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Abstract: This paper presents an efficient path planning method for the lunar rover to improve the
autonomy and exploration ability in the complex and unstructured lunar surface environment. Firstly,
the safe zone for the rover’s motion is defined, based on which a detecting point selection strategy
is proposed to choose target positions that meet the rover’s constraints. Secondly, an improved
sampling-based path planning method is proposed to get a safe path for the rover efficiently. Thirdly,
a map extension strategy for the unstructured and continually varying environment is included
to update the roadmap, which takes advantage of the historical planning information. Finally, the
proposed method is tested in a complex lunar surface environment. Numerical results show that
the appropriate detecting positions can be selected autonomously, while a safe path to the selected
detecting position can be obtained with high efficiency and quality compared with the Probabilistic
Roadmap (PRM) and A* search algorithm.

Keywords: lunar rover; selection of detecting point; path planning; map extension

1. Introduction

The Moon is rich in minerals and energy resources and has been one of the most
attractive destinations for space exploration [1]. As a specialized mobile robot on the
lunar surface, the lunar rover can adapt to the harsh environment, cross obstacles, and
bear large loads [2]. Therefore, it plays a prominent role in lunar exploration and has
been widely used in plenty of lunar missions. The former Soviet Union’s lunar probes
“Luna 11” and “Lunar 21” carried lunar rovers, which completed tasks including lunar
reconnaissance, topographic photography, and mineral composition analysis with various
scientific instruments [3]. The “Apollo 15” and “Apollo 16” of the United States carried
manned lunar rovers [4]. Recently, China launched two lunar rovers the “Yutu” and “Yutu-
2”, to detect the lunar surface [5]. In the near future, more missions including lunar rovers
have been proposed, for instance, the USA’s Artemis and China’s lunar program IV, for
more thorough exploitation and utilization of the lunar resources [6].

Generally, the lunar surface exploration is carried out based on the information of the
lunar environment after a safe landing. Common exploration tasks include a geological
survey of the lunar surface, soil sampling, rock mineral analysis, etc., and the process of
them is mainly divided into four steps:

• Perception of the lunar environment. It mostly relies on satellites and the vehicular
cameras to gather information about the lunar environment, from which a digital eleva-
tion model (DEM) is generated that includes details like rocks, craters, slopes, etc. [7].

• Selection of the detecting point. A suitable target detecting point is usually selected
based on the information of the lunar environment and the structure of the lunar rover.
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• Path planning. The path of the rover is planned in the safe area to ensure the arrival at
the detecting point, in which the key is the avoidance of obstacles.

• Execution of the detecting task. After the arrival of the target point, sampling and
other scientific missions are carried out by using the sampling manipulator and other
scientific instruments.

Normally, the first three steps are performed by the rover, while the fourth step is
executed by the manipulator, which is beyond the scope of this study. In recent years, the
perception technology of the surface environment has made great progress, and can be
conducted with high precision [8]. However, the selection of the detecting point and path
planning for the lunar rover still mainly rely on manual control from ground personnel,
which makes it inefficient to transmit large amounts of surrounding information and path
planning data between the lunar rover and the ground console. Moreover, due to the
time delay of transmission between the Moon and the Earth, the manual command of the
ongoing task may violate the feasibility in the unstructured lunar surface environment, and
even threaten the lunar rover’s security [9]. In recent years, plenty of research has been
carried out on these two abovementioned topics.

For the selection of the detecting point, to ensure it is appropriate and reachable,
the safe zone for the rover’s motion should be determined first. For this purpose, Li [10]
analyzed the safe zone by extracting the topographic slope of the lunar surface. Garrido [11]
solved the safe zone by calculating the maximum and minimum slope based on the tensorial
way at any point on the lunar surface. Zhou [12] generated the goodness raster map based
on the slope cost function to solve the safe zone. These studies analyzed the safe zone for
rover’s motion only based on slope, while small obstacles, which cannot be expressed by
the slope, are eliminated macroscopically. Moreover, the energy consumption of those small
obstacles is ignored for the selection of a detecting point within the obtained safe zone.
Kose [13] chose it according to the illumination requirements of the Raman spectrometer,
while Hewitt [14] selected it by analyzing the topographic features of each grid in the raster
map, such as point variance, average height, etc. The abovementioned studies consider the
equipment requirements or terrain features separately, which are not feasible for the actual
task because the real lunar environments are complex.

Once the detecting point is selected, a safe path from the current position to the
detecting point should be searched within the safe zone. Orger [15] planned the path of
lunar rovers based on the A* algorithm, without taking into consideration the physical size
of the lunar rover. The “Yutu” adopted the A* algorithm to find the optimal path in the
DEM of the lunar surface [16]. Wang [17] applied the A* algorithm for the path planning
and optimization of the lunar rover to improve the path quality. However, the efficiency of
the A* algorithm is limited in a large-scale environment, since additional manual correction
is required for practical engineering applications. Seo [18] realized the path planning of the
lunar rover from the actual landing position to the expected landing position based on the
D* algorithm, which is limited in practicability since the shape of the obstacles is assumed
to be ideal. Saito [19] proposed a new path planning method based on the physical size of
the lunar rover and the DEM of the real environment, but the efficiency is limited due to
its slow convergence speed. The limitations of the above methods make it difficult to be
applied in lunar rover exploration with limited computing resources.

Compared with the above methods, the PRM is more efficient and practical because
it converts the path planning in higher dimensional space into the topological space by
constructing a roadmap. However, PRM is weak in the quality of the paths in the dense
obstacle region, which is called the “narrow channel problem”. Amato [20] proposed the
Obstacle-Based PRM method to improve the sampling density in the narrow channels by
sampling near the obstacle. David [21] proposed a bridge test method by testing whether
the sample points are in the narrow channel, which improves the sampling density in
the narrow channel. The above methods can only solve the insufficiency of sampling
points in the narrow channel, yet the unreasonable distribution of sampling points remains
unimproved. Raouf [22] proposed the Sequential Linear Paths (SLP) approach that divided
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the working area into obstacle areas and open areas. In obstacle areas, a basic path planning
algorithm such as PRM is used, while in open areas, the path is planned as a line segment
to avoid wasting too many computing resources. However, the obstacle area cannot
enwrap the obstacle appropriately; in practice there are still some open areas within the
obstacle area.

In addition, the lunar environment always varies during the lunar rover exploration
due to the unstructured features, which cannot be represented in the original planning
information (such as the safe zone and roadmap, etc.). Repeatedly solving the safe zone
and constructing a roadmap for the varying environment would reduce the efficiency. To
solve this problem, Speyerer [23] developed a probe task planning tool called R-Traverse,
which realized the optimal energy consumption during task execution. Gao [9] proposed an
automated activity planning method based on intelligent planning technology. While the
above research improves the planning efficiency to some extent, the original planning infor-
mation is not utilized sufficiently for new exploration tasks. To solve the abovementioned
problems, this study will mainly focus on improving the autonomy and the efficiency of
the detecting point selection and path planning for the lunar rover, especially in the un-
structured and complex lunar environment. A detecting point autonomy selection strategy
is proposed taking into consideration various influencing factors, such as topographic
features, working requirements of detecting instruments, etc. Then, a sampling-based path
planning method combined with linear guidance is proposed to minimize the consumed
time. Finally, taking full advantage of the original planning information and eliminating
the redundant content from newly supplemented information, a map extension strategy is
designed to tackle the environmental changes.

This paper contains three main innovations:

• Construct the selection strategy for mission-oriented detecting points. The detecting
point of the rover is solved by weighing the effect of slope and obstacles synthetically,
and the requirements of detecting instruments are taken into consideration;

• Construct the sampling-based path planning method under linear guidance. Only
the local roadmap near the obstacle is constructed, and the linear guidance is applied
in the path planning; therefore, the efficiency and quality of path planning can be
greatly improved;

• Design the map extension strategy to meet the requirements of extending and updating
the roadmap brought by environmental uncertainty and multitasking.

The rest of this paper is organized as follows: Section 2 constructs the detecting point
selection strategy for lunar rover missions. Section 3 describes the sampling-based path
planning method under linear guidance, and the map extension method by using the local
characteristics of the path planning in detail. Section 4 carries out a simulation to verify the
correctness and effectiveness of the proposed strategy. Finally, conclusions are summarized.

2. Autonomous Selection of Detecting Points within the Safe Zone

High autonomy is essential for the exploration tasks like soil sampling, rock-mineral
analysis, etc., so that the rover is capable of selecting the mission-oriented detecting point
independently. In this paper, a strategy for selecting detecting points is proposed, which
includes three steps: Firstly, determine the lunar rover’s safe zone by considering the
safety requirements. Then, establish an optimal indicator according to the characteristics of
the detecting instruments, which is used to evaluate candidate detecting points. Lastly, a
suitable point is selected autonomously within the safe zone by an optimization algorithm.

To simplify the description, a general model of the lunar rover is designed by reference
to the structure of lunar rovers, the United States “Chariot”, and the Chinese “Yutu”. It is
3l meters long, 3l meters wide, 2l meters high, and M kilograms in weight (see Figure 1). In
addition, the key symbols and abbreviations involved in this chapter are listed in Table 1:
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Table 1. Key symbols and abbreviations in Section 2.

Symbol or Acronym Paraphrase

safe zone An area where the lunar rover can safely travel.

Sdat
The datum plane in generating the DEM which describes the real
topography of the lunar surface.

Rcur The current region where the rover is located.

Sfit
The reference plane which is fitted according to the digital elevation
in Rcur.

Sdet
The reference plane which is fitted according to the digital elevation
in the detecting region.

fcli
The slope-climbing cost function of the lunar rover, which is used to
evaluate the traversability of a grid.

fobs
The obstacle-crossing cost function of the lunar rover, which is used
to evaluate the energy consumption for crossing over obstacles.

FEI
Flatness Evaluation Index, which indicates the flatness of a region
around the detecting point. Generally, this region is smaller than
a grid.

2.1. Solution of the Safe Zone

When the rover travels on the lunar surface, the slope and obstacles (i.e., rocks and
soil pits) would cause more energy consumption or even rollovers. To ensure the rover’s
driving safety as well as avoid consuming excessive energy, we determine its safe zone by
integrating the slope-climbing cost and the obstacle-crossing cost.

2.1.1. The Slope-Climbing Cost Function

Generally, the DEM of the lunar surface is provided by the satellites and the camera
on the rover. It is represented by N elevation points containing 3D position information,
and can be expressed as a 3D array:

Pele_total = {Pele_i} = {xi, yi, zi}, i = 1, 2, . . . , N (1)

where Pele_i is the position vector of the i-th elevation point, N is the total number of
elevation points, and N relates to the modeling accuracy of the DEM.

We mesh the DEM into grids, where the size of each grid is l × l. Thus, according to
the rover’s physical structure (see Figure 2), the region Rcur is 3l × 3l.
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Figure 2. Schematic of the lunar rover’s current region Rcur.

Then we apply the least square method [24] to fit the plane Sfit, using all elevation
point Pele_3×3 =

{
xj, yj, zj

}
, j= 1, 2, . . . , Ncur in region Rcur (where Ncur is the total number

of elevation points in Rcur). That is to minimize F in the following plane equation:

F = ∑
(

Axj + Byj + C− zj
)2 (2)

where, A, B, C are undetermined coefficients which can be obtained by solving Equation (3).
∂F
∂A = 0
∂F
∂B = 0
∂F
∂C = 0

so,


A∑ x2

j + B∑ yjxj + C∑ xj = ∑ zjxj

A∑ xjyj + B∑ y2
j + C∑ yj = ∑ zjyj
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(3)

The spatial position of Sfit related to the datum plane Sdat is shown in Figure 3.
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Figure 3. (a) Schematic of the elevation points relative to Sfit. (b) Schematic of the relative position of
Sfit with respect to Sdat.

In Figure 3, θ ∈ [0◦, 90◦] is the included angle between Sfit and Sdat; Pe and PeS have the
coordinates (xe, ye, ze) and (xeS , yeS , zeS), respectively; lz is the height difference between Pe
and PeS ; lpro is the distance between Pe and PeS projected to Sdat; lz and lpro can be expressed
as follows: {

lz = |ze − zeS |
lpro =

[
(xe − xeS)

2 + (ye − yeS)
2
]1/2 (4)

Thus, the angle θ measuring the slope of grid e can be obtained by:

θ = arctan(
lz

lpro
) (5)

The structure of the lunar rover determines that it is difficult to grip the lunar surface
well. When the slope angle θ of the grid e is too large, the rover may overturn. Therefore,
the range of θ should be constrained to guarantee the rover’s safety, which is set as [0, θmax].
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Since the energy consumption can affect the sustainable operation (i.e., service life)
of the lunar rover, we use it to evaluate the traversability of a grid. According to the
requirement of sustainable operation, the slope-climbing cost function of the lunar rover is
defined as

fcli =

{
Mglunlsinθ = Mglunlz (0 ≤ θ ≤ θmax)

+∞ (θ > θmax)
(6)

where glun is the gravitational acceleration on the lunar surface. Using Equation (6), the
energy consumption for overcoming gravity can be evaluated when the rover passes a grid.

2.1.2. Obstacle-Crossing Cost Function

In the process of fitting plane Sfit macroscopically, some small obstacles are eliminated,
such as small rocks, small soil pits, etc. The energy cost to cross them cannot be ignored in
real missions, but is not included in fdi. Therefore, an obstacle-crossing cost function needs
to be considered in the mission analysis.

In this section, we construct the obstacle-crossing cost function based on the energy
consumption to cross the maximum obstacle, which is characterized by the extreme height
of each elevation point relative to Sfit in the grid e.

The distance lele_j of any elevation point Pele_3×3_j = (xj, yj, zj) in Pele_3×3 moving
along the normal direction to the plane Sfit can be obtained by

lele_j =
(Axj + Byj − zj + C)
√

A2 + B2 + 1
(7)

By combining the distances lele_j, j = 1, 2, . . . , Ncur corresponding to all elevation
points, a set lele is obtained. The maximum height lobs of the obstacles in the plane can be
given by

lobs = max{lele} −min{lele} ≥ 0 (8)

where max{lele} and min{lele} are the maximal and the minimal in set lele, respectively.
The highest obstacle that can be crossed is defined as lmax, which is related to the

rover’s structure. If the obstacle’s height lobs is greater than the maximum surmountable
obstacle height lmax, the lunar rover cannot pass through grid e. A safe pass can only occur
when lobs ≤ lmax. The obstacle-crossing cost function of the lunar rover can be expressed as:

fobs =

{
Mglunlobs (lobs ≤ lmax)

+∞ (lobs > lmax)
(9)

2.1.3. Solution of the Safe Zone

Based on the slope-climbing cost function and the obstacle-crossing cost function, an
evaluation function fgri can be constructed, which represents the cost of crossing a grid,
given by

fgri =

{
fcli + fobs (θmin ≤ θ ≤ θmax and lobs ≤ lmax)

+∞ (else)
(10)

According to Equation (10), whether a specific grid is passable by the rover can be
determined. For example, the black grids in Figure 4a are not passable, where the value
fgri is calculated as +∞. On the contrary, white grids are passable where fgri is not infinite
values. However, some white grids only determined by Equation (10) are still unreachable
for the rover because they are obstructed by their surrounding black grids. We call them
unreachable areas—grey regions in Figure 4b.
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To obtain the safe zone, we introduce the seed-filling method to exclude the unreach-
able area from all the white grids calculated by Equation (10). Specifically, the location of
the lunar rover is chosen as the seed; then, we apply the breadth-first search algorithm [25],
one of the common methods to find the largest connected domain, to search the grids
adjacent to the seed. Grids with the same property are merged into one set, and the safe
zone can be determined. Note that, due to the structural constraints of the lunar rover,
the passing cost of the outermost region (see Figure 4b) cannot be calculated since it is not
considered a safe zone.

At this point, the autonomous solution of the safe zone has been obtained.

2.2. The Selection Strategy of the Detecting Point

In this section, we propose an automatic strategy to select the mission-oriented de-
tecting point for the rover. In general, a flat detecting region is beneficial to the detecting
instruments. Therefore, we introduce the FEI to evaluate the flatness of a detecting region,
and then we use the particle swarm optimization (PSO) algorithm to search for a flat region
as the candidate detecting point.

2.2.1. The FEI

For missions like lunar soil sampling and rock mineral analysis, the X-ray mass
spectrometer is the main equipment, and two necessary conditions should be met for the
normal operation [26]:

• Detecting orientation. When the X-ray mass spectrometer analyzes soil on the Moon
surface, it needs to receive the reflected light of the X-ray emitted by itself. Therefore,
its axis should coincide with the normal to the fitted plane corresponding to the
detecting point.

• Detecting distance. The distance between the mirror surface of the X-ray mass spec-
trometer and the detecting point should be smaller than the maximum exploration
range. However, some features of the detecting region, such as convex and concave,
may lead to volatility in distance. To meet the distance requirement, the detecting
point should have high flatness.

The required detecting orientation can be achieved by adjusting the pose of the vehicle-
mounted end effector, on which the X-ray mass spectrometer is installed. Therefore, this
paper merely focuses on the detecting distance requirement.

The flatness of a region can be measured based on the DEM because it includes detailed
topographic information. The standard deviation is a measure of the fluctuation in height
of elevation points, and that of a flat region is usually small. Thus, the standard deviation
is taken as the FEI to estimate the flatness.

Assume that point Parb(x, y, z) is one of the candidate detecting points, then the
detecting region is the circular region with a radius r at Parb, where r is determined by the
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mirror radius of the X-ray mass spectrometer. This region contains Narb elevation points,
which make up the set Pele_Xray = {xk, yk, zk}, (k = 1, 2, . . . , Narb) (see Figure 5).

Aerospace 2022, 9, x FOR PEER REVIEW  8  of  29 
 

 

instruments. Therefore, we  introduce  the FEI to evaluate the flatness of a detecting re‐

gion, and then we use the particle swarm optimization (PSO) algorithm to search for a 

flat region as the candidate detecting point. 

2.2.1. The FEI 

For missions  like  lunar  soil  sampling  and  rock mineral  analysis,  the X‐ray mass 

spectrometer is the main equipment, and two necessary conditions should be met for the 

normal operation [26]: 

 Detecting orientation. When the X‐ray mass spectrometer analyzes soil on the Moon 

surface,  it needs to receive the reflected  light of the X‐ray emitted by  itself. There‐

fore, its axis should coincide with the normal to the fitted plane corresponding to the 

detecting point. 

 Detecting distance. The distance between the mirror surface of the X‐ray mass spec‐

trometer and the detecting point should be smaller than the maximum exploration 

range. However, some features of the detecting region, such as convex and concave, 

may lead to volatility in distance. To meet the distance requirement, the detecting 

point should have high flatness. 

The required detecting orientation can be achieved by adjusting the pose of the ve‐

hicle‐mounted end effector, on which the X‐ray mass spectrometer is installed. Therefore, 

this paper merely focuses on the detecting distance requirement. 

The flatness of a region can be measured based on the DEM because it includes de‐

tailed topographic information. The standard deviation is a measure of the fluctuation in 

height of elevation points, and that of a flat region is usually small. Thus, the standard 

deviation is taken as the FEI to estimate the flatness. 

Assume that point  arbP (x,y,z)   is one of the candidate detecting points, then the de‐

tecting region is the circular region with a radius  r   at  arbP , where  r   is determined by 

the mirror radius of  the X‐ray mass spectrometer. This region contains  arbN   elevation 

points, which make up the set      1,2,...,ele_Xray arb=P ，k k kx ,y ,z k N   (see Figure 5). 

 

Figure 5. The planform of the elevation points near point  arbP   in a grid. 

The  arbN   elevation points are used  to  fit  the plane  detS   as  stated  in Section 2.1.1, 

and  the  distance  kl   from  the  points    1,2,...,ele_Xray_k arb,k k kP (x ,y ,z ) k N   in  the  set 

ele_XrayP   to  detS   is calculated by Equation (7). The FEI     is defined by the standard de‐
viation of    1,2,..., arbkl k N  

2

1

1  
arb

arb

N

k k
k=

(l ‐ l )
N  

(11)

where,  kl   is the mean of all the distances    1,2,..., arbkl k N . 

   

Figure 5. The planform of the elevation points near point Parb in a grid.

The Narb elevation points are used to fit the plane Sdet as stated in Section 2.1.1, and
the distance lk from the points Pele_Xray_k(xk, yk, zk), (k = 1, 2, . . . , Narb) in the set Pele_Xray
to Sdet is calculated by Equation (7). The FEI σ is defined by the standard deviation of
lk (k = 1, 2, . . . , Narb)

σ =

√√√√ 1
Narb

Narb

∑
k=1

(lk − lk)
2

(11)

where, lk is the mean of all the distances lk (k = 1, 2, . . . , Narb).

2.2.2. Selection of the Detecting Point

A suitable detecting point should be selected in the region which meets the condition
of detecting distance in the safe zone. For a large scale of the lunar environment, in which
the safe zone is usually in several thousand square meters, it requires a heavy lift in time and
resources for manual work. To overcome those shortcomings, the PSO is applied to select
the detecting point autonomously in this paper, which stands out with fast convergence
and high precision [27].

Randomly select Npar elevation points in the safe zone, denoted as Pele_par = {xn, yn, zn},(
n = 1, 2, . . . , Npar

)
. Npar can be determined according to the size of the safe zone. The

first two dimensions Pn = (xn, yn),
(
n = 1, 2, . . . , Npar

)
of the set Pele_par are extracted

to initialize the particle swarm. The fitness function f (Pn) of the particle is constructed
according to the FEI which is shown as Equation (12):

f (Pn) =
1

k·σ(Pele_par) + 1
(12)

where the value range of f (Pn) is (0, 1]; k is an amplification factor. The high value of f (Pn)
means that the area where the elevation points of particles are located is relatively flat.

According to the requirements of the flatness of the detecting point, the fitness thresh-
old of the particle Gbest can be set, and the fitness of the final optimum particle needs to be
greater than or equal to Gbest. The upper limit of the iteration Kmax is set according to the
requirement of calculation efficiency.

So far, the best mission-oriented detecting point can be selected. The entire process of
the detecting point selection strategy is shown in Figure 6.
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3. The Sampling-Based Path Planning Method under Linear Guidance (The Integrated
Sampling-Based and Linear-Guided Path Planning Method)

Sampling-based global path planning algorithms such as PRM and visibility graph
method are efficient in path planning in a static working environment [28]. These algorithms
firstly construct roadmaps, then search the path quickly with the roadmaps to obtain
feasible paths. However, many sampling points and connecting paths fall in open areas
far from obstacles. These points have no obvious effect on improving the connectivity of
the roadmap.

In this section, a sampling-based path planning under the linear guidance method is
proposed, taking advantage of the higher efficiency of the linear path planning in open
areas. It includes three steps: First, divide the safe zone into open areas and dense obstacle
areas, and the dense obstacle areas are sampled to construct local roadmaps. Second,
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the initial path is constructed based on the linear path planning, which is then modified
and simplified to avoid colliding with obstacles according to the sampled local roadmaps.
Finally, the original map and several supplemented maps for new tasks are combined by
the map extension strategy, which fully utilizes the local roadmap to improve the efficiency
of roadmap reconstruction.

3.1. Sampling in Areas with Dense Obstacles
3.1.1. Division of the Safe Zone

To divide the safe zone clearly, the area within ε (ε is determined by the grid size)
around the obstacle is defined as the dense obstacle area. The detailed division process of
the open area and the dense obstacle area is introduced as follows:

In a workplace Cwork containing obstacles, the center of grid (i, j) is denoted as
A
(

xi,j, yi,j
)
. Take A as the center (see Figure 7) and search for the nearest obstacle grid

as follows:
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Figure 7. Schematic of the searching order of grids within one layer.

1. First, search all grids in the n-th (n = 1, 2, 3, . . . N) layer that encloses A. The maxi-
mum number of the layer N = dε/le (d·e indicates an upward rounding).

2. During the search of grids in each layer, the four grids in the horizontal and vertical
directions are searched preferentially, and are shown as a1, a2, a3, a4 in Figure 7. If
neither of the searched grids is the obstacle grid, the upward and downward adjacent
grids of a1 and a3 are searched, respectively. Similarly, the left and right adjacent grids
of a2 and a4 are searched, respectively.

The first obstacle grid detected is the nearest obstacle grid, for example, the dark red
grid centred at point B in Figure 7. The distance d(A, B) can be calculated between the
nearest obstacle grid’s center B(xobs, yobs) and A

(
xi,j, yi,j

)
:

d(A, B) =
√(

xi,j − xobs
)2

+
(
yi,j − yobs

)2 (13)

If no obstacle grid is detected by the end of the search, the grid does not belong to the
dense obstacle area, and then d(A, B) is set as ∞.

According to the value of d(A, B), the dense obstacle area and the open area can be
expressed as a set, given by

Ddense = {A|d(A, B) ≤ ε} (14)

Dopen = {A|d(A, B) = ∞} (15)

3.1.2. Sampling Points in the Areas with Dense Obstacles

The number and distribution of the sampling points directly affect the efficiency of path
planning and the connectivity of the roadmap. A large number and a worse distribution
can increase not only the complexity of the search problem, but also the computation time.
However, fewer sampling points, although costing less computational time, might fail
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concerning a feasible path. If each sampling point includes rich information of obstacles,
the total number of sampling points can be reduced. In this paper, the shape points and the
distance points are used to characterize the contour features of the obstacles.

For the obstacles with the same size, the complexity of the shape determines the
number of shape points. Prominent parts of the obstacle depict the effective contour of
the obstacle and contain rich connectivity information. As shown in Figure 8a, parts
surrounded by dashed lines can improve the connectivity of the roadmap. Considering
the geometric feature, we sample points in the prominent part of obstacles, which can be
represented by partial grids (see the orange grids in Figure 8b).
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According to Section 3.1.1, a grid t ∈ Ddense in the dense obstacle area can be ensured,
whose center locates on the diagonal of the nearest obstacle grid B. The distance between
the center of t and that of B satisfies the following relationship

d(t, B) =
√

2Nl, N = dε/le (16)

The center of the grid t is chosen as the shape point because it can represent the bulged
part of the obstacle to some extent. The above process corresponds to the line 03~08 in
Algorithm 1. We define the set of shape points as follows:

T1 =
{

t
∣∣∣d(t, B) =

√
2Nl, t ∈ Ddense

}
(17)

The number and distribution of shape points are the same for obstacles with similar
shapes but different areas. As the area increases, the distance between shape points
increases, and the connected paths in the roadmap are lengthened, as shown in Figure 9a.
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However, in the long narrow channels, the shape points do not enhance the connec-
tivity of the roadmap significantly. To solve this problem, distance points are introduced
in the paper; see the red points in Figure 9b. The set composed of the distance points t2 is
denoted as T2, on which the following constraints are imposed:

• t2 ∈ {Ddense\T1};
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• d(t2, t1) > ε for ∀t1 ∈ T1;
• d(t2, t′2) > ε for ∀t′2 ∈ T2 and t2 6= t′2.

To meet the above three conditions simultaneously, the distance points are selected by
traversing all the elements in T1 as follows (the lines 09~15 in Algorithm 1):

(1) Determine the annular area with radius ε ∼ 2ε and center tx ∈ T1 (see Figure 10).
(2) Search the center of grid zi /∈ T1 ∪ T2 in the overlap between the annular area and the

dense obstacle area. If no center point is detected within the overlap, turn to (1).
(3) Calculate the Euclidean distance d(tx, zi) between zi and tx. Notice that zi may not be

unique, in which corresponding to the minimum distance min d(tx, zi) is taken as a
distance point ty as follows

ty = argmin{ε ≤ d(tx, zi) ≤ 2ε} (18)

Then, put the point ty into the set T2.
(4) Take ty as the center of the annular area with radius ε ∼ 2ε; turn to (2).

Aerospace 2022, 9, x FOR PEER REVIEW  13  of  29 
 

 

However,  in  the  long narrow channels,  the shape points do not enhance  the con‐

nectivity of the roadmap significantly. To solve this problem, distance points are intro‐

duced  in  the paper; see  the  red points  in Figure 9b. The  set composed of  the distance 

points  2t   is denoted as  2T , on which the following constraints are imposed: 

  2 1\ denset D T ; 

  2 1 d t ,t   for  1 1 t T ; 

  2 2  d t ,t   for  2 2 t T   and  2 2t t  . 

To meet the above three conditions simultaneously, the distance points are selected 

by traversing all the elements in  1T as follows (the lines 09~15 in Algorithm 1): 

(1) Determine the annular area with radius  ~ 2    and center  1xt T
  (see Figure 10). 

(2) Search the center of grid  1 2iz T T    in the overlap between the annular area and 

the dense obstacle area. If no center point is detected within the overlap, turn to (1). 

(3) Calculate  the  Euclidean  distance 
 x id t ,z

  between  iz   and  xt .  Notice  that  iz  

may not be unique, in which corresponding to the minimum distance 
 min  x id t ,z

 

is taken as a distance point  yt   as follows 

  2   argminy x it d t ,z
 

(18)

Then, put the point  yt   into the set  2T . 

(4) Take  yt   as the center of the annular area with radius  ~ 2  ; turn to (2). 

xt yt

1yt 

2

 

Figure 10. Schematic of sampling of the distance points. 

Algorithm 1: Sampling Points 

01 
Require:  Initialize  denseD ,   1 0, 0t  ,   2 0, 0t  ,  l   is  the  side  length of grid,    
is the threshold of the area with dense obstacles. 

02  if  denseD    do 

03  for each the center of the grid  denseA D  

04          find out the nearest obstacle  B   grid to  A  

05          if  ( , ) 2 , /  d A B Nl N l      

06                  1T A  

07  end 

08  end 

09  for each  1 1t T  

Figure 10. Schematic of sampling of the distance points.

Algorithm 1: Sampling Points

01
Require: Initialize Ddense, t1 = (0, 0), t2 = (0, 0), l is the side length of grid, ε is the
threshold of the area with dense obstacles.

02 if Ddense 6= φ do
03 for each the center of the grid A ∈ Ddense
04 find out the nearest obstacle B grid to A
05 if d(A, B) =

√
2Nl, N = dε/le

06 T1 ← A
07 end
08 end
09 for each t1 ∈ T1
10 for each t2 ∈ Ddense\T1 ∩ Ddense\T2
11 if ε < d(t1, t2) < 2ε do
12 T2 ← t2
13 end
14 end
15 end
16 end

Based on the obtained sampling points, the local roadmap can be constructed. All
the sampling points in a circle with centre ti and radius r (r can be determined according
to the connecting requirements of the roadmap for path planning) are connected to the
point ti(ti ⊂ T1 ∪ T2) to get Nr edges. The edges which do not collide with obstacles are
stored to the set E. The roadmap G is made up of the set of sampling points T1 ∪ T2 and the
set of collision-free edges E. By constructing a roadmap, the path planning in continuous
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space can be solved in the topological space; thus, the search complexity of path planning
is reduced.

3.2. Path Planning under Linear Guidance

There is no connecting path in the open area since all the sampling points are located
in the dense obstacle area, and the connecting paths of the roadmap are distributed around
the obstacle. This section adopts a linear path in the open area as the path guidance.

3.2.1. Planning the Linear Path

Considering the generality, we assume that there are some arbitrary obstacles in the
map and specify the rover’s current location and detecting point. It starts by establishing a
linear path between the two points:

y =
ycurrent − ydetecting

xcurrent − xdetecting
(x− xcurrent) + ycurrent (19)

where, (xcurrent, ycurrent) is the coordinates of the current location and
(

xdetecting, ydetecting

)
is the coordinates of the detecting point.

If no obstacle intersects with the linear path, this linear path is the final path, as A1B1 in
Figure 11. Otherwise, it is necessary to find out the feasible paths that can bypass obstacles.
The intersecting points with the edge of obstacles are denoted as (a1, b1, a2, b2, . . . , an, bn)
(see Figure 11).
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Figure 11. Schematic of a linear path. Figure 11. Schematic of a linear path.

3.2.2. Searching for Local Feasible Paths in the Roadmap of Dense Obstacle Areas

If the linear path intersects with obstacles, the A* heuristic search algorithm is adopted
to search the local feasible path in the roadmap G constructed in Section 3.1. The local
feasible path can help to bypass the obstacle. The sampling points nearest to a1 and b1
are used as the starting and the ending point to search the path. The maximum distance
between each sampling point and the obstacle is strictly required to be ε in Section 3.1; there
must be one or two sampling points t that meet d(t, a1) < 2ε. Therefore, the search range
for the nearest sampling point of a1, which is denoted as Ca_i, is the circle with center a1
and radius 2ε. The nearest sampling point searched as a′1 is recorded, and so is b′1. The local
feasible path is a′1− > x1− > x2− > b′1 (see Figure 12), and this process corresponds to
line 07~22 in Algorithm 2.
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3.2.3. Solution of the Best Feasible Path

An obstacle-free path can be obtained by modifying the linear path with local feasible
paths. However, it is rather tortuous. In the paper, a forward trial method is used to
enhance the obstacle-free path by linearizing it.

Take A2B2 for example to explain this method.
Step1: Take A2 as the starting point; connect with the next node a′1. Try to connect A2

with x1; if A2x1 does not intersect with any obstacle, a′1 is discarded, and so on. Get the first
furthest point x1 and the first valid shortcut A2x1.

Step2: Take x1 as the new starting point; then repeat Step 1. Get the second furthest
key point a′2 and the second valid shortcut x1a′2.

Step3: Take a′2 as the new starting point; then repeat Step 1. Get the third valid shortcut
a′2B2.

So far, the final feasible path A2− > x2− > a′2− > B2 has fewer turn points and is the
best possible shortcut obtained (see Figure 13), and this process corresponds to line 24~34
in Algorithm 2.
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3.3. Map Extension

With the deeper exploration of the lunar rover, the explorable area continues to expand.
The detection of a new area or the change of a local area can render the existing roadmap
unusable, so that the roadmap needs to be updated. Reconstructing a large-scale and
complete roadmap of the lunar environment would take a long time, which would lead to
a sharp decrease in planning efficiency. To improve the efficiency, map extension is carried
out combined with the roadmap’s local feature.
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Algorithm 2: Path Planning Strategy under Linear Guidance

01
Require: Specify the current location of the rover (xcurrent, ycurrent) and the detecting

point
(

xdetecting, ydetecting

)
.

02
Initialize the roadmap G, the obstacle areas O, the area with dense obstacles S, the
set of the key points T.

03 Initialize the finite set of the points of local path P = [] and the set final_path = [].

04 Plan a linear path from (xcurrent, ycurrent) to
(

xdetecting, ydetecting

)
.

05 Find intersection points of the straight line and the O:
06 Pits = (a1, b1, a2, b2, . . . , an, bn)
07 if Pits is not NULL do
08 for i = 1 to n
09 Take all elements of T in the search range Ca_i as the set Ta_i.
10 for each element ti of Ta_i
11 Calculate the distance d(ti, ai) between ti and ai.
12 end
13 if ti correspond to the minimum of d(ti, ai)
14 a′i = tj
15 end

16
Take all elements of T in the search range Cb_i as the set Tb_i, and
the same process as Ta_i.

17 Search the path pi from a′i to b′i in G by using A* algorithm.
18 for each node (xnode, ynode) of the pi
19 P← (xnode, ynode)
20 end
21 end
22 end
23 final_path← (xcurrent, ycurrent)
24 for j = 2 to length [P]
25 for i = j length [P]
26 xj = P[j]
27 xi = P[i]
28 if the straight path xjxi intersects with obstacle do
29 final_path← xi−1
30 j = i− 1
31 end
32 end
33 end
34 final_path←

(
xdetecting, ydetecting

)
3.3.1. Data Processing of Map Extension

The following process needs to be done to execute the map extension:

• Map preprocessing. The whole map Z is the same as the initial map at the beginning.
• Roadmap construction. According to Equation (10), the initial safe zone for motion is

determined. The set of sampling points T0 is got and the roadmap G0 is constructed
by Section 3.1.

• Set collections Tset and Gset, the sampling points set T and the roadmap G of the initial
map or the individual map, respectively.

The part that needs to be updated is treated as an individual map, and the safe zone
Snew, the sampling points set Tnew, and the roadmap Gnew of it are obtained according
to Sections 2.1 and 3.1. According to the relative position R between the individual map
coordinate origin and the whole map origin, the coordinates of each point are updated. For
example, if the position of the key point in the individual map is RT , then its position R′T in
the whole map can be updated as follows:

R′T = R + RT (20)
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Store the updated sampling points set Tnew, the roadmap Gnew in Tset and Gset, re-
spectively.

The process of path planning for the extended map is the same as that for the ini-
tial map:

1. Plan the initial path with a linear line in the whole map.
2. Once the initial path intersects with the obstacles, search for a local feasible path using

the A* algorithm in the roadmap to bypass the obstacle. Note that, if the obstacle
locates in the individual map, the local feasible path will be searched in the roadmap
corresponding to the individual map.

3. Use the forward trial method to get the final feasible path.

For example, the initial path is planned from point A to point B as shown in Figure 14,
and it intersects with two obstacles. One is in the individual map and the other is in the
initial map. The local feasible paths are searched in the roadmap, respectively, as red lines,
and the final feasible path is obtained as blue lines.

Aerospace 2022, 9, x FOR PEER REVIEW  18  of  29 
 

 

is in the initial map. The local feasible paths are searched in the roadmap, respectively, as 

red lines, and the final feasible path is obtained as blue lines. 

 

Figure 14. Schematic of the map extension. 

Assuming  that  there  are  m  maps  of  size  n n  without  overlapping  each  other, 

and they can form a whole map of size   m n n . The time complexity is   2( ) logO P P
 

by using  the A* algorithm  to  search a  local path  in  the  roadmap of  size  P , which  is 

constructed from the whole map directly. Taking one of the maps as an initial map and 

the rest of them as individual maps, the time complexity is 

2( ) log
P P

O m
m m

 
 
   with the 

map extension. As the search scope is narrowed with map extension to some extent, the 

map extension strategy can  improve  the planning efficiency  further by  integrating  the 

individual map with the initial map. 

3.3.2. Path Planning with Map Extension 

The process of path planning with map extension is shown in Figure 15: 

Step 1: Input the initial map and the initial location  startV   of the lunar rover. 

Step  2:  Determine  the  safe  zone 
S
safe   based  on  the  slope‐climbing  cost  function 

Equation (6) and obstacle‐crossing cost function Equation (9). 

Step 3: Sample the sampling points  T   and construct the roadmap  G   according to 

the strategy proposed in Section 3.1. 

Step 4:  If  S
safe

,  T ,  G   are extracted  from  the  initial map,  S
safe

will be used  to  ini‐

tialize the safe zone  S
whole
  of the whole map, and two collections  setT   and  setG   are con‐

structed  to  store  T   and  G . Otherwise,  S
safe

,  T ,  G  will  be  appended  to  S
whole

,  setT , 

setG   after being updated according to the relative position  R   of the individual map in 

the whole map. 

Step5: Determine whether to add a new individual map. If required, input the new 

individual map and the relative position  R   in the whole map, then turn to step 2. Oth‐

erwise, turn to step 6. 

Step 6: Select the detecting point  goalV   in the safe zone 
S
whole   of the whole map based 

on the strategy of the selection of detecting point proposed in Section 2.2. 

Step  7:  Obtain  the  final  feasible  path  using  the  sampling‐based  path  planning 

method under linear guidance. 

Step 8: Output the path planning result, and wait for the command of the next ex‐

ploration mission. If the command is received, turn to Step 5. 

Based on  the above process, a path planning method with map  extension  can be 

executed. 

Figure 14. Schematic of the map extension.

Assuming that there are m maps of size n× n without overlapping each other, and
they can form a whole map of size m× n× n. The time complexity is O

(
(P)2 log P

)
by

using the A* algorithm to search a local path in the roadmap of size P, which is constructed
from the whole map directly. Taking one of the maps as an initial map and the rest of
them as individual maps, the time complexity is O

(
m( P

m )
2

log P
m

)
with the map extension.

As the search scope is narrowed with map extension to some extent, the map extension
strategy can improve the planning efficiency further by integrating the individual map
with the initial map.

3.3.2. Path Planning with Map Extension

The process of path planning with map extension is shown in Figure 15:
Step 1: Input the initial map and the initial location Vstart of the lunar rover.
Step 2: Determine the safe zone Ssa f e based on the slope-climbing cost function

Equation (6) and obstacle-crossing cost function Equation (9).
Step 3: Sample the sampling points T and construct the roadmap G according to the

strategy proposed in Section 3.1.
Step 4: If Ssa f e, T, G are extracted from the initial map, Ssa f e will be used to initialize

the safe zone Swhole of the whole map, and two collections Tset and Gset are constructed
to store T and G. Otherwise, Ssa f e, T, G will be appended to Swhole, Tset, Gset after being
updated according to the relative position R of the individual map in the whole map.

Step5: Determine whether to add a new individual map. If required, input the new
individual map and the relative position R in the whole map, then turn to step 2. Otherwise,
turn to step 6.
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Step 6: Select the detecting point Vgoal in the safe zone Swhole of the whole map based
on the strategy of the selection of detecting point proposed in Section 2.2.

Step 7: Obtain the final feasible path using the sampling-based path planning method
under linear guidance.

Step 8: Output the path planning result, and wait for the command of the next
exploration mission. If the command is received, turn to Step 5.

Based on the above process, a path planning method with map extension can be executed.
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Figure 15. The flow of path planning with map extension.

4. Simulation

Simulations were executed based on the DEM of the lunar surface environment with
16 m length and 14.5 m width (see Figure 16). This DEM totally contains 687,969 elevation
points to describe detailed features of the lunar environment.
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4.1. Verification of Detecting Point Selection Strategy

The DEM was rasterized to select the detecting points firstly. The length and width of
the lunar rover were set as 3l = 1.5 m. The lunar surface environment was rasterized to
928 grids with 0.5 m interval, 29 rows, and 32 columns (see Figure 7). Thus, the vertical
projection of the rover on the ground was equivalent to nine grids, where the length of each
grid l = 0.5 m.

4.1.1. Autonomous Solution for the Safe Zone

The total cost for each grid was calculated according to Equation (10) to get passable
grids, as the white grids in Figure 17a. By searching these white grids based on the
breadth-first searching, the safe zone was obtained, as the white grids in Figure 17b.
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Note that, since the grids near the edge of the map cannot be evaluated by Equation (10),
they did not participate in the evaluation.

4.1.2. Autonomous Selection for the Detecting Points

Based on Equation (11), the flatness of the whole area was solved by traversing each
point in the safe zone, which lasted 2141.521 s, on the 64-bit Windows 7 operating system
with Intel(R) Core (TM) i5-3470 CPU at 3.20 GHz and RAM of 8 GB. The gray image for
the flatness of the safe zone is shown in Figure 18, in which the regions with light color are
relatively flatter regions.
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Twenty elevation points were randomly selected in the safe zone, and their x and
y coordinate values were encoded to get the initial particle swarm. According to task
requirements, the particle fitness threshold was set as Gbest = 0.95 and the speed variation
range was set as [−2, 2] ms−1. Based on the PSO, the detecting point was selected after
nine iterations (the maximal number of iterations was set as Kmax = 50), which lasted
12.343 s. The iterative search processes of detecting points are shown in Figure 19a, and the
corresponding particle positions and the fitness changing process are shown in Table 2.
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Figure 19. Detecting point selection based on PSO. (a) Single detecting point selecting process.
(b) Multiple detecting point selecting results. Note that, to display the location of the detecting point
clearly, grid lines are omitted.

Table 2. The particle position and fitness for each iteration in the search process.

Ordinal Number of Iterations x [m] y [m] Fitness

1 11.205 20.518 0.7587
2 26.648 28.179 0.8386
3 30.581 1.713 0.8425
4 26.688 27.819 0.8477
5 5.944 28.221 0.9374
6 5.901 28.217 0.9390
7 5.885 28.201 0.9430
8 5.885 28.201 0.9430
9 21.296 23.311 1.0000

Based on PSO, several searched detecting points were shown in Figure 19b. The
ordinal number for the searches (ONS), the number for the iterations (NI), the computing
time consumption (CTC), the fitness of the initially selected detecting point (FISEP), and
the fitness of the final selected detecting point (FFSEP) corresponding to each search are
shown in Table 3.
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Table 3. Search information of detecting points for 10 random searches based on particle swarm
optimization.

ONS NI CTC/(s) FISEP FFSEP

1 6 7.153 0.7877 0.9798
2 6 6.617 0.7766 0.9611
3 14 11.332 0.7729 1.0000
4 17 13.039 0.7671 1.0000
5 46 29.827 0.7989 0.9711
6 5 6.229 0.8167 0.9771
7 11 10.310 0.7977 1.0000
8 26 20.434 0.8300 1.0000
9 23 17.916 0.7947 0.9883
10 5 6.509 0.4505 1.0000

From Table 3, we can see that FFSEPs from the above 10 random searches are all greater
than Gbest. This means all the final searched detecting points locate in flatter areas than the
initial position, and meet the requirements of the detecting instrument. Besides, the average
value of time consumption for the above 10 random searches is 12.937 s. This is two orders
of magnitude lower than the time consumption with traversal solution 2141.521 s. We also
notice a loose linear relationship between NI and CTC; that is, the increment of CTC is
gradually less than the linear increment of NI. This shows that, compared with the linear
time consumption traversal search, our strategy, which introduces the particle guidance
mechanism from PSO, effectively speeds up the search for detecting points.

4.2. Verification of the Sampling-Based Path Planning Method under Linear Guidance
4.2.1. The Sampling Method of Points in the Dense Obstacle Region

The 23 obstacles in the environment were numbered (see Figure 20).
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Figure 20. The map with numbered obstacles.

The obstacles No. 1–23 were sequentially added to the map, and the number of
sampling points with the increase of the obstacle was obtained (see Figure 21).
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Figure 21. The number of sampling point changes with the increase of obstacle.
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It can be seen that obstacles with large area or irregular shape will lead to a significant
increase in the number of sampling points, especially obstacle No. 2, 15, and 23. When
all obstacles were added to the map, a total of 133 sampling points were obtained (see
Figure 22).
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Figure 22. Distribution of key sampling points.

Shape points (blue dots in Figure 22) are distributed in the protruding part of the
obstacle, while distance points (red dots in Figure 22) are distributed at the long edge
or in the concave part of the obstacle. Both of these types of sampling points constitute
the key feature of the obstacles in the whole map. More importantly, some points locate
in narrow channels (between obstacle No. 2 and 3, 21 and 23, etc.), which helps to form
connected paths for the roadmap. There are no sampling points in the open area, so that
the redundancy of the roadmap is reduced.

4.2.2. Roadmap Construction and Path Planning

In this section, the A* searching algorithm and the standard PRM are applied to verify
the proposed method. The A* searching algorithm is the latest baseline method for the
path planning of the lunar rover, which is applied in “Yutu-2”, the lunar rover in China’s
Chang’e 4 mission to the Moon. In addition, the process of constructing a roadmap in our
method is similar to that of PRM, the efficient and popular method in robotic path planning.
Thus, we chose these two methods to compare with our method, and verify the advantages
of our method in time consuming and path quality.

After 133 sampling points were selected within the safe zone (Figure 22), the roadmap
was constructed, shown as red lines in Figure 23a. For comparison, we also randomly
sampled 133 points in the safe zone to construct the roadmap of PRM, shown as red lines
in Figure 23b. We can see that the connected paths of PRM cannot completely cover the
safe zone. For example, there are numerous unconnected areas on the top left of obstacle
No. 2, above No. 15, and on the right of No. 23. It is difficult to plan a feasible path to
reach these areas because the planning result of PRM only consists of connected paths. In
contrast, the roadmap constructed by our method forms a good envelope around obstacles,
resulting in good connectivity. Furthermore, our method allows the planning result to be
out of the roadmap in open areas, avoiding unnecessary turns caused by inappropriate
sampling points.
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Figure 23. One of the path planning results. (a) The green line is the planned path using the sampling-
based path planning method under linear guidance. (b) The black line is the planned path using the
standard PRM method. (c) The blue line is the planned path using A* search algorithm.

One hundred groups of starting points and detecting points were randomly selected
to plan the path in the safe zone by our method, standard PRM method, and the A* search
algorithm, respectively. The planning results for one group are shown in Figure 23, i.e., the
green line in (a), the black line in (b), and the blue line in (c).

The planning result in (a) is the shortest path with the least turns, which is beneficial to
the accurate control and energy saving of the rover. The quality of the planning path in (b)
is poor, especially for the detour around obstacle No. 6 and several turns at the open areas.
As mentioned above, this is because PRM relies on an unreasonable roadmap, resulting in
a very tortuous path. The A* algorithm searches the path directly without resorting to a
roadmap. However, there are still unwanted turns around No. 8 and 12, so the path quality
is slightly worse than (a).

The time consumption and length of each path planning are shown in Figures 24 and 25,
where the length of zero means a planning failure.

Aerospace 2022, 9, x FOR PEER REVIEW  24  of  29 
 

 

One hundred groups of starting points and detecting points were randomly select‐

ed to plan the path in the safe zone by our method, standard PRM method, and the A* 

search algorithm, respectively. The planning results for one group are shown in Figure 

23, i.e., the green line in (a), the black line in (b), and the blue line in (c). 

The planning result in (a) is the shortest path with the least turns, which is benefi‐

cial to the accurate control and energy saving of the rover. The quality of the planning 

path in (b) is poor, especially for the detour around obstacle No. 6 and several turns at 

the  open  areas. As mentioned  above,  this  is  because  PRM  relies  on  an  unreasonable 

roadmap, resulting in a very tortuous path. The A* algorithm searches the path directly 

without resorting to a roadmap. However, there are still unwanted turns around No. 8 

and 12, so the path quality is slightly worse than (a). 

The  time consumption and  length of each path planning are shown  in Figures 24 

and 25, where the length of zero means a planning failure. 

 

Figure 24. Comparison of time consumption in path planning. 

 

Figure 25. Comparison of the length of the path. 

Figure 24. Comparison of time consumption in path planning.



Aerospace 2022, 9, 148 23 of 27

Aerospace 2022, 9, x FOR PEER REVIEW  24  of  29 
 

 

One hundred groups of starting points and detecting points were randomly select‐

ed to plan the path in the safe zone by our method, standard PRM method, and the A* 

search algorithm, respectively. The planning results for one group are shown in Figure 

23, i.e., the green line in (a), the black line in (b), and the blue line in (c). 

The planning result in (a) is the shortest path with the least turns, which is benefi‐

cial to the accurate control and energy saving of the rover. The quality of the planning 

path in (b) is poor, especially for the detour around obstacle No. 6 and several turns at 

the  open  areas. As mentioned  above,  this  is  because  PRM  relies  on  an  unreasonable 

roadmap, resulting in a very tortuous path. The A* algorithm searches the path directly 

without resorting to a roadmap. However, there are still unwanted turns around No. 8 

and 12, so the path quality is slightly worse than (a). 

The  time consumption and  length of each path planning are shown  in Figures 24 

and 25, where the length of zero means a planning failure. 

 

Figure 24. Comparison of time consumption in path planning. 

 

Figure 25. Comparison of the length of the path. Figure 25. Comparison of the length of the path.

Figure 24 shows that, compared with the other two methods, our method has great
advantage in time because local paths to bypass obstacles are searched in parallel in the
roadmap. Figure 25 shows that our method can get slightly better results in length. Table 4
lists the detailed comparison of these three methods. It can be seen that our method has a
higher success rate compared with the standard PRM method. The average path-planning
time consumptions of our method reduce 69.25% and 74.71% compared with PRM and A*
search algorithm, respectively. The average length shortens 19.89% compared with PRM
and is nearly equal with the A* search algorithm, which always finds the shortest path.

Table 4. Comparison of algorithm performance.

Method
The Construction Time

of Roadmap [s]

100 Times Path Planning

The Average
Path-Planning Time [s]

The Average Length of
the Planned Path [m] Success Rate

The standard PRM method 0.034 0.023 31.18 82%
A* search algorithm - 0.028 25.79 >99%

Our method 0.031 0.007 24.98 >99%

4.2.3. Verification of Map Extension

In this section, we verified the efficiency of our proposed map extension strategy for
the continual addition of environmental information. Assuming that Figure 16 is the initial
map, we gradually added three new sub-maps to the initial map, where the red, blue,
and yellow boxes represent the first, second, and third updates, respectively, as shown in
Figure 26a. We conducted 50 groups of planning experiments, each of which carried out
full-map reconstruction planning and our map-extension planning for three map updates,
respectively. Here, full-map reconstruction means that the added submap and the initial
map are regarded as a new whole map for roadmap reconstruction. The roadmaps for
each map update, as well as a group of planning results, are shown sequentially from
Figure 26b–d.
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Table 5 lists the average time consumption of roadmap reconstruction with the above
two planning methods. We can see that the time of full-map reconstruction is related to
the complexity of the whole map after adding the current submap. Therefore, with the
gradual expansion of the map, the reconstruction time will be longer. In contrast, the time
of map-extension reconstruction is only related to the complexity of the current submap.
Note that the second sub-map is larger than the other two, so the reconstruction time for
the second update was significantly longer than the first. However, no matter how long
the second reconstruction took, the time of the third reconstruction is independent of the
second reconstruction. Therefore, our method can get rid of the influence of the whole map
scale on reconstruction and improve planning efficiency.

Table 5. Time consumption of roadmap reconstruction.

Map Update Initial Map 1st Update 2nd Update 3rd Update

Map-extension
reconstruction [s] 0.031 0.02 0.05 0.023

Full-map
reconstruction [s] 0.031 0.086 0.275 0.303

Figure 27 shows the time consumption of 50 planning results to compare the efficiency
of the above two planning ways. The average planning time is 0.0155 s in full-map
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reconstruction planning, while it is 0.0107 s in map-extension planning, which is reduced
by 31%. That is mainly because the local path will be searched in the corresponding
roadmap if the linear path intersects with the obstacle in the submap, which reduces the
searching space.
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Figure 27. Comparison of time consumption in path planning within the third-updated map.

According to the above simulation results, we can see that our map extension strategy
improves the efficiency of path planning from both roadmap reconstruction and path search
when the map is continually supplemented.

5. Discussion

In the present study, we focused on the two steps in lunar surface exploration, detecting
point selection and path planning, to improve the autonomy and efficiency for the rover in
lunar exploration.

Unlike most existing manual selection or single-factor selection strategies, our au-
tonomous selection strategy took terrain features and operating conditions of detection
instruments into account. This is because the number of possible detection points is greatly
limited by the mobility of the rover. In Section 4.1, we took a numerical simulation by a
16 m × 14.5 m lunar surface map. For the 10 experiments with random initial conditions,
the average consumed time and final fitness value are 12.937 s and 0.988, respectively,
which represent fast planning speed as well as high quality in the selected detecting point.
Therefore, this strategy is more practical concerning improving the autonomy of the rover,
as well as avoiding the manual misjudgment and information transmission delay between
the Moon and the Earth.

Moreover, in our proposed method, the combination of the sampling-based methods
and linear guidance can make the path planning more efficient. In Section 4.2, an experiment
as a comparison with the above lunar surface map was executed by using our method, the
A* algorithm, and the PRM method. The results show that our method has great advantages
in both time and quality of the path. Compared with the PRM method, the average time
consumption and length of the path are reduced by 69.25% and 19.89%, respectively.
That is because our method greatly improves the connectivity of dense obstacle areas, and
simplifies the process of path searching in open areas. Compared with the A* algorithm, not
only is the average time consumption reduced by 74.71%, but unnecessary turns of the path
are also avoided. Furthermore, the map extension strategy can avoid the disadvantages of
the full-map reconstruction planning in the unstructured, continually varying environment.
In the simulation environment, the efficiency of roadmap reconstruction after map update
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has been improved by orders of magnitude, while the time for full-map reconstruction still
depends on the accumulation of each reconstruction from the initial map to the current
update. In addition, the time for map extension-based planning is also reduced by 31%
compared with the full-map planning. This improvement is mainly due to the use of the
roadmap’s local characteristics in path searching, which avoids invalid searches in the other
added submaps.

Despite the great improvement in the autonomy and planning efficiency, there are
still some limitations in our method. Firstly, for the map extension strategy, the special
case where a common part exists between the initial map and the submap has not been
considered. In this case, the submap needs to be divided to ensure that the added submap
is completely new concerning the initial map. Secondly, our method is applied in a two-
dimensional environment, and we hope to extend it to a three-dimensional case with
appropriate improvements. These two topics will be our future concerns.

6. Conclusions

In this paper, we proposed an autonomous task planning method for the lunar rover
in a complex environment. Considering the equipment requirements and terrain features,
a strategy for autonomous selection of detecting points is designed, where the safe zone for
the rover’s motion is defined, and within it the detecting points can be selected. According
to the characteristics and distribution of obstacles in the environment, the safe zone is
divided into two kinds of area, the open area and the dense obstacle area. Then the points
are sampled in the dense obstacle area to construct the local roadmap. A feasible path from
the current position to the detecting point can be planned by combining the linear path
with local paths searched within the roadmap. In addition, taking into consideration the
change of the unstructured lunar environment and the enlargement of the detecting area,
a map extension strategy is proposed to further improve our path planning method in a
real environment. The contributions of this paper mainly include: (1) The autonomous
detecting points selection strategy is proposed, with terrain and instrument requirements
taken into consideration. (2) The sampling-based path planning method under linear
guidance can reduce the time for roadmap construction and the planning process, and so
the planning efficiency can be greatly improved with high connectivity and high planning
success rate. (3) The map extension strategy can deal with the expansions and changes of
the map, further improving the planning capacity and efficiency. The insights from this
study may contribute to the task planning of surface rovers for extraterrestrial objects.
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