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Abstract
Unmanned Aerial Vehicles need an online path planning capability to move in high-risk missions in unknown and complex 
environments to complete them safely. However, many algorithms reported in the literature may not return reliable trajectories 
to solve online problems in these scenarios. The Q-learning algorithm, a reinforcement learning technique, can generate tra-
jectories in real-time and has demonstrated fast and reliable results. However, this technique has the disadvantage of defining 
the iteration number. If this value is poorly defined, it will take a long time or not return an optimal trajectory. Therefore, 
we propose a method to dynamically choose the number of iterations to obtain the best performance of Q-learning. The 
proposed method is compared to the Q-learning algorithm with a fixed number of iterations, A*, Rapid-Exploring Random 
Tree, Particle Swarm Optimization, Deep Q-learning, and Double Deep Q-Network. As a result, the proposed Q-learning 
algorithm demonstrates the efficacy and reliability of online path planning with a dynamic number of iterations to carry out 
online missions in unknown and complex environments.  
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1  Introduction

In the last years, Unmanned Aerial Vehicles (UAVs) have 
gained space in several areas such as search and rescue, envi-
ronmental monitoring, and surveillance (Vrba et al. 2020; 
Bailon-Ruiz et al. 2022; Gyagenda et al. 2022). Path plan-
ning algorithms are required to perform these tasks online in 
unstructured and unknown environments to ensure the UAV 
will reach its goal safely. These techniques can analyze the 
environment and find trajectories to move a robot from start to 
goal. The main difference among these algorithms is the time 
to find the shortest trajectory and how optimized the trajec-
tory is, considering path length, mission time, distance to the 
obstacle, curve smoothness, and battery costs.

Path planning algorithms are commonly categorized into 
exact classical, sampling-based classical, meta-heuristic, 
and machine learning techniques. In unknown and complex 
environments, exact classical techniques often struggle as 
they require precise models of the environment and can 
take excessive time to compute a trajectory (Aggarwal and 
Kumar 2020). Sampling-based classical techniques, while 
faster, rely on randomness, which can lead to suboptimal 
paths or even failure to find a valid path in highly complex 
(Aggarwal and Kumar 2020). Meta-heuristic techniques aim 
to optimize the path within a reasonable timeframe, but their 
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performance is hindered in unknown environments where 
real-time adaptation is crucial. These techniques often 
exhibit low completeness and may fail to avoid collisions 
in rapidly changing or poorly mapped settings (Rocha and 
Vivaldini 2020).

Machine learning has advanced significantly recently. 
These methods can be subdivided into supervised, unsuper-
vised, and reinforcement learning techniques (RL) (Ma et al. 
2018; Yan et al. 2020; Dooraki and Lee 2021).

Supervised and unsupervised learning are key approaches 
with distinct strengths and limitations. Supervised learning, 
relying on labeled datasets, excels in structured environ-
ments but becomes impractical in unknown scenarios like 
UAV path planning, where generating labeled data is chal-
lenging (Shukla and Shukla 2024). Unsupervised learning, 
which identifies patterns in unlabeled data, offers more flex-
ibility in data-scarce contexts but often lacks precision and 
robustness in high-dimensional or rapidly changing environ-
ments. These limitations highlight the need for methods that 
can adapt to unpredictable settings (Khoei and Kaabouch 
2023).

To address these challenges, path planning often relies 
on reinforcement learning, a widely used machine learn-
ing technique. RL works by learning a policy function that 
maps states to actions. The objective is for an agent, follow-
ing this learned policy, to maximize the cumulative rewards 
along a sequence of actions. Then, the agent learns how 
to achieve the goal of completing uncertain and complex 
tasks. The training is a trial and error system to solve the 
problem, based on rewards and penalties for the actions 
to be performed (Baştanlar and Özuysal 2014). They pre-
sent low computational cost (Song et al. 2021), an optimal 
path in a short time (Chen et al. 2017), and automate much 
decision-making due to the control tasks in safety-critical 
domains (Kahn et al. 2017). Also, the agent learns how to act 
in an unknown environment by repetitive iteration with that 
particular environment (Sutton and Barto 2018), finding an 
optimal strategy for interaction with it Sichkar (2019). The 
main advantage of this approach is that it does not require 
accurate environmental models and can be used in various 
scenarios with little information (Chen et al. 2020). Thus, 
the RL techniques generate trajectories in less time without 
much computational cost, even in complex environments.  

In an RL framework, an optimal trajectory can be found 
from agents that ought to take actions in an environment to 
maximize the cumulative reward. These rewards are received 
by movements that can be useful (a positive reward) or 
unhelpful, like hitting a wall (a punishment, negative reward) 
(Baştanlar and Özuysal 2014).

The RL algorithms can be classified based on their learn-
ing methods (Arulkumaran et al. 2017; Qu et al. 2020) as 
policy-based or value-based, on-policy or off-policy, and 
model-based or model-free:

•	 Policy-based: a representation of policy is created, main-
tained during learning;

•	 Value-based: methods do not explicitly save the policy, 
only the value function;

•	 On-policy: try to improve the policy that is used to make 
decisions, learning from took actions from the current 
policy;

•	 Off-policy: try to improve a different policy from that 
used to generate the data by learning from different 
actions, such as random actions;

•	 Model-based: has access to the environment model to 
decide the best decision to make without actually taking 
action;

•	 Model-free: it does not have a model of the environment 
and accumulates some experience, then it gets the ideal 
policy.

When navigating in uncertain, the characteristics of a model-
free approach with minimal computation ( O(1) ) and reduced 
space complexity ( O(States x Actions) ), take precedence. 
The absence of a pre-defined model endows the algorithm 
with the capability to dynamically adapt to the nuances of 
the environment, a crucial attribute in scenarios where the 
complete model is either unknown or subjected to frequent 
changes. The consequential gains in efficiency, stemming 
from diminished computational demands, become particu-
larly significant in resource-constrained situations, facili-
tating swift decision-making and responsive path planning. 
Further enhancing its utility is the off-policy nature of the 
method, marked by continual exploration to assess and refine 
decision-making policies, proving invaluable in navigating 
uncertain terrains. The algorithm’s adeptness to both explo-
ration and exploitation throughout the entire environment 
becomes indispensable for robust path planning in complex 
landscapes, ensuring adaptability to unforeseen obstacles 
and changes (Sutton et al. 1999).

Moreover, Q-learning is an exemplary algorithm for 
path planning in challenging environments. Its model-
free paradigm, coupled with minimal computational 
requirements and perpetual exploration, positions it as 
an adept choice for seamlessly adapting to dynamic and 
intricate terrains. The algorithm’s proficiency in efficiently 
exploiting the entire environment through value-based 
decision-making further amplifies its efficacy in discerning 
optimal paths amidst uncertainty (Sutton et al. 1999).

In contrast to alternative policy gradient methods, 
Q-learning offers distinct advantages, excelling in simplicity, 
speed, and guaranteed convergence. It efficiently learns 
policies, especially for trajectory generation in UAVs, within 
short time frames. Notably adaptable, Q-learning adeptly 
navigates the exploration-exploitation trade-off, simplifying 
complexities compared to traditional techniques (Waskow 
and Bazzan 2010; Song et al. 2021).
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Q-learning is favored over methods like Deep Q-Network 
(DQN) and Double Deep Q-Network (DDQN) for path 
planning in unknown scenarios due to its simplicity and 
robustness. While DQN and DDQN leverage deep neural 
networks, their reliance on large datasets and susceptibility 
to uncertainties in unfamiliar environments often hinder 
performance. In contrast, Q-learning offers guaranteed 
convergence, providing stable and adaptive learning 
outcomes without the complexity of deep architectures, 
making it particularly effective in unstructured settings and 
for real-time plannings (Levine et al. 2020).

However, the main disadvantage of Q-learning is 
its dependency on the number of iterations in training. 
The value of the iteration number is usually determined 
empirically, which can lead to prolonged training times 
and suboptimal results. Excessively high iteration numbers 
increase computational demands, while insufficient iterations 
result in incomplete learning. Therefore, in most cases, the 
best results are not reached and take longer than necessary, 
which is unfeasible for online path planning (Sichkar 2019; 
Tu and Juang 2023; Kulkarni et al. 2020).

This study establishes Q-learning as a compelling choice 
for online UAV path planning in unknown and complex 
environments by leveraging its adaptability, simplicity, and 
guaranteed convergence, which enable dynamic learning and 
reliable performance even in uncertain scenarios. Unlike 
DQN and DDQN, which rely on deep neural networks 
and large datasets, Q-learning’s lightweight and resource-
efficient design makes it particularly suitable for onboard 
processing. By addressing its primary limitation-dependency 
on iteration numbers-through a methodology to determine 
optimal iterations, the study ensures efficient training, 
avoiding unnecessary delays. Overall, our contributions are 
mainly in three aspects:

•	 A reinforcement learning algorithm for UAV to carry out 
real-time tasks in unknown and complex environments;

•	 Statistically analyze from a path planning perspective the 
memory, CPU, path length, and time to a generated path 
among environments and a different number of iterations;

•	 Introduces a methodology to determine the optimal 
number of iterations for Q-learning in specific 
environments.

The proposed method was evaluated through extensive 
experiments in different environments, demonstrating its 
efficacy and reliability for online path planning. The Gazebo 
simulator was employed to build both indoor and outdoor 
environments, and the tasks were done considering unknown 
and complex scenarios. We conducted a comparative analy-
sis of the Q-learning algorithm with A*, Rapid-Exploring 
Random Tree (RRT), and Particle Swarm Optimization 

(PSO), aiming to demonstrate the advantages and disadvan-
tages of each technique.

The algorithm was tested and proven effective in both 
2D indoor and outdoor environments. It is capable of 
delivering reliable outcomes even in situations where three-
dimensional data is not available. These environments 
represent tangible mission scenarios where the algorithm’s 
performance has been validated. In addition, Q-learning uses 
the Q-Table to find the best path to add a third dimension 
without changing the algorithm’s operation in 2D (Wang 
et al. 2017; James and Johns 2016). Therefore, the results 
found in 2D are similar to 3D simulations.

This paper follows this structure. Section 2 introduces 
related work for path planning in unknown and complex 
environments and path planning based on reinforcement 
learning. Section  3 provides the main concepts and 
mathematical background for developing this work. 
Section 4 presents the Q-learning path planning approach 
that we propose. Section  5 shows the experiments 
and evaluations of path planning. Section  6 shows the 
computational analysis of the algorithms. And, Sect. 7 
describes how this approach can benefit missions in real 
environments. Finally, Sect.  8 concludes our work and 
proposes some directions for future work.

2 � Related works

Path planning is an area of study in mobile robotics that 
has significantly increased in recent years, mainly with 
the increase of commercial drones (Poikonen et al. 2017). 
One of the challenges in path planning is generating an 
online trajectory for an unknown and complex environment 
(Aggarwal and Kumar 2020).

Traditional path planning algorithms, including exact 
classical, sampling-based classical, meta-heuristic, and 
machine learning methods, face significant challenges 
in unknown and complex environments. Exact classical 
algorithms rely on complete, static information, making 
them computationally inefficient in unknown scenarios 
(Aggarwal and Kumar 2020). Sampling-based methods, 
though faster, depend on randomness, leading to suboptimal 
or failed paths in intricate settings. Meta-heuristic 
techniques prioritize optimization but often lack scalability 
and completeness in high-dimensional spaces (Rocha and 
Vivaldini 2020).

Machine learning approaches face notable limitations as 
supervised learning relies on extensive labeled data, which 
is impractical in unpredictable environments (Shukla and 
Shukla 2024), while unsupervised learning lacks precision 
and struggles to generalize. These differences emphasize the 
need for adaptive methods such as reinforcement learning, 
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which excels in real-time UAV path planning under complex 
conditions (Khoei and Kaabouch 2023).

Most of the existing RL algorithms are applied to games 
with few movement options available. In Wu et al. (2019), 
it is proved that reinforcement learning can be successfully 
applied to solve problems with four movement directions. 
The authors also show how the algorithm can be used for 
UAV missions, such as oil and gas field inspection and 
search and rescue of injured people after a disaster.

Some reinforcement learning techniques, such as 
Q-learning, are based on the Markov Decision Process 
(MDP), a mathematical framework for decision-making 
where the responses can be partly random and partly under 
the control of a decision-maker (Puterman 2014). The 
algorithm does not need to know the whole environment 
in which it is employed to return a response (Hegazy and 
Mumford 2016), but most of the studies about path planning 
for UAVs tend to use previously known maps (Wang et al. 
2017; Wu et al. 2019).

In Wang et  al. (2019), a method based on Deep 
Reinforcement Learning (DRL) is proposed to solve 
navigation tasks in complex large-scale environments. The 
problem is formulated as a Partially Observable Markov 
Decision Process (POMDP) and solved by an online DRL 
algorithm based on two strictly proved policy gradient 
theorems within the actor-critic framework.

The authors of Singla et al. (2019) use a DRL-based 
method for UAVs to move around in unknown and 
unstructured indoor environments. This method’s main 
idea is the concept of partial observability and how UAVs 
can retain relevant information about the structure of the 
environment to make better future navigation decisions. 
However, the authors only test the method indoors, which is 
usually more straightforward.

Researchers also use reinforcement learning to optimize 
other techniques, especially meta-heuristics (Qu et al. 2020). 
Suppose the reinforcement learning algorithm is well-
optimized and uses the correct parameters. In that case, 
it is possible to achieve results as good as, or even better, 
the results found when the technique was used to optimize 
others. For example, in Tu and Juang (2023) performed 
an analysis of the number of iterations of the Q-learning 
algorithm, considering only the execution time.

Reinforcement learning techniques play a pivotal role 
in overcoming obstacles, particularly in drone navigation 
scenarios, where pre-training and online adaptability 
are crucial (Yang et al. 2019; Charlton et al. 2019). For 
instance, in Tu and Juang (2023), an RL algorithm is 
employed for path planning, showcasing path generation 
times ranging from 15 to 52  s within a 20x20-meter 
environment, contingent on the number of iterations.

Among RL algorithms, Q-learning stands out for its 
model-free nature, excelling across diverse problem 

domains without necessitating prior knowledge of system 
dynamics. Its simplicity and effective exploration through 
an epsilon-greedy strategy enhance accessibility and 
applicability. Notably, off-policy learning ensures stability, 
enabling updates while following different policies (Jang 
et  al. 2019). Q-learning’s convergence properties and 
temporal difference learning further contribute to its 
adaptability to unknown environments (Clifton and Laber 
2020).

Q-learning faces notable challenges, particularly its 
dependency on a well-defined iteration count, which 
can significantly impact its performance. An ill-defined 
iteration count can result in excessive computation times 
or suboptimal trajectories, as the algorithm may either 
overtrain or terminate prematurely. For instance, in 
unknown environments, too few iterations may prevent 
the agent from fully exploring the state space, leading 
to incomplete learning and inefficient paths. Conversely, 
excessive iterations increase runtime without meaningful 
performance gains, making the algorithm impractical 
for real-time applications. Recognizing this limitation, 
researchers propose innovative approaches to enhance 
Q-learning’s efficiency and reliability (Liu et al. 2021).

In Qu et al. (2020), the authors address Q-learning’s 
slow convergence by integrating it with Grey Wolf 
Optimizer (GWO) for 3D UAV trajectory planning. 
This novel approach treats trajectory planning as an 
optimization problem, incorporating operations like 
exploration and intensification. Reinforcement learning 
controls each operation’s performance, reducing the need 
for manual parameter definition.

Another optimization for Q-learning is presented in 
Low et al. (2019), where the authors introduce partially 
guided Q-learning. Given Q-learning’s slow convergence, 
they integrate the Flower Pollination Algorithm (FPA) 
to enhance initialization. Experimental evaluations 
in challenging environments demonstrate accelerated 
convergence when Q-values are appropriately initialized 
using FPA.

This work proposes an RL-based method for generating 
online trajectories in unknown and complex environments, 
both indoor and outdoor. Tests involve UAV mapping in 
unknown spaces and a comprehensive study of iteration 
numbers for RL techniques. Results show the feasibility 
of RL-based online path planning for UAVs, producing 
trajectories in just 0.08 s.

3 � Preliminaries

In this section, we present the preliminary information 
for the work. We aim to generate the best path according 
to path length, computational time, memory, CPU, and 
completeness.
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3.1 � Markov decision process

In a reinforcement learning task, the agent is required to 
interact with the environment to learn how to choose an 
action a ∈ A , where A is the set of actions available, that 
will result in the best output based on rewards or penalties, 
given by the function R. The main objective is to find the 
sequence of states s ∈ S , where S is the set of possible states 
that will achieve the maximum reward over time. In other 
words, find the better policy � defined as

where t is the time at any step. This problem can be 
formulated as a Markov Decision Process (Sutton and Barto 
2018).

MDP is a mathematical definition to model the sequential 
decision-making task, which is defined by a tuple M = (S, 
A, P, R, � ), where:

•	 State space (S): The possible states where the agent can 
be located in the environment.

•	 Action space (A): The actions available such as moving 
forward, right, left, and backward.

•	 State-transition model (P): The probability of transi-
tioning to the next state.

•	 Reward function (R): A function that returns the reward, 
positive or negative, for each action.

•	 � , the discount factor, balances immediate and future 
rewards by scaling the latter’s contributions. It ranges 
from 0 to 1, with higher values favoring future rewards.

We are using a discrete approach, where its main advantage 
is that it allows us to predict the next state and expects 
reward-based only on the agent’s current state, which is 
called the Markov property. Also, makes it possible to 
explore the actuator’s full potential at each point in time 
(Song et al. 2021).

3.2 � Value functions

The criterion to evaluate the better policy for the agent is 
to assign a value for each state s ∈ S . Thus, it is possible 
to estimate how good an action will impact in terms of the 
future rewards when the agent starts its progress from s. 
Using the MDP formulation, we can define a value function 
for the state s as

(1)�(a|s) = P
[
At = a|St = s

]
,

(2)

v
�
(s) = �

�[
∞∑
k=0

�
kRt+k+1|St = s

]
.

Similarly, we can define a value for each action a ∈ A when 
in a given state s under a policy � , called action-value func-
tion or Q-function ( q

�
(s, a) ), expressed as

Based on the recursive properties of Eqs. (2) and (3) through 
RL and dynamic programming, the relationship between 
state and action value functions is given by

which defines a Bellman equation. Thus, it is possible to 
establish a condition between the values of s and its possible 
future states.

Since we are interested in finding the policy that will 
give us the highest reward over time, we define the Bellman 
optimal equation around the action-value function provided 
by

3.3 � Q‑learning

The challenge of applying the Bellman optimal equation 
defined in Eq. (5) is that it is required to have a model of 
the environment, the state probability distributions, and its 
rewards. Thus, a framework called Temporal-Difference 
(TD) Learning is used to reduce the task’s complexity. TD 
algorithms learn directly from trial and error experience 
by reevaluating their prediction after taking a step. Among 
these methods, Q-learning is one of the most efficient 
algorithms (Jang et al. 2019).

Q-learning is an off-policy algorithm. Therefore, the 
agent learns the best way to reach the goal based on the 
Q-Table, which calculates each state’s maximum expected 
future rewards. The Q-Table is initialized with random 
values to have any significant value during the initial phases 
of the exploration and is updated based on the one-step 
Q-learning as follows:

where � is the fraction in which the value of the Q-Table 
is updated (learning rate), that is, when the newly acquired 
information overrides old information. By directly approxi-
mating the Q-function to q∗ , independent of the policy being 

(3)
q
�
(s, a) = �

�

[
∞∑
k=0

�
kRt+k+1|St

= s,At = a
]
.

(4)v
�
(s) =

∑
a∈A

�(a|s)q
�
(s, a),

(5)q∗(s, a) = �
[
Rt+1 + �v∗(St+1)|St = s,At, a

]
.

(6)
Q(St,At) ← Q(St,At) + �[

Rt+1 + � max
a

(
Q(St+1, a) − Q(St,At)

)]
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used, the convergence of the learned function can be sped 
up.

There are parameters to be defined in the reinforcement 
learning algorithms ( � , � , � , and �decay ), shown in Table 1. In 
Chen et al. (2020), it is carried out the study of the param-
eters of the Q-learning technique. We used the parameters’ 
values that provided the best results in their work. In other 
words, the parameters that obtained the lowest number of 
episodes to cover and returned the shortest trajectory. The 
next action selection is based on an �-greedy approach with 
a �-decay parameter to balance the exploration and exploi-
tation tradeoff. � is the probability of choosing a random 
action. In other words, � is the exploitation value. If it is a 
high value, the algorithm tends to set more random values; if 
it is a low value, it chooses the value on Q-table. This value 
cannot be trained, so this value can not be too high or too 
low. �decay reduces the value of epsilon over time, in a while, 
to favor exploration at the beginning and exploitation in the 
long term. Also, it should speed up the discovery of a valid 
policy early in the learning process. The algorithm for the 
action selection method is summarized in Algorithm 1.

Algorithm 1   Pseudo-code for action selection

In this study, our focus revolves around identifying secure 
paths within an unfamiliar environment. Here, we define the 
state as the position of the UAV on a grid map represent-
ing the surroundings. The actions at our disposal encom-
pass movements for the UAV, allowing it to progress for-
ward, backward, ascend, descend, move left, or move right. 
Therefore, we assume the UAV goal is encoded as a reward 
function:

The Q-learning updated the Q-Table to define the best paths. 
The TD error is the difference in the values’ variation of the 
future and current values in Q-Table, with the � , and the 
reward shown in Eq. (7). Thus, the value decreases accord-
ing to the time, aiming to choose the shortest paths. Hence, 
the agent will search for the shortest path without collision, 
which is the one with greater reward.

The reward function is sparse because, in the future, 
we aim to carry out missions in real environments. Thus, 
we intend to use onboard computation and sparse matrix 
to save a significant amount of memory and speed up data 
processing. Some techniques use a dense matrix with gradi-
ent descent. However, we are using the main advantage of 
Q-learning, that is, the velocity of the method, making it 
possible to generate real-time trajectories.

We first use a discrete Q-learning to get the shortest 
trajectory possible, as shown in Song et al. (2021). Using 
discrete trajectories facilitates attaining an optimal time by 
enabling point-by-point optimization while incorporating 
the UAV’s constraints (Foehn et al. 2021). Through the dis-
cretization of the trajectory, we can systematically evaluate 
the system dynamics and thrust limits at each point. This 
approach allows for iterative trajectory refinement, effec-
tively minimizing the time required while ensuring com-
pliance with the specified constraints. This method is fast 
because it is applied in an unknown environment. In other 

(7)r =

⎧⎪⎨⎪⎩

maxreward* reachedgoal

time
if reachedgoal

−1 if collidedobstacle
0 otherwise

Table 1   Parameters used in Reinforcement Learning Algorithm

Parameter Value Meaning

� 0.9 Learning rate
� 0.9 Discount factor
� 0.9 Probability of choosing a 

random action
�decay 0.9 The decay of � every step

words, the lower complexity of the environment reduces the 
time required to solve the problem.

However, for a UAV to execute the trajectory is better 
to use a continuous trajectory due to the UAV constraints. 
Then, the best path is smoothed at the end of the algorithm. 
The smoothed path does not increase the algorithm’s perfor-
mance but improves the UAV motion, helping keep low jerk, 
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constant torque, and continuous movement. Also, it makes 
the trajectory continuous.

3.4 � Planner

We implemented this technique on Plannie (Rocha 
et al. 2022), a path-planning framework that facilitates 
the use of path-planning techniques in simulated and 
natural environments. A key feature of Plannie is its 
security module, which dynamically adjusts trajectories 
by penalizing paths that approach or enter dangerous 
areas rather than outright forbidding them. This approach 
ensures flexibility in planning while prioritizing safety. 
The penalty mechanism is proportional to the proximity 
of the trajectory to obstacles, encouraging the planner 
to identify safer routes while still considering scenarios 
where close proximity might be unavoidable. By 
integrating this adaptive penalty system, Plannie balances 
optimal trajectory generation with safety requirements in 
complex environments.

The risk zones surrounding obstacles are defined 
based on methodologies from Sankararaman and Goebel 
(2018), which account for environmental uncertainties and 
performance constraints. These zones act as buffers that 
guide the planner to avoid high-risk regions. In this study, 
we implemented a 1-meter risk zone around obstacles, 
as suggested in Rocha et al. (2022), where it was shown 
to offer the best trade-off between safety and trajectory 
efficiency. Smaller risk zones increase the chances of 
collisions, while larger ones unnecessarily constrain 
movement and reduce operational efficiency. By carefully 
calibrating the risk zone size, Plannie ensures UAVs can 
navigate effectively while minimizing the likelihood of 
collisions.

When a trajectory enters or closely approaches a risk 
zone, the security module triggers a replanning process. 
This process uses the penalty system to evaluate alternative 
routes that reduce the overlap with dangerous areas. The 
planner adjusts the trajectory in real-time, rerouting around 
obstacles while maintaining overall mission efficiency. 
This adaptive behavior is particularly critical for UAV 
operations in dynamic and unstructured environments, 
where static obstacle avoidance strategies may fall short. 
The combination of penalty-based path adjustments and 
risk zone definitions enables Plannie to handle real-world 
complexities, ensuring safe and efficient navigation even in 
challenging scenarios.

4 � Methodology

This paper aims to develop an online path-planning algorithm 
based on reinforcement learning for UAVs to carry out tasks 
in unstructured and unknown environments. The enhancement 
focuses on making the number of iterations for Q-learning 
dynamic. This ensures that, for all environments, the algorithm 
utilizes a minimal number of iterations to find a reliable path. 
Additionally, the cubic spline interpolation is applied to the 
final trajectory to make it smooth and easier for the UAV to 
follow (Pandey et al. 2018).

This section outlines the approach taken for UAV 
navigation in an unknown environment. It covers the 
identification of the environment, the optimization of 
iteration numbers for Q-learning, and the transformation 
of a discrete trajectory into a continuous one. These steps, 
executed at intervals of 0.5 s, are carefully designed to 
ensure a smooth integration that optimally aligns with UAV 
constraints.

4.1 � Mapping unknown environment

In missions where the UAV is unaware of the environment 
(Cetin and Yilmaz 2016; Hayat et al. 2017; San et al. 2018), it 
must identify the obstacles around it and make a global map 
that is constantly updated.

To identify obstacles, we use the open-source LIDAR-based 
obstacle detector package (Kan et al. 2020). This package 
returns the distance measurements between the UAV and the 
obstacles across all sensor beams. The mapping of an envi-
ronment can be seen in Fig. 1, in which the UAV position 
represents the current node, the objective node is depicted as 
a red X, collision occurrences are marked by orange stars, the 
yellow path indicates the distance traveled, the pink trajectory 
represents the next steps, and the gray and black areas denote 
undiscovered and discovered walls, respectively.

In Fig. 1a, the UAV starts from node (1, 1) and can observe 
a partial map of the environment. This planning process occurs 
without the full knowledge of the entire surroundings. The 
UAV proceeds along its trajectory, it dynamically updating the 
map by incorporating new obstacles detected. Consequently, 
the UAV actively scans for potential collisions along the 
planned path, as illustrated in Fig. 1b. If a collision is detected 
along the trajectory, it is promptly replanned while the UAV 
continues to follow the adjusted path, as depicted in Fig. 1c.

Whenever an obstacle is detected along the trajectory, a 
new path is recalculated. This process involves rerunning the 
Q-learning algorithm which, due to multiple iterations, can 
be time-consuming. However, the method introduced in this 
paper offers a streamlined approach, enabling the derivation 
of an optimal trajectory in a significantly shorter timeframe. 
This efficiency facilitates the feasibility of real-time flights. 
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Notably, all iterations are grounded in the environmen-
tal model detailed in Sect. 3.3 and are components of the 
Q-learning algorithm.

4.2 � Dynamic iterations

The efficacy of Q-learning in UAV navigation depends 
heavily on the iteration count during training. Fixed 
iteration counts can be inefficient, with too few 
iterations leading to incomplete learning and suboptimal 
trajectories, while too many increase computational 
demands, undermining real-time applicability. Optimizing 
the iteration strategy is essential to balance learning 
effectiveness and efficiency.

To overcome these issues, we introduce a dynamic 
iteration selection method that adapts to the complexity 
of the environment. Unlike fixed iteration approaches, 
this method ensures efficient resource allocation by 
adjusting the iteration count based on task demands. In 
complex environments, it allows for additional iterations 
to refine policies, while in simpler settings, it minimizes 
unnecessary computation, optimizing both performance 
and runtime.

This trade-off highlights the importance of a balanced 
iteration strategy, as both insufficient and excessive itera-
tions impact efficiency at different stages. The proposed 
dynamic iteration method addresses these limitations by 
adapting the iteration count to the complexity of the envi-
ronment. It ensures adequate exploration during training to 
generate reliable trajectories while minimizing unnecessary 
computation, optimizing both runtime and performance in 
UAV navigation.

In the literature, most studies have employed a significant 
number of iterations, necessitating offline execution to 
accommodate the time required for trajectory calculations. 
The rewards tend to stabilize after a certain number of 

iterations, depending on whether the environment is indoor 
or outdoor. Specifically, in relatively more straightforward 
indoor environments, the convergence of rewards is achieved 
at approximately 150, 300, and 500 iterations (Jiang et al. 
2019; Low et  al. 2019). Conversely, in more complex 
outdoor environments, a higher number of iterations, 
namely around 800, 1000, and 1500, is typically required 
for convergence (Yang et al. 2020; Bae et al. 2019).

However, the best number of iterations will not be the 
same for all scenarios, as it is directly proportional to the 
size and number of environmental obstacles. Aiming to 
generate the shortest trajectory in the shortest possible time, 
using the ideal number of iterations in Q-learning training 
is necessary.

In Q-learning, the reward obtained at the end of 
each iteration serves as an indicator of the algorithm’s 
performance. Monitoring the evolution of this reward 
makes it possible to evaluate whether the learning process 
is converging toward an optimal policy. Convergence is 
assumed when the reward stabilizes, showing minimal 
variation across consecutive iterations. The number of 
iterations required to reach this point depends on the 
environment’s complexity, which we quantify using the 
metric in Eq. (8).

The construction of Eq. (8) builds on findings from Rocha 
and Vivaldini (2022), which analyzed the relationship 
between environmental features and algorithmic 
complexity in path-planning tasks. The metric incorporates 
several factors that impact the difficulty of learning in 
an environment: obstacle density, trajectory length, 

(8)

complexity =

(
num_obstacles

grid_size2

)
×

(
goal_distance2

avg_distanceexpected

)

×

(
sdf

max_sdf

)

Fig. 1   The process for the UAV discovers the unknown environment: a Generating a trajectory in an accessible path, b Identifying collision 
along the trajectory, and c Replanning the trajectory to avoid the obstacle due to the collision
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navigability, and spatial distribution of obstacles. The term 
num_obstacles∕grid_size2 reflects the relative obstacle 
density, where higher values increase the likelihood of 
collisions and require more iterations for the agent to learn 
safe policies. The squared goal distance, goal_distance2 , 
represents the path length, as longer trajectories involve 
more decisions and potential obstacle interactions.

The average expected distance between obstacles, 
avg_distanceexpected , serves as an indicator of navigability. 
Smaller values suggest more constrained environments, 
where more precise control is needed, increasing learning 
demands. The Spatial Distribution Factor (SDF), defined 
in Eq.  (9), captures the degree of obstacle clustering. 
Lower SDF values correspond to irregular or densely 
packed configurations, which introduce local complexity 
and require additional learning iterations for robust policy 
generalization.

The parameters of Eq.  (8) are estimated based on 
observations of the environmet from the UAV’s onboard 
sensors. The resulting complexity score is then used as the 
number of Q-learning iterations in the current planning. This 
procedure is continuous and adaptive, meaning that no fixed 
thresholds or discrete classes are applied. If a change in the 
environment is detected, such as a new obstacle or a shift in 
the goal location, the algorithm re-evaluates the complexity 
score based on sensor data. This mechanism ensures that 
more complex situations receive more iterations for thorough 
exploration while simpler scenarios are resolved with fewer 
iterations, optimizing computational efficiency. As a result, 
the UAV can continuously refine its path in real time, 
maintaining optimal performance in dynamic conditions.

This dynamic adjustment of the Q-learnig iterations 
ensures that the algorithm allocates learning effort in 
proportion to the difficulty of the environment. In more 
complex or cluttered scenarios, additional iterations support 
adequate exploration and policy refinement. In contrast, 
environments with fewer obstacles or shorter paths require 
less training, thereby conserving computational resources. 
As the learning process progresses and the reward signal 
stabilizes, the policy becomes increasingly refined, allowing 
the UAV to generate efficient trajectories even in unknown 
or dynamically changing environments.

The number of iterations in Q-learning is essential for 
achieving optimal trajectory generation. By monitoring the 
stability of reward values and allowing several iterations 
commensurate with the size of the environment, assurance 
can be established that the algorithm converges to the short-
est trajectory. This approach allows for thorough exploration, 
learning, and decision refinement, resulting in an efficient 

(9)sdf =
avg_distancecurrent

avg_distanceexpected
× grid_size

path that minimizes the time required to reach the desired 
goal.

Real-time path planning and replanning have become 
feasible using the presented approach, enabling UAVs to 
conduct flights in real-world scenarios. At the beginning 
of the flight, when the UAV has no prior knowledge of 
the environment, the Q-learning algorithm is employed to 
plan the optimal path based on the available environmental 
information.

As the UAV progresses through the flight, it gains 
additional information about the environment, mainly 
through identifying obstacles as discussed in Sect. 4.1. 
Subsequently, a recalculation of the path becomes necessary 
due to the identification of newly discovered obstacles. The 
algorithm dynamically adjusts the number of iterations 
required to explore and exploit the environment based on 
the current knowledge. This adaptive approach ensures that 
the UAV allocates only the necessary iterations to achieve 
an optimal path, effectively incorporating the updated 
environmental information.

By iteratively updating the path planning process in 
response to the evolving understanding of the environment, 
the algorithm enables the UAV to navigate through complex 
scenarios while minimizing computational resources. The 
dynamic adjustment of the iterations allows for efficient 
exploration and exploitation, resulting in timely and accurate 
path planning and replanning. This capability offers a 
practical and effective solution for real-time path planning 
in continuously updated real-world environments.

Specifically, sharp turns, extending from the initial to 
the final control node, are substituted with new trajectories 
created by cubic splines.

4.2.1 � Smoothing trajectory

To address the intricate design and operational challenges 
faced by UAVs and to optimize their trajectories for high 
performance, considerations must be made, particularly 
focusing on the minimization and smoothness of curves. 
This paper delves into the implementation of approaches 
aimed at generating flight trajectories that are both smooth 
and efficient.

The trajectories generated by Q-learning are discrete, 
often leading to paths characterized by abrupt curves that 
pose challenges for UAVs in execution. To optimize UAV 
navigation, it is essential to ensure that the generated paths 
are as smooth and straight as possible, minimizing jerk 
and maintaining a constant torque during flight (Goel et al. 
2018). Achieving this involves scrutinizing the trajectory 
to identify and eliminate unnecessary points. For instance, 
consider a scenario with nodes 1, 2, and 3. If there is no 
collision detected between nodes 1 and 3, Algorithm 2 can 
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be applied to remove node 2 from the path. This strategic 
elimination of unnecessary waypoints ensures that the 
resulting trajectory remains as straight as possible without 
compromising collision avoidance with obstacles. This 
meticulous trajectory refinement is crucial for enhancing 
the feasibility and efficiency of UAV missions, particularly 
in environments where path smoothness is paramount.

Algorithm 2   Trajectory Refinement

The ideal trajectory for a UAV requires smooth curves 
for optimal performance (Pandey et al. 2018). In this paper, 
splines are employed to ensure the smoothness of trajectory 
curves, allowing us to calculate the best heading for each 
position in the trajectory and facilitate UAV movement. 
Optimizing curve trajectories allows for a more fluid 
and efficient UAV movement. This not only enhances 
the trajectory but also transforms the discrete trajectory 
generated from Q-learning into a continuous trajectory using 
the Cubic Spline Interpolation Algorithm.

Cubic Spline interpolation is a method involving third-
degree polynomial segments. This algorithm divides the 
interval of interest into subintervals and interpolates based 
on cubic polynomials (McKinley and Levine 1998). The 
cubic spline maintains continuity and smoothness at the 
knots, with two additional parameters at each knot point 
specifying the function’s second derivative.

This method starts by selecting N interpolation nodes 
( x1, y1) , ( xn, yn),..., ( xnN, ynN) , between the start point and 
the objective, to determine the intervals. The spline nodes 
are used then to obtain the m interpolation points x1, ..., xm 
and y1, ..., ym , forming a continuous path when connected.

According (Toraichi et al. 1987), non-periodic splines, as 
as utilized in our approach, have a low complexity of O(3n), 
which has negligible impact on the time and complexity of 
our online path planning.

While splines serve as efficient path-planning algorithms 
due to their low computational complexity, they may not 
be sufficient in complex environments with sharp corners, 
multiple obstacles, or forested terrain (Liang et al. 2018). 
Splines primarily aim to smooth existing curves or find 
smooth paths between two given nodes, making them less 
effective in navigating environments with diverse challenges.

To address these limitations, our approach employs cubic 
splines within other path-planning algorithms to enhance 
curve smoothing. In this configuration, the control points 

align with the curve nodes, ensuring sufficient maneuver-
ing space for the UAV at optimal angles. Specifically, sharp 
turns, extending from the initial to the final control node, are 
substituted with new trajectories created by cubic splines. 
This incorporation ensures that the UAV navigates more 
effectively through complex environments, mitigating the 
challenges posed by sharp corners and obstacles, and opti-
mizing its overall trajectory for improved performance.

5 � Simulations

This section presents the trajectory analysis of the splines 
used in path planning algorithms. And then, we show and 
analyze the experiments done indoors and outdoors.

5.1 � Representing Trajectories with Splines

Before the path planning analysis was made, an analysis 
to understand the advantages and disadvantages of using 
splines in path planning algorithms, the tests were made in 
two known environments. The first environment has 18 × 15 
m with simple obstacles, and the second environment has 
100 × 100 m with more complex obstacles. The path plan-
ning algorithm chosen was A*, because it is one of the most 
consolidated algorithms and always returns the same trajec-
tory, thereby decreasing the bias of the data.

The simulations of small and large environments can be 
shown in Figs. 2 and 3, respectively. From a visual analysis, 
the trajectories generated by splines and the A* algorithm 
with splines are good trajectories to be followed by a UAV. 
However, the trajectories just with the A* algorithm, which 
the UAVs will have problems following due to their aerody-
namic constraints. Moreover, noticeable splines can not find 
a reliable trajectory in large and complex environments, as 
was discussed in Sect. 4.2.1.

Table 2 shows the previous simulations’ time and path 
length results. We can see the use of splines with a path 
planning algorithm, the time to find a reliable trajectory is 
considerably superior to other simulations and, although the 
path length is just 6% greater than others, still returns the 
longer trajectory in the longer time.

For small and large environments, splines with a path 
planning algorithm return a shorter trajectory with more 
time than just a path planning algorithm (3% or 0.07 s). 
Despite this slight trade-off, the joint utilization of A* 
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with splines ensures not only optimal trajectory length but 
also adherence to UAV constraints. This comprehensive 
approach, balancing efficiency and compliance with opera-
tional limitations, establishes the superiority of employing 
splines within a path planning algorithm for generating reli-
able and UAV-constraint-compliant trajectories.

5.2 � Path planning analysis

This analysis considers two different environments. The first 
is an indoor environment with 30 × 30 ms, and the second 
is an outdoor environment with 40 × 40 ms, both shown 
in Fig. 4 with a top view. The UAV picture marks the start 
nodes, and red X marks the end nodes. In the indoor environ-
ment, the start node is (2, 2), and the end node is (25, 14). In 
the outdoor environment, the start node is (2, 2), and the end 
node is (36, 32). Each simulation was repeated 100 times.

The environments were made using the Gazebo simulator 
with the Robot Operating System (ROS). Additionally, 
we employed the MRS system, offering a comprehensive 
control and estimation framework to facilitate flights within 

Fig. 2   Python simulations in a small and simple environment. In a Trajectory generated just with spline b Trajectory generated just with A* 
algorithm c Trajectory generated with A* algorithm with the spline

Fig. 3   Python simulations in a large and complex environment. In a Trajectory generated just with spline b Trajectory generated just with A* 
algorithm c Trajectory generated with A* algorithm with the spline

Table 2   Statistical Analysis according to Number of Iterations in 
each Environment

Bold indicate the best results for that environment in each metric

Envs Type Time (s) Path Length (m)

Small Spline 2.43 19.96
A* 0.01 19.83
A* with Spline 0.01 18.88

Large Spline ∞ ∞

A* 2.15 170.06
A* with Spline 2.22 157.8
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realistic simulations. Leveraging Software-in-the-loop 
(SITL) testing, this system allows for seamless replication in 
real-world experiments, as highlighted in Báča et al. (2021).

In this system, we use the UAV F-450. It is a quadcopter 
kit that is widespread in the market, easy to acquire and 
assemble, and has a low-cost (DJI 2015). Moreover, this 
model support the use of an onboard computer, such as 
NVIDIA’s Jetson, and many different sensors like cameras, 
IMU and Lidar for state estimation in the environment (Dev 
Team 2020; Pritsker et al. 1999).

In this work, the sensor used to map the environment was 
the RPLidar. This sensor is a 2D Lidar sensor with a range 
of 360◦ and was positioned on the top of the UAV.

The simulations were developed using Python 3.8 on 
a laptop with an Intel Core i7 7700HQ processor with 16 
GB of RAM and an Intel® HD Graphics 620. The evalu-
ated algorithms included A*, RRT, PSO, DQN, DDQN, 
and Q-learning with different number of iterations. These 
algorithms were implemented from framework Plannie 
(Rocha et al. 2022) adapting the Q-learning algorithm to 
use dynamic iteration in the Q-learning algorithm. Thus, it 
intends to show the difference between each technique for 
the scenarios. The parameters of each algorithm are shown 
in Table 3.

Figure 5 shows each environment’s Q-learning reward 
with many iterations. The blue line presents the reward, and 
the yellow the moving average. The reward stabilizes at 180 
iterations in the indoor and outdoor environments at 1000 
iterations. Therefore, indoor simulations are performed with 

150, 300, 500, and dynamic iterations. Also, there are 800, 
1000, 1500, and dynamic iterations in outdoor simulations. 
Values below the mean, on the mean, and above the mean 
were chosen to show the difference when the iteration num-
ber used is unknown.

Table 4 shows the metrics, traveled distance and time, of 
each simulation varying in the algorithms, number of itera-
tions, and the environment. The metrics analyzed were:

•	 Average distance (Avg Distance - meters) with the 
standard deviation;

•	 Average time of the path planning algorithm considering 
iteration time (Avg Time - seconds) with the standard 
deviation;

•	 Best time of the path planning algorithm considering 
iteration time (seconds);

•	 Memory (MB);
•	 CPU (MHz);
•	 Completeness (%).

In the indoor environment, the shortest distance and 
standard deviation were from A*, which tends to show the 
shortest possible path (Toma et al. 2021a). On the other 
hand, RRT and Q-learning with 300, 500, and dynamic 
iterations achieved results very close to A*. Additionally, 
the low standard deviation of these methods highlights 

Fig. 4   Top and side view of 
the environments. The indoor 
environment is constructed 
of cardboard boxes, while the 
outdoor environment consists 
of trees. In a Top view of the 
indoor environment, b Top view 
of the outdoor environment, c 
Side view of the indoor environ-
ment, and d Side view of the 
outdoor environment
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their consistency in replanning. In contrast, Q-Learning 
with 150 iterations produced longer paths due to insuf-
ficient training, while DQN and DDQN showed higher 
average distances and variability, attributed to their reli-
ance on neural network approximations and challenges in 
generalization.

Q-Learning with dynamic iterations demonstrated the 
shortest average process time, outperforming A* and other 
algorithms, and achieved the best time overall in scenarios 
with fewer obstacles. DQN and DDQN exhibited lower times 
compared to static Q-Learning variants with insufficient 
iterations but were slower than dynamic iterations due to the 

computational overhead of neural network operations. The 
adaptability of Q-Learning with dynamic iterations allowed 
it to efficiently balance exploration and exploitation, ensuring 
optimal performance.

Memory usage was consistent across most algorithms, 
except for PSO, which required significantly more due to 
the need to store multiple populations. Despite this, PSO 
had the lowest processing demands as it optimizes a straight 
line between the start and end nodes. A* incurred the highest 
computational cost as it evaluates most nodes in the sce-
nario. DQN and DDQN exhibited higher memory and com-
putational demands due to replay buffer storage and neural 
network parameters. In contrast, Q-Learning with dynamic 
iterations maintained a minimal and efficient memory foot-
print, making it highly suitable for resource-constrained 
UAV applications.

All algorithms present maximum completeness except for 
RRT, PSO, and Q-learning, with 150 iterations. The RRT 
algorithm is a sampling-based technique and, thus, can not 
guarantee that a trajectory is always found. PSO, as it cannot 
continually continuously optimize the initial straight line to 
generate a collision-free trajectory. Furthermore, Q-learning 
with 150 iterations, as this number of iterations is below 
what is necessary for this environment, so it was impossible 
to find a path without collision in many cases. DQN and 
DDQN showed better completeness but remained sensitive 
to hyperparameter tuning and training quality.

A* returned good time and distance results, but the com-
putational cost is high. The RRT also showed promising 
results, but as its completeness was 65%, it is unreliable 
to use it for online flights. The PSO has a low computa-
tional cost, but the trajectory size is large, and the com-
pleteness is low. DQN and DDQN achieved reasonable 
performance in terms of time and distance, but their high 
computational demands, driven by replay buffer storage and 
network parameters, along with the need for extensive train-
ing, limit their practicality for real-time UAV applications. 
By comparison, Q-learnings above 300 iterations showed 
completeness of 100%, and dynamic iterations managed to 

Table 3   Parameters for each algorithm

Algorithm Parameters Value

A* Robot radius 40 cm
Path resolution 0.1%

RRT​ Robot radius 40 cm
Path resolution 0.1%
Sample rate 5%
Expansion distance 5 ms
Max iterations 5000

PSO Robot radius 40 cm
Personal learning coefficient 1.5
Global learning coefficient 1.5
Inertia weight 1
Damping ratio 0.98

DQN Learning rate 0.001
Discount factor (gamma) 0.99
Batch size 64
Replay memory size 10,000
Target network update frequency 1,000 steps

DDQN Learning rate 0.001
Discount factor (gamma) 0.99
Batch size 64
Replay memory size 10,000
Target network update frequency 1,000 steps

Fig. 5   Rewards of Q-learning 
algorithm for each iteration. 
In a indoor environment and b 
outdoor environment
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return to the shortest trajectory in less time and with lower 
computational cost.

The performance of Q-Learning is highly influenced 
by the iteration count, as insufficient iterations can lead to 
incomplete exploration and suboptimal trajectories, while 
excessive iterations increase computational costs without 
significant benefits. Dynamic iteration adjustments mitigate 
these issues by adapting the iteration count to the complexity 
of the environment, ensuring efficient exploration in chal-
lenging scenarios and avoiding redundant computations in 
simpler ones.

The smallest distance and standard deviation in the 
outdoor environment is A*. Regardless of the number of 
iterations, Q-learning obtained the results closest to A*. 
All algorithms have a low standard deviation except for 
the PSO, which has the most extended trajectory for the 
forest environment. DQN and DDQN also showed higher 
average distances and standard deviations than Q-Learning 
with dynamic iterations, reflecting the challenges of neural 
network generalization in complex outdoor scenarios.

RRT returned the lowest time average. RRT tends to be 
faster in forest environments as it explores more the paths. 
After RRT, the shortest times were for A* and Q-learning 
with dynamic iterations, respectively. The best times were 
from A* and RRT. DQN and DDQN, while faster than static 
Q-Learning configurations with insufficient iterations, still 
required more time than Q-Learning with dynamic itera-
tions. The dynamic Q-learning presents the best time among 
the simulations with Q-learning.

Q-Learning techniques demonstrate lower memory usage 
as they efficiently optimize navigation within the environment, 
enabling them to follow the shortest route. DQN and DDQN 
required higher memory due to replay buffers and neural 
network parameters, while A* incurred the highest due to its 
extensive scenario analysis, whereas PSO and RRT exhibited 
the lowest costs. For PSO, this is attributed to its simplicity 
and limited adjustments, similar to indoor environments. In 
the case of RRT, the presence of numerous open spaces toward 
the goal facilitated the generation of tree structures, reducing 
computational demands.

Maximum completeness was achieved by A*, Q-Learning 
with 1500 iterations, and dynamic iterations. RRT and 
PSO failed to achieve maximum completeness in both 
indoor and outdoor environments. Similarly, DQN and 
DDQN showed lower completeness than Q-Learning 
with dynamic iterations, attributed to their reliance on 
pre-trained networks and sensitivity to environmental 
variability. Static Q-Learning with 800 and 1000 iterations 
fell short of achieving 100% completeness due to insufficient 
training, as indicated by the reward convergence shown in 
Fig. 5. Q-Learning with 1500 iterations reached maximum 
completeness by exceeding the required training threshold, 
while dynamic iterations achieved this by adapting the 
training process until the algorithm fully learned to navigate 
the environment.

A* delivered the best results in terms of distance and 
standard deviation but incurred the highest computational 
cost among all algorithms. RRT returned trajectories in the 

Table 4   Statistical Analysis according to Number of Iterations in each Environment

Bold indicate the best results for that environment in each metric

Envs Algorithms Avg Distance (m) Avg Time (s) Best Time (s) Memory (MB) CPU (MHz) Completeness 
(%)

Indoor A* 35.22±0 0.8±0.06 0.12 0.98±0.23 685.63±462.68 100
RRT​ 35.35±1.02 0.96±0.22 0.42 1.01±0.22 504.44±456.83 65
PSO 48.49±11.43 1.5±1.81 0.18 4.43±2.72 244.86±203.51 31
DQN 40.25±5.36 1.3±0.8 0.18 2.35±0.7 520.3±400.8 52
DDQN 38.89±4.42 1.1±0.74 0.12 2.02±0.64 490.1±350.4 63
Q-learning 150 iterations 36.54±0.85 1.01±0.1 0.75 1.09±1.08 520.14±361.13 60
Q-learning 300 iterations 35.46±1.26 0.84±0.22 0.21 1.03±0.24 448.67±205.74 100
Q-learning 500 iterations 35.39±1.22 0.93±0.25 0.13 0.98±0.23 439.74±370.44 100
Q-learning Dynamic iterations 35.37±1.17 0.74±0.17 0.08 1.01±0.24 413.74±74.55 100

Outdoor A* 45.67±0 0.96±0.42 0.03 2.26±1.01 656.14±442.09 100
RRT​ 48.34±1.74 0.2±0.09 0.11 2.26±1.43 401.66±253.61 71
PSO 51.06±7.09 3.09±3.61 0.32 2.2±1.58 400.79±332.03 71
DQN 50.12±6.45 1.9±1.2 0.95 2.5±0.9 430.6±310.8 65
DDQN 48.89±5.72 1.5±1.1 0.73 2.3±1.0 410.2±320.5 72
Q-learning 800 iterations 47.9±0.18 2.91±0.18 2.61 3.48±2.17 305.71±215.78 49
Q-learning 1000 iterations 47.56±1.08 2.77±1.3 1.03 1.13±1.08 520.92±358.4 80
Q-learning 1500 iterations 47.09±1.45 2.68±1.1 0.63 1.06±0.66 646.85±335.76 100
Q-learning Dynamic iterations 47.12±1.42 2.29±1.14 0.31 1.22±1.12 451.17±386.7 100
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shortest time but generated longer paths, achieving only 71% 
completeness. DQN and DDQN, while promising, rely heav-
ily on pre-training their neural networks, requiring extensive 
and diverse input data to generalize effectively. Insufficient 
training data leads to poor generalization, and the prolonged 
training time demands significant computational resources, 
often necessitating specialized hardware.

Conversely, Q-Learning is a lightweight technique that 
operates efficiently on various systems, including onboard 
UAVs, without pre-training. Its ability to adapt dynamically 
to unknown environments makes it ideal for real-time 
navigation. Notably, the performance of Q-Learning is 
closely tied to the iteration count; insufficient iterations can 
result in suboptimal trajectories, while excessive iterations 
lead to unnecessary computational overhead. Dynamic 
iterations adjust the iteration count based on the complexity 
of the environment to mitigate this limitation. This strategy 
facilitates efficient exploration in complex scenarios while 
concurrently minimizing redundancy in less intricate 
contexts. Although further analysis of their efficiency 
is warranted, among Q-Learning approaches, dynamic 
iterations demonstrated superior performance, achieving 
the lowest computational cost, 100% completeness, and a 
trajectory size comparable to A*. These results establish 
Q-Learning with dynamic iterations as the most effective 
solution for UAV navigation in dynamic and resource-
constrained scenarios.

In Fig.  6 the trajectories of all these algorithms are 
compared. This comparison serves for the dual purpose of 
assessing the proximity of the Q-learning trajectory to the 

approaches in the literature and evaluating their suitability 
for real UAV utilization.

All the trajectories in the indoor environment are 
smoothed and obey the constraints of the UAVs. However, 
the trajectories generated by the PSO and the RRT follow a 
noticeably longer path than the others. All other trajectories 
reached the goal along similar paths.

Similarly, the trajectories in the outdoor environment are 
generally suitable for UAV navigation. However, RRT and 
Q-Learning with 1000 and 1500 iterations generated visibly 
longer paths, prioritizing safer routes around obstacles rather 
than direct paths. DQN and DDQN, while adaptable to 
complex environments, often produced suboptimal and less 
direct trajectories compared to Q-Learning with dynamic 
iterations, primarily due to their reliance on neural network 
generalization, which is limited in environments with sparse 
or insufficient training data. In contrast, Q-Learning with 
dynamic iterations consistently achieved smoother and 
shorter paths, balancing safety and efficiency without the 
computational burden of pre-trained neural networks.

Q-learning with dynamic iterations yielded superior 
results in terms of distance, time, computational cost, and 
completeness compared to the original Q-learning with any 
fixed value of iterations. It was also better than PSO on all 
metrics except computational cost. It surpassed the RRT in 
all metrics except for the outdoor environment’s response 
time and computational cost. Despite not having returned 
trajectories shorter than A*, it returned trajectories in ade-
quate time. It had the best indoor scenario, besides having a 

Fig. 6   Comparison of paths between the best results of the 100 iterations of the A*, RRT, PSO, DQN, DDQN, Q-learning techniques
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much lower computational cost and the same completeness 
as A*.

Within 3D environments, the generated paths follow 
the same pattern due to the Q-learning policy that focuses 
on finding the shortest path with no collisions. Moreover, 
our optimization efforts are intricately aligned with the 
specific constraints inherent to UAVs. This approach is 
geared towards not only maintaining uniformity in trajectory 
patterns but also ensuring that the resultant 3D trajectories 
are as feasible as the 2D trajectories.

The results for DQN and DDQN algorithms indicate 
competitive performance compared to Q-learning with 
dynamic iterations. However, achieving these results 
required extensive prior training of the neural networks. 
For indoor environments, DQN required approximately 
22 min, 97 MB of memory, and 1641 MHz of CPU, while 
DDQN required 18 min, 116 MB of memory, and 1832 
MHz of CPU. For outdoor environments, DQN required 
32 min, 8 MB of memory, and 861 MHz of CPU, while 
DDQN required 25 min, 7 MB of memory, and 820 MHz 
of CPU. These resource demands were observed on our 
system, which has an Intel® HD Graphics 620. These values 
increase on systems without dedicated graphical processing 
units (GPUs), making DQN and DDQN less feasible for 
real-time applications on resource-constrained hardware. 
On the other hand, Q-learning with dynamic iterations 
achieves comparable results without requiring intensive 
neural network training.

6 � Computational analysis

The computational cost of the evaluated algorithms varies 
significantly based on their methodologies and environ-
mental complexities. A*, known for generating optimal 
trajectories, incurs a high computational cost due to its 
exhaustive node evaluations. As the environment’s size 
and complexity grow, the cost of A* increases substan-
tially, making it less practical for large scenarios.

RRT relies on random sampling to construct tree 
structures, resulting in lower computational costs compared 
to A*. However, its lack of systematic path evaluation often 
leads to suboptimal and inconsistent trajectories, especially 
in dense environments. PSO, as a meta-heuristic algorithm, 
maintains moderate computational costs by optimizing 
trajectories through population-based searches. While it 
effectively produces smooth paths, its iterative nature and 
the memory requirements to manage multiple populations 
reduce its practicality for real-time UAV navigation.

DQN and DDQN leverage neural networks to 
approximate trajectory policies, enabling adaptability to 
complex and high-dimensional environments. However, their 
training phase demands significant computational resources 

due to replay buffers and frequent network updates, limiting 
their feasibility for onboard UAV systems. Although the test 
phase is less resource-intensive, their overall computational 
demands reduce practicality for real-time applications in 
unknown scenarios.

Q-Learning, particularly with dynamic iterations, 
demonstrates consistent computational efficiency by 
adapting the iteration count to environmental complexity and 
relying on a pre-defined Q-Table for trajectory generation. 
Unlike static Q-Learning, which may incur additional costs 
due to insufficient iterations that require frequent replanning, 
dynamic iterations optimize exploration while avoiding 
unnecessary overhead. This adaptability ensures stable 
computational demands, regardless of scenario complexity, 
making Q-Learning particularly suited for resource-
constrained systems.

While A* delivers optimal trajectory lengths and high 
reliability, its computational cost and processing time 
increase proportionally with environmental complexity due 
to exhaustive node evaluations. In contrast, Q-Learning 
with dynamic iterations maintains scalability and efficiency, 
offering significant advantages in high-dimensional.

7 � Applications in real world

This section explores the potential applications of dynamic 
Q-learning in real-world scenarios, considering its 
advantages over classical and meta-heuristic techniques. 
Classical techniques are commonly employed to generate 
point-to-point trajectories or serve as guidance paths for 
UAVs. In static environments, exact classical algorithms 
are utilized with offline planning methods due to their 
high computational cost. However, these algorithms prove 
unreliable in real-time operations, particularly in unknown or 
expansive environments. As a result, approximated classical 
algorithms are often employed, offering feasible trajectories 
within reasonable timeframes but built with random samples 
that can result in challenging UAV maneuvers. Moreover, 
replanning with these techniques must be more reliable as 
they produce disparate trajectories without a systematic 
assessment of the optimal option for the environment, 
potentially introducing drastic changes to the flight path and 
increasing its complexity.

Meta-heuristic techniques are not extensively employed 
due to their time-consuming trajectory generation process, 
rendering them unsuitable for real-time applications. Addi-
tionally, the trajectories they generate may only be partially 
feasible, necessitating continuous trajectory optimization 
when employing these algorithms. Although meta-heuris-
tic trajectories are typically smooth and straightforward, 
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enabling easier UAV navigation, the drawbacks associated 
with these approaches limit their reliability in real-world 
flights.

DQN and DDQN face significant limitations when 
applied to real-world scenarios. While these methods 
leverage deep neural networks to approximate the Q-Table, 
enabling them to handle high-dimensional and continuous 
environments, their reliance on computationally expensive 
training phases and extensive replay buffers makes them 
unsuitable for real-time applications. High memory and 
CPU demands and sensitivity to hyperparameter tuning 
further reduce their reliability in dynamic and resource-
constrained environments. Additionally, the prolonged 
training time required for convergence delays deployment 
and limits adaptability in rapidly changing conditions. These 
challenges restrict the practicality of DQN and DDQN for 
UAV operations in real-world scenarios.

On the other hand, Q-learning with dynamic iterations 
offers distinct advantages that effectively address these 
challenges. Unlike DQN and DDQN, Q-learning maintains 
a consistent computational cost regardless of environmental 
complexity, making it highly efficient for real-time 
applications. The algorithm navigates the environment by 
adhering to a predefined policy that penalizes collisions and 
rewards progress toward the goal. Through iterative updates, 
it progressively refines its decision-making to reach the goal 
while avoiding obstacles efficiently. The learned policy, 
stored in the Q-Table, enables reliable and fast replanning 
in dynamic scenarios, providing robust performance without 
the overhead of neural network training. This efficiency and 
adaptability make Q-learning with dynamic iterations a 
practical choice for UAV applications in complex real-world 
environments.

Moreover, Q-learning trajectories exhibit similarities to 
those generated by meta-heuristic techniques, characterized 
by smooth and straightforward paths that allow for increased 
speed when necessary. However, the main drawback of 
Q-learning lies in the time required to learn the environment, 
as a short training time may result in unreliable trajectories. 
However, an excessively long training time can be 
impractical for replanning. Considering it, we proposed the 
dynamic Q-learning to determine the optimal number of 
iterations for each flight, optimizing the training time while 
ensuring reliable trajectory generation.

With our optimization, trajectory replanning in both 
indoor and outdoor environments is achieved within a 
remarkable 1-second timeframe, as exemplified in Sect. 5. 
This capability allows the drone to detect obstacles at a 
distance equivalent to its one-second travel distance. For 
instance, assuming a drone speed of 4 m/s, the system aims 
to identify obstacles at a distance of 4 to 5 ms, incorporating 
an error margin. Notably, contemporary cameras typically 
detect obstacles within a range of 10 to 15 ms, while lidars 

extend this capability up to 50 ms. This affords the UAV 
a secure timeframe for real-time trajectory replanning. 
Moreover, it is pertinent to highlight that a drone flying at 
4 m/s is considered a high-speed autonomous flight, with 
conventional speeds ranging between 1 to 2 m/s. Therefore, 
our methodology ensures ample time for algorithmic 
validation and real-time replanning, emphasizing the safety 
and reliability of the proposed approach.

Dynamic Q-learning can benefit various missions, 
including: 

1.	 Monitoring: Dynamic Q-learning enables real-time 
trajectory generation in complex environments, 
facilitating interaction with the environment and 
adaptability to new monitoring goals. This capability 
allows for seamless monitoring of designated areas and 
the ability to replan trajectories for newly identified 
regions dynamically.

2.	 Delivery and agriculture: In time-sensitive missions like 
delivery or agricultural tasks, efficient flights are crucial 
to optimize resource utilization, such as battery life, and 
to achieve rapid goal attainment. By leveraging dynamic 
Q-learning, UAVs can follow smooth, straightforward 
trajectories, enabling high-speed flights. Additionally, 
faster replanning with the dynamic approach enhances 
reliability during high-speed operations.

3.	 Complex environments (e.g., forests and mines): These 
environments often involve multiple tasks within the 
same area. Dynamic Q-learning proves advantageous 
in such scenarios as UAVs can learn to navigate the 
environment irrespective of the starting and goal nodes. 
Consequently, reliable real-time replanning becomes 
possible, even in the environment’s presence of changes 
or unpredictability.

By applying dynamic Q-learning to various missions, UAV 
operations can benefit from optimized trajectory plan-
ning, improved adaptability to environmental changes, and 
enhanced efficiency in real-world applications.

8 � Conclusion

In this paper, we have presented an online path planning 
approach based on reinforcement learning specifically 
designed for unknown and complex environments. Our 
algorithm incrementally builds a map through exploration, 
enabling effective path planning in unknown environments. 
Extensive experiments were conducted in both indoor and 
outdoor unstructured and unknown environments, focusing 
on evaluating various metrics including path length, time, 
memory usage, CPU utilization, and completeness.
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The experimental results revealed that the widely 
used A* algorithm consistently provided the best 
distance and time results in both scenarios. However, 
it came at a high computational cost. While DQN and 
DDQN demonstrated the potential to handle complex 
environments, their reliance on extensive training and 
significant computational demands rendered them less 
practical for real-time UAV applications. In contrast, our 
proposed Q-learning planner with dynamic iterations 
showcased remarkable performance with favorable metrics 
after A*, while maintaining low computational overhead 
and ensuring maximum completeness.

Overall, this research contributes by introducing a novel 
approach to online path planning, tailored for challenging 
and unknown environments. The extensive experiments 
and comparative analysis provide valuable insights into the 
trade-offs between performance, computational efficiency, 
and completeness. These findings underscore the potential 
of our proposed algorithm as a viable solution for real-
world applications that require efficient and reliable path 
planning in unknown and complex environments.
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