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Spirit of Berlinis a conventional vehicle modified for drive-byreviusing commercial technol-
ogy available for handicapped drivers. For globadlerarea navigation, the car relies on a
GPS/IMU system that provides 1 meter, or betterpasitioning accuracy. The car adjusts its
driving behaviour using local information: lane kiags are detected using video cameras; ob-
stacles are sensed using a frontal long-range fipbaser scanner, and a secondary scanner
mounted in the back of the car. Information frora lser sensors is used to provide a correction
for GPS positioning using patrticle filter scan-nidg, a discrete form of the Kalman filter. We
have also developed a novel low-cost 3D laser srahiat uses two SICK single-beam scanners
rotating around a vertical axis.

Our system isean— it integrates industrial quality moderate-castsors and actors. The soft-
ware isrobustbecause our robotics framework is checking pre&sessntinually. The control
hardware habuilt-in redundancy Sensor fusion is performed by the software. Heylel behav-
iour control is realized by a planner which compgubgtimal paths, specially around obstacles.
Reactive control components guarantee that thearareact safely to unexpected situations. A
simulator allows testing and development of ada&ptentrollers using machine learning meth-
ods.

Team Berlin is a joint team of researchers andestisdfrom Freie Universitat Berlin, Rice Uni-
versity, and the Fraunhofer Society (Institute Ifdelligent Analysis and Information Systems).
The team leader, Prof. Javier Rojo, is a facultynimer at Rice. Our second team leader, Prof.
Raul Rojas, is a faculty member at Freie Univer8gklin and visiting professor at Rice Univer-
sity. The rest of the team is composed of gradaateundergraduate students from FU Berlin,
Rice University, as well as researchers from tlaifhofer Society in Sankt Augustin, Germany.
Team Berlin started in 2006 following a three mowiit of some of our team members to Stan-
ford University. We worked in the group of Prof.b&stian Thrun, winner of the Grand Chal-
lenge 2005 [Thrun 05], where we had the privileg@itnessing the birth of Stanford’s entry to
the Urban Grand Challenge. The members of the @trtiéam were very helpful and gracious
in providing information and technical papers thiadvided the motivation for our own team.

At Freie Universitat Berlin we have been buildingaomous robots since 1998 [Behnke 00].
Over the years, we have built several generatiomsabile machines which take part in the an-
nual RoboCup (robotic soccer) competitions. Oumtemon the World Championship in the
small-size league twice, and won second placeamtiudle-size league once. We dominated the
European competitions over several years, winriegguropean championship five times.

In 2006, encouraged by our success with fast antons robots equipped with computer vi-
sion [Hundelshausen 01], we decided to start lgldarger robots. Our decision to enter
DARPA'’s Urban Challenge was based on a consideratidhe areas in which autonomous ro-
bots could play a role in the not so distant futig coincidence, the Berlin police department
approached us, at about the same time, askingdes/gdop a security robot for large warehouses
and enclosed areas (such as airports). We proposddvelop and autonomous car and seed
funding from FU Berlin was granted for the projetihe system had to be lean and the total cost

Team Berlin Spirit of Berliin autonomous car for the DARPA Urban Challenge 2



had to be kept under a restrictive ceiling, so thatautonomous car could be deployed in the
near future. Sensors inaccuracies would have tbaterbalanced using sensor fusion and sta-
tistical methods.

In October of 2006, a Dodge Caravan was purchaleel.car had been modified so that a
handicapped person could drive using a linear lémebrake and gas (the lever controls all in-
termediate steps between full braking and full bre¢ion), and a small wheel for steering the
front wheels. Other car’'s components are contrdledugh a small touch-sensitive panel. Elec-
tronic Mobility Controls (EMC) in Louisiana installi additional electronics so that the car can
now be controlled using a computer connected taiapeonverters. EMC also installed the in-
terface for the E-Stop-Signal. The car was shidpama Houston to Berlin where the bulk of the
hardware and software development has been dorecdhwas shipped back to Houston on
May 18, where development at Rice University cargm

Per DARPA specifications the Urban Challenge cassisdriving a car, autonomously, in a
city environment whose street network has beernucegtin a sparse graph of GPS points. Four-
way crossings, static, and dynamic obstacles &sept. Stop signs have to be respected, as well
as precedence traffic rules. The car should be tabteke an alternative route when a street is
closed, doing a U-turn if necessary, and shouldhle to navigate and park in unstructured park-
ing lots. It is not necessary to recognize traffghts or traffic signs, nor pedestrians. These
specifications simplify the driving challenge, whjmevertheless remains formidable since 60
miles have to be covered under stringent time §mit

choosing  Selecting the robotic platform was the first desiggue confronted by our team. Many new car

arobot models already allow controlling accelerating, lmgk and steering via CAN bus commands.
However, most of this information is proprietarydahe companies we approached (for example
Volkswagen) charge in excess of $150,000 for aedbiy-wire vehicle. To reduce the cost, tak-
ing advantage of available technology, we decidetbok at vehicles for the handicapped. The
technology and necessary actuators have been laleaita almost 35 years. It is a mature seg-
ment of the car industry offering vehicles whicm alrive for thousands of miles without hard-
ware errors. We bought the car in October of 2a#6$25,000. It is a Dodge Grand Caravan
modified for drive-by-wire by EMC. The company algmvides an interface for computer con-
trol of the EMC electronics. We have not had alsirmgoblem with the car’s actuators or com-
puter commands. The robotic platform is stableratieble.

Having a vehicle that obeys computer commandse(acting, braking, steering, as well as

controlling lights and other elements of the calyss just one aspect of the hardware problem.
The next major issue is providing enough energyafiditional sensors and control computers.
The sensors provide the perception of the environwvehich is then used by the computers to
produce the necessary control commands.

P #
cectronic 1. 1 shows the vehicle’s control and power systéhe drive-by-wire actuators are operated
control by an embedded computer with three kinds of interfenannels: a) an analog input connection

is used for steering and a separate one for aetielgror braking; b) a serial input connector
accepts commands for changing gears, controlliagén’s lights, and other secondary functions;
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c) a CAN-bus interface is used to retrieve reaktinformation about the car’s speed, the current
position of the steering wheel, and other data.tidde interfaces are connected to modules that
provide an Ethernet interface to the control-coramite.g. Ethernet-to-Serial, Ethernet-to-CAN
and Ethernet-to-Analog). The car can be drivenrautwmusly sending commands from the con-
trol computers to the embedded computer, or itEdriven by a person using manual controls
(joystick and wheel). For security reasons, we testvehicle with an operator in the driver’s
seat. The operator can disengage autonomous diwimpgessing a button and can take full con-
trol of the vehicle using the manual drive controls
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1 battery combiner starter Alternator 1
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oo N Control system
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Figure 1: Diagram of the control and power systém.alternator delivers energy to the car battend to two
additional buffer batteries for the sensor and relectronics. An embedded computer operatesins actua-
tors and responds to the commands sent by theamissitrol computers.

Figure 2: Two of the EMC drive-by-wire componenthe manual console for the operator (left imagégwof
the motor for braking or accelerating (right imag&celerating and braking are mutually exclusipemtions.
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Providing
power

E-Stop

Control
hardware
architecture

Providing the necessary energy for the computedssansors is a major challenge in a conven-
tional car. In order to have enough power, a nderr@tor with a maximum output of 200-250

Amperes, and 140 Amperes, when the motor is idii@g installed. We also mounted new

power distribution cables in the car. After thevdrby-wire system and other OEM-equipment
have had their share of power, we still have 10@Xsvto accommodate the power needs of
computers and sensors. The two additional battermsted in the back of the vehicle can sup-
ply the power demands of computers and sensors few hours. Such power buffering allows

the seamless operation of the control system réggmrdf motor speed.

#

As mandated by DARPA for the Urban Challenge, auraan be activated and stopped using a
remote control. It can also be stopped by presaimygof the stop buttons located on each side of
the vehicle. The E-Stop signal is a single bit whig sent to a receiver connected to the EMC
embedded computer. On reception of the signalethieedded computer stops the car safely and
quickly. The stop signal can be disabled pressmgtleer button in the remote control, and the

car resumes its autonomous drive.

Figure 3: Safety: The E-Stop remote control unit seop and restart the car remotely. A safety diivehe cockpit
can regain control by pushing a button. The brakesalways be used.

$

After settling on a robotic platform, the next dgsissue is the hardware architecture of the con-
trol and sensor systems. Although in the past we ladways used a single computer in our mo-
bile robots, for this project we decided to adomtyenmetrical computing approach. Each com-
puter (two at the moment, but the number is vaglald connected to the sensors by either an
Ethernet or an IEEE-1394 bus. The laser scantleesembedded control computer, and the
navigation system are connected to the EthernetBach computer is equipped with two Giga-
bit-Ethernet ports. This allows a redundant set@ighe network through two independent
switches, that is, we have two independent Etherewtorks. This architecture provides reliabil-
ity and scalability, since any computer is capatfleéaking over the workload of another one.
The architecture relies on a decentralized worklmadager running in parallel in each computer
which distributes the tasks depending on the céipabior possible faults of each unit. Should
the computing power be insufficient at any mom#émg, workload manager can provide graceful
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Linux

degradation of the complete system, substitutimgaes or even stopping the car whenever an
unsafe condition is detected.

The video cameras are connected to the Firewiraesions. Due to bandwidth requirements
each camera needs its own separate IEEE-1394 husa@n. Every computer is equipped with
a OHCI-Firewire-controller daisy-chained to all eas. This allows any computer to access all
cameras, but only one at a time. Access to a sp@emera will not be impaired by the loss of
either a computer or an OHCI-controller.

Figure 4: The sensor and control connections. Ndiig system, laser scanners, and the embedderblcoom-
puter are connected to the Ethernet bus. Video @srage connected to a Firewire bus.

% & # '

A major design issue, from the beginning, was th@cee of operating system and its associated
real-time capabilities. We chose Linux becauseadvjaes the necessary flexibility for the pro-
ject. It is easy to install across different hardevplatforms and has the necessary responsiveness
for our soft real-time needs. It can be tailoredtw requirements, stripping it down to the bare
minimum.

Our software framework is based on tBeocos Realtime ToolkitOrocos stands foDpen
Robot Control Software it is open source software for robot and machbom@rol based on C++
libraries [Bruyninckx 07]. In conjunction with RTA(Real Time Application Interface) or
Xenomai, it can be used to provide strict real-tisgvices for Linux. Orocos depends on
CORBA for distributed computing purposes.

In Orocos, the software is divided into moduledledaTaskContexts, that communicate over
software ports, thus providing lock-free and threate data exchange. A module can be either
executed periodically or can be triggered by exkesvents, such as new GPS data or a new
video frame. It can be configured through “propestiand commands. All this functionality is
made available transparently over the network Vid&RBA proxy objects.

We decided to model sensors in our framework agatismodules which react to external
events. A sensor module time-stamps the data angesglobally synchronised clock, and for-
wards the raw data to a port for further procesbyng module.

The perception software has been implemented asdperaccess modules which poll the
provided data, process it, and update their cooredipg models. For example, a lane detection
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Health
monitor

Sensors

module can poll a camera-module for new images tlaeal process the image to find lane mark-
ers. The detected lines are then used to updatetile filter, which is a model used by the
navigation system. By interfacing modules throughitgy we can easily distribute the tasks
across several computers since each port can &y serialize the data via CORBA’s IIOP
(Internet Inter-Orb Protocol). Using this abstraotiand providing all computers with the same
set of modules, a workload manager (TaskManagémésto choose which tasks to run.

In a complex system, such as an autonomous cary stdtware modules and hardware sen-
sors are in continuous interaction. Failures cacdiastrophic. To insulate the system from par-
tial failures, and to make it more resilient, wevdalesigned a supervising piece of software
which we call the “health monitor”. Activities aradnnections between devices and other mod-
ules are checked continuously. We check the inpahections from laser-scanners, cameras,
and the navigation system, and the output connmectio the brake and gas pedals, as well as to
the steering wheel. Activities and connections@mesidered healthy if they pass a set of tests.
Each socket, for example, is tested periodicallyréiyuesting an echo. Orocos data ports and
software modules are checked using built-in methppdsided by the Orocos framework

Data exchanged between modules is always examinethdrking the age of time-stamped
data to detect inactive devices or modules. In tamdi data-specific values are tested against
reference values to identify abnormal behaviouheDtchecks include the comparison of data
obtained from different modules. We can check #lationship between the acceleration com-
mand, the expected speed, and the actual veloctheacar (factoring out the delay). When un-
healthy activities or connections are detectedsghshich do not pass the tests), the correspond-
ing modules or devices are reset or restartedpeaiic Orocos methods, Ethernet-commands or,
in extreme cases, by switching off and on the affieg component

(

Once the car’s control electronics is defined dr@domputing power demands are satisfied, the
third element necessary for autonomous driving setiof sensors. While humans can drive
guided almost exclusively by their sense of visamd a coarse mental map of a city, autono-
mous cars can access much more precise informaliont the environment but have reduced
computer vision capabilities. A long term goal dfrasearch is to be able to emulate the object
recognition ability of the human brain but we ameffrom reaching that ultimate goal. Therefore,
the shortcut adopted by almost all teams developitgnomous cars has been to provide the
vehicle with the following sensors:

- an accurate GPS navigation system

- powerful short and long range laser scanner$ fhaitt and 3D

- radar/sonar

- lasers for reflectivity measurements of the gibun

- special purpose computer vision
Spirit of Berlin is no exception. One immediate igasdecision, after having a drive-by-wire
vehicle, was to acquire a GPS navigation systern antinertial unit capable of providing better
than 1 meter accuracy. The next decision was taigc@n Ibeo long range laser scanner for
detecting obstacles at up to 150 meters in frorthefvehicle. Subsequent decisions were, by
comparison, easy and straightforward: we boughh@xpensive laser scanner for the rear of the
vehicle and mounted several combinations of vidameras on top of the car (one omnidirec-
tional camera and two cameras for stereo visidnyak also decided to develop a 3D scanner
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Commercial
navigation
system

composed of two rotating SICK LIDARs. Our sensahétecture depends strongly on the accu-
racy of the navigation system and the obstaclectlete capabilities of the laser scanners. We
decided to use the computer vision system mainmgégmenting the street and for finding curb
and lane delimiters. We are currently working oe tletection of vehicles using stereo vision,
this feature will be available until after the siieit. Most Grand Challenge teams participating
in 2005 had limited computer vision and were hgadiépendent on GPS navigation and LlI-
DARs [Dahlkamp 06]. In the coming years we will iscour efforts on making computer vision
more dependable, because such an advance in teenp&cognition field would make autono-
mous cars affordable.
) *o+,
Global navigation is done in our system using aplapix LV220 GPS navigation system. The
system provides a positioning accuracy of 1 mesergudifferential GPS, and better than 10 cm
using inertially aided RTK. During a 2 Minute GP8tage the accuracy of the system, which
includes an inertial unit, can degrade up to 1 mateuracy. The navigation system communi-
cates with the control computer using an Etheroanhection. The LV220 system works with
two antennas, providing the user not only the tlo@erdinate position of the car but also the
heading. The pitch, yaw, and roll of the car arevgted by the Inertial Management Unit.
These measurements are important for matching tasge scans and building a world model.
Choosing the appropriate navigation system wasrguoitant design decision. Here, we de-
cided to follow the advice of the Stanford teampvitn 2005 wrote their own Kalman filter and
built an integrated GPS/IMU navigation system. Thmeasurements and experience showed
that a commercial system such as the Applanix tietter performance. Therefore, we decided
to spend development time in other areas and wdttk & commercially available high-grade
navigation system.

Inertial » Blended

/ Navigator " positioning
IMU correctior T

Error
Controller

DMI

Kalman
Filter NI

v 1

OTF
Ambiguity
resolution

GPS
receiver

Figure 5: The Applanix LV220 correction loop. A Kahn filter integrates odometry and GPS producicgraec-
tion signal for the inertial unit. Ambiguities dnandled on the fly [Scherzinger].

The Applanix LV220 system consists of a processmputer, a GPS receiver, an IMU based
on ring laser gyro technology, and a DMI (distanmesasurement indicator) which is an odome-
ter attached to one of the rear wheels. The GPSwesccan use free or commercial differential
correction services. Fig. 5 shows the dataflowhia tomplete system. The odometry and raw
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Virtual
testbed

Simulating
Sensors

GPS data are fusioned using a Kalman filter andbdainof the car. This data is used to correct
the information from the IMU, eliminating drift. BhiKalman filter operates with the raw data of
one or more satellites, providing positioning imf@tion even when the GPS signals are shaded.

Testing a robot or an autonomous car is time comgyiand expensive. Therefore, it was clear
from the beginning that a simulator is needed astaal platform for testing and developing
control algorithms. We simulate the vehicle dynamising a coarse physical approximation of
the car behaviour. For the dynamics of the vehiatebuild upon E. Rossetter’'s PhD thesis
[Rossetter 03]. Our measurements have shown thatowet need a full fledged simulation of
tire behaviour and aerodynamics within the limitadge of velocities we have been working
with until now. It is far more important to handlee latencies in steering and acceleration, as
well as the change in acceleration for the samalgmukition when different gears are engaged.
The basis for our estimations are a number of gglsthe real car which give us a characteri-
zation of the system so that the simulator behasadosely as possible to the real vehicle.

Figure 6: A view of the 3D control simulator.

To test the high-level behaviour of the vehicle, wereate the 3D surroundings of the car. The
simulator can handle static as well as dynamicambss. A simulation file, together with an
RNDF of the area being considered, serve to creditedng world where other cars drive and
humans walk the sidewalks or cross the streetse&cn dynamic object in the world we gener-
ate a simulated agent that in case of a car, famgle, just follows the roads in the streets graph.

The simulator works with a graph generated fromRINDF which allows us to easily per-
form shortest path searches and to handle neigbbipurelationships between roads, crossings,
etc. This graph is also used by high-level behavaantrol for planning operations, and is ex-
tended and corrected (in case of a closed roagxample) by sensor modules.

The simulator provides graphical output. This otiipwsed to observe the results of new al-
gorithms. It can render data generated by all tfierdnt modules together with textual informa-
tion attached to objects or locations. Objectslmaselected and changed allowing, for example,
graphical real time editing of the RNDF graph.

The simulator can also generate the data which dvbal obtained from cameras and laser
scanners mounted on a vehicle. In Fig. 6 the greglIscreen in front of the vehicle represents
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the distance of the car to all visible objects.gBtipixels are close; the darker they get the far-
ther away the corresponding object is. We can adlsbsome noise to the generated data in order
to test the laser scanning algorithms under unfaalmea conditions.

# !

Sensors are essential for detecting obstaclescangeasure the smoothness of the road, for the
identification of road lanes, and even for naviggtin the absence of a GPS signal (for example
in tunnels). We have installed two main types afsses in our car: laser scanners based on
time-of-flight measurements, and video cameras,igin@ctional as well as an stereo pair. We
are also developing a 3D-laser scanner for thectieteof obstacles mainly at streets crossings.
In the following sections we review the variousdgmf sensors and the perception algorithms.

$! 0

LIDARs are popular sensors in the field of autonameobots. The principle is well-known: a
laser diode provides a beam of light which is deéld by a rotating mirror. The deflected beam
scans an area in front of the device (for exammpdeizontally from left to right) and the time of
return of the deflected beam is measured. The tifreturn is proportional to the distance of
the reflecting object. In our car we have instal®d€K LMS 291-S05 laser scanners, and one
Ibeo Alasca XT unit with four laser beams.

Figure 7: The Ibeo laser scanner mounted in fréouo vehicle (left image). On the right we seeagdam of the
unit and the angles covered by the four laser bdamstesy of 1beo).

Fig. 7 shows the Ibeo laser scanner mounted irirtime of our car, as well as a diagram of the
unit. The Ibeo electronic control unit (ECU) insitlee car receives the signals from the four
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150 m
range

3D world
view

beam detectors. The ECU is an embedded computeingiiVindows XP Embedded. The laser
scanner provides four scan measurements at diffeertical angles, with a total opening angle
of 3.2 degrees. We operate the scanner at a fregudri2.5 Hz resulting in an angular resolu-
tion between scan points in the same plane of ab&utlegrees. While the scanner supports a
field of view of up to 270 degrees, our current ming setup yields a 220 degree field of view
in front of the car. The Ibeo specifications listasmge of sight of the laser scanner of up to 200
meters. We have obtained good results at up taridiers.

The ECU connected to the laser scanner providepletendetection and tracking of objects,
as well as the raw scan data. The object datatgteumcludes a contour of the object, a classifi-
cation (pedestrian, bike, car, truck), and speetidarection in the case of moving obstacles. For
correct estimation, the ego-motion (velocity areksing angle) of our vehicle is fed to the ECU
through a CAN bus.

Apart from using the built-in object detection bEtAlasca system, we have developed an in-
dependent object detection solution based on thescan data provided by the ECU to our con-
trol computer. Our approach is to filter reflecdinom the ground due to rolling and pitching of
the car when it is accelerating or braking, usimigrmation from the IMU. Thus, our obstacle
detection software filters reflections from the gnd.

The first step for obstacle detection is to clust&n points. The scan points are examined se-
guentially from left to right and the Euclidian tiace between two consecutive points is thresh-
olded. Remember that we have four scan planess\&ra points are direct neighbours. Points
close to each other are assumed to belong to the séject. In the second step, the clusters
which have been detected are matched to previarsso order to track objects through time.
Successful matches provide an estimation of thedspad direction of moving obstacles.

$ 12

In order to cover the back of the vehicle, we medn& single beam IBEO-LD LIDAR (the
predecessor of the Alasca) in the back of theckehiVe have also used this LIDAR to scan the
street in front of the vehicle to determine itdrilesss. The scanner has been setup to acquire a
single plane with a 150 degree view at 0.25 deggselution, at a scanning frequency of 10 Hz.
We use all data within a 150 m range. Althoughftbgquency is relatively low, it is enough to
detect obstacles higher than the ground even i€éinées moving at 30 mph, especially in drive-
around-an-obstacle situations.

The mission control computers communicate with dbanner's embedded computer via an
Ethernet link. The embedded computer, a Linux meshicommunicates with the scanner
through an ARCNet link. The sole purpose of the edaled computer is to filter the raw data.

$$ ./ $

The Fraunhofer Society (IAIS), collaborating with owatn, has developed a new continuously
rotating 3D laser scanner for our autonomous caro Thdustrial laser range finders rotate
around the vertical axis of the system, acquiriegtd and intensity information across a 360°
field of view. When mounted on top of the car, #ystem can be used to detect roads, streets
crossings and obstacles. We make the detectioregsamore reliable by fusing the depth and
intensity information obtained by each LIDAR.
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Fig. 8: CAD drawing of the 3D Scanner and of theangear box.

The system consists of two SICK LMS 291-S05 laseige finders mounted on an adjustable
plate (Fig. 8). The scanners have an apex andl8®@tlegrees and a resolution 1 to 0.25 degrees.
The response time to acquire one two-dimensioraal &from 13 to to 53 milliseconds, depend-
ing on the angular resolution. The maximum rangenefscanners is 80 meters.

Adjusting the angle of the scan planes allows uadrease the scan resolution, or to increase
the rotation speed while cropping the top and tiveel part of the scanned sphere. The adjuster
plate rotates continuously around the vertical .axis driven by a brushless Maxon flat EC 45
50W motor with an 89:1 gear. Three Hall sensorsi@egosition feedback from the motor. The
Maxon EPOS P contains an integrated micro contrédlespeed control and positioning, operat-
ing at 33 MHz. The firmware of the motor controlktarts the motor after power-on and sets a
predefined velocity. It is possible to communicadiéh the firmware program over a RS232 in-
terface to set the angular velocity and obtaintmoshg information.

In a rotating system, providing connections is gomssue. Contact rings are used to power
the laser scanners with 24V DC, 0.9A, and to tran#m sensor data via RS485 from the scan-
ners to the 2 USB plugs in the control box. Fos,thivo RS485 to USB converters are applied.
An RS232 interface allows us to set the rotatioeespand to get feedback from an inductive
proximity switch which is used for absolute posiitg.

The entire system is IP65 water resistant, weidl3isg and measures 290x330x250mm.
Power consumption is 2.2A at 24V DC. The scan te¢g&wi depends on the rotation speed and
the angle of the scanners. At an angular adjustiofe®® degrees and 0.45Hz we obtain a verti-
cal resolution of 0.5 degrees and a horizontallotism of 1.7 degrees, with an update frequency
of 0.9Hz (twice the rate of rotation).

A separate control PC running Linux is used fortgmecessing of the laser scanner data. It
uses the RS232 interface for communication withrtietor controller and USB to acquire the
data from the laser scanners. The Ethernet ineifaased to communicate with the car’s con-
trol system. The control PC constantly queries2Descanners for new scans and uses the posi-
tion of the mounting plate shaft to allocate a wwmensional scan slice to the global coordinate
frame.
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We transform the scanned data into a 3D point cldin two rotating scanners acquire data
arrays continuously and send them to the applicataftware. The data from the scanner is rep-
resented in polar coordinates. The value in tha datay represents distance and the index in the
array represents the angle in degrees.

We first transform from polar to Cartesian coordisa adding an offset defined by the posi-
tion of the center of the entire system. We ob®h Cartesian coordinates for the scanning
plane using the transformatioms= d sina +10 and y =d cosa . Due to the angular tilt of the
two scanners, we have to additionally transform2bDepoints in the scan plane into 3D points in
world coordinates. This is done in two steps: ficgating the points around tixeaxis by an an-
gle (in our case = 60°), then taking into account the rotationteé scanner from the zero po-
sition around the z-axis by an angleThe two sets of transformations below produce¢ispec-
tive rotations:

X'= X X'=Xcosb- y'sinb
y'=- ysing y"=X'sinb +y'cosb
Z'= ycosg z'=7

The angle changes during a single scan because the scaameerstating. Synchronization
for calculating the correct angleis done by reading an inductive proximity switeldaalculat-
ing the time needed for one complete turn to dista the scans over time. A software thread
accesses the switch. When a turn is completedeset a timer. The angleis given by the cur-
rent time divided by the time needed for a singha,tmultiplied by 360 degrees.

Fig. 9 shows an example of a 3D point cloud in dadordinates with distances encoded by
different colors. The shadow of the vehicle is bisias absence of scan points on the ground.
Trees are visible above the car.

The above formulas can be applied directly if th&tem is not moving. If the system is mov-
ing we have to do additional trajectory correctiémsmapping the point cloud to world coordi-
nates.

Figure 9: Reconstructed 3D cloud with distance eslencoded by colors
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Particle
filter for
navigation
corrections
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One of the most interesting applications of thegabvided by scanners, other than finding ob-
stacles, is to produce correction values for thagation system based on a world model. We
accumulate the data of range sensing devicesvim-aimensional grid (Fig. 10). The cells side-

length can be set to values between 20 and 307Tdme. grid data structure is optimized for fast

access within the car's immediate surroundings5@ 2y 250 meter map requires about 64 MB
of memory. A larger area can be covered with midtgmaller maps and using paging. Since the
intended movement of the car along an RNDF is knowaddvance, paging the appropriate local
map in advance can be done easily.

Various types of data are stored in each cell. fbst important are the minimum and maxi-
mum height of detected obstacles, as well as teeage and variance of the collected values.
These numbers can be used for many purposes. Bonpé, high variance of data in a cell may
indicate the presence of a dynamic obstacle. @atls static obstacles have more stable mean
and variance. The most important application isjoliag navigation corrections.

The transformation of the data from relative cooades to world coordinates is done using an
affine transformation derived from the navigatiostad and the position and orientation of the
lasers. We developed an automatic calibration tgclenwhich measures the relative roll/pitch
and height of the laser relative to the ground. thes, we scan a cylinder at a given distance.
Fitting ellipses to the data we can compute thentation of the scan planes relative to the verti-
cal and, from this, the pose of the laser scanner.

Figure 10: The accumulated world map after a tesedWhite points represent obstacles, black gob#long to
the ground. The course track has been superimmos#te world map. Most of the obstacles are buahdgrees.

The world model, built on the fly by the scannimgfteare, can be used to provide navigation
corrections in the presence of GPS outages or shadithe signal. We use a particle filter: for a
given hypothesis of the car’s position (a partickeg find an optimal movement of the data (and
thus of the particle) in order to best match theent point-cloud of the laser scanners with the
world map obtained from previous scans. When theianoving at moderate velocities, the
computed cloud of moving particles provides a gapgroximation to the probability distribu-
tion of the car's movement (Fig. 11).

The system is bootstrapped filling the two-dimenalagrid as soon as scan data starts to ar-
rive. The mean and variance of a world-matrix-cbkgsome more accurate as more data is col-
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GPS
outage

lected. In the absence of moving obstacles, thepoted variances and means are very precise.
However, under normal conditions, we cannot asstivaeonly static objects will be sensed, so
the method has to be robust enough to cope witlardie objects. Highly variable cells may
indicate a dynamic object and have to be handléerdntly (in the matching/scoring function).

Figure 11: Visualization of the particle filter. @tblue rectangle represents the current navigatata. The white
rectangle represents the average of particle mesdged from scan matchings. The displacement batvtiee two
rectangles is the correction vector needed fonthégation system.

The matching-function is the mean of squared diffees: for every particle pose, the current
point cloud is translated by the particle’s offaed the similarity with the world-map is deter-
mined using squared differences. Note that theeatimatching functions performs only a trans-
lation, which is enough to eliminate GPS drift. \Afe now extending the method to cover rota-
tions which is important for handling GPS outage.

In the case of GPS outage, the GPS corrector caisdubto localize the car in the world. Af-
ter the GPS signal has been lost it takes some fomthe car to globally localize itself again
(especially if no valid GPS-position is presentroadonger period of time). After the initial lo-
calization, poses may be computed in the vicirasyjn the GPS correction case, but considering
also rotations of the vehicle’s pose. This is SLAMts beginning stage. The complexity of a
matching step increases by a few dimensions (depgmuh whether we want to compute only
the yaw of the car or also it's rotation and pitdBach pose is thus extended from a two-
dimensional vectorx(y) to a five-dimensional vectok,f,yaw,pitch,roll). Once an initial transla-
tion and rotation of the car has been computedstifisequent matchings become more precise
since one can work within a smaller interval witlbetter resolution. The ensuing matching-
steps are also faster as one does not have t@kqassible yaw/pitch/roll values but only those
close to the current ones.

$ %

Distance sensors are very important for autononaivéng. However, humans derive all dis-
tance information from their sense of vision aneirttobject recognition skills. This has proven
to be very difficult to imitate using computers.efafore, some shortcuts have been traditionally
taken: the computer vision is usually limited te tiecognition of colors, or to the recognition of
very salient visual cues. We have been developargwrently two computer vision systems
for our autonomous car: one operates with a cgpéiitoomnidirectional system (a camera
pointed towards a mirror), the other with cameraisited towards the front of the vehicle. Here
we review each one of the vision systems and tagiabilities.
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Finding
white lane
markers
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We have experimented with an omnidirectional cancerasisting of a convex mirror which re-
flects the surroundings of the car when a camengoisted vertically looking into the mirror
upwards. We have successfully used such omnidmnregitisystems in the past [Hundelshausen
01]. Fig. 12 shows the omnidirectional view of ttee’s surroundings produced by the omnidi-
rectional system. The white lines are visible, batected white points have to be rectified as
shown on the right of Fig. 12.

Figure 12: View of the car’s surrounding using amnadirectional camera. On the right, the white lamerkers
have been identified in a rectified image (the lexerkers are highlighted in blue)

Our experience is that it is faster to processrf@mation coming from conventional cameras,
and that the resolution of the system is much batt¢hat case. We started then using frontal
cameras in our car, keeping the omnidirectionabmisystem as a backup.

% |/

We use Firewire cameras on top of the vehicle,tpditowards the road ahead. We use them to
identify white lane markers in order to center Hedicle in its lane while it is driving. RNDFs
are sparse, and sometimes the real path betweenvawyoints has to be found using laser
scanners or computer vision.

Lane detection is done in three steps: a) firsfimeimage pixels that might be part of a lane,
b) using these points we formulate lane boundapptheses, c) we then transform from image
to world coordinates. We review these steps onenay

Lane markers candidate pixels are found by lookimgntensity bumps of a certain width in
every horizontal line. Since the lane marker wigithka non-rectified image decreases with the
distance from the camera due to perspective, waotlsearch bumps using a fixed pixel width.
The width is instead a function of the depth atohihive are searching lane markers. We assume
that the road region in front of the car is flahidalgorithm is simple and very fast. Of course,
false pixels can be recognized as lane markersadditional corrections are required in order to
make lane detection robust.

We fit lines to the detected lane marking pixels\gs Hough transformation with good re-
sults and in acceptable time. We achieve a frareeafal9 to 20 fps on a 1,83 GHz Intel Core
Duo machine with 1GB of RAM, close to the camemnfe rate. The processor load including
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the logger, the image conversion to RGB, lane dietecand the display of results is around
60% for both CPUs. We are now improving the efficig and robustness of the algorithm by
exploiting the temporal coherence between consexidtames. Assuming that we have found
the correct lane boundaries in the previous fraraean limit the search in the actual frame to a
small region of interest, taking into account thetion of the car. We use a patrticle filter to
minimize the probability of false lane detectiombe Hough transformation will be replaced by
a curve fitting algorithm based on RANSAC [FisctBdy in order to better detect curved roads.

Once the lanes have been found in the image ieiessary to transform its image coordi-
nates to world coordinates. For every relevant tpfnamely the start and end points of line
segments), a projective transformation is compulée. system is calibrated in advance in order
to find the correct coefficients of the transformatmatrix, solving a system of linear equation
mapping four or more image points to known pointghie world. This is a conventional compu-
tation which we have implemented for our other nfelmbots [Simon 04].

%$ "

We have been experimenting with an stereo visiatesy which could be used to find white lane
markers in streets and highways, but could alsodesl to determine the vehicle’s pose inde-
pendently from the IMU. We follow the techniquesdegbed by [Broggi 05].

The stereo vision system consists of two Firewaeeras mounted on the top and front of
the car. Both cameras share the same pitch andrglé. The distance between the cameras and
their yaw angle can be calibrated. The cameras hadedicated trigger input port, so we can
guarantee that the images of the left and rightezamget identical time-stamps.

Figure 13: Image captured by a camera on top of/¢iécle (left). First Sobel transformation (middlend second
Sobel transformation (right)

Figure 14: Stereo pair with gradient informatiow. thie right we see the disparity map computed fieengradient
information in the two images.

We use the information contained in the first ardosid degree Sobel transformations of the

original images to identify the phase of the gradi€ig. 13 shows an original image, and the
result of a first (in the middle) and second dedBebel transformation (on the right). As can be
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Scanning
white lane
markers

seen, each line in the picture has been conventedtwo white lines. Combining both Sobel
transformations, it is possible to identify the tehiane lines.

Fig. 14 shows a stereo pair and black-to-white igrad colored in green, while white-to-
black gradients have been colored red. We usetbelgign, not the absolute value of the Sobel
transformation. We obtain a ternary image assigding green, -1 to red, and 0 to black. Now
we can calculate a global disparity map (Fig. d4the right) by measuring the line-wise dispar-
ity. We start with a ternary vectarfor the left image and a ternary veckfor the right image.

We test each possible disparity by computing tredascproduct of both vectors. If a red
(green) pixel in the left image matches a red (gyr@exel in the right image, the scalar product is
increased by 1. This indicates correlation. B green (red) pixel in the left image matches a
red (green) pixel in the right image, the scaladpict is decreased by 1. This decreases the cor-
relation score. In the disparity map the abscisd&cates the disparity, while the intensity (from
black to white) indicates the strength of the datren for this disparity. The map is calculated
row by row.

The right image in Fig. 14 shows a distinct linghaa certain inclination. This indicates a de-
creasing disparity as seen from the bottom todpeot the original image. This is due to the fact
that the street is oriented towards a vanishingtpai the horizon. Vertical objects, such as ob-
stacles, will result in lines parallel to the oraki@ in the disparity map. Using a calibrated camera
pair, it is even possible to calculate the caristpiangle by computing the point of intersection
between the main line in the disparity map andotitenate.

We are still developing the stereo vision systeroruher to better model street markings and
detect vehicles on the road. This will be a badkuhe laser scanning system.

% % 0 , 12

One method for road scanning used by some groupspisint a LIDAR towards the ground and
work with the reflected intensities. Usually, whismes are clearly visible. The data is not cor-
rupted by shadows and can be used at night. Thisatigrovides a special-purpose computer
vision for lane marking, which we have also impleteel.

We mounted a SICK LMS 291-S05 scanner in the b&dadupvehicle. The reflected intensi-
ties are arranged in a histogram which exhibitgv@tal distribution. One Gaussian mode repre-
sents the range of reflected intensities of thé&dpazind (the road), the other Gaussian mode, the
range of intensities of the white lanes. Using gat@mn of Otsu’s algorithm [Otsu 79] (which
finds a point in the middle of the two Gaussianksgawe compute a dynamic threshold for
segmenting the background from the white lanes|&\@isu’s method selects a threshold based
on the minimization of the within-group variancetafo classes obtained by thresholding, our
methods selects a threshold by maximizing a wigroup quality-measure. We define the total
quality of a threshold as the sum of the qualityhaf points in the left cut plus the quality of the
points on the right cut. The quality Q of a seimdénsity valuesx;, ,Xx,(on each side of the cut)

is given by
Qz%(( Xi)z' Xiz)

Using this threshold to decide whether a ray hitghde lane line is vulnerable to noise (spe-
cially when the road material is bright). Therefoaeparticle filter is used to track the correct
position of the lane markers across several cotisecscans. The patrticle filter is updated using
Sampling Importance Resampling (SIR).
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Figure 15: To the right, the histogram of laseeirsity values. There are two clusters of intengithjues. In the
middle, a sequence of laser scans (arranged otup aff another) and the white lane markers fourndofed red).
To the left we see the corresponding sequenceefisity values of the scans. The car was balarfoimg one side

to the other when the scans were made.

Fig. 15 shows results obtained with the LIDAR pethto the ground. Even in the extreme case
of the car balancing from one side to the otheir{dBis sequence of images), our method is able
to recover the position of the white lines. The misisue with our technique is the number of
scan rays which actually hit the lane markers, igigovhen they are thin. The particle filter
solves this problem and produces accurate results.

& %
(! 10,

For steering, we use a non-linear PD-Controllerlainto the one described in [Hoffmann 07].
Given a trajectory (Fig. 16), the distane®f the guiding wheels to the nearest segment ®f th
trajectory and the angle of those wheels with respect to that segment ererchined. The for-
mula for computing the output (the steering andléhe leading wheels) includes also the vehi-
cle’s current speed and the constants,, k,,and k,determined by matching experimental and

simulation results, as we have done with other tiolpdatforms [Gloye 04].

=

AN £y

Figure 16: Left image: the car dynamical model ascdbed by [Rossetter 03]. Right image: the angtes vari-
ables used for steering control following a destragectory (see main text) as described in [Hoffima7].
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The formula derived in [Hoffmann 07] for steeringntrol is:

S k(o) li+)

Steering ad =y +arctan

control
3

The delay between commanding and reaching theedesteering angle can cause oscillations.
The termkz(a’(i) - d(i +1)) is added to the steering command to prevent tmsliton, where

is the discrete time measurement of the steeringelvangle and is the index of the discrete
measurement one control period earlier. The coh#tais included in the expression to obtain

better performance at low speeds, and to prevenatgument of arctan from becoming too
large. Another way of handling the delay is by gsancontrol prediction approach as we have
done in the past for our mobile robots [Behnke 04].
The values needed for speed control are contaméuei drivable path provided by the mis-
sion planner. Each point in the trajectory incluties desired speed and the time at which the
speed  Vehicle should arrive. We have written a fuzzy Bicoller for reaching the desired values. An
control - gutput command between -1 (full braking) and +1I @akceleration) is computed using the dif-
ference between the required and current speegdgional control), and the difference be-
tween the required and current position of the alehjintegral control). If the vehicle is too far
away from the desired position, the values in thgttory are modified in order to avoid con-
trol overshooting. I-Control is only possible ifetlturrent position of the vehicle does not re-
quire acceleration, otherwise problems could anken the software tries to save time acceler-
ating in curves where we want low speeds. The fuznyroller is now in use since the original
Pl-controller could not achieve satisfactory resultour driving experiments.

5.2  High-level control

A mission is defined over a graph of nodes spetifiretheRoute Network Definition FileWe
represent the topology of the graph using the BGoaph Library, which organizes the RNDF as
a weighted directed graph represented by an adjgdest. The edges of the graph represent
portions of the lanes and connect road points antoagselves, and with input and output gates
at crossings. Lane changes and passing of caarputed using this data structure. The mis-
sion contained in th#lission Data Fileis transformed into a sequence of drivable nodas f
start to finish using the A* algorithm, very popufar this kind of informed search tasks [Hart
68].

The basis of behavior control is a route planneicivisomputes a default route, which is then
adjusted according to the world model. The adjustn® done by finding dynamically a se-
guence of maneuvers which yield the desired outcdi@le computing a path, intermediate
results are checked for validity according to theash Challenge rules. While the car is driving,
we inspect the future trajectory within a time womdin “front” of the vehicle; that is, in its fu-
ture. The process checks for rule conformity usirsgt of tests which can be extended arbitrarily.
If a conflict is found, the critical region in thgath is passed to error control which starts a revi
sion of the intended route. Examples of the chedkish have been implemented are:

Obstacle checker: tests future collisions with aar®bstacles. The obligatory safety dis-
tances are maintained.
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Rules
checker

Speed checker: compares the current speed withmtdredatory limits in the segment
(minimum and maximum allowed speed). The laterakbration in curves is checked against
a threshold.

Lane checker: tests if the car keeps its positighimthe lane, except when passing or u-
turning.

Crossway checker: tests if the vehicle is withisagety area and adjusts the separation to
the forward vehicle.

Lane error handler: handles the rules A.10, A.1thefDARPA basic navigation rules bro-
chure.

Fig. 17 shows an example of the Obstacle Checkaction. On the left, a collision with a static
object has been predicted for the current pathinvithe next control cycles. Obstacle control
finds a smooth path around the static obstacléhéncase of a dynamic obstacle, the car could
change lane (in a two lane street), and wait ferdpportunity of safely returning to the right
lane. This maneuver depends on several circums&asageh as the speed of the dynamic obsta-
cle and the proximity of the next crossing.

Figure 17: Detection of a future collision and nfadition of the path so that the collision is avaxd

After the planner has found a sequence of drivabties in the RNDF, we compute a smooth
path connecting these nodes. Lacking informatiaruaithe real shape of the street, we first ap-
proximate the route using an Akima spline, a vammabf natural splines, whose building blocks
are cubic splines subject to special boundary dimm.

The spline provides a mapping from time to positigroviding implicitly information about
the desired velocities and accelerations. The Algpiae is useful because it provides continu-
ous transitions up to the first derivative of tleeaeration. The main advantage of this interpola-
tion is that local information plays a larger ratethe interpolation, reducing the effect of global
landmarks. We compute the rate of change at teefate between two intervals, using a heuris-
tic function. For each interval we compute a Heiamiinterpolation, so that in each interval only
six points (three to the left and three to the iigiave an effect on the computation of the poly-
nomial.

The behavior controller manages also the statdéefcar using a finite state machine. We
have defined a set of states in which the car eafotnd. Transitions are checked for rule com-
pliance and safety.
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In the previous sections we have discussed thenalé for certain design decisions as well as
the hardware and algorithms used. Many exampléseofesults obtained with the different sen-
sors and algorithms have already been providedirdngary follows.

)b+, :
Fig. 18 shows Spirit of Berlin navigating a clodeatck in our test area in Berlin (the sequence
runs from left to right, top to bottom). The testite consists of two lanes, delimited by white
lines. The area covered by the frontal laser saaisrgelimited by the two red lines coming out

of the vehicles front. Obstacles are marked usighbcolored pixels. The colors correspond to
the four beams of the Ibeo LIDAR. As can be seethénfigure, the car recognizes an obstacle
when it is coming out of the curve and adjusts$réagectory accordingly.

Figure 18: Our autonomous car navigating in a ddsep (sequence from left to right, top to bottomhe red
lines show the coverage of the frontal laser sca(2#0 degrees). When the car comes out of a dunetects an
obstacle and modifies its trajectory accordingly.

Spirit of Berlin can currently navigate with a melacalization error of less than 30 cm. The
adjustments to the trajectory described in thisepatiow the car to keep its position within the
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lane, overtake a stationary vehicle, and returitstéane safely. Behavior control works in the
intended way. We have been driving at moderateciteds (under 12 mph) and will be increas-
ing gradually the speed of the car until we readbad Challenge speeds.

) &

The particle filter described above uses the infdgiom stored in a world map and has been
tested withn poses of the can€256 proved to be adequate). Poses with a largehmaterror
are eliminated and new poses are generatednfoses are divided into three groups: one half
are distributed around the current GPS car-posittme fourth are distributed around the best
poses, one fourth are distributed around the cumean of the GPS correction offset. A Gaus-
sian distribution with different variances is usAdound current GPS car-position the variance is
usually within 0.3-1.0 meters; around the best pdke variance is about 1 cm; around the cur-
rent offset mean, the variance is usually setimfeters.

Every matching-step returns an offset for the aurfame (given current laser data and GPS-
position). In order to minimize noise an averagerdhe lasin poses is computed and is used as
the actual correction offset vector added to theett GPS-position. The GPS drift can only
grow slowly over time, so the offsets should natrale too rapidly from one frame to the other.

Test runs on two locations have shown a matching @f up to 30 cm with an average of
five to ten cm. This is an improvement over the @BEposition, which may contain an error of
up to 1 meter. Fig. 19 shows three images of thedwoap and the car’s position derived from
the patrticle filter (white rectangle), superimposedthe GPS/IMU position. The particle filter
allows our system to eliminate GPS drift.

Figure 19: The patrticle filter in action. The whitectangle is the best car position derived from itiean of the
particles. It is superimposed on the rectangleasgting the current GPS/IMU position.

)$ $

The Fraunhofer 3D scanner can be used to recogipets and textures. Currently, we are
working on vehicle recognition. Street recognitives been already implemented. For this, we
use the distance and intensity values from thessdafe fuse this information in our road seg-
mentation algorithm to add more robustness toghegnition task.

First, we consider each scan plane separatelywim@ow ofn scan points (i.e7=4), we cal-
culate the best linear fit and the maximum diffeeetetween the intensity of all points in the
window. The points do not belong to the road iftte linear fit has a large error, b) the linear fi
has a large slope or distance relative to the grqane, c) intensity values are very different.
We displace the window, increasing the scan indexéch scan plane.
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Conversely, if the linear fit error and the chamjentensity are lower than selected thresh-
olds, the analyzed segment is probably a road. egahetween the minimum and maximum
thresholds are an indication of a possible endhefrbad. Values higher than the maximum
threshold are considered as a strong indicaticam mdssible end of the road. After obtaining the
segmentation for each scan, we apply neighborhoalysis on the road points to reconstruct the
road surface. Fig. 20 shows the results of our sgapnentation analysis of the 3D point cloud.

Figure 20: Reconstructed 3D cloud with the deteobed points colored blue

The entire 3D cloud, with the segmented road, a2® anap with the borders of the road are
sent to the control computers via Ethernet. We caeently working on a probabilistic road
model, as well as SLAM and scan matching techniduethe 3D data.

)$ ,

Fig. 21 shows the result of processing images #p4.9The white lane markers can be identified.
They provide additional information for keeping tter safely within its lane. Together with the
special purpose laser scanning for lane markersrided before, this lane information allows

the autonomous car to keep driving safely insigiéaibe. Driving corrections are integrated with
the navigation module in order to produce a smaotiirol signal.

Figure 21: Two examples of lane marker detectiamti@ right, the lane markers have been highlightedd. On
the left, a more abstract visualization for a sgosat frame. The vision is running at 19 fps.
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Spirit of Berlin was developed with funding fromeke Universitat Berlin, and gifts from IBM
Germany and the Microsoft Academic Alliance. Thepkgmix and Ibeo corporations granted us
special Urban Challenge prices for their produRise University, Houston, and Southwest Re-
search Institute in San Antonio are hosting TeamiBeuring the summer and fall of 2007.
Deutsche Forschungsgemeinschaft (DFG) is finanitireg PhD students who are leading their
own development teams within our larger projectr @anks also to Sebastian Thrun and the
Stanford Racing Team for helping to bootstrap awjget. Videos of our car driving autono-
mously can be found in our website at www.spiriesfim.eu.
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