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Abstract: This paper addresseghe problem of global localization (\where am 1"?)
by a mobile robot using an omni-directional vision sensor.The approad is mainly
concernedwith the problem of global localization in a topological map (consisting
of a set of panoramic views), though it also gives an approximate estimate of
the robot poserelative to the best matching view, so it could also be used as
the basisfor a geometriclocalization scheme.Four di erent methods for selecting
featuresfrom the panoramic imageswere considered.Experiments were conducted
in a large, populated indoor environment on di erent days under di erent lighting
conditions. A separate, laser-basedSLAM algorithm was used to generate the
ground truth information for performance evaluation. The results showv that one
method basedon local features(\mo di ed SIFT" features)obtained a signi cantly
higher level of performanceand robustnessto environmental variations compared

to the other methods.
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1. INTR ODUCTION

One of the most basic abilities neededby robots
is self-localization (\where am 1?"). This can be
divided into geometric and topological localiza-
tion. Geometric localization tries to estimate the
position of the robot as accurately as possible,
e.g., by calculating a poseestimate (x;y; ), while
topological localization givesa more abstract po-
sition estimate, e.g., \I'm in the coee room".
The most common sensorsused for localization
include range- nder sensorssuch aslaser-scanners
and vision. section 2 A common vision sensoris
the panoramic or omni-directional camera, which
gives a large eld of view and makes it possi-
ble to create features that are invariant to the
robot's orientation, for example, various colour
histograms (Ulrich and Nourbakhsh, 2000; Blaer

and Allen, 2002; Gonzalez-Barlosa and Lacroix,
2002), or Eigenspacemodels (Artac et al., 2002).
Approachesthat do not userotationally invariant
features create multiple images from the same
location by shifting the panoramic view (Vlassis
et al., 2002) or by rotation (Jogan and Leonardis,
2001), which increasesthe amount of data seeral
times. Another approad is to only take pictures
at the sameorientation (Artac et al., 2002), e.g.,
only when the robot is facing north.

Approachesfor localization using omni-directional
vision can be divided according to the type of
features extracted from the images. Some ap-
proachesusethe wholeimageto calculate features
(glokal features), while other \landmark-based"
approades use seweral small areas of the image
to calculate the features (local features).



Fig. 1. Robot platform in the studert area.

If the robot hasno prior knowledgeof its position,
e.g., when the robot is started, it hasto localize
itself from scratch. This problem is called \the
kidnapped robot problem”. On the other hand, if
the initial location is known then the size of the
seart spaceis dramatically reducedbecauseonly
transitions to placesthat are connectedto the last
known location have to be considered.There has
been extensive researt on using the pre-existing
or accunulated knowledge to improve localiza-
tion performance, including approades such as
Markov localization (Fox et al., 1998), particle
Iters/Mon te-Carlo localization (Wolf et al., 2002)
or by usinga voting schemeaspreseried in (Ulric h
and Nourbakhsh, 2000).

In this paper, we consider the kidnapped robot
problem using only the current image from the
omni-directional camera, without accumnulating
evidenceover time. The approadc is mainly con-
cernedwith the problem of global localization in
a topological map (consisting of a set of omni-
directional views), though it alsogivesan approx-
imate estimate of the robot poserelative to the
local view, soit could alsobe usedasthe basisfor
a geometriclocalization scheme.Our experiments
were explicitly designedto test the systemunder
a wide variety of conditions, including results in
a large populated environment on dierent days
and lighting conditions. The main contribution
of the paper is a new method for selecting local
featuresfrom omni-directional imagesfor localiza-
tion \mo died SIFT" features), which wasfound
to be signi cantly better in performance under
environmental variations than the other methods
considered.

The rest of this paper is structured as follows.
Section 2 gives a description of the four dierent
feature selection algorithms that were evaluated,
followed by a description of the method in Section
3. This is followed by experimental results (Sec-
tion 4) and conclusions(Section 5).

Fig. 2. Creation of the neighbourhood N,. Be-
fore matching, the interest point p and the
surrounding pixels are rotated by angle to
a xed orientation (facing forwards relative
to the robot). This meansthat matching of
two interest points in dierent images will
be independert of the orientation of those
points.

2. FEATURE SELECTION

To be able to match the current image with
the imagesstored in the database, the image is
converted into features. The matching is done by
comparing the featuresin the databasewith the
features created from the current image.

Four dierent features selection methods were
evaluated. Three local (landmark based)features
were evaluated together with one global feature.
Local features are calculated from a sub-window
surrounding an interest point while global features
use the whole image. The global feature uses
colour images while the local features use grey-
scaleimages.

To selectinterest points, a neighbourhood N of
3x3 pixels is selected around ead pixel in the
image. The derivativesDy and Dy are calculated
with a Sobel operator for all pixels in the block
N . For eadh pixel the minimum eigervalue is
calculated for matrix A where
"X ) X #
A = X DXi:j )(DXI:J DYI:J (1)
DXi;j DYi;j Dii:j
P .
and is performedover the neighbourhood of N .
The pixels with the highest valuesof are then
selectedby thresholding. If points are closerthan a
distance of 5 pixels the weakest point is removed.
For further details see (Shi and Tomasi, 1994),
or the function cvGoodFeaturesToTrack in the
OpenCV library (Bradski, 2001).

To get rotationally invariant features, the neigh-
bourhood Ny is created by rotating the surround-
ing pixels the sameangle asthe interest point p
is rotated, seeFig. 2. This is done using bilinear
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Fig. 3. Creation of MSIFT features. a): Rotation
and magnitude for ead pixel. The circle in b)
represerts the Gaussianweighting function.
Note that the histogramsin c) are created by
bilinear interpolation from surrounding pixels
represened as a dashedsquarein b).

interpolation. By doing this N, will be indepen-
dent of the rotation

In our experiments, 100 interest points were se-
lected for each panoramic image. The diameter of
the panoramic view is approximately 576 pixels.
For eadh interest point, the radius r and orien-
tation  are also stored (Fig. 2) for subsequeh
processingdescribed in Section 3.2.

2.1 AverageSquaed Di er ence Correlation - ASD

ASD matchestwo interest points p and p®in two
di erent images| and | °by the sum of the squared
di erences in a surrounding neighbourhood win-
dow N as

ASD (p;p% = Ni [1(n)

n2N (p);n%2N (p%

1 n9)?;
(2

where N is the size of the neighbourhood N .

2.2 Variance Normalized Correlation - VNC

VN C is de ned for interest points p and p° as
1 X
VNC(p;p) = —p—ovo—
N |2(p) |20(p0) n2N (p);n92N (p©)
[H(n) TEIIANY  TXPO;
3)

where | (p) and 2(p) are the mean and variance
over the neighbourhood of N. VN C is known
to be more invariant to changesin view point
orientation (Etienne and Laganiere, 2002).

2.3 Modied SIFT - MSIFT

SIFT was deweloped by Lowe (Lowe, 1999) for
local feature generation in object recognition ap-
plications. The features are invariant to image

translation, scaling and rotation, and partially
invariant to illumination changesand ane or
3D projection. These properties make SIFT very
suitable for mobile robots becauselandmarks can
be obsened from dierent angles, distances or
illumination (Seet al., 2002).

Howevwer, for the purpose of topological localiza-
tion, we actually do not want full invariance to
translation and scale:we would like view match-
ing to be successfulonly in the vicinity of the
place where the original image was recorded in
the database. Therefore, we make a number of
simpli cations to the basic algorithm, described
as follows.

To ensure rotational invariance, ead interest
point is rst rotated to the sameglobal orientation
asshown in Fig. 2, asdescribed above. (In the full
SIFT algorithm, a canonical orientation is stored
for ead interest point.)

Around ead interest point, a sub-window of 32
32 pixels is selected. Image gradients are then
calculated for ead pixel in the sub-window. This
is implemerted by rst calculating the matrix of
derivatives in x and y directions, and then
converting to polar coordinates. The result is a
32 32 matrix giving the gradient magnitude
and orientation for ead pixel in the sub-window
(Fig. 3a).

The magnitude and orientation values are then
accunulated into 16 orientation histograms sum-
marising the contents of the whole sub-window
(these histograms are the so-called\k eypoint de-
scriptors" or feature vector used for matching
interest points). Each histogram has 8 bins, i.e.,
the orientation information is discretised into 8
possible values. Each bin accurrulates the total

weighted magnitude information for a particu-
lar orientation. A Gaussian function is used to
weight the gradient magnitude valuesin order to
avoid suddenchangesin the histogramswith small
changesin the position of the window (Fig. 3b). To
avoid boundary e ects when gradients are chang-
ing from onehistogram areato another, eat pixel
gradient is therefore stored in the four closest
histograms using bilinear interpolation (Fig. 3c).
(In the full SIFT algorithm, a Gaussiankernel is
corvolved at multiple resolutions in a pyramid
of scaled images (Sonka et al., 1999) to detect
interest points at di erent scales,whereasin our
approacd we only nd interest points in one reso-
lution, sincewe do not require scaleinvariance.)

Matching of featuresin two imagesin then per-
formed using squaredEuclidean distance between
the two corresponding histograms. In the full
SIFT algorithm, the histograms are rst nor-
malised to have unit length. However, we found



that localization performance was improved by
omitting the normalisation step.

2.4 Normalized Colour Histogram - NCH

N CH is a global feature, and does not require
any interest points. It is included for performance
comparison with the other methods. All pixels
that contain information in the omni-directional
image are used. The RGB values of eat pixel
are normalized, i.e., Rnorm ﬁ. Three
histograms of normalized intensity are created,
one for eadh colour. The histograms are matched
by squaredEuclidean distance (seenext section).

3. METHOD

The localization system consists of a database
of features where ead set of features represens

one location (place) in the topological map. The

features were calculated from images taken at

the known positions. To obtain these positions,

a SLAM implementation was applied using the

technique described in (Freseand Duckett, 2003).
A total of 603 imageswere collected covering an

area of approximately 60 55 meters, as shawvn in

Fig. 4. New laser scansand imageswere recorded
if the rotation sincethe previous image exceeded
15 degreesor when the translation exceeded0.5
meters. For ead image the corresponding pose
estimate from the SLAM algorithm was stored.

3.1 Building the datalase

Since all the features used are rotationally in-
variant, it is only necessaryto use images with
dierent location and not orientation, i.e., when
the robot is travelling badk and forward along a
corridor it is sucient to save the data in one
direction. The building of the databasestarts after
the run is completed and optimised with SLAM.
The images are used in the same order as they
were taken. An imageis addedto the databaseif
the metric distance to the nearest stored image
exceedsa threshold T. In this paper, a value of
T = 0:4 meters was used. For eat image that
should be a part of the database,a feature setare
calculated and stored for the 100strongestinterest
points, as described in Section 2.

3.2 Localization using the datalase

Localization is done by matching the current
image features taken at the unknown location
againstthe setsof featuresstoredin the database,
seeFig. 5. MSIFT and NCH features consist

Fig. 5. Matching an image (above) against the
database(below).

of histograms and not scalarsas with ASD and
VN C. Histograms are matched by calculating the
squaredEuclidean distance betweenthem.

For local features (landmarks) a candidate match
is considered if the lowest match value M, is
at least 0.6 times smaller than the next lowest
match value M», the factor that was found em-
pirically and also usedin (Gonzalez-Barbosaand
Lacroix, 2002). This guarantees that the match
will be signi cantly better comparedto the other
possibilities. No interest point is allowed to be
matched against more than one other interest
point. If an interest point has more then one
candidate match, the match which has the low-
est match value among the candidate matchesis
selected.

To reduce the impact of false matches, the po-
sition of the matched interest points anglesand
radius are compared,aswell asthe homogeneiy of
the match distribution. To be ableto comparethe
angles , and o of two matched interest points
p and p° (seeFig. 2), the rotation  of the robot
betweenthe matched imageshasto be estimated.
is estimated by creating a 32 bin histogram from
p po using all the matched interest points.
is then calculated from the highest bin in the
histogram, i.e., the robot orientation can be esti-
mated with a precision of 360=32 degrees.

For eadr match wherej , o j < 0:2 one
extra point is added to the match score.Another
point is added if jr, rpj < 10, where the
radius is calculated in pixels. Finally the amount



Fig. 4. Left: areacoveredby the database.Middle: ground truth information from SLAM, Run, (black)
and the database(gray). Right: Two of the test sequencesRun; (below) and Run, (above).

of matchesis multiplied by 1.5 if more then 60%
of the match points passthe angle criteria stated
above, in order to award homogeneit.. These
factors were found empirically.

The image that givesthe highest match scoreis
consideredto be the \winner" or best matching
place.

4. EXPERIMENT AL RESULTS

Dierent features were evaluated using the de-
scribed method on a set of test runs that overlap
with the areacoveredby the database,asshown in
Fig. 4. Note that all results preseried are without
any prior-knowledge of the location, i.e., for the
kidnapped robot problem.

To calculate performance,the positions of the test
image and the image found in the databaseesti-
mated from SLAM were compared.Only matches
that had a distance smaller than a certain value
rmax Were consideredto be a correct match. In
some experimerts the accuracy of the rotation
estimates was also considered(seethe bottom
3 rows of ead table).

Run; is from a corridor, seeFig. 4, which contains
alot of similar features,e.g.,doorsto o ce rooms,
and a lack of furniture or objects. This could
explain the lower performancecomparedto Run,
and Run,4 which mostly take placein the student
areaand the labs. The student areacorntains more
dierent features such as staircasesand art. The
labs are more cluttered with various objects. Note
also the increasein performanceif the distance
threshold is increased.Run; passesparts of the
Ph.D. corridor, the co ee room and the secretary
0 ces.

Each run was recorded at a di erent time com-
pared to the database.Run; was taken 2 days
before the database, both Run, and Runsz were

taken 56 days after while Run, was taken 64
days after. Run,4 and most of Runs were collected
with the robot driving in the opposite direction
comparedto the database,seeFig. 4.

The sizeof the neighbourhood around the interest
points was12 12 pixelsfor VN C and ASD giving
ead interest point features with 144 numbers.
For MSIFT 16 histograms with 8 directions,
using a mask size of 32 32, gave 128 numbers
for one feature. The size was selected to have
approximately the samenumber of features. For
ead image the 100 strongestinterest points were
detected and the features stored. To match two
imagesusing 100featurestakes 0.02secondwith
a 2GHz Pentium for all of the local methods (the
global method is considerably faster). For NCH
the histogram sizewassetto 256bins, asin (Blaer
and Allen, 2002).

Table 1. Runy, parts of the studert area

and the labs.

ASD VNC MSIFT NCH
rmax = 2.0 | 73.3% 3.2% 98.4% 2.2%
I'max = 40 | 79.0% 8.3% 99.4% 4.4%
'max = 6:0 | 82.9% 11.4% 100.0% 8.6%
'max = 4.0
max 7 77.1% 8.3% 99.4% n=a
max 7 76.2% 5.7% 99.4% n=a
max g 74.0% 4.8% 99.0% n=a

Table 2. Runy, Ph.D. corridor, part of

the labs.

ASD VNC MSIFT NCH
fmax = 2:0 | 40.5% 2.1% 64.7% 15.4%
fmax = 4:0 | 49.6% 4.8% 76.7% 23.0%
fmax = 6:0 | 54.4% 6.0% 79.5% 28.7%
rmax = 4.0
max > 45.6% 1.8% 71.9% n=a
max s 44.1% 0.9% 70.7% n=a
max g 40.8% 0.9% 67.4% n=a




Table 3. Rungs, parts of the labs and
Ph.D. corridor, co ee room, secretary

corridor.

ASD VNC MSIFT NCH
rmax = 2.0 | 57.1% 3.4%  64.0% 21.7%
rmax = 40 | 66.9% 7.4%  72.0% 37.7%
rmax = 6:0 | 71.4% 13.1% 80.6% 49.7%
rmax = 4.0
max 3 | 60.6% 4.6%  72.0% n=a
max 7 | 58.9% 2.9%  66.9% n=a
max g | 53.1% 2.9%  63.4% n=a

Table4. Runyg, parts of student areaand

the labs.

ASD VNC MSIFT NCH
rmax = 2.0 | 29.6% 6.3%  87.5% 10.5%
rmax = 40 | 38.7% 11.1% 92.3% 16.4%
rmax = 6:0 | 42.2% 153% 95.5% 20.2%
I'max = 4.0
max 5 | 334% 8.0%  91.6% n=a
max 7 | 282% 6.6%  88.2% n=a
max § | 247% 4.9%  80.0% n=a

5. CONCLUSION

In this paper, methodsfor localization using omni-
directional imageswere preseried. M SIFT per-
formed best as shown in the tables. By using
experimerts with data collectedon di erent days
over a period of seweral months, it hasbeenshown
that ewven if the room has gone through some
changes regarding location of furniture, objects
and persons,it is still possibleto extract useful
position estimates. This work hasto be extended
to handle accunulated knowledge using particle
Iters, etc. Howewer it shaws that it is possible
to get good location estimates from panormaic
imagesin a single iteration.
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