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Abstract

Long range path planning for an autonomous ground vehicle with minipradra data is still

very much an open problem. Previous research has demonstrated that lgzsthsogtnerated

from aerial LIDAR and GIS data could play a role in automatically determining suitable routes
over otherwise unknown terrain. However, most of this research has been theoretical.
Consequently, there is very little literatutealing withthe effectiveness of these techniques in
plotting pathdor an actual autonomous vehicle. This research aims to develop an algorithm for
using aerial LIDAR and imagery to plan paths for a full size autonomous car. Methods of
identifying obstacles and pential roadways from the aerial LIDAR and imagery are reviewed.

A scheme for integrating the path planning algorithms into the autonomous Gegiiking
systems was developed and eight paths were generated and dritrenabbyonomous vehicle.

The pahs were then analyzed for their drivability and the model itself was validated against the
vehicle measurementd slope and position.The methods described wefeund to be suitable

for generating paths both on and off road.
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Chapter 1: Introduction

1.1 Background

The state of the art of autonomous vehicles has advanced significantly over the past ten
years, due in no small part to the exquoe and incentives offered by DARPA's Grand Challenge
and Urban Challenge competitions. These challenges have shown that autonomous vehicles can
obey traffic laws, avoid static obstacles, and interact with moving vehicles. But while modern
sensors and sbtivare can classify situations within a few hundred meters of the vehicle, most
autonomous systems still need external data to give themider spatialperspective. For
example, the drivable roadways and paths used in both challenges, with few excepteres,
well surveyed prior to the competition. Most long range autonomous ground vehicle
implementations have followed the same basic assumption that accurate and properly
formatted information on all usable routes exists for the area in which the vehideatgs.

This has led to reliance on data gathered specifically for the autonomous vehicle and has
limited autonomous vehicle operation to known predetermined routes.

One way to overcome these limitations would be to use some type of aerial remote
sensing dta such as aerial imagery or LIDAR to determine potential drivable paths in-a semi
automated fashion. Such a solution would have several benefits over alternative methods;
Aerial remote sensing data is widely used and is well understood. Data acqusgioautine
procedure and aerial remote sensing data is either comméy@aahilable or can be captured
through commercial serviceBurthermore, m a military application aerial reconnaissance is a
common precursor to a ground missioAdditionally safivare and algorithms exist to process
and store aerial remote sensing data. Most of the previous research on vehicle path planning
has used aerial LIDAR data. Aerial LIDAR is especially suited to path planning for several
reasons. First, aerial LIDAR deda have a very high spatial resolution and vertical accuracy.

Furthermore, because aerial LIDAR records the distance to physical objects, important path



planning features such potential obstacles, terrain slope, and terrain roughness can be derived
from aerial LIDAR data.

In 2005, as part of the first DARPA Grand Challenge, Chris Stahl wrote a thesis titled
0Accumulated Surfaces & Led3bst Paths: GIS Modeling for Autonomous Ground Vehicle
(AGV) Navigatign G Kl &G SELX 2NBR (KS dstdderivepathsborgn RI G+ |
autonomous ground vehicle. While the model described in Stahl (2005) appeared to create
valid paths, he was not able t@lidateany of his results on an autonomous vehicle.

Later as part of the second DARPA Grand Challeng®&dddel wrote a thesis
expandingon this work and described a novel method for using airborne LIDAR data to
calculatedynamicallythe most suitable path for driving an autonomous vehicle using
accumulated surfaces. Suitability was determined by severadifaatcluding the path length,
presence of obstacles, terrain slope, and overall terrain roughness. P@adal)also
concluded that paths generated by the described method behaved in the appropnanteer
and were significantly more suitable for driving than standard Euclidean paths.

While both Stah(2005)and Poude(2007)demonstratedthat reasonable paths can be
geneaated using GIS techniques, there is still an open question as to whether the same
algorithm could be successfully implementedgiwidean autonomous vehicl& hereare
additional implementation details that must be developed in order to turn the grid dhaseh
produced by alSalgorithm into a form that an autonomous vehicle can follow. Furthermore,
this method must be compatible with other operational aspects of the autonomous vehicle

including obstacle avoidance.

1.2 Problem Statement

Previous research iRoudel(2007)and Stah{2005)conceptualized a method of using
remote sensing dateotdetermine a suitable driving path for an autonomous vehicle. The
purpose of thigesearchisto operationalize tle concept of an autonomous vehicle path
planning algorithm using remote sensing data and methods described in R@dd&l)and

Stahl(2005) for an actual autonomous vehicle and answer the following questions:



e Can the methods described pmevious researche implemented to determine a
route for driving an autonomous vehicle?
e What would a practical implementation of these methods lakk?

e What are issues encountered when implementing these methods?

C2NJ GKA& LI NIOAOdzE I NI SELISNAYSY (G GhRAYES =+ AN
Challenge will be used as the autonomous vehicle platfigeinioltz 2007) Odin is a
converted 2005 Hybrid Ford Escape that has custom software programs that allow it to drive in
a predetermined road network, avoid obstacles, and obey simple traffic laws. It has a high
precision GPS navigation system and several ksanners which it uses to detect obstacles.

One of the goals of this project was to implement a path planning algorithm for the
autonomous vehicle while still maintaining much of the existing functionality for obstacle
avoidance and short range path plang.

Thisthesisconsists of four chapters. Chapter one contains the statement of purpose and
introduces some important concepts. Chapter two corssdtan overview of the previous
research, a presentation of relevant literature, as well as a revievihar operational
autonomous vehicle path planning systems. Chapter tisaediscussion of the process used
to operationalize thalgorithm data gathering and analysis technique, results and conclusion.

Chapter four will discuss potential for furtheesearch.

1.3 LIDAR

LIDAR, oLight Detection And Ranging, is an active remote sensing system that uses
laser pulses to measure distances to objects by measuring the time of flight of a laser pulse.
LADARL(AserDetection And Ranging) is sometimes used asalternate term and both
acronyms can be used interchangeably. LIDAR originally was developed as a simple ranging
tool, but it has gained wider acceptance as a rusie sensar One of the earliest uses of LIDAR
was on the Apollo 15, 16, and 17 lunar nossaslunar topography was measured using a
laser altimeter on the orbital lunar moduléBender, et al. 1973)As the technology has

matured, LIDAR has found a use in many different fields. Aerial LIDAR systencalydafve



been used to gathebathymetrydata, determine topography, and measure forest parameters
such as canopy height and leaf area.

All LIDAR systems function on the principal of laser ranging. A laser pulse is sent at a
specific (sensor relative) gle and the time of flight is measured and used to determine a
distance. Simultaneously, attitude and positional datacaptured using a high accuracy GPS
system (usually Differential or DGPS). Both systems, the LIDAR scanner and the position and
orientation system, are time synchronized. The rangd angle data capture by the LIDAR
systemarethen coordinated with the position and orientation measurements to-gef@rence
the laser returngWehr and Lohr 1999Wsing diret measurements of position and orientation
in geareferencing, instead of correlating data to known reference points, is known as direct
georeferencing. In this paper I will mention two different types of LIDAR, aerial and ground
based. While this papewill primarily focus on the processing of aerial LIDAR, both systems
operate in a similar fashion.

While there are many similarities between ground based and aerial LIDAR, there are
some significant differences. First, ground based LIDAR generallyitmted fange of tens of
meters to hundreds of meters. This limitation is usually a result of a wide field of view coupled
with a low angular resolution. While ground based LIDAR can sense returns up to several
hundred meters, these returns aren't usefulalto the large distance between scans at that
range. Additionally, ground based LIDAR systems usually rely on multiple planes to increase

spatial resolution over the typical push broom methods of aerial LIDAR.



Chapter 2: Literature Review

2.1 Introduction

Events suchsathe two DARPA Grand Challenges and the DARPA Urban Challenge have
demonstrated the operational viability of autonomous ground vehicles. Still one criticism of
these challenges is that DARPA provided carefully prepared datasets for use in path planning.
These datasets would not be practical in an operational setting. In such situations it would be
useful to have a method that uses commonly available, multipurpose geospatial data to plot
drivable routes rather than surveying or digitizing roadways artémt@l drivable routes
specifically for autonomous vehicle operation. Additionally such a system would allow for easy
dynamic replanning along automatically identified routes when arpied route proved
unfeasible.

While there is significant literaturen basic path planning and on path planning for
autonomous vehicles, there is very little literature that deals with the practical issues and
difficulties involved in developing a path planning system for an autonomous vehicle using
remotely sen®d data. Additionally there is a dearth of experimental results of implemented
systems. This chapter will present research on path planning in both the GIS and autonomous
vehicle realms, outline some of the previous results by other researchers, give an ovefrview o
some of the common techniques and algorithms used in the field, and finally, give some
background on the particular autonomous platform. In the process, this chapter will
demonstrate the necessity for more research into traditional geospatial approdoltes

autonomous vehicle path planning problem

2.2 Path Planning in GIS

Path planning is defined as determining a route based on and expressed in terms of an
abstract world model. Such algorithms usually try to optimize a specific parameter such as a

genericpath cost or path length and are classified based on the particular world model used.



Two general approaches to path planning have seen widespread adoption in the GIS

community: a network or graph based approach and a grid based approach.

2.2.1Network BasedPath Planning

The first approach, sometimes referred to as route planning, finds the shortest path
using a network or directed weighted graph as a world mo&eich approaches are useful
when the solution set for a path planning algorittmustbe chosa from a fixed sebf
predefined paths.Furthermore with network basednalysis no paths outside of the initial
fixed set can be considered’he most recognizable application for this kind of modeling is the
selection of the 'best' route in a network moads. This application seems only natural; graphs
have served as a representation for roadways since Euler first pondered on a tour of the bridges
of Kénigsberg in 173Blopkins and Wilson 2004)he basic model for this ajation treats
road intersections as graph nodes and roads as graph edges. Edge weights are usually assigned
based on physical properties of the road such as distance or tiawel

The algorithms for solving this type of netweskised path planning werdeveloped in
the late 1950'YDijkstra 1959 and Moore 1958hd have been integrated into GIS software
since the mid 1980'@_upien, Moreland and Dangermond 1987he basic algorithm was first
2dzi f A Yy SR A5g pabek ahidl ia appidpiately nafdsred to as Dijkstra's algorithm. The
algorithm itself is described fRigure2.1. It is a greedy algorithm, meaning it uses local
optimization at each stage in order to reach a global optimunthéngeneral case Dijkstra’s
algorithm computes the minimum total path cost from a source node to all other nodes in a
non-negative edge weighted graph (a network) and assigns an identifier to the previous node in
the shortest path to each vertex. This pi@us node value can be used to reconstruct the least
cost path from any node back to the source. Dijkstra's algorithm can also be used to solve the
directed graph shortest path problem. In the case in which a least cost path between two given
vertices igequired, one vertex is chosen as a source vertex and the algorithm terminates when

the destination vertex is reached.



Iteration 1 Iteration 2 Iteration 3

| N oM PN I N D [Py I N | D) [R(N)
A 0 - A 0 - A 0 -

B 2 A B 2 A B 2 A
C 4 A C 2+1 B C 2+1 B
D ) A D 5 A D 5 A

DA(N) - Shortest known distance from node A to a given node N
P,(N)- Previous node in the least cost path from node A to given node N

Create an array of shortest known distances and previous nodes

Set the current node (@) to the given source node

Mark the current node as visited ( . )

Update the array of distances and the and the previous nodes based on the nodes
reachable from the current node (mmp )

If there are unvisited nodes, set the current node to the unvisited node with the smallest

distance value and repeat from step 3

PonE

o

Figure2.1: Dijkstra's Algorithm
Dijkstra's algorithm is also very important to pgtlanning because it serves as a basis

for several algorithms that are commonly used in both GIS and robotics. The A* (pronounced A
star) algorithm (which will be described in the next section) and many other heuristic search
algorithms are derivatives & A 21 a 0N} da | f A2NAIKY D 5A21a0N) Qa
widely used as the basis for many robotic path plag algorithms (Dolgov 2008giRholtz
2008,and Bach&008) It is also important to note that Dijkstra's algorithm has a grid dase
analog, described in greater detail in a later section, that is widely used to derive least cost path
solutions using a grid based model.

Dijkstra's algorithm provably finds the shortest cost path from one point to another
without any additional informaon about the graph or edge weights. However for real world
path planning, Dijkstra's algorithm can be computationally inefficient because a global structure

often exists that can be used to further optimize the searching algorithm. Specifically, there



may exist a simple function that gives a lovmundestimation of the graph distance between

a given node and the destination node. For example, in a road network where the edge weights
represent road lengths and nodes represent road intersections, timemim possible distance
between any node and the destination node is the Euclidean distance between the two
corresponding intersections. The A* algorithm, first presented in Hart, Nilsson and Raphael
(1968) uses this minimal heuristic measurement to improve path finding efficiency over
Dijkstra's algorithm. An example of a minimum heuristic is giv&mrior! Reference sourgnot
found..

Formally, the minimal heuristic is a simple measure that is guararitebd less than or
equal to the shortest graph distance between two given nodes. In most path planning
algorithms theEuclideardistance is used as minimal heuristic between two nodes because it is
simple and easy to calculate, but a minimal heuristit lsa any function that meets the
previous criteria. The speed up is largely based on the quality of the heuristic; the better the
minimum heuristic estimates the shortest graph distance, the larger the speedup over standard
5A21a0NrQa f3I2NAGKYD

TheA* algorithm uses two main strategies to

Curvyville
S increase efficiency. First, the A* algorithm uses the path
distance from the source plus the given minimal heuristic
measure to the destination to determine the search order
- of potential nodes. This strategy wotscause this value
Bendtown represents the minimum possible path distance through the

. iven node and also generally serves as a good estimation
Hokie City g g y g

of total path length. Second, it uses the heuristic to prune
Minimal Heuristic:

Euclidean distance
represents the minimum  minimum possible path distance (again the path distance
possible road distance

from Curvyville to Hokie

City

Figure2.2: Example of a minimal heuristic - gjven node with previous computed path lengths.

the search tree of unnecessary branches by comparing the

from the source plus the minimal heuristic) through the

The A* algorithm is generally preferred over



Dijkstra's algorithm to solve path finding problebmscause of its increased efficiency. Still
there are a few drawbacks: The A* algorithm doesn't calculate the shortest path from a source
to every other node, just to a given destination node. Additionally, the speedup is largely
dependent upon the heustic used, whicltan changdased on the underlying cost function.
Therefore the A* algorithm is primarily useful in specific applications, suchahiole route
planning, where the cost equation is well defined and suitable heuristics can be deteérmine
ahead of time. In general GIS costdeling the A* algorithm has mneeen widespread use.
Network based path planning, as implemented in modern GIS, was outlined in detail in
Lupien, Moreland and DangermoitO87). In this paper, the authors present a framework for
using GIS data to parameterize and solve network problem in GIS systems. They also outline
how standard GIS conventions can be effectively extended to create network datasets and to
solve network lased problems. They also discuss solutions to common problems that occur in

GIS analysis, such as road based resource allocatid travel time estimation.

2.3 Grid Based Path Planning

Network based path planning is very usefliemthere exists dixed sé of paths to
chose from. But for a general case with unstructured terrain and off road driziggd based
path planning technique is more appropriate. Such algorithms represent the terrain as a
discrete gridvhere each cell has a cost to move throudie least cost path in a gridded
algorithm is the collection of cells such that the cost of moving from the center of a source cell

to the center of a destination cell is minimized.

2.3.1Node/Link Representation

Most grid based path planning algorithms aetated forms of the network based
algorithms outlined in the previous section. In order to apply the network based algorithm to
the raster data, a node/link representation is used. In this representation, the gridded data set
forms a lattice in which ez cell center represents a node with edges to its direct neighbors.
Edge weightare assigned based on cost values of the two adjacent cells and the travel

direction as well as other potential directional weights. Ushig imethod GIS implementations
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algorithms on the raster datasets.

Node Link Representation in ESRI Cost

Accumulate Function cosz:_ﬁ(fzw)
_(4+B)

\

Cost

A B A o

O

“ D e [ B

Cost of traveling from one cell to an adjacent oneis based on the average
cost values of the adjacent cells relative to the distance traveled.

Figure2.3: Node Link Representation

2.3.2Accumulated Cost Surface
Most GIS systemihat implement agrid based path planning algorithrmcludean
accumulated cost surface method@his method uses a cost layer that represents the relative
difficulty of moving through a particular cell and then finds the path from as®aell to a
dedination cell (through cell centershat has the least total costhis is accomplished by
creating a layercalled an accumulated cost surfagewhich

6 | 7| 8
A

each cell is accumulated cost of the shortest path from that

cell to the given source cell. Simultanesly, a laygrcalled a

backtrack layeris generatedn whicheach cell represents

5+~ 0-—1+1

the direction to the previous cell in the shortest path.sidg

this backtrackayer aleast cosipath can be traced from any
4 3 2 cellback to thesourcecell.

Backirack Direction as From a conceptal point of view, theaccumulated
specified inArcGIS cost surface and backtrack layer are generated uging

Figure2.4: Backtrack direction values modified Dijkstra's algorithm on the node/link grid
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representation of the codiayer. In relation tdFigure2.16 5 A 2 1 a (i NJ tiedacclniul@tedNA ( K Y U
surface stores the list of shortest distanealueswhile the backtrack layer stores a value that

represents the next neighbor along the least cost path. Since each cell location is only

connected to its neighbori® the node/link representatin, the backtrack value can be

represented as an integer in the range of one to eight that specifies the specific neighbor cell

along the least cost path. The exact values used in the ArcGIS implementation are given in

Figure2.4(ESRI 2007)

Inputs Iteration 1 Iteration 2 Iteration 3
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Create an accumulated cost and backtrack layer at the same size as the cost surface layer

Mark the source cells as visitegl] ). Initialize the backtrack and accumulated cost layer to zer

location of the source cells. Update the backtrack and accumulated cost of possible neiC=J9rs (

3. Select the neighborf] ) with the least accumulatedasibe currentcell @ ).

4. Mark the current cell as visite@@ ). Update the backtrack and accumulatéayenstbasedn cells
reachable fronthe current cell. Update list of possible neighbd] ).

5. While there are still cells not visited repeat from step 3.

N

Figure2.5: lllustration of cost accumulation algorithm

An illustration of thefull algorithm for generating the accumulated cost surfacel
backtrackayer is mcludedin Figure2.5. Theinputs for this algorithrmare a positive value cost
layer and a binary layer indicating source poifiairing the update step adlgorithma new
accumulated cost and backick value is calculated foll éhe nonvisited neighbors of the

current cell During this update stefhé cost of traveling to a neighboring cell is calculated
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using the edge weights of the node/link representation. That cost is added to the accumulated
cost value for the currentadl to get potential accumulated cost for the neighborthBre is no
accumulated cost set for that neighbor or the current accumulated cost value is less than a
previously calculated accumulated cost value, éiseumulated cost ispdated and the
backtrack layer is set tthe value that representthe direction from the neighboring cell to the
current cell.

Accumulated cost surface based path planning has several advantages that make it very
useful for GIS applications. The primary advantage is thatatster cost layer can be easily
derived from other raster based GIS layers using simple map algebra. Raster cost parameters
can also be easily derived from pegisting gridded data sources, such as gridded Digital
Elevation Models (DEMs), remote semgsimagery, or derived sources such as land cover
classifications An exampleof using elevation and vector data to generate a cost msagven in

Figure2.6.

Elevation » »
Calculate Reclass
Slope
Raster
Boundary - Boundary -
( Polyline ( Reclass
to Raster

Figure2.6: Exampleof cost surface generation
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There are several drawbacks to the standard accumulated cost surface model. First,
there is inherent distance based error that arises due to cellular motion being restricted to 45
degree increments. While there are methods tarext for these errors, the implementation is
complex and is typically not used in most Giflementations Second, because the
I OO0dzydzt i SR O2aid adaNFIF OS Y2RSt dzaSa 5A21aiNIQ

when compared to similar A*lgorithms.

2.4 Path Planning in Autonomous Vehicle Navigation

Path planning in autonomous vehicle navigation is a diverse field that encompasses a
broad range of techniques and strategies. The term 'path planning' in robotics can be used to
describe everthing from determining the flighpath of robotic helicopters to planning the
movement of a robotic arm on an assembly line. Therefore, the solutions for solving a path
planning problem vary widely based on the capabilities of the vehicle, the operating
environment, and the parameters of the path planning problem itself. In order to simplify the
discussion, this paper is going to focus on path planning for a ground based autonomous vehicle
and will give a broad and practical overview of the key concepts.

Path planning for autonomous ground vehicles is usually implemented as@chlem
of motion planning. Motion planning is defined as the process of determining a continuous
motion from one given position to another through a configuration space whileap
obstacles. A configuration space is generally defined as the set of all possible positions for the
robot (Latombe 1991, LaValle 2006). This approach to path planning ensures thaatknem
constraints are considereahnd that the resulting paths wibe drivable. Also the resulting paths
can be defined in terms of vehicle states, such as steering angle and speed, further simplifying
integration of motion planning @ autonomous driving

Since the configuration space is potentially infinite, diseneg the configuration space
is an important part of solving the motion planning problem. There are two basic approaches
described in LaValiR006) One method involves creating a path by decomposing a
mathematical representation of the configuration space. Algorithms based on this approach will

always give a solution if one exists, however they are usually not computationally feasible for

13



reaktime path planningvith many obstaclegl.aValle 2006) The second method involves
sampling the configuration space and then generating a path along these sampletheoksl
While different sampling schemes are common in the literature, in practice autonomous
ground vehicles usdat @ dzaS | fFGGAOSR 2NJ INAR o6FaSR NBLN
GKAOK Aa GKSYy a4SIFNOKSR dzaAaAy3 GKS LINB@GA2dzate R
algorithms).
Most general motion planning algorithms are theoretical solutions to a defihed
problem. Specifically most of these algorithms assume a complete representation of the world.
The reality of path planning in a real world problem is much more complex. A tealoawous
vehicle must integrata-priori information with live serns data while facing hard constraints
on processing time. The next section examines the DARPA Urban Challenge as a
comprehensive autonomous vehicle problem and details two different solutions to motion

planning that were used successfully in the challenge

2.4.1The DARPA Urban Challenge

A description of The DARPA Urban Challenge is included for three reasons. First, the
DARPA Urban Challenge represents a fairly comprehensive autonomous ground vehicle
application, encompassing many of ttdficult problems inwlved in autonomous vehicle path
planning. The descriptions of the algorithms and systems used in the DARPA Urban Challenge
form a body of literature that describes staté-the-art solutions to this comprehensive
problem. Second, the autonomous vehiplatform that is used in this research was originally
developed for the Urban Challenge and therefore a certain familiarity with the competition
itself will be useful in understanding the system as a whole. Third, this research is a direct result
of previaus research done for two DARPA challenges

In brief, the DARPA Urban Challenge was a competition to build an autonomous ground
vehicle that could navigate through an urban environment and interact with traffic while
obeying California traffic laws. Held Victorville, California the competition consisted of the

National Qualifying Event and the Final Event for qualifying vehicles.
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The DARPA Urban Challenge required that an autonomous vehicle follow an ordered list
of checkpoints in a road network. A gihfied representation of the road network was supplied
as apriori information in the form of a Route Network Definition File (RNDF). This file
contained information about roads, road intersections, and unstructured zones. The RNDF
represented roads as@llection of lanes with the associated metadata such as the number of
lanes, the travel direction, and the lane width. Each lane was represented as a series of
waypoints marking the lane centerline. Some of these way points were marked as checkpoints
and others marked as entrance and exit points that connected the lane to the rest of the road
network. Missions were specified using a Mission Definition File (MDF) that listed checkpoints
that had to be visited in order. The Mission Definition File alsdasos information on route
speed limits.

While the Urban Challenge rules stated that waypoints for lanes and zones could be
inaccurate, in practice the waypoints for each lane were surv@gstitute of Navigation 2008)
Thewaypoints therefore represented fixed reference points as to the position of a road on the
map. There was a significant amount of data gathering and surveying that needed to be done

on the course in order for the vehicles to operate.

2.4.2Path Planning in tle Urban Challenge

There are two implementations of practical autonomous vehicle path planning algorithms that
gAft 0SS RAAOdzZZAASR® hyS AYLIX SYSyidlGdAaz2y Aa GKS
Odin. Most of the information on Odin was derivedrfr the DARPA Technical Report

(Reinholtz 2007)an article written by the team for the Journal of field Roboti®aoha 2008

and firsthand knowledge. The other implementation will be the motion planning algorithm

ud SR Ay {dFyF2NR wl OAy3dQa SyidNeops){ilyfSes I yR

2.4.30din

Named after the Norse god of knowledge, Odin is a 2005 Hybrid Ford Escape that has been
modified for autonomous operation. Thellowing is a simplified description which can be

used as a starting point for understanding the implementation outlined in this research. For
SEIYLX S5 (KA& SELSNAYSYy(d R2Sa y2G NBIldzANB (KS
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ignored that partof the implementation. A full deeription of Odin is given ireRholtz (2007)
andBacha (2008

In terms of hardware, Odin is equipped with several sendwsare critical for
autonomous operation For psitioning, Odin uses a Novatel Propak LB+ which provides a
filtered INS and GPS solution. In the best case this system provides localization accuracy within
10 cm. The vehicle uses several ground based LIDAR sensors, thrplheulaser
rangefinders ad four singleplane rangefinders, for obstacle detection and avoidance.

Complex onboard motion planning systems keep the vehicle away from sensed obstacles while
also being able to follow the given road path.

Path planning on Odin was a tvetage process The simplest level of path planning
took the checkpoints specified in the MDF and used a graph representation of the road network
(given in the RNDF) to determine the shortest path of travel along the road network using the
A* algorithm. Edge weighisere assigned using a model of estimated travel time. This travel
GAYS Y2RStf ¢l a RSNAGSR dzaAy3d SIFOK NBIFIR &aS3vySy
using estimated time values for specific events such as stopping intersections, performing a U
turn, and entering a zone. Once the shortest route along the road network was determined, a
splined representation of that route was turned into lane boundaries and used as an input into
the more complex motion planning system.

Motion planning on Odin was silar to many of the previous grid based path planning
algorithms in that it used an underlying grid based cost map. This cost map was configurable,
but the final configuration used was grid with a square cell size of 0.2 m extending 30 meters in
front of the vehicle and 15 meters to the sides and to the rear. The values of the costenap

~Y A L ooA X oA

derived from a combinatio®@ ¥ 20 aidl Of Sa RS (S Ohodriksengardayidthell KS @

da'y

lane boundaries, which were used to create a virtual boundary arounduient lane of

travel. All costs were represented abid values for which the cost decreased based on the

distance from the obstacle, thus creatinge@ft boundaryaround potential obstaclesOther

costs such as distance from the road centerline ancktwere als used based on the situation.
Once the cost map was created, a trajectory search was performed to find a given set of

goal configurations based on a configuration space consisting of the vehicles desired position
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and orientation. This searahkas performed using a standard A* search algorithm on a
regularly sampled configuration space where graph edges represented the predicted results of
a finite set of future actions. In this case these predictions represented the results of driving at
a catain speed with a certain turning rate for a specific amount of time. To increase efficiency
these predictions were preomputed using a model of the vehicle dynamics.

This approach was fairly robust and flexible in that allowed collig®ea motion
planning even with varying vehicle behaviors. In fact this motion planner was the basis for both
the road and zone driving. However because this method used a grid based coshdtdye
vehicles state was discredited on cell centelsving smoothness wadargely dependent upon

grid size.

2.4.4Path Planning in Stanley
{01 YyTF2NRQa SyuNR Ayid2 GKS 5!wt! !'NblFy OKIf
motion planning scheme that combined several different motion planning ideas into one
algorithm. Atitscore, 8ty f S@ Qa Y2GA 2y LI} | yYAY Jikelsda@? NA (0 KY A
algorithm. However, Dolgov, et @008)modified the standard A* algorithm to allow for a
continuous position (using a vector field based methalkgreby eliminating some discrete
error. A potential field based on\éoronoi diagranof the drivable area was used to assign
travel cost. After the original path was found, a Horear optimization was performed to
smooth and condition the resultinggath.
Dolgov et al(2008used two methods to increase search efficiency. First, special A*
heuristics were implemented to prune the search tree and second, analytical methods were
used to extend the search tredn terms of search heuristics Dolgov (2008) used linear
programming (another analytical pafimding method) to determine ahortestpossiblepath
through the obstacle gridnd used that as a minimal heuristic. Alsopgne-computed paths
without obstaclesand used the resulting paths a minimal heuristics in the-tiga¢ motion
planning algorithm.The Stanford Paper also used analytical motion planning algorithms,
specifically the Ree8chlep motion planning algorithm, to quickly extend the se&i®é in

areas without obstacle
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This algorithm represents a complex motion planning algorithm that includes many
ideas from both discrete and analytical motion planning strategies. Additionally, the hybrid of
the A* algorithms with vector field path planninguseful for speeding up algorithmsahdo
not use the standard nodénk gridded model (such as the algorithm used in this resedoch)
trace back the least cost pathrhis algorithm is also an example of a path planning algorithm
that uses path smoothimin order to condition the patfor drivability. Finally, many of the
path processing ideas used in this research, such as the vector field based path tracing and the

smoothing step, were inspired by methods used in this algorithm.

2.4.5Critique of the DARPE&hallenges

One critique of he DARPA Challenges is that they relipdn carefully surveyed
waypoint data. Basic waypoint following behavior served as the basis for almost every action
any vehicle performed in all of the challenges; most of the intergdbi@haviors were treated
as exceptions to waypoint following. As Norm Whitaker , the DARPA program director for the
Urban Challenge, commented about the first two challenges in an interview for the Institute of
bl @AILGA2YY G9AITKIEE HLIEDNOBFIt 2FA YiK So A VBEY i KBS
LISNODSyYy G GKI G 2 dzYIhsitutedat Navigation 2008)iVGile thed @dzt Challenge
was much more dynamic than the first two Grand Challenges, several of the tedimedist
on the waypoints given in the RNDF for basic navigation. In practice however this reliance upon
surveyed data limits the efficacy of autonomous vehicle technology in hazardous, hostile, or
simply unknown environments. While waypoints can betidegd manually from remote
sensing data, research into automated methods is important in ordeletveasedeployment

time.

2.5 Previous Research at Virginia Tech

As part of the first and second DARPA Grand Challenge teams at Virginia Tech, two
theses were witten on automated path planning using remote sensing and GIS data (Stahl

2005, Poudel 2007). While the procedures outlined in both theses were never used to drive an
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autonomous vehicle, they both contain interesting methods and identify significarésssu
involved in implementing a remote sensing based path finding algorithm.

Stahl (2005) used one foot contour data taken from surveys around the Virginia Tech
campus along with road line data to create paths using different factor weights. He then
performed a variability analysis on the resulting paths to examine the impact that different cost
model exponentiations had on the resulting path both with and without road factors. The work
was done using a combination of IDRISI Kilimanjaro for the acitiaptanning and ArcMap for
the path analysis.

Stahl (2005) introduced several interesting concepts including a method of
incorporating GIS road data into the path finding process. Stahl (2005) also has a brief
discussion on how an A* algorithm could &eplied Still the method described in Stahl (2005)
used GIS road data and surveyed elevation as the primary inputs, both of which reithere
the availability of goriori data ormanualprodudion. In the conclusion, Stahl (2005) also
discussed the eed for a smoothing algorithm to smooth the paths produced by his method.

Poudel 2007) developed a procedure that used the first return from aerial LIDAR data
to identify obstacles such as buildings and trees and incorporate that informatioma sitpe
based cost model. While the actual cost model presented in Poudel (2006) was much simpler
than the one presented in Stahl (2005), the obstacle identification procedures resulted in paths
that had a much higher confidence of being navigable than thoseubed the bare earth
elevation method presented in Stahl (2005). Still, unlike Stahl (2005) the method dutline
Poudel 2007) R A Rtgk®iiito account road data, though the paths generated through this
method do tend to follow roads due to the cost oh&l used and the accuracy of the data itself.
However the paths do not tend to track the centerline of the roadways very well. Additionally,

the paths generated are jagged and nearlydrivable because of sharp bends and oscillations.

2.6 Summary

In summarythere is significant literature on the general path planning problem in the
realms of GIS and robotics. However, most of the research in the former is conceptual and

most of the research in the latter uses very structured, preplanned datasets to do the
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underlying route planning. The purpose of this research was to bridge the two fields and
develop a long range (i.e. beyond the range of the vehicles sensors) path planning algorithm
that used remote sensing data to automatically generate paths that witiribven by an
autonomous vehicle. In doing so, this experiment would also validate some of the methods
developed by previous researchers and serve as a starting point for further research into

remote sensing based autonomous vehicle path planning.

20



Chapter 3: Autonomous Vehicle Path Planning with

Remote Sensing Dat&

*This chapter is a manuscript in preparation for submission to the 2009 Meeting of the American
Association of Geographers

Aaron Dalton, Bill Carstensen

Department of Geography, Virginia Polytechimstitute and State University,

Blacksburg, VA 24061

Abstract: Long range path planning for an autonomous ground vehicle with miniprara

data is still very much an open problem. Previous research has demonstrated that least cost paths
generatedrom aerial LIDAR and GIS data could play a role in automatically determining

suitable routes over otherwise unknown terrain. However, most of this research has been
theoretical. Consequently, there is very little literature dealing with the effectsvehtisese

techniques in plotting paths for an actual autonomous vehicle. This research aims to develop an
algorithm for using aerial LIDAR and imagery to plan paths for a full size autonomous car.
Methods of identifying obstacles and potential roadwsey® the aerial LIDAR and imagery are

revi ewed. A scheme for integrating the path
existing systems was developed and eight paths were generated and driven by the autonomous
vehicle. The paths were then brzaed for their drivability and the model itself was validated

against the vehicle measurements of slope and position. The methods described were found to

be suitable for generating paths both on and off road.

3.1 Introduction

The state of the art of autonomus vehicles has advanced significantly over the past ten
years, due in no small part to the exposure and incentives offered by DARPA's Grand Challenge
and Urban Challenge competitions. These challenges have shown that autonomous vehicles can
obey traffic Aws, avoid static obstacles, and interact with moving vehicles. But while modern
sensors and software can classify situations within a few hundred meters of the vehicle, most

autonomous systems still need external data to give themider spatialperspecive. For
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example, the drivable roadways and paths used in both challenges, with few exceptions, were
well surveyed prior to the competition. Most autonomous ground vehicle implementations
have followed the same basic assumption that accurate and propamyattted information on
usable routes exists for the area in which the vehicle operates. This has led to a reliance on data
gathered specifically for the autonomous vehicle and has limited autonomous vehicle operation
to known predetermined routes.

One wayto overcome these limitations would be to use remote sensing data such as
aerial imagenandaerial LIDAR to determine potential drivable paths in a ssumtomated
fashion. Such a solution would have several benefits over alternative methods. Aeriéremo
sensing data is widely used and is well understood. Data acquisition is a routine procedure and
aerial remote sensing data is either commeilgialailable or can be captured through
commercial services. Additionaglsoftware and algorithms exist to @cess and store aerial
remote sensing data. Previous research on vehicle path planning has focused on the use of
aerial LIDARata (Poudel 2007)Aerial LIDAR is especially suited to path planning for several
reasonsFirst, aerial LIDAR data can have a very high spatial resolution and vertical accuracy.
Furthermore,it records the distance to physical objects thus important path planning features
such potential obstacles, terrain slope, and terrain roughness can ldeedeirom aerial LIDAR
data.

While previous research (Poudel 2007, S2005) has demonstrated that methods
using only remote sensing and @k8a generateeasonable paths, there is still an open
guestion as to whether similar methods could be succdlysimplemented to execute a drive
by an autonomous vehicle. Also, there are additional implementation details that must be
considered in order to tura GIS path into a form that an autonomous vehicle can follow.
Furthermore, any method developed to soltres problem must be compatible with the other

operational systems of the autonomous platform including obstacle avoidance.
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3.1.1 Problem Statement
The purpose of this research was to implement an autonomous vehicle path planning
algorithm using aerial DAR and remote sensing imagaryd then drive the computed
pathways with an autonomous vehiclé successful method would help to answer the
following questions:
e Can the methods described in previous research (Stahl 2005, Poudel 2007) be implemented
to determine a route for driving an autonomous vehicle?
¢ What would a practical implementation of these methods look like?
e What are issues encountered when implementing these methods on an autonomous

vehicle in conjunction with other systems?

3.2 Previous Work

The idea of using GIS and remote sensing techniques to aid in autonomous vehicle path
planning has existed for several decades. Possibly the first paper to discuss the subject was
Zimmerman (1985) who discussed GIS requirements for autonomous vehiciiope In the
literature, GIS implementatiortsave served as repositories of geographic information for
autonomous vehicle navigatighi, Zheng and Cheng 20(8knivasan, Jonathan and
Chandrasekha2004)and as an interface to support autonomous vehicle operatidsguro,
et al. 2005) GIS databasdave also been incorporated into dynamic world model
implementations for robotic and autonomous vehicles, aplagation with a direct relationship
to autonomous vehicle path plannirfent 2007)

Several autonomous vehicle applications have used remote sensing or GIS technology.
The most widespread adoption has been in the fidldgricultural vehicle automation. The
agriculture industry has a long history of using GIS and remote sensing technaksgy in
YEYEFE3ISYSyid LINI OGAOSasz a2 Ad0Qa y2 &dz2NLINRAS (KI
incorporate these technologies agll. Several papers have discussed the potential of GIS and
remote sensing relative to path planning for agricultural purposes (Blackmore, et al. 2004,
Xiangjian and Ganh 2007Blackmore, et al. (2004)escribed the system requirements for a

fleet of autonomous tractors and discussed the integration of GIS and remote sensing into a
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centralized management systetimat would control the vehicles and serve as a repository of
data gathered by the fleeKiangjian and Ganh (2007) developed a Navigational Gpbig
information system that combined a GIS system with a path searching algorithm to control an
autonomous tractor. Their system was capable of planning paths between given waypoints in
an open field and used GIS software to digitize the path poindsdisplay a preview of the
planned path. They did not use any GIS or remote sensing data to plan their paths however.
Other applications that have incorporated a GIit® Butonomous vehicle planning include
security(Meguro, et al. 2005)Meguro used GIS software to control a fleet of autonomous
security vehicleand to view data from the entire autonomous systeifhere is also a history

of using GIS and remote sensing technologhé&DARPA Grand and Urban Challesthat

were the originalimpetusfor this research.

3.2.1Accumulated Cost Surface

Most GlSmplementationsthat incorporategrid based

6 V4 8 path planning algorithms include an accumulated cost surface

T method. This method uses a cost layer that represents the
5+~ 0-—1>1 relative difficulty of moving through a particular cell and then

1’ finds the path from a source cell to a destination cell (through cell
4 3 2 centers) that has the least total cost. This is accomplished by

Backtrack Direction as creating a layer, called an accumulated cost surfacehich
specified inArcGIS
Figure3.1: Backtrack direction each celholds theaccumulated cost of the shortest path from
that cell to the given source cell. Simultaneously, a layer, called a
backtrack layer, is generated whicheach cell represents the direction to the previous cell in
the shortest path.Using this backtrack layer a path can be traced from anyaeK to the
source cell.
Most grid based path planning algorithms are related forms of network based
algorithmsa dzOK | & 5 A 2 érdeiNd aRlya netwoRk bdsgd algorithm to raster
data, a node/link representation is used. In this representation, the gridded data set forms a

lattice in which each cell center represents a node with edges to its direct neighbors. Edge
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weights are assigned based on cost values of the two adjacdstacel the travel direction as
well as other potential directional weights. Using this methodi@@ementationscan apply
YySUg2N] f3IA2NAGKYA &ddzOK a !'fF FYyR 5A214a0GN) Qa

raster datasets.

Node Link Representation in ESRI Cost

Accumulate Function cmrz—‘/i(’;w)
_(A+B)

\

Cost

A B

C D

Cost of traveling from one cell to an adjacent one is based on the average
cost values of the adjacent cells relative to the distance traveled.

Figure3.2: lllustration of node/link representation

From a conceptual point of view, the cost accumulation step uses a modified Dijkstra's
algorithm on the node/link grid representation of the given raster layer as the pattcke
method. Since each cell location is only connected tiriteediateneighbors in the node/link
representation, the backtrack value can be represented as an integer in the range of one to
eight that specifies the specific neighbor cell along the least path. The exact values used in
the ArcGIS implementation are givenFigure3.1(ArcGIS 2008).

An illustration of the full algorithm for generating the accumulated cost surface and the
backtrack layer is included Figure3.3. The inputgo this algorithm are a positive value cost
layer and a binary layer indicating source points. During the update stée afgorithm a new
accumulated cost and backtrack value is calculated for all thevisiird neighbors of the
current cell. During this update step the cost of traveling to a neighboring cell is calculated
using the edge weights of the node/link representation. That cost is added to the accumulated
cost value for the current cell to get pattial accumulated cost for the neighbor. If there is no

accumulated cost set for that neighbor or the current accumulated cost value is less than a
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previously calculated accumulated cost value, the accumulated cost is updated and the

backtrack layer iset to the value that represents the direction from the neighboring cell to the

current cell.
Inputs Iteration 1 Iteration 2 Iteration 3
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Create an accumulated cost and backtrack layer at the same size as the cost surface layer

2. Mark the source cells as visitegl] ). Initialize the backtrack and accumulated cost layer to zer
location of the source cells. Update the backtrack and accumulated cost of possible neiZZJ9rs (

3. Select the neighborf] ) with the least accumulatedasibe currentcell @ ).

4. Mark the current cell as visite@@ ). Update the backtrack and accumulatéayenstbasedn cells
reachable fronthe current cell. Update list of possible neighbdT] ).

5. While there are still cells not visited repeat from step 3.

Figure3.3: lllustration of cost accumulation algorithm

Accumulated cost surface based path planning has seadkeantages that make it very
useful for GIS applications. The primary advantage is that the raster cost layer can be easily
derived from other raster based GIS layers using simple map algebra. Raster cost parameters
can also be easily derived from peristing gridded data sources, such as gridded Digital
Elevation Models (DEMSs), remote sensing imagery, or derived sources such as land cover
classifications. An example of using elevation and vector data to generate a cost map is given i

Figure3.4.
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Figure3.4: Example of cost surface generation

However, thereare several drawbacks to the standard accumulated cost surface model.
First, there is inherenpath distance error that asesfrom the restriction ofto 45 degree
increments. While there are methods to correct for these errors, the implementation is
complex and is typically not used in most gbplications Second, because the accumulated
O2aid adz2NFI OS Yade&hm, itdsaefatvelbsior fpripathNataihing when

compared to similar A* algorithms.

3.3 GIS and Remote Sensing in the DARPA Challenges

The DARPA challenga® unique in the field of autonomous robotics as they form a set
of standardized problemdait were investigated by several dozen research groups, each with
vastly different approaches. The DARPA challenges form a benchmark by which different

autonomous vehicle methods can be compared. Over the course of the two DARPA Grand
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Challenges and thBARPA Urban Challenge, there have been several teams that have used a
combination of remote sensing and GIS techniques to aid in path planning.

Toth (2006) described the mapping support system developed at Ohio State University
and usedn two DARPA Gral Challenges by Team TerraMax and Desert Buckeye respectively.
This mapping system served two purposes. First, there was an interactive component that
visualized the given DARPA waypoints along with DOQQ imagery, SRTM topography, and
vehicle dynamicsUsing this system, the given waypoints could be analyzed and new waypoints
added or the corridor width changaedanuallyto increase the drivability of the given route.
Second, there was a real time mapping system that used the onboard GIS data aloreaWith r
time sensor input to plan a path if the given DARPA waypoints were too sparse or if the vehicle
moved a long distance from the predetermined path due to obstacle avoidance. In what would
become a common theme however, these systems were rarely useslse the given DARPA
waypoints were unexpectedly dense.

Another implementationpriefly outlined in Goldberg (2004), was remarkable because
GIS software was used in almost every aspect of vehicle planning. Goldberg (2004) hinted at a
system which useddih raster and vector path planning methods to improve the given route
information, developed a GIS workflow for manual digitization, and made use alajabases
for backend storage. Sitill, these methods were never formally described and the teantdid no
finish the DARPA Urban Challenge.

3.4 LIDAR Processing

The LIDAR processing routines used in this experiareniargely an extension of
methods used in Poude2Q07). Poudel described a process for deriving a viable cost surface
for use in autonomous patplanning from aerial LIDAR. Poudel fillsintified obstacles from
gridded firstreturn LIDAR data using standard morphological operationsaasmjnedhem an
arbitrarily high travel cost. The method of separating obstacles from the LIDAR data ve&s larg
based on the results of Weidner and Forstner (1995) and Morgan and Habib (2000) dealing with
the separation ofibove groundbjects from the ground surface using aerial LIDAR data. After

likely obstacles were indentified, Poudel thesedthe LIDAR datto calculate slope values and
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assign costs to different value classes. A final cost surface was then derieechlbyingthe
obstacle and slope costs.

Extracting features and surface information from raw LIDAR point cloud data is a very
difficult problem, so most algorithms convert the LIDAG cloud to a grid based Digit
Surface Model (DSM) Poudel (2006) used triangulation with linear interpolation to derive a
DSM. Qurrent research shows that for a sufficiently dense LIDAR dataset relativielteize

there is little differenceamonginterpolation methods (Goncalves 2006).

3.4.10din- The Autonomous Platform

hRAYZ *+ANBAYAlI ¢SOKQAa SyuNEB Ayid2 GKS 5! wt!
vehicleplatform for this experimen{Figure3.5). Named after the Norse god of knowledge,
Odin is a 2005 Hybrid Ford Escape that has been modified for autonomous operation. The
following is a simplified descriptidn be used as a starting point for understanding tregh-

findingimplementation outlined in this paperAsthis experiment does not require the vehicle

to follow any traffic behaviorghis part of theoriginalimplementation is not described. A full

description of Odin is given Reinholtz (2007) an®Bacha 2008).
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Odin is equipped with several sensors that work together to enable autonomous driving.
For positioning, Odin uses a Novatel Propak WBich provides a filterechértial Navigation
Systemand Gobal PositioningSystemsolution. In the best case the localization accuracy is
within 10 cm. The vehicle uses several ground based LIDAR sensors, thiglaheuaser
rangefinders and four sgle-plane rangefinders, for obstacle detection and avoidance. A
complex onboard motion planning system helps Odin avoid obstacles while following a
predetermined path.

The fundamental problem in the DARPA Urban Challenge was to drive to specific
waypoirts in a predetermined road network while avoiding obstacles and obeying traffic laws.
The road networkvasdefined by a Route Network Definition File (RNWIf) the target
waypointswere defined by a Mission definition file (MDF). In general, the fite $n
autonomous operatiorwasto determine a global route through the road network that most
efficientlyvisitedthe points specified in the MDF. Once this global rauésdetermined a
two dimensional representation of the road surfasasconverted nto boundaries for a small
cost surface. Obstacles detected with riale sensors onboard the vehiolere then added
to the cost surface and a motion planning algoritii@asrun to calculate vehicle commands
needed to reach a certain target point and egity. The vehicle #n movedand the process
wasrepeated until all the specified waypointgere visited.

In order to perform this experiment arftave Odirdrive the-generated pathsthe
output of the path planning algorithms wasnverted toan RNDFrad an MDF. The RNDF
specified a simple onkane virtual road with a constant lane width corresponding to the
average lane width of a twtane road as reported by the Virginia Department of
Transportation(12 feet) This virtual road represented a patbrh the@ S K A ddrfeftQ a
position to the chosen destination. The MDF specified the last point in the RNDF as the target
point. Conceptuallythe path finding algorithm simply defined a fixed width corridor through
which the vehicle operated. Withinth@2 NNA R2 NJ 6 KS @OSKAOf SQa y2NXI f
guide the vehicle past obstacles that might hatve been evident ithe remote sensing data

either because of scale of representation or changes sined.tDARlata were flown in 2005
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This implemeration had several benefits. First, it was simple and required no
modificationof existing vehicle systemshd path finding algorithm coulthen be tested
independently from the rest of the vehi&esoftware No additional considerations were
needed todeal withobstacles close to the predicted path as the vel§ctaboard systems
would avoid them

The obstacle avoidance routines also presergetheproblems however. The obstacle
detection algorithmswere tuned for operation on roadwaysdnot configuredfor off-road
use Small features such as overhanging branches, tall undergrowth, and large potholes were
seen as obstacldsy Odinandoccasionallympeded vehicle progress. Additionally, large
obstacles thatook up the entire virtual lane wereninavigable because the vehicle is
programmednot to go beyond the boundaries a8 virtual road and the virtual road was too
narrow to allow the orboard systems to bpass such obstacle$n thesecases, the vehicle

would stop awaiting further inputrdbm the human driver.

3.5 Path Planning

In general, a good path for an autonomous vehicle would be exactly the same as the
path a human driver would choose. This means following roads whenever possible carefully
weighing tradeoffs between driving distanakfficulty andobstacleavoidance Additionally,
because the path is described by waypoints, normal sampling constraints must be met;
waypoints must be sufficiently dense. Finally, when developing paths for an autonomous
vehicle, mechanical constraind that vehiclemust be considered. Valid paths are required to
be smooth (i.e. the rate ddirectionalchange igo berelatively continuous) and that the path
must not exceed a maximum curvature defined by the veBidlerning radius. In this
experimant, normal accumulated cost surface models were used to accomplish the first task.
Such models are good at weighing multiple factors in determining a path. To aahieve
sufficiently smooth and dense path vector field based model was used to generate path
from the accumulated surface. Lastly, a smoothing algorithm was used to produce a path that

the met the requirements of path curvature.
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3.5.1Cost Surface Model

There were three components of the cost surface madeed in this experiment. One
was abase cost layer that was derived from weighted slope classes. This component was
derived from aerial LIDAR ddiar the studyarea. The other component wasdikely road
layer that was used to reduce slopest basedn proximity to aroad centerline.This layer was
derived from tue color aerial photographyln the final model the presence of a road reduced
the base cost by a factor based on the densitylkafiyi road cells in that are&inally, obstacles
were identified and assigned a barrier tagich was then added to the combined base cost
and road factordyer.

It should be stressed that none of these methods is meant to be particularly rigorous
but rather to assure that a GIS solution for autonomous vehicle navigation is posisite
shauld it be assumed that these methods are universally applicable to every study area.
Further research is necessary to develop rigorous methods that can be applied to a broad

variety of areas.

3.5.2Study Site, Data and Data Issues

Several factors were impontd in site selection for this project. First, were sgfand
traffic considerations.The study area needed to have relatively little traffic so that testing
could be conducted safelyThe study area also should be able to be easily controlled with very
little through traffic. The study area also needed to have a mixture of sloped and flat areas to
test the influence of slope cost on the path model. Both high quality area photography and
LIDAR data needed to be readily availabletifie study area.The study area used in Poudel
(2007) and partially used in StgBD05) known as plantation road on the Virginia Tech
Campusmet all of these requirements.

Plantation road is a cluster of laboratories and buildingsleredby a small wooded
area and suwunded by agricultural fields. There is only one entrance in and out of the area.
The main road is paved with two gravel roads branching off on both sides and leading up the

hill towardsawooded area. One road travels into the woods and over a hidlds on the

32



other side. An image of the study arewjjith an overlayof all driven routes is presented in
Figure3.12.

Figure3.6: Exaggerate®D view of study area

This experimenused true color aerial photography publicly available through the Town
of Blacksburg and LIDAR data obtained from the Center for Geospatial Information Technology
at Virginia Tech and used with permission from the Town of Blacksburg. Both the aerial
photography and the LIDA@Rtawere acquired in 2005. The aerial photography is nominally 3
inch resolution andhe LIDAR has a resolution of 3 ft along $iean lineand 7 ft betweerscan
lines The aerial LIDAR used in this model appeared to have sighiia@omissiors. Large
swathes of returns were missing from both forested areas and very flat, highly reflective
surfaces such as building roofs and roadways. Examples are ghiguiie3.7. These data
omissionsare a resultof post processing done on the LIDARadanhd can cause problems when
the LIDAR points are griddeldreferably, raw geoeferenced LIDAR data would be used in this

process.

33



: . ! Lidar Points K ) ! Lidar Points

- Lot TLOETTTTT TR T

Figure3.7: LIDAR omissions douilding an in wooded aea

The first step in LIDAR processing was to grid the data using a Inverse Distance
Weighted interpolation method with a 2.5 distance weighted power, a variable radius, a
minimum of 4 target points, and a maximum radius distancg wfeters. The small radius, low
minimum number of target points and high distance weighting minimized elevation errors

caused by distant target points in the gridding process.

3.5.3Derivation of Base Cost

The base cost was derived based on a similar mefitedented in PoudgR007). A
slope calculation was performed on the gridded LIDAR data and the resulting slope values were
then separated into several classes. The lowest @lasshen assigned a base cost of one and
each subsequent cost class was @gised a cost twice as much as the previous class. The actual

cost values for the slope ranges are illustrated @ble3.1.
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Table3.1: Slope cost values

Slope Rangédegrees) Cog Value
0.0-3.294 1
3.294¢ 6.537 2
6.537¢ 12.966 4
12.966¢ 27.994 8
27.994¢ 90.00 16

Rather than the exponentiated slope cost proposed in S2005) (with an upper
bound being quadratic), this experiment usasexponential cost base arlasified values
Therefore the base cost is largely dependent on the number of classes used to segment the
slope andhe breaks used in slope classificatiomakingthe base cost algorithm highly tunable.
Thecost values for different numbers of slope das are illustrated ifigure3.8. These
relative weights are less than the values proposed in Po{al7),to allow for a higher

influence ofreducedroad coss.
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Figure3.8: Sbpe value vs. number of classes
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3.5.4Road Identification

The first step in the road identification procedure was to select a small number of
sample road points. Based on experimentation, fifteen to twenty road points are usually
sufficient to get good resudt Once these road points were selected, arcisster routine was
run on the high resolution imagery to produce 20 classes (a number determined by
experimentation). A maximum likelihood classification was then performed on the imagery to
produce a clasified image. The sample points were then used on the classified image in a
voting scheme to select the best road class. In this scheme, each sample point was given one
@208 F2NJ 0KS dzyRSNXeAy3a Oflaa Fd (Kskthen &I YLIX S
selected as the most likely road class. Finally, this road class was used in a class probability
analysis. The results of this probability analysis were then reclassified so that all pixels with a
probability greater tharor equal to 50% were ideified as road pixels and tise less that 50%
were identifiedas nonroad. The the results weree-sampled using majority reampling
scheme to he resolution of the cost map.

The previous procedure resulted in a binary image of potential road pix#ie atme
resolution as the cost layer. This result is similavi@at was used in Stahl (2005), but it is still
insufficient. ¢ hadused an interpolated vector layer that represented the raaaterline
while the results of the procedure above repreged the entirelikelyroad area.ldeally road
centerlines would have the highest valu€o accomplish thjsa 5x5 mean filter was run on the
resulting image.The filter size was chosen to be slightly larger than the virtual lane size (at 1m
resolutiona 5x5 rectangle covers 16.4 feet in both directs verses 9.8 feet for a 3x3 filter). The
reasoning was that the road pixel value should be a low estimate of percentage of road area
within a lane centered at that pixel. The mean fijpgoduced an image wdre each cell had a
value from 0 to 1, representing the average value of pixels in a 5x5 window. Thus pixels in the
center of the road (which were surrounded by likely road pixels) were given a higher value than
pixels on the road edge. This filter atselped smooth out errors caused by misclassification

due to sladows or other imagery issueginally the resulting road fuzzy logic image (R) was
rescaled using the equatiatost = ﬁ and then multiplied against the based cost. This

rescaling assured that pixels with a value of 1 (a likely road center pixel) would be one fifth the
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base travel cost of a neroad pixelwith the same slope clasSuch a scaling enhareée
probability that road cells will be used to create the output GIS path.
There are several issues with this classification scheme. First, this metirdg usable
AY FNBlIFa 6KSNB (KSNBQa

spectral difference between roads and

I L= tionRoad non-road areas as existed in the study
[ kelyRoad area. Next, small spectral differences
such as shadows caused several road
areas to be misclassifiedore

significanty, other manmade features
such as buildings were often misclassified
as road pixelsas illustrated irFigure3.9.
Clearly a morelaborate classification

schemecould have produced a better

L likely roads layer, however, practice

described in the next section were sufficient to counteract tffes of this misclassification.

3.5.50bstacle Identification

Potential obstacle coswere also calculated based on methods in Po@é07).
Obstacles were identified by first deriving a Minimum Height Surface (MHS) from the Digital
Surface Model (DSM) g repeated application of a minimum morphological filter. The MHS
is then subtracted from the DSM and if resulting value is greater than a certain threshold, the
pixel is classified as an obstacle and assigned an arbitrarily high obstaclEhieste

removed the buildings effectively from the likely roads layer.

3.5.6Final Cost Surface
The final cost surface was derived by multiplying the base cost by the road cost factor
and then adding the obstacle cost. This scheme ensured that barriers alwayv&adnegh

cost and that a road pixel had a value relative to its road confidence and slope cost.
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3.6 Path Derivation

Given a source pixel and the cost surface described above, an accumulated surface and
backtrack layewere calculated using standard accumuldteost surface algorithen Ina
standard accumulation cost surface path planning mpaeaster based path would be
generated by tracing a path of cells from a source cell to the destination using the backtrack
layer. Then the vector path would be gened by connecting the centergints of each cell in
the path. This method tends to produce very jagged paths, as angles between line segments
that make up the path are limited to fordffve degree increments. Additionally the points that
define the pathare unevenly spaced due to the diagonal path segmesitsse length is 1.414
times that of axial path segments

In order to overcome these drawbacks in this experiment, a vector field path tracing
method was used. In this method, the backtrack layer ieded to a vector fieldn which
each cell was represented as a vector with a magnitude equal to the cell size, pointing in the
direction of the next cell in the least cost path. The destination cell is then set to a vector with a
velocity of 0. This vear field therefore has only one sink at the destination cell. In order to
trace a path, a point is placed at the source and the position change is calculated using a
bilinear interpolation between the closest four vectors. This process is repeatédhanti
position change falls below a certain threshold. An illustration of this method is givegure

3.10.

38



Step 1 Step 2

A4 |
T

e = Path Point
= Path

— = Vector Field

———— = Next Point Vector

Figure3.10: Vector field path planning
Oneissue with thismethod s that at the destination point, the path can become erratic

because of overshooting the destination cell. This error can be corrected by a filter of the angle
made by the last three points. If the angle formed by the last three points is greater than a
given threshold than the last point is removed and the filter is rerun until no more points are

removed.

3.7 Path Smoothing

The last step in the process of generating the path is to run a smoothing algorithm from
the resulting points. In fact Stahl (2005) weatbout the need for a smoothing algorithm in his
conclusiomas a requirement for a practical implementation ideal smoothing algorithm
should preserve even point spacing and the general shape of the path itself. The Bouglas
Peucker algorithm, the mostommon smoothing algorithm in GIS, affects both point spacing
and overall curve geometry. The Wang algorithm (Wang, 1999), another popular smoothing
algorithm, preserves general curve geometry but still affpctisit spacing. Thereforéhe

Snakes linermmoothing algorithmwas chosen for this experime(Berghardt 2005).
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Snakes is a point displacement algorithm, meaning it moves points rather than removes
them. It preserves the general shape of the path, while also smoothing both the line itself and

the curvature of the line. The code used

e ._('\;.:’n -l YITE :‘,‘.‘ :

for performing the snakes smoothing
was an altered version of the code used

in GRASS GIS (GRASS GIS 2008) and the

. amount of smoothing was controlled by
the number of iterations of the
algorithm. In this case twentjerations
were performed to derive a smooth

. | path. The results of the smoothing
algorithmon an unsmoothed patlare

shown inFigure3.11.

Figure3.11: Smoothed vs. Original Path

3.8 Results

3.8.1Experimental Methodology

For the actual experiment, eigpaths were planned ahdriven. Each path was chosen
to test certain aspects of the implementati including obstacle avoidance, rough terrain,
wooded areaand offroad path planning. The vehicle was driven to a general starting area as
laid out in the test plan. The curremehicle position was then used as the starting point for
each path. The endpoint was chosgarthe fieldduring the test based on the test plan.
Telemetry data, including position and orientation, were captured from the onboard GPS/IMU
system continuouy at a rate of ® Hzfor the entire test. Additionally, software logs were kept
from all of the onboard components that control autonomous driving. These logs were later

time synchronized to the GPS/IMU logs and used to parse out the individual autoisannas.
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seven paths (the first path driven was a dry run of testing procedures). The generated paths for

all the runs are mapped iRigure3.12. The data presented in this report represents telemetry

logged from the beginning to the end of each autonomaows.

Figure3.12: Map of all runs
For theeighth run there was a fence that was hdetectedby the aerial LIDAR data and

therefore was not recognized as an obstacle. In order to testaaftl path planning, this

obstacle was added manually to this cost layer as se€igure3.13. Additionally, because we
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were testing in an urmowed field, which would have appeared as an obstacle to the véicle

onboard systems, onboard obstacle detection was desalbdr the length of this run.

Figure3.13: Fence manuallyniserted into cost layer

3.8.2General Impressions
The following are descriptions of each run and general impressions taken from test

notes and video analysis.

Run 1
lllustrated inFigure3.14, this was a dryun for testing procedres. It was a simple run
down the main paved street in our test area. There was a slight planned motion to the right
hand side of the road, probably caused by the parking lot affecting the value of the road factor
on that side of the road. Thisanomdlya KA 3Kf A 3K { FigureB.andFs8 I (1 dzZNB ™M Q

appears in when the run was repeated in the opposite direction in run 2.
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Run 1 Path
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Figure3.14: Map of Run 1
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Figure3.15: Profile for Run 1

Run 2
lllustrated inFigure3.16, this run was a repeat of the last run in the opposite direction.
Again this run was supposed to drive down the main paved road. The twards the
LI Ny AYy3 20 61a faz2 LINBaSyd FyR Oy 6S asSSy
image inFigure3.18. Finally, a similar anomaly was seen at the end of the run when the vehicle

ran off the road. This wsaalso caused by an anomaly in the road layer caused by a combination
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of gravel and the building on the left hand side and overhanging trees on the right. This is
AffdzadNFGSR a4 WFSIE (dz2NS

Figure3.16: Map for Run 2

H Q Figwe3.iDKS Y I LJ

o :_ - ‘

Run 2 Path

Vehicle Data

YR FNER

2,070

Profile of Run 2

2,080

Elewvation (ft)
b b b
] [} )
(5] £ o
[ [} =

2,020

1} a0 100 130 200 250 300

2mII.....l.l.......IIIIIII-I----I

350 400 440
Path Distance (ft)

a00 430 G600 630 700 7an aon

Figure3.17: Profile for Run 2
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Figure3.18: Vehicle tracking tavards side of road

Figure3.19: Vehicle in gravel
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Run 3
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Figure3.20: Map of Run 3
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Figure3.21: Profle for Run3
This run, illustrated in

Figure3.20was a more complex version of run 2 that started and ended in two different

parking lots. While the same features were seen in this route as well, the veloslyym

tracked towards the center of the road and entered the parking lot without incident.

Run 4

This run was the same as run 3, only in the opposite dire¢kgure3.22). Again this

was done in order to demonstrate repeaidty of the algorithm. Like run 3, the vehicle left the
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first parking lot and entered the second without incident. It should be noted that after the

route was generated for this run, the vehicle had to be turned because it was facing slightly in

the wrong direction. It should therefore be noted that a drawback of the algorithm is that it
R2SayQd 1S Aydz2 F002dyd GKS RANBOGAZY GKI{
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Figure3.22: Map of Run 4
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Figure3.23: Profile of Run 4
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Run 5
This run was performed to test vehicle operation along rough roads and through
obstacles. The road the very bottom ofFigure3.24 was full of potholes and dips while the
I NS tF0SftfSR a WGKS 2dzy1elFrNRQ gl a | O2ftf SOGA
road. While there was a path through this obstacle course, some of the objects were smaller

than would be expected to baetected byLIDAR. The main goal of this route was to see if the

vehicle could operate on the rugged road and avoid most of the obstacles with the

F
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Figure3.24: Map of Rin 5

48



Profile or Run &

a 200 400 B00 &0 1,000 1,200 1,400 1,500
Path Distance (ft)

Figure3.25: Profile of Run 5

The vehicle had to be taken out of autonomous mode three times during this run. The
first time was due to the potholes in the road being identified as obstacles bynbeawd
obstacle avoidance system. While the path that was generated was valid, the vehicle refused to
drive as it wasstopped by the onboard obstacle avoidance system. The second time the vehicle
was taken out of autonomous mode was because a pile dilewwhich was not in the original
data was directly in the middle of the planned path. Again the obstacle avoidance software
kept the vehicle from moving, but this time the path itself was the isdile the vehicle may
have been able to navigate arodithe obstacle if the lane widthad beenwider, the width for
this experiment intentionally set very small as a safety precaution to ensure that the vehicle
stayedon some of the narrower roads in the test areéBhe pile of rubble can be seen in the
right side of the screen iRigure3.26. Finally the vehicle was taken out of autonomous mode a
third time, when it failed to recognize an obstadley W K Stha® dag §lightly MiFh@ path,
causing a collision danger.Stil the path that was planned appeared valid and most of the
issues during this run were either caused by the age of the data or by the onboard obstacle

avoidance systems.
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Figure3.26: Pile of rubble in path

Run 6

This run(Figure 3.27) was planned though a shaded and wooded area. This path was
made specifically to gauge the impact of potential LIDAR gridding errors due to returns from
overhanging branches and potential imagerisatassification due to shadows. The vehicle
drove this path without incident and the path appeared to be valid for the entire length of the

run.
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Figure 3.27: Map for Run 6
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Figure3.28: Profile of Run 6

Run 7

This run(Figure3.29) was designed to confirm the influence of the road layer and to the
ability to discern the shortest path from multiple possible road paths. Thexane
unexpected curve in this path where the vehicle swerved to avoid a pile of dirt that was in the
RIGFasSta odzi y2G Ay GKS | OlGdz £ 1SB KiRaNEguse Q¢ KA &
3.29. In terms of elevationltange, this path started at the top of a hill and descended
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downward until reaching the main road at the bottom. The road on the far right of the figure
had several potholes, and the vehicle tended to drift to the right side of the path, sometimes

endingup driving through the grass on the edge of the road.
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Figure3.29: Map of Run 7

Figure3.30: Profile of Run 7
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