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A Distributed Cognitive Map for Spatial Navigation 

Based on Graphically Organized Place Agents 

- Abstract - 

Jörg Conradt  

Institute of Neuroinformatics, UZH/ETH-Zürich 

Animals quickly acquire spatial knowledge 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 regions (Arleo 2000) or require huge computational resources to maintain a 

globally consistent spatial map (Thrun 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 represented by an 

ƛƴŘŜǇŜƴŘŜƴǘ άǇƭŀŎŜ ŀƎŜƴǘέ όt!ύ ǘƘŀǘ ŀŎǘƛǾŜƭȅ Ƴŀƛƴǘŀƛƴǎ ǘƘŜ ǎǇŀǘƛŀƭ ŀƴŘ ōŜƘŀǾƛƻǊŀƭ ƪƴƻǿƭŜŘƎŜ 

relevant for navigation in that place. 

The collection of such place agents does not represent space in a common consistent data structure 

as current topological or metric-based approaches do (Figure A1, left 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 its position within the network 

and the position it represents in global space. The topology of the network - which reflects the 

structure of traversable external space - only exists implicitly, as PAs only communicate with their 

direct local neighbors (Figure A1, right). 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. 

 

Figure A1: Left: a global Cartesian map (top-down view), maintained by a mobile robot. Middle: a globally consistent 
topological representation of the same environment maintained by a robot. Right: A collection of individual programs as 
active place-representations, each only knowing its respective local space and direct 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 autonomously explore, 

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 distributed network 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 degraded performance, as all PAs are independent programs that we can distribute among 

multiple computing units. 

bŜǳǊŀƭ ƘŀǊŘǿŀǊŜ ƛǎ ǿŜƭƭ ǎǳƛǘŜŘ ǘƻ ƛƳǇƭŜƳŜƴǘ ǎǳŎƘ ŀ άŘƛǎǘǊƛōǳǘŜŘ ŎƻƎƴƛǘƛǾŜ ƳŀǇέΣ ŀǎ ōǊŀƛƴǎ ŀǊŜ 

intrinsically distributed processing systems without global access 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 navigation. 
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1 Introduction  

1.1 Moving in Space 
 

 "Where am I?" 

... 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 uncomfortable - but typically even then we are not 

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

respect to behavioral relevance: "at home", "in the bus", etc. - and 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 coordinŀǘŜǎ ǊŜƭŀǘƛǾŜ ǘƻ ŀ ŦƛȄŜŘ ƻǊƛƎƛƴΣ ǎǳŎƘ ŀǎ ǘƘŜ ŜŀǊǘƘΩǎ ƭŀǘƛǘǳŘŜ ŀƴŘ ƭƻƴƎƛǘǳŘŜΣ ƻǊ ŀ 

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 our future 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 I get from here 

to there?" - ǿƘƛŎƘ ƛƳǇƭƛŜǎ ŀ ƳŜƴǘŀƭ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ άǘƘŜǊŜέ. How do we describe "there"? 

Although people for long time have spend unbelievable effort creating drawings to represent space 

(Harwood 2006), such Cartesian maps do not reflect how we typically think of "there". We would 

ǊŀǘƘŜǊ ŘŜǎŎǊƛōŜ ƻǳǊ ƴƻǘƛƻƴ ƻŦ άǘƘŜǊŜέ ŀǎ ŀ ǎŜǉǳŜƴŎŜ ƻŦ ŀŎǘƛƻƴǎ ǘƻ ōŜ ǘŀƪŜƴ ǘƻ ƎŜǘ ǘƘŜǊŜΣ ƻǊ ǊŜŦŜǊ ǘƻ 

ǊŜƭŀǘŜŘ ǎƛǘŜǎ ǘƘŀǘ ƻǳǊ ŎƻƳƳǳƴƛŎŀǘƛƻƴ ǇŀǊǘƴŜǊ ƪƴƻǿǎΦ wŜŀŎƘƛƴƎ άǘƘŜǊŜέ ǇǊƻōŀōƭȅ ƛƴŎƭǳŘŜǎ ƘǳƴŘǊŜŘǎ 

of complex choices on different 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 behavior. How 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 we get there? 

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 animal-environment interactions can be explained by simple 

stimulus-response strategies - such as photo-taxis, path following, or snapshot-based homing - and 

have often been implemented in robots (Consi and Webb 2001). Some particular behaviors, such as 

animals' impressive ability to remember locations (Olton and Samuelson 1976), to navigate 

accurately towards a hidden goal by novel routes (Morris 1981), to take shortcuts (Chapuis, Durup et 

al. 1987) and detours (Tolman and Honzik 1930) although cannot get explained solely on such 
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άǇǊƛƳƛǘƛǾŜ ǇǊƛƴŎƛǇƭŜǎέΦ ²ƘŜnever simple explanations fail, people 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 used widely, but in slightly varying conceptions. In general it refers to 

any form of mental representation of a global environment. (Tolman 1948) originated 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 an internal 

abstract representation of the structure of external space; i.e. create a representation for the 

relative geometric arrangement of features in space. (Downs and Stea 1973) refers to cognitive 

ƳŀǇǇƛƴƎ ŀǎ άŀ ǇǊƻŎŜǎǎ ŎƻƳǇƻǎŜŘ ƻŦ ŀ ǎŜǊƛŜǎ ƻŦ ǇǎȅŎƘƻƭƻƎƛŎŀƭ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴǎ ōȅ ǿƘƛŎƘ ŀƴ ƛƴŘƛǾƛŘǳŀƭ 

acquires, stores, recalls, and decodes information about the relative locations and attributes of the 

ǇƘŜƴƻƳŜƴŀ ƛƴ Ƙƛǎ ŜǾŜǊȅŘŀȅ ǎǇŀǘƛŀƭ ŜƴǾƛǊƻƴƳŜƴǘέΣ ǿƘŜǊŜŀǎ (Todd 1997) describes a cognitive map as 

"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 definitions - yet similar in 

meaning - can be found in (Lagoudakis 1998). The term cognitive map therefore shall not be taken as 

an exact description of an internal spatial representation, but rather refer to any internal 

representation that might be composed of a number of things that facility representing and acting in 

an external environment (Downs 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 and concepts 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 localizing the robot on that map currently being built is 

a chicken-and-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 environment - 

then finding the robot's position based on current sensor readings seems possible. In contrast, if the 

robot had a perfect estimate of its Cartesian position with respect to a global reference - then 

building a map based on current sensor perceptions seems possible. What turns the problem so 

difficult is that build-up and localization need to happen 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 chapter 1.4.1. 

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 within large areas. 

Brains do not have the power to store all acquired information, possibly re-inspect all previously 

recorded sensory stimuli, and finally compute a global consistent map. It seems they have to use a 

very different approach from current technological 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 long-range navigation 

between behaviorally significant places: a distributed cognitive map. 
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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 afterwards. For a more detailed discussion of current 

models refer to chapter 1.4. 

Navigation in Engineering and Neuroscience 

Lƴ ǘƻŘŀȅΩǎ ŜƴƎƛƴŜŜǊŜŘ ƴŀǾƛƎŀǘƛƻƴ ǎȅǎǘŜƳǎ (Thrun 2002), an active agent such as a robot typically 

stores all acquired information about its spatial environment in a global map relative to an absolute 

origin (Bosse, Newman et al. 2003; Montemerlo and Thrun 2007), shown in Figure 1, left. Adding or 

updating information and using stored knowledge for navigation typically require considerable 

computational resources and involve a single active agent - such as a computer program - having 

access to all accumulated information. Alternatively, several topological approaches for navigation 

exist (Shatkay and Kaelbling 1997; Tapus 2005), shown in Figure 1, middle, and also hybrid topologic-

metric approaches (Kuipers 2000; Tomatis, Nourbakhsh et al. 2001; Jefferies, Baker et al. 2008). But 

all these approaches rely on a single active agent that is reasoning based on all previously acquired 

data. Such a mechanism is unlikely to be performed in animal or human brains: there does not 

ŀǇǇŜŀǊ ǘƻ ōŜ ŀƴȅ ƻƴŜ ŀŎǘƛǾŜ ǊŜƎƛƻƴ ƻŦ ƻǳǊ ōǊŀƛƴ άƛƴǎǇŜŎǘƛƴƎέ ƻǘƘŜǊ ǇŀǎǎƛǾŜ ǊŜƎƛƻƴǎ ǘƻ ǳǎŜ ǎǘƻǊŜŘ 

information for navigation. 

In the last few decades place cells and - much more recently - grid cells have been in the center of 

neuroscientific research about navigation (O'Keefe and Nadel 1978; Redish 1999) and its robotic 

implementation (Arleo 2000; Hafner 2008; Milford 2008). These families of cells in Hippocampus 

(O'Keefe and Nadel 1978) and Entorhinal Cortex (Sargolini, Fyhn et al. 2006) show significantly 

increased activity whenever an animal happens to be within a well defined region in an experimental 

ǎŜǘǳǇΦ Lǘ ƛǎ ǿƛŘŜƭȅ ŀƎǊŜŜŘ ǘƘŀǘ ŀŎǘƛǾƛǘȅ ƻŦ ŀ ŎƻƭƭŜŎǘƛƻƴ ƻŦ ǎǳŎƘ ǇƭŀŎŜ ŎŜƭƭǎ ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ ŀƴƛƳŀƭΩǎ 

current spatial position within a local frame of reference. These cells show a stable firing pattern 

over a long time within an environment, perform a complete remapping of their firing pattern when 

the observed animal enters a distinct new environment (Markus, 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 typically live in 

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 operating on spatial 

knowledge: every element of the system operates exclusively on locally available information and is 

constrained to decide actions based only on knowledge about its vicinity. We do not represent space 

in a global consistent data structure as traditional topological or metric-based approaches do. 

Instead, starting without prior spatial knowledge, our system autonomously creates a graphical 

network of independent άǇŀǘŎƘŜǎ ƻŦ ƪƴƻǿƭŜŘƎŜέ at behaviorally relevant places. Such patches 

contain spatial 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 storage containers. 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 position within the network and the position it represents in global space. 
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No process in our system maintains or operates globally on the network; in fact, the whole network 

only exists because of message-passing between autonomously acting neighboring nodes. This 

principle is illustrated in Figure 1, right. 

Note that the distributed system does not explicitly represent cycles in the environment. Figure 1, 

left and middle, show a cycle in the environment between places D-E-G-D, which is computationally 

expensive to handle (Thrun 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. 

 

Figure 1: left: a global Cartesian map showing a top-down 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 structure and operates based on stored information. Right: A collection of 
individual programs as active place-representations, each only knowing their respective local space and direct 
neighbors. The true graphical structure exists only implicitly in the collection 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 environment1 which consists of fused information from various 

on-board sensors. When detecting a behaviorally relevant stimulus2, a new place agent captures a 

snapshot of the current local environment, records the previously active place agent as a neighbor, 

and directs the robot to further 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 shown in Figure 1, 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 such 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 about 60x23m (Figure 2). Only few operations require time scaling linearly with the 

                                                           
1
 ά/ǳǊǊŜƴǘ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘέ ǊŜŦŜǊǎ ǘƻ ǎǇŀŎŜ ǿƛǘƘƛƴ ŀ ŦŜǿ ǘƛƳŜǎ ǘƘŜ ǊƻōƻǘΩǎ ōƻŘȅ-length, typically within 
ǎŜƴǎƻǊ ǊŜŀŎƘΦ ¢ƘŜ ƻǾŜǊŀƭƭ ƻǇŜǊŀǘƛƴƎ ŀǊŜŀ ƻŦ ǘƘŜ ǊƻōƻǘΣ ƛƴ ŎƻƴǘǊŀǎǘΣ ŎƻǾŜǊǎ ǎŜǾŜǊŀƭ млл ǘƛƳŜǎ ǘƘŜ ǊƻōƻǘΩǎ ōƻŘȅ-
length. 
2
 {ǳŎƘ ŀǎ ŀƴ ƛƴǘŜǊǎŜŎǘƛƻƴ ƻŦ ǇŀǘƘǎΣ ŀ ōŀǘǘŜǊȅ ŎƘŀǊƎŜǊ ƻǊ ŦǊŜǎƘ ŎƻŦŦŜŜΣ ŘŜǇŜƴŘƛƴƎ ƻƴ ƻƴŜΩǎ ǇǊŜŦŜǊŜƴŎŜΦ 
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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 real-time on a single 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. 

 

Figure 2: 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: a plan-view of the 
institute (60x23meters). 

We believe ǘƘŀǘ ƴŜǳǊŀƭ ƘŀǊŘǿŀǊŜ ƛǎ ǿŜƭƭ ǎǳƛǘŜŘ ǘƻ ƛƳǇƭŜƳŜƴǘ ǎǳŎƘ ŀƴ άŀŎǘƛǾŜ ŘƛǎǘǊƛōǳǘŜŘ ŎƻƎƴƛǘƛǾŜ 

ƳŀǇέΣ ŀǎ ōǊŀƛƴǎ ŀǊŜ ƛƴǘǊƛƴǎƛŎŀƭƭȅ ŘƛǎǘǊƛōǳǘŜŘ ǇǊƻŎŜǎǎƛƴƎ ǎȅǎǘŜƳǎ ǿƛǘƘƻǳǘ Ǝƭƻōŀƭ ŀŎŎŜǎǎ ǘƻ ŀƭƭ 

memorized information - which is required by traditional algorithms for navigation. We therefore 

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

than current methods for long-range spatial navigation. 

Relating our system to place-field neurons found in Hippocampus (O'Keefe and Nadel 1978; Redish 

1999), we interpret observed stable activity-patterns of place-cells within a small experimental setup 

as an indicator for a short-range local map in animals brains. Such a local map is implemented by a 

single place-agent in our system. When an observed animal changes to a different place, a complete 

60m
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remapping of firing patterns across place-field neurons occurs (Markus, Qin et al. 1995 ), which 

corresponds to transferring behavioral control to a new place agent in our model. 

Our system explains results from typical behavioral experiments with rats (Tolman 1948; 

Blancheteau and Lorec 1972), without requiring a global 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 urban-planning. The main focus in all these areas is 

common: understanding how a mobile agent - animal, human or robot - is capable of moving 

intentionally in an artificial or natural environment. However, the particular focus within 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 2008), while simultaneously reducing the computational 

complexity of algorithms that have been shown to create an optimal representation given limited 

sensor precision (Thrun, Burgard et al. 2005; Montemerlo 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' 

navigation capabilities, describes observed principles, and models such behavior (Healy 1998; 

Burgess, Jeffery et al. 1999; Golledge 1999). Cognitive Science and/or urban-planning typically 

investigates in how humans perceive an environment and act within such (Lynch 1960; Kitchin and 

Freundshuh 2000; Allen 2006). The aforementioned references are pointing to summarizing review 

papers and books on the subject, whereas the following subchapters point in more detail to 

individual research. 

1.4.1 Robotic Implementations  

"Knowing where I am" is arguably the most important issue in mobile robotics. Hence a lot of 

research has focused on the 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 understanding of 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 Durrant-Whyte 1992) introduced for the first time the concept of SLAM (Simultaneous 

Localization and Mapping) 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 map techniques (Leonard and 

Durrant-Whyte 1992; Castellanos and Tardos 2000; Dissanayake, Newman et al. 2002) and 

occupancy grid approaches (Thrun 1998).  More recent research allows purely vision-based metric 

approaches (Se, Lowe et al. 2002). However, such SLAM methods quickly become computationally 

expensive for large environments (Thrun 2002). To address this problem, (Thrun 2000; Montemerlo 

and Thrun 2007; Thrun 2008) propose probabilistic methods that increase speed and robustness in 

SLAM. All these approaches provide a fine-grained abstract representation of an environment, which 
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is well suited for self-localization 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. 

Topological approaches to SLAM attempt to overcome such drawbacks by modeling spatial structure 

using graphs. Kuipers (Kuipers 1977; Kuipers 1978; Kuipers 1983) was amongst the first to present a 

model of space decomposed into individual places that get connected in a topological fashion 

representing the places' connectivity; later (Kortenkamp and Weymouth 1994; Gutierrez-Osuna and 

Luo 1996; Shatkay and Kaelbling 1997; Fox 1998) have presented different approaches for 

topological navigation. All such approaches 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 fine-grained places are used. 

Furthermore, many implementations suffer from perceptual aliasing, as observations taken at 

various different locations look similar. 

(Mallot, Bülthoff et al. 1995; Schölkopf and Mallot 1995; Franz, Schölkopf et al. 1998) presented a 

model designed to explore open areas connected in a maze-like structure, and to build graphical 

representations that rely on local view-based homing methods (Vardy and Möller 2005), which 

compare a current view against a stored view at a target location. (Lambrinos, Möller et al. 1999; 

Möller, Lambrinos et al. 2001) introduced average landmark vectors for local visual homing, whereas 

recently (Smith, Philippides et al. 2007) proposed a linked sequence of waypoints - each providing a 

local homing target - to allow navigation over larger areas. These methods capture a new snapshot 

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 number of recent approaches started to combine topological and metric mapping, the two 

most advances approaches are briefly presented here: 

(Bosse, Newman et al. 2004; Newman, Leonard et al. 2005) present 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 edges to the transitions 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 number of features in a particular map, such that currently sensed 

features might fall into a "neighboring" map - which by definition is directly adjacent to the current 

map to represent all space. One or multiple such local maps are active at a time. Cycle closing 

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 topological structure 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. 2003), Tomatis et al. develop 

another hybrid representation of a global topological map with local metric maps associated to each 

node. Tapus, Siegwart et al (Tapus 2005; Tapus, Battaglia et al. 2006; Tapus and Siegwart 2006; 

Tapus and Siegwart 2006) extend this model, such that local places get represented by "fingerprints" 
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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 closing is induced 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 data, trying 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 psychology, 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 open-field 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 outcomes: 1) insight in what 

animals can do in space, and 2) models of how such behavior might work. The later range from pure 

theoretical analysis (Abbott 1994; Eichenbaum, Dudchenko et al. 1999; Hahnloser, Xie et al. 2002) to 

validation or testing through software models or in simulated environments (Borenstein 1994; 

Touretzky, Wan et al. 1994; Balakrishnan, Bousquet et al. 1998; Stringer, Rolls et al. 2002; Koene, 

Gorchetchnikov et al. 2003), up to implementing models on real robotic platforms (Lambrinos, 

Möller et al. 1999; Arleo 2000; Hafner 2000; Möller, Lambrinos et al. 2001; Krichmar, Nitz et al. 

2005). 

Animals in such studies show a vastly 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 some animals 

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 and path-integration. 

Ants and bees forage in areas several 1000 times their body-length searching for food and returning 

to their nests or hives, respectively. They are known to rely on such diverse sensory input as path 

integration (Müller and Wehner 1988), optic flow (Srinivasan, Zhang et al. 2000), polarized light 

(Fent 1986), and distal and local landmarks (Collett, Graham et al. 2007). One school of thought 

suggests that honeybees indeed possess and apply general landmark memory in a "map-like" fashion 

(Menzel, Brandt et al. 2000; Menzel, Greggers et al. 2005), whereas ants were shown to generally 

rely on a homing vector (Müller and Wehner 1988) that - in cases of strong mismatch - can get 

corrected by distal visual landmarks (Collett, Collett et al. 2001). A recent study has clearly 

demonstrated that ants operate on one-way routes rather than maps (Knaden, Lange et al. 2006; 

Wehner, Boyer et al. 2006). 

A large number of behavioral experiments have been performed on rodents, since Tolman in 1948 

suggested that rats have the ability to form a mental cognitive map of their environment in (Tolman 

and Honzik 1930; Tolman, Ritchie et al. 1946; Tolman 1948), and received another boost with Morris' 

famous experiments in water mazes (Morris 1981). The basic similarity amongst all such experiments 

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 for the 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 is clear 

evidence for a cognitive map. We will revert to such experiments in chapter 7.5. Other research, in 

contrast, claims to find no evidence for cognitive maps in rodents (Benhamou 1996; Olthof, Sutton 

et al. 1999; Mackintosh 2002). 

Several studies (Dyer 1991; Gallistel 1993) have cited an experiment by (Menzel 1973) in which 

chimpanzees took shortcuts to hidden food as evidence for cognitive mapping in chimpanzees; 

however, (Bennett 1996) disputed that conclusion arguing that recognizing snapshots of landmark 

constellations suffices for solving this task. 

Finally, (Gillner and Mallot 1998; Mallot, Gillner et al. 1998 ) performed studies testing human 

navigation ability in a virtual environment, suggesting that humans acquire a graph-like 

representation of the virtual environment that connects possibly inconsistent local patches (places 

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 cells (O'Keefe and Dostrovsky 1971; O'Keefe and Nadel 1978) and shortly 

after head-direction cells (Ranck 1984; Taube, Muller et al. 1990) started a vast amount of research 

investigating in these cells' representations of space; for reviews see (Muller 1996 ; Leutgeb, Leutgeb 

et al. 2005; McNaughton, Battaglia et al. 2006). Place cells show a unique firing 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 discusses 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 Redish (Redish 1999) suggest a common use of the Hippocampus for acquiring spatial but 

also episodic memory, whereas a recent study shows physiological evidence that navigation and 

event memory are interlinked in the Hippocampus (Foster and Wilson 2006). The study by (Ekstrom, 

Kahana et al. 2003) reports 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 during a rat's motion, such as an offset between 

path integration and external landmarks, e.g. (Gothard, Skaggs et al. 1996; Rosenzweig, Redish et al. 

2003). Several other studies (Bures, Fenton et al. 1997; Cressant, Muller et al. 2002) test rats in 

mazes that have been misaligned against external landmarks. All such studies suggest that place cells 

get reset by distal external landmarks. 

Moser and colleagues reported position related activity not only in the Hippocampus, but also in 

Entorhinal Cortex (Fyhn, Molden et al. 2004; Hafting, Fyhn et al. 2005; Sargolini, Fyhn et al. 2006; 

Fyhn, Hafting et al. 2007). Cells recorded showed the same properties as hippocampal place cells, 

but fired in a regular multi-peaked (grid) fashion instead of at a single spatial peak, suggesting that 

such grid cells support internal path-integration. A recent study (Hok, Lenck-Santini 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 place cells 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 cells (Samsonovich and McNaughton 1997; Kulvicius, Tamosiunaite et al. 2007), a small 

number of such implemented in real robots (Arleo and Gerstner 2000; Arleo 2005; Chokshi, Wermter 

et al. 2005). Poucet presented a model (Poucet 1993) in 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 to form a globally consistent representation of the rats' environment. 

Gaussier at al. (Gaussier, Joulain et al. 2000; Cuperlier, Quoy et al. 2007; Gaussier, Banquet et al. 

2007) implement a navigation strategy based on place cells, transition cells and motor cells. In their 

model, place cells cover the available open space for navigation densely, allowing a mobile robot to 

localize itself within one of such places based on the constellation of visual landmarks and an on-

board compass. Transition cells in contrast represent the set of all possible transitions between 

neighboring place cells, which generates stimuli for motor-transition cells to move the robot to an 

adjacent place. All such cells cover all available space uniformly, without an explicit relation between 

behavioral significance and spatial position. The cells in their model are implemented as passive 

containers representing environmental information, upon which an externally run algorithm 

performs basic computations such as diffusion to find a path to a distant target; but these cells do 

not reason about the spatial arrangement, e.g. they cannot find shortcuts or close loops in the 

environment themselves. 

A different line of research applies MRI techniques to study structural modifications in human 

Hippocampus related to navigation experience (Maguire, Gadian et al. 2000; Maguire, Woollett et al. 

2006). They find that extensive training in spatial navigation (observed in London Taxi Drivers) 

significantly increases posterior Hippocampus regions. A recent study (Spiers 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 above investigate 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 models that 

suit their respective focus, and thus differ substantially in their level of complexity, abstractedness, 

resource-management, etc. Several models combine behaviors - or at least elementary actions - with 

spatial perception, but yet only limited to local spaces. 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 knowledge only, still achieving globally consistent spatial behavior. Two recent books by 

(Jefferies and Yeap 2008) and (Milford 2008) - that both explicitly argue about using "nature" as a 

design guideline - present various models that all rely on a single computing instance with access to 

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 unit - still we are able to perform all such spatial 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 agents - each constrained to 

operate on locally limited knowledge - can exhibit globally consistent navigation 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 of long-range navigation. 

What we want to achieve in this thesis 

- autonomously build-up 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 that is accessed 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 in large real-world 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 only based 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 1400m2) 

- designed on-board processing (Linux PC) and various sensors that include stereo pan-tilt 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 (independent threads) 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 real-world settings 

- characterized the system in terms of performance, reliability and efficiency 

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

Structure of Ph.D. thesis: 

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

ch. 2 Presents a data structure ("Place Signature") that is well suited to represent local places of 
an environment, handles a stream of continuously incoming data from various sensors, yet 
staying upper-bounded in memory requirements. The "place signature" inspects raw local 
data and provides unified abstract behaviorally relevant information, such as "open space" 
or a distance metric between multiple place signatures. 
 

ch. 3 Introduces our customization and additions to the mobile robot "Koala", explains on-board 
sensors and on-board computation, as well as local targeting and obstacle avoidance 
mechanisms implemented to decouple the distributed navigation system from low-level 
reactive robot control. 
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ch. 4 Demonstrates a single Place Agent (PA) as active local representation of a behaviorally 
relevant place in a simple environment. Our system starts with a single PA that creates 
copies of itself to explore initially unknown space. Repeating such duplication and 
exploration cycles incrementally builds up distributed spatial knowledge, maintained in 
multiple independent PAs. 
 

ch. 5 Discusses a collection of individual PAs that together maintain a distributed graphical 
representation of large environments. Each single PA only stores and acts on individual 
local knowledge represented in its local coordinate reference; no global supervisor exists in 
the system. Although the combined spatial representation might not be globally consistent 
in a metric sense, all PAs contribute to exhibiting globally consistent spatial behavior based 
on their local knowledge. 
 

ch. 6 Presents and discusses results obtained from various explorations (real world and 
simulation), characterizes such distributed representation of space, and addresses possible 
difficulties in closing loops. 
 

ch. 7 Summarizes by discussing overall results and conclusions about a distributed 
representation, points to open problems and offers paths to extend the current system. 

 

Each of the following chapters starts with a brief discussion and closes with a summary. 
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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 question, probably 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 to represent a large environment; so representing data at various levels 

of granularity and at various places within the system emphasizes the distributed nature of the 

system ς and helps us thinking and developing ideas in such a distributed fashion. For simplicity and 

algorithmic elegance, the same data structure shall get used for single sensor data as well as for 

complex local-range place representations. So on one extreme it needs to memorize such diverse 

ŜƭŜƳŜƴǘŀǊȅ ƛƴŦƻǊƳŀǘƛƻƴ ŀǎ άƘŜǊŜ ŜȄƛǎǘǎ ŀ ŎƻŦŦŜŜ ƳŀŎƘƛƴŜέΣ άǘƘƛǎ ŘƛǊŜŎǘƛƻƴ ƛǎ ōƭƻŎƪŜŘέΣ ŀƴŘ ǘƘŜ 

άŘƛǎǘŀƴŎŜ ŀƴŘ ŘƛǊŜŎǘƛƻƴ ǘƻǿŀǊŘǎ ŀ ƴŜƛƎƘōƻǊέΦ .ǳǘ ƻƴ ǘƘŜ ƻǘƘŜǊ ŜȄǘǊŜƳŜΣ ƛǘ ƴŜŜŘǎ ǘƻ ǊŜǇǊŜǎŜƴǘ ŦǳǎŜŘ 

knowledge from a large number of different sensors taken in the vicinity of a particular place to 

provide a feature-rich signature that possibly varies over time, as e.g. a door might be open or closed 

depending on day-time. 

Conceptually, we want the data representation to be a storage container, rather than an active 

processing agent. This means that some other active unit - 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 not need 

to take navigation decisions based on understand stored information. Reasoning about the 

ƛƴŦƻǊƳŀǘƛƻƴ ƛǎ ƛƴ ǘƘŜ ǊŜǎǇƻƴǎƛōƛƭƛǘȅ ƻŦ ǘƘŜ ǾŀǊƛƻǳǎ ŀŎǘƛǾŜ ǳƴƛǘǎ ƛƴ ƻǳǊ ǎȅǎǘŜƳΣ ǎǳŎƘ ŀǎ άǇƭŀŎŜ 

ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎέ όŎƘŀǇǘŜǊ 1ύ ŀƴŘ άōŜƘŀǾƛƻǊǎέ όŎƘŀǇǘŜǊ 5.3). Following such a simplistic principle for 

the data-structure allows applying it to accommodate vastly different active units, such as single 

sensors and complex algorithms, but also allows adding further active units 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 system - report changes in rotation. 

Other sensors provide 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 information about the environment is 

visible to the sensors all the time; in fact some environmental-knowledge is not visible at all and can 

only be inferred from previous experience, e.g. already explored directions leading into a dead-end - 

and thus being depreciated for further exploration. Most of the sensors, however, have a temporally 

and spatially limited field-of-view, such that the data structure needs to remember and conserve 

previous knowledge. 

In this chapter we will discuss in detail the data representation we developed for local spatial 

information, while keeping all the above mentioned requirements in mind. 
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2.1 Pre-Processing Sensor Information  
Data directly from a physical sensor is hardly suited to be stored as is. Sensors typically measure and 

report voltagŜ ƭŜǾŜƭǎΣ ǿƘƛŎƘ ŎƻǊǊŜǎǇƻƴŘ ǘƻ ǎƻƳŜ ǇƘȅǎƛŎŀƭ ǉǳŀƴǘƛǘȅ ǎǳŎƘ ŀǎ ΨŀƴƎƭŜ ǘƻ ƴƻǊǘƘΩΣ ΨŘƛǎǘŀƴŎŜ 

ǘƻ ƻōƧŜŎǘΩΣ ƻǊ ΨōǊƛƎƘǘƴŜǎǎ ƻŦ ŀ ǇƛȄŜƭ ƛƴ ŀ ŎŀƳŜǊŀ ƛƳŀƎŜΩΦ ¢ƻ ǎƛƳǇƭƛŦȅ ƻǇŜǊŀǘƛƻƴǎ ƻƴ ǘƘŜ ŘŀǘŀΣ ǿŜ ƴŜŜŘ 

to convert the raw data into a useful form. Here arises an important question about how much 

preprocessing we want, or - alternatively - Ƙƻǿ άǊŀǿέ ǿŜ ǿŀƴǘ ǘƻ ƪŜŜǇ Řŀǘŀ ƛƴ ƻǳǊ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴΦ 

As an example of such data, one can think of distance measures to objects in a 180° field of view 

taken at regularly spaced angles: in 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 data - and remember only the type 

and position of these identified objects. 

Both approaches - raw and preprocessed - have advantages and disadvantages; Table 1 compares 

both extremes. Different types of sensors on the robot require different levels of pre-processing 

before providing relevant data for navigation; e.g. pixel-based color-values from the on-board video 

ŎŀƳŜǊŀǎ ƴŜŜŘ ŀǘ ƭŜŀǎǘ ǎƛƳǇƭŜ ŦŜŀǘǳǊŜ ŜȄǘǊŀŎǘƛƻƴ ōŜŦƻǊŜ ōŜƛƴƎ ǳǎŜŦǳƭΦ 9ŀŎƘ ǎŜƴǎƻǊΩǎ ǇǊŜ-processing 

algorithms will be discussed later in this chapter 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 pre-processed stimuli or even replacing all raw data by 

behaviorally significant stimuli has to comply with all our design decisions. In fact, as outlined below, 

adding pre-processed data of arbitrary abstraction-ƭŜǾŜƭǎ ǿƛƭƭ ǎƛƳǇƭȅ ƛƴǘǊƻŘǳŎŜ ŀŘŘƛǘƛƻƴŀƭ άƭŀȅŜǊǎέ ƻŦ 

information, which will be treated identically to the possibly co-existing layers of raw information. 

Creating such a flexible data representation allows simple extension of the system. 
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Raw Data Pre-Processed Data 

+ simple principal, fast performance, no 
computational overhead for data inter-
pretation 

ς difficult to argue why a particular pre-
processer is ideal, various pre-processing 
options exist 

ς no distinction between significant and 
non-significant  data, wasting memory 

+ abstracts data immediately to a compact 
representation, discarding άƧǳƴƪ Řŀǘŀέ 

+ no bias towards human interpretation of 
objects: What does an intersection of 
aisles meanΚ ²Ƙȅ ƛǎ ŀƴ ƻōƧŜŎǘΩǎ ŎƻǊƴŜǊ 
interesting? 

+ highlights potentially significant aspects 
contained in data 

ς memorized data difficult to interpret for 
higher-level processes 

+ facilitates abstract decisions processes 
relying on the data, e.g. about 
traversable space 

+ all available data is maintained, can 
potentially be used for abstract 
processing 

ς potential danger to miss relevant 
aspects which might be invisible for the 
pre-processor 

+ ŀƭƭƻǿǎ ǘƻ ƛƴǎǇŜŎǘ ǎŜƴǎƻǊΩǎ data directly 
instead of inferring from processed data 
about sensor behavior 

 

Table 1: Comparing raw sensor data with pre-processed 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 different kind. However, we want to maintain 

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

ǳƴƛŦƛŜŘ ŦǊŀƳŜǿƻǊƪΣ ǿŜ ǳǎŜ ŀ ǘǊƛŎƪ ŀƴŘ ǘǊŀƴǎƭŀǘŜ ŀƭƭ Řŀǘŀ ǘƻ άŜǾŜƴǘǎέ ǿƛǘƘ ŀǎǎƻŎƛŀǘŜŘ ƭƻŎŀǘƛƻƴǎ ŀƴŘκƻǊ 

directions relative to a local coordinate frame. This approach is straight forward to see for some 

ǎŜƴǎƻǊǎΥ ŜΦƎΦ ŘƛǎǘŀƴŎŜ ǎŜƴǎƻǊǎ ǊŜǇƻǊǘ ŀƴ ŜǾŜƴǘ ŎŀƭƭŜŘ άōƭƻŎƪŜŘ ǎǇŀŎŜέ ŀǘ ŀ ƎƛǾŜƴ ǇƻǎƛǘƛƻƴΦ hǘƘŜǊ 

ǎŜƴǎƻǊǎΩ ǘǊŀƴǎƭŀǘƛƻƴǎ ŀǊŜ ƳƻǊŜ ŘƛŦŦƛŎǳƭǘ ǘƻ ƛƳŀƎƛƴŜΣ ŜΦƎΦ ǿƘŜŜƭ Ǌƻǘŀǘƛƻƴ ƳŜŀǎǳrements. All details 

about the individual transfer functions are explained in chapter 2.4 where we introduce the sensors 

individually. 

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

In a simple approach, all events can get stored in a large list or lookup-table, possibly with indices for 

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

that grow computationally intractable. To reduce memory and processing power we group near-by 

events (regarding space and time) of the same type into a single bin, and immediately discard the 

ŜǾŜƴǘΩǎ ƛƴŘƛǾƛŘǳŀƭ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴΦ ¢Ƙǳǎ ŦƻǊ ŜŀŎƘ ǘȅǇŜ ƻŦ ŜǾŜƴǘ ǿŜ ƻƴƭȅ ƳŜƳƻǊƛȊŜ ǘƘŜ ŀƳǇƭƛǘǳŘŜǎ ƻŦ 

occurrences close to various positions within a grid. The 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 chapter 2.3 we extend the structure to accommodate 

events from multiple sensors, whereas in chapter 2.5 we extend the structure in time. 

Note that all sensors either provide one-dimensional, two-dimensional, or three-dimensional events. 

Examples for these types of events are compass directions (1d), objects blocking space at a given 

position (2d), or a motion-target at a given position and orientation (3d). The data structure 
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introduced in this chapter accommodates all different types of sensor information following the 

same basic principle for representation. 

2.2.2 Representing 1 -Dimensional Events  

One-dimensional 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 (see Figure 3, left). The proportion filled 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 the ǊƻōƻǘΩǎ ǇŜǊǎǇŜŎǘƛǾŜΦ ¢ƘŜ 

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 represented 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 elsewhere 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 population-average of all circles decodes a corresponding angular value, as shown by the dark 

blue vector in Figure 3, left. For details refer to chapter 2.2.5. 

! ŎƻƳǇǳǘŜǊΩǎ ƛƴǘŜǊƴŀƭ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƛǎ ƴƻǘ ǇƻƭŀǊ-coordinate based; instead we map the bins onto a 

linear array, each entry representing a bin of the original polar arrangement (see Figure 3, right). 

Note the red arrow indicating a wrap-around at ±180°. As the two representations are identical in 

terms of data content, we will continue using the left display (a top-down view of polar bins, 

conforming to the physical arrangement) throughout the rest of this thesis for simplicity. 

 

Figure 3: Left: Top-Řƻǿƴ ǾƛŜǿ ƻŦ ǘƘŜ ǎȅǎǘŜƳΩǎ м-dimensional event representation. The proportion filled of circles 
denotes the amplitude of reported events; the dark blue vector shows the population-coded average angle. Right: A 
ŎƻƳǇǳǘŜǊΩǎ internal linear representation of identical data, wrapping around at ±180°. 

+180° -180°
angle

angle
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2.2.3 Representing 2 -Dimensional Events  

Two-dimensional events report an additional dimension, typically distance. So we need to represent 

distance, angle, and amplitude for a 2d-event. It is important to note that in the context of 

navigation, nearby information typically requires higher spatial precision than distant information, as 

shown by the following two examples: 

¶ The maximal eligible forward speed strongly depends on small uncertainties in position of 

nearby objects, but not on identical uncertainties about distant objects. 

¶ An estimate of angle-to-object varies drastically with position-error of nearby objects, but 

substantially less with the same absolute position-errors of distant objects. 

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

adequate precision 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 get mapped into coarse 

bins. We chose an exponential function to calculate the distance dn of bin n [0..ntot-1] from the 

center as follows: 

 

with smin the minimal bin size (5cm), dtot the total distance to cover (5.0m), ntot the total number of 

bins (32), and b the base of the exponential function (1000). For a discussion of the values for these 

parameters refer to chapter 2.2.6.   

The first factor guarantees a reasonable minimal bin size for small n where 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 of dtot 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 close to smin for events happening within 1m from the center. 

Events occurring beyond 3m distances get represented in much coarser bins, as shown in Figure 4. 

 

Figure 4: Distance (blue) and length (red) of bins in the 2-dimensional event representation. The inset shows bin-
distances from the center as a function of increasing base values ranging from 10

1
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We keep the angular extend of bins constant independent of distance to center, such that the 

ŀƴƎǳƭŀǊ ǳƴŎŜǊǘŀƛƴǘȅ ǊŜƳŀƛƴǎ Ŏƻƴǎǘŀƴǘ ƛƴŘŜǇŜƴŘŜƴǘ ƻŦ ŘƛǎǘŀƴŎŜΦ {ǳŎƘ ŀ άōƛƴned log-ǇƻƭŀǊέ 

representation (see Figure 5, left) allows representing sensor events in a compact form while 

maintaining high precision near the center as required for navigation. The black dots in Figure 5 

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 

ŦǊƻƴǘ ƛƴ ǘƘŜ ǊƻōƻǘΩǎ ǇŜǊǎǇŜŎǘƛǾŜΤ ǿƘŜǊŜŀǎ ǘƘŜ ǇŀǎǎŀƎŜ ǘƻǿŀǊŘs the right is blocked.  

Incoming events get assigned to bins according to their associated position. Usually, events do not 

ŜȄŀŎǘƭȅ Ŧŀƭƭ ƛƴ ǘƘŜ ŎŜƴǘŜǊ ƻŦ ŀ ǎƛƴƎƭŜ ōƛƴΣ ǎƻ ǘƘŀǘ ŜŀŎƘ ŜǾŜƴǘΩǎ ŀƳǇƭƛǘǳŘŜ ƛǎ ŘƛǎǘǊƛōǳǘŜŘ ŀƳƻƴƎǎǘ ǘƘŜ 

four direct neighboring bins ŀŎŎƻǊŘƛƴƎ ǘƻ ǎǇŀǘƛŀƭ ǾƛŎƛƴƛǘȅΦ ¢ƘŜ ŀǇǇŀǊŜƴǘƭȅ άǘƻƻ ǎƻƭƛŘέ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ 

of obstacles in Figure 5 arises from distributing event data, but also from sensor uncertainty and 

ŦǊƻƳ ǘƘŜ ƻōǎǘŀŎƭŜΩǎ ǘǊǳŜ ǎǳǊŦŀŎŜ ŘƛǎǘŀƴŎŜ ŎǊƻǎǎƛƴƎ ǘƘǊƻǳƎƘ multiple neighboring bins, as we will 

further discuss when introducing individual sensors in chapter 2.4.1. 

¢ƻŘŀȅΩǎ ŎƻƳǇǳǘŜǊǎ Řƻ ƴƻǘ ƻǇŜǊŀǘŜ ŘƛǊŜŎǘƭȅ ƻƴ ƭƻƎ-polar coordinate systems; instead we use a 

mapping to a regularly spaced 2-dimensional array (Figure 5, right) to represent the reported events. 

The horizontal axis represents angles (note the red arrow indicating a wrap-around at ±180°), 

whereas the vertical axis shows distances from the center. The green insets in Figure 5 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 gets represented in finer 

ŘŜǘŀƛƭΥ ŀƭƭ ǘƘŜ άŜƳǇǘȅέ ǎǇŀŎŜ ǿƛǘƘƛƴ ŀ мƳ ǊŀŘƛǳǎ ŀǊƻǳƴŘ ǘƘŜ Ǌƻōƻǘ ǘŀƪŜǎ ǳǇ ƳƻǊŜ ǘƘŀƴ ƘŀƭŦ ǘƘŜ 

storage space. All the blocked space in the 5m circle around the robot, which significantly dominates 

the left diagram, is mapped in less than ½ of the 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 

degree. 

 

Figure 5: Left: Top-down view of a robot-centered binned log-polar representation. Right: Mapping of the log-polar 
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, 0.5, 1.0 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 top-down view of log-polar bins, conforming to the physical arrangement) throughout the 

rest of this thesis for simplicity. 

2.2.4 Representing 3 -Dimensional Events  

wŜŀŘƛƴƎ άо-ŘƛƳŜƴǎƛƻƴŀƭέ Řŀǘŀ ƻƴŜ ǘȅǇƛŎŀƭƭȅ ǘƘƛƴƪǎ ƻŦ ǎǇŀŎŜ ƛƴ Ȅ-, y-, and z-coordinates. Here, 

however, we limit ourselves to operation in a plane or almost planar surface (see chapter 2.4.2). 

Instead of typical 3d, we have data that represents a combination of a 2d (position) and a 1d 

όƻǊƛŜƴǘŀǘƛƻƴύ ŜǾŜƴǘΣ ŀǎ ŜΦƎΦ ǊŜŎƻƎƴƛȊƛƴƎ ŀƴ ƻōƧŜŎǘ ƛƴ ŀ Řƛǎǘŀƴǘ Ǉƻǎƛǘƛƻƴ ǘƻƎŜǘƘŜǊ ǿƛǘƘ ǘƘŜ ƻōƧŜŎǘΩǎ 

orientation. Note that position and 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 3d-events in two structures: a 2d-structure for position and a separate 1d-

structure for orientation. We can re-use the previously developed data structures and acquire one of 

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

We believe that an extension of the data structure to represent a full 3d-world with an up to 3-

dimensional position event and a related up to 3-dimensional orientation event is easily possible. 

Refer to chapter 2.8 for a discussion. 

2.2.5 Storing Additional Attributes o f Events 

The described polar and log-polar 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 attributes, set by the source of the event. These 

attributes allow an external observer to operate on subgroups of the data (e.g. inspecting all 

άōƭƻŎƪƛƴƎέ ŜǾŜƴǘǎ ŀǘ ƻƴŎŜΣ ǎŜŜ ōŜƭƻǿύ ǊŀǘƘŜǊ ǘƘŀƴ ƘŀƴŘƭƛƴƎ ŜŀŎƘ ǘȅǇŜ ƻŦ ŜǾŜƴǘǎ ƛƴŘƛǾƛŘǳŀƭƭȅΦ 

The simplest attribute is a flag denoting whether the observed event is physically blocking space, 

making it non-traversable for the robot. Events from a distance-to-obstacle sensor by definition 

block space, whereas information about visible landmarks does not necessarily indicate blocked 

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 

ΨŘŜŜǇ ǳƴŘŜǊǎǘŀƴŘƛƴƎΩ ƻŦ ǘƘŜ Řŀǘŀ ǎǘƻǊŜŘΦ 

An additional 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 pole, show data with a mean-variance 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 

άŦƻǊǿŀǊŘǎέ ŘƛǊŜŎǘƛƻƴΦ ¢ƘŜǎŜ sensors generate slowly drifting signals 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 integration-based sensors periodically without knowing further details about the 

kind of data they provide. 

A scalar value describes exponential time decay applied to the stored data (refer to chapter 2.5), 

reducing the certainty that a received event still describes the true environment. Some sensors 

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 reported muss 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 indistinguishable sources 

or multiple individual sources. In the first case, all events received from a sensor share a single 

binned representation. A target-sensor is such an example, where a single desired target position 

provides stimuli. All consecutively received events get averaged using a population code weighing 

ǎŎƘŜƳŀ ǘƻ ǊŜŎŜƛǾŜ ǘƘŜ ōŜǎǘ ŜǎǘƛƳŀǘŜ ƻŦ ǘƘŜ ǘŀǊƎŜǘΩǎ ǘǊǳŜ ǎǇŀǘƛŀƭ Ǉƻǎƛǘƛƻƴ όǎŜŜ Figure 6, left). In 

contrast, a distance sensor reports events from multiple indistinguishable sources: All reflecting 

objects provide various events consisting of angle and distance. All these reported events are 

represented in a single log-polar map, but it would be very little useful to compute a population 

vector average: Looking at Figure 6, 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 landmark-identifier in addition to position and possibly 

orientation. We represent such events by creating a separate binned log-polar structure for each 

identified landmark, labeled with the landmark identifier (see Figure 6, right). Consecutive events 

ǊŜǇƻǊǘƛƴƎ ǘƘŜ ǎŀƳŜ ƭŀƴŘƳŀǊƪ ƎŜǘ ŀŘŘŜŘ ƛƴǘƻ ǘƘŜ ŜȄƛǎǘƛƴƎ ǎǘǊǳŎǘǳǊŜΦ 9ŀŎƘ ƭŀƴŘƳŀǊƪΩǎ ǘǊǳŜ Ǉƻǎƛǘƛƻƴ ƛǎ 

computed using a population code average amongst the data in its binned log-polar 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 the same type, it seems 

conceptually more elegant to represent the data in a common framework, having a single reference. 

 

Figure 6: Left: representation of a sensor reporting events from a single source, population code vector points to the 
most likely position of the source. Middle: Distance data showing blocking objects. Right: Events from multiple 
individual sources represented in multiple binned log-polar structures, each computing the population code estimate of 
ŀ ǎƻǳǊŎŜΩǎ Ƴƻǎǘ ƭƛkely position. 

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 answer, as we have no 

LM 4
LM 3

LM 2
LM 1
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absolute reference to compare against. In this chapter, however, we will discuss the parameters that 

generate the structure of the log-polar based event representation and discuss our settings. 

The first decision taken was about the total distance to cover in the data structure: Conceptually we 

design a short-ǊŀƴƎŜ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ŦƻǊ Řŀǘŀ ǘƘŀǘ ƛǎ ǘȅǇƛŎŀƭƭȅ ǿƛǘƘƛƴ ǎŜƴǎƻǊΩǎ ǊŜŀŎƘΦ ²ƘŜƴ ǘƘŜ Ǌƻōƻǘ 

ŎƘŀƴƎŜǎ ǘƻ ŀ ƴŜǿ άǇƭŀŎŜέΣ ǿŜ ŎǊŜŀǘŜ ŀ ƴŜǿ Řŀǘŀ ǎǘǊǳŎǘǳǊŜ όǎŜŜ ŎƘŀǇǘŜǊ 4.2). .ǳǘ Ƙƻǿ ƭƻƴƎ ƛǎ άǎƘƻǊǘ-

ǊŀƴƎŜέ - ŀƴŘ Ƙƻǿ ƭŀǊƎŜ ƛǎ ŀ άǇƭŀŎŜέΚ ¢ƘŜ ŀƴǎǿŜǊ ǎǘǊƻƴƎƭȅ ŘŜǇŜƴŘǎ ƻƴ ǘƘŜ ǎƛȊŜ ƻŦ ǘƘŜ Ǌƻōƻǘ ŀƴŘ ǘƘŜ 

structure of the environment. We argue that a typical place shall know events within only a few 

body-lengths of the robot. Only in exceptional 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 

ŘƛǎǘŀƴŎŜǎΥ ²Ŝ ƛƴǘǊƻŘǳŎŜ ŀƴ ŀŘŘƛǘƛƻƴŀƭ άǾƛǊǘǳŀƭέ ōƛƴ ƛƴ ŀ ŘƛǎǘŀƴŎŜ ǘƘŀǘ ōȅ ŦŀǊ ŜȄŎŜŜŘǎ ǘƘŜ ǎŜƴǎƻǊ 

outreach, e.g. at 100m. Events happening beyond the local 5m range get mapped partially to the 

5m-bin and to the virtual 100m-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 the 5m-bin and 

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

in the 5m-bin and a strong representation in the 100-m bin. Using a population code for readout 

(refer to 2.2.5) we can reconstruct a precise estimate of such long-distance events. 

A second parameter to discuss is the smallest reasonable bin size: The smaller a bin, the more 

precise its position-estimate. However, the smaller the bins get, the more computing power and 

memory we need. Again, we decided to relate our estimate to the body-length 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 bins (positioned in 

the center of the representation) to be of length 5cm, in order to stay well below the security 

ŘƛǎǘŀƴŎŜΦ ¢Ƙƛǎ ōƛƴ ǎƛȊŜ ǎǘƛƭƭ ƛǎ ǎƛƎƴƛŦƛŎŀƴǘƭȅ ƭŀǊƎŜǊ ǘƘŀƴ Ƴƻǎǘ ǎŜƴǎƻǊǎΩ ǊŜǎƻƭǳǘƛƻƴ ƻŦ ŀ ŦŜǿ ƳƛƭƭƛƳŜǘŜǊǎΣ ǎƻ 

we still group multiple events into bins. Reducing 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 results 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 precision and available 

computing resources. Running several experiments on the real robot (chapter 3.2) and in the 

simulator (chapter 3.3) showed that choosing 32 bins for each dimension allows accurate short 

range navigation, while still performing in real-time with small memory requirements: 

¶ 1-dimension: 1x32   =       32 bins 

¶ 2-dimensions: 32x32   =   1024 bins 

¶ 3-dimensions: 32x32 + 1x32  =   1076 bins of a single value each. 

Comparing these numbers against for example a distance sensor reporting 120 distances in the field-

of-view with a typical update rate of 5Hz, the 2-dimensional binned event representation saves 

memory within less than 2 seconds. The main advantage, however, occurs when collecting sensor 

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 long-term storage reduction gets especially efficient 

when introducing representations for behaviorally significant places in the environment (chapter 1). 

In the current implementation, the parameters discussed above stay constant at runtime. In 

principle, an adaptive implementation of the data structure can modify these values during 

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 significantly reduced total distance. The principle 

we present holds true for a representation with fixed parameters, though: Both these places can get 

represented in a non-adaptive structure. 

2.3 Representing Events from Multiple Sensors  
We started this chapter stating 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 sensors into a single representation, as this would require 

fusing different types of representations (1d, 2d, and 3d), but also mix non-related events before 

computing a population coded average. Instead, we use multiple instances of 1d-, 2d-, and 3d-

structures tƻ ǊŜƳŜƳōŜǊ ŜŀŎƘ ǎŜƴǎƻǊΩǎ ŜǾŜƴǘǎ ƛƴŘƛǾƛŘǳŀƭƭȅΣ ƎǊƻǳǇŜŘ ƛƴǎƛŘŜ ŀ ŎƻƴǘŀƛƴŜǊ ŎŀƭƭŜŘ άOOέ. The 

symbol OO was chosen to indicate the accumulative and comprising nature of the container. 

The first event from any sensor arriving at such a container OO creates an instance of the required 

1d-, 2d-, or 3d-ǎǘǊǳŎǘǳǊŜ ǘƻ ǎǘƻǊŜ ǘƘŀǘ ŜǾŜƴǘΣ ŀƴŘ ŀǎǎƛƎƴǎ ǘƘŜ ǎŜƴǎƻǊΩǎ ƴŀƳŜ ŀǎ ŀ ǘŀƎ ǘƻ ƛǘΦ /ƻƴǎŜŎǳǘƛǾŜ 

arriving events from the same sensor automatically get added to the existing structure, determined 

ōȅ ǘƘŜ ǎŜƴǎƻǊΩǎ ƴŀƳŜΦ ¢ƘŜ Ŏƻƴǘŀiner OO does not need to understand 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 (chapters 2.5), operate on all slices or on a 

ǎŜƭŜŎǘŜŘ ǎǳōǎŜǘ ŘŜǘŜǊƳƛƴŜŘ ōȅ ǘƘŜ ǎƭƛŎŜǎΩ ŀǘǘǊƛōǳǘŜǎ όŎƘŀǇǘŜǊ 2.2.5), respectively. 

For simplicity, in the following chapters we will display such a container OO as ŀ άǎŜŜ-ǘƘǊƻǳƎƘέ ǾƛŜǿ ƻŦ 

all contained representations, as shown in Figure 7. For representations using a population code to 

ŜǎǘƛƳŀǘŜ ǘƘŜ ŜǾŜƴǘΩǎ ǘǊǳŜ ǇƻǎƛǘƛƻƴΣ ƻƴƭȅ ǘƘŜ ǎƛƴƎƭŜ ŜǎǘƛƳŀǘŜŘ Ǉƻǎƛǘƛƻƴ ǿƛƭƭ ōŜ ǎƘƻǿƴ ŀǎ ŀ ŎƻƭƻǊŜŘ Řƻǘ 

to increase readability. However, for common operations on the data, the container internally 

always maintains the true binned event representation for all sensors. 
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Figure 7: Left: Individual slices of representations constitute a container OO. All stored events in the container can be 
ŀŘŘǊŜǎǎŜŘ ŀǘ ƻƴŎŜ ƻǊ ƛƴŘƛǾƛŘǳŀƭƭȅΦ wƛƎƘǘΥ ŀ ǎƛƳǇƭƛŦƛŜŘ άǎŜŜ-ǘƘǊƻǳƎƘέ ǾƛŜǿ ƻŦ ǘƘŜ ŜǾŜƴǘǎ ƛƴǎƛŘŜ ǘƘŜ ŎƻƴǘŀƛƴŜǊ ŦǊƻƳ ǘƘŜ ƭŜŦǘΦ 

2.4 Introducing Types of Sensors and Reported Events  
In this chapter we will diǎŎǳǎǎ ǘƘŜ ŘƛŦŦŜǊŜƴǘ ǘȅǇŜǎ ƻŦ ǎŜƴǎƻǊǎ ŀǾŀƛƭŀōƭŜ ǘƻ ǇŜǊŎŜƛǾŜ ŀƴ ŀƎŜƴǘΩǎ 

environment, describe the types of events they report, and speculate about additional kinds of 

ǎŜƴǎƻǊǎ ǘƘŀǘ ŎƻǳƭŘ ƛƳǇǊƻǾŜ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇŜǊŦƻǊƳŀƴŎŜΦ ²Ŝ ƻǳǘƭƛƴŜ ǎƛƳƛƭŀǊƛǘƛŜǎ ŀƴŘ ŘƛŦŦŜǊŜƴŎŜs 

between sensors, and discuss consequences arising out of the differences. However, we do not 

ŘŜǎŎǊƛōŜ ŘŜǘŀƛƭǎ ƻŦ ǘƘŜ ǎŜƴǎƻǊǎΩ ǳƴŘŜǊƭȅƛƴƎ ƘŀǊŘǿŀǊŜ ƛƳǇƭŜƳŜƴǘŀǘƛƻƴǎ ƘŜǊŜΣ ŀƴŘ ǿŜ Řƻ ƴƻǘ ŘƛǎŎǳǎǎ 

complex algorithms for event pre-processing, such as e.g. extracting objects from captured video 

images. This will happen when introducing the existing robot in chapter 3.2. The current discussion 

treats conceptual sensors reporting abstract events. 

Using events from all sensors described in the following chapters increases the richness of the 

sensor-ǎƛƎƴŀǘǳǊŜ ŀǘ ŀ ǊƻōƻǘΩǎ ǇƻǎƛǘƛƻƴΦ ¢ƘŜ ƳƻǊŜ ŘŜǘŀƛƭǎ ŀōƻǳǘ ǘƘŜ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘ ŀǾŀƛƭŀōƭŜ ŦƻǊ 

navigation, the simpler the problem. However, the more events require processing, the more 

complex and slower 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  

Examples: Laser-Range-Finder, Infra-Red-Transceivers, Mechanical Whiskers, Ultrasonic-Transceivers 

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

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

Ǉŀǎǎ ŀƴŘ ǿƘŜǊŜ ƛǘ ƴŜŜŘǎ ǘƻ ǎǘƻǇΦ {ǳŎƘ ǎŜƴǎƻǊǎ ǊŜǇƻǊǘ ŀ ǎƛƴƎƭŜ ǘȅǇŜ ƻŦ ŜǾŜƴǘ ŎŀƭƭŜŘ άōƭƻŎƪŜŘ ǎǇŀŎŜέΣ 

with an associated direction and distance. Usually, such a sensor reports a large number of events 

spread over various different angles. A typical example is a sensor emitting a directed light beam in 

various angles and computing distances to the objects based on reflections (see Figure 8). Such a 

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

rates as required for look-ahead driving. Unfortunately, such a sensor does not report all objects 

Landmark: LM 3
Landmark: LM 2

Landmark: LM 1
Landmark: LM 0

Neighbor: 6114
Neighbor: 3277

Vestibular Heading

Magnetic Direction
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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 the 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 sound wave. Both these sensors can detect 

άƛƴǾƛǎƛōƭŜέ Ǝƭŀǎǎ ƻōƧŜŎǘǎΣ ōǳǘ ŎƻƳǇǊƻƳƛǎŜ ƛƴ ŘƛǎǘŀƴŎŜ ƻǳǘǊŜŀŎƘΣ ǎǇŀǘƛŀƭ ǇǊŜŎƛǎƛƻƴΣ ƻǊ ǳǇŘŀǘŜ ǊŀǘŜΦ 

These sensors often extend forwards and backwards and serve as an emergency-stop signal with low 

spatial precision for the moving robot. 

All these types of sensors are absolute (refer to chapter 2.2.5), 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 sensor, the robot can infer that 

ǎǇŀŎŜ ōŜǘǿŜŜƴ ƛǘǎŜƭŦ ŀƴŘ ŀ άōƭƻŎƪŜŘ ǎǇŀŎŜέ-ŜǾŜƴǘ ƛǎ ŦǊŜŜ ǎǇŀŎŜΦ ²Ŝ ŎƘƻǎŜ ǘƻ ǊŜǇǊŜǎŜƴǘ ǎǳŎƘ άŦǊŜŜ 

ǎǇŀŎŜέ-events storing negative values in the corresponding bins. In contrast, bins representing 

invisible space behind objects as well as spŀŎŜ ƻǳǘ ƻŦ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ŦƛŜƭŘ-of-view contain values 

of zero. 

Figure 8 ǎƘƻǿǎ ǘƘŀǘ ǎǳŎƘ ŀ ǎŜƴǎƻǊΩǎ ǊŀƴƎŜ ƛǎ ƭƛƳƛǘŜŘΥ ǘƘŜ ǎŜƴǎƻǊΩǎ ƻǳǘǊŜŀŎƘ ŘƻŜǎ ƴƻǘ Ƙƛǘ ƻōǎǘŀŎƭŜǎ ƛƴ 

the front; so the event representation on the right side reports open space towards the front. Also 

ƴƻǘŜ ǘƘŀǘ ǘƘŜ άǘƘƛŎƪƴŜǎǎέ ƻŦ ǿŀƭƭǎ ƛƴ ǘƘŜ ŜǾŜƴǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƛǎ ŘǳŜ ǘƻ ƳǳƭǘƛǇƭŜ ƴŜŀǊōȅ ƭƛƎƘǘ-rays 

sensing different distances, as highlighted by the blue circles. 

 

Figure 8: Left: A top down sketch of a robot equipped with an obstruction sensor, here a laser-range-finder, in a complex 
environment. Right: Representation of reported events in an instance of a binned 2d-log-polar map, with dark points 
denoting occupied bins according to the environment 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 of the object. Examples of such sensor modalities are vision to 

detect objects like desks, chairs, or sofas; but also RFID sensors to scan nearby electro-magnetic 

tags. Even a simple sensor detecting doors based on a narrowing in the current passageway can be 

ǘǊŜŀǘŜŘ ŀǎ ǎǳŎƘ ŀ ǎŜƴǎƻǊΣ ŘŜǘŜŎǘƛƴƎ ǘƘŜ ǎƛƴƎƭŜ Ŏƭŀǎǎ ƻŦ ƻōƧŜŎǘǎ άŘƻƻǊέΦ 

aƻǎǘ ƻŦ ǘƘŜǎŜ ǎŜƴǎƻǊǎ Řƻ ƴƻǘ ƛŘŜƴǘƛŦȅ ƻōƧŜŎǘǎ ǳƴƛǉǳŜƭȅ όάtŜǘŜǊΩǎ ǎƻŦŀέύΣ ōǳǘ ǊŀǘƘŜǊ ǊŜǇƻǊǘ ƻƴ 

ǎƛƎƴƛŦƛŎŀƴǘ ƻōƧŜŎǘǎ ƛƴ ŀƴ ŀōǎǘǊŀŎǘ ŦŀǎƘƛƻƴ όάŀ ǊŜŘ ōƭƻō ƻƴ ǿƘƛǘŜ ƎǊƻǳƴŘέΣ ǊŜŦŜǊǊƛƴƎ ǘƻ tŜǘŜǊΩǎ ǎƻŦŀύΦ CƻǊ 

basic navigation it is not important to identify objects uniquely, although - if available - it does 

increase the certainty of position estimates. It is, however, important to reliably report the same 

ŘŜǎŎǊƛǇǘƛƻƴ όǘƘŜ ƻōƧŜŎǘΩǎ ƛŘŜƴǘƛǘȅύ ƻƴ multiple consecutive occurrences of the object: When 

ǘǊŀǾŜǊǎƛƴƎ ŀƴ ŀƛǎƭŜ ǎŜǾŜǊŀƭ ǘƛƳŜǎΣ ǘƘŜ ǎŀƳŜ άǊŜŘ ōƭƻōέ όǊŜŦŜǊǊƛƴƎ ǘƻ tŜǘŜǊΩǎ ǎƻŦŀύ ǎƘŀƭƭ ōŜ ǊŜǇƻǊǘŜŘΦ 

Note that some of these objects are stationary, others are not: sofas and doors tend to stay at their 

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

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

{ǳŎƘ ŘŜǘŜŎǘŜŘ ƻōƧŜŎǘǎΣ ǿƘƛŎƘ ǿŜ Ŏŀƭƭ άƭŀƴŘƳŀǊƪǎέΣ ŀǊŜ not defined a-priori. They might show up 

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 

ǇǊƻǾƛŘŜ ƭŀƴŘƳŀǊƪΩs positions. The robot 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 positions) 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. Therefore, the typical rate for reporting events is significantly lower; down to not 

reporting events for some time. Please refer to chapter 3.2.7.1 for a typical view of various 

landmarks. 

2.4.3 Heading-Direction Sensors  

Examples: Compass, Gyroscope 

A heading direction sensor is a one-dimensional sensor, reporting orientations without associated 

distances of events. A compass is a good example, reporting the direction towards north: a single 

ǘȅǇŜ ƻŦ ŜǾŜƴǘ όάƴƻǊǘƘέύ ǿƛǘƘ ŀƴ ŀǎǎƻŎƛŀǘŜŘ ŀƴƎƭŜ ǘƻǿŀǊŘǎ ƴƻǊǘƘ ƛƴ ǘƘŜ ǎŜƴǎƻǊΩǎ ŎƻƻǊŘƛƴŀǘŜ-frame. If 

the robot and hence the sensor rotate by 90 degrees, the reported angle-to-north also changes by 

90 degrees.  The reported events lead to a blob of activity in a 1d-representation as described in 

chapter 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 electro-magnetic distortions, the same orientation to 

north at different positions does not necessarily report the same angle, as will be described in detail 

in chapter 3.2.7.3. 
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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 need to pre-ǇǊƻŎŜǎǎ ǘƘƛǎ ǎŜƴǎƻǊΩǎ Řŀǘŀ ōŜŦƻǊŜ ǎǘƻǊƛƴƎ ŜǾŜƴǘǎ ƛƴ ŀ 

1d- representation: The sensor gets reset periodically, defining the current orientation to be 

άŦƻǊǿŀǊŘǎέΦ ¢Ƙƛǎ ǊŜǎŜǘǎ ƘŀǇǇŜƴ ǿƘŜƴŜǾŜǊ ǘƘŜ Ǌƻōƻǘ ƛǎ ŦŀŎƛƴƎ ŀƴ ǳǇŎƻƳƛƴƎ ǘŀǊƎŜǘΣ ŜΦƎΦ ŀ ƴŜƛƎƘōƻǊ ǘƻ 

go to or open space to explore (refer to chapter 4.3.2 for details). After reset, all signal changes get 

ƛƴǘŜƎǊŀǘŜŘΣ ƪŜŜǇƛƴƎ ǘǊŀŎƪ ƻŦ ǘƘŜ ŎǳǊǊŜƴǘ ƻǊƛŜƴǘŀǘƛƻƴ ǿƛǘƘ ǊŜǎǇŜŎǘ ǘƻ άŦƻǊǿŀǊŘǎέΦ ¢ƘŜ ƛƴǘŜƎǊŀǘƛƻƴ 

Ƴŀƛƴǘŀƛƴǎ ŀƴ ŀƴƎƭŜ ǘƻǿŀǊŘǎ άŦƻǊǿŀǊŘǎέΣ ǎƛƳƛƭŀǊƭȅ ǘƻ ǘƘŜ ŀƴƎƭŜ ǘƻǿŀǊŘǎ ƴƻǊǘƘΦ bƻǘŜ ǘƘŀǘ ǘƘŜ 

ƛƴǘŜƎǊŀǘŜŘ ŜǎǘƛƳŀǘŜ ǘƻǿŀǊŘǎ ŦƻǊǿŀǊŘǎΣ ƘƻǿŜǾŜǊΣ ŘǊƛŦǘǎ ŦǊƻƳ ǘƘŜ ǘǊǳŜ ƻǊƛŜƴǘŀǘƛƻƴ ǘƻǿŀǊŘǎ άŦƻǊǿŀǊŘǎέ 

over time due to sensor noise getting integrated. Figure 9 shows the principle differences in signal-

error between a noisy absolute and a low-noise integrated orientation sensor, both reset at the start 

of the recording. 

 

Figure 9: Estimation-error over time for a noisy absolute sensor (Compass, blue) and a low-noise 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 drift over time 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, Optic Flow 

Monitoring and integrating ego-motion 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 get represented as is in the data-structure; it requires conversion into a 

ǎǇŀǘƛŀƭ ǇƻǎƛǘƛƻƴΦ CƻǊ ŎƻƴǾŜǊǎƛƻƴΣ ǿŜ ǇŜǊƛƻŘƛŎŀƭƭȅ ǎǇŜŎƛŦȅ ŀ ƴŜǿ ŘŜǎƛǊŜŘ άǘŀǊƎŜǘέ Ǉƻǎƛǘƛƻƴ ǘƻƎŜǘƘŜǊ 

with a desired orientation at target, e.g. whenever starting a journey to a well-known 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 target position and orientation relative to the robots base position, that can get stored in 

a 3d-representation (2d-position and 1d-orientation). 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 the 

sensory signature and therefore improve navigation performance. 

A conceptually simple sensor is a 360° horizon sensor, recording quantities such as color, brightness, 

ƻǊ ΨƘŜƛƎƘǘ-of-ƻōƧŜŎǘΩ ŀǘ ǘƘŜ ƘƻǊƛȊƻƴΦ {ǳŎƘ ǎŜƴǎƻǊǎΩ ŜǾŜƴǘǎ Ŏƻƴǎƛǎǘ ƻŦ ŀ ƭƛǎǘ ƻŦ ŀƴƎƭŜǎ with sensed 

quantities to get stored in a 1d-representation. 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 heading direction 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 of reference 

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 pre-processing, the events can be 1-dimensional (e.g. the angle of 

the loudest sound, independent of frequency), 2-dimensional (e.g. the position-estimate of a 

nearby-sound), or multi-dimensional, if a filter-bank selects various frequency ranges for sounds and 

processes each frequency band independently. 

2.4.6 Derived Events  

Examples: Eedge-, Corner-, Junction-sensors 

As discussed in chapter 2.1, the data structure accommodates elementary sensor events presented 

in the previous chapters, but also processed events, such as edges, corners, junctions. Such abstract 

evŜƴǘǎ ƎŜǘ ŘŜǊƛǾŜŘ ŦǊƻƳ ŜƭŜƳŜƴǘŀǊȅ ŘŀǘŀΣ ŀǎ ŜΦƎΦ ŀƴ άŜŘƎŜέ ŜǾŜƴǘ ƛǎ ŎƻƳǇǳǘŜŘ ŦǊƻƳ ŜǾŜƴǘǎ ǎǘƻǊŜŘ ƛƴ 

a blocked-space representation. An algorithm computing such events stores its new events in an 

additional layer maintained in the same container OO that holds the elementary events. The algorithm 

ǎƛƳǇƭȅ ŎǊŜŀǘŜǎ ƴŜǿ ŜǾŜƴǘǎ ƻŦ ǘȅǇŜ άŜŘƎŜέ ǿƛǘƘ ŀǎǎƻŎƛŀǘŜŘ ǇƻǎƛǘƛƻƴǎΣ ŀƴŘ ƎƛǾŜǎ ǘƘŜƳ ǘƻ ǘƘŜ ŎƻƴǘŀƛƴŜǊ 

OO for storage. The container handles all incoming events in the same fashion; it does not 

differentiate between elementary and processed events. Cascading this principle of deriving events 

is possible: Another algorithm can inspect derived edge-, corner-, and junction-events, and create a 

ƴŜǿ άƘŀƭƭǿŀȅέ ŜǾŜƴǘ ǘƻ ǎǘƻǊŜ ƛƴ ǘƘŜ ǎŀƳŜ ŎƻƴǘŀƛƴŜǊΦ 

2.4.7  Abstract Events  

Examples: Neighbors, 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 position of interesting 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 treating them like 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 maintains 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 single time-

frame. Such an approach wastes a lot of existing knowledge about the environment, as events that 

accidentally did not occur within the current time frame will be unknown. Additionally, if the source 

ƻŦ ŀƴ ŜǾŜƴǘ ƳƻǾŜŘ ƻǳǘ ƻŦ ŀ ǎŜƴǎƻǊΩǎ ŦƛŜƭŘ-of-view, it typically still exists in the world. As an example, 

a previously detected landmŀǊƪ ǘƘŀǘ ƳƻǾŜŘ ƛƴ ǘƘŜ ǊƻōƻǘΩǎ ǊŜŀǊ ǎǘƛƭƭ ƛǎ ŀ ƭŀƴŘƳŀǊƪΣ ŀƭǘƘƻǳƎƘ ƛǘ ƛǎ 

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 maintain previous events at valid positions in the structure, their representations need to get 

ǳǇŘŀǘŜŘ ōŀǎŜŘ ƻƴ ǘƘŜ ǊƻōƻǘΩǎ ƳƻǘƛƻƴΥ !ǎǎǳƳƛƴƎ ŀ флϲ ǘǳǊƴ ŎƻǳƴǘŜǊ-clockwise (positive direction) all 

stored events rotate clockwise by 90° (negative direction). Rotating events 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 forward-driving 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 of events, we need to know how far the robot has 

moved. However, sensors providing error-free measures of translation and rotation do not exist. As 

approximation we can rely solely on an ego-motion sensor such as wheel rotations (chapter 2.4.4) to 

ŎƻƳǇǳǘŜ ǘǊŀƴǎƭŀǘƛƻƴǎ ŀƴŘ Ǌƻǘŀǘƛƻƴǎ ƻŦ ŜǾŜƴǘǎΦ aƻǾƛƴƎ ŀƭƭ ŜǾŜƴǘǎ ōŀǎŜŘ ƻƴ ŀ ǎƛƴƎƭŜ ǎŜƴǎƻǊΩǎ ŜǎǘƛƳŀǘŜΣ 

however, introduces a large overall uncertainty: measurement errors from this sensor have direct 

ƛƳǇŀŎǘ ƻƴ ŀƭƭ ƻǘƘŜǊ ǎŜƴǎƻǊǎΩ ŜǾŜƴǘǎΦ .ǳǘ no single sensor shall be in such a powerful position, being 

ŀōƭŜ ǘƻ ŀŎŎƛŘŜƴǘŀƭƭȅ ƻǾŜǊǿǊƛǘŜ ŀƭƭ ƻǘƘŜǊ ǎŜƴǎƻǊǎΩ ŜǎǘƛƳŀǘŜǎΦ ¢ƘŜǊŜŦƻǊŜΣ ǿŜ ŘŜŎƛŘŜŘ ǘƻ ǘǊŀƴǎƭŀǘŜ ŀƴŘ 

ǊƻǘŀǘŜ ŀƭƭ ŜǾŜƴǘǎ ƛƴ ƳŜƳƻǊȅ ōŀǎŜŘ ƻƴ ǘƘŜ ǊƻōƻǘΩǎ ŘŜǎƛǊŜŘ Ƴƻǘƛƻƴ - independent of the truly occurred 

motion. Additionally, we introduce a method to correct errors by comparing event-positions from all 

sensors against their predicted positions, as will be described in detail in chapter 2.5.3. Applying this 

method estimates ǘƘŜ ǊƻōƻǘΩǎ Ƴƻǘƛƻƴ ōŀǎŜŘ ƻƴ ŀ ǇǊŜŘƛŎǘƛƻƴΣ ŎƻǊǊŜŎǘŜŘ ōȅ ŜǾŜƴǘǎ ŦǊƻƳ ŀƭƭ ǎŜƴǎƻǊǎΦ 

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 not jump from 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 events: When 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. 

YŜŜǇƛƴƎ ŀƭƭ ŜǾŜƴǘǎ ǘƻƎŜǘƘŜǊ ƛƴ ŀ ǎƛƴƎƭŜ ōƛƴ ŘƻŜǎ ƴƻǘ ǊŜŦƭŜŎǘ ǘƘŜ ǊƻōƻǘΩǎ ƳƻǘƛƻƴΥ ǘȅǇƛŎŀƭ Ƴƻǘƛƻƴ-

increments are smaller than the size of a bin, such that all events of a single bin fall back into the 

same bin after applying a motion-update. 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 events from a single bin into multiple bins, immediately blurs 

available events all over the place, as a simple example in a 1d-representation demonstrates (Figure 

10, left side): Assume an event of certainty 1 is represented in a sƛƴƎƭŜ ōƛƴΣ ŎŀƭƭŜŘ ά.лέΦ !ŦǘŜǊ 

traveling a short distance, the certainty from B0 is split into B0 and its direct neighbor B1. Upon 

receiving a second small motion update, both certainties from B0 and B1 get translated again, 

contributing to B0 and B1, but aƭǎƻ ǘƻ .мΩǎ ƴŜƛƎƘōƻǊ .нΦ ¢ƘŜǊŜŦƻǊŜΣ ŀŦǘŜǊ ƻƴƭȅ ǘǿƻ ǎƳŀƭƭ Ƴƻǘƛƻƴ 

updates, a fraction of the initial event from B0 already moved to B2, although the total distance 

traveled was not sufficient to move events from B0 to B2 directly. Such an expansion of initially 

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

ōƭǳǊǎ ǘƘŜ ŜǾŜƴǘΩǎ ǇƻǎƛǘƛƻƴΦ ¢Ƙƛǎ ŜŦŦŜŎǘ ƛǎ ǎƛƎƴƛŦƛŎŀƴǘƭȅ ǿƻǊǎŜ ƛƴ ŀ нŘ-representation, where every 

incremental update moves data from one bin into three new bins, 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 criteria get added into a single slice: 

¶ Observed within a single time bin of at most 2seconds. 

¶ Distance traveled between first event and current event less than ½ robot body length. 

¶ Robot rotation of at most 12° between reports of any two events. 

If one or more of 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 low position variance of all types 

of events within a single slice. 

!ƭƭ ǘƘŜǎŜ ŜǾŜƴǘǎ ƛƴ ŀ ǎƛƴƎƭŜ ǎƭƛŎŜ ŎƻƴǎǘƛǘǳǘŜ ǘƘŜ άōŀǎŜ ƪƴƻǿƭŜŘƎŜέ ƻŦ ǘƘƛǎ ǎƭƛŎŜΣ ǿƘƛŎƘ ǿƛƭƭ ƴŜƛǘƘŜǊ 

rotate nor translate because of robot motion. In addition to the fixed base knowledge, each slice 

maintains a motion-ƛƴǘŜƎǊŀǘƛƻƴ ǾŜŎǘƻǊ ǿƘƛŎƘ ŀŎŎǳƳǳƭŀǘŜǎ ǘƘŜ ǊƻōƻǘΩǎ ǘƻǘŀƭ Ƴƻǘƛƻƴ ŀŦǘŜǊ ŜǎǘŀōƭƛǎƘƛƴƎ 

base knowledge. Whenever current positions of past-time-events are requested, the slice internally 

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

and provides this new copy (see Figure 10, right side).  All externally reported events thus reflect the 

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

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

ŀǎ ŀ ŎǳǊǊŜƴǘ ŜǾŜƴǘΣ ōŜŎŀǳǎŜ ǘƘŜ Ƴƻǘƛƻƴ ƛƴǘŜƎǊŀǘƻǊ ǿƛƭƭ ƭƛƪŜƭȅ ǘǊŀƴǎƭŀǘŜ ǘƘŜ ŜǾŜƴǘΩǎ Ǉƻǎƛǘƛƻƴ ǘƻ ŀ ƴŜǿ 

position between bins. However, the 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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Figure 10: Maintaining events in a 1d-representation while robot ŘǊƛǾƛƴƎ ƛƴ ǘƘǊŜŜ ŎƻƴǎŜŎǳǘƛǾŜ ǎǘŜǇǎ ƻŦ Ѻ-bin-length each. 
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 translation (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 stored in such 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 stored information 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 accumulated errors 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 chapter 2.2.5): events with high update rates typically decay quickly, whereas rarely 

occurring events decay much slower. Each slice - in addition to maintaining a motion integrator - 

monitors time after its creation. Knowing about time past and distance traveled, each slice decays its 

base knowledge of all bins bnόлύΣ ŎƻƳǇǳǘƛƴƎ ǘƘŜ ōƛƴǎΩ ŎǳǊǊŜƴǘ ǾŀƭǳŜǎ bn after time t using the 

following exponential function: 

 

with t denoting the time past, dabs the absolute distance traveled independent of direction, and t0 

and d0 the time and distance normalization respectively, as provided by a sensor. To reflect changes 

in robot orientation, the accumulated absolute rotations contribute to dabs. Note that t and dabs can 

only increase in value, thus bn Ŏƻƴǘƛƴǳƻǳǎƭȅ ŘŜŎǊŜŀǎŜǎΦ !ǇǇƭȅƛƴƎ ǘƘƛǎ ŦƻǊƳǳƭŀ ǘƻ ŎƻƳǇǳǘŜ ŀ ōƛƴΩǎ 

current value bn allows recent events to have stronger impact over decreased older events. 

Eventually, bn falls below a significance threshold, such that bn(0) gets cleared to save processing 

time. With all bn(0) decayed, the whole slice with all outdated events is discarded. 
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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 such errors 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 ego-motion 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 an example of a trajectory accumulating error during a short 

ŜȄǇƭƻǊŀǘƛƻƴ ǇƘŀǎŜΦ ¢ƘŜ ōƭǳŜ ǘǊŀŎŜ ǎƘƻǿǎ ǘƘŜ ǊƻōƻǘΩǎ ǘǊǳŜ ǘǊŀƧŜŎǘƻǊȅΣ ǿƘŜǊŜŀǎ ǘƘŜ ƎǊŜŜƴ ǘǊŀŎŜ ǎƘƻǿǎ 

an error corrected trajectory. Note that the error-corrected version still shows inaccuracies along the 

way. 

The data representation needs a reliable estimate of robot motion to translate past events. Events 

ŦǊƻƳ ǘƘŜ ǊƻōƻǘΩǎ ƻƴ-board sensors provide information about motion relative to the environment 

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

single sensor to modify all recorded events is dangerous: if this sensor reports poor estimates of the 

ǘǊǳŜ ƳƻǘƛƻƴΣ ǘƘƛǎ ǎŜƴǎƻǊΩǎ ŜǊǊƻǊ ǎǇǊŜŀŘǎ ƻǳǘ ǘƻ ŀƭƭ ƻǘƘŜǊ ǎŜƴǎƻǊǎΦ Lƴ ǘƘŜ ǳƭǘƛƳŀǘŜ ŎŀǎŜΣ ƛŦ ǘƘƛǎ ǎŜƴǎƻǊ 

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 

άǇŀǎǘ ǎƛƎƴŀǘǳǊŜέ όps), summing all stored time- and distance-decayed events in a single slice. Note 

that all slices have been translated and rotated according to how the robot expects it has moved. ps 

ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ ōŜǎǘ ŜǎǘƛƳŀǘŜ ŀōƻǳǘ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ǾƛŜǿ ǿƛǘƘƻǳǘ ǘƘŜ ƴŜǿŜǎǘ ǎƭƛŎŜ ƻŦ ŜǾŜƴǘǎΣ ŀƴŘ 

without correction of recent motion-errors. 

Comparing ps with the current slice (cs),  as will be explained in chapter 2.6, provides an estimate of 

the motion error that occurred based on events reported from all sensors: The distance measure 

dist = cs - ps provides a 3d-vector (2d-translation and 1d-orientation) for correcting offsets in 

motion. The data structure translates and rotates cs according to dist before storing cs in 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 that occurred for the last 8 slices added to memory 

(avgDist8), but also the average distance of the last 4 slices (avgDist4). If avgDist8 exceeds a 

ǘƘǊŜǎƘƻƭŘΣ ǎŜǘ ǘƻ ѹ ƻŦ ǘƘŜ ǊƻōƻǘΩǎ ƭŜƴƎǘƘ ƛƴ ǘǊŀƴǎƭŀǘƛƻƴ ƻǊ мрϲ ƛƴ ƻǊƛŜƴǘŀǘƛƻƴ ǊŜǎǇŜŎǘƛǾŜƭȅΣ ǿŜ ŀǎǎǳƳŜ ŀ 

large error in ego-motion recently happened. avgDist8, 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 once avgDist4 and avgDist8 indicate a similar change, suggesting that the error 

has happened before recording events. With both avgDist4 and avgDist8 exceeding the threshold, 

we translate or rotate all memorized data according to avgDist4, subtract avgDist4 from the 

distance memory, and notify the robot about the detected offset in ego-motion. 

Discrepancies between cs and ps typically 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 

recorded sensor data of individual cs gets corrected as accurately as possible and added to memory, 
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but the avgDist-values are unlikely to exceed the threshold; ego motion does not get corrected. In 

the second case, all cs recorded after misplacing the robot show a consistent offset, such that 

avgDist slowly increases and - after 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 previous data get aligned with current events; all future events are aligned 

correctly until further errors in ego-motion occur. This principle for correcting errors in ego motion 

results in significantly improved position estimates compares to simple motion integration based on 

ǿƘŜŜƭ ŜƴŎƻŘŜǊǎΩ ǊŜǇƻǊǘǎ όǎŜŜ Figure 11Σ ǊŜŘ ǘǊŀŎŜ ǎƘƻǿƛƴƎ ǘƘŜ ǊƻōƻǘΩǎ Ǉƻǎƛǘƛƻƴ ŜǊǊƻǊ ǳǎƛƴƎ ǿƘŜŜƭ 

encoder integration only, whereas the green trace shows the position error when applying error 

correction). 

As an alternative approach we tried continuously correcting a small fraction of avgDist8: translating 

ŀƴŘ ǊƻǘŀǘƛƴƎ ŀƭƭ ǎǘƻǊŜŘ Řŀǘŀ ōȅ Ѿ ϊ avgDist8 corrects large errors in ego motion reliably within a few 

iterations. Unfortunately, applying small changes continuously also leads to slowly drifting estimates 

ƻŦ ǘƘŜ ǊƻōƻǘΩǎ ǇƻǎƛǘƛƻƴΣ ǎǳŎƘ ǘƘŀǘ ŀfter some time position and orientation accumulated large errors. 

We decided to stay with the previous approach of correcting only larger accumulated errors once 

they exceed a threshold. 

  

Figure 11Υ ! ǊƻōƻǘΩǎ ŜǊǊƻǊ ƛƴ Ǉƻǎƛǘƛƻƴ Ŝǎtimates: red trace shows increase of position 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 traveled 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 (blue) in a room of 8x15m. 

2.5.4 Best Estimate of Current Local Environment  

Up to now 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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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. for storing 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 might generate 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 

base bin (refer to chapter 2.5.1), but apply either of the following two correcting schemata to the 

values in the current bins: 

¶ 9ŀŎƘ ōƛƴ ƻŦ ŜǾŜƴǘǎ ŎƻŘƛƴƎ ŦƻǊ άōƭƻŎƪŜŘ ǎǇŀŎŜέ ƛǎ ƛƴŘŜǇŜƴŘŜƴǘ ƻŦ ŜŀŎƘ ƻǘƘŜǊΦ ¢ƘŜǊŜŦƻǊŜΣ 

events from bins at identical positions but different slices get added and finally cut-off at 

peak-values of +1 and -1, indicating that a bin is certainly blocked or certainly free. As 

discussed in chapter 2.4.1 most such sensors provide blocked-space- and free-space-events, 

ǊŜŎƻǊŘŜŘ ŀǎ ǇƻǎƛǘƛǾŜ ƻǊ ƴŜƎŀǘƛǾŜ ǾŀƭǳŜǎΦ ²Ŝ ŎƘƻǎŜ ǘƻ ǿŜƛƎƘ ƴŜƎŀǘƛǾŜ ǾŀƭǳŜǎ ǿƛǘƘ ƻƴƭȅ Ѿ of 

their nominal value when summing bins, such that conflicting positive and negative reports 

for a single bin are more likely to report blocked space. 

¶ Observed events originating from a single source use a population code to estimate the 

ǎƻǳǊŎŜǎΩ ǘǊǳŜ ǇƻǎƛǘƛƻƴΦ ¢ƘŜ Řŀǘŀ ǎǘǊǳŎǘǳǊŜ ƛƴƛǘƛŀƭƭȅ ǎǳƳǎ ŀƭƭ ŜǾŜƴǘǎ ŦǊƻƳ ōƛƴǎ ƻŦ ƛŘŜƴǘƛŎŀƭ 

positions into a new slice. The total value of all events contained in this new slice, 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 briefly stay 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 place-signature (ps). Note, however, that further translation and rotation of 

this ps suffers from blurring data as explained in chapter 2.5.1). The ps is only useful for temporary 

snapshots or quasi-ǎǘŀǘƛƻƴŀǊȅ ǎŎŜƴŀǊƛƻǎΣ ŜΦƎΦ ǿƘŜƴ ŎƻƳǇŀǊƛƴƎ ǘƘŜ ǊƻōƻǘΩǎ Ŏurrent environment with 

a ps of a previously visited place. 

Figure 12 show a summary of the processing steps to turn sensory-events into a place-signature. 
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Figure 12: Turning sensory-ŜǾŜƴǘǎ ƛƴǘƻ ŀ άǇƭŀŎŜ ǎƛƎƴŀǘǳǊŜέΥ ŎƻƭƭŜŎǘƛƴƎ ŜǾŜƴǘǎ ŦǊƻƳ ŀƭƭ ŀǾŀƛƭŀōƭŜ ǎŜƴǎƻǊǎΣ ƳŀƛƴǘŀƛƴƛƴƎ 
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 environmental information in two containers is an elementary operation that the data 

ǎǘǊǳŎǘǳǊŜ ǇŜǊŦƻǊƳǎΦ ! ǎƛƳǇƭŜ ǎŎŀƭŀǊ ǎƛƳƛƭŀǊƛǘȅ ƳŜŀǎǳǊŜ όάŘƛǎǘŀƴŎŜέύ ōŜǘǿŜŜƴ ǘǿƻ ŎƻƴǘŀƛƴŜǊǎ ƛǎ ƴƻǘ 

sufficient for navigation: As example, assume a robot wanting to center in a previously visited spot 

has already returned to the exact place, but faces a different direction. Comparing the stored place 

ǎƛƎƴŀǘǳǊŜ ŀƎŀƛƴǎǘ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ǾƛŜǿ ǎƘƻǳƭŘ ǊŜǘǳǊƴ ŀ ƘƛƎƘ ǎƛƳƛƭŀǊƛǘȅ ǾŀƭǳŜΣ ōǳǘ ŀƭǎƻ ƛƴŘƛŎŀǘŜ ǘƘŀǘ 

the current view is rotated with respect 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 data from sensors that are available in both containers are 

compared. However, multiple of such pair-wise comparisons typically report different similarity 

ǾŀƭǳŜǎ ŀƴŘ ƳƛƎƘǘ ŜǾŜƴ ǊŜǇƻǊǘ ŘƛŦŦŜǊƛƴƎ ƻŦŦǎŜǘǎ ŦƻǊ άōŜǎǘ ƳŀǘŎƘŜǎέΦ ¢ƘŜ Řŀǘŀ ǎǘǊǳŎǘǳǊŜ ƴŜŜŘǎ ǘƻ 

perform multiple pair-ǿƛǎŜ ŎƻƳǇŀǊƛǎƻƴǎΣ ƛƴǎǇŜŎǘ ǘƘŜ ǊŜǎǳƭǘǎ ŀƴŘ ƎŜƴŜǊŀǘŜ ŀ άŎƻƳƳƻƴ ōŜǎǘ ŜǎǘƛƳŀǘŜέ 

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 confused sensor modifies the overall result 

significantly. 

Internally, a data container OO1 compares each of its individual slices with a slice of the same type in 

another container OO2 if and only if such a slice exists. For each such pair of slices S1 and S2, a copy of 

the first gets rotated and translated before comparing with S2. Performing a large number of such 
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translations and rotations results in a detailed similarity-landscape for various possible offsets 

between S1 and S2, closely resembling a convolution of the two slices. Figure 13, upper row, shows 

such a convolution for an exemplary 1d data structure. The peak activity of the result S1*S2 is at 

about 160 degrees clockwise from origin, corresponding to the rotation of S1 for maximal similarity 

with S2. 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 principle described above; however, in addition to 

rotating the original data to find the best match, the data also needs to undergo translations. The 

resulting similarity-landscape is 3-dimensional: for each possible rotation angle the data is also 

translated to various 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 computational resources further away. 

Comparing 3d data structures - that 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 similarity-landscape still is 3 dimensional, providing the similarity measure for a 

combined translation and rotation. 

  

Figure 13: Comparing two 1d containers. Upper row: convolution of two containers with well located stimuli sources (S1, 
S2) provides a strong peak at the offset between both (S1*S2). Bottom row: comparing a well located source (S1Ωύ ǿƛǘƘ ŀ 
multi-peaked uncertain signature (S2Ωύ ǇǊƻǾƛŘŜǎ ƳǳƭǘƛǇƭŜ ǇŜŀƪǎ ƛƴ ǘƘŜ ǊŜǎǳƭǘ ό{1Ωϝ{2Ωύ ǊŀǘƘŜǊ ǘƘŀƴ ŀƴ ŀǾŜǊŀƎŜ ǇƻǎƛǘƛƻƴΣ 
indicating that either of the two possible rotations is a preferred solution. 

Under real-world conditions, sensor data typically is significantly noisier than in Figure 13, top row, 

and often shows multiple-peaks from sensor noise or driving errors. Comparing such data leads to 

multiple peaks in the similarity-landscape, as shown in Figure 13, bottom row. In 2d- or 3d-cases, 

more than a single offset can lead to optimal overlaps, such as e.g. data marking blocked space 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 container OO1 that is performing the comparison can inspect all individual results and find 

the best combined solution. In our current implementation, all individual similarity landscapes get 

* Ą

S1 S2 S1*S2

* Ą

S1Ω S2Ω S1Ωϝ{2Ω
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added, such that common peaks support each other. After inspecting all existing pairs of slices and 

applying a spatial low-pass 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 of implementation tricks to 

reduce processing time: 

¶ 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 and 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 search-range is 

automatically extended. 

¶ All rotations and translations of data in a structure happen to identical target positions for 

consecutive comparisons. We do not compute these target positions on-the-fly, but instead 

pre-compute all possible shifts of the log-polar binned representation at system startup. 

Generating such a lookup table initially requires processing time (about ten seconds), but 

speeds up comparisons in the running system significantly. 

¶ 2d representations containing data from multiple distinguishable sources (refer to chapter 

2.2.5 and Figure 6, right) need most processing power, as they require a full 3d-convolution 

for each of their internal layers. Instead of computing these convolutions, we apply a trick: 

using the population-coded positions of each source we compute the 2d-distance of each 

pair of positions for all possible rotations. The rotation that produces the smallest variance 

in vector-distances denotes the best match for orientation with the vector 2d-distance 

denoting the translational offset. 

2.7 Provided Functionality  
The main purpose of the designed data structure is to store and maintain sensor-events. In addition, 

it shall generate and operate on a unified abstracted representation of previously recorded events 

from a local environment, the place-signature. The active units in the navigation system, such as 

sensors or place-representations (see chapter 1) shall not care about the underlying principles to 

represent and handle data. We have 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 place-signatures. Providing 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. 

Table 2 lists and describes provided methods operating on a container OO: 
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add(single slice) 
add(other OO) 
 

These methods merge events stored in the provided argument into an 
existing container. Adding an individual slice initially checks if events of 
this type (i.e. from the same source) already exist. If they exist, the 
ŀǊƎǳƳŜƴǘΩǎ ŎǳǊǊŜƴǘ ŜǾŜƴǘǎ όǘǊŀƴǎƭŀǘŜŘ ŀƴŘ ǊƻǘŀǘŜŘύ ƎŜǘ ƳŜǊƎŜŘ ǘƻ ǘƘŜ 
base of the container. If they do not yet exist, the provided slice gets 
added to the container. 
Adding a container to the current container adds each slice of the 
argument individually as describe above, thus ultimately adding the full 
container to the current container. 

enterNewSensorData( 
identifier, Data)  

This method takes a sensor identifier and a data object representing 
new data from a sensor. It creates a new slice (s) of events based on the 
ǇǊƻǾƛŘŜŘ ŀǊƎǳƳŜƴǘǎ ŀƴŘ Ŏŀƭƭǎ άŀŘŘόsύέ ǘƻ ƳŜǊƎŜ ǘƘŜ ƴŜǿ Řŀǘŀ ƛƴǘƻ ǘƘŜ 
current container. 

getPlaceSignature() Reports the best estimate of the current environment (place signature, 
ps) by flattening all past slices of events from a single source into a 
single current slice (refer to chapter 2.5.4). 

ǎŜǘ5ŜŎŀȅόɲǘΣ ҟŘύ Notifies the container about time past and distance traveled for 
decaying data (refer to chapter 2.5.2) 

distance(other OO) 
distance(other OO, dist) 

Comparing two containers returns a similarity measure and the spatial 
distance between both containers (refer to chapter 2.6). The optional 
ŀǊƎǳƳŜƴǘ άŜȄǇŜŎǘŜŘ ŘƛǎǘŀƴŎŜέ ŎŀǳǎŜǎ ŘƛŦŦŜǊŜƴǘ ǎŜƴǎƻǊ ƳƻŘŀƭƛǘƛŜǎ ǘƻ 
contribute according to their relevance at the assumed distance. 

findFreeDrivingAngle() 
findBestPlace() 
findDirectionsToMove() 

These functions inspect all slices of the current place signature 
ǊŜǇǊŜǎŜƴǘƛƴƎ άōƭƻŎƪŜŘ ǎǇŀŎŜέ ŀƴŘ ǊŜǘǳǊƴ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ŦǊŜŜ ǎǇŀŎŜΥ 
findFreeDrivingAngle inspects events within ±45° orientation, returning 
direction and length of free space sufficiently wide to allow the robot to 
traverse. findBestPlace inspects the current place signature to find a 
ƴŜŀǊōȅ άŎŜƴǘŜǊ ƻŦ ŦǊŜŜ ǎǇŀŎŜέΣ ǊŜǇƻǊǘƛƴƎ ŀƴ ƻǇǘƛƳŀƭ ǎǘŀǊǘƛƴƎ Ǉƻǎƛǘƛƻƴ ŦƻǊ 
further explorations. findDirectionsToMove returns a list of directions 
that are unblocked and sufficiently wide to traverse, starting from the 
current position. 

isSignatureComplete() Most sensors operate in a limited field-of-view, e.g. reporting events 
only from the frontal semi-sphere. This function inspects the current 
place signature and checks for an evenly distributed event occurrence. If 
at least one kind of events is reported substantially unbalanced, this 
method reports false. The robot might want to rotate 360° on the spot 
to refresh events that are currently invisible. 

removeRelativeEvents() Some types of sensors do not report absolute values but only changes 
with respect to a baseline (refer to chapter 2.2.5). These sensors require 
a periodic reset to compensate for accumulated drift. Whenever such a 
reset happens the recorded events get invalid; calling removeRelative-
Events deletes all such relative events stored in the current container. 

getNeighborList() 
hasNeighbor(id) 
getNeighborPosition(id) 

The abstract events about neighboring places (see chapter 4.2) require 
special methods, as information about neighbors gets retrieved 
ƛƴŘƛǾƛŘǳŀƭƭȅ ƛƴ ŎƻƴǘǊŀǎǘ ǘƻ ƻǘƘŜǊ ǎŜƴǎƻǊΩǎ ŘŀǘŀΦ ! ƭƛǎǘ ƻŦ ŀƭƭ ƴŜƛƎƘōƻǊǎ ƛǎ 
obtained by calling getNeighborList(); the existence of a particular 
neighbor is queried by hasNeighbor(id). The method 
getNeighborPosition(id) reports distance and orientation towards a 
neighbor in the place-ǎƛƎƴŀǘǳǊŜΩǎ ŎƻƻǊŘƛƴŀǘŜ ŦǊŀƳŜΦ 
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display() 
save(), load() 

These are internal functions for our convenience not required to run the 
program. They allow visualizing data from a container and saving or 
retrieving data on hard disk respectively. 

Table 2: Methods provided by Containers. 

2.8 Summary and Discussion  
In this chapter we have introduced a framework to store and process information from various 

ǎŜƴǎƻǊǎ ǊŜƭŀǘŜŘ ǘƻ ǎǇŀǘƛŀƭ ƴŀǾƛƎŀǘƛƻƴΦ ¢ƘŜ ǇǊŜǎŜƴǘŜŘ άŘŀǘŀ ŎƻƴǘŀƛƴŜǊέ ŀƭƭƻǿǎ ǘƘŜ Ǌƻōƻǘ ǘƻ ŘǳƳǇ Ǌŀǿ 

data from any of its sensors into the container. The container autonomously inspects new 

information and maintains an up-to-date ego-centered snapshot representation of all currently 

available local information. We store such information in an ego-centered log-polar-based binned 

occupancy grid, in which the value of 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 performs maintenance of its internal spatial data, such as translation, 

rotation and decay of information. When requested by a place agent (chapter 1) it provides abstract 

behaviorally relevant information based on reasoning about its internal 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 significantly 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 represents its current 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 building - with all 

the associated problems due to sensor noise. However, for 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 log-polar structures as implemented in our containers is uncommon in the engineering 

robotics community (Thrun 2002), as robotics research 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 

dealing with 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 container, yet each 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 (chapter 2.3), but maintain these layers together (chapter 2.5), such that all sensors contribute 

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

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

introduce place agents (chapter 1) which provide a topologic representation of larger spaces and 

control the robot. Such place agents should not have to interpret raw sensor data, but instead 

ƻǇŜǊŀǘŜ ƻƴ ƳƻǊŜ ŀōǎǘǊŀŎǘ ƛƴŦƻǊƳŀǘƛƻƴΣ ǎǳŎƘ ŀǎ άŦǊŜŜ ǎǇŀŎŜέ ƻǊ άǎƛƳƛƭŀǊƛǘȅ ōŜǘǿŜŜƴ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎέΦ 

Each such a place agent maintains its local spatial information in a data container, which provides 

pre-processed abstract spatial information. 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 multiple robots, each 

equipped with slightly varying on-board 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 comparing two containers for similarity, e.g. 

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

exist in both containers (refer to chapter 2.6). Sensor information that does not exist in the other 

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 sensor data and thus can report obstructions that 

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

ȅŜǘ ƛƴǾƛǎƛōƭŜ ƻōǎǘǊǳŎǘƛƻƴǎΦ ¢ƘŜ ŜȄŀŎǘ ǎŀƳŜ ŀǊƎǳƳŜƴǘ ƘƻƭŘǎ ǘǊǳŜ ƛŦ ƻƴŜ ƻŦ ǘƘŜ ǊƻōƻǘΩǎ ƻƴōƻŀǊŘ ǎŜƴǎƻǊǎ 

completely fails: 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 and takes this information into 

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

ƻƭŘ ǎǇŀǘƛŀƭ ƛƴŦƻǊƳŀǘƛƻƴ ƳŀƛƴǘŀƛƴŜŘ ƛƴ ŀ ǇƭŀŎŜ ŀƎŜƴǘΩǎ ŎƻƴǘŀƛƴŜǊǎ ƛǎ ǎǘƛƭƭ ǇŜǊŦŜŎǘƭȅ ǿŜƭƭ ǎǳƛǘŜŘ ŦƻǊ 

navigation, and will incrementally get 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 representation. But 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. For a given environment (e.g. fine detailed 

structures vs. open field) and given computing resources (a PC on a desk is very different to a 

microcontroller on-board the robot), we can flexibly adapt the data structure. We can also imagine 

maintaining containers 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 low spatial precision get 

represented in a different type of container with fewer coarser bins. 
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Throughout this thesis we put our emphasis on representing stationary environments, but we also 

consider two types of perturbations of a local environment: moved objects, e.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 object at a different place. The container maintained by the robot 

ŀƭǿŀȅǎ ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ ŎǳǊǊŜƴǘ ǎƛǘǳŀǘƛƻƴΣ ǎƻ ǿƘŜǊŜǾŜǊ ǘƘŜ ŎƘŀƛǊ ƘŀǇǇŜƴǎ ǘƻ ōŜ ǘƘŜ ǊƻōƻǘΩǎ ŎƻƴǘŀƛƴŜǊ 

will report obstructed space. The place agent (chapter 1) repreǎŜƴǘƛƴƎ ǘƘŜ ŎƘŀƛǊΩǎ ƭƻŎŀƭ ǎǳǊǊƻǳƴŘƛƴƎΣ 

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 of all containers results in a blurred representation of obstructed space - just 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 agents are occasionally 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 signature currently 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 (chapter 2.5). Instead simple addition 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 

ƳŀȄƛƳƛȊŜ ǘƘŜ ƭƛƪŜƭƛƘƻƻŘ ƻŦ ŀ ŎƻƴǘŀƛƴŜǊΩǎ Řŀǘŀ ǘƻ ǊŜǇǊŜǎŜnt the current local environment. We are 

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 for 1d and 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 events - such as a target position (2d) combined with a desired target orientation (1d) - 

by splitting the 3d event 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 higher dimensional 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 acquiring 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 (PAC) sends motion commands to the robot and receives integrated 

sensor perceptions 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 simulator that 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 works well in the 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 a few basic functions autonomously. It 

receives motion-commands to be performed from the currently active PAC, and delivers local 

environmental knowledge to the same PAC. In 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 various on-board 

sensors and constantly adds new information to an instance of the data structure described in 

chapter 0. This data structure updates existing information (such as decay and translation of old data 

ōŀǎŜŘ ƻƴ ǘƘŜ ǊƻōƻǘΩǎ ƳƻǘƛƻƴύΣ ŀƴŘ ǇǊƻǾƛŘŜǎ ŀƴ ƛƴǘŜƎǊŀǘŜŘ ōŜǎǘ ǾƛŜǿ ŀōƻǳǘ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ƭƻŎŀƭ 

environment. Environmental information from within a fŜǿ ǘƛƳŜǎ ǘƘŜ ǊƻōƻǘΩǎ ōƻŘȅ ƭŜƴƎǘƘ ƛǎ 

represented with high spatial accuracy, information from further away with lower accuracy as the 

data structure internally uses a log-polar 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 position of place agents (see chapter 1) or previously explored space. 

Software on the robot uses information provided by this data structure for avoiding obstacles, 

backing-up after hitting an obstruction, and correcting ego-motion errors in path-integration (see 

chapters 3.1.3 - 3.1.5ύΦ !ŘŘƛǘƛƻƴŀƭƭȅΣ ǘƘŜ ŎǳǊǊŜƴǘƭȅ ŀŎǘƛǾŜ t! ƳƛƎƘǘ ǊŜǉǳŜǎǘ ŀ ǎƴŀǇǎƘƻǘ ƻŦ ǘƘŜ ǊƻōƻǘΩǎ 

current environment to update its local environmental knowledge or to guide the robot towards 

itself. 

The robot 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 robot decides to spin 360° on the spot, 

overruling all other driving targets (chapter 3.1.2) to refresh the current environmental knowledge. 
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3.1.2 Driving Control  

The PA currently controlling the robot regularly provides desired driving targets in the robots 

ŎƻƻǊŘƛƴŀǘŜ ŦǊŀƳŜΣ ǎǳŎƘ ŀǎ άǘŀǊƎŜǘ ƛƴ нΣллƳ ŘƛǎǘŀƴŎŜ ŀǘ Ҍолϲ ŀƴƎƭŜέΦ {ƻŦǘǿŀǊŜ ƻƴ ǘƘŜ Ǌƻōƻǘ ŎƻƳǇǳǘŜǎ 

ǘƘŜ ǊŜǉǳƛǊŜŘ ǿƘŜŜƭ Ƴƻǘƛƻƴ ǘƻ ǎƳƻƻǘƘƭȅ ǊŜŀŎƘ ǎǳŎƘ ŀ ǘŀǊƎŜǘΣ ǘŀƪƛƴƎ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ Ƴƻǘƛƻƴ ŀƴŘ 

constraints regarding acceleration and de-acceleration 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 (chapter 3.1.1) and computes a detour trajectory if 

the direct path is blocked (see Figure 14). Starting from the current position, the robot evaluates 

possible trajectories found by a breadth-first search (Cormen, Leiserson et al. 1990) on a grid of 

ƘȅǇƻǘƘŜǘƛŎŀƭ ŦǊŜŜ Ǉƻǎƛǘƛƻƴǎ ƛƴ ƛƴŎǊŜŀǎƛƴƎ ǎǘŜǇǎ ŦǊƻƳ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ǇƻǎƛǘƛƻƴΦ ¢ƘŜ ōǊŜŀŘǘƘ-first 

search guarantees that the first path found to lead to the target is at least as short as the shortest 

possible path. If the robot 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 sensor perceptions.  

 

Figure 14: Local obstacle avoidance. The robot received a desired driving target (red circle) represented in its coordinate 
ǎȅǎǘŜƳΦ LƴǎǇŜŎǘƛƴƎ ǘƘŜ ǊƻōƻǘΩǎ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ ǘƘŜ ŎǳǊǊŜƴǘ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘ ǊŜǾŜŀƭǎ ǘƘŀǘ the direct path towards the 
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 close to the desired 
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 target; in worst 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 short distance 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 

ǘƘŜ ƳƻǘƻǊΩǎ ŎǳǊǊŜƴǘ ŎƻƴǎǳƳǇǘƛƻƴ ǿƘŜƴ ǘƘŜ ǿƘŜŜƭǎ ōƭƻŎƪΣ ŀƴŘ ŀǎ ǎǳŎƘ ŀǊŜ ƴƻǘ ŀǾŀƛƭŀōƭŜ ƛƴ ǘƘŜ ǊƻōƻǘΩs 

environmental representation. 

In such a case the robot stops motion instantly, and reports a virtual sensor perception of 

άƻōǎǘǊǳŎǘŜŘ ǎǇŀŎŜέ ŀǘ ƛǘǎ ŎǳǊǊŜƴǘ Ǉƻǎƛǘƛƻƴ ǘƘŀǘ ƎŜǘǎ ŀŘŘŜŘ ǘƻ ǘƘŜ ŎǳǊǊŜƴǘ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘŀƭ 

representation. After stopping, the robot initiates a backup motion opposite to the direction it went 

ōŜŦƻǊŜ ǎǘƻǇǇƛƴƎΣ ǿƘƛŎƘ ǎƘƛŦǘǎ ǘƘŜ ǊŜǇƻǊǘŜŘ άƻōǎǘǊǳŎǘŜŘ ǎǇŀŎŜέ ƻǳǘ ƻŦ ǘƘŜ ŎǳǊǊŜƴǘ ǇƻǎƛǘƛƻƴΦ wŜǎǘŀǊǘƛƴƎ 

the algorithm for local obstacle avoidance (chapter 3.1.3) provides a new trajectory towards the 

target, which detours the newly encountered obstructed space. 

3.1.5 Path Integration  

The robot continually updates a 3-dimensional path-integration vector representing distance, 

direction and orientation traveled. A currently active 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 maintained environmental information (see ego motion error correction, chapter 2.5.3). 

Computing ego motion on-board allows reacting quickly on changed motor speed. The robot 

provides path integration information to the currently active place 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 principle - ǊŜǇǊŜǎŜƴǘƛƴƎ ŀƴ ŀƎŜƴǘΩǎ ŜƴǾƛǊƻƴƳŜƴǘ ŀǎ ŀ ŎƻƭƭŜŎǘƛƻƴ ƻŦ 

independent behaviorally significant active local patches - works well for navigation in real-world 

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 all 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 

robƻǘ ƛƴ ŀ ŎƻƴǎǘǊǳŎǘŜŘ ǿƻǊƭŘ ŀƭǿŀȅǎ ƪƴƻǿǎ ǘƘŜ ǊƻōƻǘΩǎ ǘǊǳŜ ƭƻŎŀǘƛƻƴΦ !ƭǘƘƻǳƎƘ ŎƻƴǾŜƴƛŜƴǘ ŦƻǊ 

debugging and displaying purposes it is dangerous to accidentally miss separating simulator and 

algorithm, such that the algorithm certainly has no access to such information. Additionally, a 

άǎƛƳǳƭŀǘŜŘ ǿƻǊƭŘέ ƛǎ ŀƴ ŀōǎǘǊŀŎǘ ŎƻǇȅ ƻŦ ǘƘŜ ǊŜŀƭ ǿƻǊƭŘ ǘƘŀǘ ǳǎǳŀƭƭȅ Ŏƻƴǎƛǎǘǎ ƻŦ άōƻȄŜǎέΣ ǿƘŜǊŜŀǎ 

reality consists of tables and chairs with legs that get pushed around regularly. Such an abstraction is 

an important process of making the world manageable in a simulator - otherwise 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 non-important aspects. For example, in a detailed simulation 

ǘƘŜ ŦƻǳǊ ƭŜƎǎ ƻŦ ŀ ǘŀōƭŜ ƳƛƎƘǘ ōŜ ƳƻŘŜƭŜŘ ŀǎ ƛƴŘƛǾƛŘǳŀƭ ǎƳŀƭƭ άōƭƻŎƪŜŘ ǎǇƻǘǎέΤ ōǳǘ ƛƴ ǊŜŀƭƛǘȅ ǘƘŜȅ 

might be metallic and reflecting, such that vision-based sensors hardly see them. Only a very 

advanced simulator replicates such details; most likely it simply 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. Such 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 external influences: a 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 turned on or off, depending on time of day. A simulator typically does not 

reproduce such changes. All these real-world problems are not directly related to the algorithm we 

ŘŜǾŜƭƻǇŜŘΤ ƘƻǿŜǾŜǊΣ ǘƘŜȅΩǊŜ ŎƘŀƭƭŜƴƎƛƴƎ ǇǊƻōƭŜƳǎ ŀƴŘ ƴŜŜŘ ǘƻ ōŜ ŀŘŘǊŜǎǎŜŘ ŦƻǊ ǊŜŀƭ-world 

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 the aōƻǾŜ άǊŜŀƭ-ǿƻǊƭŘέ ƛǎǎǳŜǎΦ 

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 several times, 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 by a large 

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 reduces waiting 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 working in real-world environments. In 

this chapter we will first present our developed robot, its actuation, its on-board sensors, and 

discuss its limitations. In the second part of this chapter we will present a developed simulator that 

is mimicking the existing robot 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 continuous exploration), 

extended range of action (at least within the whole institute of roughly 100x30meters) and a variety 

of different on-board sensors. Looking at these desired features we realized that we either have to 

purchase a huge and expensive robot that 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 medium-sized 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 

not ŎƻƴǎƛŘŜǊ ǘƘŜ Ǌƻōƻǘ ŀƴ άƛƴǘŜƭƭƛƎŜƴǘέ ŀƎŜƴǘ ƛƴ ǘƘŜ ǎȅǎǘŜƳΣ ōǳǘ ǊŀǘƘŜǊ ŀ ǇŀǎǎƛǾŜ ŘŜǾƛŎŜ ǘƘŀǘ ŎƻƭƭŜŎǘǎ 

information from various places in the environment or performs an elementary task at the current 

place (such as recharge batteries). The robot itself does noǘ ǳƴŘŜǊǎǘŀƴŘ ǘƘŜ ŜƴǾƛǊƻƴƳŜƴǘΩǎ ǎǇŀǘƛŀƭ 

structure, but it is guided by place agents (see chapter 1) within space. 

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

is told to drive forwards 1m but its on-board 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 into ŀƴ ƻōǎǘŀŎƭŜ ƻǊ Ǝƻǘ ǎǘǳŎƪ όƛƴŘƛŎŀǘŜŘ ōȅ ǘƘŜ ƳƻǘƻǊǎΩ ŎǳǊǊŜƴǘ 

consumption), it reacts by backing-ǳǇ ŀƴŘ ǿŀƛǘƛƴƎ ŦƻǊ ƴŜǿ ŎƻƳƳŀƴŘǎΦ bŜǾŜǊǘƘŜƭŜǎǎΣ ŀƭƭ ǘƘŜ ǊƻōƻǘΩǎ 

actions are purely reactive based on external stimulus, without further knowledge about the 

environment. 

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 on-board sensors and the kind of data they provide up to the parts of software that 

run directly on-board of the robot preprocessing data for speed reasons. 

 

Figure 15: Koala Robot. Left: factory-configuration, as sold by K-¢ŜŀƳΣ {!Φ {ǇŀŎŜ ǳƴŘŜǊ ǘƘŜ ƎǊŀȅ άƘƻƻŘέ ƛƴ ǘƘŜ ōŀŎƪ ŀƴŘ 
underneath the black metal cover plate in the front is free for custom add-ons. Refer to Table 3 for technical 
specifications. Right: final modified version including various sensors (front), a large battery pack and on-board 
computation (back). 

3.2.3 Robot Base 

We have good previous experience with mobile robots from the Swisǎ ŎƻƳǇŀƴȅ άY-¢ŜŀƳέ όwww.k-

team.com, Lausanne), so we decided to purchase a mid-ǎƛȊŜŘ ƳƻōƛƭŜ Ǌƻōƻǘ ǘȅǇŜ άYƻŀƭŀ LLέ όǎŜŜ 
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Figure 15 left, Table 3). The robot is 320mmm long and wide, can carry several kilograms of payload, 

and offers an easy to use command interface via serial port. It has two independent motors that 

ŜŀŎƘ ǇƻǿŜǊ ǘƘǊŜŜ ŀƭƛƎƴŜŘ ǿƘŜŜƭǎ ƻƴ ŜƛǘƘŜǊ ǘƘŜ ƭŜŦǘ ƻǊ ǘƘŜ ǊƛƎƘǘ ǎƛŘŜ ƻŦ ǘƘŜ ǊƻōƻǘΩǎ ōƻŘȅΦ ¢Ƙƛǎ 

configuration essentially allows steering the robot like a tank: 

I. 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 

II. Both triplets of wheels rotating in different directions at identical speed generates rotation 

on the spot, again proportional to angular speed of wheels 

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

in various curved trajectories, which can be computed as a superposition of translation and 

rotation (cases I. and II.) 

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 counter-rotate 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 stuck during rotation on the spot is 

extremely unlikely to happen, as its body length equals its body width. 

[ƻƻƪƛƴƎ ŀǘ ǘƘŜ ǊƻōƻǘΩǎ ǘŜŎƘƴƛŎŀƭ ǎǇŜŎƛŦƛŎŀǘƛƻƴǎ όTable 3) it is immediately clear that the on-board 

computational resources are too limited to perform substantial computation. We decided to add 

external computing resources on the robot (see Chapter 3.2.5ύ ŀƴŘ ǳǎŜ ǘƘŜ ǊƻōƻǘΩǎ ōǳƛƭŘ-in CPU only 

to execute elementary driving commands. 

On-board computation Motorola 68331 @ 22MHz, 1MByte RAM, 1MByte ROM 

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

Motion 2 DC brushed servo motors with integrated incremental encoders 
(roughly 19 pulses per mm of robot motion) 

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 traversal Max: 43 degrees 

Ground clearance 30mm 

Sensors 6 Infra-red 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 4-6h (unpowered equipment) 
Table 3: Koala Robot Specification as from K-Team, SA (www.k-team.com) 

3.2.4 Power Supply  

Similar to the on-board computation, the standard supplied power option (NiMH battery pack of 

12V, 4000mAh) is too limited to keep with our requests regarding running time. We decided to 

advance to Lithium-Polymer (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 provides a total 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. This variation 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 additional sensors 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 significantly; 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 power 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 and our robot. However, 

preprocessing raw sensor data needs to happen on the robot as we cannot provide a real-time high 

throughput wireless link to transmit large amounts of raw sensor data (such as video images at high 

frame rates) to PCs. We quickly realized that the on-board computational resources that Koala II 

provides (see Table 3) are non-sufficient even for simple preprocessing, so we investigated in 

external hardware that provides additional ob-board computing power. 

We decided to implement an industry-standard PC104 computer with 800 MHz 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) that is available 

ŜǾŜǊȅǿƘŜǊŜ ƛƴ ǘƘŜ ƛƴǎǘƛǘǳǘŜ ǘƻ ŜȄŎƘŀƴƎŜ Řŀǘŀ ōŜǘǿŜŜƴ ǇǊƻƎǊŀƳǎ ǊǳƴƴƛƴƎ άƻƴ ǘƘŜ Ǌƻōƻǘέ ŀƴŘ 

ǇǊƻƎǊŀƳǎ ǊǳƴƴƛƴƎ άƻƴ ǾŀǊƛƻǳǎ ŜȄǘŜǊƴŀƭ t/ǎέΦ !ŘŘƛǘƛƻƴŀƭƭȅΣ ǎǳŎƘ ŀ ǎǘŀƴŘŀǊŘ ƻƴ-board PC offers a 

broad range of extensions that we can use to interface to sensors on the robot. In our setup, the 

PC104 is equipped with the following extension boards: 

¶ A WLAN 802.11g 54Mbps wireless Ethernet interface card 

¶ A serial port extension board providing additional 4 serial ports (a total of 6) to communicate 

with on-board sensors (refer to Chapter 3.2.7). 

¶ Two video frame grabber boards to continuously capture video images from stereo pan-tilt 

cameras (refer to Chapter 3.2.7.1). 

Initially, we designed the system without moving parts (no fan for the low-power Crusoe-CPU, no 

hard-ŘƛǎŎ ōǳǘ CƭŀǎƘ ƳŜƳƻǊȅ ƛƴǎǘŜŀŘύ ǎǳŎƘ ǘƘŀǘ ǘƘŜ ǊƻōƻǘΩǎ Ƴƻǘƛƻƴ ǿƻǳƭŘƴΩǘ ŎŀǳǎŜ ŘŀƳŀƎŜ ǘƻ ǘƘŜǎŜ 

parts. Unfortunately, at the time of system design we did not manage to get the flash-based storage 

worƪƛƴƎ ǇǊƻǇŜǊƭȅΣ ǎƻ ǿŜ ŀǊŜ ǊǳƴƴƛƴƎ ǘƘŜ ǎȅǎǘŜƳ ŦǊƻƳ ŀ ƭŀǇǘƻǇΩǎ нл GB hard disc mounted on the 

robot. We have not seen performance problems or an unusual large number of bad sectors on the 

hard drive. Having 20 GB total disc space in contrast to 2 GB flash memory also allows recording 

much longer traces of data. 

3.2.6 Communication Interface  

¢ƘŜ ŎƻƳƳǳƴƛŎŀǘƛƻƴ ƛƴǘŜǊŦŀŎŜ ōŜǘǿŜŜƴ ǘƘŜ ǊƻōƻǘΩǎ ƻƴ-board PC and external PCs running the main 

ǎƻŦǘǿŀǊŜ ƛǎ ŀ ¢/tκLt ōŀǎŜŘ ǇǊƻǘƻŎƻƭ ƻǾŜǊ ƻǳǊ ƛƴǎǘƛǘǳǘŜΩǎ ǿƛǊŜƭŜǎǎ ƭƻŎŀƭ ŀǊŜŀ ƴŜǘǿƻǊƪ (WLAN 802.11g), 
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providing guaranteed packed transmission on the cost of non-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 information bŜǘǿŜŜƴ ǘƘŜ ǊƻōƻǘΩǎ t/ ŀƴŘ ŜȄǘŜǊƴŀƭ t/ǎΦ ¢ƘŜ Ƴŀƛƴ 

advantage of using WLAN is that our whole institute is covered, so the robot can explore large 

environments. 

We implemented a simple human-readable protocol for exchanging messages in which each data 

line consists of a timestamp in millisecond resolution, followed by a string to identify the type of 

ƛƴŦƻǊƳŀǘƛƻƴ ŀƴŘ ƻǇǘƛƻƴŀƭ ǇŀǊŀƳŜǘŜǊǎΣ ǘŜǊƳƛƴŀǘŜŘ ǿƛǘƘ ŀ ά/ŀǊǊƛŀƎŜ wŜǘǳǊƴέ ғ/wҔ ŎƘŀǊŀŎǘŜǊΦ 

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 on-board compass reporting the current magnetic north at 35 

degrees in robot centered coordinates, whereas the second line sets a desired driving target send to 

ǘƘŜ ǊƻōƻǘΩǎ ƻƴ-board PC104, directing it to a target in 2 meter distance at -30 degrees. 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. We can 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 

¢ƘŜ ǊƻōƻǘΩǎ ƻƴ-board PC104 needs to communicate with all on-board 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 Chapter 3.2.7.2) 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. We build several 

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 pulse-width-modulated (PWM) signals. This 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 on-board communication between PC104, robot, 

microcontrollers and sensors. A detailed discussion about the available sensors happens in the 

following chapters. 
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Figure 16: Overview of on-board computation, sensors and communication channels. All existing on-board 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 to on-board 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 visual 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 devoted to processing visual signals (Kandel, Schwartz et al. 2000). 

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

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

have spent decades on this problem and it is yet far from being solved. Still we would like to add 

ǎƻƳŜ ǎƻǊǘ ƻŦ ΨǾƛǎƛƻƴ-ŎŀǇŀōƛƭƛǘƛŜǎΩ ǘƻ ƻǳǊ ǊƻōƻǘΣ ŜƴŀōƭƛƴƎ ƛǘ ǘƻ ƻōǘŀƛƴ ǊƛŎƘŜǊ ƛƴŦƻǊƳŀǘƛƻƴ ŦǊƻƳ ƭŀǊƎŜǊ 

distances as 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, such aǎ ŀ άǊŜŘ ǎƻŦŀέΣ ŀ άƎǊŀȅ 

ŘŜǎƪέΣ ƻǊ ŀ άƎǊŜŜƴ ŦƭƻǿŜǊέ (Evolution-Robotics 2008). Giving such labels to visual blobs does not 

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 

ōŜ άŀ ǊŜŘ ōƭƻō ǿƛǘƘ ŀ ǎƛȊŜ ƻŦ ǊƻǳƎƘƭȅ нȄмȄмƳέ ŦƻǊ ǘƘŜ sofa. All we demand from our vision system is 

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 context information (top-down 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 repeatable 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 (see Figure 17). We determine these places by human visual 

˃/ Compass

˃/ Gyroscope

˃/ Pan-Tilt Video

LED Range Finder

Ego-Motion

IR DistancePC104
ÅCrusoe CPU

800MHz, 32bit
Å256MB RAM
Å20GB disc drive
ÅWLAN 802.11g
Å6x RS232 port
Å2x PCI video 

frame grabber
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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 an easy-to-detect 

red-blue outside border and a unique black-white binary pattern on the inside (see Figure 17, 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 red-blue pattŜǊƴ ŀƭƭƻǿǎ ŀ ǇǊƻƎǊŀƳ ǊǳƴƴƛƴƎ ƻƴ ǘƘŜ ǊƻōƻǘΩǎ 

PC104 to detect stickers in video data provided by on-board video frame grabbers. Once position 

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

inside binary pattern 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 

ŀƴƎǳƭŀǊ ŘƛǊŜŎǘƛƻƴΣ ŘŜǇŜƴŘƛƴƎ ƻƴ ǘƘŜ ǎǘƛŎƪŜǊΩǎ ƭƻŎŀǘƛƻƴ ǿƛǘƘƛƴ ǘƘŜ ŎŀƳŜǊa image. 

 

Figure 17Υ ¢ƻǇ ƭŜŦǘ ǇŀƴŜƭΥ ŀ άƭŀƴŘƳŀǊƪέ ǎǘƛŎƪŜǊΣ ƻǊƛƎƛƴŀƭ ǎƛȊŜ флȄпрƳƳΣ ǿƛǘƘ Ŝŀǎȅ-to-detect red-blue outside boarder and 
binary-coded identity inside. Remaining panels: examples of objects labeled by landmarks, which all have 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 detected 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 of overlap between 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 spatial resolution 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 tele-lenses for the cameras significantly limits the field of view, in our case to below 12 

degrees; chances of seeing stickers with such a small field-of-view are tiny. We implemented a pan-

tilt system providing rotation of the camera around pan and tilt axes (refer to Figure 18) covering 

about 180° horizontal and about ±30° vertical field-of-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, the rotational joints 
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introduce uncertainty in viewing angle: only a few degrees due to mechanical slack in the gears yield 

distance-errors of several meters. Seeing such poor distance estimates we decided to implement a 

different principle to extract distances from 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 principle, e.g. when 

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 horizontal field-of-

view of 150°, with about 120° of overlap between the two cameras (see Figure 18 inset). The upper 

servo that generates tilt motion turns the cameras only slightly about ±30°, as we placed all stickers 

roughly on horizon level. The on-board algorithm controlling both cameras keeps track of detected 

ǎǘƛŎƪŜǊǎ ŀƴŘ ǘƘŜƛǊ ǇƻǎƛǘƛƻƴǎΥ ²ƘƛƭŜ ǘƘŜȅ ǎǘŀȅ ƛƴ ŀ ŎŀƳŜǊŀΩǎ ŦƛŜƭŘ-of-view, each camera periodically 

ǊŜǘǳǊƴǎ ǘƻ ǘƘŀǘ ŘƛǊŜŎǘƛƻƴ ŀƴŘ ǎŜŀǊŎƘŜǎ ŀƎŀƛƴ ǘƻ ǊŜŦƛƴŜ ǘƘŜ ǎǘƛŎƪŜǊΩǎ Ǉƻǎƛǘƛƻƴ ŜǎǘƛƳŀǘŜΦ {ǘƛŎƪŜǊǎ ŀǊŜ 

relatively sparse in the environment; therefore it is important to initially scan and search for them, 

but also remember and re-fine detected instances. 

  

Figure 18: The on-board pan-tilt video system removed from the robot. Left and right video cameras get rotated by two 
perpendicularly mounted servo-motors. Red arrows indicate direction of rotation. Inset shows 180° field-of-view for both 
cameras, left (blue) and right (red), with about 120° of overlap. 

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

ǎǳŎƘ ŀǎ άǊŜŘ ǎƻŦŀέΦ ¢Ƙƛǎ ǊŜƳƻǾŜǎ ǳƴƛǉǳŜƴŜǎǎ ƻŦ ǾƛǎƛōƭŜ ƻōƧŜŎǘǎ ƛƴ ǘƘŜ ǿƻǊƭŘΣ ŀǎ ƳǳƭǘƛǇƭŜ ǎǘƛŎƪŜǊ 

ƛŘŜƴǘƛǘƛŜǎ ƳŀǇ ǘƻ ǘƘŜ ǎŀƳŜ ƻōƧŜŎǘ άǊŜŘ ǎƻŦŀέΦ ²Ŝ Ŏŀƭƭ ǎǳŎƘ ŀ ƴƻƴ-unique identity a landmark, and 

transmit a triplet consisting of landmark-identity, distance and angle to the remote PC running our 

ƴŀǾƛƎŀǘƛƻƴ ŀƭƎƻǊƛǘƘƳΦ CƻǊ ǎƛƳǇƭƛŎƛǘȅΣ ǿŜ Ŏŀƭƭ ǘƘŜ ƻōƧŜŎǘ ƛŘŜƴǘƛǘƛŜǎ ά[aғƴǳƳōŜǊҔέ ƛƴǎǘŜŀŘ ƻŦ άǊŜŘ 

ǎƻŦŀέΦ 
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Note that the time-consuming visual pre-processing of ƛƳŀƎŜǎ ƘŀǇǇŜƴǎ ƛƴ ǘƘŜ ǊƻōƻǘΩǎ ƻƴ-board 

PC104, which significantly reduces the amount of data transmitted over the wireless link: only 

landmark-identity, angle and distance of each detected landmark get transmitted, instead of full 

images that might or might not contain landmarks. The on-board 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 another PC for 

processing is possible, but it limits data transfer for other sensors and often introduces significant 

delays. Analog wireless video transfers images in real-time, but provides significantly lower image 

quality and often suffers from interference with other wireless systems, such as WLAN. Therefore, 

we decided to process video images on-board and only send pre-processed data (landmark identity, 

angle and distance) to the off-board PCs. 

3.2.7.2 Distance Sensing 

The robot has two different types of on-board distance sensors: an LED range finder and multiple IR 

reflectance sensors. This chapter will briefly introduce both these distance sensors. 

The first sensor (see Figure 19, left, and Table 4) estimates distances to objects located from within 

several cm to a few meters. It emits a single directed light beam (invisible infra red light, wavelength 

уулƴƳύ ŀƴŘ ƳŜŀǎǳǊŜǎ ǘƛƳŜ ǳƴǘƛƭ ǘƘŜ ƭƛƎƘǘΩǎ ǊŜŦƭŜŎǘƛƻƴ ŦǊƻƳ ŀƴ ƻōƧŜŎǘ ƛǎ ǊŜŎŜƛǾŜŘ ŀǘ ǘƘŜ ǎŜƴǎƻǊΦ ¢ƘŜ 

time past is proportional 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 resolution (Alwan, Wagner et al. 2005), such as 

ǎŜƴǎƛƴƎ ƛƴǘŜǊŦŜǊŜƴŎŜ ǇŀǘǘŜǊƴǎ ƻŦ ƭƛƎƘǘ ƻǊ ƳƻŘǳƭŀǘƛƴƎ ǘƘŜ ƭƛƎƘǘΩǎ ǇƘŀǎŜΦ LƴǎƛŘŜ ǘƘŜ ǎŜƴǎƻǊ ŀ ǎƳŀƭƭ ŘƛǎŎ 

spins at 10 Hz, rotating both the emitting LED and the receiving sensor. Such a setup records 

distances in 100 directions within a 180° forwards field-of-view. The rear 180° are covered by 

electronic and support structure, blocking the sensors outreach. The minimal distance reliably 

measured is 20cm; the longest guaranteed distance in which objects are received is 3m (Figure 19, 

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

5m (Figure 20). 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 see-through objects reliably (such as a door with a large glass inset). 
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Figure 19: Left: Hokuyo LED Range Finder model PBS-03JN. Right: top-down schematic view of guaranteed operation 
range (from Hokuyo data sheet (Robotshop-Canada)). 

Manufacturer and Model Nr. Hokuyo Automatic Co. LTD, Japan; PBS-03JN 

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

Operating Frequency 10 Hz 

Detection Precision ±10cm below 1m,  ±10% above 1m distances 

Angular Resolution 100 scanning directions in horizontal field of 180° 

Operating wavelength 880nm 

Size (l 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 Supply 24VDC, 250mA max 
Table 4: Specifications of Hokuyo PBS-03JN LED range finder 

The LED range finder is a complex sensor that already implements signal preconditioning. It 

ŎƻƳƳǳƴƛŎŀǘŜǎ ǿƛǘƘ ǘƘŜ ǊƻōƻǘΩǎ ƻƴ-board PC104 through a serial port, providing a block of 100 

distance estimates for every rotation of the spinning disc. For an evaluation of ǘƘŜ ǎŜƴǎƻǊΩǎ ŀŎŎǳǊŀŎȅ 

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 finder; however, 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 (see Figure 20, and Chapter 2.2), 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 lower-precision distance information. 
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Figure 20Υ 5ƛǎǘŀƴŎŜ ŜǎǘƛƳŀǘŜǎ ŦǊƻƳ ǘƘŜ ǊƻōƻǘΩǎ ƻƴ-board LED range finder. Left: 5 seconds of data (corresponding to 50 
vectors of 100 data points each) recorded 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 occupied 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 shown in Figure 21. In prepared environments, such as a room 

designated to robot-experiments, the reflectance properties of walls and obstacles can get well 

characterized a-priori, so that these 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 objects for us. 

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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Figure 21: Reflectance values sensed by IR distance sensors for various materials at given distances. Note that white 
plastic in 150mm distance returns the same value (around 100) as black plastic in only 40mm distance. Figure taken from 
(K-Team-SA). 

The base robot as provided by K-Team contains 16 such IR-distance sensors, arranged around the 

robot. Our office environment, 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 robot and reposition them as 

a second row of sensors facing forwards, but very close to floor level (refer to Figure 22). We are 

ǳǎƛƴƎ ŀƭƭ мп ǎŜƴǎƻǊǎ ŦŀŎƛƴƎ ŦƻǊǿŀǊŘǎ ŀƴŘ ǘƘŜ ǘǿƻ ǎŜƴǎƻǊǎ ŦŀŎƛƴƎ ōŀŎƪǿŀǊŘǎ ǘƻ ǊŜǇƻǊǘ άŜƳŜǊƎŜƴŎȅ 

ǎǘƻǇέ ŜǾŜƴǘǎ ƻƴƭȅΦ 9ŀŎƘ ǎŜƴǎƻǊ ŜƛǘƘŜǊ ǊŜǇƻǊǘ ƻǇŜƴ ǎǇŀŎŜ ƻǊ ŀ ƭŀǊƎŜ άōƭƻōέ ƻŦ ōƭƻŎƪŜŘ ǎǇŀŎŜ ǿƛǘƘ 

imprecise distance for its particular angle. Having such information, the robot can backup and detour 

around the blocked space. 

 

Figure 22: 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 on-board sensors ǊŜǇƻǊǘ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ƘŜŀŘƛƴƎ ŘƛǊŜŎǘƛƻƴΦ hƴŜ ǎŜƴǎƻǊ όIƻƴŜȅǿŜƭƭ 

HMR3300 magnetic compass) measures the magnetic field that surrounds the robot, reporting the 
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ŘƛǊŜŎǘƛƻƴ ǘƻǿŀǊŘǎ ǘƘŜ ŜŀǊǘƘΩǎ ƳŀƎƴŜǘƛŎ ƴƻǊǘƘ ŀǎ ǎŜŜƴ ƛƴ ǘƘŜ ǊƻōƻǘΩǎ ǇŜǊǎǇŜŎǘƛǾŜΦ ²ƘŜƴ ǊƻǘŀǘƛƴƎ ǘƘŜ 

ǊƻōƻǘΩǎ ŀƴƎƭŜ ǘƻǿŀǊŘǎ ƳŀƎƴŜǘƛŎ ƴƻǊǘƘ ŎƘŀƴƎŜǎΣ ǎǳŎƘ ǘƘŀǘ ƛǘ Ŏŀƴ ƛƴŦŜǊ ƛǘǎ ƻǿƴ Ǌƻǘŀǘƛƻƴ ǊŜƭŀǘƛǾŜ ǘƻ 

ƎǊƻǳƴŘΦ IƻǿŜǾŜǊΣ ŀǎ ǘƘŜ ŜŀǊǘƘΩǎ ƳŀƎƴŜǘƛŎ ŦƛŜƭŘ ƛǎ ǾŜǊȅ ǿŜŀƪΣ ǘƘŜ ǎŜƴǎƻǊ ŀƭǎƻ ǎǘǊƻƴƎƭȅ ŀƳǇƭƛŦƛŜǎ 

surrounding magnetic 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 institute (see Figure 23, blue trace). 

Ultimately, we added a 1m long carbon-fiber tube to elevate the sensor significantly above floor. The 

red trace in Figure 23 ǎƘƻǿǎ ǘƘŜ ǎŜƴǎƻǊΩǎ ǊŜŀŘƛƴƎǎ ǿƘŜƴ ǊƻǘŀǘƛƴƎ ƻƴ ǘƘŜ spot. Adding such a carbon 

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

driving underneath desks. No on-ōƻŀǊŘ ǎŜƴǎƻǊ ŘŜǘŜŎǘǎ ǘƘŀǘ ǘƘŜ ƳŀƎƴŜǘƛŎ ŎƻƳǇŀǎǎ ǎǘƻǇǎ ŀǘ ŀ ǘŀōƭŜΩǎ 

desk. Therefore we read the magnet sŜƴǎƻǊǎ ƛƴǘŜƎǊŀǘŜŘ ŀŎŎŜƭŜǊƻƳŜǘŜǊǎ ǘƻ ŘŜǘŜŎǘ ǘƘŜ ōƻŀǊŘΩǎ ǘƛƭǘ 

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. 

 

Figure 23: Magnetic angle (-180° to +180°) for continuous rotation on the spot. After power-up, 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 recordings 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; model CRS03-02). 

This sensor reports an analog voltage proportional to the change in orientation, 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 of the current heading angle. Such integration drifts over time, as 

the correct baseline is unknown or might change with temperature and mechanical stress (see 

Figure 24). Therefore, this sensor needs a periodical reset to report the correct 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 recordings; lower traces got recorded later. 
9ŀŎƘ ǊŜŎƻǊŘƛƴƎ ƛƴƛǘƛŀƭƭȅ ŎŀǇǘǳǊŜŘ ǘƘŜ ƎȅǊƻǎŎƻǇŜΩǎ ŎǳǊǊŜƴǘ ƻǳǘǇǳǘ ŀǎ ōŀǎŜƭƛƴŜΦ ¢ƘŜ ƎȅǊƻǎŎƻǇŜ Ƙŀǎ ǊŜŀŎƘŜŘ ƛǘǎ Ŧƛƴŀƭ ǿƻǊƪƛƴƎ 
temperature after about 1.5hours, indicated by more constant heading angles. Note that this is data from a stationary 
gyroscope; a gyroscope in motion shows significantly increased drift. 

3.2.7.4 Ego-Motion Sensing 

The mobile robot allows estimating ego motion by monitoring wheel encoders attached to the left 

and right set of wheels. These wheel encoders report incremental 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 friction between wheels and surface. On a real robot, errors accumulate quickly 

and the trajectory needs to get reset periodically. 

The data structure introduced in chapter 0 cannot directly represent a trajectory in a meaningful 

way, sƻ ǿŜ ǇǊŜǇǊƻŎŜǎǎ ƛƴŦƻǊƳŀǘƛƻƴ ŦǊƻƳ ǘƘŜ ǿƘŜŜƭ ŜƴŎƻŘŜǊǎ ŀƴŘ ŎƻƴǾŜǊǘ ǘƘŜ ŘŜŎƻŘŜŘ ǊƻōƻǘΩǎ 

Ƴƻǘƛƻƴ ƛƴǘƻ ŎƘŀƴƎŜǎ ƻŦ ŀ ǾƛǊǘǳŀƭ ǘŀǊƎŜǘΩǎ ǇƻǎƛǘƛƻƴΦ 5ǳǊƛƴƎ ŜȄǇƭƻǊŀǘƛƻƴ ƛƴ ǳƴƪƴƻǿƴ ŜƴǾƛǊƻƴƳŜƴǘǎΣ ǘƘŜ 

robot remembers its starting position as virtual target and moves away from it. In contrast, while it is 

purposefully moving between two known places, the starting place provides its best estimate of the 

Ǉƻǎƛǘƛƻƴ ƻŦ ǘƘŜ ǘŀǊƎŜǘ ǇƭŀŎŜΣ ǿƘƛŎƘ ǘƘŜ Ǌƻōƻǘ ƛƴǘŜǊƴŀƭƭȅ ǎŜǘǎ ŀǎ ǘƘŜ ǾƛǊǘǳŀƭ ǘŀǊƎŜǘΩǎ ǇƻǎƛǘƛƻƴΦ {ƻ ƛƴ ōƻǘƘ 

cases the robot maintains 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 

ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ŦǊŀƳŜ ƻŦ ǊŜŦŜǊŜƴŎŜΣ ǘƘŜǊŜōȅ ŘƛǎŎŀǊŘƛƴƎ ǇǊŜǾƛƻǳǎƭȅ ŀŎŎǳƳǳlated error. 

bƻǘŜ ǘƘŀǘ ǘƘŜ ǊƻōƻǘΩǎ ǿƘŜŜƭ ŜƴŎƻŘŜǊǎ ǊŜǇƻǊǘ ǘǊǳŜ ǿƘŜŜƭ ƳƻǘƛƻƴΣ ǘƘǳǎ ŀǳǘƻƳŀǘƛŎŀƭƭȅ ǘŀƪƛƴƎ ƳƻǘƻǊ 

errors into account due to fluctuations in battery voltage, slack in gears, or inertia effects for 

acceleration and de-acceleration. However, the wheel 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 software (Figure 

25), without the main navigation algorithm 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 allows time-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 recording snapshots of the robot in its environment in regular intervals to create 

movies of the moving robot. 

 

Figure 25Υ ! ǎŎǊŜŜƴǎƘƻǘ ƻŦ ǘƘŜ ǎƻŦǘǿŀǊŜ ǎƛƳǳƭŀǘƻǊ ƛƴ ƻǇŜǊŀǘƛƻƴΦ ¢ƘŜ ǊŜŘ ŎƛǊŎƭŜ ƛƴŘƛŎŀǘŜǎ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ Ǉƻǎƛǘƛƻƴ ƛƴ ƛǘǎ 
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. Note 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 Masters-project in the HSR Rapperswil 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 environmental stimuli. A black-and-white 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 bars indicate doors that we can open or close at runtime, possibly depending on a particular 
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task. For any such imported environmental map, we can add landmarks (chapter 3.2.7.1) and local 

distortions of the simulated magnetic field on 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 same commands 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 the simulator 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 to (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 places. We have designed and build a mid-sized 

mobile robot that accepts motion-commands from our system, autonomously performs basic 

reactive behaviors such as obstacle avoidance, and constantly reports on-board sensor perceptions. 

We chose a mobile robot of size 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 small on-board computer, a large variety of sensors and a huge battery. 

Software running on the on-board computer performs primitive behaviors and sensor-preprocessing 

ŀǳǘƻƴƻƳƻǳǎƭȅΣ ōǳǘ ŀƭǎƻ ŎƻƳƳǳƴƛŎŀǘŜǎ ƻǾŜǊ ŀ ǿƛǊŜƭŜǎǎ ƴŜǘǿƻǊƪ ƭƛƴƪ ǿƛǘƘ ǘƘŜ ƛƴǎǘƛǘǳǘŜΩǎ ŎƻƳǇǳǘŜǊ 

network. Software on the robot constantly receives sensor information and uses these to maintain a 

ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ ǘƘŜ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘ ƛƴ ǘƘŜ ǊƻōƻǘΩǎ ŦǊŀƳŜ ƻŦ ǊŜŦŜǊŜƴŎŜΦ .ŀǎŜŘ ƻƴ ǘƘƛǎ 

representation the robot avoids obstacles and plans local detours to reach nearby targets. 

At any time only a single place agent is interacting with the robot; typically the PA that represents 

ǎǇŀŎŜ ŀǘ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ǇƻǎƛǘƛƻƴΦ ¢Ƙƛǎ ŀŎǘƛǾŜ t! Ŏŀƴ ǳǇŘŀǘŜ ƳŜƳƻǊƛȊŜŘ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ƛǘǎ 

ǇƭŀŎŜ ōȅ ƛƴǎǇŜŎǘƛƴƎ ǘƘŜ ǊƻōƻǘΩǎ ǇŜǊŎŜǇǘƛƻƴ ƻŦ ǘƘŜ ŎǳǊǊŜƴǘ ŜƴǾƛǊƻƴƳŜƴǘΦ hǊ ƛǘ Ŏŀƴ ǳǎŜ ŘƛŦŦŜǊŜƴŎŜǎ 

between memorized and currently perceived environment to attract the robot closer to its own 

place (refer to chapter 4.3.2). In addition, the currently active PA provides near-by driving targets in 

robot-centered coordinates, ŀǎ ƛǘ ƛƴǘŜǊǇǊŜǘǎ ǘƘŜ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘ ŀƴŘ ŘŜǘŜǊƳƛƴŜǎ ǘƘŜ ǊƻōƻǘΩǎ 

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 space. This 

ǇǊƛƴŎƛǇƭŜ ƭŜŀǾŜǎ ǘƘŜ ŘŜǘŀƛƭǎ ƻŦ ƎŜǘǘƛƴƎ ǘƻ ŀ ǘŀǊƎŜǘ ŦƻǊ ǘƘŜ ǊƻōƻǘΤ ǘƘŜ ǇƭŀŎŜ ŀƎŜƴǘ ŘƻŜǎƴΩǘ ƪƴƻǿ Ƙƻǿ ŀ 

particular robot executes locomotion, whether it drives, runs, jumps or flies. 

We can replace the mobile robot with a simulator that provides an identical 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 trajectories 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 others. We refer to such a representation of a local place as a 

άtƭŀŎŜ !ƎŜƴǘέ όt!ύΣ ōŜŎŀǳǎŜ ƛǘ is implemented as autonomously acting 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 maintaining 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 what 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 PAs. None of the PAs is aware of spatial structure 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 chapter 5. As a PA is 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 with rŜǎǇŜŎǘ ǘƻ ǘƘŜ t!Ωǎ ƻǿƴ ŎƻƻǊŘƛƴŀǘŜ ŦǊŀƳŜΤ 

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 copieǎ ƻŦ ƛǘǎŜƭŦΣ ǿƘƛŎƘ ǎǘŀǊǘ ŀǎ άǳƴǎǇŜŎƛŦƛŜŘ ōƭŀǎǘέ t! ƴƻǘ 

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, this blast PA 

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 represented in 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 other, possibly 

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 exploration of 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 PA (PANuc) and give it control over the robot. 

Not representing a place and without any neighboring PAs, this nucleus commands the robot to 

rotate on the spot to obtain a rich signature of the current local environment. Inspecting that 

signature, PANuc determines the center of nearby free space and guides the robot to that position. 
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Once in free space, PANuc ŎŀǇǘǳǊŜǎ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ǎǇŀǘƛŀƭ ƪƴƻǿƭŜŘƎŜΣ ƳŜƳƻǊƛȊŜǎ ǘƘƛǎ ŀǎ ƛǘǎ ǇƭŀŎŜ 

signature, thereby turning into a regular PA representing this initial place (Figure 26). Note that a 

t!Ωǎ ǊŜŦŜǊŜƴŎŜ ŦǊŀƳŜ ƛǎ ƴƻǘ ŀƭƛƎƴŜŘ ǿƛǘƘ ǘƘŜ world reference frame as shown in the image. Instead a 

t!Ωǎ ȊŜǊƻ-degree orientation (indicated by a large green spot in Figure 26) is aligned with the 

direction the robot happened to face when creating the PA. As we do not require a global 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 chapter 2.2.5). 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 places, as we will show in chapter 

4.3.2. In contrast, a PA captures all data the robot provides from absolute sensors (chapter 2.2.5), 

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

local environment. 

The place represented by the initial PA does not necessarily have direct behavioral relevance, 

ōŜǎƛŘŜǎ ōŜƛƴƎ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇƭŀŎŜ-of-birth: it is wherever the robot happened to be after power-up. 

However, this nucleus PA starts the systems spatial exploration mechanism by creating additional 

relevant PAs (refer to chapter 4.1.2). In addition, PANuc ǊŜƳŜƳōŜǊǎ ǘƘŀǘ ƛǘ ƛǎ ǘƘŜ ǊƻōƻǘΩǎ ƘƻƳŜΣ ǎǳŎƘ 

that the robot can later return to the initial place. 

 

Figure 26Υ ƭŜŦǘΥ Ǉƭŀƴ ǾƛŜǿ ƻŦ ŀ άǘƻȅ-ǿƻǊƭŘέ ŜƴǾƛǊƻƴƳŜƴǘ ƻŦ ǎƛȊŜ нрȄмлƳ ŦƻǊ ŀ ƳƻōƛƭŜ ǊƻōƻǘΦ bƻǘŜ ǘƘŀǘ ǘƘŜǊŜ ƛǎ ƴƻ ƭƻƻǇ ƛƴ 
this environment (handling of loops will be discussed later in chapter 5.2.4). An artificially created nucleus PANuc (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, PANuc captures and memorizes a snapshot of ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ŜƴǾƛǊƻƴƳŜƴǘ όǎƘƻǿƴ 
ƛƴ ǘƘŜ ŘŀǎƘŜŘ ƎǊŜŜƴ ŎƛǊŎƭŜ ǘƻ ǘƘŜ ǊƛƎƘǘύΣ ǘƘŜǊŜōȅ ǘǊŀƴǎŦƻǊƳƛƴƎ ƛƴǘƻ ŀ Ŧǳƭƭ t!Φ bƻǘŜ ǘƘŀǘ ǘƘŜ ƻǊƛŜƴǘŀǘƛƻƴ ƻŦ ǘƘŜ t!Ωǎ 
memory - shown by green circle on outside - ƛǎ ŀƭƛƎƴŜŘ ǿƛǘƘ ǘƘŜ ǊƻōƻǘΩǎ ŎǳǊǊŜƴǘ ǾƛŜǿ ƻŦ ǘƘŜ ŜƴǾƛǊƻƴƳent, not with a 
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 

ƴŜŀǊōȅ ǳƴŜȄǇƭƻǊŜŘ ǊŜƎƛƻƴǎΦ ά¦ƴŜȄǇƭƻǊŜŘέ ƘŜǊŜ ŘŜƴƻǘŜǎ ǘǊŀǾŜǊǎŀōƭŜ ǎǇŀŎŜ ŦƻǊ ǘƘŜ Ǌƻōƻǘ ǘƘŀǘ ƛǎ ƴƻǘ 

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 outbound in radial directions for 

PANuc

PANuc


