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Abstract. Recent approaches to appearance-based
localization and mapping have relied on a topolagic
representation of the environment and loop clogimaredures to
build correct maps. Because these solutions do eyarate the
problem of localization in mapped areas from thel@wation of
new locations, they require that loop-closing deédecis performed
continuously, inducing an extra computational barda the robot.
In this paper, we introduce a modified version bé& tMarkov
localization algorithm which avoids this condititty employing
procedures that detect when novel areas are beiptpred or
already mapped areas are revisited.

1 INTRODUCTION

Robots to be deployed in indoor environments shbaedable to
autonomously build a map to support navigation amdlve this
representation as they accumulate experience isahme environ-
ment. Instead of using it as static structure,sitdesirable that
robots have mechanisms for expanding the map asreas of the
environment are explored or making it more accusaté revisits
already mapped areas. The problem of SLAM (selili@ation
and mapping) addresses these issues, as it méggsablem of
localization and mapping into a single estimatiorobtem.
Recently, a significant number of studies have lmmted to the
use of vision as the sensory source to be usedaaiization and
mapping, taking advantage of the high discrimirafrower of the
visual signal, when compared to sonar or laserrsrareadings
[1][2][3][4][5]. The approach taken in this work ftlirs from
previous studies by explicitly separating inferenndes for
exploration and localization in mapped areas, andsing separate
representations for mapped and unmapped positions.

The paper is organized as follows: section r@sgnts an
overview of the proposed method and the subseqsedtion
details the beliefs representation and the inferemechanisms
used. Section 4 presents experimental results, lugions and
directions for further work.

2 METHOD OVERVIEW

The method proposed in this paper extends the Mddaalization
algorithm by explicitly considering the hypothesi§ the robot
being in an unmapped state, which is representadcaly. The
map representation that is used consibtgosition samples
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robegttracted from past trajectories,

estimated fromonoetry.

Associated with each mapped position is a visugthature taken
from that location. In our method, Markov localipat is

performed over the mapped positions, both in egpion and
revisiting situations. In the latter case, Markoocdlization

guarantees correct position estimation and the ppet
hypothesis is not associated with a particular tfwsi However,

when the exploration condition is detected, the apped

hypothesis is represented by an estimate of theemuposition,
which is tracked based on odometry readings, anlilop closing
is detected. Additionally, the uncertainty abouts tiposition is
estimated, allowing for a reasonable distributibiaiefs over the
mapped positions, when the robot returns to alreaayped areas.
At the core of the method are two detection prooesiuwhich

trigger the transition from localization on mappedeas and
localization during exploration.

3 INFERENCE MECHANISM

Let the domain of beliefs be defined by the s& {xX, ... , %},
where x! to X" are the mapped positions amdl represents the
unmapped position state. In the Markov localizafiamework an
action model is used with the purpose of updatiregtteliefs based
on the known action taken, usually measured by edgm
Denoting the action at timé by u, the prediction update is
computed by

bel(x,) =Y p(x, | %, )bel(x.,)

X-1

1)

where bel(x,_,) is the belief distribution originating from the
previous inference step arloel(x,) is the distribution originating
from prediction. The form of the action mode{x|x.1,l), strongly
depends on the kind of discretization used for dloenain of
beliefs. Due to the sparse representation of postused in our
map model, some approximations have to be intratilcethis
function. Definingx’; as the coordinates of the positipredicted
from odometry consideringthe previous state X.;, p(%|X.1,U;) IS
computed as the value onof a Gaussian centered x}. Rather
than representing the uncertainty in the motionsuezments, the
variance of this Gaussian is intended to refleetfttt thaix’; will
not exactly fall on any of the position samplest tbamprise the
map, especially if a coarse sampling is used. Duth¢ discrete
representation of the environment, and the fadtribaall areas of
the state space are covered by the map, the afiqticaf this
action model may result in a decrease of the m@bability over
the map, after the prediction step. In fact, theiation of the
probability over the map is not undesired, as it b& used to
determine if the robot is moving into mapped or apped



areas. In our modification of the Markov localinatialgorithm, we
consider two inference modes corresponding to wee different
situations, which we will refer to dscalization and exploration
modes, respectively. While in localization modee thelief of the
unmapped state should be zero and the predicégisperformed

by

bel(x)= > p(x [%.,U)bel(x,) +& % =x',...x"
X=Xt X"
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bel(x)=0, x =x°

Here,e denotes the amount of probability lost over thepma
divided by the number of mapped positions. This meethat, in
localization mode, the mass of probability thatliast due to
approximations is distributed back uniformly ovérthe positions
in the map, in order to guarantee that the findefsesum to 1.

When the robot moves into an unmapped areaptbbability
over the map decreases abnormally, and the algoighswitched
into exploration mode. When entering this modgds initialized to
the mapped position with the highest probabilitytlve previous

4 EXPERIMENTAL RESULTSAND
CONCLUSIONS

Two experiments were conducted on the public dat&SeH-

IDOL2 [7], in order to validate our method. In tfiest experiment
the robot is given an incomplete map of the envitent and must
switch between localization and exploration modes tb visiting
two unmapped rooms. Results from this experimeptved that
the algorithm is able to detect early when the tolsomoving
beyond the map and also correctly locate itselth@ map after
returning. However, the detection of loop closingyooccurred
after the robot entered 1m into the map afterinigithe first room
and 0.75m after visiting the second. Globally, lzedion was
performed accurately, with a mean error of 0.35maanap whose
positions are sampled with an interval of 0.5m. dnsecond
experiment, the algorithm was tested against a long closing
covering a distance of approximately 20m, occurnmgjle the
environment is being mapped for the first time. this case,
localization at loop closing was again accurateityneated but the
distance after entering the map increased to 2This.is due to the
fact that after a long loop, the uncertainty abthé unmapped
position is high, implying that the problem reseesbla global

step andbel(x) is set toe. In subsequent steps of the explorationlocalization problem, on which localization algbrits take a
mode, thex, state is estimated incrementally according to thdOnger time to converge to a solution.

odometry readings.
calculated from

In this mode, the prediction atedis

bel(x) =70 Y p(x, [ XU )bel(x ), X =x',...x"

%1 =x0..x"

bel(x,) =7 ({bel(x ) +8) , x, = X°
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where § is the probability loss over the map andis a
normalization constant. Notice that in this updatie the belief of
the mapped positions receive a contribution noty dmbm the
hypotheses from the map, but also from the unmapymesition
hypothesis. This requires that an action model

The experiments substantiate the validityh&f &pproach both
in the situation when the robot travels throughadially mapped
environment and in the case the robot must locaizeé build a
map from scratch. Future work should focus on aemextensive
validation of the method and on the issue of emplpyifferent
sensor models in localization and exploration. lactf at
exploration stage, there is more pressure on thsosemodel for
being sufficiently discriminative, so that incorréaop closings do
not occur. By distinguishing the two modes, there the
opportunity to use more powerful visual featureslémp closing
detection. These would be suppressed during |atadiz, in order
to reduce the processing burden on the robot duttig) more
frequent stage.

of the form

p(%/%.1=Xo,u) is defined. This function was also defined by AREFERENCES

Gaussian, but in this case representing the acaetulncertainty
due to the estimation of the unmapped positions Tépresentation
of the uncertainty allows for a sensible distribatiof probability
over the map positions when the robot is returrtm@g mapped
area, facilitating the correct and prompt detectibloop closing.

In this work, image appearance is charactdrizg features
extracted by the Local Binary Pattern (LBP) oparféd, gathered
in the form of a histogram of occurrences. Visuiakitilarity is
computed by a histogram distance measure, in e ¢hey’
distance. Following [3], the likelihood of an obgation at iteration
t, z, has been defined as a Gaussian function of thebvdistance,
defined by

e 2 (4)

p(z,%) =

Here,d() denotes the visual distance functianjs the visual
signature associated with and ¢ was set empirically. For the
likelihood of the unmapped hypothesis a probabdity was used.
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