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Abstract. This paper proposes a method based on kernel density estimation
(KDE) and expectation condition maximization (ECM) to realize digital mod-
ulation recognition over fading channels with non-Gaussian noise in the cogni-
tive radio networks. A compound hypothesis test model is adopt here. The KDE
method is used to estimate the probability density function of non-Gaussian noise,
and the improved ECM algorithm is used to estimate the fading channel parame-
ters. Numerical results show that the proposed method is robust to the noise type
over fading channels. Moreover, when the GSNR is 10 dB, the correct recogni-
tion rate for the digital modulation recognition under non-Gaussian noise is more
than 90%. Gaussian noise, and the improved ECM algorithm is used to estimate
the fading channel parameters. Numerical results show that the proposed method
is robust to the noise type over fading channels. Moreover, when the GSNR is
10 dB, the correct recognition rate for the digital modulation recognition under
non-Gaussian noise is more than 90%.
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1 Introduction

With the rapid development of communication technology and the increasing tension
in spectrum resources, cognitive radio technology has become one of the key tech-
nologies to solve these problem [1]. In the cognitive radio network (CRN), spectrum
sensing technology and spectrum access technology are particularly important. Among
them, spectrum sensing technology not only needs to accurately detect the occurrence
of authorized user signals, but also needs to identify the modulation type of authorized
user signals [2]. Then we can determine the authorized user information, such as the
type of service, the strength of the service, and so on. CRN technology is easily affected
by fading channels, inter-user interference and electromagnetic pulse noise. This inter-
ference and noise often highlights that the probability density function is a thick tail
of non-Gaussian distribution [3]. Therefore, it has practical engineering significance to

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2020
Published by Springer Nature Switzerland AG 2020. All Rights Reserved

X. Wang et al. (Eds.): 6GN 2020, LNICST 337, pp. 323-332, 2020.
https://doi.org/10.1007/978-3-030-63941-9_24


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-63941-9_24&domain=pdf
https://doi.org/10.1007/978-3-030-63941-9_24

324 L. Zhang et al.

study the digital modulation signal identification method under non-Gaussian fading
channel in CRN.

Several algorithms have been reported to solve modulation recognition based on non-
Gaussian noise. Some scholars have studied the digital modulation recognition under
the alpha stable distributed noise model. Some have studied the modulation recognition
under the mixed Gaussian noise distribution. In [4], a novel modulation classification
method was proposed by using cyclic correntropy spectrum (CCES) and deep residual
neural network (ResNet). CCES is introduced to effectively suppress non-Gaussian noise
through the designated Gaussian kernel. In [5], T. Dutta et al. proposed a cyclostation-
ary (CS) property based on FB classification technique under non-Gaussian impulsive
noise condition. CS features perform well at low signal to noise ratio (SNR). But the
performances of the classifiers degrade due to the presence of the impulse noise. In [6],
Hu Y H et al. used fractional low-order wavelet packet decomposition and neural net-
work recognition method, but this method has poor recognition performance under low
GSNR. In [7], under the selective channel, the Gaussian mixture model is used to model
the noise, and the identification problem of the amplitude phase modulation signal is
studied. In the actual communication process, the signal is affected by the fading of
channel besides a lot of non-Gaussian noise. In [8], D. E. Kebiche et al. investigated the
performance of the Rao-test based detector for wideband spectrum sensing under non-
Gaussian noise in a multi-carrier transmission framework. It showed that the Rao-test
based detector combined with the universal filtered multicarrier (UFMC) outperforms
the traditional OFDM based system in a realistic non-Gaussian noise environment. In
[9], a signal identification method based on normalized fractional low-order cumulants
for alpha-stable distributed noise fading channel was proposed. When the GSNR is low,
the classification and recognition performance is poor. In [10], S. Hu, Y. Pei et al. pro-
posed a low-complexity blind data-driven modulation classifier which operates robustly
over Rayleigh fading channels under uncertain noise condition modeled using a mixture
of three types of noise, namely, white Gaussian noise, white non-Gaussian noise and
correlated non-Gaussian noise. The performance of proposed classifier approaches that
of maximum likelihood classifiers with perfect channel knowledge.

In view of the above problems, this paper proposes a new method of modulated
signal recognition under the alpha stable distributed noise fading channel. Firstly, the
kernel density estimation algorithm is used to estimate the probability density function of
the alpha stable distribution noise. The improved Expectation Conditional Maximization
algorithm is then used to estimate the fading channel parameters. Finally, the modulation
type of the signal is identified according to the composite hypothesis test model. The
simulation results show that when the characteristic index of alpha stable distribution
noise is 1.5 and the GSNR is 10 dB, the recognition rate of the signal in the fading
channel is more than 90%. It can be seen that this method is effective and feasible.
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2 System Model

Let B be the number of classes of all possible modulation types in the set of signals to
be identified. The transmitted signal of class b can be expressed as:

o]

sp(t) =Y swpg(t —nT) (1)

m=—0oQ

where T is the symbol period of the transmitted signal, g (¢) is the shaping filter function,
and s, € sp is the signal value of a certain modulation method. In CRN, the model of
the received signal r(#) can be described as:

L—-1

() =Y husp(t — ) + o) )
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where L is the number of paths in the fading channel, ; is the time delay of each path, 4;
is the attenuation range of each path, and w(¢) is the alpha stable distribution noise. The
received signal is sampled at the receiving end by the sampling period 7 We assume
that the time delay 7; generated by each path is an integer times the sampling period and
that the number of sampling points of the time delay after sampling is still represented
by t;, the sampled received signal can be expressed as:

L
Pkl =Y husplkTy — 1] + okl k= 1,2, -+ k 3)
=0

where K is the signal length, {hl}lL;Ol and {1:1}5‘:_0l are unknown channel parameter. Since
the alpha stable distribution does not have a uniform closed PDF, w(¢) is usually described
by a feature function [11], which is expressed as:

¢(©) = exp{jud — y10|*[1 +jpsgn(@)w(@, )]} “)
where sgn(#) is a symbolic function,

1, >0

—1,6 <0 7 108ltl, =

y > 0 is the dispersion coefficient, also known as the scale coefficient, « is called the
characteristic index and its value range is 0 < « < 2. When « =2, the alpha stable
distribution noise is converted into Gaussian noise. The parameter 8(—1 < 8 < 1) isa
symmetrical parameter that determines the symmetry of the distribution. When g =0,
the alpha stable distribution is called the sas distribution. The parameter mu is called
the positional parameter. For the sas distribution, if 0 < o < 1, p is the median. If
1 <« <2, pisthe mean. If w =0 and y =1 are satisfied, the alpha stable distribution
is called the standard alpha stable distribution.
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3 Modulation Identification Under Alpha Stable Noise and Fading
Channel

3.1 Probability Density Function Estimation of Alpha Stable Distributed Noise

‘We assume that each sample in the sample set X = {X1, X», - - - , X} is independent and
obeys the distribution of PDF as p(X). The PDF is estimated using the Kernel Density
Estimation (KDE) [12].

First we estimate the probability density in a small area. If a small area R is in the
space where the sample is located, the probability that a random variable X is in the area
Ris

PR=/P(X)dX 5)
R

known by the definition of binomial distribution, the probability that k of the N
independent and identically distributed samples of the sample set are in the area R
is:

Py = ChPR(1 — PR)V (6)

where Cllf, represents the number of combinations of k values randomly taken from N
values. Then we get the expectation of k : E[k] = k = NPg.Therefore, the estimate of
Pr can be expressed as:

Pr=— @)

When p(x) is continuous and the volume of R is sufficiently small, it can be considered
that p(x) in R is a constant, then Eq. (5) can be expressed as:

Pp = /RP(X)dx =pV ®)

where V is the volume of R. Substituting (7) into (8), we have:

R k

P =+ ©))
So we have completed the probability density estimation in a small area. But the prob-
ability density function estimated in this way is not continuous. Therefore, this paper
uses the KDE method. When the small volume is fixed, the small volume of sliding is
used to estimate the probability density of each point.

We assume that X is a d-dimensional vector, each small volume is a hypercube, each
dimension has an edge length of 4’ and each small volume has a volume of V = /' ? The
d-dimensional unit window function is used to calculate the number of samples falling
into each small volume:

1wl <5i=1,2-.d

10
0, other (10)
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At this time, 4)(";,"") can be used to determine whether the sample X; is in a cube whose
center is X and whose edge length is /’. Let the number of observation points be N, then
the samples falling in the above cube can be expressed as follows:

N
kN=Z¢<x;/Xl) (1)
i=1

Substituting Eq. (11) into Eq. (9), a PDF estimate at point x is:

N
o 1 1 X —X;
P(x)=— — 12
(x) NiE—l V¢< W ) (12)
From a nuclear perspective, we can define the kernel function as:
Krx) = —p =8 (13)
X, X)) = —
MY h

The estimate of the PDF can be regarded as using the kernel function to perform
interpolation operation on the sample within the range of values. Its expression is:

1 1
Kix) = exp( —=x? 14
(€9 N P( 7* > (14
In short, a kernel density estimation process needs to move the kernel function to the
position of each observation. And then select the global bandwidth to control the smooth-
ness of the probability density function and the expansion of the kernel function. The
revised evaluation formula is:

~ 1 1 X — X;
f(x)=ﬁZ;lK< - ) (15)

3.2 Estimation of Fading Channel Parameters

In this paper, based on the principle of ECM algorithm [13], combined with the model
of modulation recognition under non-Gaussian fading channel, the parameter estimation
steps of the proposed fading channel are as follows:

1) E-step: Under the assumption H,(b = 1,2, --- , B) corresponding to each modu-
lated signal, we calculate the conditional expectation of the logarithm likelihood
function of the complete data. We have:

0(6.6"1Hy1) = E[log(p(clo, Hy))[0.6”, Hp]

=Y log(p(clf. Hy))P(hlo, 67, Hp) (16)
h
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where B is the number of modulation modes in the alternative set. Considering that the
distribution of {r[k]le} and {s;,[k]}f:l is different, log(p(cl@, Hp)) can be written as:

log(p(cl6, Hp))

K
= log<l_[ p(rlk], splkl, Hb))

k=1
K 1
=) log(—p<r[k]|sb[k], 0)) (17)
k=1 Np

where:

p(rlkllsplk], 6)
1

rlkl — Y hsplkTs — 1] — wp
=0

N
K 18
thn W, (18)

n=1

Z|

By Bayesian theory:

p(hlo, 6p, Hp)

= ﬁP(sb[k]Ir[k], oF, Hb)
i=1
_ [ Rkl o0

Ny P(r[k]|67, Hp) 1

i=1
where:
p(rlk1|sp[k], 67)

L—1
rlk] = > Wsp[kTy — 1] — wn
=0

_1% e
N By hs,

n=1

p(rlk116”, Hp)

L-1
rlk] — Z hfsb[kTs - Tlp] — Wy

1 1 1 =

= — — K 20

Np N Z hi, hi, (20)
splk] n=1

Finally, Q(Q, or ) can be obtained:

0(6, 6" |Hp)
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2) M-step: This process maximizes the Q(6, 6) in the E-step to find a new estimate
of the unknown parameter and then substitutes it as the known quantity into the next
iteration.

6 = argmax Q(6, 67 |Hp) (22)
0

The E-step of the ECM algorithm is the same as the EM algorithm, and each M-
step is replaced with several simpler conditions to maximize the CM-step. For a certain
hypothesis, the unknown parameter vector 6 = {hy, --- hr, 71, -- - , 77} is divided into
01 =1{hy, -+, hr}and 6, = {7y, - - - , tp.}. Thatis, the unknown channel parameter vector
is @ = {01, 6>}, s = 2 Each unknown parameters is given an initial value before the
iterative process begins. In the iteration, keeping 95 of the current iteration unchanged,
we derivate Q(6, O6P|Hp) to 61 and let its derivative be 0. We get the estimation 9{7 +
of 01 in the next iteration. Then keeping the value of 9{7 + unchanged, we derivate
0(0,67|Hp) to 0, and let its derivative be 0. We get the estimate 65 1 6f 0, in the
next iteration. When the set convergence condition is satisfied, the iteration stops. The
obtained parameter estimation value is the final unknown parameter estimation value of
the iteration under the p 4+ 1th assumption.

3.3 Modulation Recognition Based on Compound Hypothesis Test

The recognition method based on the likelihood function describes the recognition pro-
cess as a compound hypothesis test process. The modulation mode corresponding to the
maximum hypothesis in the (logarithmic) likelihood function of the received signal is
determined as the modulation mode of the signal [14].

We use the KDE method to estimate the PDF of alpha stable noise distribution.
Combing

p(rL1l. - . rIK1IHy)
=TT, 3 pkllsnilk) P syilk 1) @3)
P(slkl|Hy) = 1/ Ny 24)
we obtain:
p(riLl. - . rIK1IHp)

K 1 Np
=T 3 2o, POTKIIsmilkD 25)
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where N}, represents the possible number of values of the amplitude of the bth modulation
signal. It can be seen that the probability density distribution of the received signal is
equal to the probability density distribution of the noise when the transmitted signal is
known. This knowledge can be obtained by the estimation method of the fading channel
parameters. Therefore, the process of modulation recognition under non-Gaussian fading
channels is expressed as:

H = argmaxlog(r{1], - , r[K1|Hp) (26)
Hy,
where Hp(b = 1,2, - -+, B) indicates the modulation type of the received signal Sp.

4 Simulation Results and Analysis

In order to verify the effectiveness of the method, simulation experiments are carried
out by MATLAB simulation software. The simulation parameters are set as follows:
the signal set to be identified is BPSK, QPSK, 16QAM and 64QAM, which are four
commonly used digital modulated signals. The noise is additive standard t; distributed
noise. The carrier frequency of the modulated signal is 10 kHz. The code element rate
is 1200 baud. The roll-off factor of the shaping filter is 0.35. The sampling frequency
is 40 kHz. The number of signal sampling points is 3000 and the multipath channel
is ITU_V_B channel of Rec.ITU-RM.225. The number of Monte Carlo simulations is
2000.
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Fig. 1. Identification performance of signals under different GSNR

When o = 1.5, hyp, = 0.7, the recognition performance of the signal at different
GSNR is shown in Fig. 1. It can be seen from Fig. 1 that the recognition performance
of different signals under the fading channel increases as the GSNR increases. When
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the GSNR is 10 dB, the recognition accuracy of different signals is more than 90%. It
can be seen that the proposed identification method has good recognition performance
under the fading channel. It is effective and feasible.

When h,p; = 0.7, GSNR = 10 dB, the recognition performance of the signals under
different characteristic indices is shown in Fig. 2. It can be seen from Fig. 2 that the
recognition performance of different signals under the fading channel increases as the
characteristic indices increases. When « is greater than 1, the correct recognition rate of
different signal recognition is above 85%. When o = 2, the correct recognition rate of
different signals under the fading channel is 100%. It is shown that the proposed method
is not only suitable for non-Gaussian noise fading channels, but also has good recognition
performance under the environment of Gaussian noise fading channels. Therefore, the
proposed method is robust to different noise types.
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Fig. 2. Identification performance of signals under different characteristic indices

5 Conclusion

Aiming at the problem of modulation recognition in non-Gaussian fading channel in
cognitive networks, this paper proposes a modulation recognition model based on com-
pound hypothesis test suitable for this scenario. Under this model, the probability density
function of non-Gaussian noise is estimated by the kernel density estimation method. The
parameters of the fading channel are estimated using an improved expectation condition
maximization algorithm. The simulation results show that the proposed identification
method is effective and feasible under non-Gaussian noise fading channels and robust
to different noise types.
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