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DESIGNING AROBOTTHATCAN
navigate in a laboratory setting is quite
different from designing one that can deal
with the real world. The Navlab project at
Carnegie Mellon University seeks to build
complete autonomous systems capable of
outdoor navigation, both onroads and cross-
country. Our emphasis on real systems
operating in real environments has forced
us to move computer vision techniques
from controlled environments to the real
world. In the process, we quickly discov-
ered that standard perception techniques
were not reliable enough. As much as we
would have liked to, we could not tolerate
any of the simplifying assumptions under
which many perception systems are built.
In the real world, ambient illumination is
unpredictable, objects cast shadows, and
the appearance of the world does not re-
main constant from one vantage point to
another. This has led us to the development
of new perception techniques that can deal
with real-world conditions and imperfect
sensors. While the logistical costs of per-
forming such experiments have sometimes
been significant, our resulting algorithms
and systems are calibrated to reality.

For outdoor navigation, the biggest chal-
lenge, and our main area of research, has

DESIGNING AN OUTDOOR MOBILE ROBOT THAT FOLLOWS
FLAT, STRAIGHT, WELL-ILLUMINATED, AND CLEARLY
MARKED ROADS IS ONE THING. OPERATING SUCH A
ROBOT IN A REALISTIC ENVIRONMENT WITH BAD
WEATHER, BAD LIGHTING, AND BAD OR CHANGING

been image understanding in difficult con-
ditions. Instead of operating a robot at high
speeds over cleanly marked expressways,
we have worked on unstructured roads (in-
cluding dirt roads and a winding asphait
bicycle path), on the changing appearance
of structured roads in dappled shadows and
at intersections, and on off-road naviga-
tion over rough terrain. The perception
techniques we have developed for the Nav-
lab include road-following techniques us-
ing color classification and neural nets,
and three-dimensional terrain modeling.
(Our companion article on p. 43 describes
complete autonomous systems built around
these techniques, as well as the physical
configuration of the Navlab itself.)

We have seen significant results in many
of these areas. Our Navlab robot vandrives

ROADS IS ANOTHER.

itself at slow speeds along unmarked, un-
mapped trails, locating and traversing in-
tersections. On more typical structured
roads, the Navlab drives up to its mechan-
ical limit of 28 kilometers per hour. It can
run without a map or use maps it has built,
along with information from previous runs,
to select different behaviors at different
locations. Off road, the Navlab can move
slowly over moderately rough terrain and
can map large areas as itdrives. The result-
ing software has been transferred to other
projects, including the Martin Marietta
Autonomous Land Vehicle (see the side-
bar onthe ALV and otherrelated work) and
our own NASA-sponsored Ambler, a walk-
ing machine for planetary exploration (see
“Pushing the Envelope,” IEEE Expert, June
1990, pp. 2-6).
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Related work

Our work is part of the broader framework
of the Defense Advanced Research Projects
Agency’s Strategic Computing Initiative, in-
cluding the Autonomous Land Vehicle project

‘ that began in 1984. Several of the contractors
from the Strategic Computing program’s vi-
‘ sion component worked on perception and
planning for autonomous navigation. Among
others, the University of Massachusetts and
Honeywell developed motion-tracking sof(-
ware,'? SRI developed tracking using 3D
| data,*and Advanced Decision Systems inves-
. tigated qualitative navigation.* Martin Mari-
\ etta built and operated the ALV itself and
‘ developed its own road-following software’
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Color vision for roud-following
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iltuminated, and well-marked can be tracked
easily in color or monochrome video imag-

es. Finding the edges of a clean sidewalk or |

tracking freshly painted white stripes on an
empty expressway are both relatively easy
vision problems. Following aroad becomes
much more difficult when the road runs
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through dappled shadows, when illumina-

tion suddenly changes as the sun goes be- !

hind a cloud, or when the “road” is a mean-
dering bicycle path with no lines or stripes
and with broken and uneven borders. The
challenge for a truly autonomous road-

following system is handling a variety of |

road conditions and changing illumina-
tion. To illustrate the problem, our first
road-following software ran a simple edge

eral Motors is working on lane-following at |
high speeds under relatively constant illumi-
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detector (Roberts’ operator, followed by
thresholding) over the image and looked
for edge fragments that had strong con-
trast, were parallel, and pointed in roughly
the correct direction. This worked well for
clearly marked sidewalks. Unfortunately,
when we took our robot onto a bicycle
path, the highest-contrast edges in the scene
were shadow edges.

Navlab test sites include a variety of

_—— |
IEEE EXPERT |



road conditions, from dirt roads to free-
ways. A single perception system cannot
address all possible configurations, so our
approach is to build different systems for
roads that are structured (such as highways
and city streets) and unstructured (such as
dirt roads). This lets us take advantage of
road structures when they are available,
while retaining the ability to deal with
unstructured roads when needed.

One system, SCARF (for “supervised
classification applied to road following™),
deals with unstructured roads using adap-
tive color classification. It deals with chang-
ing illumination and road appearance by
updating its color models for each new
image. It handles poorly defined roads by
classifying all the pixels in the image and
applying a voting scheme to a simple road
model to find the most probable road in the
image.

YARF (“yet another road follower”),
our second vision system, deals with struc-
tured roads. It takes advantage of the lines
and stripes of structured roads and uses an
explicit model of those features to guide
individual trackers and to filter and vali-
date its detected road model.

Other than when bootstrapping the sys-
tem, SCARF and YAREF require only video
images as input. But if we could manually
train a system on a portion of the road to be
followed, that system should be faster and
more robust, since more prior information
on road appearance and geometry would be
available. To investigate this idea, we have
built ALVINN (“autonomous land vehicle
in a neural net”), the Navlab’s third main
color vision system, which uses a connec-
tionist architecture. It achieves its power by
being trained directly on the current road
and by processing quickly so that small
imperfections tend to be smoothed out.

SCAREF. Mobile systems have used three
approaches in following unstructured roads:
edge extraction, thresholding, and classifi-
cation. Systems that use edge extraction
apply gradient operators to the image of
the road. The system assumes that strong
edges correspond to road edges, and it
groups them to yield road geometry. Edge-
based systems can be very fast and can
work well on clearly delineated roads with
no shadows. As soon as strong shadows
appear, however, they break down rapidly
because strong edges now correspond to
shadow edges.

Systems that use thresholding use some
combination of the color bands — such as
red-blue — and threshold the resulting
image.! These systems label as road all
pixels with similar intensities, but when
shadows are present, shaded road and shaded
off-road often have very similar features,
thus confusing the classification.

SCAREF uses adaptive color classifica-
tion to avoid the shortfalls of previous
systems.”? SCARF runs in a loop: classify
image pixels, find the road model that best
matches the classified data, update the col-

MOBILE SYSTEMS HAVE
USED THREE APPROACHES
IN FOLLOWING
UNSTRUCTURED ROADS:
EDGE EXTRACTION,
THRESHOLDING, AND
CLASSIFICATION.

or models for classification, classify image
pixels, and so on. The simple models of
road color and geometry make very few
assumptions about the road and let SCARF
runrobustly, even when following unstruc-
tured roads.

SCAREF’s first strength comes from rep-
resenting multiple color classes as Gaus-
sian distributions in full red-green-blue
color and from calculating probabilities
instead of using binary thresholds. SCARF
typically uses four color classes to de-
scribe road appearance, and four to de-
scribe off-road objects. During classifica-
tion, SCARF compares each pixel to all
eight classes. The result is both the label of
the most probable class and its probability.
Multiple classes let SCARF represent the
different colors of the road (such as as-
phalt, wet patches, shadowed pavement,
and leaves) and off-road objects (such as
trees, sunlit grass, shaded grass, and leaves).
Using full color, instead of monochrome
images or some other combination of col-
ors, keeps all the image information that
might be useful in discrimination. The
Gaussianrepresentation of each color class
lets SCAREF calculate the likelihood that a

pixel belongs to a particular class and says
intuitively whether a particular color vari-
ation is significant. Since sunlit asphalt
tends to be homogeneously colored, it is
represented by a class with small variance;
grass has more variety and is represented
with correspondingly larger variances.

Classified pixels vote for all road loca-
tions that would contain them, with votes
weighted by classification confidence. The
road with the most votes is used both for
steering and for recalculating the color
classes using nearest-mean clustering to
collect new road and off-road color statis-
tics. SCARF’s simple model of road geom-
etry represents roads as triangles in the
image. The apex is constrained to lie on a
particular image row, corresponding to the
horizon, and the base has a fixed width,
dependent on road width and camera cali-
bration. There are two free parameters: the
column in which the apex appears and the
skew of the triangle. While this simple
two-parameter model does not represent
curves, hills, or road-width variations, it
does approximate the road shape well
enough to allow reliable driving. It is espe-
cially effective because the voting proce-
dure uses all pixels, not just those on the
edges, and therefore is relatively insensi-
tive to misclassifications. Furthermore, the
simple model allows for fast voting, and it
functions well with small amounts of data,
so SCARF can process highly reduced
images (typically 60x64 or 30x32 pixels)
at high sampling rates (approximately two
seconds per frame). By processing images
that are closely spaced along the road,
SCARF can correct small errors in road
representations before the vehicle arrives
at the mistaken locations. By processing
images that are closely spaced in time,
SCAREF perceives even the drastic illumi-
nation changes caused by clouds covering
the sun as gradual shifts in road appear-
ance.

The basic SCARF system runs on Sun
workstations and was demonstrated on a
number of roads. SCARF has driven the
Navlab along bicycle paths, dirtroads, grav-
el roads, and suburban streets, and it has
been integrated into several of our Navlab
systems. Figure 1 shows SCARF correctly
finding aroad, even through deep shadows
where the road is not obvious even to a
human observer.

We have built several extensions of
SCARF. The first uses parallel hardware
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instead of conventional workstations to
improve performance. Using the Warp com-
puter, a 10-cell systolic array, SCARF is
parallelized by dividing the image into
strips and by processing each strip on a
separate cell. The second extension adds to
the road model by checking for intersec-
tions as well as for the main road.

YAREF. Following roads in urban envi-
ronments requires specific techniques to
take advantage of prior knowledge of the

Figure 2. YARF tracking yellow and white lines in shadows.

| environment. The Vamors system com-
- bines specialized hardware with a control
formulation of the problem to achieve runs
at up to 96 kilometers per hour. Vamors
uses simple feature trackers to track the
© position of the road’s center line and side
markings. However, it can be sensitive to
changes in illumination, shadows, and
changes in road structure such as intersec-
tions. The Lanelok system can use three
different types of image operators to track
road edges: Sobel edge detection followed

by Hough transform, region extraction, and
template matching. Lanelok has been dem-
onstrated off line on thousands of images.
The University of Bristol’s system extracts
lane markings as regions of the image that
are brighter than a given threshold and
limited by edges of appropriate geometry.
A circular arc is fitted to the regions after
back projection on the ground plane.

By using a single segmentation tech-
nique to locate the road, each of these
systems lacks a recovery mechanism if its
particular segmentation technique fails. To
address this problem, we designed YARF
to explicitly model as many aspects of
road-following as possible.>* Highways,
freeways, rural roads, even suburban streets
have strong constraints and easily identifi-
able features. For instance, the road’s cen-
ter line is yellow and has a constant known
width, and its curvature is lower than a
known threshold. YARF explicitly models
each constraint and feature. From feature
models we build specialized image opera-
tors that find features such as road mark-
ings. From constraint models, we build
specialized trackers that apply the image
operators to long sequences of images,
predicting a feature’s location in an image
from its location in the previous image. A
tracker for the center line finds a yellow
stripe in a small window in a color image
and predicts its location in the next image
using a model of road geometry and cur-
rent vehicle motion. Constraint models also
provide a way to detect and recover from
errors in feature detection. This makes rea-
soning easier and more reliable. In addi-
tion to geometric constraints, YARF uses
an explicit model of the noise of feature
detectors and vehicle position to yield op-
timal performance.

YAREF has four main components: fea-
ture trackers, geometric modeling, error detec-
tion and recovery, and noise modeling.

Specialized feature trackers. Y ARF has
individual operators that know how to model
and track specific features, such as edge
markings (white stripes), center lines (yel-
low stripes), and shoulders. YARF also
uses an explicit geometry model of the
road, consisting of the vehicle’s location
on the road, the location of stripes, the type
of stripes (such as broken or solid), and the
maximum and current road curvature.
Other features, which are not yet modeled
but might be helpful, include the locations
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of shadows, 3D effects as the road goes
through valleys and over hills, and giobal
illumination changes.

The yellow-line tracker, for instance,
uses the hue of the lines for segmentation.
The hue is calculated for all pixels in a
window around the predicted line location.
Pixels with a hue between 40 (reddish-
yellow) and 100 (greenish-yellow) are
set to 1, others to 0. After filtering the
thresholded image using a “shrink and
grow” operator, the resulting image is nor-
mally dominated by one or two blobs,
corresponding to the yellow line or lines.
The blob descriptors are considered the
line locations. Figure 2 shows the yellow-
line tracker and a separate white-line
tracker, finding road lines even in complex
shadows.

Road geometry. YARF is designed for
higher speeds than SCARF, and it runsina
more predictable environment. This re-
quires and allows a more complex road
model, one that encodes curvature as well
as position. YARF models the road as a

generalized stripe, that is, as a one-dimen- !

sional feature that is swept perpendicular
to a spine curve. The spine is modeled
locally by a circular arc, assuming that the
road lies on flat ground. We find the spine’s
equation by fitting a circular arc to the
detected features. Since the equation of a
circle

radius? = (x — xcenter)? + (y — ycenter)?

is nonlinear and sensitive to noise, we can
approximate a circular arc with a parabola,
similar to Mysliwetz and Dickmanns’
approach:

x = half_curvature x y2 + slope X y + offset

The least-squares values of curvature, slope,
and lateral offset are easily computed us-
ing the matrix pseudoinverse. In practice,
this approximation is adequate for the sorts
of curvatures and slopes of roads within
the Navlab’s field of view. To improve the
estimation’s stability, we fit the curvature
model to features detected over a few frames.

Errordetection and recovery. Occasion-
ally, the system finds features incorrectly.
Y AREF detects these mistakes both locally
— based on the results of a single operator
— and globally — when checking for con-
sistency. Local error detection depends on

the specific operator. For example, the blob |

|

(a)

(b)

Figure 3. YARF fracking result:

from features extracted above. Diamonds show detected feature locations,

derived center line.

detector usually finds a light blob (the
white line) against a dark background (as-
phalt). It maintains statistics of the mean,
variance, and covariances of red, green,
and blue for both feature and background
colors. If all pixels in its prediction win-
dow are the background color, the color
blob detector reports a missing feature. If a
light blob is found, but only at the edge of
the window, the detector reports a clipped
feature. If all pixels are much lighter or
darker than modeled by either color, it
reports an illumination shift. It is up to the
higher-level calling program to decide
whether the road has widened, the white
stripe is temporarily missing, or the light-
ing really has changed. Error detection and
recovery is a critical component of YARF.
It allows for robust navigation in the pres-
ence of changing illumination, shadows,
and noisy road features while using fast
and simple specialized trackers.

Noise modeling. We have achieved good
results by fitting curves to the points de-
tected over the three most current frames,
with no error weighting or filtering. For
instance, Figure 3a shows features (center
line and edge markings) extracted from a
road scene, and Figure 3b shows the road
that the road model fit to the features using
straight least-squares. The diamonds in
Figure 3b show tracked lane lines on the
left and right, and the solid circles show the
estimated road position and heading. For
relatively slow speeds (up to about 15 kilo-
meters per hour), the errors in detected
positions are probably dominated by image-
processing noise rather than vehicle motion
noise. Future runs, at higher speeds, will
probably require more elaborate filtering

() extracted center and edge features; (b) road model derived

solid circdles show

schemes. We are working on two approaches:
Kalman filters, which compute optimal
estimates of states (such as the positions)
by combining measurements and their as-
sociated uncertainty models, and robust
statistics, which address the problem of
removing outliers that cannot be handled
by linear filtering techniques.

Performance. Y ARF has driven the Nav-
lab at speeds of up to 15 miles per hour on
a public road. The environment in the ex-
periments contained large shadows gener-
ated by surrounding trees. It also included
relatively high-curvature curves, thus dem-
onstrating the performance of the road
model. YARF works because of the inte-
gration of all its modeled constraints: Ex-
plicitly modeling tracker performance and
feature appearance, and using specialized
trackers, allows high speeds, high accu-
racy, and local failure detection; explicitly
modeling road geometry allows accurate
predictions and enables global error detec-
tion; explicitly modeling errors and uncer-
tainty lets YARF correctly size its predic-
tion windows; explicitly modeling changes
in road geometry lets YARF handle urban
streets with intersections and other discon-
tinuities in lane structure and appearance,
as well as the cleaner environment of high-
way lanes.

ALVINN. Built by CMU’s connection-
ist group, ALVINN is trained by having a
human driver steer it over a portion of the
road to be followed.’ The system inputs the
camera image and the steering angle at
each time step. The image is preprocessed
to enhance road contrast. The enhanced
image and the steering angle are fed to a
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Figure 4. ALVINN weights for one hidden unit. Input weights are at the bottom, output weights
are af the top. Positive weights are white, negative are black.

back-propagation algorithm that adjusts
weights in the hidden units of ALVINN's
neural network until the weights settle to
values that give the correct steering re-
sponse for each input image. Typically,
training requires less than 100 input imag-
es and takes less than five minutes.

This training scheme lets ALVINN di-
rectly learn how to follow roads. It is more
difficult to train the network to recover from
errors, such as when it is not quite aligned
on the road. To provide examples of images
from slightly different vantage points, and
the proper steering commands, each input
image is reused in several positions. The
images are shifted to simulate a variety of
errors, and the steering command is shifted
to generate the command that would bring
the Navlab back onto the road.

When ALVINN runs, it preprocesses the
input images, gives them to the neural net,
and directly outputs the steering-wheel
angles as dictated by the network, with no
reasoning about road location. ALVINN
uses reduced-resolution images (typically
30x32 or 45%48 pixels) and runs at about a
fifteenth of a second per image.

ALVINN uses a compiled representa-
tion, going straight from images to steering
with no intermediate geometric or symbol-
icrepresentation. During its learning phase,
the back-propagation algorithm automati-
cally compiles this knowledge by selecting

the features that discriminate between dif-
ferent steering angles, which correspond to
different road locations. Since ALVINN
starts with no preconceived idea of what
the road looks like, it learns different sets
of weights to follow many different types
of roads with no change in the underlying
algorithms.

The disadvantage of such a compiled
representation is that it cannot take advan-
tage of geometric or symbolic input. If
ALVINN is trained to run on a particular
road, we cannot tell it that a second road is
just like the first, only twice as wide. The

advantage is that it is fast and easy to train !

foraparticular road. The weights learned by
ALVINN tend to be large, low-frequency
edge masks, or matched filters that look
for the road in general locations. Thus,
local imperfections in the road or in light-
ing do not greatly distort the output steer-
ing direction. Figure 4 shows the weights
for one of ALVINN’s hidden units. The
square shows the weights coming into one
hidden unit from the input image, and the
line at the top shows the weights going out
to different steering angles. White indi-
cates positive weights, and dark indicates
negative weights. This unit mainly looks
for aroad on the left edge of the image, and
mainly votes for turning left. There is also
a secondary pattern that would match a
road further to the right, and there are

slightly positive weights supporting
straight-ahead steering.

3D perception

An outdoor mobile robot needs informa-
tion derived from appearance (such as road
location in a color image, or terrain type),
but it also needs to know the geometry of
the observed environment. In some tasks,
such as cross-country navigation, the most
important information is the geometry of
the terrain, the set of 3D surfaces observed
or traversed by the vehicle. The first step
toward building geometric representations
of a terrain is choosing a suitable sensor.
Clearly, one color camera is not enough to
collect 3D data. An alternative is to use
passive techniques for recovering 3D data,
such as stereo vision, but these techniques
have significant drawbacks, including high
computational demand, difficulty in rang-
ing bland surfaces, and reliance on ambi-
ent lighting. Instead, we use an active sen-
sor: a laser range scanner that can generate
a high-resolution depth image of the terrain
in front of the vehicle. Such a sensor allevi-
ates the need to infer 3D information from
2D information and, since it is active, it is
also less sensitive to outside illumination.

The terrain can be described at different
levels of resolution depending on the task,
the environment, and the amount of com-
putation time allocated in the system for
3D perception. For example, a system that
follows roads known to be locally flat and
mostly obstacle free requires a completely
different representation than a system that
navigates through rugged open terrain. In
the latter case, vehicle safety is the over-
whelming issue, and vehicle speed is much
less important. This is consistent with the
general approach that a mobile robot’s com-
ponents must be tailored to its environment
and task. Here, we discuss three types of
representation: obstacle maps, terrain fea-
ture maps, and high-resolution maps.

Range sensing. The Navlab uses the
Environmental Research Institute of Mich-
igan (ERIM) scanner, which is typical of
laser range finders that measure the phase
shift of an amplitude-modulated laser.
Table 1 lists characteristics of the ERIM,
one of the earliest scanners, and the Per-
ceptron, a later model.

A laser range finder has considerable
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advantages over more traditional techniques
such as stereo vision: It is insensitive to
outside illumination, it is fast compared to
standard passive techniques, and it pro-
vides a high-resolution range map instead
of the sparse map produced by most pas-
sive techniques. Laser range finders also
have limitations, however. For one, mixed
measurements are generated at the bound-
arv between two objects separated by a
large distance. Also, surfaces with differ-
ent reflectivity properties can lead to unex-
pected variations in measured range val-
ues. The main limitation is the acquisition
rate, whichis too slow for high-speed high-
way driving, for example.

Discrete objects and obstacle detec-
tion. The lowest-resolution terrain repre-
sentation is an object map containing a
small number of objects represented by
their trace on the ground plane. Several
techniques have been proposed for obsta-
cle detection.

The Martin Marietta ALV detects obsta-
cles by computing the difference between
the observed range image and precomputed
images of ideal ground planes at several
different slope angles. The system groups
points that are far from the ideal ground
planes into regions and reports them as
obstacles to the path planner. A very fast
implementation of this technique is possi-
ble, since it requires only image differenc-
es and region grouping. However, it makes
strong assumptions about the shape of the
terrain. Specifically. it restricts the terrain
shape to a few admissible slopes and eleva-
tions. The technique also considers only
the absolute positions of the potential ob-
stacle points, not relative positions and
slopes. As a result, the system would over-
look a short, sharp ridge or step, even
though it might be an obstacle.

Another approach, proposed by the Hughes
Al group, is to detect obstacles by thresh-
olding the normalized range gradient,
AD/D. and by thresholding the radial slope,
DA®/AD. The first test detects discontinu-
ities in range, while the second detects the
portion of the terrain with a high slope.
This approach has the advantage of taking
a vehicle model into account when decid-
ing whether a point is part of an obstacle.

The Navlab uses an elevation map ap- '
proach to detect obstacles. Each cell of the

terrain contains the set of data points that

fall within its field. We can estimate the .

Table 1. Relative performance of example range scanners.

ERIM PERCEPTRON
EvE sare Yes (?) Yes
FIELD oF view 80x30 degrees 60x60 degrees (programmable tilt)
PixeLs 256x64 256x256
AMBIGUITY INTERVAL 20 meters 40 meters
DeptH 8 bits (8 cm) 12 bits (1 cm)
INTENSITY 8 bits 8 bits
Max RANGE 40 meters (?) 50 meters
SCAN RATE 2 frames/sec 2 frames/sec

SCAN DIRECTION Top to bottom

INTERFACE VME to Sun
TEMPERATURE Narrow range
CoNsTRUCTION Wire wrap
CoMPONENTS All custom
Size 90x35x45 cm
WEIGHT 50 kg

Power 26 VDC

Programmable
VME to Sun
“Pittsburgh”
Printed circuit
Most off the shelf
45x35x35 cm
<25kg

110 VACFigure 8. Four levels of
the terrain quadtree.

X

Figure 5. Building the obstacle map. 3D data points are projected into discrete buckets on o

horizontal grid.

surface normal (unit vector perpendicular
to the surface) at each cell of the elevation
map by fitting a reference surface to the
corresponding set of data points. When the
system finds cells whose surface normal is

far from the vehicle’s idea of the vertical
direction, it reports them as part of its
projection of an obstacle (Figure 5) and
then groups them into regions correspond-
ing to individual obstacles.
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Figure 6. Obstacle detection on u sequence of images. In each group, the top is the original
range image, the left is the overhead view, and the right is the segmented elevation map.

Figure 6 shows the result of applying the
obstacle-detection algorithm to a sequence
of ERIM images. The top of each group
shows the original range images, the left
shows the range pixels projected in the
elevation map, and the right shows the
resulting polygonal obstacle map. The
large enclosing polygon in the obstacle
map is the limit of the visible portion of
the world.

In fast obstacle-detection mode, several

improvements can decrease the computa-
tion time:

* We can look for obstacles only in a
narrow stripe in front of the vehicle.

¢ We do not need to detect all objects; it
is sufficient to raise an alarm as soon as one
object is found.

* We do not need high spatial resolution
at close range, so the data can be subsam-
pled close to the vehicle.

Taking these improvements into account,
we achieved obstacle detection in 600 milli-
seconds on a Sparc workstation. This is
fast enough for now, since acquisition time
still averages 500 milliseconds.

Another application of object detection
is to build object maps by combining ob-
servations, which is critical to improving
object localization and to removing spuri-
ous objects. Matching objects is not very
expensive in our case, since we have only
a few objects to match in each frame and
since we can assume that we have areason-
able estimate of the displacement between
frames from the inertial navigation system
or from dead-reckoning, so that the loca-
tions of objects detected in one image can
be easily predicted in the next image. The
main issues are removing spurious objects
— which might be due to noise in the range
tmage or to moving objects (such as people)
crossing the field of view — and comput-
ing the location of the objects as accurately
as possible so that position corrections
computed using the object map are also
accurate.

We deal with spurious objects by calcu-
lating a confidence measure for each ob-
ject. Once an object has been seen in one
image, it should appear in subsequent im-
ages, as predicted by vehicle motion, ob-
ject position, and sensor field of view. If it
appears as predicted, its confidence is in-
creased; otherwise its confidence decreas-
es. Objects with low confidence are dis-
carded. The system obtains accurate object
locations by updating the location’s uncer-
tainty (mean and covariance matrix) each
time the object is observed in a new image.
The uncertainties are combined using stan-
dard maximum-likelihood techniques. Fig-
ure 7 shows a sequence of six images,
collected at intervals of about 50 centi-
meters. The white lines connect objects
that match between images. The white dots
indicate the locations of the detected
objects.

Terrain modeling for cross-country
navigation. Obstacle detection is suffi-
cient for navigating in flat terrain with
discrete obstacles, such as a road bordered
by trees. We need a more detailed descrip-
tion when the terrain is uneven. For that
purpose, a path planner could use an eleva-
tion map directly. This approach is costly
because of the amount of data to be han-
dled by the planner, which usually does not
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need such a high-resolution description.
For example, the planner should not need
to scan a fi} elevation map if the terrain is
completely flal: the terrain representation
should provide enoughinformationto quick-
ly determine that no search is needed. An
aliernative to elevation maps is grouping B : Ll L
smooth portions of the terrain into regions  Figure 7. Matching objects in a sequence of range images. White lines show corresponding
1l edges — the basic units manipulated abieus in seqaegtiul images.

ty the planner. This set-of features pro-
vides u compact terrain representation, but
the planner might stifl need information at
a higher resofution. For example, in clut-
tered environments the planner has to ex-
amine small portions of the terrain to decide
which areas are traversable.” Therefore, a
compromise representation should include
hoth high-resolution elevation data and
feature information and should allow for
efficient access to large chunks of terrain.

We can implement such a compromise
by organizing elevation and feature maps
i a gquadtree structure, Each node of the
tree contains information that describes
the portion of the terrain covered by the
sponding: quadrant: mipimum and
maximum elevation, maximum slope,
avernge elevation, and maximum disconti-
nuity within the quadrant. Discoatinuities
and slopes are computed by applying a
gradient operator to the elevation map.
This representation saves a considerable
amount of computation time both in build-
ing the teerain representation and in using
it for path planning: We can now build a
complete errain representation in two sec-
onds on a Sparc workstation. Getting in-
farmation about a patch of terrain using the
terrain pyramid is more efficient than us-
> the raw elevation map, in the same way
representing an object with a quadtree
is mare efficient that representing it with
pixels, For a small initial cost, the amount
of duplicated computational effort needed
by the cross-country planner is vastly
reduced. Figure ows several levels of
the quadtree representation built from the
range image of Figure 9.

Because of the sensor’s limited field of
view, the terrain model derived from a
single range image might not be sufficient,
In ourcase, the mapis accurate enough up
tor six meters in {ront of the vehicle. How-
ever, we can fuse quadiree representations
from consecutive images to vield a larger |
model of the terrain. In the current Navlab

&

Figure 8. Four levels of the terrain quadtree.

LCOFTes

Figure 9. A runge imoge ond corresponding elevation map,

xand v axes, plus roll, pitch, and yaw. We | Map building from terrain features. We
achieve registration in the z axis by calcu- | canalso build composite maps from terrain
fating the 7 offset between maps as the - descriptions. The basic problem is:match-
mean difference of z values. ing terrain features between successive




intersection

Figure 10. A 3D map built from five range images.

Locus
{Projection of H(X)
onimage)

¢

Figure 11. The locus method. The top graph shows the intersection of a surface with a vertical
line in world space. The bottom graph shows the same intersection in image space.

images and computing the transformation |

between features. In this case, the features
are the regions that describe the terrain,
parameterized by their areas, the equation
of the underlying surface, and the center
and the main directions of the region.
If objects are detected, they are used in
the matching in the same way as before.

Finally, if the vehicle is traveling on aroad,
the edges of the road can also be used in
the matching. As in object matching, the
system uses an initial estimate of the dis-

placement between successive frames to !

predict the matching features. A search
procedure then finds the most consistent
set of matches. As before, the search is

very fast due to the small number of fea-
tures and the fact that the initial guess of
the transformation between images is usu-
ally quite close to the actual value. The
features are weighted in the search accord-
ing to how reliably they can be detected. A
feature’s reliability depends on its type;
discrete objects are more reliable than ter-
rain regions and road edges. Once a set of
consistent matches is found, the transfor-
mation between frames is recomputed and
the common features are merged.

This map-building approach has been
tested on sequences of images with errors
in position estimation of up to one meter in
translation and 20 degrees in rotation. Fig-
ure 10 shows a composite map in which a
sequence of five maps is merged using
feature matching.

High-resolution terrain models. The
high-resolution terrain representation is an
elevation map, that is, a function z = f(x, y)
represented by a regular grid of values
(x;, y)- The most straightforward way to
convert a range image to an elevation map
would be to map each pixel (row, column,
range) of the range image to an (x, y, 2)
location in map coordinates. There are sev-
eral problems with this approach:

* Since this approach is similar to image
warping, the distribution of data points in
the elevation map is not uniform. The map
gets sparser farther from the sensor.

* Objects create range shadows — re-
gions of space that are not visible, even
though they lie within the sensor’s field of
view. Shadow regions must be explicitly
identified and represented separately,
since no information is available in those
regions.

* Range measurements are corrupted by
noise due to electronic noise, surface mate-
rial, laser footprint, and so on. Range noise
translates into uncertainty on the elevation
map and must be explicitly represented.

These problems could be solved by ap-
plying a standard interpolation technique
to the sparse elevation map, providing a
dense elevation that is a reasonable inter-
polation of the sparse input. However, such
a technique would not account for the
geometry of the sensor, making it difficult
to identify shadows or to convert sensor
uncertainty to map uncertainty.

The locus algorithm overcomes many of
these problems by explicitly accounting for
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Figure 12. An elevation map built by the locus algorithm from 122 range images, covering 250 meters.

the sensor geometry in building a dense eleva-
tion map. The idea is illustrated in Figure 11:
Finding the elevation z of a point (x, y) is
equivalent tocomputing the intersection of the
surface observed by the sensor with a ver-
tical line passing through (x, y). Knowing
the geometry of the sensor, we can repre-
sent the line in image space by an analyti-
cal equation of the form range = f(r, ¢),
where r and ¢ are the row and column
coordinates in the image. (The projection
of this line into the image defines a locus of
points that gives the algorithm its name.)
The intersection between the line and the
observed surface is found between two
adjacent pixels (ry, ¢) and (r,, ¢3), such
that range, <f(ry, ¢|)and range; > f(r,, ¢2),
where range, and range, are the values in
the image. We obtain the final value of zby
interpolating the range between (7, ¢;) and
(ra, €3)-

The key point of the locus algorithm is
that the interpolation takes place in the
image instead of in the map. This lets us

explicitly account for the sensor model: |

The uncertainty on z is computed by com-
bining the known uncertainties at (ry, ¢y)
and (r, ¢;). We can detect the unknown
regions in the map by observing that (x, y)
belongs to an unknown region of the map
if (ry, ¢|) or (ry, ¢y) are on a range discon-
tinuity in the image. Another important
consequence is that we can compute the
elevation at any point of the map without
having to recompute the entire map, whereas
standard map interpolation would have to
compute the entire sparse map before
interpolating the dense map.

We have used this technique to build
terrain maps that have resolutions as fine
as 10 centimeters and include uncertainty
and explicit representation of unknown
regions. The locus algorithm can also be
used to build large maps by matching maps
from individual images. Two images of
the same area taken from two different
locations are related by a transformation
T (rotation and translation) between the
two locations. The matching problem is
essentially to compute T as accurately as

possible. Once this is done, the maps can
easily be merged into a larger composite
map. Given some value of 7, we can com-
pute from the images two elevations z; and
2z, for each point (x, y) in the map. The sum,
E(T), of squared differences (z; — z2)? over
the part of the map that is visible in both
images measures how good our knowledge
of T is. E(T) is minimum when T is the
exact transformation between the locations
at which the two images were taken. Start-
ing with an initial estimation of T, we can
therefore apply a minimization algorithm
(gradient descent) to E(T) to compute the
best possible value of T. In practice, the
initial value of T is computed from feature
matching or the vehicle’s positioning sys-
tem. We have applied this matching tech-
nique to the building of large maps (several
hundred meters) using range images col-
lected as the vehicle travels. Figure 12
shows a map built by combining 122 range
images.

The locus algorithm provides a basis for
a number of other map operations, such as
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matching local maps for the vehicle with
low-resolution aerial elevation maps.
Detailed terrain features, such as ridges
and valleys, can be extracted from high-
resolution maps.

PERCEPTION CONTINUES TO BE
the bottleneck. That is not to say that the
other problems of mobile robots (such as
path planning and map representation) are
solved, but rather that they cannot be prop-
erly explored until robust perception com-
ponents are built. The performance of a
mobile robot system depends on the per-
formance of the perception components. It
is often assumed that robots are control
systems, and that perception will provide
clean numerical input; or that robots are
cognitive problem solvers, and that per-
ception will provide clean symbolic scene
descriptions. Neither assumption is justi-
fied by current perception techniques and
technology. Robots will not fulfill their
potential unless we continue to improve
perception capability.

While the most important scientific
bottlenecks to perception involve inade-
quate algorithms, current abil_ities in sen-

sor design are also a stumbling block. Too

much effort has been spent in overcoming
sensor limitations, which is necessary for
doing real experiments but makes no last-
ing scientific contribution. For example,
laser-scanning technology is a great ad-
vent in 3D sensing, but it still has consid-
erable limitations: slow image acquisition
(which severely limits vehicle speed), am-
biguity intervals, bad behavior on certain
material types, and so on. Color cameras
also have problems, including limited field
of view, inadequate dynamic range for
mixed sun/shadow conditions, and unpre-
dictable response from automatic irises and
gains. We do not believe that any one
magic sensor will “solve” the outdoor
robot problem, but advances in sensors
will certainly enable and encourage ad-
vances inimage-understanding algorithms.
We continue to build better algorithms, but
their full power will not become useful
until we have adequate sensors.

Much remains to be done to build per-
ception systems reliable enough for high
speed on-road and off-road navigation.
Specifically, we continue to pursue vision
for road tracking, including work on
ALVINN and YARF. Other researchers at

CMU are working on strategies for inter-
acting with other traffic and on tracking
moving objects. We continue to need new
sensors, both for road tracking and for
longer-range obstacle detection. Off road,
we are working with new range sensors,
with inertially stabilized sensor platforms,
and with new computer architectures, to
build faster and more accurate systems.
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