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Abstract—Fluid antenna systems (FASs) offer a promising
solution for unmanned aerial vehicle (UAV) air-to-ground (A2G)
communications by enabling reconfigurable radiation charac-
teristics. Addressing the limitations of traditional models in
capturing the dynamic port configuration of FAS and the near-
field nature of UAV communications, this paper proposes a
dynamic port-reconfigurable near-field channel model for FAS-
assisted UAV-to-mobile user (MU) links. Furthermore, we develop
a FAS-adaptive subarray partition scheme utilizing a greedy
strategy. By decomposing line-of-sight (LoS) and non-line-of-
sight (NLoS) components and integrating UAV motion dynamics
with FAS port activation states, the proposed model accurately
characterizes the non-uniform spatial distribution of near-field
channels. The subarray partition scheme dynamically groups
active ports to satisfy near-field conditions while significantly
reducing computational complexity, supported by a dynamic
update algorithm that efficiently handles subarray adjustments
during port switching. To avoid low effective gain and deep-
fading ports in dense FAS configurations, a channel gain-based
selection strategy is employed to prioritize high-gain ports. We
derive and analyze the modeling accuracy and channel capacity,
investigating the impact of FAS dimensions, port spacing, active
port count, and UAV dynamics on system performance. Finally,
the computational complexity of the subarray partition scheme is
evaluated, verifying its advantages for real-time applications and
providing a theoretical foundation for the design and analysis of
FAS in dynamic scenarios.

Index Terms—Fluid antenna, channel modeling, near-field
communication, subarray partition, system performance, mod-
eling accuracy.

I. INTRODUCTION

A. Background and Related Works

THE core demands of the sixth generation (6G) wireless

communication networks focus on ultra-high-speed data

transmission, millisecond-level ultra-low latency, and ultra-

reliable connections [1], [2]. Concurrently, 6G is required
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Fig. 1: A schematic diagram of FAS-assisted UAV-to-MU wireless
communication scenario.

to seamlessly adapt to complex dynamic scenarios, such as

space-air-ground integration and heterogeneous network fu-

sion, providing robust communication guarantees for emerging

applications like smart city emergency response, remote area

coverage, and the industrial Internet of Things (IoT) [3], [4]. In

6G air-to-ground (A2G) communication systems, unmanned

aerial vehicles (UAVs) have emerged as pivotal carriers for

critical tasks due to their flexible deployment and wide-area

coverage capabilities. However, the high mobility of UAVs

induces strong time-varying characteristics in communica-

tion channels. Moreover, during transmission, the line-of-

sight (LoS) path is prone to obstruction, while the non-line-

of-sight (NLoS) components exhibit complex, variable, and

unpredictable behaviors [5]. These challenges impose stringent

requirements on the dynamic adaptability and spatial resource

utilization efficiency of antenna systems.

Multiple-input multiple-output (MIMO) technology, a cor-

nerstone of fifth-generation (5G) wireless communication, has

played a crucial role in enhancing spectral efficiency and ex-

panding channel capacity by leveraging spatial diversity gains

[6]–[9]. However, when applied to UAV-assisted A2G scenar-

ios, MIMO faces inherent limitations. First, traditional MIMO

mandates a minimum antenna spacing of half a wavelength

to mitigate mutual coupling, which is critical for maintaining

signal independence and diversity gain [10]. Unfortunately,

the limited payload and strict size constraints of UAVs make

deploying a sufficient number of independent antenna elements

impractical, directly restricting the scalability of MIMO spatial

gains. Second, the number of radio-frequency (RF) chains

in MIMO systems typically scales proportionally with the

number of antenna elements. This expansion significantly in-

creases hardware costs and power consumption, contradicting
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the lightweight and low-power design requirements of UAVs

[11]–[13].

As an emerging wireless communication technology for

6G, the fluid antenna system (FAS) is distinguished by its

flexible and reconfigurable radiation characteristics. This fea-

ture relaxes the strict fixed antenna spacing requirements

of MIMO, enabling flexible adjustment of signal radiation

patterns through dynamic activation and intelligent port recon-

figuration [14]–[23]. This not only accommodates the limited

payload space of UAVs but also mitigates the high cost and

power consumption issues associated with the rigid coupling

between RF chains and antenna elements in MIMO [24]–

[26]. Consequently, FAS provides an innovative solution to

overcome the bottlenecks of MIMO in UAV-assisted A2G

communication. The authors in [27], [28] proposed an algo-

rithm based on geographical priors, enabling low-complexity

and high-precision channel state information (CSI) acquisition

in FAS, thereby leveraging high spatial gain in compact spaces.

In [29], the authors deployed FAS on a UAV, dynamically

adjusting and jointly optimizing relevant parameters based

on position to maximize the downlink rate. Furthermore, the

authors in [30] applied FAS to a UAV relay system, jointly

optimizing active ports, power allocation, and UAV altitude.

Their scheme maximizes the sum rate for ground users while

meeting minimum rate requirements, outperforming traditional

antenna schemes. Despite these advances, current research

on FAS predominantly focuses on cellular network scenarios,

and existing channel models fail to fully address the specific

requirements of A2G communication. Therefore, developing

a general FAS-assisted A2G channel model capable of adapt-

ing to various communication conditions remains an urgent

priority.

Although FAS offers an effective pathway to overcome

MIMO limitations in UAV-assisted A2G communication, its

practical implementation is constrained by the challenges of

near-field communication. Specifically, influenced by factors

such as the UAV’s antenna aperture, flight altitude, and cov-

erage range, A2G communication between UAVs and mobile

users (MUs) often undergoes dynamic switching between near-

and far-field regions [31]. The near-field region is defined

by the Rayleigh distance L = 2D2/λ, where D and λ
represent the antenna aperture and wavelength, respectively.

When the distance between the receiver and the UAV is less

than L, the system operates in the near-field regime [32],

[33], [35]. The near-field environment differs fundamentally

from the far-field: signal distribution in the spatial domain

exhibits significant non-uniformity. This exacerbates the time-

varying characteristics of the channel response and directly

affects beamforming accuracy and signal diversity gain. Con-

sequently, traditional channel modeling methods based on far-

field assumptions are ill-suited for these scenarios, limiting

overall communication performance.

Existing literature has extensively investigated near-field

communication channel characteristics. Some studies have

explored near-field propagation mechanisms for traditional

arrays, such as uniform planar arrays (UPAs), and proposed

corresponding channel modeling methods. For instance, the

authors in [34] proposed a near-field non-stationary chan-

nel modeling scheme based on electromagnetic scattering

theory and designed an estimation algorithm incorporating

electromagnetic priors. In [36], a large-scale MIMO multi-

domain non-stationary channel model was constructed, jointly

considering mutual coupling, antenna efficiency, and near-field

directional vectors, with measurements verifying its statistical

accuracy. Furthermore, [37], [38] proposed a subarray partition

scheme by mechanically dividing the complete antenna array

into multiple independent subarrays, each satisfying far-field

conditions to reduce complexity. While the concept of subar-

rays is theoretically applicable to FAS, mechanical partition

methods possess inherent structural limitations and cannot

match the dynamic port configuration of FAS.

Motivated by the limitations of existing studies, such as the

mismatch between current FAS channel models and dynamic

near-/far-field switching, the inability of far-field models to

capture non-uniform spatial signal distribution, and the in-

compatibility of mechanical subarray schemes with flexible

FAS port activation, this paper constructs a general near-field

channel model tailored for FAS-assisted UAV communica-

tion. Additionally, we propose an efficient subarray partition

scheme adapted to the dynamic port configuration of FAS.

The proposed model addresses the non-uniform distribution

of near-field signals while meeting the real-time requirements

of dynamic UAV scenarios through a lightweight design.

The proposed framework also has potential applications in

mobile edge computing (MEC) and digital twin-enabled UAV

networks. Reliable and adaptive UAV links can support delay-

sensitive computation offloading in MEC-enabled aerial com-

puting, while dynamic channel tracking can facilitate physical-

virtual synchronization and resource allocation in digital twin

systems [39]–[41].

B. Main Contributions

Current research on FAS exhibits significant gaps. Existing

studies and channel models generally fail to adapt to the

dynamic characteristics of UAV-assisted A2G communication,

particularly the frequent switching between near-field and far-

field regions and the time-varying nature of the channel.

Furthermore, traditional far-field modeling methods cannot

address the non-uniform spatial signal distribution in FAS

near-field scenarios, and fixed mechanical subarray partition

schemes designed for MIMO/RIS are incompatible with the

dynamic port activation of FAS. To bridge these gaps, this

paper focuses on FAS-assisted UAV-to-MU near-field commu-

nication. The main contributions are summarized as follows:

• We propose a dynamic port-reconfigurable near-field

channel model for FAS-assisted UAV-to-MU communi-

cations. This model decomposes LoS and NLoS propa-

gation paths, characterizes the real-time activation status

of ports via a port matrix, and integrates UAV motion

dynamics to accurately characterize the non-uniform dis-

tribution of near-field channels.

• We design a subarray partition scheme based on a greedy

strategy. Unlike fixed mechanical partitions in traditional

MIMO/RIS, this scheme dynamically groups active ports

under Rayleigh distance constraints, reducing computa-

tional complexity while satisfying near-field conditions.
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Fig. 2: The 3D structural diagram of the proposed FAS-assisted UAV
channel model.

A dynamic update algorithm is also developed to handle

subarray adjustments during new port activation, with

computational complexity quantified and decomposed by

stages.

• We propose a FAS multi-active port selection strategy

based on maximum channel gain to avoid low effective

gain and deep-fading ports in dense FAS configura-

tions. This strategy prioritizes high-gain ports and avoids

those with deep fading, resolving transmission instability

caused by random activation and adapting to dynamic

channel changes.

• We derive analytical methods for the modeling accuracy

and channel capacity of the proposed model. Modeling

accuracy is quantified relative to UPA, and channel

capacity is derived within a MIMO framework. We

systematically explore the impact of FAS dimensions,

port spacing, number of active ports, and UAV dynamics

on these metrics, providing quantitative support for FAS

parameter optimization in A2G scenarios.

The subsequent structure of this paper is organized as

follows: Section II elaborates on the proposed 3D FAS-assisted

UAV-to-MU channel model, including the detailed design of

the greedy strategy-based subarray partition scheme and its

dynamic update mechanism. Section III focuses on perfor-

mance analysis, covering the optimal port selection strategy,

quantitative evaluation of modeling accuracy relative to UPA,

and derivation of theoretical channel capacity. Section IV

presents numerical simulation results to verify the impacts of

FAS configuration parameters, active port ratio, and UAV dy-

namic characteristics on system performance. Finally, Section

V summarizes the key findings of this research and concludes

the paper, with supplementary derivations provided in the

Appendix.

Notation: In this work, lowercase letters (e.g., x), boldface

lowercase letters (e.g., x), and boldface uppercase letters (e.g.,

X) denote scalars, vectors, and matrices, respectively. ‖ · ‖,

(·)∗, and [·]T signify the Frobenius norm, complex conjugate,

and transpose operations, respectively. Finally, j =
√
−1

represents the imaginary unit, and E[·] denotes the expectation

operation.

II. PROPOSED SYSTEM MODEL

As shown in Figs. 1 and 2, we propose a three-dimensional

(3D) FAS-assisted channel model for UAV-to-MU commu-

nications. The UAV transmitter is equipped with a planar

FAS with physical dimensions Lh × Lv containing Ph × Pv
ports, where Lh = Whλ and Lv = Wvλ, with Wh and Wv

denoting the wavelength-normalized horizontal and vertical

dimensions, respectively. λ denotes the carrier wavelength, and

Ph and Pv denote the number of ports along the horizontal

and vertical directions, respectively. The azimuth and elevation

orientation angles of the FAS are defined as ψazi
T and ψver

T ,

respectively. The MU is equipped with Q omni-directional

uniform linear array (ULA) antennas, and the azimuth and

elevation orientation angles of the antenna array are denoted

by ψazi
R and ψver

R , respectively. Given the port dimensions Ph
and Pv , the spacing between adjacent ports in the FAS is given

by

∆dh =
Whλ

Ph − 1
, (1)

∆dv =
Wvλ

Pv − 1
. (2)

Consequently, the initial position vector of the (ph, pv)-th port

(ph = 1, 2, . . . , Ph, pv = 1, 2, . . . , Pv) relative to the center of

the FAS can be expressed as

d(ph,pv),T = kph,pv







cosψver
T cosψazi

T

cosψver
T sinψazi

T

sinψver
T






, (3)

where kph,pv =
√

k2ph∆d
2
h + k2pv∆d

2
v with kph = (Ph−2ph+

1)/2 and kpv = (Pv − 2pv +1)/2. Furthermore, the proposed

channel model considers L clusters, where the ℓ-th cluster (ℓ =
1, 2, . . . , L) contains ℓN scatterers. The position of the center

of the clusters is defined as dcluster = [xcluster, ycluster, zcluster]
T.

In the FAS, ports are not all activated simultaneously; they

operate in only two states: active or inactive. To characterize

the real-time activation status of each port, we introduce a

port matrix S(t), which shares the dimensions of the FAS

port layout. Its elements are binary, where 1 denotes an active

port and 0 denotes an inactive one, expressed as

S(t) = [sph,pv (t)]Pv×Ph
, sph,pv (t) ∈ {0, 1} , (4)

where sph,pv (t) indicates the status of the (ph, pv)-th port.

This matrix facilitates a direct mapping between ports and their

states. When combined with (3), it significantly simplifies the

calculation of position parameters for active ports.

In this work, the MU is assumed to be a low-mobility or

quasi-static ground terminal, whose displacement within one

channel update interval is much smaller than the spatial varia-

tion scale of the considered UAV-to-MU channel. Conversely,

the UAV moves with a speed vT , with azimuth and elevation

angles of motion denoted by ηazi
T and ηver

T , respectively. In the

established 3D coordinate system, the projection of the UAV’s

initial position on the ground serves as the origin. The positive

x-axis points towards the MU, the z-axis is vertically upward,

and the y-axis is determined by the right-hand rule. Let H0

and D0 be the initial altitude of the UAV and the horizontal

distance to the MU, respectively. The time-varying position of
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Fig. 3: Illustration of the greedy strategy-based dynamic subarray
partition scheme for a 5× 5 planar FAS.

the UAV is expressed as

dT (t) =







0

0

H0






+ vT t







cos ηver
T cos ηazi

T

cos ηver
T sin ηazi

T

sin ηver
T






, (5)

where t denotes the flight time, and other parameters are

illustrated in Fig. 2. At the MU side, dR = [D0, 0, 0]
T , and

the position of the q-th antenna (q = 1, 2, . . . , Q) is given by

dq = dR + kq







cos ηver
R cos ηazi

R

cos ηver
R sin ηazi

R

sin ηver
R






, (6)

where kq = (Q− 2q+1)/2. Therefore, the real-time position

of the (ph, pv)-th element in FAS can be derive by

dph,pv(t) = dT (t)− d(ph,pv),T

=







vT t cos η
ver
T cos ηazi

T − kph,pv cosψ
ver
T cosψazi

T

vT t cos η
ver
T sin ηazi

T − kph,pv cosψ
ver
T sinψazi

T

vT t sin η
ver
T +H0 − kph,pv sinψ

ver
T






.

(7)

Equation (7) clearly presents the relationship between the

position of the (ph, pv)-th element in the FAS and the motion

time of the UAV, which facilitates the subsequent derivation

and calculation process.

A. Subarray partition scheme for FAS

Unlike subarray partition schemes designed for MIMO or

RIS, the core distinction of the FAS lies in its sparse port

activation [42], [43]. This characteristic precludes the use

of fixed block division methods typical of MIMO or RIS

arrays but affords the FAS greater flexibility in partition.

This section provides a detailed explanation of the theoretical

basis, implementation logic, and dynamic adaptability of the

proposed scheme. The fundamental criterion for the partition is

that, within any grouped subarray, the spatial distance between

any two ports must not exceed the Rayleigh distance.

We first derive the maximum aperture required for a sub-

array to satisfy the far-field condition. Let P sub
h,max and P sub

v,max

be the number of ports in the maximum subarray along the

horizontal and vertical directions, respectively. The Rayleigh

distance of this maximum subarray is

Lsub
max =

2(Dsub
max)

2

λ
, (8)

Dsub
max =

√

(P sub
h,max − 1)2∆d2h + (P sub

v,max − 1)2∆d2v , (9)

where Dsub
max denotes the maximum aperture. To ensure the

receiver is located in the far-field region of all subarrays, Lsub
max

must be smaller than the distance from the subarray center to

the receiver, denoted as ξsub-max,R. Substituting (8) into this

constraint yields

Dsub
max <

√

λξsub-max,R

2
. (10)

This inequality demonstrates that if the maximum subarray

aperture satisfies this condition, the far-field assumption holds

for all valid subarrays. It should be noted that the Rayleigh

distance is used here as a standard and conservative boundary

for identifying the near-field regime, rather than as an ap-

proximation of the actual propagation response. The partition

threshold Dsub controls the trade-off between modeling accu-

racy and computational complexity. A smaller Dsub generates

more subarrays and makes the proposed model closer to the

spherical-wave model, but increases the computational burden.

In contrast, a larger Dsub reduces the number of subarray-

wise calculations, while the local approximation error may

increase. Therefore, Dsub can be flexibly adjusted according

to practical requirements under the Rayleigh distance-based

subarray constraint.

Fig. 3 illustrates the proposed subarray partition scheme for

a 5×5 FAS. The algorithm employs a greedy strategy: First, a

partition aperture threshold Dsub < Dsub
max is set. Starting with

the first unpartitioned active port as the center, all adjacent

active ports within a distance Dsub are grouped into the same

subarray. This process repeats, selecting a new starting port

from the remaining unpartitioned set, until all active ports are

assigned.

The complete workflow is presented in Algorithm 1.

The algorithm outputs a structured collection of subarrays,

Gsub, where each element represents an independent, non-

overlapping subarray satisfying far-field conditions. We denote

Gsub as

Gsub = {G1
sub,G

2
sub, . . . ,G

ε
sub} , (11)

indicating that ε subarrays are generated. A key feature is

that all ports within a subarray share identical distance and

angle parameters relative to the receiver. To simplify notation,

we introduce representative parameters dG1

sub
,dG2

sub
, . . . ,dGε

sub
,

which serve as the unified coordinates for each subarray. Given

the UAV’s motion, these coordinates are time-varying:

dG
psub
sub

(t) = dG
psub
sub

+ vT t







cos ηver
T cos ηazi

T

cos ηver
T sin ηazi

T

sin ηver
T






, (12)

where psub = 1, 2, . . . , ε indexes the subarray.

This structured set Gsub integrates the partition results effi-

ciently. To determine the subarray membership of any active

port, one simply traverses Gsub to index the target subarray.
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Algorithm 1 Subarray partition scheme

Input: Partition aperture Dsub, port activation matrix S(t);
Output: The set of subarrays Gsub, subarray center coordi-

nates Ccenter;

1: Initialize mark matrix Mmark (same size as S(t), all

elements False), Gsub = [], Ccenter = [];
2: for port (ph, pv) in S(t) do

3: if S(t)[ph, pv] == 1 and Mmark[ph, pv] == False

then

4: Gcur
sub = [], Mmark[ph, pv] = True;

5: Add port (ph, pv) to Gcur
sub and Ccenter;

6: for unmarked port (γh, γv) in S(t) do

7: if S(t)[γh, γv] == 1 and distance between

(ph, pv) and (γh, γv) ≤ Dsub then

8: Mmark[γh, γv] = True;

9: Add port (γh, γv) to Gcur
sub;

10: end if

11: end for

12: Add Gcur
sub to Gsub;

13: end if

14: end for

Since active ports within a subarray share spatial parameters,

the shared coordinates from (12) are used for channel gain

calculations, avoiding redundant computations for individual

ports. Since Algorithm 1 adopts a greedy strategy, the partition

result may depend on the scanning order of active ports. In

this paper, a fixed row/column scanning order is adopted to

ensure deterministic and reproducible partition results.

The computational complexity of Algorithm 1 comprises

three parts:

• Initialization: Constructing S(t) and Mmark requires

O(PhPv).
• Port Traversal: Checking the “active and unmarked”

status for all Ph×Pv ports takes O(PhPv), as each check

is O(1).
• Subarray Partition: For each unmarked active port,

comparing distances with other active ports takes O(P 2
act)

in the worst case, where Pact is the number of active ports.

Thus, the total complexity is

Cpartition = O(PhPv + P 2
act) . (13)

Since FAS dynamically adjusts active ports, subarray parti-

tions must be updated upon new port activations. To minimize

complexity, Algorithm 1 records the center port Ccenter of each

subarray. When a new port is activated, the system calculates

its distance to existing centers. If the distance is within Dsub,

the port joins that subarray. Otherwise, it forms a new subarray.

This dynamic update is detailed in Algorithm 2.

For a single new port, the complexity of Algorithm 2 is

Cupdate = O(ε) in the worst case, and typically lower in

practice. In practice, with the optimization of terminating the

traversal immediately after finding a matching subarray, the

average case complexity is even lower.

To verify efficiency, we compare this with the traditional

spherical wave scheme, which calculates coordinates, angles,

and distances for each active port independently. Assuming

Algorithm 2 Dynamic subarray update for new active ports

Input: Partition aperture Dsub, new active port (pnew
h , pnew

v ),
Subarray set Gsub, center port coordinates Ccenter;

Output: Subarray set Gsub, center port coordinates Ccenter;

1: for each ς ∈ Ccenter do

2: if distance between (pnew
h , pnew

v ) and ς ≤ Dsub then

3: Add (pnew
h , pnew

v ) to the subarray corresponding to ς ,
update Ccenter;

4: Break;

5: end if

6: end for

7: if no ς satisfies distance condition then

8: Add port (pnew
h , pnew

v ) to Gsub as a new subarray, add to

Ccenter;

9: end if

a unit complexity Cport, the spherical wave scheme’s total

complexity is

Cspherical(t) = CportPactI(t) , (14)

where I(t) is the number of updates over time t. Here, Cport

used only as a unit metric for algorithmic complexity analysis

and does not represent the hardware cost of a physical port, RF

chain, switching circuit, or control module. The complexity of

the proposed scheme is

Csubarray(t) = Cpartition + (Cupdate + εPport)I(t) . (15)

Although the proposed scheme has a fixed initialization over-

head, its complexity becomes significantly lower than the

spherical wave scheme over time because ε≪ Pact, effectively

reducing redundant computations. This advantage is critical for

real-time UAV communications. To further clarify the role of

the proposed greedy subarray partition, we note that a global

exhaustive-search benchmark can be constructed by enumerat-

ing all feasible partitions satisfying the aperture constraint and

selecting the one with the minimum modeling error. However,

such exhaustive enumeration has combinatorial complexity

and is therefore impractical for dynamic FAS-enabled UAV

scenarios, which motivates the proposed greedy partition as a

low-complexity accuracy-complexity tradeoff.

Notably, the proposed greedy-based partition is not a global

optimum. However, pursuing a global optimum would entail

prohibitive complexity, unsuitable for dynamic scenarios. The

greedy approach represents a practical trade-off, ensuring

modeling accuracy while meeting the real-time constraints

of FAS-enabled UAV near-field communication. Furthermore,

lightweight AI-based methods with offline training and effi-

cient online inference are also promising alternatives.

Under high UAV mobility, faster channel variations may

require more frequent port switching and dynamic updates.

The structure of Algorithm 2 avoids repeated global repar-

titioning, although its practical execution also depends on

the port-switching latency and channel update interval of

the FAS hardware. Recent electronically reconfigurable FAS

prototypes have achieved microsecond-level reconfiguration

[44], suggesting that this overhead is unlikely to dominate in

the considered low-mobility UAV scenario.
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B. Channel Modeling

In the propagation link from UAV to MU, signal propagation

exhibits significant path differentiation. Specifically, before

reaching the receiver, electromagnetic signals transmitted by

the FAS traverse two paths with distinct physical properties

and propagation mechanisms: one is the direct LoS path, and

the other is the NLoS path reflected by scattering clusters.

Based on the path independence assumption, the channel

characteristics of the entire communication link can be de-

composed and modeled. and the complete channel matrix of

the proposed model can be expressed as:

HFAS(t, τ) = H
LoS
FAS(t, τ) +H

NLoS
FAS (t, τ) , (16)

where τ is the path delay, and H
LoS
FAS and H

NLoS
FAS represent the

LoS and NLoS channel matrices, respectively. The dimension

of HFAS(t, τ) is Q × P act
h P act

v . Considering the hardware-

induced mutual coupling under sub-half-wavelength port spac-

ing, the channel matrix with coupling effective can be mod-

eled as Heff(t, τ) = HFAS(t, τ)CFAS(t, τ), where CFAS(t, τ)
denotes the mutual coupling matrix. Since this paper mainly

focuses on near-field propagation modeling and port selec-

tion rather than electromagnetic coupling characterization,

the numerical analysis adopts the uncoupled baseline with

CFAS(t, τ) = I, under which Heff(t, τ) reduces to HFAS(t, τ).

Based on the channel matrix in (16), to further explore

and quantitatively analyze the intrinsic propagation charac-

teristics of the channel, we conducted detailed mathematical

derivation for each element in the channel matrix HFAS(t, τ).
These elements essentially correspond to the complex impulse

responses (CIRs) between different transmit-receive antenna

pairs. According to the proposed subarray partition scheme,

active ports within the same subarray share distance and an-

gle parameters. Leveraging this characteristic, the calculation

process can be simplified. Specifically, for the active ports of

the same subarray, it is only necessary to uniformly compute

the CIR once, without the need for repeated calculations for

each active port. Based on this, combined with the subarray

set output by Algorithm 1, the finally obtained CIR can be

expressed as

hFAS
psub,q

(t, τ) =

√

K

K + 1
hLoS
psub,q

(t)δ
(

τ − τLoS(t)
)

+

√

1

K + 1
hNLoS
psub,q

(t)δ
(

τ − τNLoS(t)
)

, (17)

where K is the Rician factor, which is used to indicate the

proportion of LoS and NLoS components in the channel.

hLoS
psub,q

(t) and hNLoS
psub,q

(t) are the CIRs for the LoS and NLoS

links from the psub-th UAV subarray to the q-th MU antenna.

τLoS(t) and τNLoS(t) are the corresponding path delays, we

have

τLoS(t) = ξT,R/c , (18)

τNLoS(t) = (ξT,cluster + ξR,cluster)/c , (19)

where ξT,R(t) = ‖dR − dT (t)‖ is the distance between

UAV and MU. ξT,cluster = ‖dcluster − dT (t)‖ and ξR,cluster =
‖dcluster − dR‖ are the distances from UAV and MU to the

center of clusters, respectively.

For the LoS component, the calculation formula of CIR is

mainly obtained through the comprehensive phase superposi-

tion of the propagation distance, the positions of transmitting

and receiving antennas, and the motion state of the UAV.

Thus the complex CIR from the psub-th element in FAS at

the UAV side to the q-th element in ULA at the MU side can

be expressed as

hLoS
psub,q

(t) = e−j
2π
λ
ξT,R(t)

× ej
2π
λ
kpsub,h

∆dh cos
(

αLoS
T (t)−ψazi

T

)

cosβLoS
T (t) cosψver

T

× ej
2π
λ
kpsub,v

∆dv sin βLoS
T (t) sinψver

T

× ej
2π
λ
kqδR cos

(

αLoS
R (t)−ψazi

R

)

cosβLoS
R (t) cosψver

R

× ej
2π
λ
kqδR sin βLoS

R (t) sinψver
R

× ej
2π
λ
vT t cos

(

αLoS
T (t)−ηazi

T

)

cosβLoS
T (t) cos ηver

T

× ej
2π
λ
vT t sin β

LoS
T (t) sin ηver

T , (20)

where kpsub,h∆dh and kpsub,v∆dv are the horizontal and vertical

offsets of the subarray from the FAS center. The angles of

departure (AoDs), αLoS
T (t) and βLoS

T (t), are

αLoS
T (t) = tan−1

dq,y − dG
psub
sub

,y(t)

dq,x − dG
psub
sub

,x(t)
, (21)

βLoS
T (t) =

tan−1
dq,z − dG

psub
sub

,z(t)
√

(dG
psub
sub

,x(t)− dp,x(t))2 + (dG
psub
sub

,y(t)− dp,y(t))2
.

(22)

where dG
psub
sub

,x(t), dG
psub
sub

,y(t), and dG
psub
sub

,z(t) are the the com-

ponents of vector dG
psub
sub

(t) along the x, y, and z-axis. dp,x(t),

dp,y(t), and dp,z(t) are the the components of vector dp(t)
along the x, y, and z-axis. Furthermore, αLoS

R (t) and βLoS
R (t)

are the time-varying angles of arrival of the transmitted waves

in the azimuth and vertical planes, respectively. Based on

the geometry properties, their relationship with the angles

of departure can be expressed as αLoS
R (t) = π − αLoS

T (t)
and βLoS

R (t) = βLoS
T (t), respectively. Although a planar-wave

approximation is adopted within each subarray in (20), the

overall near-field characteristics are maintained through the

channel parameters such as the propagation distance and

arrival/departure angles related to each subarray, which are

calculated based on the center of each subarray.

For the NLoS component, the complex CIR from the psub-th

subarray in FAS at the UAV side to the q-th element in ULA

at the MU side can be expressed as

hNLoS
psub,q

(t) =
∑

ℓ∈L

ℓN
∑

n=1

ejϕℓn−j 2π
λ

(

ξT,ℓn (t)+ξR,ℓn

)

× ej
2π
λ
kpsub,h

∆dh cos
(

αNLoS
T,ℓn

(t)−ψazi
T

)

cosβNLoS
T,ℓn

(t) cosψver
T

× ej
2π
λ
kpsub,v

∆dv sin βNLoS
T,ℓn

(t) sinψazi
T

× ej
2π
λ
kqδR cos

(

αNLoS
R,ℓn

−ψazi
R

)

cosβNLoS
R,ℓn

cosψver
R
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× ej
2π
λ
kqδR sin βNLoS

R,ℓn
sinψver

R

× ej
2π
λ
vT t cos

(

αNLoS
T,ℓn

(t)−ηazi
T

)

cos βNLoS
T,ℓn

(t) cos ηver
T

× ej
2π
λ
vT t sin β

NLoS
T,ℓn

(t) sin ηver
T , (23)

where ϕℓn ∼ U[−π, π) is the random phase. ξT,ℓn(t) and

ξR,ℓn are distances to the n-th scatterer in the ℓ-th cluster:

ξT,ℓn(t) = ‖dℓn − dT (t)‖, (24)

ξR,ℓn = ‖dℓn − dR‖, (25)

where dℓn is the scatterer position. The AoDs αT,ℓn(t) and

βT,ℓn(t) are given by

αNLoS
T,ℓn

(t) = tan−1
yℓn − dG

psub
sub

,y(t)

xℓn − dG
psub
sub

,x(t)
, (26)

βNLoS
T,ℓn

(t) =

tan−1
zℓn − dG

psub
sub

,z(t)
√

(dG
psub
sub

,x(t)− xℓn)
2 + (dG

psub
sub

,y(t)− yℓn)
2
. (27)

The AoAs αR,ℓn and βR,ℓn are

αNLoS
R,ℓn

= tan−1 yℓn − dq,y

xℓn − dq,x
, (28)

βNLoS
R,ℓn

= tan−1 zℓn − dq,z
√

(dq,x − xℓn)
2 + (dq,y − yℓn)

2
. (29)

In this paper, we introduce von Mises distribution to deter-

mine the elevation and azimuth distributions of each scatter,

which can be found from

f(α) =
eκ cos (α−µα)

2πI0(κ)
, (30)

f(β) =
eκ cos (β−µβ)

2πI0(κ)
, (31)

where κ is the environment factor, and a higher value of κ
indicates a more concentrated distribution of scatterers. µα
and µβ are the mean values of azimuth and elevation angles,

respectively. I0(·) is the zero-order modified Bessel function.

Specifically, leveraging the von Mises distribution, initial

arrival elevation and azimuth angle samples are generated to

specify the angular direction of the scatterers. With scenario-

specific parameters, initial scatterer-receiver distance samples

are set. Finally, spatial coordinate transformation fuses these

parameters to generate the scatterers’ initial spatial positions.

III. PERFORMANCE ANALYSIS OF THE PROPOSED

FRAMEWORK

This section details the optimal port selection strategy and

evaluates the performance of the proposed FAS channel model.

Specifically, we analyze the modeling accuracy in comparison

to traditional MIMO systems and derive the theoretical channel

capacity.

A. Optimal Port Selection

The fundamental distinction between FAS and MIMO lies

in the port spacing of FAS, which is typically less than

half a wavelength. This sub-half-wavelength proximity induces

mutual coupling between adjacent ports, resulting in a non-

uniform spatial distribution of the channel. Consequently,

while some ports reside in high-gain regions, others may

suffer from deep fading, directly compromising transmission

reliability [45]–[47]. Existing literature on FAS port selection

predominantly follows the maximum channel gain criterion,

aiming to guarantee transmission performance by locking onto

high-gain ports. While this criterion is widely validated for

single active port scenarios, we extend it to the multi-active

port requirement of this study. Specifically, we select multiple

ports with the highest channel gains as active ports to balance

transmission performance and computational complexity. To

facilitate this, we first define the channel matrix encompassing

all ports as:

H(t, τ) = H
LoS(t, τ) +H

NLoS(t, τ) , (32)

where H
LoS(t, τ) and H

NLoS(t, τ) denote the channel matri-

ces for the LoS and NLoS propagation links, respectively.

Notably, the channel matrix defined here differs from (16).

Specifically, (32) is employed to determine the active ports,

which subsequently form the basis for calculating the effective

channel matrix in (16). The detailed derivation of (32) is

provided in the APPENDIX. It should be clarified that the

proposed port selection strategy does not physically eliminate

mutual coupling among adjacent ports. Instead, it prioritizes

ports with high effective channel gains and avoids low-gain

or deep-fading ports. It is also worth mentioning that inactive

ports can be temporarily activated during the channel training

stage through port switching. In addition, the CSI of inactive

ports may also be inferred by exploiting the spatial correlation

among densely distributed FAS ports. Based on the acquired

or inferred CSI of candidate ports, the full channel matrix in

(32) can then be constructed for optimal port selection.

Based on (32), Fig. 4 illustrates the channel gain of a 30×30
FAS, where the vertical axis represents the absolute channel

gain. It is evident that significant variations in channel gain

exist among antenna ports with different spatial parameters,

reflecting the spatial non-uniformity of the channel. Observing

the cross-section at fixed ph = 20, the deep fading phe-

nomenon is clearly visible. When the channel undergoes deep

fading, the gain drops precipitously, leading to a substantial

reduction in received signal power and a sharp increase in

bit error rate, thereby severely degrading communication per-

formance. Therefore, in FAS-based near-field communication,

“optimal port selection” is a critical strategy for performance

enhancement. By prioritizing high-gain ports and avoiding

those in deep fading regions, the system ensures more stable

and robust signal transmission.

As shown in Fig. 5, the spatial distribution of active ports

exhibits dynamic changes corresponding to the UAV’s motion,

where red indicates active ports and blue indicates inactive

ones. Since the “optimal port selection” strategy is driven

by channel gain, active ports are not randomly distributed

but cluster in spatial regions exhibiting high channel gain.

This clustering characteristic not only enables the FAS to

actively bypass deep fading regions but also effectively min-

imizes the need for frequent global subarray re-partitioning,

thereby meeting the real-time requirements of dynamic UAV



8

Deep 

fade

Deep 

fade

Fig. 4: Spatial distribution of absolute channel gain for the 30× 30

planar FAS

active ports active ports active ports 

active ports active ports active ports 

Fig. 5: Dynamic spatial distribution of optimally selected active ports
(red) and inactive ports (blue) for the 30× 30 planar FAS.

communication scenarios. Additionally, the dynamic shift of

the active port clusters in Fig. 5 over time reflects the adaptive

reconfiguration capability of the FAS. Specifically, as the UAV

moves, the time-varying propagation distances and dynamic

angles of departure/arrival cause a continuous shift in the

spatial position of high-gain regions. The FAS adapts by

dynamically adjusting the active port set to track these high-

gain regions continuously.

Equal power allocation is adopted among the selected active

ports for the capacity analysis. Nevertheless, unequal channel

gains may persist under severe near-field fading, making

adaptive power allocation potentially more effective. Since this

work primarily focuses on near-field channel modeling and

high-gain port selection, equal power allocation is adopted to

facilitate the analysis of these aspects.

B. Channel Modeling Accuracy

In the design and evaluation of fluid antenna wireless

communication systems, quantifying the modeling deviation

between FAS and traditional MIMO systems is crucial for

validating the consistency between theoretical analysis and

practical deployment. Here, since the proposed FAS has a pla-

nar geometry, the corresponding uniform planar array (UPA)-

based channel model is adopted as the reference benchmark,

while all other conditions remain unchanged. Moreover, the

same subarray processing procedure is applied to both models.

Therefore, the UPA-based channel model provides a well-

established reference for evaluating the proposed planar FAS

channel model under identical communication conditions. The

normalized absolute error ∆ is defined as:

∆ = 10 log10

{

ε
∑

psub=1

Q
∑

q=1

|hFAS
psub,q

(t, τ) − hUPA
psub,q

(t, τ)|
|hUPA
psub,q

(t, τ)|

}

,

(33)

where hUPA
psub,q

(t, τ) represents the complex CIR of the baseline

model. To ensure a fair comparison, the proposed subarray

partition scheme is also applied to the baseline model. Eq.

(33) calculates the aggregate modeling error by traversing all

subarrays. A smaller value of ∆ indicates a higher degree

of consistency between the channel characteristics of the

proposed planar FAS and the UPA. Consequently, physical

parameters of the FAS, such as port spacing, dimensions, and

the number of active ports, significantly influence the modeling

error. The impact of these parameters on error performance

is analyzed in detail in the subsequent section. It is worth

noting that the complexity-reduction capability of subarray-

based modeling has been verified in our previous MIMO/RIS

near-field studies, while the focus of this work is to adapt

this idea to the dynamic sparse port activation mechanism of

FAS-enabled UAV communications.

C. Channel Capacity

Channel capacity serves as another critical metric for mea-

suring the theoretical performance limits of the proposed FAS.

Given that the operating principle of the proposed planar

FAS shares similarities with MIMO systems, the channel

capacity can be formulated using the standard MIMO capacity

expression:

C = log2

(

det
(

IQ +
ρSNR

Ph,actPv,act

HFAS(t, τ)H
H

FAS(t, τ)
)

)

,

(34)

where IQ is the Q × Q identity matrix, and ρSNR denotes

the signal-to-noise ratio (SNR). HFAS(t, τ) represents the

normalized channel matrix, expressed as:

HFAS(t, τ) = HFAS(t, τ)×
{

1

Ph,actPv,actQ
‖HFAS(t, τ)‖F

}−
1

2

,

(35)

where ‖ · ‖F denotes the Frobenius norm. Ph,act and Pv,act are

the number of active ports along the horizontal and vertical

directions. Equations (34) and (35) indicate that the channel

capacity of the FAS is determined by the number of ports

at both the transmitter and receiver. Furthermore, parameters

such as port spacing, the number of active ports, and the

proposed subarray partition scheme influence the capacity by

modifying the structure of the channel matrix. The specific

mechanisms of these influences are discussed in the following

section.

IV. RESULTS AND DISCUSSION

In this section, we present the numerical results regarding

the modeling accuracy and channel capacity of the FAS

system. The simulation parameters are configured as follows:

fc = 5 GHz, H0 = 20 m, D0 = 60 m, Q = 4, δR = λ/2,
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Fig. 6: Modeling error performance of the proposed FAS-assisted
UAV-to-MU channel model against the port spacing.

ψazi
R = π/2, ψver

R = π/3, vT = 3 m/s, ηazi
T = ηver

T = π/3,

and t = 2 s. For the FAS, Ph = Pv = 50, ψazi
T = π/2,

ψver
R = π/3, ∆dh = ∆dv = 2/5λ, and 3/5 active ports. It

is worth mentioning that the 50 × 50 FAS configuration is

adopted as a large numerical benchmark to ensure that the

considered setup clearly satisfies the near-field condition and

to make the spherical-wave and spatially non-uniform channel

characteristics more observable. In practical deployments, the

FAS aperture and port number can be scaled according to the

UAV payload, platform size, and carrier frequency.

The environmental parameter κ characterizes the angular

concentration of scatterers, with smaller values representing

broader angular spreads and richer scattering. In practical

deployments, κ can be selected according to standardized

or measurement-based angular spread characteristics of the

considered propagation environment.

A. Channel Modeling Accuracy

Based on the modeling accuracy derivation provided in

the previous section, Fig. 6 illustrates the variation trends

of the modeling error with respect to FAS dimensions and

investigates the impact of different port spacings. It is observed

that for any given port configuration, the modeling error

increases as the FAS dimensions expand. Conversely, for a

fixed FAS dimension, a smaller port spacing results in a

larger modeling error. Furthermore, when the FAS dimension

exceeds 30 × 30, the randomness and complexity of channel

fading are intensified. Concurrently, excessively small port

spacing in large-scale FAS induces stronger mutual coupling

effects between ports, which in turn causes the fluctuations

observed in the two curves with the smallest port spacings.

Fig. 7 depicts the modeling accuracy of the proposed FAS-

enabled channel model as a function of the number of active

ports. It is evident that an increase in the number of active ports

leads to a reduction in modeling errors. This phenomenon is

closely related to the proposed subarray partition scheme and

the optimal port selection strategy. Specifically, as reflected in

the channel gain distribution (Fig. 4), ports with high channel
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Fig. 7: Modeling error performance of the proposed FAS-assisted
UAV-to-MU channel model against the number of active ports.
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Fig. 8: Time-varying modeling error performance of the proposed
subarray partition scheme against FAS the dimensions

gain exhibit a spatially concentrated pattern. When the number

of active ports is small, the limited selection range results in

a relatively concentrated distribution of partitioned subarrays,

making it difficult to comprehensively and precisely capture

the global channel characteristics. However, as the number

of active ports increases, the partitioned subarrays cover a

wider spatial area. This not only incorporates more key ports

with high channel gain, thereby enhancing the acquisition

of effective channel information, but also ensures a more

complete match with the spatial correlation and distribution

characteristics of the channel. Nevertheless, in practical system

design, the selection of the number of active ports requires a

trade-off between modeling accuracy and system performance

to avoid potential deep fading issues.

Fig. 8 evaluates the performance of the proposed FAS-

enabled channel model based on the subarray partition scheme.

From the time-domain perspective, the modeling error curve

varies with the UAV’s motion time, fully reflecting the non-

stationarity of the channel. This non-stationarity originates
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Fig. 9: Channel capacity of the proposed FAS-assisted UAV-to-MU
channel model with different antenna dimensions.

from the interaction between the dynamic spatial position

changes induced by UAV motion and the propagation envi-

ronment. Furthermore, regardless of the increase in FAS size

or the progression of motion time, the modeling accuracy of

the proposed subarray partition scheme closely aligns with

that of the scheme without subarray partition, exhibiting a

similar error growth rate. This further demonstrates that the

proposed subarray partition scheme not only maintains stable

modeling accuracy but also effectively adapts to the temporal

non-stationary characteristics of dynamic channels, making it

highly suitable for practical applications in dynamic scenarios

such as UAV communications.

The total number of generated subarrays ǫ may also depend

on the scanning order in Algorithm 1, since different scan-

ning patterns can lead to different center-port selections and

grouping results, thereby affecting the computational load. In

this work, a fixed row-by-column scanning order is adopted

for deterministic and reproducible partitioning.

B. Channel Capacity

Utilizing (34) and (35), Fig. 9 presents the channel capacity

of the proposed FAS-enabled channel model with respect to

different antenna dimensions at the UAV and MU sides. It is

evident that the channel capacity is directly proportional to

the SNR, which verifies the validity of the proposed channel

model. Another significant finding is that the growth rate of

channel capacity is more sensitive to the number of receiving

antennas. Specifically, when the number of receiving antennas

increases from 8 to 16, the channel capacity increases by

approximately 50%. To achieve a comparable capacity gain by

adjusting the transmitter, the number of transmitting antennas

would need to be increased several times over. This phe-

nomenon is explained by the fundamental property that MIMO

channel capacity scales linearly with min{P,Q}, where P
and Q denote the number of antennas at the transmitter

and receiver sides, respectively. These observations further

corroborate the accuracy of the proposed FAS-enabled channel

model.
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Fig. 10: Channel capacity of the proposed FAS-assisted UAV-to-MU
channel model with different active ports.

-10 -5 0 5 10

0

5

10

15

20

25

30

35

40

-10 -5 0 5 10

0

5

10

15

20

25

30

35

40

Fig. 11: Channel capacity of the proposed FAS-assisted UAV-to-MU
channel model with different motion state.

Fig. 10 illustrates the channel capacity results concerning

the physical properties of the FAS. When the port spacing

is held constant, the channel capacity is positively correlated

with the proportion of active ports, intuitively demonstrating

that a higher number of active ports provides more abundant

transmission resources. In contrast, channel capacity is rela-

tively insensitive to changes in port spacing. Even when the

port spacing is adjusted, the resulting fluctuation in channel

capacity is significantly smaller than the impact caused by

variations in the active port ratio. Combined with the trends

observed in Fig. 7, it is confirmed that the proportion of

active ports plays a dominant role in determining the system

performance of FAS-enabled UAV communications.

Fig. 11 provides the channel capacity results under vari-

ous UAV motion states. The results reveal that the dynamic

characteristics of the UAV, such as its velocity and flight

duration, significantly influence the channel capacity behavior.

Specifically, the channel capacity fluctuates with the UAV’s

flight speed, which is attributed to the combined effects of
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Fig. 12: Channel capacity comparison under different FAS port
activation and subarray partition schemes.

Doppler shifts and rapid variations in the channel environment.

Furthermore, as the motion time increases, the continuous

evolution of channel conditions consequently impacts the

channel capacity. These findings indicate that the dynamic

characteristics of the UAV must be rigorously accounted for

in the design and deployment of FAS-enabled UAV commu-

nication systems.

Fig. 12 compares the channel capacity of the proposed

FAS with that of the UPA under different port activation

strategies. For comparison, a random activation baseline with

the same activation ratio of 3/5 is included. The proposed

optimal port selection achieves higher channel capacity by

prioritizing high-gain ports and avoiding ports in deep-fading

regions.In addition, the capacity of the FAS with optimal

port selection is higher than that of the UPA, demonstrating

the performance advantage of FAS. It is also worth noting

that when all FAS ports are activated, the channel capacity

decreases compared with the optimal 3/5 activation case,

since all-port activation includes ports with poor channel

gains. Furthermore, the curves with and without the proposed

subarray partition scheme are close to each other, indicating

that the capacity degradation caused by the subarray partition

is relatively limited in the considered scenario. These results

verify that the performance gain of FAS comes not only from

flexible port activation, but also from properly selecting high-

gain ports according to the spatially non-uniform channel

distribution.

Fig. 13 shows the channel capacity under different MU mo-

bility conditions. The capacity increases with SNR in all cases,

while different MU velocities and time instants lead to distinct

capacity variations. This indicates that MU mobility changes

the relative UAV-MU geometry and introduces additional tem-

poral non-stationarity into the near-field channel. Therefore,

although the baseline model assumes a low-mobility or quasi-

static MU, high-mobility MU scenarios can be accommodated

by using a time-varying MU position and performing more

frequent CSI, port selection, and subarray updates.
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Fig. 13: Impact of MU mobility on channel capacity.

V. CONCLUSION

In this paper, we proposed a dynamic port-reconfigurable

channel model tailored for FAS-assisted UAV-to-MU near-

field communications. Specifically, for the FAS mounted on

the UAV, we designed a subarray partition scheme based

on a greedy strategy, complemented by a dynamic update

mechanism. Numerical results demonstrate that the proposed

model accurately captures the non-uniform spatial distribu-

tion characteristics of near-field channels and exhibits robust

adaptability to the non-stationary channel variations induced

by UAV mobility. It was observed that FAS configuration

parameters, such as port spacing and activation ratio, along

with UAV dynamic characteristics, including velocity and

flight duration, significantly influence system performance.

Specifically, the port spacing and active-port ratio significantly

influence the spatial channel characteristics and the resulting

channel capacity. Similarly, maintaining the port activation

ratio within an optimal range ensures spatial diversity gain

while mitigating the performance degradation caused by deep

fading ports. Furthermore, the efficacy of the greedy strategy-

based subarray partition scheme was validated. This scheme

significantly reduces computational complexity while guaran-

teeing the accuracy of near-field channel modeling. Finally,

the accompanying dynamic update mechanism facilitates rapid

adaptation to scenarios where new ports are activated, effec-

tively eliminating the latency overhead associated with global

re-partitioning.

As future work, we can point out two potential directions:

(i) explore lightweight AI/hybrid learning based greedy parti-

tion for dynamic FAS-enabled UAV communication; and (ii)

develop more advanced port selection methods by considering

CSI acquisition overhead.

APPENDIX

The channel matrix in (32) can be further expressed as

H(t, τ) = H
LoS(t, τ) +H

NLoS(t, τ)

= hLoS(t)vT
LoS(t)u

T
LoS(t)δ(τ − τLoS(t))
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+
∑

ℓ∈L

ℓN
∑

n=1

hNLoS(t)vT
NLoS(t)u

T
LoS(t)δ(τ − τNLoS(t)) . (36)

where hLoS(t) and hNLoS(t) are the channel transmission pa-

rameters for the LoS and NLoS propagation links, respectively.

u
T
LoS(t) and v

T
LoS(t) are the response vectors of the LoS

propagation link at the UAV and the MU side, respectively.

At the FAS side, To simplify channel-related calculations, we

perform 1D vectorization on the original horizontal-vertical

2D port array of the FAS. Specifically, we first arrange all

horizontal ports at the same vertical position in sequence, then

process the ports at each vertical position in turn, and finally

convert the 2D port matrix into a 1D vector, thus we have

uLoS(t) =
[

ejπk1,1θ
azi
T (t)θver

T (t), ..., ejπkPh,1θ
azi
T (t)θver

T (t),

ejπk1,2θ
azi
T (t)θver

T (t), ..., ejπkPh,2θ
azi
T (t)θver

T (t),

...,

ejπk1,Pv θ
azi
T (t)θver

T (t), ..., ejπkPh,Pv θ
azi
T (t)θver

T (t)
]

, (37)

where θazi
T (t) and θver

T (t) represent the spatial frequencies along

the azimuth and vertical dimensions with the path from the

midpoint of the FAS at the UAV side to the ULA at the MU

side, respectively. which can be expressed as

θazi
T (t) = ∆dh/λ(cosα

LoS
T (t)− ψazi

T ) cosβLoS
T (t) cosψver

T ,
(38)

θver
T (t) = ∆dv/λ sinβ

LoS
T (t) sinψver

T . (39)

At the MU side, the channel transmission parameter can be

expressed as

vLoS(t) =
[

ejπk1θ
azi
R (t)θver

R (t), ejπk2θ
azi
R (t)θazi

R (t)θver
R (t),

..., ejπkQθ
azi
R (t)θver

R (t)
]

, (40)

where θazi
R (t) and θver

R (t) represent the spatial frequencies along

the azimuth and vertical dimensions with the path from the

midpoint of the ULA at the MU side to FAS at the UAV side,

respectively, which can be expressed as

θazi
R (t) = δR/λ(cosα

LoS
R (t)− ψazi

R ) cosβLoS
R (t) cosψver

R , (41)

θver
R (t) = δR/λ sinβ

LoS
R (t) sinψver

R . (42)

For the NLoS propagation link, u
T
NLoS(t) and v

T
NLoS(t)

denote the response vectors of at the UAV and the MU side,

respectively, which can be expressed as

uNLoS(t) =

[

ejπk1,1θ
azi
T,ℓn

(t)θver
T,ℓn

(t), ..., ejπkPh,1θ
azi
T,ℓn

(t)θver
T,ℓn

(t),

ejπk1,2θ
azi
T,ℓn

(t)θver
T,ℓn

(t), ..., ejπkPh,2θ
azi
T,ℓn

(t)θver
T,ℓn

(t),

...,

ejπk1,Pv θ
azi
T,ℓn

(t)θver
T,ℓn

(t), ..., ejπkPh,Pv θ
azi
T,ℓn

(t)θver
T,ℓn

(t)
]

, (43)

where θazi
T,ℓn

(t) and θver
T,ℓn

(t) represent the spatial frequencies

along the azimuth and vertical dimensions with the path from

the midpoint of the FAS at the UAV side to the n-th path in

the ℓ-th cluster, respectively, which can be expressed as

θazi
T,ℓn(t) =

∆dh/λ(cosα
NLoS
T,ℓn

(t)− ψazi
T ) cosβNLoS

T,ℓn
(t) cosψver

T , (44)

θver
T,ℓn

(t) = ∆dv/λ sinβ
NLoS
T,ℓn

(t) sinψver
T . (45)

At the MU side, the channel transmission parameter can be

expressed as

vNLoS(t) =

[

ejπk1θ
azi
R,ℓn

θver
R,ℓn , ejπk2θ

azi
R,ℓn

θver
R,ℓn , ..., ejπkQθ

azi
R,ℓn

θver
R,ℓn

]

, (46)

where θazi
R,ℓn

(t) and θver
R,ℓn

(t) represent the spatial frequencies

along the azimuth and vertical dimensions with the path from

the midpoint of the ULA at the MU side to FAS at the UAV

side, respectively, which can be expressed as

θazi
R,ℓn

= δR/λ(cosα
NLoS
R,ℓn

− ψazi
R ) cosβNLoS

R,ℓn
cosψver

R , (47)

θver
R,ℓn

= δR/λ sinβ
NLoS
R,ℓn

sinψver
R . (48)
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