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6 Conclusion and Future
Work

We have presented an algorithm which isableto perform
the localization based on the panoramic horizon. We
have demonstrated the performance on smulated and
real data.

From our experience the algorithm works well.
However, the system was not able to perform the
correct localization when we put the observer in a
small valley where the horizon lineis extremely un-
stable and changes occur caused by minimal alter-
ation of the viewpoint. The genera ruleis that the
further the view is, the more likely it isthat the sys-
tem findsthe correct location. To counteract this be-
havior, an improvement of the sampling of the map
could be performed by sampling areas with unsta-
ble horizons with a smaller grid spacing than areas
with a stable horizon. This would improve the per-
formance significantly.

Using significant landmarks in addition to the ho-
rizon curves would be auseful extension of the pro-
posed approach. The design of a reliable landmak
detector is beyond the scope of this paper

Another issue is the size of the map. Our system
failsto recognize the correct horizon, when features
(likeahigh mountain) from outside the map are part
of the horizon curve visible by the observer. There-
fore we have to use a map which covers a sufficient
large area, to include al landmarks, which are visi-
ble from the areain which we want to perform the
localization task.

Broo86,thorpe88,zheng90,L evitt87,L evitt88,Ark
in87
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William Thompson from the University of Utah
who made the slides and the DEM available] . The
panoramic views were obtained by registering the
digitized images manually. For every two adjacent
images, we picked corresponding points in the
overlapping area, and with a least squares method
we computed the transformation.

52.1 Albion Campground

The panoramic view from Albion Campground is
shown in figure [Ref: fig:albionpanorama) (a). It
covers more than 200\irc . The crest line (see figure
[Ref: fig:albionpanorama] (b)) was computed by
threshol ding the image.

The terrain map is the DEM of the surrounding
area (see figure [Ref: fig:abiondem] ). The map
consists of 709 pixel x 468 pixel with apixel corre-
sponding to asize of 30 x 30 m? on the ground. The
horizons on the map are sampled on a grid with a
grid spacing of 10 pixels. This corresponds to 300
m. We compute approximately 1500 horizons. For
the linear approximation we use the line fitting tol-
erances 4, 5, and 6. For the matching we use super
segments of cardinality 5, 7 and 9. To obtain useful
linear approximations, we scale the relative height
of the DEM by afactor of 10.

Dueto lack of acameramodel we are not able to
match the horizon curve directly with the DEM. We
have one degree of freedom which is the relative
height. We decided to overcomethis problem by us-
ing several scales for the horizon curve simulta-
neously. The localization process takes less than
one minute and resultsin the detection shownin fig-
ure [Ref: fig:albionresult] . In figure [Ref: fig:albi-
onhypo] we display the detected corresponding
super segments of the best hypothesis which cover
approximately 100«irc . Figure [Ref: fig:albboth]
shows the comparison between the view of the ob-
server and the rendered view as seen from the com-
puted location.

5.2.2 Catherine' sPass

The panoramic view from Catherine's Pass and
the corresponding crest line are shown in figure
[Ref: fig:cathview] . Our system failed to compute
the correct location because part of the horizon cor-
respondsto an areawhich is not covered by the map
(figure[Ref: fig:albiondem] ). Thisisan example of
the limitations of our system.

Crest Line

Figure7 View from Albion Campground

Figure8 Shaded DEM Map of the
Dromedary Peak Area



best match. Until this point we did not consider
the case that more than one hypothesis can vote
for the same map horizon H(vb agt). Using the

above mentioned geometrical constraints de-
scribed above, we check the consistency of the
best hypothesiswith the rest of the hypothesesin
order to find other hypotheseswhich vote for the
same map horizon H(vb est). The location of the

map horizon Vieg of these consistent hypotheses

isthe wanted |location, wherethe horizon linere-
sembles most the observed horizon as seen from
V.
This mechanism works well as we show in the
next section.

5 Reaults

5.1 Resaultson Simulated Data

The localization algorithm is now illustrated with
dataexamplesfrom areal terrain map. The horizons
which are seen by the observer are smulated. For
the presentation of the range datawe always display
the artificially shaded images.

As aterrain map we use the DEM (digital eleva
tion model) covering the Martin Marietta ALV test
area. A digital elevation model is atwo-dimension-
a array of uniformly spaced terrain elevation mea-
surements. Our DEM map consists of 810 pixel x
702 fixel with apixel corresponding to asize of 5 x
5 m* on the ground. The whole map corresponds to
an area of approximately 4 x 3.5 km?. Outside of the
map we assume flat surface (sometimes the horizon
lineisnot limited to the area described by the map).
The horizons on the map are sampled on agrid with
agrid spacing of 15 pixels. This correspondsto 75
m. For better visibility we exaggerate the elevation
data. The lowest elevation is 21 (in pixels), the
highest is 252. The height of the observer above the
surface was always constant (2 pixels). For the lin-
ear approximation we used the line fitting toleranc-
es 2, 3, 4, and 5. An example is shown in figure
[Ref: fig:hlapprox] (&) to (d). For the matching we
used super segments of cardinality 6 and 8. To ob-
tain useful linear approximations, we scaled therel-
ative height by afactor of 50. These are no critical
values, as significant deviations from these values
do not affect the results. We choose two examples
to illustrate different aspects of our system:

1. Horizon 1 is agenera horizon with no specific
difficulties.

2. In horizon 2, the observer is located close to a
steep ridge.

The shaded map with the super imposed grid of
1211 horizons is shown in figure [Ref: fig:hmap] .
Thelocalization in al three examplestook lessthan
1 minute.

511 Horizon 1:

In the example of horizon 1, the observer islocat-
ed in avalley between two ridges (see figure [Ref:
fig:hla) ). figure [Ref: fig:hlb] shows the rendered
panoramic view from the location of the observer
(a) and the extracted horizon curve (b). After the
matching the system finds the hypotheses as shown
in figure [Ref: fig:hlretrieve] . In figure [Ref:
fig:hlc] we display the detected corresponding su-
per segments of the best hypothesis. The overlaid
numbers correspond to the angles of the super seg-
ments. This hypothesis was found among the hy-
potheses shown in figure [Ref: fig:h1d] (a) and can
be seenin acloseup in figure [Ref: fig:h1d] (b). fig-
ure [Ref: fig:hlsimulate] shows the rendered view
seen by the observer in comparison with the ren-
dered panoramic view of the detected result.

512 Horizon 2:

Horizon 2 is the horizon seen from the point in
figure [Ref: fig:h2a] . The observer is located very
close to aridge. The horizon curveis shown in fig-
ure [Ref: fig:h2b] . For this localization example,
wedo not show all the possibl e hypotheses, because
the correct hypothesis was the only one which “ sur-
vived” thefilter process. A closeup view of the final
result is shown in figure [Ref: fig:h2d] . The corre-
sponding rendered views are displayed in figure
[Ref: fig:h2simulate] .

5.1.3 ChangingtheHeight of the

Observer

We performed some experiments by changing the
height of the observer above the surface. Small
changes (up to a height of 10 pixels) have no influ-
ence on the recognition performance. Increased
height (30 and more) adds an increased uncertainty
to the localization result. The results show one de-
gree of freedom, and are distributed along a line
pointing in the direction of the most stable features
(the part of the harizon which is furthest away).

5.2 Reaultson Real Data

In contrast to the last section, we now show two
examples which are based on real horizonstaken in
the Wasatch National Forest, east of Salt Lake City
[Footnote: Specia thanksto Thomas Colvinand Dr.



2. The super segments are encoded.

3. Theencoded super segments are used to retrieve
the candidate hypotheses between the super seg-
ments of the visible horizon and the super seg-
ments of the horizons of the map.

As described in [9], the quantization size is cru-
cial for the encoding of the features. Typical values
are (only for the quantization of the angles):

Table 1:
cardinality 3 4 5 6 7 8
interval size 20| 30| 40| 45| 60| 60 | 90

4.5 Hypotheses Verification

Thetask of the verification is to distinguish good
from bad hypotheses. Good hypotheses correspond
to true matches, bad hypotheses correspond to
wrong matches. To talk about hypotheses we have
to define the following terms.

* A hypothesis h consists of two super segments:
ss is the super segment of the map horizon, ss

is the super segment of the observed horizon (h
=<ss, ss>).

* The cardinality of a hypothesis h is defined as:
c(h) = cardi nality(ssm) = cardinality(ss).

» Thedirectionerrorisdefined as. € d(h) =|di r($m)
- dir(ss)).

» Theangleerror isdefined as: ea(h) =(1/c1) 3¢

t_ k™ k| with ¢ = cardinality(ss).

» Thevertex error isdefined as: ev(h) =1/c zcizlm
8.
Good hypotheses consist of similar super seg-

ments with similar directions and therefore € (h) =
0,¢ (h) 0, ands(h) 0.

451 Geometrical Constraints:

If more than one hypothesis votes for a specific
horizon, we have to verify the consistenc y of the
geometrlcal constraints. Two hypotheses and 2
are consistent when

L. |dir(*ss) - dir(ss)| = [dir("ss ) - dir(*ss )| with 'h

=<dss | s>
m

2. and |r(*ss) - rs9)| = Ir(*ss ) - r(%ss )|

452  Subsumption:

A super segment ss, is subsumed by another super
segment ss if the vertices of ss, are a subset of the
vertlces of ss. Asan extension we sey ahypothesis

h |ssubsuméd by another hypothesis *h when their
super segments are subsumed by each other: ss_is
subsumed by ssm and lss is subsumed by %ss.
When one hypothesis is subsumed by another hy-
pothesis we remove the hypothesis with the smaller
cardinality.

Figure6 Hypothesis Verification

Therefore, the verification stage consists of the
following steps (see Figure 6).

1. We compute all possible matches for the ob-
served horizon with the map horizons to gener-
ate the hypotheses.

2. We filter out the hypotheses which are sub-
sumed by other hypotheses. We a so remove hy-
potheses which have large errorsfor € g € OFE,

(typically werequirethat € , € , € < 20°).

3. After removing the hypotheses which are un-
likely to represent agood match, wewant to find
the best hypothesis of the remaining ones. This
is done using asimple heuristic. We can sort the
hypotheses based on the values of € ¢ & & and

the cardinality. We are interested in the largest
possible match (maximal cardinality) with the
minimal error (minimal € 3 & sv).

w(h) =w_ e (h) +w_e_(h) +w_ e (h) +w_c(h)
Typicaly we use w W =W =1 and w=2 to

punish errors and to reward high cardinality.
Thisresultsin an ordered set of hypotheses. We
assume that the best hypothesis represents the



425 Angles

Let a super segment consists of n segments, then
we have n-1 angles between successive segments.

426 Direction

A super segment represents a part of a horizon.
The first vertex is located at the direction 6 art the
last vertex islocated at een . We definethe difection
of a super segment ss as the middle between the
start and the end vertex:

dir(ss) ={
\frac © Start+E)en d2 if © Stajrt<6en d

\frac (6, +6__ +360) mod 36020otherwise
start ~end

4.2.7

Therelative height r(ss) of a super segment ssis defined
as the middle between the minimal and the maximal rel-
ative height.

Relative Height Range

r(ss)=\frac rmax(ss)+rmin(ss)2.

Therelative height range A r(ss) is defined as the
difference between the maximum relative height
and the minimum relative height:

A r(SS)=rmax(Ss)-rmin(ss).

As mentioned before, we are mainly interested in
the curvatureinformation implicitly captured by the
super segment angles. This is the reason why we
use them to encode a super segment. To avoid es-
tablishing matches between super segments which
have the same angles but totally different ranges of
relative height, we add the relative height A r to our
coding scheme. To encode a super segment ss with
cardinality n we use asimple encoding scheme. The
list of the quantized curvature angles and the rela-
tive height range is the code of the super segment
s

Code(ss) = (Quant(Kl), Quant(Kz),... Quant(Kn_l),
Quant(Ar))

All the encoded super segments serve askeysinto
a table (the data base), where we record the corre-
sponding super segments as entries, as explained
later.

4.3 Representation of the Map

We represent the map by a set of horizons com-
puted for the points of a grid superimposed on the
map. The spacing of the grid determinesthe accura-
cy with which we can find the correct location. To
find the correct horizon which corresponds to the
horizon observed by the observer, we want the en-
coding to be compact, accessible fast, and the stor-

age of a large number of horizons should be
possible. We choose for these reasons a data struc-
ture which is implemented as a hash table. A hash
table alows efficient storage (only pointers are re-
corded), the hashing scheme allows fast access and
different super segments with the same keys can be
stored in cellar like buckets. \figmaprep The encod-
ing of a map consists of the following steps (see
Figure 5):

1. Compute the horizons H, of the map.

2. Compute the super segments kss,- of H,.

3. Encode the super segments. For every super seg-
ment several codes CodeJ are computed. They

arerelated to the different linefitting tolerances.
Every code of every super segment serves as a
key for an entry in atable (the data base) where
we record the the super segment and the corre-
sponding horizon.
The table (data base) growsin size with the num-
ber of recorded horizons. This process of building
the data base from the map is performed off line.

Figure5 Map Encoding

4.4 Hypotheses Generation

The task of hypotheses generation is the process
to establish correspondences between horizons of
stored horizons and the horizon seen by the observ-
er. This process resultsin a set of matching hypoth-
eses which consist of good and false matches. To
extract the good hypotheses from all hypotheses we
haveto filter out the good hypotheses based on geo-
metrical and similarity constraints. This processis
discussed in section 4.5 . Our main interest for the
candidate retrieval liesin the discriminative power
of the hypotheses generation itself. By using index-
ing, we gain alot of this power. We believe that our
indexing mechanism reduces the ratio of false hy-
pothesesto good hypotheses tremendously. The hy-
potheses generation consists of the following steps:

1. The horizon is preprocessed to generate all the
super segments as explained in section 4.2.



e o

Panoramic View of Observer (rendered)

4 B g8 16e 128 14s 168 188 208 238

Extracted Horixon Curve
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4 TheAlgorithm

41 TheBasicldea

As mentioned in [13] there is an important rela-
tionship between localization and recognition.
Many of the computational tools that have proven
useful for recognition turn out to be also relevant to
localization. In outdoor navigation, the relevant
“model” is a representation of the topographic fea-
tures visible from a particular vantage point. The
number of vantage pointsis effectively unbounded.
So far however, the common belief is that this fact
does not allow the use of a bounded set of models
for the localization problem. This is why most ap-
proachestry to assembl e the topographical informa-
tion adaptively from the map. We show in this paper
that the localization problem can be reduced to a
recognition problem when the systemisableto deal
with a data base which includes a large set of hori-
zon models. Our localization approach is related to
our early work [7], which addresses the problem of
recognition of multipleflat objectsin acluttered en-
vironment from an arbitrary viewpoint. It allowsto
perform fast recognition even with large data bases.
We exploit this fact to store a large set of horizons
from agrid of vantage points and by using indexing
we find the “most similar” horizon.

4.2 Representation of a Horizon
4.2.1  Offline Computation from the
M ap:

A horizon is computed from a map by computing
aset of sample dices at equal angles around the lo-
cation v. Starting at 0° (north) asample sliceis com-

puted through the landscape (seeFigure 2) every AB
angle (typically 0.5°<AB8<3°). For every sliceat the

angle 0 the point pev isobtained. From p9V andvwe
compute the valuefor thetangent r ° . The set of all
points (8, r ® ) with 0° < 8 < 360° represents the ho-
rizon.

4.2.2  Computation of the Observable

Horizon:

An observer located in an unknown environment
can extract the panoramic horizon by

1. acquiring a panoramic image,
2. segmenting the “sky” from the “ground”,
3. linking the horizon curve,

4. and sampling the horizon curve.
In this paper, we are not addressing the crucial
segmentation step.

4.2.3 Encoding:

Our encoding of ahorizon isbased on apolygonal
approximation. We are not dependent on any fea-
ture detection algorithm and we do not have to han-
dle explicit distinguished points like corners or
inflection points. Our opinionisthat curvatureisthe
most important feature of a general curve. It isin-
variant with regard to scale, rotation and transla-
tion. By using a polygonal approximation we lose
most of the curvature information, but we keep
parts of this information in the angles of consecu-
tive line segments.

Obvioudly, there is not a unique polygona ap-
proximation for a horizon curve. Therefore, for the
purpose of robustness, we use several polygonal ap-
proximations with different line fitting tolerances.
Since we want to handle occlusion, we do not ex-
pect to obtain complete horizons, but only portions
of them. On the other hand, individual segmentsare
too local to be useful as matching primitives.
Grouping afixed number of adjacent segments pro-
vides uswith our basic features, the super segments.
\figsupseg In order to manipulate and to encode su-
per segments we have to define some terms and to
describe some attributes.

424  Cardinality

The cardinality of a super segment is the number
of segments it consists of. This cardinality embod-
iesthe trade-off between the system’s ability to deal
with occlusion and its discriminative power: long
super segments are very discriminative and allow
rapid recognition, but the also cover alarge portion
of the horizon and may therefore be occluded. Short
super segments, on the other hand, are less distinc-
tive, but also less likely to become occluded.



to this patch.

Viewer or Observer: The viewer is an observing
platform with a camera. In addition it can re-
trieve direction information based on a com-
pass (this ability speeds up the localization
significantly). The observer hasthe coordinates
v=(X,y,,Z)- The camera is located above the

surface: z=M ap(xv,yv)+h, where histhe height
of the camera.

Figurel Horizon

Figure2 Slicethrough aLandscape at
anangle ©

Horizon: The horizon isthe upper bound of the pro-
jection of all landscape points on a cylinder
around the observer as shownin Figure 1. Such
apanoramic horizon H isaperiodic curve. Pro-
jecting the curve back on the landscape results
in a set of three dimensional points H whose
projection on the map is shown in the results
section. H and H are defined in the following
way (see Figure 2):

H() ={ A Z(d)/d \mid max ,{ A z(d)/d},

0°<6<360°}
\bar H(v) ={ p,(8,d) \mid max { A Z(d)/d},

0° <8<360°}

with
v=(X Y. vzv)
p,(6.d)=(x 8.y 6.2 6)

d=v(x 6-X ) + (,6-y,)*
Az (d):zV -Zp

We call the tangent of a therelative height r, with
r(d) = Az(d) / d. Without loss of generality we set
0° =360° asthe north direction and define the ori-
entation of a horizon as clockwise (as seen from
above). An example can be seen in Figure 3. We
display a horizon as a graph as seen from the ob-
server. The abscissarepresentsthe direction 8 (0° =
north), the ordinate represents the relative height r.
The graph of the horizon of Figure 3 can be seenin
Figure 4.

It should be noted that a horizon can be occluded
and changed by environmenta influences such as
fog or clouds. However, our algorithm does not rely
on complete data. Aslong as significant parts of the
horizon are visible, the correct localization can be
performed.

In practice, problems may occur when then cam-
eraplatformis not correctly levelled, aslargeincli-
nation angles significantly alter the horizon curves.
We therefore assume a small leveling error, and the
resulting errors are absorbed by our encoding
scheme.

Figure3 Map with Superimposed
Reprojected Horizon 1



server at each location. Such curves are encoded
and stored in a table. To locate an unknown loca-
tion, we first extract the panoramic horizon curve of
the unknown location. Then we approximateit by a
family of polygons with different line fitting toler-
ances. By using indexing into the table, we retrieve
candidate locations. The correct candidate (the
closest one) is found by applying further geometri-
cal constraintsin the verification step.

It should be clear to the reader that this approach
is not guaranteed to provide a unique answer, as it
iseasy to come up with counter examples (planar or
repetitive environment), but we show that it gives
excellent resultsin complex environments. We start
by reviewing some of therelevant work inthisarea,
then precisely define thetermswewill beusing, and
clearly state the prablem. We then proceed to ex-
plain our approach by discussing the basic idea, and
present the algorithm. We validate our claims by
showing some results from areal map.

2 Related Work

Given a map and a certain view from the view-
point of an observer, the question is: what is the ex-
act position of the observer? Most of these systems
assume a known initial position and try to update
their location while they move in order to perform
correct navigation.

Thorpeet al [14] present results on the visual nav-
igation for mobile robots in outside environments.
They discuss two algorithms: color vision for road
following, and 3D vision for obstacle detection and
avoidance. The resulting system is able to navigate
continuously on roads while avoiding obstacles.

Zheng et al [15] introduce an approach to build
gualitative descriptions of scenes along a route,
which is used in route recognition by a mobile ro-
bot. The robot uses autonomously selected land-
marks from the panoramic views for navigation.
The landmarks are detected by using an algorithm
which detects “unique patterns’ in the images.

Arkin et al [1] explore severa visual strategies
for the navigation of a mobile robot. These include
aline-finding agorithm for path following, amulti-
ple frame depth-from-motion algorithm for obsta-
cleavoidance, and the relationship of schema-based
scene interpretation to mobile robotics, especialy
regarding vehicle localization and landmark recog-
nition. They present results of actual robot naviga-
tion in an outdoor environment.

Nasr et al [6] present a a landmark recognition
technique based on a perception-reasoning-action
and expectation paradigm of an intelligent agent. It

uses extensive map and domain dependent knowl-
edge in a model-based approach. They present ex-
amples using real ALV (Autonomous Land
Vehicle) images.

Levitt et al [3] developed atheory of representa-
tion of large-scal e space based upon the observation
and re-acquisition of distinctive visual events, i.e.
landmarks. They are able to integrate the visual in-
formation from many images into a uniform data-
base as a sensor-based robot moves through its
environment. The representation provides the foun-
dations for visual memory databases and path plan-
ning. They demonstrate their claims with a
navigation simulator.

Talluri and Aggarwal [10] [11] [12]] recently de-
veloped a system which is the closest to our ap-
proach in solving the localization problem. They
take different views of the horizon and use them to
search the underlying map for possible robot loca-
tions. In general several of these views constrain the
possible locations to asmall area. They show some
results on simulated data based on a digital eleva-
tion map.

Thompson et al presents a formalism in [13]
within which the localization (“drop off problem”)
can be studied. They discuss the approach which is
taken by an expert human map usersto deal with lo-
calization, and they propose a preliminary compu-
tational model of the process.

Reviewing the existing systems, most work was
done regarding the localization based on specific
landmarks. The focus of our research isto solve the
localization problem using the panoramic horizon,
given atopographic map and the orientation of the
observer.

3 Glossary

Let usfirst define the following terms:

Localization: Localization is the process of estab-
lishing amatch between a particular location in
the environment and the corresponding loca-
tion on amap [13].

Map: A map in our definition is a topographic
map which provides us with the three dimen-
siona coordinates for each surface point (e.g.
range data). The z component (atitude or
height) can be retrieved from the x and y coor-
dinates: z=Map(x,y). We assumethat themapis
small with respect to the associated planet
sphere. Therefore the map can be considered as
asmall planar patch. The zaxisis perpendicul ar
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Abstract: We present an approach to solve the localization
problem, in which an observer is given atopographic map of an
area and dropped off at an unknown location. The solution to
this problem requires establishing correspondences between
viewer-centered observable features and their location on the
map. The feature we select is the panoramic horizon curve, de-
fined as the sky-ground boundary perceived by the observer as
he performs a full 360\circ in place. In our approach, we first
precompute, offline, these horizon curves at a set of locations
on agrid, from the topological map. These curves are approxi-
mated by polygons with different line fitting tolerancesto gain
robustness to noise in our representation. These polygons are
grouped into overlapping super segments, which are then en-
coded and stored in atable. The online computation consists of
acquiring the panoramic view and extracting (with human help)
the horizon curve. Thiscurveisapproximated by apolygon and
the resulting super segments, used as indices in the data base,
alow us to retrieve candidate locations. The best candidate is
selected during a verification step which applies geometric con-
straints. This process is using local features and can therefore
tolerate significant occlusion likely to occur in rea environ-
ments. We illustrate the performance of the approach on results
obtained from real data.

1 Introduction

In this paper we look at a specific application of
structural indexing, namely the localization of an
observer in an unfamiliar environment. We demon-
strate how an original \threed problem can be re-
duced to two dimensions and solved with a system
similar to the one presented in [7].
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Navigation using maps requires the frequent up-
dating of the location of an observer with respect to
the map. Humans performing this task use a large
number of different problem solving techniques,
both expectation driven, where alandmark is select-
ed on the map and searched for, or data driven,
where image features are extracted first and
matched against the map.

The problem most often addressed by previous
researchers is that of updating the current position,
given agood initial solution. This can be solved by
correcting (small) errors between the predicted and
observed aspects of the scene.

Here instead, we study the “drop-off” problem.
An excellent overview of the whole problemisgiv-
enin [13]. The authors describe a preliminary com-
putational model for the drop-off problem (the
name drop-off comes from the case in which an ob-
server is “dropped off” into a unfamiliar environ-
ment and has to orient itself). The observer stays at
one position and tries to find its location based on
visible landmarks and salient features. In our ap-
proach, the observer tries to establish its location
based on the curve described by the panoramic ho-
rizon (as explained later) which is visible from his
viewpoint.

It should be noted that people experience serious
difficulties in solving such localization problems,
leading many researchersto suggest that traditional
object recognition strategies are unlikely to succeed
[13]. Thisis based on the observation that the com-
binatorics of the problem are very unfavorable, as
the shapes are complex and the number of different
aspectsis extremely large.

In this paper, we challenge this view and propose
that a table-based matching strategy [7][8] can
overcome the limitations mentioned previously. We
propose to extract from many locations in the map
the panoramic horizon curves, the crest line per-
ceived by the observer as he completes a full 360°
view in place, which would be observed by the ob-



