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Abstract—Autonomous exploration by unmanned surface ve-
hicles (USVs) in GNSS-degraded near-shore environments is
challenging. Planning must remain reliable under uneven envi-
ronmental structure and localization uncertainty. The variable-
resolution virtual map (VRVM) provides a scalable way to rep-
resent mapping uncertainty. However, when it is combined with
a random-sampling RRT planner, the generated trajectories can
be highly dispersed and may not follow the uncertainty structure
encoded in the map. In this paper, we convert VRVM uncertainty
into a continuous information field and use this field to guide
tree expansion and trajectory proposal generation. Qur proposed
method guides sampling and edge expansion toward informative
regions during proposal generation, and selects the best proposal
using the virtual-map-based criterion to balance exploration and
revisitation. Benchmarking in the VRX Gazebo simulator against
VRVM with an RRT-based random-sampling planner shows that
the proposed method yields more consistent exploration behavior,
lower localization error, higher map coverage, and lower mapping
error across the evaluated scenarios.

Index Terms—Autonomous Exploration, Active SLAM, Infor-
mative Path Planning, Uncertainty-Aware Planning

I. INTRODUCTION

Autonomous exploration by unmanned surface vehicles
(USVs) is a key capability for maritime inspection, envi-
ronmental monitoring, and persistent operation in near-shore
waters. In such environments, however, exploration is not
solely a coverage problem, because GNSS degradation, spa-
tially uneven environmental structure, and limited onboard
computation all affect how reliably the vehicle can explore
while maintaining estimation quality [1]. The core issue is
therefore balancing between exploration and revisitation dur-
ing decision-making. A robust exploration framework should
maximize spatial coverage efficiently while reducing the risk
of entering information-sparse regions that degrade estimator
consistency.

Recent work has addressed autonomous exploration from
multiple perspectives. Some studies formulate exploration as
an active-SLAM or belief-space planning problem, and eval-
uate candidate actions using information-theoretic objectives
based on their expected effects on localization and mapping
performance [2]-[15]. Other studies focus on informative
planning, including next-best-view methods and sampling-
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Fig. 1: Overview of the proposed framework. Graph-based
LiDAR-SLAM continuously updates both the occupancy map
and the variable-resolution virtual map (VRVM). The updated
VRVM is then transformed into a continuous information
field, which guides XIT-based tree expansion toward informa-
tive regions and supports trajectory proposal generation. The
resulting proposals are evaluated through utility-based path
selection, and the highest-ranked trajectory is executed by the
USv.
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or tree-based trajectory generation for information acquisi-
tion [16]-[27]. As a specialized class of information-theoretic
methods, virtual map-based approaches [11]-[13], [15], [28]
represent localization and mapping uncertainty using a struc-
tured uncertainty map, and evaluate candidate trajectories with
respect to the uncertainty encoded in that map. However,
these methods typically generate candidate trajectories through
random sampling, without explicitly using the uncertainty map
to guide trajectory generation. Consequently, the exploration
behavior can be inconsistent and may degrade when the
sampled trajectories fail to align with informative regions.
One of the latest virtual map implementations, the variable-
resolution virtual map (VRVM) [28], represents mapping
uncertainty using Gaussian virtual landmarks organized in an
adaptive quadtree structure. While VRVM provides a strong
basis for balancing exploration and revisitation, it still gen-
erates candidate trajectories using a random-sampling RRT
planner. As a result, uncertainty is considered only during
path evaluation, not during trajectory generation, and the
resulting candidate paths can remain highly dispersed across



repeated runs. More broadly, existing methods emphasize
either uncertainty-map representation [28] or information-
aware path generation [29], while the connection between the
two remains weak. A framework that jointly uses uncertainty
for both trajectory generation and evaluation in autonomous
exploration is still lacking.

In this paper, we bridge variable-resolution uncertainty
representation and informed tree search for robust USV explo-
ration. The uncertainty values associated with VRVM leaves
are converted into a continuous information field that guides
path generation by enabling waypoint and edge evaluation
with respect to the surrounding information distribution. A
heuristic information tree (XIT) [29] is employed to generate
candidate trajectories and filter them down to a smaller set
for exploration. The remaining proposals are evaluated by a
utility-based selection step. The overall architecture of the
proposed framework is illustrated in Fig. 1. We benchmark
the proposed framework against the original VRVM imple-
mentation with RRT-based planning in an inner-port environ-
ment in the VRX Gazebo simulator. The experimental results
show that the proposed algorithm achieves more consistent
exploration decisions, lower translation error, and improved
mapping performance.

The main contributions of this work are as follows:

o The first autonomous exploration framework that jointly
incorporates localization and mapping uncertainty into
both trajectory generation and trajectory evaluation.

o A principled method for converting variable-resolution
virtual-map uncertainty into a continuous information
field for tree-based exploration.

e An enhanced VRVM framework that achieves more
consistent planning, lower translation error, and better
mapping performance in GNSS-degraded marine environ-
ments.

The remainder of this paper is organized as follows. Sec-
tion II presents the problem formulation. Section III describes
the proposed algorithm. Section IV reports the experimental
results. Section V concludes the paper.

II. PROBLEM FORMULATION AND APPROACH

We consider autonomous exploration in a previously un-
mapped near-shore environment. At each replanning step t,
the USV maintains a SLAM-based estimate of its motion
history and of the partially explored environment. Let X¢.; =
{x0,x%1,...,%;} denote the robot state sequence up to time
t, and let Zg., = {20,21,...,2Z:} denote the corresponding
measurement sequence. Using a factor-graph SLAM back-end,
the state-estimation problem is written as

X5, = arg %aXP(Xo:t | Zo.t) , (1)
0:t

and the latest marginal state belief is represented by the latest
state x; and its marginal covariance Xy,.

In parallel with SLAM, the explored workspace is repre-
sented in two complementary forms. The first is an occupancy
map M, which is used for collision checking and feasibility
evaluation. The second is the variable-resolution virtual map.

Following the VRVM formulation, we denote by V; the
current deterministic estimate of the virtual map:

Vi ~ argmaxp(V | X, Zoxt) , 2)

where V denotes the set of virtual landmarks used to represent
the uncertainty associated with exploration, specifically the
localization uncertainty over the explored region. We therefore
write the replanning belief at time ¢ as

Bt = (Xtv Exta Mt7 V:) . (3)

Here, M characterizes the collision-free space currently avail-
able to the USV, whereas V7 describes the spatial distribution
of exploration uncertainty. Different from the previous ap-
proach in [28], V7 is not limited to frontier selection; instead,
it serves as a structured representation of localization and
mapping uncertainty for guiding path planning.

Given the current belief B;, the exploration problem is to
select a feasible future trajectory segment

Xpi+K = {Xtaxt—i-lv e aXt+K}7

where K denotes the number of future states considered in
one replanning cycle. Let II(53;) denote the set of dynami-
cally feasible and collision-free trajectory segments under the
current belief. The replanning problem is then written as

max

Ut (Kot i) » 4
X, A M (Xt k) “4)

* —
Xt:t+K = arg

with Ugm(-) be the trajectory-level utility. The introduction
of this trajectory-level evaluation ensures that exploration
uncertainty is accounted for continuously during trajectory
generation, rather than only at individual sampled locations
along the path.

Since V7 is a spatially discrete representation, while can-
didate trajectories must be generated in continuous space, we
transform the latest virtual map V7 into an information field:

It(p) : Xfree(Mt) — [05 1]a (5)

defined over the collision-free planning space. This field must
satisfy three requirements: consistency with the exploration
uncertainty structure encoded by V7, queryability at arbitrary
planning states or along path segments, and interpretability
under variable spatial resolution. Section III shows how the
VRVM is converted into an information field for trajectory
generation.

III. VRVM-XIT ALGORITHM

Starting from the latest variable-resolution virtual map V7,
we first construct the information field Z;(p). This field is
then used to generate informed tree-based trajectory proposals.
Finally, all proposals are evaluated at the path level under
the current replanning belief, and the best one is selected for
execution.



A. Continuous Guidance From Updated VRVM

At replanning step ¢, the updated virtual map Vi =
{v1,v2,...,vn,} contains the active virtual landmarks main-
tained by the VRVM update process. Each landmark vy, is
associated with a spatial support region and a covariance
matrix X, that describes the uncertainty of that region. To
guide planning, we assign an uncertainty value to each position
p in the collision-free space Xpee(M;).

Let vi(p) denote the virtual landmark of Vi at position p.
We assign to p an uncertainty value based on the D-optimality
criterion:

Ui(p) = log det (ka(p)) ) (6)

Since the absolute scale of log det (X, ) varies with the current
map state, we normalize it over the active virtual landmarks:
Utmm = Vgré]\r}; log det(Evj), VeV

(7
The continuous information field introduced in (5) is then
defined as

U, — Umin
It (P) = Ugni)((p_) Utlnltn + 67
where € > 0 is a small constant used only to avoid numerical
degeneracy when the current map uncertainty becomes nearly
uniform.
For a path segment or tree edge e, we also define an edge-
level field response:

Zi(p) € [0,1],  ®)

It(e) ~

max

(m)
m=0,...,M. It (pe ) ’ (9)

where {p£m>}ﬁf;0 are sampled points on e. This max-pooled
form avoids diluting narrow but informative regions when a
segment traverses mostly low-information space.

B. Exploration-Exploitation Informed Tree Expansion

We then use Z;(p) to guide the proposal generation. Let T;
denote the tree rooted at the current state x;. At each iteration,
a random sample is first drawn from free space. To avoid both
purely unguided expansion and overly local greedy growth,
the sampling process uses a mixed strategy: one portion of
samples is retained to preserve exploratory expansion toward
previously unseen free space, while the remaining samples are
accepted with probability biased by Z;(p). In this way, the tree
retains global exploratory capability while favoring regions
that are currently assessed as informative by the updated
VRVM.

After a sample is accepted, the planner searches for can-
didate parent nodes within a local neighborhood and evalu-
ates feasible extensions toward the sample. Each candidate
extension must satisfy collision-free motion in M; and the
constraints of the current kinematic model. For a feasible edge
e connecting two adjacent nodes, we define the edge cost

Ci(e) = aglle) + Bib(e) (1 — Ly(e)), (10)

where £(e) is the Euclidean distance between the endpoints of
edge, and a4, 3; > 0 are distance and information weights,
respectively. The parent that yields the smallest accumulated

Utmax — ma{)/(* log det(zvj )

path cost is selected. A local rewiring step is then applied to
reduce the cost of neighboring branches when a lower-cost
connection becomes available.

By repeatedly expanding the tree until a leaf node is
reached, the planner constructs a set of feasible candidate
trajectories C; = {m1,m2,...,mar }, Where each m; is a
collision-free path from the current state to the leaf. Since
the total path cost scales with path length, using it alone can
bias the ranking toward shorter proposals regardless of their
informative value. We therefore rank candidates using a path-
level cost density:

Ct(ﬂ')

Ji(m) = () + &’

Ci(m) = > Cile),

ecT

(1)

where L(7) denotes the path length. The candidates are sorted
in ascending order of J;(), and only the top-K subset CX C
Cy, with |Ct| = K, is retained for final evaluation. This stage
only filters proposals; it does not determine the final executed
trajectory.

C. Path Utility Evaluation and Replanning

The best trajectory is selected from CX according to Eq. (4),
where the utility is defined as

Uem(m) = B Upose(™) + ¥ Unap (7)) — o L(),

a, 3,7 > 0 are weighting parameters. Here L(7) is the total
path length, and collision-infeasible proposals are discarded
before scoring. The pose term, Upose(m), evaluates the pre-
dicted pose-estimation quality at the end of the proposal. Start-
ing from the current marginal covariance ¥,, we propagate
pose uncertainty along 7 with a local motion-covariance model
and obtain the terminal covariance ¥5"4 (7). We then define

Upose(m) = —log det(Zf(nd(w)) . (13)

(12)

The map term, Upap (), evaluates the predicted contribution
of the proposal to the reduction of virtual-map uncertainty.
This quantity is approximated by sampling multiple locations
along the path at a fixed arc-length interval and accumulating
the predicted reduction in uncertainty within the current sensor

range:
> Avu(p),

PESAas(7)

Umap () =~ (14)

where Sa () denotes the set of path samples generated at arc-
length spacing As, and Avyy(p) is the predicted uncertainty
reduction queried from the updated virtual map. This formula-
tion keeps the final path evaluation consistent with the original
VRVM representation while allowing utility evaluation over a
continuous trajectory.

After selection, the raw path is post-processed by short-
cutting and smoothing before execution. The planner then
follows the active trajectory until the current goal is reached
or a replanning timeout is triggered, at which point the belief
B: is updated from the latest SLAM and map state and the
same procedure is repeated. By converting the virtual map
into a continuous guidance field, our proposed method uses
the localization and mapping uncertainty criteria to generate
and evaluate proposals at the trajectory level.



IV. EXPERIMENTS AND RESULTS
A. Experimental Setup

We conducted autonomous exploration experiments in a
simulated docker-basin inner-port environment of approxi-
mately 210 m x 500 m, populated with densely distributed ship-
shaped obstacles of varying scales and local feature densities.
All experiments were performed in the same Gazebo [30]
framework, using a common LiDAR-IMU sensing configu-
ration, the same LIO-SAM back-end for pose and covariance
estimation [31], and the same projected occupancy map for
collision checking. The virtual map was updated online within
a fixed workspace of [—300, 300] m x [—300, 300] m, with base
resolution 1.0m, prior standard deviation oy = 2.0, sensor
range 30.0 m, and covariance-intersection fusion enabled using
the log-determinant objective. Unless otherwise stated, the
VRVM parameters were fixed to 79 gt = 1.0, 70, prob = 0.15,
and max_depth = 7.

The proposed method, VRVM-XIT, was compared against
the previous VRVM planner with RRT-based proposal gener-
ation, hereafter denoted VRVM-RRT. Both methods use the
same perception, occupancy, and virtual-map back-end, but
differ in how trajectory proposals are generated. To ensure a
fair comparison, both planners were configured with matched
proposal budgets and comparable utility scaling. In particular,
both planners used 50 candidate paths, 3000 tree-expansion
iterations, a step length of 5.0 m, minimum and maximum
path lengths of 3.0m and 80.0 m, respectively, and the same
sensing range. The path-length penalty, localization term, and
mapping term were also tuned to remain on comparable
numerical scales in the two planners, with matched utility
weights (a, 3,7) = (0.1, 0.1, 10~%). This alignment is im-
portant because the comparison is intended to isolate the
effect of uncertainty-guided proposal generation and action
selection, rather than to favor one method through unequal
utility weighting.

The experiments are organized in three parts. First, to
study the coupling between VRVM representation and plan-
ning behavior, we vary the VRVM refinement depth over
max_depth € {5,6,7,8} and visualize the resulting explo-
ration process, information field, and translation error over the
first 20 exploration steps. Second, to evaluate local planning
consistency, we select three local docker-basin scenes with
different free-space and feature configurations and restart
VRVM-XIT and VRVM-RRT 30 times from the same initial
condition in each scene. From these repeated trials, we report
Goal Endpoint Dispersion (GED). Finally, we perform one
representative extended exploration run for each planner in a
210m x 250 m basin sector and compare Union-Normalized
Mapping Coverage (UNC), Ground-Truth-Consistent Mapping
Error (GME), and translation error over time.

B. Planning Consistency Across Local Scenes

We next evaluate the planning consistency of VRVM-XIT
and VRVM-RRT over three local scenes extracted from the
docker-basin environment. These scenes share the same global
map and planner configuration, but differ in the amount and
directional distribution of free space visible from the start
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Fig. 2: Planning consistency in Group 1, where the initial
collision-free region is the largest and multiple exploration
directions are simultaneously admissible. The top row shows
the local scene and the Goal Endpoint Dispersion (GED)
comparison over 30 independent restarts for VRVM-RRT and
VRVM-XIT. The bottom row overlays the first valid planned
path from each restart. In this multi-modal case, VRVM-XIT
forms a small number of structured decision modes rather than
a single endpoint cluster, whereas VRVM-RRT produces more
scattered and oscillatory proposals.

pose. In Group 1, the robot initially observes the largest
collision-free region, so multiple exploration directions are
immediately admissible. In Group 2, the initial free space
is smaller, but local features remain visible in all directions.
In Group 3, only approximately one half of the initial view
contains feasible free space, making this the most directionally
constrained case. For each scene, both planners were restarted
independently 30 times from the same initial pose, and the
first valid path generated in each trial was recorded. We then
quantify planning consistency using the dispersion of path
endpoints with respect to the centroid of the endpoint set.
The corresponding results for Groups 1, 2, and 3 are
shown in Fig. 2, Fig. 3, and Fig. 4, respectively. In all three
scenes, the baseline VRVM-RRT produces visibly scattered
path families, with substantial run-to-run variation in both
heading and path geometry. By contrast, VRVM-XIT generates
more structured and repeatable path clusters. This difference
is especially clear in Groups 2 and 3, where the endpoint-
dispersion boxplots show a clear reduction relative to RRT, and
the overlaid paths indicate that XIT repeatedly selects the same
admissible exploration directions. Group 1 is less straight-
forward. Because this scene contains the largest initial free-
space region, several early actions are simultaneously feasible,
and XIT tends to form a small number of consistent decision
modes rather than a single endpoint cluster. As a result, the
centroid-based dispersion metric is less favorable to XIT in this
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Fig. 3: Planning consistency in Group 2, where the initial free
space is smaller but local structural features remain visible
in all directions. The top row shows the local scene and the
GED comparison over 30 independent restarts for VRVM-
RRT and VRVM-XIT. The bottom row overlays the first valid
planned path from each restart. Compared with the RRT-based
baseline, VRVM-XIT produces more repeatable path families
and lower endpoint dispersion, indicating more stable local
action selection under the same initial condition.

case, even though the overlaid trajectories remain noticeably
more organized than the highly oscillatory RRT proposals.
Overall, these results indicate that the proposed uncertainty-
guided planner produces more predictable local exploration
actions than the RRT-based baseline. This advantage becomes
more evident when, under the same localization condition
and within the same locally reachable free space, multiple
feasible exploration directions are available. In such cases,
VRVM-XIT more consistently drives the planned path toward
locally preferred informative directions, whereas VRVM-RRT
produces more dispersed trajectories due to random proposal
generation.

C. Extended Exploration Behavior, Mapping Quality, and
Translation Error

We finally compare VRVM-XIT and VRVM-RRT in an
extended exploration task over a representative 210 m x 250 m
basin sector. The two planners share the same initial pose, the
same GT evaluation region, the same VRVM configuration
with max_depth = 7, and the same matched utility scaling
for the mapping, localization, and path-length terms. For this
representative comparison, each planner was run once under
the same exploration framework until the explored map ap-
proached the target GT coverage level. We then evaluate three
task-level quantities: union-normalized map coverage over
the aligned ROI, GT-consistent map RMSE, and translation
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Fig. 4: Planning consistency in Group 3, the most directionally
constrained local scene, where only approximately one half of
the initial view contains feasible free space. The top row shows
the local scene and the GED comparison over 30 independent
restarts for VRVM-RRT and VRVM-XIT. The bottom row
overlays the first valid planned path from each restart. In
this strongly constrained setting, VRVM-XIT repeatedly se-
lects similar admissible directions, while VRVM-RRT remains
substantially more dispersed across repeated runs.

error over time. The coverage and mapping-error curves are
computed from the aligned projected occupancy maps using
the union ROI and GT distance-field procedures implemented
in our evaluation scripts.

The quantitative results in Fig. 6 and Fig. 7 show a clear
advantage of VRVM-XIT in this representative comparison. In
terms of coverage growth, both methods expand the explored
region at a comparable rate at the beginning of the run, but
the proposed planner maintains useful progress for longer and
continues to increase coverage after VRVM-RRT has largely
entered a plateau. Under the same target-coverage setting, this
yields a more sustained coverage-growth profile for VRVM-
XIT, which reaches approximately 0.95 coverage, whereas
VRVM-RRT levels off near 0.90. At the same time, the higher
coverage is not obtained at the expense of map quality. The
map RMSE of VRVM-XIT remains lower throughout most
of the run and stabilizes at roughly 1.3—1.4 m, while VRVM-
RRT rises to about 2.1 m. This representative result indicates
a better coverage—accuracy trade-off for VRVM-XIT in the
reported long-horizon exploration setting. The translation-error
comparison shows the same trend: the mean translation error
of VRVM-XIT is approximately 0.73 m, compared with about
1.19 m for VRVM-RRT.

Figure 5 qualitatively illustrates the corresponding explo-
ration behavior. The VRVM-RRT trajectory exhibits dense
recrossing and more redundant traversals before reaching
the target coverage level, whereas the VRVM-XIT trajectory
is more spatially organized and expands through the basin



Fig. 5: Representative long-horizon exploration behavior in
the 210m x 250 m basin sector. The top panel shows the
exploration trajectory of VRVM-RRT, which exhibits denser
recrossing and more redundant traversals before approaching
the target coverage level. The bottom panel shows the cor-
responding result of VRVM-XIT, whose trajectory is more
spatially organized and expands through the basin sector in a
more directed manner; the inset further shows that the late-
stage information field still provides coherent guidance for
local proposal generation.

sector in a more directed manner. The red-circled region in
Fig. 5 illustrates this difference more clearly. Even at this
late exploration stage, the updated VRVM still highlights
nearby regions with higher expected value for localization
support. Guided by this information, VRVM-XIT selects a
revisitation direction that is more consistent with localization
correction and possible loop closure, whereas VRVM-RRT,
due to its random proposal generation, may instead return to
previously visited areas whose revisitation is less informative
for the current estimation state. This observation is consistent
with the mechanism established in Sections III-IV-B: by
converting the current variable-resolution uncertainty map into
continuous planning guidance, VRVM-XIT yields more stable
local decisions in the presented experiments, and these local
advantages accumulate into better long-horizon exploration
behavior in the reported basin-sector comparison.

V. CONCLUSIONS

This paper presented VRVM-XIT, an uncertainty-guided
exploration framework for unmanned surface vehicles operat-

=
=)
o)

—— VRVM+XIT et

VRVM+RRTJ,o"'_,

—— VRVM+XIT
VRVM+RRT

o
o
IS

o
o
w

o
IS

Map Coverage
~

Map RMSE [m]

o
N
-

/

LAIW

0
0 1000 2000 3000 4000 0 1000 2000 3000 4000
Time [s] Time [s]

0.0

Fig. 6: Representative long-horizon comparison of mapping
performance in the basin-sector experiment. Left: Union-
Normalized Mapping Coverage (UNC) over time. Right:
Ground-Truth-Consistent Mapping Error (GME) over time.
Both methods achieve comparable early coverage growth, but
VRVM-XIT maintains useful progress for longer and reaches
a higher late-stage coverage level, while also preserving lower
map error throughout most of the run.
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Fig. 7: Representative long-horizon comparison of translation
error over time in the basin-sector experiment. Under the
same VRVM back-end, sensing configuration, and matched
utility scaling, VRVM-XIT yields lower translation error than
VRVM-RRT during most of the reported run.

ing in GNSS-degraded near-shore environments. The method
uses a variable-resolution virtual map not only as a scalable
representation of mapping uncertainty, but also as the basis for
constructing a continuous guidance field for planning. This
improves the connection between uncertainty representation
and action generation. On this basis, VRVM-XIT combines
informed tree expansion with Top-K proposal filtering and
utility-based trajectory selection. Experimental comparisons
against a VRVM-RRT baseline showed more consistent lo-
cal exploration decisions, lower translation error, and better
mapping performance in the evaluated simulation scenarios.
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