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ESO based adaptive neural
network control for a quadrotor
against wind and payload
disturbances

Xin Cai'™, Jie Dai?, Fan Liu? & PingYe3

This paper investigates the design of a robust controller for the trajectory tracking issue of an
underactuated quadrotor unmanned aerial vehicle (UAV) subject to multiple disturbances. An anti-
disturbance control framework is proposed by utilizing extended state observer (ESO) and neural
network technology. Firstly, the dynamic model of the quadrotor UAV under wind and payload
disturbance is established. To actively estimate the lumped disturbance of the UAV system, an ESO
with only one parameter is introduced and the disturbances are transformed into the extended state
of the UAV system for estimation. Secondly, an adaptive tracking controller that does not accurately
obtain the dynamic model knowledge is constructed based on neural network method, where
weights of the network can be automatically adjusted by the developed adaptive law. Then, finite-
time convergency is analyzed for the ESO with only one parameter, and the Lyapunov criterion is
adopted to verify the uniform ultimate boundedness of the UAV closed-loop system. Finally, various
simulations under different scenarios are carried out to demonstrate the superiority and effectiveness
of the proposed control strategy. For comparison, linear active disturbance rejection control (LADRC),
sliding mode control (SMC), model-free based terminal SMC (MFTSMC), and adaptive fractional-order
control (ADFOC) algorithms are introduced. Moreover, the physical experiment is given to validate the
practicability of the proposed method.

Keywords quadrotor UAV, multiple disturbances, extended state observer, neural network, Lyapunov
criterion

In the past few years, quadrotors have been widely applied in various fields, such as telecommunication relay,
surveillance, and agriculture!*. The quadrotor UAV itself has nonlinear, strong coupling, and underactuated
characteristics, and it is easily affected by external wind disturbances and payload disturbances during flight>®.
Therefore, how to develop the high-precision tracking controller for quadrotor is a challenging issue, especially
in the case of multiple disturbances.

A number of researchers have proposed many control schemes for the quadrotor. Proportional integral
derivative (PID) strategy has been used to design UAV control framework as a classic method’~*. However,
PID is sensitive to disturbances and its parameter tuning process is complex. In'?, a nonsingular terminal
sliding mode control (SMC) scheme was constructed based on finite time technology. Wang et al.'* developed
a backstepping control scheme for the quadrotor with model uncertainty and external disturbance. In order to
simultaneously address the unknown disturbance and control input constraints in the UAV system, Alsaade et
al.!2 designed a trajectory tracking control strategy using Hoo technology. An adaptive fractional-order SMC
framework was proposed to achieve fast speed and high accuracy performance for the UAV in'. In addition,
there exist many other methods, such as prescribed performance control'*!3, fixed-time control'®!7, predefined-
time control',event-triggered control!*?,fuzzy control?!. However, the above methods rely too much on
accurate mathematical models of UAV. If the mathematical model of UAV is not accurate enough or the UAV is
subject to external unknown disturbances during flight, the above control methods cannot guarantee the flight
performance of the UAV.
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Many learning based methods have also been applied to UAV control, which have low model dependence
and better adaptive capabilities. They can intelligently process uncertain information and are suitable for solving
control problems in high complexity systems. Gao et al.?2 adopted neural network to approximate the nonlinear
terms in the system model for UAV fault-tolerant control. Shen and Xu?® estimated unknown disturbances in
the quadrotor UAV system using function approximation ability of radial basis function (RBF) neural network.
Other neural network algorithms were investigated in?*?. Reinforcement learning methods for UAV were
studied in?>%. In?8, reinforcement learning and backstepping technology were combined to study the optimized
tracking control scheme of the quadrotor UAV system. However, learning based methods require a significant
amount of computation. The onboard CPU is limited in computation and does not have the ability of real-
time control. In addition, it is difficult to analyze the stability and reliability of the system through theoretical
methods.

According to the disadvantages and advantages of the above methods, a novel active disturbance rejection
control (ADRC) strategy was proposed by Han?’. This method combines the advantages of modern control
theory and PID controller, with strong anti-disturbance ability and fast response speed. Extended state observer
(ESO) is the core part of ADRC, which considers external and internal disturbances of the system as total
disturbances and expands them into new state variables for estimation and compensation. At present, ESO has
been adopted in the industry, such as electric power system and Texas Instruments®**-32. However, how to apply
it to practical quadrotor UAV system and complete the effective combination of control theory and practical
engineering is still worth further research.

Inspired by the above analysis, model based control methods rely on accurate mathematical models of UAV.
If the mathematical model is not precise enough, the control performance will be greatly affected. Based on
learning methods, although they do not rely on complex mathematical models, they require a large amount
of computation and are difficult to implement in engineering. This paper aims to construct the UAV flight
controller with superior control performance and engineering applications by combining the advantages of
model algorithms and learning methods. This paper employs ESO and neural network techniques to study the
trajectory tracking problem of UAV under wind and payload disturbances, the main contributions of this paper
are summarized as follows.

« Different from various forms of ESO have been previously proposed, such as classical nonlinear ESO and
adaptive ESO™*, an ESO with only one parameter is constructed for the UAV system to estimate and compen-
sate for lumped disturbance composed of wind and payload disturbances. It only requires fewer parameters
to be designed, greatly improving debugging efficiency. Furthermore, it is proved that the estimation error of
the observer can converge to 0.

o Compared with the results based on accurate UAV model in'"'°, this paper constructs the adaptive neural
network position controller that does not rely on the system model is developed. Based on the Lyapunov
method, the adaptive law of the neural network weights is derived, and a rigorous stability proof is given,
which proves that the position tracking error of the whole UAV closed-loop system is uniformly ultimately
bounded (UUB).

« Compared with the results in'#2°, the effectiveness of the proposed control strategy are only verified through
numerical simulation. Furthermore, this paper conducts UAV anti-disturbacne flight experiments by build-
ing a physical experimental platform, and the combination of theory and practical application is completed.

11,16

The layout of this paper are as follows. In Section 2, the dynamic model of the UAV is established and problem
formulation is given. Section 3 presents controller design. Section 4 provides numerical simulation and actual
flight results. Section 5 concludes this paper.

Problem formulation

The structural framework of quadrotor UAV is depicted in Fig. 1. The thrust required for the quadrotor is
generated by four motors driving propellers. Let O, and Oy be the world coordinate system and the body
coordinate system, respectively. Denote x, y and z as the positions of UAV in 3D space. ¢, 6, 1 are roll, pitch, and
yaw angles. From3***, the dynamic model of UAV is constructed as

3(0) = b0yt (22 + Luatt)

a0 = i) (22 )+ )

1.
#(t) = —[(cos 9(£) cos (1) sin (1) M
+sin ¢ (t) sin ¥ (£))ur () + dua (£) + g1
(1) = - [(cos 8(1) sin 6(1) sn (1)
—cos(t) sin ¢(t))u1(t) + dw2(t) + dg2]
(1) = - [(cos (0) cos (0)us (1) — g + dus (1) + ]
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Fig. 2. Structure of the proposed trajectory tracking control strategy.

where m, g are the mass and gravitational acceleration of the UAV. I, I, and I. denote the moment of inertia
of the UAV. [ is the distance from the center of the aircraft body to the rotor axis. w1 (t), u2(t), us(t), ua(t) are
control thrust provided by four motors. dw(t), dqi (t)(¢ = 1, 2, 3) refer to time-varying wind disturbances and
cable suspended payload disturbance. It is worth noting that we focus on the position control of UAV in this
paper, and it is assumed that the attitude system of UAV is not affected by multiple disturbances.

The control goal of the this paper is to develop a control strategy for the quadrotor UAV under wind and the
cable-suspended payload disturbances to ensure that {z, y, z} can track expected trajectory {za, ya, za}, and
the tracking errors are bounded.

Controller design and stability analysis

In this section, an adaptive neural network control strategy is designed based on ESO. Figure 2 depicts the
structure diagram of the control scheme, and the stability of proposed control algorithm is analyzed using the
Lyapunov function.

Design of the ESO

This paper considers two types of disturbance imposed on a quadrotor UAV. One is the external time-varying
wind disturbance expressed by d.,. The other is cable suspended payload disturbance, that is, dg. It is assumed
that d,, and d, are bounded, i.e., ||d. || < dw, ||dq H < dg, where d,, and d, are known constants. Therefore, the

lumped disturbance dy can be expressed as:

Let X1 = [z,y, 2]7, Xo = [&, 9, 2], X3 = [df1,ds2,ds3]", then the position dynamics model of the UAV
(1) is rewritten as
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X1 = Xo

Xo=Xs+ G(z)u (3)
X3 =dy

where u = [ug, Uy, uZ]T, G(x) is related to the system dynamics model.

Define Z1, Z> and Z3 as the estimated values of X1, X2 and dy. For the system (3) , the ESO is constructed
as

Zo = Zz+ P2 (X1 — Z1) + G(z)u (4)

{ Z1 =Zs+ 1 (X1 — Z1)
Zs = B3 (X1 — Z1)

where (1, B2, and (3 are the observer parameters. Furthermore, according to (3) and (4), the estimation error
equation is obtained as
Ey=—B1E1+ Es
E> = —B2F: + E3 (5)
Es = —B3F1 +d !

where E;(t) = X;(t) — Z;(t),i = 1,2, 3. Denote & (t) = E;(t)/wi™t,i = 1,2, 3, the Eq. (5) is rewritten
&i(t) = —%51 + woé2
&2(t) = —%51 + wols (6)
E(t) =286 + %

Choose 81 = 3wo, B2 = 3w?, B3 = w?, the Eq. (6) is rewritten as

() = wodg(t) + B )

0
0 1.
1

Theorem 1 It is assumed that d s is bounded, then there exists the finite time 7' > 0 and the positive constant
kisuch that |E;(t)| < k4,0 =1,2,3,Vt > T > 0.

-3 1 0
where A=| -3 0 1 |,B=
-3 0 0

Proof From the Eq. (7) , it can get

. .
£(t) = e“°*e(0) +/ e“OA(t’”Bd—deT ®)
0 Wo
Define Q(t) = fot e“"A("’_T)B%dT. Since d is bounded, namely |df| < D,D > 0,ithas
D —1 —1 wyAt
Qi< 2 (148, + (e ns) ) o
0 0 -1
FromA™'=| 1 0 -3 |,itgets
0 1 —
-1 1, =1
|(A7"'B), :{ 3 =23 (10)

ewDAt y < 1
{ ( . At)“ o (1)
(e B)Z < o
Since T is related to w, A%, then set
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1 mi1 Mmiz2  Masg
A7 = | me1 mo2 ma3
m31  M32 M33
" ni1r  Ni2  N13
w
e = n21  MN22 N23

n31 N32 N33

Forallt > T, it has

‘(Ailew"AtB)i‘ = |m1n13 + Mmiznas + Miznas
_ w% i=1 (12)
= é, 1=2,3

Combine equations (9), (10) and (12), it has
Qi) < S5 + T 19

Denote &max (0) = |£1(0)| 4 |€2(0)] + |£3(0)|, forallt > T4 = 1,2, 3, it gets

[ (0] | < Sl 19
then
o) < Szl 32, 42 (15)

Define Emax(0) = |E1(0)| + | E2(0)| + | E3(0)|, from &;(t) = F;(t)/wi™" and (13), (14), (15), it obtains

Emax(0) 3D 4D
B0 < =55 4 S5+ s

= K (16)

From (16) and D isa positive constant, by adjusting the bandwidth w, of observer, it gets | E;(t)] — 0. Finally,
the estimation errors are convergent. Hence, the proof of Theorem 1 is finished.[J

Design of adaptive neural network controller
An adaptive neural network controller for quadrotor is developed utilizing the disturbance estimation values of
ESO. For the system (3), the output error of the system is

q=Xa— X1

. : 17
(-3 % (17)
where Xy = [d, ya, z4]" represents the expected trajectory. Furthermore, taking the X-axis channel as an
example, the controller design for other channels is similar to it, and the ideal UAV tracking control protocol is
constructed as

(dp +da+ K'Q) (18)

*
Uy =

1
G(z)1

where Q = [zq — ©,Zq — a':]T, K = [kp, kd]T. Furthermore, the roots of s> + kgs + kp = 0 can be placed in
the left half complex plane by designing K. Then, ¢(t) — 0, ¢(t) — 0, when t — oo.

Based on the ESO designed above, disturbance estimation Z3 can be obtained, while G(x) is associated with
model parameters, and it is difficult to acquire its accurate value. As shown in Fig. 2, the RBF neural network is
a classic feedforward neural network that can approximate any nonlinear function by reasonably determining
parameters in the network. Therefore, RBF neural network is designed to estimate G(x) through adaptive
learning methods. The output of the neural network is

G(x) = WWh(z) (19)

where W represents weight of the network, z = [g, ¢]” is the input vector, / is the excitation function of the
hidden layer expressed as

2 —¢”
hj:exp(—%? j=1,...,5 (20)
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where b represents the width of Gaussian function, ¢ is center of the function. Finally, the tracking controller
based on ESO is constructed as

o et iyt KT
U o 1( 3,2+ Za+ Q) 21)

It is worth noting that the ESO based adaptive neural network controller only utilizes the expected tracking
signal and output information of the system, and the controller does not depend on the system model. In
addition, by utilizing the second-order derivative of the expected tracking signal, the controller parameters
can be strictly selected according to pole placement method, which is conducive to fast tracking of high-speed
maneuverable objects.

Theorem 2 Consider the UAV system described by (3), if the ESO (4) is adopted and the adaptive law of weights
in RBF neural network is constructed as

Sy 1 5 o T
W=—Q _@h(x)é(x)( Zs+ Xa+ K"Q) (22)

where v > 0, = is a positive definite matrix. Then, the system is asymptotically stable under the proposed
controller (21).

Proof From Egs. (3) and (21), it has
j=-K"Q - Es+ (G(x) — G(x))u" (23)

Denote

Then, (23) can be rewritten as
Q= 0Q+ 0O ((G(z) — G(x))u" — Es) (24)
The optimal weight value is selected as

W = arg min [sup|G(z) — G(2)] (25)

It can find such an optimal value that can ensure the stability of the entire system, and the specific details can be
found in%”. The network approximation error is expressed as

e=G (x| W) —G(z) (26)
Then, (24) is rewritten as
Q:gQ+9<((W*W*)Th(x)+E> u” —Eg) (27)
The Lyapunov function is selected as
Vo= 2Q72Q + — (W -w*)" (W -w) (28)
W
where = satisfies the following equation
0 E+Ep=—9 (29)

2

where 9 > 0. Then, let M=6 (((W — W*)T h(z) + E) u* — Eg) Vs =1QT=Q and
Vi = % (W — W*)T (W — W*),it gets
. 1 op 1 .
Vs=5Q"5Q+5Q72Q
1 _ 1 7
=5 Q%" + M) 2Q + 5Q"Z(eQ + M)

1 R 1 - 1 7
= 5QT (QT.: —+ :g) Q+ iMT:Q + iQT:M
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1 1
=—-QMQ+ > (MTZQ+Q"=M)
2 2
1 (30)
=-5Q"Q+Q"EM
Substitute M into (30) yields
Ve — %QTﬂQ +Q"z0 (W - w*)" h(z)u® + Q" Z0eu"
= %QTﬁQ + (W =w")" Qz6h(z)u" (1)
+Q"Z0eu" — QT EOE;
Take the derivative of V7, it gets
. 1 57 /s . 1 ~ T 4
w:%W (W -w )+Z(W—W) W
1, T
:;(W—W)TW (32)
—Lov-w)"w
Y
From Theorem 1, the gain of the observer can be adjusted so that E3 — 0, then it gets
Vz = Vs + V4
_ _1 T T = *
1 T * x —_ *
+ 5 (W -w )T (W+'yQT:@h(x)u )
Furthermore, by combining (22), the following equation is derived
Va = f%QTﬁQ + Q" Z6eu”
1 Tzo N (34)
= 1000+ L= (754 Xu 1 K7Q)

G(x)

According to —%QTﬁQ < 0, By adjusting the neural network parameters such that € — 0, V2 < 0 can be
obtained. Therefore, the system is stable in the Lyapunov sense. The proof of Theorem 2 is finished.lJ]

Numerical and experimental results

Numerical results

To verify the effectiveness and superiority of the designed algorithm, simulation experiments are carried out in

MATLAB/Simulink. The physical parameters of the UAV are shown in Table 1. The control parameters are selected

as B = 60, B2 = 1200, B3 = 8000, k, = 5,kq = 8,c = [~1,—0.5,0,0.5,1],b = 3, = 1000. The RBENN

takes five nodes, two inputs, and one output. The initial states of the UAV are setto X1 = [z, ¥, z]7 = [0,0,0]%.
Case 1. The expected spiral time-varying tracking trajectory is

{ xzq = 5sin(t/3)
ya = —5sin(t/3) cos(t/3) (35)
zqa = 0.7t

In the simulation, three other existing methods are used for comparative experiments, one is the linear active
disturbance rejection control (LADRC) algorithm in®®, the other is the classical sliding mode control (SMC)
method, and the other is model-free based terminal SMC (MFTSMC) algorithm in*. In the simulation process,
there exists no external disturbance between 0 and 20 s. As shown in Fig. 3, after t=20s, white noise di (i = 1, 2, 3)

Parameter | Value Parameter | Value

m 1.2kg Iy 1.7 x 1072 kg - m?
g 9.8m-s? | Iy 1.7 x 1072 kg - m?
1 0.16m I, 2.8 x 1072 kg - m?

Table 1. The parameter value.
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Fig. 3. wind disturbances d., and payload disturbances d, (Case 1).
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Fig. 4. The response of trajectory tracking (Case 1).

with a peak value of 5 is added to simulate wind disturbances with random direction and speed, and
dg1 = —1.6sin (0.1¢) 4 0.8 sin (0.44t)m/s?, dgo = 1.5sin (0.4¢) + 1.5 cos (0.7t)m/s?, dgs = cos (0.7¢t)m/s>
are added to simulate payload disturbances with periodic characteristics.

Figures 4 and 5 show the trajectory tracking results. Figure 6 gives the control signal curve. It can be seen
that the four control algorithms can generally enable the UAV track the desired reference trajectory. Due to the
existence of multiple disturbances (composed of wind disturbances and payload disturbances), the other three
control methods can only rely on their own robustness for passive disturbance rejection, resulting in relatively
poor steady-state performance. However, this paper uses the ESO to estimate disturbances, thereby performing
feedforward compensation at control law to achieve active disturbance rejection. In addition, it combines
adaptive neural network method to form composite disturbance rejection, which improves the robustness of
the system. Then, the control performance of four algorithms is quantitatively analyzed. Table 2 shows the Root
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Fig. 6. Control torques (Case 1).

X Y VA
Proposed | 0.23 | 0.212 | 0.0358
LADRC 0.51 | 0.59 |0.116
MFTSMC | 0.66 | 0.72 | 0.131
SMC 0.48 | 0.56 |0.127

Table 2. RMSE tracking errors(Case 1).

Mean Square Error (RMSE) of four control methods, from which it can be seen that designed control algorithm
has better tracking effect than the other three.

Case 2. The cylindrical spiral reference trajectory is denoted as: x4 = 5sin(t/3);
ya = 5cos(t/3); za = 0.8t.The UAV is subjected to random wind and load disturbances after ¢ = 25 s. Asshown
in Fig. 7, external wind disturbance is simulated using white noise d.,; (i = 1, 2, 3) with a peak value of 5. dq ]
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Fig. 7. wind disturbances d., and payload disturbances d, (Case 2).

= —1.5sin(0.2t) + 0.7 cos(0.6t)m/s?, d,= 2sin(t)m/s?, ds= 2 cos(0.3t)m/s? are is used to simulate
payload disturbances.

Figures 8 and 9 give the trajectory tracking results. Figure 10 shows the control signal curve. Table 3 gives
the RMSE of several control strategies. From the above results, it can be seen that the proposed method has the

LADRC SMC
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Fig. 8. The response of trajectory tracking (Case 2).
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Fig. 10. Control torques (Case 2).

X |Y Z
Proposed | 0.21 | 0.25 | 0.0268
LADRC 0.46 | 0.66 | 0.148
MFTSMC | 0.76 | 0.83 | 0.132
SMC 0.45 | 0.61 | 0.133

Table 3. RMSE tracking errors(Case 2).

better tracking performance and can track time-varying trajectory under multiple disturbances composed of
wind and payload.

Compared to fixed points, the cylindrical spiral reference trajectory is relatively more difficult for the
quadrotor UAV to track. From the Fig. 9, it can be seen that although the UAV is subject to random wind and
payload disturbances during flight, the trajectory curve of the UAV is relatively smooth and the fluctuations
are small under the proposed control scheme, and the flight trajectory curves of the UAV under the other
three methods have significant fluctuations. The active disturbance rejection control scheme proposed in this
paper utilizes ESO to estimate and compensate for disturbances, while the other three methods use their own
robustness for passive disturbance rejection control with a certain time lag.
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Case 3. On the basis of Case2, the initial states of the UAV are reset to X1 = [z, 4, 2]7 = [1,1,1]7, and the
adaptive fractional-order control (ADFOC) algorithm in*’ is added for comparative experiments. Figures 11 and
12 give the trajectory tracking results. Figure 13 shows the attitude tracking curve. It can be seen that even if the
initial state of the UAV changes, the UAV subjected to multiple disturbances can still quickly track the desired
trajectory and achieve better control performance.

Experimental results
This section conducts flight experiments on UAV under wind and payload disturbances. Figure 14 shows the
experimental platform for the flight test. The motion capture system can acquire position information of UAV
in real time,

industrial fan is used to apply wind disturbance to the UAV, and a 200g water bottle is suspended under the
quadrotorbodyaspayloaddisturbance. Theexpectedtrajectoryofthe UAVissetto Xa = [d, Yd, z)" =10,0,1)".
Figure 15 shows the experimental process. The UAV suffers wind disturbance and payload disturbance during
the whole flight process, and the wind speed is sustained at 4m/s according to the anemometer. Figure 16 shows
the tracking results with the average tracking errors in XYZ directions are 0.04m, 0.06 and 0.02m. The tracking
error values are relatively small, and the UAV can still achieve better tracking performance even when subjected
to wind and payload disturbances simultaneously. The overall trajectory curves are relatively stable without
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Fig. 15. Experimental process.
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Fig. 16. Trajectory tracking performances.

significant fluctuations, indicating the effectiveness of the designed method. The control signal curves in Fig.
17 exhibit a slight high-frequency oscillation and are generally stable, which is acceptable and executable for
practical actuators.

Before the UAV takes off, two industrial fans blow air onto the UAV. In addition, due to a water bottle hanging
below the UAV body, the UAV is simultaneously affected by external wind and payload disturbances. The UAV
continuously climbs up to the desired height, and then manually adjusts the payload suspended below the body
to apply random unknown disturbances to the UAV. The observer designed in this paper estimates multiple
disturbances and compensates for the estimated values in the controller. From the Fig. 16, it can be seen that the
flight trajectory curve of the UAV is relatively smooth and does not show significant fluctuations,indicating that
the anti-disturbance control framework proposed has the better practical effects.
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Fig. 17. Time responses of control inputs.

Conclusion

This paper investigates the trajectory tracking issue of UAV under multiple disturbances composed of wind
and payload disturbances. A composite anti-disturbance control framework is designed using ESO and neural
network, and the stability of system is analyzed utilizing Lyapunov method. The superiority of the developed
control strategy is verified by numerical simulation and actual flight test, and the effective combination of theory
and engineering is completed. In future work, it can be extended to multi-UAV cooperative control system.
Alternatively, the fault-tolerant control in the case of actuator fault is further studied.

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding
author on reasonable request.
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