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ABSTRACT This paper proposes an adaptive topological map building method, called Adaptive Resonance
Theory-based Topological Clustering with Different Topologies (ATC-DT), for autonomous mobile robots
using 3D point cloud data. ATC-DT framework integrates a novel node deletion mechanism that detects
layout changes through free area detection. This allows the robot to update topological maps dynamically,
removing outdated nodes caused by environmental changes. Experiments in real environments validate
the ability of the method to perform global path planning, free area estimation, and adaptive navigation.
The approach significantly improves navigation performance by improving map relevance and reducing

redundancy of paths.

INDEX TERMS Topological map building, navigation system, autonomous mobile robot.

I. INTRODUCTION

Autonomous mobile robots moving various environments,
the ability to perceive the surrounding 3D space is essential
for safe and efficient movement [1], [2], [3]. Recently,
with the development of precise and affordable 3D distance
measurement sensors such as Lidar and RGB-D cameras, the
3D distance measurement sensor has become easier to equip
autonomous robots. This has led to a rapid advancement
in research related to space perception technology using
3D point cloud in the robots. In particular, the technology
for building an environmental map and localizing the
self-position is fundamental in the robots, and many high-
precision 3DSLAM methods using 3D point clouds have been
proposed [4], [5], [6]. While 3DSLAM allows robots to build
extensive environmental maps, for mobile robots to execute
tasks, there is a need for methods that efficiently extract
necessary information from the vast 3D point cloud within the
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environment maps. Especially for navigation tasks to reach a
destination from the current location [7], [8], [9], [10], using a
topological structure described with nodes and edges as a map
representation to structure point cloud enables direct use in
path planning. Consequently, developing efficient techniques
for building topological structures from point cloud becomes
advantageous.

As a method to efficiently learn topological structures
from data, competitive learning methods, including self-
organizing maps, have been proposed. In particular, Grow-
ing Neural Gas (GNG) [11], the learning method that
includes the addition and deletion of nodes and edges in
the learning algorithm, can adaptively learn topological
structures from unknown 3D point cloud, where the data
amount is not constant. Consequently, it has been applied
to various 3D environment recognition technologies, includ-
ing 3D reconstruction and tracking. In this context, the
authors have also proposed GNG with Different Topologies
(GNG-DT) [12] as a 3D space perception method for
autonomous robots, demonstrating efficient information
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extraction by learning topological structures for multiple
feature attributes, such as color and shape, from 3D point
cloud. Moreover, by utilizing GNG-DT for a traversability
perception of autonomous mobile robots, an adaptive local
planning approach was achieved, allowing the planning of
traversable paths based on a topological structure derived
in real-time from measured point cloud [13], [14]. This
method proved effective in actual environments. In addition,
by employing GNG-DT on point cloud from the environ-
mental maps, a strategy for global navigation in unknown
environments was introduced, showing promising results in
simulation environments. However, because GNG-DT learns
with a fixed learning rate, challenges included the inability to
continuously build a topological structure from the measured
point cloud and the displacement of node positions with each
learning epoch.

Therefore, the authors focused on Adaptive Resonance
Theory (ART)-based Topological Clustering (ATC), a topo-
logical structure learning method based on ART, as an
approach to avoid these issues [15], [16]. Unlike GNG-
DT, ATC performs node addition and learning based on a
distance threshold judgment called a vigilance parameter.
Furthermore, the learning rate decays with the number of
learning iterations. Therefore, ATC-based learning algorithm
realize the continuous topological map building which was
impossible with GNG-DT, and the authors proposed ATC-DT
as a topological structure learning method for 3D point
cloud [17]. Using ATC-DT, it has been shown in simulation
environments that the topological structure of environmental
maps can be continuously learned from the robot’s self-
position and the measurement results of the 3D point cloud.
However, the effectiveness has not yet been validated in
real environments. Although the introduction of ATC-DT
has improved the convergence of node learning, there is a
problem where node positions become fixed and cannot be
adjusted for layout changes in the topological map when
layout changes occur in the environment. Therefore, the
aim of this paper is to realize a method that allows for the
correction of topological maps in environments with layout
changes. To achieve this, the authors propose a method to
build a topological map that adapts to layout changes by
detecting perceptual ranges called free area from point cloud
measured by 3D distance sensors and by deleting critical
nodes contained in the free area. The main contributions of
this paper are as follows:

1) We introduce a novel node deletion mechanism that
utilizes a free area detection, enabling the removal
of outdated nodes caused by environmental layout
changes.

2) To enable real-environment deployment of ATC-DT,
we develop a navigation system that integrates
ATC-DT with free area detection and LiDAR-Inertial
Odometry for real-time topological map adaptation.

3) Validation experiments conducted in real environments
confirm that ATC-DT enables the global topological
map building and supports reliable path planning,
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demonstrating its practical applicability to autonomous
robot navigation.

The remainder of this paper is organized as follows.
Section II reviews related work on topological map con-
struction and environmental adaptation methods. Section III
describes the system configuration for real-environment
experiments, including sensor integration and localization.
Section IV details the proposed ATC-DT algorithm and
the integration of the node deletion mechanism. Section V
introduces the free area detection method used for adaptive
node removal. Section VI presents experimental valida-
tions in real environments, demonstrating the feasibil-
ity and performance of the proposed approach. Finally,
Section VII concludes the paper and discusses future research
directions.

Il. RELATED WORKS

In this paper, we propose a method for a map construction
method that can be used by autonomous mobile robots for
action planning. There are various methods for expressing
environmental maps, and many methods have been proposed
for constructing environmental maps for mobile robots. One
of the requirements for autonomous mobile robots is real-
time performance, which requires a reduction in the amount
of data. To achieve this, it is necessary to abstract the
surrounding environmental data. One method for this purpose
is the generation of a mesh structure that abstracts input
data to reduce the amount of data while constructing an
environmental map. Reference [18] proposes a method to
estimate a smooth mesh from depth data. This method allows
for high-quality mesh generation in real-time but is sensitive
to noise and outliers. Reference [19] generates 3D meshes
by extracting features not only from depth data but also
from images captured by cameras. Although it features less
data volume compared to point clouds, it is affected by
errors due to camera pose estimation. In [20], a method
called the Triangular Mesh Map (TMM) was proposed,
where an undirected graph is constructed from the generated
nodes and edges, and the shortest path is planned using the
Dijkstra algorithm. While the reproducibility of path planning
is high if the parameters are fixed, appropriate parameter
settings are required. As another method for generating
triangular mesh maps, [21] proposed a stochastic triangular
mesh (STM) represented as a 2.5D mesh. The map can
be updated linearly; therefore, the proposed method can
rapidly respond to a changing environment. However, the
proposed method cannot represent multi-layer structures such
as bridges or overhangs because the structure is composed
of the 2.5D model. In [22], [23], a 3D mesh map is built
in rough terrain environments, and based on the generated
mesh, roughness and normals are estimated to determine
traversability. However, there is a challenge that a new
mesh needs to be generated in response to the change of
viewpoint. In [24], in the literature, Kimera has strengths
in metric semantic mapping, but the “Kimera-Mesher”
module is used for fast, real-time 3D mesh generation to
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FIGURE 1. System configuration of the proposed method for real-environment navigation.

support obstacle avoidance. Although real-time meshing
is possible, additional processing is required for accurate
mesh generation. As described above, the mesh map can
be abstracted while faithfully reproducing the shape of the
environment, and the vertices, edges, etc. of the mesh can be
used for path planning.

While environmental representation using mesh structure
reduces the input data by dividing the environment into
uniform meshes, it consumes a large amount of memory
in a large area. However, this method consumes a large
amount of memory in arge-scale [25], [26]. Since this
research aims to construct environmental maps for large
areas, an environmental map construction method that can
reduce the amount of data is desirable. A topological map,
which is connected by nodes and edges like a mesh map
and can be used for path planning, is a more abstract way
to represent the environment. Reference [27] proposed a
method to build a topological map by extracting a path
using edge detection filters from a distance map, followed by
skeletonization. The proposed method has low computational
cost as the proposed method extracts only important paths,
but the proposed method has the drawback of being
challenging to maintain the accuracy of the information about
the entire environment. Reference [28] proposed a method
called PRISM-TopoMap, which uses a learning-based place
recognition model that fuses images from multiple cameras
and point cloud, and is capable of building more accurate
topological maps. However, since 2D features are used for
point cloud matching, it may not completely capture the 3D
environment. Reference [29] build a topological map using
a method that extends the self-organizing map, called Place
Cell-Growing When Required (PC-GWR) network, suitable
for high-level abstraction for navigation. However, since the
learning coefficient converges as learning progresses, which
cannot cope with environmental changes. Also, in [13], [30],
topological map building using one of the self-organizing
maps, GNG, was proposed, allowing 3D space perception
and path planning in unknown environments. However,
since all measured point cloud is used as input data for
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large-scale environments, the data volume required for
learning becomes enormous. Reference [31] proposed a
Voronoi-based method for building topological maps, offer-
ing an efficient method for large-scale environments. How-
ever, there is a challenge in accurately representing complex
environments. Therefore, in this study, a method based on
ATC that can be applied even in complex environments and
continue to construct a global topological map in real-time
only from the measured point cloud is used.

Ill. SYSTEM CONFIGURATION

In [17], experiments were limited to simulations, but in
this study, we realize autonomous navigation in a real
environment using topological maps built by ATC-DT.
To realize ATC-DT in a real environment, 3D point clouds
and self-localization are necessary. Therefore, the robot is
equipped with a 3D LiDAR (Mid-360), and the developed
robot configuration is shown in Fig. 2 and Table 1. Although
the specific system configuration is shown in Fig. 1, in this
study, self-localization is executed by FASTLIO, one of the
3D SLAMs, from the point clouds and IMU data measured
from the Mid-360. Utilizing self-localization results along
with the point clouds recorded at that instance as input for
ATC-DT enables topological mapping and navigation in real
environments.

Mid 360
(3DLiDAR)
Intel NUC
(Onboard PC)

CuGo V3
(Mobile base)

FIGURE 2. Crawler robot developed for autonomous navigation using
ATC-DT.
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TABLE 1. Specification of robot.

Ttem | Specification
Width 460 [mm]
Depth 450 [mm]
Height 600 [mm]
Motor output | rated 45 [W]
Sensor Mid-360
Motor CuGo V3

IV. TOPOLOGICAL MAP BUILDING USING ATC-DT
Regardless of robots, the stability derived from retaining
learned information and the plasticity to learn new infor-
mation have a trade-off relationship. Such a conflicting
relationship is called the stability-plasticity dilemma [32],
and it is necessary to effectively adapt to the environment.
However, the related research GNG faces challenges due
to this relationship, whereby while it can flexibly learn
new knowledge from input data, it suffers from catastrophic
forgetting, where the newly acquired knowledge causes
previously learned information to be forgotten. As an
approach to avoid catastrophic forgetting, there is ART [32].
ART is a theory based on biological plausibility and has
been devised as an algorithm that self-organizes and learns
quickly and stably for any input data. Since the purpose of this
research is to create a stable global topological map, we apply
ATC that can avoid catastrophic forgetting to the building
of a topological map. Additionally, ATC-DT, developed
from ATC, supports the construction of multiple topological
structures, aiming for global path planning and autonomous
movement using this method. The learning algorithm will be
explained below.

A. LEARNING ALGORITHM

Firstly, we define the main variables used in ATC-DT.
We define the set of attributes in this research as S = {
position information (pos), normal vector (nor), traversabil-
ity (tra) }. Next, we define the input vector and reference
vector respectively as v = {v"*} h; = {hf o h?er, h?’”}. The
distance between the input vector in an attribute o and the
reference vector of the ith node is defined as dl.”, as follows,

di = |Iv* —h7]|. (1

Furthermore, by defining the set of edges for an attribute o
(e S)as C? = {C(f,2’ . ~-c;{j, -+ }, a topological structure
is built for each of the multiple attributes. If the ith and jth
nodes are connected, then c:’ = 1, and if not connected,
cﬁ = 0. Below, the detailed contents of the overall algorithm
are explained.

Step 0. For initialization, set the number of learning
epoch ¢ to 0 and obtain the initial measurement data set
V. Randomly generate the reference vectors h; and h, for
the two nodes, and set the winner counts of the nodes to
My =1and M = 1.

Step 1. Randomly obtain one input vector v from the
measurement data set V.
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Step 2. Select the first winner node s; and the second
winner node s, corresponding to the input vector v. The first
and second winner nodes represent the nodes closest to and
the second closest to the input vector, respectively. The set A
represents the set of node numbers.

s; = argmind’”,
icA

§p = arg min d{j o 2)
ieA\sl

Step 3. If the distance db” of the first winner node is
smaller than the vigilance parameter Vi, (dflos < Vi),
execute Step 4. Otherwise, add a node according to the
following procedure. M; denotes the number of times the ith
node has become the first winner node, and N represents the
number of nodes. After adding a node, execute Step 7. The
Viny 1s set slightly larger than the robot’s width. In this way,
the robot can avoid colliding with walls and other obstacles.

hpos

N1 = Vs
My =1,
N <N +1, 3)

Step 4. Update the reference vector of node s; using the
following equation,

B B 4 (v — W), “)

10Mj,
Furthermore, when the distance dfzos of the second win-
ning node is smaller than the vigilance parameter Vi,
(dE” < V), the reference vector associated with the first
winning node is updated using the following equation,

W < h” v —h?”). 5
A vt OOMk( ) &)
Step 5. Increment the age of the edge that has the

connection relationship of the position information with the

first winner node (c?losl =1).

gsl,i < gS|,i + 1 (6)

Furthermore, if the distance d," to the second winning node
is smaller than the vigilance parameter Vi, (dfzos < Vi),
the age of the edge is reset to 0 (g51,52 = 0), and if there is
no position information edge between nodes s; and s7, a new
position information edge is added (c};";, = 1). The addition
of edges regarding attributes other than position information o
(€ SP%%) is performed according to the following formula.
iff"(hg,’l , hg,’z) = true,

1
0
fr— 7
51,52 [0 otherwise, )

where, f°(-) is a decision function based on each attribute,
returning true when the similarity between attributes is high
and false otherwise.

Step 6. Update the age threshold of the edge gmqr and
remove all edges of attribute o (€ §) that exceed the threshold

(C?I,SZ =0).
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FIGURE 3. Example of remaining nodes: Nodes within the white square
could not adapt to environmental changes and were not removed. Blue:
traversable nodes; Green: contour and traversable nodes; Red:
untraversable nodes; Big yellow: Robot(Start) node.

Step 7. Increment the number of learning epochs ¢, and
update the measurement data set V every A iterations. Then,
return to Step 1.

1) NODE DELETION

In building topological map using ATC-DT, while nodes
can preserve geometric information for convergence, there
is an issue of unnecessary nodes remaining because nodes
positioned on trajectories of dynamic objects also converge
(Fig. 3). Therefore, a node deletion function is added to
the conventional ATC-DT learning algorithm. Specifically,
as shown in the following equation, for a given the ith
node, distances between all input data are compared, and
if the distance to the closest input data is larger than the
threshold v the ith node is deleted.

min |[h{” — vj|| > thv®s. ®)
JeEA

By adding the node deletion function, it is possible to avoid a
situation where redundant nodes remain, as nodes are deleted
in places without point cloud due to layout changes.

V. FREE AREA DETECTION FOR NODE DELETION
When performing the node deletion based on equation (8),
if the deletion area is not properly set, there is a risk of delet-
ing undesirable nodes. These undesirable nodes correspond to
regions that are occluded by dynamic objects. As illustrated
in Fig. 4, nodes located in front of the robot within these
occluded regions are deleted by the node deletion process.
Because the LiDAR sensor cannot capture point clouds in
such occluded areas, the corresponding nodes are removed by
the deletion algorithm described in Section IV-A1. Therefore,
this paper applies free area [33], [34] as the node deletion
area. Free area refers to the area where the robot can move
freely within the perceived range (perceived by point cloud)
as shown in Fig. 5. The details of the free area extraction
method are explained.

Step 1. Equally divide the area in front of the robot into N
sections.

Step 2. For each area, determine the closest point cloud
(proximity point) from the current position of the robot p
using the following equation.

r; = mi - vill. 9
i Ijgl&lllp vill 9
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FIGURE 4. Example of node deletion in regions occluded by a dynamic
object.

I

FIGURE 5. Visualization of the free area (shaded in light blue), which
represents regions where the robot can move without obstruction.

where, r; is the proximity pointinthe i = {0, 1 ... N}-th area,
V is the set of point cloud, and v; represents the j-th point
cloud.

Step 3. Calculate the unit vector q; directed from robot p
to the nearby point r;.

ri—p
|lr; —pll.

Step 4. Calculate the inner product between the vector
from a node h; to a proximity point r; — h; and q;. The
condition for the node h; to exist on the robot side with
respect to the tangent at the proximity point r; is given by
the following expression. Figure 6 shows how the free area is
determined for a certain proximity point. Node h; is on the
robot side because its inner product is 77,-T (rj — hg) > 0 and

node hy is not on the robot side because its inner product is
nf (ri —hy) < 0.

q = (10)

0! (r; —hy) > 0. (11)

Step S. Perform Step 3 and Step 4 at all adjacent points,
and determine the node hy that satisfies equation (11) at all
adjacent points as a node existing within the free area.

When dividing the front of the robot into six areas in Step 1,
the extracted free area is as shown in Fig. 7. By setting the free
area, it is possible to extract nodes located within the range
where point cloud exists. Indeed, the appearance of the free
area extracted in the actual environment is shown in Fig. 8.
The purple nodes represent the nodes existing within the
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FIGURE 6. Example of free area determination at a specific proximity
point using geometric criteria.

FIGURE 7. Free area extracted by dividing the front region into six
sections. Colorful dots represent proximity points in each section.

free area. By performing node deletion only on these nodes,
the deletion of undesirable nodes can be avoided, allowing for
appropriate node deletion. The entire flowchart of ATC-DT,
including free area detection and node deletion, is shown
in Fig. 9.

VI. EXPERIMENTAL RESULTS

The purpose of this experiment is to verify the feasibility of
global path planning using ATC-DT in real environments,
as well as to confirm the detection of free area in dynamic
states, the adaptation to changes in the environmental
layout, and the ability for path planning and autonomous
movement to the starting point. The robot used in the
experiment is shown in Fig. 2, and its specifications are listed
in Table 1.

A. OBSTACLE REMOVAL VERIFICATION

1) EXPERIMENTAL SETTING

In this section, we verify the proposed method when obstacles
are completely removed. The experimental environment is
shown in Fig. 10. As for the experimental procedure, initially,
the robot autonomously moves to the backside of the obstacle.
Next, the obstacle is removed and the robot starts autonomous
movement towards the starting point as the destination.
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FIGURE 8. Free area detection results in a real environment. Purple dots
indicate nodes identified within the free area.

| Initialization |
v

—>| Input data selection |

| Winner node selection |

@ No
es

—| Node addition |

| Updating the 15t winner node |<-

Yes
Updating the neighbor nodes |

Updating the edge information |<-
¥

|

|

| Updating edge ages |
¥

| Detection Free area |

No
node € Free area

Yes
—| Delete node |

FIGURE 9. Flowchart of the proposed ATC-DT-based topological map
building with free area detection and node deletion.

FIGURE 10. Layout of the experimental environment used for obstacle
removal verification.

2) RESULTS
The experimental results are shown in Fig. 11. This figure
shows that the robot first senses obstacles in front of it and
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then moves autonomously to the rear of the obstacles. It also
shows that when returning to the starting point, the robot
deletes red nodes representing removed obstacles by deleting
nodes within the free area and returns via the shortest route.
The ATC-DT had node convergence, indicating that a global
topological map could be built while preserving geometric
information. Figure 11 shows the movement to a target
position set in an unknown environment. By combining ATC-
DT with the self-localization results by FASTLIO, it was
possible to build topological mapping in the real environment
and reach the target position. In addition, free area could
be detected even in dynamic states, and nodes of removed
obstacles were deleted without issues, verifying that nodes
could be deleted for completely removed obstacles. Table 2
summarizes the average path length, variance, and path
reduction rate. This table also demonstrates that node deletion
within the free area contributes to path length reduction.

As shown in Fig. 12, there was a situation where not only
the node of the remaining obstacle was deleted, but also the
surrounding nodes were deleted when removing nodes. This
is considered to occur due to node deletion in the robot’s
blind spot range, as shown in Fig. 13. When detecting the
free area, nodes located beyond the x-coordinate of the input
data closest to the robot are targeted. In this case, if the sensor
detection range was unevenly detected as in the right figure
of Fig. 13, nodes within the blind spot range in the free area
became a target for deletion, resulting in a situation where
even nondesignated nodes are deleted.

To verify the effectiveness of node deletion in a free
area, trajectories of robots were compared between the
proposed method with deleted nodes and the conventional
method without deletions in ATC-DT. Each experiment was
conducted 10 times, and the resulting trajectories are shown
in Fig. 14. It was observed that by executing node deletion,
obstructing nodes were removed, aiming for the shorter path
to the goal. Thus, the autonomous movement with node
deletion allows for efficient path planning and reaching the
destination.

TABLE 2. Comparison of path lengths in the obstacle removal verification.

Condition/Path length Average  Variance
Without node deletion method ~ 12.4880 0.7199
With node deletion method 9.8536 0.1705
Reduction Rate (%) 21.10

B. LAYOUT CHANGE VERIFICATION

In this section, we verify the behavior when the position of
the obstacle is moved without removing it. The experimental
environment is shown in Fig. 15. The experimental procedure
involves autonomously moving the robot to the back side
of the obstacle, similar to the previous experiment. Subse-
quently, the obstacle is moved diagonally upward to the right,

215710

FIGURE 11. Robot trajectories (left) and topological map (right) built by
ATC-DT. Blue: traversable nodes; Green: contour and traversable nodes;
Red: untraversable nodes; Purple: nodes within free areas; Big yellow:
Robot(Start) node; Big light blue; Goal node.

and autonomous movement is initiated with the original start
location as the destination.

C. RESULTS
The results of the experiment are shown in Fig. 16. This
figure shows that the robot first moves autonomously to

VOLUME 13, 2025
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FIGURE 12. Example of excessive node deletion, including unintended
surrounding nodes.

Closest point
|

| Blind area |

r
Frea are?:h
Sensor area \'\\

FIGURE 13. lllustration of the cause of over-deletion shown in Fig. 12.
Nodes within sensor blind spots are incorrectly included.

the wall while perceiving the obstacle in front of it. Then,
when returning to the starting point, the robot perceives
a new obstacle that has moved backward and performs
path planning recognizing that there are two obstacles
until the pre-movement obstacle node enters the free area.
Finally, when the remaining obstacle node before the move
enters the free area, it is deleted, and the shortest path
to the starting point is recalculated. Table 3 summarizes
the average path length, variance, and path reduction rate.
This table also demonstrates that node deletion within the
free area contributes to path length reduction. Also, in this
experiment, the trajectories of the robot were compared.
Each experiment was conducted 10 times, and the graph
showing the trajectories is presented in Fig. 17. By executing
the deletion of nodes, it can be seen that the nodes of the
remaining obstacles are deleted, aiming for a shorter path
distance to the goal.

As shown in Fig. 18, when the obstacle was moved slightly
to the upper right, there were instances where the nodes
related to the obstacle before moving could not be deleted,
and a path to the destination could not be planned. This is
because, as shown in Fig. 19, when the obstacle was moved
directly sideways or to the rear side relative to the robot’s
direction of movement, the nodes related to the obstacle
before moving exist within the free area and could be deleted.
However, when moved to the front side in relation to the
robot’s direction of movement, the remaining obstacle nodes
do not enter the free area, preventing node deletion. To verify
this, we moved an obstacle toward the robot and built a
topological map using the proposed method. The results are
shown in Fig. 20. As discussed, the node deletion method was
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FIGURE 14. Comparison of robot trajectories in the obstacle removal
verification experiment.

FIGURE 15. Experimental environment used to evaluate behavior under
obstacle layout changes.

not performed for the occluded region behind the obstacle,
resulting in non-existent nodes remaining. This is a limitation
of the proposed method and represents a challenge that needs
to be addressed in future work.
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FIGURE 16. Topological mapping result after moving the obstacle
diagonally. Color coding as in Fig. 11.

TABLE 3. Comparison of path lengths in the layout change verification.

Condition/Path Length ~ Average  Variance

Without node deletion 16.8163 1.1334
With node delete 14.3462 0.4755

Reduction Rate (%) 14.69

Figure 21 shows an example of processing time measure-
ment results in this experiment. The ATC-DT used in the
proposed method exhibits increased processing time as the
number of nodes increases. Therefore, applying this method
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FIGURE 17. Comparison of robot trajectories in the layout change
verification experiment.

FIGURE 18. Failure case of node deletion due to insufficient inclusion of
old obstacle nodes in the free area.

Free area Free area

FIGURE 19. Explanation of node deletion failure in Fig. 18. Nodes in front
of the robot’s motion direction may remain outside the free area.

in large-scale outdoor environments requires improvements
to reduce processing time. This is also one limitation of the
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FIGURE 20. An example of node deletion failure when an obstacle is
moved toward the robot.
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FIGURE 21. Relationship Between Node Number and Processing Time
in ATC.

proposed method and represents one of the challenges that
need to be addressed in the future.

VIl. CONCLUSION

In this paper, we extended the ATC-DT-based topological
map building method by incorporating a node deletion
mechanism based on free area detection from 3D point

VOLUME 13, 2025

cloud measurements. This approach enables autonomous
mobile robots to continuously adapt global topological maps
to changes in environmental layout. Real-environment exper-
iments confirmed the feasibility of global path planning, free
area detection, and adaptive navigation using the proposed
method. Comparative evaluations demonstrated that the node
deletion mechanism significantly improves path efficiency by
removing obstructive nodes.

As future work, the current ATC-DT algorithm exhibits
increasing processing time as the number of nodes grows
in large-scale environments. Therefore, to achieve real-time
operation in large-scale environments with more complex
scenarios, we will improve the computational efficiency of
the ATC-DT algorithm and free area detection. In addition,
we aim to conduct verification experiments in large-scale
outdoor environments and with various 3D distance measure-
ment sensors to further evaluate the scalability and robustness
of the proposed method under diverse and unstructured
conditions.
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