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Abstract—Cognitive radio (CR) networks face significant chal-
lenges in spectrum sensing, especially under spectrum scarcity.
Fluid antenna systems (FAS) can offer an unorthodox solution
due to their ability to dynamically adjust antenna positions for
improved channel gain. In this letter, we study a FAS-driven
CR setup where a secondary user (SU) adjusts the positions of
fluid antennas to detect signals from the primary user (PU). We
aim to maximize the detection probability under the constraints
of the false alarm probability and the received beamforming of
the SU. To address this problem, we first derive a closed-form
expression for the optimal detection threshold and reformulate
the problem to find its solution. Then an alternating optimization
(AQO) scheme is proposed to decompose the problem into several
sub-problems, addressing both the received beamforming and
the antenna positions at the SU. The beamforming subproblem
is addressed using a closed-form solution, while the fluid antenna
positions are solved by successive convex approximation (SCA).
Simulation results reveal that the proposed algorithm provides
significant improvements over traditional fixed-position antenna
(FPA) schemes in terms of spectrum sensing performance.

Index Terms—Cognitive radio networks, fluid antenna system,
next-generation reconfigurable antenna, spectrum sensing.

I. INTRODUCTION

N INTERNET-of-Things (IoT) networks, the sheer number

of devices requires significant bandwidth, putting pressure
on the available spectrum [1]. To tackle this situation, cognitive
radio (CR) has emerged as an attractive solution that encour-
ages secondary users (SUs) to opportunistically access the
spectrum resources assigned to licensed primary users (PUs)
[2]. To do this, SUs sense and identify spectrum holes. If a
frequency band is found to be unused, SUs can use that band,
alleviating the spectrum scarcity problem [3], [4], [5].

For reliable spectrum sensing, many algorithms have been
proposed, such as energy-based detection [6], matched filtering
methods [7], eigenvalue analysis-based approaches [8], and so
on. However, due to complex wireless scenarios, factors such
as channel fading, multipath effects, and noise could signifi-
cantly degrade the detection performance of these methods. To
address these challenges, some effective approaches have been
proposed, such as cooperative spectrum sensing, integration of
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Fig. 1. FAS-driven spectrum sensing.

multiple algorithms, and increasing the sensing time. However,
these methods bring performance improvements at the cost
of strict synchronization requirements, increasing complexity,
and sacrificing communication time. Therefore, more effective
spectrum sensing approaches must be sought.

Recently, advances in reconfigurable antenna technologies
seem to offer a solution. Known as fluid antenna system (FAS),
it enables flexibility in antenna shape and position, introducing
a new degree of freedom (dof) to the physical layer of wireless
communications [9], [10], [11], [12]. Since its emergence, it
has been investigated in a wide range of applications, e.g.
[13], [14], [15], [16], [17], [18], [19], [20], [21], [22], [23],
[24], [25], [26]. Prototypes on FAS have also been reported
to validate its promising performance [27], [28]. Presumably,
CR can take advantage of the capability of FAS to improve
the sensing performance, which motivates this work.

To this end, this letter adopts FAS to maximize the detection
probability in CR networks, and introduces a FAS-enabled
SU capable of optimizing the positions of fluid antennas to
better detect PU signals. This approach focuses on maximizing
the PU detection probability under the constraints of false
alarm probability and receive beamforming. To solve this non-
convex problem, we derive a novel closed-form solution for the
optimal detection threshold, which allows for a more tractable
formulation. We then propose an alternating optimization (AO)
algorithm that decomposes the reformulated problem into two
tractable sub-problems. Specifically, the receive beamforming
sub-problem is solved analytically in closed form, while the
successive convex approximation (SCA) method is applied to
optimize the antenna positioning. Our simulation results show
that the proposed algorithm significantly outperforms existing
benchmarks, highlighting the novelty of our approach.

II. SYSTEM MODEL

Consider the FAS-assisted CR system as depicted in Fig. 1,
where the PU is equipped with a conventional fixed-position
antenna (FPA), while the SU employs N (> 1) fluid antennas.
The SU determines if the PU signal is present through spec-
trum sensing and opportunistically accesses the PU’s licensed
spectrum if idle [25]. The SU’s fluid antennas are connected
to RF chains through integrated waveguides or flexible cables,
and can be adjusted within a finite range S [11].



A. Channel Model

We adopt the planar far-field model to express the channel.
In this model, adjusting the fluid antenna positions changes
the phase of path response, but does not affect the angles of
arrival (AoAs), angles of departure (AoDs), or the amplitude of
response coefficients for each path [11]. We assume that there
are L; transmit paths and L,receive paths in the PU-SU link,
respectively. The position of the n-th fluid antenna is t,, =
[0, yn]T, and the set of SU antenna positions is represented
as t = [t1,ta,...,ty]. The propagation distance difference
between the n-th fluid antenna and the reference origin in
the I-th receive path is given by p;(t,) = x, sin 6, cos p; +
yncosty,l € {1,..., L.}, where 0; € [0,7] and ; € [0, 7]
represent the elevation and azimuth angles of the [-th receive
path, respectively. The far-field response vector of the fluid
antenna for the PU-SU link can be written as

f(tn) — ej%npl(tn)w..7ej2TﬂpL7v(tn) c (CLr><17 (1)
where )\ denotes the carrier wavelength. Therefore, the trans-
mit field response matrix of the PU-SU link is given by

F(t) = [f(t1),f(t2),...,f(tn)] € CLN, )

On the other hand, since a single FPA is deployed at the PU,
the transmit field response vector for the PU-SU link is simply
1y, € CL+x1. Also, we define the path response matrices 3 €
CErxLt a5 the path response of the PU-SU link. Consequently,
the channel of the PU-SU link can be written as

h=F@{)"s1,, e CV¥L. 3)

B. Signal Model

To detect whether PU signals are present, we model spec-
trum sensing as a binary hypothesis problem. Thus, the k-th
received signal samplg at the SU is given by

win(k), Ho,
y(k) = { VPwHha(k) + whin(k), Hi, @
for k € {1,..., K}, where H, represents the null hypothesis
that PU signals are not present; H; is the alternative hypothesis
to represent the absence of PU signals; and w € CV*! with
|lw||> = 1 is the receive beamforming of SU, which is used
to equalize the received signals. Here, n(k) ~ CN(0,021y)
represents the additive circularly symmetric complex Gaussian
(CSCG) noise, which is independent and identically distributed
(ii.d.) with mean O and covariance matrix o2Iy. The PU
signal, denoted by x(k), is also an i.i.d. CSCG variable but
with zero mean and unit variance, i.e., z(k) ~ CN(0,1).

In the proposed FAS-driven spectrum sensing, we utilize
energy detection to identify the PU signals. The received signal
strength (RSS) at the SU during a sensing time slot serves as
the test statistic, i.e.,

1
[ E 2

According to the central limit theorem, with a sufficiently
large K, T is approximately Gaussian distributed as [5]
4
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T ~ 0’4 2 (6)
N U?L(l + 7)7 "'(113_7) ) Hla
where the signal-to-noise ratio (SNR) + is defined as
P|lwHh|?
=— @)

On

Given a detection threshold )\, the SU determines whether the
PU exists or not when 1" > 7; otherwise, PU is deemed to be

absent, which can be formulated by
Hi

TZT (8)

H
Then, the false alarm probabilitylf and detection probability are,
respectively, given by

)
Pf=¢2(70f”¢f>, ©)
N U de))

where )(z) is the Gaussian Q-function.

C. Problem Formulation

Our objective is to maximize the detection probability of PU
while satisfying the constraints of the false alarm probability
and the fluid antennas’ positions. Mathematically, we have

_max Py (11a)
t,w,m>0

st. Py <, (11b)

tes, (11c)

[t — tull2 > D, n,v €N, n#uv, (11d)

w3 =1, (11e)

where (11b) denotes the maximum false alarm probability con-
straint; (11d) is the minimum distance requirement between
any two antennas with some prescribed minimum distance D
within the transmit region; and (11e) is the power constraint of
the receive beamforming. Because of the non-convex objective
function (11a) and constraints (11b) and (11d), (11) is non-
convex. We employ an AO algorithm to solve this problem.

III. THE AO ALGORITHM

In this section, we first reformulate Problem (11), then use
the AO algorithm to decompose Problem (11) into N + 1 sub-
problems, which are related to the receive beamforming and
antennas’ positions, and we obtain the locally optimal solution
when alternately optimizing these sub-problems.

Note that Q(z) is a monotonically decreasing function with
respect to z, and as a result, the objective function in Problem
(11b) can be maximized when 7 is minimized. Therefore,
the constraint (11b) is active, i.e., Py = IP’f){‘aX. The optimal
detection threshold is hence given by

o_ TaQ1(0)

0= 7 452, (12)
Therefore, we can reformulate Problem (11) as
max Pg(7°) s.t. (11c)—(1le). (13)
t,w
A. Receive Beamforming Optimization
Given t, Problem (11) can be rewritten as
max Py s.t. (1le). (14)
w

From (10), P; is a monotonically increasing function for +.
Thus, the optimal receive beamforming is given by
h

o — 15
V= T ()



B. The n-th Fluid Antennas’ Positions Optimization

Given w and {t;};-2,, by exploiting the monotonicity of the
objective function, we can rewrite Problem (13) as
max vy s.t. (11c),(11d). (16)
Though Problem (16) is non-convex, we employ SCA algo-
rithm to solve it. First, we can rewrite [w h|? as
wfh|> = Tr (17 SHFE)ww’F7 (£)2,1,,)
= o+ B(tn) + 2R{f" (t,,)Q}, (17)

m%@a—ﬂ@¢n<>ma# T (1)@
B(t,) = Tr (w(n)wi (n)f,(t,)f7 (t,)®), ® = ZXH, and
Q=3 (z#n (6 )) wH (n).

Then we first obtain a lower bound for 5(t,,) through the
first-order Taylor expansion at point f (t% )) given by

OR{F? (¢ WE(t,)} — £ () WE(E(™),  (18)

where ¢\ is t,, at the m-th iteration, ¥ = dw(n)wh (n).
Now, we combine the third term in (17) with the first term
in (18), and thus have f((t,) = 2R{f7(t,)Y,}, where
Y, = UHf (tslm ))+Q. We further use the second-order Taylor
expansion to construct a global lower bound for 3(t,,) as

9! (6a) = BET™) + VBT (0 — 60

S (1) (8- t47) . 9)

where .
1672 &
Kn = IBVE || (20)
_ =1 _
and Vf(t,,) is the gradient vector of 5(t,), with the detailed

derivations given in Appendix A. Therefore, the concave lower
bound of |[wh|? can be found as

fH(tn) = g (tn) + a — £ TEE™). @D
For the constraint (11d), we can relax ||t,, — t,]|2 to be

a concave lower bound of t,, by using the first-order Taylor
expansion at point tﬁ{’”, which is given by

th - thQ Z (m) ¢ ( ’Slm) v) (tn - tv)- (22)
Then the constraint ?1 1d) cgn be written as
— (™ —t,) Tt —t,) > D. (23)
6™ = bl
Accordingly, Problem (16) can be reformulated as
max fL(tn) st (11c),(23), (24)

which is convex, and can be solved using CVX [29].

IV. SIMULATION RESULTS

In this section, a two-dimensional (2D) coordinate system
is considered in our simulations, where the PU and SU are lo-
cated at (0,0) m and (250, 0) m, respectively. We assume that
the carrier frequency is 2.4 GHz, which results in a wavelength
A = 0.125 m, and a minimum inter-antenna distance is D = %
Also, we assume that the spatial region of fluid antennas at
the SU is § = [fg,%] X [ ‘3, 2} where A = 4)\. We also
assume that the number of transmit paths equals to the number
of receive paths in the PU-SU link, ie., Ly = L, = L = 4.
Moreover, the path response matrices of all the links are mod-
eled as X[I,1] ~ CN(0,g0 (dg/do)" " /L),l = 1,2,...,L,
where dy, is the distance, go = —40 dB represents the average
channel gain at the reference distance dp =1 m and o = 2.8

is the path loss coefficient. The number of fluid antennas is
N = 4, and the transmit power of the PU is P = 10 dBm.
Besides, the noise power is a,% = —80 dBm, the number
of received signal samples is K = 1000, and the maximum
false alarm probability is set to 6 = 0.1. The Monte Carlo
simulations are conducted with 100 time average, and the
convergence accuracy of the proposed algorithm is 1074,

In Fig. 2, the results are provided to study the convergence
performance of the proposed algorithm. As we can see, the
AO algorithm converges with less than 30 iterations for all
three settings. Moreover, we can also observe that the detection
probability increases with the increase in the number of fluid
antennas at the SU. Also, the number of fluid antennas does
not appear to affect the convergence speed much.

In Figs. 3 and 4, we compare the proposed FAS-assisted
approach with several benchmarking methods:

o FPA, where N FPAs are spaced at an interval of \/2;

« Random position antenna (RPA), in which N an-
tennas are randomly distributed within the spatial region
S, satisfying the constraint (11d); and

o Exhaustive antenna selection (EAS), where N
antennas are selected from 2N fixed positions using an
exhaustive search approach.

In Fig. 3, we examine how the detection probability perfor-
mance changes with the PU’s transmission power. The results
show that the proposed scheme has superior performance
compared to all the benchmark methods. In addition, as the
PU’s transmit power P increases, the detection probability
improves for all methods, with the proposed FAS scheme
consistently outperforming the others, especially in the lower
power range. This demonstrates its improved ability to detect
the PU signal more reliably under varying power levels.

Finally, we have the results in Fig. 4 to show the relationship
between the maximum false alarm probability of the SU,
denoted as 4, and the detection probability. The proposed
FAS-based scheme shows a consistently higher probability of
detection compared to the benchmark methods. As ¢ increases,
so does the probability of detection for all methods. However,
the proposed scheme clearly outperforms the other approaches
over the entire range of J, especially in scenarios with lower
false alarm probabilities. This indicates that the proposed
method is robust in maintaining a high probability of detection
while minimizing false alarms, thereby improving the overall
performance of the CR system.

Remark 1: The FAS scheme demonstrates superior perfor-
mance in both PU and SU detection. It consistently outper-
forms benchmark methods, particularly in challenging commu-
nication environments. This highlights the scheme’s robustness
in achieving high detection reliability for both PU and SU,
thereby enhancing overall system efficiency.

V. CONCLUSION

In this letter, we studied a FAS-aided spectrum sensing in
CR networks, in which an SU has the ability to optimize the
positions of multiple fluid antennas to detect the signals from
the PU. We maximized the detection probability at the SU by
designing the receive beamforming and antennas’ positions of
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APPENDIX A ~
DERIVATIONS OF Vj3(t,,)
Given
L,
Brl(tn) =2 Y || cos (I (t,)) | , (25)
=1

where I1!(t,,)

can

= 2% py(tn) — £Yy, the gradient vector of 3(t,,)

be respresented as V3(t,,) = {m, %

5 , which can

be, respectively, expressed as
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