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Introduction: 
With the rise of autonomous vehicles in research and industry, robust autonomy algorithms and              
systems are in high demand. Companies such as Argo AI, Uber ATG, and Waymo are all                
working towards creating autonomous vehicles that can be deployed in the general public. The              
Indy Autonomous Challenge strives to have teams tackle this emerging need in the rather unique               
environment of a racetrack. This competition offers an edge case to rival current advancements              
in the field by having teams race head to head in a high-speed competition. 
 
This whitepaper will give some background information on our team, and introduce technologies             
related to robotics on a high-level. After which it will go deeper into the challenges to these areas                  
that are introduced by the high-speed environment. Finally, it will discuss some of our              
approaches to these challenges and our approach as a whole. It is important to note that since the                  
hardware platform has not yet been determined much of this is based on what sensors and                
compute we expect we might have. Once the hardware platform is determined our strategies will               
be developed in greater depth in a way that may or may not line up with the technologies and                   
approaches discussed in this paper. 

Our Team: 
Our team is comprised of members from the University of Pittsburgh’s Robotics and Automation              
Society (Pitt RAS) club. In addition, a significant number of our team are former Pitt RAS                
members who are now master students, full-time engineers, or research interns at the Robotics              
Institute at Carnegie Mellon University. Overall, our team has a unique mix of individuals with               
varying skills and experience. 
 
From involvement with the Robotics Institute, many of our team members have worked on              
cutting edge technologies and research areas in robotics, including Unmanned Aerial Vehicles            
(UAVs), Simultaneous Localization and Mapping (SLAM), localization, multi-agent planning,         
mapping, motion planning, object detection and classification, and more. Other members of our             
team have engaged in personal projects that have allowed them to gain experience with computer               
vision, hardware development, and systems integration. Due to the diverse background that our             
team possesses, we believe that we have the resources and knowledge to do well in this                
competition. 

Current Technologies: 
Robotics is an interdisciplinary field; for a robotic system to operate efficiently, many             
mechanical, electrical, and software components need to be designed and integrated successfully.            
If any of these areas are lacking, the system as a whole has suboptimal results. Since this                 
competition is software focused, we will be focusing primarily on software-related solutions. 

Perception:  
A robot’s perception system’s purpose is to take in multiple sensor sources in order to gain                
information about their environment and surroundings. Often the sensor data comes from a             

 



 

LIDAR, which provides highly accurate long-distance information; or a high-speed camera,           
which provides a much higher resolution and rapid refresh rate. The actual task of identifying               
objects is accomplished using machine learning and other algorithms, which process incoming            
data in real-time to identify and track features in the environment.  
 
The multi-modal aspect of perception is particularly important to robust sensing. Another vehicle             
may be identified from inter-car communication, LIDAR point-cloud processing, and camera           
images. To combine and make sense of information from these three modalities, the state              
estimates can be fused in something like an Extended Kalman Filter (EKF), which provides a               
statistical and non-linear filter for state estimation. By fusing these inputs intelligently the robot              
will be able to maintain an accurate awareness of the environment regardless of sensor dropout               
or inaccuracies. 

Localization: 
Localization is the generalized field of maintaining an accurate belief of where the robot is in the 
world. Through sensor sources as well as visual features, a robot can infer it’s position in the 
world. With an accurate pose estimate, it can both navigate and interact with the environment 
around it. Localization is often difficult to accomplish due to noisy data from sensors as well as 
the prevalence of featureless environments. 
 
In order to tackle this concern, a variety of state estimation solutions are applied. But, the most 
common application is an Extended Kalman Filter (EKF). Although there are many solutions 
meant to span a range of applications, the base implementation relies on multiple sensor 
estimates that are globally “correct” but jump, such as GPS and other estimates that drift over 
time but are continuous, such as wheel encoders, and Inertial Measurement Units (IMUs). Our 
approach to localization is discussed in greater depth later. 

Mapping/SLAM: 
In order for a robot to accurately navigate in an environment over time, it needs to understand the 
location of the objects it perceives in the world around it. It can then use this map to make 
inferences about the world as well as craft a global plan or trajectory to follow. 
 
A common solution for mapping is Simultaneous Localization and Mapping. This process 
combines both localization and mapping into one function to give a robot the ability to both 
create a map of the world around it as well as place itself and localize the said map. Most SLAM 
algorithms take in data from LIDARS, cameras, IMUs, and laser range finders in order to 
accurately reflect limitations and obstacles in the environment. 
 
These sources are used to create a 3d point cloud map of the world. A point cloud is a set of 
points within a space that are usually extracted from depth measurements. Depending on the 
quality of measurements a point cloud the quality of the cloud can range from being sparse to 
being dense. In order to make this map a useful source for planning, a 2D occupancy grid is 
created. An occupancy grid is a grid representation of a space where zero indicates free space 
and numbers above zero indicate free space. It is created from the projection of the 3D point 

 



 

cloud onto a 2D plane. Motion planning algorithms utilize this occupancy grid to navigate in the 
environment. 

Motion Planning:  
Motion planning is the culmination of mapping, perception, and localization. The robot uses its              
current map and its position, obtained via localization, to plot its next course of action (i.e. lane                 
changes, swerving in a lane, etc.). The planner takes into account both the current goal and                
obstacles present on the map to chart an ideal path. This path is constantly being updated to                 
account for dynamic changes to the environment. 
 
It is important that motion planning occurs rapidly, as the vehicle is moving very fast and the                 
map is also being updated at a high rate. Conventional search and optimization-based planners              
and trajectory generators suffer from potentially being unable to generate a valid plan, which              
leaves the vehicle in a position where it does not have an updated path to follow. To get around                   
this, state of the art systems use an ensemble of planners, which reduces the chance that the                 
whole system cannot produce a viable plan. 

Controls:  
Most low-level control structures are implemented using Proportional Integral and Derivative           
(PID) control loops. A PID controller generates a control signal to reach and maintain the desired                
state that is a function of the target state and the current state, which is obtained via sensor data.                   
The target state and current state are compared to produce an error, which is fed to the PID                  
control algorithm. The PID controller then takes a weighted summation of the proportional error              
and the integral and derivative of the error over time to generate a response. The weights used                 
during the summation are parameters that must be tuned in order to achieve the optimal               
performance of the control loop. 

Challenges: 

The main challenge of this competition is the issue of speed and the effects that it has on the                   
autonomous performance of the vehicle in addition to the presence of other vehicles on the track.                
Since the competition is an extreme edge case in regards to current robotics work being done in                 
the field, it tests the limits of current algorithms widely used and implemented in existing               
applications. 

Perception: 
With computer vision, we will have to detect the other vehicles in both a fast and accurate 
manner. A traditional object detection algorithm distorts the image and runs it through a neural 
network or other feature extraction algorithms. This process is often resource-intensive and slow. 
The fast nature of the competition precludes slow algorithms. Most of our efforts on this front 
will be placed towards optimizing our algorithms so they can run at the rate required for the 
competition. 

 



 

Localization: 
The big challenge with localization is the significant drift that will occur from traditional filter 
sources. Traditionally, odometry data is highly susceptible to drift which is further exacerbated 
by the high speeds and can cause poor mapping conditions.  

Mapping/SLAM: 
Most of the challenges occur when trying to achieve loop closure while creating the map. Loop                
closure is the stitching of two different maps based on the recognition that a location has been                 
visited before. There will also be noisy point cloud data from other cars surrounding our own.                
This will create challenges since the creation of a map depends highly on having many               
distinguishing features in an environment.  
 
There are several challenges as it pertains to SLAM at high speeds. Many popular SLAM               
algorithms rely on point cloud data from a LIDAR, but time synchronization issues can occur               
between different sensors when a vehicle is moving at high speeds. This time synchronization is               
necessary in order to achieve both loop closure and to create a map that is reflective of the                  
environment. In addition, the imperfect nature of circling the track may cause distortions with              
our map. 

Motion Planning: 
The main challenge with motion planning is having a planner that can both predict the actions of 
other vehicles as well as navigate around them. The probabilistic dynamics and constraints for 
the car may prove to be computationally expensive. This is further complicated by the algorithm 
having to be performed in real-time.  

Controls:  
When discussing PID control for use in autonomous vehicles there are two main areas of               
concern. The first issue is that due to ever-changing road conditions the desired state, or               
“setpoint”, maybe constantly shifting or even oscillating. This means that we will have to tune               
our controller to be more aggressive such that the output will match the setpoint faster. However                
aggressive tuning has its own issues such as higher overshoot and lower margin of stability,               
which can translate to oversteering and even a complete spin out for the vehicle. So then our                 
challenge becomes to tune the loop so that it is sufficiently aggressive while also minimizing               
overshoot and maximizing stability.  
 
Another key issue is that the dynamics of our system may change over time. Since classical PID                 
control assumes that the input/output relationship of the system is static, as the dynamics drift               
from the initial system our control loop will become slower and less stable as a result. This                 
means that we may need to figure out how to recompute the dynamics of the system and return                  
the PID coefficients on the fly in order to maintain optimal movement. If we find that PID                 
control is insufficient for the resolution and control necessary to operate at high-speeds with              

 



 

Ackerman steering, we are prepared to implement an LQR control scheme instead. While this              
increases the complexity of control it should achieve robust control for this application. 

Our Approach: 

In order to perform despite these active challenges in vehicular autonomy, we will utilize several               
approaches. As discussed in the introduction there is some uncertainty as to what will be on the                 
competing vehicle so we are providing an approach that accounts for varying degrees of              
specifications of the competition. We anticipate that the car will have a sensor suite including               
lidars, cameras, encoders, GPS, IMUs, and radar and will strategize around that. 

Overall Software Stack: 
All the members of our team have extensive experience with the Robot Operating System              
(ROS). ROS is a comprehensive framework for inter-process communication, data visualization           
and various other software capabilities that allows for the rapid integration of software for              
robotics systems development. If ROS is unable to run the algorithms at the high rate required                
for the competition, we have several members who are experienced with multi-threaded            
applications and inter-process communication who would be able to craft a custom software             
framework that is able to meet our needs. 

SLAM: 
While there is some uncertainty as to what sensors will be on the vehicle, our overall SLAM                 
strategy will involve feature extraction from a few data-rich sensors while using wheel odometry              
and IMU data or basic interpolation of velocity and acceleration data to achieve the update rate                
required for planning algorithms. 
 
A few examples of what data-rich sensors might be used as inputs are global-shutter cameras,               
LIDAR sensors (like the VLP-16) or perhaps a radar. This data must be filtered to remove                
distortion due to the high speed (with either image processing if necessary or individual point               
stamping). Then another filter will be used to differentiate dynamic features from static features.              
The static features can be used to localize unto the track and build a map thereof. The dynamic                  
features (cars) can be tracked over time for use in the planning algorithms. 
 
The odometry from data-rich sensors and wheel odometry and IMU data will continually feed              
into each other to provide a reliable position The integrated position from wheel odometry and               
IMU data will give a high rate pose estimate that can be used as a baseline for the data-rich                   
sensors to localize unto the map from. Once these data-rich sensors determine a pose they can                
feed that back into the high-rate odometry. 
 
It is important to note that these sensors must be positioned somewhere they will detect features                
around the track and not solely dynamic features or features common to the whole track (eg: part                 
of a railing or a mark on the track itself that is repeated the length of the track). While we find                     
this case unlikely, if no such data is available we will adapt to a different SLAM approach that is                   
driven by internal sensors and perhaps a GPS if that is available. 

 



 

Motion Planning: 
Although the amount of information shared between the vehicles has not been finalized yet, we 
presume that this information can be used to influence our decision. We plan to use the 
information swapped between cars in order to predict the future movements of race cars around 
us. Depending on what information is available, we will attempt to fill in the gaps in the data 
with statistical filtering and prediction to estimate future vehicle movement and avoid collisions. 

Testing Approach: 

Simulation: 
The Gazebo simulator is a robust simulator that allows for close to real-life testing of robotics                
systems. Simulation is a great testing tool for observing how software and physical systems              
translate to real life, but one of the drawbacks is that it occurs under ideal conditions. When                 
dealing with physical systems there are many uncontrollable factors including lighting, weather,            
as well as imperfect controls, and actuation that cause unintended results. Although many details              
of the simulation are unknown, we will be taking these factors into consideration when receiving               
and working with the simulation software as well as developing the software for our vehicle. 

Physical System: 
In order to test our physical system, we plan to coordinate a test track with the Formula SAE                  
team at the University of Pittsburgh to safely test our vehicle. Every year in Pittsburgh, PA the                 
Pittsburgh Shootout event is held for Formula SAE teams. The event is held at the Pittsburgh                
International Race Complex. We plan on coordinating with managers in this space to gain access               
in order to test and validate the performance of our vehicle. 
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