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Abstract— Identifying traversable areas is a critical task
for unmanned vehicles exploring safely through unstructured
environments. In practice, the ambiguity in perceiving terrain
traversability usually brings great challenges for autonomous
exploration in unknown and uneven terrain, which often leads
to conservative strategies or potential risk of vehicle damage,
resulting in many unexplored areas in the environment. To that
end, this paper proposes a plane-assisted autonomous robot
exploration framework (PARE) to achieve maximum volume
and safe autonomous exploration. The process is carried out
by a three-step dual-layer framework: constructing a local tree
using Plane-Assisted RRT* (PA-RRT*), calculating exploration
gain based on terrain information, and maintaining a global
search graph. Firstly, the planar feature metrics (flatness,
sparsity, elevation variation, slope and slope variation) are
introduced to determine the terrain traversability. Secondly,
to completely explore the rugged environment, we propose a
dual-layer exploration framework comprising local and global
strategies. A local planner based on PA-RRT* is proposed to
find the best path by evaluating the planar information and the
volumetric gain within the local exploration tree. Meanwhile,
a global planner constructed by graph is proposed to record
unexplored nodes with high exploration gain from the local
tree to ensure a high level of exploration volume. Extensive
simulation and real-world experiments demonstrate that our
method significantly outperforms existing frameworks, with an
average improvement of more than 12% in exploration volume.

I. INTRODUCTION
Autonomous exploration stands as an indispensable tech-

nology, empowering unmanned ground vehicles (UGV) with
the capability to effectively and securely construct environ-
ment models in predefined unknown areas. This technology
finds wide-range applications in industrial inspection [1],
object search [2], and scene reconstruction [3]. Despite the
numerous successes of autonomous exploration in structured
environments, unfortunately, challenges emerge when de-
ploying autonomous exploration vehicles in large-scale and
intricate outdoor scenarios, such as rugged mountains [4] or
dense forestry [5]. The existing methods [6]–[8], which are
tailored for flat terrain, struggle to cope with the complexities
posed by challenging and hazardous terrain such as steep
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Fig. 1. The Bulldog, a four-wheel differential mobile platform, serves as the
primary experimental vehicle to validate the robust exploration capabilities
of PARE in various challenging terrains. Our experiments are strategically
conducted across various environments, including steep slopes, flat bridges,
dense forests, and arch bridges.

slopes and hollows, as illustrated in Fig. 1. The complex
terrain may cause ambiguity regarding the traversability of
the area, potentially heightening the chances of UGV rolling
over or misjudging traversable regions.

Therefore, the primary challenges addressed in this paper
are how to assess the uneven terrain to identify traversable
paths and how to maximize the exploration volume in
unknown and uneven environments. The main objective is
to optimize the exploration volume in unpredictable and
unstructured areas while ensuring UGV navigates safely
through challenging terrain and reducing the potential of
accidents and incorrect assessment.

To achieve this goal, this paper proposes PARE (Plane-
Assisted Autonomous Robot Exploration), a hierarchi-
cal framework designed to facilitate robots exploring au-
tonomously and safely in unknown and uneven terrain.
Firstly, considering the inherent dangers presented in such
environments and the fact that UGV primarily focuses on
the planar information, we introduce planar feature metrics,
including flatness, sparsity, elevation variation, slope and
slope variation, to evaluate the traversability cost of the plane
fitted by sampling points of Rapidly-exploring Random Trees
(RRT). Secondly, due to the significant elevation variations
in rugged hills terrain and the existence of numerous sub-
paths, UGV encounters challenges in determining the opti-
mal exploration path. This paper employs a dual-layer explo-
ration framework that integrates local and global exploration
strategies. We present a local planner PA-RRT* (a variant
of RRT) that constructs a local exploration tree to store
planar information and compute exploration gain including
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Fig. 2. Architecture of the proposed framework. The onboard computer processes real-time point clouds and odometry from LiDAR and SLAM. Then,
the SLAM module updates the TSDF map and 3D grid map. After acquiring valid sampling space points extracted from map updates, surface nodes are
generated based on transform points and traversability assessment within PA-RRT*. The dual-layer exploration framework constructs a local exploration
tree and maintains a global exploration graph. Through the evaluation of exploration gain in branches, PARE determines the best exploration path for UGV
within the framework. (Exp. indicates Exploration)

volumetric gain, terrain cost and distance cost. The best
local path is chosen by acquiring the higher exploration gain
while ensuring minimal terrain cost. A global search graph
is also proposed to store the starting node and unexplored
nodes with the high exploration gain from the local tree.
This ensures a high level of exploration volume, thereby
enabling the ground robot to traverse through rugged terrain
more efficiently along a rational exploration route. Finally,
we conduct experiments in simulation and real-world scenes
to demonstrate the capability of maximum volume and safe
exploration of our proposed method in uneven terrain. The
main contributions of this paper are summarized as follows:

• A new sampling-based algorithm named PA-RRT* is
proposed for ensuring safe exploration in uneven terrain,
which utilizes five planar feature metrics to determine
traversable areas.

• A novel dual-layer plane-assisted autonomous robot
exploration framework (PARE) is proposed, which en-
ables the robot to obtain a larger exploration volume in
uneven terrain by combining local and global strategies.

• Extensive simulation and real-world experiments
demonstrate the advantages and robustness of our pro-
posed method, especially the capability of supporting
maximum volume and safe exploration of ground vehi-
cles in challenging and uneven scenarios.

II. RELATED WORK

A. Terrain Assessment for Navigation

The assessment of terrain characteristics plays a key role
in impacting the capability of the robot to explore uneven
terrain. Therefore, to achieve safe and efficient exploration
in such environments, it is imperative to assess the compre-
hensive terrain information. Some methods require explicit
construction of maps to determine traversable areas indi-
rectly. While probability occupancy maps [9] can effectively
handle perceptual uncertainty of the terrain, challenges arise

with false detection and escalating memory requirements as
the state space dimension expands. An alternative approach
involves elevation maps [10], known for its computational
efficiency and storage-friendly properties. However, elevation
maps exhibit large deviations in grid height values, poten-
tially missing crucial terrain information. Other methods
directly apply point clouds to determine feasible areas. In
rugged terrain, 3D terrain reconstruction becomes essential
to create a comprehensive 3D geometric model, using struc-
tures such as 3D mesh grid [11] or polygon mesh [12].
Although [13] directly infer local terrain surfaces from
unordered point clouds without reconstruction, the planning
safety heavily relies on the density of point clouds. For
scenarios demanding better precision, the RGBD camera
is more commonly employed [14]. PUTN [15] employs a
custom terrain assessment and fits planes on point clouds to
generate a sparse path, alleviating the computational burden
associated with constructing and maintaining a topographic
map. However, it lacks adaptability to extreme or highly ir-
regular terrain, which leads to inaccuracies in path planning.
The terrain evaluation method proposed in this paper draws
inspiration from [15]. We propose different planar feature
metrics to enable robots to generate safe paths and adapt to
varying terrain conditions, thereby enhancing the application
potential of robots across challenging environments.

B. Autonomous Exploration

Autonomous exploration in robotics is primarily addressed
by two solutions: frontier-based [16]–[19] and sampling-
based [20]–[23] approaches. Frontier-based methods focus
on identifying the boundary between known and unknown
spaces for exploration targets, but they can sometimes exhibit
excessive aggressiveness, leading to suboptimal efficiency.
On the other hand, sampling-based methods randomly select
viewpoints and then determine the optimal ones using a
cost function to observe more unknown areas, but this
method involves extensive calculations and lacks global
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guidance. In response to the challenges posed by large-
scale and complex environments, several recent approaches
have combined ideas from both frontier-based and sampling-
based methods [7], [8], [24]–[26], which employ a dual-layer
exploration framework encompassing both local and global
exploration. When the local exploration tree yields minimal
gains compared to the branches out in the global exploration
tree, the planner switches to the global exploration graph to
extend the exploration. GBP [24] specifically focuses on two
rapidly-exploring random graphs (RRG) with different densi-
ties serving as local and global planners. While it ultimately
selects edges from the RRG as the exploration path, this
approach may result in suboptimal solutions during global
exploration. TARE [8] explores unknown space by traversing
viewpoints along the shortest path, but its computation is
time-consuming and it fails to consider exploration gain, po-
tentially leading to increased exploration time and traveling
distances. FAEL [27] improves TARE by introducing rapid
preprocessing for environmental information and optimizing
the exploration path to facilitate the exploration process.
However, these methods often ignore uneven and rugged
terrain, neglecting possible traversable areas and posing dan-
gers for robots during exploration. In contrast, we propose
a novel dual-layer exploration framework that incorporates a
planar assessment to overcome the shortcomings of existing
exploration algorithms, which ensures an accurate analysis
of traversable regions and promotes efficient exploration.

III. METHODOLOGY
A. Problem Formulation

The proposed framework, as depicted in Fig. 2, tackles
the challenges of autonomous exploration faced by ground
robots in complex terrain, including rugged hills and deep
hollows that impose significant traversability constraints.
Due to the absence of comprehensive terrain information
in wild environments and the existence of numerous sub-
paths, the robot encounters difficulty in deducing the optimal
exploration path. Hence, a dual-layer exploration framework
is introduced by combining local and global strategies. Let
M denote a 3D occupancy map of the space, which is
incrementally constructed over time. The subset Msub ⊂M
represents the presently explored local map. Considering a
volume V within the specified space, the volume of the
explored space is denoted as Vexp. In uncertain and rugged
terrain, where the residual area Vres = V\Vexp cannot be
accurately determined, this paper sets that the robot should
return to its starting position when sub-branches in global
exploration have been thoroughly explored or when the
ratio Vexp/V reaches 95%. The local planner explores each
Msub through an iterative process while considering diverse
terrain features around the robot. It generates a safe and
traversable path within the local map Msub, which guides
the robot to explore the unknown space Munkonwn ⊂ M.
The traversable path conforms to the following criteria: (1)
ensuring complete traversability; (2) avoiding the risk of the
robot rolling over, and (3) finding a balance between terrain
risk and maximum exploration volume. After completing the
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Fig. 3. Representation of exploration path generation in complex terrain.
The planner path is defined as a sequence of nodes {N0, N1,..., Nn}
extended by the sampling tree. Each node Ni consists of a 6D pose Px̃i
and a traversability τx̃i .The orange and pink rectangles indicate a sequence
of planes {Pi} fitted by surface points {x̃i}. The red and black lines
respectively represent the best path and candidate paths.

local exploration, the global planner determines the global
path for either continuing exploration or returning to the
starting position. The global path also adheres to the same
criteria as the local paths mentioned above.

B. Plane-Assisted RRT*

1) 3D Representation and Terrain Assessment:
The efficiency of exploration in uneven terrain is influ-

enced by the representation of the environment. Let us define
X ∈ R3 as the configuration space. Let Xsurf ∈ X represent
the areas near the ground, Xobs ∈ X denote the occupied
space, and Xfree = X\Xobs signify the free space. To
specifically define the region traversable by ground robots,
we introduce Xtrav as the subset of Xfree∩Xsurf . Consider
a point xi ∈ R3, and denote the projection onto the terrain
surface as x̃i = [x, y, z̄]T . Here, z̄ = min{z − k · res/2 |
x̃i ∈ Xobs, z̄ ≥ zl, k ∈ N}, where zl indicates the predefined
threshold of minimum elevation and res is the grid map
resolution. The terrain assessment process begins with the
transform points module, which firstly projects a space point
xi to obtain a surface point x̃i. Then, the SVD method is
employed to fit a plane Pi based on a point cloud within a
cube centered at x̃i with a constant side length lcube, which
is represented as Ωi = {(x̃i)j=1:Ni

}. As depicted in Fig. 3,
each plane is then represented as a node Ni = (Px̃i , τx̃i),
where Px̃i signifies the 6D pose of the robot and τi indicates
the traversability of the plane. Here, τx̃i ∈ [0, 1], where 1
indicates the terrain is absolutely unsuitable to be traversable,
and 0 means the terrain is completely traversable.

Analyzing the terrain costs of nodes is crucial for path
planning in rugged terrain. It allows for the identification
and elimination of nodes that bring higher risks of collisions
or difficulties in traversable areas. We propose a planar
assessment method with five feature metrics: slope s, slope
variation ∆si,i+1, elevation variation ∆ei,i+1, flatness f ,
and sparsity λ for terrain assessment. Slope s encourages
the selection of terrain with gentle slopes; ∆si,i+1 and
∆ei,i+1 denote the differences in slope and elevation be-
tween the planes of two nodes, correspondingly. ∆si,i+1 im-
poses stricter penalties on terrain with frequent fluctuations,
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Algorithm 1: Plane-Assisted Local Planner
Input : Vertex Set V; Edge Set E; Local Tree TL;

Current state ψc

Output: Best path σL, best

1 ψc ← GetCurrentConfiguration();
2 for i = 1 to k do
3 V← {ψc};E← ∅;TL = (V,E);
4 xrand ← SampleSpacePoint();
5 x̃rand ← ProjectToSurface (xrand);
6 x̃near ← NearestVertex (TL, x̃rand);
7 x̃new ← Steer (x̃rand, x̃near, lcube/2);
8 Nnew (Pnew, τnew)← FitPlane (x̃new);
9 F(Nnew,Nnear)← TerrainCost (x̃new, x̃near);

10 if Pnew ∈ Xtrav and ∆enew,near < ∆emax then
11 Ξneighbor ← FindNeighbors (TL,Nnew) ;
12 while Ξneighbor ̸= ∅ do
13 Nparent ← GetParent (Ξneighbor,Nnew) ;
14 if F(Nnew,Nparent) < F(Nnew,Nnear) then
15 TL ← V∪{Nnew},E∪{Nnew,Nparent};
16 TL ← Rewire (TL,Ξneighbor,Nnew) ;
17 end
18 end
19 end
20 end
21 Σσ,L ← GetShortestPaths(TL, ψc);
22 ComputeVolumetricGain(TL);
23 ΣE(σL) ← EvaluateExplorationGain (TL,Σσ,L);
24 σL,best ← FindBestPath

(
ΣE(σL)

)
;

25 return σL,best

while ∆ei,i+1 discourages choosing planes with significant
difference in elevation. Flatness f prioritizes flat terrain for
robot movement to minimize energy consumption. Sparsity λ
encourages avoiding unknown ground and hazardous terrain.
The terrain cost of the path between two nodes is defined as
follows:

F (Ni,Ni+1) = ω1

(
1

1− τx̃i
+

1

1− τx̃i+1

− 2

)
+ ω2

1

∆smax −∆si,i+1
+ ω3

1

∆emax −∆ei,i+1
(1)

τx̃i = α1
s

smax
+ α2

f

fmax
+ α3

λ

λmax
(2)

where ω1, ω2, ω3 are the penalty scale factors. The weights
α1, α2, and α3 sum up to 1. smax, ∆smax, ∆emax, fmax,
λmax represent the maximum value for each evaluation
indicator. The above five indicators are defined as follows:

s = κs arcsin z̄ez (3)
∆si,i+1 = si − si+1 (4)

∆ei,i+1 = κe arctan
z̄i − z̄i+1

li,i+1
(5)

f = κf

∑N
j=1

(
ez · xj

)4
N

(6)

λ =


1 r > rmax

r−rmin

rmax−rmin
r ∈ [rmin, rmax] ∧ |Σ|2F < ttrace

0 otherwise
(7)

where κs, κe, κf are constant coefficients. ez represents
the unit normal vector of the fitted plane. z̄ez signifies
the projection of the plane normal vector on the Z-axis of
the world coordinate system. li,i+1 represents the horizontal
distance between Ni and Ni+1. The variable r denotes the
proportion of vacant space in the plane, and once it surpasses
the predefined threshold for vacant space ratio, it suggests the
presence of depressions in the ground. Moreover, to maintain
the smoothness of the fitted plane, the expansion distance
of PA-RRT* must ensure that the step size li,i+1 satisfies
li,i+1 < lcube/2. As shown in Fig. 2 (bottom right), flat
areas have a cost close to 0, gentle slopes around 0.3, and
steep slopes almost 1 resulting in their exclusion from the
traversable areas. Likewise, the nodes located within hollows
are also excluded from consideration.

2) PA-RRT* Generation:
The generation of the local exploration path in this paper

is based on PA-RRT*, as detailed in Algorithm 1. Firstly,
a local tree denoted as TL, which includes the vertex set
V and edge set E, is incrementally constructed within the
subset Msub. TL starts from the current state of the robot
ψc. During each iteration, a space point xrand is randomly
generated within the region Msub. This point is projected
onto the surface, which yields a surface point denoted as
x̃rand. The planner then finds its closet point x̃near in TL.
After that, our method verifies if the distance between x̃near

and x̃rand is less than half of lcube. If this condition is met,
x̃rand is directly chosen as x̃new. Otherwise, a new sampling
point xnew is generated by extending a distance of lcube/2
from x̃near to x̃rand and then projecting it to obtain x̃new. Next,
the terrain cost F(Nnew,Nnear) is computed based on the
corresponding planes of the two nodes. Any sampling points
exceeding the predefined threshold value of F(Nnew,Nnear)
are discarded.

In complex environments with uneven surfaces, verifying
the collision detection between the new node Nnew and
its nearest node Nnear is insufficient. To avoid potential
collisions and ensure the stability and smooth operation of
the system, it is crucial to evaluate whether the new node
falls within the traversable space Xtrav and discard nodes
that exceed ∆emax. If the above conditions are satisfied, a
set of neighboring nodes Ξneighbor within a specified range
is examined. If the terrain cost F(Nnew,Nparent) is less than
F(Nnew,Nnear), Nparent is selected as the parent node for
the pruning operation. The process of constructing a local
tree TL by adding vertices and edges is continued until it
reaches a predefined maximum limit of vertices NV,max or
edges NE,max. By iterating the above process, a sequence
of nodes {Ni} is obtained that facilitates ground robots
movement, which is equivalent to receiving a serial of planes
{Pi} that are connected to form a strip area, as illustrated in
Fig. 3. This strip area provides accurate terrain assessment
for Section III-C.
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C. Dual-Layer Exploration Framework

1) Local Planner:
In response to the need for safe exploration in complex

and sub-paths rugged environments, the local planner ensures
that the robot adopts an efficient exploratory strategy tailored
to uneven terrain by utilizing PA-RRT*. As detailed in
Algorithm 1, given a local tree TL = (V,E) constructed by
PA-RRT*, Dijkstra [28] is employed to find the set of shortest
paths Σσ,L from the root vertex ψc to all remaining vertices
within the vertices set V, which aims to enhance exploration
efficiency. The generation of the local exploration path is
based on each node in TL, which employs Truncated Signed
Distance Fields (TSDFs) [29] to appraise the exploration
gain. The TSDF map classifies grid states as Unknown, Free,
or Occupied, which provides details on space occupancy and
distance to the nearest surface. Then, the planner calculates
the volumetric gain VG for each vertex in V, which utilizes
a sensor ray model to analyze the number of voxels in the
TSDF map intersected by rays emitted from nodes. Through
the assignment of weight to different voxel states, nodes
with more unknown states receive higher volumetric gain,
which enables efficient path selection for exploring unknown
regions with minimal computational burden. Considering
the distribution of terrain cost, our method optimizes the
local path to adeptly traverse diverse terrain types while
prioritizing the safety and stability of the robot. This holistic
assessment of terrain cost and VG for nodes augments
the reliability of the exploration framework in challenging
environments. Considering terrain cost, volumetric gain, and
other functions related to distance and direction are taken into
account for the calculation of the exploration gain related to
each shortest path in σi ∈ Σσ,L, i = 1, 2, . . . , n with a set of
vertices along the path N i

j ∈ σi, j = 1, 2, . . . ,mi, the local
exploration gain EL(σi) is calculated as follows:

EL(σi) =

e−γSS(σi,σexp)
mi∑
j=1

VG
(
N i

j

)
e−γDD(N i

1 ,N
i
j )e−γFF(N i

j ,N
i
j−1)

(8)
where S (σi, σexp), D

(
N i

1,N i
j

)
, and F(N i

j ,N i
j−1) repre-

sent cost functions for path orientation, distance, and ter-
rain, respectively. γS, γD, and γF are the adjustable weight.
D
(
N i

1,N i
j

)
represents the cumulative Euclidean distance

from the root node of the exploration tree to each node
N i

j along the path σi, which prioritizes paths with a higher
volume gain to distance ratio. S(σi, σexp) compares the simi-
larity between the planned path σi and a pseudo straight path
σexp of equal length in the estimated exploration direction,
which prioritizes exploration in the same direction as the
preceding path. The local planner iterates until the global
planner is triggered or until a predefined maximum number
of sampling nodes in TL is attained. Ultimately, exploration
gains for all paths are calculated, resulting in a set ΣE(σL)

from which the path with the highest gain σL, best is selected
as the optimal path for execution.

2) Global Planner:

(a) (b)
Fig. 4. The two simulation environments: (a) The hills scenario. (b) The
hollows scenario.

(a) (b)

OS1-32-U

Wi-Fi Module

Bulldog

Fig. 5. The vehicle platform used for our experiments, Bulldog, is equipped
with OS1-32-U LiDAR and a Wi-Fi Module for communication. It is shown:
(a) The main view. (b) The side view.

The global planner ensures exploration capability by
searching for alternative paths to unexplored areas in the case
of local planning failure and managing the homing process
when time constraint is reached. We propose a method that
involves incrementally constructing and maintaining a graph
based on the local tree TL. It also considers paths with
high exploration gain to maintain a selective list of potential
vertices indicating unexplored regions. This list periodically
updates to accommodate changes in exploration gain. After
local exploration, the Dijkstra is used to ascertain the shortest
path σG, i to all boundary nodes in the global graph, while
computing exploration gain values for each path. The global
exploration gain EG (σG,i) is calculated as follows:

EG (σG,i) = VG (NG,i) e
−µDD(Ncur,NG,i)e−µFF(Ncur,NG,i) (9)

where VG (NG,i) denotes the volumetric gain of the current
boundary node. D (Ncur,NG,i) and F (Ncur,NG,i) represent
the cost function of the distance and terrain, respectively,
from the current node to the global exploration boundary
node. µD and µF are the adjustable weight. D (Ncur,NG,i)
penalizes excessive distance, while F (Ncur,NG,i) penalizes
paths with higher terrain cost. This prioritizes the exploration
of nearby boundary nodes and encourages the generation of
paths with lower terrain cost. As exploration progresses, the
TSDF map is continuously updated, potentially leading to
diminished or eliminated volumetric gains VG (NG,i) for
boundary nodes. Once the completion of boundary explo-
ration or reaching a predefined coverage ratio Vexp/V is
reached, the global planner restarts. Then, a path is calculated
from the current location back to the initial node.

IV. EXPERIMENTS

To fully evaluate the efficiency and robustness of our
proposed method, we conducted a series of quantitative and
qualitative experiments in both benchmark and real-world
scenarios. The real-world experiments utilized the Bulldog, a
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(a) 

Ours GBP TARE FAEL

(b) 

Ours GBP TARE FAEL

(c) (d) (e) (f)
Fig. 6. A benchmark comparison was conducted among our proposed method, GBP, TARE, and FAEL as depicted in Fig. 4(a) and Fig. 4(b). The red
star denotes the initial point of exploration. (a) illustrates the experimental results in the hilly environment, highlighting the area overlooked by all methods
except ours with white dotted circles. (c) and (d) portray changes in exploration volume and distance traveled over time for the four methods in the hilly
environment. (b) displays the results of the hollows environment, where UGV encounters challenges with GBP and TARE and is unable to complete the
subsequent exploration, while FAEL generates a roadmap for hazardous hollows, as shown in the zoomed-in section. (e) and (f) also demonstrate changes
in exploration volume and distance traveled over time for the four methods in the hollow environment.

four-wheel differential mobile robot, as depicted in Fig. 5. It
is equipped with an Ouster LiDAR OS1-32-U and an Xsens
XTI-300, together with an onboard computer (i7-9600k CPU
and 16 GB RAM). A SLAM module adopting Fast-lio [30]
is utilized for the localization of the Bulldog.

A. Simulation Experiments

Our proposed method was evaluated in a simulated ter-
rain with hills and hollows, comparing it with GBP [24],
TARE [8], and FAEL [27] under the identical conditions
across four key metrics: run time, exploration volume, trav-
eling distance, and exploration time. Utilizing a global TSDF
map at 0.2m resolution and a local 3D grid map at 0.1m
resolution, the PA-RRT* planar evaluation conducts random
sampling in a 20m×20m×3m cube around the robot center.
The maximum velocity of the robot is vmax = 1.5m/s,
with exploration ending when 95% of the specified area was
covered. Each method is run 20 times initiating from the
same starting position and executed for 10 min per simulated
exploration in both scenarios. The results and exploration
details are summarized in Tab. I, with exploration volume
efficiency shown in Tab. II. Here, the variable ξ is defined
as the exploration volume resulting from the completion of
the algorithm’s execution, and the relative efficiency ratio
rξ indicates the explored volume ratio of the comparative
methods to our approach.

1) Hills Scenario:
In a simulated scenario spanning a 42 × 40m2 area with

hills, as illustrated in Fig. 4(a), we conducted a compre-
hensive comparison of four methods. The results reveal the
superior performance of our proposed method, particularly
in achieving an exceptional exploration volume, which is
attributed to its planar assessment that guides paths adhering
to traversability constraints. This achievement is emphasized
by the dashed circles in Fig. 6(a). In contrast, other methods,
lacking comprehensive traversability assessment, struggled
to secure viable exploration paths or failed to meet vol-
ume thresholds. The curves depicting the explored volume,
varying with time duration and traveling distance for each
method, are illustrated in Fig. 6(c) and Fig. 6(d). Notably, our
proposed approach employs PA-RRT* with terrain analysis
to generate exploration paths that traverse from flat ground
to gentle slop. Conversely, our method obtains exploration
volumes overlooked by other methods, which usually provide
only rudimentary assessments of traversable areas and fail
to identify paths to the mountains. Our approach achieves
an impressive average exploration volume of 3334m3 and
covers the distance in a period of 262.6s, showcasing a
721m3 higher volume compared to FAEL. To mitigate the
risk of UGV rollover, our method adeptly navigates suitable
terrain and travels to and from rugged areas, resulting in
increased traveling distance and exploration time. Despite its
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TABLE I
RESULTS OF SIMULATIONS IN HILLS AND HOLLOWS

SCENARIOS

Scene Method Run
Time(s)

Exploration
Volume(m3 )

Traveling
distance(m)

Exploration
Time(s)

Avg Std Avg Std Avg Std

Hills

GBP [24] 0.892 2938 286 342.3 51.2 350.0 49.2
TARE [8] 0.618 2545 127 287.1 34.9 252.8 32.0
FAEL [27] 0.297 2613 103 273.7 29.7 247.4 18.1

Ours 0.323 3334 78 324.0 24.4 262.6 28.2

Hollows

GBP [24] 0.55 >529 – >20 – >34.5 –
TARE [8] 0.23 >494 – >15.2 – >32.7 –
FAEL [27] 0.18 932 34 32.6 5.8 68.5 4.9

Ours 0.21 998 27 40.1 3.7 81.2 6.3

* ‘–’ represents the method that has failed.

TABLE II
COMPARISON OF EXPLORATION VOLUME EFFICIENCY

Scene GBP TARE FAEL Ours
ξ rξ ξ rξ ξ rξ ξ rξ

Hills 2938 0.88 2545 0.76 2613 0.78 3334 1.0
Hollows 529 0.53 494 0.49 932 0.93 998 1.0

sub-optimal runtime, the algorithm meets real-time demands,
leading to increased exploration volume and adaptability
to varied terrain, which leads to a notable boost in ex-
ploration volume and adaptability to diverse terrain. Our
method demonstrates a remarkable efficiency increase of
over 12% on average in exploration volume compared to
other methods, as illustrated in Table II.

2) Hollows Scenario:
In a scenario featuring hollows, with a region measuring

30 × 35m2 depicted in Fig. 4(b), we conducted a compre-
hensive comparison of four exploration methods. Both GBP
and TARE faced challenges to fully explore the environment
within the allocated time limits, as shown in Fig. 6(b). On
the other hand, FAEL utilized information gain based on
the ground point cloud to accomplish exploration. Notably,
Fig. 6(b) displays the road map generated by FAEL within
the region outlined by the white dashed circles, which poses
a potential risk of the UGV falling into hollows. In contrast,
we implemented a proactive strategy by setting high traversal
costs for the hollows and their surrounding environments
using the terrain analysis module proposed earlier. This
strategy prevented the generation of paths within hollow
environments during PA-RRT*, ensuring safe motion. The
results of the four methods regarding exploration volume
over time duration and traveling distance are illustrated in
Fig. 6(e) and Fig. 6(f). Additionally, Tab. II provides a
comprehensive overview of the exploration volume efficiency
for each method. The results highlight the effectiveness of
our proposed strategy in addressing challenges posed by
hollow terrain, ensuring safer and more efficient autonomous
exploration.

B. Real-World Experiment

To further validate our proposed approach, we conducted
extensive real-world experiments in unknown and uneven
terrain. The first scenario involved a flat bridge, as shown
in Fig. 7, where the Bulldog simultaneously mapped an

Local ExplorationReal World

Hollows Scenario 

Sampling Points

Specified Aera

Fig. 7. Instances of autonomous plane-assisted exploration path planning in
hollows experiments. The white star marks the starting point, the red square
represents specified areas, and the white line represents the exploration path
followed. The results showed that sampling points were only generated
within the flat bridge and did not extend beyond it, confirming the robust
navigation capabilities of PARE.

Real World

Local Exploration

Specified Aera

Hills Scenario 

Fig. 8. An exploration experiment conducted in a forest with hills terrain.
The upper side of the figure shows the actual environment and local
exploration tree renderings, while the bottom side displays the results of
the environmental exploration. The white star marks the starting point, and
the white line represents the exploration path followed.

unknown space and navigated around obstacles. The ex-
ploration area spans 50 × 170m2, with Bulldog covering
a distance of 134m and completing the task in 173s. The
surroundings of the flat bridge are primarily composed of
expansive water surface and the bridge deck. In this particular
setting, it is crucial for our method to avoid generating any
exploration paths that traverse the water surface. Given the
notable difference in elevation between the water surface and
the bridge deck, our approach strategically filters out nodes,
which allows only those positioned on the bridge deck to
successfully navigate through the discerning process of the
terrain evaluation module. Through this filtering mechanism,
we ensure that the robot only generates paths on the bridge
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deck, rather than the surrounding water surface. The second
scenario featured a hilly area with varying slopes, as depicted
in Fig. 8, where the white line represents the trajectory of
the robot and the blue dots mark the global graph. The
size of the exploration area is about 110 × 170m2, and the
Bulldog traveled a distance of 192m within 230s to complete
the exploration. The results indicate that our method is
well-suited for accomplishing autonomous exploration in
unknown and uneven terrain. More details can be available
at https : //youtu.be/vT 0OY 1Riks.

V. CONCLUSIONS

We propose a novel dual-layer exploration framework
named PARE, designed to address the challenges posed
by traversable obstacles in uneven terrain while enhancing
exploration capabilities in unknown and rugged regions. Our
approach utilizes PA-RRT* to construct a local exploration
tree, evaluating traversability to ensure secure access to the
target area. Then, we implement a dual-layer exploration
framework, integrating both local and global strategies to
achieve a significantly larger exploration volume. Experi-
mental results demonstrate the superiority of our method
in scenarios featuring hills and hollows, achieving increased
exploration volume by over 12% on average compared to
the existing framework. In the future, we aim to showcase
the algorithm’s performance in a real environment with
deformable terrain.
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