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Abstract

who used a Monte Carlo filter to localize their position,
and both [Davidson & Murray, 1998],[Lacroix et al.,
2001], using stereo-vision to aid in applying SLAM.
One way to use video information is by extracting
bearing to natural features selected as targets. As such
initialization can only be performed with at least two
observations of the same landmark. Furthermore, the
extraction of an estimate from any two observations is a
non-linear problem, due to the lack of constraint on the
relative range of the feature. This introduces problems as
to how to introduce such an estimate into a SLAM filter or
how to represent its probability distribution for error
evaluation. This is a similar problem to the identification
of an object by it’s colour, or more precisely, it’s colour
distribution. These will be addressed with techniques that
enable such bearing-only observations to be used in the
SLAM framework as well as defining an object’s
particular colour signature.
The paper is structured as follows: Section 2 will
provide information on the modelling of cameras and
images. Section 3 introduces the SLAM problem and how
the extended Kalman filter is applied. Section 4 discusses
the selection process employed in obtaining visual
features. Section 5 examines the problems with initializing
for bearing-only SLAM. Section 6 looks at data
association between landmarks and video images. Section
7 has the presentation of experimental results using the
algorithms presented in this paper as used in an outdoor
environment. Finally Section 8 presents a conclusion and
future paths of this research.

This paper presents identifies and addresses the
difficulties that arise from implementing visual
information into the Simultaneous Localization
and Mapping (SLAM) problem, with an
emphasis for outdoor applications. Through
identifying these problems, techniques for
integrating the visual & navigation are proposed
with results from their preliminary applications.
Video data is gathered through a standard colour
camera. With the relative bearing obtained from
the extracted features, the Simultaneous
Localization & Mapping framework then bounds
the dead-reckoning errors.

1 Introduction
Localization through a priori map has been a solved
problem for sometime, as has mapping from observations
at known positions [Elfes, 1989],[Stentz et al.,
1999],[Durrant-Whyte, 1996]. More difficult is the
combination of localization and mapping, which is known
as the Simultaneous Localization & Mapping problem,
commonly referred to as SLAM. This infers no a priori
information is known, and all localization is done as the
map is built [Leonard & Durrant-Whyte, 1991].
The extended Kalman Filter (EKF) can be used to solve
a SLAM problem [Leonard & Durrant-Whyte,
1991],[Williams & Newman, 2000],[Guivant et al., 2000],
as long as models can be provided for the vehicle’s motion
and sensors. Increased complexity comes from taking this
application into outdoor environments [Guivant & Nebot,
2001], due to the difficulty of extracting and mapping
natural landmarks.
The use of vision has been applied to localization and
mapping. Extracting structure and motion from video
[Dellaert et al., 2000] is a currently pursued field, which
parallels the efforts of SLAM. The distinction between the
two is that SLAM aims to carry its operation in a
sequential manner, where ‘structure and motion’ is
performed in batch mode.
The use of visual information for localization has been
approached by [Dellaert et al.,1999],[Fox et al., 1999],
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Fundamentals of Cameras

The properties of the camera must be first understood for
modelling it as a sensor and developing data association
techniques. The advantages for using a camera are that
provides 3-D information on the environment and delivers
a large amount of information in each return.
The data delivered is a 2-dimensional image, formed
from ray casting from the object to the camera’s focal
point and onto a CCD array. Each pixel value is a measure
of the light intensity that is returned from the
environment. This is made up of the amount of
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illumination that is incident to the scene and the amount of
light reflected from the object itself. These two
components are known as the illumination (α) &
reflectance components (r), with the light intensity (p)
being the product of the two [Tomasi & Kanade, 1991].
As such the image model can be described as a function of
the illumination and reflectance components;

p ( u, v ) = α ( u, v ) r ( u, v )

 ui − Cu 
 Xi 
 = tan'  
 fu 
 Zi 

θi = tan' 

(1)

The pixel values are then used to identify and associate
landmarks as they are viewed.
The camera model works upon the principle that the
image is a result of the projection of a point P onto the
‘image’ plane, typically the capturing CCD array. The
perspective origin, O, acts as the origin of the reference
frame, XYZ. The image plane lies parallel to the XY-plane
at a distance known as the focal length, f, along the Zaxis. The point at which the Z-axis intersects with the
image plane is known as the principle point, [Cu, Cv].The
position of the object on the image plane, p, is the
projection of the pencil from P to the perspective origin,
O.

Y

P
{u,v}
f

For this we assume that the camera is fixed forward on the
vehicle, so that the camera’s Z-axis points in the direction
of φ. The vehicle will move in the XY plane (2D), where
the landmarks will be 3D. The coordinates can be
converted to the bearing it makes to the landmarks, such
that;

Z

{Cu,Cv}

X
Figure 1 - Camera Reference Frame
The camera model can then be expressed as
u 
X Z
 fu 0 Cu 
 v  = K  Y Z  where K =  0 f C 
(2)
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Where {X,Y,Z} are relative to camera reference frame,
{fu,fv,Cu,Cv} are the intrinsic parameters of the camera,
and {u,v} are the resulting coordinates of the image.
To develop a sensor model for localisation purposes, a
point {X,Y,Z} needs to be converted into the global
coordinates.

(3)

The same bearing relative to the vehicle are described as
y −y 
(4)
θi = φv − arctan  i v 
−
x
x
 i v
With ‘ui’ the observation we are using, the observation
model becomes;


 y − yv
ui = fu tan  φv − arctan  i
 xi − xv



  + Cu


3 Simultaneous Localization & Mapping
The SLAM algorithm [Guivant & Nebot, 2001] addresses
the problem of a vehicle with known kinematics, starting
at an unknown position and moving through an unknown
environment populated with some type of features. The
algorithm uses dead reckoning and relative observation to
detect features, to estimate the position of the vehicle and
to build and maintain a navigation map. With appropriate
planning the vehicle will be able to build a relative map of
the environment and localize itself. If the initial position is
known with respect to a global reference frame or if
absolute position information is received during the
navigation task then the map can be registered to the
global frame. If not the vehicle can still navigate in the
local map performing a given task, explore and
incorporate new areas to the map.
A typical kinematic model of a land vehicle can be
obtained from Figure 3. The steering control α and the
speed υc are used with the kinematic model to predict the
position of the vehicle. The external sensor information is
processed to extract features of the environment, in this
case called Bi(i=1..n), and to obtain relative range and
bearing, z (k ) = (r , β ) , with respect to the vehicle

pose.

Z
Y
{Xp,Yp,Zp}
y

β

z

{Xv,Yv, φv}

(5)

θ
φ
x

X

Figure 3 – Vehicle Coordinate System

Figure 2 - Camera Model related to the Reference Frame
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Considering that the vehicle is controlled through a
demanded velocity υc and steering angle α the process
model that predicts the trajectory of the centre of the back
axle is given by


 xc   vc ⋅ cos (φ ) 

  
(6)
 yc  =  vc ⋅ sin (φ )  + γ



φc 
v
 c ⋅ tan (α ) 
 L


algorithm to build and maintain a navigation map of the
environment and to track the position of the vehicle.
The Prediction stage is required to obtain the predicted
value of the states X and its error covariance P at time k
based on the information available up to time k-1,

X ( k + 1, k ) = F ( X ( k , k ) , u ( k ))

(11)

P ( k + 1, k ) = J ◊ P ( k , k ) ◊ J T + Q ( k )

The update stage is function of the observation model and
the error covariances:

S (k +1) = H ◊ P (k +1, k ) ◊ HT (k +1) + R ( k +1)

Where L is the distance between wheel axles and γ is
white noise. The observation equation relating the vehicle
states to the observations is given by equation (7), where z
is the observation vector, ( xi , yi ) is the coordinates of the
landmarks, xL , yL and φL are the vehicle states defined at
the external sensor location and γh the sensor noise.

W (k +1) = P (k +1, k ) ◊ HT (k +1) ◊ S -1 (k +1)

J (k +1) = Z (k +1) - h ( X (k +1, k ))

(12)

X ( k +1, k +1) = X ( k +1, k ) +W ( k +1) ◊J ( k +1)
P ( k +1, k +1) = P ( k +1, k ) -W (k +1) ◊ S ( k +1) ◊W ( k +1)

T

In the case where multiple observation are obtained the
observation vector will have the form:
 z1 
 
(7)
Z = # 
 m
z 
Under the SLAM framework the vehicle starts at an
unknown position with given uncertainty and obtains
measurements of the environment relative to its location.
This information is used to incrementally build and
maintain a navigation map and to localize with respect to
this map. The system will detect new features at the
beginning of the mission and when the vehicle explores
new areas. Once these features become reliable and stable
they are incorporated into the map becoming part of the
state vector.
The state vector is now given by:

ÈXL˘
X =Í ˙
Î XI ˚
X L = ( xL , y L , f L ) Œ R 3
T

(8)

X I = ( x1 , y1 ,.., xN , y N ) Œ R 2 N
T

Where

J = J (k ) =

X I (k + 1) = X I ( k )

(9)

It is important to remarks that the landmarks are assumed
to be static. Then the Jacobian matrix for the extended
system is

È ∂f
˘
∆ ˙ È J1 ∆ ˘
∂F Í
= ∂xL
=
˙ ÎÍ∆T I ˚˙
∂X Í T
I ˙˚
ÍÎ ∆
J1 Œ R 3 x 3 , ∆ Œ R 3 xN , I Œ R 2 Nx 2 N

(10)

These models can then be used with a standard EKF

H = H (k ) =

∂h
∂X

(13)
X = X (k )

are the Jacobian matrices derived from vectorial functions
F(x,u) and h(x) respect to the state X . R and Q are the
error covariance matrices characterizing the noise in the
observations and model respectively

4 Colour Feature – Selection & Tracking
Several advantages arise from the use of colour as a
property for the use on feature selection and tracking.
Firstly, in the case of the Red-Green-Blue scheme, a large
range of identifiable colours are possible, which allows
strong recognition. Furthermore, if we consider whitelight illumination on the scene, then we can approach the
measurement of the colour, independent of the level of
illumination. Such colour measures commonly used are
normalized RGB, CMY, YIQ & HSI [Tomasi & Kanade,
1991]. For the purposes here, normalized RGB has been
used in these experiments. Using the principles used in
equation (1), the normalized RGB measure, is obtained
by;

Rˆ =

where (x,y,φ)L and (x,y)i are the states of the vehicle and
features incorporated into the map respectively. Since this
environment is consider to be static the dynamic model
that includes the new states becomes:

X L (k + 1) = f ( X L ( k )) + g

∂F
,
∂X ( X ,u)=( X (k),u(k))

R
R+G + B

Gˆ =

G
R+G+ B

B
Bˆ =
R+G+ B

(14)

; and eliminates the need to distinguish the illumination.
The concept of identifying features by unique intensity
distribution has been investigated in recent years
[Cornelissen & Groen, 2002], due to the fact that the
normalized intensity distribution is invariant to motion,
with their limitation lying within the number of pixels
viewed, which is affected by scaled, angle of view and
occlusion. The normalized intensity distribution is taken
from the histogram of intensities.
To extract our features solely by colour, our approach
has been to define a base model distribution for the
features under investigation. The model is obtained from a
series of images of the features, with the overall colour
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histograms normalized to produce a raw distribution.
From this, a Sum-of-Gaussians (SOG) distribution is fitted
to the data. Figure 4 shows the colour model used in the
identification of test poles, scaled by 256.

relative bearing to the SLAM framework, the number of
degrees of information will always be one less than what
is required to estimate the landmark’s position. In this
case, at least two observations will always be required.
But any triangulation to achieve the landmark’s position is
non-linear, with results that may not be suitably be fitted
by a Gaussian distribution. But with enough observations
of the landmark from varying angles, we can constrain the
probability distribution until it approaches a Gaussian fit.
Since the distribution can not be easily modelled, we
have approached this through the use of particle filters [],
to track the landmarks before they are added to the map.
The state vector consists of landmark’s position;

 xp 
xi =  
  yp 

Figure 4 – Sum-of-Gaussian Distribution in RGB
To extract features from an image, each pixel is
subjected to statistical gating to the SOG model. This
creates a binary image of those that are within the bounds
of the model, and those that are not.
Applying a region-growing segmentation algorithm to
this binary image with the boundary function allowing
growth only with pixels previously accepted as fitting
with the model.
After heuristic removal of segments that are too small
to provide reasonable amount of information, the
remaining segments are taken as features.
The figure 5 shows application of this approach, using
the normalized RGB model of the pole, shown in figure 4.

(15)

; with the initial distribution of particles dictated by the
vehicle and bearing uncertainty model as Gaussian and a
range term with an uniform distribution from 0 to ∞ (or a
large enough number to represent ∞).
Each consecutive bearing observation of the feature is
then used to update the particle distribution, as outlined in
[Gordon et al., 1993]. At each particle update, before the
application of resampling, the particle distribution is
tested as to whether is has a Gaussian distribution. The
approach for this is the apply a Goodness of Fit test
[Montgomery, 1998] to the hypothesis that the particle
distribution is Gaussian, with the Chi-squared measure
given by;
N

( di − ei )

i =1

ei

χ =∑
2
0

2

(16)

; where for all sample bins, di is the number of particles
found in the ith bin and ei is the expected number of
particles in the ith bin. ei is calculated from the number of
particle and the distribution under question, which in this
case is a Gaussian distribution.
If the hypothesis is found to be true, by;

χ 02 ≤ χα2 , N −1

(17)

; then we can extract the landmark estimate and
uncertainty from the mean and covariance of the particle
distribution, and incorporate it into our map.
Figure 5 – Segmented Image using SOG Colour Model
The white segments are features that have been extracted,
with the red line the centroid in a 2D plane. The
acceptance of pixels other than the pole’s but close to it
are directly from noise in the camera, but more so due to
bleeding of colours into each other from the camera’s
CCD display.

5.2
Implementing Colour Distribution Tracking
The next logical step to integrating the visual aspects with
the navigation side of the algorithm is to update each
feature’s colour distribution with each observation. Prior
to initialization, the state vector for the particles can be
extended to include the normalized RGB components, so
that;

 xp 
y 
 p
xi =  rˆ 
  
 gˆ 
 bˆ 
 

5 SLAM Initialization
5.1 Bearing-Only SLAM Initialization
The basis of this investigation was, that as visual
information on the features in our environment is return as

(18)

; and the observation consisting of the bearing along with
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the normalized RGB components from each pixel within
the extracted segment. This has not been yet implemented.

6 Data Association between Landmarks and
Images
The data association between a mapped landmark and a
detected observation is usually verified using the
statistical information in the EKF. The approach taken was
to use a Chi-squared test as the bounding function for the
coordinates of a search window. An equation by which the
Chi-squared value is calculated in this instance, is

χ 2 ≥ vT S −1v

(19)

where v is the innovation, v = ( uobs − uest ) ( vobs − vest ) T
Knowing that the observation has 1-degree-of-freedom,
the Chi-squared level for 95% confidence is 5.02.

u

used to seed the region-growing segmentation.
If it is found that an extracted feature’s centroid lies
within the set boundaries, the feature is taken as a possible
observation of the landmarks, and is added to a list of
individually validated observations. From this list, the set
with the highest number of jointly-compatible matches
obtained by employing the Joint Compatibility Branch &
Bound technique [Neira & Tardos, 2000]. This filters out
mismatches using the EKF’s statistical information.

7 Results
Current tests in the application of particle filter SLAM
initialization have been performed using bearing & range
lasers and compared to true paths obtained from
differential GPS and range & bearing SLAM. The plot
below shows one such run.

150

Pixels that satisfy the χ² test
100

v,est
50

0

-50

-100

v

∆v 2
5.02 ≥
S
where;
∆v = v − vˆ

(20)

; where, v̂ is the expected centriod and S is the innovation
covariance, which are all scalar.
Since the current tests are done in 2D with landmarks
that can provide a 2D centroid, this approach is suitable
for our purposes. Previous research used this approach for
point features, using ellipsoid boundaries [Fitzgibbons &
Nebot, 2001].
As long as the feature’s centriod coordinates lie within
this rectangle, it satisfies the chi-squared test and is thus a
valid candidate for a match. Using this, the rectangle
becomes the bounds for potential seed pixels for the
feature extraction process. As such, after the image has
been segregated, those pixels that potentially represent the
feature and lies within the above defined boundaries are

0

50

100

150

200

Figure 7 – Comparison of Bearing-Only SLAM to
Range & Bearing SLAM (grid in meters).

Figure 6 - Innovation Covariance projected onto
Image Plane
The bounding function from the test can be expanded
to represent an rectangular region in the image defined by
(20).

-50

The plot compares the bearing-only SLAM (red) with
the range & bearing SLAM (blue) which was verified by
GPS, with the tracked landmarks in black. The Bearingonly SLAM follows the same path as the blue path when it
is in view of updatable landmarks. This is due to the
maintenance of the information of the observations over
time. The offsets in the paths, noticeably at the beginning
and moving to the top part of the loop, are from the delay
in initialization of landmarks, which puts the paths out by
a translation error of 5m throughout the run.
Currently the colour tracking has only been applied to
full sequences of with features extracted, as shown in the
previous section. The application of Innovation
Covariance bounds have already been applied to tracking
landmarks as point features [Fitzgibbons & Nebot, 2001],
and are currently being applied to the SLAM framework.

8 Conclusions
The results from the current research and previous
applications that made the basis of the material covered
here, point to this SLAM application as not only practical
but also robust.
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