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Abstract
This paper presents the development of a real
time Simultaneous Localisation and Mapping
(SLAM) application for generic robot platforms using Player, called the Real Time SLAM
Proxy (RSP). The Extended Kalman Filter
(EKF) and Multiple Particle Filter (MPF)
SLAM algorithms are implemented in RSP, and
experimental results are provided. RSP is intended for nonholonomic robots that operate
in 2-D outdoor environments where landmarks
can be modelled by cylindrical features and detected using laser rangefinders.
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Introduction

Although much progress has been made in SLAM research over the last two decades [Bailey and DurrantWhyte, 2006], there is still a lack of an open source
SLAM application that can be used off-shelf in conjunction with real time robotic applications. This papers describes the development of the Real-time SLAM Proxy
(RSP) designed for use with the Player Project, that
is reusable and adaptable, hence providing solutions to
the problems faced with current SLAM implementations.
Many open source SLAM packages that are currently
available are offline data post-processors programmed in
Matlab, or require significant computing and memory resources [Stachniss, et al., 2008]. These may also require
significant modification and conversion before they can
be adopted in real time robotic applications, or integrated into popular programming interfaces for robotic
applications, such as the Player Project, consequently
limiting widespread use. The CAS Robot Navigation
Toolbox by Arras is one example [Arras, 2004]. Bailey
has also provided offline implementations of EKF, UKF
and FastSLAM [Bailey, 2007]. While commercial SLAM
packages are available, their costs may be prohibitive,
which ranges between USD $10K−$100K and may not

satisfy all requirements [Hirasawa and Ouellette, 2007].
Examples include Teambotica, which is a set of software
modules that are distributed in binary-only form as plugins for the Player project, while vSLAM is a vision based
SLAM package that relies on cameras for feature extraction and recognition.
Researchers and developers will benefit from a ready
to use, modular SLAM application that contains implementations of popular SLAM algorithms. This can serve
as an introduction to SLAM and allow users to gain a
better appreciation of it. A modular application will
allow algorithm independent components to be evaluated, such as data association and feature representation, while a ready to use SLAM application will help
reduce development time. Results of working SLAM implementations are presented, as well as ideas of how RSP
could be applied in robotic applications.
Section II presents the SLAM implementations in
RSP. Section III covers the RSP architecture and its relationship with the Player Project, and Section IV covers
the implementation details and results.
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SLAM methods

SLAM algorithms estimate the robot pose and the location of distinctive environmental landmarks. The EKF
and MPF SLAM algorithms were implemented in RSP,
and the details about each algorithm can be found in
[Dissanayake et al, 2001; Yuen and MacDonald, 2004].
EKF SLAM is based on the popular Kalman filter algorithm, and is the most established SLAM algorithm due
to its simplicity and accuracy. MPF SLAM is a particle filter algorithm that addresses the issues with EKF
SLAM, such as the computational efficiency in medium
to large environments and the ability to handle environmental ambiguities. MPF SLAM is similar to FastSLAM, where the high dimensional SLAM posterior is
decomposed into separate low dimensional robot pose
and mapping filters [Montemerlo, et al., 2002]. MPF
SLAM uses separate low dimensional particle filters to
estimate the robot pose and the position of each feature,

unlike EKF SLAM that employs a single state vector.
MPF SLAM differs to FastSLAM by the method used to
estimate landmark positions. Separate, low dimensional
particle filters are used in MPF SLAM to estimate the
landmark positions, thus allowing different probability
distributions to be used to estimate landmark positions,
which can handle ambiguities better. Meanwhile, FastSLAM uses separate Kalman filters to estimate the landmark positions. As Kalman filters assume uncertainty
to be Gaussian, the unimodal characterstic make it less
suitable to estimate landmark positions. The implementations of SLAM in RSP are intended for nonholonomic
robots operating in 2-D outdoor environments, where
features are assumed to be cylindrical. This approach
is adopted by many papers, such as Dissanayake [Dissanayake, et al. 2001] and Montemerlo [Montemerlo, et
al., 2002] as it is easier to implement. Many SLAM algorithms are benchmarked offline using this approach, using a standard dataset such as the Victoria Park dataset
[Guivant and Nebot, 2001].
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Figure 1: The Player block diagram

The Player Project and the Real
Time SLAM Proxy

Player is the most popular open source programming
package for developing applications for robotic platforms
in the research and teaching community [Gerkey, et al.,
2007]. The Player Project consists of Player, a network
client/server for robot control, Stage, a 2-D simulation
package for Player, and many software libraries. Player
libraries are platform independent and support a wide
range of programming languages, such as C, C++ or
Python. Therefore, client programs rarely requires modifications when used on different platforms, hence improving code reusability.
In Player, interfacing and communication drivers between the processing unit and the robot’s hardware are
provided over a TCP socket, shown in Fig. 1. The
Player architecture enables multiple Player proxies to
be executed simultaneously, which enhances the capabilities of applications developed using Player [Gerkey,
et al., 2007]. Interfaces specify how hardware and software should interact together, while drivers are software
that communicate directly with the hardware and translate the Input/Output (I/O) to comply with the interface standards. Interfaces in Player are software classes
that are derived from the proxy class, which contains a
generic data structure and functions to return data, issue
commands or change the hardware configuration. This
greatly simplifies data use for developers and allows them
to add support for new hardware. For example, the position2d interface in Player allows users are to move the
robot, and read its current states, such as velocity and
position. The position2d interface is supported by many
drivers, such as p2os, obot and rflex, which are drivers

Figure 2: Data flow chart and relationship between RSP
and other Player proxies
for different robot actuators. This enables Player control
code to work across different robot platforms.
Despite its popularity, there has yet to be a generic
SLAM module for use with Player. However, there are
several external client libraries available that conduct
localisation, such as Adaptive Monte Carlo Localisation
(AMCL). AMCL is a PF based localisation utility that is
bundled with Player, and takes odometer data and laser
scan readings from a robot and attempts to localise itself
given a map of the environment. pmap is generally used
to generates maps for AMCL offline using odometer data
and laser scan readings. A SLAM application that is
ready to use with Player will require much less effort to
use than the pmap and AMCL combination [Yu, 2004].

3.1

The Real Time SLAM Proxy

RSP requires the position2d interface to obtain change
in vehicle pose from odometer data, and the laserproxy
interface to obtain observations of local environmental
landmarks from laser range and bearing readings. RSP

Figure 4: AR SLAM system developed by [Kozlov, 2007],
driven by RSP.

Figure 3: RSP SLAM architecture
then outputs the robot pose and a metric map of the
environment. This dataflow is shown in Fig. 2, and
is a common way to implement algorithms in Player,
which can then be used in other applications [Gerkey,
et al., 2007]. Other exteroceptive sensors, such as sonar
rangefinders and cameras can be used in RSP with the
appropriate feature extraction techniques implemented.
RSP was developed using C++ and is compatible with
Player v2.1.0 libraries, therefore SLAM can be executed simultaneously with other Player interfaces inside
a Player client application. This allows flexibility, platform independence and information to be shared. The
performance specifications of hardware and parameters,
such as maximum sensor range and minimum data association thresholds are stored in an RSP configuration
file. This allows RSP to run on robots that have different sensor specifications or configurations. RSP is
a pure observer application that takes in sensor inputs
and outputs position and map data, therefore additional
modules are required for locomotion and path planning.
To execute RSP, a RSP object needs to be included in
a Player client application. The user needs to specify
the desired SLAM implementation and provide the initial robot pose. The data and the internal process flow
chart for RSP SLAM can be seen in Fig. 3, and applies
for EKF and MPF SLAM as both can be derived from
Bayes Theorem.
Aside from the Bayesian prediction, update and map
maintenance phases that are unique to each algorithm,

the modules in RSP can be interchanged. This enables
users to swap and replace the feature extraction or data
association modules with minimal effort. Modules in
RSP have a standard I/O specification, therefore different motion models and feature extraction techniques
can be implemented in modules and integrated into RSP
by following the RSP I/O specification. For example,
the sensor observation module will receive raw laser and
odometer sensor data and produce a list of the coordinates of local environmental features that were observed,
as well as the change in vehicle pose. The Bayesian prediction module will receive the change in vehicle pose
and output a predicted vehicle pose. The data association module will receive a list of local observations
from the feature extraction module and outputs a list of
matches between observations and mapped objects, and
a list of previously unobserved objects. The Bayesian
update module will receive the data association lists and
produce an updated vehicle pose. Sensors with different sampling rates can also be used. For example, in
our testing the sampling rate of an encoder is 100Hz,
while the sampling rate for a laser rangefinder is 10Hz.
So the update function is called once approximately every 10 calls of the prediction function since no new data
is available. The proxy class also provides a timestamp
variable to store the timestamps of sensor readings.
While RSP is intended for operation on robots
equipped with laser rangefinders and odometers in outdoor environments where landmarks are assumed to be
cylinderical, extensions can be made to detect features
unique to indoor environments. Lines or corners are features commonly found in indoor environments and can
be used in RSP by implementing line extraction functions from laser rangefinder readings. Similarily, multi-

ple sensors can be fused and integrated to the feature
extraction stage. The EKF SLAM implementation of
RSP has been used to assist the development of an Augmented Reality SLAM development system using Player
[Kozlov,2007], and its prototype can be seen in Fig. 4.
RSP and the implementation described in this paper are
available from [Yang, 2007].
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RSP can also be used on robots with different hardware configurations, provided the motion model for the
robot is implemented in the Bayesian prediction module. However, the feature extraction methods used in
this paper are limited to detecting cylindrical features.
Any other types of features that are present in the environment, such as lines or boxes will be wrongly identified
as cylinders and introduce error to the SLAM process,
hence reducing the accuracy of the SLAM outputs.
RSP was tested using either a desktop computer with
a P4 3.0GHz duo core processor and 2GB RAM, or a Dell
Latitude T610 laptop with a P3.2GHz duo core processor and 512MB RAM. The computers communicate with
the robot’s Mini-ITX computer via a wireless network.
Ground truth (GT) data was generated using an indoor
camera tracking system in our Robotics laboratory. A
fiducial marker is placed on the robot and is tracked using a fixed camera connected to a computer. The system
then extracts the robot pose consisting of the position
and vehicle orientation relative to a global frame through
triangulation. The camera tracking system is a part of
ARDev, an augmented reality visualisation system developed by Collett [Collett and MacDonald, 2006] based
on the popular ARToolKitPlus visualisation system for
robotics [Wagner and Schmalstieg, 2007].
Two test programs were developed to evaluate the
performance of RSP: playerjoySLAM and cameramove.
Both programs move the robot while conducting SLAM,
and logs SLAM outputs and DR data. GT data is
also logged if available. playerjoySLAM is based on
the playerjoy manual robot control application bundled
with Player. cameramove drives the robot around a
set of waypoints using position feedback from the camera tracker, which produces consistent wheel odometry
(Dead Reckoning-DR) error, hence giving a more useful
and accurate comparison between results generated by
each algorithm.
To ensure that each algorithm produce optimal estimates, cameramove was used to determine the process
noise parameters that portrays the environment accurately. Different parameters were used in tuning experiments and the absolute error history can be generated
from the robot pose and GT. The parameters that generated the smallest mean absolute error from the error
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Experimental Setup and Results

This section describes the experimental setup, implementation details and the results of RSP SLAM. The
motivation behind testing in this paper is to demonstrate that RSP can be used off the shelf immediately,
and showing how RSP can be applied, as well as validating SLAM operation and providing real time and
localisation performance for keen developers.

4.1

Experimental Setup

RSP was tested on a Pioneer P3-DX robot platform
equipped with a Hokuyo URG-X003S laser rangefinder
and a Mini-ITX computer that executes the Player
server software. The laser rangefinder detects objects up
to 1m away, with a coverage of 180 degrees and a 0.35
degrees resolution. The process and observation models
used in RSP are illustrated in Fig. 5 and Fig. 6, as well
as Eq. 1 and 2 respectively. x, y, θ, L, ∆d, ∆θ denote
the x-axis position, y-axis position, vehicle orientation,
feature positions, change in displacement and change in
vehicle orientation respectively.

Figure 5: Robot process model

Figure 6: Robot measurement model
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viations were 0.005m and 0.001m respectively. The number of particles in the localisation and mapping filters in
MPF SLAM is also of interest. When the number of
particles in the localisation filter exceeds 100 particles,
and 10 in each mapping filter, the increase in accuracy
began to diminish [Yuen and MacDonald, 2004], so 100
particles denoted NL were used in the localisation filter
and 10 particles denoted Nm were used in each mapping filter. The code implementations used for the case
studies below can be found in [Yang, 2007].

4.2

Figure 7: EKF SLAM process tuning results

Results

The performance of RSP SLAM was evaluated in two
parts. Case Study One quantified the performance of
each SLAM algorithm using GT data in a small laboratory area that emulates outdoor environments through
use of static cylindrical objects, and the loop closure
capabilities of each algorithm in a similar, but larger
laboratory environment. Case Study Two focussed on
the real time performance of each algorithm. All experiments were conducted in a controlled environment at
the Robotics Laboratory at the University of Auckland
without dynamic objects present.

Figure 8: MPF SLAM process tuning results
history are given below. When parameters generated
similar mean absolute errors, the parameter that generated the smaller standard deviation error were used. In
EKF SLAM, models for the process and measurement
noise are quantified by the Q and R matrices respectively. The process noise parameters that generated the
best results for each algorithm are shown in Fig. 7 and
Fig. 8.
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Figure 9: Experimental setup of Case Study One

where κ is the tuning factor used to tune the process noise in EKF SLAM, which we tuned to 1.0. In
MPF SLAM, the Gaussian distribution was used to
model both process and measurement noise distributions, where the process and measurement standard de-

Figure 10: Case Study One waypoints and map
Case Study One
This section investigates the accuracy of RSP SLAM
in a 3x2m laboratory area by comparing the error be-

Figure 11: EKF SLAM results. GT (black), EKF (red),
DR (green) paths, actual (blue) and estimated (red) features.
Figure 13: Closing a 4x4m loop using EKF SLAM (red)
vs. DR (blue)

Figure 12: MPF SLAM results. GT (black), MPF (red),
DR (green) paths, actual (blue) and estimated (red) features.
tween the SLAM and GT path history. The robot was
driven automatically using position feedback from GT
data, and completed the loop illuatrated in Fig. 10 ten
times with a constant speed of 0.2m/s and a maximum
turn rate of 11deg/s. The track fully utilised the limited
coverage area of the camera tracker. When outside the
region, position feedback could not be generated consistently. Ten cylinders with 100mm dia. were used as
landmarks, shown in Fig. 9 and Fig. 10. GT and DR
was only used to compare the performance of EKF and
MPF SLAM and not for localisation. The robot pose
history generated by SLAM, DR and GT, and the estimated feature positions, were logged and analysed offline
in Matlab.
Fig. 11 shows the path history generated by EKF
SLAM, DR and GT. In the best case, a mean absolute error of 0.04m was achieved, along with a standard
deviation of 0.018m and a maximum absolute error of
0.1m. The results are similar to studies conducted by

Figure 14: Closing a 4x4m loop using MPF SLAM (red)
vs. DR (blue)

[Zunino, 2002] and [Adams and Zhang, 2004] that conducted SLAM in a similar sized area. Fig. 12 shows the
MPF SLAM results. An average absolute error of 0.04m
was achieved in the best case, with a standard deviation of 0.04m and a maximum absolute error of 0.19m.
EKF SLAM was found to be slightly more accurate than
MPF SLAM-its path was a better match with GT and
was able to map features slightly more accurately. However, both SLAM implementations are able to correct for
odometer drift, which was evident after three laps, and
close loops consistently.

The loop closure and mapping performance of RSP
was then tested in a 4x4m laboratory area, as the camera tracker had limited coverage. The robot was driven
manually while keeping to the desired path and completed the loop five times. The start and end locations
were measured manually and taken as GT. Results from
both algorithms match the desired path closely.
The EKF SLAM estimates are shown in Fig.13. Features were mapped fairly accurately, with a maximum
absolute error of 0.21m from their actual locations. The
landmark at (3, 1) was mistakenly mapped twice. The
map generated by MPF SLAM, shown in Fig.14 has a
maximum absolute error of 0.31m, which is slightly worse
than EKF SLAM. The landmarks at (4, 2) and (0, 4)
were unmapped, while two false features were generated
at (0.48, 0.49) and (3.59, 1.08). This may be the result
of spurious sensor readings because the MPF robot path
still approximates the desired path. The path of MPF
SLAM does not match the desired path as well as EKF
SLAM. Also, MPF SLAM experiences occasional sharp
fluctuations about the desired path. This happens when
an inaccurate particle in the localisation filter is used
as the best estimate. A possible solution is to select a
different probability distribution function to model process and measurement noise. The resampling process
in the update steps could also be investigated to ensure
the correct particles are selected during the resampling
process.
Case Study Two
This section evaluates the real time performance of RSP,
which was the time taken to execute a single SLAM iteration against the number of mapped features. The robot
was manually controlled and attempted to map as many
features as possible in the laboratory. The 10Hz sampling time of the Hokuyo laser rangefinder was taken as
the minimum system sampling time. The real time performance of EKF and MPF SLAM are shown in Fig. 15,
and a line of best fit was determined for each log-log data
set.
The empirical complexity of EKF and MPF SLAM
was found to be O(N 1.94 ) and O(N 0.29 ) respectively,
which is close to its theoretical quadratic and logarithmic complexity, and is similar to results found in [Yuen
and MacDonald, 2004]. The complexity in SLAM is
the computational effort required to estimate N states,
which consists of the robot pose and n mapped features.
Although EKF SLAM has a low initial computational
overhead, its quadratic complexity makes it less efficient
than MPF SLAM when operating in medium to large
environments. As the time complexity of MPF SLAM
is also dependent on the number of features within the
sensor’s detection range, this reduces the iteration time
even when n is constant, as only a few landmarks are

Figure 15: Computational time of EKF (red) vs. MPF
SLAM (black)
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Figure 16: Average computational time per iteration for
EKF and MPF SLAM with 10 features
generally visible to the robot. MPF SLAM is faster than
EKF SLAM when n> 25: the worst MPF SLAM iteration time is better than the best EKF SLAM iteration
time. EKF SLAM no longer functions in real time when
n> 70 with the current resources, therefore sensor data
may become obsolete, hence introduce inaccuracies causing RSP to fail. As playerjoySLAM was responsible for
SLAM and robot control, the true experimental complexity for both algorithms may be less than the obatined
values. However, keen users should operate RSP in areas where the number of features is below the allowable
number for real time operation, which is dependent on
the performance of available computing resources, in order to maintain stability for applications that rely on
RSP.
The average time taken for each function in EKF and
MPF SLAM was logged using gprof and given in Fig. 16.
Here, the robot completed a circular track 20 times in
a 2x2m area using cameramove, while 9 cylinders were
used and at least 4 were observed at any time. A significant portion of the total process time is spent on the
update step in EKF SLAM. gprof logs reveal that 1.02ms
is spent on updating the state and covariance matrices
in the update step. With large scale problems, even the
prediction stage will demand significant effort, as the
entire EKF covariance matrix, whose dimensions is related to the number of mapped features requires updating. Implementation of compressed EKF or submapping
techniques should improve the real time performance of

EKF SLAM significantly. In contrast, the time taken
in the MPF SLAM prediction step remains constant as
separate particle filters are used to estimate the robot
pose.
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Conclusion

This paper has described RSP, an accurate real time
SLAM application that can be used with the Player
project. This will ensure great code reusability as Player
is the most popular development package for robotic applications in the research community. The modular architecture of the Player project allows RSP to be adopted
by client programs developed using the Player project
with minimal effort. Therefore, developmental time and
effort will be reduced for researchers who wish to engage
in autonomous robotics. RSP has been integrated with
applications developed using the Player Project, such as
the playerjoy application, as well as aiding the development of an SLAM developing package using AR. This
will be valuable for future tasks that require autonomous
localisation and mapping.
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