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Chapter 1: Introduction, Overview and Dissemination and 
Outreach Summary 

1.1 Introduction and Overview 

Rapid urbanization and the continuous increase in privately owned vehicles have created 
many challenges for modern transportation systems like traffic congestion, road safety risks, 
unsafe interactions among vehicles, and unsafe interactions between vehicles and Vulnerable Road 
Users (VRUs) [1], [2], [3]. Although Advanced Driver Assistance Systems (ADAS) and 
Autonomous Vehicle (AV) driving functions provide promising solutions for reducing human-
error-related crashes, ensuring safe and reliable operation in complex traffic environments still 
remains a major challenge. According to recent statistics in the U.S., close to 6 million motor 
vehicle accidents were reported in 2022 with more than 42,000 fatalities and more than 1.6 million 
injuries. In 2021, vulnerable road users accounted for about one-third of all traffic fatalities 
including 7,388 pedestrians, 966 cyclists, and 5,932 motorcyclists. In 2021, about 116,000 
pedestrians, 105,000 cyclists, and 201,000 motorcyclists were treated in hospitals after collisions. 
Motor vehicle accidents are the second leading cause of deaths resulting from unintentional injury 
in the U.S. Connected and autonomous driving with carefully developed crash mitigation methods 
will help in the reduction of road traffic accidents and the fatalities and injuries they cause, 
including the ones with vulnerable road users. Based on these facts, this project focused on 
developing data driven collision avoidance algorithms that learn to avoid collisions with nearby 
vehicles and nearby vulnerable road users, building upon our approach to pedestrian and bicyclist 
safety in our Year 1 and Year 2 Safety 21 projects where a deep reinforcement learning safety 
algorithm with safe exploration was developed and evaluated using realistic hardware-in-the-loop 
(HIL) and vehicle-in-virtual-environment (VVE) platforms [4], [5]. 

The current state-of-the-art crash mitigation methods use a catalog of possible collision 
interaction scenarios using model-in-the-loop simulations for development and evaluation [6], [7], 
[8], [9], [10]. We have also used that approach partially in our previous projects by focusing on 
FARS cases [4], [5]. While this approach will be successful in mitigating collisions for the 
scenarios in the catalog being used, it is not generic in nature and will not necessarily mitigate 
crashes in the many other possible dangerous interactions between the road actors. The motivation 
for the use of the data driven approach in this project is this limitation in scope and the difficulty 
of accurately modeling the interaction dynamics between vehicles and between vehicles and 
vulnerable road users in dangerous encounters. Our deep reinforcement learning based collision 
avoidance algorithm learns from interactions in complex traffic environments, adapts to various 
traffic scenarios, and satisfies real-time performance requirements, making it a more robust and 
advanced solution. We have used a hybrid approach in that the trained deep reinforcement learning 
algorithm is only activated to work during dangerous and close interactions with other road users. 
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Training is also based on such interactions using traffic microsimulation to generate realistic 
training interactions automatically as compared to the fixed nature of the scenario driven approach. 

Existing autonomous driving safety approaches often rely on predefined catalogs of 
possible collision interaction scenarios and design rule-based strategies to mitigate the accident 
[11], [12], [13]. While these methods are useful for evaluating known traffic scenarios, they may 
not fully capture the wide range of rare, complex, and safety-critical interactions that occur in real 
traffic [14], [15], [16], [17]. In addition, purely learning-based autonomous driving algorithms can 
adapt to complex environments but often lack explicit safety guarantees, especially during training 
or under previously unseen traffic scenarios. On the other hand, traditional optimization-based 
control methods provide stronger interpretability and constraint satisfaction but may struggle to 
handle high-level decision-making in highly dynamic multi-agent traffic environments [18]. Since 
reinforcement learning algorithms suffer from the absence of safety guarantees during the learning 
process [19], [20], we have integrated our deep reinforcement learning algorithm with Control 
Lyapunov and Control Barrier Functions to limit its training to feasible areas of interaction with 
other road actors within the road barriers, with realistic vehicle dynamic model constraints as 
compared to the oversimplified ones used in the literature. Efficacy of the proposed method is 
demonstrated using Hardware-in-the-Loop (HIL) simulations and with a real vehicle using VVE.     

This research developed an integrated autonomous driving safety framework that combines 
perception, learning-based decision-making, safety-critical control, and realistic evaluation and 
testing. The overall objective was to improve the safety of road traffic including VRU safety by 
enabling autonomous vehicles to detect surrounding road actors, make safe and efficient driving 
decisions, execute those decisions through constraint-based control, and validate the resulting 
system under realistic and repeatable testing conditions. In this way, the project establishes a 
complete research pipeline for autonomous driving safety while combining sensing, decision-
making, control, and validation. Based on this pipeline, we have systematically developed and 
evaluated autonomous driving technologies that can reduce the risk of road traffic incidents. 
Specifically, this research made the following major contributions: 

(1) An HOCLF-HOCBF-QP-based low-level control strategy was developed to 
simultaneously ensure accurate trajectory tracking and collision avoidance. This control strategy 
improved both the safety and robustness of ego-vehicle control in complex road traffic 
environments. 

(2) A hierarchical autonomous driving framework was developed by integrating a deep 
reinforcement learning (DRL)-based high-level decision-making agent with an HOCLF-HOCBF-
QP low-level controller. The framework enables safe, smooth, and efficient navigation of ego-
vehicles. In addition, different DRL algorithms including SAC-D, DDQN, etc. were systematically 
compared and evaluated in this project.  
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(3) The HIL and VVE approaches were used to evaluate autonomous driving systems under 
complex and high-risk traffic scenarios involving other road actors and VRUs. VVE-based real-
vehicle experiments were performed to demonstrate its effectiveness for realistic ADAS and AV 
function evaluation and validation.  

This final research progress report is organized as follows. The rest of Chapter 1 lists the 
dissemination and outreach activities of the project after providing an overview of the research 
background, motivation, objectives, and major contributions above. Chapter 2 reviews and 
investigates other road actor and VRU detection and trajectory prediction methods. The 
corresponding test results are also presented. Chapter 3 introduces a High-Order Control Lyapunov 
Function and High-Order Control Barrier Function Quadratic Programming (HOCLF-HOCBF-
QP) based low-level path tracking controller. Chapter 4 presents a hierarchical collision avoidance 
framework that integrates deep reinforcement learning (DRL)-based high-level decision-making 
with a low-level controller. DDQN and SAC-D agents were trained and compared to evaluating 
their decision-making performance. Chapter 5 introduces the Vehicle-in-Virtual-Environment 
(VVE) approach for autonomous driving function evaluation. It further presents VVE 
synchronization results, V2P pedestrian motion synchronization results, and real-vehicle 
longitudinal and lateral testing results for model validation and controller design in VVE-based 
experiments. Finally, Chapter 6 summarizes the major findings and contributions of this research 
and discusses possible directions for future work. 

1.2 Dissemination and Outreach Summary 

The resulting publications of this project are listed below. 

Journal Papers: 

1. Chen, H., Aksun-Guvenc, B, 2025, “Hierarchical Deep Reinforcement Learning-Based 
Path Planning with Underlying High-Order Control Lyapunov Function—Control Barrier 
Function—Quadratic Programming Collision Avoidance Path Tracking Control of Lane-
Changing Maneuvers for Autonomous Vehicles,” Electronics, Vol. 14, pp. 2776, 
https://doi.org/10.3390/electronics14142776.  

2. Cao, X., Chen, H., Guvenc, L., Aksun-Guvenc, B., 2025, “Communication Disturbance 
Observer Based Delay-Tolerant Control for Autonomous Driving Systems,” Sensors, Vol. 
25, pp. 6381, https://doi.org/10.3390/s25206381. 

3. Chen, H., Aksun-Guvenc, B., 2026, “Safe Hierarchical Autonomous Driving Framework: 
Integrating SAC-D Planning with HOCLF-HOCBF-QP Constrained Low-Level Control,” 
IEEE Open Journal of Vehicular Technology, vol. 7, pp. 1474-1489, 
https://doi.org/10.1109/OJVT.2026.3691614 
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Conference Paper: 
 
4. Chen, H., Cao, X., Guvenc, L., and Aksun Guvenc, B., 2026, “High Order Control 

Lyapunov Function - Control Barrier Function - Quadratic Programming Based 
Autonomous Driving Controller for Bicyclist Safety,” SAE Technical Paper 2026-01-0034, 
https://doi.org/10.4271/2026-01-0034. 
 

B.S. Honor’s Thesis: 
 

5. R. Rao, 2026, “Building a Virtual Testing Framework for Pedestrian-AV interaction," 
Honors Thesis, Department of Mechanical and Aerospace Engineering, The Ohio State 
University, Columbus, OH, USA. 
 

The project outreach activities are listed below. 
 
Safety 21 Faculty Meeting presentation: 
 

6. L. Guvenc with B. Aksun-Guvenc, Avoiding Collisions in Connected and Autonomous 
Driving Using Safe Deep Reinforcement Learning Exploration through Control 
Barrier/Lyapunov Functions, Invited Talk, Safety 21 UTC Faculty Meeting, Carnegie 
Mellon University, Pittsburgh, Pennsylvania, December 4, 2025. 
 

Posters: 
 

7. Aksun-Guvenc, B., Guvenc, L., Bicyclist Safety System Using HOCLF/HOCBF Under 
DRL Decision Making for AV, Safety 21 Deployment Partner Consortium Symposium, 
November 13, 2025. 
 

8. Chen, H., Cao, X., Zhang, F., Tian, D., Bicyclist Safety System Using HOCLF/HOCBF 
Under DRL Decision Making for AV, Ohio State University AI Research Summit, Poster 
Session and Presentation, March 4, 2026. 
 

9. Chen, H., Cao, X., Tian, D., Automated Driving Lab Safety 21 UTC Research, Ohio State 
University MAE Graduate Research Showcase, October 31, 2025.  

 
10. Zhang, F., Automated Driving Lab Safety 21 UTC Research, Ohio State University College 

of Engineering Welcome Back Exhibition Day, August 28, 2025. 
 

The project also contributed to workforce development and education and to the pool of 
trained transportation professionals. Three doctoral students (Mechanical and Aerospace 
Engineering) were trained during the project. One M.S. Plan B student (Electrical and Computer 
Engineering) graduated in December 2025 and has already joined the Transportation Workforce. 
Our undergraduate B.S. Honor’s Thesis student (Mechanical and Aerospace Engineering) 
graduated in May 2026 and started working as a test engineer at Tesla.  One M.S. Plan A student 
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(Electrical and Computer Engineering) will graduate in December 2026 and will continue as a 
doctoral student in our lab. We also recruited two new undergraduate students (Computer Science, 
Computer Engineering) in Spring 2026 who are currently being trained on autonomous driving 
technologies in our lab. The ME 8322 Vehicle System Dynamics and Control and ECE 5553 
Autonomy in Vehicles courses, both taught during Spring 2026, helped with the educational 
outreach goals of the project. Both courses ended with final project presentations related to 
transportation topics. The online section of ECE 5553 that ran in parallel with the regular course 
was attended by three GM engineers. ECE 5553 has seen considerable revision during the Spring 
2026 semester with significantly revised lecture notes supported by many examples with their 
Matlab m-files for more hands-on training on autonomous driving. We also informed our 
deployment partner and industry contacts regularly of our research results and their potential uses. 
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Chapter 2: Vulnerable Road User (VRU) Detection 

2.1 Camera + LiDAR Based VRU Detection Literature Review 

Designing robust path planning and collision avoidance functions begins with accurate 
perception of the surrounding traffic environment [21], [22]. For autonomous driving systems, the 
reliable detection of surrounding traffic and in particular the detection of vulnerable road users 
(VRUs), such as pedestrians and bicyclists, is especially important because their motion pattern is 
highly randomized and their physical protection is limited. Therefore, the perception module must 
accurately detect VRUs, estimate their positions and orientations, and provide useful motion 
information for subsequent decision-making and control. This chapter focuses on VRU detection 
as nearby vehicle detection methods are already widely available in the literature. 

Camera-based object detection has been widely studied for VRU perception because 
cameras provide visual information for object classification and localization. Existing image-based 
detection methods can generally be divided into two categories: two-stage detectors and one-stage 
detectors. Two-stage methods, such as R-CNN, Fast R-CNN, Faster R-CNN, and Sparse R-CNN, 
first generate region proposals and then classify and refine the detected objects using convolutional 
neural networks [23], [24], [25], [26]. These methods usually provide high detection accuracy, but 
their multi-step structure can introduce considerable computational cost, limiting their real-time 
performance in autonomous driving applications. 

To improve detection speed, one-stage detectors directly predict object categories and 
bounding boxes from the full image in a single network pass. YOLO is one of the most 
representative one-stage detection frameworks. It divides an image into grid regions and 
simultaneously predicts bounding boxes, object confidence scores, and class probabilities [27]. 
Compared with two-stage methods, YOLO-based architectures are generally more suitable for 
real-time autonomous driving applications because they provide faster inference while maintaining 
competitive detection accuracy [28]. 

Although cameras are effective for object recognition, they are sensitive to lighting 
conditions, occlusions, and depth ambiguity. LiDAR sensors can complement cameras by 
providing accurate three-dimensional spatial information [29], [30]. By measuring reflected laser 
signals, LiDAR can generate 3D point clouds of the surrounding environment and support more 
reliable estimation of object position, distance, and orientation. This makes LiDAR particularly 
useful for detecting and tracking VRUs in complex driving scenarios. 

Recent studies have further improved VRU detection by combining camera images with 
LiDAR point clouds. Camera-LiDAR fusion methods take advantage of the semantic richness of 
visual images and the geometric accuracy of LiDAR measurements. For example, neural-network-
based fusion frameworks have been proposed to integrate image features with LiDAR point cloud 
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information for 3D object detection [31]. Other studies have used LiDAR-based models such as 
PointPillars or intensity-aware voxel encoders to improve the detection of vehicles, pedestrians, 
and bicyclists in outdoor driving environments [32], [33], [34]. Overall, camera-LiDAR-based 
perception provides a promising solution for robust VRU detection by combining accurate 
classification with reliable spatial localization. 

2.2 Camera + Lidar Based VRU Detection Approach 

Based on the literature review presented in the previous section, camera-based object 
detection provides an effective approach for identifying vulnerable road users (VRUs), such as 
pedestrians and bicyclists. In this study, YOLOv11 is adopted as the image-based detection model 
because of its high detection efficiency, simple end-to-end structure, and strong performance in 
real-time object detection tasks [35]. Unlike two-stage detectors that rely on separate proposal 
generation and object classification steps, YOLO directly processes RGB images and predicts 
object classes and bounding boxes in a single network pass, making it suitable for real-time 
autonomous driving applications. 

However, a model trained primarily on real-world image datasets may not always perform 
reliably in virtual environments generated by Unreal Engine 4, which are used in the Vehicle-in-
Virtual-Environment (VVE) testing framework. Since VVE evaluation depends on accurate 
perception of virtual pedestrians, bicyclists, and surrounding vehicles, the detection model must 
be adapted to this environment. To address this issue, transfer learning is applied to the pre-trained 
YOLOv11 model using the CARLA Object Detection Dataset [36]. Because CARLA is built on 
Unreal Engine 4, this dataset provides labeled images that are visually consistent with the virtual 
environment used in VVE testing. By fine-tuning YOLOv11 with CARLA-generated images, the 
detection model is expected to improve its ability to recognize VRUs and vehicles in virtual traffic 
scenes. 

 
Figure 2.1. Camera and LiDAR based VRUs detection [31]. 

After VRUs are detected from RGB images, LiDAR point cloud data are used to provide 
spatial information for estimating their positions and orientations. Figure 2.1 illustrates the camera-
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LiDAR-based VRU detection pipeline [31]. First, LiDAR preprocessing is performed to filter the 
raw point cloud by retaining points within the camera field of view and removing ground points. 
This step reduces irrelevant data and improves the efficiency of subsequent object localization. 
Then, the bounding boxes generated by the camera-based detector are projected onto the LiDAR 
point cloud to associate visual detections with corresponding 3D spatial points. Based on the 
projected regions of interest, clustering and class-based dimension filtering are applied to extract 
object-level point clusters. Finally, 3D bounding box fitting is performed to estimate the location, 
size, and orientation of each detected VRU. 

By combining camera-based semantic detection with LiDAR-based spatial localization, 
the proposed perception pipeline can provide both object category information and accurate 3D 
position estimates. The camera detector identifies whether an object is a pedestrian, bicyclist, or 
vehicle, while the LiDAR data provides depth, distance, and orientation information. This multi-
sensor fusion strategy improves the reliability of VRU perception in complex traffic environments 
and provides essential input information for downstream decision-making and collision avoidance 
modules. 

After obtaining the estimated positions and orientations of VRUs, trajectory prediction is 
performed to estimate their future motion. In this study, the Spatio-Temporal Graph Transformer 
Network (STGFNet) framework is adopted for pedestrian trajectory prediction [37]. The historical 
position sequence of each VRU is used as the input, and the model predicts future trajectories by 
capturing both temporal motion patterns and spatial interactions among surrounding road users. 
The predicted VRU trajectories can then be used by the autonomous driving system to anticipate 
potential conflicts and support safer planning and control decisions. 

2.3 Test Results 

Figure 2.2 shows the raw sensor data used for VRU detection, including the RGB image 
and the corresponding LiDAR point cloud. The RGB image provides visual information for object 
recognition, while the LiDAR point cloud provides three-dimensional spatial information of the 
surrounding environment. These two types of sensor data serve as the inputs for the proposed 
camera-LiDAR-based VRU detection framework. Figure 2.3 illustrates the Camera and LiDAR-
based object detection system architecture. The LiDAR point cloud is first processed by the 
PointPillars network. The network generates a set of LiDAR-based 3D object proposals containing 
the estimated object position, dimensions, orientation, and detection confidence. In parallel, the 
RGB image is processed by the YOLO network. The YOLO image detection network produces 
2D object bounding boxes, object classification, and probability. Then, the processed LiDAR data 
are subsequently associated with the YOLO detections through a matching module. For each 
matched LiDAR–camera detection pair, the LiDAR spatial information and the YOLO visual 
information are combined and passed through a fully connected layer for sensor fusion. The fused 
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output retains the object classification information obtained from YOLO while incorporating the 
relative position information estimated from the LiDAR data. 

 

Figure 2.2. Raw Data: (a) RGB Image; (b) Lidar Point Cloud. 

 

Figure 2.3. Camera and Lidar-based object detection architecture. 

Figure 2.4 presents the object detection results using the architecture presented above. The 
detected objects are marked with bounding boxes, and each bounding box includes the predicted 
object category, object relative location, and confidence score. As shown in Figure 2.4, both the 
vehicle and the bicyclist-related objects are successfully detected. The car is identified as a vehicle 
with its corresponding bounding box and predicted position. For the bicyclist, the detection model 
separates the rider and the bicycle into two different objects: the rider is classified as a pedestrian, 
while the bicycle body is detected as a separate object. This result indicates that the model is able 
to recognize important VRU-related components in the scene, but it also reveals a limitation in the 
current detection pipeline. Specifically, the bicyclist is not treated as one unified traffic participant. 
Instead, the human rider and the bicycle are detected independently. This may affect subsequent 
LiDAR association, object-level localization, and trajectory prediction, since the decision-making 
modules may need to determine whether the detected pedestrian and bicycle belong to the same 
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bicyclist. Therefore, further improvement is needed in future work, such as fine-tuning the 
detection model with additional bicyclist data, introducing post-processing logic to associate riders 
with bicycles, or defining a specific bicyclist class for more consistent VRU representation. 
Overall, the preliminary results demonstrate the feasibility of using the camera-based detection 
model to identify VRUs and surrounding vehicles, while also highlighting the need for further 
refinement before integration into the complete autonomous driving safety pipeline. 

 

Figure 2.4. Camera and Lidar-based object detection results. 

In addition, several representative traffic scenarios were developed and simulated to 
evaluate the capability and robustness of the proposed VRU detection architecture under different 
traffic conditions. These scenarios include the normal driving environment shown in Figure 2.4, 
as well as two more complex traffic environments: an intersection scenario and a roundabout 
scenario. The complex scenarios introduce denser traffic interactions, varying object positions, and 
more challenging geometric relationships between the ego vehicle and surrounding road users. 
Demonstration video links for these simulation tests are also provided here to further illustrate the 
performance of the proposed fusion framework. Demo Video Link: 1. Normal Traffic Environment: 
video link. 2. Intersection: video link. 3. Roundabout: video link. 
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Chapter 3: High Order Control Lyapunov Function - Control 
Barrier Function - Quadratic Programming Based Low-Level Path 

Tracking Controller 

3.1 Introduction 

Low-level actuator control is a critical component of a modular autonomous driving system. 
It receives trajectory or maneuver commands generated by the high-level decision-making module 
and converts them into executable steering and acceleration commands while ensuring accurate 
vehicle motion. Since the controller directly interacts with the physical vehicle, its performance 
has a significant impact on both driving safety and tracking accuracy. Even if the high-level planner 
generates a feasible driving strategy, inadequate low-level control strategy may lead to tracking 
errors or unsafe maneuvers, particularly in complex dynamic traffic environments involving VRUs. 

Traditional low-level controllers such as pure-pursuit [29], [30], Stanley [31], disturbance 
observer (DOB) [32], parameter-space multi-objective PID [33], model predictive control (MPC) 
[18], [43], [44], [45], [46] and other optimization based controls [47], [48], [49], [50], [51], have 
demonstrated strong path-tracking performance under nominal driving conditions. However, these 
approaches are primarily designed to minimize tracking errors and generally assume that the 
reference trajectory generated by the planner is already safe. As a result, they often lack the 
capability to actively prevent collisions when unexpected obstacles appear or when the high-level 
planner generates incorrect decisions. This limitation becomes particularly critical in safety-critical 
traffic scenarios involving pedestrians and bicyclists, where an unsafe or imperfect decision 
generated by the high-level planner may directly result in collisions if the low-level controller is 
unable to intervene and enforce safety constraints. 

To improve both tracking performance and collision avoidance capability, this research 
uses a low-level controller based on the High-Order Control Lyapunov Function–High-Order 
Control Barrier Function–Quadratic Programming (HOCLF-HOCBF-QP) framework. Within this 
optimization-based controller, High-Order Control Lyapunov Functions (HOCLFs) enforce 
system stability and accurate trajectory tracking, while High-Order Control Barrier Functions 
(HOCBFs) introduce formal safety constraints that prevent the vehicle from entering unsafe 
regions around surrounding obstacles. By solving a quadratic programming (QP) problem at every 
control step, the controller generates control commands that simultaneously satisfy stability and 
safety requirements. 

The proposed controller is designed to enhance the robustness of autonomous vehicle 
control in complex traffic environments involving vulnerable road users. To comprehensively 
evaluate its performance, a systematic validation framework is adopted. First, Model-in-the-Loop 
(MIL) simulations are conducted to verify the controller's trajectory tracking accuracy and 
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collision avoidance capability under various traffic scenarios. Next, Hardware-in-the-Loop (HIL) 
experiments are performed to assess the controller's computational efficiency and real-time 
capability. Finally, representative Fatality Analysis Reporting System (FARS) bicyclist crash cases 
are reconstructed and employed to evaluate the controller under realistic high-risk traffic scenarios. 
These multi-level evaluations demonstrate that the proposed HOCLF-HOCBF-QP controller 
provides reliable trajectory tracking, effective collision avoidance, and robust real-time 
performance in challenging autonomous driving environments. 

3.2 Methodology 

3.2.1 Vehicle model 

In this section, a linear single-track lateral vehicle dynamic model is utilized for controller 
design and vehicle simulation. As shown in Figure 3.1, the model describes planar lateral motion 
of the vehicle at constant speed, with wheel side slip angles included for realism. The complete 
derivation of this vehicle model can be found in Chapter 2 of [18]. Equations 3.1 define the state-
space equations of the vehicle dynamics where the state variables include the vehicle side slip 
angle (𝛽) and yaw rate (𝑟), while the inputs include the front and rear steering angles (𝛿௙ and 𝛿௥). 
A yaw moment disturbance (𝑀௭ௗ) is also incorporated as an external disturbance. Equations 3.2 
and 3.3 are used to calculate the vehicle’s position based on vehicle speed (V) and the yaw angle 
(𝜓). Table 3.1 summarizes the model parameters, which are adopted from [20]. 

 

 

Figure 3.1. Linear single-track lateral vehicle dynamic model [54]. 



19 
 

൤𝛽ሶ𝑟ሶ ൨ = ⎣⎢⎢⎢
⎡ −𝐶௙ − 𝐶௥𝑚𝑉 −1 + 𝐶௥𝑙௥ − 𝐶௙𝑙௙𝑚𝑉ଶ𝐶௥𝑙௥ − 𝐶௙𝑙௙𝐼௭ −𝐶௙𝑙௙ଶ − 𝐶௥𝑙௥ଶ𝐼௭𝑉 ⎦⎥⎥⎥

⎤ ቂ𝛽𝑟ቃ + ⎣⎢⎢
⎡ 𝐶௙𝑚𝑉 𝐶௥𝑚𝑉𝐶௙𝑙௙𝐼௭ 𝐶௥𝑙௥𝐼௭ ⎦⎥⎥

⎤ ൤𝛿௙𝛿௥൨ + ൥01𝐼௭൩𝑀௭ௗ (3.1)

∆𝑥 = න 𝑣𝑐𝑜𝑠(𝛽 + 𝜓)௧೑଴ 𝑑𝑡 (3.2)

∆𝑦 = න 𝑣𝑠𝑖𝑛(𝛽 + 𝜓)௧೑଴ 𝑑𝑡 (3.3)

Table 3.1. Lateral model parameters [20]. 

Symbol Parameter 𝑋,𝑌 Earth-fixed frame coordinate 𝑥,𝑦 Vehicle-fixed frame coordinate 𝑉 Center-of-gravity (CG) velocity 
m Mass 𝐼௭ Yaw moment of inertia 𝛽 Side-slip angle 𝜓 Yaw angle 
r Yaw rate 𝑀௭ௗ Yaw disturbance moment 𝛿௙, 𝛿௥ Front & rear wheel steer angle 𝛼௙,𝛼௥ Front & rear tire slip angle 𝐶௙,𝐶௥ Front & rear tire cornering stiffness 𝑙௙, 𝑙௥ Distance between CG and front & rear axle 𝑉௙ ,𝑉௥ Front & rear axle velocity 𝐹௙,𝐹௥ Front & rear lateral tire force 

 
In this model, several assumptions are made including front-steering vehicle (𝛿௥ = 0) and 

zero yaw moment disturbances (𝑀௭ௗ = 0). After making these assumptions, the system can be 
represented by a five-degree-of-freedom (5-DOF) lateral vehicle dynamic model. The state-space 
equation for the proposed 5-DOF vehicle lateral dynamic model is given by  

⎣⎢⎢
⎢⎡𝛽ሶ𝑟ሶ𝑥ሶ𝑦ሶ𝜓ሶ ⎦⎥⎥
⎥⎤ = ⎣⎢⎢

⎢⎡𝐴ଵଵ ∗ 𝛽 + 𝐴ଵଶ ∗ 𝑟𝐴ଶଵ ∗ 𝛽 + 𝐴ଶଶ ∗ 𝑟𝑣 ∗ 𝑐𝑜𝑠(𝛽 + 𝜓)𝑣 ∗ 𝑠𝑖𝑛(𝛽 + 𝜓)𝑟 ⎦⎥⎥
⎥⎤ + ⎣⎢⎢⎢

⎡𝐵ଵ𝐵ଶ000 ⎦⎥⎥
⎥⎤ 𝛿௙. (3.4)

where 𝐴ଵଵ = ି஼೑ି஼ೝ௠௩  , 𝐴ଵଶ = −1 + ቀ஼ೝ௟ೝି஼೑௟೑௠௩మ ቁ , 𝐴ଶଵ = ஼ೝ௟ೝି஼೑௟೑ூ೥  , 𝐴ଶଶ = ି஼೑௟೑మି஼ೝ௟ೝమூ೥௏  , 𝐵ଵ = ஼೑௠௩  and 𝐵ଶ = ஼೑௟೑ூ೥  . Unlike simplified lateral dynamic models as in Equation 3.1, which consider only 

internal vehicle states like sideslip angle and yaw rate, the proposed model incorporates the 
vehicle’s position and heading (𝑥, 𝑦,𝜓). This augmentation provides a more intuitive geometric 
understanding of the vehicle’s motion, which is especially useful for developing HOCLF–
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HOCBF–based controllers, where reference tracking and obstacle avoidance are formulated in the 
global coordinate frame. 

3.2.2 Low-level CLF-CBF Based Controller Design 

3.2.2.1 Preliminary 

In this section, we first introduce CLF and CBF. For a control-affine system, the dynamics 
can be written as: 

𝑥ሶ = 𝑓(𝑥) + 𝑔(𝑥)𝑢 (3.5)

where 𝑥 ∈ ℝ௡  is the system state, 𝑢 ∈ ℝ௠  is the control input, and 𝑓(𝑥) , 𝑔(𝑥)  are locally 
Lipschitz functions. 𝑓(𝑥)  represents the system dynamics, while 𝑔(𝑥)  describes how control 
inputs affect the system. 

The control goal is to let the vehicle navigate to the desired destination, which requires 
stabilizing the system around an equilibrium point. A common approach is to use a CLF as a 
constraint in an optimization-based controller, ensuring Lyapunov stability. Specifically, CLF is a 
continuously differentiable function 𝑉(𝑥): 𝑅௡ → 𝑅, that satisfies certain inequalities with positive 
constants 𝑐ଵ > 0, 𝑐ଶ > 0, 𝑐ଷ > 0 such that for ∀𝑥 ∈ ℝ௡, 𝑐ଵ‖𝑥‖ଶ ≤ 𝑉(𝑥) ≤ 𝑐ଶ‖𝑥‖ଶ 

(3.6)

and also, 𝑖𝑛𝑓௨ఢ௎[𝐿௙ 𝑉(𝑥) + 𝐿௚𝑉(𝑥)𝑢 + 𝑐ଷ𝑉(𝑥)] ≤ 0 
(3.7)

where 𝐿௙  and 𝐿௚  represents Lie derivatives along 𝑓(𝑥)  and 𝑔(𝑥) . If these conditions hold, then 𝑉(𝑥) is a CLF for the system ensuring global and exponential stabilization. 

Besides stability, another key control objective is collision avoidance when obstacles are 
present. To ensure safety, CBFs are used. A CBF defines a safe set of states and enforces the system 
to keep staying inside this set over time. Like CLFs, CBFs can be added as constraints in an 
optimization-based framework, such as quadratic programming (QP). Formally, a CBF is defined 
by a continuously differentiable function ℎ(𝑥): 𝑅௡ → 𝑅 that specifies the safe set as: 𝐶 = {𝑥 𝜖 𝑅௡: ℎ(𝑥) ≥ 0} 

(3.8)

The function ℎ(𝑥)  is considered a CBF if there exists a control input 𝑢 𝜖 𝑅௡  such that the 
following condition holds for ∀𝑥 𝜖 𝐶: 𝑠𝑢𝑝௨ఢ௎ [𝐿௙ ℎ(𝑥) + 𝐿௚ℎ(𝑥)𝑢 + 𝛼(ℎ(𝑥))] ≥ 0 

(3.9)
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where 𝛼 is a class-𝜅 function. The detailed derivation and proof of CLF and CBF can be found in 
[49]. 

3.2.2.2 HOCLF and HOCBF Definition 

In more complicated systems, where safety constraints involve higher-order derivatives of 
the system states, traditional first order CLFs and CBFs are no longer sufficient. To address this, 
High-Order CLFs (HOCLFs) and High-Order CBFs (HOCBFs) are introduced. The relative 
degree of a HOCLF or HOCBF is defined as the number of times the function must be 
differentiated along the system dynamics before the control input 𝑢 explicitly appears. 

Specifically, let HOCLF be a 𝑑th-order continuously differentiable function 𝑉(𝑥): 𝑅௡ →𝑅 . Then, define 𝜙଴(𝑥) = 𝑉(𝑥)  and construct a sequence of functions 𝜙௜(𝑥): 𝑅௡ → 𝑅 , 𝑖 ∈{1, … ,𝑑} such that: 

𝜙௜(𝑥) = 𝜙ሶ ௜ିଵ(𝑥) + 𝛼௜(𝜙௜ିଵ(𝑥)), 𝑖 ∈ {1, … ,𝑑}  (3.10) 

where each 𝛼௜ is a class-𝜅 function. If there exist 𝛼ௗ such that ∀𝑥 ≠ 𝟎௡ 

𝑖𝑛𝑓௨ఢ௎[𝐿௙ௗ𝑉(𝑥) + 𝐿௚𝐿௙ௗିଵ𝑉(𝑥)𝑢 + 𝑆൫ℎ(𝑥)൯ + 𝛼ௗ(𝜙ௗିଵ(𝑥))] ≤ 0 (3.11) 

where 𝐿௙  and 𝐿௚  represent Lie derivatives along 𝑓(𝑥)  and 𝑔(𝑥) , then 𝑉(𝑥)  is a HOCLF for the 
system, guaranteeing global and exponential stabilization. 

Similarly, HOCBF is an 𝑟 th-order continuously differentiable function ℎ(𝑥): 𝑅௡ → 𝑅 . 
Then, define Ψ଴(𝑥) = ℎ(𝑥) and a sequence of functions Ψ௜(𝑥): 𝑅௡ → 𝑅, 𝑖 ∈ {1, … , 𝑟} : 

Ψ௜(𝑥) = Ψሶ ௜ିଵ(𝑥) + 𝛽௜(Ψ௜ିଵ(𝑥)), 𝑖 ∈ {1, … , 𝑟} (3.12) 

where each 𝛽௜ is a class-𝜅 function. Correspondingly, define a sequence of sets 𝐶௜, 𝑖 ∈ {1, … , 𝑟}: 

C௜(𝑥) = {𝑥 ∈ ℝ௡:Ψ௜ିଵ(𝑥) ≥ 0}, 𝑖 ∈ {1, … , 𝑟} (3.13) 

If there exist 𝛽௥ and a control input 𝑢 𝜖 𝑅௡ such that the following condition holds for ∀𝑥 𝜖 𝐶ଵ ∩𝐶ଶ ∩ …∩ 𝐶௜ 
𝑠𝑢𝑝௨ఢ௎ ൣ𝐿௙௠ℎ(𝑥) + 𝐿௚𝐿௙௠ିଵℎ(𝑥)𝑢 + 𝑆൫ℎ(𝑥)൯ + 𝛼௜൫𝛹௜ିଵ(𝑥)൯൧ ≥ 0 (3.14) where 𝐿௙  and 𝐿௚  denote Lie derivatives along 𝑓(𝑥)  and 𝑔(𝑥) , then ℎ(𝑥)  is a HOCBF for the system which can guarantee safety. The detailed derivation and proof of HOCLF and HOCBF can be found in [40], [44]. 
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3.2.2.3 HOCLF-HOCBF-QP Controller Design for Vehicle Dynamic Model 

The primary objective for the low-level path tracking controller design is to compute safe 
and effective control inputs that enable the vehicle to follow a desired path from the start to the 
destination while avoiding collisions. As the first step, we develop the path-following component 
based on the aforementioned HOCLF framework. 

𝑉(𝑥) = ൫𝑥 − 𝑥௚൯ଶ + ൫𝑦 − 𝑦௚൯ଶ (3.15) 𝑉ሶ (𝑥,𝑢) = ℒ௙𝑉(𝑥) + ℒ௚𝑉(𝑥)𝑢= 2𝑣𝑐𝑜𝑠(𝛽 + 𝜓)൫𝑥 − 𝑥௚൯ + 2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)൫𝑦 − 𝑦௚൯ (3.16) 

ℒ௙ଶ𝑉(𝑥) = 𝛻 ቀℒ௙𝑉(𝑥)ቁ் 𝑓(𝑥)= −2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)൫𝑥 − 𝑥௚൯(𝐴ଵଵ𝛽 + 𝐴ଵଶ𝑟) + 2𝑣 𝑐𝑜𝑠(𝛽 + 𝜓) ൫𝑦 − 𝑦௚൯(𝐴ଵଵ𝛽 + 𝐴ଵଶ𝑟) + 2𝑣ଶ − 2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)൫𝑥 − 𝑥௚൯𝑟 + 2𝑣 𝑐𝑜𝑠(𝛽 + 𝜓) ൫𝑦 − 𝑦௚൯𝑟 
(3.17) 

ℒ௚ℒ௙𝑉(𝑥)𝑢 = 𝛻 ቀℒ௙𝑉(𝑥)ቁ் 𝑔(𝑥)𝑢 = −2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)൫𝑥 − 𝑥௚൯𝐵ଵ𝛿௙ +                                                                      2𝑣 𝑐𝑜𝑠(𝛽 + 𝜓) ൫𝑦 − 𝑦௚൯𝐵ଵ𝛿௙ (3.18) 

 
Equations 3.15–3.18 describe the HOCLF formulation and its derivatives, where [𝑥,𝑦] denote the 
vehicle’s current coordinates and [𝑥௚, 𝑦௚] represent the destination. The coefficients 𝐴ଵଵ, 𝐴ଵଶ, 𝐴ଶଵ, 𝐴ଶଶ, 𝐵ଵ, 𝐵ଶ are derived from the previously defined vehicle dynamics model. HOCLF is used to 
ensure system stability, which can force the vehicle to navigate towards the target waypoint on the 
desired path. The concept is straightforward: the vehicle’s position should gradually converge to 
the goal coordinates. To achieve this, we construct a Lyapunov candidate function 𝑉(𝑥)  that 
measures the squared distance between the current position and the goal. Equation 3.19, then, 
shows the HOCLF constraint. 

ℒ௙ଶ𝑉(𝑥) + ℒ௚ℒ௙𝑉(𝑥)𝑢 + 𝛼ଵ ቀ𝑉ሶ (𝑥,𝑢)ቁ + 𝛼ଶ൫𝑉(𝑥)൯ ≤ 𝛿 (3.19) 

Here, 𝛼ଵ and 𝛼ଶ are class-𝜅 functions and 𝛿 is a slack variable, which are implemented as positive 
constant gains. This constraint ensures that the control input 𝑢  consistently drives the system 
towards the goal in a stable and controlled manner.  

Similarly, we design the collision-avoidance component using HOCBFs. Define the barrier 
candidate function: 

ℎ(𝑥) = (𝑥 − 𝑥௢)ଶ + (𝑦 − 𝑦௢)ଶ − 𝑟௢ଶ (3.20) 
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ℎሶ (𝑥,𝑢) = ℒ௙ℎ(𝑥) + ℒ௚ℎ(𝑥)𝑢 = ℒ௙ℎ(𝑥)= 2𝑣𝑐𝑜𝑠(𝛽 + 𝜓)(𝑥 − 𝑥௢) + 2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)(𝑦 − 𝑦௢) 
(3.21) 

ℒ௙ଶℎ(𝑥) = 𝛻 ቀℒ௙ℎ(𝑥)ቁ் 𝑓(𝑥)= −2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)(𝑥 − 𝑥௢)(𝐴ଵଵ𝛽 + 𝐴ଵଶ𝑟) + 2𝑣 𝑐𝑜𝑠(𝛽 + 𝜓) (𝑦 − 𝑦௢)(𝐴ଵଵ𝛽 + 𝐴ଵଶ𝑟) + 2𝑣ଶ − 2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)(𝑥 − 𝑥௢)𝑟 + 2𝑣 𝑐𝑜𝑠(𝛽 + 𝜓) (𝑦 − 𝑦௢)𝑟 
(3.22) 

ℒ௚ℒ௙ℎ(𝑥)𝑢 = 𝛻 ቀℒ௙ℎ(𝑥)ቁ் 𝑔(𝑥)𝑢 = −2𝑣𝑠𝑖𝑛(𝛽 + 𝜓)(𝑥 − 𝑥௢)𝐵ଵ𝛿௙ +                                                                      2𝑣 𝑐𝑜𝑠(𝛽 + 𝜓) (𝑦 − 𝑦௢)𝐵ଵ𝛿௙ (3.23) 

Equations 3.20–3.23 describe the HOCBF formulation and its derivatives, where [𝑥,𝑦] denote the 
vehicle’s current coordinates and [𝑥௢,𝑦௢]  represent the coordinates of the obstacles. The 
coefficients 𝐴ଵଵ, 𝐴ଵଶ, 𝐴ଶଵ, 𝐴ଶଶ, 𝐵ଵ, 𝐵ଶ were defined in the previously defined vehicle dynamics 
model. HOCBF is used to ensure system safety, in order to keep the vehicle away from potential 
collision with nearby obstacles. The concept is straightforward: the vehicle’s position should not 
enter a circular danger zone of radius 𝑟௢ centered at [𝑥௢,𝑦௢]. To achieve this, we construct a barrier 
candidate function ℎ(𝑥)  which quantifies whether the center of the vehicle is entering the 
dangerous zone or not. For each obstacle, a corresponding HOCBF is needed. The HOCBF 
constraint is formulated as: 

ℒ௙ଶℎ(𝑥) + ℒ௚ℒ௙ℎ(𝑥)𝑢 + 𝛼ଷ ቀℒ௙ℎ(𝑥)ቁ + 𝛼ସ൫ℎ(𝑥)൯ ≥ 0 (3.24) 

Here, 𝛼ଷ  and 𝛼ସ  are class-𝜅  functions, which are implemented as positive constant gains. This 
constraint ensures that the control input 𝑢 can keep the system away from the unsafe region with 
obstacles. 

In this HOCBF design, although representing bicyclists as circles is a simplification given 
that bicyclists and other VRUs often have high length-to-width ratios, the circular model offers 
several advantages for real-time control. First, it leads to a simpler analytical form of HOCBFs, 
resulting in improved computational efficiency, which is critical for real-time implementation. 
Second, the circular radius can be readily inflated to account for modeling uncertainties, such as 
sudden posture changes or pose-estimation errors of VRUs.  

In practical implementation, several strategies can be used to mitigate the potential 
limitations of circular approximations. For example, each obstacle can be represented using 
multiple overlapping circles to better capture the bicyclist’s geometric shape. Alternatively, the 
proposed HOCBF formulation can be extended to many other non-circular obstacle representations, 
such as ellipses or super-ellipses. 
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3.2.2.4 HOCLF-HOCBF-QP Formulation 

To integrate the previously designed HOCLF and HOCBF into a unified control framework, 
we formulate a QP that incorporates both HOCLF and HOCBF as inequality constraints. This 
optimization-based approach allows the controller to compute control inputs that not only guide 
the system towards the desired destination but also to ensure safety by preventing vehicle entry 
into unsafe regions around obstacles. The QP is defined as follows: 

𝑢∗ = 𝑎𝑟𝑔min௨,ఋ ฮ𝑢 − 𝑢௥௘௙ฮଶ + 𝑞𝛿ଶ (3.25) 𝑠. 𝑡   ℒ௙ଶ𝑉(𝑥) + ℒ௚ℒ௙𝑉(𝑥)𝑢 + 𝛼ଵ ቀ𝑉ሶ (𝑥,𝑢)ቁ + 𝛼ଶ൫𝑉(𝑥)൯ ≤𝛿  
and 

 

ℒ௙ଶℎ(𝑥) + ℒ௚ℒ௙ℎ(𝑥)𝑢 + 𝛼ଷ ቀℒ௙ℎ(𝑥)ቁ + 𝛼ସ൫ℎ(𝑥)൯≥ 0, 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 
 

 
Here, 𝑢 is the control input and 𝑢௥௘௙ is a nominal reference input, which is usually set to zero to 
minimize control effort. The slack variable 𝛿 provides flexibility by allowing temporary relaxation 
of the HOCLF constraint in cases of conflict with HOCBF. The penalty weight 𝑞 > 0  determines 
the trade-off between control performance and constraint violation. 

The performance of the proposed controller is largely influenced by the selection of the 
CLF and CBF constraint coefficients. The CLF coefficients primarily determine the convergence 
behavior of the tracking controller. Increasing these coefficients generally improves convergence 
speed and tracking accuracy whereas excessively large values may result in overly aggressive 
control actions and impose stringent convergence requirements, potentially leading to an infeasible 
optimization problem. In contrast, the CBF coefficients regulate the conservativeness of the safety 
constraints. Larger CBF coefficients relax the safety constraints, allowing the vehicle to follow 
more efficient trajectories at the expense of a reduced safety margin. Smaller coefficients enforce 
stricter safety requirements, causing the vehicle to maintain greater separation from surrounding 
obstacles. Overall, appropriate parameter tuning is essential for balancing trajectory tracking 
performance, collision avoidance capability, and optimization feasibility. Among all tuning 
parameters, the CLF constraint coefficients have the most direct and significant influence on the 
feasibility and overall performance of the controller. 

3.3 Results 

3.3.1 HOCLF-HOCBF-QP Controller Simulation Test 

The proposed low-level controller is evaluated through a comprehensive validation 
framework consisting of Model-in-the-Loop (MIL) simulations, Hardware-in-the-Loop (HIL) 
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experiments, and representative real-world traffic accident scenarios. First, MIL simulations are 
conducted to verify the path-tracking performance of the HOCLF controller under obstacle-free 
conditions using a single lane-change maneuver. The collision avoidance capability of the 
complete HOCLF-HOCBF controller is then evaluated in dynamic traffic scenarios involving 
surrounding obstacles. To further assess the practicality of the proposed controller, HIL 
experiments are performed using an automotive-grade electronic control unit. These experiments 
demonstrate that the controller can be deployed in real-time autonomous driving applications while 
also evaluating its computational efficiency and real-time execution performance. Finally, 
representative bicyclist crash cases reconstructed from the Fatality Analysis Reporting System 
(FARS) are employed to systematically evaluate the controller under realistic high-risk traffic 
scenarios. These case studies provide a comprehensive assessment of the controller's ability to 
achieve accurate trajectory tracking while maintaining safe and collision-free vehicle operation in 
challenging interactions with vulnerable road users. 

3.3.1.1 Path Tracking Performance Test 

The blue dashed line in Figure 3.2 represents the desired reference path of a single lane 
change maneuver, while the red solid line illustrates the actual trajectory of the ego vehicle under 
the HOCLF-QP control. As observed in the figure, the tracking performance is highly accurate 
throughout the entire path. 

 

 

Figure 3.2. Single-lane change trajectory tracking simulation performance [54]. 

Figure 3.3 presents the corresponding path-tracking error of the proposed HOCLF-QP 
controller. The root-mean-square-error (RMSE) is 0.009 m, and the maximum tracking error is 
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0.017 m. These results indicate that the controller enables the vehicle to follow the reference path 
with minimal lateral path deviation. The small tracking errors further demonstrate the effectiveness 
of the HOCLF formulation in guaranteeing system stability. This result validates the controller's 
ability to serve as a reliable low-level trajectory tracking controller for use in the proposed 
hierarchical control framework. 

 

 

Figure 3.3. HOCBF-QP simulation path tracking error plot [54]. 

3.3.1.2 Collision Avoidance Performance Test with Static Obstacle 

Figure 3.4 illustrates the path tracking performance of the HOCLF-HOCBF-QP controller 
in a traffic environment with a static obstacle. The red dashed line shows the predefined reference 
path for the single-lane-change maneuver, while the orange circle marks a static obstacle 
intentionally placed close to this path. The blue solid line shows the actual trajectory of the ego-
vehicle under the HOCLF-HOCBF-QP controller. In contrast to the HOCLF-QP control discussed 
in the previous section, which only performs path tracking, the inclusion of the HOCBF enables 
the vehicle to modify its trajectory to avoid a potential collision while still maintaining adherence 
to the reference path after bypassing the obstacle. The HOCBF serves as a safety constraint, 
ensuring that the system state remains within a safe set even when the original reference path 
would have resulted in a collision. The temporary deviation from the reference trajectory observed 
near the obstacle reflects the collision avoidance capability introduced by the HOCBF. Once the 
obstacle is cleared, the vehicle smoothly converges back to the reference path, demonstrating the 
controller’s effectiveness in balancing safety with path tracking stability. 
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Figure 3.4. Reference trajectory tracking test simulation results [54]. 

Figure 3.5 presents the path tracking simulation results of proposed HOCLF–HOCBF–QP 
controller in an environment containing multiple static obstacles. The ego vehicle begins from an 
arbitrary initial position and aims to reach the target destination, which is represented by green 
dots, while avoiding collisions with circular obstacles that are marked by the color orange. The 
dashed curve demonstrates the actual motion of the ego-vehicle under the control of the HOCLF–
HOCBF–QP controller. In contrast to the previous case, which primarily evaluated the controller’s 
ability to continuously track a sequence of waypoints (similar to pure pursuit), this scenario focuses 
on testing the controller’s capability to track a reference path while ensuring safe obstacle 
avoidance and successful arrival at the destination. 

 

Figure 3.5. Reference point tracking test simulation results [54]. 
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It is observed from the figure that the vehicle can successfully reach the goal while 
smoothly evading all three obstacles. This behavior demonstrates that the HOCBF constraints 
effectively enforce safety by keeping the system state away from unsafe regions, while the HOCLF 
ensures stable tracking of the reference target. The results highlight the controller’s capability to 
achieve both collision avoidance and accurate goal tracking in complex driving environments. 
Overall, these two cases confirm the effectiveness of the HOCLF-HOCBF-QP controller in static 
obstacle traffic scenarios, showing robust performance in reference path tracking and highlighting 
its suitability as a low-level module within an autonomous driving system. 

3.3.1.3 Collision Avoidance Performance Test with Dynamic Obstacle 

To further test the collision-avoidance performance of the proposed low-level HOCLF–
HOCBF–QP controller, a traffic environment containing a dynamic obstacle with the AV 
programmed to follow a predefined path is constructed for testing. As shown in Figure 3.6, the 
ego-vehicle can follow its reference path both before and after interacting with the obstacle, while 
executing a collision avoidance maneuver when encountering the obstacle. The vehicle 
temporarily deviates from the reference trajectory to maintain safety and then smoothly converges 
back after evading the obstacle. This demonstrates the controller’s ability to ensure safe navigation 
in the presence of moving obstacles while preserving accurate path tracking. 

 

Figure 3.6. Reference trajectory tracking test simulation results with dynamic obstacles [54]. 

Figure 3.7 presents the time plot of the distance between the ego-vehicle and the dynamic 
obstacle. The minimum separation occurs at approximately 2.0 seconds, corresponding to the point 
of closest interaction between ego-vehicle and obstacle. Importantly, this minimum distance 
remains above the predefined 2-meter safety threshold, which is generally regarded as a socially 
acceptable lower bound for safe operation in typical low-speed, urban driving conditions. These 
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results confirm that the HOCLF-HOCBF-QP controller not only avoids collisions with static 
obstacles but can also maintain safe distance when encountering dynamic obstacles. 

 

Figure 3.7. Distance between ego-vehicle and dynamic obstacles [54]. 

The simulation results presented here provide a comprehensive evaluation of the proposed 
HOCLF-HOCBF-QP controller. Starting from pure path tracking, the controller was shown to 
achieve stable and accurate path following capability. When static obstacles were introduced, the 
controller successfully balanced safety and path tracking. Extending to dynamic obstacles, the 
controller maintained safe distances while performing effective avoidance maneuvers and 
returning back to the desired path. These results reflect the controller’s capability to handle 
emergency conditions in complex driving environments. In the following sections, we further 
validate its performance by applying it to representative FARS bicyclist crash scenarios. 

3.3.2 HOCLF-HOCBF-QP Controller Hardware-In-Loop Test 

3.3.2.1 Hardware-In-Loop Setups 

The proposed low-level HOCLF-QP controller may demand substantial computational 
resources when deployed in highly complex environments. This raises concerns about its real- time 
capability in autonomous driving systems. To address this challenge, Hardware-in-the-Loop (HIL) 
simulation is performed to test the real time capability of the proposed controller. Figure 3.8(a) 
illustrates the overall HIL architecture used and its information flow, and Figure 3.8(b) presents 
the laboratory layout of the HIL experimental platform. Detailed configurations and 
implementation settings of the HIL system can be found in [53]. 
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Figure 3.8. HIL setup: (a) HIL architecture and information flowchart; (b) HIL simulator layout [54]. 

3.3.2.2 Path Tracking Performance Test 

Figure 3.9 shows the path tracking performance during the HIL test. Similar to the model-
in-the-loop (MIL) simulation results shown in Figure 3.2, the blue dashed line represents the 
desired reference path, while the red solid line denotes the actual path of the ego vehicle controlled 
by the HOCLF-QP controller implemented in the HIL platform. The vehicle is still able to closely 
follow the reference path throughout the entire lane-change maneuver, and the MIL and HIL 
simulation paths are similar. 
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Figure 3.9. Single-lane change trajectory tracking simulation performance [54]. 

Figure 3.10 presents the corresponding path-tracking error obtained from the HIL 
experiment. The root-mean-square-error (RMSE) is 0.014 m, and the maximum tracking error 
reaches 0.047 m. Although the tracking errors are slightly larger compared to the MIL simulation 
results, they remain within a very small range and demonstrate satisfactory tracking accuracy. The 
slight increase in error is due to CAN network delays, controller calculation frequency settings, 
and hardware-related uncertainties. Nevertheless, the overall tracking performance remains highly 
accurate, indicating the robustness of the proposed low-level controller in real-time 
implementation. Also, the detailed tracking results of the proposed low-level controller under static 
or dynamic obstacles including HIL test can be found in our previous work in reference [54]. 

 

Figure 3.10. Single-lane change trajectory tracking simulation performance [54]. 
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3.3.2.3 HIL Computational Efficiency Evaluation 

Computational-efficiency evaluations were conducted at a control frequency of 100 Hz (10 
ms per control step). The proposed HOCLF-HOCBF-QP controller requires, on average, 0.618 ms 
per control step, with a maximum computation time of 1.242 ms and a standard deviation of 0.125 
ms. The timing is measured in a single-thread Google Colab CPU environment. This corresponds 
to approximately 6.2% of the available control cycle, demonstrating that the controller is well 
suited for real-time operation with sufficient computational margin. 

3.3.3 FARS Bicyclist Crash Cases Study 

To further evaluate the proposed low-level HOCLF-HOCBF-QP controller’s collision 
avoidance capability, we replicate realistic FARS bicyclist crash scenarios, which capture severe 
and representative real-world bicyclist accidents. By testing the controller in these scenarios, we 
can comprehensively evaluate its capability to prevent such accidents in real life. 

3.3.3.1 FARS 210: Motorist left turn, bicyclist failed to yield sign 

We first replicate realistic FARS210 bicyclist crash scenarios, which involve a motorist 
attempting a left turn while a bicyclist simultaneously ignores a yield sign and proceeds forward. 
Although such events occur only occasionally, they represent critical traffic situations where 
bicyclists violate traffic regulations. At the same time, motorists making left turns may fail to 
properly account for approaching bicyclists from the side, substantially increasing the risk of 
severe collisions. Figure 3.11 demonstrates the simulation results of the FARS210 scenario under 
the control of the proposed HOCLF-HOCBF-QP controller, which enables the ego-vehicle to 
perform effective path-following and collision avoidance maneuvers. In the figure, the blue dashed 
line and green dashed line represent the reference paths for the vehicle and the bicyclist, 
respectively. The red dashed line shows the actual trajectory of the ego-vehicle, while the pink 
dashed line corresponds to the bicyclist’s motion. From the figure we can observe that if the ego-
vehicle were to strictly follow its original reference path, it would inevitably collide with the 
bicyclist approaching from the side, leading to a severe accident. However, the additional HOCBF 
safety guarantees constraint actively enforces collision avoidance by forcing the ego-vehicle to 
deviate from its original trajectory. Meanwhile, the HOCLF path tracking constraint ensures that 
this deviation remains minimal, maintaining accurate path tracking while guaranteeing safety. The 
snapshots of the vehicle clearly demonstrate how it smoothly adjusts its left-turn maneuver to 
avoid the bicyclist and then gradually return toward a safe path without collision. This example 
highlights the effectiveness of integrating HOCLF (for accurate path tracking) with HOCBF (for 
safety guarantees) in the QP framework, showing that the controller can autonomously override 
potentially unsafe paths and ensure safe maneuvering in real-world crash scenarios. 
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Figure 3.11. Snapshot of FARS210 Simulation with HOCLF-HOCBF-QP Collision Avoidance Controller [54]. 

3.3.3.2 FARS 220: Motorist Left Turn / Merge 

Next, we replicate the realistic FARS220 bicyclist crash scenario, in which the ego-vehicle 
continues to move straight while the bicyclist suddenly changes lanes and attempts to merge in 
front of the vehicle. Compared with the FARS210 left-turn case, this scenario occurs more 
frequently in practice, as bicyclists typically lack rear-view mirrors and may forget to check for 
approaching vehicles before starting a lane change. Such inattentive maneuvers frequently lead to 
conflicts with following vehicles and can cause severe collisions if the vehicle cannot properly 
manage to brake. Figure 3.12 demonstrates the simulation results of the FARS220 scenario under 
the control of HOCLF-HOCBF-QP low-level controller, which allows the ego-vehicle to perform 
path-following and collision avoidance simultaneously. In the figure, the blue dashed line and 
green dashed line represent the reference paths for the vehicle and the bicyclist, respectively. The 
red solid line shows the actual trajectory of the ego-vehicle, while the yellow solid line corresponds 
to the bicyclist’s motion. 
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Figure 3.12. Snapshot of FARS220 Simulation with HOCLF-HOCBF-QP Collision Avoidance Controller [54]. 

In this case, the bicyclist suddenly changes lanes and cuts in front of the ego-vehicle. If the 
ego-vehicle were to strictly follow its original reference path or fail to slow down, it would 
inevitably collide with the bicyclist, leading to a severe crash. Such collisions are particularly 
dangerous because the impact from behind may cause the bicyclist to suddenly accelerate forward, 
lose balance, or, in the worst case, be run over by the vehicle. However, the HOCBF safety 
constraint forces the ego-vehicle to deviate from its original lane and perform a single-lane-change 
maneuver to avoid collision. Meanwhile, the HOCLF stability constraint ensures that this deviation 
remains minimal, thereby maintaining path-tracking performance while guaranteeing safety. The 
snapshots clearly demonstrate how the ego-vehicle dynamically adjusts its path to avoid the 
bicyclist and subsequently converges in a stable manner back into its pre-determined path 
afterwards. 

3.3.3.3 FARS 310: Bicyclists Failed to Yield, Midblock 

Finally, we replicate the realistic FARS310 bicyclist crash scenario, in which the ego-
vehicle continues straight while a bicyclist suddenly appears from the roadside and enters the 
traffic lane. Compared with the previous two FARS cases, this scenario is both more common and 
considerably more challenging to avoid. This type of case can occur in many different settings, 
such as bicyclists entering from driveways, parking lots, or sidewalks and often without checking 
for oncoming vehicles. Such cases require that drivers maintain continuous awareness of sidewalk 
and roadside conditions. When such an emergency situation unfolds, drivers must perform 
immediate emergency braking and/or lane changing to prevent a collision. This case offers a 
comprehensive evaluation of the controller’s capability to handle sudden emergencies in a highly 
complicated and dynamic traffic environment. 

Figure 3.13 demonstrates the simulation results of the FARS310 scenario using the 
HOCLF-HOCBF-QP low-level controller, which enables both path-following and collision 
avoidance. In the figure, the blue dashed line and green dashed line represent the reference paths 
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for the vehicle and the bicyclist, respectively. The red dashed line shows the actual path of the ego-
vehicle, while the pink dashed line corresponds to the bicyclist’s motion.  

 

Figure 3.13. Snapshot of FARS220 Simulation with HOCLF-HOCBF-QP Collision Avoidance Controller [54]. 

In this case, the bicyclist suddenly enters the roadway from the sidewalk, cutting directly 
across the ego-vehicle’s path. If the vehicle had continued along its original route or failed to brake 
in time, a side collision would be unavoidable. Such crashes are especially dangerous, as the impact 
could cause the bicyclist to overturn and potentially be run over. To mitigate this risk, the HOCBF 
forces the vehicle to leave its lane and execute an emergency evasive maneuver, while the HOCLF 
limits the deviation to preserve path-following performance. The snapshots show how the ego-
vehicle smoothly adjusts its trajectory to avoid the bicyclist and then stabilizes back onto a safe 
path.  

The most appropriate response to this emergency scenario in practice would be to stop, as 
emergency braking is the most reliable way to handle a bicyclist suddenly entering from the 
roadside. However, our focus here is on evaluating the low-level controller. In a full autonomous 
driving framework, the low-level controller typically operates in conjunction with a high-level 
decision-making module. This means that even if the high-level controller makes a suboptimal or 
unsafe decision, such as continuing forward despite the bicyclist’s intrusion, the additional safety 
layer introduced by the HOCBF constraint ensures that the low-level controller can still enforce 
collision avoidance and guarantee safety, which makes this method suitable for use in an 
autonomous driving framework. 
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3.4 Chapter Conclusions and Future Work 

Bicyclists are highly vulnerable road users due to their small size, lower visibility, and their 
frequent presence in vehicle blind spots. Therefore, ensuring bicyclist safety remains a 
fundamental challenge in autonomous driving system development. To address this challenge, we 
proposed an HOCLF-HOCBF-QP framework. Designed as a low-level controller, it can be 
integrated with high-level planning modules to provide both path tracking and safety guarantees. 
Unlike traditional path-tracking approaches that primarily enforce path following, the HOCLF-
HOCBF-QP controller incorporates an additional safety constraint through the HOCBF, ensuring 
the simultaneous achievement of path tracking and safety. 

The controller’s effectiveness was validated through a series of progressively complex 
evaluation experiments. Starting with basic path-tracking tasks, we demonstrated stable path 
following capability. Extending to static and dynamic obstacle scenarios, the controller 
successfully balanced reference tracking and safety. Finally, by replicating and testing our 
controller in three representative FARS bicyclist crash scenarios, we showed that the controller 
can autonomously track the desired path and perform collision avoidance maneuvers in a dynamic 
traffic environment to avoid collisions with bicyclists during emergency situations. Together, these 
results confirm that the HOCLF-HOCBF-QP controller provides a reliable low-level safety 
mechanism that complements high-level decision-making, significantly enhancing the safety of 
bicyclists and other vulnerable road users in complex traffic environments in their interactions 
with AVs. 

Despite the advancements presented in this study, the proposed HOCLF-HOCBF-QP low-
level controller still has several limitations that need further investigation and adjustment. First, 
representing bicyclists as circles is a simplification, and many other road users may also have a 
high length-to-width ratio or irregular shape. Therefore, our current approach and formulation can 
be further extended to other safety constraint shapes such as ellipses or near-rectangular super-
ellipses. These extended geometric HOCBFs have analytical expressions similar to circular 
HOCBFs and, therefore, can be introduced in future work to better capture actual geometry of the 
obstacles with irregular shapes without significantly increasing computational load. Also, the 
effectiveness of the controller depends heavily on the choice of hyperparameters. In this section, 
hyperparameters were selected based on empirical knowledge and simulation study, which proved 
sufficient for the presented scenarios. However, identifying the most robust hyperparameter set 
across varying conditions remains an open problem. Developing algorithms that are capable of 
dynamically tuning hyperparameters in response to real-world conditions will be an important 
direction for future research. 
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Chapter 4: Hierarchical Collision Avoidance Framework 

4.1 Introduction 

While autonomous driving technologies offer a promising solution to human-related errors 
and traffic inefficiencies [55], developing engineering systems capable of navigating complex, 
dynamic urban environments remain a formidable challenge. Extensive research has already been 
conducted in the autonomous driving field to help vehicles navigate safely and efficiently [56], 
[57], [58], [59], [60], [61], [62]. Current approaches can be broadly categorized into two types. 
The first is end-to-end, model-free learning, where an autonomous driving agent directly maps 
sensory inputs to control actions. Bojarski et al. were among the first to propose a convolutional 
neural network based end-to-end framework for autonomous driving systems (ADS) [11]. Kendall 
et al. then applied deep reinforcement learning (DRL) methods to training an autonomous driving 
agent [12]. Building on this, subsequent research has expanded end-to-end applications in ADS 
with several innovations [65], [66], [67], including uncertainty-weighted decision transformer 
architecture for complex roundabout scenarios [16] and hierarchical reinforcement learning (H-
REIL) to better balance safety and efficiency in near-accident scenarios [17]. Compared to 
traditional modular based approaches, the end-to-end method allows for optimization across the 
entire processing pipeline and offers the potential for improved overall performance. Nevertheless, 
the lack of explicitly defined safety constraints can be problematic, as such systems might perform 
unsafe behaviors in rare or safety-critical scenarios. 

The second category is modular, model-based design, which remains the mainstream in 
autonomous driving systems development [70], [71], [72], [73], [74]. In this paradigm, path 
planning and collision avoidance are treated as dedicated modules, often formulated as 
optimization problems or addressed using machine learning based method to generate safe and 
feasible paths. Ames et al. formulated path following and collision avoidance as constraints using 
CLF-CBF-QP to ensure both efficient and safe navigation [75], [76], [77], [78]. Nageshrao et al. 
proposed to apply short-horizon safety mechanisms for highway autonomous driving [27]. Zhang 
et al. introduced a bootstrapping based demonstration policy to accelerate training of high-level 
autonomous driving decision-making agents [28].  Compared with end-to-end learning approaches, 
modular autonomous driving frameworks generally provide greater robustness, interpretability, 
and reliability by explicitly separating perception, decision-making, planning, and control into 
independent functional modules. This modular architecture enables individual components to be 
developed, analyzed, and optimized separately, facilitating systematic performance evaluation, 
simpler ablation studies, and algorithm improvements. As a result, modular approaches remain the 
dominant paradigm in both academic research and industrial autonomous driving systems. 

Motivated by these advantages, this research adopts a hierarchical decision-making and 
control framework that integrates a DRL-based high-level planner with a HOCLF-HOCBF-QP 
based low-level path tracking controller. Figure 4.1 shows the example control flow chart of the 
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proposed DRL and HOCLF-HOCBF-QP Based hierarchical autonomous driving control 
framework. Within this framework, the high-level planning agent operates in a discrete action 
space and generates lane-level maneuver commands, such as lane keeping, left lane changes, and 
right lane changes, by learning an optimal decision policy through interactions with diverse traffic 
scenarios. The low-level controller then executes these maneuver commands while ensuring both 
tracking accuracy and vehicle safety. Specifically, the HOCLFs enforce system stability and 
accurate trajectory tracking, whereas the HOCBFs impose formal safety constraints that prevent 
collisions with surrounding road users. The final control commands are obtained by solving a QP 
problem that simultaneously satisfies both stability and safety requirements. 

 

Figure 4.1. Proposed Hierarchical DRL and HOCLF-HOCBF-QP Based Control Flow Chart [115]. 

For high-level decision-making, numerous deep reinforcement learning (DRL) algorithms 
have been successfully applied to autonomous driving in recent years. Representative approaches 
include Deep Deterministic Policy Gradient (DDPG) [81], Proximal Policy Optimization (PPO) 
[82], and Soft Actor-Critic (SAC) [83], [84]. Among existing DRL methods, value-based and 
policy-based algorithms have emerged as the two dominant approaches for autonomous driving 
decision-making. To identify a robust and effective high-level planner within the proposed 
hierarchical framework, this study investigates representative algorithms from both categories. 
Specifically, Double Deep Q-Network (DDQN) is selected as the representative value-based 
algorithm, while Soft Actor-Critic Discrete (SAC-D) is adopted as the representative policy-based 
algorithm. Their enhanced variants are further developed and systematically compared to evaluate 
their decision-making performance under complex traffic scenarios. 

To develop and evaluate the proposed high-level decision-making agent, the Highway-env 
simulation platform is adopted throughout this study [85]. Compared with high-fidelity simulators 
such as CARLA [86], [87] and TORCS [88], Highway-env provides a lightweight yet flexible 
environment that contains the essential traffic scenarios required for autonomous driving research. 



39 
 

More importantly, its modular architecture naturally separates high-level decision-making from 
low-level vehicle control, making it particularly suitable for training, testing, and comparing 
different decision-making algorithms within the proposed hierarchical framework. This separation 
also significantly improves training efficiency and facilitates systematic algorithm evaluation. 

The proposed high-level planner is evaluated through a progressive set of traffic 
environments with increasing levels of complexity. The evaluation begins with a multi-lane 
highway scenario, where the agent learns fundamental driving behaviors such as lane keeping, 
lane changing, and obstacle avoidance in relatively structured traffic conditions. This scenario 
serves as a baseline for verifying the effectiveness of the decision-making algorithms before 
introducing more challenging urban environments. 

After validating the basic driving capability, the evaluation is extended to roundabout [89] 
and intersection scenarios [90], [91], which are widely recognized as two of the most challenging 
urban driving environments for autonomous vehicles. These scenarios involve complex traffic 
interactions, irregular road geometries, dynamic right-of-way negotiations, and frequent conflicts 
with surrounding vehicles, substantially increasing both decision-making difficulty and collision 
risk [92], [93]. Consequently, they provide rigorous benchmarks for assessing the robustness, 
safety, and generalization capability of autonomous driving algorithms under realistic traffic 
conditions. 

4.2 Methodology 

4.2.1 DDQN High-Level Decision-Making Agent for Vehicle Dynamic Model 

As the representative value-based reinforcement learning algorithm, DDQN is first 
employed to develop the high-level decision-making agent. DDQN extends the original Deep Q-
Network (DQN) by decoupling action selection from target Q-value estimation, thereby effectively 
reducing the overestimation bias commonly observed in DQN and improving training stability. 
Similar to other deep reinforcement learning methods, DDQN learns directly through interactions 
with the driving environment without requiring manually labeled data, making it well suited for 
autonomous driving tasks with high-dimensional state representations such as occupancy grids. 

Compared with many policy-based reinforcement learning algorithms, DDQN offers 
several advantages for lane-level autonomous driving decision-making. As an off-policy value-
based algorithm, DDQN can efficiently reuse previously collected experience through experience 
replay, leading to improved sample efficiency and more stable training. In addition, the discrete 
action space adopted in this study, including lane keeping, left lane change, and right lane change, 
naturally aligns with the action representation of DDQN, allowing the agent to learn effective 
driving policies with relatively low implementation complexity. 
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For these reasons, DDQN is selected as the baseline value-based reinforcement learning 
algorithm for the proposed hierarchical autonomous driving framework. Its performance is 
subsequently evaluated and compared with the policy-based Soft Actor-Critic Discrete (SAC-D) 
algorithm to investigate the advantages and limitations of the two reinforcement learning 
paradigms in complex traffic environments. 

Human drivers naturally perform lane-changing maneuvers to avoid obstacles, such as 
stationary vehicles, slow-moving traffic, or unexpected hazards. Inspired by this common driving 
strategy, the proposed high-level decision-making agent is designed to learn lane-level maneuver 
planning in multi-lane traffic environments. By selecting appropriate maneuvers, including lane 
keeping and lane changes, the agent can safely navigate around obstacles while maintaining 
efficient vehicle operation. Although the primary experiments focus on obstacle avoidance in 
highway traffic, the proposed decision-making strategy can be naturally extended to scenarios 
involving vulnerable road users (VRUs), such as pedestrians and bicyclists. 

 
The DDQN agent is trained by minimizing the temporal-difference (TD) loss defined as  

𝐿௜(𝜃)  = 𝔼(௦,௔,௥)[൬𝑟 + 𝛾max௔೟శభ 𝑄ఏ೔ష ൬𝑠௧ାଵ,𝑎𝑟𝑔max௔೟శభ 𝑄ఏ೔(𝑠௧ାଵ,𝑎௧ାଵ)൰− 𝑄ఏ೔(𝑠௧,𝑎௧)൰ଶ] (4.1) 

Unlike the original DQN, which uses the same network for both action selection and target value 
estimation, DDQN employs separate online and target networks during Q-value updates. 
Specifically, the online network selects the action with the highest estimated value 
( 𝑎𝑟𝑔max௔೟శభ 𝑄ఏ೔(𝑠௧ାଵ,𝑎௧ାଵ) , while the target network evaluates the selected action 

(max௔೟శభ 𝑄ఏ೔ష ൬𝑠௧ାଵ,𝑎𝑟𝑔max௔೟శభ 𝑄ఏ೔(𝑠௧ାଵ,𝑎௧ାଵ)൰. This decoupled update mechanism effectively reduces 
the overestimation bias commonly observed in DQN, leading to improved training stability and 
more reliable value estimation. Table 4.1 summarizes the parameters used in the DDQN loss 
function. Although DDQN is adopted as the baseline value-based algorithm in this study because 
of its simplicity and stable learning characteristics, the proposed hierarchical framework is 
algorithm-independent. More advanced reinforcement learning algorithms, such as SAC-D (which 
is introduced in the next section) and their enhanced variants, can be readily incorporated into the 
same framework for more complex autonomous driving tasks. 

Table 4.1. DDQN loss function parameters [74]. 

Symbol Parameter 𝑠 State 𝑎 Action 𝑟 Immediate reward 𝜃௜ି  Target-network’s parameter 𝜃௜ Online-network’s parameter 𝛾 Discount for future reward 
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Figure 4.2 illustrates the neural network structure used in the DDQN framework and 

Algorithm 4.1 demonstrates the pseudocode of hierarchical DDQN implementation. The DDQN 
employs a fully connected feedforward neural network consisting of two hidden layers, each with 
128 neurons using ReLU as the activation function. The input layer has 25 units (flattened from 
5×5 including ego vehicle’s information and traffic environment information), and the output layer 
has 3 units corresponding to three lane-level actions. The training process uses a standard replay 
buffer with a size of 100,000 and a mini-batch size of 64. The Q-network is updated using the 
mean squared error (MSE) loss between the predicted Q-values and the target Q-values. The Adam 
optimizer is used with a learning rate of 0.001. To stabilize training and mitigate overestimation 
bias, a target network is maintained and synchronized with the main Q-network every 100 learning 
steps. An 𝜀-greedy exploration strategy is adopted, where 𝜀 linearly decays from 1.0 to 0.05 over 
200,000 steps. This linear decay strategy allows the agent to fully explore the environment instead 
of converging to a local optimal policy. 

 
Figure 4.2. DDQN framework neural network structure [74]. 

Algorithm 4.1. Hierarchical DDQN algorithm flowchart [74]. 

Algorithm 4.1 
1: Initialize high-level DDQN agent 
2: Initialize low-level HOCLF-HOCBF-QP controller 
3: for each episode do 
4:       Initialize and reset traffic environment  
5:       for t = 1 to T do 
6:              With probability 𝜖 select a random high-level action 𝑎௧ 
7:              Otherwise select high-level action 𝑎௧ = maxୟ𝑄∗(𝑠௧ ,𝑎;𝜃) 
8:             for each low-level control steps do 
9:                    Reset target tracking point according to current states and 𝑎௧ 
10:                   Reset obstacle list according to current states 
11:                   Calculate optimal control 𝑢∗ using HOCLF-HOCBF-QP 
12:                     Execute 𝑢∗ for a control step 
13:             end for 
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14:             Calculate reward 𝑟௧ and record next state 𝑠௧ାଵ 
15:             Store transition (𝑠௧, 𝑎௧, 𝑟௧, 𝑠௧ାଵ) in replay buffer 𝐷 
16:             if t mod training frequency == 0 then 
17:                    Sample random minibatch of transitions (𝑠௝, 𝑎௝, 𝑟௝, 𝑠௝ାଵ)) from D 
18:                    Set 𝑦௝  =  𝑟௝  +  𝛾maxୟ௝ାଵ𝑄෠(𝑠௝ାଵ, argmaxୟ௝ାଵ𝑄(𝑠௝ ,𝑎௝ାଵ;𝜃);𝜃)  
19:                    for non-terminal 𝑠௝ାଵ 
20:                    or 𝑦௝  =  𝑟௝   for terminal 𝑠௝ାଵ 
21:                    Perform a gradient descent step to update 𝜃 
22:                    Every N steps reset  𝑄෠  =  𝑄 
23:             end if 
24:             Set 𝑠௧ାଵ= 𝑠௧ 
25:      end for 
26: end for 

 

4.2.2 SAC-D High-Level Decision-Making Agent for Vehicle Dynamic Model 

Algorithm 4.2 displays the pseudocode of the SAC-D algorithm. Compared to other DRL 
algorithms, SAC-D offers distinct advantages, particularly in discrete decision-making tasks where 
traditional value-based methods, such as Deep Q-Networks (DQN), struggle with efficient 
exploration. SAC-D extends the entropy-regularized reinforcement learning framework to discrete 
action spaces, allowing the agent to learn stochastic policies that balance exploration and 
exploitation more effectively than standard Q-learning approaches. Moreover, SAC-D takes 
advantage of both policy-based and value-based methods, utilizing an actor network to generate 
action probabilities and a critic network to estimate action-value functions. This dual-network 
approach enhances learning efficiency and stability, making it particularly well-suited for 
autonomous driving, adaptive control systems, and decision-making in dynamic traffic 
environments. 

Algorithm 4.2. Hierarchical SAC-D algorithm flowchart [74]. 

Algorithm 4.2 
1: Initialize Q-network parameters 𝜃ଵ, 𝜃ଶ (Critics) 
2: Initialize target Q-networks parameters 𝜃ଵᇱ ← 𝜃ଵ, 𝜃ଶᇱ ← 𝜃ଶ 
3: Initialize policy network (Actor) parameters 𝜙 
4: Initialize entropy temperature 𝛼 
5: Initialize replay buffer 𝒟 
6: for each episode do 
7:       Observe initial state 𝑠 
8:       for each time step 𝑡 do 
9:              Select action 𝑎 ∼ 𝜋థ(𝑎|𝑠) from policy 
10:            Execute action 𝑎, observe next state 𝑠′, reward 𝑟 
11:            Store transition in replay buffer: 𝒟 ← 𝒟 ∪ (𝑠,𝑎, 𝑟, 𝑠′) 
12:            Execute action 𝑎, observe next state 𝑠′, reward 𝑟 
13:            Compute target Q-value using double Q-learning 
14:            Sample next action 𝑎௜ᇱ ∼ 𝜋థ(𝑎′|𝑠௜ᇱ) 
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15:            Compute log probability of action log𝜋(𝑎′|𝑠௜ᇱ) 
16:            𝑄௧௔௥௚௘௧ =  𝑟௜  +  𝛾 ቂmin ቀ𝑄ఏభᇲ(𝑠௜ᇱ,𝑎௜ᇱ),𝑄ఏమᇲ(𝑠௜ᇱ,𝑎௜ᇱ)ቁ −  𝛼 log𝜋(𝑎௜ᇱ|𝑠௜ᇱ)ቃ 
17:            Compute Q-value loss 
18:            𝐿ொ(𝜃) = 𝑀𝑆𝐸(𝑄ఏభ(𝑠௜ ,𝑎௜)  −  𝑄௧௔௥௚௘௧ ) + 𝑀𝑆𝐸(𝑄ఏమ(𝑠௜ ,𝑎௜)  −  𝑄௧௔௥௚௘௧ ) 
19:            Update Critic networks 
20:            𝜃ଵ ← 𝜃ଵ − 𝜆ொ∇ఏభ𝐿ொ(𝜃) 
21:            𝜃ଶ ← 𝜃ଶ − 𝜆ொ∇ఏమ𝐿ொ(𝜃)  
22:            Compute policy loss using entropy-regularized      objective 
23:            𝐿గ(𝜙) =  𝐸[log𝜋(𝑎௜|𝑠௜) (𝛼 log𝜋(𝑎௜|𝑠௜) − min ቀ𝑄ఏభ(𝑠௜ ,𝑎௜),𝑄ଶ(𝑠௜ ,𝑎௜)ቁ)]  
24:            Update Actor network 
25:            𝜙 ← 𝜙 − 𝜆గ∇థ𝐿గ(𝜙) 
26:            Adjust temperature α to balance exploration and exploitation 
27:            𝐿ఈ =  𝐸ൣ−𝛼൫log𝜋(𝑎௜|𝑠௜) + 𝑡𝑎𝑟𝑔𝑒𝑡௘௡௧௥௢௣௨௬൯൧ 
28:            𝛼 ← 𝛼 − 𝜆ఈ∇ఈ𝐿ఈ 
29:            Soft update target Q-networks 
30:            𝜃ଵᇱ ← 𝜏𝜃ଵ + (1 − 𝜏)𝜃ଵᇱ  
31:            𝜃ଶᇱ ← 𝜏𝜃ଶ + (1 − 𝜏)𝜃ଶᇱ  
32:            𝑠 ← 𝑠′ 
33:      end for 
34: end for 

 
One of the key strengths of SAC-D lies in its off-policy learning with experience replay, 

which improves sample efficiency by enabling the agent to learn from past experiences rather than 
relying solely on real-time interactions. Additionally, the use of two Q-networks mitigates 
overestimation bias, leading to more stable training and improved policy robustness. Unlike 
traditional deterministic methods, SAC-D incorporates entropy maximization, leading to better 
exploration while preventing premature convergence to suboptimal policies. This is significant in 
complex traffic scenarios where decision-making must account for multiple interacting agents, 
including other vehicles and VRUs. 

In addition, SAC-D does not require manually tuned noise. SAC’s inherent entropy-based 
exploration enables the policy to learn a well-balanced tradeoff between safety and efficiency in 
autonomous vehicle navigation. Therefore, given its ability to handle discrete action spaces, multi-
agent interactions, and safety-critical decisions, SAC-D is applied to design a high-level decision-
making agent in this paper. The autonomous navigation problem is modeled as a Markov Decision 
Process (MDP), defined as follows: 

• State Space (𝑆): The state space 𝑆 contains all possible environment states 𝑠 ∈ 𝑆 
which are represented as a fixed-size array that contains the kinematic information 
of the ego vehicle and surrounding vehicles including position (𝑥,𝑦), heading (ψ) 
and velocity (𝑣௫, 𝑣௬) with  𝑠 = ൣ𝑥, 𝑦, 𝑣௫, 𝑣௬,൧. 
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• Action Space (𝐴): The action space 𝐴 is a discrete set of five discrete high-level 
actions 𝑎 ∈ 𝐴  comprising of: keep lane, lane change left, lane change right, 
accelerate and decelerate. 

• Reward Design (𝑅 ): The reward function 𝑅  is designed to promote safe, goal-
directed, and efficient driving behavior and is composed of four components: 
collision penalty, task completion reward, lane-deviation penalty, and speed-based 
reward and is given by 

𝑟 = ൝ 𝑟𝑡𝑎𝑠𝑘 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛 ,                               𝑖𝑓 𝑟𝑒𝑎𝑐ℎ 𝑔𝑜𝑎𝑙𝑟𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛,                                                     𝑖𝑓 𝑐𝑜𝑙𝑙𝑖𝑑𝑒𝑟𝑙𝑎𝑛𝑒 𝑘𝑒𝑒𝑝𝑖𝑛𝑔 + 𝑟𝑠𝑝𝑒𝑒𝑑,                                        𝑒𝑙𝑠𝑒  (4.2) 

• Transition Model (𝑃): A traffic simulation model that predicts the probabilities of 
the next states given a particular action and the current state. The transition model 
depends on the ego vehicle’s dynamics and surrounding vehicles’ traffic models. 

The optimal policy π∗ requires maximum cumulative return and entropy encouraging sustained 
exploration and robust policy learning as 

𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥గ𝔼(௦೟,௔೟)~ఛഏ[෍𝛾௧𝑅(𝑠௧ ,𝑎௧) +்
௧ୀ଴ 𝛼ℋ൫𝜋(∙ |𝑠௧)൯] (4.3) 

This encourages sustained exploration and robust policy learning where 𝛾 ∈ [0, 1] is the discount 
factor, 𝑅(𝑠௧ ,𝑎௧)  is the immediate reward function of choosing action 𝑎௧  at state 𝑠௧ . 𝛼  is the 
temperature parameter and  ℋ(π(∙ |𝑠௧)) is the entropy function. The corresponding soft state value 
function is 

𝑉௦௢௙௧(𝑠௧) = ෍𝜋(𝑎௧|𝑠௧)[𝑄(𝑠௧ ,𝑎௧) − 𝛼𝑙𝑜𝑔𝜋(𝑎௧|𝑠௧)]௔೟  (4.4) 

where 𝑄(𝑠௧ ,𝑎௧)  is the action value function which is an estimate of the cumulative return of 
choosing action 𝑎௧ at state 𝑠௧. In order to obtain the optimal policy, SAC-D optimizes an equivalent 
stochastic policy objective derived from the maximum-entropy formulation as 

𝒥గ = 𝔼௦బ~஽బ෍𝜋(𝑎|𝑠)[𝑄(𝑠,𝑎) − 𝛼𝑙𝑜𝑔𝜋(𝑎|𝑠)]௔ ) (4.5) 

for the policy iteration of SAC-D. Since the action value function 𝑄(𝑠,𝑎) is used to estimate the 
cumulative return in this process, a policy evaluation step is required to estimate the soft action-
value function. As mentioned before, SAC-D uses a dual Q-network to mitigate the over-
estimation issue in its critic network. Therefore, the corresponding soft action value function is 
given by 
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𝑄௦௢௙௧(𝑠௧ ,𝑎௧) = 𝑅(𝑠௧ ,𝑎௧) + 𝛾𝔼௦೟శభ~௉𝑉௦௢௙௧(𝑠௧ାଵ) (4.6) 

The corresponding cost function based on the soft Bellman residual should be minimized to get 
better action function 

𝒥ொ = 𝔼(௦೟,௔೟)~஽ ൥෍ 12 ቀ𝑄ఏ೔(𝑠௧,𝑎௧) − 𝑄෠(𝑠௧ ,𝑎௧)ቁଶ௜ୀଵ,ଶ ൩ (4.7) 

𝑄෠(𝑠௧ ,𝑎௧) = 𝑅(𝑠௧ ,𝑎௧) + 𝛾෍𝜋(𝑎′|𝑠௧ାଵ)௔ᇱ [𝑚𝑖𝑛௜ 𝑄ఏᇲ೔(𝑠௧ାଵ,𝑎ᇱ) 

−𝛼𝑙𝑜𝑔𝜋(𝑎′|𝑠௧ାଵ)] 

(4.8) 

where 𝜃  is the online network weight and 𝜃′  is the target network weight. For better balance 
exploration and exploitation, the temperature hyperparameter 𝛼 can be automatically adjusted by 
using the following objective functions with target entropy constant ℋഥ : 

𝒥ఈ = ෍𝜋(𝑎௧|𝑠௧)[−𝛼𝑙𝑜𝑔𝜋(𝑎௧|𝑠௧) + ℋഥ ]௔೟ ) (4.9) 

 
Figure 4.3 illustrates the neural network structure used in the SAC-D framework and 

consists of a categorical policy network as actor, a double Q-network as critic, and corresponding 
target networks. The state is flattened and fed into both the actor and critic. The actor network is 
implemented as a two-layer MLP with hidden dimensions of 256 and 256 units, each followed by 
ReLU activations, and a final linear output layer that produces scores for all discrete actions. In 
this paper, the action space contains the five lane-level actions of: lane keep, lane change left, lane 
change right, accelerate and decelerate. Then, a softmax operation is applied to obtain the action 
probabilities. During interaction with the environment, actions are sampled from the categorical 
distribution in training and selected greedily during evaluation. 

 
Figure 4.3. SAC-D framework neural network structure [115]. 
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The critic network applies a double Q-learning structure to mitigate overestimation bias, where 
two independent Q-networks share the same architecture as the actor backbone: a two-layer MLP 
with hidden dimensions of 256 and 256 units followed by a linear layer that outputs Q-values for 
all discrete actions. Target Q-networks are maintained using soft updates to stabilize learning. The 
actor and critic interact through an entropy-regularized Bellman backup, in which the target state 
value is computed as the expectation over the policy of the minimum target Q-value minus an 
entropy term scaled by the temperature parameter. The policy is optimized to maximize expected 
returns while encouraging exploration via entropy regularization. The entropy temperature is 
automatically tuned during training to match a target entropy proportional to the size of the discrete 
action space, enabling adaptive exploration throughout learning. Table 4.2 presents the SAC-D 
high-level decision-making agent’s hyperparameter settings. 

Table 4.2. SAC-D high-level decision-making agent hyperparameter setting [115]. 

Hyperparameter Value 
Discount Factor  0.99 
Soft Update Coefficient 0.005 
Actor Learning Rate 0.0001 
Critic Learning Rate 0.0003 
Alpha Learning Rate 0.0003 
Replay Buffer Size 1,000,000 
Batch Size  64 

 

4.3 Results 

4.3.1 Simulation Results of the DDQN Agent in a Multi-Lane Highway Environment 

Before evaluating the proposed framework in more complex urban traffic scenarios, a set 
of multi-lane highway experiments is first conducted to verify the feasibility of the overall 
hierarchical decision-making and control framework. At this stage, the DDQN algorithm is 
adopted as the high-level decision-making agent to validate the interaction between the high-level 
planner and the HOCLF-HOCBF-QP low-level controller. 

Two highway scenarios with different levels of complexity are designed within the 
Highway-env simulator [85]. In both scenarios, the ego vehicle is required to travel from a 
predefined starting position to a designated destination while navigating through traffic containing 
multiple obstacles. To reach its destination safely, the vehicle must dynamically perform lane-
changing maneuvers to avoid surrounding obstacles. 

Unlike conventional trajectory-planning approaches, no predefined global reference path 
is provided. Instead, the DDQN-based high-level planner generates discrete lane-level maneuver 
commands, including lane keeping, left lane changes, and right lane changes, based on 
observations of the ego vehicle and the surrounding traffic environment. These high-level 
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decisions are then executed by the HOCLF-HOCBF-QP low-level controller, which guarantees 
accurate trajectory tracking while enforcing collision avoidance constraints throughout the 
maneuver. 

In this experiment, the environment state is represented as a 5×5 array that encodes 
information about the ego vehicle and its surrounding obstacles. Each row corresponds to an entity 
(either the ego vehicle or an obstacle) and includes the following attributes: [presence, 𝑥, 𝑦, 𝑣௫, 𝑣௬], where presence is a binary indicator of whether the object exists in the current frame. The 
action space is discrete and consists of three possible maneuvers: idle (no lane change), left lane 
change, and right lane change. The reward function is designed to encourage goal-reaching 
behavior while penalizing unsafe or inefficient actions. A positive reward of +50 is assigned when 
the vehicle successfully reaches its destination. A large negative reward of −100 is applied in the 
event of a collision with any obstacle. Additionally, at each timestep, the agent receives a dense 
reward proportional to its forward progress (∆𝑥), calculated as 𝑟௣௥௢௚௥௘௦௦ = 𝑐 ∗ (𝑥௖௨௥௥௘௡௧ − 𝑥௣௥௘௩), 
where 𝑐 is a positive coefficient, which encourages faster navigation. A small penalty of −0.5 is 
applied when the agent executes a lane change (either left or right), to discourage unnecessary 
lateral movement and to promote trajectory stability. Simulation results from both test cases show 
that the proposed framework can make the vehicle successfully navigate going from the start point 
to its destination while effectively avoiding all obstacles using the appropriate lane changing 
maneuver(s). 

We first present the training progress of the high-level DDQN based decision-making agent 
in the proposed hierarchical control framework. Table 4.3 summarizes the key hyperparameters 
used in the DDQN training process and Figure 4.4 illustrates the training progress of the DDQN 
high-level decision-making agent in the three-lane complex autonomous driving environment. A 
low-pass filter is applied to smooth both the episode reward and step count curves for better 
interpretability. Initially, the agent exhibits poor performance due to high probability of random 
explorations, with total reward remaining negative and step count relatively low, indicating 
frequent collisions and early episode terminations. After approximately 2500 episodes, a 
significant improvement is observed: the total reward begins to rise rapidly, and the average 
number of steps per episode increases concurrently. This trend suggests that the agent gradually 
learns an effective lane-changing strategy to avoid obstacles and to extend its episode longevity. 
After about 3500 episodes, both rewards and steps per episode are maintained at a relatively high 
level, indicating convergence to a stable policy. Some fluctuations are still present in the reward 
curve, likely due to exploration behavior or occasional difficult scenarios. 

Table 4.3. Hyperparameters and training settings [115]. 

Hyperparameter Value 
Replay buffer size 100,000 
Mini-batch size 64 
Learning rate 0.001 
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Target network update frequency Every 100 steps 
Exploration strategy (ε decay) 1.0 → 0.05 over 200,000 steps 
Discount factor (γ) 0.99 
Optimizer Adam 
Loss function Mean Squared Error (MSE) 

 
Figure 4.4. Deep reinforcement learning training progress [74]. 

Figure 4.5 illustrates the ego vehicle's trajectory in a two-lane highway test case using the 
proposed hierarchical controller. The road is divided into two lanes with clearly marked boundaries 
and centerline. The ego vehicle (represented by yellow rectangle) starts in the upper lane and 
initially follows a straight path before encountering an obstacle (represented by the red rectangle) 
positioned ahead in the same lane. The vehicle performs a lane-change maneuver in front of the 
obstacle by smoothly transitioning into the lower lane. After passing the obstacle, the vehicle 
performs another lane-change maneuver and returns to the upper lane, to avoid collision with the 
second obstacle. 

 
Figure 4.5. Hierarchical controller overall performance in simple test case [74]. 
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Figure 4.6 illustrates the ego vehicle's trajectory in a complex three-lane highway test case 
using the proposed hierarchical controller. From the plot, we notice that this environment is much 
more complex compared to the simple two-lane test case demonstrated before. The ego vehicle 
(represented by the yellow rectangle) starts in the upper lane and initially follows a straight path 
before encountering an obstacle (represented by the red rectangle) positioned ahead in the same 
lane. The vehicle performs two consecutive lane-change maneuvers to transition smoothly into the 
lower lane in response to a series of obstacles. After passing the obstacles, the vehicle performs 
another set of two consecutive lane-change maneuvers and returns to the upper lane, to avoid 
collision with other obstacles.  

 
Figure 4.6. Hierarchical controller overall performance in complex test case [74]. 

The two path plots in Figures 4.5 and 4.6 demonstrate the effectiveness of the proposed 
hierarchical control system. The high-level DDQN agent can correctly generate lane-change 
decisions based on obstacle positions, while the low-level HOCLF-HOCBF-QP controller ensures 
safe and stable execution. The path remains continuous and collision-free throughout the 
simulation, indicating successful integration of decision-making and control components. 
Moreover, the vehicle consistently follows a straight path in obstacle-free regions, without 
performing unnecessary lane-change behaviors. This suggests that the penalty design for lane 
changes successfully discourages unnecessary lane-changing actions, which makes the decision-
making process more efficient. 

To evaluate the computational efficiency of the proposed hierarchical control framework, 
we conducted computational cost tests based on the aforementioned simulation test case. In 
complex test case settings, the low-level control simulation frequency is 100 Hz and high-level 
policy simulation frequency is 5 Hz. The low-level HOCLF-HOCBF-QP controller requires an 
average solve time of approximately 0.66 ms per step using the Gurobi optimizer while the high-
level DDQN decision-making agent requires an average computational time of approximately 0.60 
ms per step. These tests were performed in a Google Colab CPU environment which is using a 
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single-threaded Intel Xeon processor without GPU acceleration. Even under this relatively limited 
computational setting, the solve times accounts for only 6.6% of the low-level control cycle (10 
ms) and 0.3% of the high-level decision-making cycle (200 ms), respectively. These results 
demonstrate that the proposed framework has good real-time capability. While it is expected that 
the computational time, particularly for the HOCLF-HOCBF-QP controller, will increase in more 
complex traffic scenarios with higher numbers of obstacles and constraints, our current results 
suggest that the proposed framework still provides sufficient real-time capability for typical 
autonomous driving tasks. In future work, we plan to further evaluate its effectiveness and real 
time capability by conducting tests using the Hardware-in-the-Loop (HIL) approach and Vehicle-
in-Virtual-Environment (VVE) approach, to ensure its real-world feasibility and practical 
applicability in different driving scenarios. 

The demo videos for the simulation result using the vehicle dynamics model are provided 
at: Two Lane Test Case Demo, Three Lane Test Case Demo, FARS230 Demo with HOCLF-HOCBF-QP 
Controller. 

4.3.2 Roundabout and Intersection Simulation Results 

4.3.2.1 Simulation Results 

After the feasibility of the proposed hierarchical framework is verified in the multi-lane 
highway environment, the evaluation is further extended to more complex and safety-critical urban 
traffic scenarios. Compared with structured highway driving, roundabouts and intersections 
require the ego vehicle to handle more complex traffic interactions, including merging, yielding, 
lane selection, and exit planning. Therefore, these environments provide more rigorous test cases 
for evaluating the robustness and decision-making capability of the proposed framework. In this 
stage, SAC-D is adopted as the primary high-level decision-making algorithm due to its stable 
training performance and strong exploration capability, while DDQN is also trained in the same 
environments to provide a baseline comparison. 

To evaluate the proposed framework under challenging roundabout traffic conditions, two 
customized roundabout simulation environments are developed based on the “Roundabout Env” 
provided by the Highway-env library [85]. Both scenarios represent typical roundabout driving 
tasks, where the ego vehicle must merge into circulating traffic, interact safely with surrounding 
vehicles, and exit through a designated branch. Several background vehicles are included in the 
environment and controlled by the Intelligent Driver Model (IDM) car-following model to emulate 
dynamic traffic interactions [94]. Each episode lasts up to 15 seconds and terminates when the ego 
vehicle reaches the target exit, collides with another vehicle, or departs from the roadway. The 
observation space consists of kinematic states, including positions, velocities, and headings of the 
ego vehicle and neighboring vehicles in the global coordinate frame, which are used as inputs to 
the high-level decision-making agent. 
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The ego vehicle is controlled through the proposed two-layer hierarchical architecture. The 
high-level SAC-D decision-making module is responsible for selecting discrete driving maneuvers, 
such as merging into the roundabout, maintaining the current lane, or choosing an appropriate lane 
sequence toward the target exit. Once a high-level action is selected, the low-level controller 
executes the decision by generating and tracking a look-ahead point along the centerline of the 
selected lane. This tracking point is determined based on the current vehicle speed and the selected 
high-level maneuver. The low-level controller then computes the required steering and 
acceleration commands while respecting vehicle dynamic constraints and physical actuator limits. 
In this way, the high-level planner focuses on strategic decision-making, while the low-level 
controller ensures safe and accurate maneuver execution. 

Training the SAC-D agent requires a carefully designed reward function to guide the agent 
toward safe and efficient driving behavior. The reward function assigns a large penalty for 
collisions, penalizes lane deviation, and provides a positive reward when the ego vehicle 
successfully reaches the designated exit. Driving efficiency is encouraged through a piecewise 
speed reward that favors travel within a desired speed range while discouraging both overly slow 
and overly aggressive driving. In addition, a small penalty is applied to lane-change actions to 
reduce unnecessary lateral maneuvers, and a step penalty is included to encourage task completion 
within a shorter time. Overall, this reward design enables the agent to learn a policy that balances 
safety, efficiency, and smoothness in complex roundabout traffic environments. 

Table 4.4 presents the collision rates under different reward configurations across two 
traffic scenarios, namely the roundabout and intersection environments. It compares the proposed 
reward function with two ablated versions, where either the speed-related term or the lane-change 
penalty term is removed. As shown in Table 4.4, the proposed reward function consistently 
achieves relatively lower collision rates in both scenarios compared to the ablated variants. This 
demonstrates that both components play a critical role in ensuring safe and stable driving behavior. 
The speed-related term encourages the ego vehicle to maintain its velocity within the desired range. 
Meanwhile, the lane-change penalty term discourages unnecessary or frequent lateral maneuvers. 
Overall, the combination of these two reward components can significantly improve success rates 
in simulated traffic environments. 

Table 4.4. Reward Design Analysis (Collision Rate) [115]. 

Traffic Scenarios Proposed Reward No Speed Term No Lane Change Term 
Roundabout Complex 19.3% 30.7% 30.3% 
Intersection Complex 27.7% 37.7% 37.0% 

 

Figure 4.7 shows the training progress of the SAC-D agent in the simple roundabout traffic 
scenario. The blue curve shows the smoothed total episode reward, while the orange curve 
represents the smoothed number of steps per episode. A low-pass filter is applied to both metrics 
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to eliminate high-frequency noise and better understand the underlying learning trend. At the early 
stage of training, the agent exhibits relatively low rewards and short episode lengths, indicating 
frequent failures or early terminations. As training progresses, both the total reward and the episode 
length increase rapidly, demonstrating that the agent quickly learns good driving strategy and 
improves its ability to complete the navigation without premature termination.  After 
approximately 700 episodes, the training process enters a more stable phase. The total reward 
fluctuates around a high value with moderate variance, while the episode length remains 
consistently close to its upper bound. This indicates that the learned policy has gradually converged 
to a stable and near-optimal driving strategy, enabling the ego vehicle to navigate the roundabout 
safely and efficiently for most episodes. Although occasional reward fluctuations are observed, 
they are expected in stochastic environments due to exploration and varying traffic interactions. 

 
Figure 4.7. SAC-D training progress in simple roundabout environment [115]. 

Figure 4.8 illustrates the ego vehicle's path in the roundabout highway test case using the 
proposed hierarchical controller. Simulation results show that the ego vehicle can safely enter the 
roundabout traffic flow, avoid collisions while being surrounded by multiple vehicles, and 
consistently identify and travel toward the correct exit before the episode timeout. In addition, the 
vehicle maintains desired speed within the reward-optimal region for most of the route, while 
dynamically reducing speed only when yielding to other vehicles. The number of lane changes per 
episode remains minimal, confirming that the agent avoids unnecessary lane changing. It is also 
worth noting that the ego vehicle trajectories are smooth with no unnatural lateral jumps. Overall, 
simulation results demonstrate that the proposed hierarchical control framework enables the 
vehicle to learn how to navigate safely and efficiently in challenging roundabout environments, 
thereby validating the effectiveness of the proposed approach. 
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Figure 4.8. SAC-D On simple roundabout environment (Video: Roundabout Simple) [115]. 

A more complex roundabout environment is used to further evaluate the performance of 
the proposed control framework. Compared to the simpler configuration used earlier, this complex 
roundabout environment introduces a larger number of surrounding vehicles and additional entry 
and exit lanes. The other components of the control framework and experimental settings remain 
unchanged. During training, the hierarchical agent requires additional exploration due to the 
expanded decision complexity. Figure 4.9 shows the training progress of the SAC-D agent in the 
complex roundabout scenario. In contrast to the simple roundabout scenario, the agent exhibits a 
slower learning process during the early training phase. The total reward initially fluctuates at 
relatively low values, reflecting the increased task difficulty caused by more traffic interactions 
and more challenging decision-making requirements. As training progresses, the episode reward 
gradually increases and reaches a high-performance region while the episode length also improves 
and remains close to its maximum value for most episodes. However, compared with the simple 
scenario, the reward curve shows noticeably higher variance and intermittent performance drops, 
indicating that the agent must continuously adapt to more complex and stochastic traffic situations. 
Despite the increased training difficulty, the SAC-D agent eventually converges to a stable policy 
that consistently completes the roundabout navigation task. 
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Figure 4.9. SAC-D training progresses in complex roundabout environment [115]. 

Figure 4.10 illustrates the ego vehicle's trajectory in the complex roundabout test case using 
the proposed hierarchical controller. Despite the increased complexity of the environment, the 
overall performance remains highly consistent with that observed in the simple roundabout. 
Simulation results show that the ego vehicle can safely merge into the roundabout traffic flow, 
avoid collisions even when surrounded by multiple vehicles, and consistently identify and navigate 
towards the correct exit before the episode timeout, without a significant change in performance.  
Similar to the simple roundabout case, the ego vehicle maintains its speed within the optimal range 
and its paths remain smooth with no unnatural lateral jumps. Overall, these results demonstrate 
that the proposed hierarchical control framework enables the ego vehicle to achieve safe and 
efficient navigation in both simple and complex roundabout environments. 

To further evaluate the proposed hierarchical control framework beyond roundabout 
scenarios, we constructed two customized intersection environments based on the “Intersection 
Env” provided by the “highway-env library” [95]. These environments are designed to represent 
typical unsignalized urban intersections with increasing levels of traffic complexity. In both 
intersection scenarios, the ego vehicle is required to perform a left-turn maneuver, which is widely 
recognized as one of the most challenging tasks in urban driving due to potential conflicts with 
crossing traffic flows. The simple intersection case considers a structured and relatively sparse 
traffic setting, allowing the ego vehicle to complete the left turn with limited interactions. In 
contrast, the complex intersection case introduces more lanes, denser traffic and more frequent 
conflict with surrounding vehicles, requiring the ego vehicle to perform decision-making carefully 
to avoid the potential collision while reaching the destination. 
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Figure 4.10. SAC-D On complex roundabout environment (Video: Roundabout Complex) [115]. 

Figure 4.11 illustrates the training progress of the SAC-D agent in the simple intersection 
traffic scenario. At the early stage of training, the agent achieves relatively low rewards and 
exhibits longer episode durations. This behavior is expected, as navigation in the single-lane 
intersection environment is relatively simple, allowing the ego vehicle to occasionally complete 
the task even under randomly selected actions. However, due to the lack of an efficient driving 
strategy, the agent typically requires more steps to reach the destination.  As training progresses, 
the total episode reward increases rapidly, while the episode length gradually decreases and 
stabilizes at approximately 45 steps. This indicates that the agent quickly learns an effective driving 
strategy and significantly improves its efficiency in completing the navigation task. After 
approximately 400 episodes, the training process enters a more stable phase. The total reward 
fluctuates around a high value with moderate variance, and the episode length remains consistently 
close to a steady level. These results suggest that the learned policy has converged to a stable and 
near-optimal solution, enabling the ego vehicle to navigate the intersection safely and efficiently 
in most episodes. Occasional reward fluctuations are still observed, which are expected in a 
stochastic traffic environment due to exploration and varying interactions with surrounding 
vehicles. 
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Figure 4.11. SAC-D training progresses in simple intersection environment [115]. 

Figure 4.12 illustrates the ego vehicle’s trajectory in the simple intersection environment 
under the SAC-D policy. The resulting trajectory demonstrates smooth and consistent vehicle 
motion throughout the intersection. As shown in the figure, the ego vehicle is able to approach the 
intersection, execute the turning maneuver, and exit along the designated route without collisions. 
The learned policy enables the vehicle to maintain an appropriate speed profile for most of the 
trajectory, while adjusting its motion near the intersection center to ensure safe navigation. The 
absence of abrupt lateral deviations or oscillatory behavior indicates that the agent has learned a 
stable and efficient driving strategy. Overall, the observed trajectory confirms that the SAC-D 
agent can successfully complete the navigation task in the simple intersection scenario, providing 
evidence of effective policy convergence and reliable driving behavior in a structured traffic 
environment. 

Figure 4.13 illustrates the training performance of the SAC agent in the complex 
intersection scenario. At the early stage of training, the agent exhibits relatively low rewards, 
indicating poor driving behavior under randomly initialized policies in the more challenging traffic 
environment. Compared to the simple intersection case, the complex intersection introduces denser 
traffic and more frequent conflicts with other vehicles, making it more difficult for the agent to 
complete the navigation task efficiently during early exploration. As training progresses, the total 
episode reward increases steadily and reaches a higher average level, while the episode length 
gradually stabilizes around 18–20 steps. This trend indicates that the agent successfully learns 
effective driving strategies in this challenging environment which allows it to pass the intersection 
more efficiently. After approximately 1000 episodes, the training process shows a relatively stable 
pattern. The total reward oscillates around a high value with moderate variance, and the episode 
length remains within a narrow range. These results indicate that the SAC agent converges to a 
stable and near-optimal policy which can handle complex traffic interactions. Occasional reward 
drops are still observed, which are expected due to the stochastic nature of traffic flow and 
exploration noise, but they do not significantly affect the overall convergence behavior. 
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Figure 4.12. SAC-D On simple intersection environment (Video: Intersection Simple) [115]. 

 
Figure 4.13. SAC-D training progress in complex intersection environment [115]. 

Figure 4.14 shows the ego vehicle trajectory in the complex intersection scenario under the 
learned SAC-D policy. The ego vehicle approaches the intersection from the north entry, executes 
the required left-turning maneuver, and reaches the target exit while maintaining a smooth path. 
Compared with the simple intersection case in Figure 4.10, the complex intersection introduces 
denser traffic flows. As a result, the ego vehicle in the complex setting requires more careful 
decision-making near the intersection center to ensure safe navigation. Despite the presence of 
multiple surrounding vehicles in conflicting streams, the ego vehicle successfully completes the 
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navigation task without collisions, indicating that the learned policy can handle interactive 
decision-making under complex traffic conditions. The path also remains well aligned with the 
lane centerline and exhibits no abrupt lateral oscillations. Overall, these results demonstrate that 
the proposed hierarchical control framework achieves robust and scalable performance, enabling 
the ego vehicle to navigate safely and efficiently in both simple and complex intersection 
environments. 

 
Figure 4.14. SAC-D On complex intersection environment (Video: Intersection Complex) [115]. 

To further evaluate the robustness of the proposed control framework under challenging 
traffic conditions, a dense traffic roundabout scenario is specifically constructed as a worst-case 
execution environment. This scenario introduces significantly increased traffic density and multi-
directional vehicle interactions, resulting in frequent interaction with surrounding vehicles and 
limited maneuvering space. Figure 4.15 illustrates the training performance of the SAC agent in 
this dense roundabout environment. At the early stage of training, the agent exhibits relatively low 
rewards, indicating unstable and poor driving strategy under randomly initialized policies. 
Compared to simpler scenarios, the dense roundabout presents higher complexity due to 
continuous interactions with surrounding vehicles, making it difficult for the agent to complete the 
navigation task during initial exploration. As training progresses, the total episode reward increases 
steadily and reaches a higher average level, while the episode length gradually stabilizes. After 
approximately 1000 episodes, the training process becomes relatively stable. The total reward 
fluctuates around a high value with moderate variance, and the episode length remains within a 
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stable range. These results demonstrate that the SAC agent converges on a stable and near-optimal 
policy, capable of handling highly complex and interactive traffic conditions. 

 
Figure 4.15. SAC-D training progress in roundabout with dense traffic [115]. 

Figure 4.16 shows an exemplary path of the ego vehicle in the dense traffic roundabout 
scenario. Despite the presence of multiple surrounding vehicles and frequent interactions, the ego 
vehicle is able to identify a feasible path in traffic and successfully navigate through the 
roundabout and reach the target exit. The resulting trajectory is smooth and collision-free, 
demonstrating effective decision-making and control under dense traffic conditions. This result 
indicates that the proposed framework can handle complex multi-vehicle interactions and can 
reliably guide the ego vehicle through dense traffic environments, further validating its 
effectiveness and robustness. 

The complete demo video link with detailed explanation is provided here: Complete Demo 
Video. 

4.3.2.2 HIL Setups and Testing Results 

The HIL test is performed to further evaluate the real-time performance of the proposed 
control framework under challenging traffic conditions. Figure 4.17 illustrates the HIL setup for 
evaluating the proposed hierarchical control framework. In this configuration, the vehicle dynamic 
model implemented in Simulink runs in real time on the SCALEXIO simulation computer (bottom 
left). The proposed HOCLF-HOCBF-QP-based low-level controller is deployed on the 
MicroAutoBox (MABX, bottom right in the figure). Meanwhile, the virtual traffic environment 
and the SAC-based high-level decision-making agent are executed on a separate computer (top of 
the figure). These components communicate through the CAN bus and Ethernet using the UDP 
protocol, enabling comprehensive evaluation of the overall system within a real time traffic 
environment. 
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Figure 4.16. SAC-D On roundabout with dense traffic environment (Video: Roundabout Dense Traffic) [115]. 

 
Figure 4.17. HIL setup for evaluating the proposed hierarchical control framework [115]. 

Figure 4.18 illustrates the HIL test result of the proposed hierarchical control framework 
in the complex roundabout traffic environment. As shown in the figure, the experimental results 
are consistent with the simulation results. The ego vehicle is able to generate a smooth and 
collision-free path while interacting with surrounding traffic participants. Furthermore, the vehicle 
successfully navigates through the roundabout and reaches the designated destination without 
entering into unsafe regions with other road users. These results demonstrate the effectiveness of 
the proposed framework’s real-time capability in handling complex traffic scenarios. 
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Figure 4.18. HIL test in complex roundabout traffic environment (Video: Roundabout Complex HIL) [115]. 

4.3.2.3 Comparison of Results 

Table 4.5 summarizes the collision rates of different methods across various traffic 
scenarios, evaluated over 300 episodes. The results show that the proposed SAC+HOCLF-
HOCBF-QP decision making consistently outperforms DDQN+PID and a random policy across 
all scenarios, achieving the lowest collision rates. In relatively simple scenarios, such as the 
roundabout simple case, both DDQN+PID and SAC+HOCLF-HOCBF-QP significantly improve 
over the random policy, with SAC+HOCLF-HOCBF-QP providing further performance gains. In 
more complex scenarios, such as intersections with dense traffic conditions, the performance gap 
becomes more pronounced. Also, in the intersection scenarios, DDQN+PID performs similarly to 
the random policy, indicating its limited capability in handling complex interactions. In contrast, 
SAC+HOCLF-HOCBF-QP maintains significantly lower collision rates, demonstrating better 
robustness and adaptability. These results suggest that SAC+HOCLF-HOCBF-QP is more 
effective in learning stable and safe policies in highly interactive environments, while DDQN+PID 
struggles to generalize under increased complexity. 

Table 4.5. Collision Rate Table [115]. 

Traffic Scenarios Random DDQN+PID SAC+HOCLF-HOCBF-QP 
Roundabout Simple 44.3% 19.3% 13.7% 
Roundabout Complex 54.0% 22.7% 19.3% 
Intersection Simple 36.3% 36.7% 21.0% 
Intersection Complex 56.3% 52.3% 27.7% 
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Table 4.6 presents the average task completion times of different methods across various 
traffic scenarios. It can be observed that the proposed method (SAC + HOCLF-HOCBF-QP) 
generally requires longer time to complete the task compared to SAC+PID and DDQN+PID. This 
behavior is mainly due to the safety constraints enforced by the HOCBF-based controller. In 
potentially unsafe situations, the controller modifies the control inputs to ensure constraint 
satisfaction, such as reducing speed, delaying lane changes, or maintaining safer distances from 
other vehicles. As a result, the vehicle may choose a more conservative driving strategy, leading 
to increased completion time. However, this reflects a trade-off between safety and efficiency, 
where the proposed method prioritizes safe and feasible behaviors over aggressive or risky actions. 

Table 4.6. Task Completion Time [115]. 

Traffic Scenarios SAC+PID DDQN+PID SAC+HOCLF-HOCBF-QP 
Roundabout Simple 4.904 s 4.774 s 12.8 s 
Roundabout Complex 4.636 s 4.946 s 7.8 s 
Intersection Simple 4.014 s 4.012 s 5.2 s 
Intersection Complex 6.820 s 6.854s 16.8 s 

 

4.4 Chapter Conclusions and Future Work 

This chapter presented a hierarchical autonomous driving decision-making and control 
framework that integrates deep reinforcement learning (DRL)-based high-level planning with a 
HOCLF-HOCBF-QP-based low-level controller. The proposed architecture separates strategic 
decision-making from safety-critical control execution. The high-level DRL agent generates 
discrete lane-level maneuver decisions, while the low-level controller ensures accurate trajectory 
tracking and collision avoidance through optimization-based stability and safety constraints. 

The framework was first evaluated using a DDQN-based high-level decision-making agent 
in a multi-lane highway environment. This preliminary study verified the feasibility of the 
proposed hierarchical architecture, demonstrating that the high-level planner can generate 
appropriate lane-changing decisions for obstacle avoidance, while the low-level controller can 
safely and accurately execute these decisions. The DDQN-based results also confirmed the 
modularity of the framework, showing that the decision-making agent and low-level controller can 
be developed, tested, and improved independently. 

After the feasibility of the hierarchical structure was validated, the study was further 
extended to more complex and safety-critical traffic environments, including roundabout and 
urban intersection scenarios. In these environments, SAC-D was adopted as the primary high-level 
decision-making algorithm, while DDQN was used as a baseline for performance comparison. 
Simulation results have demonstrated that the SAC-D-based planner, when integrated with the 
HOCLF-HOCBF-QP low-level controller, enables the ego vehicle to perform robust, efficient, and 
collision-free maneuvers in complex multi-agent traffic environments. Compared with the DDQN-
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based agent, SAC-D provides stronger exploration capability and more stable policy learning, 
making it more suitable for challenging scenarios that require merging, yielding, lane selection, 
and exit planning. 

The proposed hierarchical framework combines the advantages of learning-based decision-
making and constraint-based control. Compared with traditional optimization-based methods such 
as MPC, the high-level DRL planner reduces the need to solve large-scale planning problems 
online and improves adaptability in dynamic traffic environments. Compared with end-to-end 
reinforcement learning approaches, the proposed framework provides better interpretability and 
safety assurance by explicitly separating decision-making from low-level control. The low-level 
HOCLF-HOCBF-QP controller acts as a safety-critical execution layer, ensuring that learned high-
level decisions are implemented while satisfying stability and collision avoidance constraints. 

Overall, the results confirm that the proposed DDQN/SAC-D + PID/HOCLF-HOCBF-QP 
hierarchical architecture provides a reliable, interpretable, and scalable solution for autonomous 
navigation in complex traffic environments. The DDQN-based experiments validate the basic 
feasibility and modularity of the framework, while the SAC-D-based experiments demonstrate 
improved decision-making performance in more challenging roundabout and intersection 
scenarios. 

Future work will focus on more realistic and comprehensive validation of the proposed 
framework. First, Vehicle-in-Virtual-Environment (VVE)-based testing [96], [97] will be 
conducted to evaluate the framework under more realistic vehicle operation conditions. Second, 
high-fidelity nonlinear vehicle dynamics and nonlinear tire models will be incorporated into the 
simulation environment to further assess robustness under more complex driving conditions. 
Although the controller may still be designed based on a linearized vehicle model, its performance 
and safety will be evaluated under more realistic nonlinear dynamics. Third, the high-level action 
space will be further investigated, including refined or adaptive action discretization, to improve 
decision-making flexibility in complex traffic interactions. Finally, more sophisticated reward 
functions, sensitivity analyses, and ablation studies will be conducted to better understand the 
contribution of each module and further improve performance in dense and highly interactive 
traffic scenarios. 
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Chapter 5: Vehicle-in-Virtual-Environment (VVE) Approach 
for Autonomous Driving Function Evaluation 

5.1 Introduction 

The development and validation of advanced driver assistance systems (ADAS) and 
autonomous driving functions typically follow a progressive testing pipeline. In industry practice, 
this process usually begins with Model-in-the-Loop (MIL) simulations [98], followed by 
Hardware-in-the-Loop (HIL) experiments [99], [100], [101], [102], [103], proving ground testing, 
and finally public road testing. As the testing stage advances, the system gradually incorporates 
more physical hardware and operates under increasingly realistic driving conditions. MIL 
simulations provide a fully virtual environment for early-stage algorithm development, while HIL 
testing introduces physical electronic control units and real hardware components into the 
validation process that runs in real time. Both MIL and HIL methods rely on vehicle models with 
different levels of fidelity, including longitudinal, lateral, and vertical dynamics, to approximate 
the behavior of the real vehicle. 

Although MIL and HIL testing are efficient and safe, their accuracy is inherently limited 
by the fidelity of the vehicle models and environmental assumptions used in simulation. In contrast, 
proving ground and public road testing provide higher realism because the actual vehicle is tested 
under physical driving conditions. However, these methods are costly, time-consuming, and 
difficult to use for evaluating rare or safety-critical traffic scenarios. Public road testing is 
especially inefficient for validating edge cases, since encountering rare hazardous events may 
require extensive driving over millions of miles. More importantly, public road testing of beta 
versions of ADAS or AV functions, especially as part of a series produced vehicle, may expose 
surrounding road users to unnecessary risk, raising significant safety and ethical concerns. 

To address these limitations, this chapter introduces the Vehicle-in-Virtual-Environment 
(VVE) method as an intermediate validation approach between simulation-based testing and public 
road testing [96], [97], [104], [105], [106]. The key idea of VVE is to operate a real vehicle in a 
controlled physical environment while surrounding traffic participants, obstacles, and hazardous 
scenarios are generated virtually using a real timer operated edge or cloud-based game engine type 
simulator. It is also possible to incorporate real multiple actors (AVs, vehicles, pedestrians, 
bicyclists etc.) at separate locations safely into the shared virtual environment of VVE. In this way, 
VVE preserves the real vehicle dynamics and actuator responses that are difficult to fully capture 
in simulation, while avoiding the safety risks associated with testing dangerous scenarios on public 
roads. Compared with traditional MIL and HIL methods, VVE reduces the dependence on high-
fidelity vehicle modeling because the actual vehicle is directly involved in the testing process. 
Compared with public road testing, VVE provides a safer, more repeatable, and more cost-effective 
way to evaluate autonomous driving functions under rare and high-risk traffic conditions. 
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Another important advantage of the VVE framework is its suitability for vehicle-to-
everything (V2X) and vehicle-to-pedestrian (V2P) communication research. V2X includes all 
communication between the ego vehicle and the other road actors and includes V2P systems that 
are designed to improve vulnerable road user (VRU) safety by enabling information exchange 
between vehicles and pedestrians or bicyclists through mobile devices, wireless communication 
units, or other connected technologies. By integrating V2P communication into the VVE 
framework, real pedestrians or bicyclists can be introduced into controlled test scenarios using the 
synchronized motion of their virtual avatars that the real vehicle responds to. This enables safe and 
repeatable evaluation of V2P-enabled collision avoidance functions without placing real 
vulnerable road users in dangerous situations. 

In addition to presenting the VVE testing framework, this chapter also discusses the 
simplified modeling of the real test vehicle for controller design. Although VVE testing uses the 
actual vehicle during validation, a simplified vehicle model is still required for designing and 
implementing model-based controllers. Therefore, this chapter introduces a simplified vehicle 
dynamic model that captures the essential longitudinal and lateral behaviors of the real vehicle 
while remaining tractable for controller development. Based on this model, the controller can be 
designed and then evaluated through VVE experiments using the actual vehicle in a controlled 
testing environment. This provides a practical bridge between model-based controller design and 
realistic vehicle-level validation. 

5.2 Methodology 

5.2.1 Vehicle-In-Virtual-Environment (VVE) Implementation 

The overall VVE architecture is illustrated in Figure 5.1. In this framework, the real vehicle 
operates in a secure and open testing area, such as a parking lot, while its motion is synchronized 
with a corresponding virtual vehicle in a high-fidelity 3D virtual environment. The virtual 
environment can be flexibly modified to generate different road layouts, traffic participants, and 
safety-critical scenarios. Instead of relying on physical onboard perception sensors, the real vehicle 
receives virtual sensor information generated from the perspective of the synchronized virtual 
vehicle. Based on these virtual sensor inputs, the onboard control unit computes the required 
control commands. These commands are then executed by the real vehicle, and the resulting real-
vehicle motion is fed back to update the virtual vehicle, thereby closing the real-virtual feedback 
loop. 
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Figure 5.1. VVE Architecture [97]. 

The current implementation of the VVE system is shown in Figure 5.2, and the research 
autonomous driving vehicle used for VVE implementation are shown in Figure 5.3. The real 
vehicle is equipped with an RTK-GPS unit, OxTS xNAV500, together with dual antennas to 
provide accurate position and heading measurements. These measurements are received and 
processed by the onboard control unit, a dSPACE MicroAutoBox (MABX). The processed vehicle 
state information is then transmitted from the MABX to the onboard simulation computer through 
Ethernet UDP communication. The simulation computer runs a CARLA-based virtual 
environment. After receiving the real-vehicle GPS information, the virtual environment performs 
coordinate frame transformation and conversion to align the real vehicle motion with the virtual 
world coordinate system. Through this synchronization process, the virtual vehicle moves 
consistently with the real vehicle in the CARLA environment. Virtual perception sensors, such as 
radar and LiDAR, then generate measurements of surrounding virtual traffic participants and 
obstacles from the viewpoint of the virtual vehicle. The virtual sensor data generated are 
transmitted to the decision making computer which sends the low level actuator control commands 
to the MABX through Ethernet UDP communication. Different types of sensor information require 
different processing procedures before being used by the controller. Virtual perception 
measurements, such as radar and LiDAR data, can be directly sent to the decision-making 
computer. In contrast, virtual localization information, such as GPS-based position data, must first 
undergo inverse coordinate transformation and frame conversion before being transmitted back to 
the real vehicle control unit. This ensures that the localization information remains consistent 
between the real-world coordinate frame and the virtual environment coordinate frame. After 
receiving the virtual sensor information and synchronized vehicle states, the decision making 
computer makes the high level decisions and the MABX computes the actuator commands 
required by the autonomous driving controller. These commands are then sent to the real vehicle 
drive-by-wire system through the CAN bus to control vehicle motion. As the real vehicle moves, 
its updated position and heading are measured again by the RTK-GPS system and transmitted back 
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into the virtual environment, completing the closed-loop VVE testing process. Therefore, accurate 
real-virtual coordinate transformation is essential for maintaining synchronization between the real 
vehicle and the virtual vehicle. The details of the frame transformation and conversion procedures 
have already been presented in first and second year reports [4], [5]. 

 

 

Figure 5.2. Implemented VVE Architecture [97]. 

 

Figure 5.3. AV used for VVE implementation [97]. 

5.2.2 Vehicle-To-Pedestrian (V2P) Implementation 

Vehicle-to-Pedestrian (V2P) communication is an important technology for improving 
vulnerable road user (VRU) safety, as it enables vehicles to obtain pedestrian-related information 
beyond the direct sensing range of onboard perception systems. When integrated with the Vehicle-
in-Virtual-Environment (VVE) framework, V2P communication allows real pedestrian motion 
data to be introduced into the virtual environment. In this way, VRU-related safety functions can 
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be evaluated under controlled and repeatable conditions without exposing real pedestrians to 
dangerous traffic scenarios. 

Figure 5.4 illustrates the basic concept of the integrated VVE-V2P testing framework. In 
the real world, the real vehicle and the real pedestrian operate in separate safe spaces. The real 
pedestrian carries a smartphone, which collects motion-related information such as GPS position 
and heading. Through frame transformation, the pedestrian’s real-world motion is mapped into the 
virtual environment, where a corresponding virtual pedestrian is generated. At the same time, the 
real vehicle is synchronized with a virtual vehicle in the same virtual environment. As a result, 
although the real vehicle and real pedestrian remain physically separated, their virtual counterparts 
can interact within the same traffic scenario. This setup enables safe evaluation of pedestrian-aware 
autonomous driving functions and V2P-based collision avoidance strategies. 

 

Figure 5.4. Conceptual Illustration of the Integrated VVE-V2P Testing Framework [97]. 

In our previous work, we used our own Android app and Bluetooth 5.x to communicate 
between smartphones. To make the approach more widespread and easier to develop and use for 
the students being trained, we decided to use the Matlab Mobile App as it allows us to easily 
program both iPhones and Android phones even though our previous Android app was much more 
capable. We also moved to an over-the-cloud server communication approach as compared to 
using Bluetooth 5.x, which considerably increases the location possibilities for the actors taking 
part in VVE. The low latency of this communication approach has been determined experimentally 
[107].   As shown in Figure 5.5, the proposed VVE-V2P system is mainly implemented through 
MATLAB-based tools. A commercial smartphone carried by the pedestrian is used as a mobile 
sensing device to collect real-time pedestrian information, including GPS position, yaw angle, and 
motion-related sensor measurements. These data are acquired through the MATLAB Mobile App 
and uploaded to MATLAB Cloud. The onboard computer connected to the VVE system then 
accesses the cloud data through the network and downloads the pedestrian information in real time. 
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In this way, the vehicle can obtain real-time pedestrian state information without relying solely on 
onboard perception sensors. 

 

Figure 5.5. VVE-V2P Architecture Overview [107]. 

After pedestrian information is received by the onboard computer, it is transformed from 
the real-world geographic coordinate system into the virtual environment coordinate frame. The 
transformed pedestrian position and heading are then used to generate and control a virtual 
pedestrian in the VVE environment. Meanwhile, the real vehicle motion is synchronized with a 
virtual vehicle through the existing VVE real-virtual synchronization process. The virtual 
environment can then provide virtual sensor information, such as virtual camera, LiDAR, radar, 
GPS, and pedestrian state data, to the vehicle control system. Based on these inputs, the vehicle 
controller computes the corresponding control commands, which are executed by the real vehicle 
through its drive-by-wire actuator interface. 

To obtain pedestrian motion information, the proposed V2P system utilizes the MATLAB 
Mobile application to access the internal sensors of a commercial smartphone carried by the 
pedestrian. As shown in Figure 5.6, MATLAB Mobile provides access to multiple sensor channels, 
including position, orientation, and inertial measurements. The position sensor provides the 
pedestrian’s global location information, including latitude and longitude, together with the 
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horizontal accuracy radius. This accuracy value indicates the uncertainty of the GPS measurement 
and can be used to assess the reliability of the pedestrian position estimate. 

 

Figure 5.6. MATLAB Mobile App [107]. 

The orientation sensor provides the absolute heading of the smartphone relative to 
magnetic north, where the azimuth angle is used to approximate the pedestrian’s facing direction. 
In addition, inertial measurements, such as acceleration along the X, Y, and Z axes, can be used to 
detect pedestrian motion patterns, identify walking steps, and estimate short-term velocity changes. 
Together, these sensor measurements provide the essential pedestrian state information required 
for V2P-based safety evaluation. Overall, the integrated VVE-V2P framework enables a real 
vehicle to interact with a virtual pedestrian whose motion is driven by real-world human movement 
data. This approach combines the realism of real pedestrian motion, the safety of virtual traffic 
interaction, and the repeatability of simulation-based testing. Therefore, it provides a practical 
platform for evaluating VRU related autonomous driving functions. It should be noted that the 
human actor motion in the Unreal Engine virtual reality environment had to be fine tuned in order 
to have realistic motion of the corresponding avatar and reduce jitter and floating feet. We are also 
working with using a camera and bones to relay human limb motion more realistically to the avatar. 
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5.3 Results 

5.3.1 Vehicle-In-Virtual-Environment (VVE) Test Results 

Figure 5.7 presents the synchronization result between the real vehicle and the virtual 
vehicle in the VVE framework. Figure 5.7(a) shows the vehicle trajectory obtained from the real-
world RTK-GPS measurements after frame transformation, while Figure 5.7(b) shows the 
corresponding trajectory mapped into the virtual environment. The recorded trajectory is smooth 
and continuous, indicating that the vehicle position and heading information are consistently 
captured during the test. As shown in Figure 5.7(b), the transformed trajectory is successfully 
aligned with the road geometry in the virtual environment. The virtual vehicle follows the same 
overall motion pattern as the real vehicle, including the straight driving segment and the turning 
maneuver. The consistency between the real-world trajectory in Figure 5.7(a) and the virtual 
trajectory in Figure 5.7(b) demonstrates that the proposed frame transformation can accurately 
synchronize real vehicle motion with its virtual counterpart. The results demonstrate that 
satisfactory synchronization between the real-world and virtual-world motions has been achieved. 

 

 

Figure 5.7. VVE synchronization test: (a) Motion trajectory in the real world; (b) Motion trajectory in the virtual world 
[97]. 

5.3.2 Vehicle-To-Pedestrian (V2P) Test Results 

Figure 5.8 shows the pedestrian motion synchronization result between real world and 
virtual world. The red markers represent the raw GPS position updates obtained from the 
smartphone, while the blue curve denotes the smoothed pedestrian trajectory estimated by fusing 
the available sensor measurements through a Kalman filter–based approach. The green triangle 
indicates the initial pedestrian position. As shown in the figure, the raw GPS measurements exhibit 
noticeable scatter and noise, which is expected given the limited accuracy of smartphone sensors. 
If these raw measurements were used directly, the resulting pedestrian motion in the virtual 
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environment would be unstable and unrealistic. After applying the Kalman filter and combining 
multiple sensor sources, the estimated pedestrian trajectory becomes significantly smoother and 
more continuous, while still preserving the overall motion trend of the pedestrian. 

 

Figure 5.8. MATLAB Mobile App [107]. 

This result demonstrates that the proposed sensor fusion approach can effectively improve 
the quality of pedestrian localization for V2P applications. The filtered pedestrian position estimate 
is then transformed from the real-world coordinate frame into the Unreal Engine coordinate system 
through the frame transformation process. After this transformation, the estimated pedestrian 
motion can synchronize with virtual pedestrians. Therefore, the proposed framework enables the 
motion of a real pedestrian carrying a smartphone to be synchronized with a virtual pedestrian in 
the virtual environment, allowing safe interaction with the real vehicle within the VVE testing 
framework. Demo video link is provided at: V2P Synchronization Video.mp4. 

5.3.3 Real Vehicle Longitudinal Testing 

5.3.3.1 Real Vehicle Longitudinal Model Verification 

To design a longitudinal speed tracking controller for the real testing vehicle used in the 
VVE framework, a simplified longitudinal vehicle model is first proposed and verified using 
experimental data. Although the VVE framework uses the actual vehicle during testing, a realistic 
and reliable vehicle model is still required for model-based controller development. Therefore, the 
longitudinal motion of the vehicle is approximated using a first-order system. The transfer function 
of the simplified longitudinal model is represented as: 
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 𝐺(𝑠) =  𝐾𝜏𝑠 + 1 (5.1) 

where 𝐾 is the steady-state gain, and 𝜏 is the time constant of the system. In this study, a 10% 
throttle step response test is conducted while using the OxTS GPS system to record the real vehicle 
speed. Multiple experimental run data are collected to capture the vehicle’s longitudinal response 
under the same throttle input. Figure 5.9 shows the recorded 10% throttle step response results and 
the fitted first-order model. The solid curves represent the measured vehicle speed profiles from 
different experimental runs, while the red dashed curve represents the fitted first-order response. 
Due to the uneven surface of the testing area, the experimental data exhibit two distinct response 
groups, corresponding approximately to slightly uphill and slightly downhill driving conditions. 
Based on the experimental data, the longitudinal model parameters are calculated using Equations 
5.2 and 5.3: 

𝐾 =  𝑣௦௦ − 𝑣଴𝑢௦௧௘௣  (5.2) 

𝑣(𝜏) =  𝑣଴ + 0.632(𝑣௦௦ − 𝑣଴) (5.3) 

 

As a result, the corresponding parameter is 𝐾 = 0.75 and 𝜏 = 9 s. Under a 10% throttle 
input, the identified model predicts a steady-state speed of approximately 7.5 m/s. As shown in the 
figure, the simplified first-order model captures the overall acceleration trend of the real vehicle. 
Although variations exist among different experimental runs due to road conditions, vehicle 
operating conditions, and measurement noise, the fitted model provides a reasonable 
approximation of the average longitudinal behavior. Therefore, the identified first-order model is 
suitable for controller design and preliminary validation within the VVE-based testing framework. 
A similar step response experiment is conducted to identify and verify the braking behavior of the 
real vehicle. In this test, a 25% brake command is applied while the vehicle is traveling at an initial 
speed of approximately 6.5 m/s. The vehicle speed is still recorded using the OxTS GPS system, 
and the collected data is used to fit a simplified first-order braking model. 
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Figure 5.9. 10% throttle step response. 

Figure 5.10 shows the recorded 25% brake step response results and the fitted first-order 
braking model. The solid curves represent the measured vehicle speed profiles from multiple 
experimental runs, while the red dashed curve represents the fitted first-order response. As shown 
in the figure, the vehicle speed decreases rapidly after the brake command is applied and then 
gradually approaches a low-speed steady-state region. Although variations exist among different 
experimental trials, the fitted first-order model captures the overall deceleration trend of the real 
vehicle. As a result, the corresponding parameter is 𝐾 = 0.23 and 𝜏 = 10.82 s. 

 

Figure 5.10. 25% brake step response. 



75 
 

Together with the 10% throttle step response test, the 25% brake step response experiment 
provides the essential longitudinal acceleration and deceleration pattern of the real vehicle. These 
first order simplified longitudinal models can be used to design longitudinal speed control and its 
preliminary MIL simulation validation before the controller is evaluated in the VVE testing 
framework. 

5.3.3.1 Real Vehicle Longitudinal Controller Testing 

Figures 5.11 and 5.12 show the step response results of the designed longitudinal speed 
controllers for throttle and braking, respectively. In Figure 5.11, the throttle controller is evaluated 
by commanding the vehicle speed to track a constant reference speed of 25 km/h (6.944 m/s). The 
response shows that the vehicle speed increases rapidly from rest, exhibits a moderate overshoot, 
and then gradually converges to the desired speed. The final response remains close to the 
reference value, indicating that the designed throttle controller can effectively regulate the vehicle 
speed with small steady-state errors. Figure 5.12 presents the braking controller response, where 
the vehicle speed is reduced from 25 km/h (6.944 m/s) to a lower reference speed of 15 km/h 
(4.167 m/s). The response decreases smoothly after the braking command is applied, with a slight 
undershoot before converging back to the desired speed. This behavior indicates that the braking 
controller can effectively reduce the vehicle speed and maintain stable tracking of the lower speed 
reference. 

 

 

Figure 5.11. Throttle PID Step Response with 𝐾௣  =  7.5063 ൈ 1.6 and 𝐾௜ =  7.5063. 



76 
 

 

Figure 5.12. Brake PID Step Response with 𝐾௣  =  20.36 ൈ 1.9 and 𝐾௜ =  20.36. 
Figure 5.13 presents the real-vehicle longitudinal PID speed tracking test results using a 

target speed of 15 km/h (4.17 m/s). The red dashed line represents the desired reference speed, 
while the solid curves represent the measured vehicle speed responses from multiple experimental 
runs. As shown in the figure, the vehicle initially accelerates rapidly from rest and reaches a peak 
speed above the reference value, indicating a noticeable overshoot during the transient response. 
After the overshoot, the controller gradually reduces the vehicle speed to desired value. Although 
small oscillations can be observed during the settling stage, the measured responses converge to 
the reference speed after approximately 20 seconds and remain close to the desired value for the 
rest of the experiment. The consistency among different experimental runs indicates that the 
designed longitudinal controller can help the real vehicle track desired speed. In general, the 
controller achieves small steady-state error and stable speed tracking after the transient phase, 
demonstrating its effectiveness for basic longitudinal control in the VVE testing framework. 

 

Figure 5.13. real-vehicle longitudinal PID testing. 
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5.3.4 Real Vehicle Lateral Testing 

5.3.4.1 Real Vehicle Lateral Model Verification 

In addition to the longitudinal vehicle model, a simplified lateral vehicle model is also 
required for lateral controller design in the VVE testing framework. Although the actual vehicle is 
used during VVE experiments, a tractable model is necessary for model-based controller 
development and preliminary validation. Therefore, a linear vehicle lateral dynamic model is 
adopted to describe the lateral motion and yaw dynamics of the real vehicle. The proposed model 
is described in chapter 3 Equation 3.1. The main vehicle parameters used in the lateral model are 
summarized in Table 5.1. 

Table 5.1. Parameters of the linear vehicle lateral dynamic model used for controller design. 

Symbol Parameter Value 𝑉 Center-of-gravity (CG) velocity 4.17 m/s 
m Mass 1,998 kg 𝐼௭ Yaw moment of inertia 3,728 kgm2 𝐶௙ Front tire cornering stiffness 189,000 N/rad 𝐶௥ Rear tire cornering stiffness 167,000 N/rad 𝑙௙ Distance between CG and front axle 1.30 m 𝑙௥ Distance between CG and rear axle 1.55 m 𝑊 Width of the vehicle 2.11 m 𝐿௦ Look ahead distance 4 m 

 

To verify the proposed lateral model, real-vehicle experimental data are collected. The 
measured yaw rate is selected as the primary validation signal because it directly reflects the 
vehicle’s lateral response and turning behavior, and it can be reliably obtained from the OxTS GPS 
system. The steering input and longitudinal speed measured from the real vehicle are applied to 
the lateral vehicle model, and the simulated yaw rate response is compared with the measured yaw 
rate from the experiment. After tuning of the key lateral model parameters, the simulated yaw rate 
response shows good agreement with the measured yaw rate of the real vehicle as shown in Figure 
5.14. The model provides a reasonable approximation of the real vehicle’s lateral behavior for 
controller design. Based on this verification result, the proposed vehicle lateral dynamic model is 
used as the basis for subsequent lateral controller development. The controller is designed using 
this model and then evaluated within the VVE framework using the real vehicle, allowing the 
proposed control strategy to be tested under more realistic vehicle-level conditions. 
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Figure 5.14. Yaw rate response comparison: (a) Right Turn; (b) Left Turn; (c) & (d) Slalom Motions. 

5.3.4.2 Real Vehicle Lateral Controller Testing 

In this project, the PD path tracking controller is designed using the parameter space 
approach, the details of which can be found in [108]. The parameter space approach is a systematic 
method employed in control design to understand how variations in control parameters impact 
system stability, performance, and robustness [109]. This approach is particularly useful when 
designing PID controllers. By adjusting the two control gains 𝐾௣ and 𝐾ௗ, the poles of the system 
can be calculated and evaluated using D-stability which a subset of Hurwitz stability that requires 
poles to reside within a selected, bounded region in the left half of the plane. By utilizing the 
boundary crossing theorem, a set of control gains can be identified that ensure the closed-loop 
system meets D-stability criteria. Figure 5.15 shows the D stability region in the complex plane. 
There are five potential ways to cross the D-stability boundary. By plotting all five boundaries, an 
optimal region can be identified for selecting control gains. 
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Figure 5.15. D-stability. 

Figure 5.16 (a) displays the calculated optimal region satisfying D-stability using the 
parameter space approach for 𝐾௣  and 𝐾ௗ . The control gains located within the D-stability 
boundary (upper right) ensure that the closed-loop system achieves D-stability. Based on this 
analysis, 𝐾௣ = 0.1  and 𝐾ௗ = 0.054  are selected. After determining the controller gains 𝐾௣ and 𝐾ௗthrough the parameter-space method, the closed-loop poles corresponding to the selected gain 
were recalculated to verify D-stability of the system. As shown in Figure 5.16(b), the pair of system 
poles are located within the prescribed D-stability region, which indicates that the closed-loop 
system is asymptotically stable and satisfies the required constraints. Therefore, the pole-location 
analysis verifies that the 𝐾௣and 𝐾ௗvalues selected using the parameter space approach can provide 
the expected closed-loop stability and transient performance. 

 

 
Figure 5.16. Parameter Space Design: (a) 𝐾௣ and 𝐾ௗ Selection; (b) D-stability Check. 

Figure 5.17 shows the lateral control experiment results using the designed PD controller. 
The blue dashed curve represents the reference trajectory, the red dashed curve represents the 
simulation result, and the solid curves represent the real-vehicle experimental data from multiple 
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trials. As shown in the figure, the real-vehicle trajectories show similar response patterns across 
different experimental runs, indicating good repeatability of the lateral control experiment. A small 
difference can still be observed between the simulation and real-vehicle results. Compared with 
the simulation response, the real-vehicle data exhibit a slight tracking delay, particularly during 
the lane-change maneuver, as well as a moderate lateral overshoot. The lateral position reaches a 
peak of approximately 5.5 m relative to the desired value of 4.5 m, corresponding to an overshoot 
of approximately 22%. Such discrepancies are expected in real-vehicle experiments because of 
actuator dynamics, communication and measurement delays [53], [110]. Also, the linear lateral 
dynamic model used for controller design and simulation cannot fully capture the real vehicle 
dynamics. Despite these differences, the real-vehicle trajectory remains close to the simulation 
result and gradually converges to the reference path after the transient response. 

 

Figure 5.17. real-vehicle longitudinal PD testing. 

Figure 5.18 presents the steering-wheel-angle signals recorded during the real-vehicle PD 
controller test. The yellow curve represents the steering angle calculated by the PD controller, the 
red curve represents the command sent to the steering actuator after applying the rate-limiting and 
saturation constraints, and the blue curve represents the actual steering angle measured from the 
actuator. The calculated steering input remains well within the specified upper and lower saturation 
limits throughout the experiment. The rate limiter effectively smooths rapid variations in the 
calculated input before it is sent to the actuator. Moreover, the measured steering angle closely 
follows the commanded signal, with only minor deviations and an estimated response delay of 
approximately 0.2 s. These results confirm that the calculated steering input is feasible for real-
vehicle implementation and that the steering actuator provides satisfactory command-tracking 
performance. 
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Figure 5.18. vehicle steering wheel plot. 

Overall, these results demonstrate the feasibility of real-vehicle lateral control 
implementation, while also highlighting the need for further controller tuning and model 
refinement before applying the controller to more safety-critical VVE experiments. The 
comparison also confirms the importance of real-vehicle validation, since a controller that 
performs well in simulation may still exhibit different transient behavior on the actual vehicle. 

5.3.5 VVE Collision Avoidance Algorithm Evaluation Demonstration 

To demonstrate that the proposed virtual vehicle environment (VVE) has the capability to 
develop and evaluate autonomous driving functions, an additional VVE-based demonstration is 
introduced. In this demonstration, a stationary obstacle vehicle is placed in the virtual environment, 
while the ego vehicle performs a single lane-change maneuver to avoid a potential collision. The 
same maneuver is then conducted using the real vehicle, and the recorded vehicle states and 
tracking data are imported into the virtual environment for synchronized visualization and 
evaluation. A demonstration video is also provided to show the complete workflow and the 
interaction between the virtual traffic environment and the real vehicle. Video Link is provided 
here: video link. 

5.4 Chapter Conclusions 

This chapter presented the Vehicle-in-Virtual-Environment (VVE) framework for realistic, 
efficient and safe evaluation of autonomous driving functions. Compared with conventional testing 
methods such as Model-in-the-Loop (MIL), Hardware-in-the-Loop (HIL), proving ground testing, 
and public road testing, the VVE approach provides a practical intermediate solution that combines 
the realism of real-vehicle dynamics with the flexible virtual traffic environment. By operating the 
real vehicle in a large safe testing area while synchronizing its motion with a virtual vehicle in a 
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virtual environment, the VVE framework enables safety-critical scenarios to be evaluated without 
exposing real road users to unnecessary risk. 

In addition, this chapter introduced the integration of Vehicle-to-Pedestrian (V2P) 
communication into the VVE framework for vulnerable road user safety evaluation. This 
integrated VVE-V2P framework allows pedestrian-aware autonomous driving functions to be 
tested safely and repeatedly without requiring a real pedestrian to be placed in dangerous vehicle 
interaction testing scenarios. 

To design controller for real-vehicle implementation, simplified longitudinal and lateral 
vehicle dynamic models were also developed and verified in this chapter. For longitudinal 
dynamics, throttle and braking step response experiments were conducted, and simplified first-
order models were adopted to capture the major acceleration and deceleration behavior of the real 
vehicle. Based on the first order longitudinal model, speed controllers were designed and tested 
through both simulation and real-vehicle experiments. The results showed that the controller can 
help ego-vehicle to track desire speed with acceptable steady-state tracking performance. 

For lateral dynamics, a lateral vehicle dynamic model was proposed and verified using 
real-vehicle experimental data. The yaw rate response was selected as the primary validation signal 
because it directly reflects the vehicle’s turning behavior. After tuning the key model parameters, 
the simulated yaw rate response showed reasonable agreement with the measured vehicle yaw rate, 
providing a basis for lateral controller design. A PD-based lateral controller was then evaluated 
through real-vehicle experiments. The results demonstrated the feasibility of real-vehicle lateral 
control implementation, although the observed overshoot and model mismatch also indicated the 
need for further controller tuning and model refinement [108], [109], [111], [112], [113], [114]. 
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Chapter 6: Conclusions and Future Work 

Ensuring the safety of vulnerable road users (VRUs), such as pedestrians and bicyclists, 
has already become a critical challenge that modern cities must confront. Autonomous driving 
systems provide a promising solution by reducing human-error-related accidents and improving 
the safety, efficiency, and reliability of transportation systems even in complex urban environments. 

This research has aimed to address several key challenges in VRU safety by improving 
decision-making, vehicle control, and system evaluation. The main contributions of this research 
are summarized as follows: 

(1) A HOCLF-HOCBF-QP-based low-level control strategy was proposed to 
simultaneously ensure accurate trajectory tracking and collision avoidance. The proposed 
controller improved both the safety and robustness of ego-vehicle control in complex traffic 
environments.  

(2) A hierarchical autonomous driving framework was developed by integrating a deep 
reinforcement learning (DRL)-based high-level decision-making agent with the proposed 
HOCLF-HOCBF-QP low-level controller. The framework enabled safe, smooth, and efficient 
navigation of ego-vehicles. In addition, different DRL algorithms including SAC-D, DDQN, etc. 
were systematically compared and evaluated in this study.  

(3) A Vehicle-in-Virtual-Environment (VVE) approach was introduced to evaluate 
autonomous driving systems under complex and high-risk traffic scenarios involving VRUs. VVE-
based real-vehicle experiments are performed to demonstrate its effectiveness for realistic ADAS 
evaluation and validation.  

In this project, the low-level controller was first developed based on the High-Order 
Control Lyapunov Function and High-Order Control Barrier Function Quadratic Programming 
framework. The HOCLF constraints ensured system stability and accurate path tracking, while the 
HOCBF constraints provided formal safety constraints to prevent the ego vehicle from entering 
unsafe regions around surrounding road users and obstacles. The controller was systematically 
evaluated through model-in-the-loop simulations, hardware-in-the-loop experiments, and 
representative FARS bicyclist crash cases simulations. These results demonstrated that the 
proposed controller could perform reliable and collision-free path tracking in challenging VRU-
related traffic scenarios. 

Building on the low-level controller, a hierarchical autonomous driving decision-making 
and control framework was developed. A DDQN-based high-level agent was first implemented in 
a multi-lane highway environment to verify the feasibility of hierarchical architecture and its 
ability to generate lane-level obstacle avoidance decisions. The study was then extended to more 
complex roundabout and intersection environments, where SAC-D was adopted as the primary 
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high-level decision-making algorithm and DDQN was used as a baseline for comparison. The 
results showed that the SAC-D-based planner, when integrated with the HOCLF-HOCBF-QP 
controller, can support safe, efficient, and robust autonomous navigation in complex multi-agent 
traffic environments. 

This project also proposed the Vehicle-in-Virtual-Environment testing framework for 
realistic and repeatable evaluation of autonomous driving functions. The VVE system enabled a 
real vehicle operating in a controlled physical testing area to be synchronized with a virtual vehicle 
in virtual traffic environment. This allowed rare, complex, and safety-critical traffic scenarios to 
be tested without exposing real road users to unnecessary risk. In addition, a V2P testing 
framework was integrated into the VVE system. A pedestrian carrying a commercial smartphone 
provided real-time GPS, heading, and motion-related information through the MATLAB Mobile 
App and the MATLAB Cloud. After sensor fusion and coordinate frame transformation, the 
pedestrian motion was synchronized with the virtual pedestrian, enabling safe and repeatable 
evaluation of pedestrian-related autonomous driving functions. In addition to VVE-V2P 
integration, real-vehicle modeling and controller verification were conducted to support VVE-
based autonomous driving tests. 

Overall, this year’s work provided a complete autonomous driving safety research 
framework including safety-critical controller design, DRL-based decision-making, simulation 
evaluation, HIL validation, VVE testing, V2P integration, and real-vehicle controller verification. 
The proposed methods improve the safety and robustness of autonomous driving systems in road 
traffic including VRU interaction scenarios. 

We plan to focus on work zone safety in our year 4 project. Looking ahead, future work 
will focus on further improving the realism, scalability, and experimental validation of the 
proposed framework. High-fidelity nonlinear vehicle models and nonlinear tire models will be 
incorporated to better evaluate controller robustness under realistic vehicle dynamics. More 
advanced DRL algorithms will be investigated to improve performance in dense and highly 
interactive traffic scenarios. Additional sensitivity analyses and ablation studies will be conducted 
to better understand the contribution of each module. Finally, the VVE framework will be further 
extended with mixed-reality technologies, including XR-based pedestrian and driver interaction, 
to enhance the realism and repeatability of VRU safety experiments. 
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