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Abstract—This paper considers multiple unmanned aerial
vehicles (UAVs) to assist sensing data transmissions from the
ground users (GUs) to a remote base station (BS). Each UAV
collects sensing data from the GUs and then forwards the sensing
data to the remote BS. The GUs first backscatter their data to
the UAVs and then all UAVs forward data to the BS by the non-
orthogonal multiple access (NOMA) transmissions. We formulate
a multi-stage stochastic optimization problem to minimize the
long-term time-averaged age-of-information (Aol) by jointly
optimizing the GUs’ access control, the UAVs’ beamforming,
and trajectory planning strategies. To solve this problem, we first
model the dynamics of the GUs’ Aol statuses by virtual queueing
systems, and then propose the Aol-aware sensing scheduling and
trajectory optimization (AoI-STO) algorithm. This allows us to
transform the multi-stage Aol minimization problem into a series
of per-slot control problems by using the Lyapunov optimization
framework. In each time slot, the GUs’ access control, the UAVs’
beamforming, and mobility control strategies are updated by
using the block coordinate descent (BCD) method according to
the instant GUs’ Aol statuses. Simulation results reveal that
the proposed Aol-STO algorithm can reduce the overall Aol by
more than 50%. The GUs’ scheduling fairness is also improved
greatly by adapting the GUs’ access control compared with
typical baseline schemes.

Index Terms—UAV-assisted wireless networks, backscatter
communications, trajectory planning, Lyapunov optimization.

I. INTRODUCTION

Recently, the unmanned aerial vehicles (UAVs) have at-
tracted extensive attention and been actively investigated
in wireless networks. Due to the significant advantages of
fast mobility, flexible deployment, and enhanced line-of-sight
(LoS) links between the UAVs and the ground users (GUs) [[1]],
[2], the UAVs can be used to extend the network coverage
when a large number of GUs are remotely distributed. Con-
sidering the UAVs’ hardware and resource constraints, e.g.,
limited onboard energy supply [3], computation and caching
capabilities [4]], the cooperative UAVs working together be-
come more effective to improve the system performance
in large-scale wireless networks, in terms of the system
throughput [S]-[7]], the coverage extension [8]-[10], and data
freshness at the information requesters [11]-[13]], etc. The
flexibility and agility of the UAV-assisted wireless networks
can help realize various real-time sensing applications that
require quick responses to the GUs’ sensing data, such as
the UAV-assisted air quality monitoring [14] and disaster

rescue [|[15]. In particular, the UAV-assisted system can provide
temporary communication infrastructure. It enables the rapid
establishment of communication networks in damaged areas,
promoting communication and coordination in various disaster
and rescue scenarios. The sensing data can be collected timely
and processed effectively for real-time processing and decision
making, especially when the sensing data changes rapidly.
The obsolete information may lead to erroneous control, even
disasters.

Due to the UAV’s fast mobility and on-board processing
capability, the UAV-assisted wireless sensing networks can be
reshaped dynamically to meet the GUs’ time-varying traffic
demands and quality provisioning requirements, calling for
joint optimization of the UAVs’ transmission control and
trajectory planning to improve the information freshness at
the base station (BS). The information freshness is typically
characterized by the age-of-information (Aol), defined as the
time elapsed since the most recent data update event, which
can be viewed as an evaluation on the value of the collected
data from the perspective of the information requester [16]
[17]. It is expected that the GUs’ Aol values at the BS
can be reduced when the UAVs collect the GUs’ sensing
data more frequently and also forward the data to the BS
efficiently with minimum delay [18]]. Aol minimization in
UAV-assisted networks is closely related to the data sensing
and forwarding processes. Given the UAVs’ locations, the
GUs’ access control can be optimized based on the GUs’
data traffics and Aol statuses. The GUs’ channel conditions
can be controlled by the UAVs’ beamforming to adapt the
uplink rates of sensing data transmission. Considering the
GUs’ time-varying traffic demands, the UAVs’ trajectories
should be jointly optimized with the transmission control to
balance all GUs’ Aol performance.

One of the most salient challenges for the UAVs’ sensing
data collection lies in the channel competition among different
GUs with limited energy supply. To minimize the GUs’
energy consumption, passive backscatter communication can
be adopted for the GUs’ uplink data transmissions by avoiding
the use of power-consuming RF transceivers at the GUs. As
such, each UAV can be used as a mobile carrier emitter and
the access point for the backscattering GUs. Via trajectory
planning, the UAVs can fly closer to energy-limited GUs



on-demand to enhance their uplink transmission rates. The
GUs’ access control is also required to optimize to minimize
the overall Aol in the UAV-assisted wireless networks [19]].
This can avoid uncoordinated competition for uplink data
transmissions to the UAVs, which may result in channel con-
gestion and excessive transmission delay. A simple intuition
for the GUs’ access control is that the GUs with higher
waiting delays may have higher priorities to access the uplink
transmission channels. However, the optimal design of the
GUs’ access control is a non-trivial task in a complex network,
especially with limited energy supply and channel resources.
In particular, if a GU uploads its sensing data to the UAVs
frequently, it will run out of energy faster and become inactive,
while the less frequently scheduled GUs will experience the
Aol’s deterioration. After collecting the GUs’ sensing data,
the UAVs will forward the sensing data to the remote BS
with the minimum transmission delay. In a spectrum sharing
environment, the UAVs have to compete for the forwarding
channels for sensing data transmissions. The transmission
rates are also coupled with the UAVs’ trajectory planning
strategies. All the above challenges motivate our work in this
paper to construct an efficient joint control strategy for the
GUs’ access control, the UAVs’ beamforming, and mobility
control strategies to minimize the overall Aol of all GUs in
the UAV-assisted wireless networks.

In this paper, the design objective is to minimize the long-
term time-averaged Aol in a multi-UAV-assisted wireless net-
work, which comprises a single-antenna BS, multiple multi-
antenna UAVs, and a large number of single-antenna GUs.
The UAVs can efficiently enhance wireless connectivity and
expand coverage by dynamically adapting their trajectories.
Specifically, the UAVs first hover over specific sensing loca-
tions and provide carrier signals for the GUs when performing
data sensing via low-power backscatter communications. Sub-
sequently, they forward the sensing data to the BS and then
move to the next sensing locations. The joint optimization
of the GUs’ access control, the UAVs’ beamforming, and
mobility control strategies is spatial-temporally coupled in
different time slots, leading to a high-dimensional mix-integer
dynamic program that is difficult to solve practically. The
stochastic Aol minimization problem is first decomposed by
Lyapunov optimization framework into a series of per-slot
control problems. Then, the main task focuses on the joint
optimization of the GUs’ access control, the UAVSs’ trajectory
planning, and beamforming optimization in each time slot. In
particular, the per-slot control problem mainly aims to opti-
mize the data sensing and forwarding capacities of the multi-
UAV-assisted wireless network. The UAVs’ sensing capacities
rely on the optimal planning for the UAVs’ flying, sensing, and
forwarding phases in a time-slotted frame structure. A longer
flying time implies that the UAVs are expected to find better
positions for data sensing and forwarding. A longer sensing
time means that the UAVs can collect more data from the GUSs,
while a longer forwarding time ensures successful data trans-
mission to the remote BS. In the UAVs’ data forwarding phase,
the resolution of the UAVs’ channel competition is required
in a spectrum-sharing environment. The conventional time-

division protocol can be problematic and resource-inefficient
to coordinate the UAVs in a dynamic wireless network due
to the UAVs’ fast mobility. In this paper, the non-orthogonal
multiple access (NOMA) is considered as a more spectrum-
efficient alternative to support the UAVs’ data forwarding by
allowing multiple UAVs with different channel conditions to
transmit in the same channel simultaneously. The information
from different UAVs can be decoded sequentially by using
superposition coding at the UAVs and successive interference
cancellation at the BS [20]]. The capacity improvement can be
significant when the UAVs are spatially separated with very
different channel conditions. It is expected that the UAVs can
transmit the collected sensing data more efficiently by using
the NOMA transmissions, and thus reduce the overall Aol at
the BS. Specifically, the main contributions of this paper are
summarized as follows:

o UAV-assisted backscatter sensing and NOMA transmis-
sions: In the UAV-assisted sensing phase, the UAVs
emit carrier signals to low-power GUs to support uplink
sensing data transmissions through backscattering. Given
the UAVs’ deployment locations, the UAVs’ beamform-
ing strategies are further optimized by reshaping the
UAV-GU channel conditions to help coordinate real-
time sensing data transmissions from multiple GUs in
dynamic and complex network environments. This pre-
vents data from becoming outdated due to unpreferable
channel conditions and scheduling delay. In the UAV-
assisted forwarding phase, the UAVs’ channel diversities
are exploited due to their rapid mobility and spatial
separation. The NOMA is used to improve spectrum
efficiency by allowing different UAVs to forward their
sensing data simultaneously. The NOMA transmissions
along with the UAVs’ trajectory planning are expected to
exploit and even create orthogonal channel opportunities
to improve the spectrum efficiency.

e Per-slot decomposition via Lyapunov optimization: The
long-term Aol minimization can be formulated by jointly
optimizing the GUs’ access control, the UAVSs’ trajectory
planning, and the UAVs’ beamforming strategies. The
Aol dynamics are firstly modeled as virtual queues. Then
the stochastic long-term Aol minimization is decomposed
into a sequence of per-slot control subproblems by us-
ing the Lyapunov optimization framework. The control
subproblem in each time slot involves the GUs’ access
control, the UAVs’ trajectory planning, and beamforming
strategies, given the GUs’ Aol statuses and data traffics.

o Aol-aware sensing scheduling and trajectory optimiza-
tion (Aol-STO): After decomposition, the Aol-STO al-
gorithm is proposed to solve the per-slot control sub-
problem in each time slot by iterative three steps. The
first step is to adapt the GUs’ access control strategy
to maximize each UAV’s sensing capacity. This can be
achieved by reshaping the UAV-GU channel conditions
when the UAVs’ locations and the beamforming strate-
gies are fixed. The second step is to optimize the UAVSs’
beamforming strategies to maximize the UAVS’ sensing
and transmissiona. This can improve the UAVs’ relay



capacities by strengthening the UAVs’ signals. The third
step is to update the UAVSs’ trajectories by optimizing
the UAVs’ hovering locations and the time allocation
for flying, sensing, and forwarding phases. Extensive
simulation results reveal that the Aol-STO scheme can
significantly reduce the overall Aol compared with the
baseline schemes. It also improves the GUs’ scheduling
fairness by adapting the GUs’ access control strategy.

Some preliminary results of this work have been reported in
[13]. This paper further extends the study in [13]] by propos-
ing backscatter-aided data sensing and multi-UAV-assisted
NOMA transmissions to reduce the overall Aol by improving
the transmission capacity. This paper incorporates multiple
antennas on each UAV to further explore the performance
gain between the UAVs’ beamforming and the GUs’ access
control. More extensive simulation results are also provided
to verify that the UAVs’ beamforming and trajectories along
with the GUs’ access control can balance the GUs’ virtual Aol
queue and minimize the overall Aol. The remainder of the
paper is organized as follows. A literature review is presented
in Section [[} The system model is introduced in Section [ITI]
The Aol minimization problem is formulated and decomposed
by Lyapunov optimization in Section The per-slot control
problem is determined and its solution is presented in Section
Section [VI] presents the simulation results and Section
concludes the paper.

II. RELATED WORK
A. UAV-assisted Wireless Sensing Networks

Aol in the UAV-assisted wireless networks is closely related
to the UAVs’ trajectory planning and the GUs’ access control
strategies. When a UAV is far away from the GUs or more
specifically the UAV-GU channel condition becomes worse
off, a longer sensing time is required to collect the sensing data
from the GUs. If all UAVs are deployed closer to the GUs, this
will result in strong conflicts among them and poor forwarding
performance to the remote BS, which brings up the overall
Aol. Therefore, it is of great importance for the UAVs to
adjust their trajectories to improve the sensing capacities. The
authors in [21]] aimed to maintain data freshness by optimizing
the UAV’s hovering position with a path search algorithm.
The authors in [22]] proposed to reduce the UAV-GU path-
loss by optimizing a group of UAVs’ three-dimensional (3D)
trajectories and the GUs’ scheduling strategy in UAV-assisted
wireless networks. The authors in [23]] proposed to enhance
the secure and energy-efficient data collection under an eaves-
dropping attack by planning the UAVs’ trajectories. Given
the UAVs’ hovering positions, some GUs may have inferior
channel conditions, which limit the uplink transmission rates.
In this case, the GUs’ access control or sensing scheduling is
required to improve the sensing efficiency, e.g., the GUs’ data
transmissions can be postponed till their channel conditions
become much better as the UAVs move to more preferable
positions. The authors in [24] achieved a superior Aol per-
formance by scheduling the GUs according to their channel
information caused by the change of the UAVs’ trajectories.
The authors in [25] proposed a learning approach to jointly

optimize the UAVs’ trajectories and the GU’s scheduling to
reduce the system Aol. Different from the single-GU access
control in [24] and [25]], more flexible access control strategies
can be explored in complex wireless networks with various
resource constraints. The authors in [26] studied a multi-GU
access control strategy that allows a group of GUs to upload
their data to the central controller with NOMA method. The
real-time access control decision was determined by collecting
time-varying GUs’ preferences and diverse QoS requirements.
The authors in [27] aimed to use adaptive learning method
to minimize the long-term average task completion delay
by adapting real-time multi-GU access control. The authors
in [28] revealed that it is beneficial for the UAVs to interact
with the environment frequently due to the fluctuating inter-
ference. Such information can help develop an agile multi-
GU access control strategy to improve the system sum rate.
Different from the previous works, it is revealed that the
GUs’ access control depends on both the UAVs’ beamforming
strategies and the sensing locations in this paper. The GUs’
access control generally relies on the energy status, channel
and the Aol conditions. All these conditions are related to the
UAVs’ beamforming and trajectory strategies. However, their
joint optimization has been seldom studied in the literature.

B. Backscatter-aided Aol Minimization

The low-power backscatter communications allow the GUs
to upload sensing data when the GUs’ energy supply becomes
insufficient for RF communications. The authors in [29]
focused on a backscatter-aided scenario where a single-
antenna UAV collects data from multiple GUs one by one
and finally carries the data to the BS. The use of backscatter
communications is to save the GUs’ power consumption for
uplink data transmissions. The average Aol of all GUs is
minimized by jointly optimizing the UAV’s data collection
time and trajectory. The authors in [30] employed backscatter
communications in cognitive radio networks when the primary
user occupies the licensed spectrum with high probability.
To fight against the dynamic environment, a deep learning
method was used to ensure data timeliness by learning the
time and energy allocation. Instead of Aol minimization, the
authors in [31] focused on the overall transmission delay
in backscatter-aided and wireless-powered mobile edge com-
puting systems. The overall delay for data offloading and
computation is minimized by jointly optimizing the operation
time of a power beacon, the computing frequency, transmit
power, and portions of workload for backscatter offloading.
Moreover, the reconfigurability of passive intelligent reflecting
surface (IRS) can be used to enhance the channel quality
and keep the information fresh. The authors in [32]] proposed
to reduce the transmission delay by controlling the BS’s
beamforming vector and the IRS’s phase shifting matrices.
The IRS can be also used to mitigate signal propagation
impairments from the UAV to the GUs and thus ensure fresh
data collection by jointly optimizing the UAV’s trajectory, the
GU’s scheduling, and the IRS’s discrete phase shifts [33]]. An
aerial IRS (AIRS) can be carried by the UAV and used to
improve the LoS links between the IRS and the GUs. The



authors in [34] exploited the AIRS to improve the information
freshness while fulfilling the real-time user demands. The suc-
cessive convex approximation (SCA) algorithm was proposed
to minimize the sum Aol by jointly optimizing the active
and passive beamforming strategies, as well as the UAV’s
trajectory and transmission scheduling strategies. The authors
in [35] used the AIRS as a relay from the GUs to the BS,
which demonstrates superior Aol degeneration. In this paper,
backscatter communications are similarly utilized to assist in
uploading sensing information to the UAVs. Different from
the above works, the UAVs’ sensing-transmission tradeoff is
the key to minimize the overall Aol in this paper. Note that
the time allocation for data sensing and forwarding is confined
in one time slot. More sensing time can be allocated to the
GUs only if the UAVs’ forwarding capacities are improved via
NOMA transmissions. Hence, the backscatter-aided sensing
time and the UAV-assisted transmission time should be jointly
optimized and adapted according to the UAVs’ trajectory
planning and beamforming strategies.

C. Multi-UAV NOMA Transmissions

Once the sensing data arrives at the UAVs, it is preferable
for the UAVs to forward them to BS with the minimum
delay. The primary task is to fulfill this design target by
maximizing the transmission capacity from the UAVs to the
BS. To improve the network throughput, the authors in [36]
proposed the frequency-division technique to collect sensing
data simultaneously from multiple GUs in a UAV-assisted
post-disaster network. The authors in [37] employed the time-
division scheme to allocate each GU a sensing slot. The
GU’s sensing scheduling and the UAV’s trajectory are jointly
optimized to maximize the system throughput and expand
the communication coverage. Recently, the NOMA technique
was shown to have significant performance improvements in
large-scale wireless networks, such as high spectral efficiency,
massive connectivity, and low latency. The authors in [38|] con-
sidered a UAV-assisted multi-user wireless system, in which
the UAV is used as a flying BS. The UAV’s high mobility
can provide the enhanced UAV-GU connection to serve the
GUs with NOMA transmissions. The network coverage and
the system throughput can be enhanced by jointly optimizing
the UAV’s altitude, power allocation, and bandwidth alloca-
tion. The authors in [39] focused on a multi-UAV-assisted
vehicular communication network and aimed to maximize
the system capacity by using the NOMA transmissions. The
authors in [40] studied a multi-UAV-assisted cognitive radio
network, where the secondary users transmit data to each UAV
simultaneously and the UAVs deliver data to the destination.
The throughput of the secondary network can be signifi-
cantly improved by optimizing the UAV’s power allocation
in NOMA transmissions. The authors in [41] focused on
a UAV-assisted large-scale wireless body area network for
remote monitoring of the patients’ vital signs by optimizing
each UAV’s trajectory. The NOMA technique was employed
to simultaneously schedule UAVs’ data transmissions, which
can enhance the network throughput with high spectrum
efficiency. Different from the above work, the main task is to
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Fig. 1: The UAVs’ planning for sensing, flying, and forwarding
phases in a multi-UAV-assisted wireless network.

utilize the UAVs’ NOMA transmissions to reduce the overall
Aol in this paper. To improve the sensing capacity, the UAVs
can be deployed to extend the sensing coverage by allocating
each UAV a different service region. This may limit the UAVs’
forwarding capacity due to a larger distance between the
UAVs and the remote BS. By using NOMA transmissions,
the UAVs’ performance loss can be effectively compensated
in the forwarding phase. However, the performance analysis of
NOMA transmissions is complicated by the UAVs’ trajectory
planning and beamforming strategies.

III. SYSTEM MODEL

The multi-UAV-assisted wireless network consists of one
BS, K GUs and M UAVs. The sets of the GUs and the UAVs
are denoted as K £ {1,2,..., K} and M £ {1,2,.... M},
respectively. Each UAV is equipped with N antennas. It is
assumed that the single-antenna GUs cannot be served by
the BS directly due to the blockage of surrounding obstacles.
The UAVs are deployed to collect sensing data from K GUs,
randomly distributed in an open area, and then forward the
collected sensing data to the BS for information update, as
illustrated in Fig. [T(a). Similar to [42]), each GU equipped
with a passive backscatter communication module is capable
of transmitting its sensing data to the UAV by backscattering
the incident RF signal from the UAV. A time-slotted multi-
access protocol is considered as shown in Fig. [T[b). Each
frame is divided into multiple time slots with a unit length.
The set of all time slots is denoted by Z = {1,2, ..., T}.

To keep the sensing data fresh at the BS, the UAVs need to
optimize their data sensing and forwarding strategies jointly
to minimize the sensing and transmission delays. In this
paper, the 3D coordinate is considered, where the locations



TABLE I: A Summary of UAV-assisted wireless sensing networks

UAV-assisted UAV-GU Link (UL/DL) Performance Metric Control Variables Algorithm Design
Single UAV UL RF commu. UAV’s trajectory Aol ML

Single UAV UL RF commu. UAV’s trajectory, band multi-user scheduling Sum rate AO |26

Single UAV UL RF commu. UAV’s trajectory, multi-user scheduling and power allocation Sum rate AO |28’

Single UAV UL backscatter commu. UAV’s data collection time and trajectory Aol Heuristic algorithm [29'
Single UAV UL IRS commu. uAvY dsI{]’é”ﬁ;‘s".‘syhi‘i‘:rgcup;:::ii‘i‘}::g' Aol DRL [33

. . Active and passive beamforming strategies,

Single UAV AIRS reflection the UAV-s mjwmpan " L oring stra e rategies Aol SCA [34
Single UAV AIRS reflection Altitude of the UAV and phases-shift of RIS Aol DRL [35

Single UAV UL RF TDMA commu. UAV’s trajectory and single user scheduling Sum rate AO |37

Single UAV DL RF NOMA commu. UAV’s altitude, power allocation, and bandwidth allocation Sum rate AO |38

Single UAV UL RF NOMA commu. UAV’s trajectory and single user scheduli Sum rate Q-learning [41
Multiple UAVs DL RF FDMA commu. Channel allocation and single user scheduli Sum rate Stackelberg game [36
Multiple UAVs UL RF commu. UAVSs’ trajectories and single user scheduling Channel gain AO 22!
Multiple UAVs UL RF commu. UAV5s’ trajectories and single user scheduling Secure sum rate AO, SCA 23]
Multiple UAVs UL RF commu. Single user scheduling Aol Heuristic algorithm, DQN [24] |
Multiple UAVs UL RF commu. UAV5s’ trajectories and single user scheduling Aol DRL |25
Multiple UAVs | DL RF NOMA commu. UAVs’ deployment design, and resource allocation of vehicles Sum rate Stackelberg Game |39]

of the UAV-m and the GU-k in the i-th time slot are denoted
as £y(i) = (Zm (1), Ym (i), 2m (i) and q;, = (xg,yx,0),
respectively. Without loss of generality, all UAVs fly at a
fixed altitude, i.e., z,(i) = H. However, the following
problem formulation and solution methods below can be
easily extended to 3D trajectory planning. The location of
the BS’s receiver antenna is denoted as q, = (xo, Yo, 20)s
which can be viewed as the GU-0 for notational convenience.
The distance between the UAV-m and the GU-k is expressed
as dymi(i) = [|€m(i) — q; for k € K £ K U {0} and
m € M, and the distance between the UAV-m and any UAV-
m is denoted as dy . m (1) = ||€m (i) — Ly (7)|| for m’ € M.

A. Fly-to-Sense-and-Forward (FSF) Protocol

Each FSF time slot is further divided into three sub-
slots £, () = (tf,m (%), ts,m (%), tr,m () for the UAVS’ flying,
sensing, and forwarding phases, as shown in Fig. [1| (b). Thus,
the feasible time allocation is as follows:

tom (@) +tpm(D)+trm(i) <1, Vme MandieT. (1)

In the sub-slot ¢y ,, (), each UAV flies to a hovering position
and then receives up-to-date sensing data from the GUs under
its signal coverage in the sub-slot t; ., (7). In the sub-slot
tr.m(%), the UAVs forward the sensing data to the BS by
the NOMA transmissions. The UAVs may not perform data
sensing (or forwarding) when they are far away from the GUs
(or the BS). According to the GUs’ traffic demands, the UAVs’
time allocation for flying, sensing, and forwarding needs to be
optimized to ensure information freshness at the BS.

The UAVs’ trajectories need to avoid collision and be
subject to the speed limit vy,,x in each time slot ¢ € Z, i.e.,

du,m,m’ (Z) > drnin; vmv m’ € M and m 7é m/’ (2a)
1€ (3) — €, (i — D)|| < tfm()Vmax, Ym e M, (2b)

where d,;, is the minimum distance between two UAVs to
ensure safety, and vy,,x denotes the UAVs’ maximum flying
speed [[19]. The channel conditions depend on the distance

between the transceivers. For any m € M and k € IC, let
h,, (i) denote the complex UAV-GU channel vector:
1 _ .

g'"L,k‘(Z)>7 3)

. _ . go _ .
h,,wz«/d2 z(,,»z—l—
L,k( ) P s,m,k( ) gO+1g L,k( ) go+1

where p represents the channel power gain at the reference
distance of 1 meter. The Rician factor gy combines the LoS

and the Rayleigh fading components, denoted as g, 1 (¢) and
&m. (1), respectively [43].

B. Backscatter-aided Data Sensing

The sensing process involves the GUs’ data generation,
access control, and uplink transmissions. The generation of
each GU’s sensing data is assumed to be independently and
identically distributed. It is assumed that the sensing data has
a very small size, which represents the status change in the
sensing environment. In each time slot, the sensing data is
randomly generated at each GU-k and stays in its data queue
until it is collected by the UAV or replaced by the newly
generated sensing data. Given the UAVs’ hovering positions,
multiple GUs can upload their sensing data via backscatter
communications in a time-division protocol.

A binary variable S, x(¢) is defined to denote the GUSs’
access control. The 5, 1 (%) is set to 1 if the GU-k is associ-
ated with the UAV-m in the i-th time slot, and 3, (i) = 0
otherwise. In the i-th time slot, each UAV can serve multiple
GUs with the time-division protocol while each GU can be
associated with at most one UAV. Hence, the GUs’ access
control constraints can be expressed as follows:

M
> Bmkl(i) <1, Bmili) € {0,1},Vm € M and k € K. (4)
m=1

Let t, 1, 1 denote the constant mini-slot for the GU-£ to up-
load its data to the UAV-m. The UAV-m’s sensing scheduling
is also limited by the total sensing time, i.e.,

K
ts,'rn(i) Z Zﬁm,k(i)ts,m,ka vm S M (5)
k=1

It is assumed that each UAV-m has two sets of antennas,
i.e., one for sensing beamforming and the other for data
reception. Let w ,,, (1) € CV*! and w,.,, (i) € CV*! denote
the normalized transmit and receive beamforming vectors of
the UAV-m in the sensing sub-slot ¢, ,,, (i), respectively. The
sensing beamforming vector w, ,,,(¢) is used to control the
direction and strength of the carrier signals for the GUs’
backscatter communications. The UAV-m’s beamforming sig-
nal is given by W, (i) = \/DsWs, m(1)Zs,m, where p, denotes
the transmit power and s ,,, is a random information symbol
with unit power. Thus, the incident signal at the GU-k can

be formulated as ¢ (1) = >, <\ hgk(z)um(z) Meanwhile,



the GU-k modulates its sensing data on the incident carrier
signal ¢k (i) by controlling the reflection coefficient I'(i) =
T2y 1 (7), where I',, is an antenna-specific constant coefficient
and x,, 1 (7) is the backscattered information symbol with unit
power. Note that each GU-k works in the time-division pro-
tocol and thus the receive beamforming can be aligned to the
UAV-m’s channel vector, i.e., Wy, () = Wy, 1(2) /|| 5 (9) |-
This can maximize the GU-£’s uplink transmission rate. As
such, the received signal-to-noise-ratio (SNR) of the GU-k at
the UAV-m can be represented as follows:

@)Y b W ()] ©)

m/=1

Vm,k(i) = ps|F0|2 ‘hfm,k
By collecting all sensing data from the active GUs under the
UAV-m’s coverage, the UAV-m’s sensing capacity in the ¢-th
time slot is denoted as follows:

Sm Z /Bm k s ym,k IOgQ (1 + ’Y’m,k(ﬂ) . (7)

The GU can effectively transmit the sensing information to
the UAV in a constant mini-slot ¢ ,, .

C. Multi-UAV NOMA Transmissions

When the UAVs complete data sensing, they hover in
the air and forward the collected data to the BS via the
NOMA transmissions. Let wy ,, (i) € CV*1 denote the UAV-
m’s transmit beamforming vector in the forwarding sub-slot
trm(i). To reduce waiting delay, the forwarded information
from the UAVs with less sensing data can be decoded first at
the BS. This can ensure that the UAV with a larger data size
has a higher transmission rate. Without abuse of notations, let
M denote the ordered set of UAVs according to their data
sizes such that 0 < s1(7) < s2(4) < ... < spr(é). Thus, the
BS firstly decodes the UAV-1’s signal and considers all other
UAVs’ signals as the interference. After the UAV-1’s decoding,
its signal is subtracted from the received signals and then
the UAV-2’s signal is subsequently decoded. The decoding
procedure continues until the signal of the last UAV is
successfully received by the BS. The received signal at the BS
from the UAV-m is denoted by ps|hZ} ;(i)w¢ m(i)|?. Define
Ym,o0(i) = Z%:m ps|hfi/70( VWi (z)| as the interference
power for simplicity. Thus, the received throughput from the
UAV-m to the BS can be denoted as follows:

Tm (1) = tr.m(?)lo _
() =ty o (12200

Here a normalized noise power is considered for simplicity.

>, Ym e M. (8)

IV. LYAPUNOV OPTIMIZATION FOR AOI MINIMIZATION

Let ax (i) be the GU-k’s Aol at the beginning of the i-th
time slot. The successful delivery of sensing data from one GU
to the BS depends on two conditions: 1) the GU successfully
uploads its data to a UAV, and 2) the UAV successfully
forwards the sensing data to the BS, i.e.,

S$m(1) <rpm(i), Vm e M. 9)

t GU-k accesses to UAV-m X GU-k cannot access to UAV-m

Time

Fig. 2: The Aol dynamics of the GU-£.

If the GU-k is not allowed to access any UAV in the i-th
time slot, its sensing data will be further delayed by one time
slot, and thus its Aol is updated as ap(i + 1) = ax(i) + 1.
If the GU-k uploads its data to the UAV-m and the UAV-m
successfully forwards the sensing data to the BS, its Aol in
the next time slot will decrease. Furthermore, if all sensing
data within the UAV-m’s coverage can be forwarded to the
BS successfully in the ¢-th time slot, the GUs” Aol values
will drop to zero in the next time slot, i.e., ax(i + 1) = 0.

A. Aol Dynamics and Long-term Aol Minimization

Different from complete data transmissions in [44], the
UAV-m may not be able to collect all sensing data successfully
from the GUs within the sensing sub-slot ¢;,,(i) due to
limited channel capacity. In this case, let P, (i) £ S’"(E))
denote the fraction of successfully collected data by the UAV-
m, where s, (i) is the size of sensing data within the UAV-
m’s coverage before data collection and s,,(7) is the sensing
capacity defined in Equation (7). By this definition, the GUs’
Aol can be updated partially if only a part of the sensing data
is successfully forwarded to the BS. Hence, with 8, 1. (i) = 1,
the GU-£’s average Aol can be correspondingly updated as
(1= P, (7)) (ar (i) +1). As such, the GUs” Aol dynamics can
be summarized as follows:

a4 1) = {(1 — Pun(i)) (ar

(Z) + 1)v Bm,k(i) =1

" (10
otherwise. (10)

[47% (Z) + 1,
An illustrative example of the Aol dynamics is shown in
Fig. [2} For notational convenience, the Aol dynamics in
can be reformulated in a compact form as follows:

ar(i+1) = <1—Zﬂmk '>(ak(i)+1). 11

The binary access control 3, () allows the GU-k to connect
with at most one UAV in each time slot, as shown in (Ef[)

Given the Aol’s limit ay,,y, the time-averaged Aol of each
GU is upper bounded as follows:

T—1
.1 .
Tlgxgo 7 § 0 Elay(i+1)] < amax, Vk€K. (12)
1=

The expectation is taken with respect to the GUs’ access
control strategy. The design target is to minimize the long-term
time-averaged Aol of all GUs by optimizing the GUs’ access
control ® = {B,, 1 (i) b memrex.icT, the UAVS’ mobility



(£,t) = (£, (1), (7)) mem.icT> and beamforming strategies
(W, Wt) 2 (Wem (1), Wen (i))mea.icT in data sensing and
forwarding phases. The feasible region of the beamforming
strategies (w4, w;) is given as follows:

{IIWsm @] < 1,[|Wem(9)]] <1,¥m e M,¥ie T} (13)

It is clear that the Aol performance has complicated couplings
with the above control variables. For simplicity, the time-
averaged Aol is defined as follows:

T—1 K

_ 1

A(@, £t Wy, wi) = lim i [Zzak(iﬂ) . (14)
1=0 k=1

Till this point, the Aol minimization problem is formulated
as follows:

min
DLt ws, Wy

A(®, 6, t,w,,wy), st (@) —(@3). (15
Problem in Equation (I3 is challenging to solve due to
the following reasons. Firstly, the optimization of the GUs’
access control strategy is combinatorial as it defines a discrete
feasible set. The UAVs’ beamforming optimization also affects
the GUs’ access control, which leads to a high-dimensional
mix-integer program. Secondly, even with the fixed access
control strategy, the UAVs’ trajectory planning and time
allocation are spatial-temporally coupled in a stochastic form.
A dynamic programming approach to solve this problem can
be practically intractable due to the curse of dimensionality.

B. Per-slot Decomposition via Lyapunov Optimization

The long-term time-averaged Aol minimization in Equa-
tion (T3] is obviously a stochastic and dynamic program with
high computational complexity. It involves resource allocation
in multiple time slots and varying system states over time,
which is practically difficult to solve. The GUs’ access control
and the UAVs’ mobility control in each time slot not only
depend on the current system states but also affect the future
evolution of the GUs’ Aol statuses. To resolve this difficulty,
the Lyapunov optimization framework is first employed to de-
compose the multi-stage stochastic Aol minimization problem
into a series of per-slot control sub-problems in different time
slots by introducing queue stability constraints, as illustrated
in Fig. [3

To proceed, the Proposition [1] is first given as follows to
show a simplified reformulation of the time-averaged con-
straint in (I2). The reformulation stems from the conclusion
in [45]], which provides a generalized method to approximate
a stochastic inequality by using a virtual queue system.

Proposition 1: For each GU-k, k € K, a virtual queue X}, (7)
can be constructed with initial zero state, i.e., X;(0) = 0, and
the queue dynamics given by:

Xp(i + 1) = [X3(i) = amax] " +ar(i+1).  (16)

If Xy (i) is mean rate stable, i.e., lim;_,~, *E[|Xx(i)|] = 0,

K2

the satisfaction of the inequality in (I2) can be ensured.

The proof of Proposition (1] is relegated to Appendix A.
Proposition[T]implies that each GU has the bounded Aol value

if the access control and the UAVs’ mobility control strategies
can ensure the stability of the virtual Aol queues, i.e., the
averaged queue size approaches zero as time progresses.
Therefore, in the following part, the stochastic inequality
constraint in can be replaced by the stability constraint
of the virtual Aol queue, i.e., lim;_,o 1 E[| X, (i)[] = 0.
Denote X(i) = (X1(4),..., Xk (7)) as the state vector of
all GUs’ virtual Aol queues. The stability of X (i) can be
measured by introducing the following Lyapunov function:

K
L(X(i)) = %Z |Xk())]?, Viel, (17)
k=1

which is a non-negative quadratic form of the virtual Aol
queue states. The constant help ease our deduction and algo-
rithm design in the following part. Given the virtual Aol queue
states, if the Lyapunov function has a small value, all GUs’
virtual Aol queues have small state values. Otherwise the
Lyapunov function becomes large if at least one GU’s virtual
Aol has a large state value and tends to be unstable. Therefore,
the queue stability can be further characterized by using the
expected change of the Lyapunov function in successive time
slots, which is termed as the drift of the Lyapunov function
and denoted as follows:

Ap(X(i)) =E[L(X(i + 1)) — L(X(1))[X(3)].  (18)
Given the current queue state X(¢), the expectation in (I8) is
taken over all GUs’ access control, the UAVs’ beamforming,
and trajectory planning strategies in the i-th time slot.

To stabilize the virtual Aol queue X(7), it is required to
minimize the increment of the queue size, i.e., the Lyapunov
drift Ay (X(7)). Meanwhile, minimizing all GUs’ Aol values
is necessary to keep information fresh. Thus, the minimization
objective in each time slot is as follows:

K
T(X(i)) & AL(X(i)+V ZE[ak(i +1)|X(3)],
k=1

(19)

where the constant V' is a non-negative control parameter to
balance each GU’s Aol and the queue stability. To this point,
the stochastic objective in Equation (I3]) can be replaced by
the new minimization target in (19)), and thus the optimization
problem becomes a per-slot control problem with the known
states of all virtual Aol queues. However, it is still difficult
to minimize (T9) directly. Instead, an upper bound to (I9) is
derived and minimized as an approximation, as revealed in
Proposition

Proposition 2: T'(X(4)) in (I9) is upper bounded as follows:

T(X(i)) < B (20)
_ EK: f: E [ 1(0)Pon () (V 4+ X(0)) (a10) + 1) X 0]
k=1m=1

where B = 521 |4 (a3()+2(Xe(0)+V +1)ap (i) +02 0+

2X1 (i) + 2V + 1) - Xk(i)amax} is a finite constant given
the current virtual Aol queue state.



The per-slot control problem

GUs’ access
control
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beamforming control
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Update the virtual Aol queue

X+ 1) = [X,() —amax]* + @ + 1D

i UAVs’ UAVSs’ mobility i

Fig. 3: The overall algorithm framework

The derivation of Proposition [2| is relegated to Appendix
B. Given the current queue state X (i) and ay(7), the finite
constant B is known at the beginning of each time slot. The
control variables in (20) include the GUs’ access control,
time allocation, the UAVs’ trajectories, and beamforming
variables. The expectation is taken with respect to all available
queue states X (). Instead of minimizing the objective in (I9)
directly, the focus now becomes the minimization of the upper
bound in (20). For simplicity, the time index can be dropped
and the finite constant B in (20) can be ignored. Once the
queue states are observed at the beginning of the i-th time slot,
the minimization of 7'(X(¢)) in (I9) can be approximated by
the following maximization problem:

M K
R
st. (0 — @) and (13). (21b)

Referring to the Aol dynamics in (TI)), the objective function
in can be viewed as the summation of individual GU’s
Aol reduction, i.e., Z%Zl B,k P (ax, + 1), weighted by the
parameter V + Xj. A larger Aol reduction implies that the
GU’s Aol performance can be reduced significantly once it
transmits its information successfully to the BS. Given the
current Aol queue status X(4), the constant parameter V + X},
denotes the importance of the k-th GU to the overall Aol
performance. Hence, problem (2I)) aims to schedule the data
transmissions of the GUs with the higher Aol reduction and
the worse Aol values in the current time slot.

Problem (ZI) is a mixed-integer problem, which is still
difficult to solve optimally. The following part details present
an iterative algorithm to address the problem by the
block coordinate descent (BCD) and the SCA techniques. The
overall algorithm sketch is shown in Fig.[3] A heuristic method
is first proposed to adapt the GUs’ access control. Secondly,
given the GUs’ access control and the UAVs’ mobility control
decisions, the UAVs’ beamforming strategies can be optimized
for efficient data collecting and forwarding. In the third step,
the UAVs’ hovering locations in the next time slot and the time

allocation for the sensing, flying, and forwarding phases can
be efficiently optimized. After the above three-step iteration,
the GUs’ virtual Aol queue states can be updated in the next
time slot according to (16).

V. PER-SLOT ACCESS CONTROL, BEAMFORMING
OPTIMIZATION, AND MOBILITY CONTROL

Given the GUs’ virtual Aol queue states, the per-slot control
problem can be decomposed into three sub-problems: the
GUs’ access control, the UAVs’ beamforming optimization,
and the mobility control sub-problems. The GUs’ access
control aims to reduce the overall Aol. Our intuitive design is
to select the GUs with higher Aol values to upload the sensing
data to the UAVs. All GUs are first ordered by their current
Aol values and then a group of GUs with larger Aol values are
selected to upload their sensing data sequentially to the UAV-
m. Specifically, given the UAVs’ time allocation and hovering
positions, the first step is to evaluate the number of active GUs
under each UAV’s coverage. Then, given the UAV-m’s sensing

time ¢, ,,,, the maximum number of GUs can be calculated by
11— ()
Ceym = M, where ¢, 1, is the mini-slot allocated

to each active GU. When the GUs are densely deployed, it is
necessary to select a total number of (. ,, GUs from all GUs
under the UAV-m’s coverage. The above heuristic method for
the GUs’ access control provides an efficient solution with
low complexity that is easy to implement in practice.

A. The UAVs’ Beamforming Optimization

Given the GUs’ access control strategy and the UAVs’ hov-
ering locations, the UAVs will collect the GUs’ sensing data
and then forward it to the BS via the NOMA transmissions.
The UAVs can control the beamforming strategies in both
the sensing and forwarding phases. The sensing beamforming
optimization has to balance the uplink transmission rates of
different GUs, while the forwarding beamforming optimiza-
tion aims to exploit the channel diversity and orthogonality
to maximize the network capacity via the UAVs’ NOMA
transmissions. To simplify the beamforming optimization
problem, the slack variables z,, > |hfi W Ws.m|? and yp, >
b/l ywim|? for m € M and k € K are first introduced.
Thus, the received signal at the UAV-m from the GU-k
can be reformulated as Fy, 1 = ps[Tol*[hf} , |? S T g
Similarly, the received signal at the BS from the UAV-m
can be expressed by Y,0 = ps Z%:m Ym/. Thus, the
UAVs’ sensing and transmission beamforming strategies can



be optimized by solving the following subproblem:

M K
S0 Bk PV + Xi)(ax + 1)

m=1 k=1
H 2 H 2
st Tk >y  Weml® Ym > [hy, oWem|”, (22b)

(22a)

max
Ws,m Wi, m

K
Sm < Z 7fs,'m,k 10g2(1 + ;}'/mak)’

(22¢)
k=1
K
> ok 1082 (1+ T i), (22d)
k=1
||Ws,m|| <1, Hwt,m” <1, (22e)
Vme M and k € K. (221)

Problem only focuses on the beamforming strategies

while assuming fixed values for all other control variables.
The SCA technique is further applied to approximate @1})

with a convex function. Given the solutions z'” )k and y(

the 7-th iteration, the constraint (22d) in the 7+ 1-th iteration

can be approximated as follows:

K
trom (1085 (14 Fm0) = F(yn)) = D toma B(wm), 23)
k=1

where F'(y,,) is the linear approximation of logy (1 + m+1,0)
and similarly F(z,, ) denotes the linear approximation of
logy (1 + Ay, k) detailed as follows:

E(a:mk) log, (1 + 7(7) )

M
FplTol R (14300 D (emen =2

(24)

Another difficulty lies in the quadratic terms [h/f ,w, ,[?
and |h/l yw;,|> in (22B). The matrix variables such
that W,,, = Ws,mwgm and W,, = Wt,mwfm
can be further introduced. Then, the received signal at
the UAV-m from the GU-k can be reformulated as
Ymk = pé|F | |h k|2 E%’:lﬁ(han’,kWs,m’hm’,k .
Consequently, the UAV-assisted beamforming strategies can
be optimized in the 7-th iteration as follows:

max
Wem, Wt m

M K
S Bk PV + Xi)(ax + 1)

m=1 k=1
s.t. Rank(W,,,) =1,Vj € {s,t}, (25b)
Tr(W;.m) <1, W;,,, = 0,Vj € {s,t}, (25¢)

(25a)

T,k Z ’I‘r(hyHmkWs,mhm,k) ) (25d)

Ym > Tr(hyy oW b o), (25¢)
K

Sm S Z ts,m,k 10g2(1 + ﬁm,k)v (ZSf)
k=1

@3) — @, vm e M and k € K. (25g)

Conventionally, the problem (23) can be solved by using the
semi-definite relaxation (SDR) technique, i.e., dropping the
rank-one constraint (25b). As such, it becomes a positive
semi-definite program which can be efficiently solved via off-
the-shelf optimization tools. However, the solutions W .,

and W, ,, are not always rank-one. Instead of the SDR
method, similar to [46], a penalty function is imposed in the
objective (25d) to ensure the approximation to the rank-one
matrix solutions.

Specifically, the difference between Tr(Ws ) and
Amax(Wi,m) is defined as the penalty functlon i.e., Xm =
Tr(W ) — Amax(Ws. ) and similarly X,,, £ Tr(Wy,,) —
Amax(Wy¢ ). Adding penalty terms into the objective (23a),
problem (23) can be approximated as follows:

M
w, T'(X()) — Ko 2 (Xm + Xm) (26a)
st. (@39 - @59, (26b)

where T'(X(i)) is defined by Z Zk lﬁm kP (V

X})(ag + 1) for notational convenience and k, is the penalty
factor. The SCA method is further adopted to transform
problem into a convex form in each iteration. Given
any feasible ng),, and W(T) the unit eigenvectors v,(ﬁ)

t,m>
and V(T) can be easily determined corresponding to the
maximum eigenvalues Apmax(Ws ) and Apax(We ), re-
spectively. Then the approximation of the penalty function
can be constructed in the 7-th iteration as follows:

Xm = Te(W, ) = (VOVIW, v (27)
X = Te(Wi ) = (VD) WD (27b)
The penalty factor x, can be updated as f-@(TH) ng) for

some positive ¢, if the matrix solution is far from the rank-
one approximation. By iteratively updating the penalty factor
Ko, the objective function can be maximized while ensuring
a close approximation to the rank-one solutions [46].

The penalty-based iterative method is detailed in Algo-
rithm [T} The sensing and forwarding beamforming vectors
are initialized to the same vector. In the 7-th iteration,
the problem can be solved efficiently with the ma-
trix solutions Wﬁ% and WETTZL Then, the penalty term

Y meM ’xff}n + X m‘ in line 6 of Algorithm ﬂcan be eval-
uated. If it is greater than the desired accuracy 2\, the penalty
factor can be increased as I{(T_H) cngT) in the next iteration.
The algorithm will stop until a close approximation of the
rank-one solution is found, i.e., the error tolerance is less than
€, or the maximum number of iterations is reached, as shown

in line 10 of Algorithm [T}

B. The UAVs’ Mobility Control and Time Allocation

The UAVs’ mobility control includes the UAVs’ hovering
positions and time allocation for the UAVs’ flying, sensing,
and forwarding phases. Given the GUs’ access control and the
UAVs’ beamforming strategies, the UAVs’ mobility control
can be optimized by solving the following subproblem:

M K

Jnax Z > Bk P (VAXR) (ar, + 1) (28a)
m=1 k=1

st. (@ — @, @) and ©). (28b)



Algorithm 1 The UAVs’ Sensing and Transmission Beam-
forming Optimization Algorithm
1: Input: All GUs’ Aol and data states, the UAVs’ hovering
locations and time allocation strategies.
2: Output: The UAVs’ beamforming strategy {Ws. ,,,We,m }-

3: Initialization: ngo), c>1, A=

VE(L,0,..,07,
4: repeat
5. Solve problem (Z6) to update W'7), and WET) nd
record the objective value as G(7).

10—12 (0) (0)

Ws,m = Wi =
Tmax = 19, 7 = 1.

6 it M I+ Xﬁ?n > A then
mffﬂ) — cmg ),
end if
T 17+ 1.

10: until |G+ — G
11: Update w ,,

T)| < €0r T > Tmax-
and w} . by eigenvector decomposition.

Problem (28) is difficult to solve due to the non-convex
constraints in (2) and (). The squared distance ||£,, — £ ]|?
in (2) can be approximated by a linear term easily. The squared
distance ||£,, — q,||? also appears in the denominator of the
logarithmic function in (9). The slack variables ¢,, can be
introduced such that the constraint (9) can be rewritten as
sm < 2, and @2, < rp,. The first inequality s, < @2, is
further transformed into a convex form by the first-order linear
approximation as follows:

2
Sm < (%(ﬁ)) + 2%55)(

Besides, the logarithmic s, defined in can be further
approximated is need to be approximated into a simpler form
for computational convenience. To this end, introducing the
slack variable 2, > [[€m — gy|*, the received SNR from
the GU-k can be reformulated as follows:

§ : H
gm”kws,m’

m/’eM

<p<7>), YmeM. (29)

2

ﬁm,k :ps|F0|2Hgm,k”2 14 (Zm’,krzm,k:)_1

However, it is still difficult to handle 7, 5 and logs (14, k)
directly due to the product 2,/ 12,  in the denominator. The
SCA method is resorted to process it iteratively.

Proposition 3: Given the feasible solutions {zf; )k}me M. kEK
in the T-th iteration of the SCA algorithm, the sensing rate
logy (1 + k) can be linearly approximated as follows:

Glom p) £ logy (1+7))
%(;:)k o Zink | Pmk
1112 ( ) m=1 Zm k Zm,k

The proof of Proposition [3] is relegated to Appendix C.
Proposition [3] gives a linear approximation for the UAV-m’s
sensing rate log,(1 + f?m k). A similar convex reformulation
can be applied to 2, < 7,,. In _particular, slack variable
£,, can be introduced such that £,, < [[£,, — q,*. The

received signals at the BS can be reformulated as 4y, 0 =
Yo Psl|82 Wi |20/ Lrys. Thus, the @2, < 7, can be
reformulated as 92, /tm < 1085 (1+m.0) 1085 (1 11.0)-
By further applying the SCA to the logarithmic function
logs(1 + Amo)s @2, < 7., can be approximated by the
following convex form:

< H(£y) —1ogy (1 + Amt1,0), (31)

rmme

where H (£,,) denotes the linear approximation of log, (1 +
Am.0) and given as follows, similar to that in (30):

H(E,) 2 )

1Og2(1 + Tm ,0

et S v (B~ 20/ (7)

mOm =m

Till this point, the UAVs’ mobility control can be reformulated
into the following problem:

M K
S BukPn(V + Xi)(ak + 1)

max (32a)
Lot
m=1k=1
St Zmg > [lm — @il (32b)
K
Sm < Z ts,m,kG(Zm,k)a (320)
k=1
(D - @, @9) and @I). (32d)

The above analysis reveals each step for the Aol-STO
algorithm to solve the optimization problem in (2] following
the framework in Fig. It aims to minimize the overall
Aol by alternatively optimizing the GUs’ access control, the
UAVs’ mobility control and beamforming strategies, respec-
tively. Given the hovering positions, each UAV first scans
the GUs under its coverage and selects a number of GUs
according to their current Aol statuses. Then, the UAVs can
accept uplink sensing data transmissions from the selected
GUs via backscatter communications. To improve the sensing
capacity, the UAVs also optimize individuals’ beamforming
strategies by solving the subproblem in (26) via an iterative
approximation method, as shown in Algorithm [T} After that,
the UAVs can move to the next sensing positions by trajectory
planning. At the end of each FSF time slot, the GUs’ Aol
queues can be updated according to (T6).

It is clear that the entire optimization for the original
problem in @ is partitioned into three blocks, i.e., the
GUs’ access control strategies {8,k }mem, kek, the UAVS’
beamforming strategies {Ws , Wi m fmem, and the UAVS’
mobility control {€,,,t,, }merm. The BCD method for the
per-slot control problem in each time slot ends when the
error tolerance falls below the threshold e for two consecutive
iterations. In the evaluation part of Section VI, the threshold
€ is set to be 1072, As the objective function is bounded and
increasing after each block optimization, the BCD algorithm
for the per-slot control problem will finally converge to a
stable solution. According to [47]], the BCD algorithm has
a sub-linear convergence rate and requires O(log(1/¢)) steps
to reach the e-optimal solution. By simulation, it is shown that
the overall BCD algorithm for the per-slot control problem in
each time slot takes only a few iterations to converge.



TABLE II: Parameter settings

Parameters

Values

Number of time slots T'

100

Number of the UAVs M

3

Number of the GUs K

15

Number of the UAV’s antennas N

5

Each GU’s uploading mini-slot ¢4 ,,, &

0.2

Reference channel gain p

—30 dB

Rician factor go

0.94

Minimum distance among different UAVS dpin 20 m
UAV’s maximum flying speed vmax 30 m/s
UAV’s maximum transmit power ps 35 dBm
Aggregate noise power oy, —110 dBm
Upper limit of average Aol amax 15
Control parameter p=1V =100
350 ;
Slot-1 ! Slot-2
T
300 i
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1
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Fig. 4: Convergence in two time slots of the SCA algorithm

Since the GUs’ access control is obtained by the heuristic
sorting, its complexity is O(K?2), where K is the number
of the GUs. The computational complexity of the penalty-
based algorithm stems from [46]. For a given ¢ > 0, the
computational cost for an e-optimal solution is given by
O(In(1/€)d - ), where § is the barrier parameter measuring
the geometric complexity of the conic constraints. The
problem in (26) has 2M + MK affine constraints of size
N and 2M convex constraints. Moreover, the number of
decision variables ng is on the order of M NZ2. Thus, the
barrier parameter § is given by \/(2M + MK)N +2M -ng-
[(QM + MK)N3 +2M + (2M + MK)N? +2Mng + nfl]
The problem in (32) has been successfully transformed to
convex problem using the SCA method and can be
effectively addressed. It involves 5M + MK variables
constraints, and thus the computational complexity can be
approximated by O((5M + MK)*®) [48]. Based on the
above analysis, the overall computational complexity of the
BCD algorithm for solving the per-slot control problem is
O(I(K? +1In(1/e)é - 7 + (5M + MK)*%)), where I is the
number of iterations.
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Fig. 5: Aol dynamics with different access control schemes.

VI. NUMERICAL RESULTS

In this section, the performance of the Aol-STO scheme
is evaluated. A set of baseline schemes are also devised
for comparison, i.e., the Max-Data scheme and the Random
scheduling scheme. The Max-Data scheme means that the
GUs with a higher data traffic are first selected to upload
their sensing data to the UAVs in each time slot. The Random
scheduling scheme allows the GUs to randomly access the
uplink GU-UAV channels for data transmission. Without loss
of generality, in the simulation M = 3 UAVs is considered to
serve ' = 15 GUs in a 500 x 500 square meter area. The
locations of the GUs are randomly distributed. The UAVs’
initial coordinates in meters are set as [50, 50, 10], [450, 50,
10], [50, 450, 10], respectively. The BS’s location is fixed at
[100, 100, 0]. The parameter settings, which are similar to
that in [19) and [49]), are summarized in Table [[}

A. Aol Dynamics and Convergence

Firstly the convergence performance of the SCA algorithm
for the per-slot control problem in two consecutive slots is
shown in Fig. ] The summation of weighted Aol reduction
2%:1 Zszl B kP (V + X)(ar, + 1), as defined in (21a),
improves significantly within a few iterations and then con-
verges to a stable value, which means that the complexity
of the SCA algorithm is affordable. It is observed that the
algorithm converges after no more than 5 iterations. Each
UAV first searches for a suitable position and then updates
a new beamforming strategy. Correspondingly, the weighted
Aol reduction first increases slightly due to the change of the
UAVs’ positions. Then each UAV hovers over the GUs and
updates its beamforming strategy to reduce the weighted Aol.

In Fig. 3] the real-time dynamics of the Aol performance is
plotted in different schemes. The Aol-STO scheme not only
achieves a well-balanced Aol performance, but also guaran-
tees stability of each GU’s Aol queue. In the baseline schemes,
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there exists significant Aol fluctuation among different GUs,
i.e., some GUs may have much larger Aol values than that
of the other GUs. This Aol fluctuation is undesirable as it
makes the network unstable. Such fluctuations may be caused
by the GUs’ access control strategy. In the Aol-STO scheme,
the GUs with a higher Aol and a larger data backlog will
be given higher priorities by the UAVs to upload their data.
Once the BS successfully receives the sensing data, the GUs
complete the update process, and their Aols can be reduced.
In the Max-Data scheme, the UAVs control the GUs’ access
according to the data backlogs, which cannot guarantee all
GUs’ access to the UAVs. Some GUs with small data backlogs
may have a larger Aol. The overall Aol will rise up if they
cannot access the UAVs in time.

A quantitative comparison between different access control
schemes is shown in Fig. [f] where the peak and average Aol
values are plotted over different time slots. It is clear that
the Aol-STO scheme achieves the lowest peak Aol compared
to the baseline schemes. This is because the proposed GUs’
access control can help to adapt the GUs’ sensing information
uploads to stabilize the GUs’ information delay. Moreover,
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Fig. 8: The GUs’ fairness with different number of UAVs.

the Aol-STO scheme can stabilize the peak and average Aol
performance, whereas improper access control in the baselines
results in a continuous increase of the Aol over time. The
above results indicate that the AoI-STO scheme is suitable for
some scenarios with real-time communication requirements.

B. The GUs’ Fairness and Aol Performance

In Fig. [/} the GUs’ fairness is illustrated under different
access control schemes. The GU-k’s channel access time in a
frame is recorded as ny, and the GUs’ fairness can be char-
(Zf:l nk)2 [50]

acterized by the Jain’s fairness index =
y 1 J = oD

which ranges from  (worst fairness) to 1 (best fairness).
When J becomes large, it implies that different GUs may
have comparable channel time for uplink data transmission to
upload their sensing data. This results in a smaller variance
in their Aol performance. It is observed that the AoIl-STO
scheme demonstrates superior fairness performance compared
to the baseline schemes. With an increasing number of GUs,
the Aol-STO scheme maintains a relatively stable fairness
among different GUs. As the number of GUs grows up,
the GUs’ uplink contention becomes severe. In this case,
the optimal design of the access control scheme becomes
very important to improve the GUs’ fairness. By properly
scheduling the GUs’ uplink transmission, the GUs’ scheduling
fairness can be guaranteed in a large-scale UAV-assisted
sensing network with massive GUs. This can prevent channel
congestion caused by frequent data uploads and also avoid
aging information caused by long waiting delay. Figure [§]
shows the GUs’ access times and average Aol with different
access control schemes as the number of UAVs increases. The
box plot of the Aol-STO scheme implies a smaller variance
and thus the enhanced fairness among different GUs. This
further confirms the observations in Fig. The long tails
in the box plots of the baseline schemes reveal the huge
fluctuation in the GUs’ Aol performance. As the GUs’ instant
Aol and data backlogs have been taken into consideration
in the Aol-STO scheme, it can minimize the Aol fluctuation
comparing to the baseline schemes. A small number of the
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UAVs becomes difficult to fulfill all GUs’ traffic demands. The
GUs out of the UAVs’ service coverage are hard to connect
with the UAVs. Therefore, the reduced access time makes the
GUs unable to upload and update data timely, which inevitably
leads to an increase in the GUs’ Aol values. This implies
that more UAVs can offer the GUs increased channel access
opportunities, which can improve the GUs’ sensing capacities
and decrease the overall Aol.

C. The UAVs’ Aol-aware Trajectory Planning

The UAVs’ fast deployment and mobility provide a quick
response to the GUs’ demands. Specifically, the UAVs can
plan their trajectories according to the GUs’ spatial distribu-
tion and their Aol dynamics. In this part, the design objective
is to show how the UAVs adapt their trajectories from the
initial locations according to the GUs’ spatial distribution.
The following 4 cases are considered in the comparative
simulation. In the cases 1 and 2, the GUs’ distribution is the
same, while the UAVs’ initial positions are different, as shown
in Fig. [P(a) and Fig. [O(b). In the cases 3 and 4, the UAVs’
initial positions are the same, while the GUs’ have different
spatial distribution, as shown in Fig. 0[c) and Fig. P[(d). The
UAVs’ initial positions in the case 1 are in the corners of the
communication area, while the UAVs’ initial positions in the
case 2 are the same in the center of the service area. The GUs
in the case 3 is randomly scattered, while the GUs in the case
4 have a few clustering centers.

For different cases, the UAVs’ trajectories are shown by
iteratively solving the optimization problem in @ZI). It is
observed from Fig. [J] that each UAV can adapt its trajectory
to serve different GUs according to their spatial distribution.
Generally, the UAVs’ trajectory planning is affected by the
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GUs’ Aol values and locations. For example, assuming that
the GU-k; is served by the UAV-m; initially, the GU-k;’s
Aol will grow up once the UAV-m; tends to fly closer to the
other GUs and the GU-k; fails to connect with any UAV. Then,
the GU-k;’s data will become obsolete at the BS due to the
untimely scheduling. Therefore, to avoid continuous growth of
the GU-k1’s Aol, the UAV-m; prefers to fly back to serve the
GU-k; after collecting the other GUs’ data. Assuming that the
GUs’ traffic is stationary over time, the UAVs prefer to form
relatively stable trajectories to serve different GUs. The UAVs
may also deviate from their fixed trajectories when there is
a sudden change to the GUs’ traffic demands. For example,
when the remote GU-ky has an urgent access demand, the
UAV-m; with the best capability can deviate from its current
flying path and then provide the timely service for the GU-
ko. Another GU-k3 previously located within the UAV-m;’s
service coverage will lose its connection to the UAV-mj.
Meanwhile, some other UAVs will fly to serve the GU-k3
and establish a new connection for data collection.

The Aol performance gain caused by the UAVs’ trajectory
planning is further verified, as shown in Fig. [[0} The GUs’
distribution is the same as that of the case 1 in Fig.[9(a). Two
trajectory planning schemes are considered for comparison,
i.e., the circular trajectory scheme and the fixed hovering
scheme. In the circular trajectory scheme, the initial posi-
tion of each UAV is set at the center of the GUs’ cluster,
respectively, and each UAV flies with a fixed trajectory that
circles around the GUs’ cluster. In the fixed hovering scheme,
the UAVs are fixed above the center of the GUs’ clusters,
respectively. It is observed that the overall Aol can be greatly
minimized and stabilized by adapting the UAVSs’ trajectories
as shown in Fig. [[0[a). The preset path and fixed positions
in baseline schemes both make the UAVs unable to schedule
the GUs’ data transmissions in time, which results in low
information freshness at the BS. The number of the GUs is
further increased under different trajectory planning schemes.
As the number of the GUs increases, the optimized trajectory
can still maintain a low level of Aol by adapting the UAVs’
trajectories according to the GUs’ distribution. There is a huge
gap between the circular trajectory (or the fixed hovering)



scheme and the optimized trajectory as shown in Fig. [I0(b),
which verifies the superiority of the proposed algorithm. All
the above results demonstrate that the UAVs can adjust their
trajectories based on communication requirements and the
GUs’ distribution to improve the sensing and transmission
capacities in complex and dynamic network environments.

VII. CONCLUSIONS

This paper has investigated a multi-UAV-assisted wireless
network for minimizing the long-term time-averaged Aol.
The Aol minimization problem has been decomposed by the
Lyapunov optimization framework. The proposed AoIl-STO
algorithm can keep information fresh by flexibly optimizing
the GUs’ access control, the UAVs’ mobility, as well as sens-
ing and forwarding beamforming strategies, while maintain-
ing the queue stability. Numerical results have demonstrated
that the proposed Aol-STO algorithm can efficiently reduce
the overall Aol. In our future work, the UAVs’ dynamic
altitude control will be introduced to enable more efficient
and adaptable navigation in complex network environments.
Moreover, we may focus on designing optimization-driven and
distributed learning approach for joint trajectory planning and
beamforming optimization to avoid computational demanding
operations at the UAVs.

APPENDIX A
PROOF OF PROPOSITION(]]

The proof follows a similar idea as that of [45]]. If X} (¢) is
mean rate stable, i.e., lim;_, oo E{IX’”( 0 — = 0, it ensures the
satisfaction of the inequality in @D The queue dynamics in
(T6) can be relaxed by the following inequality:

Xp(i+1) = [X5(6) — amas] "+ ax(i + 1)

Z Xk(l) —amax—Fak(i—l-l). (33)

Taking expectation of both sides and inserting X (0) =
0, it easﬂy leads to the inequality E{X (1)} + amdx >
%2220 ar(i + 1). Thus, when lim;_, E{lx"(z)l} 1.e.,
the virtual queue is mean rate stable, the constraint is
satisfied.

APPENDIX B
PROOF OF PROPOSITION 2]

Noting that (max[X —b, 0]+a)? < X2+a%+b?+2X (a—b),
the inequality in (T6) can be rewritten as XZ(i+1) < X2(i)+
az(i+1) + a2, +2X(i)(ak(i + 1) — amax). After simple
manipulation, it results in %Zle X2(t+1)— X,f(z)) <
%Z?:l (a’i‘(l + 1) + a’lgnax + 2Xk(7’) (a’k(l + 1) - amax))
Taking the conditional expectations of both sides yields

2
amax)

Xi(0) (B[ + DIXO)] = amas ).

AL(X(0) < %Zf: (E[aze+nix@)] +
2

(34)

From the definition of the GUs” Aol in (I0), it is easy to see
that 0 < ag (i + 1) < ax(é) + 1 and thus T'(X(7)) in (I9) can
be simplified as follows:

T(X(i) < in«:{(v + Xk(i))ak(z‘ + 1)’xu)} + B, (35)
k=1

where B is a finite constant given in (20).

APPENDIX C
PROOF OF PROPOSITION[3]

The proof of Proposition 3 is straightforward by showing
that the sensing rate logy (1 + 7, ) is a convex function, and
then the linear function can be constructed as its approxima-
tion. To proceed, the convexity of the logarithmic function is
proved in the form of f(z,y) = log, <— + B) The Hessian
matrix of f(z,y) can be evaluated as follows:

A®+2ABay ABz®
(Az+Bz?y)?In2  (Az+Baz2y)?In2
ABy? A%242ABay
(Ay+Bzy?)?In2  (Ay+Bzy?)?In2

Hy =

Given z,y, A, B > 0, it is easy to verify that all elements of
the matrix Hy are positive values. For ease of presentation,

. ) o .
H; is denoted as { gl gl ] and it is further verified that
2 02
0 <1 _
|01] > 0 and 5 1= 0102 — 152 > 0. Hence, the Hes-
2
sian matrix H is positive semi-definite and thus the function

f(z,y) is convex. This implies that log, (Zjej T,iy +B
393

is also a convex function with A > 0,B > 0,z; > 0, and
y; > 0. Then, its first-order linear approximation can be easily
determined at any feasible point (x(-T),yj(T)). As such, the
linear approximation in Proposition easﬂy follows.
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