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Chapter 8: 3-D Vision Techniques for Autonomous
Vehicles

Martial Hebert, InSo Kweon, and Takeo Kanade

8.1 Introduction

There are many sensing strategies for perception for mobile robots, including
single camera systems, sonars, passive stereo, and laser range finders. Here, we
focus on perception algorithms for range sensors that provide 3-D data directly
by active sensing. Using such sensors has the advantage of eliminating the
calibration problems and computational costs inherent in passive techniques such
as stereo. This Chapter describes some of the techniques we have developed
in this area of research. The aim of our work is to produce models of the
environment, which we call the terrain, for path planning and object recognition.
1

We first describe the range sensor that we used in this work in Section 8.2.
Even though we tested our algorithm on one specific range sensor, we believe
that the sensor characteristics of Section 8.2 are fairly typical of a wide range of
sensors [4]. The algorithms for building a terrain representation from a single
sensor frame are discussed in Section 8.3 in which we introduce the concept
of dividing the terrain representation algorithms into three levels depending on
the sophistication of the path planner that would use the representation, and on
the anticipated difficulty of the terrain. Since a mobile robot is by definition
a dynamic system, it must process not one, but many observations along the
course of its trajectory. The 3-D vision algorithms must therefore be able to
reason about representations that are built from sensory data taken from different
locations. We investigate this type of algorithm in Section 8.4 in which we
propose algorithms for matching and merging multiple terrain representations.
Finally, the 3-D vision algorithms that we propose are not meant to be used in
isolation, but have to be eventually integrated in a system that includes other
sensors. A typical example is the case of road following in which color cameras
can track the road, while a range sensor can detect unexpected obstacles. Another
example is a mission in which a scene must be interpreted in order to identify
specific objects, in which case all the available sensors must contribute to the
final scene analysis. We propose some algorithms for fusing 3-D representations
with representations obtained from a color camera in Section 8.5. We also

! An earlier version of this paper appeared as part of CMU Robotics Institute report CMU-RI-
TR-89-5. Reprinted by permission.
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describe the application of this sensor fusion to a simple natural scene analysis
program. Perception techniques for mobile robots have to be eventually validated
by using real robots in real environments. We have implemented the 3-D vision
techniques presented in this report on both the Terregator and the Navlab. The
results presented in Sections 8.3.3 and 8.3.4 come from the 3-D vision module
that we integrated in the Navlab system [40]. In addition, some of the techniqi]es
were used for the Ambler [2], a hexapod designed for planetary exploration. This
vehicle is designed for navigation on very rugged terrain including high slopes,
rocks, and wide gullies.

8.2 Active range and reflectance sensing

The basic principle of active sensing techniques is to observe the reflection
of a reference signal (sonar, laser, radar, etc.) produced by an object in the
environment in order to compute the distance between the sensor and that object.
In addition to the distance, the sensor may report the intensity of the reflected
signal which is related to physical surface properties of the object. In accordance
with tradition, we will refer to this type of intensity data as "reflectance” data
even though the quantity measured is not the actual reflectance coefficient of the
surface.

Active sensors are attractive to mobile robot researchers for two main rea-
sons: first, they provide range data without the computation overhead associated
with conventional passive techniques such as stereo vision, which is important
in time critical applications such as obstacle detection. Second, it is largely in-
sensitive to outside illumination conditions, considerably simplifying the image
analysis problem. This is especially important for images of outdoor scenes in
which illumination cannot be controlled or predicted. For example, the active re-
flectance images of outside scenes do not contain any shadows from the sun. In
addition, active range finding technology has developed to the extent that makes
it realistic to consider it as part of practical mobile robot implementations in the
short term [4].

The range sensor we used is a time-of-flight laser range finder developed
by the Environmental Research Institute of Michigan (ERIM). The basic prin-
ciple of the sensor is to measure the difference of phase between a laser beam
and its reflection from the scene [44]. A two-mirror scanning system allows
the beam to be directed anywhere within a 30° x 80° field of view. The data
produced by the ERIM sensor is a 64 x 256 range image. Range is coded in
eight bits from zero to 64 feet, which corresponds to a range resolution of three
inches. All measurements are relative since the sensor measures differences of
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phase. That is, a range value is known modulo 64 feet. We have adjusted the
sensor so that the range value 0 corresponds to the mirrors. In addition to range
images, the sensor also produces active reflectance images of the same format
(64 x 256 x 8 bits). The reflectance at each pixel encodes the energy of the
reflected laser beam at each point. Figure 8.2 shows a pair of range and re-
flectance images of an outdoor scene. The next two Sections describe the range
and reflectance data in more details.

8.2.1 From range pixels to points in space

The position of a point in a given coordinate system can be derived from the
measured range and the direction of the beam at that point. We usually use the
Cartesian coordinate system shown in Figure 8.1, in which case the coordinates
of a point measured by the range sensor are given by the equations:

x = Dsing 8.1)
y = Dcos¢cosf
z = Dsingcosé

where ¢ and 6 are the vertical and horizontal scanning angles of the beam
direction. Note that the reference coordinate system is not the same as in [19]
for consistency reasons. The two angles are derived from the row and column
position in the range image, (r, ¢), by the equations:

0
¢

fo+c x Af 8.2)
do+7 X Ad

where 6 (respectively ¢o) is the starting horizontal (respectively vertical) scan-
ning angle, and A@ (respectively A¢) is the angular step between two consec-
utive columns (respectively rows). Figure 8.3 shows an overhead view of the
scene of Figure 8.2, in which the coordinates of the points are computed using
Eq. (8.3).

8.2.2 Reflectance images

A reflectance image from the ERIM sensor is an image of the energy reflected
by a laser beam. Unlike conventional intensity images, this data provides us
with information which is to a large extent independent of the environmental
illumination. In particular, the reflectance images contain no shadows from
outside illumination. The measured energy does depend, however, on the shape
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therefore important to show that T, is close to the minimum. Figure 8.29 plots
ber of iterations. These curves show

the value of the v;’s with respect to the num
that E converges in a smooth fashion. The coefficient k that controls the rate
of convergence is very conservative in this case in order to avoid oscillations

about the minimum,

/visn/kwcon/crim/iconic/llmAscq'lS-26-27-28Agif(\'ic\v] )

Figure 8.28: Combining four maps by the iconic matching algorithm

8.5 Combining range and intensity data

In the previous Section we have concentrated on the use of 3-D vision as it relates

solely to the navigation capabilities of mobile robots. Geometric accuracy was
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the deciding factor in the choice of representations and algorithms while we gave
very little attention to the extraction of semantic information. A mobile robot
needs more than just navigation capabilities, however, since it also must be able
to extract semantic descriptions from its sensors. For example, we will describe
a landmark recognition algorithm in Section 5. In that case, the system is able
not only to build a geometric representation of an object but also to relate it to
a stored model.

Extracting semantic information for landmark recognition or scene anal-
ysis may require much more than just geometric data from a range sensor. For
example, interpreting surface markings is the only way to unambiguously rec-
ognize traffic signs. Conversely, the recognition of a complex man-made object
of uniform color is easiest when using geometric information. In this Section
we address the problem of combining 3-D data with data from other sensors.
The most interesting problem is the combination of 3-D data with color images
since these are the two most common sensors for outdoor robots. Since the
sensors have different fields of view and positions, we first present an algorithm
for transforming the images into a common frame. As an example of the use of
combined range/color images, we describe a simple scene analysis program in
Section 8.5.3.

8.5.1 The geometry of video cameras

The video camera is a standard color vidicon camera equipped with wide-angle
lenses. The color images are 480 rows by 512 columns, and each band is coded
on eight bits. The wide-angle lens induces a significant geometric distortion in
that the relation between a point in space and its projection on the image plane
does not obey the laws of the standard perspective transformation. We alleviate
this problem by first transforming the actual image into an "ideal” image: if
(R, C) is the position in the real image, then the position (7, ¢) in the ideal image
is given by:

r=fR,0),c=£R,0) (8.26)

where f, and f; are third order polynomials. This correction is cheap since the
right-hand side of (8.26) can be put in lookup tables. The actual computation
of the polynomial is described in [30] The geometry of the ideal image obeys
the laws of the perspective projection in that if P = [x, y, z]* is a point in space,
and (r, ¢) is its projection in the ideal image plane, then:

r=fxfz,c=fy/z 8.27)
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where f is the focal length. In the rest of the paper, row and column positions
will always refer to the positions in the ideal image, so that perspective geometry
is always assumed.

Real image

Y Ideal image

Figure 8.30: Geometry of the video camera

8.5.2 The registration problem

Range sensors and video cameras have different fields of view, orientations, and
positions. In order to be able to merge data from both sensors, we first have to
estimate their relative positions, known as the calibration or registration problem
(Figure 8.31). We approach the problem as a minimization problem in which
pairs of pixels are selected in the range and video images. The pairs are selected
so that each pair is the image of a single point in space as viewed from the two
sensors. The problem is then to find the best calibration parameters given these
pairs of points and is further divided into two steps: we first use a simple linear
least-squares approach to find a rough initial estimate of the parameters, and
then apply a non-linear minimization algorithm to compute an optimal estimate
of the parameters.

The calibration problem as a minimization problem.

Let P; be a point in space, with coordinates P{ with respect to the range
sensor, and coordinates P{ with respect to the video camera. The relationship
between the two coordinates is:

PE=RP:—T (8.28)

where R is a rotation matrix, and T is a translation vector. R is a non-linear
function of the orientation angles of the camera: pan (), tilt (3), and rotation
(7). Pf can be computed from a pixel location in the range image. P¢ is not
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Camera Control point P \\\

Range sensor

(9,6)

Figure 8.31: Geometry of the calibration problem

completely known, but is related to the pixel position in the video image by the
perspective transformation: i i

- (8.29)

1

e =1 (8.30)

where f is the focal length. Substituting (8.28) into (8.29) and (8.30) we '
get:
RPiri — Tori — fRPf +T, =0 (8:31)
R.Pici — Toci — fRyPE +T, =0 (8.32)

where R,, R, and R, are the row vectors of the rotation matrix R, and T; =fT,,
T; =fTx.

We are now ready to reduce the calibration problem to a least-squares
minimization problem. Given n points P;, we want to find the transformation
(R, T) that minimizes the left-hand sides of equations (8.31) and (8.32). We first
estimate T by a linear least-squares algorithm, and then compute the optimal
estimate of all the parameters.

Initial estimation of camera position.

Assuming that we have an estimate of the orientation R, we want to
estimate the corresponding 7. The initial value of R can be obtained by physical
measurements using inclinometers. Under these conditions, the criterion to be
minimized is:

C =Y [(Ai = T.Bi — fCi + T})* + (Di — T:Ei — fFi + T3] (8.33)

i=1
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@
AN where A; = R,P¢r;, Bi = ri, C; = RyP%, D; = R,Pici, Ei = ci, and F; = R,P*

are known and T,, T7, T; f are the unknowns.
Equation (8.33) can be put in matrix form:

C=||U-AV|]? - ||W - BV|? (8.34)
snsor where V = [T}, T}, Ts, f1, U = [A1, ., Aal', W = [Dy, .., Dal',
B; 10 “21NE; E; -1 0 F;
3) A= b 1 ,and B = . . . The minimum for
B, 0 -1 C, E, —1 0 F.

the criterion of Equation (8.34) is attained at the parameter vector:
V= (A'A+B'B)"1(A'U + B'W) (8.35)

Optimal estimation of the calibration parameters.
ige by the Once we have computed the initial estimate of V, we have to compute
a more accurate estimate of (R,T). Since R is a function of («, 5, 7), we can

transform the criterion from equation (8.33) into the form:

(8.29) n
(8.30) €=\l - HiS)|I? (8.36)
i=1
8.30) we . . : s ; :
where I; is the 2-vector representing the pixel position in the video image,
I; = [r;,ci]’, and S is the full vector of parameters, § = [T}, T}, Ty, f, @, 3,71
®831) We cannot directly compute Cmi» Since the functions H; are non-linear; instead
(8-32) we linearize C by using the first order approximation of H; [26]:
b Cw I; — Hi(So) — J; AS|[? 8.37)
T, = [T, ‘2_1: Il 0 I
st-squares where J; is the Jacobian of H; with respect to S, Sp is the current estimate of the
formation parameter vector, and AS = S — Sp. The right-hand side of (8.37) is minimized
. We first when its derivative with respect to AS vanishes, that is:
= optimal d
> JLAS+JAC =0 (8.38)
i=l
. want to where AC; = I; — Hi(So). Therefore, the best parameter vector for the linearized
1 physical criterion is:
ion to be n ‘
AS == (U)NAC 8.39)
iml ,
(8.33) Equation (8.39) is iterated until there is no change in S. At each iteration,

the estimate Sop is updated by: So — Sp + AS.
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Implementation and performance.

The implementation of the calibration procedure follows the steps de-
scribed above. Pairs of corresponding points are selected in a sequence of video
and range images. We typically use twenty pairs of points carefully selected
at interesting locations in the image (e.g. comers). An initial estimate of the
camera orientation is (0, 3, 0), where 3 is physically measured using an incli-
nometer. The final estimate of S is usually obtained after less than ten iterations.
This calibration procedure has to be applied only once, as long as the sensors
are not displaced.

Once we have computed the calibration parameters, we can merge range
and video images into a colored-range image. Instead of having one single
fusion program, we implemented this as a library of fusion functions that can
be divided in two categories:

1. Range — video: This set of functions takes a pixel or a set of pixels (**, ¢*)
in the range image and computes the location (74, ¢) in the video image.
This is implemented by directly applying Equations (8.31) and (8.32).

2. Video — range: This set of functions takes a pixel or a set of pixels
(7, ¢°) in the video image and computes the location (7, ¢?) in the range
image. The computed location can be used in turn to compute the location
of a intensity pixel in 3-D space by directly applying Equation (8.3). The
algorithm for this second set of functions is more involved because a pixel
in the video image corresponds to a line in space (Figure 8.30) so that
Equations (8.31) and (8.32) cannot be applied directly. More precisely, a
pixel (#4, ¢©) corresponds, after transformation by (R, T), to a curve C in
the range image. C intersects the image at locations (7%, c*), where the
algorithm reports the location (r*, ¢) that is the minimum among all the
range image pixels that lie on C of the distance between (7, c°) and the
projection of (7*, c®) in the video image (using the first set of functions).
The algorithm is summarized in Figure 8.32.

~ Figure 8.33 shows the colored-range image of a scene of stairs and side-
walks. The image is obtained by mapping the intensity values from the color
image onto the range image. Figure 8.34 shows a perspective view of the
colored-range image. In this example [16], we first compute the location of
each range pixel (7, c*) in the video image, and then assign the color value to
the 64 x 256 colored-range image. The final display is obtained by rotating the
range pixels, the coordinates of which are computed using Equation (8.3).

3-DWV
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Figure 8.32: Geometry of the "video — range" transformation

Figure 8.33: Colored-range image of stairs

Figure 8.34: Perspective view of registered range and color images
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8.5.3 Application to outdoor scene analysis

An example of the use of the fusion of range and video images is outdoor scene
analysis [19,25] in which we want to identify the main components of an outdoor
scene, such as trees, roads, grass, etc. The colored-range image concept makes
the scene analysis problem easier by providing data pertinent to both geometric
information (e.g. the shape of the trees) and physical information (e.g. the color
of the road).

Feature extraction from a colored-range image.

The features that we extract from a colored-range image must be related to
two types of information: the shapes and the physical properties of the observed
surfaces.

The geometric features are used to describe the shape of the objects in
the scene. We propose to use two types of features: regions that correspond !
to smooth patches of surface, and edges that correspond either to transitions '
between regions, or to transitions between objects (occluding edges). Further-
more, we must be able to describe the features in a compact way. One common
approach is to describe the regions as quadric patches, and the edges as sets of
tri-dimensional line segments. More sophisticated descriptions are possible [5],
such as bicubic patches or curvature descriptors. We use simpler descriptors
since the range data is relatively low resolution, and we do not have the type
of accurate geometric model that is suited for using higher order geometric n(
descriptors. The descriptors attached to each geometric feature are: :

e The parameters describing the shape of the surface patches. That is the l
parameters of the quadric surface that approximate each surface patch. !

e The shape parameters of the surface patches such as center, area, and |
elongations.

e The 3-D polygonal description of the edges.

e The 3-D edge types: convex, concave, or occluding.

- The surface patches are extracted by fitting a quadric of equation X'AX +
B'X+C = 0 to the observed surfaces, where X is the Cartesian coordinate vector
computed from a pixel in the range image. The fitting error,

E(A,B,C)= Y [XAX;+B'X;+C]? (8.40)
Xi€pasch

is used to control the growing of regions over the observed surfaces. The
parameters A, B, C are computed by minimizing E(A, B, C) as in [14].

The features related to physical properties are regions of homogeneous
color in the video image, that is regions within which the color values vary
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smoothly. The choice of these features is motivated by the fact that an homo-
== geneous region is presumably part of a single scene component, although the
- converse is not true as in the case of the shadows cast by an object on an ho-
kes mogeneous patch on the ground. The color homogeneity criterion we use is the
ric distance (X — m)* 2 ~1(X — m) where m is the average mean value on the region,
- ' is the covariance matrix of the color distribution over the region, and X is the
color value of the current pixel in (red, green, blue) space. This is a standard
approach to color image segmentation and pattern recognition. The descriptive
it parameters that are retained for each region are:
ved e The color statistics (m, X).
e The polygonal representation of the region border.
| ‘2 e Shape parameters such as center or moments.
DI
ons The range and color features may overlap or disagree. For example, the
er- shadow cast by an object on a flat patch of ground would divide one surface
20m patch into two color regions. It is therefore necessary to have a cross-referencing
i of mechanism between the two groups of features. This mechanism provides a
51, two-way direct access to the geometric features that intersect color features. Ex-
- tracting the relations between geometric and physical features is straightforward
pe since all the features are registered in the colored-range image.
iric An additional piece of knowledge that is important for scene interpretation

is the spatial relationships between features. For example, the fact that a vertical
object is connected to a large flat plane through a concave edge may add evidence

te to the hypothesis that this object is a tree. As in this example, we use three
types of relational data:

- e The list of features connected to each geometric or color feature.
e The type of connection between two features (convex/concave/occluding)
extracted from the range data.
e The length and strength of the connection. This last item is added to avoid
[+ situations in which two very close regions become accidentally connected
o along a small edge.
Scene interpretation from the colored-range image.
0 Interpreting a scene requires the recognition of the main components of
the scene such as trees or roads. Since we are dealing with natural scenes,
w2 we cannot use the type of geometric matching that is used in the context of
industrial parts recognition [S]. For example, we cannot assume that a given
| object has specific quadric parameters. Instead, we have to rely on "fuzzier"
- evidence such as the verticality of some objects or the flatness of others. We
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therefore implemented the object models as sets of properties that translate into ]
constraints on the surfaces, edges, and regions found in the image. For example, ]
the description encodes four such properties:

e P1: The color of the trunk lies within a specific range = constraint on 1
the statistics (m, 2) of a color region. I

e P2: The shape of the trunk is roughly cylindrical = constraint on the
distribution of the principal values of the matrix A of the quadric approx-
imation.

e P3: The trunk is connected to a flat region by a concave edge = con-
straint on the neighbors of the surface, and the type of the connecting
edge.

e P4: The tree has two parallel vertical occluding edges = constraint on
the 3-D edges description.

Other objects such as roads or grass areas have similar descriptions. The
properties P;; of the known object models M; are evaluated on all the features
F,, extracted from the colored-range image. The result of the evaluation is a
score Sy for each pair (P, Fir). We cannot rely on individual scores since
some may not be satisfied because of other objects, or because of segmentation
problems. In the tree trunk example, one of the lateral occluding edges may
itself be occluded by some other object, in which case the score for P4 would
be low while the score for the other properties would still be high. In order to
circumvent this problem, we first sort the possible interpretations M; for a given
feature F; according to all the scores (Sj). In doing this, we ensure that all
the properties contribute to the final interpretation and that no interpretations are 8
discarded at this stage while identifying the most plausible interpretations.

8 A 8 39 0 0 v B H Am @A

We have so far extracted plausible interpretations only for individual scene W
features F;. The final stage in the scene interpretation is to find the interpretations S
(Mj,, Fy) that are globally consistent. For example, property P3 for the tree in
implies a constraint on a neighboring region, namely that this has to be a flat in
ground region. Formally, a set of consistency constraints Cpma is associated with fic
each pair of objects (Mm, M,). The Cn, constraints are propagated through the e
individual interpretations (M;,, Fi) by using the connectivity information stored o
in the colored-range feature description. The propagation is simple considering m
the small number of features remaining at this stage. wi

The final result is a consistent set of interpretations of the scene features, wi

of!

and a grouping of the features into sets that correspond to the same object. The
last result is a by-product of the consistency check and the use of connectivity
data. Figure 8.35 shows the color and range images of a scene which contains
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a road, a couple of trees, and a garbage can. Figure 8.36 shows a display of
the corresponding colored-range image in which the white pixels are the points
in the range image that have been mapped into the video image. This set of
points is actually sparse because of the difference in resolutions between the two
sensors, and some interpolation was performed to produce the dense regions of
Figure 8.36.

Only a portion of the image is registered due to the difference in field
of view between the two sensors (60° for the camera versus 30° in the vertical
direction for the range sensor). Figure 8.37 shows a portion of the image in which
the edge points from the range image are projected on the color image. The
edges are interpreted as the side edges of the tree and the connection between the
ground and the tree. Figure 8.38 shows the final scene interpretation. The white
dots are the main edges found in the range image. The power of the colored-
range image approach is demonstrated by the way the road is extracted. The road
in this image is separated into many pieces by strong shadows. Even though the
shadows do not satisfy the color constraint on road region, they do perform well
on the shape criterion (flatness), and on the consistency criteria (both with the
other road regions, and with the trees). The shadows are therefore interpreted as
road regions and merge with the other regions into one road region. This type of
reasoning is in general difficult to apply when only video data is used unless one
uses stronger models of the objects such as an explicit model of a shadowed road
region. Using the colored-range image also makes the consistency propagation a
much easier task than in purely color-based scene interpretation programs [31].

8.6 Conclusion

We have described techniques for building and manipulating 3-D terrain repre-
sentations from range images. We have demonstrated these techniques on real
images of outdoor scenes. Some of them (Sections 8.3.3, 8.3.4, and 8.4.2) were
integrated in a large mobile robot system that was successfully tested in the
field. We expect that the module that manipulates and creates these terrain rep-
resentations will become part of the standard core system of our outdoor mobile
robots, just as a local path planner or a low-level vehicle controller are standard
modules of a mobile robot system independent of its application. This work
will begin by combining the polygonal terrain representation of Section 8.3.4
with the path planner of [36] in order to generate the basic capabilities for an
off-road vehicle.

Many issues still remain to be investigated. First of all, we must define a
uniform way of representing and combining the uncertainties in the terrain maps.
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Figure 8.35: Color and range images of an outdoor scene
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Figure 8.36: A view of the corresponding colored-range image

Figure 8.37: Edge features from the colored-range image
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Figure 8.38: Final scene interpretation
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Currently, the uncertainty models depend heavily on the type of sensor used and
on the level at which the terrain is represented. Furthermore, the displacements
between terrain maps are known only up to a certain level of uncertainty. This
level of uncertainty must be evaluated and updated through the matching of
maps, whether iconic or feature-based. Regarding the combination of the 3-
D representations with representations from other sensors, we need to define an
algorithm for sensor registration that is general enough for application to a variety
of situations. The algorithms presented in Section 8.5 are still very dependent on
the sensors that we used, and on the intended application. Registration schemes
such as [17] would enable us to have a more uniform approach to the problem.
An added effect of using such a registration algorithm is that we could explicitly
represent errors caused by the combination of the sensors, which we did not do in
Section 8.5. Another issue concems our presentation of the three levels of terrain
representation, the matching algorithms, and the sensor combination algorithms
as separate problems. We should define a common perceptual architecture to
integrate these algorithms in a common representation that can be part of the core
system of a mobile robot. Finally, we have tackled the terrain representation
problems mainly from a geometrical point of view. Except in Section 8.5,
we did not attempt to extract semantic interpretations from the representations.
A natural extension of this work is to use the 3-D terrain representations to
identify known objects in the scene. Another application along these lines is to
use the terrain maps to identify objects of interest, such as terrain regions for
Sampﬁng tasks for a planetary explorer [23]. Although we have performed some
preliminary experiments in that respect [18,2], extracting semantic information
from terrain representations remains a major research area for outdoor mobile
robots.
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