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Autonomous Robots, also known as Autonomous Mobile Robots (AMRs), is considered as the 
transformation of industries by making safe, efficient, and robust operations in unstable environ-
ment and complex ones. However, a significant challenge is ensuring AMRs can navigate safely 
in real-time, especially when faced with unexpected obstacles. The ROS2-based Nav2 stack pro-
vides key navigation capabilities, including localization, path planning, and control, but its limita-
tions remain in handling dynamic obstacles and uncertain environments effectively. 

This thesis dealing with studying the cooperation of Control Barrier Function (CBFs) with the 
Nav2 stack to enhance safety during navigation. CBFs are control techniques that ensure the 
robot stays within a safe set, avoiding collisions while continuing to perform tasks. 

The thesis examines how CBFs can be integrated with existing Nav2 components like plan-
ners, controllers, and perception systems, improving real-time decision-making and robustness 
in dynamic environments. The proposed approach demonstrates significant improvements in 
safety and efficiency, particularly in environments with moving obstacles and unexpected 
changes. 

This work contributes to the field by offering a formal, practical method to enhance the relia-
bility and safety of Nav2-based systems, providing a promising solution for deploying autonomous 
robots in real-world, dynamic settings where safety is critical. 
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1. INTRODUCTION 

Autonomously navigation in dynamic and uncertain environments is a significant 

challenge for mobile robots. The Navigation 2 (Nav2) framework within Robot 

Operating System 2 (ROS2) offers strong capabilities for path planning, control, 

and recovery actions [1]. Nonetheless, it faces challenges in real-time adjustment 

in intricate situations like manoeuvring unexpected obstacles or barriers, main-

taining safe routes, and managing computational limitations. These obstacles re-

strict its autonomy feature and safety in essential uses such as autonomous ve-

hicles and smart logistics. 

 

 

Figure 1. an autonomous robot in Republic of Korea’s streetsb.[5] 

 

 

Integrating Control Barrier Functions (CBFs) into NAV2 may tackle these issues 

by offering mathematically based assurances for safety and effectiveness. This 

thesis explores how the incorporation of CBFs can improve the performance and 
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reliability of NAV2, ultimately resulting in safer and more effective navigation so-

lutions.  

 

1.1 Motivation  

Autonomous navigation systems are becoming increasingly integral to a variety 

of fields, including transportation, logistics, and healthcare. These systems rely 

on robust software frameworks to achieve tasks such as localization, mapping, 

path planning, and obstacle avoidance. Among these frameworks, Navigation2 

(Nav2) in ROS2 has emerged as a prominent solution due to its modularity, scala-

bility, and real-time performance. Nav2 enables robots to operate autonomously 

in both structured and unstructured environments by providing an end-to-end 

navigation stack [1]. However, despite its advancements, Nav2 faces significant 

challenges in dynamic and uncertain environments, particularly when dealing 

with moving obstacles, computational efficiency, and adaptability.  

 

One of the critical limitations of Nav2 is its reliance on traditional local planning 

strategies, such as the Dynamic Window Approach (DWA), which often struggles 

to handle highly dynamic scenarios [1]. These approaches, while effective in 

static environments, rely heavily on reactive strategies and frequent re-planning, 

leading to delays and increased computational overhead. In environments with 

unpredictable obstacles, such as urban settings with pedestrians or warehouses 

with moving equipment, this limitation becomes even more pronounced. Further-

more, Nav2’s reliance on high-quality sensor data makes it susceptible to perfor-

mance degradation in noisy or resource-constrained settings, such as low-cost 

robots or harsh environments [2].  

Another pressing challenge is the adaptability of Nav2 in diverse operational set-

tings. Robots deployed in industrial environments may require different naviga-

tion behaviours compared to those operating in outdoor or residential settings. 

The static nature of some Nav2 configurations necessitates manual tuning for 

each deployment, making it less flexible for multi-environment operations [1].  

In recent years, Control Barrier Functions (CBFs) have gained significant atten-

tion as a promising tool for enforcing safety in real-time systems. CBFs provide 

a mathematically rigorous framework for ensuring that a system’s trajectory re-

mains within a predefined safe set [3]. Unlike traditional reactive methods, CBFs 
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operate proactively, ensuring safety by modifying control inputs in real-time by 

integrating CBFs into Nav2, it is possible to address many of its limitations, such 

as dynamic avoidance of obstacles with decision-making upon safe manners, in 

this thesis, it tries to explore how CBFs can be seamlessly incorporated into the 

Nav2 stack to enhance its capabilities and enable more robust navigation in com-

plex environments.  

The integration of CBFs into Nav2 is motivated by their ability to enforce safety 

constraints while maintaining computational efficiency. CBFs transform safety 

conditions into inequality constraints that are enforced at every time step, allow-

ing robots to operate safely without the need for frequent global re-planning. This 

property is particularly valuable in scenarios where real-time decision-making is 

critical, such as autonomous vehicles navigating through traffic or drones avoid-

ing aerial obstacles [3]. By leveraging the strengths of CBFs, this research aims 

to contribute to the next generation of autonomous navigation systems.  

1.2 Research Objective  

Mainly, the research’s objective is discussing the enhancement of the safety, ca-

pabilities with adaptability, and computational efficiency of the Nav2 framework 

by integrating Control Barrier Functions. The specific goals of this thesis are:  

1. To design and implement a ZCBF-based architecture for dynamic 

obstacle avoidance within Nav2. This involves modifying the local 

planner to incorporate ZCBF constraints, ensuring that the robot’s tra-

jectory remains safe in real-time.  

2. To evaluate the performance of the enhanced architecture across 

various dynamic and resource-constrained scenarios. Testing will 

be conducted in environments with varying levels of complexity to as-

sess the system’s robustness and scalability. 

3. To provide a comparative analysis of the enhanced Nav2 frame-

work with the standard implementation. The analysis will focus on 

key metrics such as collision avoidance, latency, computational load, 

and adaptability in diverse operational contexts.  

 

By acquiring these required goals, this research searches for development con-

tribution of a more robust and efficient autonomous navigation systems, with ap-

plications in fields such as mobile robotics, autonomous cars, and industrial field.  
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1.3 Research Questions  

To deal with the content of the thesis, multiple questions is faced: 

1. How can Zeroing Control Barrier Functions be effectively inte-

grated into Nav2’s local planner to improve dynamic obstacle 

avoidance? This question addresses the core challenge of ensuring 

that robots can safely navigate through dynamic environments without 

frequent re-planning.  

2. What are the computational trade-offs of incorporating CBFs into 

Nav2, particularly in resource-constrained environments? This ex-

plores the balance between safety and efficiency when integrating com-

putationally intensive algorithms.  

3. How does the enhanced Nav2 framework perform compared to the 

standard implementation across various test scenarios? This ques-

tion aims to evaluate the practical benefits of the proposed enhance-

ments using quantitative and qualitative metrics.  

These questions form the foundation for the subsequent chapters, where theo-

retical and practical aspects of CBF integration are explored, and the enhanced 

framework is evaluated against its standard counterpart.  

1.4 Relevance and Significance  

Main target of the thesis is discussing the potential bridging gaps between theo-

retical safety guarantees and practical implementations in autonomous naviga-

tion. Current navigation frameworks, while effective in structured settings, often 

fall short in scenarios requiring real-time adaptability and proactive safety 

measures. By integrating CBFs into Nav2, this research aims to:  

1. Enhance safety: Provide formal guarantees of collision-free naviga-

tion in dynamic and uncertain environments.  

2. Improve adaptability: Enable robots to operate seamlessly across 

diverse settings without extensive reconfiguration.  

3. Optimize efficiency: Reduce computational overhead by leveraging 

the proactive nature of CBFs, which minimizes the need for frequent 

global re-planning.  

 

This thesis contributes to the broader field of robotics by providing a scalable 

solution for integrating safety-critical control methods into existing navigation 

frameworks. 
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This chapter has introduced the motivation, objectives, and research questions 

that drive this thesis. By addressing the limitations of Nav2 through the integration 

of Control Barrier Functions, this research aims to contribute to the development 

of safer and more efficient autonomous navigation systems. The subsequent 

chapters build on this foundation, providing detailed theoretical and practical in-

sights into the proposed enhancements.  

The integration of CBFs into Nav2 represents a transformative step toward bridg-

ing the gap between theoretical safety guarantees and practical navigation solu-

tions. As the demand for autonomous systems continues to grow, the findings of 

this research have the potential to influence the design and implementation of 

next-generation navigation frameworks.  
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2. BACKGROUND OF NAV2 

2.1 OVERVIEW OF NAVIGATION2 (NAV2) 

Navigation2 (Nav2) is the official navigation stack for the Robot Operating Sys-

tem 2 (ROS2), designed to enable autonomous robots to navigate seamlessly in 

both known and unknown environments. It serves as a complete rewrite and en-

hancement of the ROS1 navigation stack, incorporating the modularity and real-

time capabilities of ROS2’s middleware infrastructure. Nav2 provides a compre-

hensive set of tools and algorithms required for autonomous navigation, including 

localization, mapping, path planning, and obstacle avoidance [1]. 

One of Nav2’s defining features is its modular architecture, which allows devel-

opers to customize and extend its components for specific robotic applications. 

This flexibility enables Nav2 to be used across a diverse range of domains, from 

indoor service robots to outdoor agricultural drones. The framework’s ability to 

integrate with a variety of sensors and actuators makes it highly adaptable and 

suitable for real-world deployment. 

The Nav2 stack is designed with scalability and reusability in mind. By leveraging 

ROS2’s real-time communication layer based on the Data Distribution Service 

(DDS) [11], Nav2 achieves low-latency and reliable communication between its 

components, even in distributed systems. This feature is particularly useful in 

collaborative robotics scenarios, where multiple robots share data and coordinate 

tasks in a common environment. For example, warehouse robots utilizing Nav2 

can dynamically exchange map data and obstacle information to optimize their 

navigation paths. 

At its core, Nav2 provides three essential functionalities: 

• Navigation: The ability to move a robot from a start point to a designated 

goal while avoiding obstacles. 

• Behaviour Management: Dynamic control of robot behaviour through 

state machines and behaviour trees. 

• Adaptability: Extensibility to adapt to different robots, sensors, and envi-

ronments [1]. 
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These functionalities are supported by a suite of interconnected modules, each 

responsible for a specific aspect of navigation. By maintaining a clear separation 

between high-level decision-making and low-level execution, Nav2 ensures ro-

bustness and maintainability. 

 

2.1.1 Mathematical Context of Navigation 

At the mathematical level, navigation in Nav2 involves solving optimization prob-

lems that balance competing objectives such as safety, efficiency, and goal com-

pletion. The robot’s trajectory is determined by minimizing a cost function 𝐽(𝑥, 𝑢) , 

subject to dynamic and environmental constraints [1] , 

where: 

𝑚𝑖𝑛𝑢 𝐽(𝑥, 𝑢)  =  ∑𝑐(𝑥𝑡 , 𝑢𝑡)

𝑇

𝑡=0

 

subject to: 

𝑥𝑡+1  =  𝑓(𝑥𝑡, 𝑢𝑡) 
  

𝑔(𝑥𝑡 , 𝑢𝑡)  ≤  0 
       [5] 

 

𝑥𝑡 represents the robot’s state at time t, 

𝑢𝑡 denotes control inputs, 

 𝑓(𝑥𝑡, 𝑢𝑡) defines system dynamics and control constraints, and 

𝑔(𝑥𝑡 , 𝑢𝑡) represents safety constraints, such as maintaining a minimum distance 

from obstacles. 

 

For instance, in dynamic environments, Nav2 uses a layered costmap approach 

to represent the environment, which includes static obstacles, dynamic objects, 

and inflation layers. The costmap serves as the foundation for computing the tra-

jectory cost 𝐶(𝑥) , which accounts for:  

1. Proximity to Obstacles: 
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𝐶𝑜𝑏𝑠  =  ∑𝜔𝑖 . 𝑒
−𝜆𝑑𝑖  

𝑁

𝑖=0

 

where 𝜔𝑖 is the weight assigned to the obstacle 𝑖 , 𝑑𝑖 is the distance to the obstacle, and 𝜆 
controls the inflation radius. 

2. Path Smoothness: Path smoothness is achieved by penalizing large changes in 

velocity and heading angles: 

𝐶𝑠𝑚𝑜𝑜𝑡ℎ  =  ∑(𝛼 ∥ 𝑣𝑡  − 𝑣𝑡−1 ∥2 +  𝛽 ∥ 𝜃𝑡  − 𝜃𝑡−1 ∥2 ) 

𝑇

𝑡=1

 

 
where 𝛼 and 𝛽 are tuning parameters that balance the trade-off between speed and smooth turn-
ing. 

3. Goal Alignment: Ensuring the robot moves toward the goal is represented as: 

𝐶𝑔𝑜𝑎𝑙  = ∥ 𝑥𝑇  − 𝑥𝑔𝑜𝑎𝑙 ∥2  

 

where 𝑥𝑔𝑜𝑎𝑙 is the target position. 

These cost components are combined into a single objective function: 

 
𝐽 ( 𝑥, 𝑢 )  =  𝐶𝑜𝑏𝑠   +  𝐶𝑠𝑚𝑜𝑜𝑡ℎ   +  𝐶𝑔𝑜𝑎𝑙   

 

, that the path planning algorithms aim to minimize. This ensures the robot’s trajectory is both 
safe and efficient while achieving its navigation goals [5]. 

 

2.1.2 Integration with ROS2 

Nav2’s integration with ROS2 brings several advantages that enhance its overall functionality: 

1. Real-Time Performance: ROS2’s real-time capabilities enable Nav2 to process sensor 

data and execute control commands with minimal latency. This is critical for applications 

requiring quick responses to dynamic obstacles, such as autonomous vehicles navigating 

busy intersections [1]. 

2. Distributed Systems Support: Nav2 can operate seamlessly in distributed systems, al-

lowing multiple robots to share data and collaborate. For example, in a multi-robot ware-

house system, robots can exchange costmap updates to avoid collisions and optimize 

their navigation paths [6]. 
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3. Security: ROS2 includes built-in security features, such as encrypted communication 

and access control, ensuring that Nav2-based systems remain secure even in networked 

environments [1]. 

4. Scalability: Nav2’s modular design, combined with ROS2’s DDS-based communication 

layer, allows it to scale from small indoor robots to large outdoor autonomous vehicles. 

This scalability makes Nav2 a versatile solution for diverse applications [11]. 

 

 

 

2.2 NAV2 ARCHITECTURE 

The architecture of Navigation2 (Nav2) is designed to handle the complexities of 

autonomous navigation through a modular and layered structure. Each compo-

nent in the Nav2 architecture is responsible for a specific aspect of navigation, 

enabling robots to move seamlessly from a start position to a desired goal while 

avoiding obstacles and reacting to dynamic changes in the environment. This 

section provides an in-depth exploration of the core components that make up 

the Nav2 architecture, emphasizing their roles, interactions, and significance in 

achieving robust navigation [1]. 

 

 

Figure 2. Nav2 Architecture [1] 
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2.2.1 Behavior Tree Navigation Stack 

The cornerstone of Nav2’s decision-making process is its Behavior Tree (BT)-

based navigation stack. Behavior trees provide a structured and flexible way to 

define robot behaviors by organizing tasks into hierarchical trees of actions, con-

ditions, and control flow nodes. Compared to traditional finite state machines, 

behavior trees offer better modularity and scalability, making them particularly 

suitable for complex navigation tasks [1]. 

In Nav2, the BT navigation stack orchestrates the execution of high-level naviga-

tion tasks, such as planning, control, and recovery. For example, the stack might 

first invoke the global planner to compute an optimal path, then use the local 

controller to follow this path, and finally trigger a recovery behavior if the robot 

encounters an obstacle. This dynamic decision-making process is represented 

as: 

𝐵𝑇𝑁𝑎𝑣2  =  (𝑃, 𝐶, 𝑅) 

where: 

• 𝐵𝑇𝑁𝑎𝑣2 is the behavior tree for navigation, 

• 𝑃 is the planning node, 

• 𝐶 is the control node, and 

• 𝑅 is the recovery node triggered during failures. 

The modularity of behavior trees allows developers to customize and extend nav-

igation behaviors by adding or modifying nodes. This makes it easier to adapt 

Nav2 to different robots and applications [1]. 

 

2.2.2 Planner Server 

The planner server is responsible for computing the global path from the robot’s 

current position to its goal. It interacts with the global costmap to generate a col-

lision-free trajectory. The planner server supports various algorithms, including 

A* and Dijkstra, which minimize a cost function defined as: 

𝑪𝒐𝒔𝒕 =  ∑ 𝒄(𝒙𝒊)

𝒏

𝒊=𝟏
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where 𝒄(𝒙𝒊) represents the cost of traversing grid cell 𝒙𝒊. The planner server 

uses the map data and tf transformations to compute a path that avoids obstacles 

while minimizing travel distance and energy consumption [1]. 

 

2.2.3 Controller Server 

The controller server, also known as the local planner, refines the global path by 

dynamically adjusting it to accommodate real-time changes in the environment. 

It interacts with the local costmap and receives live sensor data to ensure the 

robot avoids dynamic obstacles. Algorithms like the Dynamic Window Approach 

(DWA) are commonly used in the controller server to optimize trajectory genera-

tion by solving: 

𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒 𝐽𝑐𝑜𝑛𝑡𝑟𝑜𝑙(𝑣, 𝜔) = 𝐶(𝑣, 𝜔)𝑔𝑜𝑎𝑙 + 𝐶(𝑣,𝜔)𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒  

 

 

where: 

• 𝑣 is the linear velocity, 

• 𝜔 is the angular velocity, 

The controller server continuously adjusts the robot’s velocity commands to main-

tain a smooth and safe trajectory [1]. 

 

2.2.4 Recovery Server 

The recovery server handles situations where the robot is unable to proceed due 

to obstacles, localization errors, or other failures. It executes pre-defined recov-

ery behaviors, such as clearing the costmap, rotating in place, or re-planning the 

path. These behaviors are integrated into the behavior tree as recovery nodes, 

ensuring that navigation can resume seamlessly after a failure is resolved. 

 

2.2.5 Waypoint Follower 

The waypoint follower is a utility in Nav2 that enables the robot to navigate 

through a sequence of predefined waypoints. This is particularly useful for patrol 
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tasks or inspections in industrial settings. The waypoint follower integrates with 

both the planner and controller servers to compute paths between waypoints and 

execute them efficiently. The trajectory optimization for waypoint navigation is 

represented as: 

𝑚𝑖𝑛𝑢  =  ∑ ∥ 𝑥𝑘  − 𝜔𝑘 ∥2

𝑁

𝑘=1

   

subject to: 

𝑥𝑘+1  = 𝑓(𝑥𝑘 , 𝑢𝑘)  

where: 

• N is the total number of waypoints, 

• 𝑥𝑘 is the robot’s position at step k, and 

• 𝜔𝑘 is the position of the k-th waypoint. 

The robot must also satisfy velocity and acceleration constraints: 

∥ 𝑣𝑘 ∥ ≤ 𝑣𝑚𝑎𝑥 , ∥ 𝑎𝑘 ∥ ≤ 𝑎𝑚𝑎𝑥  

where 𝑣𝑚𝑎𝑥  and 𝑎𝑚𝑎𝑥  are the maximum allowable velocity and acceleration, 

respectively [1]. 

 

2.2.6 Costmaps and Sensor Data 

Nav2 uses costmaps to represent the environment, incorporating data from sen-

sors such as LiDAR, depth cameras, and ultrasonic sensors. The costmaps are 

divided into: 

• Global Costmap: Represents the entire map and is used by the planner 

server for global path planning. 

• Local Costmap: Focuses on the robot’s immediate surroundings and is 

used by the controller server for dynamic obstacle avoidance. 

The costmaps are continuously updated based on live sensor data. The inflation 

layer in the costmap adds safety margins around obstacles, calculated as: 

𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 = 𝑐 ⋅ 𝑒−𝜆𝑑 

where 𝑐 is the obstacle’s cost, 𝑑 is the distance to the obstacle, 𝜆 and determines 

the spread of the inflation [1]. 
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Figure 3. showing green line as global path planning, and red line showing local 
one [1] 

 

2.2.7 TF Transformations 

The transformations frames (TF) provide the coordinate frame relationships nec-

essary for Nav2 to interpret sensor data and compute motion plans. For example, 

transformations between the robot’s base frame, map frame, and sensor frames 

ensure that all components operate in a consistent spatial context. These trans-

formations are updated in real time, enabling accurate localization and control 

[6]. 
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Figure 4. showing representation of frames of a mobile robot [13] 

 

2.2.8 Robot Base Controller 

The robot base controller executes velocity commands generated by the control-

ler server, ensuring smooth and precise movements. It interacts directly with the 

robot’s actuators and uses feedback from encoders and IMUs to maintain stability 

and accuracy [1]. 

 

2.3 NAV2 PLUGIN CAPABILITIES 

The ROS2 Navigation2 (Nav2) plugin [1] is designed with a modular architecture, 

allowing for extensive customization and flexibility through plugins. These plugins 

enable users to extend Nav2’s functionality without modifying the core implemen-

tation, making it highly adaptable for diverse robotic applications. Below, we ex-

plore some of the key plugin capabilities that enhance Nav2’s performance and 

adaptability [1]. 

https://docs.nav2.org/plugins/index.html
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2.3.1 Behavior Tree-Based Modular Design 

Nav2 uses Behavior Trees (BTs) as a flexible mechanism to structure navigation 

tasks. BTs allow users to define complex navigation behaviors by composing dif-

ferent action nodes, such as: 

• Path Planning (Global Planner Plugin) – Responsible for computing an 

optimal path to the target location. 

• Path Following (Controller Plugin) – Governs real-time motion execu-

tion to track the computed path. 

• Obstacle Handling (Recovery Plugin) – Provides strategies like re-

planning and clearing costmaps when obstacles block the path. 

This modular structure ensures that navigation tasks remain adaptable, improv-

ing robustness across varying environments [1]. 

 

2.3.2 Global and Local Planner Plugins 

Nav2 supports custom global and local planners, allowing developers to inte-

grate different path-planning strategies: 

• Global Planner Plugins: Implement A* or RRT-based planners to com-

pute efficient long-term paths. 

• Local Planner Plugins: Control how the robot follows the global path, 

supporting trajectory optimization techniques like Dynamic Window Ap-

proach (DWA) and Model Predictive Control (MPC). 

By allowing custom plugins for planning, Nav2 accommodates diverse robotic 

platforms, from wheeled robots to legged systems [1]. 

 
 
 
 

2.3.3 Costmap and Sensor Data Processing 

Nav2’s costmap plugins handle real-time sensor data fusion to update the en-

vironmental model. These plugins process: 

• LiDAR and Camera Inputs – For obstacle detection and avoidance. 
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• Voxel Layer Integration – For 3D environment mapping and terrain as-

sessment. 

• Inflation Layer Configuration – To define safety buffers around obsta-

cles for smooth navigation. 

• Static Layer Integration – gets static map and loads occupancy infor-

mation onto costmap 

• Obstacle Layer Integration – Maintains persistent 2D costmap from 2D 

laser scans with ray-casting to clear free space 

These plugins ensure accurate world representation, enabling robots to adapt to 

dynamic obstacles and changing terrains [1]. 

 

2.3.4 Controller and Recovery Plugins 

Custom controller plugins allow developers to modify how the robot executes 

movement commands. Options include: 

• Velocity-based controllers (e.g., DWB, Pure Pursuit) 

• Acceleration-limited controllers (e.g., MPC-based approaches) 

Additionally, recovery plugins provide fallback strategies for handling failures, 

such as spinning in place, reversing, or finding alternative paths when navigation 

gets blocked [1]. 

 

 

2.3.5 Extensibility and Customization 

One of Nav2’s greatest strengths is its extensibility. Users can: 

• Develop custom BT nodes to define high-level navigation behaviors. 

• Implement new costmap layers to incorporate novel perception tech-

niques. 

• Extend planner/controller options to optimize performance for specific 

robot types [1]. 
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These capabilities make Nav2 an adaptable and scalable navigation framework, 

well-suited for integrating advanced safety mechanisms like Control Barrier Func-

tions (CBFs). 

 

2.4 CHALLENGES IN NAV2 

While Navigation2 (Nav2) has significantly advanced the capabilities of autono-

mous robotic navigation, several challenges limit its performance in dynamic and 

complex environments. These challenges stem from its reliance on reactive plan-

ning techniques, computational overhead, and sensitivity to sensor reliability. Un-

derstanding these limitations is crucial for proposing enhancements that address 

these gaps and improve the overall robustness of the framework [1]. 

 

2.4.1 Handling Dynamic Environments 

Dynamic environments, where obstacles can move unpredictably, present one of 

the most critical challenges for Nav2. Traditional local planning methods, such as 

the Dynamic Window Approach (DWA), rely on reactive strategies to adjust the 

robot’s trajectory in response to detected obstacles. While this approach is effec-

tive in static environments, it struggles in scenarios where obstacles move rapidly 

or unpredictably, such as busy urban areas or industrial settings. 

The reactive nature of these planners often leads to frequent re-planning, which 

increases latency and computational load. Moreover, DWA-based planners opti-

mize trajectories over a limited time horizon, making it difficult to predict and avoid 

collisions in complex, multi-agent scenarios [1].  

 

2.4.2 Computational Overhead 

Nav2’s reliance on frequent updates to costmaps, path planners, and controllers 

imposes significant computational demands. The global and local costmaps, 

which represent static and dynamic obstacles, are updated at high frequencies 

to ensure the robot’s navigation remains responsive. These updates require pro-

cessing large volumes of sensor data, which can strain computational resources, 

particularly on embedded or low-power systems [1]. 
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For example, the costmap inflation layer, which creates safety margins around 

obstacles, involves calculating inflated costs based on the distance to obstacles 

upon inflation cost equation. 

The computational overhead of these calculations increases with the density of 

obstacles and the resolution of the costmap. This issue is exacerbated in dynamic 

environments, where frequent updates are necessary to account for moving ob-

stacles. 

 

2.4.3 Sensor Dependency 

Nav2 heavily relies on accurate sensor data for localization, mapping, and obsta-

cle detection. Commonly used sensors, such as LiDAR, cameras, and IMUs, pro-

vide the data required to update costmaps, compute trajectories, and estimate 

the robot’s pose. However, sensor noise, occlusions, or failures can significantly 

degrade the performance of the system. 

For example, errors in LiDAR data can result in incorrect obstacle representations 

in the costmap, leading to unsafe trajectories. Similarly, poor GPS signals in out-

door environments can cause localization errors, making it difficult for the robot 

to follow planned paths. These issues are particularly problematic in cost-sensi-

tive applications, where high-quality sensors may not be feasible [1]. 

Sensor fusion techniques, which combine data from multiple sensors to improve 

robustness, partially mitigate these challenges. However, they introduce addi-

tional computational complexity and are not immune to the effects of correlated 

sensor failures. A mathematical representation of sensor fusion in Nav2 involves 

combining weighted measurements from multiple sensors: 

𝑧̂ = ∑𝜔𝑖. 𝑧𝑖  
 

𝑛

𝑖=1

 

where: 

• 𝑧̂  is fused measurement, 

• 𝑧𝑖  
 represents individual sensor measurements, and 

• 𝜔𝑖 
 are weights determined based on sensor reliability. 
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2.4.4 Limited Adaptability 

Nav2’s architecture, while modular, often requires manual tuning of parameters 

to adapt to different robots and environments. For instance, parameters such as 

inflation radius, obstacle weights, and velocity limits must be adjusted to suit the 

robot’s physical characteristics and the operating environment. This lack of gen-

eralization makes it difficult to deploy Nav2 across diverse applications without 

significant reconfiguration [1]. 

In dynamic multi-environment scenarios, such as robots transitioning from indoor 

to outdoor settings, the inability to automatically adapt parameters can result in 

suboptimal performance. Adaptive algorithms, which modify parameters based 

on real-time feedback, are an emerging solution to address this limitation. These 

algorithms aim to optimize the cost function 𝐽 by learning environment-specific 

weights: 

                                                                𝐽 = ∑ 

𝑁

𝑖=1

𝛼𝑖. 𝐶𝑖 
 Invalid source specified. 

where 𝛼𝑖 are dynamically adjusted weights for different cost components 𝐶𝑖, such 

as obstacle avoidance, path smoothness, and goal alignment. 

 

2.4.5 Recovery Behaviors and Their Limitations 

The recovery server in Nav2 is responsible for executing predefined behaviors, 

such as clearing costmaps or rotating in place, when the robot encounters navi-

gation failures. While these behaviors are effective in simple scenarios, they often 

fail to resolve complex failures caused by dynamic obstacles or sensor errors. 

For instance, clearing the costmap might remove necessary obstacle information, 

leading to unsafe navigation decisions [1]. 

Additionally, recovery behaviors are static and do not adapt to the context of the 

failure. This lack of adaptability can result in repeated recovery attempts without 

resolving the underlying issue, increasing downtime and reducing efficiency 
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3. THEORETICAL BACKGROUND ON 
CONTROL BARRIER FUNCTION 

3.1 INTRODUCTION TO CONTROL BARRIER FUNCTIONS 
(CBFS) 

Autonomous robotic systems require a balance between achieving desired ob-

jectives and ensuring safety constraints are not violated. Control Barrier Func-

tions (CBFs) provide a powerful mathematical tool for enforcing these constraints 

while allowing flexible, real-time control synthesis. Originally developed in control 

theory, CBFs have gained widespread adoption in robotics for tasks such as ob-

stacle avoidance, multi-agent coordination, and safety-critical control applica-

tions. 

CBFs work by defining a safe set, representing the regions in state space where 

the system operates without violating safety constraints. The key idea behind 

CBFs is to design a control input that ensures the system remains within this safe 

set over time. Unlike purely reactive safety strategies, which rely on heuristic 

methods such as costmaps and potential fields, CBFs provide provable guaran-

tees of safety by enforcing constraints through optimization-based control [7]. 

A fundamental property of CBFs is that they are invariant-preserving, meaning 

that once a system enters a safe region, the control law ensures it remains there 

indefinitely. This property is particularly beneficial for autonomous navigation, 

where the robot must continuously avoid obstacles while following a planned tra-

jectory [3]. 

 

 

 

 

3.1.1 Mathematical Definition of CBFs 

Mathematically, let the state of a system be represented by 𝑥 ∈ ℝ𝑛
 with control 

input 𝑢 ∈ ℝ𝑚
 , governed by the nonlinear control-affine system [7] : 

ẋ =  𝑓(𝑥)  +  𝑔(𝑥)𝑢,  
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where: 

• 𝑓(𝑥) represents the system dynamics, 

• 𝑔(𝑥) represents the control influence. 

A Control Barrier Function ℎ(𝑥) is a continuously differentiable function that 

defines the safe set S as: 

𝑆 =  { 𝑥 ∈ ℝ𝑛 | ℎ(𝑥)  ≥ 0 }  

For safety to be guaranteed, the time derivative of ℎ(𝑥) along the system dynam-

ics must satisfy the CBF condition: 

ℎ̇(𝑥)  +  𝛼(ℎ(𝑥))  ≥  0, 

where 𝛼(ℎ) is an extended class-K function ensuring that as ℎ(𝑥) approaches 

zero, the control input modifies the trajectory to prevent violation of the constraint 

h(x)< 0.  This ensures that the system stays within the safe set [7]. 

 

3.1.2 Comparison of CBFs with Other Safety Approaches 

CBFs are one of several methodologies used in robotic safety and navigation. 

Comparing them with alternative approaches helps highlight their advantages 

and limitations: 

 

Approach Strengths Limitations 

Costmaps [1] 
Widely used in Nav2, inte-
grates well with mapping 

Relies on sensor accuracy, re-
quires frequent updates [1] 

Model Predictive 

Control (MPC) [8] 

Optimizes trajectories 
over a time horizon, han-
dles constraints 

Computationally expensive for real-
time applications [8] 
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Control Barrier Func-
tions (CBFs) [7] 

Provides provable safety 
guarantees, lightweight 
optimization 

Requires accurate system dynam-
ics, does not handle long-horizon 
planning [7] 

Table 1: Shows Strengths and Limitations of CBFs and other safety approaches 

 

From the table, CBFs provide theoretical safety guarantees that are missing in 

costmaps and potential fields. However, they require precise modelling of system 

dynamics, which can be challenging in real-world applications. 

 

3.2 THE RELATIVE MIXED DEGREE PROBLEM IN UNICYCLE 
ROBOTS 

One of the major challenges when applying classic Control Barrier Functions 

(CBFs) to differential-drive mobile robots, such as unicycle-type robots, is the 

relative mixed degree problem. This issue arises because the angular velocity 𝝎 

does not appear in the first derivative of the safety function 𝒉(𝒙). As a result, the 

input 𝝎 does not directly influence the evolution of the system’s state in a way 

that standard CBFs can handle effectively [7]. 

Implementation of collision-free source seeking control framework for a unicycle 

robot traversing an unknown cluttered environment. In this framework, obstacle 

avoidance is guided by the control barrier functions (CBF) embedded in quadratic 

programming, and the source-seeking control relies solely on the use of onboard 

sensors that measure the signal strength of the source. To tackle the mixed rel-

ative degree and avoid the undesired position offset for the nonholonomic unicy-

cle model, we propose a novel construction of a control barrier function (CBF) 

that can directly be integrated with our recent gradient-ascent source-seeking 

control law. We present a rigorous analysis of the approach. The efficacy of the 

proposed approach is evaluated via Monte-Carlo simulations, as well as, using a 

realistic dynamic environment with moving obstacles in Gazebo/ROS [7]. 

 

3.2.1 System Dynamics and Relative Degree Issue 

A unicycle-type robot is typically modeled as: 

𝑥̇ =  𝜐 cos(𝜃) , 𝑦̇ =  𝜐 sin(𝜃) , 𝜃̇ =  𝜔, [7] 
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Where (𝒙, 𝒚) represents the robot's position, 𝜽 is its orientation, 𝝊 is the linear 

velocity, and 𝝎  is the angular velocity. The safety function 𝒉(𝒙) that defines an 

obstacle avoidance constraint is commonly expressed as: 

3.2.2 Addressing the Relative Mixed Degree Problem 

To account for this issue, a higher-order CBF (HOCBF) or a zeroing-exponen-

tial CBF (ZCBF-ECBF hybrid) can be employed. The idea is to take a second 

derivative of to introduce into the constraint: 

ℎ̈(𝑥) = 2(𝑥 − 𝑥𝑜 )𝜐̇ cos(𝜃) −  2(𝑥 − 𝑥𝑜 )𝜔 𝜐 sin(𝜃) + 2(𝑦 − 𝑦𝑜 )𝜐̇ sin(𝜃) +

                       2(𝑦 − 𝑦𝑜 )𝜔 𝜐 cos(𝜃).   [7] 

 

This equation now includes 𝝎 , making it possible to design a barrier function that 

influences both control inputs. By formulating a second-order CBF constraint: 

𝐿𝑓
2 ℎ(𝑥) + 𝐿𝑔𝐿𝑓ℎ(𝑥)𝑢 + 𝛼1𝐿𝑓ℎ(𝑥) + 

 𝛼2ℎ(𝑥) ≥ 0, [7] 

where 𝐿𝑓ℎ(𝑥) and  𝐿𝑓
2 ℎ(𝑥) are the first and second Lie derivatives, we ensure that 

both 𝝊 and 𝝎 contribute to maintaining the safety constraint. 

 

3.2.3 Practical Implications in Navigation2 

In the ROS2 Navigation2 (Nav2) framework, controllers must handle both linear 

and angular velocities while ensuring safety. The standard DWB (Dynamically-

Weighted Breadth-First) local planner in Nav2 relies on costmaps and velocity 

obstacles [1], but these approaches do not naturally account for the mixed rela-

tive degree problem. 

Integrating ZCBFs and ECBFs within Nav2’s control pipeline ensures that both 

linear and angular velocities contribute effectively to obstacle avoidance, leading 

to smoother and safer navigation in real-time environments[7]. 
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3.3 ZEROING CONTROL BARRIER FUNCTION (ZCBF) BASED 
APPROACH 

Zeroing Control Barrier Functions (ZCBFs) have emerged as a robust safety-crit-

ical control methodology in robotics, ensuring that the system's trajectory remains 

within a predefined safe set. This feature is crucial for autonomous robotic sys-

tems where safety guarantees must be met in real-time [7]. 

 

3.3.1 Advantages of ZCBFs in Robotic Navigation 

• Strict Safety Guarantees: ZCBFs enforce forward invariance, prevent-

ing violations of safety constraints even under external disturbances. 

• Computational Efficiency: By integrating ZCBFs into quadratic pro-

gramming (QP) formulations, real-time enforcement of safety constraints 

becomes feasible. 

• Adaptability to Dynamic Environments: Unlike filtering techniques that 

rely on state estimation, ZCBFs adapt reactively to obstacles without re-

quiring excessive computational resources. 

• Minimal Disturbance to Nominal Control: The QP-based formulation 

ensures that safety constraints are enforced while minimizing deviation 

from the nominal control input. 

• Scalability to High-Degree Systems: HOCBF extensions allow for con-

trol enforcement in systems with high-relative-degree constraints, such as 

robotic arms and bipedal robots [7]. 

 

3.3.2 Application of ZCBFs in Nav2 

In the context of ROS2's Navigation2 (Nav2) framework, ZCBFs provide an alter-

native to traditional costmap-based obstacle avoidance. By embedding safety 

constraints directly into the motion controller, robots can navigate autonomously 

while ensuring collision-free operation, particularly in high-speed and dynamic 

environments. 

Consider a mobile robot operating in an environment with obstacles detected via 

LiDAR. Using a traditional costmap-based approach, the robot would: 

• Continuously update a local costmap. 
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• Recompute the trajectory when obstacles appear. 

• Adjust its path based on a predefined cost function. 

With ZCBFs, the control input is dynamically adjusted in real-time based on the 

safety constraints, ensuring immediate reactive avoidance without requiring fre-

quent trajectory re-planning. 

3.4 COMPARISON OF STANDARD CBF AND ZEROING CBF 
(ZCBF) 

Control Barrier Functions (CBFs) have emerged as a powerful mathematical 

framework for enforcing safety constraints in robotic systems. While traditional 

CBFs offer significant advantages for ensuring obstacle avoidance and safety in 

navigation, their effectiveness can be further enhanced using Zeroing Control 

Barrier Functions (ZCBFs) [7]. This section explores the fundamental differ-

ences between standard CBFs and ZCBFs, highlighting their impact on safety, 

stability, and real-time performance in Navigation2 (Nav2) [1]. 

 

3.4.1 Standard Control Barrier Functions (CBFs) 

A standard CBF is a method that defines a safe operating region for a robotic 

system, ensuring that its trajectory remains within this defined space at all times. 

The key feature of a standard CBF is that it acts as a reactive safety measure 

[9], meaning that corrections are applied only when the system approaches con-

straint violations. While effective in static environments, this approach can some-

times introduce delays in response time, particularly in dynamic or high-speed 

navigation tasks. 

Standard CBFs are widely used in autonomous vehicles, drones, and mobile 

robots, ensuring that these systems avoid obstacles and remain within desig-

nated safe areas. However, one of their main limitations is that they allow for 

momentary deviations before corrective actions take effect, which may lead to 

instability or oscillations in highly dynamic environments [3]. 

 

3.4.2 Zeroing Control Barrier Functions (ZCBFs) 

A Zeroing Control Barrier Function (ZCBF) improves upon standard CBFs by 

introducing a proactive approach to constraint enforcement. Instead of waiting 
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for a system to approach constraint violations, ZCBFs continuously regulate the 

system's behaviour to ensure smooth and stable compliance with safety con-

ditions [7]. 

The fundamental advantage of ZCBFs is their ability to strictly enforce forward 

invariance [7], meaning that once a system enters a safe set, it will never leave 

it, and its trajectory will always be constrained within allowable limits. This char-

acteristic eliminates undesired oscillatory behaviour’s and enhances the system’s 

responsiveness in rapidly changing environments. 

 

3.4.3 Differences and Practical Implications in Nav2 

The primary differences between standard CBFs and ZCBFs based in testing 

when implemented ZCBF in nav2 and these difference notes only when working 

with unicycle robot because response of local planner is not real-time in case of 

CBF only and this is defined the relative mixed degree affect can be summarized 

in the following table: 

Feature Standard CBF Zeroing CBF (ZCBF) 

Safety Enforcement Reactive Proactive 

Stability Allows some oscillations Strictly enforces stability 

Computational Comp-
lexity 

Moderate Higher due to stricter constraints 

Application in Nav2 Suitable for general obstacle 
avoidance 

Ideal for high-speed, real-time 
navigation 

Table 2: Shows Difference between normal CBFs and Zeroing the CBFs 

 

In the context of Nav2, the advantages of ZCBFs become evident when dealing 

with dynamic obstacles, rapidly changing environments, and real-time mo-

tion constraints. Traditional CBFs work well in static environments but may in-

troduce delays when recalculating paths for moving obstacles. In contrast, 
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ZCBFs provide a more efficient, constraint-aware navigation approach [7], 

allowing robots to react faster and more smoothly in unpredictable settings, as 

due to integration of angular velocity 𝝎 in equations, leads to the presence of a 

angular position 𝜽, and the absence of angular velocity, thus no direct control on 

angular velocity of motion in the system. 
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4. INTEGRATION OF ZCBF FOR NAV2 
ENHANCEMENT 

 

 

4.1 PURE PURSUIT CONTROL AND ITS INTERACTION WITH 
ZCBF 

Pure Pursuit Control is a widely used path-following algorithm that enables a ro-

bot to track a given trajectory with smooth and responsive movements. Unlike 

conventional path tracking methods that rely on complex predictive models, Pure 

Pursuit employs a geometric approach, making it computationally efficient and 

highly adaptable to real-time navigation [4]. 

 

4.1.1 Overview of Pure Pursuit Control 

The core idea behind Pure Pursuit is to steer the robot towards a look-ahead 

point on the desired trajectory. The controller continuously updates this look-

ahead point based on the robot's current position and orientation [4], adjusting 

the steering angle dynamically. This allows for smooth path following, particularly 

in curved and complex environments. Pure Pursuit Control is highly beneficial 

in Nav2-based robotic navigation due to its: 

• Computational efficiency: Requires minimal processing power com-

pared to advanced predictive controllers. 

• Smooth trajectory tracking: Reduces sudden deviations in motion, 

leading to stable navigation. 

• Real-time adaptability: Handles unexpected changes in the environment 

without extensive recalculations. 
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4.1.2 Interaction Between ZCBF and Pure Pursuit 

While Pure Pursuit excels at following a predefined path, it does not inherently 

incorporate safety constraints, making it susceptible to obstacles or unpredict-

able environmental changes. This is where Zereoing Control Barrier Function 

provide a crucial enhancement. 

By integrating ZCBF with Pure Pursuit, the navigation system achieves both 

path accuracy and real-time obstacle avoidance. The ZCBF acts as a safety 

filter, ensuring that the robot's path adjustments remain within safe operational 

limits, preventing collisions or unstable movements. 

 

4.1.3 Enhancements in Nav2 Using ZCBF-Pure Pursuit Synergy 

The integration of ZCBF with Pure Pursuit in Nav2 provides several advantages: 

• Improved navigation stability: Ensures smooth transitions while main-

taining safety constraints. 

• Enhanced reactive control: Adapts more effectively to sudden obstacles 

without sacrificing trajectory tracking. 

• Scalability: Works across different robotic platforms with minimal tuning. 

By leveraging this synergy, Nav2-based robots can achieve high-precision navi-

gation while maintaining strict safety assurances, making them more effective in 

real-world deployments. The next section will explore the limitations of using fil-

ters in Nav2 and how alternative approaches like ZCBFs and Pure Pursuit can 

enhance performance. 

 

4.2 CHALLENGES OF USING FILTERS IN NAV2 NAVIGATION 

Navigation2 (Nav2) relies heavily on filtering techniques to process sensor data, 

estimate robot states, and improve localization accuracy. Filter layer, such as 

Voxel, Obstacle, Static, and Inflation layers [1],  are commonly used for han-

dling noisy sensor measurements and ensuring smooth navigation. However, de-

spite their widespread use, these filtering approaches introduce several chal-

lenges that impact the performance of autonomous navigation [12]. This section 
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explores the main limitations of filters in Nav2 and highlights why alternative ap-

proaches, such as Zeroing Control Barrier Functions (ZCBFs) and Pure Pursuit 

Control, offer significant improvements [7] as shown in Figure [5] and Figure [6]. 

 

4.2.1 Sensor Noise and Measurement Delays 

Filters in Nav2 are primarily used to reduce sensor noise and estimate the robot's 

position based on data from LiDAR, IMUs, and cameras. However, these filtering 

techniques inherently introduce latency due to the time required for data pro-

cessing and state estimation updates. In fast-moving robotic systems, even small 

delays can cause deviations from the planned trajectory, leading to errors in lo-

calization and obstacle avoidance [10]. 

For example, in environments with rapidly moving obstacles, traditional filtering 

approaches may not update state estimates quickly enough, leading to outdated 

information that negatively impacts real-time decision-making. These issues be-

come particularly problematic when the robot is required to make split-second 

trajectory adjustments, such as when navigating through dynamic urban environ-

ments [12]. 

 

4.2.2 Computational Complexity and Real-Time Constraints 

Filters like the Obstacle, Voxel, Static, and Inflation layers involve complex 

mathematical models and iterative computations that require substantial 

computational resources. While these filters are effective in improving localization 

accuracy, they can impose significant processing overhead, particularly on em-

bedded systems with limited computational power [1]. 

This computational demand affects the scalability of Nav2, as the system must 

balance the need for accurate state estimation with the need for real-time navi-

gation performance. High computational loads can lead to slower update rates, 

reducing the robot’s ability to react to environmental changes in time-sensitive 

applications such as warehouse automation or autonomous driving. 
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4.2.3 Sensitivity to Model Errors 

Filtering techniques rely on accurate system models to predict the robot’s mo-

tion and update state estimates. However, real-world robotic systems often en-

counter unpredictable factors such as wheel slippage, terrain irregularities, and 

sensor drift, leading to discrepancies between the model and the actual system 

behavior. When filters operate on inaccurate models, they propagate estimation 

errors over time [10], causing the robot to drift away from its intended path. 

Additionally, filters assume that sensor noise follows a known statistical distribu-

tion. In reality, noise sources can be non-Gaussian and time-varying [10], mak-

ing it difficult for traditional filters to maintain consistent accuracy. These limita-

tions highlight the need for adaptive and constraint-based approaches that do not 

rely heavily on precise system modelling. 

 

4.2.4 Handling Dynamic Environments and Multi-Agent Scenar-
ios 

One of the key challenges in Nav2 is ensuring safe and efficient navigation in 

dynamic environments [1] where obstacles move unpredictably. Traditional fil-

ters are not inherently designed to predict the future behavior of dynamic objects, 

making them less effective in multi-agent scenarios where robots interact with 

other autonomous systems or human-operated vehicles. 

For example, in a warehouse setting where multiple robots operate in the same 

space, relying solely on filtering techniques may result in delayed responses to 

sudden changes [10], leading to inefficient path planning and potential collisions. 

This limitation underscores the need for reactive, constraint-based safety 

mechanisms that can dynamically adjust the robot’s trajectory in real time with-

out excessive reliance on state estimation. 

After doing test on simulation for the same robot (Turtlebot3 in turtle world envi-

ronment), it was observed that the performance of CPU during working with DWA 

as local planner  while using default configurations of Nav2 Plugin, which is using 

obstacle layer, voxel layer, static layer, and inflation layer is 56.1% of CPU 

usage and using Pure Prusuit control with  ZCBF instead of  DWA and all Layers 

listed above with nav2 the performance of CPU is  52.5% and the test video ex-

isting in this drive link Google Drive Link 

 

https://drive.google.com/drive/folders/1jyw4Xu26BDfb2c6q33FoXfYPnkzOmcYd?usp=sharing
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Figure 5. HTOP showing CPU performance while using ZCBF algorithm, re-
cording 52.5% of CPU usage 

 

 

 

Figure 6. HTOP showing CPU performance while using default configurations, 
recording 56.1% of CPU usage 
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Taken into consideration the performance of the device this tests implemented 

on, as it is tested on a laptop that would show that no huge difference between 

the two states performance because of the high capabilities of device’s CPU, but 

if it were tested on an portable computing device, as Raspberry PI, it would show 

an enormous difference between the two states, as it would need a whole new 

core from the CPU to achieve the required processing for operation completion. 

 

 

4.3 INTEGRATING PURE PURSUIT CONTROL WITH ZEROING 
CONTROL BARRIER FUNCTION (ZCBF)  

The main goal is to integrate pure pursuit control with the Zeroing Control Barrier 

Function (ZCBF) to ensure safe and efficient navigation of a unicycle robot. Pure 

pursuit is a well-known control strategy used in mobile robots to follow a desired 

path by adjusting its velocity and angular velocity. The ZCBF is applied to main-

tain safety by enforcing constraints that prevent the robot from colliding with ob-

stacles. This document outlines the methodology for combining these two tech-

niques and provides a step-by-step guide to implementing them. 

 

Figure 7. Nav2 Orignial Architure [1] 
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4.3.1 Problem Definition 

In a dynamic environment, it is critical for mobile robots to follow a planned path 

while avoiding obstacles. The primary task is to track a path while maintaining a 

safe distance from obstacles using real-time sensor data and control laws. 

The aim of this work is to:   

• Use pure pursuit control to track a desired path [4].  

• Apply ZCBF constraints to ensure safety by preventing collisions with ob-

stacles [7].  

 

The pure pursuit control algorithm generates control inputs 𝑣 (longitudinal veloc-

ity) and 𝜔 (angular velocity) to guide the robot toward a target point on the path. 

However, these control inputs must be corrected to ensure that the robot does 

not violate safety constraints near obstacles. 

Figure 8. Nav2 Architure with Integration of Pure Prusuit with ZCBF (modified from [1]) 
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4.3.2 Control Outputs from Pure Pursuit 

The pure pursuit controller provides the following outputs:  

 𝐮pure_pursuit = [
𝑣
𝜔

] 

Where:   

    • 𝑣 is the longitudinal velocity that moves the robot forward along the path.  

    • 𝜔 is the angular velocity used to adjust the robot’s heading toward the target 

point.  

 

4.3.3 Derivative of 𝒗 

To incorporate the Zeroing Control Barrier Function (ZCBF), we also need to work 

with the acceleration 𝑎, which is the derivative of the longitudinal velocity 𝑣. This 

is calculated analytically as the change in velocity over a small time period 𝑇, 

typically corresponding to the control loop’s time step. 

The derivative of 𝑣 (i.e., the acceleration 𝑎) can be approximated as:  

 𝑎 =
𝑣current−𝑣previous

𝑇
 

Where:   

𝑣current is the current velocity output from the pure pursuit controller.  

𝑣previous is the velocity from the previous time step.  

𝑇 is the time period of the control loop (the time difference between the two ve-

locity measurements).  

This expression for 𝑎 will be used in the ZCBF-based quadratic programming 

(QP) problem to ensure safe control inputs that avoid collisions. 
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4.3.4 Zeroing Control Barrier Function (ZCBF) 

The Zeroing Control Barrier Function (ZCBF) ensures the robot maintains a safe 

distance from obstacles while navigating through the environment. This section 

describes the extended state space, system dynamics, and the construction of 

the ZCBF [7]. 

 

4.3.4.1 State Vector and System Dynamics 

To address the mixed relative degree in the unicycle model, we extend the state 

space by introducing a virtual leading point in front of the robot, resulting in the 

state vector: 

 𝜉 = [𝑥 𝑦 𝑣 𝑥̇ 𝑦̇]⊤ 

The extended dynamics of this system are defined as: 

 𝜉̇ =

[
 
 
 
 
𝑥̇
𝑦̇
𝑣̇
𝑥̈
𝑦̈]
 
 
 
 

=

[
 
 
 
 
𝑣cos(𝜃)
𝑣sin(𝜃)
0
0
0 ]

 
 
 
 

+

[
 
 
 
 
0 0
0 0
1 0
cos(𝜃) −𝑣sin(𝜃)
sin(𝜃) 𝑣cos(𝜃) ]

 
 
 
 

[
𝑎
𝜔

] 

Where:   

    • 𝑎 is the longitudinal acceleration.  

    • 𝜔 is the angular velocity.  

 

4.3.4.2 Zeroing Control Barrier Function 𝒉(𝝃) 

The ZCBF is defined using the extended state variables to maintain a safe dis-

tance from obstacles: 

 ℎ(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) = 𝐷(𝑥, 𝑦) ⋅ 𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇) 

 

Where:   

𝐷(𝑥, 𝑦) = dist([𝑥, 𝑦], 𝑂𝑖) − 𝑑1 is the distance to the nearest obstacle minus the 

safe margin 𝑑1.   

-  𝐷(𝑥, 𝑦) = √(𝑥 − 𝑥obs)
2 + (𝑦 − 𝑦obs)

2 − 𝑑1 is the Euclidean distance to the 

nearest obstacle minus the safe margin 𝑑1. 

𝑃(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) is the projection function defined as:  
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 𝑃(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) = 〈𝑜⃗𝑟, 𝑜⃗𝑟𝑜〉 + 𝑣𝑑2 

Where:   

𝑜⃗𝑟 = [

𝑥̇

𝑣
𝑦̇

𝑣

] is the robot’s orientation vector.  

𝑜⃗𝑟𝑜 = [

𝑥obs−𝑥

dist([𝑥,𝑦],𝑂𝑖)
𝑦obs−𝑦

dist([𝑥,𝑦],𝑂𝑖)

] is the unit bearing vector pointing to the nearest obstacle.  

𝑑2 is a constant ensuring 𝐿𝑔ℎ(𝜉) ≠ 0 in the safe set [7].  

 

4.3.5 Derivative of the ZCBF 𝒉(𝝃) 
 

The derivative of ℎ(𝜉) with respect to the state 𝜉 is computed as follows: 

 
𝑑

𝑑𝜉
ℎ(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) =

𝑑

𝑑𝜉
(𝐷(𝑥, 𝑦) ⋅ 𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇)) 

Using the product rule, we get:  

 
𝑑

𝑑𝜉
ℎ(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) =

𝑑𝐷(𝑥,𝑦)

𝑑𝜉
⋅ 𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇) + 𝐷(𝑥, 𝑦) ⋅

𝑑

𝑑𝜉
𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇)Invalid source specified. 

 

4.3.5.1 Derivative of 𝑫(𝒙, 𝒚) 

The derivative of the distance function 𝐷(𝑥, 𝑦) with respect to the state variables 

𝑥 and 𝑦 is:  

 
𝑑

𝑑𝜉
𝐷(𝑥, 𝑦) =

1

√(𝑥−𝑥obs)
2+(𝑦−𝑦obs)

2
[
𝑥 − 𝑥obs

𝑦 − 𝑦obs
] 

 

4.3.5.2 Derivative of the Exponential Term 

The derivative of the exponential term 𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇) is:  

𝑑

𝑑𝜉
𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇) = −𝑒−𝑃(𝑥,𝑦,𝑣,𝑥̇,𝑦̇)

𝑑

𝑑𝜉
𝑃(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) 

The derivative of the projection function 𝑃(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) is:  

 
𝑑

𝑑𝜉
𝑃(𝑥, 𝑦, 𝑣, 𝑥̇, 𝑦̇) =

𝑑

𝑑𝜉
(cos(𝜃)

𝑥obs−𝑥

dist([𝑥,𝑦],𝑂𝑖)
+ sin(𝜃)

𝑦obs−𝑦

dist([𝑥,𝑦],𝑂𝑖)
+

𝑣𝑑2) Invalid source specified. 
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4.3.6 Lie Derivative of the ZCBF 

The Lie derivative of the ZCBF ℎ(𝜉) along the vector field 𝑔(𝜉) (which is influ-

enced by the control inputs [𝑎, 𝜔]) is a row vector of 2 elements, given by: 

 𝐿𝑔ℎ(𝜉) =
𝜕ℎ

𝜕𝜉
𝑔(𝜉) =

[−𝐷𝑑2𝑒
−(𝑝𝑜+𝑣𝑑2) 𝐷𝑝′𝑜𝑒

−(𝑝𝑜+𝑣𝑑2)]Invalid source specified. 

Where:   

• 𝐷 is the distance function 𝐷(𝑥, 𝑦).  

• 𝑑2 is a small positive constant.  

• 𝑝𝑜 = 〈𝑜⃗𝑟 , 𝑜⃗𝑟𝑜〉 is the projection of the robot’s orientation vector 𝑜⃗𝑟 onto the 

bearing vector 𝑜⃗𝑟𝑜. 

• 𝑝𝑜′ = 〈𝑜⃗𝑟, 𝑜⃗𝑟𝑜
⊥ 〉 is the projection onto the orthogonal bearing vector 𝑜⃗𝑟𝑜

⊥ .  

The Lie derivative becomes zero only when 𝐷(𝑥, 𝑦) = 0, meaning the robot has 

reached the boundary of the safe region.  

 

4.3.6.1 Lie Derivative of 𝒉(𝝃) with Respect to 𝒇(𝝃) 

The Lie derivative of the Zeroing Control Barrier Function ℎ(𝜉) along the vector 

field 𝑓(𝜉) is given by: 

𝐿𝑓ℎ(𝜉) =
𝜕ℎ

𝜕𝜉
𝑓(𝜉) = [

𝜕ℎ

𝜕𝑥

𝜕ℎ

𝜕𝑦

𝜕ℎ

𝜕𝑣

𝜕ℎ

𝜕𝑥̇

𝜕ℎ

𝜕𝑦̇
]

[
 
 
 
 
𝑣cos(𝜃)
𝑣sin(𝜃)
      0
      0
      0 ]

 
 
 
 

Invalid source specified. 

Simplifying the dot product, we have: 

 𝐿𝑓ℎ(𝜉) =
𝜕ℎ

𝜕𝑥
𝑣cos(𝜃) +

𝜕ℎ

𝜕𝑦
𝑣sin(𝜃) 

Thus, the simplified form of the Lie derivative is: 

 𝐿𝑓ℎ(𝜉) =
𝜕ℎ

𝜕𝑥
⋅ 𝑣cos(𝜃) +

𝜕ℎ

𝜕𝑦
⋅ 𝑣sin(𝜃)Invalid source specified. 
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4.3.7 Quadratic Programming Problem Formulation 

To combine the source-seeking control law with the ZCBF-based safety con-

straint, we solve the following Quadratic Programming (QP) problem [7]: 

 𝑢∗ = argmin
𝑢∈𝑈

1

2
∥ 𝑢 − 𝑢ref ∥2 (1) 

subject to the constraint: 

 𝐿𝑓ℎ(𝜉) + 𝐿𝑔ℎ(𝜉)𝑢 + 𝛼(ℎ(𝜉)) ≥ 0 (2) 

where: 

• 𝑢ref = [
𝑎𝑠

𝜔𝑠
] is the reference signal for source-seeking and is derived from 

𝑢𝑠 = [
𝑣𝑠

𝜔𝑠
].  

The reference acceleration signal 𝑎𝑠 is derived from the pure pursuit control by 

differentiating 𝑣𝑠.  

 

4.3.8 Analytical Solution of the QP Problem 

The resulting control law 𝑢∗ ensures that it stays close to the reference source-

seeking law while avoiding obstacles through the fulfillment of the safety con-

straint, ensuring that: 

 ℎ̇(𝜉) ≥ −𝛼(ℎ(𝜉)) (3) 

To simplify the implementation and guarantee the satisfaction of the constraints, 

we denote: 

 𝐻(𝜉):= 𝐿𝑓ℎ(𝜉) + 𝐿𝑔ℎ(𝜉)𝑢ref + 𝛼(ℎ(𝜉)) (4) 

The optimal solution 𝑢∗ can be expressed analytically as: 

 𝑢∗(𝜉) = {
[
𝑣̇𝑠

𝜔𝑠
] −

𝐿𝑔ℎ(𝜉)⊤𝐻(𝜉)

∥𝐿𝑔ℎ(𝜉)∥2 if𝐻(𝜉) < 0and ∥ 𝐿𝑔ℎ(𝜉) ∥≠ 0,

[
𝑣̇𝑠

𝜔𝑠
] otherwise.
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5. EVALUATIONS AND DISCUSSIONS 

5.1 OVERVIEW OF ZCBF-BASED NAVIGATION PERFOR-
MANCE IN NAV2 

 The effectiveness of Zeroing Control Barrier Functions (ZCBFs) in enhancing 

Nav2's navigation capabilities is evaluated in both simulated and algorithmic en-

vironments. The experiments are conducted in a Gazebo simulation, where the 

robot is tasked with reaching predefined goals while dynamically adapting to new 

obstacles in real-time as  shown in this  video . Additionally, Python-based simu-

lations provide insights into the algorithm’s adaptability across different obstacle 

placements. This chapter presents a detailed analysis of these experiments, dis-

cussing the robot’s responses under varying conditions and assessing the ro-

bustness of ZCBFs compared to traditional costmap-based navigation. 

 

Figure 9 Representation of Gazebo world that a predefined cost-map is imple-
mented upon 

 

In the figure above, the Gazebo world that the cost-map is implemented upon, is 

originated, with a hexagonal wall around the Turtlebot3, and static nine columns 

representing obstacles along the path of the robot. 

 

https://drive.google.com/drive/folders/1CjssQEvc_Lp_S12Au42ogLfzTaU7Kvhs
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5.2 EXPERIMENTAL SETUP AND SIMULATION ENVIRONMENT 

5.2.1 Gazebo-Based Testing 

The Gazebo simulation environment is used to evaluate the real-time perfor-

mance of ZCBFs in Nav2. The simulated world consists of predefined environ-

ments with dynamically added obstacles, allowing for comprehensive testing of 

the navigation algorithm. Key parameters include: 

• Robot Model: Turtlebot3, A differential-drive mobile robot equipped with 

a LiDAR sensor for obstacle detection. 

• Obstacle Configuration: Static and dynamically added obstacles to as-

sess real-time adaptability. 

• Goal Points: Multiple goal positions set at varying distances to evaluate 

path efficiency. 

• ZCBF Implementation: The control logic continuously adjusts the trajec-

tory to ensure safety without excessive reliance on costmaps. 

 

5.2.2 Python-Based Algorithm Testing & Initial Evaluation 

Before testing the robot in Gazebo Environment, a Python-based simulations, 

test scenarios are conducted where: 

• A single obstacle is placed at different positions as shown in these videos. 

• The algorithm dynamically adjusts control inputs based on the obstacle’s 

location. 

• The robot successfully avoids collisions and reaches its target in all cases. 

These tests confirm the consistency of ZCBF-based control across varying 

obstacle placements, reinforcing its reliability in different spatial configurations 

tested in 4 different cases  as shown in these videos. 

http://drive.google.com/drive/folders/1KKM1a3DJqWqjew7ZmHWCDfULoet1D3PV
https://drive.google.com/drive/folders/1mRXFM06QJ1okMEDFXEFNPd-m186rPCcs
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Figure 10. Shows ZCBF effect on simple robot representation’s navigation, us-
ing python script 

 

5.3 GAZEBO-BASED EXPERIMENTAL RESULTS 

5.3.1 Dynamic Obstacle Avoidance with ZCBF 

In the first experiment, the robot navigates toward a predefined goal while dy-

namically adjusting to new obstacles added mid-navigation. The results demon-

strate that: 

• When two static obstacles are introduced, the robot successfully recalcu-

lates its path to avoid collisions and reach the goal. 

• Upon adding a third obstacle, the LiDAR sensor immediately detects it, 

prompting the ZCBF logic to generate a new safe trajectory. 

This experiment highlights the reactive nature of ZCBFs, ensuring real-time 

safety without requiring extensive costmap updates. 



43 
 
 

   

 

 

Figure 11 Representing Environment in Gazebo With Added Two Obstacles to 
the predefined costmap 

 

 

Figure 12 Showing map in RVIZ, with the goal point at the end of the purple 
line, showing all obstacles in robot global path 

 

For this path, the robot’s LiDAR didn’t see the left-added obstacle initially, but 

when the robot moves along this global path, the LiDAR begin to detect the ob-

stacle thus a new global path being established to reach the goal eventually 
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Figure 13. Showing the new global path when LiDAR detect the obstacle 

 

 
Figure 14. Adding a new, third obstacle on the top-left of the environment 
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Figure 15. Showing global path after inserting new obstacle 

 

From the figures above, we could clearly see that the robot takes the path without 

colliding with any obstacle along its way, and it detects all the obstacles normally, 

easily and act upon 

 

5.4 OBSTACLE AVOIDANCE WHILE NAVIGATING MULTIPLE 
GOALS 

A second test involves setting multiple goals for the robot while allowing it to nav-

igate autonomously in a pre-saved Gazebo world. The robot successfully com-

pletes its objectives, demonstrating that: 

• The ZCBF mechanism maintains smooth trajectory adjustments in re-

sponse to environmental changes. 

• The system exhibits robust performance even in pre-defined environ-

ments with dynamic obstacles. 

This experiment validates that ZCBFs can be integrated with long-horizon 

planning strategies while preserving real-time adaptability. 
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Figure 16. Showing a goal at the end of the purple line 

 

 

 

Figure 17 Shows robot motion upon Nav2 goal endpoint 
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Figure 18. Shows insertion of obstacles on the global planned goal on the ro-
bot’s way 

 

In the figures above, the robot’s goal is selected, in which the robot trying to go 

to, but an obstacle is inserted on this navigating path, testing upon the feedback 

of ZCBF effect on navigation of the robot that outputting great feedback on acting 

upon this obstacle 

 

 

Figure 19. Showing immediate change in global plan to same goal, that the ro-
bot navigates upon 
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Figure 20. Selecting new goals to the robot to act upon, before adding obstacle 
on the trajectory 

 

 

Figure 21. Adding obstacle, seeing the reaction of robot navigation stack upon 
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Figure 22. Shows the new, smoothly selected, path of the robot to the same goal 

 

For more illustration on how python algorithm works, how gazebo simulation op-

erates, and how dynamic obstacles shows up during simulation in gazebo , 

see: Google Drive Link 

 

5.5 DISCUSSION AND KEY FINDINGS 

The evaluation results demonstrate that ZCBFs provide substantial improve-

ments in real-time obstacle avoidance, trajectory adaptability, and computational 

efficiency in Nav2. Key findings include: 

 

• Improved Safety and Responsiveness: The robot consistently avoids ob-

stacles without excessive reliance on global costmaps. 

• Reduced Latency in Decision-Making: ZCBFs enable immediate control 

adjustments, enhancing navigation efficiency. 

• Scalability Across Different Environments: The approach is effective in 

both structured (pre-defined maps) and unstructured (dynamic obstacle 

changes) environments. 

Computational Benefits: The method reduces the overhead of frequent costmap 

updates while ensuring real-time safety enforcement. 

https://drive.google.com/drive/folders/1jyw4Xu26BDfb2c6q33FoXfYPnkzOmcYd?usp=sharing
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These findings suggest that ZCBFs and Pure Pursuit Control provide a highly 

effective alternative to traditional costmap-based navigation, making them 

well-suited for real-world autonomous navigation applications. 
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