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INTRODUCTION 

Chapter 1: Introduction 

1 

1.1 Abstract 
This repa reviews progress at Camegie Mellon from August 16,1989 to August 15,1990 on research sponsored 

by DARF'A, DOD, monitored by the US Army Engineer Topographic Laboratories under contract DACA 76-89- 
C-M)14, titled "Penxption for Outdoor Navigation". 

Research supported by this contract includes perception for road following, terrain mapping for off-road 
navigation, and systems software for building integrated mobile robots. We overview our efforts for the year, and 
list our publications and personnel, then provide furtha detail on several of our subprojects. 

1.2 Introduction 
This r e p t  reviews progmss at Camegie MeUon from August 16,1989 to August IS, 1990 on research sponsored 

by DARPA, DOD, monitored by the US Army Engineer Topographic Laboratories under contract DACA 7@9- 
C-0314, titled "Perception for Outdoor Navigation". 

During the past year, this contract has supported research on color vision for road following; 3-D perception for 
m a i n  mapping and cross-counrry mobility: and system building for autonomous navigation. We have 
demonstrated autonomous navigation on a variety of mads, including single lane dirt graveL and paved, and 
multi-lane reds with and without lane markings. Our preption modules llse a variety of techniques for video 
processing (clustering theory, symbolic feature detection, n d  nets), and for range data analysis (landmark 
navigation, reflectance processing). We have also integrated position-based navigation (INS and GPS), and 
combinations of all these techniques into mobile robot systems and demonsnarions Our scientific papers this year 
include a bodr (Vision and Navigation: the CMU Navlab), three PhD dissertations, and an MS thesis. 

In the fmt chapter of this report, we briefly summarize our progms over the past year, and list personnel and 
publications. Following chapteas go into gmter detail on individual projects and accomplishments. 

12.1 SCARF 
SCARF, which stands for Supervised classification Applied to Raad Following, tracks roads by adaptive color 

classification. Under previous contracts, we developed SCARF, implemented it on various computers including the 
Warp, and used it for many Navlab runs. Dllring this past year, Crisman fmished hex thesis on SCARF 131. ?his 
entailed three new research initiatives: interseEtion detection, analysis of performance on Warp, and tests on more 
road types. 

SCARF operates in unstructured environments, where intersections may not be. accurately mapped. and where the 
size and shape of branch roads may not be known. While our previous experiments with SCARF intersection 
detection used a template of the intmation shape, we wanted to build a system that did not use such strong models. 
Naive approaches to intersection derection muld be computationally inefficient: an intwsecti~ with three roads. 
each of which has two degrees of freedom. could create a 6-D search. Our a p p c h .  instead, takes advantage of 
scene smcture to decompose the search into several smaller searches. Afm we have classified the pixels into road 
and offroad, we search for the main road. This is a 2-D search, looking for road angb and offset. Once we find the 
main road, we search for the biggest branch road. This is also a 2-D problem, since the branch can leave the main 
road at any point along its length and at any angle. Once we find the frn branch, other branches are consvained to 
leave the main mad at the same point, so additional searches are each l D ,  looking at all possible angles. Each 
search looks in the classified image for a road-shaped region which has a total probability of greater than 0.5. based 
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on the classfication probabilities of iu  pixels. The search for branches terminates when none of the candidates have 
high enough probability. A variation on this process confmes the search to the top portion of the. image. since 
SCARF processes sequences of images as the vehicle moves and intersections first appear in the upper part of the 
images. Once an intersection has been detected in one image, the search in subsequent images can be mnfmed to a 
smaller range of locations and angles, depending on vehicle motion between frames. 

SCARF was the primary vision system that used the Warp supercomputer on board the Navlab. Our experience 
with Warp was somewhat mixed. In the early days of Warp, the software and hardware environment had not 
matured, and it was difficult to really use the full power of the machine. Close cooperation between our group and 
the Warp group led to some important changes in hardware and in the programming environment, which in wm 
gave much better performance. 

The early development of SCARF used our Flagstaff Hill bicycle path as the main test site. In the past year, we 
have run SCARF on several more test sites. In particular, at DARF'A's request we tested various road following 
methods on sites that did not have paved roads. SCARF perfmed very well on gravel and din mads, as expected. 
The most difficult case involved a road in a forest, which was mainly distinguishable in the video images by 
having less leaf cover than the surrounding forest floor. The philosophy of tracking the entire r ad ,  and using the 
entire image, made it possible for SCARF to track the mad even though them were no clear border lines. We also 
ran SCARF on unlined suburban streets. with excellent results. 

A brief overview of SCARF, and a description of the systems of which it is a pm, are included in Chapter 2 of 
this report, "The New Generation System for the CMU Navlab. The Warp work is presented in more detail in 
Chapter 4. F~i~ther details on SCARF may be found in Crisman's thesis t31. 

12.2 YARF 
Our system for following smuured roads is called YARF. for Yet Another Rmd Follower (an earlier version was 

called FERMI [51). YARF addresses the problems of navigating on networks of city slreets. This task quires the 
following capabilities 

robust detection of road features (painted stripes, pavementkhwlder boundaries, etc.); 
detection of changes in f e a m  appearance. such as changes in the color or continuity of a painted line; 
detection of changes in lane geometry, such as the addition of a turn lane near an intersection; and 
ragnition of intersections, and path planning for navigation through them. 

Current systems are limited in their ability to achieve these capabilities for several mons.  First, they typically 
use a single segmentation technique. Any single method will fail under certain circumstances. limiting system 
performance. Second, most syskms fail to dewmine the confidence with which the road has been detected. Many 
current systems will follow the results of incorrect segmentations until the vehicle has driven off the road. Thud, 
they have no model of the lane structm of the road. Driving on city streets requires that the system understand the 
semantics of the la,res. Finally. many systems have limited capabilities for intersection navigation. Intersections 
cover a large area compared to typical camera fields of view, and current systems process only one image at a time. 

The YARF system addresses these problems in the following way: 
Multiple. specialized segmentation techniques for robustly extracting d i f f m t  kinds of mad features. 
On typical rural mads, the dwble yellow line in the center of the road is detected by looking for pixels 
which have a yellow hue, while the white stripe on the right side of the lane is being backed by 
searching for a bright bar of a specified width at a spilled orientanon. 
Explicit detection of segmentation failures and the analysis of possible causes of failures to detect 
changes in road appearance and the approach of intersections. 
An explicit model of the lane smchlre of the road This model focuses processing on windows in the 
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image in which features should appear. It contains semantic information about the lane structure. It also 
provides the geanetric model for the combination of the individual feature location measurements into 
a single estimate of the vehicle position on the road. 

*Use of data from multiple images calibrated into a single vehicleentered coordinate system for 
recopnizi intersections and navigating through them. 

Progress in the last year has included new trackers. models of road cumam,  and road model fitting over multiple 
images. The combination of these new approaches and techniques has enabled us to increase our maximum 
demonstrated speed from 1 kph to 15 kph, with al l  pmcessing on a single Sun4. parallel versions, still being tested. 
hold the promise for further speed increases. YARF is described in Chapter 5, "YARE A Progress Repon". 

1.23 The EDDIE Architectural Toolkit and Annotated Maps 
Our new system, EDDIE (Efficiient Decentralized Database and Interface Experiment), marks a turning point 

away from centralized, standardized architeculres, to a flexible architectural toolkit Our previous architectures 
concenmted on geomemc remning and centralized anonymous communications. EDDIE decentralizes those 
functions. Insread of all data flowing through a central map module, communications are now point to point. This 
allows the faster communications needed for reflex-level actions. while sepmting map-based reasoning into a 
dedicated module. 

EDDIE is not a complete architecture, in the sense that it d m  not enforce a standard for how all robots ought to 
be built. Instead. it provides building blocks for communications. and for system start-up, monitoring, and control. 
In addition, EDDIE uses and suppom the new mechanisms of annotated maps and of the integrated controller, 
described below. 

EDDIE has k n  used to build several different architectures. The simplest systems use only a single perception 
module and the controller to do road following. These systems use the built-in position iracking of the Low-level 
controller to monitor vehicle motion during image procesSing. and the smooth conIml modes of the controller ta 
back commanded paths. More complex systems add modules, such as an "emergency stop" module that uses ERIM 
range data to fmd obstacles in the vehicle's path. The most complex systems we have built with EDDIE use seveml 
different mad following modules, plus landmark detection, emergency stop, and map position update, along with 
Annotated Maps for mission planning and execution. A description of EDDIE is included in Chapter 2, "The New 
Generation System for the CMUNavlab". 

Integrated Controller: Real-time mobile robot controllas have usually been designed with an emphasis on 
control theory ignoring Ihe importance of system inteption. Our new controller is b a d  on the philosophy that 

useful mobile robots q u i r e  a real-time CMltroIh with a wide range of capabfiities in addition to control theory. 
These capabilities include: 

position estimation, 
mapping and tracking of paths, 
human interfaces, 
fast communication. 
multiple client suppon, 
and monitoring vehicle staius for safety and debugging. 

We have designed and implemented a c o n I m h  framework that suppals these capabilities. Using this framework, 
individual modules such as a position estimator, a path tracker, a mapper, network servers and other crucial elements 
have been successfully inlegrated into a controller for the Navlab aumnomus vehicle. The controller incorporates 
an inertial navigation system into the low-level control loop, to provide accurate position estimation and path 
tracking. These capabilities are integral to EDDIE, freeing other modules from real-time tasks that properly belong 
to the lowest-level controller, close to the hardware.. Amidi's master's thesis Ill discusses the results of trials with 
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different strategies for steering control, velocity control, and controller design. 

Annotated Maps: EDDIE does not have a global map at the center, as does CODGER. L d  positions, used 
only for the prupoees of obstacle avoidance 01 path following, are never written into a map. Global, permanent, 
maps are handled by the separate mechanism of "annotated maps". 

Besides the usual geometric data, annotated maps provide a mechanism for storing arbitrary bit fields, and 
associating those "aono~atiolls" with particular objects or locations. The information is then either retrieved on 
request, or automatically sent to a particular module by the "trigger" mechanism when the vehicle arrives at a 
specified location. In typical siwations, annotations are used to describe the appearance of roads and landmarks. 
Triggers are used to indicate changes in vehicle contrd and sensor processing during the course of a mission. 

The most ambitiom mission we have performed to date is a 0.4 mile mn on unmodified suburban streets in 
Piusburgh's Nonh Hills. This involvd 

Driving along curving s u b b  streets. with no pvwnent markings, including many different types of 

Traversing four intersectiws, at two of which the Navlab had to make. a 90 degree left tum; 
Stopping for unexpted obstacles, and resuming motion when clear, 
Locating landmarks for position updares and for fidmg the destination. 

driveways; 

We built a map of the route, driving the Navlab by hand and using the laser scanner to m d  the location of 3-D 
objects. Object positions were measured in multiple images, to discard moving objects (pedestrians, cars. dogs) and 
to improve the accuracy of meaSured position. The resulting map was annotated with triggers that controlled vehicle 
path execution. During the run, the vehicle started moving slowly, while it found landmarks to initialize its position. 
A trigger then caused the vehicle to speed up until it appmched the first tum. At that point, triggers caused various 
modules to slow the Navlab, Fid 3-D objects, match them against the map, and update the vehicle's pasition 
estimate. Through the turn, vision was not able to see the road, so another trigger caused dead reckoning to take 
control until the vehicle was lined up with the next road, when the road was again in the field of view and vision 
could resume control. The MI prooeeded m this fashion until the fd triggers. which matched the mailbox at the 
destination with the map, and brought the vehicle to a stop. 

Detail on annotated maps may be found in Chapter 3, "Annotated Maps for Autonomous Land Vehicles". 

1.2.4 Range Data Analysis 

system are stored in annotated maps. Our map building is made robust by 
We have continued the development of a robust map building system for the Navlab. The maps produced by the 

Using the position information from he INS. 
Matching well-defined discrete objects between frames before anempting to match terrain descriptions. 
Representing explicitly uncertainty and mnfidence to produce an accurate map and to remove spurious 
items from the map. 

Matching objects is not very expensive in OUT case because we have only a few objects to match in each frame 
and befause we can assume that we have a reasonable estimate of me displacement between frames from INS or 
dead-reckoning so that the locations of the objects detected in one image can be easily predicted in the next image. 
The main issues are to remove spurious objects and to compute. the location of the. objects as accurately as possible. 
Spurious objects can be detected in two cases: Noise in the. range image may cause the object detection program to 
hallucinate, and moving objects (e.g. people) crossing the fEld of view a s  detected as objects even though they 
should not be included in a map. Spurious objects must be eliminated berause they may lead to disastrous results 
when they rue used later on to correct the position of the vehicle. The position of the objects must be computed as 
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accurately as p s i b l e  so that the position corrections that are computed using the object map are also accurate. 

The problem of spurious objects is solved by  calculating a confidence measure for each object. The confidence of 
an object is decreased if it is not found in an image in which it should appear based on previous observations and the 
current vehicle position, otherwise the confidence is increased. The objects with low confidence are discarded. 
Accurate object locations are obtained by updating the uncednty on object location (mean and covariance matrix) 
each time an object is observed in a new image. The initial uncertainty is based on a sensor model and depends 
mostly on the distance between the object and the vehicle. The uncertainty also takes into account the fact that only 
a small part of the object surface is observed. The uncertainties are combined using standard maximum likelihood 
techniques. 

The same techniques are used to identify specifc objects in the map and to correct the vehicle position as it 
baverses a pre-stored map: the observations are matched with the information srnred in the map. The matching uses 
sveral observations to allow for uncertainty computatiw and removal of spurious object detection through 
confidence evaluation. The map building and matching is now integrated into the annotated map navigation system 
and has been demonshated in complex navigation soenaria. 

1.3 Open Problems and Current Work 
The results presented in this report cover the fmt year of an ongoing research program. SCARF is currently not 

active, and the EDDIE tmlkit is currently stable. We continue our work in YARF, in annotated maps, and in range 
data analysis. In addition, we have bgun new projects in integrating multi-sensar data and in understanding neural 
networks for road following. 

YARF. The thesis work coming in YARF involves diagnosing failures of the oackers. If a white stripe is not 
detected as predicted, it could be because it is temporarily occluded, or is in deep shadow. or because the road 
d i n g s  changed, or because the mad widens or turns abnrptly. Some clues about the failure come h m  individual 
hackers: if the trackex window is all very dark, for instance, the vehicle may be entering a shadow, Other cues are 
global: if the detected location is drifting outward, perhaps the road is widening. Combining local reasoning, about 
appearances. and global reasoning. about geometry. wil l  give YARF increased capabilities to understand the 
situation, update its models, and continue the run. 

Annotated Maps. Our prototype implementation used a very low-level user interface, that allows unlimited 
flexibility in specifying each annotation, but requires almost unlimited typing and mouse pointing. We are frst 
building a higher-level interface with macro capabilities, so we can define packages such as "turning at an 
intersection" that combine all the triggers typically used. In additioa, we will build a computer interface, so 
autonomous or computer-aided mission planning systems will be able to generate annotations. Finally, we are 
expanding our annotated maps for off-road mvigation. Instead of triggering a particular action when the vehicle 
crosses a line across the road, we will build triggers that fm when the vehicle enters or leaves a designated polygon 
in the terrain. 

Range Data. We have used INS (inertial navigation) data for matching discrete objects, and we have separately 
developed the locus method for matching terrain patches and building maps. We will now combine the two ideas, 
using INS information to seed the locus search. The locus search finds the best transform between two map patches 
by an iterative process, which measures the residual match error and updates the iransform. The search process is 
currently slow, since it must consider a l l  six degrees of fredom (three translation and three rotation). We will be 
able to run much more quickly by constraining the search, especially with accurate angular information from the 
INS. 
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Integrated Positioning. Our map navigation experiments currently update vehicle position Using only the mOSt 
recent information. When 3-D Landmarks are seen, their position relative to the vehicle is used as an absolute 
correction; when the road is visible, its perceived lateral position and orientation a ~ e  assumed to be exact and in 
other cases, the INS data is used. A bem scheme would use data from each some, combined according to the 
e m  disuibutions for the individual position Upaates. We already have estimates of the precision of OUT INS 
system, and of the 3-D landmark location measurements. We will use aKalman filter lo keep a running track of the 
best estimate of vehicle position. and of the error margins in that estimate. 

Understanding Neural Nets Under sepate funding, we have driven the Navlab using neural nets to track the 
road in video images. We are beginning a set of experiments to undersrand what features the neural net "hidden 
units" are matching, and whether we can achieve similar or superim performance by directly programming those 
feature detecm, rather than learning weights. 

1.4 Theses 

Engineering. 
Om& Amidi. "Integrated Mobile Robot Control", Master's Thesis, Deparbnent of ELecuical and Computer 

Jill Crisrnan, "Color Vision for the Detection of Unstructured Roads and Intersections", PhD Thesis, Deparunent 
of Electrical and Computer Engineering. 

InSo Kweon, "Modeling Rugged Terrain by Mobile Robots with Multiple Sensors", F'hD Thesis. Robotics PhD 
program. 

Anthony Stena, "The NAVLAB System for Mobile Robot Navigation", F%D Thesis, School of Computer 
Science. 

1.5 Personnel 
Supported by this contract or doing closely related research: 

Faculty: Martial Hebat, Takeo Kanade, Chuck Thorpe 

Staff: Mike Blackwell. Thad Druffel, Jim Frazier, Eric Hoffman, Ralph Hyre. Jim Moody, Bill Ross. Hans 
ThOmaS 

Graduate students: Omead Amidi. Jill Crisman, Jennie Kay, Karl Kluge, InSo Kweon, Dean Pomaleau, h u g  
Reece, Tony Stentz 
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Chapter 2: Toward Autonomous Driving: The CMU Navlab 

Charles Thorpe 
Martial Hebert 
Takeo Kanade 
Steven Shafer 

2.1 Introduction 
?he goal of the CMU Navlab project is to build autonomous systems capable of outdoor navigation, both on roads 

and cross~ountry. Since the outset of the project in 1984. we have held two main tenets: the imporlance of 
complete systems, and the imponance of focusing on boalenecks. Our emphasis on complete systems has meant 
t ha~  since the beginning, we have closed the loop from sensing to action, in realistic outdoor scenarios. We have 
been forced to deal with the vagaries of natural illumination, of bright sunlight and clouds and rain and snow; and 
we have had to confront the problems of camera calibration. path planning, real-time computing power, and 
software system mhitectures. While the logistid costs of performing such real experiments have sometimes been 
significant, OUT resulting algorithms and systems are calibrated to reality. Our second principle. of focusing on the 
bottlenecks, has pushed us to work on the most difficult problems fmt. For outdoor navigation, the biggest 
challenge, and our main area of research. has been in image understanding in difficult conditions. Instead of mnning 
at high speeds on cleanly-marked expressways, we have worked on unstructured roads (including din roads and a 
winding asphalt bicycle path), on the changing appearance of struclured roads in dappled shadows and at 
intersections, and on off-road navigation over rough terrain. Once we had the first versions of reliable perception 
software, we also developed novel planning methods for rough terrain. and have designed and built systems 
software to forge the separate perception and planning modules into integrated systems. Other technologies, such as 
vehicle design, high-speed computing. and control theory, are not the main bottleneck. While important 
components, they have been or are being developed by other groups, often outside the mobile robotics community. 
By directly confronting the central areas of perception. planning, and system-building for mobile robots, we are 
completing the missing links that will enable us to build the reliable high-speed mobile robots of the future. 

We now have significant results in many of those areas. Our Navlab robot van (shown in Figure 2.1) drives itself 
at slow speeds along unmarked, unmapped trails. locating and traversing intersections. On more typical suuctured 
roads, the Navlab drives up to its mechanical limit of 28 kph. It can mn without a map, or use maps it has built, 
along with information from previous runs. to select Werent behaviors at different locations. Off road, the Navlab 
can move slowly over moderately rough terrain, and can map large areas as it drives. The resulting software has 
been transferred to other projects, including the DARF’A Manin Marietta ALV and our own NASA-sponsored 
AMBLER, a walking machine for planetary exploration. 

2.1.1 Context 
Our work is part of the broader framework of DARF’A’s Strategic Computing Initiative. including the 

Autonomous Land Vehicle (ALV) project that began in 19W. Several of the contractors from Strategic Computing 
Vision worked on perception and planning for autonomous navigation. Among others, the University of 
Massachusetts and Honeywell developed motion tracking software t3.61: SRI developed tracking using 3-D 
data [71; A D S  built Qualitative Navigation [Ed].  Mmin Marietta built and operated the ALV vehicle itself, and 
developed their own mad following software [41]. Hughes and the University of Maryland contributed off-mad and 
on-road navigation, respectively, directly to the ALV testbed [20,42]. The role of CMU was to build a New 
Generation Vision System. We were tasked lo look beyond the immediate problems of getting the ALV through its 
frst demonstrations. and to address the issues of more difficult perception and integration. 
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FigureZ.1: TheNavkb 

Beyond the DARPA community, the past five years have seen several other outdoor mobile M projects. In he. 
US, Texas A&M has begun work on visual eacking for convoy following and obsracle avoidance [19]. General 
M o m  is worbing on lane following at high speeds, under relatively constant illumination [21.221. In Germany. 
Professors Dickmanns and Graefe [321 have built an elegant conhd formulation for driving on aumbahm. Fujitsu 
and Nissan in Japan have built prototype road-following software. B31. The re& at CMU, and within the 
DARPA community. is distinguished h m  aII of these. by its concentration on the more difticult vision problems of 
bad weather, hsd lighting. and bad OT changing roads. 

2.1.2 Navlab Testbed Vehicle 
The Navlab vehicle was de&ne,d and built in 1986 to provide a testbed for vision and navigation cxperimena. It 

is bawl on a standard uxommial van, with a rookop aircondiuoner. plus oneor m m  video camwas and a h e r  
rangefinder mounted over the cab. On the inside, it is a cornpurer mom. with five electronics racks, 2Okw of 
onboard porn. and miscellaneous consoles and monitors. Over time, the Navlab has carried Sun 3's. Sun 4's, 
several generations of me CMU / GE Warp superurmputa, various specielized real-time controllers, 
gyrocompasses. an inertial navigation sysm, and a satellite positioning system. We curreody use only a anall 
portion of the available rack space and eleceical power. ollr cunent real-time conmller occupies four slots in a 
VME cage, and cur general-pllrpose computing consists of three Sun 3's in a single cage, and two Sun 4's in another 
cage. 
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The most important payload of the Navlab is the researchers. There is always a safety driver in the driver's seat, 
watching over the Navlab's autonomous runs. In the back, there is room for five researchers plus observers. The 
quality of OUT mobile robot software increased greatly when the graduate studenls and engineers were able to ride 
along on aumnomou runs. panly out of self-preservation, but mainly because they could see and feel how their 
code worked. We run standad SunOs Unix' on the Navlab, so we have a standard programming environment and 
tmls to find and fix bugs in our programs during an experimental run (debuggers, editors. compilers, etc.). 

2.2 Color Vision for Road Following 
Roads that are nearly s!raight, evenly-illuminated, and well-marked, can be tracked easily in color or 

moncchmme video images. Finding the edges of a clean sidewalk, or tracking fmhly-painted white saipes on an 
emply expressway, are both straightfonvard. Road following becomes much more difficult when the road runs 
through dappled shadows, or when illumination suddenly changes as the sun goes behind a cloud, or when the 
"road" is a meandering bicycle path with no lines or Stripes and with broken and uneven borders. Therefore, the 
challenge in building truly autonomous road following systems is to be able to handle. a variety of road conditions 
and changing illumination. To illustrate the problem. our fmt road following software tan a simple edge detector 
moberts' operator. followed by thresholding) over the image, and lwked for edge fragments that had strong 
conmast, were parallel, and pointed in roughly the correct direction. This worked very well for clearly-marked 
sidewalks. When we took our robot onto a bicycle path, the highest-contrast edges in the Scene were shadow edges. 
At the right time of day, the shadows of tree trunks fell along the mad, producing strong, straight, parallel edges at 
nearly the predicted direction. Our road-following software turned into tree-shadow-following software. 

Navlab test sites include a variety of road conditions, from dirt roads to freeways. A single perception system 
would not be able to address al l  possible configurations. Instead, our approach is to build different systems for 
unsmctured roads, such as dirt mads, and structured roads, such as highways and city smts. This allows us to take 
advantage of h e  road structms when they are available while retaining the ability to deal with unstructured m d s  
when needed. 

A fist system, SCARF, deals with unsbuctured roads. The SCARF system uses adaptive color classification. It 
deals with changing illumination and changing road appearance by updating its color models for each new image. It 
handles poorly-defined roads by classifying all the pixels in the image, and by using a simple road model in a voting 
scheme to f i  the most probable road in the image. 

YARF, our second vision system, deals with structured roads, such as highways and city streets. It takes 
advantage of the lines and stripes of structured roads, and uses an explicit model of those features both to guide 
individual trackers and to filter and validate its detected road modeL 

SCARF and YARF do not require any external input expect to bootstrap the system at the beginning of a run. A 
road following system that can be trained on a section of road prior to a mission should be faster and more reliable. 
To investigate this idea, we have built ALVINN, the third main color vision system currently running on the Navlab. 
which uses a connectionist architecture. It achieves its power by b e i i  trained directly on the current road. and by 
processing quickly so that small imperfections tend to be. smoothed out. 

'SunOs is a Wadanark of Sun Micmaystmns, and Unix is a trademark of Bell Labs 
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22.1 SCARF 
Throe approaches have been used in unstructured road following: edge extraction. &holding, and classification. 

In systems that use edge extraction, gradient operators are applied to the image of the road. Strong edges are 
assumed to correspond to road edges and are grouped to yield road geometry [421. Edge-based systems can be very 
fast and can work well on clearly delineated roads with no shadows. As soon as strong shadows appear, however, 
they break down rapidly because smng edges now correspond to shadow edges. Systems that use thresholding use 
some combination of the color bands, e.g.. red - blue, and threshold the resulting image [17,26,41]. Those systems 
are also limited by shadows. They label all pixels with similar intensities as road. But when shadows are present. 
shaded road and shaded off-road often have very similar features, thus confusing the classification. 

Our approach to avoid shortfalls of those previous systems is to use adaptive color classification. We have built a 
system, SCARF, which stands for Supervised Classification Applied to Road Following. to demonstrate the 
performance of this approach [lo]. SCARF runs in a loop of: classify image pixels, fmd the road model that best 
matches the classified data, and update the color models for classfication. The simple models of road color and 
geometry make. very few assumptions about the road, and allow SCARF to run robustly even when following 
unsmctured ma. 

The fm strength of SCARF comes from representing multiple color classes, as Gaussian distributions in full 
RGB color, and from calculating probabilities instead of using binary thresholds. SCARF typically uses four color 
classes to b r i b e  road appearance, and four for off-road objects. In the classifmtion step, each pixel is compared 
to all eight classes. The output of classification is both the label of the most probable class, and its probability. 
Having multiple classes allows SCARF to repesent the different colors of the road (for inslance asphalt, wet 
patches, shadowed pavement, and leaves) and off-road objects (trees. sunlit grass, shaded grass. and leaves). Using 
full color, instead of m o m h m e  images or m e  combination of colors, keeps a l l  the image information that may 
be useful in discrimination. ?he Gaussian representation of each color class says, intuitively, whether a particular 
variation in color is significant Sunlit asphalt tends to be homogeneously colored, and is represented by a class 
with small variance; grass has more Variety, and is re-nted with cormpondingly larger variances. Having 
Gaussian representations of the colors for each class makes it possible to calculate the likelihood that a given pixel 
belongs to a particular class. While most other navigation systems simply use binary thresholds, SCARF gives the 
probability for each classified point. This is especially important for cases such as dry leaves that occur both on and 
off road, for example. A particular pixel may somewhat more closely resemble offroad leaves than onroad leaves, 
but the confidence that it should be classified as offroad will be very close to the confidence that it should be 
classified z onroad, so that the pixel will (correctly) contribute very little to the overall road location determination. 

Classified pixels vote for all road locations that would contain them, with votes weighted by classification 
confidence. The road with the most votes is used both for steering, and for recalculating the color classes using 
nearest mean clustering to collect new road and offroad color statistics. SCARF uses a simple model of road 
geometry. Roads are represented as triangles in the image. The apex is constrained to lie on a particular image row. 
corresponding to the horizon, and the base of the wiangle has a fixed width, dependent on road width and camera 
calibration. There are two free parameters: the column in which the apex appears, and the skew of the triangle in 
the image. While this simple Zparameter model does not represent curves or hills or wed width variations, it does 
approximate the m d  shape well enough to allow reliable driving. It is especially effective because the voting 
procedure uses all pixels, not just thore on the edges, and is therefore relatively insensitive to miselassifications. A 
model with more free paramems could represent more potential road shapes, but would often be led a m y  and fmd 
curves or branches where in fact all that exists is noise. Furthermore. the simple model allows for fast voting and 
functions well with small amounts of data, so SCARF can process highly reduced images (typically 60 by 64 or 30 
by 32) at high rates (appmximately two seconds per W e ) .  hocessing images closely spaced along the road means 
that small errors in road reprmentations are corrected before the vehicle arrives at the mistaken locations. 



TOWARD AUTONOMOUS DRIVING 13 

Processing images closely spolced in time means that even the drastic illumination changes caused by clouds 
covering thesunappear as gradual shifts in road appearance. and so donot derail SCARF. 

The basic SCARF system runs on Sun workstations. It m deaonsUated on a number of different roads SCARF 
has driven the Navlab along bicycle pthS, din fO&. &ravel roads, and suburban sfreeta SCARF has been 
integmted into seyeral of OUI Navlab systems. Figwe 2.2 shows SCARF d y  f d g  the road even h g h  
deep shadoars, where the road is MI obvious even to a buman observer. It successfully demonstmtd that pixel 
classilication based on Gaussian represwuations of wlor classes is appwpriate for mid navigatkn in the presence of 
s m g  shadows and changing illuminarion. 

We have built s e v d  extensions of SCARF. The f i t  extension is to use parallel hardware instead of 
conventional workstations to improve prefmmce. We have implemented SCARF on Ihe WARP computer. a 
ten-cell Systolk amy. SCARF is p m l l e l i  by dividing the image into snips, and by processing each ship on a 
separate cell. The second extension to SCARF is to add to the road model by checking for intersations as well as 
for the main road. Figure 2.3 shows SCARF finding an intersection in a series of images as the vehicle apprcaches 
the branch point. 

Figure 22: SCARF c o m d y  fuuiing the load in dimcult shadow 

22.2 Y A W  
The poblem of mad following in urban environmau~ requim spccifk rechniques to take advantage of the prior 

knowledge of the environment, ex. well-marked, highly suucbxed highways. S e v d  systems for following 
smrtured rc& have. been developed, The VaMoRs system [13]C0mbineS specialized hardware with a control 
formulation of the problem to achieve runs of up to 961on/h VaMoRs uscs simple feature trackers m track the 
position of road cenm line and side marlrings. However, it may be sensitive to changes in illumination, shadows. 
and changes in road s m  such as intasectionS. TkLwEulK system 121,221 can use three different types of 
image operaurrs 0 track mad edges, Sobel aagC detection followed by h g h  Transform, region extraction, and 
template matching. LANEulK lm been dcmonstrated off-liae on tho& of images. In the system €ram the 
University of B h l  [W. lane markings are exhacted as regions of the image rha~ are brighter than a given 
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Fignre 23: SCARF finding an intersection 

hshold and limited by edges of a p p q w h  geometry. A circular BIC is fit to h e  regions after backpmjection on 
the ground plane. 

Au these systems are limited by the use of a single segmentation technique to lccate the mad Therefore, they do 
not bave any mechamsm ' for recovey in the event that this particularsegmenrahw ' technique should fail. To address 
this problem, we bave developxl the YARF system (Yet Another Road Follower) which explicitly models a many 
aspects of mad fobwing as possible, for driving on srmcaved roads 125.41. Highways, freeways, rural roads, even 
suburban swfs have strong comlraints and a i l y  idenrifiable featmw. For instanCt. thc road center line is yellow, 
has a c m t a n t  known width. and its mwahn-e is lower tban alotoam thresbld The key idea of YARF is to model 
expliitly each individual constnnn ' t and f-. From feature models we build specialized image operators that 
fmd features sucb as miui marlings From mnshaint models. we build specialized trackers that apply the image 
o p t o r s  on long sequence of imags by predicting the location of a featun in an image from its location in the 
previous image. A backer for h e  road center line fmds a yellow srripe in a small window in a color image and 
predict its location in the next image using a model of road genmeQ and cunent vehicle motion. Also, constraint 
models provides a way to detect and recover fmn errors in feature detection. This m a k  &g easier and more 
reliable. When a line tracker fails for instance. an explicit model of road and shoulder colors adjacent to the line 
helps in deciding w h e h a  ule line disappeared, became occladed. prmed a~ an intmection or entered a shadow. 
?his kindof gmme& and photometric nasOning is viral for building reliable andgeaeralroadtrackws In addition 
to geomebic amsnaints, YARF uscs an explicit model of the noise d feature detecm and vehicle position to yield 
OP-perfOrmance. 

YARF has four main components: feature ah, geomcaic modermg, umr detection and ncovery. and noise 
modeling. 

Specialized Feature Trackers 

YARFbas individual opeaam that know bow to model and -specific feaaues, such as road edge markings 
(white ship): road center lines (yellow sfrip); and shoulders. YARF also uses an explicit geometry model of the 
road, consisting of location of vehicle on & location of stripes; typc of stripes (e.g. bmken or soli); and 
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maximum and current mad curvature. Other features. which are not yet modeled but which may be helpful include 
locarionS of shadows, 3-D effects as the mad goes through valleys and over hills, and globd illumination changes. 

me yellow tioe d e r ,  for instance, uses the hue of the lines for segmentation. The hue is calculatd for all 
pixels within a windm mud the predicted Line location. Pixels with a hue between 40 (reddish-yellow) and 100 
(greenish-yellow) are set to 1. orhers to 0. Thc results of this thresholding are quite noisy. Pixels that are very close 
to gray have 80 unstable hue value. whie yellow lines in dark shadows are often so dark that digitizariOn noise 
nearly swamps their yellow hue. As a resulg the images after hue thresholding often have isolated noise points, both 
false positives and false negatives. We clean up the output with a “shrink and grow” openuor. The resulting image 
is normally dominated by one or two Mobs. Umesponmn ’ g to the yellow lie or lines. The blob descriptors are 
retumed as the Line locations. Figure 2.4 shows the yellow h e  nackw, and a separare white line backer. finding the 
road lines even in complex shadows. 

Egu~ 2.4: YARF tracking yellow and white lines in complex shadows 

Road Geometry 

YARF is designed for higher speeds than SCARF. and m in a marc predictable envimnment This requires and 
allows a more complex road model, that encoda curvature as well as position. YARF models the mad as a 
generalized snipe. that is a ooe-dimensional feature that is swept perpeodicular to a spine curve. The spine is 
modeled IocaUy by B circular arc arsUming that the road lies on a flat ground. The equation of the spine is found by 
fitting a circular arc to the detected feanacg Since, theeqation of acircle 

is nonlinear,and sensitive to noise., we can approximate a Circular arc with apambola, similar to the approach of 
Dickmanns D21: 

The least-squares values of cumhue. slope. and lateral offset are d y  computed using the mauix pseudo-iiverse. 
Since this is done in vehicle amdinates., with the vehicle pointing qpmximately along the mad. the pameters 
calculated BTC good approximations to those of the best-fit circle. In practice, this approximation is adequate for the 
SOIS of cumtum and slopes of roads within the Navlab’s f a  of view. To improve the stability of the estimation, 
we fu the curva(uj-e. model to fmtures detected over a few frames. 

radid=(x-xcCnrcr~+(y-ywnter~ 

x= ~ - c u r v a t u r e  X? + sIop x y + herd-ofset 
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Error Detection and Recovery 

occasionally feauues are found incorrectly. YARF detects these mistakes both locally. based on the results of a 
single operalor. and globally, checking for consistency. Local error detection depends on the specific operator. 
Some operators, such as the oriented window tracker. can only report a correlation measure as a confidence. Others. 
such as the two-color blob detector, can provide a little more information. The blob detector usually finds a light 
blob (the white l i e )  against a dark background (asphalt). It maintains statistics of the mean, variance, and 
covariances of red, green, and blue, for both feature and background colors. If all pixels in its prediction window 
are the kkground color, the color blob detector reports a missing feature, If a lighto7lored blob is found, but only 
at the edge of the window, it reports a clipped feature. If all pixels are much lighter or darker than modeled by either 
color, it reports an illumination shift It is up to the higher-level d i g  program to decide wherher the road has 
widened, the white siripe is temporarily missing, or the lighting really has changed 

Global ermr detection uses the output from all feature detectors is a single frame. ?here are many ways to check 
for data consistency. The simpless performing a least-squares fit and examining the midual, gives wme cues as to 
whether there is an outlier, but does not reliably indicate which point is in ermr. Better approaches come From the 
"robust statistics" literature. 

Error detection and recovery in a critical component of YARE It allows for robust navigation in the presence of 
changing illumination, shadows, and noisy road features while using fast and simple specialized trackers. 
Noise Modeling 

We have achieved good resulls by fitting curves to the points detected over the three moa current frames, with no 
mor weighting 01 filtering at all. For instance, Figure 2.5(a) shows the features (centet l i e  and edge markings) 
extracted from an mad scene, Figure 25@) shows the mad the mad model fit to the features using straight 
least-squares. In Figure 2.5, the diamonds show tracked left and right lane lines. and the solid circles show 
estimated road position and heading, For the relatively slow speeds (up to approximately 15 kph) of YARF, and 
with the Navlab's accurate dead reckoning, the errors in detected positions are probably dominated by image 
processing noise rather than vehicle motion noise, Future runs, at higher speeds, will probably require more 
elaborate filtering schemes. We are working on two approaches to noise filtering: Kalman filters, and robust 
statistics. 

The intuition behind a Kalman fdter is that the current estimate of state is a combination of current measurements 
and the previous state estimate, msformed to account for system dynamics. 'k weight given to current 
measurements depends on their believed accuracy. T k  weight given to the previous estimate depends both on how 
accurate the previous estimate was thought to be, and on how accurately it can be mansformed into current 
coordinates. In the case of road following, the weight for current detected features comes from the accuracy of 
feature detection and camera calibration. Vehicle motion errors can be reduced by inertial sensing. Road model 
errors will depend on the situation. For the gentle curves and smoothly varying curvature of an interstate, prior 
estimates can be extrapolated for long distances, and can carry the vehicle through shadows and other visually 
confusing areas where Current tracking fails. For the winding turns of counby roads. however, the road model can 
change radically over very shw distances, and the weight given to prior models in the fdter equations must decrease 
rapidly. 

Kalman filtering reduces the influence of noise in the system but it does not remove outliers, i.e., measurements 
that far from the real value. Robust statistics provide a way to eliminate outliers by minimizing a function of the 
least-squares residuals that falls off more rapidly for large residuals. Outliers are eliminated because they do not 
contribute to the overall sum of residuals. We are currently evaluating such a technique, M-estirnation, in YARF. 
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(a) Exhacted center and edge features 

(b)Fbadmodelderivedfromfeatllresex~tedabove. Diamondsshow 
duected feature locations, solid circles show derived mter line. 

Fgme25: YARFtradringresult 

Performam 

YARF has driven the NAYLAB at speeds of up u) 15.0 mph on a public road. ?he environment used in the 
experiments contained large shadows gemmed by sunounding tnes. It also including relatively high-cwatue 
curves, thus demonsfrating the preformme of the mad model. 

YAW works kcause of the integration of all its modeled conswints. Explicitly modeling aadrer performance 
and feature. appeanlncc, and using specialized backers, allows bigh speeds, high acnrracy, and local failure 
derectian. Explicitly modeling read geomeby allows accurate predictions, and enables global ermr detection. 
Explicitly modeling mars and uncutahty alloars YARF to ~ l r e c l l y  size its prediction windows. And explicitly 
modeling changes in road gwmeay gives YARF the capability to handle urban streets, with intersections and other 
discmtinuifies in lane srmcfllce and appearance, as weU as the cl- environment of highway lane following. 

223 ALYI" 
SCARF and YARF do not quire any input other than video images except for bmtsaapping the system. If we 

allow the system to be manually uaincd on aportion of h e  road to be followed, wc should be able to build a faster 
and mom robust system since mom prim information on rogd appcanmce aod g m a y  is available. ALVI", for 
Autmornous Land Vehicle in a Neural Net, implements this idea A L W  was built by the CMU Connectionist 
group [351. The weights in the hiddeo units of A L V W s  neural n e t w d  are wined by driving the Navhb by 
hand. During the training phase, A L . W  inputs the camera image. and the sleering angle fmm the human driver, 
a! *Ich time step. The image is pre-poeessed to enhanccrcad ccmtmt. The enhandimage and the steering angle 
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are fed to a back-propagation algorihm that adjusts weights in the hidden units, until the weights settle to values that 
give the correct steering response for each input image. Typically. baining takes less than a hundred input images 
and uses less than 5 minutes. 

With this Daining scheme, ALVINN directly learns how to follow roads. It is more m c u l t  to lmh the nelwork 
to recover from errors. when it is not quite aligned on the road. To provide examples of images from slightly 
different vantage points. and the proper steering commands, each input image is reused in several positions. The 
images are shifted to simulate a variety of errors, and the steering command is shifted to generate the command that 
would bring the Navlab back on to the road 

When ALVINN runs. it preprocesses the input images, and gives them to the net. ALVINN then directly outputs 
the steering wheel angles as dictated by the network, with no reasoning about road location. ALVINN uses 
reduced-resolution images (typically 30 by 32 or 45 by 48 pixels), and runs in about a fifteenth of a second per 
image. 

One characterization of ALVINN is that it uses a compiled representation, going straight from images to steering 
with no intermediate geometric or symbolic representation. During its learning phase, the back-propagation 
algorithm automatically compiles this knowledge. by selecting the features that discriminate between different 
steering angles, which correspond to different road Iccatim. Since ALVl" staris with no pre-conceived idea of 
what the road looks like, it learns different sets of weights to follow many different types of laads with no change in 
the underlying algorithms. 

The disadvantage of a compiled representation such as that used by &VI" is that it cannot take advantage of 
geometric or symbolic input. If ALVINN is trained to run on a particular road, it is impossible to tell it that a 
second road is just like the fmg only twice as wide. Since there is no explicit representation of "road width", or 
even of "road, there are no symbolic parameters to be changed or manipulated. The advantage of such a 
representation is that it is fast, and is easy to aain for a particular road. The weights learned by ALVINN tend to be 
large, low-frequency edge masks, or matched fdters that look for the road in general locations. Thus, local 
imperfections in the mad (s in lighting do not greatly dim the output steering &tion. Figure 2.6 shows the 
weights for one of ALVINN's hidden units. The square shows the weights coming in to one hidden unit from the 
input image. and the line at the top shows the weights going out to different steering angles. White indicates 
positive weights. and dark negative. This unit mainly looks for a mad on the Left edge of the image, and mainly 
votes for turning left. There is also a secondary pattern that would match a road further to the right, and slightly 
positive weights supporting straight ahead steering. 

ALVINN is the fastest of our current road following systems, because of its compiled representation. It has also 
been the most difficult to integrate into systems, because it does not output detected road Locations. While SCARF 
and YARF report the location and orientation of the road, ALVINN only produces steering commands. It is, 
however, possible to reason geomehcally about ALVINN's steering output to infer some information about mad 
location. The output arc will bring the Navlab onto the center of the road at some distance along the arc. ?his 
distance would in general be unknown, depending on the particular driving style used during mining, except that the 
artificially shifted images, used in training the Navlab to return to the mad, use a particular specified gewneuy. This 
geometry, used for shifting the roads to pmvide training examples, can also be used to measure how far along the 
steering arc the center of the mad lies. ?he intersection of the arc and the mad center gives a single point known to 
lie on the road center line. Observing several of these points over time allows us to approximate the apparent road 
position and shape, which allows the map-based reasoning needed to integrate A L W  with other systems. 
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Figure 2.6 A L W  weights for one bidden unit Bottom: input weights. Top: 
~ u p o t  weights. Positive weights are white, negative are black. 

2.3 3-D Perception 
An artdm mobile robot needs information &rived from appearance (e.g. road lccation in a color image, or 

terrain type), but it also needs to know the geometry of the okxrved environment In some tasks, such as 
crosscountry navigation, the moa impcutant information is the geomeey of the terraih. the set of 3-0 surfaces 
observed or haversed by the vehicle. The [irst step towards buiIding gmm- qmrsmtations of a terrain is to 
choose a suitable sensor. Clearly a single color c a m e ~ ~ ~  is not suimble for wllmting 3-D dah An alternative is to 
use passive techniques for recovering 3-D dara such as stem Vision. There ivt sip&ant drawklrs to hose 
techniques. including higb computational demand, difficulty in mnging bland surface% and reliance on ambient 
lighting. Instead, we use. an active sensor. a Lssa range scanna. which can gama% a high resolution depth image 
of the terrain in front of the vehicle. Using such a sensor alleviates the need for inferring 3-D information from 2-D 
information and being active, is also less sensitive. to ourside illumination. The technology used in the m o r  is 
very recent and is not used very widely yet We discus the drawbacks, advantages, and prospects for fume 
improvements in the techlogy in Saxion 2.3.1. 
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The terrain can be described at different levels of resolution depending on the task, the environment, and the 
amount of computation time allocated for 3-D perception in the system. For example, a system that follows roads 
that are known to be locally flat and mostly obstacle free, requires a completely different representation than a 
system that navigates through rugged open terrain. In the latter case, vehicle safety becomes the overwhelming 
issue while vehicle speed becomes much less important. This is consistent with the general approach that the 
components of a mobile robot must be. d o r e d  to environment and task. 

In addition to several types of terrain representations, we also distinguish between techniques that involve 
building a representation from a single image, and techniques that put together representations from several images 
to build a consistent mop of the terrain travwsed by the vehicle. An example of the former is fast obstacle detection 
in which the goal is to detect unexpected objects in the c m t  image as fast as possible. An example of the latter is 
building a 3-D map of a long stretch of terrain so that the system can later use the map to reuaverse that area. 
Depending on the environment and the task, we should be able to build maps at all levels of resolution. 

We have identified three types of representations that we discuss in detail in the following sections. For each type 
of representation we describe two types of processing: range data processing for building a terrain representation 
from a single range image, and matching techniques for building consistent maps from several observations. 

1. Discrere objects and obstacle darecrion: A came description of the environment is one in which only 
discrete objects are represented without an explicit representation of the surrounding terrain. This 
representation is appropriate when navigating in mild terrain with clearly defined objects. 'There are 
two applications of this level of representation: fast deiectioo of obstacles during road following, and 
building maps of the objects observed as the vehicle travels on a network of roads. Such a map may 
be used in a map-based navigation system to c o r n  the vehicle position by matching observed objects 
with predicted objects from the map. 

2. Feature-based terrain modeling: A finer description of the environment involves describing the terrain 
by a set of features (regions and edges) in addition to discrete objects. This representation is used for 
cross-country navigation, in which the vehicle, in order to navigate safely, must take into acmunt  the 
local shape of the terrain as well as discrete objects. The terrain features can be used in conjunction 
with discrete objects to build more reliable terrain maps over many images. This is particularly m e  in 
mild open tearain in which not enough discrete objects are observed to reliably match observations. 

3. High resolution Ierroin models; The highest-resolution representation is achieved by building 
elevation maps, the spatial resolution of which may be as fine as 1Ocm. Large terrain maps can be 
built from individual high resolution maps by correlation-type matching. The advantage over feature- 
or object-based representations is that information about the local shape of the terrain is preserved 
everywhere. The price to pay is much higher computation time. Therefore, high resolution terrain 
maps are most useful in applications in which the computations can be done off-line, or applications in 
which stop-and-go motion of the vehicle is acceptable. The latter situation occurs when navigating 
through very dificdt terrain in which case the best terrain description is necessary to ensure the safety 
of the vehicle. 

23.1 Range sensing 
The sensor that we use on the Navlab is the ERIM scanner qable2.1). This scanner is typical of the class of laser 

range finders based on the measurement of the phase shift of an amplitude modulated laser [5 ] .  Table 2.1 lists 
characteristics of both the ERIM, one of the earliest scanners, and the Perceptron, a latex model. 

Using an active laser range finder has considerable advantages over more traditional techniques such as stereo 
vision. It is insensitive to outside illumination, it is fast compared to the computation time required by standard 
passive techniques. and it provides a high resolution range map as opposed to the sparse map produced by most 
passive techniques. However, we have found a number of problems with this laser ranging technology that should 
be addressed in order for it to be widely used: 

Mixed pinm At the boundary between two objects, one part of the law spot, or footprint, is on one 
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ERIM PercepUon 

Eye Safe 
Field of View 
pixels 
Ambiguity interval 

Intensity 
Max range 
Scan rate 
Scan direction 
Interface 
Temperature 
conseuction 
Components 
Size 
Weight 
Power 

Depth 

Yes  0) 
80h by 3Ov 
256 by 64 
20 m 
8 bits (8 un) 
8 bits 
N m O )  
2frameslsec 
top ta bouom 
VME to Sun 
narrow range 
wire m p  
all custom 
90w by 35h by 45d cm 
50kg 
26VDc 

40m 
12 bits (1 cm) 
8 bits 
50 m 
2frameslSec 
programmable 
VME to Sun 
'Pittsburgh' 
printed circuit 
most off the shelf 
45w by 35h by 35d 
< 25kg 
IlOVAC 

Table 2.1: Relative performance of example range scanners 
surface while the other is on the other surface. Since the sensor integrates over the entire footprint, the 
resulting measured point does not lie on either surface but is "in between" the two surfaces. Such a 
point is a mixed point, because it is measured from a mixture of reflections from both surfaces. Mixed 
points are inevitable with the current technology. Most mixed points can be removed through median 
filtering. However, the m u d  point pmblem implies that edges in range images, especially edges 
between distant objects, are highly unreliable. Tbii should be laken into account in the choice of range 
image processing algorithms. 

-Acquisition rate: The typical acquisition rate of two imagdsecond is too slow. The motion of the 
vehicle can be significant while Ihe image is being scanned, thus leading to a distorted range image. 
This is not a problem at very low speed, such as in crcss country navigation, but may preclude the use 
of this type of sensing at higher speeds, such as in highway driving, and for tracking moving obstacles. 
Senrifivity lo surface marerial: In early scanners. the messwed range varied with ?.dace type. More 
recent scanners can adjust for different uniform surfaces, but still have problems with edges between 
surfaces that are at the same depth but have diffemt reflectances. The change in reflectance causes 
changes in internal sensor gains, which upsets the phase detection, which produces a spurious depth 
edge. 

23.2 Discrete objects and obstacle detection 
The lowest resolution terrain representation is an object map which contains a small number of objects 

represented by their trace on the ground plane. Several techniques have been proposed for obstacle detection. The 
Martin-Mariem ALV [14.15.41] detects obstacles by computing the difference between the observed range image 
and precomputed images of ideal ground planes 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 differences and region grouping. It makes. however, strong 
assumptions on the shape of the terrain. Specifically, it reseicts terrain shape to a few admissible slopes and 
elevations. It also takes into account only the absolute positions of the potential obstacle points, not relative 
positions and slopes As a result a short, sharp ridge or steg would be overlwked, even though it may be an 
obstacle. Another appmch proposed by the Hughes AI group [ll] is to &tect the obstacles by thresholding the 
normalized range gradient, ADlD. and by thresholding the radial slope. DA$/dD. The first test d w t s  the. 
discontinuities in range, while the second test detects the portion of the terrain with high slope. This approach has 
the advantage of taking a vehicle model into account when deciding whether a point is pan of an obstacle. 

We use an elevation map approach to detect obstacles for the Navlab. Each cell of the terrain contains the set of 
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data win& that fall within ifs field. We can then estimate the surface normal at each elevation map cell by fitting a 
reference surface to the corresponding set of data points Cells that have a surface normal far from the vehicle's idea 
of the vertical direction are reported as part of the projection of an obstacle (Figure2.7). Obstacle cells are then 
grouped into regions conespondmg to individual obstacles The fmal product of the obstacle detection algorithm is 
a Set of ZD polygonal approximations of the boundaties of the detected obstacles that is Sent to an A'-type path 
planner. In addition, we can roughly classify the obstacles into holes or bumps d g  to the shape of the 
surfaces inside the polygons. 

Figure 2 8  shows the result of applying the obstacle deection algorithm m a sequence of ERIM images. The 
Figure shows the original range images (top), the range pixels projected in the elevation map (left), and the resulting 
polygonal obstacle map (right). Tbe large enclosing polygon in the obstacle map is the limit of h e  visible portion of 
the world. 

K?L 
LIST OF 
MEASURE0 POINTS 

BUCKET (1. 3 )  

Figure 2.7: Building he obstacle map. 3-D data points are projected into 
discrete bud re^ onahaizontal grid. 

The obstacle detection algorithm does not make assumptions on the position of the ground plaoe. in that it only 
assumes that the plane is roughly horizontal with respect m the vehicle. Computing the s l q s  within each cell has a 
smoothing effect that may caw Ral obstacles to be undetected. Thcrefm, h e  resolution of the elevation map must 
be chosen so that each cell is signiticantly smallerthan rhe typicalexptd obstacles. In the case of Figure 2.8, the 
resolution is twenty Cenrimeters. The size of he detectable obstade also varies with the distance fmm the vehicle 
due to sparser range pixels at longer distances. 

In fast obstacle detection mode. several improvements can be used to deem the computation time, We need m 
lock fa obstades only in a namnv slripe in fmnt of the vehicle. We do not need to detect all the objects, it is 
sufficient to raise an alarm BS soon as one object is found We do not need high qmtial resolution at close range. 
therefa the. data can be sobsampled close to he vehicle. Takiog into aCCOUnt those improvanents. we achieved 
fast obstacle detection that runs in 600 ms on a SPARC workmion. which is fast enough at the c m t  speeds, 
considering h e  fact that the acquisition time is still 500 ms on average. 
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Figure 28: Obsade detection on a quence of images. For each image. top 
original range image; born left overhed view; bottom right segmented 

elevation map. 

Another application of object detection is m build object maps by combining many observations. Combining 
observations is critical to improve object localization and m remove splnious objects. Matcbing objects is not very 
expensive in our case becaue we have d y  a few objects to match in each frame and because we can assume that 
we have a reasonable estimate ofthc displacement between frames from INS OT dead-nxkonm ' gsothatthelocations 
of the objects deteaed in one image can be easily pdictad m the next image. The main issues are to remove 
spurious objects and to compute the location of the objects as accurarely as possible. SpuriouS objects can be 
detected in two cases: noise in the range image may cause the object detection pmpam to hallucinate. and moving 
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objects (e.g. people) crossing the field of view are detected as objects even though they should not be included in a 
map. Spurious objects must be eliminated because they may lead to disastrous results when they are used later on to 
C.Orrect the position of the vehicle. The position of the objects must be computed as accurately as possible so that 
the position corrections that are computed using the object map are also accurate. 

The problem of spurious objects is solved by calculating a confidence measure for each object Once an object 
has been seen in one image, it should appear in subsequent images. as predicted by vehicle motion, object position, 
and sensor field of view. If it appears BS predicted, its confidence is increased, otherwise its confidence decreases. 
Objects with low confidence are discarded. Accurate object locations are obtained by updating the unceminty on 
object location (mean and covariance matrix) each time an object is observed in a new image. The initial 
uncertainty is based on a sensor model and depends mostly on the distance between the object and the vehicle. The 
uncertainty also talres into account the fact that only a mall part of the object surface is observed. The uncertainties 
are combined using standard maximum likelihood techniques. Figure 2.9 shows a sequence of fourteen images. 
The images are separated by about 50 an. The white lines connect the objects that are matched between images. 
The white dots indicate the locations of the detected objects in the images. Spurious objects are detected in images 
13,18,20, and 22. Since they are not matched, their confidence is low and they are e v e n m y  discarded from the 
map. 

2 3 3  Terrain modeling for cross-country navigation 
Obstacle detection is sufficient for navigation in flat terrain with discrete obstacles, such as following a road 

bordered by trees. We need a more detailed description when the tearain is uneven as in the case of cross-counhy 
navigation. For that purpose, an elevation map could be usod directly [121 by a path planner. This approach is 
costly because of the amount of data to be handled by the planner which does not need such a high resolution 
description to do the p b  in most cases. For example, the planner should not need to scan a full elevation map if the 
terrain is completely flat. In this example, the terrain representation should provide enough information to quickly 
identify the fact that no search is needed. An alternative to elevation maps is to group smooth portions of the terrain 
into regions and edges that are the basic units manipulated by the planner. This set of features provides a Eompact 
tenain representation. However, the planner may still need information at a higher resolution than the feature map. 
For example, in cluttered environments the planner has to examine mall portions of the terrain to decide which 
areas are traversable [391. Therefore, a compromise representation should include both high resolution elevation 
data and feature information and should allow for efficient access to large chunks of terrain. 

Such a compromise is realized by organizing elevation and feature maps in a quadtree smture. Each node of the 
tree contains information that describes the portion of the terrain covered by the corresponding quadrant minimum 
and maximum elevation. maximum slope, average elevation, and maximum discontinuity within the quadrant. 
Discontinuities and s l o p  are computed by applying a gradient operator to the elevation map. Using this 
representation saves a considerable amount of computation lime both in building the terrain representation and in 
using it for path planning. A complete terrain representation can now be built in 2 seconds on a SPARC 
workstation. Figure 2.11 shows several levels of the quadtree representation built from the range image of Figure 
2.10. 

The terrain model from a single range image may not be sufficient due to the limited field of view of the sensor. 
In our case. the map is accurate enough up to 6 meters in front of the vehicle. However, quadtree representations 
from consecutive images can be fused to yield a larger model of the tenain. In the current Navlab configuration, we 
use the INS readings to register in x, y, roll, pitch, and yaw, Registmion in z is achieved by calculating the z offset 
between maps as the mean difference of z values. 
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Figure 2.9 Matching objects in a sequence. of range images White lines show 
cOmSpOndinB Oajects io Squenlial images. 

Our goal was to paovide MIC CTOSS country planner with a method ofgening informatici~ about the terrain around it 
efliiiently. Without some inrermediare data pcessing, the planner would have to search individual elements of the 
elevation map to obtain the infonnafion it needs. Since the planner examines m y  overlapping areas. using this 
method causes much duplication of effort 

‘Ihere is no appareot compact and elegant method to model the mrain that a c m s  mmmy system needs to 
traverse. F a r m  thing, unlike in road following, there are 110 rem that are guaranteed to be uaversablc. U n l i  
indoor navigation. the erosscMmrry system has to deal with arbimily shaped regions of anrnv&le terrain. not 
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just discrete objects. In addition, due to the complexity and randomness of Nuural terrain, any attempt to make the 
problem simpler by fitting mathematical models to terrain ends up with a representation that is just as inmctable 
as an elevation map. 

Imtead of looking f n  a more compact re-ntation, we. achieved OUT goal by implementing a system that 
represented the terrain hierarchically. in a pyramid of elevaiion maps of descending resolution. Getring infmation 
aMu1 aparch of terrain using the lerrain pyramid is more efficient than using the mw ekvarion map in the m e  way 
that representing an object with a quad-tne is marc efficient that r e p d g  it with pixels. For a small initial cost 
the. amount of duplicated compltational effort needed by the cross counhy planner is vastly &wed. 

By considering what the planner needed to know about the tearain, we were able. to reduce the computations by 
adding exm feahlres to the terrain pyramid, such as terrain dimntinniiy and terraia @nL We only added such 
features if the initial overhead of calculating ihe feature ms less then the wmputational benefit m the planner. 

F i g w 2 1 0  Rangeimageandelevationmap. 

23.4 Map building from terrain features 
As in the acre ofobjec! descriptions. composite maps can bc bu* fmn twain descriptions. The basic problem is 

mmatchmrainfeatnresbetween successive~andtocumpntethetransformattonbetweenfeatures. In this 

surface. the center of the region, and the maindinctions ofthe+ If objects are detecred they are. also used in 
the matching in the same way as befcm. F W y .  if& vehicle. is traveling on a m  the edges of theroad can also 
be med €cu the marching. As in the cape of object matching, m initial estimate of the displacement berween 
SucCeSSive frames is usedm pndict the matching feaplres. Asearchprocadun is &to find the most consistent set 
of matches. As before. the search isactudy veay &due 10 the. smallnumber of feamresand the fact that theinitial 
guess of the transformation between images is usually quite close to actual value. Tbe feaanes are. weighted in the 
search acwding to how reliably they can be detected. Tbe nlisbility o f a  feantn depends on its type: discrete 
objects are more reliable. thao tenain regions and mad edgcs. Once a set of consistent match is found, the 

case the feamres are t h e r e g i o l l s t h a t ~  the tcrrainpsramemizedby their arean. the e@atimofthe underlying 

~~cilbetwm~esisrecomparedaadthccommoofeanaesaremerged 

'Ibis map building appoach has been tested on s e q m  of images with mum in position estimation of up to 1 
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Figure 2.1 1: Four levels of tk terrain quadtree. 
meter in hanslation and 20 degrees in rotation. For example, figure 2.12 shows a quence of five maps that are 
merged into a commsite mao usina feature matcbinE. 

Figure. 2.12 3-D map built from 5 m g e  images. 

2.3.5 High resolution terrain models 
The high resolution terrain representation is an elevation map. that is a fuoctiW -3) represented by a regular 

grid of values (xiyi). The most straightforward way m mvert  a range image to an elevation map represeorarioo 
would be to map each pixel (row.colruM,runge) of the range image m an (xyj )  Location in map coordinates. ’Ilaere 
are a number of problems with this approach: 

*Sumpling: Since this apuach is similar to image warping, the disrribution of data points in the 
elevation map is nof uniform. ?he mapgers sprserfanher from the SQLPOT. 
Shadows: Objects create range shadows, that is regions of space that are not visible even though they lie 
within the sensor’s field of view. Sha&wed ~gions must be explicitly identifd and represented 
sepately since 110 information is available in rhos regions. Tbe difficulty here is to distinguish 
between gemhe range shadows and regioas of the map with nn informatian due to sparse sampling. 
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Uncertainly: Range measuremenls are m p t e d  by noise due to electronic noise, surface material, laser 
footprint, etc. As a first 
approximation. G depends only on the measured range. This uncenainty is represented in sensor space 
and must be convened into a representation of the uncertainty in the elevation map. 

The noise can be modeled by a variance, G, for each measurement. 

Those problems could be solved by applying a standard interpolation technique to the sparse elevation map. This 
would provide a dense elevation that is a reasonable interpolation of the sparse input. However, such an 
interpolation technique would not take into account the geometry of the sensor thus making it difficult to identify 
shadows or to conven sensor uncertainty to map uncertainty. 

The Zocus algorithm overcomes many of these problems by explicitly taking into account the sensor geometry in 
building a dense elevation map. The idea is illustrated in Figure 2.13 Ending the elevation z of a point (x,y) is 
equivalent to computing the intersection of the surface observed by the sensor with a vertical line passing through 
(x,y). Knowing the g m e m y  of the sensor, the line can be represented in image space by an analytical equation of 
the form range=f(r+c) where r and c are the row and column coordinates in the image. (The projection of this line 
into the image defines a locus of points which g i w  the algorithm its name.) The intersection between the line and 
the observed surface is found between two adjacent pixels (r,,cl) and @,,E,) such that rmgel<f(rl,cl) and 
range2>flr2.c3. where range1 and range, are the values in the image, The final value of z is obtained by 
interpolating the range between (rl,c,) and (rz,c,J 

The key point of the locus algorithm is that the interpolation is taking place in the image instead of in the map. 
This allows us to explicitly take into account the sensor model: the uncertainty on z is computed by combining the 
known uncertainties at (rI.cl) and (r2,c& The unknown regions in the map can be detected by observing that (x,y) 
belongs to an unknown region of the map if (rl,cl) or (rz,c2, are on a range discontinuity in the image. Another 
important consequence is that the elevation can be computed at any point of the map without having to recompute 
the entire map whereas standard map interpolation would have to compute the entire sparse map before interpolating 
the dense map. Finally, there is no constraint on where the map coordinate system is located with respect to the 
image. In particular, we can generalize the algorithm to compute the intersection of any line in space with the 
image. 

This technique has been used to build tenain maps. with resolutions as fine as 10 cm. that include uncertainty and 
explicit representation of unkxown regions. The Iwus algorithm can also be used to build large maps by matching 
maps from individual images. Two images of the same area taken from two different locations. are related by a 
transformation T (rotation and translation) between the two locations. ?he matching problem is essentially to 
compute T a s  accurately as possible. Once this is done, the maps can easily be merged into a larger composite map. 
Given some value of T, we can compute from the images two elevations zI and z2 for each point (xy) in the map. 
The squared difference (z1-zd2 is a measure of how good our knowledge of T is. Since one point in the map is not 
sufficient because of the uncertainty. we can use the sum of the s q d  differences, E(r). over the part of the map 
that is visible in both images. E(T) is minimum when Tis the exact transformation between the locations at which 
the two images wece taken. Starting with an initial estimation of T we can therefore apply a minimization algorithm 
(gradient descent) to E(T) to compute the best possible value of T. In practice, the initial value of Tis computed 
from feature matching or from the positioning system of the vehicle. E(r) is not computed over smooth areas of the 
map, which would provide little variation as a function of T. 

This matching technique has been applied to the building of large maps (several hundred meters) using many 
range images collected as the vehicle navels. Experimental results show that the locus algorithm can be used to 
build accurate maps over long distances of uavel. Figure 2.14 shows a map built by combining 122 range images. 

The locus algorithm provides a basis for a number of other map operations. For instance, matching local maps for 
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the vehicle with low-resolution aerial elevation maps can be implemented using the locus algorithm. Defailed terrain 
features, such as ridges and valleys can be exw~ted from high resolution maps [271. 

Figure 2.13: The Locus Methd: intersection of suaoed surface with vertical line 
in world space (top), and same intersectioo in image space (bottom). 

23.6 Discussion 
The terrain repmentations that we have developed have proved to be critical in building a SucceSSful mobile 

robot that includes capabilities of obstacle avoidance, open temain navigatirn~, and map building. We have also 
demonstrated that lasa range finding is a sensor modality that should be used, being superior to passive techniques 
at least at this stage of the research. There are howem a m u n k  of ldditiooal problems. including: 

Sereror~%&~~: Using geomeeie information is sufficient for most navigation tasks. In otber areas it 
would be beneficial to explicitly merge gennetric information with appearaow information. For 
example. shape and cdor arc equally important in object recognition. In mad following, the use of 
geomeaic information wwld help distinguish between shadovs and otha illumination effects and the 
preseoce of real objects on the mad. This would greatly impwe the perfamance of color classiition 
bur requires that color and range information be merged. We have done some Limited experimenti with 
senw fusion both at the level of rhe images, ConShuFting a "colwed-range" image, and at the level of 
the fealum exhaxed from mlor and range images. The main issues ~IX the choice of the level at which 
infamation should be merged (images, features, or interpretation). and the difficulty of accurately 
registeaingrange sensarandcolmcamaas. Much monworkremaim to be done in this area 
Use ofrrflretance: In addition to range, a laserscanna can also meaSunan image of the energy of the 
reflected lasa beam. ?his image, n s d y  called the rq7ccmnce image, is similar to an intensity image 
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Figure 2.14 An elevation map built by the locus algorithm fmm 122 range 

except dut it is largely insensitive to outside illumination. 'Iherelore it docs nof exhibit effects such as 
shadows. highlights. or interrekction, all of which are hard to model. We have used reflectance data 
for rapd f d h i n g  and ob* recognition with s ~ n e  511cfe.s. ?he main limitation was poor 
pfafomance of the refleaance measwing. which we believe is m inhuuu to the technology but is due 
to the particular sensmthat we were using. Those pihimy experimcnts have shown that active 
reflectance images are an amactive altanative to intensity images and that research in this direction 

Uncertainty: We have proposed ways of replesenting uuxxtmn ' ty for various terrain representafions. 
However, the way wedeal with unceminty is still somcwhatadhoc in that it makes heavy use of the 
characteristics of our sensor and the particular representaliom that we have developed. A more 
systemtkappmach to modelingunoertainty in)-D tarain is needed. 

images, covering 250 meters. 

shouldbepurmedfmther. 

2.4 Planning 
Intelligent action requires puception. planning, and controL While ow main emphasis has been on perception, 

we have also developed the planning and control needed for d y  following roads, and for traversing rugged 
off-mad tenain that challenges the limits of the vehicle hardware. 

The role of planning is to generate trajectories that meet goal requirements (such as positioning to see a landmark, 
for example) witbout endangering the mbt. It must also make sure that the robot is kinematically able to execute 
these uajectorim. al l  in the pme.nce of uncertainty in the robot's control and environment. A number of systems 
have been built !bat addnss a s u k i  of these issues. M y  plarmers weae tatgeed for indoor mobile rob01~ and 
assumed that the environment could be modeled as a flat snrfaEe with polygonal or polyhedral objezts L9.24.301. 
Funhermorc. the robot was assumed to be circular and omnidirectianal. Later, Laumond[28] and Jacobs 
t181 relaxed the omnidirectional r e q h e n t  by modeling a cd ikc  robot with a minimum turning radius. In a 

system develop3 at Hughes [121. the indoor mvimnment consmint was relaxed and a planner was developed to 
plan paths in off-& environments. None of the above systems wen able to ~8son about sophisticated goal 
requirements and uncmainty in parep15111 and contmL "be theorcaca( ' gmundwnk was spelled out in [38], but 
without aclually building a usable planner. planning with uncemhy has been explored in manipularion [311, but it 
is unclear how to apPry the domain-specific nature of these techniques to planning for mobile mbors. 
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While the contributions of the above work are very important. in many cases it is difficult to s,% how to extend 
them to address the remaining issues or how to generalize to other robots or environments. Our planner addresses 
those problems by providing a framework for building efficient planners for different types of robots, environments, 
goals, and uncertainty models. 

The first step in building a planner is to defme the constraints that must be used to compute a safe mjxtory and 
to reach the goal. We defme three types of constraints: sensing, environmental, and kinematic. First, we select 
positions at which the robot registers its position relative to the world or to map new areas. Those positions are 
intermediate goals that provide additional consuaints to the planner. Second, we identify placements 
(configurations) of the robot in the environment that will incapacitate it or render it unable to locomote. ?hey define 
environmental consbaints that a trajectory must satisfy. Such configurations include those that bring the robot in 
contact with other objects in the environment, as has been modeled in traditional i n d m  robotics. Outdoor robots 
face other hazards as well. Configurations that cause the robot to tip o v a  or place it in situations where it cannot 
propel itself faward are also be avoided. Figure 2.15 shows a set of environmental consuaints. Third, we define 
kinematic constraints. They cannot travel between two arbihary 
configurations within given bounds. For example, car-like vehicles cannot banslate directly sideways. In the case 
of the Navlab, the minimum turning radius is seven meters. In addition to the three basic constraints, uncertainty in 
robot position must be taken into account Sources of uncertainty range from random error in the robot’s control to 
gross errors such as wheel slippage. Our local path planner accounts for control-based uncertainty to avoid 
collisions and to guarantee goal aaainment. 

Most robots are not omnidirectional. 

The planner genera- uajectories to the next sensing p i n t  using a range map of the terrain in front of the robot 
acquired from an FRIM laser rangefinder. Since the Navlab’s pose can be represented by two translational 
parameters and one heading parameter, the planner must find an admissible trajectory through a threedimensional 
configuration spce. Conceptually. each constraint is represented by a functional inequality of the formAp)cK, 
where p is the vector of robot configuration parameters. The constraint is satisfied if the inequality is satisfied. 
Applying the consmints divides the configuration space into admissible subspaces. The sensing positions form a 
subspace of this configuration space which comprises the goal of the path. The environmental constraints form a 
subspace representing unsafe mfigurations for the robot The kinematic constraints dictate the functional form of 
the trajectory, and the uncertainty constraints dictate an envelope about the najectory guaranteed to contain the 
robot 

Analytic approaches to the problem are infeasible given the complexity of some of the constraint functions. 
Furthermore, the constraints are dependent on the terrain itself. which does not have a functional form. A 
straightforward approach is to tesselate the space into pixel-sized points, evaluate the constraints at each point, and 
search the resultant lauice. However, even for moderately-sized planning spaces, the number of points (states) 
makes the search prohibitively expensive. Instead, our planner finds paths for a mobile robot using a parameter 
resolution hierarchy. In this h i m b y ,  all constraints (sensing, environmenal kinematic. uncertainty, etc.) are 
evaluated across a subspace of configurations at a time (rather than individual configuration points), thus reducing 
the total number of stam in the search Sensing and environmental consmints are evaluated across three- 
dimensional voxels in configuration space. kinematic constraints are enforced between faces of the voxels, and 
uncertainty constraints determine the voxel expansion needed to bound the robot’s pose. The planner finds a 
trajectory by searching connected sequences of voxels. For a given subspace. the planner evaluates each constraint 
to determine whether all, none, or some configurations in the subpace satisfy the constraint. The planner begins by 
considering large subspaces. Passage through the subspace is permitted if all consaaints are satisfied for all 
configurations. If at least one consmint fails for al l  configurations, the entire subspace is unmversable and is 
removed from furlher consideration. In the event of the remaining case (at least one constraint is not satisfied by at 
least one configuration), the subspace may be traversable, so the planner subdivides the subspace into smaller spaces 
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and continues to plan at a higher resolution. Most of the constraints are modeled unirormly as functional 
inequalities. Thus, the planner can classify a subspace into one of the three cases by computing the upper and lower 
bounds for the function across the subspace and comparing them to a constant. A cost can be assigned to each 
subspace, and a standard, depth-fm breadth-fmL or heuristic search can be employed 

nK quadtne representation of the terrain described above provides an efficient way to implement the hierarchical 
search Relevant terrain paramem such as min and max elevation are maintained for each quadrant so that the 
planner does not have u) go hack to the highest resolution map to evaluate its consuaints. Figure 2.16 shows one 
slice of the um&t space genetated by running our cross-counby planner on the elevation map of Figure. 2.10. 
?he crossed areas repregent inadmissible areas of tertain, i.e., areas on which it is illegal to place the center of the 
vehicle. In the process of planning this path, the p h a  made 1493 queries for terrain information. This shows the 
efficiency of both hierarchical search and hierarchical representation of the terrain. 

Due to the uniform way in which the constraintg are modeled and the resolution hierarchy is built. the framework 
employed in this planner is applicable to other classes of mbots. environments, and goal specifications. Future work 
will include building a complete system around the planner to autonomously drive the Navlab off-mad, 
implementing algOrithmiic improvements and utilizing fasrer unnputer hardware to increase perfmmance, and 
extending this wort to operate on more capable off-& vehicles. 

Figure 2.15: Enviroamental wnslraints. 

2.5 Architectures and Systems 
The software architatwe ofa mobile mbot is the framcvmrk that ansunbles the sepmatt components, for sensing, 

planning. and control, into a coherent system. Simple rolh-s, performing simple tasks, often have an "architecture" 
rbarconsi~ofafuredsequenccofsubrwtinc~,rcpearedwithwr.variarion. Mmcompfexrobo*randmissions 
qu ire  m m  structwe. to enable changing behavim and wdicting subgcds. and to specify functions and 
interfaces 90 groups of reseamhas can conhibus to building the system. 

The c m t  architecture for the Navlab is based on a toolkit called EDDIE, which pmvides communications and a 
tight intaface to OUI low-level vehicle conuol. On top of EDDIE, we have built tools such as the Annotated Map. a 
mechanism fa stming object and mission information. Our m t  ambitious systems have used EDDIE and 
annotated maps for navigating suburban streets, in a system we call the "Aumomws Mail Vehicle". 
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U 
Rgure 2.16 P h d  path through mss-counhy terrain crossed squares are 

inadmissible zgions, prssable areas are empty squares. 

25.1 Background 
'lk m a t  conventional architectures separate robot s o h a r e  into separate modules for sensing. thinking, and 

control. This has the advantage of giving one module control of the vehicle. another conml of all sensors, and a 
third control of modeling and planning. This decomposition groups design tasks in the likely areas of expertise of 
septate research groups. The drawbzck of this approach is that it does not allow for high-speed special-purpoee 
reflexes, Ihat must do sensing, thinking, and contml all in one rightly-interned module. 

'Ihe opposite approach is typified by B m k s  in his subsumplion architecture [SI. In his robots. each module 
awers the campi&. range from sensory input to mtrol wtput He divides his modules into a hierarchy of 
functionS, each "subsuming" the lower levels. Ihe fm module watches sensor data and moves the vehicle away 
from obstacles. The next layer moves the vehicle randomly. unless the lowest layex takes over to avoid hitting an 
object. Higher layas add purpose. to the wandering (e.g. towards open dwrways). look for objects of interest. and 
so forth. Each layer is relatively simple to t d d .  and at least in principle. mostly deuxpled from adjacent layers. 
But with no central world model. it takes careful design to ensure that variolln modules are not working at CIOSS 
pwposes Related ideas include reactive or reflexive planning. which emphasize quick response rather than careful 
preplanniog; and behaviors, which package sensing and control modes approPriate for specific SituattOnS 1341. 

S e v d  attempts have been made to build architectures that combine the best of both approsches. ' E k e  systems 
typicaUy pmpose a hierarchy, in which sersu intupmathn at each level feeds into both planning at the Same level. 
and higha-level seam inrerpretation [l]. Plans at each level am decomposed into low-level steps. and given to 
the next Iowa level for execution. ?he hierarchies we often saacnaed by time (quick d e x e s  at the low level. 
through slower processes a higher levels); data abstraction (raw signals to symbolic reaPoning): and space (local 
effecrs to global databases). In hying m emcampass all possible systems, these g d - p u r p o s e  architectures lose 
tb5r prescriptive power. Their main conmibution may insread be descriplive, providing a common wcabulary in 
which to discuss the diffemces between architectures. 

For the Navlab, our fm real architecture was CODGER, fa Communications Database for GEomenic 
Reasoning [16,37,401. CODGER is a centralized architecture, focused on a module calld the Local Map Builder 



34 ANNUAL REPORT AUGUST 1990 

(LMB). CODGER was designed to handle all cmmunicauons and geometric msforms, to make it easier to build 
and interface individual modules. Communications are anonymous; modules send data and requests to the LMB, 
and receive responses when available, without knowing which other modules are generating or using data or where 
those modules are running. The LMB stores all geometric objects, and keeps hack of a history list of vehicle motion 
and position updates. CODGER uses its history list to answer geometric queries that involved multiple coordinate 
frames. The LMB can take a location specified relative to the vehicle at a particular time, and retum the coordinates 
of that point, either in the world frame, or relative to the vehicle at a different time. 

25.2 EDDIE 
Our current system on the Navlab is based on EDDIE (Effiient Decentralized Database and Interhe 

Experiment). EDDIE does not specify a particular architecture, but rather provides a toolkit which allows specific 
systems to be built quickly and easily. Vehicle positions are. maintained by the lowest level controller. which has 
the closest m e s s  to the vehicle and therefore the most accurate information. Communications are greatly 
simplified, and are point to point, increasing their effiiiency. The map is divided into local and global 
representations. By splitting architectural functions into separate pieces for I d  communications, vehicle history, 
and map handling, the individual modules are much smaller and easier to maintain. 

The fmt part of EDDIE is the new real-time controller. This module does low-level vehicle control and handles 
communication with higher-level modules. and in addition maintains the current vehicle position. Vehicle motion 
commands arrive at the controller labeled as either "immediate" OI "queued". The controller parses incoming 
commands, handles the queue, and talks to the hardware motion controller at the appropriate times to set new 
steering wheel positions and vehicle velocities. By querying the vehicle's encoders at frequent intervals, the 
controller is able to maintain an accurate dead-reckoned position estimate. In EDDIE, no vehicle position history is 
kept. The only times when it is necessary to h o w  vehicle position are when new data is acquired, or during 
trajectory planning. It is easier, and more accurate, to dispense with history mechanisms, and instead to query the 
conmller for the current vehicle position each time an image is digitized, and whenever a planner needs to know the 
vehicle's location. 

The vehicle conuoller uses different uacking suategies to keep the vehicle on the desired path. It can also be 
called upon to follow a previously mrded map if the perception clients are temporarily unable to navigate the 
vehicle. This keeps the vehicle on a safe path while the vehicle nuns sharp corners, outside the camera's field of 
view, or navels through featureless or confusing visual scenes. Another safety consideration is smoothly regulating 
velocity. trading m e  reduction in accuracy of velocity for smooth accelerations and reduced vehicle roll around 
sharp curves. The controller warns against system failures and records a log of events for future reference. This is 
e x m e l y  valuable in system configuration and debugging. The low-level controller is also responsible for utilizing 
INS and encoder data IO find the best estimate of current position and relaying it to external clients through the 
ethernet Figure 2.17 shows accurate vehicle position estimation, using the INS (solid line), and the less accurate, 
but still stable, estimation using only dead reckoning (dotted line). The clients are managed by a software server 
which prioritim the connections in order to meet the needs of many clients without degrading the level of 
performancs required by critical components of the system [21. 

Closing all position-estimation loops through the controller allows hansparent path modifications. We have 
implemented a pystick interface that allows a user to modify commanded trzjectories. Joystick input is simply 
summed with computer input, so the user has the sensation of "nudging" the vehicle away from its planned path. 
The Navlab is also being equipped with a "soft bumper", a ring of ultrasonic range sensors to detect nearby objects 
before collision. When completed, the soft bumper will interact with the controller in the same manner as the 
joystick, by adding its control input to the input from planning, but will have progressively higher gains as the time 
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Figure 2.17: h i t i o n  estimation during a robot NO. ?he solid line shows 
the accurate vebicle tradi given by inertial navigation s e m .  The dotted 

line shows the less accurate vehicle track &mated by dead reckoning. 

to collision decmes. Previous systems would have been desmyed by this subversion of planned paths, since 
CODGER kept vehicle position history by an open-loop expectation of pafect path hacking. In the EDDIE system, 
allpositionqutriesarehandleddirectlybytheconaoller,aadanthereforeanswered-tlyevenifthepathhas 
beenmodified 

Communications in EDDIE arc unexotic and unintensing, but hs& with point-to-pint connectiom. We 
m t l y  use TCP/P over the ahmet, but muld go to shared memory or other protocols for pnicular connections, 
a needed Instead of building special-purpose s y n c h r o n i i  mdunisns,  EDDIE simply uses a blocking read to 
pause module execution until data arriws. 

25.3 Annotated Maps 
EDDIE docs not have a global map at the center. Local positions. used only for the plrrposes of obstacle 

avoidance ot path following. are never written into a map. GlobaL permanent, maps are bandied by the separate 
mechanism of “annMated map“. 

Anno&& maps start with a geometric representation of object,% such as roads, intersections, and landmark. 
Annotations stcxe additional information. not usually contained in maps, tied to a particular location or object 
Annotations hold a wide variety of knowledge, both procedural (wim and methods) and declararive (data), tied to 
a parIicular map location or object. Annotations can range from high-level (“church”) to geomeaic (“steeple height 
E m ,  ...” ) to SeMoT-Spefific (“look for long nearly-vatical edges9 to mw data (“coh R1 GI B 1”). The knowledge 
in an annotation can come from a wide variety of sources, such as human experts. mission planning software, a d  
even the vehicle’s own obsesvations and e x p e r h m  on previous m i s s i i  
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A map manager module conuols the annotated map. Two forms of access are provided, queries and t r i g w .  
Queries allow a module to fetch information on demand. They return all annotations of the requested type within a 
specified polygon. Typical queries ask for descriptions of landmarks, or for which recognition methods have 
worked for this landmark on previous vehicle m. Triggers are a special form of annotations. monitod by the 
EDDIE map manager. When the vehicle reaches the trigger’s location, the map manager automatically sends a 
specified message to a named module. Triggers may be set up during mission planning. and used to wake up 
sleeping processes at specified locations or to alert a running module to a change in conditions. In a typical m, 
triggers are used to tell the vehicle when and where to look for landmarks, and when to switch from straight road 
following to the slower intersection navigation code. 

Annotated maps are not designed to be a master control, but rather to serve as a scratchpad (for queries) and alarm 
clock (for triggers), in the EDDIE archilecture. Annotations have a standard formar for header information, such as 
type and location. The format for the rest of the annotation is defined by the modules that post and retrieve the 
annotations, and need not be interpreted by the map manager. 

Annotated maps provide a convenient framework for organizing knowledge. Tying the knowledge in annotations 
to particular locations in the map make8 it possible to pre-plan difficult mission segments, and to remeve that 
information efficiently during execution. This framework enables missions that would not otherwise be possible, 
due to real-time conshaints and limits in processing and algorithmic power. 

25.4 A M V  
We have built several systems on top of EDDIE and the Annotated Maps. The mad following system for the 

Navlab is the Autonomous Mail Vehicle, or AMV. This system draws its inspiration from postal deliveries in 
suburban or nrral areas, which follow the same mute day after day, undeterred by ”rain nor snow nor dark of stormy 
night”. The mail carriers drive at relatively slow speeds, often on many different kinds of roads They do gross 
navigation thrwgh a network of roads and intersections, and fme position w o i n g  to mail boxes. 

This type of system is an example of a broader class of applications which focus on map building and reuse, 
positioning, road following, and object recognition. Our AMV project is investigating those issues. including 
strategies for using different sensors and different image understanding operators for the perception components. 

The most ambitious mission we have performed to date is a 0.4 mile run on unmodified suburban streels in 
Pittsburgh’s North Hills. This involved: 

Driving along curving suburban sueets, with no pavement makings. including many different types of 

Traversing four intersections. at two of which the Navlab had m make a 90 degree left turn: 
Stopping for unexpected obstacles, and resuming motion when clear; 
Locating landmarks for position updates and for fmding the destination. 

driveways; 

We built an annotated map of the mute, driving the Navlab by hand and using the laser scanner to record the 
location of 3-D object% Object positions were measured in multiple images, to discard moving objects (pedestrians. 
cars. dogs) and to improve the accuracy of measured position. The map was then annotated with triggers that 
controlled vehicle path execution. During the run, the vehicle started moving slowly, while it found landmarks to 
initialize its position. A trigger then caused the vehicle to speed up until it approached the fnst tum. At that point, 
triggers caused various modules to slow the Navlab, find 3-D objects. match them against the map. and update the 
vehicle’s position estimate. Through the turn, vision was not able to sw the road, so another trigger caused dead 
reckoning to lake control until the vehicle was lined up with the mxt rcad. when the road was again in the field of 
view and vision could resume control. The run pnxeeded in this fashion until the fmal triggers, which matched the 
mailbox at the destination with the map, and brought the vehicle to a stop. 
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Figure 2.18: Annotated map of a suburban neighborhood. showing mads, 
intusctions. landmarl: annotations (small cirdes and dots), and bigp 

~ O n S  (lines anossthe road). 

255 Discussion 
The main features of EDDIE and the Annotated M a p  reflect our current thinking on architectures: 

Tast Spedfi~ Models: EDDIE does not impme particular connectivity or map smrture, but instead 
pmvided tods to k usas build their own. In prticular, much of the data that CODGER put into a 
central databsz properly belongs within a single module or pir of communicating processes, as 
encouraged by EDDIE. 
Explicilness The most important models maintained by an mchitecrure are vehek positions. EDDIE 
expkitly quuies the lowest-level hardware for current positiw, rather than trying to infer vehicle 
motion from higher levels. 

*Archirectural Support EDDIE uses annotated maps as to pmvidc gccinwic tools at an intmnediate 
level of abstraction . while adding suppnt for sufl bumpers. pysticks. ad d e r  physical-level mml at 
lower levels. In both CODGER and EDDIE we have left higher, AI-level suppoot to be provided by 
other modules as needed. 
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The evolution of OUT architectures up to EDDIE is a ~ t d  one in the evolution of the Navlab project. In Ihe 
early days, the nature of the modules and their interactions were not known, and our major concern was to not 
preclude any conceivable system design. Thus, we built CODGER, which was very general and provided easy 
reconfigdon through anonymity of data storing and access. Now that we know the specifE configuration of 
low-level modules that we need to run the NAVLAB, and how they communicate and synchronize with each other, 
we m k  the simplicity and higher performance that can be achieved by a more specialized architecture. EDDIE is 
that new design. 

2.6 Contributions, Lessons, and Conclusions 
We began the Navlab project six years ago with the fm conviction that the best way to make real progress on 

outdoor mobile robts was to build complete systems, and to concenmte our efforts on eliminating the bouleneck of 
inadequate perception. We continue to agree with, and to follow, those convictions. Following those general 
guidelines, we have built a number of successful perception, planning, and control modules, and integrated them 
into systems that drive the Navlab on a wide variety of test sites. During the course of our work, we have also been 
surprised (usually unpleasantly) by several other aspe~ts of building mobile robots: problems with sensors, 
difficulty of using experimental computers, questions of how to evaluate our work and how to compare it with 
results from other groups, and the critical importance of simplicity, and of defining the environment in which the 
vehicle must operate. 

2.6.1 Contributions 
Navlab expiments have validated and demonstrated several new ideas. 

1. SCARF demonstrates following unstructured roads using color classification. SCARF uses adaptive 
classification; multiple classes, described by Gaussian distributions in RGB color space; and simple, 
piece-wise linear mad models. These features enable SCARF to follow roads with indistinct edges 
and changing appearance. 

2. YARF uses specialized operators for aacking individual features, combined into a reliable road 
follower for structured roads. On mds  that have lane markings and smooth curves, YARF gains 
performance by using models of mad shape and feature appearance. 

3. ALVl" demonstrates neural nets learning to track roads. A single algorithm learns many different 
roads, with only a few minutes training time for each new r o d  

4. Our algorithms build accurate descriptions of unstructured terrain from 3-D data. Different levels of 
descriptions are available, depending on the task quirements and available processing power. This 
information is directly useful for cross-country ~ v i g a t i 0 1 ~  

5. The Navlab builds maps of rugged terrain. combining many noisy 3-D range images to form large- 
scale maps. Our approach uses a combination of iconic matching, feature matching, and vehicle 
position sensing. This has been shown before for simple indoor environments, but we invented new 
techniques and representations for outdoor unsuuctured terrain. 

6. Cross-country trajectory planning requires not only a representation of obstacles. but also reasoning 
about vehicle capabilities, limits. and inaccuracies. These constmints can be combined efficiently and 
powerfully, to guide the vehicle up to the limits of their sensing and mechanisms. 

7. Simple architecuues work best. Dictating the structure of lhe data and conml flow is not needed. It is 
better to build a toolkit that provides communication, synchronization. map data handling, and clean 
interfaces to the low-level conml, and let individual system builders tailor the system svuCture to their 
own needs. 

2.6.2 Perception Lessons 
Perception: Perception continue to be the bottleneck. That is not to say that the other aspects of mobile robots are 

solved problems @ath planning, map representation, etc.) but rather that they cannot be properly explored until 
robust perception components are built. The performance of a mobile m b t  system depends on the performance of 
the perception components. It is often assumed that robots are conml systems, and that perception will provide 
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clean numerical input; or that robots are cognitive problem-solvers, and that perception will provide clean symbolic 
scene descriptions. Neither of those assumptions are justified by the current state of the art in perception. Robots 
will not fulfill their potential unless we continue to improve perception capability. 

Sensors: While the most impmmt scientific bottlenecks to perception involve inadequate algorithms, the current 
state of the art of sensor design is also a stumbling block. Too much effon has been spent in overcoming sensor 
limitations, which is necessary to do real experiments but makes no lasting scientific contribution. A few examples: 
laser scanning technology is a great advent in 3-D sensing. It still has considerable limitations, however: slow 
image acquisition which puts a severe limit on the speed of the vehicle. ambiguity intervals, bad behavior on certain 
material types, etc. Color cameras also have problems: limited field of view. inadequate dynamic range for mixed 
sun / shadow conditions, unpredictable response l?om automatic irises and gains, etc. We do not believe that any 
one magic sensor will "solve" the outdoor robot problem, but advances in sensors will certainly enable and 
encourage advances in the image understanding algorithms. We continue to build better algorithms. but their full 
power will not become useful until we have adequate sensors. 

2.6.3 Systems Lessons 
Design for task and environment: Mobile robots operate in a cenain environment to carry out a certain task. In 

the current state of the art, there is no such thing as a completely general-purpose robot, universal vision system, or 
generic architecture. Tracking highways requires substantially different processing from driving cross-country. 
Some of the concepts are. shared (local map building, control); and some systems use shared modules, such as neural 
nets, which adapt to different situations. But currently the right way to build mobile robot systems is to incorporate 
in the design. from the beginning, knowledge of the task and the environment Too often, neat ideas are investigated 
in perception or planning and then artificially matched to an environment and a task. While this is great m 
demonstrate some new research results, it usually does not contribute much to mobile robots. 

Simplicitg: The simplest approach is always the ha. Designing a complex system does not solve any problems, 
especially if the components of the system (e.g. perceptiw components) have not even been considered yet The 
m h  community is full of proposed architectural standards that needlessly complicate mobile robots, and that are 
not based on experience with working perception systems. Simpler is beuer. For example, the approach that we 
have followed in OUT AMV system is to: 

1. Define the task: Track roads with the help of a map, and perform actions at specific locations. 
2. Develop and analyze the necessary components: road following, object detection, map building. 
3. Build and evaluate the components separately to understand their limihtions. For example, we fmt 

built a smaller system that rracks a mad map and stops at specific ob@&, then expanded to annotated 
maps and the AMV. 

4. Define representations that are matched with the task, such as the anmtakd mapE. 
5. Put together components and representations in a system that is configured for the task. The system is 

"simple" in the sen% that it includes only the functionality that is needed for the task using the selected 
components. 

6. Experiment The important p i n t  is that the experimental phase is used to evaluate how well the 
mission is carried out and to maybe add new perception camponents, or modiiy the representations. It 
is nor used for debugging a giant complex system. 

Computation: Fast computation is of course of great help in building a mobile robot systems. Not only does it 
improve the performance of the fmal system, it also holds the promise for more images processed, faster runs. and 
more experiments, and thus faster progress in the basic research. We have found, however, that faster computation 
should not be the highest priority. In the early stages of a mobile robot projet, especially, the researchers need to 
0 many different possible approaches to perception. It is more impoltant to have easy-to-use computers, with 
well-supported and efficient compilers, than to have the ultimate in running speod. It is also crucial that UO be well 
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suppofied, both for image digitization and for communicating results. Now, afler six years of the project, our 
algorithms are stable enough that we can properly take advantage of non-standard high-speed machines; but those 
machines should be stable and well-supported. It is very difficult to do robotics research simultaneoudy with 
hardware or operating systems research. 

Vehicle: The vehicle itself must be considered an integral part of a mobile robot system, not just a platform on 
which experiments are conducted. The Navlab was specialized for our early systems, and provides the high- 
accuracy motion and slow speeds we needed [23]. It was not designed for rough terrain motion, nor for highway 
speeds. We are. currently building new testbed vehicles, that will be capable of the higher speeds that our perception 
and control can now handle and will be more capable of rough tearan operation. Are testbed vehicles xe being 
selected and modified to complement the capabilities of our sensors, perception algorithms. and planners. 

Controller: Real-time mobile robot ccntrollers need to integrate a wide range of capabilities, beyond just control 
theory: position estimation, mapping and tracking of paths. human interfaces, fast communication, multiple client 
suppoR and monitoring vehicle status for safety and debugging. Most mobile m b t s  do not push the limits of 
current control theory. 'Ihe major issue in controller design is not control theory, but rather design for system 
integration. 

Debugging and Monitoring: At slow speeds. it is relatively easy to watch the performance of a system. Our 
fmt color mad lrackers, for instance, ran in tens of seconds. which gave ample opportunity for watching graphics, 
saving the files to disk, noting the response of the vehicle, and so forlh It is much more difficult to debug a system 
running at higher speeds. YARF now rum in less than a second. which is &aster than we can write an image to disk 
(for later examination), faster than we can examine. the debugging graphics, and even too quick to read text output. 
As a mrokuy, YARF can now process hundreds of images in a typical run. or thousands of images during a day's 
experiments, which makes examining the output by hand tedious at besr We need both better technology (faster 
disks, beUer video readers, etc.) and berter ideas for debugging complex real-time systems, 

Experimental evaluation: Even with proper tools to monitor a pillticular system, it is difficult to measure 
p r o p s .  The basic problem is how to answer the questions "Does it work?". and, "Does it work better?". Some 
systems are easy to measure: did an obstacle avoidance system run over a tree or not? Others are more dificuk 
did the vehicle clip a comer because of bad calibration. bad trajeclory planning, bad image processing, or bad 
control? The problems become worse when comparing work h r n  Werent research groups. All papers on mad 
following claim success. Most are missing crucial details which would enable evaluating mmpering algorithms. 
Even where al l  the details of the software are spelled out, crucial differences in hardware @messing rates, camera 
capabilities. vehicle and camera control, erc.) make head to head comparisons difficult. Common image  database.^ 
provide only a small put of the solution, since different algorithms and vehicles may need different sensor vantage 
points, image collection frequency. auxiliary data, and so forth. 

2.6.4 Conclusion 
We are still in the early stages of understanding how to build reliable outdoor mobile robots, both at CMU and in 

the community as a whole. It is far too early to try to define standaids for most modules M architectures. We are 
still far from being able to design a robot topdown from general specifications, and far from being able to build 
perception algorithms with specified performance on demand. 

The progress in our group and in other groups around the world 50 far is largely athibutable to the experimenral 
approach, and to the emphasis on building complete systems. Mobile robot research is not just research in 
perception algorithms, or sen-, or architectures, or computers, M vehicles, or controllers. Many fme modules, 
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developed in isolation in the laboratory, have proven difficult to use or incomplete in the context of real Outdoor 
systems. Our greatest advances have come by developing modules to fit a certain system need, using real vehicle 
data for development and debugging, and testing the modules in the context of a complete vehicle running realistic 
experiments. 

This experimental approach will continue to be fruitful. In the fmst six years of this project. we have gone from 
excruciatingly slow motion (2 cm / sec) in benign conditions (clean sidewalks) to driving up to the vehicle's top 
speed (20 mph) on a variety of real roads. There remain big challenges ahead both in driving on mads (handling a 
variety of lighting conditions, dealing with changing road shapes and lane markings, and handhg traffic): and in 
driving cross-counmy (moving at higher speeds, mapping terrain and avoiding obstacles). We are working in both 
those areas. For road tracking, we continue to pursue Vision for road tracking, including AL,VINN for learning road 
tracking and YARF for detecting and explaining changes in mad shapes. Other projects at CMU are working on 
strategies for interacting with other traffic, and on mckmg moving objects. We continue to need new sensors, both 
for mad tracking and for longer-range obstacle detection. Off road, we are working with new range sensors, with 
inertially stdbilized sensor platforms, and with new computer architectures, to build faster and more accurate 
systems. For both on and off road systems, we are refining our software architecture, continuing the development of 
maps and planning systems, and building new testbed vehicles. 

While general-purpose systems are still far off, the large amount of experimental work over the past few years has 
brought several mobile mbot research groups to the threshold of applications in limited domains. Prototype robots 
are being proposed or built for several environments. Barren terrain, such as planetary surfaces or some hazardous 
waste sites, allows easier perception. Limited-access environments, such as underground or strip mines, d e c m  
the need for safety checks and eliminate unknown moving obstacles. Convoy following relies on a person driving 
the lead vehicle to avoid difficult situations, while subsequent robotic vehicles have the much simplw task of 
tracking the leader. Other applications involve a human supervising one or more semi-autonomous vehicles, so the 
vehicles can handle routine cases and decrease operator workload All these applications will not only be useful in 
themselves, but will continue to build the components needed for the truly intelligent autonomous vehicles of the 
future. 
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Chapter 3: Annotated Maps for Autonomous Land Vehicles 

3.1 Introduction 

3.1.1 Motivation 
Much of the information that mobile robots need is tied directly to particular objects or locations. Maps, object 

models, and other data structures s m  useful information. but do not organize it in efficient and useful ways. We 
have built a new map-based knowledge representation, the "annolated map", to index information to the relevant 
object and locations. The annotations are used for a wide variety of purposes: describing objects, Foviding hints 
for perception or control, or specifying particular actions to be taken. We have provided a query mechanism to 
rctrieve annotations based on their map locations. We have also built "triggers", which cause. a specified message to 
be delivered to a particular process when the vehicle reaches a given location in the map. 

These annotated maps m e  a aucial role in enabling missions that are otherwise beyond the reach of 
aulonomous systems. Control descriptors allow mission planners to specify what the vehicle is to do at particular 
locations. reducing the need for onboard planning. Object descriptors contain detailed instructions of how to 
recognize a particular object, or contain the appearance of this object as seen by a particular sensor on a previous 
vehicle run. Such information greatly simplifks the problem of seeing and recognizing objects. Geometric queries 
enable the vehicle 10 focus its attention on objects in its vicinity, reducing database =cess and matching time. The 
trigger mechanism frees individual modules from having to track vehicle position, allowing them to devote their 
proccssing to the ras)r at hand or to lie dormant until they receive their trigger message. 

Annotated maps do not by themselves solve difficult problems of sensing, thinking, or mtrol for autonomous 
vehicles. Their contribution is to provide a framework that makes it easy for other modules to cooperate in planning 
and executing a mission. Annotated maps thus fill a need that is common to many different vehicles, missions, and 
architectures, 

Many analogous annotated maps exist for human use. Aeaonautical navigation charis mta in  symbolic 
descriptions of routes (airways) and landmarks, and include annotations such as the Morse code call letters of radio 
navigation beacons. The AAA produces "TtipW',  which include annotations for mute, current conditions 
("construction". "speed check"), road type (interstate, two lane, etc.), gened conditions ("winds through rolling 
hills"). pints of interest (rest areas, gas, food, and lodging) etc. An intelligent person can usually drive a mute 
without such aids: but they do provide a convenient framework for preplanning, and make "mission execution" 
easier. Furthermore, as we drive a route, we build our own mental representations of landmark appearance, curves 
in the road, and so forth, which we use to follow the Same route more easily at a later time. Our annotated maps 
provide the same kind of functionality for autonomous mobile vehicles. 

3.1.2 Related Work 
At CMU, we have developed a family of autonomous mobile robots over the past ten years. Vehicles have 

included Neptune, a testbed for stereo vision and path planning [12]; the Taregator, our f i t  outdoor mobile robot 
U71; the AMBLER, a walking machine for planetary exploration [21: and, principally, the CMU Navlab [15, 161. 
Our experience, especially with the Navlab, has driven the &sip of the anmtated maps. We already have 
pcrceplion and control modules that can use information from annotated maps, including color vision [ 5 , 9 ] ,  neural 
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networks [lo], 3-D object recognition [7], and planning [Ill.  We have also built the EDDIE architecture, which 
provides inter-module communications, control, and system srmcture for mobile robots 113, 141. The tools provided 
by EDDIE are used for the messages that underly queries and aiggers in the annotated map. 

Many other groups are working on related problems of mobile robots and knowledge representation. Rather than 
competing with the ideas of annotated maps, most of this research is providing useful tools and ideas that could use 
or help genetate the annotated maps. 

Fennema, Hanson. and Riseman at the University of Massachusetts are building world models and maps for their 
mobile robor Harvey (61. They have defined the concepts of "neighbomoods" (topological regions). "locales" 
(information to decide. whether the &I is within a neighborhood), "milestones" (perception for verification). and 
actions. ?he UMass map and plan representations are similar to some of the uses of annotations, but have simple, 
fixed formals, are focused on declarative representations of 3-D object models, and do not provide map-based 
triggers. 

Rod Brooks at MIT has long argued for simple robots with simple control schemes and simple world maps [3]. 
We concur that simple, sensor-based maps of particular locations are often useful. 'Ihe lowest levels of our 
descriptor annotations are designed to contain precisely the sort of information that Brooks' robots use to calculate 
lheir position, or to cause a particular action, in a small local area. We disagree with Brooks' contention that this is 
Ihe only sort of information that a robot should remember. Robots often work in open, featureless environments, 
and need precise maps and accurate navigation even where no landmarks may be nearby. Annotatcd maps are 
designed to keep precise metric information in the geometric levels of annotations, as well as the lower-level cues 
advocated by Brooks. 

Kender gives a much m m  abstract view of planning for sensor-based navigation[8]. He describes the 
combinatorial problem of deciding which sewn% to use, and which landmarks should be recognized, in order to 
reach a given goal. The results of analyses such as Kender's should be entered into triggers, to fell the vehicle what 
to look for, and into object descriptors, to say how to look for those objects. 

Blidberg and his associates at the University of New Hampshire's Marine Systems Engineering Labratory have 
implemented world models for underwater mobile robots [4]. Most of their wo& has cwcentrated on efficient 
descriptions of space. such BS quadms. These spatial descriptions are important, but do not include many of the 
other forms of knowledge (actions, descriptions) for which annotated maps are useful. 

3.2 Scenario 
A typical mission for our Navlab mobile m h t  is a delivery task on unhed, unmodified suburban streets. The 

Navlab has specialid perception modules, including color vision for mad following on major roads 191, din 
roads 151, and suburban streets [IO]. It also has 3-D perception, using a scanning laser rangefinder, for landmark 
recognition and obstacle detection 171. Inertial navigation on the Navlab is accurate enough to drive blind for shott 
distances [I]. 

In order to accomplish its mission, the Navlab must use several of these modules. Road following using color 
vision will follow streets, but will not be able to recognize intersections. Inertial navigation will drive through 
intersections, but must have an acuuate starting position, Iambnark recognition will update vehicle position before 
intersections, but is too slow to be run continuously. Only a mmbination of al l  those modules, each running at the 
appropriate locations. will produce an accurate and efficient mission. 
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3.2.1 Knowledge and Organization 
In general, planning and executing such a mission q u i r e s  several types of knowledge: what to look for, and how 

to see it; what to do, and how to sccomplish it; where to go, and how to get there. The knowledge may range from 
high-level symbols, to low-level raw data. Knowledge is both internal ta a single module, and used by controlling 
modules to switch between knowledge sources. Approaching the intersection, for instance, the pCmptual 
knowledge includes: 

symbolic: intersztion 
geometric: size and shapes of intersecting roads 
sensor-spxitic: use laser range fmder to pinpoint the position by landmark identifation 
raw data: landmark 2 meters tall, 0.4 meters wide at position (xy) 

Control knowledge can also span a range of levels: 
symbolic: turn left at intersection 
gam& inksection angle 45 degrees 
vehiclespecifk turn with a circular arc of radius 15m 
raw dakx steering wheel position left luxl clicks 

This knowledge must be carefully organized if it is to be useful. If the vehicle has to sort through all bits of 
information it has about every possible ohjecs it will overshoot the intersection long before it has figured out how to 
recognize it or deduced that it was supposed to hrm. It is far better IO have information tied directly to the map, or 
automatically retrieved as needed. The landmark recognition module, for instance. must be able to ask for a 
description of objects within its field of view, and retrieve the knowledge it needs to recognize them. 

32.2 Annotated Maps 
Annotared maps provide the mechanism for organizing this knowledge. by tying information to a map. The 

annomtiom contain knowledge about particular objects, locations. or actions. Annotations come in one of two 
classes: descriptors and triggers. Descriptors are passive, and are reaieved by queries based on geomeixy and object 
type. A query for "all objects of type 'intmection' in this polygon" would return the annotation for the requested 
intersection, if it were in range. T r i m  are active, f h g  when the vehicle reaches a particular location or crosses a 
certain l i e .  A !rigger will send a message to a particular module, such as "controller. start turning hard left in five 
more feet". 

The knowledge in these annotations comes from many sou~ces, including human experts, mission planning 
software, and even the vehicle's own observations and experiences on previous missionS. It is both declarative 
(data) and procedural (methods and pedures) .  The level of the annotations depends partly on the vehicle's 
computational capabilities. Simple vehicles, in known environments. are able to execute simple preplanncd 
missions by having every object and action completely annotated at low levels. A more challenging environment, 
with more variation over time, may require higher-level symbolic descripuxs in the map and more reasoning at run 
time. Practical missions will probably quire a mix of levels of detail. Even a sophisticated vehicle may, for 
instance, decide to m r d  the locations of specular reflections b m  a mailbox, and use those sgecularities as 
recognition cues. It may be much more difficult to rezonsrmct a 3-D model from the observed data, and to later 
predict the appearance from the model. 

3.23 Example Runs 
Figures 3.1 and 3.2 show a typical annotated map. Figure 3.1 shows a map of a suburban area, including about 

0.7 lun of road with two T intemtions, and a variely of 3-D objects Object information was collected using the 
ERIM laser range finder, and the m d  information was collected by using the inertial navigation system to provide 
accurate vehicle positions while we traversed the route. Figure. 3.2 shows a detail of the fmt intersection, including 
the Navlab's position during a run and several triggers. 
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The goal of this run was to drive from a house near the beginning of the map to a specified house near the cnd 
Annotations were added to the map to enable the Navlab to carry out this mission. There were annotations to set the 
speed appropriately: up to 3.0 m/s in sm.ghtaways and down to 0.5 m/s in inte~~~t ions .  other annotations 
activated and deactivated the module that uses the laser range finder to correct vehicle position based on detecbzd 
landmarks. Before every intersection there was an annotarion that switched driving control from a neural network 
vision program to a module. that used knowledge from the map of the intersection shucture and dead reckoning to 
traverse the intersection. Finally, there was an annotation at the end of the mute that caused the vehicle to stop at 
he appropriate object. The mte was successfully traversed aumomously. 

In this tun. and a variety of other runs, we have successfully used nine different types of trigger annotations: 
*setspeed 

dead reckon through intersection 
resume vision after intersection 
stat  landmark matching 
stop lan- matching 
stop at objects 
stop and start fast obstacle detection 
use vision through intersection 
switch petoeption modules 

3 3  Tenets of Map Construction and Use 

navigation systems for a variety of robts. 

Minimize semantic interpretation. Noone can predict all the kinds of knowledge that will be placed in 
annotations. Moreover, the map module need not understand the annotations. The only common knowledge in 
annotations should be enough header information to store and retrieve the annotation. All the rest of the annotation 
belongs to the modules that create it and interpret it. with the format to be decided upon by the module creators. The 
annotated map serves only BE a scratchpad 

Several key ideas underly our design for annotated maps. reflecting OUT experience in building perception and 

No specialized query language is needed. The standard queries ask for al l  objects of type X within polygon 
Y. Any query more ambitious than that need not be supported Any more detailed query w d d  require that the map 
module know the internal details of each type of annotation. It is more efficient, and a better abstraction, to let the 
querying module sort through the returned objects. 

Separate global pmition backing from local servoing. Maintaining the current pasition estimate in lacal 
coordinates is a &-time job, and is best done by the low level real-time controller. In order that locations smrcd in 
lacal coordinates will always be consistent, the controller’s local coordinates should never be updated. Commanded 
trajectories, current positions of obstacles to be avoided, and other phenomena that are used once and then 
discarded, should be kept in local coordinates and never entered into the map. Mapbased calculations, such as 
matching landmarks against a map. or interpreting a position fo;, are aperiodic events best done by a separate 
Navigator module. The Navigator maintains the transform from local to world coordinates. Any module that needs 
to know current vehicle position in world cocadinates must acquire the Navigator’s transform, then apply that to the 
running p d i m  repom of the co~troUer. In pcrice. acquiring the Navlab’s current transform is done in one of two 
ways, specified at start-up: 

The Navigator can send its wnsfam every time it is updated. ’ I l is is used by fast-running modules 
that always need the latest update. 
Slower modules, that have a longer cycle time. may not need every updated transform. Worse, 
receiving too many upaates before the module is ready to read them may cause the input queue to 
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Figure. 3.1: Map built of suburban streets and 3-D ob%& 

Figure 3 .2  T r i m  annotations for sensing and vehide cnnlml 
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overflow. Instead, these modules are notified that a new transform is ready, but do not receive the 
update until they request it. The Navigator stores which modules have been notified and have not yet 
requested updates, to avoid sending repeated ndfications 

Centralize position tracking. Modules often want to paform specific actions when the vehicle arrives at 
particular locations in the map. If each module were to continuously poll the Navigator and controller for current 
p i t i on ,  the conmller could become overlaaded. Active polling also means that those modules are using computer 
cycles. Moreover, a Navigator position update may skip the vehicle position estimate past the point for which a 
modulc is waiting. For each update, each module would have to figure out if any of its targel positions had been 
passed. We prefer to have a single module, the map manager, doing position tracking for all modules. On reaching 
the points of inme& it awakens OT signals the appropriate module. This is the function of "tripper" annotations. 

No master control. The map module is best thought of as an alarm clock (for the trippers) and a saatchpad (for 
descriptors and trigger messages). It is not =me "master" module that controls all t h i n g ,  and that therefore can 
become a major bottleneck. We prefer point-to-point communication between modules, with flow of data and 
control decided on module by module, rather than forcing all information through a single controller. 

Plan incrementally. The map module is designed to be used by many programs, for many purposes. at many 
times. Some information may be permanent; other annotations may be added to provide directions for only a single 
mission. It is an advantage to be able to update, add, and delete at various times. In particular, display and user 
interface modules may read the annotated map from a file, look at it. display the annotations. change things. and 
write it back out. 

3.4 Implementation of Annotations 
The annowed map needs to provide effxient access, indexed by position. The annotations themselves need to 

contain an arbitrary amount of dah with a minimum of externally imposed organkition on the contents. We have 
designed and implemented a two-part representation, consisting of a map grid and an annotation database. Each 
square of lhe grid contains a list of any annotations that are included in that square's area 

Adding an annotation to the map is a two-step process. First, the actual annotation is added to the annotation 
database. Secondly, the map grid must be updated The location of the annotation is either a point, a line, or a 
polygon. This location can either be specified directly. for those annotations tied to a location, or rwieved from an 
object description, for those annotations that describe an object. The location is then scan-cnnverted (converted m a 
list of cells) into the grid, and a pointer to the appropriate enhy in the databse is witten into each of h e  
corresponding grid cells. 

Retrieval of annotations in response to a query is also a two-step process. Queries can specify a polygon and an 
annotation lype. The. query polygon is xan-oonveated into grid cells. 'Ihe annotatim pointed to by each of those 
cells are collected, checked to see if they match the specified type, and remed 

Triggers work similarly. At each cycle, the map module calculates the current vehicle position. It calculates the 
line on which the vehicle has moved since the last cycle, and xan converts that l i e  into the grid. Each cell through 
which the vehicle has moved is checked for trigger annotations. If any are found that have not already been fii, 
their messages are sent to theii destination modules. Since the location of a trigger can be a point, line, or set of 
lines, a trigger can be f d  when the vehicle reaches a certain lacation or when it enters a given polygon. 
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3.4.1 Representing Annotations 

include: 
header: 

Annotations are represented with a uniform header format, plus a free-format dam fEld. Typical header fields 

(type, destination module, used flag, text description, location, next object, pre.vious object, data size) 

{pointer to data) 

The header portion contains al l  the infommion that the map module needs to understand. "Type" and "location" 
are suffiient for answering queries "destination" is required for sending trigger messages. The "used" flag is set 
when a trigger is fM to avoid firing the hggex repeatedly if the vehicle stays in the area covered by the 
bigger for more than one cycle, "Text description" is wed by graphics display modules. This information is also 
sent as part of messages. to make it easier to debug receiving modules. The "location" of the annotation is used both 
in initially setting up the grid pointers. and for the use of the receiving module. "Next object' and "previous object" 
are used to describe extended linear objects. Fixtended objects may also have branches, which meet at intersections. 
Intersections have a center point, and any number of vertices, each of which points to the beginning of an extended 
object. The most common extended objects are roads, which are represented as short segments pointing to their 
preceding or following segments, or pointing to intersections. 

data: 

The data portion of the annotation i s  in the view of the map, an undifferentiated field of bytes. Any internal 
structure need only be understood by the modules that create and read the annotation. Since the headers have a 
known, fixed size, they can be stored in a random-access file. The data may be stored as a s w a n  of bytes, with the 
header containing only a pointer to the beginning of the data and the number of bytes. 

3.4.2 Implementation Details 

funher dam collection and analysis. 
Our prototype implementation has tested some of our design decisions, while other details will be decided after 

Grid cell size. If grid cells are too mall, queries will have to look at large numbers of cells, and map storage will 
become a problem. But the querying becomes simpler, h a u s e  any object found in any of the cells can be returned. 
Larger cells give. faster loo)cups, but are no longer selective enough to answer queries on their own. Instead. objects 
within grid ceUs must still be checked to make sure they are within the queq polygon. For autonomous land 
vehicles with sensor ranges of two to thirty meters, a grid with 0.5 to 1.0 meter cell spacing probably provides the 
right tradeoR our current implementation uses 0.5 meter cells. 

Handling large maps. For a grid with 1.0 m cells each square kilometer will mntain a million cells. Each cell 
can be represented with af most a few bytes of data, depending on annotation density. The. amount of memory 
required by a grid this size is easily within the capability of today's computer systems, but for missions spanning 
several kilometers, we will not be able to keep the whole grid in main memory at once. One possible solution is 
implementing quad-bees to take advantage of sparse data requiments o v a  moa of the grid. A more likely strategy 
is to keep the grid on secondary sorage, and only keep a window amund the current vehicle p i l i o n  in main 
memory. The annotation databases themselves may also need to be kept on badring store, and only read in as 
needed. 

Distributed databases. Object descriptions might be most w i l y  implemented io separate databases, internal to 
the modules that use them. Then the annotations need only retum the index of the database enhy. The problem with 
lhis method is ensuring consistency between databases in the modules, and indices in the grid. At the opposite 
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extreme, the map annotations wuld wniain al l  the data. The disadvantage of this a p v h  is requiring more traffic 
between maps and objects. An intermediate approach is to start with all the knowledge in the map annotations, but 
have it automatically replicated in the appropriate. modules at system initialization time. This e n s m  consistcncy 
while reducing runtime overhead, at the expense of startup costs. The design of distributed databases interacts with 
the design for handling large maps. Keeping annotations in individual modules would decreae the amount of 
information needed by the map module, and thus make building large maps somewhat easier. 

In the c m N  implementation, the annotation database is static during a run. When the system is initialid, the 
user adds stop points, hlrn points, or other triggers to specify the c m n t  mission. When the user is ready, the 
interfae module saves the current annotation database and sends the name of the fide to the map module. At start 
up, each module that needs a copy of the annotation database requests the name of the fide from the map module. So 
modules contain a wmplete, consistent copy of the annciation database. The map module builds the grid, so it can 
handle geomwic queries. It communicates with the other modules by specifying the index in the annotation 
database of the objects that match the current query. m e  map module also watches the grid for triggers. 

Map update. Changing an annotation during a run is conceptually easy. Moving objects and annotations is more 
difticult. If a single object moves, it is easy to erase it from one pan of the map and write it into another location. 
But if an entire portion of the map moves, such as discoVering that a portion of the mad is really longer than 
previously thought, the changes can be very hard to handle. Many objects would have to move: the mad. all objects 
atwhed to it. all landmarks that were seen on previous inaccurate runs and indexed to the road, planned mission 
steps based on following the road or on seeing those landmarks, etc. It i s  probably bwer to note the new 
information. keep running with the flawed map, and build a new map at the end of this run, rather than by to do 
updates on the fly. Map update saategy is also influenced by the “large maps“ and “distributed databases” design 
issues. If an individual module updatm its copy of an object description annoration. it will need to make sure any 
permanent information is witten out when the run is terminated or when that portion of the map is overwritten by a 
new data Window. 

Since in the cunent implementation. each module keeps its own intemal copy of the annotation database, map 
updates must be specially handled while building a new map. Under mwt circumstances. the map updatcs refer to 
objects that the vehicle will not see again on thii run. and therefore the updates need not be propagared to all the 
modules. At the end of a run all the new objects can be written to a new map fde, to be used on succeeding runs. 
The exception is for building maps of intersections. Our procedure is to drive through the intersection+ following 
one branch, and building a map; then to reposition the vehicle before the intersection, and follow the second branch. 
In order to registea the two branches correctly. the perception and matching systems need to find newly-mapped 
landmarks. The map manager writes the annotation database to a file and notifies the relevant modules, which read 
in the updated database. 

Interfaces. Conceptually, it is easy to add annotations to the map. A program reads in the annotation database. 
adds new annotations, and writes the updated tiles. Machinegenerated annotations, such as object descriptions, use 
interface routines to read and write the map. and to insert annotations into the annotation database. Annotations 
added by hand require, besides the basic map interface mulines, a user interface to point to locations or objects on 
the map. type or read the annotation data, display the resulting map. and ask for v e r i f d o n .  While the format and 
contents of the annotations will vary, there is still a large body of common functions that use standard modules. We 
have built an interfacz, Using X windows, that allows a user to add new objects and niggers to the map. The same 
interface is also used to display the vehicle and map during a run. 
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3.4.3 Trigger Details 
In order for the map module to track vehicle position, it must Imow bob the Controuer's cumnt local position 

conmllers arc efticient. returning in Less ihan 10 milliseconds . Our current implementation uscs an efficient process 

landmark sightings or position fixes are relatively infqwnt, an event-driven transform update is much m m  
efficient than polling. 

estimate, and the navigator's transform that relates local to global coordinates . position queries w om vehicle 

fOr g&g tranSfOrmS hwo the by having the MVigUCX send the hatL%bU each b i t  is updated. since 

When the navigator updates position. the map module h to pay spczial amention to triggers. It may be that the 
vehicle position estimate will jump forward, skipping m e  trim (II it may be that it will m o v e  badcwards, 
creating the potential for firing triggers that have alresrly been fimd (see Figure 33). V thc position updare is 
relatively small, it makes sense to use the h e  of vehicle mvel, plus the "used" flag. to make sure that all 
approphte triggers get fired oaee. If the update is large, it may M longamake sense to& triggers that should 
have been fd long ago; and it may make sense to refm triggas that were 6red vcry premamly. Details of these 
design decisions are yet w be worked out. 

Case 1: position update skips over 

F w  33: h b l e m  with nfiriag mission wigp-8 

n e  mechanism of noiifying a modUte of a m  is by d g  a message over a por~ ~n the unixz opwaring 
system, ports can be set up by broadcasting their- and listening m tJie net to find out who would Wre to to talk 
m them. Once cormected. pons appcsr as files andcan bc read and written eady. A mcduIe can easily check if 
thereareanybyteswaitiogmitstriggerpon Ifnot.ithasnotIscudamesage,andcanmntiouerunning. Ifso, 
it can read the messageksder. allocate thememory srmcaacfartbemts3age,dreadthcappopnate ' numberof 
bytes into ill memory. A running moduic can periodicauy check to see if a message is waiting. A sleeping module 
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can simply block on read. which will cause it to pause until data arrives. is possible to set timers, so a module can 
wait until either a timer expires or a message arrives, whichever occurs first. It is also possible to have an incoming 
message generate an interrupt so the module can be notifed while running even without checking for incoming 
data. 

3.5 Conclusion 
Annotated maps provide a framework to organize knowledge stMage and retrieval fox autonomous mobile robots. 

The Navlab group at CMU, and other groups around the world, have many of the individual pieces of a complete 
sysfem: sensing, senmr undemanding, local trajectory planning, control. and vehicles. These pieces in hemselves 
are only sufficient to perfom limited tasks. Integrating those components into an efficient system is one of the 
dificult remaining gaps. The annotated map helps fill thar gap. By providing generic data handling. it allows 
diverse modules to communicate their specialized knowledge. By tying this knowledge to specitic locations and 
objects, the annotated map provides a focus of attention, using an efficient grid structure. to answer queries about 
specific parts of the map. And through the automatic wiggem, the annotated map eliminates the need for individual 
modules to attend to vehicle position and map location. We have built cur fht protow annotated map, interfaced 
several modules to it. and used it to store and remieve data during real Navlab runs. We are currently addressing the 
issues of large maps, and continue to inrerface more modules and to use annotated maps to manage a wider variety 
of knowledge. 
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Chapter 4: The Warp Machine on NAVLAB 

4.1 Introduction 
The Camegie Mellon Warp machine is a systolic array computer developed by H. T. Kung’s group, and used for 

many applications including image processing and mobile robot control [l]. We relate the history of the use of the 
Warp machine on NAVLAB (Navigation Laboratory) and evaluate the Warp machine in light of this experience. 
As we will demonshate, the Warp and NAVLAB projects influenced each other in several ways; this influence lcd 
to increased capabilities in the Warp machine and useful applications experience, as well as increased capabilities 
for NAVLAB. 

We begin with a shon history of the Warp machine on NAVLAB. Next we describe the major NAVLAB systems 
that were implemented using the Warp machine. Then we evaluate the Warp machine using experience from these 
systems. 

4.2 History of the Warp machine on NAVLAB 
This section traces the history of the development of the machine, its software, and its application on NAVLAB, 

and discusses the motivations that led to key decisions. ?he earliest systolic array designs that led to the Warp 
machine were two-level pipelined arrays by Kung, et al. 16.91. described in the early 19%. The systolic array 
formad one pipeline, because the linear array of cells could pipeline data from one cell to the next, and within each 
cell the flmting-point pipeline formed another. These designs were shown to be capable of convolution. 

With the introduction of the Weitek I032 flogting point chips in 1983, it k a m e  possible to implement a 
powerful machine based on these ideas wing ordinary engineering effort-i.e., without cusmm VLSI and with a 
moderate number of prccassors. A machine using these chips was designed in the fall of 1983. and it was shown to 
be capable of performing one- and twodimensiooal convolution as well as the Fast Fourier Transform [71. 

At this point the Warp cell included the Weitek flaaling p i n t  chips, which were fed dam from a pipelined register 
file, two input and output queues connecting each cell, and some onboatd cell memory [SI. Addresses were supplied 
externally via a third queue. No data-dependent branching or address generation was ps ib l e .  

In early 1984 a group of researchers. including hardware, software, and applications designers, began planning the 
design of the Warp computer. The design of the machine changed rapidly, and became much more general. Data 
dependent control flow and program memory was added. A crossbar, MiginaUy with limited interconnection and 
later with full generality, was added to connect the various functional units on the cell. The pipeliied register filcs 
were replaced by random access register files. 

The cell at thii point had several features that were eliminated later. The address queue was still the sole source 
of addresses for cells. It was thought that address generation for complex addres*ng Operations such as IFI could 
be factored out from the array and performed on a special board called the Interface Unit. The address and data 
paths between cells fed into RAMS with read and write counters that could be inmmented or held-not queues. 
This made it possible for the queue to be used as an a u x i l i i  scratchpad register fde. However, it was not possible 
to switch back and forth between using the RAM as a register file and as a queue, since the counters cwld not be 
saved or restored. Thus, using the RAM as a scratchpad register fde eliminated one data path to the cell. There was 
also a “loopback” feature where the output of a cell could be fed back into its input queue in order to allow a cell to 
simulate multiple cells. 

The Warp cell was built in prototype form, as a two-cell array with an interface unit, called the “dcmonstration” 
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machine. Assembler development proceeded in parallel through two stages: fmt at the 100 ns, &bit word level 
(summer of 1984). and later at the 200 ns, 32-bit word level (fall of 1984). Even before assemblers or simulators 
were available, programs such as affine transformation, clipping, histogram, median filtering. and binary image 
processing were being written. 

Camegie Mellon selected General ElecDic and Honeywell as indushial pamers to help in the later design and 
build the full-scale mxhines at the beginning of 1985. They panicipted in the design and construction of the. first 
two-cell demonstration machine and in the design of the external host software. 

The fmt demonsmtion Warp cell array was completed and demonstrated in mid-1985. The array consisted of two 
Warp cells and an interface unit. The array was controlled and fed data by a Sun 2, which also ran applications code 
not running on the Warp array. m e  external host had not yet been Completed). 

FIW, a ste,reo vision system used to drive a robot vehicle, was a key applicahn of the Warp machine in the early 
part of the project. It was proposed to speed up FIDO by a factor of ten, fmo about 30 seconds/step to about 3 
seconddstep. Implementation of FIDO algorithms on the Warp machine started in the summer of 1984. 

The s b t  of the Parallel Vision and Road Following projects in January of 1985 led to early use of the Warp 
machine in real situations. In most hardware projects, applications of the hardware to real problems occurs only 
after much of the software and hardware is already developed. But these projects helped provide focus and direction 
for the Warp project even as the hardware and software were being defined A simple color-based road-following 
program was implemented on Warp in July, 1985, and used to drive the Terngator in the fall. To our knowledge, 
this is the fmt application of a supercomputer to actual uxltrol of a r o h  vehicle. These runs set records for sped 
and distance (up to several hundred meters at 0.5 km/hr) of the Terregdtot. 

In parallel with the applications of the demonsbation Warp array. the development of the W2 compiler proceeded. 
Early in the compiler’s design. it was r d i  that a design ermr in the cell made it difficult to generate code 
efficiently. The problem was that on transfer of a word of data from one cell to another, the receiving cell had to 
explicitly increment its queue counter when the word arrived [l, Section IVa]. In order to generate such code, the 
sending and receiving loops had to be unwound three times in general This led to very large code. bodies. A 
hardware change was completed by the end of Septembea, at which time the old machine (and W1 programming) 
was retired and the new machine (with WZ) was used exclusively. 

In December of 1985 we began serims plans for installation of a Warp machine on NAYLAB. Since NAVLAB 
was to be a self-contained machine, it was not practical m do the image processing remotely using the Warp 
machine, as we had with Terregator. But installing a new computer like the Warp machine in a moving environment 
required carefid planning, both to ensure that it was useful to NAVLAB and m guarante that this almost-unique 
machine was not damaged. Issues like m l i n g  and vibration of the Warp cell array were considered in particular. 
In fact, as we later learned, the critical issues were cooling of the external host MC68020 processor and memory 
boards and connector damage as the Warp cells were removed and replaced in the backplane. Cooling of the Warp 
cells was not difficult because they dissipated much less heat per area than the commercial external host boards, 
which were tightly packed with chips. Vibration was easily dealt with by ordinary meaSUTeS like mounting a plate to 
hold the Warp cells in place. and mounting the rack holding the Warp m a c h i  with shock-absorbing mounts. 

As the first full-scale prototypes were being built, we began to look forward to the production Warp machines, 
which would be built using printed-circuit boards. ?he change fm wirewrap to printed-circuit boards allowed 
some redesign; in particular, we reimplemented the cell input queues with special-purpose chips, and eliminated the 
Impback feature, feeing a lot of board area. This area was w d  to expand the cell data and program memory by a 
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factor of eight, add another register file and local address generation, and add local control so a cell could be 
blocked if it med 10 write to a full queue at an adjacent cell, or read from an empty queue. The result of all these 
changes was to create a much more powerful cell. with flexibility comparable to a standard computer. The 
extensive changes (particularly the blocking mechanism) required considerable. redesign time. The fust full-scale 
K Warp machine (called the “production” machine) was accepted at Camegie Mellon from General Electric in the 
spring of 1987. 

Towards the end of 1986 Hamey began developing the Apply compiler. Apply had been previously developed as 
a C subroutine package for writing image prccessing functions: the programmer would write a simple subroutine 
that processed a window of an image and the Apply subroutine would “apply” the subroutine all across an image. 
This was done to speed up image processing using a subroutine package for accessing images in different formats; 
the C Apply subroutine buffered the image especially efficiently. Hamey adapted the C subroutine idea to a code 
generator for the Warp machine that took W2-like Apply programs and generated W2 programs. In the summer of 
1987, Wu developed the fxs “full” Apply compiler, that took Addiie  Apply programs and generated W2 
code [SI. This compiler todc advantage of the Warp cell’s capabilities and generated efficient W2 programs for 
local image processing functions. At the same time, Ribas developed a library of approximately one hundred Apply 
programs. 

The new Warp pototyp was used extensively with Terregator in stereo vision, obstacle avoidance (using the 
ERIM scanning laser rangefmdex), as well as color-based road following, from April to August 1986. 

The N A W  work on the Warp machine began in June 1986. The work included development of a geometry 
module for color road classification, which was tested from the beginning on the Warp machine. One of the 
wirewrap prototype machines was mounted in NAVLAB January 1987, and demonsinfed color-based road 
following and ERIM-based collision avoidance in the spring of 1987. Both the color and the ERIM code were run 
on the same Warp machine: we thought we could get better pformance with nvo Warp machines, and tried this 
idea later in the year. 

In the course of integrating the Warp machine into NAVLAB we replaced a complex l i n g  procedure that 
combined the C program d i g  the W2 Warp program with a runtime code downloading interface. The same 
interface supported remote procedure call of Warp routines over the Ethernet As a result, in early 1987 we 
constructed a runtime code downloading procedure together with an interface that allowed calling Warp routines 
remotely with an Ethernet interface. This interface greatly aided development of Warp d e .  

A second, smaller (four-cell) F‘C Warp system was mounted on NAVLAB in November 1987. With two separate 
Warp arrays we could do the ERIM processing in parallel with the color-based road following. This two Warp 
machine system was demonsbated at the end of 1987. However, there wete serious problems with mounting a 
second Warp machine on NAVLAB. The Warp cells were not a problem: a ten cell array could mi ly  be split inm 
two arrays. But the external host boards had to be duplicated, somethiig which we were loath to do because of the 
expense. Moreover, the external host was one OE the least reliable components; duplicating it reduced its reliibility 
correspondingly. 

In this period we seriously addressed the issue of cooling for the Warp machine, particularly its external hosr We 
installed a special air conditioner For Warp, and added temperature sensors that would automatically turn off the 
Warp machine when the temperature went tcm high. ?his allowed us to run the Warp machine continuously on 
NAVLAB, giving us a three Warp system; two in the laboratory, and one on NAVLAB, which could be used 
remotely when the NAVLAB was at home and connected to Ethernet 
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The major application of the Warp machine from here on was color-based road following. In the spring of 1988 
an adaptive color classification algorithm, using one or two cameras (one with the iris wide open and one with the 
iris nearly closed. to increase the dynamic range) and a simple geometric model was implemented. The SCARF 
road following algorithm was re-implemented on the Warp machine in October with a speed of four seconds per 
image. This was sped up to two monds per image in November. The resulting system was demonstrated in 
December, NAVLAB was driven at one meter/second, with a processing speed of ten to one hundred over the same 
algorithm running on the Sun. SCARF speed was further improved in February 1989. 

At this point development of ALVINN. f w  neural net-- road following, began. A lhreulayer neural net was 
trained to recognize driving direction in graphics-generated road images. The training was done off-line, in an 
eight-hour IUII on the Warp machine in the laboratory. The resulting trained network was then used to drive 
NAVLAB. Runs began approximately in February of 1989. Images could be processed ils quickly at 0.75 dimage; 
on March 16 a new NAVLAB record of 13 m/s was set. Later. in June, we found that we could uain the network 
“on the fly” by f d i n g  it live road images and driver steering angle while NAVLAB was under human conml. 
This mining was done using the Warp machine on the NAVLAB. The resulting technique was very powerful: we 
could for example train the network by driving the NAVLAEI halfway along a test course under driver control, and 
then allow the network to take over vehicle control. 

In order to see funher sped improvement both in the color-based and the neural net-based rosd following work it 
was thought that the Sun 3 Warp host should be replaced with the newly available Sun 4. To do this for the Warp 
host would involve extensive changes to the Warp software. Moreover, the Sun 4 was several times more powerful 
than the Sun 3 and itr integrated, general-purpose nature made this power more usable than the Sun 3Iwarp machine 
combination. The Sun 4 a h  required less power, space and cooling, which were critical limitations on NAVLAB. 
Accordingly, the Warp machine was taken off NAVLAB September 6,1989, and replaced by a Sun 4. 

4.3 FIDO 
FIDO (Find Instead of Desaoy Objects) was a stereo vision navigation system used for the conml of robot 

vehicles; it included a stereo vision module, a path planner, and a motion generator. This system descended from 
work done by Moravec at Stanford 1121. After Moravec m e  to Camegie Mellon in 1980. work was done by 
Thorpe and Mauhies [ll, 141, who gave the system its name. More recenIly. work was continued by Klinker, 
Crisman, and Clune [2] as well as others. This vision system was unusual in its longevity and in the range of speed 
over its span ofdevelopmenu Moravec’s original algorithm, which was heavily optimjzed (though different in many 
important ways from the FIDO algorithm), took fifteen minutes to make a single step while running on an unloaded 
DEC KLlO: the Vax 780 implementation ran at thiiy-five seconds per step; the Sun 3 implementation took 8.5 
m d s  per step; and the implementation on the Warp machine took 4.8 seoonds per step. 

43.1 FIDO Algorithm 
FIDO was a featurebased algorithm. A feature was a point that was detected with FIW’s interest operator and 

located in three-dimensional space by correlation between the left and right images. An obstacle was a feature that 
the vehicle could not drive over-Le., a feature suffEiently above ground level. It was assumed that all actual 
obstacles 10 the vehicle would have enough image features to be detected by FIDO a obstacles. 

FIE0 performed the following steps. as shown in figure 4.1. First, it took two 512x512 images of its 
environment, a left image and a right image. These two input images were reduced by the Image Pyramid 
Generutor by successive factors of two, creating images of size 256x256, 128x 128. and 90 on. Then Image 
Pyramid Correiation was used to locate all of the previously known features in the new right image. If the feature 
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I 1 Path 1 
Planner 

Figure4.1: FIDO Block Diagram 

could be seen in the new scene, it became a hacked feature. Image Pyramid Comelabn was then used to identify 
the tracked feature from the new right pyramid in the new left pyramid. Once the corresponding feames were 
located, the three-dimensional position of the obstacle creating that feature was identified and the vehicle was 
directed one step towards its goal by the Path P l m r .  The Interesr Operuror picked new features in the right 
pyramid so that new obstacles moving into the scene wuld be detected. Again Imuge Pyramid Comelalion was 
used to fmd the corresponding point features in the Left image pyramid. The new features and the tracked features 
were combined to form the new list of "previously known" features for the next image. 

43.2 Implementation of FIDO on Warp 
FIW has been implemented on the demonsvation Warp system as we1 as the prototype Warp machine. In the 

summer of 1984, Dew, Chang, Manhies and Thorpe designed a new version of the FIDO system to run on Warp, 
which was then in its initial design phase. They identified the three major vision algorithms (correlation, interest 
operator, and pyramid generation), which wede considered to be suitable for implementation on a systolic array such 
as the Warp machine. Then they redesigned FIDO to run on the Warp machine. Next the k vision modules were 
implemented using Warp microcode by Winker on the demonsuatjon Warp system. Later, when the protolype 
Warp machine was available, the modules were reimplemented by Clune using WZ and the external host and the 
Warp array ran parts of the algorithm in parallel. 

Each of the modules that were implemented on the Warp machine will be now described and their performance 
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will be given. 

43.2.1 Image Pyramid Generation 
The image pyramid consisted of seven levels, starting with a 512x512 image and ending with an 8 x 8  image. 

Areas of 2 x  2 pixels were replaced by one pixel in the next level of the pyramid. The new pixel value in a lower 
resolution image was computed by averaging over a window in the higher resolution image. The simplest averaging 
was to take a 2 x 2  pixel area and average it to one pixel. The initial implementation on the Warp array used 
overlapping 4 x4  windows, which gave slightly beuer results than 2 x 2  windows. 

The pyramid generation algorithm was implemented in Wl in a systolic scheme, as suggested by Kung for 
convolution-type algorithms [71. The algorithm accumulated sixteen pixels in a 4 x4  window and then normalized 
to produce one reduced pixel value. This was mapped onto the Warp array as nine modules. with the fmt eight each 
adding two new pixel values to the accumulated padat sum. and the ninth module normalizing the result. The 
second, fourth and sixth module also stored the pratial results until the neceSSafy pixels from the next row 
underlying the 4 x 4  window had arrived at the module. The new data and the partial results were then sent together 
to the next module. 

A simpler sequential algorithm (with non-overlaping reduction windows) took about one second on a Vd80. 
Nine. Warp cells provided a speed-up of 14, which was relatively small. The implementation of the pyramid 
generation algorithm was communication intensive: it used the adder effectively only half of the time (in every other 
row). It did not use the multipliers at all (except for a normalization). Each Warp cell was used as a 2.5 h a O P S  
machine, for 25 MFLOF'S from the may. This explains the relatively small speed-up of the pyramid generation 
algorithm. Adding more cells would not increase the speed since this would not reduce the communication 
requirement 

This module was later reimplemented as a C prom to run on the cluster processors. since very little 
computation was done here. This made it possible to do the two pyramid generations in parallel using the two 
cluster processors. In this implementation ncm-overlapping 2 x 2  windows were used instead of the overlapping 
4 x4  windows in the implementation on the Warp machine, to simplify the computation. 

43.2.2 Interest Operator 
FIDO detected features with an interest operator, which was designed to detect poinu that could be localized well 

in different images (for example comers). Such points had image intensities that changed rapidly in all directions. 
The interest operator took squared pixel differences in the 3x3 neighborhood amund the point [3,14]. The output 
of the operator was the minimum of the squared differences in the v&al. horizontal, and both diagonal directions. 
The interest values wem locally maximized in one hundred subimages that were arranged in a IO?< IO grid. The 
maxima of all subimages were stored in a list ordered by decreasing interest values. This gave a set of point 
features, distributed across the image, which could be localized in o t k  images. 

Only the fust part of this algorithm, accumulating squared pixel diffeEnces in all four directions for every pixel, 
was implemented in W1 on the Warp anay. In the demonstration system, the processing stopped here. Later. we 
implemented the minimization. maximization, and list formation on the cluster output processor. 

The interest operator did not offer a good partitioning into modules with similar timings. We thus did not try to 
implement it in a systolic scheme, as was described for the pyramid generation algorithm in the previous section. 
Instead, we used the inputparlitlioning model [lo] where data was divided into quaUy sized pans. In this scheme, 
each cell performed the complete algorithm on a portion of the data. An mxn image was divided into c vertical 
stripes to be processed on c different cells. For the interest operator, the stripes had to overlap by four pixels, due to 
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the width of the operator window. Thus, every cell ran on m. (:1+4) pixels. The systolic communication facililies 

were then used l i e  a “bus”: each cell received data from the previous cell and Sent it to the next cell. The host sent 
the data inierleaved such thar each cell could use every #‘pixel for itself. At the beginning of every new iteration, c 
new pixels were sent ovet the “bus.” The offset between programs that ran on neighboring cells was two cycles 
such that each cell started a new iteration exactly when a new pixel arrived 

The sequential algorithm ran in about 2.65 seconds on a Vax/780. Ten Warp cells provided a speed-up of 26.5. 
The adder was the most used resource of the interest operator. It was used in forty out of sixty-five cycles of the 
innermost loop. The multiplier was barely used (four multiplications in sixty-five cycles). The algorithm thus used 
each cell as a 3.4 MFLOP machine. The addition of more cells would greatly improve the speed. In the descrjbed 
implementation, each cell needed a new pixel every sixty-five cycles. Thus, maximally sixty-five cells could have 
been used in parallel before the interm operator had become UO limited. 

432.3 Image Pyramid Correlation 
For a given pair of images and a given list of point features in one image, the correlation algorithm found the 

corresponding point features in the other image. The search for the most likely correspondence was performed on 
the image pyramids. starting at the lowest resolution (8x8) image. At each level, a 4x4 template around the 
interesting point was correlated with an 8x8 search area in h e  other image at the same resolution. The best 
matching position of the template in the search area detamined the position of the search area in the next highet 
resolution image in the pyramid [ 121. 

A pseudo-normalized correlation was used, as given by this formula [31: 

where ti denotes the template element at position (i J ] ,  and Ii+,,*m 
image. 

nom pix at position (i+l,  j + m )  in the 

In the WI version of the algorithm, the Warp machine found the positions of all features for one given pyramid 
level at a time. First, templates for all pyramid levels wefe sent. The cells stored the templates and computed their 
means and variances. Then the search areas of each level were given to the Warp array in the Same sequence as the 
templates. The cells correlated the m t  template with h e  current search area and Sent the conelation results for 
every template position to the oulput cluster. The cluster proceswr then found the best p i t i o n  of each template 
within its search window and determined the search areas for the next higher resolution. The process WBS repeated 
for all of the images in the pyramid [3]. 

The correlation algorithm was implemented in a systolic programming scheme, just as in the pyramid generation 
algorithm. It was designed as nine modules. Each of the f a  eight modules covered two template elements. The 
algorithm was designed so that initially, each module received the template elements and stored the respective 
template elements of each template. The mean and the variance of al l  templates were computed and stored in the 
ninth module. Then. in the correlation phase, each module got the pixels of the search areas and the partial sums S,, 
S2, and S, from its left neighbor and updated the partial sums before it Sent them to its right neighbor with the next 
pair of pixels. As in the case of data pyramid generation, the second, founh and sixth module stored the derived 
partial results until the pixels of the next row, underlying the c m t  window position, arrived. The ninth module 
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combined the partial sums and the mean and variance of the current template into a correlation value that dcnoted 
how well the template fiued the data in the search area at the current position. 

The sequential algorithm took about 2.3 seconds on a Vax 780. Nine cells provided a speed-up factor of 
seventy-eight. This was a much higher speed-up than that achieved by the pyramid generation algorithm and Ihe 
interest operator because the multiplier was used in every cycle and the adder was used in every other cycle. Each 
cell thus ran here as 7.5 MFIBP a machine. The communication facilities were also used in every other cycle. 
Therefore, the correlation algorithm was a fairly well balanced algorithm. The maximum speed-up would have been 
reached if eighteen cells had been used (due m communication requirements). 

This module was originally written as a systolic program, but could not be reimplemented in “2 in this way 
bocause the prototype W2 compiler allowed only homogeneous code. Instead, it was implemented using input 
partitioning, like the interest operator. 

43.3 Performance of the Vision Modules 
The reimplementation of FIDO led to a total system time for one step of 4.8 m d s ,  which was a large speedup 

over the original time, but still relatively small compared to the time that had been achieved by lhat time on a Sun 3 
alone (8.5 seconds). In this section we wil l  analyze the pxfonnance of the FIDO system on the Warp machine. 

Most interesting was the pyramid generation module on the Warp machine. It actually took longer to run on the 
Warp machine than on the Sun alone. This was because the data flow between the clusters and the Warp machine 
was unbalanced. Time consuming manipulations were required m order the data correctly for the Warp machine in 
this implementation, but the actual pyramid generation on the Warp array was not computationally intensive. The 
array was virtually starved for data. 'Ibis was a case where the ordering cf data was IOO complex for the Warp 
machine (specifically the clusters). A m m  effcient implementation would be for the cluster processors to scnd the 
pixels in the order that they were stored in memory so that data could flow rapidly into the array. and the Warp array 
could reorder the data. 

The interest operator and d a t i o n  functions did not perform at Ihe predicted speeaS on the prototype machine, 
although they were faster than the comparable Sun functions. If the startup times on the Warp machine were 
subtracted (the stamp time was much lower on the production Warp machine), then the actual times were close to 
the predicted times. 

The interest operator required about 0.1 seconds of Warp array processing time for the ten cell implementation 
compared with a one m n d  Sun 3 time. Additional time was spent starting the Warp array (about 2.5 milliseconds). 
However, most of the time was spent in post processing. After the interest o p m r  was run, the cluster processors 
sorted and selected the resulting data. This was about 28% slower than the Sun 3 processor. because of a slower 
clock rate. 

The correlation function had less than a factor of three speedup, compared to a Sun 3 alone. As with the interest 
operator, the time required for the correlation function on the Warp array was small. However the time spent 
processing data For the Warp array on the cluster processors dominated the total execution time. This time included 
the following: 

Startup overhead of 25 ms. In one step, correlation was called seven times, for a total overhead of 
approximately 0.2 seconds. 
Rearranging dam for the Warp machine. Complex addrasing was needed to send the image patches 
from the different pyramid levels to the Warp machine. 
Fixed loop function of the W2 compiler. A rxed number of f e a w  must be processed in every 
correlation, in our case tifty. although the average number of features in a correlation was 
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approximately twentydve. 

Work on FIDO stopped in 1987. The move from Temegator to NAVL,AB, with its ERIM h e r  range scanner, 
ended i t  FIDO’s stereo vision was not as reliable, and could not be made significantly faster. than the ERIM 
m n w .  Whie FIDO could locate a small number of “feature points” in a few seconds of Warp machine time, the 
ERIM scanner provides a dense three-dimensional array of points in one-half second scanning time and a few 
seconds of processing. Momver, ERIM worked much more reliably than FIDO-it could even be used at night, 
and FIw’s interest operator, designed to look for objezt comes in indoor images, neva performed very well 
outdoors; it was confused by image clutter, such as leaves, in outdoor images. 

4ASCARF 
SCARF (Supervised Classification Applied to Road-Following) is a road-following navigation system used to 

drive the Navlab. The system labels every pixel in an image as road CB off-road depending on how well the color of 
the pixel matches mad and off-road colors from previous image& The road location is determined by matching an 
ideal road shape model with the labeled image dah This lmtion is then used to update the stored mad and 
off-road colors and to steer the robot vehicle. This system has evolved over a perid of four years and is still being 
used as a research tml today. 

SCARF has had several implementations on the Warp machine. ’Ihe first of these implementations was written in 
W2 and Apply on the prototype Warp machine. This implementation showed only a factor of two speedup over the 
Sun 3 version of the cock. Later versions of SCARF were implemented on the production machine. We used the 
Warp machine to process two larger images rather than the one smaller image of the prototype implementation. In 
this case we saw a speedup of six over the Sun 3 implementation. The fastest SCARF system had a total one second 
Warp machine time and a total time of three seconds counting all the overhead including vehicle conml. Compared 
to a Sun 3 implementation, the speedup was thirty for the Warp machine time or ten counting all overheads. 

In the next section, we will describe the SCARFalgoriihm in more. detail. Then we will show equations for each 
SCARF module that was implemented on the Warp machine and describe their implementation. Finally, we will 
discuss how the later SCARF implementations were derived from the fust and discuss in general terms the timing of 
the sysfems. 

4.4.1 SCARF Algorithm 
The program flow and data transfer between the different SCARF modules are shown in Figure 4.2. SCARF 

starts with (480x512) RGB images from the color camera. The Image fyrumid Generutor creates an image 
pyramid for each of the RGB input images. The Temrre Opemfor takes the blue image pyramid and creates an 
image corresponding to the texture seen in the scene. ’Ik texture image and the smallest level of the RGB pymnid. 
the RGB Images, are sent to the Clarsifier. The Clussifie? compares the color of each pixel in the image with 
remembered mad and off-& color described by the Color Madel. Each color pixel is assigned a value in the 
f robabiliry Image represenring the liielihood that the pixel is a road pixel. This image is used as voting weights by 
the Road Hough module. Each pixel votes, using its assigned probability, for all of the possible mxh that contain 
that pixel. ?he Rood fucutkm wiih the largest accumulated vote. is selected as the kst road. The resulting Road 
Location is used by the Color Model Generator to label pixels in the image as road and off-&. ?he labeled pixels 
are hen used to formulate new road and off-road colors models. Thc Road Location is also used to generate motion 
commands for the vehicle. 
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4.4.2 Implementation of SCARF on the Warp machine 
SCARF has been implemented on the protorype Warp system BF well 85 the production machine. In the initial 

system. four modules were picked for implementation on the Warp machine: the Texture Operator, the Classifier, 
the Road Hough, and the Color Model Generalor. ?he modules were initially implemented by Crisman and Webb 
for the prototype machine. Later, Chen and Crjman implemented a different version of SCARF on the production 
machine. This version was more cornputationally expensive than the original system. A fd SCARF system was 
implemented by Crisman. It had only one module to process the entire SCARF algorithm. 

The next sections will describe each module that was implemented in more detail The general equations will be 
given and a brief overview of how the algorithms were divided among the Warp cells. Finally we will discuss how 
these modules were combined to form the SCARF system and give overviews of their performance. 
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4.4.2.1 Texture Operator 
The Texture Operator consists of two Robens’ edge operators and a T e r n e  Detminalion operator. The fmt 

Roberts’ operator is run over the 120x 128 blue image to form a lu)x 128 Fine Edge Image. The second Robens’ 
operator is run over the 30x32 image to form the 30x32 Cwrse  Edge Image. A Roberts operator computes an 
edge value by looking at the input image, in, values around the edge pixel location. Therefore edge value at row i 
and column j is calculated by 

edge[iJ[fl= lin[flb] - i n [ i + l l ~ + l l l  + l i n [ i + l l ~ l -  in[rl[i+lll. 

The final phase of the Textwe Operator is the T e r n e  Determination operator. It fmt creates a Fine Texture 
Image and then counis the tine texture pixels in a region to form the smaller, output T e r n e  Image. The Fine 
Texture Image is computed from the Fine Edge Image, the Coarse Edge Image, and the Average Image. The 
Average Image is the a x 6 4  i n p t  blue image. The pixel located at row i and column j of Fine Texrure Image is 
calculated by 

THRESHOLD is a thresholdmg function that oupuis a 1 if its argument is greatec than a particular threshold value 
and 0 otherwise. The constant uA.2 is a weighting value; it was set heuristically. The purpose of the Fine Texhue 
Image was to locate texture in the input image that was independent of brightness and scale. 

f i - teuure[ i l r j i  = THRESHOLD (fne-edge[il[n I (a cwrse-edge[i/4l[i/41+ (1-a) a v c r a g e [ ~ l [ i / Z l ) ) .  

The implementation on the Warp machine used three different modules, ihe firsr two of which were Roberts edge 
operators and the third was a combination of the Texhue Deteenninarion operator. Although the algorithm was the 
same for the edge operators, they needed to be implemented separately since the input images were different sizes. 

The edge opemtos were written in Apply and the last module was implemented in W2. me input images were 
divided column-wise among the cells. To speed up the processing time, the loops were unwound and each pixel of 
the output T u w e  Imge was calculated immediately after tk calculation of the corresponding 4 x4 block of the 
Fine Texfure Inrage. Therefore therr: were 16 explicit equations in the W2 cade for each of the fine texture pixels in 
the block, each of which was followed by a counter keeping track of the sum. 

4.4.2.2 Classifier 
The classification module of SCARF uses a Bayesian classification technique to determine the Likelihood that 

each pixel is a mad pixel by matching pixel colors with remembered road class colors. A Bayesian classifiw takes a 
ddimensional measurement vector, x, and chooses the best class label, wp from a set of K classes, using a 
previously computed. class conditional probability, P(xlwj), for each class [4, Section 2.81. For our case x = [Red 
Green Blue TexturelT. We assume that the c h s  condiiionnl probability can be modeled by a Gaussian distribution 
and therefore, is totally specified by (mpCj.”;.]. the mean color and texture, the covariance manix describing the 
relationship between the mlom and textwe, and the number of samples in class wi. This classifier can be shown to 
be equivalent to picking the class that maximizes the following l i l i h d  

X j = ~ ( ~ j / ~ - ~ ~ n ( 2 n ) -  lnIn(lcjl)-  ~~(x-rn~)*c;’(x-m,) 
where each pixel provides a four dimensional measurement vector (d = 4).  To get the Probobi/iry Image value the 
exponential function is applied to the maximum l i l i iood value, ?he sign is negated if the maximum class is an 
off-road class. 

?his module was implemented in W2 by once again dividing the input 30x32 RGB Images and Texture Image 
into column stripes. The input statistical color models were duplicated on each cell. Notice that the fmt chree terms 
of the likelihood calculation can be computed only o m  for each class rather than once for each pixel and was 
passed as input into the Warp array. To get the desired probability measure, an exponential function is needed. An 
approximation to an exponential was implemented on the Warp cells. 
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4.433 Road Hougb 
?his SCARF module searches through all possible road intapretations for the mad having the greatest 

accumulated probability based on the ProbaMiily Image from the Ck@er. We asmvne the. road is locally nearly 
straight, and can be parameterized using (v. 0) where. v is the column where the center of the mad intercepts with rhe 
vanishing row m the image and where 6 is the angle difIcrence fromperpendicular where thecenter line lis (see 
Figure 4.3.) 'Ihese two parameters are the. axes of an accumulator space used for mU&g vwes. Each pixel in the 
probability image v o m  for all the roads that contain that pixel by adding its pmbabiliry to the pmperpositiws in the 
accumulanw. For each angle 6,. a given pixel locatioa (r. c) will vote for B set of vanishing p i n t s  lying between vs 
and v1 given from the equations belm 

v,=c+(r-horiz)tan &(W/l)(r-horiZ) 

v,=c+(r-horiz)tan Bc(w/l)(r-horiz). 
where honz k the horizon row in the image, w is the road width at the. buom of the image, and 1 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. 

I V 

Figrac4.3: Road Hough 

This module was implemented by disaiburing thc input Probrrbility I m g e  mIumn-wiSe among the cells. There 
was no overlap of the input between ceUs. Howeva, a complete Hough space was calculated on each cell. To get 
the omput Hough, the individual cell's Hwgh spaces m a d d e d  as h e  wrplt Hough Space was passed through the 
m y .  
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4.42.4 Color Model Generator 
ilks function calculates the road and off-mad color models after each image is processed so that the system can 

adapt to changing illumination conditions. The texture model is not adapted and therefore is not computed after 
each image l i e  the color model. The mad and off-road color models m modifKd in three steps. First a set of 
pixels in the current image is c h m  as road and off-road training sets. Next the mining sets are subdivided into 
classes using an ISODATA clustering algorithm. Finally, the new sradstical color models are calculated for each 
class. 

Host I Warp 
I RGB Images Road Locat ion 

1 
I n i t i a l  Class Image I 

I n i t i a l  Class I 
I 

I I 
I 

Calculate I Mean, Covariance 

I 

I' u 
IN, m l  I 

I 

Image J - I 

Figure 4.4 Implementation of ISODATA Clustering on the Warp Machine 

The ISODATA clustering algorithm was implemented by a pau W2 modules; the Sample module and the Adjust 
module as shown in Figure 4.4. It started with a Clars Image generated on the external host and the input RGB 
Images. This pair was called several times before the new color models were formed. After the last iteration, the 
S m p k  was executed one last time to generate the sums required for the final color models to be calculated. 

The Sample Module computed sums of pixel values from a labeled input training set 'Ihe labels for each image 



ANNUAL. REPORT AUGUST 1990 70 

pixel were stored in the input C h s  Image which either labeled each pixel as one of the road or off-road classes. or 
as unknown. It also read the RGB Images. From this it accumulated the sums. sumi. and the squared sums, sumj of 
the red. green, and blue pixel value for each class wi. It also counted the total number of samples per labeled class, 
N,. Color values were calculated for each class using samples labeled from the Class Image. From this information. 
the mean color of each road and off-road classes were calculated by an external host routine. 

2 

The Adjust Module adjusted the Class Ima8e by using the current mean colm road and off-mold classes. It read 
the mean class colors from the external host, the old CZars Image. and the input RGB Images. A n y  pixel that was 
labeled as unknown in the old Class [mugs remained labeled as unknown. If the pixel was labeled as one of the mad 
classes, then the pixel color (horn the input color images) was compared with each of the road mean colors. The 
pixel was then re-labeled as the class whose mean color most closely marched the pixel color value. Similarly, if the 
pixel was labeled as off-road in the Class Image. then the new Class I m g e  label was determined by the class whose 
color mean value was closest to the original pixel data. This module wrote a new Class Image. 

The Sample module was implemented in WZ by dividing theRGB Images and the Chrs Image evenly among the 
cells. Each cell calculated its own partial sum of the color values for each class, partial sum of the color values 
squared, and number pixels with each label. The resulting sums were accumulated as the values were passed out of 
the Warp array and to the external host. The host then calculated the statistical color models using this values by the 
standard stalistical equations for mean and covariance. The new mean values were then passed into the Adjust 
model. 

?he Adjust module was implemented in WZ by also dividing the input C1as.s Image and RGB Images evenly 
column-wise among the cells. The mean values were copied to a l l  of the cells. Therefore each cell produced a 
column sh ip  of the output Class Image. 

4.4.3 Performance of SCARF Implementations 
SCARF was picked for implementation on the prcmype Warp machine in January of 1987. At that time, the 

system was already implemented on a Sun 3 and was mess ing  images in about thirty seconds per image. During 
the time that WZ code was implemented, the C code was optimized. giving a final Sun 3 time of about twenty 
szconds. 

The fmt implementation of SCARF used the prototyp Warp machine and was completed in March of 1987. 
This implementation used only eight of the ten available ceUs so that the column data could be distributed evenly 
among the cells to simpliy the implementation. Initially, the moddm were implemented as described above. 
However, the time for downloading microcode to the Warp cells and the time required for passing data to and from 
the cells prevented any speed up of the implementation on the Warp machine over the Sun 3 implementation. This 
implcmentation required about fourteen downloads of Warp microcode and image data 

To improve the processing speed, the microcode for individual modules were linked together forming lhree 
microcode blocks. As a result, the microcode was downloaded only three times per image. To improve this rate. we 
implemented the two Roberts operators in W2 to reduce the size of the micmcde required for these modulcs. At 
this time, Ihe microcode could be Linked into two separate sections and then required only two downloads per image. 

We also noticed that we were passing in input image data te@y to the Warp array. By locking the Warp 
machine so that no other users could access the machine, and declaring the repeated input as global data in the same 
position in each W2 module, the input could be loaded once, and then used by different modules without being 
reloaded With this modification we started to see an improvement over the Sun 3 times. 
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We implemented a version of I m g e  Pyramid Generator on the cluster processors. This removed some of thc 
load from the Warp array and had the additional advantage that the data from the frame buffer did not need to be 
copied to the external host before it was msferred to the cluster memory. Instead, the reduction implementation 
read the fm of its inputs directly from the frame buffer and this data was never copied. In order to be as fast as 
possible, however, this implementation only approximared the averaging that was done in the Sun implementation. 

Using microcode linking, m o n  global storage, and by hand optimizing the W2 code, we were able to get the 
system running in about ten seconds per image. This speedup was small, but the results were promising for future 
implementations on the production Warp machine. 

The next implementation of SCARF was more computationally expensive than the original version. It used two 
color camera inputs rather than the original one camem. It also classified 60x64 images rather than the original 
30x32 images. The image pyramid generator now had twice as much data to process, and the classifier and the 
color model update had four limes as much data since the vectors were now six dimensional rather lhan four as 
before. This implementation ran in about sixty seconds on a Sun 3. 

This new SCARF was implemented on the new production machine by Chen and Crisman. On this machine, we 
had eight times more cell memory for global data and for programs. This machine used DMA for faster YO from 
the external host to the Warp cells. The image data was now divided by rows on the cells rather than by columns. 
This allowed an even division of the 60 rows among ten cells rather than 64 columns divided among eight cells. 

The new machine allowed successhl use of the reverse data path feature where data could be accumulated on one 
data path onto the last cell, then the data could be passed back and copied into the other cells. This then allowed us 
to combine the Sample and Adjwr modules from the Color Model Update into one W2 module. To do this the 
Sample module was m o d i d  so that after all of the sums were passed to the last cell, the last cell would calculate 
Ihe new mean values and pass then back to all of the other cells. Then the Adjwr module can be run without the 
intervcntion of the external host 

The larger memory of this machine also allowed us to store the RGB Imuges in a global memory location and then 
only input this data once per processing step. The inrrease in program memory allowed all of the modules to bc 
linked into one microcode which was only downloaded to the W q  machine once before any image processing 
began. This implementation required about ten seconds per image, which was a speedup of six over the Sun 3 
implements tion. 

The last implementation of SCARF on the Warp machine was completed in September of 1989 on the production 
machine. This version still used 60x64 images; however, it returned to the Miginal one camera version ofthe code. 
The entire SCARF loop was implemented in one W2 function and one function was set up to initialize the whole 
system. The i n i t i a l i n  process read in a 480x512 image and created a 60x64 image in Warp's cell memory. 
The W2 SCARF loop function staned by doing the Color Model Generotor on the resident image in memory. Then 
the new color image was read into the Warp cells and reduced. Next the CZassiJ7er and the Road Hough was applied 
to the input image. Only the resulting road location was passed out of the Warp array. Therefore, the main W2 loop 
function read only the full size color images, and wrote a couple of floating point numbem representing the road 
location in the image, 

This version of SCARF ran in one second of Warp machine time, and a total of three seconds of time which 
include some limited displays and sending motion commands to the robot vehicle. This implementation is 
challenged only by a similar Sun 4/Androx implementation which pocesses lower resolution 30x32 images in 3.5 
seconds. 
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4.5 ALVI” 
ALVINN (Autonomous Land Vehicle in a Neural Network) applied connectionist techniques to the Same problem 

addressed by SCARF, that is, mad following using color images [13]. ?he key difference is that while SCARF was 
“mained” by hand, h p t i n g  standard vision algorithms to the recognition of a road, ALVINN used a neural 
network learning algorithm to automatically leam what image f ea tm were useful to discover the position of the 
mad. 

The development of A L W  on the Warp machine went lhmugh two phases. In the first phase, from 
approximately February through May 1989. a road image g-tm was implemented and u d  to generate training 
images that were fed, togetha with the correct road position, to a standard back Propagation leaming algorithm. 
The back propagation algorithm tan on Warp, off-line; W i n g  runs were done overnight in the lab. After training, 
the learned network was used on NAVLAB to control the vehicle. me network was run on a Sun 3, since 
application of the network. once it was leamed, required relatively little computation). 

This training technique fully exploited the power of the Warp machine; eight hour nuw were used of the Warp 
machine, with approximately threequarters of the time dlrring these runs repre.senting actual Warp machine time. 
Comparable training on a VAX 780 would have taken months. 

Training using this method demonseated the feasibility of using a neural network to control a robt vehicle. But 
the method suffered from a serious problem. Essentially, the process of adapting computer vision tezhniques Io mad 
recognition was replaced by the proces of aaapting complter gaphics techniques to road image generation. This 
“forwar$’ generation problem was easier than the “inverse” rezognition problem, at least for the simple roads in 
the park, but it still required human intervention, so that the generated road images accurately represented the range 
of images that would be presented to NAVLAB. For successful navigation in more. varied environments, the road 
image generation code would have to become more and mme complicated and difkult to program and test. 

To overcome this. training “on the fly” was attempted. starting in June 1989. Road images were taken directly 
from the camera, reduced in size. and presented to the neural netwak togerher with the current driver’s steering 
angle (with the vehicle under human control). A clever technique was used to create many example images from 
one mad image and steering angle. With the Warp machine on NAVLAB, bckpqagation was used to modify the 
neural network weights as the vehicle was driven up the road. 

Remarkably, it was found that with a short sequence of a few tens of images, the netwmk could be trained 
successfully to follow the road. The eight-hour runs on the Warp machine in the lab were replaced by short runs 
driving N A W  for a b u t  Ien minutes. Apparently. the intense training of the network in the long runs was 
unnecessary; in fact, the road following proHem was much easier than it had appeared based on the long runs. 

4.6 Evaluation of the Warp machine on NAVLAB 

software separately. 
We now critically evaluate the Warp machine in light of the NAVLAB expience. We will treat hardware and 

4.6.1 Warp Hardware 
The Warp hardware consists of three components: the Sun host, the external host, and the Warp array itself. 
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4.6.1.1 The Sun Host 
The choice of a Sun as the host of the Warp machine was one of the good early decisions made in the Warp 

project. At the time, the Sun workstation was one of the most powerful general-purpose workstations available; as it 
turned out, Sun continued to lead the feld both in hardware and in software. The NAVLAB group decided to use 
Sun workstations as the h i c  general-purpose computing element on NAVLAB. Since the Warp machine had a 
Sun host  NAVLAB programs could be run on the Warp host whether or not they used the Warp array. This was 
important because of the limited space and power on NAVLAB; having to provide power and space for a 
workstation that cwld only be. used for conmlling Warp programs would have been an exm burden. This is 
demonstrated in fact, by the eventual decision to remove the Warp machine from NAVLAB; this happened largely 
because the NAVLAB group moved to Sun 4 worlrstations. Upgrading the Warp host to a Sun 4 would have 
required extensive changes to the software. Thus, the Warp host would have been unavailable for running the rest of 
NAVLAB software, 

4.6.1.2 The External Host 
The Warp machine’s external host consisu of three MC68020 processors in a VME card cage, together with their 

memories totaling fwrteen megabytes. Two of the processors input and cutput data to the Warp array, through a 
special board called the switch; these processors are called the “cluster” processors. The third processor performs 
auxiliary functions; it is called the “support” processor. The extemal host communicates with the Sun through a 
VME bus repeater. The extemal host card cage also held commercial digitizer boards, which were originally 
Datacube and Later Matrox VIP baards. 

A key early decision was to use a commercially available system that was programmable in C. This decision has 
been validated by the ease of code geoeration by the W 2  compiler for the e x m a l  host input and output routines 
(using a commercially supplied C cornpila) and by the availability of commercial boards for digitization. We had 
to do Me. software development for the basic functionality, and hardware development was limited to the switch 
board. 

Because of the use of indusny-standard processors and busses, the external host was the weakest part of the Warp 
machine. In our early versions of FIDO on the Waq machine, this kept us from realizing full use of the Warp array, 
because of the constraints in mmnging data on the external host 

The decision to include the support processor was questiodle. The support procesor was intended to be used 
for auxiliary functions, such as controlling the digitizer board and possibly controIling the driving functions on 
NAVLAB; as it t d  out, the digitizer boards were wnmlled by the Sun, and NAVLAB driving functions were 
controlled by a separate pmcessor entirely. In fact, the support processor was never used, because of the difficulty 
of programming it and the absence of almost any debugging facility in the extemal host System cost could have 
been reduced by almoa a third by eliminating the support processor, with no loss of functionality. 

Many of the extemal host capabilities were completely unused For example, it was pmsible to use the external 
host to drive an RS232 connection; this connection, a another similar standard interfaze, could have been used to 
control NAVLAB. This was never done, because the N A W  controlling software and hardware was developed 
independently, and because of the difficulty of adapting such an interface to a new computer like the Warp machine. 

Placing the digitizer boards in the extemal host was also quartionable. The intention was to feed data directly 
from the digitizer boards to the Warp machine under control of the cluster or support processors. In fact, the normal 
method was to copy data Fmtn the digitizer baard into the Sun’s memory. and then to subsample the data there and 
pass it to the cluster processor for use in the Warp machine. Only in the most optimiied versions of FIW and 
SCARF did we actually use the suppon processor to take data directly from the digitizer baud. In al l  other systems, 
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the data traveled twice over the VME repeater connecting the external host to the Sun. 

The large memories in the ex& host were rarely used in N A W .  NAVLAB datasets were generally quite 
small, and there was no need for more than a few megabytes of memory. However, the large memories were useful 
in order to maintain compatibility with the Warp machines in the lab, where the large memories were used by other 
programs. When NAVLAB was docked and connected to the Ethernet programs could be rn interchangeably on 
the NAVLAB or the lab Warp machine. 

4.6.1.3 The Warp Cell Array 
The overall strwture of the Warp cell array, a short hear a m y ,  has been validated by our experience on 

NAVLAB. The l i nea r  array was quite capable for the low- to mid-level vision algorithms we intended ro implement 
on it at the start of the projecr as the range of applications increased to include mid-level precessing in SCARF and 
the neural network back propagation algorithm, the same Linear array was usable. The key reason for this was the 
very high I/CJ rate within the array; this allowed us to overcome its limited connectivity. 

?he shon linear m y  also lent itself to dealing with the relatively small darasets (32x32 01 64x64 images) in 
SCARF. Our early applications studies of the Warp machine were oriented towards dealing with standard 256x256 
or 512x512 images. We thought that the increased power of the Warp machine would make it possible for the 
same pmcessing then being done on small images to be done on large images, which would improve the accuracy 
and utility of color vision. As it tmed out, this was not true. No increased vision performance could be obtained 
by using more spatially dense images; the road was a fairly large object in mos of the scene, and where it was small 
(near the horizon), mgnizing it accurately was useless, because of other uncertainties in the system. So we turned 
instead to processing small images with the Warp machine. The short linear array was just as suitable for this as it 
was f a  processing large images; in fact, with small images the relatively small Warp cell memory could be used to 
store previous images and other datasets, as in SCARF. 

The two-way UO pahway within the array was used to allow the computation of a result known to all cells 
entirely within the array; this was used in SCARF and in some implementations of the back propagation algorithm. 
In fact, for many purposes a circular connection (allowing the last cell to communicate directly with the fmt) would 
have been preferable. 

The Warp cell included hardware floating point; this hi l i ly  was one of the main reasons for building the Warp 
machine in the fmt place, and was one of the most expensive features in the Warp machine. The NAVLAE 
application made good use of Warp's floating point hardware. In SCARF, floating point WBS used extensively in the 
calculation of mad statisiics and thei application to color pixel classification; in ALVINN, floating point was 
necessary for a good implementation of the back propagation algorithm. These applications of floating point came 
from outside the Warp project; independently, the NAVLAB group began using statistical methods for color 
classitication, and the neural netwd group required floating point for theii work. Without tlcating point the Warp 
machine would have been far less effective as a tool on NAVLAB. 

4.6.2 Warp Sohware 

software., and Warp cell software (the W2 and Apply compilers). 
As with hardware, we divide the software discussion into three parts: Warp host (Sun) software, external host 
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4.62.1 Warp host 
m e  Warp anay was used as an “anached processor” to the Sun. Datasets were downloaded into the external 

hosL and then the Warp array was called to process them, usually while the Sun waited fi fact, Sun processing 
could go on in parallel, and this was done in mme of the SCARF systems. But generally this feature was not 
exploited because there was little for the Sun to do from the time the image was captured to the time the mad was 
recognized). 

This model WBS extremely useful in the development of software for the Warp machine. It was implemented 
using a mechanism that allowed replaoement cf a subroutine cmll in C by a single subroutine call in the Warp 
software package; the subroutine handled al l  kansfer of data to and from the Warp extemal host, l d n g  the Warp 
machine for exclusive use. and downloading and call of the Warp program. ‘Ibis could happen even if the Sun 
executing the call to the Warp machine was not a Warp hos t  data would be uansferred over the Ethernet to a 
selected Warp host. It is quite likely that the Warp machine would not have been used much at all in real 
applications without such a simple method for accessing the machine. 

However, the attached processcf mode1 implies many overheads. The Sun can become a botlleneck for 
processing. The startup time for the Warp machine can be quite significant. A serial processor, the Sun. must 
prepare datasets for a much more powerful parallel processor, the Wap array. Data structures must be moved from 
the Sun into the external host for processing. All of these overheads wiously affected the performance of the Warp 
machine on NAVLAB. 

For example, images as captured by the Datacube boards were 480x512 in sue. They had to be reduced in size 
for processing. since spatial resolution was not an impottant factor io mad recognilion. This could be done on the 
Sun. in the external host, or on the Warp machine. Existing libraries of software made image reduction on the Sun 
trivial - in fact, transparent to the programmer. Programming the external host (the logical place) to do the reduction 
was diffffiult, and the Warp cell array could do the reduction only if the images were fmt Innsferred from the 
Datacube boards to the external host memory either by the Sun or the external host. Thest W f f s  made image 
reduction usually happen on the Sun, auhough in some SCARF system it was implemented on the external host. 

The Warp machine’s startup time (time to stan up a Warp program with the code already downloaded) was about 
25 ms. This time was not a significant fraction of processing time for 256x256 or 512x512 images; in fact, the 
minimum prwssing time for 512x512 images was about 60 ms, and usually several times longer. But for small, 
32x32 or 6 4 x 6 4  images, this time could be a si@icant fraction of total time, particularly if several Warp 
functions were applied to pmcess the image and recognix the road, as in SCARF. As a result. the programmct had 
to spend a lot of time organizing the Warp functions so they could be executed as the result of a single call, to 
reduce the overhead. We would have been better served had the stamp time been sisnificantly reduced, this could 
have been done by providing special hardware in the Warp machine’s interface unit to allow the Warp machine to 
initialize itself. As it was, the Sun had to issue special commands to do the various stages of initialization. 

Moving data s t ~ ~ h u e s  back and furth from the external host implied considerable programming diffffiulty, since 
many of these structures were embedded in various ways in C programs. This was especially nue for FIN, an old 
program that had been worked on by a number of programmers. AI1 of the data structures had to be “cleaned up” 
before the Warp programming could begin; and the process of cleaning up the data mctures introduced new 
overheads. 

If we had not used the “attached processor” model, we might have taken an “anay-centeaed” view of the Warp 
machine. In this model, the Warp array would have been viewed as the central processing resource, and other 
devices, such as the external host, would have been viewed as supplying data for the Warp machine. We could have 
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attached multiple UO devices, supplying data from different cameras and pehaps the ERIM laser scanner, and 
coordinated the processing through the Warp machine. This model would have quired much more sophisticated 
Warp software: we would have needed an operating system on the Warp array to manage all these resouces. But 
such a model would overcome the other problems discussed in this section. 

4.6.2.2 External hast 
The exlemal host software was designed on the assumption that in NAVLAB speed was of overriding importance, 

code would be. lied together before m h e  (i.e.. runtime downloading OF code was not necessary). and a library 
of compiled code could be built up that was not changed frequently. 

In fact, these assumptions were largely unmK. The W2 compiler made it possible to write new routines and test 
research ideas using the Warp machine, which nmk it much more important to allow rapid testing of new code. 
(The early development of FIDO, with its progmnming of a few routines in micmode by several programmers 
ovec a M o d  of months. much m m  closely matches the model we had in mind when the external host software was 
designed.) The Wicult pogramming environment of the external host, which might have been acceptable if the 
code was not modified much, instead meant that it was reduced to performing M) to and from the Warp array, using 
programs generated by the W2 Compiler. And testing of new Warp routines could be best done using an interactive 
system, which meant that the. extemal host software had to be adapted to allow runtime downloading of code. 

One of the m n s  for the diffiiult programming environment on the wemal host was that control of the 
development of extemal host sofiware was transferred to Camegie Mellon's industrial panners Bt an early stage of 
the project, well before it was wed 'hihis made it difficult to change the software as our applications experience 
grew. The industrial parmers did a competent job of maintaining and extending the extemal host software as it was 
originally designed; but the software would have had to be redesigned extensively to be widely used in NAVLAB. 

The use. of the external host in FIDO shows its capabilities when the programming difficulties are overcome. 
Irregular operations were mapped onto it as parr of pre- and post-pmcessing of data t?om the Warp machine. Also, 
i t  performed memory access-intensive but not compute-intensive unnputations as well as or bet& than the Warp 
array, which could also allow the Warp array to be used for something else in the meantime. 

4.6.2.3 Warp array 
In thiis section we discuss the Warp a m y  software @rimarily the W2 compiler) as seen by the user. This includes 

many design decisions that were essentially forced by the Warp cell hardware, and thus are really hardware issues. 
Distinguishing between W2 issues forced by the hardware and forced by other concems is appoptiate for another 
repon 

W2 made the Warp machine much more programmable than wc expefted. This led to major changes in the 
importance of some parts of the system and made it possible to overcome deficiencies in one area by using another 
instead. For example. we could modify our programs to accommodate a regular data pattern bom the hosf which 
led to higher YO rates, This was important even in the later versions of the host, which had faster pmcessors and 
higher data ram, but which could use DMA, which required a regular address pattern. This flexibility was the main 
reason we were able to observe the predicted performance of FIDO in actual Warp m s .  

W2 is a simple "Pascal-like" language for grogrammers to implement. AU that is required is that the programmer 
understand a very simple model of the machine, i.e. that there are 10 cells in parallel connected by a data path. The 
programmer, however, m u s  decide how to parallelii his programs A W2 function to average a 4x4 window of 
pixels is as follows: 
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procedure reduce 0 ; 
begin 

i n t  r, c, r o w ,  pos; 
float acc; 

for r := 0 to eval(SWATHR0WS-1) do begin 
for c := 0 to eval(NC0LS-1) do begin 

pos := 4*r*IMGCOLS+c*4; 
acc := imgbuf [pos] +imgbuf [pos+ll +imgbuf [pos+2] + 

imgbuf [pos+3] ; 
pos := pos + IMGCOLS: 
acc :- acc+imgbuf[posl+imgbuf[pos+lI+imgbuf[Pos+21+ 

imubuf [DOS+31; 
POS :--pas -i IMGCOLS; 
acc := acc+imabuf[~osl+i1nubuf[~os+ll+imbuf[Dos+21+ 

pos :=-pas t IMGCOLS; 
out[r*NCOLS+cl - pos * 0.0625; 

end; 
end; 

end; 

Before this function is called, the input image to be reduced is divided into row swaths across the cells. 'Pos' 
marks the position in the input image and 'am' accumulates the sum of the pixel values. 

W2 made it possible to experiment with different algorithms, in the wntext of a research system such as FIDO, 
while getting gcmd use of the powerful Warp array. As we programmed more and more of mx) on the production 
Warp machine, programmability was essential, especially as it allowed us to mske use of more complex 
programming models that used the powerful Warp array more and quired less intervention by the relatively weak 
host. 

Apply was used far less in the NAVLAB work than we had hoped. This was partly because of the relatively late 
introduction of Apply into the project: the fmt rme Apply compiler f n  the Warp machine was not running until the 
fall of 1987, one year after the NAVLAB group began wo&ing with the Warp machine. By this time much of the 
programming difficultia Apply addressed had teen overcome by learning on the part of NAVLAB programmers. 
Just as important Apply code tended to be larger than W2 Eode for the same problem. In order to process the 
borders of the image properly, Apply duplicated the inner loop of the image pmcessing function once. leading to a 
doubling of the code size. This was a Serious problem when the user was auempting to keep all code for the entire 
SCARF application, for example. on the machine at the same time. W2 programs were smaller, though no faster 
than the Apply programs. 

Border processing was a problem fm the WZ programs, m, however. The C functions processed borders by 
duplicating rows and columns near the edges of the image. This was hard for the W2 programs to do. It was 
simpler just ta use a constant value (0) for the border of the image. However, this led to spuriously high values of 
edge detectors like Robens near the image border. This sometimes &ected the accuracy of the road image 
processing based on the texture image, 

W2 did not support function calls until quite late in the project. Macro calls were used instead. This led to code 
size problems for transcendental functions, so that approximations were used instead. This often led to less accurate 
results than those used on the Suns. In particular, the classification in the SCARF system was o h  noisier for the 
W2 implementation than for the Sun implementations. 

There were m e  peculiarities in converting data between the external hmt and the Warp array. Because the 
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Warp machine’s primary processing power was in floating point, all images were best processed in this way. The 
interface unit had hardware conversion of 8-bit and 16-bit integers to and from flaahg point, but could not ConvCrt 
32-bit integers. As a result, 32-bit integer images in the external host had to be treated differently from 8- or 16-bit 
integer images. 

Primarily as a result of the fued-size queues, it was impossible to use variablelength for loops in WZ programs 
until the design change that allowed blocking on writing to a full queue, or reading an empty one, was fuUy 
integrated into W2. This meant that image sizes were fixed at compile tim. This increased code size (for example, 
in SCARF there. were three diffexent versions of the Robens operator). 

It was impassible within W to execute a W2 function repeatedly until m e  condition was met, for example 
repeatedly classifying image regions until convergence was achieved. This was a uxuequem of the distributed 
nature of control in the Warp machine. The result of this was that the Warp host was involved in repeatedly calling 
W2 programs and testing for convergence, which signficantly increassd overheads. 

partly as a result of the small datast% used on NAVLAB, and partly as a result of limited hardware support, we 
still needed to use speed tricks to generate Warp code that was significantly faster than the Sun code. For example, 
we had to avoid using division on the Warp machine, especially when doiig integer index calculation for arrays. 

Given the research that was going on in the Warp project while the Warp mxhine was being used in the 
NAVLAB project, it is remarkable that things worked as well as they did. NAVLAB programmers commonly had 
to deal with new features in the W2 compiler, for example, and it is only due to the good support from the compiler 
group lhat they were able to ovacome bugs that were due to idiosyncrasies of the machine. and were extremely 
dimcult to ideniify without experience. 

4.7 Conclusions 

vehicle. Let us try to summarize and draw some conclusions from this experiment 
This report tells the stgr of a unique experiment the installation and use of a parallel supercomputer on a robot 

The Warp machine was useful in the NAVLAB pjecr The programmable floating point capability it 
brought to NAVLAB was unavailable by other means. Key elements of the architecture, such as its 
high UO rate and the shcit linear array, have been validated by the NAVLAB expeaience. The high 
prooessing rate of SCARF could not have been obtained without the Warp machine, and it was the 
presence of the Warp machine on NAVLAB that led to ALVI”. 
Early applications support is essential. The development of FIDo and other visiin applications guided 
the early design of the Warp machine and provided test programs and early demonstrations. Without 
this early work, the Warp machine may never have been used on NAVLAB. 
Continuing soflware. support is essential in a project such as this. It is impossjble for hardware and 
software designers to anticipate all of the issues that will turn up in use of the machine, even if 
applications designers participate early in the project. This is partly because applications can change, 
and partly because swcess in one area can affect others. For example, the Warp machine k a m e  much 
more programmable than we anticipated because of the W2 compiler, which ma& the design of the 
external host partIy obsolete. 

*The “attached processor” model used in the Warp machine is natural and easy to use by the 
progmnmw but it leads only with great difficulty to large Speeaups in programs. Data structures must 
be redesigned, careful anention has to k paia to small details of implementation, and so on. If we want 
to see speedups more than a factor of about ten, we must abandon this model. 
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Chapter 5: Autonomous Navigation of Structured City Roads 

5.1 Introduction 
In 1985, 81.31% of the intercity passenger MIC in the United States - 1,418 billion passenger-milcs - was 

done by private car. This translates into a tremendous mount of h e  spent by drivers engaged in the task of 
visually tracking and driving along a road. As autonomous mad following programs become more competent they 
will be able to take over more and more of the burden of driving -- at fm, in daylight under light traffic conditions, 
then later under more challenging illumination, weather, and traffic conditions. Driving long stretches on open 
freeway, while probably the easiest road following task to automate fust, is only part of the larger domain of 
autonomous road following. The length of the average automobile hip in the United States in 1983 was just 7.9 
miles [21]. In d e r  to liberate people from the tedium of driving, mad following systems will need to be able u) 
follow city streets and maneuver through intersections. keeping track of what lanes are. available for use, and not 
straying into lanes for oncoming M c .  

The gap between this vision of robot chauffeurs whisking people to and from work while they read the morning 
paper and the state of the art in robot road following is wide. While lane following on a freeway has been 
demonstrated at speeds of up to % kmhr [13]. lane following is only one of the capabilitim that an autonomous 
road following system must have. Current systems, while they have achieved fair levels of robusmess in staying on 
the road don’t model the lane smcture of the rod In order to progress toward the ultimate goal of robot 
chauffeurs, m d  following systems need improved capability to keep txack of the lane stfucture of the road (both for 
purposes of lane following and for purposes of planning such as deciding if it is possible to change lanes or pass) 
and improved capability to detect and navigate through intersections. 

Achieving these. capabilities requires frst the ability to robustly detect various road features (painted stripes, 
roadhhoulder boundaries, etc.) under a variety of conditions (changes in lighting, pavement color, etc.). Dealing 
with dserent feature appwranca can best be accomplished through the knowledgebased application of specialized 
segmentation techniqws that work well in specifG caw.  As an example, yellow skips can be located in both sunlit 
and shadowed image regions by thresholding on the pixel hue value. Given a known road geometry, the ability to 
reliably locate road features allows a system to determine the position of the vehicle relative to the road and drive 
the vehicle along the road in its lane. It is also neceSSary to instrument the segmentation techniques so that the 
system can detect when they have failed, and to implement s!rategks for detennining the cause of failure and 
recovering born the. problem. Lane boundaries may shift, requiring a change. in the road model; markings may 
change in appeatance, requiring a change in segmentation technique; or the vehicle may be approaching an 
intersection, requiring changes in sensing shtegy. 

Improvements in intersection navigation capability and the capability to detect and c m w t  for changes in lane 
structure are particularly critical for making pmgms towards systems that can autonomously drive on city streets. 
On the highway, lane structure is relatively fixed, and the vehicle does not have to go around sharp comers or track 
the position of the road across a large intersection. In the city, lane edges hift as right and left turn lanes appear near 
intersections, and a vehicle needs u) be able to maneuver its way through intersections. Intersections cover a large 
area on the ground, creating a need to combine information h m  several images in order to fix the location of the 
vehicle in the intemectian and plan a path through it. 

n e  problem of autonomous road following in an urban environment can be. decomposed into the following 
subproblems: segmentation of the image data to extract road features, modeling of the local road geomemy Cor 
vehicle localization and path planning, and intersection navigation. In the next section we examine repesentative 
existing systems, focusing on their approaches to these subproblems. Afler outlining our approach to these tasks, we 
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present results in robust detection of painted lane markings, fiUing features positions to a model of road geometry, 
and locating road feat- without using a strong a-priori model. We close by discussing our planned extensions VI 

enable the system to navigate through intersections. 

5.2 Previous Work 

5.2.1 VITS (Martin Marietta) 1201 
Segmentation: The road is extracted by thresholding a (red minus blue) image. The basic algorithm 
was extended to include two road classes, SUMY and shaded, whose thresholds were found by sampling 
near the b o r n  of the image (which is assumed to be all road). 
Road model: The system assumes that the ground is W l y  ilat, and projects the boundary of the road 
regions onto the grcund More sophjsticated models of road geometry such as the hill-and-dale or 
zem-banlt algorithm were rejected because of sensitivity to errors in segmentation and matching of 
corresponding points on the road edges, and because they could rmt handle intersections. 

The VITS system was able to achieve fairly impressive performance, driving at up to 20 km/hr. on straight, 
obstacle-free siretches of road. While the paper referenced mentions inmseclion navigation as a criterion for 
selecting a technique for recovering the mad shape, intersection navigation was not implemented. Sacrificing 
general capability fur speed, the restriction to two road cokn classes limits the robusmess of the segmentation. 

5.23 FMC system t111 
Segmentatiio: Regions from an Ohlander-Price style segmentation of an initial image are classified as 
~ n o n - m o d ,  and an optimal bansfom is derived to maximally separate road and non-road pixels. 
Normalized histograms of the transformed mad and non-road pixels are used to generate likelihood 
ratios for each level of the transformed feature, which are then used to classify pixels in succeeding 
images. The lielihood ratios are updated for each image in order to handle changes in mad color and 
lighting. 
Road model: Line segmenu fit to the road region boundaries are tested for continuity with the road 
boundaries from Ihe previous image, consistency with constraints on the angle between successive 
segments w each side, and parallelism between segments separated by the expected road width. 
Intersections: The system examined the road region boundary segments for Lines which might support 
an intersecting road. 

The FMC system was also able to make runs at speed of up to 19 km/hr.,  wid^ an image cycle time of 1.5 seconds. 
As in the VITS system, the m d  is reconstructed from the segmentation rarhea than fitting a road model to the results 
of the segmentation. Speed was a major criteria driving the design of the system. again resulting in a tradeoff 
between robusmess and s p e d  

5.23 MARF (University of Maryland) 1231 
Segmentation: Small windows are placed at the predicted locations of the road edges at the bottom of 
the image. Sotel edge detecting and the Hough transform are used to determine the road edge location 
in the windows. The system then repeats this process, tracking Ute features up through the image. 
Road ModeE Researchers at the University of Maryland investigated a number of algorithms for 
extracting 3-D mad structure from image data. The mast sophisticated algorithm I51 models the road as 
a horizontal segment swept perpendicular to a spine curve. Global optimization of the result is used to 
correct for e m  in local point matching between the road edges. 

The MARF (for MAryland Rood Follower) system was pried to the Martin Marietta ALV and drove Ihe vehicle. 
The algorilhms for recovery of mad shape fmm image data are probably the most significant contributions of this 
work. Recently they have been working on declarative visual search strategies for road following 6 1 .  
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5.2.4 VaMoRs (UniBw Munich) [13] 
Segmentation: Six 4&by48 pixel windows selected from a grey-scale road image are convolved with 

Road model: The system uses the flat earth assumption, and models the lane followed as having 
one of 16 oriented bar masks for edge detection. 

parallel edges with constant separation and locally constant horizontal curvature. 

The VaMoRs system combines custom hardware for image procesSing with an elegant control formulation to 
achieve runs at speeds of up to 96 km/hr. 'The system fits the lane edge pints  to a model of the road geometry rather 
than reconstmcting the rcad boundaries from the segmentation results. The system does not model road structure 
other than the lane bemg followed, and does not handle intersections. The experience of the NAVLAB group at 
CMU with the use of oriented edge trackers [22] suggests that r e l i  on them as the only method of segmentation 
will not be robust under diffmlt shadow conditions, although the Munich researchers claim that they have not 
encountered problems with this. 

52.5 LANELOK (GMR) [SI, 191 
Segmentation: Several segmentation methods were tested. In the 6rst method, edges segments are 
extracted from a rhresholded Sobel edge image, and the edge segments vote in a Hwgh transform for 
right and left lane edges. In the second m e t h d  growing and shrin)cing are applied to the binary edge 
image to thicken the lane boundaries, and region tracing is applied to exbact them. In the third method, 
search areas are. defined around the expected locations of the left and right lane. edges, and template 
correlation is done to find the lane markers. A least-squares fit is done to the optimum correlation 
values to determine the lane edges. These methods have been tested independently, and are not used 
cooperatively. 

having parallel edges sepamted by a constant width. Shifts in the 
lane markers are. detected and c m t e d  for. 
Road Model: The lane is modeled 

LANELoK's algorithms have been tested on more than 3000 frames of videotaped data. The system is designed 
to track lane boundaries in a freeway environment, and appears to work well, if slowly (Ihree secondshrnage on a 
VAX 8MxI for the template correlatiw algorithm, similar times for the Hough algorithm). The system also 
incorp~rates obstacle de@ction. using template correlation to locate other vehicles in the lane. 

52.6 University of Bristol I171 
Segmentation: White lane markings are detected by creating a binary image in which the selected 
pixels correspnd to pixels in the intensity image which are brighter than a threshold value and between 
two "ong intensity gradients of opposite sign sepamted by the expxted lane marking width. Regions 
in the binary image are. exwcted, and shape cues are usBd to eliminate noise regions. 
Road model: The surviving regions are backprojected onto the ground plane, and a parabolic model is 
fit to each candidate region. Dashed lane markings are acoommodated by fitting arcs to all pairs of short 
regions. Minimum separation and constant sqmtion consmints are used to eliminate erroneous 
candidate arcs. and to pmduce a final set of Consistent lane mai-kings. 

From [171 it is unclear how much testing the algorithm h received, but the approach mms sound, and could 
adapt easily to use improved segmentation techniques. 

5.2.7 ARF (CMU) [12] 
Segmentation: The system has two tracking algorithms, a profile d a t i o n  technique and a Sobel 
edge uacka. These a lgo r ihs  are used in tandem to hack roads in aerial images. If the results of the 
two backing methods diverge, then failure analysis rules are invoked to determine the cause of the 
problem (inrersections, changes in road width. changes in surface material, overpasses, occlusion. 
vehicles on the road). and appropriate corrective actions are taken. 
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Road Model: The mad is modeled as locally having a parabolic shape. No interior road smcture is 
modeled. 

The ARF system works in the domain of tracking road networks in aerial images rather than in a vehicle 
navigation domain, hut is included because of the influence of its architecture on the design of YARF (specifically, 
the use of multiple segmentation techniques and explicit failure analysis). 

5.2.8 Sidewalk Il (CMU) [71 
Segmentation: The system uses an earlier version of the color classifdon algorim that is used in 
the SCARF system described below. It can also fuse the colm segmentation with a range image 
segmentation to distinguish between stairs, a tamp, and the surrounding grass slope. 
Road Mod& The. system has a map of the geommy of the system of sidewalks it navigata on. 
IoterseetioaS: Line segmenn fit to the edges of the exu’acted road region are matched with expected 
edges from the map to determine position within an intersection. 

The Sidewalk I1 system was designed to operate in an environment where the segmentation problem would be 
relatively easy, allowing exploration of the higher level issues of route planning and intersection navigation. It 
performed well, W t  at slow speeds, but is limited by its need for a geometric map of the intersections it will 
encounter. 

5.2.9 SCARF (CMU) [41 
Segmentation: An adaptive color classification scheme is used, with four to eight color classes each 
used to model road and non-road areas. 
Road model: m e  system assumes that the road is locally straight, with a known COnSlant width. The 
classifid pixels vote in a Hough scheme to locate the vanishing p i n t  and orientation of the road in the 
image. 
Intersections: Once the main r a d  has been found, the pixels on that road are subtracted h m  the 
Hough space and further peaks corresponding to intersecting paths axe searched for. 

The SCARF system has been one of the most robust and successful of the road following systems developed at 
CMLJ, following the path up Ragstaff Hill under a wide Variety of weather and rc0d conditions. With its Hough 
voting scheme, it is the only one of the systems discussed that has an explicit repsentation of how cenain it is that 
it has found the mad. 

53.10 A L V I ”  (CMU) [151 
Segmentation: A L W “  does not have a fmed segmentation technique. It consists of a three-layer 

Road model: There is no model of the road, other than whatever model is implicitly encoded in the 
backpropagation neural network which is trained on the road to be followed M on simulated data. 

weights learned by the network. 

ALVINN is sui generis. As mentioned above, it does not have a fixed segmentation and evidence combination 
strategy, but learns one from training examples. It performs very well, and has driven the NAYLAB at its top speed 
of 20 MF’H. On the other hand, its lack of any explicit representation makes it hard to evaluate how general a road 
following capability it possesses (for insranre, can it be trained to lane follow in any lane on roads of differing 
widths?) 
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52.11 Analysis 
A I ~  of these systems use a single segmentation technique to locate the road, ma!cing them vulnerable to situations 

in which that technique fails. Binfofd made the same point with tespect to object &tion programs [31. Global 
color classif%ation schemes such as those used in [m]. [18]. and [ll] work well for segmenting the road surface 
from the background, but work less well at detecting painted lane marking because they look only at pixel color and 
fail to consider geometric constraints. Edge detectors have problems with textured areas and shadows, particularly 
mottled shadows from trees. 

There are two classes of techniques used to compensate for mrs made. by the segmentation algorithms. The fm 
is focusing, in which predictions of road feature location are used to h i t  the areas of Ihe image which are examined 
[23], [131. [91. The second is use of global constraints, in which a model of the toad shucture is used to eliminate 

mors in segmentation. A good example of this second approach is the Hough voting scheme used in SCARF, which 
uses the assumptions of constant known road width and a straight road to correctly locate the road even in cases 
where there are many misclassified pixels. 

Few of these systems have any explicit representation of how confident they are that they located Ihe road, 
making it possible for them to "hallucinate" and drive off the road. Only LANELOK (and ARF in the aerial road 
tracking domain) has any mechanism for detecting changes in road structure based on segmentation failures. 
Intersection navigation capabilities of these systems are very limited. 'his is largely because they process one image 
at a time, and real city intersections are. large compared to the field of view of typical cameras. The exception to this 
is the Sidewalk I1 system. which used a sand camera to see amund corners at intersections. 

YARF addresses these problems through the following mechanisms: 
multiple segmenration techniques which are specialized to detect prticular kinds of features or to work 
in particular situations; 
examination of the results of the segmentation techniques and their geometric consistency with a model 
of the IC& siructufe to deteet when the systems fails, when the mad appearance or sh-uctut-e changes. or 
when the vehicle is approaching an intersection: and 
use of a local map ID integrate feature location data and locations where segmentation failures have 
occurred over multiple frames. 

The remaining sections of this chapter describe our current r e m h  in implementing these mechanisms, describing 
Ihe progress we have made since the initial results reported in [lo]. 

5.3 Robust painted stripe detection 
A major component of the pgram of research we described in[lO] was the investigation of specialized 

segmentation techniques to robustly extpdct different types of road features. Our recent experiments in this area have 
concenuated on testing two algorithms, one for detecting yellow snipes using pixel hue, and the other for detecting 
white stripes using an oriented bar detector. These algorithms have been tesred both in open loop mode, where they 
track a stripe as a human drives the vehicle. and in closed loop made, where their results are used to drive the 
vehicle. The implementation of these algorithms is described in detail in [I]. 

Hue appears to be a very stable cue for detecting yellow Saipes under a wide variety of mad and lighting 
conditions. Putting red at zero degrees on the color wheel, pure yellow has a hue of 60 degrees. Histograms of 
yellow stripe pixels in both bright, sunlit images and darker, shadowed images show a peak located at 60 degrees, 
with a width of 30 degrees on either side. Pixels with hues between 30 and 90 degrees are classified as yellow, 
pixels with hues wtside this range are classified as Wground (see figure 5.1). In order to avoid grey pixels g i g  
classified as yellow due to the instability of hue near the intensity axis. we also require. yellow pixels to have a 
saturation of at least 0.1. The algorithm does not explicitly compute Ihe hue of the pixels. Instead, it tests the RGB 
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value against two planes containing the intensity axis which bound the desired section of the color cube. Those 
pixels whose RGB values fall on the mea side of both planes are labeled as yellow pixels, Other pixels are labeled 
as background. The mean row and column of the yellow pixels is rewed as the position of the center of the yellow 
S t i p e .  

Robust detection of white Wipes is done by looking for a bright bar of a specified width at a specified orientation. 
Using an oriented operator red- the effects of noise such as shadows or oil stains on the pavement Searching for 
a bar rather than an edge and blurring along the direction of the bar also improves the robustness of the operator. 
The correlation is done with the Mue band of the color road image. 

Two techniques are used together to achieve a fast correlation. The Iirst is the use of only +I and -1 as weights. 
This speeds up the correlation by reducing the number of additions and subtractions needed. When the mask is 
shifted one pixel to the right, the leftmost pixel previously included in the correlation sum is removed, the new 
rightmost pixel value is added in. and corrations are made for pixels whose weight changes sign when the mask is 
shifted. As an example, if the mask is (-1 -1 -1 1 1 1 -1 -1 -1). only four additiwdsubtractions are needed: one for 
the pixel which shift.; off the left edge of the correlation window, one for the new pixel on the right edge, and one 
each for the two pixels whose weights change sign. 'Ihe second technique used to increase the speed of the 
correlation is using a window which is a parallelogram parallel to either the rows or columns of the image rathcr 
than an oriented rectangle, which speeds up the correlation h u g h  a more regular pattern of pixel access. 

Figures 5.2 shows rhese operators hacking the center double yellow line and the right and left white lines on a 
sunny, well-lit road Figure 5.3 shows them trfcking the center double yellow line and right white line on a road 
covered with mottled shadows from t m s .  While these algorithms do not perform perfectly. they appear to be more 
robust than any of the other techniques we had investigated. Detecting when these operam have failed to find the 
desired feature is simple. In the c ~ s e  of the oriented bar operatar, the correlatiw peak will not differ sulficiently 
from the background IeveL In the cast. of the yellow hue operator, the area of the yellow pixel regions in the window 
is either very small (if there is IYJ yellow shipe) or much larger than the rogd model would predict ( i  the window 
falls onto a grassy region - surprisingly, some grass has a hue very dose to the hue cf yellow shipes). In the next 
section we discuss the combination of the individual measurements of feature positions into an estimate of the local 
road curvature and the position of the vehicle on the road. 

Figure 5.1: Color classification by hue to de(ect yellow seipeS 
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Figure 5 . 2  Yellow hue and white bar operatcas, sunny image 

Figure 5 . 3  Yellow hue and white bar operators, shadowed image 
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5.4 The road model and fitting detected feature locations 
YARF models the road as a generalized sm'pe -- a onedimensional feature cross-section which is swept 

pwpendicular to a spine curve. n e  road in figure 5.2, for example. can be modeled by the following feature 
cross-section: 

a solid white Stripe which starts -358 cm. fmm the spine: 
a lane of pavement which starts -342 cm. tiom the spine: 
a solid double yellow line which s t a m  0 cm from the Spine; 
a lane of pavement which starts 50 cm. from the spine, 
a solid white stripe which starts 403 cm. from the spine: and 
a shoulder which starts 419 cm. from the spine. 

An important design decision is the question of how complex a spine curve should be allowed. Should the road 
model allow for bankhg? Should it assume a l d y  flat ground plane. or allow changes in surface slope? 
Answering these questions requires considering not only how roads behave in the real world, but what kinds of 
models produce algorithms that are computationally tractable and results which are stable in the presense of noise 
and usable for navigation even if they do not reproduce the world with complete fidelity. 

We have chosen to adopt a model similar to that used in the Munich VaMoRs system [13] and work at the 
University of Bristol[17]. The road spine is locally approximated by a circular a. with the road lying in a flat 
ground plane. In order to do a hear least-squares fit, B parabolic agproXimation to a circular arc is made. x = 05 * 
cwwlhue  * + slop * y + laterd-ofset. Such a model allows computationally eficient fitting. and produces 
results on real raads that allow mbust navigation even though the actual mad may not be flat or locally a circular 
arc. The model of the feature ~os5section is used to correct the p i l ion  of the detected points so that they lie 
roughly along the center spine of the road. We add the feature offset to the x cwrdinae given by the parabola 
equation above, which is a small-angle approximation to the proper correction (it assumes that the cosine of the 
angle between the tangent to the road and they axis is apprmCimately me). 

Figure 5.4 shows the fit of the road model describes above to the featw positions detected in figure 5.2. The 
diamonds are the individual feature locations, labeled with the corresponding feature number. The black dots lie 
along the parabolic fit, and the equivalent circular arc spine road model is drawn to show the road features. To give 
an ideaof scale, the tick marks on the lineon the left of thedrawing are spaced two meters apart 

In order to increase the stabiiity of the parameter estimates, we fit the model to the poinu detected over the last 
several frames (typically three to six). Figure 5.5 shows data accumulated ovet a sequence of eight images placed 
into a global coordinate frame. The squares show the individual feature position estimates. IIhe left digit of the 
number by each square is the frame number. while the right digit is the feature number in the cross-section model. 
The asterisks connected by dashed lines show the desired paths fed to the path planner, and the diamonds with lines 
pointing out from them show the estimates of mad centerline position and direction. As can be seen from this 
figure, our camera calibration and the in& navigation data produced by the vehicle are very accurate - the 
points from different images along the hvo lane markers h e  up very well as the vehicle goes through the gentle 
curve. 

We have done some experiments with using robust M-estimahn PI to perform the fit. Standard least squares 
minimizes the square of the residuals of the data values Robust M-estimation minimizes the sum of a function of 
the residuals which falls off more rapidly for large residuals. making the tit less sensitive to outtying dam 
observarions and allowing their detection. So far we do not have results which allow us to decide if this will 
successfully help in the detection of incorrect featm location data 

In !he mode where YARF is following a road between intecwctions, a predict-sgment-fit-move loop is used. 
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Inertial navigation is combined with Ihe estimate of vehicle position from the previous image to p d i c t  feature 
locations in the current image. When started, the system does not have a prediction of where to place trackers to 
locate the road feawes. InitiaIly we had a human operator use a cursor to select pints along one feature to provide 
the system with the initial vehicle position relative to the road. Now we are. experimenting with a technique to 
automatically extract &date road feawes using Sobel edge deledon. Hough transforms, and shared vanishing 
point and global continuity constmints. We describe his algorithm in the next section. 

Figure 5.4 Fit of mad model to detcxted feature positions 

5.5 Bootstrap location of road features 
There are two main techniques to compensate for incurrect segmentation results, the use of prediction to focus 

processing war fames and the use of global consmint. In YARF's road-following mode, focusing is used both to 
reduce computation cost and to reduce e m s  in feature location. In the absence of predictions of feature locations, 
global constraints must be used. 

The features which form a straight road are parallel lines on the ground. which project into the image as lines 
which meet at a m m o n  vanishing p i n t  In order to handle curved rcads, the road is modeled a a sequence of 
straight segments by dividing the image venically into a small n u m b  of horizontal bands and approximating the 
road BS shaight within each band, as Polk and Jain do [14]. In order to redwe the chances of noise in the image 
leading to the selection of a spurious vanishing point in some of the bands, a global optimization is pexformed which 
takes into account both the supprt for a given vanishing point within a band and the continuity of fames between 
bands. 

The Sobel edge detector is run on an image produced by preprocessing an RGB mad image. We have 
experimented with various kinds of preprocessed images, including the red, green. and blue bands of the color 
image, the intensity image correspding to the color image, and the (blue minus red) image. The gradient 
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Figure 5.5 Feature locations in a sequence of eight frames 

magnitudes are thresholded to create a binary image of candidate edge points. Any segmentation technique could he 
used which would give points where there are discontinuities in the image along with an estimate of the orientation 
of the discontinuities. 

Lines in the image are represented by the column where they cross a specified row (in this case, the row which 
contains the horizon), and the angle they make with respect to the rows of the image. Given an edge point (row, coo 
with gradient direction theta, rmd a vanishing point vp, the line orientation voted for is the ta~ i ,  = arctan((rav - 
horiz0R) / (col - wp)). The difference in angle becween the line and the edge gradient estimate is d@% = min(l 
tkluik - theta I, 180 - I themli, - theto I). The vote for the line with vanishing point vp and Orientation theml, 
has weight 1.0 - (waw / 90). In order not to bias the voting against l i s  near Ihe ma of the image, the votes 
for a given line are normalized by the visible length of that line in the image. 

The image is divided into a small number of horizontal bands (four to seven), and voting for the most popular 
vanishing point k done for each band. Once all the edge points have voted for all the linw they could tie on, the 
accumulator array is thresholded. and peaks in the accumulator array are detected. AU the detected peak bins which 
support a given vanishing point are summed 10 give the total support for that vanishing point The top lhree 
candidate vanishing points for each horizontal band in the image compete in a search for the globally best set of 
vanishing points. The criterion function for that search has a term for the strength of support for each vanishing 
point in the set, and a term which rewards continuity of features between adjacent bands in the image. 

As a method for extracting rc0d features, this technique has several advantages. The only calibration required is 
the determination of the horizon row, which can be easily computed fnm an image taken on a straight suetch of 
road. The model of mad appearance used is fairly generic, assuming only that the road consists of features separated 
by constant widths and curving slowly enough that they can be approximated by straight lines within a horizontal 
band of the image. This eliminates the need to train the system separately for each mad it encounters. It extracts as 
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much of the overall lane and road structure as it can detect, rather than just a right and left road edge or mad 
centerline. If given a model of the mad mime so that it could label the varicus features found, it could steer the 
vehicle down a specified lane using a pure pursuit slrategy, once again without having to have any calibration from 
the image to the world other than a single gain parameter. While relatively slow in a d implementation, the 
algorithm has a great deal of parallelism that c d d  be exploited 

Figure 5.6 shows the resuh of the bootstrap algorithm on the. image from figure 5.2 The algorithm successfully 
finds the white stripes on the left and right side of the m d ,  the double yellow line in the middle, and part of the 
shoulder edge. There are a few extraneous edge segments caused by noise, for instance the tree shadow which runs 
parallel to the road. 

This part of the research is still very experimental, and quantitative pfomanoe results are not yet avaihble. 
Also, the issues of the best preprocessing tn apply to the eolor image to ptDduce the single-band image that the Sobel 
is run on, and how to set thresholds used in the algorithm am sti l l  undex investigation. 

So far we have described how YARF fmds the location of the road in an initial image, how it locates individual 
features given a prediction of the road location in subsequent images, and how it combines those new data pints 
into an updated estimate of the vehicle position on the road. Next we discuss our plans to integrate feature locations 
from multiple images into a local map, to reason about detected failures to locate features in order to & w t  changes 
in the road suucture and the approach of intwections, and to use  he integrated local map to navigate through 
intersections. 

Figure 5.6  Line segments exuacted by the vanishing point Hough algorithm 
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5.6 Intersection navigation 
In order to navigate a vehicle through an intersection, an autonomous road following system must detect that the 

vehicle is approaching an intersection, use perception to locate the mds bmnching out from the intersection, and 
plan a path from the current lane thmugh the intersectim into the desired lane of the next road segment to be 
followed. More general intersection navigation capabilities than have been demonstrated in current systems rewire 
the cowdination of pwceptual data from multiple. images into a single local map of the intersection. 

There are several reasons for this. The fmt is that it gives the system a memory - once the system has detected 
an approaching intersection based on the disappwancs of some of the mad features, it does not have to devote 
processing cycles to remake this discovety on the following images. The second reason is that inrersections of city 
streets cover a large area compared to typical camera fields of view. The integration of perception results from 
multiple images (both from the same camera oyer time as the vehicle moves, and from multiple cameras pointing in 
different directions to cover a larger field of view) is necessary in order to create a complete model of the 
intersection's geometry. Part of the NAVLAB project at CMU has been the Creation of utilities to support an 
annotated map for robot navigation [19]. The function of the annotated map is to provide a framework for the 
communication of the results of different perception modules through a shared geometric database. YARF will use 
the annotated map facility to store results from multiple images in a common coordinate system. 

Our fmt experiments will focus on the question of whether the results from multiple images taken by multiple 
cameras can be combined to produce a coherent, accurate map of the scene g-. The coherence of data from 
multiple frames taken by a moving camera (see figure 5.5) is promising. In cur initial experiments we will run the 
road following process with two different cameras at the same time and examine how well the feature positions 
match between the two cameras. 

?he next step is to use local map data to detect the approach of an intersection. The annotated map will be used to 
store information about locations where features were not detected where they were expected. YARF will then 
reason about the missing feature data to &teamine whether the mid model has changed. whether a feature has 
become obscured, whether a different segmenratiw technique should be switched to because of a change in feature 
appearance, OT whether the vehicle is approaching an intersection. 

After YARF has the capability to detect that the vehicle is approaching an interntion, the final step is to create 
perception strategies for locating the rmds branching out of the intersection. Rather than assume complete 
knowledge of the intersection p m e b y  as the Sidewalk II system did, YARF will assume only knowledge of the 
feature cross-sections of the roads which meet at the intersection. The current plan is to use a feed-forward tracking 
strategy Similar to that used by MAFW to follow mad features around comers and through the intersection, using the 
feature crnss-=tion models to predict feature locations once an initial estimate of a road W h ' s  location is 
available. YARF will use multiple cameras to cover a wider field of view. using calibration information to track 
features across the overlapping fields of view. 

5.7 Conclusion 
The YARF project has made substantial progress since we reported our fmt results. We have gone from an initial 

"pot-luck" mllection of segmentation techniqm to focused research into robust techniques to track different types 
of mad feature, We have implemented routines to fit individual estimates of mad feature locations to models of 
generalized stripe mads whose s p i w  are locally apptuximately circular arcs, and are investigating issues of filtering 
and the use of robust estimation IO improve reliability. We have made preliminary experiments in the initial 
location of road featum using Hough line detection techniques and shared vanishing point mshaints. We have a 
plan of research to add intersection navigation capabilities into the system. YARF has driven the NAVLAB at 
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speeds of up to 675 MPH on a public mad running through a golf course near campus, and we expect speed 
improvements from the use of multiple processors. 

Other research within lhe NAVLAB project at CMU has focused on planning in the domain of driving in u;llfiC 

on city streets, using a simulator (PHAROS) to provide the input of the sysWn [16]. As the YARF project 
p r o g e w ,  it will provide some of the perceptual capabilities needed to transfer results from the research using the 
PHAROS simulator into the real world It provides an open ended architectllre which improved segmentation 
techniques can easily be plugged into to improve system performance. 
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