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Abstract—This work examines the use of unmanned aerial
vehicles (UAVs) as mobile anchors to determine the locations of
ground users based on the received signal strength (RSS). This
is motivated by the significance of user location information in
search and rescue operations, post-disaster recovery, and wireless
communication systems. By utilizing the Cramér-Rao lower
bound (CRLB) as a measure of localization accuracy, we jointly
optimize the UAV’s flight trajectory and the users’ transmission
scheduling for localization. We propose an iterative solution
in which the transmission scheduling and trajectory design
subproblems are solved in turn until convergence. We utilize a
successive convex approximation (SCA) approach to address the
non-convexity of the transmission scheduling subproblem and
adopt a gradient descent method to solve the UAV trajectory
optimization subproblem. Extensive simulation results verify that
our proposed solution outperforms various baselines.

Index Terms—UAV trajectory optimization, transmission
scheduling, user localization.

I. INTRODUCTION

Radio signal localization is critical in many applications,
such as search and rescue missions and mobile communication
systems. In the context of rescue missions, it enables the
detection of victims trapped under collapsed buildings during
earthquakes or the tracking of individuals in remote or hostile
areas. In these cases, localization by the Global Positioning
System (GPS) may not always be available due to the lack
of GPS modules on user devices or due to signal blockage in
disaster sites [1]. In mobile communication systems, accurate
user location information is essential for optimizing network
performance. For instance, cellular network operators leverage
geographic user distribution data to enhance network planning
and resource allocation [2]. Similarly, in the Internet of
Things (IoT), sensor nodes are typically low-cost and battery-
constrained, and thus often lack GPS modules, necessitating
the adoption of alternative localization methods [3].

Unmanned aerial vehicles (UAVs) offer notable advantages,
making them increasingly popular in various applications. In
wireless signal-based localization, UAVs equipped with GPS
modules can be deployed as aerial anchor nodes to receive
positioning signals from ground users. Due to their high
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mobility, UAVs can collect signal observations at different
locations, thereby reducing localization error and the number
of waypoints needed in localization [4]. Optimizing the UAV
trajectory and the users’ transmission scheduling is essential to
achieve good performance in UAV-assisted user localization.
This is because the localization accuracy is highly affected by
the location where signals are observed [5]. A poor geometry
deployment of anchor nodes, e.g., collinear points, often
results in a high error in location estimation. Furthermore,
because of power-saving transmission modes and possibly
shared frequency channels, users’ devices cannot continuously
send signals during the mission time. In this case, the users’
transmissions must be optimally scheduled to improve the
effectiveness of the signal measurements at the UAV.

UAV trajectory optimization for user localization has been
investigated in previous works in the literature [4], [6]–
[9]. For example, the works in [4] and [6] optimized the
trajectory of a single UAV that served as an aerial anchor
node to localize terrestrial users based on the received signal
strength (RSS). Also measuring RSSs emitted from ground
users, [7] used a UAV equipped with an array antenna and
followed a predefined trajectory. A score map was constructed
from the measured power, which was then used to estimate
the users’ locations. [8] examined the placement of moving
aerial anchors to localize mobile users while considering their
energy consumption issues. In [9], a UAV-aided positioning
system was proposed to determine the positions of ground
devices using a hybrid method of time of arrival (ToA) and
angle of arrival (AoA) techniques. An algorithm was proposed
to deploy the UAVs iteratively to optimize the Cramér-Rao
lower bound (CRLB) criterion of the positioning process.

Several recent works have jointly optimized UAV trajectory,
resource allocation, and transmission scheduling, particularly
in integrated localization and communications (ILAC) systems
[10]–[12]. For example, in [10], a UAV was incorporated with
ground base stations to serve data collection and localization.
UAV trajectory and transmission schedules were determined to
minimize sensors’ energy consumption. [11] also investigated
an ILAC network assisted by UAVs. They jointly solved the
UAV placement, bandwidth, and power allocation problems
to maximize the communication rate under localization error
constraints. [12] used multiple UAVs to collect data and locate
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sensor nodes. By jointly optimizing the UAV trajectories and
sensor transmission schedule, their goal was to minimize the
localization error under the constraint of the amount of user
data uploaded. Most of the above works placed the UAVs
in fixed locations or restricted their movement on predefined
paths, thus not fully utilizing their mobility. These works also
do not fully examine the joint impact of UAV trajectory and
transmission scheduling on the localization accuracy.

This work examines the use of a UAV as a moving aerial
anchor to localize ground users based on the wireless signals
emitted from the users. The RSS-based localization method
is employed due to its simplicity and the availability of RSS
information on most wireless devices. Our main objective is to
minimize localization errors by jointly designing the UAV tra-
jectory and transmission scheduling. The main contributions
can be summarized as follows:

• We utilize the UAV’s mobility to enhance the quality and
diversity of radio signals received from ground users for
localization purposes.

• The CRLB is used as a measure of localization accuracy,
and a joint trajectory and transmission scheduling design
problem is formulated based on the minimization of the
approximate CRLB. This results in a mixed-integer non-
linear programming (MINLP) problem that is generally
difficult to solve.

• We propose an iterative solution where the transmis-
sion scheduling and flight trajectory are optimized in
turn until convergence. We adopt a successive convex
approximation (SCA) approach to cope with the non-
convexity of the transmission scheduling subproblem and
a gradient descent method to solve the trajectory design
subproblem.

• Simulation results are provided to demonstrate the effec-
tiveness of the proposed algorithm compared to several
existing methods in the literature.

The rest of this paper is organized as follows. In Section
II, we describe the system model and formulate the problem.
The proposed solution is presented in Section III. Section IV
provides simulation results to demonstrate the effectiveness of
the proposed algorithm. Finally, we conclude in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a system in which a UAV is deployed as a
mobile anchor to estimate the location of M ground users.
The localization by the UAV is performed based on the RSS of
signals received from the users over N equal-length time slots.
The users are deployed over an L×W m2 region, as illustrated
in Fig. 1, with positions {um ≜ (xm, ym, 0)}Mm=1 that are to
be estimated by the UAV. Before the mission, coarse estimates
of user positions, denoted by ûm, are assumed to be available.
This can be obtained, for example, by users transmitting their
signals over different time slots, with a transmission schedule
that is broadcast to them by the UAV at the beginning of
each signal collection round. The position of the UAV in time
slot n is indicated by q[n] ≜ (x[n], y[n], h), where h is the
fixed altitude, e.g., to obey government regulations. A binary

Fig. 1: System model

scheduling variable am[n] is defined such that am[n] = 1
if user m is scheduled to transmit in the time slot n and
am[n] = 0, otherwise.

A. Channel Model
In this work, the localization at the UAV is performed based

on the RSS of the signals received from the users. The user-
to-UAV channel follows the log-normal shadowing model,
which is widely used in the literature [5], [13], [14]. The UAV
position is considered fixed during the duration of a time slot,
resulting in a stable channel in each time slot. The RSS (in
dBm) of the signal sent by user m to the UAV in time slot n
is modeled by

Pm[n] = P0 − 10α log10
∥q[n]− um∥

d0
+ ζ, (1)

where P0 represents the reference power (in dBm) measured
at a distance d0, α is the path loss exponent, and ζ ∼ N (0, σ2)
represents the random shadowing noise.

B. Cramér-Rao Lower Bound
In this work, we utilize the Cramér-Rao lower bound

(CRLB) [15] as a measure of localization accuracy based on
the RSSs collected from the users. Note that the locations
of the UAV during the collection of users’ signals can have
a significant impact on localization accuracy. Specifically,
let Nm ≜ {n : am[n] = 1} be the set of time slots
for which user m is scheduled to transmit, and let Pm ≜
{Pm[n], ∀n ∈ Nm} be the set of RSSs collected from user m.
Note that |Nm| =

∑N
n=1 am[n]. The log-likelihood function

of observations associated with user m can be expressed as

ln p(Pm;um)

= − 1

2σ2

∑
n∈Nm

(
P0−10α log10

∥q[n]− um∥
d0

−Pm[n]
)2

− |Nm|
2

ln(2πσ2)

= − 1

2σ2

N∑
n=1

am[n]
(
P0−10α log10

∥q[n]− um∥
d0

−Pm[n]
)2

−
∑N

n=1 am[n]

2
ln(2πσ2). (2)
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In this case, the Fisher Information Matrix (FIM) [15] can be
computed as

I(um) =

[
−E

[∂2 ln p(Pm;um)
∂xm∂xm

]
−E

[∂2 ln p(Pm;um)
∂xm∂ym

]
−E

[∂2 ln p(Pm;um)
∂xm∂ym

]
−E

[∂2 ln p(Pm;um)
∂ym∂ym

]] , (3)

where −E
[
∂2 ln p(Pm;um)

∂xm∂xm

]
= ω

∑N
n=1am[n] (x[n]−xm)2

∥q[n]−um∥4 ,

−E
[
∂2 ln p(Pm;um)

∂ym∂ym

]
= ω

∑N
n=1am[n] (y[n]−ym)2

∥q[n]−um∥4 ,

−E
[
∂2 ln p(Pm;um)

∂xm∂ym

]
= ω

∑N
n=1am[n] (x[n]−xm)

∥q[n]−um∥2

(y[n]−ym)
∥q[n]−um∥2 ,

and ω ≜ 10α
σ ln(10) . Note that E[Pm[n]] = P0 −

10α log10
∥q[n]−um∥

d0
since the random shadowing noise

in (1) has zero mean. Therefore, the CRLB of the estimate
of user m’s location can be written as

CRLB(um)

= tr
(
I−1(um)

)
=

1

ω2

( N∑
n=1

am[n]

∥q[n]− um∥2

)/
[ N∑
n=1

am[n]
(x[n]− xm)2

∥q[n]− um∥4
N∑

n=1

am[n]
(y[n]− ym)2

∥q[n]− um∥4

−
( N∑

n=1

am[n]
(x[n]− xm)

∥q[n]− um∥2
(y[n]− ym)

∥q[n]− um∥2
)2

]
. (4)

C. Problem Formulation
In this work, we aim to jointly optimize the UAV trajec-

tory and transmission scheduling by minimizing the average
approximate CRLB of the location estimates of all users, i.e.,

min
q[n],am[n],∀m,n

1

M

M∑
m=1

CRLB(ûm) (5a)

subject to am[n] ∈ {0, 1},
M∑

m=1

am[n] = 1, ∀m,n,

(5b)
∥q[n]− q[n+ 1]∥ ≤ dmax,∀n ≤N−1, (5c)
q[1] = p,q[N ] = p , (5d)

where (5b) guarantees that each slot is assigned to only one
user, (5c) restricts the UAV movement in consecutive time
slots to a given distance dmax, and (5d) requires the UAV to
depart and return to a given depot p. Note that the approximate
CRLBs are CRLBs evaluated at the known coarse locations
of the users, i.e., ûm, for all m, since the true locations are
not available. The problem in (5) is a mixed-integer nonlinear
programming (MINLP) problem that is challenging to solve.
In the following, we propose an iterative algorithm to obtain
an efficient solution for the above problem, utilizing SCA and
gradient descent methods to address the non-convexity.

III. THE PROPOSED CRLB-MINIMIZING UAV
TRAJECTORY AND USER SCHEDULING ALGORITHM

In this section, we present an approximate CRLB-
minimizing (approximate CRLB-Min) UAV trajectory and

user scheduling algorithm to obtain an efficient solution for the
problem in (5). The proposed algorithm decomposes the main
problem into two subproblems, including the transmission
scheduling and UAV trajectory optimization subproblems as
follows.

A. Subproblem I: User Scheduling Optimization

Given the trajectory q(i)[n] after iteration i, the transmission
scheduling subproblem in iteration i+ 1 is

min
am[n],∀m,n

1

M

M∑
m=1

CRLB(ûm) (6a)

subject to am[n] ∈ {0, 1},
M∑

m=1

am[n] = 1,∀m,n, (6b)

which is also an MINLP problem. We begin by relaxing the
binary variables am[n] and introducing a penalty term to the
objective, thereby promoting a binary solution. Next, we deal
with the approximate CRLB term in the objective, which is
a nonconvex function. An auxiliary variable cm is introduced
satisfying CRLB(ûm) ≤ cm. To obtain a more tractable form
of this constraint, we further introduce auxiliary variables zm,
sm, and θM . The problem is reformulated to

min
am[n],cm,zm,
sm,θm,∀m,n

1

M

M∑
m=1

cm+λ

N∑
n=1

M∑
m=1

(am[n]−am[n]2) (7a)

subject to

0 ≤ am[n] ≤ 1,

M∑
m=1

am[n] = 1, ∀m,n, (7b)

N∑
n=1

am[n]

∥q(i)[n]− ûm∥2
≤ zm − sm, ∀m, (7c)

cmω2

( N∑
n=1

am[n](x(i)[n]− x̂m)2

∥q(i)[n]− ûm∥4

)

×
( N∑

n=1

am[n](y(i)[n]− ŷm)2

∥q(i)[n]− ûm∥4

)
≥ zm, ∀m, (7d)

cmω2θm ≤ sm, ∀m, (7e)( N∑
n=1

am[n]
x(i)[n]− x̂m

∥q(i)[n]− ûm∥2
y(i)[n]− ŷm
∥q(i)[n]− ûm∥2

)2

≤ θm ∀m. (7f)

The above problem remains nonconvex due to the noncon-
vexity of the objective and constraints (7d) and (7e). First,
the penalty term λ

∑M
m=1

∑N
n=1(am[n] − a2m[n]) is concave

w.r.t. am[n]. Thus, it can be upper-bounded by the first-order
Taylor expansion at the point a(i)m [n]. That is

λ

M∑
m=1

N∑
n=1

(am[n]− a2m[n])

≤ λ

M∑
m=1

N∑
n=1

(a(i)m [n])2 + am[n](1− 2a(i)m [n]). (8)
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Next, by taking the logarithm on both sides of (7d) and then
replacing the right-hand side (RHS) with the first-order Taylor
expansion, we derive the following convex constraint

ln(cmω2) + ln

( N∑
n=1

am[n](x(i)[n]− x̂m)2

∥q(i)[n]− ûm∥4

)

+ln

( N∑
n=1

am[n](y(i)[n]− ŷm)2

∥q(i)[n]− ûm∥4

)
≥ ln z(i)m +

zm−z(i)m

z
(i)
m

. (9)

Similarly, the constraint (7e) can be approximated to

ln c(i)m +
cm − c

(i)
m

c
(i)
m

+lnω2+ln θ(i)m +
θm − θ

(i)
m

θ
(i)
m

≤ ln sm. (10)

To this end, by replacing the penalty term in objective (7a)
with the RHS of (8), and replacing (7d) and (7e) with their
convex approximations in (9) and (10), respectively, we obtain
a convex optimization problem as

min
am[n],cm,zm,
sm,θm,∀m,n

1

M

M∑
m=1

cm + λ

M∑
m=1

N∑
n=1

(
(a(i)m [n])2

+ am[n](1− 2a(i)m [n])
)

(11a)

subject to (7b), (7c), (7f), (9), (10). (11b)

The problem (11) is a convex optimization problem that can
be solved efficiently using optimization tools, e.g., CVX.

B. Subproblem II: UAV Trajectory Optimization

Given a
(i+1)
m [n] from solving Subproblem I, the UAV

trajectory optimization subproblem is expressed as

min
q[n],∀m,n

1

M

M∑
m=1

CRLB(ûm) (12a)

subject to (5c), (5d). (12b)

The objective of problem (12) is highly nonconvex w.r.t.q[n].
We address this issue using a gradient descent method as
follows. We first incorporate the constraint (5c) as a penalty
term in the objective and rewrite the problem as

min
q[n],

2≤n≤N−1

1

M

M∑
m=1

CRLB(ûm)

+µ

N−1∑
n=1

max
(
∥q[n]−q[n+1]∥ − dmax, 0

)2
, (13)

where µ represents the penalty parameter. Note that
the constraint (5d) is omitted here as it can be
satisfied during trajectory initialization and then is
not updated further. The unconstrained optimization
problem in (13) can be solved using the gradient
descent method. For the sake of presentation, we
rewrite the approximate CRLB in (13) as CRLB(ûm) =
1
ω2

Am

(EmFm−Bm) , where Am ≜
∑N

n=1
a(i+1)
m [n]

∥q[n]−ûm∥2 , Bm ≜(∑N
n=1

a(i+1)
m [n](x[n]−x̂m)(y[n]−ŷm)

∥q[n]−ûm∥4

)2

, Em ≜∑N
n=1

a(i+1)
m [n](x[n]−x̂m)2

∥q[n]−ûm∥4 , and Fm≜
∑N

n=1
a(i+1)
m [n](y[n]−ŷm)2

∥q[n]−ûm∥4 .

The gradient of CRLB(ûm) w.r.t. coordinate x[n] can be
expressed as

∂CRLB(ûm)

∂x[n]
=

1

ω2

[
∂Am

∂x[n]
(EmFm −Bm)

−Am

(∂(EmFm)

∂x[n])
− ∂Bm

∂x[n]

)]/(
EmFm −Bm

)2
, (14)

where ∂Am

∂x[n] = − 2a(i+1)
m [n](x[n]−x̂m)
∥q[n]−ûm∥4 , ∂(EmFm)

∂x[n] =

a
(i+1)
m [n] 2(x[n]−x̂m)∥q[n]−ûm∥2−4(x[n]−x̂m)3

∥q[n]−ûm∥6 Fm −
4Ema

(i+1)
m [n] (y[n]−ŷm)2(x[n]−x̂m)

∥q[n]−ûm∥6 , and ∂Bm

∂x[n] =

2Bma
(i+1)
m [n]

(y[n]−ŷm)
[
∥q[n]−ûm∥2−4(x[n]−x̂m)2

]
∥q[n]−ûm∥6 .

Furthermore, let fm[n][n′] ≜ max(∥q[n] − q[n′]∥ −
dmax, 0)

2. Its gradient w.r.t. x[n] can be computed as

∂fm[n][n′]

∂x[n]

=

{
2fm[n][n′](x[n]−x[n′])

∥q[n]−q[n′]∥ , if ∥q[n]−q[n′]∥−dmax ≥ 0;

0, otherwise.
(15)

Given q(j)[n] = (x(j)[n], y(j)[n]) as the trajectory in iteration
j of the gradient descent process. By (14) and (15), the x
coordinate of the trajectory in iteration j + 1 is updated by

x(j+1)[n]

= x(j)[n]− γ

[
1

M

M∑
m=1

∂CRLB(ûm)

∂x(j)[n]

+ µ
(∂(fm[n][n+ 1]2)

∂x(j)[n]
+

∂(fm[n][n− 1]2)

∂x(j)[n]

)]
, (16)

for all 2 ≤ n ≤ N−1, where γ accounts for the learning rate.
It is worth noting that (16) involves penalty terms to both the
preceding and next time slots since q[n] and q[n + 1] are
coupled in (13). The y coordinate can be updated similarly.
The update process is repeated until convergence or reaching
a given maximum number of iterations.

The proposed iterative algorithm is summarized in Algo-
rithm 1, where two subproblems are solved in turn until
convergence, i.e., the objective is no longer improved after
scheduling variables am[n] return binary. Note that the penalty
parameter λ is initially set to be small to give flexibility to the
optimization but then is gradually increased to promote binary
solutions of am[n]. Solving the convex optimization problem
of Subproblem I in (11) with the interior point method requires
a computational complexity of O

(
(NM+4M)3 log 1

τ

)
, where

NM + 4M is the number of variables and τ accounts for
the desired accuracy [16]. The complexity of Subproblem II
mainly depends on computing the gradient of approximate
CRLB in (14), where each user requires a complexity of
O(N). Since there are M users and N − 2 time slots need
to be computed, and the maximum number of iterations
is set to J , the complexity in the worst case is roughly
O(JMN(N−2)). Thus, the overall complexity of Algorithm
1 is O(I((NM + 4M)3 log 1

τ + JMN(N − 2))), where I is
the number of outer iterations.
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Algorithm 1: Approximate CRLB-Min UAV Trajec-
tory and User Scheduling Algorithm

1 Initialize trajectory q(0)[n], user scheduling a
(0)
m [n],

and penalty parameters λ ; set Obj[0] = 0, i = 0;
2 repeat
3 Given q(i)[n], a

(i)
m [n], θ

(i)
m , c

(i)
m , z

(i)
m , solve

subproblem I in (11) to obtain a
(i+1)
m [n], θ(i+1)

m ,
c
(i+1)
m , and z

(i+1)
m , ∀m,n ;

4 Given q(i)[n], a
(i+1)
m [n], solve subproblem II in

(16) to obtain q(i+1)[n],∀n;
5 Update λ← ρ× δ, where ρ > 1, for every δ

iterations ;
6 Set i← i+ 1;

7 until am[n] ∈ {0, 1}, ∀m,n, and |Obj[i]−Obj[i−1]|
|Obj[i−1]| < ϵ;

8 Return q∗[n] = q(i)[n] and a∗m[n] = a
(i)
m [n], ∀m,n;

IV. PERFORMANCE EVALUATION

This section provides simulation results to validate the
efficiency of the proposed algorithms. Unless mentioned oth-
erwise, we set M = 10, N = 100, and σ = 2.5 dB.
Users’ true positions um are uniformly placed in an area
of 500 × 500 m2. The coarse positions are assumed to be
ûm ∼ N (um, 30 m) . The transmission channel is set with
P0 = −40 dBm and α = 2. Regarding UAV’s movement,
we set h = 50 m, dmax = 20 m, and the depot p is
randomly located in the region. Apart from the average true
CRLB (i.e., average CRLB evaluated at um), we consider
the root mean square error (RMSE) metric to demonstrate the
effectiveness of approximate CRLB minimization in our work.

It is computed by RMSE =

√∑T
t=1

∑M
m=1 ∥û(t)

m −um∥2

T×M , where
T = 500 is the number of realizations in the simulation and
û
(t)
m indicates user m’s location estimate in realization t. Here,

we apply the extended Kalman filter (EKF) [15] to estimate
it based on RSS data the UAV collected, and the mean square

error matrix is initialized as
[
2000 0
0 2000

]
.

Several baselines are implemented, combining the following
transmission scheduling and trajectory strategies. Given a
trajectory, Greedy Scheduling (Greedy Sched) sequentially
associates users with the nearest distance-time slots until
all time slots are assigned. Spiral Trajectory (Spiral Traj)
indicates the spiral path with the best objective that is selected
from a set of 50 spirals centered in the network area, starting
with different radii, i.e., 250 m, 249.5 m, . . . , and reducing
by 1 m per time slot. They begin at the point closest to the
depot and end where the UAV can still return to the depot
before slot N . The UAV flies at the maximum speed, and the
depot connects to the spiral’s start and end via elliptical arcs
rather than straight lines. Particle Swarm Optimization-based
Trajectory (PSO Traj) employs the PSO algorithm to optimize
the UAV trajectory as proposed in [12]. It is configured with a
cognitive coefficient = 1.5, a social coefficient = 1.5, and an
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Fig. 2: Average CRLB and RMSE versus shadowing deviation σ
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Fig. 3: Average CRLB and RMSE versus number of users M .

inertia weight = 0.7. Differential Evolution-based Trajectory
(DE Traj) employs the DE algorithm to optimize the UAV
trajectory, as proposed in [10], while setting both the mutation
factor and crossover probability parameters to 0.8. Both PSO
Traj and DE Traj handle the constraint by the penalty method.
They are initialized with the spiral paths above and stop after
200 iterations. The solution of spiral trajectory and greedy
scheduling is also the initialization for the proposed scheme.

Fig. 2(a) shows the average CRLB with different deviations
of the shadowing noise. At low noise, the RSS-based ranging
is more accurate, leading to a good localization lower bound in
all schemes. As noise increases, the accuracy of the RSS-based
ranging degrades, raising the CRLB. Our proposed scheme
outperforms all baselines since the gradient of the closed-form
CRLB expression provides a good direction to obtain a sub-
optimal trajectory, and the proposed transmission scheduling
can optimally associate time slots and users according to the
users’ deployment. The PSO-based and DE-based trajectories
may highly depend on the initial trajectory diversity, which is
limited here. The greedy scheduling assigns users sequentially
to the nearest time slots without considering trajectory geom-
etry, thereby possibly assigning consecutive time slots with
poor geometry to a user. Fig. 2(b) presents the correspond-
ing RMSE. The proposed scheme proves its outperformance
compared to the baselines when implemented with a specific
estimator, i.e., EKF. The RMSE trends align with the CRLB
results, demonstrating the validity of minimizing CRLB.

Fig. 3(a) shows the average CRLB under different numbers
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Fig. 5: A realization of UAV trajectory and users’ scheduling and
positions (marked with different colors) of the proposed scheme.

of users. The number of signal observations greatly impacts
localization accuracy in general. As more users appear in
the system, each user is assigned fewer time slots, leading
to larger localization error bounds. The corresponding RMSE
results in this test are shown in Fig. 3(b). We can also observe
that when there are not many users in the network, e.g.,
M = 4, the difference between the schemes is less significant,
as each user is assigned a sufficient number of time slots.

Fig. 4(a) examines the average CRLB with different num-
bers of time slots N . As more time slots are given, the
UAV collects more signal observations, thereby improving the
localization lower bound in all schemes. The performance of
the proposed scheme is again significantly better than that of
the baselines. The corresponding RMSE results in this test are
presented in Fig. 4(b). According to these results, the PSO-
Traj, DE-Traj, and Spiral Traj with greedy scheduling need
around 120 time slots to achieve the localization error that
can be obtained by the proposed scheme with fewer than 80
time slots. Therefore, the UAV in our proposed scheme is also
more efficient in energy consumption than the baselines.

Fig. 5 illustrates a realization of the UAV trajectory and
transmission scheduling under the proposed scheme. It can be
observed that the joint optimization is designed such that the
UAV collects signals from locations close to and surrounding
the users. This spatial diversity improves the geometric dilu-
tion of precision (GDOP), which has a significant influence on

localization accuracy [5]. Consequently, most of the estimated
positions found by the EKF are near users’ true positions.

V. CONCLUSION

Using an RSS-based localization method, this paper used
a UAV as a mobile anchor to locate ground users. The
formulated problem aimed to minimize the average approxi-
mate CRLB by jointly optimizing transmission scheduling and
UAV trajectory. The main problem was decomposed into two
subproblems, where the SCA method was adapted to solve the
transmission scheduling, and a gradient descent algorithm was
designed to optimize the UAV trajectory. Numerous simulation
results showed that the proposed algorithm outperformed the
baselines that incorporated existing algorithms in trajectory
design and greedy transmission scheduling.
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