Is structure needed for omnidirectional visual homing?
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Abstract— Upcoming fast vision techniques for finding im- Vision is, in comparison with these sensors, much more
age correspondences enable reliable real-time visual hont,  informative. We observe that many biological species, in

.e. the guidance of a mobile robot from a arbitrary start — ,anicylar flying animals, use mainly visual sensors for
pose towards a goal pose defined by an image taken there.

Two approaches emerge in the field that differ in the fact local'za}t'on and hF’m'”g- ) ) )
that the structure of the scene is estimated or not. In this Crucial in all visual homing methods is the selection
paper, we compare these two approaches for the general case of the landmarks. One must be able to find corresponding

and especially for our application, being automatic wheeleair pixels between the present image and the target image.

navigation. Franz [3] used a global optical-flow-like technique on
Index Terms— Computer vision, robot navigation, visual th'('a intensity string measured on the honzon cwclg. Also,
homing, omnidirectional images. Rofer et al. [4] computed a 1D optical flow using a
modified Kohonen network. Much more descriptive and
I. INTRODUCTION AND RELATED WORK robust against occlusions is the techniqudamfl region

matching. In stead of looking at the image as a whole, local
The goal of this research is to compare systems fofegions are defined around interest points in the images.
mobile robotvisual homing, i.e. the act of returning to The characterization of these local regions with descripto
a place by comparing the image currently viewed withyectors enables the regions to be compared across images.
an image taken at the goal position. Because their riclBecause of the built-in invariance against photometric and
environment information content, we use OmnidireCtionabeometric changes, correspondences can be found between
images taken with a catadioptric image sensor mounted Gimages with different lighting and different viewpoints.
the mobile robot. Note that this is the only sensor we use, Many researchers proposed algorithms tdabal region
no other environment information is acquired. matching. The differences between approaches lie in the
Homing is a term borrowed from biology, where it way in which interest points, local image regions and
is usually used to describe the ability of various living descriptor vectors are extracted. An early example is the
organisms, such as insects, to return to their nest or tgork of Schmid and Mohr [5], where geometric invariance
a food source after having traveled a long distance. was still under image rotations only. Scaling was handled
Many researchers have tried to imitate this behavioby using circular regions of several sizes. Lowseal.
in mobile robots. Because the complexity working with [6] extended these ideas to real scale-invariance. More
images brings along, there have been many efforts to solwgeneral affine invariance has been achieved in the work
the navigation problem using non-visual sensors. Robotsf Baumberg [7], that uses an iterative scheme and the
are usually equipped with odometry sensor systems thalombination of multiple scales, and in the more direct,
continuously measure the location of the robot with re-constructive methods of Tuytelaars & Van Gool [8], [9],
spect to some coordinate system. Unfortunately, the errofglatas et al. [10], and Mikolajczyk & Schmid [11]. Al-
of these sensors are considerable and, most importantiyough these methods are capable to find very qualitative
cumulative. For this reason, odometry is classically supeorrespondences, most of them are too slow for use in a
plemented by information provided by ultrasound or lasereal-time mobile robot algorithm. That is why we spent
sensors, mostly through the creation of a grid-based magfforts to speed this up, as explained later.
of the environment [1]. Although many of these methods In omnidirectional visual homing implementations, one
are quite successful, grid-based approaches must infvitabcan choose between two main approaches. The first, in-
find a compromise between high space and time complexitypired by the work of Cartwright and Collett [12], uses only
and high accuracy regarding the number of grid cellsthe bearing (azimuth) angles of corresponding landmarks
Moreover, robots based solely on proximity sensors geas input and does not use range or structure. Cartwright and
easily confused because the sensors often return simil@ollett proposed, inspired by the visual homing behavior
readings at different locations. This problem can be patcheof insects such as bees and ants, the so-called 'snapshot’
by using Monte Carlo localization techniques [2]. model. They suggest that insects fix the locations of land-
marks surrounding a position by storing a snapshot image
*This work is partially supported by the Inter-University tiiction  of the landmarks taken from that position. Their proposed
Poles, Office of the Prime Minister, IUAP-AMS, the Flemiststitute for . . .
the Advancement of Science in Industry, IWT, and the Fundsfaentific algomhm consists of the construction of a home vector,
Research Flanders (FWO-Vlaanderen, Belgium). computed as the average of landmark displacement vectors.



Franzet al. [3] analyzed the computational foundations of
this method and derived its error and convergence proper ~e
ties. They conclude that every visual homing method basec //

\

N

solely on bearing angles of landmarks, inevitably depends -~ N 1
on basic assumptions such as equal landmark distance: / \
isotropic landmark distribution or the availability of an — —
external compass reference. Already, these assumption\\.\. = ~
indicate that for certain applications an alternative apph " .ﬂ/;/l 2 A
iS necessary. — \ \( \

An other approach in visual homing, relies on the , X
estimation of the range to the observed landmarks. In othel / /‘g/(

words, the structure of the environment is represented in ¢

2D or 3D map. In this map, both present location and target

Iocat_lon are estlmatgd which enables the CompUtatlon of eig. 1. A pair of omnidirectional images, superimposed witfor-coded
homing vector. Davison [13] developed a single cameraorresponding column segments (radial lines) and SIFTufeat(circles
SLAM method which estimates the ego-motion of thewith tail).

camera by building sparse probabilistic 3D maps with A reduced form of these SIFT features for use on mobile
natural features. A motion model and loop-closing are

implemented to reduce errors. robots is proposed by Ledwich and Williams [16]. They

. . . . used the fact that rotational invariance is not needed for a
The remainder of this paper is organized as follows. ' . . ;

. ; . . camera fixed on a mobile robot moving on one plane. Elim-
In section I, we explain the innovative way landmark .

) ination of the rotational normalization and rotational tpar
correspondences are established. Then, two methods ) .
X i ; . the descriptor yields a somewhat less complex feature
estimate the homing vector are described. Section Il . .
. . extraction and more robust feature matching performance.
details a structure-less approach based on vector avgragin - )
Because the original SIFT algorithm works on grayscale

section IV describes the Kalman-filter based method WithIma es some mismatches ocour at similar obiects in dif-
structure estimation. In section V, the experiments we hav? ges, ) Jects in
rent colors. That is why we propose an outlier filtering

rform in h meth r mpar n i ﬁ ;
3? d(r)awgdaucsonglubsci)(t)n ethods are compared and sect Os age based on a color descriptor of the feature patch based

on global color moments, introduced by Mindzal. [17].

Il. SOLVING THE CORRESPONDENCE PROBLEM We chose the following three color descriptafs;s, Cra
We have worked out a solution to the landmark cor-2hdCas, with
respondence problem, consisting of two steps. Because [PQdz [da
the initial and target images are taken relatively far from Cpq = Wv 1)

each other, initial correspondences are established using

recently developed fast wide baseline matching algorithmgvhere &, G and B are the red, green, and blue color
as explained in subsection 1I-A. While driving towards the COmponents along the column segment, centralized around
target, an image sequence is recorded in which the formerzj’” means. After matching, the correspondences with
identified features are tracked, as described in subsectidetiClidean distance between the color description vectors

I-B. above a fixed threshold are discarded.
. Between the image pair in fig. 1 the original SIFT algo-
A. Wde baseline feature correspondences rithm finds 13 correct matches. Using our rotation reduced

Although wide baseline local features are common inand color enhanced algorithm, the matching threshold can
computer vision, only recently, a classfaft wide baseline be raised so that up to 25 correct matches are found without
local features have appeared. We use the combination @icluding erroneous ones.
two different kinds of these features, namely a rotation 2) Invariant column segments. In earlier work [14],
reduced and color enhanced form of David LowSIi§T  we developed wide baseline features which are specially
features [6], and theinvariant column segments we devel- suited for mobile robot navigation. Taking advantage of
oped in previous work [14], [15]. the movement constraints of a fixed camera on a robot

1) Rotation reduced and color enhanced SIFT: David  moving on a plane, a very simple and fast algorithm can be
Lowe presented th&€cale Invariant Feature Transform [6],  carried out. The (dewarped) image is scanned columnwise
which finds interest points around local peaks in a series adind column segment features are defined between two local
difference-of-Gaussian (DoG) images. A dominant gradienmaxima of the image gradient. Each column segment is
orientation and scale factor define an image patch aroundescribed by an 11-element vector containing information
each interest point so that a local image descriptor can ben geometry, color and intensity.
found as the histogram of the gradient directions of the Fig. 1 shows the matching results on a pair of omnidirec-
normalized image patch around the interest point. SIFTional images. As seen in these examples, the SIFT features
features are invariant to rotation and scaling, and rolwst tand the column segments are complementary, which pleads
other transformations. for the combined use of the two.



B. Feature tracking feature 1
The corresponding features between the first image anc

the target image, found in the previous step, also have tc Goaf]‘
be found in the incoming images during driving. This can Present position
be done very reliably performing every time wide baseline position
matching with first or target image, or both. Although
recent methods are relatively fast (abOuis for a pair of

feature 3

640 x 480 images, see [14]), this is still too time-consuming
for a driving robot.

Because the incoming images are part of a smooth
continuous sequence, a better solutiorireeking. In the  Fig. 2. Estimation of the homing vector between two camesepaiven
image sequence, visual features move only a little from onét least three corresponding visual feature pairs.
image to the next, which enables to find the new feature ) _ ) )
position in a small search space. sectors in the images, with a_ngular _S|zIéL-§ = |P; — Py

A widely used tracker is the KLT tracker of Kanade, @ndGi; = |G; — Gil, respectively. Since features can be
Lucas, Shi, and Tomasi [18], [19]. KLT starts by identifying correspondgd, sectors can also_ be corre_sppnded. For (_aach
interest points (corners), which then are tracked in a serigc0rresponding sector pair, the difference in its angulze si
of images. The basic principle of KLT is that the definition N the two images is examined. If the difference is positive,
of corners to be tracked is exactly the one that guarante&vecmr is defined parallel to the bisector of the sector in

feature 2

optimal tracking. A point is selected if the matrix the present image, and with a mz_ignitude proportio_nal to
the difference|G;; — P;;|. If the difference is negative,

{ 92 Yaly } @) then the vector has opposite direction. In fact, each of

9z Gy 95 ’ these vectors is targeted towards the direction of the motio

that is required in order to equalize the angular extend
eof the sector between the two views. The vector sum of

| contributions from all sectors defines the instantaseou
Cﬁr{oming vector.

containing the partial derivativeg, and g, of the image
intensity function over an NxN neighborhood, has larg
eigenvalues. Tracking is then based on a Newton-Raphs
style minimization procedure using a purely translationa
model. This algorithm works surprisingly fast: we were |vV. HOMING METHOD WITH STRUCTURE ESTIMATION
able to track 100 feature points at 10 frames per second in Unlike the former method, the method we propose in

320x240 images on a 800 MHz Iaptop. .this section builds a local map containing the landmark
Begquse the well trackable_pomts are not necessf"”'ﬁositions. At each time instant, both the present robot
coinciding with the center points of the W",je .basellnel cation as the target location are estimated therein, &b th
features to be tracked, the best trackable point in a sm homing vector can be calculated
window _arour}dl Su?h Ia ce_nter point |s|select|ed. In tﬁe After initialization of the feature correspondences, the
assumption of local planarity we can aways locate t Slgorithm computes a robust estimate of the homing vector
point in the relative reference system the wide baseling 4 yrafts a local map, containing the feature world posi-
feature offers. tions. This is described in subsection IV-A. Later, during
the movement, as feature measurements are coming in, the

. ) ) ) ) map is refined and the position of the present and goal
The method described in the previous section yields §nages is updated, see subsection IV-B.

set of reliable and accurate corresponding points between
each image during the visual homing procedure and th&. Homing vector and local map initialization step
target image. This is the dreamed starting data for each From a set of feature correspondences an initial homing
correspondence-based visual servoing algorithm. vector can be estimated. In spite of our efforts, still featu
In the wealth of algorithms derived from the snapshotmismatches can occur, for instance in the presence of
model of Cartwright and Collet [12], we chose the im- multiple identical environment objects. Because the hgmin
plementation of Argyro®t al. In his paper [20], Argyros vector estimation is the basis for navigation and later
stresses the fact that his method achieves robot navigati@orrections, a robust estimation technique must be used.
without computing any explicit range information at all, We found the solution in aandom sample consensus
although silently he assumes an isotropic landmark distrifRANSAC) [21] estimation scheme. Out of a randomly
bution. chosen set of two correspondences, the target pose relative
At each time instant, a homing vector is computedto the present pose can be computed using goniometrics.
based on bearing angle measurements of correspondifdg. 3 illustrates this.
landmarks in present and goal position. Fig. 2 illustrates The angles labeled with in the side view (top right) can
the method. LetP; denote the bearing angle of the i'th be extracted from the image coordinates of the features. In
feature in the present image a6 the bearing angle of the order to do this, a 5 degree polynomial is fitted to the data
feature in the goal image. Two featureand; define two  of a calibration image like the one shown bottom right in

IIl. STRUCTURELESS HOMING METHOD
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Fig. 3. Estimation of the homing vector between two camesep@iven  Fig. 4. Example of a feature map built up by our algorithm. dRla
two corresponding visual features. The red and blue lingdisate the light  squares show start, current and target robot positionsr@bldiamonds
rays towards the two features, respectively. Top left: pectve view, top show feature positions, labeled with their number. Starshin feature
right: side view (folded open so that the distanckare not shortened), label denote a feature that is lost during tracking.
bottom left: top view, bottom right: image used for calilivat of angles
.

A feature i ’(y'

fig. 3. Itis clear thatl; tan oy = ds tan cs. In other words, x.y)
we do not know the distancesthemselves, but the ratio
between them is known.

Now observe the top view, shown bottom left. Using d
the latter and the fact that the bearing difference angles present. (x,,) B
can be measured in the image, the quadrangle cameral /. sarget
featurel-camera2-feature2 can be computed up to an un i0 T v (xp¥)
known scalefactor. N

This yields a homing vecto(R,0,), with (R,0) start |
the polar coordinates of the target position relative to
the present position ang the robot orientation change Fig. 5. Symbol definition for the Kalman filters.
between the two poses. Unfortunately, the vision scale
ambiguity forces us to se® arbitrarily at 1.

A second step in the RANSAC algorithm is counting thethe local map and the location of the robot in that local
inlier rate as a measure for the support of the estimatef'ap, also known aSimultaneous Localization And Map-

homing vector. In order to do so, for each correspondencBing or SLAM. Each time the target position can be updated
the ratio d1 is computed both assm and tanez |  too, so that an updated homing vector can be derived.

tan oy
both outcomes differ too much, the correspondence i¥Ve implemented these updating operations as extended
considered an outlier. Kalman filters (EKF), using the image positions of the
This calculation is repeated a sufficient number of timedracked visual features as inputs.
(200 in our experiments) on different random samples, and When close enough to one target, the movement towards
the homing vector with the highest support is kept. the next target image is started. This yields a smooth
In order to start up the succession of map and locatioffajectory along a sparsely defined visual path.
updating iterations, an estimate of the local map must be 1) Local map updating: During movement, each time
made. In our approach the local map is a 2D represeran image is taken new infomation of the environment is
tation of the world, centered at the starting position ofachieved and the local map of features can be corrected.
the visual homing operation. The world position of everyAlso, the position of the robot in that local map has
corresponding visual feature used in the previous step mushanged and has to be corrected. For this SLAM-task, we
be represented in this map. Because the homing vector amhplemented an Extended version of the Kalman Filter [22]
the feature bearing angles seen from both viewpoints arEKF), inspired on the work of Azarbayejani and Pent-
known, the latter is computed easily by triangulation. Fig.land [23] and similar to Kim and Chung [24], who adapted
4 gives an example. this algorithm for use with omnidirectional images.

Fig. 5 explains the various symbols used. The state
vector we continuously update contains the present robot
When estimates of the homing vector and local map ar@ose, the robot speed, and the polar feature coordinates:

found, the robot is put into motion in the direction of that

homing vector. We rely on a lower-level collision detection xp, = (2, Yp, ¥p, Up, d1,0, 01,0, 42,0, 02,0, - - - » AN,0, ON,0)-

and obstacle avoidance algorithm to do this safely. During )

this drive, images are taken giving information to updateln the movement equation we express the expectation that

B. Homing vector and local map update step



the robot drives forward with his present velocity:
Zp(k) = xp(k — 1) + vy (k — 1) At cos 4
Op(k) = yp(k — 1) + vp(k — 1) At sin e, 5)

Each iteration, a new measurement vector is acquire
containing the feature bearings as seen from the new pos

zp(k) = (01,p(k), d2,p(K), - - On p(F))- (6)

The measurement equatidh, gives the estimate of these
observations based on the present state vector. The i
element of this vector is the function

th

/
2,.4(k) = Hyi(i,(k)) = arctan (Z-) .
K3
with (z7, ;) the coordinates of the i'th feature relative to
the present robot pose
Fig. 6. Target position (left) and start position (right)tbé wheel chair,
x, | | cosyp, —siny, di0cosdip Tp with superimposed projected motion (black: without stuet light green:
[ Y ] - [ sint,  cosi, ] [ diosind; g }[ 1 using structure).
With this model a Extended Kalman Filter is set up. The V. EXPERIMENTAL RESULTS
choice for polar coordinates facilitates the computation We have implemented the proposed algorithm, using a
of the necessary Jacobians of motion and measuremermodified electric wheel chair as test platform, described in
equation. The state vector is initialized according to thev-A. The results of the tests are detailed in V-B.
estimated local map of subsection IV-A. We also set the
initial variances ond; to zero to avoid instabilities, like A Test platform
in [23]. The variance on one of thé;’s is set to zero, Our wheelchair "Sharioto” (depicted in fig. 6) is a
to fix the scale. When during tracking features are loststandard electric wheelchair that has been equipped with
the corresponding elements of the state vector and then omnidirectional vision sensor (consisting of a Sony
corresponding rows and columns of the covariance matriceffrewire color camera and a hyperbolic mirror). The im-
are deleted, as shown in [24]. age processing is performed on a 800 MHz laptop. As
2) Homing vector updating: The former EKF filter additional sensors for obstacle detection, four ultragoun
enables the construction of a local map with increasingensors without dead zone and a Lidar are added. A second
accuracy and the present localization of the robot thereinaptop with a 418 MHz processor reads these sensors,
However, only an estimate of the position where the targeteceives visual homing vector commands, computes the
image is taken is known. A similar EKF procedure cannecessary manoeuvres, and drives the motors via a CAN-
be used to refine the target location as more accurate majus. More information can also be found in [25] and [26].
information becomes available. The homing vector used
to steer the robot is then the relative vector between th8. Results
present location of the robot and that target position. AS We have done extensive tests of the two described
every distance, also this vector is only known up to a scalgnethods for visual homing in a natural environment. As
factor. But the relative length w.r.t. the original homing seen in the images, no special visual features were added
vector (with length 1) gives information for the robot how to the natural scene. First, a target image was taken at a
far to drive still. certain position which was marked on the floor for future
We construct a second extended Kalman filter for theeference (left in fig. 6). Then, the wheel chair is placed at
target localization. The state vector is the target posea distance of 1 to 2 metres from this target and the homing
x¢ = (D¢, 0¢,v¢). We assume the target to be static, so theprocedure is performed. A typical result for the trajeaeri
movement equation is simpl§ (k) = Lx¢(k — 1). The is shown in fig. 7, and superimposed in fig. 6.
measurements are the feature bearing angles as seen fronThe graph in fig. 8 shows the average computation times
the targetz; = (01,¢,02,¢,...,0n,¢). These measurements for one home vector update cycle. Although the methods
are predicted using the measurement equatn have the image acquisition and KLT feature tracking in
o common, the remaining time for the actual homing vector
21i(k) = Hy i (Z¢(k)) = arctan (M) —1, (9) computation varies greatly: 0.44 ms for the method without
i structure estimation (barely visible on the graph), and 71
Also in this case the computation of the Jacobians pose nms for the method with structure estimation. The time
problems. For the initialization of this EKF, the estimatedneeded for initialization of the movement, including wide
data from the initialization step (section IV-A) are used. baseline matching, averages to 858 ms.
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