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Abstract

Autonomous vehicle development has benefited from 
sanctioned competitions dating back to the original 
2004 DARPA Grand Challenge. Since these compe-

titions, fully autonomous vehicles have become much closer 
to significant real-world use with the majority of research 
focused on reliability, safety and cost reduction. Our research 
details the recent challenges experienced at the 2017 Self 
Racing Cars event where a team of international Udacity 
students worked together over a 6 week period, from team 
selection to race day. The team’s goal was to provide real-time 
vehicle control of steering, braking, and throttle through an 
end-to-end deep neural network. Multiple architectures were 
tested and used including convolutional neural networks 
(CNN) and recurrent neural networks (RNN). We began 
our work by modifying a Udacity driving simulator to collect 
data and develop training models which we implemented 
and trained on a laptop GPU. Then, in the two days between 
car delivery and the start of the competition, a customized 

neural network using Keras and Tensorflow was developed. 
The deep learning network algorithm predicted car steering 
angles using a single front-facing camera. Training and 
deployment on the vehicle was completed using two GTX 
1070s since a cloud GPU computing instance was neither 
available nor feasible. Using the proposed methods and 
working within the competition’s strict requirements, we 
completed several semi-autonomous laps and the team 
remained competitive. The results of the competition indi-
cated that autonomous vehicle command and control can 
be achieved in a limited form using a single-camera with a 
short engineering development timeline. This approach lacks 
robustness and reliability and therefore, a semantic segmen-
tation network was developed using feature extraction from 
the YOLOv2 network and the CamVid dataset with a correc-
tion for the unbalanced occurrence of the different classes. 
Currently 31 classes can be reliably detected and classified 
allowing for a more complex and robust decision 
making architecture.

Introduction

Modern vehicles are recently evolving into intelligent 
vehicles due to an increased understanding and 
implementation of computerization and software 

[1]. An intelligent vehicle is defined as a system that can 
sense the driving environment and provide information or 
vehicle control to assist the driver in improved vehicle 
operation [2]. Intelligent vehicles have the ability to sense 
the vehicle’s own status and its environment, communicate 
with the environment, as well as plan and execute appro-
priate maneuvers [2, 3].

Currently there is a global need to improve vehicle safety. 
In the United States, 90% of vehicle crashes are due to driver 
error [4] resulting in 37,461 deaths in 2016 [5]. This danger 
has elicited safety as the number one goal of U.S. Department 

of Transportation [6]. But, intelligent vehicles have the capa-
bility to improve vehicle safety by assisting or removing the 
driver completely. Currently this has manifested itself in 
significant and recent improvements in Advanced Driver 
Assistance Systems (ADAS) [7] that are safety focused [8] and 
include a variety of sensors including cameras, radar, and 
ultrasonic detection [9]. But, it is projected that the current 
levels of driving assistance will be replaced by fully autono-
mous vehicles in the near future which not only drastically 
improve safety, but may positively affect congestion, parking, 
and economics [10].

Autonomous vehicle development was jump-started by 
the Defense Acquisitions Research Project Agency (DARPA) 
Grand Challenges. The first DARPA Grand Challenge took 
place in 2004, where researchers were tasked with 
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autonomously navigating a 142 mile course through the 
Mojave desert in no more than 10 h. None of the 100+ teams 
were able to navigate more than 5% of the course [11]. In 2005, 
the cash prize was doubled to $2 million and five teams were 
able to finish, the winner being the Stanford “Stanley” robot 
[11]. In 2007, the DARPA Urban Challenge was initiated where 
competitors were tasked with driving on roads, handling 
intersections and maneuvering in zones [12]. Six teams 
finished with Carnegie Mellon University winning due to their 
techniques of decomposing the problem into perception, 
mission planning, behavioral, and motion planning layer 
components [12]. Due to the advancement of autonomous 
technology from these competitions, numerous technology, 
transportation, and automotive companies have autonomous 
vehicle programs designed to transition modern vehicles with 
ADAS to semi-autonomous intelligent vehicles, and eventually 
to fully autonomous intelligent vehicles [10].

In order to further the advancement of autonomous 
vehicle technologies, competitions are still held. One of the 
major sponsors for these competitions is the education focused 
company, Udacity [13]. In February 2017, Udacity selected a 
group of students to participate in the Self-Driving Cars event 
at Thunderhill Raceway in California [14]. Seventeen students 
from five different countries were tasked with design deep 
learning algorithms to make it around the Thunderhill track 
autonomously. The constraints of the competition were than 
only a single forward-facing Point Grey Blackfly camera and 
Swift Navigation GPS unit could be used for sensing.

Our team decided to use a novel approach of a single 
forward facing camera and an advanced artificial neural 
network to control the vehicle autonomously. The approach 
is advantageous since it is relatively simple and cost-effective 
compared to the sensor fusion of multiple cameras, radar, and 
lidar which is the current standard in autonomous vehicle 
technology [15]. If it can be demonstrated that this novel 
approach works in a high stress racing environment, it may 
be able to supplant the current standard.

Methods

Approach
There are two approaches to autonomous vehicle control that 
are currently being researched in academia and deployed in 
industry. Traditional computer vision techniques are well 
understood and explainable however, their optimization and 
combination of techniques is still a topic of research. Another 
approach to controlling a system based on perception is to use 
machine learning and neural networks by allowing important 
features to automatically be learned.

The first practical application of an artificial neural 
network was in the 1950s [16] but did not experience main-
stream application until understanding of statistical 
mechanics [17] and the development of back propagation in 
the 1980s [18]. Since then, artificial neural networks have been 
a powerful tool when using a large set of data where the impor-
tant features are learned by the algorithms instead of being 
pre-programmed by humans [19]. There are numerous types 

of artificial neural networks that can be used, but deep neural 
networks (DNNs) have a demonstrated applicability for auton-
omous driving [20, 21]. The team chose to implement an end-
to-end deep learning solution due to the limited amount of 
sensors and recent experience performing a similar task in 
the Udacity Self-Driving Car Nanodegree program [22] in a 
simulated environment. The base DNN created for the race 
was based on the NVIDIA PilotNet model [23].

A completely different approach that was used during the 
race event and is well understood in the industry is called GPS 
waypoint following. GPS waypoint following is a simple tech-
nique where a GPS system is used to record multiple points 
along a path travelled. Once the points are recorded, the GPS 
system is used to localize to those points and the system is 
controlled to minimize the error from the current location to 
the next position that had previously been recorded. The team 
chose not to use this method since it did not present a tech-
nical challenge like a DNN and did not demonstrate a new or 
emerging application of technology. Many other teams on the 
track were using this method and were able to successfully 
navigate the track with it.

Simulator
Since the team was located worldwide, the physical vehicle 
was not available for most of the work performed. Instead, 
the team worked with Udacity to recreate a version of the 
Thunderhill track in the Udacity Simulator. This allowed the 

 FIGURE 1  NVIDIA’s PilotNet architecture for end-to-end 
vehicle control [23].
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team to begin testing algorithms before having access to the 
physical vehicle.

In order to predict how an autonomous car might behave 
on a real track, it’s helpful to first test it in a detailed simulator 
that mimics the actual environment. A replica of the 
Thunderhill race course was created using the Unity game 
developer engine. Actual satellite image textures and geolog-
ical terrain height maps were used to create the virtual track. 
Although this method is fast, the downside is the resolution 
for both the height map and color is low. While additional 
time could have been used to improve the fidelity of the simu-
lator, the environment would never accurately mimic the real-
world. The purpose of the simulator was to demonstrate a 
proof of concept and working model but not to get a fully-
functioning and accurate solution. The simulator was able to 
interact with an autonomous driving script at a rate of 10 Hz 
for reliable control.

By extending the Udacity open-source simulator [24] with 
the Thunderhill course map, it was possible to have the user 
drive along the virtual course and record training data for 
how they would steer the car. This data was used to train a 
DNN to output predicted steering angles from image 
input alone.

Data Collection
The use of a deep learning algorithm requires a lot of training 
data to function properly. In this case, the data that was 
needed was images from the camera on the vehicle. This was 
easy to collect in the simulator by driving laps around the 
virtual track just as you would in a video game. However, 
while it is easy to collect this data, there are inherent issues 
with simulated data. In the real-world, the time of day affects 
many aspects of an image like glares, shadows, reflections, 
and more. Since the algorithms learn from the data, there is 
no way to tell the system to ignore things like a shadow or a 
glare. Humans easily understand that artifacts like this are 
not important when driving but an algorithm does not inher-
ently know that. This is also why it is difficult to train on 
simulated data and then expect the inference on real-world 

data to perform as well as inference on simulated data. When 
the team had issues testing the simulator trained models, the 
first thing that was done was to collect real data with the 
vehicle. Data was collected using the PolySync vehicle while 
at Thunderhill to get accurate training data. Many methods 
were used while collecting data including driving the course 
with the vehicle in the center of the track, driving the race line 
on the track, and varying speeds from very conservative to 
the fastest you could push a Kia Soul. Over 36,000 images 
were collected and used in training the DNN. In addition to 
just collecting image data, the team also manipulated the data 
using various rotations and transformations to augment and 
increase the original set of data. This included shifts to the 
top and bottom, augmenting the steering to be weaker or 
stronger, respectively, and to the left and right adding a 
steering contradicting this shift. Finally, the images were 
rotated and a the steering corrected accordingly to be stronger 
to the right, if the image was rotated to the right and inversely 
as well. OpenCV was used to perform all image transformations.

There was some issues collecting data originally. Due to 
a previous bug, the system was not recording the throttle data 
of the vehicle. Because of limited time constraints, the team 
decided to make an attempt to derive this information instead 
of generating new data. While not directly correlated, velocity 
can be related to throttle and braking events. To try and make 
use of the data that had already been recorded, the team deter-
mined the first derivative of the velocity to gain acceleration 
information. This was done for both, the data containing 
throttle information and the ones without. This way a conver-
sion could be found following:

 k
dv
dt

throttle = a  (1)

This very simplistic conversion gave the results as visible 
in Figure 4. These are by far not perfect, but in the limited 
time range the most robust model available.

Architecture
The team used a hybrid architecture utilizing PolySync’s 
custom build software and visualization studio called Core 
[25]. This system used DDS as a middleware to command and 
control the vehicle’s steering, throttle, and brake. The car’s 

 FIGURE 2  Udacity simulator with Thunderhill course map.
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 FIGURE 3  Example image data collected by Udacity race 
team. Notice the mirrored image and prevalent glare on 
the glass.
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software architecture handled data received and transmitted 
at high rates from both the car’s platform and sensors over 
the DDS bus to enable processing and intelligence on the 
higher level Polysync Pub-Sub and ROS stack. The data was 
being transmitted at a range of 60 to 100 HZ on the DDS bus 
to a ROS bridge to publish the data to other nodes for image 
and data processing and augmentation.

The ROS architecture composed and held most of the 
deep learning and path planning algorithms to autonomously 
steer the car in real-time based on data processed from the 
car and the sensors mounted as well. One of the main chal-
lenges encountered during the race was making sure the 
different pieces of the architecture were testable and 
performing at an appropriate rate to match how fast the car 
is navigating. The team programmed the deep learning algo-
rithms in Python while the rest of the architecture in C++, 
which meant there was a need for a C++ to Python bridge. 
Degraded performance was encountered during testing which 
led to delayed model predictions as well as delayed command 
issuance in the rest of the drive-by-wire stack. The team found 
the most accurate way of testing and predicting the results 
was to use the Root Mean Square Error (RMSE) resulting from 
our ground truth predictions. The tools built for RMSE calcu-
lation helped speed up models development, tuning 
and iteration.

Data Interpolation and 
Exploration
Steering, Throttle and Brake Data was collected in two 
different ways during the race. Information based on the car 
driving a conservative path in the middle of the road was used 
to maximize the performance and accuracy. Conversely, data 
was recorded where the driver drove the “race line” and had 
harder braking and acceleration points to maximize lap time.

During the data recording sessions, it was interesting to 
study the relationships between how steering would look 
differently at a variety of speeds and brake mechanisms.

What might seem quite intuitive to a driver, is a learning 
experience to an autonomous vehicle. From Figure 8, it seems 
during a specific steering angle, the driver needs to render 
high brake values, while at medium steering angles at less 
sharper edges, our brake values average and stay up to a 
certain braking threshold. While a driver might intuitively 
guess and have an instinct based on experience on how much 
to apply brake to continue steering while traveling at a high 
speed, the correlation is necessary for the vehicle to learn and 
render a decision at fast turning points around the track.

Looking through the relationship between the speed and 
steering in Figure 9, the team noticed a different sort of rela-
tionship where steering and speed during the moments where 
the driver needs to apply light steering adjustments, almost a 
circular continuous graph is plotted showing easing into 
smaller changes in speed. On the other hand, steeper steering 
angles in clockwise and counterclockwise show different levels 
of reduced speed, which makes quite sense since the track had 
steeper counterclockwise turns in the middle of the track vs. 
a couple gentle clockwise turns in the middle of the track and 
in the beginning of the track.

GPS Data for Localization and Steering The 
PolySync vehicle was equipped with an MTi-G-710 GPS sensor 
which was used to collect ground truth position information 
to fuse into the PoseNet model for training during the race.

A simple visualization script was developed to determine 
the error in the recorded data. It was found that an error of 
1-2 meters existed but it was determined that this would be 

 FIGURE 4  Comparison of throttle and scaled acceleration.
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 FIGURE 5  Software architecture communicating with 
PolySync Core.
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 FIGURE 6  Visualizing the relationship between steering 
and brake while racing around the track.
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an acceptable range for the race. The GPS sensor had less than 
2 ms latency, which provided the architecture with an adequate 
and timely flow of position information to predict and navigate 
around the track.

Models
The team used multiple variants of DNNs to solve the challenge. 
One commonality that all models shared was the utilization of 
a Convolutional Neural Network (CNN) which is a multi-layer 

deep neural network that is trained with a version of the back-
propagation algorithm. CNNs are designed to recognize 
patterns and are robust to distortions and simple geometric 
transformations [26]. CNNs have demonstrated a 15.3% error 
rate in classifying 1.2 million images into 1000 different classes 
through convolutional layers and “dropout” regularization [27].

In this case, a CNN followed by a dense DNN was utilised 
to first extract features from the image then learn the throttle 
and steering angle commands based on these features.

This approach performed with promising results in a 
simulated environment. Transferring it to a real driving situ-
ation was not amount of data available and the utilised 
augmentations. Therefore, two other architectures were 
utilised investigated and utilized.

The first approach utilized a recurrent neural network 
(RNN) with a Long short-term memory (LSTM) cell after the 
convolutions to predict the commands based on the current 
as well as the previous features. This approach led to a lot 
smoother commanding, but at the same time it put too much 
emphasis on previous driving situations, which is not optimal 
if accurate turns are expected to be performed.

The second approach is a modification to the previous 
CNN with two changes: the current speed was added as an 
input to the model and a normalized position should be 
predicted as an output. The normalization of the position was 
performed such that it was given as two features between −1 
and 1. For this, the GPS was converted to UMC and a 
Min-Max-Scaler was utilised transforming it using:

 UMC
UMC UMCi min

UMC UMC
i

i

i max i min

= -
-

2
,

, ,

 (2)

This modification gave the DNN information about the 
current speed which was influencing both the steering as well 
as the throttle command. At the same time, it had to deter-
mine its position during training time. This forced the neural 
network to be aware of the concept of positioning of the race 
track and allowed it to determine the steering as well based 
on these activations. This enables the DNN take the image 
data it is receiving from the camera at the current time and 
augment some form of position data to it.

Hardware
The vehicle used during the race was a 2014 Kia Soul that had 
been modified by PolySync. Using the Open Source Car 
Controller (OSCC) system [28] they developed, the car was 
controllable by wire for the steering, braking, and throttle. 

 FIGURE 7  Visualizing relationship between steering and 
speed of the vehicle while skid steering around the track.
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 FIGURE 8  GPS data collected around thunderhill 
track visualization.
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 FIGURE 9  Simple DNN architecture for feeding images and 
predicting steering and throttle.
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 FIGURE 10  PoseNet fully connected dense layers.
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The vehicle was equipped with multiple types of sensors used 
by autonomous vehicles including LIDAR, radar, camera, 
IMU, and GPS. During the race, only the single forward facing 
Point Grey Blackfly camera and Swift Navigation MTi-G-710 
GPS system were used. To power the autonomous algorithms, 
an Alienware computer equipped with two NVIDIA GTX 
1070 graphic cards was used. The graphics cards are critical 
for controlling a DNN based system since images have to be 
processed extremely fast in order to allow for the vehicle to 
react and accurately navigate the track.

The purpose of the OSCC system is to provide a cheap 
and accessible solution for drive-by-wire system on the 2014+ 
Kia Soul. To provide complete control of the vehicle, the OSCC 
exploits the throttle-by-wire and steer-by-wire capabilities of 
the Kia Soul. For the braking system, a slight modification to 
the vehicle is needed by adding an electronic brake controller 
from a Toyota Prius to the Kia Soul braking system. To ensure 
safe controllability, three modules are created: a CAN gateway 
module to translate Kia specific CAN messages onto a new 
Control CAN bus, and a power distribution system that has 
emergency stop capability are necessary. [29].

Results
Only four autonomous vehicle teams that took part in the 
2017 Self-Racing Cars event obtained a fully autonomous lap. 
They were able to accomplish this by utilizing GPS waypoint 
following. By the final round of the race, the Udacity team 
unable to successfully make it around the track fully autono-
mously. However, during the final runs while using the 
PoseNet approach, the team was able to complete every turn 
on the track autonomously just not all during the same lap. 
Since time on the track was limited and data collection diffi-
cult once the race began, this limited the team in exploring 
the results further. Given a day or two of additional time, the 
team would have had the opportunity to record additional 
training data and fine tune models.

The Udacity team spent six weeks preparing for the race, 
only four of those days with the car, 48 hours participating in 
the race, and only about two hours actually racing on the 
track. During this short period of time, the team was able to 
implement a semi-autonomous end-to-end, deep neural 
network controlled vehicle using only a single camera and 
GPS unit. While unable to complete a fully autonomous lap, 
the team demonstrated that deep learning showed promise 
as awas a valid method for vehicle control and could be imple-
mented to assist self-driving cars, on the race track or off.

To improve on these results, a second approach is being 
developed that will use a semantic segmentation network 
along with path planning and control algorithms. Semantic 
segmentation is a process where a CNN is used to “paint” 
every pixel in an image to identify the classification of it. The 
network being used is based on YOLOv2 network [30] and 
the CamVid dataset [31, 32]. Once a drivable surface can be 
accurately identified, a path planning algorithm can be applied 
to find the time minimising trajectory and this can be followed 
using classical control a lgorithms like a model 
predictive controller.

This race, and other research from NVIDIA and others, 
demonstrate that it is possible to create end-to-end vehicle 
control in an autonomous vehicle. This method has a lot of 
advantages with the speed of programming and relying on 
feature identification from the computer. However, while it 
might make sense to have a system on the race track that relies 
on DNNs, when autonomous vehicles are deployed in for 
public use, there will most likely be a number of solutions 
incorporated in order to ensure a reliable and fault 
tolerant system.

 FIGURE 11  PolySync Kia Soul used by Udacity race team.
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 FIGURE 12  Open source car controller architecture [28].
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 FIGURE 13  Image of the trained semantic network.
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Conclusions
Committing to using ROS as part of our self-driving car archi-
tecture will enable us to utilize other localization, path 
planning, visualization and perception tools and support 
which will speed up our development and testing process. 
While our architecture might need a fair amount of tuning 
and adding some safety functionalities in the future, it will 
enable us to quickly prototype and iterate over our end to end 
architecture to autonomously navigate the race track. Once 
the current architecture is proven reliable, ROS 2.0 will be 
investigated and implemented. There are many advantages to 
ROS 2.0 including DDS communication like PolySync Core. 
Many companies are looking at specialized version of ROS 
2.0 to enhance safety and reliability.
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Definitions/Abbreviations
ADAS - Advanced Driver Assistance Systems
CamVid dataset - This is that one dealy????
CNN - Convolutional Neural Network
DARPA - Defense Advanced Research Project Agency
DNN - Deep Neural Network
IMU - Inertial Measurement Unit

GPS - Global Position Satellite
GPU - Graphics Processing Unit
LSTM - Long Short Term Memory
RNN - Recurrent Neural Network

Appendix

 FIGURE 14  Embedded layer communication with the 
higher-level ROS architecture.
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