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Abstract

Many parameter estimation problems admit divide and con-
quer or partitioning techniques in order to reduce a high-
dimensional task into several reduced-dimension problems.
These techniques all employ a partition which is de�ned
statically using human understanding of the task. We
present a method for automatically determining an opti-
mum partition of the parameter space using the properties
of the available measurements (their Jacobians). Further,
we show that by dynamically performing this clustering at
each step of the estimation, substantial computational re-
ductions can be achieved, even for problems which cannot
be partitioned in the traditional sense. The technique is ap-
plied to the task of tracking camera motions in real-time and
video sequences are used to compare the complete tracking
system to previous methods.

1. Introduction
High-dimensional search problems are often aided by di-
vide and conquer or partitioning techniques. These hier-
archical approaches determine, in a �rst pass, a subset of
the parameters. Subsequent passes then expand this subset
until the entire set of parameters is computed. The advan-
tage of such techniques is that each pass is presented with
a search problem of reduced dimensionality; for problems
with noisy data this can result in substantial computational
savings. This approach has been applied to both particle �l-
tering [12] and continuous optimisation [13, 17] problems
with great success. However, in these cases, the partitioning
is statically predetermined by the programmer.

In this paper, we present a method for automatically par-
titioning the search space by considering properties of the
Jacobian relating measurements to parameter values. This
yields the additional bene�t that the system can be applied
to problems such as rigid body pose estimation, that do not
admit a constant partitioning of the parameter space. In this
case the system provides adynamicpartitioning which is
locally optimised for current conditions at each time step.

This work is motivated by our need to develop a robust
pose estimation system to be used in the control loop of
a miniature aerial vehicle (MAV). Visual guidance has been
previously used successfully on aerial vehicles such as aero-
planes [17]. Our MAV is an indoor electic four-rotor heli-
copter (shown in Figure 1). In previous work with large

Figure 1: The helicopter and sub-miniature transmitting camera.

model helicopters, e.g. [7], this has been achieved using a
combination of GPS measurements, inertial sensors and vi-
sual information. Our much smaller vehicle has a greatly re-
duced payload capacity (� 10grams). Accurately locating
the vehicle using only the information from a sub-miniature
transmitting video camera is therefore a great advantage.

This task is typical of a class of applications that require
real-time vision-based pose estimation in environments that
are subject to occlusion, illumination changes, image noise,
motion blur and unpredictable disturbances to camera mo-
tion. Computational constraints mean that the con�ict of
obtaining the desired robustness while ensuring real-time
operation remains. We address this issue by showing how
automatic partitioning can be applied to the problem of pose
estimation.

1.1. Previous Work
Encouraging progress has recently been made in SLAM
systems which learn a model of the surroundings whilst si-
multaneously tracking the motion of a video camera [4].
Since the manual creation of models is time consuming,
such systems are very bene�cial. However, where the sur-
roundings are expected to be reasonably static, exploiting
the prior knowledge contained in a model will aid tracking
performance. In particular, model based systems can easily
scale to large environments and are more tolerant of non-
static parts of the image, e.g. humans or vehicles.

A common model-based tracking technique is to match
point-like image features. Often, point features are matched
sequentially from frame to frame [15]. Drift can be elim-
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inated by combining inter-frame matching with precom-
puted keyframes [18], a learnt point model [8] or an edge
model [19]. While point tracking is applicable to a wide
range of problems, the nature of the helicopter's operating
environment, togther with the substantial motion blur and
image noise produced by the sub-miniature camera, mean
that point features are very dif�cult to extract or match at
all but the coarsest of scales.

Other tracking schemes work by matching image edge
features. It is easier to detect edges in the presence of image
noise and blur, and edges are largely invariant to illumina-
tion and aspect changes. However, it is typically dif�cult
to �nd correspondences for image edges based on their ap-
pearance. Hence it is normally assumed that the motion is
small [3, 9, 11, 2] and model edges are matched to the near-
est image edge. However, in areas with a high density of
edges, or where large unpredictable image motions occur,
this leads to false matches. Although robust estimators are
used to tolerate a small number of false correspondences, in
these conditions tracking often converges on an incorrect lo-
cal minimum. It is also possible [13] to work directly with
image intensities rather than �rst extracting edges. How-
ever, the same problems with local minima apply.

For situations with clean data, parameters can usually be
estimated using least squares. Where the data is corrupted
by a few outlier measurements, a robust estimator can be
used [19, 2]. However, if the outlier ratio is too high, a tech-
nique likeRANSAC [15, 3], particle �ltering [10, 5, 16] or
a search through parameter space is required. When track-
ing motion in six or more degrees of freedom (dof), it is
dif�cult to achieve the required robustness in real-time. It
is these cases that can bene�t from partitioning since the
cost of searching is typically exponential in the number of
degrees of freedom.

Partitioned sampling [12] is one way in which the di-
mensionality of the search problem can be reduced in some
applications. In [13] the tracking problem is partitioned
by performing a 2D af�ne tracking stage followed by a
3D re�nement. `Visual Contexts' are used in [17] to par-
tition hierarchically �rst into ground/sky, then road/forest
etc. While these examples all use manually de�ned parti-
tions, a particle annealing scheme is presented in [6] which
automatically exploits some of the bene�ts, without needing
explicit partitions. However, this method suffers from the
limitation that it requires some of the parameter values be
estimated fromall of the measurement data, which makes it
dif�cult to use in the presence of large motion disturbances
or signi�cant clutter. Comparison of these methods is given
in Section 3.3.

1.2. Overview of the Tracking Approach
Here we present an approach which makes use of automatic
partitioning by grouping feature measurements into clus-

ters. Although the space of all possible pose motions may
have a high dimensionality (� 6), the image motion of each
feature will be affected by just a subspace of this param-
eter space. More precisely, there is a parameter subspace
that doesnot affect the position of the feature in the im-
age. By grouping at each frame, trackable features which
share such a subspace, the pose estimation problem can be
decomposed into a number of lower-dimension problems
that can be solved in parallel. The method by which these
clusters are obtained is described in Section 2, both for the
general case and for our speci�c example of edge tracking.
Section 3 shows hows how the solution(s) for each clus-
ter sub-problem can be found and combined to give a ro-
bust solution to the whole pose estimation problem. For our
problem, the complexity is reduced to the point where an
exhaustive search can be used within each cluster in real-
time. We also expect that the bene�ts would apply if other
algorithms were used to solve for each cluster.

2. Clustering
We propose the use of a clustering technique to reduce the
problem of parameter estimation in anN dimensional space
� = f � 1:::� N g. Suppose we haveM one-dimensional er-
ror measurementsd1:::dM and a correspondingM � N Ja-
cobian matrix describing the partial derivatives of each error
with respect to each of the parameters:

Jmn =
@dm
@�n

: (1)

Clustering groups measurements which depend only on a
subspace of the parameter space; hence a cluster is a group
of I rows of J which have rank ofv wherev < N . Al-
though it may appear that such clusters may be infrequent,
a large number of problems exhibit suf�cient internal struc-
ture that all the measurements can be grouped into a small
number of such clusters. Further, the de�nition of a clus-
ter can be weakened to permit clusters that are only ap-
proximately rank de�cient. Thus, the clustering of several
measurements seeks to �nd an common null spaceN of di-
mensionN � v which minimises the changes in error mea-
surement caused by parameter changes within that space.
The largest sum squared error over any unit size parameter
change inN is given by:

e(N ) = max
� 2N

X

i 2C

� T J T
i J i �

= max
� 2N

� T C � 1�

where C � 1 =
X

i 2C

J T
i J i and j� j = 1 : (2)

C � 1 is the inverse covariance matrix andC is the set of
measurements in the cluster. Using this, the optimal com-
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mon null space is:

argmin
N

e(N ) : (3)

This can be found by calculating the SVD ofC � 1 =
UDV T , whereD is a diagonal matrix of descending or-
dered singular values. From eqn. 2 and the properties of the
SVD, it can be seen that the optimal null space is spanned
by the lastN � v columns ofV :

V =

2

4
: : : : : :

S1 ::: Sv N 1 ::: N N � v

: : : : : :

3

5 : (4)

The space spanned by the �rstv columns ofV is orthogonal
to N and describes the search space for the cluster, i.e. the
subspace of parameters for which the cluster will yield so-
lutions. The (v + 1 )th largest singular value gives the value
of e(N ) for that space.

This method provides a way of computing theN which
minimises the sum squared error, given a cluster of mea-
surements. The validity of a proposed cluster, however is
based on the maximum measurement error change rather
than the sum squared change. In other words, a bounded
motion in the null space must have a limited effect on the
measurement. For any parameter motion inN limited to
sizekm , the maximum change,mi (S), in thei th measure-
ment can be found by projectingJ i into N :

mi (S) = km
p

a:a ; (5)

where:

a =
X

j =1 :::N � v

N j (N j :J i )

= J i �
X

j =1 :::v

Sj (Sj :J i ) ; (6)

sinceS is the space orthogonal toN as given in eqn. 4.
Using this, a cluster is valid if:

mi < k c 8 i 2 C : (7)

A simple greedy algorithm can now be used to form the
clusters. Since clusters with smallerv give greater com-
putational advantages, clusters are formed with increasing
v. The algorithm proceeds by considering each measure-
ment in turn and seeding a cluster from it. This means that
the S is de�ned by a single row of theJ andN is every-
thing orthogonal to it. All the other measurements are then
tested to see if they satisfy eqn. 7 for this trial cluster andthe
size of the cluster is computed. Having considered a cluster
seeded from each measurement, the cluster with the largest
size is then extracted. This is repeated until the size of the
largest cluster is smaller than a theshold. At this point clus-
ters seeded from each remainingpair of measurements are
considered, followed by triples if needed and so on. This
method is further described in Section 2.2.

Figure 2: When trying to track the change in pose between the
top and bottom frame it is sensible to consider a cluster of all cor-
ner matches for the fountain, separately from a cluster containing
corners on the building.

2.1. Corner-Based Example

Consider the task of tracking the six dof camera pose
change between the two images shown in Figure 2, using
feature point correspondences. Assume that the 3D posi-
tions of the corners in the top image are known. A natural
approach to solving this problem as a human viewer is to
�rst match the building in the background and then to lo-
cate the fountain in the foreground. This is advantageous
because the building is suf�ciently far away that its change
in appearance is essentially independent of camera transla-
tion and depends only on camera rotation. Thus, just using
matches for points on the building, the 3-dimensional cam-
era rotation problem can be solved in isolation. Similarly
for the fountain (which is closer), lateral and vertical mo-
tions of the camera look rather like rotations of the camera
about vertical and lateral axes respectively. Thus its image
motion can be well approximated by just four parameters.

This example also illustrates the computational moti-
vation for this approach. Because the building has large
amounts of repeated structure, it is dif�cult to �nd the cor-
rect match for each feature point using local image infor-
mation. For the small selection of points features shown
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in Figure 2, the best three matches (by sum squared image
patch difference) were needed for each point in order to in-
clude the correct match. Lines are shown joining each point
feature in the top image to its best three matches in the bot-
tom image. By grouping features into seperate clusters for
the building and fountain, the computational problem of se-
lecting the correct matches is reduced. For example, using
RANSAC, only two points need to be randomly chosen to
chosen to determine the motion of the fountain and seper-
ately only pairs of points (with a constraint) are chosen to
locate the building. Without clustering, sets of three points
would have to be randomly chosen and this is signi�cantly
more computationally expensive.

In general the possible image motions of a group of sev-
eral model features will not be exactly modelled if the di-
mension of the camera motion is reduced. However, the
aim is only to determine possible correspondences. In this
example, the modelling of the motion of the corners on
the fountain as a four-dof camera motion can be accepted
if, over the range of all possible camera motions (km in
eqn. 5), the image motion errors introduced by this assump-
tion would not cause a correspondence error (kc in eqn. 7).

For feature clusters to be useful it must be possible to
verify hypotheses within the cluster. Hence it is vital that
a cluster contains more measurements than are needed to
simply constrain the hypotheses, or, using the notation of
eqn. 2 thatI > v .

2.2. Line Feature Clustering

Since the video feed from the MAV is often blurred, noisy
and devoid of point features, for the rest of this work we dis-
cuss edge features. In this section, the process of obtaining
good clusters of edges is described. The clustering process
should �nd groups of model lines which are affected by only
a subspace of the possible camera motions.

A set of straight line segmentsl1::L is obtained by ren-
dering the model at the predicted pose. Each line has two
endpoints but because of the aperture effect only their mo-
tions in the direction normal to the line can be measured re-
liably. Possible motions of the camera about the predicted
pose are given by the six parameters� = [ � 1 � 2 ::: � 6]T

and so by differentiating about the current pose, a2L � 6
Jacobian matrix can be found (eqn. 1). Camera motions
which are in the space spanned by a line's Jacobian vectors
will cause a (normal) motion of that line in the image. Con-
versely, camera motions contained within the four-space or-
thogonal to these two vectors, will not cause any motion of
the line.

The task is to form valid clusters (as given by eqn. 7)
which contain as many line segments as possible. A two
pass algorithm is used. During the �rst pass a test cluster,c,

centred on each line segment, is created:

S1
c=1 ::L = normalise( J2c )

S2
c=1 ::L = normalise( J2c+1 � S 1

c (J2c+1 :S1
c ) ) : (8)

The maximum size of each test clusterc is found:

size(c) =
X

i =1 ::L

�
1 if mi (Sc) < k c

0 otherwise
(9)

(see eqn. 5) and the clusters then sorted by size. The lines
from the largest cluster are extracted and the optimal cluster
centre found using eqn. 4. The test cluster sizes are updated
with these lines removed and the process is repeated.

A �rst pass of this algorithm �nds 2-clusters of model
edges - clusters with a two parameter search space and
four parameter null space. As discussed in Section 2.1,
for a 2-cluster to be useful it must contain at least two
edges and preferably many more. Hence the clustering pro-
cess is halted when new clusters would contain less than
three edges. The remaining edges are then clustered into
4-clusters, which will typically accept many more edges,
using a similar algorithm to that just described.

2.3. Clustering Results
This section demonstrates the results of applying the clus-
tering algorithm to two different edge models. The �rst ex-
ample is a model of a corridor used for �ying our MAV
(helicopter). The second is a model of a maze-like structure
we use for an augmented reality application.

Choosing the ratio of maximum camera motion (km ) to
clustering error (kc) is a compromise between �nding good
clusters and limiting the possibility for correspondence er-
rors. For both examples we use a maximum camera motion
(km ) of 0.15m or 0.3rad. Since we use a simple constant ve-
locity �lter to predict the camera motion at each frame, this
maximum corresponds to permitting translational accelera-
tions of up to� 27g.

For kc we chose a value of 4 image pixels. Larger val-
ues would increase the number of edges in each cluster and
hence reduce the number of clusters and the computational
load. However, larger values mean that correspondence er-
rors may occur if the camera motion in the cluster null space
happens to be large. A value of 4 pixels has the effect that if
there are two lines in a cluster which are less than 8 pixels
apart, the correct hypothesis from the cluster may be missed
or scored poorly. However, the process of combining re-
sults from different clusters must be robust to this, since it
can also be caused by misdetection of image features. Also,
in practice, large motions which create close to 4 pixel er-
rors almost always result in signi�cant image blur and it is
unlikely that close lines will be separately detected.

Figure 3 shows the clustering results for a particular pose
of the two scenes. The corridor scene contains signi�cant
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Figure 3: Clustering Results for a corridor scene and maze scene. Left to right, the �rst two 2-clusters and the �rst two 4-clusters

depth and the clustering makes good use of this by allocat-
ing 2-clusters to edges in the distance. These edges are vir-
tually unaffected by camera translation and so can be very
effectively used to obtain the rotational pose parameters.
The maze scene is much closer to the camera and 2-clusters
are con�ned to edges which are physically close together.
4-clusters are very useful in this case.

On a 2.8GHz machine the entire clustering operation
typically takes less than 1ms. However the algorithm pre-
sented has cubic complexity in the number of model lines
and for some poses of the maze scene the computation time
becomes signi�cant. In these cases it is possible to itera-
tively re-cluster based on the cluster centres from the previ-
ous frame. Only an occasionalO(L 3) operation is then nec-
essary to �nd new cluster centres as they appear. FIXME:
mention kmeans?

3. Tracking using Clusters
Having formed suitable clusters, features are tracked, for
a single frame transition, within their cluster. The results
from all clusters are then combined to give the overall pose.
The tracking within each cluster can, of course, be per-
formed with any existing tracking scheme. Here, we present
an extremely simple scheme which is driven by data from
the image and loosely `tries all possible matches'. This
is partly used to demonstrate the advantage of clustering -
without clustering such a scheme would be extremely slow.
Secondly, this scheme is robust to large unexpected camera
motions, which is vital for our helicopter application.

As each new frame arrives, the model is rendered at a
predicted pose and its edges are clustered. The image is now
searched to �nd edgels. The texture changepoint detector
described in [14] is used to reduce the number of edgels de-
tected in textured scenes, though for many applications any
classic edgel detector (e.g. Canny) could be used. Previ-
ously many tracking approaches have favoured local edgel
searches to reduce computation (e.g. [19, 2]). Here we re-
vert to a global search which enables the one-to-one allo-
cation of an image edgel to model edge and avoids many
model edges locking on to a single image edge.

3.1. Tracking Within a Cluster
The maximum permissible motion of each model endpoint
can be computed from the maximum camera motionkm and

the edge JacobianJ i (see eqn. 1). A search of this range of
the image �nds all possible edgels which might match to
this edge. Local support for each edgel is checked by some
simplistic edge chaining along the length of the edge which
then also gives an image edge direction.

For a 2-clusterc, there are just two transformation pa-
rameters to be determined and so a single match of a model
edge to image edge then gives a motion hypothesis for the
cluster. The hypothesis parameters are computed by resolv-
ing J i into the cluster directions (S1 andS2 in eqn. 4) and
solving a 2x2 inverse. All such matches are generated for
each model edge in the cluster. For a 4-cluster all combina-
tions of two model edges to two possible image edges are
included.

Each generated motion hypothesis,h, is tested by ap-
plying the transformation to each edge in the cluster and
searching within a short range for consensus edgels. Each
consensus edgelj is then used to perform linear least
squares:

C � 1
c;h = 
I +

X

j

Ĵ T
j Ĵ and vc;h =

X

j

Ĵ j dj ; (10)

wheredj is the perpendicular distance from the consensus
edgel to the edge location and̂J j is the Jacobian of the
model edge at that point (found by interpolating between
the two rows ofJ i ). The regularising prior
 limits motions
in the null space of the cluster. The pose motion vector is
then found as:

� c;h = Cc;h vc;h : (11)

The cluster's hypotheses are sorted by residual error and
number of consensus edgesl, and the best retained for the
next stage.

3.2. Combining Cluster Hypotheses
Having already calculatedC � 1

c;h andvc;h for each hypothe-
sis h within each clusterc, combining the results from the
different clusters is relatively straightforward. The inverse
covariance matricesC � 1 already embody the uncertainty of
each cluster. The combination of, for example, the �rst hy-
pothesis from each of the �rst two clusters with the second
from the third cluster,t = f 1; 1; 2g, can be found as:

C � 1
t =

X

k

C � 1
k;t k

and vt =
X

k

vk;t k (12)
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from which the pose motion can be found using eqn. 11.
If the different clusters are independent (i.e. their search
spacesS do not overlap) we would expect the residual error
from the combination to be close to the sum of the residual
errors from the individual cluster hypotheses. The same is
true if clusters are not independent but the hypotheses agree
on any of the overlapping dimensions. If the new residual
error is not close, the hypotheses are not consistent with
each other and the combination is invalid.

In practice, most clusters contain just one or two good
hypotheses and only a couple of clusters have much uncer-
tainty. Hence it is computationally feasible to try all pos-
sible combinations of the different hypotheses. The inclu-
sion of a null hypothesis for each cluster makes the system
extremely robust to large motion disturbances and missed
feature detections.

3.3. Tracking Results
The entire system has been tested with four different scenes.
Two are the the maze and corridor scenes described in Sec-
tion 2.3. The maze scene was �lmed with a handheld
�rewire camera and contains blur and occlusion by a hand
as shown in Figure 4. More importantly, the motions are
rapid and strongly discontinuous and hence not predicted
well using a motion model; these prediction errors, which
must be corrected by the tracking system, result in anav-
erageedge motion in excess of 50 pixels on eight occa-
sions during the sequence. Following such changes with-
out making correspondence errors is a signi�cant challenge.
A conservative estimate is that at least56 = 15625 parti-
cles would be needed in an (annealed) particle �lter to cope
with such motions and hence would not operate in real-time.
Frames showing the sequence being successfully tracked
using the clustering system, in real-time at 30fps, are shown
in Figure 6.

Three similar corridor sequences were �lmed by the on-
board miniature transmitting video camera shown in Fig-
ure 1 whilst the helicopter was being manually �own. The
video contains high pixel noise (at best� = 5 where inten-
sities are in the range0� 255), blur, transmission errors and
large motion disturbances as the helicopter bumps into the
�oor and lands (see Figure 4). Fields (at 50fps) were used
rather than entire frames to reduce latency since we eventu-
ally wish to use the pose information to perform automatic
control. Two of these sequences were tracked successfully
in real-time. The third loses track twice, once shortly before
landing during three frames of interference and again due to
very large motions during landing.

The sequences were also tracked with two other sys-
tems, a demonstration version of `boujou' and our ear-
lier edge based system. For each the number of tracking
failures were recorded. `boujou' is a commercial prod-
uct (www.2d3.com ) which performs of�ine bundle adjust-

Figure 4: Dif�culties tackled. Left: blur and occluded frames from
the maze sequence. Right: the transmitting video camera produces
blur, high noise and the occasional distorted frame.

ment of tracked interest points. It performed reasonably on
the maze sequence, failing only when the hand occluded
large parts of the image (demonstrating the advantage of
having a model), or due to the repetitive textures. Unfortu-
nately the image noise and blur for the corridor sequences
meant that the longest tracked section was only a few frames
long. Of course, this is not a particularly fair test since
boujou has no prior model and is not particularly designed
to work with poor quality video; however, it demonstrates
that the problem would be hard to solve using a point-based
tracking scheme.

Our earlier edge based system [2] is similar to [9] and the
edge-based part of [19], performing ten iterations of a single
optimisation step per frame. Two typical occasions where it
is unable to track correctly are shown in Figure 5. In both
cases the tracker converges to an incorrect local minimum
since modelled edges have locked onto nearby parallel im-
age edges. After a tracking failure, the pose was manually
reset. Failure rates for three systems are compared in Ta-
ble 1.

Number of failures
Seq. Frames boujou Earlier Edge Clustering
Maze 577 18 108 0
Corr1 1311 > 100 30 0
Corr2 1101 > 100 23 0
Corr3 1080 > 100 15 2

Table 1: Results from tests on four sequences, showing the number
of tracking failures for the three different schemes.

To demonstrate the �exibility of clustering the approach,
the system has been extended to work with articulated mod-
els. The �rst is the extremely simple eight-dof torso model
shown in Figure 7. Performance is limited and it is not in-
tended to compete with state of the art real-time systems:
the example is included to demonstrate that the clustering
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Figure 5: Failures of previous systems. Top: frames 500 and 709,
our earlier edge based system falls into incorrect local minima.
Bottom: reliable point detection and matching is dif�cult with this
level of noise and blur.

Figure 6: The clustering system tracking sequences correctly.
Left: frames 20, 60, 80, 250 and 400 from the maze sequence.
Right: frames 1, 500, 709, 1000 and 1250 from the corridor se-
quence.

makes sensible simpli�cations. For example, though many
motion parameters affect the position of the lower arm, it
will always appear as two parallel image edges which then
form a 2-cluster. The system is consequently able to dis-
ambiguate the arms after they occlude each other, despite
not using a motion model. The feature clusters automat-
ically generated for the torso model are generally constant
and bear strong similarities to the partitions which would be
used in Partitioned Sampling [12]. However, a hierarchical
search is typically used with partitioning; here the searches
are independent and hence there is no possibility of errors
propagating down the hierarchy.

The method described for the Annealed Particle Filter
in [6] automatically forms hierarchical partitions of the
search space when all measurements agree on parameter
values. A crossover term is also employed to allow the
splitting of the search space into non-overlapping parallel
partitions. Here, clusters of features, rather than partitions
of the whole search space are used. These clusters are inde-
pendent and can thus be searched in parallel rather than in a
hierarchy. Additionally, unlike parallel partitions, they can
overlap and hence can be generated more freely. Finally, in
many situations such as the corridor or maze scenes, there
are few or no parameter directions which can be indepen-
dently partitioned forall the measurements. Clustering al-
lows subsets of measurements to be considered and hence
works well in such situations.

A further example demonstrates nine-dof tracking of a
radio controlled tank with a moving camera. In this case dy-
namic clustering provides signi�cant advantages over static
partitions. As for the corridor and maze examples, the struc-
ture of the scene at each particular pose is exploited to di-
vide the search space. Further, since the tank cannot move
sideways, the edges of the tank can often be included in
clusters which largely contain scene edges. Hence the tank
can often aid the tracking of the surroundings. The accom-
panying video shows the clusters overlaid on the tracked
frames and demonstrates how the presence of the tank can
aid the tracking of an otherwise planar scene.

4. Summary and Conclusions

This paper has presented a method for automatically clus-
tering measurements based on their Jacobians. This clus-
tering provides three bene�ts over traditional partitioning.
Firstly the system is automatic and hence does not require
a human to de�ne the partitions. Secondly the clustering is
dynamically updated as the problem changes. In the case of
tracking this means that the clusters can bene�t from prop-
erties of the particular pose rather than needing to be valid
for all poses. Lastly, the clusters are independent of each
other and hence can be searched in parallel before combin-
ing their results. This means that there is no possibility of
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Figure 7: A simple real-time torso tracking system based on clus-
tering is able to distinguish the arms correctly after they cross,
despite not using a motion model.

error propogation, as is possible in hierarchical schemes.
Most examples in this paper showed the application of

clustering to straight edge tracking. However, we believe
that the feature clustering technique is general and can also
be usefully applied to other vision problems such as point
tracking or the tracking implicit surface models.

For the automatic control of a MAV, we wish to track the
pose of a camera as it moves past known polyhedral objects
or surroundings. To ensure the tracking system is tolerant
of poor image quality and large motion disturbances, a data
driven approach has been employed. This considers a wide
variety of possible matches between image and model fea-
tures. To ensure this process can be performed in real-time,
the new dynamic clustering method has been used to signif-
icantly reduce the combinations of matches which must be
considered. The resulting system has been demonstrated on
a variety of tracking scenarios and shows a signi�cant im-
provement in motion robustness over previous techniques.
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