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ABSTRACT

Despite being a fundamental problem to autonomous robotics and intelligent navigation sys-
tems, path planning is still a challenge. The A" algorithm is often used among search-based
techniques for optimal search performance, as it’s a tradeoff of computation. The above techniques
have been developed for various applications as many versions of A* Dynamic A* (D*), D
Lite, Hybrid A", and Anytime A" are suggested to deal with dynamic environments, real-time
constraints, and kinematic restrictions. This paper comprehensively and structurally reviews the
A" algorithm and its major extensions, encompassing historical development, methodological
improvements, practical applications, and upcoming research trends. This review differs from the
descriptive surveys conducted in this book, comparing classical and hybrid approaches (to include
semi-quantitative analysis) on different computational complexity, re-planning mechanisms, scal-
ability, and applicability to robotic systems. It lays out the current challenges, implementation
frameworks, and practical libraries as well, giving a comprehensive view linking theory evolution
with real-world applications with robots. The goal of the review is to be a reference framework
for researchers concerned with how this trend of A*-based planning is transforming into dynamic,
cooperative and intelligent navigation systems.
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1. Introduction

The problem of path planning for mobile robots is the search for an efficient way to
travel effectively and safely between a starting point and the end point and overcome
obstacles. This process is divided into global planning (building a full path in a known
environment) and local planning (shifting the route according to dynamic and real-time
environmental surroundings). Some algorithms, including A", Rapidly-exploring Random
Tree (RRT), Dijkstra’s algorithm, Genetic Algorithms (GA), and neural network algorithm,
have been applied that predict the path according to the environment (static or dynamic).
The ultimate objective of this process is to reduce travel time, avoid collisions, and reach
autonomous robot motion. Although advances have been made in this area, the path
planning problem is computationally demanding and has attracted extensive research
[1]. Several surveys have reviewed classical and intelligent path planning algorithms for
autonomous navigation [2-4]. One of those algorithms, A" algorithm, this algorithm is
the most used and studied in this area. Its low complexity, the structural ability of the
solution to balance between the cost (G(n)) and the heuristic estimate of the remaining cost
(H(n)). This equilibrium allows the characteristic completeness and optimal optimization
characteristic, as long as the heuristics to be computed are acceptable, to be taken from
A*. From memory requirements, time needs on the environment, dynamic environments —
all of these techniques of optimization as time progressed still further more improvements
were made [5, 6]. While a number of more advanced algorithms have emerged in recent
years including probabilistic search algorithms, machine learning techniques etc., the A*
algorithm is still a reference algorithm in this area. Emerging developments also generalize
and expand over the A*-based planning mechanisms to apply cooperative multi-agent sys-
tems, distributed decision-making architectures and multi-objective optimization models
in autonomous surface and underwater vehicles. Such progress can be seen through the
transformation from conventional path planning principles into a cooperative and adaptive
approach for navigation in dynamic and complicated environments [7-9]. These repre-
sentational studies are introduced in order that, in terms of the modern approaches, the
heuristic search laws continue to motivate the modern day cooperative and multiobjective
autonomous navigation. Therefore the goal for this paper is to analyse on A* the algorithm
at its theoretical roots, its main components, its practical applications to various domains
and to present the A* reference framework, which connects A* evolution with cutting-edge
Artificial Intelligence (AI) through the use of practical solutions in smart systems in current
systems. With this in mind, the core work in this paper is to synthesize and merge the
primary A* algorithm development processes in this paper into comprehensive and current
review. Unlike existing surveys, this approach provides a more structured critical analysis
that is based on heuristic design, algorithmic variants, and hybrid Al-based extensions
all in a comparative context. It explores how various researchers adapted the algorithm
to dynamically, statically, or real time environments, with an analytical treatment of
both objectives and performance trade-offs of each variant. Moreover, the proposed paper
covers the applicability of robotics, autonomous driving, Unmanned Aerial Vehicle (UAV)
navigation, and gaming to a variety of domains to focus on cross-domain trends and con-
straints. Finally, in the last part of the review challenges published recently are discussed
and modern learning based techniques are critically examined at the level of improving
heuristic quality, adaptability and practical deployment. The methodology of this paper
is presented in the following sections: Section 2 presents the techniques that allowed us
to study the recruitment and screening of relevant studies. The basis of the algorithm,
evolution, extension, applications, and comparison, as well as some disadvantages are
presented in Section 3. Discussion of your findings is done in Section 4. Section 5 examines
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the key research opportunities and future directions of models based on A*. This review is
concluded in Section 6.

2. Search methodology

To ensure that this review is both timely and comprehensive in A* and many further
A* derivative works, an appropriate structured search process was used. We conducted
our search, referring to several peer-reviewed scientific databases: IEEE Xplore, Scopus,
ScienceDirect, SpringerLink, and Google Scholar. Due to being the source of most rel-
evant literature until now in robotics, Al and path planning, they were chosen as the
most comprehensive literature sources. Primary and secondary keywords were used to
search for the studies related to a question. These keywords were: “A* algorithm,” “A-star
path planning,” “heuristic search,” “hybrid A*,” “D*,” and “grid-based search.” Relevant
keywords were “mobile robots,” “autonomous vehicles,” “UAV navigation,” and “dynamic
environment.” Boolean operators (e.g., AND/OR) were applied to narrow or extend the
search (e.g., “A* algorithm” AND “autonomous navigation”). Since the implementation
of real-time re-planning techniques and learning-based heuristics, new strategies for plan-
ning paths were developed quickly and defined the search between 1998 and 2025. For
these, the search consisted of only peer-reviewed journal articles, conference papers, and
high-quality review papers that specifically described the A* algorithm and its variants,
algorithmic developments, or practical applications. We excluded unpublished theses,
non-English studies, duplicate studies, and documents with ambiguities or incomplete
means. The review was a multi-step screening and screening process. Early in the process,
titles and abstracts were selected to consider the suitable ones. This time, and in step
two, full texts were screened for contribution, amount of experiment, experiment depth,
or theory or background. A combination of classical and recent implementations of path
planning by means of A* to select relevant, credible studies was performed. The chosen
final set of studies serves as the supporting context for this rich review considering these
existing works and algorithmic advances and also novel applications, such as robotics,
autonomous systems, and intelligent navigation for the continued generation of A*.

3. Background
3.1. Theoretical overview

A" is one of the most popular path planning algorithms in AI and robotics because of
its remarkable efficiency and accuracy in obtaining the optimal path [1, 10, 11]. The
algorithm assumes that a heuristic function estimates the residual distance to the goal,
limiting the exploration as much as possible, due to improved decision-making through
heuristic and informed searching, allowing a significant reduction in the number of nodes
explored compared to previous search methods like Dijkstra [12, 13]. A" is suitable for
multiple dynamic and stationary environments, and is flexible- scalable for large datasets.
This algorithm depends on the selection of an appropriate heuristic function to enhance
efficiency while still achieving the accurate navigation behavior of the agent in the
environment [14, 15]. Several studies have proposed improved A" variants to enhance
computational efficiency and energy consumption in mobile robot navigation [16, 17]. To
clarify the operation of the algorithm, its structure and implementation steps are examined
below in the following paragraph:
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The algorithm contains a network of nodes that are essentially the path. They are divided
into edges, an open list representing those nodes which have been discovered but not yet
processed; a closed list representing those that have been processed or expanded and an
evaluation function (f) that evaluates each node with a function known as F(n) where:

F(m)= G (n)+H(n) €9)]

where G(n) represents the actual cost from the starting point to node n, and H(n) represents
the estimated cost from node n to the goal. This estimation is obtained using a heuristic
function such as Euclidean or Manhattan distance.

The effectiveness of the A" algorithm depends on the selected heuristic function used
to guide the search process. Therefore, a critical analysis of commonly used heuristics is
essential to assess their impact on performance, optimality, and computational efficiency
as listed in Table 1.

Recent studies have explored adaptive heuristic strategies to improve real-time perfor-
mance in unknown environments [18]. The heuristic comparisons listed in Table 1 are
reported from previous studies [14, 15, 19, 20], as well as recent learning-based heuristic
approaches [21, 22].

Traditional admissible heuristics, such as Manhattan and the Euclidean distance, exhibit
optimality but do not achieve efficient scaling of their algorithms in complex or dynamic
environments as the analysis shows. The weighted heuristic achieves quick computational
efficiency at the price of solution optimality. Currently, adaptive and efficient learning-
based and hybrid heuristic methods are applied in complex settings. But they are dependent
on large training data and lack a guarantee of admissibility, making them unsuitable for

Table 1. Important comparison of methods used in A* path planning.

Relative
Relative =~ number of
Heuristic execution explored Path Environment
function Admissibility time nodes optimality suitability Critical limitations
Manhattan ~ Admissible = Low High Optimal Grid-based, Performs poorly in
distance 4-connected diagonal or
maps continuous
environments
Euclidean Admissible  Low - Moderate Optimal Continuous and Ignores obstacles
distance moderate geometric and terrain
spaces complexity
Diagonal Admissible Low Moderate - Optimal in 8-connected grid Limited
distance low 8-connected maps improvement in
grids dense obstacle
environments
Weighted Non- Very low  Low Suboptimal  Large-scale or  Sacrifices
heuristic admissible time-critical optimality for
systems speed
Learning- Often non- Moderate - Low - Near - Dynamic and Requires training
based admissible high moderate optimal complex data and lacks
heuristic environments theoretical
guarantees
Hybrid Adaptive / High Very low Near - Autonomous High
heuristic (A"  often non- optimal vehicles and computational
+ Machine  admissible intelligent and training cost
Learning robots

(ML)
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The path to be planned The target node‘

(n)-““--‘

The path is planned

The starting node

Fig. 1. Schematic representation of the mechanism of the A* algorithm [23].

use in safety-critical applications. Therefore, studies related to adaptive heuristics able to
trade-off efficiency, optimality, and robustness are gaining prominence. This algorithm
starts off with an open list containing the initial node. At each iteration, the lowest value
of the first node F(n) is selected from the open list. The next node (neighboring nodes) of
the processed node is checked. If the neighbor is not on the closed list, it can be added
into the open list. G(n) and H(n) values are updated according to the new path that is
being evaluated, repeating until the target node is reached [13]. Fig. 1 shows the general
structure and mechanisms of the A* algorithm in path search. The evaluation function of
each node is computed from Eq. (1). G(n) is the total cost from the starting node all the way
to the current node. For the average required distance to be achieved from the goal, H(n)
denotes the heuristic estimate of the remaining distance to the goal. The arrows show the
direction of search between the nodes, and the black area is the barriers that the algorithm
skips to get the best path in the solution.

3.2. Traditional and recent approaches based on A*s

The first A* formulations known as classical or traditional A* were designed to perform
a mapping algorithm for static and grid-based environments [14]. Fixed heuristic concepts
and exhaustive expansion of nodes led to these approaches which caused a lot of computa-
tionally expensive and RAM-consuming solutions, especially in large-scale environments.
Recently, A*-based methods have concentrated on computational efficiency that are better
adapted and scalable. Some of the recent variants, such as hybrid A*, learning-enhanced
A* and real-time re-planning methods include dynamic heuristics, environment awareness
and the incorporation with other methods such as Dynamic A* (D*), D* Lite and ML models
[24, 25]. Fast re-planning, low node exploration, optimized performance in dynamic and
partially known surroundings and less complexity make them better used as a real robot
model approach. In terms of performance, contemporary work uniformly demonstrates



20 JOURNAL OF SOFT COMPUTING AND COMPUTER APPLICATIONS 2026;3:1027

Table 2. Comparison between traditional and recent A”-based approaches.

Aspect Traditional/Classical A" Recent A”-based Approaches

Environment Static, known maps Dynamic or partially known environments
Heuristic type Fixed, admissible Adaptive, weighted, or learned

Re-planning ability ~ Limited Strong, especially in D* and D* Lite

Path realism Grid-constrained Better for kinematic and smooth paths

Node exploration Usually high in large maps Reduced through improved guidance
Execution speed Moderate to slow in complex maps  Faster in many real-time cases

Memory usage High in large search spaces Often improved, but depends on method
Main limitation Poor scalability in dynamic settings  Higher complexity, possible loss of optimality

better execution time, memory cost and path tuning than classical A* [17, 20]. They
attain these performance upgrades by eliminating unnecessary node expansions, by more
appropriately guiding the search and by allowing for online re-planning in the presence of
alterations of the environment. Table 2 shows the primary methodological and experimen-
tal differences between classical and newer A* approaches. Classical A* is most suitable for
grid-like, known environments where fixed admissible heuristics can provide solutions that
make optimal decisions. However, if the environment is large, dynamic, or, in some cases,
poorly defined, the limitations of classical A* are glaringly apparent: intensive memory
usage, larger node expansion, and slower computation time. Moreover, with the rise of
Hybrid A*, D* Lite, and learning-enabled A* schemes, all of these introduce incremental
re-planning, or adaptive heuristics/movement restrictions for greater flexibility. These
methods typically minimize redundant exploration and improve response time in real-time
applications. Some of those advances do involve trade-offs, not least an added burden on
implementation, extra expenses on parameter tuning or algorithm training, or sacrificing
some level of optimality guarantees. From the fact of both methods we can observe that
conventional A* is suitable for restricted and controlled search space, but the modern
approach of A* based search is suitable for dynamic large-scale and real world autonomous
exploration related problems.

3.3. Historical development and variants

The A* algorithm has evolved a lot since it was introduced in 1968 [14]. The D* method
was introduced by Stentz in 1994 where robots are able to reconfigure paths automatically
in response to the discovery of a new obstacle, and thus to be used in dynamic situations
[26]. D* Lite was introduced in 2002 for a more efficient and computationally lightweight
algorithm [27]. Then algorithms like Anytime Repairing A* (ARA*) and Anytime A*
were introduced, which provide fast first responses that improve through time [28]. For
instance, in the Theta* algorithm, such as what was proposed previously in 2007, the
path smoothness can be improved by adding straight lines between nodes in place of the
grid movement [29]. This has been primarily the aim for recent studies in hybrid A*-level
versions with machine learning-based approaches and neural network-based tools [30] to
tackle the more challenging aspects of the environment. Fig. 2 illustrates the classification
for path planning algorithms.

This history shows how the A* algorithm changed from a basic fixed model to a
flexible and efficient system that can handle the needs of today’s robotics, self-driving
navigation, and smart toys. Table 3 presents the development and different versions of the
A* algorithm.

The A* algorithm is a familiar algorithm as it yields suitable path-prediction at a
moderate rate even in challenging scenarios. It is an essential algorithm in smart navigation
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Path Planning

Algorithms
Evolutionary Learning-based Graph-based Sampling-based
Algorithms Algorithms Algorithms Algorithms
ACO DRL A* PRM
GA Neural A* Dijkstra RRT

D* Lite

D*

Fig. 2. Classification of path planning algorithms.

Table 3. Time evolution and improvements in the A" algorithm.

Year Algorithm/Version Basic Idea Improvements/Features Reference

1968 A" A Search that uses a heuristic The method Finds the optimal path with a [14]
method to estimate the balance between actual and heuristic
remaining distance costs

1994 D" Automatic re-planning in The method deals with new obstacles [26]
dynamic environments without recalculating the entire path

2002 D" Lite An improved and lighter The method has a higher computational  [27]
version of D* efficiency and ease of implementation

2003 ARA" / Anytime A* Obtaining a fast, incrementally Introducing a new algorithm for [28]
improvable solution Anytime improving solutions over time

2007 Theta" Smoothly path planning using Minimizes mesh movements and makes  [29]

straight lines between nodes  the path smoother
2015 Hybrid A" + ML  Combining the A* algorithm  Ability to adapt to complex environments, [30]

with machine learning improve planning efficiency, predict
techniques obstacles, and produce smarter paths
2022 Hybrid Combining A* with Improve performance in planning [31]
Swarm-Based bio-inspired neural networks  dynamic paths, adapt to environmental
Neural Network and GA changes, and update neural activity

(HSBNN) values for robot guidance
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systems, robotic robot systems as well as video games, so the accurate and autonomous
path-planning is one of the most important factors for the accuracy of these algorithms. The
classical A* algorithm has been reported to do well in well-defined and static situations,
for example it’s shown in one study can run time 229 ms, nevertheless, despite this
satisfactory speed, classical A* cannot accommodate dynamic re-planning; any change in
the environment has to start from the entire route, which raises the computation load for
real-time applications. Classical A* is also characterized by expensive node exploration and
high memory usage with increasing volume of search space. Distinguishing from it, D* Lite
is mainly designed for dynamic or partially unknown situations in which it enhances search
efficiency by regenerating only the parts of the path previously computed that are affected
from the previous search [32]. Consequently, D* Lite has lower re-planning cost, less
re-expansion of nodes, increased responsiveness in changing environments with moderate
memory consumption. Hybrid A*, on the other hand, generalizes the classical A* model
to kinematic limitations and to produce more realistic and smoother vehicle and robot
trajectories for autonomous vehicles and mobile robots, but they have a penalty: increased
computation complexity, longer running-time, larger number of nodes, and more memory
usage since the algorithm must consider additional motion states (heading angle and
turning radius). Thus, comparing these options revealed that no type is better than another
in every case all the while: Classical A* is always optimal in static path-planning tasks,
considering its simplicity and optimality, D* Lite excels in dynamic problems demanding
fast re-planning, and Hybrid A* is preferable for applications that demand kinematically
feasible and smooth paths, even though the computational expense is higher. Comparing
the A* algorithm main parameters, Table 4 makes clear the most relevant and crucial
trade-offs between the optimality, computational expense, and environmental fit of the A*
algorithm.

Table 4 critically compares the key variables in a model A* algorithm’s path planning.
The comparison and the analysis were previously indicated based on the evidence and
the studies presented [14, 24-27, 29, 33]. In addition, with quantitative data, Table 5
summarizes representative experimental performance metrics found in existing literature
to provide the comparison discussion with tangible support. Classical A* is still appealing
because it guarantees optimality when an admissible heuristic is used and performs well
in static, structured environments. Nevertheless, lack of dynamic re-planning restricts the
applications in changing environments. While D* Lite avoids this problem by reducing
repeated search effort and improving responsiveness, Hybrid A* improves the feasibility
of a forward trajectory under motion constraints at the cost of more expensive computation
and memory. Compared with other approaches, A* is in the middle ground, as it is usually
more efficient than uninformed graph search, but isn’t as flexible as incremental planners,
and can be less readily scalable than some sampling-based approaches. This provides
evidence that no one algorithm is the best in every case and that the choice of algorithmic
method depends on the tradeoffs between optimality, responsiveness, scalability, and
computational cost.

The numbers shown in Table 5 come directly from separate experiments. Even though
these tests were done in different conditions, the results clearly show that classical A*
works well in unchanging environments, D* Lite makes re-planning faster in changing
situations, and Hybrid A* uses more computing power and memory because of movement
limits.

3.4. Applications of A* algorithm

Due to their safety and minimal collision, A* and the variants thereof have found
significant use since their introduction in the mobile robotics and autonomous system
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Table 4. Critical comparison between the most important variables of A* algorithm.

Memory
Environment Computational Consump- Main Critical Suitable
Algorithm Type Optimality Cost tion Strength Limitation Applications
Standard Static known Optimal High in large Very high Guarantees Poor Grid-based
A" with ad- maps optimal path performance in mobile
missible with simple  dynamic or robots,
heuristic implementa- large-scale games
tion environments
D" Dynamic, Optimal  Very high High Real-time Computationally Outdoor
partially re-planning  expensive with mobile
known capability frequent robots
updates
D' Lite  Dynamic, Near Lower than D* Moderate Efficient Still sensitive to Autonomous
unknown optimal re-planning  map size navigation
with
reduced
complexity
ARA" Time Suboptimal Moderate Moderate Fast initial ~ Not ideal for Real time
constrained - Optimal solution strict real-time  robotic
with systems systems
progressive
improve-
ment
Theta” Static, Near- Moderate Moderate Produced Limited benefit Simulation,
grid-based  optimal smoother in high games
and shorter  cluttered
path environments
Hybrid A* Continuous, Near- High High Handles High Autonomous
kinematic-  optimal vehicle computational vehicles
constrained kinematic burden
and smooth
trajectories
Al-based Dynamic, Near- Very high Very high Adaptive and Training cost  Intelligent
hybrid A* complex optimal predictive and lack of robot, UAVs
planning generalization

Table 5. Reported quantitative performance metrics from independent experimental studies.

Dynamic
Algorithm  Execution Time Memory Node Expansion Re-planning Reference
A" 229 ms Low Not reported No [34]
D" Lite Reduced runtime vs Moderate  Reduced re-expansion Yes [35]
repeated A"
Hybrid A*  Higher than classical High Increased due to Limited [36]
A" kinematic constraints

paradigms. With similar principles in ground robotics, derivatives such as Field D* and
improved A*-based approaches have been used to enhance the smoothness of trajectories
and navigation reliability in complex terrains [37, 38]. Hybrid A* combines discrete
search within vehicle kinematic constraints for the autonomous driving paradigm, making
trajectory generation attainable and smooth in the urban environment. A* 3D extensions
have been used in aerial robots to map UAV path and avoid obstacles in complex airspace
[39, 40]. In simulation and gaming settings, performance is important, and A* is applied
where it runs in real time [41, 42]. These cases illustrate that A*-based methods can be
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Table 6. Provides a comparative analysis between A* and other representative path planning algorithms based
on commonly reported performance indicators.

Dynamic Relative Com-
Optimality ~ Scalability Environment Real-Time putational
Algorithm  Guarantee Level Support Capability  Load Typical Use Cases
A" Optimal Medium No Limited High Grid-based
planning
Dijkstra Optimal Low No No Very high Graph shortest path
D" Lite Near- Medium-  Yes Yes Medium Dynamic
optimal High re-planning
RRT Probabilistic High Yes Yes Low High-dimensional
spaces
PRM Probabilistic High Partial Limited Medium Multi-query
planning
GA Suboptimal =~ Moderate  Partial Low Very high Flexible
optimization;
slow for
real-time
DRL-based Suboptimal High Excellent High Very high Adaptive control
methods needs large

training datasets

effectively applied to static, dynamic, and continuous planning scenarios. A*-based
planning is supported in several programming libraries. Python libraries (NetworkX,
PythonRobotics for graph-search implementation) and Robot Operating System (ROS)
navigation stacks that combine A* and D* variants for physical robotics systems are also
present. Tools such as Gazebo are able to support experimental verification from simulation
platforms. This makes deployment and enhances practical applicability with these tools.

3.5. Comparison with other algorithms

Several path planning approaches have been designed to overcome the shortcomings
of classical A*. The variations in these methods are optimality, scalability, dynamic
adaptability, and computational requirements. To structure these trade-offs.

The comparison in Table 5 is critical and comparable to other researches in [43-48]. A*
combines optimality with practicality, as can be seen in Table 6, and is more efficient in
search for applications based in a static grid than naive algorithms with advice heuristics;
for example Dijkstra. Importantly, unlike sampling-based methods such as RRT, PRV,
etc., this is more brittle to dynamic environments than D* Lite, and it is not suitable
for high-dimensional continuous spaces. Although the contributions made by this paper,
and particularly its broad conclusions and suggestions regarding enhancing current RQ
schemes and approaches to efficient grid architecture, are important in showing the
inherent biases of this approach. Unlike classical search algorithms, learning-based and
bio-inspired methods are usually also more flexible but computationally expensive, and
typically do not include the deterministic optimality guarantees from the classical search
algorithms in their algorithms. These differences confirm that in structured scenarios, we
can still obtain a very high efficiency using A* and that the remaining two approaches are
more desirable when we must choose between flexibility or scalable capabilities. The time
complexity of the classical A* algorithm is usually O(bd) from a computational techniques
perspective whereby b is the branching factor and d the search depth. Such complexities
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Fig. 3. Simulation results of A* path re-planning algorithm [48].

have notable impacts on planning time for mapping robotics, especially regarding large-
area/high-resolution maps on-device. This results in extra memory consumption for nodes
as the size of the environment increases, where expansion is exponentially higher. As nodes
increase, this results in delayed response as the response time takes longer. For example,
D* Lite is an incremental algorithm that ensures redundant computations are eliminated;
by not doing such calculations and changing the environment only once, it only updates
the affected nodes, which enhances real-time behavior of the algorithm users for dynamic
navigation of the robot. Such a complexity is not only a conceptual characteristic, but also
an important problem regarding real-world robot path planning applications. Experimental
research is performed by [48] to illustrate the dramatic difference in the re-planning
mechanism of the A* algorithm and the D* Lite algorithm against obstacle dynamization.
Fig. 3, modified from [48], shows that A* works on the condition of an incoming obstacle
in a predicted path. Here, the algorithm drops all prior search data and recalculates from
where the robot currently operates to this target. Even though this guarantees a positive
fix, it is redundant. By comparison, D* Lite, visualized in Fig. 4, exhibits a more effective
incremental strategy. When the obstacle is observed, the algorithm keeps search data
and only updates node costs directly influenced by the change, and finally only deploys
this update to reverse the path. This greatly minimizes redundant computing time and
exemplifies a novel design philosophy which makes D* Lite viable for dynamic complex
environments.
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Fig. 4. Simulation results of D* Lite path re-planning algorithm [48].

This comparison clearly shows the main difference between full re-planning and step-
by-step re-planning methods, giving a clear reason why D* Lite works better in changing
robot tasks.

3.6. Challenges and critical limitations of A* variants

While the A* algorithm and its related algorithms have been widely applied for decades,
there are still some major limitations to both the simple A* algorithm and advanced A* al-
gorithm. These limitations are determined by memory consumption, scalability, real-time
responsiveness, environmental assumptions, and heuristic dependencies. In addition, A*
is memory-bounded as for classical A*, with open and closed lists in the search, it implies
there is considerable computational overhead at scale [49]. This is especially hard to scale,
in large dimensionality, or very connected search spaces, which indicates search spaces for
which many computations are needed and also this is very expensive. Also, its most notable
criticism is its assumptions about a well-defined system — a static (and fully known)
environment. Standard A* has also not held for dynamic or partially described use cases.
D* and D* Lite are also available and use incremental re-planning to handle environment
updates, but they are expensive to compute due to frequent updates or increasing map
complexity. Responsiveness is another challenge. Algorithms such as ARA* give faster
answers in first versions and much better optimization, but at the same time, they can only
be used for strict real-time systems (as far as we know). Additionally, Hybrid A* imposes
vehicle movement restrictions in order to create feasible mobility for autonomous driving
applications, but this realistic feature leads to higher search complexity and computational
cost, particularly in unstructured networks. Also, how effective the heuristic functions
are greatly affects the overall performance of the A*~based methods. A heuristic would
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similarly result in low efficiency and performance in search optimization with poor design
[51]. More sophisticated versions mitigate some of the drawbacks of classical A*, yet trade-
off of optimal/constrained system, computational efficiency/capacity, scale, and dynamic
adaptability remains an open source gap in intelligent navigation systems. It is known from
the literature to enhance the classical A*, such as that the classical A* was not always able
to tackle the problem. Utilization of hierarchical planning and graph pruning, as well
as using implementations with memory constraints such as Simplified Memory Bounded
A* (SMA*) can reduce memory consumption. Multi-resolution grids and sampling-based
hybrid frameworks mitigate scalability concerns. In the case of dynamic environments,
incremental search algorithms like D* and D* Lite remove the overall re-computation
effort. Real-time performance should be improved using Anytime algorithms such as ARA*
that give quick initial solutions followed by a stepwise refining process. In addition,
algorithms for the heuristic calculation by learning have been previously introduced, for
their ability to get better search performance without affecting the feasibility of a route.
These approaches illustrate how much of A*’s constraints can be removed through adaptive
and hybrid planning modes.

4. Discussion

Quantitative (Tables 3 to 5) data identify various and relevant performance trade-offs
that guide an A*-based variant for individual applications. In static and unchanging envi-
ronments, Classical A* performs well; however, this advantage is accompanied by ‘High’
memory usage (Table 3) and the absence of dynamic re-planning capabilities (Table 5),
which restricts its applicability to well-defined static situations. D* Lite is a direct solution
to this limitation, allowing real-time re-planning to give a ‘Reduced runtime vs repeated
A* execution time’ (Table 4). It is not easy to explain, but this adaptability does not come
without somewhat more computational overhead: this requires a compromise: providing
environmental responsiveness at the cost of algorithmic complexity. The pricing of the
actual physics is most evident in the cost of fitting A* in hybrid A* is best illustrated with
hybrid A*; it is necessary to make possible the trajectories necessary for the real physics
of autonomous driving, however, it is expensive in terms of ‘Higher than classical A*
execution time’ and ‘High’ memory usage (Table 4), directly as a by-product of extending
the search into a continuous state space. Taken together, these results support the fact
that there is no one single algorithm in general where there is no ultimate preference of a
variant, the best one is a tradeoff between optimality, computation cost and environment
adaptivity. The review of present contemporary techniques presents a typical picture of
trends in research: the requirement that systems be smart and adaptive. To overcome
the tough trade-offs mentioned above, increasingly the research community is trying to
combine both A* and Al models. A comparative perspective on these promising hybrid
methods is provided in Table 7.

The comparative critique shown in Table 7 is accompanied by the recent literatures,
which discuss hybrid and Al-integrated A* schemes [2, 10, 26, 31, 33, 34, 51]. The
qualitative comparison in Table 7 (not that there are objective numerical parameters to
represent, as they are experimental) shows a clear, yet important pattern: high adaptivity
in more complex environments is costly. For example, although A* with reinforcement
learning achieves ‘High’ adaptability, it suffers from computational costs of ‘Very high’
and has no optimality guarantees. Similarly, the use of Large Language Models (LLM)
approaches provides innovative context-based guidance but still are computationally costly
and experimentally immature. This means that there is really more to the project in terms
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Table 7. Critical comparison of hybrid A* and Al-based path planning approaches.

Adaptability to

Hybrid Al technique Main improvement dynamic Computational

approach used achieved environments cost Critical limitation

Hybrid A" + Supervised, Improved heuristic Moderate-high  high Requires large labeled
neural deep estimation and datasets and retraining
network neural smoother path for new environments

network

A" + Rein- Deep Rein-  Adaptive High Very high Training instability and
forcement forcement decision-making lack of optimality
learning learning and online guarantees

re-planning

A"+ Heuristic Reduced node Moderate High Heuristic admissibility is
learning- learning expansion and not guaranteed
based model faster
heuristic convergence

A" + Bio Bio- Improved real-time High High Complex implementation
Inspired inspired, response and and limited real-world
neural spiking robustness validation
networks neural

network

Hybrid A" + GA, ACO Enhanced global Moderate Very high Slow convergence and
Evolution- exploration poor real-time
ary capability suitability
algorithms

A" + large Large Context-aware Moderate Very high High computational
language language heuristic demand and
models models guidance experimental maturity

of how to make AI not only highly effective, but also to have the strongest theoretical
foundations which can actually operate. The attention needs to move away from just
incorporating Al but rather to balance the use of AI with the real system’s limitations
to perform in realistic conditions such as computing load, requirements of training data
and requirements to have confidence in guarantees for safety. Therefore, the future of path
planning must produce hybrid systems that can dynamically select according to live opera-
tion requirement, which allows them to handle the fundamental trade-offs involved in the
development of the A* algorithm. While the admissible heuristic guarantees the optimality
of A*, in practice, the performance is often restricted by high memory consumption and
high levels of node expansion in large or dynamic networks. Published results demonstrate
that these shortcomings can be drastically reduced due to problem-specific enhancements.
However, for large-scale grids, search-space reduction methods have a significant effect
— such as the one employed in a recent large-map work on 10,000x 10,000 grids, where
optimized A*-based methods could offer a 93% reduction of search time and a 60% reduc-
tion in memory consumption compared to ordinary A* while upholding path optimality.
In dynamic environments, incremental replanning methods provide clear advantages over
replanning from scratch. It has been reported that D* Lite outperformed repeated A* by
more than a factor of four in vertex expansions on nonuniform terrains [7], and also noted
prior evidence that D"-type replanning can outperform repeated A" by about one order of
magnitude or more in unknown terrain. Additional evidence showed that Delayed D, a
refinement of D*-style replanning, achieved equivalent paths while requiring about half the
computation time of D” [6]. For real-time applications, anytime and bounded-suboptimal
search can further reduce computational burden: in replanning experiments, truncated
incremental/anytime search variants reported about 4x to 11x runtime speedup over
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the best corresponding optimal methods, depending on the change rate. Hybrid methods
also improve practical performance in complex robotic scenarios. For example, a recent
improved A" Dynamic Window Approach (A"-DWA) framework reported 19.1% lower
computation time in simple environments and 20.1% lower execution time in complex
environments, while also increasing robot speed by about 24-25%. These results show
that the problems of the classic A* algorithm can be greatly reduced when the algorithm
is adjusted to fit the search area, how often it updates the path, and the computing power
available.

5. Future research directions

Despite the progress implemented by the A* algorithm and its derivatives over the
decades, there is still room for improvement, more so in dynamic and complex environ-
ments. Recent works show the need to integrate advanced Al methods, like deep learning,
to improve A* performance and enable adaptation to real-time environmental changes.
Using adaptive learning models, we can learn helpful rules from past experience and update
decisions quickly. Further work is expected to improve search speed by using smaller
data formats and multiple processors simultaneously to search large maps faster and use
less memory. A potential next trend would be to pursue hybrid A" versions, where the
algorithm can be combined with methods, such as random exploration techniques, e.g. RRT
or D" with directed search, to leverage their complementary advantages. Moreover, the
rapid development of swarm robotics and autonomous vehicles may enhance cooperative
path planning, enabling modified A" algorithms to coordinate the movements of multiple
agents in dynamic multi-robot environments, that is, modified A" algorithms can provide
coordination of movement of several robots in multi-agent environments simultaneously.
Therefore, to develop future A" methods with more intelligent flexibility, a system that
learns to adapt in real time, plan and so on, while maintaining their core strengths in
accuracy and computational efficiency represents the next step.

This paper proposes a future-proof intelligent framework for the A" algorithm that
combines the classical A" algorithm with deep learning models. In this framework, the
exploratory function is dynamically learned and updated by a neural network using
real-time environmental feedback, enabling adaptive and predictive path planning. This
integration represents a step toward self-learning navigation systems while retaining A"’s
core strengths in accuracy and computational efficiency.

6. Conclusion

It has been a long time that the A* algorithm and its variants, including the A* search
algorithm, had been around, so this study has looked at the A* algorithm at its original
and extended variants from the beginning with a critical lens. Based on this analysis
together with cross-sectional studies on the quantitative and qualitative fronts, an overall
trend was established: There is no such thing as a one-size-fits-all A* Algorithm. Rather,
evolution involves constructing specialized “toolboxes,” in which a particular version
receives better scores on different path-planning tasks of interest. The conventional A*
will still be the best design under simple conditions, while under dynamic conditions it’s
better—as the incremental re-planning principle is driven by D* Lite. Hybrid A*, however,
is essential for use cases for which certain paths need to be performed in continuous
space, and is computationally intensive. In this review, hybrid approaches emerge as
the path-planning mechanism of choice for the future. Evolution is no longer simply
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about replacing old algorithms with new ones, but smartly combining those two. An
optimal path might be to integrate systematic searches’ advantage with the adaptability
and flexibility of ML to dynamic scenarios. Algorithm selection is strategic and calls
heavily to the trade offs between optimization, computational overhead, flexibility, and
physical system limitations. However, huge challenges persist despite progress. A huge
challenge is the high computational burden and data dependence in Al-enhanced models,
restricting an extensive usage both in a deep learning context and in embedded/real time
systems. In addition, many learning-based approaches fail to offer theoretical protections
(optimization and completeness, for example) which prevents their integration into critical
tasks where complete security is needed. Accordingly, the adaptive models would be
developed from now to develop adaptive frameworks for selection of the best planning
strategy based on real-time operating conditions in future for the smarter, more modular
and efficient navigation systems that can cope with problems of real-world complexity.
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