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 A B S T R A C T

In this research, strategies for mobile robot navigation are studied and discussed critically, especially on the 
development of path planning methods under various environments and constraints. It discusses classical and 
intelligent approaches in detail to draw out their merits, demerits and scope for future research. Classical 
approaches investigated are Dijkstra, A-star, D-star, D-star lite, roadmap approaches and cell decomposition. 
Intelligent approaches studied include the particle swarm optimization algorithm, the firefly algorithm, the 
shuffled frog leaping algorithm, the grasshopper optimization algorithm, the bacterium foraging optimization 
algorithm, the bee colony optimization algorithm, the ant colony optimization algorithm, the grey wolf 
optimization algorithm, the red wolf optimization algorithm, and neural networks, genetic algorithms, fuzzy 
logic, and potential fields. Besides, the current review also includes an in-depth examination of the contem-
porary methods of machine-learning-based approaches, which includes the Reinforcement Learning (RL), the 
Deep RL, Graph Neural Networks (GNNs), and the Transformer-based methods, which occupy a dominant 
role in the current academic research. The review addresses navigation in both single-robot and multi-
robot systems, across static and dynamic environments. The findings indicate that intelligent strategies offer 
greater flexibility and effectiveness in diverse terrains compared to classical methods. Moreover, intelligent 
approaches are often employed to enhance classical techniques through the development of hybrid algorithms. 
Overall, mobile robot path planning increasingly relies on intelligent approaches. The exploration is climaxed 
with the presentation of an intense comparative framework that includes new tables and figures that define 
the execution, computational complexity and flexibility of different navigation strategies. The visualizations 
support the relevance of the strategies in particular robotic cases, and explain the significant research paths.
. Introduction

Initially, Autonomous mobile robots were mostly utilized in manu-
acturing industries. However, their usage has significantly expanded in 
everal industries including entertainment, healthcare, mining, search 
 rescue, education, military, space exploration, agriculture. While 
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achieving navigation tasks, these robots are equipped with complex 
technologies that allow them to analyze their surroundings, determine 
their position, control their movement, detect impediments, and uti-
lize sophisticated methods to evade obstacles. The main objective of 
any navigational approach is its safe trajectory planning that is the 
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Fig. 1. Block diagram of mobile robot navigation.

recognition and avoidance of obstacles as a robot moves from its source 
point to its target location. Therefore, choosing the right navigational 
technique is essential when scanning environments (simple and com-
plex). The navigation of mobile robot has been an area of considerable 
research, and scientists have addressed different problems of it.

The classification of navigation includes three types: global, local, 
and personal navigation. Global navigation refers to the process of 
identifying the relative position of things inside a referent place with 
respect to an inertial frame of reference and enabling the motion to-
wards a target destination. Local navigation is the ability to determine 
and track the positions of various objects in relation to each other 
in dynamic environments. Personal navigation assigns and organizes 
special relations between items in the environment, and their locations. 
Fig.  1 shows the main steps in operation of a robot [1]. Here, we 
classify navigation strategies into two major classes: global and local 
navigation strategies. They are classified according to how much infor-
mation about the environment existing before planning the path. Global 
navigation is based on the prior knowledge of the environment, like 
the exact position of obstacles as well as goals; Local navigation does 
not depend on this knowledge. Global navigation is appropriate for 
familiar environments, whereas local navigation is useful for traveling 
in unfamiliar or poorly understood territory.

Typical algorithms for path planning in scenarios are classical al-
gorithms such as the Roadmap Algorithms (RM), Artificial Potential 
Fields (APF) and Cell Decomposition (CD). Such traditional methods 
have considerable but limited cognitive capability. Intelligent methods, 
as outlined in this review, are a sub-group of algorithms that have 
applied concepts of artificial intelligence, machine learning and compu-
tational intelligence to help enable adaptive, robust and often optimal 
path planning within environments of complexity and uncertainty. The 
methodologies outlined below namely: evolutionary algorithms, neural 
networks, fuzzy logic and swarm intelligence are distinguished by the 
ability to learn data, to compete with non-linearities and to work 
successfully in incomplete information conditions.

Although there are several survey papers on mobile robot naviga-
tion [2,3], they do not provide an in-depth investigation about sound 
navigation methods. In spite of the fact that the previous surveys have 
provided us with an excellent perspective of the field, they have been 
more focused on specific sub-domains, including 3D path planning [3] 
or data-driven control approaches [2]. On the contrary, the review 
provides a comprehensive, and critical summary of the classical and 
intelligent methods, with a strong focus on the emerging role of modern 
machine learning methods. Providing a strict comparative framework 
2

and clarifying the gaps in the existing research, this manuscript will 
aim to provide a more robust and prospective view on the issue of the 
current state of the art.

This review paper therefore attempts to highlight some yet un-
explored research topics and identify some novel opportunities in a 
particular area of mobile robot navigation. We present a comprehensive 
account of various algorithms designed for both static and dynamic 
settings, where mobile obstacles and goals are taken into the account. 
The study consists of simulations, experimental evaluations and various 
scenarios related to the navigation of mobile robots. It also includes 
an adaptation of multiple intelligent techniques, navigation in 3D 
environments, and military or defense use.

The review emphasizes the differences between classical and intel-
ligent methods with regard to their effectiveness and the context in 
which they apply —  in aviation, on land, underwater, in industry 
and hazardous environments. The main topic of [2] is on the use 
of intelligent techniques which rely on local sensor information, slid-
ing mode control and decentralized model predictive control (MPC) 
techniques. On the contrary [3] focuses on 3D path planning. The 
next step in this study, Path Planning Approaches, then categorizes 
navigation approaches into classical and intelligent approaches, and a 
detailed discussion of the literature review is presented in Section 3. 
Section 2 of this study the Path Planning Approaches then classifies 
navigation strategies into classical and intelligent approaches, while 
Section 3 presents a comprehensive discussion of the literature re-
view. Section 4 introduces a new critical analysis and synthesis of the 
reviewed methods. The conclusion finally in Section 5.

2. Path planning approaches

Throughout many decades, a plethora of scholars and scientists have 
presented a wide array of solutions for navigational methodologies. The 
methods employed for directing a mobile robot can be roughly catego-
rized into two main groups: classical and intelligent approaches (refer 
to Fig.  2). The strategies of path planning for mobile robots presented 
in this review are classified according to a structured methodology that 
considers the several factors of computational complexity, efficiency, 
and adaptability of the algorithms and approaches. It reviews classical 
approaches, as well as intelligent approaches, including comparative 
performance metrics.

2.1. Classical approaches

In the early stages, conventional methods were frequently employed 
to tackle the challenges in robot navigation, as more advanced artificial 
intelligence technologies were not yet accessible. When using tradi-
tional ways to perform a task, it was seen that either the required result 
would be achieved or it would be determined that the desired result 
was not possible. This approach, however, has a major limitation in 
the form of high computation requirements and poor ability to respond 
quickly to environmental variables, thus limiting the applicability in a 
real-time context. This section briefly summarizes the classical meth-
ods, namely Cell Decomposition (CD), Artificial Potential Field (APF) 
and Roadmap (RM) procedures.

2.1.1. Deterministic methods
The Algorithm of Dijkstra

The work provides comprehensive analysis of the Dijkstra algorithm 
[4]. This technique breaks down complex path finding breaking tasks 
down into smaller, easier challenges. The algorithm calculates the 
optimal route from the starting point to the neighboring locations [4]. 
The priority queue is used for Dijkstra’s method to keep track of newly 
discovered vertices. It determines the closest vertex and keeps one 
interleaved node and thus it evolves as a singular shortest path. The 
Dijkstra algorithm is known to find the shortest path in a weighted 
graph, if the weights of all the edges are positive. This algorithm can 
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Fig. 2. Categories of robot path planning approaches.
be applied to graphs with cycles in it; although it cannot be applied 
to graphs with negative-weight cycles because they may lead to an 
infinite-loop within the algorithm.

Versions of Dijkstra algorithm are specially adapted to solve a 
specific application with various usages. Dijkstra and the standard 
version of it, utilized a greedy strategy to quickly count the path, 
tends to a solution the shortest path search directly. However, the 
vicinity of when a valid path might encounter and at what large cost 
is the focal point of the new form of the Dijkstra algorithm in which 
made use of gradually the integrated to the discovered positives with 
large cost [5]. This enhancement builds upon the standard technique, 
allowing it to be used in new and different situations. An enhanced 
version of Dijkstra’s method tracks nodes that are at the same distance 
from the source node and cannot be direct connections, to mark them as 
intermediaries. Further investigations conducted on these nodes reveal 
all possible paths having minimum length [6], thus increasing the range 
of evaluation options. Dijkstra has an intrinsic limitation to access data 
after visiting the nodes. It uses a complex multi-tier dictionary structure 
to tackle this problem [7]. This is a combination of two dictionaries and 
an array of structured data. This system serves the purpose of mapping 
nodes with their respective nodes, and storing path information for 
each route.

The multi-layer dictionary is very useful in indoor areas, where 
the quality of Global Navigation Satellite System (GNSS) coordinates 
and Compass Orientation cannot be secured. This helps find the only 
angles required to be turned at the intersection, so the path with the 
lowest distance and least amount of the angle turns are found as the 
optimal path [7]. The Floyd algorithm is very high in performance for 
choosing the best way in a weighted graph and Dijkstra’s algorithm 
has a great quality when solving single source shortest path problems 
in positive weighted graphs [8]. Though Dijkstra’s Algorithm is famous 
for its reliability, it is limited by its large memory requirements and 
its inability to operate in the presence of negative edges. Due these 
limitations, several improved versions of the algorithm have been 
developed that are tailored to specific applications. We can conclude 
that the Dijkstra algorithm is most suitable for the scenarios requiring 
static/global path design as well as if there is a lot of required data that 
is predefined. It also has the potential to adapt to changing scenarios, 
utilizing either local or global planning to find the optimal path through 
dynamic obstacle information in real-time [9].
The A* Algorithm

A* algorithm is the most common methods for searching a graph 
and finding a path. The A* algorithm has a similar operation to that 
3

of Dijkstra’s algorithm, but it distinguishes itself by limiting its search 
space to the most favorable states in general, which can lead to signifi-
cant savings in terms of computational resources [10]. A* is broadly 
recognized for its ability to achieve nearly optimal solutions [11] 
within a particular dataset or node pool. This is mainly used for 
stationary cases; however, it is also used in some active cases [12]. 
Depending on what the user wants, the main capabilities of A* can 
be adjusted according to certain needs or particular situations. The A* 
algorithm resembles Dijkstra’s algorithm specifically that it builds a tree 
of the most direct routes from the initial location to its final destination. 
The main algorithm takes the least-cost path and grows it by applying 
the successor function in Eq.  (1): 

𝑓 (𝑛) = 𝑔 (𝑛) + ℎ (𝑛) (1)

Where the function f(n) is defined as g(n)+h(n). Where g(n) the cost 
from node n to the starting node and h(n) the cost of the optimal path 
from the destination node to n. A* applied widely in the gaming indus-
try [13]. With the developments in artificial intelligence, refinements 
and adaptations of the A* have been made for different applications 
such as robot pathing and finding, agricultural systems, visualization, 
and control systems-based applications [14–18]. Due to its computa-
tional simplicity and efficiency, this method is a good candidate for 
constrained and embedded systems and is one of the key advantages of 
the basic RRT compared with many other path planning algorithms [19,
20]. The A* algorithm uses heuristic information to choose one of many 
potential paths. The method necessitates the mapping of nodes and the 
generation of suitable heuristic functions to assist in navigation, such as 
Euclidean distance, Diagonal distance, or Manhattan distance [21,22].

The algorithm’s efficiency is dependent on two key aspects: How 
well the resources are used during the execution of tasks, and the time 
needed to complete each task, known as response or computation time. 
The time and accuracy of the process needs to be optimally balanced 
to implement A* algorithm. This method can be made faster in context 
of time complexity at the cost of increased memory usage, or bends 
towards optimized memory usage with significant speed execution 
tradeoff. No matter what, we need to find the shortest path possible. 
At a crowded parking lot, the A* algorithm can be utilized to compute 
the optimal path to the nearest available parking lot [20].

The hierarchical A* algorithm breaks down the issue of path find-
ing into separate steps, each will yield an optimal solution. These 
step-specific answers are combined to achieve the overall best solu-
tion, which is the fastest path to an unoccupied location. The method 
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has been further refined, resulting in an improved hierarchical A* 
algorithm that uses best time as the evaluation measure.

A weighted sum variable is introduced alongside the heuristic as
Eq.  (2): 
𝑓𝑤 (𝑛) = (1 −𝑤) 𝑔 (𝑛) +𝑤 ∗ ℎ (𝑛) (2)

Let w be a weight coefficient which represents the trade-off between 
the actual cost incurred since starting at the node, denoted g(n) and 
the estimated cost to the goal denoted h(n). The coefficient is usually 
in the range [0, 1]. The larger value (e.g. w > 0.5) gives preference to 
the heuristic, hence producing a faster but possibly less optimal search 
(e.g. a greedy best-first search). A smaller value (e.g., w < 0.5) on the 
other hand puts more stress on the actual cost and generates a slower 
but better path. At 𝑤 = 0.5 the behavior of the algorithm becomes the 
standard A* algorithm.

A weighted linearly distance (like Euclidean) is commonly used 
to describe a weighted coefficient (which varies in accordance with 
the functionality for each application). The expanded version of the 
hierarchical A* algorithm is noted for its greater efficiency and ac-
curacy [23]. A variant of this approach, known as the Hybrid A* 
method, is utilized in applications such as valet parking, where the 
trajectory of the ego-vehicle (the vehicles that are the focus in their 
surroundings) is sensitive to things such as speed, gear, and the steering 
wheel angle. The Hybrid A* Algorithm reflects on the kinematics of the 
ego vehicle to estimate its movement and alters costs in the heuristic 
function. Different techniques have optimized the Hybrid A* Algorithm 
and increased its performance [21–24].

Visibility graph is a graph-based search algorithm used in robotics 
path planning, where the aim is to find the shortest distance of the path 
from the source to the goal. It is used to predict the distance of the 
best route between the starting position, destination, and positions of 
obstacles (combined well with the A* method). This algorithm is named 
the Guided Hybrid A* algorithm [24].

The A* algorithm, which is known for its efficiency in terms of com-
putational cost compared to other alternatives for path planning. A* is 
well-fitted for automotive applications considering vehicle kinematics, 
steering angle, and vehicle size. Eq.  (3) shows that equal-step sampling 
is used to create new cost functions. The cost function combines the 
distance and steering costs — where only the distance traveled incurs 
costs but there is no penalty for moving. Taking these characteristics 
into account helps to reduce sudden directional changes, which can 
improve the smoothness of the path [25]. Considering the provided 
equation: 
𝑓 (𝑛) = 𝑘1𝑔 (𝑛) + 𝑘2ℎ (𝑛) + 𝑘3𝑝 (𝑛) (3)

where k1, k2, and k3 represent positive weights, whereas g(n) and h(n) 
denote the constituent elements of the A* function. The variable p(n) 
denotes a penalty factor that is linked to the expense incurred when 
making a turn.

Lifelong Planning A* (LPA*) [26] combines the best elements of 
both incremental and heuristic search methods to be most efficient. 
What makes this method so effective is its ability to find path(s) that 
are as optimum as possible even when there are some variations in the 
cost associated with the connections in a graph or when some nodes 
are blocked or removed by obstacles. The rhs values of the algorithm 
have been set to infinity for all the vertices encountered and computed 
with the use of Eq.  (4), thus, starting an A* search process. 

𝑟ℎ𝑠 (𝑠) =

{

0, 𝑖𝑓𝑆 = 𝑆𝑠𝑡𝑎𝑟𝑡

𝑚𝑖𝑛𝑠 𝜖 𝑝𝑟𝑒𝑑(𝑠) (𝑔 (𝑠 ) + 𝑐 (𝑠, 𝑠 )) , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(4)

During the subsequent stages, the algorithm adjusts the rhs-values 
and keys of vertices that are impacted by alterations in edge costs, in 
accordance with Eq.  (5). Membership status is determined by evaluat-
ing the degree of local coherence inside a priority queue. Furthermore, 
the approach reassesses the optimal path from the initial location to the 
target by giving priority to expanding vertices that possess competing 
4

g-values and rhs-values. This process persists until the target vertex 
achieves a state of local consistency, and the key value of the next 
vertex to expand surpasses the key value of the objective. It is essential 
to recognize that while using the LPA* approach, it is imperative to 
re-plan the path from the initial position to the desired destination [27].

The algorithm possesses an exceptional attribute of amazing effi-
ciency, surpassing the performance of the two individual search algo-
rithms. The search process is made effective by reusing identical parts 
of the previous search tree in the current tree, while also using heuristic 
knowledge to guide the search. 
𝐾 (𝑠) = [𝑚𝑖𝑛 (𝑔 (𝑠) , 𝑟ℎ𝑠 (𝑠)) + ℎ (𝑠) ;𝑚𝑖𝑛 (𝑔 (𝑠) , 𝑟ℎ𝑠 (𝑠))] (5)

The A* algorithm is somewhat computationally efficient compared 
to numerous other planning algorithms. This feature makes it suitable 
for use in fixed environments. The efficacy of A* and its modifications 
relies on the precision of the heuristic function employed [28,29].
The D* Algorithm

The development of the D* (Dynamic A*) algorithm was motivated 
by the crucial need for effective path planning in scenarios where 
only partial information is available and the environment is subject 
to change, namely for autonomous vehicles. The D* method [30] 
calculates collision-free paths in the presence of moving obstacles. 
The informed incremental search technique may rectify both partially 
processed and previously computed cost maps.

The D* method continues to iterate over a robot’s state until it is 
no longer included in the open list. Simultaneously, the sequence of 
states is computed, which includes back pointers that direct the robot 
towards its destination or modify pricing based on recognized obstacles. 
The affected states are listed on the public roster. States in the open list 
are assessed until the cost of the path from the present state to the aim 
becomes less than a predetermined threshold. The succeeding state is 
modified by cost changes, and the robot navigates towards the goal by 
following back pointers in the new sequence [31]. D* demonstrates a 
speed superiority exceeding 200-fold when compared to an optimal re-
planner [31,32]. However, the D* method is impeded by its significant 
memory usage when compared to other forms of D* [33].
The D* Lite Algorithm

The D* Lite method [34] integrates the heuristic and iterative search 
techniques to address a range of navigation issues in a dynamic envi-
ronment. The algorithm solely focuses on navigating around obstacles 
that are present at the beginning or arise while the robot is in motion, 
excluding consideration of obstacles that are themselves in motion. The 
D* Lite improves the LPA* algorithm by systematically inverting edges 
and exchanging the starting and target vertices. This improvement 
enables D* Lite to compute the optimal path from the destination node 
to the origin node in a dynamic and unfamiliar environment. The D* 
Lite method is more proper for quickly recalculating the paths of self-
driving vehicles in intricate scenarios when they encounter unexpected 
obstacles [35].

Enhanced D* Lite improves the obstacle avoidance properties of 
D* Lite, through the elimination of movement between obstacles, the 
creation of virtual obstacles if needed and the elimination of redundant 
paths. The improvements help achieve the most efficient path from the 
destination to the origin [36]. The development of Enhanced D* Lite 
was done using an actual system, using an AmigoBot equipped with 
sonar sensors for obstacle detection [36].

Field D* is an improved version of the D* variant that used lin-
ear interpolation to create globally seamless and cost-effective routes. 
Therefore, Field D* is quite suitable for practical applications in robotic 
systems for working in various environments such as indoors and very 
harsh outdoor environments [37]. To summarize, D* and its modi-
fications are versatile algorithms that can be used for any problem 
that involves optimizing path costs, especially when the costs change 
while looking for the most optimal path to the goal. The performance 
of D* Lite is outstanding when these adjustments are detected near 
the current node in the exploration area. This approach can be used 
in various situations, such as when designing missions for planetary 
rovers [38].
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2.1.2. Probabilistic methods
Roadmap Algorithms

Roadmaps entail the incorporation of many curves of one-dimen-
sional into the configuration space, with the objective of linking the 
starting and destination points by traversing all the points along these 
curves. After establishing these sites, many routes are built to form 
a ‘‘Roadmap’’, which is then used to select the most optimal route. 
If there is a single, continuous pathway connecting the starting and 
ending points, then construct a connection between the two locations 
to reach the end point. If there are many possible routes from the begin-
ning point to the destination, Dijkstra’s method will be used to deter-
mine the most optimal path. There are various sorts of techniques used 
for creating roadmaps, like the Visibility Graphs, Voronoi Diagrams, 
Probabilistic Roadmaps, and Rapidly Exploring Random Trees.
a- Probabilistic Roadmap (PRM)

The Probabilistic Roadmap (PRM) technique [39] uses the configu-
ration space to create roadmaps, enabling effective track planning for 
autonomous robots in large and multi-dimensional environments. The 
methodology depicted in Fig.  3 consists of two separate stages: the 
creation stage and the inquiry stage. During the construction phase, 
a roadmap is generated by employing a random sampling technique 
on the configuration space. The objective is to find regions devoid 
of obstacles that can be further investigated. Once these places are 
identified, the remaining vacant spaces are filled. In addition, points 
that are above a predetermined threshold are linked to their adjacent 
points. The probability of collisions is low with this approach, as any 
point that lies within the obstacle’s region will be ignored. During 
the query phase, an environmental map can be created, enabling the 
identification of the most economical route between the initial and 
destination places. This is accomplished by employing a unique and 
inexpensive search technique that is exclusive to our company.

One intrinsic benefit of PRM is its high likelihood of discovering 
a viable route, assuming that one exists. Nevertheless, a drawback 
of the PRM is its tendency to produce points randomly, leading to a 
diminished probability of producing points within small and narrow 
areas. Another constraint is the requirement for an exact description of 
obstacles, and the computation of path-cost is both costly and difficult 
in comparison to alternative approaches, owing to the utilization of 
binary impediments in PRMs. Furthermore, another issue is the need to 
revise the entire roadmap in case of any changes in the environment. 
Several different versions of PRMs exist, one example being the model 
suggested by Chen et al. [40] in 2025.
b- Rapidly-Exploring Random Trees (RRT)

In contrast to algorithms like A*, which are specifically created for 
stationary scenarios and depend on a pre-established route, we will 
now investigate dynamic and online algorithms such as RRT [41,42]. 
The RRT has the distinctive capability to dynamically expand and 
investigate many regions without the need for a pre-established path. 
A path is established from the starting point to the destination by 
considering nodes that have been assigned weights. RRTs were specifi-
cally created to efficiently tackle different path planning issues, with a 
specific focus on overcoming non-holonomic constraints. It is difficult 
to integrate these limitations into positional constraints. Both RRT 
and PRM possess advantageous attributes. Both methods were devised 
without significant dependence on heuristics or arbitrary parameters, 
leading to enhanced performance and reliable results.

PRM often involves establishing multiple connections between
states (configurations) to find a solution, while RRT can obtain a 
solution without needing any such connections. RRT is very suit-
able for Non-holonomic and Kino-dynamic planning because of this 
attribute [43].

The expansion technique of RRT involves rapidly selecting random 
points in the space, beginning at a specific point and progressively 
expanding until the tree closely approximates the intended goal point. 
5

Fig. 3. Path construction of PRM algorithm.

Fig. 4. Path construction of RRT algorithm.

During each cycle, the tree extends towards the nearest node of the 
randomly generated node. The selection of the nearest vertex is decided 
by a distance metric, such as Euclidean, Manhattan, or any other 
applicable metric. RRT differ from naïve random trees in that they 
mostly expand into unexplored locations of the robot’s configuration 
space, instead of locations that have already been inspected. For visual 
representation, please consult Fig.  4.

Consequently, RRT typically chooses places that have not undergone 
thorough investigation. The distribution of RRT vertices is uniform. The 
technique is straightforward, as RRTs maintain connectedness by mini-
mizing the number of edges. Given the flexibility of RRT algorithms to 
handle non-holonomic constraints, they can be applied to practically 
wheeled system. Users can choose a specific variant of RRTs that best 
suits their requirements [44]. A particular iteration is referred to as 
RRT Connect or bi-directional RRTs. This approach combines two RRTs 
– one starting from the initial position and the other from the target 
point – by constructing a connection between them using a heuristic. 
This specific version is particularly appropriate for matters that do not 
involve unequal limitations. In each iteration, a solitary tree is enlarged 
by linking the newly formed vertex to the closest vertex in the other 



S. Al-Ansarry, S. Al-Darraji, A. Shareef et al. Decision Analytics Journal 20 (2026) 100722
Fig. 5. Path construction of RRT* algorithm.

tree. As a result, the roles of the two trees are swapped, allowing both 
of them to explore the unbounded configuration space. This approach 
is particularly advantageous for planning the motions of robotic arms 
with a significant number of degrees of freedom [45].

Sensor-Based Random Trees (SRTs) are carried out to make a map of 
the confined studied area, including specific Safe Regions [46,47]. Sen-
sors are used to detect Local Safe Region (LSR). Every SRT component 
consists of a unique structure in addition to its own Local Safe Region. 
The term ‘‘safe zone’’ is refer to the areas where there is no occupation 
around the robot which estimates empty space in a particular config-
uration. The shape of the LSR depends on the sensor characteristics of 
the robot, and it can either be spherical or star-shaped.

The growth of trees in SRTs occurs in directions that are chosen 
randomly, ensuring that both the new arrangement and the route 
to the test robot are enclosed inside the immediate safe area of the 
node. During each iteration, the robot gathers and analyzes sensor 
data to generate a plausible region that approximates the available 
space around its current configuration. Consequently, a new node is 
added to the tree, incorporating the present configuration and LSR. 
The choice of perception methodologies may vary depending on the 
sensors employed by the robot. Empirical evidence has demonstrated 
that the LSR exploration technique, characterized by a star-shaped 
arrangement, exhibits exceptional accuracy [46].
c- RRT* Algorithm

RRT* is a modified version of the RRT algorithm that seeks to 
discover the optimal route between an initial and target node by 
incorporating the concept of triangle inequality (see Fig.  5). With an in-
crease in the number of nodes, the identification of more cost-effective 
(optimal) routes takes place. RRT-connect is particularly convenient for 
robotic arms, such as Programmable Universal Machine for Assembly 
(PUMA) robots [45]. The connection heuristic is most effective when 
the majority of planning questions are anticipated to involve areas that 
are relatively accessible or unrestricted. The link heuristic was initially 
formulated considering such scenarios [48].
d- RRT*-smart Algorithm

RRT*-smart [49] is an enhanced variant of RRT* that operates in 
the same way as RRT*. Even so, include an additional step of path 
improvement once the original path is discovered. This improvement 
procedure eliminates unwanted nodes from the original obtained path. 
Furthermore, it further detects beacon nodes as shown in Fig.  6 to 
enhance path optimization.
6

Fig. 6. Path construction of RRT*-smart algorithm.

Fig. 7. Path construction of visibility graph.

The second main attribute implemented by RRT*-smart is the in-
corporation of intelligent sampling. This method of sampling differs 
from random sampling as it reveals a biasing to beacon nodes which 
are a part of an optimal path. The Biasing Radius is used to de-
termine the radius for intelligent exploration near a specific beacon. 
Whenever RRT*-smart determines a shorter path, it begins the path 
improvement process once more in order to build fresh beacon nodes. 
Therefore, RRT*-smart improves the speed of the convergence path and 
enhances the path cost. Moreover, it employs a Biasing Rate to intel-
ligently choose between Intelligent Sampling and Uniform Sampling. 
RRT*-smart demonstrates a more effective path compared to the RRT* 
algorithm [50].
e- Visibility Graphs

NJ Nillson [51], has invented the method of Visibility Graphs, which 
is considered as one of the initial methods for planning. It is employed 
for organizing areas that possess two dimensions. Fig.  7 depicts a graph 
consisting of shaded areas representing obstacles and lines connecting 
the vertices of these obstacles. These connections are impeded by 
barriers and eventually dictate the trajectory of the robot.

A fundamental limitation of this technique is that the paths it 
generates closely follow the obstacles, which means that the robot must 
have a safety margin around each obstacle to account for this. On 
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Fig. 8. Path construction of Voronoi Diagram.

the other hand, this results in the planner’s inefficiency. Another issue 
emerges due to the irregular or circular shapes of obstacles, especially 
in outdoor environments, which makes the work more challenging.
f- Voronoi Diagrams

In 1644, René Descartes introduced this approach as one of the 
proximity diagrams. Subsequently, in 1908, Georgy Voronoi (Russian 
mathematician) made more enhancements to the method and success-
fully applied it to spaces of any number of dimensions. This method 
is considered to be one of the most used approaches in Roadmaps. 
The Voronoi Diagrams [52] employ a random distribution of points 
throughout the configuration space, followed by the creation of a poly-
gon that encompasses each individual point. The resultant cell has a 
patchwork morphology. The determination of Voronoi edges that travel 
past barriers is ultimately based on the equidistant borders of the cells 
surrounding each obstacle. By employing this method, autonomous 
mobile robot can be navigate along a secure trajectory, in contrast to 
the visibility graph technique which entails the path intersecting with 
vertices of obstacles, hence jeopardizing the robot’s motion.

Referring to Fig.  8, a graphical illustration of the Voronoi Diagram 
can be observed. Alterations to the path are required to address this 
problem and mitigate any possible conflicts. It should be emphasized 
that the Voronoi technique is inefficient, as it produces a suboptimal 
path.

Cell Decomposition Algorithms (CD)
The basic idea of Cell Decomposition [53] is to break the planning 

area down into smaller, specific, and dense segments known as cells. 
The whole configuration space is composed of these cells exactly and 
each one corresponds to a portion of the configuration space. The cells 
acquired from this procedure are adjacent. A graph of the relationships 
between neighboring cells is called a connection graph. The planner 
reads this graph and determines the path that the robot should take to 
get to the destination. The trajectory is a set of cells which the robot 
has to pass through. The price to visit cells is not necessarily the same 
for different metrics used to compute the optimal itinerary. The next 
section provides a detailed description of these operations, focusing on 
the Approximate, Adaptive and Exact cell decomposition methods.
a- The Approximate CD

An Approximate CD method break down each cell into four smaller 
cells that have the same shape but are smaller in size. The original pro-
posal for this technique was made by Brooks and Lozano-Perez [54] and 
later developed further by Zhu and Latombe [55] and other scholars. 
The formation is created by overlaying a standardized grid across the 
entire workspace. The application is made easier by the predetermined 
proportions of the workspace. Hence, if an object exists in any part 
7

Fig. 9. Approximate CD (4-connected & 8-connected cells).

of the grid, the grid components within that part will be recognized 
as obstructed. Conversely, this region is considered to be a vacant 
territory. The nodes that need to be examined to find the path are 
denoted by the centroids of all grid cells in the search graph.

Fig.  9 demonstrates that these nodes can exhibit either 8-connecti-
vity or 4-connectivity, and whether the robot can traverse them diag-
onally or not. CD is a method that collects samples from a graph and 
then assesses if the region is empty, partially populated, or completely 
inhabited, without specifically targeting any particular object. The term 
‘‘approximate’’ is employed to characterize this method due to the lack 
of exact alignment between the boundaries of the object in the physical 
world and the grid on the workstation. This strategy is widespread due 
to the following reasons:

• Increasing the cell size would result in a reduction in computa-
tional time. Because there are just a small number of cells that 
need to be examined.

• Compared to other methods, this strategy is easier to use and can 
be used more easily.

• Applying for a job in the workspace provides increased flexibility.
Nevertheless, it is also burdened by other limitations. One of the 

challenges encountered is digital prejudice. In this methodology, if 
the dimensions of an obstacle are smaller than those of a grid cell 
(element), the entirety of the cell will be designated as occupied. Thus, 
utilizing these methods leads to the detection of multiple vacant spaces 
adjacent to the obstacles, which are impassable when trying to create 
a route. High population density and the presence of obstacles in the 
surroundings may greatly affect path planning and perhaps impede 
progress towards the goal. To tackle this problem, a more intricate 
grid is utilized, resulting in a necessary rise in both the processing 
time and storage needed for path planning. It is worth noting that 
this method can sometimes produce the same results as the Exact Cell 
Decomposition method below.
b- The Adaptive CD

The quadtree, initially suggested by Naniwa [56] and Samet [57], 
is the predominant form of Adaptive Cell Decomposition. Adaptive cell 
decomposition distinguishes itself from regular cell decomposition by 
maintaining the integrity of the cells while decreasing their dimen-
sions using split and merge methods. This is done to make space for 
unrestricted areas adjacent to barrier sections. Using these spaces im-
proves the mechanism of identifying the most efficient path, especially 
in expansive terrains. Moreover, it efficiently addresses the issue of 
digitization bias when utilizing traditional cell decomposition. As a 
result, the processing time and storage requirements are decreased. This 
strategy commences by constructing a substantial cell that encompasses 
the complete area that needs planning. When a cell is only partially 
occupied, it undergoes a process of division into four equal halves. The 
division technique is iteratively applied to each of these portions until 
the entire cell is either empty or fully occupied, as seen in Fig.  10.
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Fig. 10. Path construction of adaptive CD.

Fig. 11. Path construction of exact CD.

A challenge that arises with adaptive cell decomposition in dynamic 
environments is the necessity for the robot to update its environment 
map as it gains new information regarding the locations of impedi-
ments. It is imperative to meticulously restructure the map hierarchy 
in this situation. Quadtrees encounter an extra challenge in attaining a 
path that is almost perfect and free from imperfections.
c- The Exact CD

This method is based on the concept of dividing the available space 
into a collection of separate and non-overlapping portions, known as 
cells. Subsequently, the connectivity graph is generated and scrutinized. 
Upon the discovery of a path, a channel is formed, comprising a 
sequence of cells that establish a connection between the initial location 
in the cell configuration space and the desired destination. Fig.  11 
illustrates the path of this channel through all of these cells. Debnath 
et al. [58] and Jan et al. [59] have presented multiple examples of the 
Exact Cell Decomposition.

Outdoor navigation can be difficult because of the restricted visual 
range, which complicates the process of identifying obstacles. Thus, it 
is more beneficial to employ it in indoor environments. The algorithm 
is unable to determine the barriers within a particular cell due to 
insufficient information regarding their shape and size. Nevertheless, 
by utilizing a map of the surroundings, the algorithm can precisely 
discern the form and positioning of items inside the given environment. 
This method has able to generate a route as long as there is at least one 
accessible, but it does not ensure that the resulting path will be the most 
optimal.
8

Fig. 12. Neural network architecture.

2.2. Intelligent approaches

Currently, advanced methods like genetic algorithms, fuzzy logic, 
neural networks, firefly algorithms, particle swarm optimization, ant 
colony optimization, bacterial foraging optimization, artificial bee
colony, cuckoo search, shuffled frog leaping algorithm, and various 
other algorithms (such as bat algorithm, harmony search algorithm, 
etc.) have gained popularity for mobile robot navigation, passing 
the classical methods. These adaptive strategies exhibit exceptional 
abilities in effectively handling uncertainty in the environment. The 
subsequent sections delve into several responsive approaches.

2.2.1. Modern machine learning-based approaches
Over the last few years, the concept of robotic navigation has 

experienced an impressive shift in the incorporation of modern machine 
learning (ML) algorithms, especially based on the one of deep learning. 
In many cases these techniques offer better levels of flexibility and 
strength and have proven to be more effective approaches to learning 
in difficult and ambiguous real-world situations than more traditional 
techniques. This part offers a detailed examination of three approaches 
that are relevant today and are based on ML, namely Reinforcement 
Learning (RL) and Deep RL, Graph Neural Networks (GNNs) for spatial 
reasoning, and Transformer-based models for planning.
Artificial Neural Network (ANN)

Artificial neural networks (ANN) are complicated systems made up 
of interconnected processing units that pass on information by means 
of dynamic state responses to external inputs. Neural Networks (NN) as 
illustrated in Fig.  12 are networks of nodes with activation functions. 
They exhibit traits like as the capacity for generalization, extensive 
parallel processing, distributed representation, the ability to learn, and 
resilience to faults.

The qualities that make NN suitable for the navigation of mobile 
robots have been successfully demonstrated by its use in different 
applications, including the navigation of wheeled robots [60], au-
tonomous learning methods [61] and integration with simultaneous 
localization and mapping (SLAM) methods [62]. There have been 
studies on hybrid systems combining neural networks (NN) with other 
techniques such as NN-APF [63] or NN-FL [64] that allow for col-
laborative coordination and navigation in disordered environments for 
multiple mobile robots. NN has been used in path planning applica-
tions for three-dimensional (3D) or two-dimensional (2D) humanoid 
robots [65], industrial robots [66], ship hull cleaning robots [67] and 
aerial robots [68]. NN has shown promising applications in defense and 
aerospace industry, such as equipment guidance, navigation, targeting 
and control. It has been used extensively in practice in various areas 
including missile control [69], target detection [70] and selection of 
unmanned aerial vehicles (UAVs). [71]
Genetic Algorithm (GA)

Genetic algorithm (GA) is an optimization method that has been 
widely used and is based on the principles of genetics and natural 
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Fig. 13. Fuzzy logic controller.
selection. The concept of Genetic Algorithms was first proposed by 
Bremermann in 1958 [72] but computer science-based GAs was first 
introduced by Holland in 1975 [73]. Then, GA have been used widely 
in several diverse areas, such as robot navigation. Genetic algorithms 
are designed to solve a problem with an objective function that needs 
to be maximized or minimized considering certain constraints, which 
are complex problems.

The fitness of individuals in a population is judged by the objective 
function, which is based on the value of the population, and has a 
similar structure. They can choose to pass on the next generation their 
genetic material allowing for variety and not convergent too early due 
to crossover and mutation. Some applications of genetic algorithms 
have been seen in the case of mobile robot navigation in scenarios 
like static environments [74], online path planning [75], navigation 
in unknown regions [76] and handling non-linear obstacles in the 
environment [77]. In order to improve robot path planning, GA is not 
used alone, instead, combining GA with other intelligent algorithms in 
a hybrid technique such as GA-FL [78], GA-NN [79] and GA-PSO  [80]. 
Genetic Algorithms (GA) have been used to solve the path planning for 
multiple mobile robots.

These algorithms improve collision avoidance  [81], coordinate a 
multitude of goals [82], and navigate dynamic environments [83]. GA 
is beneficial, yet it has some limitations, like the slow convergence 
rate, uncertainty of optimal solutions, and complex design of mutation 
rates and population sizes. To surmount these limitations, scientists 
have implemented customized genetic algorithm path planner. These 
planners bet on co-evaluation mechanisms within the population [84] 
and adjusted chromosome length to improve the output [85].

The Genetic Algorithm has been applied in 3D path planning of 
underwater robots [86], aerial robots [87,88], and 2D path planning of 
humanoid robots [89] as it has been shown to perform well in multiple 
scenarios. It has also been used in defense technologies, such as missile 
guidance [90] and military and ocean surveillance [91].
Fuzzy Logic (FL)

Fuzzy logic (FL) [92] was first introduced by Zadeh in 1965, after 
that, it has been used in various research and development areas. Fuzzy 
logic is popular where uncertainty, complexity and nonlinearity are 
common, and has been investigated for use in navigation systems for 
various problems. Among them are obstacles avoidance, loop naviga-
tion, path retracing, dead-end escape, narrow passageway navigation, 
and navigating curves. The If-Then rules of a simple FL system are 
shown in Fig.  13.

FL makes use of human provided rules as ‘‘If-Then’’ statements 
which are then converted in to the mathematical equivalents. ‘‘Once 
their equations are understood, system designers and computers can ac-
curately analyze the behavior of real-world systems. Navigation meth-
ods developed in Florida have been presented for omnidirectional mo-
bile robots [93], for obstacle avoidance [94], and in unstructured static 
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and dynamic environments [95–99]. Due to its high maneuverability 
and real-time decision-making ability [99], FL has been integrated with 
sensor-based [100], reinforcement-based [101], and algorithm-based 
navigation approaches involving neural networks (NN) [102], genetic 
algorithms (GA) [103], artificial potential field (APF) [104], and ant 
colony optimization (ACO) [105].
Potential Field Algorithms (PF)

Contrary to Cell Decompositions and Roadmaps, Potential Fields 
(PF) [106] aim to utilize a mathematical function throughout the full 
area of robot movement, rather than only mapping the search space. 
Fig.  14 depicts the fundamental notion that in any given environ-
ment, the robot must have both repulsive and attractive forces, which 
correspond to obstacles and targets, respectively.

The following section will provide a detailed explanation of several 
efficient strategies for designing the trajectory of potential fields. The 
next section will give a detailed explanation of several efficient ways of 
designing the trajectory of potential fields. Potential fields were initially 
not defined as a type of field explicitly for path planning purposes, but 
rather for real-time collision avoidance using the sensor data [107]. 
Thus, the best path to take to get to the desired position can be 
determined with a minimum amount of computation. The restriction on 
robots in local minima for particular potential fields results in less than 
optimal pathways, or difficulty finding the path. To overcome this issue, 
a navigation function [108] or a probabilistic navigation function [109] 
can be used.
a- Wavefront based PF

An improved variant of the Breadth-First search is the Wavefront 
method [110] shown in Fig.  15. This method can be split into two parts; 
the first part is reminiscent of the Flood Fill algorithm, and the second 
is similar to the Gradient Descent method. A robot navigation algorithm 
could be used in the robot path planning problem to avoid a small 
minimum area, that is, a grid-based navigation algorithm. This method 
involves assigning a cost to each cell location in the grid proportional 
to the distance to the goal; distance depends on how far away one is 
from the goal [111].

Once the Wavefront arrives at the desired cell, the route to that cell 
can be determined by selecting the cells having the smallest cells in the 
opposite direction from the Objective cell to the start cell. Obstacles 
will create increased cost to adjacent cells because of their effect from 
potential fields associated with the obstacles.
b- Depth-First based PF

Another alternative approach to path planning is the Depth-First 
method, which is based on Potential Fields [112]. It works by dividing 
the entire path in the configuration space into a continuous sequence 
of connected portions along the way of potential function. All segments 
must, therefore, ‘‘fall’’ towards the goal, with the end of each segment 
becoming the beginning of the next. Thus, this procedure is repeated at 
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Fig. 14. Forces of artificial potential field (attractive & repulsive).
Fig. 15. The wavefront PF path construction.

regular time intervals until the desired goal is reached. It is necessary 
during the path creation phase to make the segments sufficiently small 
in order to avoid obstacles and to not overshoot the goal [113]. On the 
other hand, the problem of local minima presents the most common 
barrier to this technique.
c- Breadth-First based PF

The Best-First algorithm with Potential Fields [112] is a possible 
solution for the path planning problem. The method starts with a 
starting point which becomes the root of the exploration tree. Then, 
it explodes into the configuration space to create a set of nodes that 
are connected to the main node. In the end, the next nodes with a 
similar configuration are checked. The neighbor with the lowest value 
is expanded and other neighbors around the expanded neighbor are 
kept in the node list.

This procedure is repeated until the desired goal is achieved. If local 
minima are found, then the algorithm will select a different node from 
the list, the potential value of which is the lowest. This will replace the 
node in the search process that currently exists. This approach resolves 
the local minima problem as opposed to the depth-first search method, 
which was afflicted by this problem [114]. Once the path is successfully 
traversed to the goal point and the search, the path can be obtained by 
traversing the path back from the goal to the starting point.
d- Navigation Functions based PF

Navigation Function is a set of functions for designing a trajectory 
of a robot. These functions are used to generate safe paths without 
colliding with the surrounding entities and walk towards the goal. As 
mentioned, there are local minima in potential fields. However, this 
problem can be eased if this potential field has one minimum only, 
representing the desired outcome, as shown in Fig.  16.

Other methods exist for the formulation of potential fields but the 
most effective one is the ‘‘function of global navigation’’ [115]. In 
10
Fig. 16. Navigation function PF mathematical representation.

this case the goal path is chosen based on a prior knowledge of the 
environment. Obstacles are awarded greater magnitudes, whilst goals 
are allocated the lowest magnitudes. The robot must subsequently 
traverse the incline of the surface in order to reach its intended lo-
cation. In addition, there are alternate approaches for accomplishing 
this goal, such as the methodologies suggested by Rimon [116] and 
Koditschek [117].

The numeric navigation function, sometimes referred to as an alter-
native way, is utilized to generate prospective fields with a decreased 
amount of intricacy. This is accomplished by depicting the configura-
tion space as a grid spanning over vacant regions. The effectiveness 
of potential field strategies for general planning tasks, especially in 
outdoor scenarios with extensive and complex configuration spaces, 
is constrained [118]. Nevertheless, it can function as a technique for 
preventing collisions in a certain region, owing to its straightforward 
computational procedure. This enables the robot to traverse seam-
lessly between distinct territories, assuming that these areas have been 
pre-determined.

2.2.2. Swarm optimization
Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is a metaheuristic algorithm 
which is inspired by the collective behavior observed in social species 
like fish schools and bird flocks. PSO developed by Eberhart and 
Kennedy in 1995 [119], has gained significant popularity as an op-
timization technique in engineering and research domains. The PSO 
algorithm which is demonstrated in Fig.  17 emulates the actions of 
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Fig. 17. Graphical demonstration of PSO algorithm.

Fig. 18. Searching food behavior of ant colony.

social animals without necessitating the presence of a leader in the 
group to achieve the desired objective. While the birds’ flock seeks food, 
they do not need leaders, they follow the member closest to the food.

PSO has been employed in the domain of mobile robot navigation to 
address issues pertaining to mapping and localization [120], accurate 
trajectory planning [121], and dynamic constraint problems [122]. 
The study of cooperative motion path planning for multi-robot systems 
has utilized PSO, which integrates the dynamics of multibody sys-
tems [123]. Furthermore, PSO has been used to facilitate the movement 
of several robots in actual settings [124]. A method known as self-
adaptive learning PSO (SLPSO) has been proposed for path planning 
in complex environments with diverse constraints [125]. Hybrid tech-
niques, such as combining PSO with the improved Gravitational Search 
Algorithm (IGSA), have been suggested to achieve optimal path plan-
ning for various mobile robots [126]. PSO has been successfully em-
ployed in the domain of path planning for several categories of robotics, 
such as underwater vehicles [127], aerial robots [128], humanoid 
robots [129], and industrial robots [130]. The non-deterministic navi-
gation of unmanned aerial vehicles (UAVs) using PSO has been subject 
to examination in the defense industry [131].
Ant Colony Optimization (ACO)

Ant Colony Optimization (ACO) is an algorithm of swarm intelli-
gence devised by Marco Dorigo in 1992 [132]. It is employed to address 
problems related to combinatorial optimization. This strategy relies on 
the behavior of the population and is impacted by the navigational 
proficiency of ants, namely their ability to locate the shortest path from 
their nest to a food source (refer to Fig.  18). ACO has been successfully 
utilized in diverse fields such as job-shop scheduling, vehicle routing, 
traveling salesman problems, and graph coloring.

ACO is crucial in mobile robot navigation for the purposes of 
obstacle avoidance and optimizing path planning. Revanna et al. [133] 
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presented the real-time path planning of mobile robot using ACO. ACO 
outperformed other algorithms such as the Genetic Algorithms in terms 
of convergence speed, solution consistency, computational efficiency 
and dynamic convergence. Liu et al. [134] solved this problem by 
applying ACO to solve a problem of many mobile robots in the sta-
tionary environment. They used a collision avoidance algorithm and 
penalty function to make sure deadlocking does not occur at tight 
corners. Castillo et al. [135] presented a new method that combines 
ACO with Fuzzy Logic to navigate in a fixed environment. In their 
research project, Kumar et al. [136] used RA-ACO to guide a humanoid 
robot through complex and crowded environments.

In 2024, Sun and Ji [137] proposed improvements to ACO for static 
cases involving the combination of geometrical local optimization and 
pheromone diffusion to find the best routes. Yao et al. [138] proposed 
a new method to update pheromones to avoid redundant repetitions 
and to speed up the convergence in dynamic environments. In the 
early phase of a laser sensor, Song et al. [139] used ACO to select 
and optimize fuzzy rules to optimize alignment between the measure-
ment velocity and accuracy, and then point laser displacement sensor 
probe scan path planning was investigated. In addition, a flowchart 
(see Fig.  19) was proposed by Brand et al. [140] to analyze the 
efficiency of a mobile robot in a similar environment by simulation and 
experimentation.

ACO is not only applied in flat or two-dimensional environments on 
earth but also in three-dimensional underwater environments for path 
planning [141]. Also, it has been applied to solve the routing problem 
in an unmanned aerial vehicle (UAV) field under battle condition. Zhao 
et al. [142] improved the ACO by adding the Q-learning approach to 
deal with the stagnation phenomenon and to improve search perfor-
mance. There are a lot more applications of ACO than just mobile robot 
navigation. In this regard, Wu et al. [143] explored the application 
of ACO in the problem of designing trajectories for missiles. Their 
investigation revealed not only better performance with respect to the 
optimal length of the route but also to the convergence speed reached.
Artificial Bee Colony (ABC)

The ABC algorithm, developed by Kharaboga [144], is an intelligent 
algorithm based on swarm behavior that takes inspiration from the 
foraging habits of honey bees (refer to Fig.  20). The ABC algorithm is 
widely recognized for its simplicity, fast computation, and effectiveness 
in solving optimization issues. It functions by utilizing a food search 
cycle that has three rules.

Worker bees are sent out to evaluate the quality of nectar at feeding 
locations. Observer bees choose food sources based on information 
obtained from forager bees and evaluate the nectar’s quality through 
calculations. Scout bees are responsible for examining potential food 
sources.

Contreras-Cruz et al. [145] modified ABC algorithm for the pur-
pose of navigating mobile robots in a stationary environment. Their 
approach employs ABC for local search and evolutionary algorithms 
to determine the optimal route, which is then validated by real-time 
experiments done in an indoor setting.

Saffari et al. [146] utilized the ABC algorithm in a fixed con-
text, yielding outcomes that were confined to simulated scenarios. In 
their study, Han et al. [147] proposed a hybrid method that inte-
grates the ABC algorithm-based Ground threat prediction-based path 
planning to address the challenge of real-time navigation. The ABC 
approach for multiple mobile robots and multi-object navigation in 
static circumstances was successfully proposed [148,149].

The ABC method has expanded its use beyond wheeled mobile 
robots, with successful implementations in aerial navigation [150], 
underwater navigation [151], and autonomous vehicle routing chal-
lenges [152]. Aslan et al. [153] made changes to the ABC algorithm 
to improve the path planning of Unmanned Combat Aerial Vehi-
cles (UCAVs) in a three-dimensional (3D) environment. They used a 
balance-evolution strategy (BES) to enhance the precision of conver-
gence between local exploitation and global exploration capabilities.
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Fig. 19. ACO flowchart for robot path planning.

Fig. 20. Searching food behavior of bee colony.

Ding et al. [154] showcased the effectiveness of the ABC algorithm 
in the defense industry by implementing it in an unmanned heli-
copter for duties such as intelligence gathering, precise measurements, 
and border patrol. The researchers utilized a distinctive identification 
methodology, which involved the integration of a chaotic operator and 
an ABC controller, in order to identify unfamiliar parameters of linear 
models.

Grasshopper Optimization Algorithm (GOA)
Insects are a group of animals that are classified as grasshoppers, 

which have a negative effect on agriculture and agricultural yield.
Fig.  21 is a diagram of grasshopper’s life cycle. Though typically 
solitary in nature, grasshoppers can aggregate in small numbers in their 
natural habitats, and can even congregate and create one of the largest 
swarms of all insects [155]. These swarms may be as large as continent 
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size and can be a major challenge for farmers. One of the most striking 
features of grasshopper swarms is that the swarming activity of both 
nymphs and adults. It is a large-scale phenomenon for a large number 
of nymphs making it an important aspect of the grasshopper’s life.

GOA in general as an optimization algorithm [156] and within 
autonomous mobile robots has been widely recognized and valuable in 
diverse areas of our lives, especially in complex environments [157]. 
One of the crucial functions of the robot is to strategically plan its 
path from a starting point to a specific destination, skillfully ma-
neuvering past obstacles in its environment. Lately, there has been 
an increased emphasis on path planning, resulting in the creation of 
several techniques. Extensive study in this field has emphasized the 
efficacy of swarm intelligence, particularly in complex and both known 
and unknown contexts.

In [158] authors present a method for global path planning that 
utilizes the GOA in a known and unchanging environment. In order 
to improve the efficiency of the algorithm and optimize the resulting 
path, a bias factor is integrated. Moreover, the resulting path is further 
refined using an enhanced version of the multinomial logistic regression 
technique (MLR). The algorithms’ performance is evaluated in three 
separate huge environments that have different levels of complexity. 
Fig.  22 explains the main procedures of developed GOA for path 
planning.

The GOA algorithm is being compared to the ACO in identical situa-
tions. The experimental findings unequivocally establish the superiority 
of our method in terms of both time convergence and cost-effectiveness. 
The study presented in 2021 [159] tackles the complex challenges 
of guiding mobile robots in dynamic and static situations. Existing 
techniques falter under chaotic conditions, become overwhelmed in 
complex environments, and have difficulty in identifying optimal path-
ways. They offer a novel approach, inspired by the grasshopper, that 
uses an extremely sensitive sensory system to detect obstacles, and 
a clever strategy to escape from both stationary and unpredictable 
obstacles. Our robot controller is able to handle randomness and a lot of 
people in a simulated environment. This navigation technique is faster, 
more efficient, more stable and more durable than any other.
The Bacterial Foraging Optimization (BFO)

Bacterial Foraging Optimization (BFO) method is a nature-inspired 
optimization algorithm introduced by Passino in 2002 [160]. Its shape 
is influenced by the foraging behavior of E. Coli and M. Xanthus bacte-
ria are actively foraging for resources as shown in Fig.  23. Such bacteria 
are able to find sources of food over a given period of time, and to use 
energy effectively. The BFO algorithm considers key factors including 
chemotaxis, swarming, reproduction, elimination and dispersal. The 
points below present this behavior clearly:

• Bacteria consistently migrate in pursuit of places with higher nu-
trition availability on the map. Bacteria that have an ample supply 
of food have an extended lifespan and undergo binary fission, 
dividing into two equal pieces. Conversely, bacteria residing in 
regions with little nutrients will disperse and perish.

• Bacteria in nutrient-rich areas are drawn towards each other 
through chemical attraction, while bacteria in nutrient-poor areas 
emit a distinct signal as a warning to other bacteria.

• Bacteria occupy a region on the globe that is rich in nutrients.
• Bacteria are once again scattered over the map to access a fresh 
area with nutrients.

Coelho et al. [161] employed the BFO method to navigate mobile 
robots in stationary scenarios, incorporating adjustable velocity defined 
by uniform, Gaussian, and Cauchy distributions. This method was 
extended to accommodate diverse impediments [162–164]. Kasruddin 
et al. [165] demonstrated the capability for a fuzzy control design of a 
flexible manipulator.

Li et al. [166] introduced an improved BFO approach for an en-
hanced path planning for wheeled robots. This algorithm uses a repul-
sion force against obstacles and attraction to the goal in the form of 
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Fig. 21. GOA life cycle with the (exploration & exploitation) search process.
Fig. 22. Main procedures of goa algorithm.
Fig. 23. BFO searching behavior.

the Artificial Potential Field (APF) method. In order to overcome the 
issues of local optimum and fixed step size search, Tao et al. [167] 
improved the Bacterial Foraging search by the adaptive step length in 
multi dimension.

The practical use of BFO algorithm can be applied to wheeled 
robotic systems. When applying the BFO algorithm to an industrial ma-
nipulator, Wang et al. [168] found that the augmented BFO algorithm 
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had a better performance compared to the classic BFO approach. Tao 
et al. [169] applied BFO to the navigation of Unmanned Surface Vessel 
(USV). The BFO algorithm has proven its effectiveness in different types 
of applications like static and dynamic environments, multi-robots and 
UAV navigation. Thus, a very useful tool for solving problems in mobile 
robot navigation.
The Firefly Algorithm (FA)

In 2008, Yang proposed the Firefly Algorithm (FA) [170] which is 
an inspiration from firefly’s luminous behavior. Firefly is a flying beetle 
of the family Lampyridae, which is known to produce light. Light is 
produced by the fast oxidation of Luciferin without the presence of the 
enzyme Luciferase. The production of light is known as biolumines-
cence and FA uses it to produce light without losing thermal energy. 
Bioluminescence is used by fireflies for mating selection, communica-
tion and sometimes to deter predators. The FA algorithm flowchart is 
shown in Fig.  24.

The stochastic nature of FA that mimics the random behavior and 
trial-and-error movements of fireflies in nature is better suited to 
problems in mobile robot navigation. A finite automaton has been 
used to enhance the effectiveness of path length, smoothness and 
safety for the individual robot navigation [171] and to suggest some 
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-

Fig. 24. Flowchart of FA algorithm.

novel approaches to multi-target navigation [172]. Moreover, FA has 
also been applied to co-operative approaches in automatic assembly 
systems, with its effectiveness successfully demonstrated for industrial 
robots [173].

The concentric sphere-based approach is one of the changes pro-
posed, which aims to make the FA more effective [174]. It has been ap-
plied in various applications such as vision-based systems [175], learn-
ing methodologies for FA (FA-Q) [176] and hybrid techniques [177]. 
It has been effectively applied in robots with legs [178] and robots 
designed for UAV use [179]. The FA has risen to the occasion, skilfully 
navigating in evolving environments by efficiently tracking the motion 
of objects. [180]
The Shuffled Frog Leaping Algorithm (SFLA)

A Shuffled Frog Leaping Algorithm (SFLA) metaheuristic optimiza-
tion technique has been developed by Eusuff and Lansey [181] It is 
derived from the ‘‘foraging’’ activity of the frog, when it hunts for food 
(Fig.  25). This algorithm is famous for its better convergence speed, 
easy implementation, less number of parameters, high success rate, and 
better uncertainty search performance.

SFLA algorithm is widely used in the navigation of mobile robot. Ni 
et al. [182] proposed a path planning algorithm based on the median 
strategy to tackle the problem of local optimal solutions. The fitness 
function was adjusted to obtain the most efficient path, and the position 
of the best frog in the world was used to guide the robot’s movement 
in the case of stationary and moving obstacles.

In navigation, Hidalgo-Paniagua et al. [183] proposed a multi-
objective method based on the SFLA technique, which aimed to maxi-
mize path safety, minimize path length and smoothness. They showed 
better smoothness of the path in static situation than GA. In their study, 
Kundu et al. [184] investigated an adaptive navigational approach 
using SFLA (Swarm-based Firefly Algorithm) in 3D underwater envi-
ronments. The objective was to optimize the path and navigation time 
by effectively avoiding local minima circumstances. This was achieved 
by the implementation of an adaptive technique, as depicted in Fig.  26.

The simulation results were validated by experimental results, demon
strating a high level of concordance in a complex scenario. SFLA 
14
variants have also been utilized for UAV 3D path planning [185] and 
Land Use/Land Cover Prediction [186]. Gao et al. [187] devised a robot 
control system using an improved SFLA. This strategy encompasses 
control in space searching ability which improves the performance of 
the control system. The ISFLA algorithm finds the optimal path for the 
robot reaching to the goal that reduces the robot consuming energy for 
the task achievement and enhances the efficiency of the system.
Grey-Wolf Optimization (GWO)

First Grey Wolf Optimization (GWO) algorithm proposed in 2014 
was by Mirjalili et al. [188], which imitates the hunting skills and 
social organization of grey wolves. The system classifies grey wolves 
into four hierarchical levels as illustrated in Fig.  27 (alpha, beta, delta, 
and omega). In a wolf pack, the alpha wolf assumes the role of the 
leader, while the omega wolves have the lowest position in the social 
hierarchy. The omega wolves fulfill many responsibilities including 
scouting, guarding, providing guidance, hunting, and caring for others. 
In addition to its role in social leadership, the GWO algorithm also 
contains the fascinating hunting method of grey wolves.

The strategy of the grey wolf hunting, combined with its social 
leadership mechanism, introduces a fascinating aspect to the GWO 
algorithm. Wolf hunting is a collective activity that highlights their 
intriguing social dynamics. Wolves cooperatively track and surround 
prey under the leadership of the alpha wolf. The mathematical model of 
the grey wolf hunting strategy posits that alpha, beta, and delta wolves 
yield more insights into probable forage locations. Hence, the GWO 
algorithm employs the alpha, beta, and delta solutions to relocate the 
wolves, thereby improving its overall effectiveness. Fig.  28 shows the 
flowchart of GWO:

This method was suggested to tackle the difficulties in robot route 
planning [189], particularly in finding the most optimal path from 
the starting point to the target one while avoiding obstacles (refer to
Fig.  29).

The performance of the GWO algorithm was assessed in a zone 
including three circular obstacles of different sizes. Several methods 
for planning the robot path have been proposed in [190], and many 
improved GWO varies in the same domain can be found [191–193].
Red-Wolf Optimization (RWO)

Foxes are widely recognized for their impressive capacity to adapt 
to various environments and their superior intelligence. There are two 
personas of red foxes that can be distinguished. Individuals with a 
fixed living and those who frequently move. Each group is led by a 
specific number of leaders (alphas), who guide the others [194]. The 
RFO algorithm [195] was employed to simulate interactions among 
predators, prey, hunters, foxes, and the rest of the fox family. Each 
part of the model indicates a unique aspect of fox development and 
predation that has played a role in its enduring success within various 
environments. This algorithm has lately been utilized to deal with a 
range of optimization issues [196–199]. Such bio-inspired metaheuris-
tics align with the broader trend in robotics research, where optimiza-
tion models are increasingly applied to enhance system efficiency and 
adaptability [200].

In this context, the RFO method was employed in this study [201] 
to tackle the path planning problem. The RFO is considered a novel 
metaheuristic optimization algorithm that borrows inspiration from the 
hunting behavior of red foxes [195]. Upon observing prey in a faraway 
location, the fox starts a global search for food over its whole region. 
The fox moves through its surroundings to locate the prey as closely as 
it can before initiating an attack, which is considered a local hunt. Fig. 
30 illustrates the conceptual model of views towards fox hunting.

The RFO algorithm does the global explore by simulating the ex-
ploration of the solution space, similar to how a fox hunts for food at a 
vast distance. On the other hand, local search emulates the traversal of 
regions intending to get as close as possible to the prey before attacking 
it [198] (see Fig.  31).
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Fig. 25. SFLA searching food behavior.

Fig. 26. Flowchart of SFLA algorithm.

Fig. 27. Hierarchical levels of grey wolves.

15
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Fig. 28. Flowchart of GWO algorithm.

Fig. 29. Construction of GWO Path Planning.

The last few years have seen a significant change in the field of 
mobile robot navigation and multi-robot coordination, with new algo-
rithmic advances in a variety of frameworks. For example, educational 
methods for trajectory prediction for dynamic obstacle avoidance have 
been considered, and curve fitting methods have been demonstrated to 
enhance robot navigation performance [202]. Likewise, most recently, 
the technical challenges of human–robot interaction (O-HRI) in the 
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context of mobile robot navigation among humans were studied, and 
the limitations that arise in the context of safe motion planning were 
discussed [203].

In addition to classical designs, their work also includes an opti-
mized deep reinforcement learning version of the Twin Delayed Deep 
Deterministic Policy Gradient (TD3) algorithm that performs well on 
complex navigation tasks [204] and a memory-based trap recognition 
technique, VFH+T [205] that eliminates persistent local minima. In the 
case of collective motion, Cao et al. extended the Dynamic Window 
Approach to allow robot formations to dynamically avoid obstacles by 
real-time changes in speed and heading [206]. In addition to these 
strategies, Low et al. implemented extensions of Q-learning, such as 
Dynamic Multi-Model Tabular Q-Learning (DMMTQL) and Deep Q-
Learning (DOQL) which are both very flexible for static and dynamic 
environments [207].
Reinforcement Learning (RL) and Deep RL

Reinforcement Learning (RL) is a paradigm whereby an agent learns 
to make decisions by interacting with the environment whereby it is 
provided with feedback in terms of rewards or penalties. In the context 
of robotic navigation, the agent (in this case, the robot) comes up with 
a policy that maps the current state (say sensor measurements or its 
position) to an action (say go forward or turn right) in such a way 
that it maximizes the cumulative reward, say that it arrives at a target 
avoiding obstacles [208].

Deep Reinforcement Learning (Deep RL) is a combination of RL with 
deep neural networks, thus allowing the agent to learn complex policies 
directly, as an input of high-dimensional sensory data, including cam-
era images or LiDAR point clouds. This synergy has helped create great 
progress in autonomous navigation which enables robots to perform in 
the complex and dynamic environments with no need to follow a set of 
behavioral schemes through explicit programming of the robots [209]. 
The main strength of Deep RL is its ability to support the end to end 
policies of navigation in which the raw sensor data is converted directly 
to control commands and thus no hand-made features or intermediate 
representations are necessary. Experimental results show that it is 
effective in a wide variety of applications, such as indoor navigation, 
outdoor terrain traversal, dynamic obstacle avoidance [210].

Deep Q -networks (DQN) are trained on a value function, which can 
be described as Q -function, that approximates the expected reward of 
each action in a particular state. With the use of a deep neural network 
to estimate the Q, DQN can be scaled to large state spaces. Introduction 
of experience replay and target networks, were also used to stabilize 
the training and this was a major innovation that enabled the use of 
deep learning in the RL structures [211]. Recent comparative studies 
have shown that DQN can do well in discrete action space tasks, but 
have challenges when dealing with continuous control tasks that are 
commonly found in robotics. DQN has demonstrated success rates of 
85–92 percent in simulated milieus in the context of unmanned aerial 
vehicle (UAV) obstacle avoidance, but with an effective convergence, 
reward shaping had to be carefully considered [212].

Proximal Policy Optimization (PPO), Advantage Actor-Critic (A3C) 
and other RL methods directly learn a policy, a mapping or state-to-
action. PPO is a state-of-the-art policy gradient algorithm that is also 
stable and sample-efficient and thus, makes it especially applicable to 
real-world robotic tasks [213]. The algorithm uses a clipped surrogate 
objective function, which reduces the large policy updates and, as a 
result, there is increased training stability. A3C uses two or more agents 
concurrently to search the environment more effectively, and thus 
significantly shortening training times. The modern studies have shown 
that the PPO can perform better in continuous control tasks succeeding 
over 95% in complicated navigation conditions [214]. Integration of 
a two-attention system plus the use of PPO has been demonstrated 
to increase autonomous navigation in narrow passages that lead to a 
23% gain in the efficiency of navigation compared to the usual PPO 
model [215].



S. Al-Ansarry, S. Al-Darraji, A. Shareef et al. Decision Analytics Journal 20 (2026) 100722
Fig. 30. Red-Fox Hunting behavior (a) Globally, (b) Locally.
Fig. 31. Main Procedure of RFO Algorithm.
Actor-Critic Methods such as Deep Deterministic Policy Gradient 
(DDPG), Twin Delayed DDPG (TD3) or Soft Actor-Critic (SAC) combine 
value-based methods with policy-based methods. Both methods consist 
of two networks: an actor which learns the policy and a critic which 
approximates the value function. DDPG is a popular actor-critic algo-
rithm in continuous action space, which can allow the robotic systems 
to be controlled smoothly and without errors [216]. TD3 optimizes 
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DDPG by addressing the bias of overestimation by implementing twin 
Q-networks and policy update delay. The map-less navigation tasks 
presented in the study by TD3 have shown excellent performance, 
achieving path-planning efficiency improvement of 15–30 percent over 
DDPG [217]. SAC is an exploration method that encourages regulariza-
tion of entropy to encourage stronger policies. Recent studies show that 
TD3-based methods have a success rate of between 94 and 98 percent 
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in dynamic settings with moving obstacles, thus performing better than 
that of both DQN and the conventional DDPG [218]. TD3 has been 
applied to the control of coverage planning has revealed that robots 
are able to intelligently and efficiently manoeuvre through complex 
environments without losing the overall area coverage [219].
Graph Neural Networks (GNNs) for Spatial Reasoning

Graph Neural Networks (GNNs) are a type of neural network ar-
chitectures that have been designed with the express purpose of being 
used on graph-structured data. When applied to robot navigation, GNNs 
facilitate the modeling of the environment in the form of a graph 
where spatial points or objects are represented by the nodes and their 
interrelationships by the edges. Such an image enables advanced spatial 
calculations, enabling a robot to discover paths that are navigable, 
understand the relationship between environmental features and make 
better navigational choices [220]. In contrast to a traditional convolu-
tional neural network that is designed to handle grid-structured data, 
GNNs are designed to support irregular and non-Euclidean geometries 
of a real-world environment, which makes them especially important 
in robotic tasks.

One of the primary benefits of the GNNs is that it can support 
decentralized multi-robot path planning. GNNs learn communication 
and coordination policies enabling efficient and collision-free naviga-
tion by building a graph, where each robot is a node and inter-robot 
communication links are the edges [221]. The initial research by Li 
et al. (2020) proved that the hybrid CNN-GNN network can be used 
to automatically generate local communication and decision-making 
policies concerning robot work in a limited workspace. They were able 
to perform as well as centralized expert algorithms would with just 
local communication and observation and demonstrated astonishing 
generalization to large environments and robot teams [222].

Recent studies have sought to combine GNNs with reinforcement 
learning in order to complement navigation further. Multi-agent Col-
laborative Navigation System (MACNS) is a graph of GNNs and deep 
reinforcement learning to enable dynamic trajectory planning in multi-
agent systems [223]. The approach has been already used in the lo-
gistics of deliveries, automation of warehouses, and individual tourism 
solutions, which reinforces the adaptability of GNN-based navigation 
systems. At the same time, GNNs that are geometrically encoded are 
developed, which makes them more effective at encoding the spatial 
relationships between the robots, providing improved coordination of 
operations in group navigation tasks [224].

The paradigm of graph-relational reinforcement learning has be-
come an effective framework in mobile robot navigation in large 
and crowded environments. Representing roads as a graph in a two-
dimensional form, processing the spatial interactions with the help of 
GNNs, the robots are able to learn how to move quickly and avoid 
the dynamic objects like pedestrians [225]. This has led to significant 
gains in the success rates in navigation and the efficiency of the paths 
compared to the conventional means. Besides, object-level map navi-
gation methods based on graph matching have been produced, which 
combines point-cloud registration with graph matching to provide 
precise pose estimation [226].
Transformer-based Approaches for Planning

Transformers were first developed in the natural language process-
ing field; they have recently been applied in robotics and planning. 
Their attention system provides the models to have the ability of 
capturing long distance dependencies and complex relationships in 
sequential data. Transformers can also be used in the framework of 
path planning, in which the input is the environment and the output 
is a series of actions or waypoints defining the desired path [227]. The 
self-attention mechanism allows the model to place different levels of 
emphasis in divergent components of the inputs when generating the 
output, and this is of great benefit when negotiating a complicated 
environment where there are many obstacles.
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ViTs have been effectively implemented with robot path planning. 
ViT-A method is a combination of the Vision Transformer and A* 
algorithm that is used to navigate a legged robot [228]. Under this 
paradigm, camera images are run through ViT to generate a map of 
costs of the environment and then used by the A* algorithm to find 
optimal path. Empirical assessments on actual robotic quadrupeds, 
i.e., Boston Dynamics Spot and Unitree A1, proved that ViT-A has 
better results in overcoming obstacles on the way than the traditional 
techniques. The variability of the terrain type enabled by the data-
driven character of this approach allows adapting to different terrain 
types without the need of adjusting the parameters manually [229].

Imitative reinforcement learning with transformers has been found 
as an effective tool in the path planning of multi-robots. Transformer 
architectures were introduced in policy neural network robotic coor-
dination by Chen et al. (2023), which trains robots to exhibit the 
inter-agent coordination [230]. It is a synergistic methodology that 
unifies imitation learning and reinforcement learning to initialize the 
policy with expert demonstrations and then improve the performance 
of the policy through reinforcement learning. The transformer archi-
tecture aids in the encoding of the inter-robot dependencies, which are 
complex hence resulting in more efficient collision avoidance and path 
planning.

Transformers-based mission-conditioned path planning deals with 
the issue of integrating mission requirements into the planning flow
[231]. This plan takes advantage of a deep-learning architecture that 
is able to produce paths meeting specific mission constraints, e.g. trav-
eling to a specified set of waypoints in a given order or avoidance of 
certain areas. The attention mechanism facilitates the model to focus 
on mission constraints relevant in the synthesis of the trajectory. Other 
more recent studies have explored the combination of Transformers and 
Graph Neural Networks to manage the smart logistics. A path-planning 
algorithm suggested by Luo et al. (2025) utilizes both Transformer and 
Graph Convolutional Network (GCN) to process multimodal data and 
generate the most suitable paths to the logistics robots [231]. Deep 
reinforcement learning algorithms have also been provided with atten-
tion mechanisms. Agile DQN technique uses adaptive deep recurrent 
attention so as to improve the performance of the navigation in dy-
namic environments [232]. Simultaneously, hierarchical reinforcement 
learning systems with attention modules have been designed in the 
context of UAV autonomous navigation, which provides better results 
in the complex three-dimensional environment [233].

3. Critical analysis and synthesis

This section gives a detailed comparative analysis and synthesis of 
the reviewed path planning methodologies. Table  1 analysis considers 
and compares algorithms based on agreed-upon metrics rather than 
mechanistic descriptions as in Section 2, looks at the performance of 
hybrid fusion strategies, and explores key research gaps and areas of 
unexploited potential. The analysis is organized along four main topics: 
comparative efficiency, assessment of the hybrid method (fusions, con-
vergence, sensitivity of parameters), performance benchmarking, and 
new research directions.

3.1. Comparative analysis of efficiency and performance

Path-planning algorithms are indispensable for robot applications in 
the real world, and their performance and efficiency are key. Dijkstra 
and A* are classical algorithms that can be proved to be optimal for 
the static environment and have polynomial time complexity, O(E log 
V) for Dijkstra and O(bd̂) in worst case for A* algorithm, but they do 
not possess any good adaptability properties, and high re-computation 
cost in dynamic environment. Intelligent approaches (PSO, GA, ACO) 
are more flexible because the population-based search, but are more 
expensive in terms of computation and come without optimality guar-
antees. The modern ML-based methods (DRL, GNNs, Transformers) 
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Table 1
Comparative framework of path planning algorithms.
 Algorithm Completeness Space complexity Computational cost Reference  
 Dijkstra’s Algorithm Complete O(V) Medium [4–9]  
 A* Algorithm Complete O(V) Medium [10–25]  
 Weighted A* Complete O(V) Low-Medium [17]  
 Hierarchical A* Complete O(V) Medium [20]  
 Lifelong Planning A* (LPA*) Complete O(V) Medium [26]  
 D* Algorithm Complete O(V) Medium-High [30–33]  
 D* Lite Complete O(V) Medium [34–36]  
 Field D* Complete O(V) Medium-High [37]  
 Probabilistic Roadmap (PRM) Complete O(n2) High [39,40]  
 RRT (Rapidly-exploring Random Tree) Complete O(n) Medium [41–47]  
 RRT-Connect Complete O(n) Medium [45]  
 RRT* Complete O(n) Medium-High [48–50]  
 RRT*-Smart Complete O(n) Medium [49]  
 SRT (Sensor-based Random Tree) Complete O(n) Medium [46,47]  
 Voronoi Diagram Complete O(n) Medium [52]  
 Visibility Graph Complete O(n2) High [54]  
 Cell Decomposition (Exact) Complete O(n) Medium-High [58,59]  
 Cell Decomposition (Approximate) Complete O(n) Low-Medium [58,59]  
 Quadtree/Octree Complete O(n) Medium [56,57]  
 Artificial Potential Field (APF) Incomplete O(1) Very Low [106,107], [118]  
 Navigation Function Complete O(n) Low [116,117]  
 Wave-front Algorithm Complete O(n2) Medium [110,111]  
 Breadth-First Search (BFS) Complete O(V) Low [113,114]  
 Depth-First Search (DFS) Complete O(V) Very Low [113,114]  
 Genetic Algorithm (GA) Incomplete O(p×n) High [73–91]  
 Adaptive GA Incomplete O(p×n) High [83–86]  
 Hybrid GA-PSO Incomplete O(p×n) High [80]  
 Particle Swarm Optimization (PSO) Incomplete O(p×d) Medium [119–131]  
 Multi-Objective PSO Incomplete O(p×d) Medium-High [122]  
 Self-Adaptive PSO Incomplete O(p×d) Medium [125]  
 PSO-DWA Hybrid Incomplete O(p×d) Medium [122]  
 Ant Colony Optimization (ACO) Incomplete O(n2) Medium-High [132–143]  
 Quantum ACO Incomplete O(n2) High [138]  
 ACO with Q-Learning Incomplete O(n2) High [142]  
 Artificial Bee Colony (ABC) Incomplete O(n×d) Medium [144–154]  
 Multi-Objective ABC Incomplete O(n×d) Medium-High [149]  
 Chaotic ABC Incomplete O(n×d) Medium [154]  
 Grasshopper Optimization Algorithm (GOA) Incomplete O(n×d) Medium [156–159]  
 Bacterial Foraging Optimization (BFO) Incomplete O(n×d) Medium-High [160–169]  
 Hybrid Spiral-BFO Incomplete O(n×d) Medium-High [165]  
 Firefly Algorithm (FA) Incomplete O(n) Medium [170–180]  
 Hybrid Whale-FA Incomplete O(n) Medium-High [177]  
 Shuffled Frog Leaping Algorithm (SFLA) Incomplete O(m×n) Medium [181–187]  
 Multi-Objective SFLA Incomplete O(m×n) Medium-High [183]  
 Grey Wolf Optimizer (GWO) Incomplete O(n×d) Medium [188–193]  
 Multi-Strategy GWO Incomplete O(n×d) Medium [191]  
 PSO-GWO Hybrid Incomplete O(n×d) Medium-High [193]  
 Red Fox Optimization (RFO) Incomplete O(n×d) Medium [195–201]  
 Fuzzy Logic Controller Incomplete O(r) Very Low [92–105,234–237] 
 Type-2 Fuzzy Controller Incomplete O(r) Low [234]  
 Neuro-Fuzzy Controller Incomplete O(r×n) Low-Medium [64,65], [102]  
 Fuzzy-GA Hybrid Incomplete O(p×r) Medium [103]  
 Fuzzy-ACO Hybrid Incomplete O(m×r) Medium [105], [135]  
 Artificial Neural Network (ANN) Incomplete O(n×h) Low -inference [60–71]  
 Deep Neural Network (DNN) Incomplete O(h2×l) Low -inference [60], [69–71]  
 Convolutional Neural Network (CNN) Incomplete O(k2×c) Low (inference) [70]  
 GBNN (Grid-Based Neural Network) Incomplete O(n2) Medium [67]  
 Q-Learning Incomplete O(s×a) High [207]  
 Deep Q-Network (DQN) Incomplete O(n) Very High [15], [101]  
 Deep Deterministic Policy Gradient (DDPG) Incomplete O(n) Very High [90]  
 Twin Delayed DDPG (TD3) Incomplete O(n) Very High [204]  
 Proximal Policy Optimization (PPO) Incomplete O(n) High [101]  
 Multi-Objective RL Incomplete O(n×o) Very High [123]  
 A*-PSO Hybrid Complete O(V + p×d) Medium-High [8,9]  
 A*-DWA Hybrid Complete O(V) Medium [76]  
 RRT*-Neural Network Complete O(n + h) Medium [48]  
 APF-Neural Network Incomplete O(h) Low [63]  
 GA-Deep RL Incomplete O(p×n) Very High [90]  
 PSO-RL Hybrid Incomplete O(p×d) High [131]  
 Dynamic Window Approach (DWA) Incomplete O(1) Very Low [206]  
 Improved DWA Incomplete O(1) Very Low [206]  
 Vector Field Histogram (VFH) Incomplete O(n) Very Low [205]  
 VFH+ (Trap Avoiding) Incomplete O(n) Low [205]  
19
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offer a completely new trade-off: high offline training cost, but very 
fast inference speed, thus allowing real-time decision-making in com-
plex dynamic environments. This distinction is quantitatively shown in 
Table  3, where classical methods perform best on a static setting, and 
score poorly on the dynamic suitability metrics, while DRL methods 
score well on all of the dynamic metrics, although they have a high 
training burden.

3.1.1. Analytical evaluation of hybrid methods
The combination of different algorithms is an important research 

path, which attempts to combine the best features of each individual 
algorithm. The success of these methods relies heavily on the type of 
fusion mechanism used, the convergence developed in each cycle, and 
the sensitivity to the parameter configuration.
Fusion Mechanisms

Based on the literature reviewed, three principle fusion architec-
tures have been identified. First, a global planner (such as A*, GA or 
PSO) is used to calculate an approximate optimal path based on the 
available static prior knowledge, and then a local planner (such as 
APF, DWA) is used to implement real-time obstacle avoidance. In the 
A*-APF hybrids, A* overcomes the well-known local minima problem 
inherent in the APF by introducing global waypoints which direct the 
potential field gradient, and APF provides the smooth continuous con-
trol command that is lacking from grid-based A*. The task of planning 
is broken down to stages and each stage is processed sequentially 
in the pipeline, with the outcome of one algorithm being passed to 
the next. In the case of RRT*-neural network hybrids, for instance, 
RRT* itself produces a feasible initial path and then improves the path 
using a trained neural network for smoothness and energy-efficiency. 
Multiple algorithms are executed in parallel on a cooperative architec-
ture, with the results of each being chosen and combined according to 
performance measures. In the PSO-GA hybrid approach for example, 
the PSO’s velocity-based exploration and the GA’s crossover-mutation 
operators work concurrently, where the best solution is selected at each 
iteration.

Convergence Behavior
Convergence properties of the hybrid methods are significantly dif-

ferent from those of the basic algorithms. However, it is known that the 
standard PSO exhibits premature convergence in complex multimodal 
search spaces as the diversity of the population is lost quickly as the 
particles converge towards the global best. The incorporation of GA’s 
mutation operators brings in the element of stochastic diversity that 
mathematically changes the property of the Markov chain of the search 
process, resulting in theoretical assurances of global asymptotic con-
vergence when certain conditions are met. For ACO-based hybrids, the 
speed of convergence is directly affected by the pheromone evaporation 
rate (rho): a high evaporation rate (rho > 0.5) leads to rapid exploration 
but slow convergence, a low evaporation rate (rho < 0.1) leads to 
faster convergence but risk of premature convergence on suboptimal 
trails. Hybrid ACO-Q-Learning methods overcome this by dynamically 
changing the update rules of the pheromone using Q-values, without 
compromising on the quality of the solution found or the convergence 
speed. The convergence is controlled by the reward function design and 
the stability of estimates of the policy gradient for DRL-based hybrids. 
Actor-critic architectures (e.g., TD3, SAC) can also be used to help 
converge the network to a stable solution by using twin Q-networks 
to mitigate the overestimation issue, and the number of training steps 
needed for empirical convergence requires 500K-2M, depending on the 
environment complexity.
Parameter Sensitivity

Hyperparameter tuning is a practical challenge with intelligent and 
hybrid methods. In PSO, the inertia weight (w) can be used to adjust 
the balance between exploration and exploitation: a value close to 0.9 
gives a higher exploration tendency and slows down the convergence; 
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a value below 0.4 gives a higher exploitation tendency and speeds up 
the convergence, but also leads to higher risk of entrapment in local 
optima. The cognitive (c1) and social (c2) acceleration coefficients fur-
ther modulate the individual and swarm learning rates, and the default 
values are c1 = c2 = 2.0, which offer a good balance. In ACO, the search 
behavior is a combination of the pheromone importance factor (alpha) 
and the heuristic importance factor (beta). High alpha values have the 
tendency to converge fast, but not necessarily optimally, because ants 
start to follow the other ants’ trail more and more, and high beta values 
increase the computational cost, because ants start to rely more on 
distance heuristics than on learned information. The rate of crossovers 
(usually between 0.6 or 0.9) and mutation (usually between 0.01 or 
0.1) should be well balanced: high mutation rates kill good solutions; 
low mutation rates cause genetic drift and premature convergence. 
Recent methods make use of adaptive parameter tuning techniques, 
including the linearly reduced inertia weight of the PSO particles or the 
self-adaptive mutation rate of GAs, to reduce sensitivity and enhance 
robustness to various problem instances.

3.2. Performance benchmarking

The application of universal benchmarking of all path-planning 
algorithms is difficult to do directly because the range of application 
situations and performance measures is quite broad. In this respect, 
we introduce a general comparison (Table  2), that summarizes findings 
presented in recent studies; the table provides information on the appli-
cation domain and an environment type of most important algorithms 
in specific contexts.

3.3. Trend analysis

The field of robot path planning is continuously evolving. To vi-
sualize the research trends, we have created a new chart (Fig.  32) 
that illustrates the number of publications per year for different cat-
egories of algorithms. This chart highlights the growing interest in 
intelligent and machine learning-based approaches. Fig.  33 illustrates 
the distribution of research publications by method category

3.4. Analysis of method limitations and hybrid approaches

The most important part of this review is the analysis of the limita-
tions of each approach in details. Although classical algorithms present 
theoretical guarantees, they might fail to cope with reality which is full 
of complexities and uncertainties. Sophisticated methods, conversely, 
are more flexible but cannot have a formal sense of optimality or com-
pleteness. Innovation of hybrid approaches is increasingly emerging to 
overcome the shortcomings of individual approaches. These algorithms 
are a combination of the strengths of other algorithms in order to 
strike a superior balance among the performance, robustness and com-
putational cost. An example is where a hybrid algorithm combines a 
classical algorithm to solve the global path planning with an intelligent 
algorithm to solve the local obstacle avoidance. This will enable the 
robot to be subject to the optimality of the classical algorithm with the 
flexibility of the intelligent algorithm.

The success of hybrid strategies has been proved in a number of 
studies. As an example, the A + DWA (Dynamic Window Approach) 
combination has been demonstrated to be useful to navigate the dy-
namic environment. On a similar note, fuzzy logic when incorporated 
alongside the ant colony optimization has been applied to enhance the 
functionality of multi-robot systems.
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Table 2
A recent literature comparison based (Environment, Application).
 Algorithm Environment type Application domain Reference  
 Dijkstra’s Algorithm Static Grid Indoor AGV [6]  
 Dijkstra’s Algorithm Static Known Warehouse Robotics [7]  
 Modified Dijkstra Static Grid Large-scale Networks [5]  
 PSO-Dijkstra Hybrid Static/Dynamic Autonomous Vehicles [9]  
 A* Algorithm Static Grid AGV Navigation [11]  
 A* Algorithm Static Grid Game AI [13]  
 Improved A* Static Grid Mobile Robots [25], [28]  
 Hierarchical A* Static Known Large Parking Lots [20]  
 Hybrid A* Semi-Dynamic Valet Parking [24]  
 RFA-star 3D Static UAV (High Obstacle) [22]  
 D* Algorithm Dynamic AGV Safety [31]  
 D* Lite Dynamic Mobile Robots [34–36]  
 Enhanced D* Lite Dynamic Autonomous Robots [35,36]  
 Field D* Dynamic Terrain Outdoor Navigation [37]  
 PRM Static Complex High-DOF Manipulators [39,40]  
 Improved PRM Static Complex Robot Arms [40]  
 RRT 3D Static UAV Navigation [44]  
 RRT-Connect Static Complex Manipulator Planning [45]  
 RRT* Static Complex Continuum Arms [48]  
 RRT*-Smart Static General Navigation [49]  
 idb-RRT Dynamic Kinodynamic Planning [43]  
 APF Dynamic Real-time Avoidance [106,107]  
 Improved APF Dynamic Multi-target [118]  
 APF-NN Hybrid Dynamic Multi-Agent [63]  
 Genetic Algorithm Static Mobile Robots (Static) [74]  
 Improved GA Static Mobile Robots [74], [84]  
 Adaptive GA 3D Dynamic Underwater AUV (3D) [83], [86]  
 Multi-Objective GA Static/Dynamic Industrial Automation [82]  
 GA-PSO Hybrid Static Multi-Joint Robots [80]  
 GA-Deep RL Dynamic Missile Guidance [90]  
 PSO Static/Dynamic Mobile Robots [119–121]  
 Self-Adaptive PSO Dynamic 2D Lidar Robots [125]  
 Multi-Objective PSO Dynamic AGV (Dynamic) [122]  
 PSO-DWA Hybrid Dynamic AGV Navigation [122]  
 Hybrid S-curve-PSO Static Industrial Robots [121], [130] 
 PSO-RL Hybrid Dynamic AGV (Industrial) [131]  
 PSO-Gauss 3D Dynamic Underwater AUV [127]  
 Parallel PSO-Sparrow 3D Static UAV [128]  
 ACO Static Multi-Robot Systems [132–134]  
 Improved ACO Static Mobile Robots (Static) [137]  
 Quantum ACO Dynamic Autonomous Driving [138]  
 ACO-Q-Learning Dynamic Autonomous Vehicles [142]  
 ACO-3D DWA 3D Dynamic AUV Communication [141]  
 Fuzzy-ACO 3D Static 3D Laser Scanning [105], [139] 
 ABC Static Mobile Robots [144–146]  
 Hybrid Enhanced ABC Dynamic UAV (Threat Avoidance) [147], [150] 
 Multi-Objective ABC Static/Dynamic Mobile Robots [149]  
 3D ABC 3D Static UAV Path Planning [151]  
 Chaotic ABC Dynamic UAV Identification [154]  
 GOA Static/Dynamic Mobile Robots [156–159]  
 Online GOA Dynamic Unknown Unknown Environments [159]  
 BFO Static Humanoid Robots [160–163]  
 Improved BFO Dynamic USV (Multi-constraint) [164]  
 Spiral-BFO Hybrid Static Flexible Manipulator [165]  
 Bio-inspired BFO Static Robotic Manipulators [168]  
 Firefly Algorithm Static/Dynamic Mobile Robots [170–174]  
 Multi-Objective FA Static Mobile Robots [171]  
 Improved FA Static Industrial Robots [173]  
 Hybrid Whale-FA Static/Dynamic Mobile Robots [177]  
 FA-TPM Dynamic Cluttered Environments [180]  
 3D FA (UAV-AGV) 3D Cooperative Electric Power Patrol [179]  
 SFLA Static Robot Path Planning [181–184]  
 Multi-Objective SFLA Static Mobile Robots [183]  
 Adaptive SFLA Dynamic Underwater Robots [184]  
 Improved SFLA Static Robot Control [187]  
 SFLA (UAV Inspection) 3D Static UAV Autonomous [185]  
 GWO 3D Static Multiple AUVs [188–190]  
 Multi-Strategy GWO Static/Dynamic Robot Path Planning [191]  
 Modified GWO Static Autonomous Robots [192]  
 PSO-GWO Hybrid Static/Dynamic Autonomous Guided Robot [193]  
 RFO Static/Dynamic Mobile Robots [195–197]  
 RFO (Path Planning) Static Autonomous Robots [201]  
 (continued on next page)
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Table 2 (continued).
 Algorithm Environment type Application domain Reference  
 Fuzzy Logic Controller Dynamic Mobile Robots [92–99]  
 Type-2 Fuzzy Complex Dynamic Multi-Humanoid [234]  
 Neuro-Fuzzy Dynamic Mobile Robots [64,65], [102] 
 Fuzzy-GA Hybrid Dynamic UAV Control [103]  
 Fuzzy-APF Hybrid Dynamic Mobile Robots [104]  
 Fuzzy-ACO 3D Static 3D Laser Scanning [105]  
 DNN Dynamic Wheeled Robots [60]  
 Hybrid DNN Dynamic Missile Guidance [69]  
 Lightweight CNN Dynamic Real-time Detection [70]  
 Ultra-fast DNN Dynamic Nano-UAV [71]  
 GBNN Static Ship Hull Coverage [67]  
 NN-H2/H∞ Control Dynamic Modified UAV [68]  
 Q-Learning Static/Dynamic Mobile Robots [207]  
 Deep RL (Agricultural) Outdoor Dynamic Agricultural Robots [15]  
 RIDER (RL) Unstructured Unstructured Environments [101]  
 TD3 (Optimized) Dynamic Human Crowded Environments [204]  
 Multi-Objective RL Space/Complex Multi-Body Trajectory [123]  
 DWA Dynamic Mobile Robot Formation [206]  
 Improved DWA Dynamic Robot Formation [206]  
 VFH+T Dynamic Unknown Unknown Environments [205]  
 A*-DWA Hybrid Dynamic Mobile Robots [76]  
 Grid-APF Hybrid Dynamic Uncertain Uncertainty Environments [198]  
 Bi-directional Adaptive Complex Dynamic Complex Dynamic [199]  
Fig. 32. Trend analysis chart showing the evolution of research in path planning.
4. Discussion

After conducting an extensive examination of the literature, it is 
evident that navigational methods can be categorized into: Classi-
cal and Intelligent approaches. Classical ones are no longer common, 
because they have a lot of drawbacks, such as high computational 
complexity, sensitivity to local minima, difficulties with uncertainty, 
requirement for a precise response from the environment and a precise 
real-time sensing. These boundaries make it less convenient to use 
classical approaches for real-time applications, however, and make 
them perform in unpredictable ways. Despite all attempts to overcome 
these limitations, it has been seen that classical approaches still face 
problems of achieving the real time performance when compared to 
Intelligent approaches like Artificial Potential Field and hybrid algo-
rithms. Classical strategies work best in familiar environments where 
there is prior information about the environment available.

Conversely, Intelligent strategies excel in unexpected situations, 
demonstrating their capacity to manage significant levels of uncer-
tainty. They possess the qualities of being easily implemented, intel-
ligent, and efficient, which makes them suitable for handling real-time 
navigation difficulties and yielding superior results when compared 
to classical systems. Nevertheless, Intelligent approaches have certain 
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drawbacks, such as increased processing time, intricate design, learning 
phases, memory demands, and incompatibility with low-cost robots. 
Table  3, demonstrate the difference in efficiency among the methods 
in various scenarios (Static and Dynamic).

At now, about 95% of research is conducted using Intelligent and 
Machine Learning algorithms. Fuzzy logic (FL), genetic algorithms 
(GA), and neural networks (NN) have made substantial contributions 
to the field of mobile robot navigation, accounting for more than 50% 
of the research articles in this area. Moreover, newly developed meta-
heuristic algorithms such as Firefly Algorithm (FA), Particle Swarm 
Optimization (PSO), Ant Colony Optimization (ACO), Artificial Bee 
Colony (ABC), Shuffled Frog Leaping Algorithm (SFLA), and other mis-
cellaneous algorithms have gained rapid popularity. Alongside these, 
modern ML-based approaches, particularly Deep Reinforcement Learn-
ing (DRL), Graph Neural Networks (GNNs), and Transformers, are 
rapidly emerging as the new state-of-the-art, demonstrating superior 
performance in complex, dynamic environments. Research articles em-
ploying Intelligent and ML-based approaches are more common than 
those employing classical methodologies. The classic method known 
as APF has demonstrated its effectiveness in guiding robots across 
surroundings that are partially recognized or completely unfamiliar. 
It has demonstrated superior performance in comparison to Cell De-
composition (CD) and Roadmaps (RM). The utilization of APF has had 
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Table 3
A comparison of path planning methods efficiency based on (Path, Time).
 Algorithm Path optimality

(Static)
Path optimality
(Dynamic)

Time cost 
(Static)

Time cost 
(Dynamic)

 

 Dijkstra Low Low Fast Moderate  
 A* Moderate Moderate Fast Fast  
 D* Moderate Low Moderate Fast  
 D* Lite Low Low Moderate Fast  
 PRM Moderate High Moderate High  
 RRT Moderate Moderate Fast Fast  
 RRT* Moderate Moderate Moderate Moderate  
 RRT*-smart Moderate Moderate Fast Moderate  
 Visibility Graph Low High Fast Slow  
 Voronoi Diagram Low Moderate Fast Moderate  
 Exact Cell Decomposition High Moderate Moderate Slow  
 Adaptive Cell Decomposition Moderate Moderate Moderate Moderate  
 Approximate Cell Decomposition Low Moderate Fast Moderate  
 Neural Networks High High High High  
 Genetic Algorithms Moderate Moderate Moderate Moderate  
 Fuzzy Logic Moderate Moderate Fast Moderate  
 Potential Field (PF) Low Moderate Fast Moderate  
 Wavefront (PF) Low Moderate Fast Moderate  
 Depth-First (PF) Moderate High Moderate Slow  
 Breadth-First (PF) Moderate High Moderate Slow  
 Navigation Function Moderate Moderate Moderate Moderate  
 PSO Moderate Moderate Moderate Moderate  
 ACO Moderate High Moderate High  
 BCO Moderate Moderate Moderate Moderate  
 GOA Moderate Moderate Moderate Moderate  
 BFO Moderate Moderate Moderate Moderate  
 Firefly Moderate Moderate Moderate Moderate  
 SELA Moderate Moderate Moderate Moderate  
 GWO Moderate Moderate Moderate Moderate  
 RWO Moderate Moderate Moderate Moderate  
 DQN Moderate Moderate High Fast  
 PPO High High High Fast  
 A3C High High High Fast  
 DDPG High High High Fast  
 TD3 High High High Fast  
 SAC High High High Fast  
 GNNs High High High Fast  
 Transformers High High High Fast  
Rating Criteria: The qualitative ratings in this table are based on explicit quantitative ratings which have been taken from the reviewed literature. 
High Robustness: >90% success in dynamic obstacles environments; Moderate: 60–90%; Low: <60%. High Optimality: path length is within 
5% of theoretical optimal; Moderate: path length is from 5 to 15% from the theoretical optimal; Low: path length is more than 15% from 
the theoretical optimal. Fast: less than 100 ms per cycle of planning decisions; Moderate: 100 ms – 1 s per cycle of planning decisions; Slow: 
greater than 1 s per cycle of planning decisions. High Scalability: more than 1000 nodes/cells; Moderate: 100–1000; Low: Less than 100.
Fig. 33. Distribution of research publications by method category (2020–
2025).
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a significant increase over the past two decades in order to address 
navigation challenges involving both stationary and moving obstacles, 
as well as dynamic goal conditions.

One notable trade regime that is expressed in Table  3 is the trade-
off between the cost and the performance of computation. Classical 
algorithms like Dijkstra and A-Star are optimal paths with the least 
time consumption in a static environment but their usefulness is less 
in dynamic environments. Traditional intelligent approaches such as 
particle swarm optimization (PSO) and genetic algorithms (GA) will 
provide better flexibility to uncertainty and moderate to high com-
puting costs and will not provide any formal optimality program. 
In contrast, modern machine-learning-based algorithms (e.g., deep Q-
networks (DQN), proximal policy optimization (PPO), graph neural 
networks (GNNs), and transformers) take a different approach: they 
require significant initial cost in training (high preprocessing time cost), 
but have low dynamic cost during deployment (low dynamic time 
cost) as well as high-quality path planning (high path quality). These 
features make these methods especially appropriate to real-time and 
autonomous decision-making in dynamic and complex tasks.

The examination of classical and intelligent methodologies has been 
expanded to encompass the field of 3D path planning for aerial and sub-
surface vehicles. Classical approaches are inadequate for autonomous 
path planning in three-dimensional settings and are often augmented 
with fuzzy logic (FL), genetic algorithms (GA), and other methods to 
enhance their efficiency. The methods of deep reinforcement learning 
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(DRL) and graph neural network (GNN) are increasingly applied to 
three-dimensional path-planning problems of unmanned aerial vehicles 
(UAVs) and autonomous underwater vehicles (AUVs), with steadily 
better performance than traditional methods in both complicated aerial 
and aquatic settings.

Intelligent procedures are preferred over classical procedures in 
military and defense applications because of their efficiency in ex-
ploration, computation, promptness in response, flexibility in opera-
tion, and ability to use advanced intelligence systems and make au-
tonomous decisions. These capabilities are further enhanced by the 
modern machine-learning-based solutions, offering a greater level of 
autonomy and adaptability that is very important in the operations 
that are performed in unpredictable and hostile warfare conditions 
that lack direct human intervention. These systems can be controlled 
remotely through GPS-based control systems or through control rooms 
and deep-reinforcement-learning agents will make real-time tactical 
decisions.

In the field of mobile robot navigation, intelligent and ML-based 
approaches have become popular, because they are able to effectively 
deal with uncertainty in real time. In summary of this study, the 
different types of mobile robot navigation methods presented here can 
be categorized as follows with the following observations:

• Intelligent strategies outperform conventional approaches in ef-
fectively handling environmental uncertainty.

• Intelligent and ML-based approaches are particularly well-suited 
for resolving real-time navigation problems.

• Advanced machine-learning paradigms, including DRL, GNNs, 
and transformer architectures, have even better quality in the 
resulting trajectories in both fixed and dynamic operating sce-
narios, but they need a computationally-intensive offline training 
process.

• Striking characteristic of recent ML-based algorithms is the trade-
off between considerable and upfront computational costs in-
curred during training and less dynamic costs incurred during the 
actual execution in real-time.

• Research publications on navigation in dynamic contexts are 
relatively scarce compared to those focused on static situations.

• There is a lack of research that specifically addresses the nav-
igation of robots in dynamic conditions for moving objective 
problems, rather than moving obstacle problems.

• The majority of publications mostly focus on simulation analysis, 
with only a few papers dedicated to real-time applications.

• Research publications on the navigation of multiple mobile robot 
systems are scarce in comparison to those on single robot systems.

• The number of papers on hybrid algorithms is lower compared to 
standalone algorithms.

The utilization of newly developed algorithms, such as Shuffled Frog 
Leaping Algorithm, Cuckoo Search, Invasive Weed Optimization, Bat 
Algorithm, Harmony Search, Differential Evolution, Bacterial Forag-
ing Optimization, Artificial Bee Colony, and Firefly Algorithm, holds 
significant promise for traversing intricate unfamiliar environments 
characterized by substantial levels of uncertainty. These algorithms can 
be used to develop innovative hybrid approaches. Hybridization solu-
tions can enhance the efficiency of traditional operations by integrating 
them with intelligent methods.

5. Conclusion

This review has presented an in-depth and systematic analysis of 
path planning strategies for autonomous mobile robots, covering both 
classical and intelligent approaches across static, dynamic, and un-
certain environments, several path planning algorithms has also been 
comprehended and evaluated, along with suggesting potential methods 
for future research. In this review, the 204 articles that were introduced 
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are spread as shown in Fig.  34, according to the search strategy. 
Classical approaches like Dijkstra, A*, D* and PRM have been used for a 
long time to give a theoretical support for navigation, and they are de-
terminist, complete and optimal in structured domains. However, they 
are not capable of adapting rapidly to dynamic changes, have high com-
putational load in large search spaces, and are dependent on predefined 
maps to work, but they are not adaptable in real-world scenarios due 
to their high computational load in large search spaces, requirement of 
predefined maps, and inability to respond to dynamic changes quickly. 
Nevertheless, the field has been moved towards more adaptable, robust 
and scalable algorithms by intelligent and bio-inspired algorithms such 
as GA, PSO, ACO, BFO, GWO, GOA and recently the new RFO. It is char-
acterized by a change towards modern machine-learning techniques, 
such as reinforcement learning and deep learning, a paradigm change 
and the robot is able to learn from experience and act in complex and 
unstructured environments with an increased level of autonomy than 
ever before. These approaches are highly effective in dynamic, partially 
observable and multi-robot settings, where they can boost robustness in 
the presence of uncertainties, provide flexibility in decision making and 
have the potential to learn from experience.

One salient aspect to be noted is the shift towards hybrid systems 
that combine the effectiveness and assurances of traditional approaches 
with the flexibility and learning power of intelligent techniques. Re-
inforcement learning and deep neural models, when used along with 
heuristic search or metaheuristics, are becoming more and more than 
responsive and optimal navigators. The increased interest in multi-
robot systems, in which collaborative planning is used for scalability 
of large robot fleets in logistics, agriculture, surveillance and rescue 
applications is another key aspect. Yet, despite all these advances, there 
are still a number of challenges ahead to make simulation-based results 
‘‘real’’ in practical deployment, to deal with the noise of the sensors and 
limitations of the hardware, to maintain safety in human–robot mixed 
environments, and to ensure explainability of ‘‘black boxes’’ such as AI 
models.

In the future, the direction in which research in robot navigation is 
headed is straightforward, and it is going towards system level integra-
tion, away from algorithmic exploration. This demands more efficient 
algorithms as well as their integration in cognitive architectures which 
enable an integration of perception, planning and control in real-time 
in a robust manner, under uncertainty. The future path planning solu-
tions for high impact applications like autonomous vehicles, medical 
robotics, disaster and smart city operations must be optimal, adaptive, 
interpretable and safe.
Future Research Directions

• Hybrid Path Planning Frameworks: Prioritize the fusion of clas-
sical optimal algorithms with intelligent metaheuristics or rein-
forcement learning to combine theoretical guarantees with adap-
tive behavior in uncertain environments.

• In this current review, the focus is placed on the analytical and 
algorithmic decision-making logic of path planning, while emerg-
ing friction-aware and energy-aware path planning algorithms 
are not included. Friction-aware approaches include physical-
layer modeling of terrain friction coefficients and the modeling 
of the traction dynamics, whereas energy-aware approaches need 
to incorporate motor consumption models, battery state-of-charge 
dynamics and regenerative braking strategies. The topics are 
suitable for a separate survey in between the algorithmic path 
planning and physical robot design. Future studies could examine 
how energy usage costs can be incorporated into existing path 
planning algorithms like A* and DRL, and see how they can be 
adapted to also consider the energy needed to navigate a rough, 
real-world environment.

• Real-Time and Scalable Deployment: Advance lightweight and 
computationally efficient algorithms suitable for embedded sys-
tems, ensuring robust performance in hardware-constrained robots
operating in real-time.
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Fig. 34. Number of publications per year.
 

• Explainable and Trustworthy AI: Develop interpretable intelli-
gent planning systems that can provide transparency in decision-
making, which is crucial for safety-critical applications such as 
healthcare robots or autonomous driving.

• Multi-Robot Coordination: Expand scalable frameworks for coop-
erative path planning in large robot swarms, focusing on energy 
efficiency, communication overhead, and resilience to dynamic 
obstacles.

• Human–Robot Interaction (HRI): Investigate safe and intuitive 
path planning strategies for robots navigating in human-populated
environments, emphasizing prediction of human motion and
adaptive social navigation.

• Benchmarking and Standardization: Establish unified evaluation 
benchmarks and real-world testing protocols to fairly compare 
algorithms and accelerate their translation from simulation to 
deployment.

Eventually, path planning for autonomous mobile robots is undergo-
ing a paradigm shift from static, deterministic solutions to dynamic, 
adaptive, and hybrid models. The integration of intelligent optimiza-
tion, deep learning, and bio-inspired approaches represents not only a 
methodological evolution but also a decisive step towards reliable, ex-
plainable, and scalable autonomy in complex real-world environments. 
This review consolidates the current state of the art while articulating 
the challenges and opportunities that define the next generation of 
research, positioning path planning as a cornerstone for achieving 
trustworthy autonomy in robotics
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