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Abstract—It is challenging for the mobile robot to achieve
autonomous and mapless navigation in the unknown environ-
ment with uneven terrain. In this study, we present a layered
and systematic pipeline. At the local level, we maintain a tree
structure that is dynamically extended with the navigation. This
structure unifies the planning with the terrain identification.
Besides, it contributes to explicitly identifying the hazardous
areas on uneven terrain. In particular, certain nodes of the tree
are consistently kept to form a sparse graph at the global level,
which records the history of the exploration. A series of subgoals
that can be obtained in the tree and the graph are utilized
for leading the navigation. To determine a subgoal, we develop
an evaluation method whose input elements can be efficiently
obtained on the layered structure. We conduct both simulation
and real-world experiments to evaluate the developed method
and its key modules. The experimental results demonstrate the
effectiveness and efficiency of our method. The robot can travel
through the unknown uneven region safely and reach the target
rapidly without a preconstructed map.

I. INTRODUCTION

The rapid development of mobile robots has unlocked their
potential in a wide range of applications [1]–[3]. More and
more robot platforms exhibit autonomous navigation capa-
bilities in structured environments relying on preconstructed
maps. It is still challenging to achieve reliable navigation
in unstructured environments without a prior map, which is
known as mapless navigation [4].

Recent years have witnessed the emergence of different
efforts towards mapless navigation [5], [6], which devote
themselves to empowering robots to autonomously navigate
in unknown environments leveraging limited perceptual ca-
pabilities. Despite the rapid progress, autonomous mapless
navigation on uneven terrain is still left unsolved. With regard
to this topic, one may encounter more challenges. Oftentimes
there is no obvious gap between the undulated ground
and obstacles in uneven terrain environments, making the
traversability analysis a difficult task. Consequently, it is hard
to explicitly obtain the hazardous area in the environment to
achieve safe navigation. Moreover, quite a few outdoor un-
even terrain environments either lack representative features
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Fig. 1. The application of the developed pipeline in real-world environments.
A local tree and a global graph are maintained along with the navigation.

or suffer from feature degradation problems. Without enough
supportive clues, it is hard for the decision-making of where
to go to efficiently reach the destination across the unknown.

In this paper, we present a unified pipeline for risk-
free and efficient mapless navigation in unknown uneven
environments. This method works at two different levels.
At the local level, we maintain a Hazard-aware Dynamic
RRT (HD-RRT), which can offer not only the navigation
subgoal, but also the route to the target. Besides, this tree
structure helps mark the hazardous area in the uneven terrain
environment. This tree structure is dynamically changed and
pruned to maintain its lightweight. To keep the memory of
the explored environment, we maintain a graph structure at
the global level, which can also provide the leading subgoal
and the navigation route. To determine where to go during
the mapless navigation, we design layered heuristic cost
functions, in which the ingredients are efficiently provided by
the tree and graph structures. In summary, the contributions
of the developed pipeline are as follows

• We develop a lightweight HD-RRT, which can effi-
ciently lead the environment exploration and mark ex-
plicitly the hazardous regions in the environment.

• We maintain a graph structure to represent the explored
environment to keep the navigation history, which alle-
viates the need for large-scale maps.

• A decision-making module is designed based on the data
rapidly provided by the HD-RRT and the graph. It can
effectively lead the mapless navigation.

Both the simulation and real-world experiments are con-
ducted and results support the claims of presented framework.
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The video demonstration of conducted experiments is avail-
able at link1, while the code is open-sourced in the reposi-
tory2

The remainder of this article is structured as follows: Sec.
II discusses the related research. Sec. III presents the prelim-
inaries and describes the problems, followed by the system
pipeline in Sec. IV. Subsequently, the proposed method is
introduced in Sec. V. The conducted experimental evaluation
is presented in Sec. VI. We draw conclusions and discuss the
future work in Sec VII.

II. RELATED WORK

Mapless navigation has long been a hot research topic
over the past few decades [7]–[9]. The absence of prior
maps raises great uncertainty to the planning and decision
making in the navigation. For years, a considerable portion of
research has focused on path planning in partially or totally
unknown environments [10]–[12]. They generally leverage
optimization methods to minimize their object function and
output an accessible path to the target, while maintaining
an incrementally constructed map. For the decision-making
part, [13], [14] analyze the geometrical features to sense the
environments and make optimal decisions based on those
features. However, these methods are inefficient since they
often maintain an incremental established global map and
need large computation overhead.

With the soaring in popularity of deep reinforcement
learning (DRL) techniques, more researchers have noted their
potential for solving path planning and decision-making in
mapless navigation tasks. General DRL-based methods [15]–
[18] exploit limited sensing information to train the model
and finally output an optimal policy in the environments
without prior maps. In addition, there have been efforts [19],
[20] that combine DRL and imitation learning (IL) methods
to imitate human expert behaviors to make complex decisions
for mapless navigation. These approaches could significantly
increase the generalization ability in various environments.
In large-scale or unstructured environments, the performance
of these methods may be drastically deteriorated due to the
increase of the decision-maksing space.

Regarding the realm of robot navigation without prior
maps, structured and uneven environments exhibit significant
disparities. Indeed, there have been attempts that explore
DRL and their variants to solve navigation problems in
uneven terrain [21]–[23]. It must be noted that these methods
may not be applicable when the environment is too large
and not be available when the terrain feature degenerates. To
achieve reliable navigation performance, various frameworks
[14], [24], [25] have been developed in recent years with
separate focus on either traversability analysis, path planning,
or motion safety. The developed framework provides a unified
view towards the mapless navigation in uneven terrain. The
traversability and safety analysis is directly incorporated to
the decision-making and path-planning framework, which of-
fers a more compact solution to lead the mapless navigation.

1Video demonstration: www.youtube.com/watch?v=znzEKKJr06w
2Code: https://github.com/sdwyc/history-aware-planner
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Fig. 2. System diagram of the developed mapless navigation framework.

III. PRELIMINARIES

The course of autonomous mapless navigation can be
described as an incremental exploration process where a
series of subgoals S are determined and used for leading
the navigation. The problem is hereby formulated by

π∗ .
= argmin

{Si∈S}

∑
F (xr → Si), (1)

where F (·) is the utility function evaluating the cost of
moving the robot from its current location xr to a subgoal Si.
π∗ represents selection policy of those subgoals. Eq. 1 aims
to find an optimal strategy π∗ that generates a combination
of a series of subgoals S before finally reaching the target
S+.

We employ the grid map [26] ML to describe the uneven
terrain around the robot. ML is a W × H fix-sized and
consists of a set of grids mi. We maintain the tree structure
T = {VT , ET } and a graph structure G = {VG , EG}, where
V and E represent the nodes and edges, respectively.

IV. SYSTEM OVERVIEW

The developed pipeline is shown in Fig. 2. The input of the
system is LiDAR point cloud generated by a ground robot
platform. The point cloud is used for the local sensing process
and outputs a 2.5D local grid map ML. The tree structure
is built in real-time on the local grid map, on which the
hazardous area is marked by the tree extension. We utilize the
nodes on the tree to construct a global graph, which maintains
the exploration history. Both the tree and the graph structure
can provide the necessary subgoals for leading the navigation.
They are evaluated and a subgoal will be determined. After
that, one can efficiently query a path to the subgoal either
from the tree or the graph. Then the path is optimized with
an off-the-shelf trajectory optimization method (e.g., [27] )
for the robot to execute. This course repeats until the robot
reaches the final destination.

V. METHODOLOGY

A. Hazard-aware Dynamic RRT (HD-RRT)

Different from the 2D or 3D cases where the obstacle and
collision-free area are explicitly distinguishable, there is no
well-defined obstacle for robot navigation on rough terrain.
The feasible region for the 2.5D navigation measures whether

7584



Algorithm 1: HD-RRT Expansion and Pruning
Input: target point S+, robot position xr, ML

1 VT ← xr; ET ← ∅; T = (VT , ET )
2 while S+ not found do
3 mnbr∗

j ← SampleNewNode(ML, T )
4 if CheckFeasibility(Enew) then
5 VT ← VT ∪ {mnbr∗

j }; ET ← ET ∪ {Enew}
6 else
7 UpdateSaturatedNode(mj)

MarkHazrd(mj is saturated)
8 end
9 if IsRobotMove(xr) then

10 PruneTree(W ×H,VT , ET )
11 ChangRoot(xr)
12 end
13 end

it is traversable in light of the vehicle’s climbing ability
and tip-over stability. For grid map based representation, it
is straightforward to evaluate each grid mi and its close
neighbor mnbr

i who shares one grid boundary, i.e.,

F(mi ↔ ∀mnbr
i ),∀mi ∈ML,mi ∩mnbr

i ̸= ∅. (2)

Here F(·) is the traversable evaluation function, which
incurs either higher computational cost or lower accuracy
with different map resolutions. To this end, we utilize
the sampling-based approach and develop a dynamic RRT
method to release the constraint in Eq. 2. The extension
of the developed tree structure is depicted in Alg. 1. The
SampleNewNode(·) function is to sample uniformly
within theML and to find a new candidate node, e.g., mnbr∗

j ,
where mnbr∗

j is not necessarily an ambient grid around mj .
One just needs to check F(mi ↔ mnbr∗

j ) instead of all the
ambient neighbors. Moreover, connecting a distant node from
the current location may contribute to the exploration of the
state space and therefore facilitate the path planning.

However, since the vehicle can not be simply regarded as a
mass point, it is still challenging to get F(mi ↔ mnbr∗

j ). For
one thing, one has to carefully check the slope of the segment
mi ↔ mnbr∗

j with a suitable resolution to match the nearby
terrain slope as closely as possible. For another thing, one
must consider the tip-over stability when the vehicle follows
the path segment, which is also a computationally expensive
simulation task [28]. To mitigate this issue, we develop a
feasible checking method. The segment mi ↔ mnbr∗

j is
divided into n smaller meta segments ϵi, i = 1, 2, . . . , n. For
each meta segment ϵi, its gradability ℓ is calculated by

ℓ(ϵi) =
△hi

△li
, (3)

where △hi and △li represent the ground elevation differ-
ences and length of i-th meta edge ϵi respectively. The
feasibility of the segment is then determined by

F(mi ↔ mnbr∗
j ) =

False if
{
∃ℓ(ϵi) > α or∑

ℓ(ϵi) > β
True otherwise.

(4)

Fig. 3. Illustration of the hazardous region generation. In (a), the blue node
is checked. It may incur unfeasible edges represented by red virtual lines
within an eight-sector space because it is close to hazardous regions. If it is
saturated then it will be marked on the map, as shown in (b). (c) showcases
the hazardous regions estabilish based on the saturated nodes to avoid unsafe
navigation maneuvers.

Here α and β are two thresholds where α represents the
limitation of the vehicle’s gradeability and β is set as a
reference for the overall flatness. The former threshold is
utilized to reject the path that is too steep for the robot to
follow while the latter threshold is expected to ensure the
smoothness of the generated path. This checking is indicated
at Line 4 in Alg. 1.

The feasibility-checking method in Eq. 4 avoids the in-
tractable simulation of tip-over possibility. To guarantee nav-
igation safety, we exploit the tree structure to incrementally
and explicitly mark the unsafe region on uneven terrain. We
introduce the saturated node to avoid T expanding towards
hazardous regions, like walls and precipitous slopes. We
associate each node on the tree with a saturated vector
Vmj

. Initially, V⊤
mj

= [01×8]. For a node mj that fails
the feasibility checking in Eq. 4, the corresponding k-th
element in Vmj

will be number 1. Here k is calculated by

k = Int[∠
−−−−−−→
mjm

nbr∗
j /(2π/8)], where the Int[·] represents the

rounding operation. The Vmj
will be updated when a sample

node mnbr∗
j fails to connect mj through Eq. 4. The node mj

is regarded as a saturated node when

∥vn∥ ≥ Ns, Ns ∈ {1, 2, ..., 8}, (5)

where Ns is the saturated metric threshold. Fig. 3 illustrates
the evaluation process of a saturated node. The node mj ac-
tually checks its 8 neighbor nodes through sampling towards
tree building. If mj is a saturated node, it will be pruned by
the tree T together with the associated edge.

It is noteworthy to realize that the saturated node actually
indicates the hazardous area on the uneven terrain, as the
red cross marker illustrated in Fig. 3(b). To explicitly mark
the hazardous regions, we inflate the saturated node by the
extension radius [29] of RRT*, as showcased by the red
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Fig. 4. The process of pruning nodes and edges. The green line is the current
local boundary while the blue line is the boundary of ML at the last-
moment.

bubbles in Fig. 3(c). The regions covered by these bubbles are
marked as hazardous areas. Intuitively, the saturated nodes
could prevent T from expanding inside hazardous regions,
which guarantees the feasibility of tree expansion space. As
the robot moves, the tree is extended continuously and the
hazardous regions can be marked incrementally on the map.

For the tree extension, since preserving the full edges con-
sumes lots of rewiring computational resources, we develop
to narrow down the tree extension in a sliding window. The
root of the tree is aligned with the robot’s location and
changes as the robot moves. It avoids reconstructing the
tree and helps efficiently explore the environment during the
navigation. Besides, we prune the nodes and edges outside the
moving window. As shown in Fig. 4, when the robot moves,
the edges and nodes located at the semi-orange region will
be pruned and are no longer used for planning.

B. History-aware Global Topological Graph

Although the HD-RRT can offer terrain and hazard aware-
ness, the previous sensing memory is no longer preserved
even valuable information might exist at previous locations.
To this end, we establish a history-aware topological graph
G at the global level. The construction process of G follows
closely the pipeline in probabilistic roadmap method (PRM)
[30]. In particular, the G acquires new vertices Vnew by
HD-RRT sharing rather than by sampling state space. The
valuable nodes Vp in HD-RRT for constructing the graph G
mainly incorporates the following types of node

• Candidate Target Nodes VF , the leaf nodes on the
tree that records the boundary information of the local
window, which is specifically detailed in Sec. V-C.

• Root Nodes VR, the previous root nodes of the HD-
RRT, which indicates the safe regions and records the
robot navigation history.

• Waypoint Nodes VW , the nodes on the branch of HD-
RRT that connects the robot current location xr and VF .

The extension of the graph G is shown in Fig. 5. It is
extended along with the HD-RRT construction. Once a node
VF near the boundary is found, we will search for a route
from the robot location to that node and obtain a branch.
Then the nodes on this branch are immediately utilized for

Unknown Region

Fig. 5. Illustration of graph construction. The green boundary represents the
range of ML. The blue lines and small circles are the vertices and edges
of G. The yellow lines and rectangles are the nodes and edges of T . The
purple line represents the trajectory of the robot and the blue shaded lines
are the branches that are to be added to the G.

constructing the graph. The nodes will try to connect to each
other with feasible branches that can be evaluated with Eq.
4. Note that the structure of G remains sustainable until the
whole navigating task ends. This history-aware feature could
maintain the sensing memory and increase the efficiency of
possible path searching.

C. Subgoal Generation and Evaluation

To lead the navigation, robot consistently pursues a series
of subgoals before reaching final destination. This method
maintains two types of subgoals: local subgoal ST and
global subgoal SG . The ST is generated within the local
window on HD-RRT. At a navigation instant, e.g., t1, given
the local tree Tt1 and denote the leaf nodes without any
children node as Vt1

l . For a node mt1
k ∈ V

t1
l , we check the

explored grids lie in the circle area around mt1
k spanned tree

extension radius. The explored grids are the ones in the local
window offered by the grid map Ml. We propose to deter-
mine whether the node is valuable simply by ∇ = So/Sa,
where So is the occupied area of the grid map in the circle
region and Sa is the total area of the circle region. For a node
mt1

k ∈ V
t1
l , it will be a Candidate Target Node if ∇ ≤ δ

at time t1. The Candidate Target Node will be a candidate
subgoal if it is always a leaf node and

∇ ≤ δ, t = t1, ..., tn, (6)

at the evaluation time tn within ML. Note that the ∇ will
only be calculated if the node is within the local window and
we record the highest value ∇max. The candidate subgoal
belongs to the set ST if its location is within the local
window, otherwise it will be stored in the set SG . Given
a subgoal set S = SG ∪ ST , we determine a subgoal for
leading the navigation by

S∗ = argmin
Si∈S

Cost(Si), (7)

where the Cost(·) is the cost value of one subgoal. In this
study, we present two different cost functions to evaluate the
subgoals ST and SG .

To achieve better trade-off between efficiency and safety,
the cost of each Si ∈ ST is computed as

CostT (Si) = (α
Ti∑
Ti

+β
Γi∑
Γi

)e−λΥ+Dist(Si, S+), (8)
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Fig. 6. Total performance of the developed HAP framework. (a)-(e) show the snapshots of the navigation. The trajectory colors represent the elevation
profile. (f)-(j) show the expansion of T and G during the navigation. The red star represents the target.

Algorithm 2: Decision Making
Input: T , xr; Output: Best subgoal Si

1 ST ← SubgoalGeneration(T ) %Initialization ;
2 if ST ̸= ∅ and N▽ ≥ nδ then
3 Si ← SelectSubgoal(ST );
4 else
5 Si ← SelectSubgoal(SG);
6 end
7 if RootChange(xr) then
8 Update(T ,G);
9 {ST ,SG} ← SubgoalGeneration(T ,G);

10 SearchAndExecutePath(T ,G,ML);
11 end

where the α, β, λ are the configurable weight parameters.
The Ti and Γi are the sum of the edge length and gradient
from the xr to the subgoal goal Si, respectively.

∑
Ti and∑

Γi represent the sum of Ti and Γi of all local subgoals
respectively. Υ is the sum of the angle among two consequent
edges from robot location xr to the subgoal Si. Dist(·)
is a heuristic item that is denoted as the planar Euclidean
distance. The subgoal selected by Eq. (8) may lead to more
flat path and more efficient goal searching. Only the ST is
considered if there are subgoals within the local window at a
decision-making instant. Otherwise, the subgoals at SG will
be considered to avoid the robot trapped into a certain region.
Differently, these subgoals are evaluated by

CostG(Sj) = Dist(Sj , S+)e
∇max(Sj). (9)

This setting is utilized to select the most informative subgoal
while considering its distance to the final goal.

The decision-making process is described in Alg. 2. This
process is executed repeatedly until reaching the target, with
its execution dependent on the construction of T and G. We
just select the subgoal within the T , evaluated by Eq. 8, if it
is not empty and it has enough candidate target nodes (see
Lines 1-4), where N▽ and nδ are the number of candidate
target node and quantity threshold. Otherwise, the subgoal

will be selected within G and evaluated using the Eq. 9. Once
a subgoal is determined, a path can be found on the tree or
the graph and it will be immediately optimized for the robot
to follow, as indicated in Line 10, Alg. 2.

VI. EXPERIMENTS AND RESULTS

To evaluate the efficacy and efficiency of the developed
framework, we conduct a series of both simulation and real-
world experiments.
A. Simulation Experiments

TABLE I: CONFIGURATIONS OF TWO SIMULATION ENVIRONMENTS.

Scenario1 Scenario2

Terrain Type Hilliness Forest
Area Size 32.32×32.47m 43.76×43.79m

Max Ground Height 2.973m 1.426m
Min Ground Height 0.549m 0.582m

The developed framework is firstly verified in simulation
environments. The simulation experiments are conducted on
a laptop with an Intel Core i7-10875H CPU and 16 GB
memory. We implement the proposed method upon the ROS
Noetic software system [31]. The simulator is Gazebo which
is a 3D dynamic simulator that can accurately and efficiently
simulate robots in complex environmental scenarios. In this
simulator, we build a differential-driven robot with a 16-beam
LiDAR sensor. We establish two simulation environments and
their configurations are listed in Tab. I.

To verify the effectiveness of the developed framework, we
conduct an experiment in the first scenario, as shown in Fig.
6. The target lies in an unknown area away from the robot
and there is no prior map. The trajectory snapshot during the
navigation is depicted in Fig. 6(a)-(e), where the trajectory
color indicates the ground height of the trajectory. As shown
in Fig. 6(f)-(j), the local tree and the global graph can be
established successfully. With the developed approach, the
robot can reach the target across the unknown and uneven
terrain. Besides, it is noteworthy that the trajectory has almost
the same color with few drastic color changes, as showcased
by Fig. 6(a)-(e), which illustrates that the generated path
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Fig. 7. The comparison of memory consumption and node numbers during
the navigation process.

(b)

Scenario2

(a)

Scenario1Start1

Start2

Start3

Goal2

Goal1

Goal3
Start3

Start1

Start2Goal3

Goal1

Goal2

Fig. 8. Evaluations of the developed framework with different configurations
in two scenarios.

is relatively flat. Overall, this experiment demonstrates the
effectiveness of the developed approach.

The layered structure consisting of the graph and tree
helps reduce the computational cost. To verify this claim,
we compare the developed framework with the Full Tree
approach. This approach maintains the whole tree structure,
which is a typical routine in the state-of-the-art pipeline
[32]. The other parts of the Full Tree are the same as ours.
Five independent experiments are conducted with the same
configurations in Fig. 6. The results are illustrated in Fig.
7. Intuitively, the memory usage of our method maintains
the slow growth while that of the Full Tree method exhibits
faster rising during the navigation process. Fig. 7(b) shows
the comparison of total generated nodes between these two
methods. It can be observed that the node growth speed of
our method is significantly slower than Full Tree method. It
demonstrates that the dynamic node pruning mechanism in
the tree and graph construction is effective in reducing the
total nodes, thus reducing the memory cost in the mapless
navigation.

To evaluate the robustness of accessibility of the devel-
oped approach, we conduct experiments in two different
environment scenarios with different start and goal locations.
The experimental results are shown in Fig. 8. With any
configurations, the robot can successfully find a risk-free
route from its current location to the target.
B. Experiments in the Real World

To verify the effectiveness of the developed approach, we
conduct experiments in real-world environments. We use the
Agile Scout 2.0 as the robot chassis that is equipped with nec-
essary sensors like Ouster LiDAR OS-32. The computation
processor is the NVIDIA Jetson AGX Orin. The differential-
driven robot has the capacity to travel at the ground with less
than 30◦ slope. We use the FAST-LIO2 [33] for localization.

In particular, we look in detail at the performance of
saturated node and hazardous region generation mechanisms

Saturated Node Root

(a) (b)

Saturated Node

(a) (b)
Fig. 9. Saturated node generation in the real-world environment.

Slope

Start

Goal

3

1 2

123

5m

Fig. 10. The performance of the developed approach in real-world scenario.

in the outdoor environment, which is depicted in Fig. 9.
The hazardous regions are clearly marked by the saturated
nodes shown as red bubbles in Fig. 9(a), which illustrates that
HD-RRT could avoid expanding inside hazardous regions to
guarantee the feasibility of edges. The robot can avoid these
regions and achieve risk-free mapless navigation.

The overall performance of the developed approach is
shown in Fig. 10. The target lies on a slope and there is
no prior map. It is observed that with our method, the local
tree and the global graph can be generated effectively. The
subgoals leading the navigation are evaluated in a timely
manner. The robot is able to quickly determine the risk-free
regions and finally reach the target, which demonstrates the
effectiveness and robustness of the framework in the real-
world.

VII. CONCLUSIONS

In this study, we present a layered structure to achieve
mapless navigation in unknown uneven terrain environments.
The tree structure can be extended dynamically with the
navigation and the hazardous area can be marked explicitly.
Some nodes of the tree structure are carefully kept and
form a graph, which can record the exploration history and
contribute to further decision-making process. The subgoals
for leading the mapless navigation, together with the route to
reach there, can both be queried efficiently on the tree and
graph structure. Both the simulation and real-world experi-
ments are conducted and the experimental results support the
claims of the developed approach. The developed framework
is effective in helping the robot reach a target in unknown
uneven environments.
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