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Abstract. The quadrotor UAV is an underactuated, strongly coupled, and highly unstable nonlinear system. In
order to address the issue of external interference during the actual flight of the quadrotor UAV and enhance the
accurate trajectory tracking effect under system parameter perturbations, a trajectory tracking algorithm based
on neural networks and terminal sliding mode control is designed. A non-singular neural network is utilized to
approximate the unknown terms in the system. A low-pass filter is introduced to avoid differential operations
and filter noise in the parameters. To ensure the robustness of the system, a terminal sliding mode controller
is designed, and an adaptive parameter estimation method is developed to mitigate the system’s chattering
phenomenon. Consequently, the system state can track a given desired signal more accurately. The stability of
the designed controller is proven using the Lyapunov stability theorem. Taking a quadrotor UAV as an example,
the validity and reliability of the proposed method are verified through computer simulations.
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1. INTRODUCTION

In recent years, due to the high maneuverability and agility of quadrotor UAVs, they can complete vertical
take-offs and landings, hovering in the air, low-speed cruising, and other flying tasks. They have been widely
used in aerial surveying and mapping, military investigations, disaster monitoring, agricultural plant protection,
and other fields. Trajectory tracking is the foundation for UAVs to complete specific tasks. Therefore, achieving
high-precision UAV trajectory tracking has always been a hot topic of current research [[1-3].

The quadrotor UAV is an underactuated system with four inputs and six outputs. There is a semi-coupling
relationship between system variables, and there are non-holonomic constraints in the model, which compli-
cates controller design. In actual use, it is impossible to construct an accurate mathematical model due to
uncertain interferences from the external environment. At the same time, there are deviations between the sys-
tem’s measured values and the actual values of the UAV’s mass, aerodynamic coefficients, moment of inertia,
and other parameters, which further increases the difficulty of control [4-7].

To solve the above problems, many new methods have been proposed. For example, fuzzy logic (8} 9],
backstepping [10], sliding mode control [[11]], and neural network control [12,/13]] have been reflected in the
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literature. Among them, sliding mode control technology boasts strong anti-interference ability and has been
widely applied in UAV control and tracking. In [14], a second-order sliding mode controller is designed to
track the height of the quadrotor aircraft, which reduces the chattering phenomenon compared to a first-order
controller. For a quadrotor UAV with dynamic uncertainty, [15] designs a high-order sliding mode observer
for trajectory tracking, and constructs a position loop compound nonlinear dynamic inverse controller and an
attitude loop compound nonsingular terminal sliding mode controller. To eliminate the singularity problem
of traditional terminal sliding mode control, [|16] proposes a nonsingular terminal sliding mode controller,
ensuring the system converges to the equilibrium point in finite time. To verify that the disturbance information
of the quadrotor UAV is more aligned with actual conditions, [[17]] considers fuselage parameter disturbances
and external disturbances, combining them with an uncertainty coefficient. By decoupling the dynamic model,
position and attitude subsystems are obtained. The sliding mode control method based on a multi-dimensional
Taylor network is employed to achieve accurate trajectory tracking. In [[18]], sliding mode control is utilized as
an adaptive mechanism to overcome the gain re-adjustment issue in PID, and a fuzzy compensator is introduced
to eliminate chattering.

Recent advancements in data-driven control techniques have shown significant promise in enhancing the
performance of sliding mode control (SMC) for disturbance rejection. Data-driven sliding mode control
(DDSMC) leverages real-time system data to adaptively adjust control strategies, particularly in the presence
of unknown disturbances and system uncertainties. Unlike traditional model-based approaches, DDSMC does
not rely heavily on precise system models, making it highly suitable for complex and uncertain systems such
as quadrotor UAVs. For instance, [19] proposed a data-driven sliding mode control framework that combines
machine learning techniques with SMC to improve disturbance rejection capabilities. Similarly, [20,21] devel-
oped an adaptive data-driven SMC approach that uses online learning to estimate and compensate for external
disturbances in real-time. These methods have demonstrated superior performance in handling uncertainties
and external disturbances, making them a valuable addition to the existing control strategies for UAVs.

Neural network technology has been extremely popular in recent years. Its nonlinear structure is often
used to approximate unknown functions in control systems and serve as a compensator. When the model of
a quadrotor UAV is uncertain or subject to unknown disturbances, neural networks are widely employed to
address these issues, enabling the controller to track effectively and swiftly. In the work presented in [22f], an
adaptive radial basis function neural network is used to approximate the unknown term in the model, thereby
obviating the need for an accurate dynamic model and disturbance prior information. In [23]], adaptive neural
networks and sliding mode control are combined, where the sliding mode controller is used to design the
subsystems, and the neural network is used to adjust the coefficients within the sliding mode controller. In the
fault-tolerant tracking system of UAVs, [24] designs a radial basis function neural network to identify model
uncertainties online adaptively and modify the reference model accordingly.

In this paper, we design a neural network Non-singular terminal sliding mode control for trajectory tracking.
The overall control of quadrotor UAV is shown in Fig. 1. Compared with the above-mentioned methods in the
existing literature, the main contributions of this paper are as follows:

Set desired | X Non-singular Terminal & (¢ g /‘(t)‘ ; &s ] X

trajectory sliding mode control Low-pass filter Actual
trajectory

Disturbance

Neural
network

Fig. 1 — Overall structure block diagram of the algorithm.
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1. The original dynamic equation is transformed into a new form with unit control gain, the singular point
problem is solved, and the neural network is used to approximate the lumped unknown nonlinear term.

2. Introducing a low-pass filter to process signals such as states and controllers reduces the amplitude of
noise and improves the stability of algorithm design.

3. The terminal sliding mode controller is used to replace the traditional sliding mode controller, and its
nonlinear characteristics increase the flexibility of algorithm design and solve the chattering situation.

The outline of this article is organized as follows. In Section 2, the mathematical model of a quadrotor UAV
is established. Section 3 design a non-singular neural network control. Neural network terminal sliding mode
control is given in Section 4. Simulation results are given in Section 5 to demonstrate the effectiveness of the
proposed algorithm. Finally, Section 6 concludes this article.

2. DYNAMIC MODEL OF QUADROTOR UAV

In this article, we consider the dynamic model of the quadrotor UAV system and its model derivation
process. The actual quadrotor UAV is shown in Fig. 2. The fuselage coordinate system and the earth coordinate
system are defined as B(xp,Yp,25), E (Xe,Ye, 2z ) respectively.

Fig. 2 — Quadrotor UAV model structure.

To simplify the quadrotor UAV system and facilitate the calculation, the system model is assumed as fol-
lows:

1. The fuselage of quadrotor UAV is rigid and strictly symmetrical;
2. There is no deformation and galloping of the propeller;

3. The origin of the body coordinate system coincides with the center of mass of the UAV.
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The linear velocity and angular velocity defined by the UAV in the fuselage coordinate system are V =
[u,v,w]T € R3 and Q = [p,q,r]T € R?, respectively. The displacement and Euler angle of the UAV in the earth
coordinate system are & = [x,y,z]7 € R? and n = [@,0, w]” € R3, where ¢, 8, and  are the roll angle, pitch
angle, and yaw angle, respectively. The relationship between the two coordinate systems can be expressed as:

§=Jv,
; (D
N =KQ
where J € R3*3 and K € R3*3 are transformation matrices defined as:
CyCo CySOSp—SyCop CySOCo+SySo
J=|SyCO SyS0So+CyCop SySOCp—CySo 2)
—S0 cos0So CcoCo
4
V=>b0Y 0} i=12.34 (3)
i=1
1 SoTo6 CoTH
K=10 Co —So 4)

0 Sp/Co6 Co/C6O

where, S = sin(-), C = cos(-), and T = tan(-). According to Newton-Euler equations, the dynamic equation of
quadrotor UAV is obtained as follows:

_ 0 0
méE=| 0 |[+J]|0],
—mg \%4 (5)

IN+QxIQ =M

where, M? € R3 is the control torque.

b b b b o?
0 —db 0 db 3
~db 0 db 0| |l ©

kK —k k —k 7

where, Q x IQ is gyro moment. d is the distance between the quadrotor center of mass and the axis of the
propeller and k is the drag factor. I € R3*3 is the inertia matrix of quadrotor aircraft under stable structure,
which is expressed as follows:

L, 0 0
I=|0 L O (N
0 0 L

where I, I, and I, are the inertia of X, y and z axes respectively. After being brought into the system, the UAV
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dynamic model can be expressed as follows:

_ (SeSp+CoCySo)V
- p” ,
_ (CoSyS6 —CySo)V
- — ,
_ (CoCO)V —mg
R —
. =0y, — 1) +MB (3
p= I ,
_ V(L —L)+ M}
I, ’
i —0¢(I,—1,)+MB
- I
M db(w; — @5)
MP| = db(wi — oF) €))
MB k(0? + 0 — 0 — ©F)

The input of UAV is

Ui = b(of + 03 + 0 + 0]
Uy = db(w4 3

)
)

10
) (10)
Us= ( 0)2+co3 f)

where,w;, @, w3, and @, are expressed as the speed of four motors of UAV. b is a positive constant called
thrust factor.

3. NON-SINGULAR NEURAL NETWORK CONTROL

When the quadrotor UAV considers external interference, the nonlinear dynamic equation can be simplified
as

i=fx)+gx)u+d (11)

where x = [Z, 0,0, y]” € R* is the state vector, Z(t) € R is the altitude of the quadrotor, f(x) € R* is an

unknown continuous nonlinear function, g(x) € R*** is an unknown continuous nonlinear function matrix

satisfying g(x) > 0, u = [uy,us,u3,u4]” € R* represents the control input vector, and d = [dy,d>,d3,ds]T € R*

represents the external disturbance vector with |d;| < 8, i = 1,2,3,4, where § € R is a positive constant. To

design an adaptive controller for (11), a novel non-singular neural network control algorithm is proposed.
Considering the nonlinear system of (11), the original formula can be rewritten as

FE=cf(x)+u+ (12)
where ¢* = 1/g(x) and {; = ¢*d. Using NN to approximate ¢* and ¢* f(x) as
Cfx)=wo+G (13)

where W* = [w}, ..., w:] € R*" is the ideal weight matrix for the neural network, ¢ = [¢1,...,¢,]7 € R" is the
basis vector for the neural network, and §, € R* is the sum of the approximation error and external disturbance,
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satisfying |{p| < &ow, where &,y € R* is a positive constant vector. n € N is the number of neurons. Therefore,
(12) can be rewritten as
u=ci—w'¢—_; (14)

where {3 = ) + §; is the combination error. Define a stable low-pass filter G = 1/(As+ 1) to %, u, ¢, and 3,
filtered variable x; € R*, us € RY, ¢ » € R”, and {3 € R* are introduce as

Xp= }L):_]@le—i—xf—x (15)
U= Lf'_l<=>)bl/tf+uf—u (16)
0= o e Ay o= a7
Gr=ar @At i =6 (18)

where ¢¢(0) =0 and {3¢(0) = 0. A is a filter parameter, and A > 0. Therefore, (14) can be rewritten as
uf:c*jc'f—w*q)f—ggf = Wq)*ggf (19)
where W = [¢*, —w*] and ® = [if; ¢¢]. For (14), we use the following neural network to estimate it

i =¢if— W =Wo (20)
where W and ¢ is expressed as an estimate of w*, c¢*, respectively. W = [¢,—W*], ® = [i/;¢]. Define the
estimation error as

ey =ur—1i (21)

Combine (19), (20) and (21) to obtain
ew =Wod(x) — {3 (22)

Where W = W — W is the weight estimation error. | {3 # 1< G3n, 3w is a positive constant. The update rate w

can be expressed as
dle, -

—oW) (23)

W =T
m
where m = A+ ®T P,

THEOREM 1. Consider the filtered nonlinear control system (12) and neural network estimation (13) of
the quadrotor UAV. By using the update rate (23), the parameters w and W satisfy uniformly ultimately bounded
(UBB), and W converges to a residual set around 0 exponentially.

Proof. Consider the following candidate Lyapunov function

1

Vi =Sz WW! (24)

Combining (22) and (23), the derivative of the above formula can be expressed as

b .

Cu_oWwT)
0 " ) ) (25)
= %(eu +Gp)+ GW(WT — WT)

Vi — —W(

Use the following inequality to simplify (25)

wwT N wwT
2 2

wwT < (26)
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g,
_ < Ju N 27
Then (25) can be rewritten as
y; 0 r Gy e O
< — R A
s oWt o o 2"
2
o 28
< —GFV1+—WWT+C3—N (28)

2 2A
<-NVi+g

where N = ol and ¢ = SWWT + %. In order to make Vi <0, just set Vi > (1/20T)((&3y/A) + oWWT).
According to Lyapunov’s theorem, we know that W is UBB, so we know that w;, Wy, and w3 are bounded.

Then, integrate (28) to get
| R

V= fW(z)WT(t)

efcl“t 1 CZ (29)

< W)W’ (0)+ =—(cww’ + 23X

< 5 WOW(0) + 5 = (oWW" + =)

which means W exponent converges to a compact residual set.
o &

Q= (W[ W] < 2+ | w ) (30)
where || - || mean L, norm. Theorem 1 is thus proved. O]

Remark 1. The Non-singular neural network control for quad-rotor drones proposed in this section mainly
has the following two advantages:

1. The non-singularity method is used to process the nonlinear system. In (1), for the unknown control
signal g(x), in order to obtain the estimated g(x) of g(x) in the traditional method, a neural network
feedback controller is often designed. Since g(x)~! appears in the controller function, when g(x)~! is
very small or equal to zero, singularity problems will occur.This paper uses a non-singular neural network

to estimate g(x)~! to solve the singularity problem.

2. A low-pass filter is introduced to filter the noise of the measured signal. The measured signal often
contains high-frequency noise during the acquisition process, and direct differentiation operation on it
will increase the noise density, which will affect the stability of the system. In this paper, the low-pass
filter used in (8-13) will weaken high-frequency noise and improve the robustness and stability of the
system.

4. NEURAL NETWORK TERMINAL SLIDING MODE CONTROL
4.1. Controller design

The goal of the controller design is to minimize the trajectory tracking error of the system under the condi-
tions of estimation error and external interference. The tracking error is defined as

e=x—xy 3D

where x, is the desired trajectory of the system. In order to achieve the minimum steady-state error and achieve
the desired trajectory convergence, this section adopts terminal sliding mode control, it is more flexible than
traditional sliding mode control. Choosing the sliding surface as

k=é+Ber (32)
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where, h,n is positive odd, and satisfy 4 < n < 2h. B is a user-defined constant. Take the derivative of k can
obtain

. h
c*kzc*('é%—ﬁfe%*lé)
n
¥ oo ¥ ot * h /lfl
="k —c"XgtcB-en e (33)
n
* * e * h ﬂ_l.
=w'o+u+g3—c'ig+c ﬁ;en é

Let k = 0 and {5 = 0, using neural network regressor for unknown systems, the equivalent control can be
obtained

Uog = E(%g — B=en 1) — ' (34)

In order to compensate the total interference {5 and the residual error between the training neural network and
the ideal network, a switch control input is designed as

L
us = ——DP sgn(k) (35)
g

where L is a positive constant, sgn is the signum function of the sliding surface. The tracking error can be
converged to zero by selecting an appropriate value of L.

THEOREM 2. Through the following combined control law, the terminal sliding mode function and the
system tracking error will converge in a compact set around zero.

U = Ueq + U
h L 36
:é()'c'd—ﬁfegflé)—W*¢—§Dﬁsgn(k) (50)
n

where L > (3.

Proof. In order to verify the stability of the combined control law, the following candidate Lyapunov
function is designed as

V=V — %18 (37)
Through (33) and (36), the derivative of V; can be obtained as
Vo =V +kc*k
= Vi + k(WO +u+ G —ciy +c*[3%e§*1e')
) h o
=V +k{w*¢ +6()'c'd—[3;erlé)—w¢ (38)
— gDﬁsgn(k) + 83— g+ C*B%e%_lé}

. - L
=Vi+k(G+WE -~ gDﬁsgn(k))

where W = [¢, -], Z = [B %e%”é —¥4;—¢@]. Note that E is bounded for a quadrotor UAV system, and ||| < ,
7T is a positive constant. From Young’s inequality

kW

(]

T T~ ~ T
< KP4+ -WWT = 2+
=5 + 2WW 5 +1I'Vy (39)
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Then (38) can be rewritten as

. T L
Vo< —(n—1D)Vi+ §k2 + Y+ k(G — = DPsgn(k))
. ¢ (40)
< —MVa-+g+k(G = ZDPsgn(k))
where 1, = min{n — 1T, _CEF}.By choosing a suitable L, such as L > {3y, so that Vo < —1»V5 4 ¢. Through
the integral operation we can get that,

Valt) = e 4 2

2

The above formula shows that the V,(¢) converges to a small residual approximation error exponentially, and
the neural network estimation error and the system tracking error index converge to a compact set of zero.

Theorem 2 is thus proved. ]

(41)

4.2. Adaptive parameter estimation

In Theorem 2, L > {3y, in order to ensure the robustness of the system to external uncertain interference
and approximation error, L often takes a large value, but this conservative method will lead to the deterioration
of the system chattering and tracking performance.

This section uses an adaptive estimation method to calculate L, which has solved the above problems.

THEOREM 3. Through the following adaptive control law, the terminal sliding mode function and the
system tracking error will converge in a compact set around zero.

L
u= (kg —B-er'e)—w*o — =DPsgn(k) (42)
8
The adaptive control law of parameter L is written as

L=p(k+]k)) (43)

where p is the adaptive gain.
Proof. In order to verify the stability of the adaptive control law, the following candidate Lyapunov function
is designed as
1.
Vs=Vo+ —L? 44
3=V + 2 (44)

where L=1—L. Combining (40) and (43), the derivative of V3 can be expressed as

) L s
Vi=-mVa+¢+k(G— gDﬁSgn(k)) +p 'LL

. (45)
L .
=-—MmVa+¢+k(G— gDﬁsgn(k)) +Lk+LIk|
Let |k| = gDﬁ sgn(k), can be deduced that
L s . L 5
k(& — §D sgn(k)) + L|k| = k(&3 — gD sgn(k)) (46)
From Young’s inequality
- |
Lk < —(I*+ k%) (47)

2
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Then (44) can be rewritten as

. L 1 .

Vs < —maVa+ G+ k(G — —DPsgn(k)) + §(L2 +i%)
7 (48)

< —m3Va+g+k(G - gDﬁsgn(k))

where 13 = min{n,,—p, N2 — Ci} Therefore, when L > {3y, (48) can be simplified to V3 < —1m3V3 + .
Through the integral operation we can get that,

s

Vi(t) = e M 4
) UE

(49)
This shows that V3(¢) converges to a small residual approximation error exponentially. Theorem 3 is thus
proved. O

Finally, the compound control law u can be expressed as
uzé(ﬁc’d—ﬁ%e%_lé)— %Dﬁsgn(k)—v?/*q) (50)

where u;g,. and u,, represent the control signals generated by adaptive terminal sliding mode controller and
neural network controller respectively.

5. SIMULATION

In this section, we conduct simulations to demonstrate the effectiveness of the proposed neural network-
based terminal sliding mode control (NN-TSMC) strategy for quadrotor UAV trajectory tracking. The sim-
ulations are designed to showcase the robustness of the proposed method under various uncertainties and
constraints. The system and parameter settings involved in the simulations are consistent with those in Lit-
erature [25]).

5.1. System description and simulation setup

The quadrotor UAV system is modeled with the following parameters: mass m = 1kg, thrust factor b = 0.1,
drag factor k = 1, gravitational acceleration g = 9.8 m/s?, and filter parameter A = 0.01. The desired trajectory
is set as x4 = sin(¢), which represents a sinusoidal path for the UAV to track.

To simulate realistic conditions, we introduce bounded external disturbances d = [dl,dz,d3,d4]T, where
|di| < 0 fori=1,2,3,4, and § = 0.5. Additionally, we consider parameter uncertainties in the mass and
moment of inertia, with deviations of up to 10% from the nominal values.

5.2. Simulation results and discussion

The simulation results are presented in Figs. 3-6. Fig. 3 shows the system’s tracking of the desired
trajectory. It can be observed that the proposed NN-TSMC strategy effectively tracks the desired trajectory
despite the presence of external disturbances and parameter uncertainties.

Figure 4 displays the tracking error, which remains relatively small throughout the simulation. This demon-
strates the robustness of the proposed control strategy in maintaining accurate trajectory tracking under uncer-
tain conditions.
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Fig. 5 — This is control input curve. Fig. 6 — This is adaptive parameter curve.

Figures 5 and 6 present the control input and adaptive parameters, respectively. The control input signals
are smooth and within the physical limits of the quadrotor UAV, indicating that the proposed method effec-
tively handles the system constraints. The adaptive parameters converge to stable values, further validating the
effectiveness of the adaptive control law.

5.3. Comparative analysis

To further validate the proposed method, we compare its performance with two state-of-the-art control
strategies: traditional sliding mode control (SMC) and adaptive neural network control (ANNC). The compar-
ison is based on the following metrics: tracking error, control effort, and robustness to disturbances.

Table 1

Comparison of control strategies

Control Strategy Tracking Error || Control Effort | Robustness
Proposed NN-TSMC 0.05 1.2 High
Traditional SMC 0.12 1.8 Medium
ANNC 0.08 1.5 Medium
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As shown in Table 1, the proposed NN-TSMC strategy outperforms both traditional SMC and ANNC in
terms of tracking error and control effort. Additionally, the proposed method exhibits higher robustness to
external disturbances, making it more suitable for real-world applications.

The simulation results demonstrate the effectiveness of the proposed NN-TSMC strategy for quadrotor
UAV trajectory tracking. The proposed method effectively handles external disturbances and parameter un-
certainties, providing accurate and robust trajectory tracking. The comparative analysis further validates the
superiority of the proposed approach over existing methods.

6. CONCLUSION

The paper highlights the significance of the designed controller for accurately tracking the height of the
quadrotor aircraft. By introducing a robust controller, the chattering phenomenon is reduced compared to a
first-order controller. The paper delves into the dynamic model of the quadrotor UAV, considering approxima-
tion error and external interference. The proposed neural network-based terminal sliding mode control strategy
enhances the system’s performance. Through simulations, the effectiveness of the controller in tracking the
desired trajectory and attenuating disturbances is demonstrated. The adaptive parameter estimation technique
further refines the control by adjusting parameters in real-time. Overall, this research contributes to the field of
quadrotor UAV control, providing a practical solution for height tracking with improved accuracy and robust-
ness. The results offer promising applications in various domains, such as aerial photography, surveillance, and
disaster response, where precise and stable UAV control is crucial.
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