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ABSTRACT

Blind modulation classification (MC) is an intermediate
step between signal detection and demodulation, and plays a
key role in various ciwilian and military applications In this
paper, first we provide an overview of decision-theoretic
MC approaches. Then we derive the average likelihood ratio
(ALR) based classifier for linear and nonlinear
modulations, in noisy channels with unknown carrier phase
offset and also in Rayleigh fading channels. Since these
ALR-based classifiers are complex to implement, we then
develop a quasi hybrid likelihood ratio (QHLR) based
classifier, where the wunknown parameters are estimated
using  low-complexity  techniques. This QHLR-based
classifier is much simpler to implement and is also
applicable to any fading distribution, including Rayleigh and
Rice. Afterwards, we propose a generic multi-antenna
classifier for linear and nonlinear modulations, using an
antenna array at the receiver. This classifier has the
potential to tmprove the performance of traditional single-
antenna classifiers, including the proposed QHLR-based
algorithm, wvia spatial diversity. Simulation results are
provided to show the performance enhancement offered by
the new QHLR-based multi-antenna classifier, in a variety
of channel and fading conditions.

I. INTRODUCTION

Modulation identification of a received signal is of
importance in a variety of military and commercial
applications. Some examples include spectrum monitoring
and management, surveillance and control of broadcasting
activities, adaptive transmission schemes, and electronic
warfare. Our comprehensive literature survey [3] shows
that although this topic has been extensively studied, less
attention has been paid to modulation classification in
fading channels, and also the utilization of the spatial
diversity, provided by antenna arrays, in such channels. In
this paper, we study these two topics in a systematic way.

II. SIGNAL, NOISE, AND CHANNEL MODELS

Let s(t;u,,) represent the noise-free baseband complex
envelope of the received signal, coming from the 4th
modulation format, i=12,...,N,_,, where N_, is the
number of candidates modulations that we are looking at.
The vector u,,, which corresponds to the #th modulation
format, denotes the vector of unknown quantities at the
receiver. In this paper we consider a frequency-flat slowly-
varying multipath fading channel with

u, =[a, ¢, {s"},]',} where ¢, is the channel amplitude,

! As we discuss in the first paragraph after eq. (1), only for
frequency shift keying (FSK), the data symbols depend on ¢ For
others such as amplitude shift keying (ASK), phase shift keying
(PSK), and quadrature amplitude modulation (QAM), s®’s do

@, is the channel phase (which also includes the carrier
phase offset), {s’}¥, represents the N complex
transmitted data symbols, taken from the 4th finite-
alphabet modulation format, and ' is the transpose
operator. Depending on the classification approach, in
Section IV we consider ¢, and ¢, as random variables,
denoted by a and ¢, respectively, and average over
them, whereas in Section V, ¢, and ¢, are considered as
unknown deterministic quantities, for which ¢, and ¢,
are provided as their estimates. In any case, we treat the
data symbols {s’}¥, as independent and identically
distributed (iid) randoms, and average over them. With
symbol period T, rectangular unit-amplitude pulse shape
u, (t) of length T, and j* =-1, s(t;u,,) is given by

. N ;
s(tu,,) = e’ E . sty (t—(k=1T,), 0<t< NT,.(1)
’ =1 0
Eq. (1) is applicable to M-ary ASK, PSK, QAM, and

FSK modulations. In MASK we have
sMASK) e f+1 43 ... (M -1)}, where M is even. The
symbols of MPSK are given by s =¢e in which

6, = 27rm/M, m=0,1,.... M -1, with M as a power of
two. For 'square and cross QAM symbols, see [1]. In
MFSK, the symbols are given by sM™K(t)=e/?*h! such
that  f, =xf,, £3f,, ..., £ (M -1)f,, with f, as the
frequency spacing between any two adjacent constellation
points and M as a power of two. As mentioned in the
footnote of this page, for linear modulations, the data
symbols do not depend on ¢ This property simplifies the
general classifier derived in Section IV.

Let us define the variance of the zero-mean #th
constellation as 99 = E[| s{']?], i =1,2,...,N, , , where E[]

denotes the mathematical expectation. Then the signal
power, defined by

Sy = (NTO)AJ‘ONTO El| s(tu,,) Pldt 2)

can be shown to be S’ = @28, after substituting (1) into
(2). For equiprobable M, constellation points of the i-th
modulation, obviously one has 99 = MM | s¥] . Note
that for PSK and FSK |[s% =1, m =1,2,...,M,, whereas
in ASK and QAM, | s [ takes different values.

In the presence of noise, for the baseband received
complex envelope we have

r(t) = 5(t5u71_0) +n(t), 0<t<NT, (3)

where n(t) is the complex additive white Gaussian noise
(AWGN) with two-sided power spectral density N,
(W/Hz), and the correlation E[n(t)n’(t + 7)] = N,5(7), such
that * is the complex conjugate and &(.) is Dirac delta.

not depend upon ¢. To simplify the notation, we most often drop
this t-dependence, unless otherwise mentioned.
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III. DECISION THEORY AND LIKELIHOOD

To design the modulation classifier, in order to
determine what modulation has been received, out of N,
equally likely candidates, we take the decision-theoretic
approach, which is optimal under certain conditions [2].
This approach, which works based upon the maximum
likelihood (ML) principle, requires the likelihood function
of r(t) over the interval 0<¢ < NT,. Using the complex
Gaussian distribution of n(t) and for the ith hypothesis
H, (the #-th modulation format), the conditional likelihood
function of r(¢), conditioned on the unknown vector u,,
can be shown to be [2] [5] '

E[T’(t) ‘ u,;(y(]qu,] =

9 NI, 1 (Vo )
ex —Rej r(t)s" (t;u,, )dt ——j s(tyu, )| dte, (4
o me] [ 0t = [ s . 0
where Re[.] gives the real part. To derive the likelihood
function of r(¢t) from (4), ZV[r(t)], three techniques are
proposed in the literature, that we discuss in the sequel.
Once EW[r(t)] is calculated for all the possible N,

candidate modulations, based on the observed r(t) over
0 <t < N7, one can make the decision according to

Choose i as the received modulation

if i = argmaxZ[r(t)]. (5)
1<i<N 04

Obviously our modulation classification is a multiple
composite hypothesis testing problem, due to the unknown
data symbols {s"}, as well as the unknown parameters,
which are o, and ¢, in this paper. Based on our
comprehensive literature survey [3] [4], three methods are
proposed so far, to handle the unknown quantities: average
likelihood ratio test (ALRT) [6]-[18], generalized likelihood
ratio test (GLRT) [19], [20], and hybrid likelihood ratio

test (HLRT) [19], [21]-[25].

The unknown quantities in ALRT are considered as
random variables, with a certain joint probability density
function (PDF), p(u, | H,), and the likelihood function is
derived by averaging the conditional likelihood function
with respect to it

290r()) = [ Z0(0) | w, H Jp(u, | 1 )du, (6)
If the chosen p(u, | H,) is the same as the true PDF, then

ALRT is the optimal classifier, i.e., maximizes the
probability of correct classification. Otherwise, the
optimality is not guaranteed. Furthermore, the

multivariate integration in (6) is mathematically tractable
only for few cases, and normally one has to resort to
approximations [8]-[12].

In GLRT, on the other hand, the unknown quantities
are treated as unknown deterministics, and the likelihood
function is obtained by replacing the unknown quantities
in the conditional likelihood function, with their ML
estimates

Eg/[r(t)] = Elr(t) | 0}, H], (7)
where the ML estimate of u,, is obtained by

y ML

@ = arg maxZ[r(t) | u,, 5. (8)

GLRT is a reasonable alternative to ALRT. However, the
ML estimator is (6) usually does not have a closed from,
and one needs to carry out a multidimensional exhaustive

search, to find the ML estimates [18], for each hypothesis.
Moreover, for nested constellations such as BPSK/QPSK,
and 16-QAM/64-QAM, the likelihood function in GLRT
can take the same numerical values, which in turn leads to
incorrect classification [18] [26].

HLRT is a combination of ALRT and GLRT, in an
attempt to avoid the disadvantages of both techniques,
while employing their useful properties. In HLRT, the
unknown data symbols are considered as random variables
and are averaged out, whereas the unknown parameters
are treated as deterministic unknowns, eventually replaced
by their ML estimates. To write the likelihood function, we
break wuw,, to two vectors w;, and s, such that
u,, =[w, s/]'. The vector w, contains the unknown
parameters, whereas s, =[s,8,...y]] represents the
unknown data symbols. With this notation, the likelihood
function, conditioned on w,, is

200r(e) | wol = [ Elr() | ws Hlpls, | H)ds, . (9)
With the ML estimate of w, for each candidate
modulation
whil = arg max EV[r(t) | w], (10)
the HLRT likelihood funwction is eventually given by
2y [r(t)] = EV[r(t) | W] (11)

Averaging over the data symbols in HLRT removes the
nested constellations problem of GLRT. However, finding
the ML estimates of the unknown parameters in HLRT
still entails an exhaustive search, which makes its
implementation complex.

In this paper, first we derive, in Section IV, closed-form
expressions for the ALRT-based likelihood function in
AWGN and Rayleigh fading channels, for any kind of
memoryless modulation, including ASK, PSK, QAM, FSK,
etc. Due to the exponential complexity of these ALRT-
based classifiers, as well as not being applicable to other
types of fading such as Rice, Weibull, Nakagami [1], we
then propose a quasi HLRT (QHLRT) approach in Section
V. In QHLRT, we use non-ML parameter estimators,
which are simple yet accurate enough to provide a good
classification performance, with much less computational
complexity, also applicable to any fading distribution.
Then in Section VI we introduce a multi-antenna classifier,
which significantly improves the performance of classifiers,
including the new QHLRT of Section V, with a moderate
increase in the hardware complexity.

IV. AVERAGE LIKELIHOOD APPROACH

By inserting (1) into (4), the conditional likelihood
function can be written as

— 20 . ; T,
Elr(t) [ w,,, H;] = exp {TORe[emRN( )J _%%)}, (12)
0 0
where

N B
R, = R, (13)
k=1
such that
T, N
R = j r(t)sy ()dt, k=1,..,N, i=1..,N, ., (14)
(k-1)Ty
N
= s F (15)
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Notice that for linear modulatlons since s( g
of t, (14) simplifies to R\ = s 7, | such that

KTy
T, = j r(t)dt .
(k-1)T;,

Both R and 7, can be regarded as the output of some
matched  filters at  the recelver sampled at
t=kT,, k=1,..,N. Also note that 7| in (15) when
divided by N, represents an estimate of 4%, the
constellation variance of the #th modulation format.

is independent

(16)

T, |81(ci) &

%TO|3 g
k

in a convenient product form
N

= = 0 —JPy i)
(1) | u,,, H] Hexp{N Re[e R - }.(17)

In the sequel, we consider three cases and derive the
averaging (17) with respect to the random quantities. In all
the situations, data symbols will be treated as iid random
A. AWGN with no Unknown Parameters

This is an optimistic case where there is no unknown
in (3) is the only source of uncertainty in modulation
classification. Hence, it can serve as a benchmark, i.e., the

Wlth both K and ¢, known in (1), obviously

= [{s\” i Due to the 1ndependence of the data
in the following unconditional likelihood function
E(/QA won[r(t)] =
0 Re[e R" :
i [ 2] - N, (18)

Note that £, [.] in (18) is nothing but a finite summation
divided by M,, for the Ath interval. So, the
may be considered as O(M,N), where O(.) denotes the
order. When compared to the other two classifiers derived
classifier built upon (18) is less complex.
B. AWGN with Unknown Carrier Phase Offset
is known but ¢,, regarded as the carrier phase offset
(CPO), is not known. We change the notation from ¢, to
Assuming a uniform distribution for ¢ over [-7z,7),
different approximations to the likelihood function are
schemes. In what follows, we derive a new closed-form
expression for the likelihood function, which applies to

Clearly w,, =u, =[p {57} ﬁ}] . Let R)/R}), be the
real 1mag1nary arts  of respectively. Also let

(s )\u H]=
2, T :
exp{ﬁ[RN(I cosp +R,) sm(/)] 77]@}. (19)
0 0

Now we write the conditional likelihood function of (12)
k=1 0 0
associated likelihood function, in compact forms, by
variables and will be averaged out.
quantity in (1), except for the data symbols, and AWGN
best performance that one can expect.
symbols averaging of (17) with respect to {s"}Y, results
N 2a
T, 2. e

over all the ]l([z possible alphabets of the #-th modulation,
implementation complexity of (18) for the 4-th modulation
subsequently in this section, implementation of the

Now we consider a less optimistic case, where ¢, in (1)
@ , to emphasize its random nature in the ALRT approach.
proposed in the literature, for a variety of modulation
ASK, PSK, QAM, and FSK.
R =R, + jRNQ Now we rewrlte (12) as
Using eq. 3.338-4 [27], averaging of (19) with respect to ¢ yields

2

Sr(t) [ {1 1) = 1| 22 RO | |exp{~ 2o p L (20)
NO NO

where I,(.) is the zero order modified Bessel function of

the first kind. Further averaging of (20) with respect to

{s"}¥ | yields the required unconditional likelihood function

i 2a, : a1
E(A)-cpo[r(t)] = E{sg_w}kvﬂ |:Io ( N: |R1v( : J exXp {—&—;UX)H -(21)
For the i#th modulation, note that the number of terms
required to calculate E{s(,) v [] in (21) is MY . Therefore,
one may consider the exponéntial complexity of O(M?Y) for
(21). Obviously the classifier which implements (21) is
much more complex than (18).

C. Rayleigh Fading

In this more realistic case, both ¢, and ¢, in (1) are
unknown. Since in the ALRT approach, unknown
quantities are visualized as random variables, we replace
both with « and ¢, respectively, to reflect their
randomness. In Rayleigh fading channels, ae” is a
complex Gaussian variable and « and @ are
independent. The Rayleigh PDF of « 1is given by
pla)=2a/Q))e /%  a>0, with Q, =E[a’] as the
average fading power, whereas for ¢ we have
p(p)=1/(2x) over |-z, 7). Now we derive a new compact
form for the likelihood function, applicable to both linear
and nonlinear modulations.

For the vector of unknown parameters and data
symbols, now we have w,,=u, =[a ¢ {5V ]t Notice
that the average fading power QO is not included in the
vector, as it is assumed to be known. Otherwise, we have
to assign a pdf to it, for example, lognormal or gamma
[28], and average over it. This makes it very difficult, if not
impossible, to derive an expression for the likelihood

function. Using the following integral identity

© 2
J zexp(—c2?) I, (c,x)de = Lexp(c—zj,
0 2¢, 4c,

where ¢, and ¢, are positive constants, averaging of (20)
first with respect to «a, the random representative of ¢,

(22)

and then over the data symbols results in the
unconditional likelihood function of interest
-1

QT 1y
ED penlr O] = B | [ 14—
— A-Rayleigh sti) N,

ytewg {5} N(J
QL1 q, R, P
xexp<| 1+ 0 2" .(23)
N[) N[]

Note that (23) for Rayleigh fading is simpler than (21) for
AWGN with the unknown CPO, as it does not have the
Bessel function. However, still it suffers from the same
exponentlal 1mplementat10n complex1ty, due to the
averaging over the data symbols {s"} .

V. QUASI HYBRID LIKELIHOOD APPROACH

As we discussed in Section III, HLRT is a reasonable
alternative to ALRT and GLRT, yet still has a high
computational complexity, to calculate the ML estimates of
unknown parameters. Here we propose the QHLRT
approach, in which we average over the data symbols,
whereas for the unknown parameters, we use simple non-
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ML estimators, which are accurate enough. Method-of-
moment (MOM) estimators are attractive candidates due
to their simplicity, whereas there is a possibility of getting
near-ML  performance, depending on the estimation
problem at hand [29]. In the rest of this section, we
concentrate on linear modulations, and QAM in particular,
and consider MOM estimators for the amplitude and
phase.

To estimate ¢, in (1), for linear modulations we use
the output of the matched filter 7, in (16). After
substituting (1) into (3) and then the result into (16), we
get

o= ae®s' T, +n,, k=1,2...,N, (24)
where
(25)
Based on (24) and the independence of signal and noise,
one can show that
M, = 29T + N, T, , (26)
M, = ¢'E[| s\ |'IT}} + 4029N,T? + 2N2T7? (27)

where M, = E[|r, ] and M, = E[| r, |'] are the second and
fourth absolute moment of r,. By calculating N,T; from
(26) and substituting it into (27), eventually we get a

result similar to [30], which provides the basis for
estimating ¢,
al9 T = (2M2 -M,)[2 = (E[| s [']/ 9] (28)

For 16QAM, 32QAM 64QAM and 128QAM, one can
show  that [|s>\4}/9 =1.32,1.31, 1.38, and 1.35,
respectively. Since these are close enough we use the
approximation E[| s\ ']/ 9" ~1.35 for all of them. This
sunphfles the estlmator for the right-hand side of (28) to

(2M2 -M,)/0.65, Wthh is mdependent of the modulatlon
type NOte that M, = N3 |7, P and M =N'Zhn [t

To estimate qDO in (1) for QAM, we employ this
property of QAM at the output of the matched filter [5]

E[ri] = Cein, k=12, N, (29)

where C'is a positive constant, independent of the number
of constellation points. This suggests the following estimator

L1 N
P = Zangle(zm 7”?) (30)

Simulation results for the proposed QHLRT QAM
classifier are provided in Section VII.

VI. MULTI-ANTENNA CLASSIFIER AND
SPATIAL DIVERSITY

The spatial diversity offered by an antenna arrays is an
effective tool in wireless communications [1]. In this section
we develop a generic decision-theoretic multi-antenna
modulation classifier, by deriving the associated likelihood
function, which is applicable to both linear and nonlinear
modulations of any order, in multipath fading channels. In
[24], the utility of an antenna array for classification of
BPSK versus QPSK in an AWGN channel is studied.

Consider an L branch receive antenna array, such that
the model given in (3) holds for each branch

r(t) = s,(t;w,) +n,(t), 0<t < NT, £=12,...,L, (31)

where similar to (1)

N

si(bu,) = @, Y s (Bug (= (k= 1T,), 0 <1< NT, (32)
k=1

Furthermore, for ¢=12,...,L, n,(t)’s, are independent

complex AWGNSs, with the same two-sided power spectral
density  N,. Let r(t) =[rt) n(t) ... ,(t)]'.  Then
conditioned the unknown vector

u,, = [{a,, {gom} {83, ]", the conditional likelihood
function of r(t), based on (4), can be written as

Ele(t) [wyy, H,] =

L 9 NT, . 1 ¢V )
Hexp VORG[J.O rt(t)sl(t;ui,(])dt}—ﬁo‘[) sl(t;uw)| dt:.

(=1

(33)

Now let us define (13) and (14) for the ¢-th branch, i.e.
RN(é Z RH? - "' ’ mod7 (34)
kT, .
RO =J r (D) (0)dt, k=1, N, i=1,.,N. . (35)
' (k=1)T,

Therefore, (33) can be written as
E[r(t) w0, H;] =

2 L . i 1 L i
R R DIRCERL RS ) W AT

Clearly, (36) reduces to (12) for L =1. We also rewrite the
above conditional likelihood function in a convenient

product form
¥

E[r<>|u,mH1=H
exp{ Re[z @, e Rl } (Z/ 0((”)|5k |}7(37)

which is the natural generahzatlon of (17) for antenna
diversity.

When everything is known, expect for the data
symbols, the optimal array classifier is the one that relies
on ALRT, and its likelihood function can be derived by
averaging (37) with respect to the data symbols

N
E;rrayALRTnoUnknown [r(t)} = Es}’] |:
k=1
oo e[ 3 e - (3 ) ] o

On the other hand, when in addition to the unknown
data symbols, there are some unknown parameters, i.e.,
{ey,}7, and {¢@,,}/.,, integration over the unknown
parameters becomes more difficult for the array classifier
(notice the summations Y, 1010,6’]"’"’}21 and Y/, @, in
(37), which used to be single terms in (17), the single-
antenna classifier of Section IV). HLRT does not seem to
be a good solution also, as finding the ML estimates of
several parameters, depending on the number of antennas,
can be very time consuming. Therefore, we propose the
QHLRT approach for the array classifier, where
{a,}r, and {@,,}/, will be estimated using the low-
complexity estimators that rely on (28) and (30),
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respectively. Based on (37), the associated likelihood

function can be written as

t)]:f[ES;[
exp{ Re[z &, 67" Rl ] N, (Z[ a04)|3)2H.(39)

Interestingly, the simulation results of the HQLRT
array classifier, given in the next section, show that by
adding even one antenna to the standard single-antenna
classifier, one gets a significant performance improvement.

VII. SIMULATIONS AND DISCUSSION

A. Simulation Setup and Parameters

—(7

= ArrayQHLRT [r(

In snnulatlons we generate normalized constellations,
ie., E[| s\ |2] =1 for 16QAM, 32QAM, and 64QAM
Wthh makes ‘the power of the signal S in (2)
independent of the modulation type. Furthermore, instead
of working with ¢,, the channel amplitude in (1), it is
more convenient to work with the signal power for which
we have S, = @?. Then, as discussed in Section V and also
based on (28) we estimate the signal power using
S, = T,2[(2M2 -M,) /0.65)* . We also define the received
signal-to-noise ratio (SNR) per symbol as y, = SDTO/N0 .In
all the simulations we set 1) =1, and by keeping S, =1,
SNR is changed by varying N,. When simulating the
fading, the average fading power is set to 1, i.e.,
Q, = Ela*] =

To estimate ¢, , the channel phase in (1), we have used
eq. (30), which has a four-fold phase ambiguity [5], since
QAM has a 7z/2 symmetry. However, as expected, our
simulation results have confirmed that the probability of
correct classification, defined below, has a 7/2 symmetry
for QAM as well. So, the phase ambiguity of the estimator
has no effect on the classifier performance. When phase is
assumed to be known to the classifier, we set it to ¢, = 0.

To evaluate the performance of classifiers, we have used
the average probablhty of correct classification, defined by
P, =N, > B for equiprobable modulations, in
which PE )" is the conditional classification probablhty
More spe01flcally7 Pl is the probability to declare that
the i-th modulation is received, where indeed the i'-th
modulation has been originally transmltted Here Nmod =3

and P for each modulation has been estimated via 1000
Monte Carlo trials. The number of symbols is N =500.

B. Single & Multi-Antenna Classifiers in AWGN & Fading

According to Fig. 1, for a single-antenna classifier when
we have perfect (error free) estimates of all the parameters
(so, there is no unknown parameter), ALRT with
averaging over the unknown data symbols in AWGN
shows the best performance. However, the same ALRT
classifier in Rayleigh fading, again with perfect estimates of
the unknown parameters and averaging over the unknown
data symbols, exhibits a significant performance loss. This
motivates the application of antenna array, to take
advantage of spatial diversity. By adding only a second
antenna, we obtain a huge performance improvement,
when compared to the single antenna ALRT in Rayleigh
fading. For example, at P_=0.9 we get a 5 dB gain in
SNR. By adding a second antenna, ALRT in Rayleigh
fading also converges to ALRT in AWGN. Interestingly,

ALRT in AWGN gets some improvement from antenna
diversity, only at low SNRs. The four curves of Fig. 1
discussed here are obtained according to (38).

Clearly it is not possible in practice to find perfect
estimates of the signal power and channel phase. The
classification results of the proposed QHLRT, together
with the previously described MOM estimators, is shown in
Fig. 1 for Rayleigh fading. As expected, we get some
performance  degradation, when compared to the
hypothetical perfect estimates. However, by adding only a
second antenna, we again see the performance
enhancement. For example, at the 10 dB SNR, P, in
Rayleigh fading with imperfect estimates jumps from 0.82
to 0.94. Of course this will be further improved by using
more antennas. Note that with QHLRT and L =2 in
Rayleigh fading, P, does not increase with SNR. This is
mainly because of the simple phase estimator we have
used, for which the performance does not improve at high
SNR [31] and becomes less accurate for large QAMs [5].
Here we have used it just to demonstrate the utility of the
QHLRT concept and of course one can consider more
efficient but complex estimators, to get better performance.
The two curves of Fig. 1 with MOM estimates and
QHLRT are obtained via (39).

C. Effect of the Number of Antennas

In Fig. 2 we have plotted, versus the number of
antennas L, the P, of ALRT in AWGN and Rayleigh
fading, Wlth no unknown parameters, as well as the new
QHLRT with MOM estimates in Rayleigh fading. All the
curves are generated according to (38) and (39). As
expected, the performance enhances with L in all the
situations. The performance improvement is more
significant at low SNR. Furthermore, the largest jump in
P, versus L comes by adding the second antenna.
Interestingly, as we observed in Fig. 1, classification in
AWGN does not get that much improvement from the
antenna array. For SNR =10dB, P_ in Fig. 2 is almost 1,
whereas with SNR =5dB, P, in AWGN falls below the
P, in Rayleigh fading for L =4, and 5. To explain this,
one can argue that in AWGN with no unknown
parameters, the performance is affected only by SNR,
which is increased by an antenna array. However, in fading
channels, the antenna array not only increases SNR, but
also combats the deep fades, which are major sources of
performance loss.

D. Effect of the Correlation among the Antennas

In the derivation of the array classifier in Section VI
and the simulations so far, we have assumed the antenna
elements are far apart, and hence the branches are
uncorrelated. To see the impact of correlation on the
performance, in Fig. 3 we have considered Rayleigh fading
and these two-branch classifiers: ALRT with perfect
estimates in (38) and QHLRT in (39). The correlation
between the two antennas is defined by p,, = E[z,2],
where z =ae” and z, =@, are two zero-mean
complex Gaussian variables. A non-complex correlation
coefficient is simulated, such that 0< p, <1, which
corresponds to fading channels with the common model of
isotropic scattering [32]. As expected, P, decreases when
p,, increases. The performance degradation seems to be
less at high SNRs. Overall, the array classifiers which
assume uncorrelated branches, appear to be reasonably
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robust to some possible correlations that may exist
between the branches.

E. Effect of K Factor in Rice Fading with Antenna Array

As discussed in Section IV, one of the disadvantages of
ALRT in fading channels with unknown parameters is that
the classifier is going to be designed for a certain fading
distribution, e.g., eq. (23) for Rayleigh fading, via
averaging over the channel amplitude and phase. However,
when the fading distribution is changed, then the classifier
should be re-designed, which most likely does not have a
closed form, due to the complicated distributions of the
channel amplitude and phase. For example, look at [1] for
the complicated amplitude and phase distributions in Rice
fading. On the other hand, The QHLRT proposed in
Section V does not depend on the fading model.

To observe the utility of the QHLRT approach, see Fig.
4 where P, is plotted versus the Rice K factor, for
different number of antennas. The reasonable performance
of QHLRT in (39) for all K’s is noteworthy for L =1,
which is significantly enhanced by adding only one extra
antenna, i.e., L =2. The results of ALRT in Rice fading
with error free estimates of the channel amplitudes and
phases in (38) are also included as a reference, to which
QHLRT becomes quite close when L > 2.

Note that for K =0 and «o, Rice fading reduces to
Rayleigh fading and no fading, respectively [1]. This is why
all the P_’s in Fig. 4 increase with K.

VIII. CONCLUSION

In this paper, after an overview of decision-theoretic
approaches to blind modulation recognition, we have
focused on linear and nonlinear modulations in fading
channels, via a unified notation. After formulating the
problem in a systematic way, we have derived closed-form
expressions for the average likelihood function, required to
implement the classifier, under different channel conditions.
Due to the complexity of these classifiers, a new low-
complexity quasi-hybrid classifier is introduced. Then the
classification problem using an antenna array is formulated
and solved. From the simulation results one can conclude
the usefulness of the proposed quasi hybrid technique, as
well as the significant performance enhancement offered by
multiple antennas. Interestingly, by adding even a second
antenna to a single-antenna classifier, one can get a
reasonable improvement in the classification accuracy.
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QHLRT in Rayleigh fading (MOM estimates).
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Fig. 4. Performance comparison of a multi-antenna classifier in
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