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Second-Order Sliding Mode Control of Flying-Wing
Aircraft Based on Feedforward Neural Networks

Yuecheng Song , Zhenbao Liu , Senior Member, IEEE, Junwei Han , Fellow, IEEE, Jinbiao Yuan ,
Wen Zhao , and Qingqing Dang

Abstract—The flying-wing aircraft control problem is a major
concern. In this paper, a new control strategy is introduced. First,
a Feedforward neural network (FNN) modeling is introduced.
Then, a second-order sliding mode control is applied, with the
parameters generated from Deep Deterministic Policy Gradient
(DDPG) reinforcement learning. To study the disturbance rejec-
tion performance, wind disturbance is applied to the aircraft
using a deep neural network as an disturbance observer for
different types of winds. Finally, All three simulations: Simulink,
Software In The Loop, and Hardware In the Loop are applied
to show the effectiveness of the proposed strategy. The simula-
tion results show that the proposed method demonstrates good
robustness in various conditions.

Note to Practitioners—This paper is motivated by the tra-
ditional linearized flying-wing aircraft controller with the
effectiveness of the FNN and reinforcement learning on UAV
applications. The controller can be designed for various situa-
tions without changing the parameters by modeling the aircraft
through the FNNs. The theoretical framework proposed in
this paper combines the multiple-input multiple-output (MIMO)
sliding mode strategy with the reinforcement learning with
higher accuracy modeling. This method reduces the settling
time, overshoot and steady error. More realistic effects should
be considered for deployment into real aircraft. The parameters
of the neural networks should also be adjusted in real appli-
cations.The FNN networks and DDPG have low computational
footprints and are readily deployable on embedded systems like
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Pixhawk. The DNN observer may require model compression for
the smallest processors. While the current framework requires
per-aircraft training to achieve optimal performance, this process
is conducted offline. The resulting controller gains are then fixed
for reliable real-time operation, providing a clear pathway for
implementation on specific UAV platforms.

Index Terms—Flying wing, sliding mode, feedforward neural
network, DDPG reinforcement learning, deep neural network.

I. INTRODUCTION

W ITH technology development, uncrewed aerial vehicle
(UAV) applications have been applied to many fields.

The novel flying-wing aircraft has many advantages, including
high aerodynamic efficiency, perfect lift-drag characteristics,
long flight endurance, and a simple structure. However, some
disadvantages exist. Since the aircraft structure is the fusion
of the wings and the body fuselage, there are no tail wings,
which makes it difficult to stabilize.

Many researchers have addressed this problem. Many con-
trol strategies exist, such as [1] and [2]. In these methods,
the control process is designed on a linearized model. These
methods have good control at selected linearized points. How-
ever, if the current working point is different from the selected
linearized point, the response will be worse because the flying-
wing aircraft is a high variance nonlinearized model. Some
control strategies have applied nonlinear models with good
results. However, since nonlinear modeling of the flying-wing
aircraft is too complex, this strategy has not been applied in
many studies. The controller design is also a major challenge.
Many control methods exist, such as proportional-integral-
derivative (PID) [1], state feedback [2], H-infinity [3], linear
quadratic [4], backstepping [5], integral backstepping [6], and
sliding mode [7] etc. These methods can be separated into two
groups. One group adds feedback to the actuators. By feeding
the aircraft state back to the control input, the controller has a
desired dynamic response, thus can be applied only to the
linearized model. The other group feeds back the aircraft
aerodynamic and replaces the original dynamics with the
desired dynamic response. Since the controller is designed
independently in these methods, they are robust regardless
of modeling. Sliding mode control is a high-performance
nonlinear control strategy. It has a finite convergence time
and is popular in many UAV applications [8], [9]. It also has
a good disturbance rejection ability. However, according to
the authors in [10], chattering in the sliding mode control
process damages the actuators. Moreover, fractional order
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sliding surface controller have also been played a key role
in aircraft control [11], [12]. To solve this problem, some
researchers have modified the structure of the sliding surface
[13], [14], [15], [16]. Another strategy is to increased the
order of the sliding surface, as in the work of [17], [18],
and [19]. These studies show that chattering can be decreased
by increasing the order of the sliding surface, such as super
twisting controller [20], [21], [22], or terminal controller [23],
[24].

Robust modeling is needed to stabilize flying-wing aircraft.
Since the aircraft model is complex nonlinear, a simple lin-
earized model is not suitable. The nonlinear model increases
the robustness of the aircraft and is suitable for a large range,
as found by many researchers [25], [26], [27]. However, the
nonlinear model of flying-wing aircrafts is complex, and the
statuses of the aircraft are closely coupled, making it difficult
to apply a nonlinear control strategy. To overcome this, a more
comprehensive method should be applied.

The BP(Backpropagation) network is one of the most pop-
ular neural networks. It is used for many control applications,
such as BP network PID [28] and BP network disturbance
measurement [29], [30]. In these methods, the BP network
works as an estimation function with the parameters changing
automatically since the form of the estimated part is unknown.
In some applications, the BP network is applied for modeling
an unknown model, as in [31]. In their research, the model
parameters model did not change; thus, an offline BP network
for modeling is suitable and sufficient. Although the nonlinear
model is complex, it can be written in a closed form for
flying-wing aircraft. Also, inspired by the BP network offlined
modeling, the feedforward neural networks are also applied for
function modeling, such as [32] and [33].

Another problem is aircraft controller design. Traditional
control strategies have disadvantages in terms of parameter
selection, especially for flying-wing aircraft. To avoid this, a
new attitude control strategy should be introduced.

Wind disturbance is another problem for flying-wing
aircraft. Solving this problem is important since wind distur-
bances can occur anywhere. Many studies have addressed this
topic. These methods include state observers [34], [35], [36] or
neural network observers [37], [38], [39]. In these methods, the
wind disturbance is estimated through the observer and then
fed back to the actuator to decrease the disturbance. The more
precise the estimator is, the better the control performance
will be. Traditional state observers include state feedback [35]
or Kalman filters [40]. These methods introduce a higher
convergence rate observer for disturbance estimation; however,
they introduce noise to the controller since a large derivation
is introduced. Besides, many researches have paid attention on
the higher order disturbance observers such as [41], PDE based
state observer [42] etc. They have introduced an higher order
based disturbance observer, which automatically converge to
the desired state. Also, adaptive based state observers are also
included in control strategies such as [43] and [44]. In these
research, the author using the adaptive control strategies to
estimate and mitigate the disturbance from the aircraft. Neural
network observers directly calculate the disturbance from the
current status of the aircraft since the neural network [45],

including the FNN network, RBF(Radical Basis Function)
Network [46], RNN(Recurrent Neural Network) network [47]
etc. can measure any function with a desired error. Neural
networks can also update their own parameters to updated to
the optimized parameters [48], [49], [50]. The more layers
there are in the neural network, the more precise the modeling
will be.

For aircraft control, the fuzzy controller has also played a
key role in recent research. Fuzzy controller has the ability
for choosing controller parameters automatically, and having
a good robustness in applications, many researches have paid
attention on it, such as [51], [52], and [53]. Besides, fuzzy
control strategies often integrate with neural network controller
such as ANFIS(Adaptive Network-based Fuzzy Inference
System) [54], [55], which improves the robustness of the
controller and learning the control parameters automatically.

Reinforcement learning is a new type of intelligent control
strategy. It has been used in many applications, such as power
[56], robotics attitude [57], and aircraft control [58]. Some
researches have paid attention on the attitude control of the
aircraft such as [59], [60], and [61]. In these papers, the
controller performs well and achieves good robustness. Some
researches have paid attention to safe deep reinforcement
learning control strategy [62], [63], and the aircraft in the
framework can automatically avoid the collisions with a good
performance. However, for flying wing aircraft, there are too
few available algorithms for attitude control, making the con-
trol process challenging. In this paper, a deep reinforcement
learning control strategy is introduced to the attitude control
process.

A deep network is a neural network with more layers that
can extract deep features of normal signals. The deep neural
network has been applied in pattern recognition [64], [65],
signal processing [66], and aircraft control [67], [68]. Since
deep neural networks are more powerful tools than traditional
neural networks, deep neural networks have become a new
aircraft control application.

The mass variation control is also a major concern. For fuel-
based aircraft, the aircraft mass decreases every second. In
artificial rain applications, aircraft mass also decreases contin-
uously. In these applications, the mass decreases in seconds.
If weight variations are neglected in the modeling process,
the aircraft’s performance will be significantly impacted. To
overcome this, the weight of the aircraft should be modeled in
the control system. However, in most research, aircraft mass
is considered independently, as in [69].

To address the core challenges associated with the control
of flying-wing aircraft, this paper proposes a novel, integrated
control strategy. The approach employs a FNN for high-fidelity
aircraft modeling, a second-order sliding mode controller for
robust attitude stabilization, and a DNN-based observer for
accurate wind disturbance estimation. Furthermore, the frame-
work explicitly incorporates the aircraft’s time-varying mass to
ensure adaptability across different operational conditions. The
major contributions of this work are summarized as follows:

1. A Novel FNN-Based Modeling Framework for
Enhanced Generality and Accuracy: This paper
introduces a systematic offline modeling strategy
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Fig. 1. The UAV for force analysis.

using FNNs to create a unified nonlinear model of
the aircraft dynamics. This model captures complex
aerodynamic dependencies across the entire flight
envelope, significantly improving modeling accuracy
and generalization capability compared to traditional
methods limited to specific operating points.

2. An Intelligent, Self-Tuning Control Architecture via
Deep Reinforcement Learning: Building upon the FNN
model, we develop an auto-tuning control mecha-
nism based on the DDPG algorithm. This innovative
contribution leverages deep reinforcement learning to
dynamically optimize the parameters of a MIMO
second-order sliding mode controller, ensuring robust
and near-optimal performance without manual gain
scheduling.

3. A Unified Robust Framework with Deep Learning-Based
Disturbance Observer: To fortify the control system
against external disturbances, a dedicated DNN-based
observer is seamlessly integrated into the proposed
strategy. This component provides accurate real-time
estimates of wind disturbances, enabling proactive com-
pensation and validating the framework’s robustness and
practical effectiveness in challenging windy environ-
ments.

The force analysis is introduced in section II, and the
attitude control is introduced in section III. The robustness
analysis is performed in section IV. The simulation is applied
in section V, and we conclude in section VI.

II. FORCE ANALYSIS

The force analysis is illustrated in Fig. 1. In the framework,
the coordinate axis is constructed on the aircraft body frame,
with the heading forward X-axis, right side Y-axis, and down-
side of the aircraft Z-axis. The body axes are denoted as xb, yb,
and zb. For the Earth coordinates, the axes can be illustrated
as xe, ye and H. As illustrated in [70] and [71], the aircraft is
affected by drag, thrust, lift, side force and gravity.

Additionally, flying-wing aircraft are affected by moments
on the aircraft. According to [71], all the drag, lift and side
force are proportional to the wing surface of the aircraft and
the square of the current speed, and the forms can be written

as L = 1
2CLρS V2, D = 1

2CDρS V2, and Y = 1
2CYρS V2. In

the equation, the terms CL, CD, and CY are the lift, drag and
side force coefficients, respectively. CD and CL are related to
the current speed V and the angle of attack α. The derivative
equation of the aircraft can be written as follows:8̂̂̂̂

ˆ̂̂̂̂̂̂
ˆ̂̂̂̂̂̂
ˆ̂̂̂̂̂̂
<̂̂
ˆ̂̂̂̂̂̂
ˆ̂̂̂̂̂̂
ˆ̂̂̂̂̂̂
ˆ̂̂̂:

V̇ =
T cosα cos β−D−mg sin(θ−α)

m

α̇ = −T sinα−L
mV cos β +

V(−p cosα sin β+q cos β−r sinα sin β)+g cos(θ−α)
V cos β

β̇ =
−T cosα sin β+Y

mV − (−p sinα+ r cosα)

ṗ =
((IyyIzz−I2

zz−I2
xz)r+(IxxIxz−IyyIzz−IxzIzz)p)q+IzzLA+IxzNA

IxxIzz−I2
xz

q̇ =
(Ixx−Izz)pr−Ixz(p2−r2)+MA

Iyy

ṙ =
((I2

xx−IxxIyy+I2
xz)p−(IxxIxz−IyyIzz−IxzIzz)r)q+IxzLA+IxxNA

IxxIzz−I2
xz

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

r cos φ+q sin φ
cos θ

ẋ = V cos(θ − α) cos(ψ+ β)
ẏ = V cos(θ − α) sin(ψ+ β)
Ḣ = V sin(θ − α)

(1)

In the equation above, the terms Ixx, Iyy, Izz, and Ixz are the
moments of inertia on each axis. The terms LA, MA, and NA

are the moments on the aircraft, which can be expressed as
follows:8̂̂̂̂

ˆ̂̂̂̂̂̂
<̂̂
ˆ̂̂̂̂̂̂
ˆ̂̂̂:

LA = 1
2ρV2S wb

�
Clββ+ Clδaδa + Clδrδr+

Clp
bp
2V

+ Clr
br
2V

�
MA = 1

2ρV2S wcA

�
Cm + Cmαα+ Cmq

qcA

2V
+

Cmδeδe + CδT δT
�

NA = 1
2ρV2S wb

�
Cnββ+ Cnδaδa+

Cnδrδr + Cnp
bp
2V

+ Cnr
br
2V

�
(2)

In the equation, the terms Clβ, Cmα are the coefficients of the
flying wing of the aircraft based on the current flying status.
The parameters δe, δa, and δr are the actuator inputs, and the
term δT is the engine thrust.

III. ATTITUDE CONTROL

The control strategy can be designed with the flying-wing
aircraft parameters defined above as follows. The derivative
equation of the aircraft can be shown as follows:

ẋ = f (x) + g(x)u (3)

In the equation above, the term f (x) is the aircraft state
function, and g(x) is the input coefficient function. The input
vector includes

�
V , α, β, p, q, r

�
, and the input u includes δe,

δa, δr, and δT .

ẋ = f (V , α, β, p, q, r) + g(δe, δa, δr, δT ) (4)

The nonlinear form of the aircraft is illustrated in (4). The
term in the speed and angle-of-arrival (AoA) channel makes
it very difficult to separate the variables. To avoid this, a FNN
network is applied for modeling. Through Taylor expansion,
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Fig. 2. The dimensional derivative functions at different point in the flight
envelope.

the derivative equation of the aircraft can be written in this
form:

ẋi =

6X
j=1

fi j(x) +
4X

j=1

gi j(x)u (5)

In the equation above, the terms fi j(x) and gi j(x) are the
aircraft modeling functions, and xi denotes the aircraft state. At
a specific linearization point, these functions become dimen-
sional derivatives. All available points in the flying envelope
are illustrated in Fig. 2.

In Fig. 2, the functions fi j(x) and gi j(x) at point P and point
Q are different. According to (1), the derivative equation has a
closed form. Thus, an FNN network is introduced for modeling
the functions, and the derivative equations of the aircraft can
be illustrated as follows:

ẋ = A(x)x + B(x)u (6)

In the equation above, the functions A(x) and B(x) are the
modeling functions calculated through the FNN network. This
equation is the combination of the matrix form of (5). There
are 60 variables in the function, in which A(x) is 36 and
B(x) is 24. The function can be simplified since for the
coupled parts between the longitudinal and lateral channels,
the absolute value of these functions reaches 10−10, while
that of the remaining parts is no less than 10−3. Since these
terms are too small, and smaller than the absolute error itself,
if they were considered into the framework, the error itself
of the dimensional derivatives would be too large. Thus, by
neglecting these parts, the control channels can be decoupled
into longitudinal and lateral channels.

To stabilize the flying-wing aircraft, the following sliding
surface is chosen:

S = x − xd + (A0 − B0K)
Z t

0
(x − xd)dt (7)

In the equation above, the matrices A0 and B0 are the state
matrices from a randomly chosen point in the flying envelope
from A(x) and B(x), respectively, and K is the state feedback
matrix to ensure that the matrix A0 − B0K is Hurwitz. This
matrix does not change even though the matrix A(x) and B(x)
change. The vector x is the current state of the aircraft; in
the longitudinal channel, it includes the speed V , the angle of

attack α, and the pitch angular rate q. In the lateral channel,
the vector x includes the side slip angle β, the roll rate p, and
the yaw rate r. From the nonlinear model applied in (1), the
pitch rate q should also be included. The term xd is the desired
state.

To stabilize the angular rates of the aircraft, the sliding mode
function is chosen as follows:

Ṡ = −P1S − Q1sgn(S ) (8)

In the equation above, the matrices P1 and Q1 denote the
parameters of the sliding surface, both of which are positive
definite.

The equation in (8) is the first-order sliding function, as
introduced by many authors. However, chatter in the control
process is harmful to the controller. To overcome this, a
second-order sliding surface is introduced, shown as follows:

Ṡ = −P1S − Q1sgn(S ) + e1 (9)

In (9), the term e1 denotes the addition of a second-order
sliding surface. The derivation is given below:

ė1 = −R1S
2a+1
2b+1 (10)

In the equation above, the matrix R1 denotes the matrix
coefficient, while the parameters 2a + 1 and 2b + 1 are
constant parameters, making the integral part an odd function,
as illustrated in [72]. To prove the stability of the system,
consider the following Lyapunov equation

V =
1

2
�

1 + 2a+1
2b+1

�X S
1+ 2a+1

2b+1
i

+
R1

2

�Z t

0
S

2a+1
2b+1 dt

�T �Z t

0
S

2a+1
2b+1 dt

�
(11)

The derivative of the Lyapunov equation can be written as
follows:

V̇ = −P1 ||S ||1+
2a+1
2b+1 − Q1 ||S ||

2a+1
2b+1 (12)

From the equation above, it can be found that the derivative of
the Lyapunov equation is stable. This means that the angular
rate channel is stable. Since the attitude angles are affected by
the angular rates directly, and angular rates converge to steady
as mentioned above, and the matrix Ac is bounded. The attitude
angle control of the proposed method is illustrated as follows:

ωd = A−1
c Ω̇d + A−1

c KΩ(Ω −Ωd) (13)

In the equation above, the term ωd is the desired angular rate
of the aircraft. The matrix KΩ is the proportional matrix of
the outer loop control; it is positive definite. The term Ω is
the current attitude angle of the aircraft, and the term Ωd is the
desired attitude. The matrix Ac is the matrix form of the 7th
to 9th equations in equation (1). If there were no second order
sliding mode term, then the stability of the can be provided
through a similar path to [73]. Due to the limitations that
there is no term greater than 2nd order in the sliding surface,
the stability proof seems not applicable. However, because
the Lyapunov equation of the angular rates and the sliding
surface design itself, the angular rates are stable. Combining
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the derivative equation above and (1), the following derivative
equation holds:

Ω̇ − Ω̇d = −KΩ(Ω −Ωd) + Ac(ω − ωd) (14)

In the equation above, it can be found clearly that the attitude
angular rates converge in an exponential speed, since the
matrix KΩ is positive definite, the attitude is stable.

A. Reinforcement Learning

As mentioned above, the parameters of the controller are
chosen by hand. However, the proposed method has a dis-
advantage because of oscillations in the airframe even when
the parameters are chosen correctly. This is because the
flying-wing aircraft is a highly nonlinear model, even though
the aircraft itself is modeled through the FNN network. To
overcome this, a reinforcement learning control strategy is
introduced.

The deep deterministic policy gradient (DDPG) agent is a
powerful deep reinforcement learning agent. It has the follow-
ing advantages. First, in any framework, it can calculate the
desired parameters automatically. Additionally, it has strong
disturbance rejection performance and thus can be applied in
aircraft control.

The DDPG agent can be considered to have the following
function:

L(θQ) =
1
N

NX
i=1

(yi − Q(si, ai|θ
Q))2 (15)

In the equation above, si denotes the i-th state. The function
L(θQ) denotes the optimization function of DDPG network,
and ai is the action chosen by deep reinforcement learning,
where θQ is the parameters of the critic network. This function
optimizing the critic network, that evaluates the performance
of the current actor. For the actor network, the training function
is shown as follows:

J(θµ) = Eµ [Rt |st, at] (16)

In the equation above, term J(θµ) is the actor optimization
function. θµ is the parameters of the actor network. Rt is
the reward function of current episode t. For the network
optimization, the function is shown as follows [74]:8̂̂̂̂
ˆ̂̂̂<̂
ˆ̂̂̂̂̂̂
:

∇θQ L(θQ) =
1
N

NX
i=1

(yi − Q(si, ai|θ
Q))∇θQ (si, ai)

∇θµ J(θµ) ≈
1
N

X
i

∇aQ(s, a|θQ)|s=si,a=µ(si)∇θµµ(s|θµ)|si

θQ
t+1 = θQ

t + βQ∇θQ L(θQ)
θ
µ
t+1 = θ

µ
t + αµ∇θµ J(θµ)

(17)
In the equation above, the parameters βQ and αµ are the
training parameters of critic network and actor network.

B. FNN Network

For the FNN network, the following sigmoid function is
applied:

y =
2

1 + exp(−(wT x + b))
− 1 (18)

In the equation, w is the weight of the current layer, and b
is the bias of the neural network. x is the state of the FNN
network at the current layer, and y is the output. The training
function of the network can be given as follows

f =
1
2

rT r =
1
2

MX
i=1

NX
j=1

(yi j − yi j0)2 (19)

In the equation above, r is the error between the neural
network result and the true dimensional derivatives, and M
and N denote the number of training samples and outputs
of the FNN network, respectively. The training method can
be applied with Levenberg-Marquardt algorithm. The update
strategy is shown as follows:

xnew = xold − (JT J + µI)JT r (20)

In the equation above, J denotes the Jacobian matrix of r.
JT r is the gradient of the function f , and JT J is the quasi
Hessian matrix. The parameter µ is the damping factor in
the optimization, which is updated automatically through the
training process. xold is the current training variable step, and
xnew is referred to as the next step.

IV. CONTROLLER ROBUSTNESS

In general, flying-wing aircraft are vulnerable to distur-
bances. Additionally, since the aircraft is modeled based
on a FNN network, the model effectiveness should also be
considered. To solve this problem, a deep learning method is
applied.

A. Wind Disturbance

The first aircraft disturbance is wind. The flying-wing
aircraft can be affected by wind disturbance due to its unstable
structure. Traditional methods, such as a state observer or a
neural network observer, use modeling strategies for wind
disturbance estimation and have achieved good results in
simulations. In the proposed method, since the aircraft is
modeled through the FNN network, the derivative equation
of the wind effect can be illustrated as follows:

ẋ = A(x)x + B(x)u + fw (21)

In the equation above, the term fw denotes the wind effect.
Since the wind affected parts include the current status, the
functions A(x) and B(x) are affected. The equalized derivative
equation can be expressed as follows:

ẋ = (A(x) + ∆A)x + (B(x) + ∆B)u (22)

In the equation above, the matrices ∆A and ∆B denote the
modeling errors between the artificial model and the con-
structed model in windy environments. Both satisfy

∆(A, B) ≤ εFNN (23)

The term εFNN is the optimized root mean squared error
(RMSE) of the training process in (19). According to this,
the derivative equation of (22) can be written as follows:(

Ṡ = (A(x) + ∆A)x − (A0 − B0K)x+
(B(x)T B(x))−1(B(x) + ∆B)B(x)T h(x)

(24)
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Fig. 3. The structure of the deep neural network.

In the equation above, the term −F(S ) denotes the right side of
equation (9). By combining the term of ∆A and ∆B together,
the wind effect of the aircraft fw can be illustrated as follows:

fw = ∆Ax + ∆B(B(x)T B(x))−1B(x)h(x) (25)

where
h(x) = −F(S ) + (A0 − B0K)x − A(x)x (26)

Since the state of the aircraft is bounded and the optimized
RMSE is small enough, the wind effect satisfies

fw ≤ L (27)

In the equation above, the term L can be considered a constant.
The Lyapunov equation satisfies

V̇ ≤ −P1 ||S ||1+
2a+1
2b+1 − (Q1 − L) ||S ||

2a+1
2b+1 (28)

According to the previous section, the attitude of the flying-
wing aircraft is stable if and only if

min λQ1 ≥ L (29)

where λQ1 denotes the eigenvalues of matrix Q1. The general
process is TECS (total energy control system) for height
control, which is a combination control strategy based on
both pitch angle and airspeed [75]. In this paper, since the
airspeed is stabilized previously, the TECS height control can
be transferred to a traditional PID. Thus, the error affected by
the wind can be mitigated automatically.

For lateral position control, the control process can be
considered waypoint-based control. Flying at three different
way points A, B and C can be equivalent to achieving
180 − ∠ABC degree yaw control at point B. Since there are
integrals in attitude control, as long as the attitude control
process is stable, the aircraft can track the desired path.

B. Deep Neural Network

To decrease the wind disturbance, a neural network-based
measuring strategy is introduced. Neural networks can fit
any function with the desired precision. Online models can

also have self-learning abilities. The more layers the network
has, the higher the measurement precision will be. In most
applications, the neural network has only 3 layers, such as
the radical basis function (RBF) or recurrent neural network
(RNN). In some applications, neural networks with more
layers have also been applied [76]. According to [77], a
deep neural network performs better than traditional neural
networks. Thus, in this paper, a deep neural network is applied
for wind disturbance measurement.

The deep neural network applied for wind disturbance has 6
layers. The first layer is the input layer. The second layer is a
fully connected layer. The third layer is a traditional hyperbolic
tangent layer. The fourth layer is an eLU function layer, which
has a faster training time than the traditional sigmoid function
or hyperbolic tangent function. The fifth layer is another fully
connected layer, and the sixth layer is a regression layer. The
structure of the deep neural network is shown in Fig. 3; a
diagram of the proposed method is shown in Fig. 4. The
reason is that the tanh function has the feature decentralization
and smoother, making the inference faster, while the elu layer
cannot be saturated in training, and having a wider range.

In Fig. 4, the terms f (x) and g(x) are nonlinear models of the
function; they can be written as A(x)x and B(x), respectively,
as illustrated in the previous sections. Since the number of
inputs is not the same as the number of states, a pseudoinverse
is applied. The arrows on the DNN (deep neural network)
indicate that the deep neural network is tuned online, and no
arrows on the FNN network indicate that the parameters of the
FNN network do not change after training is completed. The
terms Gact(s) and Gwind(s) denote the dynamics of actuators
and wind disturbance, respectively. The input signal xd denotes
the desired attitude input, while the output signal x is the real
attitude of the aircraft.

C. Parameter Errors

In real-time applications, the state variables of the aircraft
are estimated through the external Kalman filter (EKF). In
this method, the state of the aircraft is fused with the GPS
and inertial navigation system (INS), and noise occurs in the
fusion process. This leads to errors in the estimated states. In
traditional control strategies, it only affects the feedback on
each channel. However, in the proposed method, the aircraft
modeling network is based on the current attitude. Parameter
errors should be considered to ensure modeling effectiveness.

Considering the model with modeling errors, the derivative
equations of the aircraft can be illustrated as follows:

V̇ = A(x + ∆x)(x + ∆x) + B(x + ∆x)u (30)

In the equation above, the term ∆x is the parameter error.
A(x+∆x) and B(x+∆x) are the modeling functions with input
errors. The derivative equation can be illustrated as follows:

V̇ = A(x)x + B(x)u + A(x)∆x + ∆A(x + ∆x) + ∆Bu (31)

In the equation, ∆A and ∆B are the modeling errors between
the models with and without parameter errors. Similar to the
previous proof, the aircraft is stable if the following equation
is satisfied:

|A(x)∆x + ∆A(x + ∆x) + ∆Bu| ≤ min λQ1 (32)
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Fig. 4. The control process of the proposed method, −F(S ) denotes the sliding surface applied in Equation (9).

TABLE I
PARAMETER OF THE FLYING WING AIRCRAFT IN THE PAPER

TABLE II
MASS AND MOMENTS INERTIAS OF THE AIRCRAFT

V. SIMULATION RESULTS

A. Simulink Simulation

In this section, the simulation results are given and analyzed.
The simulation is based on aircraft model introduced in [70].
The parameters of the aircraft are illustrated in Table. I and
II. The aerodynamic derivatives are shown in Table. III. The
platform is on a Ryzen 7 CPU with MATLAB R2024a.
The simulation is based on the nonlinear model constructed
through the flight dynamic toolbox [71]. The aircraft parame-
ters are given as follows:

For the attitude control strategy, the controller is designed
on both the longitudinal and lateral sides. For the longitudinal
channel, the variables include the speed V , the AoA α, and
the pitch rate q, and the inputs of the actuators include the
engine δT and the pitch actuator δe. The matrix K is calculated
through the Reccati equation, with the matrices A0 and B0
selected at 16 m/s with an engine input of 0.25. The matrices Q
and R are selected as follows: Q = diag [27, 16, 9] and R with
only eigenvalues 100. For the lateral channel, the parameters
are the side slip angle β, the roll rate p, the pitch rate q and
the yaw rate r. The method is similar to that used for the
longitudinal channel. The matrix Q is selected as follows: Q =

diag [16, 9, 9, 9], and the matrix R is another diagonal matrix
with 100 eigenvalues.

The inputs for the FNN network training are the current
attitude and the engine input of the aircraft; the outputs are
the dimensional derivatives at different flying status. These
parameters are generated through the following process: first,
calculating all these parameters at all available steady flying

TABLE III
AERODYNAMIC PROPERTIES OF THE AIRCRAFT

points of the aircraft, then using the aircraft parameters as
the input, these calculated data as the output for the training
process. The original range of each parameter is shown as
follows: airspeed V between 8m/s to 20m/s, AoA α and
sideslip β between −π/9 and π/9, and angular rates of roll,
pitch, and yaw between −π/6 and π/6. Then both inputs
and outputs are normalized between -1 and 1. Because every
dimensional derivative has a different form, these parameters
can be trained separately. The FNN network is constructed
with 3 layers, and the hidden layer has 80 nodes. The training
method is based on Levenberg-Marquardt strategy [78], with
the initial damping factor µ set to the maximum absolute
eigenvalue of the matrix JT J. For each FNN network, the
initial parameters are chosen randomly, and there are three
stopping conditions. First, the change in the norm of the
training parameter x is less than a threshold ε1 times the
variable norm. The second condition is that the gradient norm
JT r is smaller than a threshold ε2. The third condition is a
failsafe, if any of the training variables reach infinity or not a
number, these thresholds are both set to 10−4. No training time
limitation is applied to decrease the training errors as much
as possible,. After 24 hours, the training process is complete.
For each dimensional derivative, the function f reaches 10−9,
and the RMSE is no greater than 10−6.

The following parameters are chosen for the aircraft attitude:
the matrix P1 has an eigenvalue of 4, and the matrix Q1 has
an eigenvalue of 1/15. For the second-order sliding mode part,
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Fig. 5. The structure of the Actor Network.

Fig. 6. The structure of the Critic Network.

the eigenvalue of R1 is 1/15, with the parameter a set to 2 and
b set to 5. For the attitude outer loop, the matrix KΩ is set
to 1/2. For the height control of the aircraft, a proportional
integral (PI) control-based TECS control strategy is applied.
Since the airspeed was previously stabilized in the airspeed
loop, the remaining part is the height control directly on the
pitch angle. In the outer loop, the parameter Kh is set to 1/2.
For the inner loop, KIh is set to 1/3. The comparison between
the nonlinear model and the FNN based model is shown in
Fig.7, Fig. 8

The reinforcement learning parameters are as follows: both
the actor network and critic network are 3 layers, with the
second layer as the hyperbolic tangent function and the third
layer as the fully connected layer. The desired reward function
of the reinforcement learning can be shown as follows:

R(x) = exp(−a1 ‖∆φ∆θ∆ψ‖) +
3X

i=1

tanh
�



ωiΩi −

ki

ωiΩi





�
(33)

By optimizing the DDPG reward function R(x), the rein-
forcement learning agent is applied to attitude control of the
aircraft.The reason is that in the DDPG training, when the

Fig. 7. Comparison of the speeds of the nonlinear and FNN network models
with wind at 16m/s airspeed.

Fig. 8. Comparison of the pitch angles of the nonlinear and FNN Network
models with wind at 16m/s airspeed.

all attitude reach near the small range of the steady point,
it can be considered that the aircraft has entered the steady
area, thus the smaller the multiplication is, the larger the
reward should be. The second term is the multiplication of
the current attitude and the corresponding angular rates. When
this multiply is small enough, this channel can be considered
stable. The function makes sure that the smaller the error is,
the higher the reward should be. The tanh function makes the
unbounded function in to boundary, and the smaller the error
is, the larger the reward will be. The structure of the actor
network is shown in Fig. 5, and the structure of the critic
network is shown in Fig. 6. For each hidden layers, there are
128 nodes for both actor network and critic network. With
size 10−3 noise integrated to the training process. The training
is based on the attitude control of the sliding mode itself,
based on the converge speed parameter P1, and the converge
parameter KΩ in (13).The reason of choosing the following
sliding mode function is that the structure of the flying wing
aircraft is complex, and designing the controller is difficult,
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Fig. 9. Comparison of the speeds of the nonlinear and FNN network models
with wind at 12m/s airspeed.

especially for reinforcement learning control process, which
makes the training process of the DDPG controller difficult.

In the equation above, the parameters a1 and ki are the
converge speed parameters, where a1 is (180/π)3 to ensure
that the attitude errors reach within 1 degree, while ki set
to 16 to satisfy both settling time and overshoot.Because the
parameter a1 is set to ensure that the attitude angle error no
longer exceed 1◦, while the parameters ki ensure a suitable
converge speed.} The training parameters αµ and βQ are set
to 10−3. Also, the max episode of the DDPG reinforcement
learning is set to 10000. Each episode has a maximum of 4000
step with a 0.01s stepsize. The final reward is a sum of R(x) in
all stepsize, and a large reward penalty is applied for unstable
episode. The suitable episode reward is set to 106. The state
st is set to the angular error of attitude and the angular rates,
with dimension 6, while the action at is set to the diagonal
parameters of the matrix P1 in the sliding surface in (9) with
a dimension 4.

Wind disturbance is introduced to investigate the distur-
bance rejection performance. The wind disturbance is based
on the boundary layer model. According to [71], the wind
speed can be described as

Vw = Vw9.15
H0.2545 − 0.4097

1.3470
(34)

In the equation, Vw9.15 is the wind speed at a height of
9.15 m. A comparison of the disturbance rejection perfor-
mances of the proposed method and the linearized model are
shown in 7 and 8. The comparison shows that the setting time
of the FNN network model system is 10.4 seconds, and the
settling time of the linearized model is 11.4 seconds. This is
because the proposed method models the FNN network, which
has more information than the traditional linearized model.
Additionally, the aircraft has a working point different from
the linearized point to the linearized model, and the proposed
method can model it properly.

The comparison between the nonlinear model and the FNN
based model is also shown in Fig.9 and Fig. 10. The previous
comparison is based at 16m/s airspeed, and this comparison

Fig. 10. Comparison of the pitch angles of the nonlinear and FNN Network
models with wind at 12m/s airspeed.

Fig. 11. Angle of Attack comparisons between FNN network modeling with
and without a DNN.

is based at 12m/s airspeed. From both comparison, it can be
found that in these cases, the overshoot and settling time of
the FNN based model is smaller than the nonlinear model, the
settling time decrease is 2 seconds, and the overshoot decrease
is 1%. The reason is that the FNN network has the ability for
unknown parameters at any conditions. It can also replicate
the response that the nonlinear model not able to formulate
the model at dynamics, which decreases the settling time and
overshoot of the aircraft itself.

A DNN is applied to prove the effectiveness of the pro-
posed network. The network training data are the wind effect
responses generated from the linearized model. In the second
layer, the fully connected layer changes the 8 inputs to the 10
nodes in the deep network. The fully connected layer in layer
5 changes the 10 nodes of the deep network into one layer into
only one output. The training is based on the Adam training
method. The maximum training epoch is set to 181,440. After
the training is complete, the DNN is applied to measure the
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Fig. 12. Height comparison between FNN network modeling with and without
a DNN.

TABLE IV

THE TISE COMPARISON BETWEEN THE MODEL WITH
AND WITHOUT A DNN

Fig. 13. Comparison of angle of attack in variable winds without and with
a DNN.

wind disturbance. The control results are shown in Fig. 11 and
Fig. 12.

Fig. 11 and 12 show that for the FNN network-based model,
the settling time decreases by 1.5 seconds when the deep
network is applied, and overshooting decreases by 2% because
the wind disturbance could be modeled into the FNN network
instead of the derivative equation illustrated in (22).

The time integral squared error (TISE) was applied to esti-
mate the performance of the proposed method [79]. This error
is based on a time-varying error. The faster the convergence
speed is, the smaller the TISE. Thus, this error is a good

Fig. 14. Comparison of the pitch rate in variable winds without and with a
DNN.

Fig. 15. Comparison of the wind gust speed in FNN network modeling
without and with a DNN.

identifier for the state response. The TISE with the and without
the DNN are illustrated in Table IV.

The TISE comparison shows that the TISE of the model
without the DNN is much larger than the model with the
deep network. This means that the DNN can decrease wind
disturbances. However, it is not significant. The reason is that
the FNN network previously modeled the wind disturbance.

More types of wind disturbances were applied to prove the
effectiveness of the proposed method. First, the wind speed
increases from 4 m/s to 6 m/s at 9.5 m in 20 s, and the results
are shown in Fig. 13 and Fig. 14.

According to Fig. 13 and Fig. 14, the settling times of the
model without and with the DNN are 11.5 seconds, and 11.2
seconds, respectively. This proves that the wind disturbance
was already mitigated by the offline FNN network.

In addition, wind gusts were also considered. The air-
craft is affected by the wind gust at 5 seconds; the gust
lasted for 10 seconds. The comparison results are shown in
Fig. 15 and 16.
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Fig. 16. Comparison of the pitch rate in wind gusts on FNN network modeling
without and with a DNN.

Fig. 17. Comparison of pitch rate in FNN network modeling with RBF and
DNN.

According to Fig. 15 and Fig. 16, the settling time of
the model without and with the DNN is 11.5 seconds, and
10.7 seconds for gust wind, respectively. Additionally, for
overshooting, the model without and with a deep network is
15% and 10%, respectively. This means that the DNN can
extract features from wind disturbances even though the model
is constructed from FNN networks.

The DNN disturbance observer has been applied to compare
with the RBF network observer [79] as well. The compare
results are given in Fig. 17 and Fig. 18. From the comparison,
it can be found clearly that, in the constant wind environment,
the settling time of the model with DNN is 9.9 seconds, while
the model with RBF network is 10.2 seconds. The reason is
that the DNN has 6 layers, while the RBF has only 3 layers.
When extracting features, the DNN network can extract more
features than the RBF network, which increses the anti-wind
disturbance performance of the aircraft.

Also, the simulation results with DDPG agent in the variable
wind speed condition is given in Fig.19 and Fig.20. From

Fig. 18. Comparison of pitch angle in FNN network modeling with RBF and
DNN.

Fig. 19. Airspeed comparison between the model with or without DDPG
agent in windy environments.

Fig. 20. Pitch angle comparison between the model with or without DDPG
agent in windy environments.

the comparison, it can be seen clearly that the response with
DDPG agent has a 2 seconds settling time decreasement and
the overshooting decrease a 2% as well. The reason is that
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Fig. 21. Comparison of the angle of attack with noise on the FNN network
model.

Fig. 22. The results comparison of the pitch angle with noise on the FNN
network model.

the DDPG agent has the ability for calculating the optimized
result. Besides, the DDPG agent can find the optimized control
parameters, which means that with the wind disturbance,
the optimized controller can be found by the DDPG agent
automatically. This means that in the windy environments, the
DDPG agent can find the optimized controller parameters, and
the overshoot and settling time decreases significantly.

Additionally, a model with feedback errors is considered.
The output of the model is supplemented with 30% noise.
These results are compared to those of the model without noise
addition. As illustared as follows:

The compared results are illustrated in Fig. 21 and Fig. 22.
The comparison shows that with noise integrated into the
aircraft, a small shift in the response occurs. Since the aircraft
is modeled from the FNN network, the error is not significant.
The reason is that FNN networks can measure any function
with high robustness. Since the noise is sufficiently small,
the shift is not significant. This proves the robustness of the
proposed method.

Fig. 23. The results comparison of the airspeed of the mass variation without
and with mass integration to the FNN network model.

Fig. 24. The results comparison of the height of the mass variation without
and with mass integration to the FNN network model.

The mass variation application is also considered in the
work. The mass of the aircraft decrease from 0.5kg to 0.4kg.
These results are compared to the model with mass varying
integrated to the FNN network. As illustrated in Fig.23 and
Fig.24.

In the proposed work, the DDPG agent is compared to the
model without DDPG agent. The results are given in Fig. 25,
and Fig. 25. From the simulation, it can be found clearly that
by applying the DDPG agent, even in the environment without
wind, the response with DDPG agent is better than the model
without DDPG agent, with a 1% overshooting improvement
and a 0.5 seconds settling time advance. The reason is that the
DDPG agent has the ability for automatically calculating the
optimized control parameters, which improves the response of
the aircraft.

From the comparison, it can be found clearly that in the
mass varying applications, with the mass integrated to the
FNNs, there is a significant response overshoot and settling
time boost. In this case, the mass variation is only 0.1kg, but,
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TABLE V

COMPARISON OF THE METHOD IN [60], [61], [80] AND [81] AND OUR METHOD IN TISE

Fig. 25. Pitch rate comparison between the model with or without DDPG
agent in normal environments.

Fig. 26. Comparison between the model with or without DDPG agent in
normal environments.

with mass integrated, the settling time decreases 0.2 seconds,
and the overshoot decrease 0.5%. The reason is that the FNN
network can measuring any functions within a desired error
rate, precisely modeling the weight changing of the flying
wing aircraft.

The proposed method has been compared to the control
strategies introduced in [60], [61], [80], and [81]. The method
introduced in [80] has applied an adaptive fuzzy sliding mode

Fig. 27. The comparison of the speed of the proposed method and method
in [80].

Fig. 28. Comparison of the AoAs of the proposed method and the methods
in [80].

control strategy and the authors in [81] have introduced a
method based on adaptive fuzzy sliding mode based on the
Nussbaum function. Besides, the method introduced in [60]
has applied an PID based SAC deep reinforcement learning
strategy, and the authors in [61] have introduced a method
based on TD3 reinforcement learning strategy with nonlinear
dynamic. The control results are shown in Fig.27, Fig.28,
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Fig. 29. The comparison of the speed of the proposed method and the method
in [81].

Fig. 30. Comparison of the AoAs of the proposed method and the methods
in [81].

Fig. 31. The comparison of the speed of the proposed method and method
in [60].

Fig.29, Fig.30, Fig.31, Fig.32, Fig.33, and Fig.34. The TISE
comparison is illustrated in Table V.

Fig. 32. Comparison of the AoAs of the proposed method and the methods
in [60].

Fig. 33. The comparison of the speed of the proposed method and the method
in [61].

The comparison clearly shows that the proposed method
performs better than the method applied in [80]. This is
because the proposed method introduces a FNN network to
measure the aerodynamic parameters, the attitude response
is faster. However, the overshoot and settling time is similar
to proposed method. Since the method in [80] uses a fuzzy
controller, it has a better performance. Compared to the
method applied in [81], the settling time and overshoot of
the proposed method are both greater than the method in
[81], the reason is that in [81], the nussbaum function has
a significant in dynamic performance improvement, which
decreases both settling time and overshoot at the same time.
Also, the proposed method has a better performance than [61],
including that the attitude response is faster and the overshoot
and settling time is better than the proposed method. Since
the method in [60] uses the reinforcement learning strategy to
adjust the PID parameters, which is a bit harder to be adjusted
than sliding mode. Compared to the method applied in [61],
the settling time and overshoot of the proposed method are
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Fig. 34. Comparison of the AoAs of the proposed method and the methods
in [61].

Fig. 35. The Zephyr delta Wing model used for SITL.

both greater than the method in [61], the reason is that in [61],
the method uses the nonlinear inverse model based function,
and the reinforcement learning is based on the attitude angle
loop, while the proposed method is based on the angular rate
loop with a sliding surface, which is much more robust than
the method in [61].

However, the FNN network modeling has limitations. First
of all, it is an offlined modeling strategy, which means that
it can only modeling the aircraft data in the range of training
data. For the outside of training data, or the aircraft itself
is changed, there is error in the modeling process. This is
the disadvantage of the proposed method, like other offlined
modeling. However, for the points within the modeling frame,
the proposed method shows a very good performance. Besides,
for a different aircraft, the FNN network should be modeled
separately.

B. Software in the Loop

The software in the loop (SITL) was also applied for the
proposed control strategies. The SITL is based on Gazebo ver-
sion 11.12 with the PX4 framework. The aircraft is the Zephyr
delta wing model shown in Fig.35. the aircraft parameters is

TABLE VI

PARAMETER OF THE ZEPHYR DELTA WING

TABLE VII

MASS AND MOMENTS INERTIAS OF THE ZEPHYR DELTA WING

TABLE VIII

AERODYNAMIC PARAMETERS OF ZEPHYR DELTA WING

illustrated in Table. VI, and VII. the aerodynamic parameters
are given in Table.VIII.

The simulation is combined with MATLAB in Linux. The
aircraft takes off with the PX4 controller. After it reaches a
certain value, the controller switches to the proposed method
mentioned above. The method switch condition is the current
airspeed and the aircraft is actually taking off, as shown in
(35)

extcontroller = (V ≥ Vl and takeo f f = true) (35)

In the equation above, the condition makes sure that the
aircraft is flying properly in the air. This is because that the
proposed method is designed on level flight.

The SITL simulation of non-linearized model is illustrated
in Fig.36. The FNN network based model without DDPG is
illustrated in Fig.37, and the FNN network based model with
DDPG is illustrated in Fig.38.

Simulations in windy environments were also applied. In
windy environments, a deep network is applied through a
selectable key. If the aircraft speed is faster than VL, the
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Fig. 36. SITL Simulation based on non-linearized model.

Fig. 37. SITL Simulation based on FNN Network model.

Fig. 38. SITL Simulation based on FNN Network model with DDPG agent.

control strategy is swapped into the proposed control strategy.
Applying the simulation shows that when the control strategy
is swapped to the proposed method, the tracking errors heavily
decreases. The tracking error based on the FNN network is
1%, while the tracking error based on DDPG controller is
0.5%. While the tracking error based on the PX4 controller
is 5%. Also, the settling time and overshoots also decreases.
For the non-linearized model, the settling time is 10 seconds,
the overshooting is 6%. For the model with FNN network,

TABLE IX
MAE ERROR IN SITL

Fig. 39. HITL Simulation based on non-linearized model.

TABLE X
MEMORY USED IN DIFFERENT CONTROL STRATEGIES

the settling time is 9.5 seconds, and the overshooting is 5.5%.
For the model based on FNN network with DDPG agent, the
settling time is 5, and the overshooting is 5.2%. Since the
PX4 controller is nonlinear itself, it can be seen clearly that the
FNN network has better performance for modeling a function,
and the DDPG agent has the ability to choose the optimized
control parameters, at different situations, the result is always
chosen from the best response situation from the actor of the
DDPG agent. Besides, the MAE(Mean Absolute Error) error
are shown in Table. IX.

From the error, it can be found clearly that the MAE of
the FNN modeling is smaller than the MAE of PX4 original
method. The reason is that the FNN networks have a better
modeling performance than the traditional nonlinear modeling
control strategies. Besides, the error decreases further when the
DDPG Reinforcement Learning is added, the error decrease
further. This means that the DDPG agent has the ability to
choose the optimized control process that decreases the error
and increases the dynamic performance.

C. Hardware In the Loop

To prove the effectiveness of the proposed method in the
hardware applications, the hardware in the loop(HITL) is also
applied to the proposed method. The hardware itself is the
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Fig. 40. HITL Simulation based on FNN Network model.

Fig. 41. HITL Simulation based on FNN Network model with DNN state
observer.

Fig. 42. HITL Simulation based on FNN Network model with DDPG agent.

CUAV V5 Nano, and the aircraft frame is the Zephyr Delta
Wing model mentioned in the SITL simulation, with the baud
rate 921600. The simulation parameters are exactly same to
SITL. Since the size of ROM in CUAV V5 Nano is 2MB
only, and the code with FNN is 2.1MB, some modules of PX4
that does not affect the HITL simulation have been disabled.
The simulation results are given as follows:The model without
FNN network is illustrated in Fig. 39, the model with FNN
network is illustrated in Fig. 40, the model with FNN network

TABLE XI
MAE ERROR IN HITL

and DNN observer is illustrated in Fig. 41, and the model
based on the FNN network with DDPG is illustrated in Fig. 42.
Note that the size of DNN is compressed to 64 nodes instead of
128 of original simulation due to the limitation of the firmware
size of the controller. The memory usage of different methods
is shown in Table.X.

The HITL simulation is similar to the SITL simulation, and
the switch method is based on the current flying status. It can
be seen clearly that the tracking error based on PX4 controller
is 4.5%, the settling time is 5 seconds, and the overshoot is
6.3%. For the control method based on the FNN network,
the tracking error is 0.9%, the settling time is 4.5 seconds,
and the overshoot is 5.7%. For the model based on the FNN
network with DDPG integration, the tracking error is 0.46%,
the settling time is 4.2 seconds, and the overshoot is 4.5%.
The MAE error of each method are given in Table. XI.

Similar to the SITL, it the HITL simulation, the same pattern
occurs. However, there is a bad value that when adding the
DNN, the error increases. This is because that since the DNN
always adds the wind disturbance measurement in the flying
process, even if there is no wind. But the DNN won’t stop
estimating, this is the reason that DNN error is higher. To
overcome this, the no wind condition should be considered in
the future works.

VI. CONCLUSION

In this paper, a novel intelligent modeling and control frame-
work for flying wing aircraft is introduced, designed to achieve
higher precision aircraft modeling across diverse and uncertain
flight conditions. The core theoretical contribution lies in
the integration of FNN networks for global nonlinear system
modeling, a DDPG agent for adaptive control optimizing, and
a DNN based observer for wind disturbance estimation. This
unified framework explicitly addresses critical challenges often
overlooked in isolation, including mass variation, parametric
uncertainties, and turbulent wind conditions.

Comprehensive simulations and tests demonstrate the effi-
cacy of this integrated approach. The FNN networks prove
capable of accurately modeling the aircraft’s dynamics across
a wide envelope of flight conditions, providing a founda-
tional model for the downstream controller and observer. The
DDPG agent successfully learns to optimize control policies
in interaction with this model, while the DNN observer effec-
tively estimates and compensates for wind disturbances. The
framework’s practical viability and robustness are conclusively
validated through both SITL and HITL simulations, confirm-
ing its performance in realistic scenarios and its successful
deployment on operational hardware.
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