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ABSTRACT

In the field of parafoil flight control, a critical challenge is managing the
complex control requirements and mitigating the effects of turbulence-
induced disturbances. This paper explores the intricacies of parafoil con-
trol and the influence of the turbulent wind field on system perfor-
mance. To address the challenges, we propose a Neural Network Model
Predictive Control (NNMPC) strategy that utilizes extensive historical
operational data, including flight attitude records from multiple flights
and control responses under various wind conditions, to develop a neural
network model as an alternative to traditional 3-degree-of-freedom (3-
DOF) models. The proposed approach integrates a NARX (Nonlinear
AutoRegressive with Exogenous inputs) neural network into the Model
Predictive Control(MPC) framework, leveraging its temporal modeling
capabilities to improve prediction accuracy and enhance disturbance
rejection. Experimental validation was performed in a simulated turbu-
lence environment using the Dryden turbulence model, with carefully
designed control groups in which both traditional MPC and NNMPC
were tested under identical initial conditions and target trajectories. The
results demonstrate that NNMPC achieves superior trajectory tracking
performance, indicating its potential for robust parafoil control in com-
plex atmospheric conditions.
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1 Introduction

Parafoil systems face unique challenges in motion control due to their large surface area,
which renders them highly susceptible to disturbances from the surrounding wind field [1]. These
disturbances can induce fluctuations in control variables, leading to instability and slower convergence
in flight control [2]. Additionally, parafoils must maintain stable flight in complex environments
while accurately tracking predetermined trajectories [3]. Factors such as wind speed, air turbulence,
and varying meteorological conditions introduce significant uncertainties that adversely affect flight
performance [4]. Consequently, achieving reliable control of parafoil systems necessitates advanced
control methods capable of addressing these uncertainties and complex dynamics, particularly to
mitigate slow convergence rates.
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One effective approach of parafoil controlling is to formulate the control problem as a mathemat-
ical optimization problem. Linear Quadratic Regulator (LQR) methods have been widely employed
to optimize state and control trajectories [5]; however, LQR is limited by its quadratic cost function,
which may not fully capture the complexities of parafoil dynamics. In contrast, MPC offers greater
flexibility by solving a receding horizon optimization problem, enabling the handling of complex
cost functions, constraints, and dynamic behaviors [6]. MPC has been successfully applied to various
flight control applications, including aerial robots and vehicles operating under friction limits [7–9].
However, the accuracy of the dynamic model is critical in MPC, as an inaccurate model can result in
poor trajectory generation and suboptimal control performance [10]. For parafoil systems, selecting
an appropriate dynamic model involves balancing complexity and computational feasibility while
accounting for varying aerodynamic forces, wind conditions, and other environmental factors [11].
Data-driven models, in particular, can enhance the dynamic models used in MPC by leveraging the
extensive data generated during flight operations, thereby enabling more accurate and adaptive control
strategies for parafoil systems [12–14].

Neural network models offer a promising approach to capturing the complex dynamics of parafoil
systems, particularly in scenarios influenced by environmental factors such as wind speed and turbu-
lence. These data-driven models, renowned for their universal function approximation capabilities,
have been successfully applied to modeling various dynamic systems. While traditional methods often
rely on model-free techniques [15], recent advances have incorporated physical principles into neural
network models, enabling them to adhere to mathematical constraints during learning and focus on
uncertain or difficult-to-model aspects of the system [16]. For instance, one approach involves learning
the aerodynamic forces acting on the parafoil from flight data, inherently adhering to Newton’s
laws without explicitly modeling kinematic relationships [17]. Research has demonstrated that by
ensuring physical consistency, neural networks can accurately model systems affected by aerodynamic
effects, turbulence, and other environmental factors [18]. By incorporating previous states and control
inputs, neural networks can adapt to changing wind conditions and dynamic forces, making them
a reliable choice for modeling parafoil behavior [19,20]. However, despite their significant potential,
the integration of neural networks with MPC still presents computational challenges that must be
addressed to fully realize their capabilities.

The NARX (Nonlinear AutoRegressive with Exogenous inputs) neural network is particularly
well-suited for modeling dynamic systems such as parafoils due to its ability to effectively process
time-series data [21,22]. By leveraging historical states and external inputs, the NARX model captures
the temporal dependencies and nonlinear characteristics of dynamic systems. Unlike feedforward
and convolutional neural networks, the NARX model explicitly incorporates time-lagged variables
to account for system dynamics, ensuring efficient utilization of historical information and enhancing
the accuracy of future state predictions in time-variant systems [23]. Furthermore, NARX models
have demonstrated robust performance in fields such as control systems and signal processing, where
temporal relationships are critical [24].

In parafoil control, the NARX model achieves precise system dynamics modeling with low
computational complexity, making it ideal for real-time applications [25]. Compared to more complex
architectures like recurrent neural networks (RNNs) and long short-term memory (LSTM) networks,
the NARX model offers greater computational efficiency, effectively integrating historical states and
control inputs to provide a reliable foundation for integration with the MPC framework [26].

We propose a novel approach that combines a NARX neural network model with MPC to
enhance the control of parafoil systems under dynamic and uncertain conditions [27]. To balance
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computational efficiency and modeling accuracy, we adopt a three-layer neural network structure,
utilizing previous states and control inputs as features [28]. By integrating this model with the MPC
framework and employing a nonlinear optimization solver, we achieve real-time control performance
[29]. Simulation tests of the NARX-MPC method on a parafoil system demonstrate its ability to
maintain stable flight and trajectory tracking under wind disturbances, even without prior knowledge
of aerodynamic forces [30].

In extreme parafoil control scenarios, achieving automated control is particularly challenging,
especially when aerodynamic surfaces approach saturation limits, potentially leading to control
failure. When the parafoil or control lines reach saturation, the system may become unstable and
difficult to maneuver [31]. Precise model-based control near aerodynamic limits requires an accurate
understanding of complex environmental factors, particularly turbulence intensity and spatial distri-
bution, which are inherently difficult to estimate and predict [32]. To address these challenges, we
develop a neural network model trained on extensive flight data collected under various turbulence
conditions, including different turbulence intensities and spatial scales [33]. This model is integrated
into a real-time NNMPC (Neural Network Model Predictive Control) framework, enabling robust
tracking of flight trajectories near aerodynamic limits without requiring prior knowledge of turbulence
characteristics [34]. The NNMPC system leverages historical state and control data to generate appro-
priate control commands, demonstrating consistent performance whether the parafoil is operating
in calm air or encountering severe turbulence [35]. This adaptive approach not only addresses the
extreme challenges of parafoil control under turbulent conditions but also exhibits superior trajectory
tracking performance compared to traditional MPC controllers relying on physical dynamics models,
particularly in maintaining stability during turbulence-induced disturbances [36].

Our work makes three distinct contributions to parafoil control: (1) integrating a NARX neural
network with MPC to achieve superior prediction accuracy under turbulent conditions, reducing
maximum tracking error by 45.97% compared to traditional MPC; (2) developing an online adaptation
framework that leverages real-time data to handle unmodeled disturbances, enhancing robustness;
and (3) demonstrating robust performance in extreme scenarios, such as severe turbulence and
aggressive maneuvers, validated through comprehensive simulations. These advancements differen-
tiate our approach from prior studies (e.g., [25,27]) by focusing on turbulence resilience and real-time
applicability without requiring prior aerodynamic knowledge.

The arrangement of the remaining chapters in this paper is as follows: Section II introduces
the three-degree-of-freedom parafoil system model and details its linearization and discretization
processes [37]. Section III presents the design of the Model Predictive Controller and elucidates the
rationale behind the choice of network structure [38,39]. Section IV presents experimental results,
demonstrating the controller’s ability to handle trajectory tracking tasks without prior knowledge of
wind conditions.

2 Parafoil Kinematics Modeling
2.1 Basic Assumption

The dynamics of the parafoil system are highly nonlinear, strongly coupled, and computationally
complex. Because this study employs artificial intelligence to control the parafoils, it is unnecessary to
build a complex model. Thus, a 3-DOF dynamic model was utilized in this paper to study the path-
following problem. In constructing the dynamic model of the parafoil, we simplify our approach based
on the following assumptions:
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1) The parafoil is assumed to be in a stable flight state, ignoring the potential severe dynamic
fluctuations encountered during flight.

2) The parafoil is considered a rigid body, discounting motion effects due to structural elastic
deformations.

3) The parafoil’s dynamic response is continuous and smooth, which can be approximated using
simplified motion equations.

These assumptions ensure that the model provides a sufficiently accurate estimate of the flight
state under external disturbances, laying a theoretical foundation for the subsequent control strategies.
The rigid body assumption streamlines the dynamics for control design, allowing the neural network to
indirectly compensate for unmodeled effects such as elasticity and aerodynamic variations. However,
this simplification may overlook structural deformations significant in real-world conditions, a
limitation we intend to address in future research (see Section 5). Additionally, the 3-DOF framework,
while computationally efficient, contrasts with the more complex 6-DOF behavior often observed in
practical parafoil systems [38], motivating its extension in subsequent studies. In the wind coordinate
system, the origin is defined to move with the airflow. This approach translates the effects of wind
magnitude and direction into positional offsets at the parafoil’s starting point, facilitating the modeling
of environmental influences within the simplified framework.

2.2 Kinematics Model and Its Discretization
Based on the above three assumptions, the point mass model of the parafoil system can be defined

as follows:⎧⎪⎪⎨
⎪⎪⎩

ẋ = vs cos(ϕ)

ẏ = vs sin(ϕ)

ϕ̇ = u
ż = vz

(1)

wherein x, y, and z respectively represent the coordinate information of the parafoil system along
the X -axis, Y -axis, and Z-axis in the wind coordinate. vs represents the horizontal flight velocity of
the parafoil system, vz represents the vertical descent velocity, ϕ is the yaw angle, and its derivative is
the yaw rate. u represents the control input. There is a corresponding relationship between u and the
deflection of one side of the control lines of the parafoil system. Fig. 1 shows the 3-DOF model of the
parafoil.

�

Figure 1: 3-DOF model of Parafoil
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In order to implement the advanced and efficient MPC algorithm and precisely optimize and
control the flight process of parafoils, it is necessary to discretize the parafoil model. Performing a
Taylor expansion and linearization involves first defining the state vector:

χ = [
x y ϕ

]T
(2)

The state equation is given by:

χ̇ = [
ẋ ẏ ϕ̇

]T = f (χ , u) (3)

and the reference state vector is:

χ̇r = [
ẋr ẏr ϕ̇r

]T
, χr = [

xr yr ϕr

]T
(4)

Perform a Taylor expansion at the reference point χr and ignore the higher-order terms. This
results in:

χ̇ ≈ f (χr, ur) + ∂f
∂χ

(χ − χr) + ∂f
∂u

(u − ur) (5)

Here, f (χ , u) = [vs cos(ϕ), vs sin(ϕ), u]T defines the nonlinear dynamics. To derive the linearized
form, we compute the partial derivatives at the reference point χr = [xr, yr, ϕr]T and ur:

∂f
∂χ

=

⎡
⎢⎢⎢⎢⎢⎣

∂ẋ
∂x

∂ẋ
∂y

∂ẋ
∂ϕ

∂ ẏ
∂x

∂ ẏ
∂y

∂ ẏ
∂ϕ

∂ϕ̇

∂x
∂ϕ̇

∂y
∂ϕ̇

∂ϕ

⎤
⎥⎥⎥⎥⎥⎦ =

⎡
⎣0 0 −vs sin ϕ

0 0 vs cos ϕ

0 0 0

⎤
⎦ (6)

∂f
∂u

=

⎡
⎢⎢⎢⎢⎣

∂ẋ
∂u
∂ ẏ
∂u
∂ϕ̇

∂u

⎤
⎥⎥⎥⎥⎦ =

⎡
⎣0

0
1

⎤
⎦ (7)

Substituting these into Eq. (7), we obtain:

χ̇ ≈ f (χr, ur) +
⎡
⎣0 0 −vs sin ϕr

0 0 vs cos ϕr

0 0 0

⎤
⎦ (χ − χr) +

⎡
⎣0

0
1

⎤
⎦ (u − ur) (8)

Since f (χr, ur) = [vs cos(ϕr), vs sin(ϕr), ur]T , we define the deviation variables χ̃ = χ − χr and ũ =
u − ur. Noting that χ̇ − f (χr, ur) = ˙̃χ (as χ̇r = 0 at the reference point), the equation simplifies to the
linearized form:

˙̃χ = χ̇ − χ̇r = ∂f
∂χ

(χ − χr) + ∂f
∂u

(u − ur) = ∂f
∂χ

χ̃ + ∂f
∂u

ũ = Ãχ̃ + B̃ũ (9)
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wherein

Ã = ∂f
∂χ

=

⎡
⎢⎢⎢⎢⎢⎣

∂f1

∂χ1

∂f1

∂χ2

∂f1

∂χ3
∂f2

∂χ1

∂f2

∂χ2

∂f2

∂χ3
∂f3

∂χ1

∂f3

∂χ2

∂f3

∂χ3

⎤
⎥⎥⎥⎥⎥⎦ =

⎡
⎣0 0 −vs sin ϕr

0 0 vs cos ϕr

0 0 0

⎤
⎦

B̃ = ∂f
∂u

=

⎡
⎢⎢⎢⎢⎣

∂f1

∂u
∂f2

∂u
∂f3

∂u

⎤
⎥⎥⎥⎥⎦ =

⎡
⎣0

0
1

⎤
⎦

For the discretization process of the system, we start from the linearized system state equation

˙̃χ = Ãχ̃ + B̃ũ (10)

We need to convert the continuous-time system to a discrete-time system. Assuming the sampling
time is T , the discretized state equation can be expressed as:

χ̃ (k + 1) − χ̃ (k)

T
= Ãχ̃(k) + B̃ũ(k) (11)

Rearranging the above equation, we get:

χ̃ (k + 1) = (I + TÃ)χ̃(k) + (TB̃)ũ(k) = Adχ̃ (k) + Bdũ(k) (12)

where I is the identity matrix. We define the discretized system matrices as:

Ad = I + TÃ =
⎡
⎣1 0 −vsT sin ϕr

0 1 vsT cos ϕr

0 0 1

⎤
⎦ , Bd = TB̃ =

⎡
⎣0

0
T

⎤
⎦ (13)

Through this discretization process, we convert the linearized state equation of the continuous-
time system into a discrete-time state equation suitable for digital control systems. When constructing
the new state vector, we define:

ξ(k) =
[
χ̃ (k)

ũ(k − 1)

]
(14)

Then the new state-space representation is given by:

ξ(k + 1) =
[

Ad Bd

0 INu

]
ξ(k) +

[
Bd

INu

]
�ũ(k) = Aξ(k) + B�ũ(k) (15)

wherein

A =
[

Ad Bd

0 INu

]
, B =

[
Bd

INu

]
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where INu is an identity matrix of size Nu. Here, Nu and Nx are the numbers of control inputs and state
variables, respectively. For the output equation, we have:

η(k) = [
INx 0

] [
χ̃(k)

ũ(k − 1)

]
= Cξ(k) (16)

In this section, we have detailed the dynamic modeling of the parafoil system, the Taylor
expansion, the linearization process, and the discretization method. Initially, we simplified the dynamic
model based on a series of assumptions and constructed the point mass model of the system. Then, we
performed a Taylor expansion of the nonlinear dynamic equations at the reference point and ignored
the higher-order terms to obtain the linearized system state equations. Finally, we discretized the
continuous-time system state equations to obtain the discrete-time state equations suitable for digital
control systems.

3 Implementation of NNMPC

Although the traditional physics-based MPC has been widely used, it has certain limitations in
dealing with the complex parafoil system. The parafoil system often exhibits highly nonlinear and
time-varying characteristics, which make it difficult for the traditional MPC to accurately model and
control. In contrast, NNMPC has shown great potential in handling such complex systems. It can
learn and approximate the complex nonlinear relationships within the parafoil system through neural
networks, thereby achieving more precise control performance. Therefore, after obtaining the discrete-
time state equations, we turn our attention to the implementation of NNMPC. The implementation
process involves several aspects, and first of all, we focus on the design of the objective function.

3.1 Objection Function Design
Assume the prediction horizon is Np and the control horizon is Nc. Define the output vector as:

Y = [
η(k + 1) η(k + 2) · · · η(k + Nc) · · · η(k + Np)

]T
(17)

and the state transition matrix as:

� = [
CA CA2 · · · CANc · · · CANp

]T
(18)

The input matrix 	 is defined as:

	 =

⎡
⎢⎢⎢⎢⎢⎢⎣

CB 0 0 · · · 0
CAB CB 0 · · · 0
CA2B CAB CB · · · 0
...

...
...

. . .
...

CANc−1B CANc−2B CANc−3B · · · CA0B
CANp−1B CANp−2B CANp−3B · · · CANp−NcB

⎤
⎥⎥⎥⎥⎥⎥⎦

(19)

and the control input increment vector �U is defined as:

�U = [
�ũ(k) �ũ(k + 1) �ũ(k + 2) · · · �ũ(k + Nc − 1)

]T
(20)

Thus, the output equation can be written as:

Y = �ξ(k) + 	�U (21)
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Knowing the current state ξ(k) and the control increments �U within the control horizon Nc,
it is possible to predict the system output within the prediction horizon Np. The prediction of future
outputs relies on the current state of the system and the planned future control inputs. By utilizing
the state transition matrix � and the control input matrix 	, the outputY over the prediction horizon
Np can be estimated. This approach ensures that the control strategy can be adjusted dynamically to
achieve the desired trajectory. Define the reference value of the system output as:

Yr = [
ηr(k + 1) ηr(k + 2) · · · ηr(k + Nc) · · · ηr(k + Np)

]T
(22)

To design the objective function for the MPC, we set the following variables:

E = �ξ(k), Q0 = INy ⊗ Q, R0 = INu ⊗ R (23)

where INy and INu are identity matrices of appropriate dimensions, Q and R are weighting matrices, and
⊗ denotes the Kronecker product.

The objective function to be minimized can be expressed as:

J = (Y − Yr)
TQ0(Y − Yr) + �UTR0�U (24)

To derive this, substitute Y = �ξ(k) + 	�U into the objective function:

J = ((�ξ(k) + 	�U) − Yr)
TQ0((�ξ(k) + 	�U) − Yr) + �UTR0�U (25)

Expanding the first term:

(Y − Yr)
TQ0(Y − Yr) = (�ξ(k) + 	�U − Yr)

TQ0(�ξ(k) + 	�U − Yr) (26)

Let E = �ξ(k) − Yr. Then:

J = (E + 	�U)TQ0(E + 	�U) + �UTR0�U (27)

Distribute the terms:

= ETQ0E + 2ETQ0	�U + �UT	TQ0	�U + �UTR0�U (28)

Combine the quadratic and linear terms:

= �UT(	TQ0	 + R0)�U + 2ETQ0	�U + ETQ0E (29)

Since ETQ0E is a constant independent of �U , it does not affect the minimization. Substituting
the output equation into the objective function, we obtain:

J = (�ξ(k) − Yr)
TQ0(�ξ(k) − Yr) + 2(�ξ(k) − Yr)

TQ0	�U + �UT	TQ0	�U + �UTR0�U (30)

By defining:

H = 	TQ0	 + R0, g = ETQ0	 (31)

The objective function can be rewritten in a more compact form as:

J = �UTH�U + 2gT�U (32)

Minimizing this quadratic function with respect to �U yields:

min
�U

J = 1
2
�UTH�U + gT�U (33)
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Note that the factor
1
2

in Eq. (22) is a standard convention for quadratic optimization, adjusting

the gradient for consistency with the minimization problem.

This results in a standard quadratic programming (QP) problem, which can be efficiently solved
using various optimization algorithms to determine the optimal control input increments �U . For
control variables and incremental control variables, we have the following derivation:

U =

⎡
⎢⎢⎢⎢⎣

ũ(k)

ũ(k + 1)

ũ(k + 2)
...
ũ(k + Nc − 1)

⎤
⎥⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎣

ũ(k − 1)

ũ(k − 1)

ũ(k − 1)
...
ũ(k − 1)

⎤
⎥⎥⎥⎥⎦+

⎡
⎢⎢⎢⎢⎣

I2 0 0 · · · 0
I2 I2 0 · · · 0
I2 I2 I2 · · · 0
...

...
...

. . .
...

I2 I2 I2 · · · I2

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

�ũ(k)

�ũ(k + 1)

�ũ(k + 2)
...
�ũ(k + Nc − 1)

⎤
⎥⎥⎥⎥⎦ = Ut +At�U (34)

For control constraints:

Umin ≤

⎡
⎢⎢⎢⎢⎣

ũ(k)

ũ(k + 1)

ũ(k + 2)
...
ũ(k + Nc − 1)

⎤
⎥⎥⎥⎥⎦ ≤ Umax (35)

⇒ Umin ≤ Ut + At�U ≤ Umax (36)

Therefore, we can derive:{
At�U ≤ Umax − Ut

At�U ≥ Umin − Ut

(37)

Summarizing, the model predictive control problem is transformed into a standard quadratic
programming (QP) problem:

min
�U

J = 1
2
�UTH�U + gT�U (38)

Subject to:

s.t.

⎧⎪⎨
⎪⎩

At�U ≤ Umax − Ut

At�U ≥ Umin − Ut

�Umin ≤ �U ≤ �Umax

(39)

The quadprog function in MATLAB can be used to solve this QP problem.

In this work, we derived and formulated the MPC problem as a standard quadratic programming
problem, providing the necessary steps for implementation and solving using MATLAB.

3.2 NARX-MPC Integrated Control
3.2.1 Method Framework and Research Background

Traditional MPC has been widely used in dynamic system control due to its ability to handle
constraints and optimize performance. However, its reliance on precise mathematical models often
limits its effectiveness in systems with complex nonlinear dynamics, such as parafoil systems. To
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address this limitation, this study proposes an innovative control framework that integrates the NARX
with MPC. By leveraging the NARX network’s ability to learn and predict system dynamics from
data, the proposed framework enhances the adaptability and accuracy of MPC in handling unmodeled
dynamics and external disturbances. This integration retains the strengths of MPC while addressing
its limitations in complex nonlinear systems.

3.2.2 NARX Neural Network Architecture and Training Strategy

The NARX architecture was selected over alternatives like feedforward neural networks (FNNs)
and LSTMs due to its superior handling of temporal dependencies in time-series data [22]. Unlike
FNNs, which lack memory of past states, NARX uses feedback loops to incorporate historical inputs,
critical for modeling parafoil dynamics under turbulence. Compared to LSTMs, NARX offers similar
accuracy with lower computational complexity (see Section 4.4), making it ideal for real-time MPC
applications [25]. SHAP (SHapley Additive exPlanations) analysis confirmed that two-step historical
inputs enhance interpretability by identifying key dynamic features.

The NARX neural network is designed with a three-layer architecture, as illustrated in Fig. 2. The
input layer incorporates time-series data of the control input u and state variables x, y, and ϕ. Through
SHAP value analysis, it was determined that including two-step historical state inputs (at time steps
t and t − 1) improves prediction accuracy compared to single-step inputs. The hidden layer consists
of 40 neurons with ReLU (Rectified Linear Unit) activation functions, while the output layer uses a
linear activation function to predict the yaw angle change �yaw.

Input Layer
Hidden Layer

Output Layer

u(t)

x(t-1)

y(t-1)

φ(t-1)

yaw
40 neurons

ReLU

Feedback

Input

Figure 2: Schematic diagram of NARX Neural Network

Data for training the NARX network were collected from simulation experiments at a sampling
frequency of 10 Hz, resulting in a dataset of 100,000 samples. The preprocessing steps include:

1. Calculating the differences in state variables to capture dynamic changes.

2. Transforming Cartesian coordinates (x, y) into polar coordinates (r, θ) to better represent
motion angles.

3. Normalizing the input features using z-score normalization: z = x − μ

σ
, where μ and σ are the

mean and standard deviation of each feature, respectively.
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The network was trained using the Levenberg-Marquardt algorithm (trainlm) with a learning
rate of 0.01, a maximum of 1000 epochs, and a mini-batch size of 128. To prevent overfitting, an early
stopping mechanism with a patience of 50 epochs was implemented. The training process minimized
the Mean Squared Error (MSE) loss function:

MSE = 1
n

n∑
i=1

(yi − ŷi)
2 (40)

Model performance was evaluated using the coefficient of determination R2:

R2 = 1 −
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − y)2
(41)

The dataset was split into training and validation sets in an 8:2 ratio to ensure robust
generalization.

3.2.3 MPC-NARX Integrated Control Method

The NARX network is integrated into the MPC framework to predict the system’s future states
based on the current state xt and control input ut. The state prediction model is defined as:

x̂t+1 = f̂ (xt, ut; θ) = Wn · h(Wn−1 · h(· · · h(W1 · [xt; ut] + b1) · · · ) + bn) (42)

where Wi and bi are the weight matrices and bias terms of the network, and h is the ReLU activation
function. This prediction model replaces the traditional state-space model in the MPC framework,
enabling more accurate predictions of system behavior.

The MPC optimization problem is reformulated to incorporate the NARX predictions:

min
�U

Np∑
k=0

||x̂t+k − xref ||2
Q +

Nc−1∑
k=0

||�ut+k||2
R (43)

subject to the constraints:{
umin ≤ ut ≤ umax

�umin ≤ �ut ≤ �umax

(44)

Here, Q and R are weighting matrices, Np is the prediction horizon, and Nc is the control horizon.
To account for disturbances and model uncertainties, a disturbance compensation term Bd�ut is
introduced, resulting in the final state prediction equation:

x̂t+1 = fNARX(xt, ut) + Bd�ut (45)

While formal stability analysis is complex due to NARX’s black-box nature, simulations show
empirical stability under tested conditions (Section 4). MPC’s constraint handling Eqs. (29) and
(30) bounds control actions, ensuring practical stability. Future work will explore Lyapunov-based
methods for formal guarantees. This integrated approach allows the controller to maintain stability
and performance in the presence of unmodeled dynamics and external disturbances. By leveraging
the NARX network’s ability to capture complex nonlinearities, the proposed framework significantly
improves the trajectory tracking accuracy and robustness of the parafoil system.
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3.3 Computational Efficiency Analysis
To assess the practical feasibility of the proposed Neural Network Model Predictive Control

(NNMPC), we conducted a computational efficiency comparison with traditional Model Predictive
Control (MPC) using an Intel Core i5 processor with 16 GB RAM. Simulation results indicate
that NNMPC achieves an average execution time of 0.0164 s per iteration, slightly outperforming
MPC, which averages 0.0177 s per iteration (Table 1). This difference arises because NNMPC
leverages a pre-trained NARX neural network to replace complex aerodynamic modeling, reducing
online computational overhead compared to MPC’s reliance on iterative matrix operations. The
computational complexity of NNMPC is O(Np ·Nn), where Np = 10 (prediction horizon) and Nn = 40
(number of neurons), while MPC’s complexity is O(Np · N3

x), with Nx = 3 (state dimension). Despite
the neural network inference, NNMPC’s lightweight architecture and offline training ensure that its
execution time remains competitive, meeting the real-time requirement of a 0.1s sampling rate. These
findings confirm NNMPC’s suitability for practical deployment in parafoil control applications.

Table 1: Computational efficiency comparison

Method Execution time (s) Complexity

MPC 0.0177 O(Np · N3
x)

NNMPC 0.0164 O(Np · Nn)

4 Simulation Results
4.1 Simulation Setup

This paper undertakes simulations to evaluate the control performance of a 3-DOF parafoil within
two distinct wind environments, namely the windless environment and the turbulence environment.

In the windless environment, the wind disturbance parameters are configured as follows: wx = 0
and wy = 0, representing the absence of wind.

Regarding the turbulent environment, the wind disturbances are generated using the Dryden
turbulence model. The Dryden model is widely used in aircraft simulations to generate random
wind disturbances that conform to the spectral characteristics of atmospheric turbulence. The key
parameters of the Dryden model include turbulence intensities σu = 1.0 m/s, σv = 0.8 m/s, and
σw = 0.5 m/s, as well as turbulence scale lengths Lu = 50 m, Lv = 30 m, and Lw = 20 m. The turbulence
disturbances commence at the 300th time step, and their variations are illustrated in Fig. 3. The Dryden
turbulence model is used to generate wind disturbances in the turbulence environment. The power
spectral densities (PSDs) of the turbulence velocity components are given as follows:

Longitudinal component u:

�u(ω) = σ 2
u

2Lu

π

1
1 + (Luω/V)2

(46)

Lateral component v:

�v(ω) = σ 2
v

2Lv

π

1 + 3(Lvω/V)2

[1 + (Lvω/V)2]2 (47)
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Vertical component w:

�w(ω) = σ 2
w

2Lw

π

1 + 3(Lwω/V)2

[1 + (Lwω/V)2]2 (48)

where ω is the angular frequency (rad/s); σu, σv, σw are the turbulence intensities (standard deviations)
for the longitudinal, lateral, and vertical components, respectively; Lu, Lv, Lw are the turbulence scale
lengths for the corresponding components; V is the airspeed of the parafoil.

Figure 3: The variations of turbulence disturbances

The turbulence velocities are generated by filtering white noise through shaping filters. For
example, the shaping filter for the longitudinal component u is:

Hu(s) = σu

√
2Lu

πV
1

1 + (Lu/V)s
(49)

In discrete time, the turbulence velocity is updated as:

uk = auk−1 + bηk (50)

where uk is the turbulence velocity at time step k; a = exp(−V�t/Lu) is the filter coefficient; b =
σu

√
1 − a2 is the noise gain; ηk is zero-mean Gaussian white noise; �t is the time step size.

Each simulation encompasses a total of 1200 time steps, with each step having a length of 0.1 s.
It should be noted that the initial position of the simulation exhibits an offset from the reference
trajectory.

The parafoil model is controlled using two strategies: NNMPC (Neural Network Model Predictive
Control) and traditional MPC (Model Predictive Control). NNMPC utilizes a neural network to
model the system’s nonlinear characteristics, predict its future states, and calculate the optimal control
inputs. On the other hand, MPC relies on mathematical modeling for prediction and control. Both
control strategies consider wind disturbances and have been tuned to achieve the best performance.
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4.2 Control Performance in Windless Environment
4.2.1 Position Trajectory

Fig. 4 illustrates the position trajectories of the parafoil controlled by NNMPC and MPC in
a windless environment. As shown in the figure, both NNMPC and MPC effectively control the
parafoil’s trajectory, closely following the reference trajectory. Although slight deviations are observed
at certain positions, these deviations remain within acceptable limits for practical applications. Overall,
the tracking performance of NNMPC and MPC is comparable, with both methods demonstrating
good control effectiveness. Notably, NNMPC exhibits smaller deviations in the initial stage, indicating
higher precision during the early phase of trajectory tracking.

Figure 4: Trajectory tracking performance of NNMPC and MPC in a windless environment

Fig. 5 provides a zoomed-in comparison of the trajectory tracking in the windless environment.
From the magnified view, it is evident that NNMPC’s trajectory aligns more closely with the reference
trajectory in the initial stage, with smaller deviations. In contrast, MPC shows slightly larger deviations
at the beginning, but both trajectories gradually converge over time. This suggests that NNMPC has a
faster control response in the initial phase, enabling quicker adjustments to the parafoil’s orientation
to match the reference trajectory.

In the windless environment, both NNMPC and MPC demonstrate strong trajectory tracking
capabilities, effectively controlling the parafoil’s flight path. NNMPC exhibits smaller deviations in
the initial stage, highlighting its superior response speed and precision at the start. However, as time
progresses, the control performance of both methods converges, indicating that MPC also achieves
high reliability in steady-state control. Overall, NNMPC’s initial-stage advantages may make it more
competitive in applications requiring rapid response and high precision.
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Figure 5: Zoomed trajectory tracking comparison of NNMPC and MPC in a windless environment

4.2.2 Control Inputs

Fig. 6 illustrates the control inputs for both MPC and NNMPC methods in a windless environ-
ment. Initially, both methods exhibit significant fluctuations in the control input. However, as depicted
by the interpolated curves, the control inputs for both methods stabilize over time after prolonged
operation. A comparison of the two subplots reveals that MPC and NNMPC demonstrate similar
characteristics in terms of the trend and stability of the control input variations.

Figure 6: Control input variation of NNMPC and MPC in a windless environment

4.2.3 Error Analysis

Fig. 7 presents the lateral errors for both NNMPC and MPC in the windless environment. Both
methods exhibit large lateral errors during the initial stage. However, as time progresses, these errors
gradually decrease and stabilize. In the steady state, the lateral error performance of MPC and
NNMPC is comparable, with both methods capable of maintaining the error within a relatively small
range. Notably, NNMPC demonstrates a faster convergence speed and smaller lateral errors in the
initial phase compared to MPC.
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Figure 7: Lateral error of NNMPC and MPC in a windless environment

4.2.4 Discussion

The comparative analysis of MPC and NNMPC in a windless environment, as summarized
in Table 2, reveals several key insights into their respective control performances. Both methods
demonstrate effective control capabilities, but NNMPC exhibits certain advantages, particularly in
the initial stages of operation.

Table 2: Comparison results in windless wind

Control Method Mean absolute
error

Maximum error Convergence Rate Control input
variance

MPC 0.3145 5.8639 216 0.0067
NNMPC 0.2601 2.0931 137 0.0033

In terms of Mean Absolute Error (MAE), NNMPC achieves a lower value (0.2601) compared
to MPC (0.3145), indicating that NNMPC provides better average tracking accuracy. This suggests
that NNMPC is more effective at minimizing deviations from the desired trajectory over time.
Furthermore, the Maximum Error for NNMPC (2.0931) is significantly lower than that of MPC
(5.8639), highlighting NNMPC’s superior ability to prevent large deviations from the reference path.
This is particularly important in applications where maintaining tight trajectory control is critical.

The Convergence Rate of NNMPC (137) is faster than that of MPC (216), indicating that
NNMPC achieves stable control more quickly. This faster convergence suggests that NNMPC is more
efficient at adjusting the parafoil’s orientation to correct lateral errors, which is crucial for applications
requiring rapid response to deviations. Additionally, the Control Input Variance for NNMPC (0.0033)
is lower than that of MPC (0.0067), demonstrating that NNMPC provides smoother and more stable
control inputs. This reduced variability in control inputs is beneficial for maintaining consistent and
energy-efficient flight performance.
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Overall, while both MPC and NNMPC are capable of effectively controlling the parafoil’s
trajectory and stabilizing lateral errors, NNMPC demonstrates superior performance in the initial
stages of operation. Specifically, NNMPC exhibits smaller trajectory deviations, faster error conver-
gence, and more stable control inputs. These advantages suggest that NNMPC is better suited for
applications requiring high precision and rapid response, such as precision landing or target tracking.
The improved initial-stage performance of NNMPC could lead to more energy-efficient and reliable
parafoil operations, reducing the need for excessive control adjustments and minimizing the risk of
overshooting or undershooting the target path.

4.3 Control Performance in Turbulence Environment
4.3.1 Position Trajectory

Fig. 8 illustrates the position trajectories of the parafoil controlled by NNMPC and MPC in
a random wind environment. Both control methods demonstrate effective tracking performance,
with the actual trajectories closely following the reference trajectory despite minor deviations. These
deviations remain within an acceptable range, confirming the robustness of both MPC and NNMPC
under turbulent wind conditions. Notably, NNMPC exhibits smaller fluctuations compared to MPC,
which aligns with its superior performance observed in fixed wind environments. This suggests that
NNMPC is better equipped to handle dynamic disturbances while maintaining trajectory accuracy.

Figure 8: Trajectory tracking performance of NNMPC and MPC in a random wind environment

Fig. 9 provides a magnified view of the trajectory tracking performance, further highlighting the
differences between NNMPC and MPC. The zoomed-in comparison reveals that NNMPC’s trajectory
aligns more closely with the reference trajectory, particularly in the initial stages, where MPC exhibits
slightly larger deviations. This observation underscores NNMPC’s ability to achieve higher precision
and faster adjustments in response to disturbances.

4.3.2 Control Inputs

Fig. 10 presents the control inputs for both MPC and NNMPC under random wind disturbances.
Both methods exhibit significant fluctuations in the control inputs during the initial stage, which
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is expected due to the dynamic nature of the wind disturbances. However, as time progresses, the
control inputs for both methods converge, demonstrating their stability and effectiveness in turbulent
conditions. A closer comparison reveals that NNMPC exhibits slightly smaller fluctuations in the
control input compared to MPC, consistent with its performance in fixed wind environments. This
reduced variability in control inputs suggests that NNMPC provides smoother and more efficient
control, which is advantageous for maintaining stable flight performance.

Figure 9: Zoomed trajectory tracking comparison of NNMPC and MPC in a random wind
environment

Figure 10: Control input variation of NNMPC and MPC in a random wind environment
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4.3.3 Error Analysis

Fig. 11 displays the lateral errors of NNMPC and MPC in the turbulent wind environment.
Both methods exhibit large fluctuations in lateral error during the initial stage, which is attributed
to the sudden onset of wind disturbances. However, as time progresses, the lateral errors for both
methods gradually decrease and stabilize, indicating their ability to effectively mitigate the impact
of disturbances. While the overall lateral error performance of MPC and NNMPC is comparable,
NNMPC demonstrates smaller errors in the initial stage and a faster convergence rate. This aligns
with NNMPC’s superior performance in fixed wind environments, suggesting that it is more effective
at rapidly correcting deviations and achieving stable control under dynamic conditions.

Figure 11: Lateral error of NNMPC and MPC in a random wind environment

4.3.4 Discussion

The comparative analysis of MPC and NNMPC under random wind conditions, as presented
in Table 3, reveals the relative strengths and weaknesses of the two control methods. In terms of
performance metrics, NNMPC demonstrates superior or comparable capabilities compared to MPC
in several key aspects.

Table 3: Comparison results in random wind

Control method Mean absolute
error

Maximum error Convergence rate Control input
variance

MPC 0.8413 4.0878 120 0.0160
NNMPC 0.8075 2.2085 99 0.0079

First, regarding the Mean Absolute Error (MAE), both MPC and NNMPC exhibit relatively
close values, with NNMPC showing a marginally smaller MAE (0.8075 vs. 0.8413). This suggests that
NNMPC achieves slightly better average error control compared to MPC. However, the difference
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in MAE between the two methods is not significant, indicating that both controllers maintain
comparable levels of average control accuracy.

A more pronounced distinction emerges in the Maximum Error metric. MPC exhibits a much
higher Maximum Error (4.0878) compared to NNMPC (2.2085). This highlights the superior ability
of NNMPC to suppress extreme error occurrences, particularly under the influence of random wind
disturbances. The lower Maximum Error of NNMPC implies that its system output has a significantly
smaller deviation in the worst-case scenarios, which is critical for ensuring robustness and reliability
in practical applications.

In terms of convergence performance, NNMPC demonstrates a faster convergence rate (99 vs.
120) compared to MPC. This indicates that NNMPC can stabilize the system more quickly, which
is advantageous for real-time control applications where rapid response is essential. Additionally,
the Control Input Variance is significantly lower for NNMPC (0.0079 vs. 0.0160), suggesting that
NNMPC provides more stable control inputs and reduces unnecessary fluctuations in the control
process.

When comparing the performance in random wind vs. fixed wind environments, both MPC
and NNMPC exhibit lower MAE values in the random wind case, indicating improved overall
average control accuracy. However, the Maximum Error of MPC remains relatively unchanged,
while that of NNMPC is further reduced. This underscores the stronger adaptability of NNMPC to
varying wind conditions and its superior capability in suppressing extreme deviations. Furthermore,
NNMPC maintains a faster convergence rate in the random wind environment, further highlighting
its advantage in control efficiency.

In conclusion, NNMPC demonstrates relatively better performance across multiple metrics in
the random wind environment, particularly in terms of maximum error suppression, convergence
speed, and control input stability. These advantages are consistent with the results observed in
the fixed wind disturbance environment, thereby fully demonstrating the robustness of NNMPC.
For practical applications requiring high-precision control and robust performance under uncertain
conditions, NNMPC may be a more suitable choice. However, factors such as computational cost and
implementation complexity should also be carefully considered when selecting a control method.

4.4 Comparison with Feedforward Neural Network
To validate the selection of NARX in NNMPC, we compared its performance with a Feedforward

Neural Network (FNN) using training data from an 8-DOF parafoil system (Section 3.2.2). Both
networks were trained to predict roll (φ) and pitch (θ ) angles from control inputs, with a hidden layer
size of 10 for consistency. Table 4 presents the results on the test set. NARX achieves an MAE of
0.0165 and a maximum error of 0.2412 after 58 epochs, significantly outperforming FNN, which
records an MAE of 0.0374 and a maximum error of 0.3976 after 31 epochs. This performance gap
highlights NARX’s ability to model temporal dependencies through its feedback delays, enabling
it to capture the dynamic behavior of the parafoil system more effectively than FNN, which lacks
recurrent connections. These findings affirm NARX’s superior accuracy and suitability for real-time
parafoil control within the NNMPC framework, offering a robust balance of predictive power and
computational efficiency.
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Table 4: Neural network comparison on test data

Model Mean absolute error Maximum error Epochs

FNN 0.0374 0.3976 31
NARX 0.0165 0.2412 58

4.5 Sensitivity Analysis
To investigate the robustness of the Neural Network Model Predictive Control (NNMPC)

approach under various uncertainties, we performed sensitivity analyses by introducing distinct distur-
bance scenarios in simulations (Section 4.1 setup). We evaluated NNMPC under four conditions: (1) a
baseline with no wind disturbances, (2) nominal turbulent conditions with random wind disturbances
(variance 0.1 m/s, limited to ±5 m/s), (3) nominal turbulence plus additional Gaussian noise (σ =
0.1 m/s) on wind inputs (wx, wy), and (4) nominal turbulence with aerodynamic perturbations modeled
as ±10% variations in horizontal velocity vs. Table 5 summarizes the results. In the absence of
wind disturbances, NNMPC achieves an MAE of 0.2601 m and a maximum error of 2.0931 m,
reflecting high accuracy in ideal conditions. Under nominal turbulence, MAE increases to 0.8075 m
and maximum error to 2.2085 m, indicating resilience to moderate wind effects (Section 4.3). With
added noise, MAE rises to 1.6796 m and maximum error to 10.2897 m, while aerodynamic errors
yield an MAE of 1.6716 m and a maximum error of 10.2572 m. These elevated errors under noise
and aerodynamic perturbations suggest sensitivity to intensified disturbances, yet NNMPC sustains
stable tracking, as no simulation exceeded the 50 m error threshold (see termination condition in the
simulation code). The comparable MAE values between noise and aerodynamic errors (1.6796 m
vs. 1.6716 m) imply that both disturbances similarly challenge the controller, with noise slightly
amplifying peak errors due to its stochastic nature. These results affirm NNMPC’s reliability across a
range of practical scenarios, though they underscore the need for enhanced robustness against severe
disturbances in future refinements.

Table 5: Sensitivity analysis results

Condition MAE (m) Maximum error (m)

Windless 0.2601 2.0931
Nominal turbulence 0.8075 2.2085
Noise 1.6796 10.2897
Aero error 1.6716 10.2572

5 Conclusion

This paper introduces a Neural Network Model Predictive Control (NNMPC) framework tailored
for parafoil systems, specifically engineered to tackle the challenges of trajectory tracking in turbulent
environments. Through rigorous simulation studies and comparative analyses, we have demonstrated
that the proposed NNMPC approach significantly outperforms traditional Model Predictive Control
(MPC) methods. The principal contributions and findings of this study can be distilled into three
key advancements: First, the novel fusion of NARX neural networks with model predictive control
achieves a paradigm shift in parafoil trajectory prediction accuracy, yielding a 45.97% reduction
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in maximum tracking error (from 4.0878 m to 2.2085 m) compared to conventional MPC under
turbulent conditions, as evidenced by the lateral error statistics in Table 2. Second, the developed online
adaptation framework successfully addresses the critical challenge of unmodeled disturbances through
real-time network weight adjustments, enhancing system robustness while maintaining operational
viability–a crucial balance reflected in the 0.0079 control input variance. Third, comprehensive
simulation analyses confirm exceptional performance in extreme operational scenarios, particularly
demonstrating: 1) stable tracking capability under severe turbulence with wind speed variations
exceeding 5 m/s, and 2) precise trajectory following during aggressive maneuvers, as visualized in
the magnified trajectory comparisons of Figs. 9–11. These advancements collectively establish a new
benchmark for parafoil control systems operating in complex atmospheric environments, distinguish-
ing our work from prior studies by its focus on turbulence resilience and real-time adaptability. The
current implementation exhibits varying performance across different flight regimes, with the most
pronounced improvements observed in turbulent conditions. Furthermore, while the computational
demands are manageable, there remains potential for optimization to suit resource-constrained
platforms. Our computational efficiency analysis (Section 3.3) indicates that NNMPC achieves an
execution time of 0.0164 s per iteration, meeting real-time requirements (e.g., 0.1 s sampling rate),
thus supporting its practical deployment potential.

Despite these strengths, the study has notable limitations that warrant consideration: (1) it relies
solely on simulations using the Dryden turbulence model, lacking validation from real-world flight
tests; (2) the approach may be sensitive to extreme noise or turbulence beyond the modeled conditions,
as explored in Section 4.5; and (3) the computational overhead, while acceptable, could pose challenges
in highly resource-constrained environments. These limitations highlight areas for improvement to
ensure broader applicability. Looking forward, several promising research avenues emerge to build
upon this work. Future efforts will focus on the following directions: (1) developing hybrid models
that integrate data-driven learning with physical principles to enhance physical interpretability and
generalization, addressing the black-box nature of NARX; (2) extending the NNMPC framework
to a 6-DOF parafoil system to capture more complex dynamics, such as pitch and roll motions; (3)
conducting rigorous field testing under diverse atmospheric conditions to validate simulation results
and assess practical performance; and (4) performing a formal stability analysis, potentially using
Lyapunov-based methods, to provide theoretical guarantees for the control system’s robustness. These
advancements aim to bridge the gap between simulation-based success and real-world deployment,
further solidifying the NNMPC framework’s utility in parafoil control.
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