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I. INTRODUCTION

Stochastic geometry is an established branch of mathema
ics that studies uncertainty in geometric structures [2], [
and is, thus, a befitting framework for autonomous robotic
mapping and the well known Simultaneous Localization and
Mapping (SLAM) problem, where the fundamental concern
is succinctly captured in the title of the 1988 seminal paper
by Durrant-Whyte, "Uncertain geometry in robotics” [3]. The
theory of random sets has long been used by statisticians i
many diverse applications including agriculture, geolayyd
epidemiology [1], [2], [4]-[6]. In addition, there has been
substantial work by probabilists and statisticians, innpoi
process filtering, such as that by Ikoma et al [7]. Applicasio
of this are random point pattern methods for multiple objeide- 1. The importance of object number estimation in navigation
recognition in image analysis [8], [9], and recent work tthsESKS:

on random set analysis by Vo et al [10], which laid the

foundations for set based multi-object visual tracking tl’i that the number of estimated map features is not important

Hoseinnezhad et al [11], [12]. The application of randons s SLAM, provided that enough are estimated to provide suc-

n multl-'tafget tracking has led tp the develqpment of k_a’!mtessful robot location estimates. In response to this,ahdar
Set Statistics (FISST) which provides the basis for novirsl is referred to Figure 1 in which a human driver has clearly

such as the Probability Hypothesis Density (PHD) filter {13 ot estimated the correct number of objects within his/her

E:\lttsr]agtr:a % t?c?ngzgjr:ﬁng:ség;ngf;gg :Ells6] \évlr'gg c;gcz;d\énvironment. Unfortunate accidents aside, failing to ecity
! ' w PI®Y estimate the true number of objects or features, which have

in commercial applications. ' . L
: . . . passed through the field(s) of view of a vehicle’s sensor(s),
As noted in the field of multi-target filtering by Mahler ([17] can only detriment the location estimation performance of

page 571). any SLAM algorithm. This special issue therefore addresses

“...having a good estimate of target number is half the eatthe concept of Bayes optimality for estimation with unknown
in multi-target tracking. If one has 1,000 measurements bf@ature number, by formulating autonomous mapping, SLAM
we know that roughly 900 of them are false alarms, then tAgd general tracking algorithms as Random Finite Set (RFS)

problem of detecting the actual targets has been greatlyestimation problems.
simplified.” An RFS is simply a finite-set-valued random variable. Simila

i i , o to random vectors, the probability density (if it exists)as
The articles in this special issue advocate that the safagy \seful descriptor of an RFS, especially in filtering and

principle applies to feature detection and autonomous M8PP.gimation. However, the space of finite sets does not inheri
n rObOt'C.S’ vyhere instead of referring to the prpblem %he usual Euclidean notion of integration and density. leenc
target estimation, the problem of map feature or environteilery o tools for random vectors are not appropriate for ra
object estimatior_1 are of concern. Froml here on, ,mal? featu@osm finite sets. Mahler’s Finite Set Statistics (FISST) jmev
targets and en“vlronmer,l,tal objects of mterest_ will smp‘y lf)ractical mathematical tools and principled approximegitor
referred to as “features”. In the case or robotic mapping ag aling with RFSs [13], [17], based on a notion of integratio

SLAM, realistic feature detection algorithms produce dals,, gensity that is consistent with point process theory. [18
alarms and missed detections and estimating the true nun?c?rwhat are theadvancesin the applications of stochastic
of map features is therefore central to these problems.

hil hv oft ithin th _geometry, advocated in this special issue? In contrast to
A philosophy often encountered within the SLAM communityie of 'the art, vector based implementations of Bayesian
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joint treatment of error in feature number and location-eséind based on any sensing type, is prone to randomness both
mates as it jointly propagates both the estimate of the numbethe quantity of the detected features and their attribute
of features and their corresponding states, and consdyguesiich as range and bearing or image based quantities such as
eliminates the need for feature management and associatiomtrast levels. It shows that realistic measurement taiogy
algorithms. comprises detection uncertainty in the form of false alarms
and missed features as well as the usually considered Ispatia
(e.g. range and bearing) uncertainty. The ability to actoun
for all of these in a joint manner provides the motivation
In 2008, Mullane et al fi_rst applied the random set concegy re-modelling the SLAM problem as a set, rather than a
to the SLAM problem, in which a first order random s&fector, based framework. The concepts of RFSs are intraduce
statistic - the Probability Hypothesis Density (PHD) waedis ang the implementation of the PHD filter, in the form of
from which joint vehicle and feature based map estimategnipulating sums of Gaussians, is demonstrated throwgh th
could be extracted [19]. Referred to as a “Brute forcse of simple block diagrams. A marine environment, in which
approach, it demonstrated a viable RFS based SLAM solutigR. autonomous kayak estimates the number and location of
For environments with a significant number of features it (i)‘bjects on the sea surface as well as its own trajectory,
however computationally intractable, and hence a moreaelegygyides the complex setting for SLAM trials. These are Hase
and computationally tractable RFS solution, based on R§9 the presented sum of Gaussians PHD SLAM algorithm,

Blackwellization, was published in 2010 and further elabgjith performance comparisons being made with state of the
rated in 2011, in which the Cardinalized (C)-PHD and Multlyt pMultiple Hypothesis (MH) FastSLAM.

Target Multi-Bernoulli (MeMBer) SLAM filtering conceptsr,
were presented [20]-[22]. A simplified version of this worh1
comprises the first article of this special issue. gﬁJ

Il. A BRIEF SUMMARY OF RANDOM SET BASED
IMPLEMENTATIONS IN ROBOTICS

e SLAM problem is treated as a single cluster (SC) process
the second article, entitleLAM with SC-PHD Filters: An
nderwater Vehicle ApplicatiorHere SLAM is defined as a
Grticular type of cluster process in which the configuratio

glutster PHItD(;‘Hter, which alsot llj.tkll'lz.ﬁd zio Bltgck\]/(vellt|tza}1;o of the map features is a daughter process, conditioned on the
ut generated a measurement liketinood function Tor HaI§e 10 o the vehicle, represented as a single parent process

weighting in a different manner. An extension of this Workl, ; ' .
. i e single cluster PHD filter approach can be separated into
applied to underwater SLAM, is the focus of the seco J“ g PP P

L . o . "y parent and a conditional daughter term, allowing a hybrid
article in this special issue [23]. Also in 20.12’ Moratuwa article filter and Gaussian mixture approach to be used for
et al extended the RFS concept to multi-vehicle SLA

iding d . it hicl hich coll LAM, in a manner similar to that proposed in the first
tprow t[ng temonTtrgtllons W|tbtwo dve Ic ;S_'V[\)' IfCIt co : article. However, in contrast to the first article, a sindlester
0 estimate a giobal map based on D Ttenng, alohgd,cess, rather than a Poisson process, is assumed ondhe pri
with thelr own trajecton_es [.24]' _An ext_ens_lon of t_h|s wor ap feature cardinality distribution. An implementatidrtfe
pogwoplrlzse: dthe fOLiml] ;rt'de "t] tkt1|sdsc|:oeC|?I |s£sll:Jel. Fl;,]\lailyo concept is demonstrated on an underwater robotic vehiute, t
mCFAR ' ;‘ms etaldemons rfa € OSS ant Faise h arm Wona 500, which utilizes stereo imagery and a speeded up
( . ) and scan mtegrqnon egtgre etection tec n'q.uesrcgbust feature (SURF) detector to detect key points in irmage
provide principled detection statistics for short ranggarain

a Rao-Blackwellized PHD Filter SLAM framework [25]. for und.erwatgr SLAM'. , .

To complement the multiple publications on the applicaﬁioa—he third arucle,PIgymg Fetch With Y(_)ur Robolts.based

of FISST to robotic based problems, the first internationglll1 a $egway robotic platform and again uses vision for the
workshop onStochastic Geometry in SLAMas held at the etection of an unknown nu_mber of objects, this time based
2012 IEEE International Conference on Robotics and Autonfi: ;hape and colour matching. These are scattered about an
tion (ICRA 2012), in Minneapolis St. Paul, USA. This fulfnVironment for the robot _to chate, collect a_nq return ® th
day workshop was opened by the founder of FISST, Rondffef" T_h_e work uses a g“q with cells containing occupancy
Mahler who presented the foundations behind many of i bab|I|t.y values. An RFS IS used to represent gset ofshat_ael
FISST based filtering concepts. It also provided a forum 3 occup|ed_cell_s together with a further set, which cor_ﬁaln
various FISST based robotic mapping, navigation and cbnif§e"Y comblqatlon Of. the RFSs from zero to the maximum
presentations, some of which are extended in this spesiatis number of objects which can be tracked. In contrast to the firs

During this workshop, many of the presenters and memb 9 articles, a B_ayesian filter i_terates over the Qistr'dnmti)f_
of the audience indicated the importance of publicizing ) c R.Fsz to tgstmjat?hthe var)émtg nuTber tgf ?lee.Ct tloca}[tli)hns.
recent advances in the application of stochastic geometry IS information 1S then used to automatically Instruct the

robotic problems, which has instantiated this specialessu robot to_ move to maximize |ts |mmeQ|ate |nf9rrrj,at|on gan -
a technique referred to as “information surfing”. The robot

I1l. OVERVIEW OF THE SPECIAL ISSUE is controlled to move in the maximum gradient of mutual
The first of the six articles in this special issidew Con- information between the sensor readings and the cell based
cepts in Map Estimation: Implementing PHD Filter SLAMPbject position estimates based on a quantity known as the
focusses on a SLAM implementation which uses the md¥nyi divergence. This moves the robot and the camera’s field
basic Bayesian set based estimator - the Probability Hypodh view into the direction of objects to be fetched.
esis Density Filter (PHD). The article first demonstrates tifhe focus of the fourth articleRFS Collaborative Multi-
random nature of detections in sensing modalities as dass Vehicle SLAM in Dynamic High Clutter Environments
radar, laser range finders and vision. The information +refe Collaborative Multi-vehicle (CM) SLAM under an RFS frame-
to as features - provided by any feature detection algorithwmork. Formulated for two vehicles, which collaborate tolthui

In 2012, Lee et al addressed the SLAM problem with a sin



a single global map and estimates of both trajectories, thhility of the filter to estimate the quantity and locationaof
article introduces the concept of the general multi-seR$t® unknown number of pedestrians, based on laser range finder
update. This update requires the union of the set based nueda, even when pedestrians occlude each other. Thisearticl
surements from each vehicle to be partitioned into binaby sumodels the probability of detection as non-homogeneousan t
sets. The article high-lights the computational problenicivh sensor surveillance region, based on object location astisn
results in the case of many robots, as all possible combimatiyielding good estimates of pedestrian number, even whegn the
of these subsets would be necessary to form the Bayes optianal completely occluded.

CM-SLAM measurement update. To test the concepts with
two robots, simulations demonstrate the robustness of B& R
based solution under varying degrees of clutter (falsevadpr Stochastic geometry has been applied in diverse engirmgeerin
In a real experiment, a car park with moving people providéglds for many decades, but only in the last decade have
the scene for the dynamic environment where the propogke tools of Finite Set Statistics (FISST) become available
RFS based multi-vehicle SLAM solution is compared againsta set based estimation applications. This special issue i
state of the art CM SLAM solution which depends on externlairgely a collection of robotic applications based on these
feature association and management routines. recently formulated tools. Within the field of robotics, man

The fifth article entittedA New Efficient Topological Ap-2venues exist for further research, based on FISST, ingudi
proach to Map Merging Based on a Probabilistic Generalizéa‘proved sensor models WhICh take into account objectlecclu
Voronoi Diagram again addresses multi-robot applicatior®ions, generalized mapping concepts such as semantic maps
and focusses on grid based map fusion. Occupancy grid m@p@ active navigation in which vehicles are autonomously
from multiple vehicles are merged without prior knowledge §ommanded to maximize their information gain. We hope that
their relative transformations. This is achieved througapy this special issue provides motivation for further advanice
matching, in which the graph is a topological represermatig‘e L_Jse_of stochastic geometry in SLAM and general robotic
of the map and is based on a Generalized Voronoi DiagraRplications.
(GVD). Referred to as map fusion, the approach demonstrated
in this article exploits the uniqueness of GVDs to combine dall. and <Stochast Ji
arge maps. The confdence values associaed with certan B 2, SO0 WS Kenial 10 3. ecstochatc ceerty and ks
eas of each robot's map is further encoded into the topadbgigy] 1. Molchanov. Theory of Random SetBrobability and its Applications.
structure, by building a Probabilistic (P)GVD. Map matain  Springer, London, U.K., 2005. _ .
takes place via a 2D correlation to match laser range find&¥ ;'OFBo'?i‘é;'z’:]t('j\’mﬁerﬁ;t’i’;‘:(’i‘;‘_'ggg‘gimig%’é” roboti¢EEE Journal of
based edges. The probabilistic nature of the PGVDs alloy§ G. matheron. Random Sets and Integral GeometrProbability and
areas of the maps with higher certainty to be preferentially Statistics Series. Wiley & Sons Inc., 1975.
matched. The technique is verified through four experiment ] D.J. Daley. and D. Vgre-JonesAn Introduction to the Theory of Point
First, based on a publicly available data set; second, based processes: Volume L Elemenitary Theory and Meth@ishabilly and
its Applications. Springer, second edition, 1988.
on two real indoor vehicles communicating map informatiofg] J.F.C. Kingman. Poisson ProcessesOxford Studies in Probability 3.
between them; third, based on three vehicles operating in[ﬁl %:ﬁ;d Jnersiy Press, 1998 Tracking of feature poit
larger indoor environment and finally based on a simulated;” image sequence by SMC implementation of the PHD filter.Ptoc.

highly cluttered environment. SICE Annual Conferengevolume 2, pages 1696-1701, 2004.

. . . . [8] A.J. Baddeley and M.N.M. Van Lieshout. Stochastic geasnetodels
The estimation of the location and number of objects/f@atur ™" iy high level vision. Journal of Applied Statistics20(5-6):231-256,

which can each generate multiple sensor detections, due to 1993.

their large size and/or occlusions, is the subject of thel fin&] A- Dasgupta and A.E. Raftery. Detecting features in igpgboint
processes with clutter via model based clusteringournal of the

article Random Set Methods for Multiple Extended Object american Statistical Associatip®3(441):294-302, 1998.
Estimation This article demonstrates how the assumptions[of] B.-N. Vo, B.-T. Vo, N.-T. Pham, and D. Suter. Joint detestand esti-

the earlier articles, in which single objects are assumeiktd matiqn of multiple pbjects from image observatiofSEE Transactions
. . 9 | . . gda on Signal Processing8(10):5129-5141, Oct. 2010.
single detections, can be relaxed allowing for multipleedet [11] R. Hoseinnezhad, B.-N. Vo, and B.-T. Vo. Visual traakiim back-

tions per object. This scenario naturally lends itself ® RFS ground subtracted image sequences via multi-Bernoulli ifigerl EEE
concept, since a subset of all of the detections can nowtresy| Transactions on Signal Processirgl(2):392-397, 2013.

P . . . . fl%l] R. Hoseinnezhad, B.-N. Vo, B.-T. Vo, and D. Suter. Vistracking of
from each OpJeCt' ThIS In turn requires a part't'om.ng of file ) numerous targets via multi-Bernoulli filtering of image dat@attern
set of detections, into subsets, the union of which comgrise Recognition 45(10):3625-3635, 2012.

the full detection set. During the PHD Filter measuremeﬂ@] R. Mahler. Multi-target Bayes filtering via first-ordenulti-target
9 moments.|EEE Transactions on AE®(39):1152-1178, October 2003.

update, each partition requires a likelihood, correspogdo [14] B.-N. Vo and W.-K. Ma. A closed form solution to the prdiity
how probable that group of measurements stems from a single hypothesis density filter. It Conf. on Information FusionPhiladel-

object. There are many ways in which such partitions Cfn phia, PA, 2005.

IV. LOOKING FORWARD
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