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Abstract. We present an autonomous mobile robot navi-that navigate in a previously unknown environment. They
gation system using stereo fish-eye lenses for navigatiomust be able to estimate the three-dimensional (3D) structure
in an indoor structured environment and for generatingof the environment in order to perform useful tasks. The uses
a model of the imaged scene. The system estimates thef such an autonomous agent range from providing access to
three-dimensional (3D) position of significant features in thehazardous industrial environments to battlefield surveillance
scene, and by estimating its relative position to the featuresyehicles. Various issues must be addressed in the design of
navigates through narrow passages and makes turns at coran autonomous mobile robot, from basic scientific issues to
dor ends. Fish-eye lenses are used to provide a large field aftate-of-the-art engineering techniques [11,24]. The tasks a
view, which images objects close to the robot and helpsmobile robot must perform for successful autonomous nav-
in making smooth transitions in the direction of motion. igation can be broadly classified as 1) sensing the environ-
Calibration is performed for the lens-camera setup and thenent, 2) building an environmental representation, 3) locat-
distortion is corrected to obtain accurate quantitative meaing itself with respect to the environment, and 4) planning
surements. A vision-based algorithm that uses the vanishingnd executing efficient routes in the environment. Such com-
points of extracted segments from a scene in a few 3D oriplex tasks cannot be completely programmed a priori, thus
entations provides an accurate estimate of the robot oriensensing becomes critical in monitoring both the environment
tation. This is used, in addition to 3D recovery via stereoand the robot’s own internal reckoning system.
correspondence, to maintain the robot motion in a purely The environment in which the robot performs various
translational path, as well as to remove the effects of anytasks determines the techniques used by the robot to navi-
drifts from this path from each acquired image. Horizon- gate. Navigation in indoor structured environments has been
tal segments are used as a qualitative estimate of chang#udied by several researchers [9, 16, 40]. Different sen-
in the motion direction and correspondence of vertical segsor modalities such as visual sensors (monocular, binocular
ment provides precise 3D information about objects close tastereo and trinocular stereo), infrared sensors, ultrasonic sen-
the robot. Assuming detected linear edges in the scene a®ors, and laser range finders have been used to aid in the task
boundaries of planar surfaces, the 3D model of the scene isf environment representation. The robot can also be assisted
generated. The robot system is implemented and tested inia its navigational tasks by providing it with a priori informa-
structured environment at our research center. Results frortion about the environment. In the absence of a priori model
the robot navigation in real environments are presented andf the environment, it becomes necessary to rely solely on
discussed. sensor information. In navigation tasks, extraction of ac-
curate depth information is important. Sensing has mainly

Key words: Motion stereo — Scene modeling — Fish-eye lensbeen accomplished through the use of stereo or monocular
— Depth integration — Navigation image sequences. Stereo systems establish correspondence
between images acquired from two well-separated cameras,
while monocular systems account for small image displace-
ments.

In this paper, we present a system for autonomous nav-
igation based on binocular stereo using a pair of fish-eye

The autonomous navigation of mobile robots has attracted®nSes: No a priori model is assumed, but the problem is
a number of computer vision researchers over the years, A€stricted to an indoor structured environment. Navigating
wide variety of approaches and algorithms have been proll indoor environments can be very challenging when the
posed to tackle this complex problem. Perception and seng€nvironment is narrow and has corners which require sharp

ing becomes an integral part of computing for such robotdnanuevers of the robot. Conventional visual sensors such as
normal or wide-angle CCD cameras do not provide enough

1 Introduction
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experiments in visual perception and control. The robot was
remotely controlled and equipped with a single video cam-
era. The system used a slider stereovision system to obtain
3D spatial information for navigation. To obtain a stereo
pair through the slider system, the camera was moved along
a track after acquiring one image to generate the disparity
field, which then could be transformed into depth informa-
tion. The mobile robotHilare, designed by Giralt et al. [19]
and Chatila and Laumond [9] used dynamic world model-
ing for navigation and world representation. The robot was
equipped with several sensors including a video camera, a
) . ) i rotating sonar sensor, and a laser range finder. The robot built
Fig. 1. almage taken by a wide-angle lens at corridor nétish-eye lens = 5 14 representation by incorporating any previously un-
image taken from the same position contains more information about theimown obi - . . .
corridor ject into a world model, as it was perceived during
navigation. Hierarchical approaches using global and local
model updates based on the sensor data feedback have also
information to make precise measurements close to the robdieen suggested by Crowley [12] and Parodi [44]. Heuristic-
and fail to sense areas which exhibit sharp turns in the mobased approaches to navigation have also been explored by
tion direction. This difference in information is shown by the Chattergy [10]. In general, most algorithms rely on 3D mea-
two images in Fig. 1. It shows that fish-eye lenses provide asurements for navigation and scene modeling, but it has also
large field of view [45] and can sense valuable informationbeen shown that similar results can be obtained by using a
close to the robot and at sharp transitions in the corridorsingle camera with assumptions regarding the 3D environ-
or passage to be navigated. The system is implemented fanent [43,51]. Use of stereovision with line segments to re-
a robot RoboTek that navigates through narrow passagescover passive 3D measurements has also been successfully
and makes transitions in motion direction at sharp cornersised by [23,26]. The use of trinocular stereo has also been
in a structured environment. The lenses are calibrated andxplored by [1,14,17]. Different approaches that have been
distortion corrected before further processing. A specializedstudied and experimented for mobile robot navigation can be
line detector is used to extract line segments in three sigelassified in three broad categories: model-based approaches,
nificant 3D orientations. An accurate estimate of the robot’slandmark- or reference-based methods, and trajectory inte-
egomotion is obtained from the odometry, corrected by agration methods. For a detailed survey, refer to [48].
vision-based algorithm which uses vanishing points of the In the work by Kak et al. [28], they present the system
detected lines to accurately estimate the robot’s heading, rolFINALE (Fast Indoor Navigation Allowing for Location Er-
and pitch. Correspondence between the extracted featuresiisrs). In this approach, they use a Kalman Filter for uncer-
established based on an iterative hypothesis estimation andinty reduction, position estimation and updating. A geo-
verification procedure [47]. The estimated 3D segments arenetric model of the environments is assumed, and matches
repeatedly updated under ordered constraints with detectesetween landmarks from the model and the monocular im-
segments from following image sequences obtained after thages must be determined. The system determines the approx-
motion of the robot. imate location of landmarks in the scene by placing bounds
The rest of the paper is organized as follows: Sect. 2 proon where one should look for landmarks in the camera im-
vides a survey of relevant work in indoor mobile robot nav- age. Given the uncertainty at any location of the robot, an
igation and scene modeling. Section 3 describes the sensexpected scene model can be constructed and the uncertain-
system used in our work. The stereo setup and characterisies represented by the Mahanabolis distance. Each edge un-
tics of the fish-eye lens and its advantage over conventionatertainty regions are derived based on the vertex uncertainty
lenses are discussed. The process of calibration and distoregions, and the search for scene correspondents in the the
tion correction are briefly discussed. Section 4 discusses thmodel can be limited in the images and Hough space. By
navigation environment. The segmentation approach is deanalyzing and processing the images only within the uncer-
scribed and the representation of the environment using 3@ainty regions associated with the landmarks, correspondence
line segments is discussed. Section 5 describes the procegsquickly established. With the correspondence established
of 3D sensing, modeling and navigation based on sterecand using Kalman filtering, it is possible to compute the ori-
The stereo correspondence procedure is also discussed. émtation and location of the robot in the environment. The
Sect. 6, the experimental robd®oboTexis introduced and authors present real-scene results and also test the accuracy
implementation results of the proposed system are presentedf their system. Kak et al. [25] have also considered the
Finally, conclusions are presented in Sect. 7. navigation of a mobile robot in a structured scene using a
CAD description and a visual camera. The general idea is to
match the observed features in the environment to the CAD
2 Literature survey model and thus estimate the robot position. More recently,
the work presented by Bouguet and Perona [7] describes a vi-
Numerous technigues have been studied for mobile robosual navigation system using a single camera which utilizes a
navigation in various environments. One of the earliest atspecial detector to detect the corners of landmarks placed in
tempts in indoor mobile robotics was the work of Moravec the scene. By tracking these detected features, they estimate
[40, 41]. Moravec used a mobile platform as a test bed forthe image flow and compute the motion parameters. They

a
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use a recursive motion estimator and the 3D scene struaight images. As shown in Fig. 3, a poift, defined by co-
ture to reconstruct the actual structure of the scene. Dalmiardinates £, y, z) in 3D will project in 2D with coordinates
and Trivedi [13] present a motion and stereo integration ap{z;, ;) and .., y,-) for left and right images, respectively.
proach to recover the depth in a scene. The authors use thénowing the baseline distanc®), which separates the two
ability of stereo processing to acquire precise depth meaeameras, and the focal lengfh we can define the perspec-
surements along with the efficiency of spatial and temporakive projections by simple algebra. Consideriiigo be the
gradient (STG) analysis. STG analysis has been shown torigin coinciding with the image center in the left camera:
provide depth with high processing speeds, but limited ac-

curacy. Methods such as normalizing, cross-correlation, etc’ w.Dfd, 1
are used for estimating the disparity value. This value is lateg; = 4,.D /d , )
used by the STG process to improve the efficiency of the

matching process. Experiments performed validate the inte? = f-D/d . 3)

gration approach to estimate depth with a mean error of 3%y age equations provide the basis for deriving 3D depth

Lebegue and Aggarwal [31-33] have shown a monocular Vi-om stereo images.

sion system for navigation and C_:AD model generation of the Fish-eye lenses provide a field of view which approxi-
|r_1door environment. They consider line segments _and CONmates 180 in the diagonal direction. Objects very close to
sider the modeling as syrface patches bounded .by line .ed.geﬁ]e lens can be imaged with good accuracy. At the same
They assume that any indoor scene and the objects within fime the Jarge horizontal view also provides valuable infor-
can be represented by linear segments oriented in a limitef},5ion for rotational motions while navigating. This would

set of directions. They segment line segments in three 30 pe possible using a normal lens. This is shown in Fig. 1.
orientations and, based on robot motion and correspondengg -gntrasts a scene as imaged by the fish-eye lens (right),

over subsequent frames, try to recover the robot position,q a5 imaged by a wide-angle lens (left) from the same
and the positions of 3D line segments in world space. The,)cition.

lines are integrated over time and uncertainty is calculate

using the Kalman filtering technique. The robot updates the

world representation at each step, and the final CAD mode§ 2 calibration and distortion correction

is generated when the robot has finished navigating the envi-

ronment. One major drawback in this system is that, due tas seen in Fig. 1, the fish-eye lens image exhibits significant

the limited view angle of a single wide-angle lens, the robotdistortion of the information. To make precise quantitative

is not able to navigate in narrow passages or to make shargeasurements, it is important that the lenses be accurately

transitions in its motion direction at hallway corners. It also calibrated and that both the extrinsic and intrinsic parame-

cannot accurately map hollow areas in the scene. The CARers be measured. The intrinsic parameters to be calibrated

model generated by this system for a hallway is shown ininclude the optical center, focal length, and one-pixel width.

Fig. 2. The major drawbacks of such a system are that it iSThese are also crucial in successfully removing distortion in

necessary to have a wide area of space available for navigahe fish-eye image to recover linear features. The procedure

tion. Further, sharp corners and turns cannot be representéer calibration is described in [8,45,50]. The distortion cor-

with good accuracy, and the robot cannot navigate aroungection is achieved by performing a nonlinear mapping of

them due to lack of information. Such limitations have pro- points in the image plane. A simultaneous correction of the

vided the motivation for the work described in this paper. radial and tangential offset components is performed using
fifth-order polynomial. The general equations are given as:

3 Visual sensors 0" = af +b6” + > +do* + e6® (4)

A 2 3 - 4 - 5
The mobile robot is equipped with two fish-eye lens camerad ~ fp+gp™+hp™+ip"+ip”, ®)
configured in a parallel stereo geometry. The sensors ar@heres’ is the corrected angld, is the original anglep’ is
placed so as to maintain a maximum overlap of viewed scengne corrected radius; is the original radius, and through
to establish correspondence. The lenses have a calculatgdare the distortion coefficients. The detailed algorithm is
focal length of 38 mm and the stereo pair has a baselinegescribed in [45,50]. Figure 4 displays the fish-eye image
distance of 398 mm. on the left, and the corrected image on the right. The black
areas observed at the top and bottom of the corrected image

. ] ] are due to a field of view larger in the diagonal direction
3.1 Stereo setup and image information than the vertical direction.

Using the parallel axis geometry, a disparity valdeis de-

termined for each matched feature as the difference in theis Robot navigation

positions on the same horizontal scan line. Any detected

two-dimensional (2D) feature in an image is considered theThe robot navigates in indoor structured environments such
perspective projection of a 3D feature in the scene. In genas corridors, hallways, etc., based on the 3D information
eral, to recover depth, two images acquired from differentderived by stereo fish-eye cameras, along with the robot
perspectives are used to establish the transformation reldieading values computed using a vision-based algorithm.
tionship between the scene and its projection in the left and’he procedure is described in more detail below.
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Fig. 2. CAD model of hallway by visual navigation using a single wide
angle lens

Fig. 3. Stereo system

Fig. 4. alnherent distortion in fish-eye imagb.The undistorted image

4.1 Environment grouped according to their most likely 3D orientation and
are considered for the correspondence problem.

Visual navigation in indoor structured environments results
in the representation of many interesting objects and fea-
tures by planar patches bounded by linear edges. The 3
orientation of thoses edges often falls in a discrete set o
possible orientations. It is seen that an environment such as

a corridor is mainly composed of linear edges with particu-The fish-eye lens cameras are mounted on the robot, thus
lar orientations in 3D. There are three preferred orientation§ne motion of the robot has to be defined with respect to
for linear segments that qualify as significant features. Thepe ropot platform, and not just the camera system. In order
linear edges are boundaries of opaque planar patches, Sughlse quantitative information, the relationship between the
as the floor, ceiling, walls, etc. This not only presents anygpot and camera coordinate system must be known. Fig-
accurate representation, but also simplifies the computation,;e 6 shows the world and the robot coordinate systems.
The particular orientations in 3D considered in our approachrpe cameras are mounted at two positions on the robot a
are the vertical and two horizontal orientations perpendiculaiyaq distance apart. It is assumed that the camera is rigidly
to each other. _ o _attached to the robot. The-axis is the optical axis of the

Under the perspective projection geometry, each 3D Ori-amera W represents the world coordinate system with a
entation corresponds to one vanishing point in the imaggertical -axis, R the robot coordinate systerg, the camera
plane. This is the point (possibly at infinity) where all the coordinate system, anél the image coordinate system. If
lines, parallel in one direction, seem to originate from. Thispa heading, roll, and pitch of the robot are given /yr

is illustrated in Fig.5. To segment the images and extrachhq,, then the homogenous transformation from the world
the line segments, a specialized line detector which uses thg ihe camera coordinate system is given by

a priori knowledge of the locations of the vanishing points

is used [29]. This process can assign the closest 3D orientag,, . = Hy g Hpe , (6)

tion to each detected segment. In particular, with a pinhole

perspective projection model, lines that are parallel in 3DwhereHr is given by

will converge to a vanishing point in the 2D projection. If

the orientation of the camera with respect to the scene is ap- 1 0 0 O cosh sinh 0 0O

proximately known, one can compute the vanishing points _7 0 cosp sinp O —sinh cosh 0 O
" 10

01

.2 Coordinate system

associated with each given 3D orientation before processing™ "V 0 —sinp cosp O |~ 0 0
the image. Line segments detected in three orientations are 0 O 0 1 0 0
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coordinate systemsjrc. Then,Hcg can be defined by the
relation

HocrHpe = HopHeor (10)

For the above equatiollrc is known from the robot odom-
etry, andHcp, the camera motion, is to be computed from
the two images. Having computed the intrinsic and extrinsic
parameters at each location of the camera on the robot, the
individual transformation matriceldc; andHc; are known.
Then the transformation between the two camera systems is
given by

Hep=Hg He;j . (11)

The rotation and translation components are then simply
given by

RcrRrp = RcopRcr , (12)
RcrTrp —Top = (ReP — I)IcrR , (13)

wherel is the identity matrix. The camera motioRcp and
Tcp are given by

Rcp = RerRrpReE (14)
and
Tep = — Rop)Icr + RerTrp (15)

4.3 Significant line detection

Significant segments in indoor scenes should be those which
consider the geometric features representing the environ-
ment. For navigational purposes, line segments oriented in
three particular directions prove to be useful. Line segments
can be extracted by estimating the location of radical change
in intensity values. Edge locations in any image can be found
by considering the image to be a 2D surface and taking the

where T, represents the transformation matrix associated@cond-order derivative in theandy directions. In our im-

with the roll of the camera mount, and y and z represent

plementation, we use precomputed vanishing points to link

the relative position of the camera mount with respect to thefétected edgels to form a line in one of the three orienta-
world. Then, the perspective projection from the camera tdions- The vanishing points are determined from the heading

the image plane is given by

su auf ugp 0 O T
Sv 0 vy —anf O Y
s o1 0 of|z] (8)
1 0 O 0 1 1

P C

whereu andv represent the coordinates of a point on the im-
age plane (pixels), and«, are conversion factors (pixels
per unit length)uo andwvg are the coordinates of the optical
center of the camera (pixels), arfds the focal length (unit

information obtained by calibrating the camera parameters,
and are updated based on the horizontal lines in the im-
age. Given the three 3D orientations, all detected lines must
pass through the associated vanishing point when projected.
Computing the angle between the intensity gradient and the
expected direction of the line in 2D, the expected line can be

given by the current pixel and the vanishing point associated
with the possible 3D orientation. Knowing the homogenous

transformation matrices for changing the world coordinate

system into the projective coordinate system, we can con-
sider

length). For the relationship between the robot and the cam-

era coordinate system, given the rotation maRixand the
translation vectofl, the homogenous transformation matrix,
H, is given by

R T

0001 ©)

-]

To determine the homogenous transformation matrix from[ su

the robot to the camera coordinate systéfar, we need

to know the transformations between the two camera sys
tems, Hep, and the transformation between the two robot

Px

by

Pz

0 W
to be a nonnull vector in the 3D direction under considera-
tion, and if

SV

s
1

=Twp (16)

PNy

P
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defines the relation between a 2D poﬁm v ]T and its cor- Although the path of the robot is calculated at each step
responding 3D location by the perspective projection, then using both the 3D depth estimate and robot pose from van-
ishing point, the initial estimate of motion direction is based

Y v Px on the estimated depth. When the depth estimated falls below
UL zmee |l 1Y+ [Py (17)  athreshold, the robot must make a change in its navigating
s z Pz direction. This change in direction is based on the horizon-

1 e 11w 01y tal depth estimate. After making an initial rotation, the robot

defines another point of the estimated 2D line. A 2D vectorPOSe is once again estimated and corrected to move towards
j in the image plane pointing to the vanishing point from the vanishing point.
the current point is then collinear to

[ u' — U} 5 3D sensing
v —v | -

The mobile robot navigates based on extracted 2D features
from the image scene. The parallel-axis stereo system uses
, [ju} _ {ax _azu} (18) a pair of fish-eye lenses and features in the two images

Algebraic manipulations lead to

J= Y ay — azv are matched using an iterative hypothesis verification algo-
rithm [47]. From the line correspondences and the predeter-
where mined camera parameters, an inverse perspective geometry
ay Px is used to recover the 3D information. The robot then in-
ay | _ Dy tegrates the information with its pose information and cal-
a |~ Twe D2 : (19)  culates the motion step. The robot then moves to the next
0 0 position and repeats the procedure. Already detected 3D seg-

w ments are updated based on the 2D segments and their esti-

Note thatay, ay, and a; need to be computed only once mated 3D locations computed from the new image obtained
for each 3D orientation. A more detailed formulation and after robot motion. The stereo matching algorithm and 3D

description of the algorithm can be found in [30] and [29]. information recovery procedure is discussed below.
The fish-eye, undistorted, and segmented images are shown

in Fig. 7.
5.1 Stereo matching

4.4 Robot pose The analysis of stereo images is a well-established passive
method for extracting the 3D structure of an imaged scene.

Robot orientation is accurately determined by consideringThe main objective is to recover the 3D position of detected

both the odometry and the 3D position estimated by steredeatures from their projections in 2D images. The basic prin-

correspondence. The odometers are placed on the left ar@ple involved in depth recovery using passive imaging is

right wheels of the robot and the average of their reading idriangulation. Here, we present a stereo matching algorithm

taken. Due to slippage, the odometers drift without bounddgor depth recovery in indoor scenes, using a pair of fish-eye

over long distances and become unreliable measures. Thlens cameras.

drift is periodically corrected by a vision-based algorithm

that computes the heading from the vanishing points of the

extracted lines. To estimate the rotation around the worldb.1.1 A brief review of stereo-matching techniques

coordinate system, the vanishing points in the horizontal di-

rection are considered. The point closest to the image centefFhe computational stereo paradigm consists of three major

is used, and to recover the pitch, and heading}, the  steps: stereo camera modeling, feature detection, and match-

vanishing point ¢.,, v.p) is calculated as ing. The matching process begins with the identification of
su the features in both images that correspond to the same point

Upp = 1M ) in the 3D space. This is a difficult problem, as the features

HR extracted from the two images may be dissimilar, since they

Vpp = s||—>moo s (20) are, in fact, two perspective views taken from two different

. o view points. Thus, further constraints have to be imposed
where s,u and v are given through calibration. Now the and the matching criterion relaxed to resolve ambiguities.

pitch and heading can be calculated by Generally, two broad classes of techniques have been used:
p=tan? feature-based techniques and area-based techniques. Feature-
{1150 T30y 01,1 = Ho 11,0105l 1 13,0~ 1,400 based solutions employ simple, geometric primitives such as
(H1,2H,0— Hp 2T o) wvp*(Hp,2 Ho 0~ Ho,p Ha,0)*vup*(Ho,2 H1,0— H1 2 Ho,0) 1 line segments and planar patches [20]. Such models are ap-
h=tan 'y Ho,1cosz)—Ho,zs;:;ﬁ;,izzg—ffz,zsinp)*wp] 7 (21)  propriate for simple, well-structured environments consist-

ing of man-made objects. These techniques generally have
where,H = Hgp, the transformation matrix from the robot to been more successful overall, as the matching process is
the image coordinate system, aHgl; are thei, j elements much faster than the area-based techniques and there are
of the matrix. fewer feature points to be considered [37]. The area-based



165

Fig. 7. aFish-eye imageb The corrected image. 2D lines extracted in three semantically significant 3D orientations. The dot at the center is the location
of the vanishing point of the horizontal lines going into the image plane

algorithms represent depth at each pixel in the image. Thes®atches above a certain threshold could be accepted. Us-
techniques promise more generality; however, much remainig the statistics of noise in image intensities, Gennery [18]
to be done on both the mathematical and system aspects aked a high-resolution correlator to produce improved esti-
this approach [5,36]. So far, many techniques have proved tonates of match points. It also provided an estimate of the
be unsatisfactory, as they produce poorly defined matchesccuracy of a match in the form of variance and covariance
and thus it becomes difficult to determine when a matchof the pixel coordinates of the match in the corresponding
has been established. Area-based techniques are also highiyage. Another correlation-based method was used by Han-
sensitive to distortion in gray level and geometry, and arenah [21], which used a modified Moravec operator to de-
computationally very expensive. termine control points. Autocorrelation was used as a mea-
Simple geometric features such as line segments havsure to evaluate an established match. In a later implemen-
been commonly used as matching primitives for feature-tation [22], Hannah implemented a hierarchical correlation
based techniques. Edge segments alleviate the effects of paethod, where images were smoothed by a Gaussian win-
sitional error due to isolated points and support the constraintiow to obtain a lower resolution image. Control points were
of edge connectivity. Medioni and Nevatia [37] use a dis- once again picked by the modified Moravec operator and the
parity continuity constraint for their segment-based match-search for a match was conducted, which would result in a
ing algorithm. Linear edge segments are extracted [42] anenaximum in normalized cross-correlation with the original
described by the coordinates of their endpoints, their orientapoint. The search was propagated up to the finest resolution,
tion, and the average contrast in intensity along the normaat which point the search was repeated with reversed left
of their orientation. Segments in the left and right imagesand right images. A detailed survey of various other stereo
are matched by evaluating a merit function iteratively which algorithms is found in [15].
minimizes the disparity difference among matched features. Most algorithms differ from each other in the way they
This algorithm implements the surface continuity constraintdefine primitives to be matched, their assumptions about the
proposed by Marr and Poggio [35]. Another scheme pro-scene, and their incorporation of a priori knowledge. The
posed by Mohan, Medioni, and Nevatia [38] detects andassumptions on which our approach is based include con-
corrects local segment matching errors based on disparitgtraints on continuity, uniqueness, the disparity gradient, and
variation across linear segments. Ayache and Faverjon [3¢pipolar geometry. The stereo system is first calibrated and
use segments described by their midpoint, length, and orithe parameters are recorded, thus ensuring that the horizon-
entation for stereo matching. A neighborhood graph is usedal scan line in the two images corresponds to the same scan
to store the information regarding adjacency of segments iine in 3D space. This reduces the matching process to a
each image. A disparity gradient limit criterion is used to line-by-line operation, where line attributes depend on their
guide the global correspondence search which propagatgmsitions and other constraints that must be satisfied. The
matches within a neighborhood to recover 3D segments lyvertical disparity can thus be neglected in further consid-
ing on a smooth surface patch. Their approach once agaiaration. Although such solutions have been proposed, they
favors matches which make the 3D scene maximally smootltontinue to be an issue today due to the complexity of find-
by maintaining the surface continuity constraint [35]. ing the corresponding points or objects in the two images.
Many of the area-based techniques make use of the coMarious techniques that have been used include dynamic pro-
relation measure to establish matches within a neighborhoodramming [4] and relaxation methods [6,27,34].
of points in the given images. The Moravec interest opera-
tor [39] was used by Moravec to determine area-based cor-
relation with a coarse-to-fine strategy to establish correspon5.1.2 Our algorithm
dence between points. The operator measures directional
variance of image intensity in four directions around eachWe employ a feature-based approach to depth recovery and
pixel and the corresponding image is searched at variougse detected line segments as features. The extracted line
resolutions, starting from the coarsest. The position yieldingsegments are grouped according to their most likely 3D ori-
a high correlation is enlarged to the next finer resolution.entation. The stereo matching problem is then greatly simpli-
fied. We consider only the lines oriented in the vertical and
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horizontal direction. The second horizontal direction goingthe absolute difference of the intensity values between the

into the image plane is ignored, as no definite starting andwo lines as

ending point is known and therefore it will give inaccurate , _ L— o4

3D information. Further, we are not interested in precise * ~ I =il (24)

depth information from horizontal lines, but need only a wherel; is the intensity valug,; andr; are the edge intensi-

guideline in making the transition in motion direction. Cor- ties of the left and right line, respectively. Weight is associ-

respondence is the most important stage in the process aited to the matched pair according to the absolute intensity

stereo computation. Given the two images, correspondencdifference value and the minimum valued pair is chosen as

must be established between detected features that are theprobable match. This is expressed as

projections of the same physical feature in the 3D scene. n m

The imaging geometry creates distinct stereo paradigms. Thg;. = ;4 mmz Z LW, (25)

search procedures are governed by the projection geometry 5

of the imaging system and are expressed in the terms of ) )

epipolar constraints. Various local properties of the featuregvhere M; is the weighted probable match afid; are the

must be matched in order to achieve a reasonable accurad’\}e'ghts associated .Wlth. the intensity values. Th|§ process is

and success in the local matching process. The global corfépeated for each line in the database and weights are as-

sistency of these local matches is then tested by further corsociated with each match. The final criterion for associating

straints. weights is based on the disparity gradient between two lines.
By restricting the matching process between detected linéf the probable matches, two lines near to each other are

segments, we obtain coarse features that are also easier $8/€cted, and one edge of each line is taken into account for

match. As the line segments are grouped according to thefgach iteration. The d_|spar|ty g(adlent value is then calculated

orientations, the correspondence problem is further simpli?ased on the following equations;, B;, A, and B, are

fied. The correspondence between lines in the two images i§1€¢ €dge points of the selected lines, where the coordinates

achieved by associating weights to probable matches, whicRf €ach point is given as

are calculated based on the disparity estimate, edge intensity, = (; ;. ay); Ay = (aar, ayy) (26)
value, length estimates, and the disparity gradient value. The
general paradigm for depth recovery is common to many im-B; = (b1, by); Br = (ber, byr) - (27)

plementations, but ours is designed to be fast and efficie
without loss of robustness.
Estimating the disparity value prior to the matching pro-

n‘}‘he average coordinates of the two edge points between the
two lines is given by

cess provides more efficient feature matching by limiting the A = (a,,; + a,,)/2, (ay + a,.)/2, (28)
search area to only a certain section of the image. In order
to achieve this, the baseline length of the lenses is calcuB = (bt +bzr)/2, (byr +by) /2. (29)

Iateq from the hardware_ setup and the 'ef?s cal|bra_1t|on_. Th‘:r‘\low a separation value is calculated according to
maximum search area in the stereo algorithm, which is the

maximum disparity that can be encountered, is calculated as(4, B) = VX2+Y2, (30)
dispma.r = Df/Zm1n7 (22) where

where D is the calculated baseling, is the focal length, 2 = (Gt * dor _ bat*baryp (31)
and Z,,.;,, is the closest possible depth that can be detected. 2 2

The search area is further restricted based on the epipolar fa,.. b, +b.

. . . . . . 2 _ Ayl T Ay yl YT \2

line constraint. As the orientation of each line is known, Y* = s T ) (32)

we can isolate the search to lines of similar orientation for

the purpose of stereo matching_ We use the method of iterThe disparity gradient is calculated as the ratio of the dispar-
ative search in our stereo algorithm. Based on the value ofty between the two edge points and the calculated separation
maximum disparity, the search is iterated until a match isvalue. This is given by

established. Knowing the endpoints, we can easily calculate X; - X,

the length of each line. It is very likely that lines in both the Gradaisy = S(A. B) <1. (33)

left and right images will have almost the same length. Thus, o o . ) )

the search is also weighted according to lengths recorded fofhe match with the minimum value is associated with the
each match. The intensity value around the edge point of th@reatest weight. _ o

lines is also used to associate weights to each correspond- The overall criterion for a match is set by examining the
ing match. An eight neighborhood of pixels around the edgesum of the weights associated with each probable match. The
point of the line is chosen and a summed intensity value ignatch with the highest weight is then chosen as the correct

calculated. This is done as match. The overall aim of the algorithm is to minimize the

0 n difference in the endpoints of the line in the left and right

P N 2 images gnd then reinforce the match by minimizing the gﬂf-
Intensity.; Zi:zj:a” ’ (23) ference in the length of each line segment, edge gradient,

and disparity gradient. Thus, the approach of prediction and
wherea;; is the edge pixel. This process is repeated for therecursive verification of the hypothesis is used [2]. We have
edges of lines in the other image. A value is associated witfound that this procedure results in 98% true matches. Based
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on the matches, we can then successfully calculate the depth < g;l (;9;. )
of each segment and construct a map. J = gy dy
The robot moves by taking the stereo image pair at each Oz Oz
step and estimates the 3D scene. While estimating the depth ( Dty 2o ~ Dby Y
of various features and the spatial locations, it is necessary to = MwT_D/?El HITD}MI' (39)
consider the uncertainty in the position of the robot and the (tor—pa))? (pay =ty )?

sensor data. We represent the uncertainty by a multivariat§ e covariance of point is then given as
normal distribution with a mean vectqt and covariance

matrix 5. The probability that a sensed poiatis atp is Z _ (axx axy> —J ( o2 0 ) g (40)

then given by oY OyY 0 o2
-1
10 = exp[—3( — )" (P~ pl (34)  The covariance matrix can be written as above with the off-
8 27T\/| > diagonal terms equal to zero, because we assume that the

) i locations of the edge points in the two images are indepen-
Given the motion of the robot, we can represent the localyent. Further. we also assume th:aﬁ =02 = 52 Now

coordinate system with the robot in the center. The framespe yncertainty of any point in space can be calculated and
between motion intervals can be related by simple transforypo precise spatial location in 3D is given by the mean and

mations from previous frames. Thus, all features in the 3Dy ariance of the triangulated point. Thus, the mean of the
map can be represented by equi-probable ellipses which arsoint pp is given as

the density contours of the multivariate normal distribution.

Now we can determine the stereo uncertainty in estimating _ [ p. \ _ ( F(uz,, pte,.)
- = = v (41)
the 3D structure of the environment. In our stereo algo-"P Ly Gtz s fa,.)
rithm, we determine the location of vertical edges in the ) o
scene. Their 3D location can be associated with the norma®nd the covariancd_ is given by
distribution which describes the position uncertainty of the D2
projected vertical point in 2D. As seen in Fig. 3, the focal Z = 402
length of the camerag, and the baseline distande be- » (b, — )
tween the cameras is known. The location of the edge point 2 2
: : Py, iy, — (e * pe,)
as projected on the image plangandx,. are measured and X z +M ;l o ) (42)
associated with a normal distribution with a mean and — Gt + 2, f

varianceo, . The location of the point in space is then given Each reconstructed edge in 3D space can now be represented

by by an ellipse. The size of the ellipses grow bigger in length
D (wr+a,) with respect to the distance from the robot. It is seen in our
o= ( F(xy, ) ) = P (35)  experiments that edges close to the cameras are determined
G(zy, zy) f= with higher accuracy and can be represented by smaller el-

L . . . lipses. As the distance increases the uncertainty grows very
As this is a nonlinear function of, andz,, p will not be 55t anq the lengths of the ellipses increase. A pair of stereo
normally distributed, but whea,,, is small, it is possible to fish-eye images are shown in Fig.8. The images are cor-
linearize the functions” and G about the mean af; and  yecteq for distortion and relevant segments are detected as
a, and thenp will be a Gaussian. The functionS andG  ghown in Fig. 9. Stereo correspondence is performed and
are linearized by taking the Taylor series expansion and theghe matched line segments from the left and right images

the pointsz andy can be given by are extracted as shown in Fig. 10. The 3D locations and the
OF (21, x,) uncertainty associated with the estimates of the matches seg-
= Fiay, pe,) + o, 21210y 20 =00, (T — Hay) ments is shown in Fig. 11.
OF (x;, z,
G i, @)+ (39)
T 5.1.3 Fish-eye stereo accuracy
D Mo, + Mo D/Jf:r: 2 Th | ith i
~ , T4 T — ) e algorithm was testec_i on several sets of images and the
2 fg, — foy Pz, — Hay uncertainty in the 3D positions of the matched segments cal-
Dpy, 2 culated. In order to determine the accuracy of the estimated
- B G2 T (37) depth for each line segment, we physically measured the
Har = Hax depths of over 100 detected line segments in several image
Similarly, it can be shown that pairs. The average of these measurements and the average
2 error are shown in Table 1.
y ~ f— bf _ Df (1 — fia)) Results obtained by the fish-eye lens stereo system were
Mz, — Mz e, — Hay also compared with those obtained by using wide-angle
Df 2 lenses to determine the advantage of using fish-eye lenses for
+M S (Tr — Ha,) - (38)  autonomous navigation. A similar stereo setup was used with
Ty X

a pair of wide-angle lenses. A pair of images was acquired
The Jacobian matrix can be now written as from the same positions as the fish-eye lenses. Once again,
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11

10
Fig. 8. Left and right image pair

Fig. 9. Segmented edge maps of the left and right image pair
Fig. 10. Matched vertical segments from the left and right edge maps

Table 1. Estimated distance distribution
Detected line classification

Average distance estimation(mm)

Segments:  # Estimated Measured Error

Vertical 107 7549.6 8217.3 8.1 %
Horizontal 36 5427.9 6012.7 9.7 %
Total 143 7015.5 75126 6.6 %

Table 2. Lens error distribution
Lens classification
Average distance estimated

Dist.:(m) Parameters  Fish-eye Wide-angle
Segments 68 47
Less than Estimated(mm) 1636.7 2539.7
4.3 Measured(mm) 1794.3 2859.5
Error 8.7 % 11.2 %
Segments 46 43
More than  Estimated(mm) 6516.96 6509.7
4.3 Measured(mm) 7490.16 7159.5
Error 129 % 9.1%

12a 12b

Fig. 11. Uncertainty in estimated depth
Fig. 12a,b.Spatial mapsa fish-eye and wide-angle lens

the significant lines were detected and the stereo correspon-
dence established. The reconstructed models are compared
in Fig. 12. For further details refer to [47].

The spatial information for the segments was calculated
and compared to information previously obtained using the
fish-eye lens stereo setup. Further, we compared the esti-
mates of segments in two regions. We considered lines which
were closer than 4.3m and then those further away. The
breakup in distance is based on the calculated maximum
distance that a lens would see based on our setup, and is
given by the equation
Z = f.D/dmin , (43)
where f is the focal length,D is the baseline distance, and
dmin 1S the minimum disparity observed in the image pair.
The results of the comparison are shown in Table 2. We
have found that lines closer to the lens can be estimated
with higher accuracy by using the fish-eye lens, while lines
further away are better estimated with the wide-angle lens.
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by reordering the segments based on the projections of the
3D segments. As the 3D orientation of segments is known
a priori, the ordering is unique and simple. They are simply

ordered according to increasing distances.

Establishing a successful match between an existing 3D
segment with the new segments, requires an elimination pro-
cess which disqualifies matches based on several measures.
The segments are represented by a pair of their 2D and 3D
representations and the distance between the 3D segment
and the camera plane is calculated. For a possible match,
the bounds for the distance are set between 0.5m and 100 m.
This information is useful for the following observations of
the same 3D segment, as it allows for a bound on the search
space within the new image. Therefore, for each segment ap-
pearing in the new image, the 2D lines must lie within finite
5.2 Depth recovery and scene representation bounds. This interval is calculaped once for each expec_ted

segment. All segment observations not in the appropriate
interval are rejected as matches. This ensures that segments

We consider the two endpoints of each matched line, am.‘iire not behind the camera and not too much in front. We

determine its 3D location. Each 3D point is represented by?S© consider the contrast of the corresponding 2D segment
T : : as a criterion for a possible match. Generally, the contrast
avector ¢, y, 2)° and a covariance matroou(z, y, 2). Rep- or mean intensity gradient magnitude along the segment re-
resenting a 3D line in the parametric form with parametersmalins the same )i/ngima e se ugences but cguld cha?\ e due to
(a, b, c), the 3D plane can then be represented by . . 9 q ' ; 9
drastic motion. To compensate for such motion, the average
ar+by+cz=d, (44) intensity and the contrast along each side of the segment is

. computed at a distance of one pixel from the edge. For a pos-
where the uncertainty is captured byv(a, b, ¢) andvar(d).  gjple match, both the measures should be within 5% at least

Thus, a plane is defined by each endpoint of a matched 23, one side of the segment. Furthermore, there should also
line. Two planes corresponding to the respective endpoinpg gignificant overlap between the observed and the existing
are represented according to (44). Then, the intersecting I'ngegments. The 3D endpoints of the segment are projected to
gives the_3D position of the line. If the two planes are répre-compute the 2D endpoints and are compared with the end-
sented with parametera( b1, 1), and @, b, c2), then the  yqints of the observed 2D segment. The ratio of the overlap
3D line parametersa(b, c) can be given by is computed and, if the value falls below8)the segment is

a a1 s rejected as a possible match. Onll)_/ one-to-one m_atches are

bl=|b | x| b (45) allowed and the matches are verified by the motion of the

’ robot as recorded from the odometer readings.

Fig. 13. The 3D depth map as estimated from a pair of stereo images

A projected line in the 2D image represents a plane in 3D.

& C1 C2

wherex is the cross-product. Figure 13 shows the 3D depth
estimated from a pair of stereo images. 5.3 Scene modeling

Having determined the 3D positions of detected line seg-
ments, it is necessary to update their locations once the robdtisual navigation in indoor structured environments results
has moved. The locations of various segments have shifteth the representation of many interesting objects and features
and their new locations need to be identified. Matching hadiy planar patches bounded by linear edges. It is seen that
to be performed between the new observations with the exan environment such as a corridor is mainly composed of
isting 3D representation of segments from an earlier imagelinear edges with particular orientations in 3D. The linear
With an existing 3D representation and an approximate esedges are boundaries of opaque planar patches, such as the
timate of the camera motion, it is possible to predict thefloor, ceiling, walls, etc. Repeated estimation and updates
location of a known edge in the new image. In the eventof the depth map via correspondence of the linear edges at
of a segment being observed for the first time, the 3D locaeach step allows the robot to make decisions regarding the
tion can be calculated by stereo correspondence and its 3Bavigable path. As the estimated depth has lower uncertainty
representation updated to the existing segments. The unceclose to the robot, it is possible to navigate in narrow en-
tainty for the new segment can be computed and the searchironments. The robot is allowed to make a translation of
space for the respective segment in new images can be ad-0m at each time step and it is decreased.fon®if a turn
justed appropriately. In the matching process, the estimatetias to be made. To evaluate the possibility of navigation, the
3D orientation of the 2D segments is used by restrictingrobot relies on cross-matches between detected segments. By
the matching between similar orientations. This facilitates aconsidering segments closest to the approximated vanishing
faster and safer matching process. The order constraint igoint, the depth to the segment is estimated. If this segment
also implemented in order to eliminate poor matches. Thiss more than ® m away, the robot will decide to make a pure
constraint states that the order of line segments does ndtanslation, along with correcting its heading. If the estimated
change from one image to the next. In cases with high anspace is below a certain threshold, the horizontal segments
gular motion, this constraint may not hold and is relaxedare considered and the depth furthest from the heading is es-
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timated. This provides for initial motion direction, which is vertical segment was observed must be removed. For each
later updated according to the next image pair. The processombination of a surface hypothesis, a vertical segment, and
is repeated and the robot can successfully navigate in indoaa robot position from which this segment was observed, the
environments [46,48,49]. Finally, the depth maps estimatedilgorithm checks whether the ray connecting the robot and
from the sequence of images are integrated to represent ththe segment intersects the surface. If it does, the surface is
model of the environment. By combining the 3D segmentstransparent, and it is therefore not a valid hypothesis. The
and assuming planar patches between them, a CAD modelomplexity of this search increases with the cube of the
representation of the hallway may be constructed. number of vertical segments and with the number of observa-
Knowing the 3D segment representations of the robot’stions of each segment. Although this may seem high, several
environment, the CAD model can be generated by considfactors contribute to making the total processing time very
ering isolated segments. As the model construction is baseshort. First, the threshold on surface length eliminates a lot
on the segments with an uncertainty measure, it is possiblef unlikely hypotheses for large buildings: asymptotically, it
that the resulting model is imperfect. The model will thus makes the complexity follow the square of the number of
suffer from these shortcomings. Therefore, while generatingsegments instead of the cube. Second, the average number
the model, certain guidelines are applied. of observations for each segment seen in our experiments is
1. Only well-observed, accurate 3D segments are consi well below 10. Finally, the CAD model needs to be built
ered. only once, after the robot has returned to base. The process-
ing time was found experimentally to be negligible for most

2. A planar surface is hypothesized between any two par- ; ; .
allel segments. of the scenes. At the end of this processing step, the vertical

3. The planar surface is not considered if any other segmen%egments can be connected by surfaces to any number of

can be seen through it, or if the surface is incompatibIeOth?l_rh\éecr):{['ﬁ:rl sgg(ran f((a)rr]ti?w.correct scene models is where a sur-
with already established ones.

face intersects with any other surface. The way to remove
Furthermore, only vertical segments are considered as  such surfaces is similar to the algorithm where surfaces in-
tersected by an observation ray were eliminated. In such an
event, the graph still contains some unnecessary surfaces.
To remove such artifacts, the algorithm visits each vertical
segment, starting from one of the camera positions. When
going from one segment to the next, the surface that cor-
responds to the rightmost turn is chosen. After each verti-
cal edge has been visited, the surfaces that were not used
‘are eliminated. This algorithm is very efficient. However, it
still does not eliminate every superfluous plane in the graph.
Although this algorithm would also eliminate intersecting
surfaces, this cannot be guaranteed unless we start from a
The consequences of this is that ceilings with differentfully connected graph. Another possible approach to further
heights, and uneven ground surfaces cannot be modeled. eliminate superfluous planes is to use hidden-line removal
While constructing a CAD model, the selected edge segalgorithms. This approach is less efficient but more robust
ments have to be relevant for representing a floor plan. Thé¢han the previously proposed algorithm. In the present im-
vertical segments selected have to be between an altitude gplementation, no superfluous surface removal is performed
0 and 2m. This altitude criterion can be changed accordindeyond the elimination of intersecting planes. The decision
to the minimum height in the environment. All segments is left to the CAD operator, who can more easily delete extra
should also have a minimum length to be considered signifisurfaces than add omitted ones.
cant. Each segment should also have a minimum number of An algorithm estimates a uniform ceiling height using
observations and should not have a large uncertainty valusegments horizontal in 3D. It returns either the minimum,
associated with its location as calculated from the covariancenaximum, or average height of horizontal segments lying
matrix. A graph of these vertical edges is constructed whichin a range of altitudes corresponding to most ceilings. The
links the segments which have a chance of being connecteldeight is used by the next algorithm to extrude the floor plan
by a planar surface in the 3D scene. The surface is definethto a 3D model. Of course, it is also possible to include the
as an opaque vertical rectangle, bounded by the floor, thborizontal segments as 3D lines in the final CAD model
ceiling, and the extension of the two vertical segments. Foand let a human operator connect them with 3D surfaces.
efficiency, this process is done in a 2D floor plan. In 2D, An important feature of this approach is the creation of a
the segments become points, and surfaces become line sedescription readable by most commercial CAD packages.
ments. A partially connected graph is chosen to representhe DXF file format was chosen for this reason. It is the
the links. The vertical segments are linked if the sum of thenative format of AutoCAD (of AutoDesk), and it is read by
unsigned differences in andy coordinates is less than 10m many other packages. DXF files are transferred to an Apple
apart. This measure was chosen because it favors surfacéfacintosh and visualized with Virtus WalkThrough. This
that are aligned with the axes of rectangular buildings. package lets users interactively explore a CAD model. Some
It is imperative that surfaces not be incorporated betweenlifficult architectural scenes cannot be modeled accurately
segments such that vertical segments located beyond the suy the robot. If an edge is never seen by the robot, it would
face are eliminated. Thus, surfaces through which anothebe difficult to represent that within a model generated from

— In a typical corridor scene, over 90 % of the recon-
structed edges are vertical.

— Vertical edges are less likely to be partly hidden

— There could be conflicting information if more than one
orientation was used.

— Floor plans can be constructed with just vertical edges.

— Most robot navigation schemes only use vertical edges

— The algorithmic complexity of dealing with surfaces in
full 3D is much greater, yet the benefits in practical sit-
uations are minimal.
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a b c

Fig. 15a—e.Five successive images from a typical sequence while navigating and turning at a corridor
end

rest of the observations. One could imagine heuristics tovision algorithms presented in this paper. The robot sub-
model unseen elements; however, that approach has sevesistems comprise (1) a TRC Labmate base and rigid metal
drawbacks: frame to support the equipment, (2) a fast, on-board HP-UX
735 UNIX workstation to digitize video images and control
e robot, (3) a camera and digitizer, (4) an 1/O system, (5)
) . ower supplies which enable completely autonomous op-
would be better for him to see an obvious error than toeration, and (6) an off-board computing option, remaining

see Incorrect guesses. L . from an earlier version of RoboTex. They are further detailed
— It is unclear how to deal with imperfectly aligned seg- in [32]

ments that are actually part of a wall.
— In many cases, no type of heuristic guessing can give
the right answer.

— A human operator correcting the CAD model would not
easily know how planar surfaces have been generated.

6.2 Results

6 Experimental results Numerous runs were made to qualitatively estimate the accu-
racy of the navigation algorithnRoboTexvas able to navi-

6.1 Platform gate through narrow passages and make rotations at corridor

ends. Figure 14 shows three frames from a typical real cor-
The system has been implemented RoboTex the TRC-  ridor scene which is approximately 72 inches in width, and
Labmate-based mobile robot [3ZRoboTexis a 15m tall,  has been narrowed to 35 inches. These images are as seen by
tetherless mobile robot, weighing about 150 kg. It is usedthe robot during navigation. Figure 15 shows five frames as
as an experimentation platform to demonstrate and test theeen by the robot as it navigates around the corridor end and



172

robot successfully navigates through passages with clearance
of 4 inches on either side. The robot also makes rotations of
90 degrees at corridor ends. The algorithm for generating a
CAD model of the navigated environment is also introduced
and the result is presented for a corridor environment.

AcknowledgementsThis research was supported in part by the Texas Ad-
vanced Technology Program Grant ATP-442 and in part by the Army Re-
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Fig. 16. CAD model of hallway by visual navigation using stereo fish-eye 5
lenses

makes a rotation of 90 degrees. These images show quali—4'
tatively the effectiveness of the algorithm. The accuracy of
the calculated 3D estimates can be found in [47]. 5.

The reconstructed model of the 3D scene is shown is
Fig. 16.

An indication of the real-time performance of this system
can be obtained by computing the time taken from acquiring 7,
the images to computing the motion. The following steps
occur during this time: 8.

. Acquire images from stereo fish-eye lenses. 9
Undistort the images.
Segment and extract features.

Calculate robot pose.
Make motion decision.

ok, wNE

On a PA-RISC-based HP-735 workstation running at 99MHz %

the time taken to perform the above is approximately 12s. ;5

7 Conclusion 14.

In this paper we have presented a system for autonomous
mobile robot navigation based on a stereo pair of fish-ey
lenses that is capable of navigating through narrow corri-;g
dors, making rotations at corridor ends and reconstructing
3D scene models of the navigated environment. The system
has been implemented for navigation in a man-made envil7.
ronment where no a priori map is available. Using fish-eye
lenses, we are able to estimate 3D information at close rang
to the robot and to sense the environment in more detail than
is possible by using conventional lenses. The inherent dis-
tortion seen in fish-eye lens images is corrected and lineo.
segments relevant in an indoor scene are extracted. The cor-
respondence procedure is simplified by using a specialized
feature extractor and grouping lines according to their mos
likely 3D orientation. The robot pose is estimated using the
3D information and the robot's odometry is corrected by a1,
vision-based algorithm. The system is implemented and the

Compute stereo correspondence and 3D estimate. 10.
11.

search Office under contract DAAH-04-94-G-0417.
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