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This paper explores the joint terrestrial-aerial path planning challenge for the tensegrone robot, which combines a six-bar tensegrity struc-

ture with drone capabilities. Due to its unique construction, the tensegrone robot can both roll on the ground and fly in the air. To solve this

joint path planning problem, we introduce a method based on probabilistic roadmaps. This approach leverages the topological properties

of the feasible space and eliminates the necessity of calculating execution-specific trajectories. Moreover, to address the issue of achieving

precise postures during the transition from rolling to flying mode, we propose a two-stage trajectory generation method. The effectiveness

and robustness of the proposed methods are validated through simulation tests.
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1. Introduction

With the continuous development of computer technol-

ogy, control algorithms, and sensing technologies, mobile

robots have been widely applied in real-world scenarios

to assist or replace humans in performing complex and

hazardous tasks [1–4]. To address the demands of chal-

lenging working conditions, robots have been designed to

operate in various environments, including aerial, under-

water, terrestrial, and pipeline contexts. Examples include

quadrotor drones, unmanned submarines, and snake robots.

These robots possess a certain degree of perception and

autonomous decision-making capabilities, enabling them to

complete their designated tasks. However, these robots typ-

ically have a single mode of movement, making them suit-

able for only one type of environment and limiting their

operational capabilities to that specific domain. In con-

trast, robots capable of multiple modes of movement and

functioning in multi-domain environments have significant
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practical implications. Among these, the research on cross-

domain robots, particularly those capable of operating both

on land and in the air, remains a prominent focus in the

academic field [5–8]. We propose a novel robot named

“tensegrone,” which integrates a tensegrity robot with driv-

ing capabilities and a drone. The name “tensegrone” is a

portmanteau of “tensegrity” and “drone”. The diagram of

tensegrone is shown in Fig. 1. This design leverages the

impact resistance of the tensegrity structure and utilizes

a cable-driven system to provide efficient and low-energy

terrestrial rolling capabilities. It is capable of performing

actions such as rolling and jumping [9]. Additionally, it ben-

efits from an octocopter’s agility and robust traversing abil-

ities. Motion planning plays a crucial role in enabling the

robot’s autonomous movement in real-world tasks. Given

the terrestrial-aerial mobility of tensegrone, the scenarios

become increasingly complex.

Joint terrestrial-aerial planning is an effective approach

to achieve dual-mode motion [5, 10]. A dynamic model is

developed that applies to both terrestrial and aerial modes,

enabling a seamless transition between the two [11]. The

study [11] addresses the complexities involved in motion

planning and control for vehicles capable of both terres-

trial and aerial movement. It introduces a unified dynamic

model for such vehicles, utilizing differential flatness to
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Fig. 1. The diagram of tensegrone robot.

facilitate the planning and control processes. This frame-

work provides a robust solution for autonomous naviga-

tion in unknown environments. The literature [6] discusses

the differential flatness of drones and two-wheeled vehicles.

Specifically, it proposes a unified flight-rolling planner tai-

lored for hybrid terrestrial and aerial quadcopters (HyTAQs).

By mapping three-dimensional polynomial trajectories to

two-dimensional surfaces, the authors derive motion primi-

tives applicable to both aerial and groundmovement modes,

providing a consistent pipeline for both modes. Since the

terrestrial rolling motion of tensegrity structures does not

possess differential flatness, this trajectorymappingmethod

cannot be used for them. The literature [5] employs a more

generalizedmethodology in its frontend design. The authors

build upon the concept of Uniform Visibility Deformation

(UVD) from [12], extending it to encompass both terrestrial

and aerial planning. This extension results in a geometric

representation of feasible spaces suitable for ground and

aerial navigation.

Due to the discrete nature of the rolling motion of

tensegrity robots, explicit trajectory generation, such as

polynomial or spline trajectories, is typically not employed

in motion planning problems. The method proposed in [13]

abstracts the terrestrial rolling path of tensegrity robots into

concatenated regular hexagons and utilizes the A* algorithm

for path planning. Owing to the existence of both equilat-

eral and isosceles triangular surfaces on tensegrity robots,

the rolling motion of these robots on the ground cannot

be entirely modeled as the movement of regular hexagons.

Therefore, when planning trajectories over considerable

distances, this may lead to deviations from the center of

the hexagon for tensegrity robots. The characteristics of

tensegrity robots are analyzed in [14], and the tensegrity

robots are modeled as an icosahedron. By constructing an

unfolded icosahedron graph, they obtain a potential path

graph for the tensegrity robots. This path graph better repre-

sents the rolling process of the tensegrity robots compared

to the regular hexagon. Subsequently, the Dijkstra algorithm

is employed for the target path search. This approach can

be traced back to the research on the rolling of polyhedra

mentioned in [15]. In [16], a breadth-first search method

with pruning operations for potential path graphs of pla-

tonic solids on a plane is designed, enabling path searches

for more general convex polyhedra. However, these meth-

ods [13–16] have a strong condition where certain groups

of specific adjacent faces within the convex polyhedra can-

not be transformed via rolling. While this condition sim-

plifies the potential path graph, it significantly reduces the

feasible paths for the robot, compromising part of its mobil-

ity. The physics simulation engine of tensegrity robots is uti-

lized in [17]. In this approach, themotionof tensegrity robots

is abstracted as multiple motion primitives involving transi-

tions between different faces. These motion primitives are

obtained through forward dynamic simulation. A sample-

based path planning method is utilized to achieve rolling

path planning for tensegrity robots. This method effectively

leverages the motion characteristics of tensegrity robots.

However, incorporating dynamics into planning requires val-

idating the obtained paths through forward kinematics cal-

culations at each sampling instance, leading to excessively

long planning times, and reduced flexibility.

In octocopter trajectory planning, the authors of [18]

adopted a two-tiered planning structure. It initially uses

geometric path searching to obtain an initial path, which,

after pruning, serves as the initial solution for the back-end

B-spline trajectory optimization problem. Given the differ-

ential flatness, motion for octocopter can be represented by

a polynomial trajectory and a function of yaw angle over

time. The form of solutions to the optimal control problem

is analyzed in [12], and the analytical form of the optimal

solution for this specific problem is derived. Additionally,

the authors examine common constraints and cost function

forms. They provide methods for constraint handling and

outline gradient computationwith linear time complexity. In

competitive settings, [19] employs weighted A* as the front-

end path-search module and utilizes a rolling time-domain

planning framework in the back-end for real-time trajectory

replanning.

The tensegrone faces several challenges in its terres-

trial-aerial path planning: The robot’s terrestrial movement

mode is unique, characterized by discrete rolling gaits, and

existing terrestrial rolling planning algorithms have not per-

fectly solved its planning issues. Transitioning between ter-

restrial and aerial modes takes time, necessitating specific

faces of the robot to make contact with the ground when
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switchingmodes. No relatedwork has been advanced on this

aspect yet, and existing algorithms struggle to address the

issue of discrete ground constraints and continuous position

constraints coexisting in tensegrone.

The inspiration for this work stems from the aforemen-

tioned publications, with a focus on addressing the joint

terrestrial-aerial path planning problem for tensegrone. To

tackle this problem, we design a two-layer structure. In the

first layer, a joint terrestrial-aerial geometric path genera-

tion module based on visib-PRM is used to generate candi-

date paths that combine both terrestrial and aerial routes.

These candidate paths are then passed to the second layer

for refinement. The second layer consists of two compo-

nents: one is the trajectory generation algorithm for UAVs,

where the geometric guiding path is integrated into the

improved A* algorithm as part of its heuristic function to

ensure a feasible trajectory. The other component is the

terrestrial rolling trajectory generation algorithm, where

points along the geometric path are used as centers for

random sampling within the configuration space. This two-

stage approach ensures that the generated paths satisfy the

end state requirements while effectively integrating both

terrestrial and aerial motion modes. The workflow of the

tensegrone joint planner is shown in Fig. 2. The primary

contributions of this work are summarized as follows:

(1) A specialized geometric path-search algorithm

is devised to address the joint terrestrial-aerial planning

challenge of tensegrone. The algorithm leverages sam-

pling and UVD to create a probabilistic roadmap that

captures the geometric characteristics of viable spaces.

(2) A sampling-based path planning algorithm for

tensegrone is developed by utilizing a library of motion

primitives instead of controlling inputs obtained

through sampling. This approach enhances computa-

tional efficiency.

(3) A two-stage rolling planning method is devised to

address discrete attitude and position constraints dur-

ing takeoff of tensegrone.

This paper is arranged as follows. In Sec. 2, an

introduction to the design details of the tensegrone robot is

presented. In Sec. 3, we enhance the visiv-PRM and UVD con-

cepts, devising a joint terrestrial-aerial planning algorithm.

Section 4 details the trajectory generation algorithm. Here,

for UAVs, we implement an enhanced A* algorithm and a

3D Bresenham algorithm [20] for initial aerial path pruning.

Furthermore, we incorporate an optimization method that

Fig. 2. System architecture of the tensegrone robot. The systemprocesses external information and the end state through the Tensegrone Joint Planner. This

planner includes twokeymodules: front-end searching,which constructs a probabilistic roadmap for the guiding path, and trajectory planning,which handles

both terrestrial rolling and aerialmotion. Terrestrial trajectory generation is achieved using Stable-Sparse-RRT and randomgraph searchwith pruning, while

aerial motion is planned with an improved A* algorithm, 3D Bresenham, and B-spline trajectory optimization. The tensegrone robot controller integrates

these modules to ensure seamless execution of both terrestrial and aerial trajectories.
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leverages B-splines for trajectory generation (Sec. 4.1). Addi-

tionally, a terrestrial rolling trajectory generation algorithm

is introduced, employing a two-stage trajectory generation

approach. Initially, the Stable Sparse-RRT (SST) algorithm

[21] based on motion primitives is utilized to generate a tra-

jectory from the start to end point. Subsequently, an algo-

rithm based on random graph search is employed to yield

trajectories meeting end state requirements (Sec. 4.2). Sec-

tion 5 presents the simulation results for tensegrone, while

Sec. 6 showcases the physical experiments conducted on the

robot. Finally, Sec. 7 provides the concluding remarks for this

paper.

2. Introduction to Tensegrone

The “tensegrone” is a combination of a spherical six-rod

tensegrity robot and an octocopter UAV, as shown in Fig. 1.

Due to the octocopter’s excellent symmetry, it is installed on

the two parallel rods of the tensegrity structure. It is worth

noting that although the tensegrone is anoctocopter, its coax-

ial rotors provide lift in a unified direction. Since the flight

stability of the octocopter requires the eight propellers to

be fixed to a rigid body, while the motion characteristics of

the tensegrity robot require that each rod be connected only

by cables, a separating and merging mechanism has been

designed, as shown in Fig. 3. The octocopter separates dur-

ing the terrestrial rolling mode andmerges during the aerial

motion mode to meet the different motion requirements of

the two robots.

Due to the structural characteristics of the tensegrone,

it has a large moment of inertia. Therefore, when the pro-

pellers have difficulty providing reverse thrust, during take-

off it is required that the angle between the thrust direc-

tion of the octocopter blades and the direction of gravity be

greater than 𝜋/2. Therefore, when switching from terres-

trial mode to flight mode, the tensegrity robot on the ground

needs to meet the takeoff requirements. Specifically, there

are certain triangular faces in the icosahedron that satisfy

the takeoff requirements. Taking Fig. 4 as example, its takeoff

surface consists of two equilateral triangular faces enclosed

by the red lines.

(a) (b)

Fig. 3. Separating and merging mechanism.

Fig. 4. Diagram of the takeoff surface of a tensegrone.

3. Joint Terrestrial-Aerial Geometric Path

Planning

In the design of the joint terrestrial-aerial planning algo-

rithm, to obtain potential mode transitions and energy con-

sumption at unexpanded path nodes, the topological infor-

mation of the free feasible space can be utilized. By retain-

ing only the essential edges for node reachability, the data

volume of the topological map can be significantly reduced.

Additionally, integrating heuristic cost terms can alleviate

computational burden.

In the design of the joint planning approach, the feasible

spaces of different motion modes are decomposed into two

parts: one part is the feasible airspace 𝐶𝐹𝑎𝑖𝑟 in the air, and the

other part is the feasible space 𝐶𝐹𝑜𝑏𝑠 on the bounded upper

surface of obstacles (prisms and cylinders). Within the fea-

sible space on the surface, it is classified into different labels

based on connectivity, denoted as 𝐶𝐹𝑜𝑏𝑠1
, 𝐶𝐹𝑜𝑏𝑠2

, … , 𝐶𝐹𝑜𝑏𝑠𝑛
.

These components, as part of the environmental represen-

tation, are added to the environment class 𝐸𝑛𝑣. Therefore,

the nodes 𝑝 obtained through the sampling algorithm con-

tain two pieces of information: their positional information

𝑝𝑝𝑜𝑠 and the label information of the space they belong to

𝑝𝑓𝑙𝑎𝑔. A projection-based method is employed to map sam-

ple points onto manifolds within the free space, ensuring

uniform sampling across all feasible spaces under different

motion modes. When exploring feasible spaces, the guard

class from visib-PRM is used to occupy free feasible spaces,

and the bridge class is employed to connect adjacent spaces.

Through the aforementioned nodes, we can obtain the con-

nectivity relationships between feasible regions, as shown in

Fig. 5.
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(a) (b)

Fig. 5. Node visualization diagram in Visib-PRM. (a) Visibility domain of a

configuration and (b) the visibility roadmap defined by guard nodes (black)

and bridge nodes (white).

Algorithm 1. Uniform Sampling.

Input: (𝐶, 𝐶obs, 𝐶𝐹obs)

1: 𝑄 = ∅;

2: while 𝑄 == ∅ do

3: 𝑝𝑜𝑠𝑟𝑎𝑛𝑑 = 𝑢𝑛𝑖𝑓𝑜𝑟𝑚𝑅𝑎𝑛𝑑𝑜𝑚𝑆𝑎𝑚𝑝𝑙𝑒(𝐶);

4: for 𝑜𝑏𝑠𝑖 ∈ 𝐸𝑛𝑣.𝑜𝑏𝑠

5: 𝑑𝑖 = 𝑚𝑖𝑛𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐶𝐹𝑜𝑏𝑠𝑖 , 𝑝𝑜𝑠𝑟𝑎𝑛𝑑);

6: if 𝑑𝑖 < 𝜃𝑙𝑜𝑐𝑎𝑙
7: 𝑞𝑝𝑟𝑜𝑗 = 𝑝𝑙𝑎𝑛𝑒𝑃𝑟𝑜𝑗(𝐶𝐹𝑜𝑏𝑠𝑖 , 𝑝𝑜𝑠𝑟𝑎𝑛𝑑);

8: if 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛𝐶ℎ𝑒𝑐𝑘(𝐶𝑜𝑏𝑠𝑖, 𝑞𝑝𝑟𝑜𝑗.𝑝𝑜𝑠)

9: 𝑞𝑝𝑟𝑜𝑗.𝑓𝑙𝑎𝑔 = 𝑖;

10: 𝑎𝑑𝑑(𝑄, 𝑞𝑝𝑟𝑜𝑗);

11: end

12: end

13: if not 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛𝐶ℎ𝑒𝑐𝑘(𝐶𝑜𝑏𝑠, 𝑝𝑜𝑠𝑟𝑎𝑛𝑑)

14: 𝑞𝑝𝑟𝑜𝑗.𝑓𝑙𝑎𝑔 = −1;

15: 𝑎𝑑𝑑(𝑄, 𝑞𝑝𝑟𝑜𝑗);

16: end

17: end

18: end

The function uniformRandomSample implements uni-

form sampling in the configuration space 𝐶, with the out-

put being the three-dimensional coordinates 𝑝𝑜𝑠𝑟𝑎𝑛𝑑 of the

sampled node (line 3). Subsequently, the algorithm traverses

all obstacles with surface feasible spaces and calculates the

nearest distance from 𝑝𝑜𝑠𝑟𝑎𝑛𝑑 to𝐶𝐹𝑜𝑏𝑠𝑖 . If this distance is less

than a threshold, it triggers the subsequent mapping mech-

anism (lines 4–6). In the function planeProjection, the algo-

rithm first maps 𝑝𝑜𝑠𝑟𝑎𝑛𝑑 to the corresponding point on the

plane where 𝐶𝐹𝑜𝑏𝑠𝑖 resides based on the surface normal vec-

tor of 𝐶𝐹𝑜𝑏𝑠𝑖 . Then, using a guiding vector of random length

and direction perpendicular to the normal vector, the corre-

sponding point is mapped to 𝑞𝑝𝑟𝑜𝑗𝑒𝑐𝑡 (line 7). Subsequently,

by checking the collision relationship between 𝑞𝑝𝑟𝑜𝑗𝑒𝑐𝑡 and

the obstacle 𝐶𝑜𝑏𝑠𝑖, if a collision exists, the label of 𝑞𝑝𝑟𝑜𝑗𝑒𝑐𝑡 is

set to the current obstacle’s number, and the node is added

to the output set 𝑄 (lines 8–10). Finally, to ensure that the

threshold mapping mechanism does not affect the unifor-

mity of the sampling algorithm, collision detection is per-

formed on the original 𝑝𝑜𝑠𝑟𝑎𝑛𝑑. If it meets the safety require-

ments, the label of 𝑝𝑜𝑠𝑟𝑎𝑛𝑑 is set to airspace, and it is added

to the set 𝑄 (lines 13–15). Algorithm 1 yields a set of labeled

nodes 𝑄, which can be utilized for subsequent visual node

determination.

In the visual node determination section (Algorithm 2),

first, iterate through all nodes 𝑞𝑖 in the set of sampled nodes

𝑄, and consider the guard nodes in the roadmap𝐺 that are in

the same feasible space as 𝑞𝑖 as the current set of points to be

computed. Find the set 𝑄𝑛𝑒𝑖𝑔ℎ of points in the same feasible

spacewithin a radius 𝛿 of 𝑞𝑖 (line 2). If𝑄𝑛𝑒𝑖𝑔ℎ is an empty set

or if all points in 𝑄𝑛𝑒𝑖𝑔ℎ are bridge nodes, then the current

𝑞𝑖 is considered as a guard node to be added to the roadmap

𝐺 (lines 3–5). Otherwise, if the number of visible nodes for

the current node is greater than or equal to 2, it is consid-

ered that this nodemay become a bridge node and enters the

bridge node update function (lines 6 and 7).

After obtaining a new candidate bridge node 𝑞𝑖, it is

necessary to determine whether 𝑞𝑖 satisfies the condition of

uniform visible deformation within the same feasible space

through a certain updating strategy. Utilize 𝑞𝑖 and the guard

nodes in 𝑄𝑛𝑒𝑖𝑔ℎ to form a new local feasible path, and verify

if there are other paths within the feasible space of this path.

Based on this, determine whether a bridge node should be

added or not.

In the bridge node update strategy (Algorithm 3), the

node in 𝑄𝑛𝑒𝑖𝑔ℎ closest to 𝑞bridge is denoted as 𝑞nearest (line

1). 𝑞nearest is set as the base point for judging the uniqueness

and uniform visible deformation of the bridge, i.e. all start-

ing points of the paths to be checked are 𝑞nearest. This design

ensures that the newly added bridge node exists only within

the coverage range of the closest node, preventing confu-

sion in path priorities caused by newly added bridge nodes.

Then, traverse through the nodes in set 𝑄𝑛𝑒𝑖𝑔ℎ other than

𝑞nearest, and connect 𝑞nearest, 𝑞bridge, and 𝑞𝑖 in sequence to

form a local feasible path 𝑝𝑎𝑡ℎ1 (line 2 and 3). To determine

Algorithm 2. Visual Node Determination.

Input: (𝑄, 𝐶, 𝐶𝑜𝑏𝑠, 𝒢)

1: for 𝑞𝑖 ∈ 𝑄

2: 𝑄𝑛𝑒𝑖𝑔ℎ = 𝑘𝑛𝑛𝑆𝑒𝑎𝑟𝑐ℎ(𝐺.𝑔𝑢𝑎𝑟𝑑, 𝑞𝑖, 𝛿);

3: if 𝑠𝑒𝑚𝑝𝑡𝑦(𝑄𝑛𝑒𝑖𝑔ℎ) || ∀ 𝑞 ∈ 𝑄𝑛𝑒𝑖𝑔ℎ, 𝑞.𝑡𝑦𝑝𝑒 ==

𝑏𝑟𝑖𝑑𝑔𝑒

4: 𝑞𝑖.𝑡𝑦𝑝𝑒 = 𝑔𝑢𝑎𝑟𝑑;

5: 𝑎𝑑𝑑𝐺𝑢𝑎𝑟𝑑(𝐺, 𝑞𝑖);

6: else if 𝑠𝑖𝑧𝑒(𝑄𝑛𝑒𝑖𝑔ℎ) ≥ 2

7: 𝑏𝑟𝑖𝑑𝑔𝑒𝑈𝑝𝑑𝑎𝑡𝑒(𝐺, 𝑞𝑖, 𝑄𝑛𝑒𝑖𝑔ℎ);

8: end

9: end
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Algorithm 3. Bridge Node Update.

Input: (𝒢, 𝑞bridge, 𝑄𝑛𝑒𝑖𝑔ℎ)

1: 𝑞nearest = 𝑄𝑛𝑒𝑖𝑔ℎ(1);

2: for𝑞𝑖 ∈ 𝑄𝑛𝑒𝑖𝑔ℎ\𝑞nearest
3: 𝑝𝑎𝑡ℎ1 = 𝑔𝑒𝑡𝑃𝑎𝑡ℎ(𝑞nearest, 𝑞bridge, 𝑞𝑖);

4: 𝐷𝑖𝑠𝑡𝑖𝑛𝑐𝑡 = 𝑡𝑟𝑢𝑒;

5: 𝑁𝑠 = 𝑠ℎ𝑎𝑟𝑒𝑁𝑒𝑖𝑔ℎ𝑠(𝐺, 𝑞nearest, 𝑞𝑖);

6: for 𝑛𝑠 ∈ 𝑁𝑠
7: 𝑝𝑎𝑡ℎ2 = 𝑔𝑒𝑡𝑃𝑎𝑡ℎ(𝑞nearest, 𝑛𝑠, 𝑞𝑖);

8: if 𝑈𝑉𝐷𝐴𝑏𝑙𝑒(𝑝𝑎𝑡ℎ1, 𝑝𝑎𝑡ℎ2)

9: 𝐷𝑖𝑠𝑡𝑖𝑛𝑐𝑡 = 𝑓𝑎𝑙𝑠𝑒;

10: if 𝑙𝑒𝑛(𝑝𝑎𝑡ℎ1) < 𝑙𝑒𝑛(𝑝𝑎𝑡ℎ2)

11: 𝑟𝑒𝑝𝑙𝑎𝑐𝑒(𝐺, 𝑞bridge, 𝑛𝑠);

12: break;

13: end

14: end

15: end

16: if 𝐷𝑖𝑠𝑡𝑖𝑛𝑐𝑡

17: 𝑎𝑑𝑑𝐵𝑟𝑖𝑑𝑔𝑒(𝐺, 𝑞nearest, 𝑞bridge, 𝑞𝑖);

18: end

19: end

the uniqueness of 𝑞bridge, let 𝑁𝑠 denote the common bridge

nodes between 𝑞nearest and 𝑝𝑖 (line 5). Traverse through 𝑁𝑠
to form a local feasible path 𝑝𝑎𝑡ℎ2 composed of 𝑞nearest, 𝑛𝑠,

and 𝑞𝑖 (line 6 and 7). If 𝑝𝑎𝑡ℎ2 does not have a uniform vis-

ible deformation relationship with 𝑝𝑎𝑡ℎ1 (line 8), then it is

known that there is no reachable path between 𝑞nearest and

𝑞𝑖, and anewbridge node is needed to connect the twopoints

(lines 16 and 17). If 𝑝𝑎𝑡ℎ2 has a uniform visible deformation

relationshipwith 𝑝𝑎𝑡ℎ1, then the current node is not consid-

ered as a bridge node to be added, and the lengths of the two

paths need to be compared to choose the optimal local fea-

sible path (lines 10 and 11). The relationships between the

nodes are illustrated in Fig. 6.

The pseudocode for the uniform visible deformation

check algorithm is shown in Algorithm 4. First, it checks

whether the input two paths satisfy the conditions of the

same type (line 2). Since the starting and ending points

of 𝑝𝑎𝑡ℎ1 and 𝑝𝑎𝑡ℎ2 are the same, only the bridge nodes

between the two points need to be compared, i.e. whether

the labels of 𝑞bridge and 𝑞𝑖 are the same. If they are differ-

ent, return false directly. During the UVD check process, nor-

malize 𝑝𝑎𝑡ℎ1 and 𝑝𝑎𝑡ℎ2 to the scale range of [0,1], and com-

pute the relationship between the line checkPath formed by

𝑝𝑎𝑡ℎ1(𝑡) and 𝑝𝑎𝑡ℎ2(𝑡) and the obstacles. If there exists a

time 𝑡 such that checkPath(𝑡) collides with an obstacle, it is

considered that the two paths do not have a uniform visi-

ble deformation relationship, and false is returned (lines 9

and 10).

Combining the above, the overall probabilistic roadmap

search algorithm is shown in Algorithm 5. The probabilistic

Fig. 6. Illustration of the relationships between the nodes.

Algorithm 4. UVD Able.

Input: (𝑝𝑎𝑡ℎ1, 𝑝𝑎𝑡ℎ2)

1: 𝑑𝑒𝑓𝑜𝑟𝑚𝑎𝑏𝑙𝑒 = 𝑡𝑟𝑢𝑒;

2: if𝑡𝑦𝑝𝑒𝐶ℎ𝑒𝑐𝑘(𝑝𝑎𝑡ℎ1, 𝑝𝑎𝑡ℎ2)

3: 𝑑𝑒𝑓𝑜𝑟𝑚𝑎𝑏𝑙𝑒 = 𝑓𝑎𝑙𝑠𝑒;

4: return;

5: end

6: for 𝑡 = 0 ∶ 1/𝛿𝑡
7: 𝑐ℎ𝑒𝑐𝑘𝑃𝑎𝑡ℎ = 𝑔𝑒𝑛𝑃𝑎𝑡ℎ(𝑝𝑎𝑡ℎ1(𝑡 ∗ 𝛿𝑡), 𝑝𝑎𝑡ℎ2(𝑡 ∗

𝛿𝑡));

8: for 𝑡𝑐 = 0 ∶ 1/𝛿𝑐
9: if 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛𝐶ℎ𝑒𝑐𝑘(𝑐ℎ𝑒𝑐𝑘𝑃𝑎𝑡ℎ(𝑡𝑐)

10: 𝑑𝑒𝑓𝑜𝑟𝑚𝑎𝑏𝑙𝑒 = 𝑓𝑎𝑙𝑠𝑒;

11: break;

12: end

13: end

roadmap search algorithm first obtains a set of candidate

nodes with positions and feasible space labels through uni-

form samplingwithin the feasible space (line 5). Then, it iter-

ates through the node set, classifies the current node using

the visual node determination strategy (lines 6–11), and

checks the subsequent node update strategy for nodes with

bridge attributes. During node updates, the nearest neigh-

bor node obtained from the visual node determination pro-

cess is used as the common starting point, and local feasible

paths with the same bridge node are traversed to determine

uniform visible deformation characteristics and costs (lines

12–28).

Finally, we use theDijkstra algorithm to search for paths

from the starting point to the destination point on graphs

containing only aerial nodes, only terrestrial nodes, and

graphs containing feasible planes, obtaining guiding paths

for use in the subsequent path planning module.
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Algorithm 5. Probabilistic Roadmap.

Input: (𝒢, 𝑠, 𝑔)

1: Initialize(𝒢, 𝐸𝑛𝑣);

2: AddGuard(𝒢, 𝑠);

3: AddGuard(𝒢, 𝑔);

4: while 𝑡 ≤ 𝑡𝑚𝑎𝑥 ∧ 𝑁sample ≤ 𝑁max do

5: 𝑝𝑠 ← Sample();

6: 𝑔𝑣𝑖𝑠 ← VisibleGuards(𝒢, 𝑝𝑠);

7: 𝑝𝑠𝑎𝑚𝑒 = FindSamePlane(𝑝𝑠, 𝑔𝑣𝑖𝑠);

8: if 𝑔𝑣𝑖𝑠.𝑠𝑖𝑧𝑒 == 0 or 𝑝𝑠𝑎𝑚𝑒== NULL then

9: AddGuard(𝒢, 𝑝𝑠);

10: elseif 𝑔𝑣𝑖𝑠.𝑠𝑖𝑧𝑒 ≥ 2 then

11: for 𝑝𝑖𝑡𝑒𝑟 ∈ 𝑔𝑣𝑖𝑠\𝑝𝑠𝑎𝑚𝑒

12: 𝑝𝑎𝑡ℎ1 ← Path(𝑝𝑠𝑎𝑚𝑒, 𝑝𝑠, 𝑝𝑖𝑡𝑒𝑟);

13: Distinct← True

14: 𝒩𝑠 ← ShareNeighs(𝒢, 𝑝𝑠𝑎𝑚𝑒, 𝑝𝑖𝑡𝑒𝑟);

15: for each 𝑛𝑠 ∈ 𝒩𝑠

16: 𝑝𝑎𝑡ℎ2 ← Path(𝑝𝑠𝑎𝑚𝑒, 𝑛𝑠, 𝑝𝑖𝑡𝑒𝑟);

17: if UVD Able (𝑝𝑎𝑡ℎ1, 𝑝𝑎𝑡ℎ2) then

18: Distinct← False;

19: if Len(𝑝𝑎𝑡ℎ1)< Len(𝑝𝑎𝑡ℎ2) then

20: Replace(𝒢, 𝑝𝑠, 𝑛𝑠);

21: break;

22: end

23: end

24: end

25: if Distinct then

26: AddBridge(𝒢, 𝑝𝑠, 𝑝𝑠𝑎𝑚𝑒, 𝑝𝑖𝑡𝑒𝑟);

27: end

28: end

29: end

4. Terrestrial-Aerial Trajectory Generation

After obtaining the geometrically guiding path, we utilize

this path as prior information, feeding it into terrestrial

and aerial trajectory generation modules to derive a fea-

sible trajectory that meets the requirements for controller

execution. In the aerial trajectory generation module, we

use an improved A* algorithm to generate collision-free ini-

tial paths, then apply the 3D Bresenham algorithm for path

reduction. The processed path is utilized as the initial solu-

tion for trajectory optimization problems and inputted into

the B-spline trajectory optimization algorithm to generate

feasible aerial paths. In the terrestrial trajectory genera-

tion module, we employ the SST algorithm based on motion

primitives to achieve continuous terrestrial-rolling trajec-

tory generation. Additionally, to address endpoint posture

constraints, we utilize a two-stage path planning approach

to decouple the problem and conduct random graph search

with pruning in the second stage.

4.1. Octocopter aerial trajectory generation

4.1.1. Improved A* algorithm

In this paper, we use an improved A* algorithm to achieve

real-time path planning from the current position to the tar-

get position of a drone. A* is a commonly used algorithm for

pathfinding and graph traversal, merging characteristics of

both depth-first and breadth-first search algorithms. When

provided with appropriate heuristics, it demonstrates good

performance and accuracy. The crux of the A* algorithm lies

in the design of its evaluation function. It maintains a heuris-

tic evaluation function as

𝑓(𝑛) = 𝑔(𝑛) + ℎ(𝑛). (1)

This function aims for the shortest path, where 𝑔(𝑛)

represents the cost from the starting node to the current

node, andℎ(𝑛) is a heuristic function indicating the cost from

the current node to the goal. A heuristic algorithmemploying

the strategy 𝑓(𝑛) = 𝑔(𝑛)+ ℎ(𝑛)meets certain conditions to

qualify as an A* algorithm:

(1) There exists an optimal path from the start point to the

endpoint in the search tree.

(2) The problem domain is finite.

(3) The search cost of all nodes’ child nodes is larger than 0.

(4) ℎ(𝑛) ≤ ℎ∗(𝑛)( ℎ∗(𝑛) represents the actual cost of the

problem).

When these conditions are met, a heuristic algorithm

with the 𝑓(𝑛) = 𝑔(𝑛) + ℎ(𝑛) strategy is deemed an A*

algorithm, guaranteeing the discovery of an optimal solu-

tion. Considering computational speed and path length, the

heuristic function is set as the sum of the Euclidean distance

from the current point to the endpoint and the offset distance

from the guiding path as

ℎ1(𝑛) = �(𝑛𝑥 − 𝑔𝑥)
2 + (𝑛𝑦 − 𝑔𝑦)

2 + (𝑛𝑧 − 𝑔𝑧)
2, (2)

ℎ2(𝑛) = min𝑑(𝑛,GuidingPath(𝜃)), (3)

where 𝑑() represents the Euclidean distance. To balance

optimality against computational speed and inspired by the

Weighted A* concept, an improvement is made to the heuris-

tic estimation function as

𝑓(𝑛) = 𝑔(𝑛) + 𝜀1 ∗ ℎ1(𝑛) + 𝜀2 ∗ ℎ2(𝑛), (4)

where 𝜖1, 𝜖2 > 1 is the heuristic weight coefficient. The

node with the lowest value (highest priority) is selected as

the next node to be traversed. Maintaining an optimal path

tree enables real-time optimal path planning from the cur-

rent position to the endpoint.
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4.1.2. Path reduction algorithm based on longest

visible path

As theA* algorithmoperates onagridmap, the resultingpath

is grid-based and highly discrete, which is not conducive to

backend processing. Furthermore, due to the use of stronger

heuristics, the generated path is challenging to guarantee as

optimal. Therefore, after obtaining adiscrete path, it requires

specific treatment.

Considering the process of A* generating a three-

dimensional discrete path, a collision detection algorithm is

designed for path reduction. Drawing from the Bresenham

algorithm [20] in computer graphics, it is extended for higher

dimensions. The Bresenham line algorithm is an incremen-

tal error algorithm used to generate straight lines on a grid,

determining the n-dimensional grid points to approximate

the line between two points. It’s commonly employed in

drawing line primitives in bitmap images (e.g. on computer

screens) using only integer addition, subtraction, and shift-

ing, which consume less in standard computer architectures.

In the two-dimensional case, let (𝑥1, 𝑦1), (𝑥2, 𝑦2) be the

endpoints of the line segment, Δ𝑥 and Δ𝑦 denote offsets, and

𝑚 represents the slope written as

𝑚 =
𝑦2 − 𝑦1

𝑥2 − 𝑥1
=
Δ𝑦

Δ𝑥
. (5)

When |𝑚| ≤ 1, for a given 𝑥 increment Δ𝑥,

�
Δ𝑦 = 𝑚Δ𝑥,

Δ𝑥 = 𝑥2 − 𝑥1.

When |𝑚| > 1, for a given y increment Δ𝑦,

�
Δ𝑥 =

Δ𝑦

𝑚
,

Δ𝑦 = 𝑦2 − 𝑦1.

Assuming the pixel 𝑃𝑘(𝑥𝑘, 𝑦𝑘) is determined to be dis-

played, the next point 𝑃𝑘+1 needs to be determined whether

to draw at (𝑥𝑘+1, 𝑦𝑘) or (𝑥𝑘+1, 𝑦𝑘+1).

According to the equation of the line, the 𝑦 coordinate at

𝑥𝑘+1 on the line is

𝑓(𝑥) = 𝑚(𝑥𝑘 + 1) + 𝑏,

𝑑1 = 𝑓(𝑥𝑘 + 1) − 𝑦𝑘, (6)

𝑑2 = (𝑦𝑘 + 1) − 𝑓(𝑥𝑘 + 1).

Substitute𝑚 into 𝑑1 − 𝑑2, and transform it to

𝑝𝑘 = Δ𝑥(𝑑1 − 𝑑2) = 2𝑥𝑘Δ𝑦 − 2𝑦𝑘Δ𝑥 + 𝑐, (7)

where 𝑝𝑘 represents the decision parameter at step 𝑘, and 𝑐

is a constant with a value of 2Δ𝑦 + Δ𝑥(2𝑏 − 1).

Expanding the two-dimensional Bresenham algorithm

to three dimensions yields Algorithm 6.

After generating the three-dimensional discrete line,

optimizations aremade to the A* pathfinding operation. Tra-

ditionally, since A* reaches the target point, the common

Algorithm 6. 3D Bresenham algorithm.

Input: (𝑆𝑡𝑎𝑟𝑡𝑃𝑜𝑖𝑛𝑡, 𝐸𝑛𝑑𝑃𝑜𝑖𝑛𝑡, 𝑟𝑒𝑠)

1: Initialize();

2: 𝑣𝑜𝑟𝑖 = (EndPoint - StartPoint)/res;

3: 𝑣𝑠𝑒𝑞 = sort(abs(𝑣𝑜𝑟𝑖),descend);

4: for i in 1:3

5: 𝑅3×3(𝑣𝑠𝑒𝑞(𝑖), 𝑖) = 1;

6: end

7: 𝑣 = 𝑣𝑜𝑟𝑖 ∗ 𝑅;

8: 𝑠 = 𝑠𝑖𝑔𝑛(𝑣);

9: 𝑣 = 𝑠. ∗ 𝑣;

10: 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡 = [−𝑠.𝑥, 0, 0]

11: 𝑎𝑑𝑑𝑌 = 2 ∗ 𝑣.𝑦;

12: 𝑎𝑑𝑑𝑍 = 2 ∗ 𝑣.𝑧;

13: 𝑓𝑙𝑎𝑔𝑌 = −𝑣.𝑥;

14: 𝑓𝑙𝑎𝑔𝑍 = −𝑣.𝑥;

15: 𝑑 = −2 ∗ 𝑣.𝑥;

16: while (𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(1)! = 𝑣(1)||

17: 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(2)! = 𝑣(2)||

18: 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(3)! = 𝑣(3))

19: 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(1) = 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(1) + 𝑠.𝑥;

20: 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(2) = 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(2)+𝑠.𝑦∗(𝑓𝑙𝑎𝑔𝑌 > 0);

21: 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(3) = 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡(3)+𝑠.𝑧∗(𝑓𝑙𝑎𝑔𝑍 > 0);

22: 𝑓𝑙𝑎𝑔𝑌 = 𝑓𝑙𝑎𝑔𝑌 + 𝑑 ∗ (𝑓𝑙𝑎𝑔𝑌 > 0) + 𝑎𝑑𝑑𝑌;

23: 𝑓𝑙𝑎𝑔𝑍 = 𝑓𝑙𝑎𝑔𝑍 + 𝑑 ∗ (𝑓𝑙𝑎𝑔𝑍 > 0) + 𝑎𝑑𝑑𝑍;

24: 𝑐𝑢𝑟𝑟𝑃𝑜𝑠 = 𝑟𝑒𝑠 ∗ 𝑐𝑢𝑟𝑟𝑃𝑜𝑖𝑛𝑡 ∗ 𝑅𝑇 + 𝑆𝑡𝑎𝑟𝑡𝑃𝑜𝑖𝑛𝑡;

25: end

26: return currPos;

approach involves tracing back from the current node to its

parent node in reverse until the current node becomes the

starting point. In ourmethod, the reverse traversal seeks the

parent nodeof the current node and then evaluates the visual

relationship between the parent node and the starting point.

If the generated discrete line between the nodes doesn’t col-

lide with obstacles, the current node is deemed in line with

the longest visual path principle, and it’s added to the path

to be generated. Subsequently, using this current node as the

new starting point, the reverse traversal starts again from

the endpoint, repeating the process until the current node

becomes the endpoint. In this process, the A* generated path

is reduced to several key nodes, improving the quality of the

initial solution.

Simultaneously, to ensure safety in the drone planning

process, real-time assessments are made on the path gener-

ated initially. If the endpoint lies within an obstacle, the path

is truncated to ensure thedrone can remain in a safe position.

4.1.3. Opti-based curve generation

Due to the differential flatness property, we only need to

know the expression of the desired flat-output trajectory to



June 10, 2026 10:26 WSPC/284-US 2650028 ISSN: 2301-3850

Joint Terrestrial-Aerial Path Planning 953

derive the expected expressions for all state variables and

control quantities in the system. This will effectively reduce

the complexity of the planning. Here, we describe the octo-

copter’s trajectory in three-dimensional space usingB-spline

curves. The B-spline basis functions are defined by the Cox-

de Boor recursive formula, as shown in

𝑁𝑖,𝑘(𝜌) =
𝜌 − 𝜌𝑖

𝜌𝑖+𝑘 − 𝜌𝑖
𝑁𝑖,𝑘−1(𝜌) +

𝜌𝑖+𝑘+1 − 𝜌

𝜌𝑖+𝑘+1 − 𝜌𝑖+1
𝑁𝑖+1,𝑘−1(𝜌),

(8)

where 𝑖 ∈ 0, 1, … , 𝑛, 𝑘 ≥ 1, and

𝑁𝑖,0(𝜌) = �
1, 𝜌𝑖 ≤ 𝜌 ≤ 𝜌𝑖+1,

0 otherwise
(9)

which represents a high-degree B-spline basis function as a

linear combination of lower-degree B-spline basis functions.

B-spline basis functions possess properties of nonnegativity,

local support, continuity in derivatives, and linear indepen-

dence. A B-spline curve can be represented as

𝐶(𝜌) =

𝑛

�

𝑖=0

𝑄𝑖𝑁𝑖,𝑘(𝜌), (10)

where 𝑄𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖)
𝑇 ∈ ℝ3, 𝑖 = 0, 1, … , 𝑛 represents the

𝑖th control point of the curve, 𝑁𝑖,𝑘(𝜌) stands for the 𝑖th k-

degreeB-spline basis function determinedby the knot vector

𝑈, where the number of knots satisfies𝑚 = 𝑛 + 𝑘 + 1.

The trajectory is parameterized by a uniform B-spline

curve 𝜙, with its degree denoted as 𝑝𝑏. It consists of 𝑁𝑐
control points 𝑄1, 𝑄2, … , 𝑄𝑁𝐶 , and a knot vector 𝑡1, 𝑡2, … , 𝑡𝑚,

where 𝑄1 ∈ ℝ3, 𝑡𝑚 ∈ ℝ, and𝑀 = 𝑁𝑐 + 𝑝𝑏.

With reference to [22], we formulate the problem of

obtaining a smooth, safe, and dynamically feasible trajectory

as an optimization problem written as

𝑓𝑝2 = 𝜆𝑠𝑓𝑠 + 𝜆𝑐𝑓𝑐 + 𝜆𝑑(𝑓𝑣 + 𝑓𝑎)

= 𝜆𝑠

𝑁−𝑝𝑏+1

�

𝑖=𝑝𝑏−1

‖Q𝑖+1 − 2Q𝑖 + Q𝑖−1‖
2

+𝜆𝑐

𝑁−𝑝𝑏

�

𝑖=𝑝𝑏

ℱ(𝑑(Q𝑖), 𝑑min)

+ 𝜆𝑑 �

𝜇∈

{𝑥,𝑦,𝑧}

�

𝑁−𝑝𝑏

�

𝑖=𝑝𝑏−1

ℱ(𝑣2max, 𝑄̇
2
𝑖,𝜇
)

+

𝑁−𝑝𝑏

�

𝑖=𝑝𝑏−2

ℱ(𝑎2max, 𝑄̈
2
𝑖,𝜇
)� , (11)

where 𝑣max and 𝑎max are single-axis maximum velocity and

acceleration, ℱ(𝑥, 𝑦) is a penalty function

ℱ(𝑥, 𝑦) = �
(𝑥 − 𝑦)2, 𝑥 ≤ 𝑦,

0, 𝑥 > 𝑦,
(12)

𝑓𝑐 stands for the collision cost, 𝑑(𝑞) is the distance of point

𝑞 in ESDF. 𝑓𝑣 and 𝑓𝑎 penalize infeasible velocity and acceler-

ation, where 𝑄̇𝑖 = [𝑄̇𝑖,𝑥, 𝑄̇𝑖,𝑦, 𝑄̇𝑖,𝑧]
𝑇 and 𝑄̈𝑖 = [𝑄̈𝑖,𝑥, 𝑄̈𝑖,𝑦, 𝑄̈𝑖,𝑧]

𝑇

are the control points of velocity and acceleration, which can

be evaluated by

Q̇𝑖 =
Q𝑖+1 − Q𝑖

Δ𝑡
, Q̈𝑖 =

Q𝑖+2 − 2Q𝑖+1 + Q𝑖

Δ𝑡2
. (13)

4.2. Terrestrial rolling trajectory generation

algorithm within the tensegrity

Due to the presence of mode switching points in the entire

aerial-terrestrial trajectory generation problem, the struc-

tural characteristics of the tensegrone demand that it has

one of two fixed surfaces in contact with the ground during

takeoff. This introduces new constraints for the terrestrial

rolling problem, i.e. discrete face constraints. The tensegrity

rolling problem without considering contact surface con-

straints involves only an inequality constraint concerning

the endpoint position, constituting a continuous constraint.

Hence, this problem becomes intricate, encompassing both

continuous and discrete state variables, along with continu-

ous and discrete constraints. We propose a rolling planning

method encompassing two planning stages: the first stage

uses the SST algorithm, guided by the geometric path, to gen-

erate a preliminary trajectory within a certain range of the

endpoint. In the second stage, the endpoint from the first

stage serves as the starting point for a random graph search,

refining the trajectory while considering the end state to

ensure the vehicle lands on the desired takeoff surface.

4.2.1. Rolling representation of tensegrity based

on motion primitives

In order to fully utilize the guidance path information

obtained in the joint land-air planning, a guiding path-based

sampling algorithm was designed, as shown in Algorithm 7.

The guiding path, GuidingPath, abstracted into a sequence of

points after undergoing path pruning algorithm, with paths

between the points being straight lines that do not inter-

sect with obstacles. To enhance the algorithm’s robustness,

a threshold-switching guiding path sampling was designed.

If the current iteration count exceeds leadT, the algorithm

degrades to regular configuration space random sampling; if

the iteration count is not greater than leadT, the algorithm

calculates the corresponding point on the guiding path based

on the current iteration count and uses it as the center for
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Fig. 7. Illustration of guiding path sampling.

Algorithm 7. Guiding Path Sampling.

Input: 𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ, 𝑋, 𝑡

1: if 𝑡 ≤ 𝑙𝑒𝑎𝑑𝑇

2: [𝑐𝑢𝑟𝑟𝑇, 𝑖] = 𝑐𝑎𝑙𝑆𝑒𝑔𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ, 𝑡, 𝑙𝑒𝑎𝑑𝑇;

3: 𝑐𝑢𝑟𝑟𝑆𝑡𝑎𝑟𝑡 = 𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ(𝑖);

4: 𝑐𝑢𝑟𝑟𝐸𝑛𝑑 = 𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ(𝑖 + 1);

5: 𝑢𝑟𝑟𝑃 = 𝑐𝑢𝑟𝑟𝑇 ∗ 𝑐𝑢𝑟𝑟𝑆𝑡𝑎𝑟𝑡 + (1 − 𝑐𝑢𝑟𝑟𝑇) ∗

𝑐𝑢𝑟𝑟𝐸𝑛𝑑;

6: 𝜃𝑟𝑎𝑛𝑑 = 𝑟𝑎𝑛𝑑() ∗ 2𝜋;

7: 𝑟𝑟𝑎𝑛𝑑 = 𝑟𝑎𝑛𝑑() ∗ 𝑟;

8: 𝑥𝑟𝑎𝑛𝑑.𝑥 = 𝑐𝑜𝑠(𝜃𝑟𝑎𝑛𝑑) ∗ 𝑟𝑟𝑎𝑛𝑑 + 𝑐𝑢𝑟𝑟𝑃(𝑥);

9: 𝑥𝑟𝑎𝑛𝑑.𝑦 = 𝑠𝑖𝑛(𝜃𝑟𝑎𝑛𝑑) ∗ 𝑟𝑟𝑎𝑛𝑑 + 𝑐𝑢𝑟𝑟𝑃(𝑦);

10: else

11: 𝑥𝑟𝑎𝑛𝑑(𝑋);

12: end

random sampling. By combining the guiding path with con-

figuration space random sampling, the utilization of feasi-

ble region connectivity in rolling planning can be improved

without sacrificing the inherent randomness of the sampling

algorithm. The guiding path sampling is illustrated in Fig. 7.

For the tensegrity terrestrial rolling problem, due to

the tensegrone surface being a nonstandard icosahedron, it

cannot cover the entire feasible area on the rolling surface.

Algorithms such as A* that rely on constructing a represen-

tation map of the feasible space before performing graph

search struggle to address such issues. Hence, we employ

a sampling-based planning algorithm. This approach effec-

tively utilizes the geometric path obtained from the second

layer as a guiding path, enhancing sampling efficiency. Addi-

tionally, we opt for an algorithm based on SST [21], which

can achieve probabilistic convergence to the optimal solu-

tion while ensuring computational efficiency.

We adopt a motion primitive-based approach to con-

vert the tensegrity rolling control into a face-to-face rolling

problem, thereby improving computational speed. The basic

rolling motion of the tensegrity robots is achieved by tran-

sitioning from one face on the ground to an adjacent face.

The tensegrity robots have a surface geometry comprising

24 edges occupied by elastic cables and six additional virtual

Fig. 8. Faces of an unfolded icosahedron tensegrity, where the red face

serves as a surface that can switch to aerial modes.

edges forming 20 triangular faces. As a result, there could

potentially be 60 motion primitives to consider in terms

of rolling directionality. However, owing to the symmetrical

topology of the tensegrity robots, these motion primitives

can be reduced to three equivalent ones: (i)Λ ← Δ, (ii)Δ ← Λ,

and (iii) Λ ← Λ. Additionally, for smooth transitions between

triangular faces, longer motion primitives such as Δ ← Λ and

← Δ are also considered. Hence, designingmotion primitives

for the following four rolling actions enables the tensegrity

robot to switch between any two faces, as described in [17]:

𝒰 = {𝑢ΛΔ, 𝑢ΔΛ, 𝑢ΛΛ, 𝑢ΔΛΔ}. (14)

To address the issue of slow computation speed in

Monte Carlo forward propagation algorithms based on

dynamics and control sampling, a forward propagation algo-

rithm based on motion primitives is designed. After obtain-

ing the optimal parent node 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 within the radius 𝛿𝐵𝑁
on the tree, 𝑥𝑟𝑎𝑛𝑑 is updated to 𝑥𝑡𝑔with the same orientation

as 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 and a step size of random step 𝑆𝑡𝑒𝑝𝑝𝑟𝑜𝑝. Using a

greedy approach, the shortest path to reach 𝑥𝑡𝑔 is computed,

as shown in Algorithm 8.

By using the vector from 𝑥𝑟𝑎𝑛𝑑 to 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 as the growth

direction and setting the target length as the random step

𝑆𝑡𝑒𝑝𝑝𝑟𝑜𝑝, the current target position𝑥𝑡𝑔 is calculated (lines 1

and 2). The iteration terminates when the distance between

the current path endpoint 𝑥𝑐𝑢𝑟𝑟 and 𝑥𝑡𝑔, represented by

𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡, is less than the threshold 𝛿𝑒 or when 𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡

exceeds the threshold 𝛿𝑒 + 𝑡𝑎𝑟𝑔𝑒𝑡𝐷𝑖𝑠𝑡 (line 5). During each

iteration, the algorithm selects an appropriate motion prim-

itive using a greedy strategy, with the length of the control

set𝑈 being determined by the random step count 𝑡 (line 10).

If the stopping criterion is met before completing the traver-

sal of the random step count 𝑡, the loop is exited prematurely

(lines 17–19).

Sampling-based motion planning algorithms like RRT

aim to quickly find feasible paths but do not inherently pos-

sess an “anytime” property, meaning they cannot incremen-

tally improve trajectory quality over time. Additionally, these
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Algorithm 8.Motion Primitive Forward Propagation.

Input: 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑, 𝑈, 𝑆𝑡𝑒𝑝𝑝𝑟𝑜𝑝
1: 𝜃𝑡𝑎𝑟𝑔𝑒𝑡 = arctan(𝑥𝑟𝑎𝑛𝑑 − 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑);

2: 𝑥𝑡𝑔 = 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑+𝑆𝑡𝑒𝑝𝑝𝑟𝑜𝑝 ∗ [cos(𝜃𝑡𝑎𝑟𝑔𝑒𝑡), sin(𝜃𝑡𝑎𝑟𝑔𝑒𝑡)];

3: 𝑡𝑎𝑟𝑔𝑒𝑡𝐷𝑖𝑠𝑡 = 𝑛𝑜𝑟𝑚(𝑥𝑡𝑔 − 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑);

4: 𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡 = 𝑡𝑎𝑟𝑔𝑒𝑡𝐷𝑖𝑠𝑡;

5: while

𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡 > 𝛿𝑒 ∩ 𝑐𝑜𝑢𝑛𝑡𝐼𝑡𝑒𝑟 < 𝑚𝑎𝑥𝐼𝑡𝑒𝑟 ∩ !𝑘𝑖𝑙𝑙𝐹𝑙𝑎𝑔

6: 𝑝𝑛𝑒𝑤 = ∅;

7: 𝑈𝑛𝑒𝑤 = ∅;

8: 𝑐𝑜𝑠𝑡𝑝𝑎𝑡ℎ = 0;

9: 𝑥𝑐𝑢𝑟𝑟 = 𝑥𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑;

10: 𝑡 = 𝑓𝑙𝑜𝑜𝑟(𝑟𝑎𝑛𝑑() ∗ 𝑡𝐿𝑒𝑛𝑔𝑡ℎ𝑀𝑎𝑥) + 𝑚𝑖𝑛𝑆𝑡𝑒𝑝;

11: for 𝑖 = 2 ∶ 𝑡 + 1

12:

[𝑥𝑐𝑢𝑟𝑟, 𝑐𝑜𝑠𝑡𝑠𝑡𝑒𝑝, 𝑐𝑡𝑟𝑙𝑈] = 𝑆𝑡𝑒𝑝𝐷𝑖𝑟𝑒𝑐(𝑥𝑐𝑢𝑟𝑟, 𝑥𝑟𝑎𝑛𝑑);

13: 𝑝𝑛𝑒𝑤.𝑐𝑜𝑠𝑡𝑝𝑎𝑡ℎ = 𝑝𝑛𝑒𝑤.𝑐𝑜𝑠𝑡𝑝𝑎𝑡ℎ + 𝑐𝑜𝑠𝑡𝑠𝑡𝑒𝑝;

14: 𝑝𝑛𝑒𝑤.𝑝𝑢𝑠ℎ(𝑥𝑐𝑢𝑟𝑟);

15: 𝑈𝑛𝑒𝑤.𝑝𝑢𝑠ℎ(𝑐𝑡𝑟𝑙𝑈);

16: 𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡 = 𝑛𝑜𝑟𝑚(𝑥𝑡𝑔 − 𝑥𝑐𝑢𝑟𝑟);

17: if 𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡 ≤ 𝛿𝑒 || 𝑐𝑢𝑟𝑟𝐷𝑖𝑠𝑡

18: 𝑡 = 𝑖 − 1;

19: 𝑘𝑖𝑙𝑙𝐹𝑙𝑎𝑔 = 𝑇𝑟𝑢𝑒;

20: end

21: end

22: 𝑐𝑜𝑢𝑛𝑡𝐼𝑡𝑒𝑟 + +;

23: end

methods do not harness heuristic approaches to guide the

search process. We adopt a sampling-based trajectory gen-

erationmethod derived from SST and adapt it tomake use of

the motion primitive library constructed earlier in this text.

Algorithm 9 presents the SST trajectory generation

method based on motion primitives. The input of this algo-

rithm is the initial state 𝑥𝑜 of the system, the goal condition

𝕏𝐺, the motion primitives 𝒰, and the total number of itera-

tions𝑁. Themethodmaintains a search tree𝑇prop. During the

algorithm iterations, the RandSel function randomly sam-

ples within the region determined by the 𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ to

obtain an extension point 𝑥new. From the active nodes of the

existing tree 𝐺, the algorithm searches for the nearest neigh-

bor 𝑥selected to serve as the extensional node. The function

MPProp is used to select the combination of motion primi-

tives with the minimum extension cost in the motion prim-

itive library to extend 𝑥selected, resulting in the current local

trajectory 𝜋new (lines 5–7). At this point, the endpoint of the

newly generated trajectory 𝜋new may not necessarily coin-

cide with 𝑥new, hence the need to check if the current tra-

jectory endpoint 𝜋new(𝑡) lies within the range of other wit-

nesses (line 8). If the current local trajectory does not collide

with obstacles and is the lowest cost within the current wit-

ness, the endpoint of the current trajectory is added to the

Algorithm 9. SST using motion primitives.

Input: (𝕏,𝒰, 𝑥∘, 𝕏𝐺, 𝑇prop, 𝛿𝐵𝑁, 𝛿𝑠, 𝑁)

1: G = 𝕍active ← {𝑥∘}, 𝕍inactive ← ∅, 𝔼 ← ∅ ;

2: 𝑠0 ← 𝑥∘, 𝑠0 ⋅ rep = 𝑥∘, 𝑆 ← {𝑠0};

3: NN.Add(𝑥∘); NN𝑆 ⋅ Add(𝑠0);

4: for 𝑁 iterations do

5: 𝑥new ← RandSel(𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ, 𝕏);

6: 𝑥selected ← BestNearSel(𝕍active , 𝑥new, 𝛿𝐵𝑁);

7: 𝜋new ← MPProp(𝑥selected, 𝒰, 𝑇prop );

8: 𝑠new ← FindWitness(𝜋new (𝑡), 𝐺, 𝑆, 𝛿𝑠);

9: if not Coll(𝜋new) and BetterRep(𝜋new(𝑡), 𝑠new )

10: 𝕍active ← 𝕍active ∪ {𝜋new(𝑡)};

11: 𝔼 ← 𝔼 ∪ {𝜋new};

12: NN.Add(𝜋new(𝑡));

13: SSTPrune(𝑠new.rep,G);

14: 𝑠new.rep ← 𝜋new(𝑡);

15: end

16: end

17: return G(𝕍active , 𝕍inactive , 𝔼);

set of points 𝑉active and the current trajectory is added to the

edge set 𝔼 (lines 9–12). Additionally, an update to the wit-

nesses is required. If the endpoint of the current trajectory

is not within the range of other witnesses, 𝜋new(𝑡) is directly

added as a new witness to the set. Otherwise, based on the

rules for handling active point sets in SST, the points within

the current witness are processed accordingly (lines 13, 14).

4.2.2. Second-stage algorithm

The second-stage algorithm is implemented in Algorithm10.

When the trajectory generation in the first stage reaches

the endpoint threshold range, Algorithm 10 begins to run.

Similar to Algorithm 9, the input of Algorithm 10 includes

the motion primitive library 𝒰, the initial state 𝑥𝑜 of the

tensegrone, and the target state 𝑋𝐺. Similarly, this algorithm

maintains a graph structure 𝐺, initially with only one node

𝑥𝑜 (line 1). During the iterations, if the list of valid controls

(𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡) becomes too large, a scaling flag is activated (line

3 and 4). When the size of AbleList drops below a threshold,

the tabu lists (𝐶𝑡𝑟𝑙𝑇𝑎𝑏𝑢) is reset, and 𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡 is merged

with the out-of-range list (𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡𝑂𝑢𝑡𝑅𝑎𝑛𝑔𝑒) to incorpo-

rate previously out-of-bound controls (lines 6–8). Next, a

new control 𝑢𝑛𝑒𝑤 is selected by resetting the tabu list based

on the guiding path and control space 𝑈 (line 10). If the

selected control exists in the tabu list, a random control is

chosen as an alternative (lines 12 and 13). If this alternative

control is also found in the tabu list, the step flag is set to false,

indicating no further action (lines 14 and 15). Otherwise, the

tabu list is updated with the newly selected control, and it is

removed fromAbleList (lines 17 and 18). The algorithm then
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(a) (b) (c)

(d) (e) (f)

Fig. 9. The probability roadmap obtained through geometric path searching and its abstracted form as an undirected graph. (a) Visualized results of the

route map containing aerial and ground guards. (b) Visualized results of the route map for ground guards. (c) Visualized results of the route map containing

only aerial guards. (d) Connection diagramof corresponding nodes between aerial and ground. (e) Connection diagramof corresponding nodes for terrestrial.

(f) Connection diagram of corresponding nodes for aerial.

checks if the step flag is true and evaluates whether the cur-

rent state is out of range or has collided (lines 21 and 22). If a

violation is detected, the control is added to the out-of-range

list; if no violation occurs, the control remains valid (lines

23–26).

5. Simulation

5.1. Simulation setup

To validate the proposed method, we construct a simulation

environment using MATLAB R2021b, C++, and ROS. Obsta-

cles are abstracted as geometric objects with varying shapes

or configurations, such as cuboids, cylinders and spheres. All

simulations were done on a PC with an Intel Core i5-9400H

processor and Nvidia Quadro T100 graphics card.

5.2. Terrestrial-aerial geometric path planning

The linked representation of the feasible space obtained

through the proposed geometric path search is depicted in

Fig. 9. From Fig. 9(a), it’s evident that after acquiring fea-

sible spaces through random sampling, the utilization of

bridges effectively establishes connections between these

feasible areas occupied by guards. Figure 9(d) presents

a clearer depiction of the connectivity between different

regions. Here, red nodes represent aerial nodes, blue nodes

denote nodes on the plane or ground, and green nodes indi-

cate nodes situated on feasible areas of the obstacle 𝑂𝑏𝑠1.

Based on the aforementioned connectivity, we can con-

veniently derivemulti-modal paths fromStart 1 toGoal 2. For

instance, in the roadmap shown in Fig. 9(d), this includes ter-

restrial rolling paths: 1−10−2, 1−9−2; mixed paths involv-

ingmode switching between rolling and flying: 1−3−7−2;

and hybrid paths utilizing feasible areas on the surface of

(a)

(b)

Fig. 10. The polynomial curve that satisfies dynamic constraints obtained

from the aerial trajectory generationmodule, (a) simulated in C++ and ROS,

and (b) simulated in MATLAB.
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Algorithm 10. Random Graph Search with Pruning.

Input: (𝕏,𝒰, 𝑥∘, 𝑁)

1: initialization, G = 𝕍 ← {𝑥∘} ;

2: for 𝑁 iterations do

3: if size of AbleList>MaxSize then

4: ScaleFlag = true;

5: end

6: if size of AbleList≤ SetRange and ScaleFlag then

7: ResetTabu(𝐶𝑡𝑟𝑙𝑇𝑎𝑏𝑢, 𝐶𝑡𝑟𝑙𝑂𝑢𝑡𝑅𝑎𝑛𝑔𝑒);

8: MergeList(𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡, 𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡𝑂𝑢𝑡𝑅𝑎𝑛𝑔𝑒);

9: end

10: 𝑢𝑛𝑒𝑤 ←ResetTabu(𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ,𝒰);

11: StepFlag = true;

12: if ctrlU in CtrlTabu(index_now) then

13: 𝑢𝑛𝑒𝑤 ← RandSelect(𝐺𝑢𝑖𝑑𝑖𝑛𝑔𝑃𝑎𝑡ℎ,𝒰);

14: if 𝑢𝑛𝑒𝑤 is CtrlTabu(index_now) then

15: StepFlag = false;

16: else

17: Update(𝑢𝑛𝑒𝑤, 𝐶𝑡𝑟𝑙𝑇𝑎𝑏𝑢);

18: Delete(𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡(𝑢𝑛𝑒𝑤));

19: end

20: end

21: if StepFlag = true then

22: if the current state is out of range or collides

then

23: Add(𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡𝑂𝑢𝑡𝑅𝑎𝑛𝑔𝑒(𝑢𝑛𝑒𝑤));

24: else

25: Delete(𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡(𝑢𝑛𝑒𝑤));

26: Add(𝐴𝑏𝑙𝑒𝐿𝑖𝑠𝑡𝑂𝑢𝑡𝑅𝑎𝑛𝑔𝑒(𝑖𝑛𝑑𝑒𝑥_𝑛𝑜𝑤));

27: end

28: end

29: end

obstacle 𝑂𝑏𝑠1: 1 − 3 − 8 − 5 − 4 − 2. This topological path

search method can also be applied to robots that only have

terrestrial mobility or only have aerial mobility. Figures 9(b)

and 9(e) show the roadmap and corresponding spatial con-

nectivity obtainedwhen only terrestrialmobility is available,

while Figs. 9(c) and 9(f) show the roadmap and correspond-

ing spatial connectivity obtained when only aerial mobility

is available.

5.3. Octocopter aerial trajectory generation

The L-BFGS method is employed to solve the optimization

problem. Here, the gray blocks represent obstacles, while

the colored elevation reflects the octocopter’s mapping per-

ception of the surrounding environment during simulation.

The gradient-coloredmapdenotes one layer of the generated

Euclidean Signed Distance Field (ESDF) map.

The aerial trajectory generation shown in Fig. 10(a) is

demonstrated in rviz. The aerial trajectory generation shown

in Fig. 10(b) is implemented, and the collision gradient cal-

culationmethod described in [23] is employed to replace the

gradient generatedbyESDF forobstacle avoidance trajectory

optimization. This section also employs L-BFGS for solving

the optimization problem.

From the simulation results, it can be seen that the

aerial trajectory generation algorithm used in this study can

effectively meet the requirements of trajectory smoothness

and feasibility for the tensegrone.

5.4. Terrestrial rolling trajectory generation

In the simulation of the tensegrity terrestrial rolling algo-

rithm, for the convenience of simulation experiments, we

used the primitive formed by the tensegrity in a balanced

state, which forms a dodecahedron when rolling on the

ground, as the retrieved primitive in the motion primitive

library. Figure 11 shows the simulation experiment of the

Fig. 11. Illustration of the second stage of tensegrity terrestrial rolling

algorithm, with yellow nodes representing the start and end points.

(a) (b)

Fig. 12. The terrestrial rolling trajectory of tensegrone obtained through

the two-stage algorithm. (a) and (b) show the performance of the algorithm

with different obstacle placements.
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second stage algorithm, where the blue faces represent non-

takeoff surfaces, the red faces represent takeoff surfaces, and

the elliptical region constitutes the information set used to

restrict the search direction. The green circles indicate the

feasibility of the current primitive, while the red circles indi-

cate the infeasibility. The solid blue lines connecting the solid

red circles form the feasible trajectory found by the search.

From the figure, it can be observed that the proposed algo-

rithm can guide the tensegrity from its initial position to the

endpoint satisfying posture constraints and certain position

constraints.

We conduct algorithm tests in simulation environments.

The black area in the figure represents the obstacle region

expanded according to the robot radius. Themain difference

between Figs. 12(a) and 12(b) lies in the presence of obsta-

cles near the endpoint, which can test the adaptability of the

second-stage algorithm toobstacles. The first stage, basedon

the SST algorithm ofmotion primitives, guides the trajectory

to the vicinity of the endpoint and triggers the second stage.

The second stage, based on a pruning-based random graph

search algorithm, searches for trajectories that simultane-

ously satisfy the endpoint posture and position constraints,

ensuring safety throughout the process. It can be seen from

Fig. 12 that the two-stage algorithm can handle scenarios

with complex obstacle environments.

6. Experiment for Rolling Planning

The retroreflective balls are placed on the rods of the tenseg-

rity structure, and a rigid body model is established for each

(a) (b) (c)

(d) (e) (f)

Fig. 14. Schematic representation of experiment for tensegrity rolling planning.

rod using the motion capture system Optitrack. The position

and orientation of each rod’s rigid body are calculated using

Optitrack at any given time, and the pose data of each rod are

recorded through the ROS interface provided by the motion

capture system. Due to the ongoing development of the phys-

ical prototype of the tensegrone, specific energy consump-

tion models for flight and rolling cannot be provided at this

time. However, based on completed tests, the tensegrone has

a hovering flight time of approximately 3min and a rolling

motion time of around half an hour.

In the simulation, when the acute angle of the given

tensegrity surface is 45, the planned trajectory obtained is

Fig. 13. Schematic representation of simulated trajectory planning results.
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Fig. 15. Schematic representation of simulated trajectory planning results.

Fig. 16. Schematic representation of simulated trajectory planning results.

shown in Fig. 13 , with the starting point located on the right

side of the image, and the red triangular face representing

the takeoff surface.

In terms of rolling control, the motion primitive library

based on open-loop control strategy is employed. To achieve

continuous and rapid rolling, we utilize motion primitives

of Δ ← Λ ← Δ to simplify the control strategy. The terres-

trial rolling planning experiment of the tensegrity is shown

in Fig. 14. Figure 14(a) depicts the initial posture of the

tensegrity, positioned on the takeoff surface of the tenseg-

rity robot. Subsequently, the tensegrity continuously rolls

to the left side. Figures 14(b)–14(e) illustrate the continu-

ous rolling process, where the rolling trajectory bypasses

obstacles, finally reaching the endpoint position depicted

in Fig. 14(f), where the tensegrity returns to the takeoff

surface.

The trajectories of the rolling process collected from

multiple experiments using the motion capture system are

shown in Fig. 15, with the mean position and orientation of

Fig. 17. Schematic representation of simulated trajectory planning results.

all rods used as the center of the tensegrity. Due to the sig-

nificant difference between the acute angle of the Λ surface

used in simulation planning and the actual robot, the pro-

totype exhibits sliding and deformation movements during

rolling, resulting in deviation of the trajectory from the end-

point. After adjusting the acute angle of the Λ surface to a

value closer to the actual situation, which is 31.89, the rolling

trajectory is shown in Fig. 16, while the trajectory obtained

when the actual prototype lands on the ground is depicted

in Fig. 17. It can be observed from the figures that the cor-

rected simulation trajectory is closer to the actual central tra-

jectory, with a smaller deviation distance from the endpoint.

Hence, the accuracy of the motion primitive library signif-

icantly influences the effectiveness of the rolling trajectory

planning proposed in this paper.

Furthermore, a video demonstrating the rolling test,

rolling to flying transition, and flying test on the real

tensegrone robot can be accessed at the following link:

[https://youtu.be/QuiLQrpRhs8].

7. Conclusion

This paper proposes a joint terrestrial-aerial geometric path

planningmethod that can be applied to tensegrone robots. A

trajectory generation method is developed based on motion

primitives and sampling to address the dual constraints of

terrestrial rolling endpoint pose and position for tensegrone.

This approach enables the tensegrone to autonomously roll

to the vicinity of the endpoint while meeting takeoff require-

ments. The effectiveness of the algorithm proposed in this

paper has been verified through simulations and experi-

ments. In addition, this paper explores an optimization-

based aerial trajectory generation method, which can

serve as the foundation for subsequent tensegrone aerial

deformation.
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