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Abstract—Unknown area exploration is a crucial but challeng-
ing task for autonomous driving of unmanned ground vehicles
(UGV) in unknown off-road environments. However, the explo-
ration efficiency of a single UGYV is low due to its limited sensing
range. To solve this problem, this paper proposes a risk-inspired
aerial active exploration system, which utilizes the flexibility and
field of view advantages of Unmanned Aerial Vehicles (UAV) to
guide the UGV in unknown off-road environments. Firstly, a fast
terrain risk mapping method that can be used for both UAV and
UGYV is developed. This method efficiently combines quadtree and
hash table data structure to enable UAV to analyze large scale
terrain point cloud in real time. Based on the risk mapping result,
a risk-inspired active exploration method is proposed to actively
search a safe reference path for the UGV, which introduces
terrain risk information into the process of travel point selection.
Finally, the reference path is gradually generated and optimized,
so that the UGV can safely and smoothly follow the path to the
target location. Compared with single UGV exploration system,
our approach reduces the overall path risk by 26.8% in simulated
experiments, showing that the proposed system can enhance
autonomous driving of the UGV and help it effectively avoid
high-risk areas in unknown off-road environments.

I. INTRODUCTION

Unmanned ground vehicles (UGV) have been widely used
in search and rescue tasks in unknown off-road environments.
These tasks often require the UGV to autonomously navigate
to the target location both safely and as quickly as possible
[1]. However, prior road information is usually unavailable in
unknown off-road environments, which makes it impossible to
obtain a global path for the UGV in advance [2]. In this case,
the UGV can only search for path by autonomous exploration
to complete the navigation task. However, due to the low
angle of view and limited field of view, the path exploration
range of single UGV is small. Furthermore, body bumps
caused by the fluctuating terrain bring large uncertainties
to the sensor measurements of the UGV, and the randomly
distributed obstacles seriously obscure the sensing field of the
UGY, which both reduce the exploration efficiency. Therefore,
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to enhance the path exploration ability is a key problem for
the UGV in unknown off-road environments.

In order to solve this problem, many researchers con-
sider deploying multi-robot systems including both Unmanned
aerial vehicles (UAV) and UGV, which utilize the stronger
flexibility and broader sensing range of the UAV to help the
UGV find feasible path in unknown environments [3]-[6], [8].
For example, some researchers used an UAV to exhaustively
explore the unknown area by remote control or autonomous
exploration to establish a prebuilt map, and the global path
for the UGV was generated based on the map [3]. Although
this method can obtain prior information, the system relies
on several assumptions and is not suitable for real-time tasks
like rescue. Some other researches focused on sharing local
sensing results of different robots in real time to improve the
exploration process [5] [6]. Kulkarni et al. [6] periodically
fused local voxel maps of an UAV and a legged robot to update
their navigation graphs in an unknown mine, which enabled
the legged robot to autonomously explore the area. This kind
of scheme has good time efficiency during exploration, but
it requires large and stable communication bandwidth which
are difficult to achieve in unknown off-road environments. In
addition, some other studies directly extracted path for the
UGV instantaneously by aerial exploration, which did not
bring heavy communication burden [8]. The path extracted
by the UAV can provide a general reference for the UGV to
avoid traps and reduce the exploration time cost.

Inspired by the above analysis, based on our previous work
[7] where cross-view terrain point clouds measured from UAV
and UGV are accurately matched and fused with terrain risk
features, we further propose an active path finding system
for the UGV assisted by an UAV in large unknown off-road
environments. The main contributions are listed as follows:

e A risk-inspired aerial active exploration system is de-
veloped, where the UAV can simultaneously explore
the unknown off-road environment and build large-scale
terrain risk maps to generate a safe and efficient reference
path for the UGV. With the reference path, the UGV can
reduce reentries and avoid high-risk areas, enhancing the
efficiency of UGV’s autonomous driving in unknown off-
road environments.

o A simulated large-scale off-road environment model is
built to analyze the performance of the proposed system
in detail. Several tests are conducted in the simulated
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environment, where both quantitative and qualitative re-
sults can demonstrate the effectiveness and utility of our
system.

II. RELATED WORK
A. Active Exploration

The existing approaches of robot active exploration can
be generally divided into two categories: sampling-based ap-
proaches and frontier-based approaches. For sampling-based
approaches, viewpoints are usually sampled randomly with
the robot sensing range and selected as the local goals by
calculating their contributions to the task [9]-[13]. For ex-
ample, Cao et al. [9] uniformly sample a set of viewpoint
candidates from a lattice pattern and define the uncovered
space as the reward of each viewpoint to enable the ground
robot to explore the unknown environment. In [11], the authors
design a hierarchical gain to distinguish the priority of the
uniformly sampled viewpoints for active 3D reconstruction
tasks. However, the sampling-based approaches often require
large computational cost to maintain the sampling space and
contribution calculation, which may reduce the overall effi-
ciency.

The frontier-based approach was first introduced in [14].
The main step of this approach is frontier detection, which
is the boundary between the open and unknown space of
the robot map, and many researchers have developed a va-
riety of frontier detection methods [8], [14]-[18]. In [14],
a naive frontier detection approach was proposed to con-
duct frontier detection on the entire map, which was time-
consuming in large environment. To speed up the detection
process, wavefront frontier detector (WFD) and fast frontier
detector (FFD) were designed by Keidar and Kaminka [15].
This kind of method limits the detection area to the newly
observed space of the map, which significantly improves the
computation efficiency. Best et al. [18] designed different
frontier detection methods for the maps generated by vision
and range sensors respectively, which are also applied to a
multi-robot cooperative system to obtain good exploration
performance. Considering the real-time requirement of rescue
mission, Zhang et al. [8] designed a unique cost function
to select target point after frontier detection in their aerial-
ground system. This method can enable the UGV to reach
the goal quickly in the unknown environment, but it lacks
consideration of terrain risk information which is necessary in
off-road environments.

Inspired by [8], we develop a frontier-based exploration
approach on the UAV. A multi-factor cost function is designed
to incorporate terrain risk information into priority calculation
of the local frontiers, which can ensure that the UAV can
explore safe path for the UGV.

B. Air-Assisted Traversable Area Extraction

Nowadays, there are many researches related to traversable
area extraction from the aerial measurements. Some researches
mainly focused on directly extracting road from orthophoto
images, such as RoadTracer proposed by Bastani et al. [19]

and D-Linknet proposed by Zhou et al. [20]. However, these
approaches can not achieve good performance in off-road
environments because the road characteristics are often not
obvious on the complex terrain. Other researches attempted
to extract traversable regions by training neural networks
to deepen the understanding of terrain characteristics [21]-
[23]. Although these methods can be effective in off-road
environments, most of them have a strong dependence on
training data, and data labeling in off-road environments is
much more difficult.

There are also many researches focusing on extracting
traversable regions from 3D point clouds. In [26], the re-
searchers performed obstacle detection from 3D point cloud
maps generated by monocular camera reconstruction. This
approach is time consuming which is not suitable for real-time
tasks. Russell et al. [27] equipped a DJI M600 with a rotating
16-line LiDAR for establishing terrain point clouds and ex-
tracting traversable areas from an aerial view, but the overall
cost of the system is high. Moreover, some other researchers
used lightweight depth cameras to extract the traversable area
for unmanned vehicles in real time. For example, Fankhauser
et al. [24] used a monocular depth camera to construct a
3D map to plan a path for legged robots. Kulkarni et al. [6]
used a depth camera to construct and generate a plan graph.
Path planning can be performed based on mapping results in
these systems. However, due to the limited mapping range, the
efficiency of them is low when applied to large scale off-road
environment.

Our work is related to the 3D point cloud system. Specif-
ically, considering the rapid development of solid-state lidar
technology and its already good performance as in [25], we
design a fast risk mapping method using a downward solid-
state LIDAR on the UAV to perform real time terrain analysis
in a large-scale off-road environment.

III. PROBLEM FORMULATION
A. Problem Statement

Let Q € R? be the unknown off-road environment. Define
Pstarts Pona € R? as the start and end points of the exploration
task. Let M, My represent the local terrain analysis results
of the UGV and UAV. Denote p,,py € R? as the robots’
2D positions on xOy plane. Our problem can be defined as
follows.

Problem: In an unknown off-road environment (), given
Mgurrent, j\4§urrent7 pgurrent7 pgurrent’ the UAV actively find a
series of travel points vi {k =1,2,....,n} € R? to help the
UGV generate a safe trajectory Ty to move from pg, .. to
Ponq as fast as possible.

B. System Overview

Our work mainly focuses on utilizing the broad sensing
range and flexible traversability of the UAV to actively ex-
plore the unknown off-road environment and assist the UGV
to complete navigation tasks safely and quickly. The main
architecture of our system is shown in Fig. 1.
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Fig. 1. The main architecture of the proposed system.

For the UAV, the flight altitude is set to a fixed value. Terrain
point clouds are measured by a downward LiDAR and the
local grid map is built and updated in real time. Then, a terrain
analysis step is executed to get a top-view risk map from the
grid map. The candidate frontiers are extracted from the top-
view risk map. After that, the local travel point is scored and
selected by a multi-factor cost function. Once the travel point
is determined, a reference path is evaluated by a risk-based
geometric planner. Finally, the reference path is optimized and
sent to the UGV.

For the UGV, a LiDAR-based Simultaneous Localization
and Mapping (SLAM) algorithm is performed continuously to
measure terrain information around its body. The registered
point clouds are also be fed into a terrain analysis module.
Finally, a flexible path is evaluated by a local planner based
on the terrain analysis results and the optimized reference path.

For the overall system, the whole active exploration process
is executed every time the UAV reaches the current travel
point. The entire collaborative system is terminated when the
UGYV reaches the final target location.

IV. METHODOLOGY
A. Fast Terrain Risk Analysis

Considering that to obtain terrain risk information from sen-
sor measurements in real time is important for our exploration
system, a fast terrain risk mapping method is designed and
applied to the UAV and the UGV. In our system, we build
grid maps for terrain analysis where each grid cell stores
elevation information of the point cloud within its area. We
use a quadtree data structure for storage and risk analysis of
the maps. The leaf node of the quadtree is used to represent
the minimum cell in the map, and the area represented by the
quadtree is determined by the resolution of the leaf node and
the depth of the quadtree. Each quadtree is treated as a ‘block’,
and all the ‘blocks’ in the local map are stored through a hash

table, so that any ‘block’ can be quickly indexed and updated
by its hash key.

For the UAV, terrain measurements over a large area can be
obtained through its wide sensing range. However, due to the
long measurement distance, the obtained point clouds contain
more uncertainties. Therefore, larger radius and resolution
are set to obtain more comprehensive and large-scale terrain
information in the mapping process of the UAV. Let mgrent
represent the grid map of the UAV. To built the local risk
map M§M*", the step height hq; and slope sq; of the cell
cq,i € mﬁ“"ent are calculated as in [28]. Then, the risk value
rq, of cell cq; can be calculated by:

ha,i
hcrit
where hgic and sqpq; are thresholds that the UGV can endure.

Similarly, the local map is built on the UGV in the same
way, but the radius and resolution of the map are set to smaller
values to ensure that the UGV can quickly and accurately
characterize the terrain information around its body. In this
process, the roughness ug ; of each cell ¢, ; is also calculated
and the risk value 7 ; of the cell is calculated as:

Sd,i

Td,i = Wdh + wds (D

Scrit

Ug,i

he; Sei
g,i g:i

h + wWgs—— + Wg,u
crit Scrit

The weight parameters in (1) and (2) are sum up to 1
separately and are determined empirically according to the
traversability of the UGV.

2

Tegi = Wgh
g1 g,
Ucrit

B. Local Target Point Selection

Algorithm 1: Local Target Selection
Input: Previous and current aerial risk maps:
MPrevious preurrent  preyvious target point:vi_1
Output: Next target point: vy
1 0M «— Mdcurrent \ Mgrevious
2 for each block B; € M do
3 | G« SearchFrontierCells(B;)
4 end
5 Cv — G
6
7
8
9

FreY < ProcessFrontiers(C"e")
for each frontier f; € F"°" do

if IsReachable(f;, vi_1) then

er; +— CostCalculation(f;)

10 Fall « push_back(f;)
11 E < push_back(es;)
12 end

13 end

14 Select f; € F*!! with the smallest e¢, € E as vy

To meet the needs for long-term exploration task in complex
and large-scale unknown off-road environments, local travel
point selection from UAV’s risk map is the core of our system,
which can effectively reduce time cost and path risk of the
UGYV. Hence, a risk-inspired target point selection method
is proposed as in Algorithm 1. Firstly, inspired by [16], to
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improve the time efficiency, the search scope of the target
point is limited to the latest incremental area JM of the
map (Algorithm 1, lines 1) and éM is marked by the risk
mapping step at the interval between two decision steps.
Then, we perform a frontier search step on M to obtain the
frontier cells set C*V (Algorithm 1, lines 2-6). The function
SearchFrontierCells(-) is applied to each ‘block’ by using a
Breadth-First-Search (BFS) on the quadtree to find the frontier
cells. After that, using the function ProcessFrontiers(-), the
frontiers cells are clustered by Euclidean distance and the
results are filtered to obtained the current new frontiers set
Frew,

When the new frontiers set is obtained, we further check
whether the frontiers are reachable for the UGV through
function IsReachable(-) (Algorithm 1, lines 8), where the
reachable ones will be taken as candidates for travel point
selection. Considering that the purpose of our research is to
find a safe path for the UGV to fast reach the goal point
instead of exploring the entire unknown environment, we
design a multi-factor cost function to assess each candidate
f; in equation (3) (Algorithm 1, lines 7-13).

d; h; T
er. = A\g J + An ,] r J
’ ZJle d; Zjvil h; ZjV; Ty
where g, Ap, A, are tunable parameters and M is the total
number of the frontiers. d;, h; are move cost, global heuristic
cost for the UGV and are defined as follows:

+A 3)

dj _ Hf] _ pgurrentH2 (4)
hj = |[£; = Penall® (5)

r; is the risk cost calculated by the top-view risk map. To
ensure that the selected target point is safe enough for the
UGYV, we calculate a reference path for each candidate. A risk-
based geometric planner is executed and the risk values of the
local map are introduced into a A* algorithm to calculate the
reference path. The path cost g(¢) and local heuristic cost (i)
of each cell ¢; € M§™™™ are replaced as:

n—1 n—1

g(i) =Y ri+60>_ llex — crnl? 6)
1=0 1=0
h(i) = 6l|c; — vi™||? (7)

where ||y, — cx41||? is the Euclidean distance between two
cells. The shortest Euclidean distance to the travel target
point v}*** is used as the local heuristic cost and 6 is a
relative weight parameter between the distance penalty and
risk penalty, which is assigned a small value to ensure the
path is safe enough. It should be noted that the cell with risk
value greater than 0.5 is considered as an obstacle and is non-
traversable during geometric path planning.

Thus, the risk cost of each candidate can be calculated as:

1
i TN Z Tje 3)
J

where r;_ is each cell’s risk value of the reference path and
Nj is length of the path. With the cost of each candidate, the
frontier with the minimum cost is selected as the next local
target point V<" (Algorithm 1, lines 14).

C. Reference Path Optimization

The reference path generated in the previous step may
not be directly used for UGV to track. Firstly, due to the
long measuring distance of the UAV, uncertainties exist in
the local map it captures, resulting in parts of the reference
path deviating significantly from the optimal route. In addition,
the kinematics of the UGV has not been taken into account,
and there may be some turns with large curvatures in the
calculation of the reference path. Hence, in order to enhance
the efficiency and safety of the exploration process in unknown
off-road environments, the reference path is optimized in this
step.

First, Bezier curve is applied to smooth the reference path
to improve vehicle execution efficiency as follows:

n—1
B(t) = (nf1>1—t"—1—i-ti-Pi ©)
o= ("7 )a-n

where Py,P;...P, —1 are the control points extracted from the
original reference path. By using Bezier curve, we generate
path with good curvature properties and smooth changes to
adapt to vehicle kinematics and road conditions, so that the
body pose can remain safe and stable. Then, we discretize
the smoothed reference path to generate a series of control
points and the control points are used as the target point of
a local planner [29] on the UGV. The local planner combines
the target point and the UGV’s local terrain analysis results to
flexibly avoid risks.

V. SIMULATION EXPERIMENTS

To validate the performance of the proposed aerial active
exploration system, experiments in simulated environments
were conducted. Quantitative and qualitative results are both
presented for analysis.

A. Experiment Setup

The simulated experiments were conducted on a personal
computer with an Intel Core i7-10700KF CPU @ 3.80GHz, 32
GB RAM and Ubuntu Linux. Gazebo was applied to perform
the simulated off-road experiment, where the terrain model
was generated by using TerreSculptor! to process real remote
sensing Digital Elevation Model (DEM) data. The UAV model
was an open-source model called iris and was equppied with a
downward solid-state LiDAR called Livox-Mid360 for terrain
risk mapping. The UGV model was SCOUT MINI which
was produced by AGILE-X? and carried a 16-line LiDAR for
terrain mapping and analysis. The flight altitude of the UAV
was set to 8m. The map range and resolution of the UAV
were 30m and 0.4m, while those of the UGV were 10m and

Thttps://www.demenzunmedia.com/home/terresculptor/
Zhttps://www.agilex.ai/
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TABLE I
TRAJECTORY CHARACTERISTICS OF THREE SYSTEMS IN DIFFERENT TASKS. THE BEST RESULT IS HIGHLIGHTED IN BOLD.

Task 1 Task 2 Task 3
Characteristics
Single UGV~ w/orisk  UAV-UGV | Single UGV  w/orisk  UAV-UGV | Single UGV  w/orisk UAV-UGV
Length (m) 338.97 334.47 310.63 233.12 248.57 228.97 214.56 219.52 214.17
Efficiency Time (s) 238.71 348.41 196.60 176.61 177.55 132.35 124.74 132.24 125.98
Curvature (1/m) 2.15 2.23 0.77 4.29 3.14 1.60 1.72 2.11 1.96
Rollyqr (rad?) 0.65 0.42 0.45 0.45 6.16 0.31 0.27 0.31 0.18
Safety Pitchyqr 091 0.59 0.70 0.69 0.89 0.45 0.42 0.58 0.28
Total Risk 209.84 195.33 148.61 135.23 114.20 90.45 108.71 101.29 93.10
TABLE II can more comprehensively reflect the efficiency and safety of
PARAMETERS USED IN SIMULATION UGV"s driving path in the unknown off-road environment.
parametor | Value | Parameter | Value || Parameter | Value Table I.sum.maxizes the quantitative f:omparisons of the three
systems in different tasks. For efficiency performance, our
“dh 12 Ad 20 Ye.h 173 complete system achieves the best results on all efficiency
wd,s 172 An 1.0 We,s 1/3 parameters in Taskl and Task2, which demonstrate that our
0 0.1 Ar 4.0 Wg,u 1/3 system can search an effective reference path for the UGV

u
10m

(a) Sample Image of Models (b) Terrain Point Cloud Model

Fig. 2. Sample image and model of the simulated off-road environment. (a)
Sample image of the simulated off-road environment and robot models. (b)
The terrain point cloud model where the points are colored by height values.

0.1m. The other parameters used in the simulation experiments
are summarized in Table II. The off-road environment model
and sample images are shown in Fig. 2. We specifically
selected three pairs of start and end points as exploration
tasks for performance analysis. We compared the qualitative
and quantitative results of three exploration systems. One of
them is FAR planner [30], which is an excellent single-vehicle
autonomous exploration system at present and is abbreviated
as Single UGV. The other two are our system with and without
risk inspiration, which are abbreviated as UAV-UGV and UAV-
UGV-w/o-risk.

B. Quantitative Analysis

To evaluate the utility of the proposed risk-inspired active
exploration system, trajectory characteristics of the different
exploration systems in the three tasks are analyzed. The pa-
rameters are divided into two types: efficiency and safety. The
first type mainly represents the efficiency and consumption of
UGV’s autonomous driving, including path length, exploration
time and path curvature. The second type mainly considers the
driving behavior risk, which are the vehicle’s pose variances
and the total risk of the path. These two types of parameters

to quickly drive to the end point at low cost. In terms of
safety parameters, the total risk of the path obtained by our
system is the lowest in all three tasks, and the vehicle attitude
stability is also the strongest in Task 2 and Task 3. Moreover,
compared with Singe UGV, our approach reduces the overall
path risk by 26.8%. It can be seen that our risk-inspired active
exploration system can help the UGV avoid high-risk areas
in unknown off-road environments, reducing the danger of
UGV’s autonomous driving.

C. Qualitative Analysis

The qualitative exploration results of Single UGV and our
system in Taskl are shown in Fig. 3. As can be seen from
the figure, due to the limitation of the sensing range, the
Single UGV system produced multiple reentries and large
turns during the exploration process, which is shown in the
green box I. In contrast, the area marked by brown box II
show that with the assistance of the UAV, the UGV could
reduce unnecessary exploration and avoid getting stuck in a
dead end. Moreover, as can be seen from the green box III, the
UGYV passed through a narrow areas and the driving risk was
large. However, in our system, the UGV was guided by the
drone to drive on a flatter and safer path, effectively reducing
the probability of the UGV to roll over and get trapped.

Fig. 4 shows the exploration results in Task2. Similarly, it
can also be learned from the green box I and III that due to the
lack of sufficient terrain risk information, single UGV passed
through more bumpy terrain during exploration, increasing the
driving risk and reducing the exploration efficiency. On the
contrary, the proposed risk-inspired aerial active exploration
approach can help the UGV drive on flatter areas on the other
side, improving its navigation efficiency and reducing its travel
cost.

In addition, to generally demonstrate the exploration perfor-
mance, the path results of the three systems in different tasks
are shown in Fig. 5. As can be seen from the comparison
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Fig. 3. Qualitative results of Single UGV and UAV-UGYV in Taskl. Parts of
terrain risk information near the driving path are shown in the figure. The
areas marked by green boxes belong to Single UGV and those marked by
brown boxes belong to UAV-UGV.

Fig. 4. Qualitative results of Single UGV and UAV-UGYV in Task2. Parts of
terrain risk information near the driving path are shown in the figure. The
areas marked by green boxes belong to Single UGV and those marked by
brown boxes belong to UAV-UGV.

results, through terrain risk inspiration, our system can provide
smooth, efficient and safe reference path for the UGV in
unknown off-road environments.

VI. CONCLUSION

To enhance the autonomous driving of UGV in unknown
off-road environments, a risk-inspired aerial active exploration

UAV-UGV w/o risk UAV-UGV _~—UAV Path

K Start Point Y End Point  Single UGV

Task 3

Task 1 Task 2

Fig. 5. Qualitative path comparison of three different exploration tasks from
top-down view. The UAV path generated by UAV-UGYV is presented in cyan
lines. The other three colored path are the UGV’s path generated by different
methods.

system is proposed in this paper, which uses a downward solid-
state LiDAR on the UAV to extract large-scale terrain risk
information and provide reference path for the UGV. Terrain
risk information in off-road scenarios has been applied to the
exploration process to improve the safety of UGV autonomous
driving. The proposed framework was verified by experiments
in simulated off-road environments and several different ex-
ploration tasks were designed for test. The experiment results
demonstrate the effectiveness of the system. In future work,
we will further study multi-robot active exploration system
and enhance the collaboration ability between the UAV and
the UGV in unknown off-road environments.
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