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A Distributed Cognitive Map for Spatial Navigation
Based on Graphically Organized Place Agents

- Abstract-

Jorg Conradt
Institute of Neuroinformatics, UZH/ETHUrich

Animals quickly acquire spaltienowledge and are thereby able to navigate over very large regions.
These natural methods dramatically outperform current algorithms for robotic navigation, which are
either limited to small regiongArleo 2000)r require huge computational resources to maintain a
globally consistent spatial ma@@hrun 2002) We have now developed a novel system for mobile
robotic navigation that like its biological counterpart decomposes explored space into a distributed
graphical network of behaviorally significant places. Each such a place is repedantan
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relevant for navigation in that place.

The collection of such place agents does not represent space in a common consistent data structure
as current topolgical or metriebased approaches dd-igure Aljeft and middle). Instead, our
system incrementally builds a graphical network consisting of PAs that each only knows its local
space and its local nearest neighbors. Each of these PAs is unaware of iitg paitiitin the network

and the position it represents in global space. The topology of the netwarkich reflects the
structure of traversable external spae®nly exists implicitly, as PAs only communicate with their
direct local neighborsHigure Alright). No process in our system maintains or operates globally on
the network; thus, it is only necessary to maintain spatial consistency locally within the graph.
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FigureAl: Left: a global Cartesian maftop-down view), maintained by a mobile robot.Middle: a globally consistent
topological representation of the same environmembaintained by a robotRight: A collection of individual programs as
active placerepresentations, each only knowingfs respective local space and dict neighbors. The true graphical
structure exists only implicitly

This simple strategy significantly reduces computational complexity, is robust to local perturbations,
scales well with the size of the navigable region, and permits a robot to autonoynemplore,

learn, and navigate large unknown environments in real time. The system has explored a floor in our
institute of 60x23m using a mobile robot, and created about 150 independent PAs to represent
behaviorally relevant spaces. The resulting disteédunetwork can demonstrate globally consistent
navigation behavior without a global supervisor involved, e.g. guiding the robot to previously
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encountered stimuli. We expect that we can represent significantly larger environments without
suffering degradegberformance, as all PAs are independent programs that we can distribute among
multiple computing units.
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intrinsically distributed processing systems without giblaccess to all memorized information

which is required by traditional algorithms for navigation. We therefore are convinced that the
proposed system resembles biological information processing much more closely than current
methods for spatial navigati.
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1 Introduction

1.1 Moving in Space

"Where am 1?"

... having to think about this question often surprises people, so much are we used to "knowing"

where we are. Only under exceptional circumstances, visiting a foreign town or a large shopping

mall, we might temporarily be confused and feel uncomfortatibeit typically even then we are not

completely unaware of our location. When asked, people oftesctibe their current position with

respect to behavioral relevance: "at home", "in the bus", etand equally often reply with abstract

concepts, such as "on the way", or "on holiday". We do not typically think of our current spatial
location as coordih 1 Sa NBf I GAGS (G2 | FAESR 2NAIAYyIT &adzOK |
street name and house number, but rather link our interpretation of our current position to the
behavioral relevance of places.

Not just our current position, but also ourtfue position is relevant. people move in space all the

time; and purposeful motion- i.e. goal directed- is arguably amongst the most important
requirements for human survival. Whether fetching a drink at night from the kitchen or hunting pray

at their preferred feeding sites: we need to return to those places that we earlier learned are crucial

for survival. So the initial question "where am I?" can well get extended to "how do | get from here

to there?"- 6 KA OK AYLIX AS&a | YSyil .fHwW®LINRBEsSigel therd2y 2 7F
Although people for long time have spend unbelievable effort creating drawings to represent space
(Harwood 2006)such Cartesian maps do not reflect how typically think of "there". We would

NI} §KSNJ RSAONROGS 2dzNJ y2GA2y 2F GGKSNBé |a | aSsldz
NEflGSR aAaiasSa GKIG 2dz2NJ O2YYdzyAOF A2y LI NLYSNI 1Y
of complex choicesrodifferent levels, each step, each direction, whether to walk, bike or take a

train, etc.

We move in space, all the time. Spatial behavior is central to everyday live. It is tightly coupled with
our perception and cognition of space, action, and behawow we do that is a research problem
routed in various different areas, such as psychology, geography, architecture, computer science,
cognitive science, biology, zoology.

How do we know where we are? How do we know where we want to go? And how do e et

1.2 Problem Statement - Cognitive Mapping

Animals face similar problems when moving in space: they need to return to places they have visited
before (Gould 2004) A large range of animahvironment interactions can be explained by simple
stimulusresponse strategiessuch as photdaxis, path following, or snapshétased homing and

have often been implemented in robot€onsi and Webb 2001$0me particular behaviors, such as
animals' impressive ability to remember locatiof®lton and Samuelson 1976jo navigate
accurately towards a hidden goal by novel routetrris 1981) to take shortcut§Chapuis, Durup et

al. 1987)and detours(Tolman and Honzik 193@Jthough cannot get explained solely on such

1
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GLINARYAGADS IniNg giplelakphagations fail,KpSople quickly postulate the use of a
mental cognitive map, which provides some form of spatial representation, to solve such tasks.

But what is a cognitive map@and how is it implemented?

The term "cognitive map" is usadidely, but in slightly varying conceptions. In general it refers to

any form of mental representation of a global environme(folman 1948)riginated the term

cognitive map, proposing that animals (rats) do not learn space as a collection of independent paths
from a starting place to a target (a sequence of movements), but instead develop anainter
abstract representation of the structure of external space; i.e. create a representation for the
relative geometric arrangement of features in spa@@owns and Stea 1973gfers to cognitive
YFELWIAY3I & al LINRPOSaa O02YLRaSR 2F | aSNARSa 27F Lx
acquires, stores, recalls, angéabdes information about the relative locations and attributes of the
LIKSY2YSyYyl Ay KAa SOSNERI &odi 1997pdstribes SopghitiviBapdasS y (i ¢ >
"an internal representation of an environment gained by a comprehensive set of observations, and is
used to travel between locations in the environment." Various other déding -yet similarin

meaning- can be found irfLagoudakis 1998The term cognitive map therefore shall not be taken as

an exact description of an internal spatieépresentation, but rather refer to any internal
representation that might be composed of a number of things that facility representing and acting in

an external environmenfDowns 1981)For more detailed discussions about cognitive maps refer to
(Kitchin 1994 Bennett 1996; Jacobs 2003)

Now we have some understanding of what people refer to when they mention a "cognitive map": a
mental way of representing external space, applied to solve navigation problems. As we will see in
the following chapters, ideas dnconcepts how such a representation might be implemented in
brains- or on robots- diverge substantially.

Looking at robotic models and methods to represent space, people generally agree that generating
such a map of an unknown environment and localiziregrobot on that map currently being built is

a chickerand-egg problem(Thrun 2002) that is a problem that would be much easier if one of the
two aspects was already solved. Imagine a robot had a perfect map representing its envireanment
then finding the robot's position based on current sensor readings seems possible. lastomtihe

robot had a perfect estimate of its Cartesian position with respect to a global referetizen
building a map based on current sensor perceptions seems possible. What turns the problem so
difficult is that buildup and localization need to paen at the same time, based on incomplete and
unreliable information provided by the other. The problem turns significantly simpler if we allow
infinite computational resources and super precise sensors; in fact in such a scenario this problem in
principle is solved, as presented in chapie4.l

But animals and humans (and most robots) do not have infinite resources; yet the first perform
impressively well and vastly outperform current robotic methods for navigation withigelareas.

Brains do not have the power to store all acquired information, possibipggect all previously
recorded sensory stimuli, and finally compute a global consistent map. It seems they have to use a
very different approach from current technolagl methods to represent a cognitive map. How do
brains do that? In this thesis we are investigating a biologically plausible principle for acquiring,
storing, maintaining and ultimately using spatial knowledge for short and-fange navigation
between kehaviorally significant places: a distributedignitive map

2



Introduction to Distributed Cognitive Mapping

1.3 Introduction to Distributed Cognitive Mapping

We briefly present current models for navigation in engineering and in biology, which allows up to
outline the innovative aspects in our model aftemgls. For a more detailed discussion of current
models refer to chaptet.4.

Navigation in Engineering and Neuroscience

Ly G2RIFe2Qa Sy3aiyS ThimiiR2002)a@ aciive dger? suchas & rodtiypically
stores all acquired information about its spatial environment in a global map relatiae aibsolute

origin (Bosse, Newman et al. 2003; Montemerlo and Thrun 206/Mwn inFigurel, left. Adding or
updating information and using stored knowledge for navigatigpidally require considerable
computational resources and involve a single active agentch as a computer programhaving
access to all accumulated information. Alternatively, several topological approaches for navigation
exist(Shatkay and Kaelbling 1997; Tapus 208Bdwn inFigurel, middle, and also hybrid topologic
metric approachegKuipers 2000; Tomatis, Nourbakhsh et al. 2001; Jefferies, Baker et al. BQO8)

all these approaches rely on a single active agent thagasoning based on all previously acquired
data. Such a mechanism is unlikely to be performed in animal or human brains: there does not
FLIISENI G2 0SS Ftye 2yS |OGAGS NBIA2Yy 2F 2dzNJ 0 NI A
information for navigabn.

In the last few decades place cells antuch more recently grid cells have been in the center of
neuroscientific research about navigatig®'Keefe and Naal 1978; Redish 1999nd its robotic
implementation (Arleo 2000; Hafner 2008; Milford 2008)hese families of cells in Hippocampus
(O'Keefe and Nadel 197&nd Entorhinal CortexSargolini, Fyhn et al. 2006ow significantly
increased activity whenever an animal happens ¢onithin a well defined region in an experimental
aStdzlde LG A&a gARStEe F3INBSR (KIFaG OGAGAGE 2F |
current spatial position within a local frame of reference. These cells show a stable firing pattern
overa long time within an environment, perform a complete remapping of their firing pattern when
the observed animal enters a distinct new environm@viarkus, Qin et al. 1995 and revert to the
previous firing pattern upon returning to a familiar environment. However, experiments so far are
constrained to relatively small areas of about 2m in diameter, whereas wild animals typicaliy li
areas of several thousands of square meters. It is yet to be investigated how navigation in larger
areas impact firing patterns in place cells.

A Distributed Cognitive Map

In this thesis we explore a new principle of perceiving, maintaining and tipgran spatial
knowledge: gery elementof the system operates exclusively on locally availafiermation and is
constrained to decide actions based onlylarowledgeabout its vicinityWe do not represent space

in a global consistent data structure #&sditional topological or metribased approaches do.
Instead, starting without prior spatial knowledge, our system autonomously creates a graphical
network of independentd LJ- § OK Sa 2 Tat behAdogally Sdkedafitéplaces. Such patches
contain spatl and behavioral information only about their local environment. They actively control
the physical agent a robot - in their vicinity, and maintain and update their limited knowledge
about their environment, instead of serving as passive data storagéaioers. As these active
patches know about and communicate with their local nearest neighbors, they implicitly establish
the topology of a network that represents behaviorally significant space. Each of these nodes of the
network is unaware of its posith within the network and the position it represents in global space.

3



Introduction

No process in our system maintains or operates globally on the network; in fact, the whole network
only exists because of messagessing between autonomously acting neighboring nodédgs T
principle is illustrated ifrigurel, right.

Note that the distributed system does not explicitly represent cycles in the environrReanirel,

left and middle, show a cycle in the environment betwgdaces EEG-D, which is computationally
expensive to handléThrun 2002)In the distributed representation, no actor has access to D, E, and

G simultaneously. The system is unaware of the cycle, but still knows all individual traversable paths
that together constitute the cycle.

» ®
-

Figurel: left: a globd Cartesian map showing a tegown view of an environment, maintained by a single computer or a
mobile robot. Middle: topological representation of the same environment recorded as a consistent data structure. A
computer program/robot maintains this struaire and operates based on stored information. Right: A collection of
individual programs as active plaeepresentations, each only knowing their respective local space and direct
neighbors. The true graphical structure exists only implicitly in the cdiiec of all places, to which no actor has access.
At any time only a single one of these individual programs interacts with the robot; i.e. it directs the robot and obtains
sensed information about the current local environment.

Implementation and Results

The system we developed starts without spatial knowledge in an unfamiliar environment which it
automatically explores using a mobile robot. While exploring, the robot constantly maintains a
representation of its current local environménwhich consists ofused information from various
on-board sensors. When detecting a behaviorally relevant stirfiumisiew place agent captures a
snapshot of the current local environment, records the previously active place agent as a neighbor,
and directs the robot to ftther explore unknown regions. Repeating this process incrementally
builds up a collection of independent place agents. All these agents only know their local spatial
environment and communicate with their direct neighbors, as showkfigarel, right. Despite these
severe constraints on knowledge and communication, the collection of all individual place agents
shows emergent globally consistent behavior without having a single globally acting entity in the
system. An example of eh global behavior is the guidance of the robot to a previously recorded
target represented elsewhere in the network.

Our system has not only successfully explored spaces as small as a single room, but also our whole
institute of about60x23m (Figure2). Only few operations require time scaling linearly with the

Ya/ dINNBy G 201t SYGANRYYSYy(é NBTSNE -ledgh, tgpiclly @ighin 6 A G KA Y
aSyaz2N) NBIOK® ¢KS 2@0SNIff 2LISNIdGAy3a FNBF 2F (GKS NRoO?2
length.

{dOK a Ly AyGdSNBSOGAZY 2F LI GK&asz + ol GGSNE OKF NASNJ

4



Introduction to Distributed Cognitive Mapping

number of nodes in the network; most operations are performed on local data only. Currently, all
place agents required to represent our institute run in rale on a singg computer; but as they

are independent of each other they could be distributed among multiple possibly less powerful
computing units. We are convinced that we can map significantly larger environments without
suffering degraded performance.
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Figure2: Top: A distributed graphical representation of our institute established by 177 independent place agents (PAs,
green circles). The spatial arrangement of PAs only happens for this display; no actor in the system is aware of the
structure. Red arrows show 45% of the recorded distance to a neighboring PA. Places of behavioral relevance are
covered densely with nodes, whereas places such as long aisles show sparse coverage. Bottom:véewlast the
institute (60x23meters).
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memoarized information which is required by traditional algorithms for ngation. We therefore

believe that the proposed system resembles biological information processing much more closely

than current methods for longange spatial navigation.

Relating our system to pladeld neurons found in Hippocampy®'Keefe and Nadel 1978; Redish
1999) we interpret observed stable activigatterns of placecells within a small experimental setup

as an indicator for a sherange local map ianimals brains. Such a local map is implemented by a
single placeagent in our system. When an observed animal changes to a different place, a complete
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remapping of firing patterns across plafield neurons occurgMarkus, Qin et al. 1995 Wwhich
corresponds to transferring behavioral control to a new place agent in our model.

Our system explains results from typical behavioral eixpents with rats (Tolman 1948;
Blancheteau and Lorec 1972¥ithout requiring a glbal actor such as a computer program or an
omni-conscious homunculus having access to all acquired information.

1.4 Review of Alternative Approaches

This brief review points to research about localization and mapping, in areas such diverse as
robotics, biology psychology, architecture, and urbatanning. The main focus in all these areas is
common: understanding how a mobile ageneanimal, human or robot is capable of moving
intentionally in an artificial or natural environment. However, the particulaufowithin these areas
differs substantially. Robotics on one extreme is mainly concerned about creating maps that reflect
existing environments as adequately as possible to determine a robot's current position in such a
map (Adams 2007; Patnaik 2007; Thrun 2Q08hile simultaneously reducing the computational
complexity of algorithms that have been shown to create an optimal representation given limited
sensor precisior{Thrun, Burgard et al. 20031ontemerlo and Thrun 2007)The question how to
exhibit purposeful behavior with such spatial knowledge is typically completely decoupled from the
process of building and maintaining a map. Biology research, in contrast, typically tests animals'
navigaton capabilities, describes observed principles, and models such beh@igaly 1998;
Burgess, Jeffery et al. 1999; Golledge 19¥)gnitive Science and/or urb@atanning typically
investigates in how humans perceive an environment and act within @uaich 1960; Kitchin and
Freundshuh 2000; Allen 2006he aforementioned references are pointing to summarizingevev
papers and books on the subject, whereas the following subchapters point in more detail to
individual research.

1.4.1 Robotic Implementations

"Knowing where | am" is arguably the most important issue in mobile robotics. Hence a lot of
research has focused dhe problem of localizing a robot with respect to a spatial representation
and simultaneously building such a spatial representation. However, as we will see below, the main
line of research in robotics has a very different focus compared to our undeliataf perceiving

and representing space: all such examples create precise duplicates of the underlying structure of
the environment in some form such that a robot can use this acquired spatial knowledge for
navigation.

(Leonard and DurraAtVhyte 1992)ntroduced for the first time the concept of SLAM (Simultaneous
Localization and Mlpping) as incrementally constructing maps while a mobile agent explores an
environment- and at the same time localizes itself with respect to the partially built representation.
Most work in this area uses global metric maps, such as stochastic mapgeet(Leonard and
Durrant-Whyte 1992; Castellanos and Tardos 2000; Dissanayake, Newman et al. &2@D2)
occupancy grid approach€¥hrun 1998) More recent research allows purely visibased metric
approachegSe, Lowe et al. 2002 owever, such SLAM methods quickly becomamdationally
expensive for large environmen{¥hrun 2002) To address thisrpblem, (Thrun 2000; Montemerlo

and Thrun 2007; Thrun 2008Jopose probabilistic methods that increase speed and robustness in
SLAM. All these approaches provide a-finained abstract representation of an enviroant, which

6



Review of Aktrnative Approaches

is well suited for sellocalization when given a new sensory signature from within this environment.
However, they are poorly suited for higher level reasoning about space, such as representing targets,
finding paths to targets, etc.

Topologial approaches to SLAM attempt to overcome such drawbacks by modeling spatial structure
using graphs. Kuipe(&uipers 1977; Kuipers 1978; Kuipers 19883 amongst the first to present a
model of space decomposed into individual places that get connected in a topological fashion
represening the places' connectivity; latéKortenkamp and Weymouth 1994; Gutierr®suna and

Luo 1996; Shatkay and Kaelbling 1997; Fox 1988 presented different approaches for
topological navigation. All such apprdes define the concept of gateways, which mark the
transition between two directly adjacent places in the environment. Because topologic approaches
break metric space in topological nodes, these approaches generally are less precise than fully
metric SLAM- or end up computationally intractable when figgained places are used.
Furthermore, many implementations suffer from perceptual aliasing, as observations taken at
various different locations look similar.

(Mallot, Bulthoff et al. 1995; Schélkopf and Mallot 1995; Franz, Scholkopf et al. p&3@nted a
model designed to explore open areas connected in a HAikeestructure, and to build graphical
representations that rely on local vielkased homing method¢Vardy and Moller 2005)which
compare a current view againsat stored view at a target locatioiflLambrinos, Moéller et all999;

Moéller, Lambrinos et al. 200INtroduced average landmark vectors for local visual homing, whereas
recently (Smith, Philippides et al. 200f@)oposed a linked sequence of waypointsach providing a

local homing teget - to allow navigation over larger areas. These methods capture a new shapshot
whenever a significant change happens in the environment, e.g. a similarity measure falls below a
threshold or the number of perceived discrete landmarks changed.

A small nmber of recent approaches started to combine topological and metric mapping, the two
most advances approaches are briefly presented here:

(BosseNewman et al. 2004; Newman, Leonard et al. 2¢f¥8pent the "Atlas Framework" that uses
local metric maps (SLAM techniques) in their own coordinate frame, but arranges these in a global
network where nodes correspond to a local metric map and edgesddr#nsitions between these
maps. Each local map represents a large region in the environment that is limited by processing
complexity rather than size, allowing a fixed upper limit for computing requirements. This typically
enforces a hard limit on the mober of features in a particular map, such that currently sensed
features might fall into a "neighboring” mapvhich by definition is directly adjacent to the current
map to represent all space. One or multiple such local maps are active at a time.clogaig
happens by a global search mechanism that determines overlap of a map with parts of one or
multiple other maps, increasing matching certainty when multiple matches are found. This approach
is similar to our understanding of creating a topologidalicture of metric places; however, the
Atlas framework still maps all space equally independent of behavioral significance and requires
global maintenance of all data.

In (Tomatis, Nourbakhsh et al. 2001; Tomatis, Nourbakhsh et al. 20@Bjyatis et al. develop
anather hybrid representation of a global topological map with local metric maps associated to each
node. Tapus, Siegwart et @lapus 2005; Tapus, Battaglia et al. 2006; Tapus and Siegwart 2006;
Tapus and Siegwart 20péxtend this model, such that local places get represented by "fingerprints"

7
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of an environment. A fingerprint here denotes a circular list of features visually present at that place,
which is matched against the robot's current perception. Loop closinnduced by a global
supervisor detecting congruent motion of multiple peaks in the overall position hypothesis. Although
this model allows topological maps without global metric consistency, the approach requires a single
supervisor accessing all dateyihg to frame the representation in a consistent global structure.

1.4.2 Observations and Models in Psychology or Zoology

How animals move in their environment has been subject of a large body of research investigations
grounded in areas around biology or psgtdgy, with "animal” here ranging all the way from insects

like desert ants and honeybees over vertebrates such as rats, mice or hamsters up to mammals
including humans. The spatial environments under considerations in such experiments are similarly
wide-spread, ranging from completely devastated unlabeled deserts over -fip&h studies with

little structure, up to studies in human made environments such as mazes for rats or cities for
human experiments. Such studies typically provide two important outcsoni® insight in what
animals can do in space, and 2) models of how such behavior might work. The later range from pure
theoretical analysigAbbott 1994; Eichenbaum, Dudchenko et al. 1999; Hahnloser, Xie et a).t@002
validation or testing through software models or in simulated environmegBsrenstein 1994;
Touretzky, Wan et al. 1994; Balakrishnan, Bousquet et al. 1998; Stringer, Rolls et al. 2002; Koene,
Gorchetchnikov etal. 2003) up to implementing models on real robotic platfornlsambrinos,

Moller et al. 1999; Arleo 2000; Hafner 2000; Moller, Lambrinos et al. 2001; Krichmar, Nitz et al.
2005)

Animals in such studies show astlg different repertoire of spatial awareness and of behaviors
performed in such environments. The following pointers to research projects provide an overview of
experiments, which taken together- lead to conclude that up to now it is unclear for soam@mals
whether they possess some form of a cognitive map, or if their exhibited behavior can get explained
solely by simpler navigation mechanisms, such as homing andmatiration.

Ants and bees forage in areas several 1000 times theirdmrdyth seaching for food and returning

to their nests or hives, respectively. They are known to rely on such diverse sensory input as path
integration (Miller and Wehner 1988)optic flow (Srinivaan, Zhang et al. 2000polarized light

(Fent 1986) and distal and local landmark€ollett, Graham et al. 2007Pne school of thought
suggests that honeybees indeed possess and apply general landmark meradmaplike" fashion
(Menzel, Brandet al. 2000; Menzel, Greggers et al. 2Q0bhereas ants were shown to generally

rely on a homing vecto(Muller and Wehner 1988jhat - in cases of strong mismatchcan get
corrected by distal visual ldmarks (Collett, Collett et al. 2001)A recent study has clearly
demonstrated that ants operate on ongay routes rather than map&naden, Lange et al. 2006;
Wehner, Boyer et al. 2006)

A large number of behavioral experiments have been performed on rodents, since Tolh@48in
suggested that rats have the ability to form a mental cognitive map of their environmgmbiman

and Honzik 1930; Tolman, Ritchie et al. 1946; Tolman 1848)received another boost with Morris'
famous eperiments in water maze@orris 1981) The basic similarity amongst all blexperiments

is demonstrating that rats learn the structure of their environment without receiving a significant
reward during exploration: typically, a rat explores an arena that contains a feeding side which
initially is not particularly attractive fathe rat, as it is well fed before exploration. During testing
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when deprived of food they show the ability to run directly to the feeding side, possibly using
shortcuts they have never used before or detours, if required. Tolman argues that this lis clea
evidence for a cognitive map. We will revert to such experiments in ch@pbeOther research, in
contrast, claims to find no evidence for cognitive maps in rodéBenhamou 1996; @iof, Sutton

et al. 1999; Mackintosh 2002)

Several studiegDyer 1991; Gallistel9P3) have cited an experiment bfMenzel 1973)in which
chimpanzees took shortcuts to hidden food as evidence for cognitive mappiogirimpanzees;
however, (Bennett 1996 isputed that conclusion arguing that recognizsmppshots of landmark
constellations suffices for solving this task.

Finally, (Gillner al Mallot 1998; Mallot, Gillner et al. 1998performed studies testing human
navigation ability in a virtual environment, suggesting that humans acquire a -jkaph
representation of the virtual environment that connects possibly inconsistent local eat@iaces

or views) which do not necessarily combine into a metric survey map. They do not present a model
that explains human's ability to generate such representations.

1.4.3 Discoveries and Models in Neuroscience

The discovery of place cell®'Keefe and Dostrovsky 1971; O'Keefe and Nadel 1&7@)shortly

after headdirection cellgRanck 1984; Taube, Muller et al. 198@¥ted a vast amount of research
investigating in these cells' representations of space; for review¢haker 1996 ; Leutgeb, Leutgeb

et al. 2005; McNaughton, Battaglia et al. 200B)ace cells show a uniqueiriy pattern whenever

the animal under investigation happens to be at a particular position in space; whereas head
direction cells show increased activity whenever an animal's head points in a particular direction.
The ongoing debate about such cells disess whether they simply represent the animal's
assumption about its own position in space, or if they are the substrate of an internal cognitive map.
A book by RedisfRedish 1999%uggest a common use of tiippocampus for acquiring spatial but
also episodic memory, whereas a recent study shows physiological evidence that navigation and
event memory are interlinked in the HippocampE®ster and Wilson 2006 he study byEkstrom,
Kahana et al. 2003¢ports such place cell activity also in human Hippocampus.

A large number of studies investigate in the Hippocampus' ability to correct errors in place cell firing,
typically by providing conflicting reference frames duringas motion, such as an offset between

path integration and external landmarks, e(@othard, Skaggs et al. 1996; Rosenzweig, Redish et al.
2003) Several other studie@ures, Fenton et al. 1997; Cressant, Muller et al. 268&) rats in

mazes that have been misaligned against external landmarks. All such studies suggest that place cells
get reset by distal external landmarks.

Moser aml colleagues reported position related activity not only in the Hippocampus, but also in
Entorhinal CorteXFyhn, Molden et al. 2004; Hafting, Fyhn et al. 2005; Sargolini, Fyhn et al. 2006;
Fyhn, Hafting et al. 2007¥ells recorded showed the same properties as hippocampal place cells,
but fired in a regular mulpeaked (grid) fashion instead of at a single spatial peak, suggesting that
such grid cells support internal pathtegration. A recent studyHok, LenclSantini et al. 2007)
proposes that place cells not only code for spatial position, but also for reward expectation at a
given target position, suggesting that plamdls are already involved in path planning.
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Various models of navigation based on place cells acquire a pool of neurons that 'learn’' to behave
like place cell§Samsonovich and McNaughton 1997; Kulvicius, Tamosiunaite et al., 208all
number of such implemented in real robdi&rleo and Gerstner 2000; Arleo 2005; Chokshi, Wermter

et al. 2005) Poucet presented a mod@Poucet 1993in which place cells code for local places within

a large environment, all of which the model orients to a common reference and connects in a graph
like structure toform a globally consistent representation of the rats' environment.

Gaussiemat al. (Gaussier, Joulain et al. 2000; Cuperlier, Quoy et al. 2007; Gaussier, Banquet et al.
2007)implementa navigation strategy based@lace cells, transition cells and motor celifstheir
model, gace cells cover the available open space for navigation densely, allowing a mobile robot to
localize itself within one of such placbased on the constellation of visual landmarks andoa-

board compass Transition cellsin contrast representthe set ofall possible transitions between
neighboring place cellsvhich generates stimuli for motdransition cells to move the robot to an
adjacent place. All such cells coediravailable spacaniformly, without an explicitelation between
behavioralsignificanceand spatial position. The cells in their model are implemented as passive
containers represerg environmental information, upon which amxternally run algorithm
performs basic comytations such as diffusion to find a path to a distant target; but these cells do
not reason about the spatial arrangement, etgey cannotfind shortcuts or close loops in the
environmentthemselves

A different line of research applies MRI techniquesstady structural modifications in human
Hippocampus related to navigation experier{tdaguire, Gadian et al. 2000; Maguire, Woollett et al.
2006) They find that extensive training in spatial navigation (observed in London Taxi Drivers)
significantly increass posterior Hippocampus regions. A recent st¢8piers and Maguire 2007)
extending this direction of research reports that activity in the medial prefrontal cortex was
positively correlated with goal proximity, suggesting that such brain regions are involved in
navigation guidance.

1.4.4 Literature Summary

The different approaches reviewed alminvestigate spatial perception and representation at very
different levels, ranging from behavioral observations to mathematically proven optimally correct
spatial representations. They all describe a mobile agent's spatial behavior and present rhatels t
suit their respective focus, and thus differ substantially in their level of complexity, abstractedness,
resourcemanagement, etc. Several models combine behaviorsat least elementary actionswith
spatial perception, but yet only limited to ldcapaces. All models reviewed above share a global
supervisor- i.e. a single omnipresent instance that inspects all acquired spatial knowledge and
operates upon that. No approach has yet presented a model that operates on distributed locally
limited knowkdge only, still achieving globally consistent spatial behavior. Two recent books by
(Jefferies and Yeap 2008hd (Milford 2008)- that both explicitly argue about using "nature" as a
design guideline present vaious models that all rely on a single computing instance with adoess

all data.But in contrast to today's computers, human and animal brains do not consist of a data area
that is accessed by a processing urtill we are able to perform all such g behavior that is
currently only explained by global access.
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1.5 Thesis Outline

In this thesis we demonstrate that a collection of independent active ageeésh constrained to
operate on locally limited knowledgecan exhibit globally consistent navigm behavior. Such a
system without a global supervisor and without a global reference frame resembles distributed
information processing in brains much closer than existing models ofrforge navigation.

What we want to achieven this thesis

- autonomotsly buildup a representation of possibly large environments, starting without initial
spatial knowledge

- maintain acquired spatial knowledge in an active distributed system that controls the robot,
instead of in a single large passive data structure thaadcessed by a program controlling the
robot

- connect behavioral significance of places to the distributed spatial representation, instead of
representing all space with equal relevance in a regular grid fashion

- demonstrate that the system performs well large realworld environments without suffering
performance in large areas, as current robot mapping concepts do

What we have done

- developed a model that represents space as a collection of independent "Place Agents" (PA),
which each act autonomously oriyased on its available local data in its local coordinate frame

- build a mobile robot platform to explore large areas (one floor of the whole Institute of
Neuroinformatics, of about 1400?)1

- designed orboard processing (Linux PC) and various sensorsritlatie stereo pattilt cameras

- designed and implemented a data structure for local environments that extracts behaviorally
relevant information from an arbitrary number and type of sensors

- implemented the model as distributed Java programs (independeieiailis) that control a mobile
robot during initial exploration and later navigation phases

- performed various autonomous exploration experiments of large cyclic environments, both in
simulation and in realvorld settings

- characterized the system in terms aéniormance, reliability and efficiency

- discussed ideas for future experiments, comparing our model against human/animal behavior

Structure of PID. thesis:

ch. 1 Introduces the research problem, presents a brief overview of our suggested solutior
points to several related works.

ch. 2 Presents alata structure("Place Signature)'that is well suited to represent local places
an environment, handles a stream of continuously incoming data from various sensol
staying uppetbounded in memory regirements. The "place signature” inspects raw lo
data and provides unified abstract behaviorally relevant information, such as "open s
or a distance metric between multiple place signatures.

ch. 3 Introduces our customization and additions to timmbile robot "Koala', explains orboard
sensors and oiboard computation, as well as local targeting and obstacle avoid:
mechanisms implemented to decouple the distributed navigation system fromldoet
reactive robot control.

11



Introduction

ch. 4

ch.5

ch. 6

ch. 7

Demonstrates asingle Place Agent (PA) as active local representation of a behaviol
relevant placein a simple environment. Our system starts with a single PA that cre
copies of itself to explore initially unknown space. Repeating such duplication
exploration cycles incrementally builds up distributed spatial knowledge, maintaine
multiple independent PAs.

Discusses a collection of individual PAs that together maindaidistributed graphical
representation of large environmentsEach single PA gnktores and acts on individui
local knowledge represented in its local coordinate reference; no global supervisor ex
the system. Although the combined spatial representation might not be globally consi
in a metric sense, all PAs contributedwhibiting globally consistent spatial behavior bas
on their local knowledge.

Presents and discusses resulbtained from various explorations (real world al
simulation), characterizes such distributed representation of space, and addresssble:
difficulties in closing loops.

Summarizes by discussing overaksults and conclusionsabout a distributed
representation, points to open problems and offers paths to extend the current system.

Each of the following chapters starts witloaef discussion and closes with a summary.

12
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2 Representing Information about the Local Environment

Why at all spending energy and time on developing a sophisticated representation of sensor data
from a mobile agent? There are many answers to that quaspoobably the most important being

that the data representation reflects much about the nature of the solution one has in mind
regarding the large problem. In our case, we are developing a distributed network consisting of
active patches of knowledge tepresent a large environment; so representing data at various levels

of granularity and at various places within the system emphasizes the distributed nature of the
systemc¢ and helps us thinking and developing ideas in such a distributed fashion. Fticiymrand
algorithmic elegance, the same data structure shall get used for single sensor data as well as for
complex locatange place representations. So on one extreme it needs to memorize such diverse

St SYSYGUINE AYTF2NNIGA2Y OKAY KBS NB G SEA & RA NB O (iO22%/F S)

GRAAGI YOS YR RANBOGAZ2Y (2¢6FNRa | yYSAIKO2NEO®
knowledge from a large number of different sensors taken in the vicinity of a particular place to
provide a featire-rich signature that possibly varies over time, as e.g. a door might be open or closed
depending on dayime.

Conceptually, we want the data representation to be a storage container, rather than an active
processing agent. This means that some otheivaainit- as e.g. a sensor on a robot or a program
dumps information in the structure for later retrieval, or possibly forwards the structure to other
active units for processing. The structure shall simplify maintaining information, but it shall @dt ne

to take navigation decisions based on understand stored information. Reasoning about the
AYF2NXYIFGA2Y Aa Ay GKS NBalLRyairoAftAade 2F GKS
NBLINBASY (L (102 yraytR $okoKS KLIGBERKI FolldiviBgNsLich a simplistic principle for

the datastructure allows applying it to accommodate vastly different active units, such as single
sensors and complex algorithms, but also allows adding furthéveacinits without conceptual
changes.

In our setup we use sensors offering different levels of richness: the simplest sensors only point in a
direction, e.g. towards north, or mimicking the vestibular systemreport changes in rotation.
Other sensors mvide more complex data, such as distances and directions to objects, report wheel
translation, or identify previously seen objects. All these different kinds of data need to be
represented in the data structure. In general, not all existing informatiosuaithe environment is
visible to the sensors all the time; in fact some environmehtelwledge is not visible at all and can

only be inferred from previous experience, e.g. already explored directions leading into ®éad

and thus being depreciateir further exploration. Most of the sensors, however, have a temporally
and spatially limited fielebf-view, such that the data structure needs to remember and conserve
previous knowledge.

In this chapter we will discuss in detail the data representatian developed for local spatial
information, while keeping all the above mentioned requirements in mind.
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Representing Information about the Local Environment

2.1 Pre-Processing Sensor Information

Data directly from a physical sensor is hardly suited to be stored as is. Sensors typically measure and
reportvoltals f S@St &4 6KAOK O2NNBalLlRyR (G2 a2YS LKeaaAol
G2 20280GQ 2NJ WoNARIKGySaa 2F | LAEStE Ay | OFYS
to convert the raw data into a useful form. Here arises an ingudriguestion about how much
preprocessing we want, oralternatively-K2 6 G NI 6¢ ¢S ¢l yid G2 1SSLI RIGI
As an example of such data, one can think of distance measures to objects in a 180° field of view
taken at regularly spaced angids one extreme we can store individual distances along with their
corresponding angles; whereas in the other extreme, we can extract behaviorally significant aspects

such as corners, edges, junctions, and possibly objects from the dathremember onf the type

and position of these identified objects.

Both approaches raw and preprocessedhave advantages and disadvantag&ablel compares

both extremes. Different types of sensors on the robot require different levelsr&pmcessing

before providing relevant data for navigation; e.g. pikaked colowvalues from the ofboard video

OF YSN}r& ySSR i tSFrad aAayLxt S ¥FSt (dzNB-pr&essingl OG A2y
algorithms will be discussed later in thibapter when introducing the sensors. In this project, we

decided to use an adaptive tradeoff between the two extremes: Initially, we want to operate on data

as raw as possible, so that we can interpret and verify information easily and do not accidentally
neglect potentially important aspects. In the following discussion about the data representation,
however, we will keep in mind that adding ppeocessed stimuli or even replacing all raw data by
behaviorally significant stimuli has to comply with all design decisions. In fact, as outlined below,

adding preprocessed data of arbitrary abstractinS @St & gAf f AAYLI & Ayl NERdz
information, which will be treated identically to the possibly-exsting layers of raw information.

Creding such a flexible data representation allows simple extension of the system.
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Raw Data

Pre-Processed Data

simple principal, fast performancejo
computational overhead for data intel
pretation

difficult to argue why a particular pre
processer is idealjarious preprocessing
options exist

no distinction between significant an
non-significant data, wasting memory

abstracts data immediately to a compa
representationdiscardingy 2 dzy'1 |

no bias towards human interpretation ¢
objects: Whatdoes an intersection of
aislesmeark 2 Keée Aa | VY
interesting?

highlights potentially significantaspects
contained in data

memorized data ifficult to interpret for
higherlevel processes

facilitates abstract decisions process

all available data is maintained, c:

relying on the da, e.g. about
traversable space
potential danger to miss relevar

potentially be used for abstrac aspectswhich might be invisible for the
processing pre-processor
+ Fft2ga (2 A damldRay

instead ofinferring from processed dat
about sensor behavior

Tablel: Comparing raw sensor data with prerocessed sensor data.

2.2 Design of the Data Structure

2.2.1 Preparing Raw Data

All sensors on the robot continuously report data of a diffeéreind. However, we want to maintain

all information in a common framework. In order to fuse the different types of information into a

dzy ATFASR FNIYSG2NlZ 6S dzaS | GNARAO|l YR GNYryatlds
directions relatie to a local coordinate frame. This approach is straight forward to see for some
aSyaz2zNBRY Sodod RAalGlIYyOS aSyaz2Na NBLR2NI |y S@Syi
ASyaz2NBEQ UGNXyatlrdAzya FNBE Y2NB RiemdntsOQdztlefailsi 2 A Y
about the individual transfer functions are explained in cha@drwhere we introduce the sensors
individually.

Continuously receiving those events requires storing them in an orderly fashion for latssging.

In a simple approach, all events can get stored in a large list or le@klg possibly with indices for

different sensors to facilitate data retrieval. A strategy such simple quickly creates huge data sets

that grow computationally intractableTo reduce memory and processing power we group Hbgar

events (regarding space and time) of the same type into a single bin, and immediately discard the
SPSyiQa AYRAGARdAzZ f NBLINBaSydldAz2yd ¢Kdza FT2NJ St Ol
ocaurrences close to various positions within a grithe spatial extend of these bins for storing

events is discussed in the following chapters, where we initially assume a single stationary sensor
providing a single type of events. Only later, in chagt@&we extend the structure to accommodate

events from multiple sensorgyhereas in chapte?2.5we extend the structure in time.

Note thatall sensorsither provide one-dimensional two-dimensional, or threadimensional events.
Examples for these types of events a@mpass directios (1d), objects blocking space at a given
position (2d), or a motion-target at a given positiorand orientation @d). The data structure
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introduced in thischapter accommodates all different types of sensor information following the
same basic principle for representation.

2.2.2 Representing 1 -Dimensional Events

Onedimensional events provide a tuple of sensed quantity and direction; e.g. a light sensor
returning brightness readings from different angles or a compass providing angle to north. We
represent received events in a binned polar structure with each bin corresponding to a particular
angle (sed-igure3, left). The proportion filld of the circles equally spaced around 360° denotes the
event intensity from the respective direction. In the scenario of a light source providing brightness
stimuli, Figure 3 corresponds to the light source placed at +45° in M& 6 2 1 Q& LISNA LISOG A
angular spread of the signal can be explained by light beams hitting several nearby receptive
elements of the sensor (weaker towards the outside of the beam), or by sensor noise. Events falling
between the angular positions reprased in the grid get distributed to the two directly neighboring

bins based on their position: A single brightness event of amplitude 0.8 at an angle exactly between
two bins will contribute 0.4 to each of the two bins.

Assuming a second light source elgene in the field of view, we would see a second region of filled
circles. For sensed values that are known to originate from a unique source (e.g. the magnetic field)
the populationaverage of all circles decodes a corresponding angular value, as shawa thsrk

blue vector inFigure3, left. For details refer to chapt&.2.5.

I 02 YLzl SNDa Ay dSNYI fcoondiBatavdsadSinstdad ivé riay the\bins ot & LJ2 € |
linear array, each entryepresenting a bin of the original polar arrangement ($égure3, right).

Note the red arrow indicating a wraground at +180°. As the two representations are identical in

terms of data content, we will continue using the lefisplay (a topdown view of polar bins,

conforming to the physical arrangement) throughout the rest of this thesis for simplicity.
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Figure3: Left: TopR2 6y @A S¢ 2T -dimérSional &weni Bpresantatian. The proportionliiégd of circles
denotesthe amplitude of reported events; the dark blue vector shows the populationded average angle. Right: A
O 2 Y LJdzintérivaKlidear representation of identical data, wrapping around at +180°.
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2.2.3 Representing 2 -Dimensional Events

Two-dimensional events reportraadditional dimension, typically distance. So we need to represent
distance, angle, and amplitude for a-2dent. It is important to note that in the context of
navigation, nearby information typically requires higher spatiatimen than distant information, as
shown by the following two examples:

1 The maximal eligible forward speed strongly depends on small uncertainties in position of
nearby objects, but not on identical uncertainties about distant objects.

1 An estimate of angHo-object varies drastically with positiegrror of nearby objects, but
substantially less with the same absolute positemors of distant objects.

We design our binned 2d data structure to minimize memory requirements while providing

adequate precisio for all distances: The distance between the centers of neighboring bins increases
with distance from the center of the representation. Nearby positions get a fine grained

representation of bins within a few cm distances; whereas distant positions gep&danto coarse

bins. We chose an exponential function to calculate the distamcef bin n [0..n-1] from the

center as follows:
_n
(bntot_1> -1

dn = (1 +0.5)  Spin + (dror = Mot * Smin)) * (b—-1)

with sy, the minimal bin size (5cmy,, the total distance to cover (5.0miy the total number of
bins (32), and the base of the exponential function (1006pr a discussion of the values for these
parameters refer to chapte2.2.6

The first factor guarantees a reasonable minimal bin size for srdilere the exponential function

is close to zero. The following term in parenthesis computes the maximal distance reached by the
exponential function, given that a fraction d§; is already covered by the first factor. The last term

in the equation implements the exponential function, normalized to values between [0..1]. This
equation provides small bins of sizes closestq for events happening within 1m from the center.
Events ocurringbeyond 3mdistances get represented in much coarser basshown ifrigured.
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Figure 4: Distance (blue) and length (red) of bins in thedimensional event representation. The inset shows bin
distances from the center as a function of increasing base values ranging frono1m0°,
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We keep the angular extend of bins constant independent of distance to center, such that the

02y a i Ingfiilogl82yt RFSNBS y R S
representation (seeFigure 5, left) allows representing sensor events in a compact form while
maintaining high precision near the center as required for navigation. The black dbtguire5

represent received distance information from an exemplary sensor: the darker a bin the more

certain this space is blocked. One can detect an open path towards the left and possibly towards the
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mapping to a regularly spad 2dimensional arrayRigure5, right) to represent the reported events.

The horizontal axis represents angles (note the red arrow indicating a-avoamd at +£180°),
whereas the vertical axis shows distances from the centez.green insets ikigure5 show the two
different coordinate systems; the blue circles show a corresponding patch of data in both coordinate
systems. It is obvious to see in the right diagram that space near the center getseefa in finer

I.
storage space. All the blocked space in the 5m circle around the robot, which significantly dominates
the left diagram, is mapped in less than #ihe available bins towards the top of the right diagram.
The open passage to the left of the robot is still clearly visible by a vertical opening at around +75
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Figure5: Left: Topdown view of a robotcentered binned lg-polar representation. Right: Mapping of the legolar
structure to a regular Cartesian grid. The darker a circle in a bin, the more certain this space is blocked. The intensified
circles (left) and horizontal lines (right) represent distances of 0.2, @.® and 2.0 meters from the center, respectively.
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As the two representations are identical in terms of data content, we will continue using the left
display (a topdown view of logpolar bins, conforming to the physical arrangement) throughout the
rest o this thesis for simplicity.

2.2.4 Representing 3 -Dimensional Events

wSI RARAYSWaA2y Il ¢ RIGIH 2y S & &Lindichofdidates] Kevg/ 1 a 2 F
however, we limit ourselves to operation in a plane or almost planar surface (see cl2apiBr

Instead of typical 3d, we have data that represents a combination of a 2d (position) and a 1d
62NARSYlGlFr A2y 0 S@SyiGz 1d Sdad NBEO23IAYyATAYy3a Ly 20¢
orientation. Note that positiorand orientation are independent of each other: an object at a distant

place can be rotated, hence keep the position but have a different orientation. For simplicity we
decided to represent such 3gvents in two structures: a 2structure for position anc separate 14

structure for orientation. We can rase the previously developed data structures and acquire one of

each to store 3ekvents. We maintain both structures in a single object referred to as a 3d structure.

We believe that an extension of the @astructure to represent a full 3diorld with an up to 3
dimensional position event and a related up taliBhensional orientation event is easily possible.
Refer to chaptel.8for a discussion.

2.2.5 Storing Additional Attributes o  f Events

The described polar and lg@plar binned data structures remember positions and amplitudes of

events. To reflect the nature of the data stored in a particular instance of the structure, each
instance maintains a small number of additional attriesit set by the source of the event. These

attributes allow an external observer to operate on subgroups of the data (e.g. inspecting all
Gof201Ay3¢ S@Syida Fd 2y0S> aSS o6St260 NI GKSNI GKI

The simplest attribute is flag denoting whether the observed event is physically blocking space,
making it nortraversable for the robot. Events from a distarioeobstacle sensor by definition
block space, whereas information about visible landmarks does not necessarily indicaked
space: A landmark might simply be a colored cross drawn on floor that is well traversable. Inspecting
this flag allows the data structure to provide information about traversable paths without having a
WRSSL) dzy RSNRAGEFYRAY3IQ 2F GKS RIGFE a02NBRO

An aditional flag indicates if recorded events are absolute values with respect to an external
baseline, or result from an integration process with respect to a previously set baseline. Absolute
recordings, as e.g. the direction to the magnetic north polewsdata with a measvariance of zero

over time for a stationary sensor. Some sensors, however, integrate signals with respect to a
baseline, e.g. a rotation sensor mimicking the vestibular system that initially needs to obtain a
GF2NB I NRa¢ RdemdOdgenethtg slowly KriftiigSsignals over time, so they require a
periodic reset and capture a new baseline. Setting this flag according to the nature of the sensor
allows handling all integratichased sensors periodically without knowing further aitst about the

kind of data they provide.

A scalar value describes exponential time decay applied to the stored data (refer to cB&fte
reducing he certaintythat a received event stilllescribes the true environment. S@rsensors
report events at high frequencies, such as e.g. the magnetic north. These kinds of events decay
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quickly over time, as updated data is available quickly. Other sensors as e.g. vision are more
expensive to process such that new events get reporteds less frequently; hence we decay this
information slower.

The last principle difference amongst sensor events specifies whether a single source is responsible
for the reported events. Alternatively, events can originate from multiple indistinguistsleces

or multiple individual sources. In the first case, all events received from a sensor share a single
binned representation. A targetensor is such an example, where a single desired target position
provides stimuli. All consecutively received eweget averaged using a population code weighing
a0KSYlI (2 NBOSAGS (GKS o0Sad SaiAayYlHRgdre6zlgf). mnKS 4 N
contrast, a distance sensor reports events from multiple indistinguishable souMdlessflecting
objects provide various events consisting of angle and distance. All these reported events are
represented in a single lggplar map, but it would be very little useful to compute a population
vector average: Looking &igure6, middle, the population average of the blocked space points
roughly to the center, not providing any information about traversable space.

Thirdly, sensors can report events from multiple distinguishable sources, as e.g. a landmark
detection sensor does. Such a sensor continuously reports a set of visible landmarks, each
elementary observation consisting of a landmai&ntifier in addition to position and possibly
orientation. We represent such events by creating a separate binnegdtay structure for each

identified landmark, labeled with the landmark identifier (sEigure6, right). Consecutive events
NELR2NIAY3I GKS &aryS fFyRYFN] 3S4G FRRSR AydG2 GKS
computed uing a population code average amongst the data in its binnegbddar structure. One

can also think of such a landmark sensor detecting 10 different landmarks as a set of 10 sensors
detecting one landmark each. However, as the reported events are of ahee dype, it seems
conceptually more elegant to represent the data in a common framework, having a single reference.
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Figure6: Left: representation of a sensor reporting events from a single source, population code vector ptintise
most likely position of the source. Middle: Distance data showing blocking objects. Right: Events from multiple
individual sources represented in multiple binned lggplar structures, each computing the population code estimate of
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2.2.6 Tradeoff between Memory Requirements, Processing Speed, and Accuracy

We have introduced a binned data representation to reduce storage space and speed up
computation. How much do we gain using bins? This question is difficult to answee, laave no
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absolute reference to compare against. In this chapter, however, we will discuss the parameters that
generate the structure of the legolar based event representation and discuss our settings.

The first decision taken was about the total distaro cover in the data structure: Conceptually we
designashorNJ y3S NBLINBaSydGlGA2y F2NJ RFGF GKFG A& G@éLd
OKly3aSa G2 | ySg aLX I 0O0S¢ésx ¢S OREWAIS KI2gy $@ yHEI Kla
NI yaISyeR K2¢ fFNBS Aa | LI OSéK ¢KS FyagSNI ai NP,
structure of the environment. We argue that a typical place shall know events within only a few
body-lengths of the robot. Only in exp@onal cases, such as a large empty room, or a long corridor

without intersections, a place needs to know events beyond. Consequently, we chose a 5m radius

for the representation, allowing all events reported within a 5m radius to get mapped directly into

one or multiple bins. We do, however, use a trick to represent occasional events from larger
RA&AGFyOSayYy 2SS AYyUiNBRdzOS |y |RRAGAZ2YL G @A NI dzI £ €
outreach, e.g. at 100m. Events happening beyond the local Smergagmapped partially to the

5m-bin and to the virtual 100/bin according to their spatial distance. The position of a neighboring

place (an event that typically has large distances) at 20m will get mapped strongly in thia Zmd

weakly in the 100rbin. In contrast, a neighbor at a distance of 80m will get a weak representation

in the 5mbin and a strong representation in the 8@ bin. Using a population code for readout

(refer t02.2.5 we can reconstruct a precise estiraif such longlistance events.

A second parameter to discuss is the smallest reasonable bin size: The smaller a bin, the more
precise its positiorestimate. However, the smaller the bins get, the more computing power and

memory we need. Again, we decidéal relate our estimate to the bodiength and additionally to

the driving speed of our system. As we require a security distance to walls of 20cm, a fraction of this
seems sufficiently precise to avoid hitting blocked space. We chose the shortest biit®tfedsin

the center of the representation) to be of length 5cm, in order to stay well below the security
RAAGFYOSd ¢KAA oAy aAl S adAatt Aa arxayirAFaolorydate f
we still group multiple events into binReducing the bin size further ultimately leads to individual

events stored in individual bins, similar to remembering each event in a long list.

The last parameter to discuss is the total number of bins for the representation: A larger number of
bins resilts in more precise positions for events, but also in more occupied memory and more
complex computations. Fewer bins, in contrast, reduce memory and speed up computation. To find
a good tradeoff between the two, we need to balance desired spatial preciasiad available
computing resources. Running several experiments on the real r@dwipter 3.2) and in the
simulator (chapter3.3) showed that choosing 32 bins for each dimension allows accuraig sh
range navigation, while still performing in regahe with small memory requirements:

i 1-dimension: 1x32 = 32 bins
1 2-dimensions: 32x32 = 1024 bins
1 3-dimensions: 32x32 + 1x32 1076 bins of a single value each.

Comparing these numbers agat for example a distance sensor reporting 120 distances in the field
of-view with a typical update rate of 5Hz, thediznensional binned event representation saves
memory within less than 2 seconds. The main advantage, however, occurs when collectog sen
events at a single place over long time: All events get incorporated into the existing representation,
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so no additional memory is required. Such a loegn storage reduction gets especially efficient
when introducing representations for behaviorallgrgficant places in the environment (chaptBr

In the current implementation, the parameters discussed above stay constant at runtime. In
principle, an adaptive implementation of the data structure can modify these valuemgdu
operation, accommodating for differently structured environments: Navigation in a large empty hall,
e.g., might benefit from a coarser grid. Navigating in a tight maze with blocking walls every few
centimeters on the other hand will benefit from a sificantly reduced total distance. The principle

we present holds true for a representation with fixed parameters, though: Both these places can get
represented in a noadaptive structure.

2.3 Representing Events from Multiple Sensors

We started this chaptestating that we initially explain the principles of the data structure looking at

a single exemplary stationary sensor. Now time has come to extend the presented concept to
maintain data from multiple sources.

We cannot place events from different sensamgo a single representation, as this would require

fusing different types of representations (1d, 2d, and 3d), but also mixrelated events before

computing a population coded average. Instead, we use multiple instances-oRddand 3d

structures2  NBYSYOSNJ S OK aSyaz2zNna SoSyida AYRFEARZ f f
symbolOwas chosen to indicate the accumulative and comprising nature of the container.

The first event from any sensor arriving at such a conta@®ereates an ingince of the required

1d-, 2d, or3dd G NHzOG dzNB (12 ai2NB GKFIG S@Syidz FyR aaadys
arriving events from the same sensor automatically get added to the existing structure, determined

08 GKS aSyaz2NDier @ dod¥sSndt nde& ® ur@ésfaid events to handle them

correctly: it will simply add them to existing slices of data or create a new representation. Common
operations on stored events, such as translation or decay (chaptBysoperate on all slices or on a

4S5t SOGSR 4dzaSi RSUSNNAYSR2H)réspattkely. at A 0OSAaQ I G3GNRG
For simplicity, in the following chapters we will display such a cont@rasl o-GESR dzZ3KE OA S o
all contained representations, as shownHigure7. For representations using a population code to
SadAYH(S GKS 808yiQa (NS LRaAGA2YST 2ytd GKS &A\
to increase readability. However, for common operations on the data, the container internally

always maintains the true binned event representation for all sensors.

24



Introducing Types of Sensors and Reported Events

(1 ondmarl- 102
(1 ondmaric 1012
| TN VE

[Landmark: LM 0
[Noiohhar 8114
[ Neighbor: 3277

[Magnetic Direction
Blocking Objects o A

|

Figure7: Left: Individual slices of representations constitui container O. All stored events in the container can be
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2.4 Introducing Types of Sensors and Reported Events

In this chapter we will @ Odzda G(KS RATFTFSNBy(H GeLilSa 2F asSyazN
environment, describe the types of events they report, and speculate about additional kinds of
aSyaz2NhB GKIFIG O2dA R AYLINROGS (KS &ae2aidisSyQasLISNF2N
between sensors, and discuss consequences arising out of the differences. However, we do not
RSAONAOGS RSGIFIAfa 2F GKS aSyaz2zNBRQ dzyRSNIe&Ay3d KI N
complex algorithms for event prerocessing, such as e.g. extiag objects from captured video

images. This will happen when introducing the existing robot in ch&&rThe current discussion

treats conceptual sensors reporting abstract events.

Using events from all sensors describadthe following chapters increases the richness of the
sensord A AY I GdzNB 0 F NRo20Qa LRaAGA2Yyd ¢KS Y2NB RS
navigation, the simpler the problem. However, the more events require processing, the more
complex andslower the overall system gets. Ultimately, we need to find a tradeoff between
computational complexity and richness of environmental knowledge. In the following chapters we

will present the implemented sensors in our system.

2.4.1 Obstruction Sensors
ExamplestaserRangeFinder, InfraRedTransceivers, Mechanical Whiskers, Ultrasdimansceivers

Probably the most important sensors in the context of navigation are those that report distances

and directions to surrounding blocked space: A mobile agent neellade where it currently can

LJad YR 6KSNB Al ySSRa G2 aid2L)d {dzOK aSyaz2zNa N
with an associated direction and distance. Usually, such a sensor reports a large number of events
spread over various differergingles. A typical example is a sensor emitting a directed light beam in

various angles and computing distances to the objects based on reflection§i(gege8). Such a

sensor potentially reports objects from very close to medidistances at relatively high update

rates as required for lockhead driving. Unfortunately, such a sensor does not report all objects
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reliably; e.g. a large glass inset in a door is invisible to the light beam, although it absolutely blocks
space for tte robot.

Autonomous robots typically apply a second type of distance sensor to increase the chances of
detecting blocked spaces reliably. Such sensors might be mechanical whiskers reacting on touch or
ultrasonic transceivers emitting and receiving a soumdve. Both these sensors can detect
GAYyO@AaAof SE 3TJflaa 202S00Gax odzi O2YLINBYAAS Ay RA
These sensors often extend forwards and backwards and serve as an emestmmsignal with low

spatial precision for th moving robot.

All these types of sensors are absolute (refer to cha@e:5, meaning that they continuously

provide identical events for a stationary sensor, but also for a robot returning to exactly the same
position and orientation in space after traveling. These sensors, however, do not provide
information about the identity of objects: a blocked space is a blocked space, no matter if the
blocking is caused by a door, a sofa or a chair. For several of such sensohahear infer that

aL) OS 0SG6SSy AlGaSiSDSyYYiRARA FNBBORIR OB 0F¢ OK2 & S
& LJ- -©vBris storing negative values in the corresponding bins. In contrast, bins representing
invisible space behind objects as well as €pS 2 dzi 2 F ( K S -oNBW @®iitahdalusdzNNE vy (i
of zero.

FigueBa K2 ga GKIFG adzOK I aSyaz2Nna NIry3aS Aa fAYAGSRY
the front; so the event representation on the right sidgogts open space towards the front. Also

y20S GKIG GKS aGKAOlySaae 2F gltta Ay adgyS SOSyi
sensing different distances, as highlighted by the blue circles.

— D _
®
[ ] [ ]
®
.
.
.
. .

. T T

. - ™~

/ - N

f/ e /’/ \\. ey .. A\
’f [// P \‘. .
f ‘_.’/ = = \\_. \‘«,
it )
| I \\% I:l %/l ;'I
\ SumEme
\ X % /
\ o o /
N\
\ /

Figure8: Left: A top down sketchof a robot equipped with a obstruction sensor, here a laseangefinder, in a complex
environment. Right: Representation of reported events in an instance of a binnedd2gpolar map, with dark points
denoting occupied bins according to thexeironment on the left.
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2.4.2 Object-Detection - and Object-Classification Sensors
Examples: Vision, Barcode Scanner, RFID

These sensors identify an individual object, or the class an object belongs to, and report identity,
position, and possibly orientation dhe object. Examples of such sensor modalities are vision to

detect objects like desks, chairs, or sofas; but also RFID sensors to scan nearbyrrelgaktic

tags. Even a simple sensor detecting doors based on a narrowing in the current passageway can be
GNBFGSR a adzOK | &aSya2NE RSGSOGAYy3I GKS aay3atsS
azald 2F (GKSasS aSyaz2NBR R2 y2i ARSyGATe 202S00a
AAAYATAOLIY(l 202S8S0Ga Ay Iy F0aldNI Ol TOARAE2E2F 6D ON
basic navigation it is not important to identify objects uniquely, although available- it does

increase the certainty of position estimates. It is, however, important to reliably report the same
RSAONALIIA2Y 00GKS maltple Sddse@tive dcduiBeyicésh of @he obggf: When

0N GSNEAY3I |y FA&aftS aS@OSNIXt GAYSaz GKS alyYS aNB
Note that some of these objects are stationary, others are not: sofas and doors tend to stayrat thei

places, whereas chairs or coffee mugs might get movedeven removed. So if a salient object

exists, the sensor needs to report its identity; if the object is absent, the sensor shall keep silent.

v A 4 oA X 4 oA

{ dzOK RSGSOGSR 202S00Gasx doKdelhedamri&i. Thdy fmight shbw ypR Y I NJ &
anywhere, or there might not be any landmark for some time within sensor reach. It is important to

stress that in our system, we do not provide a collection of existing landmarks, and neither do we

LINE @A RS sf dogffiehy. I TRd fbot must detect salient landmarks autonomously and
remember them in its own coordinate frame.

As with the distance sensors described above, these sensors are absolute sensors: they report the
same events (landmark identities and pogit) whenever the robot returned to a previous position

and orientation, unless the external landmarks have been shifted. These sensors detect fewer
objects compared to distance sensors, and typically need more processing power to find object
identities. Tkerefore, the typical rate for reporting events is significantly lower; down to not
reporting events for some time. Please refer to chap8R.7.1for a typical view of various
landmarks.

2.4.3 Heading-Direction Sensors
Examples: Copass, Gyroscope

A heading direction sensor is a edienensional sensor, reporting orientations without associated
distances of events. A compass is a good example, reporting the direction towards north: a single
GeLlS 2F SOSyYyild oay2MHKS0 8apliKNKRAYYRKNARONWEHRSI aSy
the robot and hence the sensor rotate by 90 degrees, the reported d@ogh®rth also changes by

90 degrees. The reported events lead to a blob of activity in-eefiesentation as described in

chaper 2.2.2 Such a sensor again is an absolute sensor, pointing in the same direction given the

same robot position and orientation. Due to electragnetic distortions, the same orientation to

north at different positions doesot necessarily report the same angle, as will be described in detalil

in chapter3.2.7.3
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In contrast to a compass, a sensor mimicking the human vestibular system such as a gyroscope,
reports changes in orientation. We needpoe-LIN2 OS&da (KA&a aSyaz2Nna RIGF o6
1d- representation: The sensor gets reset periodically, defining the current orientation to be
GF2NBI NRa¢d ¢KAa NBaSia KIFLIWISY 6KSYSOSNI GKS NRO;
go to or open space to explore (refer to chapteB.2for details). After reset, all signal changes get
AYyGiS3aNFrGSRE 1SSLMAYy3 GNXO1 2F (GKS OdzNNByild 2NRSyi
YEAYGFAya Ly 2N@EESRAEZS ARVATGINI & G2 GKS |y3afsS
AYGSaANFGSR SadGAYFGS (261 NRa F2NBI NRaX K2gSOSNE F
over time due to sensor noise getting integratédgure9 shows theprinciple differences in signal

error between a noisy absolute and a lawise integrated orientation sensor, both reset at the start

of the recording.
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Figure 9. Estimationerror over time for a noisy absolute sensor (Compassje)l and a lownoise integrated sensor
(Gyroscope, yellow). The robot is performing three full rotations of 360° on the spot, with black arrows denoting a
completed rotation. Note the periodicity of noise in the absolute (blue) signal, and the slow driferotime in the low
noise integrated (yellow) signal. A stationary sensor, in contrast, would produce a constant error in the absolute
scenario, whereas the integrated sensor would still show signal drift.

2.4.4 Ego-Motion -Sensors
Examples: Wheel Integration, Gptlow

Monitoring and integrating egmotion provides another source of information regarding position in
space. In the current system, the robot integrates its wheel rotations to estimate distances and
directions traveled.

This quantity again cannot ge¢presented as is in the datdructure; it requires conversion into a

AL GAL T LRAAGAZ2Y D C2N) O2y@SNEA2YZ 6S LISNAR2RAOLI
with a desired orientation at target, e.g. whenever starting a journey to akwelvn place (refer to

chapter 4.3.2 for details). While moving, information from an ego motion sensor such as wheel
integration updates the imagined target position. These updates create events reporting the current
estimated targetposition and orientation relative to the robots base position, that can get stored in

a 3drepresentation (2eposition and 1ebrientation). The sensor requires periodic resets to remove
accumulated position error from the integration process.
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2.4.5 Additional E lementary Sensors
Examples: Horizon Sensor, Acoustic Sensor

Here we will briefly outline additional sensor we discussed while developing the project. Although
these sensors are not physically implemented on the robot, they would increase the richness of th
sensory signature and therefore improve navigation performance.

A conceptually simple sensor is a 360° horizon sensor, recording quantities such as color, brightness,
2N WHBPBSOGIQ i (GKS K2NART 2y ® { dzOK aBhysededh Q S @S
guantities to get stored in a kepresentation. Multiple peaks of the sensed quantity are possible,

e.g. various bright spots from multiple light sources in the environment. Such sensors provide only
orientation information, similar to headingirection sensors. However, such sensors generate a
signature based on local environmental features, causing the signature to be valid only at or close to

the original recording site. A compass, in contrast, reports angles towards a global point oficefere

that remain valid over larger distances.

Acoustic signals can provide another source of navigational information, e.g. a constant hum of a
nearby computer. Depending on ppgocessing, the events can bediimensional (e.g. the angle of

the loudest soud, independent of frequency),-@mensional (e.g. the positieastimate of a
nearbysound), or multidimensional, if a filtebank selects various frequency ranges for sounds and
processes each frequency band independently.

2.4.6 Derived Events
Examples: EedgeCorner, Junctiorsensors

As discussed in chapt@rl, the data structure accommodates elementary sensor events presented

in the previous chapters, but also processed events, such as edges, corners, junctions. Such abstract
elSyitia 3ISG RSNAGSR FNRY StSYSyGrNR RFEGFEFEZ &d So3ao
a blockedspace representation. An algorithm computing such events stores its new events in an
additional layer maintained in the same contair@that holds te elementary events. The algorithm
AAYLX & ONBIFrGSa yS¢g S@Syita 2F (eLJS aSR3ISE HAGK |2
O for storage. The container handles all incoming events in the same fashion; it does not
differentiate between elementyy and processed events. Cascading this principle of deriving events

is possible: Another algorithm can inspect derived edgerner, and junctiorevents, and create a

ySs aKlFffgleéd SOSyid (G2 adG2NB Ay (GKS alyYS O2yil Ay

2.4.7 Abstract Events
Examples: Neighbvs, Explored Space

Some actors in the system need to store abstract information related to space, that is not accessible
by sensors and that cannot be directly derived from elementary sensor information. Such abstract
events include identity and positiorf emteresting places in the vicinity, or preciously explored space
that turned out to be irrelevant and thus needs to get marked to avoid further exploration. The
data structure is sufficiently flexible to handle these abstract events, simply by treébgnglike any

other event it receives: It creates a new layer to store the events, labeled with a tag to identify these
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events. Ultimately, the active entities that stored the events need to know how to interpret them;
the container only memorizes and mé&ins the events.

2.5 Maintaining Events: Translation, Decay, Normalization, and
Integration

2.5.1 Translating and Rotating Data Based on Robot Motion

So far we have only looked at stationary sensors; however, the robot carrying sensors is moving

most of the time,requiring changes in the stored positions of events. We could simply forget old

events and look at the current snapshot of sensor events, ignoring tiny motion within a singte time

frame. Such an approach wastes a lot of existing knowledge about the eméntnas events that
accidentally did not occur within the current time frame will be unknown. Additionally, if the source

2F Ly S@Syid Y2 @S R-offieait tygpigallylstill xSty ia thendded. A& arSekaRple,

a previously detected landmNJ G KIF G Y2@0SR Ay GKS NRBo62:GQa NBI NJ
currently not visible. The previously gained knowledge about landmark identity and position is still

valid for position estimates and thus should remain in the representation.

To maintan previous events at valid positions in the structure, their representations need to get
dzLJIRIF G SR o6 aSR 2y G(GKS NERO 2 i Qa&clowk@iseApsitive diredtianizatt A y 3 |
stored events rotate clockwise by 90° (negative direction). Rujagivents like this moves them to

the position they are currently perceived from, given they are still visible. Events falling out of the
field-of-view still remain in the representation, and thus still exist in memory. Similarly for
translation: a forwaredriving robot causes all stored events to shift backwards, to the position they

are currently perceived from; ultimately moving in the robots rear where they cannot be sensed any
longer but remain in memory.

To perform such translations and rotations ofemts, we need to know how far the robot has

moved. However, sensors providing erfoee measures of translation and rotation do not exist. As
approximation we can rely solely on an emotion sensor such as wheel rotations (chaf2et.4) to
O2YLJzi S GNIXyatldAaz2ya |yR NRGFGAZ2Yya 2F S@Sylhao az:
however, introduces a large overall uncertainty: measurement errors from this sensor have direct
AYLI OG 2y |ttt 20 K8 sdglasensar 2hdEbe in SugnSaypoméerl posiin, being

FofS G2 | OOARSyidlftte 20SNBNRAGS Fff 20KSNJ aSyazN.
NRGIGS FEt S@Syda Ay YSY2 NE-indepeadsr of the/trulii dc@edNR 6 2 (i Q2
motion. Additionally, we introduce a method to correct errors by comparing epesttions from all

sensors against their predicted positions, as will be described in detail in clZapt8rApplying this

method estimatesi KS NRo62GQa Y2GA2y o6F&SR 2y | LINBRAOGA 2
This method turns out to be significantly more robust compared to relying on a single sensor.

Translation and rotation do not happen as a singular event: the robot will map jitom a place to

the next, rest, and jump again. It rather moves continuously, such that stored events need to
continuously translate and rotate in small fractions. Such incremental updates generate a problem
regarding the position of individual event/hen the robot travels, events stored in one bin do not
transfer completely from one bin to another, because the robot is unlikely to travel exactly the
difference in distance between two bins. We have to decide how to handle events stored in a bin
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when moving: keep all events together in one bin or split them in fractions into multiple bins.
YSSLIAyYy3 |fft S@Syida (23SGKSNJ Ay | aAy3atsS -oAy R2
increments are smaller than the size of a bin, such that all evensssirigle bin fall back into the

same bin after applying a motiempdate. Hence, even after large distances traveled composed of

many reported incremental motion updates, all events are still in the same bin as before. The
alternative approach, splitting ewnts from a single bin into multiple bins, immediately blurs

available events all over the place, as a simple example irragtdsentation demonstrates={gure

10, left side): Assume an event of certainty 1 is represented M df S oAy X Ol ff SR
traveling a short distance, the certainty from BO is split into BO and its direct neighbor B1. Upon
receiving a second small motion update, both certainties from BO and Bl get translated again,
contributing to BO and B1, buttada 2 (2 . mMQ&a yYSAIKO2NI . Hd ¢KSNBFT2N
updates, a fraction of the initial event from BO already moved & d&though the total distance

traveled was not sufficient to move events from BO to B2 directly. Such an expansion diy initia

tightly represented events continues with every additional incremental motion update and further

of dzNBR GKS S@SyiQa LRaAGAZ2Yy D dgelrasantatdF, Wie@everk & & A 3
incremental update moves data from one bin into threeanieins, instead of only into one additional

bin.

To avoid this problem we separate incoming events and keep multiple slices of representations,
separated by time, distance traveled, and angle rotated. Only consecutive events fulfilling the
following critelia get added into a single slice:

9 Observed within a single time bin of at most 2seconds.
9 Distance traveled between first event and current event less than % robot body length.
1 Robot rotation of at most 12° between reports of any two events.

If one or moreof these criteria are broken, further events get grouped in a new slice, and the
evaluation restarts. These criteria ensure that only events observed within short time and from
nearby robot positions get represented in a single slice, resulting in lowigrosariance of all types

of events within a single slice.

lff GKSaS S@gSyita Ay | airay3atsS atAaAosS O2yadAaiddzisS
rotate nor translate because of robot motion. In addition to the fixed base knowledge, eaeh sli
maintains amotio Y 1 SANI A2y OSOG2NJ 6KAOK | OOdzydz I 1S&a (K.
base knowledge. Whenever current positions of gasie-events are requested, the slice internally

translates and rotates a new copy of its base knowdedgcording to the current motion integrator,

and provides this new copy (s€&gurel0, right side). All externally reported events thus reflect the

robot motion and provide the best position estimate of events as observed thencurrent robot

position. Note that a base event represented in a single bin is still likely to show up in multiple bins

Fa F OdNNByli S@Syids o0SOIFdzaS GKS Y2uA2y AyaSanNr G
position between bins. Howevethe important aspect is that the base knowledge does not spread

out and flood multiple bins, as it is only translated and rotated once in each new copy derived from

the base knowledge.
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Figure10: Maintaining events in a ldepresentation while robotR NRA @Ay 3 Ay (i KNB S -bidngta &chdzi A &S
Left: Shifting events for every incremental motion step blurs the initially precise information. Right: Keeping a fixed base
(gray) with a motion integration vector reflecting the current total trahation (black arrow). Applying the translation to

a new copy of the base at every instance keeps a well localized representation. Note that the population code vector
(red) still reports identical positions in both cases; however, multiple events storedsuch a structure lose their
individual representation.

2.5.2 Decaying Stored Information

Maintaining a large number of slices full of events offers a detailed representation about the
environment. Some of the available information is new, whereas some stofediation is older,

i.e. reported earlier in time and possibly reported from distant places. Older information is typically
less accurate compared to newer events, as the environment might have changed after recording, or
the robot might have accumulatedrrors in motion estimates. Therefore, generating a combined
estimate of the current knowledge should rely more strongly on new data than on old data. To
reduce the impact of old data, each individual sensor provides a decay value for the events it reports
(refer to chapter2.2.5: events with high update rates typically decay quickly, whereas rarely
occurring events decay much slower. Each sliteaddition to maintaining a motion integratoer
monitors time after its creationKnowing about time past and distance traveled, each slice decays its
base knowledge of all bing,6 N0 X O2 YLzl Ay 3 {KIG afteritigieitQusing tz&l NS y
following exponential function:

(L daps
bn(t) = by (0) - € v )

with t denoting the time pastd,,s the absolute distance traveled independent of direction, and

andd, the time and distance normalization respectively, as provided by a sensor. To otiteges

in robot orientation, the accumulated absolute rotations contributedig, Note thatt and d,,s can

only increase in value, thus, O2 Yy i Ay dz2dzaf @ RSONBI &aSao ! LIS @Ay 3
current value b, allows recent events to have rehger impact over decreased older events.
Eventually,b, falls below a significance threshold, such thaf0) gets cleared to save processing

time. With allb,(0) decayed, the whole slice with all outdated events is discarded.
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Maintaining Events: Translation, Decay, Normalization, and Iniegra

2.5.3 Correcting Errors in Ego -Motion

The robot executes motion commands as precisely as possible. Typically, however, it accumulates
errors in driving distance and orientation quickly, as small offsets in orientation lead to large position
errors while driving. Several reasons for suctoes are internal, e.g. misadjusted wheel speed or
unbalanced wheel diameters. Characterizing the robot carefully compensates these errors largely,
but not completely. Other sources of error in egmtion are external: driving over uneven surfaces,
hitting small objects, or slipping wheels on ground causes the true path to deviate from the desired
path. Such errors are unpredictable and cannot get minimized before they occur. Refer to the inset
in Figure 11, red trace, to see anxample of a trajectory accumulating error during a short
SELX 2N} A2y LKIaSd ¢KS o6ftdzS (NI OS akKz2ga (GKS NRO;
an error corrected trajectory. Note that the erraorrected version still shows inaccuracies altrgy

way.

The data representation needs a reliable estimate of robot motion to translate past events. Events
FNRY (KS -bosRlsensofd provilg information about motion relative to the environment

allowing the data structure to detect and correct wpected perturbations. Using events from a

single sensor to modify all recorded events is dangerous: if this sensor reports poor estimates of the
GNHzS Y2iA2yT GKAA &aSyaz2Nna SNNRBN aLINBIFRa 2dzi G2
breaks all other sensors fail as well. Instead, ideally all sensors contribute to a common perceived
motion estimate, which determines how to translate recorded events.

To compute such a common motion estimate, the data structure compares the newest recorded

slice against all past events, whenever it is about to start recording events in a new slice. It creates a

GLI ad & pg guminidg\al stored timeand distancedecayed events in a single slice. Note

that all slices have been translated and rotateda@ding to how the robot expects it has moveuxs.
NELINBaASyida GKS o0Said SadAYlFrdS o2dzi GKS NBRo2GQa (
without correction of recent motiorerrors.

Comparingoswith the current sliceds), as will be explairtein chapter2.6, provides an estimate of

the motion error that occurred based on events reported from all sensors: The distance measure
dist=cs- ps provides a 3drector (2dtranslation and lebrientation) for correcting offets in
motion. The data structure translates and rotaesaccording todist before storingcsin the list of

past events to keep consistency in the recorded data. In addition, it keeps a list of distance measures
dist, to compute the average distance aih occurred for the last 8 slices added to memory
(avgDist8), but also the average distance of the last 4 sli@gDistd. If avgDist8 exceeds a
OKNBAK2f R aSi G2 oy 2F GKS NRo20Qa tSy3adkK Ay 0N
large error in egemotion recently happenedavgDist8 however, might not describe the change
correctly, as it still contains slices recorded before the error occurred. We will only take an action to
correct ego motion oncavgDist4and avgDist8indicate a sirlar change, suggesting that the error

has happened before recording events. With batigDist4and avgDist8exceeding the threshold,

we translate or rotate all memorized data according degDist4 subtract avgDist4 from the
distance memory, and notify ghrobot about the detected offset in egmotion.

Discrepancies betweersand pstypically have two different sources: temporary sensor inaccuracies
or a moderately misplaced robot, e.g. because of driving over a small obstacle. For the first case the
recarded sensor data of individuakgets corrected as accurately as possible and added to memory,
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but the avgDistvalues are unlikely to exceed the threshold; ego motion does not get corrected. In
the second case, atls recorded after misplacing the robothew a consistent offset, such that
avgDistslowly increases andafter some time- permanently reports that offset. Offsets below the
defined threshold get ignored and new data gets matched for position individually. Once the
threshold is exceeded, all@rious data get aligned with current events; all future events are aligned
correctly until further errors in egmotion occur. This principle for correcting errors in ego motion
results in significantly improved position estimates compares to simple mattegration based on
$KSSt Sy 02RSNH®elNB INBNI a1 NG 08S aK26Ay3d (KS
encoder integration only, whereas the green trace shows the position error when applying error

correction).

z
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Asan alternative approach we tried continuously correcting a small fracticavgbDis®8: translating
FYR NRBGOFGAY3 I AviDisiBdofadts IRrgeRiroislin ego@notiéd réliably within a few
iterations. Unfortunately, applying small changes continuously also leads to slowly drifting estimates
2T GKS NZO 2l Qa ftar¥daeitiing positian adddaeitationfa¢cimulited large errors.
We decided to stay with the previous approach of correcting only larger accumulated errors once

they exceed a threshold.
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FigurellY ! NR o2 (G Q&a SiNakB:Nd kafe shadvsiircizdse of poStidn error over time as average over 100

trials, the shaded area shows one standard deviation. Green trace shows position error of the same 100 trials with
enabled error correction. The blue graph above depicts teded distance within the time windows of 7 minutes. The

inset shows an example of the increase in position error during a single exploration trial over 30 minutes in a top down
view of the robots computed positions (red/green) versus its true position (@)un a room of 8x15m.

2.5.4 Best Estimate of Current Local Environment

Up to nhow we have presented data as a collection of slices recorded over time. However, when
taking behavioral decisions about the environment based on stored data (e.g. fining a traversable
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Maintaining Events: Translation, Decay, Normalization, and Integration

path), having individual slices does not increase content but only complicates computations. The
data structure provides a combined representation of all events upon request, showing the current
collective knowledge about the local environment, e.g. feoring snapshot views of a local
environment. To compute such a collective view, we fuse all translated and decayed events in
memory into a single new slice by adding all values of bins at corresponding positions.

Merging all events into a single slice htiggenerate very large values in particular bins and small
values in others that have been observed less frequently. This might cause problems in further
processing, e.g. when comparing two snapshots. We keep the true sum of all memorized data in the
basebin (refer to chapter2.5.1), but apply either of the following two correcting schemata to the
values in the current bins:

T 910K oAy 2F S@Syita O2RAYy3 F2N) ao0ft201SR &Ll o
events from binsat identical positions but different slices get added and finallyaffitat
peakvalues of +1 andl, indicating that a bin is certainly blocked or certainly free. As
discussed in chaptet.4.1most such sensors provide blockspace and free-spaceevents,
NEO2NRSR |a LRAAGAGS 2N yS3aFiABS Ol fdbSad 28
their nominal value when summing bins, such that conflicting positive and negative reports
for a single bin are more likely to report blocked space.

1 Observed events originating from a single source use a population code to estimate the
a2d2NOS&aQ (NHzS LRaAGA2yd ¢KS RFEGE &dNHzOG dzNB
positions into a new slice. The total value of all events contained in évisstice, however,
shall not exceed one. If it does, all bins get normalized by the sum of all stored events. This
normalization does not change the position indicated by population code, but reflects the
significance of events: Those reported only briefigtly below a total value of 1, whereas
those reported sufficiently often reach a significance of 1 but no more.

Summing all events into such a single slice provides a compact representation of the current
environment, called a plaesignature ps). Note,however, that further translation and rotation of

this pssuffers from blurring data as explained in chap2es.1). Thepsis only useful for temporary
snapshotsorquasi i F G A2y NBE aOSyl NAR2as SuéhtbendrdaBeit Wiini2 Y LI NXR
apsof a previously visited place.

Figurel2 show a summary of the processing steps to turn sensegnts into a placsignature.
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Figure12: Turning senson @Sy ia Ay a&RI¥Il GdzB OB O2tt SOGAy3a S@Syidia FTNRY | f
events in memory, comparing expected view with current view to correct errors in ego motion, and finally fusing all
events into a snapshot.

2.6 Comparing Containers

Comparing environmentahformation in two containers is an elementary operation that the data
A0NHzOUGdzNBE LISNF2N¥aad ! aAYLIX S &aO0FfIFN) AaAYAL I NRNGeE
sufficient for navigation: As example, assumeobot wanting to center in a previouslsited spot

has already returned to the exact place, but faces a different direction. Comparing the stored place
AAAYLFGdzNE 3FAYyad GKS NRo2GQa OdaNNByld ©@OAS¢g aK2dA
the current view is rotated with rgeect to the recorded place signature. Furthermore, when the

robot is close to but not exactly at the stored location, the similarity measure needs to provide
translation and rotation offset between the two containers.

Given two containers, only pairs of tdafrom sensors that are available in both containers are
compared. However, multiple of such paise comparisons typically repodifferent similarity

Gl fdzSa yYyR YAIKG S@OSy NBLR2NI RAFFSNAYy3I 2FFasSia
performmultiple pairg A &S O2 YLI NRA&az2yas AyalLlSod GKS NBadzZ da |
for similarity and offset. This best estimate should not simply be the average of all individual
estimates, because with such a simple algorithm a single confusstismodifies the overall result
significantly.

Internally, a data containe®, compares each of its individual slices with a slice of the same type in
another containerQ, if and only if such a slice exists. For each such pair of slieesl $, a copyof
the first gets rotated and translated before comparing with Berforming a large number of such
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translations and rotations results in a detailed similat#igdscape for various possible offsets
between $and $, closely resembling a convolution dfet two slicesFigurel3, upper row, shows
such a convolution for an exemplary 1d data structure. The peak activity of the resgdtisSat
about 160 degrees clockwise from origin, corresponding to the rotation ffrSnaximalsimilarity

with S. Note that the angular resolution of the result is much finer compared to the original data,
allowing detecting rotational offsets smaller than the original angular resolution.

Comparing 2d data structures follows the same principlecdeed above; however, in addition to
rotating the original data to find the best match, the data also needs to undergo translations. The
resulting similaritdandscape is -8imensional: for each possible rotation angle the data is also
translated to varios positions relative to its origin, described by distance and angle. The incremental
steps between shifting distances are small close to the origin, but increase further away; allowing
precise distance estimates in the vicinity while saving computatisaaburces further away.
Comparing 3d data structuresthat are internally composed of a 1d and a 2d structure, refer to
chapter 2.2.4 - happens simultaneously for the two internal structures, combining the results.
Therefore, the similaritylandscape still is 3 dimensional, providing the similarity measure for a
combined translation and rotation.

%@@ O QO Szoo O Q@ S S(z)oooooooooo
@ O O ) 9 e}
O] O% O © A g o
© O o) @@ Q S
OO O OO OO O @) OOO@@@.©®
SQ 50 3N 5 @® SQ 4 ,000e
5204, CICIOM of,%o o,
O © ) S %
® O* O @ A ¢ 8
© O o) O %o @é’
C0p0° 00 o® Co0eee®

Figurel3: Comparing two 1d containers. Upper row: convolution of two containers with well located stinsources (§

S) provides a strong peak at the offset between both,tS,). Bottom row: comparing a well located source, 30 g A G K |
multi-peaked uncertain signature (80 LINB @A RS & Ydzf A LD BT OLISNI (8K SANY (KK S/ NXB/a dif AiS Nd
indicating that either of the two possible rotations is a preferred solution.

Under realworld conditions, sensor data typically is significantly noisier thadfignrel3, top row,

and often shows multiplpeaks from sensor noisar driving errors. Comparing such data leads to
multiple peaks in the similaritlandscape, as shown #igurel3, bottom row. In 2d or 3d-cases,

more than a single offset can lead to optimal overlaps, such as e.g. data madékgdspace of a

4-way junction which looks identical for each 90 degree rotation. In all these cases, the convolution
returns multiple peaks for each sensor, rather than a single average offset. This is advantageous,
because the containd®, that is perbrming the comparison can inspect all individual results and find

the best combined solution. In our current implementation, all individual similarity landscapes get
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added, such that common peaks support each other. After inspecting all existing pdicesfasd
applying a spatial lowass filter to the combined similarity landscape, the highest resulting peak
describes offset and maximal similarity between the two containers.

This operation is computationally rather expensive, but we use a number dfrimeptation tricks to
reduce processing time:

i The comparison does not necessarily happen at arbitrary offsets, but might be limited in
distance or angle. E.g. when the robot approaching its target, the system typically has an
estimate of its orientation ath remaining distance with respect to the recorded place
signature. Therefore, we limit the comparison to angles within +30° and to distances
typically within 1 meter. However, when no proper match is found the seeanbe is
automatically extended.

1 All ratations and translations of data in a structure happen to identical target positions for
consecutive comparisons. We do not compute these target positiorh@fly, but instead
pre-compute all possible shifts of the lgglar binned representation at sism startup.
Generating such a lookup table initially requires processing time (about ten seconds), but
speeds up comparisons in the running system significantly.

1 2d representations containing data from multiple distinguishable sources (refer to chapter
2.2.5andFigure6, right) need most processing power, as they require a fult@uvolution
for each of their internal layers. Instead of computing these convolutions, we apply a trick:
using the populaon-coded positions of each source we compute thedtance of each
pair of positions for all possible rotations. The rotation that produces the smallest variance
in vectordistances denotes the best match for orientation with the vectordtance
denoting the translational offset.

2.7 Provided Functionality

The main purpose of the designed data structure is to store and maintain semsots. In addition,

it shall generate and operate on a unified abstracted representation of previously recorded events
from a local environment, the plaesggnature. The active units in the navigation system, such as
sensors or placeepresentations (see chaptel) shall not care about the underlying principles to
represent and handle data. Weate explained how the data structure maintains reported events
from sensors. In this chapter we will briefly discuss intrinsic functionality that the data structure
provides as service for abstract decisions, as e.g. comparing two-gtaegures. Providg such a

set of abstract functions, the active units do not need to understand or inspect the stored data in
detail, but receive all behaviorally significant information abstracted from the underlying stored
events.

Table2 listsand describes provided methods operating on a contaer
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add(single slice)
add(otherO)

These methods merge events stored in the provided argument int
existing container. Adding an individual slice initially checks if even
this type (i.e. fromthe same source) already exist. If they exist,
I NBdzYSy i Qa OdaNNByid Sg@gSyda oiNT
base of the container. If they do not yet exist, the provided slice
added to the container.

Adding a container to the current camibher adds each slice of th
argument individually as describe above, thus ultimately adding the
container to the current container.

enterNewSensorData(
identifier, Data)

This method takes a sensor identifier and a data object represel
new data fom a sensor. It creates a new sligg d¢f events based on th
LINE JARSR | NHBdzYSyféa iRy RSABSt 3 K&
current container.

getPlaceSignature()

Reports the best estimate of the current environment (place signat
ps) by flatiening all past slices of events from a single source in
single current slice (refer to chapt2rs.4).

aSis5S0redni

Notifies the container about time past and distance traveled
decaying data (refer to chapt&:5.2)

distance(otheiO)
distance(otherQ, dist)

Comparing two containers returns a similarity measure and tredial
distance between both containers (refer to chap@®). The optional
I NBdzYSy i GSELISOGSR RAalGlI yOSé
contribute according to their relevance at the assumed distance.

findFreeDrivingAgle()
findBestPlace()
findDirectionsToMove()

These functions inspect all slices of the current place signg
NBLINB&ASYyGAy3a aof201SR aLl 0S¢ |
findFreeDrivindngle inspects events within +45° orientation, returni
direction and length of free space sufficiently wide to allow the robo
traverse. findBestPlace inspects the current place signature to fi
YySIENbeé aOSyiSNI 2F FTNBS aLl OS¢z
further explorations. findDirectionsMove returns a list of direction
that are unblocked and sufficiently wide to traverse, starting from
current position.

isSignatureComplete()

Most sensors operate in a limited fietd-view, e.g. reporting event
only from the frontal semsphere. Ths function inspects the curren
place signature and checks for an evenly distributed event occurren
at least one kind of events is reported substantially unbalanced,
method reports false. The robot might want to rotate 360° on the s
to refresh events that are currently invisible.

removeRelativeEvents()

Some types of sensors do not report absolute values but only chg
with respect to a baseline (refer to chapt2r2.5. These sensors requif
a periodic reset tawompensate for accumulated drift. Whenever suc
reset happens the recorded events get invalid; calling removeRelg
Events deletes all such relative events stored in the current containg

getNeighborList()
hasNeighbor(id)
getNeighborPosition(id)

Theabstract events about neighboring places (see chaptgy require
special methods, as information about neighbors gets retrie
AYRAQGARdzZ £ &8 Ay O2yaNrad G2 240
obtained by calling €tNeighborList(); the existence of a particu
neighbor is queried by hasNeighbor(id). The meth
getNeighborPosition(id) reports distance and orientation towards
neighborintheplacd A Ay I 1 dZNBE Q& O2 2 NRA Yl (i
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display() These are iternal functions for our convenience not required to run t
save(), load() program. They allow visualizing data from a container and savin
retrieving data on hard disk respectively.

Table2: Methods provided by Containers.

2.8 Summary and Discussion

In this chapter we have introduced a framework to store and process information from various
aSyaz2zNB NBfFGISR (2 aLIl GAlt yrFr@AIlLGA2yd ¢KS LINBA!
data from any of its sensors into the container. The corgaiautonomously inspects new
information and maintains an um-date egecentered snapshot representation of all currently
available local information. We store such information in an-egotered logpolar-based binned
occupancy grid, in which the valwd a bin denotes the containers certainty of a particular sensor
event. Such a representation reduces memory and computation requirements for distal information,
yet it represents nearby information with high accuracy.

The container autonomously performsaimtenance of its internal spatial data, such as translation,
rotation and decay of information. When regsted by a place agent (chapt&) it provides abstract
behaviorally relevant information based on reasoning about itsrital data, e.g. open space for
exploration, an estimate of traveled distances, or a measure of similarity between itself and another
container. Such a module in our system that interprets raw sensor data and provides behaviorally
abstract information sigificantly simplifies further navigation processes: computational blocks in
our system no longer need to handle each raw piece of sensor data from the robot independently of
all others. Instead, the robot constantly maintains a container that representsiitrent knowledge

of its local environment. Upon request this container provides behaviorally relevant information, or
creates an identical copy of itself, which represents all spatial information about the current local
environment for later processing.

Note that the concept of such a container only works for patches of local limited knowledge. If such
a container were to represent large spaces, it basically performed large scale map buildtimall

the associated problems due to sensor noise. Howefar small regions the sensor noise can be
effectively corrected of neglected, such that at any point in time the container represents a valid
signature of its particular local environment.

Such local logolar structures as implemented in our containéssuncommon in the engineering
robotics communityThrun 2002)as roboticsesearch so far typically is concerned about creating or
using a globally consistent map. Breaking global space into discrete places that each strictly
maintains only local knowledge allows using such a data structure. Typically, robotics algorithms
dealingwith navigation carefully investigate each available sensor and individually develop models
to interpret received data as accurately as possible. Here, in contrast, we merge coarse
representations of data from various sensors into a common containeeaet represented on an
individual layer. This approach simplifies handling data from different sensors: instead of tediously
hand-designing fusion models for each pair of sensors, we keep each type of sensor in a separate
layer (chapter2.3), but maintain these layers together (chap®6), such that all sensors contribute

to common decisions (e.g. regarding obstructed space).
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Advantages of Data Container

The data container performs low level mEnance and reasoning on raw sensor data. We will later

introduce place agents (chaptd) which provide a topologic representation of larger spaces and

control the robot. Such place agents should not have to interpret rawsedata, but instead

2LISNI S 2y Y2NB | 06aidNXOlG AYyTF2NXNIGA2YT &dzOK | & 47
Each such a place agent maintains its local spatial information in a data container, which provides
pre-processed abstract spatial infoation. Using containers on the robot and in place agents, we

can approach the navigation problem to some extend decoupled of the underlying hardware. We

can e.g. move to a different robot platform with different sensors and keep the navigation system
identical; we only need to adapt the data container to the modified hardware.

Extending the data container to other hardware systems is conceptually simple: data from an
additional sensor gets represented as a new individual layer. We can imagine multipte, rech

equipped with slightly varying eboard sensors, operating on the same environmental
representation: one robot updates data from a group of sensors, whereas another robot updates

data from a partly overlapping group of sensors. When comparingctmtainers for similarity, e.g.

the current environmental information with stored information, only those layers get compared that

exist in both containers (refer to chapt@:6). Sensor information that does not exist in thther

container does not contribute, and thus does not corrupt the result. However, when requesting
information about traversable space from a container that is maintained by multiple robots, such a
container has access to all previously recorded sensta dad thus can report obstructions that

might be invisible for the current robot. The data structure thus can guide the robot around existing

880 AyoraAroftsS 20a0NHzO0GA2yad ¢KS SEFOG &l YS | NAd
completely &ils: this sensor stops reporting new data, so the current container has no information
regarding this particular sensor and will ignore it when comparing with previously recorded data
however, the container still remembers old spatial information anleta this information into

account when reporting free space. Furthermore, when adding a new sensor to an existing system,

2f R ALI GALE AYTF2NNIFGA2Y YIFAYGFrAYSR Ay | L I 0S
navigation, and will incrementallyet enriched with data obtained from the new sensor.

The presented container not only easily adapts to modified sensing hardware, but also is flexible
regarding computation requirements: the number of bins in a container positively correlates to
required computation resources and precision of spatial representation: The higher the number of
bins in a container, the more precise the representation of a given environment this container
maintains; the lower the number of bins, the coarser the representatiut.the same relation also
holds for computation and memory requirements: the lower the number of bins, the lower the
required memory and computing power required for performing basic operations, such as
translation of data or comparison of containers. Fargiven environment (e.g. fine detailed
structures vs. open field) and given computing resources (a PC on a desk is very different to a
microcontroller onboard the robot), we can flexibly adapt the data structure. We can also imagine
maintaining containes of differing spatial precision for different tasks or different places in the
environment: all those requiring high precision get represented by a computationally expensive
container with many small bins, whereas places and task that require only mtralsprecision get
represented in a different type of container with fewer coarser bins.
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Representing Information about the Local Environment

Throughout this thesis we put our emphasis on representing stationary environments, but we also
consider two types of perturbations of a local environment: moved dijee.g. chairs, and

reversible structural changes, such as a surprisingly closed door. Regarding the first, robots today
face difficulties deciphering objects in their environments, such that they typically do not detect a
moved chair as the identical @zt at a different place. The container maintained by the robot
Ffgle&a NBLNBaSyida (GKS OdNNByld aArdda GAz2yTX a2 o6KS
will report obstructed space. The place agent (chaferepreda Sy G Ay 3 (G KS OKIF ANRa f 2
however, will build up its spatial knowledge based on multiple fused containers provided by the

robot whenever visiting the place. Each such container represents the chair at a different position,

so the summation o&ll containers results in a blurred representation of obstructed spguost as

the chair moves. Reversible structural changes, in contrast, are harder to detect and to represent.

We only consider a special case in which connections to other place agerdscasionally available

or not available. In such a situation the place agent representing space captures multiple different
representations in different containers and applies knowledge from the one container that matches

best with the spatial signatercurrently reported by the robot.

Improvements

We have implemented a simple mechanism to maintain data in existing containers when receiving
updated sensor information e.g. from a moving robot (chaf€es). Instead simple adtion and
normalization, we can rephrase data maintenance in a Bayesian fashion, taking translated and
rotated previous data as prior and current sensor reading as updates. In such a framework we can
YIEAYAT S (GKS fA1StAK22R n2e cdrrentOyf énkirbrynSniNIva ardR I (0 |
currently investigating in such a Bayesian optimal representation of data; although the existing
simplistic approach serves our purposes well.

The container presented in this chapter currently is implemented foarddl 2d sensor events, such

as a heading direction (1d) or a landmark in a distance and an angle (2d). For simplicity, we currently
represent 3d eventssuch as a target position (2d) combined with a desired target orientation-(1d)

by splitting the 3d esnt into a combined 2d and 1d representation. A wheeled robot on floor only
operates in such a three dimensional space, but other robots might have higher degrees of freedom.
We can directly extend the concepts presented in this chapter to design a hdghensional data
container, which allows e.g. a flying robot to operate in space by representing 6 dimensions: 3 for
translation and 3 for rotation.
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3 A Mobile Agent to Explore Unknown Environments

In this chapter we introduce the mobile robot used for aiting spatial information from real world
environments. We design our system such that the robot is a passive actor in the system. The single
one currently active place agent (§Aends motion commands to the robot and receives integrated
sensor perceptins about the local environment from the robot. The robot does not act on its own,
except for triggering primitive behaviors such as obstacle avoidance or emergency backup motion
when hitting an obstruction. Later in this chapter we introduce a simulatat allows running a

large number of experiments in virtual environments simultaneously.

This is a very technical chapter, which explains details of a robotic system with various sensors that
we use to show that the developed navigation algorithm workd wethe real world instead of in
simulation only. Readers not concerned about technical implementations can skip this chapter and
only read the summary.

3.1 Desired Functionality of a Mobile Agent

The mobile agent we include in our system performs only alfasic functions autonomously. It
receives motiorcommands to be performed from the currently active ;PAnd delivers local
environmental knowledge to the same £An this subchapter we briefly discuss the autonomous
functionality.

3.1.1 Maintaining an Integrat ed View on the Current Local Environment

Software running on the robot permanently receives sensor information from variotsoard

sensors and constantly adds new information to an instance of the data structure described in
chapter0. This data structure updates existing information (such as decay and translation of old data
0FaSR 2y GKS NRBo620Qa Y2UA2y0X YR LINPOGARSAE |y A
environment. Environmental information from within &% G AYSa (GKS NRo620Qa ¢
represented with high spatial accuracy, information from further away with lower accuracy as the

data structure internally uses a lgmplar based occupancy grid to represent knowledge (chapter

2.2). This particular instance of the data structure maintained by the robot only provides information

about current sensory perceptions; it does not represent abstract knowledge about the world such

as positim of place agents (see chaptBror previously explored space.

Software on the robot uses information provided by this data structure for avoiding obstacles,
backingup after hitting an obstruction, and correcting egmtion errors in pathntegration (see
chapters3.1.3-3.1.50 @ ! RRAGAZ2Y Ittt GKS OdaNNByidfte OGAGBS t
current environment to update its local environmental knowledge or to guide the robot towards

itself.

The rdoot continually inspects its data structure to spot incomplete information: As most sensors
only report perceptions from a limited field of view, knowledge from other regions might have
decayed or be severely underrepresented. In such a case, the robidieddo spin 360° on the spot,
overruling all other driving targets (chaptgrl.2 to refresh the current environmental knowledge.
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A Mobile Agent to Explore Unknown Environments

3.1.2 Driving Control

The PA currently controlling the robot regularly provides desired driving tsrge the robots
O22NRAYIFGS FNIYSET adzOK Fa adbFrNBSG Ay wZInnY RAAGL
G§KS NBIldANBR ¢6KSSt Y2GA2y G2 &avyz22idKfée NBIFIOK &dz0
constraints regarding acceleration and-deceleration into account.

3.1.3 Local Obstacle Avoidance

Occasionally, targets provided by a PA are not reachable on a direct path, as objects in the
environment might have shifted or the PA might have a small glitch in its representation of the
world. To avoid bumping into obstructions, the robot permanently monitors its internal
representation of the current local environment (chap®d.1) and computes a detour trajectory if

the direct path is blocked (sef€igurel4). Starting from the current position, the robot evaluates
possible trajectories found by a breadfinst search(Cormen, Leisersoat al. 1990)on a grid of
KeLRGKSGAOIT FTNBS LRaradAz2ya Ay AYONBl aAfifsa ad SLa
search guarantees that the first path found to lead to the target is at least as short as the shortest
possible path. If the ratit cannot reach the target (because the target is too distant or currently all
potential paths are blocked), it will follow along the path that gets closest to the target, expecting
that a better path will show in the future after receiving further sengerceptions.

Figurel4: Local obstacle avoidance. The robot received a desired driving target (red circle) represented in its coordinate
d2a0SYP LyalLlSOGAy3a GKS NRo620GQ& NIBLINS &S e dikedt gath towaFds ihek S O dzNNB
target is blocked by obstructions (black circles). The robot autonomously computes a detour to the desired target (red

line). Note that the target is beyond a 2m search space; hence the trajectory only gets the robot clodeetddsired

target.

The obstacle avoidance algorithm runs on board of the robot, allowing it to quickly react and
continuously adapt the executed trajectory to current sensor perceptions. On average, the algorithm
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requires less than 5ms to find a targetyviorst case scenarios it only needs about 100ms to find the
route leading closest to a blocked target.

3.1.4 Emergency Backup

Rarely the real robot encounters obstructions that it was not able to sense before bumping into

them - or only sensed in such a shorstiince that the detour algorithm described above performs

poorly. Few obstructions, such as glass doors or very low steps, are only noticed by an increase in
GKS Y2G2NDRa OdzZNNByid O2yadzYLIiAzy ¢KSy (KS ssKSSft &
environmental representation.

In such a case the robot stops motion instantly, and reports a virtual sensor perception of
G20a0NHzZOGSR aLl OS¢ G Ada OdiNNByid LkRairAdAizy (Kl
representation. After stopping, the bmt initiates a backup motion opposite to the direction it went
0ST2NBE ad02LIAYy3Is gKAOK AKAFHa GKS NBLRNISR a2o6af
the algorithm for local obstacle avoidance (chapt.3 provides a new trajectory towards the

target, which detours the newly encountered obstructed space.

3.1.5 Path Integration

The robot continually updates a-@dmensional patkintegration vector representing distance,
direction and orientation traveled. A currenthctive PA can set and reset this vector, e.g. when
directing the robot to a new target. While moving, the robot autonomously integrates desired
motion at high update frequencies of about 50 Hz, and corrects accumulated errors using-the on
board maintainedenvironmental information (see ego motion error correction, chapgb.3.
Computing ego motion oboard allows reacting quickly on changed motor speed. The robot
provides path integration information to the currently activéage agent, which might use this
information to estimate distances towards its neighbors.

3.2 A Real Robot

3.2.1 Motivation

We want to show that our design principldNB LINS a Sy G Ay 3 |y | 3SyiQa SydinN
independent behaviorally significant actil@cal patches works well for navigation in reatorld

scenarios. We can argue and present several graphs of performances of simulated robots, but
ultimately people are only convinced when seeing a real mobile agent acting in a real environment,

facing &l the problems that sensing and acting in the world bears.

When simulating the real world we always face the danger of simplifying problems by providing
information or data that is not available in the real world. As an example, a program simulating a

rob2 i Ay | O2yaiNHzOGSR ¢2NIR lfglrea 1yz2sa GKS NJ
debugging and displaying purposes it is dangerous to accidentally miss separating simulator and
algorithm, such that the algorithm certainly has no access to sudrnmaition. Additionally, a

GaAYdzZ F GSR ¢2NIRéE A& |y FoadNrOdG O2LFR 2F (GKS NI
reality consists of tables and chairs with legs that get pushed around regularly. Such an abstraction is

an important process of mahkg the world manageable in a simulatootherwise we can as well use
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the real world. However, no one can guarantee that this abstraction keeps the important aspects
represented well and only simplifies nimportant aspects. For example, in a detailechgiation

GKS F2dzNJ £t S3a 2F | GFofS YAIKG 6S Y2RSESR Fa A
might be metallic and reflecting, such that visibased sensors hardly see them. Only a very
advanced simulator replicates such details; mostyikesimply treats table legs as visible obstacles

that the robot easily senses and avoids. Furthermore, the real world extends in 3 dimensions,
whereas most simulators assume the robot driving on a planar surface and simulate the world in 2
dimensions. Sth a simulation avoids problems that robots face in the real world, e.g. hitting a table

plate with tall onboard electronic, despite all sensors reporting free space ahead underneath the

table. Yet another aspect is sensor variance based on externalnnigea vision sensor such as a

camera typically reports very different images in bright sunlight compared to inside a dark room. In

the real world a robot has to face such changes, as window blinds might be open or close and
artificial light might be tured on or off, depending on time of day. A simulator typically does not
reproduce such changes. All these re@lrld problems are not directly related to the algorithm we

RSOSt 2LISRT K2gSOSNE GKS@QNBE OKIftftSy3aAaywlddLINREOE S
performance. Our algorithm needs to be tolerant with respect to these kinds of changes.

On the other hand, a simulator also provides advantages, especially during the development. A
major advantage is that initially one does not have to care about e @S -g2NNEIR¢ A & & dzS
While developing the concept, we do not want to worry about a robot getting stuck and possibly
damaging itself; we simply want it to move and collect data. Another strong advantage is that we
can replay a particular scenario seaktimes, receiving identical sensor readings to tune parameters

- or to detect improper behavior. Thirdly, a simulator optionally provides sensor data at higher
frame-rates compared to real sensors, allowing speeding up execution of the algorithm bgea lar
factor. Furthermore, we can execute multiple instances of simulators and algorithms under
investigation on multiple computers simultaneously, collecting a larger amount of data compared to
a single robot in the real world. Using such a simulator redueating time during development

and simplifies tuning the algorithm significantly.

Seeing advantages and disadvantages of both, real robots and simulators, it is clear that we want
both to initially develop the concept and ultimately prove it workingealworld environments. In

this chapter we will first present our developed robot, its actuation, itsboard sensors, and
discuss its limitations. In the second part of this chapter we will present a developed simulator that
is mimicking the existing bmt in an abstract 2d world that allows simple tests.

3.2.2 Requirements for a Real Robot

We had various requirements in mind when thinking about a robot to explore our navigation ideas in
the real world: mainly regarding long during battery live (overnight iommius exploration),
extended range of action (at least within the whole institute of roughly 100x30meters) and a variety
of different onboard sensors. Looking at these desired features we realized that we either have to
purchase a huge and expensive roliwat is potentially dangerous for humans; or chose a medium
sized mobile robot and customize it extensively. Especially the option of running long autonomous
explorations without safety concerns convinced us to work with a mediiaed mobile robot and
investigate a significant amount of time in customizing it.
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Conceptually, the mobile robot shall only receive simple motion commands (eg. a nearby target
location in terms of direction and distance), and in return continuously report sensor data. We do
ntO2yaARSNI 6KS NRo2G Yy aAyGaSttAaSyaé 3ASyd Ay
information from various places in the environment or performs an elementary task at the current

place (such as recharge batteries). The robot itself doés nadzy RSNE G YR GKS Sy @A NE
structure, but it is guided by place agents (see chap}evithin space.

However, the robot directly performs lolevel (reactive) behaviors, such as avoiding obstacles. If it

is told to drive forwards 1m but its odboard sensors report blocked space in front, it tries to

compute a detour based on its current best knowledge of the local environment (refer to chapter

2.5.4). Also, if it accidentally bumped intoy 20 adGl Ot S 2NJ 323G adGdz01 6AYyRA
consumption), it reacts by backigl,d ' YR ¢l AGAy 3 FT2NI ySg O2YYlIyRao
actions are purely reactive based on external stimulus, without further knowledge about the
envirorment.

Note that the robot continuously provides updated sensor information about its current
environment for the currently active controlling node (a place agent, chapter 4X), such that this
agent can update its knowledge and its perception about the world

This chapter describes all details of the mobile robot: starting from its basic hardware setup,
continuing to all orboard sensors and the kind of data they provide up to the parts of software that
run directly onboard of the robot preprocessing datarfepeed reasons.

Figure15: Koala Robot. Left: factorgonfiguration, as sold by S YZ {! & { LI OS dzy RSNJ (4 KS 3INI &
underneath the black metal cover plate in the front is free for custom adds. Refer toTable 3 for technical

specifications. Right: final modified version including various sensors (front), a large battery pack ardoart

computation (back).

3.2.3 Robot Base

We have good previous experience with mobile robots from the BwiD 2 Y L& § & Yo
team.com Lausanne), so we decided to purchase a-mfiT SR Y20At S NRo2G & LIS
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Figurel5 left, Table3). The robot is 320mmm long and wide, can carry several kitogiof payload,
and offers an easy to use command interface via serial port. It has two independent motors that
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configuration essentially allows steering the alike a tank:
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Both triplets of wheels rotating in the same direction at identical speed results in forward or

backward motion with a resulting velocity proportional to rotation speed of wheels

on the spot, again proportional to angular speed of wheels

Both triplets of wheels rotating in different directions aentical speed generates rotation

Both triplets of wheels rotating at different speeds and possibly different directions results

in various curved trajectories, which can be computed as a suptigrosif translation and
rotation (cases I. and Il.)

Although these options for motion seem quite rich, the robot is not holonomic: it cannot translate
sideways. In order to translate perpendicular to its main body axis, it needs to perform a 90 degree
rotation on the spot, translate forwards, and countetate to face the previous direction. Such
functionality is desirable when a control algorithm determines a target sideways of the robot.
Conveniently, the Koala robot is designed such that getting stuckgl rotation on the spot is
extremely unlikely to happen, as its body length equals its body width.

[221AYy3 0
computational resources arto limited to perform substantial computation. We decided to add

external computing resources on the robot (see Chaptérs)
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to execute elementary driving commands.

{i-lo EPUNERIY 2 (i Q &

Onboard computation

Motorola 68331 @ 22MHZAMByte RAM, 1MByte ROM

Communication

Serial port command protocol up to 230.400 bps
Various digital 10 lines, 6 analog inputs

Motion 2 DC brushed servo motors with integrated incremental encode
(roughly 19 pulses per mm of robwtotion)
Speed Max: 0.38 m/s using factory default PID speed controller

Min: 0.005 m/s using factory default speed controller

Acceleration

Max:0.075 m/s2 using factory default PID speed controller

Slope taversal

Max: 43 degrees

Ground clearance

30mm

Sensors

6 Infrared proximity and ambient light sensors
Motor torque and global power consumption

Size 320 x 320 x 200 mm length x width x height
Weight 3.6kg without battery
Autonomy Between 46h (unpowered equipment)

Table3: Koala Robot Specification as fromFeam, SAWww.k-team.com)

3.2

4 Power Supply

Similar to the orboard computation, the standard supplied power option (NiMH battery pack of
12V, 4000mAh) is too limited to keep with our requests regarding running time. Wededetd
advance to LithiuniPolymer (LiPo) battery technology that currently provides the highest energy
density per weight. We supply a large stack of 3 battery packs connected in series that each contains
10 batteries in parallel. Such an assembly provaléstal of 11.1V, 56.000mAh, at around 3.5kg in a
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box of roughly 160x280x100mm. When fully charged such LiPo batteries provide about 4.2V, when
almost empty they discharge to slightly below 3V, resulting in operating voltages from 12.6V to
about 9V. Thivariation in operating voltage is larger than for standard NiMH batteries, therefore we
decided to use active switching capacitor voltage regulators (Traco Power, DC/DC converter), to
generate stable 12V for the Koala robot and stable 5V for various additsensors described
below. Such switching capacitor regulators achieve a significantly higher efficiency (typically around
85%) compared to standard voltage regulators that convert extra energy in heat. This increases
running time of our robot significdaly; our current estimate (although not yet verified) is that the
robot can operate around 10h autonomously.

3.2.5 On-Board Computation

During initial discussions of our algorithm for navigation it became clear that a reliably prediction of
required computing pwer will be very difficult, if not impossible, until very late in the project.
Therefore, we decided that most of the required computation shall happen on standard computers
off the mobile robot, with a wireless link for data exchange between PCs andbbat. However,
preprocessing raw sensor data needs to happen on the robot as we cannot providetisneehigh
throughput wireless link to transmit large amounts of raw sensor data (such as video images at high
frame rates) to PCs. We quickly realizeattthe onboard computational resources that Kodla
provides (seeTable 3) are nonsufficient even for simple preprocessing, so we investigated in
external hardware that provides additional ttmard computing power.

We decided @ implement an industigtandard PC104 computer with 8&Hz Crusoe processor

and 256Mbytes of internal RAM, running a Linux operating system. Such a configurations allows a
simple wireless link (WLAN, wireless Ethernet at up to 54Mbps data rates) thataikble
SOHSNEGOKSNBE Ay G(KS AyadAaddzisS G2 SEOKFy3IS RFEGE 0
LINEINJ Y& NHzyyAy3I a2y @ NA2dza SELG SHe3fd RC offets@aé & | RF
broad range of extensions that we can use to interface to @ensen the robot. In our setup, the

PC104 is equipped with the following extension boards:

1 A WLAN 802.11g 54Mbps wireless Ethernet interface card

9 A serial port extension board providing additional 4 serial ports (a total of 6) to communicate
with on-boardsensors (refer to Chapt&.2.7).

1 Two video frame grabber boards to continuously capture video images from steretiltpan
cameras (refer to Chapt&.2.7.).

Initially, we designed the system withbmoving parts (no fan for the lowower CrusoeCPU, no

hardRA &0 o0dzi Cfl&aK YSY2NE AyadSIkRO &adzOK GKFdG GKS
parts. Unfortunately, at the time of system design we did not manage to get thelflastd storage

worlf Ay3d LINPLISNI&z a2 ¢S | NB N2 Yidd/dbc nionfed gnadhg 1 SY ¥
robot. We have not seen performance problems or an unusual large number of bad sectors on the

hard drive. Havin@0 GBtotal disc space in contrast to@B flash memry also allows recording

much longer traces of data.

3.2.6  Communication Interface
¢CKS O2YYdzyAOlI GA2Yy Ay iS MmBFard®S and Eterhad BGS rudnkgGtheNdio 2 (1 Q &
a2FU6INB Aa | ¢/ tklLt o0FaSR LINEB G202 (WLANBEMNIgR dzNJ A y &
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providing guaranteed packed transmission on the cost of-guaranteed timing. However, under

practical considerations the timing delays in a fast network are in the range of milliseconds and
cause no problem for transmitting informatiorShi 6 SSy G(KS NRo62iQa t/ FyR S
advantage of using WLAN is that our whole institute is covered, so the robot can explore large
environments.

We implemented a simple humameadable protocol for exchanging messages in which each data

line casists of a timestamp in millisecond resolution, followed by a string to identify the type of
AYF2NXYEGA2Y YR 2LWGA2yEFE LI NI YSGSNES GSNXYAYLFGS
Examples of such are listed below:

[1120790233:597]:COMPASS A= 35.000<CR>

[1120790233:597]:SETTARGET D= 2.000, A= -30.000, O= 0.000<CR>

The first line shows data from the droard compass reporting the current magnetic north at 35
degrees in robot centered coordinates, whereas the second line sets a desired drivings&rdeb

0 KS NP -bcard RGL042djfecting it to a target in 2 meter distance8@tdegrees. The protocol

is simple, highly flexible, and easy to extend for further sensors. It is not optimized for throughput,
but instead for clarity and convenience.eV¢an easily record transmissions in a file and inspect or
even replay recorded data to investigate in case the system behaves in unexpected ways.

3.2.7 On-Board Sensors

¢ KS NP é@aid ®&10£ngeds to communicate with alttmrard sensors and with the robot

The connection to the Koala robot happens through a standard serial port interface, allowing
transfer of data at up to 115.200 baud. But only one of the sensors we decided to add (an expensive
commercial LED range finder, see Chaft@r7.2 also offered a serial port to connect to the PC104
directly. In contrast, most typical sensors for mobile robots, such as a magnetic compass or a
gyroscope, do not directly plug into PC104, so we had to develop interface circuits. \Wedwugtal
copies of a small electronic board containing a microcontroller that communicates with PC104 over a
serial port, and offers flexibility to interface directly to a single sensor, e.g. through A/D converters
or pulsewidth-modulated (PWM) signalsThis approach allows extending PC104 with a larger
number of serial ports and adding sensors independently of each other, thus increasing the overall
tolerance against failures.

Refer to Figure 16 for a sketch of the o#board comnunication between PC104, robot,
microcontrollers and sensors. A detailed discussion about the available sensors happens in the
following chapters.
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Figure16: Overview of orboard computation, sensors and communication channeldl éxisting onboard sensors are
shown on the right side. Blue arrows indicate bidirectional serial (RS232) ports; black arrows are specialized connections
depending on sensor type. The red arrow at the bottom shows analog video signals from cameras-hoard video
capture cards (frame grabbers). All blue boxes indicate own hardware development, whereas black boxes show
purchased components.

3.2.7.1 Vision

Vision is a rich source of information about the local environment. In fact, humans can easily
navigate on isual information only, whereas we have to move much more carefully when relying on
auditory or tactile information solely. However, vision also is very complex to decode: In the human

brain large areas of cortex are deedtto processing visual signdlsandel, Schwartz et al. 2000)

This thesis is not concerned about vision: we are not investigating in technigues that allow a mobile

robot to interpret visual information and extract relent information for navigation. Researchers

have spent decades on this problem and it is yet far from being solved. Still we would like to add
d42YS a2NIOIAF OWDARAABEQ (2 2dz2NJ NRo20X SylFofAy3a Al
distances a compared to most sensors described below. We decided to go for a compromise: It is
reasonable to assume that in the very near future computer vision algorithms will be sufficiently
advanced to detect and label particular objects in snapshot views, sichh G NBR &a27F!l ¢ X
RSal1é¢z 2N | (EdduticBRDybotics Z0@8¥GHING such labels to visual blobs doe$ no

imply that the vision system understands these objects: it does not know that a sofa is a place
humans use to relax or read a paper. It only assigns a label to that object; such a label could as well

0SS al NBR 06ft206 6AGK | sofalAbwedi@mandBraizdokirividion systentisn Y ¢ T -
labeling an object with the same label when seeing it again. Note that the robot might recognize
multiple red sofas in different rooms, which will all receive the same label. But also humans typically

rely on ontext information (topdown feedback) when distinguishing multiple red sofas from one

another, e.g. knowing in which room a sofa is.

For our navigation system, we reduce the computer vision problem of object detection in complex
scenes to assigning a regtable label to significant visual patches. Still, this is a challenging problem

that we do not want to address. Therefore, we decided to place easily recognizable stickers at
various places in the environment (séégurel17). We determine these places by human visual
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inspection of the environment, searching for places of large uniquely colored blobs, such as desk
drawers, file cabinets, or doors. Each of these places receives a sticker that has -tm-aetsgt

red-blue outside lorder and a unique blaekhite binary pattern on the inside (sdeigurel?, top

left). We chose these colors because they turned out to be most insensitive to changes in ambient

light in the video images. The outside fbdie patS Ny | t f 264 | LINE 3N Y NMzyy
PC104 to detect stickers in video data provided byboard video frame grabbers. Once position

and extend of a sticker within a snapshot image is determined, the algorithm parses and decodes the

inside binary ptern of this sticker, decoding a 12 bit identity and a 6 bit checksum. If the checksum

verifies the binary pattern, the visual preprocessing algorithm knows about an object in a given
Fy3dzZ  NJ RANBOGA2Y S RSLISYRAYy 3 iyagel KS aiAiAO0] SNDa f 2

Figurel?y ¢2LJ € STl LI yStY | &t yRYl NJ) é-to-defest eifubldutsideNbariardidt aAT S
binary-coded identity inside. Remaining panels: examples of objects labeled by landmarks, whitlaed! a large area of
unique color.

Initially, we planned to use stereopsis to determine distances to objects: A second camera mounted
at an offset of 100mm records a second image of the same scene, in which we search for the same
sticker once it is deteed in the primary image. The relative spatial distance between occurrences of

a sticker in the two images provides distance information: the more offset in the two images, the
shorter the distance between cameras and sticker. We need a large range aippbetiveen the

two images to increase chances of finding the sticker in both images and receiving a precise distance
estimate. Initial tests, however, showed poor performance for the following reason: we used a tele
lens to have a sufficiently high spatiekolution to detect and decode stickers reliably in reasonable
distances of a few meters. Currently, the cameras detect stickers in up to 5m distance. However,
using telelenses for the cameras significantly limits the field of view, in our case to b&bw
degrees; chances of seeing stickers with such a smaldialidw are tiny. We implemented a pan

tilt system providing rotation of the camera around pan and tilt axes (refdfigure18) covering

about 180°horizontal and hout +30° vertical fielef-view by taking multiple images over time.
However, sufficient overlap of both images only occurred at up to 120° horizontal view due to image
occlusions by the other camera, limiting stereopsis to that range. Furthermore, thgomal joints
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introduce uncertainty in viewing angle: only a few degrees due to mechanical slack in the gears yield
distanceerrors of several meters. Seeing such poor distance estimates we decided to implement a
different principle to extract distancesom visual information. Given that we know the true size of

the stickers, the apparent size of the stickers in the video image represents distance: the further
away the smaller the appearance in the image. Humans heavily rely on the same principlées.g. w
estimating distances to a car.

Despite not needing two cameras for distance estimation we kept both cameras on the robot active,

which doubles the searched area per time: each camera independently scans a horizorazit field

view of 150°, with about 12 of overlap between the two cameras (deigurel8inset). The upper

servo that generates tilt motion turns the cameras only slightly about +30°, as we placed all stickers
roughly on horizon level. The doard algorithm contrding both cameras keeps track of detected
A0AO01TSNAR YR GKSANI L2 aAilA 2 yokwew, 2edch daeralp&riScicallya G | & A
NElGdz2Nya (G2 GKIG RANBOGAZ2Y |yR aSIFENODKSa |3FAy G2
relatively s@rse in the environment; therefore it is important to initially scan and search for them,

but also remember and réine detected instances.

outside robot

Figure18: Theon-board pantilt video system removed from the robot. Left and righteddcameras get rotated by two
perpendicularly mounted servmotors. Red arrows indicate direction of rotation. Inset shows 180°-fitldew for both
cameras, left (blue) and right (red), with about 120° of overlap.

Although the encoded identity of a skier is unique, we translate this identity to an object name,

4dzOK |a AGaNBR az2flLéod ¢KAa NBY2@Sa dzyAljdzsSySaa 27
ARSYGAGASE YILI G2 GKS &t YS -2nigeeSderity & INGERarkiafddf | ¢ ® 2
transmit a triplet consisting of landmai@tentity, distance and angle to the remote PC running our
YIE@AIFGAZ2Y FTEA2NRGKY®D C2NJ aAYLX AOAGezr ¢S OFff (
az2zTl eod
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Note that the timeconsuming visual prprocessing oA YI 3S & KI LISy a -bdayd G KS N
PC104, which significantly reduces the amount of data transmitted over the wireless link: only
landmarkidentity, angle and distance of each detected landmark get transmitted, instead of full
images that might or mig not contain landmarks. The dward PC104 receives images from each
camera at around 5Hz, resulting in 10 images per second to search for landmarks. Transmitting 10
color images at a resolution of 640x480 pixels per second over wireless link to afEhéor
processing is possible, but it limits data transfer for other sensors and often introduces significant
delays. Analog wireless video transfers images intiead, but provides significantly lower image
guality and often suffers from interference tiiother wireless systems, such as WLAN. Therefore,
we decided to process video imagesiomard and only send prprocessed data (landmark identity,
angle and distance) to the dfffoard PCs.

3.2.7.2 Distance Sensing
The robot has two different types of dvoard dstance sensors: an LED range finder and multiple IR
reflectance sensors. This chapter will briefly introduce both these distance sensors.

The first sensor (seigurel9, left, andTable4) estimates disinces to objects located from within

several cm to a few meters. It emits a single directed light beam (invisible infra red light, wavelength
yynyYo FyR YSFadiNSa GAYS dzyiiat GKS tA3IKGIQAa NBT
time past is poportional to distance traveled, therefore the LED range finder can estimate distances

to reflecting objects. As the time needed for light traveling within a few meters is very short, the
sensor applies various tricks to achieve higher resolufidlvan, Wagner et al. 2005such as
aSyaiy3da AYOGSNFSNBYyOS LI GOGSNya 2F fAIKG 2N Y2 RdA
spins at D Hz, rotating both the emitting LED and the receiving sensor. Such a setup records
distances in 100 directions within a 180° forwards fieleliew. The rear 180° are covered by
electronic and support structure, blocking the sensors outreach. The mirdmtdnce reliably

measured is 20cm; the longest guaranteed distance in which objects are received Fg8ne19,

right). However, in our experiments the LED range finder typically reports objects at distances up to

5m (Figure20). Note that the sensor is limited to operation within a horizontal plane: mounted on

the robot it only detects objects close to floor level. It will not detect elevated objects (as e.g. a
table-top), nor will it detect seghrough objects reliably (such as a door with a large glass inset).
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Figure19: Left: Hokuyo LED Range Finder model #B3N. Right: toglown schematic view of guaranteed operation
range (from Hokuyo data she€RobotshopCanada).

Manufacturer andviodel Nr. Hokuyo Automatic Co. LTD, Japan;-BBRBN

Operating Range 180°, min. 3m long x 2m wide rectangle

Operating Frequency 10 Hz

Detection Precision +10cm belev 1m, +10% above 1m distances
Angular Resolution 100 scanning directions in horizontal field of 180°
Operating wavelength 880nm

Size (I x w x h), weight 75 x 70 x 60 mm, 500 gram

Interface RS232 (serial) port at 57,6kbps, 7N1, no flow control
Power Sipply 24VDC, 250mA max

Table4: Specifications of Hokuyo PBXJN LED range finder

The LED range finder is a complex sensor that already implements signal preconditioning. It
O2YYdzy A Ol GSa ¢ A-bo&rd RCROZ thi®yid &8apdrt, groliding a block of 100

distance estimates for every rotation of the spinning disc. For an evaluatiorkof a Sy a2 NRa | O
refer to (Alwan, Wagner et al. 2005)

Many traditional robots used for navigation employ laser range finder (LRF) that work use a laser
instead of the LED for emitting a thin beam of light. Such LRF are more precise compared to the
Hokuyo LED range finderpWwever, they are also significantly more expensive, larger and heavier.
Here, in contrast to most engineering approaches for spatial mapping, our primary concern is not
accuracy of distance estimates. Our navigation algorithm stores sensor data in a binned
representation (seé¢igure20, and ChapteR.2), which does not maintain high spatial precision. We

are preliminary concerned about extracting a characteristic signature of features in the local
environment, which is already possible with lowgrecision distance information.
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vectors of 100 data points eachgcorded from a stationary robot. A large open space in front of the robot and two open
passages to the left and right are clearly visible. Right: The same data stored in a binned representation (original blue
dots superimposed). Black dots represent océeg bins; the darker a dot the more certain a bin is blocked.

The second kind of distance sensors also emits infra red light, but measured the brightness of
reflected light instead of time of travel. The reported brightness strongly depends on reflectance
properties of the objects reported, as shownHigure2l. In prepared environments, such as a room
designated to roboexperiments, the reflectance properties of walls and obstacles can get well
characterized doriori, so that hese sensors report reliable distance estimates. However, in
unprepared environments such as our institute, different objects have vastly different reflecting
surfaces. Therefore, this sensor is only little suited to estimate precise distances to objeuts f
However, it is still useful as a sensor to detect obstacles blocking the way that are not detected by

the LED range finder.
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Figure21: Reflectance values sensed by IR distance sensors for various materials at given distdthate that white
plastic in 150mm distance returns the same value (around 100) as black plastic in only 40mm distance. Figure taken from

(K-TeamSA)

The base robot as provided byTi€am contains 16 such-thstance sensors, arranged around the
robot. Our office environmit, however, contains several obstacles that are too low to get detected
neither by the standard IR arrangement nor by the LED range finder, such as legs of office chairs. We
decided to remove the six sensors originally facing left and right of the rotzbteposition them as

a second row of sensors facing forwards, but very close to floor level (reféigtwe22). We are
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imprecise distance for its particular angle. Having such information, the robot can backup and detour
around the blocked space.

Figure22: Front view of robot, showing IR distance sensors. Each sensor is a black box with two circular openings for
transmitting and receiving IR light. Note two rows of IR distance sensors on the robot facing forwards: top row 8
sensors, bottom row 6 sensors.

3.2.7.3 Orientatio n Sensing

Two different orboardsensordNJS LJ2 NJi

0KS NRo2i0Qa

OdzNNEB y

KSI RAY 3

HMR3300 magnetic compass) measures the magnetic field that surrounds the robot, reporting the
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surrounding magetic signals, including those from power cables. Initially, we mounted the sensor
directly on the robot which turned out to be too close to the floor: All heading direction data was
strongly influenced by electric power cables in the floor of the insti{geFigure23, blue trace).
Ultimately, we added a 1m long carbdiber tube to elevate the sensor significantly above floor. The

red trace inFigure23a K2 6 & (G KS &Sy a2 Nna NBspdR AddiEgisuch & @sonNE G I (G

tube extends the height of the robot significantly which potentially causes problems when e.g.

- A

driving underneath desks. No@n2  NR aSya2NJ RSiSOGa GKIFIdG GKS YI 3y
desk. Therefore we read the magnd gy a2 N& Ay i S3INI GSR | OOSt SNRYSG SN

level. If the tilt exceeds a small threshold, we conclude that the magnet sensor got stuck and report
a blob of blocked space in front of the robot.
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Figure23: Magneticangle ¢180° to +180°) for continuous rotation on the spot. After powap, the robot slowly rotates
with constant angular speed. The blue trace shows data from a sensor mounted on the robot close to floor level,
whereas the red trace shows sensor recordm from a sensor elevated 1m above floor level. Note: both sensors

mounted with 180° offset.

The other sensor reporting a heading estimate is a gyroscope (Silicon Sensing, UK; mod8RLRS03
This sensor reports an analog voltage proportional to the changrientation, up to 100°/sec. We

are not interested in the current rotational speed but the heading angle; therefore the
microcontroller connected between PC104 and the gyroscope integrates all signals from the
gyroscope, resulting in an estimate okthurrent heading angle. Such integration drifts over time, as
the correct baseline is unknown or might change with temperature and mechanical stress (see
Figure24). Therefore, this sensor needs a periodical reset to report tmeect heading direction.
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Figure 24: Estimated heading direction recorded from a stationary gyroscope during 7 consecutive recordings of 20
minutes. Note the angular drift over time: upper traces correspond to initial recordinigsyer traces got recorded later.

9F OK NBO2NRAY3 AyAdAalftite OFLIGIdNBR (KS 3&eNRaod2LI50a Odz2NNBy i
temperature after about 1.5hours, indicated by more constant heading angles. Note that this is ffata a stationary

gyroscope; a gyroscope in motion shows significantly increased drift.

3.2.7.4 [Ego-Motion Sensing

The maobile robot allows estimating ego motion by monitoring wheel encoders attached to the left
and right set of wheels. These wheel encoders repgodremental steps of wheel rotations,
corresponding to 0,045mm motion on the outside of a perfect wheel. Integrating these signals at
high frequencies reveals the trajectory the robot followed, assuming perfect wheels, a perfect
surface and ideal frictiobetween wheels and surface. On a real robot, errors accumulate quickly
and the trajectory needs to get reset periodically.

The data structure introduced in chapt@rcannot directly represent a trajectory in a meaningful

way, € 6S LINBLINROS&a AYyTF2NXNIGAZ2Y FTNRY (KS @KSSft
Y2GA2y Ayd2 OKIy3aSa 2F | @GANIdzf dGFNBSGQa LkRaaAdl
robot remembers its starting position as virtual target and moves away ft. In contrast, while it is
purposefully moving between two known places, the starting place provides its best estimate of the
LRAAGAZ2Y 2F GKS GFNBSG LI OSE 46KAOK (GKS NRo2d Ay
cases the robot mintains an internal vector to a target position that it updates based on signals

from wheel encoders. Whenever it starts a new elementary trip the target position is reset within

GKS NRo2GQa OdzZNNByid FTNIYS 2F NBE HaetBgrOST GKSNBoOR

~s P

b23S GKFG (GKS NRro23Qad ¢KSStf SyO2RSNAE NBLRZNI (NM
errors into account due to fluctuations in battery voltage, slack in gears, or inertia effects for
acceleration and dacceleration. However, the velel encoders cannot sense wheels slipping over

floor or losing ground contact.
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3.3 A Simulator

We can substitute both, the robot and its natural environment, by a simulator in softwWagerre

25), without the main navigation algorith realizing that it is exploring a virtual environment. During
development periods of the Ph.D. project such a simulator allowed monitoring and recording a large
number of repeatable trials easily for tuning parameters of our system and evaluating its
performance. In contrast to the real robot we can run the simulator unattended without facing the
danger of severely breaking itself, and we can run several instances of explorations with a separate
simulator for each on multiple computers. The simulator afidime-warping, thereby reducing time

to explore large environments or replaying sequences slower to investigate closely in unexpected
results. The simulator offers logging position of the simulated robot in a file for later debug, or
alternatively recordig snapshots of the robot in its environment in regular intervals to create
movies of the moving robot.
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simulated environment. The panel at the top right shows status information about the robot (including its simulated
true position in the world), the panel at the right bottom shows information about objects in the environment such as
landmarks or doors. Nt the different spatial details of the environmental representation in the upper and lower
rooms, leading to a sparser or denser coverage of space with place agents respectively.

The software simulator was programmed as a Masfegect in the HSR Rapevil by Thabo

Beeler during nine months of work in close collaboration with us. The simulator mimics the physical
robot closely in terms of available sensors and their respective uncertainty; but also simulates
random motion errors and distorted environmiah stimuli. A blaclkandwhite 2-dimensional plan

view image of an environment with a resolution of 1cm per pixel serves as spatial input to the
simulator, with black pixels denoting obstructed space and white pixels traversable space. Green
colored barsndicate doors that we can open or close at runtime, possibly depending on a particular

62



Summary

task. For any such imported environmental map, we can add landmarks (ct&aptér) and local
distortions of the simulated magnetic fietth a comfortable graphical user interface. The simulator
saves a created artificial environment on hard disc that we can reload to start a new exploration run
on identical initial parameters.

A TCP/IP connection provided by the simulator accepts the samenands and reports the same

kind of sensor information as the real robot does. For the main navigation software, the
communication interfaces to the real robot and to the simulated robot are identical, as are the
available commands. Usually, we run theglator on a separate computer than the one the main
navigation software runs on, to introduce similar delays in TCP/IP communication as on the real
robot.

For further details about the simulator refer {(Beeler 2004)

3.4 Summary

Our system for building a cognitive map of an environment needs a mobile agent that moves in
space and reports sensor perceptions from various pladés have designed and build a nrsided

mobile robot that accepts moticcommands from our system, autonomously performs basic

reactive behaviors such as obstacle avoidance, and constantly repelisasd sensor perceptions.

We chose a mobile robot of za@ 32x32 cm, which is sufficiently large to operate in office
environments, but still is not dangerous for humans. The size of the robot allows adding special
purpose hardware, such as a smaltmyard computer, a large variety of sensors and a huge batter

Software running on the choard computer performs primitive behaviors and senpogprocessing
Fdzi2y2Y2dzafes odzi Ff&a2 O2YYdzyAOF(iSa 2@0SNJ I 4ANB
network. Software on the robot constantly receives sensorrmgtion and uses these to maintain a
NBLINSBaASYGridAz2y 2F (GKS 20!l f SYGANRYYSYyl Ay (K
representation the robot avoids obstacles and plans local detours to reach nearby targets.

At any time only a single place agestimteracting with the robot; typically the PA that represents

AL O0S G GKS NRo2GQa OdNNByild LRaAlGA2Yyd ¢KAa I Ol
L  OS o6& AyalLISOGAy3a GKS NBo2GQa LISNOSLIWA2Y 27F |
between memorized and currently perceived environment to attract the robot closer to its own

place (refer to chapted4.3.2). In addition, the currently active PA provides nbgrdriving targets in
robot-centered coordinatesf & A 0G0 AYUGSNIINBGa GKS €201t SY@ANRY
actions in this environment. The robot, upon receiving such a target position, autonomously
computes a path to this target, avoiding obstruction as seen in its representation of local $pace.
LINAYOALX S tSFH@Sa GKS RSOGIFAta 2F 3ISGday3a Gz | Gt
particular robot executes locomotion, whether it drives, runs, jumps or flies.

We can replace the mobile robot with a simulator that provides amtidal interface, such that the
main system is unaware of it interacting with a simulator. This allows collecting large amounts of
data in short time by running multiple instances of our system in parallel, and parameter tuning by
replaying recorded trajeories in slow motion.
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4 Place Agents

Our system decomposes global space into behaviorally relevant small patches that are each
represented independently of all other8Ve refer to such a representation of a local place as a
Gt £ 1 OS I ASy¢isimpldménied ds Suddnam®Bly dcting computer program (agent)
with its private memory. Each of these PAs independently takes decisions based only on individually
acquired knowledge about its local place.

Such PAs are the only elements in our system maimg spatial knowledge. Ultimately, all
behaviorally relevant places, e.g. those with a battery charger or an intersection of paths, get
represented by an individual PA. Only the PA representing a particular place knows why this place is
relevant, knows \wat the robot can do at this place and how a particular action can be performed at
this place. Each PA represents its local environment in its local coordinate frame, including directions
and distances to neighboring PAdone of the PAs is aware of spatiructure beyond distances

and directions to its nearest neighbors; neither does a PA know about a network of places. In fact no
actor in our system is aware of a network of places, as will be discussed in chapgen PAs the

only element in our system that maintains knowledge about a particular place, it additionally
remembers possible actions that a mobile robot can perform at its place and instructions how to
perform such actions. All such information is stored wBh& LIS O (2 GKS t!1 Qa 248y (
all information a PA provides to its neighbors are relative to its own coordinate frame. There is
neither a global coordinate frame nor a global reference in our system.

Any one of such Place Agents can create ¢opie2 ¥ A (GaSt ¥ gKAOK adl NI I &
representing a particular place. Once such a blast PA receives control of the mobile robot, it guides

the robot to explore unknown space. Upon detecting a behaviorally significant position, thi¥Blast

settles to represent the new place and transforms into a full PA. Repeating this process generates a
collection of PAs representing behaviorally relevant places of large environments; each only knowing

its local place and its direct neighbors represehte its own coordinate frame. The system started

without prior environmental knowledge building up a distributed spatial representation from only a
nucleus PA.

We implement Place Agents as active Java threads that run independently from each othetypossib
on different computers. This chapter describes the above outlined process in detail.

4.1 Creating Place Agents

4.1.1 Creating a Nucleus PA

Our system starts without any knowledge about space. It needs an initial PA as active component,
which triggers explorationf space and serves as nucleus to build up a network of independent PAs
representing the environment.

Upon program start we artificially create such a nucleus P {Pa%d give it control over the robot.
Not representing a place and without any neighbgriPAs, this nucleus commands the robot to
rotate on the spot to obtain a rich signature of the current local environment. Inspecting that
signature, P4A, determines the center of nearby free space and guides the robot to that position.
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Once in free spagPA, O LIG dzZNBa GKS NRo203Qa OdzNNByd aLd GAlf
signature, thereby turning into a regular PA representing this initial plampie26). Note that a

t! Qa NBFSNBYyOS T NI W& reférengedrime las shodnyistRe indafell IKstead @ S

t | Q& -delgr€eN@ientation (indicated by a large green spotFigure 26) is aligned with the
direction the robot happened to face when creating the PA. As we do not equitobal reference

frame, all PAs memorize their knowledge in their own arbitrarily chosen coordinate reference.

When capturing current environmental knowledge provided by the robot, a PA removes all data
from relative sensors (refer to chapt&t.2.5. Current data from such sensors, e.g. a heading
direction that got reset previously, is meaningless for a stationary place signature. Such sensors only
provide relevant information while the robot is traveling between placesyasvill show in chapter

4.3.2 In contrast, a PA captures all data the robot provides from absolute sensors (CBahty

and merges such information with possibly existing previous informataned in its memory of its

local environment.

The place represented by the initial PA does not necessarily have direct behavioral relevance,
0S&aARSA 0SAy3 -di-tirih: it 3s dvhefeBeiviieaobdtIhabpdred to be after powap.

However, this naleus PA starts the systems spatial exploration mechanism by creating additional
relevant PAs (refer to chaptdr1.2. In addition, PA.NSYSYOo SNR GKIF G AG A& GKS
that the robot can later return to the ingi place.

Rt

a1 R

Figure26Y f STGY LI -2 MEASE SWOANRWIRSRY G 2F &A1 S HpEmMAY FT2NJ I Y20
this environment (handling of loops will be discussed later in chapfeR.4). An artificially created nucleus RA. (shown

above by solid green circle) directed the robot from its starting position in a corner along the short green trajectory into

free space. Once in empty space, RAcaptures and memorizes a snapshot@fK S N2 62 G Qa OdzZNNBy i Sy @diN
Ay (GKS RIFI&KSR 3aINBSy OANDES G2 GKS NAIKGoEZ (GKSNBoe (NIya¥F?
memory - shown by green circle on outsideA & Ff A3y SR 6AGK (KS NERO 2éniQriot wddaNNBy (i JA
global map orientation.

4.1.2 Creating Offspring PAs

Each existing PA represents a local environment, typically limited to an area within sensor view.
Being an autonomously active program, such a PA can inspect its spatial knowledge and determine
ySINbe dzySELX 2NBR NB3IA2yad 4! ySELX 2NBRéE KSNB RS
represented well by this PA, and that is not represented by at least one neighboring PA. To
determine such open space, the PA searches from its center outb@urradial directions for
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