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Abstract—The back propagation (BP) neural networks have
been commonly used for automatic modulation recognition
since the late 1990s. However, the back propagation algorithm
easily falls into local minimum and the network learning is
sensitive to initial weight values which usually determined by
experience. The particle swarm optimization (PSO) algorithm is
a global heuristic searching technology. By combing these two
techniques, this paper presents a novel automatic modulation
classifier. By training BP neural network with PSO optimization,
this classifier can identify seven digital signals with six input
features. The experiment results show that this recognizer
achieves about 92% recognition performance at the SNR of
0dB.

Index Terms—automatic modulation classifier, particle swarm
optimization, back propagation neural network, parameter
optimizations.

l. INTRODUCTION

An automatic modulation classification (AMC) is
system that automatically identifies the modulation type
of the received signal without the preventive knowledge
of some parameters [1]. When the modulation types of an
unknown signal are identified, it is possible to
demodulate it properly with the right demodulator in
order to recover the transmitted information [2]. This
instrument of AMC could play a key role in various
civilian and military applications. For civilian purposes,
AMC can be used as interference identification, spectrum
management and signal confirmation. Other applications
are for military purposes such as emitter interception,
electronic surveillance systems and electronic warfare.

There are two general classes of AMC algorithms,
likelihood-based (LB) method [3]-[14] and feature-based
(FB) method [15]-[24], respectively. The first method is
optimal in the Bayesian Sense. It made the decision by
comparing the likelihood ratio against a threshold. In this
way, the probability of false recognition is minimized.
But, this approach needs to know much prior knowledge,
and suffers from computational complexity. The latter
method made the decision by the extracted features’
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observed values. Although this method may not be
optimal, it is usually simple to implement, with near-
optimal performance, when designed properly [25]. The
general process of signal modulation recognition which
based on extracted features can be shown in Fig. 1. In the
online phase, the properly designed classifier is
responsible for classifying the incoming signals based on
the features extracted [26].

assifier
training | Off-line process

signal preprocessing extraction Online process
recognition
Figure 1. Process of AMC base d on pattern recognition

The techniques used in modulation recognizer are
binary decision tree, Fuzzy clustering, K-nearest
neighborhood, support vector machine, artificial neural
network, etc. Among these techniques, artificial neural
network (ANN) has been widely used in signal
modulation classifier for its properties and capabilities of
nonlinearity, adaptively and fault tolerance [27].
Presently the feed-forward neural network which includes
multi-layer perceptron (MLP) neural network and radial
basis function (RBF) neural network has widely been
used in automatic modulation classifier. One particular
structure called back propagation neural network is the
most popular neural network architecture, which uses
supervised learning to determine a complex input-output
mapping in the field of AMC. A major drawback of the
commonly used gradient-based BP algorithm, which is a
local search method, is its easy entrapment at a local
optimum point, especially for those non-linearly
separable pattern classification problems or complex
function approximation problem, so that BP may lead to
failure in finding a global optimal solution [28]. Another
drawback is that the convergence speed of the BP
algorithm is too slow, and further, the convergence
behavior of the BP algorithm depends very much on the
choices of initial values of the network connection
weights.

So, How to find a global optimization algorithm and a
set of proper weights for BPNN is still a difficult problem
in the designing of modulation recognizer. Due to quick
convergence speed and better global exploration
capability, PSO algorithm is applied to optimize the
weights of the neural network so as to overcome the
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flaws of BP algorithm [29]. This paper outlines the
performance of a new modulation recognizer with a
variety of modulation types, e.g. 2ASK, 4ASK, BPSK,
QPSK, 2FSK, 4FSK, OFDM, which can be recognized.

This paper is organized as follows: Section Il states the
signal model and feature extraction in our experiment.
Section Il briefly compares the multi-layer perceptron
and the radial basis function network using in the
automatic modulation classifier. Section IV presents the
method of classifier using PSO-BP algorithm. Some
simulation results are shown in experimental result
section. Finally, conclusions and future plans are
presented in section VI.

Il.  FEATURE EXTRACTION

A. Signal Model

In this paper, we take seven main schemes of digital
signals into consideration, i.e., 2ASK, 4ASK, BPSK,
QPSK, 2FSK, 4FSK, OFDM. The signal model that has
been used in this paper was defined as in Eq. 1:

s(t)=x(t)+n(t) (@h)

where n(t)is the additive white Gaussian noise. x(t)

represents the modulation type. The following models
have been used for x(t)[1]:
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The meanings of these symbols such as A A,C,,
C.. Af T, AF, f N, M, g(t),E{g} and C will

v Ico

not described in detail.

B. Feature extraction

In order to discriminate above digital signal schemes,
six extracted features can be chosen. Five key features
that were used in [30] are also used in this paper. These
features are derived from the instantaneous amplitude,
phase and frequency of the intercepted signal. The other
feature is referred to [31]. These features as the inputs of
the classifier are:
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1) 7. » Which is the maximum value of the spectral

power density of the normalized-centered instantaneous
amplitude. y,.. is used to discriminate between the

signals that have amplitude information and those that
have no amplitude information.

2) o,, , Which is the standard deviation of the absolute
value of the centered non-linear component of the
instantaneous phase. This feature can be used to
discriminate between the types that have absolute phase
information and those that have no absolute phase
information.

3) oy, ,» Which is the standard deviation of the direct

value of the centered non-linear component of the
instantaneous phase. This feature can be used to
discriminate between the types that have no direct phase
information and those that have no direct phase
information.

4) o,,, which is the standard deviation of the absolute

aa !
value of the normalized-centered instantaneous amplitude.
This feature is used to discriminate between 2ASK and
4ASK.
5) o, , which is the standard deviation of the absolute

value of the normalized-centered instantaneous
frequency. o, is used to discriminate between 2FSK and

4FSK.
6) K,,, which is the second-order moment and fourth

moments value combination can be used to distinguish
between QPSK and OFDM.

According to these kinds of features, seven digital
signals can be identified by the following decision tree as
in Fig.2.

According to the analysis of above features, Azzouz
set the appropriate thresholds for different features and
achieved the classification of signal modulation by the
decision tree. How to set the suitable threshold is the
difficulty of the method. Because the threshold is a fixed
value, with the signal-to-noise ratio decreasing, the
performance of this method will become worse. This
paper take six features as the inputs of the neural network.
After training the BP neural network by PSO, this method
can identify seven modulation signals effectively.

Digital modulation types

‘ 2FSK ‘ ‘ 4FSK ‘ ‘ BPSK ‘ ‘ 2ASK H 4ASK ‘ ‘ QPSK ‘ ‘OFDM‘

Figure 2. Flowchart for seven digital types recognition
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I1l. COMPARED WITH TWO FEED-FORWARD NEURAL
NETWORK IDENTIFIER

The feed-forward network which includes the Multi-
layer perceptron and the radial basis function network is
one of popular family of ANN. As two widely used feed-
forward neural networks, BRF and MLP are often used as
the design of automatic modulation classifier.

A. Automatic Modulation Classifier based on RBF

RBF neural network has simple network structure, fast
learning rate and good generalization ability. So it has
been extensively applied in the field of data classification,
system modeling, control and fault diagnosis. RBF
network is a three-layer feed-forward network. The
transformation from the input layer to the hidden layer is
non-linear, whereas the transformation from the hidden
layer to the output layer is linear. The transfer function of
the hidden layer unit using radial basis function is given
in Eqg. 6. The output layer value descried in Eq. 7:

—_C
4 (%) =exp{—w} ®)
Y, = w9 @

In Eq. 6, X =(x,%,,L ,x,)"is input sample. ¢ (x)is
the output of the i-th hidden layer. C, is the center of the
basis function. p, represents the width. In Eq. 7, w; is the

weight between hidden layer node j to the output node i.
The training process of this neural network is divided into
two stages. First, the input samples decide the center
value and width of the Gaussian basis functions in each
hidden layer node. After the parameters of the hidden
layer determined, the weights between the hidden layer
and output layer can be calculated by vary methods.

In the existing literatures, Ye Jian et al. [32] adopted
fuzzy C-means clustering algorithm to obtain the
parameters of radial basis function, while weights of the
network are trained with gradient descent approach. Chen
Jie et al. [33] introduced orthogonal least squares (OLS)
radial basis function neural network which identified
seven digital modulation types. Liu shu et al. [34]
proposed an algorithm with which to implement the
optimal classifier of RBF neural networks with genetic
algorithm to classify the modulation types of CW, 2ASK,
2FSK, 2PSK and QAM.

The center value, the number of hidden layer nodes
and width of the RBF network layer have great influences
on the performance of the network. Several commonly
used RBF network training algorithms are difficult to find
the center and the width of the global optimum. And
these training algorithms can not automatically determine
the hidden layer nodes. These defects limit the RBF
recognition of signal modulation type.

B. Automatic Modulation Classifier based on MLP

MLP neural networks compose of three parts: input
layer, one or more hidden layer and output layer. Inputs
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are propagated through the network layer by layer and
MLP gives an non-linear mapping of the inputs at the
output layers [26]. This algorithm turns a set of input and
output samples into a nonlinear optimization mapping
problem, using gradient descent method to achieve the
minimum mean square error (MSE) between the actual
output and the desired output of the network. Azzouz
presented two BPNN algorithms for digital modulation
recognition. At the SNR of 10dB, the correct decision
rate was more than 94.5% for the single hidden layer,
while all the digital modulation types have been correctly
classified with more than 96.% except 2FSK(=92.5%) for
the double hidden layer. In order to avoid the problems of
BPNN, M.L.D. Wong and A.K. Nandi [26] proposed a
resilient back propagation algorithm (RPROP) MLP
recognizer and compared with BP with momentum and
adaptive learning rate MLP recognizer. Fu Wei-Hong et
al. [35] proposed a novel scaled conjugate gratitude (SCG)
BPNN classifier in order to accelerate the convergence
speed. In [36], Li Jun-jun et al. imposed Levenberg-
Marquardt algorithm to take the place of BP algorithm,
then got faster convergence rate. In [37], Liu shu et al.
enhanced a new BP recognizer which combined with
genetic algorithms to overcome the drawbacks of back
propagation algorithm. But the genetic algorithm consists
of three essential operations: the selection operation, the
crossover operation and mutation operation. These
operations could tend to result in complicated calculation.
In practice, the method which based on BP neural
network training with genetic algorithm will cost a great
deal of time to recognize the modulated signals. For this
reason, we put forward a novel approach for the
automatic modulation recognizer of communication
signals based on PSO-BP neural network.

Received
signals
Pre-processing
Key features
extraction
Training data Testing data
Initialize PSO
Evaluate fitness
and QOpest

Update velocity

and position

Y
erminal criteria
reached?

‘ Get the optimal
weight and threshold

odulated signals

classified

Figure 3. Procedures of modulation classification based on PSO-BP
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IV. CLASSIFIER BASED ON BIO-INSPIRED ARTIFICIAL
NEURAL NETWORK

To improve the performance of the original BP
algorithm, two main factors have been taken into account:
(1) selection of better energy function, (2) selection of
dynamic learning rate and momentum. However, these
improvements have not completely removed the
disadvantages of the BP algorithm thoroughly. Because
the PSO algorithm is able to find the global optimum
with a large probability and high convergence rate, it is
adopted to train the back propagation neural network
(BPNN) in this study. The flow chart of AMC using
BPNN based on PSO is shown in Fig. 3.

A. Structure of Back Propagation Neural Network

The concept of artificial neural network is inspired
from the view of human brain as a processor using
interconnected neurons. BPNN is one of most popular
neural network which based on backward error influence.
The topological architecture of BPNN is shown in Fig. 4.
BP learning algorithm comprises two processes of data
flow, that is, forward propagation for information and
backward propagation for error. The input pattern X,

produces the actual output y, . During this course the

information propagated from the input layer to the output
layer. The error resulting from the difference between the
target outputs d, and the actual y, back-propagated

from the output layer to the previous layers so as to
update the weights. The weights adjusted until the errors
between the target and the predicted outputs were small
enough, or a pre-determined number of epochs reached.
[38] and [39] proved that BPNN have the ability to
approximate any function to any degree of desired
accuracy. But BPNN’s inability lies in the limitations of
the back propagation training algorithm.

Output layer

Input layer

Hidden layer

Figure 4. Topological architecture of the BPNN

B. The Standard Particle Swarm Optimization

Particle swarm optimization is a population based
stochastic optimization technique proposed by Kennedy
and Eberhart in 1995, which was inspired by the social
behavior of animals, such as bird flocking and fish
schooling [40]. The PSO system initially has a swarm of
random solutions. The potential solutions, called particles,
fly in a D-dimension search space with a velocity which
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is dynamically adjusted according to its own experience
and that of its neighbors. The position of the i-th particle

is expressed as X; = (%, %,,L ,Xp ); The velocity of the
i-th particle is represented as V,=(vi,V,,,L ,Vp) ;
Therefore the particle updates its velocity and position
according to the following Eg. 8 and Eq. 9:

Vit =wvis o (Pl X ) +on (P - X)) (®)

Xt =g +vigt C))
where k is the current step number, w is the inertia
weight, ¢, and c, are the cognitive and social

acceleration constants. r, and r, are random values

between 0 and 1, x{ is the current position of the particle,
p, is the best one of the solution i-th particle has
reached, p, is the best one of the solutions all the

particles have reached. In addition, the velocity of the
particle is limited to the range[V,;,.V,

max] .

In order to improve PSO algorithm searching capacity,
linear inertial weight can be adopted. Inertia weight W
was calculated a linearly decreasing equation with the
iterative generations [41] in Eq.10:

-W

A )
— max min
W=W,,, —T —T

max

(10)

where T is the generation index representing the current
number of evolutionary generations, and T,,,, is a pre-
defined maximum number of generations. The maximal
weights w,,, and minimal weights w,,; are usually set to

max

0.9 and 0.4, respectively.

C. Training the BPNN Classifier with PSO

1) The topology of BPNN

A single hidden layer BP feed-forward network was
chosen as the recognizer. In Fig. 1, we set six nodes in the
input layer and seven nodes in the output layer, while
there are six typical features for inputs and seven
classified digital signals for outputs. The number of nodes
in the hidden layer could be computed out in Eq. 11:

n=+Jm+h+a «a=0,1L 10 (11)

0.029

0.0285

0.028

0.0275

0.027

Average training error

0.0265

0.026

0.0255

0.025
4 6 8 10 12 14 16 18 20 22

The different number of hidden neurons

Figure 5. Awverage training error of different number of hidden neurons
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The appropriate number of the neurons needs to be
determined manually at this stage. Then we chose
different numbers of neurons in the hidden layer to
simulate the average training error. This is shown in Fig.
5. When the neurons set 13, the average training error is
minimal. So, the BPNN with 13-node hidden layer is the
optimum structure.

The activation function associated with the hidden
layer is log-sigmoid function and activation function
associated with the output layer is the linear function.

Log-sigmoid function and liner function are defined in Eq.

12 and Eq. 13:
1
= 12
y 1—exp(—x) (12)
y=X (13)

2) The parameters of PSO
To evolve the network weights and thresholds with
PSO, each particle will be represented as a group of
weights and thresholds. So the particle consists of
mxn+nxh+n+h real numbers. The particle position
vectors X contain the weights and bases of BPNN. It can
be denoted as in Eq. 14:
X =[wj, 6w, ¢ | (14)

ijl i

where wi (i=1L ,m;j=1L ,n) and wi (i=12L ,n;
j=1,2,L ,h) represent the connection weight between

the input layer and the hidden layer, and that between the
hidden layer and the output layer, respectively.

6 (i=1L,n) and ¢} (j=1L ,h) are the threshold
values of hidden layer and output layer.

PSO fitness function which measures the performance
of individual is defined as in Eq. 15:

Fitness(k) n—lh $3(T,-0) (15)

j=li=1

where Fitness(k) is the value of particlek ’s fitness, T,
is the expected output, O, is the calculated output of
individual network, n is the number of training set
examples, and h is the number of output nodes. Thus
Fitness(k) is the normalized mean squared error (MSE)
of the individual k on the training set. When the
maximum number of generation comes to a climax, the
training process comes to an end.

3) Training the PSO-BPNN

The steps of PSO-BPNN algorithm are as follows:

Step 1: Initialize population size, each particle’s
position and velocity randomly. Set the values of
CyCyy Wy ay s Woyip and T, ., . Fix the structure of BPNN.

max !

Step 2: According to each particles position vectors
which stand for the weight and threshold values calculate
the actual output of BPNN. Evaluate current fitness in
formula (15) for each particles position.
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Step 3: For each particle, compare fitness and personal
best of current agent. If fitness is better, then update the
personal best.

Step 4. Compare each particles fitness and globe best.
If fitness is better, then update the globe best.

Step 5: Update position, velocity and inertia weight of
particles using formula (8), (9) and (10).

Step 6: If the maximum number of generation reaches,
go to step 2, otherwise, the training ends. Then output a
set of optimal weights and thresholds for BPNN.

V. EXPERIMENTAL RESULT

The PSO-BPNN classifier was trained using 600
samples from each of seven modulation schemes. These
samples are divided into two datasets, 400 samples for
training while the other 200 samples for testing. The
carrier frequency, symbol rate and sampling frequency
are respectively 10 kHz, 1.2kbit/s and 40 kHz. The noise
environment is AWGN, and the SNR range is chosen
from 0 to 20dB with 5dB interval. Let the particle
population size be 40, the dimension of the particle be
189, the acceleration constants c, and ¢, be 2, and a

linearly inertia weight starting at 0.9, ending at 0.4. The
structure of the BPNN was selected as 6-13-7. The output
neuron with the largest output is deemed to be the
“wining neuron”, that is, the detected modulation type.
The whole process of AMC simulation are presented in
Fig. 6.

X1 BPNN based on PrS]O classifier

Xo /'Oﬁzl\" O, | | identified
=AY Sl

Xn + ~ 1\‘@% types

Figure 6. The whole process of AMC

TABLE I: MODULATION CLASSIFICATION ON SIMULATED SIGNALS WITH
SNR=10 DB

Predicted Actual Modulation Type

Type ASK2 ASK4 BPSK QPSK FSK2 FSK4 OFDM

ASK2 193 2
ASK4 7 198

BPSK 200 3
QPSK 196

FSK2 1197

FSK4 3 200

OFDM 200

The details of classification of seven digital signals at
10dB were given in Table I. From this table, ASK2 and
ASK4 is easy to confuse. This mainly results from the
small difference of o,, between ASK2 and ASK4. In

addition, the QPSK is easy to misjudge as BPSK and
2FSK.
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Simulated each modulated signal at SNR, respectively,
for 0dB, 5dB, 10dB, 15dB and 20dB, the recognition rate
of PSO-BP classifier is shown in Table Il. The results
were the statistical means of 20 tests.

TABLE II: MODULATION CLASSIFICATION RATE ON SIMULATED
SIGNALS WITH SNR=0, 5, 10, 15, 20 DB

Predicted Modulation Type Correct Rate%

SNR dB
ASK2 ASK4 BPSK QPSK FSK2 FSK4 OFDM

SNR=0 92 96.5 100 94.5 95 99 100
SNR=5 945 975 100 955 965 995 100
SNR=10 96.5 99 100 98 98.5 100 100
SNR=15 100 995 100 98.5 100 100 100
SNR=20 100 100 100 99.5 100 100 100

From Table I, through the above six kinds of features,
PSO-BP classifier performed better in the recognition of
the modulation signal. It can be seen that at 0dB the
detection is still above 92%. Thus, in the case of low
signal-to-noise ratio this algorithm can also obtain a high
recognition rate.

10 —
§ i ]
T j/#://E
g &
S
g o7
o
3
S 9
2 .
2
g
P —+— 2ASK H
g;’ —+— 4ASK
g 93 —&— BPSK [
8 —8— QPSK
5 o —6— 2FsK []
o —O— 4FSK ||
~—%— OFDM
T
90 :
0 5 10 15 20 25

SNR/dB

Figure 7. Percentage of successful recognition with PSO-BPNN
classifier

92r

90

Percentage of correct rate/%

88

—+— PSO-BP
86l ——Lm
—S—BP
" . P e L
o 2 4 6 8 10 12 14 16 18 20

SNR/dB

Figure 8. Recognition rate of PSO-BP, M-L and BP classifier

Fig. 7 shows the correct recognition rate of PSO-BP
classification at SNR of 0, 5, 10, 15 and 20dB. This
figure can visually see that the successful recognition rate
has been improved accordingly, as SNR increasing.
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Lenvenberg-Marquerdt (L-M) algorithm has fewer
iterations and faster convergence. When the number of
weights and thresholds is small, this algorithm can get
better applied in practice. The recognition performance of
PSO-BP classifier, L-M classifier and standard BP
classifier were compared in Fig. 8. It is seen that the
successful recognition rate of PSO-BP classifier is higher
than M-L classifier and BP classifier in the same case of
signal schemes and features extraction. In the conditions
of low SNR, PSO-BP classifier can get higher recognition
rate. Therefore, this algorithm has powerful advantage
and stability.

This paper proposed distributed computing program to
train the neural network based on PSO-BP algorithm and
L-M algorithm. And compared the performance of this
two training algorithm when achieving the same neural
network error. The SNR is in the range of 0-20dB with
steps of 5dB. From Table 1ll, the recognition
performance of PSO-BP classifier is slightly higher than
the L-M classifier. But the L-M algorithm has more
training times. So this PSO-BP classifier has better
application prospect.

TABLE I1l: COMPARED CORRECT RATE AND ITERATIONS OF PSO-BP
WITH L-M CLASSIFIER

SNR d/B Correct rate I(_D/o';/I Iteration ~ Correct raItDeS((;))BP Iteration
SNR=0 94.5 436 96.7 384
SNR=5 96.3 452 97.6 384

SNR=10 98.7 475 98.9 384

SNR=15 99.5 475 99.7 384

SNR=20 99.8 475 99.9 384

VI. CONCLUSIONS

A new method for automatic classifier of the digital
modulations has been presented in this paper. Making full
use of the extensive mapping ability of the MLP neural
network and the global convergence of the particle swarm
optimization, this method overcomes the problems of
basic BP algorithm by introducing new technique of PSO
algorithm. The swarm intelligence method can decide the
optimum weights and bases to minimize the error
between the network output and the correct recognition.
Extensive simulations and the experimental tests of these
digital modulation types are carried out at different SNRs.
Simulation results show that even at SNR of 0dB, this
PSO-BP classifier has reached more than 92%
recognition rate in the identification process of seven
digital modulation types. This classifier can reduce
calculation time and is simple to achieve.

Further work of the research will be directed to apply
other new bio-inspired theory with BPNN to improve the
capacity of AMC. Another interesting aspect would be to
adjust the number of nodes in the hidden layer of BPNN
dynamically.
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