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Abstract

Cognitive radio technology is still the key technology of future mobile communication
systems. Previous studies have focused on improving spectrum utilization and less energy
consumption. In this paper, we propose an Overhead Reduced Scheme (ORS) for green
cooperative spectrum sensing. Compared to traditional cooperative sensing scheme, ORS
scheme divides the sensing time into three time slots and selects the best multi-mode user
to report decisions. In consideration of reporting channel deviation, we derive closed-form
expressions for detection probability and false alarm probability of ORS scheme based on
Rayleigh fading channel. Simulation results show that ORS scheme can improve the
perception accuracy while reducing the perceived delay and energy consumption in the
process of perception, so as to realize the green communication.
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1. Introduction

Multi-radio access technology (multi-RAT) heterogeneous network has the advantages

of large capacity, reduced interference and high spectrum utilization, which are the key
requirements for modern communication networks [1-3]. The use of cognitive radio (CR)
technology in multi-RAT heterogeneous networks allows for sensing the address location
and status information so as to appropriately select the appropriate combinations of
network parameters and RAT, and also optimize a relay node and bandwidth selection.
This system can thus achieve maximum efficiency in a cost-effective manner [4-6].

In order to meet the emerging communication technology bandwidth requirements, early
research focused on maximizing the discovery of unused spectrum without considering
energy constraints. However, recent research has shifted to the seemingly contradictory
problem of consuming less energy to obtain more spectrum. Authors of the literature [7]
define the energy consumption per unit spectrum as opportunity cost. Based on this, we
propose the cooperative sensing scheduling framework, which optimize awareness,
reporting and channel conversion costs from the point of view of energy consumption [8-9].
In cognitive radio, unauthorized users continuously sense the licensed spectrum in order to
detect the unused licensed spectrum by the primary users. In [10-11], the authors have
proposed the collaborative cognitive radio network which utilized a finite number of
samples for deciding the presence or absence of the primary signals. Because of this pivotal
role, spectrum sensing is considered to be the most time-consuming and energy-consuming
part of cognitive radio devices. Previous research works focused on the time overhead in
the process spectrum sensing, In [12], the authors perform analysis of three major spectrum
sensing techniques. In [13], authors design an optimal detection time by maximizing the
throughput using an energy detection scheme. Literature [14-16] study the tradeoff
between perceived time and energy efficiency in spectrum sensing. It is shown in [17-19]
that the performance of a cognitive radio network can be improved by utilizing the double
threshold detector for local detection. It is also confirmed that reliability of spectrum
sensing can be improved in the CR by using multiple antennas. In [20], a multiple antenna
based cooperative CR system with imperfect reporting channels is considered. In [21], the
authors optimize detection performance using multiple antennas with two detectors.

Recently, due to the research trend of green communication, energy consumption in
spectrum sensing has become one of the biggest challenges in academic research. J. Wei
and X. Zhang propose the Distributed Spectrum Sensing (DSS) scheme based on
cluster-forwarding. This scheme shows a significant decrease in total energy consumption
while maintaining high detection accuracy. Literature [22-23] propose further
improvements in spectrum sensing energy efficiency. [22] proposes time division energy
saving (TDEE) aware technology, balancing energy consumption and spectral efficiency
by studying heterogeneous and isomorphic networks. [24] provides a Converging
Solutions for heterogeneous Mobile Networks, while in[25], the authors propose the selfish
attacks and detection in cognitive radio.
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In this paper, we propose a green cooperative sensing scheme--ORS scheme, and focus
on the perceptual scheduling problem of secondary users in heterogeneous networks. A
SUE only has one RAT, while a multi-mode user equipment (MUE) is equipped with
multiple RATs. The single-mode user equipments (SUES) coexist with the MUESs in
heterogeneous networks. By choosing the best cooperative MUE to send decision, we can
increase the perceptual precision, while reducing the perceptual delay and the energy
consumption of cooperative perception, thus realizing the green communication in the
perceptual process.

2. System Model

We consider a heterogeneous wireless network consisting of cognitive user, multi-mode
transmission user MUE (secondary collaboration users), main transmitting user PU(TX),
main receiving user PU(RX) , main base station Pgs, secondary base station Sgs as depicted
in Fig. 1. Each MUE equipped with multiple radio interfaces is capable to access multiple
RATSs simultaneously.

‘——..b
Signal Link
Report Link
Sensing Link

Interference Link

Fig. 1. System architecture

2.1 Traditional Scheme

Fig. 2 shows the time slot allocation in perception process of the traditional scheme. In
order to reduce the interference, all secondary users send decision reports in different time
slots.
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Fig. 2 Time slot of traditional scheme perception process

According to Fig. 1, the number of multi-mode users is (m+1), consisting of a secondary
user, m collaboration users, and all MUEs involved in the collaborative sensing process.
SU executes local perception in the first sub period, and in the next M sub period, cognitive
cooperative users report the decision to SU according to specific rules. SU then determines
the final verdict according to all the local decisions and certain criteria. The perceived time
of the system is given as T, where T=(m+1)t. Obviously, as the number of secondary
collaboration users increases, the perceived time also increases. The transmission slot
length is fixed, so the time for data transmission will be reduced. Assuming that average
perceived energy consumption of each user is the same, the more users involved in the
collaboration, the greater the perceived energy. According to Fig. 1, the local decision
results reporting process will also interfere with the main transmission user, reducing the
main transmission QoS.

2.2 Improvement Scheme

In order to improve the traditional cooperative sensing scheme, we propose an overhead
saving scheme (ORS). ORS separates the local perceptions of the SU and MUEs and select
the optimal MUE for decision reporting. Spectrum sensing and decision reporting use
different the frequency bands in order to minimize the interference. i.e. cooperative users
perform judgment reporting by Bluetooth frequency separating from the main user
transmission frequency band. Fig. 3 shows the system architecture of ORS, while Fig. 4
illustrates the time slot allocation of ORS.



554 Shen and Liu et al.: Green Cooperative Sensing Scheme in Heterogeneous Networks

Fig. 3 System architecture of ORS

T=(M+1)t
aTl
- SU: | MUE,: | MUE;: L A
SU:LD | 2| p . |MUEnq:DR| Saved
to=nT t,=nT t =(a-2n)T

LD: Lecal Detection; BC: Broad Cast; FC: Fusion Center; DR: Decision Report

Fig. 4 Time slot allocation of ORS

The execution of the ORS is shown in Fig. 5. The perception time is eT(0< e« <1), and
is divided into three slots: {to,t1,1}, t, =#, =T, t, =(a—24)T . The concrete process is
hereby described: in t,, the SU performs local sensing to determine whether the primary
transmission user exists. If so, the SU broadcasts to the secondary cooperating user and
closes the process without temporarily accessing the spectrum of the primary user. If it
does not exist, in a certain period of time, MUE; does not receive the broadcast information,
then in t;, MUE; conducts local perception, and reports the results to the fusion center.
Assuming A is defined as a set of MUE; that detects PU, if A is an empty set , the result of
the cooperative detection shows that PU does not exist, and the collaboration will not report
the decision. If A is not empty, we select the best collaboration and make decision report in
t,. The best collaboration makes SU have the largest receiving SINR.

Different from the traditional cooperative sensing scheme, ORS takes advantage of
multi-RAT access characteristics of cooperative users to perform judgment reporting by
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Bluetooth frequency separating from the main user transmission frequency band in order to
minimize the interference.

t0:SU detect

t1:MUEi detect,
set A

SU Broadcast To

MUEi

PU is not ¥
exit t2: MUE(best)
report

End

Fig. 5. Flow chart of ORS

3. Theoretical Analysis

3.1 Perception Accuracy Analysis

The local sensing of the ORS uses an energy detection scheme. The energy detector
measures the received signal energy at a specific sensing time, and compares it with the
established threshold to determine the two hypotheses [26].

o [M.H, 1
% )_{his(k)+ni(k),H1 @

yi(k) is received sample signal, s(k) and ni(k) are the signal and gauss white noise. H; is
complex channel gain between the PU and the MUE;. s(k) and ni(k) are independent
identically distributed random process. H; indicates that the primary transport user exists,
while H, indicates its absence. For MUE;, the detection probability of energy detection can
be expressed as [27]:

P, =Pr{H:|H,|

L& =2 1( ¢ k 1+}7 M G & 42 1 6‘-)7 k 2
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The false alarm probability of energy detection is:
P, =Pr{H:|H,}

=F(yi,%jlf(yi)

H, represents the judgment of the main transmission users’ existence. g indicates the

@)

time domain bandwidth product of energy detector and ¢, indicates the energy threshold.
7, =E, / &% is the signal power and noise power ratio of the main transmission users. For
the convenience of future analysis, we use ¢, (z.7.¢) to express the local detection
probability function and ¢, (4,¢,) to express the local false alarm probability function
[28]. For ORS, this paper uses A(0<A<1) as the assumption of local false alarm

probability and assumes the false alarm probability of cooperative users are equal. 4, is
used to represent the overall false alarm probability. Thus, the energy threshold can be

deduced as & =¢,"(u;,4) [29], where ¢f‘l is the inverse function of ¢, . According to Eq.
(2) and Eq. (3), in t,, the local detection probability and false alarm probability of SU is:

PO =dy (1S 75" 9" ) (4)
PO =g, (1S, 65) =2 (5)
ORS

U, =t W, =nTW, W, is system bandwidth of energy detector, T is duration of the entire

perceptual process, 4 is local false alarm probability, 7% =2,9% and

su 7Pu05u,su '
o0 =97 (455, 2) -
MUE; assists SU with spectrum sensing in time slots t;, and energy detection

technology is taken. The local detection probability and local false alarm probability of
MUE; are:

Pd?RS _ ¢d (#pRs 77ORS’8_ORS) (6)

PinRS — ¢f (luiORS,giORS) (7)

—ORs ORS 2
where 7 =242y, Opy MUE, *

In t,, collaboration users who can maximize the receiver SINR in set A are selected to
report results. At this point, the other MUES listen to the best user's report. If the report is
intercepted, no further reporting is performed. Assuming that MUE; is the best cooperative
user, then the received signal of SU in t, period can be expressed as:

You,i = Ei hi,su X + 0 EPU hPU,SU Xp +Ng ()
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MUE transmits a signal x; to its destination with power E;. h; sy represents the channel
gain between MUE; and SU. Similarly, PU transmits a signal Xp to its destination with
power Epy. Hpysu represents the channel gain between PU and SU. Ns represents the
received signal of SU. The choice of best collaboration users can be carried out according
to Eq. (9) [30]:

|2

7I| i,SU - =maAX(7/i|hi‘SU|2) (9)
7 ey |hPU,SU| +1 N

A is a set of secondary collaboration users that can detect the existence of the main
transmission users. For the set A, in the case H,, the probability that SU can successfully

decode the verdict results from MUE. iS:
PDHJ:Pr%n?{yJHSUr)zA}
A (10)

=1-— H 1— e77i0i2,su

ieA

In the case Hj, the probability that SU can successfully decode the verdict results from
MUE e iS:

2

r?%x(7i|hi,su| )

=Pr{—= > >A
7/P|hPU,su| +1

Sy A (11)

2
Mg A e ieA(n) 7i%i,su

= Ao, 0%

n=1 1+ Vpu 2Pu,su

ieA(n) ViOisu

A=2"2™ _1 - and W, represents the channel bandwidth of a sensing channel,

A(n) represents the n-th nonempty subset of A.

Depending on the probability of successful decoding, the probability of a false alarm
that SU receives int, is:

P! = 221 [H PO TT(1-P, o )} PD,, (12)

j=1 ieAj ieAj

The probability of a detection decision that SU receivesin t, is:
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Pdl _ 2211 I:H Pd?RS H(l_ pd?RS )} |:>DHl (13)

j=1 ieAj iexj

AJ. is the j-th nonempty subset of A, KJ is a complementary set of AJ. , and |Aj| is the
number of elements. Therefore, the overall false alarm probability under ORS is given as:
P, =P +(1-P°)P} (14)

The overall detection probability under ORS is:
P, =R’ +(1-R’)R} (15)

Make ¢(1)=P; = 4, and the local false alarm probability of ORS is:
A=¢" (%) (16)

¢'is the inverse function of ¢.

Since in the third period, we select users from the set A to maximize the received
signal-to-noise ratio to perform the decision reporting, so there is no fear of random access
to the reported channel quality problems. Although the performance of the best relay
selection is better in theory, choosing the best user needs to know the state of all channels in
order to make the best judgment. So applying this scheme in practice would require
considerable attention to the complexity of implementation, not just system performance.

Compared with the traditional scheme, the local sensing time can be extended and the
detection accuracy can be improved by adjusting the value of t,. Since the ORS scheme is
selected for reporting, it can reduce the value of the overall perception of time, where
a can represent the overall reduced value. By adjusting the value of « and 7, the balance

between detection accuracy and time can be determined.
3.2 Perceived Overhead Analysis

(1) Perception Time

The perception time is defined as the time that secondary users perceive the presence of the
primary transmission users and access the authorized spectrum. In traditional cooperative
sensing scheme, ST is related to the number of secondary users participating in
collaboration and the unit-aware slot length.

ST, =T = (m+1)t (17)

In ORS, the length of perception depends on whether SU can perceive the presence of
PU. If detected, the perception time is to=7 T, and the probability is P4. Otherwise, t,, t;, and
t, will all be used similar to the traditional scheme. Thus, the average perceived time of the
ORS scheme is given as:
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ST, =PnT +(1-P)aT

=Pn(m+t+1-P)a(m+1)t (18)

=(Mm+Dt(Pn+a —aP,)
ASiSknOWﬂO<Pd<:1,0<77<%a,O<a<l.SO

0<1-P, <1
O<a(l-P))<1

0< Pd77<%an (19)

O<a(l-P)+Pn<a(l- Pd)+%an <1

Therefore, in the time overhead, the proposed ORS is better than the traditional
cooperative sensing scheme. If P, -1, ST, > (m+ty, if P, >0, ST, > (M+ 1t . It shows

that if the secondary users have high local detection probability, ORS can greatly reduce
the perception of time. Even if the local detection probability of secondary users is low, the
time perception of ORS is «(0< a <1) percent of the traditional scheme, therefore, the

superiority of the ORS can be proved.
(2) Opportunity Cost

A. Traditional Scheme

Perceived energy is expressed by E,,, then:
Eqy = (0P, +P)t=P,(m+Dt = PT (20)
i=1

P, is energy consumption for energy detection of MUE,, P, is energy consumption for
energy detection of SU, we assume that P, =P, .
E,, Is used to indicate reporting energy, and each user's reporting energy is P, :

E. =Y Pt=PT 1)
i=1

The opportunity cost of the traditional scheme, i.e. cumulative energy consumption:
Ero =EsotExo =(R+P)T (22)

B. ORS

Perceived energy is expressed by E, , then:
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Es, = Rt +i Pty =R.(m+1)5T (23)
i1

E,, is used to indicate reporting energy:
Ex. =Rt, =P (a-2n)T (24)

The opportunity cost of ORS, i.e. cumulative energy consumption:
E,, =Ey+E,, =P (m+)nT +P, (a-21)T (25)

4. Simulation Analysis

In this section, we simulate the ORS. We consider a cognitive radio system with PUs (TX,
RX) and m CRs (MUE) for simulation. Moreover, assuming the channel is independent
Rayleigh fading, h; is channel coefficients from user i to user j, variance iss?, , mean

Gaussian white noise is 0, and variance isc’. User's perceived energy is Ps, reporting

energy is P, and reporting duration is t,=100 us.

Fig. 6 shows the relationship between energy consumption and the proportion of ORS.
The energy consumption of ORS system is calculated from Eq. (25). As can be seen from
the Fig. 6, energy consumption will increase in the same perceptual scenarios by increasing
the number of collaborative users. On the other hand, for the same cooperative users, the
energy consumption of the ORS is much smaller than that of the traditional scheme,
implying that our improved scheme achieves significant power saving for spectrum
sensing compared with the traditional case.

1.4

I
)

—*— traditional:m=10
—*— ORS:m=10
—©— traditional:m=20
ORS:m=20

-

o
©

o
o

Energy Consumption(mw)

o
IS

|

1l

o]
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

o(ratio of ORS)

Fig. 6. Relationship between energy consumption and «

Then, we plot the energy consumption versus local perception for the traditional and
proposed schemes in Fig. 7. It is shown that the ORS scheme significantly reduce the
energy consumption compared with traditional scheme. Assuming that the number of users
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involved in the collaboration is m=5. when the value of « remains the same, energy
consumption will increase along with the increase of 7, which is because that local sensing
energy is greater than energy consumption of the judgment report. So, the energy
consumption of ORS scheme will increase remarkably with improving . We can easily
observe that energy consumption increases with larger « . This is due to the fact that the
total local perception radio increases as « increases. At the same time, the total judgment
reporting ratio also increases, therefore, the larger « is, the greater the energy consumption.
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Fig. 7. Relationship between energy consumption and 7

Fig. 8 illustrates the relationship between average perception time and the overall
probability of false alarm. The average perceived time of the ORS scheme is calculated
from Eq. (18), the ORS scheme has a great advantage over the conventional scheme in
reducing the average perceptual time. For the ORS scheme, the higher the transmit SNR of
the primary transmission user, the lower the energy consumption. That is due to the fact
that local false alarm probability of secondary users being lower, and the perception time
therefore reduces. When o is 10, comparing with scheme at g, =1, ORS scheme at

a’, =0.6 requires more average perceived time. When «, remains the same value, the

energy consumption will decrease as a?g, increases in proposed strategies due to the
decrease of the local sensing energy of secondary users.
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Fig. 8. Relationship between average perceived time and overall false alarm probability

Fig. 9 is the relationship between the energy consumption and the overall false alarm
probability. It has the same trend as shown in Fig. 8. We can see that the energy
consumption decrease as A, grows since the local detection probability is improved.

Energy Consumption(mW)

0.25

0.2

0.15

0.1

traditional

+ORS:ap=G,JZ

pisy = 0-6

—6—ORS:a=10,0 2..=06

PtSu

ORS:ap=10,a 1

2 =
PtSu

0

0.01

0.02 003 004 005 0.06 0.07

xo(overa\\ false alarm probability)

0.08 0.09 0.1

Fig. 9. Relationship between energy consumption and the overall false alarm probability

5. Conclusion

In this paper, we have proposed green cooperative sensing strategies based on efficient
cost-saving strategy, called ORS scheme, to reduce the overall time and energy
consumption. To achieve this, we propose a new time slot structure, which ORS scheme
separates the local perceptions of the SU and MUEs, and select the optimal MUE for
decision reporting. Based on these, we develop an effective scheme shown in the flow chart
to select the optimal MUE for cooperative spectrum sensing. With considering the
multi-path fading and the interference from PUs, we derived closed-form expressions of
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detection probabilities and false alarm probabilities over Rayleigh fading channels for ORS
scheme. We also analyzed perception time and opportunity cost for the traditional and ORS
scheme and compared the performance among them. Finally, numerical and simulation
results confirm the effectiveness and improvement of proposed ORS scheme. It is shown
that proposed strategies achieve lower sensing time and energy consumption but with
higher implementation complexity than traditional case.
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