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Abstract of the Dissertation 

Design and Control of an Autonomous High Speed ¼ Mile Vehicle 

by 

Vatche Donikian 

Doctor of Philosophy in Mechanical and Aerospace Engineering 

University of California, Irvine, 2020 

Professor Gregory Washington, Chair 

 

This dissertation studies the simulation and control of an autonomous dragster. Four scenarios are 

provided that are critical to vehicle and driver safety in drag racing. Equations are then created to 

model the behavior during these safety scenarios. The use of a kinematic bicycle model and a 

Newtonian wheel stand model are discussed for plane-of-motion and out-of-plane vehicle 

movement, respectively. A separate controller is designed for each model by comparing different 

control methods. Proportional-Integral-Derivative (PID) control, optimal control, and model 

predictive control (MPC) are presented and applied to the models. The models are simulated from 

a speed of 75 m/s, being the estimated top speed of the research vehicle, up to a top speed of 150.5 

m/s which is in alignment with the highest recorded speed of a dragster. The comparison of the 

control techniques yields MPC as superior for the bicycle model and PID as sufficient for the 

wheel stand model. Latency of the system is also discussed and accounted for. 

The developed modeling equations are first implemented with control in a realistic simulation 

environment complete with synthetic sensor data and decision-making algorithms. The controller 



xiv 

 

is then transformed into an embedded on-board processing unit for on-vehicle testing. Camera, 

lidar, and radar sensor data are investigated and algorithms are created to provide information from 

physical sensors rather than synthetic data. The control related to actuation of the steering, brake, 

throttle, and shifting systems are further discussed, along with human-vehicle interaction in terms 

of handoff and emergency takeovers. The control algorithms are then validated on the research 

vehicle. This is demonstrated by completing a fully autonomous quarter-mile drag race, complete 

with camera detection for the staging sequence and MPC trajectory following. Two additional 

safety scenarios are presented and controlled: starting the race off center and fishtailing. 
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1 Introduction 

This dissertation examines the use of autonomous systems in a dragster in order to study dynamic 

and control problems associated with this high-speed racing sport. Drag racing is a sport of both 

performance and skill, lending itself to be rich and fertile soil for complex engineering problems. 

According to the National Hot Rod Association (NHRA), the leading body for drag racing, a drag 

race is an acceleration contest between two vehicles from a standstill position [1]. Each vehicle 

attempts to go straight down the track, or drag strip, in as little time as possible. A drag strip is 

constructed of two lanes of a quarter-mile raceway; drivers line up to stage at what is called a 

Christmas Tree and wait for the green light to accelerate down the track. While it may seem simple 

to go straight, there are many factors associated with this task. First, at high speed and acceleration, 

any disturbance, such as a gust of wind, uneven track wear, or a small bump in the track, can cause 

a large displacement from the desired trajectory. Second, the driver monitors gauges and shifts the 

transmission between two gears which can cause variations and wavering in steering. Once an 

issue is encountered and the car is not proceeding in a straight line, it is very difficult to regain 

control and correct the vehicle heading. The autonomous dragster research being performed will 

seek to address these issues. Another issue of importance is reaction time. During a drag race, the 

reaction time of a human driver is what limits the launch of the vehicle. The utilization of a cyber-

physical system with hardware in the loop can dramatically improve reaction time allowing one to 

approach an operational limit related to vehicle performance. Finally, dragsters reach speeds in the 

hundreds of miles per hour [2]. These extremes test the limits of sensors, computers, and actuators. 

By knowing the limits of a system at high speeds, it will evidently make autonomous systems safer 

in normal driving scenarios. This dissertation first discusses the formulation of the equations of 

motion for the system, basic simulation of the model, and control implementation. The next step 
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is then to prepare the control algorithms for real world testing. This involves simulation in a 

realistic environment complete with synthetic sensor data, in order to analyze sensor data and 

create algorithms for the sensors to make supervisory decisions. Component level testing is 

performed to determine the types of data received from the physical sensors in order to apply the 

algorithms to the real sensors detections themselves. The algorithms designed, both control and 

sensing based, are then implemented in vehicle level testing to determine if the sensors decisions 

are as expected and actuators are providing the correct responses to control commands. Lastly, the 

vehicle is tested in a quarter mile drag race and collected data is analyzed. This is the first 

occurrence of doing this on a high-speed vehicle.  
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2 Literature Review 

Most research in the automotive field currently focuses on passenger, sport utility, and other mass 

production vehicles. As outlined in references [3], [4], [5], and [6] there is a presence of racing 

vehicle research. These references discuss aerodynamics of formula SAE, funny car, top-fuel 

motorcycle, and formula 1 style racing vehicles, respectively. Further, a few papers discuss the 

dynamics and modeling of drag racing vehicles. References [7], [8], and [9] present modeling 

equations including of the powertrain, exhaust forces, and dynamic models for top fuel dragsters. 

The dynamic models are created using Newton’s law, looking at the dragster from the side 

assuming it is driving perfectly straight down the track. Top fuel dragsters have the same structure 

as the competition eliminator dragster used in the current research. References [10] and [11] cover 

the dynamical model as well and focus on the aerodynamics of the dragster. The importance in 

these papers is the lift force creating a potential for a wheel stand. 

The field of autonomous vehicles is growing daily. Many resources can be found for 

demonstrations of autonomous vehicles and the control associated with them. Reference [12] 

provides an overview of the complexity of different autonomous systems along with descriptions 

of LIDAR and vision systems. The perception networks required and the control used for 

autonomous vehicles is also discussed. The main control law discussed in the paper is Model 

Predictive Control (MPC), which is also used in [13], [14], [15], and [16] and is a popular method 

to work with due to the incorporated disturbance rejection. Another control law used often with 

autonomous vehicles is Proportional-Integral-Derivative control (PID), a form of which is covered 

in reference [17]. Further, high level sensor fusion is discussed in [18]. 

Autonomous drag racing has not been covered in academia as of yet. However, autonomous race 

cars have been discussed on a small scale and larger scale in references [19] and [20], respectively. 



4 

 

These references discuss racing on an oval road course. Some information is relevant to the current 

research while some aspects of the racing style differ greatly. Both use a bicycle model for 

modeling vehicle motion which is investigated for the current research as well. The focus of 

reference [20] is to test the stability of autonomous systems at the limits of handling, which is 

aligned with the research in the current project. The design of a steering controller for an 

autonomous race car is covered in [21], presenting feedforward and feedback steering control and 

comparing the two.  
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3 Scenario Identification and Analysis 

To successfully operate an autonomous vehicle, one must be able to mitigate the four most 

common scenarios associated with accidents. These scenarios were obtained through discussions 

with professional drivers of these vehicles. There are four main safety scenarios that have been 

studied in depth to be able to develop the control for the autonomous dragster: 

• Scenario I: Centering (Starting Race Off Center) 

• Scenario II: Fishtailing 

• Scenario III: Wheel Stand 

• Scenario IV: Competitor Vehicle Crossing Lanes 

Each scenario can be modeled, and control can be applied to either prevent the scenario from 

occurring or to correct the vehicle after the scenario is triggered. The scenarios are discussed 

individually in the following subsections. 

3.1 Scenario I: Centering (Starting Race Off Center) 

Lining up incorrectly at the start of a race can be very costly. If the vehicle is off center, the 

potential to either cross lanes or hit the wall increases substantially. If the vehicle is at an angle, 

the potential of losing traction or collision also increases. Using a combination of a front camera 

radar sensors, and an inertial measurement unit, the lane lines can be determined along with the 

lateral position and heading. Radar sensors can be placed on the sides of the dragster in the front 

end and back end, in order to determine distance from the objects marking the barriers, while the 

camera will be used to determine lane location. If it appears that the vehicle is off-center or 

misaligned, when the race starts, the steering must be used to correct for the error and center the 
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vehicle. The throttle may also need to be limited in order to maintain traction while steering 

changes are being made. 

3.2 Scenario II: Fishtailing 

Using wheel speed sensors and radar sensors, rear wheel slip can be determined along with the 

fishtailing phenomenon. Fishtailing is when the rear of the dragster whips back and forth around 

the centerline, similar to the top view of a fish moving in water. The potential of a loss of control 

and an accident increases during fishtailing. Comparing the wheel speed to the vehicle speed can 

determine when the tires are slipping, which often causes fishtailing. When the wheel speed is 

greater than the vehicle speed, there is tire slip. Side radar sensors on each side of the rear can 

determine whether fishtailing is occurring by measuring the distance and speed from each side of 

the lane and calculating oscillation if any. When fishtailing is detected, a combination of steering 

and throttle can be used to correct the issue and regain traction. Reducing the throttle input can 

help to gain traction and steering against the direction of the swaying can help to correct the 

heading. 

3.3 Scenario III: Wheel Stand 

A wheel stand is defined as the front wheels of the dragster lifting off the ground. This is caused 

by too much lift force under the vehicle, whether from wind or from engine torque. Using an 

inertial measurement unit (IMU), the pitch of the vehicle can be detected, which corresponds to 

the front tire relation to the ground. Once a loss of traction on the front tires is detected, the throttle 

must be reduced so that the wheels can regain traction. If the wheel stand is performed for too long 

of a period, the distance between the front tires and the ground becomes greater, and when the 

front tires do come down, it can cause loss of control of the vehicle and damage. 



7 

 

3.4 Scenario IV: Competitor Vehicle Crossing Lanes 

The final scenario to consider is when the competitor vehicle from the other lane crosses into the 

current lane. Once this happens the chance of a collision increases greatly. The radar, lidar, and 

camera sensors can be used to track the position of the competitor vehicle and determine when the 

vehicle has crossed into the lane. Once this has been detected, the decision must be made to either 

reduce speed in the current lane or swap lanes in order to avoid a collision. Path planning 

techniques can be used here, with each decision being tied to a cost function and the path taken 

being that of the lowest cost. This scenario is also valid for debris or an object being introduced to 

the track while a race is ongoing. 

3.5 Scenario Comparison of Sensors and Actuators 

With the scenarios now identified, the next step is to determine what sensors and actuators are 

needed to detect and control each scenario. The sensors equipped on the research vehicle are a 

forward-looking camera sensor, a lidar sensor, two side mounted radar sensors, an inertial 

measurement unit (IMU), and a driveshaft speed sensor. The actuators that control the autonomous 

vehicle are a steering actuator, a throttle actuator, a braking actuator, and a parachute activation 

actuator. Table 1 shows what each scenario would need in order to sense the event and control the 

vehicle to safety. 

Table 1: Sensor (green) and Actuator (blue) Comparison for Scenarios 
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This table shows a system of 6 sensors (two radars) and 4 actuators; however when you include 

the remaining subcomponents on the vehicle that help in controlling the vehicle autonomously, the 

total number of inputs and outputs become 21 and 9, respectively.  
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4 Supervisory Control 

Since there are multiple different scenarios being examined in this research, one control strategy 

does not encompass the entire vehicle environment. Furthermore, as discussed in Section 3.5, the 

complexity of the system makes it computationally difficult to solve as a whole. To simplify the 

system by identifying individual scenarios that need to be addressed, a top-level or supervisory 

controller is developed to distinguish which scenario to enter, and what trajectory or control 

process to follow. Each scenario also has many different factors that can change the set points and 

decisions, based on speed, position, and surroundings. The supervisory controller is designed as a 

rule-based controller and is discussed below. 

The first step of the supervisory controller is entering in the correct scenario for control purposes. 

By use of sensor information, one can determine the environment, heading direction, and vehicle 

dynamics. For example, if a positive pitch angle is detected, the supervisory controller detects 

scenario III. If, however it is deemed that the competitor vehicle is crossing lanes, scenario IV is 

activated. Figure 1 describes the scenario selection. 
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Figure 1: Top-Level Control Flow Chart 

As shown in Figure 1, each scenario has its own environment checks that are used to determine 

control actions. For Scenario I, the ego vehicle position, heading angle, and lane location are 

needed. For Scenario II, the ego vehicle heading direction is necessary. Scenario III requires no 

information. This is because the control strategy is uniform throughout the scenario. Lastly, the 

final scenario requires the ego vehicle speed and lane position, as well as the competitor vehicle 

speed and position relative to the ego vehicle. Based on this information, the correct control action 

can be used. The available actions to choose from are: accelerate, decelerate (brake), steer right, 

steer left, activate parachute, cut power/ignition, and let off throttle. Once the control actions are 

determined, they can be transformed into set points or trajectories for the control algorithms. 

Some of the safety events discussed above can overlap, while others cannot. For example, a wheel 

stand event and a fishtailing event cannot occur at the same time, due to the need for the front 
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wheels to be on the ground to create a pivot point for fishtailing to occur. However, a competitor 

vehicle can cross lanes at any point of the race, while one of the safety scenarios is already 

activated. In the event that multiple scenarios are activated simultaneously, a hierarchy is used to 

select which scenario to control first. The most important scenario to overcome is the wheel stand, 

because without the front wheels on the ground, none of the other scenarios can be controlled. The 

second scenario in the hierarchy is fishtailing, because a loss of traction in the rear wheels limits 

the ability to control the vehicle and direct it down the track. The third and fourth scenarios to 

discuss are centering and a competitor crossing lanes, respectively. Starting the race off center can 

lead to activation of other scenarios thus taking importance over Scenario IV. A competitor vehicle 

crossing lanes is dangerous, but if any of the other scenarios are activated, they must be controlled 

first before addressing this. Since the supervisory control resolves the conflict of overlapping 

scenarios in this way, the scenarios can be analyzed separately. 

Since the scenarios are unique, there are different models associated with each of them; thus, the 

top-level controller is very important in deciding which path to enter and what set point is given. 

With that information determined, the correct model is evaluated, and the correct control is used 

to get the vehicle to perform the desired safety maneuver. The models and control definition 

proceeds. 
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5 Model Development and Control Using Various Methods 

As stated in Section 4, the unique response of the vehicle in different scenarios calls for multiple 

models to be used for simulation and control development. This is primarily due to the possibility 

of movement in different planes of motion. When proceeding down the track, examining lateral 

and longitudinal motion, a bicycle model is developed. While investigating a wheel stand, an out-

of-plane vehicle model is used. The descriptions and equations derived are as follows. 

5.1 Bicycle Model 

Utilizing a top view perspective, the dragster can be shown and simplified as a two-mass system 

connected by a massless rod as in Figure 2. 

 

Figure 2: Dragster Diagram with Generalized Coordinates 

With this orientation, the vehicle proceeds down the track from left to right. This system can then 

be transformed into a simple bicycle model. A bicycle model is often used as a vehicle model for 

simulation due to its simplified structure and movement [20],[22],[23]. In a bicycle model, each 
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axle and set of wheels is thought of as one wheel. A depiction of a bicycle model is shown in 

Figure 3. 

 

Figure 3: Bicycle Model Representation 

In this model the rear wheel is fixed, just as the vehicle of concern is in the current research. The 

front wheel turns with a steering angle 𝛿𝑓. The vehicle’s position is defined by 𝑥, 𝑦, and the heading 

direction, 𝜓, measured from the horizontal. The velocity 𝑣 has an associated direction 𝛽 measured 

from the vehicle’s heading direction. The lengths 𝐿𝑟 and 𝐿𝑓 represent the distance from the center 

of mass to the rear and front axle, respectively. As the vehicle turns, it rotates around the imaginary 

center 𝑂. Equation 5.1 shows the kinematic bicycle model state equations [22]: 
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�̇� = 𝑣𝑐𝑜𝑠(𝜓 + 𝛽)

�̇� = 𝑣𝑠𝑖𝑛(𝜓 + 𝛽)

�̇� =
𝑣

𝐿𝑟
sin(𝛽)

�̇� = 𝑎

 5.1 

There are two inputs to this system: acceleration and steering. The steering relation is expressed 

with Equation 5.2: 

 β = tan−1(
𝐿𝑟

𝐿𝑓 + 𝐿𝑟
tan(𝛿𝑓)) 5.2 

This bicycle model is commonly used in autonomous vehicle control for trajectory following 

scenarios [13],[22],[24]. The current research uses this for maneuvering in safety incidents to 

prevent collisions. 

5.2 Wheel Stand Model 

Once the plane-of-motion equations have been expanded, the next step is to define the out-of-plane 

motion equations. Out-of-plane motion in the context of a dragster occurs when a wheel stand 

(defined as the front tires leaving the race track in upward motion) is initiated. Since the motion 

only occurs in certain situations, it is treated separately from the plane-of-motion dynamics. The 

model for the wheel stand dynamics is derived from Newtonian dynamical equations [11]. The 

free body diagram is show in Figure 4.  
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Figure 4: Free Body Diagram of Wheel Stand Equations 

 

Table 2 explains the forces associated in the free body diagram from Figure 4. 

Table 2: Free Body Diagram Nomenclature 

Forces in the x-direction 

𝐹𝑑 Vehicle aero dynamic drag force 

𝐹𝑟𝑟𝑓 Rolling resistance on the front wheels 

𝐹𝑟𝑟𝑟 Rolling resistance on the rear wheels 

𝐹𝑓𝑟𝑖𝑐 Tractive friction produced by rear wheels 

𝐹𝑓𝑤𝑥 Front wing drag force 

𝐹𝑟𝑤𝑥 Rear wing drag force 

Forces in the z-direction 

𝐹𝑛𝑓 Front axle reaction force (normal force) 

𝐹𝑛𝑟 Rear axle reaction force (normal force) 

𝑊 Gross vehicle weight (including driver) 

𝐹𝑙𝑖𝑓𝑡 Aerodynamic down/lift force 

𝐹𝑓𝑤𝑧 Front wing lift force 

𝐹𝑟𝑤𝑧 Rear wing lift force 
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In a real-world scenario, there is possibility of wheel slip. However, wheel slip reduces the torque 

applied to the ground which in turn reduces the chance of a wheel stand; thus, a no-slip condition 

is used to design the control around the highest possibility of a wheel stand. Because of the no-slip 

condition assumed in the modeling of these equations, the friction produced by the rear wheels is 

directly proportional to the input torque from the motor and can be written as shown in Equation 

5.3: 

 𝐹𝑓𝑟𝑖𝑐 =
𝑇𝑒
𝑟

 5.3 

Equation 5.4 denotes the x-direction, z-direction, and theta-direction equations: 

 

𝐹𝑓𝑟𝑖𝑐 − 𝐹𝑟𝑟𝑓 − 𝐹𝑟𝑟𝑟 − 𝐹𝑑 − 𝐹𝑓𝑤𝑥 − 𝐹𝑟𝑤𝑥 = 𝑚�̈� 

𝑊 + 𝐹𝑙𝑖𝑓𝑡 − 𝐹𝑛𝑓 − 𝐹𝑛𝑟 + 𝐹𝑓𝑤𝑧 + 𝐹𝑟𝑤𝑧 = 𝑚�̈� 

𝐹𝑛𝑓𝐿 + 𝐹𝑓𝑤𝑥(𝐷 − 𝑟) − 𝐹𝑓𝑤𝑧(𝐶 + 𝐿) + 𝐹𝑑𝑧𝑐𝑝 − 𝐹𝑙𝑖𝑓𝑡(𝐴 + 𝐺) −⋯ 

−𝐹𝑟𝑟𝑓𝑟 + 𝑇𝑒 − 𝐹𝑟𝑟𝑟𝑟 −𝑊𝐴 + 𝐹𝑟𝑤𝑧𝐸 + 𝐹𝑟𝑤𝑥𝐹 = 𝐼�̈� 

5.4 

The dragster of this research is not equipped with wings in the front and rear of the vehicle. Thus, 

the drag and down forces corresponding to the wings are then set to zero. In this set of equations 

of motion, the sole input is engine torque. This is the control variable that will be used in 

simulations. 

5.3 Control Methods Investigated 

Three methods of control were investigated and compared in the simulation of the autonomous 

maneuvers of the vehicle. These methods are Proportional-Integral-Derivative control (PID), 

optimal control, and Model Predictive Control (MPC). MPC is then modified in a form of Adaptive 

MPC for further use. The theory behind each control method is discussed below.  



17 

 

5.3.1 PID Control 

PID control is commonly used in the automotive industry due to its usefulness and ease of 

application. In PID control, the measured state from the plant is compared to the reference state, 

and the control input 𝑢is manipulated in order to eliminate the error 𝑒 [25]. The general formula 

for PID is shown in Equation 5.5: 

 𝑢 = 𝐾𝑃𝑒 + 𝐾𝐼∫𝑒𝑑𝑡 + 𝐾𝐷
𝑑𝑒

𝑑𝑡
 5.5 

Variables 𝐾𝑃, 𝐾𝐼 , and 𝐾𝐷 are constants representing the proportional, integral, and derivative gains 

of the controller. These are tuned for the best response based on the system and the desired 

outcomes. 

5.3.2 Optimal Control 

Optimal control is a popular control technique due to its ability to minimize any cost function 

provided [26]. This provides more variability to the control design engineer. Optimal control 

involves solving the cost function defined in Equation 5.6: 

 

min
𝑢

𝐽(𝑢, �⃗�) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑡𝑜ℎ(𝑥) = 0 
𝑔(𝑥) ≤ 0 

5.6 

In the optimization problem defined, 𝐽 signifies the cost function, which is a function of the input 

𝑢 and the system states 𝑥. The cost function is constrained by equality constraints ℎ(𝑥) and 

inequality constraints 𝑔(𝑥). When running optimization problems with systems, the state 

equations themselves become equality constraints, as in Equation 5.7: 

 ℎ(𝑥) = �̇� − 𝑓(𝑥, 𝑢) = 0 5.7 
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The cost function is defined based on the system and what response is chosen. For the trajectory 

following scenarios of this dissertation, the cost function in Equation 5.8 was used: 

 𝐽 =  𝑤1𝛽
2 + 𝑤2∆𝛽 + 𝑤3(𝑦 − 𝑦𝑟𝑒𝑓)

2
+ 𝑤4(𝜓 − 𝜓𝑟𝑒𝑓)

2
+ 𝑤5(𝑣 − 𝑣𝑟𝑒𝑓)

2
 5.8 

The first term is for limiting the use of the steering wheel. The second term is to limit the change 

in control from step to step. Jerk can be defined as a sharp and sudden movement, which is 

undesirable in steering control at high speed. By including this in the cost function, emphasis can 

be placed on eliminating this issue. The final three terms are used to get to the desired references 

of 𝑦𝑟𝑒𝑓, 𝜓𝑟𝑒𝑓, and 𝑣𝑟𝑒𝑓, respectively. Each component of the cost function has an associated weight 

included, to place more emphasis on certain terms. The terms with higher weights will have more 

importance, since large values will make the cost larger, in turn making the controller choose other 

combinations. 

5.3.3 Model Predictive Control 

Model predictive control, or MPC, is a control algorithm that solves an optimization problem over 

𝑁 future steps, at every timestep [27]. This is commonly called a receding horizon control. The 

benefit of MPC is that the control chosen at the current step depends on the future trajectories. 

This enables the controller to take current action while anticipating certain upcoming events. MPC 

calculates the predicted optimal control trajectory over the whole horizon, then implements the 

first step and repeats. The cost function used for MPC is similar to the optimal control cost function 

but expanded to each point in the horizon. This can be seen in Equation 5.9: 
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𝐽 =  𝑤1∑𝛽2 + 𝑤2∑Δ𝛽2 +𝑤3∑(𝑦 − 𝑦𝑟𝑒𝑓)
2
+ 𝑤4∑(𝜓 − 𝜓𝑟𝑒𝑓)

2
+⋯

+𝑤5∑(𝑣 − 𝑣𝑟𝑒𝑓)
2
 

5.9 

The five terms of the cost function involve limiting control action, change in control action, 

minimizing error in the y-direction, minimizing error in heading angle, and minimizing error in 

velocity, respectively. Each term is weighted for importance. Limiting the change in control input 

and bounding the control are implemented with the use of constraints, as in Equation 5.10: 

 

𝑑𝑢𝑚𝑖𝑛 ≤
𝑑𝑢

𝑑𝑡
≤ 𝑑𝑢𝑚𝑎𝑥 

𝑢𝑚𝑖𝑛 ≤ 𝑢 ≤ 𝑢𝑚𝑎𝑥   

5.10 

The system states are once again used as constraints to calculate the trajectories over the horizon 

of the MPC model and predict future states. Once the model predictions are calculated, the 

resulting error between the reference and prediction over the horizon is minimized using the cost 

function and constraints. From here, the control input is determined, and the process repeats itself 

each step. A block diagram representation of the described MPC process is shown in Figure 5. The 

control input is chosen such that the overall cost is lowest while still maintaining the constraints 

set out by the state equations. 

 

Figure 5: MPC Overview Schematic 
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5.3.4 Adaptive MPC 

A difficulty with fast moving systems is the ability to accurately account for the changing state. 

Adaptive control is a form of control which helps account for transient changes to a system’s 

parameters, by performing online parameter estimation. For a given operating point, specific 

details of a system can be used to approximate a linear model that is accurate in a close surrounding 

area [28]. For example, a given time-varying system will have a state equation representation as 

defined in Equation 5.11 below: 

 

�̇� = 𝐴(𝑡)𝑥 + 𝐵(𝑡)𝑢 

𝑦 = 𝐶(𝑡)𝑥 + 𝐷(𝑡)𝑢 
5.11 

For a given point 𝑖 frozen in time, adaptive control approximates the state equations as constant 

matrices as in Equation 5.12 [28]: 

 

�̇� = 𝐴𝑖𝑥 + 𝐵𝑖𝑢 

𝑦 = 𝐶𝑖𝑥 + 𝐷𝑖𝑢 
5.12 

As the operating point changes every step, the approximated system state equations will vary as 

well. This method can then be combined with MPC in order to make a more accurate representation 

of the system over the receding horizon [29],[30]. As the system navigates through the desired 

trajectory, it is important to have system parameters that are up to date with the current time step, 

especially when looking ahead with MPC. 

5.4 Control Implementation in Simulation Environment 

In order to test control of the scenarios described, a simulation environment must be chosen that 

can represent the situations accurately. Once the environment is selected, the models can be created 

and control can be tested. This is an important step in the design and control of the autonomous 
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dragster, as simulation testing helps obtain robust control before applying on the research vehicle 

with potential of compromising the project.  

5.4.1 Bicycle Model 

The development of the bicycle model simulation and control is done in Simulink in conjunction 

with the Matlab Automated Driving Toolbox [31]. The equations defined in 5.1 were implemented 

in block diagram form, with steering and acceleration as inputs to the plant, and x-position, y-

position, heading angle, and velocity being solved for. This block diagram is shown below: 

 

Figure 6: Bicycle Model Block Diagram 

The y-position, heading angle, and velocity states are then sent in a feedback loop to the 

controllers, which in turn calculate the steering angle beta and acceleration. 

To create a complete autonomous simulation, the drag racing environment must be set up. The 

environment consists of a straight two-lane track, one-quarter mile long, with markers at the start 
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of the race and the 60 ft, 100 ft, 1/8 mile, and 1000 ft marks. There is a staging tree at the starting 

line which changes colors as the staging process is completed, including lighting green at the start 

of the race. The environment also consists of two vehicles, one being the vehicle of focus – also 

called the ‘ego’ vehicle – and the other being the competitor vehicle. 

To visibly display the environment, the Matlab Automated Driving Toolbox was used. This 

toolbox allows the user to generate scenarios of any kind by providing waypoints for the track and 

vehicle positions and velocities. For this research, the ¼ mile track was created, corresponding to 

402.34 meters. Vehicles can be entered with correct height, length, and width. The initial position 

is specified, and waypoints are created for the vehicles to follow in each unique scenario. A chase 

view of the scenario can be seen below: 

 

Figure 7: Chase View of Environment 

Not only is this software useful in visualizing the environment, but it can also be used for sensor 

and control development. The ego vehicle can be specified to have specific sensors and synthetic 

sensor data can be created. This can help in defining the range of the sensor suite on the ego 

vehicle. Figure 8 shows the research vehicle with radar and camera sensors positioned: 
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Figure 8: Dragster Sensor Suite View 

Furthermore, the synthetic sensor data is used to develop tracks (proven detections) and develop 

algorithms for determining control actions. The position and speed of the objects surrounding the 

ego vehicle can be tracked, and desired control maneuvers can be tested and refined. An example 

of the synthetic sensor data is shown below: 
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Figure 9: Synthetic Data from Start of Race 

The powerful tool that is the Automated Driving Toolbox can be used in conjunction with the 

bicycle model to produce real-world scenarios and control around them. Utilizing the driving 

scenario designer, trajectories can be created to simulate Scenarios I and IV. For example, Figure 

10 shows the competitor vehicle crossing into the ego vehicle lane: 

 

Figure 10: Trajectory Generation of Scenario IV 
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As can be seen above, if no control is applied, the two vehicles will collide. However, the ego 

vehicle trajectory above can then be replaced with the states of the bicycle model simulation. The 

simulation receives the synthetic sensor data from the autonomous vehicle detection generators. 

This data is then processed; if it is deemed that the competitor vehicle is crossing lanes, the ego 

vehicle lane change is triggered. This results in a new reference trajectory and based on that 

trajectory the control move is calculated and sent to the bicycle model. The states from the bicycle 

model then get sent into the scenario generation, where the new data is received. This process 

repeats through the simulation.  

5.4.2 Wheel Stand Model 

The development of the wheel stand model is done entirely in Simulink. The equations defined in 

Section 5.2 were input into a block diagram format. The input to the model is the engine torque, 

as this is what dictates the ability for a wheel stand to occur. The model then produces the system 

states, which are x-position, y-position, and the vehicle pitch angle. Figure 11 below shows the 

simulation model: 
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Figure 11: Wheel Stand Model Block Diagram 

The pitch angle is fed back to the controller and from there, control is applied to the engine torque 

input of the model in order to limit a wheel stand.  
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6 Simulation Results 

The bicycle model and the wheel stand model described in the above sections were then subjected 

to simulations in order to determine their functionality to stabilize the vehicle and prevent 

accidents. The following subsections provide simulation results of the different models. 

6.1 Constant Velocity Bicycle Model 

The first step taken with the bicycle model was to assume constant velocity. This simplification 

allowed for the development of the lateral control and selection of the most useful control strategy 

out of PID, optimal control, and MPC [32]. 

In the event that a lane switch is identified, such as with Scenario IV, the set point or reference 

point of vehicle changes. For example, for a lane change from the right to the left lane, the set 

point would change from 𝑦 = 0, 𝜓 = 0 to 𝑦 = 5,𝜓 = 0. This control is implemented for a speed 

of 75 m/s. The reference state in this case is the y-position, as a single PID controller can only have 

one error to correct. Similarly, there is only one control input from a PID controller; thus, the 

velocity is kept constant (acceleration input is zero) and the sole control variable is the steering 

angle. The reference was created as a spline curve from 𝑦 = 0 meters to 𝑦 = 5 meters, to signify 

a lane change from the right lane to the left lane. The PID iterative tuning results are shown in 

Figure 12, with the black trajectory resulting in the best response. 
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Figure 12: PID Control with Bicycle Model 

Optimal control was simulated with the same reference chosen for PID for comparison purposes. 

The iterative tuning results for a lane change maneuver with optimal control are shown in Figure 

13, with the black trajectory resulting in the best response. 
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Figure 13: Optimal Control with Bicycle Model 

Lastly, the same splined lateral positional trajectory was used with the developed MPC bicycle 

model. A benefit for MPC is that the prediction horizon can also be tuned for best fit. The iterative 

tuning results for MPC for the identical lane shift scenario are shown Figure 14, with the black 

trajectory resulting in the best response: 



30 

 

 
Figure 14: MPC with Bicycle Model 

While all three of the control strategies have good reactions for the lane change, it is important to 

compare them and choose the best control for the desired response. The best responses to the three 

control methods are plotted over each other in Figure 15. 
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Figure 15: Control Comparison for Bicycle Model Lane Change 

PID control has a small delay at the start of the lane change and a small overshoot at the end of the 

lane change in the simulation. This could be due to the fact that PID has only one reference 

variable, whereas with optimization the cost functions can have additional dimensions. Optimal 

control shows a smooth trajectory, but it is delayed by 0.08 seconds from MPC. This can be costly 

in a high-speed environment such as drag racing. MPC shows no overshoot and adjusts to the lane 

change immediately, due to prior knowledge of the trajectory. This is what sets MPC apart from 

the other control strategies. It is important to also analyze the control trajectories for each 

algorithm. This is shown in Figure 16. 
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Figure 16: Bicycle Model Control Input Comparison 

Comparing the control inputs (outputs from the controllers), the PID controller created a 

significantly larger steering angle at the beginning and the end of the lane change. This is 

something that can be tuned away in optimal control and MPC, as the designer can assign penalties 

to this type of behavior using cost functions in control. Optimal control has a fewer unnecessary 

spikes in control input, as well as a delay. MPC is consistent in that the control is adjusted by 

looking ahead at the trajectory, and the response is smooth with no excess control applied. While 

MPC slightly increases computation time, it can track trajectories much better than other control 

strategies and is the selected control for the drag racing application. MPC is also the state of the 

art for trajectory tracking for autonomous vehicles as shown in [13],[16]. The same control 

technique and bicycle model representation can be used for Scenario I, when the ego vehicle is 

starting the race off center. The control in this case would be used to re-center the vehicle in 𝑦 and 

𝜓 to limit the chance of an accident.  



33 

 

 

6.2 Wheel Stand Model 

With regards to Scenario III, the wheel stand, simulation was employed as well. For the control 

simulation of the wheel stand, PID is the only control method discussed. This is because the 

strategy is simple: when a wheel stand is detected, the throttle is reduced until the front wheels are 

back on the ground. There is no need to have a control structure more complex for a straight 

forward scenario of this sort. The comparison to an uncontrolled wheel stand and a PID controlled 

wheel stand is displayed in Figure 17. 

 
Figure 17: Wheel Stand Control with PID 

The uncontrolled maximum angle rose to about 5.5 degrees, while the controlled scenario in blue 

above shows that the wheel stand is virtually eliminated. This is a substantial improvement and is 
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sufficient for control of this scenario. The use of a more complex control for the wheel stand model 

is not necessary, as it is a reactionary control with the only decision used being reducing torque. 

6.3 Human Reaction Time and Latency 

Another aspect of drag racing discussed in this paper is the need for a quick reaction time. There 

are many maneuvers that need to be recognized and completed in a substantially small time frame. 

This type of reaction is defined as a recognition reaction, in which the subject must respond to the 

type of disturbance it notices. The average human’s general recognition reaction time is stated to 

be 0.384 seconds [33]. Moreover, studies have shown that when driving on a test track, human 

drivers take on average 1.28 seconds to release the accelerator pedal, 2.3 seconds to engage 

maximum braking, and 1.67 seconds to initialize a steering maneuver to respond to a potential 

crash scenario [34]. The end goal of designing control for an autonomous dragster is to be able to 

compensate for human deficiencies and avoid accidents. One way this can be done is through the 

use of sensors and actuators, which can react faster than a human. The time delay between an event 

and a radar sensor measurement is 0.050 seconds, while the average delay between a signal and 

action for an actuator is 0.150 seconds [35]. This results in a combined 0.200 seconds delay, a 

reduction in response time of more than one-third. This actuator latency, defined as the delay from 

when a command is triggered and when it occurs, can be modeled in simulations as a time delay. 

Figure 18 and Figure 19 show results of incorporating the sensor and actuator delays into the 

bicycle model for the lane change maneuver implemented above in the baseline scenario. In Figure 

18, PID was used to simulate the results.  
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Figure 18: Bicycle Model PID Response with System Delays 

It is clear that PID has an insufficient response when the sensor and actuator delays are included. 

This is due to the fact that PID is a reaction control and does not have previous knowledge of the 

time delays. On the contrary, the use of MPC shows very promising results in Figure 19. 
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Figure 19: Bicycle Model MPC Response with System Delays 

The MPC implementation has a very responsive output and this is due to the internal structure of 

MPC. Since a model is incorporated into the control calculation to predict the system response, 

time delays can also be incorporated into this structure. The sensor and actuator delays were 

applied as input and output delays for the model predictive controller, respectively. These results 

show that the time delay can be accounted for, and since the latency is less than human reaction 

time, the system is safer and more reactive with autonomous control. 

6.4 Transient Conditions 

Constant velocity simulation is a useful simplification that aids in identifying the best type of 

control to use, and to get control weights and parameters in a relative region of functionality. 

However, to investigate real-world scenarios accurately, transient conditions must also be 

implemented. After determining that MPC was the strongest control theory for the constant 
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velocity bicycle model simulations in Section 6.1, the next step was to use MPC with a varying 

speed outlook. With the addition of variable speed, a few components of the previous MPC model 

must be modified. First, the reference trajectory, which previously contained y-position and 

heading angle, receives the addition of a reference velocity as well. Further, the output of the MPC 

controller must contain acceleration and deceleration commands as well as the existing steering 

commands. Due to the need for an accurate model with a changing operating point, an adaptive 

MPC algorithm was implemented as discussed in Section 5.3.4. With adaptive MPC the velocity 

and other states are input at every time step to make predictions into future time more precise. 

The adaptive MPC controller was then fused with the Matlab Automated Driving Toolbox 

simulation environment. Based on the detection algorithm described in Section 5.4.1, the reference 

trajectory for the controller is identified. The controller creates steering and acceleration 

commands which are sent to the vehicle model. The sensor detections are then updated based on 

the relative position of surrounding objects.  

6.4.1 Competitor Crossing Ahead of Ego Vehicle 

The simulation was run on the scenario created and shown in Figure 10. Clearly without any 

control applied, the competitor vehicle would cross lanes and collide with the ego vehicle. 

However, the following simulations show that the application of the adaptive MPC algorithm can 

avoid the accident. A birds-eye-view of the simulation can show the paths of both vehicles and 

confirm the avoidance of a collision. In Figure 20 below the race has just begun: 
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Figure 20: Birds-Eye-View of Race Start in Vehicle and World Coordinates 

The simulation environment is shown in vehicle coordinates on the left, and world coordinates on 

the right. In the left side of Figure 20, the detections of the competitor vehicle, Christmas tree, and 

left and right barriers can be seen. A red circle signifies a radar detection, while a square is defined 

as a confirmed track. Further along the track and simulation, the competitor vehicle can be seen 

entering the lane crossing situation: 
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Figure 21: Competitor Vehicle Crossing Initiation 

Figure 21 includes the addition of blue circles which are defined as a camera detection. As can be 

seen in the image, the vehicle has started crossing the lane lines. Figure 22 shows the next step, in 

which the ego vehicle can be seen having started the shift to the left lane: 
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Figure 22: Left Lane Shift in Process 

This is easier seen in the world coordinates view on the right, as the ego vehicle is not centered on 

the zero x-position. Another important note in the image above is that the separation between 

vehicles is larger; this is due to the ego-vehicle slowing down due to the trajectory change. This 

also helps greatly to reduce the risk of accident. The final position of the scenario can be seen in 

Figure 23 below: 
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Figure 23: Left Lane Change Completed 

The lane change has been completed and an accident has been avoided. At this point, the race is 

over; when drag racing if a vehicle crosses lanes they have been automatically disqualified. 

The simulation above can also be explained through technical plots. Figure 24 shows the tracking 

of the competitor vehicle by measuring the relative lateral distance from the ego vehicle, using 

radar and camera detections.  



42 

 

 

Figure 24: Competitor Vehicle Tracking and Trajectory Decision for a Left Lane Change 

Once the competitor has come within 0.5 meters of the lane line, which corresponds to 3.5 meters 

from the ego vehicle, it is determined that they will be crossing into the ego vehicle lane. At this 

point, Scenario IV (Competitor Vehicle Crossing Lanes) is triggered, and a trajectory change is 

initiated. Since the competitor is ahead of the ego vehicle and faster than the ego vehicle, the 

supervisory controller determines a lane change from right to left is required. The x-y trajectory 

can be seen in the figure below: 

                            

        

 

 

 

 

 

  
                            

 

   

   

   

   

 



43 

 

 

Figure 25: Ego Vehicle Trajectory with Synthetic Sensor Data Model 

The simulated dragster successfully completes the 5-meter lane change to the left. The decision to 

slow down based on the scenario activation is shown in the figure below: 
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Figure 26: Velocity Trajectory for Crossing Scenario 

The race starts from a stand still. The reference velocity is initially 75 m/s, thus acceleration is 

rapid. After the reference trajectory change is triggered, the reference velocity becomes 65% of 

the initial reference. Figure 26 shows the ego vehicle slowing down to ease the transition away 

from the crossing vehicle. The final analysis of the simulation involves the control commands sent 

to the bicycle model plant: 
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Figure 27: Adaptive MPC Control Commands 

As can be seen in Figure 27 above, the acceleration is initially at its maximum value, while the 

steering angle is at zero. When the trajectory change is initiated (about 1.8 seconds), the 

acceleration drops into negative range, signifying braking, and the steering angle is changed to 

move the vehicle over to the left lane. Since the vehicle is moving at high speed, the steering angle 

was constrained in MPC to limit large changes. 

6.4.2 Competitor Crossing Adjacent to Ego Vehicle 

Another scenario that produces a unique control maneuver is when the competing dragster crosses 

into the ego vehicle lane in a manner adjacent to the ego vehicle. In Figure 28 below, the scenario 

is shown where the competitor has crossed lanes around 40 meters down the track: 
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Figure 28: Adjacent Crossing Scenario Initiation 

The ego vehicle has already identified the situation and started to move. Based on the rule table 

described in Section 4, a decision to steer to the right and hug the wall is chosen. This is due to the 

competitor’s position in relation to the ego vehicle and their relative speed, making it impossible 

to change lanes to the left and not collide. Thus, the controller chooses to let off the throttle and 

activate the parachute in order to quickly decelerate, and steer away from the coming vehicle to 

create separation. In the world coordinates view (right side) of Figure 29, it can be seen that the 

ego vehicle has moved towards the right wall away from the center of the right lane: 



47 

 

 

Figure 29: Adjacent Crossing Wall Maneuver in Progress 

Figure 30 below shows that separation is created and the collision is avoided: 

 

Figure 30: Adjacent Crossing Wall Maneuver Completion 
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Looking in detail at the controls and trajectory further confirm the decision making for collision 

avoidance. The plot below shows the decision being made to make a maneuver towards the wall: 

 

Figure 31: Competitor Vehicle Tracking and Trajectory Decision for a Wall Maneuver 

The decision is made to move towards the wall and away from the competitor where the red line 

rises. In the plot you can also see that the relative distance of the competitor continues to decrease. 

However, this is because the simulated autonomous dragster has also slowed down. As the 

sequence of images above show, the competitor at some point is almost vertically aligned with the 

ego vehicle. This deceleration is shown well with the velocity trajectory: 
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Figure 32: Velocity Trajectory for Wall Maneuver Scenario 

It is clear above that as soon as the scenario is identified, the ego vehicle starts decelerating, which 

in turn makes the longitudinal separation necessary to avoid collision. Furthermore, the lateral 

movement during the maneuver can be seen below in Figure 33: 
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Figure 33: Ego Vehicle Trajectory During Wall Maneuver 

As left to right signifies the vehicle heading down the track, the negative y-direction signifies a 

maneuver towards the right barrier. This maneuver is also used to separate from the crossing 

vehicle and provide more time to slow down. The trajectories followed above are completed due 

to the control law created by the adaptive MPC controller. The control inputs to the bicycle model 

plant are shown below: 
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Figure 34: Adaptive MPC Control Commands for Wall Maneuver 

This shows a smooth steering trajectory, and the shift from maximum acceleration to maximum 

deceleration when the parachute is released. 

6.4.3 Ego Vehicle Starting Off Center 

For the simulation of Scenario I (Centering), the ego vehicle was initialized with a 0.5 meter offset 

to the left of the center of the right lane, and with a 3 degree offset left of straight heading. In this 

scenario, the competitor vehicle is designed to maintain its position in the left lane. The goal of 

the controller is to safely correct the ego vehicle to the center of the right lane and continue the 

race. The trajectory of the simulated dragster can be seen in Figure 35: 
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Figure 35: Ego Vehicle Trajectory for Centering Scenario 

The vehicle starts off heading in the positive y-direction but quickly centers itself to the middle of 

the right lane. The acceleration and steering commands calculated from the controller for the 

entirety of the race are shown below in Figure 36: 
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Figure 36: Adaptive MPC Control Commands for Centering Scenario 

The maximum steering angle of the dragster wheels here is about 7.3 degrees to the right. This 

represents a relatively small angle, and without any drastic change in steering direction, the 

acceleration of the vehicle can remain at maximum. Since an accident is avoided, the simulated 

dragster completes the ¼ mile long race.  
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7 Sensor Data Algorithm Development 

The previous sections highlighted the use of synthetic sensor data for algorithm development and 

control of the research vehicle in simulation. The next step is to examine actual data received from 

the sensors, understand the data, and interpret it for the scenarios. This is defined as component 

level testing. All sensor data is passed to the NVIDIA Drive PX2, the on-board processing 

computer for the autonomous dragster [36]. This data is then processed and manipulated by using 

RTMaps, a software that receives information from and sends messages to all the on-vehicle 

components [37].  Within RTMaps, embedded code created from Simulink diagrams was used for 

many parts of the detection identifications. The sensors used on this vehicle for algorithm 

development are radar, lidar, camera, inertial measurement unit, and driveshaft speed sensors. The 

following sections describe the individual sensors and their corresponding data for use in 

algorithms. 

7.1 Lidar 

Lidar, also known as Light Detection and Ranging, uses laser beams to measure object distance 

and sizes by determining the amount of light reflected back to a built-in sensor [38]. Lidar sensors 

are useful for accuracy and detail, along with the ability to create a 360 degree map of the vehicle’s 

surroundings [39]. The lidar used in this project is a Velodyne Puck 16 layer sensor [40], which 

transmits data to the PX2 via ethernet connection. The data published by a lidar sensor is called a 

point cloud, which contains all the detections of one spin of the sensor as points on a three-

dimensional plot. With the lidar sensor mounted on the top of the driver cockpit, the point cloud 

can be seen in Figure 37. 
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Figure 37: Lidar Point Cloud Representation from Vehicle Recording 

The point cloud shows the lasers reflecting off of a vehicle directly to the left of the vehicle, and 

the wall to the right of the vehicle. The remaining point cloud coordinates can be seen surrounding 

the ego vehicle on the ground. While this data is visually pleasing and a human can look at it and 

distinguish where different objects are, code must be developed to enable a computer to 

differentiate objects in the point cloud. A detection model must be created to identify objects in 

the data. The first step in the detection algorithm is to filter out unwanted points. In this case, that 

requires removing the points that the lidar picks up from the ground (these are the circles of points 

surrounding the ego vehicle in Figure 37) and any points that the lidar picks up from other parts 

of the ego vehicle itself (in Figure 37 portions of the front tires, the air scoop, and the rear tires can 

be seen). This has now filtered out any miscellaneous points, and the only points remaining to be 

analyzed are physical objects with a certain height. The next step is to determine the closest points 

of each object to the ego vehicle. In order to get a 360 degree surrounding detection algorithm, the 

point cloud data was segmented into 8 sections of 45 degrees each, as seen in Figure 38. 
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Figure 38: Lidar Point Cloud Data Segmentation 

Within each section, the closest point cloud point from the filtered data is chosen to represent the 

object. If there is no close point in a segment, the detection defaults to zero for that 45-degree 

piece. The completed detection algorithm provides the result shown in Figure 39. 
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Figure 39: Lidar Detections Overlaid on Point Cloud 

The detections in Figure 39 successfully identify the vehicle to the left of the dragster and the wall 

to the right of the dragster, and in multiple places for each. With these detections, the safety 

scenarios can be classified and supervisory control decisions can be made. 

7.2 Radar 

Radar, or Radio Detection and Ranging, uses the radio waves to measure object distances and 

speeds from the sensor. These sensors are most commonly used for object detection due to their 

immunity to changes in light and adverse weather conditions [38],[41]. The radar sensors used in 

this research are two Delphi ESR 2.5 radars which provide a set of long range and mid-range radars 

in each sensor [42]. The radar sensors were placed on the dragster in identical placement as was 
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used in the scenario simulations of Section 5.4 and Section 6.4, with one sensor in the front left of 

the vehicle and one sensor in the rear right side. These sensors operate using the Controller Area 

Network, also known the CAN bus, which can transmit data between computing platforms, 

sensors, and actuators with a simple set of two wires [43]. A benefit of using the Delphi ESR radar 

sensors is that the information received from these sensors has already gone through the first step 

of processing, providing the user with object detections. However, the data provided contains 

excess detections that must be filtered out. Figure 40 and Figure 41 show the unfiltered detections 

received from the left radar and right radar sensors, respectively. This data is overlain on the lidar 

point cloud for visual purposes. 

 

Figure 40: Unfiltered Radar Detections for Left Sensor 
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Figure 41: Unfiltered Radar Data for Right Sensor 

There are many points in the images that the human eye can see as false detections. In Figure 40, 

the vehicle to the left of the dragster is picked up, but there are also many points behind the vehicle 

that are incorrect detections. In Figure 41, the wall has many correct detections but there are also 

many false positives behind the wall.  

The initial filtering process requires narrowing down the detections provided from the sensor to 

only those that have been consistent for more than one step. The information provided from the 

sensor includes each detection’s status, as one of the 8 categories shown in Table 3. The most 

common status in the radar data are updated targets, meaning that the detections have been steady 

through multiple steps, but there are also instances of new targets, coasted targets, and new coasted 

targets. These pose problems because new targets and new coasted targets show up for one step 

and then disappear, and coasted targets will try to estimate the direction of the detection and 

provide false information.  All of these can cause control issues, so the algorithm initial step is to 

filter out any detections that are not updated targets, new updated targets, or merged targets. These 

three categories provide information on detections that have been present consistently. 
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Table 3: ESR Radar Detection Status Classification 

Detection Status Status Color 

No Target  
New Target  

New Updated Target  
Updated Target  
Coasted Target  
Merged Target  

Invalid Coasted Target  
New Coasted Target  

 

The next step in the process is to remove detections that are at unrealistic distances and positions. 

This removes the detections that come from behind the wall, or the false detections showing up 

behind real object detections. The results for the processed detection algorithm can be seen in 

Figure 42 and Figure 43 for the left and right radars, respectively. 

 

Figure 42: Filtered Detection Results for Left Radar 
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Figure 43: Filtered Detection Results for Right Radar 

In the images, the red circles signify filtered radar detections. False detections are defaulted to the 

zero position of the plot. With this correct detection information, control algorithms can be created 

similar to the previous sensor simulations to make decisions such as trajectory changes. 

7.3 Camera 

While lidar and radar sensors are important in detection of objects surrounding a vehicle, a camera 

sensor is irreplaceable due to its ability to classify objects as vehicles, lanes, humans, and much 

more [44]. Camera sensors absorb light that has bounced off objects and separate the light into red, 

green, and blue colors [38]. The images are then subjected to processing to determine the 

information desired. In the current research, a Sekonix Gigabit Multimedia Serial Link (GMSL) 

camera sensor is used for image processing [45]. This sensor provides a resolution of 1928x1208 

pixels, along with a 120-degree field of view. The benefit of using this specific camera for the 

dragster application is its direct compatibility with the supervisory microcomputer, the NVIDIA 
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Drive PX2. This includes the plug-in support for GMSL cameras, as well as pre-developed deep 

neural networks (DNNs) for classification of objects. 

The camera is used primarily for two different purposes on the research dragster. At the beginning 

of the race, the Christmas tree guides the vehicle through the staging process. A depiction of the 

staging tree can be seen in Figure 44. 

 

Figure 44: Drag Racing Christmas Tree for Staging 

Before the race begins, all lights on the tree are off. The first step is pre-staging, where the vehicle 

creeps up until the yellow pre-stage lights at the top of the tree are lit. After both vehicles have 

done this, the vehicle creeps up again until the blue stage lights are lit. At this point, the race is 

about to begin. Once the set of three amber lights in the middle of the tree are lit, it is time to 

launch the vehicle. If the vehicle has launched too early, the red light at the bottom lights up, 

signifying a false start and disqualification. Otherwise, the green light is lit, and the race continues. 

The camera is used in this situation to determine which lights are illuminated on the tree, which 

control action to command. Robot Operating System, also known as ROS, is an open source 

platform used for the implementation of the tree detection algorithm [46]. The detection is done 
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through a filtering process, in which five filters are set up, one for each set of lights. Each filter 

receives the image from the camera and determines the number of pixels for its corresponding 

color. The pixels are then compared to threshold values, and if the pixel count is higher than the 

threshold value for a specific set of lights, it is determined that the lights are illuminated. An 

example of the filter for the pre-stage lights is shown in Figure 45. 

 

Figure 45: Pre-stage Filter Result 

Since the lights are in a sequence, after one set of lights is determined to be lit, the ROS program 

looks for the next set in succession. This detection algorithm then provides the control model with 

the progress of the staging sequence, to determine which control actions to take to successfully 

and safely start the race. 

The Sekonix camera is also very important in classification while driving. With use of the pre-

defined DNNs built in to the PX2, the camera is used to determine free space in front of the 

dragster. This specifically entails utilizing OpenRoadNet, which distinguishes boundaries 

separating obstacles from open space available for the ego vehicle [47]. This network receives the 

camera image and determines the location of four different classifications, shown in Table 4. 
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Table 4: OpenSpaceNet Classifications 

Classification Color 

Vehicle  
Curb  

Pedestrian  
Other (unidentified)  

 

An example of the classifications the network identifies is shown in Figure 46. 

 

Figure 46: OpenSpaceNet Classifications 

With this information, the vehicle can determine its position within the lanes and barriers of the 

drag strip, along with the position of humans or vehicles around it. The combination of this 

detection with lidar and radar detections provides the computer with the information required to 

identify whether the dragster is starting the race off center or whether the competitor is crossing 

lanes. 
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7.4 Inertial Measurement Unit 

In Section 4, the wheel stand scenario was identified as the most important, because with the 

wheels off the ground none of the other scenarios can be controlled. The most significant 

information required for the wheel stand scenario is the pitch angle, which is most easily obtained 

from an inertial measurement unit (IMU). An IMU is a sensor consisting of a 3-axis gyroscope 

and a 3-axis accelerometer, which provides details on a vehicle’s inertial motion in high detail 

[38],[48]. The IMU used for the dragster includes a Global Positioning System (GPS) antenna as 

well to provide more information [49]. The sensor, mounted on the very front of the dragster, 

provides the vehicle’s pitch angle and height over the CAN Bus. In the control logic, when the 

angle or height of the front-end changes in a positive manner, a wheel stand scenario is entered, 

and the corresponding control commands can be sent to the actuators. 

The other crucial information obtained from the IMU is the vehicle heading angle and speed. The 

heading angle is essential to control the vehicle straight down the track. Furthermore, this speed 

and heading information provide the feedback required to complete the steering, acceleration, and 

braking maneuvers described in Section 6.4. The IMU takes some initialization to orient itself in 

the dragster’s environment; once this is completed, the heading angle corresponding to straight on 

the track can be recorded, and the proceeding heading angles can be adjusted so that the track 

straight position is zero. 

7.5 Driveshaft Speed Sensor 

In order to determine wheel slip, such as in the fishtailing scenario, a driveshaft speed sensor was 

used. This speed sensor includes a hall effect magnet mounted closely to a 16 tooth gear on the 

driveshaft [50]. The resulting signal is a square wave with a frequency corresponding to the speed 

of rotation of the driveshaft. The speed is then multiplied by the rear axle gear ratio and the rear 
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wheel circumference to provide the wheel speed. The wheel speed can then be compared directly 

to the vehicle speed from the GPS/IMU unit, and if the wheel speed is much higher than the vehicle 

speed, this signifies wheel sleep. This can be seen in Figure 47, where the wheel speed and vehicle 

speed correspond to the orange and blue lines, respectively. 

 

Figure 47: Wheel Slip Demonstration 

The speed determined by the IMU and the speed from calculation of the driveshaft speed sensor 

start out at the same value. However, at a time of 56 seconds of the recording, the speed of the 

vehicle is roughly 8.7 mph, while the speed the wheels are turning is 67.7 mph, signifying a wheel 

slip situation. Once the throttle is reduced, the speeds return to matching numbers. This proves the 

driveshaft speed sensor, as well as the IMU, receive accurate information that can then be used in 

the control of wheel slip scenarios.  
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8 Control Implementation 

With the information gathered from the on-vehicle sensors properly arranged and filtered, the next 

step is to perform vehicle level testing to ensure the autonomous vehicle as a whole is functioning 

as designed. This requires implementation of decision making algorithms previously done only in 

simulation, along with conversion of simulated control models into real actuator commands. The 

integration of the sensors and actuators into an entire vehicle model is the most crucial part of an 

autonomous vehicle project. The following sections highlight the development of this fusion and 

the development of control for different autonomous aspects of the dragster. 

8.1 Sensing to Decision Making 

Section 7 described the different information received from all the sensors along with the 

development of individual detection algorithms to filter out unwanted data. With a group of 

corrected data, the decisions now can be made on which scenario to enter and what control move 

to consider. The first step is to combine like data in order to create a more robust representation of 

the environment. With the lidar and the radar detection models both presenting landmarks 

surrounding the vehicle, overlapping the information is straightforward. Figure 48 shows the radar 

and lidar detections overlaid on the lidar point cloud data showing the detection of a vehicle to the 

left of the dragster. With multiple detections from each sensor, the confidence in the position of 

the vehicle identified grows greatly. 
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Figure 48: Lidar and Radar Detection Overlay 

Since sensors have some uncertainty surrounding their detections, sensor fusion is necessary to get 

the most accurate single position of the vehicle being tracked.  

The first step in the lidar and radar sensor fusion involves identifying the closest lidar detection to 

the left of the ego vehicle as a starting point. Lidar was chosen as the primary sensor due to its 

accuracy in testing. Once the initial lidar point is found, all lidar and radar detections in its vicinity 

are identified. Next, an average of the position of these nearby points is taken for each sensor. 

Finally, a weighted average is calculated with 70% importance on lidar and 30% importance on 

radar. The result is a weighted average coordinate set representing the detected vehicle. This can 

be seen in Figure 49. 
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Figure 49: Lidar and Radar Sensor Fusion Result 

After the sensor readings from the dragster are fed into RTMaps, they are sent to a control block 

that decides when to make a control maneuver. Since the dragster is configured to drive in the right 

lane, the left radar is used to determine when a vehicle has crossed lanes. When this happens, the 

rule table determines the trajectory change. This process goes hand in hand with the automated 

driving simulation design. Furthermore, a difference in simulation and reality is the appearance of 

disturbances and inconsistencies on a real road. Thus, another implementation added is the use of 

the lidar and right radar to determine the distance the dragster is from the wall. If that distance 

becomes too close, the control maneuver must correct for it and potentially provide commands to 

bring the vehicle successfully to a stop. 

In regard to the IMU data, as is shown with the simulation, the only effective control command is 

to let off the throttle in the event of a wheel stand. If the pitch of the vehicle becomes positive, the 
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throttle actuator command gets overridden until the wheels are back on the ground, at which point 

the throttle can proceed to accelerate if safe to do so. 

The driveshaft speed sensor decision making is similar to the wheel stand scenario. Wheel slip can 

be calculated as shown in Section 7.5. If wheel slip is occurring, the throttle command must be 

limited in order to regain traction. An addition in this scenario is to also ensure that the turning 

wheels are facing down the track, as when wheel slip occurs the vehicle has a tendency swing 

sideways creating a fishtailing scenario. 

8.2 Control to Actuation 

Once the control decisions are made, the next step is to convert them to action commands. This is 

done by converting the sensor simulation models to be used in the loop with the hardware 

components, mainly by creating an embedded code block from Simulink to be used in RTMaps. 

Figure 50 shows the Simulink block consisting of the adaptive MPC controller used in the RTMaps 

environment.  

 

Figure 50: Vehicle Level Control Model 
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The model receives measured state variables such as velocity, lateral position, and heading angle, 

along with the trajectory decision from the sensor processing blocks. Other inputs to this model 

are the desired velocity and the MPC weights; these are variable with RTMaps so that on-vehicle 

testing can fine tune the model without the need to regenerate the embedded code. Based on the 

trajectory decision, in this case for Scenario IV (competitor vehicle crossing lanes), the ego vehicle 

will follow a specific reference path and speed. If the decision to change lanes or maneuver towards 

the wall is decided, the reference sent to MPC changes. The powerful part of adaptive MPC is that 

the vehicle’s velocity in the prediction model is updated live as seen in Figure 50. The MPC 

controller then provides steering and acceleration commands. The acceleration is split into throttle 

and braking, based on the sign the value holds. These three control values then get sent back into 

the RTMaps environment, where the next steps of the actuation can be performed. 

8.2.1 Steering Control 

The dragster is set up with a modified electric power steering (EPS) system, in which autonomous 

steering commands are implemented by sending simulated torque signals to the steering control 

box, which in turn activates the electric motor to assist in the direction desired [51]. The EPS 

system is shown in Figure 51. 

 

Figure 51: Electric Power Steering System Used for Autonomous Steering 
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The control model must develop a desired steering wheel position command, which can then be 

translated to the simulated torque signal. The adaptive MPC model shown in Figure 50 calculates 

a desired steering angle of the front wheels to be input to the physical vehicle system; however 

this is then converted to a desired steering wheel angle in order to relay the information in a useful 

manner to the steering control model. 

The steering control model receives the desired steering wheel angle in degrees and translates it to 

a signed percentage of maximum steering. This is done using the physical endpoints of the steering 

wheel on the vehicle as shown in Equation 8.1: 

 𝑑𝑒𝑠𝑖𝑟𝑒𝑑𝑝𝑒𝑟𝑐𝑒𝑛𝑡 =
𝑑𝑒𝑠𝑖𝑟𝑒𝑑𝑎𝑛𝑔𝑙𝑒 −

𝑚𝑖𝑛 + 𝑚𝑎𝑥
2

𝑚𝑎𝑥 −𝑚𝑖𝑛
2

∗ 100 8.1 

With this formulation, the center of the steering wheel is associated with zero percent. Steering to 

the left and right are associated with positive and negative percentages, respectively. The steering 

controller also receives steering wheel angle feedback from the steering angle sensor, which is 

mounted on the steering shaft as shown in Figure 52. 
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Figure 52: Steering Angle Sensor 

This sensor is essentially a potentiometer that reads the position in bit values; this is then converted 

to percentage using Equation 8.2: 

 𝑎𝑐𝑡𝑢𝑎𝑙𝑠𝑡𝑒𝑒𝑟𝑖𝑛𝑔𝑝𝑒𝑟𝑐𝑒𝑛𝑡 =
𝑠𝑒𝑛𝑠𝑜𝑟𝑏𝑖𝑡𝑣𝑎𝑙𝑢𝑒 −

𝑚𝑖𝑛 + 𝑚𝑎𝑥
2

𝑚𝑎𝑥 −𝑚𝑖𝑛
2

∗ 100 8.2 

The calculations in Equations 8.1 and 8.2 are essential because they put the command and feedback 

steering values in the same frame. From here, the steering percentage error can be calculated. The 

error is then sent to a PID controller, which calculates the actual torque commands that are sent to 

the EPS control box via the CAN bus. A small threshold value is used with the error to avoid 

continuous switching around zero. This completes the feedback loop for the steering system. 

8.2.2 Throttle and Braking Control 

Acceleration and deceleration of the dragster are both regulated by linear actuators communicating 

on the CAN bus. The throttle actuator is connected with a linkage to the throttle cable, which 
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regulates the air and fuel being jetted into the engine’s carburetor. The throttle system can be seen 

in Figure 53. 

 

Figure 53: Throttle Actuation System 

The braking actuator is attached with a linkage to the brake pedal which in turn is attached to the 

braking master cylinder, as seen in Figure 54. 

 

Figure 54: Brake Actuation System 

The throttle and braking control blocks are mirror images of each other, for each actuator. First, 

the desired percentage of throttle and braking are sent to their actuation blocks. This percentage is 

then converted to a position command to be sent to the linear actuators by implementation of 

Equation 8.3. 
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 𝑎𝑐𝑡𝑢𝑎𝑡𝑜𝑟𝑐𝑜𝑚𝑚𝑎𝑛𝑑 =
𝑑𝑒𝑠𝑖𝑟𝑒𝑑𝑝𝑒𝑟𝑐𝑒𝑛𝑡

100
∗ (𝑚𝑎𝑥 −𝑚𝑖𝑛) + 𝑚𝑖𝑛 8.3 

The maximum and minimum for each actuator were calculated by moving the throttle and braking 

mechanisms to their physical limits and recording. The position commands, in inches, are then 

sent the corresponding linear actuators as a CAN message. The actuators themselves contain built-

in PID control and encoders to ensure accurate positioning. It is important to note that due to the 

design of the systems for both actuators, the extended position corresponds to minimum use, and 

retracted position corresponds to maximum use. 

8.3 Autonomous Shutoff and Human Takeover 

While this vehicle is designed to be fully autonomous during a drag race, additional controls were 

implemented to enhance safety of the vehicle as a research project. The dragster is designed with 

the idea of a professional driver being present in the cockpit to take over if for any reason the 

autonomous system is malfunctioning. In order to implement this, multiple override switches were 

designed: 

• Brake pedal override 

• Throttle pedal override 

• Autonomous shutoff switch 

• Steering override 

For the first three switches discussed, the logic is quite similar. When the driver activates any of 

these three switches, a signal is sent to the on-board computer, which disengages the autonomous 

controls and hands the driving responsibility to the operator in the cockpit. This involves turning 

off the autonomous power steering assist, sending the brake and throttle actuators to their neutral 
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positions, and activating the drive-by-wire throttle system. Since the autonomous steering is 

implemented by an electric power assist system, there always remains a direct connection from the 

driver’s steering wheel to the turning wheels, thus with autonomous controls turned off the driver 

can immediately take control of the wheel. The drive-by-wire system consists of a throttle 

potentiometer connected to the original vehicle’s pedal as seen in Figure 53 (the gold bar of 

potentiometer is connected to the throttle pedal with the red threaded rod), which records the 

pedal’s position in voltage and sends it to the computing platform. The voltage is then converted 

to a desired throttle percentage, which is then used to calculate a throttle actuator position 

command using Equation 8.4: 

 𝑎𝑐𝑡𝑢𝑎𝑡𝑜𝑟𝑐𝑜𝑚𝑚𝑎𝑛𝑑 =
𝑝𝑜𝑡𝑣𝑜𝑙𝑡𝑎𝑔𝑒 − 𝑣𝑜𝑙𝑡𝑎𝑔𝑒𝑚𝑖𝑛

𝑣𝑜𝑙𝑡𝑎𝑔𝑒𝑚𝑎𝑥 − 𝑣𝑜𝑙𝑡𝑎𝑔𝑒𝑚𝑖𝑛
∗ (𝑚𝑎𝑥 −𝑚𝑖𝑛) +𝑚𝑖𝑛 8.4 

The final way the human takeover can be activated is with the driver’s steering wheel. The EPS 

unit is sent simulated torque signals to activate the autonomous steering commands, but at the 

same time it receives actual torque readings from the input shaft (driver’s steering wheel). If the 

operator in the cockpit provides a certain amount of torque to the steering wheel over a specific 

threshold, the EPS unit will transfer control to the driver, and all autonomous operations will cease. 

To help identify the operator of when the switch from autonomous to manual mode is made, an 

LED is also illuminated in the cockpit. 

8.4 Driver-Ready Handoff 

In order to have a safe and cautious handoff between the professional driver and the autonomous 

vehicle, a driver-ready switch was implemented as well. This is so that the human can control the 

vehicle until it is in position on the track, from which point the vehicle takes over with the staging 

sequence. When the physical switch is off, the driver controls steering, throttle, and braking. Once 
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the car is in position, the human flips the driver-ready switch on, and the vehicle takes over and 

starts the race preparations. If at any point the driver needs to take over, any of the override 

switches described in Section 8.3 can reactivate human control. 

8.5 Autonomous Shifting 

Another important vehicle level mechanism that requires control is the transmission gear shifter. 

The shifter is required to move the transmission between gears on multiple occasions of the race: 

• Park to first to begin staging process 

• First to second shift during race 

To implement this autonomously, a ratcheting shifter was used in order to achieve a shift and have 

the shifter handle return to a neutral position to proceed with further shifts. This ratcheting shifter 

was equipped with two electric shifter solenoids, one for either direction of shift, in order to pull 

the shifter handle in the desired direction. The shifting setup is shown in Figure 55. 

 

Figure 55: Autonomous Shifting Mechanism 
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The control for this shifter requires relay activation for one solenoid in a pulse manner in order to 

keep the high-power solenoids from overheating. In the initial shifting sequence, to move the 

transmission from park to first gear, the shifter is required to move through all five positions: park, 

reverse, neutral, second gear, and first gear. Starting in park with a desired position of first gear, 

the on-board computer sends a 12 Volt signal to the shifter’s down-direction relay for 0.25 seconds, 

then releases the relay for 0.75 seconds. This release gives the shifter enough time to return to its 

neutral position, as well as providing the solenoid time to cool down. This process is repeated until 

the shifter enters the desired gear position. 

During the race, this dragster is required to shift from first to second gear in order to reach top 

speed. In drag racing this shift is initiated by a specified engine speed. With the technology applied 

on the autonomous dragster, the engine speed can be read in as a frequency signal, and when the 

desired shifting speed is reached, the computer sends a 1-2 shift command to the autonomous 

shifter. 

8.6 Drag Race Launch Sequence 

In regards to the start of a drag race, there are a few key actions that make up the launching 

sequence. First, the driver performs a burnout, to heat up the tires to provide improved traction of 

the rear wheels with the surface of the road. Next, the driver creeps the vehicle forward in the 

staging process. Once the pre-stage lights are activated on the Christmas tree, the vehicle is usually 

brought to a standstill to allow the competitor vehicle to also engage in the process. Next, the 

vehicle is inched forward again, this time until the stage lights are illuminated. Once the vehicle is 

staged, the driver comes to a stop, engages the transmission brake (which locks the vehicle in 

place), initiates full throttle, and releases the brake. Once the amber lights come on, the driver 

releases the trans brake, and assuming a green light is obtained, the race continues. 
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For the autonomous dragster of this research, the above sequence must be automated. This is done 

using Stateflow, a control logic tool in Simulink which facilitates event-based programming within 

the simulation program [52]. For the launch sequence, the operator will drive the vehicle through 

the water box, perform the burnout, then line the vehicle up. At this point, the operator must put 

the vehicle transmission in Park, remove their feet from the pedals, and engage the ‘Driver-Ready’ 

switch. This switch is the handoff from human to autonomous control. The computer then activates 

the brake. Using Stateflow conditions, the logic waits until the brake is fully depressed to continue. 

Once this is the case, a shift command is sent to shift the transmission from Park to 1st gear. From 

here, the brake is released, and the vehicle can creep forward, until the pre-stage lights are 

activated. When the camera light detection algorithm determines the pre-stage lights are on, the 

brake is engaged once again. Once the brake is fully engaged and the vehicle comes to a stop, the 

autonomous dragster is pre-staged. At this point, the brake is released and the vehicle creeps 

forward again until the stage lights are activated, at which point the maximum braking command 

is sent once again. Once the vehicle has reached maximum braking, the computer activates the 

transmission brake, the launch position of the vehicle’s throttle actuator is commanded, and the 

brake pedal is released. When the Stateflow logic determines the brake has reached its minimum 

point, the vehicle is ready to launch. Once the detection algorithm determines that the amber lights 

are illuminated, a CAN message is sent to release the transmission brake, which in turn sends the 

dragster forward. If the timing is correct and a green light is achieved, the reference velocity of the 

dragster is sent to the model predictive controller and the race continues with trajectory following. 

During the race, once the engine speed reaches the desired shifting rpm, a shift command is sent 

to the autonomous shifter to enter 2nd gear. If in contrast, a red light is obtained at launch, the 

Stateflow algorithm sends the reference velocity to zero and the race is over. If at any point in this 
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Stateflow control the driver activates an override function, the condition process is exited 

immediately and the vehicle functionality is transferred back to the operator. Figure 56 shows the 

Stateflow control logic. The boxes represent states in which the logic is entered sequentially if the 

conditions (arrows between blocks) are met. 

 

Figure 56: Stateflow Control Logic for Launch Sequence 
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9 Test Results 

With all algorithms created and tested for functionality and robustness, the final step of the project 

is the proof of concept of the fully autonomous dragster. This involves combining all subsystems 

of the project, from the Christmas tree detection and staging sequence, to the MPC trajectory 

tracking through the duration of the race. Multiple tests were completed to show the actuation of 

the dragster in the manner designed in simulation, three of which are described in the following 

sections. A demonstration of the full drag race completely autonomous is discussed and proven. 

Further, two of the original four safety scenarios were tested and mitigated by control: starting the 

race off center (Scenario I), and fishtailing (Scenario II).  

Due to statewide closures related to Covid-19, drag strips in the region were shut down. Thus, the 

site of the final testing was a taxiway of a functioning local airport. This change in location from 

a prepped-surface drag strip to an unprepped airport taxiway, along with the revised lane markers 

and environment setup, required some adjustments to the types of testing that could be completed. 

Due to the final setup of the demonstration site, there was no plausible way to enact Scenario III 

or IV. 

9.1 Quarter Mile Drag Race Completely Autonomous 

As discussed previously, the end goal of the project was to perform a completely autonomous 

quarter mile pass in the dragster. The first step of the race is the staging sequence. Based on the 

lights on the christmas tree, the vehicle must stage itself to prepare to launch and proceed down 

the track. Figure 57 shows details of the autonomous staging process. 
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Figure 57: Autonomous Staging Process 

When the driver first hands off control to the computer, the vehicle must be in park. The computer 

then engages maximum braking, which can be seen with the yellow line value going from its 

maximum to minimum actuator shaft extension. It is important to note that both the throttle and 

the brake actuators retract to increase effort and extend to reduce effort. Once the brake actuator 

reaches its maximum braking position, the transmission shifter pulses five times to enter 1st gear, 

as seen with the blue line. At this point, the vehicle is ready to start the staging process. As seen in 

Figure 57, once the shifting (blue line) stops the brake actuator (yellow line) returns to its minimum 

braking position. The car then begins to creep forward until the pre-stage lights are illuminated, 

which can be seen in Figure 58.  
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Figure 58: Staging Process: Pre-Stage 

The vehicle comes to a stop by once again sending the brake actuator (yellow line in Figure 57) to 

its maximum braking position. Since there is only a single vehicle in this demonstration, the 

dragster does not need to wait for a competitor to stage. Thus, the computer next commands the 

brake (yellow line in Figure 57) to release and creep forward once again. Once the stage lights also 

become lit as seen in Figure 59, maximum braking (yellow line) is engaged to bring the dragster 

to its final standstill. 
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Figure 59: Staging Process: Stage 

The transmission brake is activated (orange line) and the throttle is sent to its launch position (red 

line), which can be seen in Figure 57. When the throttle is held at its launch position and the trans 

brake is activated, the dragster is locked in place and the brake actuator (yellow line) is released 

by the computer. At this point, the vehicle is waiting for the amber lights to come on to proceed. 

The amber lights then become lit on the tree, as seen in Figure 60. 
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Figure 60: Staging Process: Amber 

When the amber lights turn on, the transmission brake is released, which launches the vehicle 

forward. From there on, the vehicle performs traction control maneuvers and proceeds with the 

race. 

As previously discussed, the lack of traction on the unprepped surface was evident during testing. 

A traction control algorithm was developed to reduce throttle if a wheel slip was identified. This 

can be seen in Figure 61. 
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Figure 61: In-Race Vehicle Speed and Traction Control 

When the car first launches (about five seconds on the plot) the driveshaft-calculated wheel speed 

(orange line) spikes while the vehicle speed (blue line) gradually increases, which the built-in 

algorithm defined as wheel slip. The control action in response to this was to reduce throttle in 

order to regain traction, which can be also be seen in Figure 61. The throttle actuator (yellow line) 

returns to its minimum position of 2.85 inches until the difference between driveshaft and vehicle 

speeds are minimal, at which point the throttle returns to its throttle position requested by the MPC 

controller. Since the traction on the taxiway was extremely poor, the traction control algorithm 

was activated a second time (about 6.5 seconds on the plot). 

From this point on in the race, the throttle actuator is commanded by MPC to reach a reference 

velocity of 60 miles per hour. As shown in Figure 61, the throttle actuator (yellow line) provides 

acceleration and starts backing off as the speed reaches its target. As a result the dragster slows 

down to a speed of about 47 mph. The lack of traction during the race was crucial once again. In 
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order to follow the desired speed of 60 mph more strictly at the top end of the race, the weight on 

velocity error in the MPC control algorithm would need to be greatly increased. However, this 

would result in an even more aggressive launch to the race, but as Figure 61 shows, traction was 

the limiting factor. Thus, the velocity error weight was backed off to find a balance in which the 

speed and the launch were both acceptable. 

Another key to performing an autonomous drag race is the 1-2 shift that must occur during the run. 

The shift was programmed to occur at an engine speed of 3800 rpm, and designed to occur after 

the vehicle gained its traction completely. As can be seen in Figure 62, the engine speed (red line) 

reaches over 3800 rpm twice without shifting, but this is a result of the loss of traction causing 

engine speed spikes which is seen with the driveshaft (orange line) and vehicle speeds (blue line) 

once again. Once the vehicle fully regains traction and the engine speed reaches the shifting speed 

(about 6.25 seconds on Figure 62), the computer control algorithm sends a shift command (yellow 

line) to pulse the shifter and send the transmission into second gear. 
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Figure 62: In-Race Up-Shifting Control 

The determining factor in completing the autonomous drag race is the ability to go straight for the 

complete quarter mile. In experimentation, to keep the dragster on a straight path, the sensor 

information received was the heading angle from the IMU/GPS unit. This heading angle was sent 

to the adaptive MPC algorithm, along with the calculated y-position of the vehicle, in order to 

determine steering effort. Figure 63 shows the heading angle of the vehicle and the controlled 

steering wheel angle of the dragster. 
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Figure 63: In-Race Steering Control 

With the heading angle of 268 degrees signifying a straight path for our dragster, the error from 

this resulted in steering changes. To keep with convention of the bicycle model, a positive steering 

wheel angle results in the dragster turning left, or counterclockwise. On the contrary, increasing 

heading angle signifies the vehicle heading right, or clockwise. As shown in Figure 63, when the 

vehicle heading angle (blue line) increased towards the beginning of the race, a positive steering 

angle was commanded (orange line) to turn the vehicle left and correct for the error. The vehicle 

then overshoots slightly to the left of center (about 3 seconds on the plot), at which point the 

steering (orange line) responds and steers right to straighten the vehicle. Once the vehicle picks up 

some speed, the MPC-calculated steering request is reduced which can also be seen in Figure 63. 

The taxiway surface at the airport had a slight crown to the right, resulting in the vehicle having a 

bias to the right, causing small increases in heading angle (blue line) that were counteracted by the 
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MPC controller. The maximum control effort used in this run was 37.45 degrees of the steering 

wheel, which after the 12:1 reduction through the rack and pinion resulted in just 3.12 degrees of 

steering at the wheels. Throughout the entire race the maximum error of heading was 3 degrees. 

After maneuvering itself through the race, the dragster must also determine when the race has 

ended. The race was successfully completed from start to finish, which can be seen in Figure 64. 

 

Figure 64: Race Duration 

The race begins when the camera determines a green light is detected, as seen in Figure 65. 
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Figure 65: Staging Process: Green Light 

Once the computer records the green light (orange line in Figure 64 rising from 0 to 1), the control 

is transitioned from the launch sequence to the MPC controller. The MPC controller navigates the 

autonomous dragster through quarter mile. When the distance travelled (blue line) reaches 1320 

feet—seen in Figure 64, equivalent to a quarter mile—the supervisory controller sends an end-of-

race signal (yellow line in Figure 64) to activate the parachute actuator and signify the completion 

of the race. 

The radar and lidar sensors were used in simulation mainly for tracking of the competitor vehicle 

and determining the distance from the walls at a drag strip. Due to the constraints discussed above 

with the testing facility, the autonomous dragster was only run on its own, therefore no competitor 

vehicle was available for tracking. The airport management and staff set out cones and small 

barriers to identify the dragster operating space, which was used as the lane. Figure 66 shows the 

testing site from the camera sensor mounted above the dragster cockpit. 
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Figure 66: On-Vehicle View of Demonstration Site 

The corresponding lidar point cloud and the object detections surrounding the vehicle can be seen 

in Figure 67. The lidar detection algorithm successfully identifies the barriers, cones, and wall on 

the outer right edge. The detection of these objects relayed information of the distance to the closest 

objects on either side of the dragster. 

 

Figure 67: In-Race Lidar Detection 
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Unfortunately, due to the experimentation environment available for testing, the radar sensors were 

not included in this detection. The radar sensors, which were strategically placed to detect a 

competitor vehicle and the two walls of a drag strip, were not able to capture and identify the 

barriers and cones, and sensor fusion between the lidar and radar was not used in the final race 

scenario. Radar sensors pick up the biggest object in its line of sight, which on the right side of the 

dragster meant the wall behind the cones was identified instead of the thin cones themselves. 

However, due to the accuracy and precision of the lidar sensor and detection algorithm, this did 

not interfere with operation. 

9.2 Scenario I: Centering (Starting Race Off Center) 

In order to further test the capability of the MPC controller and overall autonomous system, an 

autonomous pass was created with the dragster starting at an angle. The dragster was initialized at 

265 degrees, three degrees off center to the left. Figure 68 shows the steering effort (orange line), 

the vehicle’s heading angle (blue line) and the desired heading angle (yellow line) for this scenario. 
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Figure 68: Steering Control for Centering Scenario 

At the start of the run, the MPC controller determines the need to steer to the right to correct for 

this error in heading angle, thus providing negative steering values (orange line). The vehicle 

observes some overshoot from this response in the heading angle (blue line) and corrects itself by 

steering opposite of the direction the vehicle is angled. After one more correction the vehicle is on 

its path once again, with minimal steering effort needed. The maximum steering wheel effort used 

by the autonomous system was 82.93 degrees, which after the 12:1 reduction through the rack and 

pinion resulted in 6.91 degrees at the wheels. The response in Figure 68 shows the successful 

control actions of the autonomous system to eliminate an accident by centering the vehicle to finish 

a complete race. 
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9.3 Scenario II: Fishtailing 

The autonomous system designed in this research was also successful in identifying a fishtail 

scenario and controlling the dragster to safety. This was done with use of the radar and lidar 

sensors, along with the steering control discussed in the previous test scenarios. In Figure 69, the 

identification of the fishtailing event and the control to safety is presented. 

 

Figure 69: Fishtailing Scenario Identification and Control 

The yellow line in the plot describes the distance of the back end of the dragster from the wall. 

This was calculated using sensor fusion by calculating a point representative of the radar and lidar 

detections of the wall. Using the bicycle model convention, a distance to the right of the dragster 

is represented by a negative number. Since the lidar and right-side radar are mounted towards the 
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back end of the dragster, the detected distance from the wall will get closer and further during 

fishtailing. As can be seen in Figure 69, the distance from the wall of the dragster rear end oscillates 

during the fishtail scenario (around 4 seconds on the plot). At this point, the heading angle (blue 

line) can also be seen oscillating, which is another sign of fishtailing occurring. The computer 

detects the fishtailing event and sends steering commands that counteract that, by essentially 

steering down the road at all times. When the heading angle (blue line) is below 268, the steering 

wheel (orange line) is turned to the right (negative angle) to counteract, and vice versa. The 

maximum steering effort in this scenario was 72.23 degrees, which after the 12:1 reduction of the 

rack and pinion, resulted in 6 degrees of steering at the wheels. Once the fishtailing scenario is 

controlled (around 10 seconds on the plot), the distance from the wall stays consistent and the 

steering control effort is reduced. This shows successful autonomous control of a fishtailing 

scenario. 
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10 Conclusion and Future Work 

This dissertation discussed the control development and testing of an autonomous drag racing 

vehicle. Four safety scenarios were identified as potential areas where autonomous control could 

prevent an accident. A top-level supervisory controller was then designed to determine what 

modeling environment would be used and to select the set points for the control. Two different 

models were discussed: a kinematic bicycle model for trajectory control, and a wheel stand model 

for out-of-plane wheel stand motion. These models were then simulated with various control 

strategies. By comparing PID, optimal control, and MPC, the bicycle model scenario was shown 

to have the best response to MPC. The wheel stand scenario showed satisfactory results by using 

PID to reduce engine torque during a wheel stand. Actuator and sensor latencies were evaluated 

and compared to human reaction time to show the reduction in delay for response. This was then 

simulated on the bicycle model, proving MPC to have excellent response due to the inclusion of 

the delay into the prediction model. Furthermore, the bicycle model was tested at the top speed 

known to drag racing to prove that the MPC control algorithm is capable of overcoming the system 

latency even at the highest speed possible.  

The next phase of this work discussed the control implementation and validation for the research 

vehicle. The creation of a realistic simulation environment was discussed in which all key aspects 

of a drag strip were included. The previously discussed safety scenarios were controlled in the 

environment using adaptive model predictive control. This involved maneuvering around and 

away from a competitor vehicle crossing into the ego vehicle lane and correcting for the vehicle 

starting the race off center. Next, the process of obtaining useful information from sensor data was 

examined. A lidar detection algorithm was created and explained, while radar detections were 
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filtered to discard unwanted false positives. The use of a camera sensor, IMU and driveshaft speed 

sensor were also discussed. 

One crucial step of the project integration was the creation of a sensor fusion algorithm that 

combined lidar and radar detections to obtain a confident reading of a competitor vehicle. 

Furthermore, the development of lower level controls for the actuation systems were described. 

With these components all functional, the final tests were completed. The vehicle was proven to 

have completed a fully autonomous drag race, from the initial staging process to the parachute 

actuator activation. Various aspects of the race were discussed in detail. To further establish a 

relation between simulation and experimentation, two of the four safety scenarios discussed in 

simulation were actuated and controlled using the systems developed. This dissertation as a whole 

proves both in simulation and reality the concept of the autonomous drag racing vehicle. 

The ability to control an autonomous drag racing vehicle has many benefits in the overall scope of 

autonomous systems. Deescalating emergency maneuvers in a time-sensitive manner is something 

that can be implemented in many autonomous systems, especially road vehicles. Furthermore, 

modeling and accounting for latency in the actuator systems and overcoming human reaction time 

is a topic that can be extended to many fields of interest. 

Future steps for this research would involve testing in an official drag racing environment. In this 

setting, the limits of the physical project could be investigated, in regard to top speed and 

responsiveness of the components. Further work could also involve testing the capabilities of the 

dragster with different combinations of sensors to find a balance between cost and effectiveness. 
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