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Abstract— Multi-robot autonomous exploration in an un-
known environment is an important application in robotics.
Traditional exploration methods only use information around
frontier points or viewpoints, ignoring spatial information
of unknown areas. Moreover, finding the exact optimal so-
lution for multi-robot task allocation is NP-hard, resulting
in significant computational time consumption. To address
these issues, we present a hierarchical multi-robot exploration
framework using a new modeling method called RegionGraph.
The proposed approach makes two main contributions: 1) A
new modeling method for unexplored areas that preserves their
spatial information across the entire space in a weighted graph
called RegionGraph. 2) A hierarchical multi-robot exploration
framework that decomposes the global exploration task into
smaller subtasks, reducing the frequency of global planning and
enabling asynchronous exploration. The proposed method is
validated through both simulation and real-world experiments,
demonstrating a 20% improvement in efficiency compared to
existing methods.

I. INTRODUCTION

Autonomous exploration is a widely researched challenge
in robotics, with practical applications in various real-world
scenarios. Multi-robot exploration is an area of considerable
interest due to its efficiency benefits over single robots.

Although progress has been made, there are still several
unresolved issues that require further investigation. Two of
these issues are of particular concern to us. Firstly, traditional
exploration approaches are often based on frontier points or
viewpoints [1], [2], which only consider information around
a limited number of points. These approaches overlook the
information of unexplored areas at a global level and lead
to a local optimum. Secondly, obtaining the exact optimal
solution for multi-robot task allocation is NP-Hard [3].
Solutions between two neighboring decisions can become
unstable, leading to robot backtracking. This greatly in-
creases exploration time and reduces efficiency.

To address these issues, this work introduces a novel hier-
archical multi-robot exploration framework that overcomes
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Fig. 1: Results of a task allocation (left) and the explored
map (right) in the real-world experiment. The image on the
left displays a planning result on a global scale. The colored
areas represent partitioned regions. The gray area represents
uninterested areas outside the task.

limitations in traditional approaches by globally incorporat-
ing spatial information of unexplored areas. By integrating a
RegionGraph, our method enables efficient task allocation
while preserving spatial charateristics, reducing computa-
tional overhead and improving exploration efficiency. The
statistical results demonstrate that our method outperform the
state-of-the-art by more than 20% across multiple metrics

The proposed hierarchical framework consists of one
center node and several client nodes. The center node divides
the entire exploration task into sub-tasks for client nodes to
execute. The main contributions of this paper lie in:

• A novel modeling method is introduced to represent
unexplored areas. This method generates a weighted
graph, named RegionGraph, to store data on unexplored
areas throughout the entire space. This enables subse-
quent task allocation to consider more information, thus
facilitating modeling and improving solution quality.

• A novel hierarchical exploration framework that decom-
poses the global exploration task into smaller subtasks.
The framework reduces the impact of unstable solutions
by decreasing the frequency of global decision mak-
ing and minimizes unnecessary waiting time through
asynchronous exploration. This results in more efficient
exploration.

This paper will be presented in the following manner:
Section II summarizes previous related works. Section III
presents the problem definition and some hypothetical con-
ditions. Section IV introduces the overall structure of the
proposed method, followed by Section V which describes
two main contents of the approach. Simulation and real-

2025 IEEE/SICE International Symposium on System Integration (SII)
January 21-24, 2025, Munich, Germany

979-8-3315-3161-4/25/$31.00 ©2025 IEEE 1522



world experiments are displayed in Section VI, and finally
Section VII concludes this paper and discusses potential
improvements in future work.

II. RELATED WORKS

The process of multi-robot exploration is carried out in
an iterative manner. In each cycle, robots receive new envi-
ronmental information from sensors. Two crucial problems
must be addressed: identifying next targets for exploration
and determining which robot should be assigned to each
target. This involves two phases: target generation and target
allocation.

A. Target Generation

Since Yamauchi introduced the concept of frontier [1],
selecting frontier points as targets has become a common
method for target generation. Some improvements to this
approach have been proposed. Gao [2] improved the method
by incorporating angle information into frontier points.
Abony [4] transformed frontier points into a tree structure,
which provides a path for robot backtracking.

Sample-based method is an alternative approach to target
generation. Some of this kind are based on Rapidly-exploring
Random Trees (RRT), which is a tree structure that extends
from known to unknown areas. One notable example is the
RH-NBV method proposed by Bircher [5]. Umari [6] imple-
mented a real-time local RRT and incrementally updated a
global RRT for multi-robot exploration. Dang [7] constructed
a Rapidly Random Graph (RRG) along the vehicle trajectory.

Some methods combined two or more techniques to gener-
ate target points more effectively. For instance, [8] combined
a frontier-based approach with a sampling-based method to
select target points from the safe area surrounding robots.
Zhou [9] sampled directly near detected frontiers to obtain
the best viewpoint. Zhang [10] combined the RRT with an
Artificial Potential Field (APF) method. They utilized the
APF method to guide the selection of sampling points based
on the RRT method.

B. Target Allocation

The target points generated initially are often numerous. It
is necessary to cluster them into frontier clusters [9], [11] or
regions [12]. There are two methods that can be used for task
allocation: the greedy method and the Traveling Salesman
Problem (TSP) method. The greedy method involves sorting
targets based on a cost or utility function and selecting
the highest ranked one while discarding the rest [6], [13],
[14]. The utility function usually requires balancing between
distance and information gain, as demonstrated in [15], [16].
Other approaches take into account additional information.
Zhou [9] incorporated the turning angle between adjacent
targets into cost function, while Pimentel [17] selected the
most information-rich frontier from a probabilistic perspec-
tive. The TSP based method consider all targets in a decision-
making round, determining a visiting sequence of all targets.
It factors in longer-term considerations, as employed in [18]
and [19].

For the multi-robot exploration, integrated methods have
been proposed. Dong [20] modeled the problem as an Op-
timal Massive Transport (OMT) problem, solving the OMT
problem by a K-means clustering method. Bi [12] used a
Voronoi partitioning method based on the position of robots
to maintain local exploration windows. Sun [21] employed a
hierarchical approach, dividing exploration process into two
distinct phases. Some learning based methods have also been
proposed [22], [23].

III. PROBLEM DEFINITION

Let Ω represent the entire unknown environment aimed
to explore. The exploration task focuses on mapping the
observable environment Ωo, which is defined as Ωo = Ω\Ωu,
where Ωu denotes unobservable areas (e.g., rooms without
entrances) that typically constitute a small portion of Ω due
to robot capability limitations.

Our method requires a predefined Region of Interest (ROI)
to determine the exploration range, without compromising
the assumption of no prior knowledge about the environ-
ment’s specific layout. The spatial information is r epresented
as a two-dimensional occupancy grid map M , consisting of
free cells Mf , obstacle cells Mo, and unknown cells Mu.

The robot team is denoted as R = {R1, R2, . . . , RN}.
Each robot Ri is equipped with sensors (e.g., a radar with
effective radius r and an odometer) that gather environmental
data. Through a Simultaneous Localization and Mapping
(SLAM) module, each robot provides its local map Mi(t)
and position pi(t) = (xi(t), yi(t), θi(t)) at time t.

The proposed method focus on designing an efficient
exploration strategy to enhance coordination and explo-
ration efficiency. When any robot Ri requires a target,
this strategy takes as input the current known information
{{Mi(τ)}, {pi(τ)}|i = 1, . . . , N ; τ = 0, . . . , t} and calcu-
lates target point p̂i = (xi, yi) for robot to explore unknown
areas within the ROI. A navigation module guides robots to
these target points.

It is assumed that perfect inter-robot communication and
that local collision avoidance is handled by lower-level
navigation systems, allowing us to focus on core exploration
and mapping strategies.

The problem is thus defined: Given an unknown environ-
ment Ω and a robot team R, develop an exploration strategy
that generates a sequence of target points {p̂i} to guide the
robots in mapping Ωo. The goal is to progressively reduce
unknown areas Mu until Ωo is entirely mapped.

IV. SYSTEM OVERVIEW

The proposed method, illustrated in Fig. 2, comprises an
exploration algorithm using RegionGraph and a hierarchical
framework for independent agent exploration. The proposed
algorithm generates a RegionGraph by extracting frontiers
from the occupancy grid map, partitioning unexplored areas
into regions and representing their spatial connections. This
enables task allocation modeled as a Vehicle Routing Prob-
lem , optimizing region visitation while preserving spatial
information.
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Fig. 2: System Overview

The hierarchical framework comprises a center node for
global task allocation and multiple client nodes for local
task refinement. The center node processes comprehensive
global information and generates subtasks based on route
planning result. Meanwhile, client nodes further decompose
these subtasks, performing local task allocation to generate
specific navigation targets. These client nodes continuously
report their progress to the center. Notably, client nodes
operate asynchronously, continuing exploration during the
center node’s replanning, thus enhancing system efficiency
and robustness.

V. METHODOLOGY

A. Exploration Algorithm Using RegionGraph

An algorithm for exploration is developed using the Re-
gionGraph, as shown in Fig. 3. It begins by partitioning the
regions necessary to construct the RegionGraph. Next, the
RegionGraph is constructed, followed by VRP modeling and
route planning using the RegionGraph. Finally, the optimal
visiting sequences for regions and a guide path is generated.

1) Regions Partition: The generation of a RegionGraph
involves partitioning unexplored areas into distinct regions,
as outlined in Algorithm 1. This process begins with fron-
tier detection upon receiving a map update, which extracts
contours of unexplored areas, subtracts obstacles, and clus-
ters frontier points based on a predefined sensor radius.
A Rapidly-exploring Random Graph (RRG) maintains a
dynamic topological representation of traversable areas, ex-
panding as the map is updated.

For viewpoint determination, the algorithm employs uni-
form random sampling near frontiers. These candidate points
undergo accessibility and field-of-view (FOV) checks, with
those failing discarded. Remaining points are added to the
RRG in descending FOV order, with the first successfully
added point chosen as the frontier’s viewpoint. Frontiers
unable to generate valid viewpoints are eliminated.The sur-
viving frontiers serve as seeds for dividing unexplored areas

Algorithm 1 Region Partitioning

Require: Map M , Rapidly-exploring Random Graph RRG,
Require: Maximum iteration limit N ∈ N+, sampling

radius r ∈ R+, field of view threshold tfov ∈ [0, 1]
Ensure: RegionGraph G

1: F ← DETECTFRONTIERS(M)
2: Pv ← ∅ ▷ Initialize viewpoints set
3: for all f ∈ F do
4: Pcv ← ∅ ▷ Initialize candidate viewpoints set
5: for i← 1 to N do
6: p← RANDOMSAMPLING(f,M, r)
7: if ISACCESSIBLE(p,M) then
8: if FOV(p, f) > tfov then
9: if CANADDTORRG(p,RRG) then

10: RRG.ADDVERTEX(p)
11: Pcv ← Pcv ∪ {p}
12: end if
13: end if
14: end if
15: end for
16: if Pcv ̸= ∅ then
17: Pv ← Pv ∪ {MAXFOVPOINT(Pcv)}
18: end if
19: end for
20: Regions← VORONOIPARTITION(Pv,M)
21: G← CONSTRUCTREGIONGRAPH(Regions, RRG)
22: return G

using a Voronoi-like method. Each region si is defined as:

si = {c ∈Mu | d(c, fi) ≤ d(c, fj),∀fj ̸= fi ∈ F} (1)

where Mu is the unexplored map area, c is an unexplored
cell, F is the frontier set, and d(c, f) = min

ci∈f
||c − ci||2

represents the minimum Euclidean distance from cell c to
frontier f .
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Fig. 3: The Exploration Algorithm Using the RegionGraph. (a) Map updates received. (b) Unexplored areas are first partitioned
using a Voronoi-like method. (c) Then, a RegionGraph is constructed, with each vertex representing a region and each edge
representing a connection. (d) Finally, the optimal visiting sequences can be obtained after solving the VRP.

2) RegionGraph: The RegionGraph G is formally defined
as a weighted graph:

G = (V,E,w, d) (2)

where V is the set of vertices, each representing a region.
E ⊆ V × V is the set of edges, representing spatial
connections between regions. w : V → R+ is a vertex weight
function, estimating the exploration workload of each region.
d : E → R+

0 is an edge weight function, representing the
travel cost between regions.

Each vertex v ∈ V is a tuple v = (s, f, pv), s is the region,
f is the frontier of the region, and pv is the viewpoint (entry
point) of the region. The set of vertices and edges are defined
as:

V = {(s, f, pv) | s ∈ S} (3)
E = {(vi, vj) | vi, vj ∈ V, i ̸= j} (4)

where S is the set of all regions.
The vertex weight function w estimates the exploration

workload for each region. For a vertex vi, the weight w(vi)
is calculated as:

w(vi) =

∑N
j=1 dj

Aexplored
·Ai (5)

where N is the number of robots. dj is the total distance
traveled by robot. j since the start of exploration. Aexplored
is the total area explored. Ai is the area of the region rep-
resented by vertex vi. This equation estimates the workload
by first calculating the average distance required to explore
a unit area, then multiplying it by the area of the unexplored
region.

The edge weight function d represents the travel cost
between regions. For an edge (vi, vj) ∈ E, d(vi, vj) is the
distance between the entry points of the regions represented
by vi and vj . Note that d(vi, vj) = 0 if a robot can directly
move from one region to the other without additional travel.

3) VRP Modeling and Route Planning: The problem
of task allocation can be modeled as a VRP using the
RegionGraph after two adjustments. Firstly, a cost matrix

needs to be constructed for solving VRP. The weight of the
vertex in the RegionGraph is redistributed to the connecting
edges using the transformation shown in (6).

d⋆ij =
1

2
(ŵi + ŵj) + dij (6)

Equation (6) updates the weight of edges (vi, vj) to d⋆ij ,
while the weights of the connecting vertices are represented
by ŵi and ŵj , and the original weight of edge is dij .
This adjustment ensures the distance is maintained the same
as robots enter and exit a region. Secondly, robots are
introduced to the cost matrix. To achieve non-return VRP,
the weight of the robot to each region is set to the distance
it needs to travel to reach the region. The weight from the
region to the robot and the weight between robots are set to
zero. This modification results in a fully defined VRP, which
is ready for being calculated by a VRP solver [24].

The solution to the VRP problem is an optimal visiting
sequence for the region of vertices in the RegionGraph. The
proposed method generates a guide path in the RRG for each
non-empty sequence using Johnson’s shortest path algorithm,
leading to the first goal in the sequence.

B. Hierarchical Exploration Framework

The exploration framework consists of a two-tier system
comprising a center node and multiple client nodes. The
center node is responsible only for global decision making,
generating subtasks rather than specific target points. Each
client node is deployed on a robot entity to make decisions,
sending goals to the navigation module of the robot. They
are responsible for performing subtasks dispatched from the
center node. The client nodes are completely asynchronous
to the center node. When the center node is replanning, a
client node can continue executing the previous subtask until
it receives a new one, without having to stop and wait.

1) Task Hierarchical Mechanism: Each node operates
within an ROI that defines the scope of the current explo-
ration task. The ROI of the center node is typically the
entire environment, while the ROI of the client node is
given in the received subtask. The process of hierarchical
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(a) (b)

(c) (d) (e)

Fig. 4: The Hierarchical Framework. The center node assigns
subtasks to the client nodes, as shown in 4a. In 4b, a client
node receives the task and transfer along the guide path to
the first region. 4c, 4d, and 4e are the map within the red
dashed box in 4b. The client node partitions the unexplored
areas covered by ROI into regions, as shown in 4c. It then
constructs a RegionGraph in 4d and solves the TSP to
generate the optimal visiting sequence before navigating to
the first target, as shown in 4e.

framework is shown in Fig. 4. The overall exploration task is
hierarchically performed. The center node is responsible for
global decision-making by receiving the map and the position
of robots and sending the merged global map to all client
nodes. Following the method outlined in V-A, the center
node constructs a RegionGraph, obtaining optimal visiting
sequences and guide paths for all client nodes. Subtasks are
generated based on these sequences and then dispatched to
client nodes.

Upon receiving the subtask, client nodes proceed to ex-
plore the areas covered by ROI. They follow the guide path
in the subtasks to reach the first region and then perform
an exploration algorithm similar to that of the center node.
The difference is twofold: the VRP for client nodes can be
simplified to a TSP since each client node only performs a
single robot, and the client node sends the first region of the
sequence as the navigation goal to the navigation module
instead of a subtask.

2) Subtask: Subtasks refer to tasks dispatched from the
center node to client nodes, they consist of two components:

• A ROI: The ROI specifies the area that the client node
must explore, typically provided as a mask. The client
node plans only in its own ROI. When planning is
complete, the center node collects the regions in the
optimal visiting sequence as an ROI.

• A Guide Path: Subtasks also include a guide path to
the first region of the sequence. By following the path

Fig. 5: The State Diagram of the Hierarchical Framework

(a) Empty (b) Grid (c) Random (d) Campus

Fig. 6: Environments Used in Simulation (50m× 30m).

determined by the center node, the robot explores in
accordance with the globally planned results of the
center node.

3) Replanning Mechanism: The state diagram is shown
in Fig. 5. When a client node is performing an subtask,
it calculates its remaining workload using the workload
estimation method provided in (2). The node continuously
provides feedback on its progress to the center node. The
center node will automatically trigger replanning under the
following conditions:

• Manual instruction for replanning or starting explo-
ration.

• Completion or failure of a subtask.
• Detection of abnormal progress of a client node. The

center node compares the client’s estimated workload,
actual workload, and remaining workload against a
specific threshold to determine if abnormal progress has
occurred, as stated in (7).

wk
explored + ŵk

remaining − ŵk
expected ≥ wthreshold (7)

The replanning mechanism of the client node is simple:
replanning is triggered as soon as the robot reaches its
navigation goal. This means that only the first goal of the
sequence is executed by the client node, resulting in a rolling
update for the client node’s exploration.
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Fig. 7: A Task Allocation during Exploration in the Grid
Environment Using Two Robots. The figure shows the cur-
rent position of the robots as the hollow circle connected
to arrows. Unexplored regions are represented in different
colors. The arrow indicates the optimal visiting sequences.

(a) Our Method

(b) Greedy Method

Fig. 8: The Overlap Ratio of the Random Environment Using
Two Robots. The left image represents the total explored
area, with the red portion indicating overlapping regions. The
right image shows areas explored by each of the two robots.

VI. EXPERIMENTS

A. Simulation

1) Configuration: The proposed method is based on the
Robot Operation System 2 (ROS2). The algorithm’s effec-
tiveness is verified in a 2D simulator. The experiments are
conducted in a ROS2 Galactic-based Docker container. The
robot is configured with a speed of 1m/s and an effective
radar sensor radius of 6m. The comparison experiments are
performed using the following method:

• Centralized method (CTR): This method is the same
as our method except the hierarchical framework. It
serves as a comparison to evaluate the effectiveness of
the hierarchical framework.

• Multi-TSP (MTSP): A global decision-making method
using Voronoi segmentation based on the position of
robots and assigns partitioned regions to robots, which
then use a TSP solver to plan within them.

Fig. 9: Exploration Time of Hierarchical Approach versus
Centered Approach without VRP Computation Time. The
former is set as the baseline (100%), and a larger latter
indicates a longer exploration time.

• Greedy (GRE): A greedy method using a utility function
for target allocation. The frontier points are ranked in
descending order based on the utility function, which
takes into account the distance to the target points and
the information gain of frontier points. To promote
dispersion, the utilities of the nearby assigned points
are decreased. The process is repeated until all robots
or all frontier points are assigned.

The comparison algorithms are centralized structures and
replanning is triggered when any robot reaches its goal. It’s
worth noting that due to the existence of unobservable areas
Ωu, the final map may still contain some unknown regions,
which is an expected outcome of the exploration process.

The analysis of results employs the following three met-
rics:

• Average Exploration Time (AET), which is defined as
the time from the start to the completion of exploration.
This metric directly reflects the exploration efficiency.

• Average Distance Traveled (ADT), which is defined as
the average distance all robots traveled during the ex-
ploration, This metric can indicates the average energy
consumption.

• Average Overlap Ratio (AOR), which is defined as the
ratio of the numerical sum of the areas explored to the
area of the union of explored. This metric reflects how
effectively the exploration framework is coordinated.

To conduct comprehensive comparisons, simulation is per-
formed on four maps with varying topologies and com-
plexities, as depicted in Fig. 6. Each map involves 1, 2,
and 4 robots, and multiple trials are conducted to minimize
anomalous data resulting from localization, mapping, and
navigation issues. A resut of task allocation is displayed in
Fig. 7.

2) Results and Analysis: The simulation results are pre-
sented in Fig. 10. The statistical results demonstrate that
our method outperforms 20% more than others in terms of
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(a) AET, 1 robot (b) AET, 2 robots (c) AET, 4 robots (d) ATD, 1 robot

(e) ATD, 2 robots (f) ATD, 4 robots (g) AOR, 2 robots (h) AOR, 4 robots

Fig. 10: Metrics of Simulation Results

Fig. 11: Exploration Process of Simulation in Various Environments Using Four Robots

AET, ADT, and AOR in most cases involving multiple robots
scenarios.

The curve of the explored area over time is shown in
Fig. 11. It is evident that during the initial stage of ex-
ploration, our method does not demonstrate a significant
advantage compared to others. However, as the exploration
progresses, other methods may leave small, distant areas un-
explored, resulting in decrease in exploration efficiency over
time. In contrast, ours maintains high exploration efficiency
and ultimately completes the exploration task faster.

The overlap ratio is shown in Fig. 8, where the red part
indicates areas explored by more than one robots. It is evident
that our method results in fewer overlapping areas, reflecting
its advantage in multi-robot coordination.

However, it is important to note that the total distance
traveled and the exploration time may not always be strictly
positively correlated in certain scenarios, which is because

other methods do not consider the area information of
unexplored regions during task allocation, only decides based
on the distance of target points. This leads to robots that are
farther from target points being left without tasks.

The comparison between our method and the CTR without
VRP computation time is shown in Fig. 9. Our method is
more efficient than the CTR, and it does not compromise the
global planning effect, even though it reduces the frequency
of global decision-making. Additionally, our exploration
framework achieves non-stop replanning, eliminating the
computational time required for centralized method. This
improves exploration efficiency by avoiding robots remain-
ing stationary due to lengthy calculations during decision-
making.

B. Real-World Experiments
The experiment are conducted on three quadrupedal robots

called Jueying X20, as shown in Fig. 12b.Our method is
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(a) (b)

Fig. 12: (a) Environment of Experiment (b) Jueying Robot

decoupled from the implemented platform. Legged robots
are chosen as the experimental platform due to their ability
to move stably in complex outdoor scenarios. The robot has
a speed of 1m/s and is powered by a NUC with an AMD R9
CPU and 16GiB DDR4 RAM. Robots are equipped with a
16-line Robosense LiDAR, with an effective radius of 6m for
consistency with the simulation. The framework is deployed
on the NUC of these robots.

In practical applications, it is often necessary to deter-
mine the relative poses of robots during exploration. This
requires simultaneous multi-robot map fusion and relative
pose estimation, which is not investigated in detail here.
Instead, a global localization solution is utilized to establish
the relative poses of robots and their coordinate systems.
All robots use a point cloud map and an HDL-localization
module for localization. The Navigation2 module is used
for navigation during the experiments. The experiment is
conducted in a garden with an area of 1054m2, as depicted
in Fig. 12a. The designated exploration zone is indicated
by the red box. Three robots are used to explore the area,
with the center node deployed on a PC located at the center
of the garden. Figure 1 shows the results of the allocation
and the exploration map after the experiment is completed.
The exploration is completed within 242 seconds using three
robots.

VII. CONCLUSION

We proposed a hierarchical framework leveraging Region-
Graph to improve exploration efficiency by preserving global
spatial information and enabling asynchronous operations.
Further research is needed to extend the method to three-
dimensional environments.
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