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Abstract—In this paper machine learning techniques based
cooperative spectrum sensing (CSS) algorithms are investigated
for cognitive radio networks (CRN). A novel support vector
machine (SVM) and decision stumps based AdaBoost classifi-
cation algorithm is proposed for pattern classification of the
primary user’s behavior in the network. Conventionally, Ad-
aBoost algorithm combines multiple sub-classifiers and produces
a strong weight based on their own weights in classification.
Taking into account the fact that SVM and decision stump
serve as relatively strong and week classifiers respectively, the
proposed algorithm employs SVM as the first-stage classifier
and decision stump as the second-stage classifiers to eventually
determine the class that the spectrum energy vector belongs to. It
is verified in simulations that the proposed algorithm is capable
of achieving higher detection probability than the conventional
machine learning algorithms.

Index Terms—Support vector machine, decision stump, Ad-
aBoost, energy vector, cooperative spectrum sensing, cognitive
radio network (CRN).

I. INTRODUCTION

Cognitive radio (CR) enables dynamic spectrum access of
the licensed spectrum in an opportunistic manner which may
tremendously ease the increasing pressure on current spectrum
resource allocation regimes [1]. The spectrum acquisition
capability of CR systems generally relies on the spectrum
sensing technologies they adopt to identify the spectrum status
[2]. The secondary users (SU) have to discern the status of
the licensed spectrum and access it only if they could assure
themselves that the licensed spectrum is not temporarily occu-
pied by the primary users (PU). Among the various spectrum
sensing methods, energy detection (ED) is a commonly used
technique that requires no priori knowledge of the PU signal
[3]. However, the energy detectors are vulnerable and could
not perform well under low SNR conditions, especially in
multipath fading and shadowing environments.

In order to tackle the problem aroused in single user based
spectrum sensing, cooperative spectrum sensing (CSS) are
widely addressed, where multiple SUs collaborate to make
a global decision on the licensed spectrum status. During
each sensing interval, all SUs will report their spectrum
observations or decision results to the fusion center (FC)
and subsequently the FC makes a final decision based on
its predefined decision strategy or fusion criterion [4]. In [5],
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machine learning techniques, for instance the support vector
machine (SVM), are studied, with an aim to find a linearly
separable hyperplane with the help of support vectors by
maximizing the margin of the classifier while minimizing the
sum of classification errors [6]. In [7] [8], adaptive boost-
ing (AdaBoost) algorithm is introduced, which is a model
composed of multiple weaker models that are independently
trained and whose predictions are combined in some way to
make the overall prediction.

We propose in this paper a hybrid combining AdaBoost
classification algorithm which uses SVM and decision stumps
as sub-classifiers for cooperative spectrum sensing in cognitive
radio networks. Taking into account the fact that SVM and
decision stump serve as relatively strong and week classifiers
respectively, the proposed algorithm employs SVM as the
first-stage classifier and decision stump as the second-stage
classifiers to eventually determine the class that the spec-
trum energy vector belongs to. In a cognitive radio network
(CRN) with a single PU and N SUs, the proposed hybrid
AdaBoost classification algorithm could yield higher detection
probability than the SVM classification algorithm and the
decision stumps based AdaBoost classification algorithm as
well. When compared with the traditional CSS schemes, for
example, the AND and OR rule based hard decision fusion
algorithms, the proposed algorithm outperforms them too. All
these verifications prove that the proposed algorithm could be
utilized in practice as a new solution for CSS.

This paper is organized as follows. In Section II, we present
the system model and some assumptions. Section III intro-
duces the hybrid AdaBoost classification algorithm in detail.
In section IV, we present the performance evaluation results
for the proposed hybrid combining classification algorithm.
Finally, section V concludes the paper.

II. SYSTEM MODEL

We consider a CR network consists of a PU transmitter and
N SU receivers, each of which is indexed by n =1,2,--- , V.
We assume the probability of the PU being active is Pon and
we have two hypotheses which are Hy and H; with probability
(1 — Pon) and Poy, respectively.
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The received signal at the n-th SU is given as

Tn(i)a HO
Yn(i) = (1)
(i) + 7y (i), Hy.

where hypothesis H; indicates that the PU is inactive
and the corresponding channel is available for SUs, while
hypothesis H; means that the PU is active and the channel
is unavailable for SUs; h,, denotes the channel gain from the
PU to SU,,, x(i) the PU’s transmitting signal, and 7, (%) the
additive white gaussian noise (AWGN) with zero-mean and
variance 1 = E||r,(i)|?] = o2. If we denote the time duration
of each spectrum sensing interval at each SU as 7 and the
spectrum bandwidth as w, each SU takes wr samples of its
received signal during the sensing duration 7.

The noise variance normalized energy statistic of SU,, in
the first CSS phase can be denoted by Y,:

1 wT
Yo == lyn(i)? @
77i:l

In the second CSS phase, all SUs report their spectrum
observations Y,, to the FC, which generates the energy vector
as:

Y = [, Y, o YT 3)

The power attenuations between the PU and the SUs depend
on the channel coefficient h,, in that g, = |h|72I The power
attenuation coefficient g,, is hence expressed as:

gn:PL(HCPU—CELUH)'LZJ”“U” “)

where || - || is the Euclidean distance, PL(d) = d~ the
pathloss component for the relative distance d with the
pathloss exponent «, 1, the shadow fading component, and
v, the multipath fading component.

In machine learning, we need to obtain enough training
energy vectors as our training samples to train a classifier
[8]. Let x(V) denote the I-th training energy vector and y")
the channel availability class corresponding to x(). Thus,
the training energy vectors are x = {x() x(® ... x()}
and the channel availability flag (or label) is represented by
g ={cW, @ ... ) where L is the number of training
samples. After the classifier is successfully trained over the
given training samples, it is able to classify the input test
energy vector and we use c* to denote its corresponding
channel availability. In addition, the set of test energy
vectors can be denoted as x* = {x*(1) x*?) ... x*()1
and the set of corresponding channel availability is
¢t = {cW @ .. (MY where M is the number
of test samples. Suppose ¢™) denotes the m-th test sample’s
channel availability label decided by the classifier which is
either channel available label (i.e., ¢(™ = —1) or channel
unavailable label (i.e., ¢™) = 1). If the test energy vector is
classified into the channel available class, it means that there
is no PU in the active state and the channel is available for
the CR network to access. Therefore, the channel availability
is correctly determined in the case that om) = c*(m),
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while miss detection (or false alarm) occurs in the case that
&m = —1 and ¢*™ =1 (or &™) =1 and (™) = —1).
Thus, the prediction error (F.) is defined as the probability
of mis-predicting the presence of PU:

STl (e £ )
M

where I(.) is the indicator function.

P, =

(&)

III. HYBRID ADABOOST CLASSIFICATION ALGORITHM

In our work, the typical machine learning methods of
decision stump and SVM are first considered. A decision
stump is a one-dimension decision tree, which uses only a
single attribute for splitting and makes only one judgment on
each attribute (i.e., one of the sample’s dimensions). Decision
stumps are often used as sub-classifiers in ensemble methods.

The SVM provides a binary model in machine learning
which strives to find a linearly separable hyperplane with
the help of support vectors (i.e., energy vectors that lie
closest to the decision surface) by maximizing the margin
of the classifier while minimizing the sum of classification
errors [9]. As shown in Fig. 1, the learning strategy of
SVM is to maximize the margin and its learning goal is to
find a hyperplane in the N-dimensional samples space. The
hyperplane equation can be expressed as

WI'x® 4+ b=0 (6)

where w is the weighting vector and b is the bias. Based
on w, we need to minimize the vector norm of w so as
to maximize the category margin, and hence the objective
function is

. 2
Min %||w||

@)
st. ¢ (wx® +b) >1

Therefore, the SVM should satisfy the following condition
foralll=1,2,---,L:

1, if wix®4p>1
= )
-1, if w'x®W b<—1

D

In practice, when a test energy vector x*(™) is fed into the
SVM model, the SVM can determine which class it belongs
to through the following rules:

1, if Wwix*™m 4p>1
e = ©)
-1, if wTx™4b<—1

However, practically for most of the time, the samples are
not linearly separable. For this case, the hyperplane satisfying
such conditions does not exist at all. Then, we need to find a
fixed nonlinear mapping ¢ to map the non-linear samples into
a new feature space and use a linear SVM in the feature space
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Support vectors

o' (x“})\+b =-1

Fig. 1: SVM model

[10]. Hence, the nonlinear SVM should satisfy the following
condition for all [ =1,2,--- , L:

L
o —

1, if wlo(xW)+b< -1

if wTd)(X(l)) +b>1
(10)

where ¢(x) is the feature map function.
And the decision rule for nonlinearly SVM is given as:

o 1, if wlo(x*™)4+b>1
& =

(1D
-1, if wlo(x*™)4+b< -1

Although the training energy vectors have been mapped
into a higher dimensional feature space, practically we cannot
achieve a perfect linearly separable hyperplane that satisfies
the condition in (11) for each x. Hence, we rewrite the
optimization problem as a convex optimization problem as
follows:

L
. 2
Min %||w|| + Cl; £

st. dD(w'x® +p)>1-¢01=1,2,....L (12

eD>0,1=1,2,...,L

where C is a soft margin constant, for which a larger C means
the assignment of a higher penalty to errors, and ¢0) is a
slack variable. Radial basis function (rbf) kernel is a popular
kernel function used in various kernelized learning algorithms.
In particular, it is commonly used in SVM classification to map
a feature space to a higher dimension.

Fig. 2 and Fig. 3 show the training samples classified by
SVM-rbf. We can notice that the decision surface divides the
energy vectors in each class as clearly as possible, which leads
to improved detection performance. Also, decision surface can
separate energy vectors more accurately as the SNR increases.
This decision surface takes a complex form, which cannot be
described by any other existing CSS technique.

In addition to decision stump and SVM, AdaBoost (Adap-
tive Boosting) algorithm is an ensemble learning algorith-
m composed of plenty of sub-classifiers to overcome the
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Fig. 2: Scatter plot of energy vectors classified by SVM when
SNR=-1dB
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Fig. 3: Scatter plot of energy vectors classified by SVM when
SNR=6dB
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Fig. 4: AdaBoost classification mechanism.
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drawbacks of poor classification of individual sub-classifiers
[11][12]. The core idea is to train different sub-classifiers h;
on the same training samples. Decision stump, as one kind
of weak classifier, is often used as sub-classifier in AdaBoost
algorithm [13]-[15], and these week sub-classifiers are grouped
together to construct a final stronger classifier.

There are two kinds of weight distribution in AdaBoost.
The first one is the weight of each training sample and the
second one is the weight of each sub-classifier. The update of
the weights of each training sample at each AdaBoost round
ensures that correctly classified data receive lower weights
and wrongly classified data receive higher weights in the next
round. In this sense, the next sub-classifier is forced to focus on
samples that have not been correctly classified in the previous
round. It is up to the user to determine the structure of a sub-
classifier that is employed to train the final stronger classifier.

As for the weights of each sub-classifier, the sub-classifier
with larger weight indicates that it has better classification
result than the sub-classifiers with lower weights. Predictive
classification hy(x*(™)) of the test samples is subsequently
obtained by linearly combining these sub-classifiers based
on their corresponding weights. In Fig. 4, the weight «; is
obtained from fitting a sub-classifier, h;, by minimizing the
objective function £, which measures the discrepancy between
the predictions and the true classes of the samples. In the next
step, the weights of samples are updated. This algorithm can
be used for classification by choosing suitable sub-classifiers.

In the first step, we need to assign the initial weight D, to
each training sample as 1/L. The SVM is adopted as the first
sub-classifier (i.e., hy = hsym,t = 1) and multiple decision
stumps are used as the following sub-classifiers (i.e., hy =
hgs,t = 2,---,T). After hybrid AdaBoost classification, we
can get the weights of each sub-classifier as follows:

1—Et

1
o = iln( ) (13)

€t
where ¢; is the classification error at the ¢-th AdaBoost round
by using the t-th sub-classifier which is defined as:

L
v =Y Dy(DI(h(xY) # V) (14)
=1

where h;(x()) is the predicted class of x() by classifier ;.

In hybrid AdaBoost algorithm, the correctly classified
sample’s weights increase and the falsely classified sample’s
weights decrease at the end of each AdaBoost round by
equation:

Dy (1) exp(—oztc(l)ht(x(l)))
Zy

Dt—‘,—l(l) - (15)
where D, (l) denotes the I-th training sample’s weight at
the [-th AdaBoost round, and Z, presents the normalization
factor which is defined as:

Since the SVMs classification performance is generally
better than that of the single decision stump, the weight of
the SVM classifier a; is usually greater than that of the other
single decision stump classifiers {ag, s, - ,@r}. Finally,
these sub-classifiers are linearly combined to obtain a final
classifier to predict the channel availability class on the basis
of the test samples x*("™). The classification result for the CSS
is then obtained as:

T
e = H(x*™) = sign(d>_ ahy(x*™)) (17
t=1
Specifically, the proposed AdaBoost algorithm based on
the hybrid structure of SVM and decision stumps is described
in Algorithm 1.

Algorithm 1 SVM AND DECISION STUMPS BASED HY-
BRID ADABOOST CLASSIFICATION ALGORITHM
Input: {x,7},{x*, ¢*},T(number of sub-classifiers).
Output: ("),

1: Initialize sample weight D;(l) = 1.

L
2 g1 =3 Di()I(hy(xV) #£ D),

=1
3 = %111(—1:1)
4 Da(l) = D1<l)exp(—?c“ml(x(”))
5: fort:2Lto T do1
6: = Di(DI(he(xD) # cW)

=1

7 Qr = % In( I;,Et) o 0)
3: Dyyi(l) = Dt(l)exp(_%ic he(x*))
9: end for
10: Predict the class of the m-th test sample

T
elm) = szgn(z ahy (x*™))
t=1

IV. SIMULATIONS RESULTS

In this section, the performance of the proposed SVM and
decision stumps based AdaBoost classification algorithm is
evaluated. We consider both a small scale CRN and a large
scale CRN in the simulation. The layout of a small scale with
2 SUs participating in CSS is shown in Fig. 5, where are the
SUs are located respectively at (-1,0) km and (0,0) km and
the PU at (-0.6,-0.6) km. The large scale layout with 9 SUs
is shown in Fig 6, where all the SUs are uniformly scattered
within a 2.0 km 2.0 km square area and the single PU is
located at (-0.6,-0.6) km.

The selected PU signal bandwidth w is 5SMHz, the sensing
duration 7 is 100 us, and the path-loss exponent « is 4.
The shadow fading and the multi-path fading components
are fixed as ¢, = 1 and v,, = 1. In addition, the number of
training samples L is 500 while the number of test samples
is 500. The algorithms are implemented by using Matlab

L
Zy = 2171 Dy (1) eXp(—atC(l)ht(X(l))) (16) (R2016a) in a 64-bit computer with a core i5 processor (clock
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speed of 3 GHz) and 8 GB RAM.
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Fig. 5: Layout of the small scale CRN

2000m

Fig. 6: Layout of the large scale CRN

A. Prediction Error for Different Classifiers

The prediction errors of different machine learning tech-
niques based CSS algorithms for different sets of cooperative
SUs are evaluated and compared in Fig. 7 and Fig. 8, respec-
tively. It is shown that the prediction error performance of the
hybrid AdaBoost and the conventional AdaBoost algorithms
deteriorate slightly when the number of AdaBoost rounds
is getting large, whereas the prediction errors of SVM, K-
Nearest Neighbor (KNN), and K-means remain consistent.
The prediction error performance is even unacceptably de-
teriorating when the number of the cooperative SUs is as
small as two. However, it is apparent that for the number
of AdaBoost rounds being approximately 100, the proposed
AdaBoost algorithm achieves the best performance among all
the algorithms, regardless of the number of SUs participating
in CSS.

It’s important to note that AdaBoost algorithm and the
proposed hybrid AdaBoost algorithm both encounter the over-
fitting problem when the number of AdaBoost rounds is unnec-
essarily increased, which makes the prediction error increase.
In particular, the overfitting point of both the AdaBoost and
the hybrid AdaBoost are around 100 rounds. The hybrid
AdaBoost algorithm achieves lowest prediction error 0.378,
outperforming all the other algorithms under investigation.

B. Detection Probability for Different Classifiers

In addition to the prediction error, we also compare the
detection probability performance of SVM, decision stumps
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(b) SNR=1dB

Fig. 7: Prediction error when 9 SUs participate in CSS

(b) SNR=1dB

Fig. 8: Prediction error when 2 SUs participate in CSS
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Fig. 9: The detection probability according to the SNR when
the false alarm probability is 0.1 and there are 9 SUs.

based AdaBoost, the proposed hybrid AdaBoost, KNN, and
K-Means. Hard decision fusion schemes such as AND and OR
methods are evaluated for the purpose of comparison between
the conventional CSS schemes and the machine learning based
CSS algorithms, as shown in Fig. 9. The results are obtained
for a desired false alarm probability of 0.1 when 9 SUs
participate in CSS. This simulation results show that all the
machine learning techniques based CSS schemes studied in
this paper outperform the traditional AND and OR based CSS
methods. Moreover, the proposed hybrid AdaBoost scheme
performs best among all the CSS schemes.

V. CONCLUSION

In this paper, we propose a hybrid AdaBoost classification
algorithm which uses SVM and decision stumps as sub-
classifiers for cooperative spectrum sensing in cognitive ra-
dio networks. During spectrum sensing operation, the ener-
gy vectors collected from the cooperative SUs are used as
the feature vectors in machine learning for determining the
channel availability. The proposed hybrid AdaBoost algorithm
achieves lower prediction error than the decision stumps based
AdaBoost algorithm. Meanwhile, it exhibits the best perfor-
mance in terms of detection probability in comparison of other
machine learning algorithms and the traditional cooperative
spectrum sensing methods. With the salient performance and
technical merits, the proposed hybrid AdaBoost algorithm may
serve as a practical solution for cooperative spectrum sensing.
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