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1 Intro duction

1.1 Autonomous Ground Vehicle (A GV)

An Autonomous Ground Vehicle (AGV) is a fully automated vehiclethat can travel
on a speci ¢ route on the ground without any human intervertion.

Autonomous ground vehiclesare already in usefor spaceexploration, for example,
the NASA's Mars Rover [8, 7, 6]. The Robot Sheeplog Project (RSP) deweloped by Silsce
Researb Institute in collaboration with the University of Bristol, University of Leeds,and
Oxford University usesautonomousvehiclesto gather and maneuwer a o ck of dudks to a
predeterminedlocation safely[22, 21, 23]. The Autonomous Crop Treatmert Vehicle[18, 4]
deweloped by Silsce Researhb Institute is usedfor treating cropswith fertilizers and other
chemicals. PackBot Scoutand Military R-Gator, deweloped by iRobot?!, are commercial
military surwveillance autonomousvehicles.

The researt and dewelopmen e ort building AGVs sofar hasfocusedon deweloping
vehiclesthat operate on limited terrain conditions and on applications where speedis not an
important issue. Thesevehiclesare not conduciwe for usein battle elds. The US Congress
has chartered the DefenseAdvancedResearb Projects Agency (DARPA?) to bridge this gap
and produce AGVs that can be usedin the front lines by 2015. To acceleratethe researb
and dewelopmen of AGVs, DARPA conductedthe DARPA Grand Challenge-2002%
competition. The AGVs dewloped by the teamsin this competition were expectedto
completea 210 mile o -road coursefrom Barstow, California to Primm, Nevadain a
maximum time of 10 hours. To complete210 miles within 10 hours the averagespeedof a

vehicle should be more than 20 miles per hour, a speedat which the vehicle needsa highly

liRobot's Military R-Gator, http://www.pac kbot.com.
2DefenseAdvancedResearb Projects Agency http://www.darpa.mil.
SDARPA Grand Challenge-2004http://www.darpa.mil/grandc hallenge.



sophisticatedsteeringcortrol algorithm to stay on the suggestedath.

This thesiscameabout by attempting to dewlop a steeringcortrol algorithm for
CajunBot, a six-wheeledAGV deweloped by the University of Louisianaat Lafayette for the
DARPA Grand Challenge2004. CajunBot, shown in Figure 1 was dewloped on a MAX IV
6-wheeledAll Terrain Vehicle (ATV). The MAX IV ATV hasthree wheelson ead sideand
eadt set of thesethree wheelsis cortrolled independerly. The ATV is steeredto the left by
locking or slowing down the wheelson the left. Steeringto the right is achieved similarly by
locking the right set of wheels. The steeringmedanism of CajunBot commonly referredto

asa skid steeringmedanismis the sameasthat of an army tank or bulldozer.

Figure 1: Picture of CajunBot

1.2 Research Objectiv es

The objective of this researb is to dewelop a steeringcortroller for a skid-steered

autonomousvehicle, like CajunBot, with the following goals:

1. It should steerthe vehicleto follow a path consistingof a sequenceof GPS locations
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with minimal overshmt and oscillations;
2. It should be able to maneuer the vehicle at varying speeds;

3. It should not attempt turns that may be detrimental to the vehicle'ssafey.
The challengesin achieving the above objectivescan be placedin three categories:

1. challengesin deweloping any cortrol system;
2. challengesin steeringcortrol of an automobile;
3. challengesspeci ¢ to a skid-steeredvehicle.

One commonchallengein deweloping a cortrol systemis accouring for dead time.
This is the time elapsedbetweenwhen a cortroller issuesa commandand whenit receives
feedba& about completion regardingthe command. As the deadtime increasesthe cortrol
problem becomesmore di cult.  As the cortroller may not have accurateinformation of the
executionstatus of its commands,it may make incorrect decisionsand cortinue giving
commandsto turn when the previouscommandsmay have beensu cient to completethe
turn.

The cortrol of an automobile at high speedsintro ducesmore challenges.As the
speedincreaseghe e ect of the deadtime becomesmore pronounced. The vehicle would
have traveleda much greater distanceduring the delay, thus causingthe vehicleto overshamt
or oscillate.

The steeringcortrol problem becomeamore di cult for a skid-steeredvehicle asthe
speedand steeringcortrol for skid-steeredvehiclesare interdependert. The amourt of
braking to be applied in order to achieve a turn varieswith the speedof the vehicle.

A skid-steeredvehicle'ssteeringbehavior is more dependen on the terrain on which

the vehicleis traveling becauseof the very fact that the skid-steeredvehicle skids on the
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ground surfacein order to achieve a turn. Thus, a steeringcortroller must alsotake into

accourt the characteristics of the terrain on which the vehicleis traveling.

1.3 Research Contributions

In this thesiswe dewelop a Proportional Integral Di erential(PID) cortrol system

basedsteeringalgorithm for a skid-steeredvehicle with the following properties:

1. it can steerthe vehicleat varying speeds;
2. it ensuresthe vehicle safely by preverting sharpturns at high speeds;

3. it usesa prediction technique to prevert the vehiclefrom over steeringduring sharp

turns or while trying to align itself onto a straight line.

The steeringalgorithm has beenvalidated empirically in a simulated environmert
and on the real vehicle. The empirical results are preserted in the thesis.

A small but signi cant side result from this thesisis an assaiation of the general
cortrol PID parametersK, and K4 in domain speci ¢ terms to steeringaggressienessand
maximum time to correct headingerror. The assaiation of parametersmakesit easierto
tune the cortrol parametersand to make the parametersdependen on speed.

Safey and prediction techniquesare applied as a sequenceof lters over the
computation from the PID equation. By separatingtheseconcernsin separate lters, the
PID cortrol systemis usedmore e ectively by concettrating on only a small range of

headingerrors and a high range of speeds.

1.4 Signicance of the Research
There are three critical software modules of an autonomousvehicle:
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1. Obstacledetection;
2. Path planning;
3. Steeringcortrol.

The obstacledetection module detectsthe position of any obstaclesin the path. The
path planning module builds a collision-freepath around the obstacles.The cortrol module
is responsiblefor driving the vehicle on the planned path.

Of the three modules, the steeringcortrol module plays the most crucial role because
in the absenceof any obstaclesin the path, an AGV candrive without the obstacledetection

module and the path planning modulesbut not without the steeringcortrol module.

1.5 Organization of the Thesis

Chapter 2 provides badkground information on CajunBot, an overview of automobile
steeringmedanisms,cortrol systemsand Smith Predictors. Chapter 3 introducesthe
proposedsteeringcortroller. Chapter 4 discusseghe implemertation and results of the
steeringcortroller experimerts. Chapter 5 givesthe conclusions.Chapter 6 summarizes
somelimitations of the proposedalgorithm and potertial future work to addressthese

limitations. The appendix providesthe derivation of the PID cortroller.



2 Background

This chapter provides an overview of CajunBot on which the presen steeringcortrol
systemis implemerted. It alsopreserts information regarding steeringmedanismsand
corntrol systems.Finally, it preseis discussionon di culties in designinga cortrol system

for skid-steeredvehiclesin generaland for CajunBot in particular.

2.1 CajunBot

CajunBot is built ona MAX IV 6-wheelall terrain vehiclewith a 25 hp twin-cylinder
engine. The vehicleweighs1,200Ibs. After adding additional fuel tanks, it hasa fuel
capacity of 35 gallonsand cantravel at up to 35 mph.

The computing power of CajunBot is provided by two high-speed AMD computers,
seeral micro-cortrollers, and many custom circuits. CajunBot is equipped with two SICK
LMS 221 scanninglaser systems,three Doppler radars, and sonar sensors.For geo-laation,
vehicle orientation, speed,et cetera,it usesC-Nav di erential GPS and an Oxford inertial
navigation sensor.A 2-kilowatt electric generatorsuppliesthe electrical power for the

computers,sensorsand other electronics.

2.2 Steering Mechanisms

The steeringmedanismsusedfor maneuering ground vehiclesmay be classi ed in
three categories:single-axlesteering system, double-axlesteeringmedanism, and skid
steering. This sectionintroducesead of thesesteeringmedanismsemphasizingskid steering
medanismsand highlighting the advantagesand disadwantagesof skid steeringmedanisms.

In a single-axlesteering systemas shown in Figure 2, front wheelsare pivoted while

rear wheelsare xed to the axle. This steeringmedanism is most commonly usedin
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Figure 2: Single-axleexplicit steering[15]

L8
— OCC
=

5 @]

S oF

)

)

LT

Figure 3: Double-axleexplicit steering[15]

on-road vehicles.In a double-axlesteeringsystemas shavn in Figure 3, both the front and
rear wheelsare pivoted. The vehicle can make sharper turns when comparedto the vehicle

with a single-axlesteeringsystem.



A skid-steeredvehicle,as shovn in Figure 4, doesnot have axlesconnectingthe left
and right wheels. Instead, all wheelson one side are connectedvia chains or other sud
medanisms. The wheelson one side can be rotated independen of the other side. The
vehicle may be turned by making the wheelson one siderotate faster than those on the
other side. The di erence in rotation causeghe vehicleto skid and turn in the direction of

the slow wheels:hencethe term \skid-steer."

Figure 4. Skid steering[15]

2.2.1 Adv antages of Skid Steering
The advantagesof skid-steermedanismsare:
1. Skid-steeredvehiclescan maneu\er e ectively and exhibit agile maneuerability;
2. Skid-steeredvehicleshave greatertraction on the surfacethat they travel, hencethey
are best usedwhen traveling on rough terrain.
2.2.2 Disadv antages of Skid Steering

Disadvantagesof skid-steeredmedanismsare as follows:
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Figure 5: Turns in skid steering[15]

. Performanceof a skid-steeredvehicle strongly dependson the surfaceof the terrain

and speedof the vehicle;

. Skid steeringsystems'behavior is complexto model mathematically, becausethey
maneu\er by skidding on the ground wherethe amourt of the skid varieswith the

surfaceof the terrain and the speedof the vehicle;

. Skid steeringimposesconsiderablestresson parts, like axles,joints, et cetera,that are

assaiated with the steeringof the vehicle;

. Wheelshave considerablewear and tear due to skid steering. Skidding also damages

the surfaceof the terrain;

. Speedand steeringof skid steeringsystemsare strongly dependert on ead other. Any

attempt to maneu\er the vehicle a ects the speedof the vehicle and vice versa.



2.3 Control Systems

A systemresponsiblefor cortrolling another systemis called a cortrol system. There
are two structures of cortrol systems,namely, closed-l@p cortrol systemsand open-loop
cortrol systems.

Closed-lmp cortrol systems,asshown in Figure 6, have a feedba& medanism, where
the output from the cortrol systemis taken asinput to cortroller. The cortroller usesthis
output from the systemto generatecortrol commandsfor the next cycle. As shown in
Figure 7, open-loop cortrol systemsdo not have feedba& from the system'soutput. It gives
the output commandsas a function of its input. Open-loop cortrollers are most commonly

usedfor cortrolling seno-motors.

Czi » Controller Contrelled System

A

v

Figure 6: Generalarchitecture of a closed-l@mp cortrol system

R Controller Controlled System .

h 4

Figure 7: Open-loop cortrol system

There are di erent techniquesfor implemerting a cortrol system[19]:

PID: Proportional Integral Di erential, or PID cortrollers, are the most common
cortrollers usedin industrial applications. They are best suited for cortrolling a

complexsystemwith a single cortrol variable.
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Neural Networks: A neural network can be trained to cortrol a system. The ertities
usedfor training the neural network are\input data" and \control commands,"where
cortrol commandsare usedto cortrol the systembehavior for a given input. Neural
network cortrollers have the ability to learn from the controlling experience.They are
best suited for environmerts where multiple variableshave to be tuned to cortrol a

systemsystem([1, 2, 10].

Exp ert System: An expert systemcan be usedto cortrol a system. Cortrol systems
designedfrom expert systemshave the capability to learn from the experience. Expert
systemsare e cient in decisionmaking and do not have complexdata processing.

Expert systemsare suitable for simple decisionmaking.

Dynamic Matrix Control: Dynamic Matrix Control is a xed processmodel cortrol
technique designedfor cortrolling multiple variables. Thesecortrollers involve

signi cant data processing.

Other cortrol techniquesinclude fuzzy logic, statistical processcortrol, statistical

quality cortrol and batch cortrol.

We elaborate more on the PID technique sinceit forms the basisof our steering

cortroller.

2.3.1 PID Controller

PID cortrollers are the most commonly usedcortrollers for industrial applications.

Two commonapplications of a PID cortroller are the thermostat and cruise cortrol. A PID

cortroller is a closed-lmp cortroller whoseoutput cortrol variable (d;) is basedon the error

(e) betweenthe user-de nedset point and the measuredprocessvariable.
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The generalform of a PID cortroller is:

z
d= Kpe+ K; edt+ Kyde=dt (2)

The three terms of a PID cortroller give it its name, as descriked below:

Prop ortional Term: The term K ,e hasvalue proportional to the error e and is

referredto asthe proportional term.

R .. ,
Integral Term: The value of the term K; edtis an integral of the error e. It sumsup

small errors over time and producescortrol commandsthat will reducethe nal error.

Dieren tial Term: The value of the term K pde=dtis a function of the di erential of
the error e. It courteracts the K, and K; terms whenthe output changesquickly. It

helpsreduceovershat.

The variablesK ,, K, and K4 are PID cortrol parameters.The valuesof these
variablesmay be tuned to get the desiredresponsefor a given error () in the system.

There are two approadesfor usinga PID controller [14]. They are:

1. Absolute Approac h: In the absoluteapproad, the cortroller generatesan absolute
value for commandd, in ewery iteration of the cortrol loop as shown by the equation
below.

z
d= Kpe+ K; edt+ Kyde=dt (2)
An absolutePID cortroller needsgreater carefor preverting spikesin its output asa

result of spikesin input which usually is due to errors.

2. Incremen tal Approac h: In the incremenal approad a changein the value of the

12



commandd,, referredas d, is generatedby the cortroller.

z
d= Kpe+ K; edt+ Kyde=dt 3)

An incremenal PID cortroller is easierto tune for spikesin the input.

Somedrawbadks of a PID cortroller are:

1. No metho d to calculate direct values for the PID parameter: The behavior of
a PID cortroller dependson its cortrol parameterswhich needsto be tuned through
an iterative process,and it is not safeto tune theseparameterson a critical system

like CajunBot, as performanceof PID is not guararteed during the tuning process.

2. No learning: The PID cortrol parametershave to be tuned to a speci c
ervironmert. The cortrol systemdoesnot learn. There has beensomework on
designingself-tuning cortrollers [3]. While thesesystemshave demonstratedsuccess,

the self-tuning can take signi cant time.

3. Specic to environmen t: The performanceof a PID cortroller is dependen on the
ervironmert for which it is designed.A changein the ervironment demandstuning
the PID cortrol parametersfor new ervironmerts. For example,a PID steering
cortroller tuned for a cemened road may not e cien tly cortrol the vehicleon grassy
surfaces.One can usea look up table with a setof PID variablesfor di erent
ervironmerts at the cost of increasedcomplexity and overheadof determining PID

cortrol parametersfor eat possibleervironmert.

4. Does not handle input error: A PID cortroller assumeghat the input data are

accurate,it doesnot handle input errors (uctuating or spiking input data).

13



2.4 Smith Predictor

The time lag betweenissuingthe cortrol commandsto the systemand getting the
feedba& about the implemertation of thesecommandsis called dead time. Deadtime is the
result of accunulation of lagsintroducedby various elemerts in the cortrol loop. Someof
the contributors to deadtime are measuremenlags, computation lags, communication lags,
and implemerntation lags.

Deadtime is a commonphenomenonfound in any cortrol system([5]. The presenceof
time-delay in the cortrol loopshastwo major consequencedt greatly complicatesthe
analysisand designof the feedba& cortroller for sud systems.It makessatisfactory cortrol
more di cult to achieve.

To overcomethesedrawbadks, Smith [16] presened a cortrol schemewhich hasthe
potential of improving the cortrol of loopswith a time-delay. This sdhemeis known asthe
Smith Predictor or Smith dead-time compensator. Figures6 and 8 showv the general
architecture of a cortrol systemwith and without a Smith Predictor.

A Smith Predictor, shovn in Figure 8, sits in the feedbak& part of the cortrol loop. It
takesthe input valuesfrom the sensorsand predicts what those valueswould be after the
deadtime. The prediction requiresa mathematical model represeting the behavior of the
system. The cortroller then usesthe predicted valuesto compute the cortrol output,
thereby compensatingfor the deadtime (refer [5] and [12]). A Smith Predictor may be used

in conjunction with any cortrol algorithms [11, 13, 20, 17, 9] (refer to Figures6 8).

2.5 Issues in Steering Control

The di culties in dewloping a steeringcontrol systemfor skid-steeredvehiclesmay

be summarizedas follows:
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Figure 8. Generalusageof Smith Predictorsin cortrol systems

1. Industrial cortrol medanismslike PID cortrol cannot be easily usedfor cortrolling
skid-steeredvehiclesas the behavior of the vehicle changeswith the terrain on which it
is traveling and with the variation in speedof the vehicle. This demandshaving

di erent PID cortrol parametersfor di erent environmerts;

2. Application of both left and right brakessimultaneously during an attempt of a turn

can causethe vehicleto slov down unintentionally;

3. Speedof the vehicle and steeringreactionsare inter-related, which makesthe steering

controller harder to cortrol the vehicleat di erent speeds.

In addition to the above issuesthe following issuesare introduceddue to the design

of CajunBot:

1. Slow responding hardw are: CajunBot's steeringsystemconsistsof a left brake and
aright brake, ead cortrolled using slov moving hydraulic actuators. Thus the cortrol
systemhas a high deadtime, making it more di cult to steerwithout oscillationsor

overshaot.

2. No feedback from the brak e system: CajunBot's steeringsystemlacks feedba&

about the position of the brakes. The steeringcortroller needsto know the externt to
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which brakesare applied at any given instancein order to decidewhetherit should
releasethe brake or pull it to maneuwer the vehiclein the desireddirection. In the
absenceof feedba& from the brake system,the steeringcortroller needsto estimate
the extert of braking that is applied. This estimation is not error free, and degrades

the performanceof the steeringcortroller.
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3 Steering Controller

This sectionintroducesthe proposedsteeringcortroller and explainsthe di erent

componerts of the steeringcortroller.

3.1 Steering Controller

A cortrol systemdesignedto steeran AGV is called a steeringcortroller. Figure 9
presens a level zerodata ow diagram of a steeringcortroller. This is the black box view of
the cortroller. It takesasinputs the position and orientation of the vehicle along with the
start and end positions of the expected straight line path. When the vehicleis not on the
path or is not oriented along the path, the steeringcortrol algorithm determinesthe
commandsneededto bring the vehicle badk on the path. The steeringcortroller consistsof

the following three modules:

1. Vehicle Control Strategy;
2. SteeringAlgorithm;

3. Skid SteeringCommands.

Fosition

SR

Cinentation

— .

Steering Controller
Frewmous Goal Signals
—P

Zteenng Control

Iext Goal )

Figure 9: Level 0 data ow diagram of steeringcortroller

There may be di erent strategiesto steera vehiclewhenit deviatesfrom the

expected path. One strategy is to bring the vehiclebadk on the path assoon aspossible.
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Figure 10: Level 1 data ow diagram of steeringcortroller

Another strategy is to steerthe vehicledirectly to the end position of the path. The vehicle
cortrol strategy module determinesthe strategy for correcting the deviation from the
expected path. It computesthe correctionin terms of headingerror which is the anglethe
vehicleshouldturn to correctits deviation.

The steeringalgorithm takesthe headingerror and computessteeringcommandsto
reducethis error. Besidesheadingerror, the steeringalgorithm must also considerthe safety
of the vehicleand deadtime in the feedba& system. The steeringalgorithm's output is
independen of the steeringmedanism. The skid steeringcommandmodule translatesthe
turn commandsgeneratedby the steeringalgorithm into left and right brake commandsfor
a skid steering.

Generic Steering Command: The SteeringAlgorithm generatests genericsteering
commandsin terms of a variable called \steering direction" (d;), which takesvaluesbetween
-1to +1. If the value of d; is negative, the steeringcortroller commandsthe vehicleto turn
left by applying left brakes. Similarly for positive values,it commandsthe vehicleto turn
right by applying right brakes. For the value of zero, no brakesare applied. When no brakes

are applied, the vehicle makesno turns. The absolutevalue of d; represets the magnitude
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of the amount of left or right braking to be applied.
In the following sectionwe discussthe above mertioned three modules of the steering
cortroller. Theseare the vehicle cortrol strategy, the steeringalgorithm, and the skid

steeringcommands.

3.2 Vehicle Control Strategies

For the given goal position that the vehicle needsto travel, the vehicle cortrol
strategy plansthe path to follow in order to reat the goal position. Two vehicle cortrol
strategieswere implemerted for CajunBot. Theseare "way-point* mode and
\follo w-the-carrot" mode. There are other vehicle cortrol strategieslike \pure-pursuit* and

\screw theory" cortrol on which the proposedalgorithm was not tested.

1. Way-point Mo de: This approad is basedon the conceptof driving the vehicle
directly to the goal position. As shavn in Figure 11, the angle betweenthe presen
orientation of the vehicleand the line joining the vehicle position to the goal position

is calculated as headingerror.

2. Follow-the-Carrot Mo de: This approad is basedon the conceptof driving the
vehicleon a straight line path to a point (x-track point) which is some
look-ahad-distane away from the vehicle'sprojected position on the line joining the

previous and next goal positions.

The vehicle'sposition is projected onto the line joining the previousand next goal
positions (seeFigure 12). A point at a look-ahed-distane away from this projected
point on the line joining the previousand the next goal position, toward the next goal

position is de ned asa carrot point. The headingerror of the vehicleis now de ned as
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Figure 11: lllustration of the \W ay-point" mode steeringcortrol strategy

the angle betweenthe vehicle'scurrernt orientation and the orientation of the line

joining the vehicleto the carrot point.

3.3 Steering Algorithm

The steeringalgorithm is responsiblefor driving the vehicle along the path suggested
by the vehiclecontrol strategy. It achievesthis by attempting to minimize the instantaneous
headingerror as computed by the vehicle cortrol strategy module. As shavn in Figure 13

the steeringalgorithm hasthree componerts, they are:

1. PID cortroller;
2. Safey lter;

3. Prediction lter.
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Figure 12: lllustration of the \F ollow-the-carrot" mode steeringcortrol strategy

PID — | Prediction Filter | — Safety Filter —

Figure 13: Level 2 componerts of steeringalgorithm.

The PID cortroller determinesthe steeringcommandsneededto minimize the
headingerror of the vehicle. Thesecortrol commandsare boundedby the safely Iter that
keepthe rate of changeof steeringcommandswithin acceptablesafely limits of the vehicle.
This Iter plays animportant role while cortrolling an AGV that is traveling at high speeds.

The prediction Iter addresseshe issueresulting from deadtime. This Iter predicts
the time (ty,n) that the vehiclewould take to completeits turn and issuescommandsto

releasethe steeringin just enoughtime to accoun for the deadtime. The prediction Iter

21



expectsthat by the time the steeringcortrol implemerts the commandsto stop turning, the

vehiclewould read the desiredorientation.

3.3.1 PID Controller

The PID cortroller usesthe incremenal form of PID equation. The incremenal
approad is very compatible with useof the safey lter. Safely is compromisedwhenthe
incremertal changein steeringis greaterthan what a vehicle can safelytolerate.

The PID equationis given below.

v
(he) = Kphe + K hedt + K gde=dt (4)

The equation computes d;, the changein steeringdirection at time t, asa function
of headingerror he,. The termsK,, K4 and K; are PID cortrol parameters. The derivation

of this PID equation can be found in Appendix 1.

3.3.2 Safety Filter

When the vehicleis traveling at high speeds,it is necessaryto ensurethat the
vehicle'sorientation is changedat a saferate. We achieve this by limiting the rate at which
the term \steering direction” (d;) is incremeried or decremeted by , the maximum safe
rate to turn. Where dependson the speedof the vehicle. The function , below, bounds

the (he) computedby the PID equation.

+ If x>

(x) =

If x<

TV AR 00

X otherwise
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3.3.3 Prediction Filter

The steeringcortrol systemof any AGV will have signi cant deadtime typically
asseiated with moving medanical componerts for changing the direction of the vehicle.

If the steeringcortrol systemwaits until the headingerror hasbecomezero(i.e., the
vehicleis in the desiredorientation), the vehiclewould overshmt leadingto headingerror in
the opposite direction. The overshating phenomenonwill repeat at every correction,
causingthe vehicleto oscillate over the desiredpath. The prediction Iter solvesthis
problem by issuing steeringcommandsto stop turning beforethe desiredoriertation is
readed. It predicts the amourt of time (T, ) that the vehiclewould take to read the
desiredorientation and also predicts the amourt of time (T, ¢ease) that steeringcortrol
hardware (left or right brake) will take to releaseits brakesto stop turning the vehicle. If
Twrn is smallerthan or equalto T,eease it COmmandsthe steeringcortrol hardware to stop

turning, that is, releaseappropriate left or right brake, asshavn in the following equation.

+ |f (Tturn < Trelease) && (dt < O)

(x) = If (Tiwrn < Trelease) && (di > 0)

TV AR 00

X Otherwise

where Ty, n and T,eease are given by following equations:

H eading error
Angular velocity

Twrn = (5)

= 4

Tr elease —

(6)

The Iter producesa positive correction (+ ) whenthe steeringdirection is negative

(d: < 0) and a negative correction when the steeringdirection is positive. The correctionis
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opposite of the steeringdirection becausethe Iter is attempting to stop the turn.

3.3.4 Final Equation

The following equation speci es the steeringincremenal d;. It combinesthe factors

of safely and prediction with PID cortrol.

d = ( ( (he))) (7)
8
+ If (Twrn < Trelease) && (di < 0)
% If (Twrn < Treleass) && (di > 0)
(((he)) =, + If (he) >
If (he) <

(he,) Otherwise

3.4 Skid Steering Commands

The skid-steeredvehicle acceptssteeringcortrol commandsthat specify the amourt
that the left and right brakesare to be applied. Thesecommandsare generatedby the
steeringalgorithm module. They are expressedn terms of \steering direction" (d;). These
are then converted to low level steeringcommands. Computation of thesecortrol commands

is speci ed in the following equations.

8
Lef thbrake = J& &
0 otherwise
8
2 d jdj> 0
rightbrake = .

0 otherwise



4 Insight into the Steering Controller

This sectionprovides a discussionabout the parametersfor tuning the proposed
steeringcortroller. It givesinsight into which lter takescortrol during the courseof

steering. Finally, it comparesthe proposedsteeringcortroller with a pure PID cortroller.

4.1 Tuning the Algorithm

The behavior of the steeringalgorithm dependson the valuesof the parametersK ,,
Kg, Ki and . The rst three parametersare cortrol parametersof the PID equation. The
last parameter, , is a parameterof the safety and prediction lIter.

There are mathematical models available that descrike the e ect of K, Ky, and K.
The valuesof thesevariablesa ect the time it takesthe systemto convergeto a steady
state, the amount of overshmt leadingto errorsin the opposite directions, and the amourt
of oscillation.

Thesemathematical models give insight into the e ect of theseparametersbut the
models are for an idealizedsystem. The model cannot directly be usedto \derive" the ideal
valuesof K, K4, and K;. As is commonwith cortrol systems,the valuesof these
parametersis determined empirically, by observinghow a systembeha/eswith di erent
combinations of values. Tuning the valuesof K ,, K4, and K; becomegmore di cult because
of their interdependernt e ects. Their interdependencemakesit dicult to asseiate these
parametersto their e ect on the steering.

When we reasonabout the behavior and performanceof the steering,we usethe
following properties:

Aggressiv eness( ): How aggressie is the vehiclein attempting to correct the

headingerror?
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Time to correct( ): What is the maximum acceptabletime in which the vehicle

may correct its headingerror?

The PID parametersare then de ned as:

Kp:_

Ky

Ki

I
o

Thus our steeringcortroller now can be rewritten to depend on three parameters
, and all of which are de ned in terms of the desirede ect on the steering. These

parametersare still interdependert; their in uence on the vehicleis easierto predict.

4.2 Inuence of the Filters

The steeringcommandsgeneratedby our cortroller may be attributed to one of the

three functions:

1. the PID cortroller ( );
2. the safely lter ();

3. the prediction Iter ().

It is instructive to know the sourceof the steeringcommandat various stagesas an
AGV changesdirection. Figure 14 plots the headingerror over time asthe vehicletravels
along a simple route speci ed below.

Go straight 5 meters.

Turn right by 45 degrees.
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Go straight 30 meters.

Turn left by 45 degrees.

Superimposedon the plot of headingerror are annotations represeting the function
that generatedthe command. The suddenchangein headingerror at time 73 seconds
happenswhenthe vehicletraveled v e metersand should make a 45 degreeturn to the right.
The plot shows that at that instant, the AGV determinedit shouldturn 45 degrees.The
steeringcommandsusedby the vehiclewere generatedby the safey Iter. This indicates
that the commandsgeneratedby the PID cortrol may have beenunsafefor the vehicle.

The vehicle cortinuesto usecommandsfrom the safey lter until the headingerror
reades0.4. At this point, the sourceof the steeringcommandchangesto the prediction
Iter. This implies that the steeringcortroller hasdeterminedit would be prudert to stop
turning basedon the vehicle'spresen speedand orientation. This e ect may be seenin the
changeof slope of the headingerror.

The vehicle overshmts and goestoo far to the right. Thusit hasa headingerror in
the opposite direction. The safely Iter againoverridesthe PID cortrol commands.

The vehicle oscillatesbetween steeringleft and right. While this happens,the source
of the commandschangesfrom the safely Iter to the prediction Iter. As the oscillations
dampen, the commandsfrom the PID cortrol function beginsto take e ect. This increases

the rate of dampening, evertually bringing the headingerror to zero.

4.3 Comparison with a Pure PID Controller

PID cortrollers have beenusedin industrial cortrol for a long time. They have been
designedto addressconcerns,sud asovershmt, oscillations, and time to corvergence.lt
would stand to reasonthat onecan build a steeringalgorithm by usingjust a PID cortroller,

without the steeringand prediction lters.
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Figure 14: lllustration of the sourceof the steeringcommands
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In this sectionwe discussthe augmernation of a PID cortroller with safely and
prediction lIters.

The advantagesof the safey Iter are discussedrst. Oncean autonomousvehicle
reahesa way-point, it must turn towards the next way-point. The amourt of turn is
indicated by headingerror. This is the di erence betweenthe vehicle'sheadingand the
oriertation to the next goal. When the turn is sharp, the headingerror will be high and a
PID cortroller may attempt to compensatefor this headingerror by generatingsteering
commandsto make a sharpturn. If the commandto turn is greaterthan what the vehicle
can maneu\er, vehicle safey may be jeopardized.

The goalis to prevert the PID cortroller from producing commandsfor sharp turns
for high headingerrors. This can be achieved by decreasingthe valuesof K ,. Howewer, suh
a decreaseawill alsoyield a proportional decreasan the e ective steeringcommandsfor low
headingerrors. Even though the integral term K; takescortrol for small errors, the term
really gainsweight after the integral sum of the errors readhesa substartial value. Thus
could lead to delay in the vehiclereading a stable state, thus endangeringthe vehicle when
traveling at a high speedthrough a narrow corridor.

We now discussthe advantagesof the prediction Iter. The prediction Iter accourts
for the deadtime in the steeringcortrol system. When it determinesthat the vehicle will
read the desiredorientation with the commandsalready issued,it overridesthe PID
cortroller and initiates commandsto stop turning.

A PID cortroller achievessimilar functionality by using an appropriate K , sud that
the commandto turn reducesasthe headingerror reduces.Howewer, the time it will take
for the vehicleto readt a desiredorientation dependson the vehicle speed.

A PID basedsteeringcortroller will depend entirely on headingerror, becausethis is

what it is attempting to reduce. The PID cortroller may be tuned to have the samee ect as
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the prediction Iter for a certain speed. Howewer, when the speedis increasedor decreased,
the steeringcortrol will be suboptimal. This can be overcomeby maintaining di erent PID
parametersfor di erent speeds.This hasthe disadwantage of increasingthe complexity of

the algorithm and the processof tuning the cortroller.
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5 Empirical Evaluation

This sectionpresens the results of empirical evaluation of the proposedsteering

controller. The cortroller was evaluated in a simulated ervironmert.

5.1 Exp erimental Design

The purposeof the experimert is to study the e ect of the safely and prediction
Iters to validate whether they achieve the objectives of safenavigation of the vehicle

without oscillationsat varying speeds.

5.1.1 Pro cedures

The experimernt was performedby using the steeringcortroller to steera computer
simulation of CajunBot. The simulated vehiclewas built using ODE (Open Dynamic
Engine). ODE is a physicsengineusedfor building computer games.lt is here usedto
simulate someof the vehicle physicsof CajunBot in a virtual environment. Like the real
vehicle, the simulated vehicle hastwo setsof wheels,where ead set can be cortrolled
independerly. The simulated brake systemis usedto reducethe speedof wheels.When
both wheelsare free, a force can be applied to the vehiclein forward direction to move the
vehicleforward. When one set of wheelsis braked and a forceis applied, it turns alongthe

direction of the braked wheels. Thus, the virtual robot simulates a skid-steeredvehicle.

5.1.2 Indep endent Variables

The steeringalgorithm hastwo Iters. Theseare safelyy and prediction. We wish to
study the e ect of ead Iter independerly. This givesus two variables\safety and

prediction,"” ead with two values\on" and\o." Sincewe wish to study the steering



controller at varying speeds,the vehicle'sspeedis an independen variable. While the speed
can be any numeric value, we restrict its valuesto 1m/s, 2m/s, 3m/s 4m/s.

Our interest is in studying how the steeringcortroller turns a vehicle. The turning of
a vehiclemay be descrited in degreedrom 0 to 360, along left and right directions. We
restrict the turn anglesto 45 and 90, for both left and right directions. Figure 15 shaws a
track with all the four turns.

The route speci es that the vehicle should travel v e meters,turn right by 45
degreestravel 30 meters,turn left by 45 degreestravel 30 meters,turn right by 90 degrees,
travel 30 meters,turn left by 90 degreesand nally travel 30 meters.

In addition, the PID cortroller hasthree parametersK ,, K4, and K;. In our
cortroller K; = 0, leaving two variablesk , and K 4, eat with a numeric value. The choice
of the valuesof K, and K4 a ect the cortroller, soit is not appropriateto x their valuesto
a small set. Insteadwe nd the conbination of valuesof the PID parametersthat givesthe
best results for a speci ¢ speed(1m/s) on the track of Figure 15 for ead combination of the
safety and prediction variables. This givesusthe K, and K4 valuesto usefor eadt

combination of safety and prediction at higher speeds.

5.1.3 Dependent Variables

The steeringcortroller attempts to reducethe headingerror. Thus, the headingerror
is an independen variable.

Our goalis to ensurevehicle safely, reduceovershmts, and reduceoscillations.
Vehiclesafely canbe assessetty rate of changeof heading. Rate of changeabove a certain
threshold will jeopardizevehicle safet. Overshating a turn can be measuredby the change
of headingerror in the opposite direction of the turn. Oscillations can be measuredby the

number of times a vehicle'sheadingerror changessignsbefore becomingzero (or closeto
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Figure 15: Suggestedpath for the experimertal runs shovn in Figure 16,17, 18,19

zero).
Thus, the headingerror of the vehicle over time is su cient to ewaluate the

performanceof the algorithm for safely, overshat and oscillations.

5.2 Data Analysis
The simulated CajunBot wasrun on the route shovn in Figure 15 for eadh

combination of the following valuesof the independen variables:

Speed: 1m/s, 2m/s, 3m/s, 4m/s;
Safey: on, 0;

Prediction: on, o.

The valuesof K, and K4 for which the vehicle performedbest at a speedof 1m/s for a

particular combination of value of safely and prediction were then usedat higher speedsfor
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Independent Variables Dependent Variables
Figure Number | Safey Filter | Prediction Filter || Overshat | Oscillations
Figure 16 0 o] yes moderate
Figure 17 o] on no no
Figure 18 on o] yes high
Figure 19 on on yes no

Table 1: Description of the graphs

the combination of safelyy and prediction.

Figures16, 17, 18, 19 plot the headingerror (y-axis) over time (x-axis) for the four
valuesof safety and prediction at a speedof 4m/s. As the performanceof the vehicle
decreasesvith increasingspeed,the plots for 4m/s are instructive of the changein
performanceat higher speeds.

In eath of the Figures16to 19, the labelsA, B, C, D, E, and F represen the position
of the vehicleasindicated on the route drawn in Figure 15. The valuesof safey and speed
usedfor theseplots are summarizedin Table 1.

Table 1 summarizesthe performanceof the cortroller for eat conmbination of safety
and prediction. The table shovs that the vehicle oscillate whenthe prediction Iter is turned
o and doesnot oscillateswhenthe lter is turned on. This is asexpected, sincethe PID
cortroller doesnot accoun for the dead-time.

The vehicle also overshats when the prediction Iter isturned o. This, again,as
expected. When the prediction is turned on and safey is turned o, the vehicle doesnot
overshmt either. The vehicle overshmts whenthe safely lter is turned on alongwith the
prediction Iter. At rst glancethis appearsanomalous.When the prediction lIter is turned
on, onewould expect it to compensatefor deadtime and reduceovershamt. The result,
howewer, can be explainedby the fact that the safey Iter overridesthe prediction lter. It
indicatesthat whenthe safety lter is o, the vehicledoesnot overshmt, but at the expense

of jeopardizing vehicle safety. When the safey Iter is turned on, it restricts the rate of turn
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to safelimits, causingthe vehicleto overshat.
The conbination of turning on safely and prediction thus givesthe best results. It
doesovershmt, but doesnot have oscillations. This implies the vehicle overshats only to

ensuresafely of the vehicle,and then it quickly convergesto the correct orientation.
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6 Conclusions and Future Work

This thesisdeweloped a steeringcortroller for a skid steeredvehicle. The cortroller
navigated the vehicle at varying speedswhile ensuringits safety, minimizing oscillationsand
minimizing overshwts. The cortroller was deweloped by augmeriing the classicPID
cortroller commonly found in industrial cortrol systems.The classicPID cortroller was
augmernted by introducing two lters. Thesewerethe safely Iter and prediction lter.
These Iters override the commandsgeneratedby the PID cortroller. The prediction Iter
compensatesfor deadtime in the cortrol system. It predicts whenthe vehicleis expectedto
completea turn and overridesthe commandsof the PID cortroller and tells the steering
cortrol to stop turning. The safely Iter overridesboth the PID cortroller and the
prediction Iter whenit deemsthat the rate of turn is detrimental to the vehicle'ssafet.

The proposedsteeringalgorithm was evaluated using a virtual simulated skid-steering
vehicleimplemerted using Open Dynamics Engine. The e ect of the individual Iters was
studied by driving the simulated vehiclewith four separateexperimertal cortrollers that
were obtained by separatelyturning ead Iter onand o. The vehiclewasdriven at four
speeds,from 1m/s to 4m/. A speedof 1m/s was usedto tune the PID cortrol variables.

The results show that the prediction Iter reducesvehicle oscillations. When the
Iter is turned on, the vehicle doesnot oscillate while correcting a headingerror, whether or
not the safely lter isturned on. When the prediction Iter isturned o, the vehicle
oscillatesfrom left to right and bad attempting to oriert in the desireddirection.

With the prediction lter turned on the vehicle doesnot overshamt if the safely Iter
isturned o . If the safely Iter isturned on the vehicle overshats the turn, but doesnot
oscillate. The overshat of a turn to ensuresafety of the vehicle proceedsas desired.

In our current work, the PID cortrol parametersand the saferate of turn hasbeen



treated as constart. An alternative would be to make theseparametersa function of speed.

Tuning the parametersas a function of speedmay be worthy of further investigation.
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App endix

1. Deriv ation of PID controller for steering

The rst steeringcortroller | implemened was basedon the absolute PID cortrol
equation. | found it di cult to tune the PID cortrol parameters,sol reverted to
implemenrting a steeringcortroller basedon my intuitiv e understanding of steering. My
steeringcortroller, which | termed \progressiwe controller" worked very well and | had
higher con dencein tuning it.

When | beganwriting this thesis| had to comparethe progressie cortroller to the
PID cortroller. To do the comparisonl started tweakingthe equationsof the progressie
cortroller to idertify terms of the equationthat matched the PID equation, and the terms
that weredi erent. To my surprisel found that | had reinverted the PID equation. The
simpli ed equation of the progressie cortroller had a proportional and di erential term,
just like the P and D terms of the PID equation.

The experiencewas discouragingfor the obvious reasonthat | had simply reinverted
a work straight out of the cortrol systemtextbooks. It wasalsoenlightening in that now |
had a better \gut-level" feelingof PID cortrol equations. More importantly, now | alsohad
a de nition of the PID parametersin terms of parametersthat were more intuitiv e in the
cortext of steering.

In this appendix, | descrike the derivation of the progressie cortroller and its
mapping to the PID cortroller. This mapping may be instructive to others working on

similar problems.



Table 2: Basicfunctions

Function Description
Location | P Location represetted with three tuple x, vy, z
Azimuth | z(P1; P,) | Angle formed by line joining Py; P, w.r.t referenceaxis

2. Preliminaries

Steeringcortrol takesasinput, position (PP, heading(h;), and speedof the vehicle
(sy), alongwith the previousway-point (P,) and the next way-point (P;™*) (as shavn in
Figure 9). It computessteeringcorirols commandsto drive the vehicleto the next
way-point.

Steering Direction: The conceptof using a steeringdirection (d;) represetation is
oneof the important featuresof this cortrol system. It is a commonrepresetation that can
be corverted to low level steeringcommandsfor di erent steeringmedanismssud as skid
steeringversusexplicit steering.

Steeringdirection (d;)(refer Table 4) takesvaluesin interval [-1,+1]. Negative values
represen steeringcortrol commandsto turn left. Positive value represen steeringcortrols
commandsto turn right. A value of zerorepresets the steeringcortrols commandsto make
no turns.

Location (P;) represets the position of the vehicle or position of the way-point using
three tuple (Px; Py; P;) (refer Table 2). This steeringcortrol algorithm hasthree cortrolling
parameters , , and (refer Table 3). Parameter represets the maximum rate at which
steeringcortrols can be altered assuringthe stability of the vehicle by consideringthe issues
like speedof the vehicle. Parameter represets how aggresie the steeringcortroller should
be in correcting a headingerror. Parameter represets the time in secondswithin which

the headingerror (he;) be shouldbe corrected. can be a function of
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Table 3: Vehicle parameters

Maximum saferate to turn
Aggressieness
Time to correct heading

Table 4: Instantaneousmeasuresat time t

Heading Angle hy
Heading Error he
Position of previousgoal | P,
Position of vehicle PP
Position of next goal P/t
Steeringdirection d;

Azim uth: Function azimuth z(P4; P,) (refer Table 2) calculatesthe angle of
orientation of the line joining points P; and P, with respect to the referenceaxis.

Heading convention: The algorithm is not bound to a particular heading
convertion but it would be easierto explain the algorithm using an assumedheading
convertion. The headingangleis zeroto the eastand increasesn the courter clockwise

direction.

3. Progressiv e Steering Controller

From the position of the vehicle (P) (refer to Table 4) and the position of the next

way-point (P;*!), calculatethe desiredheadingusing Equation 8.

desired heading(t) = z(P?;P!*") (8)

The di erence betweenthe desiredheadingand the presen headingof the vehicle (h,) gives

the headingerror asshovn in Equation 9. We set the desiredheadingrate (refer to
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Equation 10) to the headingerror divided by time( ) within which we expect to correct the
headingerror.
heading error(t) = z(PP;P™t) h, (9)

(P’ P{™)  hy

desired heading rate(t) = (20)

The presen headingrate of the vehicleis the angular velocity at which the vehicleis turning

and is calculatedusing the Equation 11.

. h
present heading rate(t) = —tt (11)

The di erence in the desiredand the presen headingrates is given by Equation 12.

z(PE% P hy h,

dif f erenceheading rate(t) = . (12)
The steeringdirection d; is changedby d. This is calculated using the Equation 13.
z(PP;P/**) h h
dt — ( ( t ) t t) (13)

t
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4. Conversion of the Progressiv e Algorithm to PID Form

Let us denotethe desiredheading,z(P2; P{*!), by x;, and rewrite Equation 13 as

o

I
~

) (14)

Where hy = h; h; ;. Adding and subtracting x; X; ; to h¢, we have

he = (X Xe1) ((xe h) (X1 hea)) (15)
h = x¢ (het he 1) (16)
hy = X he, (17)

Using the de nition of h; from Equation 17 in Equation 14 we get

he Xt he,

d = (— ) (18)
Re-arrangingthe terms yields the equation below.
d = — he+ Lte‘ S (19)
The generalPID cortrol equationis given below.
d = Ko he+Kyg 4k, ’ he (20)

Let us compareEquation 18 with Equation 20. Equation 19, and 20 eat have an

proportional (he;) and di erential (%) terms, but Equation 19 has one additional term
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Table 5: Comparisonof PID parametersand steeringcortroller parameters

Kp = -
KD =
Ki = 0

—t and the Equation 20 hasthe term K; Rhet. Table 5 givesmapping that relatesthe
terms of the two equations,leaving only the —t of Equation 19 unmapped. The term
X represets the changein desiredheadingthat increasesdts value whenthe vehicleis
goingo the road. On plotting the value of this term during the courseof a run, it is seen
that this term hasalmost zerovalue all through the run exceptwhenthere is a changein
goal position, whenit takesa spiking large value (as desiredheadingchangeswith changein

goal position). Hencewe ignore this term.
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Abstract

There are three major software componerts in an Autonomous Ground Vehicle (AGV).
Theseare the obstacledetector, the path planner, and the steeringcortroller. The obstacle
detector usessensordata to identify unnavigable areason the terrain. The path planner
computesa path around the obstacles.The steeringcontroller generatescommandsfor the
vehicleto follow the planned path. Of the three componerts, the steeringcortroller is the
most crucial. Without a proper steeringcortroller the vehicle cannot even travel a
completely pre-plannedpath that is dewid of any obstacles.

This thesis preserts the steeringcortroller of CajunBot, a six-wheeledall terrain
vehicle (ATV) that usesskid-steeringfor turning. The steeringcortroller was deweloped
with the objectives of navigating a skid-steeredvehicle at varying speedwith minimal
overshamts, minimal oscillations, and ensuringthe vehicle'ssafet.

The proposedsteeringcortroller consistsof a PID cortroller with two lters, a
prediction Iter and a safely Iter. These lters are placedin successionThe prediction
Iter compensatesfor dead-timein the cortrol system. It overridesthe commandsgenerated
by the PID cortroller whenit deemsthat the commandsalready given are su cient to
completethe turn. The safely Iter ensuresthat the rate of turn of the vehicle doesnot
crossa given threshold. This Iter overridesthe output of the PID cortroller and the

prediction lter.



Empirical obsenations in a simulated model of CajunBot show that the inclusion of
the prediction and safey Iter doeshelp in adieving the objectivesof the steering
cortroller. Remaving any oneor both of these Iters hasa negative e ect on the
performanceof the vehicle. By separatingthe concernsof safety and prediction in separate
Iters, the PID cortrol systemis usedmore e ectively by conceirating on only a small

range of headingerrors and a high range of speeds.
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