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Abstract

This work introduces an approach to build a qual-
itative description of scenes along a route, which is
used in route recognition by a mobile robot. The
description consists of a series of Landmarks au-
tonomously selected by the robot from a General-
ized Panoramic View, which has been generated as
a visual memory of scenes along routes. The basic
idea to bridge the quantitative panoramic view to
qualitative landmarks is to examine the ‘distinctive-
ness’ of patterns in the image and select landmarks
from unique patterns that are remarkable by which
to navigate.

1. Introduction
1.1 Background

Long distance mobile robot navigation is faced with
the two major problems of how to memorize scenes
along a route and how to recognize the route when re-
ferring to these scenes. In order to investigate these
topics, we have considered the following strategy. First,
a robot constructs an internal representation of a route
from specific scenes during a trial move guided by a
human. When the same route is subsequently pursued
again by the robot itself, it locates and orients itself
based on the memorized scenes!!l. A Panoramic Repre-
sentation used for presenting and retrieving scenes has
been previously proposedl?l. Briefly, this representa-
tion is generated from slices of continuous images taken
by a camera on a mobile robot. The resulting Gener-
alized Panoramic View (PV)[45] contains the major vi-
sual information in the continuous images with a small
amount of data, and depth information 1s estimated us-
ing multiple PVs from the same image frames. Figure
1 gives an example of a PV along a route in a miniature
model.

Although the panoramic representation consolidates

the local visual information into a global form, it still
requires much memory space if the environment has
large scale. A large majority of scenes taken along the
route may change very little over long distances, and
thus provides less meaningful information when com-
posing a global representation of the route. Therefore,
for long routes, a qualitative representation is better
suited for route memorization. Also for route planning,
a map on the qualitative level tends to be necessary.

This paper describes a method of constructing such
a qualitative representation from the panoramic repre-
sentation. Specific scenes, denoted as ‘landmarks’, are
extracted from the PV. The advantages of a qualitative
description lie in two major aspects: (1) It is small and
compact, and its access is straightforward. (2) It is ro-
bust to the small changes in parameter values and view
points and is thus reliable during recognition.

1.2. General Strategy

How do we proceed towards a qualitative description
of scenes from quantitative image data? Let us first
consider how_a human memorizes a_route. Accord-
ing to cognitive science, a key function of the visual
memory of humans is selectiviiy®l. A human only re-
members the most distinct scenes when subjected to
a large amount of visual information. When a human
traverses a new route, what he most likely memorizes
are the most ’striking’ scenes in the range of observa-
tion, and he will probably describe the route by these
scenes. Usually, we refer to these distinctive scenes as
Landmarks.

One of the more challenging tasks for a mobile robot
is the autonomous extraction of landmarks along a route.
Up to now, such tasks have been done primarily with
the assistance of human operators identifying objects
in specific environments”®), When such a priori knowl-
edge is used for landmark selection, route recognition is
a goal-driven event. However, when no a priori knowl-
edge can be given about the landmarks, route recog-
nition algorithms must rely on data-driven methods.

Fig.1 A segment of generalized panoramic view of scenes along a route.
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Ours is primarily a data-driven method. Since a mobile
robot should be able to move in various environments,
our landmarks are not defined as any specific type of ob-
ject. In our method, bottom-up algorithms operate to
autonomously extract landmarks from the scenes dur-
ing robot’s learning phase along the route. The criteria
for landmark selection are based on the following ideas:
1. The scenes extracted as landmarks should be remark-
able in size and explicit 1n contrast or color so that
they will not be missed in recognition.

2. The scenes extracted as landmarks should be unique
and distinctive either in properties or in structure,
compared with other scenes in certain ranges.

We measure how unique a scene is from its Distinctive
Range in which no other similar scene appears. We de-
scribe a scene not only on its own attributes (i.e. color,
shape, or structure) but also on its spatial relationship
with other scenes. Our landmarks are selected as sec-
tions of a PV which contain distinct and unique scenes.

Since the panoramic representation incorporates the
majority of information in the scenes visible along the
route, it is well suited for comparisons between ex-
tracted patterns when determining distinctiveness. Fur-
thermore, as a goal, the landmark-based qualitative
representation should nearly maintain the equivalent
information necessary for route recognition as the PV.

2. Basis for Landmark Detection
2.1 Panoramic Representation

We briefly describe how a panoramic view is formed.
A camera on a mobile robot moves along a smooth
curve on a horizontal plane, with its optical axis di-
rected sideways from the direction of motion. The scenes
along the route are observed through a vertical slit.
This is realized by capturing data at the slit from each
image taken continuously, and pasting them consecu-
tively at the position along the trajectory as figure 2
depictsl®]. The scenes along the route are therefore
projected towards a vertical surface determined by the
trajectory of the camera. The PV has a wide field so
that it is useful in presenting a global relationship of the
scenes. The amount of data in a PV is equivalent to
only a slice in the spatiotemporal volume constructed

from continuous images(®.

If we set two vertical slits on the image frame and gen-
erate two PVs simultaneously, we can measure 2(1/2)-

Camera Path

Fig.2 Formation of the generalized panoramic view.

D scene information, given by the time delay of fea-
tures passing the slit lines. The acquired 2(1/2)-D
information is path-oriented and 3D information can
be computed from the motion parameters given by the
robot. The final panoramic representation 1s composed
of the PV, 2(1/2)-D information, and a description of
the camera motion.

We have realized matching of the generalized panoramic
views on an iconic level. This is important for acquir-
ing 2(1/2)-D information, and referencing memorized
scenes during route recognition. The matching pro-
ceeds in a coarse to fine fashion, first matching profiles
of the PVs along the route using Dynamic Program-
ming, and then matching structural lines by comparing
their attributes.

2.2. Features for Determining Landmarks

In determining landmarks, we use several inherent
qualities provided by the PV. These qualities fall into
a natural hierarchy, as illustrated in figure 3. We can
group these qualities or features roughly into three groups:

1. Low-level features; Statistical features intrinsic to the
scenes. They require hittle extraction processing, and
1t is usually upon these low-level features that seg-
mentation takes place. Some examples are brightness,
hue, and texture.

2. Mid-level features: Iconic features calculated from
the low-level features, after segmentation takes place.
Some of these derived features are area, perimeter,
shape descriptors, etc.

3. High-level features: Features based on structural or
syntactical properties in the scenes. In this case,
grouping of mid-level features usually takes place.
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Fig.3 Block diagram of extracting landmarks.

We apply different algorithms within this hierarchy
in order to extract a measure of distinctiveness among
the scenes. From each attribute, we derive a Distinctive
Range Map (DRM) and subsequently merge all of the
DRMs into a global distinctive range map. This is then
used for landmark extraction. In this paper, we will
focus on analysis using lower level features.
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3. Finding Scenes Unique in Attributes
3.1. Constructing Parameter-distance Space

Since the attributes of scenes yield a symbolic de-
scription more easily than their structure, we first in-
vestigate the distinctiveness of the attributes of scenes.
Let P(i)( = 1,2,...]I) denote patterns in a PV, and
A(1) = [a1(3), ..., ax (3)] denote an m-dimensional vec-
tor whose components are the pattern attributes. The
ai(i)(k = 1,2, ...K) can be any type of low- and mid-
level attributes.

For simplicity of computation, we consider each at-
tribute separately. A Parameter-Distance Space (PDS)
is defined so that the values of the pattern’s attributes
are given along the coordinate axis A, and the corre-
sponding location of the patterns in the PV are given
along the horizontal axis S. Such a space is depicted
in figure 4. The parameter values on a vertical line in
the PV are mapped to the PDS at its corresponding
location to form a histogram. A large homogeneous
pattern in the PV will form a long horizontal cluster in
the spacel].

It is easiest to construct a PDS for low-level intrin-
sic statistical features that do not require segmentation
of the PV. As an example, we concentrate on color,
since it is view point invariant. After performing a
color constancy algorithm!* %, hue and saturation are
extracted from the digitized R, G, B data. The PDS

is then thresholded to eliminate the low clusters from
small regions. Figure 5 shows the hue and saturation
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PDS from a segment of the PV in figure 1. Another
attribute which can be directly computed from the PV
is texture. We examine the horizontal and vertical spa-
tial frequencies which reflect the complexity of artificial
objects in the PV.

In order to extract the group of mid-level features,
specifically the iconic attributes that are calculated from
the intrinsic low-level features, segmentation takes place
on color, using an iterative region expansion technique.
After analyzing connected regions, it is possible to ex-
tract a large number of iconic features. Some of the
simpler features are area, perimeter, and low-order mo-
ments. As an example of an iconic feature used for
landmark selection, we consider the circularity and ori-
entation of a region. Another useful iconic feature that
is used in landmark selection is a measure of parallelism
in the sides of the regions.

3.2. Locating Distinctive Range

In the identification of distinctive or salient patterns,
conventional methods only classify clusters in parame-
ter space mapped from an image, and then isolate those
clusters separated from the majorityl>1%. However, the
mapped clusters in parameter space no longer contain
any spatial information of patterns in this method. It
neglects an important factor that the spatial relation-
ship between patterns also influences the distinctive-
ness. In landmark selection, landmarks need not have
unique attributes if they do not appear elsewhere in a
large context; e.g., a pattern can still be very unique if
it is spatially far from a lot of patterns with the same
color. We can describe the Distinctiveness of a pattern
in a PDS by a non-expansible rectangle in which no
other clusters exist. Thus, not only is the saliency in
parameters considered, but also the spatial relationship
with the nearest similar patterns is examined.

kth Attribute Value

a.’(6)
a,(6)

S6)  S(6)
Fig.6 Computing Distinctive Range of a pattern in

one attribute.

Fig.5 Parameter-Distance
Spaces from the real panoramic
view. (a) Original panoramic

view. (b) PDS of hue. (c)

PDS of saturation.

Fig.7 Distinctive range maps
obtained from PDS in Fig.5.

2006

Authorized licensed use limited to: IUPUI. Downloaded on June 01,2010 at 15:45:35 UTC from IEEE Xplore. Restrictions apply.



Suppose p(i) is the mapping of a pattern P(i) from
the PV to the PDS of the kth attribute with variation
and location given by [ax(¢),a}(?)] and [S(2),S'(z)]. If
the pattern is very unique for a long distance, there
should not exist any other patterns possessing the same
value in the range. In other words, patterns near P(z)
in parameter values should be far from it in distance,
and patterns near it in distance should be far in pa-
rameter values. We can locate several non-expansible
regions centered at the value (ax(?) +a},(2))/2 behind it
in which no other patterns exist, as depicted in figure 6.
Let d(7,7) and D(7,7)(j = 1,2,...J) denote the width
and length of such rectangles of pattern . We choose
the rectangle with the largest area and denote its width
and length by d(z) and D(7), which we call the Discrim-
inating Range and Distinctive Range, respectively. The
discriminating range d(7) must exceed a certain value
corresponding to the minimum discriminable threshold
used for the attributes. If we can acquire a long distinc-
tive region with a reasonable width, the pattern that
follows it along the S axis will be unique over the long

distance_and will be selected as a candidate for land-
mark. Figure 7 shows the distinctive range maps of

several features for a particular section of the PV.

4. Landmark Selection

4.1. Merging Distinctive Ranges to a Global Map

We now consider the approach of selecting landmarks
for a given sub-route and how to connect them into
a qualitative model. Once all of the distinctive range
maps from various attributes or structure are deter-
mined, there is no insurance that we can find a sequence
of distinctive ranges in a single parameter-distance space
reaching an arbitrarily-given destination. Also, there is
the possibility that we have multiple choices in select-
ing the distinctive ranges. In order to easily select land-
marks, we combine the distinctive ranges into a Global
Distinctive Range Map. The merged map still consists
of many rectangles indicating distinctive ranges from
different features.

4.2. Connecting and Updating Landmarks

After global distinctive range map is fused, we at-
tempt to search for a connection of the distinctive ranges
reaching the desired destination. Our method of con-
necting and updating landmarks is similar to what a
human does while traversing a route. The patterns
with long distinctive ranges are chosen as candidates
of landmarks, and a sequence of candidates is incre-
mentally strengthened as we move towards a destina-
tion. At the same time, if an incoming pattern has
a longer distinctive range which is equal to the total
length of the distinctive ranges of landmarks in a sub-
sequence, the sub-sequence is updated with the incom-
ing pattern. This is done so that the most unique pat-
terns remain among the scenes along the route. Let
D(9):[a(i), o’ ())][S(%), S’(¢)]x denote a distinctive range
from the kth attribute in the global distinctive range
map. The_ landmark candidate L(i) follows it. DS de-
notes an arbitrary destination and C denotes the cur-
rent viewed position. The landmark sequence that has
generated is [L(41) ,...,L(%1),-.., L(im)]. The algorithm
1s given as follows:
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1. Start from C = 0 and set the landmark sequence null.

2. Extend the current position C = C + d until a new

candidate of landmark L(j) enters, i.e., S'(j) < C.

3. If the candidate L(j) has a long distinctive range

D(j), e.g., there exists an | < m so that either S(j) <
S(ir), or S(§) < S'(4) and S(5) < S'(4;_,) are both
satisfied, we substitute L(j) for the subsequence [L (%)
L(4141), .., L(ip)], and the landmark sequence be-
comes [L(#1), ..., L(41-1), L(5)]-

4. If C' > DS stop, else goto step 2.

The final sequence yields the most distinctive land-
marks to pursue when the destination is given. We do
not aim at finding a unique landmark sequence nor do
we necessarily want the sequence to be similar to that
which a human uses. Figure 8 shows sequences of dis-
tinctive ranges extending to several specified positions
where the robot is supposed to stop or turn. The land-
marks locate at the positions behind these distinctive
ranges. In this result, only hue feature is used. Fig-
ure 9 shows another result of the landmark sequences
where saturation is integrated into the Global Distinc-
tive Range Map as well. Some parts in the obtained
sequences are not connected. Although we can choose
even short distinctive ranges to connect them, it is bet-
ter to describe these gapes by fuzzy distance, say about
10 meters and etc..

5. Experiments

Experiments were carried out using a miniature model
(figure 1), as well as in an urban area with real complex

scenes(18]l, In the real outdoor environment, a camera
mounted on a mobile robot recorded the scenes along a
three kilometer route. The robot speed varied slightly
from 5 km to 6 km per hour, and continuous images
were captured at the rate of 10 frames per second. Prior
to any processing on the PVs, a color constancy algo-
rithm is applied in order to equalize any temporal and
spatial variations of the ambient light. In dealing with
low level attributes, there is not much difference on the
performance of the algorithm between indoor miniature
model and outdoor scene. Labeling is performed with

a multi-valued connectivity analysis routinel!? after re-

gion segmentation(?], followed by the extraction of fea-
tures such as area, perimeter, moments, etc. Edges are
obtained from filtering the PVs followed by edge fine-
ment. In the outdoor situation, we pay more attention

to the vertical lines because the horizontal lines in 3D
space usually are curves and are easily destroyed by the

shaking of the camera when the road is uneven.

6. Discussion

The landmarks described in this paper have not in-
cluded those based on semantic meaning that might be
obtained from organizing regions to meaningful iden-
tities commonly appearing in the environment. We
have not considered the functions of these identities,
nor the possibility of guidance based on character in-
terpretation, which often play an important role in hu-
man landmark selection. Neither we want to select a
landmark sequence uniquely, nor we want them to be
similar with the landmark we human use, We do in-
tend to use increasingly complex features for landmark
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Fig.8 Selected landmark se-

quences displayed by dis-
tinctive ranges. The start
point is at left and desti-
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with the fact that people may choose different land-
marks in their route descriptions. Since our landmarks
are selected from the most unique scenes, increasing a
new feature will not have influence on the result, except
it can yield longer distinctive ranges in landmark se-
quence than features that have been considered, which
is desired in choosing good feature.

It is also important to consider using multiple fea-
tures, as well as multiple resolutions, to provide a de-
gree of distinctiveness of landmarks. We try an alter-
native way to use color value of the PV. The PV is
projected onto the distance axis by computing average
value in each of its vertical line so that we obtain an
1D data sequence pu(s) = [R(s), G(s), B(s)]. It is seg-
mented along the distance axis at the places where the
color distribution have abrupt changes. The average
value in each segment is compared with those in the seg-
ments passed before in a four dimensional PDS (three
parameter axes R, G, B and one distance axis). Then
distinctive range of each segment is computed. Their
distinctivenesses are the volumes occupied by the dis-
tinctive ranges. The results on different resolutions as
pyrimid structure are displayed in figure 10. It shows
distinctiveness value at each position along the distance
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—

huie Fig.9 Landmark sequences

selected from parameters of

sqt, hue and saturation.

selection, working up the feature hierarchy described.
This shall provide us with an even more robust repre-
sentation.

The extracted final qualitative description depends
highly on the features used. Some features are easier
and more stable to extract than others, and thus play
a larger role in landmark selection, which is consistent

2008

axis under the condition that_the robot moves from left
to right. The method 1s stable in yielding landmarks

then the method described above, whose result is sen-
sitive to the threshold when removing small clusters in
PDS. On the other hand, the result of this method is
not intuitive to varify and it is unable to find small
regions distinct in attributes, because it averages the
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value in each vertical line.

Because the rohot can insure that there is no similar
section in the distinctive range of a landmark selected in
its trial move, the correspondence to a landmark found
n a subsequent move is reliable and efficient. Since
the landmarks have distinctive characteristics among
the scenes along the route, it will be influenced less by
certain tendencies in the changing environment, such
as illumination.

Basically, the distinctive range expands from the cur-
rent structure backwards to the first similar neighbour-
ing structure. The expansion of rectangles for a less
unique pattern will finish within a very local range.
Therefore, the computation of distinctive characteris-
tics is efficient because we compute relations of a pat-
tern only with those near it both in distance and in

parameter, instead of all of the patterns in the view
space.

7. Conclusion

We have developed a method for arobot to autonomously 1

create a qualitative landmark representation for use in
long distance navigation. With this representation, a
mobile robot can recognize particular locations along
a route. The key task in this work is how to extract
autonomously unique scenes, which are referred to as
landmarks, from a panoramic representation. We have
considered this task almost entirely from a bottom-up
approach, since we want the robot to operate in many
varied environments where a priori information can not
be used.

Our method examines a PV and determines sections
that are unique based on a number of features. For
each feature under consideration, there is an associ-
ated distinctive range map. Since the distinctiveness
of the landmarks are based primarily on relationship
of patterns, the set of landmarks are influenced little
by changes in the environment such as light intensity,
as well as other parameters such as threshold values in
segmentation and viewing distance. We have applied
our algorithms to a three kilometer outdoor route, re-
sulting in a robust qualitative landmark representation
for our mobile robot.
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