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Multi-robot frontier exploration supports warehouse mapping and inspection
robotics, but geometric assignment can produce overlapping motion and inef-
ficient target pairing. This paper presents a ROS 2 frontier-allocation layer that
combines a weighted frontier cost with global one-to-one matching. The study
isolates global matching from sequential assignment while keeping the cost for-
mulation and ROS 2 execution stack fixed. Three policies are evaluated on two
indoor maps, four team sizes, and three seeds. Across 72 completed main-policy
runs, global matching gives the lowest mean completion time, travelled distance,
path overlap, and assignment conflict. Relative to sequential cost-based assign-
ment, it reduces completion time by 24.3%, travelled distance by 14.2%, and
path overlap by 65.8%, with lower final coverage under the same stopping rule.
The results support a coordination-efficiency benefit in the tested ROS 2 sim-
ulations; broader claims require larger, heterogeneous, dynamic, and physical

ROS 2 deployments.
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1. INTRODUCTION

Autonomous exploration lets mobile robots build maps before navigation, inspection, or automation
tasks. In industrial robotics, it supports AMR/AGV warehouse mapping, production-floor inspection, and
digital-twin preparation. Frontier-based exploration selects goals at the boundary between known free space
and unknown space [1]], and multi-robot extensions use shared information to coordinate complementary re-
gions [2], [3]].

The central problem is assigning useful frontiers without redundant team motion. A nearby target
may still be poor if another robot is moving toward the same cluster or if the path overlaps in a corridor. Prior
work shows that cost, information gain, overlap reduction, task-allocation mechanisms, and frontier-detection
efficiency all affect team behavior [4]-[10].

Recent work has broadened the allocation design space in several directions. Voronoi and partition-
based methods distribute robots across different spatial regions, sometimes combined with reinforcement learn-
ing to reduce duplicate exploration [11]]-[[14]. Learning-based and hybrid planning approaches modify frontier
selection or path generation to improve exploration behavior in structured environments [15]]-[17]. Other stud-
ies emphasize trajectory planning, auction-style task allocation, and deadlock behavior in multi-robot systems
[L8]]-[21]]. Benchmark-driven system evaluation, utility-value allocation, and multi-resolution frontier scoring
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further show the need to assess exploration by more than final coverage alone [22]-[25]].

These studies provide important components, but many comparisons change the frontier score, assign-
ment mechanism, and execution stack together. This paper therefore studies a narrower gap: whether global
one-to-one matching improves team coordination when the frontier score, frontier source, and ROS 2 stack are
fixed. The linear assignment solver is standard; the contribution is the evaluated allocation layer. The main
contributions are:

— A ROS 2 exploration pipeline in which the allocation layer combines distance, active-target repulsion,
robot-specific skip memory, information gain, and spatial dispersion before Nav2 goal execution.

— A controlled comparison of geometric proximity assignment (GPA), sequential cost-based assignment
(RSA), and cost-aware global matching (RGM), with distance-only, distance—gain, partition-based, auction-
style, and no-dispersion references.

— A simulation evaluation over two indoor maps, four team sizes, and three seeds, using completion time,
final coverage, travelled distance, coverage efficiency, assignment conflict, and path overlap.

The evidence is limited to the tested indoor simulations; deployment-scale claims require larger, dynamic,

heterogeneous, and physical tests.

2. THE PROPOSED METHOD
2.1. System architecture

The ROS 2 pipeline inputs per-robot poses, local SLAM maps, a merged occupancy grid, candidate
frontiers, and active targets. It outputs at most one navigation goal per available robot. Figure [I| summarizes
the data flow. LiDAR and odometry update local SLAM maps, local maps are merged, frontier clusters are
extracted, a robot-frontier cost matrix is built, and selected goals are sent to Nav2. Nav2 feedback updates
active-target and skip-memory states before the next allocation cycle. SLAM, map merging, and local naviga-
tion are standard components; the paper focuses on scoring and matching.

Per-Robot Module

Robot 1 s
gy Frontier Set

#%ﬂ LiDAR —> stam —> Local Map — L ‘
oo Map Merge H Frontier ﬁ_-

Robot N (Occupancy Grid Merge) Detection ) eth

%——» LIDAR —»> stav —> Local Map —

Cost-Aware Allocation

Nav2 Cost Computation
Computer C;;

Global Assignment

Robots Frontiers

fi

2

______________________________________________________ Goal Publisher
(Send to Nav2)

Figure 1. ROS 2 exploration pipeline with cost-aware allocation

2.2. Cost-aware frontier score
Let R = {r1,...,mm} be the set of available robots and F' = {fi,..., f.} be the set of candidate
frontiers. For robot 7; and frontier f;, the allocator uses the following combined cost:

Cij = wdcfij — waAj — wsSij + U)ng — U}pPij (D)

where lower values are preferred. The terms encode distance, active-target crowding, robot-specific skip mem-
ory, frontier-cluster gain, and spatial dispersion.
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Each frontier candidate is represented by a cluster centroid c; on the merged occupancy grid. Dis-
tances are measured in the shared map frame. The implementation uses the following cycle-level normaliza-
tion:

Z — Zmi
norm(z) = —— (2)

)
Zmax — Zmin T €

where 2y and 2y, are computed over values available in the current allocation cycle. The constant € = 0.1
avoids division by zero and is kept fixed across all maps, team sizes, and compared policies. The terms are
instantiated as
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where d;; is the Euclidean distance from robot pose p; to centroid c;, Tht is the set of active targets, H f kP is a
per-robot skip memory, and (); is the set of grid cells in frontier cluster f;. The same parameter set is used for
all maps, team sizes, and methods, as summarized in Table[I] Active-target and skip-memory parameters are
fixed; sensitivity analysis is left for future work.

Table 1. Allocation parameters

Parameter Value Role

€ 0.1 Avoids division by zero in normalization

Pa 3.0m Active-target repulsion radius.

Wq, Wa, Ws, Wg, Wp wqg = 0.4, we = 0.2, ws = 0.1, Same cost weighting across all non-ablation

wg = 0.2, wp = 0.3 cost policies.

Frontier representation cluster centroid One candidate target per frontier cluster

Allocation mode batch dispatch A new assignment is issued when available
robots can receive goals

RGM solver Hungarian linear sum assignment One-to-one global matching over the current
cost matrix

2.3. Assignment policies and complexity

Three main assignment configurations are evaluated. GPA is the geometric reference policy and as-
signs frontiers using nearest-distance preference. RSA applies the combined cost in (I)) sequentially, assigning
robots one by one according to the currently lowest available cost. RGM uses the same cost matrix as RSA but
solves all available robot-frontier pairs jointly as a one-to-one assignment.

For RGM, the binary variable x;; equals one when robot 7; is assigned to frontier f; in the current
allocation round:

min ), > Cywy, ®
Y =1 =1
S.t. Z[EU <1, Vi, &)
j=1
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> wy <1,V (10)
=1
T € {O, 1} (11D

The first constraint allows each available robot to receive at most one frontier, and the second prevents
duplicate assignment of the same frontier in one round. Cost-matrix construction requires O(mn) evalua-
tions. The Hungarian solver operates on the rectangular matrix after padding when needed, and the dominant
assignment step scales cubically in the larger matrix dimension.

3. METHOD
3.1. Simulation setup and protocol

Experiments are conducted in a ROS 2 simulation environment using the same SLAM, map-merging,
frontier-detection, and Nav2 navigation stack for all compared policies. The allocator is the only component
changed. The benchmark contains two indoor maps: Map 1 is a cluttered open-space layout of approximately
12m x 10m, and Map 2 is a structured layout of approximately 15m x 10m with partial partitions. The
configuration can be seen in Table 2.

Table 2. Simulation and measurement configuration

Item Configuration used in all compared policies

Platform ROS 2 Humble, Gazebo, homogeneous TurtleBot3 Burger robots, 0.26 m/s nominal max-
imum speed, simulated 2D LDS-01 LiDAR with 360° view and 0.12-3.5 m range.

Mapping/frontiers SLAM Toolbox 2D LiDAR SLAM; merged occupancy grid at 0.05 m/cell; frontier cells
have a free 4-neighbor, clusters use 8-neighbor BFS, Sy,in = 0.5 m, and centroid targets.

Protocol/metrics Shared Nav2 settings for all policies; stops at 0.90 coverage, no reachable frontier with

all robots idle, timeout, or fatal failure; d. = 1.5 m and 0.05 m overlap grid.

The main comparison evaluates GPA, RSA, and RGM with 3, 4, 5, and 6 robots and seeds 0, 2,
and 4, yielding 24 completed runs per policy. Paired comparisons use the same map, seed, and robot count.
Across seeds, map geometry, robot model, sensor range, software stack, and parameters remain fixed; the
seed changes only small start-pose perturbations and tie-breaking among equal or near-equal frontier priorities.
Extended analysis uses the same protocol for GGM, DGM, PNA, AUA, and RGM-noD. Two no-dispersion
no-data runs are excluded, with no outlier removal. All policies use the same LiDAR SLAM, map merging,
frontier clustering, and Nav2 configuration. A run is completed when no feasible frontier remains and all robots
return to idle.

Run-level metrics are completion time, final coverage, total distance, coverage efficiency, assignment
conflict, and path overlap. Assignment conflict is the fraction of assignment rounds in which any pair of goals
is closer than d. = 1.5 m or belongs to the same frontier cluster x! = k. Path overlap rasterizes TF/odometry
trajectories onto a 0.05 m grid and computes |{q : n(q) > 2}|/|{q : n(q) > 1}|, where n(q) is the number of
robots visiting cell q. Lower conflict and overlap indicate less target crowding and less repeated traversal. We
report mean = standard deviation and paired Wilcoxon tests over matched map, seed, and robot-count settings.

4. RESULTS AND DISCUSSION
4.1. Main policy comparison

Table [3| summarizes the main comparison. RGM gives the lowest mean completion time, travelled
distance, assignment conflict, and path overlap among the three main policies, while achieving the highest
coverage efficiency. Its trade-off is lower final coverage than GPA under the same stopping rule, so the claim
is coordination efficiency rather than coverage dominance.

Table 3. Main policy comparison
Policy Description Time (s) Cov. Dist. (m) Eff. Conflict Overlap
GPA  Geometric proximity assignment 240.40+51.56 0.940+0.011 80.344+9.24 1.345+0.159 0.340+0.162 0.02440.018
RSA  Sequential cost-based assignment 232.45+47.50 0.912+0.005 81.24+10.39 1.336£0.152 0.302+0.127 0.02740.020
RGM  Proposed cost-aware global matching 176.054+34.75 0.896+0.021 69.69+7.47 1.549+0.114 0.25040.157 0.00940.012
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Compared with RSA, RGM reduces mean completion time from 232.45 s to 176.05 s (24.3%), total
distance by 14.2%, and path overlap by 65.8%. Compared with GPA, it reduces completion time by 26.8%,
distance by 13.3%, and path overlap by 62.2%. Coverage efficiency increases to 1.549 m?/m.

The Wilcoxon tests in Table ] support the efficiency claim. RSA slightly increases overlap relative
to GPA (0.027 vs. 0.024), whereas RGM lowers it to 0.009, indicating that the sequential greedy mechanism,
not the composite cost itself, causes this degradation. RGM significantly reduces time and distance relative to
GPA, RSA, GGM, AUA, and PNA; overlap reduction is significant against GPA, RSA, and AUA.

Table 4. Wilcoxon paired tests
Comparison Time A (%, p) Distance A (%, p) Overlap A (%, p)
RGM vs GPA -64.358 (26.8%, < 0.001)  -10.650 (13.3%, < 0.001)  -0.015 (62.2%, 0.003)
RGM vs RSA -56.408 (24.3%, < 0.001)  -11.552 (14.2%, < 0.001)  -0.018 (65.8%, 0.001)

RGM vs GGM  -64.013 (26.7%, < 0.001) -6.218 (8.2%, 0.003) -0.003 (21.8%, 0.363)
RGM vs AUA  -60.388 (25.5%, < 0.001) -7.404 (9.6%, < 0.001) -0.012 (56.6%, 0.010)
RGM vs PNA -65.287 (27.1%, < 0.001) -2.604 (3.6%, 0.360) -0.004 (31.1%, 0.355)

Figure |Z| shows that RGM is faster, travels less, and reduces repeated traversal. RSA can commit
early robots to locally attractive targets and leave later robots with poor team-level choices; RGM evaluates
assignments jointly. The lower final coverage under RGM is therefore interpreted as an efficiency trade-off
under the current stopping rule. Figure [3] illustrates the trajectory-visualization format for GPA, RSA, and
RGM runs. Quantitative overlap claims remain based on Tables [3H4] and Figure 2}
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Figure 2. Main quantitative comparison for GPA, RSA, and RGM

Figure 3. Trajectory visualization used for qualitative inspection of the three main policies
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4.2. Extended baselines and ablation

Table [5] compares RGM with solver-isolation and external-style references. GGM isolates distance-
only global matching, DGM adds information gain, PNA approximates partition/Voronoi-style nearest-frontier
assignment, AUA approximates utility auction allocation, and RGM-noD removes dispersion. These same-
stack baselines are not full reimplementations of all auction or Voronoi methods [5], [[7], (8], [L1]-[14]. RGM
is faster than all listed variants and has the lowest mean distance except for the non-significant difference
relative to PNA.

Table 5. Extended baselines and no-dispersion ablation

Policy Description Runs Time (s) Dist. (m) Conflict Overlap

RGM Proposed cost-aware global matching 24 176.05+34.75 69.69+£7.47 0.250+0.157 0.009+0.012
GGM Distance-only global matching 24 240.06£76.96 7591+7.91 0.370+0.177 0.0124+0.012
DGM Distance—gain global matching 24 25331410193 75.434+12.01 0.258+0.154 0.01410.016
PNA Partition-based nearest-frontier assignment 24 241.334£58.94  72.29+7.59 0.25240.167 0.01340.014
AUA Auction-style utility assignment 24 236.43£92.35 77.094£10.24 0.320£0.173 0.02140.016
RGM-noD RGM without spatial dispersion term 22 222.04+48.78 77.81+£9.82 0.297+0.146 0.01140.009

Against PNA, RGM has nearly the same conflict rate (0.250 vs. 0.252) and a non-significant distance
difference, but reduces completion time by 27.1% (p < 0.001). Against AUA, RGM reduces completion
time by 25.5%, distance by 9.6%, path overlap by 56.6%, and mean conflict from 0.320 to 0.250. These
comparisons support the narrower claim that the tested global matching layer is more time-efficient than the
implemented partition- and auction-style baselines under the same simulator, frontier source, and Nav2 stack.
Relative to GGM, RGM reduces time by 26.7% and distance by 8.2%, so the gain is not from matching alone.
RGM-noD further suggests that dispersion helps reduce time, distance, and conflict, although active-target and
skip-memory sensitivity is not evaluated.

4.3. Industrial implications and limitations

The allocation layer is relevant to warehouse mapping, smart-factory commissioning, sensor-driven
inspection, and digital-twin mapping, where repeated traversal increases time and energy use. The experiments
remain simulation-only, with two indoor maps and homogeneous teams of up to six robots; dynamic obsta-
cles, sensor noise, communication delay, heterogeneous platforms, and physical fleets remain future validation
targets. A natural next step is learning-based frontier selection upstream of the fixed global matching layer.

5. CONCLUSION

This paper presented a ROS 2 frontier-allocation layer that combines weighted cost scoring with global
one-to-one matching. Across 72 main-policy runs, RGM achieved the lowest mean completion time, distance,
path overlap, and assignment conflict among GPA, RSA, and RGM, while improving coverage efficiency. Rel-
ative to RSA, it reduced completion time by 24.3%, distance by 14.2%, and path overlap by 65.8%, with lower
final coverage under the same stopping rule. Future work will study larger maps, dynamic obstacles, sensor
noise, heterogeneous fleets, communication delays, learning-based frontier selection, and physical deployment.
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