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Abstract. We present an approach to mobile robot guidance. Thesystem is well-suited to cope with uncertainty as robust qualitative
proposed architecture grants an abstract interface to robot navigardering information gets used.

tion allowing to bridge from perception to high level control. The

approach is based upon a comprehensive map representing metric,

configurational, and topological knowledge. Robot instruction and® Related Work

localization is dealt with by communicating and reasoning abou

cyclic ordering information of shape-features. tMany robot architectures have been proposed that address the con-

struction of a versatile mobile robot. Hereby, the robot’s spatial rep-
o resentation is the key point. Mapping and localization issues have
1 Motivation been covered by various authors (see [20] for an overview). It is gen-

Service robots are a growing field of interest and are higly relevanterally agreed upon that a helpful robot map is not a single-layered

. . fepresentation rovi ifferent modaliti f metric in-
not only for the research community but also for companies that tr epresentation, but provides different modalities of access, metric

to take a share in an emerging market. Within near future, office co formation and topological knowledge play key roles here [11, 18].

. . . Mo respect uncertainty, successful robot architectures typically rely
plexes populated with various heterogenous service robots are a VeL%on a stochastic modeling as a method of localization within a set
probable scenario resulting in a range of different problems, for ex- .

of possible states [19].

ample coordination among the robots and interaction with human . . . .
The goal of all approaches mentioned is to gain complete metric

USErs. knowledge of the environment the robot is located in. With increasing

A key point to instructing robots is to communicate spatial in-_. : o
: - - . size of environments, the problem gets more difficult as compute-
formation, for example when commanding a robot to visit a certain. . . . L .
- - . time increases and mix-ups in the localization occur. But not all this
place. To provide sufficient control over the various robots, a com- : ) . .
) ; S ; information may need to be acquired for the construction of a service
patible method of instruction is required for all of them. As a con-

. : L robot. For example, a robot that is designed to collect garbage in a
sequence, the spatial representations of the individual robots woul cal surrounding like a single room needs a (spatial) representation
need to be compatible with each other. In the presence of diﬁerer}ﬁ

) . o at allows for a search strategy, but does not need to know where the
robot systems from various vendors, equipped with different sensors . . . ) ) .
o L : .~ foom it cleans is located in a larger office complex. Local information
this is a non-trivial task. Moreover, the chosen method of instruction L o :
. . o _Is sufficient in guiding a robot from one usage site to another. Thus,
needs to mediate between the technical abilities of a robot and its

. . . L with global guidance individual internal representations can be kept
often data-driven spatial representation and features desired in a usgr . P, . .
. . o . ata manageable size. Additionally, it allows to concentrate on a given
interaction that are based on more abstract spatial information.

. . task, i.e. to only use knowledge needed for the task at hand.
To consolidate these different demands we propose a central robo . . . )
. s . : . . Multi-robot scenarios have been investigated and approaches to
guidance system. A qualitative language, i.e. relational information

is applied for communication with the robots. Allowing for an easy distributed robot systems have been proposed [S, 4]. However, these

L N . approaches rely upon a shared spatial representation that is commu-
formalization, qualitative information offers a good means for a spec-: s .
I . o " _nicated among the individual robots. Therefore, a compatibility on
ification of such a system, which also respects individual robots’ ca;

abilities. In particular, a system based on qualitative information canhe lower levels of the internal spatial representation is necessary,
P -np 1asy q which makes it difficult to combine different robot architectures. To

serve as an interface to a human user. Furthermore, with robot guid: , _. . T
L . . - . S btain an open interface, a more abstract communication is advan-
ance itis possible to restrict the spatial representation of an individu S L :
ageous. Similar to the localization based on regions of same con-

ir:t;]c:)t tr?etgs ?:?SSrzf;;?fgﬁg'fézgsIl(e’t“eksvglﬁ(?:'ngf\;:gﬁ:ﬁ% \-:-v?tﬁirﬁiguration as presented within this approach, Schlieder [17] presents
. P . mp g € a qualitative approach to ordering of point-like landmarks; all land-
each single robot. Especially within dynamic environments the Manarks are assumed visible. Another qualitative approach based on
agement, i.e. construction and maintenance, of a spatial representa- ' . . o -
Bl - extended—but more abstract—uniquely identifiable features is pre-
tion 'S a_dlff_lc_ult task that has not been §olved thoroughly yet [ZO]'Sented by Barkowsky et al. [2]. In contrast to these approaches we use
Freeing individual service robots from this burden, our proposed arc_omplex extended features and only demand some features’ visibil-
chitecture is a slender one. ’

: : . ity. Mor r, our shape-features n n niquely identifiable.
The robot guidance outlined here does not rely upon a precise ! oreover, our shape-features need not be uniquely identifiable

. ) - hape processing similar to the features employed in our approach
even correct map of the environment. Typically, environments are oo . )
. - . as been proven feasible in the context of robot mapping [14]. Bi-
subject to steady changes. Therefore, handling of unreliable, or ever i N T .
conflicting knowledge is of high importance. The proposed uidancoOglcally inspired approaches similar to ours exist (€.g., [6]), too.
9 9 9 P ’ prop 9 Such view-based approaches typically employ a direct matching of
1 Universitit Bremen, Germany email{dwolter,richte} @sfbtr8.uni-  Sensor information perceived at certain view-points. Therefore, these
bremen.de approaches do not allow to mediate between different sensors.




Schematic maps are well-suited for communication [7]. As anygrouped to polylines. A simple heuristic may be used to implement
service robot needs some kind of internal map, communication byhis grouping: Whenever consecutive points are too far apart (a 20cm
means of pictorial information seems promising [8]. We apply a mapthreshold has been used in our experiments), an object transition
like spatial representation in our system to allow for this kind of in-is assumed. Range finder information can be ordered in a counter-
teraction. clockwise manner. We will denote the counter-clockwise ordering of
objectsP before@ asP < @, meaning that) directly follows after
. P. Proceeding this way, we obtain an ordered list of polylines from a
3 Robot Guidance System (RGS) range finder scan. Figure 1 illustrates this. These polylines still rep-
We propose a single central guidance system that manages sevef@gent all the information read form the range finder. However, this
service robots that can be—to some degree—heterogenous. This rolseta contains some noise and is much more precise than actually re-
guidance system (RGS) is built on the basis of a map of the workingluired by the proposed system. Therefore, a generalization is applied
environment. The spatial representation derived from this map cathat cancels noise as well as makes the data compact without loosing
be used for interaction with the robots (see section 6) and is suitablealuable shape information.
for the different tasks of the given robots as it allows for access in

different aspects. With aspects we refer to different kinds of (spa- |
tial) information that is representable in a map. Depending on the / - [
task, it is possible to focus on certain aspects while ignoring others - .
(cf. [3, 10]). The aspects represented include metric, configurational /, ™ /
and topological information. Accordingly, we term this representa- C 57

tion multi-aspect mapits details are presented in section 5. Central A | N~ _

to the multi-aspect map is the handling of polygonal shape-features

extracted from range information. We cover issues related to them in(a) (b) ©

the next section. Figure 1. The process of extracting polygonal features from a scan consists
The configurational knowledge used in our approach is ordering of tt"VO St%pfr:] First, F’00||y90’t1al 'tiﬂes are(;et gp ffo’t" raw 59%””e_lr_gat|? @@

: : : : f : : . : . meter gria, the Cross aenotes tne coordinate systemss origin). e lines are

mformatlon‘_ which is a q‘%"""ta_“"? spatial r_epr_esentatlon_' Qua“t"’m\leﬁplit, wﬁerever two adjacent vertices are too faryapart (20 gm; The resulting

representations summarize similar quantitative states into one qual- gg; of polygonal lines (b) is then simplified by means of discrete curve

itative characterization. From a practical viewpoint, a possibly infi-evolution with a threshold of 2. The resulting set of polygonal lines consists

nite number of states is represented by means of equivalence classesf less data though still capturing the most significant shape information.

Therefore, this kind of representation is well suited to handle uncer-

tainty.

4 Shape-Features 4.2 Discrete Curve Evolution (DCE)

The spatial representation applied in the proposed architecture i-Ehe generalization process used for noise cancelation in our ap-

based upon polygonal shape-features that represent boundaries%PaCh is called discrete curve evolution (DCE). It has been devel-

passable space. Using polygonal shape-features allows us to achie%ed by Latecki & Lakmper [13, 14]. This process may be con-

the advantages in feature-based localization while avoiding its shor?!dered as an schematization (see 5.2). It describes a context sensi-

comings: A feature-based representation is a compact one. Percé‘ﬁfSa process of simplifying a discrete curve by delet!on gf vertices

tual information gets interpreted and abstracted to form a featur ind aIIow; t(,) reduce the influence of noise and to smphfy a shape

Moreover, features offer an object-based access to the informatio removmglrrelevantshape feature_s. DCE proceeds in a str.alght-

stored. Object-based access to a system’s spatial representation i Oéward manner. From agwen polyllne,_ the leasievantvertex is .

fundamental prerequisite for interaction and communication. removed. This process is repeated until the Ieast_ relevant ve'rtex is
The drawback of any feature-based approach is the necessity to faore relevant thar_1 agven threshold. To .determlne a verte_x rele-

liably recognize features from perceptual data. The higher the nuny21ce, @ measure 1s defined for a verteand its left and right neigh-

ber of features present in an environment, the more susceptible tiﬁaor“ anduw:

recognition process is to any mix-up. Furthermore, if features are K (u,v,w) = |d(u,v) + d(v, w) — d(u, w)|

sparse (or even not present at all) correct localization is most likely

to fail. Therefore, it is necessary to choose features that are distingmhered denotes the Euclidean distance. For vertices that do not have

tive and can be observed from any position within the environmentwo neighbors no relevance measure is defined. Consequently, end-

Shape information provides an excellent choice, as shape offers goints remain fixed. An exemplary result is depicted in figure 1.

great variety. Moreover, a direct link to pictorial information as rep- DCE may be implemented efficiently. As vertices can be repre-

resented by aspect maps is established (see Section 5). sented within a double-linked polyline structure and a self-balancing
Within a typical indoor scenario, a robot will be able to perceive tree (reflecting the order of relevance measures) simultaneously, the

sufficient information for reliable operation. Processing of polygonaloverall complexity isO(n log n). Since we apply DCE to segmented

shape features, which we caiblylines is necessary in perception polylines, the number of a polyline’s vertices is much smaller than

and localization. the number of points read from the sensor.

4.1 Processing Shape-Features 4.3 Similarity of Polylines

Let us assume that range information (typically acquired by a laseA crucial method for localizing a robot is matching the robot’s sen-
range finder) is mapped to the Euclidean plane. Reflection points aor readings against a map. As the spatial representation used here



relies upon shape features, detecting correspondences between palg-must also consider that (a) the cyclic orderingnust not be vi-
lines perceived and ones stored in the map is the solution at handlated and (b) not all features present in one view need to have a
The matching process relies on a similarity measure for polylines. Te@ounterpart in the other. Whereas the latter may be viewed as a soft
each pair of possibly corresponding polylines a measure of matchingonstraint, configurational knowledge is reliable and thus poses hard
plausibility is assigned. constraints upon the recognition process. By introducing a peRalty

However, the proposed architecture does not rely exclusively offor leaving a feature unmatched, we can formulate the computation
the correspondence of features, instead it is used alongside with casf-views’ similarity by means of dynamic programming similar to
figurational knowledge that poses constraints upon the matchingproximate string-matching. Therefore we must linearize the cyclic
Therefore, discussion of the actual matching is delayed to section 4drdering. This can be done by selecting any feature of one view as
and the following description focuses on computing the similarity ofthe first one, and then considering every linearization of the second
two given polylines. view. This yields an overall complexity a@d(n*) wheren denotes

The pair of polylines, whose similarity needs to be computed, is orthe number of features.
the one hand perceived by the mobile robot and on the other hand ex-To be more precise, let us assume that< F> < ... < F, and
tracted from the multi-aspect map. This map is specially designed téy < F» < ... < F, are two linearized views. A matri¥/ of size

be adaptable to any robot’s capabilities. Nevertheless, there may be x m is set up and is initialized by settinty/1,; to Spory (F1, Fl)
remarkable differences between the two polylines (e.g., due to noiskeaving the remains empty. A cell/; ; may be computed when all
perception). Therefore, we need a careful approach to determine sikells M,/ ;- with i’ < 7,5 < j have been computed. The cell's value
ilarity. We utilize a similarity measure of polylines originating from is then given by:

Computer Vision [12]. It can easily be adopted to polylines describ-

ing environmental features [21]. We briefly summarize the computamin { S(F;, ;) + M 1,1, P(F;) + M; j_1, P(F;) + M;_1;}
tion of similarity of polylines as presented in [12, 21].

. The similarity measure is be}sed on a'ma.ltchl'ng of maX|qu left- Ofrhe first term denotes a 1-to-1 matching of featufesand £ ex-
right-arcuated arcs. Any polyline’s partioning into consecutive nNoNtending the matching of previous features stored4n 1 ;_1. The
empty sequences of arcs is called a grouping, if consecutive groupsecond and third term addresses the possibility that a feature is not
overlap in exactly one line segment. This entails that any groupingnatched at all. The penalty measuPeis chosen to scale linearly

covers the whole polyline. with the size of the feature, as it is much more likely to overlook a
Groupings, H are said to correspond (denot6d~ H), ifthere  gmga)| object than a larger one.

exist a bijectionfq, i between the two groupings such that on the

level of maximum arcs only mappings of type 1-to-1, 1-to-many, or

many-to-1 exist. Based on a similarity of aigs.. thatis presented g Multi-Aspect Map
below, the similarity measure for polylines is defined.

In this section we give further details on the spatial representation
we use. As stated earlier, this representation, a map, is multi-aspect.

Similarity of arcs is defined in tangent space, a multi-valued stedtf'sbsu'tabl,e for ndawﬁ;atlor}al t(??fks, can be usgd on d|ffer_le_2.t Ieve:sl
function mapping a curve into the intervl, 2r) by representing of abstraction, and allows for different aspects in access. This multi-

angular directions of line segments only. Furthermore, arc IengthéISpect map is the fundamental representation of our RGS; it is used

are normalized. Denoting the mapping function®Bythe similarity for Iocallzatlzn,hpath-plz?nnlng, f‘nd |nteract|9n W't?] the rObOtSa .
gets defined as follows: We termed the set of spatial representations that get used in our

RGS multi-aspect magsince the different kinds of information cor-
1 9 9 respond to differenaspectf the environment. The environmental
Sares(c,d) = / (Te(s) = Ta(s) + Oc,a)"ds - (1+ (I(c) = 1(d))7) representation can be accessed depending on a given task, for ex-
0 ample topological information for path-planning or metric informa-
wherel(c) denotes the arc length ef The constan®. q is chosento  tion for shape matching, and depending on the given context, i.e. the
minimize the integral (it respects for different orientation of curves)given robot. Our representation is, thus, customized for a specific
and is given byo. 4 = fol T.(s) — Tu(s)ds. In contrast to the orig- ~ situation while still originating from a single source. Use of such a
inal work, absolute instead of relative size is considered, since this igwlti-aspect map is comparable to the approach taken in the project
more adequate in our domain. The correspondence yielding the be&patial Structures in Aspect Maps’ [3, 10]; here, the idea is to extract
similarity is computed using dynamic programming. from a given map-like representation all (spatial) information that is
needed for a given task and, by focusing on the aspects relevant for
the task, providing a cognitively adequate representation.

The basis for the multi-aspect map is a representation of the envi-
On the basis of an individual similarity of polylines we define a simi-ronment; its properties are described in section 5.1. There are three
larity of views cyclic ordered sets of polylines. Whereas similarity of different kinds of information stored in the multi-aspect map: Met-
polylines respects only the spatial context of a single polyline, viewgic information denotes the shape of the environmental features. The
account for a larger context. It is, thus, a much more distinctive measpatial configuration of the features, which corresponds to ordering
sure. Similarity of views will be the fundamental building block in information, is also explicitely stored in the map. Both kinds of infor-
localizing the robot within the central map and also gets used in thenation are needed for robot localization. Topological information is
construction process of the map itself. used for path-planning. It is stored as a graph. All kinds of informa-

The similarity is based on the individual similarities of corre-tion are present and accessible on different abstraction levels; these
sponding features. Thus, the aim is to find a correspondence relatidavels are adapted to the given robots and their respective sensors.
between features that optimizes the summed up similarity. Howevethe way we construct the multi-aspect map is detailed in section 5.2.

Spoly (ga h‘) = g}j% EI€GSL1’I‘CS (xq fG,H(I))

4.4  Similarity of Views



5.1 Properties of the Map

A map of the environment is the basic representation of the RGS.
The map’s structure is polygonal, i.e. its basic elements are polylines.
Such a map can be obtained in different ways. One way is to use an
existing map, i.e. an electronic version of a building’s blueprint. This
requires that all elements of the dataset can be addressed directly, i.€.
it is possible to access objects individually, and that such an existing
dataset is rich enough to contain all the information needed for the
different tasks.

The map can also be obtained by using a robot that explores the en-

=
- =
(} |
v

vironment and builds a map of it. Many approaches to robot mapping (a) (b) (c)
h_ave begn proposed [20, 9]'. Even though they typically rely either on Figure 2. The base map (a), and two different schematization levels:
simple line segments or uninterpreted data, they can be extended to medium (b) and maximum (c)

deal with polygonal lines, or polylines may be extracted from their
output. An example of such map extracted from laser range finder
data is depicted in figure 2. Additionally, as small objects do not provide relevant features they
get removed from the map. Just like the degree of schematization, the
. . size threshold depends on the sensors used by the different robots.
5.2 Constructing a Multi-Aspect Map Figure 2 depicts some schematization levels as an example.

Construction of the multi-aspect map is a three-step process. First, Theoretically, the maximum number of different abstraction levels
rresponds to the number of inner points of all polygonal lines as

we construct the maps designated for the different robots, i.&° X L ;
schematizing the map of the environment to an adequate abstractidf}e Process of discrete curve evolution is stepwise and removes one

level. Next, we determine for each schematized map a graph reflee"ex in each step. Practically, the actual number of different ab-

ing the envionment's topological structure. Based on this graph Wétractlon levels that get stored in the RGS is much smaller_. Schema-
tized maps are only needed on certain levels of abstraction; these

then calculate regions of similar order and, thus, partition the plane. ! - >

levels are determined by the robots’ perceptual abilities. These abil-

ities are taken into account when setting the levels’ DCE thresholds.

5.2.1 Schematizing maps Each marks a level of adequate abstraction. All schematization levels

Roughl i h i7ation d i implificati in-between are deemed qualitatively equal to either of them and are

oughly speaking, map sc ematlzat_lon escribes a simpli 'C_at'onﬁot considered. Thus, although quantitatively the number of possible
or even an elimination—of map objects, respecting essential sp

. . . X ) e 1aps is quite high, the number of maps that really get constructed is
tial relations. Schematizing maps, hence, involves simplification o

. . i A . “rather low due to the qualitative abstraction involved.
shape information. Complex polylines are simplified to obtain sim-

pler ones that still show off the most important shape information
while hiding the details. To simplify shapes, various techniques havé.2.2 Regions of similar order

been proposed. The DCE process as presented in section 4.2 is one ] )
promising approach to shape simplification. It has been successfulfy&xt; we determine a graph embedded in the map that reflects the en

applied to shape simplification in map schematization [1]. Besidedironments topological structure. We consider structure from a more
DCE, other approaches to shape simplification have been propos@dJ,StraCt point of view, as we are only interested in noticeable differ-

t00. For example, the Curvature Scale Space proposed by Mokhat&f1Ces: for example when moving through a door into another room.
ian et al. is based on a simplification process’ history [15, 16]; alhe graph is calculated based on the schematized map and gets used

Gaussian convolution filter is applied to accomplish the simplificafor Path-planning (see 5.3). For example, Voronoi graphs are suitable

tion. Simplification by means of smoothening changes shapes glof2" this purpose [18]. ) o o
ally, whereas simplification by vertex removal like in DCE is com- 1S graph is taken as the basis for determinegjons of similar

posed out of local changes. Since any simplification must be checkegfder: The graph is said to intersect with the boundary of a region

for admissibility, e.g., to prevent violation of topological constraints WNenever traversing its edges yields a high dissimilarity of views

(see below), DCE’s discrete structure is advantageous here. at nearby p(_)smons (see 4.4). Practlcally,_computlng the similarity
Due to the more complex structure of map schematization confO nearby views along the graph’s edges is performed by a subsam-

pared to simplification of a single polyline, the DCE process neeg®ling of similarity values at a given number of locations on.the.edges.

to be adapted, though. On the one hand, not every point of the strug&ch time the value exceeds a given threshold a new region is gener-

ture can be removed, for example points that belong to multiple olit€d. For each region a single, prototypical view is stored in the map,

jects. They must be preserved to retain the fact that multiple object?hich gets used in the localization process.

meet at this point. On the other hand, as the spatial information has

to remai'n correct for the _differ_ent task_s to remain accompl'ishable‘,—,s Using the MuIti-Aspect Map for Robot

we take into account relational information of the map’s entities. We Navigation

need to take care that by removing vertices there does not occur a

violation of any relational information. After an evolution step may, Two tasks in robot navigation are carried out using the multi-aspect

for example, (parts of) an entity be resided left to another entity whilemap, namely qualitative localization and topological path-planning.

it was located right to it prior to this step, or two entities may now Prior to using the map for communicating with a robot, the adequate

overlap. For further details of the necessary extensions to DCE folevel of schematization needs to be chosen. We select the appropriate

map schematization see [1]. level from the multi-aspect map regarding the level of generalization



used by the robot for feature extraction. This ensures that feature8.2 |nstruction

stored in the map are perceivable to the robot, i.e. they are not tog . . ) . . L
small to be detected by the robot when not close-by. Once the robot is localized, instruction can be realized with just

The map’s topological aspect is used to plan a robot's path fronP"€ mot|9n prl_mltlve that n(_aeds to be |mplementeq into each_mo_
a given location to a goal region. We calculate a qualitative path b}plle robot: moving t_he robot inbetween two features |_t has perceived.
means of graph-search determining the regions the robot passes [N_noves along until the order of features changes, i.e. a feature be-

A prerequisite for successful navigation is that the robot can be I2°MeS invisible or a new feature emerges and, thus, probably a new
calized; we describe this process in detail in the next section. region is entered. This motion primitive is sufficient to guide the
robot from cell to cell, i.e. along the different regions of similar or-

der; its path is determined using the topological graph (see 5.2.2). For
6 Instructing a Robot the purpose of localization the belief state is updated accordingly.

To command a robot to a given area of the environment, the robo

needs first of all to be localized within the multi-aspect map in order-} Conclusion

to plan a path. Localization combines the similarity of shape featuresn, this paper, we proposed a central system that can be used to guide
with configurational knowledge. It is covered in section 6.1. Know-arious service robots acting in an environment. It allows to inte-
ing the robot’s position within the map, a path that leads the robot tqyrate different kinds of service robots within a larger context, while
its goal region can be computed. As will be presented in section 6.3ffering a single interface for the human user to all robots involved.
a single motion primitive is sufficient to guide the robot along this Thjs single interface is one of the system’s main advantages, as a
path. user does not need to remember and to switch to different interaction
modes depending on the robot currently addressed. The specifics of
the robot remain abstract to the user. Interaction is cognitively ade-
quate since the user can concentrate on the task the robot is about to

For the RGS it is sufficient to localize a robot qualitatively. The term Perform.
qualitative localization as opposed to metric localization is chosen to We use a single spatial representationaalti-aspect map-in
stress that only information required for the guidance task is usedf€ system; this representation allows to access just the information
The robot’s position is represented by qualitative regions of similae€eded for a given navigational task and robot, namely metric, order-
order. Hence, localization means to recognize the region a robot cdfg: or topological information on different abstraction levels. This
rently visits. Similarity of views (see section 4.4) is the clue herelS another main advantage of the proposed architecture: reasoning
Therefore, the approach to localization taken here relates to vievi@Pout the environment, i.e. localization and navigation, takes place
based approaches (cf. [6]); however, the presented approach is md?8 & qualitative level. We apply a partitioning of the environment
abstract, since sensor information is always interpreted first. Such '8 regions of similar orderwhich is a novel approach. It is robust
more abstract approach is advantageous here, as different robots g detailed. We employ these regions and a matchinghafoe-
lizing different sensors (e.g., laser range finder mounted at diﬁerinéeatures'n robot localization. We can, thus, perform this localization
heights) need to be localized. on a qualitative level, which is very robust, keeps the communication
To localize the robot, individual plausibilities are computed for the €ompact, and allows for an efficient path execution algorithm.
robot being in a particular region by determining the similarity be- The prime focus of this paper has been to present the general
tween the prototypical view associated with the individual region andstructure of our proposed architecture and to point out its advan-
the view perceived by the robot. These plausibility values can easilj@ges. While individual aspects have already been implemented, fu-
be coupled with a stochastical approach to localization like Markowure work comprises the integration of these parts and an evalutation
localization (cf. [19]). Plausibility values are therefore scaled suchf the whole system.
that the overall sum yields 1. The robot is said to visit the region

6.1 Localization
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