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Abstract 

In this paper, we study spectrum sensing based on dimensionality reduction and random 

forest (RF) in low signal-to-noise ratio environments. Classifications of three digital 

modulation types, including BPSK, OFDM and 2FSK, are investigated. From the received 

radio signal, a set of cyclic spectrum features are first calculated, and the principal 

component analysis (PCA) is applied to extract the most discriminant feature vector for 

classification. Furthermore, the detecting signal is classified by the trained random forest, 

which uses the Gini index as the classification criteria, to test whether the primary user 

exists. The performance of our proposed PCA combining with RF algorithm is evaluated 

through simulations and compared with MME, SVM, RF. Experimental results show that with 

dimensionality reduction, the performance of classification is much better with fewer features 

than that of without dimensionality reduction. 
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1. Introduction 

Cognitive network (CN) viewed as a novel form of wireless communications, has been 

proposed to become a tempting solution to the spectrum underutilization problem. CN is the 

wireless communication system with intelligence, which senses its outside electromagnetic 

environment and learns from the surroundings, then adapts its internal states by changing 

certain operating parameters such as transmit-power, carrier-frequency, and modulation 

strategy in order to adapt to the change of its environment[1, 2]. 

Spectrum sensing is a cornerstone in cognitive networks, which detects the availability of 

radio frequency bands for possible use by secondary user without interference to primary 

user. As one of the key technologies of cognitive network, spectrum sensing can detect 

situation of spectrum utilization quickly, accurately, and effectively. Some traditional 

techniques proposed for spectrum sensing are energy detection, matched filter detection, 

cyclostationary feature detection [3, 4]. In view of the radio channel complex environment, 

spectrum sensing technology focused on spectrum detection problem under low signal-to-

noise ratio circumstances of channel multi-path fading and shadow fading. In [5], the authors 

proposed spectrum sensing algorithm based on the maximum-minimum eigenvalue (MME), 

but spectrum sensing effect of the algorithm is not ideal; detection rate is low in the low SNR. 

The cyclic spectral coherence is widely used to classify modulated signals. However, the high 
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dimensionality of the spectral coherence function (SCF) representation makes it difficult to be 

directly applied in the signal identification algorithms. In [6, 7], the authors proposed the idea 

of projecting the SCF of the signal to cyclic domain profile and picking the peak values to 

determine the modulation format. However, the method is not ideal when the SNR is low, 

because some important information is lost. There has been a growing interest in applying 

machine learning algorithms to CN in recent years [8]. In [9], the authors proposed an ANN-

based cognitive engine that learns how environmental measurements and the status of the 

network affect its performance on different channels. HMM as a classifier has been used in 

spectrum sensing. In [10], the authors designed a channel status predictor using a MFNN 

model. The SVM, developed by Vapnik and others [11], has been used for many machine 

learning tasks such as pattern recognition and object classifications. A SVM-based spectrum 

sensing algorithms proposed in [12] was applied to the field of cognitive radio, but the 

algorithms affect the classification effect directly due to the high computational complexity, 

to large-scale training samples, prone to over fitting and other reasons. 

Random forest (RF) was coined by Leo Breiman in 2001 on the foundation of machine 

learning theory [13]. Random forest is a combination of tree predictors such that each tree 

depends on the values of a random vector sampled independently and with the same 

distribution for all trees in the random forest. It denotes that the error of the random forest 

algorithm is more stable, and the algorithm can overcome the disadvantages of a single 

decision tree. Random forest algorithm reflects the advantages of the strong classifier 

synthesized by multiple weak classifiers. 

PCA [14] is the best-known linear dimensionality reduction method. Applying the PCA 

method to these spectral coherence features can decrease the classification errors in low SNR 

scenarios and reduce computational complexity effectively. In view of their advantages, we 

introduce a new spectrum sensing scheme, which applies PCA on the cyclostationarity 

features and obtains the first one or more principal components to form the principle cyclic 

spectrum(PCS) feature vector, then generates random forest(RF) to classify the detecting 

signal. 

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 

procedure of combining PCA dimensionality reduction with RF is revisited in Section 4 and 

is well validated with computer simulation in Section 5. The several concluding remarks are 

made in Section 6.  

 

2. System Model 

For simplicity, we assume that a cognitive radio network with one primary user and W 

secondary users, for any one of the secondary user, the presence of the primary user can be 

summarized as a hypothesis test model of two elements 

0

1

: ( ) ( )

: ( ) ( ) ( )

H y t n t

H y t s t n t




 
                             （1） 

Where H0 denotes that  the primary user is not exist, 1H  denotes that the primary user 

exists, 0 t T  ，T  represents the sampling time of the received signal. A process ( )s t (the 

primary user signal) is said to be cyclostationary in wide sense if its mean and variance are 
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periodic with a periodT ;
 n t

 represents the additive white Gauss noise, the mean is zero, 

variance is
2

n . 

On the basis of this model, we applies PCA on the cyclostationarity features and obtains 

the principal components of the presence of the primary user or not and obtain characteristic 

vectors as training samples to form random forest. Then the detecting signal is classified by 

the trained random forest. As we see from Figure 1. 
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Figure 1. The Model Diagram of Spectrum Sensing Algorithm based on PCA 
and Random Forest 

3. Cyclic Spectrum Characteristic Parameters Extraction 

Many signals in communication system exhibit cyclostationarity property called spectral 

correlation features, these properties can be used for signal classification and detection.  

We assume that each secondary user receiving signal is  y t , and it’s the autocorrelation 

function can be expressed as ( )yR   , 

0 2

0
0

1
( ) ( , )

T
j t

yR R t e dt
T

                                      （2） 

Where   is cyclic frequency, 
0

1

T
  , 0T  is cycle period,  ,R t   is time-varying  cyclic 

autocorrelation function of  y t ,  

*
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                       (3) 

The cyclic Wiener relation states that the spectral correlation function (SCF) ( )yS f
 can 

be obtained from the Fourier transform of ( , )R t  . 

2( ) ( ) j ft

yS f R e d   





                                （4） 

We use the spectrally smoothed cyclic periodogram method [15] to calculate SCF. ( )yS K
 

Is SCF that can be expressed as? 

( 1)/2
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Where  Y k  is the discrete Fourier transform of  y t , L  is sample length that participate 

in the frequency domain smoothing,  *Y k  is the conjugate of  Y k . 

0

1
)()(

T
y kSkS








                                            （6） 

For the received signal with more than one circular frequency, it obtains the largest energy 

spectrum as  S k . 

The spectral energy is obtained by 

1
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( )

K
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S k
K


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

                                                 (7) 

4. The Algorithm Based on Dimensionality Reduction and Random Forest 

In this section, a novel approach to spectrum sensing is introduced based on the proposed 

system model. 

 

4.1. The Procedure of Principal Component Analysis for Dimensionality Reduction 

PCA is the best-known linear dimensionality reduction method. PCA aims to find a 

subspace which can maximally retain the variance of the original dataset. The basis of   

is obtained by eigen-decomposition of covariance matrix. We assume that the lMll hhh ,,, 21 
 

express the M  values of cyclic spectrum ( )yS K
 with 0   respectively. Then we make 

up a matrix of the original data set LMlmhH  )( , where l  is the number of samples, 

Ll ,,2,1  , Mm ,,2,1  . Subsequently, the procedure of PCA for dimensionality 

reduction can be summarized into the following steps.   

Step 1.Standardized the samples of the original data set LMlmhH  )(   

Assuming the samples of the new data set by standardization can be expressed as lmx , 

m

mlm
lm

S

hh
x


                                                                                            (8) 
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lm

m  are the mean and the standard deviation 

of the original samples respectively. 

The new standardization sample matrix  

LlRxxxXXXXX MT

lMllll ,,2,1,],,,[],,,[ 2121    is formed. 

Step 2. Compute the covariance matrix of X  

][ TXXEC                                                        (9) 

The matrix 
TXX  can be expressed by 
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Where  

22

2

2

1

2

1221

2

1112

2

1

2

21

2

1111

LMMMMM

LM

L

xxxc

xxxxc

xxxc















 

Thus the covariance matrix of X  can be written as   
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Step 3. Calculate eigenvalues M  21  and the corresponding eigenvectors  

MUUU ,,, 21   of the covariance matrix C . 

                                         MmUCU lml ,,2,1;                                     (12) 

Step 4. The basis of   is MKUUU K  ,,,, 21 .The value of K  is determined by the 

criteria 

threshold
M
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Usually 85.0threshold . 

Step 5. Obtain principal components sample matrix lY  by 

],,,[ 21 lKll

T

ll yyyUXY                                     (14) 

 Where ],,,[ 21 KUUUU  . 
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The new samples can be expressed as 
T

lKlll yyyY ],,,,[ 21

'  after dimensionality 

reduction,   expresses the maximum spectral energy of the cyclic spectrum ( )yS K
 with 

0  . Then we divide these new samples into training sets and testing sets under the 

condition of 0H
 and 1H

respectively.  

 

4.2. The Procedure of Random Forest for Spectrum Sensing 

According to the spectrum sensing model, we assume that  
000

2

0

1 ,,,, lKll yyy  are 

eigenvalues under the condition of 0H
,so characteristic vector expresses 
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T

lKlll yyyY ],,,,[ 111

2

1

1

1
 .The generating algorithm steps 

are as follows: 

Step 1. In view of the primary user signal, we collect tM  of characteristic vectors under 

the circumstance of presence of primary users as the training positive samples of random 

forest, and collect fM  of characteristic vectors under the circumstance of the absence of 

primary users as the training negative samples of random forest. We suppose all of tM and 

fM  form a training group T . 

Step 2. 
c

tM  positive samples and 
c

fM negative samples of group T are randomly selected 

as training samples in order to generated every tree of random forests. Here, we adopt the 

method of Gini coefficient as the discriminant standard to classify nodes. The Gini index is 

given by 

2
2

1

( ) 1 j

j

gini T P


                                         (15) 

Where jP  is probability of the thj   sample? The feature properties that make value of 

( )gini T  minimum are selected as the nodes' classification properties of tree. 

Step 3. The decision trees are not growing until the percentage of the classification purity 

in each node achieves the desired growth or a given layer. After that, one decision tree in the 

random forest is generated.  

Step 4. Repeat above steps, we can establish random forest with K trees. 

Step 5.Then the detecting signal is classified and sensed by the trained random forest. 

 

5. Simulation Results 

In this section, simulations are used to evaluate the performance of the proposed algorithm 

with various features. By using BPSK, 2FSK, OFDM signals as input, the resolution of the 

carrier frequency is 1 MHZ, and input signals appear to uniform distribution between 3.1 ~ 

4.8 GHz.  

We compare with MME，SVM, RF, and our proposed algorithm (PCA with RF) under the 

signal-to-noise ratio (dB) for -20, -15, -10, -5, 0 circumstances respectively in Matlab7.0. 

Three cyclic spectrum values and the maximum spectral energy of the cyclic spectrum 
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( )yS K
 with 0   are chosen to form the training and testing samples of SVM and RF 

algorithms. The DFT length of cyclic spectrum is 512，and the threshold is 0.95 in the 

procedure of dimensionality reduction.  

In the case of 1H , we take 600 samples in each signal set of 1000 samples randomly as the 

training samples to train every tree, and then put them back for the next selection in the 

training process. Repeat above steps, we can establish random forest with 100 trees. 

Simulations are carried out 
410  orders of magnitude times. 

The detection rates ( Pd ) of the different algorithms for BPSK varied in low signal-to-

noise ratio environments are shown in Figure 2. It is shown that the detection rates 

performance of the four different algorithms decreases with the decreasing of SNR. The 

proposed algorithm can achieve 0.96 at SNR = -10 dB (increases 18.0%, 33.1% and 21.8% 

compared to MME, SVM and RF algorithms respectively).When the SNR is -20dB, The 

proposed algorithm can still achieve 0.816 , higher than SVM, MME and RF algorithms 

obviously. 

 

 

Figure 2. The Detection Rates of the Proposed Algorithm versus MME，RF and 

SVM for BPSK 

Figure 3 shows the detection rates comparison between MME, SVM, RF algorithms and 

the proposed algorithm for 2FSK.It is observed that the detection rate of proposed algorithm 

increases from 0.802 to 1 when SNR vary between -20dB to 0dB with interval of 5dB.Under 

the same varying SNR case, SVM detection rate increases from 0.412 to 0.881, MME 

increases from 0.03 to 0.967, and RF algorithm increases from 0.58 to 0.986. It shows that the 

proposed algorithm has high accuracy rate compared to the other algorithms at the low SNR.  
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Figure 3. The Detection Rates of the Proposed Algorithm versus MME, RF and 
SVM for 2FSK 

The SVM and RF algorithms with few spectral values and the maximum spectral energy of 

the cyclic spectrum are not reliable when the SNR is low, because some important 

information is lost. And MME algorithm reflects the disadvantage of energy detection method 

that is not suitable in low SNR. Defects of the above algorithms that impact the detection 

rates performance are overcome effectively in the proposed algorithm. By utilizing the 

proposed algorithm, most discriminant information and greatly decrease the required feature 

dimensions in classification can be preserved. The figure also indicates that the random forest 

algorithm's advantages of the strong classifier synthesized by multiple weak classifiers.  

In Figure 4, we repeat the same comparison between the above algorithms for OFDM. 

Under the low SNR environment, our algorithm still outperforms the other three algorithms. 

 

 

Figure 4. The Detection Rates of the Proposed Algorithm versus MME，RF and 

SVM for OFDM 

The average error rates ( wP ) of our proposed algorithm compare with MME，SVM, RF 

for different modulated signals are shown in Figure 5. The average error rates performance of 

the four different algorithms decreases with the increasing of SNR. The average error rates of 

the proposed algorithm decreases from 0.205 to 0 when SNR vary between -20dB to 0dB 
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with interval of 5dB lower than SVM and MME algorithms under the same varying SNR case 

obviously. The results show that the proposed algorithm has low average error rate compared 

to the other algorithms in the low SNR. 

 

 

Figure 5. The Average Error Rates of our Proposed Algorithm versus MME，RF and 

SVM 

In order to show the variation between the detection rates performance of the proposed 

algorithm with the number of dimension, the experiments are carry through  dimensionality 

13,,3,2,1 N  in SNR=-10dB,  which are obtained by the different threshold in PCA. The 

results are shown in Figure 6, it is verify the fact that more and more dimensions of the data 

are included (more information are included), the detection rates should become higher and 

higher globally. On the other hand, by dimensionality reduction, most of the useful 

information can be extracted to the first dimension. Therefore, even if we increase the 

dimensions of the reduced data, the detection rates do not embody obvious improvement. The 

same results are also reflected in the experiments in the different SNR environments. 

 

 

Figure 6. The Detection Rates of the Proposed Algorithm with the Number of 
Dimension in SNR=-10dB 
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6. Conclusion 

In this paper, we propose a novel approach combining PCA and random forest to detect the 

primary user signal in low SNR. A set of cyclic spectrum features of the received radio signal 

are first calculated, and a principal component analysis (PCA) is applied to extract the most 

discriminant feature vector for classification. Then random forest (RF) is generated to classify 

the detecting signal. The experimental results show that the proposed algorithm solves the 

problem of the low accuracy on detection of the weak primary users in the low SNR 

environment effectively. Defects of inadequate feature extraction that impact the primary user 

spectrum sensing are overcome effectively in the proposed algorithm, which demonstrates the 

feasibility of our algorithm. 
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