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Abstract
The aim of this paper is to present a vision based

algorithm for simultaneous localisation and map build-
ing (SLAM) for indoor environment. The approach is
based on the well known predictor-corrector structure
of the Extended Kalman Filter and makes use of vi-
sion data in the correction phase. To this aim a low
cost vision system is presented, with a fast image pro-
cessing procedure for features extraction, based on the
recognition of artificial sources of light in an office-
like environment. Experimental tests, carried out on
a robotic wheelchair equipped with the vision system,
show the satisfactory performance of the mobile plat-
form under realistic operating conditions.

1 Introduction

Mobile robotic systems require both reliable local-
isation and sufficiently precise map of the navigation
area to autonomously accomplish navigation tasks.
For this reason a localisation module is usually in-
cluded in the control architecture of mobile robot to-
gether with an a priori knowledge of the environment
(i.e., a map). With such a structure, the localisation
module is able to provide reliable estimation of posi-
tion of the vehicle in the environment using the map.

A more challenging problem arises when both the
map and the robot location are unknown. In this case
the robot starts in an unknown position in an un-
known environment and tries to incrementally build
a map while using the same map to compute its pose
in the environment [1]. This problem is referred in
literature as simultaneous localisation and map build-
ing (SLAM), and several approaches have been inves-
tigated to solve it in the last few years. The pro-
posed solutions can be grouped in two main classes
on the basis of the way the world is mapped: the first
class deals with abstract and qualitative representa-
tion of the environment (i.e., topological mapping)[2]-
[4], while the second one uses geometric relations be-
tween objects and a fixed reference frame to describe
the navigation area (i.e., metric mapping) [1], [5], [6].

Although techniques based on topological maps
have many potential advantages in terms of limiting
the need for both accurate modeling and computa-
tional requirements, more promising results are ob-
tained exploiting metric maps together with probabil-
ity theory to describe the uncertainty sources.

In this framework a common approach uses the well
known predictor-corrector structure of the Kalman fil-
ter: a solution for SLAM is given by modeling the en-
vironment and sensors and assuming that errors have
a Gaussian distribution [7]. The measures of the pro-
prioceptive sensory system (e.g., encoders, gyros) of
the vehicle are used to compute a raw location esti-
mation, while the exteroceptive sensors, usually range
finders, refine this estimation, maintaining the map.

This article proposes a solution for the SLAM prob-
lem in office like environments, following the clas-
sical estimation theoretic approach, but using a vi-
sion system as exteroceptive sensor. As it is known,
visual based localisation schemas require, generally,
very complex algorithm and dedicated hardware to
accomplish the features extraction [8]. In this paper
we investigate the possibility to implement a simulta-
neous localisation and mapping system for a mobile
robot using a low cost standard hardware, i.e. a PC
with a web cam. To this end we have mounted the
web cam on the mobile robot focused to the ceiling to
use the lamps as reference points.

The presence of a low cost hardware generates some
drawbacks. The first is due to the limited transfer rate
that, in addition to the time consumed by the feature
extraction algorithm, introduces a considerable delay
in the navigation loop. Moreover, the poor quality
of the image provided by the web cam and the op-
tical distortion produced by its lens should be taken
into account [9]. To partially alleviate this problem
we propose a fast feature extraction algorithm that
includes a model of the lens aberration in the SLAM
filter.

The paper is organised as follow: in section 2 we
detail the vision system, in section 3 the SLAM filter
equation are explained, while experimental results are



presented in section 4. Conclusion are reported in 5

2 Vision system
The vision system used in this work has a cam-

era on board configuration. A low cost web cam is
mounted on a mobile robot, focusing at the ceiling,
and it is connected to a notebook.

The web cam captures 352×288 pixels images using
only the YUV format at the rate of 5 frames per sec-
ond. The notebook processes the frames to provide
the position of the lamps in the image according to
a three-steps algorithm: features extraction, features
validation and computation of beacons position.

2.1 Lamps recognition algorithm
The algorithm performs feature extraction using

the luminance information coded in the Y parame-
ter of the frame. Assuming that the beacons have a
frame representation with large Y values, a threshold
should be first applied but, to grab position informa-
tion also for lamps that have small luminance or large
reflections phenomena, a morphological operator per-
forming a closure operation is previously applied. At
the end of the two phases a graph search of all con-
nected components is performed using the 8-adjacency
relationship between pixels.

After this scanning, more than one connected com-
ponent is usually retrieved. Sometimes, reflections can
produce small connected components that can be dis-
criminated evaluating their area. The lamps used in
the present work produce circular connected compo-
nents with about 90 pixels, therefore the algorithm
processes them only if greater than 80 pixels: in this
way erroneous information provided by reflections and
lamps only partially in the viewing window are dis-
carded.

At this point it is possible to compute the position
of the centre of gravity (CoG), in the image coordi-
nates, of each connected component using the well
known formula:

(uc, vc)=
(∑N

i=0 Yi(ui − 0.5)∑N
i=0 Yi

,

∑N
i=0 Yi(vi − 0.5)∑N

i=0 Yi

)
(1)

where (uj , vj) is the position of the j−th pixel in the
image coordinate, Yi its luminance, and N the pixels
number of the lamps.

In Fig. 1 two different images, A and C, are elab-
orated with the algorithm above described: even the
second one, of much lower quality, can be usefully in-
terpreted and its CoG correctly retrieved.

Knowing the scale factor between pixels and me-
tres, and the configuration (i.e., position and orienta-
tion) of the web cam in the robot reference frame, it
is easy to compute the position of the beacons in the
latter reference frame using a coordinate transforma-
tion.

AA B

C D

Figure 1: two different spot images (A, C) and the
result of their elaboration (B, D) respectively

Note that the scale factor between pixels and me-
tres is constant, as the distance between the web cam
and the ceiling is always the same in an office like
environment.

3 SLAM filter

The solution for the SLAM problem adopted in this
work is based on the estimation theory. In this frame-
work we assume that all uncertainty sources have uni-
modal Gaussian distributions and provide a model for
the vehicle, the lamp positions, and the sensors. The
mobile platform considered is a robot with the kine-
matics of an unicycle. The robot is equipped with
encoders and gyro, as proprioceptive sensors, while
uses the vision system presented in the above section
as exteroceptive sensor. The measurements provided
by the exteroceptive sensory system are expressed in
the robot coordinates and represent the position of
the beacons in the viewing windows of the web cam.

Under the SLAM framework, the filter is able to
localise the robot and concurrently build a map (a
list of beacons position). During the navigation task,
the system detects new features when exploring new
areas.Once those features become reliable, they are
included into the map.

The structure of the SLAM filter, shown in Fig. 2,
proceeds directly from the EKF equations.

At the k-th step, the kinematic model of the robot
and the measurements encoders and gyro are used
to compute from an odometric and map prediction
x̂k|k−1 with an associated covariance matrix Pk|k−1;
an observation prediction ẑk is formed and compared
with the measure zk provided by the vision system.

The result is the innovation term vk and its covari-
ance matrix Sk, that is used by the EKF to produce



�����������
	�� 
������

��	������ ��
� ���

��������	������
� ���
��	������ ��
� ���

���������� ���

���! ������� �
� ��� ������

" �����	��
��� ����#

�����������
	�� 

$�%&$�')(+*

, ������-������������	��

��#�	��

$�(+./$�021�% ��� �
� ���

��#����
���

z-1

z-1

x
k|k1

^ zk
^ zk

vkSkJk
h

Pk|k1
x^

kPk

δsk kω

Figure 2: Structure of SLAM filter (z−1 denotes the
unit delay operator)

the new state estimate x̂k and the associated covari-
ance Pk. In the following, each phase is explained in
some detail.

Note that vision system data are available at a
lower frequency than the encoder and gyro measures,
so more than one prediction step is performed between
two update steps. Moreover, a delay arises between
the frame acquisition instant and the time in which
geometrical data becomes available to the filter. The
solution adopted, like in [10], was to store in a buffer
some past state values and odometric data and, each
time a new frame (relative to time tf ) is processed,
go back with the filtering algorithm to t = tf , include
the geometrical data in its evaluation, and then prop-
agate to the actual instant the state estimate using
the odometric data previously stored.

3.1 Odometric prediction
As described above, the state of the whole system

at the k-th sampling interval consists in the configu-
ration of the robot together with the positions of all
beacons w.r.t. a global reference frame (see Fig. 3):

xk = (xr
k

T , xb
k

T
)T . (2)

Define the robot state vector as

xr
k = (px

k, py
k, φk, bk)T (3)

where b is the gyro bias, and define the inputs for the
robot model as

uk = (δsk, ωk)T (4)

where δsk is the vehicle displacement and ωk its an-
gular velocity during the k-th sampling interval.

The robot configuration is estimated using the
equation of the unicycle model:

x̂r
k|k−1 = f(x̂r

k−1, uk) = (5)
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Figure 3: Reference frames used in the SLAM filter

=




1 0 0 0
0 1 0 0
0 0 1 −δtk
0 0 0 1


 x̂r

k−1 +




cosφ̃k 0
sinφ̃k 0

0 1
0 0


 uk

where φ̃k = φ̂k−1 + (ωk − b̂k−1δtk)/2 is the average
robot orientation during the sampling time interval
δtk.

The beacon state vector is defined as

xb
k = [p1

k, ..., pN
k ]T (6)

where pi
k = (xi

k, yi
k) is the location of the i-th beacon

in the global reference frame.
The state transition equation for the beacons can

be written as

x̂b
k|k−1 = x̂b

k (7)

since beacons are assumed to be static.
The covariance matrix associated with the predic-

tion error is computed as

Pk|k−1 = Jf
x (x̂k−1) Pk−1 (Jf

x (x̂k−1))
T

+

Jf
u (uk)C (Jf

u (uk))
T

+ Q. (8)

Here, Jf
x (·) and Jf

u (·) are the Jacobian matrices
of f(·) with respect to x̂k−1 and uk, Pk−1 is
the covariance matrix at time instant tk−1, C =
diag{σ2

δs, σ
2
ω} is the covariance matrix of the Gaus-

sian white noise which corrupts input measures and
Q = diag{σ2

px, σ2
py, σ2

pφ, σ2
b ,0}(with 0 ∈ R2N ) is the

covariance matrix of the Gaussian white-noise which
directly affects the state in the kinematic model. Ac-
cordingly with estimation theory, we assume that
landmarks are not in stochastic motion: this ensure
some convergence properties of the EKF for the SLAM
as it proved in [1].



3.2 Observation prediction and matching
The observation equation describes the relation be-

tween robot configuration and position of beacons in
the viewing windows of the web cam (referred as active
beacon in from now on). The observation prediction
vector

ẑk = h(x̂k|k−1) (9)

consists of sub vectors ẑi
k, i = 1, ...,M , where M is

the number of active beacons and

ẑi
k=hi(x̂k|k−1)=

[
ẑix
k

ẑiy
k

]
=Rφ̂

k

[
x̂i

k|k−1 − p̂x
k−1

ŷi
k|k−1 − p̂y

k−1

]
(10)

being Rφ̂
k the rotation matrix between the robot ref-

erence frame and the global frame reference (see Fig.
3):

Rφ̂
k =

[
cosφ̂k|k−1 sinφ̂k|k−1

−sinφ̂k|k−1 cosφ̂k|k−1

]
(11)

The innovation term and the associated covariance
are, then, computed as

vk = zk − ẑk (12)

Sk = Jh
x (x̂k|k−1) Pk|k−1 (Jh

x (x̂k|k−1))
T

+ Rk (13)

where Jh
k (·) is the Jacobian matrix of h(xk|k−1) re-

spect to xk|k−1. The first term used to compute Sk

represents the uncertainty on the observation due to
the uncertainty on the odometric and map prediction.
The second term is the observation noise covariance
matrix.

The measurement noise depends on the interac-
tion between the sensory system and the environment,
which is not invariant in space and time. For example,
due to the web cam lens aberration the accuracy of vi-
sion system measurement is related to the position of
the image points in the image plane. In order to avoid
a time consuming calibration step and model this fact,
we have chosen to label each pixel of the image with a
value representing the reliability of the vision system
measure, and to modify the correspondent rows of the
covariance matrix R accordingly [11].

Moreover, since sources of uncertainties in a mo-
bile system do not obey normal distribution, we need
a mechanism for rejecting invalid measures (outliers)
that are common in robot sensing and would seriously
affect filter performance. In order to avoid the inclu-
sion of outliers in the correction phase, a validation
gate is defined using Mahalanobis distance [12]. Sup-
pose that vi

k is the innovation term for the i-th beacon;
it will be processed by the EKF only if it satisfied the
χ2 test.

(vi
k)T (Si

k)−1vi
k ≤ χ2 (14)

where

Si
k = Jhi

x (x̂k|k−1)Pk|k−1(Jhi
x (x̂k|k−1))

T
+ Ri

k. (15)

Figure 4: The robotised wheelchair

3.3 Extended Kalman Filter
The Extended Kalman Filter is used to correct

the odometric configuration and beacons position esti-
mate one the basis of the validated observations. Par-
ticularly, the final state estimate is obtained as

x̂k = x̂k|k−1 + Kk[zk − ẑk] (16)

where Kk is the Kalman gain matrix

Kk = Pk|k−1(Jh
x (x̂k|k−1))

T
S−1

k . (17)

The covariance associated with the final state estimate
x̂k is given by

Pk = Pk|k−1 − Kk Sk KT
k . (18)

4 Experimental results

Experimental trials have been carried out using a
robotised wheelchair prototype, see Fig. 4, built at
the robotics lab of the University of “Roma Tre” and
a Philips Vesta Pro Scan. The vehicle has two driv-
ing wheels equipped with low resolution incremental
encoders (6.4 pulses per millimetre of the wheel move-
ment). The proprioceptive sensory system is com-
pleted by a piezoelectric gyro (MuRata), that mea-
sures rotation velocity. The gyro has a good accuracy
(3%) but is affected by temperature depending bias.

Five ultrasonic sensors with a radiation cone of 90◦

are also available, but they are not used in this work.
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Figure 5: Final map and estimated path

The software of the overall system has been imple-
mented on two notebooks connected over an Ethernet
link: the first is a laptop installed on the wheelchair,
while the second is devoted to process images from the
vision system. The on-board laptop is a 486-PC and
runs the control software. Since it is equipped with a
data acquisition card (DAQPad 1200 by National In-
struments), the control software has been developed
using the graphical language of LabVIEW, while some
of the most time-critical routines, as the SLAM fil-
ter, have been written in C. Rapid prototyping has
been the philosophy underlying the system develop-
ment. It motivates the choice of high level program-
ming tools. In return for this, the system suffers from
some fragility [13].

The web cam is mounted on the robot and focuses
the ceiling. The distance between the vision system
and the beacon (circular lamps) is about 2.50 m, so
each pixel is about 5mm large at the CIF resolution
(352× 288).
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Figure 6: Distance errors (m)

The results of a first experiment is given in Fig. 5.
The robot describes a double 8-path under the bea-
cons and is able to localise itself during the navigation.

Table 1: Map error (in cm)

Beacons Mean Standard Min Max

value deviation error error

Group A 1.4 0.7 0.6 2.5
Group B 5.0 0.9 4.2 6.3

The differences between the true wheelchair path
and the path estimated using the SLAM filter are too
small and cannot be appreciated in the figure.

In Fig. 5 are also shown the real dimensions of the
wheelchair, the position of the web cam (identified by
a star) and the viewing window in its home position.

Fig. 7, conversely, reports the odometric path as
estimated on the basis of encoders and gyro data; note
the large difference with Fig. 5. In the same fig-
ure, dots represent the history of the beacon positions
as estimated on the basis of the odometry and the
grabbed image.

The results obtained with map building show that,
on the basis of the errors between actual and esti-
mated positions reported in Fig. 6, the beacons can
be divided into two groups, say group A (beacon 1-8)
and group B (beacon 9-13). The distance from the
groups is larger than the viewing window of the web
cam, as it can be seen in Fig. 5.

This means that the robot uses only odometric pre-
diction to estimate its configuration when travels from
the zone A to the zone B, and the estimation error
grows and cannot be reset using the beacons position,
so the resulting map for group B is affected by an
offset (see Tab.(1)).

5 Conclusion

This work presents a SLAM filter which success-
fully exploits low cost vision system measures to im-
prove dead reckoning data and to maintain a correct
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Figure 7: Odometric path with beacons

estimation of the configuration of a mobile robot while
building a map of the environment.

Low cost vision hardware imposes the use of fast
image processing and care of camera aberration.

To avoid computational complexity, we propose to
model lens aberration changing the error covariance
matrix R and use features easy to extract.

Experimental trials have shown the satisfactory
performance of the method under realistic operating
conditions. Future works will be devoted to reduce
the overall computation complexity of the filter.
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