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ABSTRACT

Quadcopter is a very popular technology because it is flexible in movement and has high ma-
neuverability. However, Quadcopter has challenges in maintaining flight stability and trajectory
stability in changing environments. The Proportional-Integral-Derivative (PID) control is less
responsive because the parameters are set manually. Previous studies have attempted to com-
bine Fuzzy-PID with Extended Kalman Filter (EKF). Previous approaches improved control
but remained sensitive to disturbances. This study proposes an EKF-based Fuzzy-PID control
where the PID parameters are adjusted automatically using Fuzzy and EKF functions to adjust
the Fuzzy parameters adaptively. The proposed control method minimizes angular and linear
errors under various conditions. From the simulation, the system is able to follow the refer-
ence with high precision, with position errors of x, y, z axis are 0.15 m, 0.12 m, and 0.10 m
respectively. The low z-axis error indicates stable altitude control. Under disturbances, the av-
erage position error increases by only about 0.09 m on each axis. It shows that the EKF-based
Fuzzy-PID controller has effective and adaptive performance in uncertain environments.
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1. Introduction

Fuzzy control is often used for uncertain and nonlinear systems (Pandey et al. 2022), so this
control can be used as an alternative to designing a simple but effective control system (Sahin
& Ulu 2023). Fuzzy logic can be used for complex nonlinear systems (Mardlijah et al. 2023),
but fuzzy has disadvantages, such as being slow in achieving the desired response time and os-
cillations that cannot be eliminated. The problems caused by fuzzy logic can be overcome using
PID (Nguyen et al. 2025; Zhu et al. 2022). The PID controllers help each other by combining
the values of Ki, Kp, and Kd to obtain a stable output response and minimize oscillations at the
set point (Issa et al. 2025; Wang et al. 2022). Here, proportional gain (Kp) is used to give a
direct response to the the current error, integral gain (Ki) is used to eliminate long-term errors
by accumulating the values of previous error, while derivative gain (Kd) is used to dampen rapid
changes in errors, thus it results in a more stable system. Fuzzy and PID combination needs to
be done so that the system is able to minimize errors, get the desired set point, and be able to
get a faster response time to stabilize the system even though it is disturbed.

In recent periods, Fuzzy-PID has been the focus of several researchers in many fields (Nguyen
et al. 2025; He et al. 2025; Aydenlou & Subasi 2025). However, it has weaknesses. The first
weakness is the problem of parameter tuning in the controller (Somwanshi et al. 2019). Manual
adjustment is still done in the research, so it is difficult to apply in various operating conditions.
This limits the ability of the controller to be used widely in dynamic environments. The second
weakness is that there is no pattern for adjusting the input-output of fuzzy systems (Arghavani
et al. 2017). As aresult, the system becomes less reliable in the face of uncertainty or nonlinear
characteristics. This is because the mapping between system conditions and controller actions
becomes inconsistent when the environment changes. The last weakness is the weakness in
defining optimal rules, which results in limited controller effectiveness (Taghavifar 2021). This
problem becomes more complex as the number of rules increases, increasing the complexity of
the system without guaranteeing performance improvement. The rule base is unable to respond
effectively to disturbances in real time without an adaptive implementation.
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A method for adjusting membership functions (MFs) is needed to decrease errors and en-
hance stability. One of the effective methods for improving fuzzy logic performance is the
Extended Kalman Filter (EKF) (Sahin & Ulu 2023; Oloo 2021; Odry et al. 2020). Research by
Szedlak-Stinean et al. (2022) utilized the Extended Kalman Filter and a Takagi-Sugeno Fuzzy
Observer to validate the two nonlinear estimation approaches. Gautam and Ha (2013) discussed
Fuzzy-PID control based on EKF on Quadcopter and Zaman et al. (2025) applied Hybrid Ex-
tended Kalman Filter and Fuzzy Logic System for Autonomous Surface Ships, however, their
methods still depend on fixed membership function. In contrast, this study uses EKF to set
adaptability the parameters of fuzzy, and then the self-tuning fuzzy was used to obtain the PID
gain, providing a better trajectory control in unpredictable environments. In addition, Honarbari
et al. (2021) applied the strategy of maximum power point tracking by using EKF to determine
unpredictable parameters and by using fuzzy logic control to control generator speed.

Although EKF has been widely used with fuzzy, the method still needs to be further devel-
oped. Seeing the importance of improving control performance, this study develops a Fuzzy-
PID control design where the Fuzzy-PID parameter setting uses a robust Extended Kalman
Filter, which produces a stable response to a changing environment. In this study, fuzzy param-
eters were estimated using the EKF algorithm, and the results of fuzzy parameter tuning were
used to adjust the PID gain. Before estimating the state using EKF, the measurement model
need to be linearized.

The novelty of this research lies in the development of a Fuzzy-PID controller with automatic
tuning integrated with the Extended Kalman Filter (EKF) to improve the stability and control
of the quadcopter trajectory under disturbance conditions. Different from previous studies,
this method does not depend on either physical sensors or Global Positioning System (GPS) but
uses state estimation through EKF and applies fuzzy logic to dynamically adjust PID parameters
based on errors from 12 state variables. This integration enhances robust and adaptive control
performance in uncertain environments.

The literature review in this section is structured thematically, covering preliminary studies
on the application of conventional PID control on quadcopters, the development of fuzzy logic-
based controllers to improve system adaptability, and the application of EKF in state estimation.
Furthermore, the previously developed combination of Fuzzy-PID and EKF is discussed to
demonstrate the uniqueness of the method proposed in this study.

The paper contains: First, it presents the introduction. Second, it expresses the detailed
kinematics and dynamics model of quadcopter. Third, it explains the control system of Fuzzy-
PID based on EKF. Fourth, it displays the results. The last is conclusion and recommendations
for further research.

2. Mathematical Model

In this paper, a quadcopter drone is chosen as the research subject. Quadcopter is assumed as:

(1) The equation of motion formulated in quadcopter is body-fixed.

(2) The axis of body frame is located on the axis of inertia central.

(3) The motion of the quadcopter is observed while hovering.

(4) The quadcopter is observed while loading the load but is not observed until sending the
goods.

(5) The payload is solid with a maximum mass of 5 kg.

(6) The payload is placed below and attached to the quadcopter.

(7) The controlled motion is the quadcopter maneuver motion, namely the angular velocity,
the linear velocity, and acceleration.

From the Euler and Newton’s second law, the following linear and angular equations are
obtained (Abdelhay & Zakriti 2019). The subscript symbol "B’ in Egs. (1)-(2) indicates that the
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Figure 1: Coordinate on quadcopter (Chang et al. 2024).

frame of reference is the body-frame (B-frame), attached to the body of the quadcopter.

FB = mIo® + w? x mo® (1)

B = 168 + WP x TwP ()

where F'Z notates the force (N); 72 express the torque (Nm); m symbolize the quadcopter
mass (kg); the quadcopter linear and angular velocity are notated as v” and w®; I describes
the quadcopter inertia matrix (Nms?).

Earth and body frame are required to define quadcopter state when the kinematic describes.
The matrix of rotation is written in Eq. (3).

CypCo  —SyCy + CpSaSep  SySe + CySeSe
Ro = [syco  CyCy+ 8pSeCy  —CySgp + SySeCe 3)
—5¢ CoS¢ CHCy

Furthermore, the transformation matrix is described in the following equation.

1 S¢t9 Cd)tg
Toe= 1|0 ¢ —s¢ )
0 3¢ Co
Co Co

Symbol s, ¢, and ¢ are the notations for the trigonometric functions sin, cos, and tan. Symbol
@, 0, indicate roll, pitch and yaw angle, respectively. The coordinate transformation on the
quadcopter is displayed in Figure 1.

The direction of the quadcopter’s motion is affected by the velocity of its four rotors. The
difference in rotor velocity affects the amount of lift and torque. Then, U is defined as the total
thrust, Uy notates the roll torques, Us represents the pitch torques, and U4 describes the yaw
torques formed by the propeller rotation. The equations are written as follows.

Uy Ce(2 + Q3+ Q2+ 02)
Us| _ Cil(—Q3 + Q2) 5)
Us Cil(—Q2 + Q2)

Ul LCm(—Q3 + Q3 — 03+ 0F)

The length between the rotor to the center of the quadcopter is symboled as [; C; expresses
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thrust coefficient; C), is the moment coefficient; and €; is the rotational velocity of each four
rotors. The speeds of the four propellers are described as follows.

Q=Q+ Q-0 — Q3 (6)

The kinematic equations for the translation motion of the quadcopter in the E-frame is ob-
tained from rotation matrix multiplication in Eq. (3) with vector (u, v, w), which is written as
below.

Y = usyCy + v(cyCh + 5950Ch) + W(—CySy + Sy5ece) (7)

{ T = ucyco + v(—8yCy + Cp5eSe) + W(SySe + CySeSe)
Z = —usp + vceSy + wcpcy

The multiplication of translation matrix in Eq. (4) and vector (p, ¢, r) result in the kinematic
equations for the angular motion of the quadcopter in the E-frame coordinate system.

?5 =P+ qSety + repte

0 = qcy — sy (8)
i S c

o=a

The variables u, v, w and p, ¢, r represent the velocities of linear and angular in three

directions in the B-frame coordinate system; symbol z, y, 2 and qb, 9 1[) are the linear velocities
and angular velocities in the E-frame.

Dynamic model in B-frame coordinate system, which consists of force and torque equations
expressed in Egs. (1) and (2), is described in more detail in these equations.

U= vr —wq + gsg
U = wWp — Ur — geese . )]
W =uq —vp — gcysg + -

p= (Iy_ )qr— ]TqQ—i-%
= (I_ )pr+ I"‘pQ—i—% 10)
=k _I Ll pg 4 G

Parameter J, represents the rotor moment of inertia; I illustrate the inertia moment about
the three axes; m is the quadcopter mass; U;,Us,U3,Uy is the trhust and torque expresses in
Eq. (5); and 2 is the velocity of propellers described in Eq. (6).Then, the parameter values used
in the quadcopter system are adopted from Chang et al. (2024).

The kinematic and dynamic models in Egs. (7)-(10) are changed into X = f(X,U) state
space. The state vector X represents the system condition and consists of 12 variables, namely
linear position (z, y, z), linear velocity (u, v, w), angular velocity (p, g, r), and angular position
roll, pitch, yaw (¢, 0,1). The control input vector U consist of the main control signals: U1
(thrust), U2 (roll torque), U3 (pitch torque), and U4 (yaw torque). The vectors X as well as U
are defined in following equations.

X=[z y 2z uwvwpgqgr ¢ 0 7T (11
U=[U Uy, Us U* (12)
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Table 1: Stability time

State T y z U v w P q r 10} 0 P
Time 396 332 553 434 360 7.09 208 388 3.63 329 359 328

then, the vector X in Eq. (11) is assumed to be
X=[x1 x 3 24 25 6 ¥7 Ts 9 Tio T11 12" (13)

After the system is changed into X, the following process is to obtain a linear system of
equations. Linearization of the system can be done through Taylor series expansion around the
equilibrium point. According to Mellodge (2016), the general form of Taylor series expansion
up to order IV involves the Jacobian matrix and is written as follow.

ofi .. Oh
8X1 6XN
JX)=|
Ofn ... Ofw
8X1 aXN

A quadcopter’s linearized dynamic system modeling is written below

X = AX + BU, (14)
Y = CX + DU, (15)

where X is the state vector represented in Eq. (13), X is the derivative of the state vector, U
is the vector of input represented in Eq. (12), Y is the vector of output, and A, B, C, and D
are the system dynamics matrix, input matrix, output matrix, and direct transmission matrix,
respectively.

After the linearization results are obtained, a system analysis will be carried out in the form
of a test of stability, controllability, and observability. Stability analysis is critical to determine
whether the system remains in a safe condition under the influence of the designed control.
The controllability test determines whether the system can be moved as desired. At the same
time, the observability test helps assess whether the system can be estimated from the measured
output.

In deciding the system stability, we can use the roots A of the system obtained from the
matrix A in Eq. (14). In this study, stability analysis was carried out using the eigenvalue
approach presented as follows (Jiang 2022).

det(\T — A) =0 (16)

By using Eq. (16), it is obtained that the eigenvalue is 0 with an algebraic multiplicity of 12
and a geometric multiplicity of 12. Conditions for a stable system (Wang ef al. 2017): 1) real
eigenvalues are zero, 2) algebraic multiplicity equals geometric multiplicity. Since it meets both
criteria, so the system is stable. The results of this stability also match the Figure 2 in which
the stability time is shown in the Table 1. Figure 2 illustrates that the state vector x consisted of
12 variables reaches stability after few seconds. Details of the stability time (in second) of each
state are shown in the Table 1.

The controllability test requires matrices A and B obtained from Eq. (14) and can be checked
by this controllability matrix (Lalwani et al. 2006).

M.=[B AB A?B .. A''B] (17)
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Stability of Each Variable

State Variables

Time [s]

Figure 2: System stability

By using Eq. (17), we obtain the rank M, = 12, which is same as state vector order. There-
fore, the dynamic system can be controlled.

Matrices A and C from Eq. (14) and (15) are needed for the observability test. The observ-
ability is analyzed by finding the rank of the observability matrix expressed below (Lalwani
et al. 2006).

M,=[C CA cA* .. CcAYT (18)

Based on the formula in Eq. (18), the value of rank is 12, so it can be concluded that the
system can be observed. Since it is stable, controlled, and observed, it can be guaranteed to be
controlled and monitored effectively so that control design and estimation can be applied.

3. Control System Architecture

After obtaining mathematical models, it is possible to design Fuzzy-PID controllers and EKF
in a Simulink block to stabilize the quadcopter position. Designing the control system requires
identifying the manipulable signals. In order to obtain optimal response results, the control
parameters are tuning so that the output response is obtained as expected when determining
the design criteria. PID gain is tuned by using fuzzy. The parameter of fuzzy is estimated
by utilizing EKF. To test the control design, a disturbance is required when the quadcopter
is traveling along the track. This aims to determine the response results from the quadcopter
when it is disturbed whether it can still maintain its attitude while traveling along the trajectory
or vice versa. In the simulation, a random disturbance type resembles wind to represent the
continuous turbulence of the environment. This disturbance is more suitable for those that occur
continuously rather than momentary disturbances such as steps or impulses. The disturbance
is applied to all translational and rotational acceleration axes to represent realistic quadcopter
flight conditions.

In the waypoint navigation system, the attitude and position are stabilized using Fuzzy-PID.
The method of tuning here is used to determine Kp, Ki, and Kd parameters. Because the plant
parameters are always changing according to the situation, the Fuzzy-PID here is expected to
be able to maintain the stability of the quadcopter’s motion when doing lateral motion, along
the desired trajectory. The block of Fuzzy-PID controller is shown in Figure 3.

In the Fuzzy-PID, the inputs of fuzzy is error signal e(¢) and the derivative of the error de(t)
while the outputs is gains of PID (Kp, Ki, Kd). According to Nippatla and Mandava (2025),
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Figure 3: The Fuzzy-PID
PID control is defined as
de(t
u(t) = Ke(t) + K, / e(t)dt + Ky d(t>. (19)

The parameter Kp, Ki, Kd are tuned based on the error and its derivative by using a fuzzy
inference system. The fuzzy system uses triangular membership functions and 3x3-based fuzzy
rules to adaptively determine control parameter values.

The input error value range is [-0.5 0.5] and [-0.025 0.025] for the derivative of the error.
This range is the plant error limit which is designed from the fuzzy systematic method, so that
later when the system is running, the controller keep the stability of the quadcopter’s motion.
The fuzzy inputs use a triangular membership function. The input variables e(t) and de(t) used
are tree fuzzy set members, namely NB(Negative Big), N(Netral), and PB(Positive Big). In
designing the controller, 9 fuzzy rule bases have been obtained for the tree members of the set.
Referring to Truong and Ahn (2011) and Gautam and Ha (2013), Fuzzy-PID control uses trian-
gular membership function because it is simple and commonly used. Although the initial fuzzy
rules are designed manually, further adjustments are made adaptively by the EKF algorithm
which updates the scale and influence of each rule and membership function. This is intended
to reduce subjectivity and improve the adaptive performance of the system in dealing with un-
certain conditions. The range of output parameter variables is Kp =[0.9;1.1], Ki =[0.9;1.1], and
Kd=[0.9;1.1]. The parameters range are tuned by using PID simulation to get a possible rule
base with efficiency. The output variables gain Kp, gain Ki, and gain Kd used are tree mem-
bers of fuzzy support set. The membership functions for the controller parameter values Kp,
Ki, and Kd have the same characteristics of mapping variables, namely PS (Positive Small), P
(Positive), and PB (Positive Big).

The fuzzy parameter is estimated by EKF. The signal tracking is from the input reference
trajectory. EKF estimates the state = using the v input system and y output system. The esti-
mated state of system x is linear and angular position as well as linear and angular velocity. For
more detail, the algorithm of EKF is illustrated in Figure 4. After estimating the state, the next
process calculates the optimal control using the Linear Quadratic Regulator (LQR) method.
LQR is defined as a state-feedback-based controller that is capable of minimizing the cost func-
tion to achieve optimal performance. Then, the signal and its derivative on the tracking setpoint
are differentiated with two estimated states to gain the signal of error e and é. These signals
are back processed into Fuzzy-PID to calculate the input of control u. The structure of EKF is
illustrated in Figure 5.
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Figure 4: Extended Kalman Filter algorithm flowchart (Iza et al. 2022)
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Figure 5: The structure of EKF

4. Experiments and Results

The system control simulation in this study uses Matlab software. The combination of Fuzzy-
PID Controller and EKF are designed by using Simulink, demonstrated in Figure 6. The u
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Figure 7: Reference path - circle on a horizontal plane: (a) 3D, (b) zy, (c) xz

control in the system is intended to get output as close as possible to the desired reference.
The target position and trajectory in this study are viewed in Figure 7. Figures 8-12 show
the performance of Fuzzy-PID controller based EKF. In order to evaluate the control system
robustness, an external disturbance is applied to all translational and rotational states of the
quadcopter in the form of a Gaussian random signal with a mean of zero, a variance of 1, and a
sample time of 0.01 seconds. This stochastic disturbance is applied in all simulation scenarios
shown in Figures 8-12.

Linier Movement on 3-D Space Linier Movement on 3-D Space with Disturbance

Reference
" | w— ) zzyPID

-Reference
: = FuzzyPID
| ===EKF-FuzzyPID || :

+| ===EKF-FuzzyPID |

[
[

y[m] B4 ) x [m] y[m] 54 ) x [m]
(@) (b)

Figure 8: Trajectory tracking on 3D: (a) without disturbance, (b) with disturbance

The performance of the EKF-FuzzyPID control system in three-dimensional space is demon-
strated in Figure 8. In Figure 8a, a condition without disturbance, the EKF-FuzzyPID control
system can follow the reference trajectory precisely. The position error for the X,y,z axis are
0.15m, 0.12 m, and 0.10 m respectively. On the other hand, Figure 8b illustrates the perfor-
mance of the control system with disturbance. Although deviation increase at the beginning,
the control system adapt quickly and returns to reach the reference. The average position error
increases for about 0.09 m for each axis.

Figure 9 shows that the EKF-FuzzyPID control system on the quadcopter has various perfor-
mance depending on the disturbance applied. In the undisturbed condition, the overshoot of the
yaw angle is relatively small (2.5050%) and the settling time is 16.7819 seconds. The steady-
state errors for roll, pitch, and yaw are 0.3585, 0.1000, and 0.0031, respectively, meaning that
the system is able to reach the reference value with a small final error, especially in the yaw
angle. However, in the disturbed condition, the overshoot of roll and pitch remains undefined
(Inf), while the overshoot of yaw increases significantly to 22.2782%, indicating the sensitivity
of the system to disturbances. The settling time for all angles is undefined (NaN), indicating
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that the system has difficulty in achieving stability under disturbed conditions. However, the
steady-state error at all three angles decreases compared to the undisturbed condition, which is
0.2734 for roll, 0.0655 for pitch, and 0.0584 for yaw. This shows that even though the system
has large overshoot and undefined settling time under disturbed conditions, the system can still
achieve smaller steady-state errors in roll and pitch, but experiences an increase in error in yaw.

In the case without disturbance (Fig. 9a—c), EKF-Fuzzy-PID has a much smaller overshoot
than conventional Fuzzy-PID. For example, in Figure 9a (Roll), the overshoot of Fuzzy-PID
is estimated to be about 3.5 rad, more than 4 times that of EKF-Fuzzy-PID which is only 0.8
rad. From the aspect of settling time, Fuzzy-PID does not seem to achieve stability in all
cases, while EKF-Fuzzy-PID is able to reach a steady state in a relatively short time, although
the disturbance is not completely eliminated. The final error in Fuzzy-PID is relatively high
due to the continuous oscillation, while in EKF-Fuzzy-PID, the error value at the end point
is much smaller and tends to converge closer to the reference value. In terms of quality, the
response of EKF-Fuzzy-PID is much smoother without sharp oscillations, as shown by Fuzzy-
PID. The disturbance rejection capability is also seen in Figure 9d—f, where the EKF-Fuzzy-PID
is able to return to the reference quickly with minimal oscillation, while the Fuzzy-PID remains
oscillating and fails to stabilize.

The EKF-Fuzzy-PID control analysis at the angular velocity of the quadcopter shown in
Figure 10 shows significant differences between the conditions without disturbance and with
disturbance. In the undisturbed system, the overshoot at the angular velocity is undefined (Inf),
indicating an uncontrolled response at the initial stage. The settling time for roll is 19.9389
seconds, indicating the time for the system to attain a stable state, while the settling time for
pitch and yaw is undefined (NaN), indicating instability or difficulty in achieving stability at
both angles. The steady-state errors for roll, pitch, and yaw are 0.0990, 0.3581, and 0.1546,
reflecting the error at steady state with a relatively small value for roll, but larger for pitch and
yaw. In the condition with disturbance, the overshoot remains undefined (Inf) at all three angles,
but the settling time for roll is slightly better with a value of 19.8944 seconds, which is almost
the same as the undisturbed condition. Settling time for pitch and yaw is still undefined. Steady-
state error for roll increases to 0.1422, for pitch to 0.3153, and for yaw decreases to 0.0881,
indicating that although disturbances increase steady-state errors in roll and pitch, yaw shows
improved performance with smaller steady-state errors. Overall, although the EKF-FuzzyPID
system is not completely stable under disturbance conditions, it still shows the ability to reduce
steady-state errors, especially in yaw.

In visual observation under undisturbed conditions (Fig. 10a—c), Fuzzy-PID controller shows
large fluctuations in all angular velocity components, reflecting a rough and less stable response.
In contrast, the EKF-Fuzzy-PID (pink line) consistently produces a smoother response, with
smaller oscillation amplitudes and closer to the reference. The EKF-Fuzzy-PID response also
moves to the reference faster and has lower noise compared to the Fuzzy-PID, which shows
sharp fluctuations. Under disturbed conditions (Fig. 10d—f), the EKF-Fuzzy-PID control is
proven to be more robust to disturbances: the system remains close to the reference with mini-
mal variation, although there is a transient peak immediately after the disturbance is applied.

Figure 11 shows the performance of the EKF-FuzzyPID control system at x, y, and z posi-
tions that vary depending on the disturbance conditions. In the undisturbed system, the over-
shoots are 0.2804% in x, 123.7691% in y, and 1.1578% in z, with the y-axis showing very high
overshoot, indicating a very uncontrolled system response in that axis. The settling times are
undefined (NaN) in the x and y axes, indicating instability or difficulty in reaching a steady state
in both axes. However, the settling time for z is 8.5175 seconds, indicating that the system is
quite capable of achieving stability in the z axis even though the fault still exists. The steady-
state errors are 2.7063, 1.8960, and 0.0082 for thee axis, indicating relatively large final position
errors in the x and y axes, while in the z axis, the steady-state error is very small, indicating
more accurate control of the position. Under the disturbance condition, the overshoot in all three
axes increases, with x becoming 4.0022%, y becoming 128.9149%, and z becoming 3.0951%,
indicating that the disturbance causes the system response to be more extreme, especially in y.
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The settling time for the x as well as y remains undefined (NaN), but the settling time for z in-
creases to 19.7341 seconds, indicating that the disturbance worsens the time required to achieve
stability in the z axis. Steady-state errors in x, y, and z slightly increased to 2.7114, 1.8128,
and 0.0494, respectively, reflecting that the perturbation worsened the final position error in all
axes, although the z-axis still performed better than x and y. Overall, although the system was
able to control the position better in the z-axis, the perturbation worsened the performance in
the other axes, both in overshoot and steady-state error.

Additional analysis of Figure 11 shows that on the x-axis (Fig. 11a and 11d), both Fuzzy-PID
and EKF-Fuzzy-PID show amplitudes of about 4 meters with nearly identical frequencies ( 0.15
Hz); however, Fuzzy-PID lags behind the reference by about 1.5 seconds, while EKF-Fuzzy-
PID exhibits almost no time shift. On the y-axis (Fig. 11b and 11e), Fuzzy-PID experiences
about 3 seconds phase delay, while EKF-Fuzzy-PID actually leads the reference by about 0.5
seconds, reflecting an advantage in lateral position tracking. For the z-axis (Fig. 11c and 11f),
significant differences are seen in stability and accuracy. Fuzzy-PID experiences an overshoot
of 3.7 m and does not reach stability, with a final oscillation continuing, while EKF-Fuzzy-PID
produces an overshoot of 4.9 m but is able to settle down in 4 s and achieve a final error close to
zero. These results indicate that although there is a slight increase in overshoot in EKF-Fuzzy-
PID, the overall performance in terms of stability and precision is much superior to Fuzzy-PID,
especially under disturbed conditions.

The analysis of the EKF-FuzzyPID control system in Figure 12 shows significant instability
both in the undisturbed condition and with disturbances in velocities. In the undisturbed system,
the overshoot in the x, y, and z velocities is undefined (Inf), indicating a very large and uncon-
trolled system response in the early stage. The settling time for all three axes is also undefined
(NaN), indicating that the system does not reach stability within a certain time. The steady-
state errors for velocities are 3.5232 in x, 0.9642 in y, and 0.3326 in z, showing that the final
position error is relatively large, especially in the x, with smaller errors in the y and z axes. In
the disturbed condition, the overshoot remains undefined (Inf) in all three axes, and the settling
time also remains undefined (NaN), indicating that the disturbance worsens the stability of the
system. The steady-state error at x velocity increases to 3.1306, while at y and z it increases
slightly to 1.0171 and 0.2569, indicating that the disturbance worsens the steady-state error,
especially at the x-axis. Overall, although the disturbance worsens the system performance, the
error at x velocity remains quite high, while the y and z axes show better stability improvement
compared to x, although there is still an increase in steady-state error at all axes.

Quantitative analysis of Figure 12 shows that in both Fig. 12a and 12b, the Fuzzy-PID signal
has an amplitude of about 3.5 m/s with a frequency of 0.15 Hz, but lags behind the EKF-
Fuzzy-PID by about 3 s in phase, which is almost parallel to the reference. This indicates that
the EKF-Fuzzy-PID is able to provide more precise and responsive linear velocity tracking.
In Fig. 12¢ (Vz), the Fuzzy-PID shows an overshoot of about 4 m/s, 0.2 m/s lower than the
EKF-Fuzzy-PID and remains oscillating without obvious stability, while the EKF-Fuzzy-PID
is able to reach stability in about 4 s with a steady-state error close to zero. Under disturbed
conditions (Fig. 12d—f), similar patterns are still visible: in the x and y axes, the amplitude
and frequency characteristics are relatively similar to those of the undisturbed condition, but
the phase difference remains consistent, indicating the superiority of the EKF in time response.
In the z-axis (Fig. 12f), in the Fuzzy-PID method, the system response is still dominated by
prolonged oscillations. In contrast, the system with EKF-Fuzzy-PID still shows stability even
though there is an increase in signal variability after reaching steady state, which is likely caused
by random disturbances.” Overall, the EKF-Fuzzy-PID approach successfully minimizes phase
delay, accelerates the process towards stability, and maintains linear velocity accuracy more
consistently than conventional methods.

In some conditions when the system is disturbed, the final stability has not been achieved
during the simulation duration, so the time to reach steady state cannot be determined with
certainty. This is due to the continuous and random nature of the disturbance, resembling wind
turbulence in the real world, which makes the system continuously re-estimate and adjust the
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Figure 12: Linear velocity response: (a) velocity of x , (b) velocity of y, (c) velocity of z, (d) velocity of x with
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control to maintain stability.

For angular velocity data, although the graph shows that the system is able to reach the set
point, it is important to note that the EKF-based Fuzzy-PID significantly reduces the initial
transient fluctuations. This indicates that the system is able to dampen disturbances quickly. At
linear velocity, the system has the capability to reach the reference value and shows stability. It
is evident that the integration of EKF in fuzzy tuning results in more precise control even when
sudden disturbances occur. For trajectory tracking, linear position of z has the maximum error
0.1 m after 10 seconds of simulation. This indicates that the system is able to maintain position
with high accuracy and is adaptive to variations in environmental conditions.

5. Conclusion

This research evaluates the performance of the EKF-FuzzyPID on a quadcopter in various sce-
narios, both without disturbances and with disturbances. Overall, the results of analysis indi-
cates that the system has good ability to follow the trajectory reference, especially in undis-
turbed conditions. The system is able to follow the reference with high precision, with position
errors of no more than 0.15 m. In addition, the steady-state error on several variables, such as
yaw angle and z position, shows a relatively small value, indicating that the system is still able
to achieve the reference value with good accuracy in several aspects.

However, there are some limitations in the system performance, especially in handling un-
defined overshoot on the speed and position of the x and y axes. The settling time on most
variables is also undefined, indicating that the system has difficulty in reaching a steady state,
especially in conditions with disturbances. As shown in Figure 8b, despite the increase in de-
viation at the beginning of the response due to disturbances, the system can quickly adapt and
return to following the reference, with an average increase in position error of about 0.09 m for
each axis. However, in some cases, external disturbances cause an increase in steady-state error
as well as overshoot, especially in the x and yaw axes.

These results indicate that although EKF-FuzzyPID enhance the stability of quadcopter con-
trol, additional strategies are needed to overcome the problems of overshoot and undefined set-
tling time, especially in dynamic and disturbed environments. To improve the overall system
performance, optimization of control parameters or integration of adaptive methods can be im-
plemented..
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