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Abstract—Spectrum Sensing (SS) will play a pivotal role in
6G Cognitive Radio Networks (CRN), in which unlicensed users
could dynamically use the spectrum and perform opportunistic
transmission, while avoiding interference. In this paper, we focus
on multiple-antenna SS and we compute the performance of three
schemes, the Roy’s Largest Root Test (RLRT), the Generalized
Likelihood Ratio Test (GLRT), and the Energy Detector (ED),
for different values of false alarm probability and signal-to-
noise ratio, and fixed number of sensors at the secondary user
receiver, equal to 4. In order to assess the performance of SS
schemes in a real environment, we set up a software-defined
radio (SDR) experimental testbed by using Universal Software
Radio Peripherals (USRPs) for primary user signal transmission
and secondary user data acquisition. Results of the SDR setup,
shown in terms of Receiving Operating Characteristic (ROC)
curve and performance curve, are compared against simulated
data, confirm the performance superiority of RLRT over ED and
GLRT also in a real environment.

Index Terms—Software Defined Radio; 6G CRN; Spectrum
Sensing; RLRT; GLRT; URSP; Random matrix eigenvalues;

I. INTRODUCTION

HE idea of Cognitive Radios Networking (CRN) [1],

introduced to alleviate the scarcity of spectral resources
by facilitating the coexistence between unlicensed and licensed
users [2], while avoiding interference, is expected to be
largely exploited in upcoming 6G communication networks.
A fundamental task of CRN is the ability of discriminating
the presence of a primary user/signal (busy channel) against
background noise (clear channel). The investigation of efficient
Spectrum Sensing (SS) strategies has been, therefore, among
the main goals of the wireless communications community
during the last two decades [3]-[5]. This work is devoted
to measurement-based analysis of some among the most
frequently adopted SS schemes, whose test statistics to dis-
criminate between presence vs. absence of a primary signal
on the channel depend on spectral statistics of the collected
data sample covariance matrix (see e.g., [6]-[8], and [9, and
references therein]), by means of a multiple-antenna equipped
receiver. Such test statistics are, in turn, devised by following
classical approaches of estimation theory (e.g., resorting to
Likelihood Ratio based criteria [10], or relying on the law
of the Largest Latent Root of the sample covariance [11]), or
based on natural heuristics (e.g. based on the change in values
of the received power [12], depending on the presence of a
primary signal).

Software-Defined Radio (SDR) platforms are tightly related
to CRN, the former providing a flexible hardware, reconfig-
urable based on software inputs, suitable to implement the
dynamic capabilities of the latter. Universal Software Radio
Peripheral (USRP), in particular, as a SDR platform, is able
to provide the real-time signal processing and reconfiguration,
critical for CRN featured functions, such as SS, dynamic
spectrum access, and interference management. A wise com-
bination of CRNs and SDRs paves therefore the way for
more efficient and intelligent wireless communication systems.
Several testbeds and experimental setups have been carried
out in literature, especially related to the well-know Energy
Detector (ED) [12]-[14] and cyclostationary feature-based
detectors [15]. In this paper, measured vs. simulated data based
performance of widely adopted eigenvalue-based SS schemes,
namely the Generalized Likelihood Ratio Test (GLRT) [10],
and the classical Roy’s Largest Root Test (RLRT) [11] are
considered, as well as the aforementioned ED for comparison.
Actual data samples are generated and acquired in a USRP-
based experimental setup.

Analytical performance analysis of the mentioned tests has
been carried out under various assumptions on the chan-
nel fading, the number of receive antenna and of collected
snapshots. Random Matrix Theory (RMT) has been exploited
for the direct computation of the probability of erroneously
sensing the presence of a primary user when it is in fact
absent, and, respectively, of the probability of detecting a
primary signal actually present on the channel. Two main, and
complementary, approaches are usually adopted: indeed, either
a finite-sized regime (see e.g. [16, and references therein]),
where the number of receive antenna and the number of
collected channel samples are both finite, or a large-system
[17] analysis, where the focus is on the ratio between the
numbers of involved sensors and samples, and on the cor-
responding performance scaling, are investigated. While the
first approach has the privilege to offer exact results, often,
corresponding expressions are too involved, to gain insights
into system design guidelines; therefore, the resort to the
asymptotic approach is quite popular.

The work is articulated as follows: Sec. II develops the
system model and the sensing schemes description. In Sec. III,
performance computation, based on an asymptotic approach, is
detailed. Experimental setup and numerical results are reported
in Section IV, while Sec. V concludes the work.



Notation: Throughout the paper, we denote vectors and
matrices with boldface lowercase and uppercase letters, re-
spectively. A hat on the variable denotes an estimated quan-
tity (either numerically or measurements-based). By E[-] we
denote the statistical expectation, while U (), with positive
integer NNV, stands for the unitary group of matrices of size
N. || - || denotes the Euclidean norm of a vector, || - || the
Frobenius norm of a matrix, while by tr(-) we denote the trace
of a square matrix. For matrices and vectors, (-)7 indicates
the conjugate-transpose. Finally, | - | is the determinant of a
square matrix.

II. SYSTEM MODEL AND SPECTRUM SENSING SCHEMES

We focus on a SS setting, where a receiver equipped with
K antennas collects [NV time samples from each antenna. We
denote by y(n) = [y1(n),...,yx(n)]" the K x 1 received
vector at time n € {l,...,N}, with generic entry y(n)
denoting the discrete baseband complex sample at the k-th
receive antenna.

Under Ho, namely in absence of a primary signal, yi(n) is
a vector of complex Gaussian noise samples with zero mean
and variance o2

y(n)la, = v(n) ()

where v(n) ~ Nc(0xx1,021k k). Under Hi, instead, both
primary signal and noise are present, therefore

y()lu, =x(n) +v(n) = hs(n) + v(n) 2)

where s(n) is the transmitted signal sample, modeled without
loss of generality as Gaussian distributed with zero mean
and variance Jf, while h is the K x 1 unknown complex
channel vector, affected by Rayleigh flat fading. The channel is
assumed to be memoryless, and constant during the detection
time, i.e., block fading is assumed. Under H;, we define the
Signal-to-Noise Ratio (SNR) at the receiver as

o Elx(m)2 _ o? ]
Elvm)? ~ o K

The detector collects the received samples in the K x N
matrix

p 3)

Y 2 [y(1)...y(N)]=hs +V “)

where s £ [s(1)...s(N)] is a 1 x N signal vector and
V £ [v(1)...v(N)] is a K x N noise matrix. The sample
covariance matrix R of the received samples is therefore given
by

a loon
R2 SYY'. (5)

In our subsequent analysis, we shall make reference to the
spectral decomposition of R = UAU, with U denoting the
random unitary matrix of the eigenvectors, and A the diagonal
matrix of the random eigenvalues, whose largest is denoted by
Amax throughout the work.

The test statistic employed by the detector to discriminate
between the null hypothesis Hg and the presence of primary
signal H; is denoted by T’; to take a decision, the detector
compares it against a pre-defined threshold ¢: if 7' > ¢ it

decides for H;, otherwise for Hy. As a consequence, the
probability of false alarm Py, is defined as

Pr, = Pr(T > t|Ho) (6)
and the detection probability as
Py = PI‘(T > t|7‘[1). (7)

Hereinafter, we detail the three SS schemes exploited in
the experimental setups. The first one, the ED, exploits the
difference in energy levels corresponding to the two alternative
scenarios of presence vs. absence of primary signal. The
remaining two schemes are based on classical estimation-
theoretic criteria, and involve also the largest eigenvalue of
the sample covariance matrix of the collected data.

A. Energy Detector

The test statistic Tgp computes the average energy of the
received signal over the N collected samples, normalized by
the noise variance o2, namely

1 v R4l
Tep = (n)]* = £
D = 2 ) k() = 4 No? ®)

UV k=1n=1

Note that, since, by definition of Frobenius norm, ||Y||% =
tr(YYH), Tgp can be expressed in terms of the spectrum of
the sample covariance, as follows

o(R) YN
Ko2  Ko?2 '

©))

Tep =

For this test, since the law of the normalized trace T,, =
tr(R)/K can be found, e.g. in [19, Eq.(8)] as

K&V KN-1_-K
@ =Gy ¢ (19)
the corresponding P, can be written as
KN-1
Ke? Ko?t)
Pra = Pr(T,, > 02t|Hy) = e Kout ;ﬁo % (11)

B. GLRT statistics

In case of GLRT-based SS, the test statistic, derived apply-
ing the GLR criterion to our detection problem, reads as

)\l'n'lx
ToLRT & | (12)
+tr(R)

whose exact' pdf and CDF for finite values of K and N
have been provided in [19], [20], while approximations thereof
appeared in several works?.

INotice that, even though the correlation between Amax and the normal-
ized trace is intractable, as observed in [18], (12) and (9) are statistically
independent.

2for finite-size settings, we refer the interested reader to the references
provided in the already cited works [19], [20], while a thorough analysis of
the literature in the asymptotic case can be found, e.g. in [10], [21].



C. RLRT

Roy’s test exploits as test statistics the largest eigenvalue
of the sample covariance, normalized by the noise variance.
Since, therefore,

A
A
TrLrr = —5~,
UU

13)

P, can be immediately computed, for this sensing scheme, as

b(olt
P,=1- Pr()\max < 0'12)75‘7'[0) =1- M,

14
Cron (14)

with Cx ny = Hle(N — O)Y(K —¢)!, and where

> W

N+K+itj—2 ok

[@QQLJ::UV+J(+i+j—2)!<1—e‘z ).
k=0

Let us recall that, under #, the CDF of A\« is provided in

[24, Corollary 2], while, under #, it assumes the expression

derived in [25].

III. PERFORMANCE COMPUTATION

Receiver Operating Characteristics (ROC) are computed
based on the value of the main figures of merit, namely the P,
and the Py, for a given threshold ¢, whose setting is detailed
in this Section.

ED performance is computed according to the characteri-
zation of Tgp provided in the previous Section. In order to
assess the analytical performance of RLRT and GLRT, instead,
we resort to an asymptotic approach, assuming K, N to grow
large at the same rate, and exploiting known results on the
spectral behavior of the sample covariance matrix R in the
large-system regime. Specifically, let us define the aspect ratio
of the random matrix R as

ca X

N

for K, N — oo and K < N, and the following parameters,
depending on ¢, as

py(c) & <01/2 + 1)2

a0 (0 41) ()

Nowadays very well known results include almost sure con-
vergence of the largest eigenvalue [23], namely

5)

(16)

a7

Amax —25 02y (c), (18)

and the convergence in distribution of the scaled and normal-
ized largest eigenvalue, i.e.

N2/3 M — gy (c)
o3&+ (c)
to a random variable distributed according to a second order

Tracy-Widom distribution (TW2), whose CDF for the Gaus-
sian Unitary Ensembles (GUE) is explicitly given by:

Fruate) =exp (= [ (s~ ) (s) s )

19)

(20)

where ¢(s) is the unique solution to the Painlevé II differential
equation

q"(s) = sq(s) +2¢°(s) @D
satisfying the boundary condition
q(s) ~ Ai(s), s— 400 (22)

where Ai(s) denotes the Airy special function, one of the
two linearly independent solutions to the following differential
equation:

2" (w) —wz(w) =0 (23)

In presence of a primary signal, the asymptotical value and
limiting distribution of the largest eigenvalue of the sample
covariance matrix R can be characterized, exploiting classical
results on the so-called spiked models of random matrices, by
defining the quantities

T =Kp+1, (24)
ps(T1,0) 21 (1 + ¢ ) (25)
T — 1
and
21— —¢ 2
&(r,0) =7 CEE (26)

Under H;, then, undergoing a phase transition in dependence
of the relative strength of the primary signal, (see [26])

Amax == 054 (c),
/\max & 05,“5(7_170)3

if g <1+cl/2

27
if 7 > 1+ /2. 7)

The phase transition threshold therefore impacts on the identi-
fiability of a signal with RLRT or GRLT, which can take place
only if

7> 1+c/? (28)

After phase transition, namely in case signals are actually
identifiable, the scaled and normalized largest eigenvalue
converges in distribution to a standard real Gaussian random
variable [22], i.e.

2
N1/2)\1 _UUMS(TlaC> —>N(0,1)7 1/2.

ifr >1
026,(r1, ) = e

(29)

As a consequence of the recalled convergence results for the

largest eigenvalue, it turns out (cite appropriate refs or thesis)

that an approximate expression for the threshold of RLRT, for
a given tolerated false-alarme rate of «, is

trirr(Q) &+ Fry,(1 - a)é (30)

where F;Vlm is the inverse of the TW2 CDF (20). We also
remark that, for single signal detection, the presence of a phase
transition phenomenon for detectability under the alternate
hypothesis we just discussed, can be explicitly formulated in
terms of a critical detection threshold, depending on the SNR
as

1
pcrit = \/ﬁ 31
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Fig. 1. SDR experimental setup composed of a host computer equipped
with MATLAB, a USRP X310 transmitter, and a USRP X410 multi-antenna
receiver.

As to the GLRT, an effective approximation for its P, can
be found in [17]:

TGLRT — M 1 12 2 "
Pr |:€ < §| = FTWQ(S) — m E FTW2(8)5
(32)
an equation that can be numerically inverted in efficient way,
to find the required threshold ¢y rr ().

IV. EXPERIMENTAL SETUP AND NUMERICAL RESULTS

Fig. 1 and 2 show the SDR experimental setup in which the
multi-antenna SS algorithms have been tested and validated
through over-the-air signal transmission and acquisition, and
subsequent data processing and performance evaluation. The
setup is composed of three main components:

o a host computer, the SiComputer Extrema Workstations
W200, equipped with CPU Intel Core i9-14900K, 3200
MHz and 24 cores, 64 GB DDR4 RAM, and a Mellanox
ConnectX-5 100 Gbps Ethernet adapter. The installed
SDR software is MATLAB R2024b together with the
Wireless Testbench support package for NI USRP radios.

o Ettus Research USRP X310, equipped with a Xilinx
Kintex-7 FPGA, 2 independent TX/RX channels, able to
stream up to 200 MSamples/s per channel. The USRP
X310 is used as single antenna transmitter and is con-
nected to to the workstation through a 10 Gbps Ethernet
adapter. Notice that there is no external antenna connected
to the transmitter, in order to obtain sufficiently low SNR
levels, suitable to test the SS schemes at hand.

o NI Ettus USRP X410, equipped with a Xilinx Zynq
Ultrascale+ ZU28DR RF System on Chip (RFSoC), 4
independent TX/RX channel, able to stream up to 250
MSamples/s per channel. The USRP X410 is used as
multi-antenna receiver and is connected to the work-
station through the QSFP28 interface to the 100 Gbps
Ethernet adapter.

In order to assess the performance of RLRT, ED and RLRT
SS schemes, we assumed as primary user signal a single
carrier QPSK modulated signal at carrier frequency f. = 3.85
GHz with a baud rate R of 1 MBd/s. We used 4 samples
per symbol, therefore the USRPs radio have been set to a
sample rate f; = 4 Msamples/s. The narrowband choice for
the primary signal has been made to ensure a flat fading
channel. Given the 4 channels of the USRP X410, K = 4,
while N = 20 samples. Thresholds have been previously

Fig. 2. Ettus Research USRP X310 and NI Ettus USRP X410 on the right.

computed for several values of P, while for ED, it is quite
straightforward, for RLRT we used Momar Dieng’s MATLAB
package “RMLab” [28] which provides the CDF Frpryo of
the TW2 distribution, we computed the scaling and centering
parameters as in (16) and (17), and the we used the bisection
method to retrieve the correct threshold trrrr value for any
input Pr. For GLRT we used the routines in [17], which
provides the inverted modified distribution of (32). The SDR
experiment could be summarized into 3 phases:

1) Noise variance estimation under Hy: in this phase,
no transmission occurs and the USRP X410 aquires
samples over its 4 channels for a total duration of Ty = 4
s. Under null hypothesis, the Maximum Likelihood

estimation of the noise variance o2 can be written as:

o Yo7
o= "TeN (33)
2) Primary user signal transmission and multi-antenna ac-
quisition under H;: the USRP X310 is set up to
continuously transmit the QPSK modulated signal, and
simultaneously the USRP X410 acquires samples under
‘H, again for Ty = 4 s. We can estimate the SNR p at
the receiver as:

R
KNo?

3) Performance evaluation and comparison with simulated
data: in the last phase, we process the acquired samples
into slots of N = 20 samples, and we compute the
RLRT, GLRT, and ED test statistics. The results are
generated through error counting by means of ROC
curves for a specific SNR value, and by mean of Py
vs. SNR curve for a specific P, value. In particular, for
fixed Pr,, the points of each curve are obtained, from
the experimental setup by progressively increasing the
transmit gain of 0.5 dB at each step, and repeating the
procedure detailed in these three steps. Experimental
results are compared against simulated ones, i.e., we
perform a parallel Monte Carlo simulation by generating
Gaussian samples with signal variance 02 = p 52 /||h/|?
and we apply the same test statistics and metrics evalu-
ation.

p= -1 (34)

ROC curves are reported in Fig. 3 for all three schemes.
Nonidealities in the experimental setup (such as interference
during noise estimation, quantization noise, etc.) clearly im-
pact on the corresponding performance, which results poorer
than the simulated counterparts. Evidently, RLRT outperforms
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both ED and GLRT, which is expected to be the least per-
forming sensing scheme, since it is the only blind test with no
prior knowledge of the noise variance. The performance curves
representing the behavior of the detection probability vs. SNR
are drawn in Fig. , for which a very similar behavior of all
tests as in Fig. 3 can be observed, as performance ranking
among the analyzed algorithms is retained. Specifically, the
experimental test statistics, with data acquired through SDR
plaforms, require approximately 0.5-1 dB more to achieve the
same performance of the simulated ones.

V. CONCLUSION

A SDR experimental setup for testing the performance of
multi-antenna SS algorithms has been built, and the corre-
sponding collected data have been exploited to compute false-
alarm and detection probabilities for Energy Detection, GLRT
and RLRT, in presence of K = 4 receive antennas at the
secondary user equipment. Measurement-based performance
curves have been contrasted with the results of numerical
simulations. Reported curves show an extremely satisfactory
match between simulated and real data.
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