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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.

. INTRODUCTION

vehicle trajectory posterior. The vehicle trajectory waspp
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 theemnirr
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

Since the initial developments in [1], various improve-other at different levels. Although such a solution is adggqu
ments have been proposed to the simultaneous localizatifar almost all practical applications we believe that SLAM
and mapping (SLAM) problem in order to achieve better peralgorithms should be capable of solving both problems at
formance in real-world applications. The extended Kalmathe same time, providing a robust feature map (containing
filter based SLAM (EKF-SLAM) [2] solution introduced both static and dynamic feature information) for high-leve
linearized non-linear motion and observation models withpplications.

Gaussian noise assumption. The FastSLAM algorithm [3] in- The very first approach to combine both SLAM and

troduced recursive Monte Carlo Sampling (particle filtgyin

DATMO was proposed by Wang et al. in [7]. In [8], Wang

into SLAM, which enabled non-linear non-Gaussian motiort al. extended their earlier work by presenting a theaaktic

models to be used.

framework. Their work was based on decomposing the

All these conventional SLAM solutions and their deriva-SLAM with DATMO problem into two separate estimators,

tives solve the SLAM problem by propagating a posterionamely, the SLAM posterior and the DATMO posterior and
probability density of a vector consisting of landmark magpropagating them simultaneously over time. This approach
augmented with vehicle state. Due to this vector based +epigas a few drawbacks. Among them, decomposing the mea-
sentation, such algorithms require solving certain additi surements into stationary objects and moving objects,-inap
sub-problems such as data association, clutter filterirdy aplicability of complex multiple motion models per moving
map management outside the Bayesian recursion. In additi@bject are most notable. In order to classify measurements
landmark detection and landmark survival uncertainties aas stationary and dynamic, it is required to analyze the
ignored limiting their practical applicability in real-wld data over a sufficient period of time, using complex feature
solutions. In order to address these issues, in [4] [5] Mgla extraction algorithms. This may be undesirable in most
et al. presented a novel SLAM framework by adoptingpractical applications if the results are to be used for mgki
random finite set (RFS) modeling of the landmark majaster navigation decisions. In addition, most of the mgvin
and the measurements. In [4] [5] Mullane et al. presentdeéatures such as pedestrians, animals or other vehicles may
a Rao-Blackwellised PHD filtering approach by factorizingnot have a single motion model, their motion models can
the full SLAM posterior into the product of the landmarkbe a mixture of motion models depending on the situation.
map posterior conditioned on the vehicle trajectory and thidence, 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 marko
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multi-target model was also proposed based on the GM-PH&nd,
filter [6]. This golu_tion i_s capable Qf solving a V\{ide range of pk|k(Mk|Z§:1|27Z§:2k),>(é:1|2,Xé:2|2) (2
practical applications in the multi-target tracking lagire ) )
that are deemed intractable using conventional solutions. here Sc denotes the set of static features present in the
In this paper, we present a novel solution to the Collabord€ature map at timé. The distribution (1) is the CMSLAM
tive Multi-vehicle SLAM with moving object tracking (CM- Posterior and distribution (2) is the augmented feature map
SLAMMOT) problem, by extending our recently proposedoostgrlor condltlonfed on the history of vgh|cle poskk.
CMSLAM solution based on the RFS representation [1OTonS|st of both static features observed during the CMSLAM
using Pasha’s solution [9] in order to track moving objectd?"0C€SS _and dyn_amlc features present in the current joint
with complex multiple motion models, present in the sensciensor field of view (FOV). We can rewritelc as, Mk =
FOV. Efficacy of the proposed solution is demonstrated usings ¥ Pk» WhereDy is the set of dynamic features present in

simulation and real experimental results. the current joint sensor FOV', _
Section Il formulates the CMSLAMMOT problem. Sec- Lets start with Montemerlo's approach in FastSLAM [3]

tion Il explains the static and dynamic feature map posl© factorize the CMSLAM posterior (1) into the history of
teriors propagation method, while section IV explains th&€hicle poses posterior and the static feature map posterio
paths posterior estimation method. Section V and sectigiphditioned on the history of vehicle poses as,

VI presents the simulation results and experimental result D @71 2 O ;@ y1) (@
respectively. Section VIl concludes the paper. Pl S X X[ 21 Zrie: Ui Ve %o %)

1) 52 (@) (2
Il. FORMULATION OF PROBABILISTIC RANDOM = P SIZ030 235 X X 3
FINITE SET CMSLAM WITH MOVING TARGET x (X, %2120 7 ud Ul )P %)
) ) TRACKING ) where static feature map posterior can be obtained by
For the illustration purpose, let's consider the case, @her,rginalizing the distribution (2) as follows,
two robots perform CMSLAM with MOT. LetUl(fk) = @) 52 o) (@
U7 U, ,UuT denote the time sequence of control Pk (Sl 25 2y’ Ko Xox )
commarz?)s applied to the vehictgr =1,2) up _to tlme_k, _ /pk\k(SkLﬂDk|Z§;1|27Z§;2;2,Xé;1|2,X(();2|2)5D
whereU,’ denotes the control command applied at tikne -
Let the time sequence of pose history of each vehicle b&lthough static feature map posterior (4) is computatitynal
denoted byX)) = [x\" x{" ... x|, whereX.” denotes intractable as it is, we can obtain its corresponding PHD
the pose of vehicler with respect to the global frame component by propagating the augmented feature map pos-
of reference, at timek. Let the time sequence of sets ofterior (2) using a PHD filter, which is capable of track-
measurements obtained using exteroceptive sensors ndourittg features with multiple motion models (including static
on each vehicle be denoted m{f& — [zi”,zg”,...,zf)], features). Hence using the PHD of the static feature map
Where ZS) _ {Ztir,i7zl(<2v-~-’zl((r:,<r>} denotes the measurementPOSterior, the CMSLAM postgrlor distribution (3) can be
e evaluated. Moreover the locations of the dynamic features
set received at tim&, from vehicler, while nf(” denotes the present in the joint sensor FOV can also be obtained using
number of measurements. Let the augmented feature méye PHD component that corresponds to dynamic feature map
at timek be denoted by the séfl, = {mc1,M2,....,m), },  Posterior. These steps are explained in greater detailsein t
wherely denotes the number of features available in the majest of the paper.
at timek and eachmy, denotes the state of a feature. .
In conventional SLAM solutions, the terms, feature an(?' Augmented RFS Feature Map Representation
landmark are interchangeably used in order to specify @stat The feature map can be more naturally and effectively
distinguishable object whose position with respect to theepresented as a RFBik,
vehicle can be extracted from the sensor measurements. But M = { Ve F() ®)
in CMSLAMMOT, we will adopt the term feature to specify k= 1M1, M2, -0 Ml ‘
any distinguishable object where unlike conventional SLAMvhere eachm, € .# and.# is the state space of the features.
it can either be a static feature or a moving (dynamic) featurF (.#) is the collection all finite subsets ofZ. In order to
Moreover such features can change their dynamics, meaniogter for features with multiple motion models, we extend
a dynamic feature can become a static feature while a statle state of a feature from the conventional SLAM solution
feature can become a dynamic feature at any point in time a broader definition as follows.
Hence, a more informative definition for the state of a featur Let my; be the state of any feature in the feature map
is required. at timek, thenmy; is given by ({k;, Bki) where{; is the
A. REFS CMSLAMMOT filter kinematic state anfi; is the type of the feature. Features are

In the CMSLAMMOT problem we are required to evaluatedaSSIﬂGd based on their motion model. For example, static

X e features are classified as type 0, iG.= 0, while moving
the two posterior probability distributions, features with motion model I, are of type 1, if = 1

pk‘k(s(,xﬁg,x{?k)|z§:1|2,zf),ul(:l,j,ul(?|2,xé”,xéz>) (1) and moving features with motion model Il are of type 2,
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i.e. B« =2 and so on. In addition, features are allowed tmf detect|onP (Zk,Bk|Xk ) or O with a probability of

switch between different motion models (types) over timg _ p (Z l3k|Xk ). Note that probability of detection, is a
allowing a comprehensive treatment for dynamic objectsunction of landmark state and vehicle position. Condigion
This behaviour is modeled using a jump Markov transitiohn detection, measurement likelihood function correspond
model, catering for changes in motion models with varyingg the observation of Iandmark W|th stat&, ) by therth

probabilities. vehicle is given bygl” (z"|Z, B, X\"). The corresponding
C. Augmented RFS Feature Map Transition Model RFS measurement density can be written as,
i me s e U S s WM

' ' _ ) My (7 10
of landmark map at tim&— 1 be denoted b_1, then the - Zr 9z (WM, X )ge (2" —W) (10)
landmark map transition model at tinkecan be written as, wez”

here, g (W|My, X.”) denotes the density of the feature

(X x@ Where, &z :

Mic = Tk(X %) U [ U Y(Ekl)] ) observations, whileg! (z\") —W) denotes the density of

Ek-1€My—1 clutter.

where, the Bernoulli RFSY(&y_1) denotes the predicted

{(dk;Bx)} with probability of reappearanC@S(Zk—LBk—l) Assume, the number of elements in a RMSon ./ is

or 0 with probability 1-Ps(k-1,B¢-1). The probability Poisson distributed, with each one of them is identicallg an

density of state transition from{{x_1,B«-1) t0 ({k.Bc). independently distributed. Then the probability densify o

conditioned on the probablllty of survival |s g|ven by, RFSM can be written as [11] [12],

(G, Bl k1, B2, %, X)) Note that, Fi(X” xk ') is Meem V()

independent of the landmarks that are reappearing from the p(M) = MBS

map My_1. The corresponding RFS map transition density exp/v({)dd)

can be written as, where,v denotes the PHD of densitg(M). Total number
i (M| Mi 1,Xé1) XéZ)) of elements ofM on a regionW C .# can be obtained as,

_ Zm fM(W\Mk_l)fr(Mk—W|Xél),Xé2>) @ N = [ v({)d{ (for more information see [12]).
Wg k

11)

1. STATIC AND DYNAMIC FEATURE MAP POSTERIORS

where, fy(W|My_1) is the transition density of the set of ESTIMATION
features existing in the mapl_, from timek—11to time  The augmented feature map posterior conditioned on the
k, while fr(Mk—W\Xk( >,Xé )) represents the density of the history of vehicle poses is given by,

RFST (XY, x?).

1
In order to track features with multiple motion models, we Pk (Mk|Z1, 215 Xox - Yo ) (12)
adopt the same method as presented in [9] and decompasgs distribution can be evaluated by propagating the PHD of
the transition density as follows. My using a PHD filter [11] [13]. We start with factorizing the
fur (2 Bl Gt Bt Xk Xk ) posterior (12) into a prediction and update steps as follows
. ) @ ®) 1) @ (1) 5@
= fm (k-1 B 1. X% s X% i1 (Bl Be—1) Pak(MklZg, Zy'5 Xox - Xox )
wheretyy1 (/1) denotes the Markov transition proba- = gk(Zﬁl)7Z;£2)|Mk,Xél>,X;£2)) (13)
bility of switching mode fromgx_1 to Bx. ) pk\k_l(MkIka)_l,Zfﬁ_l,xé;l&Xéf"k))
1 2 1 2 1 2
D. RFS Measurement Model |k|k—1(z|£ )7Zt<< >‘Z:(L:l2—1vz](.:k)—17xtg:k)’x(g:k>)

Let My denote the predicted landmark map, wmﬁ&) de-

note the RF'S representing clutter received from extera@ept where the denominator in (13) is the normalization constant

sensor mounted orth vehicle at timek, then corresponding and,
measurements can be represented by the RFS, pk\k—l(Mk|Zﬁz N §2k> 17X(()_lk)’xé:2k))
= [ MMz, %Y, X 14
Z|(( _Ck U ek Ek (9) /M( k| k 1axk 7xk ) ( )
EkEMi X Pr—1(Mk— 1|Z£1|2 L izk) 1’x(§:ll<> 17X(()2k) 1)0Mk-1

WhereO )(&) is a Bernoulli RFS representing the meawhere equations (13) and (14) are augmented feature map

surement corresponding to landmafk € My having state update posterior and prediction posterior respectiveheiiT

(Zk,Bk) Due to the limited field of VleW (FOV) of the sensor, PHDs are recursively propagated using a PHD filter as
(Ek) can have a value of the forr{rzk } with probability  follows.



A. PHD prediction step The values ofpow({k) and w4 are given by,
If PHD of the augmented feature map posterior with type py ()

_1 attimek—1 is given by,
Bi-1 g y P ié))(l_P'SZ)) N
(1) () (1) (2) if W={z"}
Dy 1k—1(Cke1, Bx-1|Zy 1, Z5 015 Ko 1, X, 15 4
k-1k-1(Ck-1, Be-11Z 515 2y 1 Kox1: Xoxr)  (15) 1+Dk\k71[P|(31>|i<k11)>(1—P|:(>2))]
then, PHD of the prediction distribution (14) corresponals t (12 52
features with typeB« is given by, (1-Py )lsz) P . ( (2)} (21)
_ p@)y(2) 2
Dige1(Gie: BlZii 1 Zik 1 X5 X0) H il =R )l P |
=G XY %) PSR E)
% 4 if W :{z‘((l) Z‘((Z)}
+ z /Ps (Qi—1, Br—1) Tm (Zs Bl Ck—1, B~ 1,Xk Xk )) Dklk_ﬂpél)ﬁl) P2 ’
Bx-1=0 Z‘<(1) D Z&z)
k—1=
X Dkfl\kfl(fk—l,I3k—1|Z§;1|2,17Zfﬁ,l,xé;lﬁflaxé;zﬁfl)dfk—l and,
In herebk(Zk7[3k|Xk Xk )denotes the intensity of the newly Y 25,7, MNwe.2 0w
appearing features of tygé in the joint sensor FOV, which d
can be written using Campbell’s theorem (for marked poin?n ’
2 .
processes) [12] as follows, 1+Dk\k71[P[<)l>|;((11))(17 Pé ))] if W= {Z'((l)}
bi(Zies X, X)) = T(BOBR(GlB X, %) (17) dy = 1+ Dk‘k,l[(lfPél))li&Pé)] if W=1{z"} (23)
where 71 (B«) denotes the birth intensity and D P W @@ 5w —
Bk(Zk\Bk,XlEl),Xéa) denotes the distribution of birth i-11P Zkl) b ] {zk Zk }

state, whilea denotes the total humber of feature types,nere

for any function h , the abbreviation
(having unique motion models). y (G B)

Dik—1[h(dk; Bi)] is given by,

B PHD update step Dy (@Bl = 3 [ MG BoDy (G Boddic (29

Assuming the number of false features produced by the =0
exteroceptive sensor mounted on thh vehicle ( = 1,2)

_ : o _ 0 ’and
is Poisson distributed with an average qu , and their

9|(<l) (Zf(l) 1k, B, Xél))

physical distribution given by (z") is uniform over the |((11))(Zk,l3k) = 0.0 -0 (25)
sensor FOV, then PHD of the feature map update posterior % Aemac(5)
distribution (13) of features with typgx can be obtained as,
" 9 " 5 (Z B) gk (Zk ‘Zk Bk7xk ) (26)
Dk\k(ZkvBk‘zi:l<)7zg:lz’x(§:l<>7x(():k)) )\é2)0|<<2>(z|(<2))
1 2
= (1-P) (1 PS)Dyk1(Z. Be) (18) Hence, the PHD corresponds to any feature tpean be
obtained using equation (18). The PHD of the static feature
1 > wr > pwld)| Digk-1(dk: Be) map can be obtained from,
TR W D @) y(1) (@
Dy B = 0124, 247, X535 X5 (27)

where the abbreviatioDy_1({k, f) represents the PHD of
the predicted feature map posterior aRd represents the and PHD of all types of features can be obtained as,

detection probability of the sensor mounted onrttievehicle a @ 5@ v@) (@
given by, > DG Bel Zyye» 2 Xor - Xox) (28)
=1
Ry = RS (G BX”) (19)

Once the PHD is known, actual locations of features of any
and the summation in (17) is taken over all so called "binarype can be easily found [6] [5]. In order to calculate the
partitions” & of Z = Z& )qu (see [14] for more informa- particle weights (discussed in the section IV), we need to
tion). The notation, & B, 2" stands for "% partitionsZ, evaluate the number of predicted and actual static features
into binary cellswW”, whereW € & has one of the following present in the map at time The number of predicted static
forms, features can be obtained as,

W= {Zﬁl)}, W= {fo)}, W= {Zﬁl),zﬁz)} (200 Nqk1= /Dk\k,l(zk,ﬁk = 0123, 250 X3 X328k (29)



and the number of actual static features after measuremdrite value of |k‘k,1(zlﬁl>,z§2)|z§:1k[1,zf,zfl,xé}k)"“],xé?gvm)

update can be obtained as, can be obtained using the same factorization as in (13) on

the static feature map posterigy (Sk|ZG),Z<.2)7X(.1),X(.2>)
- — 0171 7(2) (1) 4 (2) k 1k 1k Mk o Mk
Nk = /Dk\k(Zkvﬁk = 01Zy4, 25 Xo - Xok 0%k (30) by using the approach proposed by Mullane et al. in [4] [5]

The PHD prediction (16) and update (18) equations areS follows,

evaluated using a GM-PHD filter [6] implementation. 1) 5251 2 1) (2
g (6] imp Ik|k—1(zl(< )>Z|£ >‘Z:(L:IZ—1’Z:(L:I2—17X(§:I<)7X(§:I<))
1) (2 1) (2
IV. .PATHS POSTERIORE.STIMAT.ION o :gk(z|(( )7Zl£ >\S<7Xk( ),Xé )) a7
By far, particle filter based vehicle trajectory estimation 20 52 1 (@2 S
method introduced in FastSLAM [3] can be considered as % Puik-1(Sd Zaye 10 Zrse 1 Xoie - Xox)
the most suitable approach for practical SLAM solutions due pk‘k(S(|Z£:1|2,Z§:2|2,Xé:1Q,X(§:2I2)

to the adoptability of complex non-linear motion models in = | )
highly dynamic, unstructured and uncertain environmentd/Nich is true for all values o8;. Therefore without loss of
conditions. In the same spirit, we propose propagating tHEnerality, by assigningi = 0,
vehicle trajectory posterior using a particle filter as dai. | (Z(l) Z<2>\Z(1) 2(2) 1) (2))
The vehicle trajectories posterior at tirkds given by, kk-1(Z 4 121010 21 Kok Xox
= gk(zlil) ) Z|£2> ‘ o, Xél) ) XK(Z))

1) V@251 52 (1) 2 1) (2
pk\k(xl(:lgvxl(:k)|Z£:I2’Z§:k)’ul(:k)’ul(:k)’xé >,X(§ >) (31) D (§0|Z(l) Z(Z) Xél) XéZ)) (38)
which can be represented by a set of weighted particles x k1 1:(“1;1’ (21):"’1(’1) :k(’z) k
Zit, 2y ; )
denoted byQy as follows, Prik (P1Z1 x> Zy'se» Yo - Ko
o — {W[i] (D[ X(2),[i]}NS 32) Assuming the number of elements H, is Poisson dis-
k Kok 2Tk fig tributed, we can re-write (38) using the definition (11) as
Where,WE] is the weight ofith particle, whileNs denotes the follows,
number of particles. Similar to FastSLAM, the particle set i | 7 7(2) 71 (2 (D, (2),[i]
recursively propagated in time, using sequential impaean a1 (& <';) |(l)1:k‘(11)’ 1'k‘1’X°:E<2) 22)50*(2))
re-sampling (SIR) approach as follows. = 1 A7a &) A (7)) (39)
Assume that the joint vehicle trajectories posterior aetim 3l ezl) 22 ez?
k—1 is represented by the set of weighted particlgs ;. « exp(N[” NI AW _)\(2))
Then at timek, a new joint vehicle pose is sampled from Kk Pklk=1 e ¢
each particle as follows, Now since the static map is empty, we consider all the
(Xél)ii] XéZMi]) received measurements as false alarms (clutter). In additi
’ D) @ o @i v@f] @) 12 (33) itis assumed that these false features are independerntly an
~ (XXX XU U identically distributed over each vehicle’s sensor FOVhwit

Although (33) is given as a joint transition, due to the conthe number of false features being Poisson distributed.
ditional independence of each vehicle’s motion, individua The importance weight of each particle in the temporary
vehicle pose can be sampled using the corresponding motigt is normalized and a new set ¥ particles are drawn
model. The new joint vehicle pos(a),(é”"['},xéz)’[']), is then With replgpement, vv_here ea(;h particles is sampled with
added to the set of particle®, 1, creating a temporary set & probability .proporuo.nal to_ |t_’s importance .welght. The
of particles distributed according to the proposal distidm resultant particle set with their importance weights, dedo

given by, by Qy, represents the joint vehicle trajectory posterior (31).
qk|k(xl(:1,j=“],xl<:2k>’m|z§:1k>_1,zf,ﬂ_l,uﬁlj,uﬁ,xél),xé”) (34) V. SIMULATION RESULTS

Now, each particle in the temporary set is assigned an Five dynamic features having non-linear dynamic motion

importance weight given by, models are used along with a set of 57 randomly placed static

features (Fig.1). Two vehicles having identical vehicular

|
W‘U o parameters as summarized in Table | are driven on two
_ _target distribution predetermined trajectories while performing CMSLAMMOT.
proposal distribution Three different motion models are used. Mogl= 0
P (X X @z 28 uld) U XY %) corresponds to the static features having the motion model
= . @50 @) D 12 v w2 of dirac delta function. ModeB, = 1 and3x = 2 denote two
Aok X X0k 121 21 Yo Ui Xo ’XO(:B)S) dynamic motion models having the following motion model,
Ignoring the normalization constant and factorizing thgea X1 Xk + COg B + Q) VIAT

and proposal distributions, it can be shown that, Vi | = | Yo+ sin(Bc+ QOVAT (40)

W Olea(ZY 2712000205 0000 k") (@8) Beia] |6+



where, AT denotes the time stef)x denotes the change
of heading angle an¥, denotes the translational velocity, & ‘ ‘

which are given by, . Yoe . & Tagets & .
40 b
Q=Q+ I (42)
20 b
Vk =V + W (42) R
In here J¢ and v, represents zero mean Gaussian nois? |
having standard deviationss = 0.5 ° and 0, = 0.3 ms™! 20 ]
respectively. In both modelg =1 andfBc =2,V is set to
5 ms* while Q is set at 2 and —2° respectively. -40 e 1
Trajectories of the dynamic features are generated usil » Terget2
(40). Switching between different motion models is modele %, 0 20 1 % 8 100
by the Markovian transition probability matrix, meers
(a) Vehicle 1
1 00
Fig. 1. A comparison of estimated vehicle trajectories (firshigle in
[tk|k71(Bk‘Bk—1)] = 100604 (43) green and second in red) superimposed on the ground truth \@hscle
004 06 in blue and second in black). Actual static feature locati@me shown

in black stars and the corresponding estimates are shownainm ciycles.

and the distribution of the motion models at birth is giver1°‘°t“a' trajectories of the dynamic features are shown inoyeland the
corresponding estimates are shown in magenta circles.

by,
[7%(Bx)] = [.9 .05 .05 (44)

Probability of survival of each feature is given by,

[PS(Bk)] = [0-99 095 095] (45) ° fCMSLAI\‘A—VehicIel

. . . . _a : : CMSLAM-Vehicle 2_ il
and the probability of detection of each feature type isive £ o e
by: @ 3+ 4

[Po(Bx)] = [0.95 093 093 (46) 3% A |

Fig. 1 shows estimated vehicle trajectories, estimat&htsta% | e //—

feature locations and trajectories of estimated dynanae fe
tures from a sample run. Target 1 moves across the FOV ¢ 50 1000 _ T500 2000 2500
the second vehicle, while target 2 starts within the FOV an.. Time step

then move outward. Target 3 move towards the first vehicl . . .

. . Fg. 2. A comparison of RMS vehicle position errors (of 15 MC
from outside the FOV. Target 4 and Target 5 start withifuns) between the CMSLAM algorithm and the proposed CMSLAGIM
the FOV of first and second vehicles respectively and crosslution.
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 i
the sensor FOV without compromising the mapping and lo
calization accuracy of the CMSLAM solution. Both vehicles
produce almost identical RMS positional errors (with lesg
than 2m loop closing error).

VI. EXPERIMENTAL RESULTS

Two robots (each equipped with a laser scanner and |
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 maneuver:
across and along the sensor FOV of each vehicle, and CM- ) ] ] ) )
SLAMMOT s performed using the acquired data. Averag§? ggerﬁlgﬁgzéﬁg‘ g”or\',nsg;?fhixggmi{x{eT_wo pedessrine crossing
speed of the vehicle is approximately 0.4 m/s and the range
of observations are limited to 10m with the bearing range



TABLE |
PARAMETERS USED IN THE SIMULATION

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 catgfor
feature detection and survival uncertainties. Perforraanfc

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

Vehicle Parameters Values

Velocity \Y 2m/s

Sensor FOV Range’) 0 - 30m
Bearing b) —1/2 - +1/2

Control Noise Velociy §y) 0.2m/s
Steering Angle ¢,) 2°

Measurement Noise  Range; | 0.1m
Bearing ©p) 10

Clutter rate A 3

(1]
10
(2]
5,
o (3]
9]
3 O
1S
.l [4]
5
_10l (5]
-40 -20 0 20 40 6]
meters
Fig. 4. Estimated vehicle trajectories (first vehicle in greend the [7]
second in red) superimposed on the known waypoints (firstciem blue
crosses and the second in red crosses) along with estimaiiéd fetature
locations (in cyan circles). Estimated dynamic feature ttajges are shown
in magenta and the corresponding actual trajectories (appately) are 8]
shown in grey. Each magenta circle corresponds to an estirtatation of
the trajectory of a dynamic feature.
(9]

from 9C° to 9C¢°. Number of particles used for the estimation[m]
of vehicle trajectories is 100.

Fig.4 shows the estimated vehicle trajectories and the
estimated dynamic feature trajectories, superimposedh@n {1t
actual vehicle trajectories and the actual dynamic fedtare [12]
jectories (approximate). Actual dynamic feature trajees
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 generatdd?]
by two pedestrians simultaneously crossing the overlappin
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.

VIl. CONCLUSION

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-

number of moving objects.
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