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Abstract
Simultaneous Localization and Mapping
(SLAM) algorithms require huge computational power. Most of the state-of-the-art
implementations employ dedicated computational machines which in most cases are
off-board the robotic platform. In addition,
as soon as the environment become large, the
update rate of such algorithms is no more
suitable for real-time control. The latest implementations rely on visual SLAM, adopting
a reduced number of features. However, these
methods are not employable in environments
with low visibility or that are completely dark.
We present here a SLAM algorithm designed
for mobile robots requiring reliable solutions
even in harsh working conditions where the
presence of dust and darkness could compromise the visibility conditions. The algorithm
has been optimized for embedded CPUs commonly employed in light-weight robotic platforms. In this paper the proposed algorithm
is introduced and its feasibility as SLAM solution for embedded systems is proved both by a
simulated and a real testing scenario.

1

Introduction

The most important problem in the mobile robotics field
is to determine the robot pose and localize the robotic
platform in the environment, thus answering the question: ”Where am I?”.
From the early research in this field many different
algorithms have been proposed to solve the localization
issue and the mapping of the working environment. The
simplest solution to the localization problem is to use an
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odometric algorithm to estimate the current position of
the robot. Starting from this simple approach, several
works have been proposed in the literature that adopt
state observers and Kalman Filtering to correct the drifting error introduced by the odometry integration. These
methods introduce a measurement phase which generally
exploits more accurate measurement than the odometry
even if the update rate of this phase is slower. A common solution used in the literature adopts the laser range
finder performing a scan match [1] and, in order to reduce the computational cost, it is possible to choose a
proper set of features to be matched instead of the entire
raw laser scan [2].
However, to plan a trajectory or the sequence of actions to accomplish a given mission, the knowledge of
the robot motion is not sufficient. For high level behavior algorithm it is required to know the position of the
robot within a map or in cases it is not known a priori, it
is very useful to build the map while the robot is exploring the environment. For this reason during the years a
large number of researchers have studied the problem of
Simultaneous Localization and Mapping (SLAM). Most
of the works have been developed over the contribution
of Smith et al. [3] that uses an Extended Kalman Filter
(EKF) to solve the problem. EKF covariance matrices,
however, are quadratic with respect to the map size and
in turn, the update time is quadratic with respect to the
features of the map. This raises an issue when the SLAM
algorithm has to be run in real-time on the embedded
robot’s electronics. Actually, in many cases, it is not
possible to use an external computing device to perform
computational expensive algorithms. This is the case of
teleoperated or autonomous robots exploring unknown
in-door environments. These kind of robots have the
need to embed the localization algorithms directly onboard to be able to cope with communication black-outs
and in the same time maintaining a stable and secure
behavior in any circumstances.
Latest State of the Art SLAM methods targeting to
low computational power platforms are based on fusion
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algorithms which exploit monocular vision and IMU devices [4], [5]. Although these methods proved to be suitable to localize mobile robots both in outdoor and in
indoor environments like an office facility, they cannot
be employed in dark environments. Recently there is a
growing interest in the development of robotic solutions
to carry out high-risk service tasks, such as the inspection of power plants and/or power lines. Many times
such tasks have to be performed in challenging conditions
due to the presence of dust and darkness that strongly
limit the visibility of the camera sensors. In addition,
industrial settings may not allow the use of GPS information and the magnetic compass generally contained
in standard IMUs are not always reliable because of the
presence of metallic parts which generate unusual and
unpredictable electromagnetic disturbances.
This work presents a custom SLAM algorithm optimized for embedded computing that employs a laser
range scanner and an IMU within the sensor fusion algorithm. The proposed SLAM algorithm is able to work
both in outdoor and indoor environment event in the
presence of sudden light changes and/or darkness. This
provides a reliable solution for robots that must operate in unstructured and challenging environments like
for instance gas boilers and industrial plants.
Within the paper, the algorithm is described and its
capability is shown both in a simulation environment and
in a real test scenario. Our method starts from the second version of the FastSLAM algorithm with the aim to
improve computational time in order to be exploited in
embedded processor with reduced computational power
(compared to standard workstation). The second version of the FastSLAM algorithm has been proposed by
Montemerlo et al. as an evolution of the FastSLAM algorithm [6], based on particle filtering [7], in order to
improve the computation time of classical EKF implementations.
The proposed SLAM algorithm has been implemented
and tested in a Micro Aerial Vehicle (MAV) employed
for semi-autonomous in-door exploration. The application of the proposed method in a real-life scenario for
confined space inspection is presented in [8]. In particular the designed system is composed by a flying vehicle
and a control ground station consisting of an architecture that allows an operator to remotely supervise an
aerial service robot while performing a visual inspection
of confined spaces in a power plant of an industrial gas
burner. Basically, the human operator does not need
to be a skilled pilot to operate the aerial robot, but an
expert in the required service task.
The remaining part of this work is organized as follow.
Section 2 introduces the SLAM problem and defines the
formalism used in the literature and in the paper as well.
In Section 3 the FastSLAM 2.0 algorithm is briefly pre-

sented as the starting point of our method. Section 4
introduces the proposed algorithm whereas Section 5
presents two different test sessions to compare the result
of the proposed method with the original implementation of FastSLAM 2.0. The paper end with Section 6
where conclusions are drawn.

2

Simultaneous Localization and
Mapping

The problem solved by SLAM algorithms is to determine
a good estimation of the vehicle pose and, at the same
time, to represent the operating environment, where the
vehicle lays, as a map. The map is usually represented
as a set of n landmarks or features that can be denoted
as F = f1 , . . . , fn . The trajectory of the vehicle in the
space can be denoted as St = s1 , . . . , st where t is an
index representing the time and st is the vehicle pose at
the discrete time interval t.
Given this assumption the SLAM algorithms available
in the literature compete to obtain a posterior distribution that can be expressed as follow:
p(F, St | Zt , Ut , Dt )

(1)

where Zt = z1 , . . . , zt is a sequence of measures (e.g.
ranges from laser, radar), and Ut = u1 , . . . , ut is the control sequence of the vehicle (e.g. imposed wheel/motor
velocities). Usually these methods assume that a single
feature is observed at each time t so that Dt = d1 , . . . , dt
represents the data association variables and dt specifies
the feature or landmark that has been observed at time
t. In the general case this association can be known or
unknown.
To calculate the probability in (1), the algorithms have
to compute two probability distributions, one for the
odometry or motion model and the other for the measurement model. The motion probability distribution
describes how the control command ut affects the vehicle pose, the measurement model instead describes how
the measurements evolve from a given state. Hence the
need to solve the system of equations
p(st | ut , st−1 )

(2)

p(zt | st , F, dt )

(3)

These equations are usually chosen in literature as
nonlinear functions with independent Gaussian noises.
In the following section the FastSLAM 2.0 algorithm
will be introduced as it has been used as the starting
point from which the proposed algorithm develops.

3

FastSLAM 2.0

FastSLAM 2.0 [9] starts from the observation [10] that
the posterior (1) can be factored being the features or
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landmarks estimable independently. So basically the
probability in (1) can be split in one term that estimates
the probability of a vehicle trajectory and N terms estimating the positions of each features conditioned to the
trajectory :
Y
p(St | Zt , Ut , Dt )
p(fn | St , Zt , Ut , Dt )
(4)
n

The trajectory is sampled by means of a particle filter. For each particle a map is created, composed by N
extended Kalman filters (EKF). The particle i is then described by the trajectory S i and N estimates of the features expressed as mean and covariance pairs (µin,t , Σin,t ).
The fastSLAM 2.0 algorithm starts sampling the vehicle pose based on both the motion command ut and
the measurement zt , in other words, for each particle, it
computes the probability
i
, Ut , Zt , Nt )
p(st | St−1

(5)

The next step is to update the estimate of the observed
features computing the posterior
p(fn | Sti , Nt , Zt )

(6)

This update results equivalent to the measurement update equation of the EKF [11].
At this point a sampling phase is needed to weight
each particle in order to match the desired posterior,
this step is usually known as importance sampling. The
probability for the i-th particle to be sampled is given
by
i
p(zt | St−1
, Ut , Zt−1 , Dt )
(7)
FastSLAM 2.0 can be used also in the case of unknown
data association, in this case each particle makes is own
local association (dˆt ) maximizing the data association
likelihood:
i
dˆit = argmaxnt p(zt | dt , D̂t−1
, Sti , Zt−1 , Ut )

(8)

In the case of unknown data association there is the need
to create the features of the map dynamically. The usual
approach to create new features is to add them when
the data association probability dˆit is below a certain
threshold. However, to remove spurious data occurring
in real-world acquisitions, it is possible to employ a Bayes
filter similar to the one used on occupancy grid map
literature [12].
FastSLAM 2.0 results more robust to noise with respect to EKF algorithms [13] for the fact that each particle makes a local data association opposed to having a
single data association for the whole filter.
The presented algorithm (named SlamCGS) starts
from the results of FastSLAM 2.0 that proved to be efficient and robust trying to decrease the computing power

Figure 1: V-REP simulation to test the proposed algorithm against the FastSLAM 2.0 implementation
needed for and the precision of the estimation. This is
requested in many applications where the SLAM algorithm is used in the control loop to maintain vehicle stability and the computing power is reduced because of the
embedded processors that are used in the robotic platforms. Such computing units usually are also responsible
for streaming video data and the overall communication
with a remote supervising unit thus reducing the available computing power to run the control loop itself.
The main idea used to extend the FastSLAM 2.0 algorithm comes from the literature on EKF localization
with unknown association. In section 2 we anticipated
one of the main assumption used by many SLAM algorithms that is to assume that in each loop only one measurement is obtained and the algorithm is cycled many
times with a single measurement as input. In the proposed algorithm instead in each loop all the measures
are taken into consideration to obtain a posterior probability. In this way the proposed algorithm results faster
and more precise and this result will be shown in the
following sections.

4

SlamCGS

In this section the proposed algorithm will be detailed
to obtain a clearer view of its functioning.
To obtain a closed form from the sampling of the distributions there is the need to approximate the probability p(zt | st , F, dt ) with a linear function plus Gaussian
noises.
In the following we will approximate in the algorithm this measurement probability with a linear function h(st , fnt ) plus a Gaussian noise with zero mean
and covariance Qt and the probabilistic motion model
p(st | ut , st−1 ) as a nonlinear function g(ut , st−1 ) plus a
Gaussian noise with zero mean and covariance Rt . Hence
the overall algorithm can be expressed as in Algorithm 1.
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then calculate the Jacobians of h with respect to the pose
x and the map feature m:

for each particle do
Predict the pose;
Assign a Covariance to the pose;
Calculate the Data Associations;
Update the pose;
Sample the pose;
Update the Features;
Discard the Dubious features;
end
Resample the particles;
Algorithm 1: One step of the SlamCGS

i
i
sit−1 , Nt−1
, {µi1,t−1 , Σi1,t−1 , v1,t−1
;...;

(9)

Then we predict the pose of the vehicle calculating µ̂it =
g(sit−1 , ut ) and the covariance of the pose Σ̂it is set equal
to the covariance Rt of the Gaussian noise. ut represents
the control command given to the vehicle.
Now for each of the M measures we have to calculate
the data association, this is done taking the measure ztk
with k = 1 : M and looping trough each possible features
in the map in the range j ∈ [1, Nt−1 ].
We predict the measurement z̄j = h(µij,t−1 , µ̂it ) and
obtain the measurement covariance matrix Qj calculating the Jacobian with respect to the map feature HF,j .
HF,j =

∇Fj h(µij,t−1 , µ̂it )

T
Qj = Qt + HF,j Σij,t−1 HF,j

(13)

HF = ∇F h(µic,t−1 , µ̂it )

(14)

Under this EKF-style approximation, the proposal distribution is Gaussian with the following parameters:

We consider the i-th particle composed by the spatial trajectory (sit ) and the full set of Nt features of the
map that are described by a mean (µin,t ), a covariance
i
(Σin,t ) and a corresponding visibility counter (vn,t
). The
visibility counter is used to discard outliers and dubious features. Each loop of the algorithm starts taking a
particle described by:

i
µiN,t−1 , ΣiN,t−1 , vN,t−1
}

Hs = ∇s h(µic,t−1 , µ̂it )

(10)
(11)

Once obtained the measurement information it is possible to calculate the correspondence likelihood as
1
k
πjk = | 2πQj | −1/2 exp(− (zt − z̄t )T Q−1
j (zt − z̄j )) (12)
2
Once obtained the correspondences of the measure ztk
with all the features in F i , we compute the maximum
likelihood correspondence ck = argmax πjk . If the result
is lower than a certain threshold the ztk measure corresponds to a new feature that should be added to the
map.
To update the pose for each measure ztk we predict
the measurement with the formula z̄ = h(µic,t−1 , µ̂it ). We

Σ̂it = [HsT Q−1 Hs + (Σ̂it )−1 ]−1

(15)

µ̂it = Σ̂is HsT Q−1 (ztk − z̄) + µ̂it

(16)

Where the measurement covariance matrix Q is defined
as:
Q = Qt + HF Σic,t−1 HFT
(17)
The pose sit is then sampled from the normal distribution
N (µ̂it , Σ̂it ).
For the measurement update, for each measure ztk , we
first produce a measurement prediction ẑ = h(µic,t , sit ),
then we calculate the Jacobians with respect to the map
features (HF ) and the pose (Hs ) and obtain the measurement information Qc . The update equation then
becomes similar to the standard EKF measurement update [11]:
K = Σic,t−1 HFT Q−1
(18)
c
µic,t = µic,t−1 + K(ztk − ẑ)

(19)

Σic,t = (I − KHF )Σic,t−1

(20)

i
is incremented by a fixed quanThe visibility counter vc,t
tity. The importance weight is computed with the following two steps:

L = Hs Σ̂it HsT + HF Σic,t−1 HFT + Qt

(21)

1
wi = wi ∗ ( | 2 πL | −1/2 exp(− (ztk − ẑ)T L−1 (ztk − ẑ)))
2
(22)
At this point we obtained the weights for the re-sampling
phase. However, before performing the re-sampling, we
try to filter out measurement outliers and dubious features. This is done taking into account the presence and
absence of features in the measurement. Observing a feature provides positive evidence for its existence, whereas
not observing it when st falls within the vehicle’s perceptual range provides negative evidence. A feature that
does not corresponds to any map feature is considered
at first as a new feature, in the following cycles becomes
a dubious feature and it is eliminated.
For such a reason at each loop the visibility counters of
the visible particles are decremented. When this counter
drops below a predefined threshold, the corresponding
feature is removed from the map. With this mechanism
the particles free themselves of spurious features.
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5

Methods Comparison

In this section the proposed method is compared to the
original fastSLAM 2.0 implementation in a specific scenario. The scenario is the one of a UAV flying in an
indoor environment for inspection purposes. Hence, the
UAV embedded computing unit should stream the video
captured by the on-board camera and in the same time
should be responsible for the navigation control system
as well as the SLAM computation. Given the reduced
computing power, a testing session has been organized
to test the computational efforts required by both methods as well as to verify the quality of the mapping. We
present here a testing session composed of two different setups. The first setup (sub-section 5.1) has been
implemented as a simulation inside the robot simulator
V-REP [15], whereas the second setup (sub-section 5.2)
is represented by a real scenario. In both setups, the chosen indoor location is represented by an office environment which is mainly characterized by straight walls. In
particular, during the experimental trials, the platform
flew inside the meeting room in our research facility.
Given the chosen setting, a good choice as map features for the estimation of the walls locations is represented by the Hessian coordinates. This requires that
the sensors of the robot is able to measure distances and
angular displacements of walls with respect to the robot
frame. We have chosen to use walls only as natural landmark, because (a) their extraction from sensor data is
proved to be very reliable with respect to other features,
(b) they are less prone to occlusion than other features
and moreover (c) they are commonly present in all indoor
environment. It has to be point out that, this choice can
be a limitation if the environments has no straight walls.
However, other features, like corners and edges could be
added without great modification to the algorithm itself.
Let then F be a set of n line features Fp ,
F = {Fp , p = 0, . . . , n − 1}

(23)

where each Fp is represented in Hessian form with respect to the map coordinate frame Oxy .
The Hessian representation [16] of a wall with respect
to a reference frame Oxy (see Fig. 2) is given by the
triplet:
(r, θ, v)
(24)
where:
• r = | OP ∗ | is the distance from O to the closest
point P of the wall;
• θ = θcc (i, n) is the angle, defined over the interval
[0, 2π), by which the unit vector i of the x-axis has to
rotate counter-clockwise to overlap on the outward
normal n to the wall;

Figure 2: diagram of the hessian coordinates used to
describe a wall feature.
∗

n
• v = − |OP
OP ∗ | is the position parameter: its value is
1 when O is in front of the wall and −1 when O is
behind the wall.

The Hessian form contains no information about
length and position of end points of the wall in the map.
However, these information can seldom be used because
the detection of end points in cluttered environments is
difficult.
A line extraction algorithm based on a least square
error technique [17] is applied to the set of range readings
from a laser range finder mounted on the robot and the
Hessian coordinates of each data features are computed.
Let F be a set of m data features Fi ,
F = {Fi , i = 0, . . . , m − 1}

(25)

where each Fi is represented in Hessian coordinates
with respect to the robot reference frame OR xR yR
Fi = (rFi , θFi , 1)

5.1

(26)

V-REP Simulation Test

The V-REP simulation makes use of a rigid body dynamic simulation of a quadrotor according with the formulation in [18]. The virtual scenario is composed by
a short corridor and a square room inside which the
quadrotor performs a trajectory defined by seven target
positions. These target points are given as goal to the
navigation control algorithm of the quadrotor and they
have been selected in order to fully explore the virtual
environment. In Fig. 1 a snapshot of the simulation is
shown depicting the quadrotor moving along the corridor together with laser scan over the walls and a forward
camera image. The green spot in the figure shows the
target point currently taken as reference for the navigation control of the quadrotor.
The aim of this test session is mainly focus on the comparison of the proposed algorithm with the FastSLAM
2.0 algorithm, in terms of required algorithm execution
time and robot pose estimation. The particle filter used
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Figure 5: Execution time comparison between the
SLAMCGS and the FastSLAM 2.0 during the simulation experiment.

Figure 3: Estimated trajectory by the SLAMCGS (blue
arrows) compared with the simulated one (black arrows).
The target points are represented as green spots.

Figure 4: Position error shown as a box plot for x and
y axis of both the algorithms (SLAMCGS and the FastSLAM 2.0)

Figure 6: Maps features measured by the algorithm represented as covariance ellipsoids in model space. All the
walls were correctly identified. (The ellipsoids in the figure has been scaled to make them readable).
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in both the algorithms has 100 particles. The entire trajectory performed by the quadrotor is shown in Fig. 3
where all the target points defining the path of motion
are visible in green. The simulated quadrotor moves forward in the small corridor, then turn right reaching the
interior of the room and so it starts navigating the room
in counterclockwise reaching each desired target point.
Finally the robot turn right to exit the room and then left
on the corridor corner to reach the starting point again.
In the picture both the simulated trajectory (black arrows) and the one estimated by the SLAMCGS algorithm (blue arrows) are shown. The localization error resulting from the estimation algorithm is shown in Fig. 4
by means of a box-plot. The error has been computed
for each axis (i.e. x and y axis) comparing the real position value coming form the V-REP simulation with the
one resulting from the estimation process. The result obtained by the proposed algorithm is comparable with the
one obtained by the FastSLAM 2.0 implementation. In
particular, the FastSLAM 2.0 generates several outliers
given the small number of features of the map, whereas
the SLAMCGS performs better in presence of few map
features. The computational time spent by both methods is presented in Fig. 5. The results prove that the
SLAMCGS method improves on time performances and
it is better suited for embedded processors. Finally, the
Fig. 6 shows the measured features of the map during
the whole simulation. The features have been drawn
according to the model space diagram which shows the
Hessian representation of the features extracted with the
methods previously described in Sec. 5. The result shows
that the algorithm correctly identifies the 8 features corresponding to the 8 walls in the map.

5.2

Hardware test

• PANDA board: All the computations of the platform (video streaming, communication with the operator control unit and SLAM computation) are run
on this electronic board. The PandaBoard is a lowpower, low-cost single-board development platform
based on the Texas Instruments OMAP4430 which
features a dual-core 1 GHz ARM Cortex-A9 MPCore CPU, a 304 MHz PowerVR SGX540 GPU,
IVA3 multimedia hardware accelerator with a programmable DSP, and 1 GB of DDR2 SDRAM. The
connectivity is provided by wired 10/100 Ethernet
as well as wireless Ethernet and Bluetooth. It also
has two USB host ports and one USB On-The-Go
port, supporting USB 2.0. In our current work, the
device runs an Ubuntu Linux distribution.
In the hardware test the pilot has driven the vehicle
keeping the altitude still on a virtual plane and performing line segments of 3 meters rotating of 90 degrees at
each segment end, according to the following turning sequences: right, right, left, right, right, right, left, right
returning in this way at the starting point with the same
orientation.
The particle filter used again 100 particles and the
maximum number of feature map was set to 10 given
that the testing environment presented a reduced number of walls.
Figure 7 shows the resulting trajectory as estimated
by the winning particle. It is possible to see that at each
segment end the MAV performed a 90 degrees rotation
and this result in an area dense of points in the plot.
Figure 8 reports the computational time spent by the
proposed algorithms compared with the one spent by
the FastSLAM 2.0. The results prove that the SLAMCGS method result faster, the average computing time
is about 40ms in the employed PandaBoard.

The hardware setup for the test is composed by:
• Cyberquad platform: The testing hardware is a custom version of the commercial CyberQuad MAXI
developed by Cyber Technology (Perth, Australia).
It is a MAV equipped with four brushless motors
and it is generally used in the field of surveillance
and detection. The device has an on-board controller, which provides a good flight stability and it
allows to easy mount different payloads which provide the flexibility to carry a variety of different payload modules. The MAV dimension are 69x56x20
cm. For the details concerning the custom installed
payload and the description of the control architecture, the reader can refer to [8].
• Hokuyo laser range finder: The quadrotor is
equipped with a laser that scan in a line an area
in a 270 degrees cone centered in the forward moving direction of the vehicle.

6

Conclusion

The work presents an improved version of the FastSLAM
2.0, which has been optimized in order to take into the
account the limited amount of computing power resulting from the embedded electronics into MAV platforms.
The implementation of the proposed SLAM algorithm
has been reported and its validity has been proven both
in a simulation environment and in a real test scenario.
In the former case, the proposed algorithm has been
compared with the FastSLAM 2.0 algorithm, in terms
of required algorithm execution time and robot pose estimation accuracy. In the latter case, the algorithm has
been embedded into a quadrotor in order to navigate
inside our office room.
The results coming from the simulation experiment
prove the effectiveness of our algorithm concerning the
localization (the mean error value along the true tra-
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Figure 7: Estimated localization of the MAV in the hardware test.

Figure 8: Execution time comparison between the
SLAMCGS and the FastSLAM 2.0 on the embedded
hardware.
jectory is comparable to the one obtained with the FastSLAM 2.0), whereas the comparison with the FastSLAM
2.0 highlights the goodness of the proposed algorithm in
terms of execution speed and CPU load. On the other
hand, the experimentation on the real platform confirms
the results obtained from the simulation case and the
robustness of the algorithm with respect to real test conditions (sensor noise and delays between the signals acquired by the employed sensors). The experimental test
in the real scenario proves the feasibility of the algorithm
running on a electronic board commonly used on platforms employed in the field.
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