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Black Knight, the University of Central Florida’s vehicle in the 11th Intelligent Ground
Vehicle Competition (IGVC) competed in 2003. Completing in 5th place in the naviga-
tional challenge and 10th in the autonomous challenge in its first competition has proven
our vehicle to be a strong competitor in this competition. The vehicle has many interesting
features that allow it to achieve its success. The vehicle’s 300 lb. capacity allows for two
onboard full-sized computers and two 12 V marine batteries that power the computers
for up to 2 h. The vision system is not a simple reactive system but rather it classifies its
view into objects and builds a map of the territory as it learns of its features while trav-
eling. Two transformations and the location data from the GPS and other sensors are used
to associate the locations in the image to locations in the map. The operations of the ve-
hicle are modeled after the typical operations of a ship. We have programs that perform
the functions of the captain, the helm, the navigator, and the engineer. In addition we have
a program performing sensor data fusion from the GPS, compass, and wheel encoder
data. The navigation uses an adapted two-dimensional approximate cell decomposition
method that satisfies the nonholononic constraints of our vehicle and allows it to find the
shortest path to the goal while avoiding all obstacles. © 2004 Wiley Periodicals, Inc.
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1. INTRODUCTION

The University of Central Florida’s UCF Robotics Lab
has designed and built an autonomous vehicle, Black
Knight, and entered it into the 11th annual Intelligent
Ground Vehicle Competition (see Figure 1). The de-
sign report may be found in ref. 1. This was our
team’s first time competing yet we received 10th,
12th, and 5th place in the various competitions. Our
team consisted of seven undergraduate electrical and
computer engineering students and one faculty ad-
visor. The budget for the vehicle was $15 000 and we
had 1 year to complete the project. This paper de-
scribes our autonomous vehicle in detail including
the software algorithms.

Our team was sponsored by the U.S. Army PEO
STRI (formerly the U.S. Army STRICOM). This
money was used to purchase equipment. In addition
several companies have given donations through dis-
counted pricing for parts with the biggest donation
coming from Pride Mobility. The project started with
four students and a desire to compete in this compe-
tition. The faculty advisor offered an autonomous ve-
hicle design course for undergraduate students and
was an alternative over the senior design course the
university offers. The class had an enrollment of 30
students. The project was broken into groups and
each group worked on a different part of the vehicle.

Figure 1. The Black Knight.
At the end of the course seven students stayed with
the project and completed it for the competition.

Our team now consists of 15 students working on
four different vehicles that we plan to enter into fu-
ture air, ground and underwater competitions. With
continued funding we are able to purchase equip-
ment to keep the students progressing.

2. THE VEHICLE

2.1. The Hardware

The vehicle is built on a chassis from a Pride Mobility
Celebrity electrical scooter. The chassis sells for just
over $2000.00. The chair and the steering column
were removed and a welded steel frame was created
as a flat platform on top of the vehicle. The chassis is
designed to carry up to 300 lb. This allows the chassis
to carry the weight of all of the components and still
be capable of climbing grades well above those re-
quired by the competition.

The chassis came with a speed controller that
regulates the power delivered to the wheels given a
voltage input. To regulate the speed of the vehicle we
constructed a circuit that regulates the input voltage
to the controller depending on the actual speed of the
vehicle. A PIC16F877 microcontroller is used for this
purpose. The speed sensor used is a magnetic en-
coder attached to the rear wheel of the vehicle.

With the steering column removed, a shaft point-
ing up on an angle is all that is left to steer. Steering
is accomplished using a 1

3 HP Bodine Electric 24 V
motor with a 60:1 gear reduction linked to the steer-
ing shaft of the vehicle via a chain and two sprockets
which add a further 3.75:1 reduction (see Figure 2).
The excess power of the motor allows for quick turn-
ing of the wheel. Another PIC16F877 microcontroller
is used to power the steering motor. An H-bridge
made of four 25 Amp Darlington transistors with
preamplifiers controls the polarity of the motor al-
lowing turning in both directions. A ten-turn preci-
sion potentiometer is used to measure the angle of the
front wheels. This feedback is used by the microcon-
troller to accurately position the wheel.

For power we use two marine 12 V batteries plus
a 24 V battery that came as part of the chassis. The
marine batteries power the steering motor, all of the
circuit boards and the two onboard computers. An ac
regulator converts the dc power to 110 V AC for the
PCs. With two high end PCs onboard, the two bat-
teries can power the complete vehicle for up to 2 h. In
addition the chassis came with two smaller batteries



Gonzalez et al.: Black Knight, Vehicle for Competition • 453
used only to propel the vehicle. All though we did not
experience much of a noise problem, for the next
competition we will have the two marine batteries
only power the circuit boards and computers and the
vehicle’s batteries power the movement of the vehicle
and the steering motor. This isolates the noise asso-
ciated with the electric motors and their PWM type
regulators.

The vehicle’s vision system contains four cam-
eras and a multiplexer that switches between them
(see Figure 3). A dedicated 1.7 GHz dual processor is
used solely for the vision system and a 2.2 GHz com-
puter handles all other functions such as the naviga-
tion, path planning and decision making. These two
computers, named the vision and the main computer,
are interfaced via an Ethernet cable.

The navigation system relies on a BR2G Differen-

Figure 3. The three front cameras.

Figure 2. The steering mechanism with the motor, chain,
and sprockets.
tial GPS with a circular error probability of 40 cm and
a TCM2-50 Digital compass with an accuracy of �1°
RMS for additional sensory input. Because of cost
constraints a laser range finder such as the one manu-
factured by Sick was not available. This put our ve-
hicle at a significant disadvantage as most other ve-
hicles did have one.

2.2. The Vision Software

The vision system is tasked with capturing real-time
data and transforming it into a 2D map. As this is the
primary sensor system, it must be reliable, robust,
and simple to use. The visual mapping algorithm can
be divided into four parts: training, classification, co-
ordinate transformation, and map maintenance. Spe-
cifically, the system gathers visual data, processes it,
and develops an orthographic map based on this
data. This map is used by the main computer to
handle all navigation and control. In addition to the
data provided to the system by the cameras, it is also
supplied with GPS and digital compass data, which
is used to correct the transformation of images into
navigable obstacle information. Of the four cameras
on the system, three are facing forward and one re-
verse and all are inclined downwards (see Figure 4).
The three forward facing cameras are angled to the
sides such that they provide a 180° field of view, ex-
tending 9 ft in front of the vehicle. The system pro-
duces an image of about 200�200 pixels per frame at
7 frames per second. Each pixel represents a physical
area of 5 cm2.

The cameras are calibrated before each run by a
series of initialization processes. After calibration, the
system gathers video from a selected camera and pro-
cesses the video one frame at a time. Each pixel of ev-
ery frame is then classified as either ‘‘Obstacle’’ or
‘‘Non-obstacle’’ by using statistical data gathered
from previous frames and information about its color
and local texture. Next, this information is manipu-
lated with two transformations: an orthographic pro-
jective transformation from image space to world
space, and a rigid-body transformation from world
space to 2D map space. As updates occur on the map,
they are stored and sent to the navigation system. The
navigation system then selects the desired camera
and notifies the vision system of its request. At this
point the vision system responds by processing data
from the new camera after a nominal switching delay.
Therefore, the navigation system controls the direc-
tion of the robot’s vision.

Visual processing is computationally expensive,
so all but the most essential computations have been
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Figure 4. The vehicle’s field of view.
eliminated from run-time processing. For example,
all transformation and color adjustment information
is calculated and stored during calibration. During
processing, the data is loaded once and retrieved
from active memory only as needed, allowing the
classification of each pixel of every frame to occur in
the most efficient manner.

The use of color to detect obstacles results in the
system being very sensitive to lighting conditions.
Since the competition is held outside, a simple cloud
blocking the sun may offset the calibration param-
eters and prevent proper functioning. For future com-
petitions, the two side cameras will be dedicated to
detecting the white lines bordering the path. A simple
gray scale image with a threshold will detect the
white lines without the sensitivity to the lighting. The
forward camera will still use colors and texture but an
automatic calibration that can run periodically is be-
ing investigated.

2.2.1. Clasification Training

We seek to label each map array element with an in-
teger representing a meaningful class, as in Table I.
Statistical information is used to represent each class

Table I. Image classifications.

0–127
Navigational

Terrain 128–255 Obstacle

0 Unmapped 255 Unknown obstacle

1 Unknown
non-obstacle

254 White plastic bucket

2 Grass 253 Orange plastic bucket

3 Rough concrete 252 Tree bark

4 Light sand 251 Grass painted yellow

5 Dark sand 250 Grass painted white
as a set of d features (see ref. 2). In this method, rep-
resentative training data from each class is measured
to determine the characteristic means � [Eq. (1)], and
covariance of its features � [Eq. (2)]. For each class c ,
there is an associated multidimensional Gaussian
probability density function p(x) that describes the
class [Eq. (3)]. The multidimensional feature set is
represented by the vector x containing d features. The
variables i ,j ,k��1,2,.. . ,d� are used as indexes and N
is the number of pixels in the training set:

�k�
�Nxk

N
, (1)

� i ,j�
�N�xi�� i��xj�� j�

N
, (2)

p�x ��
1

�2��d/2 det���1/2

�exp��
1
2

�x���T��1�x���� . (3)

By plotting p(x) for a given class, one can see that it
has the shape of a hyper ellipsoid. Note that the vol-
ume integral of the hyper ellipsoid is equal to 1. Also,
the sum of the probabilities of all possible classes at
a given data point is equal to 1.

We seek to classify new data as belonging to one
of several hyper ellipsoids or classes. The Mahalano-
bis distance [Eq. (4)] provides a useful measure of
relative deviation, which can be used to classify data:

class�arg minc���x��c�
T�c

�1�x��c��. (4)

After extensive experimentation, we selected the
feature vector x in Eq. (5), where the notation 5�5
indicates summation over a square window of 25



Gonzalez et al.: Black Knight, Vehicle for Competition • 455
Figure 5. Example of probabilistic classification.
pixels extending two pixels in every direction from a
central pixel. The terms Rn , Gn and Bn are the value
of the red, green and blue bytes in the 3 byte pixel so
�5�5Rn is the sum over the 25 pixel grid. The fourth
term, deemed the ‘‘texture’’ of the material, plays a
critical role in discriminating between several of the
classes. This term is large when the colors have a
large variance within the grid. Note that texture is
scale dependent:
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§
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Our goal is to minimize the number of calcula-
tions that must occur at the time of processing, at the
expense of more calculations during the training
phase. As training images are processed, each color
channel is divided by the mean found in a gray ref-
erence dot. This form of normalization simulates pure
white lighting, despite the actual conditions at the
time of acquisition. All class means for color and tex-
ture are based on normalized color [Rn,Gn,Bn]. At
runtime, the images are not normalized. Instead, the
previously trained means and variances for each class
are multiplied by a color correction factor C
�	Rc ,Gc ,Bc ,Rc�Gc

T as in Eqs. (6) and (7). These fac-

tors are the intensities of the gray calibration dot at
runtime:

�run�C�� train , (6)

�run��CCT��� train . (7)

This normalization scheme precludes the use of auto-
iris and white balance camera features. The iris may
be adjusted manually, with the goal of avoiding
under-saturation or over-saturation. However, the
color correction factors must be recalculated when-
ever adjustments are made.

Given the means and variances of 12 material
classes, we were able to achieve a 95% correct clas-
sification of real images. Such excellent results are at-
tributed to color correction and the inclusion of tex-
ture in the feature vector x . Figure 5 shows a real
image with its classification. Each color in the classi-
fication represents a distinct class.

2.2.2. Coordinate Transformations

Four coordinate systems are required to fully define
the mapping (see Table II). Each pixel in the image is
mapped to a location in the two-dimensional array
representing the map. These transformations are dis-
cussed below.

First, we seek to determine the relationship be-
tween the image coordinate and the vehicle coordi-
nate systems (CS3 to CS2). We use a 2-D projective
mapping equation shown in Eq. (8). Note these equa-
tions have six parameters among them. Once the
cameras have been fixed to the vehicle we mark four
points and measure these four known locations
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relative to the vehicle. We then take an image of the
four points and create eight linear equations using
Eq. (8). We solve six of these equations to determine
the value of the six unknowns. Eq. (8) is valid so long
as the position of the cameras relative to the vehicle
remains the same:

x�
a1i�a2j�a3

a7i�a8j�1
, y�

a4i�a5j�a6

a7i�a8j�1
. (8)

Once the x and y coordinates are known in CS2,
they must be transferred to CS1, the world coordinate
system. This Euclidean transformation accounts for
the rigid-body rotation and translation of the vehicle.
Equation (9) shows the relationship between the ve-
hicles coordinates and the world coordinates:

�X
Y ��� k1 cos��� �k1 sin��� XGPS

k2 sin��� k2 cos��� YGPS
�� x

y
1
� . (9)

Since the environment is assumed to be approxi-

Table II. Coordinate systems.

System Context Variable Meaning Units

CS0 Map I, J Row and
column

array units

CS1 World X, Y, � Latitude,
Longitude and
angle

degrees,
radians

CS2 Vehicle x,y Vehicle
coordinates

Meters

CS3 Image i, j Row and
column

Pixels
mately flat, the tilt of the vehicle will be ignored. The
constants k1 and k2 are scalar values to put the points
into the earth’s longitude and latitude coordinate sys-
tems (see Table III). To transfer from the vehicle to the
world coordinates the location of the vehicle with re-
spect to the world is given by the GPS as XGPS and
YGPS . This data is used to translate the point to the
proper location in the world coordinate system. The
angle � given by the compass is used to rotate the
vehicle’s coordinate system to match that of the
world.

Transferring from the world frame in longitude
and latitude to the map in row and column coordi-
nates only requires a scalar transformation and a
translation. In Eq. (10), the offset from the origin of
the world coordinates and the map are given by
Xoffset and Yoffset and represents a translation. The
constant k3 is a scalar that represents the number of
array units per degree:

� I
J ����k3 0 k3Xoffset

0 �k3 k3Yoffset
��X

Y
1
� . (10)

Pixels that represent obstacles must be mapped
from the image CS3 to the map array CS0. Since the
projective transformation of CS3 to CS2 does not
change during processing, it may be calculated in ad-
vance. However, the remaining transformation of
CS2 to CS0 must be updated when new GPS or com-
pass data is received, according to Eq. (9).

2.3. The Navigation and Control Software

The general structure of our software components
uses a maritime nomenclature that provides each
subsection a name that is descriptive of what it does
Table III. Constants used in the coordinate transformations.

Constant Equation Value Units Meaning

Xorl 28:30:17 degrees North Latitude of Orlando, FL

c1 6 371 000 meters Mean radius of earth

c2 c1 cos(Xorl) 5 625 000 meters Radius perpendicular to earth’s
polar axis

k1 360/2�c2 0.7941E-5 degrees N/meter latitude conversion

k2 360/2�c1 0.8993E-5 degrees W/meter longitude conversion

k3 2 500 000 array units/degree map scale
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Figure 6. The software component map for the two computers and the two microprocessor boards.
(see Figure 6). All of the software components in the
main computer communicate via shared memory. A
complete 2048�2048 pixel map of the terrain is main-
tained in this shared memory and is what is used to
communicate terrain and position data among the
different programs. To build and maintain the map
we use the Cartographer and the Coxswain pro-
grams. The Coxswain program reads the positioning
input from the GPS and compass and smoothes this
data using a Kalman filter. Filtering reduces the per-
ceived location from jumping around as much. The
Coxswain program then sends this information to the
shared memory. The Cartographer receives map up-
dates from the vision computer and updates the map
accordingly. The updates consist of all of the points in
the image that has changed in the current map. Based
on the current location of the vehicle the image lies in
a particular area of the map. We found the vision
computer gives about 10 updates per frame when still
and about 60 when the vehicle is moving and each
update contains 12 bytes of data.
The Captain, Helm, Navigator and Engineer pro-
grams then control the movement of the vehicle by
using the data in the map. The Captain program de-
termines the current challenge and controls what rel-
evant information is passed to the other components.
The Navigator takes the digital map from shared
memory and finds a reachable node path during the
navigation challenge. During the autonomous chal-
lenge it finds the path of least resistance. It uses a
modified approximate cell decomposition algorithm
to accomplish the path planning. Details of the path
planning are presented later in the paper. The neces-
sary information is passed back to the shared
memory where the Captain controls the Helm pro-
gram which physically matches the theoretical path
by looking ahead and adjusting the vehicle’s desired
angle. The values are interpreted by the Engineer pro-
gram which redefines the data and sends out specific
information to the speed and steering microcontroller
which physically control the motors at regular
intervals.
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All the information in shared memory is also pro-
cessed into a human readable format and sent to the
on-board monitor (see Figure 7). These programs run
simultaneously on the main computer which allows
the information to be constantly updated and shared
to all programs such that the data is always current.
In total, these programs provide the intelligent con-
trol of the vehicle.

2.4. The Path Planning Software

The path planning is accomplished by using a modi-
fied two-dimensional approximate cell decomposi-
tion algorithm. In a three-dimensional configuration
space the X and Y axes correspond to the X and Y ,
or planner, movement of the vehicle and the Z axis
corresponds to the vehicle’s rotational angle.3 Since
the vehicle is not able to pivot, this adds a nonholo-
nomic constraint and therefore complicates the cell
decomposition algorithm. To avoid this situation we
use a two-dimensional configuration space and sim-
ply avoid paths that make sharp turns. Since the X
and Y axes in the configuration space relate to the X
and Y axes in the terrain, avoiding sharp turns in the
path satisfies the vehicle’s turning constraints. The
path in the configuration space is chosen to maintain
a minimum turning radius. The path produced by the
algorithm is a 2D path in the X and Y axes and does
not consider the angle of rotation of the vehicle. This

Figure 7. The display on the vehicle’s monitor during op-
eration. Note the vehicle creates a map as it travels with
the data it sees. The white is classified as obstacles, the
black is unknown, and the triangle is the vehicle.
angle is determined by the Helm program to properly
steer the vehicle in the direction of the path. When the
Helm program receives the sequence of points from
the path planning algorithm executed in the Naviga-
tor program, it steers the vehicle in the direction of
the path much the same way humans do when driv-
ing a car. The angle of the vehicle is then a product of
steering the vehicle along the path and not a designed
parameter. By using this method we not only satisfied
the nonholonomic constraint, a difficult type of con-
straint to deal with, but also we eliminate one dimen-
sion from the problem.

For the Navigation challenge, a method of ab-
straction is applied to the map. Since the GPS coor-
dinates for the waypoints are given, they must first be
put in an order which allows the generalized quickest
traversal. This is to be done by using a Traveling
Salesman method on the points to determine the or-
der from start to finish. Once the points are ordered,
the program then attempts to travel the straightest
path toward the next point from the current location.
The algorithm plans the path such that the center of
the vehicle’s rear axle comes within 0.25 m of each
waypoint. Initially, the map is an empty square field.
As obstacles are detected, the map is subdivided into
smaller squares based on the position of the obstacles
(see Figure 8). Of all possible paths, the algorithm
then selects the appropriate one based on these
bounding squares. This implementation was chosen
due to its ability to robustly track around a large set
of unknown objects and dilate them to create a safe
path.

The autonomous challenge provides different re-
quirements with respect to path planning. For this
challenge the algorithm must complete the given
track as much as possible without being given prior
information. This is done by traveling the route se-
lected from the local map constructed in the main
computer. In the event of a dead end trap, it is pos-
sible to backtrack to the last known safe position us-
ing past data points stored in memory. The vehicle
can move in reverse using its rear camera. This allows
the program to reevaluate the previous branching
point if necessary. The ability to reverse out of a trap
on the course was felt to be an important innovation.
Lines bordering the course are classified as obstacles
to be avoided, therefore keeping the vehicle’s desired
path safely away from the edge of the course. We
used a Gaussian blur algorithm that allows us to in-
terpolate dashed lines and treat them as solid.



Gonzalez et al.: Black Knight, Vehicle for Competition • 459
2.5. The Simulations

Before the algorithms were used on the vehicle we
ran many simulations. The simulations tested the
navigation and path planning algorithms. We started
out with a map containing a course with obstacles
and road lines. However, at startup, the navigation
system is not able to see anything in the map. When
the simulation starts the area in the map within the
scope of vision of the vehicle is revealed. This simu-
lates the vehicle seeing what is in this range and no
more. As the vehicle moves more data is added to the
map to simulate the vehicle seeing. Figure 7 shows
the map with the data discovered thus far. The navi-
gation algorithm then creates a path based only on
the information it has thus far. During the simulation
runs we determined that the vehicle must have the
capability to move in reverse. Since the vehicle is a bit
large and the turning radius is not as tight as we
would like, the only way for it to get out of certain
situations is to move in reverse. The vehicle drove it-
self into these situations by not being able to use what
it cannot see in the path planning algorithm. The
simulations allowed us to anticipate problems before
they were encountered the day of the competition.

3. THE PERFORMANCE

In this competition there were two basic approaches
for the vision problem, purely reactive and a map-

Figure 8. The cell decomposition in the path planning al-
gorithm. The light lines are the possible paths and the
darker line is the chosen path.
ping system. With a purely reactive vision system, the
system detects the obstacles and bordering lines and
computes the midpoint between them to pass. Typi-
cally a gray scale image is used with a threshold iden-
tifying the obstacle. In this competition obstacles are
always whiter than its non-obstacle surroundings.
With a mapping system the vision system builds a
map as it travels. Each time it sees a new obstacle it
draws it on the map at the appropriate location. In
this completion the purely reactive method generally
worked better. Because of the competition’s artificial
environment where all obstacles are whiter than non-
obstacles, a simple threshold will adequately distin-
guish. However, in the real world a mapping system
will be needed as not all obstacles can be detected us-
ing a gray scale. Also the map allows the vehicle to
move more freely in the area it has seen. The problem
with this method is that, being more sophisticated, it
requires a greater programming effort and is more
sensitive to the environment. We encountered several
problems. First the color requires careful calibration.
Since the competition is held outside the light level
cannot be held constant as indoors and the calibration
parameters become obsolete. Furthermore, as the ve-
hicle turns the sun hits the cameras at different
angles, causing the parameters to become obsolete as
well. We had a problem after the vehicle made a cer-
tain turn on the path in the autonomous challenge.
We predict that during the turn the sun hit the camera
at a different angle and caused the image to become
saturated. A reactive system will still work because,
since only the two limiting values for each pixel are
used for classification, there is a large margin of error.
Our vehicle performed better in the navigation chal-
lenge perhaps in part due to the time of day we com-
peted. Towards the afternoon the light was dimmer
and this tends to have less reflection on the cameras.
We are currently implementing a method to perform
periodic automatic calibration to reduce the effect of
this problem. Another issue with the mapping
method is that when a referee walks in front of the
vehicle the system classifies the person as an obstacle.
This is a good feature but care must be taken to re-
move the obstacle from the map once the person
moves away.

The GPS must be integrated into the mapping
method to determine the location of the obstacles.
This presents a problem since the GPS location data
have errors. Since the data are not stable the system
assumes it is jumping around. Therefore obstacles
that once appeared in one location may appear in a
different location later and the system may record
this as two separate obstacles in the map. Eventually
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there will be too many fictitious obstacles and the sys-
tem will think it’s trapped. Better filtering must be
performed to stabilize the data. In addition we need
to implement a system that will remove obstacles that
it does not see. In a sense our system needs to become
a little more reactive and rely less on the map. We cur-
rently have an averaging system that gives higher
weight to the obstacle more recently seen. This way
moving and fictitious obstacles are gradually re-
moved. We cannot simply erase an obstacle it does
not see because the vision’s classification system has
errors. The averaging omits single bad classifications.
However, at future competitions we will have a Sick
laser range finder that can be used to detect the physi-
cal obstacles like the barricades. With a less erroneous
identification system we can weigh the current data
much heavier with respect to the data in the map and
remove incorrect or obsolete data from the map more
quickly.

To better customize the vision system to the com-
petition we are implementing a hybrid (reactive and
map) system for future competitions. The forward
camera will build the map and see color as before but
the two side cameras will be purely reactive. Its only
task is to detect the side lines. The Sick sensor will
help the front camera with its classification. Based on
the performance of the Sick we can use it to correct
the GPS data as well. We can use the location of the
obstacle we sense with the Sick laser to determine a
precise location of the vehicle. The GPS can be used
to give a course location in the map.

Our navigation system performed very well. Be-
cause of the mapping method it uses, it is able to plot
a complete path around all obstacles it has seen. This
allows it to avoid getting stuck between an obstacle
and the side line or between two obstacles. It also
gives the path that puts the vehicle the farthest from
any obstacle. In the event that the vehicle does get
trapped in a dead end it can move in reverse. The re-
verse camera along with the map allows it to know
what is behind it and move in reverse. A script was
implemented to allow our vehicle to make a 3-point
U-turn. This gives it the capability to make a U-turn
in a narrow path. The reverse and the U-turn capa-
bilities were not needed in the competition since it
successfully avoided situations leading to a dead end
or trap.

4. CONCLUSION

Black Knight is a significant effort made by several
volunteer students and represents the type of under-
graduate research that can be achieved using an in-
teresting topic such as robotics. The design modular-
ity of the hardware allows quick and easy repair and
troubleshooting of all components while the vehicle
continues to operate. Software modularity allows a
set of individual subprograms to be reused for the
various challenges with a small number of control-
ling high-level algorithms. Overall the vehicle is
robust, complete, and with a functional design
which meets the requirements of the competition’s
challenges.
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