Highlights in Science, Engineering and Technology MSMEE 2025
Volume 147 (2025)

Historical Evolution and Future Optimization of A*-Based Path
Planning in Static and Dynamic Environments.

Yanchen Zheng’
Pittsburgh Institute, Sichuan University, Chengdu, China
*Corresponding author: zhengyc0121@Idy.edu.rs

Abstract. Path planning is a crucial component of autonomous navigation, with the A* algorithm
serving as a foundational solution since its introduction in the 1960s. This paper reviews the evolution
of A*-based methods in both static and dynamic environments, examining their strengths,
weaknesses, and improvements. In static settings, techniques such as bidirectional search, quad-
tree decomposition, Theta*, and GPU-based parallel processing have notably enhanced
computational efficiency and path quality, achieving up to 60% faster planning and 15-25% shorter
paths through line-of-sight optimizations. In dynamic environments, methods like D* Lite, velocity
obstacle models, and LSTM-based predictive planning have improved real-time adaptability,
reducing emergency stops by 65% and re-planning costs by 70%. A comparative analysis of 120
studies highlights key trade-offs: static planners offer 97% reliability but require around 82ms to
compute, while dynamic planners achieve faster responses at 28ms but produce paths that are 13%
less optimal. Emerging technologies, including quantum computing and neuromorphic chips,
promise planning speedups of up to 10,000 times, though challenges remain in balancing speed,
adaptability, and path optimality, particularly in complex 3D or highly dynamic environments. This
paper systematically examines advancements in algorithmic strategies, hardware accelerations, and
new computational paradigms, while addressing persistent limitations in modern path planning.
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1. Introduction

Path planning is essential for intelligent systems to navigate autonomously. Its main goal is to find
efficient and safe routes in different environments, which can be divided into two types: static
environments with fixed obstacles (e.g., warehouse shelves) and dynamic environments with moving
obstacles (e.g., vehicles on roads). Static environments require fast processing of large maps, while
dynamic environments demand real-time updates when obstacles change positions. If the algorithm
fails to meet these needs, practical applications like delivery robots or self-driving cars will face
serious limitations.

The A* algorithm, developed in the 1960s, remains widely used because of its simple formula f(n)
= g(n) + h(n) [1]. This formula helps balance actual travel distance and estimated remaining distance,
allowing A* to find shorter paths faster than older methods. However, A* has critical flaws. In large
static maps, it becomes slow due to checking too many unnecessary areas. In dynamic scenarios, even
minor changes (e.g., a pedestrian suddenly crossing) force the algorithm to restart calculations
completely, creating delays that make real-time planning impossible.

Researchers have improved A* for static environments by splitting maps into smaller sections,
searching from both start and goal points simultaneously, and using machine learning to predict paths
in unknown areas [2,3]. For dynamic environments, methods like updating only changed path sections
or reusing past calculations have reduced delays [4,5]. Some newer approaches even use sensors to
predict obstacle movements.

Despite these efforts, challenges remain. In complex 3D spaces (e.g., drones avoiding trees) or
situations with fast-moving obstacles, A* often struggles to find safe paths quickly. Additionally,
balancing speed and quality remains difficult—fast calculations may produce inefficient routes, while
perfect paths take too long to compute.

This paper studies how A* has been adapted for static and dynamic environments, focusing on
two key challenges: improving the balance between planning speed and path accuracy, and
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developing strategies for handling sudden environmental changes. By comparing different versions
of A*, this research aims to provide clear guidelines for choosing the right algorithm in practical
applications and highlight areas for future improvements.

2. Fundamental Theorems of A*

The A* algorithm uses f(n)=g(n)+h (n) to calculate path costs. In the equation, g(n) represents the
actual cost from the start point to node n, while h(n) shows the remaining cost to the goal. To get the
highest effectiveness, h(n) must never overestimate the real cost, obeying the rule called admissibility.
A* is also complete because it always finds a path if one exists [1]. However, its time complexity
grows as O(b”d), where b is the branching factor and d is the solution depth [1,6]. For instance, in a
warehouse with a 3D grid of 1,000 nodes, evaluating each node takes 1 millisecond. A* may need to
check numerous nodes one by one due to its nature, which searches every option. This design, rooted
in classical computing principles, makes the algorithm inefficient for real-time systems that require
instant decisions.

3. Static Environment Evolution

3.1. Early Development (1980-2000)

Early Development (1980-2000): In the early stages of path-finding research, bidirectional search
emerged and showed promising potential. This approach runs two search processes at the same
time—one from the start and the other from the destination. Kaindl and Kainz (1997) demonstrated
that bidirectional search reduced the number of evaluations by 35-50%, especially in maze-like
environments with narrow passes created by obstacles [1]. At the same time, Samet’s research on
quad-tree decomposition (1984) introduced a way to break the whole map down into structures of
different layers [6]. Larger regions were connected by rougher paths first, then more precise routes
were created, cutting down planning times by 60%. This approach is comparable to first navigating
across large continents before focusing on individual cities.

3.2. Mid-Stage Optimization (2000-2020)

In 2010, the Theta* algorithm challenged the traditional grid-based approach by introducing a line-
of-sight check method that creates more flexible paths [3]. This method enabled robots to ignore the
limitation of moving only in 45° angles, enabling them to navigate more smoothly and efficiently. As
a result, path lengths were reduced by 15-25% and saving both energy and time. At the same time,
Snook’s navigation meshes (2000) simplified complex 3D spaces by transforming them into more
manageable structures [7]. This method divided the whole map into convex regions, improving
navigation. Unity engine tests showed clear improvements [7]. Processing times dropped from 850ms
to 320ms. This 62% speed gain matched the fast progress seen in computer hardware development.

3.3. Recent Advances (2020—Present)

After 2020, the rise of GPUs marked a significant improvement in computational power while
CUDA cores drove computing performance to new heights. Zhou took advantage of 10,000 parallel
threads, boosting the speed of the A* algorithm by 8 times and reducing processing times dramatically
[8]. Moreover, a technique called adaptive expansion convolution adjusted the search steps based on
the density of obstacles and cut down on redundant node evaluations by 40% [8]. Meanwhile,
machine learning began to play a key role. It uses pattern recognition to predict where obstacles might
cluster, and this guidance helps the A* algorithm navigate through complex environments.
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4. Dynamic Environment Breakthroughs

4.1. Basic Adaptation Methods

D* Lite (2002) emerged as a powerful extension of A*, making re-planning much more efficient
[4]. When coming up against obstacles, the algorithm quickly identified and removed path parts with
significant issues. This updated the route with 70% fewer calculations. Meanwhile, Velocity Obstacle
Theory used geometry to represent moving obstacles as "velocity cones." This allowed robots to avoid
threats easily by planning their movements [2].

4.2. Real-Time Enhancement Techniques

Dynamic weighting played a key role in adjusting the algorithm's performance. The equation f(n)
= g(n) + w * h(n) incorporates a weight factor. Phillips designed a method where this weight
decreased gradually from 2.0 to 1.0 as the robot approached its goal [5]. This achieved a perfect
balance between safety and navigation efficiency. Additionally, anytime A* generated a path rapidly
and produced the best routes within 50ms before iterative optimization [3,5].

4.3. Intelligent Fusion Strategies

Long Short-Term Memory (LSTM) networks enhanced D* Lite with predictive capabilities [9].
These networks enabled obstacle movement forecasting three seconds and achieved a 65% reduction
in emergency stops. At the same time, blockchain technology ensured synchronization of UAV
swarm movements [10]. Dynamic map sharing occurred within 120ms through decentralized data
distribution. The hybrid system outperformed traditional methods in dynamic environments,
demonstrating superior coordination and response capabilities [1,2,4,11].

5. Static and Dynamic Environment Analysis

A meta-analysis of 120 studies systematically compared static and dynamic planners [11]. Static
planners demonstrated 97% reliability with path 1.02 optimality ratios and required longer
computation time (82ms average). In contrast, dynamic planners process faster (28ms average) but
reduce path efficiency (1.15 optimality ratio). The study revealed three critical constraints: first,
dynamic planners traded computational speed for 13% path efficiency [4,11]; second, environmental
unpredictability lowers repeatability from 97% to 68% in dynamic systems [4,5,11]; third, dynamic
state management demands 280MB over 45MB memory consumption, posing challenges for edge
device deployment [4,11].

6. Future Optimization Directions

The development of quantum and neuromorphic computing reveals different optimization
approaches [12,13]. D-Wave's quantum annealers solved 100-node problems in 5 microseconds
(10,000% speed improvement), but over 15% error rates occur [13]. Meanwhile, IBM's TrueNorth
neuromorphic chip operates at 65 mW power consumption while maintaining fast response speed at
the same time [12]. This enabled the deployment of solar-powered drones. In algorithmic innovation,
DeepPath employs reinforcement learning to dynamically refine strategies, outperforming human
experts in 78% of scenes [14].

7. Conclusion

This paper explores the development of the A* algorithm for path planning in both static and
dynamic environments. In static environments, improvements such as bidirectional search, quad-tree
decomposition, and Theta* have helped speed up calculations and make paths shorter. In dynamic
environments, methods like D* Lite and velocity obstacle models have been used to make real-time
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adjustments and improve the algorithm’s adaptability. These advancements have greatly improved
A*’s ability to handle complex environments with moving obstacles. Machine learning techniques
and GPU acceleration have further pushed the boundaries.

Despite these improvements, several challenges remain. In static environments, A* still struggles
with large maps, as the algorithm needs to check a vast number of nodes, which makes the progress
slow. In dynamic environments, A* often needs to restart calculations when the environment changes,
which can cause delays. Balancing the trade-off between planning speed and path optimality
continues to be a significant issue.

Looking forward, there are several promising directions for future work. One key area is hybrid
systems that combine traditional A* methods with more flexible approaches. Machine learning and
Al could enhance A*’s ability to predict obstacles and adapt to changes in the environment. Moreover,
new hardware such as quantum and neuromorphic computing can improve the speed and efficiency
of path planning. However, a lot of work still needs to be done. Bridging the gap between theoretical
advancements and practical deployment will be crucial for the future.
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