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University of Tübingen, WSI/GRIS

ABSTRACT

Orientation estimation based on image data is a key technique in
many applications. Robust estimates are possible in case of om-
nidirectional images due to the large field of view of the camera.
Traditionally, techniques based on local image features have been
applied to this kind of problem. Another very efficient technique is
to formulate the problem in terms of correlation on the sphere and
to solve it in Fourier space. While both methods claim to provide
accurate and robust estimates, a quantitative comparison has not
been reported yet. In this paper we evaluate the two approaches
in terms of accuracy, image resolution and robustness to noise by
comparing the estimated rotations of virtual as well as real images
to ground-truth data.

Index Terms — image registration, omnidirectional vision,
orientation estimation, scale invariant features, spherical fourier
transform

1. INTRODUCTION

The problem of estimating the ego-motion of a camera based on
image data has been studied extensively over the last years. Typi-
cally, these algorithms have been developed for conventional per-
spective images and were later adapted to different image modal-
ities, such as panoramic images. In various application scenarios,
the use of omnidirectional images is increasingly popular. They
are used, for example, in mobile robotics, scene acquisition as
well as for surveillance systems since the larger information con-
tent inherently present in images with a wide field of view obvi-
ously bears important advantages and panoramic image data may
even be considered the optimal modality for the recovery of ego-
motion [1].

Omnidirectional vision plays an important role in the field of
3DTV: Spherical image data is widely used in applications for
background model acquisition (e.g. for setups like [2]) and in dif-
ferent semi-3D applications like image based rendering or realistic
image based lighting as well as in mixed-reality applications.

Typically, local salient features are detected in the two images.
Examining the correspondences allows for an estimation of quite
large camera motions. For an application on panoramic images
see, e.g., [3]. On a global scale the optical flow can be computed
to extract the motion parameters if the motions are sufficiently
small (differential motions), see e.g. [4].

An orthogonal approach builds on the fact that panoramic im-
ages can easily be mapped onto the unit sphere, which in turn al-
lows for the use of spherical signal analysis. A method of rotation
estimation directly from images defined on the sphere was pre-
sented by Kostelec and Rockmore [5]. Their approach is related
to the method of estimating the relative translational movement

between two planar images by the use of phase correlation in the
Fourier domain (see e.g. [6]). Since these techniques do not rely
on correspondences of local image features they are expected to
be less affected by small changes in dynamic environments and in
contrast to optical-flow methods, they should perform well even if
the images change significantly (i.e., in case of large movements).

In this work we focus on the problem of estimating the rota-
tion R that separates two panoramic images Iref and Irot, corre-
sponding to the relative rotation of the camera. Without loss of
generality, we specifically try to recover the rotation that trans-
forms Iref to Irot

Irot = Λ(R) Iref, (1)

with rotation operator Λ. The most likely rotation R̂ ≈ R can
be found using either of the approaches mentioned above, but un-
fortunately there are no comparative measurements available that
give insight on the performance that is to be expected. Therefore,
we explicitly compare a method that examines correspondences
between image features to a global technique based on correla-
tion. We provide qualitative and quantitative results using real as
well as virtual image data.

In the following, we review these two alternative approaches
to rotation estimation. In Section 2.1 we briefly describe a stan-
dard algorithm based on correspondences between image features
and discuss the correlation based rotation estimation in Section 2.2.
We compare the two methods in terms of speed, accuracy and ro-
bustness to image noise and resolution. Using rendered data of a
photorealistic 3D model as well as real-world data recorded with
a spherical camera system mounted onto a highly accurate pan-tilt
unit we validate both approaches. Results of our experiments and
a discussion of the characteristics and applicability of both meth-
ods is presented in Section 3.

2. ROTATION ESTIMATION

A widely used representation of omnidirectional images is the
so-called “latitude/longitude” or equirectangular projection. This
projection leads to distortions of sizes and shapes, increasing from
the equator to the poles. Compared to other projections, e.g.the
dome projection, it is still a suitable representation for finding cor-
responding features in spherical images. We use this projection as
input to the algorithm described in Section 2.1. In Figure 1 the ef-
fect of rotating a panoramic image can be seen on real and virtual
data.

2.1. Feature based rotation estimation

In the feature based approach correspondences between image
features, extracted from Iref and Irot, are used to calculate the rota-
tion separating the two images. We extract scale, rotation and il-
lumination invariant features in Iref and Irot using the SIFT feature



Figure 1. Examples of the effect of rotating an omnidirectional camera in
a real and virtual scene. Default orientation (left) and rotated around hor-
izontal and vertical axis (right). Note the black areas in the lower images
due to the limited field of view of the camera.

Figure 2. Illustration of SIFT feature points and correspondences (left).
Grid of Euler angles G with highlighted maximum value (right).

detector [7]. As can be seen in Figure 1 the rotation of an omnidi-
rectional camera not only causes variations in position, scale and
orientation of the features, but also locally leads to affine transfor-
mations, that are not handled explicitly by the SIFT feature detec-
tor. Note, that small affine transformations could be handled by
applying a modified variant of SIFT, namely ASIFT ([8]), for fea-
ture detection. This method, however, performed poorly in terms
of speed and robustness compared to the purely SIFT based esti-
mation and was therefore discarded from our experiments section.

In a first step, the feature detector is used to extract a set of
feature points Fref = {v1, . . . , vn} in the reference image Iref

and Frot = {w1, . . . , wm} in the rotated image Irot, respectively.
Then, the feature points in both sets are matched to corresponding
points in the other set according to the minimal Euclidian distance
of the respective descriptors, resulting in two sets of correspond-
ing pairs Cref and Crot . To reduce the possibility of mismatches
of feature points, the final set of correspondences is computed as
the intersection C = Cref ∩ Crot .

Then, the feature points are converted from pixel positions via
spherical coordinates to unit vectors in Cartesian space. Hence, all
vectors lie on the unit sphere and corresponding feature pairs are
separated only by a rotation

wj = Rvi, (2)

with a 3× 3 rotation matrix R. In theory, only two corresponding
feature pairs are needed for the calculation ofR. In practice, how-
ever, the images are corrupted by noise and sampling artifacts.
Furthermore, they suffer from various other defects due to the
applied stitching and/or warping necessary to acquire panoramic
image data. This can lead to mismatched pairs of features that
severely impact the rotation estimation. It is therefore inevitable
to prune outliers and to calculate the best estimate R̂ for R with
the remaining feature pairs. This filtering is performed by apply-
ing the random sample consensus paradigm (RANSAC, [9]) to
rotation estimation:

In each iteration of the algorithm three random feature pairs
from the set C are selected and an estimate R̃ of R is calculated.
Note, that R̃ has to be orthogonalized to assure that it meets the
criteria of a rotation matrix. Using Singular Value Decomposition
(SVD) R̃ can be decomposed into

R̃ = U S V T . (3)

The closest orthogonal matrix is then derived replacing S by the
identity matrix I ,

R̃′ = U I V T . (4)

This rotation, R̃′, is applied to each feature pair ck ∈ C and ck is
added to the set of candidates C̃ if the angular error between wj
and R̃′vi is smaller than a given threshold. If the size of the set
C̃ is larger than the best candidate set Ĉ, then Ĉ is replaced by
C̃. This is done iteratively until a maximum number of iterations
is reached or until Ĉ contains a certain percentage of all feature
pairs.

The set of maximum cardinality Ĉ is now used to calculate
the final estimation of the rotation matrix R̂ by least squares fitting
followed by the orthogonalization procedure described above. An
illustration of the detected feature correspondences can be seen in
Figure 2.

2.2. Correlation based rotation estimation

An omnidirectional image can be considered as a function f(θ, φ) =
f(ω) on the 2-sphere, where θ ∈ [0, π] denotes the colatitude
and φ ∈ [0, 2π) denotes the azimuth. Driscoll and Healy [10]
showed that the spherical harmonic functions Y ml form a com-
plete orthonormal basis over the unit sphere and that any square-
integrable function f ∈ L2(S2) can be expanded as a linear com-
bination of spherical harmonic functions (Spherical Fourier Trans-
form, SFT)

f(ω) =
∑
l∈N

∑
m∈Z,|m|≤l

f̂ml Y
m
l (ω), (5)

where f̂ml ∈ C are the complex expansion coefficients. The spher-
ical harmonic function Y ml of degree l and order m is given by

Y ml (θ, φ) =

√
(2l + 1)(l −m)!

4π(l +m)!
Pml (cos θ)exp(imφ), (6)

with Pml denoting the associated Legendre polynomials. Our in-
put data, the spherical functions f , are defined on a uniformly
sampled equiangular grid. A perfect reconstruction from a 2B ×
2B grid is possible when bandlimiting f to B.

Similar to the phase correlation method on planar images,
Kostelec and Rockmore [5] present a fast method to estimate the
alignment of images defined on the sphere using cross-correlation
as similarity measure. They showed that the correlation between
two omnidirectional images Iref and Irot as a function

C(R) =

∫
S2
Iref(ω) Λ(R)Irot(ω) dω (7)

of rotations can efficiently be evaluated in the Fourier domain.
Here, Λ denotes the rotation operator corresponding to the rotation
R = R(α, β, γ) where α, β, γ are the Euler angles (in ZYZ rep-
resentation) defining the rotation. Further, the spherical harmonic
functions Y ml form an orthonormal basis for the representations
of SO(3) and the SO(3) Fourier transform (SOFT) coefficients



of the correlation of two spherical functions can be obtained di-
rectly by calculating the bandwise outer product (denoted by �) of
their individual SFT coefficients. Taking the inverse SOFT

C(R) = SOFT−1
(
Îref � (Îrot)

?
)
, (8)

where (Îrot)
? denotes the complex conjugate of Îrot, yields the

correlation C(R) evaluated on the 2B × 2B × 2B grid of Eu-
ler angles G and its maximum value ideally indicates the rotation
separating the two images. The accuracy of the rotation estimate
R̂ = arg max(α,β,γ)∈G C(R(α, β, γ)) is directly related to the
resolution of the likelihood grid which in turn is specified by the
number of bands used in the SFT. Given images of bandwidth B,
the resolution of the likelihood grid implicates an inaccuracy of
up to ±( 180

2B
)◦ in α and γ, and ±( 90

2B
)◦ in β. The cubic com-

putational cost when evaluating the grid, in practice, restricts this
method to bandwidths up to B = 256. An illustration of the grid
is depicted in Figure 2.

When acquiring omnidirectional images, typically, the sen-
sors do not cover the whole sphere and the images have limited
support. Huhle et. al [11] show that the spatially normalized cross-
correlation (NCC) of two spherical images can be expanded in
terms of simple correlations and therefore can be computed with
multiple applications of the inverse SOFT transform. In the re-
mainder of the paper we use this function as a similarity measure
when estimating the orientation.

3. EXPERIMENTS AND RESULTS

The evaluation of the two methods was done using Matlab along
with MEX-files as interfaces to C-routines. The feature based
approach makes use of the SIFT for Matlab implementation by
Vedaldi [12]. For the correlation based approach we apply the
SFT and SOFT transforms provided by the S2Kit [13] and SOFT
library [5]. Timings were recorded on a standard quad core ma-
chine using grayscale images. Note, that no further processing
has been performed on the rotation estimates. To account for the
temporal coherence and to compensate outliers and the quantiza-
tion effect of the SOFT based orientation estimates, respectively,
a particle filter could be used, e.g., as described in [14].

We compared the feature based method to the correlation based
technique using sets of virtual, as well as real-world images with
known camera rotations. Using a CAD rendering system based
on global illumination, four synthetic sets of photorealistic im-
ages were generated. Each set corresponds to rotations of −90◦

to +90◦, with increments of 5◦ per frame, around the rotation vec-
tor r, that we set to (1, 0, 0)T , (0, 1, 0)T , (0, 0, 1)T and (1, 0, 1)T ,
respectively. Note, that for all experiments, the image center cor-
responds to the Y axis and the optical axis of the camera is aligned
to the Z axis. To further examine the robustness of the meth-
ods to noise in the input images, white Gaussian noise of dif-
ferent levels was added to the source images (floating point val-
ues in [0, . . . , 1]) after resizing. The real-world images were ac-
quired using a LadyBug2 camera system that we mounted on a
highly accurate pan-tilt unit to control the camera rotation. The
camera system consists of six wide angle cameras covering about
360◦ × 130◦ of the entire sphere and the stitching of the single
XGA-frames is computed in hardware in real-time. Note, that in
this experiment, the camera origin does not coincide with the rota-
tion axis. Therefore, an additional translational movement (up to

ca. 20cm and ca. 50cm in the first and second experiment, respec-
tively) is induced which however does not affect the comparison.
Contrarily, a correct rotation estimate approves a certain robust-
ness to translational movements. Due to mechanical limitations
rotations around the X axis in the real scene #2 could only be
recorded from −65◦ to 65◦.

We evaluated both methods in terms of noise resistance, input
image resolution and runtime requirements. These criteria can
be considered the boundary conditions for a concrete application
and our results presented in Table 1 provide an indication for the
estimation performance that can be expected. Note, that we did
not include the results for rotations around the X axis since the
numbers were very similar to the ones obtained by rotating around
the Y axis. Examining the results of virtual scene #1 and #2 shows
that on noise-free data, both methods perform equally well, with
SIFT outperforming SOFT on higher resolutions and vice versa.

Increasing the amount of noise, the accuracy of the SIFT based
approach degrades very slowly for higher resolutions but quite fast
for smaller input images, whereas the SOFT based method proved
to be very robust to noise even in combination with very low res-
olution input data.

When using the equirectangular projection, rotations around
the optical axis of the camera, as in the virtual scene #3 and real
scene #1, do not distort the image but only cause a circular shift
in image content promoting the feature based technique in such
situations. Here, the quantization effects are very apparent if the
SOFT based approach is used.

Real scene #2 is challenging for both approaches, since due to
the limited support of the camera images (Fig. 1) a great amount
of new image content is introduced.

At first glance the SIFT based approach seems superior in
terms of speed, but looking at specific achievable accuracies both
methods provide comparable runtimes, especially on noisy data
(e.g. comparing the measurements annotated by † and ‡, respec-
tively). Note, that both methods could be optimized by a parallel
formulation of the algorithms running on multiple cores or on the
GPU.

To compare the two methods in respect to their performance
as a function of the rotation angle, we included two plots in Fig-
ure 3 that correspond to virtual scene #1 without adding noise.
The approach based on features exhibits a very good performance
when estimating the rotation of smaller angles and degrades as the
angles become larger; the level of degradation scaling inversely
with the size of the input data. The correlation based approach
shows quantization artifacts that are inherently given by the grid
of Euler angles, the level of accuracy, however, is not affected by
the magnitude of the rotation.
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Figure 3. Detail plots of the single estimates of virtual scene #1 without
additional noise added. The plots show the error in degrees of the SIFT
based approach (left) and of the method using SOFT (right) against the
rotation angle.



Noise Resolution
5122 2562 1282 642

Scene σ SIFT SOFT SIFT SOFT SIFT SOFT SIFT SOFT

Virtual Scene 1, r = (0, 1, 0)T 0 0.203 - 0.585† 0.172 2.146 0.286‡ x 0.875
0.001 0.268 - 0.813 0.169 17.354 0.249 x 1.360
0.005 0.374 - 1.933 0.190 x 0.286 x 2.138
0.01 0.325 - 19.160 0.172 x 0.286 x 5.538

Virtual Scene 2, r = (1, 0, 1)T 0 0.113 - 0.211 0.485 1.236 1.442 x 5.158
0.001 0.157 - 0.327 0.485 39.506 1.256 x 5.158
0.005 0.253 - 1.102† 0.478 27.768 1.254‡ x 5.085
0.01 0.273 - 3.663 0.476 x 1.193 x 5.283

Virtual Scene 3, r = (0, 0, 1)T 0 0.086 - 0.091 0.359 0.109 1.175 x 5.158
0.001 0.097 - 0.097 0.359 1.678 1.175 x 4.606
0.005 0.127 - 0.293 0.359 10.262 1.175 x 4.606
0.01 0.173 - 0.666 0.389 67.719 1.175 x 4.701

Real Scene 1, r = (0, 0, 1)T n/a 3.423 - 4.308† 1.636 5.668 2.104‡ 8.184 4.812

Real Scene 2, r = (1, 0, 0)T ) n/a 13.169 - 14.075 13.856 367.694 11.990 x 7.216

Runtime [sec] 2.93 - 0.79 6.74 0.22 0.71 0.06 0.01

Table 1. Mean squared error (MSE [deg2]) of rotation estimates w.r.t. ground-truth (virtual scenes) and encoder readings of the pan-tilt unit (real scenes).
Experiments where more than 10% of the estimated rotations could not be estimated due the low number of correspondences were considered as failed
and are denoted by “x”. Note, that in case of SOFT, input image resolutions of 5122 or more pixels (corresponding to bandwidths > 128) are technically
possible on 64-bit machines but the memory consumption is rather prohibitive. The runtime is measured using a non-optimized single-threaded Matlab
implementation on a standard quad core machine.

4. CONCLUSION

We presented a comparison of two alternative approaches to ro-
tation estimation on panoramic images. Using virtual as well as
real scenes the performance of a feature based approach versus a
technique based on correlation was evaluated according to accu-
racy, image resolution and robustness to noise. The experiments
showed, that for a given anticipated accuracy both methods are
comparable in terms of runtime. The SIFT based rotation estima-
tion leads to superior estimates on larger input images that con-
tain a low amount of noise while the accuracy turned out to be
inversely proportional to the magnitude of the rotation. On the
contrary, the SOFT based approach is very robust to noise and
performs well, even on very small images. Additionally, it is not
affected by the amount of rotation. Further experiments could be
conducted to evaluate the sensitivity to varying lighting conditions
and changes in the scene.
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