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Abstract

Unmanned Aerial Vehicle (UAV), when equipped as communication relays, offer a flexible solution to
extend Vehicle-to-Vehicle (V2V) communications beyond fixed infrastructure and Non-Line-of-Sight
constraints. In this setting, the allocation of radio resources, across time, frequency and space through
beamforming, is challenged by the mobility of Connected and Autonomous Vehicles (CAVs) and their
temporal dependencies, as access opportunities depend on prior transmission outcomes such as queue
backlog or failed attempts. This paper proposes a Radio Resource Assignment (RRA) framework for
UAV-aided V2V networks with beamforming-capable UAV relays. The model discretizes time and
space to account for mobility and to track the movement of groups of CAVs across beam segments. The
model also incorporates Time Division Multiple Access (TDMA)-based scheduling, beam activation
constraints, and realistic traffic generation patterns. Analytical expressions are derived for per-user
success probability and system throughput under both, ideal and realistic conditions, and they are
validated against simulations, confirming the accuracy of the proposed approximations. Numerical
results highlight trade-offs involving UAV altitude and resource allocation interval, while a heuristic
beam-activation optimization strategy is shown to further enhance performance, achieving up to 12%
throughput gain over uniform activation.

Keywords: Mobility; Unmanned Aerial Vehicles; V2V; Radio Resource Assignment; Beamforming.

1. Introduction
The evolution towards next-generation networks, including Fifth-Generation (5G)-Advanced and

Beyond, intend to reshape mobile communications by addressing increasingly stringent requirements
in terms of data rate, latency, reliability, and seamless three-dimensional (3D) coverage [1]. Fulfilling
this vision requires a fundamental shift in network architecture, exemplified by the growing promi-
nence of Non-Terrestrial Networks (NTNs) [2]. By integrating spaceborne and aerial components with
terrestrial infrastructure, NTNs enable global reach, enhanced resilience, and service continuity in
areas beyond the coverage of ground-based systems.

Among NTN enablers, aerial platforms such as satellites, High-Altitude Platform Stations (HAPS),
and Unmanned Aerial Vehicles (UAVs) are expected to play a key role in delivering adaptive and
on-demand coverage. In particular, UAVs stand out for their mobility, reconfigurability, and rapid
deployability, making them suitable for dynamic and infrastructure-sparse environments [3]. Their
strategic relevance is recognized in 3rd Generation Partnership Project (3GPP) Technical Report
38.811 [4], which highlights UAVs as airborne Base Stations (BSs) or relay nodes capable of extending
connectivity under challenging conditions.

For these reasons, UAVs have attracted growing attention in the literature, particularly as aerial
relays to support ground users. They offer an effective means of overcoming link blockage, mitigating
Non-line of Sight (NLoS) conditions, and enhancing communication reliability [5]. When their role is
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extended to vehicular network scenarios, UAVs have been employed for tasks such as edge offloading
[6,7], congestion mitigation [8], and time-sensitive data dissemination [9]. In such contexts, however,
ground-user mobility plays a critical role in communication performance, and accurately capturing its
impact remains a major challenge. Resource allocation is often modeled using snapshot-based models,
which treat each time instance in isolation [10,11], failing to consider whether a user successfully
transmitted a packet or accumulated failed attempts in previous intervals. When mobility is explicitly
modeled and vehicles are continuously tracked over time, such memoryless abstractions become
inadequate. Instead, the system must account for temporal coupling, whereby each user’s transmission
history (e.g., queue backlog caused by prior drops or missed scheduling) influences subsequent
resource allocation decisions and access opportunities.

This paper addresses the identified gaps by proposing a mathematical framework for Radio
Resources Assignment (RRA) in UAV-assisted vehicular communication scenarios, accounting for
mobility. Vehicles generate sensor data, which is transmitted in Uplink (UL) to UAVs hovering at fixed
altitudes and acting as relay nodes. Each UAV serves a road segment and subsequently rebroadcasts the
received data in Downlink (DL). Directional beams are used for coverage, with activation constrained
by the limited number of available Radio-Frequency (RF) chains. Inter-beam interference is assumed
to be negligible [12], while intra-beam access is managed through a Time Division Multiple Access
(TDMA)-based scheduling scheme, with resource allocation decisions updated at fixed intervals.

The proposed model captures (i) the mobility of vehicles from their entry to their exit within
an highway segment covered by UAVs; (ii) UAV beam layout and activation constraints imposed by
hardware limitations; (iii) wireless channel conditions, characterized by the UAV-to-vehicle Signal-to-
Noise-Ratio (SNR); (iv) communication parameters such as bandwidth and numerology; (v) traffic
density and (vi) different data generation patterns. Crucially, the framework preserves the state of
each vehicle’s transmission buffer, allowing for temporally consistent resource allocation decisions
that account for packet backlog and retransmission history.

Validated through simulation, the framework supports performance evaluation, via success
probability and user/network throughput, and optimization of RRA. Specifically, it enables joint
tuning of UAV’s altitude and resource allocation interval, and the selection of the optimal beam
activation pattern under RF constraints maximizing a chosen performance metric.

The remainder of the paper is organized as follows. Section 2 outlines the related work and
highlights the novel contributions of this study. Section 3 introduces the system model, while Section 4
details the resource allocation mechanism. Section 5 describes the user mobility model and the adopted
traffic generation patterns. The problem formulation is then developed in Section 6, first under ideal
assumptions in Section 7, and subsequently extended to a more realistic scenario in Section 8. Section 9
presents the numerical results and performance evaluation, and finally, Section 10 concludes the paper.

2. Literature Review
The use of UAVs as enablers of wireless connectivity has attracted growing attention in recent

years. Many works have investigated their role as aerial relays, with efforts primarily focused on
optimizing deployment strategies, relay selection, and resource allocation, or joint combinations of
these dimensions, to serve ground users efficiently.

For instance, in [13], relay selection and scheduling are jointly optimized in a UAV-assisted
Millimiter-Wave (mmWave) network to minimize transmission time, through a two-step random
scheme and a dynamic strategy that avoids relay contention. A similar objective is pursued in [14],
where a Reinforcement Learning (RL) approach based on proximal policy optimization and deep
Q-networks is employed to cope with blockage-prone conditions. In [15], UAV placement, bandwidth,
and power allocation are jointly optimized in public safety scenarios to maximize the utility of video
streams under practical system constraints. A different direction is explored in [16], which introduces
a hierarchical matching algorithm to coordinate relay selection within UAV clusters, enabling stable
user grouping and efficient task offloading to edge servers.
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Several contributions specifically target UAV-assisted vehicular communication scenarios. For
example, [17] proposes a blockchain-based coordination mechanism for spectrum and power allocation
among UAVs to reduce latency under interference constraints. In [18], a cooperative strategy is
proposed in which UAVs assist congested Road Side Units (RSUs) to mitigate interference and improve
throughput. In [19], the challenge of ensuring timely delivery of sensor data in vehicular networks is
addressed by jointly optimizing UAV trajectories and UL scheduling. A comprehensive performance
analysis for UAV-assisted vehicular sidelink communications is presented in [20], which accounts for
beamforming design, traffic load, and deployment parameters.

However, mobility, an inherent feature of vehicular networks, remains a challenging dimension
to incorporate effectively into mathematical frameworks that aim to model the behavior of UAV-
enabled communication systems. While several studies attempt to incorporate user dynamics, key
limitations persist in how mobility influences resource allocation decisions. In [21], a mobility-aware
offloading algorithm is proposed for UAV-assisted vehicular edge computing, where predictive models
estimate vehicle positions to adapt offloading strategies. In [22], UAVs act as mmWave BSs under
a joint optimization of deployment, association, and spectrum allocation, relying on predefined
mobility models. The effect of user mobility on network performance is highlighted in [23], where
adaptive update intervals for UAV repositioning are introduced. In [24], user mobility levels guide
UAV trajectory adaptation and resource partitioning between sensing and communication. [25] and
[26] exploit mobility information to optimize UAV energy consumption and joint trajectory-power
strategies, respectively. While these contributions mark important progress, they exhibit two main
limitations. First, in works such as [22], mobility is often incorporated as a static input (i.e., movement
patterns are considered in aggregate, rather than capturing the real-time, slot-by-slot evolution of each
vehicle). Second, although other studies do adapt UAV behavior dynamically based on user movement
(e.g., through trajectory reconfiguration or update intervals), they lack a state-tracking mechanism
capable of modeling per-user queue evolution, transmission history, and access retries.

To the best of the authors’ knowledge, this is the first work to introduce a mathematical frame-
work that explicitly captures the dynamic interplay between vehicle mobility, queue states, and
communication constraints. Our contribution departs from existing literature in two key aspects:

• Temporal coupling and queue awareness, achieved through a time-evolving model that tracks
each vehicle across successive time slots, preserving internal states such as queue content and
retransmission history. This allows the resource allocation process to account for the outcome of
previous transmissions, ensuring a temporally consistent and fair system behavior;

• Realistic traffic modeling, by incorporating heterogeneous data generation patterns, including
periodic event-driven transmissions and probabilistic schemes where new packets are generated
as soon as the transmission queue is emptied. This enables the framework to reflect both sporadic
and continuous communication behaviors typical of Vehicle-To-Everything (V2X) applications
[27].

3. System Model
3.1. Reference Scenario and Application

Let us examine the Vehicle-to-Vehicle (V2V) communication scenario supported by UAVs, as illus-
trated in Figure 1. In this setting, Connected and Autonomous Vehicles (CAVs) travel unidirectionally
along a highway segment with a total length, L, moving at a constant speed, v, from point A to point B.
The highway is covered by a fleet of Ndrone UAVs hovering at a fixed altitude, h, above ground level.
These UAVs are deployed at a constant inter-drone distance, dUAV. Each UAV covers a specific road
segment of length Lf using multiple beams. The antenna system onboard each UAV is configured as a
hybrid digital Uniform Linear Array (ULA), comprising NUAV antenna elements and NRF RF chains,
which determines the number of simultaneously active beams. Similarly, each CAV is equipped with a
ULA consisting of NCAV antenna elements and a single RF chain.
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Figure 1. UAV-aided V2V communication scenario featuring two UAVs (Ndrone = 2) serving the road segment
from point A to point B. Each UAV is equipped with four beams (Nbeam = 4) and three Radio Frequency (RF)
chains (NRF = 3).

Through onboard sensors, each CAV collects environmental data, which is encapsulated into
packets of size D [bits] that should be transmitted to other CAVs in the network to support extended
sensing applications [28]. These applications enable vehicles to share locally gathered data with nearby
vehicles, enhancing their environmental awareness beyond their own sensing capabilities. To ensure
robust and reliable communication, even in blockage scenarios [5], we envisage the integration of
UAVs as relays to facilitate efficient information dissemination among CAVs.

The data transmission process consists of two phases: an UL phase, where the CAV sends the
data packets to the UAV responsible for its current road segment, and a DL phase, during which the
UAV broadcasts the data to other CAVs. In this work, we focus exclusively on the UL direction, As
the network is collecting sensors data, the traffic requirements are particularly challenging for the UL
communication [29].

3.2. Beamforming and Path Loss Model

The UAVs employ a beamforming codebook B, whose cardinality |B| = Nbeam determines the
number of beams used for ground coverage. Throughout the paper, we adopt a Discrete Fourier
Transform (DFT) codebook, as in [30], which guarantees full coverage with the minimum number of
beams. Each beam covers a ground footprint of length L(b), with b = 1, ..., Nbeam, determined using
the methodology in [20]. As a result, the total coverage extent provided by a single UAV is given by

Lf =
Nbeam

∑
b=1

L(b). (1)

The strategic placement of the UAV ensures a reliable ground-to-aerial communication link
without obstructions. The path loss in dB experienced by a generic CAV within the bth beam is
modeled following [31] and it is assumed to be uniform across the entire beam [20]:

PL(b) = δ + α 10 log10(d
(b)) + η, (2)

where d(b) denotes the distance between the barycenter of the bth beam footprint and the UAV, δ and
α denote the excess path loss offset and the path loss exponent, respectively, while η ∼ N (0, σ2

s ) is a
Gaussian random variable, with variance σ2

s , modelling the shadowing component.

4. The Radio Resource Assignment Process
Similarly to the 5G New Radio (NR) Standard [32], we assume that each communication instance

occurs in a predefined time-frequency resource. In addition, we exploit the spatial dimension, via the
use of beamforming, where the association between beams and CAVs can be established during the
initial access procedure as in [33]. We also assume negligible inter-beam interference, allowing CAVs
covered by different beams to reuse the same time-frequency resources [29]. Conversely, to avoid
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intra-beam interference, different Resource Units (RUs) must be assigned to different CAVs within the
same beam. To this end, a TDMA protocol is implemented in each beam, b, whereby time is divided
into N(b)

∆t frames, each of duration ∆t, activated sequentially. Since each beam spans a ground footprint
of length L(b), the number of TDMA frames per beam is given by

N(b)
∆t =

⌊
L(b)

v · ∆t

⌋
=

⌊
L(b)

∆s

⌋
. (3)

We define N (b)
∆s as the set of spatial segments composing beam b, and N (b)

∆t as the corresponding
set of time frames:

N (b)
∆s = {∆s1, . . . , ∆s

N(b)
∆s
}, N (b)

∆t = {∆t1, . . . , ∆t
N(b)

∆t
}. (4)

During each TDMA frame of duration ∆t, the RRA algorithm, running at the UAV, assigns UL resources
to the CAVs located in the corresponding spatial segment ∆s of the beam (see Figure 2). In particular,
∆s = v ∆t and is the road segment crossed by a CAV during a single frame.

Figure 2. Example of TDMA scheme applied to NRF = 2 active beams out of Nbeam = 4 beams.

We now derive the number of CAVs that can be served concurrently in a frame, assuming RU
RUs are available. According to 5G, in the frequency domain, a Physical Resource Block (PRB) consists
of Nsub subcarriers with subcarrier spacing, ∆ f , determined by the selected 5G numerology. The
bandwidth of a single PRB is then given by

BPRB = Nsub · ∆ f . (5)

With NPRB PRBs allocated to a communication channel, the total channel bandwidth is given by

Bch = BPRB · NPRB. (6)

The channel capacity, Cch, can be calculated using the Shannon capacity formula as per [34]:

Cch = Bch · log2(1 + γth), (7)

where γth is the minimum SNR required for reliable communication.
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In the time domain, a PRB is defined over a time slot, Tslot, which corresponds to the transmission
of 14 Orthogonal Frequency-Division Multiplexing (OFDM) symbols [35]. Hence, the capacity of a
single RU, combining both time and frequency dimensions, is expressed as

CRU = Cch · Tslot. (8)

The number of RUs allocated to the UL direction during a resource allocation interval of duration ∆t,
is given by

RU =

⌊
B

Bch
· ∆t

Tslot

⌋
, (9)

where B is the total bandwidth available in a beam. The number of RUs required to meet the traffic
demand D can be computed as

RUreq =
D

CRU
. (10)

Finally, the maximum number of CAVs that can have the required number of resources assigned
during a single ∆t interval can be computed as follows:

U =

⌊
RU

RUreq

⌋
, (11)

where the floor function, ⌊·⌋, ensures the result is an integer number.

Table 1. General notation description.

Symbol Description Symbol Description

Ndrone Number of serving UAVs Nbeam Number of available beams
NRF Number of RF chains ∆t RRA interval duration
k Time interval index ktot Total traversal time intervals
ℓ Beam index τcross Travel time from A to B
N(ℓ)

∆s Spatial segments in beam ℓ N(ℓ)
∆t TDMA frames in beam ℓ

v Vehicle speed U Maximum servable vehicles per RRA inter-
val

K(ℓ) Beam traversal intervals ∆s Minimum discretized road segment length

M Maximum number of vehicles per segment
(∆s) Lv Vehicle length

po Probability of a vehicle in slot Lv λ Vehicle density
n Average vehicles per segment (∆s) p(k)g Packet generation probability at interval k
pgmin

Minimum packet generation probability pgmax
Maximum packet generation probability

T Period between consecutive packet gener-
ation events nq CAVs with queued packet

nnq CAVs without queued packet na Accessing CAVs
ns Successful CAVs nf Failed CAVs
nq Average CAVs with queued packet nnq Average CAVs without queued packet
na Average accessing CAVs ns Average successful CAVs
nf Average failed CAVs pq Probability of having a queued packet
pqn

Probability of newly generated packet pc Connection probability
pa Activation probability pb Blocking probability
γth SNR threshold γ(ℓ) Average SNR in the ℓth beam

µ(ℓ) Mean of average SNR in beam ℓ σ(ℓ) Standard deviation of average SNR in
beam ℓ

ps Average success probability ps Success probability
Snet Network throughput Su Average user throughput
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5. Traffic Model: Mobility and Data Generation
5.1. Notation

Henceforth, the beams covering the road segment from A to B, served by Ndrone UAVs (each pro-
viding Nbeam beams), are indexed as ℓ ∈ {1, 2, . . . , Nbeam · Ndrone}. Time is discretized into RRA inter-
vals of duration ∆t, with each interval indexed by k ∈ [1, ktot], where ktot is the total number of intervals
required for a CAV to traverse the road segment from A to B. Specifically, ktot = ⌊τcross/∆t⌋, where
τcross is the travel time from A to B, given by τcross = Lf · Ndrone/v. Equivalently, ktot can be expressed
as ktot = ∑Nbeam·Ndrone

ℓ=1 N(ℓ)
∆t , in accordance with Equation (3). Finally, let K(ℓ) =

{
k | 1 ≤ k ≤ N∆t

(ℓ)
}

denote the set of discrete intervals required to traverse the ℓth beam.

5.2. Cavs Mobility and Distribution

In this work, we assume each ∆t represents a discrete snapshot of the scenario, during which
vehicles occupying the same ∆s move together to the next segment. Since the RRA process operates at
intervals of ∆t, this ensures synchronization between resource allocation and the vehicle’s movement.
The maximum number of vehicles that can fit within ∆s is given by M = ∆s/Lv, where Lv represents
the physical size of the CAV and allows for a minimum safety distance, assuming the scenario of
maximum traffic congestion [36]. Assuming a Point Poisson distribution over a single road segment,
the probability of having exactly n vehicles within ∆s follows a Binomial distribution [20]:

pn(n) =
(

M
n

)
pn

o (1 − po)
M−n, (12)

where po represents the probability of finding a vehicle in a given road segment of length Lv, given by

po = λLve−λLv , (13)

with λ the vehicle density [car/km].
Now, considering the number of vehicles entering the scenario in the first frame duration, that is

moving in the first road segment of the first beam, it is still Binomially distributed, with average, n,
given by

n = M · po. (14)

5.3. Data Generation Model

In the following, we introduce two distinct traffic models that capture the packet generation
logic of CAVs as they traverse the road segment from point A to point B. We will denote as p(k)g the
probability that a CAV can generate a new packet in frame k.

5.3.1. Probabilistic Traffic Model

In this setting, we assume that packet generation occurs randomly, governed by an underlying
stochastic process. In particular, the value of p(k)g is not constant; rather, it evolves over time to reflect
the dynamics of V2X messaging, where transmission periodicity adapts to changes in the vehicle’s
state, as observed for Cooperative Awareness Messages (CAMs) [37,38]. In the remainder of this
section, we introduce two time-dependent functions that model this evolution and serve as candidate
patterns for packet-generation probability.

• Parabolic traffic pattern. In this scenario, each CAV entering the system at point A is assumed to
have an initial queued packet with probability pgmin. As the vehicle traverses the road segment
and successfully transmits its queued packet, the probability of generating a new packet increases
progressively, reaching a maximum value, pgmax, at the midpoint of the segment (i.e., when
k = ktot/2). Thereafter, the packet generation probability decreases, reverting to pgmin by the time

the vehicle reaches point B (i.e., at k = ktot). The expression governing p(k)g is then given by
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p(k)g =
4
(

pgmin
− pgmax

)
k2

tot
k2 −

4
(

pgmin
− pgmax

)
ktot

k + pgmin
, (15)

where pgmin < pgmax.
• Linear decreasing traffic pattern. In this case, vehicles entering the system have a queued packet

with probability pgmax. As they progress along the road, the probability of generating a new
packet (once their queue is cleared) decreases linearly, reaching pgmin by the time they arrive at
point B. The function governing this evolution is given by

p(k)g = pgmax −
pgmax − pgmin

ktot
k, (16)

with pgmin < pgmax.

5.3.2. Periodic Traffic Model

In this scenario, vehicles generate a packet either upon entering the system or at periodic intervals
triggered by a specific event. Accordingly, p(k)g is defined as

p(k)g =

1, if k = 1 or k = aT, a ∈ Z+,

0, otherwise,
(17)

where T denotes the time interval between two consecutive packet generation events. This interval
corresponds to the time required for all CAVs to empty their queues, which is influenced by both
vehicle density and UAV resource availability.

6. Mathematical Model Overview
This section introduces the key components of the proposed mathematical framework developed

to model the traffic dynamics of CAVs traversing a road segment from point A to point B, covered by
Ndrone UAVs, while attempting to transmit their UL traffic demands in support of V2V applications.
The proposed scheme captures vehicle mobility by tracking groups of vehicles across ∆t intervals,
considering those that enter simultaneously and occupy the same ∆s segments. Built on this logic, the
scheme accounts for the cumulative effect of previous allocation intervals, making the outcome at any
given time dependent on past decisions, thus introducing a temporal dependency that increases the
overall complexity.

6.1. Notation

The following notations will be used:

• nq: the number of CAVs with a data packet queued for transmission. This condition occurs when
(i) a new packet is generated following a successful transmission1, or (ii) a previous transmission
has failed and the same packet must be retransmitted. Conversely, nnq denotes the number of
CAVs without a packet in the queue;

• na: the number of CAVs attempting to access resources, i.e., vehicles that (i) have a packet in the
queue, (ii) are connected to the UAV, (iii) are located within an active beam, and (iv) occupy a ∆s
segment during a frame k that is activated according to the TDMA procedure outlined in Section
4;

• ns: the number of CAVs that successfully receive resources to transmit their data;
• nf: the number of CAVs that did not succeed in receiving resources to transmit their data.

All of the above random variables may depend on the considered time frame k and the beam ℓ.
Therefore, they will be denoted as (·)(k,ℓ) when appropriate. As will be clarified later, these variables

1 A unit-size queue is assumed; a new packet is generated only when the queue is empty.
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follow a Binomial distribution. Their expected values, denoted as nq, na, ns, nf, will be derived in the
following sections.

Other notations are:

• pq: probability that a CAV has a packet in the queue, which occurs if (i) a new packet has been
generated after a successful transmission (we denote this probability pqn ), or (ii) a previous packet
remains in the queue because the last transmission attempt failed;

• pc: connection probability, that is the probability that a CAV is connected to the UAV, that is it has
an SNR above the threshold;

• pa: activation probability, that is the probability that a CAV is (i) within an active beam and (ii)
located in a road segment during a frame k that is active according to the TDMA procedure;

• pb: blocking probability, that is the probability that a CAV does not have RUs assigned in a given
∆t.

As for the case of the random variables defined above, these probabilities may depend on the consid-
ered time frame k and on the beam ℓ.

6.2. Connection Probability

In the following, we compute the probability that a CAV in the ℓth beam is connected to the
UAV, which corresponds to the event that the UL SNR of the CAV-UAV link exceeds the threshold γth,
defined as the minimum value required to satisfy the system’s Quality of Service (QoS) constraint.

For analytical tractability, we adopt the uniform-SNR assumption within each active beam, as
in [20]. Accordingly, all CAVs served by the same beam are assumed to experience the same SNR.
Under this assumption, the connection probability is given by

p(ℓ)c = Prob
(

γ(ℓ) ≥ γth

)
, (18)

where γ(ℓ) denotes the average SNR in the ℓth beam. By the central limit theorem, the distribution
of the average SNR in dB can be approximated as γ(ℓ) ∼ N (µ(ℓ), σ(ℓ)2

), where the mean value µ(ℓ) is
computed using the path loss model in Equation (2), and the standard deviation is σ(ℓ) =

√
σ2

s + σ2
n

[29,39]. Hence, the connection probability in beam ℓ can be expressed as

p(ℓ)c = Q

(
γth − µ(ℓ)

σ(ℓ)

)
, (19)

where Q(·) is the Q-function.

6.3. Activation Probability

We now derive p(ℓ)a , which represents the probability that, in a given frame, a CAV is illuminated
by an active beam and that the frame is active from the TDMA protocol perspective, as described in
Section 4. Regarding beam illumination, when NRF < Nbeam, only a subset of beams can be active
simultaneously. Consequently, if a vehicle is traveling under an inactive beam, it remains unserved and
is excluded from resource assignment during that resource allocation interval. Concerning the TDMA
protocol employed within each beam, a different road segment of length ∆s is sequentially illuminated
and served during each frame k of duration ∆t. Since a CAV needs N(ℓ)

∆t intervals to traverse the ℓth

beam, it is, on average, allocated UL resources in one out of every N(ℓ)
∆t frames during its traversal.

Therefore, p(ℓ)a can be computed as

p(ℓ)a =
NRF

Nbeam
· 1

N(ℓ)
∆t

, (20)

where the first term accounts for the beam activation state and the second one for TDMA. The second
term clearly highlights how larger beams exacerbate the impact of the TDMA scheme, as they require
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longer traversal times, i.e., higher values of N(ℓ)
∆t , which in turn lead to a lower activation probability

p(ℓ)a .

6.4. Blocking Probability

Finally, we derive the blocking probability, p(k,ℓ)
b , using the Erlang-B formula [40], B(·), as

p(k,ℓ)
b = B

(
U, n(k,ℓ)

a
)
, (21)

where U is the maximum number of vehicles that can be accommodated in a given RRA interval (as
defined in Equation (11)), and n(k,ℓ)

a represents the average number of vehicles attempting to access
resources in that interval. The Erlang-B formula B(·) can be recursively computed as

B(m, n(k,ℓ)
a ) =

n B(m − 1, n(k,ℓ)
a )

m + n(k,ℓ)
a B(m − 1, n(k,ℓ)

a )
, (22)

by setting B(0, n(k,ℓ)
a ) = 1.

6.5. Target Performance Metrics

In the following, we introduce the performance metrics derived in the remainder of the paper
and evaluated in the numerical results.

6.5.1. Success Probability

The success probability for a CAV in frame k while traversing beam ℓ, denoted p(k,ℓ)
s , is the

probability that all of the following conditions are satisfied simultaneously: i) the CAV has a queued
packet ready for UL transmission; ii) the CAV is connected to the UAV; iii) beam ℓ and time frame k
are active, and iv) the CAV receives sufficient resources to transmit D bits in the UL. Therefore, it is
given by

p(k,ℓ)
s = p(k,ℓ)

q p(ℓ)a p(ℓ)c (1 − pb(n
(k,ℓ)
a )), (23)

with k ∈ K(ℓ), where we account for the contention among n(k,ℓ)
a CAVs competing for the available

resources.

6.5.2. Average Success Probability

The average success probability, averaged over the entire travel of the CAV along the road, is
given by

ps =

Ndrone·Nbeam
∑
ℓ=1

∑
k∈K(ℓ)

p(k,ℓ)
s

Ndrone·Nbeam
∑
ℓ=1

∑
k∈K(ℓ)

p(k,ℓ)
qn

, (24)

where the denominator expresses the total probability of generating new packets along the entire path.

6.5.3. Average User Throughput

The average user throughput achieved by a CAV during a generic frame k, is given by

Su =

Ndrone·Nbeam
∑
ℓ=1

∑
k∈K(ℓ)

p(k,ℓ)
s · D

ktot · ∆t
[bit/s]. (25)
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6.5.4. Network Throughput

The overall network throughput generated by all CAVs traversing the road segment from A to B
over a time period of ktot time slots, is given by

Snet = Su · ktot · n, (26)

where n denotes the average number of users that fit within a spatial slot of length ∆s, as defined in
Equation (14).

7. Mathematical Model Under Ideal Conditions
To simplify the analysis, we first model the traffic evolution under ideal conditions, where

pc
(ℓ) = 1 and pa

(ℓ) = 1. This implies that i) all CAV-UAV links maintain an SNR level above the
threshold γth, ii) all beams are continuously active (i.e., NRF = Nbeam), and iii) the TDMA scheme is
not applied within each ∆t interval for that beam. Under these assumptions, n(k,ℓ)

a = n(k,ℓ)
q , and all

variables will only depend on k and not on ℓ.
As anticipated in Section 6, all the random variables defined and considered in this work follow a

Binomial distribution, as they result from a sequence of independent thinning operations applied to the
initial binomial population n introduced in Equation (12) [41]. This modeling assumption holds under
the condition that the maximum number of CAVs M fitting within a segment ∆s is fixed and known
and that each thinning step (e.g., determining whether a CAV has a queued packet, is successfully
served, or not) is governed by a constant and independent probability within each considered frame k.
In the remainder of the paper, we focus exclusively on average values, which allows us to preserve
analytical tractability while maintaining the binomial structure in expectation.

7.1. Probabilistic Traffic Model

We first derive n(k)
q and p(k)q under the probabilistic traffic model outlined in Section 5.

7.1.1. Deriving n(k)
q

The initial values at time step k = 1 are given by
n(1)

q = n p(1)g

n(1)
nq = n (1 − p(1)g )

n(1)
s = n(1)

q (1 − pb(n
(1)
q ))

n(1)
f = n(1)

q pb(n
(1)
q ),

(27)

where the first two equations account for the fact that a CAV generates a new data with probability
p(1)g , and the last two equations take into account that CAVs have success in getting resources with
probability pb.

Then, in the second time frame, k = 2, we have:
n(2)

q = n(1)
nq p(2)g + n(1)

s p(2)g + n(1)
f

n(2)
nq = n(1)

nq (1 − p(2)g ) + n(1)
s (1 − p(2)g )

n(2)
s = n(2)

q (1 − pb(n
(2)
q ))

n(2)
f = n(2)

q pb(n
(2)
q ),

(28)

where the first equation accounts for the fact that a new packet may be present in the queue either
because the queue was initially empty, or the previous packet was successfully transmitted, or due to a
previously failed transmission. The second equation accounts for the case where no packet was in the
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queue, or no new packets are generated. The last two equations follow the same derivation as in the
case k = 1. By generalizing, we have:

n(k)
q = n(k−1)

nq p(k)g + n(k−1)
s p(k)g + n(k−1)

f

n(k)
nq = n(k−1)

nq (1 − p(k)g ) + n(k−1)
s (1 − p(k)g )

n(k)
s = n(k)

q (1 − pb(n
(k)
q ))

n(k)
f = n(k)

q pb(n
(k)
q ) .

(29)

7.1.2. Deriving p(k)q

To simplify the notation, we introduce the following probabilities: (i) pnq, i.e., the probability that
no data is present in the queue; (ii) ps|q, i.e., the probability of a successful transmission, conditioned
on the presence of data in the queue, and (iii) pf|q, i.e., the probability of a failed transmission, also
conditioned on the presence of data in the queue. The initial values at time step k = 1 are then given
by 

p(1)q = p(1)qn = p(1)g

p(1)nq = (1 − p(1)g )

p(1)s|q = (1 − pb(n
(1)
q ))

p(1)f|q = pb(n
(1)
q ) .

(30)

Then, generalizing, we have:

p(k)q = p(k)qn + p(k−1)
f|q

p(k)qn = p(k−1)
nq p(k)g + p(k−1)

s|q p(k)g

p(k)nq = p(k−1)
nq (1 − p(k)g ) + p(k−1)

s|q (1 − p(k)g )

p(k)s|q = (1 − pb(n
(k)
q ))

p(k)f|q = pb(n
(k)
q ) .

(31)

7.2. Periodic Traffic Model

We now derive n(k)
q and p(k)q under the periodic traffic model, where vehicles enter the scenario

with a packet already queued.

7.2.1. Deriving n(k)
q

Using the same approach adopted in the probabilistic traffic model, we derive n(k)
q for the case

k = 1 and k = aT, with a ∈ Z+, as follows: 
n(k)

q = n,

n(k)
nq = 0,

n(k)
s = 1,

n(k)
f = 0,

(32)

where we account for the fact that, at time steps k = 1 or k = aT, the packet generation probability is
p(k)g = 1. This reflects the synchronous behavior of all n CAVs that entered the system during the same
kth interval: upon completing the transmission of their previous packet, each vehicle generates a new
one, thereby resetting n(k)

q to its initial value, n.
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Then, for the other values of k we have p(k)g = 0, therefore:
n(k)

q = n(k−1)
f

n(k)
s = n(k)

q

(
1 − pb(n

(k)
q )
)

n(k)
f = n(k)

q pb(n
(k)
q ),

(33)

where the first equation accounts for the fact that CAVs have data in the queue only if they failed at
the previous attempt (in case of success no new data is generated until the end of the period).

7.2.2. Deriving p(k)q

Following the same approach used for the probabilistic traffic, and accounting for the values of
pg, we have:

p(k)q =

1, if k = 1 or k = aT, a ∈ Z+,

p(k−1)
f|q , otherwise,

(34)

where p(k−1)
f|q = pb(n

(k−1)
q ).

Taking into account the new data packet generation, we have:

p(k)qn =

1, if k = 1 or k = aT, a ∈ Z+,

0, otherwise.
(35)

8. Modeling in Realistic Conditions

We now relax the assumptions on pc
(ℓ) and pa

(ℓ), resulting in having n(k,ℓ)
a ̸= n(k,ℓ)

q and the
dependency of these random variables on both beam ℓ and time frame k. Therefore, in the following
we derive n(k,ℓ)

a , p(k,ℓ)
q , and p(k,ℓ)

qn built upon the previously established expressions for n(k)
q , p(k)q and

p(k)qn (given in Section 7).
Two separate cases are analyzed, that are ℓ = 1 and ℓ > 1.

• For ℓ = 1, the average number of vehicles attempting to access resources, accounting for the
queue status, the CAV connection, and both beam and time slot activation, is given by

n(k,1)
a = n(k)

q p(1)c p(1)a (36)

with k ∈ K(1). Similarly, p(k,1)
q = p(k,1)

qn = p(1)g p(1)c p(1)a .
• For ℓ > 1, we first show the specific cases for ℓ = 2 and ℓ = 3 to illustrate the underlying logic,

and then generalize the derivation ∀ℓ>1.
When ℓ = 2, the expression of the average number of CAVs attempting to access resources is
given by

n(k,2)
a = n(k)

q

(
1 − p(1)c p(1)a

)
+ n(N∆t

(1)+k)
q p(1)c p(1)a , (37)

with k ∈ K(2). Equation (37) is expressed as the sum of two contributions corresponding to
distinct scenarios that may occur during the traversal of the preceding beam (ℓ = 1): (i) if
NRF<Nbeam and beam 1 is not included in the active set, or if γ(1)<γth, then the average number
of vehicles attempting to access resources in beam 2 during the kth interval is equal to the average
number of vehicles that entering the system with a queued packet and that were not served while
traversing beam 1 with probability 1 − p(1)a p(1)c ; (ii) if beam 1 is active and γ(1)>γth, then the
vehicles contending for resources in beam 2 are those that, over the intervals k ∈ K(1), attempted
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to transmit their UL packets with probability p(1)a p(1)c . Similarly, p(k,2)
q = p(k)q

(
1 − p(1)c p(1)a

)
+

p
(k+N(1)

∆t )
q p(1)c p(1)a .

When ℓ = 3, it holds:

n(k,3)
a = n(k)

q

(
1 − p(1)c p(1)a

)(
1 − p(2)c p(2)a

)
+ n(N∆t

(1)+k)
q p(1)c p(1)a

(
1 − p(2)c p(2)a

)
+ n(N∆t

(2)+k)
q p(2)c p(2)a

(
1 − p(1)c p(1)a

)
+ n(N∆t

(1)+N∆t
(2)+k)

q p(1)c p(1)a p(2)c p(2)a , (38)

with k ∈ K(3). In this case, Equation (38) accounts for all possible combinations of the states of the
preceding beams, both in terms of connection and activation. The expression of p(k,ℓ)

q , for ℓ = 3,

follows the same structure as in Equation (38), where n(k)
q is replaced by p(k)q .

By generalizing to an arbitrary beam ℓ > 1, the final expression for n(k,ℓ)
a , which captures the

cumulative effect of all preceding beams and their states, is given in Equation (39), with u = ℓ− 1 and
k ∈ K(ℓ). The term n(k)

q appearing in this formulation is defined by Equation (29) for probabilistic traffic

and by Equation (33) for periodic traffic. Likewise, the expression for p(k,ℓ)
q is reported in Equation (40),

where p(k)q follows Equation (31) or Equation (34), depending on the traffic model. Finally, p(k,ℓ)
qn can be

derived by using Equation (40) and substituting p(k)qn to p(k)q , where p(k)qn is given by Equation (31) for
the probabilistic traffic and by Equation (35) for the periodic traffic.

n(k,ℓ)
a = n(k)

q

ℓ−1

∏
i1=1

(
1 − p(i1)c p(i1)a

)
+

+
ℓ−u+1

∑
i1=1

ℓ−u+2

∑
i2=i1+1

· · ·
ℓ−1

∑
iu−1=iu−2+1

n

(
k+N

(i1)
∆t +···+N

(iu−1)
∆t

)
q p(i1)c p(i1)a · · · p(iu−1)

c p(iu−1)
a ·

ℓ−1

∏
j=1

j ̸=i1 ,i2 ,...,iu−1

(
1 − p(j)

c p(j)
a

)

+ · · ·

+
ℓ−u

∑
i1=1

ℓ−u+1

∑
i2=i1+1

· · ·
ℓ−1

∑
iu=iu−1+1

n

(
k+N

(i1)
∆t +···+N(iu )

∆t

)
q p(i1)c p(i1)a · · · p(iu)c p(iu)a .

(39)

p(k,ℓ)
q = p(k)q

ℓ−1

∏
i1=1

(
1 − p(i1)c p(i1)a

)
+

+
ℓ−u+1

∑
i1=1

ℓ−u+2

∑
i2=i1+1

· · ·
ℓ−1

∑
iu−1=iu−2+1

p

(
k+N

(i1)
∆t +···+N

(iu−1)
∆t

)
q

· p(i1)c p(i1)a · · · p(iu−1)
c p(iu−1)

a

 ℓ−1

∏
j=1

j ̸=i1,i2,...,iu−1

(
1 − p(j)

c p(j)
a

)
+ · · ·

+
ℓ−u

∑
i1=1

ℓ−u+1

∑
i2=i1+1

· · ·
ℓ−1

∑
iu=iu−1+1

p

(
k+N

(i1)
∆t +···+N(iu)

∆t

)
q p(i1)c p(i1)a · · · p(iu)c p(iu)a .

(40)
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Table 2. Input parameters.

Parameter Notation Value

Number of UAVs Ndrone 2
CAV’s antenna elements NCAV 4
UAV’s antenna elements NUAV 5
CAV’s transmitting power Pi 23 dBm
CAV’s speed v 33.3 m/s
Vehicle’s average length Lv 5 m
Noise power σ2

n -101 dBm
Excess path loss offset A 84.64 dB
Path loss exponent δ 1.55
Log-normal shadowing variance σ2

s 4
Vehicle density λ 80 cars/km
SNR threshold γth 13 dB
Carrier frequency fo 28 GHz
Bandwidth available per beam B 30 MHz
PRBs per channel NRB 10
Subcarriers per channel Nsub 12
Subcarrier spacing ∆ f 120 KHz
Demand D 10 Mbit
Slot duration Tslot 125 µs
Max. packet generation probability pgmax 0.9
Min. packet generation probability pgmin 0.6

9. Numerical Results
This section presents numerical results evaluating the performance of the proposed mathematical

model under realistic conditions for both periodic and probabilistic traffic models. The analysis
focuses on the performance metrics introduced in Section 6.5. To assess the accuracy and validity of
the mathematical model, a dedicated simulator was developed in the MATLAB environment, using
the input parameters summarized in Table 2. The main differences between the simulation and the
analytical model are the following. The analytical model assumes a uniform average SNR for all
vehicles within the same beam, while the simulator explicitly accounts for the instantaneous SNR
experienced by each CAV with respect to the UAV, which is computed according to the formulation
provided in Appendix A. Moreover, while the analytical model relies on average quantities, such as
n(k,ℓ)

. , the simulation treats the number of vehicles entering the scenario as the outcome of a realization
drawn from a Binomial distribution, as defined in Equation (12). To ensure statistically significant
results, the simulation is repeated over 104 Monte Carlo iterations, and performance metrics are
averaged across all realizations.

The study evaluates system performance under different UAV altitudes and multiple values of
∆t, which represents the duration of the UL resource allocation time frame. Specifically, we consider
UAV heights of h = 60, 120, and 180 m, and ∆t values of 300, 500, 700, and 900 ms. Finally, the number
of RF chains is set to NRF = 4, which corresponds to the number of available beams (Nbeam = 4),
thereby allowing all beams to be simultaneously active. As a result, the activation probability is solely
influenced by the TDMA scheduling effect, as outlined in Equation (20). The case of NRF < Nbeam is
addressed in B.

In Figure 3 is shown the average success probability, ps, in the case of periodic traffic for a
CAV traversing the path from point A to point B. The analytical results exhibit a close match with
the simulation outcomes, confirming the validity of the model under the simplifying assumptions
introduced at the beginning of this section. The plot shows three continuous curves, each corresponding
to a different UAV altitude: 60 m (dark gray), 120 m (medium gray), and 180 m (light gray). The x-axis
reports four values of ∆t (300 ms, 500 ms, 700 ms, and 900 ms), while the y-axis indicates the average
success probability. As the UAV altitude increases, ps decreases due to lower values of both connection
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and activation probabilities, i.e., p(ℓ)c and p(ℓ)a . Specifically, p(ℓ)c decreases as a result of higher path loss
at increased altitudes, while the broader UAV footprint Lf causes each beam footprint L(b) to expand.
As L(b) increases and ∆t remains fixed, the number of ∆t intervals required to span the beam also
increases, thereby exacerbating the impact of the TDMA effect. Examining the impact of increasing
∆t for a fixed height reveals a generally positive effect on ps. As ∆t grows, more resources become
available within each RRA interval, and the influence of TDMA allocation in each beam is reduced. As
a result, p(ℓ)a increases, effectively balancing the higher user contention associated with larger ∆t, and
thus ∆s, values.

Figure 3. CAV’s average success probability under periodic traffic, as a function of the RRA interval duration ∆t,
for different UAV altitudes h.

Figure 4 reports the average user throughput, Su, achieved by a CAV during a single ∆t interval.
The plot adopts the same configuration as Figure 3 and, consistently, exhibits a similarly close agree-
ment between the model and simulation (under the assumptions discussed earlier). As expected, Su

decreases with increasing UAV altitude, consistent with the trend observed for ps. However, unlike
the success probability, which continues to grow with larger ∆t values, Su increases up to ∆t = 700 ms
and then begins to decline for longer intervals. The maximum throughput is attained at h = 60 m and
∆t = 700 ms. A similar behavior is observed at higher altitudes, although the effect is less pronounced,
indicating that the throughput sensitivity to ∆t diminishes as the UAV height increases. This reveals a
fundamental trade-off in resource allocation. The throughput metric shows that while larger ∆t values
improve success probability, they also reduce the number of transmission opportunities. The optimal
∆t = 700 ms balances these competing effects: below this value, gains in success probability dominate;
above it, the reduced transmission frequency outweighs further success probability improvements.
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Figure 4. CAV’s average throughput under periodic traffic, as a function of the RRA interval duration ∆t, for
different UAV altitudes h.

The results for the CAV’s average success probability and average throughput under the proba-
bilistic traffic model are omitted, as they exhibit the same trends observed in the periodic case.

To highlight the differences between the two traffic models, Figure 5 illustrates the average
throughput achieved by a CAV, Su, as a function of the total traffic it generates, denoted by G. The
latter is computed by multiplying the packet size D by the sum of the probabilities p(k,ℓ)

qn across all
beams and time frames. Two UAV heights are considered: 60 m (solid curves) and 120 m (dashed
curves). Dark gray, medium gray, and light gray denote the periodic, linearly decreasing, and parabolic
traffic models, respectively. Each point along the curves corresponds to a different ∆t duration (300,
500, 700, and 900 ms), represented by progressively lighter shades of gray from left to right.

The analysis reveals three key observations. First, consistent with Figure 4, the throughput
decreases as UAV height increases from 60 m to 120 m for all traffic models resulting in two distinct
groups of curves: upper curves (60 m) and lower curves (120 m), reflecting the degraded channel
conditions at higher altitudes and the greater TDMA impact.

Second, the relationship between ∆t and generated traffic G shows an inverse correlation: smaller
∆t values result in higher traffic generation due to more frequent transmission opportunities, while
larger ∆t values reduce traffic generation frequency. However, the throughput performance exhibits
a non-monotonic behavior with respect to ∆t. For all traffic models, ∆t = 700 ms achieves the peak
throughput, representing the optimal balance between resource availability per frame and TDMA
effect. As already discussed for Figure 4, values below 700 ms suffer from insufficient resources per
frame and increased TDMA impact, while values above 700 ms, despite providing more resources
per transmission frame and reduced TDMA impact, result in lower overall traffic generation due
to less frequent transmission opportunities. Moreover, larger ∆t values correspond to larger ∆s seg-
ments accommodating more users within the same allocation period, potentially leading to increased
contention.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 January 2026 doi:10.20944/preprints202601.0845.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0845.v1
http://creativecommons.org/licenses/by/4.0/


18 of 25

Figure 5. CAV’s average throughput under periodic and probabilistic traffic models, as a function of the total
generated traffic in bits, G, for varying RRA interval durations ∆t and UAV altitudes h.

Third, for equivalent traffic loads G, the periodic traffic model achieves lower throughput com-
pared to the probabilistic models (both linear decreasing and parabolic). This performance gap stems
from the fundamental difference in packet generation mechanisms. In the periodic traffic model,
vehicles can only generate new traffic when all other vehicles within the same ∆s have cleared their
queues, creating synchronized regeneration cycles with enforced waiting periods. This synchronization
constraint limits both the traffic generation rate and transmission opportunities, as vehicles must
remain idle until the collective transmission process is complete. Conversely, in the probabilistic
traffic model, each CAV regenerates packets immediately upon completing its own transmission,
independent of other vehicles’ queue status within the same ∆s. This asynchronous approach enables
continuous traffic generation and transmission without forced idle periods. As a result, as evident
from Figure 5, for equivalent time allocation intervals ∆t, the probabilistic models consistently achieve
both higher traffic generation loads and superior throughput performance compared to the periodic
model. The synchronized waiting periods inherent in the periodic model create temporal inefficiencies
that limit both the amount of traffic generated and the rate at which it can be transmitted, resulting in
the observed performance gap between the two traffic generation approaches.

An overarching insight from the numerical results is that the activation probability p(ℓ)a plays a
central role in system performance. This observation motivates a deeper investigation of its structure
and potential optimization opportunities, which is carried out separately in Appendix B.

10. Conclusions
This paper addressed RRA in UAV-aided vehicular communications, a key enabler for 5G-

Advanced/B5G scenarios where UAV-mounted relays extend V2V connectivity beyond terrestrial
coverage and mitigate NLoS conditions. We introduced a mathematical model that jointly captures
(i) vehicle motion over discretized space segments, (ii) beamforming with a limited number of RF
chains and TDMA scheduling, and (iii) different traffic generation patterns, thus overcoming snapshot-
based and memory-less abstractions by explicitly modeling temporal coupling through buffer state
evolution. The framework yields tractable analytical expressions for per-user success probability and
user/network throughput under both ideal and realistic conditions, and its accuracy has been validated
through extensive Monte Carlo simulations, which show a close agreement with the analytical model.
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Numerical results reveal a fundamental trade-off driven by the RRA interval ∆t: larger ∆t increases
resources per frame and alleviates TDMA penalties but reduces transmission opportunities, leading to
an intermediate optimum for throughput; moreover, asynchronous probabilistic traffic outperforms
periodic traffic at comparable loads by avoiding synchronization-induced idle phases.

Finally, we proposed a heuristic beam-activation strategy that adapts the activation frequency
across beams, prioritizing the most beneficial ones. This approach improves system efficiency and
yields throughput gains of up to 12% compared to uniform activation.
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Appendix A. Channel Model and Signal-to-Noise Ratio
The multipath channel impulse response matrix is given by

H =
P

∑
p=1

βpaUAV(θp)aH
CAV(ϕp), (A1)

where βp ∼ CN (0, σ2
p) denotes the complex gain of the pth path, θp and ϕp represent its angle of arrival

(AoA) and angle of departure (AoD), respectively, and aUAV(θp) ∈ CNUAV×1 and aCAV(ϕp) ∈ CNCAV×1

are the corresponding array response vectors at the UAV and CAV sides. The overall channel is
normalized such that ∑P

p=1 σ2
p = 1 [42].

The specific channel between the ith CAV and the UAV is denoted as Hi ∈ CNUAV×NCAV , which is
an instance of the general channel model in Equation (A1).

The signal transmitted by the ith CAV is xi = fisi, where fi ∈ CNCAV×1 denotes the beamforming
vector and si denotes the transmitted symbol such that E

[
s∗i si
]
= 1. After time synchronization, the

discrete-time signal received by the UAV, in a generic time-frequency resource, can be expressed as

y =
NRF

∑
i=1

√
ρi Hi xi + n , (A2)

where n ∼ CN (0, σ2
n) denotes the additive Gaussian noise, and ρi represents the average received

power from the ith CAV, defined as

ρi =
NUAV NCAV Pi

PLi
, (A3)

with Pi being the transmit power and PLi the path loss computed from Equation (2) using the distance
between the ith CAV and the UAV.

The signal from the ith CAV decoded at the UAV can be expressed as

ŝi =
√

ρiwH
b Hi xi + wH

b n, (A4)

where wb ∈ CNUAV×1 is the beamforming vector applied at UAV, drawn from the codebook wb ∈ B.
Finally, the instantaneous SNR of the ith CAV–UAV link is given by

SNRi =
ρi ∥wH

b Hi fi∥2

σ2
n

. (A5)
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Appendix B. Heuristic Beam Activation Optimization

Appendix B.1. Analysis of p(ℓ)a

According to Equation (20), p(ℓ)a depends on two components: the hardware constraint ratio
(NRF/Nbeam) and the TDMA factor (1/N(ℓ)

∆t ). In the numerical results discussed so far, the scenario
NRF = Nbeam was considered, where all beams are simultaneously active at each time slot. In this case,
there is no room for optimization, as all beams are permanently selected.

However, when NRF < Nbeam, only a subset of beams can be active at each time. As currently
defined in Equation (20), this leads to equal activation frequency for all beams, regardless their coverage
extent, user density, or underlying coverage conditions. This uniform behavior may be suboptimal, and
motivates the introduction of a more flexible activation model. To this end, we introduce beam-specific
scaling factors α(ℓ) ∈ R to modulate the activation frequency of each beam under system constraints.
The activation probability is thus reformulated as

p(ℓ)a =
NRF

Nbeam

(
1 − α(ℓ)

)
· 1

N(ℓ)
∆t

, (A6)

where α(ℓ) > 0 penalizes beam ℓ (lowering its activation), α(ℓ) < 0 prioritizes it, and α(ℓ) = 0 ∀ℓ
recovers the uniform selection baseline assumed in Equation (20).

Appendix B.2. ILP Formulation

In the following, we aim to find the optimal configuration α = [α(1), . . . , α(Nbeam)]T that maximizes
a chosen performance metric Φ(·) under a set of feasibility constraints. The optimization problem is
formally defined as an Integer Linear Program (ILP) problem:

max
α

Φ(pa(α), θ) (A7a)

s.t.
Nbeam

∑
ℓ=1

α(ℓ) = 0 (A7b)

αmin ≤ α(ℓ) ≤ 1, ∀ℓ (A7c)

α(Nbeam−ℓ+1) = α(ℓ), ∀ℓ ∈ {1, . . . , Nbeam/2} (A7d)

α(ℓ) ∈ G, ∀ℓ (A7e)

where G =
{

αmin + w∆
∣∣∣ w ∈ Z, αmin ≤ αmin + w∆ ≤ 1

}
is the discretization grid, and

αmin = 1 − Nbeam/NRF; pa(α) denotes the vector of activation probabilities resulting from the current
configuration α, while θ represents the set of system parameters.

Constraint (A7b) ensures resource conservation, i.e., if the activation time of one beam is reduced,
it is correspondingly increased in another. Constraint (A7c) imposes feasibility limits on the scaling
factors: the upper bound guarantees non-negative activation probabilities (p(ℓ)a ≥ 0), while the lower
bound prevents unphysical cases where a beam would need to be active more than 100% of the time.
Constraint (A7d) enforces spatial symmetry in the UAV footprint, reducing the number of independent
variables and promoting fairness in beam activation. Finally, constraint (A7e) defines the optimization
variables as discrete, by discretizing the range of admissible scaling factor values with step size ∆ = 0.1.

Note that the constraint structure significantly reduces problem complexity: the symmetry
constraint (A7d) halves the variables from Nbeam to Nbeam/2, while the conservation constraint (A7b)
further reduces them to Nbeam/2 − 1 independent variables. Since the objective function Φ(·) involves
complex performance metrics, we rely on a heuristic grid-based search restricted to these independent
variables.

The heuristic search algorithm is detailed in Algorithm 1 and operates on the following key
principles:

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 January 2026 doi:10.20944/preprints202601.0845.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0845.v1
http://creativecommons.org/licenses/by/4.0/


21 of 25

Algorithm 1: Heuristic Beam Activation Optimization
1 Input: Nbeam (even), NRF, θ, step ∆ = 0.1
2 Output: Optimal scaling vector α∗

3 Initialization:
4 αmin = 1 − Nbeam/NRF
5 G = {αmin, αmin + ∆, . . . , 1}
6 n = Nbeam/2 − 1
7 Φmax = −∞
8 α∗ = 0

9 for each tuple (α(1), . . . , α(n)) ∈ G n do
10 Close the first half via conservation
11 α(n+1) = −∑n

i=1 α(i)

12 if α(n+1) /∈ G or α(n+1) /∈ [αmin, 1] then
13 continue to next combination
14 end
15 Build full vector via symmetry constraint α(Nbeam−ℓ+1) = α(ℓ)

16 for ℓ = 1 to Nbeam/2 do
17 α(Nbeam−ℓ+1) = α(ℓ)

18 end
19 Feasibility verification
20 if any α(ℓ) /∈ [αmin, 1] then
21 continue to next combination
22 end
23 Evaluate objective function

24 Compute pa(α) using p(ℓ)a = NRF
Nbeam

(1 − α(ℓ)) · 1
N(ℓ)

∆t

25 Φ = Φ(pa(α), θ)
26 if Φ > Φmax then
27 Φmax = Φ
28 α∗ = α

29 end
30 end
31 return α∗

1. Exploit symmetry and conservation constraints to reduce the search space from Nbeam to
Nbeam/2 − 1 independent variables.

2. Enumerate all feasible combinations over a discrete grid G for computational tractability.
3. For each independent variable combination, compute the dependent variable using conservation

and reconstruct the full vector via symmetry.
4. Verify that all computed variables satisfy the bound constraints before evaluation.
5. Assess the objective function for all feasible configurations and select the optimal solution.

As an illustrative application of the proposed beam-activation optimization, Figure A1 reports the
network throughput under periodic traffic for h = 120 m, varying ∆t, with NRF = 2 and Nbeam = 4. In
this setting, symmetry pairs the beams as (1, 4) and (2, 3), so that α(1) = α(4) and α(2) = α(3); enforcing
conservation yields leaving a single degree of freedom (Nbeam/2 − 1 = 1). Using the parameters in
Table 2, the optimal configuration is α(1) = α(4) = 0.9 and α(2) = α(3) = −0.9. This shifts the activation
pattern from the uniform baseline (α(ℓ) = 0, each beam active 50% of the time) to a specialized scheme
in which the central beams 2 and 3 are active about 95% of the time, while the outer beams 1 and 4
operate about 5% of the time. Compared with the uniform case, the optimized schedule yields up
to a 12% throughput gain, attained at the ∆t where the gap between the two curves in Figure A1 is
maximal.
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Figure A1. Network throughput under periodic traffic, as a function of the RRA interval duration ∆t, for fixed
UAV altitudes h and NRF = 2.
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