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Abstract. In this article, an adaptive sliding mode control (SMC) strategy is
designed for the attitude control of aircraft under the influence of dynamic dis-
turbances. A radial basis function neural network (RBFNN) is integrated with
the SMC framework, effectively handling the nonlinear aerodynamic forces and
moments. This network adapts through the variation in weights and provides a
real-time function approximation in order to improve the robustness of the con-
troller against uncertainites. A sigmoid function is incorporated for smoother
control input to reduce the chattering effect which is found commonly in SMC.
The control strategy has been formulated using only partial information from
the aerodynamic model based on available physical parameters of the plant. Its
effectiveness is verified through the use of a quadratic Lyapunov function which
helps confirm that closed loop system remains stable and the states stay within
bounded limits. The simulations show that the control method works well, as
it follows the desired attitude commands closely and keeps performing reliably
even when different disturbances are introduced.

1 Introduction

Controlling the attitude of an aircraft is essential for both its stability and its ability to maneu-
ver, especially since it is usually the first thing adjusted by a pilot or autopilot when something
unexpected occurs. Unfortunately, achieving accurate attitude control is not straightforward
because of the nonlinear behavior of aerodynamic forces which becomes even more difficult
in rapidly changing conditions. Because of these challenges, attitude control has become a
major focus of research in aerospace control systems. In recent years progress in this area has
extended to a wide range of systems such as satellites, unmanned aerial vehicles, and con-
ventional aircraft, highlighting its importance in both military and civilian operations [1–3].

SMC has drawn considerable interest over the years, mainly because of its strong ability
to deal with system uncertainties and external disturbances effectively [4, 5]. That being said,
one of the known drawbacks or disadvantage of this approach is the occurrence of rapid and
high frequency oscillations which is often referred to as chattering. To reduce this effect,
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many studies have introduced smooth transition functions such as sigmoid function into the
control law which helps produce less abrupt control signals [6]. At the same time RBFNN
have been proven useful for estimating nonlinear behaviors which makes them a valuable
addition to control design [7, 8]. Their universal approximation capability has made them
highly suitable for applications where accurate aerodynamic model information is actually
unavailable. The combination of RBFNNs with adaptive control enables good estimation
of dynamic parameters which ultimately enhance robustness of the control system. Infact,
studies have demonstrated the effectiveness of combining RBFNNs with SMC for different
aerospace applications which includes trajectory tracking and disturbance rejection [9].

Based on this foundation, the current work introduces an adaptive sliding mode control
framework for the attitude control of an F-16 aircraft. The wind tunnel data for the F-16 is
readily available in the public domain at moderate angles of attack. This data actually fa-
cilitates the validation and comparison of our simulation results, bridging the gap between
computational models and real-world performance. Unlike traditional approaches, controller
proposed in this paper leverages an RBFNN for real-time approximation of unknown aerody-
namic forces and moments which reduces the dependency on detailed aerodynamic models.
A sigmoid function is incorporated into the sliding mode framework to alleviate disturbance
and chattering effects which ensures smoother control inputs. The controller design is val-
idated using a quadratic Lyapunov function and hence guarantees closed-loop stability and
uniformly bounded states. Thereby, this paper makes an attempt in addressing a critical gap
in the field of flight control systems which is the need for robust and adaptive controllers that
can handle nonlinearities and disturbances in real-time without relying completely on detailed
aerodynamic models. Traditional SMC methods are robust but susceptible to chattering and
a lack of adaptability to dynamic conditions. The integration of RBFNN within the SMC
framework bridges this gap, providing a scalable solution that enhances both robustness and
smoothness of control inputs.

The key contributions of this paper involve the development of an adaptive sliding mode
control strategy integrated with an RBFNN to handle nonlinear aerodynamic forces and mo-
ments in attitude control. Further, reduction of chattering and disturbance mitigation through
the incorporation of a sigmoid function is achieved, resulting in smoother control perfor-
mance while maintaining robustness. The remainder of the paper is organized as follows.
The next section presents the problem definition along with the controller design. There-
after, simulation results are provided to evaluate the controller’s performance. Finally, the
last section concludes the paper and highlights potential directions for future research.

2 Problem Definition with Controller Design

For the aircraft dynamics, the full mathematical model is considered in this article is derived
from [10]. Only the rotational kinematic equations are repeated here to make this paper as
self sufficient.

ϕ̇ = p + q sin ϕ tan θ + r cos ϕ tan θ
θ̇ = q cos ϕ − r sin ϕ (1)
ψ̇ = (q sin ϕ + r cos ϕ) sec θ

The symbols used above have established meanings in flight mechanics research community.
Since the motive is to regulate attitude angles, the sideslip is assumed to be zero. Eq. 1 is
differentiated to yield the equation in the following format.

ẍ (t) = f (x, t) + g (x, t) u (t) + d (t) (2)

Here, f and g are nonlinear functions, x represents the system states, u is the control in-
put, and d denotes the external bounded disturbance, satisfying |d| ≤ ∆. Equation 2 can be
conveniently expressed in state-space form as follows:

ẋ1 = x2

ẋ2 = f + g u + d (3)

Here, x1 and x2 represents the Euler angles and angular rates, respectively. Now, we can
begin designing the control law which will steer x1 to its constant desired value (xd). We
design the sliding surface as S = Ke + ė, where K > 0 and e = x − xd. The derivative of
sliding surface yields Ṡ = K x2 + f + g u + d. We design Lyapunov function candidate L to
be quadratic as follows.

L =
1
2

S 2 +
1

2Γ
WT W

L̇ = S (Kx2 + f + g u + d) +
1
Γ
WT ̇W (4)

Here, Γ1 > 0 denotes the adaptation gain, and WT = WT − W∗T represents the weight
estimation error, where W∗T and WT are the ideal and estimated weight vectors, respectively.
These vectors are updated online using adaptation laws based on Lyapunov theory. The error
associated with the unknown nonlinear function f is expressed as follows:

f = f − f
= W∗T h (x) + ν − WT h(x)

= −WT h(x) + ν

Here, ν is the small neural approximation error and h represents Gaussian member given as

h j = exp

−
∥x − µ j∥2

2b2
j



Here, µ and b represent the centers and the width of the Gaussian function, respectively [11].
To ensure that L̇ satisfies Lyapunov criteria, the control input is formulated as follows:

u =
1
g


−Kx2 − f − ρ S

|S | + ϵ


(5)

where f is the estimated nonlinear function and a sigmoid function is used to tackle the
disturbance term. Here, ρ > 0 and ϵ is a small positive scalar [6]. Finally, substituting Eq. 5
in Eq. 4, we get

L̇ = νS − ρ

|S | + ϵ S 2 + S d − S WT h(x) +
1
Γ
WT ̇W

= νS − ρ

|S | + ϵ S 2 + S d + WT
 ̇W
Γ
− S h(x)



We design ̇W such that the last term vanishes, i.e., ̇W = ΓS h(x) and finally the derivative of
Lyapunov candidate yields

L̇ = νS − ρ

|S | + ϵ S 2 + S d

2
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sliding surface yields Ṡ = K x2 + f + g u + d. We design Lyapunov function candidate L to
be quadratic as follows.

L =
1
2

S 2 +
1

2Γ
WT W

L̇ = S (Kx2 + f + g u + d) +
1
Γ
WT ̇W (4)

Here, Γ1 > 0 denotes the adaptation gain, and WT = WT − W∗T represents the weight
estimation error, where W∗T and WT are the ideal and estimated weight vectors, respectively.
These vectors are updated online using adaptation laws based on Lyapunov theory. The error
associated with the unknown nonlinear function f is expressed as follows:

f = f − f
= W∗T h (x) + ν − WT h(x)

= −WT h(x) + ν

Here, ν is the small neural approximation error and h represents Gaussian member given as

h j = exp

−
∥x − µ j∥2

2b2
j



Here, µ and b represent the centers and the width of the Gaussian function, respectively [11].
To ensure that L̇ satisfies Lyapunov criteria, the control input is formulated as follows:

u =
1
g


−Kx2 − f − ρ S

|S | + ϵ


(5)

where f is the estimated nonlinear function and a sigmoid function is used to tackle the
disturbance term. Here, ρ > 0 and ϵ is a small positive scalar [6]. Finally, substituting Eq. 5
in Eq. 4, we get

L̇ = νS − ρ

|S | + ϵ S 2 + S d − S WT h(x) +
1
Γ
WT ̇W

= νS − ρ

|S | + ϵ S 2 + S d + WT
 ̇W
Γ
− S h(x)



We design ̇W such that the last term vanishes, i.e., ̇W = ΓS h(x) and finally the derivative of
Lyapunov candidate yields

L̇ = νS − ρ

|S | + ϵ S 2 + S d

3

EPJ Web of Conferences 343, 05015 (2025)	 https://doi.org/10.1051/epjconf/202534305015
AIMACE-2025



0 2 4 6 8 10

A
tt
a
ck

	A
n
g
le

	(
d
eg

)

5

6

7

8

0 2 4 6 8 10

E
u
le

r	
A

n
g
le

s	
(d

eg
)

0

5

10

?? 33 AA

Time,	t	(sec)

0 2 4 6 8 10

R
a
te

s	
(d

eg
/s

)

-5

0

5

p q r

Time,	t	(sec)

0 2 4 6 8 10

In
p
u
ts

	(
d
eg

)

-20

-10

0

10

20

30
//
a

//
e

//
r

Figure 1. Time history of the aircraft states, attack angle and control inputs.

Here, we choose ρ such that ρ ≥ ∆ and with proper selection of the centers and width, the
neural approximation error is in close proximity to zero. Hence, we can infer that L̇ yields
to be negative semi-definite function and the regulation task is achieved as t → ∞. Next, we
demonstrate the effectiveness of proposed control law.

3 Simulation Results

The computational analysis will now evaluate the robustness of the neural network-based
flight attitude control system implemented using a sliding mode controller, as developed
earlier in this study. The model used in this paper is similar to that used in [12–14], ex-
cept where explicitly indicated. The initial conditions for the system states considered are
α = 5◦, p = q = r = 0 , ϕ = θ = ψ = 5◦. Here, disturbances are intentionally included in the
aerodynamic model to test the effectiveness of the control law. The amplitude and frequency
of the disturbance are taken as 0.1 and 0.5 rad/sec, respectively. The disturbance is acting
throughout the course of the simulation run time. The simulation begins with the aircraft
flying level at an altitude of 25000 ft and a total aerodynamic velocity of 150 m/s. According
to [15], the aircraft’s maximum thrust, Tmax, is approximately 10000 lb under standard atmo-
spheric conditions. In an attempt to bridge the gap between the computer simulations and the
realistic model, the control logic employed in the present paper inculcates the position and
the rate limit of the control surface deflections.

The simulation environment was meticulously designed to replicate realistic flight condi-
tions for the F-16 aircraft. The model was implemented using MATLAB/Simulink, a power-
ful tool for control system design and analysis. The simulations were conducted on a high-
performance computing with Intel i9 processor and 32 GB of RAM, ensuring accurate and
efficient computation. Runge Kutta fourth order method was employed with a time step of
0.01 seconds for numerical simulation. These resources and methodologies ensured a robust
and reliable evaluation of the proposed control law.

To regulate Euler angles, the gains used for the simulation run are as follows: K1 =

0.75, K2 = 1.5, K3 = 0.75, ϵ = 0.01, ρ1 = ρ2 = ρ3 = 2. The gains were selected in such
a way that it ensures rapid convergence of the sliding surfaces while maintaining smooth
control inputs. The disturbance rejection parameter was set based on the upper bound of
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Figure 2. Time history of the sliding surfaces and function approximations for the Euler angles.

anticipated disturbances. A small positive scalar was chosen to prevent singularity in the
control law formulation. In terms of function approximation, the model comprises two input
layers, five hidden nodes, and one output dedicated to attitude dynamics. The input layer
is defined by the orientation angles and their corresponding angular rates. The centers are
uniformly distributed across the intervals [−1, 1]×[−1, 1], with a width of unity. Initialization
of the adaptive weights is considered zero. The desired Euler angles are as follows: ϕd =

ψd = 0◦, θd = 10◦ and the aerodynamic velocity during the simulation run is considered to be
constant here.

0 0.5 1 1.5 2 2.5 3
0

2

4

6

W
??

##10-4
W
5

W
4

W
3

W
2

W
1

0 1 2 3 4 5 6 7 8 9 10
-15

-10

-5

0

W
33

##10-4

W
5

W
4

W
3

W
2

W
1

Time,	t	(sec)

0 0.5 1 1.5 2 2.5 3

-5

0

5

W
AA

##10-4
W
5

W
4

W
3

W
2

W
1

Figure 3. Time history of the adaptive weights for the Euler angles.

The results of the proposed controller for a highly non-linear system can be seen in Fig. 1,
where the Euler angles are regulated to their respective desired values. In the process, the at-
tack angle variation is also regulated to ≈ 6◦, i.e., settle at its respective equilibrium point.
It can also be observed that the angular rates are driven to zero in about 5 sec. There is a
noticeable yet acceptable variation in the control inputs due to the continuous disturbances
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ful tool for control system design and analysis. The simulations were conducted on a high-
performance computing with Intel i9 processor and 32 GB of RAM, ensuring accurate and
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The results of the proposed controller for a highly non-linear system can be seen in Fig. 1,
where the Euler angles are regulated to their respective desired values. In the process, the at-
tack angle variation is also regulated to ≈ 6◦, i.e., settle at its respective equilibrium point.
It can also be observed that the angular rates are driven to zero in about 5 sec. There is a
noticeable yet acceptable variation in the control inputs due to the continuous disturbances
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experienced during the simulation run. The sigmoid function present in the control law not
only rejects the external disturbances but also ensures smooth transition in the control in-
puts, avoiding the phenomenon of chattering. Figure 2 represents the time history of sliding
surfaces along with the estimated and true RBFNN functions. The plot indicates that the
states converge to S = 0 and stay there for remainder of duration, which further validates
suitability of the surface chosen. Moreover, it is observed that, apart from f̂θ, only f̂ϕ and
f̂ψ converge to zero. It is imperative to highlight that f̂ need not to converge to the real f ,
as tracking could be achieved through many values of nonlinear function [11]. Finally, Fig.
3 illustrates the adaptation of neural network weights over time under dynamic conditions,
highlighting the network’s learning and adaptation capabilities. These adaptive weights are
continuously updated in real time and eventually approach near-zero values once the desired
state is attained.

The simulation results clearly demonstrate the superiority of the proposed neural network-
based sliding mode control approach. Unlike conventional SMC, which often struggles with
high-frequency oscillations and limited adaptability to dynamic uncertainties, the integra-
tion of RBFNN allows real-time approximation of unknown dynamics. These improvements
make the control system much robust overall. In practical cases this approach deals well with
disturbances and changes in system parameters which is actually very crucial for real world
aerospace applications. For example, sigmoid function aids in smoothing out the actuator sig-
nals which is critical for aerodynamics control surfaces. Also, the adaptive tuning of weights
helps the controller respond adaptively to changes in system behaviour. These benefits make
it a good candidate for use in next generation flight control setups where uncertainty cannot
be entirely avoided.

4 Conclusions

This work highlights the significance of combining neural networks with sliding mode for
achieving robust attitude control. The proposed controller in this paper maintained balance
between stability and robustness while overcoming the nonlinear aerodynamic effects and
disturbances. The use of neural networks in adaptive tuning of weights actually enables the
system to respond effectively to unknown dynamics in the plant. At the same time, a sigmoid
function helps reduce the typical chattering behaviour which is seen in SMC and eventually
leads to smoother actuator signals. The simulation results support these claims showing good
tracking of attitude reference signals.

This study can be further explored in several future research directions such as expanding
the control approach to larger flight envelopes. Another key direction would be the hardware
in the loop testing which can include effects of sensor noise and actuator delays. Further, this
method can be combined with model predictive control or reinforcement learning which may
further improve its efficacy.
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experienced during the simulation run. The sigmoid function present in the control law not
only rejects the external disturbances but also ensures smooth transition in the control in-
puts, avoiding the phenomenon of chattering. Figure 2 represents the time history of sliding
surfaces along with the estimated and true RBFNN functions. The plot indicates that the
states converge to S = 0 and stay there for remainder of duration, which further validates
suitability of the surface chosen. Moreover, it is observed that, apart from f̂θ, only f̂ϕ and
f̂ψ converge to zero. It is imperative to highlight that f̂ need not to converge to the real f ,
as tracking could be achieved through many values of nonlinear function [11]. Finally, Fig.
3 illustrates the adaptation of neural network weights over time under dynamic conditions,
highlighting the network’s learning and adaptation capabilities. These adaptive weights are
continuously updated in real time and eventually approach near-zero values once the desired
state is attained.

The simulation results clearly demonstrate the superiority of the proposed neural network-
based sliding mode control approach. Unlike conventional SMC, which often struggles with
high-frequency oscillations and limited adaptability to dynamic uncertainties, the integra-
tion of RBFNN allows real-time approximation of unknown dynamics. These improvements
make the control system much robust overall. In practical cases this approach deals well with
disturbances and changes in system parameters which is actually very crucial for real world
aerospace applications. For example, sigmoid function aids in smoothing out the actuator sig-
nals which is critical for aerodynamics control surfaces. Also, the adaptive tuning of weights
helps the controller respond adaptively to changes in system behaviour. These benefits make
it a good candidate for use in next generation flight control setups where uncertainty cannot
be entirely avoided.

4 Conclusions

This work highlights the significance of combining neural networks with sliding mode for
achieving robust attitude control. The proposed controller in this paper maintained balance
between stability and robustness while overcoming the nonlinear aerodynamic effects and
disturbances. The use of neural networks in adaptive tuning of weights actually enables the
system to respond effectively to unknown dynamics in the plant. At the same time, a sigmoid
function helps reduce the typical chattering behaviour which is seen in SMC and eventually
leads to smoother actuator signals. The simulation results support these claims showing good
tracking of attitude reference signals.

This study can be further explored in several future research directions such as expanding
the control approach to larger flight envelopes. Another key direction would be the hardware
in the loop testing which can include effects of sensor noise and actuator delays. Further, this
method can be combined with model predictive control or reinforcement learning which may
further improve its efficacy.
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