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• Introduces a probabilistic feasibility cost function that favors paths less likely to be blocked by moving
obstacles.

• Highlights trade-offs: PBRRT needs more sampling iterations initially, but improves safety and effi-
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replanning only after a collision risk is detected. This reactive strategy often leads to frequent replanning,
which can be computationally expensive and result in longer paths. In contrast, our approach incorporates
a general state prediction algorithm to estimate both current and future positions of moving obstacles.
These predictions allow us to anticipate where obstacles are likely to appear in the configuration space
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1. Introduction

Motion planning in dynamic environments is a critical challenge in robotics and autonomous systems,
where an agent must navigate safely and efficiently while addressing moving obstacles, changing terrain,
and unpredictable elements. Unlike static environments, where paths can often be precomputed offline,
dynamic settings demand real-time decision making, adaptability, and integration of predictive models.
Key challenges include collision avoidance with moving obstacles, computational demands imposed by
real-time constraints, uncertainty in predicting the motion of dynamic agents, and rapid replanning in
response to unexpected changes. These challenges motivate the development of advanced algorithms,
such as sampling-based planners, optimization methods, and machine learning techniques that enable
robust and efficient navigation in dynamic environments [1].

Motion planning in dynamic environments leverages a diverse set of techniques to achieve real-
time adaptability and reliable collision avoidance. Although sampling-based planners remain widely
used, they are often complemented by other approaches that address the unique demands of dynamic
settings. Optimization-based methods, such as Model Predictive Control (MPC), Covariant Hamiltonian
Optimization for Motion Planning (CHOMP), and Stochastic Trajectory Optimization for Motion Planning
(STOMP), refine motion plans by optimizing smoothness, safety, and feasibility [2, 3]. Graph-based
planners, including A* variants such as D*-Lite and Hybrid A*, support efficient replanning in response
to environmental changes [4, 5]. Artificial Potential Fields (APF) guide agents using attractive and
repulsive forces, while Velocity Obstacles (VO) and Reciprocal Velocity Obstacles (RVO) facilitate
collision avoidance in multi-agent scenarios by predicting future trajectories [6, 7]. Furthermore, machine
learning techniques, such as deep reinforcement learning (DRL) and imitation learning, enable agents to
make adaptive decisions based on learned behaviors and prior experience [8].

Accurate estimation of obstacle positions and velocities is critical for effective motion planning in
dynamic environments. Predicting the future positions of moving obstacles can be approached using a
range of techniques—from simple kinematic models, such as constant velocity or constant acceleration
assumptions, to more advanced methods that account for uncertainty and complex dynamics [6]. Common
approaches include filtering techniques such as the Extended Kalman Filter (EKF) and particle filters,
which are well-suited for handling non-linear and stochastic motion models [9, 10]. In addition, data-
driven methods, such as long short-term memory (LSTM) networks and multisensor fusion models,
can learn complex motion patterns from data and offer greater flexibility when traditional models are
inadequate [11, 12].

Rapidly-exploring Random Trees (RRT) [13] and its optimal extension, RRT* [14], are widely
used sampling-based algorithms for motion planning in high-dimensional configuration spaces. RRT
incrementally builds a search tree from a given start state by randomly sampling configurations and
attempting to connect them, allowing it to efficiently find feasible paths in complex environments.
However, RRT does not guarantee optimality. To address this limitation, RRT* introduces a rewiring
step that iteratively improves the tree structure, enabling convergence to an optimal solution and ensuring
asymptotic optimality over time [13, 14]. Despite their effectiveness, both algorithms assume a static and
fully known environment, limiting their applicability in dynamic settings.
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There are several variants in the literature that extend RRT* to dynamic environments. For instance,
the Fuzzy-Kinodynamic RRT algorithm presented in [15] integrates fuzzy logic with kinodynamic
constraints to enable unmanned aerial vehicles to adapt their paths in real time for obstacle avoidance
in uncertain, changing scenarios. Furthermore, RT-RRT introduces a reverse tree guided strategy that
constructs both a goal-rooted reverse tree and a forward tree from the robot’s current state, facilitating
rapid re-planning when unexpected obstacles disrupt the path [16]. Meanwhile, RRT-FND builds upon
the RRT* framework by selectively repairing only the invalidated portions of its tree structure rather
than rebuilding from scratch, thereby improving computational efficiency in dynamic environments [17].
Furthermore, RT-RRT* offers a real-time variant of RRT* that interleaves tree expansion, rewiring, and
action execution to quickly update paths, making it well-suited for applications such as robotics and
interactive gaming [18]. [19] presents another multi-query sampling-based motion planning algorithm for
dynamic environments called AM-RRT*. The key idea is to augment the standard Euclidean distance
with an assisting metric—such as diffusion distance—that better captures connectivity when line-of-sight
is blocked, while still preserving probabilistic completeness and asymptotic optimality. The authors of
AM-RRT* also propose a targeted rewiring strategy that focuses computation along the current path to
the goal, significantly reducing re-planning time when goals change [19].

This paper proposes a prediction-based extension of RRT* for motion planning in dynamic envi-
ronments, aiming to reduce the frequency of replanning events by proactively incorporating obstacle
motion predictions. The proposed method generates an initial motion plan that is more resilient to
dynamic obstacles, thereby minimizing the need for frequent replanning. This is achieved by introducing
a probabilistic feasibility measure into the RRT cost function, prioritizing paths with a lower likelihood
of future obstacle interference. Additionally, the approach integrates a multi-objective stochastic cost
function that balances path feasibility with traditional optimization criteria such as travel distance, arrival
time, and energy efficiency.

The rest of this paper is organized as follows: Section 2. presents the problem and the mathematical
notation used in this paper. Section 3. discusses background information on RRT to provide the reader
with the preliminary information needed to understand the proposed method. Section 4. presents the
proposed dynamic environment RRT method and discusses the theory developed. Section 5. presents
the simulation-based experimental results for the algorithms and compares them to other state-of-the-art
RRT in dynamic environments. Section 6. discusses these results and outlines directions for future work.
Finally, 7. concludes this paper.

2. Problem Definition and Notation

Let X ⊆ Rn denote the configuration space of the robot. Furthermore, let Xobs ⊆X and X f ree =

X \Xobs denote the obstacle and free configuration spaces. The state of the robot at time t is represented
as x[t]. The start and goal states of the robot are denoted as x0 = x[t0] and xN = x[t f ] respectively. t f ∈R+

denotes the arrival time of the path towards the point xN , which is a free variable to be solved. Furthermore,
let T denote the tree generated by a rapidly-exploring Random Tree (RRT) motion planning variant. V

and E denote the vertices and edges of the tree respectively.
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Let σ : [0,1]→ Rn be a continuous function that represents a path from x0 to xN such that σ(0) = x0

and σ(1) = xN . The tuple (x0,xN ,X f ree) defines a path planning problem to move a robot from x0 to xN

while avoiding obstacles. We let σ̄ be the optimal path between x0 and xN in the case where there are no
obstacles. This path is described by the notation (x0,xN).

Optimal motion planning considers finding a feasible path σ determined by the tuple (x0,xN ,X f ree)

that minimizes a cost function J(σ). J is a monotonic, bounded, and strictly positive function for all
collision-free paths. Furthermore, J ≡ 0 if and only if σ(θ) = σ(0)∀θ ∈ [0,1]. Hence, the optimal path
σ∗ is defined as

σ
∗ = argmin

σ
{J(σ(θ)) | σ(θ) ∈X f ree∀θ ∈ [0,1] (1)

In a dynamic environment, the motion planning tuple needs a fourth argument for the arrival time t f at the
final state. Hence, the dynamic environment motion planning tuple is defined as (x0,xN ,X f ree,(t0, t f )).

Xobs can be estimated by the function Q = f [x, t]. This function describes the obstacles the robot
sensors detect at time t. In the case of a dynamic environment and the obstacles’ motions are unknown to
the robot agent, Q is a probabilistic time-varying function at each state. In the special case of a static fully
known environment, Q is a deterministic time-invariant function. Furthermore, we denote the true state
trajectory of the i−th dynamic obstacle as QDi[t]; similarly the states consisting of the static obstacles are
denoted as QS, such that QS = X \(∪QD,i). The estimated states of the dynamic obstacles are denoted
as Q̂[t]. Also, let the number of separate dynamic obstacles be denoted by the positive integer k. The
probability that the direct path from node xi−1 to node xi is occupied by at least one obstacle at time t is
denoted as P(xi−1,xi,X f ree,(t0, t f )).

3. Background

3.1. RRT*

The RRT* algorithm, shown in Algorithm 1 and originally presented in [14], is an optimal version of
the RRT sampling-based algorithm. The environment is assumed to be static and fully known in both
algorithms [13, 14].

RRT* repeatedly samples points from the configuration space and determines the node belonging
to the tree that is nearest to the sampled point (lines 3,4). This node is incrementally steered slightly
towards the sampled node to generate a new node in the tree (line 8) under the assumption that there is
no obstacle at the location of this node (line 5). RRT* actively evaluates whether the new sample can
serve as a more efficient intermediary for nearby nodes (within cost below R), updating the connections to
lower the overall path cost (lines 9-14). Furthermore, the algorithm also checks if the nearby nodes can
serve as a more efficient intermediary for the new sample (lines 17-23).

3.2. Obstacle State Estimation

The proposed approach assumes access to another model that can track and predict the most probable tra-
jectory that the obstacles will follow (i.e., estimate P(x0,x1,X f ree,(t0, t f ))). There are decades of research
work that discusses this. One can use the classical methods such as extended Kalman filters (EKF) and
particle filters (PF) [9, 10]. However, one can also use recently proposed data-driven techniques for object
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Algorithm 1: RRT* Algorithm presented in [14]
1 (V,E)← ({x0},∅);
2 for i = 1,2, · · · ,n do
3 xrand ∼X ;
4 xnearest = Nearest(T ,xrand);
5 xsteer = Steer(xnearest ,xrand);
6 if (xnearest ,xsteer)⊂X f ree then
7 Xnear←{x ∈T |J(x,xsteer)< R};
8 V ←V ∪{xsteer};
9 (xmin,Jmin)←

(
xnearest ,J(x0,xnearest)+ J(xnearest ,xsteer)

)
;

10 for x ∈ Xnear do
11 J← J(x0,x)+ J(x,xsteer);
12 if (x,xsteer)⊂X f ree and J < Jmin then
13 (xmin,Jmin)← (x,J);
14 end
15 end
16 E← E ∪{xmin,xnew};
17 for x ∈ Xnear do
18 J← J(x0,xsteer)+ J(xsteer,x);
19 if (xsteer,x)⊂X f ree and J < J(x0,xsteer) then
20 (xmin,Jmin)← (x,J);
21 end
22 E← (E \{(xmin,x)})∪{(xsteer,x)}
23 end
24 end
25 end
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tracking such as LSTM neural networks or reinforcement learning techniques [11, 20]. Theoretically, the
proposed algorithm presented in this paper can be applied alongside any of the object state estimation
algorithms found in the literature.

4. Prediction Based RRT

4.1. Optimization Framework

Previous work on RRT in dynamic environments leverages the obstacles of the current state to plan. The
contribution of this work is that the proposed algorithm, termed prediction-based RRT* (PBRRT), uses
the current state of the obstacles and the estimated future states of the obstacles. However, the proposed
algorithm has the following assumption.
Assumption 1 We assume that the state trajectory of QDi[t] is at least C1 smooth such that future states

of QDi[t] can be estimated within some time horizon tH .

Assumption 1 describes that the trajectory of each dynamic obstacle should not exhibit abrupt changes
in their state trajectory to allow us to estimate the future location of the dynamic obstacles in the near
future. Furthermore, an object cannot suddenly appear unexpectedly. Hence,

||Q̂Di[t]−QDi[t]||< ε∀t ∈ [t0, t0 + tH ], i = 1,2, ..k

Since the robot agent does not have complete knowledge of X f ree in the future, the cost function associated
with the path between two RRT nodes xi and xi+1 is treated as a probabilistic quantity, hence we try
minimize the expectation of J between two nodes such that:

E[J(xi,xi+1)] = P(xi,xi+1,X f ree,(ti, ti+1))M+(1−P(xi,xi+1,X f ree,(ti, ti+1)))JRRT ∗(xi,xi+1). (2)

where JRRT ∗ is the cost between the two nodes had we considered using the optimal RRT* algorithm
or one of its variants. M is a large positive constant value that penalizes the path if it collides with
the probabilistic dynamic obstacle. Hence, the value of M should be much larger than the RRT* cost
(M > JRRT ∗). Hence in order to minimize E[J(xi,xi+1)], the node rewiring process will favor node
connections where P(x0,x1,X f ree,(t0, t f ))→ 0 as

JRRT ∗ < E[J(xi,xi+1)]∀P(xi,xi+1,X f ree,(ti, ti+1))< Psa f e

and

arg min
P(xi,xi+1,X f ree,(t0,t f ))

E[Jnode] = 0.
(3)

0 < Psa f e < 1 is a user-defined parameter that describes how close the path the agent takes will be to
the dynamic obstacles. This will direct the motion planning algorithm to search for low-cost paths that
are most likely feasible. However, if we assume the robot’s current position is at node x0 at time t0, the
dynamic obstacle function obtained from the robot sensors can only reliably estimate the future dynamic
obstacles’ positions within a short time horizon up to t1 such that t1−t0 < tH . As t1 increases, the estimated
probabilities P̂(x0,x1,X f ree,(t0, t f )) begin to deviate from the true probabilities P(x0,x1,X f ree,(t0, t f )).
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Hence, we modify the total expected cost for a path yet to be traversed by a robot using a PBRRT tree as

Ê[Jpath] = Ê[J(x0,xN)] =
N−1

∑
i=0

Ê[J(xi,xi+1)]

=
N−1

∑
i=0

P̂(xi,xi+1,X f ree,(ti, ti+1)|x[ti],P(t0))γαM+

(1− γ
α P̂(xi,xi+1,X f ree,(ti, ti+1)|x[t0],P(ti)))JRRT ∗(xi,xi+1). (4)

where γ is the discounting factor constant such that 0 < γ < 1. If the discount factor is closer to 0,
the motion planner will gradually neglect uncertain collisions in the long horizon; if γ = 1, even these
uncertain collisions in the long horizon are considered for planning. Next, α ∈ Z≥0 is the number of node
generations between the starting node and node xi. As such, as the number of node generations increases
(i.e. the planner is planning in the far future), the expected cost between two nodes will be

lim
k→∞

Ê[J(xi,xi+1)] = JRRT ∗(xi,xi+1). (5)

The proposed PBRRT algorithm aims to plan a trajectory that minimizes the expected path cost function
in (4).

4.2. Proposed Algorithm

The proposed algorithm consists of an initial planning loop, which is responsible for developing an initial
plan at the start of the simulation; and an execution loop, which causes the robot agent to execute its path
until an obstacle interferes with the planned path due to a probability of collision (PoC) that is greater
than Psa f e. At this point, the algorithm develops a new plan based on the initial tree developed and some
new samples to update the tree to the current free configuration space.

4.2.1. Initial Planning Loop

The initial planning loop, presented in Algorithm 2, has some similarities to the RRT* algorithm. However,
instead of just considering whether we are colliding with any static obstacles when checking for collisions
(Algorithm 1, lines 6, 12, and 19), the proposed algorithm checks the PoC between the agent and the
dynamic obstacle (it is impossible to exactly determine as the obstacles’ trajectories are unknown to the
agent). If this collision probability is below some threshold Psa f e, we proceed with the algorithm as in
standard RRT*. However, the other major difference is that PBRRT uses the cost function presented in
(4) to minimize instead of the regular RRT* cost metric. The resulting path is a smooth trajectory that is
relatively close to the optimal path; however, the initially planned trajectory will not come too close to
dynamic obstacles, as that heavily increases the cost function. This is sketched in Fig. 1.

4.2.2. Execution Loop

Once the robot has planned its initial path, it will begin to execute this motion plan until an obstacle
interferes with this. This execution loop is shown in Algorithm 3. As the robot moves from its current
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Algorithm 2: PBRRT Initial Loop
1 (V,E)← ({(x0, t0)},∅);
2 for i = 1,2, · · · ,n do
3 xrand ∼X ;
4 xnearest = Nearest(T ,xrand);
5 xsteer = Steer(xnearest ,xrand);
6 if (xnearest ,xsteer)⊂QS and P̂(xnearest ,xsteer,X f ree,(ti, t))< Psa f e for some t > ti then
7 Xnear←{x ∈T |Ê[J(xnearest ,xsteer)]< R};
8 V ←V ∪{(xsteer, t)};
9 (xmin,Jmin)←

(
xnearest , Ê[J(x0,xnearest)]+ Ê[J(xnearest ,xsteer)]

)
;

10 for x ∈ Xnear do
11 J← Ê[J(x0,x)]+ Ê[J(x,xsteer)];
12 if (x,xsteer)⊂X f ree and P̂(x,xsteer,X f ree,(ti, t))< Psa f e and J < Jmin then
13 (xmin,Jmin, tmin)← (x,J, t);
14 end
15 end
16 E← E ∪{(xmin, ti),(xsteer, t)};
17 for x ∈ Xnear do
18 J← Ê[J(x0,xsteer)]+ Ê[J(xsteer,x)];
19 if (xsteer,x)⊂X f ree and P̂(xsteer,x,X f ree,(ti, t))< Psa f e and J < J(x0,xsteer) then
20 (xmin,Jmin, tmin)← (x,J, t);
21 end
22 E← (E \{(xmin,x)})∪{(xsteer,x)}
23 end
24 end
25 end
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(a) Node connection in other RRT* al-
gorithms. The predicted position of the
obstacle is not considered.

(b) Node connection in proposed RRT
algorithm. The predicted position of the
obstacle is considered.

Figure 1. Node connection comparison between proposed RRT algorithm and other
RRT algorithms

position to the next node on the planned path, it removes previous nodes that it has passed from the tree
alongside all of the node’s descendants. Furthermore, it checks if the planned path has a high probability
of not being interfered with by other obstacles; hence the PoC should remain low. If there is a high PoC,
we update the probabilities of the existing tree and re-grow a new tree using the method discussed in the
PBRRT initial loop section.

Mathematically, consider the planned path generated by the tree to be described by the set of tuples
Splanned←{(xc,xc+1),(xc+1,xc+2), ...,(xc+k−1,xc+k)...,(xc+K−1,xc+K))}. Where xc describes the current
node location, and xc+k describes the node in the tree that is in the k-th generation after xc. K is the total
number of nodes in Splanned. As soon as the agent executes a step such that its new current location is xc+1

(Line 2), the new planned path considered is Splanned ←{(xc+1,xc+2),(xc+2,xc+3), ...,(xc+K−1,xc+K))}.
After executing a step in the planned path (Line 3), the parent node of where the robot is currently located
is removed from the tree alongside any of its descendants that are not in Splanned (Line 4). During this
time-frame, the dynamic obstacles would have moved to new locations hence the current Splanned may
need to be modified and the PoC (Line 5). For the node in the k-th generation after the current location
node (xc+k), we determine if γkP̂(xc+k−1,xc+k−1)> Psa f e. If this condition is true for at least one of the
nodes, then it implies that the current planned path is too risky to execute and hence a new planned path is
needed. The replanning process (Line 7) is similar to the initial plan algorithm. However, we do not start
from an empty tree. We have an existing tree; however, each sample in the tree needs to have its PoC
value updated to match the current state of the configuration space. After the PoC values are updated, we
can add new samples and connections to the tree similar to what is described in Algorithm 2.

5. Simulation Experiments

The proposed algorithm is tested on five separate 2D maps and one 3D map using a point robot agent.
Each 2D map is sized [0,20]× [0,20]. The 3D map (Map 6) is sized [0,10]× [0,10]× [0,10]. In the 2D
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Algorithm 3: PBRRT Execution Loop
1 k = 0;
2 while k < K do
3 ExecutePath();
4 RemovePreviousNode&DescandantsfromTree();
5 UpdateEnvironment();
6 if γkP̂(xc+k−1,xc+k−1)> Psa f e then
7 Replan();
8 end
9 k = k+1 ;

10 end

maps, the static obstacles are non-circular while the dynamic obstacles are circular. Similarly, Map 6 has
the dynamic obstacles to be shaped as spheres while the static obstacles are rectangular prisms. The main
purpose of Map 6 is to show PBRRT working in higher dimensional planning spaces. The five 2D maps
and the one 3D map are shown in Fig. 2. The default value for the parameters discussed in this paper are
chosen based on manual tuning and are presented in Table 1. Section 5.3. provides ablation experiments
that vary one of these parameters to study its effects. The simulations are set-up by default such that the
robot begins executing a path as soon as PBRRT determines a feasible path. The authors set the dynamic
obstacles move randomly to show the robustness of the algorithm against any type of obstacle motion.
The videos showcasing the robots executing the planned paths for all experiments are provided in Section
8.1.2..

(a) Map 1 (b) Map 2 (c) Map 3

(d) Map 4 (e) Map 5 (f) Map 6

Figure 2. The six simulated maps. The start location is represented with the red star
and the goal location is represented with the purple cross.
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Table 1. Parameters used in Simulations.

Parameter Value
η (Steering Parameter for RRT* [14]) 0.15

Psa f e 0.1
M 15
γ 0.9

σ2 0.1

5.1. Obstacle Tracking Mechanism used in Simulation

As mentioned in Section 1. and 3., there is a multitude of ways to estimate and predict the location
of moving obstacles. However, the authors decided to be general and focus on the planning aspect for
the simulations as this is the main focus of the paper. In the simulations, we assume that the estimated
position of a dynamic obstacle at any given time — denoted as x̂Di[t] — is

x̂Di[t] = xDi[t]+N (0,σ2) (6)

Where xDi[t] denotes the true location of the dynamic obstacle and N (0,σ2) denotes zero-mean
Gaussian noise with variance σ2. Details on how the PoC at each node is calculated are shown in Section
8..

The simulations are performed on an Ubuntu 24.04 desktop computer with an Intel Core i9-14900KF
processing unit, 32 GB RAM, and a NVIDIA GeForce GTX 1660 Ti graphics card.

5.2. Comparison with other RRT Algorithms

PBRRT is tested on Maps 1-5 and compared with three other dynamic environment RRT algorithms -
RRT*FND, RT-RRT*, and AM-RRT* [17, 18, 19]. The authors compare the executed path determined
from these planning algorithms and determine the PoC at each timestep. To quantitatively determine
how close the robot agent is to collision at each timestep, the distance to the nearest dynamic obstacle
(DNDO) and the overall PoC are shown in Fig. 3 and Fig. 4 respectively. The end-to-end run-times for
each algorithm, minimum value for nearest distance, and maximum value of probability of collision are
shown in Table 2. Tables 3 and 4 report the replan counts and the initial plan node counts for PBRRT
and RRT*FND across Maps 1-5. AM-RRT* and RT-RRT* are not included in this comparison as they
execute motions prior to full planning the path and adjust the planned path at each timestep.

5.3. Ablation Experiments

Each one of the parameters listed in Table 1 is adjusted to showcase the effect of that parameter.

5.3.1. M Ablation Experiment

To showcase the effect of M on PBRRT, we re-ran Map 1 while adjusting M such that M = 0. Before
executing the paths in this ablation study, the tree is allowed to grow to 10,000 samples to approximate
the truly optimal path under an infinite number of samples. The PoC and DNDO graphs comparing this
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Figure 3. Distances to the nearest Dynamic Obstacles at each Timestep - Maps 1-5.
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Figure 4. Probability of Collision at each Timestep - Maps 1-5.
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Algorithm Trun Pmax Dmin

PBRRT 11.54 0.01 0.73
RRT*FND 26.78 0.08 0.54
RT-RRT* 8.51 0.35 0.10
AM-RRT* 12.09 0.13 0.40

(a) Map 1

Algorithm Trun Pmax Dmin

PBRRT 24.08 0.03 0.46
RRT*FND 52.05 0.30 0.17
RT-RRT* 10.41 0.10 0.36
AM-RRT* 12.95 0.41 0.08

(b) Map 2

Algorithm Trun Pmax Dmin

PBRRT 47.25 0.04 0.51
RRT*FND 26.35 0.17 0.26
RT-RRT* 3.80 0.23 0.15
AM-RRT* 5.96 0.15 0.30

(c) Map 3

Algorithm Trun Pmax Dmin

PBRRT 2.01 0.00 1.47
RRT*FND 2.28 0.18 0.22
RT-RRT* 3.82 0.10 0.33
AM-RRT* 5.54 0.08 0.38

(d) Map 4

Algorithm Trun Pmax Dmin

PBRRT 18.60 0.01 0.65
RRT*FND 14.39 0.12 0.36
RT-RRT* 7.78 0.31 0.10
AM-RRT* 12.75 0.07 0.42

(e) Map 5

Table 2. End-to-end run-times (in seconds), maximum probability of collision, and
minimum distance to nearest dynamic obstacle.

Table 3. Replans in PBRRT and RRT*FND for each map

Map PBRRT RRT*FND
1 0 5
2 4 16
3 20 6
4 0 2
5 1 2

alteration to the default setup are shown in Fig. 5. The robot agent had to do seven replans in the M = 0
scenario and five replans in the M = 15 scenario. This is expected as the case of M = 15 has a higher
penalty for paths that will likely need to be replanned.

5.3.2. Psa f e Ablation Experiment

To showcase the effect of Psa f e on PBRRT, we re-ran Map 4 while adjusting Psa f e such that Psa f e = 0.5.
The path is executed as soon as tree determines a path for this ablation study. The overall paths executed
by both scenarios is illustrated in Fig. 6. The DNDO and PoC graphs are for the Psa f e ablation study
are shown in Fig. 7. In the scenario where Psa f e = 0.1, there were zero replans after the initial plan and
there were 3289 nodes in the tree when the initial plan was developed. However, in the scenario where
Psa f e = 0.5, there were five replans after the initial plan and there were 1865 nodes in the tree when the
initial plan was developed.

The explanation for these results are as follows. In order to navigate from the start node to the end
node, the agent can travel right of the static obstacle (the shorter distance according to the Euclidean
metric) or the agent can travel left of the static obstacle (the longer distance according to the Euclidean
metric). In the Psa f e = 0.1, the expanding tree rejects nodes that have a 10% or higher PoC. These nodes
are located on the right side of the static obstacle. Hence, the tree expansion favors the left side of the
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Table 4. Number of samples needed for initial plan for each map

Map PBRRT RRT*FND
1 2874 3211
2 1347 1588
3 1066 1865
4 3289 1728
5 4514 4514
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Figure 5. M ablation experiment results

static obstacle. However, when Psa f e = 0.5, the percentage of nodes to the right of the static obstacle
that are rejected decreases. Hence, a shorter path can be found quickly. This initial path is unlikely to be
successful as the dynamic obstacle is likely to interfere with the planned path. Therefore, replanning is
likely to occur.

(a) Psa f e = 0.1 (b) Psa f e = 0.5

Figure 6. Illustration of executed paths for Psa f e ablation study.
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Figure 7. Psa f e ablation experiment results

5.3.3. γ Ablation Experiment

To showcase the effect of γ on PBRRT, we re-ran Map 3 with γ = 0.6, 0.8, and 1. The DNDO and PoC
graphs for the γ ablation study are shown in Fig. 8. When γ = 0.6, the robot agent needed to replan ten
times while when γ = 0.8 or γ = 1, the robot agent only needed to replan three times after the initial plan.

These results are expected as when γ decreases, the agent is more nearsighted to dynamic obstacles.
Hence, the agent is likely to have to replan when it comes near those dynamic obstacles that have not
been provided much weight in the cost function. When γ = 1, the agent provides equal weight to nearby
dynamic obstacles and far away dynamic obstacles. Hence, this explains the low number of replans and
low PoC. In practice, the authors suggest using γ = 1, if one knows the entire future trajectory of the
dynamic obstacles. Theoretically, there would be near zero replans in this hypothetical scenario.
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Figure 8. γ ablation experiment results
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5.3.4. σ2 Ablation Experiment

To show the effect of σ2 on PBRRT, we re-ran Map 1 with σ2 = 0.1, 0.5, 1.0, and 1.1. The DNDO
graph for the σ2 ablation study is provided in Fig. 9. The PoC graph is not provided here as the PoC
for each of the executed path would be biased due to different a priori beliefs regarding the regions the
dynamic obstacles may cover. When σ2 = 0.1, there were no replans. When σ2 = 0.5, there was one
replan after the initial plan. When σ2 = 1.0, there were five replans after the initial plan. When σ2 = 1.1,
there were 53 replans after the initial plan. The authors noted that when σ2 = 1.25 or higher, PBRRT fails
to return any path as the robot agent kept replanning indefinitely. The reason that the amount of replans
increases as σ2 increase is explained by the fact the robot agent is more uncertain about larger regions
of the configuration space being free; hence it replans to avoid routing the planned path through these
regions. With regards to Map 1, the agent struggles to pass through the region highlighted in blue in Fig.
10. If σ2 is large, the entire region is marked off as too risky to travel through and hence the tree will not
generate any nodes in that region. However, the robot agent must travel through this region in order to get
to the goal region. This explains why, under large σ2, PBRRT fails for Map 1.

0 100 200 300 400
t

0

1

2

3

4

5

6

7

D

Distance to nearest Dynamic Obstacle at each Timestep - Map 3

² = 0.1
² = 0.5
² = 1.0
² = 1.1

Figure 9. σ2 ablation experiment results

Figure 10. Region of difficulty for PBRRT under high σ2
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5.4. 3D Map Results

To demonstrate PBRRT working in higher dimensions, the authors developed Map 6. There are 45
spherical dynamic obstacles in Map 6 with radii ranging from 0.5 to 1 unit. The PBRRT DNDO and
PoC graphs for Map 6 are provided in Fig. 11. The robot agent had to replan six times after the initial
plan was developed. There were 6357 nodes in the tree when the initial plan was found. The end-to-end
runtime for this scenario was 81.78 seconds. For illustration purposes, Fig. 12 shows the executed path
from different angles.
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Figure 11. Map 6 DNDO and PoC graphs

6. Discussion and Future Work

The authors believe that although the proposed algorithm shows promise, there remains room for improve-
ment. First, the planning and replanning times can be long due to the large number of collision-probability
calculations required in dynamic environments. This process could potentially be parallelized using a
graphics processing unit (GPU) to enable faster replanning in future work. Furthermore, the authors are
interested in developing an approach that accounts for the previously planned path when replanning, in
order to further reduce replanning time.

7. Conclusion

Prediction-based RRT* (PBRRT) is a novel RRT*-based algorithm for dynamic environments that
focuses on predicted future obstacle positions. This work contributes to the growing field of predictive
motion planning by integrating obstacle forecasting into sampling-based algorithms. The proposed
approach is particularly useful for autonomous robots operating in highly dynamic environments, such
as self-driving vehicles, warehouse robots, and assistive robotic systems. The main objective of the
proposed algorithm is to minimize replanning attempts in dynamic environments. PBRRT adds a
measure of probabilistic feasibility to the conventional RRT* cost function, avoiding potential dynamic
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Figure 12. Snapshots of Map 6 executed path with PBRRT default parameters

19



Journal Paper type

obstacle collisions. Simulation results compare the proposed algorithm with other state-of-the-art motion-
planning methods for dynamic environments [17, 18, 19] and show reduced replanning attempts and
collision probability across all evaluated maps. Future research could explore extending PBRRT to
higher-dimensional environments, integrating deep learning–based motion prediction, and optimizing
computational efficiency for real-time deployment.

8. Appendix

8.1. Calculating the Probability of Collision in the Simulations

This section shows the mathematical details on how the PoC can be calculated based on the assumptions
discussed in Section 5..

We define the following. Firstly, the estimated position of the k-th dynamic obstacle at discrete
time i is XD,k[i]∼N (xDk [i],σ

2I) (which is based on our assumptions in Section 5.1). The k-th dynamic
obstacle has a radius of Rk. We assume the configuration of our point robot at discrete time i is x[i].

8.1.1. Calculating the PoC from a Single Circular Dynamic Obstacle

Firstly, we consider the case where there is only one dynamic obstacle in the map. A collision is predicted
to happen if the following equation is satisfied:

||XD,k[i]− x[i]|| ≤ Rk. (7)

Hence, in our case calculating the PoC reduces to calculating P(||XD,k[i]− x[i]|| ≤ Rk). Firstly, we
define ZD,k[i] as:

ZD,k[i] := XD,k[i]− x[i]. (8)

Therefore

ZD,k[i]∼N (xD,k[i]− x[i],σ2I). (9)

Next, we define YD,i by scaling by σ :

Y :=
ZD,k[i]

σ
∼N (

xD,k[i]− x[i]
σ

, I). (10)

Now we look at the squared norm:

ζ := ||Y ||2 =
||XD,k[i]− x[i]||2

σ2 . (11)

This random variable ζ has a non-central chi–square distribution [21] with n degrees of freedom and
non-centrality parameter λ such that:

λ =
||xD,k[i]− x[i]||2

σ2 . (12)
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Hence:

P(||XD,k[i]− x[i]|| ≤ Rk) = P(||XD,k[i]− x[i]||2 ≤ R2
k) = P(σ2ζ ≤ R2

k) = P(ζ ≤
R2

k
σ2 )

= F
χ ′2d

(λ )
(

R2

σ2

)
.

(13)

Where Fχ ′2d (λ ) is the cumulative distribution function (CDF) of the non-central chi-square distribu-
tion. We use the Scipy library to compute this CDF [22].

8.1.2. Calculating the PoC from Multiple Circular Dynamic Obstacles

Let’s denote the event that ||XD,k[i]− x[i]|| ≤ Rk as Ak. If we have a map with Q dynamic obstacles, the
probability that the robot will collide with at least one dynamic obstacle is [23]:

P

(
Q⋃

k=1

Ak

)
=

Q

∑
k=1

P(Ak)−∑
k< j

P(Ak∩A j)+ · · ·+(−1)Q+1P

(
Q⋂

k=1

Ak

)
. (14)

Hence, we can use (14) to calculate the PoC at some node with configuration x[i].
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