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Abstract - The development of the autonomous mobile robots i
a popular field of research in the artificial inteligence for more
than twenty years. An important prerequisite for creation of
autonomous robot is the ability to create a map ofthe
environment. However there are several problems ithe robotic
mapping that are still not completely solved. The se of multiple
robots for mapping solves some of these problemsutin this
case several new problems, specific to multi-robomapping,
arise. One of the problems in multi-robot mapping $ merging all
of the local maps that robots have created into onglobal map.
The application of the robot teams in the exploratia is a
relatively new research field and initially methodsfor multi-robot
mapping were just extended single robot mapping mabds.
Consequently the map merging problem was simplified The
research of map merging has only recently evolvethus existing
papers on the map merging describe specific map nmgng
methods and there are no comprehensive surveys ohet state of
the art in the field of map merging. Therefore the gal of this
paper is to describe the situation in the field othe map merging
and to identify the main characteristics of the mapmerging
methods. The interrelations of these characteristicean then be
identified and the corresponding map merging approaehes of
each characteristic set named.

Keywords. map merging, robot teams, robotic exploration,
robotic mapping

. INTRODUCTION

been intensively studied. This may be due to the faat,
although robot teams offer multiple advantages aiagle
robot platforms, several new problems, specifi¢thi® multi-
robot mapping, arise [3].

From all the multi-robot mapping problems only map
merging is considered in this paper. When a rokptoees, it
collects the information about the environment bsing
sensors. If multiple robots are used for the exgilon of the
environment, their collected information has tofbsed into
one general global map. The fusion of the map méiion
from multiple robots into one global map is calledap
merging [7].

As Konolige et al. notes, “map merging is an insérg and
difficult problem, which has not enjoyed the santirdion
that localization and map building have” [8]. Altigh several
years since this statement have passed and themeapng
problem has received more attention, most of thielighed
papers on the matter are descriptions of specifip merging
methods. There are no comprehensive surveys where t
information about existing map merging methods \@ohbé
collected. Consequently no real classification ajpnmerging
methods exists. Therefore the goal of this papertois
summarize the information about the existing warkhe field
of map merging and to identify main characteristiésthe
map merging methods. The identified characterisaiesthen

The development of the autonomous mobile robots is frther used for the classification of the map rireyg
popular field of research in the artificial intgkince since approaches.

1980s [1]. Research is motivated by the many pssib The siructure of this paper is as follows. At fils¢ related

applications of autonomous mobile robots, whichlude
planetary exploration, reconnaissance, rescue, ngwand
cleaning [2]. One of the fundamental problems inbiteo
robotics that has to be solved is the environmeapping
problem. Robots need to be able to construct a ofaghe
environment and to use it for the navigation.

A lot of research has been dedicated to the singet
mapping. However, there are problems that are twasblve,
such as measurement errors, high dimensionalitpagping,
or data correspondence [1]. The use of multipleot®tor
mapping can solve some of these problems [3], aralso
offers several other advantages over single robappimg.
Often it is possible to create a map of the envirent faster
with multiple robots than with only one robot [2]. Multi-
robot mapping teams are more fault tolerant thaglsirobot
platforms, as the defection of one robot does maessarily
imply the termination of mapping process. Multipbdots can
also use different sensors for mapping, thus impgpthe
quality of resulting map [5].

Robot teams originated in late 1980s [6], howevsly o
during the last ten years has the multi-robot magpjuestion

work is discussed in Section Il. Then the existinmp
merging approaches are divided into three groupd an
described in Section Ill. From the described mapgng
approaches the most important map merging charstiter
and their possible values are identified and dbedriin
Section IV. Section V shows the identified relaships
between the values of the characteristics and lbows¢ these
relationships for the classification of map mergapproaches.
Finally, the conclusions are drawn and possibleréutwork
defined.

Il. RELATED WORK

The map merging is still a new research field, lerd are
no comprehensive surveys available on the matteweier,
there are some trends in existing publications #natused in
this paper for the identification of characteristiof map
merging methods.

The robot mapping has been researched intensieelya f
long time and a lot of progress has been made.ralbtahere
have been attempts to summarize and to classifgxisting
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methods. One of such work is Thrun's survey on ticbo \
mapping [1]. This comprehensive survey classifiedot Known inidall Other
mapping methods and offers insight in each of tlasses. /| positions ‘
However, this survey focuses almost exclusively simgle / Kalman Mapping
robot mapping and only brief information is avalambout // y filters | techniques
mapping with robot teams. On the matter of distéldumobile Map merging . dezvous/ _
robotics a summarizing paper has been written biePd6]. approaches | \\\ Maximum |
Yet only a small part of this work is devoted te thulti-robot ;";t?;g?izi //
localization, mapping and exploration problem. Hesi the
section on this problem only discusses the use$slioé multi- _ \
; ; : ) \ Metric maps |
robot mapping compared to single robot mapping doesn’t \ T URKnGwn
try to immerse into multi-robot mapping problems. initial | Maptypes
However, there are papers where mapping problertts wi positions Topological
multiple robots are considered. Initially the massearch feature maps /

activity was dedicated to multi-robot mapping issugher
than map merging. For this reason the situatiomitti-robot
mapping subfields, such as localization [9], [1@]ordination
and exploration [2], [4], [11], and rendezvous agament
[12], is better defined than in map merging.

The subfield of the map merging is less familiartiother
multi-robot mapping subfields mentioned above. Nihadess
there are several authors who have become acqdaéme
shortly described the situation in the map mergiagearch
area [7], [13] — [16]. However, these reviews areomplete

and often outdated. In most cases the map mergi';ngq

considered in the context of the specific caseystam only
closely related works are reviewed. Still, sevgratterns are
common in the existing classifications of map meggi

methods. Often map merging methods are groupedhéy t

robots’ knowledge of the relative positions or tiederence
frames [7], [13] — [16]. Other characteristic thatoften used
for the classification of map merging methods is tipe of
the maps used in the merging [13], [16]. An excapis made
by Konolige et al. [8], who groups the methods it ability
to make a decision when maps can be safely mermgkavhen
the merging is not possible.

Fig. 1. The variety of map merging approaches

An interesting pattern was discovered by analyzing
different map merging methods. If the relative refee
frames of the robots are known initially or acqdicuring the
rendezvous, the main attention of the researchdsuised on
the mapping techniques. On the contrary, if theathet
positions of the robots are never determined, th@nm
emphasis is put on the feature extraction from samsor data
r the map type. Therefore the map merging appesachn
be roughly divided in several groups as depictegidgn 1.

A. Map Merging when the Initial Relative Positionstaf Robots
Are Known

Initially multi-robot mapping methods were simply
extended single robot mapping methods [6]. Consatyuthe
map merging problem was also simplified by assunthma
the robots create their maps in common referera@dr For
this approach to work usually the robots must kribneir
relative starting positions. Several authors haesetbped
multi-robot mapping methods based on this assumptio

One of the first researches in multi-robot mappdaes

There are several reviews of map merging method§ack to the 1993, when Ishioka et al. [5] implereenand

However, they all share a common trait — the sibmain the
area is considered in the context of the particidaearch. It is
meant to show the reader why their work is impdrand not
to comprehensively describe the existing statehef art in
map merging. A couple of map merging charactedstiave
been identified (knowledge about the robot pos#tjagpe of
the maps, decision making) but there are more ptiepethat
are important in the context of map merging. Thapegr
describes the familiar characteristics of map nmgygis well
as introduces less popular characteristics likectire of the
environment, enabler of the map merging, and tieguired
for the map merging. All these characteristicsiamgortant if
one needs to choose the implementation of map nergi

One of the fundamental problems in multi-robot magps
merging all of the local maps that robots havete@ato one
global map. However, it is not a trivial matter aswme kind
of map merging algorithm is required.

THE OVERVIEW OF THEMAP MERGINGMETHODS

114

described an algorithm that was able to merge dbal Imaps
of two robots once the overlap of the maps wastified. The
merging of the local maps was accomplished by irajaand
sliding the maps until the best match was found: sk was
alleviated by the fact that the initial startingsgimns and
wheel slippage ratios of the robots were assumée tanown.
These assumptions significantly reduce the segrabesof the
transformations.

Thrun et al. [17], [18] combines the idea of poster
estimation with incremental map construction ugimximum
likelihood estimation to create the mapping alduonit that
enables data integration from multiple robots. Tdiouhe
starting locations of the robots aren’t assumetbécknown,
there is a restricting assumption that each rotatssin the
map of one specific robot, the team leader. Rokmtalize
themselves in this map and only then the mappirarqss
begins. In reality this means that the relativeitpmss are
known when the mapping starts.

The mapping algorithm devised by Simmons et al.a]b
uses the maximum likelihood estimation. The refativ
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positions of the robots are assumed to be apprdglyna independently and these maps can be merged wherobets

known and their algorithm is able to deal with dnsgdrting
position errors.

One more application of the maximum
estimation is found in the work by Howard et al9][1The
main difference from the other works is the use tioé
manifold maps. The manifold maps represent therenwient
in a higher-dimensional space as multiple overlagpayers.
Besides the different environment representatian ahthors
use the robot meetings to make a data correspoageoblem
easier.

meet during the mapping process. Although the astlise
Kalman Filter primarily for localization, they notidat the

likelihoodalgorithm can be easily adapted to map merging.

Ko et al. [7] use particle filters, an alternatitee Kalman
Filter, for the relative localization of robots. & nitial starting
positions of the robots are completely unknown ianakder to
verify that the two maps overlap an active locatrerification
has to be performed. To verify the relative logagithe robots
agree on a rendezvous point. If they fail to metbg
hypothesis about relative locations is discarded e map

Mapping methods described above use the maximumerging is not performed.

likelihood estimation for mapping. Another possibiation is
to use the Kalman Filter. There are several rebeascthat
have based their mapping algorithm on this techaifgi,
[20], [21]. Although the main idea is similar, sowiéerences
exist between these approaches. Fenwick et a2Ohgssume
that distinctive environment features can be extchdrom
raw sensor data. These features are then useddbzk the
robot and improve feature estimates, which are tgodasing
an Extended Kalman Filter. Madhavan et al. [9] ttineir
main attention to the distributed localization desh. The
approach by Rodriguez-Losada et al. described 1 ¢2als
with robots who independently construct their loceps and
only fuses the local map with global map from titoetime.
Both the local map and the global map constructians
implemented with the Kalman Filter. The restriction the
known relative positions of the robots, howevestib there.

Another approach to the mapping is attempted byc&redi
et al. [22]. They use a set membership localizatiod map
building to construct the map of the environmerikeLmost
approaches described above, the local maps ofothats are
merged at the beginning of the mapping with thevkadge
of relative starting positions. Each robot then ated the
global map as the mapping proceeds.

B. Map Merging when Robots Identify Their Relativetieos

During the Mapping

An alternative to giving the robots their relatipesitions at
the start of the mapping is to use a rendezvoasesfy. In this
case, the robots create their maps independentiy ame
robot meets another. From this point the approathésrther

The particle filter concept for the multi-robot npapg is
also utilized by Howard [23]. He assumes that tbbots
encounter each other at some time during the exjbor and
are able to correctly determine their relative fioss. When
the meeting occurs, the robots further contributeirt
observations to a common global map in one referdraone
and the subsequent meetings of these two robotigaoeed.
The interesting part of the algorithm is that thieeady
collected environment observations are added togtbbal

map in a backwards manner. Thus, the map merging

procedure is not really performed. Instead it appéaat for a
while two ‘virtual’ robots are contributing to theapping
process.

Bergasa et al. [24] use the particle filters togetwith the
scan matching to achieve the generation of a highburate
local maps of the individual robots. When two rabateet,
the map merging process is performed; howevers iwdry
simplified. The authors of this approach note thatry
accurate relative position detection is required tfee maps
from two robots to be merged correctly. Even a vemall
orientation error causes the construction of arcdoneate
global map.

C. Map Merging when the Relative Positions of the Robie
Unknown

All the multi-robot mapping approaches describedvab
require that the relative positions of the robats known at
the start or the positions are acquired during rifepping.
Without the positional information these approachasnot

merge the maps. The task of fusing maps without any

mapping differs. While in some approaches the mbopositional information is a harder case of the mmpging that

continue to create maps independently, in othérthalrobots
contribute to one global map cooperatively.

A very simplified map merging approach with rendszy
is discussed in [12] by Roy and Dudek. Once the rtamts
meet, their produced local maps are merged manu@ify
course, this is not a suitable solution if robote &€ be
completely autonomous.

A more sophisticated mapping approach is used
Roumeliotis and Bekey [10], who use a Kalman Filter
mapping. Their Kalman Filter approach differs frahrose
mentioned earlier. While approaches described pusly
assume either that robots create the global mapltsineously
or that the initial positions of the robots are ¥wmg this
approach assumes neither. Each robot construatsvitsmap

requires different solutions. Most of the map meggnethods
of this type use the transformations’ approach.yTia¢ate and
translate one of the maps against the other to tfedbest
possible match.

The complexity of the map merging when the relative
positions of the robots are unknown can differ tyea
depending on the type of the maps. The maps tleatrest
lmften used for mapping are metric maps and topcidgnaps.
The metric maps describe the geometric propertfesh®
environment and are usually represented as occypgnds,
i.e., metric arrays where the value in each cqltesents the
probability of the responding location being frgmee or a
part of the obstacle [16]. The alternative is togidal maps
that represent the environment as a graph wherdce®r
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represent the features (i.e. junctions) of the remvihent and
edges represent paths between these features [13].

In practice, the merging of topological maps hasved to
be easier than the merging of metric maps. Sevesaharchers
have addressed this problem and offered reasosahiéons
[13], [25].

Dedeogle and Sukhatme [25] are one of the firgaehers
to address the problem of topological map mergifigey
developed the algorithm that matches the pairsedfices to
find the best possible transformation of the mafise best
transformation is one with the highest nhumber ofrapping
vertices. Only the vertices of similar type are pamed, thus
the transformation space is significantly reduced.

The topological map merging approach presenteduand

is presumed that the best transformation is the witie the
largest sum of the common segment lengths.

Lakaemper et al. [27] concentrates on the probldm o
merging a different type of segment maps. In tlasecthe
maps are acquired by simplifying the raw sensoa dab few
polylines. The map merging algorithm then extrgusts of
the map and searches corresponding polylines inother
map. When similar structures with significant shape
information are found, the two maps are aligned.e Th
hypothesis is then confirmed or rejected by chegkihe
alignment of other polylines in the maps.

A map merging solution for a very specific typettodé maps
is presented by Williams et al. [28] The environinehjects
are represented as point features. The pointsraagetl as

and Beevers [13] combines subgraph matching andyémagraphs and the correspondence between the mafisuack by

registration to find the potential transformatiasfsthe maps.
There is one more notable difference from the aggro
described before, i.e., the transformations arepcted by
using clusters of multiple vertices. Thus,

searching the common subgraphs. Though in some ways
similar, the point feature maps, however, are opblogical
maps as no navigational information is incorpordtetiveen

fewethe separate points. This kind of approach is cuiiginal for

transformations are verified and consequently thestb metric maps; however, its areas of application quite

transformation is acquired faster. This approacim dee
effectively used for rendezvous mapping, for théhars also
provide a mechanism for the later verification bk tmap
merging results [13].

It must be noted that both of the mentioned topickdgnap
merging methods use topological maps augmentedmétinic
information. Without such information the topologiicmap
merging problem would become a mere search fortiichin
subgraphs. The subgraphs can be found quite easilyever,
the acquired result is much less reliable. Theegfoall
considerable multi-robot topological mapping apphes use
the metric information.

limited.

Another interesting approach is devised by Ho aed/idan
[15]. In addition to the geometric information thebots also
collect information about the visual appearance tbé
environment. The images are collected and relatedhé
according parts of the metric maps. When it is asagy/ to
merge the local maps of two robots, the imagesanepared.
To avoid false matches, the metric informationaken into
account. However, it is not practical to use thispnmerging
approach if the visual information of the environmhés not
distinctive.

All the map merging methods described above useesom

The metric map merging is a harder problem than thend of structural or feature information to meripe maps if

topological map merging as one has to rely on tlegrim
information alone and no graph matching techniotees be
used. To make the problem easier many researchenmnetric
maps that are augmented with some additional irddmm.

One such example is Konolige et al. [8] who supgets
an occupancy grid map with features to achieveteetbeap
merging result. The use of features allows to Sicpmtly
reduce the transformation space, thus the resudicigiired
faster. One serious problem of this map merginghoukt
however, is the identification of the featureshe bccupancy
grid map.

Adluru et al. [26] use similar feature maps for nmagrging.
However, the map merging method itself is quitdedént. It
addresses the problem as if the partial maps wensos
readings of a ‘virtual robot’. The algorithm theses a particle
filter to merge all the maps into one global mape Teatures
are used for the search of correspondences betloaah
maps.

A different approach is offered by Amigoni and Gaspi
[14]. They use a specific type of maps, i.e., sagnmaps

the relative positions of the robots are unknowot Khany
researchers have addressed this problem when eoinejric
information is available. In fact, the only resdsans to
propose reasonable map merging solutions without
simplifying or supplementing the occupancy grid sage
Carpin and Birk [16], [29].

Their map merging method presented in [29] rotated
translates the partial occupancy grid maps to fimel best
transformation. The best transformation is deteeahirby
using image similarity metric. To reduce the tineguired to
merge the maps a stochastic random walk algorithmsed
for the search of the transformation space. In th& map
merging approach is complemented by the acceptamtac
which determines the reliability of the map mergirgsult.
However, there is one serious drawback to this aukts the
used stochastic algorithm is guaranteed to find aphgmal
solution only if the number of iterations tend mdinite. Thus,
it does not guarantee the best transformation véhéimited
number of iterations are executed.

Aware of this problem, Carpin [30] proposes another

acquired with 2D laser range sensors. The segmeag nsolution to the occupancy grid merging. The newraaph

consists of multiple segments and it is possibledtrulate
angles between consecutive segments. This propertyen
used as a heuristic for the search of the bestfsemation. It
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uses Hough transform, a methodology used to detect
geometric curves, to find the best transformatiombis
approach yields good results as it is fast, det@stic and
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capable of returning multiple hypothetic transfotioas. The

main drawback of the algorithm is that it relieatidy on the

existence of geometric curves in both maps. If sugives do
not exist, it is problematic for the algorithm mtate the maps
correctly.

IV. THE CHARACTERISTICS OF THEMAP MERGINGMETHODS

The metric maps describe the geometric propertietheo
environment and are usually represented as occypgniats
[16]. The topological maps represent the envirortrrees a
graph where vertices represent the features oftlkonment
and edges represent paths between these featB8psT[e
line between the metric and topological maps, h@rekias
become quite fuzzy as often topological maps agraumted

By analyzing the existing map merging approaches afvith metric information or metric maps supplementeith

their applications, several characteristics, esserior the

features.

choice of one particular map merging approach, were Nowadays, primarily three map types are used fer th

identified:

The reference frames;

The type of the maps;

The map merging decision;

The structure of the environment;

The enabler of the map merging;

The duration of the map merging.
The relative positions of the robots and the typthe maps
are popular characteristics used for the classifinaof the
map merging methods while the rest are consideresidften.
It must be noted that there are other charactesishiat could
be regarded in the context of the map merging,diféerent
scale of the maps. However, these other charatitsriare
seldom taken into account as the map merging pmoidehard
enough as it is. Also different mapping techniqaes not
considered, for their influence mainly shows asrietfons for
the characteristics listed above.

A. The Reference Frames
Essentially the map merging is the fusion of sevkreal

mapping and map merging:

e Metric maps [2], [4], [5];

e Metric maps with features [15], [28];
e Topological maps [13], [25].

This classification assumes that all the topoldgicaps are
augmented with some kind of metric information, &brictly
topological maps aren’t used anymore. Another apsiom is
that the features incorporated into metric maps &&n
different. For example, occupancy grid map supplaet:
with images is also considered to be a feature map.

It must be noted that some map merging approacleegem
the maps without modifying them [16] while otheipapaches
modify the maps and then merges the resulting f&p3his
is often the case with the metric maps when featwe
extracted from the metric information. In the cléisation,
however, only the unmodified maps should be comsitl@s
they are the original data source for the map mergiethod.

C. The Map Merging Decision
For the map merging result to be reliable, it mhestcertain

robot-made maps into one global map [7]. All the Iomathat the maps have some common part [8]. The adecidout

merging methods can be classified in three sepayateps

depending on the moment when the relative referéaecees

of the local maps are acquired and the maps argeder

e The relative starting positions of the robots amewn and
all the robots start the mapping in the commonresfee
frame [2], [4], [5]-

e The initial relative starting positions of the rdboare
unknown. However, it is assumed that robots mesteso

time during the exploration to acquire the relative

positions and determine the relative reference dsaiof
their local maps [7], [10], [12]. The strategy wheabots

the map merging is dependent of the knowledge abwait

relative reference frames of the maps:

e If the relative reference frames are known inigiatir
acquired during rendezvous, the decision is easyake,
as it is possible to safely determine if the lomalps have
common parts or not.

¢ If the relative reference frames are never detegthiit is

impossible to make a reliable decision without mdé

information about the existence of overlaps. Irs ttiase
an unverified decision is made in order to merge th
maps.

need to meet to merge the local maps is called Sometimes the robots communicate during the mapming

rendezvous.
e The initial relative reference frames of the lon®ps are
unknown and the robots do not determine their ix&at

positions during the exploration [8], [13], [14].

Consequently the relative reference frames canmot
determined by using relative positions of the rsband
other approaches have to be used.

B. The Type of the Maps

It is evident in the map merging overview that thaps
used for the mapping are very different. In the@98nd early
1990s the dominant map types were metric and tojeab
maps [1].

are not able to determine their relative positidnssuch case
it is possible to find the best map merging hypsihevithout
any knowledge about the existence of the overlap then
verify the correctness of this hypothesis by furtireploration.
g he original maps should be preserved in case ypethesis
is disproved.
It can be concluded that one of three types of mepging
decisions can be made by map merging method:
e Verified decision — it is known for sure that theaps
overlap;
e Unverified decision — it is not known if the mapgedap;
e Verifiable decision — it is not known if the mapgetap
but it is possible to verify it later.

117



Scientific Journal of Riga Technical University
Computer Science. Applied Computer Systems
2010

Volume 43
D. The Structure of the Environment where different methods were implemented and qtaiviely

The environment can be either structured or unstred. tested, would be required.
The mapp|ng Of the unstructured environments |3'Qb|pm An attractive alternative to the quantitative ewdion is a
that has received less attention than mappingetiuctured qualitative evaluation. The qualitative evaluatmssesses the
environments [1]. Following this tendency, mosttioé map time required for the map merging qualitativelye. i.it
merging methods are intended for structured indo&stimates the possibility of using the particulaapmmerging
environments and relatively few approaches are hiapaf Method in real-time mapping. Of course, it is neaes to
dealing with unstructured environments. determine the threshold that cannot be exceeddeifmap
The applicability of the map merging method forfetient Merging approach is to be considered an onlinecawpr. It
environments is often related to the type of thepsnarhe Might be, for example, one second.
topological maps are intended for the mapping o th By using qualitative evaluation it is sometimes gibke to
structured environments. It is therefore not pdesio use determine if the map merging method is applicableeal-
topologica| map merging methods When the environn‘i@n time domains even if no quantitative eVaIUatiOgiEn. This
unstructured. If metric maps with features are ufmdthe Might be the case if the method is implemented tested
mapping, the situation is quite similar to the tmggcal With actual robot teams.
mapping as there are usually no distinctive feature the
unstructured environments. When strictly metric sape V.THE RELATIONS OF THEMAP MERGING CHARACTERISTICS
generated during the mapping, the applicabilitytief map The identified characteristics of the map mergingthnods
merging methods for different structures of theiemment were analyzed and their possible values were deteth(see
can be divided into two groups: Table 1). The acquisition of the possible values oa found
e |If the maps are not modified for the map mergingn the Section IV.
purposes then it is possible to apply the map mgrgi When the characteristics and their possible valvese
method for unstructured environments. identified, they were analysed in order to acquire
e If the maps are modified for the map merging puesos interrelations. It turned out that the characterittat affects
then it is usually not possible to apply the mapgimgy other characteristics the most is the referencemdra
method for unstructured environments. characteristic. Depending on the value of the exfee frame
characteristic, the values of other three charsties — the
) . L map merging decision, the enabler of the map mgrgamd
_ Besides the decision about the map merging irofiathere oy ,ration of the map merging — are restrictee (Eable 2).
is one more decision that has to be made duringmbp o oyample, if the relative reference frames efltical maps
merging process. It is the decision about the aaynhaps will are known or acquired during the mapping then thep m
be mutually aligned. There are two main approades .o 4ing decision is always verified. On the othandy if the
enable this kind of decision: relative reference frames of the local maps aredatgrmined,
* The relative positions of the robots; then the map merging decision is never verifiegtdad, it is
* Heuristics. . either unverified or verifiable. This value depenols the
If th_e relatlv_e positions _of the_ robots_ are I_<n0wn Oparticular map merging method.
determined during the mapping, it is possible tquire the | o e seen in Table 2 that the characterisfithe map
relative referer_lce _frames_ of the local maps [2]],_, |[5,] Thus, type and the environment structure do not depencthen
the map merging is relatively easy. However, ines always  oterence frame characteristic. Yet both these aheristics
poss_|ble to determine the relative positions. Inh_suase _the are interdependent. The possible values that thizosment
relative reference frames of the local maps areliee) With  ,0yre characteristic can assume are dependéhe anap
the help of some heuristic [8], [13], [14]. Somedezvous e characteristic value (see Table 3). The togiotd maps
map merging approaches use both map merging endblea and feature maps can only be used for the mappinteo
more accurate result [7]. structured environments. On the other hand, metaps can
F. The Duration of the Map Merging also be used for the mapping of the unstructured
A significant characteristic of the map merging hoats is  €nvironments. However, some of the metric map mergi
the time required for the map merging. It is, hoerewery aPProaches depend on the existence of the feat-u.reI?:e.
hard to quantitatively compare the time necessarylifferent €nvironment and cannot be used if this condition'tis
map merging methods. Many researchers have paide mdyifilled. n . » ,
attention to other characteristics of the map nmergnethods. ~ BY combining all the identified relations betweehe t
Therefore quantitative evaluation of the map meygipeed is chara_lcterlsucs, the interrelations qf all the alaeen_stlcs were
often not available. Even if the quantitative datathe map acduired (see Table 4). The relations of the togiold maps
merging speed is available, it is not a trivial teato compare and feature maps with the structure of environmare
different map merging methods as different sizestgpes of identical. Therefore, both these values of the nippe
maps may be used. To compare the map merging time characteristic are united in the global charadieris

different map merging methods a comprehensive resea interrelation table. It must be noted that somati@hs, which
depend on both the reference frames and the map tye

E. The Enabler of the Map Merging
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clarified in the global table. If the relative redace frames are VI. CONCLUSIONS
unknown or are acquired during the rendezvous, and|, this paper different map merging approaches were
topological/feature maps are used then the durafidhe map  gyrveyed and the state of the art in the field aprmerging
merging is online. was described.

Besides the interrelations of the characteristies Table 4 Multiple map merging characteristics were idendfiuring
also shows the characteristics of the particulap m2rging  the survey and the interrelations of these chariatites were

approaches. acquired. The characteristics that could be used tifie
TABLE 1 classification of the map merging methods includthe
THE POSSIBLEVALUES OF THEMAP MERGING CHARACTERISTICS reference frames, the type of the maps, the mapminger
e charcterietc Possible values of the decision, t_he structure of thg environment, thebmjaof the
characteristic map merging, and the duration of the map mergimgnes of
The reference frames Known; Rendezvous; Unknopn  theSe characteristics, i.e. reference frames, rypp, tmap
The type of the maps Metric; Topological; Feature merg!qg .deC|S|0n, have beer.] used previously for the
: — — — — classification of the map merging approaches, vdwerdhe
The map merging decision Verified; Unverified; Mible other characteristics haven't been taken into aucou
The structure of the environment Str:gtcrtucfg:gg"ucwed and All the characteristics and their interrelations reve
: : - — summarized in one table and the table was suppleaderith
The enabler of the map merging Relative positibtesjristics the corresponding map merging methods for eachoset
The duration of the map merging Online; Offline characteristics.
A remarkable relationship is observable between the
TABLE 2 reference frame characteristic and the correspgnairap
THE RELATIONS OF THEREFERENCEFRAME CHARACTERISTIC merging approaches. While the metric maps are mfien
WITH OTHER CHARACTERISTICS used for the map merging when the relative referdrames
The reference | The map The enablerof | 1 are known or determined during the mapping, theltogcal
frames merging the map duration and feature maps dominate the area of the map ngevgien
decision merging .
— = . the relative reference frames of the maps are umkno
Known Verified Positions Online Even if metric maps are used they are often augedenith
Rendezvous | Verified Egﬁirtiigt?cszndlor 8;:;2:0r features before the actual merging. Thus, the feaxtraction
is currently the dominant paradigm in the metrigpmaerging
Unknown \L;gxﬁggfedor Heuristics 8#:;2?” when the relative positi.ons qf the robots are umkmo _
The work started in this paper can be continued by
TABLE 3 analyzing other characteristics that are currentipstly

ignored in the field of map merging, i.e. the maggiof
heterogeneous maps, or the merging of differentslesl
maps. The “perfect” map merging approach could éfindd

THE RELATION OF THEMAP TYPE CHARACTERISTIC
WITH THE ENVIRONMENT STRUCTURE CHARACTERISTIC

The type of the maps The structure of the environne and compared with the existing map merging appresch
Metric Structured and Unstructured Thus, the main drawbacks of the existing map mergin
Topological Structured approaches could be easier detected and dealt with.
Feature Structured
TABLE 4
THE RELATIONS OF THEMAP MERGING CHARACTERISTICS
The' relatlve The type of the | The map The enabler of the Time required for The structure of The map
positions of the maps merging decision | map mergin the map mergin the environment merging
robots P ging P ging P ging approaches
. o ) - B Structured and [2], [41,[5], [9],
Metric Verified Relative positions Online Unstructured [17], [19]
Known Tonolomical
opological or - . -, . _
Feature Verified Relative positions Online Structured [170] - [22]
. o Relative positions ) . Structured and [71, [10], [12],
Metric Verified and/or Heuristics Online or Offline Unstructured [23], [24]
Rendezvous - - —
Topological or Verified Relative positions Online Structured [13]
Feature and/or Heuristics
. Unverified or e B . Structured and [8], [16], [26],
Metric Verifiable Heuristics Online or Offline Unstructured [29], [30]
Unknown Tonoloaical U fied [13] - [25], [25]
opological or nverified or - . - , ,
Feature Verifiable Heuristics Online Structured [27], 28]
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Autonomu mobilo robotu izstde ir popudrs gEtijumu lauks raksligag inteleké jau vaiiik neka divdesmit gadus. @isks priekSnosagims autonomu robotu
izstrade ir speja sasidit aplartejas vides karti. Tor@r robotu karSu sa&fiSara rodas vaiikas probdmas, kuras & arvien navidz galam atrisiitas. Robotu
komandu pielietoSana karSu sas$ara atrisina dazas naré probEmam, bet & gadjuma rodas arvairakas jaunas probinas, kas ir specifiskas tieSi vakn
robotu karSu sa@tiSanai. Viena no pro&inam robotu komandu karSu sadiSara ir robotu sadito lokalo karSu apvienoSana vigkopiga globala kart.
Robotu komandu pielietoSana telpasttzpun karSu saatiiSara ir sangra jauna ptijumu joma un akotngji vairaku robotu karSu sa&fiSanas metodes bija viena
robota karSu safiSanas metozu papladjums. Lidz ar to arkarSu apvienoSanas proivla tika vienkrSota. KarSu apvienoSana&ijumi ir atistjusies saréra
nesen, @péc esods publilacijas par karSu apvienoSanu apraksta tikai spkesikarSu apvienoSanas metodes, un neekéspusgi apskati par vispgjo
stavokli karSu apvienoSanas jamTapec g raksta narkis ir aprakst esoSo siticiju karSu apvienoSanas jamn identifi&t galveras karSu apvienoSanas metozu
raksturiezmes. Kad ir identifigtas raksturieimes, ir iespjams noteikt to savsta#fas sakaibas un noteikt katrai raksturiezju grupai atbilstags karsu

apvienoSanas metodes.

Win3e AnepcoHe. XapakTepHble 0COOEHHOCTH MeTO/10B 00beJHHEHHUsI KapT: 0030p

Pa3pa60TKa ABTOHOMHBIX MOOMJIBHBIX p060TOB — 9TO NOIYyJsipHas obJsacth HCCIICA0BaHUA B UCKYCCTBECHHOM HMHTCIUIEKTC YXKE Oosnee aBaauaTH Jer. BaxHou
HpCZ[HOCLIHKOfI JJId CO3JaHusA aBTOHOMHOI'O p060Ta SIBJIICTCS CITIOCOOHOCTH CO3JaHusl KapThl Opr)KaIOIHCﬁ Cpeasbl. OI[HB.KO, B 00JIaCTH COCTaBJICHHS KapT
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poboTaMH [0 CHX IOP HMEIOTCS HEKOTOpble HEOKOHYATENbHO pemIéHHBIe HMpoOmeMsl. Vcmomp3oBaHHe Ipymnmbl poOOTOB A COCTABICHHSA KapT pelaeT
HEKOTOPBIE M3 3THX NPOOJIEM, HO B 3TOM ClIydac BO3HHKAIOT HOBBIC IPOOJIEMBI, Creli(HYHbIE JUIs COCTABICHUS KapT HECKOJIbKMMHU poboTamu. OnHa U3 TaKUX
mpobaeM — 3T0 00beTHHEHHE BCEX JIOKAIBHBIX KapT, CO3JaHHBIX IPYIIIOH poOOTOB, B OHY INI00AIbHYIO KapTy. [IpuMenenue rpynn poOOTOB B HCCIEIOBAaHUH
MIPOCTPAHCTBA U COCTABICHUH KapT SBISIETCS OTHOCHTEIEHO HOBOW OTpAcibl0 HCCIEAO0BAHUI; BHAYAIE METObI COCTABICHUS KapT MHOTHMH POOOTaMHU IIPOCTO
OBUIM pacIIMPEHHEM METOJIOB COCTABJICHHS KapT OJHUM poboToM. B cBs3M ¢ 3TMM mpobiema oObeMHEHUs KapT Oblia yrpouieHa. MccnenoBanus B obnacti
OOBCAMHEHMS KapT Hayald Pa3BUBATBCS OTHOCHTEIBHO HEIABHO, M IIO3TOMY HMEIOIIMECS ITyONMKaumu 00 OOBEJMHEHHH KapT OIHCBHIBAIOT TOJIBKO
crenuUIHbIe METOABI OOBEAUHEHHS KapT, U He CYIIECTBYeT Pa3HOCTOPOHHUX 0030pOB 00 00IIeM COCTOSHUH B OTpacin oObequHeHus kapT. [looToMy mensio
JIAHHOH CTaThM SIBISACTCS OIMKCATh CYIIECTBYIOIIYIO CHTYAIMIO B 001acTH OOBEIMHEHHS KapT M BBIACIHUTH IVIAaBHBIC XapaKTEpPHbIE OCOOCHHOCTH METOJOB
obbenuHenHs KapT. Ilocne ompeneneHus XapakTepHBIX OCOOEHHOCTEH CTaHOBUTCSI BO3MOXKHBIM OINPENEIUTh UX B3aUMOCBSI3M, a TaKkKe JJIA Ka)KAOH TPyMIIbl

TaKWX B3aUMOCBSI3EH OnpeAcInuTb COOTBETCTBYIOIINE METOABL 06’beHI/IHeHI/UI KaprT.
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