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Abstract. Aiming at the modulation pattern recognition of multiple signals in
complex electromagnetic environments, a modulation pattern recognition
method based on wavelet approximate coefficient entropy is proposed. Based on
the traditional wavelet entropy, an improved wavelet entropy, wavelet approx-
imate coefficient entropy, is proposed, which has strong ability to represent the
modulation signal characteristics and has good noise suppression effect. The
simulation results verify the correctness of the theoretical analysis, and show
that the proposed method can effectively realize the modulation pattern recog-
nition of multiple signals at low signal to noise ratio.
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1 Introduction

How to acquire and master the parameters of the complex electromagnetic environment
in time is an important and challenging problem in information warfare. In reference
[1], J. Mitola proposed the cognitive radio technology, which uses the learning ability
of cognitive radio to autonomously sense the surrounding spectrum environment and
respond to the actual electromagnetic situation in real time. In electronic counter-
measures, the modulation recognition technology is applied to the spectrum sensing of
receiver equipment, which can provide more necessary information for battlefield
command and decision-making. For example, after intercepting the enemy's informa-
tion, the first thing is to identify, demodulate and decrypt the enemy's signal, so as to
obtain the enemy's confidential intelligence. At the same time, after the enemy's
modulation system is proved, the effective communication can be purposefully inter-
fered and the battlefield initiative can be obtained. Wavelet analysis is a local transform
of time and frequency, which can effectively extract feature information from the
signal, and is conducive to the perception of the surrounding electromagnetic envi-
ronment. Many cognitive radio technologies are devoted to modulation recognition of
communication signals by using cyclic spectrum [2], characteristic parameters and their
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statistics [3, 4], time-frequency transform [5] and high-order cumulants [6]. These
methods are difficult to achieve multi-resolution analysis of modulated signals, which
increases the difficulty of obtaining effective information, and the real-time perfor-
mance of signal analysis and processing is not good. In order to quickly and accurately
grasp the current radio spectrum situation, wavelet analysis is applied to the modulation
recognition of communication signals. In reference [7], the wavelet coefficients of
speech signals after discrete wavelet analysis are used to realize effective recognition of
Arabic speech numbers. In reference [8], a recognition algorithm based on wavelet
variation coefficient difference and similarity feature is proposed to classify and rec-
ognize common digital modulation signals. In reference [9], continuous wavelet
transforms (CWT) and multi-layer wavelet decomposition (MLWD) are used to extract
the features of signals, and different classification features are adopted for different
modulated signals. The algorithm does not need symbol period estimation and syn-
chronization time estimation, which improves the operation speed and recognition rate
of modulation signal recognition.

In order to improve the performance of modulation recognition at low signal-to-
noise ratio, a modulation pattern recognition method based on wavelet approximate
coefficient entropy (WACE) is proposed in this paper. Different from the traditional
method, it can effectively extract the relevant features of the signal in the complex
electromagnetic environment where the signal-to-noise ratio is low and the accurate
modulation parameters are not easy to obtain, so as to realize the modulation pattern
recognition of multiple signals.

The following contents are arranged as follows. In Sect. 1, the system model of
modulation recognition is given. In the second section, the theory of wavelet analysis is
introduced. In Sect. 3, the mathematical definition of WACE is given, and the entropy
vector of wavelet approximate coefficient of each communication signal is calculated.
In Sect. 4, the simulation analysis of the modulation recognition algorithm proposed in
this paper through experiments shows that the algorithm is effective for modulation
type recognition, and its performance in noise environment is analyzed. Finally, the
conclusions are given.

2 System Model
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Fig. 1. Model of communication signal modulation recognition system.
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In this section, a complete communication signal modulation recognition system model
will be established to simulate the communication situation in complex electromagnetic
environment, and six representative and widely used communication signal modulation
methods will be considered.

Figure 1 shows the communication signal modulation recognition system model,
including an integrated signal processing center and n potential modulated signal
transmitters. In modern electronic warfare, the signal processing center is the core of
the whole combat system. It is responsible for receiving and processing signals of
various modulation types from all directions, including our communication signals and
the enemy communication signals. At the same time, there are also jamming signals
that the enemy intentionally transmits. Whether it is to accurately obtain the infor-
mation transmitted by our side, or to intercept the enemy signal to obtain intelligence,
or to interfere with the effective communication of the enemys, it is inseparable from the
modulation recognition technology. In order to better reflect the diversity of commu-
nication signal modulation methods in complex electromagnetic environment, six
typical modulation methods are selected in this paper, which are Frequency Shift
Keying (FSK), Minimum Shift Keying (MSK), Quadrature Phase Shift Keying (QPSK)
and 16 Quadrature Amplitude Modulation (16QAM), Offset-QPSK (OQPSK) and
Binary Phase Shift Keying (BPSK).

3 Wavelet Theory

Wavelet analysis is a time-frequency analysis method. For any function f(¢) € L*(R),
the continuous wavelet transform is as follows:

Wf'(aab) = <falpab >

e

Where a is the scale factor, b is the shift factor, a,b € R;a # 0, lpal, is the wavelet
sequence of basic wavelet (7) after stretching and translation.

In practical application, continuous wavelet must be discretized. Discrete wavelet
transform discretizes continuous parameters a, b into m, n. The basic wavelet functions
of discrete wavelet transform are as follows:

Vnalt) =2729(27"1 — ) (2)

The discrete wavelet transform of any function f(¢) is:

WTy(m,n) = / OROL (3)

After the discrete wavelet transform of the signal s(n), under the j-th decomposition
scale, the coefficient of high-frequency component at k-time is ¢D;(k), and the
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coefficient of low frequency component is ¢ A;(k). The signal components obtained by
single reconstruction are Dj(k), A;(k). The original signal s(n) can be expressed as the
sum of the components [10].

s(n) = Dy (n) + Ay (n)
— D1 (n) + Da(n) + Ax(n)

n (4)
coo= " Dj(n) + An(n)
j=1

In most application scenarios, discrete wavelet transform with multiple scales can
reflect the time-frequency distribution of signals. The limit case may be considered. If
all the low-frequency components are taken and the high-frequency components are
discarded, the anti-noise performance will be greatly improved. However, some key
information of the signal will be lost. This paper makes up for this problem by two
means. On the one hand, if the original signal is added to the multi-resolution analysis
of the modulated signal to form the wavelet domain features together with other scale
analysis results, no information of the original signal will be lost. On the other hand, if
the appropriate wavelet function is selected to make the energy of each scale more
concentrated on the low-frequency components, the denoising effect is better.

dbN wavelet (N denotes the order of wavelet function) is a wavelet function
constructed by I. Daubechies, a famous scholar of wavelet analysis in the world. It
performs well in the field of signal denoising. Therefore, this paper adopts the wavelet,
in which the selection of order n is considered in the following two aspects. Firstly, the
N in dbN wavelet corresponds to the vanishing moment of wavelet function. The larger
the vanishing moment, the smaller the high frequency coefficient, the more concen-
trated the signal energy, and the better the noise removal effect. Secondly, with the
increase of vanishing moment N, too much noise will be concentrated in the low
frequency components, which will affect the denoising effect. At the same time, the
support length of wavelet function will be lengthened and the computational com-
plexity will be increased obviously. In this paper, db5 wavelet function is selected to
concentrate the signal energy to obtain the best denoising effect.

4 Modulation Recognition Technology Based on Wavelet
Approximate Coefficient Entropy

In this section, we mainly analyze two kinds of traditional wavelet entropy, which are
wavelet energy entropy (WEE) and adaptive wavelet entropy (AWE).

Combining multi-resolution wavelet transform with information entropy, the defi-
nition and calculation method of wavelet energy entropy of signal can be obtained [10].

Suppose that any digital signal s(n) with n sampling points is decomposed on M
scales, and on a given decomposition scale m, the wavelet coefficient vector is
Ay = (ami,am2,--samp),m=1,2,...,M. The wavelet coefficient vectors
Ay, Ay, ..., Ay of each decomposition scale can form a vector sequence {A}. The vector
norm of wavelet coefficients is used to describe the closeness of wavelet coefficients at
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n
different scales and the energy on scale m can be defined as E,,, = ||A,||* = 3 |dy,|*. The
i=1

M

normalized energy p,, = E,, / > E; of each scale wavelet coefficient is taken as the
j=1

distribution of energy sequence instead of the probability distribution of signal. Thus, the

entropy obtained based on energy distribution is called WEE, which is defined as

M
Hwe = H(PlapZa .. -7PM) = Zp] 10g2pj'
=1

The concept of AWE is based on information entropy. In reference [11], the def-
inition of AWE is given by combining the theory of information entropy with discrete
wavelet transform.

P
m ‘Sm|

2
E(s) = &= 5)

Among them, the AWE E is a real number. S is the signal after the original signal
s(n) is decomposed by discrete wavelet. P is an exponential weight, and its value range
is 1<P<2. §, is the m-layer signal of the original signal after discrete wavelet
transform and N is the length of S,,,.

The two kinds of wavelet entropy mentioned above, including WEE and AWE,
have achieved good results in their respective fields. However, if it is used in cognitive
radio modulation recognition, especially when the signal-to-noise ratio (SNR) of the
modulation signal to be recognized is low, the two kinds of wavelet entropy are difficult
to achieve good recognition results. For example, in reference [12], the AWE is used
for multi signal modulation recognition. When combined with BP neural network, the
average recognition rate is about 95%. However, when the SNR is low, the recognition
performance of this method for some modulated signals will decline rapidly.

Based on this, a new improved wavelet entropy, WACE, is proposed in this paper.
It is the entropy value calculated from all wavelet approximate coefficients of the
signal, and the wavelet approximate coefficient vector can be expressed as

Wm = (Wm,ly W2y« Wm,n) (6>

Where, the subscript m represents the decomposition scale parameter, and its value
range is 1,2,...M. Vector element w,,;(i = 1,2, ...,n) is wavelet approximation coef-
ficient. If the original signal is regarded as Wy, then a new vector sequence {W} can be
formed from Wy, Wi, W,, ..., Wy. Each subsequence in the sequence {W} is
weighted by 2-norm, and the exponential term in the 2-norm is treated as the weight,
and the weighted 2-norm of each scale wavelet approximation coefficient vector is
calculated as
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Where, 7 is the index weight item. After this step, the vector sequences {W} of
wavelet approximation coefficients in different scales are transformed into 2-norm
weighted sequences {||W/[|}. After 2-norm weighting, the original signal is added to the
vector sequence to ensure that the information of the original signal is not lost in the
feature extraction of wavelet domain.

Assuming that the signal is decomposed on M scales, the approximate coefficient
vector of wavelet on scale m is W, = (W1, Wi2, - - ., Wi ). The energy on scale m is
defined as

n

E, = ||varvecW,,||* = Z Wi, m=0,1,....M (8)
=1

In order to increase the number of wavelet entropy features of the signal to be
identified, the WACE is given by the following expression according to the concept of
AWE.

n

2 Wil
g B W5
" Ll‘ﬂ Ll‘ﬂ Lm

©)

T
Yapprox - (VO—appmxa yl—approxa O] yM—apprax) (10)

Where E,, represents the entropy of wavelet approximation coefficients at the m-th
level of discrete wavelet decomposition, L, is the length of the m-th wavelet
approximation coefficient, and y,,,,,, is the exponential weight vector. In this way, the
meaning of WACE is the average energy of wavelet approximate coefficient per length
of signal in a certain scale, or the average energy of wavelet approximate coefficient of
digital signal at each sampling point. Because this improved wavelet entropy represents
the average energy of each wavelet approximate coefficient length in any signal, and
reflects the uncertainty of signal at different decomposition scales, so it is called
WACE.

For different signals, the WACE at a certain scale can reflect the characteristics of
the signal at that scale. When a signal is decomposed in M-level by discrete wavelet
transform, the entropy of M + 1 wavelet approximate coefficients can be calculated
according to formula (11), in which the approximate coefficient entropy of each layer
represents certain wavelet domain characteristics of the signal. In order to make them
represent the signal together, the entropy vector is composed of the approximate
coefficient entropy of wavelet in each layer and is expressed as

T
Eappmx = (EOfapproxa Elfapprom DR EMfappmx) (11)

Where E,p,x is the entropy column vector of wavelet approximate coefficient
when the decomposition scale is M.

Compared with WEE and AWE, WACE has many advantages in modulation
recognition. On the one hand, by discarding the high-frequency coefficients after
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discrete wavelet decomposition and using db5 wavelet with larger vanishing moment,
the extracted WACE vector has stronger anti-noise ability; on the other hand, by
selecting different weight vectors y,,,,,., the proportion of low-frequency components
is increased, and the high-frequency noise interference is suppressed. Under the same
noise environment, the computational complexity can be reduced and the recognition
speed can be faster.

In this paper, the unit column vector whose weight vector matrix is 1.5 times is
selected. On the one hand, after adding the index term of 1.5, the residual noise in low-
frequency coefficients of each scale can be further weakened, and the key information
which is conducive to feature extraction can be amplified. On the other hand, if the
exponential weight changes in the same direction with the number of decomposition
levels, the key information in the lower scale coefficients will be obliterated and the
feature extraction of modulation signal will be disturbed, which will lead to the decrease
of recognition rate or recognition speed. Otherwise, if the exponential weight vector
changes in the opposite direction with the number of decomposition levels, part of the
noise in the small-scale coefficients will be amplified, so that the useful features of the
modulated signal may not be extracted, which will also lead to the decrease of recognition
rate. Of course, according to the different problems to be solved, different exponential
weights can be applied to make the WACE achieve better analysis and processing effect,
that is, the improved wavelet entropy has good portability in other fields.

5 Simulation Results and Analysis

In this section, six kinds of modulation signals are simulated by using the model
proposed in this paper, and the modulation recognition conditions under different SNR
are compared. The performance comparison with other literature schemes is carried out
to prove the effectiveness of the proposed method.

For AWE, because it is a function of signal, its average value is used as the
characteristic parameter of signal recognition; for WEE, the wavelet energy entropy of
signal is directly used as the feature parameter of signal recognition; for WACE, each
element in entropy vector is used for linear weighting to obtain the characteristic
parameter of signal recognition (Table 1).

Table 1. Simulation parameters

Sampling rate 10 MHz | Chip rate 0.5 MHz
Carrier frequency 0-6 MHz | Noise AWGN
SNR —5-10 dB | Wavelet basis | db5
Wavelet decomposition level | 5 Number of tests | 100

It can be seen from Fig. 2 that in the ideal environment without noise, the three
kinds of wavelet entropy can distinguish six kinds of modulation signals, and the
recognition is completely correct. However, with the decrease of SNR, the recognition
performance of AWE and WEE method for six kinds of modulation signals decreases
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obviously, and the range of characteristic parameters of each signal has significant
cross aliasing. In comparison, the recognition performance of WACE is not much
reduced. With SNR of 0dB, the probability of correct recognition of all six signals is
still above 70%, which is much higher than the other two wavelet entropy recognition
methods.



Modulation Pattern Recognition Based on Wavelet 683

100
80 7
60 //
40

A/ —— AWE
20—~ ——WACE]]

M WEE

0

-5 0 5 10
SNR(dB)

]

Recognition Rate(%)

Fig. 3. Comparison curve of recognition rate of different wavelet entropy.

According to the decision tree, the modulation signals are identified in Fig. 3. The
recognition rate of the three wavelet entropy methods is very high under high SNR, so
we mainly consider the recognition under the condition of low SNR. It can be seen
from the figure that compared with AWE, the recognition rate of WACE method is
improved by about 15% at low SNR. When the SNR is higher than 2 dB, the correct
recognition rate of WACE is higher than 90%. And when the SNR is higher than 5 dB,
the recognition rate is stable above 98%. Compared with WEE method, except the
recognition rate at — 5 dB, the recognition rate of WACE is much higher than that of
WEE method under other SNR. Simulation results show that compared with the
existing methods, the proposed WACE has better performance in feature extraction,
stronger anti-interference ability, and the computational complexity is almost the same
as that of the original method. At the same time, it can optimize the selection of
exponential weight vector and linear weight vector to achieve better recognition
performance.

6 Conclusions

Based on the traditional wavelet energy entropy and adaptive wavelet entropy, a new
improved wavelet entropy, wavelet approximate coefficient entropy, is proposed. It can
extract the correlation features from the modulated signal better and has better anti-
noise performance. In this paper, the system model of modulation recognition is
established and six typical modulation modes of communication signals are selected.
The simulation results show that the modulation recognition method based on wavelet
approximate coefficient entropy can improve the performance of modulation recogni-
tion in low signal-to-noise ratio, and the effectiveness of the modulation recognition
method is proved.
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