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Abstract

The A* algorithm is a cornerstone in mobile robot navigation. However, the traditional A*
suffers from key limitations such as poor path smoothness, lack of adaptability to dynamic
environments, and high computational costs in large-scale maps. This review presents a
comprehensive analysis of 20 recent studies (2020-2025) on improved A* variants and their
hybrid integrations with complementary algorithms. The improvements are categorized
into two core strategies: (i) geometric and structural optimization, heuristic weighting
and adaptive search schemes in A* algorithm, and (ii) hybrid models combining A* with
local planners such as Dynamic Window Approach (DWA), Artificial Potential Field (APF),
and Particle Swarm Optimization (PSO). For each group, the mathematical formulations
of evaluation functions, smoothing techniques, and constraint handling mechanisms are
detailed. Notably, hybrid frameworks demonstrate improved robustness in dynamic or
partially known environments by leveraging A* for global optimality and local planners
for real-time adaptability. Case studies with simulated grid maps and benchmark scenarios
show that even marginal improvements in path length can coincide with substantial gains
in safety and directional stability. This review not only synthesizes the state of the art in
A*-based planning but also outlines design principles for building intelligent, adaptive,
and computationally efficient navigation systems.

Keywords: A* algorithm; path planning; mobile robotics; heuristic optimization; hybrid
navigation systems; obstacle avoidance

1. Introduction

Autonomous path planning has been a cornerstone of mobile robotics research for over
three decades, reflecting the growing complexity of dynamic environments and the need for
intelligent, real-time decision-making. The foundational work by Kosaka & Kak (1992) [1]
marked an early attempt to integrate vision and probabilistic models via the FINALE (Fast
Indoor Navigation Allowing for Locational Errors) system, leveraging Kalman filters for
indoor navigation under uncertainty. This seminal research laid the groundwork for later
developments in map-based navigation and uncertainty handling. During the following
decades, advances in localization, mapping, and real-time perception significantly shaped
the path planning landscape. Patle et al. (2019) [2] provided a comprehensive survey
of path planning strategies, broadly classifying them into global and local methods, as
well as static and dynamic planning. Their work emphasizes the rise in intelligent and
bio-inspired approaches—such as genetic algorithm (GA), particle swarm optimization
(PSO), colony optimization (ACO), and artificial bee colony (ABC)—for effective obstacle
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avoidance and trajectory generation in both static and uncertain environments. As robots
became more autonomous, there was a pressing need to process environmental information
more effectively and at higher speeds.

The evolution of robotic platforms also contributed to this progress. Taheri and Zhao.
(2020) [3] reviewed omnidirectional mobile robot systems that are capable of holonomic
motion, allowing them to navigate in narrow and complex spaces with enhanced maneu-
verability and flexibility. In parallel, several intelligent decision-making frameworks have
emerged, combining fuzzy logic, artificial neural networks, and optimization techniques
to improve adaptiveness in robotics and control systems, as shown by Cebollada et al.
(2021) [4].

Real-world deployment scenarios such as intralogistics demanded new path planning
paradigms that could operate under spatial and temporal constraints. Fragapane et al.
(2021) [5] discussed the role of agent-based simulations and decentralized control in ware-
house intralogistics, where autonomous mobile robots interact and negotiate with each
other to optimize task allocation, reflecting broader concerns for scalability and robustness
in dynamic multi-agent environments. Simultaneously, robust localization remained a
prerequisite for accurate path execution. Panigrahi & Bisoy (2022) [6] categorized localiza-
tion algorithms based on initial position awareness, and reviewed key methods including
probabilistic approaches, simultaneous localization and mapping (SLAM), and Al-based
techniques such as fuzzy logic, PSO, and neural networks. They emphasized the role of
sensor fusion and feature-based mapping in reducing pose uncertainty and enhancing
localization accuracy.

As robotic autonomy advanced, research began focusing on adaptable navigation
systems capable of functioning in complex or partially known environments. Liu et al.
(2023) [7] discussed a hybrid topological-metric mapping framework based on Mixed Rep-
resentation (MR), which integrates the global efficiency of topological planning with the
local precision of metric modeling. Their layered navigation strategy—employing global
topological maps alongside subregion-based metric detail—enables scalable and flexible
path planning without requiring exhaustive prior environment modeling. Simultaneously,
Singh et al. (2023) [8] reviewed the transformative role of deep reinforcement learning (DRL)
in mobile robot navigation. DRL enables robots to learn navigation strategies through
interaction and feedback, often outperforming traditional planners in dynamic, unstruc-
tured environments. Further consolidating this shift, Loganathan & Ahmad (2023) [9]
reviewed the integration of advanced sensing, SLAM, and high-definition mapping tech-
nologies to construct autonomous navigation pipelines. They emphasized the need to
integrate global and local path planning modules, enabling robots to achieve both opti-
mal route planning and real-time obstacle avoidance—an essential feature in dynamic or
unpredictable environments.

The frontier of robotic navigation now includes emerging domains such as construction
robotics, where planners must dynamically adapt to evolving physical environments. Zhao
et al. (2025) [10] proposed a structured, three-phase planning framework—comprising
construction task sequencing, element transit planning, and joint trajectory refinement—to
coordinate high-level symbolic reasoning with low-level motion execution in autonomous
in situ construction. Taleb et al. (2025) [11] emphasized the integration of mapping,
localization, and path planning as a unified triad. Their review explores SLAM, semantic-
level perception, and learning-enhanced planning algorithms as core enablers of intelligent
robot navigation, particularly in complex and dynamic environments such as hospitals or
emergency zones.

The A* algorithm occupies a central position in path planning research, combining the
accumulated cost function of Dijkstra’s algorithm with the heuristic-driven exploration of
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Best-First search. This hybrid formulation allows A* to achieve deterministic optimality
under admissible heuristics while maintaining superior computational efficiency compared
with Dijkstra, which, though optimal, suffers from exhaustive node expansion in large or
dense graphs. In contrast, Best-First search offers faster convergence by following heuristic
estimates alone, yet frequently sacrifices path quality and reliability in cluttered environ-
ments. A* therefore provides a balanced compromise, guiding the search efficiently toward
the goal while preserving optimality. When contrasted with the Probabilistic Roadmap
Method (PRM), A* represents a fundamentally different paradigm. PRM is designed for
high-dimensional or continuous spaces, where it constructs a roadmap through random
sampling and connection of collision-free nodes. While PRM offers probabilistic com-
pleteness and improved scalability for multi-degree-of-freedom robotic systems, it lacks
the deterministic guarantees of A* and incurs significant preprocessing costs in dynamic
environments. Overall, A* is best suited for structured, low-dimensional domains, whereas
Dijkstra, Best-First, and PRM retain situational relevance depending on the requirements
of speed, and scalability.

The A* search algorithm is a widely used and efficient pathfinding technique [12].
Within the framework of the A* pathfinding algorithm, the evaluation function is explicitly
defined in mathematical form as f(n) = g(n) + h(n) [13], where f(n) represents the total
estimated cost of traveling from the start node to the goal node through the intermediate
node n. The term g(n) denotes the actual accumulated cost from the initial node ng to the

current node n, calculated as
K

gn) =) c(ne_1,ny) 1)

k=1
where c(ny_1, ny) is the movement cost between two consecutive nodes along the known

path. The term h(n) serves as the heuristic function, providing an estimate of the remaining
cost from node n to the goal node ngo,, typically modeled as the Euclidean distance,

h(n) = /0 —xg)* + (¥ — ¥5)? @)

or the Manhattan distance |x, — Xg| + [yn — yg| among other metrics [14], depending on
the characteristics of the search space. This two-component structure allows A* to balance
the accuracy of the known cost with the ability to predict the remaining cost, thereby
improving search efficiency and preserving the optimality of the path compared with
traditional exhaustive methods such as Dijkstra’s algorithm.

Choosing an appropriate heuristic is critical [15]. A heuristic is admissible if it never
overestimates the true cost and consistent if it obeys the triangle inequality. Common
heuristics include Manhattan distance for grid maps or Euclidean distance for continuous
spaces. A* guarantees optimality only when the heuristic is admissible. Implementation
details, such as tie-breaking, grid connectivity (4-way, 8-way), and data structures (priority
queues), significantly affect performance. Amit Patel suggests breaking ties in favor of
nodes with higher g(n) to encourage smoother, less “zigzag” paths [16].

In heuristic-based path planning, the choice of evaluation metric critically influences
the efficiency and quality of the A* algorithm. The Manhattan distance, defined as the
sum of absolute coordinate differences, is particularly suitable for four-connected grid
environments where movement is constrained to orthogonal directions. Its computational
simplicity is advantageous, though it often underestimates true path cost in scenarios
involving diagonal movement. The Euclidean distance, by contrast, calculates the straight-
line distance between two points, providing an admissible heuristic that better reflects
continuous motion. However, in grid-based applications, Euclidean estimation can overem-
phasize diagonal proximity, leading to expanded nodes that do not align well with the
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allowed movement set. The octile distance addresses this limitation by integrating both
orthogonal and diagonal movements into its formulation, assigning a weight of /2 for
diagonals and 1 for straight moves. This produces a more accurate and admissible heuristic
for eight-connected grids, striking a balance between accuracy and computational cost.
Finally, the Chebyshev distance measures the maximum absolute difference across coor-
dinates, effectively assuming unrestricted diagonal and orthogonal movement at equal
cost. While computationally efficient, it may over-simplify environments with anisotropic
motion constraints. Collectively, these metrics highlight the necessity of aligning heuristic
design with the robot’s mobility model and grid topology to ensure both admissibility and
search efficiency.

Path planning remains a core problem in mobile robotics, particularly in dynamic
and partially observable environments. Traditional algorithms such as A* are widely
adopted for global path planning in grid-based representations [17]. Despite its widespread
use, the traditional A* algorithm exhibits several limitations that hinder its application
in real-world robotic systems. Firstly, A* does not account for the kinematic or dynamic
constraints of vehicles—it only computes geometrically valid paths without considering
turning radii, speed limits, or feasible angular transitions. As a result, the generated paths
may include sharp, impractical turns that are infeasible for wheeled robots [18]. Secondly,
A* often produces jagged or sawtooth-like trajectories due to grid discretization, which
reduces motion smoothness and increases friction, energy consumption, and mechanical
wear [19]. Third, A* focuses solely on minimizing distance to the goal and lacks obstacle
avoidance buffers, causing paths to pass dangerously close to obstacles—an issue under
positional uncertainty [20]. Moreover, in large or complex environments, A* suffers from
poor scalability, exploring many unnecessary nodes and consuming excessive memory
and computation time. Its reliance on uniform grid structures also limits resolution and
can result in “staircase” effects when using 4- or 8-connected grids [21]. Additionally, A*
lacks learning capability—it re-computes paths from scratch even for repetitive tasks in
the same environment [22]. Finally, A* is inherently an offline planner; it does not adapt to
environmental changes, making it unsuitable for dynamic or partially observable settings
unless combined with reactive or incremental methods [23].

In a 2024 review, Xu et al. [24] conducted a performance-oriented assessment of
improved A* variants for robotic path planning, notably introducing the SBREA (Slide-Rail
corner adjustment and Bi-directional Rectangular Expansion A*) algorithm. This method
effectively enhanced path smoothness and reduced search redundancy by incorporating
bidirectional rectangular expansion and an adaptive corner adjustment mechanism. Despite
its contributions, the review lacked a systematic cross-comparison among studies, did not
address hybrid algorithmic integrations, and overlooked the applicability of these methods
in dynamic or large-scale environments.

To address these limitations, the present study provides a comprehensive and struc-
tured synthesis of 22 peer-reviewed articles, selected from an initial pool of 50 publications
retrieved from the databases Scopus and Web of Science using targeted keywords such
as “A* algorithm,” “improved A*,” “enhanced A*”~ “hybrid A*” “mixed A*” and “com-
bined A*.” The selected papers, published between 2020 and 2025, were classified into two
principal categories. The first batch of 10 papers comprises A* enhancements focusing on
structural and geometric optimizations, heuristic weighting schemes, and adaptive search
strategies. The second batch of 12 papers involves hybrid A* algorithms that integrate A*
with complementary techniques such as Dynamic Window Approach (DWA), Artificial
Potential Field (APF), and Particle Swarm Optimization (PSO), etc.

Our review further introduces comparative tables presenting quantitative performance
indicators—such as percentage reductions in path length, number of expanded nodes, and
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angular deviation—to support a rigorous performance analysis. Mathematical formulations
of advanced heuristic evaluation functions and kinetic feasibility constraints are also
analyzed to underscore practical applications in autonomous mobile robot navigation
under dynamic and complex scenarios. Therefore, this work significantly extends existing
literature by offering an application-driven, analytically grounded, and industry-relevant
synthesis of recent advancements in A*-based path planning.

2. Improved A* Algorithm

Currently, classical path-planning approaches such as the traditional A* algorithm [25],
Rapidly exploring Random Tree (RRT) [26], and the artificial potential field method [27],
etc., can be integrated to develop an improved A* algorithm that exploits the strengths of
each technique while mitigating their individual limitations.

To begin with, we reviewed the first ten studies focusing on improved A* algorithms.
Table 1 presents a chronological list of these studies, highlighting the percentage improve-
ments achieved by each modified algorithm compared to the traditional A* algorithm. The
comparison is based on four key performance indicators, which correspond to the major
limitations of the original A* algorithm: the number of expanded nodes, total path length,
processing time, and path angularity. These metrics provide a comprehensive assessment of
enhancements in terms of computational efficiency, trajectory optimality, and smoothness.

Table 1. Comparative performance of 10 improved A* algorithms versus the traditional A*.

The Number of

Paper Ref. Expanded Path Length Processing Time Path . Note
ID Angularity
Nodes
Results of the field
o o Y e implementation
1.1 [28] —95.76% —0.15% —2.0% XK unspecified experiment on the outdoor
autonomous robot.
X Processing time . .
Simulation results on
. —1% to doubled due to —71% to .
1.2 [29] X unspecified 2, computational 7% i(l)aXSZO and 40 x 40 grid
complexity ps-
o o o o Simulation results on the
1.3 [30] —65% —11.41% —74.38% X unspecified 40 x 40 grid map.
Average simulation results
1.4 [31] —62.52% —13.13% —82.21% —50% on randomized 200 x 200
grid maps.
o Average results of four
_9t}91'8f/'0 " simulation experiments
15 [32] —83.45% ~1.58% e ¥ unspecified  with varying start/end
Zi(gcf?itfm ot the coordinates and obstacle

configurations.

Average results of three
experiments with different
o o o o start and goal coordinates
1.6 [33] —71.17% —3.13% —49.9% —35.12% on the same obstacle
layout in 80 x 80 grid

maps.
The
application of Simulation results on the
1.7 [34] —86.57% ¥ unchanged —82.07% gﬁ f:zrtirt 120 x 120 grid map.

quantified.
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Table 1. Cont.
Paper The Number of Path
P Ref. Expanded Path Length Processing Time . Note
ID Angularity
Nodes
Average value computed
from two experi
periments

The use of . .
Cubic B with different start and

18 [35] —52% ~3.7% —49.4% o goal coordinates but

—spunhe identical obstacle

technique; not 6 i ducted

tified configuration, conducte

quan : on 30 x 30 grid maps.
In this test, the size of the
simulated terrain area is
2000 x 1600. The results
were compared with the
traditional A algorithm

o o o - (16 directions).

1.9 [36] ~13.4% ¥ +21.9% —88.2% X unspecified 1 path length obtained
using the improved A
algorithm was longer than
that of the traditional A*
due to its preference for
smoother terrain.
Simulati i t

110 [37] —48.31% ~6.6% ~20.00% ~1.86% e perment on

a 30 x 30 grid map.

The evaluation function plays a pivotal role in the A* algorithm, and its formulation
often reflects the core improvements proposed in a given study. Analyzing the evaluation
function thus provides valuable insights into the optimization strategies employed. Table 2
summarizes and compares the evaluation functions adopted in the selected ten studies,
along with brief explanations of how each modification deviates from the traditional A*
formulation and contributes to performance enhancement.

The ten selected studies were categorized into four methodological groups. Group
1 (IDs 1.4 and 1.5) retains the traditional A* evaluation function; enhancements focus on
other techniques rather than modifying the function itself, as detailed in later sections.
Group 2 (IDs 1.1, 1.3, 1.6, and 1.8) introduces a “guideline” mechanism to assist directional
planning, which effectively reduces both the number of traversed nodes and processing
time. Group 3 (IDs 1.7, 1.9, and 1.10) involves modifications to the weighting parameters in
the heuristic component h(n) to enhance performance in complex environments. Group 4
comprises a single study (ID 1.2) that directly integrates the Artificial Potential Field (APF)
method into the A* evaluation function. In this method, APF serves as an enhancement
within the A* framework, distinguishing it from the hybrid approach discussed in Section 2,
where A* handles global path planning and APF performs local optimization. This layered
combination aims to balance global optimality with real-time obstacle avoidance.

2.1. Group 1

Both studies (IDs 1.4 and 1.5) published in 2022 aim to overcome key limitations of
the traditional A* algorithm, including inefficiency in large-scale environments and the
generation of non-smooth, suboptimal paths. Although they share a common objective—
improving path planning for mobile robots—they differ in methodology, target application,
and evaluation criteria.
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Table 2. Evaluation functions of 10 improved A* algorithms.

Paper

D Evaluation Function Formula Detail Explanation
f(n): cost accumulated to reach Guideline, which was generated by
point n. a global
h1(n): distance from the current planner or by humans. The
1.1 f(n) = gn) + hi(n)o; + hp(n)axy  point to the guideline. guideline is
hy(n): distance from the nearest employed to develop the heuristic
point on the guideline to the goal.  function to express the
aq, op: weighting coefficients. driver’s intention.
h’(n): distance heuristic, using Integrates artificial potential field
1.2 f(n) =gn) + h'(n) + v(n) diagonal distance. method to include obstacle
v(n): potential field. proximity and goal attraction.
The guideline serves to orient the
_ C(n): vertical distance from node to  search along the axis connecting the
13 f(n) = g(n) + hin) + C(n) guideline. start and goal points, thereby
reducing unnecessary search areas.
_ No change compared to the
14 fn) = g(n) + h(n) traditional A algorithm.
_ No change compared to the
15 f(n) = g(n) + hin) traditional A algorithm.
d(n): vertical distance from node to  Keeps nodes close to main path
1.6 f(n) = gn) + h(n) + A x d(n) line(start, goal). axis, enhancing search efficiency
A: tuning weight. and directionality.
When the node is far from the goal,
the weight w is increased to
1.7 f(n) = g(n) + w x h(n) h(n): weighted dynamically. prioritize search speed. As the node
approaches the goal, w is decreased
to enhance path accuracy.
c(n) = 3.14—angle (Vstart, Vgoal),
where
Vstart i the vector from the parent Angle-based penalty function
1.8 f(n) = g(n) + h(n) + 1 X c(n) node to the current node, and vgoal keeps node trajectory aligned to
' & is the vector from the current node < B> occ 4 yaitg
ideal direction.
to the goal.
w: the weighting coefficient for
angle deviation.
a: the weight coefficient (adjusted
based on experimental
requirements)
W (weight for road factors): a
penalty factor that reflects Accounts for soil/slope/terrain
1.9 f(n) = g(n) + ch(n)W environmental conditions such as resistance in h(n) to favor accessible
soil type, slope, or terrain paths.
resistance, which affects the
traversability of unpaved paths
(e.g., muddy, rocky, or sandy
surfaces)
s Dynamically adjusts h(n) weight
1.10 f(n) = gn) + [(R + r)/R] x h(n) R: distance(start, goal). based on proximity to goal—larger

r: distance(current, goal)

weight when far.
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Wang et al. [31] proposed the EBS-A* algorithm, integrating three main strategies:
expansion distance, bidirectional search, and path smoothing. The expansion distance
defines a safety buffer by marking adjacent nodes near obstacles as non-traversable, thus
reducing collision risk and search space (Equation (3)). The buffer radius depends on robot
velocity (V;), threshold velocity (V;), and safety radius (r).

r if V<V,

\\;—i-r if Vi < Vy < Viax

where V; is the current velocity, V; is the threshold velocity, and r is the robot’s safety radius.

Bidirectional search simultaneously grows the tree from start and goal nodes, reducing
search depth and time complexity. Path smoothing is applied using Bezier curves and
acute-angle decomposition, yielding continuous curvature and a maximum turning angle
of 45°, thereby enhancing motion stability.

In contrast, Martins et al. [32] introduced the IMOA* algorithm, which improves tradi-
tional A* by optimizing four criteria: processing time, path length, smoothness, and number
of random points. A major innovation is the pre-serialization of the obstacle map using a
pickle file, allowing instant retrieval in subsequent runs and reducing average processing
time by 99.98%. A path—problem—-aware executor then removes redundant intermediate
points, improving smoothness by minimizing angle deviation. IMOA demonstrated several
average improvements, including a 1.58% reduction in path length, 83.45% fewer sampling
points, and a smoother trajectory characterized by a turning angle of 155°, compared to
135° for the traditional A algorithm. In contrast, EBS-A* does not rely on pre-stored maps
but integrates both pre-processing and post-processing stages, thereby enhancing safety,
reducing computation time, and producing a smoother path.

To enhance path quality, the authors introduced a path-problem-aware executor that
evaluates the raw path and simplifies it by deleting unnecessary intermediate points. Given
two path nodes P; and P;, 1, the total path length is computed as:

n—1
Path Length = 2 \/(Xi+1 — xi)2 + (Yig1 — yi)2 (4)
i=1
Path smoothness is measured by minimizing deviations from 180°, using:

ny
Smoothness Penalty = Z (180° — &) (5)
i=1

The algorithmic flowchart presented in paper ID 1.5 is illustrated in Figure 1.

The EBS-A* algorithm enhances performance through three strategies: expansion dis-
tance, bidirectional search, and path smoothing. Expansion distance ensures a safety margin
from obstacles, bidirectional search accelerates convergence, and smoothing eliminates
sharp turns to provide more continuous and practical paths. These improvements make
EBS-A* particularly suitable for industrial and service robotics in structured environments
such as warehouses, airports, and healthcare facilities, where safety and reliable navigation
are prioritized. However, these very improvements introduce important constraints. First,
the algorithm assumes a static environment with a raster-type map, making it difficult to
maintain performance when the operating space changes continuously or when map data
are provided only partially—situations commonly encountered in outdoor applications
or complex industrial settings. Second, the selection of the expansion—distance parameter
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depends directly on the robot’s geometric dimensions and kinematic characteristics (such as
diameter and cruising speed) as well as on sensor accuracy. If this parameter is not properly
tuned, it can either waste maneuvering space or, conversely, fail to provide a sufficient
safety “buffer zone,” thereby reducing applicability in real operational contexts. Third,
employing Bézier curves requires continuous computation and can increase the processing
burden when applied to large maps or systems with limited computational resources. Con-
sequently, EBS-A* is particularly well suited to scenarios in known indoor environments
where the map is relatively stable and where optimizing trajectory smoothness and speed
yields direct benefits for operational productivity.

nput Workspace 2D
model, source and target
points, and robot radius

4

Process the workspace 2D
model and generate the
occupancy grid

|

Check If a pickle file exist with the
Input robot radius and workspace
model file name

L

If a pickle file exist X

Read from the pickle file and
retrieve the already stored
obstacle map

Generate the obstacle map that
consist of the occupancy grid and
robot radius by applying the A-star

model

Store the
obstacle map in
a pickle file
format

|

Use the obstacle map data in
IMOA-star to generate the

path list

l

Initialize the Path Problem Aware Executor
to examine the path list: for improve path
smoothness and minimized path length

Figure 1. Flowchart for the IMOA-star proposed by Martins et al. [32].

In contrast, the IMOA* algorithm introduces a multi-objective optimization approach
aimed at reducing computational overhead in large workspaces. By storing obstacle maps
and incorporating a path-problem-aware executor, it significantly improves planning
speed, smoothness, and energy efficiency for non-holonomic mobile robots. This design
is highly applicable to large-scale logistics and industrial environments where computa-
tional speed and scalability are essential. Nevertheless, this advantage comes with several
noteworthy limitations. First, the initial setup phase—the creation of the pickle file—can
take several hours for a large workspace, which is incompatible with the need for rapid
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response in continuously changing environments. Moreover, IMOA* also assumes static
obstacles and a fixed spatial configuration; any map variation requires a complete regener-
ation of the database, undermining the method’s time advantage. In addition, although
the algorithm was demonstrated on powerful hardware (Intel Core i7), deploying it on
resource-constrained computing devices (for example, low-cost robot embedded systems)
may face challenges in terms of storage capacity and the bandwidth required to retrieve
the pickle file.

In summary, EBS-A* is tailored for dynamic local navigation with real-time adaptation,
while IMOA* targets large-scale environments requiring repeated queries and energy-
efficient planning.

2.2. Group 2

All four studies in this group (IDs 1.1, 1.3, 1.6, and 1.8) incorporate a guideline—
typically the axis between start and goal—to direct search trajectories and minimize un-
necessary exploration. Each modifies the traditional A* evaluation function by embedding
application-specific terms into the heuristic or as a separate penalty.

Erkel et al. [28] proposed enhancements tailored for autonomous land vehicles, ad-
dressing A*’s inefficiencies in handling curves, obstacle anticipation, and fixed step size.
Their revised function is:

F(i) = G(i) + &y H1(i) + apH2(i) 6)

where G(i) is the cumulative cost, H1(i) is the distance from node i to a guideline (expressing
driver intent), and H2(i) is the distance from the nearest point g(i) on the guideline to the
goal. The weights a1 and a, balance spatial alignment and goal-directed efficiency. In
the original article, the author used the subscript i; however, in Table 2, this has been
replaced with n to ensure consistency with other published studies and to facilitate easier
comparison. The meanings of these two indices are entirely equivalent. Figure 2 describes
the physical meaning for H1 and H2, as illustrated by Erke et al. [28].

«—Target
i

b H2()

—abstacle

HA(f) I
i *<>2 eli)

‘e— guide line

41& «otart

Figure 2. Physical meaning for H1 and H2 illustrated by Erke et al. [28].
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To enhance obstacle avoidance, the algorithm identifies key points near blocked guide-
lines and regenerates sub-guidelines that circumvent the obstruction. The best candidate
is chosen based on virtual-speed-based cost-time. Figure 3 shows the process of the key
point-based A* algorithm, as proposed by Erke et al. [28].

Figure 3. The process of the key point-based A* algorithm proposed by Erke et al. [28].

Furthermore, a variable-step strategy adjusts search resolution: longer steps in open
areas improve efficiency, while shorter steps near obstacles enhance safety. Combined,
these techniques reduce node expansion and planning time, enabling robust real-time path
planning in complex urban environments.

In contrast, XiangRong et al. [30] explicitly modify the evaluation function by append-
ing a spatial constraint term C(n) to guide the search trajectory. Their cost function is f(n)
= g(n) + h(n) + C(n). The function C(n) quantifies the perpendicular distance between the
current node n and a straight line—termed the “guide line”—connecting the start and goal
positions. Mathematically, for a node n = (x,,yn), start s = (xs,ys), and goal g = (x¢,y¢), the
constraint is calculated as:

(% = %) (¥, = ¥) = (6 = x0) (¥ = )
Vg =)+ (v, - v5)?

Figure 4 illustrates C(n), as defined by XiangRong et al. [30], representing a node’s

Cln) = )

deviation from the ideal trajectory. By penalizing nodes that deviate from the guide line,
the algorithm minimizes unnecessary exploration, thereby reducing the search space and
computational load. This constraint functions as a soft geometric prior, guiding the search
toward globally aligned paths, even in complex obstacle environments.

Zhang et al. [33] propose a similar yet subtly different improvement for unmanned
surface vehicles (USVs) operating in marine environments. Their evaluation function
extends A* by incorporating a linear deviation term d(n), modulated by a tunable weight A:
f(n) =g(n) + h(n) + Ad(n).
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Figure 4. C(n) illustrated by XiangRong et al. [30].

Figure 5 shows the node vertical distance diagram, as proposed by Zhang et al. [33]
Unlike C(n), which uses Euclidean distance, d(n) quantifies orthogonal deviation from a
predefined navigation axis, measured relative to the grid. The weight A adaptively controls
the influence of this penalty, with higher values used in constrained environments such as

narrow channels or dynamic obstacle zones. A directional smoothing filter is applied post-
planning, highlighting that the evaluation function is part of a comprehensive trajectory
optimization process.
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Figure 5. Diagram of node vertical distance suggested by Zhang et al. [33].
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Yin et al. [35] proposed a mathematically rigorous enhancement by incorporating a
directional angle cost c(n1) into the evaluation function:

f(n) = g(n) +h(n) + pc(n) ®)

where c(n) = T — 0, and 0 is the angle between two vectors: 31, from node 7 to the start,
and ?2, from n to the goal. This formulation penalizes angular deviation, encouraging
node selection aligned with the global path.

Ulvz

R

Figure 5 illustrates the node angle, as proposed by Yin et al. [30]. This formulation

6 = arccos =m—0 )

favors nodes aligned with the global path (i.e., when 6 ~ 7). The weight u adjusts the
emphasis on angular consistency. This cost term proved effective in medical robotics, where
smoother paths reduce mechanical strain and enhance the stability of sample transport. A
cubic uniform B-spline smoothing stage is also applied to ensure physical feasibility for
mobile platforms.

Study (ID 1.1) is applied in practice to autonomous land vehicles, enhancements such
as guideline-based heuristics, key-point obstacle avoidance, and variable step sizes improve
robustness and reduce computational cost, making the algorithm more adaptable to struc-
tured road environments. This approach helps stabilize the path and increase reliability, but
it relies on the assumption of an available and trustworthy guideline—a condition difficult
to achieve in dynamic environments or when map information is incomplete. In addition,
selecting the optimal search-step parameter still requires experimentation and empirical
tuning, thereby reducing the level of automation when scaling up. In static indoor settings,
study (ID 1.3) reports improvements including bidirectional search, constraint functions,
and guideline strategies effectively reduce memory consumption and limit unnecessary
node expansion, enhancing efficiency for robots operating in constrained spaces. However,
this method assumes that the straight line between the start and goal points is always
geometrically valid and unobstructed by major obstacles. When the map has a complex
layout or contains dynamic obstacles, the guide line may lose its validity, reducing the
reliability of the solution and requiring the addition of a local replanning algorithm. In
maritime applications, study (ID 1.6) applied the improved A* for unmanned surface
vehicles integrates bidirectional search and spline-based smoothing, reducing inflection
points and producing more navigable paths under complex sea conditions, which are
critical for environmental monitoring tasks. Nevertheless, this method still relies on the
assumption of a static environment and a rasterized grid. For dynamic marine areas with
waves, moving obstacles, or incomplete map information, the solution lacks a real-time
adaptation mechanism; moreover, the grid pre-processing steps and B-spline smoothing
further increase the computational burden on resource-constrained embedded systems.
Similarly, study (ID 1.8), conducted in medical testing laboratories, employed an enhanced
evaluation function, bidirectional strategy, and B-spline smoothing to enable mobile robots
to navigate efficiently in highly structured yet cluttered environments, thereby ensuring
stability and reducing redundant nodes. However, this method strongly depends on an
accurate grid map and a stable laboratory spatial configuration; any changes in the setup
or equipment layout require remapping and a complete recomputation, thereby reducing
flexibility in real operational environments that change continuously.

Although significant progress has been made, several common limitations persist.
Many methods depend on accurate prior maps and demonstrate reduced adaptability in
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dynamic or rapidly changing environments. Moreover, path smoothing and optimization
often increase computational complexity, limiting real-time responsiveness in large-scale
scenarios. Overall, improved A* variants have shown strong potential in logistics, health-
care automation, and marine monitoring, and future work should integrate dynamic
re-planning capabilities with multi-objective optimization to balance efficiency, safety, and
adaptability in real-world applications.

These differences are reflected in the computational performance summarized in
Table 1. Erkel et al.’s algorithm achieved a 95.76% reduction in computational load
(1.426 vs. 33.654) [28]. XiangRong et al. [30] reported average reductions of 65% in search
area and 74.38% in processing time across two experiments. Zhang et al.’s hybrid method
reduced the number of nodes traversed by 71.17% on 80 x 80 grid maps [33], while Yin
et al. [35] showed a 52% reduction on 30 x 30 grid maps. All Group 2 studies achieved
over 50% improvement, confirming the strong efficiency gains in expanded nodes—a key
factor in optimizing time and memory consumption.

2.3. Group 3

Group 3 also modifies the evaluation function of traditional A*, but with a distinct
focus on optimizing the weighting of the heuristic component ii(n). A comparative analysis
of three recent algorithms [34,36,37] reveals shared strategies—such as guided search, dy-
namic weighting, and heuristic refinement—alongside key differences in how the heuristic
term is adaptively tuned to improve path quality and computational efficiency.

All three aim to reduce redundant node expansion, enhance heuristic flexibility,
and apply post-processing smoothing. They start from the traditional A* formulation
f(n) = g(n) + h(n), using Euclidean distance as h(n) for greater accuracy in continuous-space
environments, compared to Manhattan or diagonal metrics.

The first aspect analyzed is heuristic weight adaptation, which balances search speed
and accuracy. This strategy dynamically adjusts the weight of the heuristic function
h(n) during the search, allowing the algorithm to emphasize global exploration or local
refinement depending on goal proximity and environmental complexity.

These algorithms incorporate dynamic heuristic weighting to adjust the influence of
h(n) throughout the search. For instance, Han et al. [34] introduce a dynamic coefficient W
in the evaluation function: f(n) = g(n) + W x h(n).

In Zhang & Zhang [37], a more structured weighting scheme is introduced:

fn) = glo) + (57 ) b (10)
where R is the total distance between the start and goal, and r is the distance from the
current node to the goal. This formulation prioritizes speed in the early search phase and
accuracy in later phases.

Han et al. [34] employ static weights for W, manually tuned based on goal distance (see
their Table 2). In contrast, Zhang & Zhang [37] implement real-time heuristic modulation
via the ratio (R + r)/R, enabling automatic, environment-sensitive adaptation.

Zhao et al. [36] introduced vector-based angular filtering, which restricts node expan-
sion to directions aligned with the optimal search vector. Rather than evaluating 8, 16, or
24 neighbors, the algorithm limits the search to a six-directional neighborhood, defined as:

0e{[0°,22.5°] U (337.5°, 360°]; (22.5°, 90°]; (90°, 157.5°]; (157.5°, 202.5°]; (202.5°, 270°];
(270°,337.5°]}

This directional constraint greatly reduces unnecessary lateral or regressive node
expansions, cutting down on redundant processing without sacrificing path feasibility.
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Secondly, we analyze differences in bidirectional search strategies. Unlike the tra-
ditional A*, which performs a unidirectional forward search, improved variants launch
simultaneous searches from both the start and goal nodes. These converge mid-way, signifi-
cantly reducing node expansion and computation time. The effectiveness of such strategies
depends on how the meeting point is defined and how partial paths are merged, with
implementations varying across studies.

Among the three, only Zhang & Zhang [37] explicitly implement bidirectional A%,
growing search trees from both start and goal nodes.

Thirdly, we examine differences in path smoothing. While all three algorithms apply
post-processing to improve trajectory feasibility and motion stability, they adopt distinct
mathematical approaches. These include strategies for reducing sharp turns, removing
redundant waypoints, and ensuring curvature continuity. The next subsection outlines
each method—such as Bezier curve fitting, angle-threshold filtering, and minimum snap
optimization—highlighting their trade-offs in smoothness, computational cost, and real-

time applicability.
Zhao et al. [36] use second-order Bezier curves to connect segments of the raw path.
The curve is defined by:
B(t) = (1 —1t)?Py +2t(1 — t)P; + 2P, t € [0,1] (11)

where Py, P1, P; are three sequential control points. This interpolation smooths sharp cor-
ners and provides continuous first- and second-order derivatives (velocity and acceleration),
which are critical for real-time motion execution.

Instead of curve fitting, Zhang & Zhang [37] employ an Inflection Point Elimination
method using parent-grandparent filtering. This approach analyzes angular deviation
among a node, its parent, and grandparent to identify and remove unnecessary inflection
points. If a direct, obstacle-free line exists from P; to P;_,, the intermediate point P;_ is
eliminated. Iterative application of this rule yields a smoother, more direct path while
preserving obstacle avoidance and geometric structure.

Han et al. [34] introduced a Grouping-Based Node Consolidation method, dividing
the minimal node set into seven segments and applying Bezier smoothing to each. This
simple post-processing technique offers a balance between smoothness and structural
fidelity, though it is less adaptive than Zhang & Zhang’s [37] inflection point pruning.

In study (ID 1.7), the introduction of dynamic weighting and flexible neighborhood
selection significantly improves computational efficiency while maintaining accuracy in
large-scale environments. However, this method depends on properly tuning the weight
coefficient W during the search phases; if W is not optimally chosen, the resulting path may
not be truly shortest or may become unstable when the environment changes. In addition,
the five search directions are constrained by the initial vector from the start to the goal point,
so when the obstacle configuration is complex or there are many junctions, the narrowed
search range may overlook feasible passages, reducing reliability in dynamic environments
or irregular spaces. Similarly, algorithms in study (ID 1.10) that incorporate bidirectional
search and refined evaluation functions achieve faster convergence and lower path costs,
while the integration of Bezier or B-spline curves ensures smoother trajectories, which are
critical for stable robot motion. Nevertheless, this approach still relies on the assumption of
a static environment and complete map information; if obstacles move or the map is contin-
uously updated, the bidirectional strategy will struggle to synchronize the searches from
both sides. Moreover, the algorithm does not account for the vehicle’s kinematic constraints,
so when applied to robots with limited turning radius or more complex dynamics, the
smoothed path may still be mechanically infeasible. In off-road emergency rescue scenarios,
study (ID 1.9) analyzed the inclusion of road and terrain factors allows the algorithm
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to generate feasible and time-efficient paths across unstructured environments, demon-
strating adaptability to harsh and dynamic terrains. However, the fixed grid-based map
model assumes a stable laboratory layout; any changes in the arrangement or equipment
require remapping and a complete recomputation, limiting flexibility in environments that
change frequently.

Despite these advances, several limitations remain. Many improved versions rely
heavily on accurate environmental models, which may reduce effectiveness in dynamic
or uncertain contexts. Furthermore, the additional computational overhead introduced
by smoothing and evaluation refinements can limit scalability for real-time large-scale
systems. In practice, these algorithms have shown promising applications in autonomous
vehicles, logistics robots, marine and field exploration, and healthcare automation, where
both safety and efficiency are paramount. Future research should aim to combine dynamic
re-planning with multi-objective optimization to balance robustness, adaptability, and
real-time performance in diverse operating environments.

As shown in Table 1, algorithms in Group 3 demonstrate varying performance. Studies
(IDs 1.7 and 1.9) achieved substantial reductions in processing time—82.07% and 88.2%,
respectively. In contrast, study (ID 1.10) reported only a 20% reduction, indicating lower
optimization effectiveness.

2.4. Group 4

The final study in this section (ID 1.2) distinguishes itself by prioritizing path smooth-
ness over processing time or node expansion.

To enhance trajectory smoothness and control efficiency for autonomous land vehicles
(ALVs), Zhang et al. [29] proposed an improved A* algorithm that integrates an artificial
potential field (APF) into the heuristic. Traditional A*, relying solely on distance-based
heuristics, often produces paths with excessive turning points. To address this, the revised
evaluation function is: f(n) = g(n) + I/(n) + v(n); where g(n) is the actual cost, #'(n) is a
diagonal-distance-based heuristic, and v(n) represents APF-based repulsion from obstacles
and attraction to the goal.

Specifically, the improved heuristic h'(n) is defined as:

h'(n) = dx+dy + (\/Q — 2) -min(dx, dy)

(12)
dy = |Xn _Xe|}dy = |Yn _Ye|

Here, x, and y, represent the horizontal and vertical coordinates, respectively, of the
current position n, while x, and y, correspond to the horizontal and vertical coordinates of
the target pomt The potential field term v(n) is computed via the projection of the synthetlc

force vector F (k) (all repulsive forces and attraction) onto the direction vector en toward
the neighbor:

vlm) = [F 09| cos(én)
O — <3n,3(k)>

The improved A* algorithm for autonomous land vehicles introduces a heuristic

(13)

function combining distance and obstacle potential fields, enabling smoother and more
practical paths. By reducing redundant turning points and integrating B-spline smoothing,
the method enhances maneuverability and decreases posture adjustments, which is crucial
for efficiency in logistics, rescue, and urban navigation. Its main advantage is improved
path feasibility and stability, while the drawback lies in higher computational cost and
longer planning times in dense environments. Nevertheless, this method still has clear
limitations: (i) it relies heavily on the quality and accuracy of the static raster map; (ii) com-
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puting the potential field and performing B-spline path smoothing significantly increases
planning time (doubling it in large-scale tests), making real-time applications challenging;
and (iii) the well-known local minima problem of the potential field approach can cause
the algorithm to become trapped.

When combined with quartic B-spline smoothing, it preserves path length similar to
traditional A*, while reducing total turning angle by approximately 71-72%. Although com-
putational time increases due to added complexity, overall ALV operation time decreases,
as fewer directional adjustments are needed during execution.

3. A* Algorithm Combined with Other Algorithms

This section analyzes ten studies that integrate the A* algorithm with other path plan-
ning techniques. As summarized in Table 3, the studies are grouped into three categories:
(i) A* combined with the Dynamic Window Approach (DWA)—IDs 2.4, 2.8, and 2.10;
(ii) A* combined with Artificial Potential Field (APF)—IDs 2.2, 2.4, and 2.8; and (iii) A*
integrated with other algorithms. The table also provides a comparative evaluation of each
improved algorithm against its respective baseline: ID 2.7 is compared with traditional
DWA, ID 2.8 with standalone APFE, and the remaining studies with traditional A*. Reported
values are averaged from experimental results in the respective papers. It should be noted
that these comparisons are approximate, given variations in hybridization strategies and
experimental setups independently.

3.1. Dynamic Window Approach

In mobile robot navigation, integrating A* with the Dynamic Window Approach
(DWA) creates a hybrid path planning framework that leverages both global and local
strategies. A* effectively computes optimal global paths on static maps but struggles
with dynamic changes, such as moving obstacles. To overcome this, DWA serves as a
real-time local planner, accounting for kinematic constraints, velocity limits, and obsta-
cle clearance. The combination enables efficient global route planning and responsive
local obstacle avoidance, improving robustness and adaptability in dynamic or partially
unknown environments.

A key advantage of combining DWA with A* is its ability to ensure safe, smooth
navigation under high environmental uncertainty. A* supplies accurate global waypoints,
while DWA prevents local minima entrapment by using these references for reactive
avoidance. The resulting trajectories are dynamically feasible, avoiding abrupt turns or
stops common in purely A*-based planning. Operating within a constrained velocity space
and relying on local computation, DWA reduces the need for continuous global replanning.
These strengths have made the A* + DWA hybrid widely adopted in autonomous systems
navigating dynamic environments.

3.1.1. Working Principle of DWA

The A* + DWA combinations proposed by Zhenyang and Wei [41], Liu et al. [45], Liao
et al. [47], adopt a shared formulation for the DWA evaluation function, which forms the
basis of local trajectory optimization. The general objective function is expressed as:

G(v,w) = a - heading(v, w) + B - dist(v, w) + 7 - velocity (v, w) (14)

where

v v denotes the translational velocity, and w is the angular velocity;
v heading(v, w) evaluates the alignment between the robot’s orientation and the goal
direction, typically measured using the cosine of the angle between them;
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v dist(v, w) quantifies the minimum distance from the predicted trajectory to any nearby

obstacle, favoring trajectories with greater clearance;

v velocity(v, w) encourages higher speeds when it does not compromise safety.

Table 3. Comparative analysis of a* hybrid path planning algorithms based on key performance

metrics.
Paper The Number of Expanded Processing . Hybrid
D Ref. Nodes Path Length Time Path Angularity Algorithm
The reduction may be
v
attributed to the nature of the l?a{({el?;iiv; tgiiisre
RRT algorithm, Wh.iCh does directed toward the goal,
21 [38] n)(()}: exptliorel tl{)e e:;hfﬁ srpace —51.7% —70.9% which facilitates the formation =~ RRT
zx 2§Zs\;}e1eytr:e tﬁros h of curved paths or paths with
p '8 reduced angular deviations;
randomly sampled points; not not quantified
quantified. q ’
Minimum Snap
2.2 [39] MK unspecified —22% MK unspecified —53% Trajectory
Generation
23 [40] —88.85% —5.58% —77.05% X unspecified APF
X Path smoothing is
24 4 7 _13.9% insignificant 2 _36.6% achieved using the Dynamic DWA
[41] 13.9% change 36.6% Tangent Method; not
quantified.
Path smoothing is
25 [42] —32% K unspecified —70% ggllll:;esdn?estll?og dt.hsol,;eaSt APF
quantified.
2.6 [43] —17.2% —9.68% —24.54% —72.59% Greedy
2.7 [44] ¥ unchanged —4.8% —16% —76% PSO
2.8 [45] —58% ~6.24% —12% —75% DWA
The reduction may be
v
attributed to the decrease in x No path The. i
29 [46] the number of neighboring shortening was Ii)rscgismg r11n}fe —51.96% APF
directions considered—from observed. S enti fcie d, 0
eight to five; not quantified. quanttiiec.
2.10 [47) ~51.8% ~17.9% —43.4% ~53.5% DWA
¥ 50.7 times The path curvature is
higher in terms  significantly increased owing
i f random to the continuous circular arc
211 48 —5.5% o RRT
[45] X unspecified 5.5% sampling and technique applied at the
optimization junction of two straight
time segments.
It decreases because
random node selection is
212 [49] probabilistic, thereby avoiding X unchanged —12% —24% RRT

excessive exploration around
local optima.

The weight coefficients «, B, and <y are adjustable parameters that balance goal orienta-

tion, safety, and efficiency. This local cost function allows real-time selection of the optimal

motion command pair (v, w) at each control cycle, ensuring smooth, safe, and goal-directed

movement. The DWA algorithm operates under the following constraints:

(i) Physical velocity limits

U E [Uminr Umax]/ w e [wmin/ wmax}

(15)



Automation 2025, 6, 52

19 of 30

(ii) Acceleration limits (feasible acceleration/deceleration over time At)

U € [vp — al®™* - At, v + al'® - At

16
w € [wy —al® - At, wi + al™ - At (16)

(iii) Obstacle avoidance constraints

v <4/2-ay,-dist(v,w), w < \/2 - ag, - dist(v, w) 17)

The valid velocity window is the intersection of the three sets:

V, =VsNVyNV, (18)

where

v Vs Velocity limits based on robot’s maximum /minimum speed
v V;: Limits based on maximum acceleration
v V,: Limits based on safe stopping distance (to avoid collision)

3.1.2. Improved A* Algorithm Combined with DWA

In recent years, integrating global A* planning with local reactive DWA has gained
traction for mobile robot navigation in complex, partially known environments. Three
key studies (IDs 2.4, 2.8, 2.10) proposed distinct frameworks combining enhanced A*
with adaptive DWA, each introducing novel modifications to evaluation functions and
coordination strategies to improve safety, efficiency, and path optimality.

To trace the evolution of evaluation strategies in hybrid A*~-DWA algorithms, Ta-
ble 4 presents representative scoring functions from these key studies. These formulations
progressively expand beyond distance and heading, incorporating kinematics, safety,
dynamic feasibility, and motion smoothness. Notably, adaptive and direction-aware heuris-
tics are used, with cost functions adjusted based on velocity or goal alignment. This
reflects a shift from static, manually weighted evaluations to context-sensitive, integrated
decision-making frameworks.

Table 4. Summary of evaluation functions in A* + DWA algorithms.

Paper ID  Representative Formula Key Differences in Evaluation Function
_ . . Emphasizes real-time control using DWA by
24 G(v,w) = aHeading(v, w) + Dist_s(v, w) + PyVel(v, w) tuning weights dynamically during motion
2.8 G(v,w) = a7 - heading + a; - safety + a3 - dynamic_feasibility = Evaluation function depends on robot kinematics
(X 0a 7xn>2+(y 0a 7Yn)2
f(n) = g(n) +h(n) + e
h =1
210 or: f(n) = g(n) +hin), vx Adjusts evaluation function conditionally based on
g(n) + 2h(n), vy = —1 direction of travel
[(Xgoa 7Xn)2+(y 0al 7Yn>2
or: f(n) = g(n) + h(n) + —& T ]

All three studies adopt a two-tier planning architecture: an improved A* algorithm
generates the global path, while DWA handles local navigation via velocity sampling and
evaluation. The A* output—either a full path or key nodes—is fed to the DWA module as
intermediate goals, aligning long-term planning with short-term control.
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Despite this shared structure, each study proposes distinct enhancements to the
evaluation functions at both global and local levels.

Zhenyang and Wei [41] studied to enhance both planning layers. The A* algorithm
integrates safe-distance constraints and dynamic tangential smoothing to eliminate redun-
dant nodes and prevent diagonal cuts near obstacle corners. In the DWA module, the
evaluation function is modified as:

G(v,w) = a - Heading + B-dists + P - 7 - Vel (19)

Here, the adaptive weight P adjusts based on the robot’s proximity D to the nearest
obstacle, using:

ao—l—bo'%, D<L
P= (20)
1, D<L

This ensures reduced speed near obstacles for safety, while allowing faster motion in
open areas. Simulation results confirm that the adaptive DWA reduces iteration counts and
runtime by 36.6%, despite a minor increase in path length.

To flexibly adjust the expansion bias toward either the goal or the start point, Liu
et al. [45] introduced a dynamic weighting factor, denoted as P, which balances the priority
of the heuristic function h(n). This factor is calculated as follows:

e gl [y

,Pe0,1] (1)

|XS_Xg{ + Ys — ¥g

Based on this formulation, the new evaluation function is rewritten as follows:
f(n) = g(n) +ef -h(n) (22)

This approach allows dynamic adjustment of the search strategy based on the position
of node n, reducing node expansion and computation time. In this study, DWA is guided by
key nodes from the improved A* algorithm, operating in a “segmentally guided” manner.
This prevents deviation from the global path and avoids local minima, ensuring close
adherence to the global trajectory. Additionally, the DWA module optimizes the weight-
ing coefficients «, B, and 7 through experimental tuning, improving obstacle avoidance,
reducing directional oscillations, and enhancing rotational smoothness.

Liao et al. [47] focused on dynamic weighting in A* and kinematic feasibility in DWA.
A dynamic factor P adjusts the heuristic term in:

f(n) = g(n) +P-h(n) 23)

enabling the algorithm to balance exploration and convergence based on node location.
The DWA cost function is refined to consider minimum turning radius, obstacle clearance,
and smooth heading transitions:

G(v,w) = ay - heading + a; - safety + a3 - dynamic_feasibility (24)

DWA is guided by A*-generated key points, improving global-local coordination and
avoiding local minima. Experiments show enhanced path smoothness and directional stability.
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Collectively, these three studies reflect the evolution of A*-DWA fusion frameworks
toward more adaptive, safe, and realistic path planning. Zhenyang and Wei’s model [41]
emphasizes velocity adaptation, Liu et al. [45] integrates kinematic constraints and dynamic
heuristics, while Liao et al.’s approach [47] reformulates A* for more intelligent global
planning. Future systems may unify these advancements into a cohesive model combining
nonlinear global reasoning, local kinodynamic feasibility, and adaptive obstacle avoidance.

3.2. Artificial Potential Field

Path planning in complex environments often requires balancing global optimality
with real-time reactivity. The A* algorithm and Artificial Potential Field (APF) method
offer complementary strengths—A* for global path generation and APF for local obstacle
avoidance. Their fusion effectively combines long-range planning with responsive local
navigation, enhancing overall path planning performance.

3.2.1. Working Principle of Artificial Potential Field

The APF method models the robot’s environment as a synthetic potential field com-
posed of attractive forces from the goal and repulsive forces from obstacles.

e  Attractive potential function:

\p—ng2 (25)

where p = (x,y) represents the current position of the robot; kg is the attraction coefficient

1
Uatt(p) = Ekatt

that adjusts the intensity of the attractive force; |- || denotes the Euclidean distance between
the robot and the target.

e  Attractive force:
Fait(p) = —VUar(p) = —kaee(p — Pg) (26)

e  Repulsive potential function:

2
;krep<||plpo||_qlo> if || p = poll < o
Urep(p) = (27)

0 otherwise

where ki is the repulsion coefficient that adjusts the intensity of the repulsive force; py is
the obstacle position; g9 denotes the influence radius of the obstacle.
Repulsive force is defined as follows.

Frep(p) = =VUrep(p) (28)

Resultant force is calculated as follows.

n

Fiotal (P) = Fare(p) + 2 Frep,i(P) (29)
i=1

Here, n represents the total number of obstacles. This total force vector dictates the
instantaneous direction of the robot’s motion.
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3.2.2. Improved A* Algorithm Combined with APF

In mobile robot navigation, integrating global A* planning with the local reactivity of
the APF method has become a key hybrid strategy. Three studies (IDs 2.3, 2.5, 2.9) present
distinct yet convergent approaches to fusing improved A* and APF, aiming to address the
limitations of each. While all adopt a global-local coordination architecture, they differ
in heuristic design, neighborhood selection, and force-field modeling. Their shared goal
is to improve path planning in complex environments by reducing A*’s node expansion
and trajectory roughness, while overcoming APF’s local minima and unreachable goal
issues. In all cases, A* generates a waypoint-based global path, which guides APF-driven
local navigation.

Integrating A* with the Artificial Potential Field (APF) method combines global path
optimality with real-time local reactivity. A* ensures an optimal path in static environ-
ments, while APF enables dynamic obstacle avoidance via attraction-repulsion forces. This
fusion allows the robot to follow an optimal path while adapting to unforeseen obstacles
through real-time sensor feedback—something standalone A* cannot achieve without
full replanning.

Chen et al. [40] introduced a directional three-neighbor A* strategy, limiting expansion
to nodes aligned with the movement trend to reduce redundancy. Its APF component
adopts classical potential formulations for attraction and repulsion.

In contrast, Liu et al. [42] enhanced A* by introducing a bias angle factor into the
heuristic function,

f(n) = g(n) +h(n) + A - a — B (30)

where « is the direction from the current node to the goal, and f is from the start to
the goal. This dynamic angular penalty reduces sharp turns and improves path smooth-
ness. While the APF component remains classical, its effectiveness is amplified through
global-local fusion.

Sun et al. [46] presented the most mathematically extensive reformulation. It mod-
ifies both the heuristic and force-field components. The improved A* uses a weighted
angular heuristic:

inew (1) = 1/ (xn = xg)2 + (7 — y)* + e APl o — g (31)

This dynamically weighted term accelerates early search and decelerates near the
goal. Furthermore, the APF algorithm is significantly enhanced with repulsive potential
modified by a Euclidean power term n€(0,1), and the direction of resultant force adjusted
via vector composition of gravitational and velocity components. The resulting repulsive
force function is defined as:

Ykeep (g — &) ifalp) < g
Urep(p) = (32)

0 otherwise

where q(p) is the dlstance to the obstacle, and g is the maximum influence range. The

resultant force F total = Fatt +Y F rep,i- | €nsures better obstacle avoidance and guarantees
target reachability even in local optima scenarios.

In summary, all three algorithms seek to bridge global and local planning via A*-~APF
integration. Chen et al.’s model [40] focuses on computational efficiency through neighbor
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pruning, whereas the Liu et al.’s model [42] enhances path directness via angular heuristic
control, and Sun et al.’s model [46] delivers the most robust solution by optimizing both
search behavior and force-field dynamics.

Table 5 presents a comparative overview of these studies, highlighting key algorithmic
modifications, hybridization mechanisms, obstacle-handling strategies, and their respective
advantages and limitations. This synthesis clarifies the evolving trends and trade-offs
among A*-APF fusion approaches.

Table 5. Comparison of Representative A*-APF Hybrid Algorithms in Terms of Modifications,
Enhancements, and Performance Characteristics.

Criteria Chen et al. [40] Liu et al. [42] Sun et al. [46]
. . 5-directional +
A* Modification Three?nmghbor Dynamm parent angle-based
directional search selection L.
heuristic

n-power repulsion

APF Enhancement Attrac’Flve—only, Interml’Ftent goal + + angle vector
repulsion removed  smoothing :
correction
. Rectar}gular APF for local Real-time switching
Obstacle Handling  grouping of o .
deviation with sub-goals
obstacles
Switching Logic Reglon-tr.lggered Turn-Pomt Goallqugue Wllth
mode switch adaptive control reactive jumping
Main Benefit Reduceq nodes and quoth and Highly adaptive
trap avoidance continuous paths and safe
L No dynamic High More complex and
Limitation . . parameter-
obstacle avoidance  computational load o
sensitive

3.3. Other Algorithms
3.3.1. Improved A* Algorithm Combined with Rapidly Exploring Random Tree

To overcome the slow convergence and suboptimal paths of classical sampling-based
planners, Al-Ansarry and Al-Darraji [38] proposed a hybrid method combining the ex-
ploratory power of Rapidly exploring Random Tree (RRT) with the optimality of A*. In this
Hybrid RRT-A* framework, RRT efficiently explores the configuration space C toward the
goal region, after which A* computes the locally optimal terminal segment.

During RRT expansion, new candidate nodes g,y are generated based on:

9rand ~ Y9near (3 3)

— +eé-
new near ||qrand ~ Ynear ||

where ¢ is the fixed step size and ;4,4 € Cpe, is a random sample; and added to the tree only
if they lie in the free space Cp,, and satisfy the collision-free condition:

(X = Xobs)” + (Y = Yaps)” > s (34)

where (X,ps,0ps) is the center and g, is the radius of a circular obstacle.
To optimize computational efficiency, the hybrid method introduces a dual-condition
mechanism for A* activation: A* is triggered only when the newly added node g, satisfies:

Qnew — qgoal <T, 5sir1ce last Ax = A (35)
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where T = 13 is the goal-region threshold and A =7 is the minimum step interval between
consecutive A* calls.

Once activated, A* computes a locally optimal path segment using its standard evalu-
ation function.

Figure 6 displays the Hybrid RRT-A* flowchart proposed by Al-Ansarry and Al-
Darraji [38].

Phase 1 -RRT

Emvironment Dt s sta

Al st sade (Root)

Chermzrine randos poinl o s
the direction of tree prowth

)

ET\,.

inesnd ihe randoss point, which
satisfy thee {step-sine) comditon

‘ Find the searcsl neighbos node

hity

m Add s o ez mole nd link it
—_—

Lyes {‘_________l this ke the gal T
- e
e
o |
_,.,—'-""-F'_F "-\_.__\_\_\_\_ !
No s this node {2l within T |
e ol predefined ralion? _____F:}
g Vo]

_a—"'_'-'-'-'-'-'-'_ i

'-'::.{:ﬂfj.:.:::rrl.."tlrl-:uttnl_l‘ Hybrid RRT- ..\rtar 1 |
\ %EI‘I:;_I:“I"I“I“III““:I-I:-"‘I i

I the number of vasisel \‘es V

node < prodefined Soeps-
threshold (148 7 Fui the curnent node in the open-sei and vse i as o
W s panl for the subeseanch opermtion (A-sark
o Compue the oost of curent node in)
Snjagimbin

Remeve ¢
o i-set i pl
save the imidex of

Figure 6. Hybrid RRT-A* flowchart [38].

In the first study (ID 2.10), simulations on three 75 x 75 grid maps showed that Hybrid
RRT-A* reduced path length by up to 51.7% and processing time by 70.9% compared to
the traditional A*. The integration notably enhanced performance in environments with
18-30 obstacles, confirming its effectiveness for real-time autonomous navigation.

In the second and third studies (IDs 2.11 and 2.12), the methodological emphases
and application contexts differ substantially. The second study focuses on mobile robots
operating in irregular and complex maps, combining vector-guided sector sampling, repul-
sive and attractive vector fields, beta-distribution point optimization, and adaptive corner
smoothing. This integrated approach enhances both trajectory optimality and convergence
efficiency. By contrast, the third study, designed for AGVs in digitalized workshop en-
vironments, replaces the Euclidean heuristic with the Chebyshev distance to introduce
weak directionality and incorporates an inflection-point penalty, thereby reducing turning
points and improving computational efficiency under industrial constraints. The results
of this study demonstrate a 12% reduction in processing time and a 24% decrease in
path angularity.
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3.3.2. Improved A* Algorithm Combined with Minimum Snap Trajectory Generation and
Timed Elastic Band (TEB)

To address geometric discontinuities and dynamic infeasibility in traditional A*-based
planning, Ma et al. [39] proposed a hybrid framework combining an improved A* planner
with Minimum Snap Trajectory Generation and Timed Elastic Band (TEB) optimization.
This approach ensures both global optimality and real-time local feasibility.

Initially, A* generates a global path by minimizing the standard evaluation function:

f(n) = g(n) +h(n), h(n) = /(0 —xg)* + (¥ — ¥5)? (36)

To eliminate abrupt turns that violate non-holonomic constraints, the path is smoothed
using Minimum Snap polynomials:

p(t) =) pt (37)
i=0

2
[T d'p(t) ¥
m1r1‘/O ( e dt:rruni;pi Qip; (38)

In this framework, snap—the fourth derivative of position—is minimized via a
quadratic programming (QP) formulation with continuity and smoothness constraints
across trajectory segments.

The Timed Elastic Band method further refines the trajectory in real time by model-
ing the path as an elastic structure subject to repulsive and attractive forces. Penalty

functions enforce minimum distances from obstacles: f,, = s(—dmm,j, —Tomins - - - ),
2

foath = s(dmin,j,rpmax, ...), and minimize travel time via: fi = (il ATy ) .

Simulation and hardware tests ona 10 m x 5m environmenlt_ showed a 22% reduction
in path length and a 53% improvement in smoothness compared to the traditional A*. The
hybrid approach significantly enhances motion safety, energy efficiency, and responsive-

ness.

3.3.3. Improved A* Algorithm Combined with Greedy Algorithm

To overcome the inefficiency of traditional A* in multi-goal path planning, Xiang
et al. [43] proposed a hybrid approach combining an improved A* algorithm with a greedy
insertion mechanism. This method generates near-optimal, collision-free paths for au-
tonomous mobile robots (AMRs) while minimizing total path length and angular disconti-
nuities. The enhanced A* employs a modified evaluation function:

F(n) = G(n) + H(n) + o(n), o(n) = —aC(n) + BL(n) (39)

where C(n) promotes goal-directed expansion and I(n) penalizes directions with dense
obstacles. The weights o« and 3 allow adaptive tuning between efficiency and safety. For
multi-objective planning, an initial sequence of (n—m) goal points is selected and optimized
using A*. Then, a greedy insertion strategy is used to insert the remaining m points.
Given an existing sequence: Pathy = {S, Xy, Xy, ..., Xy, G}; a new point Xy, is inserted at
position i* that minimizes the total path cost: Lj = Lpresix + d(Xi, Xicy1) + d(Xiey1, Xi11),
i* = arg min[L;]. This insertion continues until all targets are visited.

Figur:e 7 compares results on three grid maps (20 x 20, 30 x 30, and 50 x 50) with
varying obstacle shapes and densities. Red paths indicate traditional A*, while green paths
represent those generated by the improved A* combined with the Greedy algorithm. The
hybrid method produces slightly shorter, smoother paths with fewer turning points.
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Figure 7. Comparison of the paths generated: (a) Map 1, (b) Map 2, (c) Map 3 [43].

On 50 x 50 maps, the approach reduced path length by 9.68%, total turning angle
by 72.59%, and yielded smoother trajectories than both traditional and bidirectional A*.
This demonstrates its scalability and computational efficiency for real-time multi-goal
path planning.

3.3.4. Improved A* Algorithm Combined with Particle Swarm Optimization

To address local optimality and discrete transitions in traditional A*, Huang et al. [44]
proposed a hybrid A*-PSO framework (APSO) for mobile robot path planning. A* generates
an initial feasible path, which is then refined by Particle Swarm Optimization (PSO) to
ensure smoothness and compliance with kinematic and continuity constraints.

The PSO-based refinement retains the classical velocity update rule:

ot = woif + err (Ppesgs — Xi7) + 212 (8pest — X7) (40)
where w is the inertia weight, c1, ¢, are cognitive/social coefficients, and rq, r,~U(0,1). A
stochastic inertia weight (SIW) is used to balance exploration and exploitation:

L (Wmax — Wmin) (41)

W = Wmax —
Tmax

To avoid premature convergence, the algorithm incorporates Stochastic Opposition-
Based Learning (SOBL): xiObs = a+b — x; and selects the fittest among current and opposite
particles based on minimum total cost: f = «L + D + yR, where L is path length, D is
turning angle, and R is the safety radius (distance from obstacles).

Implemented in MATLAB (R2021b) and tested on real-world maps, APSO reduced
total path length by 4.8%, average turning angle by 16%, and curvature amplitude by 76%
compared to traditional A*. These results demonstrate that PSO-based post-processing
significantly improves path smoothness, safety, and dynamic feasibility.

4. Conclusions

The scalability of A* deteriorates significantly in larger or more complex environments
due to several inherent limitations [50]. First, the search space grows exponentially with
map size: in two-dimensional grids, doubling the resolution quadruples the number
of nodes, while in three-dimensional environments the growth is cubic. Second, the
algorithm requires maintaining both open and closed lists, and priority queue operations
become computational bottlenecks when managing hundreds of thousands of nodes. Third,
redundant node expansions increase substantially in large maps, as A* explores numerous
unnecessary states to guarantee global optimality. Fourth, the reliance on uniform grid
discretization creates a trade-off: fine grids yield accurate paths but dramatically increase
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computational cost, whereas coarse grids reduce computation but produce unrealistic
“staircase” trajectories that violate the kinematic feasibility of real robots. Finally, A* lacks
adaptability; any environmental change necessitates recomputation from scratch, which is
particularly prohibitive in large, dynamic scenarios such as warehouses, agricultural fields,
or search-and-rescue operations.

In essence, A*'s poor scalability arises from its exhaustive search nature and uniform
grid reliance. This is why researchers in robotics and automation have moved toward
improved or hybrid A* variants (e.g., A* + DWA, A* + APF, A* + PSO, A* + RRT.. ),
which incorporate adaptive heuristics, hierarchical maps, or learning-based strategies to
significantly reduce computational load while maintaining path quality.

The findings indicate that while the traditional A* algorithm has its limitations—such
as trajectory angularity, computational inefficiency, and lack of adaptability to dynamic
or large-scale environments—have motivated diverse enhancements. Studies focusing
on geometric and heuristic refinements have demonstrated significant reductions in node
expansion, path angularity, and computation time, while hybrid frameworks that combine
A* with methods such as DWA, APFE, PSO, RRT, and Greedy algorithm have proven more
robust in dynamic, uncertain, or multi-goal scenarios. Importantly, the hybrid approaches
not only bridge global optimality with local adaptability but also offer improved safety
margins and smoother trajectories, thereby moving closer to real-world applicability in
autonomous mobile robots.

Despite these advances, several open challenges remain. First, most of the improve-
ments have been validated in controlled simulation environments, with limited exper-
imental evidence on physical robotic platforms operating in large-scale, unstructured,
or highly dynamic environments. Second, many algorithms prioritize one performance
metric (e.g., smoothness or computational efficiency) at the expense of others, leading to
trade-offs that are not sufficiently addressed in a unified optimization framework. Third,
current hybrid algorithms still lack generalization capability; their effectiveness is often
contingent upon parameter tuning and problem-specific assumptions. Furthermore, the
integration of learning-based methods, such as deep reinforcement learning, has only been
explored in a limited capacity, leaving significant potential for adaptive and self-optimizing
navigation strategies.

Future research should address these gaps through several promising directions. A
first priority is the development of holistic evaluation benchmarks that incorporate path
optimality, smoothness, safety, computation time, and energy efficiency under standardized
testing scenarios. Such benchmarks will enable objective cross-comparison and accelerate
the translation of algorithmic innovation into practical deployment. A second direction
lies in the tight integration of A with machine learning and data-driven methods, enabling
adaptive heuristic functions, real-time parameter optimization, and lifelong learning in
continuously evolving environments. Third, multi-agent navigation represents a critical
frontier, where collaborative path planning and decentralized control must ensure scala-
bility and robustness in swarm robotics, warehouse intralogistics, and emergency rescue
operations. Fourth, future systems must incorporate kinodynamic constraints and uncer-
tainty modeling, ensuring that planned trajectories are not only geometrically optimal but
also dynamically feasible and real-time movements under sensor noise, localization errors,
and environmental disturbances. Lastly, hardware-in-the-loop validation and large-scale
real-world experiments should become a standard component of evaluation to confirm
robustness, safety, and computational feasibility in practical robotic systems.

In conclusion, the trajectory of research indicates that improved and hybridized A*
algorithms will remain a cornerstone of autonomous navigation. Their continued evolution,
coupled with advances in sensing, computation, and machine learning, promises to deliver
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intelligent, adaptive, and reliable robotic systems capable of safe and efficient operation in
increasingly complex environments.
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