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ABSTRACT

Automatic Modulation Classification (AMC) and blind
equalization play important roles in an intelligent receiver
when there is no information about the transmitted signal
and channel. Apart from symbol detection, performance of
the AMC is also affected by the presence of a multipath
channel. In a cognitive radio (CR) set up it is preferable to
design a blind equalizer which not only removes Inter
Symbol Interference (ISI) but also improves the
performance of the AMC. In this paper we propose a robust
blind equalizer which not only eliminates ISI but also
improves the performance of the fourth order cumulant
based AMC. Computer simulations are given to illustrate
the concept and yield promising results.

1. INTRODUCTION

One of the important aspects of cognitive radio is the ability
to sense and characterize its RF environment and adapt
accordingly [1], [2]. AMC is an important signal processing
component that helps the CR in identifying the modulation
format employed in the detected signal. AMC improves the
spectral efficiency of a CR by adapting transmission and
reception according to the spectral environment. The fourth
order cumulants based AMC proposed in [3] is one of the
widely used AMCs. In a typical wireless communication
environment, the transmitted signals are subjected to noise
and multipath fading. Multipath fading not only affects the
performance of symbol detection by causing inter symbol
interference (ISI), but also affects the performance of the
AMC. Blind equalizers are used to recover the transmitted
input sequence using only the output signal with no
knowledge of the channel and transmitted sequence. Due to
the lack of a training sequence, blind equalization
algorithms adapt the parameters of the blind equalizer by
minimizing cost functions that exploit the higher order
statistics of the received signal. These cost functions are non
convex and hence the blind equalizer has the potential to

converge to a local minimum. Convergence to a local
minimum not only affects symbol detection performance but
also affects the performance of the AMC.

The objective of a blind equalizer is to remove ISI, but its
impact on the AMC [7] has to be evaluated as well. In a
cognitive radio scenario it is preferable to design a blind
equalizer which not only removes ISI but also improves the
performance of the AMC. Two approaches in this direction
are found in the literature. The first method is proposed in
[6], where performance of the cumulants based AMC is
improved by estimating the channel using fourth order
statistics. Also in [6], only the performance of the AMC is
improved but there is no improvement in symbol detection.
The other method proposed in [7] is the same as the one
proposed in [6], except that a higher order statistics (HOS)
based blind equalizer is added to the received signal and a
switching mechanism is proposed based on which the AMC
chooses between a raw signal and an equalized signal. There
is no improvement in the performance of the AMC due to
the switching mechanism and blind equalizer, but the
switching mechanism makes sure that there is no
performance degradation in the AMC due to the blind
equalizer.

In this paper, we propose a novel cognitive receiver
where performance of the AMC is also considered while
designing the blind equalizer and thus eliminating the need
for switching. The proposed system thus improves both
signal detection and AMC performance. The proposed
architecture is an adaptation of the blind equalizer presented
in [9]. The reason for choosing this architecture is that it
offers two fold diversity for AMC decision making, that is,
the AMC makes a decision based on two estimated
cumulant values. Because of this diversity, the performance
of the AMC is better than those of [6] and [7]. Also, the
proposed system is adaptive in order to accommodate time
varying channels.
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Even though an AMC based on fourth order cumulants is
considered in this paper, this concept can be generalized to
any feature based AMC. The paper is organized as follows.
In Section 11 we provide a block diagram description of the
proposed receiver architecture and also briefly describe
cumulant based AMC. Detailed description of the
algorithms and fusion rule are presented in Section IlI.
Simulation results are presented in Section 1V, followed by
the conclusion.

Notation: (.)" denotes the usual transpose operation; (.)" or

()" denotes the complex conjugate transpose; | (.) | denotes
the absolute value of the variable; E(.)denotes the
statistical expectation.
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Fig. 1. Block diagram of the proposed cognitive receiver.

2. PROPOSED SYSTEM

The overall block diagram of the proposed receiver is shown
in Fig. 1. In this section we explain each component of the
block diagram in detail. Let w(i) be the transmitted symbol
sequence. The received signal x(i) is given by
X(i) = H(z ")w(i) +9 (i) 1)

where g(i) is the additive white Gaussian noise and
H(z™') is the channel impulse response. H(z™) is
modeled as a FIR filter given by

Hz Y =1+hzt+...+hez ", )
where z1is the unit delay operator, and hy (for i=1...L)
are the fading coefficients of the corresponding multipaths.
The following assumptions are made about the channel and
transmitted sequence.

Assumption Al The channel H(z ') is a minimum phase
polynomial, i.e., it has no zerosin |z |>1.

Assumption A2 The symbol sequence wf(i) is uniformly
bounded and is a Martingale difference sequence, i.e.,

E[wg (i+1)| F]=0,E[w, (i+1)|F]=0(@s)  (3)

where F; :={wg (0)....,Wg (i), W, (0),...,w, (i)} and
Efw(i+)w(i+)" [Fl=0y (as) (4)

and  w(i) =wg (i) + jw, (i), j=v—-1}. Assumption Al

implies that the energy in the direct component of the
received signal is more when compared to the energy in the
delayed multipath component. Assumption A2 implies that
the current value of the transmitted sequence is independent
of the past.

From Fig. 1 it can be seen that the received signal x(i) is
branched out into two signals x, (i) and x, (i) where

X (i) = x(i) and
X, (i) = B(z)x(0). (5)
The polynomial B(z™) can be any arbitrary polynomial
such that degree(B(z 1)) >1. Let the polynomial B(z™*)be
defined as

B(z ™) =by+byz ™+ . +by, gz, (6)
The polynomial B(z™) basically induces a non common
factor in the two branches, so that the Recursive Extended
Least Square (RELS) algorithm from [9] can be applied.
Even though B(z ™) can be any arbitrary polynomial, it is a
necessary polynomial required for the convergence of the
RELS algorithm. The signals x;(i) and x,(i) are further
passed through filter F(z)and F,(z™) respectively,
where

R(z™)
D(z)
The filters F,(z™") and F,(z") are known as prediction

error filters, whose coefficients are adjusted by minimizing
the following one step ahead cost function

F(z?h)= and Fy(zh) =" 7)

I =E(x@(+)-yi+D ), (®)
Where y(i) = F,(z )%, (i) + F, (z 1), (i) and the prediction
error e(i+1) provides the equalized symbol sequence for
symbol detection. The recursive algorithm  for
estimatingR(z ), S(z™) and D(z?!) is presented in the
next section.
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Another important component in Fig. 1 is the AMC. As
mentioned earlier, the fourth order cumulants [3] of a
received signal are used for classification. For a complex-
valued random transmitted signal w(n), second-order

moments can be defined in two different ways as [3]

Cao = E[W?(n)] and Cypy = E[| w(n) ] (9)

Similarly, fourth order cumulants can be written in three
ways [3]
Cao = cumm{w(n), w(n), w(n), w(n)]

C,y = cumm[w(n), w(n),w(n),w" ()] (10)
Cy, = cummw(n),w(n),w" (n),w" (n)]
where
cumm[w, X, y, 2] = E(wxyz) — E(wx)E(yz) (1)

- E(wy)E(xz) — E(Wz)E(xy).

The cumulants in (9) and (10) can be estimated from the
sample estimates of the corresponding moments [3]. By
assuming zero mean, we have

~ 1 N
Cx :szz(n) )
n=1

- 1Y
Cor =7 2 WO (12)
n=1
Similarly, for the fourth-order cumulants
R 1Y A
Cuo :WZW“(H)—?;CZZO :
n=1
R 1Y ~ A
Cu :szs(n)w (N)—3C,,Cypy (13)
n=1
2 1< 2 1A 12 _oR2
Ca =y ZIWOF ~1C [ -2C5;

The normalized value of the fourth order cumulants is

defined by
c C
o= V CA221

The theoretical values of cumulants for different modulation
schemes are tabulated in [3]. In this paper we use |C,, | and

k=012 (14)

|542| for classification. The normalized fourth order

cumulant of a received signal which is subjected to
multipath fading is given by

Ca, =MCu, k=012 (15)

where C~:4kw and 64kx are the cumulant values of the signal

before and after multipath fading, and
L1

LK

1=0
L-1 '
O Ih 7Y
1=0
Since S <1 [3], the effect of the multipath channel is to

drive the actual cumulant value of the transmitted signal
toward zero and hence the classifier is unable to distinguish
the modulation schemes based on the cumulant features.
The performance of the cumulant based AMC in the
presence of a multipath channel can be improved by
estimating the value of £ and multiplying the estimated

cumulants by 1/4. This approach is used in [6], where
channel impulse response is estimated using HOS.

f= (16)

Since B(z ') is an arbitrary polynomial, we adapt it in

such a way that the performance of the AMC is improved.
For the AMC based on fourth order cumulants, we adapt

B(z™) by minimizing the following cost function

Jp ==|Cyy, |- 17)

The above cost function maximizes the cumulant value
of X, (i) and hence the classifier will be able to distinguish

the modulation schemes. For a different feature based
AMC, an appropriate cost function must be chosen
accordingly. From the figure it can seen that the AMC
makes decisions by fusing p, and p,, which are functions

of Cy,, and Cy,, respectively. Appropriate functions for

p, and p, and the fusion rule are derived in the following
section.

3. RECURSIVE ALGORITHM

In this section, we provide a detailed description of
algorithms used to update the polynomials. Also, we
develop fusion rules for AMC decision making.

3.1. Estimation of S(z%), R(z™*) and D(z ).
As mentioned in the previous section, the

polynomials S(z™), R(z?) and D(z') are adapted by
minimizing (8). From Fig. 1 it can be seen that

X, (i) = H(z™")B(z ™ )w(i)
X (i) = H(z hw(i) .

(18)
(19)
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The recursive algorithm for updating B(z ™) is discussed in
the next subsection. In this subsection we consider B(z ')

to be an arbitrary polynomial with the condition
degree(B(z 1)) =1. Now
y(i+1):&'4_1(2_1)w(i)+
D(z™) (20)
. S(z‘l)B(z‘ll)H (zh W)
D(z™)
and
X (i +2) = w(i +1) +[z(H (z) - )w(i) . (21)
It can shown from (20) and (21) that
(A +D)-y(i+D)=Q(>)+w(i+1) (22)
where
o _(REH+8EHBEMYHE™
Q) =I[ DY) 23)

—2(H(z™) - 1)w().

From (22) and (23) it can be seen that the cost function (17)

is minimum when Q(i) =0. Therefore setting (23) to zero
we get
D(z™")=H(z™) (24)
and
(Rz ™+ ™B(z ™) =2(H(z™) - (25)

Note: It should be noted that the channel impulse response
can be estimated from (24) . This information can be used to
calculate g (refer to (16)).

Since the polynomial H(z™!) is not known, it is not
possible to solve the above equations. For
degree(B(z ™)) =1, the whole system can be viewed as a
special case of the SIMO blind equalizer in [8]. Hence we
can modify the recursive algorithm in [8] for estimating the
unknown polynomials. Let

-1y _ -1 -N,
R(z7)=r+nz " +...4+1y2

S(zY)=sg+sz sy, 2 (26)
where N;,N, >max(L1,L) . Define
B =[x ()., x (i — N1), X, (i),..., 27)

X, (I—N2),—y(i),...,—y(i—-N3)],N3>L
and

9:[ro,rl,...,er,So,Sl,...,sNz,ro,ho,...,hl_,

0,...,0]
where the number of zeros at the end is the difference
between the chosen N3 and the unknown L . From (27) and
(28) we have

(28)

y(@i+1) = 6" 4(i). (29)

The value of @ is estimated using the following Recursive
Extended Least Squares (RELS) algorithm;

(i +1) = 0G) + p(i)pGi)e(i +1)" (30)
ei +1) = x(i +1) — 0G) " (i) (31)

N R 1 p(i —1)p()g(i)" p(i-1)
Pl =7 PE-D=7 2+ 4" pli—1)i) (33)

0<A<1

P(0) = pol, po >0
Since the above algorithm is a special case of the algorithm
in [8], the convergence property derived in [8] applies here.
One of the important properties is that for A =21under

assumption Al and A2 and degree(B(z%))>1 the

a'posteriori prediction error converges to a scalar version of
the symbol sequence, i.e.,

r!Ln;%iZ:l:[xl(i+1)—y(i+1)—w(i+1)]2 =0. (33)

The above equation indicates that the prediction error
e(i +1) (refer to Fig. 1) provides good symbol detection

performance.
3.2. Adapting B(z}).

As mentioned earlier, B(z™!) is adapted by minimizing
(17). 1t can be seen that (17) is non quadratic and we use a
gradient search method to find the coefficients of B(z™).

Let W =[by +b, +...+ bLl]T be the vector of coefficients of

B(z!). The gradient search algorithm [5] for updating
W is stated as follows. Let W, denote the coefficient vector
during the iteration k =1,2,....

e For k =0initialize W, to a random value.

e For k=1.2,... calculate the output of the equalizer
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m=L1
X () = D Wiy (m)x(n—m) (34)
m=0
Update the coefficient vector using the following
equation

(35)

where g is the step size.

g W) -3 W)
J1(Wyey)

and go to step 5. If not, repeat step 2, where ¢

chosen to be a small number less than one.

< ¢ terminate the iteration

is

Calculate the equalized output using W, .

The equalized signal x,(n) has a higher cumulant value but

does not guarantee good signal to interference noise ratio
(SINR). The reason is that the cost function J; is non

quadratic and the gradient decent algorithm converges to a
local minimum [5]. The low SINR of Xx,(n) is not a

concern because x,(n) is used only for the AMC and not for

symbol detection. The coefficients of B(z™!) are updated

for every batch of data, whereas the other polynomials are
updated for every sample. The forgetting factor in the
recursion (30)-(33) is used to track the slowly varying

B(z™!) polynomial.
3.3. AMC decision making.

The decision about the modulation scheme is made by
fusing the cumulant value calculated from two sources.
From equations (24) and (28) it can be seen that the channel
impulse response can be estimated using the recursion (30)-
(32) apart from achieving equalization. From the estimated

impulse response D(z %), the value of S can be estimated
using (16). Let ﬁ’ be the estimated value of 2, then

1
P :E |Cae . k=02 (36)

P2 =ICap |- k=02 @37)

Since the channel tends to drive the cumulant value of a
transmitted signal to zero, the natural choice for the fusion
rule is

P =max(py, py) - (38)

4. SIMULATIONS

In this section, the performance of both the AMC and
symbol detection is examined. In order to analyze the
performance of the AMC, the following AMC four class
problem is considered

Q ={BPSK,QPSK,QAM (16), PSK (8)}. (39)
The channel considered was a 4-tap FIR filter with AWGN.
1000 Monte Carlo trails were performed with a sample size
of N =500 for cumulant estimation. The probability of
correct classification is used as a measure to analyze the
performance of the AMC. Fig. 2 shows the probability of
correct classification versus signal-to-noise ratio. In Fig. 2
Pcclis the performance of the AMC in the presence of an
AWGN channel. Pcc3 is the performance of the proposed
system and Pcc2is the performance of the AMC when
perfect knowledge about the channel is known. Pcc4is the
performance of the AMC in the presence of a multipath
channel with no channel estimation or equalization. It can
be seen from Fig. 2 that the proposed system shows
improved performance when compared to Pcc2. The
reasons for this improvement are, a higher cumulant value
of X, and the fusion of two cumulant values.

1

0.9

0.8

0.7F

0.6

0.5

Probablity of correct classification

Fig. 2. Performance of the AMC

4.1. Symbol detection performance.

For analyzing the performance of symbol detection, the
same 4-tap FIR channel was considered. The scatter plot of
the received signal and equalized signal when using the
PSK(8) modulation scheme for transmission is shown in
Fig. 3 and Fig. 4. Symbol error rates (SER) before and after
equalization are presented in Fig. 4. Simulation results
illustrate that equalization is achieved using the proposed
system. Also from the simulation results it can be seen that
the performance of symbol detection and AMC are
simultaneously improved.
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eye diagram of x1 channel output
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Fig. 3. Scatter plot of the received signal
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Fig. 4. Scatter plot of the signal after equalization

0.35

—+—— After equalizarion
Before equalization

0.34

0.25

0.2}

SER

0 I I | *
0 5 10 15 20 25

SNR(dB)

Fig. 5. Symbol error rate (SER) vs SNR (BPSK)

5. CONCLUSION

A novel receiver for cognitive radio is proposed. The
proposed system enhances the performance of both the
AMC and symbol detection. Simulation results also show
good performance. Future work is to extend this concept to
other feature based AMCs especially cyclostationarity and
cyclic cumulants based AMC. Future work also includes
extending this concept to MIMO communication systems

and non minimum phase channels.
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