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Abstract— Although simultaneous localization and mapping
(SLAM) algorithms are widely appreciated in mobile robot
navigation, they can be further improved to suit practical
applications in dynamic environmental conditions. One such
important improvement is the detection and tracking of moving
objects present in the sensor field of view (FOV). In this paper
we propose to extend our recently introduced Collaborative
Multi-vehicle SLAM (CMSLAM) solution based on the ran-
dom finite set (RFS) representation of the feature map and
measurements, by tracking both static and dynamic features.
We represent static features observed during the SLAM process,
along with dynamic features present in the current sensor FOV,
as an augmented RFS. The corresponding probability density
is propagated using a Bayes recursion, from which the static
feature map and the estimates of dynamic feature locations can
be obtained. Measurement update in the CMSLAM process is
carried out only using the static feature map to take advantage
of obvious accuracy improvements.

I. INTRODUCTION

Since the initial developments in [1], various improve-
ments have been proposed to the simultaneous localization
and mapping (SLAM) problem in order to achieve better per-
formance in real-world applications. The extended Kalman
filter based SLAM (EKF-SLAM) [2] solution introduced
linearized non-linear motion and observation models with
Gaussian noise assumption. The FastSLAM algorithm [3] in-
troduced recursive Monte Carlo Sampling (particle filtering)
into SLAM, which enabled non-linear non-Gaussian motion
models to be used.

All these conventional SLAM solutions and their deriva-
tives solve the SLAM problem by propagating a posterior
probability density of a vector consisting of landmark map
augmented with vehicle state. Due to this vector based repre-
sentation, such algorithms require solving certain additional
sub-problems such as data association, clutter filtering and
map management outside the Bayesian recursion. In addition,
landmark detection and landmark survival uncertainties are
ignored limiting their practical applicability in real-world
solutions. In order to address these issues, in [4] [5] Mullane
et al. presented a novel SLAM framework by adopting
random finite set (RFS) modeling of the landmark map
and the measurements. In [4] [5] Mullane et al. presented
a Rao-Blackwellised PHD filtering approach by factorizing
the full SLAM posterior into the product of the landmark
map posterior conditioned on the vehicle trajectory and the
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vehicle trajectory posterior. The vehicle trajectory was prop-
agated using a particle filter, while the landmark map was
propagated using a Gaussian mixture (GM) implementation
of the PHD filter [6], catering for dynamic estimation of
landmark locations in the presence of false measurements.

Although these developments made significant advance-
ments, almost all such formulations ignores the dynamic
features present in the sensor field of view (FOV). If moving
features present in the sensor FOV are not being detected
and tracked, they might be filtered out as clutter from the
landmark map during the SLAM process. Hence, any high-
level application that makes use of the landmark map for
making decisions could easily presume that it is safe to
navigate while dynamic objects are still present in the current
sensor FOV, leading to serious safety issues. The most
common solution for this issue is to consider the SLAM
with detection and tracking of moving objects (DATMO) as
two separate problems and solve them independent of each
other at different levels. Although such a solution is adequate
for almost all practical applications we believe that SLAM
algorithms should be capable of solving both problems at
the same time, providing a robust feature map (containing
both static and dynamic feature information) for high-level
applications.

The very first approach to combine both SLAM and
DATMO was proposed by Wang et al. in [7]. In [8], Wang
et al. extended their earlier work by presenting a theoretical
framework. Their work was based on decomposing the
SLAM with DATMO problem into two separate estimators,
namely, the SLAM posterior and the DATMO posterior and
propagating them simultaneously over time. This approach
has a few drawbacks. Among them, decomposing the mea-
surements into stationary objects and moving objects, inap-
plicability of complex multiple motion models per moving
object are most notable. In order to classify measurements
as stationary and dynamic, it is required to analyze the
data over a sufficient period of time, using complex feature
extraction algorithms. This may be undesirable in most
practical applications if the results are to be used for making
faster navigation decisions. In addition, most of the moving
features such as pedestrians, animals or other vehicles may
not have a single motion model, their motion models can
be a mixture of motion models depending on the situation.
Hence, the possibility of having multiple motion models per
moving feature have to be taken into account.

Meanwhile in the target tracking community, Pasha et al.
[9] proposed a new multi-target model that can accommodate
switching dynamics of targets using a Markovian state tran-
sition. A closed-form solution for this so called jump markov



multi-target model was also proposed based on the GM-PHD
filter [6]. This solution is capable of solving a wide range of
practical applications in the multi-target tracking literature
that are deemed intractable using conventional solutions.

In this paper, we present a novel solution to the Collabora-
tive Multi-vehicle SLAM with moving object tracking (CM-
SLAMMOT) problem, by extending our recently proposed
CMSLAM solution based on the RFS representation [10]
using Pasha’s solution [9] in order to track moving objects,
with complex multiple motion models, present in the sensor
FOV. Efficacy of the proposed solution is demonstrated using
simulation and real experimental results.

Section II formulates the CMSLAMMOT problem. Sec-
tion III explains the static and dynamic feature map pos-
teriors propagation method, while section IV explains the
paths posterior estimation method. Section V and section
VI presents the simulation results and experimental results
respectively. Section VII concludes the paper.

II. FORMULATION OF PROBABILISTIC RANDOM
FINITE SET CMSLAM WITH MOVING TARGET

TRACKING

For the illustration purpose, let’s consider the case, where
two robots perform CMSLAM with MOT. LetU (r)

1:k =

[U (r)
1 ,U (r)

2 , ...,U (r)
k ]T denote the time sequence of control

commands applied to the vehicler,(r = 1,2) up to timek,
whereU (r)

k denotes the control command applied at timek.
Let the time sequence of pose history of each vehicle be
denoted byX(r)

1:k = [X(r)
1 ,X(r)

2 , ...,X(r)
k ]T , whereX(r)

k denotes
the pose of vehicler with respect to the global frame
of reference, at timek. Let the time sequence of sets of
measurements obtained using exteroceptive sensors mounted
on each vehicle be denoted byZ(r)

1:k = [Z(r)
1 ,Z(r)

2 , ...,Z(r)
k ],

where Z(r)
k = {z(r)k,1,z

(r)
k,2, ...,z

(r)

k,n(r)k

} denotes the measurement

set received at timek, from vehicler, while n(r)k denotes the
number of measurements. Let the augmented feature map
at time k be denoted by the setMk =

{

mk,1,mk,2, ...,mk,lk

}

,
wherelk denotes the number of features available in the map
at timek and eachmk denotes the state of a feature.

In conventional SLAM solutions, the terms, feature and
landmark are interchangeably used in order to specify a static
distinguishable object whose position with respect to the
vehicle can be extracted from the sensor measurements. But
in CMSLAMMOT, we will adopt the term feature to specify
any distinguishable object where unlike conventional SLAM
it can either be a static feature or a moving (dynamic) feature.
Moreover such features can change their dynamics, meaning
a dynamic feature can become a static feature while a static
feature can become a dynamic feature at any point in time.
Hence, a more informative definition for the state of a feature
is required.

A. RFS CMSLAMMOT filter

In the CMSLAMMOT problem we are required to evaluate
the two posterior probability distributions,

pk|k(Sk,X
(1)
1:k ,X

(2)
1:k |Z

(1)
1:k ,Z

(2)
1:k ,U

(1)
1:k ,U

(2)
1:k ,X

(1)
0 ,X(2)

0 ) (1)

and,
pk|k(Mk|Z

(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k ) (2)

where Sk denotes the set of static features present in the
feature map at timek. The distribution (1) is the CMSLAM
posterior and distribution (2) is the augmented feature map
posterior conditioned on the history of vehicle poses.Mk

consist of both static features observed during the CMSLAM
process and dynamic features present in the current joint
sensor field of view (FOV). We can rewriteMk as, Mk =
Sk⊎Dk, whereDk is the set of dynamic features present in
the current joint sensor FOV.

Let’s start with Montemerlo’s approach in FastSLAM [3]
to factorize the CMSLAM posterior (1) into the history of
vehicle poses posterior and the static feature map posterior
conditioned on the history of vehicle poses as,

pk|k(Sk,X
(1)
1:k ,X

(2)
1:k |Z

(1)
1:k ,Z

(2)
1:k ,U

(1)
1:k ,U

(2)
1:k ,X

(1)
0 ,X(2)

0 )

= pk|k(Sk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
1:k ,X

(2)
1:k )

× pk|k(X
(1)
1:k ,X

(2)
1:k |Z

(1)
1:k ,Z

(2)
1:k ,U

(1)
1:k ,U

(2)
1:k ,X

(1)
0 ,X(2)

0 )

(3)

where static feature map posterior can be obtained by
marginalizing the distribution (2) as follows,

pk|k(Sk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k )

=
∫

pk|k(Sk⊎Dk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k )δD

(4)

Although static feature map posterior (4) is computationally
intractable as it is, we can obtain its corresponding PHD
component by propagating the augmented feature map pos-
terior (2) using a PHD filter, which is capable of track-
ing features with multiple motion models (including static
features). Hence using the PHD of the static feature map
posterior, the CMSLAM posterior distribution (3) can be
evaluated. Moreover the locations of the dynamic features
present in the joint sensor FOV can also be obtained using
the PHD component that corresponds to dynamic feature map
posterior. These steps are explained in greater details in the
rest of the paper.

B. Augmented RFS Feature Map Representation

The feature map can be more naturally and effectively
represented as a RFS,MK ,

Mk = {mk,1,mk,2, ...,mk,lk} ∈ F(M ) (5)

where eachmk ∈M andM is the state space of the features.
F(M ) is the collection all finite subsets ofM . In order to
cater for features with multiple motion models, we extend
the state of a feature from the conventional SLAM solution
to a broader definition as follows.

Let mk,i be the state of any feature in the feature map
at time k, then mk,i is given by (ζk,i ,βk,i) whereζk,i is the
kinematic state andβk,i is the type of the feature. Features are
classified based on their motion model. For example, static
features are classified as type 0, i.e.βk = 0, while moving
features with motion model I, are of type 1, i.e.βk = 1
and moving features with motion model II are of type 2,



i.e. βk = 2 and so on. In addition, features are allowed to
switch between different motion models (types) over time
allowing a comprehensive treatment for dynamic objects.
This behaviour is modeled using a jump Markov transition
model, catering for changes in motion models with varying
probabilities.

C. Augmented RFS Feature Map Transition Model

The newly appearing features in the joint sensor FOV at
time k are modeled as the RFSΓk(X

(1)
k ,X(2)

k ). Let the RFS
of landmark map at timek−1 be denoted byMk−1, then the
landmark map transition model at timek can be written as,

Mk = Γk(X
(1)
k ,X(2)

k )∪





⋃

ξk−1∈Mk−1

ϒ(ξk−1)



 (6)

where, the Bernoulli RFSϒ(ξk−1) denotes the predicted
state of the landmarkξk−1 ∈ Mk−1, which takes the form
{(ζk,βk)} with probability of reappearancePS(ζk−1,βk−1)
or /0 with probability 1−PS(ζk−1,βk−1). The probability
density of state transition from(ζk−1,βk−1) to (ζk,βk),
conditioned on the probability of survival is given by,
fM(ζk,βk|ζk−1,βk−1,X

(1)
k ,X(2)

k ). Note that,Γk(X
(1)
k ,X(2)

k ) is
independent of the landmarks that are reappearing from the
map Mk−1. The corresponding RFS map transition density
can be written as,

fM(Mk|Mk−1,X
(1)
k ,X(2)

k )

= ∑
W⊆Mk

fM(W|Mk−1) fΓ(Mk−W|X(1)
k ,X(2)

k )
(7)

where, fM(W|Mk−1) is the transition density of the set of
features existing in the map,Mk−1 from time k−1 to time
k, while fΓ(Mk−W|X(1)

k ,X(2)
k ) represents the density of the

RFSΓk(X
(1)
k ,X(2)

k ).
In order to track features with multiple motion models, we

adopt the same method as presented in [9] and decompose
the transition density as follows.

fM(ζk,βk|ζk−1,βk−1,X
(1)
k ,X(2)

k )

= f̂M(ζk|ζk−1,βk−1,X
(1)
k ,X(2)

k )tk|k−1(βk|βk−1)
(8)

wheretk|k−1(βk|βk−1) denotes the Markov transition proba-
bility of switching mode fromβk−1 to βk.

D. RFS Measurement Model

Let Mk denote the predicted landmark map, whileC(r)
k de-

note the RFS representing clutter received from exteroceptive
sensor mounted onrth vehicle at timek, then corresponding
measurements can be represented by the RFS,

Z(r)
k =C(r)

k ∪





⋃

ξk∈Mk

Θ(r)
k (ξk)



 (9)

where Θ(r)
k (ξk) is a Bernoulli RFS representing the mea-

surement corresponding to landmarkξk ∈ Mk having state
(ζk,βk). Due to the limited field of view (FOV) of the sensor,
Θ(r)

k (ξk) can have a value of the form{z(r)k } with probability

of detection P(r)
D (ζk,βk|X

(r)
k ) or /0 with a probability of

1−P(r)
D (ζk,βk|X

(r)
k ). Note that probability of detection, is a

function of landmark state and vehicle position. Conditioned
on detection, measurement likelihood function corresponds
to the observation of landmark with state(ζk,βk) by the rth
vehicle is given byg(r)k (z(r)|ζk,βk,X

(r)
k ). The corresponding

RFS measurement density can be written as,

g(r)k (Z(r)
k |Mk,X

(r)
k )

= ∑
W⊆Z(r)

k

g(r)Z (W|Mk,X
(r)
k )g(r)C (Z(r)

k −W) (10)

where, g(r)Z (W|Mk,X
(r)
k ) denotes the density of the feature

observations, whileg(r)C (Z(r)
k −W) denotes the density of

clutter.

E. Probability Density vs. Probability Hypothesis Density

Assume, the number of elements in a RFSM on M is
Poisson distributed, with each one of them is identically and
independently distributed. Then the probability density of
RFSM can be written as [11] [12],

p(M) =
∏ζ∈M v(ζ )

exp(
∫

v(ζ )dζ )
(11)

where,v denotes the PHD of densityp(M). Total number
of elements ofM on a regionW ⊆ M can be obtained as,
N =

∫

W v(ζ )dζ (for more information see [12]).

III. STATIC AND DYNAMIC FEATURE MAP POSTERIORS

ESTIMATION

The augmented feature map posterior conditioned on the
history of vehicle poses is given by,

pk|k(Mk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k ) (12)

This distribution can be evaluated by propagating the PHD of
Mk using a PHD filter [11] [13]. We start with factorizing the
posterior (12) into a prediction and update steps as follows,

pk|k(Mk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k )

= gk(Z
(1)
k ,Z(2)

k |Mk,X
(1)
k ,X(2)

k )

×
pk|k−1(Mk|Z

(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k ,X

(2)
0:k )

lk|k−1(Z
(1)
k ,Z(2)

k |Z(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k ,X

(2)
0:k )

(13)

where the denominator in (13) is the normalization constant
and,

pk|k−1(Mk|Z
(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k ,X

(2)
0:k )

=
∫

fM(Mk|Mk−1,X
(1)
k ,X(2)

k )

× pk−1(Mk−1|Z
(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k−1,X

(2)
0:k−1)δMk−1

(14)

where equations (13) and (14) are augmented feature map
update posterior and prediction posterior respectively. Their
PHDs are recursively propagated using a PHD filter as
follows.



A. PHD prediction step

If PHD of the augmented feature map posterior with type
βk−1 at timek−1 is given by,

Dk−1|k−1(ζk−1,βk−1|Z
(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k−1,X

(2)
0:k−1) (15)

then, PHD of the prediction distribution (14) corresponds to
features with typeβk is given by,

Dk|k−1(ζk,βk|Z
(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k ,X

(2)
0:k )

= bk(ζk,βk|X
(1)
k ,X(2)

k )

+
a

∑
βk−1=0

∫

PS(ζk−1,βk−1) fM(ζk,βk|ζk−1,βk−1,X
(1)
k ,X(2)

k )

×Dk−1|k−1(ζk−1,βk−1|Z
(1)
1:k−1,Z

(2)
1:k−1,X

(1)
0:k−1,X

(2)
0:k−1)dζk−1

(16)
In herebk(ζk,βk|X

(1)
k ,X(2)

k ) denotes the intensity of the newly
appearing features of typeβk in the joint sensor FOV, which
can be written using Campbell’s theorem (for marked point
processes) [12] as follows,

bk(ζk,βk|X
(1)
k ,X(2)

k ) = πk(βk)b̃k(ζk|βk,X
(1)
k ,X(2)

k ) (17)

where πk(βk) denotes the birth intensity and
b̃k(ζk|βk,X

(1)
k ,X(2)

k ) denotes the distribution of birth
state, whilea denotes the total number of feature types
(having unique motion models).

B. PHD update step

Assuming the number of false features produced by the
exteroceptive sensor mounted on therth vehicle (r = 1,2)
is Poisson distributed with an average ofλ (r)

c , and their
physical distribution given byc(r)k (z(r)k ) is uniform over the
sensor FOV, then PHD of the feature map update posterior
distribution (13) of features with typeβk can be obtained as,

Dk|k(ζk,βk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k )

= (1−P(1)
D )(1−P(2)

D )Dk|k−1(ζk,βk)

+

[

∑
P⊟2Zk

ωP ∑
W∈P

ρW(ζk)

]

Dk|k−1(ζk,βk)

(18)

where the abbreviationDk|k−1(ζk,βk) represents the PHD of

the predicted feature map posterior andP(r)
D represents the

detection probability of the sensor mounted on therth vehicle
given by,

P(r)
D = P(r)

D (ζk,βk|X
(r)
k ) (19)

and the summation in (17) is taken over all so called ”binary
partitions”P of Zk = Z(1)

k ∪Z(2)
k (see [14] for more informa-

tion). The notation, ”P ⊟2 Zk” stands for ”P partitionsZk

into binary cellsW”, whereW ∈P has one of the following
forms,

W =
{

z(1)k

}

, W =
{

z(2)k

}

, W =
{

z(1)k ,z(2)k

}

(20)

The values ofρW(ζk) andωP are given by,

ρW(ζk)

=







































































P(1)
D l (1)

z(1)k

(1−P(2)
D )

1+Dk|k−1[P
(1)
D l (1)

z(1)k

(1−P(2)
D )]

i f W = {z(1)k }

(1−P(1)
D )l (2)

z(2)k

P(2)
D

1+Dk|k−1[(1−P(1)
D )l (2)

z(2)k

P(2)
D ]

i f W = {z(2)k }

P(1)
D l (1)

z(1)k

P(2)
D l (2)

z(2)k

Dk|k−1[P
(1)
D l (1)

z(1)k

P(2)
D l (2)

z(2)k

]
i f W = {z(1)k ,z(2)k }

(21)

and,

ωP =
∏W∈P dW

∑Q⊟2Zk ∏W∈Q dW
(22)

and,

dW =



























1+Dk|k−1[P
(1)
D l (1)

z(1)k

(1−P(2)
D )] i f W = {z(1)k }

1+Dk|k−1[(1−P(1)
D )l (1)

z(1)k

P(2)
D ] i f W = {z(2)k }

Dk|k−1[P
(1)
D l (1)

z(1)k

P(2)
D l (2)

z(2)k

] i f W = {z(1)k ,z(2)k }

(23)

where for any function h(ζk,βk), the abbreviation
Dk|k−1[h(ζk,βk)] is given by,

Dk|k−1[h(ζk,βk)] =
a

∑
rk=0

∫

h(ζk,βk)Dk|k−1(ζk,βk)dζk (24)

and

l (1)
z(1)k

(ζk,βk) =
g(1)k (z(1)k |ζk,βk,X

(1)
k )

λ (1)
c c(1)k (z(1)k )

(25)

l (2)
z(2)k

(ζk,βk) =
g(2)k (z(2)k |ζk,βk,X

(2)
k )

λ (2)
c c(2)k (z(2)k )

(26)

Hence, the PHD corresponds to any feature typeβk can be
obtained using equation (18). The PHD of the static feature
map can be obtained from,

Dk|k(ζk,βk = 0|Z(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k ) (27)

and PHD of all types of features can be obtained as,

a

∑
βk=1

Dk|k(ζk,βk|Z
(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k ) (28)

Once the PHD is known, actual locations of features of any
type can be easily found [6] [5]. In order to calculate the
particle weights (discussed in the section IV), we need to
evaluate the number of predicted and actual static features
present in the map at timek. The number of predicted static
features can be obtained as,

Nk|k−1 =
∫

Dk|k−1(ζk,βk = 0|Z(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k )δζk (29)



and the number of actual static features after measurement
update can be obtained as,

Nk|k =
∫

Dk|k(ζk,βk = 0|Z(1)
1:k ,Z

(2)
1:k ,X

(1)
0:k ,X

(2)
0:k )δζk (30)

The PHD prediction (16) and update (18) equations are
evaluated using a GM-PHD filter [6] implementation.

IV. PATHS POSTERIORESTIMATION

By far, particle filter based vehicle trajectory estimation
method introduced in FastSLAM [3] can be considered as
the most suitable approach for practical SLAM solutions due
to the adoptability of complex non-linear motion models in
highly dynamic, unstructured and uncertain environmental
conditions. In the same spirit, we propose propagating the
vehicle trajectory posterior using a particle filter as follows.

The vehicle trajectories posterior at timek is given by,

pk|k(X
(1)
1:k ,X

(2)
1:k |Z

(1)
1:k ,Z

(2)
1:k ,U

(1)
1:k ,U

(2)
1:k ,X

(1)
0 ,X(2)

0 ) (31)

which can be represented by a set of weighted particles
denoted byΩk as follows,

Ωk =
{

w[i]
k ,X

(1),[i]
1:k ,X(2),[i]

1:k

}Ns

i=1
(32)

where,w[i]
k is the weight ofith particle, whileNs denotes the

number of particles. Similar to FastSLAM, the particle set is
recursively propagated in time, using sequential importance
re-sampling (SIR) approach as follows.

Assume that the joint vehicle trajectories posterior at time
k−1 is represented by the set of weighted particlesΩk−1.
Then at timek, a new joint vehicle pose is sampled from
each particle as follows,

(X(1),[i]
k ,X(2),[i]

k )

∼ fX(X
(1)
k ,X(2)

k |X(1),[i]
k−1 ,X(2),[i]

k−1 ,U (1)
k ,U (2)

k )
(33)

Although (33) is given as a joint transition, due to the con-
ditional independence of each vehicle’s motion, individual
vehicle pose can be sampled using the corresponding motion
model. The new joint vehicle pose,(X(1),[i]

k ,X(2),[i]
k ), is then

added to the set of particlesΩk−1, creating a temporary set
of particles distributed according to the proposal distribution
given by,
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1:k ,X(2),[i]

1:k |Z(1)
1:k−1,Z

(2)
1:k−1,U

(1)
1:k ,U

(2)
1:k ,X

(1)
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0 ) (34)

Now, each particle in the temporary set is assigned an
importance weight given by,

w[i]
k

=
target distribution

proposal distribution

=
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Ignoring the normalization constant and factorizing the target
and proposal distributions, it can be shown that,

w[i]
k ∝ lk|k−1(Z

(1)
k ,Z(2)

k |Z(1)
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The value of lk|k−1(Z
(1)
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k |Z(1)
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0:k )
can be obtained using the same factorization as in (13) on
the static feature map posteriorpk|k(Sk|Z

(1)
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(1)
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(2)
1:k )

by using the approach proposed by Mullane et al. in [4] [5]
as follows,
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which is true for all values ofSk. Therefore without loss of
generality, by assigningSk = /0,
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Assuming the number of elements inSk, is Poisson dis-
tributed, we can re-write (38) using the definition (11) as
follows,
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(39)

Now since the static map is empty, we consider all the
received measurements as false alarms (clutter). In addition,
it is assumed that these false features are independently and
identically distributed over each vehicle’s sensor FOV with
the number of false features being Poisson distributed.

The importance weight of each particle in the temporary
set is normalized and a new set ofNs particles are drawn
with replacement, where each particles is sampled with
a probability proportional to it’s importance weight. The
resultant particle set with their importance weights, denoted
by Ωk, represents the joint vehicle trajectory posterior (31).

V. SIMULATION RESULTS

Five dynamic features having non-linear dynamic motion
models are used along with a set of 57 randomly placed static
features (Fig.1). Two vehicles having identical vehicular
parameters as summarized in Table I are driven on two
predetermined trajectories while performing CMSLAMMOT.

Three different motion models are used. Modelβk = 0
corresponds to the static features having the motion model
of dirac delta function. Modelβk = 1 andβk = 2 denote two
dynamic motion models having the following motion model,







xk+1

yk+1

θk+1






=







xk+cos(θk+Ωk)Vk∆T

yk+sin(θk+Ωk)Vk∆T

θk+Ωk






(40)



where, ∆T denotes the time step.Ωk denotes the change
of heading angle andVk denotes the translational velocity,
which are given by,

Ωk = Ω+ϑk (41)

Vk =V +νk (42)

In here ϑk and νk represents zero mean Gaussian noise
having standard deviationsσϑ = 0.5 ◦ and σν = 0.3 ms−1

respectively. In both models,βk = 1 andβk = 2, V is set to
5 ms−1 while Ω is set at 2◦ and−2◦ respectively.

Trajectories of the dynamic features are generated using
(40). Switching between different motion models is modeled
by the Markovian transition probability matrix,

[

tk|k−1(βk|βk−1)
]

=







1 0 0

0 0.6 0.4

0 0.4 0.6






(43)

and the distribution of the motion models at birth is given
by,

[πk(βk)] = [.9 .05 .05] (44)

Probability of survival of each feature is given by,

[PS(βk)] = [0.99 0.95 0.95] (45)

and the probability of detection of each feature type is given
by,

[PD(βk)] = [0.95 0.93 0.93] (46)

Fig. 1 shows estimated vehicle trajectories, estimated static
feature locations and trajectories of estimated dynamic fea-
tures from a sample run. Target 1 moves across the FOV of
the second vehicle, while target 2 starts within the FOV and
then move outward. Target 3 move towards the first vehicle
from outside the FOV. Target 4 and Target 5 start within
the FOV of first and second vehicles respectively and cross
their FOVs navigating through the overlapped area of FOVs.
A comparison of RMS vehicle position errors (of 15 Monte
Carlo (MC) runs) between the original CMSLAM algorithm
[10] and the proposed CMSLAMMOT solution is shown
in Fig.2. It is apparent that the proposed CMSLAMMOT
solution is capable of tracking dynamic features present in
the sensor FOV without compromising the mapping and lo-
calization accuracy of the CMSLAM solution. Both vehicles
produce almost identical RMS positional errors (with less
than 2m loop closing error).

VI. EXPERIMENTAL RESULTS

Two robots (each equipped with a laser scanner and a
fiber optic gyroscope) are simultaneously driven on two
pre-planned trajectories (with known waypoints) and two
pedestrians (with reflectors to improve the feature detec-
tion/extraction) are asked to perform various maneuvers
across and along the sensor FOV of each vehicle, and CM-
SLAMMOT is performed using the acquired data. Average
speed of the vehicle is approximately 0.4 m/s and the range
of observations are limited to 10m with the bearing range
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Fig. 1. A comparison of estimated vehicle trajectories (first vehicle in
green and second in red) superimposed on the ground truth (first vehicle
in blue and second in black). Actual static feature locations are shown
in black stars and the corresponding estimates are shown in cyan circles.
Actual trajectories of the dynamic features are shown in yellow and the
corresponding estimates are shown in magenta circles.
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Fig. 2. A comparison of RMS vehicle position errors (of 15 MC
runs) between the CMSLAM algorithm and the proposed CMSLAMMOT
solution.

Fig. 3. A picture taken during the experiment. Two pedestrians are crossing
the overlapped sensor FOVs at the same time.



TABLE I

PARAMETERS USED IN THE SIMULATION

Vehicle Parameters Values

Velocity V 2m/s
Sensor FOV Range (r) 0 - 30m

Bearing (b) −π/2 - +π/2
Control Noise Velociy (σv) 0.2m/s

Steering Angle (σa) 20

Measurement Noise Range (σr ) 0.1m
Bearing (σb) 10

Clutter rate λ (r)
c 3
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Fig. 4. Estimated vehicle trajectories (first vehicle in green and the
second in red) superimposed on the known waypoints (first vehicle in blue
crosses and the second in red crosses) along with estimated static feature
locations (in cyan circles). Estimated dynamic feature trajectories are shown
in magenta and the corresponding actual trajectories (approximately) are
shown in grey. Each magenta circle corresponds to an estimatedlocation of
the trajectory of a dynamic feature.

from 90◦ to 90◦. Number of particles used for the estimation
of vehicle trajectories is 100.

Fig.4 shows the estimated vehicle trajectories and the
estimated dynamic feature trajectories, superimposed on the
actual vehicle trajectories and the actual dynamic featuretra-
jectories (approximate). Actual dynamic feature trajectories
are labelled from T1-T6. The trajectories T1, T2, T3 and T6
are generated by the pedestrians crossing the sensor FOV of
a single robot, while trajectories T4 and T6 are generated
by two pedestrians simultaneously crossing the overlapping
sensor FOVs of both vehicles. It is clear that the tracking
performance is improved when both vehicles observe the
same feature(s) at the same time (T4 and T6). Apart from
the obvious dynamic features, few more dynamic feature
observations is present due to the observation of people
randomly walking around during the experiment.

VII. C ONCLUSION

In this paper we have presented a new solution to the Col-
laborative Multi-vehicle SLAM with moving object tracking
(CMSLAMMOT) problem by extending our recently de-
veloped random finite set (RFS) based CMSLAM solution.
We have modeled measurements and features as RFSs and
formulated a Bayesian solution where both static and dy-

namic features are tracked using measurements with clutter
and come up with a robust solution to the CMSLAMMOT
problem. The proposed solution inherits inbuilt map manage-
ment, data association and clutter filtering, while catering for
feature detection and survival uncertainties. Performance of
the proposed algorithm is demonstrated via simulation and
experiment results. Future research will focus on applying
these results on various dynamic environments with a larger
number of moving objects.
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