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Abstract

Efficient AGV/AMR path planning is essential for intelligent warehouse logistics, where
regular shelves, narrow aisles, local bottlenecks, and heterogeneous obstacles strongly
affect roadmap quality. This study proposes LE-HG-PRM, a structure-aware extension of
heuristic-guided probabilistic roadmap planning. The method embeds warehouse geomet-
ric priors into probability-field sampling, region-adaptive neighborhood connection, and
cache-accelerated progressive path refinement. Compared with the preliminary conference
version, the journal version introduces a redesigned warehouse-oriented planning frame-
work and substantially expands the experimental validation. Four experimental campaigns
are conducted, covering static-complexity progression, corridor-width sensitivity, parame-
ter sensitivity, and map-scale expansion, with A%, JPS, PRM, RRT, RRT*, and HG-PRM as
baselines. Each scenario uses 50 paired start—goal tasks, and sampling-based methods are
repeated with 12 independent random seeds. The results show that LE-HG-PRM provides
competitive path quality and structurally regular paths in representative warehouse layouts.
Statistical tests further confirm that its path-length advantage is scenario-dependent but
significant in several structured and bottleneck-constrained settings. The findings suggest
that incorporating explicit warehouse-structure priors can improve roadmap-based global
planning for intelligent logistics, while future work should validate the method in Gazebo
and physical AGV/AMR platforms.

Keywords: warehouse logistics; AGV path planning; probabilistic roadmap; structure-
aware sampling; occupancy grid; statistical validation
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1. Introduction

With the development of advanced manufacturing systems toward flexibility, digital-
ization, and intelligent automation, production-oriented warehouse logistics has become a
key factor affecting material-flow efficiency, equipment utilization, and production-rhythm
stability [1,2]. In conventional labor-intensive warehouses and shop-floor logistics units,
limited planning efficiency and slow operational response increasingly constrain through-
put, responsiveness, and system-level reliability [3,4]. Intelligent warehousing systems,
represented by autonomous mobile robots (AMRs) and automated guided vehicles (AGVs),
provide a practical solution by integrating perception, decision making, and automated
execution into manufacturing logistics operations [5-10]. At the warehouse-system level,
related studies have further highlighted the importance of robot path planning, coordinated
routing, and multi-agent operation in structured logistics environments [11-14]. Within this
pipeline, path planning plays a central role because it directly shapes material-flow conti-
nuity, operational cost, order-fulfillment speed, and overall manufacturing-system stability.
Consequently, the rapid generation of safe, efficient, and high-quality paths in structured
warehouse environments has become a problem of clear engineering importance for intelli-
gent logistics and manufacturing automation.

For static path planning on known grid maps, existing approaches can be broadly
divided into two categories: deterministic graph-search methods, such as A*, Dijkstra,
and jump point search (JPS), which emphasize completeness and optimality or grid-search
acceleration [15-17], and sampling-based methods, such as probabilistic roadways (PRMs)
and rapidly-exploring random trees (RRTs), which offer probabilistic completeness and
stronger scalability in high-dimensional spaces [18,19]. Graph-search methods can recover
the shortest paths efficiently in regular environments, but their computational burden
grows rapidly with increasing map size and resolution. By contrast, the standard PRM
constructs a topological graph through random sampling and is therefore more flexible, yet
it often struggles to capture narrow passages under limited sampling density. Moreover,
because roadmap construction is typically not guided by scene-specific structural priors,
both path quality and query efficiency can become unstable in production warehouse
environments where shelves, aisles, workstations, and temporary storage zones form
strong geometric constraints.

To overcome these limitations, a substantial body of work has explored either
metaheuristic optimization or improved sampling strategies to enhance PRM-based
planning [20-23]. Representative examples include hybrid PRM-genetic algorithm frame-
works for joint path-length and smoothness optimization [24], low-dispersion PRM variants
for improved sampling efficiency [25], narrow-passage-oriented PRM refinements [26],
and PRM-based post-planning improvement combined with controller design [27]. Al-
though these methods improve selected local metrics, their sampling logic still largely
remains at the level of undirected exploration or posterior correction. As a result, the geo-
metric priors embedded in highly structured manufacturing warehouses remain under-
exploited, leaving substantial room for improvement in path quality, scene adaptability,
and engineering interpretability.

To address this issue, our previous conference work developed the heuristic-guided
probabilistic roadmap (HG-PRM), which achieved a favorable trade-off between planning
efficiency and path quality [28]. In large and complex maps, HG-PRM was shown to
generate high-quality paths within 0.125 s, reducing planning time by 94.4% and path
length by 17.2% relative to A*. These results suggest substantial engineering potential under
limited computational budgets. Nevertheless, in highly structured static warehousing
scenarios, HG-PRM still inherits an important limitation from generic sampling-based
planners: insufficient exploitation of environment geometry during roadmap generation.
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This can lead to undersampling in critical regions and redundant exploration in non-
critical free space, thereby constraining further gains in path quality, structural regularity,
and deployment predictability for production logistics.

A preliminary version of this work was presented at IEEE ICCASIT 2025 as a confer-
ence paper on heuristic-guided PRM [28]. The present journal version differs substantially
from that conference version in both method and validation. Specifically, it extends the
original HG-PRM idea from heuristic-biased sampling on a single large grid map to a
structure-aware warehouse-planning framework with explicit geometric probability fields,
dynamic neighborhood construction, cache-accelerated progressive refinement, four newly
organized experimental campaigns, 50 paired start—goal tasks per scenario, distribution-
level analysis, and statistical significance testing. These additions provide more than 50%
newly generated experimental data and analytical content and make the current article a
complete journal extension rather than a duplicate conference publication.

Building on HG-PRM,, this study proposes a logistics-enhanced heuristic-guided prob-
abilistic roadmap, termed LE-HG-PRM, for static path planning in production-oriented
intelligent warehouses. The proposed method introduces three collaborative mecha-
nisms: environment-feature-aware sampling, hierarchical dynamic neighbor connection,
and cache-accelerated progressive optimization. Together, these mechanisms shift roadmap
construction from uniform random exploration toward geometry-guided generation, en-
abling the planner to produce paths that are safer, smoother, and more globally efficient
under limited computational resources.

The main contribution of this work is not to replace existing deterministic or sampling-
based planners in a universal sense, but to embed warehouse-specific geometric priors
into the sampling, connection, and refinement stages of HG-PRM. Compared with generic
PRM and the previous HG-PRM, LE-HG-PRM explicitly biases sampling toward bottle-
necks, traffic corridors, and task-relevant regions, adaptively increases local connectivity
in constrained areas, and reuses collision-checking information during progressive path
refinement. In this sense, the novelty of the work lies in converting PRM-style roadmap
construction from a passive random exploration process into a geometry-conditioned
planning process for structured warehouse logistics. These mechanisms make the planner
particularly suitable for production warehouse layouts where regular shelves, narrow
aisles, heterogeneous obstacles, and task-oriented traffic corridors coexist.

1.1. Conference Extension Statement.

This manuscript is an extended version of the ICCASIT 2025 conference paper [28].
The journal version has a substantially revised title and abstract, introduces new warehouse-
structure-aware algorithmic components, adds multi-scenario and multi-scale experimental
campaigns with 50 paired tasks per scenario, and includes distribution-level and statis-
tical significance analyses, with more than 50% newly generated experimental data and
analytical content.

1.2. Key Technical Contribution

The technical novelty of LE-HG-PRM is organized around three coupled mechanisms.
First, geometry-aware probabilistic sampling replaces uniform or purely heuristic sampling
with distance-transform-driven spatial priors, so that limited samples are preferentially
allocated to bottlenecks, corridor cores, and task-relevant regions. Second, adaptive neigh-
borhood construction dynamically increases local graph connectivity in constrained areas,
improving roadmap robustness where feasible passages are most likely to be broken.
Third, cache-accelerated progressive refinement reduces redundant collision checking
and converts the raw graph path into a shorter and more executable route. Together,
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| Problem Statement &
i Research Objectives

Section I

these components form a structure-aware roadmap generation framework rather than a
single-parameter modification of PRM.

The remainder of this paper is organized as follows. Section 2 presents the modeling
framework and pseudocode of LE-HG-PRM. Section 3 describes the warehouse logistics
environment model. Section 4 details the experimental setup and task-generation protocol.
Section 5 reports the experimental results, including mean-value comparisons, distribution-
level analysis, and statistical significance validation. Section 6 concludes the paper and
outlines future directions for manufacturing-logistics deployment. Figure 1 summarizes
the overall organization of the manuscript.

1 Experimental

L

1 Evaluation P 1
System & Evaluation Protoco 1 Section IV-V I

Experiment 1: Progressive Experiment on Static
Complexity

Static Path Planning in
Warehouse Environments

Existing methods often face a trade-
off between path quality and
stability.

i Four-dimensional | Experiment 2: Channel Width Sensitivity Experiment |

Dynamic Neighbor
Layout

experi
i system

Experiment 3: Parameter Sensitivity and Robustness
Experiment

Cache optimization Experiment 4: Scale Expansion Experiment

+ post-processing

Structural priors remain largely
underutilized in warehouse settings.

Two-dimensional
grid modeling

Research objective: To obtain a
shorter, more stable, and more
adaptable global path using LE-HG-
PRM.
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]
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Figure 1. Overall structure of the article. Section I defines the problem statement and research
objective; Sections II-1III present the algorithmic evolution pathway and warehouse-environment
modeling; Sections IV-V describe the experimental system, evaluation protocol, performance analysis,
and statistical validation; Section VI summarizes the main conclusions and future directions.

2. LE-HG-PRM Algorithm
2.1. A*

A*is a classical heuristic shortest-path search algorithm. It extends Dijkstra’s algorithm
by introducing a heuristic function to estimate the minimum movement cost from the
current state to the goal state, thereby selecting the best path. The principle of the algorithm
is shown in Figure 2, and the evaluation function is defined as follows:

f(n) = g(n) +h(n), (1)

where f(n) denotes the estimated cost from the start state to the goal state, g(1) denotes the
accumulated cost from the start state to the current state, and h(n) denotes the estimated
cost from the current state to the goal state.

2.2. PRM

Probabilistic Roadmap (PRM) is a sampling-based path planning algorithm for motion
planning in high-dimensional continuous state spaces. Its core idea is to construct a
roadmap offline and then query feasible paths online. The procedure mainly consists of a
preprocessing stage and a query stage, as shown in Figure 3.
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Figure 2. Schematic diagram of the A* algorithm. (Letters denote graph nodes, and numbers denote
illustrative edge costs.)
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Figure 3. Schematic diagram of the PRM algorithm. (The colored points and connecting lines indicate
sampled configurations and feasible roadmap edges, respectively.)

2.2.1. Preprocessing Stage

In the collision-free region Ce of the state space C, n collision-free configuration
points are randomly sampled to form the vertex set:

V:{inCfree“:l,...,n}. 2)

For each vertex g;, the algorithm attempts to connect it with neighboring vertices g;
within a given Euclidean distance r, thereby forming the edge set E. If the line segment
connecting g; and g; lies completely in Cge, the edge is retained; otherwise, it is removed.
The final undirected graph is written as

G = (V,E). 3)
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2.2.2. Query Stage

Given the start point gstart and the goal point g4, they are first connected to several
nearest vertices in G according to distance thresholds and collision detection, yielding the
extended graph G’. A graph search algorithm is then used to find the shortest path 7t from
Gstart tO Ggoqa1 ON G

m=argmin )  Cost(e), 4)
pathCG eepath

where Cost(e) denotes the cost of edge e, usually defined as the Euclidean distance.

2.3. HG-PRM

This subsection summarizes the HG-PRM baseline proposed in our ICCASIT 2025
conference paper [28]. It is retained here as the methodological starting point and as the
direct predecessor used for comparison with LE-HG-PRM. Traditional A* has low search
efficiency in complex environments, while PRM suffers from sampling blindness and high
path redundancy. Based on the complementary characteristics of A* and PRM, HG-PRM is
improved in the following four aspects:

1. Adaptive sampling: a heuristic guidance mechanism is introduced on the basis of
random sampling to generate samples more efficiently in free space.

2.  Efficient roadmap construction: neighboring nodes are queried rapidly using a KD-
tree, and feasible edges are constructed through collision detection to improve graph
construction efficiency.

3.  Graph-constrained A* search: the improved A* algorithm is run on the constructed
roadmap, and the graph topology constraint is used to reduce the search space.

4.  Post-path optimization: pruning optimization is used to eliminate redundant nodes
and obtain a smoother and shorter final path.

The pseudocode of HG-PRM is given in Algorithm 1.

Algorithm 1 Heuristic-Guided Probabilistic Roadmap (HG-PRM)

Require: Map M; start configuration gstart; goal configuration goal’ number of samples N;
number of neighbors K.
Ensure: Optimized path Pypt; runtime T; number of vertices |V|; number of edges |E|.
Step 1: Initialization and Adaptive Sampling
1: Tstart < time()
2 V < {gstart, Ggoal } U ADAPTIVE_SAMPLE(M, N — 2)
3 |V| + |V|
Step 2: Roadmap Construction with KD-tree
4: (G, |E]) + BUILD_ROADMAP(V,K, M)
Step 3: Graph Search on Roadmap
Praw + A_STAR(G/ (start, ngal)
if Prywy = @ then
T time() — Tstart
return (9, T, |V|, |E|)
end if
Step 4: Path Shortcutting and Final Metrics
10: Popt ¢ PATH_SHORTCUT (Praw, M)
11: T + time() — Tstart
12: return (Popt, T, |V, |E|)

The four subroutines used in Algorithm 1 are listed in Algorithms 2-5, including
adaptive sampling, roadmap construction, collision checking, and path shortcutting.
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Algorithm 2 Subroutine 1: ADAPTIVE_SAMPLE

Require: Map M; required samples 7.
Ensure: Sample set Viee.
1: F <« set of free cells in M
2: Negr < min(n, |F|)
3: Viree ¢ RANDOM_SUBSET(F, 1)
4: return Vo

Algorithm 3 Subroutine 2: BUILD_ROADMAP

Require: Vertex set V; neighbors K; map M.
Ensure: Graph G; number of edges |E|.
1: G + INIT_GRAPH(V)
: Txkp + BUILD_KD_TREE(V)
: forallv € V do
N, + K_NEAREST(Txp, 0, K + 1) \ {0}
forall u € N, do
if COLLISION_FREE (v, u, M) then
ADD_EDGE(G, v,u, ||v — u]|)
end if
end for
end for
11: |E| <~ number of edges in G
12: return (G, |E|)

R I A R

[

Algorithm 4 Subroutine 3: COLLISION_FREE

Require: Points 4, b; map M.
Ensure: Boolean.

1: for all grid point p on BRESENHAM_LINE(a, b) do

2 if p is not in M.free_space then
3 return false
4: end if
5. end for

6: return true

Algorithm 5 Subroutine 4: PATH_SHORTCUT

Require: Raw path P; map M.
Ensure: Optimized path Popt.
1: Popt < [P[0]]
2: 10
3: whilei < |P| —1do

4: success < false
5. forj< |P|—1downtoi+1do
6: if COLLISION_FREE(P[i], P[j], M) then
7: Popt-append (P[j])
8: 1< ]
9: success < true
10: break
11: end if
12: end for
13: if success = false then
14: Popt.append(P[i + 1])
15: i+—i+1
16: end if

17: end while
18: return Popt

https:/ /doi.org/10.3390/robotics15070122
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2.4. LE-HG-PRM

Building on the conference HG-PRM framework [28], this paper further improves
the algorithm to address the sampling blindness that still exists in highly structured static
warehousing scenarios. Because the geometric characteristics of the environment are not
fully exploited, the original strategy may lead to insufficient sampling in critical regions and
redundant sampling in non-critical regions, which limits further improvement in path qual-
ity. Compared with the conference method, LE-HG-PRM does not merely retune the sample
size or neighbor number; instead, it introduces warehouse-specific probability-field model-
ing, region-adaptive neighborhood connection, and cached progressive path refinement.

Therefore, this paper proposes LE-HG-PRM. Inheriting the efficient framework of
HG-PRM, the proposed method transforms sampling and roadmap construction from
passive uniform exploration to active feature perception through three core mechanisms:

1. A non-uniform sampling probability field is constructed based on distance transform
and region segmentation, guiding sampling points to be densely distributed in narrow
bottlenecks, traffic channels, and task-related areas.

2. The node connection degree is dynamically adjusted according to the regional charac-
teristics of the node to realize hierarchical neighbor connection.

3. A collision detection cache and a progressive path-shortening strategy based on a
local look-ahead window are introduced to improve computational efficiency and
generate smoother paths that better fit practical motion constraints.

The core innovation of the algorithm is to realize the collaborative enhancement of
sampling, roadmap construction, and optimization by sensing the geometric structure
of the environment. This design also clarifies the extension relationship with HG-PRM:
HG-PRM provides the basic sampling-roadmap-search pipeline, whereas LE-HG-PRM
adds warehouse-structure awareness at all three stages.

Algorithm Modeling
(a) Environmental feature extraction and sampling probability field construction.

When the algorithm is initialized, a one-time geometric feature analysis is performed
on the map M to provide prior knowledge for intelligent sampling. The distance from each
free grid to the nearest obstacle is calculated to obtain the distance field D:

D = DistanceTransform(M). (5)
Based on the distance field D, feature regions are adaptively defined and extracted:

Ry ={p € Cqee | D(p) < Tu}, (Constricted region),
Rw =A{p € Ctree | D(p) > T}, (Broad region), (6)
R = Erodes«3(Cree), (Channel-core region).

Here, 7, = max(3, [min(H,W)/50]) and 1, = max(10, |[min(H, W)/20]). The lower
bounds in T, and 7, prevent degenerate region extraction in small maps, while the scale-
dependent terms allow the constricted and broad regions to vary with map resolution.
Specifically, the divisor 50 yields a relatively small threshold for identifying narrow pas-
sages, whereas the divisor 20 yields a larger threshold for distinguishing broad open
regions. Erodesy3(-) denotes morphological erosion using a 3 x 3 structuring element,
which is used here to extract the channel-core region. These values are not intended as
universally optimal constants, but as practical default settings for structured manufactur-
ing warehouses. To improve faithful reimplementation, the thresholds are expressed as
explicit functions of the map size rather than as hidden constants. In additional threshold-
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perturbation checks, moderate variations around these default values did not change the
qualitative ranking of the proposed method, indicating that the planner is primarily driven
by the relative identification of constrained and broad regions rather than by a single exact
threshold value.

Different base sampling probabilities are assigned to different regions to prioritize the
exploration of critical areas:

0.8, ifp € Ry,

py(p) = ] 06 HPERA R )
h P 0.2, if p E Cfree \ (Rn U Rc U Ru)),

0.1, ifp € Re.

The probability values in Equation (7) are heuristic priors assigned according to the ex-
pected planning importance of different warehouse regions rather than fitted constants.
Constricted regions and channel skeletons receive higher probabilities because they are
more likely to determine roadmap connectivity and path feasibility, whereas broad open
regions receive lower probabilities to reduce redundant sampling. The selected ordering
0.8 > 0.6 > 0.2 > 0.1 therefore encodes a priority hierarchy from bottleneck-critical regions
to redundant open space. These values are not intended as universally optimal constants,
but as a practical default setting for structured manufacturing warehouses; their influence
is further examined through the parameter-sensitivity analysis in Experiment III, where the
narrow_first, adaptive, and uniform strategies are compared to test whether the method
relies on a narrowly tuned sampling policy.

Gaussian influence fields I;(p) and I(p) are superimposed at the start point g; and
the goal point g, to enhance the sampling density of task-relevant regions. By fusing the
base probability field and the influence fields, the final probability distribution used to
guide sampling is obtained as

P¢(p) = max (Py(p), Is(p), Ig(p))- (8)

(b) Intelligent sampling based on probability fields.

The generation of the sampling point set V is no longer a uniform random process.
The algorithm first fixes the inclusion of g5 and g4. Then, from all free raster cells M,
weighted random sampling without replacement is performed according to the normalized
probability Pr until the number of sampling points reaches the preset value.

(c) Dynamic-neighbor roadmap construction.

For the sampling point set V, the roadmap G = (V, E) is constructed. The connection
strategy is dynamically adjusted according to the position of each node v; € V, and the
actual number of connections k, (i) is determined by the region in which the node is located:

min(2k, |V| —1), ifv; € Ry,
ko(i) = < min(|1.5k], |[V| — 1), ifv; € Re\ R, )

k, otherwise,

where k is the baseline number of neighbors. This strategy increases connections in bottle-
neck regions to improve connectivity.

For any point pair, when connecting nodes, the connectivity detection result is stored
in a hash cache. This avoids repeated Bresenham line scanning on the same segment and
improves the efficiency of roadmap construction.

https:/ /doi.org/10.3390/robotics15070122
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(d) Path search with progressive post-optimization.

On the constructed roadmap G, the A* algorithm is used to search for the initial path
Tlraw- Subsequently, a progressive path-shortening strategy is used for optimization. This
strategy initializes the optimized path 77t at the starting point and sets the maximum
forward search window. From the current point, collision detection is performed from
far to near within the window. If a remote node can be directly reached through the
cache mechanism, it is connected and the intermediate nodes are skipped. Compared with
the global backtracking shortening strategy, the local forward search method has lower
computational overhead and can generate a path composed of fewer and longer straight
segments, which better conforms to the motion characteristics of warehouse AGVs.

The pseudocode of LE-HG-PRM is given in Algorithm 6.

Algorithm 6 Logistics-Enhanced HG-PRM (LE-HG-PRM)

Require: Map M; start gs; goal q4; samples N; neighbors K.
Ensure: path 7opt; runtime T; |V].
1: Tgtart tlme()

> 1. Feature extraction and probability field construction
: D + DistanceTransform(M)
¢ Rnarrow < {p | D(p) < max(3, min(H, W)/50)} N Mgee
: Ryide < {p | D(p) > max(10, min(H, W) /20) } N Mfee
¢ Rehannel < Erode(Mgee, 3 X 3)
. P 'f — Compute_Probability_Field(Rnarrow, RWide/ Rchannelr s, 4g )

Ul s W N

> 2. Smart sampling
7. V < {45,495} U Weighted_Sample(Mgee, Pr, N — 2)
> 3. Dynamic neighborhood composition
8: G« (V,Q); Cache <+ @
9: Tyq ¢ Build_KDTree(V)
10: for v; in V do
11: kactual < GetDynamicK(v;, K, Rnarrow, Rehannel, | V)
12: for v; in K_Nearest(Tiqg, v;, Kactual +1) \ {v;} do

13: if Cached_CollisionCheck(v;, vj, M, Cache) then
14: G.add_edge(v;, v}, [[v; — vj|2)

15: end if

16: end for

17: end for

> 4. Path search and optimization
18: Traw < A_Star(G,qs,qg)
19: if TTraw = @ then
20:  return (@, time() — Tgtart, |V])
21: end if
22: Tlopt < [Mraw[0]]; 7 <= 0
23: while i < |7Traw| — 1 do
24:  forj = min(i+ 10, |Traw| — 1) down to i + 1 do

25: if Cached_CollisionCheck(7ropt [—1], traw[j], M, Cache) then
26: Ttopt-append (7raw|j]); i < j; break
27 end if

28: end for
29: end while
30: return (7Topt, time() — Tstart, V1)

https:/ /doi.org/10.3390/robotics15070122
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3. Warehouse Logistics Environment Modeling
3.1. Modeling of the Physical Warehouse Environment

In this study, the warehouse environment is modeled as a two-dimensional grid
map M, in which the traversability of each grid cell is represented by a binary state
variable. Specifically,

1, if the grid cell (x,y) belongs to free space,

M(x,y) = (10)

0, if the grid cell (x,y) is occupied by an obstacle.

Let the start node qs and the goal node qq both lie in the free region of the map.
The task of static path planning is then to find a collision-free path

T = {qO/(hr---,C{m}, (11)

such that
q0 = qs, qm = qg, (12)

and every node on the path satisfies
Qi € Mipeey  i=0,1,...,m, (13)

where M. denotes the set of all traversable cells in the map.

In addition, for any two adjacent nodes q; and q;;1 on the path, the straight-line
segment connecting them must not intersect any obstacle region. This constraint can be
written as

Line(q;, 9i+1) € Meree, i=01,...,m—1. (14)

Accordingly, the warehouse path-planning problem considered in this paper can
be formulated as the search for a feasible path connecting qs and q, while satisfying
collision-avoidance constraints throughout the entire route.

3.2. Wall and Boundary Representation

The present experiments use occupancy-grid maps in which shelves, heterogeneous
obstacles, corridor boundaries, and blocked regions are represented as occupied cells.
In this representation, explicit wall polygons are not modeled as a separate semantic
category; however, any wall or outer boundary can be encoded by the same occupied-cell
mechanism used for obstacle collision checking. Recent learning-based navigation studies
have shown that explicit wall and environmental-feature modeling can be useful for path-
constrained robot navigation, especially when local navigation, wall-following behavior,
or sensor-level interaction is considered [29]. We agree that the lack of an independent
wall-semantic layer is a limitation for deployment-level navigation. In the present study,
the focus is static global planning in structured warehouse layouts, and the occupancy-grid
abstraction is sufficient to test roadmap connectivity, bottleneck sampling, and collision-free
path generation. Future Gazebo or physical-robot validation should include explicit wall
geometry, robot footprint inflation, localization uncertainty, and perception constraints.

3.3. Structural Characteristics of Warehouse Logistics Environments

Combined with the spatial layout of real warehouse systems, the environment model
in this paper focuses on the following structural characteristics.

https:/ /doi.org/10.3390/robotics15070122


https://doi.org/10.3390/robotics15070122

Robotics 2026, 15, 122

12 of 33

(a) Regular grid layout.
Storage shelves are typically arranged in rows and columns with relatively uniform

spacing, forming a highly regular grid-like spatial pattern. As a result, the aisle widths
between adjacent shelves are often approximately consistent.

(b) Hierarchical corridor structure.

Warehouse traffic spaces usually exhibit a primary—secondary corridor structure.
Main corridors are wider and primarily used for backbone transportation and vehicle
circulation, whereas secondary shelf aisles are narrower and mainly support picking and
local-access operations.

(c) Obstacle heterogeneity.

In addition to regular shelf structures, real warehouse environments may also contain
heterogeneous obstacles, such as columns, workstations, temporary storage areas, and other
irregular blocking elements. These obstacles increase local geometric complexity and may
generate bottlenecks or fragmented feasible regions.

(d) Spatial connectivity.

To ensure the existence of a feasible path-planning task, the environment must preserve
at least one traversable passage connecting the start and goal regions. In other words,
the free space should maintain global connectivity at the task level, even when local narrow
passages or obstacle clusters are present.

These structural characteristics together define the geometric prior of warehouse
logistics environments. They also provide the basis for the structure-aware sampling and
roadmap-construction strategy adopted in LE-HG-PRM.

4. Experimental Environment and Evaluation Metrics
4.1. Experimental Design

To systematically evaluate the comprehensive performance of LE-HG-PRM, this study
constructs an experimental framework from four complementary dimensions: environment
complexity, corridor width, parameter sensitivity, and map-scale expansion. Specifically,
Experiment I is designed to examine basic path quality under progressively increasing
structural complexity; Experiment II evaluates the ability of the algorithm to preserve
path regularity under corridor contraction; Experiment III identifies the effective operating
interval of key hyperparameters; and Experiment IV investigates the degradation pattern
of the algorithm under scale expansion.

Taken together, these four experiments are intended to assess not only whether LE-
HG-PRM can generate shorter paths, but also whether it can maintain structural stability,
deployment consistency, and engineering interpretability across diverse manufacturing-
warehouse scenarios.

4.2. Experiment I: Static-Complexity Progression Scenario

Experiment I considers three representative warehouse maps with progressively in-
creasing complexity, as shown in Figure 4a(i)-a(iii). The first map is a simple regular
warehouse environment, with an obstacle density of approximately 20%, regularly ar-
ranged shelf structures, and a clear corridor layout. This scenario is mainly used to evaluate
the basic planning capability of each algorithm in structured environments.

The second map corresponds to a medium-complexity warehouse environment,
with an obstacle density of approximately 35%. Random rectangular obstacles and lo-
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cal main corridors are introduced into the regular layout to simulate the coexistence of
heterogeneous obstacles and local bottlenecks in realistic warehouse scenes.
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Figure 4. Experimental environments, representative paths, and cross-scenario statistics under dif-
ferent static-complexity settings. (a(i)-a(iii)) Simple regular, medium-complexity, and high-density
complex warehouse maps. (b(i)-b(iii)) Representative path-planning results of the compared al-
gorithms in the corresponding environments. (c(i)—c(iii)) Cross-map comparisons of average path
length, average planning time, and overall performance score.

The third map is a high-density complex environment, with an obstacle density of
approximately 50%. It includes rectangular, circular, and L-shaped obstacles, together
with narrow passages, and is used to test whether the algorithm can effectively identify
and exploit critical feasible regions under strong geometric constraints and high levels
of occlusion.

Representative path-planning results for these three scenarios are presented in
Figure 4b(i)-b(iii), while the corresponding cross-scenario statistics, including success rate,
average planning time, and overall performance score, are summarized in Figure 4c(i)—c(iii).
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4.3. Experiment 11: Corridor-Width Sensitivity Scenario

Experiment II focuses on the effect of corridor width on path-planning behavior. Three
corridor environments are considered: a wide main corridor, a standard storage corridor,
and a narrow picking corridor.

Unlike Experiment I, which emphasizes structural complexity, this experiment focuses
on whether the planned path can still maintain centerline conformity, corner control, and
overall executability as the feasible corridor is progressively compressed.

Representative planning results and cross-scenario comparisons are analyzed in
Section 5.3.

4.4. Experiment III: Parameter-Sensitivity Scenario and Variable Settings

Experiment III investigates the response of LE-HG-PRM to key hyperparameters
under a fixed test scenario.The purpose of using a fixed environment is to isolate parame-
ter effects from environmental variability and thereby obtain a clearer understanding of
algorithmic sensitivity.

The tested variables include:

1. The number of sampling points, denoted by #points;

The number of neighbor connections, denoted by kneighpors;

3. The sampling strategy.

This experiment is intended to determine whether LE-HG-PRM exhibits a sufficiently
wide interval of effective parameter settings, rather than relying on a narrowly tuned
optimal point. The mean-value and distribution-level results are analyzed in Section 5.4.

4.5. Experiment 1V: Scale-Expansion Scenario

Experiment IV is used to evaluate the scalability of the proposed method under
different map sizes. Three map scales are considered: 200 x 200, 400 x 400, and 600 x 600.

All three maps adopt random obstacle layouts while preserving a traversable main-
corridor structure, so as to simulate the scale expansion from a local picking unit to a larger
regional logistics network. This experiment is designed to reveal whether the path-quality
advantage of LE-HG-PRM can remain stable as the workspace increases and whether its
computational cost exhibits a controllable degradation trend.

Representative planning results and cross-scale statistical comparisons are analyzed
in Section 5.5.

4.6. Task Generation and Evaluation Metrics

For each scenario, a fixed set of paired planning trials was generated in the free
space and shared by all compared algorithms. To avoid overly trivial tasks, the start and
goal nodes were required to maintain sufficient geometric separation. Unless otherwise
specified, each scenario contained Ny, = 50 paired start-goal tasks. For sampling-based
algorithms, each task was repeated 12 times using independent random seeds, while
deterministic algorithms were evaluated on the same task set. The same map, start—goal
pairs, and evaluation pipeline were used for all compared methods. The final statistics
were averaged over valid repeated runs to reduce the influence of individual randomness
on the comparison results.

The performance of each algorithm is evaluated using the following core metrics.
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(a) Success rate.

Success rate measures the proportion of independent runs in which a collision-free
path is successfully found. It reflects the basic usability and robustness of the algorithm:

Nsuccess (1 5)
N, total ’

Srate =

where Nguccess is the number of successful planning runs and N, is the total number
of runs.

(b) Average path length.

Average path length characterizes the global efficiency of the generated path and is
defined as the average accumulated Euclidean length of successful paths:

L= 0 _g®
Nsuccess =1 i—0 T~ 4 2

1 Nisuccess Mk —1 ‘

(16)

(k)

where q;’ denotes the ith node on the kth successful path.

(c) Average planning time.
Average planning time measures the real-time cost of the algorithm and is defined as
the average CPU time from algorithm initialization to final path output:

1 Nim
T= b, (17)
Niotal k=1

where t; denotes the planning time of the kth run.

(d) Average path smoothness.

Average path smoothness is used to characterize path continuity and motion friendli-
ness. It is defined by the mean turning-angle variation between adjacent path segments:

1 Nsuccess 1 my—1

S= 12

Nsuccess k=1 My — i=1

(k)

; —_

(k)

o) — o™ |, (18)

(k)
1
indicates a smoother path.

where 6;"/ denotes the direction angle of the ith segment on the kth path. A smaller value

To avoid any single metric dominating the evaluation, this study further defines an
overall performance score that jointly considers feasibility, path quality, time efficiency,
and smoothness. First, the planning-time score is defined as

T
Piime = max <0.1, 1-— 20), (19)

and the smoothness score is defined as

Smin +¢€

Psmooth = Si—i- e (20)

where Spipn is the minimum average path smoothness among the compared algorithms in
the same experimental group, and ¢ = 10~° is a small constant used to avoid division by
zero when the minimum smoothness is zero.
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The final comprehensive score is then calculated as

Lmin

Score = 0.3 X Siate + 0.5 X

4 0.1 X Ptime + 0.1 X Psrooth, (21)

where L denotes the minimum average path length among all compared algorithms in
the same experimental setting.

The weights in Equation (21) are selected according to the engineering priority of
static warehouse path planning. Feasibility and path quality are given dominant weights
because a planner must first generate a valid and globally efficient route before secondary
indicators become meaningful. Planning time and smoothness are included with smaller
weights to reflect real-time applicability and motion friendliness, while preventing them
from overwhelming the primary path-quality objective. Therefore, the score is used as a
compact descriptive index for cross-method comparison rather than as the sole criterion
for declaring algorithmic superiority.

5. Experimental Results and Analysis

5.1. Experimental Setup
5.1.1. Computing Environment

All experiments were conducted on a platform running Windows 11. The algorithms
were implemented and evaluated in Python 3.8 using PyCharm 2024.2.1, and the hardware
configuration consisted of an Intel(R) Core(TM) i9-14900HX processor at 2.20 GHz with
32 GB of memory. To ensure strict fairness across methods, all maps were stored as raster
images and NumPy binary files, so that each algorithm was tested under exactly the same
environmental inputs and start—goal tasks.

5.1.2. Baseline Algorithms

To comprehensively assess the performance of LE-HG-PRM, six representative baseline
methods are selected for comparison: A*, JPS, PRM, RRT, RRT*, and HG-PRM. A* is
included as a classical heuristic graph-search algorithm and provides a deterministic
reference for shortest-path search. JPS is adopted as an efficient grid-based acceleration
strategy. PRM serves as the standard sampling-based roadmap baseline without structural
priors. RRT and RRT* represent rapidly exploring random sampling and asymptotically
optimal tree expansion, respectively. HG-PRM is included as the direct predecessor of the
proposed method, enabling a clearer examination of the actual gain introduced by LE-HG-
PRM. For fairness, all non-deterministic comparison methods were tuned through grid
search over their key parameters, including sampling density, neighbor number, connection
radius or step size, and iteration budget where applicable. The final baseline settings were
selected from the best-performing stable configurations under the same maps and task
sets, so the reported comparisons reflect reasonably tuned baselines rather than default or
under-optimized implementations.

5.2. Experiment I: Static-Complexity Progression

Figure 4 shows the environment configurations, representative path results, and cross-
scenario statistical comparisons for the three static-complexity scenarios. As can be seen
from Tables 1-3 and Figure 4c(i)—c(iii), as the environment gradually evolves from a simple
regular warehouse to a high-density complex scene, the average path length of all algo-
rithms increases overall. This trend is consistent with the progressive shrinkage of feasible
regions and the increasing difficulty of obstacle avoidance.
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Table 1. Performance comparison in the simple regular warehouse environment.

Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score

A¥* 100 542.0 0.876 0.988 0.7463
JPS 100 400.2 0.425 0.295 0.9666
PRM 100 413.9 0.111 0.328 0.9559
RRT 100 507.6 0.041 0.579 0.8334
RRT* 100 455.5 0.290 0.354 0.8974
HG-PRM 100 394.5 0.139 0.629 0.9349
LE-HG-PRM 100 390.5 0.258 0.428 0.9559

Table 2. Performance comparison in the medium-complexity warehouse environment.

Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A* 100 542.0 0.690 1.166 0.7525
JPS 100 392.0 0.408 0.327 0.9758
PRM 100 414.2 0.111 0.362 0.9545
RRT 100 479.5 0.017 0.574 0.8619
RRT* 100 423.5 0.258 0.341 0.9423
HG-PRM 100 395.4 0.141 0.454 0.9571
LE-HG-PRM 100 389.1 0.265 0.331 0.9855

Table 3. Performance comparison in the high-density complex warehouse environment.

Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A* 100 688.0 1.258 0.840 0.7584
JPS 100 519.9 0.401 0.479 0.9563
PRM 100 553.8 0.114 0.366 0.9637
RRT 100 638.4 0.032 0.534 0.8740
RRT* 100 587.1 0.297 0.368 0.9274
HG-PRM 100 534.0 0.142 0.622 0.9385
LE-HG-PRM 100 521.8 0.269 0.504 0.9573

However, LE-HG-PRM remains among the best-performing methods in terms of av-
erage path length across all three scenarios, with values of 390.5, 389.1, and 521.8 pixels,
respectively. It achieves the shortest mean path in the simple and medium-complexity
environments and remains statistically comparable to JPS in the high-density complex
environment, while still outperforming HG-PRM in mean path length. This indicates that
its structure-aware sampling strategy can preserve a competitive path-quality level as com-
plexity increases, especially compared with the direct predecessor HG-PRM. In particular,
in the medium-complexity scenario, LE-HG-PRM achieves the highest comprehensive
score of 0.9855 while simultaneously producing the shortest path. This suggests that when
regular corridors, heterogeneous obstacles, and local bottlenecks coexist, the geometric
prior of the environment can be effectively converted into observable overall benefit.

By contrast, JPS still benefits from regular grid structures in simple scenarios and
therefore attains a relatively high score there. In the high-density complex environment, JPS
obtains a slightly shorter mean path, whereas LE-HG-PRM remains close to the best result
while producing a higher overall score than HG-PRM. This observation suggests that supe-
riority in one metric does not necessarily imply dominance in every evaluation dimension.

Representative path results further illustrate this behavior. As shown in Figure 4b(i),
in the simple regular scenario, the path generated by LE-HG-PRM is most closely aligned
with the dominant traffic direction and exhibits the least redundant redirection. As shown
in Figure 4b(ii), in the medium-complexity scenario, the path still preserves a clear global
skeleton and does not display obvious oscillation caused by local obstacle perturbations.
Even in the fragmented and strongly constrained environment of Figure 4b(iii), LE-HG-
PRM maintains a relatively clear global travel direction.
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Figure 5 further reveals the distribution-level differences behind these mean values.
As shown in Figure 5a(i),b(i),c(i), the path-length distribution of LE-HG-PRM is generally
shifted to the left across all three scenarios and is more concentrated than those of RRT,
RRT*, and standard PRM. This indicates that its advantage does not arise from a few
favorable cases, but instead reflects a broader improvement over most tasks. As shown in
Figure 5a(ii),b(ii),c(ii), the planning-time distribution of LE-HG-PRM is always substan-
tially better than that of A*, while remaining in a relatively stable medium-to-low latency
range rather than exhibiting the extreme leftward shift seen in RRT. This suggests that the
proposed method adopts a deliberate trade-off in which moderate roadmap-construction
overhead is exchanged for stable path quality. In addition, as shown in Figure 5a(iii),b(iii),
the path-smoothness distribution of LE-HG-PRM is visibly left-shifted and contracted
relative to HG-PRM in the simple and medium-complexity scenarios, indicating that the
proposed improvement enhances not only path length but also path regularity. Although its
smoothness advantage is less absolute in the complex scenario of Figure 5c(iii), it still re-
mains in the leading group.
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Figure 5. Cloud-rain distribution comparison of algorithmic performance under different static-
complexity scenarios. (a(i)-a(iii)) Path length, planning time, and path smoothness distributions
in the simple regular warehouse environment. (b(i)-b(iii)) Corresponding distributions in the
medium-complexity environment. (c(i)—c(iii)) Corresponding distributions in the high-density
complex environment. Different colors denote different algorithms as indicated by the legend.
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Overall, Experiment I shows that the core competitiveness of LE-HG-PRM does not
lie merely in a shorter mean path length, but in its ability to continuously generate more
stable, more regular, and more globally structured paths under progressively increasing
environmental complexity.

5.3. Experiment 11: Corridor-Width Sensitivity

Figure 6 shows the environment configurations, representative planning results,
and cross-scenario statistics under different corridor-width conditions. According to
Tables 4-6 and Figure 6¢(i)—c(iii), as the corridor width progressively decreases from a
wide main corridor to a standard storage aisle and then to a narrow picking aisle, the aver-
age path length of all algorithms decreases overall. This is because the geometric feasible
region is increasingly compressed, reducing path freedom and causing the optimal solution
to converge toward the corridor medial axis.

Cross-Map Avg Path Length Comparison

(i)

Cross-Map Avg Planning Time Comparison

(ii) = ‘ (ii)

Cross-Map Performance Score Comparison

(iif) - (ith)

Figure 6. Experimental environments, representative paths, and cross-scenario statistics under differ-
ent corridor-width settings. (a(i)-a(iii)) Wide main corridor, standard storage corridor, and narrow
picking corridor. (b(i)-b(iii)) Representative path-planning results in the corresponding corridor
environments. (c(i)—c(iii)) Cross-scenario comparisons of average path length, average planning time,
and overall performance score.
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Table 4. Performance comparison in the wide main-corridor environment.
Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A* 100 291.1 0.197 0.757 0.6967
JPS 40.00 178.5 0.090 0.785 0.7155
PRM 100 229.6 0.061 0.290 0.7857
RRT 100 267.6 0.005 0.494 0.7333
RRT* 100 250.5 0.869 0.308 0.7128
HG-PRM 100 221.0 0.091 0.000 0.7993
LE-HG-PRM 100 221.7 0.114 0.199 0.7969
Table 5. Performance comparison in the standard storage-corridor environment.
Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A* 100 179.0 0.082 0.926 0.7577
JPS 100 138.0 0.097 0.785 0.8645
PRM 100 134.5 0.057 0.294 0.8786
RRT 100 159.9 0.003 0.498 0.8049
RRT* 100 134.7 0.415 0.267 0.8601
HG-PRM 100 129.5 0.087 0.000 0.9957
LE-HG-PRM 100 129.5 0.102 0.000 0.9949
Table 6. Performance comparison in the narrow picking-corridor environment.
Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A* 100 118.0 0.029 0.611 0.7925
JPS 100 100.4 0.048 0.785 0.8605
PRM 100 96.7 0.049 0.291 0.8782
RRT 100 105.6 0.002 0.459 0.8400
RRT* 100 94.0 0.546 0.184 0.8675
HG-PRM 100 93.0 0.077 0.000 0.9961
LE-HG-PRM 100 93.0 0.089 0.000 0.9956

Within this process, HG-PRM and LE-HG-PRM remain consistently in the optimal or
near-optimal group. In the wide-corridor scenario, HG-PRM attains the shortest average
path of 221.0 pixels, followed closely by LE-HG-PRM at 221.7 pixels. In the standard
and narrow corridor scenarios, LE-HG-PRM shares the shortest average path lengths
with HG-PRM, at 129.5 and 93.0 pixels, respectively, while also attaining an average path
smoothness of 0.000 rad in both cases. These results indicate that the proposed method can
stably approximate the geometrically ideal centerline-like solution in highly constrained
corridor environments.

By contrast, although A* and JPS retain certain advantages in a regular deterministic
search, these advantages do not translate into sustained leadership in path quality under
corridor scenarios. RRT preserves very low planning time, but this comes at the expense of
longer paths and lower regularity. RRT* exhibits a more pronounced increase in planning
time after corridor narrowing.

The representative planning results further support these observations. As shown
in Figure 6b(i), LE-HG-PRM already maintains good conformity to the dominant travel
direction in the wide-corridor environment. As shown in Figure 6b(ii),b(iii), its path unfolds
almost along the centerline in both the standard and narrow corridors, with little obvious
lateral offset or unnecessary oscillation.

Figure 7 further reveals the stability of this behavior at the distribution level. As shown
in Figure 7a(i),b(i),c(i), as the corridor becomes narrower, the path-length distribution of
LE-HG-PRM not only remains on the left side, but also contracts in width, indicating that
its advantage extends from a shorter mean path to a more stable improvement over most
tasks. As shown in Figure 7a(ii),b(ii),c(ii), the planning-time distribution of LE-HG-PRM
remains relatively compact across all corridor-width scenarios and does not display the
obvious dispersion observed for RRT* in highly constrained cases. Moreover, as shown in
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Figure 7b(iii),c(iii), the path-smoothness distribution of LE-HG-PRM is almost compressed
into an extremely narrow band in the standard and narrow corridor scenarios, implying
that the method can consistently output an approximately medial-axis trajectory rather
than doing so only occasionally.
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Figure 7. Cloud-rain distribution comparison of algorithmic performance under different corridor-
width scenarios. (a(i)-a(iii)) Path length, planning time, and path smoothness distributions in the
wide main-corridor environment. (b(i)-b(iii)) Corresponding distributions in the standard storage-
corridor environment. (c(i)—c(iii)) Corresponding distributions in the narrow picking-corridor envi-
ronment. Different colors denote different algorithms as indicated by the legend.

Therefore, Experiment II indicates that LE-HG-PRM preserves near-optimal path
quality and high output consistency under corridor contraction. Its advantage is most
evident when compared with external baselines, while its performance remains comparable
to HG-PRM in highly constrained corridor settings.

5.4. Experiment 11I: Parameter-Sensitivity Analysis

As shown in Figure 8, a fixed test scenario is adopted for parameter-sensitivity analysis
so that environmental variation does not interfere with the observed trends. Figure 9
presents the mean-value changes under different parameter settings, and Figure 10 further
shows the corresponding distribution-level behavior.

First, the number of sampling points mainly affects the local geometric quality of the
path, while its effect on the global path skeleton is relatively limited. As reported in Table 7
and shown in Figure 9b(i), when the number of sampling points increases from 200 to 1000,
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the average path length decreases only slightly, from 353.0 to 352.0 pixels, indicating a
limited influence on global path efficiency. By contrast, as shown in Figure 9b(ii), the aver-
age planning time increases continuously from 0.154 s to 0.267 s. Meanwhile, the overall
performance score in Figure 9b(iii) shows a gradual upward trend, suggesting that the
gain comes less from path shortening and more from improvements in local path quality
and regularity.

This interpretation is further supported by the distributions in Figure 10. As shown
in Figure 10a(i), the right tail of the path-length distribution is more pronounced when
the number of sampling points is low, indicating that insufficient coverage can lead to
obvious detours in individual tasks. Once the sampling number reaches approximately 400
or above, the path-length distributions begin to overlap substantially, indicating that the
marginal gain in global path length becomes small. At the same time, Figure 10c(i) shows
that the smoothness distribution continues to shift leftward and contract, suggesting that
denser sampling mainly improves local geometric resolution and hence path regularity.

Second, the number of neighbor connections kyeighbors directly affects the topological
quality of the roadmap and therefore has a stronger influence on connectivity and path
length. As reported in Table 8 and shown in Figure 9a(i), when the number of neighbors
increases from 4 to 12, the average path length decreases from 360.7 to 351.3 pixels, in-
dicating that higher local connectivity substantially improves graph quality. However,
Figure 9a(ii) shows that the average planning time also increases, from 0.151 s to 0.219 s,
implying that this topological improvement is obtained at the cost of additional computa-
tion. In Figure 9a(iii), the overall score rises as the number of neighbors increases, but the
gain becomes much smaller after 8.

The corresponding distributions in Figure 10 show the same pattern. When the number
of neighbor connections is small, the path-length distribution is wider and has a longer
right tail, indicating that insufficient connectivity amplifies task-to-task variation. Once the
number of neighbors reaches 8 or 10, the distribution becomes noticeably more concentrated.
At the same time, the planning-time distribution in Figure 10b(ii) shifts steadily to the right
as the number of neighbors increases. Therefore, the effect of neighbor number follows a
typical pattern of rapid initial improvement followed by diminishing returns.

Figure 8. Fixed test scenario used for the parameter-sensitivity experiment. The same map is adopted
throughout Experiment III to isolate the effects of sampling density, neighbor connection number,
and sampling strategy from environmental variability.
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Figure 9. Mean-value trend analysis for LE-HG-PRM parameter sensitivity. (a(i)-a(iii)) Effects of

the number of neighbor connections on average path length, average planning time, and overall

score. (b(i)-b(iii)) Effects of the number of sampling points on the same metrics. (c(i)—c(iii)) Effects of

different sampling strategies on the same metrics.

Table 7. Effect of the number of sampling points on the performance of LE-HG-PRM.

Number of Sampling Points Success Rate (%) Path Length (Pixels) ~ Planning Time (s) Smoothness (rad) Score
200 100 353.0 0.154 0.384 0.9620
400 100 351.8 0.184 0.349 0.9696
600 100 351.6 0.212 0.327 0.9735
800 100 352.1 0.241 0.319 0.9735
1000 100 352.0 0.267 0.275 0.9862

Table 8. Effect of the number of neighbor connections on the performance of LE-HG-PRM.

Number of Neighbor Connections ~ Success Rate (%)  Path Length (Pixels) Planning Time (s) = Smoothness (rad) Score
4 100 360.7 0.151 0.440 0.9562
6 100 355.6 0.166 0.401 0.9699
8 100 352.0 0.184 0.363 0.9827
10 100 351.7 0.200 0.351 0.9856
12 100 351.3 0.219 0.338 0.9891

Third, the sampling strategy determines how the limited sampling budget is allocated

across different spatial regions. As shown in Figure 9c(i), the differences in average path

length among the uniform, narrow_first, and adaptive strategies are not large, indicating

that sampling strategy does not fundamentally rewrite the global feasible-path skeleton.

However, differences emerge more clearly in planning time and overall score, as shown in

Figure 9c(ii),c(iii). The distributions in Figure 10a(iii),c(iii) show that narrow_first yields

more concentrated path-length and smoothness distributions, whereas adaptive displays a

more right-shifted time distribution. This suggests that, in the current warehouse scenarios

characterized by local bottlenecks and narrow corridors, prioritizing the sampling budget

toward critical constrained regions is more effective than globally uniform allocation or

broader adaptive diffusion.
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Figure 10. Distribution-level analysis of LE-HG-PRM parameter sensitivity. (a(i)-a(iii)) Path-length
distributions under different sampling-point numbers, neighbor-connection numbers, and sampling
strategies. (b(i)-b(iii)) Corresponding planning-time distributions. (c(i)-c(iii)) Corresponding path-
smoothness distributions. Different colors denote different parameter settings or sampling strategies
as indicated by the legend.

In addition to the three explicit parameter groups, the threshold definitions in
Equation (6) were checked by perturbing the scale-normalized thresholds around their de-
fault values. The purpose of this check was not to identify a new optimal pair of 7, and T,
but to examine whether the roadmap construction collapses when the constrained-region
and broad-region boundaries are moderately shifted. The observed trends remained consis-
tent under moderate perturbations: success rate was preserved, and the relative advantage
of structure-aware sampling over uniform sampling remained stable. This supports the
use of the scale-dependent formulas in Equation (6) as reproducible engineering defaults.

Taken together, Experiment III shows that LE-HG-PRM remains stable and usable
over a relatively wide parameter range and does not exhibit severe performance degrada-
tion under mild parameter perturbations. Different parameters affect different layers of
the algorithm: the number of sampling points mainly influences local geometric quality,
the number of neighbor connections primarily affects graph connectivity, and the sam-
pling strategy determines how efficiently the limited budget is allocated to critical regions.
Therefore, parameter tuning should not seek only an isolated optimum, but rather an
effective operating interval that balances path length, smoothness, and computational cost.
According to the present sensitivity trends, npoints = 400-600, kneighbors = 8-10, and the
narrow_first strategy provide a practical default configuration from an engineering per-
spective, although they should be regarded as a recommended operating range rather than
a statistically unique optimum.
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5.5. Experiment 1V: Scale-Expansion Analysis

Figure 11 presents the environment configurations, representative planning results,
and cross-scale statistical comparisons under different map sizes. According to Tables 9-11
and Figure 11la(iii),b(iii),c(iii), LE-HG-PRM achieves the shortest average path in the
200 x 200 scenario, with a value of 114.5 pixels. In the 400 x 400 scenario, it remains
shorter than PRM, RRT, RRT*, HG-PRM, and A*, although JPS obtains a shorter mean path.
In the 600 x 600 scenario, LE-HG-PRM continues to outperform PRM, HG-PRM, RRT, RRT*,
and A* in path length, while JPS remains the shortest method. This indicates that, as map
scale increases, the path-quality performance of LE-HG-PRM does not collapse abruptly,

but its advantage becomes more scenario-dependent and is no longer dominant over all
deterministic search baselines.

Cross-Map Avg Path Length Comparison

Cross-Map Avg Planning Time Comparison

00l

(i) e

Cross-Map Performance Score Comparison

i - T — = (i e o e

Figure 11. Experimental environments, representative paths, and cross-scale statistics under different
map sizes. (a(i)-a(iii)) Environment, representative planning result, and average path-length comparison
for the 200 x 200 map. (b(i)-b(iii)) Corresponding results for the 400 x 400 map. (c(i)—c(iii)) Correspond-
ing results for the 600 x 600 map, including the cross-scale overall performance-score comparison.
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Table 9. Performance comparison in the small-scale map.
Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A¥* 100 120.0 0.012 0.155 0.9765
JPS 100 115.3 0.013 0.393 0.9354
PRM 100 130.2 0.099 0.414 0.8723
RRT 100 154.4 0.006 0.581 0.7971
RRT* 100 127.0 0.488 0.355 0.8703
HG-PRM 100 122.2 0.080 0.504 0.8953
LE-HG-PRM 100 114.5 0.080 0.379 0.9370
Table 10. Performance comparison in the medium-scale map.
Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A¥* 100 178.0 0.013 0.048 0.9763
JPS 100 169.8 0.031 0471 0.9087
PRM 98 192.3 0.164 0.530 0.8365
RRT 100 235.4 0.169 0.623 0.7600
RRT* 100 195.2 0.363 0.467 0.8270
HG-PRM 98 190.1 0.111 0.823 0.8409
LE-HG-PRM 100 175.1 0.163 0.595 0.8848
Table 11. Performance comparison in the large-scale map.
Algorithm Success Rate (%) Path Length (Pixels) Planning Time (s) Smoothness (rad) Score
A¥* 100 318.0 0.226 0.266 0.9242
JPS 100 277.0 0.205 0.654 0.9304
PRM 100 310.3 0.224 0.635 0.8771
RRT 100 563.4 0.220 0.546 0.6835
RRT* 100 509.8 0.463 0.425 0.7111
HG-PRM 100 306.8 0.143 0.924 0.8731
LE-HG-PRM 100 298.1 0.284 0.938 0.8788

At the same time, the ordering of overall performance scores changes noticeably across
scales. In small-scale scenarios, A* attains the highest score because of its extremely low
time cost and relatively favorable smoothness. In the largest-scale scenario, JPS obtains the
shortest path and the highest overall score. LE-HG-PRM is therefore not dominant in every
metric at every scale, but its path length remains consistently among the best-performing
methods. In this sense, Experiment IV reveals what kind of advantage each algorithm can
still preserve after scale expansion.

Figure 12 further explains the source of this rearrangement. As shown in Figure 12a(i),
the path-length distribution of LE-HG-PRM is already located to the left in the 200 x 200 sce-
nario. This leftward advantage remains in the 400 x 400 scenario, as shown in Figure 12a(ii).
When the scale expands to 600 x 600, the distribution shifts rightward overall, but it does
not rapidly develop the broader and heavier right tail typically associated with generic
random-sampling methods. This indicates that environment-aware priors continue to exert
a persistent constraining effect even in larger workspaces.

Meanwhile, Figure 12b(i),b(ii) show that A* and JPS retain more compact and left-
shifted planning-time distributions at small and medium scales, which helps explain their
advantage in overall score under those conditions. However, as shown in Figure 12b(iii),
although the time distribution of LE-HG-PRM expands moderately with increasing map
size, it does not exhibit uncontrolled growth. In addition, Figure 12¢(i),c(ii) show that
the path smoothness of LE-HG-PRM remains in the first echelon in small- and medium-
scale scenarios. In the large-scale environment shown in Figure 12c(iii), the smoothness
distribution becomes more dispersed, suggesting that while environment geometry can
still help maintain a good global path skeleton, preserving highly regular local path shape
at a very large scale requires additional construction and post-optimization effort.
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Therefore, Experiment IV shows that the value of LE-HG-PRM does not lie in domi-
nating all metrics at all scales, but in the continuity of its path-quality advantage and in
its relatively smooth, interpretable, and controllable degradation behavior as the planning

scale increases.
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Figure 12. Cloud-rain distribution comparison of algorithmic performance at different map scales.
(a(i)-a(iii)) Path-length distributions in the 200 x 200, 400 x 400, and 600 x 600 maps. (b(i)-b(iii)) Cor-
responding planning-time distributions. (c(i)—c(iii)) Corresponding path-smoothness distributions.
Different colors denote different algorithms as indicated by the legend.

5.6. Statistical Significance Analysis

To further support the mean-value and distribution-level comparisons reported above,
a statistical significance analysis was conducted for the key path-quality results. Since all
compared algorithms were evaluated under the same scenarios, map conditions, and re-
peated planning trials, their path-length results could be matched on a paired basis. There-
fore, a two-sided paired f-test was used to examine whether the observed path-length
differences between LE-HG-PRM and representative comparison methods were statistically
significant. It should be noted that the paired t-test and Holm-Bonferroni correction play
different roles in the analysis: the paired t-test evaluates the significance of each individual
algorithm comparison, whereas the Holm—Bonferroni procedure controls the false-positive
risk caused by multiple comparisons.

5.6.1. Statistical Testing Protocol

For each scenario, paired observations were constructed by matching the path-length
records of LE-HG-PRM and a comparison algorithm under the same scenario and repeated-
run condition. Since path length is meaningful only when a collision-free path is success-
fully generated, only valid paired records in which both algorithms successfully produced
a feasible path were retained for the path-length test. For sampling-based methods, the
12 independent repeated runs associated with the same start—goal task were first averaged
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at the task level, and the paired statistical test was then performed over the task-level
paired observations. This prevents artificial inflation of the sample size by treating repeated
random seeds of the same task as independent tasks. Let L;1g denote the path length
obtained by LE-HG-PRM in the i-th valid paired trial, and let L; g denote the corresponding
path length obtained by a comparison baseline B. The paired difference was defined as

di=Litg — Lip, (22)

where a negative value of d; indicates a shorter path generated by LE-HG-PRM, whereas a
positive value indicates a shorter path generated by the baseline. The statistical hypotheses
were formulated as

Ho:pg =0, Hy:pg #0, (23)

where y is the population mean of the paired differences. The null hypothesis Hy assumes
that there is no statistically significant path-length difference between the two methods,
while the alternative hypothesis H; indicates that a significant difference exists. A two-sided
test was adopted rather than a one-sided test so that both possible directions of difference
could be evaluated without assuming in advance that LE-HG-PRM must outperform the
baseline in every scenario. The paired ¢-test statistic was calculated as

,_
sa/\/n’

where d and s, are the mean and standard deviation of the paired differences, respectively,

(24)

and 7 is the number of valid paired samples. The corresponding 95% confidence interval
of the mean paired difference is estimated as d + to.975,n—154/+/n and is used together with
the adjusted p-value to interpret the robustness of the observed difference.

5.6.2. Tested Metric and Comparison Groups

The statistical analysis in the main text focuses on path length. Path length is the
primary indicator of global path quality because it directly reflects whether a planner can
generate a shorter collision-free route under the same environment and task conditions.
Planning time, path smoothness, success rate, and overall score have already been system-
atically reported in the preceding performance tables, and path length is also a dominant
component of the overall score. Therefore, to avoid an over-expanded main-text statistical
table, Table 12 reports only the core significance results for path length rather than repeating
significance tests for all metrics.

Table 12. Statistical significance analysis of key path-length comparisons.

Experiment Scenario Vs HG-PRM: AL, p,q; Strongest External Baseline Vs Strongest Baseline: AL, p,g;
Exp.I Simple regular warehouse —3.9, Pagj < 0.001***  JPS —9.7, pagj < 0.001 ***

Exp.l Medium-complexity warehouse =~ —6.3, p,qj = 0.088 n.s.  JPS —3.0, pagj < 0.001 ***

Exp.1 High-density complex warehouse —12.2, p,q; = 0.001**  JPS +1.9, pagj = 0.159 n.s.

Exp.II Wide main corridor +1.2, pagj < 0.001 ***  PRM —8.8, pagj < 0.001 ***

Exp.II Standard storage corridor 0.0, pagj = 1.000 n.s. PRM —5.0, pagj < 0.001 ***

Exp.Il Narrow picking corridor 0.0, pagj = 1.000 n.s. RRT* —1.0, pagj < 0.001 ***

Exp.IV 200 x 200 map —7.9, pagj = 0.083 n.s. JPS —1.6, pagj = 0.005 **

Exp.IV 400 x 400 map —8.4, pagj = 0.088n.s.  JPS +7.5, Pagj < 0.001 ***

Exp.IV 600 x 600 map —10.8, pagj = 0.331 n.s. JPS +14.6, pagj = 0.003 **

Note: AL denotes the mean path-length difference calculated as Lig_1G_pPRM — Lbascline- Negative values indicate
shorter paths for LE-HG-PRM, and positive values indicate shorter paths for the comparison baseline. p,4; denotes
Holm-Bonferroni-adjusted p-values obtained from two-sided paired t-tests. Significance levels are marked as n.s.
for not significant, ** for p,q; < 0.01, and *** for p,q; < 0.001. The paired sample size is n = 50 for all comparisons
except the 400 x 400 map comparison between LE-HG-PRM and HG-PRM, where n = 48.
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For each scenario, two types of comparisons were pre-defined. The first compari-
son was between LE-HG-PRM and HG-PRM. Since HG-PRM is the direct predecessor
of the proposed method, this comparison evaluates whether the logistics-enhanced sam-
pling, dynamic-neighbor connection, and progressive optimization mechanisms provide
statistically verifiable path-length improvement over the previous method. The second
comparison was between LE-HG-PRM and the strongest external baseline in the corre-
sponding scenario. The external baseline was selected from A*, JPS, PRM, RRT, and RRT*
according to the shortest mean path length among methods with reliable task success in
that scenario. This avoids treating a method with a substantially lower success rate as
the strongest baseline merely because its successful subset has a short mean path. This
comparison examines whether LE-HG-PRM remains competitive not only against its direct
predecessor but also against the best-performing representative external method.

Statistical testing was applied to Experiment I, Experiment II, and Experiment 1V,
corresponding to static-complexity progression, corridor-width sensitivity, and scale ex-
pansion, respectively. Experiment III was not included in Table 12 because it investigates
the internal parameter sensitivity of LE-HG-PRM rather than direct algorithm-to-algorithm
performance comparisons.

5.6.3. Multiple-Comparison Correction and Reporting Format

Because Table 12 reports multiple scenarios and multiple algorithm comparisons,
judging significance directly from raw p-values may increase the risk of false-positive
conclusions. Therefore, Holm—Bonferroni correction was applied to the p-values obtained
from paired t-tests. In this procedure, the paired ¢-test provides the raw significance level
for each individual comparison, while Holm—-Bonferroni correction adjusts these p-values
to make the final significance judgment more robust.

In Table 12, the mean path-length difference is defined as

AL = Lig — Lg, (25)

where L; g and Ly are the mean path lengths of LE-HG-PRM and the comparison algorithm,
respectively. Consistent with the path-length format used in the preceding performance
tables, AL is reported in pixels to one decimal place. Because AL is calculated from the
valid paired records retained for each statistical test, it may differ slightly from the direct
subtraction of rounded aggregate means in the preceding performance tables. The adjusted
p-value is denoted as p,qgj and is reported to three decimal places unless p,q; < 0.001,
in which case it is reported as p,q; < 0.001. Statistical significance markers are assigned
according to adjusted p-values rather than raw p-values.

5.6.4. Interpretation of Statistical Results

The results in Table 12 show that the path-length advantage of LE-HG-PRM is scenario-
dependent. In Experiment I, LE-HG-PRM significantly reduces path length compared
with HG-PRM in the simple regular warehouse and high-density complex warehouse
environments. It also significantly outperforms JPS in the simple and medium-complexity
environments. These results indicate that when regular warehouse structures coexist with
local bottlenecks and heterogeneous obstacles, the proposed structure-aware sampling
and dynamic connection mechanisms can be effectively converted into observable path-
quality gains.

In Experiment II, the positive AL in the wide main-corridor scenario indicates that
HG-PRM is statistically shorter than LE-HG-PRM by a small margin. In the standard
storage corridor and narrow picking corridor scenarios, LE-HG-PRM shows no statistically
significant difference from HG-PRM because the two methods produce identical mean
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path lengths. This result does not indicate degradation of the proposed method; rather,
it suggests that both planners approach a centerline-like solution under sufficiently com-
pressed corridor geometry. Meanwhile, LE-HG-PRM remains significantly shorter than
the strongest external baselines in all three corridor-width scenarios, confirming its stable
competitiveness in corridor-constrained warehouse layouts.

In Experiment IV, LE-HG-PRM maintains shorter mean paths than HG-PRM across
all tested map scales, although these differences are not statistically significant after
Holm-Bonferroni correction. Compared with JPS, LE-HG-PRM shows a statistically shorter
path in the 200 x 200 map, whereas JPS achieves significantly shorter paths in the 400 x 400
and 600 x 600 maps. This result reveals the scenario boundary of the proposed method:
LE-HG-PRM is not intended to unconditionally outperform deterministic search methods
at all map scales, but it shows its clearest path-quality advantage in structured warehouse
environments where corridor and bottleneck priors can be effectively exploited.

6. Conclusions and Future Work

This paper proposed LE-HG-PRM for static path planning in production-oriented
intelligent warehouse environments and systematically evaluated its performance under
four complementary conditions: complexity progression, corridor contraction, parameter
perturbation, and scale expansion. The experimental results show that the main advantages
of the proposed method can be summarized at three levels: path-quality preservation,
adaptation to structural constraints, and stability for engineering deployment.

First, LE-HG-PRM demonstrates competitive path-quality performance. Across the
three static-complexity scenarios, it achieves the shortest average path length in the simple
and medium-complexity environments and remains in the leading group in the high-
density complex environment. In the standard and narrow corridor settings, the generated
paths further approach the geometrically ideal centerline solution. Under scale expansion,
although its comprehensive score is no longer ranked first in every case, its path quality
remains stably within the leading group. These results indicate that the proposed method
can preserve a competitive and statistically supported path-quality advantage in represen-
tative structured warehouse scenarios, particularly when local bottlenecks and corridor
constraints are present.

Second, the advantage of LE-HG-PRM is reflected not only in better mean performance,
but also in more stable distributional behavior. As shown by the cloud-rain plots in
Figures 5, 7, 10 and 12, the method repeatedly exhibits a leftward shift in path-length
distribution, reduced dispersion, and suppressed long-tail risk across most experiments.
This suggests that the observed gain is not limited to isolated favorable cases, but is
associated with a broader tendency toward shorter and more regular paths in the tested
structured scenarios.

Third, the results also reveal clear scenario boundaries for the superiority of LE-HG-
PRM. Its most significant gains appear in structured warehousing environments character-
ized by regular global skeletons, local bottlenecks, and strengthened geometric constraints,
rather than through unconditional dominance across all scenarios and all metrics. This
observation further supports the engineering positioning of the proposed method as a
high-quality global planning module for structured logistics environments.

In addition, the parameter-sensitivity analysis shows that LE-HG-PRM has good engi-
neering robustness. The number of sampling points mainly influences the local geometric
quality of the generated path, the number of neighbor connections directly affects the
topological quality of the roadmap, and the sampling strategy determines how efficiently
the limited sampling budget is allocated to critical constrained regions. Overall, the method
does not exhibit strong dependence on a single parameter point. According to the present
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results, when the number of sampling points is set to 400-600, the number of neighbor
connections to 8-10, and the narrow_first sampling strategy is adopted, a more favorable
balance among path length, path smoothness, and computational cost can be achieved. This
indicates that LE-HG-PRM is not only reasonable in algorithmic design, but also practically
adjustable and reusable.

Overall, this study demonstrates that LE-HG-PRM is well suited to serve as a high-
quality global planner in complex static production warehouse environments, and can
provide a reliable basis for subsequent online replanning, multi-robot cooperative schedul-
ing, and intelligent manufacturing-logistics system integration.

Although the performance of LE-HG-PRM has been systematically verified in this
work, several directions remain open for further development. First, this study focuses on
static environments and does not incorporate time-varying factors such as dynamic obsta-
cles, temporary congestion, or local traffic fluctuation into a unified modeling framework.
Future work may couple the proposed method with dynamic obstacle avoidance, local re-
planning, or spatiotemporal search mechanisms to construct a hybrid planner that balances
global path quality with online responsiveness. Second, the current prior mainly originates
from explicit geometric rules and does not yet exploit higher-level information such as his-
torical task distributions, congestion hotspots, or semantic functional regions. In the future,
learning-based priors or data-driven probability-field modeling could be introduced so that
sampling weights can be adaptively updated from long-term operational data. Third, this
paper does not address conflict avoidance or task-level coupling in multi-robot systems.
As warehouse systems continue to scale up, single-robot global planning should be further
co-designed with multi-vehicle scheduling, time-slot allocation, and local traffic-control
strategies to improve system-level throughput. Fourth, because the relative advantages of
A*,]PS, and LE-HG-PRM vary across scenarios, future research may explore an adaptive
switching mechanism between deterministic search and structure-aware roadmap planning,
thereby forming a warehouse path-planning framework with stronger scenario awareness
and engineering adaptability. Finally, because the present study primarily focuses on
algorithmic exploration under controlled static occupancy-grid maps, future work will
include validation in more realistic simulation platforms, such as Gazebo-based manu-
facturing warehouse environments with explicit wall geometry, inflated robot footprints,
and sensor constraints, and further tests on physical AGV or AMR platforms to examine
deployment-level robustness under sensing, actuation, and localization uncertainties.
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Abbreviations

The following abbreviations are used in this manuscript:

AGV Automated guided vehicle

AMR Autonomous mobile robot

JPS Jump point search

PRM Probabilistic roadmap

RRT Rapidly exploring random tree
HG-PRM Heuristic-guided probabilistic roadmap

LE-HG-PRM  Logistics-enhanced heuristic-guided probabilistic roadmap
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