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Abstract

With the rapid development of smart factories and au-
tonomous driving, grid-map pathfinding has become a core
enabling technology for intelligent navigation systems. How-
ever, with the growth in map scales and environmental com-
plexity, The computational cost of traditional global pathfind-
ing methods such as A* increases significantly, rendering
them incapable of satisfying the stringent real-time require-
ments of modern autonomous systems. Map partitioning de-
composes the map into subregions and significantly acceler-
ates the overall pathfinding process. Nevertheless, existing lit-
erature lacks a systematic and quantitative framework to eval-
uate the effectiveness of different map partitioning schemes
on pathfinding performance. To address this gap, we propose
a standardized evaluation pipeline consisting of three core
steps: sampling representative pathfinding query points on
grid maps, precomputing hierarchical pathfinding structures
for partitioned maps, and quantitatively assessing partitioning
quality using hierarchical pathfinding-derived metrics. Fur-
thermore, we employ machine learning models to predict par-
titioning effectiveness in terms of the Expanded Node Re-
duction Percentage, leveraging both map partitioning-derived
features and inherent map structural features. This avoids
costly pathfinding computations and enables efficient perfor-
mance evaluation.

1 Introduction

With the widespread deployment of mobile robots and
autonomous navigation systems, grid-based maps have
emerged as the dominant spatial representation for path
planning across diverse application domains (Raja and
Pugazhenthi 2012; Debnath et al. 2024). This representation
provides a straightforward and computationally tractable ap-
proach to discretizing continuous spatial environments and
encoding binary occupancy information, distinguishing be-
tween traversable free space and non-traversable obstacles.
However, as map scales expand and environmental complex-
ity increases, the computational complexity of traditional
global path planning algorithms—most notably A*—grows
superlinearly, leading to prohibitive performance degrada-
tion in large-scale scenarios (Harabor and Botea 2008).
Specifically, the polynomial growth in the number of node
expansions incurred by global search results in excessive
time and memory overhead, severely limiting the real-time
responsiveness of autonomous systems.

To mitigate this computational bottleneck, map partition-
ing has emerged as a highly effective optimization paradigm
for grid-based path planning (Zhou, Lu, and Lv 2024).
This approach decomposes grid maps into non-overlapping
subregions for hierarchical pathfinding such as Hierarchi-
cal Path-Finding A* (HPA*) and Hierarchical Annotated A*
(HAA*) , which precomputes region-level connectivity and
short paths offline to drastically reduce online node expan-
sions and improve computational efficiency (Botea, Miiller,
and Schaeffer 2004; Harabor and Botea 2008). Existing par-
titioning methods use diverse criteria to generate subregions,
and varying algorithms or subregion counts can produce
numerous distinct partitioning schemes for any grid map
(Aurenhammer 1991; Chazelle 1984; Shi and Malik 2000).
However, these schemes produce highly variable pathfinding
performance gains, hierarchical algorithms like HPA* and
HAA* fail to guarantee path optimality, and no standard-
ized quantitative framework exists to systematically evaluate
them and select the optimal partitioning strategy for a given
map.

Existing literature on grid map partitioning predominantly
focuses on the development of novel partitioning algorithms,
while relatively little attention has been paid to establish-
ing rigorous benchmarks and evaluation methodologies for
assessing partitioning performance (Bormann et al. 2016;
Jones, Djahel, and Welsh 2023). Furthermore, existing grid
map pathfinding benchmarks primarily center on sampling
strategy design but lack a unified, standardized methodol-
ogy to quantitatively measure the pathfinding efficiency im-
provements specifically brought about by map partitioning.
While they provide diverse grid maps and adopt single-type
path-related metrics for evaluation, they do not establish a
systematic sampling and quantitative evaluation pipeline tai-
lored for partitioning performance assessment (Sturtevant
2012; Harabor, Hechenberger, and Jahn 2022). The core
challenge addressed in this work is the development of a
standardized evaluation pipeline that can quantitatively mea-
sure pathfinding efficiency improvements while rigorously
preserving the optimality of the generated paths.

The primary contribution of this paper is a standardized
quantitative evaluation pipeline for systematically assess-
ing the impact of grid map partitioning on pathfinding ef-
ficiency. Central to this pipeline is a novel two-dimensional
stratified sampling (2DSS) method, which jointly considers



path length and node expansion count to construct a sta-
tistically representative test set for robust partitioning per-
formance evaluation. This study also includes Linear Re-
gression and Random Forest models based on core struc-
tural features to directly predict the Expanded Node Re-
duction Percentage (ENRP), which measures the proportion
of expanded nodes saved by Hierarchical A* (which desig-
nates all subregion boundaries as traversable gateways, un-
like HAA* and HPA* that only use partial boundaries) com-
pared to global A* after map partitioning, thereby reducing
the computational effort required for partitioning quality as-
sessment (Botea, Miiller, and Schaeffer 2004; Harabor and
Botea 2008).

2 Related Work
2.1 Hierarchical Pathfinding

Hierarchical pathfinding methods are fundamentally based
on the principles of decomposition and abstraction. They
partition the original grid or raster map based on spatial
or semantic characteristics, first computing a coarse-grained
path on the high-level abstract graph and then refining it
locally, which significantly reduces the search space and
computational time. Representative methods include HPA*
and HAA*. HPA* is designed for single-agent pathfinding
on large-scale maps, with an emphasis on spatial partition-
ing and gateway-to-gateway cost caching (Botea, Miiller,
and Schaeffer 2004). HAA* extends the hierarchical frame-
work with capability annotations to handle heterogeneous
agents with different sizes and terrain traversal capabilities
(Harabor and Botea 2008). However, these methods use only
partial boundaries as gateways, a design choice that does
not guarantee path optimality. In contrast, the hierarchical
pathfinding approach proposed in this paper uses all bound-
aries as gateways, which ensures that all possible entry and
exit points between adjacent subregions are fully covered,
thus guaranteeing the optimality of the resulting paths.

2.2 Map Partitioning

Various map partitioning strategies have been proposed for
hierarchical pathfinding. One classic method is Normalized
Cut (NCut), which models the environment as an undirected
weighted graph G = (V, E') where nodes represent spatial
positions and edge weights encode the similarity and reach-
ability between nodes. For a partition of the graph into two
subsets A and B, the optimization objective of NCut is de-
fined as:

cut(4, B)
assoc(A,V)

cut(4, B)
assoc(B, V)

NCut(A4, B) =

where cut(A, B) denotes the connection cost between re-
gions A and B, and assoc(-) measures the degree of as-
sociation between the interior of a region and the entire
graph. Minimizing NCut yields partitions with strong inter-
nal connectivity and low inter-region coupling, which align
well with the natural topological structure of the environ-
ment (Shi and Malik 2000). However, directly solving the
NCut problem is NP-hard; thus, spectral graph theory is

commonly used for approximate optimization, achieving ef-
ficient partitioning by computing the eigenvectors of the nor-
malized Laplacian matrix (Von Luxburg 2007).

Another widely used method is the Voronoi diagram, a
geometric partitioning approach based on spatial distance
(Aurenhammer 1991). Given a set of seed points, the entire
grid is divided into non-overlapping subregions, where any
point in a subregion is closer to the seed point of that region
than to any other seed point. The boundaries between re-
gions are the equidistant trajectories of adjacent seed points.

2.3 Benchmark Sampling Strategies

Benchmark sampling strategies play a critical role in eval-
uating hierarchical pathfinding methods. In the Moving Al
benchmark dataset (Sturtevant 2012), the sampling process
first generates 100,000 random point pairs, then groups these
pairs into different buckets based on |£/4] (where ¢ is the
length of the optimal path for each pair). Only the first ten
sampled points in each bucket are retained, and buckets that
are not fully filled are discarded. However, using only path
length as the metric tends to oversample point pairs with
long paths but simple structures.

Harabor, Hechenberger, and Jahn (2022) partitioned
50,000 points pairs into n buckets (each containing 10 to 19
points) based on expansion cost, selected the buckets with
the highest and lowest expansion costs, clustered the remain-
ing buckets into 198 clusters using k-means, and chose the
bucket with the highest expansion cost from each cluster,
resulting in a total of 2,000 selected points. However, rely-
ing solely on expansion costs fails to distinguish between
two fundamentally different scenarios that lead to high ex-
pansion costs: one where more nodes are expanded simply
because the path itself is long, and another where it is due to
the complex local structure of the map.

Both sampling methods rely on a single-dimensional met-
ric, making it difficult to account for the diversity of paths at
different hierarchical levels.

3 Methodology

For a given grid map, different partitioning methods and
partition settings (such as the number of regions) may
produce multiple non-overlapping region decompositions.
Since these partitioning schemes can affect hierarchical
pathfinding performance in different ways, this study estab-
lishes a standardized evaluation pipeline to assess their im-
pact on pathfinding efficiency while preserving path opti-
mality. The pipeline is designed as follows:

1. Import the grid map and the corresponding partitioning
results (Section 3.1);

2. Perform two-dimensional stratified sampling on the map
to generate a set of test points (Section 3.2);

3. Execute the global A* algorithm on the sampled test
points and record path cost, pathfinding time, and the
number of expanded nodes as the baseline for compar-
ison (Section 3.2);

4. Conduct preprocessing based on the partitioning results
to extract relevant features (Section 3.3);



5. Execute the Hierarchical A* algorithm and compare its
results against the baseline (Section 3.4).

3.1 Import of Map and Partition Results

The first step of this pipeline is to import the grid map to be
evaluated and its corresponding precomputed partition re-
sults, laying the foundation for all subsequent experiments
and evaluations.

Input Content:

* The grid map consists of traversable grids and obstacle
grids and is represented by an undirected graph G =
(V, E), where V denotes the set of traversable nodes and
E denotes the adjacency relation between them. Obstacle
grids are excluded from V.

» The traversable part of the map is partitioned into n non-
overlapping connected sub-regions X = {X,..., X},
whose union covers all traversable nodes in the map.

3.2 Hierarchical Sampling of Test Point Set

This sampling framework uses two core indicators of
pathfinding difficulty: path length and the number of ex-
panded nodes. Therefore, we propose the two-dimensional
stratified sampling (2DSS) scheme, where the first dimen-
sion groups samples by path length and the second groups
them by expanded nodes using a globally fixed bin width.
For each resulting two-dimensional cell, one of two fixed
sampling sizes (1 or 3 samples) is used; if a cell contains
fewer samples than required, all available samples are re-
tained. In addition, the global weight of each path-length
bucket and the local weight of each cell are recorded to sup-
port weighted evaluation. The specific steps are as follows.

Initial Random Sampling and Global A* Path Calcula-
tion We randomly generate 50,000 start-goal pairs (s¢, g;)
from the traversable node set V' of the global map, where
te{1,2,...,T}and T = 50000. For each pair, we run the
standard global A* algorithm using Manhattan distance as
the heuristic and record two core metrics:

1. l;: the shortest path length for the pair, ie., [; =
de(8t,9;), where dg (-, -) denotes the shortest path dis-
tance in G

2. ny: the number of unique nodes expanded by the global
A* algorithm during the search, used as the primary met-
ric of computational cost and search effort.

Bucket Division Based on Path Length Following the
Moving Al Benchmark (Sturtevant 2012), we first filter out
invalid start-goal pairs (those without a valid shortest path
or with coincident start and goal points, i.e., [y = 0). We
then divide all remaining valid pairs into buckets using a
fixed path-length interval of 4. This ensures the number of
buckets is automatically determined by the path length dis-
tribution of the map, while preserving full coverage of all
observed path length ranges.

The bucket ID b, for each valid pair (s, g,) is calculated

as:
l
bt = \‘ZJ )

where path lengths in the interval [4k, 4(k+1)) are assigned
to bucket k.

Let B = {by,bs,...,br} denote the set of non-empty
valid buckets (i.e., buckets containing at least one valid sam-
ple), where M is the total number of valid buckets. For each
bucket b € B, we define two parameters:

1. Sample count of bucket b: N, = |{(st,9;) | b+ = b};

2. Global weight of bucket b: w, = 4+, where Np =

> e Np is the total number of valid samples.
Global Stratification of Expanded Nodes To ensure the
consistency of stratification across different path-length
buckets, we calculate a global unified stratification standard
for expanded nodes using all valid samples:
1. Extract expanded node values of all valid samples to
form the global set Egopar = {n: | It > 0 Ay > 1},
and calculate the global minimum and maximum values:

Nglobal,min = min(Eglobal)7 Nglobal,max = maX(Eglobal)
2. Calculate the global unified bin step size Angigha based
on the total number of valid buckets M:
Tlglobal,max — nglobal,min
M

3. Divide the global value range of expanded nodes into M
continuous, non-overlapping, equal-width bins. Let the
set of all bins be K = {1,2,..., M}. The k-th bin inter-

val [nloV, n"&) (k € K) is defined as:

Anglobal =

low
N = Nglobal,min + (k - ]-) . Anglobal

nt]:gh = TNglobal,min + k- A'flglobal

Two-Dimensional Cell Sampling and Weight Recording
After determining the path-length buckets and global unified
expanded node bins, we perform fixed-size sampling in each
two-dimensional cross-interval formed by bucket b € B and
bin £ € K as the core step of the 2DSS method. Let Cj, 5,
denote the set of samples falling within the cross-interval
of bucket b and bin k, ie., Chr = {(st,9;) | bt = b A
ne € [nloY, n¥")}. Two fixed sampling sizes are adopted:
1 sample or 3 samples per cross-interval, and all samples in
Cy i, are selected in full if the size of C} 4, is insufficient for
the target sampling number.

We also record the weight corresponding to each sampled
test point. Let Sy, ;; denote the number of samples selected
from the cross-interval (b, k) (i.e., the number of sample
points in this single cross-interval) and S, = Zke % Sb.k
denote the total number of samples selected from the bucket
b. We first calculate the local weight of the cross-interval
(b, k) within its corresponding bucket:

_ Spk
wok =,
b

where }, o wp = 1.

For each test point ¢ selected from the cross-interval
(b, k), its associated weight w; is defined by first determin-
ing the local weight wy, 5, of that cross-interval within its cor-
responding path-length bucket, and then uniformly allocat-
ing wy, ), among all test points selected from the interval.



This sampling framework ensures that the stratification
standard of expanded nodes is globally unified, avoiding
the bias caused by per-bucket independent stratification.
The recorded global bucket weights and local cross-interval
weights enable rigorous weighted performance evaluation,
ensuring the test set is representative of the underlying dis-
tribution of the original dataset.

3.3 Partition Feature Preprocessing

This section describes the precomputation procedures per-
formed after map partitioning, followed by the intra-region
pathfinding algorithm for queries where both the start and
goal states reside within the same subregion. Once the hier-
archical partition is established, each region X; is character-
ized by a set of boundary nodes that enable cross-region nav-
igation. Formally, a boundary node is defined as any node in
X; that has at least one neighbor belonging to a different ad-
jacent region. Pairs of adjacent boundary nodes from neigh-
boring regions then constitute the undirected inter-region
edges in the high-level abstract graph. In contrast to the
common design choice in hierarchical pathfinding methods
such as HPA* and HAA*to select only a subset of bound-
aries as gateways for inter-region traversal (Botea, Miiller,
and Schaeffer 2004; Harabor and Botea 2008), Hierarchi-
cal A* designates all nodes adjacent to any other region as
traversable boundary nodes.

Boundary Definition For any partition region, we define
its boundary node set as the collection of all nodes that lie
within the region itself and are adjacent to at least one node
belonging to a different adjacent traversable region. This
boundary set makes no distinction between entry and exit
directions for traversal; every node within the set acts as
an undirected connection point between the region and its
neighboring regions in the undirected grid graph.

For any two distinct and adjacent partitioned regions,
the boundary relationship between them is symmetric. This
means that for every boundary node in one region that is ad-
jacent to the other region, there exists a matching boundary
node in the adjacent region that is directly adjacent to it, and
these two nodes together form an undirected cross-region
edge with a traversal cost of 1. This symmetric boundary
definition ensures undirected connectivity in the high-level
abstract region graph, and guarantees that the Hierarchical
A* algorithm can accurately model the traversal capabili-
ties between adjacent regions in the original undirected grid
map.

Intra-Region Cost Computation Within each region X,
the shortest path costs between all pairs of boundary nodes
and internal nodes must be precomputed to accelerate the hi-
erarchical search. Let d*(p, ¢) denote the exact shortest path
cost between nodes p and ¢ within region X;. We first in-
troduce the calculation method for Boundary-to-All-Nodes
Propagation, which forms the local transition costs:

For each boundary node pos € Boundary(X;), compute
the cost from pos to all nodes within the same region (in-
cluding other boundary nodes):

Cost(pos, pos’) = d*(pos,pos’), Vpos' € X;

Through these computations, a local boundary-to-all-
nodes cost table is constructed for each region, providing a
basis for higher-level boundary-to-boundary transitions. By
combining intra-region symmetric boundary-to-boundary
costs with cross-region undirected adjacency edges, a global
abstract boundary graph is established, which serves as the
input for the Hierarchical A*’s high-level planning phase.

Intra-Region Boundary-to-Boundary Cross-Cost Com-
putation After defining the boundary nodes of each re-
gion, we precompute the shortest path costs between all
pairs of boundary nodes within the same region. These costs
form the core edge weights of the high-level abstract graph
used by the Hierarchical A* algorithm, and are symmetric
due to the undirected nature of the grid map.

For each region X, we first obtain its complete bound-
ary node set Boundary(X;). For every boundary node v €
Boundary(X;), we perform a Breadth-First Search (BFS)
restricted to the interior of X;, computing the exact shortest
path cost from v to all other nodes in X, including all other
boundary nodes.

The results are stored in two lookup tables: -
B2SCost(X;,v,u): The shortest path cost from bound-
ary node v to any node wu within region X; -
B2BCost(X;,v,v"): The shortest path cost between two
boundary nodes v and v’ within the same region X;

Following the boundary node identification process that
defines all valid cross-region connection points, these pre-
computed intra-region transition cost tables enable constant-
time lookup during high-level planning, eliminate the need
for repeated low-level searches within regions, and collec-
tively constitute the complete cross-boundary precomputa-
tion infrastructure for the Hierarchical A* algorithm.

3.4 Hierarchical A* Based on start-goal pairs

When the start node and goal node lie in the same region,
the global A* algorithm can be used to ensure an optimal
path. When they lie in different regions, the Hierarchical A*
algorithm proceeds as follows to find an abstract high-level
path and then construct the concrete low-level path:

In this stage, given a start node s and a goal node ¢, the
system does not explicitly enumerate all possible boundary-
to-boundary combinations. Instead, it performs an implicit
A* search on an abstract boundary graph, which is dynami-
cally generated on-the-fly from precomputed data. The ver-
tices of this abstract graph consist of the start node s, the
goal node ¢, and boundary nodes encountered during the
search. By searching over this compact abstract graph rather
than the full grid, the algorithm dramatically reduces the
search space while still guaranteeing correctness—this is en-
abled by the precomputed intra-region cost structure.

Edges and Costs. All edge costs are symmetric due to the
undirected nature of the grid map, and are derived entirely
from precomputed data:

* Edges from the start node to all boundary nodes in the
start region Rg: (s,u) for u € Boundary(R;s), with
cost ¢(s,u) = d*(s,u), where d*(s, u) denotes the ex-
act shortest path cost from s to v within Rg;



¢ Intra-region boundary edges between any two bound-
ary nodes within the same region: (u,v) for u,v €
Boundary(R;) and u # v, with cost ¢(u,v) = d*(u,v),
taken from the precomputed boundary-to-boundary cost
table;

e Cross-region edges between adjacent boundary
nodes from neighboring regions: (u,v) where
u € Boundary(R;), v € Boundary(R;), and u
and v are directly adjacent in the grid, with a fixed unit
traversal cost c¢(u, v) = 1;

» Edges from all boundary nodes in the target region R, to
the goal node: (v,t) for v € Boundary(R;), with cost
c(v,t) = d*(v,t).

Heuristic Function. To guarantee admissibility for the
undirected abstract graph, we use the standard Manhattan
distance as the heuristic function, which is consistent with
the heuristic used in low-level A* search:

E(w) = |re — 7| + |ce — ¢l

where (r,, ¢;;) denotes the grid coordinates of node x, and
(r¢, ¢) denotes the coordinates of the goal node ¢.

Same-Region Case. If R, = R;:

e A full global A* with the Manhattan distance as the
heuristic function is executed to ensure an optimal path.

Different-Region Case. When R, # Ry, the total cost of
a candidate abstract path can be decomposed into the sum of
intra-region shortest path costs and cross-region unit traver-
sal costs. A* on the dynamically generated abstract graph
finds the path that minimizes this total cost without explic-
itly enumerating all possible boundary node combinations.

The admissibility of the Manhattan distance heuristic en-
sures the optimality of the search result. The performance
improvement of the Hierarchical A* algorithm is evaluated
by comparing its runtime and node expansion metrics with
those of the standard global A* algorithm.

3.5 Performance Prediction of Partitioning
Schemes

To further quantify the correlation between partitioning fea-
tures and pathfinding efficiency improvement, and to enable
the automatic selection of optimal partitioning schemes, this
study constructs a prediction model that maps partitioning
features to pathfinding performance. The core framework in-
cludes feature engineering, model evaluation, and optimal
scheme selection, with detailed steps as follows.

Feature Engineering The input features of the model fo-
cus on core indicators that capture the structural characteris-
tics of partitioning schemes, covering the following two core
categories:

¢ Subregion Structural Features
These features are exclusively determined by the map
partitioning result, capture the structural properties of
the resulting subregions, and serve as the core inputs for
distinguishing the performance of different partitioning
schemes.

— Number of subregions: Total number of subregions
obtained from the global map partitioning, reflecting
the partitioning granularity.

— Total boundary node count: Total number of bound-
ary nodes across all subregions, measuring the overall
inter-region connection overhead.

— Subregion size balance: Standard deviation of the ar-
eas of all subregions, characterizing the size unifor-
mity of subregions.

— Subregion morphology: Average eccentricity of all
subregions, reflecting the geometric regularity of sub-
region shapes.

— Structural efficiency: Mean and standard deviation of
the ratio of subregion area to the number of bound-
ary nodes in that subregion, comprehensively measur-
ing the trade-off between subregion compactness and
inter-region connection cost.

* Map Inherent Global Features
These features are determined by the original grid map it-
self, independent of the partitioning scheme. They depict
the inherent complexity of the map and provide consis-
tent global contextual information for the model.

— Number of traversable nodes: Total number of pass-
able nodes in the global map, reflecting the scale of the
pathfinding search space.

— Average node degree: Average degree of all
traversable nodes in the grid graph, characterizing the
connectivity density of the underlying map.

— Topological complexity: Ratio of the number of dead-
end nodes to the number of bottleneck nodes in the
map, measuring the inherent path search difficulty of
the original grid.

The output feature of the model is defined as the ENRP.
This indicator quantifies the pathfinding efficiency improve-
ment of a given partitioning scheme compared to the stan-
dard global A* algorithm, with a value range of [0, 100%].
A higher ENRP value indicates a better optimization effect
of the partitioning scheme.

Model Evaluation Metrics Four metrics are used to
comprehensively assess the prediction performance of the
model, each selected to evaluate a distinct aspect of predic-
tive quality:

* Mean Squared Error (MSE): Computed as the average
squared difference between predicted values and ground-
truth values, reflecting the overall regression error of the
model for ENRP value prediction (Chicco, Warrens, and
Jurman 2021). It is selected as a fundamental metric to
directly quantify the magnitude of prediction deviation
in absolute terms.

» Coefficient of Determination (R?): Represents the pro-
portion of variance in the target variable that can be ex-
plained by the input map features, indicating the good-
ness of fit of the regression model (Chicco, Warrens, and
Jurman 2021). It is chosen to measure how effectively
map structural features account for variations in ENRP.



e Kendall Tau (K-Tau): Measures the ordinal associa-
tion between predicted and true rankings of partition-
ing schemes by counting the proportion of concordant
and discordant pairs, evaluating the consistency of rank-
ing predictions (van den Heuvel and Zhan 2022). It is
adopted to assess the reliability of ranking different par-
tition strategies independently of absolute prediction val-
ues.

* Spearman Rho (S-Rho): Calculates the Pearson correla-
tion coefficient between the predicted ranks and the true
ranks of partitioning schemes, quantifying the accuracy
of ordinal ranking predictions (van den Heuvel and Zhan
2022). It is selected to complement K-Tau and robustly
evaluate the correctness of the relative ordering of parti-
tion schemes.

4 Experiment
4.1 Test Environment

All experiments are conducted on Google Colab, equipped
with 12GB of RAM and 100GB of available storage.

4.2 Experimental Setup

Research Objectives All experiments are conducted
based on 4-directional grid pathfinding as the unified eval-
uation foundation. The core objectives of the experiments
are as follows:

 Verify that the 2DSS method can cover pathfinding sce-
narios with different path lengths and expanded nodes,
ensuring the representativeness and generalization abil-
ity of the test set.

 Evaluate the efficiency improvement of the Hierarchical
A* algorithm compared with the global A* algorithm un-
der various partitioning schemes, including the reduction
in expanded nodes, generated nodes, and the weighted
reduction value.

e Validate the prediction accuracy of the Random Forest
(RF) and Linear Regression (LR) models for the ENRP
values of partitioning schemes, as well as the effective-
ness of model-based optimal partitioning scheme selec-
tion.

Datasets and Partitioning Schemes The base experimen-
tal data are sourced from the public Moving Al dataset,
which is established and maintained by Sturtevant (2012).
We select 30 grid maps with dimensions smaller than
100x100 from the dataset as the test scenarios for all exper-
iments. This selection is driven by computational efficiency
considerations: when evaluating different sampling methods
across multiple map partition schemes, each sampling point
requires hundreds of independent runs of either global A* or
hierarchical A*. For maps larger than 100x100, the cumula-
tive computational cost of such repeated executions becomes
prohibitively high. We therefore restrict our test set to maps
below this size threshold to ensure the feasibility of the ex-
tensive experimental evaluations and accelerate the overall
experimental pipeline.

To carry out comparative experiments on different parti-
tioning strategies, we generate multiple partitioning schemes

for each base map using a three-stage partitioning and opti-
mization framework:

* Graph-based partitioning: The Normalized Cut (NCut)
algorithm and Voronoi-based partitioning method are
adopted, which divide the map into 2 to 30 subregions.

* Coordinate-based uniform partitioning: A set of uniform
grid partitioning schemes is constructed, including fixed
divisions of 1x30 and 2x15, as well as a series of divi-
sions with gradually increasing computational workload,
ranging from 2x2, 2x3, 3x2, 3x3 up to 5x5.

* Connectivity post-processing: Disconnected or frag-
mented subregions generated by the above two strategies
are merged into adjacent complete regions to ensure that
each final subregion is fully connected internally.

For all subsequent comparative experiments on different
sampling methods, we exclusively adopt the partitioning
schemes generated by the NCut algorithm to maintain a uni-
fied experimental baseline. NCut is chosen because it tends
to produce relatively balanced subregions, whereas Voronoi-
based partitioning and coordinate-based uniform partition-
ing often exhibit significant size imbalance among subre-
gions due to the distribution of obstacles (Shi and Ma-
lik 2000; Aurenhammer 1991). This balanced partitioning
is particularly important given that our sampling baseline is
based on random point sampling, ensuring that randomly se-
lected start and end points are evenly distributed across the
entire map.

Model Overview To investigate both linear and non-linear
relationships between map structural features and ENRP,
and to quantify the impact of map features on pathfinding
performance, we employ two fundamental machine learn-
ing models to construct the prediction model for partitioning
features and pathfinding performance:

* Linear Regression (LR): A basic regression model that
assumes a linear relationship between map structural fea-
tures and the ENRP. It serves as a baseline model for
performance comparison due to its simplicity and in-
terpretability. In our implementation, the model is con-
figured with fit_intercept=True to incorporate an
intercept term into the linear formulation.

* Random Forest (RF): Taking decision trees as base
learners, an ensemble model is built via bootstrap
resampling, and the final ENRP prediction is ob-
tained by averaging outputs from all base learn-
ers (Rigatti 2017). In this work, the random forest re-
gressor is implemented with three key hyperparameters:
n_estimators=200 to ensure stable and accurate pre-
diction, random_state=RANDOM_STATE for experi-
mental reproducibility, and n_jobs=-1 to enable full
parallelism across all available CPU cores for efficient
training.

4.3 Experimental Design

Path Sampling Methods To comprehensively compare
the performance of different sampling strategies, we set
up 6 groups of path sampling schemes in the experiments.
The proposed two-dimensional stratified sampling method



serves as the core experimental group, and the remaining 5
groups are set as baseline control methods. The specific im-
plementation rules of each method are described below:

Machine Learning Model Training & Validation Fea-
ture and Label Construction The model inputs are divided
into two core categories, as defined in Section 3.1: Subre-
gion Structural Features and Map Inherent Global Features.

* Proposed Two-Dimensional Stratified Sampling
Method We adopt a two-dimensional stratified sampling
strategy based on path length and expanded nodes. An
initial sample pool is constructed with 50,000 random
start-goal pairs, which are divided into path-length
buckets and global equal-width expanded node bins,
respectively. Two sampling variants are set for test set
construction: extracting 1 sample (2DSS) or 3 samples
(2DsS_3) from each cross-interval.

* Random Sampling Method This method gener-
ates start-goal pairs in a completely random man-
ner(random), with a significantly larger number of sam-
ples than the final sample size of 2DSS, serving as the
unbiased baseline for comparison.

e Default Sampling Method from Moving Al
Benchmarks This method adopts the native path
sampling scheme matched with the Moving Al
dataset(movingai_old), which is a widely used
benchmark sampling protocol for grid map pathfinding
algorithm experiments (Sturtevant 2012).

¢ One-Dimensional Full-Bucket Retention Sampling
Method This method is also built on 50,000 initial ran-
dom start-goal pairs, and performs bucketing on the path
length dimension with a step size of 4(movingai). The
core difference from movingai_old is that this method

Two performance labels are defined:
* Expanded Node Reduction Percentage (ENRP):
ENRP = 100% x
ExpandedNodesg, .4+ — ExpandedNodes yierarchicala*
ExpandedNodes 4+

* Weighted ENRP: The weighted average of ENRP over
all test points according to their sampling weights:

T
Weighted ENRP = " w, - ENRP,
t=1
where wy is the weight of the t-th test point and ENRP;
is its corresponding ENRP value.

Training Protocol

» 5-fold cross-validation under the 2DSS_3 sampling
method is adopted to ensure the reliability of model eval-
uation.

* Both Linear Regression and Random Forest models are
trained, with key parameters of RF (number of deci-
sion trees, maximum depth, minimum sample split) opti-
mized.

 Four metrics are used to comprehensively assess model
performance: Mean Squared Error (MSE), Coefficient of

fully retains all buckets (even if the bucket is empty or not
filled with samples) before sampling based on the buck-
eting results.

Determination (R?), Kendall Tau (K-Tau), and Spearman
Rho (S-Rho).

Optimal Partitioning Scheme Screening The trained
model predicts the ENRP and Weighted ENRP for unseen
partitioning schemes. The scheme with the highest predicted
score is selected as the model-recommended optimal par-
tition. Its performance is compared with the true optimal
scheme obtained from full traversal tests to validate selec-
tion accuracy.

¢ K-means Clustering-Based Sampling Method This
method is implemented based on the K-means cluster-
ing sampling framework(iron) proposed by Harabor,
Hechenberger, and Jahn (2022). The final number of
sampled points is close to 2DSS; if the number of sam-
ples to be extracted from a single cluster is a non-integer
value, it is rounded up to the nearest integer to ensure the
rationality of sample allocation.

. . 5 Results
¢ Iron Sampling Method This method strictly follows the

sampling protocol proposed by Harabor, Hechenberger,
and Jahn (2022), which extracts exactly 2,000 samples
from the initial pool of 50,000 random start-goal pairs to
construct the test set(iron_old).

Distribution of Expanded Reduction Differences (vs Random)

20 ° . Random Baseline

Hierarchical A* Execution Hierarchical A* is performed
on the stratified test set under two scenarios:

Expanded Difference (%)
w o
°
o
‘ H] | 1

* Same-region case: If the start and goal nodes lie in the
same subregion, the global A* algorithm is executed to
ensure path optimality. _ &\\@b §

i
i
i

&

* Different-region case: 0(597“
v
1. Preprocess: Extract boundary nodes and precompute

intra-region and cross-region costs. Figure 1: Performance comparison of six path sampling
methods on all 30 maps, while the red line represents the

random sampling baseline.

2. Construct the abstract boundary graph G,ps and per-
form Hierarchical A* search.

3. Record the number of expanded nodes.



5.1 Performance Comparison of Six Sampling
Methods

This section compares the test results of the six path sam-
pling methods on all 30 maps using visualization plots,
where the results of the random sampling method are used
as the baseline (marked as the red line in Figure 1). Ad-
ditionally, a number of NCut partitioning examples on the
same map are provided in Figure 2 to demonstrate the per-
formance of different sampling methods as the number of
subregions varies.

Expanded Node Reduction % vs NCut k Value

—e— movingai_old
—e— movingai
=— iron
iron_old
—— 2DSS
—=— 2DSS(weighted)
—+— 2DSS 3
—+— random

Expanded Node Reduction (%)

30

25
234567 89101112131415161718192021222324252627282930

NCut k (Partition Count)

Figure 2: An example of NCut partitioning on a single map.

The results show that all unweighted non-random sam-
pling methods consistently outperform random sampling,
with mean expanded-node reduction improvements rang-
ing from 4.81% (movingai_old) to 8.64% (2DSS_3)
across all maps. The main reason is that random sampling
is strongly concentrated on short-path cases. As path length
increases, the number of valid start-goal pairs decreases
sharply, leading to a highly skewed distribution. In contrast,
the non-random methods explicitly increase the proportion
of long-path pairs and therefore cover rarer and more di-
verse pathfinding scenarios. Since long-path pairs are typi-
cally more sensitive to the node-reduction effect of Hierar-
chical A* after partitioning, these methods tend to produce
higher reduction values than random sampling.

In addition, the path-length-only sampling methods
(movingai and movingai_old) achieve the smallest im-
provements over the random baseline, with mean gains of
5.68% and 4.81% respectively. The reason is that these
methods consider only path length and ignore the number
of expanded nodes. As a result, even when paths have the
same length, they do not consistently include cases with dif-
ferent search costs, and therefore fail to stably cover more
difficult scenarios. Compared with the other targeted sam-
pling methods, they contain fewer samples that are highly
sensitive to expanded-node reduction.

The 2DSS variants consistently outperform the Iron-
series methods. 2DSS achieves a mean improvement of
8.43% compared to 7.47% for Iron and 7.23% for Iron_old,
representing a 0.96% to 1.20% performance advantage. This
is because Hierarchical A* is more effective at reducing
cross-region expansions than intra-region expansions. How-

ever, under the same number of expanded nodes, the Iron-
series methods do not ensure sufficient diversity in path
length. Consequently, they may include short paths with
many expanded nodes, where much of the search effort oc-
curs within regions and is therefore less reducible by Hierar-
chical A* after partitioning. This further suggests that 2DSS
can adapt the sample size to the map scale and provide more
informative performance evaluation without fixing the sam-
ple size to 2,000 points as in the original Iron methods.

The 3-sample variant, 2DSS_3, shows statistically negli-
gible differences from the basic 2DSS method. The mean
difference is only 0.21% (8.64% vs 8.43%), the median dif-
ference is 0.38% (8.14% vs 8.52%), and the interquartile
ranges are nearly identical (6.17 vs 6.52). This indicates that
2DSS is highly stable with respect to the number of samples
selected per cell.

Among the non-random sampling methods, weighted
2DSS (2DSS_weighted) is the closest to the random-
sampling baseline, with a mean deviation of only -0.46%.
All observed deviations fall within the range of -4.52% to
3.56%, which is well within the £5% threshold for practi-
cal equivalence. Given that random sampling uses five times
as many samples as 2DSS, this suggests that the proposed
weighting strategy can recover the overall distributional ef-
fect of global random sampling using a much smaller but
more representative test set.

Another advantage of the weighting mechanism is that it
can be adjusted to reflect application-specific path distribu-
tions rather than a fixed sampling distribution. For exam-
ple, on an NCut-partitioned 14-region map, reweighting the
path-length groups toward a more realistic distribution in-
creases the overall weighted expanded-node reduction rate
from 34% to 43%. This shows that weighting can make the
evaluation better reflect the practical benefits of a partition-
ing scheme.

Figure 3: Map partitioning results of a sample map using
Normalized Cut (Sturtevant 2012).

5.2 Machine Learning-Based Prediction of
Reduction

We attempt to use machine learning methods to predict the
node expansion reduction in pathfinding. The model inputs
cover the two categories of features defined above: subre-
gion structural features and map inherent global features.
The results show that there is a strong nonlinear correla-
tion between the above map features and the expansion re-
duction (Table 1). Compared with linear regression, random
forest achieves higher accuracy in both reduction value pre-
diction and ordinal ranking prediction, where the Spearman
Rho for ranking prediction reaches 0.95, enabling accurate
prediction of the ranking of partition performance.



Model & Metric | R2 RMSE | K-Tau | S-Rho
LR (total%) 0.7156 | 7.4166 | 0.7041 | 0.8821
LR (weighted%) | 0.7640 | 6.5644 | 0.7419 | 09118
RF (total%) 0.8924 | 4.5597 | 0.8176 | 0.9467
RF (weighted%) | 0.9232 | 3.7400 | 0.8519 | 0.9657

Table 1: Comparison of Multi-Model Prediction Results

In addition, the prediction accuracy of weighted reduction
is 2 percentage points higher than that of the unweighted
one, indicating that weighted reduction can better reflect the
inherent characteristics of a map. However, the distribution
of weighted reduction is closer to random sampling and can-
not represent a more comprehensive set of samples.

6 Conclusion and Future Work

This paper presents a standardized quantitative evaluation
pipeline for map partitioning in grid pathfinding. The pro-
posed framework covers map and partition-result import,
hierarchical sampling of test point pairs, global A* base-
line computation, partition feature preprocessing, and Hi-
erarchical A* performance evaluation. In addition, we in-
troduce a two-dimensional stratified sampling method based
on path length and expanded nodes to improve the represen-
tativeness of the test set, especially for cases with different
pathfinding difficulties. We further explore machine learning
models for predicting partitioning performance from core
structural features, and the experimental results show that
Random Forest provides useful predictive performance for
expanded-node reduction.

Future work will primarily focus on improving the gen-
eralizability of the prediction component. More expressive
learning models and richer feature representations, such as
graph-based or vision-based approaches, may help improve
predictive performance on out-of-distribution map layouts.
Once sufficiently robust, the prediction model could be fur-
ther integrated into an automatic screening mechanism for
selecting promising partitioning schemes prior to expensive
hierarchical pathfinding evaluation.
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