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Multi-Range Approach of Stereo Vision for Mobile Robot
Navigation in Uncertain Environments
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The detection of free spaces between obstacles in a scene is a prerequisite for navigation of
a mobile robot. Especially for stereo vision-based navigation, the problem of correspondence
between two images is well known to be of crucial importance. This paper describes multi-range
approach of area-based stereo matching for grid mapping and visual navigation in uncertain
environment. Camera calibration parameters are optimized by evolutionary algorithm for suc-
cessful stereo matching. To obtain reliable disparity information from both images, stereo
images are to be decomposed into three pairs of images with different resolution based on
measurement of disparities. The advantage of multi-range approach is that we can get more
reliable disparity in each defined range because disparities from high resolution image are used
for farther object a while disparities from low resolution images are used for close objects. The
reliable disparity map is combined through post-processing for rejecting incorrect disparity
information from each disparity map. The real distance from a disparity image is converted into
an occupancy grid representation of a mobile robot. We have investigated the possibility of
multi-range approach for the detection of obstacles and visual mapping through various
experiments.

Key Words : Stereo Matching, Camera Calibration, Occupancy Grid Map, Mobile Robot

1. Introduction

Detection of obstacles and free spaces in scene
is an essential function of vision-based mobile
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robot. Even if a map of the environment is given,
this function is indispensable for coping with
unknown obstacles in the map. Many researchers
have been working on geometric modeling of the
environment from sensory data. Most of them use
a laser range finder or an ultrasonic sensor when
object identification is not needed or only navi-
gation is considered. Visual information is often
used for feature tracking (Hager, 1994) or land-
mark sensing (Betke et al., 1997). Especially,
stereo vision approaches are highly desirable for
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object recognition and also are important in
many situations where active ranging methods
are not feasible.

The two key problems of stereo vision system
for a mobile robot have to be considered. One is
how to correct camera calibration for removing
lens distortion. Camera calibration is important
for an accurate representative of the real world.
This distortion caused by lenses displaces points
in the image plane inwards or towards from its
optical center (Tsai. 1987 : Heikkila et al.. 1997).
The distortion effect of camera with high quality
is negligible but its effect for low cost lens with
wide field of view is and significant has to be
taken into account. This distortion significantly
can change positions of points in the image of a
scene acquired by a camera. It affects both of the
correct determination of point correspondences
and the computation of disparities between po-
ints. Furthermore, this error increases when range
values are extracted from disparities of stereo
image. The other is how to find the correspond-
ence points in the left and right image fast and
efficiently. A large number of methods have been
developed to solve the stereo matching problem.
The existing techniques for stereo matching are
grouped into two categories according to the
matching primitives :

* Feature-based approach
* Area-based approach

The feature-based approaches (Pilu, 1997) ex-
tract image features such as edges, lines and cor-
ners for matching them across stereo images.
These methods can produce fast and robust mat-
ching but depend on feature extraction to locate
reliable features in the two images and yield only
sparse depth maps. The area-based approaches
{Kanade et al., 1994 ; Jennings et al., 1999) com-
pare small area patches among both images using
correlation and produce dense depth maps. The
special issue in vision-based navigation is the
design of relatively stable and fast matching algo-
rithm for the stereo reconstruction. The choice of
stereo approaches always depends on the objec-
tive of the application. For a successful recon-
struction of complex surfaces. it is essential to
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compute dense disparity maps for every pixel in
the entire image. Since most stereo systems pro-
vide sparse range data, it is necessary to determine
object regions. Unfortunately, most of the exis-
ting dense stereo techniques are very difficult in
practical applications. This paper describes multi-
range approach for area-based stereo matching
and grid mapping of a mobile robot in uncertain
environments. Camera calibration parameters are
optimized by evolutionary algorithm for success-
ful stereo matching. To obtain reliable disparity
information from both images, stereo images are
to be decomposed into three pairs of images with
different horizontal resolution based on measure-
ment of disparities. The reliable disparity map is
composed of a combination of correct disparity
information from each image. The real distance
from a disparity image is converted into an occu-
pancy grid representation for vision-based navi-
gation of a mobile robot. Experimental results
show that these approaches are a possible solu-
tion for vision—-based navigation. In the next sec-
tion, we introduce the camera calibration using
evolutionary algorithm for depth reconstruction.
Section 3 describes the basic idea of the proposed
stereo matching method. In section 4. we show the
examples of experimental results and finally con-
clude the paper.

2. Camera Calibration

2.1 Camera calibration

The main task of camera calibration in vision
is to obtain an optimal set of the intrinsic and
extrinsic camera parameters using known control
points in the image and their corresponding 3D
points in the world coordinate system. By using
the pinhole model. the projection of the point
‘P,=[°X:°Y: °Z]7 to the image plane as shown
in Fig. | is expressed as

Hasatd

The corresponding image coordinates [«; v/]” in

pixels are obtained from the projection [x; v.]’
by applying the following transformation
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where ax and @, are the number of image points
in horizontal and vertical dimensions, respective-
ly. The intrinsic camera parameters usually in-
clude the effective focal length f and the prin-
cipal point (u,. vo). Usually, the pinhole model
is extended with some corrections for the sys-
tematically distorted image coordinates. The most
commonly used correction is for the radial lens
distortion. Therefore, camera calibration model
can be written in the following form

[ul}:[ax(xi—I—xi(/elrzkagr"))}_}_[zzo} (3)
0 av vit+yi kit +har®)) Uo i

where ki, A&» are coefficients for radial distortion

and r=vx?i+v’:.

2.2 Solving for camera parameter using

genetic algorithm (GA)

The camera parameters can be usually solved
using nonlinear estimation technique due to the
distortion model. If a good inttial guess of the
conventional optimization algorithm is not cho-
sen before starting nonlinear search, the solution
can diverge or get trapped in a local minimum.
We use genetic algorithms as alternative to con-
ventional optimization for camera parameter esti-
mation. GA is well known that it has a good
performance in solving optimization problems
since it employs parallel search (Se et al., 2001).
In this paper, distortion factors are added to GA
method proposed by Qiang Jui (2001) for camera
calibration.

2.2.1 Representation
The system being evolved is encoded into a

long bit string called a chromosome. Each feature
of the system located at a specific position in the
string is culled a gene. Initially a large random set
of strings, population. is generated. If C be a
vector consisting of the unknown intrinsic and

extrinsic parameters, C is expressed as
C=/. tto. vo. ki ooy . 3. v. X. Y. 71" (1)

Each camera parameter € as the chromosome
vector is initialized to a value within its respective
lower und upper bounds.

Ci=(Ci Co . Co) 1</<N (5)

where N and »n denote the population size and
the number of parameters. respectively, und fis a

number ol generation.

2.2.2 Evaluation

The optimal solution C with control points can
be obtained by minimizing the distance in the
imuge plane between the points and the projected
reference points (/. V).

LI . o ; . L9 .
F()b_;ec(:zl“l]i711; (C. P+ 1 Vi—p(C PiIE (6)

2.2.3 Crossover and mutation

The genetic process is based on two genetic
operator. crossover and mutation. to produce a
new population from the selected population.
The crossover operator is a method for exchange
a partial set of attributes between design pairs
selected probabilistically {rom the population,
based on a crossover probability p.. Let C! and
Ciq be two individuals [rom population N at
generation f. New individuals in generation 7 +1
can be expressed as a linear combination of two
arbitrarily selected individuals from the previous
gencration f.

CEHZ(I—I)C)CS'FPC fH (7]
Cf:ll:(l_/)c)Cf+l+ﬁch (8)

A mutation operator arbitrarily alters onc or
more components of a selected structure so as to
increase exploration of other areas in the design
search space by the mutation probability. Here is

used reciprocal mutation as mutation operator.
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Table 1 Bounds of camera parameters

i =

Parameter Limits (unit}
f [6.9] (mm!}
Uo, o [220. 360] (pixel)
ki ke [—0.001. 0.001]
a. By [—nm/4. m/4] (radian)
X. Y [900. 500] (mm)
Z \ [ —2000. —1000] (mm)

Table 2 Parameters of genetic algorithm

GA parameter Value
Population size N=100
Probability of crossover pc=0.8
Probability of Mutation pmn=0.1
Elitist method Yes
Coding method Reul coding
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2.3 Experimental results

We applied GA-based method to real images
tor camera calibration. Table 1 shows a reason-
able lower and upper bounds of both camera
parameters in experiments. GA parameters for
experiments are shown in Table 2.

Figure 2 shows the comparison between real
dot points (+) and corrected points (o). where
the corrected data is generated using distortion
coefficients &y and k» of calibration results. We
can notice the severe distortion toward the ends
of the raw image. The eftects of distortion are seen
as bowing of what to be straight lines and the raw
image is corrected by camera calibration. The
correction of lens distortion makes parallel lines
of dots in test image. Figure 3 shows differences
between the original and corrected points in hor-
1zontal and vertical directions. We can observe
that the maximum difference is more than 5 pixels
at the corners of images while there is no dis-
tortion in the center of images.

3. Multi-Range Approach for Stereo
Matching

3.1 Area of interest

We define area of interest {AOD) in both ima-
ges since we care about unknown obstacles on
ground plane of corridor or hallway. it is reason-
able to limit the processing region because the
upper and bottom uareas are too far or close to
recognize and are less important than those in the
area of interest. The purpose for definition of
area of interest is to reduce processing time and to
concentrate on the region of corridor and un-
known objects into corridor.

3.2 Multi-range approach for estimation of
disparity

Our idea behind the multi-range upproach was
inspired by the multi resolution method with a
uniform search model of Luca Locchi (1998).
However, our approach separates regions with
different range a based on the measurements of
disparities. We plotted the range or depth as a
function of disparity tor our camera by known
stereo geometry, as shown in Fig. 4. The mini-
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mum range in this plot is 500 mm with disparity
of 48 pixels, whereas the maximum range is about
15 meters. However most of the meaningful range
in disparity occurs at 5 meters approximately. If
we set the allowable limits of range resolution
100 mm. We can trust large disparity data because
the resolution at closer ranges is much better than
at further ranges. However with large search re-
gion of disparities. it takes longer to detect close
objects with reliable resolution.

Therefore, we decomposed the range into three
regions according to the measured disparity va-
lues in each Range defined, as shown in Fig. 4.
For each range, we have three pairs of images
with different horizontal resolution as follows.

« Range | : Low resolution image for detection
of close object ("< d,<df"®). In this range.
large disparity has high confidence because close

1415

objects are needed in large search block. Small dis-
parity can mismatch or cause errors.

* Range 11 : Medium resolution image (di™ <
du < dif™)

¢ Range I11: High resolution image for detec-
tion of objects (df'""<duy<diF*) further away.
Contrary to Range I, small disparity has higher
confidence than large disparity because of small
search size and high resolution.

The advantage of multi-image scheme is that
we can find more reliable disparity in cach region
because disparities from high resolution images
are used for objects further away. while dispari-
ties from low resolution images are used for close
objects. Another advantage is that the range for
close objects can be obtained without increasing
computational time by horizontal search size of
disparity. The same stereo algorithm is applied
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Fig. 5 Proposed stereo matching method

independently to images at different resolutions,
and then combines the disparities by applying
the rejection procedure for remove incorrect dis-
parity. Figure 5 shows proposed multi-range ste-
reo matching approach.

3.3 Area correlation matching

Area correlation-matching has been investi-
gated extensively for many applications (Heikkila
et al., 1997 : Faugeras et al., 1993). Our work is
based on block matching algorithm proposed by
Andrea Fusiello (2000). As the matching mea-
sum-of-squared differences

sures, Normalized

(SSD} for grayscale images is defined as

SSDix. w. di
U o
D X oxtioyti—Lea+itd v+ )
Y o " ear o o - o _(9)
T % . Lk . Y
C 2 Dl yHiE Y Y atitd vt
f=—wij=—1 =-wi=—

where [ {2, ¢} and Iz(u. v) denote left image
and right image respectively and d is disparity
for search (min d £d <max d). Area correlation
compares small patches, window size (W X W)
among images using correlation. The measure of
correlation is applied to all rows of interest area
in left image. The disparity estimation for pixel is
the one that minimize the SSD error.

d(x. v)=uarg rgin SSDx. v. d) (10)
3.4 Combination of multi-disparity map

The stereo matching data usually contain errors

duc to noisec and un-textured area. To reduce
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these errors, median filter is applied before com-
bining of the disparity results. Post-processing is
used to reject incorrect disparity information from
each disparity map before the maps are combined.
Reliable disparity could be obtained through
three steps following,

Step 1. Find the disparity range in the detined
Range (&) (k=1, 2, 3) in the multi-resolution
images. If dy is a disparity set of Range k. con-
fident disparity is recomposed as follows :

dk X _\r‘)

={d |d.x. vIE[Range(k) ™. Range(k)*]} ()

where Range (k)™ and Range (k)" means the up-
per and lower bounds of each range, respectively,
that are determined trom the relationship between
disparity and range.

Step 2. Build the same horizontal size through
up-sampling procedure because low and medium
image are smaller than the original image.

Step 3. Combine the confident disparity d, of
cach range. This combination means that incor-
rect disparity is rejected or replaced with reliable
data obtained from Step 1.

dix. y)=dx. v)®dslx. v)®ds(x. v) (12)

where ® means union of sets d,. db and d.

3.5 Rejection of disparity

Estimated disparity data usually contain poor
quality data such as wrong matching or ghost
points from uniform areas such as ground plane.
Therefore, to suppress uncertain range data of
ground plane with no texture in the image, these
statistical variations of uniform ground plane can
be modeled as Gaussian distribution with small
standard deviation of gray patches in ground
plane. In typical static image. we have measured
means fparen and standard deviation Opaecn in the
gray image with ground areas.
dlx. v) :{ R 0 . if (#Pat.ch, Opaten) < T(l3)

- d{x, y) otherwise

where 7 is experimental threshold value for sup-
pression of ground plane area.

The geometry of the stereo setting computes the
3D coordinates of feature points matched in the
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images by following expression. vision systems. A stereo vision head with two
b CCD cameras provides a resolution of 320Xx
Z*:fdiff (14) 240 pixels. The robot is also equipped with two
RF communication modules that allow wireless
X=(x+2)/f (15)
Y=0:2)/f (16)
e 1y “
where f is a focal length and & is a base line 2 500 Vides 3 —
distance between two cameras. , .::'.' BN P
. .
4. Experiments '{" A Sy e
The visual mapping system described in this = g2 eicse \',_:\ - ......‘
paper has been implemented on a mobile robot ' } e Rarr TR
that we developed as shown in Fig. 6. It has =
AT Wadtate E Wiy
RC caterpillar with two DC-motors driven by a e SR
PWM and a controller based on a micro-con- - {
troller 80C196K. The total system is composed
of a mobile robot, stereo cameras and PC-based Fig. 6 Configuration of system hardware

a! Left image

Combination of :!np.ml\ map d' Dense map after ground suppression

Fig. 7 Disparity map
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communication to a host computer with frame
grabber to send image data and receive con-
trol data.

Figure 7 shows test scene with three objects
located in corridor. Fig. 7(¢) and (d) show dis-
parity results by proposed method and dense map
after ground suppression. Figure 8(a) shows the
details of multi-resolution image and the results
of disparity map after implementation of the re-
jection procedure of dense disparity data of a low
resolution image (Range 1). The stereo results
can be interpreted directly as range information.
The top view of the depth-by-column projection
of the modified disparity in Range I is shown in
Fig. 8(b). We note that an unknown object that
is the closest exists in the confident region of
range 1 (500 mm~ 1000 mm). and depth resolu-
tion is more robust than other Range areas.

Figures 9 and 10 show modified disparity maps

(a) Results of disparity map

and the top view of depth after the implementa-
tion of the rejection procedure in medium and
high resolution (Range II and I11), respectively.
The range results are very sensitive to disparity
value. The sparse outline errors of second and
third objects are due to mismatching data in the
uniform area. However, depth error can be de-
creased or improved by forward movement of a
robot. From the experimental results. we found
that the robot could distinguish between the
ground plane and objects at a distance of up to
about 4 m at the same time. The range accuracy
of objects is sensitive to errors in camera cali-
brations like lens distortion and camera rectifi-
cation.

5.2 Experiments for grid mapping of corri-

dor profile
We have investigated the possibility of stereo

(b) Top view of depth

Fig. 8 Disparity map of Range |

{a) Results of disparity map

(b) Top view of depth

Fig. 9 Disparity map ot Range 11
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matching method for the visual mapping through
various experiments. Occupancy map generation
was tested at the corridor of our office building
where there is no obstacle. The office building is
mainly composed of straight lines and corners.
The objective of these experiments was to see
how well our vision system could represent the
profile of the corridor, a type of uncertain envir-
onment. Cameras were calibrated and rectitfied to
achieve successful stereo matching. Utilizing the
stereo dense disparity, the robot built 4 map of
the indoor environment as shown in Fig. Il
The corridor model of a 12 m X6 m region was

(a) Results of disparity map

internally represented as grid map for navigation.
The proposed stereo algorithm and ground sup-
pression were applied in corridor images obtained
following the robot path. The profiles of corridor
were generated using three images in the scenes :
front image, left and right images.

The front image includes only the information
of obstacles in front of a mobile robot. The mat-
ching results give very narrow areas according to
search disparity. For more wide view of field,
both side view in direction of 43° are used to
generate the map of a corridor. Figures 12 and 13
show the generation of distance map from both

(b} Top view of depth

Fig. 10 Disparity map of Range LI

Fig. 11

Test corridor for sterco vision mapping
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Left wall image and disparity b) Full disparity

-
w-n

d) Distance map

Fig. 12 Test corndor tor sterco vision mapping {(Left side view)

P s

Tex i) D

Fig. 13 Test cornidor tor stereo vision mapping [Right side view!
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--- Mobile Robot Path
= Profile of Corridor

| - |

Fig. 14 Map generation using sterco-vision

side images, respectively. Figure 14 demonstrates
the generated reliable results during a naviga-
tion experiment in corridor of office building.
The occupied areas are indicated by dark gray
dots and sold lines show top view of a real cor-
ridor. Some hallway areas have a slight bending
cffect of profile in straight hallway, which results
from cumulative dritt in the angle data of stereo
head used to compute the robot’s pose. Howerer,
we notice that the profile of a hallway is clearly
resolved in these maps. The sparse errors from
ground of hallway can be observed from the map
results. These errors are due to mismatching data
that happen to over-illuminated ground plane or
fluctuation of light source.

5. Conclusions

The detection of free spaces between obstacles
In a scene is a prerequisite for navigation of a
mobile robot and the problem of correspondence
across two tmages is well known to be of crucial
importance for vision-based mapping. This paper
describes multi-range approach for area-based
stereo matching and grid mapping for a mobile
robot in an uncertain environment. Camera cali-
bration parameters are optimized by evolutionary
algorithm for successtul stereo matching. To ob-
tain reliable disparity information from both ima-
ges, stereo images are to be decomposed into three
pairs of images with different resolution based

on measurement of disparities. Stereo matching
algorithm is applied and reliable disparity map
is combined through post-processing for rejec-
ting incorrect disparity information from each
disparity map. The real distance from a disparity
image is converted into an occupancy grid repre-
sentation for vision-based navigation of a mo-
bile robot. We have investigated the possibility
of multi-range method for the visual mapping
through experiments. Experiments show robust
matching results between views, and results the
present also show that the map built by combina-
tion of multi-disparity for occupancy is a possible
solution for the mapping problem for a mobile
robot.
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