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Abstract. Outlier-free inter-frame feature matches are important to accurate epipo-
lar geometry estimation for many vision and robotics applications. We discover
a set of high-level geometric and appearance constraints on low-level feature
matches by exploiting reliable region matching results. A new outlier filtering
scheme based on these constraints is proposed that can be combined with tradi-
tional robust statistical methods to identify outlier feature matches more reliably
and efficiently. The proposed filtering scheme is tested in an real application of
outdoor mobile robot navigation based on far-field scenes and of scenes that con-
tain repeated structures.

1 Introduction

Epipolar geometry estimation (or relative pose estimation) between different views [1]
is a hot topic in vision and robotics research and has many applications such as short-
baseline/wide-baseline stereo, 3-D reconstruction, object tracking, mobile robot navi-
gation, and visual odometry. Since the estimate is computed from image feature corre-
spondences, researchers have developed and are still endeavoring to develop more and
more prominent and stable image features. The focus has transited from the traditional
Harris corner features [2]) that are computed from a simple local signature (i.e., local
neighborhood in the image), to the more recently developed view independent features
such as SIFT [3], GLOH [4] and MSER [5] that exploit high-level information from a
much lager and more sophisticated signature aiming for global invariance. However, the
preliminary feature matching schemes of the feature detectors are usually not outlier-
free. To address this problem, robust statistical methods, such as RANSAC [6], MAP-
SAC [7] and LMeds [8], are usually combined with the epipolar geometry estimator to
refine the preliminary inter-frame feature correspondences and estimate the geometry at
the same time. These statistical methods identify whether a correspondence is an inlier
or an outlier based on whether or not it is consistent with the major structure of the
whole data (i.e. all feature correspondences).

A characteristic of many view independent image features (e.g., SIFT) is that al-
though the features are computed from a local signature the matching of them is global.
This design is necessary for applications where the relative pose between a pair of views
is large (e.g., wide baseline stereo). In this case, the matching scheme has to search over
the whole peer image to find the optimal correspondences of the features in the base im-
age. However, global matching may also arouse more outliers, especially in an outdoor
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environment where similar texture patterns (e.g., trees and grasses), repeated structures
(e.g., buildings) and lighting changes may all cause false matching. In this paper, we
propose a filtering scheme to overcome or alleviate this shortcoming of global match-
ing by applying region-based locality and appearance constraints to refine global feature
matching results.

2 Related Work

As introduced earlier, robust statistics methods are usually used to refine global fea-
ture matching results. Among these methods, RANSAC [6] and its variants (e.g, MAP-
SAC [7]) are most popular ones. They use random sampling and hypothesis-and-verification
test repeatedly to locate the major structure of the data. However, the success of RANSAC
and its variants is limited by the following practical issues: 1) They require the user to
specify the fraction of outliers in the data (ε) and the residual threshold between inliers
and outliers (t), but in practice these parameters are usually unknown and have to be
guessed. 2) They guarantee to locate the major structure of the data at a designated
confidence level (δ) in N trials — N = dln(1− δ)/ln(1− (1− ε)m)e where m is the
minimal number of data points to generate a hypothesis model. If this level δ is set up
too high or fraction of outliers (ε) is high, hundreds of thousands trials may be needed to
locate the major structure of the data. This is impractical for many vision and robotics
applications. In practice, many applications (e.g., [9]) would rather trade performance
for time and limit the number of trials (N ) to be several hundreds or a few thousands.

In addition to robust statistical methods, methods making use of high-level geomet-
ric objects (e.g., line segments [10], texture-invariant regions [11]) or constraints (e.g.,
the sidedness constraint [12]) have also been proposed to guide low-level feature match-
ing. However, the efficacy of these methods is limited for outdoor vision and robotics
applications: the texture-invariant regions only exist in texture abundant areas and thus
usually have a sparse and uneven distribution in outdoor scenes; the matching scheme
based on line segments only works for indoor environments; and the sidedness con-
straint needs several different views to apply. Our filtering scheme is motivated by the
previous work of Tao et al. [13] that proposed a global matching framework of stere-
opsis which makes use of low-level segmentation in depth space to restrict the search
space of dense stereo correspondences. Following its general idea, we propose to ex-
ploit high-level geometric and appearance constraints based on reliable region matches
to refine preliminary correspondences of view independent features. However, unlike
Tao’s work, we do not intend to integrate the region-based constraints into any particu-
lar feature detectors, but are more interested in developing a general scheme for filtering
the preliminary correspondences generated by any view independent feature detectors
or any feature detectors that employ global matching.

Another piece of previous work closely related to ours is the enhanced feature
matching scheme using saliency region correspondences [14]. It integrated image seg-
mentation and region matching in the joint image space and solved them together us-
ing the normalized cuts technique. The approach is more general than ours because it
aims at wide-baseline applications. However, according to the examples provided in
the paper, it may still get false region matches due to the dramatic appearance changes
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between wide-baseline views. Comparing to [14], the approach proposed in this paper
aims at more restricted short-baseline applications but tries to provide a more effective
solution to it, since the region matches can be more reliability obtained given short-
baseline. It also decouples image segmentation and region matching and solves them
separately in a much simpler manner than normalized cuts. The target applications of
the proposed scheme includes those in which the relative pose between a pair of views
is small or moderate, such as short-baseline stereo and object tracking and mobile robot
navigation at a high image sampling rate.

3 The Approach

To make the proposed filtering scheme work, we need to solve the following problems:
1) how to obtain good representations of regions and match them correctly, and 2)
what kind of constraints from region matches can be used to filter low-level feature
correspondences, and how? Details of our solutions are given as follows.

3.1 Inter-frame region matching

We developed an inter-frame region matching scheme based on the similarities of a se-
quence of geometric and appearance statistics of image segmentation results. Consider-
ing our target task is epipolar geometry estimation for outdoor mobile robot navigation,
we adopted the Color Structure Code (CSC) algorithm [15] for segmenting the sampled
image frames. It is reported that CSC is good at segmenting natural color scenes in a
test with over 5,000 outdoor natural images [15]. Our own experiments confirmed this
report and showed that in most cases the segments generated by CSC are conceptually
coherent with real-world regions when the scene is relatively distant or flat. Besides,
CSC is very fast and was successfully used for real-time vehicle tracking [16].

We assume the image segments generated by CSC are reasonable representations
of real-world regions in the scene, so we can match the regions by comparing the sim-
ilarities between their corresponding segments. The pair-wise region similarities are
computed from a sequence of statistics measuring regional geometric and appearance
properties including color (Scolor), centroid (Scentroid), area (Sarea), texture (Stexture)
and shape (including measurements on the proportion and orientation of the equivalent
ellipse (See prob and See ori) and on the bounding rectangle (Sbr)).

Given a pair of regions A and B, Scolor(A,B) and Scentroid(A,B) are calculated
as the normalized Euclidean distances between the mean color vectors (in the CIE-Lab
color space) and the mean position vectors of the pixels in A and B. The area similarity
Sarea is defined as:

Sarea(A,B) =
|sA − sB |
sA + sB

where sA and sB are the sizes of regions A and B respectively. The shape similarity is
measured by the similarities of the equivalent ellipse (See prob and See ori) and of the
bounding rectangle (Sbr) which are defined as [17]:
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See prop(A,B) =
1
2
· ( |mA −mB |

mA + mB
+
|nA − nB |
nA + nB

)

where mA and nA (mB and nB) are the lengths of the major and minor axes of the
equivalent ellipse of region A(B).

See ori(A,B) = (1− 1
e4(Π−1)

) · b
∆θ+90

180 c · 180−∆θ

90

where θA (θB) denotes the angle of the major axis of the equivalent ellipse of region
A(B), ∆θ = |θA − θB |, Π = min(mA

nA
, mB

nB
).

Sbr(A,B) =
1
2
· ( |wA − wB |

wA + wB
+
|hA − hB |
hA + hB

)

where wA and hA (wB and hB) denote the width and height of the bounding rectangle
of region A(B) respectively. The definition and computation of the equivalent ellipse
and the bounding rectangle are described in [18].

The measurement of the texture similarity is in two steps. First, we compose a tex-
ture vector of six fields that measures the mean, standard deviation, smoothness, third
moments, uniformity and entropy of the intensity distribution in a region [19]. Next, the
texture similarity Stexture(A,B) is calculated as the normalized Euclidean distances
between the texture vectors of A and B.

All the above similarity measurements are already normalized as defined. Finally,
the overall similarity score is calculated as a weighted sum of the individual measures:

S(A,B) = α1Scolor + α2Scentroid + α3Sarea +
α4See ori + α5See prob + α6Sbr + α7Stexture

The values of the weights αi’s in the above equation are determined by application
and set up by experience. Specifically, we use a larger weight for color, area and centroid
position and a smaller weight for the other features for our target applications that have
a lot of outdoor far-field scenes.

Given the region set R1 = {r1
p ∈ I1, p = 1 . . . m1} of a frame I1 and the region set

R2 = {r2
q ∈ I2, q = 1 . . . m2} of another frame I2, the matching between R1 and R2

is the following combinatorics optimization problem:

O = arg min
r2

p,r1
q

{
m1∑
p=1

S(r1
p, r2

p) +
m2∑
q=1

S(r1
q , r2

q)}

subject to: r2
p ∈ R2 and ∪m1

p=1 r2
p = R2,

r1
q ∈ R1 and ∪m2

q=1 r1
q = R1,

r2
p1
6= r2

p2
if p1 6= p2,

r1
q1
6= r1

q2
if q1 6= q2.
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In our practice, we revised the above problem a little considering practical factors.
We defined two constraints on the color and area statistics of the regions: (a)Scolor ≤
τ1, (b)SA > τ2 and SB > τ2, considering in an outdoor environment the measurement
of regions of far-field scenes or under varying lighting conditions may not be accurate.
τ1 and τ2 are thresholds determined by application. Constraint (a) requires the appear-
ance change of matched regions is not too large; (b) excludes small image segments
from matching because they are less reliable at representing a region. Due to constraint
(b), the completeness constraints in the above problem (the first two constraints) have
to be released since not all regions are now included. Also, considering in our target
applications the relative pose is not too large we had another constraint on motion:
(c)Scentroid ≤ τ3, where the threshold τ3 is co-determined by the speed of the vehicle
and the image sampling rate. These practical constraints guarantee that the obtained
region matches are reliable.

We adopted the “perfect-matching” scheme proposed by Rehrmann [17] to solve
the revised optimization problem: For a region in one image frame, the optimal match
of it is the region peer in the other frame with the highest similarity score to it. This
examination is performed for every inter-frame pair of regions. Region pairs whose
members are mutually optimal to each other with very high similarity scores are classi-
fied as reliable “perfect matches”. Previous work [16] and our own experience show the
“perfect-matching” scheme works well for vehicle tracking and outdoor mobile robot
navigation applications with a normal image sampling rate (15 fps of 320x240 frames).
However, it may be less effective (i.e., only a few “perfect matches” are obtained) when
there occurs a dramatic viewpoint change between a pair of frames. Even this situation
occurs, it only reduces the number of region-based constraints that can be used to refine
the low-level feature matches but would not affect the correctness of those constraints.

3.2 Region-based constraints

In general conditions the geometric transformation between a pair of views of a static
scene is a similarity transformation under which the geometric properties of a region
including position, area, orientation and shape are not consistent. However, if the rela-
tive pose between a pair of views is relatively small these properties may only change
a little and can still be used as measures for region matching, as our region match-
ing scheme does. Also, we consider that the appearance of a region may change with
time in outdoor vision and robotics applications — uncontrolled lighting, change of
viewpoints and non-diffuse reflections may cause the same scene point to have dif-
ferent color/intensity values in different images. Taking both of these geometric and
appearance aspects into consideration, we bring forward the following region-based
constraints on low-level feature correspondences:

Region ownership constraint — Feature matches where the two features reside in
non-matched regions, called “cross-region” matches, are detected and identified as
outliers. Considering region boundaries may not be accurately detected in practice,
we do not count as outliers those “cross-region” matches in which any of the two
features is close to the boundary of the matching region of its owner region.
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Input: Image I1 and its segments R1
p ∈ I1, p = 1 . . . m1; image I2 and its segments

R2
q ∈ I2, q = 1 . . . m2; inter-frame region matches

RM = {(R1
i , R

2
i ) | R1

i ∈ I1, R
2
i ∈ I2 and i = 1 . . . m}; inter-frame feature

matches FMall = {(X1
j , X2

j ) | X1
j ∈ I1, X

2
j ∈ I2 and j = 1 . . . n}; adjacency

threshold τ
Output: Feature match inlier set FMinlier ∈ FMall and outlier set FMoutlier ∈ FMall

Update FM using RM using the appearance constraint;
FMinlier = ∅, FMoutlier = ∅;
for j=1 to n do

foreach (X1
j , X2

j ) ∈ FMall do
find regions R1

p ∈ I1 and R2
q ∈ I2 such that X1

j ∈ R1
p and X2

j ∈ R2
q ;

end
if (R1

p, R2
q) ∈ RM then

FMinlier = FMinlier ∪ (X1
j , X2

j );
else

find region R2
p ∈ I2 such that (R1

p, R2
p) ∈ RM ;

find region R1
q ∈ I1 such that (R1

q , R
2
q) ∈ RM ;

d1 = computeMinDist(X1
j , R1

q);
d2 = computeMinDist(X2

j , R2
p);

if min(d1, d2) < τ then
FMinlier = FMinlier ∪ (X1

j , X2
j );

else
FMoutlier = FMoutlier ∪ (X1

j , X2
j );

end
end

end
Algorithm 1: An outlier filtering scheme based on the proposed region-based
constraints.

Appearance constraint — For all pairs of feature matches residing in the same pair of
matched regions, re-compute the matches of these features taking into account the
color difference between these two regions. This may result in some features being
assigned different conjugates to the original matches.

In our implementation, the appearance constraint was enforced by first compen-
sating the average color difference of a pair of matched regions and then updating the
feature matches within this pair. It is not able to identify outlier feature matches but may
change the original assignment. The region ownership constraint directly identifies out-
lier feature matches that break it. An outlier filtering scheme based on these constraints
are summarized in Algorithm 1.

4 Experimental Results

We have tested the proposed constraint filtering scheme with respect to epipolar geom-
etry estimation for different target applications. View independent SIFT features, eight-
point algorithm and MAPSAC [7] (which is a maximum a posteriori (MAP) variant of



Title Suppressed Due to Excessive Length 7

(a).

(b).

Fig. 1. (a) Original image pair from a motion sequence. (b) Color segments with yellow lines
connecting matching segment centroids.

RANSAC) are adopted to compute the epipolar geometry between a pair of frames. The
evaluation criterion of the estimated epipolar geometry is the sum of the back-projection
errors of the scene points onto the image planes. Our evaluation strategy is to compare
the accuracy of the estimated epipolar geometry with and without applying the filtering
scheme on the preliminary feature matches before running MAPSAC. The comparison
results will show whether or not there is a performance gained by incorporating the
region-based constraints.

Fig. 1a shows a pair of images of different views of an outdoor far-field scene.
The image pair are collected in an application of mobile robot navigation based on
far-field scenes. The images are first segmented using the CSC algorithm, and then the
inter-frame region match set RM are computed using the proposed region matching
scheme. In far-field scenes, textured regions are usually smoothed out by distance and
agglomerated into large color coherent regions, so both the color-based CSC segmen-
tation algorithm and the proposed region matching scheme work very well, as Fig. 1b
shows. SIFT features are detected on each image and their preliminary matches are ex-
amined by MAPSAC (Fig.2a). Fig.2b shows two obvious outlier matches in Fig.2a that
have passed the examination of MAPSAC. As introduced earlier, this problem can be
overcome if the user can provide the true values of the outlier fraction ε and the inlier
identification threshold t. However, in practice the true values of these parameters are
usually unknown and vary for different scenes, and guessed values have to be used in-
stead. So, this ”missing outlier” problem of robust statistics methods can often happens
if the guess is wrong, and other efforts in additional to robust statistical methods such
as the proposed region-based constraints are needed to refine the matches.

We then applied the “Constraint filtering + MAPSAC” scheme to identify outlier
feature matches and estimate the epipolar geometry for this far-field scene example.
Fig. 3(a) shows the mean estimation errors of 100 runs of both the “MAPSAC only”
and the “Constraint filtering + MAPSAC” scheme. It is shown that the “Constraint
filtering + MAPSAC” scheme can achieve lower estimation errors than applying MAP-
SAC alone, and the improvement are more significant for noisy data which correspond
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(a).

(b).

Fig. 2. (a) Inlier matches of SIFT features (connected by green lines) identified by a run of MAP-
SAC with N = 1, 000 trials. (b) The two outliers (connected by red lines) that have passed the
examination of MAPSAC.

to higher SIFT thresholds. To verify that the performance improvement is not purely
due to the drop of matches, we also tested another “Random discarding + MAPSAC”
scheme that randomly discards the same amount of preliminary matches as that of the
outliers that the proposed constraint filtering scheme identifies before going to MAP-
SAC. The performance of this “Random discarding + MAPSAC” scheme is also shown
in Fig. 3(a).

It should be noted that the power of the proposed constraint filtering scheme is not
fully exerted in this example of far-field scenes because there only exist a few outliers in
total in the preliminary SIFT feature matches, which leaves little space for the proposed
filtering scheme to improve upon. Fig. 4 shows another example of a close-range scene
containing repeated structures where the proposed constraint filtering scheme can better
exert its power. The two doors in the scene have the same structure and similar local
texture patterns. The global matching scheme of the SIFT feature detector is easily con-
fused with this kind of scenes of repeated structures. Fig. 3(b) shows the the proposed
constraint filtering scheme can greatly improve the accuracy of the estimated epipolar
geometry for this kind of scenes — it reduced the mean estimation errors (of 100 runs)
by around 50% for different SIFT threshold levels.

5 Discussion and Conclusion

In this paper we propose a set of high-level region-based constraints for refining low-
level image feature matches. We use color image segmentation techniques to extract
coherent regions over a pair of images of the same scene. High-level geometric and
appearance information, in the format of region-based constraints, are extracted from
reliable region matching results. These constraints are used to identify and remove out-
liers of preliminary feature matches before a robust statistical method, MAPSAC, is ap-
plied to estimate the epipolar geometry. Experiments with different applications show
that combining a pre-filtering scheme based on the proposed ownership (spatial) and
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(a) On the far-field scene
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(b) On the “two doors” scene

Fig. 3. Comparison with MAPSAC. (a) Epipolar geometry estimation errors under different SIFT
threshold levels for the far-field scene. (b) Experiment results with SIFT features for the “two
doors” scene — Incorporating the proposed constraint filtering scheme helps reduce the epipolar
geometry estimation errors by around 50% than applying MAPSAC alone for this scene.

appearance constraints with MAPSAC can achieve better performance than applying
MAPSAC alone.

The effectiveness of the proposed constraints relies on the quality of the image
segmentation and region matching results. Since our target application is short-baseline
applications, reliable region matching results can be obtained in most cases. How to
extend the proposed scheme to wide-baseline applications is a possible direction for
future work.
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