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TIPS: Tiered Information-Rich Planning Strategy for
Efficient AGV Autonomous Exploration
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Xianlu Tao , Wang Gao , and Qiang Wang

Abstract—In this letter, we propose a tiered systematic frame-
work to enhance the overall efficiency and environmental coverage
of autonomous exploration for Autonomous Ground Vehicle (AGV)
in complex environments with narrow regions.At the local level, we
introduce a novel Multi-cause Triggering Sensor Model (MTSM)
to improve informative observation acquisition in narrow regions.
Furthermore, the Frontier set is defined from a probabilistic dis-
tribution perspective and utilized to optimize the initial training
pool of Bayesian optimization, thereby accelerating convergence
toward the optimal navigation target point. At the global level,
we incrementally maintain an Information-Rich Sparse Roadmap
(IRSR) by leveraging accumulated historical exploration knowl-
edge. When a dead zone situation is detected, the heuristic guidance
is activated and realized by graph search considering information
content and distance between IRSR vertices, enabling AGV to
maintain a continuous and sustained exploration process. Three
simulation scenarios with increasing complexity are designed, in
which comprehensive comparisons and evaluations against differ-
ent types of state-of-the-art approaches are conducted. The results
demonstrate that our framework achieves a favorable balance
between algorithm runtime, exploration efficiency and coverage
completeness, with superior performance in narrow regions. Subse-
quent real-world experiments further validate the strong potential
of our proposed method for practical applications.

Index Terms—Autonomous agents, path planning, probability
density function.

I. INTRODUCTION

IN RECENT years, autonomous exploration with au-
tonomous ground vehicles (AGVs) has attracted growing

attention due to its potential in various fields that human can-
not directly set foot in, e.g., scene reconstruction, resource
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exploration, and underground navigation. Thus far, numerous
advanced exploration planning methodologies have been pro-
posed for enhancing the exploration efficiency and environmen-
tal information acquisition throughout the process [1], [2], [3].
Yet, some common challenges remain inadequately addressed.

One major issue is the greedy strategy and the absence of
global guidance, which often result in redundant paths and the
exploration trapped into a dead zone [4], [5]. As a result, the
AGV spends excessive time moving through explored areas, in-
creasing energy consumption and hindering overall exploration
performance. On the other hand, some advanced exploration
methods prioritize efficiency but struggle with narrow regions
(i.e., narrow passages, compact rooms and small corners), or
even ignore them altogether, adversely impacting exploration
coverage and success rates [6], [7]. Therefore, it is important
to endow exploration planning methods with the capability to
efficiently and rapidly collect environmental information while
achieve high coverage rate.

Motivated by these facts, a novel Tiered Information-rich
Planning Strategy (TIPS) is proposed in this letter for fast
and efficient AGV exploration, which encompasses two pivotal
components: a local plan for accurate environmental information
acquisition and exploration optimization, and a global plan for
dead zone escape and heuristic guidance. At the local plan-
ning level, we design a novel cause-triggered sensor model to
enhance information acquisition and more accurately describe
the environment, especially in narrow regions (Section IV-A).
Then, the Frontier set is defined from a probabilistic distribution
perspective and the optimal target is determined using Bayesian
Kernel Inference and Optimization (BKIO) [7], where we refine
the initial training pool through Frontiers for fast convergence
(Section IV-B). At the global planning level, we maintain a
lightweight topology roadmap, where key vertices are retained
in information-rich areas (Section IV-C). When a dead zone
situation is detected, global planning is activated and achieved
through graph search, effectively guiding the AGV to escape and
resume exploration (Section IV-D). The proposed framework is
compared with state-of-the-art methods in multiple simulation
scenarios, and validated in a real-world indoor environment
(Section V). The main contributions of this letter are summarized
as:

1) A Multi-cause Triggering Sensor Model (MTSM) that
provides enhanced environment representation, especially
in narrow areas. The Frontier set is defined from a proba-
bilistic distribution perspective and used for BKIO initial
training pool, enabling faster optimal target determination.

2) An Information-Rich Sparse Roadmap (IRSR) that retains
suboptimal Frontiers during exploration. A 2-opt method
with Christofides optimized initial solution is developed
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to solve a graph-based optimization problem, providing
heuristic global guidance path in dead zones and ensuring
continuous, sustained exploration process.

3) Extensive simulations and real-world experiments,
demonstrating the superior performance of our method in
runtime, exploration efficiency and environment coverage.
The code will be open source to benefit the community1.

II. RELATED WORK

The most common methods for solving AGV autonomous
exploration problem rely on Frontier-based or sampling-based
approaches [5]. More recently, many studies have formulated
autonomous exploration as a process of reducing environmental
uncertainty, putting information theory as a new perspective for
solving exploration problems.

The Frontier-based method was first proposed by Ya-
mauchi [8], defining the Frontier as the boundary be-
tween known and unknown spaces, and selecting one Fron-
tier as the navigation target. Building upon this pioneering
work, numerous studies have been laid out for improve-
ment [2], [3], [6], [9], [10]. [9] defined exploration subregions
and introduced a hybrid Frontier filtering method at the point
cloud level to reduce algorithmic complexity. [10] proposed
a Frontier information structure and a three-stage planning
strategy for global coverage. Despite these seminal works,
Frontier-based methods still encounter notable challenges—
Frontier clustering is time consuming and the myopic greedy
strategies often lead to inefficient back-and-forth movements.

Sampling-based methods gained attention with the Next Best
View Planner (NBVP) [11], which employed Rapidly Random
Trees (RRT) for sampling and executed the first segment of
branch with the highest gain. Since then, various sampling-based
approaches have emerged [1], [4], [12], [13], [14]. [1] used
uniform sampling and constrained Dijkstra’s search range by
motion cost to accelerate path search toward the point with the
highest gain. [12] improved the NBVP framework by biasing
sampling toward areas of interest, and reusing visited nodes
to avoid tree reconstruction. Nevertheless, these methods still
suffer from low exploration efficiency, particularly in narrow
areas where node sampling is difficult, and maintaining the
tree structure requires significant computational resources as the
environment expands.

Information gain-based approaches enable holistic environ-
mental quantification and evaluation by leveraging entropy and
mutual information (MI) theory. They are considered a promis-
ing strategy for balancing exploration efficiency and complete-
ness [15], thus overcoming the limitations of greedy strategies
in Frontier-based series and randomness inherent in sampling-
based methods [16]. However, existing approaches still face two
major limitations. First, sensor models used to update map belief
are often unsatisfactory, especially in narrow regions. Many
methods rely on the naive Inverse Sensor Model (ISM) to update
voxel occupancy [17], [18], [19], which use Log-odds that may
cause abrupt changes in parameter, diminishing the contribu-
tion of accumulated observational data to MI and ignoring the
environment structural information. Consequently, voxel occu-
pancy updates can be incomplete and inaccurate. Some works,
e.g., [20] and [21] adopt the Sensor Cause Model (SCM) as an
alternative, which uses the estimated occupancy of each voxel on

1The code will be open source at https://github.com/WangZX-SEU/TIPS

the beam to achieve a gradual transition of parameters. However,
SCM performs poorly in narrow regions as it only considers
forward ray propagation, with occupancy updates dependent on
ray length. In such cases, the ray propagation distance is much
shorter than the sensor maximum range, limiting the update
of voxel occupancy and resulting in only modest reduction in
map entropy, even though the sensor’s field of view (FoV)
is already sufficient to cover the entire environment. Second,
evaluating the total information gain of the environment imposes
substantial computational overhead on edge computing devices,
making real-time computation infeasible [16]. Although prior
studies have employed statistical techniques to mitigate compu-
tational cost by training minor parts of samples to approximate
the whole, e.g., Gaussian Process with Bayesian Optimization
(GPBO) in [22] and Bayesian Kernel Inference and Optimization
(BKIO) in [7], they often overlook the impact of initial sample
quality on iterative optimization, which may compromise robust
real-time performance.

In contrast, the proposed tiered framework addresses the
limitations of existing information gain-based methods in both
environmental information acquisition in narrow regions and
computational efficiency through a novel sensor model at the
local level. In addition, it provides global heuristic guidance
for dead zone scenarios, which are often neglected in previous
studies, thereby enabling a continuous and sustained exploration
process. Consequently, the AGV achieves fast, efficient, and
complete environment coverage.

III. PRELIMINARIES

A. Occupancy Grid Map

In this letter, we use a 2D occupancy grid map (2D-OGM) m
for environment representation given the condition of relatively
stable change in elevation, fulfilling the AGV operating criteria.
Yet, we need to clarify that our method is not inherently restricted
to 2D conditions and can be readily extended to 3D scenarios.

Definition 1 (Occupancy State): Each voxel mk
bin in the

OGM is binary that can be either Occupied (mk
bin = 1) or Free

(mk
bin = 0), and p(mk

bin = 0) = 1− p(mk
bin = 1). The occu-

pancy states of voxels are independent of one another.
Definition 2 (Continuous Observation OGM): Rather than

directly storing the binary occupancy state mk
bin ∈ {0, 1} for

each voxel, the map maintains a continuous occupancy state
mk ∈ [0, 1] derived from the marginal probability density func-
tion (state belief) bm

k

t = p(mk|Z0:t,X0:t) [20], where Z0:t and
X0,t are historical observations Z and sensor configurations
X from 0 to t. p(mk) is used to represent the probability of
Occupied and meets the following equation:

p(mk) = E(mk) = m̂k =

∫ 1

0

mkbm
k

t dmk (1)

Each unobserved voxel is assumed uniform with p(mk) =
0.5. Since the OGM is incrementally constructed from obser-
vations and voxel occupancy state is continuous, we define the
map as a Continuous Observation OGM and denote it by m̃.
In addition, we preserve the premise of voxel independence
but consider the observation interdependence between voxels
in our method. As a result, the Markov assumption inherent in
traditional Log-odds method [17] is eliminated, enabling full use
of historical exploration data while preserving the environment
structural description [23].
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Fig. 1. The flow chart of the proposed framework.

B. Entropy and Information Gain

Information gain-based exploration strategy aims to minimum
environment uncertainty through change of voxel entropy H(·)
in OGM before and after observed by the sensor, which is defined
as the Mutual Information (MI) I(·):
I(m̃ | Zt,Z0:t−1,X0:t−1)

= H[p(m̃ | Z0:t−1,X0:t−1]−H[p(m̃ | Zt,Z0:t−1,X0:t−1)]
(2)

where t is the current planning period,Zt is the new observation
data. Shannon Entropy (SE) is the most widely accepted form
for measuring uncertainty [21]:

HSE [p(m̃)] = −
n∑

k=1

p(m̃k) log
[
p(m̃k)

]
+ (1− p(m̃k)) log

[
(1− p(m̃k))

]
(3)

The entropy of a voxel is maximized when it is totally unknown
(p(mk) = 0.5), and attains the minimum when the occupancy
state is fully determined (p(mk) = 0 or 1).

Consider the beam-based sensor equipped by the AGV is
composed of several independent narrow beams with a finite
range, and the perceptual field consists of voxels that intersect
with these beams. Then, drawing upon the definition of MI, the
information gain of a voxel can be formally given:

Definition 3 (Information Gain): When the sensor is posi-
tioned at m̃k, the information gain is defined as the sum of MI
of the voxels across all independent beams:

I(m̃k) =

nb∑
i=0

I

(
m̃[i]; I [i]k

)
=

nb∑
i=0

nz∑
j=0

I

(
m̃

[i]
j ; I [i]k

)
(4)

where Ik denotes the beam set at m̃k, nb, nz are quantities of
beams and voxels along each respective beam, m̃[i] refers to the
set of voxels intersected with I [i]k .

IV. TIERED INFORMATION-RICH PLANNING STRATEGY

The overall flow chart of the framework is illustrated in Fig. 1.
The LiDAR-based SLAM inputs the 2D-OGM into the frame-
work. At the local layer, an improved sensor model is employed
to update the belief of the local environment and to partition the
Frontier set. An optimized BKIO method is then used to rapidly
determine the optimal target, enabling efficient local exploration.
At the global layer, the remaining voxels and Frontiers are
utilized to maintain a sparse roadmap. Once the escape condition

Fig. 2. An illustration of MTSM in an FoV with multiple rays. (a) Rays pass
Reaching voxels, Tc(R) is triggered. (b) Rays reach Bouncing voxels at the
maximum distance zmax, Tc(R) and Tc(B) are triggered. (c) Rays reflected
by Stacking voxels, Tc(R), Tc(B) and Tc(S), are triggered. .

is satisfied, a global path planning is solved to provide heuristic
guidance and ensure the continuity of exploration.

A. Multi-Cause Triggering Sensor Model

Here, we consider the AGV equips with a LiDAR charac-
terized by a maximum sensing range of zmax. As assumed in
III-B, the FoV is modeled as a set of measurement cones C =
Cone(X ), where each cone is assumed to consist of sufficiently
narrow rays intersected with voxels emitted from the LiDAR,
as shown in Fig. 2. Customarily, the Bayesian Inference (BI) is
used for map occupancy state update as:

p(m̃k|Zt,Z0:t−1,X0:t) =

η−1p(Zt|m̃k,Z0:t−1,X0:t) p(m̃
k|Z0:t−1,X0:t−1) (5)

where η is the normalization factor. p(Zt) is the Forward Sensor
Model used as a likelihood function to quantify the confidence
in depth measurements [20]. p(m̃k|Z0:t−1,X0:t−1) is the prior
distribution, usually implemented via ISM or SCM.

As we mentioned in Section IV-A, the Log-odds update of
ISM and the principle of SCM both limit the comprehensiveness
of environmental information acquisition in narrow regions. To
address this issue, we propose a novel Multi-cause Triggering
Sensor Model (MTSM) in this letter, which considers Reach-
ing, Bouncing, and notably Stacking causes to determine the
probability distribution of ray reflection at all possible voxels
c ∈ C(X ), ct = |C(X )| under map uncertainty, as depicted in
Fig. 2. In particular, if a ray reflects before reaching zmax, the
information content of voxels in the corresponding region is
increased. This enhancement enables a more realistic estimation
of entropy variation and a more accurate environment represen-
tation, especially in narrow regions. MTSM can be written as:

p(cr,k|bm̃t−1,Xt) =Mk = Tc(Scr|s,o:n , Bcr,b , Rcr,0:n |bm̃t−1,Xt)

= Tc(Scr|s,o:n |Bcr,b , Rcr,0:n , bm̃t−1,Xt)︸ ︷︷ ︸
Stacking cause

× Tc(Bcr,b |Rcr,0:n , bm̃t−1,Xt)︸ ︷︷ ︸
Bouncing cause

Tc(Rcr,0:n |bm̃t−1,Xt)︸ ︷︷ ︸
Reaching cause

(6)

where Xt denotes the ray at t-th time step. Tc abbreviates Trig-
gering Cause, which can be interpreted as a binary switch that
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activates the corresponding term in Eq.(6) only when the cause
meets the specified conditions described below. Meanwhile, the
triggering order in Eq.(6) is fixed as Tc(R), Tc(B), and Tc(S),
and each triggered term is left-multiplied by the previous one.

The first cause Tc(R) triggers when the ray can pass through
all previous voxels before k-th. The Reaching cause voxels are
drawn in black hollow squares in Fig. 2, whose expression is:

Tc(Rcr,0:n |bm̃t−1,Xt) =

n∏
k=0

(
1− Tc(Bck

r |Rcr,0:k−1 , bm̃t−1,Xt)
)

=

n∏
k=0

(1− m̂cr,k) (7)

When the ray reaches the maximum range zmax, the second
cause Tc(B) is triggered as defined in Eq.(8). At this point,
the ray can pass through all the voxels before cb and stop. It is
important to note that cb is set as the last voxel of the C(X ). The
Bouncing cause voxel are drawn in red checkerboard squares in
Fig. 2.

Tc(Bcr,b |Rcr,0:n , bm̃t−1,Xt) = E(m̂cr,b) = m̂cr,b

=

∫ 1

0

m̂cr,bp(m̂cr,b |z0:t−1, x0:t−1)dm̂cr,b (8)

Finally, but most importantly, if the ray encounters an obstacle
and triggers Tc(B) at cr,s before reaching zmax, i.e., the ray
length dr,s < zmax, the third cause Tc(S) will be activated. The
primary purpose of the Stacking cause is to artificially increase
the information feedback obtained by the LiDAR, thereby en-
hancing the confidence in the belief update of narrow regions.
Tc(S) is supposed to be directly related to dr,s, with a stronger
influence when the stacking voxel cr,s is closer to the LiDAR.
By doing so, the entropy of narrow regions can be effectively
reduced. The Stacking cause voxels are drawn in black grid
squares in Fig. 2. Tc(S) is designed as follows:

Tc(Scr|s,o:n |Bcr,b , Rcr,0:n , bm̃t−1,Xt) = ρ · Tc(Rcs,0:n
t |bm̃t−1)

= ρ · Tc(Rcr,0:m
t |bm̃t−1) = ρ ·

n∏
k=0

(1− m̂cs,k) (9)

where ρ = α
dr,s

is a scaling factor and only effective when dr,s <

zmax. The constant part of ρ is set toα ∈ (1,∞), as the influence
of the Stacking cause decreases with increasing distance from
the current AGV location. Combining Eq.(6) ∼ (9), Eq.(5) can
be modified when three causes are triggered as:

p(ct|Zt,Z0:t−1,X0:t) = η−1 · p(Zt|ct, bm̃t−1,Xt)

× ρ · m̂cr,s

k∏
i=0

(1− m̂cr,i)

k∏
i=0

(1− m̂cs,i) (10)

Consequently, the state belief of the k-th voxel can be updated
in Eq.(11) using Eq.(6) and Eq.(5), which is then incorporated
into Eq.(1) to compute the expected occupancy.

bm̃
k

t =
∑

cr,k∈C
p(m̃k|cr,k,Z0:t,X0:t) · p(cr,k|Zt,Z0:t−1,X0:t)

=
∑

cr,k∈C

p(cr,k|m̃k, bm̃
k

t−1,Xt)

p(cr,k|bm̃k

t−1,Xt)
· p(cr,k|bm̃k

t−1,Zt,Xt) · bm̃k

t−1

Fig. 3. Schematic of IRSR. (a) Optimal target determination and expansion
of IRSR. The heatmap represents the amount of information contained in each
voxel. (b) Heuristic global guidance based on IRSR. .

=

{
m̃k+m̂k

m̂k Mkb
m̃k

t−1 , if !Tc(S)
m̃k+m̂k

m̂k Mkb
m̃k

t−1+
1−m̃k

1−m̂k

∑n
i=k+1Mi, if Tc(S)

(11)

B. Optimal Target Determination

The AGV performs high-resolution omnidirectional raycast-
ing every time it moves, and then updates the map belief through
Eq.(5) ∼ (11). Following this, the optimal target for the next
movement needs to be determined. However, it is mentioned
in [6] that the time consumption of this determina- tion pro-
cess can account for up to 95% of the entire planning time,
making the calculation of all voxels’ information gain within
FoV impractical. To address this, we adopt an online supervised
learning method based on Bayesian Kernel Inference Opti-
mization (BKIO) proposed in [7]. It estimates the information
gain of querying samples x∗ with length � from a sequence of
explicitly evaluated samples x that satisfy the Gaussian Process
assumption, and employs Bayesian Optimization to provide an
asymptotically optimal solution, thereby reducing the computa-
tional cost.

ȳ∗ = E[y∗|x∗,Q] ≈ ȳ

k̄
, σ(y∗) = Var[y∗|x∗,Q] ≈ σ(x∗)

k̄

ȳ =

�∑
i=1

k(x∗,x)yi, k̄ =

�∑
i=1

k(x∗,x) (12)

where k(x∗,x) is the Matérn 5/2 kernel, Q = {xi,yi | i =
0, . . ., l} is the initial training pool. xi = (xi, yi, θi, idxi, idyi)
is the sample state including coordinates, heading angle, and
indices. yi = I(m̃i) is defined as the expected information gain
evaluated by omnidirectional virtual raycasting on m̃ at xi [7].
y∗ is the estimated information gain. ȳ∗ is the posterior mean.
σ(x∗) and σ(y∗) are covariance matrices.

Notably, BKIO does not screen the initial samples inQ, while
it is essential to extract more information from the environment
when the quantity of training pool is small [24]. To address this
issue, we adopt the concept of Frontier in this letter to form an
optimized initial training pool. Since the occupancy probability
of voxels in OGM is uniformly initialized to 0.5, which can
be considered completely “unknown”, and the corresponding
value will be updated through MTSM after observation. Then,
the Frontier can be defined from the probabilistic distribution
perspective as voxels adjacent to those with an occupancy prob-
ability of 0.5:

F = {m̃f ∈ FoV | p(m̃f ) �= 0.5 and ∃N (m̃f ) = 0.5}
N (m̃f ) = {(idxf − 1, idyf ), (idxf + 1, idyf ),
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Algorithm 1: Local planning of TIPS.

Require:2D-OGM m̃, Map entropy H[p(m̃)], State belief
bm̃t−1 at time t− 1, Current observation Zt, Current state
xcur, Max optimization epoch Nepoch, Frontier set F

1: if exploration continue and not global planning then
2: F = {m̃f ∈ FoV|p(m̃f ) �= 0.5& ∃N (m̃f ) = 0.5};
3: Q ← {xj ,yj | xj ∈ F , j = 0, .., l};
4: for xi in Q do
5: Xt ←

OmnidirectionalVirtualRaycasting(xi, m̃);
6: M← ComputeMTSM(m̃, bm̃t−1Zt,Xt);
7: bm̃

xj

t−1 ← CalStateBelief(M, bm̃t−1Zt,Xt);
8: H[p(m̂xj )]← CalEntropy(m̂, α, bm̃

xj

t−1 );
9: yj = I[p(m̂xj )] = H[p(m̃xj )]−H[p(m̂xj )];

10: end for
11: iter = 0; // BKIO for optimal target determination
12: for iter < Nepoch do
13: iter = iter + 1;
14: {xo,yo, idx} ← BKIOptimization(Q,F);
15: x in Q ? Q ← Q⋃

(xo,yo) : y(idx)← yo

16: end for
17: Llocal ← Astar(xcur,xo)
18: end if
19: return Llocal

(idxf , idyf ), (idxf , idyf + 1)} (13)

Q = {xj ,yj | xj ∈ F , j = 0, .., l} (14)

Herein, idxf , idyf are indices of Frontiers in OGM. From Eq.(4),
it is known that Frontiers are voxels exhibits higher expected
information gain yi, i.e., holds greater potential to guide the AGV
toward unknown regions. Thus, the initial training pool can be
constructed from the Frontier set, as defined in Eq.(14). This
approach facilitates faster convergence of the BO process and
reduces randomness during the initial optimization stage. Given
the initial training pool, the information gain corresponding to
x∗ can be directly queried via Eq.(12).

Ultimately, xo with the highest utility is selected using the
Distance-based Upper Confidence Bound (DUCB) function [24]
in BKIO process (Eq.(15)), where a Euclidean distance cost d
is considered to avoid excessive energy consumption. κ is a
trade-off factor for balancing Exploration and Exploitation. In
this way, the target point can be guided to favor Frontier regions,
while without overly prioritizing information richness and lead-
ing to a greedy strategy. The BKIO is iterated until convergence
or the maximum iteration is reached. The final output xo is
the optimal target, highlighted by the blue box in Fig. 3, and
the information-rich exploration path Llocal can be extracted
using A∗ algorithm. The belief of OGM and the corresponding
occupancy are continuously updated when the AGV navigates
along the Llocal, until a new frame of perceptual information is
received and the re-planning procedure is triggered. The whole
local planning process can be found in Algorithm1.

xo = argmax
x∈Q

ȳ + κσ(y) + γd(x,xcur) (15)

C. Information-Rich Sparse Roadmap

The AGV exploration process is inevitably faced with dead
zones, which are considered in this work under the following
conditions: (1) The heading angle changes drastically within

four steps; (2) The change of I(m̃) is less than a predefined
threshold when moving towards the optimal target; (3) The
Frontier set F is empty. In such cases, the reuse of the local
planning strategy may cause back-and-forth maneuvers and
significant resource overhead. Therefore, integrating the accu-
mulated knowledge from the exploration process to guide the
AGV escape dead zones is critical to improve overall explo-
ration efficiency. In this letter, we maintain a sparse roadmap
to achieve fast and heuristic escape path searching. Specifically,
the roadmap is an “Information-Rich” (IRSR) undirected graph
GI = (V,E|{x,y} ∈ V, {d} ∈ E), where {·} represents the
attribute contained by edge E or vertex V.

After determining xo, the AGV current state xcur is first
added to the graph. Suboptimal Frontiers in F are sorted in
descending order of y and considered as the candidate vertex
set V1, while other voxels within the known area are sorted in
ascending order of distance to xcur and formed as the candidate
vertex set V2. Then, nodes in V2 are sequentially evaluated for
the connection condition to GI , that is, whether the minimum
distance is greater than r and the collision checking is satisfied.
Those that pass the evaluation are added to GI . Once V2 is
empty, the same evaluation process is applied to V1. Moreover,
to ensure sparsity, the distance between vertices in GI must also
exceed r. Ultimately, the roadmap retains high information-gain
Frontier voxels and ensures accessible paths for the AGV to
reach them. The expansion process of IRSR is shown in Fig. 3.

As the exploration advances, the value ofy at vertices in IRSR
within explored areas will decrease with the update of the map
belief by MTSM. Consequently, the retained high-gain nodes
correspond to regions like intersections or doorways that have
significant information gain in multiple directions, as shown in
Fig. 3(b) with red nodes.

D. Dead Zone Escape and Global Guidance

The global planning is activated when the exploration is
deemed to be in dead zones, which is a path optimization method
in TIPS that considers both information gain and movement
distance to solve an Asymmetric Traveling Salesman Problem
(ATSP), aiming at providing heuristic global guidance to help
the AGV escape dead zones and resume the exploration process
in high-gain regions.

S ∼ {sζ = yζ ·D(vζ) | vζ ∈ GI(V), yζ > Ithr}
D(vζ) = exp(−λL(xcur, vζ)), ||S|| = n (16)

Herein, S represents the set of scores s of v in IRSR whose
information gain is beyond the threshold Ithr, with the length of
n.D is the penalty function, whereL denotes the total movement
distance from xcur to vζ through edges in GI .

The scores in S are used to construct the cost matrix Matsp ∈
R

(n+1)×(n+1), with the first column set to zero. Finally, the
open-loop traversal path can be obtained using 2-opt search [6].
Specifically, the Christofides algorithm is applied to optimize
the initial path, with a theoretical approximation guarantee of
no more than 1.5 times the optimal solution, thereby reducing
iteration times and enhancing path quality. The global planning
is illustrated in Fig. 3(b) with red lines.

V. EXPERIMENTAL EVALUATION

The proposed framework is verified in this section through
simulation and real-world environments. The simulated and real
AGVs are based on Scout mini platform as shown in Fig. 8. All
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Fig. 4. Simulation environments. Partial narrow regions are enclosed in the
figure, with small corners, compact rooms, and narrow passages marked by red,
green, and blue ovals, respectively. (a) Maze. (b) Indoor. (c) Lab.

TABLE I
EXPERIMENT CONFIGURATIONS

TABLE II
STATISTIC RESULTS OF TEST 1 OVER 10 RUNS

simulations run on an AMD R9-7940HX CPU and 32 GB of
RAM with ROS1 on Ubuntu 20.04 system.

A. Simulation Experiments

To evaluate the exploration performance, simulations are con-
ducted in three scenes with increasing complexity and size, as
shown in Fig. 4, named “Maze”, “Indoor” and “Lab”.
� Maze: Derived from [9]. A small-scale structured scene

with small corners.
� Indoor: The scope is larger than Maze, and additional

modifications are made by introducing intersections and
compact rooms to simulate more complex scenes.

� Lab: The prototype is the Intel Lab from 2D dataset [25].
We build an equal scale 3D scene in Gazebo. The environ-
ment features multiple doorways, unstructured obstacles
and narrow passages.

We split the simulation tests into a horizontal comparison with
information gain-based approaches, and a vertical comparison
with other state-of-the-art (SOTA) types of exploration methods.
Each method is executed 10 times under identical initial con-
figuration. Some common parameter settings are summarized
in Table I. Tables II and III record statistic results of different
methods, including exploration time, key metrics and coverage
rate. Note that the key metrics vary depending on experimental
focus, as discussed below.

1) Test 1: We first compared our method with two previous
information gain-based methods, EISM [19] and CARE [7], as

TABLE III
STATISTIC RESULTS OF TEST 2 OVER 10 RUNS

Fig. 5. Constructed 2D-OGMs, where green hollow squares are start points
and black ovals are missing regions. (a) Maze, Indoor and Lab by Proposed
method. (b) Lab, from left to right: EISM, CARE, O¬I , O¬M .

Fig. 6. T-ME curves of each scene. (a) Maze. (b) Indoor. (c) Lab. .

well as two ablation studies, ours without IRSR (O¬I) and ours
without MTSM ((O¬M), using ISM instead) considering two
main metrics: algorithm runtime and map entropy, to evaluate
the superiority of our sensor model and real-time performance.
EISM updates map occupancy based on exact ISM and uses
8-axis raycasting for full action evaluation. CARE is developed
on SCM and determines the optimal target by BKIO, where the
initial training pool is composed of 30 randomly selected voxels.
The 2D-OGMs constructed by our method in all three scenarios
are presented in Fig. 5(a), while the results of comparative
schemes in the Lab are shown in Fig. 5(b). Fig. 6 illustrates
the curves of map entropy change over time (T-ME), where
subfigure (c) corresponds to the results of Lab in Fig. 5.

It can be seen that EISM exhibits more entropy reduction in
the early stage compared to CARE (e.g., the first 50 s in the Maze
and first 200 s in the Indoor) due to naive ISM. However, its
final map entropy changes cannot reach the maximum. CARE,
on the other hand, yields smoother entropy transitions and higher
overall map entropy reduction than EISM, but its SCM still
limits complete coverage. In contrast, the proposed method
achieves both rapid and complete entropy reduction across all
three scenarios. Specifically, the statistic results in Table II
show that our method improves 2.3%∼7.5% and 7.9%∼13.8%
in map entropy reduction than EISM and CARE, and is the
only method that achieves an overall coverage rate exceeding
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99% across three scenes. This improvement stems from MTSM
that ensures consistent exploration of all narrow regions in 10
trials, whereas EISM always misses compact rooms and notably
fails to pass through the narrow passage in the Lab in all
experiments. CARE sporadically explores the narrow passage
but still overlooks small corners in each scene, as illustrated in
Fig. 5(b). In addition, the proposed method significantly reduces
algorithm runtime by 84.5%∼90.8% compared to EISM and
54.0%∼63.0% compared to CARE. These results highlight that
the optimized BKIO greatly accelerates optimal target determi-
nation.

In the ablation studies, O¬I successfully explores all nar-
row regions, maintaining map entropy reduction and algorithm
runtime at levels comparable to the full method. However, due
to the lack of global heuristic guidance, it exhibits significantly
longer exploration time, which is 18.9%∼28.5% longer than the
Proposed. O¬M , on the other hand, achieves faster overall ex-
ploration since global planning reduces some local re-planning
cycles, but it misses details in narrow regions, resulting in overall
map entropy reduction 7.3%∼12.1% lower than the Proposed.
These results demonstrate the contributions of proposed mod-
ules in our framework: MTSM enhances information acquisition
in narrow regions, while IRSR provides global dead-zone guid-
ance, together ensuring robust and efficient exploration.

2) Test 2: To further validate the performance of our frame-
work against the other two paradigms in terms of exploration
efficiency and environmental coverage, we chose the sampling-
based method TARE [4], Frontier-based method FAEL [6], and
hybrid method HPHS [9] as comparative schemes, considering
movement distance and explored area as key metrics. TARE
is a pioneering approach combining local uniform sampling
and global fast traversal. FAEL is a fast exploration frame-
work designed for large environment, which adopts the idea of
Frontier and roadmap. HPHS is a hierarchical planning method
that adopts hybrid Frontier sampling at the point cloud level.
In addition to the common settings listed in Table I, other
parameters of the compared methods were kept the same as those
in the references. The representative trajectories and curves of
explored volume over distance (D-EV) are presented in Fig. 7.

The results show that our method completes exploration first
in all scenes with minimal redundant paths. Even in Indoor
and Lab scenarios featuring narrow passages and multiple small
rooms, it achieves efficient sequential coverage. The integration
of MTSM strengthens the system’s focus on narrow regions,
minimizing omissions of critical details. In contrast, TARE,
FAEL and HPHS all prioritize open areas at the beginning phase
(e.g., the first 200 s in the Indoor), and all pass through narrow
passages in the Lab. Nevertheless, FAEL experiences extensive
backtracking due to incomplete exploration of narrow regions on
the first pass. TARE occasionally gets trapped in dead zones and
struggles to escape. HPHS performs poorly in environments with
compact rooms and small corners due to insufficient accuracy of
point-cloud-level processing, and the similar cost of subregions
often leads to back-and-forth movements. These situations re-
flect in the slow growth of D-EV curves in the latter stage of
exploration, leading to reduced efficiency.

The data presented in Table III indicate that our method
achieves broader scene coverage with less time cost and shorter
path length. Compared with TARE, our approach achieves a
basic consistent coverage rate level over 99%, but the exploration
time is reduced by 11.1%∼31.7% and the movement distance is
significantly shortened by 33.4%∼42.6%. In comparison with
FAEL, our method reduces time and distance by 6.6%∼17.0%

Fig. 7. Simulation results, where the green hollow square is the start point and
the rainbow line is the trajectory. (a) Maze. (b) Indoor. (c) Lab.

and 4.9∼17.1%, and improves the coverage rate by 2.1%∼6.2%
as FAEL leaves several unexplored areas in big scenes. When
compared to HPHS, the exploration time and movement dis-
tance are reduced by 2.6%∼42.3% and 5.6%∼29.3%, while the
coverage rate is enhanced by 2.0%∼3.9%, as HPHS exhibits
more redundant paths and leaves unexplored areas in complex
environments. The synergy between improved sensor model
and global guidance of our method greatly enhances overall
exploration efficiency.

B. Real-World Experiment

A custom-built differential chassis serves as the AGV plat-
form, which is equipped with an Intel NUC13VYKI5 (with an
Intel i5–1340P CPU and 16 GB of RAM), a MTI–30 IMU and a
RS–32–LiDAR. The real experiment is conducted in an indoor
environment with intersections, narrow passages and obstacles
(Fig. 8), where minimal manual interventions are introduced in
slope and stair areas out of precaution. An in-house modified
version of Fastlio2 [26] is employed as the SLAM module to
both acquire AGV location and mapping. The parameters are
consistent with those listed in Table I, except that the velocity
v is limited to 0.6 m/s to ensure safety during exploration,
and the resolution of 2D-OGM is set to 0.2 m to explore finer
environmental details.

Fig. 8 shows the constructed point cloud map, 2D-OGM and
trajectory. The AGV explores 2918.4m2 and reduces the map
entropy by 72960bits over 439.4 s and 165.1 m. The results
shows that our proposed framework is capable to efficiently ex-
ploring a real complex environment with narrow regions through
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Fig. 8. The real-world experiment. Left: AGV platfrom. Mid: The exploration
trajectory and 2D-OGM, where the occupied voxels appearing in the free area
are experimental personnel following the AGV during the experimental process.
Right: Corresponding real scenes, where B and D are intersections, A and C are
narrow passages.

an actual AGV platform. For more real-world comparisons,
please refer to our demonstration video2.

VI. CONCLUSION

In this letter, a tiered framework is proposed for efficient AGV
autonomous exploration in complex environments featuring nar-
row regions. A novel sensor model is introduced to enhance the
acquisition of environmental information, and the Frontier set is
defined from a probabilistic distribution perspective to accelerate
the convergence of Bayesian optimization for optimal local
target determination. Besides, an informative sparse roadmap is
designed using the accumulated historical knowledge during the
exploration process, and the global heuristic guidance is realized
by solving an ATSP based on the roadmap in dead zone scenar-
ios. Simulation results demonstrate that our approach achieves
faster algorithm runtime and more comprehensive information
acquisition compared to existing information gain-based meth-
ods, as well as outperforms other SOTA approaches in terms of
exploration efficiency and environment coverage. Real-world
experiments further validate the strong potential of our method
for practical engineering applications.

Our work has the potential to be extended to 3D scenes, while
more complex environmental structures and larger voxel counts
pose greater challenges for accurate information evaluation and
real-time performance. Future work will explore 3D Gaussian
Splatting for continuous spatial representation and reinforce-
ment learning for the optimal targe determination.
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