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Abstract—Primary user signal modulation type recognition
performance of building indoor environment has been the
focus of attention and research in low signal-to-noise ratio.
In this paper, a method based on active learning and
support vector machine (SVM) for the primary user signal
modulation type recognition is proposed in low signal to
noise ratio. Three spectral coherence characteristic
parameters are chosen via spectral correlation analysis, and
the training samples and testing samples are formed for
classification. Then, active learning algorithm is applied to
obtain  samples improved classification  through
a number of iterations, and SVM is formed. Finally, the
formed SVM s utilized to recognize the primary user signal
modulation type. Compared to the existing methods
including the classifiers based on MME and ANN, the
proposed approach is more effective in the case of low SNR
and limited training numbers. The results show that the
validity and superiority of the proposed algorithm on
primary user signal modulation type recognition in building
indoor environment.

Keywords-Active  Learning;  Primary  User
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With the rapidly development of wireless communication
technologies and the emergence of the new information
technologies, a lot of important theoretical foundations
and technical approaches has been applied to solve the
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problem in the buildings indoor environment. Among the
information technologies, cognitive network has been
recognized the key technology and method to utilize
spectrum source effectively in the building indoor
environment [1].

As one of the most important issues in cognitive radio
networks[2,3], spectrum sensing is proposed to solve the
shortage of vacant spectrum in recent. Many sensing
techniques have been proposed over the last decade, based
on energy detection, matched filter detection and
cyclostationary feature detection algorithm[4,5,6]. The
above algorithm for the primary user signal spectrum
sensing have been achieved a certain results in low SNR
conditions, but in the signal to noise ratio lower than -
15dB environment, the sense performance is not
significant[7,8]. In view of the radio channel complex
environment under the building indoor, spectrum sensing
technology focused on the primary user signal spectrum
sense problem under low signal-to-noise ratio
circumstances of channel multi-path fading and shadow
fading[9,10].

Support vector machine, the representative of large
mar-gin classifiers, enjoys a sound theoretical foundation
based on Structural Risk Minimization [11,12]. It has
achieved many successes in various empirical applications
thanks to its superior generalization performance. Active
learning, known as pool-based active learning, is an
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interactive learning technique designed to reduce the
labour cost of labeling in which the learning algorithm can
freely assign the unlabeled data instances to the training
set. The basic idea is to select the most informative data
in-stances for labeling by the users in the next learning
round. In other words, the strategy of active learning is to
select an optimal set of unlabeled data instances that
minimizes the expected risk of the next round.

In this article, spectrum sensing is studied from the
machine learning and an primary user signal recognition
method based on active learning and
support vector machine is proposed. A set of received
signal spectrum features are extracted the important
feature vector as training samples and testing samples for
classification. Then, active learning algorithm is applied
to obtain samples improved classification. Finally, we
utilize the trained SVM to recognize the primary user

signal modulation type in the building indoor environment.

The remainder of the paper is organized as follows. In
section 2, the system model is described. The extraction of
characteristic parameters is introduced in section 3. The
proposed algorithm is investigated in section 4 and is well
validated with computer simulation in section 5. The
several concluding remarks are made in section 6.

Il.  SYSTEM MODEL

In this paper, we assume that a cognitive radio network
with W primary users and M secondary users in building
indoor environment, for any one of the secondary user, the
presence of the primary user can be summarized as a
hypothesis test model of two elements

H, oy (t) =n(t)
H 1y() =2 s, +n()

w=1

9]

Where H, denotes that the absence of primary user, H,
denotes that the presence of primary user. A process s, (t),
that is any one of primary users signals, is said to be
cyclostationary in building indoor environment if its mean
and variance are periodic with a period T; n(t) represents
the additive white Gauss noise, the mean is zero, variance

.2
iSO o

Ill.  PRIMARY USER SIGNAL RECOGNITION ALGORITHM
BASED ON ACTIVE LEARNING

In order to analyze the cyclostationary features of the
received signal y(t), two key functions are typically
utilized. The cyclic autocorrelation function (CAF) is used
for time domain analysis, which can be expressed as

R“(z) = Tij; R D)exp(-27ati)dt (29
0

where @ is cyclic frequency, , =% , To s cycle period,
0
R(t, 7 ) is time-varying cyclic autocorrelation function of
y(©).
The spectral correlation function (SCF), which exhibits
the spectral correlation of the signal y(t), is obtained from
the Fourier transform of the cyclic autocorrelation in

Equation (2).

$(f) =] R*(r) exp(~2atj)elt (3)

Based on the calculation of the spectral correlation
function, we can obtain three parameters as characteristic
parameters of a signal modulation identification ,which
listed as follow:

Based on the calculation of the spectral correlation
function, we can obtain three parameters as characteristic
parameters of a signal modulation identification ,which
listed as follow:

1. The largest value of all spectral correlation function

We assume that S(k) is the largest value of all spectral

correlation  function $(f) as the first extracted
characteristic parameter of a received signal.

2. The correlation coefficient for the SCF
The correlation coefficient for the SCF between frequency
f+2a

components , which is known as spectral
coherence coefficient (SCC), can be calculated as
« Se(f
co (1) (f) .
[S(f+al2)S(f-al2)? w0

3. The spectrum energy €
When the received signal has more than one circular
frequency,
the largest energy spectrum is the spectrum energy ¢ ,
which is defined as

E-L1Ss00f
k&P (5

The above characteristic parameters are formed
characteristic vector as the input samples.

In this section, a novel approach to recognize the
primary user signal modulation type is introduced based
on the proposed system model.

We have extracted the cyclic spectrum characteristic
parameters of the presence of the primary user or not

q q ... q R .-

(@' a;, - ay), and obtain characteristic
— d 44 ... 59\T =

vector Yo=(&a,-a5) ,q=12- M as SVM

training samples, thus we generate SVM and using it to

test input samples. Primary user signal recognition

algorithm based on active learning can be expressed as
follow.
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Figure 1. The flow chart of primary user signal recognition algorithm
based on active learning

1. A few samples selected randomly from sampleset U
are marked manual tags and constitutes a training sample
set L.

2. Training samples are randomly selected from the
training set L to train the classifier, then establishing the
initial classifer.

3.According to the standard Q query, A number of
samples of the never marked samples in sample sets U are
selected and annotated, then placed in a training set L.
4.Assume eigenvectors are collected as the positive
training samples in the presence of the primary user, in
which any of eigenvectors represents

XlI :(Eli'Mcil'Msizl)T’i:1’21""Q1’
and

X(i] = (Eichiov Msio)Tvi =1,2,---,Q,
as the negative training samples in the absence of the
primary users.

5. A training set will be composed of the positive
samples and negative samples, and utilizing the samples
of training set to training SVM.

6. Repeat above steps, the primary user signal
modulation type can be recognized by utilizing trained
SVM.

The flow chart of primary user signal recognition
algorithm based on active learning can be described as
Figure 1.

IV. SIMULATION AND ANALYSIS

In order to verify that this algorithm in building indoor
environment quality, using Matlab7.0 to complete
experiments for 3 types of modulation signal (AM,BPSK,
MSK). AM modulated signals are made by single
frequency sine wave and BPSK, MSK are generated by a
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random sequence. To recognize the 3 modulation types,
simulations are carried out with 1000 samples at SNR
ranging from -15 dB to 5dB, the length of DFT cyclic
spectrum is 512,where the parameter C =50,0=0.875
are selected in cross-validation method of SVM.

Figure 2 shows the accuracy signal recognition rate of
the different algorithms for AM, it is observed that the
three algorithms have better signal recognition rate. The
accuracy decreases with decreases of signal-to-noise ratio,
the accuracy rate of MME algorithm is 19.2%, ANN is

:
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Figure 2. The accuracy rate of the different algorithms for AM
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Figure 3. The accuracy rate of the different algorithms for BPSK

70.1%, but the proposed algorithm accuracy rate is still
higher then 80.2% in S/N=-15dB. Above results show that
signal recognition performance of the proposed algorithm
is significantly higher than the other two algorithms.

Figure 3 and Figure 4 show the accuracy rate of the
different algorithms for BPSK and MSK respectively.
Simulation results indicate that the MME algorithm
detects the correct rate is very low, ANN algorithm for
second when the signal-to-noise ratio is low. With the
signal-to-noise ratio increased, the detection accuracy rate
has improved, but the accuracy rate the above algorithms
are still lower then our algorithm.
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Figure 4. The accuracy rate of the different algorithms for MSK

The results show that the proposed algorithm has better
primary user signal recognition performance in low
signal-to-noise ratio environment, which demonstrates the
feasibility of our algorithm.

V. CONCLUSIONS

This paper focuses on the primary user signal detection
issue in low SNR environment, presented a primary signal
detection algorithm based on AdaBoost.The algorithm
utilizes spectral correlation analysis in signal feature
extraction and AdaBoost algorithm to treat primary user
signal detection. Simulation results show that this
algorithm can better improve the spectrum sensing
performance of the primary user signal in low signal-to-
noise ratio environment.
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