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ABSTRACT

Camera trajectory estimation, which is closely related to the
structure from motion computation, is one of the fundamen-
tal tasks in computer vision. Reliable camera trajectory es-
timation plays an important role in 3D reconstruction [1],
self localization [2], and object recognition [3]. There are
essential issues for a reliable camera trajectory estimation,
for instance, choice of the camera and its geometric projec-
tion model, camera calibration, image feature detection and
description, and robust 3D structure computation.

Most of approaches [4, 5, 6] rely on classical perspec-
tive cameras because of the simplicity of their projection
models and ease of their calibration. However, classical per-
spective cameras offer only a limited field of view, and thus
occlusions and sharp camera turns may cause that consec-
utive frames look completely different when the baseline
becomes longer. This makes the image feature matching
very difficult (or impossible) and the camera trajectory es-
timation fails under such conditions. These problems can
be avoided if omnidirectional cameras, e.g. a fish-eye lens
convertor [7], are used. The hardware which we are using
in practice is a combination of Nikon FC-E9 mounted via a
mechanical adaptor onto a Kyocera Finecam M410R digital
camera. Nikon FC-E9 is a megapixel omnidirectional add-
on convertor with 180° view angle which provides images
of photographic quality. Kyocera Finecam M410R delivers
2272x 1704 images at 3 frames per second. The resulting
combination yields a circular view of diameter 1600 pixels
in the image.

Since consecutive frames of the omnidirectional camera
often share a common region in 3D space, the image feature
matching is often feasible. On the other hand, the calibra-
tion of these cameras is non-trivial and is crucial for the
accuracy of the resulting 3D reconstruction. We calibrate
omnidirectional cameras off-line using the state-of-the-art
technique [8] and Micusik’s two-parameter model [7], that
links the radius of the image point r to the angle # of its cor-
responding rays w.r.t. the optical axis as § = . After a
successful calibration, we know the correspondence of the
image points to the 3D optical rays in the coordinate sys-
tem of the camera. The following steps aim at finding the
transformation between the camera and the world coordi-
nate systems, i.e. the pose of the camera in the 3D world,

using 2D image matches.
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For computing 3D structure, we construct a set of ten-
tative matches detecting different affine covariant feature
regions including MSER [9], Harris Affine, and Hessian
Affine [10] in acquired images. These features are alterna-
tive to popular SIFT features [11] and work comparably in
our situation. Parameters of the detectors are chosen to limit
the number of regions to 1-2 thousands per image. The de-
tected regions are assigned local affine frames (LAF) [12]
and transformed into standard positions w.r.t. their LAFs.
Discrete Cosine Descriptors [13] are computed for each re-
gion in the standard position. Finally, mutual distances of
all regions in one image and all regions in the other image
are computed as the Euclidean distances of their descrip-
tors and tentative matches are constructed by selecting the
mutually closest pairs.

Opposed to the methods using short baseline images [6],
simpler image features which are not affine covariant can-
not be used because the view point can change a lot between
consecutive frames. Furthermore, feature matching has to
be performed on the whole frame because no assumptions
on the proximity of the consecutive projections can be made
for wide baseline images. This is making the feature detec-
tion, description, and matching much more time-consuming
than it is for short baseline images and limits the usage to
low frame rate sequences when operating in real-time.

Robust 3D structure can be computed by RANSAC [14]
which searches for the largest subset of the set of tentative
matches which is, within a predefined threshold e, consis-
tent with an epipolar geometry [1]. We use ordered sam-
pling as suggested in [15] to draw 5-tuples from the list
of tentative matches ordered ascendingly by the distance
of their descriptors which may help to reduce the number
of samples in RANSAC. From each 5-tuple, relative orien-
tation is computed by solving the 5-point minimal relative
orientation problem for calibrated cameras [16, 17].

Often, there are more models which are supported by
a large number of matches. Thus the chance that the cor-
rect model, even if it has the largest support, will be found
by running a single RANSAC is small. Work [18] sug-
gested to generate models by randomized sampling as in
RANSAC but to use soft (kernel) voting for a parameter in-
stead of looking for the maximal support. The best model
is then selected as the one with the parameter closest to the
maximum in the accumulator space. In our case, we vote
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in a two-dimensional accumulator for the estimated cam-
era motion direction. However, unlike in [18], we do not
cast votes directly by each sampled epipolar geometry but
by the best epipolar geometries recovered by ordered sam-
pling of RANSAC. With our technique, we could go up to
the 98.5 % contamination of mismatches with comparable
effort as simple RANSAC does for the contamination by
84 %. The relative camera orientation with the motion di-
rection closest to the maximum in the voting space is finally
selected.

As already mentioned in the first paragraph, the use of
camera trajectory estimates is quite wide. In [19] we have
introduced a technique for measuring the size of camera
translation relatively to the observed scene which uses the
dominant apical angle computed at the reconstructed scene
points and is robust against mismatches. The experiments
demonstrated that the measure can be used to improve the
robustness of camera path computation and object recog-
nition for methods which use a geometric, e.g. the ground
plane, constraint such as does [3] for the detection of pedes-
trians. Using the camera trajectories, perspective cutouts
with stabilized horizon are constructed and an arbitrary ob-
ject recognition routine designed to work with images ac-
quired by perspective cameras can be used without any fur-
ther modifications.
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