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Abstract—In this paper visual homing is combined with
an appearance model to obtain a navigation method that does
not require estimates of the pose. The robot’s current view is
used to select a target from a collection of panoramic images
that forms the map. This requires selecting features to find
correspondences and in this paper some feature selection
methods are evaluated to see which one is best suited for
navigation.

I. INTRODUCTION

In mobile robot navigation the state of the robot is
usually expressed as its pose (position and orientation)
in some sort of global reference frame. This pose can be
estimated from odometry, which is inaccurate on the long

run, or from external sensors, such as range sensors or

vision. In this case the robot needs an internal model of
the environment. An explicit, geometric ‘map’ can be used

to represent the environment, for example an occupancy

grid or polygonal model. An alternative way is to use

to track. An empirical evaluation of the methods from
section 3 is presented in section 4. Besides investigating
which feature selection methods should be used, we also
want to show that an implementation of our navigation
method is feasible.

II. VISION AND NAVIGATION
A. Visual Navigation

Visual homing [2], [3] is a visual navigation method
where the destination 'pose’ is indicated by a target image.
Suppose the robot currently observes imagend the
target imagel’ is taken at the target pose. A point in the
environment is projected onto poipt in I’ and on point
p in I. These points can be projected into homogeneous
coordinatesh,, andhy,. The following should hold:

h! Eh, = 0. )

an appearance model that maps the current observation Matrix E € IR**? is the essential matrix. This matrix
to a pose estimate. In [9] panoramic images are used to is the product of the rotation matrix and the translation

estimate the likelihood of being at a certain pose. The

matrix, and so it encodes the six degrees of freedom of the

navigation process takes care that a path is planned and camera motion, three for translation and three for rotation

executed towards the desired pose.

Points in/ and’ are selected as features based on some

Instead of expressing the desired state of the robot in the criterion. Windows around these features lirare com-
pose domain, the desired state can also be expressed in thepared with windows inl’. If they are not too dissimilar the

image domain. In [2], [3] a robot arm navigates based on

features form a corresponding pair. A true corresponding

the current image and a target image. So here the destina- pair is whenp’ and p do belong to a true point in the
tion is not given as a target pose. In each image trackable environment and then (1) holds. When sufficient (at least
features are selected and using point correspondences and/) true corresponding pairs are found, matixcan be
epipolar geometry the required change in camera pose can estimated by making sure that the right hand side of (1)

be computed. This method is called visual homing. When
this method is applied to a mobile robot equipped with
omni-directional vision, the robot is capable of moving

is close to zero for all pairs.
It is possible that windows are very similar without
the features belonging a real point in the environment.

to the pose where the image was taken. This idea can be In that case (1) does not have to hold. From the two
extended by taking many potential target images and use images alone it cannot be derived whether the pair is a
them as way points in a navigation process. We can see false correspondence. For this reason robust estimation
these target images as a 'map’ of the environment. techniques [17] have to be used to reduce the influence
The purpose of this paper is to introduce a novel of false correspondences on the estimation of the essential
navigation method that is based on the combination of matrix.
visual homing and an appearance model. Section 2 is When sufficient true correspondences are found and
about the action part of the navigation process and the not too many false correspondences, then the direction
requirements it places on the perception part. Section 3 D at which the target image was taken follows from
explains how features can be selected that are good the estimated essential matrix. Only the direction can be



estimated from two images and not the actual distance
between the pose of the current image and the pose of the
target. In [2], [3] also the rotation part from the essential
matrix is used and [13] shows that asymptotically stable
controllers exist for such configurations. Note that this
is not the only 'pose free’ visual navigation method. In
[1] correlations between areas in the images are used to
estimate the required change in pose. They show that a
sequence of target images can be used to make the robot
follow a path.

B. Pose Free Navigation

In an appearance model observations taken at different
poses are stored, usually togetheith the poses. One
example of an appearance model that does not require
the pose is given in [5]. This is because the whole model
consist of one panoramic image taken at a certain pose.
This pose forms the global reference frame and the robot
navigates by relating the current observation with the
stored panoramic image. The panoramic images stored in
[12] are associated with the nodes of a topological map.
These nodes are called places and form a more abstract
representation of the pose. Still the navigation is indirec
by first estimating where the robot is and then plan the
next place using the known spatial relation between the
nodes of the map.

The navigation we propose is more direct and does
not focus on the current location of the robot. Instead
it focuses on where the robot can go to. Consider what
happens when a robot with an omni-directional camera
moves along a trajectory and stores images together with a
time stamp. Just like in [1], these images form a sequence
of target images. From all the stored images for which
the directionD can be estimated the robot can pick the
one with the oldest time stamp and the robot will follow
a path.

When using a mobile robot with omni-directional vision
the pose of the target images can be reached form every
direction. Also the navigation to the target is less invdive
then in [2][13] when motion is restricted to 2D movements
in a plane. For robots capable of turning around their axis
it is enough to first rotate to face the target and then to
move forward.

If the robot is in close proximity of the target then
it is likely that windows around selected features match
very well with those of the target image. The number of
true correspondences will be high. Further away from the
target the robot will observe elements in the environment
differently and it becomes less likely to have enough true
correspondences. In that case the robot cannot approach
the target. Around each image stored we can think of an
area A in which this image can be a target. Figure 1
shows a situation where the robot can choose between
two targets. If it chooses targés then eventually it will

Fig. 1. The mapM = {I1, I, I3} with images taken at pos&,

Xo and X3. The robot (circle) is currently in ared; and As so that
directions D! and D? can be computed. The direction towardg
cannot be computed because the robot is outgige

enter the areal; and /3 can be chosen as target. The pose
of the target images are used as way points, but the robot
can choose a new target when it enters a new area.

The selection of targets can be accomplished by assign-
ing values to the stored images, just like the time stamps
in the previously described example. By making the robot
select targets with the highest values, navigation becomes
a form of hill climbing. These values can be assigned by
estimating the pose of the target images when the map is
created, using a technique as in [14]. Then values can be
assigned as function of the distance to the destination in
the environment. It is also possible without estimating the
poses by constructing an adjacency graph of all images.
Two images are at distance one if they are in each others
area. Values can be assigned as a function of the distance
in the graph to the destination image. Assigning values can
also be postponed until the robot is using these images.
In [15] a method is presented to teach the robot to move
to a certain destination by assigning values to targets.

The main benefit from navigation without estimating
the pose is that it deals more natural with changing
circumstances in the environment. When a robot has to
navigate from the corridor into a room, then a closed door
will block the view to target images in the room. The
robot will stay in front of the door because it has reached
the highest value. Opening the door results in a ‘state
transition’ in sensor space and the robot will to move into
the room. When estimating the pose first, images showing
the open and closed door should result in the same pose
estimate. An extra mechanism is required to prevent the
robot from moving “through” the closed door. The same
holds when the lights are switched off and it becomes
dark. The robot cannot match the current images with a
target so it will not move. A pose estimate will probably
be wrong in this situation and it does not prevent the robot
from moving.

There are a few requirements for the navigation:

o The need for collecting databases with new target
images should be reduced and the robot should be



able to use the same set of images throughout the
day. This implies that target selection and estimation
of the directionsD should be robust against small
global variations like the light condition.

o The navigation assumes areas around poses of target
images. If the robot is close to the target many true
correspondences should be found. Far away the robot
should not find too many true correspondences.

For the action part of the navigation, moving to target and

assigning values, solutions exist. Now only the perception
part that meets the above mentioned requirements is
needed.

IIl. TRACKABLE FEATURES

The idea of feature tracking is to first select in an
entire image features according to some criterion. After
that around each feature a window is considered in which
the feature in the next image will be sought. The criterion
of feature selection is based on the sensitivity of the
dissimilarity in a window around a point in the image. Let
Wp be a window around pixgb and letI(x,t) € [0,1] be
the intensity at image location = [u, v]" relative top at
time¢. Also let I’(x, t+ 1) be the intensity from a second
image takenr seconds later. A dissimilarity measurg
for p can be defined according to:

€p = / [I'(x,t +7) — I(X,t)|2Wp(X)dx. 2)

We takeWp,(x) = 1 if ||x — plli < ny andWy(x) =0
otherwise, so the value is one inside a rectangular window
with size n,, centered arouncg and the value is zero
outside.

The dissimilarity (2) is defined for two different images,
but to select suitable features only the current image
available. The idea is to express imaffeas a distorted
version of I, where the distortion is parameterized by
In the Lucas-Kanade feature tracker [10], [16] the image

I’ is displaced compared to the original imafje
I'(x,t+7)=I(x+d,t+ 7). 3)

Displacementd™ [, dv}T forms distortiond. A
first order Taylor expansion gives:

I(x+d, t+7) ~ I(x,t)+VsI(x,t) 6+ V., I(x,)7. (4)

Here the constant part/(x,t) cancels the original
image in (2) and the dissimilarity only depends
on the gradients VsI(x,t)" (I, I,]
[ Ol(x;;iu,t+‘r) (%, 1) aI(xgi,tJrr) (x, t)}
Vo I(x,t) = I = PO (4,

The task of tracking is to estimate the displacemé&nt

which is the value ob for which (2) is minimal. This can
be computed by setting sc, = 0, resulting in

and

Cpd +gp, =0, ®)

with

2
¢ = [[1f5 ] ®
gp = —T//It {“Zj] Wp(x)dx. @)
Using (5) 4 is given by
6=-C,'gp. (8)

The g, cannot be computed from one image becaifjse
represents the change in dissimilarity not modeleddsby
and 7 is not known. Still, we see that the computation
requires the inverse o€,, so C, should be well con-
ditioned with respect to inversion. In other words, the
minimal eigenvalue ofC, should be sufficiently large.
This can be used as a measure of goodrfgdsr tracking
point p:

fo = )‘min(cp)- 9)

Good features can be selected by introducing a threshold
fr and select those pointsas feature for whiclyf, > fr.

In [11] the distortion was modeled as a affine transfor-
mation:

I'(x,t+7)=I(Ax+d,t+7). (10)

with 6 = [auu Auo  Quu Oy Ay d,,]T, and a,,,,
Ay Gyy @Nda,, the elements from\. SolvingVsep = 0
results in aC, € IR°*® containing products of,, I,
u and v (see [11] for the complete matrix). Again the
minimal eigenvalue is used to select the features. This
selection is computational more involved and is only
used as a good initialization, after which the features are
selected using (3).

To track features for even larger with respect to
the first image, feature selection that takes into account
illumination have been considered [8]:

I'(x,t+7)=pl(Ax+d,t +7) + v, (11)
where v represents the brightness andu
the contrast. The distortion be%omesé =
[auu Auy  QApy gy du dv v /J] and Cp

is a 8 by 8 matrix. There are other possibilities to
deal with illumination, [6] considers normalization of
intensities in the windows and [7] introduces a more
explicit modeling of the reflection of light.

For completeness we introduce

I'(x,t+7)=pul(x+d,t+7)+v,

with 6 = [d, d, v p].

These feature selection methods find windows in the
images that are insensitive to certain changes. In our
navigation method the robot has to compare the current
image with those taken at different poses, so we need
features that are insensitive to changes in camera pose.

(12)



We assume that features that are good to track at one

pose are also good to track at another pose, so that the B

same features are selected and matched.

IV. EXPERIMENT
A. Setup

Our robot is equipped with a camera looking up to a
hyperbolic mirror. The images are mapped to a cylinder to
form gray-scaled panoramic images (see [4] for details).
We placed the robot at known poses on a grid with 7
rows 1.0 meter apart and 5 columns 0.5 meter apart. A

panoramic image was created for all these poses. For an

11 by 11 window around each pixgd in all images
we computed,in(Cp) to find f, using the methods
described in the previous section. We will refer to the
result of using equation (3)(10)(11) and (12) respectively
as features A, B, C and D. The maximafgfwere used as
features, but maxima within a 21 by 21 window around a
higher value were rejected. This was to prevent having to

many features at the same part of the image. We ranked the

feature based offi, starting with the highest valug, ax
and selected all features for whigh > 0.2 fp max.
B. Light

Purpose of this experiment is to investigate how differ-
ent light condition introduce of remove selected features.

(a) I: All Lights

(b) 1I: Light Behind

(c) lI: Light Left

Fig. 2. Panorama images from the center of the grid under difter
light conditions.

features is about the same for all methods. The surprising
result in table I(b) is that only a few features remain for

light conditions I, Il and Ill. Figure 2 shows that set | was
created will all lights switch on, set Il only has light from
behind and Ill has the lights on the left switched on.

We selected features using the four methods on all

is because images in column 5 were taken closer to the
wall and more features were found in condition I. When
looking at the Index Quotient we see that most values are
above 0.5.

images. Images were taken at the same poses, so features Result: Al methods perform equally well in dealing

should be found at the same positions in the image.
Features within a 2 pixel distance were considered the
same to take into account the possible slight differences
in pose. We compared features in | with those in Il and
Il and counted how many features were left. We also
divided the rank of the features in Il and Il by their rank

in I and call the average of this the Index Quotient. This
indicates how many higher ranked features in | were not
found in Il and Il If this value would be 0.5 then the

10th ranked feature in 1l or Ill would be the 20th ranked

feature in I. Unlike a tracking application, we can choose

with darkness. For the target images it is sufficient to

select twice as much features as the robot selects from
it's current image. Then the robot can deal with changing

light conditions. More then twice is not necessary because
then the situation would be so dark that hardly any good

features are found.

C. Distance

Purpose of this experiment is to investigate the influence
of the distance to the target images on the number of
true and false correspondences. One of the requirements in

to select more features for the target images to increase the section 2 is that there are many true correspondences at a

probability of finding corresponding pairs under different
light conditions.

close distance and only a few at a far distance. We created
the corresponding pairs by computing the dissimilarity (2)

Table | shows the results. We see in table I(a) that the and the normalized dissimilarity (analog to [6]) between
number of remaining features decreases when going from windows around the features. If the dissimilarity is below
row 1 (light) to row 5 (dark). Row 6 and 7 are not shown a threshold features were considered a corresponding pair.
because only a few features remained. We see also that Based on the corresponding pairs the essential matrix
a larger number of features remained for method C and E should be estimated. In this case we know the poses,
D. This is because these methods select about twice asso we can compute the essential matrix. In fact, this was
many features as methods A and B. Still, close to the very easy because all images were taken with the same
darkness in row 5 we see that the number of remaining orientation making the rotation matrix a unit matrix. Also



[ rowl row3 row5| IQmin 1Q max | im 2m 3m 4m 5m
A 26 21 10 0.55 0.80 A | 070 029 026 010 0.17
B 22 18 8 0.60 0.79 B | 061 026 017 0.19 0.15
C 43 27 11 0.58 0.68 CcC | 067 051 038 0.23 0.15
D 47 30 10 0.49 0.69 D | 067 036 042 017 0.20
(@) 1—l (a) Dissimilarity
| col3 col4 col5| 1Q min 1Q max | Im 2m 3m am 5m
A 16 5 13 0.67 0.77 A | 062 024 026 011 0.19
B 12 3 9 0.49 0.72 B | 0.70 0.27 0.12 0.13 0.19
C 23 6 18 0.62 0.82 C | 066 042 034 020 0.13
D 33 8 23 0.63 0.81 D | 065 038 042 014 0.17
(b) 1—111 (b) Normalized Dissimilarity
TABLE | TABLE I

NUMBER OF FEATURES LEFT WHEN GOING FROM TO Il ORIIl. THE
ROW AND COL INDICATE THE MEAN OVER THE ROWS OR COLUMNS

ROUNDED TO THE CLOSEST INTEGERTHE IQ MIN AND IQ MAX ARE
THE MINIMUM AND MAXIMUM VALUE OF THE INDEX QUOTIENT.

the difference in pose was restricted to changes inzthe
andy direction. SOE was given by

NUMBER OF TRUE CORRESPONDENCES DIVIDED BY TOTAL NUMBER
OF CORRESPONDENCES FOR DIFFERENT DISTANCES AND METHODS

distance, and all methods meet this requirement. Note that
results of A resemble that of B and results of C resemble
that of D. Considering and affine transformation in (10)
and (11) does not lead to an increase in performance.
Result: All methods agree with the requirement from

0 0 A
E— 0 0 —Ay;c (13) section 2. The directionD can be computed for one
Ay Az 0 meter distance, but it cannot be computed for much larger

Now all corresponding pair can be projected into homo-

distances. The fraction of true correspondences droprfaste
for method A and B and so these methods create a sharper

geneous coordinates and (1) can be used to find the true houndary for the aread around the images. The extra
correspondences. If the left hand side of (1) is less then computational effort for affine transformations does not

0.03 for a given pair, we consider it a true corresponding
pair.
We took the first column of data set | and computed

the number of true correspondences for the poses at 1

result in a better performance.

V. CONCLUSION
In this paper a pose free navigation method was intro-

to 5 meters distance. We only used one column because duced that is based on the combination of visual homing
there are some differences between columns. The featuresand an appearance model. Certain requirements were
of images near the center of the grid belong to points in placed on the feature selection methods for the navigation
the environment that are relatively far away and do not to work. All methods investigated performed equally well
change much when the camera position changes. So areaswvhen confronted with a change in light conditions. To deal
A for images near the center are larger then for those at with such situations it is sufficient to select twice as many

the border.

Table Il shows the fraction of the true correspondences
with respect to all pairs found. First thing to notice is that
there is hardly any difference in using the dissimilarity
or the normalized dissimilarity. At one meter distance all
methods result in a situation where two out of three pairs
are true correspondences. In these situations the dinsctio
D can be computed, so one part of the requirement from
section 2 is fulfilled. At two meters distance the fraction
for methods A and B already drop below a level where
it is unlikely that D can be computed. The fractions for
method C and D do not drop that much, so there is still
a change thatD can be computed. The second part of
the requirements is thdd cannotbe computed at a large

features from images that form the model. All methods
investigated resulted in an area around the images in
which sufficient correspondences are found for the visual
homing. The areas of the illumination methods have a
less sharp boundary. The affine transformation methods
do not perform better then the computationally cheaper
displacement methods.

Main conclusion is that all requirements are met and
that the proposed navigation method is feasible. The next
step is to test this navigation method on a robot.
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