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Abstract

The cheirality constraint, which requires that re-
constructed point correspondences lie in front of the
cameras, has not typically been integrated into tradi-
tional RANSAC-based pose estimators. We have de-
veloped a new RANSAC-based relative pose estimator
which incorporates the cheirality constraint not only
to preempt invalid epipolar geometry hypotheses, but
also as a criterion in identifying inliers for image fea-
ture correspondences. Because the application of the
cheirality constraint is tightly related to the estimation
of epipolar geometry, integrating them inside RANSAC
can prevent inliers being falsely identified as cheirality
outliers. The result is a more consistent and stable es-
timation which leaves denser feature correspondences
for subsequent processing. Experimental comparison
between the usual RANSAC-based approach and the
proposed approach is performed.

1. The Relative Pose Problem

The relative pose problem requires estimation of
valid camera configurations based on correspondences
from 2 or more images of the same scene. The geo-
metric foundation of this problem is the epipolar geom-
etry - the geometry between two different viewpoints
in which the fundamental matrix F or the essential ma-
trix E is estimated from image feature correspondences.
The relative pose between the two viewpoints can fur-
ther be derived from the estimated fundamental matrix
F up to a projective distortion or from the estimated
essential matrix E up to a Euclidean scaling. Widely
used algorithms for estimation of the fundamental ma-
trix F include the traditional 8-point algorithm [6] and
its variant the 7-point algorithm [4].

For calibrated cameras we can assume the intrin-
sic parameters are determined beforehand via a sepa-
rate camera calibration process. The camera matrix K
can be assumed to be known a priori and time-invariant.
Given K, the essential matrix E can be computed from

the fundamental matrix by E = KT FK. Another way
to compute E is to normalize the coordinates of the fea-
ture points first based on K, then estimate E from five
normalized point correspondences [1].

With E computed, one can treat the first viewpoint
as the origin of the system and write its pose simply as
P1 = [I|0], where P1 is a 3x4 matrix and I is the 3x3
identity matrix, and then recover the relative pose of the
second viewpoint P2 = [R|t] from E. Here P2 is a 3x4
matrix, R is 3x3 rotation matrix and t is a 1x3 vector
representing the translation between the two viewpoints
(i.e. the baseline). As described in [7], this is done by
first computing an SVD decomposition of E, which will
produce four possible solutions for the relative pose of
the second view, but only one of them is correct. The
ambiguity of the solutions can be removed by apply-
ing the cheirality constraint, i.e. the fact that the scene
points corresponding to the image feature points should
be in front of both cameras [3].

2. Pose Estimation and Cheirality
In practice initial correspondence data are frequently

noisy and contaminated by outliers (i.e. false fea-
ture correspondences). Least squares estimation of the
epipolar geometry (F or E) over all correspondences
does not work well in this case since outliers will have
disproportionate influence, instead a robust estimation
algorithm has to be used. One such estimator widely
used to estimate the epipolar geometry is RANdom
SAmple Consensus (RANSAC) [2].

RANSAC is based on the hypothesis-and-test archi-
tecture and was first used to estimate the epipolar ge-
ometry by Torr and Murray [10]. First, a hypothesis of
the epipolar geometry is generated from a sample of the
minimum number m of data points (i.e. image feature
correspondences) randomly selected from a total of N
data points. The size of the subset, m (m < N ), de-
pends on whether the system is estimating F or E, and
which approach (hypothesis generator) is used to com-
pute it. For example, m = 7 if the 7-point algorithm
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geometry (F or E);
(b) Check the cheirality of the sample points. If

points disagree on cheirality discard hypothesis,
goto (a). Otherwise record the cheirality of the
sample/hypothesis CH .

(c) Reconstruct all the correspondences and for
each reconstructed point compute the reprojec-
tion error: e2

i =
∑

i(d(p1, p̂1)2 + d(p2, p̂2)2)
where d is the Euclidean distance in the im-
age between the original correspondence points
(p1, p2) and the projections of the reconstructed
point (p̂1, p̂2).

(d) Count the number of points with distance ei

less than some threshold T . These points are
regarded as inliers consistent with the epipolar
geometry hypothesis.

(e) For each inlier, we check its cheirality Ci. If
Ci = CH , it’s an inlier consistent with the hy-
pothesis in both epipolar geometry and cheiral-
ity. Record the number of cheirality-verified in-
liers.

3. Select the largest refined inlier set consistent with
its generating hypothesis in both epipolar geometry
and cheirality.

4. Use all the refined inliers to re-estimate the epipolar
geometry (F or E).

5. Derive E from F (if necessary), and re-compute the
relative motion [R, t] from the re-estimated E.

In Chum’s scheme [8] the cheirality constraint is ex-
pressed in the oriented projection geometry framework
[9] and is integrated with the epipolar geometry into the
so-called oriented epipolar constraint [13]. In contrast,
Torr and Nister describe their work in the traditional and
popular epipolar geometry framework. For generality
considerations, we use Nister’s approach [7] to evaluate
the cheirality of the correspondences. Given an esti-
mated E, the cheirality Ci of a correspondence has four
possible configurations: [Ra|tu], [Ra|−tu], [Rb|tu] and
[Rb| − tu] where Ra = UDV T and Rb = UDT V T ;
[U,Σ, V ] = svd(E) with det(U) > 0 and det(V ) > 0;
D is a predefined matrix and tu is the third column of U .
The selection of the cheirality is done by reconstructing
the correspondence first, and then performing a series
of checks on combinations of the 3D point coordinates
(see [7] for details).

4. Experimental Results

We tested the proposed pose estimator on several
well-known wide-baseline stereo pairs and on imageries
from real outdoor robot navigation applications. We
used the normalized 8-point algorithm [5] on SIFT fea-
tures as the hypothesis generator for RANSAC. The

(a) Valbonne.

(b) Leuven.

(c) An outdoor mobile robot navigation imagery.

(d) Another outdoor mobile robot navigation imagery.

Figure 1. Inliers identified by standard
RANSAC pose estimator (left side) and
the proposed approach (right side). Our
approach generates a larger inlier set in
(a), (c) and (d), while in (b) both ap-
proaches generate the same inlier set.

number of RANSAC trials is set to 500, and the re-
projection error threshold for identifying inliers is set
to 1.2 times the mean reprojection error of the 8 points
that generate the hypothesis. The focal length of the
camera is set to 255 if its true value is unknown. Fig.1
shows the inliers identified by Torr’s standard approach
(i.e. RANSAC with post-processing on cheirality [11])
and by the proposed approach. The standard approach
mistakenly identifies some inliers as cheirality outliers
because it does not consider the epipolar geometry and
the cheirality constraint coherently. The proposed ap-
proach can alleviate this problem and often finds more
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(a) Standard RANSAC.
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(b) RANSAC with cheirality.
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(c) Robot pose estimate.
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(d) Inlier difference per frame.

Figure 2. (a) Route estimate using stan-
dard RANSAC approach. (b) Route esti-
mate using proposed approach. Frame
to frame distance in both (a) and (b) is
scaled by distances from the robot GPS.
(c) Ground-truth GPS route. (d) Increase
in inliers for the proposed approach over
standard RANSAC at each frame pair.

inliers than does the standard approach.
We also test the proposed approach on a short video

sequence from a real outdoor mobile robot navigation
application. The video has 71 frames recorded by a
camera mounted on a mobile robot while the robot goes
along an outdoor path. The camera is pre-calibrated so
the camera matrix K is known. RANSAC parameters
are the same as in the above experiments. Fig.2(a-c)
shows the estimate of the robot’s route using the stan-
dard approach and the proposed approach respectively,
and the ground-truth route (from GPS device mounted
on the robot). The routes in Fig.2(a,b) are computed
from a concatenation of the robot’s local pose estimates
scaled by absolute frame to frame distance from GPS.
Both computed routes are very close to the ground-truth
and both are good candidates for later global adjustment
(e.g. bundle adjustment). However, statistics in Fig.2(d)
shows the proposed approach also generates more in-
liers than does the standard approach in 24 of the 70
frame pairs. The average increase over all frame pairs
is 1.73% and the maximum increase is 10.61%.

5. Conclusions

In this paper we propose a new RANSAC-based rel-
ative pose estimator that integrates the cheirality con-
straint in the estimation of the epipolar geometry. This
integrated approach can produce a lager and more con-
sistent inlier set with respect to both the epipolar ge-

ometry and the cheirality constraint, which is useful for
higher-level applications based on dense feature corre-
spondences. This is demonstrated by our experimental
comparison between a standard approach and the pro-
posed approach where we observe an average 1.73%
increase in inliers.
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