONCLUSIONS

In this paper, we have presented a method for outlier

detection under large view changes. The proposed approach

hierarchically combines the maximization of the inter-cluster
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Fig. 10. Feature tracking under scale variations

Fig. 11. Feature tracking under affine variations

Fig. 12. Feature tracking under long-time changes

Fig. 13. Manually selected database images

TABLE III

PERFORMANCE COMPARISON FOR SCENE RECOGNITION

SIFT Proposed

Recognized scenes / total scenes 676 / 1104 761 / 1104

Falsely matched scenes / total scenes 2 / 1104 2 / 1104

score to detect outliers that do not satisfy angular constraints,

and the detection of the remaining false matches by scale

constraints imposed by SIFT descriptors. The proposed ap-

proach can be used for global localization, which is the

task of finding an image corresponding to a query image

among data images because it is robust to initial false

matches and we can detect outliers with low computational

complexity. We demonstrate the feasibility of the proposed

method through various experiments.
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