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Article
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* Correspondence: fanchen-w@zju.edu.cn
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Abstract: This paper presents a neural network-based path planning method for fixed-wing UAVs
under terminal roll angle constraints. The nonlinear optimal path planning problem is first formulated
as an optimal control problem. The necessary conditions derived from Pontryagin’s Maximum
Principle are then established to convert extremal trajectories as the solutions of a parameterized
system. Additionally, a sufficient condition is proposed to guarantee that the obtained solution is at
least locally optimal. By simply propagating the parameterized system, a training dataset comprising
at least locally optimal trajectories can be constructed. A neural network is then trained to generate
the nonlinear optimal control command in real time. Finally, numerical examples demonstrate that
the proposed method robustly ensures the generation of at least local optimal trajectories in real time
while satisfying the prescribed terminal roll angle constraint.

Keywords: fixed-wing UAV; neural network; path planning; Pontryagin’s maximum principle;
parameterized system

1. Introduction
Fixed-Wing Unmanned Aerial Vehicles (UAVs) is now playing a vital role in complex scenarios

such as intelligence [1], surveillance [2], and reconnaissance [3]. To effectively perform these tasks,
a UAV must have the ability of autonomously navigating itself to a desired target while satisfying
various constraints. Path planning is a key aspect for a UAV to achieve such autonomy, which involves
generating feasible paths from an initial position to an expected target position. Current UAV path
planning methods can generally be classified into four categories: path-following methods, waypoint
based methods, optimization based methods, and neural network based methods.

Path-following methods rely on designing tracking control law so that a UAV can be guided
to accurately track a predefined path [4,5]. In [6–8], by considering a virtual target moving along
the predefined path some Light-of-Sight (LOS) based methods have been developed to control the
UAV to continuously move around the predefined path. Furthermore, a nonlinear adaptive LOS
path-following controller was proposed by Cui et al. [7] via integrating an adaptive control scheme and
sideslip compensation into the traditional LOS guidance law. Nelson et al [9] propose a vector-field
based path following method, whose main idea is to construct a vector field in the vicinity of the
desired path. A natural extension is presented in [10] by proposing a Gradient Vector Field (GVF)
which involves tuning the some parameters according to the dynamics of UAV to achieve better
performance. It should be noted that path-following methods are easy to implement. However, if
the external environment changes, the UAV moves along the predefined paths may not complete its
missions.

Waypoint-based methods involve defining a sequence of points (waypoints) and guiding a
UAV to navigate between waypoints so that it can reach the target location. In the framework
of waypoint-based methods, algorithms such as Dijkstra’s algorithm [11], roadmaps [12], Rapidly-
exploring Random Trees (RRT) [13,14], have been extensively studied to find feasible paths. Specifically,
Wang et al. [11] introduced an Elevation-based Dijkstra Algorithm (EDA) that leverages terrain
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elevation information to discretize the trajectory from the starting point to the target point into a
series of straight-line segments. Compared with the traditional Dijkstra algorithm, the EDA exhibits
superior computational efficiency. Xu et al. [15] introduced a Dubins-A* algorithm, which integrates
Dubins path properties into the well-known A* algorithm to ensure both optimality and adherence to
turning constraints, thereby demonstrating improved performance in environments with irregular
obstacles. However, waypoint-based methods often neglect the dynamics of UAVs, which may lead to
infeasible trajectories or necessitate subsequent curvature adjustments and smoothing processes to
ensure physical feasibility [16].

Optimization-based methods cast path planning as an optimal control problem. By using Pon-
tryagin’s Maximum Principle (PMP), a criterion (e.g. time or energy) is optimized while satisfying
the dynamics of the UAVs [17,18]. De Marinis et al. [19] developed a minimum-time path planning
method capable of avoiding obstacles by integrating classical optimal control theory with continuation
methods. Forkan et al. [20] presented an approach for computing the shortest path to visit multiple
target points while maintaining a minimum turning radius constraint, this method employs PMP to
establish necessary optimality conditions and uses an arc parameterization technique to determine
the ideal sequence of turns and straight segments. Additionally, Na et al. [21] introduced a path
planning approach utilizing an enhanced Particle Swarm Optimization (PSO) algorithm, with the goal
of optimizing the energy efficiency of fixed-wing UAVs when flying over mountainous regions. These
methods can guarantee to generate optimal paths while accommodating complex constraints. However,
they often require solving two-point boundary value problems [22] or performing exhaustive searches
over trajectory families [23], leading to a significant computational burden for optimization-based
planners [24].

Path planning methods based on neural networks can be categorized into supervised learning and
Deep Reinforcement Learning (DRL). Supervised learning involves offline generation of a large amount
of optimal trajectories and training a neural networks to approximate the mapping from state to control
commands. Horn et al. [25] developed a trajectory optimization method that converts traditional
collocation-point constraints into an offline training challenge, thereby significantly reducing online
computational demands. However, despite employing the Sparse Nonlinear OPTimizer (SNOPT) [26]
to efficiently generate training data, this approach cannot guarantee the solutions to be at least locally
optimal, potentially affecting the learning performance of neural network. Phillips et al. [27] presented
an approach that utilizes a lightweight Multi-Layer Perceptron (MLP) to estimate the cost of the nearest
neighbor path, facilitating real-time prediction of the optimal path length for fixed-wing UAVs under
wind disturbances. Since supervised learning only requires executing a single forward computation of
the neural network during inference, making it ideal for scenarios with stringent real-time demands.
However, supervised learning strongly relies on the quality and diversity of the training data [28].

DRL enables UAVs to autonomously learn optimal or near-optimal flight path planning strategies
through trial-and-error and reward mechanisms [29]. For instance, Li et al. [30] proposed an algorithm
that integrates DRL with adaptive control strategies. Babel [31] employs Deep Q-Networks (DQN) for
online decision-making of fixed-wing UAVs in dynamic environments, enabling adaptive avoidance
of sudden obstacles. Compared with traditional re-planning algorithms, its average computational
cost is substantially reduced. Ji and Wang [32] incorporate energy consumption into the reward
function of DRL, and throug extensive simulation training, propose a strategy that comprehensively
optimizes speed, heading, and roll angle. Although DRL exhibits remarkable adaptability in complex
environments and uncertain conditions, it demands a large amount of interactive data for training.
Additionally, its convergence speed and stability are greatly influenced by the choice of algorithm and
hyperparameter settings [5].

Motivated by these developments, this paper introduces a neural network-driven path-planning
framework for fixed-wing UAVs that integrates optimal control principles to satisfy mission constraints
in real time. A particularly challenging aspect of path planning for fixed-wing UAVs is satisfying
terminal roll-angle constraints. In various missions, such as reconnaissance and formation, achieving a
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specified terminal roll angle is crucial for aligning onboard sensors accurately toward the target upon
arrival. To address this challenge, we employ the PMP to derive necessary optimality conditions, using
which to a parameterized dynamical system whose solutions correspond precisely to optimal UAV
trajectories. Essentially, these conditions are embedded within a set of differential equations (state and
costate equations) parameterized by specific initial values. By propagating this parameterized system,
feasible optimal trajectories can be generated without iterative optimization.

In this study, we present a neural network-based path-planning framework designed to enforce
terminal roll-angle constraints. The key contributions of our work include:

• Neural Network Planner for Fixed-Wing UAVs: We develop a neural-network-based path
planner capable of generating feasible flight trajectories in real time. The neural network is
trained offline and rapidly predicts trajectories, thus eliminating the need for iterative online
optimization.

• Incorporation of Terminal Roll-Angle Constraints: Our approach explicitly incorporates terminal
roll-angle constraints into the path-planning process. Unlike previous approaches that may
overlook terminal attitude constraints, our method ensures UAVs reliably attain the desired roll
angle upon arrival at the target location.

• Robust Performance Validation: The proposed method has been validated through extensive
Monte Carlo simulations involving thousands of randomized initial conditions. Simulation results
demonstrate that the neural network-based planner consistently produces feasible and accurate
trajectories, satisfying terminal roll constraints in all tested scenarios. The results demonstrate
the robustness and reliability of the proposed framework for real-time fixed-wing UAV path
planning.

2. Problem Formulation
In this section, the kinematics for a fixed-wing UAV will be first described, and then the nonlinear

optimal path planning problem will be formulated as an optimal control problem.

2.1. Kinematics

Let us consider that a fixed-wing UAV moves in a scene East-North-Up (ENU) coordinate frame
Oxyh, as presented in Figure 1. The origin is fixed at a point on the ground. The x-axis points to the
Earth, the y-axis points to the North, and the h-axis completes a right-hand coordinate system. Then,
according to [33], the dynamics for the fixed-wing UAV can be expressed as

ẋ(t) = V(t) cos γ(t) cos ψ(t)

ẏ(t) = V(t) cos γ(t) sin ψ(t)

ḣ(t) = V(t) sin γ(t)

V̇(t) =
T(t)− D(t)

m(t)
− g sin γ(t)

ṁ(t) = −cT

γ̇(t) =
ap(t)− g cos γ(t)

V(t)

ψ̇(t) =
ay(t)

V(t) cos γ(t)

(1)

where t denotes the time, the over dot denotes the differentiation with respect to time, (x, y, h) ∈ R3

denotes the position of the UAV in the frame Oxyh, V > 0 denotes the speed of the UAV, γ ∈
(−π/2, π/2) denotes the flight path angle, ψ ∈ [0, 2π) denotes the heading angle (measured counter-
clockwise from the x-axis), g is the gravitational constant of the Earth, m > 0 denotes the mass of the
UAV, cT > 0 denotes the mass of fuel consumed per second, T > 0 is the thrust magnitude, D > 0 is
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the drag, ap is the normal acceleration in the vertical plane, and ay is the normal acceleration in the
horizontal plane.

Target

Figure 1. Three-dimensional coordinate system.

If the UAV flies at the altitude hold mode with a constant speed, we have that γ, γ̇, V̇, and ḣ are
all identical to zero. In this case, the dynamics in Eq. (1) can be simplified as

ẋ(t) = V cos ψ(t)

ẏ(t) = V sin ψ(t)

ψ̇(t) =
u(t)
V

(2)

where u is the control parameter representing the normal acceleration. In the following subsection, the
simplified dynamics in Eq. (2) will be used to formulate the problem of optimal path planning.

2.2. Optimal Control Problem

The Optimal Control Problem (OCP) consists of steering the UAV, or the kinematics in Eq. (2)
from an initial state (x0, y0, ψ0) at t = 0 to a final state (x f , y f , ψ f ) at t = t f so that the control effort is
minimized. Without loss of generality, we assume that the final state (x f , y f , ψ f ) is fixed as (0, 0,−π/2).
Note that if the final heading angle is different from −π/2, one can use a coordinate rotation to change
the final heading angle as −π/2; see, e.g., [34].

To minimize the control effort, one needs to use

J̄ =
1
2

∫ t f

0
u2(t)dt (3)

as the criterion to optimize [34]. However, addressing the above OCP with the criterion in Eq. (3)
cannot guarantee the final roll angle of the UAV to be equal to a desired value. It should be noted that,
once the UAV flies at an altitude hold mode with a constant speed, the roll angle is directly determined
by the normal acceleration u. To this end, if one is able to make the final normal acceleration u equal
to any desired value, any value of constraint on the final roll angle can be achieved. This allows to
convert the constraint on final roll angle to the constraint on final normal acceleration. To make sure
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the final normal acceleration to be equal to a desired value, we propose to augmenting the criterion in
Eq. (3) as

J =
1
2

∫ t f

0

u2(t) + et−t f

[
u(t)− ue

t f − t + ε

]2
 dt (4)

where ue is the expected value of the final control and ε > 0 is an infinitesimal positive number. Notice

that the term et−t f
[

u(t)−ue
t f−t+ε

]2
in Eq. (4) is a penalty function, which restricts the final control to be close

to ue. According to the above analysis, it amounts to addressing the OCP with the criterion in Eq. (4)
to obtain the optimal path with a desired final roll angle. In the next section, the solution of the OCP
will be characterized for developing numerical methods.

3. Characterization of Optimal Solutions
In this section, the necessary conditions will be first presented by applying PMP. Using these

necessary conditions, a parameterized system will then be established. In addition, a sufficient
condition will be presented to ensure that the solution trajectory obtained by this parameterized
system is at least locally optimal.

3.1. Necessary Conditions for Optimality

The Hamiltonian of the OCP is expressed as

H = pxV cos ψ + pyV sin ψ + pψ
u
V
− 1

2

u2 + et−t f

[
u− ue

t f − t + ε

]2
 (5)

where px, py and pψ denote the co-state variables of x, y, and ψ, respectively. The co-state variables are
governed by

ṗx = −∂H
∂x

= 0 (6)

ṗy = −∂H
∂y

= 0 (7)

ṗψ = −∂H
∂ψ

= pxV sin ψ− pyV cos ψ (8)

It is apparent from Eq. (6) and Eq. (7) that the co-state variables px and py are constant. Thus, by
integrating Eq. (8), we have

pψ = pxy− pyx + c0 (9)

where c0 is a constant. According to PMP [35], we have

0 =
∂H
∂u

=
pψ

V
+

ueet−t f

(t f − t + ε)2 − u

[
1 +

et−t f

(t f − t + ε)2

]
(10)

Rewriting Eq. (10) eventually leads to

u(t) =
pψ(t f − t + ε)2 + Vueet−t f

V
[
(t f − t + ε)2 + et−t f

] (11)

Substituting Eq. (9) into Eq. (11), we have that the optimal control u is determined by px, py, and c0,
i.e.,

u(t) =
(−pxV cos ψ− pyV sin ψ + c0)(t f − t + ε)2 + Vueet−t f

V
[
(t f − t + ε)2 + et−t f

] (12)
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The differential equations in Eqs. (6) - (8) as well as the maximum principle in Eq. (10) constitute
the necessary conditions for the OCP. Hereafter, any trajectory of the kinematics in Eq. (2) that satisfies
the above necessary conditions will be referred to as an extremal trajectory, and the corresponding
control along the extremal trajectory will be termed as extremal control.

3.2. Parameterization of Extremal Trajecories

Let (X, Y) take values in R2 and let Ψ take values in [0, 2π). Then, define an initial value problem
as below 

Ẋ(τ) = −V cos Ψ(τ), X(0) = 0

Ẏ(τ) = −V sin Ψ(τ), Y(0) = 0

Ψ̇(τ) = −
[pxY(τ)− pyX(τ) + c0](t f − τ + ε)2 −Vueeτ−t f

V2
[
(t f − τ + ε)2 + eτ−t f

] , Ψ(0) = −π/2
(13)

where τ ≥ 0. Then, it is apparent that the solution of the initial value problem in Eq. (13) is totally
determined by px, py, and c0. For notational simplicy, set p = (px, py, c0). Then, we say that the system
in Eq. (13) is a p-parameterized system, and we denoted by

Z(τ, p) := (X(τ, p), Y(τ, p), Ψ(τ, p))

the solution of the p-parameterized system. By comparing the form of the system in Eq. (13) with
the necessary conditions presented in Subsection 3.1, it is evident that, for any p ∈ R3, the solution
trajectory Z(τ, p) is an extremal trajectory of the OCP. In other words, for any extremal trajectory
(x(τ), y(τ), ψ(τ)) for τ ∈ [0, t f ], of the OCP, there exists a p ∈ R3 so that

(x(τ), y(τ), ψ(τ)) = (X(τ, p), Y(τ, p), Ψ(τ, p))

where τ = t f − t. We denote by U(τ, p) the right side of the third equation in Eq. (13), i.e.,

U(τ, p) :=
[pxY(τ)− pyX(τ) + c0](t f − τ + ε)2 −Vueeτ−t f

V
[
(t f − τ + ε)2 + eτ−t f

]
Similarily, we have that U(τ, p) is the extremal control along the extremal trajectory Z(τ, p). It is worth
noting that the extremal trajectory cannot be guaranteed to be at least locally optimal unless sufficient
conditions for optimality are met. In the following paragraph, we shall present a sufficient condition
for optimality.

Before proceeding, we first set

δ(τ, p) := det
[

∂Z
∂p

(τ, p)
]

, τ ∈ (0, t f ] (14)

as the determinant of the matrix ∂Z(t, p)/∂p for t ∈ (0, t f ].

Lemma 1 (Chen et al. [36] ). Let T be a positive number in (0, t f ]. Given any p ∈ R3, the extremal trajectory
Z(τ, p) for τ ∈ [0, T] is a local optimum if δ(τ, p) ̸= 0 for τ ∈ (0, T]. Otherwise, the extremal trajectory
Z(τ, p) for t ∈ [0, T] loses its local optimum if there exists a time τ̄ ∈ (0, T) so the δ(τ) changes its sign at
τ = τ̄.

Lemma 1 is a direct result of Theorem 2 in [36], and it presents a sufficient condiction for local
optimality. Combining the sufficient condition in Lemma 1 and the parameterized system in Eq. (13),
we shall present an approach for real-time generation of optimal control command via neural networks
in the next section.
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4. Real-Time Solutions via Neural Networks
4.1. Scheme for Real-Time Solution via Neural Network

Let tc ∈ (0, t f ] be the current time, and let zc := (xc, yc, ψc) be the current state at tc. Then, the
time-to-go is given by

tg = t f − tc (15)

A pair (tg, zc) will be said to be feasible if there exists a feasible trajectory [tc, t f ] → z(t) of the
kinematics in Eq. (2) so that zc = z(t f − tg) and z(t f ) = z f , where z f = (0, 0,−π/2). Furthermore, let
u∗(tg, zc) be the optimal feedback control at (tg, zc).

According to the above definitions and notations, if one is able to obtain the value of optimal
control command u∗(tg, zc) for any feasible (tg, zc) within a small period of time, one can generate
the solution of the OCP in real time via the guidance scheme in Figure 2. However, as stated in the
Introduction, existing numerical methods including indirect methods and direct methods, cannot
guarantee to generate the optimal control command within a small period of time.

To obtain the value of optimal control command u∗(tg, zc) for any feasible (tg, zc) in real time, an
alternative approach is to use a simple neural network, trained by the dataset of mapping from (tg, zc)

to u∗(tg, zc), to approximate the value of u∗(tg, zc). In the following subsection, we shall present how
the developments in Section 3 allow to generate the dataset of the mapping (tg, zc) 7→ u∗(tg, zc) for
training a neural network.

Current State
Trained 

Network

Optimal 

Command

Time-to-go

Kinematics

Figure 2. Diagram for real-time solution via neural network

4.2. Dataset Generation for Training Neural Network

The process for generating the dataset is presented by the pseudo-code in Algorithm 1.

Algorithm 1 (Dataset Generation Procedure). Input: Positive values pmax, T, and step size ∆
Output: Dataset D
Initialize: D ← ∅ (empty dataset)

for px ← −pmax to pmax step ∆ do
for py ← −pmax to pmax step ∆ do

for c0 ← −pmax to pmax step ∆ do
Set p = (px, py, c0)

Integrate the system using Eq. (13) with the parameter p
Extract the trajectory Z(t, p) and control U(t, p) for t ∈ [0, T]
if δ(t, p) ̸= 0 for t ∈ (0, T] then

Add {Z(T, p), U(T, p)} to dataset D
end if

end for
end for

end for

Return D
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It should be noted that, for the mapping (tg, zc) 7→ u∗(tg, zc) contained in the datasetD generated
by Algorithm 1, we have tg ≤ T. By the following lemma, we shall show that even if T < tg, a neural
network trained by the dataset in Algorithm 1 can be adjusted to approximate u∗(tg, zc).

Lemma 2 (Wang et al [37]). Given a feasible pair (tg, zc), for any t̄ ∈ (0, tg), we have

u∗(tg, xc, yc, ψc) =
Vt̄
tg

u∗(t̄,
t̄xc

Vtg
,

t̄yc

Vtg
, ψc) (16)

Readers interested in the proof of this lemma are referred to [37]. Let us denote by N(tg, zc) the
neural network trained by the dataset D in Algorithm 1. This is to say that for any feasible pair (tg, zc)

with tg ≤ T, we can use N(tg, zc) to approximate u∗(tg, zc), i.e.,

N(tg, zc) ≈ u∗(tg, zc), tg ≤ T

As a consequence of Lemma 2, given any feasible pair (tg, zc), if tg > T, one can use N(T, Txc
Vtg

, Tyc
Vtg

, ψc)

to approximate u∗(tg, xc, yc, ψc).
In Algorithm 1, pmax, T, and ∆ are set as 20, 1 and 0.02, respectively. The resulting dataset D

contains approximately 2.006× 109 elements and is subsequently fed into a neural network with three
hidden layers, each containing 30 neurons using the Tanh activation function. For any given (tg, zc) as
input, the trained neural network takes around 11µs to generate the output N(t, zc) on a laptop with
AMD Core i5-3600 CPU @ 3.6GHz. This indicates the trained neural network can generate the optimal
control command within a small period of time, which is enough for onboard applications.

In the following section, we shall demonstrate how the trained neural network allows to guide
the UAV to the target with the final desired roll angle being met.

5. Numerical Simulations
5.1. Comparisions with Optimization Methods

Consider a scenario that three UAVs are required to be guided to a desired position simultaneously.
Without loss of generality, the target is considered to be located at (1000, 1000) m. For notational
simplicity, let us use UAV #i to denote the ith UAV among the three UAVs, and let ui

e be the expected
final control for the UAV #i. The values of u1

e , u2
e , u3

e are set as 12.5 m/s2, 5 m/s2, and 0 m/s2,
respectively. All the three UAVs are required to reach the common target at t f = 60 s with the final
heading angle being 60◦. The initial conditions for the three UAVs are summarized in Table 1.

Table 1. The initial conditions of the three UAVs.

Initial
Conditions x0 y0 V ψ0

UAV #1 −5 km −5 km 250 m/s −150◦

UAV #2 3 km 6 km 250 m/s −150◦

UAV #3 10 km 8 km 250 m/s −150◦

The trajectories generated by the proposed method are presented by the solid curves in Figure 3,
and those by the SNOPT are presented by the dashed curves. The time histories of the corresponding
controls are presented in Figure 4. Let JS and JP denote the control effort required by SNOPT and
the proposed method, respectively. Then, the values of JS and JP for the three UAVs are presented in
Table 2.

It is seen from Figure 3 that both the SNOPT and the proposed method can be used to generate
paths for the three UAVs to the same target. However, we can see from Figure 3 and Figure 4
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that the trajectories generated by the proposed method may be different from those generated by
optimization methods (UAV #1 and UAV #3). When comparing the control effort required for these
two UAVs using two different methods, it is evident that the proposed method performed better than
the SNOPT. Note that the SNOPT has fallen into local optimum. For UAV #2, although the control
effort using the two methods is similar, the expected control at the final time cannot be precisely met
by the SNOPT, as shown by Figure 4. Comparisons across all three sets of experiments reveal that
our method significantly reduces control energy consumption under most initial conditions, while
strictly satisfying the terminal roll-angle requirement. More importantly, by combining offline training
with a parameterized system, the proposed method exhibits remarkable real-time performance and
robustness during online execution, whereas traditional numerical optimizations (SNOPT) require
multi-step solving.

Figure 3. Traectories generated by two different methods for three UAVs

(a) ue = 0 (m/s2)

(b) ue = 5 (m/s2)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 April 2025 doi:10.20944/preprints202504.1280.v1

https://doi.org/10.20944/preprints202504.1280.v1


10 of 13

(c) ue = 12.5 (m/s2)

Figure 4. Control profiles of different methods.

Table 2. The control effort for three UAVs.

UAV#i UAV#1 UAV#2 UAV#3

JS (m2/s3) 3.0071× 104 1.1802× 104 1.6352× 104

JP (m2/s3) 1.9472× 104 1.1895× 104 1.4827× 104

5.2. Monte Carlo Simulations

To demostrate the robustness of the proposed method, a Monte Carlo test is implemented by
disturbing the initial conditions. In this Monte Carlo test, 1000 initial conditions are randomly selected.
To be more specific, the initial values x0, y0, and ψ0 are randomly selected within the intervals [−12,−8]
km, [8,12] km, and [−160◦, −140◦], respectively. The speed of UAV is 250 m/s. The target is located
at [1, 1] km. The terminal control command and the desired impact time is set as 5 m/s2 and 60 s,
respectively. The terminal heading angle is randomly selected within the interval [30◦, 90◦].

The trajectories generated by Monte Carlo test are shown in Figure 5, and the distribution of the
terminal errors are presented in Figure 6. We can see from Figure 6 that the maximum error of position
is around 0.12 m, that the maximum error of expected flight time is less than 0.16 sec, and that the
maximum error of the terminal control command is 0.8 m/s2. Overall, the Monte Carlo test results
demonstrate that the proposed method not only achieves high accuracy but also ensures stable, and
robust performance under uncertainty.

Figure 5. Trajectories generated by Monte Carlo test
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(a) Errors of terminal position

(b) Errors between initial time-to-go and final time

(c) Errors of terminal control
Figure 6. Histograms for errors of Monte Carlo test.
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6. Conclusions
This paper proposed a neural network–based path planning method for fixed-wing UAVs under

terminal roll angle constraints. By formulating the path planning as a nonlinear optimal control
problem and applying PMP, we introduced a parameterized system formulation to generate optimal
training data and embedded sufficient conditions for local optimality. We then trained a neural network
capable of generating real-time optimal commands. Comparisons with SNOPT demonstrated that the
proposed method produces smoother control trajectories, achieves faster running speed, and reduces
control effort. Monte Carlo simulations confirmed the robustness of the proposed method against
randomized initial conditions, indicating its effectiveness and stability across various mission scenarios.
The results suggest that this approach offers significant improvements over traditional optimization
techniques, especially for dynamic UAV mission planning with disturbed initial conditions.
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