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ABSTRACT

We present a new motion estimation framework and apply
it to omni-directional imagery. Our method estimates
motions incrementally using an Implicit Extended Kalman
Filter (IEKF). Each individual feature provides partial
information about the camera motion. The motion
estimate is incrementally improved as each feature is
processed, similar to the SCAAT approach. The SCAAT
method was developed for calibrated features and full
6DOF-pose tracking whereas our method estimates 5SDOF
trandation and rotation motions concurrently from
uncalibrated features based on the rigidity and the depth
independent constraints. The main difference of our
method from others is the combination of a recursive
estimation framework in an |[EKF and the constraints used
in motion estimation.

1. INTRODUCTION

We capture panoramic views in a single image using an
omni-directional camera. It is well known that motion
estimation using a perspective camera presents difficulty
distinguishing between motions generated from a small
pure trandation and a small pure rotation [2]. This
confusion no longer exists with the large field of view
achieved by omni-directional cameras. Researchers have
developed these methods for estimating motions using
omni-directional cameras. Gluckman and Naya showed
three algorithms, each developed for planar perspective
cameras, applied to projections from omni-directional
images [3]. Svoboda applied an 8-point algorithm to
estimate motions from omni-directional images [8]. Even
with the lower resolution of omni-directional images than
that of traditional perspective images, the motion
estimation methods using omni-directional cameras
overcome problems associated with traditional perspective

cameras and often result in better accuracy than methods
using perspective cameras.

We developed a new motion estimation method for
omni-directional images that offer some advantages over
previously mentioned methods. The presented method
estimates motions incrementally using the 1EKF. Each
individual feature provides partial information about the
camera motion.  We incrementally improve motion
estimates with each feature as in the SCAAT method [12].
However, the SCAAT method was developed for
calibrated features and full 6DOF-pose tracking. Our
method estimates 5DOF trandlation and rotation motions
concurrently from uncalibrated features based on the
rigidity and the depth independent constraints. The depth
independent constraint is originally introduced by Bruss
and Horn [1] and modified for the spherical motion field
by Gluckman and Nayar [3]. The main difference of our
method from previously mentioned approaches is the
combination of the recursive estimation framework
adapted from the |EKF and the constraints used in motion
estimation.

2.MOTION ESTIMATION

An omni-directional camera projects the 360-degree view
of the world to asingle 2D image. 3D world points can be
mapped to points on the unit sphere, creating the spherical
projection [11]. The mapping function depends on the
mirror and optics used in an omni-directional camera.
Few mapping functions can be found in [3].

A point P inthe 3D world is represented as apoint p on
the unit sphere using the spherical projection
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The motion of a 3D point P relative to a moving camera
can be represented as the instantaneous velocity of P
translating along an axis T and rotating along an axis Q.



P=-T-QxP (2)

The motion field equation is derived using the
derivative of the spherical projection (Equation 1) with
respect to time and substituting it into Equation 2. The
derived velocity vector equation at point p is

U(p)=

Gluckman and Nayar remove a depth from the velocity
vector and derive the depth independent constraint [3]

T+ (px{U+(@xp))=0. (4)

We estimate trandation and rotation motions
concurrently from the set of motion vectors U; measured at
points p,. The measurements of both U; and p; are
assumed to contain some error, which we model as
Gaussian, white and zero-mean noise.

G=p+tn n DN(O'Z n )’ (5)
g =U, +n (6)

A trandation velocity T is represented as a=[6,d", a
point on the unit sphere: @isthe azimuth angle and gisthe
elevation. An axis Q is represented as three parameters,
Q. Qy, and Q,. We derive a nonlinear implicit dynamic
system in Equation 7 based on the depth independent
constraint and noise measurements.

(T(a)* D(p,U,Q)=0
O (7)
M =ptn
T and Q are unknown parameters in the above system,
which is subject to three constraints. First, T(a) is the
point on the unit sphere. Second, the parameters T and Q

have to evolve in such a way that measurements U satisfy
the "a-posteriori” dynamics,

T(a) D(a,,q;,Q) =1 ()
where fi is a residual noise from a measurement noise n.
The last constraint is called "a-priori" dynamics. T and Q
are not changing arbitrarily. They have to follow the
model described by the application. We use simple

statistical model, the first order random walk described in
Equation 9 because we lack a mechanical model.

(.(a)=a
@)-a ©

We derive a discrete dynamic model for the unknown
parameters by applying the constraints in Equation 10.

w(t+1)=f,(a{t)+n, ()
lt+1)= £, (0t) +na) ()
H(a.a,,4,9)=T(a)- D(g,q,0)=7

;((T p)p-T)-Qxp. (3)

We use Equation 10 to derive equations for the EKF.
The only difference is the measurement equation, which is
implicit in our approach.

M easurement update (" correction") step
DX (t+1]t+2)= X(t+1]t)+
Lt +2)G(alt+11t).a (t +D).q/t +1). Qft +11t))
EP(t +1|t+1)=B(t +1)P(t +1|t)B" (t +2) +
H LEt+1)DE+1)R{t+2)D" (t +2)L" (t +1)

where
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and R is the covariance matrix of the measurement error.

There are several advantages in our approach over
previously mentioned methods. Since the filter
incrementally improves the estimation with each
individual feature, the presented method generates
estimates more frequently and with lower latency than
other estimation methods. It also does not require special
cases when there are not enough features to fully constrain
the motion estimate. Any number of features (>1) tracked
between two consecutive frames will refine the pose
estimate. If the features are corrupted by independent
noise, then incorporating them independently can offer
improved filtering over the methods that use all tracked
feature concurrently.

Most motion estimation methods use all tracked
features from two consecutive images once. We can use
the same set of features more than once to improve
estimates. Each new estimate depends on the prior state
and the measurement quality of an individual feature. We
improve the motion estimate from the initial state by using
all tracked features independently for the first iteration.
The result of the first iteration is used as the initial state
for the second iteration where we again use the same set of
features. In processing each feature, only the initial state
differs from the previous iteration. Iterating with the same
set of features produces improved final motion estimates
because of the better initial estimate obtained from the
previous iteration. lterations continue until the estimate
converges. The number of iterations needed depends on
the number of available tracked features. We typically
iterate five times with 20-40 tracked features from two
consecutive images. This iteration capability is very
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Figure 1. Estimating a motion using an individual
feature. The solid line and the dashed line with "+"
indicate the average and the standard deviation
respectively. (a) The angular deviation of
translation motions (b) The difference between the
correct and estimated rotation angles.
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Figure 2. Motion estimates for general camera
motion. (a) The angular deviation of translation
motions (b) The angular difference of rotation
angles.

important since 2D feature tracking is one of the
computationally expensive processes in motion estimation
systems. We can generate valid estimates with fewer
tracked features using the iteration procedure.  For
example, the estimate generated by two iterations of 50
features is very similar to the estimate generated with one
iteration of 100 features.

3. SIMULATION

Simulation results show the presented method is robust
and flexible. Since we use a Kalman filter, we need an
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Figure 3. With only one tracked feature, useful
motion estimates are still obtained.
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Figure 4. Motion estimation of near pure rotation. (a)
The angular deviation of rotation axes (b) The angle
difference of rotation angles.

initial estimate. For the following simulations, the initial
estimate errors are 90 and 45-degrees. The rotation is
modeled as a rotation axis and a rotation angle about that
axis. Trandation errors are represented as an angular
deviation between the correct and estimated translation
directions. Rotation errors are represented as an angular
deviation between the correct and estimated rotation axes
and an angle difference between the correct and estimated
rotation angles. When we estimate motions for the
streams of images, the correct and estimated absolute
camera orientations are compared for each image. The
absolute orientations are computed by integrating the
rotation estimates between all prior images as well as the
current image pair. The simulations using the streams of
images show accumulation errors.

The simulation is based on features distributed in a 2m
sguare room with the omni-directional camera located at
the center. In the first simulation, we demonstrate how
each successive feature contributes to the overall estimate.
A hundred features are generated between two consecutive
images and used twice to estimate motions. The applied
motion is a 2cm trandlation and a 3-degree rotation about
the up-axis. Gaussian white noise with 1-pixel standard
deviation is added to the projected feature positions. The
simulation is executed a hundred times. The average and
the standard deviation of trandation errors are
approximately 5 and 2.5-degrees respectively.  For
rotation axes, the average error is 2.4-degrees and the
standard deviation is 1.2-degrees. The average and the



standard deviation of rotation angle errors are 0.15 and
0.07-degrees respectively.

In the second simulation, we tracked 40 features
between two consecutive frames. The applied motion is a
2cm/frame trandation and a sinusoidal rotation of 3-
degree maximum about the up-axis. We start the
simulation from an initial estimation that is about 90
degrees apart from the correct trandlation direction and
rotation axis. Gaussian white noise with 1-pixel standard
deviation is added to simulate tracking error. The results
are presented in Figure 2 showing that only a few frames
are needed to converge to a nearly correct motion.

The third simulation demonstrates that the new method
can dtill estimate motions even with only one tracked
feature between two consecutive frames, under the
assumption that the motion is constant over the long
sequence. This single tracked feature is randomly selected
for each image pair. The applied motion is a pure
trandation of 2cm/frame. The initia estimate is aimost
45-degrees from the correct translation vector. The result
in Figure 3 describes that the estimate slowly converges to
the correct value. Clearly, varying motions cannot be
estimated with only one tracked feature because it is
severely underconstrained. However, even a single
tracked feature can yield a useful improvement in our
approach.

In the last simulation, we demonstrate that the new
method can estimate rotations correctly even with very
small trandation motions. Some motion estimation
methods estimate trandations first and then rotations.
These methods often produce errors for motions close to a
pure rotation since the trandation estimates are error
prone. The simulation in Figure 4 shows that small
trandations do not cause problems in our method even if
we use the depth independent constraint that is strongly
dependent on the trandation direction. The motion for
Figure 4 is a 3-degree rotation about the up-axis with a
small translation motion.

4. CONCLUSION

We combine several ideas in a novel fashion to achieve
stable 5DOF camera motion estimates for omni-directional
cameras. Our estimation framework uses an |EKF that
processes each input feature sequentially. A novel
characteristic of this approach is its ability to reuse the
feature motions obtained for a single video frame to
improve the motion estimate. To the best of our
knowledge, the whole idea of incremental 5DOF motion
estimation is a new approach to this problem. Its use with
omni-directional imaging appears particularly appropriate
given the stability and robustness of the results obtained,
even in the case of relatively pure rotations that create
difficulties for some methods.
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