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ABSTRACT

The optimization of membership function parameters in Fuzzy-PID
controllers presents significant computational and design challenges,
often relying on time-consuming and heuristic-based methods that lack
generalizability. In this paper, we present a novel and efficient technique
to enhance the performance of Fuzzy Inference Systems (FIS) by
employing Deep Reinforcement Learning (DRL) for automatic and
intelligent parameter tuning. Fuzzy logic offers significant advantages in
handling nonlinear, uncertain, and highly dynamic systems due to its rule-
based reasoning and flexibility. Meanwhile, DRL has demonstrated
outstanding capabilities in learning optimal control strategies in complex
environments through trial-and-error interactions and policy
optimization. By combining the strengths of both paradigms, our
proposed method enables the automatic adjustment of membership
function parameters without manual tuning, leading to improved control
accuracy and system adaptability. The proposed DRL-Fuzzy PID
framework is specifically applied to the control of Unmanned Aerial
Vehicles (UAVs), which are highly nonlinear systems that demand robust,
adaptive, and precise trajectory tracking. Additionally, by strategically
reducing the number of parameters involved in the optimization process,
we significantly shorten the learning time and reduce computational
overhead. Extensive UAV simulation studies confirm the robustness and
efficiency of the proposed approach, showing substantial improvements
in tracking performance and overall flight stability compared to traditional
fuzzy controllers. This hybrid DRL-Fuzzy strategy offers a promising
solution for advanced UAV control applications where adaptability and
precision are critical.

contemporary research. Nevertheless, the control of
UAVs remains a formidable challenge, primarily due

1 INTRODUCTION

The Unmanned Aerial Vehicles (UAVs) are widely
recognized for their versatility, which enable them to
perform high-risk and labor-intensive tasks in both
military and civilian sectors [1-2]. The integration of
intelligent controllers powered by advanced learning
algorithms has garnered significant attention in

to their intricate and nonlinear dynamics. To address
these complexities, a variety of control strategies
have been explored, including Proportional-Integral-
Derivative (PID) controllers, Linear Quadratic
Regulator methods, Hoo control, feedback
linearization, backstepping control, sliding mode
control, and Model Predictive Control .
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Traditional control strategies, such as PID
controllers, are widely used due to their simplicity
and effectiveness in eliminating steady-state errors.
However, they encounter limitations when dealing
with system constraints, noise, disturbances, and
multi-input multi-output configurations [3-8]. The
Linear Quadratic Regulator is capable of handling
multi-input multi-output systems but may fall short
in addressing steady-state performance issues [9—
10]. Heo control demonstrates strong robustness in
the presence of channel cross-coupling in
multivariable systems, yet it depends heavily on an
accurate and structured mathematical model [11].
Feedback linearization provides a systematic control
framework, but its efficacy deteriorates when
dealing with highly nonlinear dynamics or hard
constraints [12-13]. Backstepping control is
advantageous due to its recursive structure and
ability to manage mismatched uncertainties,
although its tuning complexity increases with the
number of parameters involved [14-15]. Sliding
Mode Control offers robustness against
uncertainties and performs reliably under severe
nonlinearity. While chattering effects—caused by
the ideal switching function—can be mitigated
using boundary layer techniques, saturation
functions, or higher-order sliding modes, these
solutions introduce additional design complexity
and require careful parameter selection, which may
limit practical deployment in time-sensitive UAV
applications. Model Predictive Control excels in
forecasting system trajectories and managing
constraints, yet it demands precise dynamic models,
and any inaccuracies in modeling can lead to
significant performance degradation. Moreover,
solving real-time optimization problems in
nonlinear ~ Model  Predictive ~ Control s
computationally intensive and may slow down the
response [16-17].

To address the aforementioned limitations of
traditional control approaches, adaptive control
techniques have been developed, offering dynamic
adjustment to time-varying parameters and external
perturbations [18-20]. Despite their adaptability,
maintaining robustness in environments
characterized by high uncertainty remains a
significant challenge. Consequently, data-driven
and learning-based control paradigms—particularly
reinforcement learning (RL) —have attracted
considerable attention in recent years, owing to their
ability to operate without an explicit model and
adapt to nonstationary dynamics [21-23]. Alongside
RL, the integration of artificial intelligence tools

Journal of Aerospace Science and Technology / 5 5
Vol. 19 /Issue 1/ Winter-Spring 2026

such as fuzzy logic systems and neural networks has
also been widely explored. While neural networks
are capable of approximating complex nonlinear
mappings, their reliance on extensive labeled
datasets for training and generalization poses
practical challenges [24-25].

Recent studies have focused on advanced control
design for nonlinear and complex dynamical
systems, including approaches for fault-tolerant
attitude tracking, vibration suppression in flexible
spacecraft, and fuzzy adaptive tracking in stochastic
environments. These works highlight the
effectiveness of intelligent and adaptive methods in
dealing with system uncertainties and nonlinearities.
Inspired by such advancements, our study extends
these ideas to UAV control using a fuzzy deep Q-
learning framework [26-28].

Fuzzy PID controllers have emerged as a
promising alternative for handling nonlinearities
and uncertainties in complex systems. Their
interpretability, combined with their model-free
reasoning capabilities, makes them an attractive
choice in many UAV applications [29-33]. One of
the primary obstacles in deploying fuzzy PID
controllers, however, lies in the manual tuning of
parameters, which is often labor-intensive and
requires expert domain knowledge [34-36]. To
mitigate this issue, researchers have advocated for
reinforcement learning-based optimization to
autonomously tune the parameters of fuzzy systems.
Through  continuous interaction  with  the
environment, RL agents can iteratively optimize
fuzzy control gains, enhancing overall system
adaptability and performance. Various hybrid
approaches, including fuzzy actor-critic methods
[37], fuzzy Q-learning, Takagi—Sugeno—Kang fuzzy
inference systems [38], and policy gradient
reinforcement learning algorithms [39], have been
proposed to facilitate online tuning of fuzzy PID
controllers [40-41].

Despite the widespread application  of
reinforcement learning in control systems, its
computational inefficiency—mainly due to the
high-dimensional data processing—remains a
persistent obstacle. This challenge becomes even
more critical in time-sensitive and resource-limited
UAYV applications. To overcome this bottleneck, we
introduce a novel deep reinforcement learning-
based framework that reduces computational
complexity by limiting the number of variables
involved in the learning loop. Instead of using fixed
mathematical  relationships ~ for  designing
membership functions, the proposed method
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randomly samples parameter values within a
predefined range. Through deep Q-learning, the
agent evaluates each candidate configuration and
selects the set of parameters that yields the
maximum Q-value. These selected parameters are
then used to construct an optimized Fuzzy Inference
System Simulation results confirm that the
proposed DRL-based fuzzy tuning strategy achieves
significant performance improvements with lower
control effort.

Recent years (2022-2025) have witnessed
significant research on hybrid fuzzy and
reinforcement learning-based control strategies for
UAVs and related nonlinear systems. Notable works
include: Robust Fuzzy Q-Learning-Based Strictly
Negative Imaginary Tracking Controllers for
guadrotor stabilization [42]; a hierarchical Fuzzy
Actor—Critic combined with MPC framework for
pursuit-evasion control [43]; an adaptive fuzzy RL
cooperative method for flock system control under
dynamic  uncertainties  [44]; DDPG-based
reinforcement learning for online tuning of PID
gains in quadrotors [45]; deep reinforcement
learning with corrective feedback for autonomous
UAV landing on mobile platforms [46]; and RL-
enhanced PID tuning for CrazyFlie 2.X quadrotors
[47]. While these approaches demonstrate
promising improvements in adaptability and
performance, many rely on extensive computational
resources, require expert-designed membership
functions, or do not fully exploit interpretable fuzzy
structures. In contrast, the present study introduces
a novel framework that constrains the membership
function parameters via an upper-triangular
sampling structure and utilizes deep Q-learning to
efficiently select the optimal fuzzy PID gains. This
method  simultaneously  achieves  reduced
computational complexity, enhanced trajectory
tracking, and robust control performance,
distinguishing it from prior research

This paper is organized into six sections to
provide a clear and systematic presentation of the
work. Section 2 defines the problem and highlights
the challenges in UAV control. Section 3 details the
methodology, encompassing the fuzzy logic system
(3.1) with its control applications and PID gain
adjustment (3.1.1-3.1.2), the reinforcement learning
framework (3.2), the neural network including a
comprehensive description of the critic model (3.3—
3.3.1), the dynamic model of the aerial robot (3.4),
and the proposed fuzzy logic control algorithm
enhanced by Deep Q-learning (3.5). Section 4
presents extensive simulation results, demonstrating
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the effectiveness and advantages of the proposed
approach. Finally, Section 5 concludes the paper by
summarizing the key findings and emphasizing the
contributions of this study. This structured layout
guides the reader smoothly from theoretical
foundations to practical implementation and results,
ensuring a coherent and comprehensive
understanding of the proposed methodology.

2 PROBLEM DEFINITION

Achieving precise and robust control in nonlinear
systems such as UAVs demands the design of well-
tuned fuzzy inference systems . The effectiveness of
an FIS heavily depends on both its rule base and the
accurate selection of membership function
parameters. Traditionally, these parameters are
often determined through trial and error, which is
time-consuming and inefficient.

In this study, we propose a novel approach in
which the membership function parameters are
optimized using a deep reinforcement learning
algorithm, allowing the agent to autonomously
discover the optimal parameter configuration that
maximizes control performance. By reducing the
dimensionality of the input space and limiting the
number of candidate parameters entering the
learning process, we mitigate the computational
burden typically associated with reinforcement
learning. As a result, the constructed FIS operates
with fewer states, while maintaining or even
enhancing control quality.

To clarify the implementation framework, the design
procedure is explicitly described in subsequent sections.
It is also important to note that the UAV considered in
this work has a cross-shaped configuration (-|—), and its
control inputs are limited solely to rotor speed
modulation. The full specifications of the UAV platform
are detailed in Section 3.3.

3 METHODOLOGY

This study presents a hybrid control tuning strategy
that combines fuzzy inference systems (FIS) with
deep reinforcement learning to optimize UAV
control gains. The process starts with an exploration
phase. Membership function parameters are
randomly generated within predefined logical
bounds. These parameters define candidate PID
gains (K,, K4 and K;), which are applied to the
UAV model. System performance is measured using
a cumulative tracking error—based reward. Q-values
are then updated for each configuration. This stage



Deep Reinforcement Learning-Based Optimization of an Innovative Fuzzy

Inference System Structure for Quadrotor UAV Control

enables the efficient identification of high-
performing gain sets without exhaustive searches or
fixed analytical formulations.

After sufficient exploration data are obtained, the
framework enters the exploitation phase. A neural
network—based critic is introduced and trained on
the state—action-reward history from the fuzzy
phase. The critic predicts Q-values for newly
generated parameter sets. The configuration with the
highest predicted Q-value is chosen as optimal.
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These parameters are embedded into the K,.FIS,
K,.FIS and K;.FIS structures. The system then uses
these structures for real-time adaptive gain
adjustment in UAV control. The complete
workflow, as illustrated in Figure 1, offers a
structured methodology that balances exploration

efficiency, learning stability, and control
performance.
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Fig. 1. Overall framework of the propose approach

3.1 Fuzzy logic

3.1.1 Control based on fuzzy logic

Fuzzy logic control has demonstrated considerable
effectiveness in real-world applications, particularly
in systems where precise mathematical modeling is
difficult or impractical. This type of control relies
primarily on qualitative and heuristic knowledge
derived from human expertise, rather than detailed
system equations. In a fuzzy control system, the
available inputs often comprising  sensor
measurements, approximate system dynamics, and
experiential knowledge are encoded into a set of
linguistic rules formulated by domain experts. These
rules describe the control behavior in the form of “if-
then” statements and are implemented using fuzzy
inference mechanisms.

Unlike traditional control strategies that typically
require an accurate analytical model of the system,
fuzzy control operates independently of such
models. This model-free nature allows fuzzy
controllers to handle uncertainty, imprecision, and
partial knowledge more effectively. Therefore,
fuzzy logic is a valuable tool for controlling systems
that require human-like reasoning and adaptability,
particularly in cases where conventional model-
based methods are inadequate.

3.1.2 Gain adjustment of PID controller by
fuzzy method

Figure 3 illustrates the structure of a control system
that integrates a classical PID controller with a
fuzzy-based gain tuner [48]. In the proposed
approach, fuzzy inference systems (FIS) and a set of
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heuristic rules are utilized to dynamically compute
and adjust the PID gains. This configuration enables
adaptive tuning of the controller parameters in
response to changes in the system's behavior and

environmental conditions, as demonstrated
schematically in Figure 3.
> E,
- | fuzzification E
Fuzzy !o?‘
AK DK AK,
—"I" ) PID b System Om:

controller

Fig. 3. Schematic of fuzzy PID algorithm [48]

3.2 Reinforcement learning

Reinforcement Learning is a dynamic area within
machine learning that enables an autonomous agent
to discover an optimal control strategy by
interacting with its environment. The agent learns
through trial and error, aiming to maximize a
cumulative reward over time, without requiring an
explicit model of the system dynamics.

Unlike traditional control approaches that are
largely model-dependent, RL systems improve
performance by continuously collecting and analyzing
data generated through environmental interaction. One
of the defining aspects of RL is its temporal structure
learning unfolds over successive time steps.

One key characteristic distinguishing RL from
other machine learning approaches is its explicit
consideration of sequential decision-making over
time. The RL agent interacts with the environment
sequentially over time and at each time step t, this
happens: the agent receives a state s(t) from the state
space S, then according to a policy, an action A(t) It
chooses from the action space (A). It is a mapping
from the state s(t) (system state) to the required
actions (control commands). In Figure 2, you can
see a schematic of this Reinforcement learning
algorithm [49].

Keward K5 Reward function .
State .S'(t) . s
1S£ate S(t + 1)
Agent Environment

[ ! Action A(t) i

Fig. 2. Schematic of the Reinforcement Learning algorithm [49]
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3.3 Neural Network

To elevate the performance and adaptability of the
fuzzy reinforcement learning controller, a neural
network is integrated into the architecture,
transforming the approach into a deep
reinforcement learning (DRL) framework. Neural
networks possess powerful function
approximation capabilities, making them ideal for
modeling complex, nonlinear relationships in
dynamic environments. In this work, the neural
network is employed as a value function
approximator that estimates the Q-values—
expected cumulative rewards—for state-action
pairs. This replaces the traditional Q-table,
enabling the system to generalize across a
continuous or high-dimensional state space. The
inclusion of the neural network significantly
enhances learning accuracy and scalability,
allowing the controller to handle more intricate
system behaviors without an exponential increase
in computational complexity. As a result, the
fuzzy logic controller gains the advantages of
deep learning: improved precision, faster
convergence, and the ability to operate effectively
in environments with partial observability or
noise. This crucial addition transitions the control
paradigm from fuzzy reinforcement learning to
deep fuzzy reinforcement learning, yielding a
more robust and intelligent control system.

3.3.1 Critic Model Description

To approximate the Q-values corresponding to
selected fuzzy PID parameters, a feedforward
neural network was trained and employed as a
function approximator, effectively replacing the
Q-table used in conventional reinforcement
learning. The input to the network consists of nine
key parameters extracted from the fuzzy PID
controller's action vector (i.e., the proportional,
integral, and derivative gains from three main
control loops), while the output is the estimated
Q-value representing the quality of the
corresponding action.

The neural network comprises two hidden
layers with ten and five neurons respectively,
using the Levenberg-Marquardt (trainlm)
backpropagation algorithm for training. Figure 4
is a representation of this neural network.
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Input and target datasets were randomly
split into training and testing subsets, with 60%
of the data used for training. The loss function
minimized during training was the mean
squared error , and the training was configured
with early stopping criteria, a gradient
tolerance of 10718 and a goal performance of
1073%, The trained model was validated by
comparing its Q-value predictions with the
actual values from simulation data, yielding a
low estimation error, as shown in Figure 5.
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Fig 5. Neural critic Q-value prediction vs actual Q-values from selected actions

This neural critic model enables generalization
across unseen states and actions, improving stability
and learning efficiency in the fuzzy deep
reinforcement learning framework.

3.4 Dynamic model of aerial robot

A typical quadrotor aerial robot features an
cross-shaped structural frame equipped with four
rotors, each mounted at one of the four corners.
Each rotor is coupled with a propeller that
generates thrust. The configuration and
rotational directions of the propellers are
designed to maintain balance and generate the
desired motion. Figure 6 illustrates the rotational
directions of the propellers, as well as the roll,
pitch, and yaw movements of the quadrotor with
respect to both the body-fixed and inertial
reference frames [50].

Do

i~ & F,
F, Y Roll *1"
A VB :;::*::f"*{’i:: )
B B
Q, \\\ ZE
) N Ye
Lo
/ Ej
4 XE

Fig 6. A view of roll, pitch and yaw movement in body
coordinate system and inertial coordinate system [50]

According to the plant, a set of control signals is
obtained as follows:
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Where u; are the system inputs and £; are the
angular velocities of the four rotors, which by
inverting the matrix of coefficients in the above
relations, the angular velocity of the rotors
according to the control inputs is obtained as

follows:
9% o1 0 17w
0 _|-1 0 1 0| | ©)
2 |1-1 1-1 |us
lp2] L1 1 1 1] lus

Also, the equations of angular motion are
obtained by the Newton-Euler method as follows:
Where ¢ is the rotation angle around the x axis, @ is
the pitch angle around the y axis and # is the yaw
angle around the Z axis. Also, Iy, Iy and I, are the
moment of inertia of the body around 3 axes. I, b,
d, and | are respectively the moment of inertia of
rotor around the z axis, constant thrust coefficient
and constant drag coefficient and the length of each
moment arm. Also, 2 is the sum of the angular
velocities of the rotors and is obtained as follows:

Op = (01 +02; — 03+ 10,) (8)
Equations of translational motion are obtained by
Newton-Euler method as follows:

X = sin(0) cos(Pp) %u4 ©)
Y = —sin(d) %u4 (10)
7 = —g + cos(0) cos(d) %u4 (11)

In the above relationship, (X, Y, Z) represents the
position vector of the device in the inertial
coordinate system. m is the mass of the device
(including the equipment), g is the acceleration of
the earth's gravity, b is equal to the thrust coefficient.
Now we have the following values for other
coefficients:

I = 6.228e73
m = 0.52 ]y = 6.225e73
= =1.121e73
L =0.232 Iz (12)
D =75e"7 Jr=6e7°
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g =981 b =3.13e75

The desired path is a cylindrical path that has the
following equations:

X4 = sin(0.3t) (13)
Y; = 3cos(0.3t)
Zy =01t

3.5 Fuzzy logic control algorithm with the
benefit of Deep Q-learning

In the proposed methodology, a hybrid fuzzy-neural
framework is developed to enhance the parameter
optimization process of fuzzy inference systems
using Deep Q-learning (DQL). Unlike traditional
fuzzy Q-learning approaches, where the Q-value is
directly estimated based on fuzzy rules and actions,
the current approach incorporates a neural critic
network to evaluate and refine the fuzzy system'’s
outputs.

=1 Iy, Ib
$p=0p—L Lo, +—u, ®)
Ll
il S TP ©)
Iy Iy Iy
. Ie—1, d
W =0d XI y+1—u3 (7)
VA VA

In the proposed fuzzy logic control algorithm, the
membership functions are triangular, and the fuzzy
rules for computing the control gains K, K; and

K ;are presented in Figures 9-11, with the rule tables
positioned in the upper right corner of each Figure
for clarity.

Initially, a set of membership function
parameters is randomly generated within a
predefined interval, forming upper-triangular
parameter matrices for the input and output
membership functions. These parameters are used to
construct fuzzy inference systems for each control
gain—namely K, K; and K;.

The corresponding control performance is
evaluated by simulating the UAV dynamics, and a
reward function is computed based on the average
absolute position error in the x, y, and z directions.

The key novelty lies in the two-level evaluation
of Q-values. First, the Q-values are estimated based
on fuzzy system behavior via Bellman’s recursive
equation. Then, these Q-values, along with their
associated state-action pairs, are used to train a
neural critic network. After a certain number of
iterations, the neural network replaces the traditional
Q-table, providing more generalized and data-driven
Q-value estimations.
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By comparing the Q-values predicted by the
neural critic with those obtained from the fuzzy Q-
learning module, the action (i.e., set of membership
function parameters) yielding the highest Q-value is
selected. The corresponding random variables that
produced these optimal actions are then stored and
used to generate the final FIS files (i.e., K,.FIS,
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leveraging a neural critic, the system achieves better
generalization in estimating the optimal actions,
especially in complex and high-dimensional state-
action spaces typical of UAV control problems.

In the following, the proposed algorithm is
explained in detail. The developed control algorithm
is based on a hybrid integration of fuzzy logic and

deep reinforcement learning , aiming to optimize the
fuzzy membership function parameters that generate
the PID controller gains. The overall procedure
consists of both an exploration phase using fuzzy
logic and an exploitation phase enhanced by a critic
neural network. The process of this algorithm is
illustrated in Figure 7:

K, .FIS and K;.FIS), which are subsequently applied
to compute the fuzzy PID control gains.

This deep reinforcement learning-enhanced
fuzzy control scheme offers a substantial
improvement over previous Q-learning fuzzy
control methods, both in terms of control
performance and computational efficiency. By

Initialization

Define initial values for the hyperparameters: exploration rate
(€), number of training episodes. and learning constants

.

Fuzzy Data Generation
In each training episode, a fuzzy inference system is used to produce
the control gains

!

Reward Evaluation
Apply control gains to the UAV and compute cumulative
tracking error in position

Y lx = x4l + |y = yal + |z = 24l
=( N )

l

Fuzzy Q-Update
Q(N) « Q(N) + 1/N(R(N) = Q(N))

v

R

Reached episode
v threshold?

Critic Evaluation and Param eter Selection
The critic network evaluates the quality of newly
generated PID gains using fuzzy membership
parameters

Critic Integration
Train neural network (critic) using
accumulated data

’ e END T

Fig 7. Flowchart of the Proposed Deep Q-Learning with Fuzzy Logic Algorithm
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In the Figure 8 the performance of the intelligent fuzzy controller or the developed fuzzy Deep Q- learning
are shown:
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Fig 8. General flowchart of system performance and the role of Fuzzy Deep Q learning

Deep Reinforcement learning affects the fuzzy which in the previous Figure shows its role. For
inference system. To be more precise, we have three better understanding of the designed algorithm, the
fuzzy inference systems: K, .FIS, K,.FIS and K;.FIS, process of producing these system FIS is shown in

the Figures 9-11.
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Fig 9. Flowchart of reducing the K,,.FIS membership parameters variable
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Fig 11. Flowchart of variable reduction of membership parameters K;.FIS

we have two inputs and one output to produce each
fuzzy inference system. Each input has seven
membership functions. Each membership function
has three starting, middle, and end points. the type

of member function is trimf. The relationships
between the parameters are in the form of a
triangular upper matrix. According to the proposed
algorithm, by  defining  four  parameters
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(V1, V5, V3, V,), twenty one parameter (for example,
in Figure 8, the parameters a, b, ¢, d, e, f, g, h, I, j, k,
I,m,n,o,p q,rs,t u) values can be obtained.

It is possible to reduce the variables by generating
1 random number and finding the relationship
between the four existing variables. So, the fuzzy
inference system can be obtained for each value of
K, K; and K;. We have shown all the cases
mentioned in the above text in Figures 6-8.

According to the process illustrated in the flowchart
(shown in Figure 8), a set of nine parameters (X, Y, Z,
A B, D, G, H, V) is initially generated through a
randomized mechanism. These parameters define the
structure of the fuzzy inference system , which is
subsequently used to compute the corresponding
control gains. Using the predefined reward function, a
reward value is calculated for each generated FIS
configuration. Thereafter, the Q-value for the
corresponding state-action pair is updated based on the
Bellman equation.

This procedure is repeated over multiple
iterations to construct a comprehensive training
dataset. During each iteration, a database entry
consisting of the tuple (Q, X, Y, Z, A, B, D, G, H,
V) is stored. After accumulating sufficient training
data, a neural network—referred to as the critic
network—is designed and trained to approximate
the Q-value function. From this point onward, newly
generated random parameter sets are evaluated by
the neural network to estimate their associated
action-value (Q) functions.

Ultimately, the parameter set that yields the
highest Q-value is selected and stored. The
corresponding fuzzy inference systems derived
from this optimal configuration are then finalized
and integrated into the fuzzy PID controller. This
methodology enables an intelligent selection of
control parameters by combining the exploratory
power of fuzzy logic with the evaluative strength
of deep reinforcement learning.

In general in the proposed hybrid fuzzy-deep Q-
learning methodology, the PID gains (kp, kd and ki)
are calculated through a two-phase procedure
combining fuzzy logic-based exploration and deep
Q-learning-based exploitation. Initially, candidate
PID gains are generated by constructing fuzzy
inference systems with triangular membership
functions (trimf), where each input has seven
membership functions and each membership
function is defined by three points (start, middle,
end). The parameters are organized in an upper-
triangular structure, and a small set of random

Fatemeh khajemohammadi and Jafar Roshanian

variables is used to generate all necessary FIS
parameters. For each generated FIS, the UAV
dynamics are simulated and a reward function based
on the cumulative absolute position error in x, y, and
z axes is calculated. The Q-values corresponding to
each state-action pair are updated using the Bellman
equation.

After multiple iterations and the accumulation of
sufficient state-action-reward data, a neural critic
network is trained to predict Q-values for newly
generated random parameter sets. The parameter set
producing the highest predicted Q-value is selected
as optimal, and the corresponding fuzzy inference
systems (K_p.FIS, K_d.FIS, K_i.FIS) are finalized.
These optimized FISs are then used for real-time
calculation of PID gains in the intelligent control of
the quadrotor UAV. This approach combines the
exploratory power of fuzzy logic with the evaluative
capability of deep reinforcement learning, enabling
automatic, adaptive, and optimal selection of control
parameters.

To clarify the optimization results, the optimal
parameters of the fuzzy membership functions are
explicitly provided here. As described in the
methodology, the random variables
(X,Y,Z,AB,D,G,H,V) define the structure of the
fuzzy inference systems. After training with deep Q-
learning, the optimal set of these variables is
obtained. From this set, the start, middle, and end
points of each triangular membership function are
calculated, thereby defining the complete fuzzy
inference systems for kp, kd and ki.

The optimized membership functions are shown
in Figures 8-10, where each curve corresponds to
one of the seven triangular functions for the
respective input variables. These Figures illustrate
how the optimal parameters generate the final fuzzy
partitions, ensuring both smooth coverage of the
input space and effective adaptation of the PID
gains. Thus, the final fuzzy inference systems—
optimized by the proposed hybrid fuzzy—deep Q-
learning algorithm—provide the adaptive values of
kp, kd and ki in real time during UAV control.

4 SIMULATION

Simulations are performed in  MathWorks
MATLAB R2019a on a desktop computer with an
Intel® Core™ i7 processor and 8 GB of RAM. The
proposed fuzzy—PID controller, enhanced via deep
reinforcement learning—based tuning of membership
function parameters, is compared against a baseline
fuzzy—PID controller under identical conditions.
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The results, demonstrating precise path tracking
and rapid convergence to the desired trajectory,
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accuracy and robustness of the control strategy.
Key performance indicators such as attitude,

are summarized in Figures 12-15. These Figures position, control effort, and the three-
illustrate the UAV’s close adherence to the dimensional trajectory are also depicted.
predefined flight path with minimal overshoot
and steady-state error, highlighting the high
3D Path of UAV
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Fig 12. Three-Dimensional UAV Trajectory Relative to the Reference Path
0 |
Tt ab =—UAV Path with DRL | |
< =——Desired Path of UAV
2 | I I | I I
0 1 2 3 4 5 6 7 8 9 10
Time (s)
e —
_ 2 =—=UAV Path with DRL ||
E or \_Desired Path of UAV ||
>
2 -
0 1 2 3 4 5 6 7 8 9 10
Time (s)
2
E1 5 L N .
;I’ . =—=UAV Path with DRL
===Desired Path of UAV
1 L | L
0 1 2 3 4 5 6 7 8 9 10

Time (s)

Fig 13. UAV Trajectory in X, y, and z over Time Relative to the Reference Path
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Fig 15. The amount of control effort required to follow the reference path by the UAV

Figures 16 through 19 illustrate a comparative
analysis of the control effort exerted by the UAV
under three distinct control strategies: the
conventional fuzzy-PID controller, the fuzzy-PID
controller enhanced with reinforcement learning,
and the fuzzy-PID controller further optimized via
deep reinforcement learning. The results clearly

demonstrate a progressive reduction in control
effort with the incorporation of learning-based
enhancements. Notably, the application of deep
reinforcement learning yields the most substantial
improvement, indicating its effectiveness in
optimizing control performance
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As illustrated in Figures 16 to 19, the primary
objective of the proposed approach is to enhance control
effort. The results clearly show a significant improvement
in control effort compared to the baseline.

To vividly demonstrate the impact of the learning
process on the fuzzy inference system, Figures 20
and 21 present the 3D fuzzy rule surfaces for the
membership function parameters. For illustration,
only one fuzzy inference system—specifically
Kd.FIS—is shown. Figure 20 depicts the scenario
with randomly generated input membership
function parameters, while Figure 21 illustrates the

same system after applying deep reinforcement
learning, where the parameters have been optimized.
These visualizations not only highlight how the
learning process refines and adjusts the membership
function parameters, but also provide direct insight
into the mapping from input variables to control
gains. The numerical values of the input
membership parameters are clearly observable in
both Figures, offering a precise and intuitive
understanding of the optimization achieved, thereby
emphasizing the value and effectiveness of the
proposed approach.
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Fig 20-a. Fuzzy Membership function plots with Randomly Generated Input Membership Function Parameters
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5 CONCLUSION

This study has presented a novel method for
determining the membership function parameters in fuzzy

inference systems. This method significantly
enhances the performance of fuzzy intelligent
controllers by integrating deep reinforcement
learning, which optimizes the parameter selection
process. Traditionally, the parameters were
determined through experimental methods, where
researchers would iteratively adjust rules and
consider all variables without reducing their scope.
However, in our approach, we have reduced the
number of variables involved, which leads to faster
computations and fewer repetitions. As a result,
the learning algorithm’s speed improves
significantly.

This novel approach not only accelerates the
learning process but also enhances the control
behavior of the fuzzy intelligent system. By
optimizing the control gains, this method provides
superior performance compared to previous
methods, resulting in a substantial reduction in
control effort while maintaining precise movement
towards the desired reference path. Furthermore,
the introduction of deep reinforcement learning in
our algorithm adds a layer of complexity and

flexibility, allowing the system to learn more
efficiently and adapt to dynamic environments.

In the future, we could also involve modifying
the reward functions, membership functions, and
inference rules within the fuzzy system to further
optimize the control strategy and adapt to a
broader range of complex scenarios.
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