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Abstract

The ability to simultaneously localize a robot
and accurately map its surroundings is con-
sidered by many to be a key prerequisite of
truly autonomous robots. This paper presents
a real-world implementation of FastSLAM,
an algorithm that recursively estimates the
full posterior distribution over robot pose and
landmark locations [Montemerlo et al., 2002].
In particular, we present an extension to
FastSLAM that addresses the data associa-
tion problem using a nearest neighbor tech-
nique. Building on this, we also present a
novel multiple hypothesis tracking implemen-
tation (MHT) to handle uncertainty in the
data association. Our algorithm has been run
successfully using a number of data sets in
outdoor environments. FExperimental results
are presented that demonstrate the perfor-
mance of our algorithms when compared with
standard Kalman Filter-based approaches.

1 Introduction

Simultaneous localization and mapping (SLAM) is the
process that enables a mobile robot to localize and
build a map of an unknown environment using only
relative observations to the most relevant features de-
tected by its sensors. The SLAM problem is considered
by many as a key prerequisite to make a robot fully
autonomous [Leonard et al., ; Thorpe and Durrant-
Whyte, 2001]. This problem has been the object of
significant research in the last decade.

The classical SLAM solution was introduced in a
seminal paper by Smith, Self and Cheeseman [Smith
et al., 1990]. The authors proposed the use of an Ex-
tended Kalman Filter (EKF) to consider uncertainties
in vehicle pose and the map, as both are acquired from
potentially noisy sensor measurement. This approach
has been widely adopted and originated an important
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line of research in SLAM. There have been several im-
plementations of the EKF SLAM in different environ-
ments, such as indoors [Leonard et al., 2001], underwa-
ter [Williams et al., 2001] and outdoors [Guivant and
Nebot, 2001].

One of the main problems of the SLAM has been
the computational requirement. The complexity of
SLAM can be reduced to O(N?), where N is the num-
ber of state variables needed to represent the land-
marks position and the robot pose. Further optimiza-
tions and simplifications have been proposed to solve
the computational problem using EKF approaches in
very large environments [Guivant and Nebot, 2002;
Newman, 1999; Leonard and Feder, 1999]. The EKF
filter assumes Gaussian noise and requires a lineariza-
tion of the robot and sensor models. These assump-
tions can be problematic when the distributions are
not unimodal, or when working with large uncertain-
ties and strong non-linearities.

Optimal SLAM techniques based on Bayesian filter-
ing with non-Gaussian assumptions can be extremely
expensive due to the high dimensionality of the map
representation. This makes the full Bayesian solution
difficult to apply in real time. In a recent publication,
a novel algorithm named FastSLAM was presented
which address the real time implementation of the
SLAM problem from a Bayesian point of view [Mon-
temerlo et al., 2002]. The authors use a particle fil-
ter [Doucet et al., 2001] to estimate the vehicle pose
and EKF filters to estimate the location of features
in the map. This algorithm partition SLAM into a
localization and a map building problem. FastSLAM
uses a modified particle filter to estimate the robot
pose. Each particle has an independent EKF running
for each landmark in the map to estimate its position.
However, the original paper presented results assuming
the data association is known, and no sound solution
has been provided for the data association problem.

This paper attempts to fill this gap. The data asso-
ciation is arguable one of the most challenging prob-
lems in SLAM: As the robot navigates, it has to de-
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termine if different sensor measurements correspond
to the same feature in the world. False data associa-
tions induce catastrophic failures on EKF-style SLAM
solutions [Durrant-Whyte et al., 2001]. To overcome
this problem, we extend the original algorithm ad-
dressing the data association problem with different
levels of complexity by using standard chi-square test
and Nearest Neighbor approaches. Experimental re-
sults and comparison of EKF SLAM and FastSLAM
are also presented.

2 Bayesian Estimation and FastSLAM

To introduce FastSLAM, it is worthwhile to present the
SLAM problem from a a probabilistic point of view.
SLAM algorithms commonly compute the probability
distribution

P(zy,m|Z%, U, x) (1)

where zj, is the robot pose vector at time k, m is the
map state vector, Z* is the set of observations received
until time &, U* are the control inputs and z the initial
position. This equation describes the joint posterior
density of the robot pose and map at time &, given the
initial robot pose, and all the observations and control
inputs up to time k.

In probabilistic terms, the SLAM problem is a
Markov process. This means that the state at time
k — 1 embodies all the necessary information to prop-
agate the system states to time k. This Markov prop-
erty is at the core of all probabilistic approaches to the
SLAM problem. In particular, robot motion is usually
considered a Markov process. Its probability distribu-
tion is described as

P(a:k|a:k_1,uk) (2)

Moreover, the observation model, which relates obser-
vations to the state of the world, is described by a
probabilistic model that adheres to the Markov prop-
erty:

P(zk |z, m) (3)

SLAM is then achieved by applying Bayes filtering to
solve (1) for all k, using (2) and (3). The resulting
filter involves a convolution (for the prediction step)
and a multiplication (for the measurement update):

P(wk,m|Zk,Uk,:U0) (4)
x  P(zglzg, m)P(zg, m|Zk_1, Uk, Zo)
with
P(xy, m|Z*1 U*, 2) (5)

= / P(zg|zi—1,up) P(vp—1,m|Z¥ 1 UF o) dry—y

Here z;, denotes the measurement at time k, and wuy
the controls asserted between zj_; and xy.

The standard Bayesian solution (4) and (5) can
be extremely expensive for high-dimensional maps m.
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The EKF approach presents a tractable solution to this
problem assuming that the noise is Gaussian and inde-
pendent over time. Furthermore, the EKF solution is
approximate in that it linearizes the motion and obser-
vation models. Although the latest is not an issue in
many practical applications. One fundamental prob-
lem is the fragility of these EKF methods under in-
correct data associations. These methods tends to fail
catastrophically in such situations since they can only
handle unimodal distributions [Durrant-Whyte et al.,
2001].

FastSlam is derived assuming that the pose of the
robot is perfectly known. Under this assumption all
the individual landmark positions estimation can be
considered mutually independent and not correlated
with the robot position. In practice, the path is of
course unknown. However, the conditional indepen-
dence enables us to estimate the posterior (1) in the
following factored form:

P(z*,m|Z* U*, x0)
= P(ml|z*, ZF, U* zo)P(a*| 2%, U, x0)

N
[I P(milz*, Z*%, U*, 20) P(a*| 2%, U, 20) (6)

i=1

This factorization is the fundamental idea behind
FastSLAM: FastSLAM decompose the SLAM problem
into a localization and N landmarks position estima-
tion problems. Furthermore, FastSLAM relies on a
particle filter to estimate the robot posterior

P(wk|Zk7Uk7m0) (7)

This particle filter can be updated in constant time for
each particle in the filter. It furthermore relies on N
independent Kalman filters for the N landmark esti-
mates

P(mi|xk7Zk7Uka'T0) (8)

As shown in [Montemerlo et al., 2002], the entire filter
can be updated in time logarithmic in the number of
landmarks N. While other solutions exist of similar
efficiency [Guivant and Nebot, 2002; Newman, 1999;
Leonard and Feder, 1999], FastSLAM can also handle
non-linear robot motion models.

3 Data Association

The original FastSLAM paper does not address the
important issue of data association. In every SLAM
problem, the measurements need to be associated with
the underlying states that are being observed. This is
usually referred as the data association problem and is
probably one of the most difficult problems in SLAM
or localization applications. Successful data associa-
tion involves association of the correct measurement
to the correct state, initializing new tracks and detect-
ing and rejecting spurious measurements. There are
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Figure 1:
marks position, ‘. robot trajectory

different ways to implement the data association pro-
cess [Blackman and Popoli, 1999]. Most existing tech-
niques are based on the innovation sequence and its
predicted covariance. The innovation sequence vy, re-
lates observations zj, to the underlying state estimates.
In particular, it is defined as the sequence of differences
between the observation z;, and the predicted observa-
tion based on the observation model and the predicted
states Z

Vi = Z — ék (9)

The normalized innovation (or normalized distance) is
defined as
di = vl S, (10)

Here S}, is the innovation covariance matrix. It is well
known that if the innovations v, have a Gaussian dis-
tribution, then I/kaT will have a x? distribution. The
result of (10) is a scalar quantity. The innovation se-
quence is the basis of the “gate validation” technique,
which accepts the observations that are inside a fixed
region of a x? distribution, and rejects the observations
that make the innovation to fall outside these bounds.

One of the most common data association tech-
niques used in the SLAM literature is based on just
this insight, in that it relied on the so-called nearest
neighbor filter (NNF). The NNF uses the gate val-
idation test to initially determine which landmarks
states are valid candidates to update with the obser-
vation received. Among all the possible landmarks,
the one that is nearest to the observation is selected.
All the others possible hypothesis are ignored. The
NNF can fail to recover the true data association
when validation gates overlap, and the observations
fall within this overlapped region. In such cases, the
NNF can associate the observation with the incor-
rect state. Such false data associations are known
to induce catastrophic failures to the SLAM prob-
lem. When multiple observations are jointly processed
a more robust data association is obtained. It is in
fact a gate validation technique applied to a multi-
dimensional observation. This joint data association
is intrinsically considering the geometric relation be-
tween a set of landmarks [Neira and Tardos, 2001;
Bailey, 2002].
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Figure 2: Sequence of beacons position estimation.
‘.’ Gaussians mean, ‘*’ actual landmark position.
(a)Result obtained in the first lap (b)After three laps.

In FastSLAM, the association can be determined on
a per-particle basis, and hence different particles can
be associated with different landmarks. Each parti-
cle may even have different number of landmarks in
their respective maps. This characteristic gives the fil-
ter the possibility to deal with the multi-hypothesis
association problem. Multiple Hypothesis Tracking al-
gorithms (MHT) [Reid, 1980] maintain different tracks
for each possible hypothesis of each observation. Fast-
SLAM, when association decisions are made on a per-
particle basis, are efficient instantiations of the MHT
idea.

Our approach is based on this insight. As in the
NNF, a gate validation test is used initially to deter-
mine the possible landmarks to be associated with the
observation. The multiple hypothesis filter maintains
a separate track for each hypothesis. Our MHT imple-
mentation using FastSLAM is implemented creating a
new particle for each hypothesis. Each particle is split
into n + 2 particles, one for each of the n hypothe-
ses, plus one particle for the non-association hypoth-
esis (for spurious measurements) and one for the new
landmark hypothesis. Eventually the resampling stage
(a step in the particle filter) will eliminate the wrong
hypothesis when subsequent observations are incorpo-
rated. Thus, our approach implements FastSLAM us-
ing particle-specific data association. This approach is,
thus, fundamentally different from EKF approaches,
where the implementation of MHT filters requires to
spawn parallel filters for the different hypothesis and
use pruning techniques to discard the wrong ones. In
FastSLAM, particles with wrong data association are
(in expectation) more likely to disappear in the resam-
pling stage than those ones that “guess” the right data
association.

Figure 1 illustrates the basic principle of FastSLAM
using MHT data association in a simulation result. In
this case we have two beacons at coordinates (4,6.8)
separated less than 20 cm. The error in the sensor
range was set to 15 cm. These parameters are very
similar to the noises present in the outdoor experiment
discussed further below. Figure 2 shows the landmarks
position estimation. The plot present the landmarks
Gaussians mean for all the particles, in (a) for the first
lap and in (b) after the third lap. It can clearly be
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Figure 3: Victoria Park. The utility car used for this
experiment is equipped with a Sick laser range and
bearing sensor, linear variable differential transformer
sensor for the steering and back wheel velocity encoder.

seen how the MHT implementation solves the problem
of the ambiguity association: The surviving particles
not only approximate the robot path well, but also the
sequence of data associations along the way.

4 Experimental Results

The algorithm presented was tested in two different
outdoor environments. The first test environment is
the top level of the car park building of the univer-
sity campus. This testing site was chosen to maximize
the number of satellites in view to obtain high qual-
ity GPS information. A kinematic GPS system of 2
cm CEP accuracy was used to evaluate the ground
truth. A standard utility vehicle was fitted with dead
reckoning sensors and a laser range sensor as shown
in Figure 3. In this experiment, artificial landmarks
were used that consisted of 60 mm steel poles covered
with reflective tape. With this approach the feature
extraction becomes trivial and the landmark observa-
tion model very accurate. Since the true position of
the landmarks were also obtained with GPS, a true
navigation map is also available for comparison pur-
poses. The second experimental run was done in a
larger area with mild uneven terrain and different type
of surfaces. The nature of the terrain created addi-
tional errors in the vehicle prediction, since wheel sleep
and attitude errors are not taken into account in the
prediction models of our current implementation. In
our experiments, the most common relevant features
in the environment were trees. Nevertheless, the fea-
ture detection and feature location were significantly
less accurate than in our experiment involving artificial
landmarks. Although the vehicle was also equipped
with a kinematic GPS, this sensor was not accurate
enough due to poor satellite availability, as expected
in this type of environments. Nevertheless the infor-
mation gathered was good enough to verify that actual
errors were consistent with the filter-estimated errors.

The next sections present experimental results with
known and unknown data associations. The objective
of the experiments with known data association is to
compare FastSLAM with the standard EKF SLAM. It

North(meters)

North (meters)

s -10 -5 o 5 10 15 20
East (meters)

Figure 4: Estimated path and landmarks.(a) Using
FastSLAM, (b) EKF SLAM. The ‘-’ is the path es-
timated, the ‘“*’ are the beacons position estimated,
the “.” is the GPS path reference and the ‘o’ are the
beacons position given by the GPS.

is important to remark that the bias in the laser angle
was also estimated as one state more in the particle
filter.

4.1 SLAM with Known Data Association

In our first series of experiments, the correspondences
between the observation and the landmarks were as-
sumed to be known. Instead of providing this in-
formation manually, we used a highly tuned EKF to
provide the correct data association for each measure-
ment. The EKF algorithm was run with the same data
set, dropping all measurements that were not associ-
ated with any landmark. As a result, FastSLAM only
received measurements corresponding to actual land-
marks in the environment. Figure 4 (a) shows the path
and beacons position estimation for the car park ex-
perimental run using the FastSLAM algorithm. This
figure shows the particles average for the vehicle tra-
jectory and the average of all the Gaussian means for
the landmarks locations. Figure 4 (b) shows similar
results obtained with the EKF based algorithm. Fig-
ure 5 presents the vehicle position error for the EKF
and FastSLAM filter respectively. It can be appreci-
ated that the error is very small and similar in magni-
tude and shape when compared with the GPS ground
truth. This is important to verify the consistency of
the FastSLAM algorithm.

The trajectories and map for the second experimen-

225


jnieto
  225


o0 i T T
oo T e o)

Figure 5: SLAM error (a) FastSLAM position error
respect to the GPS position. ‘-’ indicates the error in
the East and ‘-.’in North coordinates (b) EKF position
error respect to the GPS position. ‘-’ indicates the
error in Fast and ‘-.” in North.

tal run for the FastSLAM and EKF are presented in
Figures 6 (a) and (b) respectively. It was not possible
to obtain full error plots for the trajectory since GPS
is not available for most of the path. Nevertheless, the
results compare very well with the full EKF SLAM re-
sults. It is important to remark that the filter operates
for more than 4000 meters in this 20 minutes run.

4.2 SLAM with Unknown Data
Association

The next sections present the results of FastSLAM
with unknown data association. Two different data
association techniques are presented, one based on the
Nearest Neighbor algorithm and the Multi Hypothesis
Tracking approach.

Nearest Neighbor Filter

This section presents the results of FastSLAM with un-
known data association for the NNF technique. Fig-
ure 7 (a) shows the map and the trajectory for the car
park data set. Since the data association is an integral
part of the algorithm, then FastSLAM is able to use all
the available information. This feature is of particular
importance when working with low frequency sensors,
where features remains within a field of view of the
sensor only for short periods of time.

Figure 7 (b) presents the results obtained for the
more challenging Victoria Park data set. In this case,
800 sec of the trajectory and map are presented, us-
ing 200 particles. The results are very similar with
the ones presented before with known data association.
This illustrates that our approach is highly effective in
handling data association problems.

Multi Hypothesis Implementation

Figure 8 presents the experimental results obtained us-
ing the MHT algorithm for data association. In this
experiment, four beacons were located 1 and 1.5 meters
apart. The final landmarks position estimation error
was approximately 15 cm. The filter was run with 200
particles. As described before, an additional particle is
added for each hypothesis in case of uncertainty in the
association process. When the gate validation test in-
dicates that more than one landmark can be associated
with the actual observation, the algorithm creates new
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Figure 6: Estimated path and landmarks in Victoria
park. (a) Using FastSLAM, (b) with the CEKF. The
“* are the trees position and the darker line is the GPS
where position was reported.

particles with each possible hypothesis. The set of hy-
potheses considers all possible landmark/observation
combinations, plus the hypothesis for a new landmark.
Finally, after a fixed number of observations, a resam-
pling with a uniform distribution is implemented, re-
ducing the number of particles to the original number.

5 Conclusion

This paper presented extension to the FastSlam algo-
rithm to implement data association. The experimen-
tal results performed in a variety of outdoor environ-
ments demonstrated the robustness of the algorithm
and the ability to handle multiple hypothesis in a very
efficient and elegant manner. Future research will ad-
dress the extension of current technics to the Multi-
Robot SLAM problem.
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