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Abstract. The modulation recognition of digital signal is widely used in the field
of communication. In this paper, a decision tree modulation recognition algorithm
based on feature extraction and a conventional classifier recognition based on SVM
are proposed. 9 kinds of common digital signals are identified and simulated. The
results show that the recognition rate of SVM classifier and decision tree is high
at low SNR.
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1 Introduction

Modulation recognition and classification of wireless communication signals is vital
when the electromagnetic spectrum is shared among civilian, government, and military
to improve spectrum efficiency and shortage problem. Fast recognition and classification
of a wireless signal is a significant process for accurately learning and reliably sharing
the spectrum to improve spectrum utilization efficiency [1].

Early modulation parameters were mainly identified by using some external instru-
ments and the experience of artificial individuals. This method of manual analysis and
judgment is inefficient, expensive and its accuracy is not guaranteed. With the develop-
ment of science and technology, modulation recognition technology has been rapidly
improved, and automatic modulation recognition (AMR) technology has emerged. As
shown in Fig. 1, one of AMR algorithms is maximum likelihood hypothesis recognition
method based on Bayesian decision theory. There are some common algorithms such as
Average likelihood ratio rest (ALRT) [2—4], Generalized Likelihood Ratio Test (GLRT)
[5], Hybrid LRT [6, 7], Quasi-Hybrid LRT [8, 9] and some improved algorithms [10-13].
Maximum likelihood algorithm can achieve optimal recognition performance theoret-
ically by minimizing the probability of misjudgment. This method can ideally obtain
high recognition rate by using short message. However, the algorithm requires more
prior knowledge (such as carrier rate, channel response information, signal and noise
power) and huge computation, which is not conducive to the application of recognition
technology.
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Fig. 1. Two AMR schemes

The scheme 2 in Fig. 1 is based on feature extraction. It has received increasing inter-
est for its application in spectrum sensing and modulation recognition. In this scheme,
there is no threshold setting, and the computation is less than likelihood ratio test scheme.

The modulation recognition technique based on feature extraction can be divided
into three steps: signal preprocessing, feature extraction and classification (recognition).

(1) Signal preprocessing: This step mainly completes the necessary pre-processing
of received signal data. It includes carrier synchronization, frequency down con-
version, noise suppression, estimation and processing of parameters such as
signal-to-noise ratio, symbol period and carrier frequency.

(2) Feature extraction: According to different schemes, this step can be divided into two
categories: manual feature extraction and automatic feature extraction. The main
task is to use signal processing tools such as wavelet, cyclostationary and cumulant
to extract the characteristic parameters of signal in time domain, frequency domain
or the other transform domain.

(3) Classification and recognition: Different algorithms correspond to different classi-
fiers. According to the extracted feature parameters and classification requirements,
the applicable decision rules and recognition classifiers are selected and determined.

The accuracy of feature data has a great impact on the performance of learning algo-
rithm and recognition results. Reviewing the literature in recent years, these algorithms
for modulation recognition mainly include decision tree, the k-nearest neighbor[14],
support vector machine [15], artificial neural network and some hybrid algorithms [16].

In this paper, we study the recent research work and study the modulation recognition
method based on feature extraction. We focus on two methods: decision tree method
and support vector machine method. In this paper, the feature parameters of MPSK,
MFSK, MASK and MQAM are extracted from the features of high-order cumulant,
instantaneous and wavelet transform. Then, the modulation recognition of communica-
tion signals is carried out by using decision tree and support vector machine respectively.
Finally, the simulation experiment is carried out.

2 Decision Tree and Support Vector Machine

Decision Tree is a decision analysis method, which is a graphical method to evaluate
project risk and judge the feasibility of net present value by constructing a Decision
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Tree to obtain the probability that the expected value of net present value is greater than
or equal to zero on the basis of knowing the probability of various situations. Because
this kind of decision branch is drawn like the trunk of a tree, it is called decision tree.
In machine learning, decision tree is a predictive model, which represents a mapping
relationship between object properties and object values.

In SVM regression, the input samples are not linear in general, we need to use a
non-linear relationship to map each input sample into a high-dimensional feature space,
to make it as linear as possible in the high-dimensional space. This makes it easier for
us to use linear relations to deal with them, and then to get the Nonlinear regression of
the source space of the sample.

The regression function is

fw) = whx)+b = W, ¥(x)+b (D

w is the weight vector and b is a constant. The SVM regression problem is generally
solved by introducing a loss function. Coefficients w and b in equation.
The minimization of is estimated by:
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Where C is the error penalty factor, & and Ei, relaxation factors, and ¢ is the loss
function.

Since the feature space has a high dimension and the objective function is not
differentiable, the Lagrangian multiplier method is used to calculate the feature space.

Quadratic programming problems with linear inequality constraints:
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Xi, x]’. is the input, y; is the output, a; and b; are Lagrangian multipliers. Penalty Factor
C is used to control the complexity of regression model and the precision of regression
estimation. The larger the C is, the better the fitting degree of the data, that is, the higher
the accuracy of the regression estimation, but not unlimitedly large, which may make
the model can‘t predict normally, and also used to control the accuracy of the regression
estimation, but also control the generalization ability of the model.
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3 Feature Parameter Analysis and Extraction of Signal

3.1 Features of Higher Order Cumulants

Because the noise and signal are independent each other, the cumulative amount of
Gaussian noise at the fourth order and above is zero according to the nature of high-
order accumulation, the effect of Gaussian noise can be ignored. Therefore, the high-
order accumulation has a strong noise suppression ability. If the signal received by
the receiver has been Carrier synchronization, code element timing, matching filtering,
channel noise is Gaussian white noise, then the sequence of code element synchronous
sampling and complex signals obtained at the output is:

> aVEp(t —KTy) exp(ife) + n(0) 6)
k

Where, k is 1,2,3, ..., N; N is the length of the send element sequence, a; represents
the code element sequence, p(¢) is the sender element waveform, the T is the code
element width, the fc is the carrier frequency, the 6, is the carrier phase, The E in the
energy of the signal, n(¢) is the compound white noise with a zero with a zero mean. For
the smooth random process x(f) of the zero mean, its P-level mixing moment is defined
as:

My, = E{X(K)PI[X * (K)]?} (N
The second-order cumulant is:

Cy = Cum(X,X) = My (®)

Cy = Cum(X,X*) = My )

The fourth-order cumulant is:

Cy = CumX, X, X,X) = M40_3M22() (10)
Cs1 = Cum(X.X,X,X") = My —3MoMy (1D
Co = Cum(X,X,X* X*) = Ma — |Mxl* — 2M3, (12)

The sixth-order cumulant is:

Cso = Cum(X,X.X,X,X.X) = Mgy — 15MyoMay + 30M3),

Ces = Cum(X,X,X,X* X* X*) = Mes — IMaxMa1 + 9|Mao|*May + 12M3),
(14)

The three feature parameters extracted based on higher-order cumulants are F,F>
and F3:

Fi = |Cyl/Cray F2 = |Cs1l/Cs2, F3 = |Ce3]*/ICa2l? (15)
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As can be seen from Fig. 2, The three features of higher-order cumulants have
better performance Robustness at low SNR. F can be used to divide the nine signals
into {8PSK, 2FSK, 4FSK} and {2ASK, 2PSK, 16QAM, 64QAM, 4ASK and 4PSK},
{2ASK, 2PSK, 16QAM, 64QAM, 4ASK, 4PSK} can be further divided into {2ASK,
2PSK,4PSK} and { 16QAM, 64QAM, 4ASK} by F». Finally, {2ASK, 2PSK, 4PSK} and
{16QAM, 64QAM, 4ASK} can be divided into {2ASK, 2PSK} and 4ASK, {16QAM,
64QAM }and 4PSK by F3. In other words, 4ASK and 4PSK can be recognized by
extracting high-order cumulant feature parameters and setting appropriate threshold,
and the remaining signals can be divided into three sets: {2ASK, 2PSK}, {16QAM,
64QAM} and {8PSK, 2FSK, 4FSK}.

18 20 0 2 4 & 8 10 12 14 16 18 20 o 2 4 & 8 10 12 14 16 18 20

8 10 12 14
SNRIdB SNRIdB SNR/dB

Fig. 2. Specific parameter for F, Fy, F3

3.2 Transient Characteristics

For the real signal x(7), if we do the David Hilbert transform on x(¢), then the David
Hilbert transform signal is y(¢) where the David Hilbert transform formula is:

0 = Lexn = L[ M (16)
s() = X0 +iy(0) (17)
The instantaneous amplitude is
AG) = (x2<i>+y2(i))% (18)
The instantaneous phase is
2() = 2() + CG0) (19)

Because (i) has phase collapse, it is modified by Modulo 2

Ci—-1) — 2m,0(+1) —0@G@+1) > =
CiHyCGE—1 + 27,000 — 0(+1) > n (20)
C(i—1),else
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(1) The fluctuation degree of instantaneous amplitude can be reflected by the Maxi-
mum value of center normalized instantaneous amplitude spectral density ymax, whose
function is to distinguish the envelope time-varying signal from the envelope constant
signal, that is, to separate the MFSK signal from the MPSK signal.

Vimax = maxlDFT (acn(@)P / Ns 23)

As shown in the Fig. 3 (a), 2FSK and 4FSK are envelope stable, 2FSK and 4FSK are
equal to zero. However, 2FSK and 4FSK are small constants due to noise, while 8PSK
is a constant that is not zero. Therefore, the system can be used the appropriate threshold
T'5 to divide 8PSK, 2FSK and 4FSK into 8PSK and 2FSK, 4FSK.
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Fig. 3. Instantaneous characteristics of different signals

(2) The function of the Standard deviation of absolute value of zero center normalized
non-weak signal instantaneous frequency o,y is to distinguish the signal with absolute
and direct frequency information of normalized center frequency from the signal whose
absolute value is constant.

2
1 1
w = || 2 RO|-|gz X KO 24)

an(i) > aj an(i) > a;

The absolute value of the zero center normalized instantaneous frequency of 2FSK
is a constant, and its standard deviation is zero, but this system is carried out in the noisy
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environment, so the o, of 2FSK is a relatively small constant But 4FSK instantaneous
frequency absolute value is not zero, therefore 4FSK’s o, is bigger than 2FSK’S oyy.
As shown in the Fig. 3 (b), the system can identify 2FSK and 4FSK with appropriate
threshold 7'7.

(3) Amplitude information can be represented by the Compactness of the zero-center
normalized instantaneous amplitude u4>.

up = (E[fé‘N(o] / {E[fczN(i)]}z) = 5)

The function of uiz is to distinguish the signals with higher instantaneous amplitude
distribution from those with higher instantaneous amplitude distribution. As shown in
the Fig. 3 (C), there are two levels in the 2ASK, so the compactness of u‘f is relatively
small. The 2ASK and 2PSK are separated by appropriate threshold 74 .

3.3 Wavelet Transform Feature

The modulated signal is transformed by wavelet. Because there are many burrs in the
signal after wavelet transform, the median filter is used to remove the burrs of wavelet
transform amplitude. The variance of the obtained wavelet transform amplitude after
median filtering. This feature reflects the stability of wavelet transform amplitude of
various signals. As shown in Fig. 4, since the amplitude stability of 64QAM signal is
obviously different from that of 16QAM signal, the system uses proper threshold 76 to
recognize the two signals in 16QAM and 64QAM

T . T T T T T T T
16QAM
35 —<—64QAM | |

oL 1 L 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20

SNR/dB
Fig. 4. V,, for 16QAM and 64QAM signals
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4 C(lassification and Recognition of Modulation Signals Based
on Decision Tree and SVM

4.1 Flow Chart

The recognition flow of the algorithm is shown in Fig. 5.

Signal

v

High Order Cumulants

v v v v v
| 2PSK. 2ASK | | 4PSK | |2FSK\ 4FSK. 8PSK| | 4ASK | | 16QAM. 64QAM |
A
| 2PSK | | 2ASK | |2FSK‘ 4FSK| | 8PSK |
(s | [k |

Fig. 5. Classification flowchart of modulation signals

According to the feature parameters extracted above, nine common digital signal
modulation modes are identified by using binary tree structures. The 4PSK and 4ASK sig-
nals are identified, and divided into three parts: {2ASK, 2PSK}, { 16QAM, 64QAM} and
{8PSK, 2FSK, 4FSK}; Then{2ASK and 2PSK}, {2FSK, 4FSK, 8PSK}and{16QAM,
64QAM} are identified by u2” , ymax , Vi, and 2FSK and 4FSK are identified by o,y .

4.2 Identification Simulation and Performance Analysis

In this paper, MATLAB software is used to verify the algorithm, after the down con-
version to baseband signal, carrier synchronization, symbol timing, matching filter, nine
common digital signal modulation mode is identified. The simulated signal is 125 symbol
length, 4000 Hz carrier frequency, 16000 Hz sampling frequency, 2000 bps symbol rate,
0-20 dB signal-to-noise ratio, and the extracted characteristic parameters are averaged
after 100 calculations.

Experiment 1 was a decision tree based statistical recognition model:

Figure 6 (a) is the recognition rate of 1000 times for 9 kinds of signals in 0-20 dB
SNR. From Fig. 6 (a), the recognition rate of 2PSK and 2FSK is poor in 0-2 dB SNR,
and most of the recognition rate is over 90% when the SNR is 5 dB. Figure 6 (b) is the
total recognition rate of 9 kinds of signals under the SNR of 0 to 20 dB. From Fig. 6
(a), the overall recognition rate is below 90% under the SNR of 0 to 5 dB, and the total
recognition rate is 95% and the highest is 99% under the SNR of 6 dB.
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Fig. 6. The recognition rate of decision tree

Experiment 2 was Support Vector Machine based recognition:

Under the condition of signal-to-noise ratio from 0 dB to 20 dB, 500 data samples
are used as training set and 500 data samples are used as test set for each feature. The
effect of recognition is shown in Fig. 7 (a) and Fig. 7 (b).
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Fig. 7. The recognition rate of SVM

Figure 7 (a) shows the recognition rate of 9 signals at 0-20 dB SNR. From Fig. 7 (a),
the recognition rate of 4PSK and 8PSK is worse than other signals at 0-2 dB SNR, and
the recognition rate of 64QAM and 2PSK signals is better at low SNR. The recognition
rate of the 9 signals is over 99% when the signal-to-noise ratio is 6 dB. Figure 7.(b) is the
total recognition rate of 9 kinds of signals under the signal-to-noise ratio of 0 to 20 dB.
From Fig. 7 (b), the overall recognition rate is above 90% when the signal-to-noise ratio
is 0 to 2 dB, and the total recognition rate is 99% when the signal-to-noise ratio is 5 dB,
and the highest is 99.8%.
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5 Conclusion

In this paper, the higher-order cumulants of 9 common digital signals are calculated, then
the features of higher-order cumulants, 3 instantaneous features and wavelet transform
are extracted, 9 kinds of signals are identified by Decision Tree Algorithm and SVM
on MATLAB Platform. The experimental results show that the recognition rate of the
method based on decision tree is poor at low snr. After the SNR is 6 dB, the recognition
rate reaches over 90% and the highest is 99% The recognition rate of SVM method at
0 dB has reached 78%, when the SNR is 2 dB, the recognition rate is more than 90%,
the recognition rate is stable at 99% when the SNR is 4 dB, and the highest recognition
rate is 99.8%. Therefore, the algorithm has a good recognition rate in low SNR, which
proves the effectiveness and reliability of the Algorithm.
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