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The light of quadrotor unmanned aerial vehicles (QUAVs) faces challenges such as complex aerodynamic disturbances and time-varying
payloads. To reject external disturbances and accommodate increased payloads, a control law based on a compensation function observer
(CFO) and model compensation pole con iguration control (CFO-based MCPCC) is proposed. The proposed control method incorporates
error feedback, expected signal derivatives, disturbance estimation, andknownmodel information, thereby achieving feedback linearization
of the closed-loop system. The derivative of the reference signal is extracted using a high-order differentiator (HOD), which effectively
ilters out unwanted high-frequency components and improves the system’s control performance.Model deviations, payload variations, and
external disturbances are estimated using the CFO, and the estimated values are compensated within the control law, thereby enhancing
the system’s disturbance rejection capability. The utilization of known model information reduces the complexity of controller design. The
proposed method is characterized not only as an active disturbance rejection control approach but also as a framework for compensating
unknown dynamics. By employing Lyapunov stability theory, the asymptotic convergence of the integrated controller-observer system is
demonstrated. To verify the effectiveness of the suggested control method in practice, experiments involving payload variations and wind
disturbances are conducted. The results show that the proposed approach outperforms othermethods in terms of payload and disturbance
rejection capability. The results demonstrate that the proposed method ensures the system’s tracking control performance under payload
variations and wind disturbances.
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1. Introduction

QUAVs have garnered signi icant attention due to their com-
pact size, ease of operation, and wide range of applications
[1, 2]. However, QUAVs are subject to various aerodynamic
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disturbances and payload variations during light opera-
tions. These challenges include enduring wind resistance,
managing air low interactions in cluster formations, and
effectively transporting liquid cargo. Consequently, these fac-
tors present substantial challenges in achieving both high-
precision and robust control for QUAVs.

The payload transportation capability of QUAVs has
drawn considerable attention from researchers, especially
for applications that require precise delivery of payloads to
speci ic locations in disaster-affected environments, such as
those impacted by earthquakes, ires, and loods. However,
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when a QUAV carries an unknown load, both the weight

and sway of the payload introduce significant challenges for

accurately modeling and controlling the vehicle. To address

these issues, a nonlinear tracking control method based on

backstepping was developed in [3] to reduce the impact of

payload sway. A comprehensive dynamic model, comprising

the QUAV, cable, and payload, was proposed by Guerrero-

Sánchez et al. to stabilize the payload’s swing through inter-

connection and damping distribution using passive control

[4]. Furthermore, considering that payload variations can

affect system stability, robust control methods based on

energy and interconnection and damping assignment were

subsequently proposed by Guerrero-Sánchez et al., effec-

tively mitigating the impact of external disturbances [5, 6].

Wang et al. combined a state observer with the internal

model principle to design a novel geometric tracking control

method for load-carrying QUAV [7].

The flight environment of QUAVs is complex, where

external aerodynamic disturbances significantly impact

their performance. A wide range of control methods have

been proposed to enhance the system’s robustness. Zhang

et al. proposed a fault-tolerant control method based

on a prescribed performance function, which effectively

enhances the system robustness and solves the problems of

external disturbances and actuator failures [8, 9]. Ma et al.

[10] proposed a nonlinear robust control strategy based

on reinforcement learning to address the stabilization chal-

lenge of QUAV in the presence of wind disturbances. A non-

linear adaptive sliding mode control (SMC) was introduced

to address the challenges posed by external disturbances

and parameter uncertainties, thereby enhancing the anti-

disturbance capability [11]. An integral backstepping SMC

technique was applied to achieve robust control of the QUAV

under unknown disturbance conditions [12].

When aQUAV is taskedwith transporting cargo, the load

can act as an external disturbance. Numerous methodolo-

gies have been proposed for QUAV operation under load and

wind disturbance conditions. However, these approaches

primarily employ passive control strategies, in which the

controller generates a corrective signal only after an error

occurs [13]. This reactive approach can lead to time delays

and oscillations. Consequently, many researchers have inte-

grated external disturbances directly into the controller

design, developing various observers to estimate distur-

bance information and provide feedback. Commonly used

disturbance observers include the extended state observer

(ESO) [14], disturbance observer (DOB) [15], uncertainty

and disturbance estimator [16], generalized proportional

integral observer [17] and unknown input observer (UIO)

[18]. Among these, ESO, DOB and UIO are particularly popu-

lar in practical applications.

An integral backstepping SMC based on ESO using an

inner and outer loop control structure was recommended

to improve the transient and steady-state performance of a

QUAV system [19]. Zhang et al. [20] proposed a dual-closed-

loop active disturbance rejection control (ADRC) strategy to

achieve fast and accurate tracking of the target trajectory of

a QUAV even in the presence of external disturbances. An

SMC approach incorporating DOBwith excellent control per-

formance and effective chatter suppression was presented

in [21]. Back et al. [22] suggested an additive inner-loop out-

put feedback control technique based on a nonlinear DOB to

improve the steady state and transient performance of the

system under uncertainty and input disturbances. A track-

ing controller with feedforward compensation for distur-

bance terms, utilizing disturbance observers, was developed

and demonstrated to be robust through anti-disturbance

experiments [23]. Ren et al. [24] investigated a robust con-

trol strategy employing UDE to achieve asymptotic track-

ing reference and disturbance suppression within the sys-

tem. Guerrero-Sánchez et al. [25] developed a new filtered

observer-based interconnection and damping assignment-

passivity based control strategy that obtained satisfactory

tracking control performance. These observers are designed

to mitigate the effects of unknown disturbances and model

uncertainties.

The parameter selection for the nonlinear terms in the

nonlinear ESO (NESO) lacks a solid theoretical foundation.

As a result, tuning these parameters when applying NESO

to various practical systems presents a significant challenge

[26]. To address this issue, Gao [27] introduced a linear ESO,

which simplifies the process of tuning controller parame-

ters. Moreover, the ESO is a type of high-gain observer that

achieves precise disturbance estimation by using relatively

large parameter values. Increasing these observer parame-

ters expands the bandwidth of detectable disturbances, but

it can also introducemeasurement noise [28] and peak pulse

issues [29]. Ran et al. [30] proposed a technique for cascad-

ing the ESO based on first-order ESOs, which enhances tol-

erance of measurement noise by incorporating saturation in

the internal variables of the observer. Qin et al. suggested

an enhanced reduced-order ESO to suppress the peak pulse

problemby reducing the order of the enhancedESO [31]. The

type of equivalent transfer function can serve as the mea-

sure for observation accuracy or criterion, and it is impor-

tant to note that ESO is a Type-I system. Consequently, its

estimation error for ramp signals only converges to bounded

values [32]. Further, an improved ESO was developed in

[32], which upgraded the type of the system to Type-II, and

showed a better accuracy. Furthermore, the ESO does not

utilize the system’s velocity information, which could other-

wise be obtained through a sensor. Qi et al. [33] proposed

the compensation functionobserver (CFO) capable of achiev-

ing zero steady-state error of parabolic (Type-III) distur-

bance, which effectively improves the observation accuracy

of disturbances.
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In QUAV operations, the given signal generally has a

lower frequency. Since the controller needs to utilize the

derivative of this signal, a high-order differentiator (HOD)

is used to filter out unreasonable high-frequency noise that

may be superimposed on the desired signal [34]. Smoothing

and suppressing derivative pulses in the desired signal dur-

ing controller design enhances control performance, leading

to smoother and more stable operation.

Based on the aforementioned challenges, this paper

integrates the CFO and HOD to realize anti-disturbance con-

trol of a QUAV. The CFO is employed for estimating aero-

dynamic disturbances as well as managing heavy payloads

encountered during flight. Meanwhile, the HOD serves to

smooth out derivative pulses within desired signals.

(1) A CFO-based model compensation pole configuration

control (CFO-based MCPCC) method is proposed for QUAV

systems. By introducing the derivative of the reference sig-

nal, the known model, and the disturbance estimation pro-

vided by the CFO, the feedback linearization of the closed-

loop system is achieved. The controller parameters can be

selected using the pole placement method, where the phys-

ical interpretability of the parameters significantly reduces

the difficulty of parameter tuning.

(2) Model compensation pole configuration control is char-

acterized as an inclusive control framework where model

refers to the known model being used, compensation refers

to the compensation of the unknown model and distur-

bances, and pole configuration control refers to the selec-

tion of control gains based on pole configuration. This frame-

work allows the CFO to be replaced with other advanced

observers, and enables the control gains to be determined

using alternative methods, such as backstepping or linear

quadratic regulator.

(3) Despite the presence of nonlinear coupled dynamics and

external disturbances, the asymptotic stability of the equi-

librium point for the overall controller-observer system is

established using the Lyapunov stability theorem. Compara-

tive experimental results demonstrate the superior tracking

accuracy and enhanced robustness of the proposed method.

This paper is organized as follows. The model of QUAV

is presented in Sec. 2. The design of the control strategy and

stability analysis is conducted in Sec. 3. In Sec. 4, experimen-

tal results and discussions are given. Section 5 summarizes

this work.

2. QUAVModel and Analysis

The motion of QUAV is achieved by adjusting the motor’s

rotation speed in Fig. 1. 𝑚 is the body mass, 𝑔 is the gravity

constant, 𝑙 is the distance from the center of the body to the

rotor. 𝜛𝑛 (𝑛 = 1, 2, 3, 4) represent rotational speed of each

motor. The Euler angles are expressed as 𝜑(𝜙, 𝜃, 𝜓).

Fig. 1. Structure diagram of X-type QUAV.

The mathematical model of the X-type QUAV is given by

⎧
⎪
⎪

⎨
⎪
⎪
⎩

𝑣̇𝑥 = −
1

𝑚
(cos𝜙 cos𝜓 sin𝜃 + sin𝜙 sin𝜓)𝑈 + 𝑓𝑥𝑢,

𝑣̇𝑦 = −
1

𝑚
(cos𝜙 sin𝜓 sin𝜃 − sin𝜙 cos𝜓)𝑈 + 𝑓𝑦𝑢,

𝑣̇𝑧 =
1

𝑚
(−𝑈 +𝑚𝑔) + 𝑓𝑧𝑢,

(1)

�

𝜙̈ = 𝜏𝑥/𝐼𝑥 + 𝑓𝜙𝑢,

𝜃̈ = 𝜏𝑦/𝐼𝑦 + 𝑓𝜃𝑢,

𝜓̈ = 𝜏𝑧/𝐼𝑧 + 𝑓𝜓𝑢,

(2)

where 𝑣𝑥, 𝑣𝑦, 𝑣𝑧 represent the linear velocity. 𝐼𝑥, 𝐼𝑦, 𝐼𝑧 are

the inertia of the QUAV around 𝑥, 𝑦, 𝑧. 𝑓𝑖𝑢(𝑖 = 𝑥, 𝑦, 𝑧) and

𝑓𝑗𝑢(𝑗 = 𝜙, 𝜃, 𝜓) are the unknown disturbances and uncer-

tainties of each subsystem. 𝑈 represents the thrust, Under

hovering conditions, 𝑈 = 𝑚𝑔. During vertical motion, 𝑈 ≠

𝑚𝑔. Therefore, in the 𝑥- and 𝑦-channels of Eq. (1), we have

𝑈 = 𝑚𝑔. 𝜑𝑑 and 𝜔𝑑 represent the desired attitude angles

andangular velocities, respectively. Define the virtual control

quantities for the 𝑥, 𝑦, 𝑧, respectively, as

�

𝑢𝑥 = cos𝜙 cos𝜓 sin𝜃 + sin𝜙 sin𝜓,

𝑢𝑦 = cos𝜙 sin𝜓 sin𝜃 − sin𝜙 cos𝜓,

𝑢𝑧 = 𝑈.

(3)

Based on Eq. (3), the desired angles 𝜙𝑑, 𝜃𝑑 are denoted as

�
𝜙𝑑 = arcsin(𝑢𝑥 sin𝜓 − 𝑢𝑦 cos𝜓),

𝜃𝑑 = arcsin(𝑢𝑥 cos𝜓 + 𝑢𝑦 sin𝜓).
(4)

The desired signals for the attitude subsystem are

obtained by solving the inverse of the virtual control inputs

𝑢𝑥 and 𝑢𝑦 in the translational system. The translational

motion of the body is achieved through adjustments in the

attitude.

Furthermore, it is necessary to convert the torque out-

put from each channel controller into a throttle output. This
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conversion facilitates control distribution, which is crucial

for achieving individual motor control. The conversion rela-

tionship is as follows:

⎡
⎢
⎢
⎢
⎣

𝜎21

𝜎22

𝜎23

𝜎24

⎤
⎥
⎥
⎥
⎦

=

⎡
⎢
⎢
⎢
⎣

𝜀𝑇2𝜎 0 0 0

0 𝜀𝜏𝑥2𝜎
0 0

0 0 𝜀𝜏𝑦2𝜎 0

0 0 0 𝜀𝜏𝑧2𝜎

⎤
⎥
⎥
⎥
⎦

⎡
⎢
⎢
⎢
⎣

𝑈

𝜏𝑥

𝜏𝑦

𝜏𝑧

⎤
⎥
⎥
⎥
⎦

, (5)

where 𝜀𝜈 (𝜈 = 𝑇2𝜎, 𝜏𝑥2𝜎, 𝜏𝑦2𝜎, 𝜏𝑧2𝜎) are known as the

power coefficients. If themagnitude is selected excessively, it

will induce oscillatory behavior in the quadrotor. Conversely,

if the magnitude is insufficient, it can result in the quadrotor

experiencing loss of stability. Hence, the careful determina-

tion of the power coefficient is intricately associatedwith the

control performance of the quadrotor.

To facilitate controller design and analysis, the following

assumptions are made.

Assumption 1 ([35]). The QUAV is considered a symmet-

ric rigid body, implying uniform mass distribution and axial

symmetry, with its inertia matrix being diagonal.

A small QUAV is characterized by a light structure and a

rigid structure, which allows deformations to be neglected,

thus satisfying the rigid body assumption. Assumption 1 is a

common assumption for constructing QUAV models

Assumption 2 ( [36]). The disturbance is expressed as

a third-order infinitesimal function. This implies that the

unknown function can be an arbitrary combination of con-

stant, linear and quadratic functions.

Based on the Taylor expansion theory, the contribution

of higher-order derivative terms decreases rapidly as the

expansion order increases. Furthermore, the typically small

sampling interval further diminishes the influence of higher-

order terms on the overall expansion. To enhance the rigor

of the proof, the higher order signals of the disturbances are

neglected.

Assumption 3. The reference input signal is a second-

order differentiable and the third-order infinitesimal func-

tion. In the flight of theQUAV, the reference signal is provided

by the remote controller, usually in the form of step or ramp

signals.

The step reference signal is passed through a second-

order low-pass filter, transforming the step signal into a

second-orderdifferentiable signal.Moreover, step signals are

prone to overshoot. In engineering applications, it is com-

mon practice to apply signal smoothing to input signals, such

as using filters for smoothing, before feeding the smoothed

signal into the controller.

3. Robust Controller Design and Stability

Analysis

3.1. Problem description

Based on the model analysis in Sec. 2, Eq. (1) describes the

velocity loop system, which is a first-order system, with the

left-hand side representing the first derivative of velocity.

Equation (2) describes the attitude loop system as a second-

order system, with the left-hand side representing the sec-

ond derivative of the attitude angle.

(1) First-order velocity system: The general form of the

velocity loop system in Eq. (1) can be written as

𝑦̇𝑖 = 𝑓𝑖𝑘 + 𝑓𝑖𝑢 + 𝑏𝑖𝑢𝑖, (6)

where 𝑦𝑖 is the output, representing the velocity. 𝑓𝑖𝑘 and 𝑓𝑖𝑢
represent the known dynamics and lumped disturbances,

respectively. 𝑓𝑥𝑘 = 𝑓𝑦𝑘 = 0, 𝑓𝑧𝑘 = 𝑔. 𝑏𝑖 is a constant, with

𝑏𝑥 = 𝑏𝑦 = −𝑔 in the 𝑥- and 𝑦-channels, with 𝑏𝑧 = −1/𝑚 in

the 𝑧-channel. 𝑢𝑖 the control input.

(2) Second-order attitude system: The general form of

the attitude loop system in Eq. (2) can be expressed as

𝑦̈𝑗 = 𝑓𝑗𝑢 + 𝑏𝑗𝑢𝑗, (7)

where 𝑦𝑗 is the output, representing the attitude angle. 𝑓𝑗𝑢
represents external disturbances and uncertainties. 𝑏𝑗 is the

reciprocal of the 𝐼𝑗. 𝑢𝑗 is the control input, and 𝑢𝑗 = 𝜏𝑗.

Many systems can be expressed in the general form of

Eqs. (6) and (7), includingQUAV systems, circuit systems, etc.

To extend the applicability of the controller, Eqs. (1) and (2)

are expressed as Eqs. (6) and (7).

3.2. Design of controller

A model compensation pole configuration control (MCPCC)

method based on compensation function observer (CFO) is

illustrated in Fig. 2.Model refers to the feedforwardof known

information into the control law. Compensation refers to

the incorporation of external disturbances, as estimated by

the CFO, into the control laws. The control parameters are

selected by the pole configuration method. The high-order

differentiator (HOD) is utilized to extract high-order infor-

mation from the reference signal. For these reasons, this

approach achieves stable control of the QUAV.

(1) Control law for first-order systems: The control laws are

developed as a cascade control approach including propor-

tional control and a second-order MCPCC. The design pro-

cess consists of two steps.

Step 1. The position loop is controlled by using the following

proportional control:

𝑣𝑖𝑝 = 𝑘𝑖𝑝(𝑥𝑖1𝑑 − 𝑥𝑖1), (8)
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Fig. 2. Configuration diagram of system MCPCC.

where 𝑘𝑖𝑝 is a proportional gain constant, 𝑥𝑖1𝑑 the desired

position, and 𝑥𝑖1 the current position. The purpose of the

variable 𝑣𝑖𝑝 is to decrease the position error through propor-

tional control. Meanwhile, the proportional control output

𝑣𝑖𝑝 and the speed signal provided by the remote control 𝑣𝑖𝑑
feed forward to the inner loop speed controller, i.e.

𝑣′
𝑖𝑑
= 𝑣𝑖𝑝 + 𝑣𝑖𝑑, (9)

where 𝑣′
𝑖𝑑
is the total desired velocity.

Step 2. Constructing a second-order MCPCC control law. The

translational dynamics equation (1) can be transformed into

𝑣̇𝑖 = 𝑓𝑖𝑘 + 𝑓𝑖𝑢 + 𝑏𝑖𝑢𝑖, (10)

where 𝑣𝑖 represents velocity signal. 𝑓𝑖𝑢 can be obtained

through the observer and feedback to the control law to

counteract the adverse effects of unknown disturbances. 𝑓𝑖𝑘
represents the known component of the model, and 𝑓𝑖𝑘 =

[0, 0, 𝑔]T.

The velocity error variable 𝑒𝑖1 is defined as

𝑒𝑖1 = 𝑣′
𝑖𝑑
− 𝑣𝑖. (11)

The design error converges exponentially as follows:

𝑒̇𝑖1 = −𝑘𝑖𝑣𝑒𝑖1, (12)

where 𝑘𝑖𝑣 is the gain coefficient.

The control law can be developed as

𝑢𝑖 =
1

𝑏𝑖
(𝑘𝑖𝑣𝑒𝑖1 + 𝑣̇′

𝑖𝑑
− ̂𝑓𝑖𝑢 − 𝑓𝑖𝑘), (13)

where ̂𝑓𝑖𝑢 represents the estimate of 𝑓𝑖𝑢.

(2) Control law design for second-order systems: The

error of the system is defined as

�
𝑒𝑗1 = 𝑥𝑗1𝑑 − 𝑥𝑗1,

𝑒𝑗2 = 𝑥𝑗2𝑑 − 𝑥𝑗2,
(14)

where 𝑒𝑗1, 𝑒𝑗2 are the state errors, 𝑥𝑗1𝑑, 𝑥𝑗2𝑑 the desired

state variables, and 𝑥𝑗1, 𝑥𝑗2 the state variables. According to

Eqs. (7) and (14), the derivation of Eq. (14) is given

�
𝑒̇𝑗1 = 𝑥̇𝑗1𝑑 − 𝑥̇𝑗1 = 𝑒𝑗2,

𝑒̇𝑗2 = 𝑥̇𝑗2𝑑 − 𝑥̇𝑗2 = 𝑥̇𝑗2𝑑 − (𝑓𝑗𝑢 + 𝑏𝑗𝑢𝑗).
(15)

The design error converges exponentially as follows:

�
𝑒̇𝑗1

𝑒̇𝑗2
� = �

0 1

−𝑘𝑗1 −𝑘𝑗2
� �
𝑒𝑗1

𝑒𝑗2
�, (16)

where𝑘𝑗1, 𝑘𝑗2 are the parameters to be chosen. One becomes

ė𝑗 = A𝑗e𝑗, (17)

where

A𝑗 = �
0 1

−𝑘𝑗1 −𝑘𝑗2
�, e𝑗 = �

𝑒𝑗1

𝑒𝑗2
�.

Therefore, the MCPCC law can be written as

𝑢𝑗 =
1

𝑏𝑗
(𝑘𝑗1𝑒𝑗1 + 𝑘𝑗2𝑒𝑗2 + 𝑥̈𝑗1𝑑 −

̂𝑓𝑗𝑢). (18)

In Eq. (18), ̂𝑓𝑗𝑢 is the estimate of 𝑓𝑗𝑢, compensating the

model uncertainties and external disturbance, this approach

is called model compensation control. The system is asymp-

totically stable if A𝑗 merely has eigenvalues with negative

real parts.

Thus, 𝑘𝑗1, 𝑘𝑗2 can be configured as follows:

|𝑠I− A𝑗| = (𝑠 + 𝑎1)(𝑠 + 𝑎2) = 0, (19)

where 𝑎1, 𝑎2 are the to-be-selected eigenvalues.

Remark 1. Disturbance issues were addressed through the

integrationof fractional-order slidingmode controlwithbar-

rier function theory in [37]. However, this control approach

exhibits computational complexity and challenges in param-

eter tuning. The proposed control laws feature fewer param-

eters and possesses clear physical interpretations.

3.3. Compensation function observer design

If the controller fails to consider the lumped disturbances

𝑓𝑖𝑢, 𝑓𝑗𝑢, it may result in weak robustness in control per-

formance and even potential instability. Second-order and

third-order CFOs are used to observe the unknown dis-

turbances and unmodeled dynamics of the system for the

above first-order and second-order QUAV systems, respec-

tively. The two CFOs of different orders are independent of
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each other. Moreover, the third-order CFO utilizes an addi-

tional system state 𝑥2, rather than merely introducing an

extra parameter, as compared to the second-order CFO.

(1) Second-order CFO [33]: The second-order CFO is

written as

�

𝑧̇𝑖1 = 𝑧𝑖2 + 𝑙𝑖𝑒𝑖𝑜1 + 𝑏𝑖𝑢𝑖 + 𝑓𝑖𝑘,

𝑧̇𝑖2 = 𝜆𝑖𝑙𝑖𝑒𝑖𝑜1,

̂𝑓𝑖𝑢 = 𝑧𝑖2 + 𝑙𝑖𝑒𝑖𝑜1,

(20)

where 𝑧𝑖1, 𝑧𝑖2 are the observation values of 𝑥𝑖1, 𝑓𝑖𝑢. 𝜆𝑖 and 𝑙𝑖
are the constants. Define the estimation error as 𝑒𝑖𝑜1 = 𝑥𝑖1−

𝑧𝑖1. The error analysis is shown in [33]. ̂𝑓𝑖𝑢 in the control law

of Eq. (13) represents the estimated value of the disturbance
̂𝑓𝑖𝑢 by the observer in Eq. (20).

The equivalent open-loop error transfer function is

expressed as

𝐺2nd
CFO

(𝑠) =
𝑙𝑖𝑠 + 𝜆𝑖𝑙𝑖

𝑠2
. (21)

The corresponding characteristic equation of Eq. (21) is

written as

𝑠2 + 𝑙𝑖𝑠 + 𝜆𝑖𝑙𝑖 = (𝑠 + 𝜔)(𝑠 + 𝛾𝜔) = 0, (22)

where 𝛾 is a positive constant. A larger 𝛾means that the two

poles are further apart. Let 𝛾 = 3 and we have

𝑙𝑖 = 4𝜔, 𝜆𝑖 = 3𝜔/4, (23)

where𝜔 is a constant.𝜔 has a clear physical meaning: it rep-

resents the location of the desired system poles on the neg-

ative real axis. The larger the value of 𝜔, the higher the esti-

mation accuracy, and the faster the transient response. How-

ever, too large a parameter may result in peak pulsing and

oscillations. Thus, the selection of 𝜔 must also consider the

initial oscillation.

(2) Third-order CFO: The third-order CFO is given as

⎧
⎪

⎨
⎪
⎩

𝑧̇𝑗1 = 𝑧𝑗2,

𝑧̇𝑗2 = 𝑧𝑗3 + Le𝑗𝑜 + 𝑏𝑗𝑢𝑗,

𝑧̇𝑗3 = 𝜆𝑗Le𝑗𝑜,

̂𝑓𝑗𝑢 = 𝑧𝑗3 + Le𝑗𝑜,

(24)

where 𝑧𝑗1, 𝑧𝑗2, 𝑧𝑗3 are the states of observer, L = [𝑙𝑗2, 𝑙𝑗1]

the gain matrix. Define the estimation error as e𝑗𝑜 =

[𝑒𝑗𝑜1, 𝑒𝑗𝑜2]
T = [𝑥𝑗1 − 𝑧𝑗1, 𝑥𝑗2 − 𝑧𝑗2]

T. ̂𝑓𝑗𝑢 in the control law

of Eq. (18) represents the estimated value of the disturbance
̂𝑓𝑗𝑢 by the observer in Eq. (24).

In Eq. (24), the high-precision estimation capability of

the CFO stems from: (1) the utilization of new system infor-

mation 𝑥2; (2) its pure derivative structure, where 𝑧̇𝑗1 = 𝑧𝑗2.

Therefore, the CFO parameters do not require high-gain tun-

ing like in ESO. The high-precision estimation of the ESO

requires the selection of large bandwidth parameters, which

can amplify system noise. The parameter tuning of the CFO

is based on the pole placement method, which endows the

parameters with clearer physical significance and makes

them easier to adjust.

Lemma 1 ([33]). For the second-order system, when 𝑓𝑗𝑢 sat-

isfies Assumption 2, the designed CFO is asymptotic stable and

the estimation is convergent, i.e. lim𝑡→∞
̂𝑓𝑗𝑢 = 𝑓𝑗𝑢.

The error and convergence analyses are shown in [33].

To estimate 𝑓𝑗𝑢, many disturbance observers have been

developed. The ESO is a popular one [14], however, the esti-

mation accuracy of 𝑓𝑗𝑢 is low, as indicated in [32] where the

error analysis is provided.

To illustrate the superiority of the proposed method

more effectively, we introduce the improved extended state

observer (IESO). The selection criterion for observer param-

eters emphasizes stability and optimal performance. Given

the inherent complexity associated with tuning multiple

parameters, a unification approach is adopted to consoli-

date them into a single parameter. As derived in [32,33], the

general equation of the equivalent open-loop error transfer

function for the third-order IESO and CFO is expressed as

follows:

𝐺IESO(𝑠) =
𝑙𝑒2𝑠 + 𝑙𝑒3

𝑠2(𝑠 + 𝑙𝑒1)
, (25)

𝐺CFO(𝑠) =
𝑙𝑐1𝑠

2 + (𝜆𝑙𝑐1 + 𝑙𝑐2)𝑠 + 𝜆𝑙𝑐2

𝑠3
, (26)

where 𝑙𝑒1, 𝑙𝑒2, 𝑙𝑒3, 𝑙𝑐1, 𝑙𝑐2, 𝜆 are positive constants.

FromEqs. (25) and (26), their corresponding character-

istic equations, respectively, can be obtained as

𝑠3 + 𝑙𝑒1𝑠
2 + 𝑙𝑒2𝑠 + 𝑙𝑒3 = 0, (27)

𝑠3 + 𝑙𝑐1𝑠
2 + (𝜆𝑙𝑐1 + 𝑙𝑐2)𝑠 + 𝜆𝑙𝑐2 = 0. (28)

Tomake stable for the observers, let the characteristic equa-

tion of Eqs. (27) and (28) have negative real parts:

𝑠3 + 𝑙𝑒1𝑠
2 + 𝑙𝑒2𝑠 + 𝑙𝑒3

= (𝑠 + 𝜔𝑒)(𝑠 + 𝛼𝜔𝑒)
2 = 0, (29)

𝑠3 + 𝑙𝑐1𝑠
2 + (𝜆𝑙𝑐1 + 𝑙𝑐2)𝑠 + 𝜆𝑙𝑐2

= (𝑠 + 𝜔𝑐)(𝑠 + 𝛼𝜔𝑐)
2 = 0, (30)

where 𝛼 is a positive constant and satisfies 𝛼 ≥ 4 for allo-

cating the solutions −𝜔𝑒, −𝜔𝑐 as the dominant poles. Thus,

𝑙𝜅(𝜅 = 𝑒1, 𝑒2, 𝑒3, 𝑐1, 𝑐2) and 𝜆 can be obtained by Eqs. (29)

and (30), we have

𝑙𝑒1 = (2𝛼 + 1)𝜔𝑒, 𝑙𝑒1 = (𝛼 + 2)𝛼𝜔2
𝑒 , 𝑙𝑒1 = 𝛼2𝜔3

𝑒 ,

(31)
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𝑙𝑐1 = (2𝛼 + 1)𝜔𝑐,

𝑙𝑐2 =
𝛼𝜔2

𝑐 ∓ 𝜔2
𝑐�(𝛼

3(𝛼 − 4))

2
+ 𝛼2𝜔2

𝑐 /2, (32)

𝜆𝑗 =
(𝛼𝜔2

𝑐 ± 𝜔2
𝑐�(𝛼

3(𝛼 − 4))/2 + 𝛼2𝜔2
𝑐 /2)

(𝜔 + 2𝛼𝜔𝑐)
.

Let 𝛼 = 4, we have

𝑙𝑒1 = 9𝜔𝑒, 𝑙𝑒1 = 24𝜔2
𝑒 , 𝑙𝑒1 = 16𝜔3

𝑒 , (33)

𝑙𝑐1 = 9𝜔𝑐, 𝑙𝑐2 = 12𝜔2
𝑐 , 𝜆𝑗 = 4𝜔𝑐/3. (34)

Therefore, parameters of the IESO and the CFO are designed

as 𝜔𝑒 = 𝜔𝑐.

3.4. Introduction of HOD

In real flight scenarios, the reference input signal of a QUAV

generally exhibits smooth variations with minor fluctua-

tions. However, high-frequency noise may affect this refer-

ence signal, causing rapid oscillations in its second-order

derivatives. These oscillations appear within the control law

described in Eq. (18). Thus, smoothing the signal becomes

necessary. To address this issue, an HOD is employed to

extract higher-order derivatives from the input signal.

The general form of third-order HOD is expressed as

�

𝑧̇ℎ1 = 𝑧ℎ2 + ℎ1(𝑦𝑑 − 𝑧ℎ1),

𝑧̇ℎ2 = 𝑧ℎ3 + ℎ2(𝑦𝑑 − 𝑧ℎ1),

𝑧̇ℎ3 = ℎ3(𝑦𝑑 − 𝑧ℎ1),

(35)

where 𝑧ℎ1, 𝑧ℎ2 are the observed states of the system with

the form of Eqs. (6) and (7) when 𝑢 = 0. h = [ℎ1, ℎ2, ℎ3]

are the positive constants to be chosen. For estimating the

first-order and second-order derivative of𝑦𝑑,h includesh𝑖 =

[ℎ𝑖1, ℎ𝑖2] and h𝑗 = [ℎ𝑗1, ℎ𝑗2, ℎ𝑗3]. 𝑦𝑑 is the referenced sig-

nal. The HOD aims to estimate the derivatives of 𝑦𝑑 and filter

out clutter. The parameter selection method is

𝑠2 + ℎ𝑖1𝑠 + ℎ𝑖2𝑠 = (𝑠 + 𝑐𝑖)(𝑠 + 3𝑐𝑖) = 0, (36)

𝑠3 + ℎ𝑗1𝑠 + ℎ𝑗2𝑠 + ℎ𝑗3 = (𝑠 + 𝑐𝑗)
3 = 0, (37)

where 𝑐𝑖 and 𝑐𝑗 are the poles to be selected.

The output equation of HOD is expressed as

�

𝑦̂𝑑 = 𝑧ℎ1,

̂𝑦̇𝑑 = 𝑧̇ℎ1 = 𝑧ℎ2 + ℎ1(𝑦𝑑 − 𝑧ℎ1),

̂𝑦̈𝑑 = 𝑧̇ℎ2 = 𝑧ℎ3 + ℎ2(𝑦𝑑 − 𝑧ℎ1),

(38)

where 𝑦̂𝑑, ̂𝑦̇𝑑,
̂𝑦̈𝑑 are the estimates of the signal of each order

of derivative of 𝑦𝑑, respectively.

Lemma 2 ([38]). The HOD can achieve zero error con-

vergence for its second-order differential when satisfies

Assumption 3.

Therefore, based on Eqs. (20), (24) and (38), the control

laws of Eqs. (13) and (18) are rewritten as

𝑢𝑖 = 1/𝑏𝑖(𝑘𝑖𝑣𝑒𝑖1 + ̂𝑣̇
′
𝑖𝑑 −

̂𝑓𝑖𝑢 − 𝑓𝑖𝑘), (39)

𝑢𝑗 = 1/𝑏𝑗(𝑘𝑗1𝑒𝑗1 + 𝑘𝑗2𝑒𝑗2 + ̂𝑥̈𝑗1𝑑 −
̂𝑓𝑗𝑢), (40)

where ̂𝑓𝑖𝑢 and
̂𝑓𝑗𝑢 are estimates of the disturbances obtained

fromEqs. (20) and (24), respectively. ̂𝑣̇
′
𝑖𝑑 and ̂𝑥̈𝑗1𝑑 denote the

estimates of 𝑣̇′
𝑖𝑑
and 𝑥̈𝑗1𝑑, respectively.

Remark 2. Compared to the classical ADRC, the proposed

method differs in the following aspects: (1) by introduc-

ing the second-order derivative of the desired signal ̂𝑥̈𝑗1𝑑,

the closed-loop error equation satisfies Eqs. (15) and (17),

achieving feedback linearization; (2) disturbances are esti-

mated with high precision using the CFOmethod and are fed

forward into the controller to counteract the disturbances,
̂𝑓𝑖𝑢 and ̂𝑓𝑗𝑢; (3) full utilization of the known model informa-

tion ̂𝑓𝑖𝑘; (4) the pole placementmethod is employed to select

the control parameters, reducing the difficulty of parameter

tuning.

The proposed control is shown in Fig. 3. Themodel feed-

forward information 𝑓𝑘 and the disturbance compensation

𝑓𝑢𝑘 together constitute the complete model of the system;

𝑦𝑟 is the reference signal, and its high-order signals can be

extracted by the designed differentiator; the state error feed-

backmodule is employed to stabilize the closed-loop system.

The differentiator, state and disturbance observer, and state

error feedbackmodule in the framework canbedesigneddif-

ferently according to practical requirements.

In contrast to the use of multiple disturbance observers

in [13], themethod proposed only requires a single observer,

significantly reducing the complexity of practitioners’ work.

Under the same simulation time and hardware setup,

the computational complexity of the proposed CFO-based

MCPCC method is quantified by calculating the simulation

run time. The average run times for CFO-based MCPCC and

the nonlinear model predictive control (NLMPC) from [39]

are 1.6754 s and 3.5816 s, respectively. The results clearly

show that the proposed method has a significantly lower

computational complexity compared to NLMPC. Since the

structure of the proposed method is similar to that of classi-

cal ADRC, its computational complexity is comparable.

Fig. 3. Model compensation pole configuration control block diagram.
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3.5. Stability proof of the close-loop system

Theorem 1. When 𝑓𝑗𝑢 and 𝑦𝑗𝑑 satisfy Assumptions 2 and 3,

respectively, the developed control law of Eq. (40) can make

the QUAV system achieve trajectory tracking while guaran-

teeing attitude stability. Then, if Constants 𝑘𝑗1 and 𝑘𝑗2 can

be properly selected, the closed-loop system is asymptotically

stable.

Proof. A Lyapunov function can be defined as follows:

𝑉𝑒 = (𝑘𝑗1 + 𝑘2
𝑗1
+ 𝑘2

𝑗2
)𝑒2

𝑗1
+ 2𝑘𝑗2𝑒𝑗1𝑒𝑗2 + (1 + 𝑘𝑗1)𝑒

2
𝑗2
,

(41)

where 𝑒𝑗1 = 𝑥𝑗1𝑑 − 𝑥𝑗1, 𝑒𝑗2 = 𝑥𝑗2𝑑 − 𝑥𝑗2. In the process

of proof, to simplify notation, subscripts denoted by ‘𝑗’ are

omitted. We then have

𝑉𝑒 ≥ (𝑘1 + 𝑘21 + 𝑘22)𝑒
2
1 − 𝑘22𝑒

2
1 − 𝑒22 + (1 + 𝑘1)𝑒

2
2

≥ (𝑘1 + 𝑘21)𝑒
2
1 + 𝑘1𝑒

2
2 ≥ 0. (42)

Hence, 𝑉𝑒 ≥ 0 at 𝑘1 > 0. The derivative of Eq. (41) yields

𝑉̇𝑒 = 2(𝑘1 + 𝑘21 + 𝑘22)𝑒1𝑒2 + 2𝑘2𝑒
2
2

+2𝑘2𝑒1𝑒̇2 + 2(1 + 𝑘1)𝑒2𝑒̇2. (43)

Letting 𝑉̇𝑒 = 2(𝑘1+𝑘21+𝑘22)𝑒1𝑒2+2𝑘2𝑒
2
2 +𝑀+𝑁, one holds

�
𝑀 = 2𝑘2𝑒1𝑒̇2,

𝑁 = 2(1 + 𝑘1)𝑒2𝑒̇2.
(44)

Combining Eqs. (40) and (44), one gets

�
𝑀 = 2𝑘2𝑒1(𝑒𝑓 + 𝑒ℎ − 𝑘1𝑒1 − 𝑘2𝑒2),

𝑁 = 2(1 + 𝑘1)𝑒2(𝑒𝑓 + 𝑒ℎ − 𝑘1𝑒1 − 𝑘2𝑒2),
(45)

where 𝑒𝑓 = ̂𝑓𝑢 − 𝑓𝑢, 𝑒ℎ = 𝑥̈1𝑑 − ̂𝑦̈1𝑑. Under Lemmas 1 and

2, the estimation errors of 𝑓𝑢 by the CFO and 𝑥̈1𝑑 by the HOD

converge to 0, i.e. lim𝑡→∞ 𝑒𝑓 = 0, lim𝑡→∞ 𝑒ℎ = 0.We have

�
𝑀 = −2𝑘1𝑘2𝑒

2
1 − 2𝑘22𝑒1𝑒2,

𝑁 = −2𝑘1𝑒1𝑒2 − 2𝑘2𝑒
2
2 − 2𝑘21𝑒1𝑒2 − 2𝑘1𝑘2𝑒

2
2 .

(46)

From Eq. (46), Eq. (43) can be rewritten as

𝑉̇𝑒 = −2𝑘1𝑘2(𝑒
2
1 + 𝑒22) ≤ 0. (47)

If and only if 𝑒1 = 0, 𝑒2 = 0, 𝑉𝑒 ≤ 0. Clearly, 𝑉̇𝑒 is bounded.

When 𝑒1 → 0 and 𝑒2 → 0, 𝑉̇𝑒 → 0. According to Barbalat

lemma [40], it can be inferred that the system demonstrates

asymptotic stability. The proof is completed.

Table 1. Structural parameters of the body.

Wind tunnel experiment Other types of experiments

Parameters Value Parameters Value

𝑚 1.072 𝑚 2.125

𝑙 0.1 𝑙 0.225

𝐼𝑥 = 𝐼𝑦 0.0039 𝐼𝑥 = 𝐼𝑦 0.02145

𝐼𝑧 0.0059 𝐼𝑧 0.03223

4. Experimental Setup and Results

To verify the robustness of the proposed method, payload

and anti-wind disturbance experiments are designed. The

structural parameters of the QUAV used for each experiment

are indicated in Table 1.

Smaller wheelbase QUAV is used in experiments on

wind tunnel due to limitations in the inner diameter of the

wind tunnel. A motion capture system is employed to mea-

sure the real-timeposition information of theQUAVand send

it to the controller via WIFI. The overall schematic is shown

in Fig. 4.

The parameters of each channel of the attitude loop are

chosen to be consistent with the roll, and the parameters of

each channel of the position loop are chosen to be consis-

tentwith the vertical. The IESO-basedMCPCCandCFO-based

MCPCC detailed parameter settings are illustrated in Table 2.

The control law of LADRC is

𝑢LADRC, 𝑖 =
(𝑘𝐴, 2(𝑘𝐴, 1(𝑦𝑖𝑑 − 𝑦𝑖) − 𝑣𝑖) −

̂𝑓ESO, 𝑖)

𝑏𝑖
, (48)

where 𝑘𝐴,1 = 0.3, 𝑘𝐴,2 = 2.

The parameters of ESO are 𝛽1 = 14, 𝛽2 = 49.

The parameter definitions for the classical nonlinear

active disturbance rejection control (NLADRC) and NLMPC

are provided in [14, 39], respectively. The corresponding

parameter values are given in Table 3.

The power coefficients for the five methods are listed in

Table 4.

Note that the power coefficients equation (5) in the hor-

izontal for LADRC, NLADRC, NLMPC and IESO-based MCPCC

are 2.79 times higher than those for CFO-based MCPCC.

Suitable power parameters can enhance the control perfor-

mance of the controller. When the power parameter is too

large, it can cause the QUAV to shake violently, while a small

power parameter may result in weaker control.

4.1. Experiments with payload

In the payload experiments, the following experiments are

included: (1) A 0.2 kg weight is suspended on the side of

the QUAV to complete the attitude tracking experiment; (2)
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Fig. 4. Data acquisition and transmission in motion capture systems.

Table 2. Selection of control parameters.

Parameters Value 𝑥, 𝑦, 𝑧 Parameters Value𝜙,𝜃

𝑘𝑖𝑣 6, 6, 6 𝑘𝑗1 16, 16

𝑐𝑖 5, 5, 5 𝑘𝑗2 16, 16

𝜔 3, 3, 3 𝑐𝑗 10, 10

𝑘𝑖𝑝 0.5, 0.5, 5.5 𝜔𝑒 = 𝜔𝑐 2.3, 2.3

Table 3. Selection of parameters.

NLADRC NLMPC

Parameters Value Parameters Value

𝑟TD, ℎTD, 𝑐NLSEF 100, 1, 6 N 10

𝛽01, 𝛽02, 𝛽03 45, 600, 2000 𝑢min, 𝑢max −5, 5

𝑟NLSEF, ℎNLSEF 200, 25 Q diag{1, 0.5}

𝑑ESO, ℎESO 0.01, 1 R 0.1

three-dimensional path tracking experiment with a payload-

equipped QUAV.

4.1.1. Attitude tracking experiment with payload

A weight of 0.2 kg is affixed to the midpoint of the line con-

necting motors 1 and 4 of the QUAV using a thin, non-elastic

wire measuring 0.4m in length.

The IESO-based MCPCC is illustrated in Fig. 5(a) which

demonstrates a significant steady-state error, with a mean

absolute error (MAE) of 6.1083, as depicted in Fig. 6(a). On

the contrary, the CFO-based control exhibits a stable and

Table 4. Selection of power coefficients.

The other methods CFO-based MCPCC

Parameters Value Parameters Value

𝑇2𝜎 0.026 𝑇2𝜎 0.026

𝜏𝑥2𝜎 = 𝜏𝑦2𝜎 0.456 𝜏𝑥2𝜎 = 𝜏𝑦2𝜎 0.163

𝜏𝑧2𝜎 1.229 𝜏𝑧2𝜎 1.229

accurate roll angle control (Fig. 5(b)) with an MAE of 0.6447

(Fig. 6(b)). In terms of mean error, the CFO-based MCPCC

surpasses the IESO-based MCPCC by 89.45%, indicating its

resilience to disturbances.

4.1.2. Altitude tracking experiments with payload

In Fig. 7, a 0.5 kg weight is suspended below the QUAV using

a 0.15m long string.

Figure 8 shows the three-dimensional path tracking

performance of LADRC, NLADRC, NMPC, IESO-based MCPCC

and CFO-based MCPCC under varying load conditions. From

Fig. 8(a), it is evident that both the LADRC and IESO-based

MCPCC methods exhibit significant trajectory deviations,

with root mean square error (RMSE) values of 0.2367 and

0.0805, respectively. Similarly, as illustrated in Fig. 8(b),

the tracking trajectories of the NLADRC and NMPC meth-

ods also demonstrate significant deviations, with RMSE val-

ues of 0.2553 and 0.1221, respectively. In contrast, the

proposed CFO-based MCPCC achieves markedly superior

tracking accuracy, yielding the smallest RMSE of 0.0452.
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(a) (b)

Fig. 5. IESO-based MCPCC and CFO-based MCPCC: Tracking task.

(a) (b)

Fig. 6. IESO-based MCPCC and CFO-based MCPCC: Tracking error.

Fig. 7. Altitude tracking experiments with unknown loads.

These results clearly indicate that, under identical payload

conditions, the proposed method outperforms the other

methods in terms of tracking accuracy.

Remark 3. In the load enhancement experiment docu-

mented in [41], the weight of the load accounts for approx-

imately 18.60% of the QUAV’s total weight. However, the

method proposed in this paper carries a load equivalent to

approximately 23.53% of the QUAV’s total weight.

4.2. Design of experiments for wind disturbance

To verify the anti-disturbance performance of the proposed

method, the following experiments are conducted: (1) Sta-

bilization experiment in a small wind tunnel. (2) Fixed-

point hovering anti-disturbance experiment. (3) Three-

dimensional trajectory tracking experiment under variable

wind conditions. (4) Three-dimensional path tracking exper-

iment under constant wind conditions (4m/s).

4.2.1. Attitude stabilization in a small wind tunnel

To accommodate the limited inner diameter of the wind tun-

nel, a QUAV with a wheelbase of 𝑙 = 0.1 m is employed to

conduct the stabilization experiment. The structure of the

small wind tunnel is depicted in Fig. 9. Its primary compo-

nents encompass an electric motor, fan blade, culvert, and

three-dimensional force sensor. The QUAV is securely posi-

tioned on a test stand within the wind tunnel, aligning the

wind direction along the 𝑥-axis of the QUAV. In Fig. 10, the

wind levels and their corresponding speeds are depicted,

with the wind speed data being derived from the averag-

ing of multiple data sets, thereby ensuring a comprehensive

representation.

The control performance of the QUAV is illustrated in

Fig. 11. Under level 1 or level 2 wind conditions, no signifi-

cant difference is observed in the pitch response between the

two methods. However, from Fig. 11(a), under level 3 condi-

tions, the IESO-basedMCPCC exhibits significant oscillations
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(a) Test 1 (b) Test 2

Fig. 8. Altitude tracking experiments with unknown loads.

Fig. 9. Structural components of the small wind tunnel.

Fig. 10. Wind levels and corresponding wind speeds.

which eventually result in the destabilization of the QUAV.

For safety considerations, the QUAV operations are sus-

pended. In Fig. 11(b), the CFO-based MCPCC exhibits a simi-

lar attitude response to that of level 3, even when subjected

to level 4, despite having adjusted the airflow to 6m/s. It

is only under level 5 that the attitude response of the CFO-

based MCPCC resembles the response of the IESO-based

MCPCC under level 3.

Figure 12 illustrates the lift force generated by the

quadrotor as measured by the force sensor. To ensure fair-

ness in the comparative experiments, the throttle of the

remote controller is adjusted to a consistent position in both

sets of experiments to achieve an equal level of lift force.

Since the control performance of the two methods is com-

parable at levels 1 and 2, their lift forces exhibit consistent

behavior. From Fig. 13, the attitude response performance of

both methods is comparable at levels 1 and 2 with identical

throttle inputs. Consequently, the vertical lift forces are simi-

lar in Fig. 12. It is noteworthy that the power coefficients uti-

lized in Figs. 11 and 12 differ between the twomethods. The

IESO-based MCPCC utilizes twice the number of power coef-

ficients compared to the CFO-based MCPCC. The CFO-based

MCPCC employs a power factor of 𝜏𝑥2𝜎 = 𝜏𝑦2𝜎 = 0.163.

Despite having a smaller power coefficient, the CFO-based

MCPCC indicates superior resilience against wind-induced

disturbances and an extended hovering time.

The error between the desired pitch torque and the

actual pitch torque is illustrated in Fig. 13. When the output

torque is zero, it implies that theQUAV is in a state of absolute

equilibrium, indicating no deviation torque in its pitch chan-

nel. Under levels 1 and 2, the similarity in deviation torque

between the two methods is attributed to their comparable

control performance. At level 3, IESO-based MCPCC suffers

severe torque deviation, ultimately leading to loss of control.

However, the loss of control in the CFO-based MCPCC is only

manifested during level 5.

4.2.2. Fixed-point hovering anti-wind disturbance

experiment

The LADRC, NLADRC, NLMPC and IESO-based MCPCC are

compared with the proposed method. The wind direction of

the industrial fan aligns with the 𝑥-axis of the QUAV system.

The fan is positioned at a horizontal distance of 1m from the

QUAV. The center height of the industrial fan is 0.9m. The

wind velocity of levels 1, 2 and 3 is measured as 3.6, 4.5 and
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Fig. 11. Control performance of pitch under different methods.

Fig. 12. Lift forces measured by a force sensor.

5.5m/s, respectively. When the QUAV is subjected to a wind

disturbance, a view of the change in the position of thewind-

ward side is presented in Fig. 14.

A comparative analysis of the horizontal control per-

formance under different approaches is depicted in Fig. 15.

LADRC, NLADRC, NLMPC and IESO-basedMCPCC exhibit sig-

nificant position oscillation issues. However, the proposed

control approach consistently remains within the circle with

a radius of 0.05m. The results show that the proposed

method has a stronger resistance to wind disturbance than

other methods.

The height control performance of the five methods is

demonstrated in Fig. 16. The results indicate that CFO-based

MCPCC outperforms the other methods in wind disturbance

suppression, without exhibiting any sharp fluctuations.

The maximum error and the mean absolute error of the

five methods are presented in Table 5. The results indicate

that the proposed CFO-based MCPCC method achieves the

best control performance.

4.2.3. Position tracking experiment under regional

wind condition

Under a level-2 (4m/s) wind disturbance, the three-

dimensional trajectory of the five methods is presented
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150

Fig. 13. Torque errors of pitch.

Fig. 14. A view of the change on the windward side based on CFO-based

MCPCC.

(a) Test 1

(b) Test 2

Fig. 15. Horizontal position response under wind disturbance.
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Fig. 16. Vertical control performance under wind disturbance.

Table 5. Comparison of hovering errors.

Methods Max errors MAEs

𝑥, 𝑦, 𝑧 𝑥, 𝑦, 𝑧

LADRC 0.244, 0.12, 0.024 0.028, 0.045, 0.011

NLADRC 0.096, 0.125, 0.0302 0.036, 0.038, 0.007

NLMPC 0.076, 0.101, 0.038 0.023, 0.024, 0.015

IESO-based MCPCC 0.183, 0.153, 0.019 0.033, 0.038, 0.005

CFO-based MCPCC 0.032, 0.043, 0.011 0.012, 0.008, 0.003

in Fig. 17. From Fig. 17(a), the LADRC method shows

significant deviations from the desired trajectory. By analyz-

ing Figs. 17(a) and 17(b) together, the trajectories of IESO-

based MCPCC, NLADRC and NLMPC fluctuate around the

desired trajectory. However, the CFO-based MCPCC closely

follows the desired trajectorywith high accuracy. The RMSEs

of LADRC, NLADRC, NLMPC, IESO-based MCPCC and CFO-

based MCPCC are 0.374, 0.157, 0.136, 0.097 and 0.052,

respectively. The results demonstrate that the CFO-based

MCPCC achieves the highest tracking accuracy under steady

wind conditions.

4.2.4. Position tracking experiment with variable

wind disturbance condition

The regionwind disturbance is added to the left-hand side of

the trajectory. The tracking performance of LADRC, NLADRC,

NlMPC, IESO-based MCPCC and CFO-based MCPCC is com-

pared. The QUAV tracks its desired trajectory for three com-

plete revolutions, with each revolution completed corre-

sponding to an increment of one level in fan level. The fan is

fixed where the shortest distance to the reference trajectory

on the upwind side is 1m.

(a) Test 1

(b) Test 2

Fig. 17. Tracking trajectory under the constant wind.

The tracking performance of the above methods under

the influence of regionalwind is demonstrated in Fig. 18. The

tracking trajectories of LADRC and NLADRC are closer to the

desired trajectories on the no-wind side than on the windy

side, which indicates that the two methods have poor wind

disturbance resistance. The tracking trajectories of IESO-

based MCPCC, NLMPC fluctuate around the desired trajec-

tory. However, the proposed CFO-based MCPCC has the least

oscillation compared to the above four methods. In addition,

the RMSEs of LADRC, NLADRC, NLMPC, IESO-based MCPCC

and CFO-based MCPCC are 0.203, 0.138, 0.128, 0.089 and

0.05, respectively. Therefore, the CFO-based MCPCC demon-

strates the strongest wind disturbance rejection capability

and achieves the highest control accuracy.

Remark 4. Under identical tracking trajectories and

heightened wind disturbances, the proposed method

exhibits significantly superior tracking performance com-

pared to [23], demonstrating enhanced resistance to aerody-

namic disturbances.

The wind disturbance comparison experiments com-

pare the LADRC, NLADRC, NLMPC, IESO-based MCPCC and
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(a) Test 1 (b) Test 2

Fig. 18. Tracking trajectory with variable wind.

proposed method, respectively. The wind disturbance

experiments primarily encompass attitude stabilization,

fixed-point hovering, and trajectory tracking. The results

demonstrate that the proposed method can realize tra-

jectory tracking with high accuracy under different wind

disturbances.

5. Conclusion

This paper proposed an active disturbance suppression

method to address the challenges posed by unknown pay-

loads and varying external disturbances in real flight for

QUAVs. Model compensation pole configuration control

(MCPCC) represents an inclusive control framework com-

prising a high-precision compensation function observer

(CFO) for estimation, knownmodel information, and deriva-

tives of desired signals. The CFO is utilized to estimate

unmodeled dynamics and external disturbances, feeding

these estimates forward to the controller to counteract their

effects. By leveraging known model information, the con-

troller alleviates the burden on the observer. Controller

gains are determined through pole configuration, impart-

ing clear physical significance to parameters and thereby

reducing tuning complexities. The feedback linearization of

the closed-loop system is achieved by combining the deriva-

tives of the introduced desired signal, the known model and

the compensation of the unknown disturbances, and the

linearised system is asymptotically stable. The framework

involving CFO, HOD, pole configuration methods and known

model information exhibits considerable flexibility and can

be substituted at will. Under conditions of unknown pay-

load and wind disturbances, this paper compares the per-

formance of LADRC, NLADRC, NLMPC, IESO-based MCPCC

and CFO-based MCPCC in disturbance rejection and trajec-

tory tracking. The results indicate that the CFO-basedMCPCC

significantly outperforms other approaches in terms of con-

trol accuracy and disturbance rejection capability.

Future work will focus on applying this methodology to

formation control and disturbance modeling for QUAVs.
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