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Abstract— Path planning in unpredictable dynamic environ-
ments remains a challenging problem due to the unpredictable
appearance, disappearance, and movement of dynamic obsta-
cles during navigation. To address this problem, we propose
a reverse tree guided rapid exploration random tree (RT-
RRT) algorithm that can efficiently perform navigation tasks in
dynamic environments. The method first constructs a reverse
tree rooted as goal state to search for an initial path. If a
collision occurs on the path, The RT-RRT constructs a forward
tree rooted as the current robot state in the same configuration
space, until it connects with the reverse tree to find a new
path. Furthermore, The RT-RRT improves the tree construction
method and designs a path optimization strategy to reduce the
path cost. The method is validated in different scenarios and
has excellent navigation capabilities in unpredictable dynamic
environments. In the same scenarios, the RT-RRT algorithm
improves the success rate by 16.7%, reduces the path length
by 20.54% and reduces the travel time by 10X compared to
the RRTX algorithm with the same number of samples.

I. INTRODUCTION

Online path planning for robots in unpredictable dynamic
environments is the process of computing a collision-free
path from the robot state to the goal state and repairing
it in real time as obstacles change [1]. In most cases, it’s
possible to replan a path in the new configuration space
after detecting obstacles, using the current state of the robot
as the start state. However, obstacles may appear, move
or disappear unpredictably in dynamic environments with
limited perception, unknown a priori environments, high
speeds and significant collision risks, such as autonomous
underwater vehicle navigation [2]–[4] and high-speed au-
tonomous driving [5]–[7], which pose significant challenges
to replanning.

Several algorithms have been proposed for path planning
in dynamic environments, the graph-based and sampling-
based methods are the most applied [8]–[10]. Graph-based
algorithms, such as D* and D*Lite [11], [12], use grid
representations of the robot’s configuration space, perform
cost-based searches, and replan paths. However, these meth-
ods rely on map construction and have a low planning
efficiency in large environments [13]. Early sampling-based
replanning algorithms, such as E-RRT (execution extended
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Fig. 1. Replanning schematic diagram for RT-RRT algorithm in R2 space.
A reverse tree is constructed with xgoal as the root in the configuration space,
generating an initial path. As the robot reaches the state xbot(t), two new
obstacles, obs1 and obs2, are detected, causing a collision in the current
path (green line), and some states in collision, such as x5 and x6, need
to be discarded. In previous replanning algorithms employing tree repair
strategies, such as RRTX, tree repairing is achieved by iteratively rewriting
states cascading from existing neighbor states. However, in the depicted
scenario, due to the collision of states x5 and x6, xbot(t) is not present
in the neighborhood of any existing states, resulting in a high time cost
for tree repair. The RT-RRT algorithm doesn’t rely on iterative processing
of neighbor states. It constructs a forward tree with xbot(t) as the root,
quickly steering to the x3 state (red dashed line), and further optimizes the
connection to x1 (red solid line) find a path connecting xbot(t) and xgoal. It
utilizes the state information of xbot(t) and xgoal, enabling rapid exploration
of all possible paths and significant performance improvements.

RRT), construct search trees with the start state as the root,
and reconstruct the search tree with the robot’s current
position as the root if obstacles change [14]. Algorithms
such as GRIP (Greedy, Incremental, Path-directed) [15] and
ATS+EB(Adaptive Time-Stepping with Exponential Back-
off) [16] replan the path by maintaining a search tree rooted
as the starting state. These algorithms are difficult to use
for fast planning in dynamic environments because they
require significant computation to update the search tree as
the robot’s state changes [17].

The DRRT (Dynamic Rapidly-exploring Random Trees)
algorithm innovatively constructs a reverse tree with the goal
state as the root, deletes affected states to repair the reverse
tree when the obstacle set is updated, and only needs to
maintain a single tree in the configuration space for path
replanning [18]. Based on this, the RRTX algorithm designs
a reconnection cascade strategy to maintain the reverse
tree rooted as the goal state [19]. By storing neighbouring
graph connectivity information in each state and updating
the subtree iteratively with neighbouring states, it efficiently
updates the reverse tree.

Reverse tree performs well in dynamic environments by
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Fig. 2. Schematic representation of the RT-RRT algorithm. (a) is the inverse tree T − (blue line) constructed with xgoal as the root, and the robot moves
along a branch in the tree to the goal (green line). In (b) a dynamic obstacle collides with the original path. The RT-RRT algorithm constructs a tree T +

with xbot(t) as root (purple line) and sequentially adds x4 to x8 to T +. Once x9 has been added to T +, trees T + and T − are connected by x9 and
the construction of tree T + is terminated. The RT-RRT algorithm then reverses the connection of xbot(t)− x8 − x9 in tree T + to tree T − to repair the
tree, while the path optimisation procedure further optimises the path to get the new collision-free path (green line).

simply repairing a same tree without reconstructing it when
the environment changes. However, reverse tree based al-
gorithms such as the RRTX algorithm depend on the graph
connectivity of neighbouring states for tree repair. If there
are fewer sample states, the states in the reverse tree will
have fewer neighbors, making it difficult to keep the path
optimal or even failing, If there are many sample states, the
repair time of the reverse tree will increase significantly in
each iteration.

We propose a reverse tree guided rapidly exploring random
tree algorithm, RT-RRT, which constructs both a reserve tree
rooted as the goal state and a forward tree rooted as the
robot state. Before the robot moves, The RT-RRT constructs
a reserve tree, denoted T −, in the configuration space to
obtain the initial path. When the obstacle set is updated as
the robot moves, The RT-RRT constructs another tree, T +,
rooted as the current robot state in the same configuration
space until a state is found that is connected to both T + and
T −. Then the connection of this state in T + is reversed and
added to T − to repair T −.

An important feature of this algorithm is that it doesn’t
need to update all the affected states in T − when the
obstacles are updated, and quickly finds a collision-free path
for replanning by constructing a bi-directional tree using
the robot state and goal state information. Meanwhile, The
RT-RRT discards the use of neighbour states and designs a
cost function to sequentially add the sampled states in the
configuration space to the tree T + when the set of obstacles
changes, so that path replanning does not rely on sequential
iterations in the neighbour states, which increases the effi-
ciency of planning while improving the success rate (Fig. 1).
We evaluated our algorithm in several unpredictable dynamic
scenarios and compared it with the RRTX algorithm. The
results show that the RT-RRT algorithm achieves excellent
results in terms of both planning time and path length, and
can be used for fast path planning in unpredictable dynamic
environments.

II. PROBLEM DEFINITION AND TERMINOLOGY

Let X denote the configuration space. Xobs ⊂ X is the
open subset of X representing the obstacle space, and Xfree =
X \Xobs is the closed subset representing the free space. The
start and goal states of the robot are denoted by xstart and
xgoal, respectively. The state of the robot at time t is denoted
by xbot(t). Let T denote the directed tree, T .V denotes the
set of states in the tree T . T + denote the directed tree rooted
as xbot(t), and T − denote the directed tree rooted as xgoal.

The function ∆Xobs = f(t, xbot(t)) represents the obsta-
cles detected by the sensors mounted on the robot at time
t while the robot is in state xbot(t).The static environment
refers to the case where the function f is known in advance.
On the other hand, if the function f is not known in advance
and has to be estimated from the robot state xbot(t) and
time t, it is called a dynamic environment. To represent the
feasible path of the robot in free space, a continuous mapping
is used, denoted as σ : [0, 1]→ Xfree. When the robot travels
from state x1 to x2 , where x1 is the start state and x2 is
the current state (i.e., 0 7→ x1 and 1 7→ x2 ), the trajectory
can be represented as σ(x1, x2) and its length is dσ(x1, x2).

We define the “shortest path replanning” problem follow-
ing the literature [19]. Given the configuration space X ,
Xfree, Xobs, the robot start state xstart and the goal state
xgoal. Compute the optimal path σ∗(xbot(t), xgoal) to guide
the robot from xbot(t0) = xstart to xbot(t) = xgoal. Update
∆Xobs when xbot(t) and time t is updated and recalculate
σ∗(xbot(t), xgoal) when ∆Xobs ̸= ∅, where

σ∗(xbot(t), xgoal) = argmin
σ(xbot(t),xgoal)∈Xfree

dσ(xbot(t), xgoal) (1)

III. THE RT-RRT ALGORITHM

A. Minor Algorithms

Before outlining our approach, we describe the procedures
on which the main algorithms depend.
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• SampleFree(x): a function that returns a random state
in the configuration space.

• Nearest(T .V, x): a function that returns the nearest
state to state x in the set T .V .

• Steer(x, y, ε): a function that returns a state that steers
a step of ε from state x to state y.

• Sort(T .V, cost): a function that returns a set that sorts
the states in T .V by cost.

• SortNearest(T .V, x): a function that calculates the cost
of the states on the tree T .V to x and returns a set that
sorts them from smallest to largest according to cost.

• SortAncestor(T .V, x): a function that returns the set
of parent of x on T , as well as the ancestor of the
parent states, and sorts them from the ‘oldest’ ancestor
to T .parent(x).

• CollsionFree(σ(x, y), T ): a function that tests whether
the connection from x to y in tree T belongs to Xfree.

• needsReplanning(σ(x, y), T ): a function that deter-
mines if any collision occurs on a path σ(x, y) in tree
T , returning a bool value.

B. Overview

The RT-RRT algorithm is designed in two steps. First, a
reverse tree T − rooted as xgoal is constructed to get the initial
path. Then the robot moves. If a collision occurs on the path
at time t, a forward tree T + rooted as xbot(t) is constructed
in the same configuration space as T − until a state is found
that is connected to T −, and this connection is added to T −

to get a new collision-free path.

Algorithm 1 RT-RRT
1: T −.V ← {xgoal}
2: xbot(t0)← xstart
3: CreateNewTree−()
4: while xbot(t) ̸= xgoal do
5: if obstacles have changed then
6: updateObstacles()
7: end if
8: if robot is moving then
9: xbot(t)← updateRobot(xbot(t))

10: end if
11: if needsReplanning(σ(xbot(t), xgoal), T −) then
12: CreateNewTree+(T −, xbot(t))
13: end if
14: OptimizePath(T −, xbot(t), DThreshold)
15: end while

The main program is shown in Algorithm 1 and the main
subroutines are shown in Algorithms 2-7. Before the robot
moves, the CreateNewTree−() function (line 3) constructs
a reverse tree T − rooted as xgoal to cover the configuration
space and get the initial path. Then, the robot moves and
the main loop (lines 4-15) ends when the robot reaches the
goal. The configuration space is updated whenever obstacles
are updated or the robot moves (lines 5-10). If the path
from xbot(t) to xgoal in the reverse tree T − collides with

any obstacles, the CreateNewTree+() function (line 12)
constructs a forward tree T + with xbot(t) as root until a
state connecting T + and T − is found and rewrite to T −,
then optimizes the connection using the OptimizePath()
function to get a new path(line 14).

C. Construction of T −

A reverse tree, denoted T −, rooted as xgoal can be repaired
rather than reconstructed as obstacles are updated, making it
well suited for dynamic environments. In the construction of
tree, the parameter of neighbor selection radius Rnear has a
significant impact on both computation time and path length.
While increasing Rnear can reduce the path cost, it also
increases the number of states computed in each iteration,
resulting in a significant increase in computation time. We
use ancestor states to construct the reverse tree instead of
using the neighbor states according to Rnear, which greatly
reduces the path cost and planning time [20], [21].

The algorithm 2 describes the reverse tree construction
process. After adding a new state xnew to the tree T − (lines
1-4), we rewrite the connection using the ancestor states
xancestor ∈ Xancestor. By the triangle inequality, the cost from
xnew to xnear to xancestor is necessarily less than the cost
from xnew to xancestor. Consequently, we consider the ancestor
states Xancestor of xnearest as potential parent states (line 5) and
select the ‘oldest’ collision-free ancestor state as the parent
of xnew to expanding T − (lines 6-12).

Algorithm 2 CreateNewTree−

1: for i = 1 to nsamples do
2: xrand ← SampleFree(i)
3: xnearest ← Nearest(T −.V, xrand)
4: xnew ← Steer(xnearest, xrand, ε)
5: Xancestor ← SortAncestor(T −.V, xnearest)
6: for each xancestor ∈ Xancestor ∪ xnearest do
7: if CollsionFree(σ(xnew, xancestor), T −) then
8: T −.V ← T −.V ∪ {xnew}
9: T −.parent(xnew)← xancestor

10: BREAK
11: end if
12: end for
13: end for

D. Construction of T +

The construction of the tree T + is similar to that of the
tree T −. The difference is that T + is rooted at xbot(t), and
its expansion doesn’t rely on random states, but on the set
of states in T −.

Algorithm 3 outlines the construction of T +. First, xbot(t)
is added to T + (line 1). The cost values corresponding to the
state in T − are calculated and sorted (line 2). Starting from
the states with the smallest cost values, they are sequentially
added to T + until a state connecting T + and T − is found,
and the connection is rewrite to T − (lines 3-17).

Algorithm 4 outlines the method for calculating the costs
of states. The cost from a state x to xgoal in T − is represented
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as ceg(x), and the cost to xbot(t) is represented as cer(x).
The cost of a state x is composed of two parts, ceg(x) and
cer(x), defined as follows:

cost(x) =

{
cer(x) + ceg(x) if cer(x) < R

cer(x) +max(ceg(T −.V)) else
(2)

Where the parameter R is the Euclidean distance from
a state to xbot(t). When R is set to 0, max(ceg(T −.V))
is a constant, and the cost depends only on ceg(x). As R
increases, the algorithm tends to construct T + in a greedy
strategy. However, an excessively large R will result in states
with low-cost being distributed around only one single path,
even if they are far from xbot(t) or if that path would lead to
collisions, which increasing the construction time of the tree.
Therefore, choosing an appropriate value for R balances the
consideration of heuristic path finding with the prioritization
of selecting states with the shortest distance.

Algorithm 3 CreateNewTree+(T −.V, xbot(t))

1: T +.V ← {xbot(t)}
2: Xsort ← CalculateCost(T −.V, xbot(t))
3: for each xsort ∈ Xsort do
4: xnearest ← Nearest(T +.V, xsort)
5: Xancestor ← SortAncestor(T +.V, xnearest)
6: for each xancestor ∈ Xancestor ∪ xnearest do
7: if CollsionFree(σ(xnearest, xbot(t)), T +) then
8: T +.V ← T + ∪ {xsort}
9: T +.parent(xsort)← xancestor

10: BREAK
11: end if
12: end for
13: if CollsionFree(σ(xsort, xgoal), T −) then
14: RewritePath(T −, T +, xsort)
15: BREAK
16: end if
17: end for

Algorithm 4 CalculateCost(T −, xbot(t))

1: for x in T −.V do
2: if cer(x) < R then
3: cost(x)← cer(x) + ceg(x))
4: else
5: cost(x)← cer(x) +max(ceg(x))
6: end if
7: end for
8: Xsort ← Sort(T −.V, cost)
9: RETURN Xsort

Algorithm 5 outlines the process of rewriting the path.
After finding the state x that connects T + and T −, the
connection of x in T + is reversed and connected to T −,

repairing T − and obtaining a new path.

Algorithm 5 RewritePath(T −, T +, x)

1: Xancestor ← SortAncestor(T +.V, x)
2: for xi inXancestor do
3: if not isEmpty(xi+1) then
4: T −.parent(xi)← xi+1
5: else
6: T −.parent(xi)← x
7: end if
8: end for

E. Optimize Path

Algorithm 6 outlines the path optimization procedure
where, at each iteration, the parent state x(2) of x(1) and
the parent state x(3) of x(2) are obtained first. Then, by
invoking the FindOptimalState() function of Algorithm 7,
the optimal state, denoted xnew, is determined by dichotomy
and used in the subsequent iteration to derive xoptimalState.
After getting xoptimalState, it is integrated into the directed tree
T − as a new parent of state x and a new child of state x(3).

Algorithm 6 OptimizePath (T −, DThreshold)

1: x(1) ← xbot(t)
2: while x(2) ̸= xgoal do
3: x(2) ← T −.parent(x(1))
4: x(3) ← T −.parent(x(2))
5: xnew ← FindOptimalState(x(1), x(2), x(3), DThreshold)
6: xoptimalState ←

FindOptimalState(x(3), xnew, x
(1), DThreshold)

7: T +.V ← xoptimalState
8: T −.parent(x(1))← xoptimalState
9: T −.parent(xoptimalState)← x(3)

10: x(1) ← T −.parent(x(1))
11: end while

Algorithm 7 FindOptimalState
(
x(1), x(2), x(3), DThreshold

)
1: while d

(
x(2), x(3)

)
< DThreshold do

2: xmid ← (x(2) + x(3))/2
3: if CollsionFree(x(1), xmid) then
4: x(3) ← xmid
5: else
6: x(2) ← xmid
7: end if
8: xoptimalState ← x(2)

9: return xoptimalState
10: end while

IV. SIMULATIONS AND EXPERIMENTS

In subsection A of this section, we show the application
of the RT-RRT algorithm in various dynamic environments.
In subsection B, we perform a series of experiments using
the RT-RRT and RRTX algorithms in dynamic environments
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(a) step 1 (b) step 804 (c) step 1431 (d) step 2101

Fig. 3. Robot moving from xstart to xgoal in a maze scenario using RT-RRT (trajectory in red) while constructing directed trees (gray and yellow) to find
the shortest path (green). Obstacles are shown in black. Colored areas are state costs.

(a) step 1 (b) step 309 (c) step 630 (d) step 891

Fig. 4. Robot moves from xstart to xgoal using RT-RRT in the channel scenario, with both known static obstacles (two black regions in (a)) and dynamic
obstacles that appear as the robot moves.

(a) step 1 (b) step 28 (c) step 31 (d) step 92

Fig. 5. Robot moving from xstart to xgoal using RT-RRT in the unpredictable moving obstacles scenario. The positions of all obstacles (grey rectangles)
are unknown a priori to the robot. The obstacles are moving in space, and the robot relies only on sensor (blue circle) to detect obstacles (Marked the
detected obstacles as black areas) in real time.

to compare the performance of the RT-RRT with the RRTX.
We chose the RRTX algorithm because it is also a single-
query sampling-based path planning algorithm that plans
path using a reverse tree. In subsection C, we conducted a
experiment based on ROS in a simulation environment using
a UAV(unmanned aerial vehicle).

A. Simulations in Dynamic Environments

We assume that the robot is a point-robot, simplifying to
the case of geometric path-planning, σ(x, y) is a straight
line between x and y. The sensor model is simplified to a
circle. The dynamic obstacles detected in the sensor range are
considered as known obstacles. Some examples of dynamic
environments are:

• Obstacles that appear and disappear randomly over time.
• Position of obstacle changes over time.

• Obstacles ‘appear’ or ‘disappear’ depending on whether
the sensors mounted in robot detect them or not.

Fig. 3-5 show the travel of the robot in different scenarios.
The detection range of the robot is represented by a blue
circle, the center of which is the robot’s position. The green
line is the current collision-free path planned by the RT-RRT
algorithm, and the red line is the trajectory that the robot
traveled. The black and gray rectangles are obstacles. The
gray line is the reverse tree T − constructed by the RT-RRT
algorithm, the yellow line is the tree T +, and the blue points
are the sampled states. colormap is the cost of states.

1) Maze Scenario: A large-scale unknown maze scenario
of 1000m×1000m where obstacles are detected as the robot
moves. The robot has an on-board sensor with a detection
radius of 10m (blue circle) and moves at a speed of 5m/step.
the start state is located at (500m, 0m) and the goal state is
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Fig. 6. Paths traveled by the robot by the RT-RRT algorithm (blue line) vs. the RRTX algorithm (red line) for different numbers of samples. The color
of the path becomes ’darker’ as the number of samples increases.

(a) Empty Scenario (b) Simple Scenario (c) Channel Scenario (d) Chaotic Scenario

Fig. 7. The performance statistics show the path length, time of reverse tree construction, travel time, and success rate of the RT-RRT algorithm (blue)
and the RRTX algorithm (red) in different environments with different numbers of sample states.

located at (500m, 1000m).The RT-RRT algorithm constructs
a reverse tree T − using only 2000 sampled states to get the
initial path and replans the path after detecting an obstacle
until the robot reaches the goal safely(Fig. 3).

2) Channel Scenario: A large-scale channel scenario of
1000m × 1000m with two rectangles of known static ob-
stacles and unknown obstacles not detected in the scenario.
The robot has an on-board sensor with a detection radius of
10m (blue circle) and moves at a speed of 5m/step. the start
state is located at (0m, 0m), and the goal state is located at
(999m, 999m). the construction of the reverse tree in the
RT-RRT algorithm also uses only 2,000 sampled states, and
navigates the robot to reach the goal safely, even in a narrow
region(e.g., Fig. 4(b)).

3) Moving Obstacles Scenario: A moving obstacle sce-
nario of 100m × 100m with both unpredictable moving
obstacles and static obstacles in the scenario. The robot has
an on-board sensor with a detection radius of 5m (blue
circle) and moves at a speed of 2m/step. The obstacles get
a movement speed of 0.5m/step in x-axis or y-axis. the
movement and position of the obstacles are unknown to the
robot, and the robot only senses the environment in real time
through the sensor. The start state is located at (0m, 0m)
and the goal state is located at (99m, 99m). The RT-RRT
algorithm uses 1000 sampled states to construct a reverse
tree that safely navigates the robot to the goal state in this

scenario with moving obstacles (Fig. 5).

B. Experimental Results

In this subsection, we compare the RT-RRT algorithm
with the RRTX algorithm [19]. The tests were performed in
four different scenarios, all 100m× 100m in size, including
empty, simple, channel, and chaotic scenarios (Fig. 6). The
obstacles in these scenarios are all unknown and are detected
as the robot moves. The robot starts at (0m, 0m) and reaches
its goal at (99m, 99m). The robot moves at a speed of
5m/step, and the detection radius of the on-board sensors
is 10m. For the RRTX algorithm, we tested it based on the
open source [22] and set its ball constant to 100m, same
as its default value. The R in the RT-RRT algorithm is set to
60m, and DThreshold is set to 5m, The probability of selecting
xstart during sampling is set to 0.1.

Both the RRTX and RT-RRT algorithms implement dy-
namic environmental path planning by constructing and
repairing a reverse tree, therefore the construction of the
reverse tree is significant. The initial number of samples
in the reverse tree is an important parameter, where more
samples reduce the path cost and improve the planning
success rate, but also increase the time to repair the tree
in each iteration. Fewer samples may reduce the travel
time but result in paths that are difficult to keep optimal.
We constructed the directed tree with different numbers of
samples. The steer length of the reverse tree for different
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TABLE I
STATISTICS ON THE AVERAGE VALUE FOR EACH SAMPLE NUMBER. TIME0 IS TAKEN AS THE TIME OF REVERSE TREE CONSTRUCTION AND TIME1 IS

TAKEN AS THE ROBOT’S TRAVEL TIME.

Scenario Algorithm Path Length(m) Time0(s) Time1(s) Success Rate
min max mean min max min max mean

Empty RRTX 155.3449 158.3053 157.2303 0.7231 24.9032 0.0519 0.1545 1.0000
RT-RRT 140.0071 140.0071 140.0071 0.3102 7.1252 0.0156 0.0213 1.0000

Simple RRTX 183.2125 191.7116 186.8581 0.7383 24.9885 0.4242 67.6202 0.9950
RT-RRT 156.3116 157.0058 156.7702 0.3144 7.2743 0.3661 6.7695 1.0000

Channel RRTX 362.5794 379.2370 370.5190 0.9612 30.1429 1.7030 344.1641 0.7000
RT-RRT 293.1988 296.4645 294.4303 0.2782 8.5129 1.7408 31.6655 1.0000

Chaotic RRTX 211.7207 319.3194 253.7875 0.9909 41.4583 1.3652 366.7647 0.9417
RT-RRT 143.0377 148.1523 144.2837 0.3203 7.3213 0.2116 0.8331 1.0000

numbers of samples is given:

ε =
Lmax√
Nmax

Where Lmax is the maximum length in space, i.e., the
diagonal length, and Nmax is the number of samples.

We increased the number of samples from 0 at intervals
of 500 to 10,000 in four scenarios, and performed 30 valida-
tions of the RT-RRT and RRTX algorithms at each number
of samples, respectively, for a total of 4,800 experiments
evaluated. The path length, time of reverse tree construction,
travel time, and success rate were counted separately.

The performance statistics of the RRTX and RT-RRT
algorithms for different scenarios are shown in Figure 7.
The red and blue lines represent the average value of the
performance statistics at each sample number, while the
upper and lower bounds of the red and blue regions represent
the maximum and minimum values of the statistics at each
sample number, respectively. For the RRTX and RT-RRT
algorithms, the path length slowly decreases as the number
of samples increases (e.g., Fig. 7(d)), and both the reverse
tree construction time and the travel time increase. While,
the success rate of the RRTX algorithm gradually increases
(e.g., Fig. 7.(c)).

In particular, the RT-RRT algorithm grows and repairs
the search tree significantly faster than the RRTX algorithm,
which is as expected. On the one hand, in RRTx, the higher
the number of samples, the more states are affected by
new obstacles and the more states need to be reconnected
into the reverse tree. On the other hand, as the number of
samples increases, the RRTX algorithm relies on information
transfer between neighbouring states, and an increase in the
number of samples leads to a rapid increase in the number
of neighbours per state, which increases the success rate of
path planning and reduces the path cost. However, it also
leads to a rapid increase in tree construction and repair time.

The RT-RRT algorithm does not rely on neighbour states
and can construct the tree T + by connecting all possible
states to xbot(t). The repair of T − can be achieved by simply
finding one state that connects T − and T + and adding
the branches in the tree T + to T −. The path optimisation
procedure further reduces the cost of the new paths. In
contrast to the RRTX algorithm, the RT-RRT algorithm does

not need to repair all states affected by obstacles and their
sub-states whenever obstacles are updated. It uses the goal
state xgoal and the current state xbot(t) of the robot to improve
planning efficiency. The bi-directional tree construction also
improves the success rate of the RT-RRT algorithm compared
to the uni-directional tree constructed by RRTX.

We also counted the maximum and minimum values of
the mean line of each statistic based on the average results
under different sample numbers, and the specific results are
shown in Table 1 (we use Time0 to denote the time of reverse
tree construction, and Time1 to denote the travel time of the
robot). Analysing the data in Table 1, the average values of
the path lengths of the RT-RRT algorithm in empty, simple,
channel and chaotic scenes are reduced by 11.00%, 16.10%,
20.54% and 43.15%, respectively, compared to RRTX. The
maximum time of Time0 was reduced by 74.10% on average.
The travel time was reduced by 10X (in simple and channel
scenarios) and up to 99.9%(due to the robot getting ’lost’
by the RRTX in the chaotic scenario). The success rate was
increased up to 30.00%(in the channel scenario).

We select the channel scenario that have similar paths
traveled by the robots for analysis. Taking an average of the
data in 10,000 samples, we can conclude that the RT-RRT
algorithm improves the success rate by 16.7%, reduces the
path length by 20.54%, and reduces the travel time by 10X
compared to the RRTX algorithm. These results show that
the RT-RRT algorithm achieves a significant advantage over
the RRTX algorithm in terms of both efficiency and quality
of path planning.

C. Simulation in Gazebo

We built a simulation environment in Gazebo based on
the open source platform Prometheus [23], which provides a
UAV equipped with binocular camera, depth camera, lidar,
IMU and GPS for real-time mapping (ORB SLAM) and path
tracking control. The simulation scenario in Gazebo is shown
in Fig. 8.

We have randomly distributed obstacles of different sizes
in Gazebo, the location of which is unknown. The starting
state of the UAV is (−10m, 0m, 1m) and the goal is set
to (15m, 0m, 1m). Fig. 9 visualises the experimental data.
Throughout the movement of the UAV, the sensors map the
environment in real time based on ORB SLAM. Meanwhile,
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Fig. 8. The scenario in gazebo. The UAV (marked by the white box) must
map the environment and replan its path in real time to avoid obstacles
(colored cylinders and squares) until it reaches the goal.

Fig. 9. Data visualisation in RVIZ. The UAV relies on the sensors to map
the environment in real time (coloured lines), and the RT-RRT algorithm
plans a path in real time (yellow lines) to guide the UAV to the goal (red
lines represent the trajectory).

the RT-RRT algorithm plans the path in real time to ensure
that the UAV reaches the goal safely.

V. CONCLUSIONS

We propose the RT-RRT algorithm for efficient real-time
path planning/replanning in unpredictable dynamic environ-
ments. The RT-RRT constructs a reverse tree before naviga-
tion and constructs a forward tree in the same configuration
space when obstacles set is update during navigation until it
is connected to the reverse tree, and adds this connection to
the reverse tree to repair the tree. Simulations and compara-
tive experiments with the RRTX algorithm have been carried
out in various scenarios. The simulation and experimental
results show the effectiveness of our approach in dynamic
environments. In the future, we will apply the RT-RRT
algorithm to a real robot to validate the algorithm in the
real world.
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