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Abstract 

The concept of a 'racing line' is an integral part of competitive racecar 
driving. While many drivers develop a sense for this optimal path around a 
racecourse intuitively, the physics governing basic vehicle dynamics around a 
path are fairly readily available. Naturally, this line is of great interest in racing 
game AI's and autonomous vehicle control, and a variety of strategies exist 
for developing a control algorithm that enables vehicles to closely follow this 
path. We modified a scale-model testbed consisting of a remote control vehicle, 
a networking system, and a computer backend enabling it to be controlled 
programmatically. The system can then be com pared to and developed using 
a simplified model. 
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1 Introduction 

1.1 Motivation 

As autonomous cars have begun to generate increasing media attention, it is becoming 
clear that mainstream adoption of autonomous vehicles is coming in the foreseeable 
future. With their arrival come many benefits, safer transportation, less stressful 
commutes and promised time savings to all. In general, they promise to make driving 
less of a chore for the everyday consumer. 

For some, however, driving is far more than a chore. For some driving is a hobby, 
and even more, a passion. We ask, what does the future of transportation hold 
for people who enjoy driving? Is there a role for autonomous vehicles in racing 
and motorsports? While it seems that autonomous vehicles will soon be capable of 
navigating traffic as well as their human counterparts, how do they hold up at the 
limits of grip? How does an autonomous vehicle with onboard sensors compare to a 
human intuition when controlling a vehicle at the limits of what a car can do? It was 
with these questions in mind that we began our project to develop an testbed vehicle 
to evaluate autonomous control strategies. We hope that our testbed might assist in 
the development of strategies, and enable developers to directly compare autonomous 
vehicles to the intuition of human drivers. 

1.2 The 'Racing Line' 

The best racecar drivers succeed because they have a strong intuition about what 
they call the 'racing line', an optimal path for traversing a race course. This 'line' 
yields the fastest time around a course as it allows drivers to achieve an the highest 
average speed through a combination of minimizing distance traveled and maximizing 
speeds by optimizing accelerations with respect to the maximum grip of the vehicle. 
Generally, drivers develop an understanding of this line through trial and error, and 
through practice coupled with an ability to feel the vehicle slip when it begins to lose 
traction. Computers however, are unable to 'feel' the traction potential of a vehicle. 
Using a basic point-mass model, we are, after some vehicle parameterization, able to 
calculate racing lines and the inputs required to follow them. 

1.3 Modeling 

The paths were generated as a combination of clothoid curves. Accelerations were 
calculated using kinematic equations, and the system was modeled in Simulink using 
a dynamic model of a bicycle simplification of a vehicle. 
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1.4 Control Algorithms 

First, a simple path following algorithm was implemented both on the physical vehicle 
testbed, and in Simulink. Optimal inputs to follow clothoid paths developed from the 
point-mass assumption were tested in Simulink. Feedback controllers were added to 
these to correct disturbance. Finally, a variable path finding algorithm is discussed. 

1.5 Scale Autonomous Vehicle 

Models by their very nature cannot account for all the conditions and dynamics facing 
a racing vehicle. In order to fully develop a testbed for autonomous control strategies, 
we develop a scale autonomous vehicle by converting a remote control car to computer 
control so that we may control it both via a controller connected to the computer 
(such as an Xbox controller) and also programmatically through the computer alone. 
Then different paths dictated by control inputs can be evaluated based on the time it 
takes them to cover a course. Finally, feedback from sensors mounted on the vehicle 
provide us with the vehicle data over the run as well as providing state information 
to the autonomous control strategy. 

2 Theory 

2.1 Racecar Dynamics 

2.1.1 Kinematics 

The basic theory of vehicle dynamics stems from simple kinematics. The vehicle is 
approximated as a point-mass at the center of gravity of the vehicle which has a 
friction coefficient of JL between itself and the ground. The friction coefficient JL is the 
traction of the tires (in this case simplified to a single tire under the singular mass). 
The forces acting on the mass are a result of the reaction of the ground to the force 
pushing on the ground from the tire. Assuming a constant mass, the force will be 
directly proportional to the acceleration. Accelerations in the longitudinal direction 
(the direction of travel) are enacted upon the vehicle by the engine (acceleration) and 
brakes (deceleration) through the tires. Lateral forces are enacted upon the vehicle by 
the turning of the tires. When a tire is turned, a slip angle is generated, and the tire 
produces a force normal to its direction of travel. This force is generally proportional 
to the slip angle. 
The kinematic equations for reference: 

Vj = Vi + at (2.1) 

(2.2) 
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2.1.2 Traction Circle 

1 2 
d = Vit + -at 

2 
(2.3) 

Tires provide a force proportional to the weight placed on them (the normal force). 
We will assume that the relationship is linear. The most important result of the 
nonlinearity is the effect of weight transfer on tire grip. For our point-mass approx
imations however, we are ignoring the effects of weight transfer. Because tire force 
is proportional to weight and vehicle weight is constant, we assume that tires can 
provide a fixed maximum grip and thus a maximum acceleration in any direction. 
The circle created by plotting the maximum acceleration in any direction is referred 
to as the 'traction circle'. For example, if braking in a straight line, if the braking 
force exceeds the maximum tire adhesion, the tires will break grip and the vehicle will 
slide. The deceleration when sliding is less than that of braking because the kinetic 
friction coefficient of the tires (when sliding) is much less than the static coefficient 
of friction (when the tires are rolling). Thus, the maximum deceleration occurs when 
the vehicle is braking at the limits of grip. Thus a vehicle which slides under braking 
has braked too hard, and a vehicle whose deceleration is less than maximum has not 
utilized all the resources available to it and thus will not be traveling an optimal path 
with respect to time. The same is true for lateral acceleration. If we want to travel a 
course in the minimum time, we must travel at the maximum velocity. Our maximum 
velocity while turning however, is limited by our maximum lateral (centripetal) ac
celeration on the traction circle. Thus, we will inevitably be forced to slow down for 
corners. Therefore, to achieve the highest average speed, the vehicle must be always 
tracking the traction circle to always work at maximum acceleration. 

Gas Hardest Possible 
Acceleration 

Left-+--- ~--+- Right 

Hardest Possible 
Left Turn 

Brake 

Figure 1: Traction Circle, courtesy farnorthracing.com. 
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2.2 Path Generation 

A racing line is the path which allows the fastest time around a course. This is 
naturally a balancing act between the shortest possible distance, and the highest 
possible velocity. These two goals however are often at odds with one another taking 
the shortest distance would dictate tracking the inner radius of every corner while 
the maximum velocity would require the widest possible cornering radius in order 
to maximize velocity at the same centripetal acceleration. Lines also differ due to 
surface conditions, weather, vehicle parameters and drivability and driver preference. 

Generally, the paths driven by professional racecar drivers are comprised of smooth 
inputs to the vehicle in order to maintain balance. Severe or sudden inputs would 
create large weight transfers and reactions in the vehicle's suspension. This would 
generate large differences in tire grip between the front and rear or left and right 
tires which would cause the vehicle to suddenly handle very differently. As such, 
paths around corners generally tighten gradually to the tightest portion of the path, 
designated as the apex, and then open gradually into the next straight. These paths 
can generally be described by clothoids which begin and end at the apex. Clothoids 
(or Euler Spirals) are curves whose curvature varies linearly with distance. The 
curvature of the path determines the steering required by the vehicle. Because the 
curvature of a clothoid varies linearly with distance traveled, the steering inputs will 
be continuous. This is important for maintaining the stability of our vehicle. 

We generated clothoids in MATLAB using the 'fresnelc' and 'fresnels' functions. 
Given the desired radius of curvature at the apex and the angular position of the 
apex (a) with respect to the horizontal, two clotho ids would be generated: 

1. The first clothoid is generated as the entry clothoid. This curve goes from 
the straight (of infinitely large radius of curvature), to the apex position (the 
tightest part of the corner). The curve is generated from orientation angle zero 
(horizontal) to the angle tangent to the inner corner radius at the point of the 
apex. The curve is then scaled so that the radius of curvature at the end of the 
clothoid (the apex) is equal to the desired minimum inner radius. 

2. The second clothoid is generated from zero to the 180 minus the apex angle. 
The points which make up this clothoid are then flipped about the x axis and 
then shifted so that the end of this curve meets the end of the first clothoid at 
the apex. 
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-1 -D. 5 0 0.5 1.5 2 2.5 3 3.5 

(a) Entry clothoid generated for Q = ¥ and 
an inner radius of 2 meters. 

(b) Exit clothoid generated for 
a = 7, r = 2. 

Figure 2: Entry and Exit Clothoids. 

'0;--;--;----;-----;---;---;:---; 

Figure 3: Path for a = 7, r =2 comprised entry and exit clothoids from Figure 2. 

Figure 4: Path for a = 0, r = 2. 
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Calculating Optimal Control Calculations 

2.2.1 Acceleration and Braking 

Once the maximum acceleration is determined experimentally. it can be used to de
velop the traction circle from the kinematics and traction circle sections above. Once 
the maximum accelerations are known and the target path has been generated, the 
optimal inputs (gas or brake and steering) can be theoretically calculated. It is as
sumed that at the apex, the vehicle will be operating at full centripetal acceleration 
and zero longitudinal acceleration. This means the vehicle will not be accelerating 
or braking at the apex which leaves the full traction from the tires available for cor
nering. This allows the maximum speed at the apex: acentripetal = vr

2
• The radius of 

curvature and the maximum acceleration are known and so the velocity at the apex 
can be calculated. Using the velocity at the apex, the resultant centripetal accel
eration can be calculated at the next point using the previous velocity. Then the 
longitudinal acceleration can be calculated from the remaining acceleration potential 
from the traction circle. The new velocity would be the result of the new longitudinal 
acceleration applied over the time it takes to cover the distance step. In this way, the 
acceleration and velocity profiles as well as time can be calculated for the clothoid 
path generated to travel around a corner. The acceleration profile is directly linked to 
the throttle input which is given to the vehicle. Each throttle position maps to a mo
tor acceleration on the vehicle and so to go from this acceleration to a throttle map, 
we need only to experimentally correlate throttle position with acceleration. (Note: 
all acceleration profiles are calculated with a maximum of 5 ~ unless otherwise noted 
as the acceleration tests performed on the physical testbed indicated between .5 and 
.75 g of maximum acceleration.) 
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(a) Acceleration profile for 
Q = 0, r = 2 (Figure 4). 
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(b) Acceleration profile for 
Q = Ej-, r = 2 (Figure 3). 

Figure 5: Acceleration profiles for different paths. 

2.2.2 Velocity 

The velocity will be known as it is an essential calculation in the iteration along the 
clothoid in order to calculate the accelerations and times along the path. However, 
it is worth highlighting the theoretical velocity profiles, shown in Figure 6 which ac
company the acceleration profiles shown in Figure 5. The velocities at the apecies are 
the same because the profiles were calculated using the same maximum acceleration 
and the same radius of curvature at the apex. It is clear that the longer entry curve 
of the later apex allows for longer braking and thus a higher corner entry velocity 
than the symmetrical curve. Conversely, because the exit clothoid of the later apex is 
shorter, there is less time to accelerate even though the acceleration curve is steeper 
(more acceleration more quickly) because the steering unwinds more quickly. As a 
result, the exit velocity of the later apex is much lower than that of the symmetrical 
path. 
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(a) Velocity Profile for Q = 0, r = 2. 
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(b) Velocity Profile for Q = 1;[, r = 2 

Figure 6: Velocity Profiles. 

2.2.3 Steering 

The steering varies linearly with distance covered. The arctangent calculation to 
calculate steering angle from radius of curvature is shown in Figure 7. However, as 
the vehicle is not tracking the path at constant velocity, the steering is not linear with 
t ime. 
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Figure 7: Calculation of steering angle, courtesy www.gamedev.net. 
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(a) Steering angle with time for 
a = 0, r = 2 from Figure 4. 

(b) Steering angle with time for 
a = Iff, r = 2 from Figure 3. 

Figure 8: Steering angle with time for different paths. 
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3 Path Optimization 

3.1 Normalizing Paths for Optimization 

After accelerations have been calculated through iteration along the clothoids, the 
time from to travel the clothoid will be known. As can be seen in Figure 9, different 
clotho ids, even with the same radius of curvature at the apex can begin and end in 
dramatically different places due to the length of the clothoid required to get to the 
apex at a constantly variable curvature. 

The start and end points must be normalized for the times to be meaningful. 
Before the clothoid begins, and after it ends, the radius of curvature is infinite. This 
means that at these points, provided the vehicle continues in a straight line, there will 
be no centripetal acceleration. Thus, according to the traction circle, the vehicle is 
free to accelerate or brake at its maximum potential. After reasonable normalization 
points have been found, simply extend the exit straight from the clothoid end point to 
the normalized end point and use equation 2.2 to calculate the normalized exit velocity 
and then use equation 2.1 to calculate the additional time required to traverse the 
extra distance. 

Calculating the additional time for the entry straight is more complicated. It is 
assumed in these calculations that the vehicle is entering the clothoid turn at the 
optimal entry velocity. In order to achieve this velocity from a normalized start 
point the accelerations of the vehicle in the straight preceding the curve depend on 
the vehicle speed at the normalized point. If the vehicle is traveling very quickly, 
it must brake for the entire distance. If it is traveling very slowly, it may have to 
accelerate the entire distance. More likely however, is that the vehicle will need to 
accelerate up to a point, and then brake to achieve the optimal entry speed. The 
braking distance and time however is dependent on the maximum velocity, not the 
start velocity. Therefore a maximum velocity must be defined as the final velocity of 
an accelerating portion and the initial velocity of a braking portion. The kinematic 
equations 2.1 and 2.2 can be combined and used to calculate the distance and then 
time required to accelerate to a maximum velocity and then brake from that velocity 
to the corner entry velocity. 

Ultimately the fastest curves will be similar but will depend on the application. 
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(a) a = O. (b) a = Iff. (c) a = l!f. 
Figure 9: R = 2, differing a, which path is fastest? 

3.2 Optimization Example: Oval Track 

In order to demonstrate the differences between curves, a track can be created and 
different paths can be tested. An oval track is shown in Figure 10. 

The course has two 180 degree turns at each end, each with an inner radius of 2 
meters. The turns are 10 meters apart and the course is 2 meters wide. This makes 
a course length between 32 and 45 meters depending on the radius of curve taken. 

In order to find a path around the entirety of the course, all clothoid curves which 
create possible paths must remain within the boundaries of the track as demonstrated 
in Figure 11. 

( ) 
·4 

·6 

·8 ·6 ·4 ·2 

Figure 10: Oval Course for path optimization. 
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Figure 11: Curves must remain in bounds to be considered. 

After the out of bounds curves are ruled out, minimizing time is a matter of two 
parameters: 

• Radius of curvature at the apex (r) . 

• Angular position of the apex (a). 

3.2.1 Effect of Changes in Apex Cornering Radius 

If the apex position is held constant and the radius of curvature at the apex is altered, 
the paths remain similar in shape but get wider as illustrated in Figure 12. As the 
radius of curvature increases, the velocity at the apex increases while centripetal 
acceleration remains constant because acentripetal = vr

2
. The important parameters of 

the two paths can be compared in Table 1. Because the clothoid has been scaled 
up, the path is longer than the equivalent path with a smaller cornering radius. As 
a result, the straights between curves are dramatically shortened. This means less 
time at full throttle and less time under full braking. However, it also means that 
the vehicle is turning more gradually and so there is more room for throttle and 
brake application in the clothoid path. Thus, the entry and exit velocities of the 
larger radius path are significantly higher. The end result of these two effects is a 
remarkably similar maximum velocity on the straight between corners. Ultimately, 
in this instance, the higher average velocity of the wider radius path due to a higher 
velocity at the apex makes up for the extra distance traveled. While five thousandths 
of a second may not seem like much, after 5 laps it would provide a 22 em lead on a 
vehicle only 70 em long. A third of a car-length in 22 seconds is a hugely significant 
margin, especially given the small difference between paths. 
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Table 1: Oval time and parameters with cornering radius. 

Alpha R (m) Straight Comer Entry Corner Exit Max. Straight Comer Total 
(degrees) Length (m) Velocity (mls) Velocity (mls) Velocity (mls) Time(s) Time (s) 

0 2 4.1996 6.4077 6.4077 7.8776 2 .9704 7.1168 
I--

1 1.7495 1 7.7505 0 2.5 7.1640 7.1640 3.3210 7.11 12 

-8 -6 -4 -2 

Figure 12: Oval paths r=2 and r = 3. 

3.2.2 Effect of Changes in Apex Position (a) 

As the apex proceeds further in the turn (as parameter a increases), the entry clothoid 
lengthens and the exit clothoid shortens as shown in Figure 13. As demonstrated in 
Table 2, the combined result of this is that the straight between the paths increases 
slightly. As reflected in Figures 5 and 6, shifting the apex later allows for more 
braking before the apex and less acceleration following it resulting in higher entry 
and lower exit speeds. The result is a more throttle and less braking on the straight. 
This serves to mitigate the differences in entry and exit velocity when comparing the 
maximum velocity on the straight. Essentially, moving the apex later allows for earlier 
application of full throttle which can be useful depending on course parameters. 

3.2.3 Optimization Conclusion 

After iterating through every degree of possible apex positions, a = 9 degrees was 
ultimately the optimal location for this track. The slightly later apex allowed for a 
slightly greater entry velocity and slightly more aggressive acceleration after the apex. 
Ultimately, it goes to prove that small adjustments make all the difference. Figure 
14 demonstrates that the a = 9 path is barely discernible from the a = 0 path. For 
this course, 9 degrees means the apex is only a foot farther down the course, yet it 
yields an immense advantage as demonstrated in Table 3. 
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Table 2: Oval time and parameters with apex position. 

Alpha R(m) Straight Comer Entry Comer Exit Max. Straight Comer Total 
(degrees) Length (m) Velocity (m/s) Velocity (mls) Velocity (mls) Time (5) Time(s) 

0 2 4.1996 6.4077 6.4077 7.8776 2.9704 7.1168 
I-

15 2 4.2344 6.6594 6.1222 7.8795 2.9638 7.1186 

r30 
- -I- -

1 2 4.3260 6.8855 5.7900 7.8802 2.9443 7.1224 

45 2 4.4437 7.0913 5.3888 7.8665 2.9367 7.1744 
-

-8 -6 -4 -2 

Figure 13: Oval paths a = 0, a = EJ-. 

-B -6 -4 -2 

Figure 14: Oval paths a = 0, a = 9 degrees. 
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Table 3: Oval time for C\:' = 0, C\:' = 9 degrees. 

Alpha R(m} Total Time 
(degrees) (. ) 

0 2 7.1168 r;- 2.5 ~12-
C-

9 2 7.0546 

9 2.5 1.0424 
L-

4 Modeling 

In order to better understand our testbed and in order to test and revise control 
algorithms quickly before implementing them on the vehicle testbed, a Simulink model 
was developed. 

4.1 Model Basics 

The model was developed from a bicycle model implemented in Eric N Moret's 
Dynamic Modeling and Control of a Car - Like Robot. The model made the 
simplifying assumption that the vehicle had no width. As such, both front wheels 
were combined to a single wheel. This eliminated the otherwise complex but often 
Ullllecessary Ackerman steering angle. This way the steering angle can be approxi
mated as a single value for both tires and used directly in the steering mechanism 
rather than calculating the angle for both tires and backsolving through the Ackerman 
angle for the steering mechanism demands. Figure 15 demonstrates the simplifica
tions. The model takes into account the forces through the tires both laterally and 
longitudinally. Thus , the vehicle is propelled and steered in the same fashion as our 
physical testbed: by reaction to reaction forces from the ground through the tires. 
This model however , makes the assumption that there is always sufficient grip at the 
wheels. While this is true at low speeds, this assumption is not valid at the edge of 
the traction envelope. In order to ensure reasonable results, a slightly conservative 
value for maximum acceleration of the vehicle was implemented and the model was 
occasionally checked to see if resultant accelerations were within the scope of the 
traction circle. They almost uniformly were and so we proceeded with the model as 
such. The state space model is as follows: 

x~ 
bt=¢ 

[cose- I sin e] Vu 

bt=¢ 
if ~ [sin e + I cos e] Vu 

. t=¢ 
e~ -I-vu 
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(4.2) 

(4.3) 



y 

'--. X 

Figure 15: Bicycle model simplification. 

L 

00 ...... 

Figure 16: Simple Simulink representation of bicycle model. 

. vuWm+J)tan¢h·. [2(cos¢?F 
Vu= pz+ D 

I I 
( 4.4) 

Where FD is the driving force, and where I is: 

( 4.5) 

The state space model was implemented in Simulink as shown in Figure 16. The 
steering and longitudinal (tangential) acceleration inputs (¢ and at respectively) are 
controlled by MATLAB boxes. In this way, steering and acceleration inputs could be 
provided with respect to time. The A and B matrix boxes comprise the state space 
representation, and the time delay simply inputs initial conditions when time = 0 so 
the model can start. 

4.2 Model Input Testing 

The model could then be used to verify the results of the steering and acceleration 
profiles generated by point-mass approximation to follow the clothoid paths. Because 
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(a) Calculated feedforward steering input. (b) Curve-fitted feedforward steering input. 

Figure 17: Comparison of calculated and curve-fitted feedforward steering inputs for 
a = 0, r=2. 

these values are pre-determined and not dependent on vehicle state, they will be 
referred to as 'feedforward' inputs. As demonstrated in Figures 17 and 18, these 
steering and acceleration profiles were curve-fit with time to provide continuous time 
data for the simulink model. 

The results can be seen in Figure 19. It is clear that in both instances, the model 
output path from simulink (red) is very close to the clothoid path from which the 
feedforward inputs were generated (blue). In the first case (a = 0, r = 2), the y error 
remained within 25 cm and the x error remained under 55 cm. As the vehicle is 30 
cm wide and 70 cm long, both errors are relatively small compared to the wheelbase 
of the vehicle. Similar results stand for the second case where a = ¥, r = 2. Here the 
x error remains within 20 cm and the y error again remains under 55 cm. Ultimately 
it seems that although there is some error due to the curve fitting of the feedforward 
inputs and the implementation of a point-mass approximation in the bicycle model, 
the calculated feedforward values are quite accurate. 
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(a) Calculated feedforward acceleration 
input. 

(b) Curve-fitted feedforward steering input. 

Figure 18: Comparison of calculated and curve-fitted feedforward acceleration 
inputs for a = 0, r = 2. 

(a) Feedforward model results Q = 0, r = 2. (b) Feedforward model results Q =!'}, r = 2. 

Figure 19: Feedforward model results. 
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5 Scale Autonomous Vehicle 

5.1 Overview 

Vlhile the modeling suite allows for rapid development of control algorithms, the 
approximations required for modelin g are such that the models alone do not constitute 
a illlified testbed for development. In order to fully facilitate research of autonomous 
racecar control, it is necessary to observe how the control algorithms behave when 
implemented on a physical vehicle dealing with the physical reality of, for example, 
imperfections in the operating surfaces. Additionally, it is instructive to directly 
compare the performance of an autonomous control scheme to that of a human driver, 
something that is not possible with tools like Simulink. To enable the collection of 
this data, we developed a 117th scale autonomous vehicle prototype, complete with 
an array of sensors, which could be controlled by either a human operawr using a 
game controller, or by a control algorithm. 

5.2 High Level System Description 

The autonomous vehicle prototype is built around a Traxxas XO-l ™ seventh-scale, 
electric remote control car. This vehicle was selected for its electric motor (requiring 
no control of gearing or special storage of hazardous fuels), and true-to-life compo
nents including four-wheel independent suspension, Ackerman steering, and all wheel 
drive. Additionally, at arolUld 70cm long, the vehicle is large enough to carry an 
array of sensors while still being small enough to store and transport easily. 

As visible in Figure 20, the vehicle was adapted to carry an onboard computer, 
which interfaced with t h e steering and throttle controls, as well as the added sensors. 
This computer commlUlicates wirelessly with amore powerful control computer, which 
returns control inputs either from a human driver using a game controller, or from a 
control algorithm generating control inputs for a given observed state. 

Tr:;,,()(~ )(0-1 

Control Computer 
Onboard 

Wo-R / Computer f\ 
Hunun Control M'_ 

Control 

Vehkle 

'"""" Controls 

Figure 20: High Level System Description Diagram 
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5.3 Onboard Computer & Processing 

Onboard the vehicle is a Raspberry Pi 2 Model B with a 900 MHz ARM-based proces
sor and 1GB RAM 1 The computer runs a headless (installed without a GUI/Window 
Manager) version of Debian Wheezy dubbed Raspbian, one of the officially supported 
Linux distributions for the Raspberry Pi. As visible in Figure 21, the computer is 
connected to a variety of sensors and controllers, while drawing power from a battery 
pack installed over the rear wheels of the car. The power for the entire control sys
tem is isolated from the power supply for the motors, so even if the motors' battery 
voltage drops below 5V, the car can be controlled. 

Because of the relatively low speed of the Raspberry Pi's processor, the amount of 
data processing done on the car is minimal. The Pi performs the conversion from raw 
IMU data to meaningful positioning information using a program written in C++, 
while the image data used in the positioning system is sent to the control computer 
without processing using GStreamer 1.0. The car accepts control requests from the 
control computer via a custom server written in Python, which converts a coded 10 
byte string of the form: 

Q2S.Q9 Q2S.Q9 
Throttle Steering 

Which it decodes into a steering angle and throttle position. Using an object
oriented wrapper to a serial interface to the servo controller, the server then sets 
these values on the motors. 

Initially the goal was to consolidate all of the processing on the car into the Python 
control server, with a text-based protocol differentiating between control requests and 
sensor state requests, for example. The Pi's 0.9 GHz processor, however, proved un
able to perform the image processing necessary in real-time, yielding a measurement 
rate of about 1 measurement every 2 seconds. This, combined with the difficulty of 
converting the low-level hardware operations required by the IMU's drivers necessi
tated a switch to a less portable solution, with IMU data, positioning system raw 
images, and control requests being served by different programs on different ports. 
While this did enable real-time measurement and control of the vehicle, it also caused 
a number of challenges with integrating the measurement data with the control algo
rithms on the control computer. 

5.4 Onboard Sensing 

5.4.1 World-Frame Positioning 

Reliable world-frame localization for mobile robots is an ongoing subject of research. 
The particular design constraints of this system precluded many off-the-shelf solu-

1 htlps: / /www.raspberrypi.org/products/raspberry-pi-2-model-b/ 
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Figure 21: Wiring Diagram for Onboard Systems (Larger-Format Version in 
Appendix) 

tions: the accuracy of high quality GPS is usually quoted as +/_ 3,5m 2, which is far 
too large for a Weill-wide car. Odometry and similar methods rely on the assumption 
that the vehicle has no wheel slip, which is too restrictive an assumption for motor
sports applications. Ultimately, we decided to implement a cusklm solution which 
relies only on measurement of relative bearing of the vehicle to known positions. 

To accomplish this, a 3D-printed bracket holds a transparent acrylic dome lOcm 
above a digital camera mounted to face upwards from the car. Mounted k> the 
underside of the dome is a hemispherical mirror placed coaxially with the lens of the 
camera, (See Figure 22) 

The hemispherical mirror reflects the light from three colored lights at known 
positions around the robot's operating space, which appear as three bright colored 
dots in the camera image, By nature of reflection, the angle from the vehicle-frame 
x-axis to each dot in the camera image is the same as the angle from the car to each 
beacon, 

The observed location of the beacons is determined using OpenCV, The raw image 
is gamma-adjusted to decrease the presence of reflections of any white light in the 
image, then, in the case of red, green, and blue beacons as were employed during 
testing, a Gaussian burred copy of each of the two others was subtracted from each 
RGB channel to eliminate elements from the image which weren't purely light of each 
color. Finally, morpohological closing with an ellipsoidal kernel was applied k> each 
color channel image to account for holes in the beacons where the camera image might 

'hI I p:/ /www,gps,goy/syslems/gp'/performance/,,",cura,",/ 
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• 
Figure 22: 3D Rendering of Positioning System Apparatus, Exploded View 

have saturated, and thereby counted the colored beacon light as white. The brightest 
pixel remaining in each channel with coordinates: 

X,Y 

is then taken as the center of the beacon, and the angle to a fixed mirror center: 

Xm,Ym 

is calculated as the arctangent of the pixel location: 

e = arctan2(-(xm - x),Ym - Y) (5.1 ) 

With the sign flip to account for the fact that the image is, in fact, a mirror image 
and all the images are therefore reversed in the image x coordinate frame. The angles 
for each beacon are taken then as 

respectively. 
Given the known positions of the beacons, the world can now be imagined graph

ically as shown in Figure 23. 
The unknown, world-frame state of the car is taken as 

Xc, Yc, and Be 
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Figure 23: Reflections on Hemispherical Mirror in terms of word OJordinates 
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With the red beacon as an example, the angle from the car to each beacon in the 
world frame is then: 

eR = ec + BR 

This angle can be expressed trigonometrically as 

eR = arctan 2 (Yc - YR, Xc - XR) 

Which by substitution, and applied to all three beacons, yields: 

BR = arctan 2 (Yc - YR, Xc - XR) - ec 

Bc = arctan 2 (Yc - Yc, Xc - xc) - ec 

BB = arctan2(yc -YB, Xc - XB) - ec 

(5.2) 

(5.3) 

(5.4) 

(5.5) 

(5.6) 

Which ideally would then be solved using the known beacon positions for the 
three unknown state variables. Unfortunately, there is no closed form solution to 
this system of equations. We can approximate a solution, however, using numerical 
optimization to find: 

argmin L (Bi - arctan 2 (YX~:i) _ e) 2 

x,y,e iE{ R,C,B} , 
(5.7) 

And assume our state variables: 

< xc,Yc,ec >~< x,y,e > 

The Python implementation of this localization method employs the 
scipy. optimize module, and any of the methods for numerical optimization im
plemented therein can be used. Qualitative experimentation revealed the L-BFGS 
algorithm (which unlike some other methods, does not need the Jacobian) to be the 
most robust to different initial guesses. Code to calculate the Jacobian is retained, 
however, to facilitate easy switching between different methods. 

5.4.2 IMU 

The car also contains a GY-85 Internal Measurement Unit (IMU) which itself con
sists of a three-axis accelerometer, three-axis gyroscope, and a magnetometer. The 
accelerometer data was too noisy to be useful in any real time applications however 
(see Figure 24). 

The magnetometer showed promise as a potential reference for initial guesses for 
the numerical optimizer of the world frame positioning system, but the initialization 
process couldn't be adapted for Python without substantial alteration of the source 
code, which time constraints precluded. 
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Figure 24: Accelerometer readings (in Gs) for vehicle under gentle manual 
acceleration, with IIR lowpass filter for comparison 

5.5 Onboard Controls 

5.5.1 Servo Controller 

The stock servo controller, which gathers input directly from the included remote 
control, was bypassed in favor of a Pololu Mini Maestro 24 USB servo controller. The 
Maestro accepts serial input from a Python-based object-oriented wrapper. Power, 
data, and ground wires are connected to both the steering servo, and the stock Elec
tronic Speed Control. Power to the servo controller's logic is provided via the USB 
cable to the Raspberry Pi, while the actual reference voltage for the motors is pro
vided by 4 AA batteries, partially in order to maintain separation between power for 
the controls and power for the motors, and also because the current drawn is too 
much for the +5V rails on the Raspberry Pi. 

5.5.2 Steering Servo 

The stock steering servo worked without any further alteration. The servo accepts 
input in the form of angles represented in degrees from 0 (full right) to 180 (full left). 

5.5.3 Motor ESC 

The stock electronic speed control, or ESC, presented something more of a challenge. 
The Traxxas XO-l is a consumer product, and given the relative danger of Lithium 
Polymer batteries, Traxxas places tight restrictions on the types of controllers that are 
by default able to be used on the motor ESC. As configured, the servo controller was 
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unable to interface with the motor using a standard PWM signal. The problem was 
illustrated on an oscilloscope trace, Figure 25, where the blue signal shows the signal 

I.' ' , I :" " : ' " 1' : I~ri-~: I" :' : ;To' '1': ' -
't' 

...... , . , .. .. . ·,:·r· · 
J Ch l Ampl 

2.70 V 

; ~ ~ ~ ~ .......,.; ~ ....,..,..;. .".....;. ~ 
, ' - ' ' ',' ' ' Chl Freq 

: ' , ' : - ' ; ' ':: "':: ' "]; ' : : l~~~7g~~ 1 
, " , amplitude 
; , .~.~' ;~;;;;~~;~j;-~"'~ '~ ; ';'/~'~'~ ~ . ''' ([h'i 8~ 

Ch1 '3.00V rim 5 ,OOV 

' 7 15. 05 ~'O 

- low signal 
amplitud~ 

M 10 . Oms A Ch 1 fl. O V 

Figure 25: Electroscope Trace of PWM Signals: Note the signals are logical inverses 
of each other 

output by the stock controller, and the pink signal shows the output of the Maestro. 
There are two characteristics of these signals of note. First, they are logically inverted 
relative to each other. Second, the stock signal has a slight rise near the end of the 
high portions of the pulse. Though no direct documentation offering an explanation 
of this latter rise is available, manufacturer instructions for disabling the electronic 
speed limiter eliminated it, suggesting that it was part of the locking mechanism. The 
inversion of the signal was accomplish using the transistor circuit visible in Figure 21. 
This circuit performs a logical NOT on the signal, which the ESC accepted without 
complaint. 

31 



Figure 26: Still from video of servo test, full video available at 
http://youtu.be/JSV7yNca76w 

5.6 Networking 

Wireless communication between the car and the control computer was facilitated by 
dedicated Wi-Fi network. A simple client-server architecture was established, where 
the onboard computer served requests for controls inputs and sensor states, and the 
control computer acts as a client. 

5.6.1 Application Layer 

At the application layer, the testbed implements state space control as a series of 
control inputs generated from measured state information, with a desired next state. 
Measured state information is generated primarily by the world-frame positioning 
system, which streams image data over the network for client-side processing. IMU 
data is also available for serving. Controls are generated on the client-side either from 
a human controller using network_controllerl2Y or by autonomous models using 
auto_controlI2Y. These commands are sent back to the onboard computer using 
a custom, lightweight text-based protocol. As mentioned in section 5.3, the initial 
design called for a single, unified server to handle all requests, using the Python 
multiprocessing library to take advantage of the quad core processor. However, the 
Raspberry Pi's performance limitations hampered its ability to perform expensive 
computations like OpenCV's morphological closing algorithm in any approximation 
of real-time. Consequently the architecture had to be adjusted such that multiple 
applications could be run bound to different ports. The world-frame positioning 
system uses GStreamer1.0 to stream low-latency images to the client computer for 
determination of the position as described in section 5.4.1. Images are received by 
a Python wrapper to GStreamer on the client side, which calls the navigation code 
on the most recent frame as a callback registered with DBus for availability to other 
processes. 
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The collection of IMU data requires superuser access on the Raspberry Pi, as well 
as low-level hardware operations. The actual interfacing code used is an adapt ion 
of Peter Bartz's IMU implementation for Arduino. The data from the IMU is sent 
over the network using netcat. The actual control requests are handled by a custom 
Python server. 

5.6.2 Transport Layer 

All communications are implemented using TCP. While TCP has a higher cost in 
terms of latency, two characteristics are primary factors in the decision to favor it 
over UDP. First, the guarantee of in-order deliver in this project is considered of 
tantamount importance to prevent discontinuities in the received control inputs. The 
default behavior of the control server is to hold the last control until a new control is 
received, so one could imagine a situation in which the middle of a ramp input to the 
steering angle would, for example, get delivered last using UDP causing the steering 
to sharply jerk to return to the position commanded halfway through the turn. In
order delivery also guarantees that images from the positioning system are able to be 
decoded properly, with UDP packets often yielding a scrambled or unopenable image. 

Additionally, TCP's reliable transport guarantee would prove useful if the car were 
to momentarily lose Wi-Fi signal, ensuring that the input received upon regaining 
signal wouldn't be a sharp discontinuity. 

6 Control Algorithms 

6.1 Pure Pursuit and Proportional Error Control 

Because the vehicle is operated in the real world on less than ideal surfaces with 
less than perfect vehicle states, a control algorithm to keep the vehicle on track is 
essential. The first control algorithm implemented in Simulink was a rudimentary 
pure-pursuit style proportional gain error control. In the Simulink model, a simple 
feedback controller chose the point on the line which was closest to the vehicle and 
the vehicle steering input was decided entirely by the positional error from the closest 
point and a gain constant. The velocity was constant. 

On the vehicle testbed, the algorithm was nearly identical but with nominally 
different constant gains. 

As is clear from Figure 27, the pure pursuit control provided very similar results 
on the physical testbed and in Simulink. 
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(a) Pure pursuit physical testbed result. 

Simulink Pure Pu rs uit 

(b) Pure pursuit Simulink model result. 

Figure 27: Actual and modeled pure pursuit path following results 

6.2 Feedforward Feedback Control 

As was demonstrated in Figure 19, the feedforward inputs from the point-mass cal
culations provided path tracking with very little error. However, it is unreasonable to 
implement such an algorithm on the physical testbed without some sort of feedback 
control because of surface and implementation imperfections. If for example, the ve
hicle were to hit a patch of dusty surface and begin to slide, the vehicle inputs would 
continue as before, entirely unaware of the predicament of the vehicle and the vehicle 
would drive off course and possibly crash. 

It is clear then that a feedback loop is required in addition to the feedforward 
controls. A simple bang bang velocity controller was implemented to control vehicle 
velocity using acceleration control. If the velocity of the vehicle was too high, the 
controller adds a small, fixed negative acceleration to the feedforward acceleration. 
If the velocity was too low, the controller adds a small fixed positive acceleration 
to the feedforward acceleration. Although simple, the feedforward-feedback velocity 
controller worked well in Simulink and responded well to disturbances. The results of 
the velocity controller can be seen in Figures 29 and 30. It is clear that the controller 
contributes to the accuracy of the feedforward system somewhat in Figure 29, but 
it is essential when disturbance is introduced to the system as in Figure 30. The 
disturbance introduced was a simple ramp in velocity for 0.1 seconds. 
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Figure 28: Simulink model with feedback control. 
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Figure 29: Velocity profiles with and without proportional feedback control. 
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Figure 30: Velocity profiles with disturbance. 

A similar algorithm was implemented for steering. However, for the steering feed
back loop , rather than implementing a fixed value bang bang controller, the feedback 
was proportional to positional error. The disturbance in steering simulated a slide un
der braking. The assumption was that it was very possible that if the vehicle braked 
too abruptly or lost traction , it would slide forward without being able to steer. This 
was approximated by canceling steering input for 0.3 seconds in the corner entry. As 
shown in Figure 31, the result of eliminating steering is that the vehicle fails to turn 
into the corner. The feedforward only path continues to provide steering as if nothing 
had happened and as a result, washes wide of the corner and does not correct its 
error. The feedforward-feedback system however, recovers and heads back towards 
the original path. 

Stee ring Disturba nc e Paths 

_________ -Theoreti ca l Path 

~-Uncontro li edP at h 
- Controll ed Path 

Figure 31: Paths taken with and without feedback control with disturbance. 
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The implementation of the feedforward-feedback controller is dependent on the 
vehicle to be capable of taking additional inputs such as tighter steering or more 
braking than was originally intended in from the point-mass accelerations. If the 
vehicle is already cornering at maximum centripetal acceleration, the tires will be 
unable to provide the grip to turn in more and the controller will be useless. As 
such, the feedforward controls in such an implementation would need to be calculated 
using a conservative maximum acceleration value which would leave room for the 
feedback controllers to make small adjustments without overreaching the limits of 
grip. The acceleration value can be set conservatively and then raised following 
experimentation until the system reaches a point at which it is grip-limited and can 
no longer reasonably control the vehicle. 

6.3 Future Controller Implementation 

As mentioned in the previous section, the implementation of the feedforward-feedback 
controller requires some slack in the maximum acceleration profile. This means how
ever, that when there is little to no error, the vehicle is not traveling at its maximum 
velocity. This is necessarily slower than if the vehicle were traveling at its maximum 
acceleration. 

Once the feedforward-feedback control system has been implemented and it has 
been experimentally determined how high the maximum acceleration can be set, it 
is possible that adding yaw damping to the steering controller would allow a slightly 
higher maximum acceleration by smoothing the results of the feedback steering con
troller. This should make the system more stable and may allow for use of marginally 
higher accelerations. 

One method to increase implemented maximum acceleration would be to adjust 
the velocity controller to work from the traction circle. The velocity controller, rather 
than working from a theoretical velocity at each point, would determine from the ac
celerometer (or from a calculation in Simulink), what the centripetal acceleration 
at any given point is. If steering angle and future steering angles are taken into 
account, the velocity controller could implement a longitudinal acceleration to main
tain maximum acceleration within the traction circle based on the current centripetal 
accelerations. 

Ultimately, we would like to have implemented an alternate path steering con
troller. Such a controller would allow for some marginal error to be corrected by a 
feedforward feedback controller, but once a threshold was reached, would move the 
vehicle to a suboptimal path. The theory is that a suboptimal path followed well will 
be faster than an optimal path followed badly. If significant path tracking error needs 
to be corrected, the vehicle must reduce its velocity in order to turn more aggressively. 
Slowing down in the second half of a corner reduces the advantage of using clothoids 
almost entirely. For example, in the paths described in Figure 31, the controlled path 
increases its steering angle dramatically. If the vehicle were operating at maximum 
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acceleration at the apex, there is no way the tires would be capable of providing the 
additional force required to turn farther in this way. The vehicle would either need 
to slow down to turn farther or it would wash wide and follow a similar path to the 
uncontrolled scenario. In this case, it would be ideal to move away from the original 
path and choose a path with a later apex. This would allow a longer entry clothoid. 
As a result, the vehicle would have longer to brake before the apex. Although, if 
followed perfectly, this later apex may provide a slightly slower time than the original 
path, it would almost certainly be faster than slowing down enough to steer back onto 
the original path. 

In order to implement an alternate path steering controller, there would have to 
be an optimization algorithm in place which calculates which paths are feasible based 
on current position and velocity. The algorithm would then choose the fastest of 
these paths and set the feedforward and feedback controllers to follow this new path. 
This is very similar to a 'recovery line' followed by racing drivers when traction is 
lost. Rather than give up and track back to the original path, they intuitively find 
the best path on which they can get from their current position to the exit of the 
corner given their vehicle state. 

7 Results 

Ultimately, we were successfully able to implement a position error based control 
algorithm which allowed the vehicle to track a clothoid racing line using the the 
onboard positioning system. The results of the simple path tracking can be seen in 
Figures 32, 33, and 34. On inspection, it can be seen that these agree quite well, 
thereby validating the correspondence between our model and our physical vehicle. 
While timing constraints ultimately precluded more rigorous quantitative analysis 
of this correspondence, we are confident that the system can be a valuable tool in 
developing and testing future control algorithms. It should be noted that the Simulink 
times are, in the demonstrated example, reversed for comparison's sake because the 
model was tracking a left turn and the physical testbed was tracking a right turn. 
Both were tracking the same path, but in different directions and so to better compare 
the data, the time scales in Figures 33 and 34 were reversed. 

A video of the vehicle traversing this path can be found at https:/ /www.youtube. 
com/watch7 v=YaRINyRuhhk. 

8 Challenges 

Many of the challenges we faced during this project stemmed from the inherent dif
ficulty of debugging non-deterministic code and working with multiple distinct elec
tronic components which are not designed to interface. When taken together, these 
factors often led to unpredictable behavior with the vision system, where, for example, 
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(b) Pure pursuit Simulink model result. 

Figure 32: Actual and modeled pure pursuit path following results 
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(a) Pure pursuit physical testbed x path. (b) Pure pursuit Simulink model x path 

Figure 33: Actual and modeled pure pursuit path following x axis results. 
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(a) Pure pursuit physical testbed y path. (b) Pure pursuit Simulink model y path. 

Figure 34: Actual and modeled pure pursuit path following y axis results. 

sign errors would cause the calculated position to either converge or not depending 
on the particular configuration of the lighting beacons. This in turn meant that when 
testing in the lab, everything would function perfectly, but when testing in a larger 
space with a different configuration of beacons, the system would fail to converge. 
Additionally, the necessary relaxation of the requirement of a single server program 
and resultant adoption of multiple application layer programs together meant that 
the client-side code ran into threading issues towards the end of the development cy
cle. Ultimately all of these challenges were overcome, though admittedly more time 
for development would have enabled us to perform more tests with the vehicle once 
the issues had been resolved. 

9 Conclusions 

We sucessfully converted a remote control car to be driven autonomously from a 
remote computer. Racing lines were generated using clothoid curves to approximate 
the paths taken by professional drivers. The path parameters were optimized for time 
so as to provide the best path for a given corner and accelerations and steering inputs 
were generated to allow the vehicle to track the path at the maximum velocity and 
so minimize the time it takes to drive a course. We developed a custom world-frame 
positioning system with greater accuracy and portability than many other off-the
shelf solutions, and designed an implemented a client-server architecture to support 
communication between the car and a controlling computer. Finally, the vehicle, 
equipped with the positioning system, was sucessfully able to track a clothoid path 
given to in positioning system coordinates. 

In theory, a scale model such as ours is very convenient as it is easy to store, easy 
to run and cheaper than a full scale testbed. However, it would have been significantly 
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easier from a design perspective had we been able to fit a full power computer on
board which had more processing power to do the requisite vision processing within a 
consolidated program. The combination of remote processing and adapting low power 
components and consumer electronics made adapting the scale model difficult. That 
being said, we were able to assess the dynamic capabilities of our testbed reasonably 
well. 

10 Future Work 

If we were to continue to refine our concept in this project, there are several topics 
we would delve further into: 

First, we would refine the vehicle model. The vehicle model currently makes the 
assumption that there is always sufficient grip at the wheels. While accurate at low 
speeds, this no longer holds up at the limits of grip on the traction circle. Including 
maximum grip coefficients in the model would help us better understand and model 
what happens when the vehicle is sliding and how best to control it. 

Once a better tire grip model is implemented, experimentation of apex position 
and acceleration could commence. It is generally accepted that it is better to apex 
slightly later and then accelerate more aggresively out of a corner. This is because as 
you acclerate, you begin a controlled slide at which you achieve maximum acceleration 
at the limit of grip of the tires. Because the vehicle is sliding somewhat, it does follow 
the clothoid curvature out of the apex, but rather 'slides out' of the corner. This 
requires a later apex to provide more room to slide. This was outside of the scope 
of our project, but well without our motivation and it would be fascinating to study 
the effects of sliding on corner optimization. 

Another method in which the model can be improved would be to include the 
effects of weight transfer. Currently, the model assumes the vehicle has no width. 
If we were to include vehicle width in the model, we could make assumptions about 
the suspension system which would allow us to better understand the affect of hard 
cornering on the available grip of the vehicle. 

Once we have a better grasp of the vehicle dynamics and a better implementa
tion on the physical testbed, we would move onto more complex courses. The path 
generation is easily applicable to curves of any type and once the path is generated, 
the control algorithms should follow easily. It was mostly a combination of time and 
intuition that convinced us to generate an oval track as it was easiest to understand 
the values resulting from a 180 degree turn intuitively while de-bugging. 
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A Code Repository 

The length of the body of code precludes its complete reproduction herein. As of 8 
May, 2015, the code is available at https://github. com/nweinthal/ e90. gi t. For 
archival purposes, repository information should continue to be available at http: 
/ /weinth. al/proj ects should the git repository ever become unavailable. 

B Literature Cited 

• Beckman, Brian. "The Physics of Racing." Http://phors.locost7.info/contents.htm. 
Web. 2014. 

• Kritayakirana, Krisada. "Vehicle Control at the Limits of Handling." Stanford 
University, 2012. 

• Moret, Eric. "Dynamic Modeling and Control of a Car-Like Robot." (2003). 
Print. 

• Smith, Carrol. Tune to Win. Fallbrook, CA: Aero Publishers, 1978. Print. 

• Theodosis, Paul, and Christian Gerdes. "Generating a Racing Line for an 
Autonomous Racecar Using Professional Driving Techniques." (2011). Print. 

Specific attribution for code/snippets is given in comment headers in 
the code repository 

C Vehicle Onboard Wiring Schematic - Larger 
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D Operating Instructions 

D.l Modeling 

Matlab Scripts: 

• ApexCalculations.m generates clothoid paths for a 180 degree corner given apex 
cornering radius and apex angular position. 

• ApexCalculations_ControIAccRevised.m uses the point-mass assumption to cal
culate the theoretical steering and acceleration inputs to follow a clothoid path. 

• ApexCalculations_IndexAlpha.m iterates the initial velocity from the apex over 
a range of radii and a values. 

• ApexCalculations_IndexAlphaFunction2.m is the function used in Index Alpha 
to generate velocities in each instance. 

• EntranceExitPos.m runs apex calculations code to get positions to be used to 
calculate normalized curves. 

• ApexCalculations_IndexTotal.m iterates path data over range of radii and apex 
positions and normalizes the straight lengths to determine the fastest curve 
given the track and vehicle parameters. 

To operate Simulink feedforward model from Figure 16: 

1. Generate inputs from ApexCalculations_ControlAccRevised for the path chosen. 

2. Curve fit discrete data with time to get a piecewise continuous function with 
time. Enter the input functions into the steering (phi) and acceleration (at) 
blocks in the simulink model. 

3. Adjust initial velocity in the time delay box to the initial velocity at the start 
of the curve. 

4. Run the model 

For feedback modeling, feedback controllers require current vehicle state and path 
data. The current vehicle state is fed back as shown in Figure 28. 

1. Run ApexCalculations.m for desired path so Simulink can access ideal path 
data. 

2. Operate model as above. 
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D.2 Vehicle Prototype 

1. Connect Raspberry Pi to battery pack. 

2. ssh from any computer to the RPi. 

D.2.1 First startup: testing the systems 

1. Run project-'Jerver.py (RPi IP Address) (Port) on the RPi. 

2. On the client computer, Run networLcontroller.py 
textlangleRPi IP Address) (Port) with the game controller connected 

3. Connect LiPo batteries and toggle the servo controller battery switch to on. 

4. Turn on the ESC, and ensure that the amber light on the ESC is flashing 

5. Wait for a series of chimes, then amber light should go steady 

6. Vehicle can now be controlled with the game controller 

D.2.2 Autonomous Control 

1. Configure auto_control.py according to the task at hand. Select from the au
tonomous control policies defined in the beginning of the file, and specify a 
manifest file as needed. 

2. Run auto_control.py (RPi IP Address) (Port) 

3. Script will generate a csv file of timestamped positions for analysis 
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