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Abstract: This study presents a funnel-based motion planning algorithm for a car-like robot, utilizing a dynamic 
model to capture the robot's motion. The funnel-based planner addresses the obstacle avoidance problem and 
dynamically updates the path to guide the robot to its goal. The proposed algorithm's performance is evaluated 
in a dynamic environment, and with a dynamic goal where re-planning capabilities are demonstrated. The results 
indicate that funnel planner provides robust navigation even in uncertain conditions. 
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1. INTRODUCTION 
In robotics, motion planning algorithms are 
essential for guiding systems through their 
tasks. Traditional methods like PRM and RRT 
[1][2][3] generate open-loop plans that are 
passed to online control algorithms, which 
then manage challenges such as localization 
errors, control inaccuracies, and unforeseen 
obstacles [4]. Feedback motion planning, 
such as potential field methods [5][6][7], 
addresses these issues by incorporating real-
time environmental feedback, enabling 
closed-loop plans that adapt to unpredictable 
events during execution. Burridge [8] 
introduced the concept of funnels, where a 
series of local controllers guide the robot's 
state through funnel-shaped regions, 
eventually reaching the goal. This idea has 
been adapted in many studies to develop 
sampling-based feedback strategies [4][8]-
[14]. Building on funnel graph generation from 
[4] and [14], our work extends this approach to 
support dynamic environments for a dynamic 
car-like robot model. 
 
2. BACKGROUND AND THEORY 

a) The Funnel-Graph: 
The funnel-graph is represented as an 
undirected graph, where each vertex 
corresponds to a unique neighborhood in 
free state space with a center point, and 
edges connect vertices if their 
neighborhoods intersect but not enclaved 
within each other. The union of these 
neighborhoods approximates the free 
state space, and the sampling of centers 
is biased away from obstacles within the 
free state space to ensure maximum safe 
space for the robot and a minimum 

number of funnels. This process 
terminates after satisfying a coverage 
criteria, providing an approximate 
representation of the free state space that 
captures both its area and connectivity 
through the funnel-graph structure [4]. 
The robot is then guided through the 
centers of funnels and the convergence to 
any goal is guaranteed from any start in 
the environment and provided that both 
the start and the goal are captured withing 
the graph. 

 
b) The Dynamic Car-Like Robot Model: 
To capture the motion dynamics of the 
car-like robot the following equations from 
[15] were adopted: 

 
= cos  
= sin  

                   =                             (1)                       
=    

=   

Where ( , ) is the cartesian position of the 
robot,  is the orientation,  is the linear 
velocity,  is the angular velocity,  is the 
applied force,  is the mass,  is the moment 
of inertia and  is the applied torque. 
In this work, we are going to use the same 
method used in [15] to control the position of 
the robot, where feedback linearization about 
a hand position  was used. 
                    = + cos  
                    = + sin                    (2) 
 
We differentiate (2) twice 
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=  cos sin
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   (3)  

 
After some manipulations:  

=  
0

0
cos sin

sin cos

                                                                (4)         

Using ( , ) as virtual inputs, we can then 
use simple state feedback to control the 
position ( , ). From [15] all the zero 
dynamics are stable. 
3. The Funnel-Graph Algorithm: 
The Funnel-Graph Algorithm begins by 
estimating the obstacle-free area in the map 
and initializing the graph at the goal, 
estimating initial coverage. It then samples a 
random state within the map’s limits, ensuring 
it is collision-free and estimating the obstacle-
free neighborhood around the state. An 
exponential sampling rejection term is applied 
to bias funnels toward larger areas, 
Where samples are rejected if the bellow 
condition is satisfied minimizing the number  

[0,1] >             (5) 
 
of funnels. The algorithm ensures that the 
sample is not within an existing funnel’s 
neighborhood but intersects with at least one 
to guide expansion. The new node is added 
as a funnel, with edges based on the distance 
between centers of intersecting 
neighborhoods. A path (centers of the funnels) 
is set once the start state and desired 
coverage are reached, using Dijkstra’s 
algorithm to navigate the graph. A dedicated 
function continuously estimates the obstacle-
free area until the coverage criteria are met. 
Figure 1 and figure 2 illustrate an experiment 
where a coverage criterion of 96 percent is 

used  :              .

 
Figure 1 : Visualization of the funnel-graph 

Algorithm. 

 
Figure 2 :  Coverage estimation map. 

4. Execution Phase: 
a)  In a static environment: 
Figure 3 shows the execution phase of the 
algorithm where the goal is set at [15.5, 15.5] 
and the start at [1, 1] where the blue circles 
represent the path funnels. 
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Figure 3 : Execution in a static environment 

b)  In a dynamic environment: 
Figures 4 and 5 depict the scenario when the 
robot faces a not-anticipated road blockage 
the algorithm adapts to the event and adjusts 
the connectivity of the graph accordingly and 
generate new path funnels ensuring a safe 
arrival to the goal. 

 
Figure 4 : Before the blockage appears. 

 
Figure 5: Adaptation after the blockage of the 

initial path. 

c) With a dynamic goal in a dynamic 
environment  

In this scenario, the Follower robot (yellow 
with a red trace) continuously adapts its 
position to follow the Leader robot (red with a 
blue trace), leveraging a graph data structure 

to find the shortest obstacle-free path between 
them. The algorithm ensures that the Follower 
tracks the Leader by frequently updating their 
positions within a predefined funnel. In a 
dynamic environment, where obstacles 
change frequently, the Follower robot must 
adjust in real-time, finding new paths to avoid 
the obstacles while maintaining proximity to 
the Leader. This tests the algorithm's ability to 
handle rapid environmental changes. 

 
 
Figure 6 : Leader-Follower in a dynamic 
environment . 
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