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Abstract: In a scenario where GNSS signal is blocked due to interference or occlusion, it is of
considerable value to establish a regional navigation system providing emergency services
for ground users by using long-endurance and long-range fixed-wing Unmanned Aerial
Vehicles (UAVs). The main work of this paper consists of two parts. First, we designed a set
of UAV-based pseudolite navigation system (UAV-PNS) architecture based on fixed-wing
UAVs. Then, considering the flight cost of the UAV swarm, the optimization of the UAV
swarm’s flight path aimed at improving regional navigation performance was studied. In
this paper, the fitness functions for UAVs’ flight path optimization are proposed, taking into
account the navigation and positioning performance, the aircraft utilization rate of UAVs
under flight constraints, and the response speed of the system to the emergency mission.
Based on this, an acceptance-rejection mutated non-dominated sorting genetic algorithm
III (ARMNSGA-III) is proposed for the UAVs’ flight path optimization. The research
results show that the flight path strongly guarantees navigation service performance with
constraints on the operating cost. The ARMNSGA-III proposed in this paper can provide
a 44.01% algorithm timeliness improvement compared to the NSGA-III in the flight path
optimization, supporting rapid establishment and continuous service of the UAV-PNS in
emergency scenarios.

Keywords: UAV; pseudolite navigation; NSGA-IIL; flight path optimization

1. Introduction

With the rapid development of Global Navigation Satellite System (GNSS), navigation,
positioning, and timing are increasingly integrated into human life, playing an even more
important role in both the economy and military affairs [1]. However, the GNSS constel-
lation is located in medium to high orbits; the satellites are far from the Earth’s surface,
resulting in low signal power at ground level. This makes GNSS signals susceptible to
multipath effects, interference, and spoofing, which can lead to degraded service capability
or even failure. Pseudolite navigation systems (PNS) transmit signals similar to GNSS,
allowing users to receive pseudolite signals for positioning. These systems offer advantages
such as high positioning accuracy and strong anti-interference capabilities [2], making
PNS an effective backup in GNSS-denied environments. Currently, PNS primarily rely
on ground-based PNS, which involve establishing pseudolite ground stations to broad-
cast navigation signals [3]. For example, the mature ground-based PNS, LOCATA, which
achieves instantaneous independent positioning solutions in GNSS-denied environments
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and sub-centimeter position accuracy [4,5]. The service performance of ground-based PNS
is highly dependent on the density of ground station deployment. However, the construc-
tion of these systems is influenced and constrained by geographical conditions, facing
challenges in mountainous and oceanic regions, leading to a weak service performance in
complex environments [6], which greatly limits the applicability of ground-based PNS.

In recent years, the rapid development of Unmanned Aerial Vehicles (UAVs) has been
increasingly used in navigation and communication fields [7,8]. Compared to ground-
based PNS, air-based PNS utilize UAVs and other airborne carriers to broadcast navigation
signals [9], which provide advantages such as strong emergency deployment capabilities,
wide signal coverage range, and flexible deployment that is not restricted by ground
environmental conditions [10,11]. Moreover, the network topology of UAV-based PNS
is flexible and adaptable, allowing dynamic adjustments in platform configuration and
distribution based on user service characteristics, enabling on-demand utilization of UAV
pseudolite station resources. In contrast to ground-based PNS, the fixed-wing UAVs flying
at an altitude of several kilometers allow similar navigation signal power at ground level
from different UAVs, thus mitigating the effects of the near—far problem in ground-based
PNS. However, there are two major technical challenges associated with air-based PNS,
which greatly restrict its development. The first is the establishment and maintenance of
a spatiotemporal reference for airborne platforms. This issue is typically not a concern
when GNSS are available [12], but in GNSS-denied environments, it needs to be addressed
through other means, which has attracted attention from scholars in the field [13,14].
This paper does not involve this issue but will discuss it in future articles. The second
technical challenge comes from UAV platforms’ limited range and endurance, necessitating
multiple batches of UAVs to relay flights as maintaining continuous navigation service
for ground users. As a result, current research on dynamic deployment and flight path
optimization for air-based PNS remains limited to a small number of pseudolites self-
organizing networks with low-dynamic platforms, primarily consisting of airships and
rotorcraft UAVs [9,10,15,16]. It is worth noting that although rotorcraft UAVs have the
capability of hovering, which can simplify the flight path optimization problem to some
extent, the generally short flight duration of rotorcraft UAVs makes long-term ground
navigation service relatively costly. Therefore, this paper primarily considers the flight
path optimization problem of fixed-wing UAV swarms in providing navigation services to
ground users.

The optimization design of a UAV swarm flight path is fundamental to establishing a
regional UAV-PNS. From the perspective of users, the optimized flight path should result
in minimal Dilution of Precision (DOP) factors for all potential ground users within the
service region, maintaining spatial and temporal stability [17]. From the viewpoint of
system construction and operation, the optimized flight path results should minimize
the required swarm size and flight costs [18]. The constellation design of GNSS (both
medium/high orbit and low orbit) is constrained by the fundamental laws of satellite
orbital dynamics [19], and the design methods are relatively mature. In ground-based PNS,
the station layout problem is essentially a static issue; rotorcraft UAVs can remain at fixed
points, which also makes the use of rotorcraft UAVs as broadcasting stations similar to
ground-based PNS and relatively straightforward [14,16]. In contrast, the non-hovering
resident characteristics of fixed-wing UAVs makes the corresponding base station layout
problem no longer a static problem. Moreover, due to the flexibility of fixed-wing UAVs,
the corresponding base station layout problem can no longer be fully copied from the
relevant design methods of GNSS. Therefore, the flight path optimization problem of UAV
swarms in fixed-wing air-based navigation systems is fundamentally different in boundary
conditions constraints from those in GNSS or ground-based PNS.
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The boundary condition constraints of fixed-wing UAVs’ flight path optimization
requires attention. Essentially, whether it is the UAV flight path optimization problem in
UAV-PNS, ground-based pseudolite layout optimization problem, or GNSS constellation
design, all those multivariable optimization problems with multiple constraints fall into NP-
hard problems in the field of computer science [19]. Some scholars seek optimal solutions
by adjusting system parameters based on engineering experience [20-22]. As system scales
continue to expand, more sophisticated random search strategies are needed to find better
solutions; these methods are commonly referred to as random search algorithms, such as
the genetic algorithm (GA) and its improved versions (the non-dominated sorting genetic
algorithms, especially NSGA-II and NSGA-III) [19,23-25], particle swarm optimization [26],
etc. In recent years, artificial intelligence methods have been widely applied to solve
nonlinear time-varying problems which cannot be directly modeled; many researchers also
use reinforcement learning approaches for such issues [27,28]. The evaluation of algorithms
typically focuses on two aspects: whether the algorithm can find the optimal solution, and
the computational resources and time required to find that solution [15]. The ability of
an algorithm to find the optimal solution is equally important for fixed-wing UAV-PNS,
GNSS, and ground-based PNS. However, regarding computational effort and solution
time, GNSS and ground-based PNS are generally used for fixed scenarios, allowing for
prolonged investment of time and computational resources to optimize station layouts
in engineering practice [29]. In contrast, fixed-wing UAV-PNS are typically employed in
emergency scenarios, such as natural disasters or when existing navigation systems are
temporarily unavailable [30,31], requiring dynamic adjustments to a UAV swarm flight
path based on changing user demands. This places great demands on computational
resources and solution time for flight path optimization.

Overall, current research on air-based pseudolite navigation systems has rarely con-
sidered the specific requirements for establishing regional emergency navigation systems
using a fixed-wing UAV swarm. This is because, first, there is a lack of studies on ap-
plication scenarios and system design for fixed-wing UAV regional navigation systems.
Second, there are insufficient targeted solutions for UAV swarm flight path optimization
algorithms. To address these issues, this paper first designs a UAV-PNS architecture, en-
suring the orderly operation of the system as well as the accuracy and stability of ground
users’ positioning performance. Next, we improved the mutation module of NSGA-III
with an acceptance-rejection method, thus proposing a UAV flight path optimization algo-
rithm ARMNSGA-III, and compared it with NSGA-IIL Typical scenarios are selected for
algorithm simulation and validation. The main sections are arranged as follows: Section 2
introduces the application scenarios of the UAV-PNS and the system architecture, including
positioning principles, performance evaluation metrics, and UAYV flight path representation
methods. Section 3 formulates the problem and presents the ARMNSGA-III, including
chromosome encoding, the fitness function, and a population evolution strategy that con-
siders user weights patterns for UAV flight path azimuth and speed optimization. Section 4
validates the performance of the UAV-PNS from the perspectives of UAV flight path opti-
mization, algorithm efficiency improvement, and evaluation of factors affecting positioning.
Finally, the paper summarizes the conclusions and outlines future work prospects.

2. UAV-PNS Application Scenario and System Architecture

This section consists of two parts. First, it introduces the application scenario, refining
and simplifying complex real-world situations. Then, based on the application scenario, it
designs the system architecture, clarifying the system’s operating mechanisms, performance
evaluation metrics, modeling, and representation methods.
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2.1. Application Scenario

Considering a typical scenario for deploying UAV-PNS faced by regional user groups,

as illustrated in Figure 1, the main elements illustrate as follows:

The fixed-wing UAVs take off and land from a ground airport (shown as the blue tri-
angle in Figure 1), with the airport’s location information known a priori. Considering
UAV-PNS are usually used in special scenarios such as disaster relief, the airport is
located outside the service region.

Ground users are situated within the defined service region (shown as the red dot in
Figure 1). Without loss of generality, this discussion is based on a rectangular shape. It
is assumed that the limited height differences between different users have minimal
impact on DOP values and positioning accuracy, particularly considering the high
operating altitude of UAVs, thus presuming that users are on the same horizontal
plane at ground level. Considering different demands of users disperse on the service
region, the weights of each user in the service region are different and known a priori.
The UAV platform transmits navigation signals to the ground using a GNSS-like signal
design. The spatiotemporal reference of UAV platforms is resolved through external
means, such as GNSS or ground-based beacons; this paper will not discuss these in
detail. Users determine their positions using the four-satellites intersection method
with pseudorange measurements.

The endurance of the UAV is affected by its altitude and speed. UAVs tend to oper-
ate within specific altitude and speed ranges to achieve maximum hover time. This
study considers UAVs flying at a constant speed and altitude, determining corre-
sponding endurance based on their speed and altitude [32]. Additionally, the impacts
of turning and takeoff/landing on endurance are incorporated as constraints in the
optimization [33].

To maintain prolonged ground navigation services, multiple batches of UAVs are

required to conduct relay flights.

- = Service region

UAV airport
User

D UAV flight path

Figure 1. Typical Scenario of UAV-PNS.

UAV-PNS utilize the pseudorange measurements for distance measurement and posi-

tioning. The spatiotemporal reference for UAVs can be established using GNSS or other

ground calibration methods, which will not be further discussed in this paper.
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2.2. System Architecture

The following three sections will provide a detailed overview of the UAV-PNS archi-
tecture, mainly consist of three parts. First, the principles of pseudolite measurement and
positioning are introduced. Next, indicators for evaluating UAV-PNS performance are
further refined. Then, the characteristics of the UAV flight path will be distilled based on
the application scenarios. The architecture illustrates how the system operates, providing a
foundation for the design of the optimization algorithm.

2.2.1. Principle of Measurement and Positioning

The pseudolite carried by the UAV broadcasts pseudorange observations to ground
users, considering the pseudorange measurement model in Single Point Positioning
(SPP) [1]:

Psi = [|Tu — Tsil|+cty — ctsi+e (1)

0si is the i-th pseudorange observation received by the user; each observation the user
received comes from a pseudolite on a UAV. v, = (xy, Yy, z4) and 1y; = (X, Ysi, Zs;) are the
user and UAV’s 3D position vectors at the observation time, respectively. ¢, and t;; are
the clock deviation between the user and the UAV to the reference time, respectively. c is
the speed of light and ¢ is the measurement noise. It is stated that the position and clock
deviation of the UAV are known to the user. Linearize (1) and write it in matrix form:

Ap+ & = HAx (2)

Ap is the measurement vector correction. Ax is the correction of the state vector to be
estimated. H is the observation matrix. ¢ is the measurement noise vector. Ap consists of
the corrections of all UAV navigation signal observations visible to the user:

Ap = [dpsl dpsz -+ dPsn}T (3)

Ax consists of the user’s 3D position corrections and the receiver’s clock deviation
correction multiplied by the speed of light c:

T
Ax = [dxu dy,  dzy cdtu} (4)

H consists of the direction cosine of the unit vector from the user to the observed
UAVs, presented as follows:

Xy —Xs1 s Zu—Zs] 1
Ire—raall  lru—raall  Jlru—rs]]
—Xs2 —Ys2 Zy—Zsp 1
H= l[ru—rs2 | [[ru—12 | [E (5)
Xy —Xsn Yu—Ysn Zu—Zsn 1
lltu—2on | [E [t —tsn |

The least square is applied to solve the correction of the user’s four-dimensional state
vector in Formula (2):

-1
Ax = (HTH) H Ap ©6)
By iteratively solving the user’s position and clock deviation correction, combined

with the initial value of the user’s state or the state value of the last epoch, the user’s
location can be solved.
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2.2.2. System Performance Evaluation Indicators

The paper conducts the performance evaluation for the UAV-PNS from three aspects:
the positioning accuracy, aircraft utilization rate, and response speed of position mission,
corresponding to the instantaneous visibility and GDOP, the aircraft utilization rate of
UAVs, and the establishment time of the UAV-PNS. These indicators actually represent the
optimization objectives in the next section.

1.  Instantaneous visibility and GDOP

The UAV-PNS pursues to provide continuous positioning service for ground users;
its positioning performance can be studied from the performance of a certain time
slice (epoch).

According to Formula (6) in Section 2.1, the positioning performance of the UAV-PNS
is mainly determined by H and Ap. Ap represents the ranging error of all visible UAV
navigation signals; (HTH) ! is the magnification factor from measurement error to user
position error, which exactly represents the Geometric Dilution of Precision (GDOP) in
UAV pseudolite positioning [1,34].

Before calculating the GDOP, the visibility judgment between the UAV and the user is
first required. Figure 2 illustrates the visibility of UAV navigation signal to the ground.

Coverage Radius

Figure 2. UAV navigation signal coverage.

The research focused on fixed-wing UAVs flying in several kilometers, so the impact
of the altitude of ground users is not considered. Let the minimum observable altitude
angle of the UAV be Ey, the radius of the Earth is R,, and the altitude of the user and the
flight height of the UAV are H,, and H;, respectively. Considering the Earth as a standard
sphere, the covering hemisphere central angle from the UAV to the plane where the user is
can be given by the following:

Re+H
6. = arccos (RZ%-H: cos Emm> — Emin (7)
The radius of coverage of the UAV in the horizontal plane of the user’s altitude is

as follows:
Re = (Re + Hu)ec 8
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The relationship between the UAV’s coverage radius and its altitude at different
elevation mask angles is shown in Figure 3. Both the flight altitude and the elevation
mask angle are positively related to the coverage radius. The paper considering the
elevation mask angle as 8 degrees is common sense, while the coverage radius of the UAV
is 7.1~41.7 km and its flight altitude range is 1~6 km [1,11,32].

70 T T T T T T
Elevation mask angle:5°
60 - Elevation mask angle:8° 1
g Elevation mask angle:10°
Z 50 + :
7]
o
< 40+ :
&
L]
&
o0 30 .
b
>
o 20+ i
)
10 + .
0 L L L L L L
0 1 2 3 4 5 6 7

Altitude/km

Figure 3. Relationships between UAV coverage radius and altitude.

After the visibility judgment, the GDOP is calculated based on the diagonal weight
coefficient of (HTH) ! as shown in Equations (9) and (10):

—1
G = diag (HTH) = diag(g11, 822, 833, §a4) )

GDOP = /g11 + 22 + 833 + Qa4 (10)
2. The aircraft utilization rate of UAVs

An excellent UAV-PNS system design should minimize costs as much as possible,
that is, the overall UAV aircraft utilization rate. Each UAV’s aircraft utilization rate can be
approximately formulated as the flight duration divided by endurance [35]. The factors
that can affect the maximum endurance of a fixed-wing UAV include its flight speed and
altitude during cruise, height changes during takeoff and landing, as well as the radius of
turns, etc. [32]. This subsection considers approximate modeling of the endurance due to
the main maneuvers during the UAV’s flight: the speed and altitude, the turning, and the
takeoff and landing.

For a UAV cruise at constant speed and altitude, its speed and altitude will approx-
imately determine its basic endurance. According to the relationship between UAV’s
endurance and speed/altitude, this paper approximately models it as a quadratic function.
The basic endurance is defined as Ej:

Ey = mi (a1 (0 = o)’ an
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v is rate of flight speed, a1 and a4, are constants. vy, is the flight speed corresponding
to the maximum endurance. m; is the scale factor.

For the endurance loss caused by UAV turns, this paper only considers constant speed
and constant radius turns. It is approximated to be modeled as a function of turn time and
turn radius, described as AE;:

0
AE; = mzRLTf; (12)

f7r is the steering angle, the Rty is the turn radius. m; is the scale factor.

For the endurance loss from UAVs taking off and landing between the airport and
specified altitude, this paper models it with altitude change during taking off and landing,
as shown in AE;. mj is the scale factor.

AE; = m3zAh (13)
Above all, the endurance function due to UAV flight maneuvers is as follows:
E(v,h,0rr, RTR) = Ep — AE: — 2AE, (14)

3.  The establishment time of the UAV-PNS

In order to assess the response speed of the UAV-PNS to the emergency mission,
the time from the beginning of the mission to system mature establishment is defined
as an independent evaluation metric. Considering the characteristic of system mature
establishment could be a basic positioning performance for the users, in order to satisfy the
basic conditions for SPP (the user achieves quadruple coverage), it should be ensured that
the number of instantaneous UAVs observed by the user reaches more than 4. Therefore,
in this paper, Ny is defined as the average value of the number of instantaneous UAVs
observed by all the users, so the time from the mission beginning to when satisfy (15) is

regarded as the establishment time of the UAV-PNS, represented as Tsg

NvO >4 (15)

2.2.3. UAV Flight Path Representation

The previous section presented the performance evaluation metrics of the UAV-PNS.
According to Equations (1) and (5), the dynamic relatively positional relationship between
UAV and the user significantly affects the system’s navigation performance. For the
modeling and representation of the flight path of the fixed-wing UAVs considered and
utilized in this study, classical representations of fixed-wing UAVs’ flight paths are primarily
constituted by a time-varying state vector, which generally includes position, velocity,
acceleration, attitude, and angular velocity [32]. However, considering the flight constraints
in a fixed-wing UAV’s actual flight (in the second part of Section 2.2.2), this study simplifies
and models the fixed-wing UAV swarm flight path based on the fifteen-dimensional
state vector information by employing a piecewise linear model, which is similar to the
navigation satellite orbital models. This approach mitigates the computational burden
associated with multiple time-varying parameters during flight path optimization and
reduces the likelihood of converging to local optima, thereby enhancing the accuracy of
navigation ephemeris. The simplified flight path parameters primarily include flight path
azimuth, flight speed, and flight altitude, which will be discussed in more detail below.
The flight path characteristic parameters during the fixed-wing UAV flight are illustrated
in Figure 4.
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8

Figure 4. Fixed-wing UAV flight path characteristic parameters.

1. Flight path azimuth

The satellite orbital using inclination, right ascension of the ascending node, and
argument of periapsis to determine the position of the orbital plane in ECEF, similar to
satellite orbital design, in the model of the piecewise linear flight path, fixed-wing UAV’s
orientation, and flight range determines its service region. The angle between the UAV’s
orientation and the eastward direction of the geographic coordinate system is defined as
the flight path azimuth. Let the number of flight paths be N”, each path consisting of N*
line segments. The n;-th flight path and its np-th segment is denoted as O, and the
azimuth of all flight paths form the azimuth vector ©:

0 = (011,012 ..., 0N Ne] (16)

2. Flight speed and flight duration

Once the UAV flight path azimuths were given, the attribution of the fixed-wing UAV
flight paths should include flight speed and flight duration, which in turn determine the
flight range. Flight speed and flight duration reflect the temporal evolution of the spatial
relationships among of the UAV swarm. Flight speed and flight duration of all flight paths
can be represented as vectors V and T’, respectively:

V = [v1,02,...,0N7] (17)

T =[1],Ty,..., Ty (18)
3. Flight Altitude

The flight altitude of the fixed-wing UAV can also be regarded as a determining
attribute of the flight paths. It influences the signal coverage and the UAV’s visibility.
However, in this study, an increase in UAV altitude is assumed to solely enhance coverage
capability. The UAV altitude is positively correlated with the service capacity of the UAV-
PNS, rendering optimization of this parameter of limited significance. Therefore, this
paper considers while there are differences in UAV altitudes across all flight paths to avoid
collision, these differences are minimal, the optimization algorithm approximates all UAV
altitudes as being uniform.
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3. Optimization Algorithm for UAV Swarm Flight Path

This section focuses on the modeling and optimization methods for UAV swarm
flight path optimization for the UAV-PNS. The problem modeling includes constraints and
fitness function. Following the problem modeling, a search method for UAV flight paths’
characteristic parameters that accounts for the prior weights of users is proposed. Based on
this, a versatile improved genetic algorithm is introduced.

3.1. Problem Formulation

From the typical scenarios presented in Section 2, considering the fixed-wing UAVs
require an airport for takeoff and landing, this study simplifies the problem by focusing on
a single airport (the multiple airports scenario is mathematically consistent with a single-
airport model; the research from the single-airport perspective does not lose generality),
with all UAVs taking off from the same location. For ease of simulation, setting the
simulation period T the same as the maximum endurance of UAVs as E"™%%, the users
are treated as static within this period. The study also considers batch relay organization,
defining the UAV relay time interval as revisit time (RET) in reference to the concept of
satellite revisit time [19]. A UAV-PNS is established to provide positioning services to users,
and the fitness function constructed simultaneously reflects the various metrics discussed
in Section 2.2.2, allowing for the evaluation of UAV flight path optimization results.

The constraints and fitness function will be discussed next in detail.

3.1.1. The Constraints

Based on the flight path characteristic parameters outlined in Section 2.2.3, the follow-
ing assumptions are made to simplify the problem modeling:

e  The total number of flight paths N” and UAVs’ flight speed and altitude are fixed,
every flight path is equally divided into N* segments, and each segment has a specific
flight path azimuth, thus forming a piecewise linear path.

e  The UAV will complete the entire mission from takeoff to landing in the flight duration
T},. For each flight path, the assigned flight speed and altitude, turnings, and altitude
changes due to takeoff and landing are fixed, giving the flight path a corresponding
endurance, which means the longest flight duration for UAVs. Therefore, the flight
duration T}, should be less than the endurance, respectively.

e In order to ensure robust UAV-PNS service performance, it should maintain a stable
quantity of UAVs in flight. Considering UAVs periodically take off to relay along the
flight paths, each path has a fixed revisit time (RET), represented as the vector TRET

as follows:

TRET — |\ TRET TRET . TRET (19)

Based on the aforementioned assumptions, the number of UAVs N;® that are contin-
uously online for the n-th flight path and the total number of UAVs NY4V are calculated
as follows:

Ny =T, /TR (20)

NV
NUAY = ¥~ NJs (21)
n=1
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Additionally, considering the UAV’s flight speed range Vrﬁn~Vr{éX and altitude range
H£m~HIfrfaX, let the airport coordinates be (xairport, Yairports zm-rport) and the UAV’s constant
altitude set as . Based on the UAV endurance model established in Section 2.2.2, the flight
duration T}, for the n-th flight path is given by the following;:

T;Z < E<Un/ hO/ Gn,i/ Rtrmin) = nm (a2 —aq (Un - Ume)z) Z On i 2m3h0 (22)

Rtrmm

Rirmin is the turning radius at the junctions of segments in the piecewise linear flight
path. The condition for achieving the theoretical maximum value T"™# is that the UAV
flies at its maximum endurance speed v;,,, and the entire flight only involves a straight
path with a 180-degree turn, thereby minimizing the maneuvering endurance loss. Under
these, the maximum endurance is expressed as follows:

E/max

= myay; — my - 27713]10 (23)

Rtrm'm

By organizing the above constraints, we obtain the following:

st.vne{l1,2,...,N"},
s (t) (xazrport/ Yairports Zmrport) t=0,T;,2T, ...
Vfl <oy < Vr{laxr Hfl S hn =hy < Hrj;ax (24)

min

NrsTRET < Ermax Z Nrs < NUAV

n=1

3.1.2. The Fitness Function

When formulating the fitness function utilized in the algorithm, primary objectives
must be thoroughly considered. According to Section 2.2.2, the objectives are the instan-
taneous visibility and GDOP, the utilization rate of UAVs, and the establishment time of
the UAV-PNS. Then, the fitness functions can be formulated as follows, corresponding to
the objectives:

1. The first fitness function reflects the continuous positioning accuracy level of the
weighted users, as well as the stability of the positioning accuracy.

For the evaluation of continuous positioning performance, both the average and
variability of users’ continuous GDOP should be considered; the continuous GDOP could
be seen as the extension of instantaneous GDOP in time. This study references commonly
used fitness functions in navigation constellation design [15,19], while accumulating the
weighted average and weighted standard deviation of GDOP for users within the service
region, statistics of the simulation period T, including e, epochs. Accordingly, the first
fitness function F; is expressed as follows:

imax ]max
12: p(xm/]/u])GDOP(xuz/yu]/ )
i=1i=
Eg - ’ imax ]max (25)
Y o (xuu ]/u])
i=1,j=1
imax ]max
L™ b (i ) [GPOP (i yuge) —
i=1,i=
Se - ’ imaxJ Jmax (26)

)3 P(xuzryu])
i=1,j=1
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€n

Fi =) [Ee+S.)/en (27)
e=1

The E, and S, represent the weighted average and weighted standard deviation of
GDOP for users within the region at the e-th epoch. p(xy;,,j) represents the weight of
ground user in grid position (x,;, y,j), and GDOP (x,;, y,j, ) is its instantaneous GDOP at
the e-th epoch.

Furthermore, if a particular grid point cannot achieve quadruple coverage, meaning
that positioning computation for that epoch cannot be realized, the GDOP is set to 50 as
a penalty [34]. For users with computed GDOP results greater than 50, their positioning
results are considered unavailable; their GDOP is therefore set to 50.

2. The second fitness function reflects the costs of the UAV-PNS in terms of the UAVs’
utilization rate.

According to Section 2.2.2, a single UAV’s aircraft utilization rate can be approximately
formulated as the flight duration T}, divided by endurance E (v, hg, 0, i, Riymin ); in statistics
for all the UAVs of the simulation period T, the second fitness function F, is expressed
as (27); it can be seen as the average numbers of UAVs in flight

N’ N’
Ty Ny’

F, = =
n;l E(vn, ho, 0p,i, Rirmin) TRET ,;1 E(vn, ho, 0,1, Rirmin)

(28)

3. The third fitness function reflects response speed of the UAV-PNS to the emergency
mission in terms of the establishment time.

According to Section 2.2.2, the epochs from the mission beginning to the time satisfying

Nyo > 4 are regarded as the establishment time of the UAV-PNS, represented as Tsr. The
third fitness function F3 is expressed as follows:

F5 = Tsg (29)

Regarding the priority of the three fitness functions in the optimization algorithm,
for the UAV-PNS it is essential to ensure that users meet the basic positioning accuracy F)
required for the task. Therefore, F; has the highest priority. During the optimization, after
ensuring that F; < FY, F,, and F; have the same highest priority, by applying the objective
normalization method from NSGA-III [36], the normalized results of F, and F; are summed
to obtain the sorting and population evolution.

3.2. Principle of the Algorithm

Based on the aforementioned fitness function and constraints, this section presents
the principles of the ARMNSGA-III for UAV-PNS flight path optimization. The section
includes the overall algorithm framework, decision variables, and chromosome encoding,
and a search strategy for decision variables.

3.2.1. Algorithm Framework

The NSGA-III could be the most famous algorithm in the GA family, fairly used
in multi-objectives optimization problems [23,36,37]. This paper builds a new method,
ARMNSGA-III, upon NSGA-III by presenting an improved mutation module. It effectively
extracts prior information about users” weights and distribution, and models them as a
specific search model, subsequently employing an acceptance-rejection sampling method
to obtain mutation results, replacing the random mutation strategy in NSGA. During
the population evolution, the interactions among decision variables and their impact on
evaluation results are thoroughly considered. In this paper, the UAV navigation rules are
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utilized to seek the optimal resolution, refining search strategies for decision variables,

thereby reducing the dimensionality of the search space. By modeling the navigation rules

as a specific probability density function (p.d.f), the acceptance-rejection sampling, which

can be applied to generate samples as nonrandom search results reference to the given p.d.f.

This approach enhances the search probability for optimal solutions while ensuring the

completeness of the solutions, thereby improving algorithm efficiency. The algorithm flow

is illustrated in Figure 5.
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Figure 5. Framework of ARMNSGA-III.

points [38].

chromosomes for evolution.

remain 20% unaffected by
mutations.

.......... ¢_._._._._.

Mixed with last generation, then
non-dominated sorting

v

Solutions selection and generate
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The algorithm flow is divided into the following steps:

variables, include flight speed and azimuth search strategy.

utilizing the acceptance-rejection method to generate genes.

uvonnjoas vogendog

Modeling potential navigation rules in the UAV-PNS as search strategies of decision

Using the acceptance-rejection method to sample nonrandom search results to gener-
ate the initial population.
Generate the reference points with three objectives: evaluate the fitness function
values for the population, assign each chromosome with a rank, and select the front

Cross: 10% of elite individuals are retained, while the remaining 90% undergo re-
combination. Mutation: 70% of the individuals with poor fitness values are mutated,

Mix the current generation with the last generation, adopting non-dominated sort-
ing with the reference points, keep chromosomes which are close to the reference
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e  The algorithm checks whether the specified number of iterations has been reached; if
not, the next iteration is performed; otherwise, the algorithm concludes and exits.

3.2.2. Decision Variables and Chromosome Encoding

Each solution of the optimization problem is a chromosome within the population,
which encompasses a complete set of optimization decision variables; each decision variable
terms a gene. In this study, the following genes are concatenated to form a chromosome,
including flight path azimuth, UAV flight speed, UAV flight duration, and RET.

0= [91[1, 91,2, ey GN’,N“]

V= [Ul,Uz, . .,UNr]

T = [T}, T5,..., T]

TRET — [TlRET TZRET TII\{],ET}

(30)

The chromosomes utilize floating-point encoding. Considering practical conditions,
the search step size for flight speed is set to 0.1 km/h, while the search step sizes for flight
duration and RET are set to 0.01 h. Under the predetermined number of UAV flight path
N7, the variables in Equation (29) constitute a complete spatial position evolution model
for the UAV-PNS.

3.2.3. Search Strategy for the Decision Variables

GAs facilitate chromosome variation through operations such as cross and mutation,
thereby promoting the emergence of potentially superior individuals. Cross involves the
arrangement and combination of variables across different dimensions, while mutation
introduces genes that may not currently exist in the genome. NSGAs primarily employ
a uniform random search strategy, resulting in a limited effective space across different
search dimensions in the solution space. This study focuses on flight path optimization
for dozens of UAV platforms; the decision variables and objectives can be numerous and
coupling, characterized by a large search dimension. To identify the effective search interval
for each dimension and ultimately achieve optimal solutions, an effective search strategy
is required.

To improve search efficiency, this study proposes a nonrandom search method based
on the acceptance-rejection sampling method. It employs the Monte Carlo principle to
generate random numbers that satisfy any probability density function (p.d.f), with the
fundamental principle of conditional probability [39]. This approach provides a means
to generate mutation values according to prior parameter distributions [40,41], thereby
enhancing the mutation strategy. Acceptance—rejection sampling is widely used for generat-
ing samples that conform to specified probability distributions, offering a simple and rapid
solution that ensures increased algorithmic search efficiency at a small computational cost.
In the design of the search strategy, prior knowledge about users” weights and distribution
is utilized as guidance in modeling the search strategy for the parameter, including flight
path azimuth and flight speed. The p.d.f defined over the parameter search domain corre-
sponds to the probability, thus serving for the acceptance-rejection method and outputting
the decision variables mutation values. The principle is illustrated in Figure 6.
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Figure 6. Principle of the searching strategy modeling.

The search strategy possesses two advantages: first, it integrates statistical character-
istic analysis aligned with navigation rules to enhance search efficiency; second, the non-
random sampling does not exclude non-priority solution spaces, retaining potential genes
within the combined solutions, thus maintaining the completeness of the search space.

The following two parts will model the flight path azimuth and flight speed based on
the principles illustrated in Figure 6.

1.  Acceptance-rejection p.d.f for flight path azimuth

Intuitively, the weights and distribution of ground users are significant factors in
determining the UAV flight path azimuth. Specifically, when the UAV departs from each
junction of the piecewise linear flight path, it should orient toward a position prioritizing
higher users” weights for pursuing potential visibility and GDOP. Consequently, an appro-
priate UAV flight path azimuth can be identified based on the prior weights of users within
the service region. By accumulating the users’” weights along the coordinate axes, the values
indicate the expectation after orthogonal decomposition of the flight path azimuth.

For a specific users” weights and distribution map, under the WGS84 coordinate
system, the cumulative projection of users’ weights along the northward direction is
ultimately projected onto the eastward coordinate axis to obtain pdf,. Similarly, the
cumulative projection along the eastward direction onto the northward coordinate axis
yields pdf,. The acceptance-rejection method is then employed to derive x, and y),
representing the projections of the flight path azimuth in the eastward and northward
directions, respectively, thereby determining the flight path azimuth as a mutation result:

0= arctany—p (31)

Xp
2. Acceptance-rejection p.d.f for flight speed

Users” weights and distribution are often uneven, characterized by varying distances
from the UAV airport. Once the flight path azimuth is determined, the distribution of
users’ weights along this azimuth is known. By means of testing different flight speeds and
statistically assessing the coverage users” weights, the relationship between assessed results
and corresponding flight speed can serve as a p.d.f for acceptance-rejection. To discretize
the velocity interval, conduct equal interval sampling within the range of flight speed:

v v s, v (32)

min’/ * min
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s is the sampling interval. Each sampled speed is used to generate a flight path
segment along the azimuth. The total user coverage weights ) p are calculated. The
coverage weights of users correspond to speed in (29):

Yo (Vi) Lo (Vi +7) - Lo (Vi) (33)

The coverage weights are used to construct an acceptance-rejection p.d.f input, char-
acterizing the coverage and positioning capabilities corresponding to the respective flight
speed. This enables an uneven search strategy during the flight speed parameter search.
The flight speed acceptance-rejection sampling p.d.f is illustrated in Figure 7.
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Figure 7. UAV flight speed acceptance-rejection sampling p.d.f.

Thus, the p.d.f representing the weights and distribution characteristics of users can
be derived. The proposed method achieved efficient utilization of UAV resources according
to users demands. For multiple airports in practical engineering, the decision variable
mutation search p.d.f can be modeled for each airport, and the fitness function can be
evaluated by aggregating the UAV swarm paths for all airports.

4. Simulation Design and Result Analysis

This section begins with the simulation design of the UAV-PNS, delineating the
specific service region and configuring system parameters. Subsequently, UAV flight path
optimization based on the ARMNSGA-III is conducted, followed by static and dynamic
analyses of the algorithm’s results. The performance enhancement of the ARMNSGA-IIT
algorithm is compared to the NSGA-IIL

4.1. Simulation Design

The simulation was conducted to verify the effectiveness of UAV swarm flight path
optimization based on the ARMNSGA-III, then further research the impact of flight path
characteristic parameters on the performance of the UAV-PNS. The content next includes
the delineating of service region, the configuration of users” weights distributions, and the
setting of algorithm parameters.

The simulation uses real population density distribution of a specific region as users’
weights distribution [42], regarding population density in the grid as its weights. The
blue dashed box presents the service region, with the coordinates of the four vertices
defined as (23.0543 °N, 114.6229 °E), (23.0080 °N, 114.6692 °E), (23.1469 °N, 114.7155 °E),
and (23.1006 °N, 114.7618 °E), with the airport located at (23.0250 °N, 114.7170 °E). The
simulation period is set as 1 h; the unit grid size for calculating the fitness function is chosen
to be 5 km. The users” weights distribution within the region is illustrated in Figure 8.
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Figure 8. Users” weights for simulation. The intensity of red indicates user weights and a darker
color represents higher weights. The schematic representation of users” weights.

The predetermined simulation parameter settings include a simulation period for
1 h, divided into 100 epochs. The UAV flight paths amount is fixed as eight; each flight
path equally divides into 10 segments. The maximum number of available UAVs is 32.
Referencing the flight speed and altitude range of medium-sized fixed-wing UAVs, the
UAV speeds and altitudes ranges are set as 60 to 160 km/h and 1 to 6 km, respectively.
To ensure UAV coverage, the altitude is fixed at 4 km, correspond to a 26.8 km coverage
radius. The basic F; required by the task Ff’ is set as 20. All algorithm preset parameters are
detailed in Table 1 and Figure 5. Once the flight path’s characteristics are established, the
relationships between endurance, range, and flight speed of the UAVs are illustrated in
Figure 9, respectively.

Table 1. Simulation parameter settings.

Simulation Parameter Value
Max number of UAVs (NUAV) 32
Number of flight paths (NU4V) 8
Piecewise linear segments (N*) 10
Maximum flight duration of UAVs (E""™#) 1h
Simulation period (T) 1h
UAV flight speed (V/ ~ViL,) 60~160 km/h
UAV altitude (hg) 4 km
Basic Fj required by the task (Flb ) 20
Scale factor (my, my, m3) 1,8.5,0.01
Constants (a1, a») 10-%,1.25
Unit grid size 5 km
GA chromosome number 100
GA iteration times 300

GA mutation probability 10%
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Figure 9. The relationships between endurance/range and flight speed. The longest range is
131.6 km, corresponding to the longest endurance speed v;,c of 154.9 km/h. The black dashed line is
the upbound.

4.2. Results Analysis and Evaluation
4.2.1. Presentation of Simulation Results

Figure 10 presents the simulation results of UAV flight path optimization. After
numerous iterations, the results can be considered approximately optimal. Figure 10a
shows the variation of fitness functions during the algorithm iterations (as the prior stated
in Section 3.1.2, fitness function 1 has the highest prior before reach the basic position
accuracy F}). Figure 10b displays the top-performing individuals (the top 1% based on the
normalized ASF equation of NSGA-III [36]) from the output population of the algorithm; it
reveals the potential Pareto front.
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Figure 10. Iterations of the fitness functions and the potential Pareto front. (a) shows the variation of
fitness functions during the algorithm iterations, (b) presents the top-performing individuals as pink
dots, the points with darker colors indicate better ASF.

Now we choose one of the best solutions to show the UAV flight path and the perfor-
mance. In Figure 11, (a) is the optimized flight path with users” weights. The black polyline
is the flight path; every UAV takes off and lands in the airport which is the green triangle
in the figure, so every polyline forms a closure polygon; the light blue number in flight
path marks the serial number of flight path. Meanwhile, (b) presents the flight path with
average GDOP in epochs of every grid, where the grids with 0 weights are not calculated.
Finally, (c) and Table 2 present decision variables of the optimal results.
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Table 2. The optimization results of UAV flight path azimuth (degrees).

The number of segments along UAV’s flight
1 2 3 4 5 6 7 8 9 10
96 150 96 102 99 262 282 287 314 296
96 100 67 96 96 276 276 247 280 276
145 119 149 117 144 324 302 329 327 292
95 81 94 73 101 269 253 274 272 275
99 94 69 92 101 281 272 249 274 279
80 95 82 82 79 259 263 262 265 270
142 147 159 159 68 246 323 339 346 319
157 151 156 159 157 337 339 336 331 337
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Figure 11. Simulation results of UAV flight path optimization: (a) presents the flight path with user

distribution and weights, (b) presents the flight path with average GDOP in epochs of every grid,
and (c) presents the decision variables (flight path azimuth in Table 3) in (a,b).

The algorithm’s optimal results indicate the proposed flight paths converge towards
regions of higher weights, with many flight paths ultimately exhibiting a simple polyline
segment, like 3, 6, and 8. In fact, the UAVs on these flight paths approximately return along
the same path. As derived of the theoretical maximum endurance E"™® in Section 3.1,
this kind of flight path can effectively enhance the utilization rate of UAVs. Some flight
paths exhibited an approximate spindle shape, like 1, 5, and 7. This type of flight path
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effectively utilizes the limited flight duration of the UAV, thus enabling a rapid deployment
to the service region and facilitating UAVs’ dispersion distribution. According to the
principles of SPP, a tetrahedral layout of the positioning base stations relative to users
typically yields favorable GDOP metrics. Consequently, the flight paths illustrated in the
figure are appropriately dispersed within the service region.

As the system performance, the average E, in epochs E, = 9.711 means that when
the user’s equivalent ranging error (UERE) is approximately 1 m [17], the user’s average
positioning accuracy reaches the 10 m level. F, = 22.04 means there are 22 UAVs performing
tasks at any given moment on average; F3 = 0.14h means it takes 8.4 min to ensure the
average number of observable UAVs for the users reaches four visible UAVs. The results
indicate the UAV-PNS possesses a basic navigation performance.

To analyze the distribution of the average GDOP in epochs in Figure 10b specifically,
the service area was statistically assessed using grid points as units. The variations over
time at different grid points will be discussed in detail in the next section. Statistical analysis
reveals that on average over the simulation period, 99.98% of users had an average visibility
of more than four UAVs. This suggests the feasibility of instantaneous SPP. Regarding
user’s average GDOP during the simulation period, 98.59% of users had an average GDOP
below 20. The position service can be fairly used [34]; as nearly half of users possess an
average GDOP below 8§, it is a relatively good performance. Subject to the UAV costs, the
percentage of users with an average GDOP below 6 is still small. A comparative summary
of the statistical results is presented in Table 4.

Table 3. UAV-PNS performance.

UAV-PNS Performance Value

The first fitness function (F;) 15.671
Average E, and S, in epochs (E.and S,) 9.711, 5.96

The second fitness function (F,) 22.04

The third fitness function (F3) 0.14h

In summary, the flight path optimization results provided by the algorithm satisfied
the navigation demands of the majority of users in the region, with visible UAV counts
exceeding four and moderate position accuracy. However, due to constraints such as
the limited UAV count, flight speed, and endurance, a small number of users experience
insufficient positioning performance. In practical applications of UAV swarm flight path
optimization and system construction, scenarios involving multiple airports for UAV
swarm cooperative positioning will be considered. As the diversity and specificity of
airport numbers and UAV quantities, the UAV-PNS performance indicated by the algorithm
will be significantly improved.

Table 4. Statistical results of users” average positioning performance in epochs.

Metrics Percentage
Average visible UAV number reach 4 99.98%
Average GDOP < 20 98.59%
Average GDOP < 8 41.24%

Average GDOP < 6 15.17%
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4.2.2. Evaluation of Dynamic Performance

To analyze the variation in system performance during the simulation period, typical
epochs are selected to reveal the dynamic evolution of UAV-PNS and user GDOP metrics.
Figure 12a—d represent the distributions of user instantaneous GDOP and UAYV instanta-
neous positions (represented as light purple circles) on the flight path at 0.15h, 0.2 h, 0.3 h,

and 0.5 h, respectively.
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Figure 12. User’s instantaneous GDOP in different time after system request: (a) presents 0.15 h,
(b) presents 0.2 h, (c) presents 0.3 h, and (d) presents 0.5 h.

As for Figure 12ab, it can be inferred that UAVs dart at the region in the early
stage of the flight duration. The system is capable of achieving rapid establishment from
external airports to distant regions, effectively utilizing the maneuverability advantages of
fixed-wing UAV platforms. Simulation results show the establishment time Tsg reaches
0.14 h. Figure 12¢,d show the UAV swarm gradually covered the entire region, with users’
instantaneous GDOP reaching below 3. This indicates high positioning accuracy while the
first batch of UAVs just began to return. It portends users’ GDOP metrics became excellent
and robust after the UAV-PNS maturely operated.

During the dynamic establishment, the performance of ground grid points was evalu-
ated. We analyzed it in spatial and temporal dimensions: In spatial, the mean GDOP of the
best 20%, bottom 20%, and middle 60% of grid users were shown in epochs, respectively, in
Figure 13a. In temporal, the percentage changes in grids corresponding to different levels
of GDOP were statistically analyzed in epochs, as illustrated in Figure 13b.

According to Figure 13, as the UAVs rapidly approach the service region, there is a
significant improvement in the performance of grid points with initially poor positioning
metrics. For instance, the red curve in (a) and the yellow curve in (b) exhibit the most
pronounced changes across the subplots. The tendency of GDOP is consistent with the
establishment time Tsg for 0.14 h at the gray dashed vertical line, and remains unstable
approximately until 0.4 h. At this point, the curves reach a fluctuation, suggesting that
the system has reached a mature state, thus demonstrating that the UAV-PNS architecture
proposed in this paper ensures navigation accuracy and robustness for users.
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Figure 13. Analysis for grids GDOP in spatial and temporal dimensions during system establishment.
(a) presents the mean GDOP of the best 20%, bottom 20%, and middle 60% of grid users were shown
in epochs, (b) presents the percentage changes in grids corresponding to different levels of GDOP.

4.2.3. Performance Analysis of the ARMNSGA-III

This subsection compares the proposed ARMNSGA-III with the NSGA-III method
under the same constraints and fitness functions. To analyze the algorithm’s efficiency, the
same number of iterations is set, allowing for a comparison of the convergence speed.

With the assistance of flight path azimuth and the flight speed acceptance-rejection
mutation module, the ARMNSGA-III algorithm reduces the dimensionality of the search
space, significantly enhancing search efficiency compared to the NSGA-IIL The tendency of
the fitness functions for comparing ARMNSGA-III and NSGA-IIl is illustrated in Figure 14a.
Under the same parameter configuration described in Table 1, the fitness function tends to
converge around the 50th iterations, indicating that the Pareto front has been approached.
It is evident from fitness function 1 that ARMNSGA-III is faster than the NSGA-III to reach
the F?, and in the following iterations, ARMNSGA-III achieves better fitness values than
the NSGA-IIL. As for the F, and F;, these fitness functions are of secondary priority. For the
F,, ARMNSGA-III is far better than NSGA-III, while the F3 is comparable.
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Figure 14. Timeliness efficiency comparison of the ARMNSGA-III and the benchmark method
(NSGA-III): (a) presents fitness function value convergence during iteration, and (b) presents the
performance comparison of ARMNSGA-III and NSGA-III results after 100th iteration.
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To facilitate performance comparisons, especially in algorithm timeliness, 20 identical
simulations were conducted using both the ARMNSGA-III and NSGA-III. As shown in
Figure 14b, the tendency of the fitness function from the initial to the 100th iteration was
recorded, and the average fitness function results in 20 identical simulations were calculated
for comparison.

Figure 14 illustrates that the fitness functions have better results with the use of the
ARMNSGA-III; the iterations to Ff and the fitness functions (F;, F,, F3) have decreased.
The proposed method efficiently extracts and utilizes prior users” weights distribution
information, and the mutation strategy enables the population to reach solution space with
better fitness values, significantly increasing the likelihood of finding optimal solutions,
approaching the Pareto front of the problem. This enhances the timeliness and efficiency of
the algorithm, demonstrating stronger optimization capabilities for problems with effective
search spaces.

The iteration times to F}, utilizing the optimized search strategy, achieved a 44.01%
improvement in our method compared to the NSGA-III in Figure 14b, demonstrating
the algorithm’s timeliness. Additionally, the fitness functions (F;, F,, F3) decreased by
6.17%, 7.89%, and 1.36% in the 100th iteration, respectively, confirming the ARMNSGA-III
effectively enhanced timeliness and search efficiency.

The simulations were conducted using Matlab R2024a(version number: 24.1.0.2537033)
on a personal computer with an AMD Ryzen 7 5800H CPU and 32GB of memory, manufac-
tured by lenovo, China.

5. Conclusions

This paper addresses the UAV swarm flight path optimization problem in the UAV-
PNS, designing an architecture for PNS based on fixed-wing UAV platforms. Constraints
with the flight costs of UAV swarms, an ARMNSGA-III is proposed with multi-objectives.
Simulations that validated the rationality of the architectural design, and evaluated the
algorithm, are conducted in the scenarios, with results indicating the following:

1.  The UAV flight path optimization effectively enhances the service efficiency of the
UAV-PNS. Under the constraints of limited costs, a regional UAV-PNS has been
constructed, achieving an average visibility of more than four UAVs for 99.98% of
users, with good GDOP metrics revealing moderate position accuracy.

2. Dynamic analysis and evaluation of the system’s operational process demonstrate
that the system fully leverages the maneuverability advantages of UAVs, with an
establishment time of 0.14 h, enabling a rapid deployment. After system mature
deployment, the instantaneous weighted average and weighted standard deviation of
GDOP metrics for users within the region are favorable, ensuring spatial and temporal
continuity and uniformity in the system’s positioning performance.

3. The ARMNSGA-III proposed in this paper incorporates users’ weights distribution
and flight path characteristics in its population mutation strategy, and exhibits better
timeliness compared to the NSGA-III, achieving a 44.01% improvement, demonstrat-
ing superior efficiency.

Future works will focus on the real-time optimization of flight paths and maintaining
spatiotemporal reference for INS-assist UAVs, with direct optimization targets related to
regional user pseudorange and Doppler positioning accuracy.
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