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Abstract

This study proposes a modular path optimization framework for uncrewed ground
vehicles (UGVs) in uncrewed aerial vehicle (UAV)-assisted navigation environments to
improve the efficiency, smoothness, and executability of paths generated by classical
grid-based path planning algorithms. The principal innovation of this work is the Visibil-
ity and Line-of-Sight Path Simplification (VLoSPS) algorithm, an algorithm-independent
post-processing method that removes redundant waypoints through long-range axis-
aligned visibility analysis while preserving path feasibility. VLoSPS is integrated with
the Direction-Aware Path Planning Approach (DAPPA) to reduce angular deviations
and improve directional continuity. The proposed framework is applicable to standard
algorithms, including A*, Dijkstra, Breadth-First Search (BFS), and Depth-First Search
(DFS), without modifying their internal search mechanisms. The main academic con-
tributions comprise the formulation of a generalized post-processing architecture for
UAV-derived occupancy maps, the introduction of a visibility-aware waypoint reduction
strategy, and extensive validation using two synthetic maze datasets and three UAV-
derived semantically segmented real-world datasets. On the Gottingen Maze Dataset, the
VLoSPS and DAPPA pipeline reduced the average path lengths of A*, Dijkstra, BFS, and
DFS by 5.42%, 9.46%, 10.44%, and 86.00%, respectively. The consistent improvements
across real-world datasets demonstrate the effectiveness, computational feasibility, and
general applicability of the proposed framework for UAV-assisted UGV path planning.
The implementation code and benchmark resources developed in this study are publicly
released to promote reproducibility and facilitate future research.

Keywords: UAV-UGYV collaboration; multi-robot systems; autonomous navigation; path
planning; trajectory optimization; map-based navigation; search and rescue applications

1. Introduction

Path planning is a fundamental problem in robotics and autonomous navigation,
involving the systematic determination of an optimal and feasible trajectory for an agent to
move from a start point to a goal within a defined environment [1]. It plays a critical role in
diverse applications such as mobile robotics, autonomous vehicles, warehouse automation,
search and rescue, and UAV-assisted navigation [2-5]. As autonomous systems grow in
complexity, particularly in multi-agent and UAV-UGYV collaborative scenarios (Figure 1),
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the demand for optimal path planning strategies becomes increasingly significant [6-8].
The path planning pipeline begins by converting real-world environment images into
grid-based maps, in which the operational space is represented as discrete cells classified
as either free or obstructed based on existing environmental features. These grid maps
provide a structured and computationally tractable representation of the environment,
facilitating systematic path planning. Effective path planning in such environments directly
contributes to operational efficiency, energy-aware navigation, and overall mission success.
Recent vehicle routing studies further indicate that practical factors, including vehicle-
specific dynamics, energy consumption behavior, operational constraints, and adaptive
decision-making, are important for improving path optimization in real-world autonomous
systems [9,10].
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Figure 1. Overview of the proposed UAV-UGV collaborative framework, where UAV-captured aerial
imagery is used to generate a 2D map and determine the optimized path length for guiding UGV

navigation from source to goal.

Graph-based algorithms such as BFS, DFS, Dijkstra’s algorithm, and A* remain widely
adopted for path planning due to their predictable behavior and ease of implementation [11].
These algorithms construct search graphs over discrete occupancy grids and evaluate
paths based on cumulative costs and heuristics. Among these, A* is often selected for
its heuristic-driven efficiency, while Dijkstra guarantees optimal paths purely based on
distance metrics [12]. However, the discretized structure of grid-based planning inherently
produces piecewise-linear paths aligned to the grid, which often contain sharp turns,
unnatural motion patterns, and redundant waypoints that reduce trajectory smoothness
and efficiency [13]. These artifacts reduce trajectory smoothness and execution efficiency,
limiting the suitability of grid-based paths for real-world deployment. Although advanced
sampling-based methods, such as Rapidly exploring Random Trees (RRT) and Probabilistic
Roadmaps (PRM), are effective in continuous and high-dimensional spaces, they generally
exhibit higher computational overhead and still require subsequent refinement to produce
smooth and executable paths [8].

To address these limitations, this study proposes a modular and extensible path
planning optimization framework that extends these algorithms with a two-stage post-
processing architecture. The proposed pipeline begins by constructing a binary occupancy
map from UAV-captured, semantically segmented imagery. A safety margin is applied
through morphological dilation to ensure collision-free paths that respect the physical
footprint and localization uncertainties of the robot. The first post-processing stage
introduces a Visibility and Line-of-Sight Path Simplification (VLoSPS) algorithm, which
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reduces redundant waypoints by exploiting long-range visibility between path nodes.
The second stage, termed the Direction-Aware Path Planning Approach (DAPPA), further
refines the path by minimizing angular deviations and enforcing smooth directional conti-
nuity. In combination, these techniques refine the initially irregular and grid-constrained
paths into shorter, smoother, and more executable trajectories while preserving feasibility.
Furthermore, the proposed approach is algorithm-independent and modular, enabling
improvements to paths produced by any standard path planning algorithm without
altering their fundamental search mechanisms.
The main contributions of this study can be summarized as follows:

1. A comprehensive performance evaluation of classical path planning algorithms is
conducted using a large-scale benchmark maze dataset, providing an assessment of
their efficiency, scalability, and limitations in grid-based environments.

2. A novel algorithm-independent post-processing technique, VLoSPS, is developed
and integrated with DAPPA to improve the smoothness and geometric quality of
generated trajectories.

3. Anexperimental analysis is presented to demonstrate improvements in path optimality
and structural coherence, validating the effectiveness of the proposed method against
baseline algorithms and existing approaches.

4. A synthetic benchmark dataset consisting of 6000 binary maze images across four
grid resolutions, 10 x 10, 30 x 30, 50 x 50, and 100 x 100, is released to support
reproducible experimentation and future path planning research.

5. Semantic-to-binary converted versions of three UAV-derived real-world imagery
datasets are released to facilitate systematic evaluation of path planning methods in
realistic urban and aerial-ground collaborative scenarios.

The remainder of this manuscript is organized as follows. Section 2 reviews related
work in the domain of path planning algorithms and post-processing techniques. Section 3
describes the overall system architecture, including grid construction and occupancy map-
ping. Section 4 details the preparation of both synthetic and real-world benchmark datasets
used for evaluation. Section 5 outlines the proposed path optimization methodology, in-
cluding the VLoSPS and DAPPA algorithms. Section 6 presents the experimental evaluation
and results, highlighting improvements achieved on both synthetic and real-world datasets.
Finally, Section 7 concludes and discusses potential directions for future work.

2. Related Work

Classical search-based algorithms such as Breadth-First Search (BFS) and Depth-First
Search (DFS) have been widely adopted in mobile robotics for their systematic and ex-
haustive exploration capabilities [14-16]. Several studies have explored improvements to
BFS to improve its efficiency in structured environments. For example, ref. [17] integrated
BES within a local frontier-based exploration framework, improving mapping accuracy
but incurring higher computational cost as the environment size increased. Similarly,
ref. [18] combined BFS with a greedy optimization strategy to reduce energy consump-
tion, minimize turns, and limit sensor activations in grid-based navigation tasks. BFS
has also been applied in Al-driven maze navigation [19], demonstrating its reliability in
structured pathfinding problems. However, its computational and memory requirements
increase considerably with maze complexity, and its performance becomes less favorable in
larger environments where path quality and efficiency are important [15]. A comparative
study [20] showed that although DFS uses less memory than BFS, it often produces longer
and less optimal paths. To address some of these limitations, ref. [21] introduced Recursive
Backtracking DFS, which incorporates self-learning to improve return-path selection in
unknown environments, such as search-and-rescue scenarios.
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Heuristic-based algorithms such as A* and Dijkstra have also seen significant enhance-
ments that improve the efficiency and optimality of path planning in practical applica-
tions [22]. A geometric A* (Geom. A¥) proposed in [13] for AGVs in port environments
replaced sharp turns with cubic B-splines, producing smoother and more efficient paths.
A hybrid method in [23] improved A* through the integration of artificial potential fields
and a dynamic cost function that penalizes turns near obstacles, improving path smoothness
and trajectory stability. In [24], an improved A* combined unknown path cost estimation
and local map zooming with an enhanced LQR controller for path tracking, leading to
lower tracking errors and improved overall path execution. Similarly, ref. [25] developed
an improved A* for UAVs by refining the evaluation and node-selection strategies and
incorporating a Mixed-Integer Linear Programming formulation, improving flight-path
optimality and computational efficiency. Several studies have also extended Dijkstra’s
algorithm to improve path quality in surface and aerial navigation. In [26], an extended
Dijkstra algorithm used Delaunay triangulation and a two-dimensional transformation to
optimize paths across uneven terrain in both single- and multi-robot systems. A recent
study [27] applied Dijkstra-based navigation in both 2D and 3D spaces through obstacle
modeling and battery-aware constraints to improve navigation efficiency. Additionally,
ref. [28] improved Dijkstra through an eight-angle search strategy, reducing unnecessary
turns and improving path smoothness in warehouse environments.

Parent Node-Weighted A* (PNW A*) [29] improves the node evaluation process by
incorporating parent-node heuristic information with a tunable weighting factor, which
supports more consistent movement toward the target and reduces unnecessary zig-zag
expansions. Region Weighted A* (RegW A*) [30] applies region-dependent heuristic
weighting by partitioning the grid along the start-to-goal direction and adjusting the
heuristic metric across regions. Further path improvement is achieved through collinearity-
based simplification, line-of-sight waypoint removal, and corner smoothing via arc- or
tangent-based generation. Density-Aware A* (Dens A*) [31] integrates obstacle density
into the search guidance term, modifies successor expansion to avoid corner crossing near
obstacles, and applies bidirectional smoothing with a safety margin to improve path quality.
Theta* [32] extends A* for any-angle path planning on grid maps by allowing a successor
node to connect directly to the parent of the current node when a clear line of sight is
available, thereby reducing grid-induced angularity and generating more direct paths with
fewer unnecessary turns.

Recent research on UGV navigation has increasingly moved toward perception-aware,
sensor-fusion-driven, and dynamically adaptive navigation frameworks. Reliable UGV
navigation requires consistent estimation of vehicle pose, obstacle geometry, terrain struc-
ture, and traversable regions under uncertain field conditions. LiDAR point clouds, RGB
or depth images, inertial measurements, wheel odometry, GPS signals, and local elevation
information are commonly fused to improve localization accuracy and environmental per-
ception [33]. Such fusion is usually performed through probabilistic filtering, feature-level
fusion, occupancy-grid updating, semantic mapping, or learning-based representation
extraction. Camera-LiDAR fusion and bird’s-eye-view (BEV) representations have also
gained increasing attention because they transform heterogeneous spatial observations into
a unified top-down representation for free-space estimation, obstacle detection, and motion
planning in complex navigation scenes [34]. These advances are especially relevant to UAV-
assisted UGV navigation, where UAV-derived maps provide global situational awareness
while onboard UGV sensors provide local feedback required for safe execution.

Obstacle avoidance and path optimization in complex dynamic environments repre-
sent another important direction in recent UGV research. Recent studies have extended
artificial potential field methods, Dynamic Window Approach (DWA), reinforcement
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learning, and hybrid planning strategies to address moving obstacles, narrow passages,
uncertain maps, and real-time replanning requirements [35-39]. Improved A* variants
normally modify the cost function, heuristic term, or node expansion strategy to reduce
unnecessary turns and avoid obstacle-dense regions. In contrast, artificial potential field
methods introduce attractive and repulsive forces to guide motion in locally constrained
environments [35]. DWA-based methods operate in the velocity space of the robot and eval-
uate candidate velocity commands according to heading, clearance, and dynamic feasibility,
making them suitable for local obstacle avoidance and short-horizon motion control [37].
Vision-based approaches further support obstacle recognition and traversability estima-
tion by extracting semantic and geometric cues from onboard images [36]. Multi-robot
and formation-based UGV navigation extend these methods through inter-robot distance
constraints, cooperative collision avoidance, and distributed decision-making, which are
important in constrained and obstacle-rich environments [40,41].

In parallel, sampling-based methods, especially Rapidly Exploring Random Trees
(RRT), have also been improved by focusing on path optimization and post-processing in
complex environments [8]. For instance, ref. [42] proposed an improved RRT for industrial
robots that utilizes a regression mechanism and adaptive expansion to reduce redundant
exploration and improve path efficiency. A hybrid approach combining RRT*-Smart with
A* was presented in [43], using beacon-guided and fast sampling strategies along with
A* for narrow-passage navigation, resulting in improved convergence and optimality.
Similarly, ref. [44] integrated RRT* with Particle Swarm Optimization to improve trajectory
smoothness and reduce overall path length relative to conventional methods. Spline-based
RRT was proposed in [45] to generate curvature-continuous paths for non-holonomic
robots, while ref. [46] introduced a variable-step RRT* for quadrotors in obstacle-dense
environments, improving efficiency through target-biased sampling and adaptive step sizes.
Despite these advancements, RRT-based approaches remain susceptible to randomness,
which can result in suboptimal trajectories or difficulty in obtaining feasible paths in highly
constrained or high-resolution environments.

Another important frontier is 3D spatial modeling and terrain-aware path planning.
Conventional 2D occupancy-grid planning simplifies the environment into traversable and
non-traversable regions, but this abstraction does not fully represent elevation changes,
slope, roughness, overhanging structures, ground irregularities, or terrain-dependent
traversal cost. Recent studies have explored 3D point-cloud maps, voxel grids, digital
elevation models, traversability maps, and learning-based 3D planners for UGV operation
in outdoor and unstructured environments [47-49]. Improved DDQN-based 3D planning
methods formulate navigation as a sequential decision-making problem in which the
robot learns actions based on spatial state representations and reward functions related to
distance, safety, and goal convergence [47]. Terrain-aware approaches combine slope cost,
surface roughness, clearance, and obstacle density into the planning objective, allowing the
planner to select paths that are not only short but also physically executable by the UGV.
These studies indicate that future UGV navigation systems require closer integration of
global map guidance, local obstacle perception, 3D terrain representation, and adaptive
path refinement.

Open-source frameworks and path optimization methods play an important role in
contemporary motion planning. OMPL offers standardized implementations and inter-
faces for sampling-based planners and supports integration with ROS-based systems for
benchmarking and practical deployment [50]. Path refinement methods further improve
an initial solution by increasing clearance and improving smoothness through techniques
such as shortcutting and clearance-based heuristics [51]. Extensions of OMPL, such as
cHyRRT and cHySST, have expanded this capability to hybrid dynamical systems while
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providing probabilistic completeness and asymptotically near-optimal performance [52].
In addition, TrajOpt improves paths via sequential convex optimization with collision
checking, producing collision-free, dynamically feasible motion [53].

Although these approaches demonstrate significant gains in path planning perfor-
mance, many are developed for specific algorithmic frameworks, sensing configurations,
or environment assumptions. As a result, their applicability and benefits are often limited
to particular navigation scenarios and cannot be easily generalized across different grid-
based planning methods. In this context, the proposed VLoSPS and DAPPA framework
contributes a planner-independent post-processing approach that improves the smoothness
and geometric consistency of paths generated from UAV-derived occupancy maps while
preserving compatibility with multiple baseline algorithms.

3. System Overview

In this section, we outline the overall pipeline architecture of the proposed method
and detail the process of grid construction and occupancy mapping.

3.1. Overall Pipeline Architecture

The proposed path planning optimization pipeline for ground-based mobile robots
comprises multiple sequential stages aimed at improving navigation performance in com-
plex environments using UAV-captured imagery, as illustrated in Figure 2. The process
begins with the acquisition of raw aerial images, which are then processed through a
semantic segmentation stage. During this stage, machine learning techniques classify
each pixel into semantically meaningful categories, such as navigable terrain, obstacles,
and structural features, thereby providing a detailed, high-level understanding of the
operational environment.

Post-Processing for Path Optimization

Original UAV | i i i i - -
riginal mage Semantlc'Segmematlon Binary Map Generation Pat_h-Genelano? via VLosP§ B.ase'd Path DAPPA' B.aset.i Path
of Aerial Imagery Traditional Algorithms Optimization Optimization

= ¢ Y ‘.‘
b~ Y 12\%

5

Z d-In Vi ization of Path Impr at Each Pipeline Stage

Figure 2. Proposed path planning pipeline demonstrating advanced improvements with VLoSPS
and DAPPA post-processing. The blue and green dots denote the source and destination positions,
respectively, while the red line represents the planned robot trajectory.

The semantically segmented image is then converted into a binary occupancy map,
in which traversable and non-traversable regions are represented using a simplified grid
format. This abstraction facilitates more computationally efficient path planning while
retaining essential environmental details. Using this binary occupancy map as input,
an initial path is generated with classical path-planning algorithms such as A*, Dijkstra,
or BES. Although these algorithms generate feasible paths, the resulting trajectories often
exhibit suboptimal characteristics, including sharp transitions, excessive length, and unnat-
ural movement patterns due to the discretized, grid-based nature of the planning space.
To overcome these limitations, the pipeline integrates a two-stage post-processing frame-
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work designed to enhance the efficiency and smoothness of the initial path. Specifically,
the initial path is refined sequentially, first by applying the VLoSPS algorithm to optimize
visibility-based waypoint reduction, then by DAPPA, which further improves the path
through geometric and directional consistency analysis. A series of zoomed-in visual-
izations for each stage of the pipeline is presented at the bottom of Figure 2, illustrating
incremental improvements in path quality.

3.2. Grid Construction and Occupancy Mapping

A grid-based representation can be constructed for any bounded, continuous en-
vironment, regardless of its geometric complexity, by discretizing the space into a two-
dimensional uniform grid G with r rows and ¢ columns. This discretization provides a
computationally tractable abstraction in which each cell g;; € G corresponds to a dis-
tinct, finite region of the environment. Each cell is uniquely identified by its row index
i€ {0,1,...,r—1} and column index j € {0,1,...,c — 1}. The resolution of the grid,
determined by the size of each cell, can be adjusted to balance computational efficiency
and the level of environmental detail captured. This flexibility allows any continuous
environment to be systematically modeled in a structured and uniform manner, facilitating
efficient path planning.

All planning and navigation operations are performed entirely within this discrete
grid space, thereby avoiding the complexities of working directly in continuous coordi-
nates. The occupancy status of each cell is described by the binary occupancy function in
Equation (1).

o 1, if the cell at (i, ) is free (traversable)
O(,j) = . (1)
0, if the cell at (i, ) is occupied (obstacle)
where O : G — {0,1}.

Initially, obstacles in the environment are encoded by assigning O(i, j) = 0 to the corre-
sponding cells in G. However, to ensure robust, collision-free navigation, it is necessary to
include a safety margin around obstacles. This margin accounts for the physical footprint of
the robot as well as possible localization errors, effectively producing an inflated represen-
tation of the occupied regions and resulting in a more conservative and safe configuration
space. This is achieved by applying a morphological dilation [54,55] to the set of occupied
cells defined in Equation (2).

0 ={(i,j) € G| O(,j) = 0}. )

The dilated set of occupied cells ', shown in Equation (3), incorporates the safety
margin, where B, (i, j) denotes a neighborhood of radius p (either square or circular) cen-
tered at (i, ), with p selected according to the physical dimensions of the robot and the
desired clearance. The updated occupancy grid O’ after dilation is defined in Equation (4).

O'= | Be(ij), 3)

(i,j)eO

(s /
0'(ij) = 0, if(i,j)e O @
1, otherwise.

This dilation process inflates the occupied regions of the grid, ensuring that any
planned path maintains sufficient clearance from obstacles and reducing the risk of col-
lisions. The resulting inflated occupancy grid O’ provides a reliable and conservative
representation of the environment for subsequent path planning.
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4. Benchmark Dataset Preparation for Path Planning Evaluation

In this section, we present a brief overview of the three semantically segmented real-
world datasets used to evaluate the proposed algorithms, along with a new synthetic maze
dataset prepared to facilitate benchmarking in controlled environments.

4.1. Semantic Dataset Preparation for Urban Path Planning

This study utilizes three publicly available, high-resolution datasets to support road
extraction and subsequent path planning in complex urban environments. Each dataset
offers a distinct combination of perspective, geographic scope, and imaging modality,
ranging from satellite and airborne to UAV-based imagery. This diversity provides a
comprehensive evaluation of the proposed navigation framework across varied urban
contexts. A semantic-to-binary transformation is applied by retaining only the road class
and excluding all other semantic categories by generating binary road masks that reduce
background complexity and focus computational resources on identifying unobstructed,
navigable regions. The characteristics and relevance of the three benchmark datasets used
in this study are detailed below.

4.1.1. MBRSC Dubai Aerial Dataset

This dataset [56] was released as part of a joint open-access initiative between Humans
in the Loop and the Mohammed Bin Rashid Space Centre (MBRSC), UAE. It comprises high-
resolution satellite imagery of Dubai, with pixel-level semantic segmentation across six
classes: buildings, unpaved land, roads, vegetation, water, and unlabeled areas. The dataset
includes 72 images organized into six larger tiles, capturing diverse urban infrastructure,
including arterial roadways, residential developments, and mixed-use areas. The road class
is annotated using consistent labeling conventions, enabling the generation of accurate
binary road masks. Owing to its satellite perspective and large-scale spatial coverage, this
dataset is particularly suitable for evaluating global path planning strategies in structured
urban settings with clearly defined, modern road networks.

4.1.2. ISPRS Urban Semantic Dataset

This dataset [57,58] serves as a benchmark in the domain of high-resolution airborne
image segmentation, developed by ISPRS Working Group II1/4 for the semantic labeling
challenge. It comprises true orthophoto tiles of urban regions, including Vaihingen and
Potsdam. This dataset is particularly challenging due to high intra-class variability and low
inter-class separability among urban elements such as roads, vegetation, and buildings. It
includes detailed pixel-level semantic labels, making it well-suited for rigorous evaluation
of road extraction methods. Its inclusion enables validation of the proposed approach in
environments with intricate urban morphology and complex aerial views.

4.1.3. UAVid Dataset

The UAVid dataset [59] provides a ground-level perspective using high-resolution,
oblique-view imagery captured by UAV-mounted 4K cameras. It consists of 300 densely
annotated images organized into temporal sequences, with semantic labels across eight
categories: roads, buildings, trees, low vegetation, static vehicles, moving vehicles, humans,
and background clutter. These street-level scenes are representative of real-world UAV
surveillance applications in urban environments. This dataset presents several real-world
challenges, including significant scale variation, dynamic object motion, and the need to
preserve temporal consistency. These factors are critical for the development and evaluation
of real-time aerial-ground collaborative navigation systems.
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4.2. Synthetic Maze Dataset Generation for Controlled Path Planning Evaluation

A synthetic maze image dataset was constructed to evaluate the performance of
the proposed path post-processing algorithms under controlled conditions. This dataset
comprises 6000 binary maze images, evenly distributed across four resolution categories,
namely 10 x 10, 30 x 30, 50 x 50, and 100 x 100 grids, with 1500 images per class.

Each maze image represents a binary grid where white pixels denote traversable paths
and black pixels denote obstacles. During dataset generation, it was ensured that a valid
path exists between a designated source and destination point in every maze instance.
This condition was verified using the BFS algorithm, guaranteeing that each sample is
solvable and thus suitable for algorithmic evaluation. This dataset provides a scalable and
diverse benchmark for assessing the structural quality and efficiency of path simplification
and refinement techniques. The complete dataset has been publicly released to support
reproducible experimentation and further path planning and optimization research.

5. Path Optimization Methodology

This section presents the proposed path optimization methodology formulated as
an algorithm-independent post-processing framework for improving grid-based paths
generated in UAV-assisted UGV navigation. The methodology is designed to refine the
output of classical graph-based path planning algorithms by reducing redundant waypoint
sequences, shortening unnecessary grid-constrained movements, and improving direc-
tional consistency. The framework consists of two sequential refinement stages. The first
stage introduces the VLoSPS algorithm, which performs long-range axis-aligned visibility
analysis to remove redundant intermediate waypoints. The second stage applies DAPPA,
which improves the geometric regularity of the simplified path by minimizing angular
deviations and reducing inefficient turning behavior.

5.1. Post-Processing Frameworks

Let the path generated by a standard grid-based planning algorithm be represented as
an ordered discrete waypoint sequence, as defined in Equation (5).

P=[po,pi,.--,Pn-1] )

where each waypoint p; = (r;,¢;) € Z? corresponds to a grid cell in a binary occupancy
map G € {0,1}R*C. The grid value G[r,c] = 1 denotes a traversable cell, while G[r,c] = 0
denotes an occupied or non-traversable cell. The objective of the proposed post-processing
framework is to construct an optimized path, as expressed in Equation (6).

P* = [qOrqllu -rqm—l], m<n (6)

The optimized path must preserve the initial and terminal waypoints of the original
path, as specified in Equation (7).

q0 = po, Gm—1 = Pn—1 )

The optimization process is constrained by collision-free feasibility, meaning that each
consecutive segment in P* must remain within traversable regions of the occupancy grid.
The geometric length of a discrete path is computed using Equation (8).

n—2
L(P) =Y llpit1 —pil2 (8)
iz0
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In addition to path length, the number of retained waypoints and the accumulated
angular deviation affect the practical executability of the trajectory. Therefore, the post-
processing objective can be expressed through the composite path cost in Equation (9).

J(P) = aL(P) + B[P| + YO(P) ©)

where |P| denotes the number of waypoints, ©(P) denotes the cumulative angular devia-
tion of the path, and &, 8, and 7 are non-negative weighting coefficients. In Equation (9),
the first term penalizes excessive path length, the second term penalizes redundant way-
point retention, and the third term penalizes unnecessary directional variation. The pro-
posed VLoSPS and DAPPA stages address these three components through visibility-aware
waypoint reduction and direction-aware geometric refinement, respectively.

5.1.1. Visibility and Line-of-Sight Path Simplification

The VLoSPS algorithm is proposed as a visibility-aware waypoint reduction method
for simplifying discrete grid-based paths. Its main contribution is the farthest-feasible
waypoint selection strategy, in which the algorithm searches for the most distant waypoint
that remains directly visible from the current waypoint under axis-aligned line-of-sight
constraints. It reduces redundant intermediate waypoints and generates a more compact
path, preserving the feasibility of the original path.

For two waypoints p; = (r;,¢;) and p; = (rj,¢j), where j > i, the grid segment
connecting them is formalized in Equation (10).

{(ri¢) | ¢ € [min(ci cj), max(ci e}, 7 =7;
D(pi,py) = § {(r,c0) | 7 € [min(ri, ), max(ri, )]}, 6= 10

o, otherwise

As shown in Equation (10), a valid candidate segment exists only when the two
waypoints are aligned along the same row or column. Based on this segment definition,
the axis-aligned visibility function is defined in Equation (11).

1, T(pi,pj) # @ and G[z] =1, Vz € T(p;, pj)
V(pi, pji ) = o o a1
0, otherwise

Equation (11) states that two waypoints are mutually visible if they lie on the same
row or column and every grid cell along the connecting segment is traversable.

The horizontal visibility condition used in the implementation is obtained from
Equation (11) and is given in Equation (12).

Glrille] =1, Ve € [min(c;, ¢;), max(c;, ¢;)] (12)

Similarly, the vertical visibility condition is derived from Equation (11) and is ex-
pressed in Equation (13).

Glrllei] =1, Vr € [min(r;, 7;), max(r;, 7;)] (13)

Equations (12) and (13) confirm that the direct grid-aligned connection between two
retained waypoints does not intersect any obstacle cell.
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At a given waypoint index i, VLoSPS selects the farthest visible waypoint according to
the selection rule in Equation (14).

jr@) =max{je{i+1,...,.n—1} | V(p;, p;; G) = 1} (14)
After selecting pj:(;), the current index is updated using Equation (15).
i () (15)

The process continues until the terminal waypoint p,_1 is reached. The retained
waypoint indices are represented using the recursive index sequence in Equation (16).

so =0, Ser1 = j (s0), sy=n—1 (16)

Using the index sequence defined in Equation (16), the final VLoSPS-refined path is
constructed as shown in Equation (17).

PVLOSPS == [PSQ/ p51/~--/PsM] (17)

Since every transition in Pyy.sps satisfies the visibility condition in Equation (11),
the simplified path preserves collision-free feasibility. In addition, because each retained
waypoint is selected using Equation (14), the algorithm removes the maximum number of
intermediate waypoints permitted under the local visibility constraint. This produces a com-
pact path representation with fewer redundant grid-constrained segments. The procedural
implementation of VLoSPS is presented in Algorithm 1.

As shown in Algorithm 1, the simplified path is generated by repeatedly selecting the
farthest waypoint that satisfies the visibility condition defined in Equation (11). The worst-
case computational complexity of VLoSPS is governed by the reverse candidate search and
repeated visibility checks. For a path containing n waypoints and for a maximum visibility
segment length of /i,x, the worst-case complexity is expressed in Equation (18).

O (1% lmax) (18)

Equation (18) indicates that the additional computational cost is introduced by long-
range visibility evaluation, while the benefit is stronger waypoint compression.

5.1.2. Direction-Aware Path Planning Approach

DAPPA is applied after VLoSPS to improve the directional structure of the simplified
path. Although VLoSPS reduces the number of redundant waypoints, the resulting path
can still contain abrupt angular transitions caused by grid-constrained movement. DAPPA
addresses this limitation by analyzing local path geometry and applying direction-aware
refinement at intermediate waypoints. The detailed formulation of DAPPA was presented
in our previous work [60].

Let P = [po, P1,- - -, Pn—1) denote the path considered for direction-aware refinement.
For each intermediate waypoint p; = (r;,¢;), where 1 < i < n — 2, the incoming and
outgoing segment vectors are defined in Equations (19) and (20), respectively.

v; = pi— pi—1 = (i —Ti-1,Ci — Ci—1) (19)

v = pit1 — pi = (ris1 — i, Cip1 — Ci) (20)
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Using the segment vectors in Equations (19) and (20), the angular deviation at p; is
computed as shown in Equation (21).
-1 U; ) vi+ o o
61' = COs = . | 91' c [0 ,180 ] (21)
o lI21l7;" (|2

The cumulative angular variation in the path is then expressed in Equation (22).

() =) 6 (22)

As indicated by Equation (22), a lower cumulative angular value corresponds to
improved directional continuity and reduced turning effort.

Algorithm 1 Visibility and Line-of-Sight Path Simplification

Require: Path P = [pg, p1,-..,Pn-1), Grid G
Ensure: Simplified Path Pgimplified

1: if |P| < 3 then

2:  return P

3: end if

4: Initialize Psimplified < [P0]

5.1+ 0

6: while i < |P|—1 do

7. farthest < i+1

8 for j< |P|—1toi+1step—1 do

9: Let p; = (x;,y:) < P[i], pj = (xj,yj) < P[j]
10: visible < False

11: if p; = p; then

12: visible < True

13: else if x; = x; then

14: 1 < min(y;, y;), y2 < max(y;, y;)
15: visible < True

16: for y=yjtoy, do

17: if x; <Oorx; >rory<O0ory>corG[x][y] #1 then
18: visible < False

19: break
20: end if
21: end for
22: elseif y; =y; then
23: X1 < min(x;, xj), X < max(x;, x;)
24: visible < True
25: for x = xq to x, do
26: if x<Qorx>rory; <Oory; >corG[x][y;] #1 then
27: visible < False
28: break

29: end if

30: end for

31: end if

32: if visible then

33: farthest + j

34: break

35: end if

36:  end for

37:  Append Plfarthest] to Psimplified
38: i< farthest

39: end while

40: return Pgimplified
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The turning orientation at p; is determined using the signed two-dimensional cross
product in Equation (23).

Ap = (ri —ri—1)(ciy1 —¢i) — (i — ¢i—1) (rig1 — 71) (23)

In Equation (23), A; > O represents a leftward turn, while A; < 0 represents a rightward
turn. This sign information provides the directional basis for local refinement.
The waypoint refinement decision is defined in Equation (24).

remove, 6; =0°and V(p;_1,pi+1;G) =1
D(p;) = { retain,  6; > 90° (24)

adjust, 0° < 6; <90°

According to Equation (24), collinear redundant waypoints are removed when direct
feasibility is preserved, waypoints required for major directional transitions are retained,
and moderate turns are adjusted to improve smoothness.

For the adjustment case, the local traversable neighborhood of p; is defined in
Equation (25).

N (p;) = {z € Z* | G[z] = 1, z lies within the local search neighborhood of p;}  (25)

Using the neighborhood definition in Equation (25), the feasible candidate set is
expressed in Equation (26).

Ci={zeN(p;)) | V(pi_1,zG) =1and V(z,p;s1;G) = 1} (26)

Equation (26) states that each candidate point maintains line-of-sight connectivity with
the adjacent waypoints. The preferred refinement candidate is then selected by minimizing
the local geometric cost in Equation (27).

zi = argmin[Ag ||z = pi-ll2 + [Ipie1 = zll2) + 226;(2)] (27)

In Equation (27), A1 and A, control the relative contributions of local path length
and angular deviation. The adjusted waypoint is then computed using the refinement
coefficient K € [0, 1], as defined in Equation (28).

P = round((1 - K)p; + Kz) 28)
The cases associated with the value of K are summarized in Equation (29).

0, the original waypoint is retained
K=41, the waypoint is fully shifted to the selected refinement candidate ~ (29)

(0,1), the waypoint is partially adjusted

As indicated in Equation (29), K controls the strength of direction-aware waypoint
refinement. The local refinement concept of DAPPA is illustrated in Figure 3.
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Figure 3. DAPPA waypoint refinement: at each intermediate waypoint p;, the angle 6 and adjusted
point pnew are computed using K to reduce sharp turns, remove redundancies, and produce a
smoother trajectory. Purple dots indicate the original path waypoints, red dots indicate the refined
waypoints after applying DAPPA, solid blue arrows represent the robot motion direction, and curved
blue arrows indicate the directional change of the robot path corresponding to the rotation angle.

As illustrated in Figure 3, through the repeated application of Equations (19)—(28),
DAPPA reduces unnecessary directional changes, maintaining local feasibility. In this
formulation, DAPPA is employed as a local path-refinement mechanism to improve the
angular continuity of consecutive path segments. The occupancy map is initially inflated
according to the ground robot dimensions. Therefore, the path generated before DAPPA
refinement already satisfies the required clearance from obstacle boundaries. Accordingly,
the subsequent smoothing operation adjusts the local three-point angular configuration,
maintaining the collision-free feasibility established by the inflated map representation.
The combined path optimization sequence is expressed in Equation (30).

P* = Fparra(Fvroses(P, G), G) (30)

In Equation (30), FyLosps denotes the visibility-based simplification operator, and
Fparpa denotes the direction-aware refinement operator.

5.2. Comparative Analysis of CLoSPO and VLoSPS Algorithms

Both Constrained Line-of-Sight Path Optimization (CLoSPO) and VLoSPS reduce
redundant waypoints through axis-aligned line-of-sight evaluation. However, their search
procedures and waypoint selection rules differ significantly. CLoSPO follows an incremen-
tal forward search strategy, whereas VLoSPS applies a reverse long-range candidate search
to identify the farthest feasible waypoint. This distinction represents a key methodological
advancement of VLoSPS, as it shifts the simplification process from locally constrained
waypoint selection to farthest-feasible visibility-based waypoint selection.

For the current waypoint p;, CLoSPO advances through the path in the forward
direction and selects the last visible point before the first visibility violation. This behavior
is formulated in Equation (31).

jCLOSPQ(i) = max{j > i | V(P,', Pt;G) = 1, Vt € {i +1,.. ,]}} (31)

Equation (31) indicates that CLoSPO is controlled by local continuity of visibility along
the forward scan. Once a violation is encountered, the search terminates, and the last valid
waypoint is retained.
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In contrast, VLoSPS evaluates the remaining candidate waypoints in reverse order
and selects the farthest candidate that satisfies direct visibility from the current waypoint,
as defined in Equation (32).

jvioses (i) = max{j > i | V(p pj; G) = 1} (32)

Equation (32) prioritizes maximum waypoint compression under the visibility con-
straint. Therefore, VLoSPS can remove a larger number of intermediate points when long
obstacle-free horizontal or vertical segments exist.

The relationship between the two waypoint selection approaches is expressed in
Equation (33).

JvLosps (i) > jerospo (i) (33)

whenever a farther waypoint satisfies direct visibility beyond the locally constrained
stopping point of CLoSPO. Equation (33) explains the higher path compactness achieved
by VLoSPS in environments with long traversable grid-aligned corridors.

The main methodological differences between CLoSPO and VLoSPS are summarized
in Table 1.

As summarized in Table 1, VLoSPS differs from CLoSPO through its farthest-feasible
waypoint selection method and broader candidate evaluation process. A visual comparison
of path simplification using CLoSPO and VLoSPS is presented in Figure 4.

The qualitative comparison in Figure 4 is consistent with the analytical comparison
presented in Table 1. Therefore, the proposed post-processing framework contributes a
mathematically defined and algorithm-independent refinement approach for improving
the path length, waypoint structure, and directional quality of classical grid-based path
planning outputs.

Table 1. Comparative analysis of CLoSPO and VLoSPS algorithms based on their search strategies

and suitable application scenarios in path simplification.

Criterion CLoSPO VLoSPS

Incremental forward search starting at the Global backward search beginning at the
Search Strategy current point and advancing to the last visible ~ current position and evaluating the farthest

point before encountering an obstacle. visible point toward the goal.

Restricts visibility strictly to axis-aligned Considers axis-aligned visibility as well,
Visibility Model directions (horizontal or vertical), terminating  but evaluates more broadly to identify the

when an obstacle is detected.

longest possible obstacle-free segment.

Path Compactness

Produces moderately simplified paths with
locally optimized segments.

Produces highly compact paths, resulting in
fewer and more direct segments.

Computational Complexity

Relatively low, due to early termination upon
violation of visibility constraints.

Relatively high, as it performs exhaustive
scanning to identify the farthest valid waypoint.

Robustness to Grid Density

More effective in dense environments with
frequent obstacles, where long unobstructed
segments are scarce.

More effective in sparse environments with
longer clear paths that can be exploited.

Search Behavior

Local and incremental, simplifying the
path step by step with early termination
at each obstacle.

Global within the visibility scope, performing
an exhaustive search to maximize segment
simplification at each iteration.

Ideal Application Context

Well-suited for systems requiring gradual
progression and constrained simplification,
especially in cluttered environments.

Suitable for systems that prioritize globally
compact paths and reduced waypoint overhead,
particularly in open environments.
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Std. +CLoSPO +VLoSPS

Zoomed
In View

Figure 4. Comparison of path simplification using CLoSPO and VLoSPS on a 30 x 30 maze grid image
(std.: standard algorithm; +CLoSPO: CLoSPO simplification applied; +VLoSPS: VLoSPS simplification
applied). The blue and green dots denote the source and destination positions, respectively, while the
red line represents the planned robot trajectory. The black rectangular frames indicate the selected
regions enlarged in the corresponding zoomed-in views.

6. Experimental Evaluation

This section presents the experimental evaluation of the proposed path optimization
framework. The evaluation includes visual analyses of UAV-derived map sequences,
comparisons of path generation before and after post-processing, and quantitative path
length assessments against existing algorithms using benchmark datasets. The proposed
framework was implemented and evaluated in a Google Colab-based Python 3.12 en-
vironment, with numerical computation and path optimization operations performed
using the NumPy library. The experiments were accessed and managed through a local
workstation equipped with a 12th Gen Intel(R) Core(TM) i7-1255U processor operating
at 1.70 GHz, 16 GB RAM, a 477 GB SSD, and a 64-bit Windows operating system. As the
implementation was executed in Google Colab, the computational setup primarily repre-
sents the Python-based cloud execution environment used for evaluating the proposed
path planning and optimization framework.

6.1. Comparative Visualization of Proposed Post-Processing Techniques Applied to Various Path
Planning Algorithms

Figure 5 presents a qualitative visual comparison of path planning outcomes gener-
ated by four classical algorithms under three different processing stages: standard (Std.),
after applying VLoSPS, and after the full VLoSPS + DAPPA pipeline. DFS produces highly
convoluted paths with excessive detours and backtracking due to its depth-prioritized
nature. It explores each branch as far as possible, often disregarding path optimality, which
results in inefficient trajectories. BFS, while producing more direct paths than DFS, tends to
produce paths with rigid, axis-aligned patterns, resulting in blocky or stair-like transitions,
particularly around corners.

On the other hand, Dijkstra’s algorithm systematically explores the search space based
on the lowest cumulative cost from the starting point, resulting in smoother and more
optimal paths. However, as it does not incorporate directional guidance toward the goal,
its paths may be slightly longer. A* addresses this by integrating a heuristic function to
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estimate the cost of the goal, allowing the algorithm to focus its exploration more efficiently.
As a result, A* typically produces more direct paths that better align with the overall
direction of the goal.

For all algorithms, especially DFS, unnecessary directional changes are reduced,
and the paths become visibly straighter after applying VLoSPS. Therefore, DFS path
becomes significantly more direct and begins to resemble the structure of BFS, as VLoSPS
eliminates redundant segments by enforcing line-of-sight assessments between path nodes.
In contrast, BFS remains unaffected by VLoSPS in terms of path length. This is because BFS
inherently produces the shortest possible path under strict horizontal and vertical move-
ment constraints. Although it performs well in terms of visibility along grid axes, the lack
of diagonal movement prevents it from achieving true geometric optimality. Dijkstra and
A*, while generating efficient paths due to their cost-based and heuristic-guided search
strategies, still produce segments that are not fully aligned with line-of-sight continuity.
As a result, VLoSPS is able to make minor yet significant refinements by removing such
redundant turns.

The integration of DAPPA further enhances the refined paths by improving directional
continuity and minimizing unnecessary angular deviations. This effect is especially promi-
nent in DFS and BFS, where the paths become smoother and exhibit improved turning
behavior. For A* and Dijkstra, the post-processing leads to greater directional consistency,
with fewer sharp turns and a noticeable reduction in local zig-zag patterns. The final
column of Figure 5 presents a zoomed-in view of a representative A* path segment, clearly
illustrating these geometric improvements, where the refined path illustrates smoother
transitions and improved structural coherence compared to the initial version.

DFS BFS Dijkstra A* Zoomed-In View (A*)

Std.

Std.
+

VLoSPS

Std.

+
VLoSPS
+
DAPPA

Std.
+
VLoSPS

+
DAPPA
+
Bezier

Figure 5. Visualization of paths generated by different path planning algorithms with VLoSPS and
DAPPA post-processing and Bézier smoothing applied to a 30 x 30 maze image (std.: standard
algorithm). The blue and green dots denote the source and destination positions, respectively, while
the red line represents the planned robot trajectory. The black rectangular frames indicate the selected
regions enlarged in the corresponding zoomed-in views.
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6.2. Comparison of Average Path Lengths on Real-World Segmented and Synthetic Grid
Maze Datasets

This subsection presents a comparative analysis of average path lengths across syn-
thetic maze datasets of varying sizes and real-world semantically segmented datasets,
including evaluations of post-processing enhancements applied to classical path plan-
ning algorithms.

6.2.1. Comparison of Average Path Lengths on Different Synthetic Maze Datasets with
Varying Maze Sizes

A quantitative evaluation of classical path planning algorithms across a range of
synthetic maze environments of varying sizes is conducted and summarized in Table 2.
The evaluation focuses on the average initial path length and the subsequent reductions
achieved through the proposed VLoSPS and DAPPA post-processing techniques. As ob-
served, the most significant improvements are consistently realized for DFS, which initially
produces highly suboptimal paths due to its nature of deeply exploring branches be-
fore backtracking. For instance, in 100 x 100 mazes, the unoptimized DFS path averages
508.13 units. VLoSPS alone reduces this to 271.63 units, a 46.54% improvement, by eliminat-
ing unnecessary directional deviations and enforcing line-of-sight connections. While this
does not surpass BFS (171.78 units), it significantly narrows the gap, demonstrating that
VLoSPS brings DFS much closer in performance to more efficient algorithms by structurally
simplifying its paths.

Table 2. Comparison of path planning algorithms with proposed path optimization techniques
on synthetic maze environments (N: number of maze samples; init. len.: initial path length in
units; +VLoSPS: VLoSPS simplification applied; +VLoSPS + DAPPA: VLoSPS followed by DAPPA
simplification; avg. len.: average path length in units; redu. (%): reduction percentage with respect to

initial length).
+VLoSPS +VLoSPS + DAPPA
Dataset Maze Size N Algo. Init. Len.
Avg.Len. Redu. (%) Avg.Len. Redu. (%)
A* 18.27 17.73 2.96 17.28 5.42
Gottingen's Dij. 19.24 17.86 7.14 17.42 9.46
Maze Dataset [61] 30 %30 2000 BFS 21.13 21.13 0.00 18.92 10.44
DFS 240.44 37.75 84.30 33.67 86.00
A* 10.36 10.18 1.74 9.99 3.60
Dij. 10.51 10.22 2.77 10.03 4.59
1010 1500 BES 1838 1838 0.00 1543 16.07
DFS 28.86 21.30 26.22 17.81 38.30
A* 32.77 32.14 1.91 31.48 3.93
Dij. 33.08 32.18 2.71 31.57 4.56
3030 1500 BFS 56.52 56.52 0.00 48.20 14.72
Maze Images DFS 186.76 79.56 57.40 67.21 64.01
Dataset [62] A* 58.47 57.44 1.76 56.30 3.71
1500 Dij. 58.56 57.23 227 56.22 3.99
50 x50 BFS 89.94 89.94 0.00 77.00 14.38
1294 DFS 432,61 142.86 66.98 120.59 72.13
A* 123.82 121.94 1.53 119.52 3.48
1500 Dij. 123.07 120.76 1.87 118.69 3.56
100 %< 100 BFS 171.78 171.78 0.00 147.74 14.00
431 DFS 508.13 271.63 46.54 229.18 54.90

Note: Bold values indicate the reduction percentages achieved using the complete proposed optimization pipeline
(+VLoSPS + DAPPA).
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When the DAPPA refinement is applied following VLoSPS, further reductions in
average path length are observed across all algorithms, with particularly considerable
improvements in DFS. In the 100 x 100 mazes, DFS paths shorten from 508.13 units initially
to 271.63 units with VLoSPS and further to 229.18 units with DAPPA, achieving a total
reduction of 54.90%. Similarly, in the 50 x 50 maze configuration, DFS shows a signifi-
cant reduction in path length, decreasing from 432.61 units to 142.86 units after applying
VLoSPS, and further to 120.59 units with the addition of DAPPA. In comparison, A* and
Dijkstra, which already produce relatively efficient paths, also benefit from the proposed
techniques. For example, in the 100 x 100 mazes, A* achieves a reduction from 123.82 units
to 121.94 units after applying VLoSPS, and further to 119.52 units with DAPPA, resulting in
a total reduction of 3.48%. Similarly, Dijkstra’s path length is reduced from 123.07 units to
120.76 units with VLoSPS, and to 118.69 units after DAPPA, leading to a total improvement
of 3.56%. BFS, on the other hand, shows no improvement with VLoSPS alone due to its
breadth-wise shortest-path nature but gains significantly from DAPPA, which introduces
direction-aware enhancements yielding a 14.38% total reduction in 50 x 50 mazes. These re-
sults confirm that, while the degree of improvement varies across algorithms, the proposed
VLoSPS + DAPPA pipeline consistently delivers performance benefits by refining path
geometry and enhancing navigability, regardless of the baseline path planning strategy.

It is important to highlight that for the larger maze sizes (50 x 50 and 100 x 100),
complete path solutions were not obtained for all 1500 maze samples. This is primarily
due to the increased computational and memory requirements, especially for DFS, which
limited the number of successfully generated paths to 1294 for the 50 x 50 mazes and 431
for the 100 x 100 mazes. This constraint highlights the inherent challenges and trade-offs
associated with employing depth-intensive algorithms in large, complex environments.
Furthermore, it emphasizes the importance of applying post-processing methods such as
VLoSPS and DAPPA, which mitigate these inefficiencies by simplifying path structures and
reducing traversal complexity in densely populated grid environments.

6.2.2. Comparative Evaluation of Post-Processing Enhancements for A* and Dijkstra Path
Planning Algorithms Using Maze Datasets and Prior Benchmark Studies

This analysis focuses on the path length reductions and corresponding improvements
in path optimality achieved by the proposed post-processing techniques applied to the
A* and Dijkstra algorithms, which are widely regarded in the path planning literature.
The percentage of relative path reduction R is computed using Equation (34).

— Ls — LP
=T
where L; denotes the path length generated by the standard path planning algorithm,

R x 100% (34)

and L, denotes the path length after applying the post-processing technique. A higher
value of R indicates a greater improvement in the reduction of the path due to the simplifi-
cation method.

Similarly, the path optimality O, defined as the ratio of the standard A* path length to
the path length obtained by a given algorithm, is expressed in Equation (35).

Ly

a

0=

x 100% (35)

where L4 denotes the path length generated by the standard A* algorithm, and L, denotes
the path length obtained by the specific algorithm under evaluation. A higher value of O
indicates better path optimality of the evaluated algorithm relative to A*.

On the Gottingen Maze Dataset [61], applying VLoSPS reduces the average A* path
length from 18.27 to 17.73 units, a 2.96% reduction. Similarly, Dijkstra’s path length
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decreases from 19.24 to 17.86 units, corresponding to a 7.14% improvement. When VLoSPS
is combined with DAPPA, the path length is further reduced to 17.28 units for A* (5.42%
reduction) and to 17.42 units for Dijkstra (9.46% reduction). Consistent improvements are
also observed on the Maze-Images Dataset [62], where VLoSPS + DAPPA achieves average
path length reductions of 3.4—4.6% across various maze sizes for both A* and Dijkstra,
as summarized in Table 2.

Figure 6 compares the path optimality of various algorithms on the maze dataset,
with standard A* serving as the 100% baseline. Learning-based methods such as E2E-
OSPPNet and OS-MPNet achieve only 78.20% and 79.43% of A* optimality, respec-
tively, revealing a significant gap of over 20% relative to A*. In contrast, the proposed
post-processing techniques outperform A* by producing shorter and smoother paths,
with CLoSPO and VLoSPS achieving optimality of 101.56% and 103.05%, respectively.
These improvements become even more pronounced when combined with DAPPA,
reaching 104.88% and 105.73% for CLoSPO + DAPPA and VLoSPS + DAPPA, respectively.

E2E 78.20%

0S-MP 79.43%

|
Std. A% { 100.00%
A*+CL0S ; 101.56%
RegW A* 101.61%
PNW A* 102.53%

A*+VLoS 103.05%

Dens A* 103.28%
Geom. A* 104.23%
Theta* 104.76%

A*+CLoS+DAP 104.88%

A*+VLoS+DAP 105.73%

Geom. A*+VLoS+DAP 107.03%

L T T T T + T T
75 80 85 90 95 100 105 110
Path Optimality (%)

Figure 6. Comparison of path optimality (%) of various algorithms on maze datasets (Std. A*:
Standard A* (baseline at 100%); E2E: E2E-OSPPNet; OS-MP: OS-MPNet; RegW A*: Region-Weighted
A*; PNW A*: Parent-Node Weighted A*; Dens A*: Density-Aware A*; CLoS: CLoSPO; VLoS: VLoSPS;
Geom. A*: Geometric A*; DAP: DAPPA). The red dotted vertical line indicates the 100% baseline
corresponding to the standard A* algorithm.

We also benchmarked the proposed method against RegW A*, PNW A*, Dens A%,
Geom. A* and Theta* as described in [30], [29], [31], [13], and [32] respectively. These
methods improve standard A* through different path optimization and post-processing
techniques. On the Gottingen Maze Dataset, RegW A* achieved a path optimality of
101.61% with an average path length of 17.98 units, while PNW A* achieved 102.53%
optimality with an average path length of 17.82 units. Dens A* further improved the result,
achieving 103.28% path optimality and an average path length of 17.69 units. Geom. A*
obtained 104.23% path optimality with an average path length of 17.53 units, whereas
Theta* achieved 104.76% path optimality with an average path length of 17.44 units. These
results indicate that the selected benchmark methods progressively improve upon standard
A* by reducing path length and improving path optimality through different refinement
mechanisms. In comparison, VLoSPS produced path lengths comparable to those generated
by Geom. A*, as illustrated in Figure 7. Moreover, when VLoSPS and DAPPA were applied
as post-processing stages to Geom. A*, the resulting pipeline achieved the shortest average
path length of 17.07 units and the highest path optimality of 107.03%.
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The combination of Geom. A* with VLoSPS and DAPPA produced further reductions
in path length and improved path smoothness, as illustrated in Figure 8. Additional path
improvement can also be obtained through Bézier-based curve smoothing, as demonstrated
in our previous work [60], independent of the initial planning algorithm or post-processing
configuration. In contrast to existing baseline methods and recent A*-based approaches that
are designed for specific search mechanisms, the proposed VLoSPS and DAPPA pipeline
provides a generalized post-processing pipeline for refining paths generated by different
grid-based planning algorithms. This algorithm-independent formulation improves its
applicability across diverse path planning methods and demonstrates its effectiveness
in producing shorter, smoother, and geometrically more consistent paths compared with
standard heuristic-based and learning-based methods.

Standard A* Geometric A* Standard A* + VLoSPS Standard A* + VLoSPS + DAPPA

= i =

A
Path

Zoomed
In View

b

Figure 7. Comparison of path optimization on a 50 x 50 maze grid using Geom. A* [13], VLoSPS,
and VLoSPS + DAPPA techniques. The blue and green dots denote the source and destination
positions, respectively, while the red line represents the planned robot trajectory. The black rectangular

frames indicate the selected regions enlarged in the corresponding zoomed-in views.

Goometric A%+ Geometric A* + Geometric A*+
Standard A* Geometric A* VLoSPS + DAPPA VLOSPS + DAPPA + Quadratic VLoSPS + DAPPA + Rational
Bezier Quadratic Bezier

Figure 8. Comparison of paths generated by Standard A*, Geom. A*, and Geom. A* enhanced with
VLoSPS, DAPPA and Bézier smoothing (quadratic and rational quadratic) techniques. The blue and
green dots denote the source and destination positions, respectively, while the red line represents the
planned robot trajectory.

6.2.3. Comparison of Average Path Lengths on Real-World Semantically Segmented
Image Datasets

The results in Table 3 demonstrate the effectiveness of the proposed post-processing
techniques, VLoSPS and DAPPA, in reducing the average path lengths across multiple real-
world semantically segmented image datasets. For the dataset from [61], A*’s initial average
path length of 1187.89 units is reduced to 1164.64 units after applying VLoSPS, a 1.96%
reduction. Further refinement with DAPPA decreases the path length to 1129.33 units,
corresponding to a total reduction of 4.93%. Similarly, Dijkstra exhibits a reduction from
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1198.08 units to 1166.91 units (2.60%) with VLoSPS, and a further decrease to 1132.62 units
(5.46%) after DAPPA. Significantly, BFS shows no improvement with VLoSPS alone, main-
taining a path length of 1412.97 units, but experiences a substantial 16.41% reduction after
the combined VLoSPS + DAPPA processing, decreasing the path length to 1181.05 units.

The results further demonstrate consistent improvements on the [58,59] datasets.
In the [58] dataset, A* and Dijkstra achieve total path length reductions of 4.11% and
4.63%, respectively, following the application of both VLoSPS and DAPPA. BFS, while
unaffected by VLoSPS alone, shows a notable 15.00% reduction after full post-processing.
Similarly, in the [59] dataset, A* and Dijkstra achieve overall reductions of 5.13% and 5.75%,
respectively, while BFS exhibits the most substantial improvement of 17.38%. DFS was not
applied to these datasets due to the high spatial resolution of the semantically segmented
images. In the processing pipeline, these images are converted into binary occupancy
grids, resulting in large maze dimensions. Given the DFS strategy, where it recursively
explores each branch to its maximum depth before backtracking, the algorithm becomes
computationally intensive and inefficient in such expansive environments. As a result, path
generation using DFS in these high-resolution grid maps imposes significant memory and
processing demands, rendering it impractical for these datasets.

Table 3. Comparison of path planning algorithms with proposed path optimization techniques for
average path length on real-world semantically segmented images (N: number of image samples;
init. len.: initial path length in units; +VLoSPS: VLoSPS simplification applied; +VLoSPS + DAPPA:
VLoSPS followed by DAPPA simplification; avg. len.: average path length in units; redu. (%):
reduction percentage with respect to initial length).

+VLoSPS +VLoSPS + DAPPA
Dataset N Algo. Init. Len.
Avg. Len. Redu. (%) Avg.Len. Redu. (%)

MBRSC Dubai A¥ 1187.89 1164.64 1.96 1129.33 4.93
ubai .

Aerial Dataset [56] 30 Dijkstra  1198.08 1166.91 2.60 1132.62 5.46

BFS 1412.97 1412.97 0.00 1181.05 16.41

ISPRS Uh A¥ 3284.56 3241.27 1.32 3149.64 4.11
rban .

Semantic Dataset [58] 71  Dijkstra  3439.52 3362.99 2.23 3280.14 4.63

BFS 4103.65 4103.65 0.00 3488.09 15.00

A* 1021.21 996.22 2.45 968.87 5.13

UAVid Dataset [59] 270 Dijkstra  1040.47 1005.40 3.37 980.62 5.75

BFS 1236.45 1236.45 0.00 1021.51 17.38

Note: Bold values indicate the reduction percentages achieved using the complete proposed optimization pipeline
(+VLoSPS + DAPPA).

6.3. Real-Time Computational Performance Analysis

The computational performance of the path planning and optimization stages was
analyzed using the same Gottingen Maze Dataset to assess the practical applicability of
the proposed framework. The baseline path search stage produced total execution times
of 3.0065s, 4.910s, 3.337 s, and 3.837 s for A*, Dijkstra, BFS, and DFS, respectively, over the
complete dataset. These results indicate that the primary computational cost is dominated
by the initial graph traversal and path discovery stage.

The additional computational overhead introduced by the proposed VLoSPS and
DAPPA stages remained comparatively low across most planning algorithms. The VLoSPS
stage required 0.1365s, 0.127's, 0.148 s, and 0.879 s for A*, Dijkstra, BFS, and DFS, respec-
tively. Similarly, the DAPPA refinement stage required 0.188s, 0.197 s, 0.150's, and 0.187 s
for A*, Dijkstra, BFS, and DFS, respectively. DFS produced a comparatively higher VLoSPS
execution time due to the larger number of redundant intermediate path segments gen-
erated during the initial traversal stage. These observations indicate that the proposed
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pipeline introduces only limited computational overhead compared with the baseline path
planning process, highlighting its suitability for real-time UAV-assisted navigation and
path optimization.

6.4. Visualization of Path Planning on UAV-Derived Map Sequences

A sequence of aerial image frames captured by the UAV is processed through a
pipeline to compute locally optimal paths within each frame as illustrated in Figure 9.
In this approach, specific source and destination points are defined per frame, and a path
planning algorithm is executed independently on each frame to generate a feasible path.
This frame-wise strategy decomposes the global navigation task into a series of localized
sub-problems, allowing the UGV to incrementally progress toward its overall objective.
The system attains real-time situational awareness, enhancing decision-making at each
planning step by using the high vantage point and wide field of view of the UAV.

Original UAV
Frame

Annotated
Ground Truth

Binary
Occupancy Grid

Optimized Path

Figure 9. Stitching multiple drone-captured images to form a larger map and applying the pipeline
on each frame to generate an optimal goal-directed path. The blue and green dots denote the source
and destination positions, respectively, while the red line represents the planned robot trajectory.

The selected real-world datasets provide complementary aerial perspectives for
evaluating the proposed path planning pipeline. The MBRSC Dubai Aerial Dataset rep-
resents satellite-based urban imagery from Dubai, including structured road networks,
residential regions, vegetation, water bodies, and mixed-use infrastructure, supporting
large-scale road-mask generation and global path planning analysis. The ISPRS Urban
Semantic Dataset provides high-resolution airborne orthophotography from Vaihingen
and Potsdam in Germany, enabling evaluation in dense urban scenes with complex
morphology and detailed semantic annotations. The UAVid Dataset further contributes
UAV-captured oblique-view imagery obtained using UAV-mounted 4K cameras, contain-
ing roads, buildings, vegetation, moving vehicles, and pedestrians in temporal urban
sequences. Therefore, the evaluation covers satellite, airborne, and UAV-mounted visual
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data, allowing the proposed pipeline to be assessed under realistic sensing conditions,
diverse urban structures, and practical UAV-assisted navigation scenarios.

Although the resulting path segments may not always constitute a globally optimal
solution across the entire sequence, they remain sufficiently efficient for deployment in
partially known environments. This provides scalable UAV-UGYV collaboration by distribut-
ing computational responsibilities and making informed local decisions based on current
visual input. In addition, combining the higher, broader perspective of the UAV with
the limited upward view from the ground-level UGV enables more effective navigation
through complex terrain, as the complementary perspectives facilitate selecting safer, more
efficient paths. Consequently, the UGV can traverse challenging environments under the
direction of the UAV, benefiting from a robust, cooperative framework.

7. Discussion and Conclusions

This study proposed a modular path planning optimization framework for UGVs oper-
ating in UAV-assisted navigation environments. The framework addresses key limitations
of classical grid-based path planning algorithms, including redundant waypoint generation,
excessive path length, and sharp directional changes. The proposed pipeline transforms
UAV-captured or semantically segmented imagery into binary occupancy maps and applies
classical graph-based planners, followed by a two-stage post-processing approach com-
posed of VLoSPS and DAPPA. The principal innovation of this work is the development
of VLoSPS, an algorithm-independent and visibility-aware waypoint reduction method
that performs long-range axis-aligned line-of-sight analysis to eliminate redundant path
segments. The integration of DAPPA further improves the geometric structure of the
resulting path by reducing angular deviations and improving directional continuity.

The experimental results confirm the effectiveness and general applicability of the
proposed framework across both synthetic and real-world navigation scenarios. Evalua-
tions conducted on benchmark maze datasets and UAV-derived semantically segmented
datasets demonstrate that the proposed post-processing pipeline consistently improves
path efficiency across multiple baseline algorithms, including A*, Dijkstra, BFS, and DFS.
On the Gottingen Maze Dataset, the combined VLoSPS and DAPPA pipeline reduced the
average path lengths of A*, Dijkstra, BFS, and DFS by 5.42%, 9.46%, 10.44%, and 86.00%,
respectively, relative to their standard implementations. These results indicate that the
proposed method provides measurable improvements even for already efficient planners
such as A* and Dijkstra, producing substantial reductions for less optimal search strategies
such as DFS. The results obtained from real-world semantically segmented datasets further
demonstrate the practical relevance of the approach for UAV-assisted UGV navigation in
complex urban and aerial-ground collaborative environments.

A further academic contribution of this study is the comparative evaluation of VLoSPS
against the previously introduced CLoSPO algorithm. The results show that VLoSPS
achieves better path optimality by selecting the farthest visible waypoint at each simplifica-
tion step, facilitating more effective reduction in redundant intermediate nodes. In terms of
relative path optimality, VLoSPS combined with DAPPA achieved up to 105.73% compared
with the standard A* baseline of 100%, while CLoSPO with DAPPA achieved 104.88% and
CLoSPO alone achieved 101.56%. This improvement establishes VLoSPS as a more effective
visibility-aware path simplification method and validates its contribution as a generalized
post-processing method for grid-based path planning.

This work also contributes to reproducible research by releasing semantic-to-binary
converted versions of three UAV imagery datasets and a newly generated synthetic
maze dataset containing 6000 binary maze images across four grid resolutions. These
datasets provide structured resources for evaluating path planning and post-processing
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algorithms under both controlled and realistic conditions. In conclusion, the proposed
VLoSPS and DAPPA framework advances classical grid-based path planning by provid-
ing an algorithm-independent, computationally practical, and experimentally validated
approach for improving path optimality, compactness, and navigability. The codebase
and benchmark resources developed for this study are publicly available on GitHub [62],
supporting reproducibility, independent validation, and further research. As the current
approach is developed using UAV-derived two-dimensional occupancy maps, future
work can further improve its adaptability by combining dynamic obstacle awareness,
terrain-aware cost modeling, and real-time map updating. In addition, real UGV naviga-
tion using UAV-derived maps is currently being developed as part of our ongoing work
to further validate the framework in physical robotic environments. These extensions
would further strengthen the applicability of the framework to practical UAV-UGV
collaborative scenarios, including search and rescue, disaster monitoring, agricultural
field navigation, and autonomous navigation in partially known environments.
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