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Abstract:
Mobile robots require effective and secure path plan‐
ning, especially in complex and dynamic environments.
Traditional algorithms such as A*, Dijkstra, and Rapidly‐
exploring Random Trees (RRT) offer dependable and
mathematical solutions but face challenges regarding
scalability, adaptability, and processing requirements in
real‐time applications. On the other hand, artificial intel‐
ligence (AI) techniques, such as reinforcement learning
(RL) and neural networks (NNs) provide flexibility and
quick decision‐making but face challenges such as data
dependency, optimal solution, and computational over‐
head. This review analyzes hybrid path planningmethod‐
ologies that integrate traditional algorithmswith AI tech‐
niques, utilizing the advantages of both to overcome
their limitations. Hybrid approaches improve scalability,
collision avoidance, and re‐planning efficiency by inte‐
grating the accuracy and reliability of traditional tech‐
niques with the adaptability and learning capabilities
of AI. This review categorizes and analyzes research to
identify significant gaps and suggests future paths for
enhancing hybrid path planning, offering insights for the
development of more robust and intelligent navigation
systems for mobile robots and autonomous platforms.
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1. Introduction
Mobile robots have gained signiϐicant attention in

areas such as surveillance, agriculture, disaster man‑
agement, and logistics. An important aspect of mobile
robot activities is path planning, which is deϐined as
identifying an optimal pathway from a start point to a
destination while minimizing costs in terms of time,
energy, and computational resources, and avoiding
obstacles. The efϐiciencyofmobile robot pathplanning
is especially crucial in known environments where
detailed 3Dmaps are available, allowing formore pre‑
cise navigation and optimization.

Traditional methods of path planning, such as
the A* algorithm, Dijkstra’s algorithm and Rapidly‑
exploringRandomTrees (RRT), havebeenwidelyused
due to their reliability and mathematical accuracy.
These algorithms have proven effective in produc‑
ing collision‑free paths in 2D and 3D environments.
However, they often struggle with high computational

complexity and lack adaptability in dynamic and com‑
plex scenarios [1].

Artiϐicial Intelligence (AI) methods, such as
machine learning, deep learning, and reinforcement
learning, can enhance path planning performance.
AI‑based methods offer several advantages, such
as learning from data, adaptation to evolving
environments, and multi‑objective optimization.
Despite these strengths, AI methods alone may
require extensive training data, high computational
power, and may lack interpretability compared to
traditional algorithms [2].

The combination of AI and traditional methods
for mobile robot path planning presents a promis‑
ing hybrid approach that leverages the strengths of
both paradigms. By integrating AI’s adaptability and
learning capabilities with the robustness and inter‑
pretability of traditional algorithms, researchers aim
to develop more efϐicient and versatile path plan‑
ning solutions. This hybrid approach has the potential
to address the limitations of both AI and traditional
methods, particularly in known environments where
comprehensive 3D maps provide a structured frame‑
work for navigation.

This review aims to explore the current state of
research on the combination of AI and traditional
methods for mobile robot optimal path planning in
known environments. The reviewwill focus on identi‑
fying the key AI techniques and traditional algorithms
employed, examining their performance, and high‑
lighting the challenges and opportunities associated
with their integration. By combining the ϐindings from
existing literature, this review aims to provide a com‑
prehensive understanding of the hybrid approaches to
mobile robot path planning.

1.1. Fundamentals of Mobile Robot Path Planning

Mobile robot path planning is critical for
autonomous moving, as it provides a secure, effective,
collision‑free path from the starting point to the
destination. The difϐiculty of this task depends
on factors such as the environment in operation
(urban or rural), obstacles (static or dynamic),
energy limitations, and the speciϐic mission goals
(surveillance, delivery, mapping, etc.).

The path planning sequence has three phases,
environmental modeling, path searching and
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optimization, and, ϐinally, path execution and
adaptation. Environmental modeling is when a
3‑dimensional map of the area is developed and
obstacles are modeled similarly using occupancy
grids and Voronoi diagrams; path search and
optimization is when algorithms identify paths
based on parameters such as length and safety; in
path execution and modiϐication, mobile robots need
to change the path accordingly based on random
obstacles and environmental changes [1].

Mobile robot path planning algorithms, both tra‑
ditional, AI‑based or hybrid, are crucial to enabling
mobile robots to navigate safely and efϐiciently in het‑
erogeneous environments. The algorithms are devel‑
oped for path optimization by balancing objectives
such as obstacle avoidance, energy efϐiciency, and
mission‑speciϐic requirements that vary based on the
use of the mobile robot. Path planning algorithms
combine mathematical precision with adaptive func‑
tionality as they allowmobile robots to dealwith static
and dynamic obstacles, environmental changes, and
accurate navigation of all types ofmissions. This holis‑
tic consideration of path planning stresses the need
for algorithms to develop and adapt as new problems
arise in autonomous movement.
1.2. Global and Local Path Planning

Path planning algorithms can be classiϐied into
global path planning and local path planning based on
their operational scope and planning procedure [2].
Global path planning algorithms, such as Dijkstra’s,
A*, D* Lite, and Cell Decomposition, are engineered to
calculate a path from a start point to the target point
for a deϐined environment. These approaches use a
complete or partial representation of the environ‑
ment to determine an optimal or near‑optimal path,
accounting for all detected obstacles. These methods
are especially efϐicient in static environments where
all information of the environment is known ahead
of time and all of what has been learned is used for
complete planning [2].

Conversely, local path planning techniques focus
on immediate navigation and avoidance of obstacles.
Local path planning includes both traditional algo‑
rithms, such as Dynamic Window Approach (DWA)
and Artiϐicial Potential Field (APF), as well as AImeth‑
ods, such as Machine Learning (ML) and Reinforce‑
ment Learning (RL). Local path planning algorithms
are speciϐically designed to focus on the ability to
make quick decisions, from the current state of the
mobile robot and its sensors, without requiring all
the environmental knowledge. Local path planners
can be highly effective in dynamic or partially known
environments where the mobile robot must respond
quickly to an unexpected change or moving obstacle
that was not known prior to encountering [2].

In practical mobile robot operations, the integra‑
tion of global and local path planning methodolo‑
gies is frequently beneϐicial [2]. The global planner
will provide a planned long path to the target, and
then the local planner can modify the mobile robot’s
trajectory considering immediate hazards and other

changes in the environment. This hybridmethod guar‑
antees both optimality and adaptability, improving
the mobile robot’s overall navigation efϐiciency.

2. Research Methodology
Previous review papers have focused on algorithm

reviews in general or on broad integrations of tech‑
niques such as [3–5]. However, this paper speciϐically
reviews the integration between traditional path plan‑
ning algorithms and artiϐicial intelligence (AI) meth‑
ods. Papers were retrieved exclusively from Scopus to
ensure a comprehensive review. A combination of key‑
words and Boolean operators was used to maximize
the search results. The keywords such as:
• “Mobile robot” AND “path planning” AND “known
environment” AND “hybrid” AND “artiϐicial intelli‑
gent” OR “AI”

• “Mobile robot” AND “path planning” AND “known
environment” AND “combine” AND “artiϐicial intel‑
ligent” OR “AI”

• “Mobile robot” AND “path planning” AND “known
environment” AND “integrate” AND “artiϐicial intel‑
ligent” OR “AI”

• “Robot” AND “path planning” AND “known envi‑
ronment” AND “hybrid” AND “artiϐicial intelligent”
OR “AI”
The search range was limited to papers published

from January 2019 to December 2024. Using these
keywords, a total of 105 papers were retrieved. By
applying inclusion and exclusion criteria, 23 papers
were identiϐied that ϐit the requirements. Figure 1
illustrates the number of publications over the years.
Some papers focused on the hybrid between two AI
methods which fall outside the scope of this review.

The quality of each paper was evaluated based on
clarity of objectives and methodology, relevance to
hybrid path planning for mobile robots, and robust‑
ness of experimental or simulation results. Inclusion
criteria ensured the review synthesized the studies
discussing the hybrid methods integrating traditional
and AI‑based methods, and studies of mobile robot
research in the known environment. Exclusion cri‑
teria ensured studies focused solely on either AI or
traditional methods without integration, papers with‑
out any experimental or simulation results, and non‑
English papers. Overall, the review ensures a system‑
atic and unbiased exploration of hybrid path planning
methods, offering valuable insights for researchers
and practitioners in the ϐield.

3. Hybrid Approaches: Combining AI and Tra‐
ditional Methods
Traditional path planning algorithms provide

reliable and often optimal solutions in structured
environments but face scalability issues and
struggle with real‑time adaptability in dynamic
settings [2, 3]. In contrast, Artiϐicial Intelligence
(AI) techniques enhance adaptability and decision‑
making, allowing robots to learn from data and
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Figure 1. Line graph of number of papers vs. year published

respond to uncertainties, though they remain
limited by computational demands, reliance on large
datasets, and difϐiculty in guaranteeing global optimal
paths [1,3].

Hybrid approaches have emerged to combine the
strengths of both paradigms. In such frameworks,
traditional algorithms are employed as global plan‑
ners to generate efϐicient baseline routes in known
or partially known maps, while AI methods serve as
local planners to adaptively handle real‑time changes,
dynamic obstacles, and uncertainties. This integration
balances the efϐiciency and optimality of traditional
methods with the adaptability and intelligence of AI,
resulting in more robust and reliable path planning
for mobile robots across diverse environments. Dif‑
ferent hybridmodels have been discussed, integrating
different AI techniques with traditional methods to
address the limitations of individual approaches. In
the reviewed literature, 11 papers utilized RL as a
local planner, including 3 that employedDRL, 8 papers
used NN, and 4 utilized Fuzzy Logic, all combinedwith
different traditional algorithms.
3.1. Integration with Reinforcement Learning (RL)

Reinforcement Learning (RL) enhances traditional
algorithms by allowing mobile robots to adapt to
dynamic environments through learning from inter‑
actions. RL is particularly effective for local path
optimization, complementing traditional algorithms,
which handle global path planning. In [6–8], A* is
used with RL because A* provides optimal paths in
static environments, but RL helps reϐine those paths in
real time when dynamic obstacles or sudden changes
occur. This integration is useful in cases where envi‑
ronmental conditions are semi‑known, but real‑time
changes require constant path adjustment.

On the other hand, in [9, 10] RRT with RL is used
because RRT excels in exploring large, unstructured
environments, but it lacks reϐinement in ϐinding opti‑
mal paths. RL complements RRT by improving the
path’s quality, particularly in environments where the
mobile robot needs to avoid dynamic obstacles or con‑
tinuously adapt tounforeseen changes in real‑time [7].
RRT’s fast exploratory nature is particularly suitable

for global exploration,while RL reϐines local decisions,
making this hybrid system ideal for navigating clut‑
tered and rapidly changing environments.

Likewise, in [11, 12], PRM was combined with
RL to manage navigation in large‑scale, known envi‑
ronments. PRM generates the global path based on
the roadmap, and RL optimizes the local trajectory
as conditions evolve. PRM’s suitability for structured
environments makes it an ideal candidate for global
path planning, while RL adapts to dynamic elements,
ensuring that the mobile robot can handle changing
conditions without fully recalculating its route [13].
3.2. Integration with Deep Reinforcement Learning

(DRL)

Deep Reinforcement Learning (DRL) further
extends RL by incorporating deep learning models
to process complex, high‑dimensional data, enabling
mobile robots to adapt in real‑time. In [19], DRL
was integrated with traditional methods like A* or
Dijkstra to overcome the challenge of high uncertainty
in environments with dynamic obstacles. A* and
Dijkstra provide efϐicient global path planning, but
DRL enables the system to process large amounts
of sensor data and optimize the mobile robot’s
local movements. This hybrid model is particularly
advantageous in high‑complexity environments,
where mobile robot must make frequent adjustments
based on real‑time feedback [15].

The decision to use DRL with A* and Dijkstra
stems from DRL’s ability to handle vast datasets and
improve real‑time decision‑making, making it well‑
suited for dynamic settings where frequent adapta‑
tions are required.
3.3. Integration with Neural Networks

Neural Networks (NNs) enhance traditional
path planning methods by learning from previous
experiences and processing real‑time sensor data.
Integrating NNs with RRT*, as demonstrated
in [16–19], accelerate the selection of sampling
points and improves the overall path efϐiciency. The
decision to combine NNs with RRT* is based on
RRT*’s ability to generate near‑optimal paths through
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re‑wiring, and NNs’ strength in reϐining the path
selection by learning from prior experiences. This
integration signiϐicantly reduces the computational
cost of re‑planning and improves the mobile robot’s
ability to navigate highly dynamic environments.

Similarly, integrating NNs with A* enhances the
mobile robot’s ability to adjust its global path based
on real‑time sensor data [20]. The proposed Learn‑
ing Heuristic A* (LHA*) algorithm uses a neural net‑
work to model the heuristic function, ensuring faster
exploration while maintaining a suboptimality bound.
Also, Neural A* reformulates the A* algorithm into
a differentiable module, allowing it to be integrated
into a neural network and trained end‑to‑end, which
bridges the gap between traditional search algorithms
anddeep learning [21]. This hybrid approach is partic‑
ularly effective in environments with dynamic obsta‑
cles, where NNs help the mobile robot process sensor
inputs and reϐine the computed path without needing
constant recalculation.

Additionally, Deep Neural Networks (DNNs) fur‑
ther improve traditional path planning methods by
learning heuristic functions to guide the search pro‑
cess more efϐiciently. As demonstrated in [22], DNNs
can be trained to optimize the search cost in algo‑
rithms like A*, reducing computational overhead
while maintaining accuracy. Similarly, in [23], DNN‑
based approach using max‑pooling layers efϐiciently
solves large‑scale path planning problems without
requiring training, demonstrating the power of DNNs
in optimizing pathϐinding in complex environments.
3.4. Integration with Fuzzy Logic

Fuzzy Logic complements traditional algorithms
by providing a ϐlexible decision‑making framework in
uncertain environments. When integrated with RRT,
as seen in [24], Fuzzy Logic allows mobile robots to
adjust their path based on imprecise or noisy sen‑
sor data, which RRT alone cannot manage effectively.
The hybrid approach improves navigation in envi‑
ronments with high uncertainty, such as rescue mis‑
sions or exploration of unknown areas. The decision
to integrate Fuzzy Logic with RRT stems from the
need to handle imprecise sensor data, where Fuzzy
Logic’s ability to manage uncertainty complements
RRT’s exploratory power.

When integrated with A*, as demonstrated
in [25], Fuzzy Logic enhances the efϐiciency of
the search process by dynamically adjusting the
heuristic function in response to obstacle density,
distance to the goal, and the number of visited nodes.
While A* guarantees optimality, it is computationally
expensive andmemory‑intensive in large ormaze‑like
environments. The hybrid Fuzzy A* overcomes these
limitations by reducing unnecessary state expansions
and memory consumption, while still maintaining
near‑optimal paths, making it highly effective for
large‑scale and complex maps. In a similar manner,
when combined with Dijkstra, as reported in [26],
Fuzzy Logic provides the adaptability required for
real‑time navigation in partially known environments.
Dijkstra ensures a globally optimal path ofϐline but

cannot handle unexpected obstacles during execution.
Fuzzy Logic ϐills this gap by enabling reactive obstacle
avoidance and smooth control adjustments based on
sensor feedback. This integration preserves Dijkstra’s
reliability in static environments while extending its
capability to dynamic scenarios, ensuring safe and
efϐicient navigation where the environment cannot be
fully known in advance

3.5. Summary

The reviewed studies focused on integration
traditional algorithms with AI techniques for mobile
robot path planning. The analysis highlighted how
these hybrid approaches combine the systematic
efϐiciency of traditional methods with the adaptability
and intelligence of AI to address challenges in
dynamic and complex environments. The key ϐindings
from the reviewed papers are summarized in
Table 1, highlighting the strengths of each approach.
Furthermore, the applications of these hybrid
methods suggest their suitability for different
operational contexts. For instance, A* combined with
Reinforcement Learning could bewell‑suited for long‑
run navigation in complex outdoor environments and
multi‑robot coordination, such as autonomous
transportation systems, since A* ensures a reliable
global path while RL adapts to dynamic trafϐic or
obstacle changes [6–8]. PRM integrated with RL
may be advantageous for indoor ground robot
navigation and outdoor UAV operations, such as
warehouse automation or aerial delivery systems,
because PRM efϐiciently explores high‑dimensional
spaces while RL reϐines safe passage in cluttered or
dynamic zones [11]. Likewise, A* combinedwith Deep
Reinforcement Learning appears suitable for highly
complex and dynamic environments, such as disaster
response or search‑and‑rescue missions, as DRL
enhances adaptability to unpredictable hazards while
A* provides a stable baseline path [14]. PRMcombined
with DRL could be applied to large‑scale outdoor
navigation, with potential uses in autonomous
exploration in agriculture or environmental
monitoring, where PRM maps vast spaces and
DRL manages environmental uncertainty [22].
Meanwhile, RRT* integrated with Neural Networks
shows potential for robotic arm manipulation tasks
and target tracking systems, for example, in industrial
assembly or surveillance applications, since RRT*
generates an optimal trajectory while NN supports
precision control and adaptive tracking [17]. These
insights underline the ϐlexibility of hybrid approaches
in tailoring path planning solutions to diverse
domains of robotic systems

4. Comparative Analysis
This section evaluates hybrid path‑planning

methodologies, focusing on two critical aspects:
performance and computational complexity. The
performance is evaluated based on the method’s
ability to produce optimal and smooth paths,
crucial for effective and secure navigation, whereas
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Table 1. Summary of hybrid approaches methods for mobile robot path planning

Paper Global Planner Algorithm Local Planner
Algorithm

Strength

[6] IADA* Reinforcement
Learning (RL)

‑ IADA* algorithm can re‑plan paths efϐiciently in dynamic
environments without recalculating the entire path when
an obstacle is encountered.

[15] — Deep
Reinforcement
Learning (DRL)

‑ The human‑in‑the‑loop (HL) training speeds up the
convergence of the DRL algorithm, reducing the time
required to learn complex navigation policies.

[7] A* Reinforcement
Learning (RL)

‑ The RL is allowing the robot to adapt its policy through
trial‑and‑error interactions with its surroundings.

[13] PRM Reinforcement
Learning (RL)

‑ PRM is triggered using an updated probabilistic roadmap,
if RL fails to ϐind a valid path due to obstacles detected.

[10] RRT Reinforcement
Learning (RL)

‑ RL learns to select optimal actions that lead to
collision‑free paths, while RRT generates collision‑free
states.

[8] A* Reinforcement
Learning (RL)

‑ The approach can be scaled to multi‑robot systems
without centralized control.

[9] RRT Reinforcement
Learning (RL)

‑ RL helps the RRT tree grow toward target point, avoiding
computationally expensive steering functions.

[11] PRM Reinforcement
Learning (RL)

‑ PRM‑RL combines the strengths of PRMs for long‑range
planning with RL agents that handle short‑range.

[12] PRM Reinforcement
Learning (RL)

‑ PRM‑RL is designed to be robust against sensor noise and
unmodeled dynamic environments.

[14] A*, Dijkstra Deep
Reinforcement
Learning (DRL)

‑ The DRL is speciϐically trained to navigate around humans,
predicting their movements and adjusting robot trajectories
accordingly to avoid close encounters.

[17] RRT* Back Propagation
(BP) Neural
Networks (NNs)

‑ BP‑RRT* method uses neural networks to predict the
optimal number of samples required in each phase of the
search, making it faster and more efϐicient.
‑ reducing the computational process by optimizing the
node selection process

[18] A*, RRT* Neural Networks
(NNs)

‑ RNN continuously learns from the environment, making it
adaptable and faster in generating paths.
‑ RNN allows it to operate in a relatively constant time
regardless of environmental complexity.

[19] A*, RRT* Neural Networks
(NNs)

‑ Limitation learning from pre‑calculated optimal paths
making this method unique on real‑time calculations.
‑ The use of R‑CNN allows for fast computation by
leveraging ofϐline‑trained models, reducing the need for
heavy real‑time computations

[24] RRT Fuzzy Logic ‑ fuzzy logic is computationally light and well‑suited for
real‑time operations.
‑ An extended Kalman ϐilter (EKF) is employed to minimize
cross‑track errors during path following, ensuring smooth
and accurate navigation along the planned trajectory

[22] PRM Deep
Reinforcement
Learning (DRL)

‑ PMR‑Dueling DQN utilizes prioritized replay and dueling
networks, improving the learning process by focusing on
more critical learning events and better approximating
state‑action values.

[20] — Deep Neural
Network (DNN)

‑ DNN is used to optimize the heuristic function, allowing it
to maintain the strengths of traditional search algorithms
while improving efϐiciency.

[27] A* Neural Networks
(NNs)

‑ Learning Heuristic A* (LHA*) algorithm uses a neural
network to model the heuristic function.
‑ The neural network reduces the number of unnecessary
vertex expansions in a graph, speeding up the search
process.

[21] A* Neural Networks
(NNs)

‑ Neural A* combines learning and search into a uniϐied
framework, which allows for both task optimization and
improved performance.

[23] — Deep Neural
Network (DNN)

‑ OMAP does not require large datasets or neural network
training, making it a simple yet powerful alternative for
solving complex path‑planning problems.

[28] DWA Fuzzy logic ‑ Important points on the global path are selected as key
sub‑target sites for the local motion planning phase.

[25] A* Fuzzy logic ‑ Signiϐicantly reduces computation and memory usage in
large, complex environments while maintaining
near‑optimal paths.

[26] Dijkstra Fuzzy logic ‑ Ensures globally optimal ofϐline planning with adaptive
real‑time obstacle avoidance in partially known
environments
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computational complexity analyzes convergence rate,
scalability to complex environments, and re‑planning
efϐicacy in dynamic situations. Due to the varied
experimental conϐigurations and uses in different
investigations, direct comparisons are difϐicult.
Therefore, this comparison emphasizes general
concepts and trade‑offs, providing insights into the
strengths of each method in relation to its intended
application.
4.1. Performance

The performance of hybrid path planning
approaches is evaluated based on two key metrics: (i)
optimal and smooth path and (ii) success rate, which
together reϐlect the quality and reliability of the paths
generated by these methods.
4.1.1. Optimal and Smooth Path

Creating paths that are optimal in length and
smooth in execution is essential for assuring
efϐicient and safe navigation while reducing energy
consumption and mechanical wear on robotic
systems.Numeroushybridmethodologies proϐiciently
achieve this balance by utilizing the advantages of
traditional algorithms alongside AI techniques.

In [14], the methodology was evaluated across
many contexts and scenarios, showing that the
combination of traditional algorithms with Deep
Reinforcement Learning (DRL) always produces
optimal paths compared to independent methods.
In [15] RRT was integrated with RL, utilizing RRT
as the sampling method and RL to link the sampled
points in order to formulate the shortest and most
secure path. This hybrid methodology utilizes the
exploration efϐicacy of RRT and the ϐlexibility of RL to
produce both optimal and smooth paths.

In [16], RRT* was combined as a global planner
alongside a neural network as a local planner, signiϐi‑
cantly improving path‑ϐinding efϐiciency. Experiments
comparing this approach with RRT* and improved
RRT* (IRRT*) showed thatwhile path length remained
comparable, integrating neural networks reduced the
number of nodes and computation time required to
reach the optimal path. Similar results were observed
in [15, 16], where the integration of neural networks
reϐined the sampling and path selection processes,
producing optimal solutions more efϐiciently than
RRT* and ImprovedRRT* as demonstrated in Figure 2.
4.1.2. Success Rate

The success rate is an essential indicator of the
reliability of path planning systems, representing the
proportion of paths successfully completed without
failures or collisions across many scenarios. Hybrid
methodologies that combine traditional algorithms
with AI techniques have shown considerable enhance‑
ments in success rates, especially in dynamic and intri‑
cate contexts.

In [11], 50 tests were performed to assess the inte‑
gration of Anytime Dynamic A* (iADA*) with various
reinforcement learning techniques, comparing it with
standalone iADA* and iADA* integrated with DQN and

Figure 2. Comparison of the optimal solutions between
the integration of RRT with Neural Network, RRT, and
Improved RRT* [16]

Table 2. Comparison of the success rates between the
integration of iADA with AI techniques and standalone
iADA [6]

Static Algorithms
environment IADA* IADA*+DQN IADA*+DDPG
Success 47 50 50
Failure 3 ‑ ‑
Success rate 94% 100% 100%

Dynamic environment Algorithms
IADA* IADA*+DQN IADA*+DDPG

Success 37 47 45
Failure 13 3 5
Success rate 74% 94% 90%

DDPG. The results showed that both iADA* with DQN
and iADA* with DDPG achieved high success rates
in both dynamic and static environments: 94% and
90% in dynamic environments, compared to 74% for
standalone iADA*, and 100% in static environments,
compared to 94% for standalone iADA* as shown in
Table 2.

Likewise, in [14], success rates were emphasized
when integrating traditionalmethodswith Deep Rein‑
forcement Learning (DRL). Experiments in various
obstacle‑laden environments demonstrated that the
hybrid technique consistently navigated paths with‑
out failure, surpassing traditional algorithms. In [12],
Reinforcement Learningwasutilized as a global Guide,
integrating global planning with localized RL modiϐi‑
cations, and attained elevated success rates in com‑
plex environments. [22] also exhibited strong perfor‑
mance by achieving higher success rates in both static
and dynamic scenarios.
4.2. Computational Complexity

The Computational Complexity of hybrid path
planning methods is a crucial factor in assessing their
efϐiciency and practicality, particularly for real‑time
and resource‑constrained applications.
4.2.1. Convergence Speed

One of the key aspects of computational com‑
plexity is Convergence Speed, which measures how
quickly a method can compute a solution or learn an
effective policy.
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Table 3. Comparison of convergence time between
PRM+DQN, DQN, DDQN, and Q‐learning [22]

Method Algorithm comparison
on environment E‑2

Success rate Convergence Time/min
Q‑learning 26.7 268
DQN 49.3 139
DDQN 56.4 116
PMR‑Dueling DQN 84.6 107

Method Algorithm comparison
on environment E‑3

Success rate Convergence Time/min
Q‑learning 21.4 276
DQN 32.6 161
DDQN 41.5 143
PMR‑Dueling DQN 79.6 122

Methods that combine reinforcement learning
(RL) or deep reinforcement learning (DRL) with
traditional algorithms signiϐicantly improve
convergence speedby enhancingdecision‑making and
minimizing unnecessary computations. [9] employs
Globally Guided Reinforcement Learning, which
improves convergence by utilizing global planning
to guide the RL agent’s attention towards pertinent
regions of the environment. This reduces the search
space and enables the approach to compute optimal
pathways more quickly, even in dynamic and complex
environments. Similarly, [22] integrates Dueling Deep
Q‑Networks (Dueling DQN) with PRM, achieving
superior performance compared to standalone Q‑
learning, DQN, and DDQN algorithms. In experiments,
the integrated method reduced computation times
by signiϐicant margins, outperforming the other
approaches by 9 and 21 minutes across different
test environments, demonstrating its efϐiciency and
scalability as shown in Table 3.

The integration of neural networks (NNs) with
traditional algorithms also signiϐicantly improves
convergence speed by reducing computational
overhead. [17] integrates RRT*with a neural network,
enhancing the efϐiciency of sampling nodes and focus‑
ing calculations on important regions. Experimental
results indicate that this integration achieved a
calculation time of 12.6 seconds, in contrast to
21.04 seconds for RRT, 32.31 seconds for RRT*,
and 16.07 seconds for improved RRT* (IRRT*). This
demonstrates the integration’s ability to not only
reduce computational time but also minimize the
number of nodes required for pathϐinding as shown
in Table 4.

4.2.2. Scalability

The scalability of hybrid path planning approaches
indicates their ability to maintain efϐiciency
and performance as environmental complexity
increases, such as larger workspaces, higher obstacle
density, or more dynamic environments. Scalability
is essential for practical applications requiring
dependable navigation in various and challenging
environments.

Table 4. Comparison of convergence speed between
BP‐RRT, RRT*, RRT, and IRRT* [17]

Algorithm Avarage Avarage number
name search time/s of nodes samples
RRT 21.04 5293.6
RRT* 23.31 1366.7
Improved P‑RRT* 16.70 1482.5
BP‑RRT* 12.76 1044.7

In [6], the system was tested and evaluated based
on success and failure rates in both static and dynamic
environments. The test scenario included 17 obstacles
of varying sizes, with 7 static and 10 dynamic obsta‑
clesmoving randomly at velocities ranging from 5 and
25 m/s in unrestricted directions. These conditions
simulate complex, dynamic environments, and the
method consistently achieved success rates of 90%
and above, underscoring its ability to scale effectively
in highly dynamic scenarios.

Similarly, [10] showcased the scalability of their
method through experiments conducted in six dif‑
ferent environments with varying random obsta‑
cle distributions. In Environment 5, there were two
paths to the destination, whereas in Environment
6, the UAV could reach the goal only by navi‑
gating along a speciϐic side of the maze. These
experiments demonstrated the method’s capability
to adapt to both open and constrained environ‑
ments, maintaining robust performance across all
scenarios.

[22] emphasized scalability by evaluating the
method in three distinct environments: a regularmap,
a randommap, and a free map. The regular map mim‑
ics warehouse environments with a mix of static and
dynamic obstacles, while the random map includes
randomly distributed static and dynamic obstacles at
varying densities. The free map focuses exclusively
on dynamic obstacles. Dynamic obstacles were mod‑
eled as uncontrollable robots that could move one cell
per step in any direction. These experiments demon‑
strated the method’s ability to efϐiciently navigate
environments of varying complexity and obstacle con‑
ϐigurations.

4.2.3. Re‐planning Efficiency

Re‑planning Efϐiciency evaluates the ability of
path‑planning techniques to adjust existing paths or
create new ones in response to dynamic environ‑
mental changes, including the emergence of new
obstacles or changes in the goal position. This met‑
ric is essential for real‑time applications in unstable
environments.

[6] and [8] showcase strong re‑planning efϐiciency
by integrating Anytime Dynamic A* (iADA*) and rein‑
forcement learning. The iADA* algorithm in [6] can re‑
plan paths efϐiciently in dynamic environments with‑
out recalculating the entire path when an obstacle is
encountered. Instead, it updates only the affected por‑
tion of the path, signiϐicantly reducing computational
overhead. Similarly, in [8] re‑planning efϐiciency had
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been enhanced by using a globally guided reinforce‑
ment learning approach that employs a Moving Cost
metric.

𝑀𝑜𝑣𝑖𝑛𝑔 𝐶𝑜𝑠𝑡 = 𝑁𝑠
ห𝐶𝑔𝑜𝑎𝑙 − 𝐶𝑠𝑡𝑎𝑟𝑡ห 𝐿𝑠

(1)

Where 𝑁𝑠 is the number of steps taken, and
ห𝐶𝑔𝑜𝑎𝑙 − 𝐶𝑠𝑡𝑎𝑟𝑡ห 𝐿𝑠 is the Manhattan distance
between the start and goal cells. This metric indicates
the ratio of actual moving steps to the ideal number
of steps. The naive reward‑based approach achieved
success rates ranging between 68% and 89%,
ensuring faster re‑planning with shorter paths even
in complex and dynamic environments.

In [9,10,12], sampling‑basedmethods (RRT, RRT*,
and PRM, respectively) were utilized to establish key
nodes, while AI techniques connect these nodes to
generate optimal paths. In dynamic environments,
these established nodes provide a robust framework
for quick re‑planning. When obstacles appear or con‑
ϐigurations change, the AI component adjusts the con‑
nections between nodes, allowing for efϐicient path
recalculations without starting from scratch.
4.3. Summary

The assessment of hybrid methods illuminated
both the strengths and the limitations of each
approach, particularly when examined across
key dimensions such as re‑planning efϐiciency,
scalability, convergence speed, success rate, and path
optimality. Reinforcement Learning (RL) integrations
demonstrated superior performance in terms of
path smoothness, success rate, and adaptability to
dynamic environments, making them highly effective
for tasks requiring continuous re‑planning. However,
this advantage comes at the cost of extensive training
times and signiϐicant data requirements, which limit
their practicality in scenarios where fast deployment
is necessary [6,17].

Neural Networks (NN) offered strong perfor‑
mance in processing high‑dimensional sensor data
and enhancing obstacle detection. Yet, in dynamic
and uncertain settings, their reliance on pre‑trained
models constrained adaptability, often resulting in
reduced path smoothness and lower success rates
compared to RL‑based hybrids. This contrast suggests
that NN integrations are better suited for relatively
structured environments with predictable features,
while RL hybrids remain stronger in highly variable
contexts [17].

Deep Reinforcement Learning (DRL) extended the
adaptability of RL by handling more complex decision
spaces, but its computational burden and slower con‑
vergencemade it less viable for real‑time applications.
While DRL may excel in ofϐline or simulation‑rich
domains where training time is less restrictive, it
underperforms in fast‑changing environments that
require immediate responsiveness. Fuzzy Logic, in
contrast, provided resilience in uncertain scenarios
due to its rule‑based ϐlexibility, but it struggled
with scalability and path optimization, limiting its
effectiveness in large‑scale ormulti‑robot systems [7].

Overall, the comparative analysis indicates that
no single hybrid method provides a universally opti‑
mal solution. Each combination exhibits strengths
in certain conditions while revealing clear weak‑
nesses in others. This underscores the need for future
work to focus not only on improving adaptability
and computational efϐiciency, but also on systemat‑
ically benchmarking hybrids across diverse scenar‑
ios to identify where each approach succeeds or
fails.

5. Research Challenges and Future Directions

Although hybrid path‑planning techniques have
advanced substantially in recent years, many barriers
remain that limit their usability and performance in
applied settings, particularly in dynamic and uncer‑
tain environments. One of the main limits relates to
collision avoidance in dynamic scenarios. In [6, 9],
due to the local data from LiDAR or sensors, the
system does not consider the prediction of future
states of moving obstacles [15]. Similarly, it has lim‑
itations arising from the Q‑learning equation, thus
running into potential problems with convergence
within dynamic environments, limiting the potential
for any true obstacle avoidance strategies. In addi‑
tion, the need for extensive datasets and training
via reinforcement learning (RL) requires consider‑
able computational resources and time to effectively
train to act in complex environments [7]. Addition‑
ally, Noise in sensor data poses additional challenges,
as seen in [12], where environmental uncertainty
from noisy inputs impacts the accuracy and reliabil‑
ity of the path planning process. Lastly, combining
neural networks with traditional techniques simulta‑
neously in varying applications speciϐically in high‑
dimensional environments and concomitant dynamic
obstacles [16,18], can often only be done with consid‑
erable computational requirements, limiting real‑time
adaptability.

Future research prioritizes addressing challenges
related to obstacle avoidance in dynamic environ‑
ments and sensor noise. Collision avoidance could
also focus on the application of predictive models to
calculate projected movements and integrate global
and local data for overall situational awareness [6].
In addition, future research may investigate the com‑
bination of traditional algorithms, such as D* and
D*Lite, with AI models in controlled scenarios to
assess their performance in dynamic environments.
Another promising direction is hybrid path planning
in unknown environments, where prior maps are
unavailable or incomplete. In such cases, traditional
algorithms can provide exploratory global strategies,
while AI techniques—particularly RL and DRL—can
adaptively reϐine navigation based on real‑time sen‑
sor feedback. This combination could be valuable for
applications such as autonomous exploration, plane‑
tary rovers, or search‑and‑rescue missions in disaster
zones, where the environment is partially or entirely
unknown.
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6. Conclusion
This review paper examined various studies pub‑

lished that utilized hybrid models for path plan‑
ning. Hybrid models leverage the systematic relia‑
bility of traditional algorithms while leveraging AI’s
adaptability to address complex navigation problems
in both static and dynamic environments. We con‑
cluded with various advantages of each approach
including the increase of path optimality, smoothness,
scalability, and re‑planning. The comparative analy‑
sis showed that RL outperformed other methods in
path smoothness and successful attempts, especially
when complemented by graph‑based approaches like
A*, which incorporated ϐlexibility to achieve opti‑
mal paths. Neural Networks and Deep Reinforce‑
ment Learning offered signiϐicant adaptations and
decision‑making capabilities but incurred computa‑
tional cost. Fuzzy logic was robust to uncertainty but
was not successful in path optimization and scalabil‑
ity, which are the main advantages of other associated
methods.

Overall, despite additional advancements inhybrid
methodology, future work will focus on addressing
speciϐic challenges on collision avoidance in highly
dynamic environments, reducing issues related to
sensor noise, and minimizing computational cost
for real‑time navigation in autonomous applications.
Future research should continue to develop hybrid
models that combine automated path‑planning
with collision avoidance, robust optimization to
manage sensor noise, and lightweight analytics
to limit computational cost. Future exploration of
combinations of AI and traditional methods, using
RL with adaptive graph‑based approaches, would
enhance the adaptability and reliability of hybrid
path‑planning models. This paper offers an in‑
depth analysis of hybrid path‑planning techniques,
providing essential insights for researchers seeking to
improve autonomous navigation systems for practical
applications.
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