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Abstract Energy detection-based spectrum sensing techniques are ideally suited
for power-constrained cognitive radio applications because of their lower computa-
tional complexity compared to feature detection techniques. However, their detec-
tion performance is dependent on multiple factors like accuracy of noise-variance
estimation and signal to noise ratio (SNR). Many variations of energy detection
techniques have been proposed to address these challenges; however they achieve
the desired detection accuracy at the cost of increased computational complexity.
This restricts the use of enhanced energy detection schemes in power-constrained
applications such as aeronautical communication. In this paper, an adaptive low-
complexity energy detection scheme is proposed for spectrum sensing in an L-band
Digital Aeronautical Communication System (LDACS) at lower SNR levels. Our
scheme uses a real time noise variance estimation technique using autocorrelation
which is induced by the cyclic prefix property in LDACS signals. The proposed
technique does not incur dedicated hardware blocks for noise variance estimation,
leading to an efficient hardware implementation of the scheme without significant
resource overheads. The simulation studies of the proposed scheme shows that the
desired accuracy (90% detection accuracy with only 10% of false alarms) can be
achieved even at -16.5 dB SNR, significantly lowering the SNR wall over existing
energy detection schemes.
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1 Introduction

Air traffic has seen tremendous development over the last two decades and is
expected to double in capacity by 2025 [3]. On the other hand, air traffic man-
agement (ATM) systems are currently approaching operating limits especially in
high-density areas and in the current form, ATMs will not be capable of handling
the projected growth in future air traffic [9]. To address this challenge, the Euro-
pean Organization for the Safety of Air Navigation (EUROCONTROL) and the
Federal Aviation Administration (FAA) is developing the Future Communications
Infrastructure (FCI) that comprises current and future communication technolo-
gies. Two projects have been initiated to modernise the Air Traffic Management
(ATM): the Next Generation Air Transportation System (NextGen) [1] in United
States, and the Single European Sky ATM Research (SESAR) [27] in Europe.
The International Civil Aviation Organization (ICAO) recommended the use of
L-band (between 960 and 1164 MHz) for future aeronautical communication sys-
tems. The technology for future Air-to-Ground communication, LDACS (L-band
Digital Aeronautical Communication System), uses an inlay approach with legacy
L-band systems like Distance Measuring Equipment (DME). LDACS is proposed
as a Frequency Division Duplexing (FDD) based system with Orthogonal Fre-
quency Division Multiplexing (OFDM) as the modulation scheme [23].

Use of cognitive radio (CR) concepts has been proposed for LDACS to im-
prove its spectral efficiency [11, 18, 25]. Like a traditional CR system, two types
of communication are considered in the aeronautical scenario. A primary aircraft
(or Primary User (PU)) has specific LDACS channels pre-allocated for commu-
nication between the aircraft and the ground station. The secondary aircraft (or
Secondary User (SU)) uses dynamic spectrum access to detect (as use) vacant
LDACS channels for communicating to the ground station in an opportunistic
manner, without affecting the primary aircraft. Unlike terrestrial systems, spec-
trum sensing in LDACS offers unique challenges as channel conditions and signal
quality can vary rapidly due to the non-stationary nature of aircrafts around a
fixed ground station. Also, aircraft systems operate on limited energy budget and
hence necessitates the use of low complexity spectrum sensing schemes to meet
strict power consumption limitations. Though feature detection techniques like
matched filtering and cyclostationary detection schemes offer better detection ac-
curacy at low SNR regimes, high complexity and long sensing duration require-
ments of these techniques make it less attractive for aeronautical communications.
Energy Detection (ED) based techniques are ideally suited for this scenario due
to their low complexity and incoherent nature. However, conventional ED relies
on accurate estimation of noise variance to meet performance requirements and
also suffers from inability to distinguish between primary and other (malicious)
users [5]. Also, detection accuracy of conventional ED deteriorates significantly
at lower SNR regimes. While alternative forms of ED have been investigated to
address these shortcomings, they achieve such improvements at the cost of much
higher computational complexity and hence power consumption.

In this paper, an energy difference based Weighted Energy Averaging Scheme
(WEAS) is proposed to reduce the effective variance of the test statistic and
thereby lower the SNR wall with minimal computational overhead. The weighted
sum of the current and the past energy values are considered as the test statis-
tic in the proposed scheme. An energy-difference algorithm is proposed to detect
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channel state changes, and is combined with the weighted averaging scheme with
dynamically tuned weights to counter performance degradation issues. The energy-
difference algorithm takes the difference of received signal energy from the current
and the previous sensing slots and compares it with a predefined threshold for
detecting state changes. The algorithm further tunes the weights for the energy
values based on state change information and estimated noise variances, thus al-
leviating the performance issues in state of the art WEAS schemes.

The main contributions of this paper are as follows: An adaptive energy detec-
tion scheme is proposed which switches between WEAS and conventional ED by
adaptively controlling the weights based on a novel energy difference algorithm.
A novel method to compute optimised weights dynamically is proposed based on
received signal history. Mathematical formulation(s) of the decision threshold for
WEAS and energy difference schemes are derived, which aims at improving ac-
curacy in decision making. An enhanced real-time noise variance estimation tech-
nique is developed with the aid of cyclic prefix in the LDACS signals. The noise
variance can be estimated effectively in real-time irrespective of primary signal
being on or off. A wideband spectrum sensing scheme is developed in which the
detector is able to scan multiple LDACS channels at a time. The proposed tech-
nique is integrated into a cognitive radio platform on a field-programmable gate
array (FPGA) platform to quantify resource overheads.

The rest of the paper is organised as follows: Section 2 discusses related works
from literature that explores spectrum sensing schemes in differnent application
domains. In section 3, we explain the proposed system model used for energy de-
tection in LDACS air-to-ground system. The detailed analysis of the proposed
spectrum sensing scheme is performed in Section 4, while the real-time noise vari-
ance estimation technique is explained and analysed in Section 5. Section 6 deals
with the simulation set-up and integration of the scheme onto a cognitive radio
platform on an FPGA. The results of our evaluation and hardware implementation
is presented in Section 7. Section 8 concludes the paper.

2 Related Works
2.1 Spectrum Sensing

Numerous spectrum sensing techniques are proposed in the literature and these
techniques differ in their detection accuracies and computational complexities. The
incoherent type of spectrum sensing techniques such as Energy Detection (ED) [28]
and eigenvalue detection [31] does not require any prior information regarding the
signals transmitted by the Primary aircraft. The coherent techniques utilise the
prior knowledge about the signals (known patterns or its statistical properties
such as mean and autocorrelation) for the detection. The main coherent spectrum
sensing techniques are matched filter detection [21], cyclostationary feature detec-
tion [30] and other correlator based techniques. Usually, these techniques employ
correlation with the known parameters of the signal for the detection that requires
more computational resources. Moreover, the real-time performance of the system
is affected while using these coherent techniques, as the time required for the sens-
ing is also longer in these techniques. Eigenvalue detection compares the maximum
to minimum ratio of the eigenvalue of the covariance matrix of the received sig-
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nal with a predefined threshold [31]. It requires highly complex tasks such as the
computation of the covariance matrix and the eigenvalue decomposition requiring
intensive computations. Beyond this, the decision threshold is also a challenging
task, limiting their suitability for aeronautical applications. ED-based techniques
are getting important traction in this scenario due to their low complexity and
incoherent nature [28]. In ED, the signal detection is done by comparing the re-
ceived energy over time and frequency with a predefined threshold. However, the
conventional ED suffers from many challenges such as proper estimation of noise
variance, inability to distinguish LDACS signals and other malicious user signals
and relatively high SNR wall for the correct decision[30].

Many spectrum sensing techniques based on alternative forms of ED have
been proposed to improve the detection performance. Double threshold ED is one
among them [32] and it utilises two thresholds for the decision process. Noise un-
certainty problem can be reduced by double threshold ED, but it suffers from
sensing round repletion problem if the received energy falls in the confusion re-
gion. In [18], an energy-difference detection based spectrum sensing technique is
proposed for LDACS signals by exploiting the unique spectral shape in the range
of interest after removing the DME pulses from the neighboring channels. The
algorithm requires twice the computational resources as that of conventional ED
as it requires the extraction of the two channels (one LDACS channel and one
DME channel) and finds their energy differences. Spectrum sensing techniques for
the detection of LDACS signals is hardly addressed in the literature, which is the
problem addressed in our current work.

The proposed scheme improves the detection performance of the spectrum
sensing schemes proposed in [14, 20] by introducing an energy difference algo-
rithm in the WEAS with optimised weights. In [14], an Improved Energy Detection
(IED) scheme is proposed. In this scheme, the vacant channels are identified by a
three-step detection procedure. It utilises the received signal energy from previous
L(L > 2) sensing slots in the detection process. However, the detection perfor-
mance of the IED is better than that of conventional ED when the PU is static,
it has less impact when the PU changes its state frequently. In [20], a sequential
energy detection method is proposed. Similar to [14], the weighted sum of a fixed
number of past energy observations are considered for the decision making. The
intermittent PU activity is modelled using two state Markov chain. The detec-
tion performance of this scheme also degrades during frequent PU state changes.
In order to solve the performance degradation during state changes of the PU,
the proposed scheme introduces an energy difference (difference of received signal
energy from the current and the previous sensing slots) algorithm to adaptively
control the participation of past energy observations in the decision making with
adaptive weights (w =1or 0 < w < 1).

2.2 LDACS for Air-to-Ground Communication

LDACS is a cellular communication system comprising a network of Ground Sta-
tions (GS) and airborne stations. LDACS is designed to deploy as an inlay system
between two Distance Measuring Equipment (DME) channels in the frequency
range 960-1164 MHz. LDACS contains a total of 46 channels with equal number
of uplink and downlink channels. The uplink and downlink are separated by an
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offset of 63 MHz to avoid mutual interference. Each channel in LDACS is of band-
width 0.5 MHz and is placed at 0.5 MHz and 1 MHz from the adjacent DME
and LDACS channels respectively. LDACS uses OFDM as the modulation scheme
with a maximum of 50 subcarriers for transmission spaced at 9.8 KHz apart, A DC
subcarrier at the 33rd position separates the two banks of 25 subcarriers each. The
dynamic allocation of the LDACS channels in an opportunistic manner improves
the spectral efficiency of the future aeronautical communication systems [23, 24].

2.3 Noise Variance Estimation Techniques

Most of the spectrum sensing scheme require to estimate the noise power. Any
errors in the noise estimation degrades the detection performance drastically. Re-
moval of noise uncertainty with less complex techniques is always a big challenge.
Different approaches for noise variance estimation are available in the literature.
Some of the recent techniques are discussed in this section. In [16], the noise power
estimation was conducted assuming the noise power level is stationary for a few
minutes because the thermal power changes are very slow phenomena. In this tech-
nique, Maximum likelihood estimation on noise only samples were performed with
the pre-known quite periods of primary user. In [15],exploits the frequency bins
corresponding to the guard bands in the area of interest. In [12], prior-knowledge of
the cyclic prefix is used to estimate the noise variance. In this technique the noise
variance is estimated from the received same signal samples used for detection
process. The main advantage over the conventional techniques is that the noise
variance can be estimated effectively, irrespective of the state of the channel (oc-
cupied/vacant). In this work, the technique proposed in [12] is enhanced to cater
the cyclic prefix structure of the LDACS signal for the effective noise variance
estimation.

3 System Model for Energy Detection

The spectrum sensing problem can be modeled as a binary hypothesis problem
with two hypothesis Ho and H1 to represent absence and presence of the signal in
the channel respectively.

y(n) = { :cu((:))—i- w(n) 77-[[2 ’ (1)

where z(n) = h(n)s(n) with n =1,2,..., N. h(n), s(n) and w(n) represents chan-
nel gain, signal and additive white Gaussian noise(AWGN) respectively, and N is
the number of signal samples used for the detection process. The hypothesis Ho
represents the presence of noise samples only and H; represents the presence of
the LDACS signals with noise.

3.1 Test statistic

In ED, the energy over a time and frequency is calculated and compared with
the threshold for the absence or presence of the signal. The test statistic of the
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conventional ED as [14]

N 27—[1
Ei(yi) = > lyi(n)]* 2 N, (2)
n=1 HO

where FE;(y;) is the test statistic and A; is the threshold for the ith sensing slot.
The detector selects the hypothesis with the comparison of the threshold \;. The
distribution of the test statistic under Ho, using central limit theorem (CLT) is
given as [4, 12, 14, 22]

E; ~ N(No,,2Nowy,), Ho, (3)
where N (u,0?) stands for Gaussian distribution with mean p and variance o2.
The distribution of the PU signals (LDACS signals) is not known perfectly.

The distribution of test statistic under #1 assuming gaussian distribution using
CLT is given as [4, 12, 14, 22],

E; ~ N(N(ai + U?Ui),2N(Ui + O'ii)2> Hi. (4)

The probability of false alarm (Pyq) and the probability detection(P;) for the
conventional ED can be obtained from (3) and (4) respectively and is given in (5)
and (6) respectively as [14],

(5)

Xi — No2,
Piq = P(Ez' > )\i/rHo) = Q<0L>,

V2Noj,

(6)

R 2 2
Pd_P(Ez>/\z/H1)—Q<>\Z Nr(a'acZ +le)>

2N (03, +0%,)’

where Q(.) is Q-function and A; is the decision threshold. From (5), decision thresh-
old for a particular false alarm rate is given as [14]

A = <Q_1(Pfa)\/ﬁ+N)Uﬁ,i. (7)

The conventional energy detection suffers various challenges such as noise uncer-
tainty(NU), relatively high SNR wall [5, 17] for desired detection accuracy com-
pared to feature detection techniques and inability to distinguish the malicious
users. The decision accuracy can be improved if the two hypotheses are separated
effectively. To address this challenge, the variance of the test statistic (received
energy E; for the conventional ED) needs to be minimised. In this work, we have
modified the sequential energy detection schemes in [14, 20] by introducing an
energy difference algorithm to detect the PU state changes. Proper mathematical
formulations are derived for the weighted averaging and for the energy difference
detection schemes.
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Fig. 1 Flowchart of the energy difference incorporated weighted energy averaging scheme.

4 Proposed Spectrum Sensing Scheme

The performance metric in energy detection can be improved by reducing the
effective variance of the test statistic. In this work, the correlation between the
current and past energy measurements is exploited for lowering the SNR wall to
achieve the desired detection accuracy. The flow chart for the proposed scheme
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Fig. 2 The probability distribution for the test statistic. (a) Conventional ED (b) WEAS.

is given in Fig. 1. The scheme works as follows; primarily, the energy difference
between the current and previous sensing slots (Eq = E; — E;—1) is calculated.
This energy difference is compared with a pre-specified threshold (The details of
threshold calculation is given in Section 4.4). This energy difference algorithm is
used to identify the sudden rise or drop of the received energy in the consecutive
sensing intervals. A state change(either Ho — H1 or H1 — Ho) is indicated if
|E4] > Mg In that case, only the received energy from the current sensing slot
is considered for decision making (w = 1). On the other side, when the PU is
identified as static (either Ho — Ho or H1 — H1), the weighted sum of the received
energy (0 < w < 1) from the current and previous time slots is considered for the
decision making. This adaptive switching is controlled by adaptively applying the
weights for current and previous sensing slots (0 < w < 1). The weight w is
optimized to reduce the false alarm rate by giving higher priority to the sensing
interval whose noise variance is less. The details of the weight optimization are
explained in Section 4.3.

Incorporating the past energy observations into the decision making improves
the detection performance in static PU, as it reduces the variance of the test
statistics. The probability distribution plots for the test statistic for this weighted
energy averaging scheme (WEAS) and the conventional ED is shown in Fig. 2.
The simulations have been carried out with 10000 signal samples at SNR = —10
dB. The results from the 10000 iterations are summarised in the probability dis-
tribution curves. It is clearly visible from the Fig. 2 that the common area shared
by Ho and Hi (ie, the probability of error) is less for WEAS when compared
to conventional ED. On the other hand, WEAS lead to performance degradation
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Fig. 3 The channel state change model using two state Markov chain [10].

during frequent state changes. To address this, we employ an energy difference
algorithm to detect the state changes. The proposed algorithm adaptively controls
the weights of the current and past energy observation in the calculation of the
test statistic thereby adaptively switch between the WEAS and conventional ED
depends upon the static and frequent state change conditions respectively.

4.1 The channel state model

Different approaches [6, 19, 20, 29] are available in the literature to model the
intermittent PU activity in cognitive radio. In this work, two state Markov chain
[10] model is adopted to create a practical scenario. Let o be the probability that
the channel changes it state from busy (#1) to idle (Ho) and S be the probability
that the channel changes its state from idle to busy. The channel state change is
modeled as a two state Markov chain and is shown in Fig. 3. The values of o and
can be expressed as a function of the state probabilities P(H1) and P(Ho) of the
channel with the aid of Markov model. The values of P(B) and P(I) are obtained
from the historical data.

P(H1) = (1 —a)P(H1) + BP(Ho) (8)

P(Ho) = aP(H1) + (1 — B)P(Ho) 9)
B

P = 5 (10)

P(Ho) = —2 (11)

Q
+
=

4.2 Weighted Energy Averaging Scheme (WEAS)

The proposed spectrum sensing scheme considers the received energy of the pre-
vious time slots along with the current energy values. The test statistic T; for the
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WEAS is defined in (12).
T, =wE; + (1 — ’I,U)Eifl (12)

where F; and (F;_1) are the received signal energy from the current sensing slot
and previous sensing slot respectively.

As mentioned, a two-state Markov chain is used to represent the state tran-
sitions. As shown in Fig. 3, there are four possibilities of state transitions in the
WEAS (Ho — Ho,Ho — Hi,H1 — Ho and H1 — Hi1). The distribution of the
test statistic of WEAS for all possible state transitions are derived using (3) and
(4) and is given in (13).

N(N(wofui +(1—wpod, ),

ZN(wQCf?Ui +(1- w)za;ﬁ“)> Ho — Ho

N(N(w(aﬁ,z +o2)+(1— w)ffii_l),

ON (w2 (02, +02)% + (1 — w)%;ﬁ,u)> : Ho — Hi
(13)

/\/’(N(wafui +(1-w)(o,_ + oi,l)),

2N(w2aﬁli + (1 - w)Q(O-?Ui—l + 021—1)2)>a Hi1 — Ho

z,

(N(w(aﬁ,l +0-(%,i) +(1- w)(o-%liifl +0—£i71)>’

2]\7(w2 (Uii + Ugi)2 +(1- 111)2((712”1.71 + aiil)Q)), Hi — Ha

The first term of (13) indicates the distribution of the test statistic when the
PU is idle for both i** and i — 1" sensing intervals (Ho — Ho ). The second term
corresponds to a state change from idle to busy(Ho — #i), third term is used
to represent the state change from busy to idle (H1 — #Ho) and the last term
is the distribution of the test statistic when the PU is busy on both the sensing
intervals(H1 — H1). The average probability of false alarm and the probability of
detection can be derived from (13).

4.2.1 Probability of false alarm

The average probability of false alarm has been derived from the first and third
terms of (13). During Ho — Ho, the probability of false alarm Py, is,

Proa(WEAS/Ho — Ho) = P(Ti > Aweas/(Ho — Ho))
_ Q(AWEAS — N(wog, + (1 - w)o-g)il)> (14)
\/2N(w2¢7§u1 + (1 —w)?0d,_,)
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Similarly for H1 — Ho, the probabilty of false alarm, Py, is obtained from third
term of (13),

Pio(WEAS/H1 — Ho) = P(Ti > Awepas/(Hi1 — Ho))
B Q <)\WEAS - N(wo-?ﬂi + (1 - w) (U'?Uifl + ngl))) (15)

\/QN(U)ZO'%H + (1 - w)Q(UTZUi_1 + 0926«;—1>2)

The average probability of false alarm of the WEAS is given as,

Pro(WEAS) = (1 - 5)P(Tz‘ > Awras/(Ho — 7—[0))
(16)
+aP(Ti > Awpas/(Hi = Ho))

where 1 — 3 is the probability of the transition Ho — Ho and « is the probability
of the transition H1 — Ho as shown in Fig. 3.

4.2.2 Probability of detection

The average probability of detection has been derived from the second and fourth

terms of (13). During Ho — Hi1, the probability of detection is obtained from
second term of (13),

P,(WEAS/Ho — Hi1) = P(Ti > Aweas/(Ho — H1))
B (AWEAS fN(w(aii +02,) +(1w)01201-_1)> (17)

\/QN(w2 (0%, +02)" + (1 - w)QUﬁ;z,l)

Similarly, for H1 — H1, the probability of detection obtained from fourth term of
(13) and is given in (18).

PyWEAS/H1 = H1) = P(T; > Awpas/(H1 — #1))

i <AWEAS ~N(w(o2, +02) + (1 - w) (o3, +a;i1))> (18)

2Nk, 4 02) (- w2, o2, ,)%)
The average probability of detection of the WEAS is given as,

Py(WEAS) = ﬂP(Ti > Awras/(Ho — 7'[1)) (19)
+(1 - a)P(Ti > AwEgas/(H1 — 7‘Ll))
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4.2.8 The decision threshold

The decision threshold Aw gas for the WEAS is calculated from (14) for a fixed
false alarm rate and assuming no state change.

wpas = /2N (wioh, + (1 - w)2oh, )@ (Pra)

(20)
+N(wo-l2ﬂz + (1 - w)U’LQUi—l)
When aﬁ,z = 0121,1.71, AW EAS = Aavg and is given in (21).
)\avg: (Q*1<Pfa>\/ﬁ+ N)oful (21)

When the PU state changes (either Ho — Hi1 or H1 — Ho), the detection schemes
proposed in [14] and [20] degrade its performance (refer (15) and (17)). The state
changes of the PU are not considered in these schemes. In proposed energy detec-
tion scheme, an energy difference algorithm is used to find the state changes. The
energy-difference |Ep|(Ep = E; — E;—1)is compared with predefined threshold A4
to find the state change. As explained in the flow chart of the proposed scheme,
when state change happens, decision will be made using received energy of the
current slot only(ie,w = 1, \wgas = A; and T; = E; ).

4.3 Weight Optimization

The weight optimization is required when there is no state change (Ho — Ho
and H1 — H1). In this work, the weight optimization is carried out on the basis
of Ho — Ho as it requires knowledge about noise variance only. To do this, the
first term of (13), N(N(wag,i + (1 - w)aﬁ,ifl),QN(wQaﬁ,i +(1 - w)Qoﬁ,Fl)) is
considered. The variance in the above distribution needs to be minimised to reduce

the effective false alarm rate. The optimal value of w by minimizing 2N wQUﬁ,i +

(1- w)QJiPl) and is obtained by,

0 2 4 2 4 _
%2N(w ol + (1= w)el, ) =0 (22)

The optimal value of w obtained from (22) is,

4

Ow;_,
.k S 23
014Ui + 014Ui—1 ( )

From (23) it is clear that more weight is given to the time slot having less noise

variance that results in better decision accuracy. Foraﬁ,i = 03,171, the optimal

weight is 0.5, and is observed in the simulation results too.
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4.4 Energy-Difference Algorithm

The state change can be detected with the energy-difference algorithm. The differ-
ence of the received energy for the current and previous time slots (Eq = E;—F;—1)
is compared with the predefined thresholds for the state change detection. The dis-
tribution of the test statistic of the energy-difference for different state changes is
derived from (3) and (4) and is given in (24).

N(N(Ufu,,., - Ufu,,.,,1>7

2N(af§,. +crf§,il)>, Ho — Ho

N<N<(UT2Uz +Uﬂ29i) - 0-12111'—1)7

o ((eh, )+ ob, ) ) Ho o s

Ep; ~ (24)
N(N(O’?Ui — (crﬁ,Fl + oiH)),

(et et ) s

2N ((o2, + Ugi)2 + (012“,»,1 + 0£i1)2)>, Hi — Ha

From the distribution, the mean of the energy-difference can be defined as pq =
N(Jﬁ)i - 0120171) and o2 = 2N (0'3,1 + O'iluiil) during static channel conditions (No
state changes) assuming signal power remains unchanged during the consecutive
sensing durations. The differential threshold A4 is derived from (24) and is given
in (25).

i =\/2N(oh, + 0, )Q 7 (Pra) + N(o%, — o3, (25)

Note that no state change happens if the absolute value of energy-difference is
less than Ag. The proposed spectrum sensing scheme uses an energy-difference
algorithm and the weighted energy averaging scheme (WEAS) as explained in the
flowchart in Fig. 1 and section 4.

5 Noise Variance Estimation

The decision thresholds in the ED based systems are highly dependent on the noise
level. The detection performance degrades drastically even with minor errors in
the noise variance estimation. In this scheme, we use an unbiased noise variance
estimator, which exploits the pre-knowledge of cyclic prefix in the LDACS signal.
Fig. 4 shows the LDACS signal frame structure. As shown in the figure, the inser-
tion of CP induces an autocorrelation property. This property is utilized for the
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consistent estimation of noise variance, irrespective of the state of the channel and
the presence of primary user signal.

Let the total number of signal samples, N = K(Ncp+Np), where K represents
the total number of OFDM symbols used for the sensing, N¢p is the cyclic prefix
length in samples per symbol and Np is the data length of OFDM symbol. Let
define two terms Ey and py as,

1 K(Ncp+Np)
B = 1 (n)]? 26
RN Ny Y (26)
1 K(Ncp+Np)
Py = KNom > Rlyi(n)yi(n+ Np)] (27)

n=1
where R[] represents the real part of the term. E, represents the energy esti-

mate and p, is the autocorrelation strength of the received signal samples. The
distribution of Ey and py are given in (28) and (29) respectively.

9 20';4%
> N(wa K(NcerND))’ ) Ho 98
v 2 2 2(‘73.4‘03,.) (28)
N((0x¢+‘7w¢)’m)’ Ha
o (Ncp+Np)
N (0, ZQKCJ\}J)gP - ), Ho
Py ~ /\/’( ) (o‘ii+gii)2(Ncp+ND)+o'iNcp) ” (29)
Oais IKNZ, g 1
The unbiased estimate of noise variance is defined using E; and p. as,
G =By = py (30)
From (28) and (29), the distribution of 62, is derived and is given in (31).
2 207,
N(wa K(Ncp+Np)
Uﬁ,Z(NC’P‘i’ND)
) Ho
G~ (31)

2
(o2 2etten)
(UWW K(Ncp+Np)
2 2 2 4
+(Uzi+0wl) (NcPJrND)JrGINCP) H
2KNZ,, 1

It can be observed from (31) that the variance of &ﬁ,i asymptotically turns to
zero. Hence, the consistency and unbiased nature of the proposed noise variance

CP Data CP Data

\

Fig. 4 Time domain frame structure of OFDM based LDACS signals.
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Signal to Noise Ratio

Fig. 5 RMSE of estimated noise power versus SNR.

technique is proved. The root mean square error (RMSE) of the estimated noise
power is plotted in Fig. 5 for both the hypotheses. RMSE is relatively higher
when the PU signal is present because the variance of &ii /H1 is high compared
to 64, /Ho (refer (31)).

6 Simulation Set-up and FPGA Implementation
6.1 Simulation Set-up
6.1.1 LDACS signal generation

A wideband spectrum sensing scheme is developed to scan multiple LDACS spec-
tral holes from a range of frequencies. For the simulation study,we consider the
sampling frequency of 4 MHz and that enables to scan any LDACS channel within
this 4 MHz range(Include 4 LDACS and 4 DME channels each having a bandwidth
of 0.5 MHz). To imitate the real-world scenario, we have generated the LDACS
baseband signals according to the specifications given in [23], and the Matlab code
for the same is provided by DLR (German space agency) [2]. The parameters used
to simulate LDACS signals are given in Table 1.

6.1.2 Filter architecture

A digital filter bank is used to split the wide band into several sub-bands. In this
work, the fast filter bank (FFB) based channeliser proposed in [8, 13], used for
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Table 1 Simulation Parameters for LDACS Signal Generation

Parameter Value
FFT size 64
Sampling time 1.6 us
Sub-carrier spacing 9.765625 KHz
Cyclic prefix ratio 11/64
Used subcarriers 50
Lower frequency guard sub-carriers 7
Higher frequency guard sub-carriers 6

obtaining uniform sub-bands meeting the stringent LDACS spectral mask speci-
fications with low complexity. An 8-channel FFB design is used in the spectrum
sensing unit. Out of these 8 channels, 4 alternative channels used to scan LDACS
channels.

6.2 FPGA Implementation

To evaluate the resource overheads, we implement the proposed spectrum sensing
scheme and integrate it into the baseband of our cognitive radio platform on the
Xilinx Zyng ZC706 board [25]. Fig. 6a shows the integration of the spectrum sens-
ing scheme into the receive path of our radio platform. As shown in the figure, to
enable the strong coupling between the software and hardware, an ARM proces-
sor, and a Programmable Logic (PL) are integrated into the Zynq architecture.
Channelization, spectrum sensing, and the RF interfaces are implemented in the
PL region of Zynq. The PL has dedicated interfaces to communicate with soft-
ware functionalities running on the ARM core. Dedicated memory access (DMA)
enables high-speed interfaces between the baseband modules and software. The
parametric and the partial reconfiguration techniques initiated through simple
software APIs offers high-speed dynamic adaptability.

The higher level architecture of the sensing scheme is shown in Fig. 6b. The
implementation strategy is to minimise the resource consumption by using build-
ing boxes that gets reused within the respective computational stages using a
hierarchical state-machine. These building boxes are built around the DSP block
primitive to compute complex multiplication, multiply-accumulate and division
operations that are required in the estimation. We use 16-bit fixed-point represen-
tation for inputs and 32-bit fixed point representation for intermediate steps, with
rounding to fit wider intermediate results back to 32-bits. The received informa-
tion from the antenna is post-processed (RF domain) and fed into the channeliser
that provides 4 alternative LDACS channels which are fed into the receive path
buffers. One of the channels is chosen at a time for spectrum sensing and is fed
into an autocorrelation logic which computes the energy of the received signal over
10000 samples (E, 02,). The autocorrelation logic is a shift-register delay chain of
64-elements, while complex multiplications at the tap outputs are mapped onto
DSP blocks. Further, the state machine (marked SM) initiates the computation
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Fig. 7 Detection performance of sequential ED: Probability of detection during Static channel
(H1 — H1) and during state change conditions (Ho — H1)(at SNR=-16 dB).

of differential threshold Ay and the energy difference FE;. Based on the results of
the energy difference algorithm, the SM initiates the weight optimization process.
Once done, the SM switches to compute the test statistic and the decision thresh-
old based on the energies (E; and E;_1), weight w, and the noise variances(o,; and
Ow,;_,) determine if the channel is vacant or in use. The information is passed to
the cognitive logic in ARM cores which can initiate a transmission in the vacant
channel or configure the hardware switch to evaluate other channels. The com-
puted parameters are stored in dedicated per-channel registers in the hardware
for use in subsequent scan intervals. The state machine transitions are controlled
by the parameters like the number of samples to be observed, window the depth
and so on, which are configured into the parameter memory. Thus the logic can
perform detection by observing a larger number of samples to boost the detection
accuracy at low SNR values by altering the register value(s).

7 Results and Discussions

The performance of the proposed scheme is analysed using simulation studies. The
LDACS signals are generated according to the specifications and the detection per-
formance is evaluated for different noise levels. The performances are evaluated for
static PU and frequent state change conditions and the average detection perfor-
mance also evaluated. The signal energy and the noise variance are estimated from
10000 signal samples and the detection performance is average out from 10000 it-
erations. The state change probabilities a and S are set to 0.001 and 0.1 for static
PU and frequent state change conditions respectively [20].
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Fig. 8 Average detection performance comparison of the Conventional ED, IED [14], sequen-
tial ED [20] and the energy difference incorporated WEAS (proposed scheme) in static PU
and frequent PU state cases.

The detection performances of WEAS with static PU and frequent state change
conditions and the conventional ED are compared in Fig. 7. The receiver operating
characteristic (ROC) curves are plotted for an SNR=-16dB. Results show that the
WEAS without considering the state changes [20] under-performs when a state
change occurs (Ho — #Hi here). At the same time, providing noticeably better
performance for the static channel conditions. The proposed scheme intended to
take this advantage during static channel conditions and not to lose the perfor-
mance when there is a state change. The average detection performance of the
proposed scheme is uplifted with the adaptive choice of the sensing scheme.

The average detection performance of the proposed scheme, conventional ED,
IED [14], and the sequential ED [20] are compared in Fig. 8. For IED scheme,
the parameters L and M set to 3 for imitating the static PU and M=2 for repre-
senting a state change. L corresponds to the total number of sensing information
considered for averaging and M corresponds to the number of sensing intervals
where PU is actually present. The parameters « and S are set to 0.001 and 0.1
for static PU and frequent state change conditions respectively for the sequen-
tial ED [20] and the prosed scheme. Results indicate that regular WEAS and the
proposed scheme provides identical performance during static channel conditions.
On the other hand, During frequent state change scenarios, the detection perfor-
mance of the proposed scheme is better than that of sequential ED, ITED and the
conventional ED schemes. Here, the sequential ED also provides comparable per-
formance during static channel conditions because of the optimised weights used
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for the computation of test statistic. In [20], the authors just averaged out the
energies not considering the optimal weights.
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Fig. 11 Performance comparison of the proposed scheme Vs conventional ED scheme with
and without NU.

In our experiments, it was observed that the hardware implementation closely
followed the accuracy set by the full precision Matlab models, when tested with
actual LDACS frame structure. The Matlab and hardware simulation results are
given in Fig. 9. A comparison of the detection performance of the proposed scheme
and the matched filtering based sensing also shown in the same figure. Though
matched filtering offers better detection accuracy at low SNR regions, the higher
complexity, and long and variable sensing duration to achieve high accuracy limit
the practicality of the scheme. More than that, the matched filtering technique
described in [26] is not considered the synchronization issues which is an important
concern to maximize SNR.

The advantage of weight optimization is demonstrated in Fig. 10. Same noise
variance is considered for the analysis for the i*" and i — 1'" sensing slots. So
w = % is the optimal weight. The same trend is observed in the simulation results
also. we observed that when w = 1, (ie, equivalent to conventional ED), a steep
drop in the probability of detection compared with w = 0.5. It is guaranteed
that the performance of the proposed scheme does not fall below the level of
conventional ED even if sudden state changes happens in the consecutive sensing
intervals. The performance of the proposed scheme is analysed and are compared
with the conventional ED for a range of SNRs in Fig. 11. It is observed that the
conventional ED performance is highly sensitive to the noise variance uncertainty.
A drastic drop of the probability of detection is noticed at SNR = —10dB with
5% NU. The resulting false alarms are also plotted in Fig.11 (red color curves).
A deviation from the assumed false alarms has been observed for the case with
5% NU because of the deviation of the threshold from the actual value. The real-
time noise variance estimation technique used in this work enhanced the stability
against NU. We observed that along with the proposed technique, the conventional
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ED also provides reasonable detection accuracy with the proposed noise variance
estimation technique.

The various aspects of the performances are analysed and are compared in Fig.
7- Fig.11. These analysis shows that the WEAS with optimised weight effectively
separates the two hypotheses (Ho and H1) by reducing the effective variance of the
test statistic. Also it was perceived that the energy difference incorporated WEAS
prevents the performance degradation of regular WEAS when a state change hap-
pens. For the optimal w, the SNR wall to get Py = 0.9 & Pfq = 0.1 is —16.5dB
whereas it is —14.9dB for the conventional ED. For achieving better detection
accuracy, the proposed method requires only two additional registers to store the
previous energy and noise variance values and two additional multipliers to calcu-
late the test statistic and the thresholds. Unlike the proposed scheme, conventional
schemes use dedicated hardware for noise variance estimation which effectively re-
duces overall resource utilization.

Finally, we also validate the performance of the hardware model using sim-
ulations in ModelSim. LDACS frames generated in MATLAB were quantised to
16-bit fixed point values, which were mapped into the receiver FIFO in the hard-
ware model for validation. The energy-detection block looks at the FIFO status
and reads out samples as soon as it becomes available to start the computa-
tion. With frame data available at every clock edge, the sensing logic was able
to compute the outcome of sensing (decide between Ho or Hi) in 10116 cycles.
We observe that with 16-bit fixed-point representation for inputs, the hardware
implementation offers comparable performance as the MATLAB simulation (see
Fig. 9) across all simulation conditions (different SNR conditions). Further, we
integrated the design into our radio platform to estimate the resource overheads
incurred by the hardware model. Table 2 shows the resource consumption of the
radio platform (both transmit and receive chains) after integrating the spectrum
sensing logic. The channel filter (transmit path) and channeliser (recieve path)
are integrated as reconfigurable modules since only one of them is active at any
given time. It can be observed that our state-machine driven approach results in
an efficient implementation with very minimal overhead of general purpose re-
sources (1% in Lookup Tables (LUTSs), 3% in FlipFlops of the entire device). Also,
while the current design consumes 55 DSP blocks, a fully flattened approach would
infer 76 additional Digital Signal Processing (DSP) blocks, resulting in over 2x
higher DSP resources and energy consumption. The individual building blocks are
also extensively pipelined to achieve an operating frequency of 140 MHz in the
integrated design. Our results shows that the proposed scheme offers significant
improvement in the detection process and can be efficiently deployed in hard-
ware for application in LDACS air-to-ground communication. A comparison of
the resource overheads of the proposed scheme, conventional matched filtering,
multiplier-less matched filtering, and conventional ED is given in Table 3. Results
show that matched filtering offers better detection accuracy more resource over-
heads. At the same time, the proposed scheme offers better detection accuracy
than the conventional ED with comparable resource utilization. While analyzing
power consumption, our design consumes a mere 112 mW in operation (dynamic
power), with a device static power of 299 mW, compared to the 1038 mW con-
sumed by the matched filter(multiplier-less correlator) [26] based detection scheme,
making it an ideal choice for deployment on aircraft onboard systems with limited
energy budget. Apart from the resource utilization and power consumption, the
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Table 2 Resource utilisation of the Zynq radio platform after integrating the spectrum sensing
logic.

Sub-module FFs LUTs BRAMs(36/18) DSPs
Channel Filter 1,336 1,397 0/0 23
Channeliser 1,581 2,161 4/0 46
Sensing logic 6,179 5,220 0/3 55
RF I/F 22,781 21,970 6/4 77
Reconfig 697 767 1/1 0
Total Utilisation 32,092 30,919 11/8 178
% Utilisation 7.3 14.1 2.75  19.78
Operating Frequency 140 MHz

Table 3 Resource utilization comparison of the proposed scheme, conventional matched fil-
tering, multiplier-less correlator based matched filtering, and energy detection.

Sensing logic | FFs | LUTs | DSP
Proposed scheme 6179 5220 55
Conventional matched filtering[26] | 11968 | 6112 1500
Multiplier less correlator [26] 24000 | 29895 | 0
Conventional ED [7] 6592 12038 | 48

matched-filter requires a higher sensing period relative to other schemes (as high
as up to 58.3 ms) which need to be varied depending on channel conditions, re-
stricting the throughput of the secondary radio. Also, this scheme is not discussing
the time synchronization issues associated with the matched filtering, which is an
important concern to maximize SNR.

8 Conclusion

In this paper, we proposed a spectrum sensing scheme based on an energy differ-
ence incorporated weighted energy averaging for detecting spectral gaps in LDACS
communication. The weighted energy averaging helps to reduce the effective vari-
ance of the test statistic by adaptively choosing the weights based on current and
past energy observations. The scheme also addresses the shortcomings of regular
WEAS by incorporating an adaptive energy difference scheme into the WEAS.
The technique allows the algorithm to switch between WEAS and conventional
ED based on channel state change information derived from the energy difference
computation. We show that the proposed scheme offers significant improvement
in detection accuracy with more than 90% detection probability even at low SNR
conditions and is stable against NU, while incurring less than 3% general purpose
resources on a modern FPGA device. In the future, we aim to evaluate the per-
formance of the scheme under multipath fading and shadowing conditions and to
improve the robustness of the scheme under such scenarios.
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