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Abstract 
This repon describes progress in vision and navigation for outdoor mobile robots at the Carnegie Mellon 
Robotics Insfflute during 1988. This research was primarily sponsored by OARPA as pan of the Strategic 
Computing Initiative. Porlions of this research were also partially supported by the National Science 
Foundation and Digital Equipment Corporation. 

In the four years of the project. we have built perception modules for following roads, detecting obstacles. 
mapping temin, and recognizing objects. Together with our sister ‘Integration” contract, we have built 
systems that drive mobile robots abng roads and cmoss country, and have gained valuable insights into 
viable approaches for outdoor mbile robot research. This work is briefly summarized in Chapter 1 of this 
rewrt. 

Specifically in 1988. we have ccmpleied one color vision system for finding roads, begun two others that 
handle difficult lighting and structured plblic mads and highways. and buiit a mad-following system that 
uses active scanning with a laser rangefinder. We have used 3-0 information to build elevation maps for 
crosscountry path planning. and have used maps to retraverse a route. Progress in 1988 on these 
projects is described briefly in Chapter 1, and in more detail in the following chapters. 
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Section I 

Introduction 
This report reviews progress at Carnegie Mellon from January 15, 1988 to January 14,1989 on research 
sponsored by the Strategic Computing Initlative of OARPA. DoD, through ARPA Order 5351, and monitored 
by the US Army Engineer Topographic Laboratodes under contract DACA76-85-C-0003, tiled "Road 
Followlng.' Porlions of this research were also partially sponsored by the National Science Foundation 
contract DCR-8604199, by the Digital Equipment Corporation External Research Program, and by NASA 
under contract NAGW-1175. 

This first chapter of the report consists of an overview of accomplishments during the four years of the 
contract; a compendium of our insights and practical advice for building mobile robots; discussion of 
progress during 1988; a chronology: a list of personnel: and publications of the research group. The 
following chapters provde more technical detail on particular areas or projects. 

Overview of Accomplishments 

Outdoor mbile robot research at CMU has been funded by DARPA since January 1985. Although the 
contract is tiled "Road Following', the research is much broader. The scope of the work has included 
cross-country tuns and obstacle detection as well as road folkwing: direct 3-D sensors along with videa 
cameras; object recognition and terrain mapping; and Close cooperation with the Warp group and with the 
Navlab Integration work, fo build complete mobile rotkt systems. Several specific results from the Road 
Following contract have achieved wide recognition, and have been integrated and demonstrated at CMU 
and elsewhere: 

Color-based Road Followlng. The wlrninatiin of our road-following work is a reliable 
sysfem that drives the Navlab abng a narrow, fwisting, tree-lined bicycle path. m e  heart of 
the system uses adaptive color classification, which automatiilly adjusts for changes in road 
appearance or lighting conditions. Variants of the system use on0 cameras, to extend the 
dynamic mnge to handle deep shadows; find intersections of known shape; incorporate 
additional features such as 1exture; and use the Warp pmcessor for high speed. The latest 
version uses the Warp to achieve a 2 second processing bop, albwing vehicle speeds of 1 
meter I second even on our narrow test course. 

Terraln Representation and Obstacle Detection We have developed three levels of ternin 
representation corresponding to dtferant resolutions at which the terrain is described. At the 
low resolution level we describe only discrete obstacles without explicitly describing the local 
shape of the terrain. We used this level for fast obstacle detection and avoidance. At the 
medium level, we indude a description of the terrain through surface patches that 
correspond to significant terrain features. At that level, the resolution is the resolution of the 
operator used to detect these features. This level of representation is especially useful for 
crosscountry navigation in which we have to deal not only with large discrete obstacles but 
also with the changing shape of fhe terrain. This representation has been successfully 
demonstrated in conjunction with a path planner developed under the Integration contract. 
Finally, the descriptkn with the highest resolution is a dense elevation map whose resolution 
is limited only by the sensor. The techniques we developed for this representation provide a 
complete description of the terrain including occluded regions and uncertainty After the low- 
resolution obstacle detection was demonstrated as part of the Navlab. it was ported to Martin 
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Marietta. Work in conjunction with Martin reduced run time to less than one hall second, the 
frame rate of the ERlM scanner. This was the only project during the Martin ALV contract 
that was developed outside of Martin, integrated into the ALV, and used in one of the ALV 
main dems. 

Map Bulldlng and Matchlng In addition to extracting snapshot maps of the terrain from 
range images, we have developed algorithms for matching and merging individual maps into 
a single consistent representation. Again, the matching algorithms are applied to the three 
levels of representation: At the lowest level discrete obstacles are matched in order to 
compute the displacement between consecutive maps. At the medium level terrain features 
are matched to compute the best wnsistent match between maps. At the highest resolution 
maps are directly correlated to compute the displacement by a minimization technique. The 
accuracy of the resulting displacement can be as good as the resolution of the map (as low 
as 10 cms in our experiments). 

Road Followlng by Actlve Senslng. Our ERlM scanner measures not only distance to 
each point but also reflectance. lf the road surface (e.g. asphalt) has much ditferent 
reflectance than the surroundings (e.g. grass). it is straightforward to deted and track the 
road. For situations in which reflectances do not significantly differ, such as dirt shoulders, 
we have to pay attention to details of signal attenuation, grazing angle, and surface fitting in 
order to find the road border. Since the ERlM uses its own laser as its light sourc8, it is 
insensitive to shadows or llghting charges. This system has even driven the Navlab at night. 
This method has also been ported to Martin Marietta, and has driven the ALV. - Terraln and Oble* Mapplng. 

Systems. me Road Following Contract has provided perception modules for the systems 

* Navigating the Schenley Park bicycle path, starting with a crude map and producing an 
updated map. This system included color vision for road-following; range data analysis 
for mapping both discrete obstacles (trees) and terrain; intersection recognition and 
navgatiion; a planner that followed the road and avoided obstacles; and sequencing to 
predict road appearance and to tell perception when to take an image. The system 
was based on CODGER, our adaptation of blahboard ideas for mobile robot 
navigation. 

-Navigating the CMU sidewalk network. using a preloaded map to predii object 
appearance and to choose between a forward-looking and an angle-mounted camera 
to see the next sidewalk or intersection. The map was also used to invoke a program 
to locate stairs. which used a "colored-range image" built by fusing camera data with 
xyz data from the rangefinder. 

built by our Integration work. Highlights of these systems include: 

Other components have been developed and tested, but have not been integrated into complete systems 
These include: 

-Sonar. Some of our earliest successful outdoor runs used Moravec and Elfes's sonar 
system, originally developed for indoor use, to drive our Terregator robot in Schenley Park. 
The sonar system was very good at mapping and avoiding natural obstacles such as trees. 

Stereo. me FlDO s t e m  system was ported from indoor laboratory robots to the Terregator, 
and reirrplemented on a prototype Warp. It successfully steered the Terregator around man- 
made outdoor obstacles, but was less successful with trees and bushes. Future systems 
could use the wrrplernentary strengths of sonar and stereo to build complete and reliable 
mapping. 
Other Road Detection Methods. Our early systems tracked edges, oriented edges, road 
cross-section profiles, correlation window outputs, and other features. Each of these 
methods works well, but only in particular circumstances. Current resealch is using several 
of these operators together to track the lines, shoulders, and other features of public 
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highways. A model-based control program will take advantage of the structure of highways 
to decide which features to track and how to track them. This approach should be robust as 
well as efficient. Other current work is exploring new methods, such as an unsupervised 
color classification scheme that uses shape information but does not need color data from 
previous images. This scheme is not susceptible to quickly changing illumination, and can 
find the road at the beginning of a run to initialize the color tracker. 

Our multi-sensor perception experiments need to know the geometrical 
relationship between sensors. Even for a single sensor, it is important to know the transform 
from sensor to vehide coordinates. Our best calibration system uses images of two grids of 
points to build transform lookup tables, or to derive traditional camera parameters such as 
location, piercing point, row and column vectors, etc. 

0 Objecl recognltion. In order for a mobile robot to pefform a meaningful mission. it must be 
able to see and recognize known objects. Examples of our object recogniiiin work are two 
programs for raoognizing cars, one using color data and the other using range images. Color 
car recognition used hierarchical grouping, in which edges are grouped into lines; lines into 
parallels; parallels into trapezoids; and trapezoids into connected sets that could be car 
m f s ,  windows, trunks, or hoods. Starting with range data, the 3-D system first detected flat 
surfaces, then applied single-surtace constraints such as range of orientations allowed for a 
roof or door, then used suriace-pak constraints such as the angle between a roof and door. 
Both methods work on several views of different cars. 

*Callbratlon. 

Insights and Advice 

Through the course of our work, we have developed some basic maxims ot developing outdoor mobile 
robots. While some of these are scientifc insights, most of them have the flavor of pragmatic advice. 
The most important include: 

' 

Computing is a bottleneck. Our best results use the Warp, rather than a Sun, to gain 
processing speed. The extra computer power is mostly used not to drive the robot faster but 
to process images more frequently. Processing images more frequently in space means 
easier prediiions, more objects shared between succassive images, and smaller changes in 
apparent size and shape. Processing more quickly in time means less sensitiiity to lighting 
changes. The 100 MFbps of the Warp help give us a 2-second loop for our current color 
vision algorithm. But processing remains a bottleneck Even tor the same algorithm, we 
could use an additional factor of 60 to get to frame rate, times an addiiional factor of 64 to 
process higher-resolution images. 

Development environments are a bottleneck. While the Warp gives us vast improvements in 
processing, until recently it was difficult to harness that power. Hardware devebpers and 
computer engineers tend to expect their users to have a few well-specified algorithms that 
can be compiled once and tun many times. But it is the nature of research that programs 
and parameters need to be changed frequently. To be useful, a supemmputer needs to 
have debuggers, hardware diagnostics, easy access to display devices, and compilers that 
run in reasonable amounts of time. Fortunately, those are now becoming available on the 
Warp. 

Simplicity helps. Object rodels, algorithms, and systems should be no more complex than 
needed. A road model, for instance, that attempts to derive too many geometric parameters 
from a single interpreted image, may be subjeci to large instabilities due to small errors. We 
have had much greater success in modeling our road as locally planar and straight. By 
solving only for the x and theta of the road, we have a stable solution insensitive to minor 
noise. And by processing quickly, we can track the road as it does eventually turn or pitch, 
and compensate as we arrive at those points. 

The world changes. Our early outdoor stereo work was foiled by wind-blown trees. Early 
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color vision made assumptions about constant appearance, and ran afoul of variations in 
grass color from place to place. Fairly sophisticated vision systems can be fooled by a cloud 
suddenly covering the sun, which changes not only the intensny but also the color of 
illumination. The appearance of the road changes from one run to the next, due to our own 
tire tracks, oil drops, and other effects. 
Sensors are a bottleneck. Too much effort goes into overcoming insufficient dynamic range, 
fighting noise. and mdeling errors. Our solutions include using 2 cameras mounted very 
close to each other, with dinerent iris settings, to extend the dynamic range. This is an 
engineering solution to a technology problem, and dive* effort from science. Yet this sort of 
"hack" is W e d  to use many current sensors. 

Direct sensing helps. Reasoning in 3-D is much easier when the data starts out in 3-D, such 
as from a scanning laser rangefinder. Our ERlM data is not perfect, but gives us an 
excellent starting polnt for obstacle detection. terrain mapping, and 3-0 obiect racogniton. 

Image Understanding (IU) is still needed. There is no direct sensor for "road" or "tree". 
Furthermore. there are objects and tasks that we do not yet understand how to handle with 
simple algorithms and models. So even with g w d  3-D and color sensing, it is still necessary 
to do all the IU tasks of modeling and interpretation. Direct sensing may eliminate some of 
the messy low-level interpcetation, but does not eliminate the need for fundamental work in 
IU. 
Integration is diniilt but crucial. Capable mobile robots need multiple sensors, probably with 
multiple sensor interpretation methods, and have multiple goals and multiple control 
schemes. If the individual components are designed separately, they are not likely to work 
together. Much of our design and testing effort has been devoted to working with our sister 
Integration effoil to Mild systems that can follow roads and avoal obstacles; that can look for 
landmarks while looking for roads; and that can handle other conflicting demands. 

Easy tasks are easier than expected, hard tasks are harder than expected. Following a 
well-lit sidewalk, bordered by green grass, is nearly trivial. Following a winding path with dirty 
asphalt. bordered by trees, grass, dirt, and fallen leaves, with changing lighting, is much 
more difficult. 

Do not trust laboratory simulations, or runs on a lew canned images. Simpliiied or reduced 
test data is useful for first debugging, but success in the lab does not guarantee success 
outdoors. There is no substitute for lots of experimental runs. 

Mobile robot research is increasingly Important. Results from our work have already been 
directly applied to interpreting sonar data (for design studies of an underwater autonomous 
vehicle) and to mapping terrain for planning footfalls for a walking planetary rover. The ideas 
and experience coming from our project have influenced many other mobile robots, ranging 
from underground mining vehicles to other mad following efforts. And in general, the Road 
Following work is part of a paradigm shift in image understanding research, moving from 
generic interpretation of single frames of laboratory data to go? driven analysis of streams of 
images from a real, continually moving, outdoor robot. 

1988 Progress 

In 1988 we neared completion of one of our road following programs, and began work on three new road 
followers. Our range data processing built maps and, in conjunction with NASA sponsorship, began vety 
high resolution terrain analysis. The highlights of these projects, and of the systems that use them, are 
briefly described below. Furtherdetail on the major efforts is in the following chapters. 

SCARF In 1988 we completed SCARF, our system for Supervised Classification Applied,to Road 



Following. SCARF is the logical continuation of a long chain of road following programs that use color 
classifiiation. The first implementation of SCARF in 1986 ran on Sun workstations, with 32 by 30 pixel 
images, in about 12 seconds per image. Later implementations of that version ran on the prototype Warp 
and on production Warps. with speeds as fast as one image per 4 seconds. 

Over the past year and a half, we have upgraded SCARF to use, first, higher resolution images (60 by 
64). and. second, two images to increase dynamic range. This slowed our runs to tens 01 seconds per 
image, even on a Warp. 

Now. taking advantage of compiler upgrades for the Warp's W2 language. and doing some code 
reslructurlng, we have reimplernented SCARF on the Warp. Our processing time is now down to 2 
seconds per image. We moved almost all of the code onto the Warp cells themselves. Fulther, we 
reduced the number of calls to the Warp per image from 14 (last year) to 3 (earlier this year) to 1 (now). 
After initialization, we pass the Warp cells each new image, and get back only the new road locatiicn. All 
of the system state is saved on the cells from call to call. We also have debugging versions that can 
extract classification information for display, but those extra Warp calls and data movement slow down 
the system. Current running time is 1 second of Warp time per image. 

The full formulation of the probability equation used in classiiation includes the Icg of the detenninant of 
each class. Early implementations of SCARF on the Warp have always avoided logarithms, since there is 
na log function in W2. On benign data, this did not cause any problems. But funning with the Navlab 
outside on a snowy day, the system did not work correctly. In our standard test sequences, each class 
had approximately the same size determinant (Le., the classes had approximately equal variance), so we 
could safely ignore that term. But on a snowy day, the "snow" and "road" classes each had very small 
variance, while the "trees + parked cars +trash barrel" class had a much laarger variance. This imbalance 
Caused improper classifiions. We worked with the Watp group to include a log macro and to compile it 
into our W2 code. The resulting system performs no better on mst of our images, but dramatically 
improves performance on snowy days and under simitar circumstances. 

The resulting system has driven the Navlab many times, along our narrow bicycle path in Schenley Pa&. 
The top speed at which we have run is one meter per second, the length of our test course (compared 
with 20 cwsec last year). With the fast processing loop and the complete formulation of probabilities. the 
vision results are solid. While vehicle speed has always been a secondary concern of our work, we can 
now drive at moderate speeds on our df i iul t  test course, and should be able to use the same system to 
drive at higher speeds on wider, straighter mads. 

SCARF is described in Chapter 2 of this report, "Color Vision for Road Following". 

UNSCARF: One of our new mad detection algorithms for this past year is UNSCARF, for UNSupewised 
Classification Applied to Road Following. A large problem with our early road perception work was 
dealing with rapidly changing illumination. If the sun is covered by a cloud, the lighting is diffuse and we 



can follow roads with a single camera. If the sun is out, there are problems with camera dynamic range. 
but our methods that use two cameras work. But if the sun is quickly covered or uncovered by clouds, 
then colors change and shadows change and the brightness changes. If object appearance differs 
greatly between successive processed frames, current methods have a hard time tracking the road. 

UNSCARF places less emphasis on colors and more on shapes. Instead of classifying each pixel 
according to statistics from previous images. it groups neighboring pixels using unsupervised clustering 
methods. We have found that chstering with 5 parameters (R,G,B and row,col) gives us classes that are 
both homogeneous in color and connected in the image. We then piece a road shape together out of 
those clusters, instead of from individual pixels. Evaluating candidate roads uses shape cues such as 
parallel edges, smooth edges, edges the right distance apart, and so forth. The combination of 
unsupervised classification and evalllation with shape cues makes UNSCARF tolerant of the large 
illumination changes that have given problems to previous systems. 

UNSCARF is also described Chapter 2, "Color Vision for Road Following". 

FERMI: FERMI deals with public highways and roads, that have more structure and variation than our 
Schenley Park test site. The key to handling diverse roads is explicit modeling of the colors, shapes, and 
features of each road type. FERMI has a representation that lists width, maximum curvature. color, 
surface typs, bcation of lines, type of shoulders, presence of guard rails, type of adjacent vegetation or 
soil. illumination conditions (sunny or cloudy), illurninatbn direction, and so forth. Then by having many 
simple experts, one for tracking each type of feature,.we are able l o  follow many kinds of roads within the 
same control framework. None of the individual trackers (edges, lines, color discontinuities, etc.) that we 
explored in our early work were adequate in themselves for road following. But by incorporating many of 
them into a single system, and intelliiently selecting which tracker to use to follow which feature, we 
expect FERMI to be reliable and flexible. In 1988, FERMI has been designed and partially constructed, 
and has driven the Navlab. 

Details of the FERMI design are in Chapter 3. ' Exp l i  Models for Road Following". 

ERlM Reflectance: A new project for 1988 is road tracking using the €RIM reflectance data. Our E R N  
laser ranpefinder produces not only range at each point but also magnitude of reflectance. Since the 
scanner produces its own illumination, the refkctame images are not distorted by shadows or sunlight or 
changing cloud cover. Reflectance is affected by distance (less of the illumination is reflected back to the 
scanner from more distant objects), but this can be compensated for by using the range data. So many 
of the sources of error in standard video images are rot present in active reflectance data. 

There still are, however, some problems with using reflectance data. The magnitude of the reflectance 
changes with grazing angle: the mad at larger distances appears at a shallower angle, and reflects less. 
Reflectance also changes from place to place along the road, as the road surface goes from dirty to clean 
or from wet to dry. And finally, since reflectance is only a single channel (rather than the three channels 
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of an RGB camera), not ail objects have distinct appearances. 

The solution to the grazing angle is to process each image as a series of horizontal bands, so within each 
band the grazing angle is approximately constant. We keep separate appearance statistics for each of 
the bands. We handle changes from place to place by updating our appearance models each image. 
The problem of multiple objects with the same appearance is more difficult. Part of the solution is to limit 
processing to a band around the predicred road location. Arcother answer is to use geometric constraints, 
such as expecting road edges to be kcally parallel. But the effectiveness of these solutions depends on 
the materials that form the road and ils borders. Asphalt and grass have much dinerent reflectances, so 
the portion of our test path that is grass-lined is easy to segment. Dirt, however. can appear much more 
like asphatt. so in dirt-lined segments we have to use more detailed processing, such as tracking a single 
road edge when the other edge is indistinct. 

Our program to folkw roads using ERlM reflectance has run the Navlab many times, including runs at 
night. This is the fim time we have had a usable day/n!ghl road following system. The program was also 
transferred to Martin Marietta, and successfully drove the ALV. 

in addition, this work provides the first step in a new project in building and re-using maps. As we drive, 
we record the position of the road (from reflectance analysis) and of obstacles (from range analysis). 
When we later retraverse the same path, we use the detected positions of the road and obstacles to 
locate the Navlab on the map. The map can then be used to predict upcoming obstacles or turns in the 
road, and to plan paths past the current field of view. 

Our work with reflectance processing and road mapping is described in Chapter 4, 'Building and 
navigating maps of road scenes using an active sensor: 

Terrain Mapplng: The algorithms that build a terrain description made of polygonal regions have been 
implemented and demonstrated on the Navlab. The resulting description is a mesh of polygons built from 
an €rim image, each of which is a feature of the terrain. This terrain modeling pmgram provides the type 
of information required by the new path planner. The combination of terrain modeling and path planning 
has been demonstrated on the Navlab and is a major step toward cross-country navigation and the 
implementation of the Core system. 

Tenain mapping work is included as part of an overview of all our range data analysis research in the 
past four years in Chapter 5. "3-0 Vision Techniques for Autonomous Vehicles". 
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Simple steering I plannlng programs "quick" and "dirty" 
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Color Vision for Road Following * 

Jill D. Cnsman and Charles E. Thorpe 
Robotics Institute, Carnegie Mellon University 

Pittsburgh, PA 15213 

October 12, 1988 

Abstract 

At Camegie Mellon University, we have two new vision systems for outdoor road follow- 
ing. The 6rst system, called SCARF (Supervised ClassiEcation Applied to Road Following), is 
designed to be fast and robust when the vehicle is running in both sunshine and shadows under 
constant illumination. The second system, UNSCARF (UNSupe~lised Classitidon Applied u) 
Road Following). is slower, but provides good results even if the sun is alternately covered by 
clouds or uncovered. SCARF incorpOrates our result3 h m  OUT previous experience with road 
uacking by supervised classssi6cation. It is an adaptive supervised classification scheme using 
color dara from two camads to f a m  a new six dimensional color space. The road is localized 
by a Hough space technique. SCARF is specifically Wigned for fast implementation on the 
WARP supercomputer. an experimental parallel architecture developed at C m g i e  Mellon. 

UNSCARF uses an unsupervised classi6cation algorithm to group the pixels in the image into 
regions. ?he mad is detected by finding the set of regions which, grouped together. b e y t  match 
the rmd Shape. UNSCARF can be expanded easiIy to perform unsupervised classificatii.;i on any 
number of features, and to use any combinatim, of constraints m select the best combination of 
regions. The basic unsupervised classification segmentation will alsa have applications outside 
the realm of road following. 

1 Introduction 
At Camegie Mellon University, we have been building successful, color vision b d .  road fallowing systems fm several years 
[6,7,9.10]. ?he main emphasis of OUT road following r e s m h  is ta find unsauctured roads in images that are complicated 
by shadows. leayes or dirt lying on the roab, lighting changes. and the like. We initially used edge based techniques, that 
searched for edges in the image to conespond with rwd edge in the scene. This proved inadequau: for ow Schenley 
Park test site. since often image edges caused by shadows were more distinctive than edges formed from road boundries. 
Currently we have teen using a Color ciassification system, SCAW (Supervised Classification Applied to Road Following), 
where each pixel in the image is labeled as road or non-md based on the match of its calor to peviously learned colors. 
?he mad is found by looking for the road shape that contains the most 'road' labeled pixels. We also use an unsupervised 
classikition algorithm, UNSCARF (UNSupervised Classification Applied to Road Following), that groups pixels that have 
similar color and location, and then searches for the combination of groups that best matches the road shape This paper 
discusses these two systems. 

Other groups have also been working on road-following. In Germany, Dickmanns and Grafe [3,4] view mad following 
as a conml problem. They have developed an elegant conml formulation that incorporates a simple road edge detector 
wirh the vehicle model to drive their vehicle at speeds up to 100 kph. They also use constrain& of the autobahn shape 

'This research is sponsored by the Stntegic Compuhg Initiative of DARPA. DoD, through ARPA Order 5351, and monitored by [he 
US Anny Engineer T ~ g r a p h i c  Lpborarories unda mntract DACA76-85C-OOO3. tided "Road Following." Portions of his research were 
also partially sponsored by the National Science Foundation cantract IXR-8604199 and by the Digital Equipment Corporation Exrernal 
Rerearch Program 



and markings. The autobahns are of constant width and are either straight. constant cwature. or ilolhoid in shape. The 
rapid processing and smctured road model help to limit a search window in the image, and discard the extrmeous edges 
normally found by edge detectors. However, it seems that their hackers could be distracted by fhe shadows. puddles and 
road imperfections that plague our test site. 

?he University of Maryland [Z] has also been wor!cing on mad following. l k i r  system drove an autonomous vehicle 
based on edge detection. Image edges where -ked hom the bottom of the image to the top using an edge detector in a 
window of the image. Once an edge is located, it is used to conshain the position and orientation of the next window. Tben 
the edges were grouped using a Hough transform to determine which image edges form the best road edge. This system 
worked well when the dominant edges in the image are road edges. but similar systems at CMU have failed when nacking 
edges in smng shadows or when leaves or din lie on the mads. 

At Martin Marietta, the VITS system [SI h u  achieved impressive s p d s  on fairly unstructured roads. It projects the 
three-dimensional color space (red, g m n .  blue) into one dimension, or in later systems two dimensions. It  then differentiates 
the road from non-road by a linear discriminant functioh The roa4/non-md threshold is selected by sampling a part of 
the image that is guaranteed to be road. ?his system is similar to CMU road following, but emphasizes speed rather ihan 
gened capability. Their system works fast, up to 20 kph, on their test site, but it is doubtful that it will work on other test 
sites, since the color projection is tuned for the features that are best to discriminate their road from their non-road. 

Our goal is to build general color vision algorithms that work in a wide variety of situations. In particular. we are 
working on recognizing unsuuctuced mads in various t y p  of illumination and weather conditions. To give our system 
general capabilities. we must address the following problems: 

The objects in rhe scene wdergo sp&d changes in appearance. For example, under sunlight, roads appear 
to be a diffmnt color than they appear in the shade. 

Objects in !he scene undergo lemporcrl changes in appearance. Thii may occur when clouds pass over the 
sun for instance. The change in illumination will cause identical road segments to have different colors from 
frame to frame. 

The dynamic range of our cameras is limited. We cannot digitize meaningful data in dark shadows of a 
brightly sunlit image. nor can we caplure data in the brightly sunlit regions of a dark image. 

The roads in Schenley Park are very unsrruchued. There. a ~ e  no center or bordering lines painted on our roads, 
as on highways. Many of the mad edges are obscured ar uneven. The pavement of our roads is deteriorating 
in places, and the pavement may be covexed with the same leaves, din, or snow, that appear off road. 

Our two new systems, SCARF and UNSCARF, were built to address these problems. Both systems deal with the 
limited dynamic range of the cameras by using two cameras with different iris settings to capture both dark and bright areas 
of the scene. SCARF is  designed to be a fast, adaprive system. Even though algmithm speed is not a goal of our research, 
faster algorithms have the advantage of more overlap buween frames, if the vehicle speed is constant. When the images 
are processed closer in time and distance. the lighting mnditions are less Likely to change dramatically and the road position 
in the image will not move far between tiatnes. UNSCARF tackles the tempcral and sparial changes by processing each 
image independently of the others. No color models are -ked fium frame to frame, making this algorithm insensitive to 
spatial or tempral changes in color. 

In the next section of this paper, we describe the SCARF algorithms and discrss results. U N S C W  is detailed and 
discussed in the following ation, and finally. general conclusions are drawn in the inal section of this paper. 

2 SCARF 
SCARF has evolved by adding more and more capabilities to a simple road following system. A block diagram of this 
system is shown in figure 1. SCARF uses two cameras to digitize me frame of data. The two color images are reduced by 
an averaging filter and sent to the classilia. For each pixel in the reduced images. the clasb5er calculates a lkelihccd value 
that describes how well the pixel matches remembered road and mn-road colors. The interpreter uses the likelihood values 
to find the mad shape that contains the mast likely mad pixels. The road location is then used to update the remembered 
colms for the next frame. The mad location is also used ro steer the vehicle. This system has been implemented on Ihe 
WARP supercomputer. 



Figure 1: Block diagram of SCARF 
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Figure 2: Extending the dynamic range using 2 cameras 

2.1 Two Camera System 
To extend the dynamic range of a single camera, we are using two images of the same scene digitized from the two cameras 
mounted on our test vehicle, the Navlab. The cameras were positioned as closely together as possible, and bore-sighted. 
minimizing the difference between the canera images. To avoid calibrating the two camem. we neat the images as if they 
were taken fiom the same camera. 'Ibis approximation is adequate for our purposes since the baseline of our cameras is 
much smaller than the distance to the road 

The improvement in dynamic range result?. from the differenr iris settings of the two camera as shown in figure 2. 
One of the cameras is set to capture the shadowed area of the scene by opening iu iris. The second camera captures the 
sunny areas by using a closed iris. 

When the two color images are digitized, they are 6rst reduced by using an averaging filter. This not only reduces the 
data size, but will also reduce the noise content of the image. The reduced input images are used throughout the program. 
to increase the speed of the processing. 

Two different methods for using the two input images were tested The first approach is to combine the two reduced 
imagw into one. We used a simple thresholding technique to extend the dynamic range as shown in figure 2. If the closed 
iris image pixel was to0 dark, then lhe pixel was selected from the open iris image, otherwise it was copied from the closed 
iris image. The second approach was to use both reduced input images to form a six-dimensional color space. 'Then all six 
features, the red, green, and blue bands fmm the two images, are used in SCARF. 



2.2 Classifier 
In standard patrern recognition theory. a classifier takes a ddimensional measurement vector. x. and chooses the best class 
label, u,, from a set of K classes, using a previously computed, cfars conditional probability. P(xlu,), for each class 01. The 
best class is the class that maximizes the a posteriori probability, Pcqlx). The expression for the a posteriori probability is 
nomallv derived from Baves d e :  

In our case, each pixel provides a 6 dimensional measurement vector (d = 6). x = IRIGIBIRIC~B>~~. formed by 
concatenating the red gi'em. and blue bands of the two reduced input images. We use several classes to model road and 
non-road colors, typically 12 road models and 12 mn-road models, giving 24 total color models (K = 24). We assume 
that the chss codrionaf  probability models for each class are Gaussian disnibutions. therefore, P(xluj)  can be completely 
characterized by &e mean vat- and the covariance maaix of the sampled pints for class uj. We also assume that the 
P(w,) is the ratio of the number of samples in wj,  Nj, over total number of samples, N. Therefore, 

2 n - . v t l p - ~ ~ - ~ / z , -  tcx-mjirC;'n-m,i Nj 

F' P(u,lx) = 
P ( X )  

Rather lhan calculating P(wj1x) at each pixel. we simplify the calculations by chosing the class, uj, that has the maximum 
In P(wj1x). This can be funher simpli6ed by noticing that P(x) is identical for all of the clsses, so that it can be eliminated 
from all of rhe terms. Therefore our classifier selects the class that maximizes the following likelihood measure: 

2.3 Interpretation 
The interpretaticm receives a likelihood image, containing Aj. and a classification image, containing ij. from the classifier. 
By locking at the classification image, we can label each pixel in the image as either 'road' or 'non-road'. The interpreter 
searches for the r a d  having the highest combined likelihood using a voting scheme similar to the Hough technique. The 
standard Hough algorithm searches for a Line by voting for all of the lines passing thmugh an edge point. However. we 
find a road by voting for all the possible roads containing 'road' pixels and by voting against all possible roads containing 
'non-road' pixels. The main difference is thal a l l  of cur pixels vote, not just pixels lying on the edge of the road. We also 
use the likelihood measure to detemme ' thc weight of cach vote. 

We assume the mad is locally nearly straighg and can be parameterized using v, the column where h e  road center 
line cmses the horizon row. (or h e  vanishing point) and 6, the angle between the road center line and a vertical image line. 
These two parameters are tk dimensions of an accumulator used for collecting votes. Each pixel in the I i k e l i M  image 
votes for all the roads that contain that pixd by adding its likelihood to the poper positions in the accumulator. 

For each angle Bi .  a given pixel location (r ,c)  will vote for a set of vanishing points lying between v, and v. as shown 
in figure 3. The starting columa position, v,. correspds the inteqmtation that pixel (r ,  c)  lies on on the right hand edge of 
the road in the image, and the ending column position. v, COnrSpOndE to the (r, c )  pixel lying on the left hand edge of the 
road. The w positions are calculated by: 

v, = c + (r - horiz) tan 6 - (w/o(r - horiz) 

v. =c+(r -hOnz) tanB+(w/O(r -hor i z ) .  
where horiz is the horizon row in the image, w is the road width at the bottom of the image, and I is the length from the 
horizon row to the bottom of the image. The maximum value of the accumulator is chosen to be the road 

2.4 Model Formation 
The new model can be calculated uing standard statistical equations for mean and covariance: 
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Figure 3: Hough voting scheme 

First we have to decide which pixels belong lo eafh class. Owe we have a ‘road‘/’non-road’ labeling, we calculate sratistics 
for the mad and non-road classes. Then we reclassify each ‘road’ or ‘non-road‘ pixel using only the road classes for ‘road’ 
pixels and only the non-rmd classes for ‘non-road’ pixels. We iterate the calculate statistics and reclassify steps until the 
clarses converge. 

The road location is given Fmm the user in initialization ox from the interpretation on subsequent steps. Using this 
location. each pixel can be identified as road or ncm-road. The road region and the non-road region of Lhe image are shrunk. 
forming a safety margin at the edge of the mad. This is impatant so thal the new color model is not cormpted due to the 
discretization OF road Iocations M inaccurate E t b g  of a straight mad model to a gently curving mad. The reduced road and 
non-road areas are used to sample the colors of road and non-road. 

An iterative clustering techniqm is applied to the rmd region and an identical procedure is followed for the non-road 
region. First, the road pixels are arbiwrily given one of the road Clas Labels. We assign the classes by indexing through 
the road pixels and =signing the next road class. Tk color model consisting of {Nj, mi, C, )  is calculated for each of Lhe 
classes using equations (1) and (2). Then all of the mad pixels arc relabeled by the class whose mean color is closest to the 
pixel value, and a new color model is calculated using the new Iakling. This ’IabeVsample’ loop is repeated until most of 
the pixels remain in the same class, 

2.5 WARP Implementation 
We have implemented one of OUT supervised classi6cation systems on the wire--. prototype WARP supercomputer 
[I]. The increase in pmxssing sped, although signiiicanl was limited by the small memory on each cell. Much time was 
spent down-Wng code and dam, at each Function call, typically 14 calls per step. Our new PC WARP has more memory 
on earh processing unit, allowing larger programs and larger global data smc~ures. Therefore, we have one large WARP 
function rather than multiple WARP functions, taking advantage of the larger program memory. This results in greater speeds 
since data is only downloaded once and h e  WARP start-up sequence is executed once per image frame. 

The inputs to the WARP program are the six reduced images and the statistical model for each class. The WARP 
function segments. interprets, and produces t k  new color model. It outputs the road loution and the new color model. 

2.6 Discussion 
This program has been tested on seveml sequences of images. The SCARF system has driven over dl of the roads of OUT 

test site successfully. We have driven the system a variety of wearher conditions, MI different road surfaces, and under 
different lighting conditions. It adapts very well to different road surface types and differing off-mad objecs;. Figure 4 
shows SCARF running thmugh severe shadow conditions from OUT test site. 



Figure 4 SCARF examples in dark shadows: The lines show the resulting mad location 
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Figure 5: Effects of rapid illumination change 

Using two input images dcm increase the dynamic range beyond that o i a  single camera. We found Lhat combining 
tk data into a single image provided a fast means of exrending the dynamic range, however, using both input images was 
more reliable. Not only does the use of two images incrurpe the effective dynamic range, it also increased the data available 
to classify each pixel, hereby increasing dassificarion c o d m e  and accuracy, Moreover, using all the dam from bolh 
Cameras avoids the potential problems of picking a threshold for selecting data to form a single image. 

'Ihe classification works well as long as the lighting conditions 01 ttre road type does not change drastically between 
frames. As the time and distance between frames decrease, the results from the claEsi6cation improve. 

The Hocgh interpretation provides the robusoless of the SCARF system. Since it is an area based technique. there is 
more data used in the interpretation than an edge based technique. This makes the system less sensitive to noise. Using !his 
interprelation, we have been able to drive our Navlab vehicle in a variety of weather conditions. The mulrs are good even 
when the road may 5e partially covered with the same leaves, dirt, oc snow that is on the non-road parts of the image. 

3 UNSCARF 
UNSCARF was designed to attack the problem with temporal and spatial color appearance changes. In SCARF. mcdcls 
or road and non-road colors. taken from the previous image, were. used to label pixels in the current image. However, if 
the color appamce of these objects changed dramatically, for any reason, then the color models no longer represented the 
colas of lhe objects in the new image. SCARF perfmed well as long as the illuminarion did not change too quickly. An 
example of a failure situation due to rapid illuminalioo changes is shown in figure 5. A classifier is calculated for sunny 
and shaded mad and non-road classes in a sunlit scene as shown on the left. In rhe next image, that classiher will fail, since 
the sun is hidden by clouds and the colors of the road and non-road classes have shifted. 

UNSCARF does mt use pre-computed cola models, instead it groups pixels that are similar in color and location 
in the image using an unsupervised classification algorithm as shown in figure 6. Then the pixels with the same labels, or 

. 

' 
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Figure 6 UNSCARF block diagram 

classes. are collected into regions using a connected components algorithm, and polygon approximations are fit to the pixel 
regions. Finally we search for the combination of polygons that. taken together, foms the best road shap. 

3.1 Unsupervised Classification Segmentation 

The unsupervised classification algorirhm gmups pixels having similar colors and locations by an iterative clustering technique 
similar to the model update of the SCARF system. The main difference is that none of the pixels have a 'road or 'non-road' 
label. The pixels are. given an initial clssification. ?hen a statistical model is calculated for each class, and the pixels are 
reclassikd using the new mcdeL ?his is repeared until the classes converge. 

Each pixel of the input image has five features (d = 5) that are used in the clustering: 

x = [RED, GREEN, BLUE, row, columnlT. 

?his can easily be expanded m a eight dimensional space by using the RGB bands of a second image. The system has a 
f i x d  number of classes in each image, in our typically 24. First it labels each pixel of the image with a class, insuring that 
the classes are evenly scattered throughout the image. Next a statistical colm model, {Nj, mi, C j } ,  is formulated for each 
class, w,. for this class assignment using equations (1) and (2). Then the pixels are. labeled using a classification scheme 
similar to that of SCARF and a new statistical model is calculated. The 'classify/sample' loop is repeated until most of the 
pixels in the image remain in the same class. This usually converges quite quickly, taking beuveen 8 and 15 iterations until 
95% of the pixels remain in the same class. 

The classification scheme can have several different flavors. 'The iirst scheme used was a nearest mean classifier. In 
other words, the pixels were labeled with the class whose mean was closest to the pixel value. This has a tendency to form 
spherical clusters in the feature space. Since we were using the spt ia l  paramuer~ of (row, colwnn) all of the regions formed 
from the final class labeling have a approximately circular shapes in the image. To allow elliptical shapes to represent 
elongated or linear objects we used the nearest class BS given by the MahaIanobis distance: 

dj = (x - mJTC-'(w - mi) 
This distance mehc needed m be normalized since once one of the classes had a larger covariance than any of the other 
classes, then in the reclassification, even more pixels would be classified as the large class. This would balloon until all of 
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Figure 7: Road costs 

the pixels were described by one class. To avoid this, we normalize the distance metric, by dividing each element of Lhe 
covariance mamces of each class by the b root of the determinant of that matrix : 

c:j = Cij/llCIl 

Then the Mahalanobis distance menic is calculated using C’: 

dj = (x - rnjlTC’-’(x - mi). 

This allows each class to have a different elliptical shape, while m8intaining the same size for each class and thus preventing 
one class from dominating the others. 

Selecting the initial classes scattered throughout the image, causes the (row, column) parameter statistics to be almost 
identical for all classes. Therefore the initial classikation is based solely on color. In later steps. however the (row: column) 
paramem are valuable. By clustering with color. we assume that an object will have a similar color throughour By 
adding rhe (row, column) parameters, we are exploiting the constraint that objects are I d z e d  in the image. The posirional 
constraint made segmentations cleaner than strictly color constraints, by eliminating small noisy regions. 

3.2 Interpretation 
The interpreter is based on evaluating al l  possible mads that will could appear in the image. The evaluation function looks at 
the difference between the road shape and the region edges in the image. The interpreter uses the same two mad panmeters 
as in SCARF: v. the column at which the roxl cmsses the horizon, and 0, the angle beween the center line and a vertical 
line in the image. However, insread of building an accumulator, we step through all of the interpretations and evaluate how 
well that interpretation fits the regions of the image. 

To evaluate a candidate road, we lirst decide which regions would be part of theat candidate road. This is done by 
testing if the center of mass of the region lies on the road All of the regions lying in the candidate are then grouped together 
and approximared with a conglanerate polygon. The area between the road model and the edge of the conglomerate polygon 
is used as a cost metric of the inrapretation. The candidate road whose conglomerate polygon has h e  lowest cost is selected 
as the result. Figure 7 shows the cost meuic of a good f I and a bad 6t for the road. 

3.3 Discussion and Future Work 
In this system, the low-level segmentation uses mainly color consmint?. to segment the image, while the high-level inlerpre- 
tation uSes only geometric constraints to Localize the. mad. Therefore. the different levels of the system are using completely 
different conshahts. Figure. 8 shows an example of the unsupervised cla,ssification segmentation running on a mad scene. 
The images to the right is the dass image, where each class label is represented by a different intensity value. The left 
image s b w s  the pixels colored by the mean values of their class labeling. The top pair of images is the initial scattered 
classification used to build the initial models. The middle pair of images shows the classification and mean class colors after 
two ‘classify/sample’ loops, and the bouom pair shows the results after five ‘classify/sample’ steps. 

The advantage of the c a r  evaluation scheme of OUT interpretation is that new constraints can easily be added LO the 
total cost. For example, we cwld add costs so that a l l  of the d regions sould have a similar color, different that those 
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Figure 8: Example Clustering: Top left image is the original image. Each pair of class images corresponds to 
an iteration of the clustering algorithm. The right images have each class is assigned a different intensity. and 
the left images have each pixel is colored by the mean RGB class value. The bottom right pair is the final class 
images. 

of the non-road regions. We could also add a cost insuring that the road region is similar in color to the road seen in the 
previous image. A cost can be adQed so that conglomerate polygons with siraight edges are preferred over those with jagged 
edges. Although these additional cmt have not been necessary on the images tested, they may become more important as 
we become more experienced with this interptetation system. 

The system takes about 3-20 minutes to process one frame of the sequence. To speed up the processing, we have 
implemented the unsupervised clustering algorithm dismbuted on a multiple number of Sun workstations. Using this method. 
we have achieved a speed up proponhnal to the number of Suns used. 

We will expand the unsupervised classilkation algorithm in several ways. 
First, if the system could decide the number of clasm needed to characterize the data, rather than having a 
bed number of classes specif&, then the regions would be more representative of the data. AS an initial 
attempt, we aiU split and merge regions after each reclassification step. Large regions will be split. and regons 
with very close mean values will be merged. This way, the system will decide how many regions it needs to 
adequately represent the dag. 

We will expand the road interpretation to detect inrersections. We will apply the road searching that we have 
currenrly implemented. Then we will enumerate alJ of the possible branches from the road. and search for 
intasection branches with the same cost evaluation method used for the main road. We may need to add a 
colm constraint to the algorithm. since in ow test site sometimes the shadows of the trees can form inrersection 
shapes. 
We believe that the h i c  unsupervised segmentation algorithm described here. can be used for many different 
vision applications. To show this we will use this system to do terrain typing for OUI cross-counoy navigation 
experiments. 

4 Results and Conclusions 
SCARF and UNSCARF have been prototyped and tested individually. Our currenl efforts include speed and algorithmic 
improvements to each system. We are also considering cooperation between SCARF and UNSCARF One idea is to use 



UNSCARF as a bootsmpphg program and use SCARF as the general road-follower. If SCARF should realize hat  its 
results are not g d ,  then conml can be returned to UNSCARF~ 

The second possibility is to use lessons learned from one system to improve the other. We intend. for insrance. to track 
the colors of the mad regions detected by UNSCARF. Analyzing ?he changes in colors over time may provide cues which 
can improve the supervised classification in SCARF. This combination of different methods for scene segmentation will 
continue to expand the Navlab's capabilities for paved roads, din roads, and for terrain typing for cross-counv navigation. 
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for Robot Road Following 

Karl Kluge and Chuck Thorpe 

Abstract 

Robots need strong explicit models of their environment in order to reliably perceive and navigate. An 
explicilmodel is information directly available to the program itself used for reasoning about what to look 
for, how to look for it. and how to interpret what it has seen. We discuss the need for explicit models in 
the context of road following, showing how road followers built by our own and other groups have suffered 
by mt having explicit models. Our new road tracking System, FERMI, is being built to study explicit 
models and their use. FERMI includes explicit geometric models and multiple trackers, and will use 
explicit models to select features to track and methods to track them. 

Implicit Road Models Considered Harmful 

We claim that vision systems need to have strong explicit W e i s  in order to do reliable recognition. 
This is especially true in difficult situations. such as perception for an outdoor robot operating in an 
environment with no control over objects or illumination. Our particular domain is color vision for road 
following. 

During the last four years there has been intense research on robot vision for following roads. Several 
different systems have been developed, many of them under sponsorship of DARPA as part of the 
Autonomous Land Vehicle program. AIhough there have been many solid contributions to mad 
following, there is still no reliable general purpose road tracking vision system. Most existing road 
trackers work well for only a particular road. or oniy under benign illumination. They have impoverished 
models that do not allow them to reason abaut failures in their low level feature trackers. Weak models 
and weak or nonexistent high levels make them brittle in the presence of disturbances such as 
disappearing features or illumination changes. 

Each system has a model of tlw road. including expectations about road shape and appearance, and 
the changes in shape, location. and appearance from one locatlon to the next. The models are used to 
guide recognition, predicting how and where a road should appear and what methods should be used to 
find it. The models are also used for vehicle guidance, providing continuity while digitizing and processing 
each image. 

A complete model of the road encompasses assumptions made by the programmer, and procedural 
knowledge for road recognition, as well as the data structure used by the program for road description. 
The assumptions made in road modeling fall into three loose categories: subconscious models which are 
implicit to the programmer; impkit models, representing decisions made by the programmer but not 
available to the program: and expricil models which the program itself can access and modify. 

Each kind of assumption is appropriate in some circumstances. However. the more information is 
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made explicitly available to the program, the wider the range of circumstances the program can handle 
autonomously. This is especially true for models of highly structured mads, such as well-marked streets 
and highways. 

Typical subconscious assumptions, for instance, are that the road doesn't move, doesn't change color 
at any one location, is continuously connected, doesn't bend so sharply that it goes entirely out of the 
camera field of view, doesn't fold violently in 3-0. Many of these assumptions derive from the 
functionality of a road: if a narrow road makes a sudden right-angle bend, it is impossible for a vehicle to 
follow, and therefore is no longer a 'road. Assumptions at that level are safe, and are applicable to a 
wide variety of roads. Other subconscious assumptions are much more insidious. One road following 
program begins with the (correct) Implicit assumption that road edges are locally parallel, then 
(incorrectly) makes the subconscious assumption that feature-extraction routines will find the conect 
edges. This leads to drastic errors in inferred geometry when the subconscious assumptions are violated. 
Such an assumption may be not only wrong, but alw hard to pinpoint and eliminate, since it was never 
consciously made or documented. 

Implicit mdels show up in papers and in documentation, but not in code or data structures in any form 
that the program itself can access or modify. Typical implicit models are that the road is locally nearly 
straight. that the mad is always brighter than its surroundings. or that the dominant edges in the scene 
are the road borders. Such implicit assumptions are often used by the programmer to select a single 
algorithm for recognizing that particular road type, or for calculating road geometry under that assumption. 
Well-constructed programs that rely on those road models am understood by their authors to only work in 
those cases where the underiying assumptions hoM. In particular, for unstructured roads that do not 
have lane or edge markings and that do not follow rules of curvature or shape, the road model is very 
limited. Wilh such a limited road model, it may not ba possible or practical forthe program itself to use an 
explicit model. If there is only one feature that can be tracked reliably, and only one algorithm for feature 
tracking, then there is no need for explicit program reasoning. 

Explicit models are most useful in the opposite case, in which the road follows strong rules of shape 
and appearance, and there are many possible features and a variety of recognition algorithms. Then the 
program itself can select the correct features and algorithms, and can watch for changes in the road and 
change its strategy accordingly. Moreover, an explicit model that includes road semantics can help tie 
together separate phenomena. By "semantics" we mean labels such as Intersection" or "right turn lane", 
and the associated rules and descriptions that prescribe mad appearance and shape in those situations. 
For instance, a program with only implicit models may notice that a feature it had been trackjng has now 
disappeared. Only with an explicit model will it be possible for the program to understand that the feature 
was a double yellow line, that its disappearance might mean an approaching intersection, and that it is 
now past time to start looking for crossing traffic. 

Road following programs to date use only subconscious and implicit models. This is due partly to the 
kinds Of roads being tracked. which offen do not have enough sttucture to make strong models necessary 
or possible. In other cases, however, the road has strong stmcture. but the designer has made all the 
decisions implicitly. Many road following systems have only a single road-tracking algorithm, and have a 
fixed road d e l .  The designer uses an implicit mdel  to pick the "best" method for following the road. 
The resulting system appears relatively simple and effiiient since it has only one algorithm to code and 
needs no higher-level reasoning. 
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Simple appearances are deceptive. Such implicit road models detract from system performance, and 
contribute to brittleness, and to difficulty in debugging and making enhancements. Furthermore, systems 
based on such a preprogrammed model of the world tend not to be as simple as they would at first 
appear. Since the world is rarely as static as an implicit, preprogrammed, model, those programs need 
many special cases, exceptions, recovery mechanisms. and other complications. 

We contend that 1 is possible and advantageous to make the road model explicit, and to not only 
model appearance and shape information but also to include semantics in the model. Moreover, using 
such a model will make it easier to program and debug a road follower, and will lead to efficient programs. 
The bulk of the processing can be done by simple operators that needn’t be concerned with special 
cases, while the costlier recovery procedures and switching between operators will occur infrequently. 

The first hail of this paper reviews other road followers, and outlines the road models and hidden 
assumptions used by each program. In the second half, we introduce FERMI, the Following Explicit Road 
Models Intelligently, and describe its construction and pedormance. 

Systems, Models, and Assumptlons 

In this section, we describe several systems, describe their road models, and critique the implicit 
models in each. 

SCARF Color Classification 
ImpllCIl model: road colors mostly constant from one image to the next, known road shape (either 

kmwn width, locally straight and parallel for Hough interpretation. or arbitrary but known for ground 
search) 

Subconscious model: constant lighting and cameras so that constant road colors map to constant 
road images 

SCARF, for Supervised Classification Applied to Road Following. has been developed over the last 
three years at Carnegie Mellon [5]. SCARF keeps color models for typical road and nonroad features, 
typically 8 road and 8 mnroad features. Each color model represents the means, and covariances of the 
color values for that feature, and the number of pixels in that class. An image is classified by comparing 
each pixel to each class, and determining the most likely classification for that pixel as well as the 
probability of that classification. The most likely road is found by convolving a known road shape with the 
classification output, looking for the road position that has the greatest sum of road probabilities inside the 
road shape and nonroad probabilities outside the road shape. In practice, this can be done efficiently 
using an adaptation of the Hough transform that votesfor areas instead of lines. 

Once the most likely road has been found, SCARF builds new color models by supervised 
classification. The area inside the road is used to build new road models, and the area outside the road 
for the new nonroad classes. 

SCARF was designed for use on a narrow, twisting, tree-lined bicycle path near the CMU campus. 
With constant illumination, it works well. Various color classes typically represent shady road, sunny 
road, leaves. wet patches, dirt, and so forth. As the vehicle mves  onto a new type of road, classes 
adjust to represent the new appearances, as long as there is enough overlap between scenes that the 
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majority of the road has been seen and modeled in the previous image. 

The biggest weakness of SCARF is in changing illumination. If the sun goes behind a cloud between 
images, the appearance of road and nonroad features can change, rendering color models incorrect. A 
second weakness is the reliance on known road shape. If the road curves sharply, or if it changes width, 
the assumed shape model (locally nearly straight, known width) is invalid. Finally, SCARF suffers from 
the lack of features in its environment. It is difficutl to build explicit models, since its environment has few 
features: the bicycle path has no lines, stripes, guard rails, or shoulders. 

UNSCARF: Unsupervised Classification 

(currently known width, straight edges) 
IrnplicR model: road is a collection of homogeneous regions that together form a "road shape" 

Subconscious model: road edges are clean 

UNSCARF, for UNSupewised Classification Applied to Road Following, was designed by Crisman at 
CMU to overcome the problems of SCARF with rapid illumination change 111. UNSCARF does not keep 
color models from image to image, and does not ciassify pixels as road or nonroad. Instead. for each 
image, it starts from scratch and finds the classes that best describe the image. It uses the classes to 
divide the image into regions of similar appearance, then searches for the combination of regions that 
forms the best road. 'Best', in lhis case, Currently means closest match to known road shape. Other 
heuristics being considered include shape constraints, such as edge smothness and straightness, and 
color constraints. 

UNSCARF uses a weaker model than SCARF. By eliminating the subconscious assumption that 
liihting is constant, UNSCARF successfully finds roads in cases where that assumtion is violated. But 
UNSCARF also gives up a great deal of useful information for the many occasions when illumination does 
not change between successive images. A better solution would starl by detecting illumination changes 
explicitly, and using colors from previous images if illumination is constant. This is one of the themes of 
our current work. The best solution would be to improve the illumination model from a binary decision 
(changed I constant) to a quantitative analysis of how colors change wiih changing illumination. A 
complete analysis requires understanding the interactions of direct lighting; diffuse illumination from sky, 
clouds, and leaves; objm.3 colors and highlights: camera sensitivity: and digitizer effects. While work has 
begun in those directions [4], it is far from being applicable to unconstrained outdoor scenes. 

Mary I and 

accurate 
lmpllclt model: small-scale road edges dominate the scene, edges are parallel, vehicle motion is 

Subconsclous model: edge-finding is accurate, edges are clean and linked, limited curvature 

Davis, LeMoigne, Kushner, and Waxman, at the University of Maryland. have a long history of research 
In perception for road following. Their strongest system, and the only one to actually drive an 
autonomous vehicle, is based on finding edges and grouping them into lines with Hough transforms [a]. 
During mad tracking, an initial window is placed at the bottom of the image on the predicted mad location. 
The Search for the road edge in this window has two degrees of freedom. for location and orientation. 
Once this edge is located. other windows are placed above the initial window. In each succeeding 
window the road edge position is constrained by the lower window. so the Hough search need only look 
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for orientation. This technique can work adequately for scenes in which the dominant edges are mad 
borders. Similar techniques at CMU were defeated by strong, straight. shadow edges from trees and 
buildings, and by scenes in which road edges were obscured by leaves or dirt. 

Besides road tracking, the Maryland research also considered 3-D shape reconstruction. The higher- 
level attempts at 3-D interpretation of road scenes were extremely sensitive to noise. DeMenthon 121 
shows how Waxman's model can lead to perceived roads folding back over themselves. and proposes a 
new geometry that ameliorates some of those problems. 

VlTS 

shaded), known vehicle motion and road mde l  to seed process 
Implicit model: consistent colors within one image (road has at most 2 classes, for sunny and 

Subconsclous model: The color combination chosen is assumed to be always adequate despite 
changing illumination & dirt on road; this implies road appearance is constant from day to day 

The Martin Marietta VlTS system [6] has achieved some impressive goals. It has followed roads at 
speeds up to 20 kph, and detected and avoided obstacles on the road. Their system projects the 3-D 
color of each pixel onto a single dimension or, in later systems. onto a 2-D plane. Pixels are classified 
into road or nonroad based on a linear discriminant function. Once each pixel is classified. blob coloring 
gives the location of the road. The most interesting part of the Martin Marietta research is in selecting the 
road I non-road threshold. In each new scene, vehicle motion is combined with the previous road r o d e l  
to calculate the portion of the image guaranteed to contain road. This road area, called a power window, 
is sampled to detenine the typical road color for this image. The Martin system is a tightly-engineered 
combination of perception, control. modeling, and highly tuned hardware. In many ways, their system is 
similar to some of the CMU road-following, but driven by speed constraints rather than generality of 
experiments. Where CMUs SCARF uses full colar (or even 6 channels of color from two cameras) to 
track a variety of road appearances, they have selected the best combination of colors for their particular 
road. SCARF keeps many different possible appearances for both road and off road, while VlTS has at 
most two. again sacraicing general capability for speed. 

Dickmanns and Grafe 
Implicit models: gray-level edges of roads dominate the scene, road follows cbthoid shape, physical 

constraints and fast processing limit feature motion, known relationship between road features to be 
tracked. 

Subconscious models: all interesfing featuresare oriented edges, no simultaneous distractions 

Dickmanns and Grafe have demonstrated road following with a Mercedes van equipped with special- 
purpose computing [3]. They have achieved impressive performance, tracking a new section of the 
autobahn at speeds up to 100 kph. The heart of their system is an elegant control formlation. in which 
road geometry. vehicle turning radius and speed, and the location of visually tracked features are all fed 
into a single filtered state model. When running at high speeds, their system takes advantage of the 
geometry of the German autobahn. The road consists of straight lines, constant radius curves, and 
cbthoids smoothly connecting curves and straights. German roads have known lane widths and well- 
defined markings. 

The major weakness of this system is its extremely simple perception model. They use a monochrome 



camera and do simple edge detection. Their rapid processing and structured road model help them to 
detect and discard anomalous edges, but it neveflheless appears that their trackers could get distracted 
by shadows, puddles, road imperfections. or changing illumination. 

FERMI 

All of the above road followers have implicit and subconscious models of the road. But none of them 
has more than one means of tracking the road, or does any higher-level reasoning about the road, or has 
any explicit road model available to the program. Yet it is important to build and to use explicit mad 
models. Highways, freeways, rural roads, even suburban streets have strong constraints. Modeling 
these explicitly makes reasoning easier and mfe reliable. When a line trader fails, for instance, an 
explicit model of road and shoulder colors adjacent to the line will help in deciding whether the line 
disappeared, became occluded. turned at an intersection. or entered a shadow. This kind of geometric 
and photometric reasoning is vital for building reliable and general road trackers. We are now building the 
FERMI road tracking system to study explicit modeling, and to Study the use of those models in building 
reliable vision. 

Explicit Models 
Our goal in mnstructing FERMI is to follow structured roads as reliably as possible. Our central 

principle is to make explicit as much as possible: road features. geometry. and other effects. We are first 
of all building individual knowledge sources that know how to model and track specific features: 

road edge markings (white stripes) 

road center lines (yellow stripes) 

guard rails 

shoulders 

type and color of road surface 
We also have an explicit geometric model of the road. This model consists of a series of generalked 
sfripes. A generalized stripe is the 2-D analog of a generaized cylinder. It consists of a spine curve 
(currently restricted to arcs of constant curvature), and the description of a cross-section which is 
translated along the spine. The model of the road in Figure 1, for instance, looks something like 

Spine: Curvature = 0.0. 
Feature 1: starts - 3 0 4  cm * 15 crn, height 0 cm, type shoulder, description asphalt. 
Feature 2: starts -273 crn + 0 crn, height cm, type line, description white. 
Feature 3: starts -262 crn ? 0 crn, height 0 crn, type road, description asphal , 
Feature 4: starts -24 cm -C 0 cm. height 0 cm, type line, description yellow. 

9 Feature 5: starts -7 cm 2 0 cm, height 0 cm. type road, description asphalt. 
Feature 6: starts 7 cm i 0 cm. heigM 0 cm. type line, description yellow. 
Fealure 7: starts 24 cm r 0 un. height 0 cm. type road, description asphalt. 
Feature 8: starts 262 cm i 0 cm, height 0 cm, type line, description white. 
Feature 9: starts 273 cm It 0 cm. height 0 cm, type shoulder, description asphalt. 
Feature 10: starts 304 cm i 15 cm, height 0 cm, type offroad, description grass. 

The program wilt explicitly note transient road phenomena such as 
shadows 
local changes in road surface, e.g. patches 
global illumination changes, such as the sun going behird a cloud 
camera changes (auto-iris, auto-gain) 
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3-D effects such as going up and down hills 

Explicitly modeling ail these different features will be the basis for efficiency and reliability. The system 
will be efficient because the geometric constraints can specify subwindows of the image for each feature 
tracker, and tracker history from frame to frame can predict appearance and shape. Another reason for 
efficiency is that many simple trackers can be easily implemented on parallel hardware. Reliability will 
come first because of the strong geometric constraints amng trackers, and the abiliy to detect and 
ignore anomalous outputs. The ability to use a strong geometric model of the road to focus on a small 
area of the image to look for a feature reduces the chances of being misled by extraneous image 
features. More importantly, the system will be reliable because one tracker. on discovering a shadow 
edge or mad curvature change, can pass that information to other trackers and keep them from being 
caught by the same phenomenon. 

Trackers 
Many of the individual feature trackers have already been developed. We have done some preliminary 

experiments using, for example, the oriented edge operator used to drive the Terregator in 1986 and a 
simplified version of the cobr classifier developed in 1987. Customizing these feature trackers to follow 
lines, stripes, and edges will make them faster and mre robust than the general-pufpose trackers 
needed for our park scenes. 

We currently have four trackers implemented: 
a Oriented edge profile: Intensity profiles are extracted from a training window oriented 

perpendicular to the direction of the feature. These oriented templates are matched by 
correlation with intensity profiles from later images. The implicit model is that the color 
intensity profiles of an ef&e are roughly uniform along the length of the edge. 

Extended linear feature tracker: Intended for use trading such features as white and yellow 
road stripes. An unsupervised clustering algorithm is used on the RGB pixei values in a 
training window to split the image window into twa clusters: the line and the background. The 
mean RGB values for the two dusters are used in later images to classify the pixels in a 
search window. A line is fit to the pixels which are classifii as being parl of the linear 
feature, giving an estimate of the location and orientation of the linear feature in the image. 
Implicit model: that the dominant cobr phenomenon in the training and search windows 
arises from the contrast between the line and the background. and remains appmximately 
constant from image to image. 

Color boundary tracker: Used on ragged edges such as a grasshad boundary. Performs 
the same sofi of clustering as the previous tracker, splitting the pixels in the training window 
into two classes. me pixels which have neighbors that have a different label are mahed, and 
a line fit to these boundary points to estimate the edge position and orientation. Ilr.plicit 
model: assumes that the dominant color phenomenon in the training and search windows is 
the contrast between the mbrs of the two features whose boundary is being tracked. 

Matched fiiter tracker: A small training window is selected. In later search windows the 
training window is correlated with the search window. The maximum correlation value in 
each TOW of the search window is selected as an ecQe point, and a line is fit to the edge 
points. Implicit model: the appearance of the feature is constant e m g h  for correlation to be 
used. 

Our current method of selecting a tracker looks a! the size in the image of each feature. If the feature is 
narrow (i.e. a line or stripe), it selects a linear feature tracker. if the feature is wide (e.g. a lane of the 
road), it chooses to track the edge of that feature, and selects an edge operator such as the oriented 
edge tracker. Figure 1 shows the road described earlier, with boundary and oriented edge trackers 



tracking the white lines on the left and right side of the road and the left edge of the right lane 

Tracker fusion 
It is necessary to merge the estimates of feature locations and orientations returned by the trackers 

placed on various features at various points in the image into a single estimate of where the vehicle is 
relative to the spine of the generalized stripe that is currently being transversed. The method 01 fusion 
needs to take into account the possibility of trackers failing or returning erroneous estimates. 

The current method of tracker fusion is a Hough technique. Let us suppose that the spine of the current 
stripe is a straight line (the technique extends in a straightforward way to arcs of known constant 
curvature). Since the road is likely to be almost straight ahead of the vehicle, let's represent it as a line of 
the form y - rn * x + b, where :he x-axis points straighl ahead 01 the vehicle and the y-axis points to the 
left. Let's suppose we have a feature tracker tracking a white stripe whose center is offset from the mad 
spine by offseG,,. and that the tracker has returned (xi, yi) as it's estimate of the location of the center of 
the stripe. For a given m value, the y-intercept of the white stripe center line is given by bSmpe = yi - rn * 
xi, and the y-intercept of the spine by bspine = bshpe + OfIseG~,, I cas(atan(m)). Figure 2 shows the 
relationship between the feature position and the spine of the associated generalized stripe. 

Each tracker votes for all possible spines that are mnsistent with its position estimate for its feature. 
The largest peak in the ammulator array is taken as the position of the road spine. Trackers whose 
position estimates are not consistent with that spine estimate are anomalies which need io be explained. 
Currently the program does mt try to explain tracker failures. 

Interpretations 
At a higher level, we can use the semantics of the model to interpret tracker failure. Tracker failure 

may be noticed by the tracker itself. or the tracker may give a response that is inconsistent with the output 
of other trackers. In either case, the mnitoring system will notice the failure and will try to explain the 
underlyinp cause, and use that explanation to update its model. Examples of such reasoning include: 

double yellow -> single dashed yellow: no change 
*double yellow -> none: intersection awaring, predict all other lines disappear, start 

intersection-traversal behavior 
white line disappears -> many possibilities, 

* road I shoulder: nothing - all road with no border -> possible side road turning off 
* dark scene: check for shadow 
uninterpretable: check tor occlusion 

Current Status 
The program which currently exists contains 

Code for dealing with an explicit road model described as generalized stripes with spines 

The four trackers described above. 

A simple tracker selection mechanism to decide which tracker should track which feature, 

Prediction code that positions each tracker correctly based on the perceived position of the 

Tracker fusion using a Hough technique to determine the vehicle position relative to the 

A simple facilb for producing synthetic road images in order to test the effects of errorS in 

which are arcs with mnstant curvature. 

road in the previcus image and the vehicle's motion. 

spine of the current road stripe. 
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Flgure 1: Road wlh oriented edge and boundary trackers 
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Flgun 2: Stripe feature and spine locations in the Hough space 

calibration and the road model separate from the image processing problems. 

We have run this program on the CMU Navlab on a section of path in the park near campus. Each 
digitize-track-fusion-steer cycle took about 20 seconds, iunning on a single Sun 3180. The main goals of 
our initial work have been to develop a family of Irackem that work well in many situations, and to check 
auxiliary functions such as path planning and camera calibration. 

We are just beginning the second phase of our programming, which will exploit our explicit feature 
models. The first item on-our agenda is fully automatic selection of features to track and tracker type and 
placement. The user currently decides which features of ine road model should be tracked. Possible 
heuristics for automatic feature selection include both a priori reasoning (what is the expected contrast 
between these Wo adjacent features?) and run time reasoning (what is the actual contrast in the 
initialization image?). 

A second step is detrction of frackers which returned erroneous values, and explanation of their failure. 
A circular arc has only two degrees of freedom. We typically use eight or more trackers, same of which 
return x,y position and some of which also include perceived feature orientation. This gives us a greatly 
overconstrained system, and will make it possible to detect malfundioning trackers. Trackers can also in 
some instances give internal evidence of ditficuities, for instance correlation values or residuals of line fits. 
Once the program determines that a tracker is failing, the next step is determining why it failed, and using 
that diagnosis to prevent other trackers from falling into the same trap. 

We also need to model the semantics of road markings. Cues such as a double yellow line turning into 
a dashed yellow line can predict the road becoming straight arid flat. 

We also will build and test additiinal simple feature trackers as we gain experience with failure modes. 
No one tracker is likely to be reliable in all circumstances, 50 the greater variety of trackers available the 
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greater the chance of having one that works for a particular condition. Perhaps m r e  important than the 
proliferation of operators is implementing them efficiently on the Warp, our high-speed experimental 
parallel processor [T.  Most of our processing time is consumed in local image processing operations 
which are relatively easy to implement on parallel hardware. 
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Building and navigating maps of road scenes using an active 
sensor 

Martial H e h  
The Robotics Insti~tc 

Carnegie MeIlon University 
Pittsburgh, PA 15213 

Abstract 

Thk paper presem algorirhms for building maps of road scenes using an active range and 
reflectance sensor and for using the maps to traverse a pomon of the world already erplored. 
Using an active sensor has some amactive rrhranrages: I t  is independent of the iilwninarion 
condirions. it does not require complex calibration in order to tranrfonn observed features ro 
the vehicle's reference frome, and it provides 3-0 terrain modeis as well as road models. Using 
the map built from sensor dnta facilirares navigation in two respects: The vehicle may navigate 
faster since less perception processing is necessary, ami the vehicle may follow a more accurate 
porh since the navigation system does nor rely entirely upon imccurate visual &to. We presem 
a complete system that includes road foilowing, map building, and map-based navigation using 
the ERIM laser range finder. We report on experimentations of the system both on the CMU 
NAVLAB and the Mam'n Mariena ALV. 

'This researdl was sponsored by the Defense Advanced Research F'mjccts Agency, DoD, rhrough ARPA Order 
5351, rnmifored by the US Army Engineer Topog~aphic Laboratories under conrract DACA76-85C-003 
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1 Introduction 
Autonomous mad foliowing using visual information is an important application of mobile robots. In 
addition to navigating on roads, the visual information can bc used to build maps of the observed en- 
vironment. An arca of m a r c h  that has not bem cxplolul is to close the loop by using the map built 
from previous observations to guide the navigation cm a portion of the world already explored. Such a 
capability of map based navigation would enable us to improve the pcrfonnanas of the vehicle in three 
directions: 

I Faster navigation: Perception is typically the bonleneck in autonomous mobile systems because 
images have to bc proctssed as often as possible to compensate for the lack of knowledge about the 
world. If apriori linowlcdge of the environment is available from pnvious observations. perception 
is necded only to periodically check that the vehicle stays on the path prescribed by the map. The 
perception bottleneck is therefore reduced. thus leading to faster navigation. 

Mon rcliable navigation: Autonomous navigation is unreliable because of the uncertainty associated 
wirh any ScIISor data and pmwssing. Relying more on a map means relying less on sensor data 
acquired during the execution of a navigation plan. Map based navigatioa should thercfon provide 
mom a u ~ ~ ~ t c  navigation. 

Simpler pcrcepuon: A map can pmvide the expected appxuance of the environment at any location. 
Tha includes the expuzed location of objects, and the exptctd position and appearance of the 
mad. This additional knowledge allows for simpler pcrception. pmcessing, 

Athough map based navigation algorithms could be wed with a man madc map (e.g. from sweying), 
using a map built from sensor information does not makc any assumptionS on the amount of knowledge 
available to the system. thus leading to a fully autonomous systan. This is also important since it is 
difficult to obtain the resolution of a map built from sulsor data by using surveying alone. 

Most of theexistingrodfoUowingsysrcmsanbased~inttnsityorcolorimagcprocessing [14,18.15]. 
In this paper, we invesrigate the use of active sensing, namely laser range finding, for both mad following 
and map building. Using such a sensing modality has wmc anraCtive fcaturcs such as its stability wirh 
nspect to illumination conditiotu and the d i m  conversion to world coordinates without calibration. Our 
goal is Ihereforc to build a complete system from mad following to map building using active sensing, 
whereas previous RSWKII oo active scnsing for autonomous vehicles focused on 3-D map building or 
obstacle detection [2,3.6,4]. 

The images used in the experiments reported in this paper ate range and reflectance images from a 
laser range finder, the ERJM scanner [17]. The images arc 64 rows by 256 columns 8-bit images. The 
maximum range is 64 fctt corresponding to a pixel value of 255. The vertical (mp.  horizontal) field oE 
view is 30a (mp.  80"). Figure 1 shows a range image (top image) and the camspondmg reflectance 
image of a simple scene consisting of a mad and two mcs. 

Even though the road following programs were demonstrated on the Martin Marietta vehicle (the 
ALV). all results p-ted in this paper were obtained using the Camegie-Mellon vehicle (the NAVLAB) [IO]. 



Figure 1: Range and reflectance images 

2 Following roads using active reflectance images 
Early work on road following from active sensing focused on the use of range data to find the edges of 
the mad [11.1]. The drawback of this approach is that it assumes that the mad is limited by edges that 
correspond to discontinuities of the tenain surface. This assumption limits severely applicability of the 
algorithms. An altemative approach is to use the active rcflcnance images for road following. Active 
reflectance images have two characteristics that makc them atVaCtivC for mad-following applications: 
Fjrst, they are insensitive to outside illumination, that is no shadows a~ cast by objects in reflectance 
images and the influence of the level of ambiant light on the image is minimal (in fact, any program 
using reflectance images would work as we11 under night conditions). Second, each pixel in the reflectance 
image is also a range pixel whose position in space can bc derived from the geomeuy of the scanner. This 
allows us to compute tbe position of the edges of tht road found in a refleuaace image in the vehicle’s 
3-D world without any of the calibration p m c e d m  that an typical of the videbased road following 
algorithms [5].  

A signiiicant drawback of using reflectance images is that the value of the reflectance at each pixel 
depends on the value of the range at that pixel [7,17,19]. In other words, the reflectance values decrease 
as the square of the rangc to the measured surface. This effect can be comcttd to some extend by 
calibrating !he sensor with respect to a surf= of umstant reffcctancc, that is to fit a function rCIflcmrcrd = 
f(tEfl.hr.-j, range.-) over a portion of a trainimg image of constant rrflcctance 171. The functionf 
is then used to build a corntion lookup table. Such a calibration reduces the effects of the reflectance 
but does not completely m o v e  them bccause of appmximations in rbe sensor model and because the 
surface portion used for the training docs not exacrly have constant reflectance. 

Edge detection would be the natural way of finding road edges in grey level images. The nature of 
the reflectance data. however. suggests he use of a region-based technique for two reasons: Em, the 
dynamic range of the image is low. many spurious edges that an of similar m n g t h  as the mad edges will 
be found. Second, the intensity of the mad in reflectance images is very stable because it is insensitive to 
shadows and changes in illumination. This is to be compared with video images in which the appearance 
of the mad region varies significantly, thus requiting the use of multiple classes of mad and non-mad 
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regions [14]. hstead of extracting tk mad edges directly, a mad region extractor identilies the pixels 
that arc pan of the mad bswl on the road location and appcarancc predicted from a previous image. 

The principle of the mad region extractor is to keep the mean mi and variance oi of the reflectance 
values inside the road region for each group i of four scanlines in the image. The statistics arc compuwd 
on gmups of scanlimes instcad of the en tk  image in order to account for the intensity attenuation at long 
range and for the pnsmce of small markings on the road that would have an effect on a few scanlines 
only instcad of propagating to thc entire road hpion. The statislics arc computed 011 the first imagc 
by selecting thc mad region interactively. The road region is ex& from the reflectance image by 
rhrcshoIding the pixels in swab i that art between m; + ai and mi - 2 * ui, where (mi, ui) are the values 
computed on the pnvious image. The resulting binary image is then processed to remove small isolated 
regions. The road region is cxtractcd from the su of remaining regions by using three criteria: the shape 
of the boundary that is the value of the elongation, rhe size of the region knowing the average with of 
the mad, and &e position of the region in the image as predicted from the pnvious image. Once the 
mad ngion is exuacted. the values mi and oi are computed for each swath in order to process the next 
image. This algorithm is similar to [14,15], c x w t  that is uscs only one mad class. that is only one set 
of statistics, and that it computes and pndicu the road appearance over mall swaths instead of the entire 
image. 

The final output of the mad finder pmgram is the direction of the center line of the road. The line is 
computed by fitting two parallel lines to the left ami right edges of the mad polygon. If the two lines are 
parametriztd by a d h o n  7, whi& is the dimtion of the mad cnmmon to bolh edges, and the signed 
distances of the lines to the origin 4 and 4 Figure 2). the btst fit is computed by minimizing: 

The center Line of the mad is the middle line of (G‘,4) and (F, dr), the width of the mad is w = 14 - d,]. 
Figure 3 shows tbc rcsult of the mad following program on a typical sequence of reflectance images. The 
left pan of Figun 3 shows the sapcnce of nflumnce images. the rigbt part shows the road edges and 
the center line of tbe mad pmjectcd on the g o d  plane. 

In order to drive the vehicle. two points on thc cater line arc sent to a local path planner. The path 
planner generates a sequence of circular arcs using a “pure pursuit” algorithm derived from (161. The 
road following program b e  successfully two vehicles. the CMU NAVLAB [91 and the Martin Marietta 
ALV, over several hundrtd meters at a speed of 4Ocm/s, In both cases, the mad following is implemented 
on a Z m 3  workstation. The average computation time is 3 seconds per reflcctaucc image which allows 
for enough ovedap between mllsecutivc images, 

3 Building maps from range and reflectance images 
We have so far addressed the problem of building a npresentation of the envimnment from individual 
range and reflccrance imagcs. In the casc of a mobile robot, however, we have to deal with a strcam of 
images taken along the vehicle’s path. Merging those individual representations into a coherent map of 
the wodd is imponant for three reasons: First of all. merging tepresentarions from successive viewpoints 
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produces a map with more information and better resolution thaq any of the individual maps. For example. 
a tall object observed by a range sensor creates m unhown area behind it, the range shadow, where no 
useful information can be extracted. The shape and position of the range shadow changes as we move to 
another location; merging images from several locations will therefore reduce the size of the shadow, thus 
providing a more complete description to the path planner. Another reason why merging maps increases 
the resolution of the resulting representation is that the resolution of an elevation map is significantly 
better at close range. By merging maps, we can increase the rtsolution of the parts of the elevation map 
that were originally measured at a distance from the vehicle. The second motivation for merging maps 
is that the position of the vehicle at any given time is uncertain. Even when using expensive positioning 
systems, we have to assume that the robot’s idea of its position in the world will degrade in the course 
of a long mission One way to solve this problem is to compute the position with respect to features 
observed in the wodd instead of a fixed coordinate system [12,8]. That q u k s  the identification and 
fusion of common features between successive observations in order to estimate the displacement of the 
vehicle. me third motivation is that having a map would enable the vehicle to navigate more efficiendy 
a ponion of the world that has been already explored. We will focus on this aspa in section 4. 

The main problem in building a map from a sequence of consecutive images is to compute the relative 
positions of fearUnS observed from different vantage. points in order to merge them in a consistent map 
expressed in a single coordinate system. Two types of information may be used to compute the relative 
positions: The matching of geometric features from image to image, and the best estlmate of the current 
position of the vehicle as given by the dead reckoning. The position estimate from the motion of the vehicle 
cannot be used alone unless a sophisticated navigation system is used as in [3] since positional errors 



Figure 3: Road following on a sequence of reflectance images 



do accumulate in time, thus leading to unacceptable errors in the position estimate. The h a l  position 
estimates should be a combination in which the estimate from the dead reckoning is used to predict 
matches between features, and a set of consistent matches is wd to estimate the resulting displacement 
between images. In general, if F,' and Ff arc two sets of features extracted f m  two images, I1 and I2, we 
want to find a transformation and a set of pairs Ck = (Fk , Fi) such that Fi = f ( F i ) ,  where T(F) denotes 
the transformed by T of a feature F. We first investigate the fealure matching algorithm independently of 
any particular feanm type so that we can then apply it to any level of terrain representation. 

For each feature F!. we can first compute the set of fcarurts F$ that could cornspond to Ff given 
an initial estimate TO of the displacanent. The Fi's should lie in a prediction region centered at To(F!). 
The size. of the prediction region depends on the COoMence we have in TO and in the fearure extractors. 
For example, the Enters of the polygonal obstacles arc not known accurately The confidence on the 
displacement Tis rep-ted by the maximum distance 6 between a point in image 1 and the transformed 
of its homologue in image 2, llT$ -p'II. and by the maximum angle E, between a vector in image 2 and 
the uansformed of its homologue in image 1 by the rotation part of 7'. n e  prediction is then defined as 
the set of features that are at a Cartesian distance lower than 6. and at an angular distance lower than 
c from To&). The parameters used to dexermine if a feabm belongs to a prediction region depend on 
the type of that fcanuc. For example, we use the d i d o n  of a line for the test on the angular distance, 
while the c a t e r  of an obstacle is uscd for the test on the Cartesian distance. Some features may be 
tested only for orientation, such as lines, or only for position, such as point features. The f e a m  in each 
prediction mgion are sorted according to some feature distance d(F,',To(F$)) that reflects how well the 
features are matched. The feature distance depends also on the type of the feature: for poincs we use the 
usual distance. for lines we usc the angles between the directions, and for polygonal patches (obstacles or 
terrain patches) we use a linear combination of the distance between the centers, the difference between 
the mas, the angle between the surface orientations, and the number of neighboring patches. The features 
in image 1 are also sorted according to an "importance" measure that teflects how important the features 
are for the matching. Such importance measures include the length of the lies. the strength of the point 
features (Le. the cuwature value) , and the sue of the patches. The importance measure also includes the 
type of the features because some features such as obstacles arc more reliably detected than others, such 
as point features. 

Once we have built the prediction regions, we can search for matches between the two images. The 
search proceeds by matching the features F,' to the features F: that are in their prediction region staning 
at the most important fcaturc. We have to control the search in order to avoid a combinatorial explosion 
by taking advantage of the fact that each time a new match is added both the displacement and the Future 
matches an further consaained. The displacement is constrained by combining the current estimate T 
with the displacement computed from a new match (Ff , Fi). Even though the displacement is dexr ikd  
by six components. the number of components of the displacement that can bc computed from one single 
match depends on the type of features involved: point matches provide only three components, line 
matches provide four components (two rotations and two translations), and region matches provide three 
compnents. We therefore combine the components of T with those components of the new match that 
can be computed A given match prunes the search by consuaining the future pential matches in two 
ways: if connectivity relations between features are available, as in the case of terrain patches, then a 
match (F; ,Fi) mnstrains the possible matches for the neighbors of (Fj) in that they have to be adjacent 



to F;. In the case of points or patches. an additional constmint is induced by the relative placement of the 
features in the scene: two marches. (F! , Fi) and (Fj, , Ff,,), arc compatible only if the angle between the 
vectors w' = FI,Ft and d = F:j,F$ is lower than r ,  pmvidcd the rotalion part of T is no greater than r 
which is the case in nalistjc situations. This constraint meam that the relative placement of the features 
remains rhc same from image to image which is similar to the classical ordering mnstraint used in stereo 

The result of the search is a stt of possible matchings, cacb of which is a set of pain S = (Fi,Fi)k 
between the two sets of features. Since we evaluated T simply by combining components in the m u s e  
of thc search, we have to evaluate T for each S in oder to get an accurate estimate. T is estimated by 
minimizing an error function of the form: 

- - 

matching. 

The distance 4.) used in E q d o n  (2) depends on the typt of the features involved: For point features. 
it is the usual distaoct between two points; for lines it is thc weighted sum of tbe angle between the two 
lines and the distance between the distance vectors of the two lines; for rtgions it is the weighted sum of 
thc distance between the unit d i d o n  v a m  aad the distauce between the two direction vectors. All the 
components of T can be estimated in general by minimizing E. We have to carcfuIly identify, however. 
rhc cases in which insufiicient featurcs am prcsent in the same to fully constrain the transformation The 
matching S that d z e s  the minimum E is reported as the final match between thc two maps while the 
corresponding displacement ?is reponed as the best estimate of the displacement between the two maps. 
The error 

This approach to feature based matching is quite general so that we can apply it to many differenr 
types of features, pmvidcd that we can define the distance d(.) in Equation (2). the importance measure, 
and the fearurt measure. The approach is also fairly efficient as long as 6 and 6 do not become too large, 
in which case the wamh space itself becomes large. 

In addition to the mad edges, the fcarures that we mnsider for map building are polygons that describe 
the surface of the terrain and the discrete obstacles. ThC algorithms for expacting the polygonal description 
iilc reported in [?l and (61. To summarize. the fcatures used in the matching an: 

The polygoos describing the terrain parametrized by their areas, the equation of the undedying 

The polygons describing the trace of the major obstacles detected (if any). 

The mad edges found in the rcllectance images if the mad detection is reliable enough. The 
reliability is measured by how much a pair of mad edges deviates fmm the pair found in the 
previous image. 

can then be used to represent thc uncertainty in T. 

surface. and the center of the region. 

The obstacle polygons have a higher weight in the search itself because their detection is more reliable 
than the terrain segmentation. while the terrain regions and the mad edges contribute more to the find 
estimate of the displaaxment since their localization is better. Once a ?et of matches and a displacement 
Tare computed, the obstacles and terrain patches that are c~mmon between the current map and a new 
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image are combined into new polygons, and the new features are added to the map while updating the 
connectivity between features. 

In the current implementation, the initial estimates of the displacement To art taken from the cenual 
database that keeps track of the vehicle's position using dead reckoning. The size of prediction region 
is fixed with 6 = one meter. and c = 20". This implementation of the feature marching has performed 
successfully over the course of runs of several hundred meters. The final product of the matching is a 
map that combines all the otsuvations made during the run, and a list of updated obstacle descriptions 
that are sent to a map module at regular intervals Since ermrs in determining position tend to accumulate 
during such long runs. we always L a p  the map ccntcral around the current vehicle position. As a result. 
the map representation is always accurate close to the N m n t  vehicle position. As an example, Figure 6 
shows the result of the matching on five consecutive images separated by about one meter. The Scene 
in this case is a road b o d e d  by a few trees. Figure 4 shows the original sequence of raw range and 
reflectance images, Figure 5 shows perspective views of the corresponding individual maps, and Figure 6 
is a rendition of the combined maps using the displacement and matches computed from the feature 
matching algorithm. This display is a view of the map rotated by 45' about the x axis and shaded by the 
values from the reflectance image. 

Figure 4 A sequence of range and reflectance images 

Figure 8 shows a map built from twenty images over sixty m a r s .  In this display, only the road 
edges, the center line of the mad, and the discrete obstacles arc shown. To obtain this result, the vehicle 
was driven by the mad following algorithm of Section 2 at a continuous speed of 20 d s .  The road 
following and map building modules are separated because the map building module requires an average 
of fifteen seconds of computation time per image which would prevent stable continuous motion. The 
overall structure of the map buildinghad following system that was used in chis experiment is shown in 
Figure 7. The map building and mad following modules are executed on two separate processors (Sun3's). 
They both access the ERIM scanner through a network interfacc. 'Ihe mad following module sends a 
new path that is a sequence of arcs to a separate helm module running on a thne processor. The helm 



Figure 5: Individual maps 
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Figun 6: Perspective view of the combined map 

also provides initial estimates of the vehicle position to the map building module. The communications 
between the helm and the two other modules are handled through the CODGER system [lo]. 

4 Map-based road following 
In this Section, we investigate the last part of the system, that is the use of the map built from mad 
following to traverse- the same portion of the world. 

The map-based road following must proceed in thne steps: computation of the starting position, path 
planning in the map, path execution and comction. The first step is needed to avoid constraining the 
s d g  position and heading of the vehicle at the beginning of the travmal of the map to those used 
to initiate the map building stage. The position and heading of the vehicle with respect to the map are 
computed by matching lhe features, mad edges and objects, observed in an image taken at the starting 
position with the features of the map that arc predicted to be visible given a rough initial guess of staning 
position. The matching algorithm is basically the same as the one used for the map building except that 
in the current implementation, only road edges and discrete obstacles are wed. For example, Figure 9 
shows the initial guess of the statting position (marked by a cross) and the portion of the mad and the 
obstacle that are used for the matching. The map featuns are predicted by intersecting the sensor field 
of view with the map. 

Given the w i n g  position, the second step is to campute a path that follows the road using the map. 
This step is the most straightfonvard in that any path planner that provides for smmth paths can be used. 
For example, Rgurc 10 shows a path (solid line) composed of a sequence of circular arcs. Tne path is 
computed by dividing the Center cume of the road (doued line) into small segments over which b e  pure 
pursuit path planning algorithm of Section 2 is applied. 

Once a path is computed, the vehicle is ready to follow the road based on the map. Ideally, the vehicle 
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should be able to correctly execute the path without any perception at all. In practice, however, the vehicle 
will drift away from the ideal path due to wheel slippage, and the accumulation of small controller errors 
and numerical emn. Therefore. the position and heading of the vehicle with respect to b e  map must 
be recomputed periodically by comparing the f e w  that arc actually obselved while executing the path 
and the fearurts that arc predicted h m  the map given the current estimate of the vehicle's position. 'Ihe 
qucsticn now is bow often should we make a position correction. that is take an image. e m a  mad edges 
and objects. and match them with the map, in order to stay within reasonable bounds of the original 
path. 'Ibis problem is the key to mapbascd navigation: If the corrections are performed tm often we 
arc back to the original mad following approach aod we loose the benefit of having a map. If, on the 
other hand, we do not perfonn enough comqions along the path, we may drift significantly far frmn the 
nominal path and eventually mu off-road. Furthemm, the c o d o n s  should be meaningful in the sense 
that enough fearurw should be pnsent at the time of the correction to ensure that the newly computed 
position is indeed closer to the truth than the currently available estimate. Several strategies are possible 
to choose the locations at which corrections should be performed. An attractive strategy is to estimate the 
uncertainty on the position and heading as the vehicle moves, a new correction is requested whenever the 
uncertainty Icaches a threshold that indicates that the vehicle is too far from its nominal path [ 131. This 
appmacb guarantees that thc distaoce between the vehicle's path and the nominal path always lies within 
preset bounds. It docs not. however, parantee that the images taken at the time af which a mmction is 
needed contain enough features of intenst. Another possible approach is to make a mmction whenever 
the map predicts that features of interest may be okmcd from the cumnt position. In our case, it is 
important to guarantee that rhe corrections arc performed' when objects an visible, since othehise the 
correction would be computed on the basis of the mad edges only and would therefore be ambiguous. A 
mmction is therefore computed whenever at least one objrxt is pruliacd to be visible from a position 
along the path. Matching the predicted objects and road edges from the map with the observed road and 
objects provides an unambiguous new estimate of the vehicle's position and heading. Figure 11 shows 
the locations at which new images are taken for computing the corrections along the path of F i g m  10. 
The mad edges and objects that arc marched with the corresponding obscnred features arc shown as 
bold scgments of the mad edges and dark circles tespecfvely. me crosses along the path indicate b e  
successive positions of the vehicle ,at ngular intervals of one second (at a spccd of 20 d s ) .  The position 
is not displayed if an image is being processed, therefore the gaps in the Svcam of positions in this display 
illustrate the time spent in p m s i n g  images while executing the initial path (The percentage is in redity 
a bit lower than what appcars on display because the map, range image processing, and helm rnoddes 
normally run on different p r o c t s ~ n  whereas this display was produr xl with all the modules executing 
on one Sun). 

Computing a correction @ves an offset A = (&, Ay, AB) between the nominal position and heading 
and the actual values at the time the image is taken. This offset must be usad to c o r n  the cumnt course 
of the vehicle. This is achieved by shifting rhe path that has been executed while the image was being 
processed by A. by replanning from the current position as given by the stuiled, and by replacing &e 
pending set Of motion commands by this new path. Figurt 12 illustrates such a sequence of events: As 
the vehicle comes into view of the first objecs. an image is taken anti matched against the map. the new 
position is shown as a cmss on the left of che initial path, a new path is planned that takes the vehicle 
back to i s  original course. 
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Figure 11: Locations at which images are taken along the path 

Figure 12: Corrected path 
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These results show that it is possible to use a map w efficiently guide the navigation of an autonomous 
vehicle. '(he main benefit is that considerably fewer images have to be processed while retraversing the 
map. For example, The map of Figure 11 requiles seven images w bc pnxrsscd. Following the same mad 
at the same p d  without the support of a map wouid q u i r e  at least 25 images for a displacement of 
two metem betwccn consecutive i m a m  The rcasci~ for the discnpancy is that even if the position of the 
road WCIC computed p e r f d y  from eacb individual image, the path planner would not have information 
far enough in h m  the vehicle to plan a stable path that is guaranteed to main on the mad. Although 
tk same d t s  could be obtained by using a map that is entered manually, it is hportant to note that the 
combination of map building from sensor data and mapbascd navigation d t s  in a fully autonomous 
system that can leam its environment and use its new knowledge U, navigate it. 

5 Conclusion 
The mad following and map building system shows that mad environments can be efficiently navigated 
and mappod using au aaivc sensor such as a laser range finder. The map based navigation system shows 
that the infomation g a t h d  during a initial u a v e d  of the road can be uscd to improve the navigation 
over a portion of the stntch of mad M y  explod. Spccifically. using the map provides an initial path 
to follow. and a list of optimal lcations at which visual data should be processed in order to correa the 
vehicle position that drifrs over time. The combination of those thret components provide a basis for 
autonomous navigation of mads including 3-D terrain modeling and knowledge gathering and utilization 
through map tuilding and map based navigafion. 

we. arc cumntly extending thc 'ideas u~ed in those systans to the case of crosscounuy navigation 
and combined on d o f f  mad navigation in which the map contains a repmentation of terrain regions in 
addition to the mad model and thc discrete obstacles. This type of information is currently extracted but 
it is not used for the map bascd navigation. The system pnmtcd he% uses a simple path planner based 
on the pure pursuit u m a ~ l  scheme. Our plan is to use the path planner described in [I31 to take into 
account vchicle model and unctrtaiuty. and to be able to apply our approach to cmss-counuy navigation. 
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Abstract 

A mobile r o b  needs an internal reprrSCntatirm of its environment in order to accomplish its mission. 
Building such a representation involves uansforming raw data from seniors into a meaningful geometxic 
repmentation. In this paper, we introduce rechniqucs for building terrain representations from range data 
for an outdoor mobile robot We introduce thrce levels of rcprcsentarions that cornspond to levels of 
plaoning: obstade maps, tmah patches. and high resolution elwarion maps. Since wrain representations 
from individual locations arc not Suacient for many navigation tasks. we also inaoduce techniques for 
combining multiple maps. Combining maps may be achieved either by using features or the raw elevation 
data Finally. wc inaoduce algorithms for CDmbining 3-D descriptions with descriptions fmm other 
sumrs. such as color cameras. We examine the need for this type of sensor fusion when some semantic 
information has to be txaactcd h m  an scene aud provide an example application of outdoor 
x u ~ e  analysis Many of &e techniques presented in this paper have bem tested in the field on three 
mobde robot systems developed at CMU. 



1 Introduction 
A mobile robot is a vehicle that navigates autonomously through an unknown or partially known environ- 
ment. Research in the field of mobile robots has received considerable attention in the past decade due 
to its wide range of potential applications, from surveillance to planetary exploration, and the research 
opportunities it provides, including virtually the whole spectrum of robotics research from vehicle control 
to symbolic planning (see for example [I81 for an analysis of the research issues in mobile robots). In 
this paper we present ow investigation of some the issues in one of the components of mobile robots: 
perception. The role of perception in mobile robots is to transform data from sensors into representations 
that can be used by the decision-makiig components of the system. The simplest example is the detection 
of potentially dangerous regions in the environment (Le. obstacles) that can be used by a path planner 
whose role is to generate safe trajectories for the vehicle. An example of a more complex situation is 
a mission that requirts the recognition of specific landmarks, in which case the perception components 
must produce complex descriptions of the sensed environment and relate them to stored models of the 
landmarks. 

There are many sensing strategies for perception for mobile robots, including single camera systems, 
sonars, passive stereo, and laser range finders. In this report, we focus on perception algorithms for 
range sensors that provide 3-D data directly by active sensing. Using such sensorj has the advantage 
of eliminating the calibration problems and computational costs inherent in passive techniques such as 
stereo. We describe the range senwr that we used in this work in Section 2. Even though we tested our 
algorithm on one specific range sensor, we believe that the sensor characteristics of Section 2 are fairly 
typical of a wide range of sensors [41. 

Research in perception for mobile robots is not only sensor-dependent but it is also dependent on 
the environment. A considerable pan of tk global research effort has concentrated on the problem 
of perception for mobile robot navigation in indoor environments, and our work in natural outdoor 
environments through the Autonomous Land Vehicle and Planetary Exploration projects is an imponant 
development. This report describes some of the techniques we have developed in this area of research. 
The aim of ow work is to produce models of the environment, which we call the rerruin, for path planning 
and object recognition. 

The algorithms for building a terrain representation from a single sensor frame an discussed in 
Section 3 in which we introduce the concept of dividing the terrain representation algorirhms 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 algorirhms in Section 4 in which we propose algorithms for matching and merging 
multiple tenain representations. Finally, the 3-D vision algorithms that we propose are not meant to be 
used in isolation, k y  have to be eventually integrated in a system that include other sensors. A typical 
example is the case of road following in which color camem 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 
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from a color camera in Sccrion 5. W e  also describe the application of this sensor fusion to a simple 
nahlral s e n e  analysis program. Perception techuiqucs for mobile robots have to be eventually validated 
by using rcal rohts in real envinmments. We have implcmcnted the 3-D Vision techniques prcxntcd in 
this report on three mobile robots developed by the Field Robotics center: the Terrcgator, tbe Navlab, and 
the Ambler. Thc Tcmgator Figure 1) is a six-wheeled vehicle detigoed for rugged terrain. It does not 
have any onbard computing units except for the low-level conml of the achlators. All the processing 
was done on Sun wodtstations thlougb a d o  mnnection. We used this machine in early experiments 
with range data. most notably the ~uuor fusion experiments of S d o n  5. 'Ihe Navlab [36] Figure 2) is a 
wnve&d chcvy van designed for navigation on mads or on mild terrains. 'zhe Navlab is a selfconrained 
robs in that all the computing equipment is on board Tbe.nsults prucntcd in Sections 3.3 and 3.4 
come from the 3-D vision module that we htegmted in the Navlab system [42]. The Ambler [2] is an 
hexapod duigncd for tbe exploration of Mars wigurc 3). This vehicle is designed for navigation on very 
mggcd terrain including high slopes, rocks. and wide gullies. This entirely new design prompted us to 
investigate alternative 3-D vision algorithms that arc n p d  in Section 3.5. Even though the hardware 
for the Ambler does not txist at this time, wc have cvaluatcd the algorithms through simulation and 
careful analysis of the planetary exploration missions. 

Figure 1: me Temgator 

2 Active range and reflectance sensing 
The basic principle of active scnsing techniques is to observe the reflection of a reference signal (sonar, 
laser, radar..ctc.) producad by an objcct in the envimmnent in order to compute the distance between the 
sensor and that object. In addition 10 the distance. the SuISor may repon the intensity of the reflected 
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Figure 2: The Navlab 

Figure 3: The Ambler 



signal which is related to physical surface propcrties 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 at attractive to mobile robots researchers for two main resons: first. they provide 
range data without the computation overhead associated with conventional passive techniques such as 
stereo vision. whicb is important in time critical applications such as obstacle detection. Second, it is 
largely insensitive to outside illumination conditions, simplifying considerably the image analysis problem. 
This is especially important for images of outdoor m e s  in which illumination cannot be controlled or 
predicted. For example, the active reflectance images of outside scenes do not contain any shadows from 
the sun. In addition, active range finding technology has developcd to the extent that makes it realistic to 
consider it as pan of practical mobile robot implcmentatim in the shan term [41. 

The range s e w r  we used is a time-of-fight laser range finder developcd by the Environmental 
Research Institute of Michigan m). The basic principle of the sensor is to measure the difference of 
phase between a laser beam and its reflection from the Scene [461. A two-mirror scanning system allows 
the beam to bc dimad anywhere within a 30" x 80" field of view. The data produced by the E R M  sensor 
is a 64 x 256 range image, thc range is d e d  on eight bits fmm zem to 64 feet. which cornsponds to a 
range rwolution of three inches. All measurements ~n all relative since the sensor m e a m s  differences 
of phase. That is, a range value is known mo& 64 feet. We have adjusted the sensor so that the range 
value 0 cornsponds to the mirrors for all the images presented in this repon. 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. Rgurc 5 shows a pair of range 
and reflectance images of an outdoor scene. The next two Sections describe the range and reflectance 
data in more details. 

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 4, 
in which case the coordinates of a point meas& by the range sensor an given by the equations': 

whem # and 8 are the venial and horizontal scanning angles of the beam direction. The two angles 
arc derived from the row and column position in the range image, (r, c), by the quations: 

'Note rhat he. reference coordinate system is not the same as in 1201 for consistency reasons 
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where Bo (Tspectively 00)  is the staning horizontal (respectively vertical) scanning angle. and (re- 
spectively J q )  is tbe angular step between two consecutive columns (respectively rows). Figure 6 shows 
m overhead view of the scene of Figure 5, the coordinates of the points are computed using Eq. (3). 

Measured range stored 
in range image 

Y 

X 

Terrain 

Figure 4 Geometry of the range sensor 

Figure 5: Range and reflectance images 

2.2 Reflectance images 
A reflectance image fmm the ERIM sensor is an image of the energy reflected by a laser beam. UnIike 
conventional intensity images, this dasa provides us with information which is to a large extent independent 
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Figure 6 Overhead view 

of thc environmental illumination. In particular, the reflectance images contain no shadows from outside 
ilIuminatioa The m d  energy does depend. however. on the shape of the surface and its distance to 
thc s a m r .  We coma the image so that the pixel values arc functions only of the material reflectance. 
The me& energy, P,,-, depends w the specific material reflectance, p, the range, D, and the angle 
of incidence, 7: 

Due to the wide mge of P,-. the value actually reported in the reflectance image is compressed 
by using a log transform That is. the digitized vduc, Pk,, is of the form [a]: 

P-,* = A log@ COS 7) + B logD (4) 

where A and B are comaufs that depcnd only on the characteristics of the laser. the circuitry used for the 
digitization. a d  the physical propertics of thc ambiaui amrosphcn. Since A and B cannot be computed 
directly, we use a calibration proftdurc in which a homogeneous flat region is selected in a training image; 
we thcn use thc pixels in this region to estimatC A and E by least-squares f i h g  Eq. (4) to the actual 
nflectancdrangc dam. Given A and E. we correct subsequent images by: 

The value P - h P  depends only on the material reflectance and the angle of incidence. This is a 
sufficient approximation for our purposes since for snooth surfaces such as smooth terrain, the cos7 
factor does not vary widely. For effidcncy purposes, thc right-hand side of (5) is precomputed for all 
possible combinations (P-, D) and stored in a lookup cable. figure 5 shows an example of an ERM 
image, and F i r  7 shows the resulting c o m c t d  image. 
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Figure 7: Corrected reflectance image 

2.3 Resolution and noise 
As is the case with any sensor, the range sensor returns values that are rneasuxtd wilh a limited resolution 
which are corrupted by measurement noise. In the case of the ERlM sensor, the main source of noise 
is due to the fact that the laser beam is not a line in space but rather a cone whose opening is a 0.5" 
solid angle (the instantaneous field of view). Thc value returned at each pixel is actually the average of 
the range of values over a 2-D area, the farprint. which is the intersection of the cone with the target 
surface (Figure 8). Simple geometry shows that the area of the footprint is proportional to the square of 
the range at its center. The sh of the footprint also depends on the angle 0 between the surface normal 
and the beam as shown in Rgurt 8. The size of the footprint is roughly inversely proportional to cos 0 
if we assume that the footprint is small enough and that 0 is almost constant. Therefore, a first order 
approximation of the standard deviation of the range noise. n is given by: 

D2 
o x  - 

cos 0 

The proponionality factor in this equation depends on the characteristics of the laser transmitter. the 
outside illuminarion. and the reflectance p of the &ace which is assumed constant across the footprint 
in this first order approximation. We validated the model of Equation 6 by estimating the RMS error 
of the range values on a sequence of images. Figure 9 shows the standard deviation with respect to the 
measured range. The Figure shows rhat o follows roughly the fl behavior predicted by the first order 
model. Tne footprint affects alI pixels in the image. 

There are other effects that produce distortions only at specific locations in the 'mage. The main effect 
is known a* the "mixed point" pmblem and is illustrated in figure. 8 in which the laser footprint crosses 
the edge between two objects that are far fmm each other. In that case, the returned range value is some 
combination of the range of the two objects but docs not have any physical meaning. This problem makes 
the accurate detection of occluding edges more diflficult. Another effect is due to the reflectance propenies 
of the observed surface; if the surface is highly specular then no laser reflection can be observed. In that 
case the EXIM sensor returns a value of 255. This effect is most noticeable on man-made objects that 
contain a lot of polished metallic Nlfaces. It should be mentioned. however, that the noise characteristics 
of the ERLvI sensor are fairly typical of the behavior of active range sensors [5 ] .  
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3 Terrain representations 
The main task of 3-D vision in a mobile robot system is to provide sufficient information to the path 
planner so that the vehicle can be safely steered through its environment. In the case of outdoor navigation. 
rhe task is to convert a range image into a representation of the terrain. We use the word "terrain" in 
a very loose sense in that we mean both the ground surface and the objects that may appear in natural 
environments (e.g. rocks or trees). In this Section we discuss the techniques that we have implemented 
for the Navlab and Man Rover systems. We first introduce the concept of the elevation map as a basis for 
terrain representations and its relationship with different path planning techniques. The last four Secrions 
spell out the technical details of the terrain representation algorithms. 

3.1 
Even though the format of the range data is an image, this may not be the most suitable structuring of the 
data for extracting information. For example , a standard representation in 3-D vision for manipulation 
is to view a range image as a set of data points measured on a surface of the equation z = f ( x , y )  where 
the x- and y-axes are parallel to the axis of the image and z is the measured depth. This choice of axis 
is natural since the image plane is usually parallel to the plane of the scene. In our case. however, the 
"natuml" reference plane is not the image plane but is the ground plane. In this context, "ground plane" 
refen to a plane that is horizontal with respect to the vehicle or to the gravity vector. The representation 
z = f ( x , y )  is rhen the usual concept of an elevation map. To transform the data points into an elevation 
map is usefuI only if one has a way to access them. The most common approach is to discretize the (x. y) 
plane into a grid. Each grid cell (x;,yi) is the trace of a vertical column in space, itsfreid Figure IO). All 
the data rhat falls within a cell's field is stortd in that cell. The description shown in Figure 10 does not 
necessarily reflect the actual implementation of an elevation map but is more of a framework in which we 
develop the terrain representation algorithms. As we shall scc later, the acntal implementation depends 
on the level of detail that needs to be included in the terrain description. 

Although the elevation map is a natural concept for terrain representations. it exhibits a number of 
problems due to the conversion of a regularly sampled image to a different reference plane [25]. Although 
we propose solutions to these problems in Section 3.5, it is .mportant to keep them in mind while we 
investigate other terrain repnsmtatiom. The first problem is the sampling problem illustrated in F i p  11. 
Since we perform some kind of image warping, the distribution of dam points in the elevation map is 
not uniform, and as a result conventional image procesrag algorithms cannot be applied directly to the 
map. Them art two ways to get around the sampling problem: We can eirher use a base suucture 
that is not a regularly spaced grid, such as a Delaunay triangulation of the data points [33], or we can 
interpolate between data points to build a dense elevation map. The former solution is not very practical 
because of the complex algorithms required to access data points and their neighborhoods. We describe 
an implementation of the latter approach in Section 3.5. A second problem with elevation maps is the 
representation of the k g e  shadows created by some objects (Figure 12). Since no information is available 
within the shadowed regions of the map. we must reprerent than separately so that no interpolation takes 
place across them and no "phantom" features am reported to the path planner. Fmally, we have to conven 
the noise on the original meamcments into a measure of uncertainly on the z value at each grid point 

The elevation map as the data structure for terrain representation 
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Sensor Field 

X 
Figure 10: Smcttm of an elevation map 

(x, y ) .  This conversion is difficult due to the fact rhat rhc sensor’s uncertainty is most naturaUy represented 
with rcspen to the direction of measurement (F@rc 13) and therefore spreads across a whole region in 
the elevation map. 

Sensor 
Regular sampling in image plane 

sampling in map 

Figure 11: The sampling problem 

3.2 Terrain representations and path planners 
The choice of a terrain representation depcnds on the path planner used for d y  driving the vehicle. 
For example, the family of planners derived from the Lozano-Pem’s A’ approach [28] uses discrete 
obstacles np-tcd by 2-D polygons. By cootTast, planners that compare a vehicle model with the local 
terrain [9,38] use some intermediate representation of the raw elevation map. Funhermorc, the choice of 
a terrain represatation and a path planner in turn depend on the environment in which the vehicle has to 
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Range shadow 

Visible regions 

Figure 12: An example of a range shadow 

Figure 13: Representing uncertainty 
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navigate. For example. representing only a small number of discrete upright objects may be appropriate 
if it is known in advance that the tcrrain is mostly flat, (e.g. a mad) with a few obstacles (e.& trees) 
while cmss-count~y navigation requires a more rktailcd description of the elevation map. Generating the 
most detailed description and thm cxuacting the relevant information is not an acceptable solution since 
it would SignificantIy degrade the performance of the system in simple envimnmmts. Therefore, we 
need several levels of IC& representation corresponding to different resolutions at which the tenain is 
dcscribcd (Figure 14). At the low resolution level we describe only discrete obstacles without explicitly 
describing the local shape of the terrain. At the medium level, we indude a description of the terrain 
thmugh surface patches that comspond to signific;nn terrain f c a ~ ~ s .  At that Icvel. the resoIution is the 
resolution of the operator used to detect these fearurcs. F d y .  the dcscription with the highest resolution 
is a dcnse elevation map whosc resolution is Iimitcd only by the sumr. In order to keep the computations 
involvcd under control. the rrsolution is typically related to the size of the vehicle's pans rhat enter in 
contact with the terrajn. For examplt. the sizc of one foot is used to compute the terrain resolution in the 
case of a legged vchide. 

Medium resolution: 
Terrain feams 

Low resolution: 
obstacle map 

\\ 
Polygonal obstacles 

Figure 1 4  Levels of tcnain npmtntanon 

3.3 Low resolution: Obstacle map 
The lowest rcsolution terrain reprtscntation is an obstacle map which contains a small number of obstacles 
represented by their m e  on the ground plane. Several techniques have been proposed for obstacle 
detection. The Marrin-Marietta ALV [10.11,43J detects obstacles by computing the difference between 
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the observed range 'mage and pre-computed images of ideal ground at several different slope angles. 
Points that are far from the ideal ground planes are grouped into regions that are reported as obstacles 
to a path planner. A very fast implementation of this technique is possible since it requires only image 
differenccs and region grouping. It makes, however, very strong assumptions on the shape of the terrain. 
It also takes into account only the positions of the potential obstacle point, and as a result a very high 
slope ridge that is not deep enough would not be detected. 

Another approach proposed by Hughes A I  group [8] is to detect the obstacles by thresholding h e  
normalized range gradient, A D / D .  and by thresholding the radial slope, DA$/AD.  The fiat test detects 
the discontinuities in range, while the second test detects the portion of rhe terrain with high slope. This 
approach has the advantage of taking a vehicle model into acwunt when deciding whether a point is pan 
of an obstacle. We used the tenain map paradigm to detect obstacles for the Navlab. Each cell of rhe 
terrain contains the set of data points that fall within its field (Figure IO). We can then estimate surface 
normal and cwatures at each elevation map ceIl by fitting a reference nuface to the corresponding set 
of data points. Cells that have a high curvafure or a surface normal far from the vehicle's idea of the 
vertical direction arc reported as part of the projection of an obstacle. Obstacle cells are then grouped 
into regions corresponding to individual obstacles. me final product of the obstacle detection algorithm 
is a set of 2-D polygonal approximations of the boundaries of the detected obstacles that is sent to an 
A'-type path planner (Figure 15). In addition, we can roughly classify the obstacles into holes or bumps 
according to the shape of the s w f a m  inside the polygons. 

Figure 16 shows the result of applyingthe obstacle detection algorithm to a sequence of ERM images. 
The Figure shows the original range images (top). the range pixels projected in the elevation map (left), 
and the resulting polygord obstacle map (right). The large enclosing polygon in the obstacle map is the 
limit of the visible portion of the world. The obstacle detection algorithm does not make assumptions on 
the position of the ground plane in that it only assumes that the plane is roughly horizontal with respect to 
the vehicle. Computing the slopes within each cell has a smoothing effea that may cause real obstacles 
to be undetected. Thmfore, the resolution of the elevation map must be chosen so that each cell is 
significantly larger than the typical expected obstacles. In the case. of Figure 16, the resolution is twenty 
centimeters. The size of the detectable obstacle also varies with the distance from the vehicle due to the 
sampling problem (Senion 3.1). 

One major drawback of our obstacle detection algorithm is that the computation of the slopes and 
curnatures at each cell of the elevation map is an expensive operation. Furthermore, since low-resolution 
obstacle maps are m o s  useful for fast ~ V i f f d t i O n  through simple environments, it is important to have a fast 
implementation of the obstacle detection algorithm. A  rural optimization is to parallelize the algorithm 
by dividing the elevation map into blocks that are processed simultaneously. We have implemented such a 
parallel version of the algorithm on a ten-processor Warp computer [45,21]. Tne parallel impternenmion 
reduced the cycle time to under two seconds, thus making it possible to use the obstacle detection 
algorithm for fast navigation of the Navlab. In that particular implementation, the vehicle was moving 
at a continuous speed of one meter per second, taking range images, detecting obstacles. and planning a 
path every four meters. 



Range image 

Discrete elevation map 

of obstacIes 

Figure 15: Building the obstacle map 

3.4 Medium resolution: Polygonal terrain map 
Obstacle detection is sufficient for navigation in tlat terrain with discrete obstacles. such as following a 
road bordmd by trccs. We nexl a more detailed description when the terrain is uneven as in the case 
of cross-country navigation For that purpose, M elevation map could be used dinctly [91 by a parh 
planner. This approach is d y  because of tht mount of data to bc W e d  by the planner which does 
not nccd such a high resolution description to do the job in many casts (although we will investigate 
some applications in which a high resolution representation is required in Section 35). An alternative is 
to p u p  gnooth portions of thc terrain into regions and edges that arc the basic units manipulated by 
rhe planner. This sa of fcatum provides a compact rcprcscntation of the tenain thus allowing for more 
efficient planning [381. 

diswntinuities an either discontinuiries of the elevation of the terrain. as in the case of a bole, or 
discontinuities of the surface norm& as in the case of the shoulder of a mad [3]. We detect both types 
of discontinuities by using an edge detector over the elevation map and the surface n o d s  map. The 
edges correspond to small regions on the terrain surface Once we have detectcd thc discontinuities, we 
segment the terrain into snootb regions. ?he segmentation uscs a rtgion growing algorithm that first 
identifies the smoothest locations in the terraio based on the behavior of the surface normals. and then 
grows regions around those locations. The d t  of the procesSing is a covering of thc terrain by regions 
comsponding cithcr to smooth portions or to edges. 

The final rcpn~entat i~  depends on the planner that uses it In our case. the tenah representation is 
embedded in the Navlab system using the path planner described in [38]. The basic gmmeuic object used 

The features used ale of two typcs: sumnil regions, and sharp terrain discnntinuities. The terrain 
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Figure 16: Obstacle detection on a sequence of images 
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by the system is the thra-dimmsional polygon. We thcrcfore appmximatc the boundary of each region 
by a polygon. The approximation is done in a way that ensuns consistency between regions in that the 
polygonal bwduici of neighbring regions share common cdgcs and vertices. This guarantees that 00 

"gaps" exia in the d t i n g  polygonal mesh This is imponant from the point of view of the parh planner 
since such gaps would be interpreted as unhmwn @om of the terrain. Each region is approximated 
by a planar surf= that is u d  by the planner to determine thc lmversabiliry of the regions. Since the 
regions M not planar in d i t y .  the standard deviation of the parameters of the plane is associated with 
cach legion. 

Figure 18 shows the polygonal boundaries of the regions cxtramd from the image of Figure 17. In 
this implementation. the resolution of the elevation map is hvcnty centimeters. Since we need a dense 
map in order to extract edges, we interpolated liucarly between the spars points of the elevation map. 
Figure 17 shows the interpolated elevation map. This implemmtation of a medium resolution terrain 
rcprrsentation is integrated ia the Navlab systrm and will be part of the standard care system for our 
future mobile robot systcms. 

Figure 17: Range image and elevation map 

3.5 High resolution: Elevation maps for rough terrain 
The elevation map derived directly from the ScIISor is sparse and noisy, especially at greater distances 
h m  the sensor. Many applications, however, aced  a dense and acauate high resolution map. One way 



Figure 18: Polygonal boundaries of terrain regions 

to derive such a map is to intepolatc between the data points Using same mathematical approximation 
of the surface between data points. The models that can be used include linear, quadratic, or bicubic 
surfaces [33]. An& approaJl is to fit a surface globidly under some smcmthness assumptions. This 
approach includes the family of regularization algorithms [6] in which a criterion of the form: 

J I I ~  - haWhml l2+  ~ j f ( h -  (7) 

is minimized, when f is a regularization function that reflects the smoothness model (e.g. thin plate). 
Two problems arise with both interpolation approaches: They make apriori assumptions on the local 
shape of the terrain which may not be valid (c.g. in the case of very rough t e d n ) ,  and they do not take 
into account the image formation process since they are generic techniques independent of the origin of 
the data In addition, thc interpolation approach= depend heavily on the wlution and position of the 
reference grid. For example, they cannot compute an estimate of the elevahn at an (1, y) position that is 
not a grid point wirhour resampling the grid. We propose an alternative, the locus algorithm [ X I ,  that uses 
a model of the sensor and provides interpolation at arbitrary resolution withour making any assumptions 
on the tenain shape other than the continuiq of the surface. 

3.5.1 The locus algorithm for the optimal interpolation of terrain maps 

The problem of finding the elevation z of a point (&y) is mvially equivaleni to computing the intersection 
of the surface observed by the sulsor and the vertical line passing through (1,~). The basic idea of the 
loeus algorithm is to wnvert the latter formulation into a problem in image space (Figure 19). A vertical 
line is a curve in image space, the locus, whos equation as a function of 4 is: 
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where 9. 8, and D are defined as in Section 2. Equation (9) was derived by inverting Equation (Z), and 
assuming x and y colls~ant Similarly. the range image can bc viewed as a surface D = I ( & $ )  in @,8, 
D space. The problem is then to 6nd the intcfienion, if it exists, between a m e  parametrized by Q 
and a discrrtc surface. Since the surface is hown only from a sample of data, the intersection carmot 
be computed analytically. Instcad, we have to search along the curve for the intersection point. The 
search proceeds in two stages: We fkst locate the two scanlimes of the range image, 41 and &, between 
which the intersccrion must bc located. that is the two cwsccutive scanlines such that. Diff(@l) = 
D h W -  I(#I .&(~I))  and D j c f h )  =D~#I) - I(h,&h)) have opposite signs, where h(Q) is the image 
column that is the closest to Bi(4). We then apply a bina~j search between 41 and &. The search stops 
when the difference bctwcen the two angles #n and $.+I. when Diff(4.) and Diff(4-1) have opposite 
signs is lower than a thrrsbold E. Sins  there arc M pixels between 41 and &, we have to perform a 
local quadratic interpolation of the h a s  in order to compute el(#) and D&p) for 41 < Q < h. The 
control points for the interpolation arc the four pixels that m u d  the intenection point (Figure 20). The 
hai rcsult is a value # that is converted to an elevation value by applying Equation (2) to +,Or(@), Dl(pl. 
The resolution of the elevation is conaollcd by the choice of the parameter c. 

The locus algorithm enables us to evaluate thc elevation at any point since we do not assume the 
existence of a grid Figure 21 shows the rtsult of applying the locus algorithm on range images of uneven 
terrain. in this case a umsuuCtion site. Thc Figure shows the original range images and the map displayed 
as an isoplot surface. The centers of the grid cells arc ten centimeters apan in the (x, y )  plane. 

35.2 Generalizing the locus algorithm 

We can generalize rhc locus algorithm f m n  thc case of a vertical line to the case of a general line in 
space. This generalization ailows us to build maps using any reference plane instead of being restricted 
to the ( q y )  plane. This is imponant when. for cxampk the sensor’s (x ,y)  planc is not onhogonal to the 
gravity vector. A line in space is defined by a point u = [uz, 4, uJr, and a unit vector v = [v., vyr wJ.  
Such a line is paramuriztd in X by the dation p = u +  X w  ifp is a point on the line. A general line is 
still a w e  in image space that can bc parameviztd in # if we assume that the line is not parallel to the 
(4 y )  plane. The equation of the a w e  bccrrmes: 

Dd6) = J ( V d ( # )  + *Y + ( q X ( # )  + 4Y + ( V J ( 4 )  + K?)2 

W e  can then compute the iutcrscuioo bctwtcn the m e  and the image surface by Using the same algorithm 

The rcprrsentation of the line by the pair (y v) is not optimal since ir uses six parameters while only 
four parameters arc necded to represent a h e  in space. For examplc. this can be troublesome if we want 
to compute thc Jacobian of the intersection point with rcspct to the parameters of the line. A better 

as bcfon except that we have m w Equation (IO) instead of Equation (9). 
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Figure 19: The Iccus algorithm for elevation maps 
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8, $ interpolated from the 
four corners of the pixel 

Figure 20: Image interpolation around the intersection point 

alternative [22] is to represent the line by its slopes in x and y and by its intersection wiirh the plane t = 0 
(See [35] for a complete survey of 3-D lint rcprtsmtatim). The equation of h e  line then becomes: 

x = a z + p  
y = b z + q  

We can st i l l  use Equation (IO) to compute the locus because we can switch bctwtm the (u, b .p .  q) and 
(u, w )  representarions by using the Equations: 

v =  [;]tu= [ i ]  

In the subsequent Sections, we will denote by h(u, b,p, q)  the function from R' to R3 that maps a line in 
space to the interseaion point with the range image. 
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Figure 21: The locus algorithm on range images 
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Figure 21: The locus algorithm on range images (Continued) 
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Figure 21: The locus algorithm on range images (Continued) 
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Figure 21: The locus algorithm MI range images (Continued) 
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3.5.3 Evaluating the locus algorithm 

We evaluate the locus algorithm by comparing its performance with the other "naive" interpolation algo- 
rithms on a set of synthesized range images of simple scenes. The simplest scenes are planes at various 
orientations. Furthermore, we add some range noise using the model of Section 2.3 in order to evaluate 
the robusmess of the approach in the prescnce of noise. The performances of the algorithms are evaluated 
by using the mean square error: 

when h, is the we elevation value and hi is the estimated elevation. Figure 22 plots E for the locus 
algorithm and the naive interpolation as a function of the slope of the observed plane and rhe noise level. 
This result shows that the locus algorithm is more stable with respect to surface onentarion and noise 
level than the other algorithm. This is due to the fact that we perform the interpolation in image space 
instead of first converting the data points into the elevation map. 

FlMs 

x. xx : Locus method 
0.00 : Elevation GNC 

x, 0 : s/N ratio 1000 
xx, 00 : S/N ratio IO0 

Figure 22: Evaluation of the locus algorithm on synthesized images 

3.5.4 Representing the uncertainty 

We have pnsented in Section 2.3 a model of the sensor noise that is a Gaussian distribution along the 
direction of measurement. We need to transform this model into a model of the noise, or uncertainty. 
on the elevation values returned by the locus algorithm. The difficulty here is that the uncertainty in a 
given range value spreads to many points in the elevation map, no matter how the map is onented with 
respect to the image plane (Figure 13). We cannot thenfore assume that the standard deviation of an 
elevation is the same as the one of the correspondmg pixel in the range image. Instead. we propose to 
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ust the nature of the locus algorithm itself to derive a meaningful value for the elevation uncertainty. To 
facilitate the explanation. we consider only the case of the basic locus algorithm of Section 3.5.1 in which 
we compute an elevation z from the intersection of the locus of a vertical Line with a depth profile fmm a 
range image. Figure 23 shows the principle of the uncertainty computation by considering a locus w e  
that corresponds to a line in space and the depth profile from the range image in the neighborhood of the 
intersection point, each p i n t  on the depth profile has an uncertainty whose density can be represented by 
a Gaussian distribution as ccnnputcd in Seaion 2.3. The problem is to &fine B distribution of uncenainty 
along the line. The value of the uncertainty reflects how likely is the given point to bc on the actual 
surface given the measurements. 

Let us mnsidcr an elevarion h along the vcmcal line. This elevation comsponds to a measurement 
direction &h) aud a measured range d(h) .  If d(h) is the distance between the origin and the elevation h, 
we assign to h the confidence 1391: 

where u(d(h) is the varianoz of the measurement at the mgc d(h). Equarion 14 does not tell anything 
about the shape of the unCenainry distribution I(h) along the h axis except that it is maximum at the 
elevation h, at which d(h) = d(h) .  that is the elevation relumed by the lxus algorithm. In order to 
determine the shape of l(h). we approximate I(h) amund h. by replacing the surface by its tangent plane 
at &. If LI is the slope of the plane, and H is the elevation of the intersection of the plane with the z axis. 
we have: 

H2(# + h2) 
(atana + til2 u(d(h)) = K 

where ,a is the distance between the line aud the origin in the x - y plane and K is defined in Senion 2.3 
by o(d) = Kdz. By assuming that h is close to&, that is h = &  + c  with c < &,-and by using the faa 
that H = + utan (I, we have the approximations: 

In the neighhrhd of h,, Equation 18 shows that (d(h) - d(h))2/20(d(h))2 is quadratic in h - k, 
and thaf o(d(h)) is constam. Thacfore, l(h) can bc approximated by a Gaussian distribution of variance: 

(19) U; = K ~ H ~ ( ~  + i& = 
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Figure 23: Computing the uncertainty from the locus algorithm 

Equation 19 provides us with a first order model of the uncertainty of h derived by the locus algorithm. 
In practice, the distance D(h) = (d(h) - d(h))2/Zu(d(h))2 is computed for several values of h close to 
ib, the variance Uh is computed by fitting the function (h - /b)*/Zu: to the values of D(h). This is a 
first order model of the uacenainty in the sense that it takes into account the uncertainty on the sensor 
measurements, but it does not indude the uncertainty due to the locus algorithm itself, in particular the 
errors inuuduced by the interpolation. 

3.5.5 Detecting the range shadows 

As we pointed out in Section 3.1, the terrain may exhibit range shadows in the elevation map. It is 
important to id en^ the shadow regions because the terrain may have any shape witbin the boundaries 
of the shadows, w h e w  the surface would be smwtJdy interpolated if we applied the locus algorithm 
directly in those areas. This may result in dangerous situations for rbe robot if a path crusses one of the 
range shadows. A simple idea would be to detect empty regions in the raw elevation map, which are the 
projection of images in the map without any interpolation. This approach does not work because the size 
of the shadow ngions may be. on the order of the average distance between data points. This is especially 
true for shadows that are at some distance from the sensor in which case the distribution of data points 
is very sparse. It is possible to modify the standard locus algoritbm so thaf it takes into account the 
shadow arcas. The basic idea is that a range shadow cornsponds to a mung occluding edge in the image 
(Figure 12). An (x ,y)  location in the map is in a shadow area if its locus intersects the image at a pixel 



that Iies on such an edge (Figure 24). 

Terrain profile 
/ inspace 

!--Edge in image pixel 

Figure 24: Detecting range shadows 

We implement this algorithm by fim detecting the edges in rhe range image by using a standard 
technique, the GNC algorithm [a]. We chose lhis algorithm bwuse  it allows us to vary the sensirivity 
of the edge detector mss the image, and because it performs some smoothing of the image as a side 
effect When wc apply the locus atgoritkan M can then record the fact that the locus of a given locaaon 
intersens the image at an edge pixel. Such map locations arc grouped into regions that an the reported 
range shadows. Figurc 25 shows an overhcad view of aa elevation map compurcd by the locus algoritbm, 
the white points arc the W o w  points. Ux. gray level of thc other points is proponional to their uncertainty 
as computcd in the previous Senion. 

35.6 An application: footfall selection for a legged vehicle 

The purpose of using the locus algorithm for building terrain is to provide high resoIution elevation data. 
As an example of an application in wbich such a rrsolution is needcd, we briefly describe in this Section 
flu problem of puccption for a legged vehicle [24]. Onc of the main nsponsibilities of perception for 
a legged vcbicle is to provide a terrain dcsQiption that enables the system to determine whether a given 
foot placement. or fooffd,  is safe. In addition, we d d e r  the cast of locomotiM on very rugged terrain 
such as the surface of Mars. 

A foot is modeled by a flat disk of diameter 30 ems. The basic criterion for footfall selection is to 
select a footfall ~a with the maximum guppon area which is dehed as the cantact area between the foot 
and the terrain as shown in Figure 26. Another c a m a h t  for footfall selection is that the amount of energy 
ncccssary 10 penetrate the ground in order to acbicve sufficient suppon m a  must be minimized. The 



Figure 25: Shadow regions in an elevation map 

Contact area 

Figure 26: Footfall support area 
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energy is proportional to the depth of the foot in the gmund. The support ana is estimated by counting 
the number of map pints within the circumference of the disk that are above the plane of the foot. This 
is where the resolution requkment originates because the computation of the suppon ana makes sense 
only if the rtsolution of the map is significantly smaller than the diameter of the foot. Given a minimum 
allowed support ma, S-, and the high resolution terrain map. wc can find the o p h a l  foodall position 
within a given tUrain ma: Fim we want to h d  possible Bar areas by computing surface normaIs for 
each footfall arca in a specified footfall seltction am. Footfalls with a high surface normal are eliminated. 
The surface normal analysis, however, will not be sufficient for optimal footfall selection. Second, the 
support area is camputcd for the remaining positions. The optimal fmtfaU position is the one for which 
the maximum elevation, Ibpl that rcalizcs thc minimum suppn ma &,, is the maximum across the set 
of possible footfall positions. figure 27 h w s  a plot of the surface area with respect lo the elevation 
from which L, can be computed. 

- Distance mveled along 
D vertical direction 

Figure 27: Suppon area v m  elevation 

3.5.7 Extracting local features from an elevation map 

The high resolution map enables us to extract very local features, such as points of high d a c e  c u r v m ,  
as opposed to the larger tUrain patches of SCaion 3.4. T2lc local features that we enract an based on 
the magnitude of rhe two principal curvatures of the terrain surface. The m a t u r e s  are computed as 
in [34] by 6rst smoothing the map, and then computing the derivatives of the surface for solving the fim 
fundamental form. Figure 28 shows the mature images computed from an elevation map using the 
locus algorithm. The resolution of the map is ten centimeters. Points of high curvature cornspond to 
edges of the terrain, such as the edges of a valley. or to sharp terrain f e a m  such as hills. or holes. In 
any case, fhc high cur van^^ points art viewpaint-independent features that can bc used for marching. We 
extract the high nwarure points from both images of principal CuNaturc. We group the extracted points 
into regions, then classlfy each region as point fearure, line, or region, according to its size, elongation, 
and curvaturc distribution. Figure 28 shows the high curyam points extracted from an elevation map. 
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The two images correspond to the two principal w a t u r e s .  FiguE 29 shows the three types of local 
f e a m s  detected on the map of Figure 28 superimposed in black over the original elevation map. The 
Figure shows that while some features correspond merely to local extrema of the surface, some such as 
the edges of the deep gully arc characteristic features of the scene. This tm of feature extraction plays 
an important role 

Figure 28: The high curvature points of an elevation map 

4 Combining multiple terrain maps 
We have so far addressed the problem of building a representation of the environment from sensor data 
collected at one fixed location. In the. case of mobde robots, however, we have to deal with a stream of 
images taken along the vehicle’s path. We could ignore this fact and process data from each viewpoint as 
if it were an entirely new view of the world. thus forgetting whatever information we may have extracted 
at past locations. It has becn observed that this approach is not appropriate for mobile robot navigation, 
and that there is a need for combining the rtpresentations computed fmm different vantage points into a 
coherent map. Although this has been observed 6m in the wntcxt of indoor mobile robots [13.15]. the 
reasoning tchind it holds true in our case. First of all, merging representations from successive viewpoints 
will produce a map with mort information and better resolution than any of the individual maps. For 
example, a tall object ohscrved by a range sensor -es an unknown m a  behind it, the range shadow. 
where no useful infomation can be exvactod (Sedon 3.1) The shape and position of the range shadow 
changes as we move to another location; merging images from several locations will therefore reduce 
the size of the shadow, thus providing a more complete description to the path planner Figure 30). 
Another reason why merging maps increases the rtsolution of the resulting representation concerns the 
fact that the resolution of an elevation map is significantly better af close range. By merging maps, we 
can increasc the nsolution of the pans of the elevation map that were originally measured at a distance 
from the vehicle. 

The second motivation for merging maps is that the position of the vehicle at any given time is 
uncenain. Even when using expensive positioning systems, we have to assume that the robot’s idea of 
its position in the wodd will degrade in the COUISC of a long mission. One way to solve this problem 
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Figure 29: Local features horn a high resolution elevation map 



is to compute the position with respect to features observed in the world instead of a fixed coordinate 
system [37.30]. That requires the identification and fusion of common features between successive 
observations in order to estimate the displacement of the vehicle (Figure 3 1). finally. combining maps is 
a mission requirement in the case of an exploration mission in which the robot is sent into an d o w n  
territory to compile a map of the observed terrain. 

Reduced range shadow 
from the combination of 1 and 2 
I 

Position 1 Position 2 Range shadow from 
position 2 

Figure 3 0  Reducing the range shadow 

Many new problems arise when combining maps: representation of uncertainty, data structures for 
combined maps, predictions from me oiservation to the next etc. We shall focus on the terrain matching 
problem, that is the problem of finding common features or common parts between tenain maps so that 
we can compute the displacement of the vehicle between the two corresponding locations and then merge 
the corresponding portions of the terrain maps. We always make the reasonable assumption that a rough 
estimate of the displacement is available since an estimate can always be computed either from dead 
reckoning or from past terrain matchings. 

4.1 The terrain matching problem: iconic vs. feature-based 
In the terrain matching problem, as in any problem in which correspondences between two sets of data 
must be found, we can choose one of two approaches: feature-based or iconic matching. In feature-based 
matching, we first have to extract two sets of features (F,!) and (F;) from the two views to be matched. and 
to find correspondences between features, Fi) that are globally consistent. We can then compute the 
displacement between the two views from the parameters of the features. and finally merge them into one 
common map. Although this is the standard approach to object recognition problems [SI, it  has also k e n  
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Position 1 Regions of Position 2 
position uncertainty 

Figure 31: Matching maps for position estimation 

widdy used for map matching for mobile robots [13,2330,7,1,41]. In con- iconic approaches work 
d i n d y  on the two sets of data points, P' and @ by minimizing a cost function of the form F(T(P2), PI) 
where T(@) is the set of poinrS from view 2 aansfarmed by a displacement T. The cost is designed so 
that its minimum comsponds to a "best" estimate of 7 in some scme. ?he minimization of F leads to an 
iterative gmdient-like algorithm. Although less popular, iconic techniques have been successfully applled 
to incremental depth estimation [3029] and map matching [40.12]. 

The proponents of each approach have valid argummts. The feature-based approach nquircs a search 
in the spacc of possible matches which may lead to a combinatorial explosion of the matching program. 
On the other hand, iconic approaches arc entirely predictable in terms of computational requirements 
but arc usually quite expensive since the sizc of the points sets P is typically on thc order of several 
thausands. As for the accufacy of the itsulring displacement T, the accuncy of iconic techniques can be 
bartr than the resolution of the sensors if wc iterate thc minimization of F long enough, while any feature 
extraction algorithm loses some of the original s a w r  accuracy. Furthenuon. feahlrc matching could in 
theory bc used even if no a-priori knowledge of T. TO, is available while i d c  approaches quire TO to 
be close to the actual displacement because of the iterative nature of the minimization of F. 

Keeping these tenets in mind. we propose to combine both appmachcs into one terrain matching 
algorithm. The basic idea is to usc the feature matshiug to compute a firsr &mate  f given a rough initial 
value TO, and then to w an iconic technique to cornpure an accu~iite estimate f. This bas the advantage 
of retaining the level of accuracy of iconic techniques while keeping the computation time of the iconic 
stage under control kcausc the featurt matching provides an estimate close enough to tbe true value. We 
describe in detail the feature-based and iconic stages in the next three sections. 
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4.2 Feature-based matching 
Let Ff and F,? be two sets of features extracted from two images of an outdoor scene, I ,  and 12. We 
want to find a transformation ? and a set of pairs ck = (Fjk,F$ such that Fi 5 F(FG). where T(F) 
denotes the mansformed by T of a feature F. The f e a m s  can be any of those discussed in the previous 
Sections: points or lines from the local feature extractor, obstacles represented by a ground polygon. or 
terrain patches represented by their surface equation and their polygonal boundaries. We first investigate 
the feature matching algorithm independently of any particular feature type so that we can then apply it 
to any level of terrain representation. 

For each f e r n  F,!, we can first compute the set of features F$ that codd correspond to Ff given 
an initial estimate TO of the displacement The F$'s should lie in a prediction region centered at To(F:), 
The size of the prediction region depends on the confidence we have in TO and in the feature extractors. 
For example, the centers of the polygonal obstacles of Section 3.4 arc not known accurately, while the 
cwature points from Section 3.5.7. can be accurately located. The confidence on the displacement T is 
represented by the maximum distance 6 between a point in image I and the transformed of its homologue 
in image 2, llT,d -p'II. and by the maximum angle E. between a vector in image 2 and the transformed 
of its homologue in image 1 by the rotation part of T. The prediction is then defined as the set of features 
that are at a Cartesian distance lower than 6, and at an angular distance lower than E from T&). The 
parametem used to determine if a feature belongs to a prediction region depend on the type of that feature. 
For example, we use the direction of a line for the test on the angular distance, while the center of an 
obstacle is used for the test on the Cartesian distance. Some features may be tested only for orientation, 
such as lines, or only for position, such as point features. The features in each prediction region are 
sorted according to some f e r n  distance d(F,!, To@)) that reflects how well the features are matched. 
The feature distance depends also on the type of the feature: for points we usc the usual distance, for 
lines we use the angles between the directions. and for polygonal patches (obstacles or terrain patches) 
we usc a linear combination of the distance between the centers. the difTerencc between the areas, the 
angle between the surface orientations, and the number of neighboring patches. The features in image 1 
are also sorted according to au "importance" measure that &cts how imponant the features are for the 
matching. Such importance measures include the length of the lines. the strength of the point features 
(Le. the m a t u r e  value) , and the size of h e  patches. The importance me- also includes the type of 
the features because some features such as obstacles arc more reliably detected than others, such as point 
features. 

Once we have built the prediction regions, we can search for matches between the two images. The 
searcb proceeds by matching the features F: IO the features F$ that arc in their prediction region staning 
at the most imponant f e r n .  We have to control the search in omlu to avoid a combinatorial explosion 
by taking advantage of the fact that each time a new match is added both the displacement and the future 
matches are further consuained. The displacunent is cOoSvained by combining the c-t estimate T 
with the displacement computed from a new match (F,! , F:). Even though the displacement is described 
by six components, the number of components of the displacement that can be computed from one single 
match depends on the type of feanuts involved point matches provide only three components, line 
matches provide four components (two rotations and two translations), and @on matches provide three 
components. We therefore combine the components of T with those components of the new match that 
can be computed. A given match prunes the search by constraining the future potential matches in two 
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ways: if connectivity relations between featurcs are available, as in the case of terrain patches, then a 
match (F j ,F$)  camaim the possible matches for the neighbors of F:) in that they have to be adjacent to 
F;. In the case of points or patches an additional comuaim is induced by the relative placement of the 
features in the scene: two matches. (F:, F;) and (F:,, F:,), arc compatible only if the angle between the 
vectors w1 = and d = F q  is 10- than r, provided the rotation part of T is no greater than i~ 

which is the case in rralistic situatim. This w&t means that the dat ive placement of the features 
ranainsthesamefromimagetoimagewhichissimilsrtotheclasricalorderingconsvaintuscdinstereo 
matching. 

The rcsult of the search is a stt of possible matchings, each of which is a set of pairs S = (FA, Fi)k 
b e e n  the two scts of features. Sincc we evaluated T simply by coolbining components in the w m e  
of the search. we have ta evaluate T for each S in order to get an accura!e estimate. T is estimated by 
minimizing an emr function of the form: 

t 

Thc distaw 4.) used in Equation (20) depm& on the type of the features involved: For point fearurcs, 
it is the usual distance bcnvan two points; for line3 it is the weighted sum of the angle between the two 
line3 and the distance betwen the distance VCUOIS of the two lints; for regiOnS it is thc weighted surri of 
the distance betwen! tbc lmit dilection V e M I S  and the distance betwan tbc two direction vectors. All the 
components of T can bc estimated in general by minimizing E. We have to carefully identify, however, 
the cases in which insufficient features m prcsmt in the Scene to fully cmsrmn ' the transformation. The 
matching S that rdizes the minimum E is xcponed as Iht h a l  match between the two maps while the 
comsponding disp~acunent Tis  repon~d as the best estimate of thc dispiacanent betwcm the two maps. 

% approach to feature b a d  matching is quite general so that we can apply it to many different 
types of f-. pmvidcd that we can d&e the distance d(.) in Equation (20), the importance measure, 
and the f e e  measure. The approach is also fairly efficient as long as 6 and c do not become too large, 
in which case the scarch space becomes itself large. We describe two implementations of the feature 
matching algorithm in the next two Sections. 

n e  error EO ther! be used K) qnsent the uncertainty in r. 

43.1 Example: Matching polygonal representations 

We have implemented the fcanue-based matching algorithm on the polygonal descriptions of Section 3.4 
and3.3.Thcfuuuresareinthiscasc: 

ThC poIygons describing the terrain parametrized by their areas, the quation of the underlying 

The polygons describing the tract of the major obstacles dcrtcted (if any). 

Thc road edges found in the reflcaance images if the mad detection is reliable enough. The 
diabiiity is measured by how much a pair of mad edges deviates from the pair found in the 
previous image. 

surface, and the center of the region 



98 

Figure 3 2  A sequence of range and reflectance images 

The obstacle polygons have a higher wight in the scar& itself because their detection is more reliable 
than the terrain segmentation, while the terrain regions and the road edges conmbute more to the final 
estimate of the displacement sin= their localization is better. Oncc a set of matches and a displacement T 
are computed. the obstacles and terrain patches thar arc common betwtm the current map and a new image 
are combined into new polygons, the new featurts are added to the map while updating the connectivity 
between features. 

This application of the feature matching has been integrated with the rest of the Navlab system. In 
the actual system, the estimates of the displacement To are taken from the central database that keeps 
track of the vehicle's position. Thc size of predicticm region is fixed with 6 = one meter, and 6 = 20". 
This implementation of the feature matching has performed successfully over the course of runs of several 
hundred meters. The final product of the matching is a map that combines all the observations made 
during the run, and a list of updated obstacie descriptions that a~ sent to a map module at regular intervals. 
Since emrs  in determining position tend to accumulate during such long runs, we always keep rhe map 
centered around the current vehicle position. As a nsult, the map qresentation is always accurate 
close to the current vehicle positioa As 80 cxamplc, Figun 34 shows the result of the matching on five 
consecutive images sepmted by about one meter. The m e  in this case is a mad bordered by a few trees. 
Figure 32 shows the ori&inal sequence. of raw range and reflectance images, Figure 33 shows perspective 
views of the corresponding individual maps, and Figure 34 is a rendition of the combined maps using the 
displacement and matches computed from the feature matching algorithm. This last display is a view of 
the map rotated by 45' about the x axis and shaded by the values from the reflectance image. 

4.2.2 Example: Matching local features from high resolution maps 

Matching local features from high rtsolution maps provides the displacement estimate for the iconic 
matching of high resolutioo maps. The primitives used for the matching are the high curvature points and 
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Figure 33: Individual maps 
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Figure 34: Perspective view of the combined map 

lines described in Section 3.5.7. The initial matches are basad on the similarity of the length of the lines 
and the similarity of the curvatwe strength of the points. Thc search among candidate matches proceeds 
as described in Section 4.2. Since we have dense elevation at our disposal in- this case, we can evaluate 
a candidate displacement over the entire map by summing up the squared differences between points in 
one map and points in the uansformed map. Figure 35 shows tk result of che feature matching on a pair 
of maps. The top image shows the superimposition of the contours and features of the two maps using 
the estimated displacement (about one meter translation and 4' rotation), while the bottom image shows 
the comspondenccs between tbe p o d  and Line f e a m  in the two maps. The lower map is uansformed 
by T with respect to the lower right map. Figure 36 shows the result of the feature matching in a case in 
which the maps are separated by a very large displacunent The lower left display shows the area that 
is common between the two maps after the displacement. Even though the resulting displacement is not 
accmte enough to reliably merge the maps, it is c l w  enough to the optimum to be used as the starting 
point of a minimization algorithm. 

4.3 Iconic matching from elevation maps 
The general idea of the iconic matching algorithm is to find the displacement T between two elevation 
maps from two different range images that minimizes an e m r  function computed over the entire combined 
elevation map. The error function E measures how well tht fim map and the uansformed of the second 
map by T do agree. The easiest formulation for E is the sum of the s q m d  differences between the 
elevation a! a location in the first map and the elevation at the same location computed from thc second 
map using T. To bc wnsistcnt with the d e r  formulation of the locus algorithm, the elevation at any 
point of the first map is actually the intersection of a l i e  containing this point with the range image. We 
need some additional notations to formally define E: R and f denote the mtation and translation pans of 
T respectively, A(u, v) is the function that maps a line in space described by a point and a unit vector to 
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Figure 35: Matching maps using local features 

Figure 36: Matching maps Using local features (large rotation component) 
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a point in by the generalized locus algorithm of Section 3.5.2 applied to image i. We have hen: 

when g(u. v ,  7) is the intersection of the transformed of the line (u, v) by T with image 2 expressed in the 
coordinate system of image 1 (Egure 37). The summation in Equation (21) is taken over all the locations 
(K. v )  in the fim map whelr: both fi(u, v )  and g(u, Y, 7) are defined. The lines (u,  v )  in the first map arc 
parallel to the z-axis. In other words: 

du, V ,  T )  J j-'VXu', d)) = K f d ~ ' ,  d )  + f (22) 

where T-I = (R', t') = (R-I -R- 'r)  is the inverse tramformation of T, and (d ,  d )  = (Ru + r ,  Rv) is the 
transformed of the line (u, v). This Equation demonstrates one of the reasons why the locus algorithm 
is powerful: in order to compute f i (Ru + t,Rv) we can apply directly the locus algorithm, whereas we 
would have to do some interpolation or rtsampling if we were using conventional grid-based techniques. 
We can also at this p i n t  fully justify the formulation of the generalized locus algorithm in Section 3.5.2: 
The transfomed line (u', v') can be anywhcrc in space in the coordinate system of image 2, even though 
the original line (u, v )  is parallel to the z-axis, necessitating the generalized locus algorithm to compute 
fib', 

Transformed line Transformed line 

Figure 37: Principle of the iconic matching algorithm 

We now have to find the dlsplacemcnt T for which E is minimum. If v = [a, 0, y ,  fr,  f y ,  f,]' is the 
&vector of parameters of T, w h m  the first three components are the d o n  angles and the last three 
arc the components of the translarim vector. then E reach- a minimum when: 

aE - = o  au 
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Assuming an initial esthatc To. such a minimum can be found by an iterative gradient desccnt of 
tbe form: 

w h m  ui is the estimate of Y at iteration i. From Equation Ql), the derivative of E can be computed by: 

From Epuauon (22). wc get the derivative of g. 

The dcrivatiws appearing in thc last two compomnts in Eguation (26) arc the derivatives of the 
transformation with nsptn to its parameters which can bt computed analytically. The last step to 

We Mlld write the derivative with rrspea tD cach m p o n m t  vi of Y by applying thc chain rule directly: 
compute the derivative of g ( 4  v, r )  is thmforc to compute the derivative ofh(d, I/) with rcspcct to u. 

Equation (27) lcads however to unstabilities in the gradient algorithm bccausc, as we pointed out in 
Section 3.5.2. the (u,  v) representation is an ambiguous representation of lines in space. We need to usc a 
iron ambiguous rcpnsentation in order to comctly compute the derivative. According to equation (13). we 
can use interchangeably the (u, v) npresentation and the unambiguous (a. b,p, q) rcprrscnration. Therefore 
byms ide r iugh  asafunctioaofthctm~~€omr byT.f=(d ,~ ,d ,d) .ofa l ineI=(a ,b ,p ,q) in imagc 
1. we call lrrmsform Equation (27) to: 

S i n e  the derivative afi/ar depends only on the data in image 2, we carmot compute it analytically 
and have to estimate it from the image data. We approximate the derivatives of fi with res* to a, b,p, 
and p by diffcmces of the typc: 

Appmximations such as Equation (29) work well because thc combination of Ihe locus algorithm and the 
GNC image smoothing produws smooth variations of the iatersenjm points 

‘Iht last derivatives that wc have to compute to complete the evaluation of a€/au arc thc derivatives 
of r wiih rrspca to each motion parametcrvi. We sta~ byobscrving that i f X =  [x ,y ,r]‘  is a point on 
thc line of parameter 1. and .V = [i, y’, d]‘ is the transformed of X by T that lies on a line of parameter 
f, tbcn we haw the following relations from Equatlm (13): 
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By eliminating X and X between Equation (30) and the relation X' = RX+r, we have the relation between 
1 and r:  

(3 1) 
R,.V 
R,.V' 

d = -  p ' =  R,.U+t,  -d(R, .U+r , )  

R,.V 
R,.V' 

g=- if = Ry.U+ rr - b'(R,.U+ r,) 

where Rx, Ry, Rz are the row vcztors of the rotation matrix R, A = [a, b, lJr, B = [P,q, 01'. We now have r 
as a function of 1 and T, making it easy to compute the derivatives with respect to vi from Equation (31). 

In the actual implementation of the matching algorithm, the points at which the elevation is computed 
in the fim map are distributed on a square grid of ten centimeters resolution. The likes (v,  v) are therefore 
vettical and pass through the centers of the grid cells. E is normalized by the number of points since 
thc since of the overlap region between the two maps is not known in advance. We first compute the 
fl(v, v )  for the emire grid for image 1, and then apply directly the gradient descent algorirhm described 
above. The iterations stop either when the variation of error AE is small enwgh, or when E itself is 
mall enough. Since the matching is annputationally expensive, we compute E over an eight by eight 
meter window in the fim image. The ]as& test ensures that we do not keep iterating if the e m r  is smaller 
than what can be reasonably achieved given the charaaeristics of the sensor. Egur 38 shows the result 
of combining three high resolution elevation maps. The displacements betwcen maps are computed using 
the iconic matching algorithm. The maps are actually combined by replacing the elevationfi(u. v )  by the 
combination: 

when ul and 02 are the uncenainty values computed as in Section 3.5.4. Equation (32) is derived by 
considering the two elevation values as Gaussian distributions. The resulting mean e m r  in elevation is 
lower than ten centimeters. We computed the initial To by using the local feature matching of Section 4.2.2. 
This estimate is sufficient to e m m  the convergence to the true value. This is imponant because the 
gradient descent algorithm converges towards a local minimum, and it is therefore imponant to show 
that To is close to the minimum. Figure 39 plots the value of the vi's with respect to the number of 
iterations. 'Ihese curves show that E converges in a snooth fashion. The coefficient k that controls the 
rate of convergence is very conselvativc in this case in order to avoid oscillations about the minimum. 

Several variarions of the con ironic matching algorithm ;ut possible. First of all. we assumed 
implicitly that E is a smooth function of u; this not me in geneml because the summation in Equation (21) 
is taken only over the regions in which bothfi and g are defined, that is the intersection of the regions of 
map 1 and 2 that is neither mge shadows nor outside of the field of view. Such a summafion implicitly 
involves the use of a non-diffemtiable function that is 1 inside the acceptable region and 0 outside. This 
docs not affcct the algorithm significantly because the changes in u from one iteration to the next are 
small enough. A differentiable formulation for E would be of the form: 

(33) 

where ,ui(u. v )  is a function that is at most 1 when the point is inside a ngion where fi(u, v) is defined 
and vanishes as the point approaches a forbidden region, that is a range shadow or a region outside of 

E = C CCI(U, v)~z(T(u, v)) l l t i l~ ,  V) - g(u, v ,  Vl12 
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Figure 38: Combining four maps by the iconic matching algorithm 
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thc field of view. The summation in Eq. 33 is taken over the entire map. In order to avoid a situation in 
which b e  minimum is attaiOcd when the two maps do not wdap (E = 0). we must also normalize E by 
the number of points in tbe wdap region. For E to bc still s n d ,  we should therefore nomalizc by: 

In Wition to E king smooth, we also assumed that matching the two maps entirely determines the 
six parameters of T. This assumpion may not be true in all cases. A trivial example is one in which we 
match fwg h a p  of a flat plane, wherc only tbe vcnical uanslation can be computed from the matching. 
The @art algorithm does not converge in h s e  dcgenecak cases kuurse the minimum T(Y) may have 
arbitrarily lage valws  within a surface in paramncr spacc. A modification of the matching algorithm 
hat would QWIC that the algorithm does ccmvvgc to some infinite value changes Equation (21) to: 

The effect of the weights Xi is to include the conStreint that the vi’s do not increase to infinity in the 
minimization algorithm. 

5 Combining range and intensity data 
In the previous Section we have concentrated m thc use of 3-D vision as it relates solely to the navigation 
capabilities of mobile robots. Geomeuic accuracy was the deciding factor in the choice of representarions 
and algoritbms while we gave very little attention to the e*raaion of stmantic information. A mobile 
r o b  needs more than just navigation capabilities. however. since it also must be able to extract semantic 
descriptions from its SCIL~OW. For example. we will describe a landmark mgnition algorithm in Section 
5. In that case, the system is able not only to build a geometric represu~tation of an objcct but also to 
date it to a stod modcl. 

Enracting semantic information for landmark recognition or scent analysis may rcquire much more 
than just geometric data from a range scum. For example. interpreting surface markings is the only way 
to unambiguously m g n i z t  naff~c sigus. Cooverscly, tbc rccognitioa of a complex man-made object of 
uniform color is &est when using gwmctric infomatiion. In this Stction we address the problem of 
combiniog 3-D data with dam from other SQW~S. The moa interrSting problem is tbe Combination of 
3-D data with color images since lbcs arc tk two most mmmon yllsors for outdoor robots. Since the 
sensors have diffemt fields of view and positions. wc hRt present an algorithm for uansforming thc 
imagcs into a common frame. As an example of the use of combined rangdcolor images, we describc a 
simple analysis program in Section 5.3. 

5.1 The geometry of video cameras 
The vidco urmera is a standard color vidicon camera quipped with wide-angle Icnses. The color images 
B T ~  480 rows by 512 columns. and each band is coded on eight bits. The wide-angle lens induccs a 
significant geometric distortion in that the sclafion ktwem a point in space and its projection on the 
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image plane does not obey the laws of the standard perspective msformation. 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 (r. c) in the ideal image is given by: 

r = f r W ,  0, c =fc(R, c) (36) 

when f', and fc are third order polynomials. This comction is cheap since the right-hand side of (36) 
can bc put in lookup tables. The actual computation of the polynomial is described in [313 The georneuy 
of the ideal image obeys thc laws of the perspective projection in that if P = [x.y,r]' is a p i n t  in space. 
and (r, c )  is its projecriOn in the ideal image plane. then: 

r = f x / r , c = f y / z  (37) 

wheref is the focal length. In the rest of be paper, row and column positions will always refer to the 
positions in the ideal image, so that perspective geometry is always assumed. 

- 
Figure 40: Geometry of the video camera 

5.2 The registration problem 
Range ScIlSor and video cameras have different fields of view, orientations, and positions. In order to 
be able ta merge data from both stnsors, we first have to estimate their relative positions, known as the 
calibration or registration problem (Figure 41). We approach the problem as a minimization problem in 
which pairs of pixels are selected in the range and video images Thc pairs are selected so that each pair 
is the image of a single point in space as v i e d  fmrn the two SQISO~S. 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 Icasr-quam approach to find a rough initial estimate of the parametea, and then apply a 
nm-linear minimization algorithm to compute an optimal &ate of the parameters. 



109 

Figure 41: Geometry of the c a I i i m  e l e m  

5.2.1 The calibration problem as a minimhtion problers 

Lct P, be a point in space. with coo- 
respect to the video camera The relariaship bttween mC rrvo cmrdinaks is: 

with rcrptn to the w - r ,  aid coordinates with 

C=RP:-T (38) 

wherr R is a rotation mauix. and T is a translation vector. R is a non-heac BllBpjDn of k orientation 
angles of thc camera: pan (a), tilt (p). and rotation (7). P: can k computed h m  a pixel h a t i o n  in the 
range image. is not completely known. it is related to the p iv l  position in the video image by the 
pcrspcuivc traostormation: 

$Ti = f g  
gci Sjjf 

whacf is the focal length. Suhrtiruting (38) into (39) and (40) we get: 

R r c r i  - T,ri - fR# + < = 0 
R z c ~ i  - Tz~i - f R 8  + T, = 0 

where R,. R,, and R, ~IE tbc row v t ~ o r s  of the rotation matrix R, and 
We arc now d y  to reduce the calibrarion problem to a I&-squares minimizarion problem. Given 

n poirtls Pi. we want to find UIC transformation (R, 7) thar minimizes the lefi-hand sides of equations (41) 
and (42). We f i m  estimate T by a linear lcast-squarcs algorithm, and then compute h e  optimal cstimaie 

=fly, =ji”=. 

of all the paramutrs. 

52.2 Initial estimation of camera position 

Assuming that we have an &ate of the orientation R, wc want to cstimare the comsponding T. The 
initial valuc of R can be obtained by physical meaSurcmcnts Using hclinometcrs. Under these conditions, 



110 

the criterion to be minimized is: 
" 

C= C[(Ai - TzBi - fCi  + E)'+ (D; - TZEi -fFi + Gj'] (43) 

where A; = R , q r i ,  Bi = ri, Ci = R , q ,  Di = RzCci, Ei = c,, and Fi = R f l  are h o w  and T,, E,  Ty ,  

Equation (43) can be p u ~  in matrix form: 

i=l 

f are the unknowns. 

C =  I IU-AVf-  IIW-Bq)2 (44) [: 0 ;l C i ]  , a n d B =  
where v = [C ,G ,Tr , f l t ,  U = [A1 ,.., A"]', W = [Di, ..,D.]', A = 

E m  0 -1 Cm 
Ei -1 0 Fi 

, The minimum for the criterion of Equation (44) is attained at the parameter vector: 
[Em -1 0 /.I 

v- (A'A +B'B)-~(A'U+@W) (45) 

52.3 
Once we have computed the initial estimate of V. we have to compute a mom accurate estimate of (R,Tj. 
Since R is a function of (a, P ,  y), we can transform the criterion from equation (43) into the form: 

Optimal estimation of the calibration parameters 

R 

c = 1 l l f i  - Hi(S)JJZ (46) 

when l i  is the 2-vector reprcsenting the pixel position in the video image, I, = [r , ,  ci]', and S is the full 
vector of parameters, S = [c, 5, TJ, a, 13. -1'. We cannot directly compute C- since the functions H, 
an MII-bW, instead we linearize C by using the fim order approximation of H, [27]: 

0 1  

when J; is the Jacobian of Hi with respect to S, SO is the cumnt estimate of the parameter vector, and 
AT = S - So. ThC right-hand side of (47) is minimized when its derivative with r e p  to AS vanishes, 
tLat is: 

R 1 /%.AS + ZACj = 0 (48) 
k1 

where AC; = Ii - Hi(&). Therefore. the best parameter vector for the linearized criterion is: 

Equation (49) is iterated until there is no change in S. At each iteration, the estimare SO is updated 
by: So - So + AS. 
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53.4 Implementation and performance 

The implementation of thc calibraticm proccdun follows the slcps described above. Pairs of comsponding 
points an sticcltd in a sequence of vidw and range images. We typically use twenty pairs of points 
canfully sclentd at inttrcsring locations in the image (e.g. corners). An initial estimate of the camera 
oricntatiOn is (O,p,O). where 0 is physically mcaSurcd using an inclinometer. The h a l  estimate of S is 
usually obtainui after lcss than ten iterations. 'This calibration proccdun has m be applied only once, as 

Once we have computed the d i b d m  p m e t n s ,  we can merge range and video images into a 
colored-range image. Instcad of having oae single fusion program, we implemented this as a library of 

long as the sensors are not displaced 

fusion functions that caa be divided in two categories: 

1. Range 4 vidco: This set of fugctions takes a pixel or a set of pixels (f ,c ')  in the range image 
and computes tbc location (IC,e) in thc video image. This is implemenud by directly applying 
Equations (41) and (42). 

range: This set of hmctians takes a pixel or a set of pixels (f,c') in the video image 
aod computcs thc locatiw ( F , P )  in h e  range image. The computed location can be used in 
turn to umrputt the location of a intensity pixel in 3-D spaa by dirtnly applying Equation (3). 
The algorib for this SCEond set of Eunctons is more involved because a pixel in the video image 
comsponds m a l i e  in space (Figure 40) so that Equations (41) and (42) cannot be applied directly. 
More prtcisely. a pixel (f,  c') comsponds, after transfornation by (R. 0, to a m e  C in the range 
image. C intefieas the image at locations ( f ,  P), where the algorithm npons the location ( f ,  C.) 
 ha^ is !he minimum among all the range image pixels that lie on C of the distancc between ( f , c C )  
and the projection of (f,c') in the vidto image (using the tim set of fimaions). The algorithm is 

2. Vidw 

' A on Fiigure 42. 

Figure 43 shows thc colored-mgc image of a scene of Stairs and sidewalls, the image is obtained by 
mapping the intensity values h the d o r  image on10 tbc rangc image. Figure 44 shows a pcrspcnivc 
view of the colod-range image. In this example [MI. wc first compute thc location of each range pixel 
(r', P) in the video image, and lhen assign the color value to the 64 x 256 colored-range image. The final 
display is obtained by mtating the range pixels, tbc coordinates of which arc computed using Equation (3). 

5.3 Application to outdoor scene analysis 
An example of thc USC of the fusion of range and video images is outdoor sctne analysis [2026] in 
which we want to identify the main compoocms of an outdoor scene, such as W. roads. grass, etc. The 
cold-range image mncccpt makes the scc~lc analysis pmbkm casicr by providing data pertinent to both 
gcomclric information (e.g. the shape of the ac~) and physical information (e.g. the color of the mad). 

53.1 Feature extraction from a colored-range image 

Tbc fcanvcs that we expact from a colored-raop image must be nlatcd to two types of information: the 
shapes and the physical properties of tht observed surfaces. 
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Backprojection of 
Projection of the line a e pixel from (c) 
in range image in co f or mage space 

Line from 
inverse perspective 

Figure 42: Geometry of the "video -* range" transformation 

Figure 43: Colored-range image of stairs 

Figure 4.4: Perspective view of registered range and color images 
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The gcomeuic features art used to describe thc shape of the objects in the scene. We propose to use 
two t y p  of features: regions that comspond m smooth patches of surface, and edges h a t  correspond 
either to  iti ions beIwbm regions, or to Vansitions between objects (occluding edges). Funhermorc. 
we must be able to describc b e  feafirres in a compact way. One common approach is to descnbe the 
regions as quadric patches. and the edges as scts of mdimensional line sgments. More sophisticated 
descriptions arc possible [51, such as bicubic patches or curvature descriptors. We use simpler descnpton 
since the range data is relativdy low rewlution. and we do not have the type of accurav: geometric model 
that is suited for using higher order gcOmnric descriptors. The descriptors attached to each geometric 
feature arc: 

Thc parameters dcsmiing the shape of the surface pab&cs. That is the parameters of the quadnc 
surface that approximate each surf= patch. 

Thc shape parameters of the surface patches such as center. ma, and elongations. 

Thc 3-D p~ lyg~na l  description of thc edges. 

ThC 3-D edge types: WWCX, WIIC~VC OT Occluding. 

The surface patchcs arc exPaCtCd by fitting a quadric of equation XAX+#X+C = O  to the observed 
surfaces. where X is the Cartesian coordinate vemr computed from a pixel in the range image. The 
fitting error, 

E(A,B, C) = [ X U ,  + S'X, + (50) 

is used to cmml the growing of regions over the observed surfaces. The parameters A, B ,  C arc computed 
by minimizing E(A, B, C) as in 1141. 

The features dated to physical p p c r t i s  me regions of homogeneous color in the video image, that 
is regions within which the color values vary smoothly. Thc choice of these features is motivated by the 
f a n  that an homogeneous region is presumably part of a single scene component. although the converse 
is not m e  as in the case of the shadows cast by an object on an homogeneous patch on the ground. The 
color homogeneity criterion we usc is thc distance (X - rnYZ-'(X - m) when rn is the average mean 
value on the region. C is the covariance matrix of the color disuibution 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 paatrn rccognitioa Tbc descriptive parameters that are retained for each repon are: 

XE-h 

Thc color statistics (m, E). 
The polygonal representarion of the region b&. 

Shape parameters such as cater or moments. 

The nngc and color fcarurcs may overlap or dkagree. For example. the shadow cast by an object on 
a flat patch of ground would divide onc surface patch into two color regions. It is thcrtforc necessary 
to have a crass-referencing mechanism between the two gmups of features. This mechanism provides 
a two-way direct access to the geometric f e w  that intersect color features. Extracting the relations 
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between geometric and physical features is straightfonvard since all the features are registered in the 
colored-range image. 

An additional piece of knowledge that is important for scene interpretation is the spatial relationships 
between features. For exampIe, the fact that a vertical objcct is connected to a large flat plane through a 
concave edge may add evidence to the hypothesis that this object is a tree. As in this example. we use 
three t pes  of relational data: 

The list of features connecred to each geometric or color feature. 

The type of connection between two feahlres (convedconcavdoccluding) extracted from the range 
data 

The length and strength of the connection. This last item is added to avoid situations in which two 
very close regions become accidentally connected along a mal l  edge. 

5.3.2 

Interpreting a scene r e q u i ~ ~ s  the recognition of the main components of the scene such as vets or roads. 
Since we art dealing with narural scenes, we cannot use the type of geomevic matching that is used in 
the context of industrial parts recognition [51. 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 rhe flamess of others. We 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: 

Scene interpretation from the colored-range image 

PI: Thc color of the trunk lies within a specific range 3 constraint on the statistics (m, 1) of a 
color region. 

0 I??: The shape of the trunk is roughly cyclindrical j constraint on the distribution of the principal 
values of the mavix A of the quadric approximation. 

P3: The trunk is camemxi to a flat region by a concave edge constraint on the neighbors of 
the. surface, and the type of the connecting edge. 

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

Other objects such as roads or grass artas have similar descriptiods. The properties P;j of the known 
object models M, are evaluated on all the features Fk extracted from the colored-range image. The result 
of the evaluation is a score for each pair (Pij,Fk). 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 ocduding 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 fim soIt the possible i n t e r p d o n s  M, for a given feature Fk according to 
all rhe smm (S&. In doing this, we ensun that all the properties contribute to the final interpretation 
and that no interpretations are discarded at this stage while identifying the most plausible interpretations. 



We have sa far emactcd plausible interpmtations only for individual scene features Ft. The final 
stage in the scene interpretation is to find the interpretations (M,&,Fd that are globally Consistent. For 
example. property P3 for the m implies a constraint on a neighbring region. namely that this has to be 
a flat ground region Formally, a set of consistency umstrainfs C, is associated with each pair of objects 
fMm,  M,,). 'Ihe C, consmints arc pmpagarcd through the individual interpretations (M,*, Fd by using 
rhe connectivity informarion mrcd in the colored-range featurt description. The propagation is simpIe 
considering the sndl number of f e a m  remaining at thk stage. 

The hal  result is a consistw set of interpretations of rhe scent features, and a puping  of the 
fa tuns  into sets that comspond to the sme  objcct The Iast result is a by-product of the consistency 
chcckpd the use of connectivity data. Figuie 45 shows the color and range images of a scene which 
contains a mad, a couple of trees. and a @age can. Figwe 46 shows a display of the comsponding 
colored-range image in which the white pixels an the poims in the range image that have been mapped 
inlo the video image. This set of points is d y  sparse because of the difference in resolutions between 
the two sensors, and some interpolation was performed to produce the dtnse regions of figun 46. 

Only a ponion of the image is rtghrtd due to the difference in field of view between the two 
s c ~ l s o ~  (60" for the camera versus 300 in thc vutical direction for the range sensor). figure 47 shows 
a poltion of thc image in which the edge point3 fmm the range image arc projected on the color image. 
The edges arc interprrtcd as the side edges of the me and the connection h e m  the ground and the 
tree. Figure 48 shows the final scene intupdon.  The white dots arc the main edges found in the range 
image. The power of the colored-range image approach is dcmomtmted by the way the road is extracted. 
The mad in &is image is separated into many pi- by strong shadows. Even though the shadows do not 
satisfy the color Mnsnaint on road region. they do perform well on the shape criterion (flamess), and on 
the consistency criteria (tub with the other road regions, and with the trees). The shadows an therefon: 
interpreted as mad regions and mcrgc with the other regions into one road mgion. This twe of reasoning 
is in general difficult to apply when only vi&o data is used unless one uscs stronger models of the object, 
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 cobr-based scene interpretation programs [321. 

6 Conclusion 
We have described trdmques for building and manipulating 3-D terrain representations from range images. 
We have demonstrated these techniques on real images of outdoor scenes. Some of them (Sections 3.3,3.4. 
and 4.2) were integraud in a largc mobile robot system that was successfully tcsud in the field. We expcn 
that tht mcdulc that manipulates and creates these terrain rcp~prcscntations will bccome part of the standard 
core systcm of our outdoor mobile robots. just as a local path planner or a low-level vehicle controller 
arc standad modules of a mobile robot systan independent of its application. This work will begin by 
combining the polygonal terrain rcprwmtatiOn of Section 3.4 with the path planner of [38] in order IO 
generate the basic capabilities for an off-mad vehicle. 

Many issues stiIl remain to be invcstigatcd. Fyst of all. we must derioc a uniform way of representing 
and combining the uncertainties in the terrain maps. cumntly, the uncenainty m&ls depend heavily on 
the type of sensor uscd and on the level at which the tcnain is rcpresentcd Funhermore, the displacements 
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Figure 45: Color and range images of an outdoor scene 
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Figm 46: A view of the corresponding colored-range image 

Figure 47: Edge features h r n  the colored-mgc image 
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Figure 48: Final scene interpretation 
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between terraiu maps arc known only up to a certain level of uncertain~y. This Ievel of uncenainry must 
be evaluated and updared through the matching of maps, whether iconic or feature-based. Regarding 
Ihe combination of the 3-D rcprcscntatim with nprescntations from other sensofi, we need to define 
an algorithm for sensor registration that is general cnougb for application to a variety of situations. The 
algorithms presented in Section 5 are still very dcpendcnt on the sensors rha! we used. and on the intended 
application. Regisvation scbcmes such as (171 would enable us to have a more uniform approach IO the 
problem. An added effect of using such a registdon algorithm is that we auld  explicitly represent emn 
caused by the combination of thc smso~s, which we did not do in Section 5. Another issue concerns 
our presentation of the three levels of tVrain representation, the matching algorirhms, and the sensor 
combination algorithms as scparatc problems. We should & h e  a common perceptual architecnue to 
integrate thea algorithms in a common rcprcsentation that can bc pan of the core system of a mobile 
robot. F d l y ,  we have tackled the terrain reprtsCntation problems mainly from a geometrical p i n t  of 
view. Except in Section 5, we did not aoCmpt to cmact scmantic intcrprc~ions from the representations. 
A nafural extWion of this work is rn usc the 3-D terrain rcpresmtatioas to identify hown objects in the 
scene. Another application dmg thcsc lines is to use tbc terrain maps to identify objccts of interest. such 
as terrain rcgions for sampliclg tasks for a plaa*ary explorer [24]. Although wc have performed some 
preliminary experiments in that rrspea [192J. cxfracting scmantic information from terrain reprccscntations 
remains a major rcsearcfi area for outdoor mobile mbou. 
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