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Abstract

making efficient use of the existing information redundancy
in a sequence to derive fast and accurate motion estimates.
It is based on the observation that for a sequence of
N images the global motion of the entire sequence is
parametrised by N − 1 independent motions. However in
this sequence there exist as many as N (N2−1) image pairs
each of which provides a constraint on the global motion.
Moreover the two-view epipolar geometry (i.e. each
constraint) can be estimated very efficiently. Consequently,
we have an over-determined system of equations that can
be “averaged” in a principled and efficient manner by
using the Lie algebra of the representations. Some other
methods for multi-frame motion estimation are [20], [18]
where structure and motion are solved for simultaneously
using a rank-based factorisation technique which usually
require points to be tracked through the entire sequence.
However our method operates on the available information
and does not suffer from this drawback. Also by using
the epipolar geometry between image pairs we eliminate
the dependence on the unknown structure points. By
averaging the available redundancy of motion information
one can enforce global consistency on the solution which is
particularly useful for long or closed sequences. Without
the global consistency that our method automatically
enforces, the inter-frame errors would increase as the
length of the sequence increases. As will be noticed in the
results presented this gives rise to accurate solutions.

While motion estimation has been extensively studied in the
computer vision literature, the inherent information redundancy in an image sequence has not been well utilised. In
particular as many as N (N2−1) pairwise relative motions
can be estimated efficiently from a sequence of N images.
This highly redundant set of observations can be efficiently
averaged resulting in fast motion estimation algorithms that
are globally consistent. In this paper we demonstrate this
using the underlying Lie-group structure of motion representations. The Lie-algebras of the Special Orthogonal and
Special Euclidean groups are used to define averages on
the Lie-group which in turn gives statistically meaningful,
efficient and accurate algorithms for fusing motion information. Using multiple constraints also controls the drift in
the solution due to accumulating error. The performance of
the method in estimating camera motion is demonstrated on
image sequences.

1. Introduction
The development of a variety of geometric methods for
estimating camera motion from video sequences [10] has
been one of the most significant advances in computer
vision. On the one hand, fast algorithms based on algebraic
elimination of the structure variables have been developed
to solve for the geometry of upto four views. However
being restricted to few views, these methods have limited
accuracy. On the other hand, the “optimal method”
based on bundle-adjustment that minimises the distance
between observed feature points and their estimated
reprojections [9, 19] is computationally expensive as it
involves non-linear optimisation of an objective function
that solves for both motion and structure and requires a
good initialisation.

In Sec. 2, we briefly present elementary ideas in Lie group
theory and in Sec. 2.1 an algorithm for averaging elements
of a Lie group is described. In Sec. 3 we describe our
scheme for averaging relative motions to solve for global
motion and present the main contribution of this paper, a
Lie-algebraic scheme for efficiently averaging relative motions. Sec. 4 describes the results of applying this methods
to motion estimation for real image sequences.

The method described in this paper overcomes some of
the above mentioned accuracy-complexity limitations by

2. Lie Groups
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As the requisite background for this paper, in this section
we provide a very elementary, informal introduction to Lie
1

groups. The structure of Lie groups forms the basis of our
averaging method. For an excellent exposition on the use of
Group Theory in Computer Vision, see [12]. A group G is
a set whose elements satisfy the relationships

With a view to the use of Lie algebra for defining an average
later we note that the BCH formula is the intrinsic (Riemannian) distance on the manifold representing the group. For
example, for rotations ω1 and ω2 , BCH(ω2 , −ω1 ) represents the rotation (“distance”) that will take us from ω1 to
ω2 .

X.(Y.Z) = (X.Y ).Z(associativity)
∃X

−1

∃E  X.E = E.X = X(identity)
 X.X −1 = X −1 .X = E(inverse)

2.1. Averaging on the Lie Group
In this section we will describe the notion of an average of elements of a Lie group. It may be recalled
that for a vector space, the sample mean oraverage
N
of a set {X1 , · · · , XN } is given by X̄ = N1 i=1 Xi
which
the variational
N minimiser2 of the “deviation”
N is
2
d
(X
,
X̄)
=
i
i=1
i=1 (Xi − X̄) . However such a notion cannot be applied directly to elements of a group since
a group manifold is not equivalent to a vector space. For
example, the arithmetic average of two rotation matrices is
not necessarily a valid rotation matrix.

A Lie group is a group for which the operations X × Y →
XY and X → X −1 are differentiable mappings. Intuitively, Lie groups can be locally viewed as topologically
equivalent to the vector space, Rn . Thus the local neighbourhood of any group element G can be adequately described by its tangent-space. The elements of this vector
space form a Lie algebra g1 . The Lie algebra g is a vector
space equipped with a bilinear operation [., .] : g × g → g
known as the Lie bracket. The bracket satisfies the relationships

If we view elements of a group G as being embedded in
a real, vector space the sample average is denoted as the
extrinsic average. Here, the group is first embedded in
a Euclidean space φ : G → Rn which induces a metric
on the spaceand the sample average can be defined as
N
φ(X) = N1 k=1 φ(Xk ). However this sample average
is not necessarily an element of the group G and we need
to project it onto the manifold G in an optimal sense,
X̄ = P(φ(X)). An instance of such a projection in
computer vision is the eight-point algorithm [8]. Another
instance of extrinsic averaging is the SVD-based scheme
for averaging rotations presented in [2].

[x, y] = −[y, x] (anti − symmetry)
[x, [y, z]] + [y, [z, x]] + [z, [x, y]] = 0 (Jacobi identity)
All finite-dimensional Lie groups have matrix representations and the bracket in this case is the commutator
operation [x, y] = xy − yx. The Lie algebra and
the associated Lie group are related by the exponential mapping. Thus for matrix representations we have
∞ xk
Hence, for a three-dimensional
exp(x) =
k=0 k! .
rotation by angle ω, we have R(ω) = e[ω]× where
[ω]× is the skew-symmetric matrix representation of ω.
Here R ∈ SO(3) the Special Orthogonal group and
[ω]× ∈ so(3) the associated Lie algebra. Also the inverse
mapping from the Lie algebra to the Lie group exists
and is the logarithm function, i.e. [ω]× = log(R). It is
appropriate to mention here the other Lie group we will
use in this paper, the Special Euclidean Group SE(3)
which represents the Euclidean transformation of rotation
followed by translation. We shall represent elements of this
group by M and elements of the associated Lie algebras
m ∈ se(3).

On the other hand if we define d(., .) as the intrinsic distance between points on a manifold (i.e. the Riemannian
distance) then the “true” intrinsic average can be defined as
µ = arg min

X∈G

For non-commutative Lie groups, the usual exponential relation ex ey = ex+y does not hold. The equivalent mapping
is defined by BCH : g × g → g, i.e. ex ey = eBCH(x,y) .
The mapping BCH(., .) is defined by the Baker-CampbellHausdorff (BCH) formula [21] as a series
1
1
4
BCH(x, y) = x+y+ [x, y]+ [x−y, [x, y]]+O(|(x, y)| )
2
12

N


d2 (Xk , X)

k=1

Here, the intrinsic average is computed by measuring the
Riemannian distance between elements of the group and is
automatically an element of the group G. In general, the
intrinsic average is preferable over the extrinsic average
but is often hard to compute due to the non-linearity of
the Riemannian distance function d(., .) and the need to
parametrise the group manifold G. However as we will
see here, for matrix Lie groups the intrinsic average can
be computed efficiently. For pedagogical purposes, the
method outlined in the remainder of this subsection has
been adopted from [5].
It will be recalled that for matrix groups, the Riemannian
distance is defined by the matrix logarithm operation, i.e.

1 Throughout we shall use capital letters to represent the groups and
small letters to represent Lie algebras
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2.2. Lie Algebras of SO(3) and SE(3)

for matrix group elements X and Y we have 2

In this subsection we state the Lie algebras of the Rotation
and Euclidean groups that we shall use for the motion
estimation algorithms. Any three-dimensional rotation R
is an element of the Special Orthogonal Group SO(3) and
satisfies the constraint RRT = I. The exponential and
logarithmic mappings are given by the familiar Rodrigues
formula [14]. Incidentally, it is of particular interest to note
that the BCH formula for elements of SO(3) has a closed
form expression [17, 3]. For rotations ω1 and ω2 , the BCH
form is given by BCH(ω1 , ω2 ) = αω1 +βω2 +γ ω1 ×ω2 ,
where the scalars α, β and γ are functions of ω 1 and ω 2 .
Consequently in the algorithm for intrinsic averaging
of rotations, we need not compute the logarithms and
exponentials at each iteration. Instead we can directly
work in the Lie algebras till the algorithm terminates which
results in faster computations.

d(X, Y) = || log(YX−1 )||
Using the BCH formula this distance can be approximated
as
d(X, Y)

= || log(YX−1 )||
≈ || log(Y) − log(X)|| = ||y − x||
(4)

where x and y are logarithms of matrices X and Y respectively. Thus we note that the Riemannian distance between
elements of a Lie group is now approximated by the “Euclidean” distance in its Lie algebra, i.e. its a tangent space
approximation. For a set of group elements {X1 , · · · , XN }
N
2
the minimiser of i=1 ||Xi − X̄|| is estimated from the
sample average of the Lie algebra {x1 , · · · , xN }. Given
N
this estimate of the average µ = exp( N1 i=1 xi ) we can
remap the samples by left-multiplying by the inverse of µ.
In other words we have ∆Xi ← µ−1 Xi which loosely
speaking is the residues of the original samples after we
have “subtracted” µ. This operation can be repeated till
the estimate converges to a local minima and can be summarised in the following algorithm.

In turn Euclidean motions, M ∈ SE(3) are represented by
4 × 4 matrices


R t
M=
(5)
0 1
where R ∈ SO(3) and t ∈ R3 are the three-dimensional
rotation and translation respectively. The action of this
transformation is to rotate a point followed by a translation.
The logarithm of M is an element of the the Lie algebra
m ∈ se(3) and is given by


Ω u
m=
(6)
0 0

A1 : Algorithm for Intrinsic Average
Input : {X1 , · · · , XN } ∈ G (Matrix Group)
Output : µ ∈ G (Intrinsic Average)
Initialise : µ = I (Identity)
Do
∆Xi = µ−1 Xi
∆xi = log(∆Xi )
N
∆µ = exp( N1 i=1 ∆xi )
µ = µ∆µ
Repeat till ||∆µ|| < 

where skew-symmetric matrix Ω ∈ so(3) and u ∈ R3 .
Since the exponential map relates m to the matrix M we
have


∞
k
R t
M = exp(m) = k=0 mk! =
0 1
By writing out the series expression one can show that the
following relationships hold

Following arguments in [1] it can be seen that this iteration
is similar in spirit to a gradient-descent algorithm and
always converges to a local minima. Also at every stage of
this algorithm, we are always on the manifold and are never
outside it which is often preferable compared to using an
extrinsic average. Also the first-order approximation of the
sample average is an aspect of the algorithm and does not
affect the location of the convergence point. In passing we
note that one could conceivably use the higher-order terms
of the BCH formula in the estimation at each iteration,
resulting in a more complex formulation that is a better
approximation. However this does not affect the location
of the fixed point.
2 The

R = exp(Ω)
t = Pu
(1 − cos θ)
(θ − sin θ) 2
f or P = I +
Ω+
Ω
2
θ
θ3
where θ =



(7)
T
1
2 tr(Ω Ω).

3. Globally Consistent Motion Estimation
In this section we develop our solution for multi-frame motion estimation. The following analysis applies equally to

norm used here is the Frobenius norm
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FRAME # i
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Mi

FRAME # j

...

the relative motion between the last and the first frame,
resulting in a constraint that would “close” the loop and
cause the errors to be reduced and also be more evenly
distributed along the sequence.

FRAME # N

...
Mj

MN

It may be noted that in Eqn. 8, we are not required to use
every pairwise constraint to get a solution. For extended
sequences, there is seldom any overlap between frames
well separated in time, therefore their relative two-frame
motions cannot be estimated. However we can still get
a consistent solution as long as we have at least N − 1
relative motions.

.

REFERENCE FRAME

Figure 1: The relative motions are estimated from the data.
The global motion with respect to the first frame is estimated by averaging the over-determined set of relative motion constraints.

3.1. Lie Averaging of Relative Motions
The scheme for averaging relative motions is similar in
spirit to the intrinsic averaging algorithm (Algorithm A1)
described in Sec. 2.1. We recall that Mij and therefore
mij are the relative motions estimated from the image data,
and Mk and in turn mk are the global motion models we
want to estimate. Here Mk denotes the motion of frame k
with respect to the first frame. Starting from the constraint
Mij = Mj Mi −1 , by applying the first-order approximation to the Riemannian distance given in Eqn. 4, we have
Mij = Mj Mi −1 ⇒ mij = mj − mi since m = log(M).
Now the matrices m can be described by 3 or 6 parameters for m ∈ so(3) and m ∈ se(3) respectively. If we arrange these parameters in the form of a column vector, say
v = vec(m) (where vec(.) returns a column of parameters extracted from the input matrix), the same relationship
holds, i.e. vij = vj − vi . If we stack all the column vectors for the global motion model into one big vector V we
have V = [v2 ; · · · ; vN ]. Given this unified vector representation for the global motion model, we have the following
relationship

both rotation and Euclidean motion estimation and a linear
solution for this formulation was described earlier in [7].
For N images, the globally consistent motion can be described by N − 1 motions. In general, we pick the first
image as the reference frame and the rest of the sequence
is estimated with respect to this reference frame. We denote the motion between frame i and the reference frame
as Mi , and the relative motion between two frames i and
j as Mij , where Mij = Mj Mi −1 . This relationship captures the notion of “consistency”, i.e. the composition of
any series of transformations starting from frame i and ending in frame j should be identical to Mij (See Fig. 1).
Due to the presence of noise in our observations the various
transformation estimates would not be consistent with each
other. Hence Mij = Mj Mi −1 , where Mij is the estimated
transformation between frames i and j. However we can
rewrite the given relationship as a constraint on the global
motion model {M2 , · · · , MN } which completely describes
the motion3 . Since in general we have upto N (N2−1) such
constraints, we have an over-determined system of equations.
Mj Mi −1 = Mij , ∀i = j

Mij
⇒ vij

(8)

where the variables on the left-side are unknowns to be
estimated (“fitted”) in terms of the observed data Mij on
the right. Intuitively, we want to estimate a global motion
model {Mi } that is most consistent with the measurements
{Mij } derived from the data. Thus the errors in individual
estimates of Mij are “averaged” out which is very useful
for long and/or closed loops where usually the solution
drifts off due to accumulated error. Consider the scenario
where the last frame in a sequence is close to the first
frame. In a conventional method, the errors between
adjacent frames would accumulate causing large errors.
But in our framework, we can incorporate an estimate of

⇒ vij

= Mj Mi −1 ⇒ mij = mj − mi
= vj − v i


··· − I···I··· V
=

=Dij

(9)
where I denotes an identity matrix of dimensions Ndim ×
Ndim (where Ndim = 3 or 6). Dij is a matrix of size
Ndim × (Ndim × N − 1) with matrices −I and I at positions i and j respectively and acts as an “indicator” matrix
for the frames i and j. In other words, applying Dij to the
vector V picks out vi and vj and returns vj −vi . Now Eqn. 9
denotes a single relative motion in terms of the global motion model. However we need to combine all the available
relative motions into a single set of equations. Thus, for

3 The first image being the reference frame, M is an identity transfor1
mation
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a given set of relative motion observations {Mij }, we can
stack all the relative motion vectors vij into one big vector
Vij = [vij1 ; vij2 ; · · · ] where ij1, ij2 etc. denote different
relative motion indices. Similarly all the indicator matrices
can be stacked into one big matrix D = [Dij1 ; Dij2 ; · · · ]
leading to the following unified representation

Mj Mi −1
; DV
⇒V

iterations. Depending on the length of the image sequence
(i.e. N ranging from 5 to 20), the method converges in
2 − 5 iterations in our experiments. The computational time
is typically a fraction of a second for these experiments.
It should be noted that the number of iterations required
would also depend on the amount of noise in our observations since highly noisy image data would imply that
the relative motions would have large scatter and it would
require longer for the estimated average to converge.

= Mij
= Vij
= D† Vij

Two important issues (i.e. robustness and weighted estimation) not dealt with in this paper can be easily incorporated
into both the algorithms explained above. The quality of
our solution can be used to identify input elements (Mij ’s)
that are erroneous and need to be eliminated from the
computation. Also in the case where relative weights are
available for individual observations, we can directly incorporate them into the algorithm to reflect our confidence
in each individual Mij . For example, in algorithm A2,
multiplying both sides of the last equation in Eqn. 9 by a
given weight would result in a weighted average estimate.

(10)
where D† represents the pseudo-inverse operation,
−1
D† = (DT D) DT . It should be noted that for a given set
of relative observations, the matrix D is fixed implying that
D† needs to be computed only once.
Now similar to the scheme for averaging group elements
in Sec. 2.1 one can develop an iterative scheme whereby at
each step, we linearly approximate the global motion and
update the current estimate from the observed motion values to improve the estimate. This can be repeated till convergence resulting in the following algorithm

Noise
0.5
1.0
1.5
2.0
2.5

A2 : Algorithm for Motion Averaging
Input : {Mij1 , Mij2 · · · , Mijn } (n relative motions)
Output : Mg : {M2 , · · · , MN } (N image global motion)
Set Mg to an initial guess (Linear solution in [7])
Do
∆Mij = Mj −1 Mij Mi
∆mij = log(∆Mij )
∆vij = vec(mij )
∆V = D† ∆Vij
∀k ∈ [2, N ], Mk = Mk exp(∆vk )
Repeat till ||∆V|| < 

Lie-Average
Error Flops (×106 )
0.22
1.40
0.50
1.41
0.75
1.42
0.97
1.43
1.19
1.43

Bundle Adjustment
Error Flops (×106 )
0.10
90
0.17
95
0.25
109
0.35
126
0.43
138

Table 1: Results for 20 points and 5 images averaged over
50 trials; Noise Level is in pixels for 256 × 256 image

Noise

In the above algorithm, for simplicity of notation we have
omitted a few steps which bear mentioning here. The
vector ∆Vij is created by stacking all the relative motion
vectors ∆vij and conversely the vectors ∆vk are extracted
out of the linear estimate ∆V. Also a crucial point to
observe is that our estimation of the residual motions has
the specific form ∆Mij = Mj −1 Mij Mi so as to respect
the non-commutative nature of matrix multiplication. The
astute reader would also notice that a single iteration of
this algorithm would amount to computing the extrinsic
average of the relative motions. However like in the
previous algorithm (A1) here we improve this average by
means of iteratively improving the quality of the first-order
approximation made in using the Lie algebra elements m
to compute the averages. Empirically one can note that
this algorithm converges to a stable point within a few

0.5
1.0
1.5
2.0
2.5

Lie-Average
Error Flops (×106 )
0.20
1.55
0.47
1.56
0.61
1.57
0.77
1.57
0.91
1.56

Bundle Adjustment
Error Flops (×106 )
0.10
853
0.17
908
0.20
996
0.27
1058
0.30
1122

Table 2: Results for 50 points and 5 images averaged over
50 trials; Noise Level is in pixels for 256 × 256 image

4. Experimental Results
In this Section we describe a comparison of the Lieaveraging scheme with bundle-adjustment and demonstrate
the results of motion estimation using our method on two
5

real image sequences.

improve the accuracy of the geometry estimates, we wish
to get more feature correspondences between image pairs.
This is achieved in the following manner by using epipolar
geometry to guide the selection of more correspondences.
A corner detector is run on all images and all correspondences between images i and j that confirm closely to
the epipolar geometry of Fij are selected 4 . The epipolar
geometry between images i and j is now updated using
these newly estimated feature correspondences, thereby
increasing the accuracy of the estimates since the guided
matching provides us many more correspondences.

The results of a MATLAB implemented empirical comparison of our algorithm with the optimal reprojection method
that uses bundle-adjustment are summarised in Tables 1
and 2. Feature points were generated for 5 images (within
a 60◦ field-of-view with random motions) and subjected to
varying levels of Gaussian noise (in pixels for an equivalent
image size of 256 × 256 pixels). For the Lie-averaging
algorithm, the inputs of relative motions were computed
using the eight-point algorithm [8]. It may be recalled
that the eight-point algorithm does not provide the scale of
the translation. We choose to fix these scales by using a
linear-fit of the geometries as described in [7]. In the case
of bundle-adjustment, we provide the algorithm with our
Lie-average motion estimate and ground-truth structure as
the initial value. The errors shown are the L2 norm of the
difference in motion estimates for the sequence, i.e. for
ground truth motion Mg and estimated motion Me , the
error is the L2 norm for vec(log(Mg Me −1 )). We prefer
this measure over the usual method of comparing reprojection error since here we are interested in only recovering
the camera motion and our approach is independent of
the object structure. The results summarised are averages
over 50 trials and demonstrate that our approach gives
reasonable results at a fraction of the computational cost of
bundle-adjustment. This becomes more pronounced with
larger number of correspondences since bundle-adjustment
has to minimise over the structure variables whereas our
averaging method is independent of the structure (except
for the marginal cost of the eight-point algorithm). Thus
we can see that our method is in general significantly faster
than bundle-adjustment based motion estimation and can
serve as a good initialisation in the case where a global
bundle-adjustment over structure and motion is preferred.

An estimate of the global motion of the image sequence is
obtained using the algorithm for Lie-averaging described
in Sec. 3.1 (Algorithm A2). Since the sequence is closed,
we also have relative motion estimates between images
towards the end of the sequences and those at the beginning
of the sequence. As a result, our averaging scheme implicitly enforces global consistency on the motion estimate.
As a baseline for comparison, we also chose to estimate
the motion of the sequence by cascading motion estimates between adjacent images, i.e. between image pairs
(1, 2), (2, 3), · · · (35, 36). The results are shown in Fig. 2.
As can be seen in Fig. 2(b) in the baseline estimate, the
translation errors accumulate resulting in significant drift of
the estimate (open loop). On the other hand the translation
estimate using our Lie-averaging scheme is highly accurate
and the circular loop is closed. This is so because the
epipolar geometry between the images at the end of the
sequence and at the beginning of the sequence provides
enough constraints for the loop to be closed. Similarly the
rotation estimate can also be seen to be highly accurate. In
fact, the ground truth for this data set is given as rotation
in steps of 10◦ with a standard deviation of 0.05◦ . Using
our Lie-averaging motion estimation method, we obtain a
rotation average of 10◦ with a standard deviation of 0.1◦
which compares quite well with the ground truth.

The first of our real image experiments is a sequence of 36
images of a toy dinosaur placed on a turntable ( [4]). The
36 images correspond to images taken 10◦ apart (covering
one revolution of the turntable) with a fixed axis of rotation.
The special single-axis geometry of turntables has been exploited to build high-quality 3D models ( [4], [11]). In our
algorithm we do not explicitly use this information of the
sequence but treat it as a general sequence. However given
the high redundancy of relative motion measurements we
can acquire from the sequence we can estimate the camera
motion for this sequence to a high degree of accuracy.

An incidental aspect of this processing is that since we do
not solve for structure anywhere in the estimation, each relative motion estimate has an unknown translation scale, i.e.
epipolar geometry can only solve for translation direction.
However since we are averaging elements of SE(3), we
need to fix the scale which is accomplished in the following
manner. During each iteration of our averaging algorithm,
we use the current estimate of motions to fix the scale of
the corresponding translation measurement, i.e. the scale of
translation for Mij is fixed to be equal to that of Mj Mi −1
where Mi and Mj are the “current” estimates of camera
motions. These scales are updated for each iteration till

Using features tracked over the sequence, we estimate
the epipolar geometry of 231 image pairs. The epipolar
geometry is estimated using the eight-point algorithm [8].
We calibrate the sequence by using a simple technique
for focal length estimation as given in [15]. However, to

4 Since the motion is uniform, we use all correspondences between images that are d images apart to estimate Fij (for |i − j| = d). But these
estimates are only used for guided matching and are thereafter discarded.
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with the viewing direction of each camera indicated. The
length of the line indicates the magnitude of rotation of the
frame with respect to the reference frame. Although we do
not have any ground truth information for this sequence,
a comparison with the result presented in [6] suggests
that this result is reasonably accurate. Any subsequent
refinement of the solution using bundle-adjustment will be
relatively easier due to the good initialisation provided by
our result.
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5. Conclusions

0.5

(a) Recovered Motion

(b) Translation Comparison

In this paper, we have presented a method of averaging relative motion estimates using a Lie-algebraic framework. The
method presented has the flexibility of linearly computing
all possible relative motions and averaging these estimates
in a fast manner. The results presented demonstrate the accuracy that can be achieved using such a Lie averaging algorithm. One obvious use of the Lie averaging idea is for
fusing information derived from different sensors. Another
area of application is robotic path estimation where often
the error drift needs to be corrected in the case of long sequences that may have closed loops. In fact, the averaging
method outlined here is similar in spirit to [13] and is a wellmotivated method of globally consistent motion averaging.

Figure 2: (a) shows the estimated motion with the viewing
direction of each camera indicated (not to scale). (b) shows
the accuracy of the translation estimate in comparison with
the drift in the baseline estimate.

convergence 5 . Also the algorithm is initialised with an
estimate obtained using the linear method described in [7].
In our second experiment, we show the result of applying
our averaging technique to the Castle sequence used
in [16, 6] (Fig. 3(a)) of which 23 images were used. The
focal length of the sequence was estimated using the
calibration technique of [15] 6 . We use the gradient-based
epipolar geometry method in [22] to derive the estimates
of relative motion between images of this sequence. As a
preprocessing stage, using the method in [7] we linearly
solve for camera motion for triplets of adjacent images
and measure the accuracy of fit. The accuracy of this fit is
used to eliminate frames of poor quality, i.e. those frames
that are either too close to other frames or ones that have
bad epipolar geometry estimates. If required these frames
could be incorporated later into the sequence using camera
resectioning but is not carried out in this work. Subsequent
to this frame elimination there is no further preprocessing
involved. All the reliable estimates of relative motion are
averaged using the Lie-averaging method to solve for the
global motion.
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