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Abstract—Path planning in obstacle-dense environments is a
challenging problem, particularly for robots with asymmetric
rectangular footprints. To address this problem, we propose
a novel collision-checking approach, called a Rotatable Area,
which represents a range of heading angles where the robot can
rotate without colliding with obstacles. Based on the relationship
between two rotatable areas, we define safe local motion and
extend this concept to the RoA-Planner, a path planning frame-
work in SE(2) dense space. We validate our planner through
extensive simulations and real-world experiments in complex and
narrow environments. The results demonstrate that our method
achieves fast planning speed while ensuring safety and robustness,
making it suitable for practical applications.

Note to Practitioners—Navigating complex environments is
critical for applications, such as warehouse automation, facility
management, or urban patrol. Existing path planning methods
either suffer from low collision-checking accuracy in complex
environments or require a long computation time to ensure
fidelity. To tackle this problem, this paper introduces the Rotat-
able Area, a collision-checking method tailored for asymmetric
rectangular robots. By checking local motion between rotatable
areas, a collision-free path can be planned in a fast and precise
manner. This approach is applicable to any shape of rectangular
robots with holonomic movement and particularly effective in
obstacle dense and narrow environments. The method was
validated in scenarios derived from industrial fields and service
domains, demonstrating efficiency and safety in real-time.

Index Terms—Mobile robot, rectangular robot, holonomic
robot, path planning, collision avoidance, dense environment.

I. INTRODUCTION

ADVANCEMENTS in robotics navigation technologies

are driving the growing integration of mobile robots into
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Fig. 1. Three types of rotatable area. (a) Fully-RoA, RF , (b) Non-RoA, RN ,
(c) Partially-RoA, RP,i.

various environments around us. Initially confined to industrial

sites, these robots are now expanding into human living

spaces [1], [2]. Accordingly, Mobile robots are transitioning

from being mere tools to performing numerous tasks that

could replace human effort. However, despite these remarkable

advancements, path planning in dense environments remains

a significant challenge, especially for asymmetric rectangular

robots. The difficulty arises not only from the challenge of

finding a path itself, but also from the inability to guarantee

safety even when a path is found.

In fact, path planning fundamentally involves connecting

the start region to the goal region through a sequence of local

motions, while ensuring collision avoidance at every stage.

However, in dense environments, collision-checking becomes

far more demanding. Unlike open field where checking the

start and goal poses may suffice, dense environments require

continuous verification along the entire trajectory due to the

geometric constraints imposed by the robot’s shape. This

makes path planning time-consuming and highly sensitive to

small errors, especially when dealing with rectangular robots

whose orientation plays a crucial role in collision avoidance.

A. Related Work

1) Geometric-Based Method: Inflating obstacles in the map

to the size of the robot is one of the simplest methodologies

for collision-checking, because the robot can be represented

as a point [3], [4], [5]. In particular, the method of inflating

obstacles with a circumcircle is widely used because it allows

the robot’s heading angle to be taken as the tangential direction

of the generated path. However, these methods tend to overly

approximate the robot’s collision model, which results in con-

servative path generation in dense and cluttered environments.

Some works focus on creating a safe corridor that guaran-

tees no collisions with obstacles and optimize waypoints to

be located within this corridor [6], [7], [8]. Another common
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approach involves optimizing the control points of the B-spline

curve [9], [10], [11], whose convex hull property ensures the

trajectory remains within a safe region. In addition, [12] and

[13] plan safe trajectories by combining safe corridors with

Bézier curves, which have convex hull property similar to B-

spline curves. Neverthelesss, since these methods generally

model the robot as a point during trajectory generation, map

inflation using the circumcircle is necessary to accommodate

rectangular-shaped robots.

To avoid the limitation of the circumcircle in dense spaces,

some studies directly employ the expanded rectangular colli-

sion model [14], [15], while others utilize collision spheres

and signed distance fields (SDF) to approximate rectangular

robots [16], [17], showing good performance in collision

detection. All of these approaches are built upon sampling-

based planners. Notably, the method in [15] enhances the

sampling probability in narrow passages through adaptive

sampling distribution, providing advantages in path planning

within cluttered environments. However, they do not detect

continuous collisions but instead rely on discrete collision

checks along the local motions. Moreover, these methods

suffer from the curse of a large search space, which not

only increases the computational burden of path planning but

also significantly reduces the number of valid samples in

dense environments as the map size grows, often resulting

in suboptimal detouring paths.

Due to this inefficiency, the incircle-based method has also

been widely adopted in dense environments [18]. TRG-Planner

[19] efficiently plans paths by leveraging both the height

information within the incircle of each node and an ellipsoid

that approximates local motion. However, the incircle method

has the disadvantage of not guaranteeing the safety of the

generated path, as it uses a collision model that is smaller

than the actual robot size. Therefore, additional optimization

processes or local path planning are required. In the works

of [20], [21], and [22], the initial path is optimized, utilizing

the distance between the rectangular footprint and obstacles.

Similarly, method attaching collision barrier functions also

uses the distance information for optimization [23], [24], [25].

But, these approaches are prone to getting stuck in local

minima, highlighting the importance of the initial path due

to the convergence.

2) Learning-Based Method: In most deep learning-based

studies, path planning relies on a learned model that predicts

the feasibility of local motion [26], [27]. A mobile robot

collects data—such as success or failure, energy consump-

tion, time, and surrounding environment information—while

navigating to a local target pose in 2D [28] or SE(2) [29].

The learned model predicts the success probability of a local

motion, and the planner utilizes it as a cost for optimization or

the form of traversability map [30], [31]. In addition, the stud-

ies in [32], [33], and [34] focus on environments with dense

obstacles. In particular, Art-Planner [34] improves collision

detection performance in cluttered environments by evaluating

valid vertices using a rectangular collision model and assessing

edge safety through a learning-based local motion estimator.

These methods can efficiently and continuously predict col-

lisions but have significant limitations. A major issue is their

reliance on oversimplified evaluation metrics. They encode

the entire local motion process—starting pose, target pose,

and continuous poses bridging them—into a single measure,

such as success/failure or collision probability. This approach

does not directly learn the continuous geometric relationship

between the environment and local motion but instead learns

indirectly from the statistical correlation between the initial

pose, the local target pose, and the final outcome (success or

failure). As a result, it lacks information on when and why

collisions occur, preventing the model from understanding the

logic behind collisions. Consequently, collision detection per-

formance deteriorates, and generalization to new environments

becomes challenging.

B. Contributions

As mentioned earlier, although traditional geometric-based

methods provide high accuracy, they have inherent drawbacks–

conservativeness (circumcircle), aggressiveness (incircle), and

a large search space (rectangle). Learning-based methods, on

the other hand, can efficiently predict continuous collisions but

suffer from limited accuracy and generalization. To overcome

these limitations, we make the following key contributions:

1) We present a novel collision-checking concept called a

Rotatable Area (RoA). The RoA represents a range of heading

angles within which the robot can rotate without collision with

obstacles. This enables accurate collision checking not only for

a single heading angle but also for rotational motion, forming

the theoretical foundation of the proposed path planning

method.

2) Based on this concept, we develop a path planning

framework called RoA-Planner for obstacle-dense spaces. This

framework utilizes a quadtree structure to efficiently represent

planning space as a set of RoAs. By treating each RoA as

a node and local motions between adjacent RoAs as edges,

we design a modified A* algorithm tailored to RoA-based

path planning. As a result, the framework efficiently generates

collision-free paths for holonomic, asymmetric rectangular

robots even in highly constrained environments.

3) To evaluate the feasibility of local motions between

RoAs, we define two geometric conditions: area condition

based on the overlap of rotational ranges, and edge condition

based on the Euclidean distance between them. Owing to

these conditions, the SE(2) path planning problem is trans-

formed into a 2D problem, effectively mitigating the curse

of dimensionality. In comparison to existing methods, our

approach demonstrates superior performance in terms of con-

servativeness, aggressiveness, and accuracy. Furthermore, it

can be readily applied to various path planning algorithms that

represent motion using nodes and edges (e.g., PRM*, RRT).

4) Finally, we validate the proposed method through sim-

ulations and real-world experiments using a quadruped robot

(AiDIN-VIII [35]). RoA-Planner consistently generates stable

and reliable paths even in cluttered and narrow environ-

ments, and maintains real-time performance in dynamic and

large-scale environments, demonstrating strong practical appli-

cability for real robotic systems.
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Fig. 2. Generation of three types of RoA from collision-list C.

II. ROTATABLE AREA

A. Definition of Rotatable Area

To define the RoA, we use AiDIN-VIII, a quadruped robot

with an asymmetrical rectangular shape, as an example. We

define the RoA, denoted as R, as the continuous range of yaw

heading angles where the robot can rotate at position (x, y)

without collision with obstacles.

R = (x, y, ψs, ψe)T (1)

The parameters ψs, ψe ∈ [0, 2π] denote the start and end of the

RoA, and all parameters are referenced to the world frame. If

the robot’s heading angle is between ψs and ψe at (x, y), the

robot remains collision-free. Within the range corresponding

to RoA, the robot can rotate freely.

The RoA is categorized into three types: Fully-RoA, Non-

RoA and Partially-RoA (Fig. 1). Fully-RoA, RF , represents a

situation where the distance from surrounding obstacles is far

enough that the robot can exist safely at all heading angles

like an open field. Non-RoA, RN , is a case where collisions

with obstacles occur in all heading angles. The robot can’t

move to a position evaluated as Non-RoA. Partially-RoA, RP,

is a case where the robot can rotate safely in certain heading

angles while collisions occur in others. Depending on the

configuration of obstacles, the range and number of Partially-

RoAs are determined. Multiple Partially-RoAs can exist at

the same position, but they are treated as distinct RoAs, and

rotating between different Partially-RoAs is impossible.

R =

8

ˆ

<

ˆ

:

RF = (x, y, 0, 2π)T

RN = (x, y,∅,∅)T

RP,i = (x, y, ψs,i, ψe,i)
T

(2)

B. Rotatable Area Generation

The RoA is generated through two steps: generating the

collision-list and constructing the RoA based on this list

(Fig. 2). The collision-list C is generated through collision-

checking between obstacles in the map image and the robot

footprint. At a given inspection location (x, y), if any pixel

within the robot footprint is occupied by obstacles, it is

considered as a collision. This collision-checking is performed

sequentially for all heading angles, starting from 0◦. If a

collision occurs at a specific heading angle, the corresponding

entry in collision-list is set to False; otherwise, it is set to

True. In this study, the yaw configuration space is discretized

with a resolution of 1-degree, resulting in collision list having

a size of 360. After evaluating all heading angles, a group of

consecutive collision-free angles in collision-list, denoted as

TABLE I

NOTATION W.R.T COLLISION MODEL

Fig. 3. The area condition is determined by whether there are intersections
(light brown). (a) RF -RF and (b) RF -RP pass the area condition as they have
an intersection, whereas (d) RN -RF and (e) RN -RP do not. Whether area

condition of RP-RP combination passes (c) or fails (f) is determined by the
range of RoAs.

C f ree, forms a single RoA. The type of RoA, as well as the

number and range of Partially-RoA, is determined through the

size of C f ree.

R =

8

ˆ

<

ˆ

:

RF , |C f ree| = 360

RN , |C f ree| = 0

RP,i, 0 < |C f ree| < 360

(3)

In the case of AiDIN-VIII, collision-checking is per

formed using an asymmetric rectangular footprint of

1160mm×640mm, which includes the hind limbs (see

Table I). Due to the area covering the hind limbs, the distance

from the center of rotation to the front and the back differs by

about 180 mm. By using an asymmetric collision model, our

approach enables precise collision checking in dense spaces.

Note that, to apply the theory we established, we check
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Fig. 4. First condition of the edge condition. Safe space is connected by (a) width side, (b) vertex, (c) height side.

Fig. 5. Second condition of the edge condition.

collision using an expanded footprint with an expansion ratio

γ; details are provided in Section III-B.

III. LOCAL MOTION BETWEEN ROTATABLE AREAS

Our approach regards local motion as a relationship between

two RoAs, R1 → R2. Local motion consists of 1) performing

rotation at R1 from the initial heading angle θ1 to the target

heading angle θ2, and 2) then translation to the target position

of R2.1 θ1 and θ2 are the target heading angles at R1 and R2,

respectively, and fall within the range of their RoAs. This

is the process of determining θ2 for feasible local motion. If

local motion is feasible, a robot can safely traverse between

two RoAs without collision. The feasiblility of local motion

is determined by area condition and edge condition.

A. Area Condition

First, to safely rotate from θ1 to θ2 at R1, θ2 must be included

in R1. To simplify the evaluation of this situation, the area

condition is defined as follows:

∃Rinter, Rinter = R1 ∩ R2 (4)

where Rinter denotes the intersection of R1 and R2. Since Rinter

is the subset of R1, determining θ2 within Rinter ensures a safe

rotation from θ1 to θ2. Therefore, for feasible local motion,

intersections must exist between the two RoAs, and the angles

within Rinter are considered as candidates for the target heading

angle θ2. The area condition based on combinations of RoAs

are depicted in Fig. 3.

B. Edge Condition

Notations regarding edge condition are described in Table II.

Let’s assume that the area condition is satisfied and local

1This sequence of in-place rotation followed by linear translation is referred
to as the motion constraint throughout the paper.

TABLE II

NOTATION W.R.T EDGE CONDITION

motion is executed with a heading angle that belongs to the

Rinter. In that case, the maximum length of local motion, which

guarantees safety in translation motion, could be determined.

l ≤ lmax(γ, θ) (5)

Equation (5) represents the edge condition, where lmax(γ, θ)

denotes maximum length of the safe local motion depending

on heading angle and expansion ratio. Note that during the

process of determining the edge condition, the heading angle

θ is calculated in a counterclockwise (CCW) direction relative

to the local motion direction, but in other situations, it is

calculated relative to the world frame. The maximum length is

2Being translation motion after rotation, local motion can be represented
at any position and we use center of the footprint to simplify calculations.

3The operation
L

represents the Minkowski sum.
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Fig. 6. Graph of edge condition when expansion ratio is set to 1.1. Red line
by Equation (7) and green line is drawn by Equation (11). The figure below
expresses the local motion with maximum length at representative heading
angles.

determined under the assumption that the motion space must

be completely contained in the safe space:

S m ⊆ S s (6)

If we use the basic footprint to generate RoA, the motion space

becomes larger than the safe space and Equation (6) cannot

be satisfied. That’s why we use the expanded footprint in RoA

generation. The maximum length that satisfies Equation (6) is

calculated by two simple geometric analyses.

1) Condition 1: The safe space must be connected. Other-

wise, the safety of the space in between cannot be guaranteed.

Fig. 4 depicts the minimum conditions under which safe space

can be connected, and the maximum length at this time is

determined by the connecting side. Through the analysis in

Fig. 4(a) and (c), the maximum length is calculated when width

or height is connected. As shown in Fig. 4(b), the connecting

side is switched based on when the safe space is connected by

a vertex (θ = α). Therefore the first condition of the maximum

length, defined from 0 to 2π is as follows.

1lmax =

8

ˆ̂̂

<

ˆ̂̂

:

ˇ

ˇ

ˇ

ˇ

hγ

cos θ

ˇ

ˇ

ˇ

ˇ

(θ ∈ (2π − α, α) ∪ (π − α, π+ α))

ˇ

ˇ

ˇ

wγ

sin θ

ˇ

ˇ

ˇ (θ ∈ (α, π − α) ∪ (π+ α, 2π − α))

(7)

2) Condition 2: The safe width must be larger than the

motion width. Since the safe width and the motion width are

symmetrical based on the direction of the local motion, we set

up the formula below:

wm

2
≤

ws

2
(8)

Through the analysis of Fig. 5, Equation (8) is converted to

Equation (9). And by organizing this, the maximum length

when the heading angle is from 0 to π/2 is obtained as in

Equation (10).

d sin(θ + α) ≤ dγ sin(θ + α) − l cos θ sin θ (9)

l ≤ (dγ − d)
sin(θ + α)

cos θ sin θ
(10)

Algorithm 1 Local Motion Evaluation

Feasibility evaluation of local motion from R1 to R2 through

area condition and edge condition.

1: Input: R1, R2

2: Output: θ2
3: procedure evaluateLocalMotion(R1, R2)

4: Rinter ← checkAreaCondition(R1, R2)

5: if Rinter is empty then Barea condition not met

6: return θ2 ← Null

7: l← Distance(R1, R2)

8: R′inter ← checkEdgeCondition(Rinter, l) BAlg. 2

9: if R′inter is empty then Bedge condition not met

10: return θ2 ← Null

11: else Bedge condition met

12: return θ2 ← TargetHeadingAngle(R′inter)

13: end if

14: end procedure

In a similar way, we define the second condition of the

maximum length in each quadrant as follows.

2lmax =

8

ˆ̂̂

<

ˆ̂̂

:

ˇ

ˇ

ˇ

ˇ

(dγ − d)
sin(θ + α)

cos θ sin θ

ˇ

ˇ

ˇ

ˇ

�

θ ∈
�

0, π
2

�

∪

�

π, 3π
2

��

ˇ

ˇ

ˇ

ˇ

(dγ − d)
sin(θ − α)

cos θ sin θ

ˇ

ˇ

ˇ

ˇ

�

θ ∈
�

π
2
, π

�

∪

�

3π
2
, 2π

��

(11)

We define the maximum length that satisfies both Equation

(7) and (11) as follows:

lmax = min(1lmax,
2lmax) (12)

Fig. 6 depicts the maximum length for each heading angle,

drawn by Equation (7) and (11). The gray area, satisfying

Equation (12), represents the lengths of local motion that

guarantee safety according to the heading angle. Due to the

configuration of the safe space, it is observed that the robot’s

longitudinal (θ = 0, π) and lateral motions (θ = 1
2
π, 3

2
π) have a

greater maximum length compared to its diagonal motions (θ =
1
4
π, 3

4
π, 5

4
π, 7

4
π). Note that we precompute the maximum length

offline and use it to determine the feasibility of local motion

online.

C. Feasibility of Local Motion

To determine a feasible local motion in a planning prob-

lem, we use the area condition and edge condition defined

above. In Algorithm 1, we first identify the candidates for

valid heading angles of local motion, Rinter, by checking the

area condition between the two areas. If Rinter is empty, it

indicates that the area condition is not satisfied, and the

local motion is deemed infeasible. Otherwise, we proceed to

verify whether any heading angle within Rinter has a longer

maximum length than the distance between the two areas

(line 8 → Algorithm 2). In other words, Rinter is filtered to

R′inter, which includes only heading angles that satisfy the edge

condition. Therefore, if R′inter is not empty, the local motion is

feasible and target heading angle θ2 is determined within R′inter.
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Algorithm 2 Edge Condition Checking

Identification of the area that satisfies the edge condition.

1: Input: Rinter, l

2: Output: R′inter

3: procedure checkEdgeCondition(Rinter, l)

4: for each θ in Rinter do

5: if l ≤ lmax[θ] then

6: Add θ to R′inter

7: end for

8: return R′inter

9: end procedure

Fig. 7. Rotating from θ1 to θ2, clockwise is valid, but counterclockwise is
not because it exceeds range of R1.

For complete safety, our approach uses the middle value of

R′inter.

To track the local motion, robot should rotate at the posi-

tion of R1 from θ1 to θ2. As described in Fig. 7, there

are two directions to rotate from θ1 to θ2: clockwise and

counterclockwise. Rotations in both directions create oppos-

ing ranges, and at least one range is included in R1. The

included one is selected as the rotation direction, dr, for safe

rotation.

By using this method, it can be ensured that the local

motion is collision-free in continuous space. Additionally,

unlike existing methods that sample directly in the SE(2)

space of (x, y, θ), our method achieves higher efficiency by

determining valid heading angles from samples generated

solely in the 2D space of (x, y). This method can be applied

to various path planning structures that check local motion

between adjacent nodes. The area condition and edge condi-

tion are useful criteria for selecting candidates of near nodes,

which guarantees safety according to the heading angle and

expansion ratio. An expanded collision model also helps to

prevent collisions caused by control, sensor or mapping errors

since the RoA is conservatively generated.

IV. ROA-PLANNER

In this section, we extend our local motion evaluation

method to path planning framework, RoA-Planner. While

single-query methods like RRT or RRT* are applicable, we use

a multi-query approach to generate a RoA-Map. This approach

leverages GPU acceleration to enhance the generation speed

of multiple RoAs. Details of the parallelization are discussed

in Section V-A.

The generated RoA-Map is used in the graph search

algorithm. We demonstrate the utilization of the structure

of the A* algorithm, but the structure of other graph-

based methods can also be used. The overall framework of

Fig. 8. Framework of RoA-Planner.

Algorithm 3 Quadtree w/ Bridge test

Recursive construction of a quadtree with bridge test and RoA

generation for each cell.

M, c: Map image and decomposed cell

s, smax, smin: Cell size, maximum and minimum cell size

Q: RoA-Map in quadtree format

the planner consists of two stages: mapping and planning

(Fig. 8).

A. Mapping

In the mapping stage, we generate a RoA-Map, indicating

RoA in each region. In detail, nodes are distributed throughout

the given map, and assigned the corresponding RoA following

the method described in Section II-B. To get nodes, we can

use various sampling methods or a grid map; however, for

robustness in dense environments, we utilize quadtree decom-

position [36] and bridge test [37]. Quadtree decomposition

is an algorithm that recursively divides the space into four
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Algorithm 4 Modified A*

A* algorithm to utilize RoA.

Rstart,Rgoal: Start and goal RoA

Q: RoA-Map in quadtree format

O: Open list in priority queue format

P: Path composed of RoAs

cells if the space is occupied by obstacles. And the bridge

test is an algorithm that detects milestones, which are samples

in narrow passages. We perform a bridge test on the cells

decomposed by the quadtree (Algorithm 3). If a cell passes the

bridge test, it is further subdivided even if it is free of obstacles

(line 14-15). Through this, the cells are densely distributed in

confined spaces and sparsely distributed in open field. We use

the center point of each leaf cell as a node. At this node, a

collision list is generated and subsequently transformed into

RoAs (line 12, 17).

B. Planning

As shown in Algorithm 4, we develop an A* algorithm

suitable for RoA. The overall structure follows the standard

A* algorithm, but uses a RoA instead of a node. Rather

than pre-constructing a graph, the feasibility of local motion

is evaluated simultaneously with the A* search through

Algorithm 1. Given start and goal pose, the RoAs are

generated, and the RoA containing each heading angle are des-

ignated as Rstart and Rgoal. The algorithm searches a sequence

of RoAs that connect Rstart and Rgoal. The generated path

consists of the x, y coordinates, target heading angles θ, and

rotation directions dr of each waypoint RoA.

Just like the standard A* algorithm, the search is performed

around Rcur, which has the lowest cost in open list O. If

Rcur and Rgoal are equal, the path is returned (line 7-8). In

the RoA-Map Q, Rnear within the search radius from Rcur

are retrieved using quadtree range search (line 9). The search

radius is defined as the largest value of the maximum length

since the heading angle is yet to be determined. For every

Rnear, the feasibility of the local motion is evaluated and the

target heading angle is determined (line 10 → Algorithm 1).

After calculating the cost, Rnear is added to O (lines 14-15).

Fig. 9. Graph (a) illustrates the collision-list generation time across three
computing platforms—CPU single-thread, CPU multi-thread, and GPU—as
a function of the number of nodes. Graph (b) presents the same data with
a logarithmic scale applied to the y-axis for better visualization of time
comparison in the small number of nodes.

The cost function is defined as follows.

f (Rn) = g(Rn) + λhh(Rn)

g(Rn) =

n
X

k=1

lk + λr

n
X

k=1

|θk − θk−1|

h(Rn) =













�

xgoal

ygoal

�

−

�

xn

yn

�




2

+ λr |θgoal − θn| (13)

where λh and λr are weights for heuristic cost and heading

angle change, respectively. θn is the target heading angle

assigned to Rn, as observed in the world frame. The cost

g represents the actual motion cost, calculated as the sum

of the local motion lengths and heading angle changes to

reach Rn. The cost h is the heuristic cost, defined as the

Euclidean distance and minimum heading angle change from

Rn to Rgoal. By adjusting λh, the planner can prioritize distant

RoA, naturally favoring forward motion, while seeking paths

with minimal distance and rotation overall.

V. ANALYSIS

This section presents a detailed analysis of the proposed

method, and the results demonstrate its scalability. All perfor-

mance measurements were conducted on the NVIDIA Jetson

AGX Orin 32GB.

A. Parallelization

In the mapping stage, the collision-list generation step

constitutes the dominant portion of the overall computation

time. As shown in Fig. 9, the generation of collision-list for

106 nodes requires approximately 74.7 seconds when using

a single-threaded CPU. This high computational cost stems

from the need to check the occupancy status of wγ · hγ
pixels across 360 heading angles for each node, resulting in a

substantial per-node workload. However, since the collision-

list generation is completely independent for each node, the

process is highly amenable to parallelization. In practice, when

utilizing CPU multi-threading under the same conditions, the

execution time is reduced to approximately 11.23 seconds.

Furthermore, leveraging a GPU results in a significant acceler-

ation, achieving a runtime of only 2.09 seconds. These results

demonstrate the effectiveness of parallel processing for this

task.

Therefore, in methods based on the PRM

framework—where a large number of nodes are processed
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Fig. 10. (a), (c) conservativeness and (b) aggressiveness graph. As the
height increases, the asymmetry of the rectangular footprint becomes more
pronounced. 1O represents a square footprint (0.64m×0.64m).

in batch—substantial performance gains can be achieved by

employing CPU multi-threading or GPU acceleration. For

single-query approaches like RRT or scenarios with a small

number of nodes, single-threaded execution is more efficient

since it incurs no parallelization overhead. These results

demonstrate that our method can be effectively integrated

with various types of planning algorithms and is capable

of supporting real-time operation. Notably, 106 nodes cor-

respond to the number required to cover a large-scale open

field of 320m×320m under our experimental conditions. The

successful real-time performance at this scale, enabled by par-

allelization, confirms the practicality of the proposed approach

for large environments. Since our planning method is based on

a quadtree structure and processes many nodes concurrently,

all subsequent experiments adopt the GPU-based collision-list

generation approach.

B. Conservativeness and Aggressiveness

We also examine the conservativeness and aggressiveness of

our collision model (expanded footprint with expansion ratio)

across various robot shapes, from square to rectangular robots

with extreme aspect ratios. The conservativeness, defined as

the area difference between the robot’s actual footprint and

collision model, is compared with circumcircle. The con-

servativeness of the circumcircle and ours is calculated as

Equation (14) and (15), respectively. High conservativeness

indicates lower robustness.

π

 

�w

2

�2

+

�

h

2

�2
!

− wh (14)

whγ2
− wh (15)

We fix the width at 0.64m and increase the height from

0.64m. As shown in Fig. 10(a), for most heights, the circum-

circle is notably more conservative, with the gap widening

as height increases. However, Fig. 10(c) reveals that when

expansion ratio is 1.1 and 1.2, ours is less conservative,

while when 1.3, it becomes more conservative at certain

heights. Through this analysis, we can determine the value

of expansion ratio that ensures the conservativeness of our

method is smaller than that of the circumcircle across all

heights, as shown in Equation (16). By defining this value

as the guideline for expansion ratio, the conservativeness can

be maintained for rectangular robots of all aspect ratios.

γguide =

r

π

2
≈ 1.253 (16)

Fig. 11. Simulation test in dense spaces with AiDIN-VIII. The grid represents
the quadtree cells, and the yellow sectors indicate the RoAs.

Fig. 12. Simulation test in narrow environments such as a hallway. The
numbers represent the order in which the robot moves.

The aggressiveness is how boldly the robot collision model

is expressed. It is compared with the incircle representation,

which is calculated as follows:

wh − π
�w

2

�2

(17)

Unlike the incircle, our approach does not underestimate the

collision model, resulting in zero aggressiveness. Fig. 10(b)

shows that the incircle’s aggressiveness remains significantly

higher.

In conclusion, by setting the expansion ratio of the RoA-

Planner to be smaller than γguide, it provides advantages

in terms of both robustness (conservativeness) and safety

(aggressiveness) compared to existing methods, regardless of

the aspect ratio of the rectangular footprint.

VI. EXPERIMENT

We demonstrate our work with asymmetric rectangular

robot AiDIN-VIII in simulation and real-world scenarios.4

And we compare our method using the configuration of

symmetric rectangular robot ANYmal-C [38]. The expansion

ratio was set in accordance with the guideline in Section V-B.

The whole framework of the planner runs on NVIDIA Jetson

AGX Orin 32GB.

A. Simulation

We evaluated the path planning performance of RoA-

Planner using AiDIN-VIII within gazebo simulation. The

4https://youtu.be/d1c2L-7MnsU
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TABLE III

PATH PLANNING COMPARISON IN DENSE ENVIRONMENTS

Fig. 13. Visualization of path footprints generated by the RoA-Planner and baselines under the ANYmal-C configuration. States that collided with obstacles
are highlighted in red on the path.

environments is 5m×5m square, and the start and goal poses

are configured to require traversal of a narrow and cluttered

area. As shown in Fig. 11, by quadtree with bridge test, the

complex environments were partitioned efficiently, creating

fewer RoAs in open fields and more RoAs in narrow passages.

In the RoA-Map, modifed A* algorithm searched sequences

of RoAs that satisfy both area condition and edge condi-

tion. The resultant path was followed by the robot, allowing

it to safely reach its goal without any collisions. Through

this experiment, we validated that the RoA-Planner success-

fully generates the shortest collision-free path in highly-dense

spaces.

Moreover, as illustrated in the Fig. 12, we specifically

evaluated performance in narrow passages by setting the

yaw of the goal pose opposite to that of the start pose.

Due to spatial constraints, the critical challenge was finding

suitable rotation region within tight spaces, where the robot

often cannot rotate freely. The planner found sequence of

pose that satisfy challenging start and goal pose constraints,

demonstrating flexibility and robustness. This capability is

particularly valuable for real-world service application, such

as mobile manipulation, parking, or charging station docking.

Next, we compare RoA-Planner and six planners consisting

of geometric and learning-based methods using ANYmal-C
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TABLE IV

SPECIFICATION OF BASELINES

TABLE V

PATH PLANNING COMPARISON IN NARROW CORRIDORS

Fig. 14. Path planning scenario in narrow corridor environments with the
start and goal heading angle set in completely opposite directions. The path
shown in the figure was generated by RoA-Planner.

(930mm×530mm). The specification of all comparison algo-

rithms are summarized in Table IV. Baseline 1 generates paths

using A* algorithm on maps where obstacles are inflated to

the size of a circumcircle. Baseline 2 utilizes the incircle

size for raw path generation and assigns the heading angle

as the tangential direction of the path. A gradient-based

optimizer then refines the path for collision avoidance and

smoothness, considering a rectangular footprint in x, y, and

yaw. Wellhausen et al. and Art-Planner, both based on PRM*,

were configured to generate paths within a specified time limit

for each comparison. And their rectangular collision models

are expanded by the same expansion ratio as RoA-Planner.

Since TRG-Planner plans positions relied on incircle-based

method, we set the heading angles to follow the tangential

direction of the generated path. In comparison, collisions (C)

were counted by dividing the path into discrete states and

measuring pixel-level overlaps between each state’s footprint

and the map image. And we denote the planning time as T,

the total path length as D, and the accumulated heading angle

change as R.

First, in Table III and Fig. 13, we compare RoA-Planner

with five planners—Baseline 1, Baseline 2, Wellhausen et

al., Art-Planner, and TRG-Planner—to analyze path planning

performance in highly obstacle-dense environments. Planning

was performed on four 5m×5m maps, each with the same

Fig. 15. Comparison of collision-free rate and severity of random local motion
under varying obstacle densities.

start and goal poses. Baseline 1 failed to plan paths due to

over-approximation of the collision model. And Baseline 2

almost successfully planned smooth and collision-free paths.

However, since it requires collision checking for the rect-

angular model at every iteration for all waypoints, it takes

longer than RoA-Planner. Wellhausen et al. and Art-Planner

were allocated 0.3 seconds for planning, which exceeds

the planning time of RoA-Planner. Despite achieving near-

accurate collision detection, these methods failed to produce

optimized paths due to the large search space (clearly visible

in Wall 2 and Polygon 2). And because of the inherent limi-

tation of its incircle-based approach, which neglects heading

angle considerations, TRG-Planner resulted in many colli-

sions. In contrast, RoA-Planner generated collision-free paths

with the fastest planning times. In most environments, our

method outperformed other algorithms in terms of energy effi-

ciency, as measured by total distance and total heading angle

change.

Secondly, we compare RoA-Planner against Baseline 2,

Wellhausen et al., Art-Planner, and TRG-Planner in terms of

robustness when navigating narrow corridors (Table V and

Fig. 14). In this comparison, the goal pose was set directly

opposite to the start, and most space do not allow full turns. In

experimental results, Baseline 2 diverged during optimization

due to its inability to establish proper initial heading angles

in narrow corridor 1 and narrow corridor 2. Furthermore, in

narrow corridor 3, there was a significant limitation due to an

insufficient number of waypoints for optimization. Although

Wellhausen et al. and Art-Planner were allocated 4 seconds for

planning, they achieved low success rates (3 to 6 successful

attempts out of 10), primarily due to the extensive search

space required by their rectangular collision model. And also

because TRG-Planner generates paths based solely on position,

it cannot account for constraints where the start and goal

have opposite heading angles in narrow environments. On

the other hand, RoA-Planner efficiently generated collision-

free paths in all experimental settings and demonstrated

superior robustness in narrow passages compared to other

algorithms.

To further validate the safety performance of local motion

evaluation, we compares RoA-Planner with Yang et al. and

Art-Planner under varying obstacle densities. In the Fig. 15(a),

obstacle density is defined as the number of obstacles with

random sizes present within a 1m×1m area. The collision-

free rate represents the percentage of local motions classified

as safe by each algorithm that did not result in actual
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Fig. 16. Path planning test in various scenario including obstacle-dense environments and structured settings. The blue and red point represent the start and
goal region, respectively, while the right side illustrates the generated RoA-Map and the path.

collisions. Each algorithm generated 1,000 feasible random

local motions in environments with obstacle densities of

0.5, 1.0, 1.5, and 2.0. The results show that RoA-Planner

maintained an almost 100% collision-free rate regardless

of obstacle density, whereas Yang et al. and Art-Planner

exhibited lower collision-free rates, which declined sharply

as obstacle density increased. This result originated from

the insufficient accuracy and generalization ability of the

learning-based local motion estimator. While RoA-Planner

is theoretically collision-free, minor collisions were detected

due to pixel-level collision detection. Additionally, Fig. 15(b)

illustrates the severity of collisions, showing the number

of overlapping pixels between the footprint and obstacles

while local motion. Yang et al. and Art-Planner recorded

53.2 and 79.2 overlapping pixels on average, indicating that

they frequently misclassified high-impact local motions as

safe. In contrast, RoA-Planner averaged just 3.6 overlapping

pixels, demonstrating that only minor, negligible collisions

occurred.

B. Real-World

In real robot experiments, AiDIN-VIII with an Ouster

lidar OS0-64 navigates obstacle spaces. A local height map

is generated via elevation mapping [39], converted into a

gray-scale image, and dichotomized based on the robot’s

step-over height. If the goal pose is within the local map,

the nearest RoA containing the goal heading angle is

selected as a target; otherwise, the closest RoA to the goal

Fig. 17. Path planning test in narrow gap. The figure above demonstrates
successful navigation with d = 0.8 m, achieving success at 1.0, 0.95, 0.9, and
0.85 m.

that contains the robot’s current heading angle is chosen.

The robot executes the first local motion from the gener-

ated path, and the process repeats until the goal pose is

reached.

In the first experiment, two obstacles were positioned at

varying distances apart to test the robot’s ability to navigate

through narrow gaps (Fig. 17). The spacing was reduced incre-

mentally from 1.0m to 0.8m in 0.05m increments. The robot

successfully traversed gaps across all tested distances without

collisions. While the theoretical limit for gap navigation is

0.704m (wγ), practical challenges like localization errors and

sensor noise made path generation difficult near this thresh-
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Fig. 18. Responsiveness test in the presence of dynamic obstacles. The dashed
circles indicate dynamic obstacles.

old. Despite practical issues, the robot consistently navigated

0.8m gaps collision-free, demonstrating robust performance in

narrow spaces.

In the second experiment, path planning was tested

in challenging scenarios, including dense obstacles and

structured settings (Fig. 16). The goal pose was placed

beyond narrow, intricate areas obstructed by obstacles. The

robot successfully avoided collisions with diverse obstacles

like rectangular obstacles, walls, pillars, and chairs (Fig.

16(a)(b)(c)). It also performed well in structured environ-

ments, handling straight and curved corridors (Fig. 16(d)(e)).

Practical tasks such as returning to charging or parking

stations were reliably completed with safe heading angles

(Fig. 16(f)).

Furthermore, we tested the responsiveness of the RoA-

Planner to dynamic obstacles. To this end, we set a fixed

goal pose in 10m×10m local map and the planner period-

ically generated a path from the robot’s current pose. In

the first experiment (Fig. 18(a)), multiple moving obstacles

frequently crossed the planned path, creating an dynamically

obstacle-dense environment. Despite these unpredictable envi-

ronmental changes, RoA-Planner demonstrated fast replanning

capabilities by generating and exploring appropriate RoAs

and maintaining collision-free paths. In the second experi-

ment (Fig. 18(b)), a person continuously blocked the robot’s

path during navigation, invalidating the initially planned path.

In response, the RoA-Planner quickly regenerated a new

safe path whenever the path was obstructed. In addition,

It exhibited push-back motions when encountering sudden

obstacles, enabling the robot to continue without colliding

with the person. These experimental results demonstrate the

real-time performance of RoA-Planner in dynamic obstacle

environments. However, we observed that the robot exhibited

somewhat static and unnatural motions while tracking the

generated path. This behavior is attributed to the motion

constraint described in Section III and is discussed in more

detail in Section VIII.

Finally, we compared the global path planning performance

of RoA-Planner with Art-Planner and TRG-Planner in a large-

scale real-world environment (See Table VI and Fig. 19).

For the experiment, we used LIO-SAM [40] to generate

a 40m×25m global map of a laboratory and projected it

onto the x–y plane, converting it into a 2D image map.

According to the experimental results, the TRG-Planner suc-

cessfully generated short paths through narrow passages, but

it resulted in a high number of collisions because of the

TABLE VI

GLOBAL PATH PLANNING COMPARISON IN LARGE-SCALE REAL-WORLD

Fig. 19. Global path planning results in a 40m×25m laboratory using
the RoA-Planner (orange), Art-Planner (pink), and TRG-Planner (cyan). The
environment includes a mix of narrow corridors and open fields. The width
of region A is approximately 0.8m, and that of region C is approximately 1m.

nature of incircle representation. And the Art-Planner was

unable to obtain a sufficient number of valid samples in

narrow regions A and C. Consequently, the planner generated

wider, yet longer, alternative paths. Moreover, the planning

time required was at least 180 seconds for both paths. In

contrast, RoA-Planner successfully identified narrow passages

A and C, generating the most efficient paths within 1 second

(path 1: 0.925s, path 2: 0.519s). These experimental results

suggest that RoA-Planner performs effectively in large-scale

real-world environments, showing promising capability in

identifying narrow passages with relatively fast computation

speed.

Particularly, a notable number of collisions involving the

Art-Planner were observed in region B, due to uncertainty

caused by sensor noise and low resolution. These factors

led to ambiguous or weak representations of obstacle bound-

aries, making it difficult for the learning model to accurately

identify and characterize obstacles. If the training data does

not sufficiently account for these uncertainties, learning-based

methods inevitably suffer from the sim-to-real problem. Even

with data augmentation techniques or collecting real-world

data, it is impossible to account for all possible real-world

scenarios. Unlike that, RoA-Planner, which relies solely on

geometric information, is fundamentally immune to the sim-to-

real problem. Consequently, it demonstrates robustness against
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environmental uncertainties in real-world, successfully gener-

ating safe paths.

VII. CONCLUSION

In this work, we propose a novel collision-checking method,

called the Rotatable Area, which precisely evaluates collisions

based on the robot’s heading angle. Leveraging simple geo-

metric conditions of the RoAs, this method accurately enables

the identification of safe local motions. The approach exhibits

strong scalability, making it applicable to any waypoint-

based path planning framework and adaptable to various

types of rectangular robots. By further extending this eval-

uation scheme into a complete path planning algorithm, we

significantly reduce the search space of rectangular robots

in obstacle-dense environments, enabling fast and safe path

generation. The effectiveness and robustness of our method

have been validated through extensive simulations and real-

world experiments, confirming its practical applicability to

real-world navigation task.

VIII. LIMITATION AND FUTURE WORK

Due to the nature of the proposed local motion evaluation

method, tracking a planned path requires the motion con-

straint: first in-place rotate and then translate (as discussed

in Section III). By enforcing this two-phase motion pattern,

the collision-free motion is gauranteed. However, this con-

straint makes path tracking difficult compared to continuous

motion that perform rotation and translation simultaneously.

The limitation is especially evident in dynamic environments

requiring frequent and fast replanning, where the sequential

motion lacks responsiveness and adaptability. To overcome

this challenge, our future work focus on transitioning from

sequential to continuous motion primitives. By leveraging opti-

mization theory, we aim to enable smoother and more flexible

local path planning that better handles dynamic environments.

APPENDIX

A. Time Complexity Analysis

This section analyzes the time complexity of the RoA-

Planner by dividing it into three main components: collision-

list generation, quadtree decomposition with bridge test, and

modified A*. The symbols used in the analysis are defined as

follows: N denotes the total number of nodes, M is the map

size, which is represented as number of pixels in the map, V

represents the number of RoAs, and E is the number of valid

edges that satisfy both the area condition and edge condition.

The collision-list generation performs collision checks for

all pixels within the robot footprint across 360 degrees of

orientation, leading to a time complexity of O(360 ·wγhγ ·N) ≈

O(N). Fig. 9(b) shows that the collision-list generation time

increases linearly with respect to the number of nodes, which

aligns well with the theoretical analysis.

The quadtree with bridge test has the same time complexity

as the standard quadtree. The standard quadtree has different

time complexities for construction and query. The constructing

process has a time complexity of O(M), while range search

have O(log M).

Fig. 20. Graphs (a) and (b) show log-log plots of the experimental time
complexity data for quadtree construction with bridge test and modified A*,
respectively. The increasing marker sizes represent the corresponding map
sizes, approximately 10m, 20m, 40m, 80m, 160m and 320m. The dashed line
represents the theoretical time complexity, with a slope of 1 in the log-log
plot.

The time complexity of modified A* consists of two major

components. First, a range search using the quadtree is per-

formed to find neighboring RoAs for each of the V , which

results in a complexity of O(V log M). Second, a graph search

is conducted by inserting valid edges between neighboring

RoAs into a priority queue. The complexity of this step is

O(E log V). Therefore, the overall theoretical time complexity

of modified A* is O(E log V + V log M).

Note that both E and V are affected by the size of the map

and the distances between obstacles. To capture this effect,

we conducted experiments not only by varying the M, but

also by changing the size of obstacles placed on the center

of a regular 2.5m×2.5m grid. The height of the square map

was exponentially increased from approximately 10m to 320m

by doubling at each step, while obstacle sizes of 0.4m, 1.0m,

and 1.3m were considered. For each combination of map and

obstacle sizes, a quadtree was constructed, and the numbers

of M, explored E and explored V were recorded. For each

fixed obstacle size, both the quadtree construction with bridge

test and the modified A* consistently followed the expected

performance trend as the map size grew, supporting the validity

of the proposed complexity model (Fig. 20).
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