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 Abstract - The undeniable trend of research in robotics is 
to endow robots with the capability of understanding the 
world we are in, thus permitting them to help us and to be a 
part of our lives. In this paper we address the problem of 
autonomous navigation seen from the neuroscience and the 
robotics point of view. A new cognitive navigation system is 
presented. It combines local features (i.e. visual and distance 
cues) in a unique structure – the “fingerprint of a place” – that 
permits encoding of a huge amount of place-related 
information and results in a consistent, compact and 
distinctive representation. Overall, the results suggest that a 
process of fingerprint matching can efficiently determine the 
orientation, the location within the environment, and the 
construction of the map, and may play a role in the emerging 
of spatial representations in the hippocampus. 
 
 
 Index Terms – fingerprints of places, topological 
navigation, cognitive mapping 
 

I.  INTRODUCTION 

The undeniable trend of research in robotics is to 
endow robots with the capability of understanding the 
world we are in, thus permitting them to help us and to be a 
part of our lives. An ideal companion-robot should be 
designed to feature sufficiently complex cognitive 
capabilities permitting it to understand and to interact with 
the environment, to exhibit social behaviour, and to focus 
its attention and communicate with people.  

In all our daily behaviours, the space we are living and 
moving in plays a crucial role. Many neurophysiologists 
dedicate their work to understand how our brain can create 
internal representations of the physical space. Both 
neurobiologists and robotics specialists are interested in 
understanding the animal behaviour and their capacity to 
learn and to use their knowledge of the spatial 
representation in order to navigate. The state of the robot 
can be represented in a qualitative manner, similar to the 
way humans do it. The information can be stored as 
cognitive maps – term introduced for the first time in [12] – 
which permit an encoding of the spatial relations between 

relevant locations in the environment. This has led to the 
concept of topological representation. The topological map 
can be viewed as a graph of places, where at each node the 
information concerning the visible landmarks and the way 
to reach other places, connected to it, is stored. The 
topological representation is compact and allows high-level 
symbolic reasoning for planning.  

Several methods, each with its advantages and 
drawbacks, have been proposed to construct maps in the 
framework of autonomous robot navigation, from precise 
geometric maps based on raw data or lines to purely 
topological maps using symbolic descriptions. 
 

 II. FINGERPRINTS OF PLACES: SPATIAL COGNITION 
 

 Representing and interpreting a scene from the 
environment is a hard task. Humans use various sensory 
cues to extract crucial information from the environment. 
This is processed in the cortex of the brain in order to 
obtain a high-level representation of what has been 
perceived. Intuitively, it appears that humans represent 
knowledge in a hierarchical fashion. With a view of having 
robots as companion of humans, we are motivated towards 
developing a knowledge representation system along the 
lines of what we know about us. While recent research has 
shown interesting results, we are still far from having 
concepts and algorithms that represent and interpret space, 
coping with the complexity of the environment.   
 The seminal discovery of place cells, by O’Keefe and 
Dostrovsky [6], in the rat hippocampus – cells whose firing 
pattern is dependent on the location of the animal in the 
environment – led to the idea that the hippocampus works 
as a cognitive map of space [7]. It was shown in [1] (for a 
review see e.g. [8]) that the lesion of the hippocampus 
impairs the performance of rodents in a wide variety of 
spatial tasks indicating a role of the hippocampus in map-
based navigation.  
 
 
 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1:  Fingerprint generation. (a) panoramic image with the vertical edges and color patches detected, denoted by ′v′ and ′A′…′P′, respectively ; (b) laser 

scan with extracted corners ′c′; (c) the first three images depict the position (0 to 360°) of the  colors (I-light blue, B- orange and E-light green), vertical 
edges and corners,  respectively. The forth image describes the correspondence between the vertical edge features and the corner features. By regrouping all 

these results together and by adding the empty space features, the final fingerprint is:  cIfvnvcvfnvvncvnncvBnvBccE 
 

 The fingerprint of a place concept [4] is used here to 
represent the environment in a qualitative manner. We 
propose to organize spatial maps in cognitive graphs, in which 
the fingerprints of places represent the nodes. This may be 
seen as a possible mechanism for the emergence of place cells. 
The computational model describes how a mobile agent can 
efficiently navigate in the environment, by using an internal 
spatial representation (similar to some extent to hippocampal 
place cells). The fingerprints of places are used for spatial 
cognition. By combining the information from all sensors 
available to the robot, they reduce perceptual aliasing and 
improve the distinctiveness of places. A fingerprint of a place 
is a circular list of features, where the ordering of the set 
matches the relative ordering of the features around the robot. 
We denote the fingerprint sequence using a list of characters, 
where each character represents an instance of a specific 
feature type. Omnidirectional sensors are preferred because 
the orientation as well as the position of the robot may not be 
known a priori. In this work, we choose to extract color 
patches and vertical edges from visual information and 
corners (i.e. extremity of line-segments) from laser scanner. 
The letter ′v′ is used to characterize an edge, the letters 
′A′,′B′,′C′,...,′P′ to represent hue bins and the letter ′c′ to 
characterize a corner feature. A gap between features is also 
denoted by the character ′n′ in the sequence, providing the 
angular distance between the features, which is some kind of 
very rough metric information. More details about the 
fingerprint concept can be found in [4]. 
 A fingerprint is associated to each distinctive place within 
the environment and so the result given by the fingerprint 
matching algorithm (Global Alignment[5] with 
Uncertainty[11]) is strongly linked to the location of the 
mobile agent in the environment, giving high or the highest 

probability to the correct place associated to the fingerprint. 
The firing of place cells units can be seen as the manifestation 
of fingerprint matching. The closer to the center of the place 
field the animal is, the higher the rate of neural firing. 
Similarly, the nearer the new observation of the robot (i.e. the 
new observed fingerprint) will be with respect to the 
registered (learned) place (i.e. a known fingerprint), the higher 
the probability of the mobile agent of being in an already 
explored place.  
 One of the main issues in topological map building is to 
detect when a new node should be added in the map. Our 
approach is based directly on the differences in the perceived 
features. Instead of adding a new node in the map by 
following some fixed rules (e.g. distance, topology) that limit 
the approach to indoor or outdoor environments, our method 
introduces a new node into the map whenever an important 
change in the environment occurs. This is possible using the 
fingerprints of places. A heuristic is applied to compare 
whether a new location is similar to the last one that has been 
mapped. A node is composed of several similar fingerprints 
that will be regrouped at the end in a mean fingerprint. The 
value of the threshold is determined experimentally. The 
incremental nature of the approach permits incremental 
additions to the map and yields the most up-to-date map at any 
time. By choosing a suitable threshold the mean fingerprint 
enables clustering of places in nodes. In this way, the mean 
fingerprints are analogous with the hippocampal place fields 
[10]. 
 In order to validate our model experimentally, we have 
tested it with a real autonomous mobile robot. The mobile 
agent continuously interacted with the environment and 
thereby accumulated information about its space. Thus, an 
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incremental and dynamic navigation framework was built, 
allowing the mobile agent to cope with unknown situations.  
 

III. DISCUSSIONS 

 The method we presented in the previous section can 
efficiently create representations of places in an environment 
and locate the robot/animat in the environment. It was 
possible to see all along this paper that a fingerprint of a place 
is associated to each distinctive place within the environment. 
 Thus, the result given by the fingerprint matching 
algorithm is strongly linked to the location of the mobile agent 
in the environment, giving high or the highest probability to 
the correct place associated to the fingerprint. The firing of 
place cell units can be seen as the manifestation of fingerprint 
matching.  The closer to the center of the place field the 
animal is, the higher the rate of neural firing. Similarly, the 
nearer the new observation of the robot (i.e. the new observed 
fingerprint) will be with respect to the registered (learned) 
place (i.e. a known fingerprint), the higher the probability of 
the mobile agent of being in an already explored place. The 
methodology presented here can efficiently create 
representations of places in an environment and locate the 
robot/animat in the environment. The place cells in the 
hippocampus accomplish the same task: the activation of a 
place cell, or perhaps better, of an assembly of place cells 
connected to each other, indicating that the hippocampus is 
locating the animal in a certain place.   
 It can be suggested here that the hippocampus may indeed 
extract place from its sensory input by constructing 
fingerprints of places, similar to that described in this work. 
Indeed, in environments rich in landmarks, or features, the 
hippocampal cognitive map is dominated by the sensory 
inputs. Many theoreticians have proposed models of place 
cells based on visual inputs, where the visual stream is 
encoded in metric terms, that is, in terms of the distances 
between the landmarks, and between each landmarks and the 
agent ([2] and [3]). 
 Fingerprint representations are based on the relative 
angular position of the landmarks from a given point of view, 
a much simpler and robust measure, and may be able to 
explain many of the experimental evidences on place cells, at 
least those in which multiple landmarks were available to the 
animal. This vision of hippocampal space representations 
highlights the role of the hippocampus as a processor of 
combinatorial information, whose importance transcends the 
purely spatial domain. In the case of space computation the 
hippocampus would process combinations of landmark 
identity and relative position information, and produce an 
index, which can be attached to a physical location.  
 In our view, the computation of places from sensory input 
(through a fingerprint-like procedure), is integrated by the 
idiothetic information, which plays an important role 
especially in conditions in which only poor sensory input is 
available (for example, in the dark), and  to disambiguate 
situations of perceptual aliasing (see e.g. [9]).  

 The topological navigation framework based on 
fingerprints of places presented in this work, underlies the 
interest of mutual inspiration between robotics, biology and 
neurophysiology. Our computational model finds a 
counterpart in neurobiology, being similar with the 
hippocampus, which plays a crucial role in spatial 
representation. The proposed spatial representation is an 
incrementally learned representation, based on fingerprints of 
places; the fingerprint place modeling being comparable with 
the place coding model in the animals (rats) hippocampus.  

ACKNOWLEDGEMENTS 

This work was supported by the European project BIBA IST-
2001-32115 EU project. Many thanks to Francesco Battaglia 
and Alain Berthoz for their help in neurophysiology. 

REFERENCES 
[1] Cho, Y.H., Giese K.P., Tanila, H.T., Silva, A.J. and Eichenbaum, H. 

(1998), Abnormal hippocampal spatial representations in 
alphaCaMKIIT286A and CREBalphaDelta- mice, Science 279 (1998) 
867-869. 

[2] Hartley T, Burgess N, Lever C, Cacucci F, O'Keefe J (2000) Modeling 
place fields in terms of the cortical inputs to the hippocampus. 
Hippocampus 10:369-379. 

[3] Kali S, Dayan P (2000) The involvement of recurrent connections in area 
CA3 in establishing the properties of place fields: a model. J Neurosci 
20:7463-7477. 

[4] Lamon, P., Tapus A., Glauser E., Tomatis N., Siegwart R. (2003), 
Environmental Modeling with Fingerprint Sequences for Topological 
Global Localization, Proceedings of the IEEE/RSJ International 
Conference on Intelligent Robot and Systems(IROS), Las Vegas, USA 

[5] Needleman, S. and Wunsch, C. (1970), A general method applicable to 
the search for similarities in the amino acid sequence of two proteins, J. 
Molecular Biology, 48:443-453. 

[6] O’Keefe, J., and Dostrovsky, J., (1971) The hippocampus as a spatial 
map. Preliminary evidence from unit activity in the freely-moving rat. 
Brain Res. 34, 171-175, 1971. 

[7] O’Keefe, J., and Nadel, L., The hippocampus as a cognitive map, 
Clarendon, Oxford, 1978. 

[8] Redish AD (1999) Beyond the Cognitive Map: From Place Cells to 
Episodic Memory. Cambridge, MA: MIT Press. 

[9] Skaggs WE, McNaughton BL (1998) Spatial firing properties of 
hippocampal CA1 populations in an environment containing two visually 
identical regions. Journal of Neuroscience 18:8455-8466. 

[10] Tapus, A., and Siegwart, R., (2005) Incremental Topological Mapping 
with Fingerprints of Places, In Proceedings of the IEEE/RSJ International 
Conference on Intelligent Robot and Systems (IROS), Edmonton, Canada. 

[11] Tapus, A., Tomatis, N. and Siegwart, R., (2004) Topological Global 
Localization and Mapping with Fingerprint and Uncertainty. In 
Proceedings of the ISER, Singapore, June 2004. 

[12] Tolman, E., C. (1948). Cognitive maps in rats and men. Psychological 
Review 55: 189-208. 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveEPSInfo false
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF005500730065002000740068006500730065002000730065007400740069006e0067007300200074006f0020006300720065006100740065002000500044004600200064006f00630075006d0065006e007400730020007300750069007400610062006c006500200066006f007200200049004500450045002000580070006c006f00720065002e0020004300720065006100740065006400200031003500200044006500630065006d00620065007200200032003000300033002e>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


