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ABSTRACT This paper focuses on robust wind disturbance rejection for nonlinear quadrotor models.
By leveraging on nonlinear unknown observer theory, it proposes a nonlinear dynamic filter that, using
sensors already on-board the aircraft, can estimate in real-time wind gust signals in the three dimensions. The
wind disturbance is then treated as input to the PD controller for a quick and robust flight pathway in presence
of disturbances. With this scheme, the wind disturbance can be precisely estimated online and compensated
in real-time. Hence, the quadrotor can successfully reach its desired attitude and position. To show the
effective and desired performance of the method, simulation results are presented in Matlab/Simulink and
ROS-enabled Gazebo platform.
INDEX TERMS Nonlinear unknown input observers, unknown wind gust estimation and compensation,
quadrotor, PD control.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have drawn significant
attention in many areas, ranging from the military, monitoring marine and agricultural sectors, disaster surveillance,
to surveying and aerial robot manipulations. In all of such
applications, UAVs are required to be robust and autonomous
in any flight environment. Among them, quadrotor aircraft are multiple-input multiple-output (MIMO) systems,
lightweight, highly nonlinear, and under-actuated. They rely
on four fixed rotors and use variation in motor speeds
for maneuvering. During their actual flights, quadrotors are
always exposed to various disturbances and uncertainties,
such as wind gusts, which results in difficulties in achieving
robust performance and accurate flight paths.
Various linear and nonlinear control techniques have been
developed for quadrotors, the most common of which are
based on PID controllers. The work in [1] proposed a
robust PID controller for trajectory tracking tasks as well as
The associate editor coordinating the review of this manuscript and
approving it for publication was Shihong Ding
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maintaining stability for the nonlinear model of the quadrotor.
Online self-tuning PID control has also shown good results
where the PID controller parameters are dynamically tuned
during the flight [2]. PD control and PD-Fuzzy method have
been used to control the quadrotor which is a highly integrating system and has shown better robustness [3].
Moreover, nonlinear control methods are also used to
achieve an advanced performance of the quadrotor. Some of
the nonlinear techniques include feedback linearization [4],
sliding mode [5] and backstepping [6]. They have demonstrated significant achievements in robust control of the nonlinear model of the quadrotor. The feedback linearization
control algorithm transforms the nonlinear system model into
an equivalent linear system through a change in variables.
The linearization choice is between states and outputs [4].
However, the feedback linearization is highly sensitive to
noise and is not as robust when compared to sliding mode
controllers [7].
The control methods discussed above are used mainly to
stabilize a quadrotor equipped with several sensors, inertial
measurement units(IMU), and cameras which may lead to
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more weight, changes in the center of gravity, mass, and
inertia of the quadrotor system. In general, all other control
methods discussed will not be able to work efficiently if
external disturbances are exposed to it as the disturbances
have to be measured to ensure the aircraft’s stability and
resilience.
Furthermore, the stability and performance need to go
along with the robustness of the overall system against
external disturbances. To tackle this problem, different
types of observers have been developed in the last
three decades, including Extended Kalman Filters (EKF),
Equivalent Input Disturbance (EID) estimator, Uncertainty
and Disturbance Estimator (UDE), Generalized Proportional
Integral Observer (GPIO), Extended State Observer (ESO)
and Extended High Gain Observer (EHGO) [8], and
Unknown Input Observers (UIO). Performance comparisons
between these observers have been done in other domains
and date back over some decades [9]–[16]. Based on these
papers, EKF and ESO showed promising results; however,
they are stochastic, still have issues in reconstructing the
unknown inputs, and often require practical assumptions on
the disturbance that are not satisfied in reality. Indeed, the
ESO/GESO method requires that the uncertainties act via the
same channel as that of the control input [17]. Moreover,
a UIO-based approach performs in general at least as much as
the corresponding one with the EKF and ESO methods, but in
many other situations, it combines easy design with superior
performance.
Robustness is a major concern for a quadrotor aircraft in
the case of unknown disturbances, such as the wind, since
the system may become unstable and, therefore, will face
challenges in controlling and stabilizing in the presence of
wind. Kalman filters, including EKF, have been applied to
estimate the disturbances [18], [19], however, it is a stochastic
approach. The work in [20] proposed UAV state, external
wind, and parameter estimation in windy conditions using
unscented Kalman filter based on IMU and ground velocity
measurements. However, these methods require numerous
assumptions for noise.
Over the years, research in the design of observers has
accumulated through literature to obtain high accuracy, low
cost, and good prediction performances of systems. Luenberger observer evaluates a given set of linear functions of
the state observers to extract the unknown input of the system
using a geometric approach [12]. The inversion algorithm of
Silverman has been used in [21] to show the dynamic potion
of the inverse system which gives a partial state observer of
the system, having completely unknown inputs. A reducedorder state observer for discrete-time linear system models
with unknown inputs, also known as UIO, has been developed in [22]. This approach provides a characterization of
observers with delay, which eases the establishment of necessary conditions for the existence of UIO with zero delays.
By introducing a delay, the observer has the potential to be
used in a variety of systems and applications such as feedback
control, fault diagnosis and system identification [23].
VOLUME 9, 2021

Later on, the research has shifted from linear to nonlinear
observers. Earlier class of nonlinear Lipschitz system has
been studied [24], where the observer design relies on the
linear setting by imposing certain conditions on the nonlinearities. This approach inherits drawbacks from the observer
convergence conditions that are difficult to be satisfied for
large Lipschitz constants [25]. The problem is solved later
with the use of a Lyapunov function to guarantee asymptotic stability [26]. The increasing convergence rate showed
good robustness. Moreover [27] extended the observer design
using differential mean value theorem on the basics of Lyapunov approach and linear matrix inequality conditions and
also decoupled the unknown inputs.
One of the most challenging tasks for a UAV is to achieve
every control objective in terms of trajectory in spite of the
presence of external disturbances, such as sudden wind gusts.
Indeed, the dynamical model of a UAV, including that of a
quadrotor, is highly nonlinear and moreover has two degrees
of under actuation, since it has only four inputs and six
outputs (the linear and angular positions). In this respect the
control action is very hard and it becomes very challenging
in the presence of wind gusts. Due to the existence of these
external disturbances, much effort has been devoted to the
design of a robust controller for the quadrotors.
Hence, robust control of quadrotors has been an interesting area of research. PID and intelligent active force control is proposed by [28] to improve disturbance rejection
capability and robust trajectory. On the other hand, s [29]
proposed backstepping and sliding mode control in a double
loop structure for effective trajectory tracking for the desired
position of quadrotor model with disturbances. The work
in [30], [31] have proposed high order sliding mode control to
suppress the chattering when compared to traditional method
while preserving robustness properties. These methods generally aim to retain insensitivity to model uncertainties and
external disturbances in different ways, but do not estimate
the disturbances to compensate. As a result, they may be
slow in reacting to abrupt external disturbances. Visual-based
robust position control of a quadrotor using sensors including IMU ultrasonic sensor and vision sensor is addressed
by [32]. The design includes compensators to enhance robustness against disturbances. Furthermore, research work on
observers recently has been applied to the UAVs for various
applications. [33] used nonlinear observer for simultaneous
localization and mapping, hence reducing error asymptotically. The work in [34] proposed H∞ observers to address
actuator faults and state estimation in presence of disturbances of quadrotors. Moreover, [35] utilizes a fuzzy structure to approximate the model unknown parts based on the
composite surfaces of the under-actuated MIMO systems
for coping with plant uncertainties and, specifically, with
actuator deadzones. Disturbance observers have been used
for aggressive maneuvering for attitude control, velocity
tracking, and flight control of quadrotors [36]. In general,
robust control has been divided into two categories: suppressing disturbances via feedback control such as second order
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sliding mode control [28]–[31] or cancelling disturbances by
feedforward control [32]–[36]. In the latter, the reverse of
disturbance signal is feed forwarded so that the robustness of
a system is intuitively achieved by cancelling disturbances,
the main drawback of this robust control technique is that
disturbances are unknown or unmeasurable.
Contribution: With this respect, the paper presents a
complementary yet innovative wind disturbance rejection
approach, where wind disturbance is promptly estimated
online by a Nonlinear Unknown Input Observer (NUIO). The
appealing features of the developed scheme are its simplicity,
low computation cost, ability to obtain a fast response to wind
gusts, and implementability on virtually all aircraft systems,
as a stand-alone solution or an extension plugin for existing
controllers. More specifically:
1) the low computation demand is inherited by the simplicity of the NUIO, which requires no additional sensors and that robustly estimates the overall effects of
wind disturbance and other model uncertainty;
2) The promptness and efficacy of the estimator, along
with the position recovery scheme, are shown to outperform existing solutions based on EKF, GESO, model
predictive control, and robust control;
3) In this respect, it should also be noted that traditional
robust control involves complex controllers and is
unable to react fast enough in the presence of strong disturbances [8], [37], [38] or may require the application
of a signal that is too conservative or even unfeasible;
in contrast, the present approach compensates for the
exact amount of disturbance which is estimated online;
4) Finally, by being independent of the type of control law
used to determine the rotor speeds of the aircraft, the
developed scheme can provide existing controllers with
the additional capacity to better deal with disturbances.
This fact is shown in the paper, both in simulation and
via experiments, on a platform using an open-source,
the standard Ardupilot controller, which communicates
with the estimator via a ROS middleware layer.
II. QUADROTOR MATHEMATICAL MODEL

A quadrotor aircraft consists of a planar cross-shaped rigid
chassis, actuated by four independent rotors which are
mounted at the tips of the arms of the chassis itself (Fig. 1).
The aircraft pose information is measured via sensors: the
position (x, y, z) of its center of mass is measured via GPS
sensors which provide data in the inertial Earth frame F0 ,
while the orientation (φ, θ, ψ) is obtained from Inertial Measurement Units (IMU) in a body frame FB . The state vector
of a quadrotor vehicle consists of the following 12 variables:
the positions (x, y, z, φ, θ, ψ) and velocities (u, v, w, p, q, r).
As shown in Fig. 1, the four rotors apply a force orthogonal
to the rotation plane of their blades which are aligned with
the positive z-axis of the body frame FB and proportional
to the rotation speed square, i.e. Fi = KF ωi2 , where i is
the i-th rotor. Each force Fi generates a torque along the
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FIGURE 1. Quadrotor mechanical structure, model and reference frames.

orthogonal axis which is represented by the opposite arm of
the aircraft chassis, being lKF ωi2 , where l is the arm length.
Each rotor produces a torque, due to air drag, that is opposite
to its rotation and whose absolute value is proportional to its
rotation speed, that is, KM ωi2 . Therefore, the overall thrust Fz
and the components of the torque vector (τφ , τθ , τψ ) are
linearly coupled with the squares of rotor speeds. All such
quantities are grouped in the state and input vectors:
ξ = (x, y, z, φ, θ, ψ, u, v, w, p, q, r)T ,
  

KF (ω12 + ω22 + ω32 + ω42 )
FZ
 τφ  

l KF (ω22 − ω42 )
 
.
U =
2
2
 τθ  = 

l KF (ω1 − ω3 )
2
2
2
2
τψ
KM (ω1 − ω2 + ω3 − ω4 )

(1)
(2)

Furthermore, among available possibilities, the ZXY convention has been chosen to align the axes of F0 to those of
FB . The aircraft orientation is obtained by rotating first F0
about the z-axis of ψ (yaw) radians, the about the new xaxis of φ (roll) radians, and finally about the resulting y-axis
of θ (pitch) radians. Accordingly, considering the elementary
rotations




1 0 0
cθ 0 −sθ
Rx (φ) = 0 cφ sφ  , Ry (θ ) =  0 1 0  ,
0 −sφ cφ
sθ 0 cθ


cψ sψ 0
Rz (ψ) = −sψ cψ 0 ,
(3)
0 0 1
where s∗ = sin(∗) and c∗ = cos(∗), the complete rotation
converting body-frame coordinates into inertial ones is
Rzxy = (Rz (ψ)Rx (φ)Ry (θ ))T


cθ cψ − sφ sθ sψ −cφ sψ sθ cψ + sφ cθ sψ
= cθ sψ + sφ sθ cψ cφ cψ sθ sψ − sφ cθ cψ  . (4)
−cφ sθ
sθ
cφ cθ
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which can be expended as
  

m ẍ
(sθ cψ + sφ cθ sψ )F + Wx
 m ÿ  = (sθ sψ − sφcθ cψ )F + Wy  .
m z̈
(cφ cθ )F−m g + Wz

which can be compactly written as
 
  
φ̇
cθ 0 −sθ
p
q =  0 1 0   θ̇  .
sθ 0 cφ cθ
r
ψ̇

(7)

where I = diag(Ixx , Iyy , Izz ) is the inertia matrix around the
axes of FB . Direct computation of (8) leads to

 

Ixx ṗ
τφ − (Izz − Iyy ) q r
Iyy q̇ =  τθ − (Ixx − Izz ) p r  .
(9)
Izz ṙ
τψ − (Iyy − Ixx ) p q
Summing up, Eq. (6), (7), and (9) are one possible nonlinear dynamic model of a quadrotor aircraft. In state space,
such a model reads
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=
=
=
=

u,
v,
w,
p cθ + r sθ ,

u̇
v̇
ẇ
ṗ

ṙ

(6)

Due to the lean and trim structure of the quadrotor, it is
assumed that the wind momentum is negligible, thereby
implying that the vector T = (τφ , τθ , τψ )T acting on the aircraft itself is composed of the torques applied by the spinning
of the rotors. Since FB is aligned with the principal inertia
axes of the aircraft, Euler’s equations for the angular motion
read
  
  
ṗ
0 −r q
p
T = I q̇ +  r 0 −p I q ,
(8)
ṙ
−q p 0
r

ẋ
ẏ
ż
φ̇

ψ̇

q̇

Furthermore, the angular velocity vector (p, q, r)T of the
aircraft in body frame FB can be related to the Euler angles
through a dynamic relation which reads, for the ZXY convention, as
   
 
 
0
0
p
φ̇
q = θ̇  + Ry (θ)  0  + Ry (θ)Rx (φ)  0  ,
r
0
0
ψ̇

sφ
sφ
sθ p + q −
cθ r
cφ
cφ
cθ
sθ
r,
= − p+
cφ
cφ
F
= (sθ cψ + sφ cθ sψ ) +
m
F
= (sθ cψ − sφ cθ sψ ) +
m
Wz
F
= cφ cθ −g +
m
m
Izz − Iyy
τφ
=−
qr +
,
Ixx
Ixx
Ixx − Ixx
τθ
=−
pr +
,
Iyy
Iyy
Iyy − Izz
τψ
=−
pq +
.
Izz
Izz

θ̇ =

The forces acting on the quadrotor center of mass are the
total thrust F applied by the four rotors (always aligned with
the positive z-axis of the FB ), the gravity force (which is
oriented along the negative direction of the z-axis of F0 ), and
the wind gusts, W = (Wx , Wy , Wz )T (whose components
are assumed to be expressed in F0 by convention). Indicating with m the aircraft mass and g the gravity acceleration,
Newton’s equations for the translational motion of the center
of mass read:
 
 
 
ẍ
0
0
m  ÿ  = −m 0 + Rzxy  0  + W ,
(5)
z̈
g
F

Wx
,
m
Wy
,
m

(10)

III. NONLINEAR OBSERVERS FOR QUADROTOR MODELS
WITH UNKNOWN INPUT DISTURBANCE

Consider a nonlinear model affected by an unknown input
disturbance w and described by the discrete-time form
ξ (k + 1) = A ξ (k) + f (ξ (k)) + g(u(k), η(k)) + D w(k),
η(k) = C ξ (k),
(11)
where ξ ∈ Rn is the state vector, u ∈ Rm is a known input
vector, w ∈ Rk is the vector of the unknown input, η ∈ Rp
is an output vector. Moreover, A is the state matrix, C is the
output matrix, D is the disturbance matrix of suitable sizes,
and g : Rm+p → Rn and f : Rn → Rn are nonlinear
functions. Then, the nonlinear quadrotor model (10) in Sec. II
can be written as in (11) by defining




03×3 I3×3 03×3 03×3
000
03×3 03×3 03×3 03×3 

 (12)

A=
03×3 03×3 03×3 Q  , with Q = 0 1 0
000
03×3 03×3 03×3 03×3
and

05×1


−g


 cθ p + sθ r 
 sφ

 c sθ p + csφ cθ r 
φ
 φ s

cθ
θ

f (ξ ) = 
 cφ p + cφ r  ,


Izz −Iyy
 −

Ixx q r


 − Ixx −Izz p r 


Iyy
Iyy −Ixx
− Izz p q


03×1

 03×3
 sθ cψ + sφ cθ sψ



sθ cψ − sφ cθ sψ  F 03×3 
,
m
g(u, η) = 


cφ cθ



03×1
03×3 
03×1
8


(13)

(14)

where 8 = diag(τφ /Izz , τθ /Iyy , τψ /Izz ), and the unknown
wind gust matrix is D = (03×3 , 03×3 , I3×3 /m, 03×3 )T .
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for some c ∈ (ξ (k), ξ̂ (k)) and where the Jacobian matrix
J has been developed for the hovering condition of the
quadrotor with φ, θ ≈ 0. In this way, the quadrotor has
4 outputs and 4 control inputs, the system is fully manageable,
and the pair A(α) and C are observable. Therefore,


06×12
Jf = 03×6 J33 (I3×3 − Q)
(21)
03×9
J44
where
FIGURE 2. Depiction of the proposed Nonlinear Unknown Input Observer.



J33
Assuming D be full-column rank ensures the possibility to
reconstruct the unknown input w once the system states have
been recovered. Moreover, to ensure the full observability of
the system state the output vector has been chosen as η =
(x, y, z, φ, θ, ψ, u, v, w)T . The below described estimation
process, based on the NUIO, is depicted in Fig. 2.
Referring to the scheme proposed in [27], the state estimate
ξ̂ (k) = z(k)−E η(k) is defined, where η is the system output
and ζ is an observer variable whose dynamics reads:
z(k + 1) = N z(k) + L η(k) + M f (ξ̂ (k))
+M g(u(k), η(k)),

(15)

where N , L, M and E are unknown matrices of appropriate
dimensions which must be determined so that ξ̂ (k) asymptotically converges to ξ (k). More precisely, N , L and M can be
chosen as
N = MA−LC,
L = K (Ip + EC)−MAE,
M = In + EC,

(17)

its error dynamics reads
e(k + 1) = (In + EC) ξ (k + 1) − z(k + 1).

(18)

Using (11) and (15) the error dynamics can be rewritten as
e(k + 1) = N e(k) + (M A−L C−N M ) ξ (k)
+M (f (ξ (k)) − f (ξ̂ (k)) + M D w(k).
Using (16), NA−LC−NM is equal to zero, and, consequently, the error dynamics reduces to


e(k + 1) = N e(k) + M f (ξ (k)) − f (ξ̂ (k)
+MD w(k).

(19)

It is necessary for the error dynamics to converge to zero,
hence, by using differential mean value theorem


M f (ξ (k)) − f (ξ̂ (k)) = M J c(k),
(20)
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and 0 =

(Iyy −Izz )
Ixx ,

1=



J44

(Ixx −Izz )
Iyy ,


0 r0 q0
= −r1 0 −p1
q3 p3 0
3=

(Ixx −Iyy )
.
Izz

Hence,


03×3 I3×3 03×3 03×3
03×3 03×3 03×3 03×3 

A(α) = A + Jf (α) = 
03×3 03×3 J33 I3×3  , (22)
03×3 03×3 03×3 J44

where α is the set of all vertices aij and i, j = 1, · · · , n.
Moreover, as per the theorem outlined by [27], if there
exist E,K anda positive defined matrix P, such that the
−P X
matrix
, where X = P A(α) + P U C A(α) +
X P
Ps V C A(α)−K C, is negative definite, then the state estimation error asymptotically converges, i.e. e(k) → 0 as k → ∞.
Then, the unknown input decoupled to (EC+In )D = 0, which
implies E C D = −D and consequently M D = 0. The error
dynamics then becomes
e(k + 1) = N e(k) + M J (k) e(k).

(16)

and E and K are obtained via the observer design. By introducing the estimation error,
e(k) = ξ (k) − ξ̂ (k) = ξ (k) − z(k) + E η(k)


0 r 0
= −r 0 0 ,
0 −p 0

Moreover, with the corresponding output matrix C =
(I9×9 , 09×3 ) and unknown input matrix D, to have appropriate
solution for E the following condition has to be satisfied:


CD
rank
= rank(C D)
(23)
D
From (23), all solutions of E using generalised inverse are:
E = −D(CD)† + S (Ip − (CD)(CD)† ). Then, it holds


03×3 03×3 03×3 03×3
U = −D(CD)† = 03×3 −I3×3 03×3 03×3  ,
06×3 06×3 06×3 06×3


I3×3 03×6 03×3
V = Ip − (CD)(CD)† = 06×3 06×6 03×3  .
03×3 03×6 I3×3
Moreover, considering the Lyapunov candidate V (k) =
eT (k) P e(k), the following forward difference is to be
considered:
1V = V (k + 1) − V (k)

= eT (k) (MAJ (k) − KC)T P
× (MAJ (k) − KC) − P) e(k).
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FIGURE 3. Estimated versus actual wind gusts for the time varying wind gust model. The NUIO error is at least 25 times smaller than EKF and
GESO.

The above equation can be solved using the Linear Matrix
Inequality (LMI) technique in Matlab. For the error to be
convergent, it is required for 1V < 0. To begin with,
by using the above expression 1V = eT (k)[X T P−1 X −
P]e(k), where X = PA(α)+P U C A(α)+Ps V C A(α)−K C,
Ps = P S and Pk = 0. This further implies X T P−1 X −P <
0. Then, by using LMI with the condition P > 0, the
solutions for P, Ps Pk can be found. Moreover, the matrix
inequalities P A(α) + P U C A(α) + Ps V C A(α)−K C and
P < 0 are verified for all αij , with i, j = 1, · · · , n. If so
the sought condition is met, the eigenvalues are negative,
and the estimation error converges. Furthermore, matrices
N = MA−KC and L = K (IP + CE)−MAE are computed,
since they are required by the observer design as expressed
in 11. Finally, the unknown input vector w is reconstructed
as:


w(k) = D† ξ̂k+1 − Ad ξ̂k − f (ξ̂k ) − g(uk , ηk )
(24)
−1 T
with D† = DT D
D .
It is notable to compare Extended Kalman Filters (EKF)
and Generalised Extended State Observers (GESO) to Nonlinear Unknown Input Observer (NUIO). In general, a NUIO
has a deterministic approach and performs superior when
compared to EKF and GESO which has a stochastic
approach. Fig. 3 shows the estimated time-varying wind gust
force with peak amplitudes of Wx = 3 N, Wy = 2 N, and
Wz = 1 N, acting on the nonlinear model of the quadrotor
aircraft. The yellow line shows the estimated wind gusts
extracted from the NUIO, while the dotted line shows the estimation by an EKF (red) and GESO (green). The references
are given in black. The NUIO estimation is so error is so small
VOLUME 9, 2021

that its graph sits on top of the reference plot. The comparison
reveals that the NUIO is superior in estimating the unknown
wind gust and provides the fastest response among the three
types of estimators; when compared to the EKF and GESO,
also it does not have high peaks. Moreover, for the EKF,
numerous process noise and measurement noise values were
simulated from which a process noise and measurement noise
were selected to give the best performance. Similarly, the
GESO was tuned to give the best performance. Fig. 3 shows
that amplitude of the estimation error achieved by the NUIO
is about 25 times smaller than that of the EKF and 50 times
smaller in the case of the GESO. Similar trend occurs also as
for what it concerns the state estimation which is shown in
Fig. 4.
IV. WIND GUST COMPENSATION

The proposed estimation and control scheme ensuring the
achievement of accurate and robust path tracking even with
wind disturbance is illustrated in Fig. 5. According to it,
a NUIO estimates the unknown wind gusts in real-time,
as described in the previous section, and provides this information to a PD controller to compensate for it and to regulate the nonlinear model of the quadrotor. More specifically,
having denoted with (xd , yd , zd , ψd ) the desired pose for the
aircraft, an Attitude Control is used for the orientation in
φ, θ, ψ, while a Position Control is used for positioning
the quadrotor along the axes x, y, and z, by employing the
information of the estimated wind gusts Ŵx , Ŵy , Ŵz obtained
via the NUIO. For the results obtained, the quadrotor is in a
hovering state, which implies that φ, θ ≈ 0 for the system to
be fully controllable, which are 4 inputs and 4 outputs. For
the NUIO, 9 out of 12 states are measurable for simulation,
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FIGURE 4. Plots of state estimation errors of the proposed NUIO (left) vs an EKF (middle) and a GESO (right). The estimator error obtained via
the NUIO is at least 102 and 104 times smaller than those of the EKF and GESO.

that are x, y, z, φ, θ, ψ, u, v, w. These are used by the NUIO to
estimate the 3 remaining states as well as the 3 unknown wind
gust components. The details of the controller are described
below.
A. ESTIMATED WIND FEEDBACK WITH PD CONTROL

The aim is to achieve accurate path tracking by the controlled quadrotor even in the presence of wind gust vectors (Wx , Wy , Wz )T affecting the aircraft position. The PD
controller is based on the approximated linear dynamic model
of the quadrotor aircraft in hovering condition when φ, θ ≈ 0.
Let such nominal conditions be described by (xd , yd , zd , ψd )
and the nominal force for hovering, f¯ = g. Hence, the
tracking error variables be δx = x − xd , δy = y − yd ,
δz = z − zd , and δψ = ψ − ψd . Moreover, the input variation
variables are δf = f − g, δφ = φ − φC , and δθ = θ − θC .
The linearized model (6), describing the quadcopter position,
becomes
  

m ẍ
gsψd δφ + gcψd δθ + Wx
 m ÿ  = −gcψd δφ + g sψd δθ + Wy  ,
(25)
m z̈
δf + Wz
where δf ≈ 8 KmF ω0 (δω1 + δω2 + δω3 + δω4 ). To ensure the
asymptotic convergence of the quadrotor center of mass to
the desired position, the dynamic model in (25) is forced to
follow the dynamics
 
 v
p 
kx ẋ + kx δx
ẍ
 ÿ  = −  kyv ẏ + kyp δy  .
(26)
p
z̈
kzv ż + kz δz
By comparing (25) and (26), the relations for the rotor
speed variations and the commanded roll and pitch, φC and
149170

FIGURE 5. System architecture. The aircraft pose information is used
within the NUIO which provides accurate estimates of all system states
and wind disturbance; such an information is then used in the attitude
and position controllers.

θC (see Eq. (31)) are obtained as follows:
!

 
v ẋ + k p (x − x ) − Wx
k
d
x
R(ψ
)
x
m
φC

− g d
W
p
 θC  = 
kyv ẏ + ky (x − yd ) − my  (27)


q
KF P4
f
ω2 + 2 KF δω + Wz
i=1

m

i

m

z

m

where

R(ψd ) =


sψd −cψd
,
cψd sψd

Wz
.
m
Moving now on to the aircraft attitude control, from (10),
the angular accelerations can be rewritten as

 
 

l KF (ω22 − ω42 )
Ixx ṗ
I1 q r
Iyy q̇ = 
 − I2 p r  (28)
l KF (ω32 − ω12 )
2
2
2
2
Izz ṙ
I3 p q
KM (ω1 − ω2 + ω3 − ω4 )
δωz = −kzv ż − kzp (x − zd ) +

with I1 = Ixx − Iyy , I2 = Ixx − Izz , and I3 = Izz − Iyy .
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FIGURE 6. Scenario #1 (Matlab simulation) - Wind estimation (left) with military grade wind gusts, desired and closed-loop trajectories
with NUIO and EKF-based schemes (middle), tridimensional plot of the desired and closed-loop trajectories (right). The NUIO-based
approach is very accurate and prompt, thereby allowing a superior control of the aircraft position.

At hovering φ, θ ≈ 0, thus it holds φ̇ ≈ p, θ̇ ≈ q, and
ψ̇ ≈ r. The attitude dynamics simplifies to


I −I
 
lKF
(ω22 − ω42 ) − zzIxx yy θ̇ ψ̇
φ̈
I
xx


Ixx −Izz
lKF
2
2

 θ̈  = 
Iyy (ω3 − ω1 ) − Iyy φ̇ ψ̇


I −I
KM
ψ̈
(ω2 − ω2 + ω2 − ω2 ) − xx yy φ̇ θ̇
Izz

1

2

3

4

(29)

Izz

Afterqlinearizing (29) around the hovering conditions, ωi ≈
mg
ω0 = 4K
. Having denoted δψ = ψ − ψd and δωi =
F
ωi − ω0 , the linearized model reads
φ̈
 θ̈  =
δ ψ̈




√
l mgKF
(δω22 − δω42 )
√ Ixx

mgK
l
F

(δω32 − δω12 )
Iyy
 √
KM mgKF
(δω12 − δω22 + δω32
Izz







− δω42 )

(30)

Furthermore, to equate aircraft orientation to the PD controller, where all constants can be chosen based on desired
eigenvalues locations, δφ = φ − φC and δθ = θ − θC where
φC and θC are commanded roll and pitch values

φ
−kφv φ̇−kp φ
δω2 − δω4


 =  −k v θ̇−k p θ 
δω3 − δω1
θ
θ 
p
δω1 − δω2 + δω3 − δω4
−kψv ψ̇−kψ ψ


δωφ
=  δωθ  .
δωψ






Moreover, in order to determine the variation in rotor
speeds δωi for all i, we can impose that δωz = δω1 + δω2 +
δω3 +δω4 being proportional to the variation of the total thrust
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FIGURE 7. Scenario # 2 (Matlab simulation) - Results of wind estimation
for time-varying wind gusts and desired and closed-loop spiral
trajectories in 3D space. The NUIO-based estimation and control scheme
achieves accurate tracking of the desired trajectory, while the EKF-based
one shows a large error due to less prompt and accurate wind gust
estimation.

for cross configuration quadrotor gives


1
0

−1
0

1
1
0
−1

1
0
1
1


 

1
δω1
δωz

 

−1
 δω2  =  δωφ  ,
0  δω3   δωθ 
−1
δω4
δωψ
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FIGURE 8. Data-flow in the ROS Gazebo setup in the Gazebo and the MATLAB/Simulink. ROS nodes and topics are represented by blocks and
arrows, respectively. The desired pose and the unknown wind signal are generated in Matlab/Simulink and continuously sent to Gazebo via ROS.
The wind signal is used in Gazebo, along with the signal of the robot speeds to simulate the nonlinear aircraft model.Gazebo environment
includes GPS, IMU, and compass sensors to emulate the outputs of the aircraft. A ROS-based UIO node is present in Gazebo which reconstructs
the unknown wind signal. This information as well as that of the estimated aircraft state and desired pose is used by the Ardupilot controller to
generate the rotor speeds.

TABLE 1. Erlecopter’s parameters.

which then gives



δω1
1 0
δω2  1 1 2



δω3  = 4 1 0
1 −2
δω4

−2
0
2
0



δωz
1


−1
  δωφ  .
1   δωθ 
−1
δωψ

Putting everything together in the original coordinate
frame, the linear feedback attitude controller which corrects
the rotor speeds after estimating wind gusts. Fig. 5 shows
the attitude and position controller feeding rotor speeds to
quadrotor.


Iyy
Izz
1
0
−
 41 Ixx 2l IKzzM 
 4 − 2l 0 K 
M 

I
√
1
  
0 2lyy − KIzzM 
  2mg + mgKF δωz 

4
ω1
1 Ixx
0 KIzzM
ω2 
 k v φ̇ + kpφ (φ − φC ) 
  = 4 2l√
 φ

ω3 
 k v θ̇ + k p (θ − θC )  .
mgKF
θ
θ
p
ω4
kψv ψ̇ + kψ (ψ − ψd )
(31)
Finally, Fig. 6 and 7 show the robustness of the proposed
NUIO in simulation when exposed to military grade and time
varying wind gusts for circular and helical trajectory of the
nonlinear model of quadrotor aircraft. Results obtained when
using an EKF are also reported in the figures for comparison
purposes. It is worthy noticing that the proposed NUIO can
work with any type of controller, provided that the controller
itself can compensate for the estimated wind gusts by changing the rotor speeds.
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FIGURE 9. Scenario #1 (Gazebo simulation) - From top to down, results
showing the estimated wind, desired and closed-loop trajectories and 3D
representation.

V. SIMULATION AND ROS GAZEBO VALIDATION

The parameters of the Erlecopter [39] prototype aircraft have
been used to carry out the Matlab/Simulink and ROS/Gazebo
simulation and are the same as those shown in Table 1.
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FIGURE 10. Scenario #2 (Gazebo simulation) - Results of step wind gusts showing wind gust estimation (left), middle section
shows the quadrotors positions; top right figure shows the rotor speeds and the 3D trajectory is on bottom right.

A. SIMULINK VALIDATION

The first step of validation is to use the proposed scheme in
the Matlab/Simulink environment. The nonlinear mathematical model of the quadrotor together with the wind estimation
scheme of the NUIO have been implemented. The system
parameters are the same as discussed in Table 1. The control
system has been tested under two different scenarios: 1) military gusts winds affecting the aircraft when it is required to
tracking a circular trajectory, and 2) time-varying wind spiral
trajectory of the quadrotor.
1) SCENARIO #1

As a first validation step, the quadrotor is required to move
along a circular trajectory of radius 5 m at a height zd = 5 m,
in the presence of military-grade type wind gusts [40]. The
p
p
p
φ
controller’s parameters are chosen as kx = ky = kz = kp =
p
p
v
v
v
v
v
v
kθ = kψ = 0.9 and kx = ky = kz = kφ = kθ = kψ = 9,
so that the quadrotor can accurately and smoothly track the
desired trajectory and the yaw variable ψ is can converge to
zero within 10 s. Simulation results presented in Fig. 6 shows
the NUIO correctly estimates the wind gusts with a very small
error also during the initial transient. The dotted line shows
the desired and the solid line shows the estimated wind, the
EKF is illustrated in black for comparison.

speeds and partial outputs are available to the NUIO for
estimation of wind gusts. The ROS nodes communicate to
the Simulink and Gazebo software.
Fig. 8 shows the communication links between Gazebo,
ROS, and Ardupilot. Gazebo is designed to accurately reproduce the dynamic environment of a quadrotor [39]. The
simulated prototype has mass, inertia, wind, friction, and
numerous other attributes that allow it to behave realistically
when testing. These actions are also integral parts of an
experiment. The aircraft prototype has been developed by
Erle Robotics for Gazebo, and it has a dynamic structure
composed of a rigid body with joints, forces, and torques
to generate propulsion and interaction with the environment.
More precisely, the architecture implemented is as follows:
1) ROS provides a middleware layer for the SITL
(software in the loop) emulation,
2) the Gazebo software provides a reliable simulation
platform for the aircraft physics, including wind gust
forces, and
3) Matlab/Simulink scheme implements the proposed
NUIO filter. Gazebo receives rotor speeds from subscribed ROS topics and publishes the aircraft pose
(position and attitude) to ROS, while the Matlab/Simulink node subscribes and receives such pose
topics.

2) SCENARIO #2

The Matlab simulation design is also tested for a large
time-varying wind gust as shown in Fig. 7. The quadrotor is
required to move at a height zd = 4 m and then land in a spiral
path in the presence of time-varying wind gust. The control
parameters are chosen as in Scenario #1, again with the aim to
let the quadrotor reach the desired path more accurately and
smoothly.

1) SCENARIO #1

The proposed NUIO is tested with a constant horizontal wind
gusts of Wx = 1.2 N and Wy = 2.4 N. The quadrotor is
required to hover at the height of zd = 10 m while ψ is
determined by the Ardupilot to the value −0.5 rad. Results
of the simulation are reported in Fig. 9.
2) SCENARIO #2

B. ROS/GAZEBO VALIDATION

The proposed design is then tested within the ROS/Gazebo
framework using Ardupilot 3.5 controller. The Ardupilot has
its own nonlinear controller, which proves that the NUIO
proposed works for any type of controller, provided the rotor
VOLUME 9, 2021

The NUIO is tested with constant wind gusts of Wx = 2.5 N,
Wy = 1.5 N and Wz = 0.5 N. The quadrotor is required
to move from the origin to xd = 2.5 m, yd = 3.5 m and
zd = 4 m along a straight line and ψ is determined by the
Ardupilot as −1.4 rad. In the Gazebo environment the ω0
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is 57.7 rad/s, but the quadrotor rotor speeds are 55 rad/s,
less than ω0 due to the wind gust acting along the positive
z direction pushing the quadrotor. The wind speed vector
components, νx and νy , are easily obtained from wind force
components, Wx and Wy , by using the conversion formula
Wi = ρSx νi2 ,
for i  {x, y}, where ρ = 1.225 kg/m3
is the air density at sea level and quadrotor lateral sections,
which, for small roll and pitch, can be approximated to Sx =
Sy = 9.88 × 10−3 m2 .
VI. CONCLUSION

To conclude, the paper presents an innovative approach to
accurately estimate and compensate the external disturbances
in real-time such as wind gusts acting on the nonlinear model
of the quadrotor aircraft. The quadrotor has robust performance as it moves accurately along the desired path when
exposed to different types of wind gusts which is validated by
Matlab/Simulink and Gazebo environment. This shows that
the proposed method requires no extra sensors, is simple low
computation and has the ability to obtain a fast respond to
different types of disturbances during the flight. Furthermore,
the nonlinear unknown input observer works with any type
of controller, provided the controller can compensate for the
estimated wind gusts by changing the aircraft rotor speed.
This has been proved as for simulation by using PD controller
and in Gazebo environment using Ardupilot controller. The
performance of the controller is obviously affected by the
parameters of the controller (PD), thus an accurate design
is requested. Nevertheless, the parameters of the NUIO only
depend on the model parameters. Future work will focus
on on-line model parameter estimation, to make the NUIO
adaptive. Another possible approach that can handle parameter uncertainty is the adoption of back-stepping techniques.
Finally, this independent type of robust control method has
multiple real world applications such as flying the quadrotor
accurately and independently in windy conditions.
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