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Abstract

Simultaneous localisation and mapping using a single
camera becomes difficult when erratic motions violate pre-
dictive motion models. This problem needs to be addressed
when visual SLAM algorithms are transferred from robots
or mobile vehicles onto hand-held or wearable devices. In
this paper we describe a novel SLAM extension to a camera
localisation algorithm based on particle filtering which pro-
vides resilience to erratic motion. The mapping component
is based on auxiliary unscented Kalman filters coupled to
the main particle filter via measurement covariances. This
coupling allows the system to survive unpredictable motions
such as camera shake, and enables a return to full SLAM
operation once normal motion resumes. We present results
demonstrating the effectiveness of the approach when oper-
ating within a desktop environment.

1. Introduction

The problem of estimating location using vision comes
in a variety of guises. Recently there has been a trend to-
wards developing real-time ‘pick up and play’ single cam-
era systems, in which the principles of simultaneous locali-
sation and mapping (SLAM) are used. This gives the poten-
tial for highly portable camera tracking over wide areas for
applications such as augmented reality and location aware
devices in wearable computing. It is a challenging area of
research, due the inherent ambiguities in visual measure-
ments and the fact that for real-time operation they need
to be processed immediately to update estimates of camera
pose and scene structure. This rules out using batch opti-
misation and instead requires sequential processing such as
that provided by recursive Bayesian filters.

Previous approaches have been based on variants of the
Kalman filter [1, 2, 3]. A key element of these is the use of
predictive motion models such as constant velocity. When
such models are not violated the filters are extremely ef-
ficient since the predictive power of the model minimises

search areas for costly image processing operations and al-
lows outlier rejection. However, when the models are vi-
olated, the filters can become unstable and diverge. Such
violations can often occur when cameras are hand-held or
wearable simply due to the nature of human movement.
For example, users wearing head mounted displays for aug-
mented reality often want to make rapid and unexpected
head movements and this has been reported to cause prob-
lems [5].

The mechanisms by which erratic motion can cause re-
cursive estimators to fail are complex. In the worst case,
use of highly predictive motion models will lead to rapid
divergence from the true state of affairs. In the best case, no
suitable measurement will be found in the predicted search
region. This is followed by uncertainty expansion, which
in principle should lead to the correct feature being located
and convergence of the filter. Unfortunately this is unlikely
to be the case. In reality the enlarged search regions lead to
multiple measurement hypotheses. Uni-modal estimators
such as the Kalman filter are then forced to pick a measure-
ment and selecting incorrectly leads to divergence in locali-
sation and mapping and hence system failure. If the correct
measurement can be found the system may be so far from
the last good estimate that linearisation errors are large or
convergence to the correct state is slow.

In this paper we describe a novel approach to visual
SLAM which aims to address these problems. Specifically,
our goal is a filter which is resilient to erratic motions, in the
sense of being able to resume full SLAM operation follow-
ing such motions and avoiding system failure. Motivated
by the observations in the previous paragraph, we adopt
two key principles. First, that (at least short-term) mul-
tiple hypotheses of camera pose need to be retained; and
second, that structure mapping needs to be postponed when
the camera undergoes erratic motion in order to avoid diver-
gence. To achieve this, we have utilised the particle filtering
framework developed by Pupilli and Calway [7] for real-
time camera tracking. The particle filter retains multiple hy-
potheses for the camera pose and hence provides resilience
to erratic motion. To this we have added a mapping exten-
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sion which allows simultaneous estimation of feature depth
and camera pose. It is based on auxiliary unscented Kalman
filters (UKF), which update the depths in tandem with the
main particle filter. The UKF also allows for efficient use of
the depth estimates and their uncertainty for localising the
camera and hence simultaneous real-time operation. Cru-
cially, the measurement covariances for the auxiliary filters
are derived from the sample set within the particle filter, en-
abling the uncertainty in camera pose to be used directly
in the map updates. It is this coupling between the filters
that gives the potential for resilience to erratic motion when
undertaking full SLAM.

The approach can be compared with the FastSLAM al-
gorithm developed by Montemerlo et al. for 2-D robot nav-
igation [6]. They also use Kalman estimators for map-
ping, although attach a bank of estimators to each particle
to allow independent mapping of landmark features. Thus
each particle has its own local map in contrast to the sin-
gle map maintained by our auxiliary UKFs. FastSLAM has
the advantage of scalability over previous Kalman filter ap-
proaches, although the lack of a direct link between the un-
certainty in localisation and the updating of the map (each
particle represents a single trajectory) may lead to diver-
gence during unpredictable movements. This may be over-
come by the use of large particle sets, although this is likely
to prohibit real-time operation given the size of the particle
state. This is addressed by our maintenance of a single map
via the auxiliary UKFs, although, as discussed later, this
has the drawback that full covariance information across the
map is not maintained, hence limiting the algorithm’s abil-
ity to perform wide area SLAM.

In the next section we outline the particle filtering frame-
work for camera localisation. Full details can be found in
[7]. Our SLAM extension is then described in Section 3
and we present results illustrating the performance of the
algorithm in Section 4.

2. Camera Localisation Using a Particle Filter

For camera localisation, we are interested in recursively
estimating the pose (3-D position and orientation) of the
camera for each image frame k. We use a state space
model of the form xk = {tk,qk}, consisting of a trans-
lation vector and a quaternion (rotation) to parameterise
the camera’s state w.r.t. the world co-ordinate system. For
now, we also assume that we have a set of 3-D scene points
Z = {z1, .., zM} whose locations are known in the world
co-ordinate frame. For a particular camera xk we can com-
pute the projection of every scene point using the following
equation:

u(zm,xk) = Π(Rkzm + tk) (1)

where Rk is the rotation matrix derived from the quaternion
qk and Π is the standard pin-hole projection for a calibrated

camera.
At each frame we take measurements yk from the im-

age and we denote the set of such observations up to the
current frame y1:k. The particle filter then provides recur-
sive approximations to the posterior density p(xk|y1:k, Z)
as a weighted sample set {(x1

k, w1
k), .., (xN

k , wN
k )}. The

weights are proportional to the likelihood p(yk|xk, Z) and
the sum of the weights is

∑N
n=1 wn

k = 1. At each step of
the filter particles are re-sampled from the transition den-
sity p(xk|xk−1) which defines the motion model. In order
to deal with erratic motions this was chosen in [7] to be
the maximum distance model commonly used with legged
robots [4].

The likelihood p(yk|xk, Z) is based on an inlier count
for each particle determining how many scene points zm

project close to a relevant measurement. Specifically, each
scene point zm has an associated reference template and this
is used to generate a correlation field in the current frame.
Measurement candidates ykm which have high correlation
values are then selected. The likelihood is then given by the
following function

p(yk|xk, Z) ∝ exp(−
M∑
i=1

∏
u∈ykm

d(u, zm,xk)) (2)

where d(u, zm,xk) indicates whether the point zm is an
inlier or outlier with respect to the observation at u and the
camera pose xk

d(u, zm,xk) =
{

1 if ||u − u(zm,xk)|| > εd

0 otherwise
(3)

The threshold εd represents the uncertainty in the correla-
tion values and in the location of the 3-D scene point zm.
In the SLAM extension described below, the latter is ob-
tained from the covariances carried by the auxiliary UKFs
(see Section 3.4). Particle annealing was also used in [7] to
refine the posterior density and also to re-weight the mul-
tiple candidates so that the most likely measurement from
the set ykm can be associated with zm in the presence of
clutter. Finally, an estimate of the camera pose xk can then
be obtained from the mean of the annealed distribution.

3. SLAM Extension

The above localisation framework relies on knowledge
of the 3-D scene points Z. In practice these need to be ob-
tained simultaneously with the camera localisation. We as-
sume that we can initialise the localisation using a known
3-D test pattern [3, 7]. The task then is to dynamically se-
lect new features to map and to recursively estimate their
corresponding depths. Crucially, the estimates and their un-
certainty need to be utilised in the localisation; only by do-
ing this can camera tracking take place over wide areas.



3.1. Uncertainty in Feature Mapping

For a selected feature, we estimate its depth using an
auxiliary unscented Kalman filter. Ideally, one may con-
sider using a full particle filter implementation for estimat-
ing both pose and structure, as in [8] for example, although
the computational demands prohibit real-time operation. In
contrast, use of the UKF allows for fast updating of the
map. Moreover, for our purposes, it is sufficient to main-
tain a mean and covariance representation for the mapping
providing that we can incorporate the uncertainty in camera
localisation directly within the UKF update and effectively
postpone mapping when localisation becomes uncertain.

We parameterise the location of a feature in the world
co-ordinate system in terms of direction and depth drvr,
where vr is the unit vector in the direction of the feature.
For each new feature, vr is known (this amounts to know-
ing the direction from the camera centre of projection to the
feature’s location in the image plane). However, we are un-
certain of the depth of the feature dr so this must go in our
state space model. We are also uncertain about the camera
pose so this also needs to be included. If multiple features
are introduced in the same frame we can extend the state by
appending their associated depths, giving the state model
cr = {tr,qr, d

1
r, ..d

M
r }, where dm

r is the depth of the mth
feature introduced in frame r. From this state we can com-
pute the 3-D location of a feature in the world co-ordinate
frame using the following equation:

zm(cr) = dm
r Rrvr + tr (4)

Combining multiple features in the state enforces the obvi-
ous constraint that features introduced in the same reference
frame share a common camera pose (and hence share the
uncertainty in this pose).

It might seem that our state space is over parameterised
since each feature only has 3 degrees of freedom in its
Cartesian uncertainty. However, if we consider the case
when four features are introduced per frame then we actu-
ally save a dimension over a Cartesian representation (3×4
vs. 7+4), a saving which increases linearly by adding fur-
ther features. Our representation also parameterises the
state along axes which are physically relevant which in turn
leads to covariances that are more diagonal than would be
the case with a Cartesian state. This is similar to a depth-
bias representation of structure, the benefits of which are
discussed in [1].

Once we have identified features in some reference
frame we need to initialise the UKF mean and covariance
for this feature set. The camera mean {tr,qr} and covari-
ance Σcr

for the reference frame is computed from the PF
sample set {(x1

r, w
1
r), .., (xN

r , wN
r )}. However, at this point

we have no idea of the depth of the features so we can-
not immediately initialise means and variances. Instead,

we store an initial 3-D reference ray for each feature, be-
ginning at the camera’s centre of projection, and extend-
ing through the pixel at which the template was located. In
subsequent frames, we detect multiple candidate locations
for this feature. Given the distribution over camera states
in each subsequent frame k, represented as the sample set
{(x1

k, w1
k), .., (xN

k , wN
k )}, we can define a number of rays

for each hypothesised camera xn
k : one for each candidate

template match. Each of these rays can be intersected with
the reference ray. By assigning a weighted particle to each
intersection along the reference ray a 1-D depth distribu-
tion is constructed. This distribution is recursively updated
over a number of frames. Once this distribution becomes
approximately Gaussian we can take the mean d

m

r and vari-
ance σ2

dm
r

and hand estimation of the feature location over
to the UKF. This can be compared to the factored sampling
which was used to initialise depth in [3], although it has the
key advantage of avoiding a fixed depth prior.

In practice each feature is introduced into the UKF state
at different times. For clarity we will ignore that the state
is of variable size, in which case the initial UKF mean and
covariance is then as follows:

c0 = [tr,qr, d
1

r, .., d
M

r ]

Σ0 =
[

Σcr
0

0 Σdr

]

Σdr
= diag[σ2

d1
r
, .., σ2

dM
r

]

Note that the off-diagonal blocks of Σ0 are zero and the
bottom right block corresponding to the depth variances is
diagonal. Hence, the depth estimates are not initially corre-
lated with the camera state or each other. In contrast, Σcr

is
generally a full covariance matrix.

3.2. UKF Measurement Model

The state evolution model for each UKF is simply the
identity with no noise component since we are estimating
constants (the scene structure is assumed to be rigid). Now
let us consider how to formulate the measurement model.
At each frame k we are going to use the UKF to project our
uncertainty into the mean camera estimate from our particle
filter xk. This constitutes the basis for our UKF measure-
ment model and is given formally by:

h(cr) =




u(z1(cr),xk)
...

u(zM (cr),xk)


 + nk (5)

where the functions u and zm are defined in equations 1
and 4, respectively. We do not need to worry about the Ja-
cobian for h since the UKF uses unscented transforms to
propagate the covariance through the non-linear measure-
ment function [9].



The (time varying) measurement noise nk comes from
two sources. The first source is simply the pixel based error
in template matching and is not time varying. We denote its
covariance Rpixel and assume it to be isotropic and Gaus-
sian. The second is due to the uncertainty of our current
camera state estimate xk. We estimate this measurement
noise covariance for every frame k by projecting each fea-
ture’s estimated position zm(cr) into every camera particle
in our sample set. The weighted sample covariance of the
resulting projections can be computed. The sum of these
two sources leads to the following measurement noise co-
variance:

Rk = Rpixel + Cov[u(zm(cr),xn
k )] (6)

where Cov[] is computed over 1 ≤ m ≤ M and 1 ≤ n ≤
N . Note that this is a full covariance matrix with dimen-
sion 2M × 2M where M is the number of features in the
reference frame. The computation of this noise component
makes the UKF robust in the presence of erratic motion.
Intuitively, the degree to which the filter believes measure-
ments is determined by the ‘spread’ of the particle distri-
bution. When motion is erratic the particle filter diverges
temporarily and this in turn postpones the updating of the
mean and covariance in the UKF. When the camera sta-
bilises again the particle filter converges and the auxiliary
filters can make more reliable updates.

3.3. Clutter and Occlusions

During erratic motions guided search regions can be-
come large which makes it likely that multiple candidate
feature matches can be found. This problem of multiple
measurement hypothesis (clutter) is easily dealt with in this
framework by allowing particle annealing [7] to perform
data association: the measurement used by the UKFs is
this best re-weighted measurement. If no measurements are
found the UKF is not updated so that occlusions can be dealt
with. In the case when measurements can only be found for
some of an auxiliary filter’s features, partial corrections are
made to the UKF mean and covariance by ignoring the ap-
propriate elements of the measurement covariance and cross
correlation matrix in the UKF prediction. This has the de-
sirable effect of allowing a feature estimate to become more
certain without actually observing it by reducing the camera
pose uncertainty in the feature’s reference frame but leaving
the depth uncertainty untouched.

3.4. Tracking with New Features

Features which fail to converge quickly enough are dis-
carded. Any features which pass this probationary period
are then allowed to contribute to the PF camera location
estimates. The mean feature locations are projected into
each camera sample and inlier counting is performed as de-
scribed earlier. The inlier radius used for the inlier count

is determined to be one standard deviation of the predicted
measurement covariance. The reason for this apparently ar-
bitrary choice is related to the information we expect to sup-
ply to the particle distribution during the weight assignment
process. Clearly if we make the inlier region too large for
a particular feature then all particles will get the same con-
tribution from this feature: no information is gained. If we
make it too small all particles will get zero weight: no in-
formation is gained. Now, the UKF predicted measurement
covariance is, at its minimum (when the feature location
is certain), equal to the PF measurement covariance plus a
small amount of pixel noise (equation 6 and see Figure 2).
By setting the inlier region to a 1σ gating we can be assured
that the feature will provide some information to the par-
ticle distribution provided the UKF predicted measurement
covariance has converged close enough to the lower bound
Rk. We can in fact go further and say that unless the mea-
surement covariance has converged close to Rk then this
feature is not providing any information to the particle dis-
tribution so we should not waste computational resources
by including it in the weighting process. This is still in
some sense an empirical choice but it will suffice until an
information theoretic correct solution can be developed.

4. Results

Experiments were carried out in a desktop environment
using a calibrated hand-held web-cam with a resolution of
320 × 240 pixels. Tracking is initialised with four known
points corresponding to the corners of a black rectangular
calibration pattern (see figures). We used 500 camera sam-
ples in the particle filter. The algorithm operates in real-time
with a frame rate 30 frames per second when 10 features are
being mapped and tracked.

Figure 1 illustrates the operation of the algorithm as it
successfully tracks the camera as it is moved arbitrarily over
a desk scene. The left hand images show the 3-D localisa-
tion and mapping and the right hand images show the pro-
jection of the mean and covariances of the mapped scene
points in the mean camera view (shown in yellow) for se-
lected frames. The former show the mean camera trajectory
and the particle weights for the location in the current frame,
where white indicates high weight, and also the ellipses rep-
resenting the mapping uncertainty within the UKFs. Note
the convergence of the ellipses as new features are success-
fully mapped and that SLAM operation successfully con-
tinues away from the calibration pattern (row 2). Part way
through this sequence the camera was shaken and locali-
sation is temporarily disrupted as shown in row 3. Note
the resultant spread of the particle cloud and, importantly,
the stability of the mapped features, indicating that map-
ping has been successfully postponed during the shake. As
the camera stabilises again, full SLAM operation continues.
The dispersion of the particle cloud can also been seen in the



Figure 1. Results for selected frames during visual SLAM in a
desktop environment: 3-D localisation and mapping (left) and pro-
jected mean and covariances of scene points into the mean camera
view (right). Note the convergence of the mapping covariances
and the successful recovery from camera shake (row 3).

left image of Figure 2 which shows the projections of the
mean scene points into each camera particle. This can be
compared which the tight distributions which result when
normal motion resumes as shown in the right image. These
images also show the measurement covariances within each
UKF (blue and red) and also the covariances of the parti-
cle clouds (yellow). Note the convergence of the UKF co-
variances to that of the particle cloud. The red covariances
indicate that feature mismatch has occurred which is preva-
lent during camera shake in the left-hand image. The spread
of the camera particles can also be seen from the evolution
of the estimated posterior each motion parameter obtained
from the particle filter shown in Figure 3. Note the disper-
sion of particles around frame 700.

Figure 4 illustrates the ability of the algorithm to accu-
rately map structure despite violent camera shake. In this
case an experiment was set up with the initialisation rectan-

Figure 2. Projections of scene points into each camera particle and
corresponding measurement covariances from the UKFs for two
frames from the example in Figure 1.
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Figure 3. Estimated posteriors for the camera motion parame-
ters: translation tk = (tkx, tky, tkz) and quaternion qk =
(qks, qkx, qky, qkz). Note the spreading of the distributions dur-
ing camera shake around frame 700.

gle flat on a desk and a sugar sachet placed in its centre. A
chess board comes into view after a few frames of tracking.
The chess board is elevated with its top surface measured to
be 7.7cm above the desk. In one frame we manually select
3 points on the chess board. In the very next frame we man-
ually select two points on the chess board and one point on
the sugar sachet. The intention here is to test how the dif-
ferent coupling affects the estimation of feature locations.

Row 1 in Figure 4 shows the newly introduced features
(right) and their measurement covariances (left), and the
colour coding shows the coupling. Tracking continues for a
few frames and then the camera is shaken violently. There
are a lack of good measurements in many frames because
of motion blur. This leads to enlargement of the measure-
ment covariance and correspondingly large search regions
(row 2). Note that the chess board pattern here means there
is much room for ambiguity in measurement of the new fea-
tures because of the enlarged search regions. Once the shak-
ing ceases all the features on the chess board are out of view
but good measurements of the sugar sachet allow its depth
to converge (row 3). Eventually, all the features come back



Figure 4. Results illustrating successful mapping despite severe
camera shake. Note the dispersion of the camera particles at the
onset of shake shown by the projections of mapped scene points in
the left image of row 2.

into view (row 4) but the features which were coupled to the
sugar sachet are more certain than the other three because
they share their reference frame uncertainty with a tightly
converged feature. The difference in convergence can be
seen in the 3-D plots of the feature location covariance (row
3 and 4, left). The mean height estimates of all features are
within 2cm of their measured elevation from the desk.

5. Conclusion

We have developed a visual SLAM algorithm which
combines particle filtering and unscented Kalman filtering
in a novel way. This combination was demonstrated to give
the SLAM system resilience to erratic motions. The key
component of the work is the coupling of the filters via the
measurement covariances, which appears to provide an ef-
fective way of merging the flexibility of the particle filter
with the computational efficiency of the UKF. There are

a number of areas for further research. At present, our
formulation only utilises covariance amongst features ini-
tialised in the same frame. An obvious extension to this
is to develop a representation based on full-covariance be-
tween the camera state and newly mapped features, using
a single auxiliary UKF sitting on top of the particle filter.
The latter would then act as an early warning system for
violations of the motion model through its influence on the
measurement covariance. Equally, violations of uni-modal
assumptions can be detected by the particle filter which can
perform the required data associations. Another important
area of work relates to feature measurements. A signifi-
cant limitation of our current system is its reliance on fixed
appearance templates for matching features. Other visual
SLAM algorithms have benefited significantly from the use
of view point and scale invariant image features and we aim
to incorporate similar mechanisms into our system in the
future.
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