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area. Following the system description, we present the proposed classification algorithms. In Section VI, the simulation
results are given, and paper is concluded in Section VII.

Abstract— Adaptive modulation is an effective method to
increase the spectral efficiency of OFDM based high-speed
wireless data transmission systems in time-dispersive (frequencyselective) channels. Blind modulation classification schemes play
an important role in adaptive modulation systems to eliminate
the need for transmitting the modulation information, thereby
increasing spectral efficiency. In this paper, a maximum-likelihood
(ML) modulation classifier which has the optimum performance
in the presence of white noise is presented. A sub-optimum classifier, which greatly reduces the complexity, is derived from the
optimum ML classifier. The performances of proposed classifiers
are tested using Monte-Carlo simulations for ideal and non-ideal
cases.

II. A DAPTIVE M ODULATION
Adaptive modulation is an effective method to increase the
spectral efficiency of OFDM based high-speed wireless data
transmission systems in time-dispersive (frequency-selective)
channels [1], [2]. The objective of adaptive modulation is to
change the modulation used in each sub-carrier depending on
the channel strength for that sub-carrier in order to achieve
a good trade-off between throughput and overall bit-error-rate
(BER). When the channel is highly reliable, the modulation
order is increased to take full advantage of the channel
condition and to maximize the throughput. As channel fades,
the modulation level is decreased to a level so as to provide
an acceptable BER. Adaptation is not limited to only varying
the modulation schemes alone, but also other parameters such
as coding rate, symbol rate etc. can be adapted depending on
the channel reliability information as mentioned in [3].
Adaptive modulation for OFDM systems is proposed in [1],
[2], and [4], where different modulations are used for each
sub-carrier. However, this is impractical since adaptation in
every sub-carrier would be extremely complicated. Therefore,
often, sub-carriers are grouped together, and adaptation is
performed on the entire sub-carrier group [5]–[7]. This is
termed as sub-band adaptive modulation and is illustrated in
Fig. 1, which shows the different modulations used at different
sub-carrier groups based on the channel conditions. Sub-band
adaptation decreases the signaling overhead and/or makes
the blind modulation classification possible. In [6] and [7],
sub-band adaptive modulation is proposed for OFDM based
WLAN systems.
Various modulation selection algorithms have been proposed
in literature, which use different criteria to decide between
modulation schemes based on the channel conditions. Modulation selection algorithms based on BER constraints, constant
throughput, or both, depending on the intended application,
are given in [5]. In this paper, modulation selection for each

I. I NTRODUCTION
Orthogonal Frequency Division Multiplexing (OFDM),
which is a multi-carrier modulation scheme, is a strong candidate for future communication systems to achieve high data
rates in multipath fading environments. In OFDM, the wide
transmission spectrum is divided into narrower bands and data
is transmitted in parallel on these narrow bands. Therefore,
symbol period is increased by the number of sub-carriers,
decreasing the effect of inter-symbol interference (ISI). The
remaining ISI effect is eliminated by cyclically extending the
signal. Adaptive modulation is a method to increase the data
capacity, throughput, and efficiency of wireless communication
systems. In adaptive modulation, the transmitter continually
monitors the dynamic channel and adjusts the transmission
parameters accordingly to maximize efficiency.
The three steps that entail the process of adaptive modulation are channel estimation, modulation selection, and signaling/blind classification of the modulation used. The focus
of this paper is restricted to reliable blind modulation classification schemes. A maximum-likelihood (ML) modulation
classifier which gives the optimum performance in the presence of white Gaussian noise is presented. A sub-optimum
classifier is derived from the optimum ML classifier to reduce
the complexity. The performances of these classifiers are tested
using Monte-Carlo simulations for ideal and non-ideal cases.
The rest of the paper is organized as follows. In the next
section, adaptive modulation is described. Section III explains
the blind modulation classification and gives prior art in this
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III. B LIND M ODULATION C LASSIFICATION
Blind modulation classification is a method to determine
the modulation type of a received signal. It has applications in
military communications, interference identification, etc.
Modulation classification is a well studied area in wireless communications. The problem has been traditionally approached in two ways, namely pattern recognition [8], [9] and
decision theoretic techniques [10]–[12]. In statistical pattern
recognition methods (see references in [13]), some statistical
representations of the received signal or some of its parameters
are extracted and used for determining the modulation employed by the transmitter. In a decision-theoretic framework,
modulation classification problem can be viewed as a multihypotheses testing problem, i.e. choosing from a number of
modulations based on the observed waveform [10].
Maximum likelihood methods for modulation classification
are studied in [10]–[15]. ML classifier gives the best performance among any other classifiers. In [12], the theoretical
limits of the ML classifier are derived.
In adaptive modulation, blind modulation detection schemes
can be used to minimize the loss of useful data bandwidth
by estimating the modulation scheme used at the transmitter
without explicit signaling. This has the advantage of increased
spectral efficiency and improved throughput over traditional
signaling schemes.
Two methods with reference to blind modulation detection
for adaptive OFDM systems are proposed in [16], which
are based on the decision theoretic approach. In the first
method, the mean Euclidean distance between the received
samples and all the closest legitimate constellation points of
all possible modulation schemes are calculated. The scheme
which minimizes this distance is chosen for demodulation. In
this method, however, there is always a bias toward the higher
order modulation schemes irrespective of the actual modulation
used. In [17], instead of using only the error information, the
unique distribution of these errors for each SNR and modulation scheme is taken into account. The received distribution
and the known distributions are compared using KullbackLeibler distance to find the closest match. The second method
proposed in [16] makes use of convolutional encoding with
Viterbi decoding to estimate the modulation scheme. However,
there is a high degree of computational complexity involved
and this method entails the use of coding, which is out of the
scope of this paper.
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Modulation mode selection based on perceived channel quality.
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sub-band is assumed to be done based on the estimated signalto-noise ratio (SNR) at the transmitter to provide a desired
BER performance while providing highest throughput. Available modulation options are restricted to BPSK, QPSK, 16QAM and 64-QAM. The SNR bounds within which different
schemes are used are shown in Fig. 2 for a target BER of 10−3 .
The ranges shown in this figure are used in our simulations.
In adaptive modulation, in order to demodulate the transmitted data correctly, the receiver has to know which modulation is being used at the transmitter. Two methods, namely
parameter signaling or blind detection, can be employed [5].
Parameter signaling is where the modulation information is
embedded within the transmitted data symbols. This has the
obvious disadvantage of reducing data throughput due to extra
signaling symbols. An alternative would be blind classification
of modulation used at the transmitter side which will be
explained in next section.
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IV. S YSTEM M ODEL
OFDM converts serial data stream into parallel blocks of
size N . These blocks are called OFDM symbols and they
can be represented by a vector X = [X1 X2 · · · XN ].
The data symbols Xk are obtained by using one of the
available modulation options (see Section II), and they are not
necessarily mapped with the same modulation.
The OFDM symbols are modulated using Inverse Discrete
Fourier Transform (IDFT) (of size N ) to obtain time domain
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samples as
x(n)

= IDF T {X}
N
−1

=
Xk ej2πnk/N

are assumed to be the same for all constellation points which is
the case in practical applications. Hence, P (aij |mi ) = 1/Mi .
Using this assumption and (5), (4) can be re-written as
0≤n≤N −1 ,

(1)

P (Yk |mi ) =

k=0

where Xk is the symbol transmitted on the kth sub-carrier.
Time domain signal is cyclically extended to avoid ISI from
previous symbol, filtered, passed through D/A conversion
block, and transmitted using antenna over a wireless channel.
At the receiver, the signal is received along with noise. After
the synchronization, down sampling, and the removal of cyclic
prefix, the baseband model of the received frequency domain
symbols can be written as
Yk = Hk Xk + nk ,

(2)

P (G|mi ) =
=

(3)

Given a received point Yk , the probability that this point
belongs to modulation mi can be expressed as
(4)

e


 . (8)

j=1

Eqn. 9 can be re-written now as

L
d2
L
min (n,i)
1
√
e− n=1 2σ2
. (11)
P (G|mi ) ≈
Mi 2πσ 2
Equivalently log-likelihood function can be used since logarithm is a monotone one-to-one function. After taking the
logarithm of (11) and removing the common term in each
modulation, log-likelihood function can be obtained as

where P (Yk |aij ) is the probability that received point was actually transmitted at jth constellation point of ith modulation aij .
Assuming the signal is distorted by white Gaussian noise, this
probability can be calculated as
i 2

(5)

where Ĥk is the channel frequency response estimate at kth
subcarrier. P (aij |mi ) is the a priori probability of constellation
point aij . Without loss of generality, these a priori probabilities
WCNC 2004 / IEEE Communications Society

1
√
Mi 2πσ 2

2
|Yn −Ĥn ai
j|
−
2σ 2

where ain is the hypothesis constellation point that gives
minimum distance for nth received sample. Let us define this
distance as
(10)
dmin (n, i) = |Yn − Ĥn ain | .

j=1

|Yk −Ĥk aj |
1
2σ 2
e−
,
P (Yk |aij ) = √
2πσ 2



Mi


B. Sub-optimum Method
Although ML method gives the optimum performance, it is
computationally intensive due to the need for calculation of
the exponential terms in (8). However, the exponential terms
in (8) are dominated by one term which corresponds to the
distance between received sample and the closest legitimate
constellation point. Neglecting the other terms, (8) can be reformulated as
L
2

|Yn −Ĥn ai
n|
1
2σ 2
√
e−
(9)
P (G|mi ) ≈
2
n=1 Mi 2πσ

Received symbols at each sub-carrier will have the form
as in (2). Let mi and Mi (i=1, 2, 3, 4) denote each one of
the possible modulations and the constellation size for each
modulation respectively. In this case, transmitted symbols Xk
are taken from a set of Mi complex numbers {a1 , a2 , . . . aMi }
if modulation mi is used. This set is known as constellation
and it is usually normalized to unity power, i.e,

P (Yk |aij )P (aij |mi ) ,



(7)

Given these probabilities, Bayes’ decision rule can be used
to choose the most probable modulation used. In the event
of equiprobable modulation types, kth modulation is chosen
among four candidate modulations if P (G|mi ) is maximized
for i = k. This method is applicable to any constellation-based
modulation types and it is shown that the performance of this
classifier can be described by the average SNR [12].

A. Maximum-likelihood Method

Mi


L


P (Yn |mi )

n=1

In this section, ML method for modulation classification is
given. Although this method gives the best possible classification performance, it requires calculation of exponentials which
increases complexity. A sub-optimum method, which reduces
the complexity with a very small degradation in performance,
is derived from the optimum method.

P (Yk |mi ) =

L

n=1

V. A LGORITHM D ESCRIPTION

M
1 i
|aj |2 = 1 .
Mi j=1

(6)

In sub-band adaptive OFDM, the same modulation is used
over a group of sub-carriers. Hence, all of those sub-carriers,
which are modulated with the same modulation, can be used to
predict the modulation type used at the transmitter. As the size
of these groups increases, the false classification probability
decreases. Let the size of each group be L, and let us represent
each group by G = [Y1 Y2 · · · YL ]. Assuming the transmitted
symbols are independent of each other, the probability of
modulation mi can be calculated by

where Yk and Hk are the received symbol and the frequency
response of the channel on the kth sub-carrier respectively, and
nk is the complex additive white Gaussian noise sample with
zero mean and variance of σ 2 .

E{|Xk |2 } =

Mi
2
|Yk −Ĥk ai

j|
1
2σ 2
√
e−
.
Mi 2πσ 2 j=1

H(G|mi ) = −

L

n=1
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The first term in (12) is equivalent to the metric used in
the SNR estimation based modulation classification algorithm
given in [16]. As explained earlier, that method has a bias
toward higher order modulations. Proposed algorithm removes
this bias with the additive term (second term in (12)) resulting
in much better performance.
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VI. R ESULTS
In order to verify the proposed algorithm, an OFDM system
with 64 sub-carriers is simulated. Sub-carriers are grouped into
four bands, each with 16 sub-carriers. One of four different
modulation schemes, namely BPSK, QPSK, 16-QAM and 64QAM, are used in each sub-band for transmission based on the
observed channel conditions. For simulations, perfect channel
knowledge is assumed.
Fig. 3 shows the false classification probability of ML and
sub-optimum algorithms when only one type of modulation
is used at the transmitter side. In other words, over the
whole SNR range, only one modulation is used and four
possible modulations are tested. As this figure clearly shows,
the performance degradation in sub-optimum algorithm is very
small. However, the proposed sub-optimum solution has a
bias toward lower order modulations. In sub-optimum solution,
only the dominant term in (6) is used and the other terms are
ignored which are not the same for each modulation. Actually,
the ignored part is larger for higher order modulations which
causes a bias toward lower order ones. This bias, however,
improves the performance of blind modulation classification
in the case of adaptive modulation, since most of the errors
occur at lower order modulations. This bias can be removed
(if desired) with an SNR depended correction term which is
an area of further research.
Fig. 4 shows the classification error rate (CER) when
transmitter modulates the input data with one of the available
modulations with equal probabilities, regardless of the channel
conditions. In this case, the performance of the algorithm is
limited by the performance of highest order modulation. These
two figures show that the sub-optimum classifier can also be
used for modulation classification on applications other than
adaptive modulation.
In sub-band adaptive OFDM, certain modulations are used
only within a calculated (transmitter) SNR range as explained
in Section II. Fig. 5 shows the CER when transmitter has perfect SNR knowledge. Note that the errors are very small, when
proposed sub-optimum algorithm is used for classification. The
probabilities of transmitting each modulation for a given SNR
are shown in Fig. 6(a) in this case.
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Fig. 3. Classification error rates for each modulation. Solid lines show ML
classifier and dashed lines show sub-optimum algorithm.
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Classification error rates for equiprobable transmission for each
modulation.

false classification probability. Nevertheless, the performance
degradation is not significant.

B. Effect of imperfect noise variance estimation

A. Effect of using wrong modulation at the transmitter

Optimum and sub-optimum algorithms require noise variance information which can be estimated at the receiver [18].
However, a perfect estimation is not always possible. To test
the robustness of the proposed algorithms to imperfect noise
variance estimation, a simple noise variance estimator is implemented. Noise variance is estimated after the classification
of OFDM symbol is done and this estimate is used in the
classification of succeeding OFDM symbols. Estimated noise

In Fig. 5, only one modulation is used within a given SNR
range in transmitter. However, transmitter might have SNR
estimation error leading to use a different modulation than the
ideal one. The SNR estimation error at the transmitter side is
modeled as shown in Fig. 6(b), where an overlap of 5.5dB is
allowed. Fig. 7 shows the corresponding CER. As Figs. 5 and 7
imply, the SNR estimation error at the transmitter increases the
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Fig. 5. Classification error rates of ML classifier and sub-optimum classifier
in ideal adaptive modulation case. Note that the sub-optimum does not have
any errors.
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are considered. In practical applications, more complicated
estimators can be used. CERs of ML and sub-optimum algorithms, in the case of perfect and estimated noise variances, are
shown in Fig. 8. Transmitter is assumed to have perfect SNR
information. ML classification algorithm as well as proposed
sub-optimum algorithm are quite robust to the noise variance
estimation errors as can be seen from Fig. 8. A classification
error performance smaller than 10−4 is maintained.
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(b) Non-ideal transmitter
Fig. 6. Transmit probabilities of each modulation as a function of true SNR
for an ideal transmitter and for a transmitter with SNR estimation error.

variance can be formulated as
K
1  2
σ̂ =
dmin (n) ,
K

2

VII. C ONCLUSION

(13)

In this paper, a ML modulation classifier for adaptive
OFDM systems, which gives the optimum performance, is
presented. A sub-optimum classifier, which greatly reduces
the complexity, is derived from the optimum ML classifier.
The performances of these classifiers are tested using Monte-

k=1

where K is the number of symbols over which noise variance
is estimated. Noise variances estimated over one sub-band
(16 subcarriers) and over an OFDM symbol (64 subcarriers)
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Carlo simulations for ideal and non-ideal cases. It is found
that, the proposed sub-optimum algorithm yields performance
close to optimum with much less complexity. Hence, it can be
used in practical systems instead of signaling to increase the
spectral efficiency. Constant envelope property of some of the
employed modulations can also be used to further decrease the
computational complexity which will be studied in the future.
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