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Abstract—This paper proposes blind spectrum sensing (SS)
in a narrowband context called Beamforming Fusion assisted
Spectrum Sensing (BFSS). Considering a channel with angles of
arrival (AoA), we jointly exploit beamforming algorithms to make
decisions about the detection of users on frequency resources. The
proposed method is totally blind and does not require knowledge
of the noise power, the channel estimation, and the source signal.
A state-of-the-art comparison of SS methods using beamforming
is provided to validate our contribution in a shallow SNR region.

Index Terms—Cognitive radio, spectrum sensing, fusion detec-
tion, beamforming.

[. INTRODUCTION

Mobile communication operates in a heterogeneous en-
vironment and needs to be supported by flexible spectrum
management capabilities. Cognitive radio (CR) is a promising
technology that can overcome the various problems due to
static spectrum allocation. Indeed, the CR system can adapt
to its electromagnetic environment. By modifying its radio
configuration, the CR system can opportunistically use any
free spectral resource [1].

Furthermore, the next generation of mobile radio networks
and the increased development of connected technologies,
such as the Internet of things (IoT) [2] and vehicle to ev-
erything communication (V2X) [3], will lead to a scarcity
of the frequency resources. Therefore, it is essential to find
solutions to meet the needs of these different communication
technologies.

In CR networks, we define two main kinds of users. On the
one hand, we describe the first user called the primary user
(PU), who has all the priorities on the spectral resource. And
in the other hand, the second user is called the secondary user
(SU). SU is considered the CR system, which opportunistically
exploits the unused frequency resource.

The main idea of the SU is to exploit the best resource
opportunity to reallocate unused frequency bands dynamically.
Thus, the SU must in no way interfere with the PU commu-
nication. So the SU has to be aware of its electromagnetic
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environment to avoid dismissing resource opportunities and
not interfere with the PU. The CR system is based on the
cognition loop built on the spectrum sensing (SS) [4].

Some SS methods consider that the SU has a priori
knowledge of the noise power, the source signal, or the
channel, such as matched-filter, energy detection (ED), and
cyclostationarity detector. Recent blind SS algorithms ex-
ploit the multiple-input multiple-output (MIMO), in order
to improve the detection of the PU: blindly combined en-
ergy detection (BCED) [5], arithmetic-to-geometric mean
(AGM) [6], maximum-eigenvalue-geometric-mean (MEGM)
[7] and mean-to-square extreme eigenvalue (MSEE) [8]. To
improve the PU detection [9], recent contributions proposed
beamforming such as maximum energy beamforming-output-
to-input (MEBOI) [10], maximum-to-minimum beam en-
ergy (MMBE) [11] and maximum-to-mean energy detector
(MMED) [12]. In [13], the authors propose a beamformer-
aided support vector machine model to improve the PU
detection. More recent SS methods based on the machine
learning approaches have been proposed [14] [15].

In this paper, we propose to investigate the performance of
the full exploitation of several beamforming algorithms. This
new SS approach based on beamforming takes advantage of
all the SS algorithms based on beamforming to make decisions
on the presence of the PU. Therefore, the idea is to exploit
the processing carried out at the receiver by beamforming
and maximize decision-making reliability. Finally, simulation
results show that our design performs better than the classical
beamforming algorithms in the literature for different scenar-
i0s.

The rest of the paper is organized as follows. Section
IT introduces the system model. Section III provides the
background work, including some SS methods based on the
beamforming method. In section IV, we provide our contribu-
tion and the algorithm. In section V, simulation results evaluate
the performance of the proposed method, and the conclusion
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is finally summarized in section VI.

Boldface lower letter is used to denote vectors and boldface
capital letter to denote matrices. We use superscript (.)7, (.)*
and (.)f to denote transpose, complex conjugate, and Hermi-
tian (complex conjugate transpose), respectively. I, denotes
the identity matrix of order ¢ and E|[.] stands for expectation
operation.

II. SYSTEM MODEL

Here, we consider a static flat fading channel described
in [16]. The SU is a CR terminal with multiple uniform linear
antennas (ULA). In the SS paradigm, two main hypotheses
are defined, on the one hand, there is Ho when the frequency
resource is free, and, on the other hand, #;, when the PU is
present. Thus, we can note the following probabilities

« Detection (Power of test) as Py = P(H1;H1)

o False alarm (Type I error) as Prq = P(H1; Ho).

o Miss-detection (Type II error) as P,q = P(Ho; H1)
where P(H.;H.) indicates the probability of deciding H.
when H. is true [17].

The received signal by the SU at the uniform linear array
(ULA) antenna configuration is expressed as

Ho ZTm(n) = by (n) (1)
7'[1 fL"rrL(n) = Tm(n) + bm(n)v (2)
where m describes the m!" antenna (m = 0,--- , (M — 1)),

Tm(n) is the received signal at the antenna m, r,,(n) is the
PU’s signal received by SU through the channel propagation
and by, (n) is a zero-mean additive white Gaussian noise with
variance o7. The PU’s signal is received by the SU via AoA
noted . Therefore, we note the n** received sample at the
antenna m is expressed as

P-1
Tm(n) =w Z Z aTnp(wP)Sp(n - Z(wp)) +bm(n), 3)

p=0¢,€A

where P is the number of PU, A is the set of paths including
all AoA, w = {0, 1} under H, hypothesis, ¢, is the AoA of
the p** PU’s signal, sp(n) represents the source signal from
p*" PU to the CR receiver antennas, 7(.) represents the delay
and a,,,(¢,) is the gain path between the p** PU and the
mt" antenna. We consider a ray propagation channel modeled
by the steering vector as defined in [18]. So, the gain path
amp () between the p'* PU and the m'" antenna of the SU
is given by

amp(¢p) = aOp(wp) €xp (2j7rma(djp)) s 4

where agp (1) is the path gain between the SU and the first
antenna a(t,) = $cos(1h,), A is the wavelength and d is the
distance between two consecutive antennas. In [19], the best
trade-off between the cancellation of sidelobe effect and the

coupling of the ULA antenna is investigated and the result is
obtained for d = \/2. From (3) and (4), we can note

P-1
Tm(n) = Z Z aop(Vp) exp (2jmma(yy))

p=0,€A
x sp(n —i(Yp)) + bm(n). (5)

Under the multipath channel context, as depicted in Fig. 1,
each path includes a gain path and AoA. The received signal
by the SU can be expressed as

Z amp(’l/)p)sp(n - Z(d)p))
d}pGA

p

Il
MQ

K2

Z sp(n — 1) amp(p), (6)
PpEA;

Il
<}

where 1), € A; is denoted for all the AoA of A having the
same delay ¢ and C), is the channel order. Thus, the received
signal at the m™ antenna of the SU can be finally expressed
as

P-1Cyp

Zm(n) =D D hp(i)sp(n — i) + bp(n), (7)

p=0 =0

where App(7) = > amp(p). For the sequel, we define the
PpEA;
following vectors.

a'(n) = [wo(n),z1(n),-- ,zar1(n)], (®)
b7 (n) = [bo(n),bu(n).- - s (n)] ©)
sZ(n) = [sp(n),sp(n—1), -+ ,s,(n—Cp+1),(10)
where 27 (n) is the received signal vector, b’ (n) is the

noise vector and sz;(n) is the source signal. The received
signal at the SU from the PU under #; hypothesis is expressed
as x(n) = Hs(n)+b(n), where H is a M x (C' + P) matrix
which represents the channel, H = [Ho, H;, -+ ,Hp_1]
where H , is a M x (C,) channel matrix between p** PU and

P—1
the receiver as described in [8] and C = )~ C,,.

p=0

III. BACKGROUND WORK

Here, we first introduce the standard beamforming process
realized at the receiver’s antennas. Then, the beamforming
approach in this article is depicted, and some SS algorithms
exploiting this spatial filter combined with energy are in-
troduced. All of the SS algorithms described in this paper
are totally blind, which means that the SU has no a priori
knowledge of the PU’s signal, the noise power, or the channel
state information.
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Fig. 1: Schematic of the energy-based spectrum detector and
spatial filtering under a single incident angle.

A. Conventional Beamformer

Considering k directionally-weighted outputs vector system
expressed as wy = [wog, Wik, - - ,w(M_l)k]T, the received
signal is expressed as

Zr(n) = wi@(n) = wilu(n) + wilb(n), (11)
z(n) = WHax(n) = WHu(n) + Wb(n), (12)
where &(n) = [To(n),Z1(n), - ,7a—1(n)]T is the post

processing received signal, W = [wg, w1, - ,wyr—1] is the
weighted matrix and w(n) = [ug(n),u1(n), -+ ,up—1(n)]”
is the source signal. To reduce the computational complexity
of the beamforming process for the CR, we choose the
Fourier transform (FT) as the the directionally-weighted vec-
tor. Indeed, by considering wy,; = exp (—2jmm4z), the
spatial filter becomes the fast FT (FFT) processing with K
outputs [20]

As depicted in Fig. 1, the statistical test is evaluated and
finally compared to the pre-computed fixed threshold to decide
between Ho and H; hypothesis.

We respectively express the covariance matrix of the input
and the output of the FFT as

1 N

R, (N) = = > x(n)x(n)", (13)
1 n;l

R3(N) = + > x(n)x(n)", (14)

where N is the number of samples corresponding to the
detection time, in totally blind SS methods, the threshold is
computed using the analytical expression of the Py,.

B. Maximum Energy Beamforming-Output-to-Input (MEBOI)

In [16], the authors introduced the MEBOI algorithm based
on comparing the maximum distributed energy in the input and
the output of the spatial filter process. In the H; hypothesis,

the energy at the inputs of the beamforming process is uni-
formly distributed whereas, at the output process, the energy
will be concentrated on only one output corresponding to the
AoA. Thus, to exploit the input and output energy distribution,
the statistical test of the MEBOI algorithm is based on the
ratio of the maximum energy evaluated from the beamforming
process and the maximum energy before the spatial filter.
The statistical test of the MEBOI algorithm is expressed as

EO Ho
TyvEBOI = N S YMEBOI, (15)
I H,
where Ep = max (Rz(N))p» Er = max (Ryz(N)),,,, and

mm
YnmEBor 1s the threshold analytically expressed in [10] of the
MEBOI detector.

C. Maximum-to-Minimum Beam Energy (MMBE)

On the other hand, the MMBE algorithm considers only the
outputs of the beamforming process. This totally blind detec-
tion method provides good results compared to the classical
SS algorithms. Thus, under the H; hypothesis, by exploiting
the gap of the outputs energy of the spatial filter, the MMBE
method evaluates the maximum and minimum energy ratio.
The statistical test is defined as

EM Ho

TyvBE = . S YMMBE;
m Hi

(16)

where Em = mkzn (Ri(N))kka E}w = m]glib (Ri(N))kk and
YmmBE 1S the threshold of the MMBE algorithm expressed
in [20].

D. Maximum-to-Mean Energy Detector (MMED)

MMED detector is also based on the output of the spatial
filter. This method is based on the ratio of the maximum
energy to the mean one of the output of the beamformer. The
statistical test is expressed as

a7)

M
where M = 4 3~ (Rz(IN))kx represents the mean received

k=0
energy and Ypsaspp 1 the threshold analytically proposed
in [12] based on the Py,.

IV. BEAMFORMING FUSION ASSISTED SPECTRUM
SENSING (BFSS)

In this section, we introduce our contribution consisting of
the unification of all SS algorithms presented in the previous
section.

This new algorithm, called Beamforming Fusion assisted
Spectrum Sensing (BFSS), optimizes the spatial filtering pro-
cess. Indeed, knowing that the spatial filtering operation is
performed at least once, it is interesting to exploit all evaluated
energies from all directions. In this sight, we exploit all the
methods based on beamforming at the same time. Knowing
that the computation of the statistical test is not heavy, we
take advantage of each detector.
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Algorithm 1 Algorithm for BFSS detector

Input: N and M.
Olltpllt: DBFSS
Initialization:
o The probability of false alarm is fixed at 10%
o Compute the threshold of MEBOI expressed in [10].
o Compute the threshold of MMBE expressed in [20].
o Compute the threshold of MMED expressed in [12].

1: Compute the covariance matrix of the received signal

1 N
R.(N) = N S x(n)x(n)f. (13)
n=1
2: Compute the covariance matrix of the received signal
N
spatially filtered Rz(n) = & > %(n)x(n)?. (14)
n=1
3 if DMEBOI or D]\/IMBE or DM]\IED then
: DBFSS < true
5: else if not D]\/IEBOI and not DMMBE and not DMMED
then
6: Dprss < false
7: end if
8: return Dprgg

During the initialization phase, we calculate, from the num-
ber of antennas M and the detection time NN, the thresholds
of the different detection methods { MEBOI, MMBE, MMED}
for a P, of 0.1. Then, in the second step, we evaluate the
covariance matrices presented in (13) and (14). The diagonal
entries of these covariance matrices represent the energy of the
received signal in (13) and the energy from different sectors
in (14). These entries are exploited to compute the statistical
tests of the algorithm based on beamforming. The result of the
comparison of each statistical test and its threshold is a boolean
expression denoted as D; (j = {MEBOI, MMBE, MMED}).
Finally, if only one D; is true, the decision on Dgpgg is true.

In order to understand our contribution, we propose the
algorithm of the BFSS approach.

V. SIMULATIONS AND DISCUSSION

In this section, we evaluate the performance of the proposed
spectrum sensing algorithms BFSS. We compare our approach
to the other ones based on the beamforming method and the
MME [21] algorithm based on the eigenvalue decomposition
of the covariance matrix of the received signal using the
MATLAB R2020a version.

a) Parameters of the simulation: We consider only one
PU. The source signal from the PU is a BPSK modulated
signal. Some parameters have the same values throughout
simulations unless otherwise indication P = 1, C, = 0,
M =5, N =1000 and ¢ € [0, 7] (uniformly distributed).

b) Simulation results for different SNR: In Fig. 2, we
compare the proposed method BFSS to the other methods
based on the beamforming approach. We can see that the BFSS
method outperforms other SS algorithms. Indeed, for an SNR
= —16 dB, P;{BFSS} = 0.915 and P;{MMED} = 0.82.

Probability of miss-detection

-24 22 -20 -18 -16 -14 -12
SNR

Fig. 2: Probability of miss-detection versus SNR comparing
BFSS to other SS algorithms.

Thus, for the same SNR, the detection performance is in-
creased by 10%

c) Simulation results for different values of received
antennas M: One of the most important detection features
is the number of antenna M. Fig. 3 and 4 illustrate the impact
of M value on the performance of the proposed method.

Indeed, the beamforming is spatially more accurate when
M increases because there are more directions to scan. In
this context, detection performance strongly depends on the
number of receiving antennas. In Fig. 3, corresponding to
the number of received antenna M = 3, the performance
decreases drastically comparing to Fig. 2. For an SNR = —16
dB, PM=3{BFSS} = 0.55 and PM=5{BFSS} = 0.915. In
the case where M increases as depicted in Fig. 4 (M = 8),
PM=8{BFSS} ~ 1 for SNR = —16 dB. We can also
note that the BFSS algorithm performs better than the other
methods for all scenarios.

d) Simulation results for different values of observed
samples N: The sensing time depends on the number of
samples, N. Hence, [N represents the signal duration required
for SS. On the other hand, it is also the value of N which
decides the complexity order. To illustrate the impact of the
observed samples, we provide some simulation results in Fig. 6
and Fig. 7 corresponding to N = 500 and N = 4000
respectively. The 3rd Generation Partnership Project (3GPP)
defined the air interface for 5G New Radio (NR), and some
specifications are provided for two frequency bands. The first
is frequency range 1 (FR1) for frequencies below 6 GHz and
frequency range 2 (FR2) for 24 to 54 GHz. In Fig. 5, we
provide the allocated sensing time for N = 500 and N = 4000
for each frequency range of 5G NR. The detection time is
certainly important for the SS paradigm but in no case at the
expense of reliability. For a fixed probability of detection, for
example, Py = 0.8 is reached for a SNR ~ —15 dB in Fig. 6
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Probability of miss-detection

-0~ MMED
— BFSS

-20 -19 -18 -17 -16 -15 -14 -13 -12 -11 -10
SNR

Fig. 3: Probability of miss-detection versus SNR comparing
BFSS to other SS algorithms for M = 3.

Probability of miss-detection

— % MME \
-~ MEBOI \
=V- MMBE ®

-0~ MMED \
4 |——BFss \

10~
25 24 23 22 21 20 -19 -18 -17 -16 -15 -14

SNR

Fig. 4: Probability of miss-detection versus SNR comparing
BFSS to other SS algorithms for A = 8.

and a SNR = —20 dB in Fig. 7, there is a gap of 5 dB
for the same performance. The best approach is to provide a
good trade-off between complexity and performance for each
communication system standard using CR. We can note that
the BFSS algorithm outperforms other methods. Indeed, we
can see that the provided algorithm gives more than 10% of
good detection than the MMED method.

e) Simulation results for different values of AoA (paths)
Cp: The influence of channel order C),, on the system per-
formance is shown in Fig. 8. The channel order describes the
number of AoA. When the frequency selectivity is severe, the
performance of the beamforming methods is greatly affected.
The channel order impacts all the methods based on the

Time of detection
N =500 N =4000
FR1 5 40
FR2 1.25 10

Fig. 5: Allocated time for SS for FR1 & FR2 in 1076 seconds

Probability of miss-detection

vy \
10,3 ——BFSS 1 1 1 1 o
20 <19 -18  -17  -16  -15  -14 13 12

SNR

Fig. 6: Probability of miss-detection versus SNR comparing
BFSS to other SS algorithms for N = 500.
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Probability of miss-detection

—% MME
-{- MEBOI
=V MMBE
-0~ MMED

4 |——BFss | 3
10
-25 -20 -15

SNR

Fig. 7: Probability of miss-detection versus SNR comparing
BFSS to other SS algorithms for N = 4000.
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Probability of miss-detection

-V MMBE d
—G- MMED ‘\
o ==rss_|, | | | | | | R 4
20 -19  -18  -17 -6 -15 -4 13 212 -1 -10
SNR

Fig. 8: Probability of miss-detection versus SNR comparing
BFSS to other SS algorithms for C, = 3.

beamforming approach, but we can note that the proposed
method performs well even for a relatively high number of
paths. We can also note that the MME algorithm based on
the eigenvalue decomposition of the covariance matrix of
the received signal is less impacted than methods based on
beamforming. The BFSS algorithm is a good candidate for a
severe multipath channel context.

VI. CONCLUSION

This paper proposes a new blind spectrum sensing method
in a narrowband context based on an intelligent fusion of
spatial filtering. This joint algorithm called Beamforming
Fusion assisted Spectrum Sensing (BFSS) aims to exploit
results from algorithms based on beamforming. Through sim-
ulations, the new blind SS method BFSS outperforms the
other beamforming detectors in the literature for the different
scenarios. Furthermore, BFSS does not need any knowledge
of the noise power, signal, and channel information. In future
work, we will focus on the proposed model using a mobile
PU under the ray propagation channel and the hidden node
problem.
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