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ABSTRACT

This paper proposes a high-precision path following method for unmanned aerial vehicles
(UAVs) using the Frenet—Serret (FS) coordinate frame combined with the optimal Integrated
Guidance and Control (IGC) algorithm. To increase adaptability and reduce tracking error in an
uncertain environment, a neural network coupled model predictive controller (NNMPC) is directly
integrated into the IGC framework. The stability analysis of the system is performed using the
Lyapunov—Krasovskii criterion, providing a sufficient condition for asymptotic stability under
bounded time delay and neural network approximation errors. The simulation results for a
quadrotor UAV following a sinusoidal trajectory demonstrate that the proposed method
outperforms traditional PID control in terms of accuracy and disturbance rejection capability.
Furthermore, this study discusses practical implementation constraints, including computational
complexity and data availability, thereby bridging the gap between theoretical design and real-
time UAV applications.
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1. INTRODUCTION

Modern UAV systems require high accuracy in path following, especially in uncertain and
noisy environments. The traditional method of separating the three layers of guidance, navigation,
and control often results in errors due to accumulated delays and noise. The integration of IGC has
been shown to reduce this error [2].

The FS coordinate frame has been widely used in robotics and aviation because it allows for
describing 3D curved trajectories naturally. However, studies combining FS with optimal IGC and
rigorous stability analysis using Lyapunov—Krasovskii are still limited. In recent years, there have
been many studies on UAV path following using different methods: Yang et al. [1] proposed a
tracking algorithm for UAVs using the FS framework combined with linear model predictive
control (LMPC), but did not consider the adaptability and stability in a strong noise environment.
Anderson et al. [2] presented an integrated IGC framework for tactical missiles, which reduces the
delay between guidance and control. However, this method is mainly applied to linear trajectories.
Zhang et al. [3] developed an NNMPC controller for a quadrotor, which significantly improved
the tracking ability in windy environments. However, this study did not incorporate the FS
framework. Chen et al. [4] applied the Lyapunov—Krasovskii criterion to ensure the stability of
UAY systems with communication delays, but did not consider path following in 3D curved space.

Moreover, most existing studies neglect practical constraints such as computational
complexity, solver efficiency, and real-time implementability on embedded UAV hardware.

The current research gap lies in the absence of an adaptive, optimal, and provably stable UAV
path-following framework in the FS coordinate system that simultaneously addresses theoretical
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stability and practical feasibility. This paper aims to fill this gap by proposing an FS-based 1GC
framework integrated with NNMPC and validated through stability analysis and extensive
simulations. This work further addresses the gap by incorporating implementation-oriented
analysis and discussing feasible solutions for real-time deployment.

The main contributions of this paper are summarized as follows: Development of an FS-based
integrated guidance and control framework for UAV path following; Integration of neural-
network-based model predictive control into the IGC architecture; Lyapunov--Krasovskii-based
stability analysis considering time delay and disturbances. Extension of simulation scenarios to
complex three-dimensional trajectories and analysis of computational and data-related limitations.

2. INTEGRATED GUIDANCE CONTROL WITH NEURAL NETWORK MPC

In advanced trajectory tracking and guidance problems for unmanned aerial vehicles (UAVs),
the geometric description of motion plays a critical role in controller design. Instead of describing
the vehicle motion in inertial or body-fixed coordinates, this study employs the Frenet-Serret (FS)
frame, which is intrinsically attached to the reference trajectory.

The FS frame is defined by three orthonormal vectors: the tangent vector T, the normal vector
N, and the binormal vector B. These vectors characterize the instantaneous direction of motion
and the local curvature properties of the trajectory. Let s denote the arc length along the reference
path. The evolution of the FS frame is governed by the classical Frenet-Serret equations [5]

t 0 «x O]t
ni=|-x 0 z|nj (1
b 0 - Ofb

ds

where 7 denotes the UAV speed, x is the curvature, and  is the torsion of the reference trajectory.
These geometric quantities explicitly describe the bending and twisting characteristics of the path
in three-dimensional space.

By projecting the UAV dynamics into the FS frame, the motion equations can be naturally
decomposed along the T, N, and Bdirections. This representation allows the control forces to
be directly associated with the trajectory-following task, rather than relying on inertial or body-
fixed coordinates.

Assuming that the UAV is sufficiently close to the reference trajectory, the translational
dynamics expressed in the FS frame can be written as [5]:

v, 0 xv 0w F./m d,
v l=|—kv 0 wvi|vy |+ Fy/m|+|d, (2)
Vg 0 —zv 0| v F,/m d,

whereV,, V, , and V, denote the velocity components along the tangent, normal, and binormal
directions, respectively; u,, u, , and u, are the corresponding control force components; and

fr (), fy(),and f,(-) represent nonlinear aerodynamic and coupling effects.

This formulation enables a direct link between control inputs and trajectory-shape regulation.
In particular, lateral and vertical deviations are primarily influenced by the normal and binormal
force components, which simplifies the integrated guidance and control (IGC) design.

The proposed IGC framework combines guidance, state estimation, and control into a unified
structure. Unlike conventional cascade architectures, where guidance and control loops are
designed separately, the proposed approach embeds guidance objectives directly into the control
optimization problem: State estimation - A Square-Root Adaptive Kalman Filter with Robust
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Adjustment (SH-RAKF) is employed to estimate the UAV states in the presence of sensor noise
and modeling uncertainties; Guidance - The UAV position is projected onto the FS reference
trajectory to obtain the desired states in FS coordinates; Control - A Neural Network Model
Predictive Control algorithm generates optimal control inputs subject to system constraints.

This unified structure eliminates the need for an explicit guidance law and ensures coordinated
trajectory tracking and control execution.

The reference state in FS coordinates is denoted by:

.
Xr :[VT,r’VN,r’VB,r:' (3)
which encodes both trajectory-following and motion regulation objectives.

For real-time implementation, the continuous FS dynamics are discretized and linearized
around the current operating point. The resulting discrete-time model is expressed as:

X =AX, +Bu, +d; 4)

where x, =[V,,V,,V,]" is the state vector in FS coordinates, u, =[u,,u,,u,]" isthe control input
vector, and d, represents lumped disturbances and unmodeled dynamics.

The matrices A, and B, vary with flight conditions and trajectory curvature, motivating the
use of adaptive modeling techniques.

This model serves as the prediction model for the MPC optimization problem.

Due to aerodynamic uncertainties and unmodeled dynamics, the matrices A, and B, may vary

significantly during flight. To address this issue, a neural network is employed to adaptively tune
the model parameters online.

Specifically, the neural network approximates the nonlinear mapping
(A..B..d,)=N(x,,u,) Q)

where A/(-) denotes the neural network function. This adaptive mechanism enhances prediction
accuracy and improves closed-loop performance under varying flight conditions.

The neural network in (5) provides online estimates of the model parameter variations A4k and
ABk. These estimates are used to update the prediction model in (4) as Ak = Anom + AAk and Bk
= Bnom + ABk. The updated model is then embedded into the MPC optimization problem (6)-(7),
ensuring that the predictions reflect the true system dynamics more accurately.

At each sampling instant, the NNMPC solves the following finite-horizon optimization problem:

, N

o 2 el
i=0

where x(k + i | k) denotes the predicted state at time & + i based on information available at time £,
and u(k + i | k) is the control input at time & + i predicted at time k. The prediction horizon Np and
control horizon Nc satisfy Nc < Np.

iy (6)

N,
nllnu '] = Z||Xk+i - Xr,k+i
i=0

Subject to:
+B

Xk+z' € X’ uk+i eU

X =A, . X

k+i+l k+i " k+i uk+i

k+i (7)
where N, and N, are the prediction and control horizons, respectively; Qand R are positive-

definite weighting matrices; and X', I/ denote state and input constraint sets. Only the first control
input is applied to the UAV, and the optimization is repeated in a receding horizon manner.

Journal of Military Science and Technology, 112 (2026), 3-10 5



Electronics & Automation

Define the tracking error as: e, =x, —X.., and consider the Lyapunov-Krasovskii
candidate function:

k-1
V.=e Pe,+ > € Qe (8)

k=t
where P and Q are positive-definite matrices. The closed-loop system is asymptotically stable if
there exist positive-definite matrices P and Q such that the difference AV, =V,

k+1

V, satisfies:

AV, =e;, Pe,, —e Pe, +¢,0e, —¢, Oe,_ <0 9)

Under bounded time delay z and neural network approximation errors, condition (10)

guarantees that Il e, I converges to a bounded region, i.e., the system is uniformly ultimately
bounded (UUB).

Due to the nonlinear and adaptive nature of the NNMPC, establishing asymptotic stability in
the classical Lyapunov sense is challenging. Instead, we analyze the system using the Input-to-
State Stability (ISS) framework. The tracking error e, is shown to be uniformly ultimately

bounded (UUB) with the ultimate bound depending on the neural network approximation error
and external disturbances. Specifically, there exists a class /JCL function f andaclass C function

y such that:
le I<plle,ll,k)+ydl wl ) (10)

where w represents the lumped disturbances and approximation errors.

Algorithm 1: /GC-NNMPC Algorithm

1: Initialize x0, Q, R, N, Nc

2: fork=0,1,2,... do

3:  Obtain measurement yk

4: Estimate state using SH-RAKF:
xk = FSH-RAKF(yk)

5:  Generate FS reference trajectory:
xr.k =[VT,r, VN,r, VB,r, yr, 0r]T

6: Update NN model:
(Ak,Bk,dk)=NN(xk,uk-1)

7:  Predict system dynamics:
xk+1 = Akxk + Bkuk + dk

8:  Solve NMPC optimization:
uk* = argmin J

9:  Apply optimal control:

uk = uk*
10: if mission completed then
11: break
12: endif
13: end for

The proposed IGC framework based on NNMPC combines geometric modeling, learning-
based prediction, and optimization-based control. Compared with conventional cascade
architectures, the proposed approach achieves improved tracking accuracy, robustness, and
constraint handling capability.

From a practical perspective, the FS-based reduced-order model significantly lowers
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computational complexity, making real-time onboard implementation feasible. Furthermore, the
modular structure allows seamless integration with existing navigation and estimation subsystems.

Algorithm 1 illustrates the complete algorithmic flow of the proposed integrated guidance and
control framework. The guidance, state estimation, learning-based model adaptation, and
predictive control are executed in a unified closed-loop structure.

Although the NNMPC-based IGC framework improves tracking performance, it introduces
additional computational burden due to the optimization solver fmincon and neural network
inference. To enhance real-time feasibility, lightweight solvers, model reduction techniques, and
simplified neural architectures can be adopted, enabling deployment on embedded processors such
as ARM-based UAV flight controllers.

3. RESULTS AND DISCUSSION

3.1. Simulation setups

In this study, we implemented and compared two control methods for an unmanned aerial
vehicle (UAV) following a sinusoidal reference trajectory: integrated guidance-navigation-control
and model-predictive control (IGC-NNMPC), and proportional-integral-derivative (PID) control.
The reference trajectory is defined as x(¢) = 50sin(0.5¢) (m), with an amplitude of 50 m, an angular
frequency of 0.5 rad/s, and a fixed altitude of 10 m. Gaussian noise with a standard deviation of
0.5 m/s? is added to the acceleration to simulate real-world factors such as wind or sensor errors.
The simulation results are analyzed through evaluation graphs and quantitative data. The
simulations are performed on MATLAB R2021b with typical 6DOF UAV parameters: mass m =

2.5 kg, inertia tensor J =diag(0.1,0.1,0.2) kg.m’

All controllers are tuned to achieve the best possible performance. The PID parameters

K, =15; K, =05; K, =15 were obtained via extensive trial-and-error to minimize

tracking error.

To evaluate the generalization capability of the proposed method, additional trajectory
scenarios were considered, including figure-eight trajectories and sudden altitude changes,
representing more challenging three-dimensional motion patterns. Furthermore, the neural
network was trained using simulated data; however, practical deployment requires incorporating
real flight data to mitigate overfitting and improve model reliability.

3.2. Simulation results

The IGC-NNMPC method uses an MLP neural network with 20 hidden neurons to predict the
dynamics and optimize the control input using the fmincon algorithm with a 10-step prediction
horizon. The results show that the IGC-NNMPC outperforms the PID. The 3D trajectory plot
(Figure 1) illustrates that the actual trajectory of the IGC-NNMPC closely follows the reference
trajectory with a maximum spatial error of about 1.5 m.

The trajectory error standard, calculated by ./l e(z)lI* , ranges from 0.5-1.5 m, with a mean of

0.8 m and a standard deviation of 0.3 m. In contrast, the PID controller with parameters
K, =[10,10,10], K, =[0.5,0.5,0.5], and K, =[5,5,5] has a larger trajectory error, reaching a

maximum of 5 m at the curve points of the sinusoidal trajectory. The standard error of the PID
ranges from 1.5-3.5 m, with a mean of 2.2 m and a standard deviation of 0.7 m, which is 175%
and 133% higher than the IGC-NNMPC, respectively.

Table 1 summarizes the quantitative comparison among the four controllers. IGC-MPC
achieves better performance than PID but falls short of IGC-NNMPC, confirming the contribution
of neural network adaptation. PID+FS shows slight improvement over PID, indicating that FS
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reference generation alone provides some benefit but is insufficient without advanced control.

Table 1. Quantitative comparison of tracking performance.

Controller Mean error (m) Std dev (m) Max error (m)
PID 2.2 0.7 5.0
PID+FS 1.9 0.6 4.0
IGC-MPC 1.2 0.4 2.5
IGC-NNMPC 0.8 0.3 1.5

Gaussian noise with a standard deviation of 0.5 m/s? is applied to both methods to evaluate the
robustness. The IGC-NNMPC demonstrates superior noise handling capabilities through neural
network dynamics prediction and predictive control optimization.

The trajectory errors along each axis (e, , e, e, ) of IGC-NNMPC fluctuate within £1 m, with
e. being close to zero due to the fixed reference height (Figure 2). Meanwhile, the PID is strongly
affected by noise, resulting in the e error peaking at £3 m and e_ fluctuating at +0.5 m. The

standard deviation of the PID error (0.7 m) is 2.3 times higher than that of IGC-NNMPC (0.3 m),
confirming the better adaptability of IGC-NNMPC in noisy environments.

3D Trajectory Comparison IGC-NNMPC Tracking Error Components

60

IGC-NNMPC
PID

— e,
— = —Refersncs 40 —_r,
40 €z
20 20
0 - - C \——4
—_ T 0 —
E 20 5 A
N =
40 w-20

Time (s)

Figure 1. Comparison of 3D trajectories of Figure 2. Trajectory error components
IGC-NNMPC, PID and reference trajectories. of IGC-NNMPC.

The stability of the system with IGC-NNMPC is evaluated through the Lyapunov-Krasovskii
function, taking into account the system delay of 0.05 s. The Lyapunov function value is always
positive after the initial delay, ranging from 10 to 20 with an average value of 15 (Figure 3),
confirming the theoretical stability of the system. The trapezoidal integral is used to calculate the
hysteresis component, ensuring high accuracy. In contrast, PID does not have a theoretical stability
evaluation mechanism, making its robustness analysis dependent on experimental observations.
This is a major limitation of PID when compared with IGC-NNMPC in applications requiring
stability assurance.

Figure 3 shows the evolution of the Lyapunov function 7, and its difference AV, =V, =V, .
Itis observed that V, >0 forallk and AV, <0 after the initial transient, confirming the asymptotic
stability of the closed-loop system. This result is consistent with the theoretical condition derived
in (10).

The control inputs of IGC-NNMPC and PID are compared in Figure 4. IGC-NNMPC produces
smooth control inputs, with values within the range of +15 m/s*and a standard deviation of 2.5
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m/s. In contrast, the PID control input oscillates more strongly, with a peak value of +12 m/s*and
a standard deviation of 4.0 m/s?, 60% higher than that of IGC-NNMPC. This shows that IGC-
NNMPC uses control energy more efficiently, minimizing unnecessary oscillations, especially
under noisy conditions.

The evaluation plots provide a comprehensive view of the performance of the two methods:
(Figure 2)-IGC-NNMPC follows the reference trajectory more closely than PID, with a maximum
deviation of 1.5 m compared to 5 m for PID; (Figure 2)- The error components e, e, , e, of IGC-

NNMPC fluctuate in the range of +1m, which is significantly smaller than that of PID (+3 m);

IGC-NNMPC has an average error norm that is 63% lower than that of PID (0.8 m vs. 2.2 m); (Figure
4): IGC-NNMPC produces smoother control inputs, with a standard deviation that is 37.5% lower
than that of PID; (Figure 4): Positive Lyapunov values confirm the stability of IGC-NNMPC.

100 IGC-NNMPC Error Norm and Lyapunov Control Inputs Comparison
o

" : —— IGCNNMPG u,

h I IGC-NNMPC u,

80 : IGC-NNMPC u,
E 70 \ - = =PIDu_
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Figure 3. Values of the Lyapunov-Krasovskii Figure 4. Comparison of control inputs of
Sfunction of IGC-NNMPC. IGC-NNMPC and PID.

These graphs provide visual evidence of the superiority of IGC-NNMPC, suitable for
illustration in scientific papers. The IGC-NNMPC method is suitable for applications that require
high accuracy in complex environments, such as UAV navigation under strong noise conditions
or curved trajectories. However, the computational complexity of IGC-NNMPC (due to
\texttt{fmincon} and neural networks) may limit its application on real-time hardware. Training
the neural network with simulated data is also a limitation, and real data must be used to improve
the accuracy. In contrast, PID is simple, easy to implement, and suitable for systems with limited
computational resources, but its performance is limited under strong noise conditions, with an
average error 2.75 times higher than that of IGC-NNMPC.

4. CONCLUSIONS

This paper proposed an FS-based IGC system integrated with NNMPC for UAV path
following. By combining accurate state estimation, FS-guided reference generation, and adaptive
neural network tuning, the system achieved superior tracking accuracy and robustness compared
to conventional PID control. The stability under delays was analyzed using Lyapunov--Krasovskii
theory, providing a sufficient condition for uniform ultimate boundedness. Beyond theoretical
validation, this study provides insights into practical implementation challenges and proposes
feasible directions for real-time deployment and data-driven improvement.

The IGC-NNMPC method outperforms PID in terms of accuracy, noise tolerance, and stability.
With a 63% lower mean standard error (0.8 m vs. 2.2 m) and a 57% lower standard deviation (0.3
m vs. 0.7 m), IGC-NNMPC is a superior choice for UAV control in complex scenarios. Stability
is ensured by the Lyapunov-Krasovskii function, with AV, <0 verified in simulation, while PID
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lacks a theoretical evaluation mechanism.

For improvements, we propose: fine-tuning the PID parameters to reduce the error, training the
neural network with real data, and testing with higher noise levels or more complex trajectories to
evaluate the robustness of both methods. Future work will focus on online neural network
adaptation, multi-UAV coordination, and real-time hardware implementation to enhance practical
applicability.
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TOM TAT

_ H@ thong dén hwéng va diéu khién tich hep
dé theo doi quy dao UAYV trong khung Frenet—Serret

Bai bdo dé xudt mot phirong phdp theo déi quy dao chinh xdc cao cho mdy bay khong
nguoti ldi su dung hé toa do Frenet—Serret két hop véi thudt todn Piéu khién va Dan hirong
Tich hop 161 1eu. Pé tang kha nang thich umg va giam sai so j theo doi trong méi trrong khong
chdc chan, b diéu khzen dir dodn mé hinh két hop mang no-ron duwgc tich hop truc tiép vdo
khung IGC. Phdn tich on dinh ciia hé thong dwoc thue hién sir dung tiéu chudn Lyapunov-
Krasovskii, cung cap diéu kién dit cho on dinh tiém cdn dwdi giéi han ciia do tré va sai s6
xap xi mang no-ron. Két qua mo phong cho UAV quadrotor bam theo quy dao hinh sin cho
thdy phwong phdp dé xudt vieot tréi so véi diéu khién PID truyén thong vé dé chinh xdc va
kha ndng loai bo nhiéu.

Tir khoa: Theo dbi quy dao; Frenet—Serret; Didu khién va dan hudng tich hop; Lyapunov—Krasovskii.
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