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Abstract

In Cognitive Radio Networks (CRN) spectrum sensing plays an
important role in achieving spectrum utilization fast and accurately.
Due to interference, power levels and hidden terminal problem, it
becomes challenging to detect the presence of primary users accurately
with better spectrum efficiency. Thus detection of primary users has
become an important research problem in cognitive radio network. In
this paper proposed a learning methods to detect the presence of
primary user with high accuracy. The proposed classifiers has been
trained using the extracted features to detect PU’s signal in low SNR
condition. The Support vector machine (SVM), wavelet transforms, K-
Nearest-Neighbour (KNN) and Reinforcement Learning-based
classification techniques are implemented for Cooperative Spectrum
Sensing (CSS). This approach is based on training learning models
with energy vectors in presence and absence of primary users. The
results provides the analysis of the learning techniques in accordance
with Receiver Operating Characteristics (ROC) and shown the finest
learning model for accurate primary user detection.
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1. INTRODUCTION

Effective spectrum utilization is achieved in Cognitive Radio
Networks (CRN) though the use of spectrum resources when they
are not utilized. Though use of primary users (PU) resources when
they are free is entertained in CRN, it is also necessary that
primary users have the highest priority for the resources and use
of spectrum by cognitive users or secondary users (SU) must be
stopped as soon as the primary user becomes active. This
necessitates high accuracy spectrum sensing scheme. Towards
this different solutions have been proposed in literature survey.
From physical layer view the spectrum sensing can be divided
into three categories as

» Non — coherent detection
« Coherent detection
« Future detection

The received signal energy with a sampling period is
compared with threshold to determining primary user presence in
case of non- coherent detection. The non- coherent detection is
the energy detection and well popular detection. It is a short
sensing time and low complexity. It does not need any prior
information of PU because of uncertainty of noise. Coherent
detection is a Matched filter method compare the channel
response of received signal with knowledge of the transmitted
signal. The approach has higher computational complexity and
performance degradation during rapid change in channel
response. Future detection is the Cyclostationary feature
extraction method utilizes the properties of PU. This approach is
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easily separate the signal and noise and has low accuracy due to
timing error and frequency offset. Energy detection approaches
are found to effective among all above discussed methods. Hidden
terminal problem is most challenging problem pulling down the
accuracy of energy detection approaches. Cooperative spectrum
sensing mitigate the accuracy degrades due to hidden terminal
problems. In case of Cooperative spectrum sensing scheme, a
fusion center makes the decision of PU activity based on multiple
cognitive radio users (CRU). Each CRU makes decision using
energy based scheme. In the proposed paper, an attempt is made
to ensemble machine learning model for PU detection and to
provide an efficient spectrum sensing.

A new fusion algorithm with different features are used for
each of the classifiers to detect the accuracy of each classifier as
a part of hybrid classifier. The accuracy is increased by
aggregation of distributed clustering than energy detection. The
weights for each ensemble classifier are calculated through
continues learning; because of this, the solution is able to adapt
dynamically to the deployed environment and the solution is
adaptive. The simulation results comparing with other techniques
in terms of performance matrix and receiver operating
characteristics (ROC). Instead of fusion rules, machine learning
ensemble methods are used to make the final decision. Due to use
of machine learning, the accuracy of primary user status detection
is improved in presence of hidden terminal problem, multipath
fading, background interference, randomness and uncertainty.
The weight learning procedure for ensemble was not optimal to
achieve the highest accuracy in spectrum sensing. In addition to
this Reinforcement learning approaches are found to have better
adaptivety to environment. In this work, to replace the weighted
ensemble with reinforcement learning based ensemble to have a
better adaptivity to environment and have improved accuracy.

2. SURVEY

Authors in [21] presented an extensive review on application
of reinforcement learning in context of cognitive radio networks.
Multiple Q learning models are discussed and open issues on
improving the performance of spectrum sensing with Q learning
is discussed in the work. Q-Learning based reinforcement was
proposed for detecting of primary user in [3]. The objective
function of Q-Learning is defined based on signal strength to
detect the presence of PU signals. Authors in [4] propose a new
model based on reinforcement learning for cooperative sensing in
cognitive radio adhoc networks. In the proposed work SUs to
learn the optimal set of cooperating neighbours and their report
sequence while minimizing total cooperative sensing delays and
energy inefficiency. Since each SU has to do spectrum sensing the
complexity is high in this approach. A novel spectrum sensing
algorithm based on comparing the ratio of signal energy
corresponding to maximum and minimum SNR to the received
signal is proposed in [5]. It is a three step algorithm. At first it an
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over-sampled signal of total duration equal to the symbol period
is combined linearly. Second, SNR maximization as Rayleigh
quotient optimization is done on the combined signal. Third, by
using the solutions of these problems, the ratio of the signal
energy corresponding to the maximum and minimum SNRs are
proposed as a test statistics. Though the solution is robust against
noise variance uncertainty it fails in absence of knowledge on
transmitter pulse shaping filter. The sensing delay in conventional
cooperative sensing scheme is reduced in [6]. The reporting times
of CRU and Cluster Heads (CH) are merged with the sensing time
slots of CRU to sense the spectrum accurately. Sensing
performance is improved due to this merger. Fusion based
effective spectrum sensing scheme is proposed in [7]. Results
from multiple CRU’s are aligned using Smith—Waterman
algorithm to detect any outlier or misbehaviour before making a
decision on status of primary users.

Cooperative fusion using machine learning proposed in [8].
Energy statistics based training dataset is created. Using this
dataset KNN, SVM. Naive Baiyes and Decision tree classifier are
trained. Machine learning based fusion is found to give better
accuracy. Pattern classification based cooperative spectrum
sensing is proposed in [9].The method used received signal
strength as features. Monte Carlo simulation is done to collect
training samples. The classifier trained using these samples were
found to be accurate but the method must be tested against real
time datasets. Cluster based sequential cooperative spectrum
sensing (SCSS) schemes proposed in [10]. The approach reduces
the network overhead in transmission of reports from CRU to
fusion center without affecting sensing performance. The
reduction of network overhead is made possible with clustering
based aggregation and avoidance of transporting redundant
information. Genetic algorithm (GA) based spectrum sensing in
Cognitive Radio is proposed in [11]. GA finds the best value for
bandwidth, signal to noise ratio and bit error probability. The
sensing is done with the optimized parameters found using genetic
optimization. A blind energy based spatial spectrum sensing
algorithm is proposed in [12]. This approach can work without
knowledge of noise power which is quite different from
conventional energy based spectrum sensing schemes. Using the
difference of received signal energies among sector, the presence
or absence of PU signal is detected. This method is able to solve
the noise uncertainty problem and able to achieved increased
accuracy with low computational complexity. A spectrum sensing
scheme based on cost function is proposed in [13]. This cost
function uses test statistic a new cost-function that defines a new
test statistic based on data from multiple CRU is proposed in the
work. This function yields a binary decision on presence or
absence of PU signals.

The performance of the solution degrades under hyper
Rayleigh fading channels. An optimal threshold detection scheme
for energy based sensing detection is proposed in [14]. The
threshold is calculated using objective function which minimizes
the error probability expressed in terms of missed detection and
false alarm. A spectrum sensing scheme using the principles of
matched filter is proposed in [15] [23]. This scheme works for PU
operating at multiple transmit level. The SNR wall problem in
energy detection approaches is solved in [16]. The cooperation of
multiple receivers is used to detect the primary user activity. The
detection threshold evaluation method proposed in the work is
able to achieve a significant improvement on the probability of
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detection under the presence of noise uncertainty. A spectrum
sensing scheme using principles of cooperation for the case of
multiple PU and CRU is proposed [17]. At CRU energy detector
based decision is made and send to AP, which analyses it to detect
the presence of primary channels. In [18] a sequential sensing
technique is adapted to reduce the sensing time to its minimum
value while maintaining the desired detection performance. Due
to the weak PU signal the sensing time could be still unacceptably
long, particularly in non-Gaussian noise. A novel sequential
sensing scheme based on supra-threshold stochastic resonance is
proposed in [19]. Spectrum sensing using wavelet transform is
proposed in [20]. The sampling is done using compressed sensing
scheme and the result is transformed using wavelet. The
transformed wavelet coefficients are thresholded to detect
primary user. Adaptive thresholding with forward consecutive
mean excision (FCME) algorithm is used for thresholding the
energy levels. Cooperative Power spectral density Split
Cancelation is proposed in [21]. Fourier transform is applied on
the sensed signal to get the stochastic properties of the power
spectral density. The primary user channels are detected by
applying threshold on power spectral density.

3. PROPOSED METHODOLOGY

The proposed Methodology for spectrum sensing uses
clustering architecture. Each of CRUs are grouped into clusters
using low energy adaptive clustering hierarchy centralized
(LEACH-C) protocol. Each of K cluster has a cluster head. The K
cluster heads report their decision to centralized Fusion Center
(FC) where the decision of primary channel is made. The topology
of the proposed solution is given in Fig.1). The architecture of the
proposed methodology is given in Fig.1l. Each CRU makes
multiple parameter measurements using different mechanism
about the PU signal and these measurements are sent to the CH.
CH aggregates the parameter measurements from its CRUs and
send to the Fusion center. At Fusion center, multiple classifiers
are trained to classify the PU status. The results of multiple
classifiers are fused using weighted ensemble to classify the PU
status.

3.1 ED FEATURES AND DECISION TREE
CLASSIFIER

Each CRU does local spectrum sensing independently to
detect the PU activity. The spectrum sensing is a binary
hypothesis test given as

Ho: yi(t) = #i(t), when PU is absent
H1: yi(t) = hix(t)+#i(t), when PU is present (€D)]
where t=1,2,...N,. is the sample index, N, is the total number of
samples of received signal.

Ny = 2BTs

where B is the predefined bandwidth and T is the sensing time.
yi(t) is the received signal at the CRU;. x(t) is the transmitted signal
by PU. The PU transmitted signal is assumed to be Gaussian
random process with zero mean and variance. #i(t) is the additive
white Gaussian noise at the i channel. h; is the channel gain and
assumed to be constant over each sensing period. Each CRU sends
it measurements yi(t) to its CH through a dedicated channel in a
sequential manner.
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The signal is received at CH as:
z,(t)=/PT,q,y; (t)+ ©(t) (2)

where PTi; is the transmit power of the CRU and g; is the amplitude
gain. ®j(t) is the white Gaussian noise introduced in the
transmission. The received signal at kth CH is written as

7 (tH,) = JPT g,y (1) +@(t)
z(H,) =VPT.ghx(t) +VPTign () +@(t) ()

At each of the CH, CRUs signals are averaged and squared to
estimate the energy as:

1% 2
Z,=-=2 |5 (1) “)
N, =
The estimated energy at CH is sent to the Fusion center.
Fusion center create an energy vector with energy measurement
of each of the Cluster heads. Training set is created with energy
vector and the status of PU (present -1 or absent - 0). The training
set is used to train a Decision tree classifier using Random Forest
method.

3.2 WAVELET FEATURES AND SVM CLASSIFIER

The PU signals acquired using compressive sampling using
basic pursuit. Wavelet packet transform (WPT) is executed on the
acquired signal to get the wavelet features at each of the CRU.
The wavelet packet transform recursively decomposes the
received signal spectrum into different subcarriers, and provides
time frequency resolution. The received signal in terms of WPT
transform is represented as:

r(n):Zjlzk:ajvk[n]goj,k[n]+zjlzk:djvk[n]®jvk[n] (5)

where aj is the scaling coefficient, djx is the wavelet packet
coefficient and j shows the level of transform. The wavelet
features measured at each of the CRU is sent to cluster head. The
wavelet features are then fused using average fusion rule at the
CH and sent to the Fusion center. The training set of wavelet
features vs the status of PU is created and an SVM classifier is
trained using the dataset.
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3.3 SNR FEATURES AND KNN CLASSIFIER

If the channel remains unchanged during the observation
interval and that a sufficient number of samples are observed, the
received signal can be represented as:

4
(oﬁ,%} H,
Yi = 25t (1 (6)
05(“%)@ )

where o , i are the standard deviation of noise samples and the

observed signal to noise ratio of the frame sensed at the CRU.
Each CRU send the aif , 7ij to the CH. At CH, the average value

of o?

i » i Is calculated and sent to Fusion center.

A training set of oy , y;j values and the status of PU signals is

created and a KNN classifier is trained to classify the PU status
based on the oy , yj values.

3.4 WEIGHTED ENSEMBLE

A Ensemble of the results of DT, SVM and KNN classifier is
done using Weighted Ensemble to classify the status of the PU.
The weight of the classifier is calculated as:

1—error(C,

_ )
w(C;)=lo error (C,) 1<C; <3 (7

| Received Signal Observation |
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Fig.2. Ensemble Model

The error rate for each classifier is measured by a trail run. The
results of DT, SVM and KNN are used in ensemble model.
Suppose that the classifier training is performed on the training
data and the error rate is calculated for each base classifier as 0.25
for DT, 0.14 for SVM, and 0.30 for KNN. For the error rate above
the weights is calculated using weight equation. 0.47 is assigned
to DT, 0.78 to SVM, and 0.36 to KNN; suppose that the three base
classifiers generate the following results: DT predicts 0, SVM
predicts 1 and KNN predicts 0 (1- indicated PU is present, O -
indicated PU is absent). The ensemble classifier will use the
weighted vote to generate the following prediction results
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PU Absent: DT+KNN = 0.47+0.36 = 0.83
PU Present: SVM = 0.78.

According to the weighted vote, the PU Absent class has a
higher value than PU Present class. Therefore, the ensemble
classifier will classify as PU Absent.

3.5 REINFORCEMENT LEARNING

At fusion center, reinforcement learning based decision is
made to detect PU status. Reinforcement learning is an
unsupervised machine learning technique to learn knowledge
about the operating environment by itself. The advantage is that it
can learn knowledge on fly while carrying out its normal
operation. A simple RL model is illustrated in Fig.3.

Wireless
Environment

state St+1

reward r, state s
/ Spectrum \
- Sensing
[
S
< [ Observe ]
4
[ Learn ]

Decide

)

Fig.3. Reinforcement Learning (RL) Model

action a;

They are three important concepts in a RL model as state,
action and reward. All these three concepts of state, action and
reward are controlled by an agent. Agent makes decisions and
continuously observer the output channels, based on the output it
corrects itself to make better decision next time. State represent
the decision making factors which affect the reward as observed
by the agent. Actions are taken by agent which change state and
reward. As the result of learning process, agent learn to take best
actions. Reward is the positive or negative effect of agent’s action
on operating environment. The knowledge is represented in form
of reward for each state action pair. At any time instant, an agent’s
action may affect the state and reward for better or for worse or
maintain the status quo, and this in turn affects the agent’s next
choice of action. As time progresses, the agent learns to carry out
a proper action given a particular state.

In ensemble method each CRU does a local spectrum sensing
independently send the measurements to CH for analysis in a
sequential manner. At CH, the received signals are averaged to
estimate the energy and this estimation at each CH is sent to the
fusion center creating an energy vector of observation.

At each of the CH, CRUs signals are averaged and squared to
estimate the energy with Eq.(4). The estimated energy at CH is
sent to the Fusion center, which creates an energy vector with
energy measurement of each of the Cluster heads. The decision of
PU present is made with reinforcement learning based on the
energy vector observation. In this model, the fusion center is the
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agent which does the reinforcement learning as shown in Fig.4.
The fusion center (FC) makes it decision based on the energy
observation from the CH. The number of states in this
reinforcement model is number of CH+ 3 (states for start, stop and
No PU).

N = number of CH + 3

In each state S;, FC selects action A; based on selection
strategy and awaits a response from the environment. The
response is the energy vector from the CH after a delay t.. This
response is used for reward calculation. The state changes from S;
to S after the FC obtains the reward ri.1.

At each of the state agent makes one of the N-1 actions. Action
selection strategy is designed to select the actions. Number of
states and actions is directly proportional to number of CH in our
proposed model.

PU Present / Absent

State S, Action A,
> Agent
Reward R;
R Fusion Center and User selection

]

Cluster Heads from SUs |
St+1

Fig.4. RL Model at Fusion Center

A reward function is designed to map the state action state
transition to numeric rewards as

fp:SxAxXS—R
The FC calculates the reward based on arrival of local decision

from a CH as the result of action in that state for CH. An example
state transition diagram is shown in Fig.5.

The FC starts at state So. After choosing first action Ag = 2 it
waits for the first reward ri. The CH responsible for state S;
reports it sensing result after a time delay. Upon the receipt of
reward ri from SU,, the state changes to Si. We use Boltzmann
distribution function for action selection. In this the probability of
selecting action a; in the state sy is given by:

Q(sc.ax)

D(Sk-akzi)zT,aj)iz Ny 8

where

Q(s«, ax=i)/ty is the state-action value function that evaluates the
quality of choosing action ax = i at state sx.

Na is the number of actions.

t, is the time varying parameter controlling the degree of
exploration versus exploitation. All the actions are equally
probable for larger values of t,. FC explores the opportunities of
more CH to achieve potentially higher detection probability. In
case of smaller value of t, the action with maximum Q(S,a) is
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favoured. FC exploits the current knowledge of best selections of
CH to achieve the potentially highest detection probability in this
case.

as =0/rs=0

61223/ I'3

Not

Explore
d
SuU
Start SU1 2 SU3 SU4 SUS End
8 =1ty a: =5/

Fig.5. Sample State transition

As more episodes are devoted to sensing that changes the
strategy from exploration toward exploitation, the value changes
from large to small to assure that the convergence is achieved. The
value of t, is decremented using a linear function over the episode
as follows:

tn :_(to _tn)'

where N is the total episodes.

The reward is a function of correlation incurred by the newly
selected CH;.

The cost associated with correlation is the cumulative
correlation coefficients between the newly selected CH and all
selected CH in previous states.

Given SU; selected in the state sm, m=0,1,....k-1 and the

correlation coefficient matrix Y = {pij}, the cost can be expressed
as:

=t )

Z|::

k-1
Cp =2 pj(snay=1) (10)
m=0
This reward function is given as:
r+1(Sk, ak)=-Cp (11)

The cumulative reward over the entire episode n is calculated
as:
(12)

K
Ri=2r
i=1
where K states are selected in the episode n. The goal of
reinforcement learning is to maximize the cumulative reward
average over most recent N episodes.

Once the reinforcement learning is stabilized, each CRU
makes energy measurement and send to CH. CH aggregates and
send to Fusion center. At fusion center based on the energy
vectors, state transition is triggered to know the state to which the
RL transitions. If RL transitions to state of No PU, the result is
PU is absent.
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4. RESULTS

The performance evaluation of the proposed solution is
simulated with following conditions in Table.1.

The performance of the proposed solution is compared against
ensemble [1] [2] which is also a similar clustering based spectrum
sensing techniques. The probability of detection for different SNR
is shown in Fig.6.

In Reinforcement learning (RL) the performance of
probability of false alarm is minimum, that is 0.2 at low SNR = -
30dB.The probability of false alarm is less in the proposed
solution compared to weighted ensemble [1] and [2]. This shows
the capability of RL technique is adapting to user movement while
maintaining detection performance.

Table.1. Performance evaluation conditions

Parameters Values
No of CRU 12
No of Clusters 3
No of CRU per Cluster 4
Sensing, Reporting times 1ms (fixed interval)
Average SNR of each CRU -17dB
Noise White Gaussian Noise

No of samples collected for
reinforcement learning

PU Signal

500

BPSK modulated

Data a frequency = 1000Hz,
carrier frequency = 2000Hz, and
sampling frequency = 8000Hz

A simulation run of 30 minutes is
done with PU presence in every 5
minutes. Energy, wavelet, SNR
features are extracted every 1
minute as manually labelled. The
labelled dataset is used for
training the KNN, SVM and
decision tree (DT) classifiers used
for comparison.

The weighted ensemble of
machine learning classifier to
detect PU state as per [1] and
solution [2] uses reinforcement
learning to detect PU states. All
the solution are compared at same
power level.

Signal Characteristics

Dataset

Solutions compared

The probability of detection is higher in the proposed solution
compared to ensemble [1] and [2]. In Reinforcement learning the
performance of probability detection is 0.85 at low SNR is -30dB
is improved. The probability of false alarms is 0.03 at low SNR
of -25dB. The probability of false alarms for different SNR is
shown in Fig.7.
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Fig.6. Probability of Detection with SNR

.Though the number of users considered for simulation is less,
the area for simulation is only 100*100m and density is high.
Instead of testing 100 CRU users in a bigger area, testing with
lesser CRU in a small area will closely mimic the real deployment
environment. Thus, simulation is done in way to mimic the real
deployment.
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Fig.7. Probability of false alarm with SNR

The receiver operating characteristics (ROC) is plotted
between probability of detection and probability of false alarm
measured at SNR of -15dB is shown in Fig.8.
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Fig.8. Receiver operating characteristics (ROC) at SNR = -15dB

The proposed reinforcement classifier is compared with
weighted ensemble method [1] and proposed [24] for spectrum
sensing in terms of the following parameters by using confusion
matrix. In the field of statistical classification a confusion
matrix is a table that is often used to describe the performance of
a classification model.

1. Sensitivity

Specificity

Precision

Negative predictive value
Fall out

AN

False discovery rate
Miss rate

Accuracy

Training time

10. Prediction speed

The proposed technique results are compared with the existing
technique with different parameters are shown in Table.2.
According to these performance measures, reinforcement
classifier performs better results compared to ensemble classifier
and [24].

© N o

Table.2. Results performance

Parameters Reinforcement| Ensemble [1] | [24]
Sensitivity 0.966 0.956 0.932
Specificity 0.989 0.989 0.973
Precision 0.9919 0.9819 0.9718
Pegative Predictive 0.9551 0.9451  |0.9347
Fall out 0.008 0.018 0.027
False discovery rate 0.029 0.019 0.0282
Miss rate 0.032 0.042 0.068
Accuracy 0.984 0.973 0.9525
Training time 18s 223 2.2s
Prediction speed 1.317us 1.517us  |1.517us

All the performance metrics are evaluated at same
environment for all classifiers. From the results, the probability of
detection is high in proposed Reinforcement based solution
compared to ensemble [1] and [24]. The reason for increased
probability of detection is attributed to the topology adopted in the
proposed solution and two levels of aggregation as fusion and
reinforcement learning at fusion center to detect PU.

S. CONCLUSION

A reinforcement learning based spectrum sensing scheme for
detection of primary user status is proposed in this work. Energy
measurements are done at each CRU and send to CH, from where
the aggregated energy vector to the fusion center. At fusion center
reinforcement learning based decision is made on the state of the
PU. The reinforcement learning performance results are
compared with other classifiers. The accuracy has improved by
5% at SNR of -15dB and 11% at SNR of -20dB when compared
to ensemble model. Even at low SNR of -30dB they proposed
solution is able to provide an 85% accuracy in PU detection
compared to 80% in ensemble model. The probability of false
alarmis 0.03 at low SNR of-25dB. The sensitivity, specificity and
precision is improved compared to ensemble model.

REFERENCES

[1] K.V.Varaprasad and P. Trinath Rao, “Adaptive Cooperative
Sensing in Cognitive Radio Networks with Ensemble model
for Primary User Detection”, International Journal of
Communication Systems (Early Access), 2019.



ISSN: 2229-6948(ONLINE)

(2]

(3]

[4]

(5]

(6]

[7]

(8]

[0l

[10]

[11]

[12]

M.S. Miah, H. Yu and M.M. Rahman, “Super-Allocation
and Cluster-Based Cooperative Spectrum Sensing in
Cognitive Radio Networks”, KSII Transactions on Internet
and Information Systems, Vol. 8, No. 10, pp. 3302-3320,
2014.

Y.B. Reddy, “Detecting Primary Signals for Efficient
Utilization of Spectrum using Q-Learning”, Proceedings of
International Conference on Information Technology: New
Generations, pp. 360-365, 2008.

Brandon F. Lo and lan F. Akyildiz, “Reinforcement
Learning for Cooperative Sensing Gain in Cognitive Radio
Ad Hoc Networks”, Wireless Networks, Vol. 19, No. 2, pp.
1237-1250, 2013.

T.E. Bogale and L. Vandendorpe, “Max-Min SNR Signal
Energy based Spectrum Sensing Algorithms for Cognitive
Radio Networks with Noise Variance Uncertainty”, IEEE
Transactions on Wireless Communications, Vol. 13, No. 1,
pp. 280-290, 2014.

M.S. Miah, H. Yu, T.K. Godder and M.D.M. Rahman, “A
Cluster-Based Cooperative Spectrum Sensing in Cognitive
Radio Network using Eigenvalue Detection Technigue with
Superposition  Approach”, International Journal of
Distributed Sensor Networks, Vol. 11, No. 7, pp. 1-18, 2015.
H.A. Shah, M. Usman and I. Koo, “Bioinformatics-Inspired
Quantized Hard Combination-Based Abnormality Detection
for Cooperative Spectrum Sensing in Cognitive Radio
Networks”, IEEE Sensors Journal, Vol. 15, No. 4, pp. 2324-
2334, 2015.

A.M. Mikaeil, B. Guo and Z. Wang, “Machine Learning to
Data Fusion Approach for Cooperative Spectrums Sensing”,
Proceedings of 6" International Conference on Cyber-
Enabled Distributed Computing and Knowledge Discovery,
pp. 429-434, 2014,

K.M. Thilina, K.W. Choi, N. Saquib and E. Hossain,
“Pattern  Classification Techniques for Cooperative
Spectrum Sensing in Cognitive Radio Networks: SVM and
W-KNN Approaches”, Proceedings of IEEE International
Conference on Global Communications, pp. 1260-1265,
2012.

H. Vu Vanand and I. Koo. “A Cluster-Based Sequential
Cooperative Spectrum Sensing Scheme Utilizing Reporting
Framework for Cognitive Radios”, IEEE Transactions on
Electrical and Electronic Engineering, Vol. 9, No. 3, pp.
282-287, 2014.

S. Chatterjee, S. Dutta, P.P. Bhattacharya and J.S. Roy,
“Optimization of Spectrum Sensing Parameters in Cognitive
Radio using Adaptive Genetic Algorithm”, Journal of
Telecommunications and Information Technology, Vol. 3,
No. 1, pp. 1-13, 2017.

K. Venkata Vara Prasad and Trinatha P. Rao, “Performance
of Blind Detection Frame Work using Energy Detection
Approach for Local Sensing in Intelligent Networks”,
International Journal of Computers and Applications, Vol.
12, No. 2, pp. 1-17, 2018.

2249

[13]

[14]

(18]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

ICTACT JOURNAL ON COMMUNICATION TECHNOLOGY, SEPTEMBER 2020, VOLUME: 11, ISSUE: 03

I. Sobron, P.S.R. Diniz, W.A. Martins and M. Velez,
“Energy Detection Technique for Adaptive Spectrum
Sensing”, IEEE Transactions on Communications, Vol. 63,
No. 3, pp. 617-622, 2015.

E. Chatziantoniou, B. Allen and V. Velisavljevic,
“Threshold Optimization for Energy Detection-Based
Spectrum Sensing Over Hyper-Rayleigh Fading Channels”,
IEEE Communications Letters, Vol. 19, No. 6, pp. 1077-
1080, 2015.

X. Zhang, R. Chai and F. Gao, “Matched Filter Based
Spectrum Sensing and Power Level Detection for Cognitive
Radio Network”, Proceedings of IEEE Global Conference
on Signal and Information Processing, pp. 1267-1270, 2014.
D.M. Martinez and A.G. Andrade, “On the Reduction of the
Noise Uncertainty Effects in Energy Detection for Spectrum
Sensing in Cognitive Radios”, Proceedings of IEEE Annual
International Symposium Personal, Indoor and Mobile
Radio Communications, pp. 1975-1979, 2014.

M.T. Moualeu, T.M.N. Ngatched and W. Hamouda.W
(2014), F. Takawira, “Energy-Efficient Cooperative
Spectrum Sensing and Transmission in Multi-Channel
Cognitive Radio Networks”, Proceedings of International
Conference on Communications, pp. 4945-4950, 2014.
W.L. Chin, JM. Li and H.H. Chen, “Low-Complexity
Energy Detection for Spectrum Sensing with Random
Acrrivals of Primary Users”, IEEE Transactions on Vehicular
Technology, Vol. 65, No. 2, pp. 947-952, 2016.

Q. Li and Z. Li, “A Novel Sequential Spectrum Sensing
Method in Cognitive Radio using Supra-Threshold
Stochastic Resonance”, IEEE Transactions on Vehicular
Technology, Vol. 63, No. 4, pp. 1717-1725, 2014.

H. Hosseini, S.K.B. Syed Yusof, N. Fisal and A. Farzamnia,
“Compressed Wavelet Packet-Based Spectrum Sensing with
Adaptive Thresholding for Cognitive Radio”, Canadian
Journal of Electrical and Computer Engineering, Vol. 38,
No. 1, pp. 31-36, 2015.

R. Gao, Z.P. Qi and H. Li, “A Robust Cooperative Spectrum
Sensing Method in Cognitive Radio Networks”, IEEE
Communications Letters, Vol. 18, No. 11, pp. 1987-1990,
2014,

Kok Lim Alvin Yau, Geong Sen Poh and Su Fong Chien,
“Application of Reinforcement Learning in Cognitive Radio
Networks: Models and Algorithms”, The Scientific World
Journal, Vol. 2014, pp. 1-16, 2014.

B. Anil Kumar and P. Trinatha Rao, “MDI-SS: Matched
Filter Detection with Inverse Covariance Matrix-Based
Spectrum Sensing in Cognitive Radio”, Proceedings of
International Conference on Computational Intelligence in
Sensor Networks, pp. 473-488, 2019.

Hassan Bin Ahmad, “Enable Classifier based Spectrum
Sensing in Cognitive Radio Networks”, Wireless
Communications and Mobile Computing, Vol. 2019, pp. 1-
16, 2019.



