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a b s t r a c t

In order to ensure the safety and efficiency of planetary exploration rovers, path planning and tracking
control of a planetary rover are expected to consider factors such as complex 3D terrain features,
the motion constraints of the rover, traversability, etc. An improved path planning and tracking
control method is proposed for planetary exploration rovers on rough terrain in this paper. Firstly,
the kinematic model of the planetary rover is established. A 3D motion primitives library adapted to
various terrains and the rover’s orientations is generated. The state expansion process and heuristic
function of the A* algorithm are improved using the motion primitives and terrain features. Global path
is generated by improved A*-based algorithm that satisfies the planetary rover’s kinematic constraints
and the 3D terrain restrictions. Subsequently, an optional arc path set is designed based on the
traversable capabilities of the planetary rover. Each arc path corresponds to a specific motion that
determines the linear and angular velocities of the planetary rover. The optimal path is selected
through the multi-objective evaluation function. The planetary rover is driven to accurately track
the global path by sending optimal commands that corresponds to the optimal path for real-time
obstacle avoidance. Finally, the path planning and tracking control method is effectively validated
during a given mission through two simulation tests. The experiment results show that the improved
A*-based algorithm reduces planning time by 30.05% and generates smoother paths than the classic
A* algorithm. The multi-objective arc-based method improves the rover’s motion efficiency, ensuring
safer and quicker mission completion along the global path.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Path planning is crucial for planetary exploration rovers to
ove safely and efficiently to the mission goal, which is com-
osed of global path planning and local path planning. A
raversable map with low resolution is usually generated for
lobal path planning using orbital maps and environmental data.
lobal path planning typically occurs at the ground control center
nd produces a rough long-distance path. The generated global
ath is sent to the rover in the form of target and path points

to guide it to the mission goal [1]. The perception module of
he rover aims to generate a high-resolution traversable map
equired for local path planning by detecting the environment.
he rover is controlled by local path planning to travel from
ts current position to the target without collisions while still
ollowing the global path. The perception module of the rover
enerates a high-resolution traversability map required for local
ath planning by detecting the environment. This planning pro-
ess is based on information about the rover’s position, attitude,
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goals, and obstacles. Local path planning is performed onboard
n real time. Due to the distinctive conditions of extraterrestrial
lanets, the safety of planetary rovers and the effect of terrain
eatures are expected to be taken into account more in path
planning than that in terrestrial vehicles. Considerable research
has been conducted in recent years to investigate techniques for
path planning and control of planetary rovers.

Graph-search and sampling-based methods have become two
popular techniques for solving path planning problems in mobile
robotics [2]. However, limited by the challenging terrains, the
locomotion control methods of different configurable robots vary
greatly [3]. Global path planning methods for planetary rovers can
generally be categorized into two groups: cost-based methods
and learning-based methods. Raw perception data is converted
into grid maps, Voronoi diagrams, and other forms of graph
representation. A variety of cost-based algorithms are then used
to find the optimal path from the start point to the goal point,
such as graph search algorithms like A* [4] and D* [5,6], bio-
inspired algorithms [7], sampling-based algorithms [8], etc. These
methods have been enhanced to better suit the requirements of
path planning on extraterrestrial planets. For instance, in order to
improve the efficiency of planetary rovers in performing tasks in
niversity. This is an open access article under the CC BY-NC-ND license

https://doi.org/10.1016/j.birob.2025.100219
https://www.elsevier.com/locate/birob
https://www.elsevier.com/locate/birob
http://crossmark.crossref.org/dialog/?doi=10.1016/j.birob.2025.100219&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:liqing@ies.ustb.edu.cn
https://doi.org/10.1016/j.birob.2025.100219
http://creativecommons.org/licenses/by-nc-nd/4.0/


H. Zhang, F. Jiang and Q. Li Biomimetic Intelligence and Robotics 5 (2025) 100219

p
p
p
f
t
e
a
s
o
p
r
t
a
p

l
e
n
l
w
T
p
a
L
r

t

d

t
f
a
a
a
f
a

r
f
p

a

g

r
t

t
t
H

r
o
l
m
c
r
f

c

r
a
a
c
t
r

dynamic and rough terrain environments, Raja et al. integrate the
otential field method with the A* algorithm to develop a global
ath planning method for planetary rovers [9]. Terrain roughness,
ath length and curvature are used as components of the cost
unction. This method enhances the flexibility and robustness of
he planning in dynamic rough terrain. The terrain features and
nergy constraints are introduced to the cost function of the A*
lgorithm, which improve path safety while reducing energy con-
umption of planetary rovers [10]. Sutoh et al. analyze the impact
f weight changes on the distance, terrain, and lighting costs in
lanetary rover path planning, aiming to improve the planning
esults [11]. In order to reduce the slippage of planetary rovers,
he slippage is predicted based on terrain slope and the genetic
lgorithm is improved to generate an optimal path without slip-
age [12]. However, the motion constraints of the planetary rover

in relation to the smoothness of the path are typically not taken
into account in these methods. This shortcoming can make it
difficult for the planetary rover to accurately follow the global
path.

Raw orbital data or generated maps are used as input for
earning-based methods to generate paths end-to-end. To avoid
nvironment mapping and reduce the dependence of path plan-
ing on human’s prior knowledge, Zhang et al. propose a deep
earning-based global path planning method for planetary rovers,
hich is able to plan paths directly using orbital images [13].
anaka et al. use a reinforcement learning-based algorithm to
lan more flexible global paths, where the environmental terrain
nd the electricity of the rover are used as constraints [14].
earning-based methods are more flexible and simple, but they
equire a large amount of training data and lack interpretability.

Local path planning algorithms have been integrated into
he planetary rovers launched by the United States and China.
Spirit and Opportunity are the earliest planetary rovers which
achieve local path planning capabilities. The local path plan-
ning algorithm used is integrated into the GESTALT (Grid-Based
Estimation of Surface Traversability) system [15]. A digital ele-
vation model(DEM) is used to compute the terrain features. The
traversability and target distances are used as metrics to rank a
set of optional arc paths, where the optimal path is chosen. The
improvements based on this method have been widely applied
to subsequent planetary rovers [16–19]. Unfortunately, larger or
enser obstacles around the planetary rover may cause the local

path planning failure since the lack of global path as a guide. As
a result, the planetary rover will get stuck.

In addition, some of the algorithms that have been used for
errestrial vehicles are improved as local path planning methods
or planetary rovers, such as the A*, the RRT* [20], the FMM [21],
nd machine learning [22], etc. Wu et al. introduce terrain slope
nd roughness into the heuristic function to improve the A*
lgorithm, which makes it more suitable for navigating terrain
eatures on extraterrestrial planetary surfaces [23]. In order to
void information loss during environmental mapping, the RRT*

has been enhanced to accommodate rough terrain and enable
direct utilization of point cloud data for path planning. Gar-
ido et al. improve the FMM by constructing an external vector
ield based on slippage. This enhancement allows for considering
lanetary rover slippage in path planning [24]. Yu et al. use a

deep reinforcement learning approach to decrease slippage of
planetary rovers and improve path safety [25]. Environmental
information and the rover’s position relative to the target are
used as inputs, and the optimal action is selected from a series of
predefined rover actions as the output. Machine learning has also
been used to classify terrain to determine terrain traversability
and reduce slippage of planetary rovers [26,27]. These methods
lso risk causing planetary rovers to get stuck due to the absence

of global path as a guide. Only the optimal path within the current
 T

2

field of view of the planetary rover is planned, but environmental
constraints are not considered.

In order to achieve a comprehensive planetary exploration
mission, several planetary planning frameworks have been pro-
posed. In these frameworks, global path planning is first used to
enerate a roughly safe path. Then, local path planning is used

to guide the planetary vehicle to follow the global path safely. JR
et al. propose a planning framework for planetary rovers based on
the FMM algorithm [28]. Conventional FMM is first used to gen-
erate global paths based on orbital images. When the planetary
rover encounters an obstacle that blocks the global path, a heuris-
tic version of FMM is used to repair the global path based on the
over’s perception information. Wang et al. use the A* algorithm
o create a simple global auxiliary path [29]. Subsequently, DWA
(Dynamic Windows Approach) is used to plan local paths under
he guidance of the global path. With this framework, a plane-
ary rover can be controlled to safely travel to the global goal.
owever, the global path planning methods employed in existing

planning frameworks are typically simple and only generate a
ough global path. The planning process ignores the smoothness
f paths and the kinematic constraints of planetary rovers. This
imitation leads to more difficulty in tracking the global path and
ay make the planetary rover encounter difficulties navigating
omplex terrain. Complex local path planning methods increase
esource requirements. This makes it difficult to actually use them
or resource-poor planetary rovers.

To address above mentioned problems, an improved path
planning and tracking control method is proposed for planetary
exploration rovers in this paper. An improved A*-based global
path planning method is given, which incorporates the motion
onstraints of planetary rovers as motion primitives and takes
the 3D terrain features and path smoothness into account. Thus,
the method can be used to strategically generate optimal global
paths. Furthermore, a multi-objective arc-based local motion
planning method is presented. This method is characterized by its
computational simplicity, real-time processing capabilities, and
security features. It ensures real-time obstacle avoidance while
accurately adhering to the global path. As a result, it is guaranteed
that the planetary rover will travel to the mission goal more safely
and efficiently after using the proposed path planning and control
method.

2. The overview of the improved path planning and tracking
control method

The overall diagram of the improved path planning and track-
ing control method is shown in Fig. 1. A DEM of the planetary sur-
face and RGB-D images captured by the depth camera mounted
on the planetary exploration rover are served as inputs to this
method. The optimal motion commands are generated to guide
the rover to the mission goal.

Initially, 3D motion primitives of a planetary rover are gen-
erated offline based on the planetary rover’s kinematic model.
Motion Primitives are predefined basic trajectory units that rep-
resent feasible paths from one state to the next state [30]. In this
paper, motion primitives are represented as third-order polyno-
mial spirals, which serve as the basic units for state expansion
in the global path planning process. Each point on the primitive
epresents the rover’s position and heading. Subsequently, DEMs
re analyzed to calculate terrain features. The motion primitives
nd terrain features are used to improve the A* algorithm. The
ost between states during the A* search is refined by elevating
he cost of motion primitives and terrain features, such as slope,
oughness, etc. The state expansion of the A* algorithm is en-
hanced by incorporating motion primitives for the path search.
he generated global path will be more smoothness and safety
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Fig. 1. The diagram of the improved path planning and tracking control method.
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which satisfies the kinematic constraints of the planetary rover
nd the 3D terrain restrictions.
After the global path is obtained, a series of planetary rover

otions will be sampled to generate the optional arc paths which
re derived from the planetary rover’s kinematic model. These
otions are represented as a pair of linear and angular veloci-

ies. Additionally, these optional arc paths are generated offline.
his sampling process simulates the trajectory of the planetary
over at a predefined linear and angular velocity for a specified
uration. The optimal arc path is selected based on the multi-
bjective evaluation function. These optimized objectives include
atching the arc path to the global path, reducing the distance
etween the arc path and the local goal, and causing the arc
ath to avoid obstacles. Local goals are selected through sampling
oints on the global path. An enhanced color segmentation algo-

rithm is employed to localize obstacles through the RGB-D image.
Finally, the optimal motion commands for the planetary rover
that corresponds to the optimal arc path is generated as output
commands. The planetary rover will be driven by the optimal
motion to follow the selected arc path which results in collision-
free, accurate, and efficient tracking of the global path to the
mission goal.

3. Improved A*-based global path planning with motion prim-
tives

In this paper, an improved A*-based global path planning
method with motion primitives is proposed for generating a
global path on the DEMs. The A* algorithm is a heuristic search al-
gorithm and can be effectively enhanced to accommodate various
applications by designing and adjusting the heuristic value func-
tion. The smallest feasible trajectory units for planetary rovers are
represented by motion primitives, which can be utilized by A*
algorithms for state expansion. The cost between states during
the A* search is determined by the cost of the motion primitives
and 3D terrain features, producing a global path that adheres to
the rover’s motion constraints and terrain limitations.

The algorithm is presented as Algorithm 1. Given the start
tate s0, goal state sg , DEM, and motion primitives library, the
lobal path P is computed. Initially, the current node s is set
o s0, and Parent(s) is set to null (Algorithm 1, Line 1). As long
s s has not reached sg , the algorithm iteratively performs the

following operations: s is expanded using the motion primitives
library to generate a set of neighboring nodes N(s), and each
neighboring node s′ is traversed (Algorithm 1, Lines 3–4). For each
′, the transition cost C(s, s′) from s to s′ is calculated based on the
EM and motion primitives. The actual cost g(s′) is updated, the
euristic cost h(s′) from s′ to the goal state sg is calculated, and
he total cost f (s′) is determined (Algorithm 1, Lines 5–8). If s′ is a
new node or f (s′) is improved, the Parent(s′) is updated to s (lines
 d

3

9–10).
After traversing all s′, the one with the smallest f (s′) is selected

s the new s (Algorithm 1, Line 13). If s is equal to sg , the global
path P is generated by backtracking through the parent nodes
(Algorithm 1, Lines 14–15) and returned as the output. Otherwise,
the loop continues until a path is found or no more nodes can be
expanded.

Algorithm 1 Improved A*-based Global Path Planning
Input: Start state s0, Goal state sg , Motion Primitives Library,
EM

Output: Global path P
1: Initialize current state s← s0, Parent(s)← ∅

2: while s ̸ = sg do
3: N(s)← Expand state s using motion primitives
4: for all s′ ∈ N(s) do
5: C(s, s′)← Compute transition cost using DEM and

motion primitive from s to s′
6: g(s′)← g(s)+ C(s, s′)
7: h(s′)← Compute heuristic cost using DEM and Dubins

curve
8: f (s′)← g(s′)+ h(s′)
9: if s′ is a new state or f (s′) improves then

10: Parent(s′)← s
11: end if
12: end for
13: s← arg mins′∈N(s) f (s′)
14: if s = sg then
15: P ← Backtrack from sg to s0
16: end if
17: end while
18: return P

3.1. Motion primitives generator

The generation of motion primitives for planetary rovers in-
olves designing a set of control inputs based on the rover’s initial

and target states, ensuring it follows the intended trajectory. Ne-
glecting the rover’s kinematic constraints may result in hazardous
situations, such as collisions or rollovers. By considering the initial
and goal states as boundary conditions and incorporating the
rover’s kinematic constraints, motion primitive generation can
be formulated as a two-point boundary value problem (TP-BVP),
which is solved using a nonlinearization method.

To convert the TP-BVP into a nonlinear problem with kine-
atic constraints, a parametric path generation model is re-

quired. The polynomial spiral, defined by the relationship be-
tween curvature and arc length, integrates kinematic constraints
irectly into curve generation, ensuring adherence to position,
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heading, and curvature requirements. Compared to other curve
arameterization methods, the polynomial spiral offers better

kinematic constraint embedding and stability under perturba-
tions [31]. The third-order polynomial spiral, with a small param-
eter space, satisfies the required degrees of freedom and bound-
ary constraints. Consequently, assuming s denotes the arc length,
he control input is represented as a third-order polynomial spiral

κ(s) = κ0 + bs+ cs2 + ds3 (1)

where κ0, b, c , and d represent the coefficients of the third-order
polynomial spiral.

The generation of motion primitives involves solving the pa-
rameter vector of the spiral κ(s). The objective function J is
designed to minimize bending energy and trajectory length to
create a smoother and shorter path. Hence, the problem of gen-
erating motion primitives is formulated as an optimization prob-
lem. Let x0 and xf represent the rover’s initial and final states. The
problem is formulated as

given x0 = (x0, y0, θ0, κ0)
xf = (xf , yf , θf , κf )

minimize J = w1(sf − s0)+ w2

∫ sf

s0

∥κ(p)∥2 ds

s.t. x(p) = x0, for s = s0
x(p) = xf , for s = sf
s0 ≤ sf ≤ smax

(2)

where x and y denote the rover’s position, while θ represents its
rientation. s0 and sf represent the initial and final arc length,
espectively, which correspond to the start and end points of
the trajectory. The variable p = (b, c, d, s0, sf ) represents the
optimized parameter vector, while w1 and w2 denote the weights
of the optimization indicators, which satisfy w1 + w2 = 1.

The continuous problem is discretized to simplify the solution.
At each individual point, a nonlinear equation is created. Assum-
ing that xk and uk represent the difference state and the curve
erivative at sk, respectively, while N denotes the total number

of discrete points, the problem is reformulated as

minimize
0,u0,...,xN ,uN

J = w1(sf − s0)+ w2

N−1∑
k=0

L (xk, uk)

s.t. xk+1 − f (xk, uk) = 0, k = 0, . . . ,N − 1,
h (xk, uk) ≤ 0, k = 0, . . . ,N − 1,
r (x0, xN) = 0

(3)

where f represents the system’s state difference equation, while
and r denote the inequality and equality path constraint, re-

pectively.
The direct multiple shooting method is utilized to address

his problem due to its ability to handle a larger number of
ecision variables and equality constraints and improve the speed
f convergence.
A three-dimensional motion primitive library is generated in

ight of the irregular terrain where the planetary rover operates.
he planetary surface is characterized by continuous terrain in
he horizontal (x and y axes) dimensions, but exhibits disconti-
uities in the vertical (z axis) dimension. Therefore, the motion
rimitives library is generated using the rover’s state (x, y, z, θ ).
ssuming that the planetary rover is located at the position (0, 0)
ith the heading angle ranging from 0 to 360◦, and the maximum
limbing angle φm of the planetary rover is discretized to generate
otion primitives under various constraints.
Assuming the rover is on a flat surface with a zero slope, the

initial state is denoted as (0, 0, 0, 0). The target state (xi, yi, zi, θi)
is selected from discrete heading points on a circle centered at
the rover’s initial position with a radius R. Thus, x = R cos θ ,
i i

4

Fig. 2. The 2D motion primitives generated from the initial state (0, 0, 0, 0).

Fig. 3. (a) Reference and rover frames when slope = 0. (b) Reference and rover
frames when slope = φj .

yi = R sin θi, zi = 0, θi = i 2πk . Here, k denotes the index of the
discrete heading angle, i = 0, 1, . . . , k.

Given the same initial state (0, 0, 0, 0) and different target
states (xi, yi, zi, θi), all motion primitives are derived for the rover
nder terrain slope 0 by Eq. (2), as shown in Fig. 2. In this paper,

no reverse motion primitives are generated.
The climbing angle for planetary rovers is discretized within

the range of 0 to φ. Assuming the reference frame is denoted as
xgygzg . It coincides with the rover frame located on a flat surface.
As shown in Fig. 3, when the slope is φj, the rover frame xjyjzj can
e perceived as being rotated by φj around the xg-axis of xgygzg .
For any state (x0, y0, z0, θ0) on the motion primitive generated

under terrain slope 0, the corresponding state (xj, yj, zj, θj) under
the terrain slope φj can be derived through transformation matrix
T as⎧⎪⎪⎨⎪⎪⎩

[x0
y0
z0

]
= T

[xj
yj
zj

]
=

[1 0 0
0 cosφj − sinφj
0 sinφj cosφj

] [xj
yj
zj

]
θ0 = θj

(4)

According to Eq. (4), the motion primitives under a slope
f φj are generated. Therefore, the motion primitives for any
iscretized slope can be generated, and the 3D motion primitive
ibrary is constructed by generating motion primitives for dif-
erent headings under all discretized slopes, as shown in Fig. 4.
he 3D motion primitives are stored offline and can be quickly

indexed for any terrain slope.
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Fig. 4. 3D motion primitives generated by discretizing the slope from −30◦ to
0◦ .

Fig. 5. Identification and traversal of seed regions.

3.2. Improved A*-based algorithm

The motion primitives define the connections between nodes
in the A* search. During the search, the cost of neighboring nodes
is calculated, and the node with the minimum cost is selected.
The search starts from the start state and continues until the goal
state is reached, at which point the optimal path is generated. The
cost function for a state s is defined as

f (s) = g(s)+ h(s) (5)

where g(s) denotes the actual cost from the start state to the
current state s, while h(s) is the heuristic function estimating the
cost from s to the goal state.

Since the planetary surfaces are typical unstructured, it is
necessary to consider three dimension terrain features in the
path planning, which can be extracted from DEMs. The total cost
function consists of the height cost Cheight, slope cost Cslope, and
roughness cost Crn.

For each position (xi, yi) in the motion primitive, the corre-
ponding height ∆zi, slope φi, and roughness ri are critical for
raversable cost evaluation. The height ∆zi represents the max-
mum vertical displacement between the grid and its neighbors,
hich can be formulated as

∆zi = max
k,l∈{−1,0,1}

|z(xi, yi)− z(xi + k, yi + l)| (6)

(k,l)̸ =(0,0) t

5

where z(xi, yi) denotes the height of the grid. The variables k and
l take on values from the set {−1, 0, 1}, respectively.

The slope φi represents the degree of incline of the terrain in
he grid, which can be calculated as

φi = arctan
(√

∆zx2 +∆zy2
)
·
180

◦

π

∆zx =
(
z(xi+1, yi)− z(xi−1, yi)

2xl

)
∆zy =

(
z(xi, yi+1)− z(xi, yi−1)

2yl

) (7)

where xl and yl denote the size of the grid along the x axis and y
xis respectively.
The roughness value ri represents the extent of irregularity in

he terrain surface, which is typically defined as the ratio of the
urface area of a grid cell to its projected area on a horizontal
lane [32]. It can be calculated based on φi as

ri =
1

cos(φi ·
π

180◦ )
(8)

Subsequently, these values are used to calculated the height
cost Cheight(∆zi), the slope cost Cslope(φi), and the roughness cost
rn(ri), expressed as⎧⎨⎩
Cheight(∆zi) = +∞, ∆zi > ∆zmax

Cheight(φi) = kheight ∗
∆zi

∆zmax
, ∆zi ≤ ∆zmax

(9)⎧⎨⎩
Cslope(φi) = +∞, φi > φmax

Cslope(φi) = kslope ∗
φi

φmax
, φi ≤ φmax

(10)⎧⎨⎩Crn(ri) = +∞, if ri > rmax

Crn(ri) = krn ∗
ri

rmax
, if ri ≤ φmax

(11)

where kheight, kslope, and krn denote the weight coefficients, while
∆zmax, φmax, and rmax are the maximum height, slope, and rough-
ness that the rover is capable of traversing. The infinite cost indi-
cates an impassable terrain when the height, slope, or roughness
xceeds the driving capability of the rover.
Assuming the planetary rover travels through a sequence of

positions (xi, yi, zi) along the motion primitive, the total height
cost Cheight, the slope cost Cslope, and the roughness cost Crn are
alculated as the sum of the costs of all positions.
The motion primitives are generated optimizing the objective

unction J which indicates the smoothness and length of the
motion primitives. Thus, J is taken as the motion primitive cost
CJ . The actual cost g(s) is then expressed as
g(s) = g(sparent)+ wj ∗ CJ + wheight ∗ Cheight + wslope ∗ Cslope

+ wrn ∗ Crn
(12)

where sparent represents the parent node of s, while wj, wheight,
wslope, and wrn denote the weights of each cost term. This enables
the concurrent consideration of the motion primitive cost and the
three terrain costs during the search process.

In addition, the heuristic function h(s) is reformulated as

h(s) = wJ ∗ CJ,g + wST ∗ Cst,g + wSL ∗ Csl,g + wRN ∗ Crn,g (13)

where CJ,g represents the cost of estimating the arc length from
state s to the goal state, which is calculated using the Dubins
curve. Cst,g, Csl,g, and Crn,g represent the cost of estimating the
height value, slope, and roughness from state s to the goal state,
which can be estimated based on the average height value, slope,
and roughness between s and the goal state.

By improving the cost calculation method and the heuris-
ic function of the A* algorithm, the motion primitive cost and
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terrain cost can be considered in the search process. This im-
rovement can enhance the driving safety and efficiency of the
lanetary rover when navigating in complex terrain environ-
ents.
The path planning aims to find an optimal path to guide

the rover from its start state to the goal state. To accomplish
his objective, an appropriate motion primitive is essential to be
elected at each state to minimize the total cost which represents
he transitions between adjacent states.

During the planning search, s0 is initially added to the OPEN
list, which contains all states that have been found but not yet
expanded. In addition, the CLOSED list contains all states that
have been expanded. At each iteration of the proposed A*-based
algorithm, the cost of each state si in the OPEN list is calculated
y summing up g(si) and h(si). The state s′ with the lowest cost

is removed from the OPEN list and added to the CLOSED list.
Then, state s′ is expanded and all its successors are added to the
OPEN list based on the definition of the motion primitive library.
The search terminates when the goal state is retrieved from the
OPEN list. The optimal path is found by tracing back through the
parent–child relationships.

4. Multi-objective arc-based local motion planning

Effective local motion planning ensures planetary exploration
rovers follow the global path while adapting to environmental
hanges. Global path planning is performed offline and often uses
ow-resolution maps, making it difficult to detect small obstacles.
ocal motion planning algorithms allow rovers to detect hazards
n real-time and respond promptly, ensuring safe arrival at the
oal.
This paper proposes a multi-objective arc-based local motion

lanning method. An optional arc path set is designed based on
he kinematic constraints of the planetary rover. The optimal arc
ath is selected by an evaluation function through optimizing
ultiple objectives. The rover motion corresponding to the cho-
en arc path is used as the control commands, allowing the rover
o accurately track the global path while avoiding obstacles.

The algorithm is presented as Algorithm 2. The inputs consist
of the global path P , the optional arc path set A, and RGB-

 images, while the output is the optimal control commands
v∗, ω∗). Initially, the start and end points of the global path are
et as the initial state s0 and the goal state sg , respectively. The
urrent state s is initialized to s0, and the obstacle list OBS is set
o empty (Algorithm 2, Lines 1–2). While s ̸ = sg , the algorithm
teratively executes the following operations: The local goal gl is
computed based on P and s, and the optional arc path set A is
generated (Algorithm 2, Lines 3–4). Subsequently, obstacles are
perceived and located using RGB-D images, and the OBS list is
updated accordingly (Algorithm 2, Line 5). For each path a in
, the safety score d(v , ω), goal distance score g(v , ω), and path
atching score p(v , ω) are computed. The total evaluation score
(v , ω) is calculated as a weighted sum of these scores using the
eight parameters α, β , and γ (Algorithm 2, Lines 7–12).
After evaluating all paths, the one with the highest evaluation

core is selected as the optimal path a∗, and the corresponding
ontrol commands (v∗, ω∗) are then extracted (Algorithm 2, Lines
2–13). The rover moves according to (v∗, ω∗), and s is updated
ccordingly (Algorithm 2, Line 14). The loop continues until s

reaches sg . At this point, the rover successfully achieves the
mission goal, and the algorithm terminates.

Algorithm 2 Multi-objective Arc-based Local Motion Planning
Input: Global path P , RGB-D images
Output: Optimal control (v∗, ω∗)
1: Initialize start state s ← P[0], goal state s ← P[end]
0 g d

6

2: Initialize rover state s← s0, obstacles list OBS ← ∅

3: while s ̸ = sg do
4: gl ← Obtain the local goal using P and s
5: A← Generate optional arc path set
6: OBS ← Perceive obstacles using RGB-D images
7: for all a ∈ A do
8: d(v , ω)← Compute safety score using OBS
9: g(v , ω)← Compute goal distance score using gl

10: p(v , ω)← Compute path matching score using P
11: G(v , ω)← α · d(v , ω)+ β · g(v , ω)+ γ · p(v , ω)
12: end for
13: a∗ ← arg maxa∈A G(v , ω)
14: (v∗, ω∗)← Extract control commands from a∗
15: s← Update rover state using (v∗, ω∗)
16: end while
17: return ∅

4.1. Obstacle perception

Real-time local motion planning is necessary for planetary
rover to avoid small obstacles, such as rocks, while it is moving
along the global path. Vision-based obstacle detection method
using stereo images exhibits high accuracy and real-time per-
formance which is well suited for local path planning [33]. The
ision-based obstacle detection method is modified in this paper

for RGB-D cameras.
An RGB image is first converted to grayscale and segmented

sing the mean-shift algorithm, which is a clustering algorithm
ased on kernel density estimation. Then, the image can be seg-
ented into multiple regions with similar features by consid-
ring the spatial and grayscale information of the pixels. Sub-
equently, background regions are removed from the images,
uch as ground, sky, etc. Finally, a series of regions representing
potential obstacles are generated after segmentation which can
e used for obstacle perception and recognition.
The RGB image and the depth image are corresponding in

the pixel level. Each pixel in the depth image is projected onto
the RGB image, thereby assigning a corresponding depth value
o each pixel in the RGB image. This process allows for further
rocessing of the segmented RGB image based on the depth
alues. Assuming the maximum depth threshold is T1, the seg-
ented regions with average depth less that T1 will be marked
s seed regions. Other segmented regions are marked as non-seed
egions. As shown in Fig. 5, the white areas represent segmented
egions. The areas above the red dashed line have an average
depth less than T1, classifying them as non-seeded regions, while
those below the dashed line have an average depth greater than
1, classifying them as seeded regions.
All the points in the seed region are transformed to the world

coordinate system, nominally a global frame. For a pixel p(u, v)
with depth z in the pixel coordinate frame, the corresponding
world coordinates P(Xw, Yw, Zw) are calculated as⎡⎢⎣Xw

Yw

Zw

1

⎤⎥⎦ = [
R t
0 1

]⎡⎢⎣z(u− u0)dx/f
z(v − v0)dy/f

z
1

⎤⎥⎦ (14)

where R and t denote the rotation matrix and translation vector
from world coordinate to the camera coordinate, respectively.
represents the focal length of the camera, and (u0, v0) is the
oordinates of the principal point in the image.
Roughness and elevation step values are calculated for seed

egions. As shown in Fig. 5, a sliding w ∗w pixel-sized window is
et up to traverse seed regions. Roughness reflects the degree of
errain fluctuation within a window area. Points in the window
re fitted to a plane, and the distance from each point in the win-
ow to the fitting plane is calculated based on its 3D coordinates
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w
e r
Fig. 6. Process of local motion planning.

Fig. 7. The relationship between ω and v.

Fig. 8. Optional arc path set.

(xi, yi, zi). The roughness ri of the central pixel is computed as

ri =
1
N

∑
i∈W

[
Axi + Byi + Czi + D
√
A2 + B2 + C2

]
(15)

where W represents the window area, N denotes the number of
pixels in the current window, [A, B, C] is the normal vector of the
plane.

The elevation step depends on the maximum height difference
ithin the w ∗ w pixel-sized window area. The elevation of
ach pixel in the window area is traversed to determine the
7

Fig. 9. Generation of the local goal and the evaluation path.

Fig. 10. Two DEMs for the global path planning test. (a) Small-scale real lunar
surface data. (b) Large-scale simulated lunar surface data.

Fig. 11. Visualizations of the planning results for two algorithms. (a) Planning
esults on real lunar DEM. (b) Planning results on simulated DEM.
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Fig. 13. Test scene based on simulated DEM and addition obstacles.

Fig. 14. The planetary exploration rover model.

maximum elevation value Eh and the minimum elevation value
l. Consequently, the elevation step for the pixel at the center of
he window is given by E(x, y) = Eh − El.

Assuming that the roughness threshold is T2 and the elevation
hreshold is T3, then the region will be marked as an obstacle
when any roughness or elevation step value exceed the corre-
sponding threshold in the seed region. The global coordinates of
this region are added to the OBS list, which contains all the obsta-
cles coordinates. For non-seed regions, the grayscale mean value
is calculated. If the mean value is smaller than the predefined
threshold T4, the region is also considered as an obstacle. The
lobal coordinates of the region are calculated using Eq. (14) and
hen added to the OBS list.
8

4.2. Sampling-based arc path generation method

The primary idea of the multi-objective arc-based local mo-
tion planning method is to select the optimal arc path from an
optional arc path set based on an evaluation function. Each arc
path is associated with particular linear and angular velocities of
the rover. The chosen arc path is viewed as the desired trajectory
or the planetary rover. Fig. 6 shows the process of local motion
planning when the rover follows the global path towards the
mission goal.

Let v(t), ω(t) and θ (t) represent the linear velocity, angular ve-
locity and orientation of the planetary rover at time t . Assuming
he pose of the planetary rover at time t0 in the global frame is
xg0, yg0, θg0), θ (t) depends on θg0 and the ω(t̂) with t̂ ∈ [t0, t].

To improve computational efficiency, v(t) and ω(t) within a
ime interval [t0, tn] are approximated as constant values v and
. The rover’s pose at time tn can be formulated as⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
xgn = xg0 + v

∫ tn

t0

cos
(
θg0 + ωt

)
dt

ygn = yg0 + v

∫ tn

t0

sin θ
(
θg0 + ωt

)
dt

θgn = θg0 + ω (tn − t0)

(16)

Let ∆t = tn − t0, which denotes the prediction time. Eq. (16)
shows that the trajectory of the rover depends exclusively on its
ose at time t0, v, ω, and ∆t . The sampling-based method is used
o calculate trajectories with pairs (v , ω) of linear and angular
elocities, along with a predefined prediction time ∆t . In this
ay, an optional arc path set can be generated.
In order to ensure effective contact between the wheels and

the ground, the wheel speed of the rover is typically restricted
for minimizing wheel slippage and enhancing the traction and
stability. Assuming each wheel’s speed of the rover is limited
to no more than n rps, the four-wheel differential model is
simplified as a two-wheel differential model by setting the same
speed for the wheels on the same side. It is important to note that
the wheelbase of the simplified two-wheel differential model is
referred as the virtual wheelbase, which differs from the wheel-
base of the original model. This virtual wheelbase is expected to
be determined through experimentation [34]. Subsequently, the
relationship of the rover’s linear velocity v and angular velocity
ω is given as

ω = −
2
b
v +

2r
b
nr

ω =
2
b
v −

2r
b
nl

(17)

where r represents the wheel radius, b is the virtual wheelbase,
nl and nr are the wheel speeds of the left and right sides, which
ranges from −n to n.
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It is evident that when nl or nr is constant, there exists a linear
elationship between ω and v where v ∈ [−n · r, n · r] and
∈ [−2n · r/b, 2n · r/b]. The relationship between ω and v is

resented in the schematic diagram, shown in Fig. 7. It represents
he mobility characteristics of the planetary rover. The shaded
area represents the value range for v and ω.

The linear velocity range [−n·r, n·r] for the rover is discretized
and sampled. Let vi represent a sampled linear velocity. Through
Eq. (17), the corresponding positive and negative angular velocity
boundaries, denoted as ωpi and ωni, are calculated for each vi.
These velocity pairs are located at the boundaries of the shaded
area in Fig. 7. The maximum mobility of the rover can be achieved
since the velocity pairs are generated using the maximum wheel
speed.

The trajectories of the rover are generated based on velocity
airs and ∆t . Non-zero linear velocity pairs correspond to either
 straight line (ω = 0) or an arc (ω ̸ = 0), while zero linear
elocity pairs correspond to turn-in-place motion. A resulting set

of the optimal arc paths is shown in Fig. 8, where the central line
epresents maximum linear velocity and zero angular velocity.
s the linear velocity decreases, the angular velocity increases.

Turn-in-place motion is not shown.

4.3. Evaluation of arc paths

In order to select the optimal arc path as the local path, an
valuation function is used to score the optional arc paths in each

cycle of local motion planning. The optional path with the highest
score is the best trajectory for executing, and the corresponding
velocity v∗ and ω∗ are the current optimal control commands for
the rover. The evaluation function is defined as

G(v , ω) = α · d(v , ω)+ β · g(v , ω)+ γ · p(v , ω) (18)

where d(v , ω), g(v , ω) and p(v , ω) are three evaluation functions.
α, β , γ are the weights of these functions which satisfies α+β+
γ = 1. They can be adjusted based on environmental conditions
or planning preferences.

The function d(v , ω) evaluates the safety of optional arc paths.
The global coordinates of the obstacles are obtained from the OBS
ist mentioned in Section 4.1. Let do be the minimum Euclidean
istance between the obstacles and all points along the arc path.
he function d(v , ω) is defined as

d(v , ω) =

⎧⎪⎪⎨⎪⎪⎩
1, do > dom
do
dom

, dr < do ≤ dom

− ∞, do ≤ dr

(19)

where dr is the minimum safety distance, and dom is the maxi-
um safe distance.
If do ≤ dr , the planetary rover will collide with obstacles while

it is executing the current arc path. When do > dom, the planetary
rover is collision-free.

The function g(v , ω) is a measure of whether the optional arc
ath leads towards the mission goal. During local motion plan-
ing, potential deviations of the rover from the global path may

happen while a global goal is used as the guide. Consequently,
points on the global path are selected as local goals. The global
path is initially projected onto a two-dimensional space, and the
tracking distance s is set. The global path point located at a
distance s in the travel direction of the rover is utilized as the
local goal, as shown in Fig. 9.

The local goal is updated during each cycle of local motion
lanning. To ensure the local goal is ahead of all optional arc
aths, s is required to exceed the length of the longest optional
rc path. The function g(v , ω) is defined as

g(v , ω) = 1−
dg (20)

dgm e

9

Table 1
Specific parameters of the two DEMs.
Data Length Width Resolution

Real lunar DEM 33.9 m 38.0 m 0.1 m
Simulated DEM 50.0 m 50.0 m 0.1 m

where dg represents the Euclidean distance between the end-
point of the optional arc path and the local goal, and dgm is the
maximum value of dg for all optional arc paths.

The matching degree between the optional arc path and the
global path is evaluated by p(v , ω). It is based on the minimum
distance method, where the arc path and evaluation path are
discretized, and the average Euclidean distance dp between corre-
sponding points is calculated. The evaluation path is the segment
of the global path between the nearest global path point pn and
the local goal, as shown in Fig. 9. The function p(v , ω) is defined
s

p(v , ω) = 1−
dp
dpm

(21)

where dpm is the maximum value of dp for all optional arc paths.
The optimal arc path is selected based on the evaluation

function. The rover follows the control commands corresponding
to this path. This process is iterated until the rover reaches the
endpoint of the global path. Through this method, the rover can
effectively track the global path while ensuring safety.

5. Simulation results and discussion

Two types of simulation experiments are designed to validate
he effectiveness of the proposed improved path planning and
racking control for planetary exploration rovers with traversable
olerance. These include a global path planning test and an au-
onomous navigation test in a mission for the planetary rover. In
he global path planning test, the improved A*-based algorithm
as compared with the classical A* algorithm. Its superiority and

easibility were demonstrated. In the autonomous navigation test,
n exploration mission was simulated while the planetary rover
as expected to travel autonomously from its initial position to
he mission goal. A global path was generated by the improved
*-based algorithm. The planetary rover followed this path to-
ards the mission goal by the multi-objective arc-based local
otion planning. This test serves to validate the feasibility of the
roposed method.
The two simulation experiments were carried out on a single

aptop equipped with an AMD R7 5800H CPU, RTX 3070 GPU and
2 GB of RAM. The global path planning test was conducted in the
buntu 20.04 environment, utilizing the ROS Foxy framework.
he planetary rover mission simulation was conducted in a Win-
ows 10 environment, utilizing the Webots R2021a simulation
oftware and Python 3.7.

5.1. Global path planning test

A comparative experiment was conducted to evaluate the
proposed improved A*-based algorithm in comparison to the
classical A* algorithm. The evaluation was performed using two
DEMs, comprising small-scale real lunar surface data collected by
Yutu-2 and large-scale simulated lunar surface data created by
the researchers. The two DEMs are as shown in Fig. 10.

The specific parameters of the real lunar DEM and simulated
EM are listed in Table 1.
In this experiment, the classical A* algorithm employed an

ight-connected grid for state expansion. The heuristic function
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Fig. 15. (a) The result of autonomous navigation test 1 on simulated terrain. (b) The result of autonomous navigation test 2 on simulated terrain.
t
r
d

h(s) was defined as the Euclidean distance, while the actual
cost function g(s) represented the distance in three-dimensional
space. In addition, the improved A*-based algorithm utilized the
motion primitive library for searching, as shown in Fig. 4. The
motion primitives corresponding to a slope angle of 0◦ were
identical to those found in the two-dimensional motion primitive
10
library. The resolution of the slope angle was set at 5◦, while
he maximum slope angle φmax = 30◦. The cost function g(s) was
epresented by Eq. (12), while the heuristic function h(s) was
enoted as Eq. (13).
The partial planning results of two algorithms operating with

identical initial and goal states are shown in Fig. 11.
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Fig. 16. Test scene based on real lunar DEM and addition obstacles.

Each subfigure in Fig. 11 presents a comparison of the planning
paths generated by the classical A* algorithm (left) and improved
A*-based algorithm (right). Identical paths from different per-
pectives are shown in the subfigures within the same column.
he initial and goal states are denoted by the white and black
rrows depicted in the figure, while the heading of the planetary
over is signified by the direction of the arrows. It shows that
he starting and ending directions of the path generated by the
mproved A*-based algorithm are consistent with the initial and
arget orientations. However, the classical A* algorithm only takes
nto account the initial and target coordinates. Moreover, the path
enerated by improved A*-based algorithm forms a smooth curve
n contrast to the path generated by the classical A* algorithm,
hich contains numerous sharp corners. This characteristic is
nticipated to diminish the operational efficiency of the plan-
tary rover. In Fig. 11(b), the path generated by the classical

A* algorithm intersects the ring-shaped mountains and concave
errain directly, rendering it impassable for the planetary rover.
his result represents a failure. In contrast, the path generated
y improved A*-based algorithm effectively circumvents these
bstacles, enabling the safe guidance of the planetary rover to the
arget.

Forty planning tasks were executed using two DEMs to com-
are the planning time and path length of two algorithms. The
irst twenty planning tasks were conducted on the real DEM,
while the simulated DEM was utilized for the subsequent twenty
lanning tasks. The initial and goal states of each planning task
ere selected randomly. As shown in Fig. 12, less planning time is
enerally required in the improved A*-based algorithm compared
o the classical A* algorithm. The planning results of the improved
*-based algorithm lead to an average time savings of 30.05%
n the planning process. Due to the generation of a smoother
ath and the consideration of the planetary rover’s attitude at
he initial and goal states, the improved A*-based algorithm may
esult in a slightly longer path length compared to the classical
A* algorithm. However, the increment is only by an average of
0.80%, which is not significant.

5.2. Autonomous navigation on simulated terrain

Complex terrains such as gullies and ring mountains are in-
luded in the simulated DEM shown in Fig. 10(b) which makes
t more challenging. Consequently, this DEM was utilized to cre-
ate scene in Webots simulation software for conducting the au-
tonomous navigation test. The test scene is shown in Fig. 13. In
11
order to validate the obstacle avoidance capability of the pro-
posed local motion planning method, the rocks were randomly
placed and used as obstacles in the scene. These rocks are un-
known in the DEM. Thus, they are unable to be considered in the
global path planning process.

The planetary exploration rover model is shown in Fig. 14. The
over employed four-wheel differential drive, with dimensions of
.9 m×0.6 m×0.38 m and a wheel radius of 0.19 m. The virtual
heel spacing was experimentally determined to be approxi-
ately 1.20 m. An RGB-D camera was mounted on the front of

he rover, angled downward with a pitch of −15◦. This serves to
mprove the rover’s perception ability of nearby obstacles.

In the experiment, the rover’s wheel speed was limited to
 rps. Thus, the rover’s maximum linear and angular velocities

are 0.19 m/s and 0.316 rad/s, respectively. The sampling-based
arc path generation method described in Section 4.2 is used to
generate the set of optional arc paths. The velocity combinations
utilized are listed in Table 2.

Start positions and mission goals were randomly selected in
this test. The improved A*-based algorithm was used to gener-
ate a global path from the start position to the mission goal.
Subsequently, the multi-objective arc-based local motion plan-
ning method was employed to guide the rover in following the
global path. Visualizations of two autonomous navigation tests
are shown in the leftmost figures of Figs. 15(a) and 15(b). The
ission goal is represented by the red star, while the obstacles

are symbolized by the black circles. The global path and the
rover’s motion trajectory are illustrated by the orange dashed
and green solid lines, respectively. The remaining four figures
on the right side of Figs. 15(a) and 15(b) show the rover’s lin-
ear velocity, angular velocity, and the rotation speeds of its left
and right wheels over time during the two tests. In this test,
the rover’s autonomous navigation ability is demonstrated by
effectively avoiding obstacles and successfully tracking the global
path. Furthermore, the effectiveness of the proposed local motion
planning method in improving the rover’s mobility is also demon-
strated within the wheel speed constraints. Thus, the planetary
rover can be safely and efficiently guided to the mission goal on
simulated terrain through the proposed improved path planning
and tracking control method.

5.3. Autonomous navigation test on lunar terrain

To further validate the feasibility of proposed algorithm on the
actual lunar terrain, a test was conducted using the real lunar
DEM shown in Fig. 10(a) derived from exploration data collected
y the Yutu-2 rover. As mentioned in Section 5.2, the DEM was

loaded into the Webots software, where additional rocks were
introduced as obstacles to evaluate the obstacle avoidance capa-
bilities of the local motion planning algorithm. The test scene is
shown in Fig. 16.

The same planetary rover described in Section 5.2 is utilized
n this test, as shown in Fig. 14. The wheel speeds are similarly
restricted to 1 rps, and the speed combinations employed are
isted in Table 2.

Visualizations of two autonomous navigation tests are shown
he leftmost figures of Figs. 17(a) and 17(b), where the starting
positions and mission goals are randomly selected. The red star
in the figure represents the mission goal, while the black cir-
cles represent obstacles. The global path is illustrated by orange
ashed lines, and the rover’s motion trajectory is depicted by

green solid lines. The remaining four figures on the right side
f Figs. 17(a) and 17(b) show the rover’s linear velocity, angular
elocity, and the rotation speeds of its left and right wheels

over time for both tests. In these tests, the proposed algorithm
effectively controls the rover to avoid obstacles and successfully
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Fig. 17. (a) The result of autonomous navigation test 1 on lunar terrain. (b) The result of autonomous navigation test 2 on lunar terrain.

12
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Table 2
Velocity Combination for optional arc path set.
Velocity type Velocity combinations

v (m/s) ±0.19 0.18 0.17 ±0.15 0.13 ±0.10 0.07 0.04 0
ω (rad/s) 0 ±0.016 ±0.033 ±0.066 ±0.10 ±0.15 ±0.20 ±0.25 ±0.316
track the global path on actual lunar terrain. In addition, the
ffectiveness of the proposed local motion planning method in
nhancing the rover’s mobility under wheel speed constraints is

demonstrated. Consequently, with the proposed improved path
lanning and tracking control method, the planetary rover can
afely and efficiently achieve its mission objectives under actual
lunar surface conditions.

In addition, the proposed improved path planning and tracking
ontrol method has received the National Second Prize in the
18th ‘‘Challenge Cup’’ National College Student Extracurricular
Academic Science and Technology Works Competition, which is
about autonomous navigation capabilities of planetary rovers in
lunar surface exploration missions.

6. Conclusion

The improved path planning and tracking control method is
proposed in this paper to address autonomous path planning
hallenges in planetary rover exploration missions. With this
ethod, a planetary rover can safely and efficiently navigate from

ts initial position to a mission goal. Global paths that satisfy
the motion constraints of the planetary rover are generated by
the proposed improved A*-based global planning method with
motion primitives. The global paths adhere to terrain constraints
by considering various terrain features such as roughness, slope,
height, etc. The planetary rover can follow the global path to
he mission goal using the proposed multi-objective arc-based
ocal motion planning method. An optional arc path set is gen-
rated based on the mobility capabilities of the planetary rover.
nder the constraints of multiple objectives, the optimal arc
ath is selected by the evaluation function. The rover achieves
eal-time obstacle avoidance and accurate tracking of the global
ath through optimal motion. The simulation results show that
he proposed improved A*-based algorithm reduces the planning
ime by 30.05% and generates smoother paths compared with the
lassical A* algorithm. The proposed multi-objective arc-based
ethod improves the efficiency of the planetary rover’s motion,
nsuring a safer and more efficient arrival at the mission goal
long the global path.
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