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ABSTRACT In classification of signal modulation types in MIMO systems, it is difficult to achieve
both high accuracy and high computational efficiency at the same time. State-of-the-art likelihood based
methods incur massive increase in computational complexity when the number of transmitting antennas
and the order of modulation increase. To make modulation classification feasible in time critical systems,
we propose a low complexity algorithm with an ensemble of distribution tests. Three goodness-of-fit and a
novel variance based distribution tests are employed to examine the mismatch between unknown signal and
different modulation hypotheses. The results from all tests are combined by a multilayer perceptron classifier
for improved robustness under a variety of channel conditions including AWGN channel and slow fading
channels. The resulting solution achieves performance close to the maximum likelihood classifier at high
SNR. Yet, it requires much lower computational complexity in all cases.

INDEX TERMS Modulation classification, modulation recognition, MIMO systems, distribution test, low
complexity.

I. INTRODUCTION
In communication systems where modulation information
is unknown to the receiving end, modulation classification
algorithm can be employed to provide such information by
analyzing statistical characteristics of the receiving signal [1].
Despite having been studied extensively in SISO systems
[2]–[6], the implementation of modulation classification in
MIMO systems faces many new challenges [7], [8]. Due to
the increase in the number of transmitting antennas, received
signals exhibits much more complex characteristics, espe-
cially combined with higher-order modulations.

Choqueuse et al. first formulated the likelihood based
method for modulation classification in MIMO systems [9].
The proposed method provided optimal classification accu-
racy when perfect channel-state-information is available to
the receiver. However, the required number of operations
grows exponentially with the number of transmitting anten-
nas and the modulation order. Thus the optimal accuracy
can only be achieved when sufficient computational power
is provided or there is no constraint on processing time.
In reality, most computation systems are unable to dedicate
enough computational power to such tasks. Such problem
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is worsened when the number of antennas and the order of
modulations increase to facilitate higher data throughput.

Kanterakis and Su tried to reduce the computational com-
plexity of the likelihood based classifier by modifying the
likelihood function [10]. However, the level of complexity
reduction is limited and classification accuracy is signifi-
cantly affected. Dulek proposed a likelihood based method
in combination with an online channel estimator [11]. It sig-
nificantly improves the computational complexity for the
estimation process of channel-state-information. However,
the classification process remains largely the same as the
one developed by Choqueuse. Mühlhaus et al. developed a
feature based MIMO modulation classifier using high-order
statistics [12]. Similar feature based methods have also be
explored by Han et al. [13]. While the complexity of feature
based classifiers is often unaffected by the number of trans-
mitting antennas or the modulation order, they are unable to
fully utilized the channel-state-information to achieve opti-
mized classification accuracy. A combination of moment fea-
tures and likelihood maximization has been experimented for
a balance between classification accuracy and computational
complexity in [20]. However, its performance has not been
validated in MIMO systems.

Recently, research on machine learning aided modula-
tion classification has been developing rapidly. Zhang et al.
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proposed a dictionary learning based modulation classifier by
training with known signal and classifying unknown signals
with their sparse representation on the trained dictionary [14],
[15]. Peng et al. adopted convolutional neural network (CNN)
for the task of modulation classification [16]. Similar deep
learning based methods have also been proposed by Ali and
Yangyu [21], Zheng et al. [17] and Yang et al. [18]. Most
of these machine learning based methods claim to have low
computational complexity. However, such claim is only valid
when ignoring the length of the training process. In addition,
none of these methods was developed for MIMO systems.

To address the computational complexity issues of modu-
lation classification in MIMO systems, the authors propose
a distribution based classifier with significantly lower com-
plexity and the ability to utilize channel-state-information
for improved classification accuracy. Distribution test based
methods have proven to be computationally efficient in SISO
systems [19], [23]–[26]. As distribution tests can be vulnera-
ble against abnormality under noisy conditions, we propose to
combine three classic distribution tests together with a novel
variance distribution test for improved robustness in AWGN
channel and slow fading channels. The main contributions
of the paper can be summarized as follows: (1) deriving the
Kolmogorov–Smirnov, Cramer-Von Mises, and Anderson-
Darling tests for modulation classification inMIMO systems;
(2) proposing the variance distribution test; and (3) develop-
ing a MLP mechanism to provide classification decision by
considering results from different distribution tests jointly.

The paper is organized as follows. The signal model is
established in Section II. The distribution tests employed
are presented in Section III. The classification strategy is
discussed in Section IV. Section V includes the simulated
experiment setup, numerical results as well as analysis of
both classification and computational complexity based on
the results.

II. SIGNAL MODEL
In this paper, we consider a MIMO system with NT transmit-
ting antennas and NR receiving antennas. Under the assump-
tion of a flat fading and time-invariant MIMO channel,
the kth received signal vector at the instant k , denoted rk =
[rk (1), rk (2), · · · , rk (NR)]T can be expressed as

rk = αej(2π fonT+θo)Hxk +ωωωk , (1)

where xk = [xk (1), xk (2), · · · , xk (NT )]T is the kth trans-
mitted signal symbol vector (NT × 1), which is assigned
randomly from the alphabet set AM of modulation M with
equal probability. The channel matrix H is a NR × NT com-
plex matrix with the element hj,i representing the path gain
between ith transmitting antenna and jth receiving antenna,
having NR ≥ NT , i.e.,

H =

 h1,1 · · · h1,NT
...

. . .
...

hNR,1 · · · hNR,NT

 . (2)

ωωωk = [ωk (1), ωk (2), · · · , ωk (NR)]T is the additive noise
observed at the kth signal sample. The additive noise is
assumed to be white Gaussian with zero mean and variance
σ 2
ω which gives ωk ∈ N (0, σ 2

ωINR ), where INR is the identity
matrix of size NR × NR. Channel gain α is considered as
constant in each signal realization, while varying uniformly
between [0, 1] among different signal realizations.
Prior to classification, the received signal samples are first

normalized to zero mean and unit power on their in-phase
and quadrature components respectively. The normalization
formula is defined by

rk =
<(rk )−<(r)
σ (<(r))

+ j
=(rk )−=(r)
σ (=(r))

, (3)

where <(r) and =(r) indicate the means of the real and
imaginary components of the complex signal separately, and
σ (<(r)) and σ (=(r)) represent the standard deviations of
the real and imaginary components of the complex signal
separately.

III. THE GOODNESS-OF-FIT TEST
The Goodness-of-Fit (GoF) is often used to measure the con-
sistency between observed samples and hypothesised statis-
tical models. The test statistic for GoF tests can be applied to
certain sequence of features {zk}Nk=1 extracted from received
signal samples {rk}Nk=1, where the real and imaginary compo-
nents, the phase, or the magnitude of the received signal {rk}
can be used. In order to compute the empirical cumulative
distribution, consider {zk}Nk=1 containingN number of feature
values of the received signal organized in order. Let F1(z)
denote the empirical cumulative distribution obtained from
the sequence of features extracted from received symbols.
F1(z) can be represented as:

F1(z) =
|{k : zk ≤ z, 1 ≤ k ≤ N }|

N
,

1
N

N∑
k=1

I(zk ≤ z), (4)

where I(·) denotes the indicator function, which equals to one
if the input is true, and equals to zero otherwise.

For transmitted signals xk , since ωk ∈ N (0, σ 2
ωINR ) and

considering all the signal points in constellation as equiprob-
able, the theoretical distribution F0(z) of zk under modulation
candidateMk is given by

F0(z) = 1−
1
|Mk |

∑
x∈Mk

Q

(√
2|x|
σ

,

√
2z
σ

)
, (5)

where Q(a, b) is the Marcum Q-function.
Assuming that the hypothesized distribution is F0(z),

the modulation classification problem can be expressed as a
hypothesis testing problem with a null hypothesisH0, and the
general alternative hypothesis H1, i.e.,

H0 : F1(z) = F0(z), (6)

H1 : F1(z) 6= F0(z). (7)
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The intuitive understanding of the hypothesis H0 is that
{zk}Nk=1 is an i.i.d. sequence generated by the empirical distri-
butionF1(z) against alternativeH1 which states that {zk}Nk=1 is
not an i.i.d. sequence generated by the empirical distribution
function F1(z). Under the null hypothesis, F1(z) will be close
to F0(z) when N is large enough.

The modulation classification decision can be achieved by
finding the the modulation candidate which provides the min-
imum distance between empirical distribution and hypoth-
esized distribution using the GoF test. This process can be
described with the following equation,

M̂ = arg min
1≤k≤M

Dk(.), (8)

where M̂ is the estimated modulation, Dk(.) denotes the dis-
tance evaluated for each modulation candidateMk .

Different GoF tests have been proposed in mathematical
statistics based on the definition of distance between the two
distributions F1(z) and F0(z). The distance between the two
distributions indicates the fit between the empirical distri-
bution and the hypothesized distribution. There are different
types of non-parametric distribution tests to calculate such
difference including Kolmogorov-Smirnov test, Cramer-von
Mises test, and Anderson-Darling test.

A brief overview of steps involved in modulation classifi-
cation using the GoF test is given as Algorithm 1.

Algorithm 1 Framework of GoF Test in MIMO System

Input: Received signals {rk}Nk=1 and noise variance σ 2
ω

1: for each receiving antenna nr do
2: Obtain the sequence of signal features {zk}Nk=1;
3: Sort the signal samples with sort ({zk}Nk=1);
4: Calculate the empirical distribution using (4);
5: for each modulation candidateMk do
6: Generate modulation symbols Sm = HAm;
7: for each modulation symbol si do
8: Calculate the theoretical CDF;
9: end for

10: Calculate the mean of the theoretical CDF;
11: Evaluate the distance between empirical
12: CDF and theoretical CDF;
13: end for
14: end for
15: Calculate the mean of the test statistics Dk(.);
Output: Choose M̂(.) = argmin1≤k≤M Dk(.)

A. KOLMOGOROV-SMIRNOV TEST
In the Kolmogorov-Smirnov (KS) test [27], firstly, a sequence
of feature {zk}Nk=1 is obtained from the received signals
{rk}Nk=1 using any of the features such as magnitude,
phase, or real and imaginary components. Secondly, empir-
ical distribution is evaluated from the features obtained
from received samples using (24). Thirdly, for each modula-
tion candidate Mk we obtain the hypothesized distribution.

The test statistic for KS test is given as

DKS , sup
z∈R
|F1(z)− F0(z)|, (9)

and in practice, it is calculated by

D̂KS = max
1≤n≤N

|F1(zn)− F0(zn)|. (10)

B. CRAMER-VON MISES TEST
The Cramer-von Mises test (CvM) is also a statistical test
model same as KS test [28], used for measuring the goodness-
of-fit of the theoretical CDF F0 (z) compared to the empirical
CDF F1 (z) in one-sample scenarios [30]. The test statistics is
defined as the integral of the squared difference between the
empirical CDF F1 (z) and the theoretical CDF F0 (z), i.e.,

DCvM ,
∫
∞

−∞

[F1 (z)− F0 (z)]2 dF0 (z) . (11)

Then the decision statistics is defined in practice as

D̂CvM = nDCvM =
1

12n
+

n∑
i=1

[
2i− 1
2n
− F(zi)

]2
, (12)

where F(zi) is the theoretical CDF value of the ith signal
sample and n is the total number of the observed samples.

C. ANDERSON-DARLING TEST
The Anderson-Darling (AD) test is also a statistical test
model with no parameters needed [29]. AD test is based on
empirical distribution function. Compared with the Cramer-
von Mises test, the test statistics is the Cramer-von Mises test
with an added weight function w(z). It is defined as

DAD ,
∫
∞

−∞

[F1 (z)− F0 (z)]2 w(z)dF0 (z) , (13)

where the weight function is defined by

w(z) =
1

F0(z) (1− F0(z))
. (14)

Then the decision statistics is defined in practice as

D̂AD = NDAD

= −n−
1
n

n∑
i=1

[(2i− 1) lnF(zi)

+ (2n+ 1− 2i) ln[1− F(zi)]], (15)

where F(zi) is the theoretical CDF value of the ith signal
sample and n is the total number of the observed samples.

D. VARIANCE TEST
The aforementioned testsmeasure distributionmismatchwith
maximum or accumulated distribution difference in essence.
However, when signals are not properly equalized or the sam-
ples are not equally distributed among all modulation sym-
bols, the mismatch can be exaggerated even if the observed
signal matches the hypothesized distribution. In such cases,
the consistency of the difference over different locations can
provide useful information to compensate for such effects.

VOLUME 8, 2020 128821



Z. Gao et al.: Modulation Classification in MIMO Systems With Distribution Test Ensemble

In order to utilize this information, we propose a Variance
(Var) test to determine how the distribution mismatch varies
over the different signal components. The Var test results is
obtained by calculating the variance (σ̂ 2) of the difference
(di) between empirical CDF and theoretical CDF, as given by

di = F1(zi)− F0(zi), (16)

σ̂ 2
=

1
N

N∑
i=1

(di − µ)2 =

(
1
N

N∑
i=1

d2i

)
− µ2, (17)

where the mean (µ) of the difference is given by

µ =
1
N

N∑
i=1

di. (18)

Notably, the purpose of the Var test is not to provide
accurate classification independently. Instead, it is meant to
be combinedwith other GoF tests to provide improved overall
robustness.

IV. PROPOSED CLASSIFICATION STRATEGY
Given results from four different distribution tests, the clas-
sifier needs to combine these results and make a final clas-
sification decision. In this paper, a multi-layer perceptron
(MLP) network is used for this purpose. Similar approaches
have been adopted in modulation classification with good
effect [31], [32]. A MLP network consists of at least three
layers of nodes: an input layer, a hidden layer, and an output
layer. Fig. 1 shows the structure of multilayer perceptron
network with a single hidden layer. Except for the input
nodes, each node is a neuron that uses a nonlinear activation
function which maps the input space non-linearly into an
output space. The MLP process can be expressed using the
following equation,

yk = φ

 q∑
i=1

ωkiφ

 p∑
j=1

ωijxj

 , (19)

where yk is the output of the MLP network, wij is the weight
value from neuron j of input layer to neuron i of hidden layer,
wki is the weight value from neuron i of hidden layer to neuron
k of output layer, xj is the jth input feature, and φ(·) is a non-
linear activation function.

A. TEST RESULTS COMBINATION
In this paper, the test statisticsDk(.) based on GoF tests and Var
test are first combined to create a matrix t∗modn that matches
the MLP input layer.

Firstly, the test results are grouped into the matrix t∗mod in
the following format,

t∗mod =


tKSmod1 tKSmod2 . . . tKSmodL
tCvMmod1

tCvMmod2
. . . tCvMmodL

tADmod1 tADmod2 . . . tADmodL
tVarmod1

tVarmod2
. . . tVarmodL

 , (20)

FIGURE 1. Multilayer perceptron.

TABLE 1. MLP classifier structure.

where L represents the total number of the candidate modu-
lation types. Each element in the matrix corresponds to the
result from an individual distribution test when tested against
a candidate modulation. For example, tKSmod1 is equivalent to
D̂KS when tests against the first modulation candidate. The
other elements can be interpreted in a similar fashion.

Secondly, each column in t∗mod are combined using
weighted sum to obtain t∗modl for the lthmodulation candidate.
The process can be depicted in the following equation,

t∗modl = wk tKSmodl + wct
CvM
modl + wat

AD
modl + wvt

Var
modl . (21)

In this paper, the weights are equally distributed among
different test results. However, further optimization can be
performed to achieve improved performance.

B. MLP CLASSIFIER STRUCTURE
The MLP network consists of three or more layers (an input
and an output layer with one or more hidden layers) of non-
linear activating nodes. The parameters of the MLP classifier
including activation function and weight optimization are
optimized by cross-validated grid-search over a parameter
grid. Particularly, the number of hidden layer neurons is
designed based on an experience formula

h =
√
m+ n+ a, (22)

where h is the number of hidden layer neurons, m is
the number of input layer neurons, n is the number of
output layer neurons, a is an integer between 1 and 10.
Specific parameters for MLP classifier structure are listed
in TABLE 1. Fig. 2 shows the classifier strategy of proposed
method for MIMO system.
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FIGURE 2. Classifier strategy of proposed method for MIMO system.

V. EXPERIMENTS AND RESULTS
To evaluate the proposed modulation classification methods,
simulations have been conducted in the PYTHON environ-
ment to investigate the classifier performance under AWGN
channels and fading channel conditions. In the simulations,
the number of transmitting antennas and receiving antennas
are set to NT = 2 and NR = 4. Unless otherwise stated, there
are N = 128 samples in each signal realization. Under each
channel condition, 1,000 signal realizations are generated for
each signal modulation.

The following modulation schemes are considered in
all of our simulations M = {BPSK ,QPSK , 8 − PSK ,
4 − QAM , 16 − QAM}. Other digital modulations can be
classified in the same procedure with very little modifica-
tion. Other parameters of the simulations are summarized in
TABLE 2.

The classification accuracy Pacc for each modulation can-
didate is given in percentage and estimated by

Pacc =
Nc
Ntotal

× 100%, (23)

where Nc is the number of a modulation correctly classified,
and Ntotal is the total number of test realizations.

A. BENCHMARKING CLASSIFIER
To test the proposed method against other state-of-the-art
classifiers, The Maximum Likelihood (ML) classifier is
selected as the benchmarking classifier [9]. The likelihood
equation in the ML classifier as given in the following equa-
tion

L(rk |M, σ ) =
N∏
k=1

M∑
m=1

1
M

1
(2πσ 2)NR

e−
||rk −HAm||2F

2σ 2 ,

(24)

TABLE 2. Test parameters.

where || · ||2F represents the Frobenius norm. K denote the
number of states of given a modulation signal, and then
M = KNT represents the number of transmitted symbol
vectors. Am is the mth possible transmitted symbol set.
With the consideration of analytical convenience in prac-

tical cases, we adopt the natural logarithm of the likelihood
function L as the likelihood value, i.e.,

logL(rk |M, σ )

= log

(
N∏
k=1

M∑
m=1

1
M

1
(2πσ 2)NR

e−
||rk −HAm||2F

2σ 2

)

=

N∑
k=1

log

(
M∑
m=1

1
M

1
(2πσ 2)NR

e−
||rk −HAm||2F

2σ 2

)
. (25)

The modulation classification decision can be obtained by
the one which maximizes the Likelihood Function, i.e.

M̂ = arg max
Mi∈M

logL(rk |M, σ ). (26)
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FIGURE 3. Classification accuracy of Quadrature-based classifier
(BPSK, 8-PSK, 4-QAM, 16-QAM) with varying noise levels.

FIGURE 4. Classification accuracy of Quadrature-based classifier
(4-QAM, 16-QAM, 64-QAM) with varying noise levels.

B. PERFORMANCE IN AWGN CHANNEL
In the AWGN channel, two sets of experiments are conducted
to evaluate performance under varying noise levels and vary-
ing signal lengths respectively. Since distribution tests can be
performed on different signal components, they are applied
to signal quadrature, magnitude and phase components sepa-
rately in different tests.

In the first set of experiments, the simulation results are
provided to compare the performances of the ML clas-
sifier, four classifiers each based on a single distribution
test, and the proposed DTE classifier. As demonstrated
in Fig. 3, the ML classifier achieves highest accuracy at all
SNR levels as expected. When applied to signal quadrature,
the DTE classifier is able to achieve good classification
accuracy at SNR ≥ 10 dB where classification accuracy is
at 97.1%. Perfect classification can be achieved by DTE at

FIGURE 5. Classification accuracy of Magnitude-based classifier
(BPSK, 8-PSK, 4-QAM, 16-QAM) with varying noise levels.

FIGURE 6. Classification accuracy of Magnitude-based classifier
(BPSK, 8-PSK, 4-QAM, 16-QAM) with varying noise levels.

SNR≥ 14 dB. Compared against other distribution test based
classifier, the proposed DTE classifier achieves between
0.5% and 1.5% higher accuracy than the best signal test
classifier over the tested SNR range. The biggest perfor-
mance improvement is seen between SNR of 10 dB and
14 dB. Fig. 4 shows the classification performance of the
proposed DTE classifier for higher-order modulation modes.
The results show that the DTE classifier is better than any
single distributed test classifier in the entire SNR range.
Under high SNR conditions, the difference in recognition
accuracy between DTE and distribution test is more obvious.
In Fig. 5, it is clear that the the proposed DTE classifier based
on signal magnitude maintains the advantage over single
test classifiers especially in the higher and lower range of
SNRs. The biggest difference is observed at 16 dB where
DTE offers an accuracy of 93.5% and AD test based classifier
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FIGURE 7. Classification accuracy of Phase-based classifier
(BPSK, QPSK, 8-PSK) with varying noise levels.

FIGURE 8. Classification accuracy of Quadrature-based classifier
(BPSK, 8-PSK, 4-QAM, 16-QAM) with varying signal length with
SNR of 5 dB.

offers 91.4%. Fig. 6 demonstrates performance difference
between DTE without the proposed Var test and DTE with
the Var test. With the introduction of Var test, the DTE
classifier achieves improved classification accuracy over the
entire SNR range tested. When the SNR is lower than 6 dB,
the advantage of DTE with Var test over DTE without Var
test is more obvious and the biggest difference is 2.7% at
SNR = 5 dB. In addition to the quadrature and magnitude
component, signal phase is easily recognized as an intuitive
object for analysis when classifying M-PSK modulations.
According to the classification performance in Fig. 7, it is
distinct that the proposed DTE classifier outperforms the
single test classifiers throughout the SNR range. In the mid
and lower range of SNRs, DTE classifier provides greater
advantage and achieves a classification accuracy of 68.3%
offering the largest performance improvement of 6.9%.

FIGURE 9. Classification accuracy of Magnitude-based classifier
(BPSK, 8-PSK, 4-QAM, 16-QAM) with varying signal length with
SNR of 16 dB.

In the second set of experiments, with majority of the
experiment setup unchanged, different signal lengths N
between 50 and 1000 are tested. According to the results
shown in Fig. 8, the ML classifier excels in all signal lengths
from N = 50 to N = 1000. Its performance advantage
reduces when signal length increases. When compared with
the AD test classifier, the DTE method shows a superior
robustness especially when signal length is below 600, while
the improvement is limited when the number of samples is
more than 650. In Fig. 9 where signal magnitude is used
for analysis, the biggest advantage of DTE is observed at
N = 50, where DTE obtains a classification accuracy of
85.9%, which is 4.1% over CvM test having a classification
accuracy of 81.8%. Excluding ML classifier, the results also
show that the other classifiers suffer from reduced number of
samples and the classification performance declines almost
linearly with signal length below 200. However, when suf-
ficient statistics are available (signal length above 500), all
methods are able to achieve a relatively stable performance.
Fig. 10 shows the accuracy of different classifier when tested
under a fading channel with varying signal length. Under
the fixed SNR (16 dB) and frequency offset (2 × 10−3 of
the carrier frequency), the performance of the DTE classifier
gradually improves when the signal length increases and is
hardly affected by the frequency offset. Overall, the distri-
bution test classifiers maintain an upward trend when the
signal length gets larger, but the recognition performance
partially decreases, especially when the signal length is large.
The cause of the decrease may be that signal realizations
is insufficient. As presented in Fig. 11 where signal phase
is considered for the classification of M-PSK modulations,
the performance of the DTE classifier is superior to KS
test for all the signal length ranges, and DTE gains more
advantage with signal length below 400.

Classification accuracy of proposed DTE for individual
modulation in AWGN channel are shown in TABLE 3.
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FIGURE 10. Classification accuracy of Magnitude-based classifier
(BPSK, 8-PSK, 4-QAM, 16-QAM) with varying signal length with SNR of
16 dB and frequency offset of 2 × 10−3 of the carrier frequency.

FIGURE 11. Classification accuracy of Phase-based classifier
(BPSK, QPSK, 8-PSK) with varying signal length with SNR of 20 dB.

TABLE 3. Classification accuracy of proposed DTE for individual
modulation in AWGN channel.

Firstly, it can be concluded that the BPSK modulation can
be recognized most easily with Quadrature-based classifier.
The modulations of 8-PSK, 4-QAM, 16-QAM, however,

FIGURE 12. Classification accuracy of Magnitude-based classifier (BPSK,
8-PSK, 4-QAM, 16-QAM) with frequency offset from 1 × 10−3 to 2 × 10−3

of the carrier frequency.

also have a great performance at SNR > 10 dB. Secondly,
Both BPSK and 16-QAMmodulations can be classified with
higher accuracy by the DTE classifier using magnitude fea-
ture at higher SNRs. Thirdly, though the numerical results
show that the proposed algorithm with phase feature exhibits
good performance for BPSK modulation, QPSK and 8-PSK
modulations in classification process reflect poor perfor-
mance for all tested values of SNRs.

C. PERFORMANCE IN FADING CHANNEL
In order to test the proposedmethod in more complex channel
conditions, phase offsets and frequency offsets are applied to
the signal separately along with fixed level of AWGN noise
at 16 dB.

It must be stated that the magnitude-based DTE calssifier
is selected as the proposed solution in this scenario. As the
signal magnitude does not distort under phase offset and
frequency offset, the magnitude of the received signals is
selected for robust performance in these scenarios. Slow fad-
ing is assumed in the following tests. Thus the phase offset
is assumed to be a constant throughout a signal realization
while a range of offset values between 6◦ and 20◦ are tested.
Frequency offset is added to the signal separately from the
phase offset, in which case the amount of offset tested is set
to a range between 1 × 10−3 and 2 × 10−3 of the carrier
frequency. Reminding set up follows the ones in AWGN
channel with only the SNR fixed at 16 dB.

In the frequency offset channel, it is evident from
Fig. 12 that the proposed DTE classifier excels over other
benchmarking classifiers. The performances of ML classifier
are significantly affected by frequency offset due to the severe
mismatch between received signals and the assumed models.
while the ML classifier starts with the 100% classification
accuracy with no offset, the performance starts to decline
sharply when more frequency offset is introduced. However,
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TABLE 4. Number of operators needed for different classifiers used in experiments.

FIGURE 13. Classification accuracy of Magnitude-based classifier (BPSK,
8-PSK, 4-QAM, 16-QAM) with phase offset from 6◦ to 20◦ at SNR of 16 dB.

the KS test, CvM test, AD test, Var test and the proposed
DTE classifier are all able to maintain a constant level of
performance in the given frequency offset range. Particularly,
the DTE classifier achieves a classification accuracy of 93%
with an advantage of 2% as compared to the 91% classifica-
tion accuracy of the AD test classifier.

In the phase offset channel, it can be observed from
Fig. 13 that the proposed DTE classifier achieves a consistent
classification accuracy throughout the tested phase offset
range. while the KS test, CvM test, AD test, Var test and the
proposed DTE classifier all achieve the robust performance,
the average classification accuracy of the DTE classifier
remains at 93% and is 2% higher than the 91% classification
accuracy observed for the AD test classifier. In contrast,
the ML classifier is rather sensitive to the slow phase offset.
From Fig. 13, it can be seen that, despite being more accurate
with little phase offset, theML classifier become less accurate
when there is more than 11◦ of phase offset introduced.When
there is more than 11◦ of phase offset, the proposed DTE
classifier become the best option among the benchmarked
methods.

D. COMPLEXITY ANALYSIS
To analyze and compare the computational complexity of
the proposed method against other classifiers, the number
of mathematical operations required for each classifier are
worked out. The numerical results are presented in Table 4,
where the number of samples of each receiving antenna is N ,
the modulation candidate pool has M number of modulation
candidates, the number of receiving antennas is given by NR,
the number of symbols of the mth candidate modulation is
represented by Im, l is the number of network layers, nk is the
number of the kth layer neurons.

From the six tested methods in Table 4, we can obvi-
ously see that the ML classifier has highest-level of
computational complexity compared with the other four
distribution test methods and DTE method, which is
attributed to the large number of exponential and logarithm
operations needed. Notably, the number of exponential oper-
ation scales exponentially with the number of transmitting
antennas and modulation order. For the Var test classifier, it is
clear that it has a much lower the computational complexity
and requires fewer additions compared against the KS test
based method. Although there is some complex computa-
tion involved in the training of weights for DTE, MLP in
this paper is a simple network requiring fewer addition and
multiplier operations. Moreover, it is worth clarifying that
it is done offline beforehand and will not be repeated for
every classification task. Without considering the complexity
of MLP training, the requirement on computational power
and memory for the DTE classifier is only the sum of the
complexity of distribution test. Furthermore, compared with
distribution test classifiers, while the DTE classifier exhibits
a higher computational complexity, the results show that the
proposed approach via distribution test ensembles outper-
forms the single distribution test in all cases. In terms of the
system memory, three distribution tests and the Var test need
identical memory and have amuch higher memory space than
the ML classifier when received signals N is larger.

VI. CONCLUSION
A novel modulation classifier, namely DTE, has been pro-
posed for the purpose of classifying M-QAM and M-PSK
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modulations in MIMO systems with low computational com-
plexity. It has been demonstrated by numerical results that
the proposed DTE classifier outperforms other distribution
test based classifier in different channel conditions. While
the performance of the DTE classifiers is inferior to the
ML classifier in AWGN channel, DTE can offer superior
performance in slow fading channels when appropriate signal
component is chosen for analysis. In addition, the compu-
tational complexity of the proposed method is much lower
than the ML classifier. In massive MIMO systems with high-
order modulations, the ML classifier would be impractical
due to its high computational complexity. On the other hand,
the proposed DTE classifier offers good classification accu-
racy, requiring much lower complexity.
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