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Full duplex and cognitive radio technologies have paved
the way to enormous advances in wireless communications.
Cognitive radio, since 1990s, has predicted transceivers that
can be aware of their surroundings and be able to detect
and exploit underutilized frequency bands licensed to other
users. With half duplex radios, sensing the primary channels, detecting spectrum holes, and accessing the idle or
underutilized channels according to certain algorithms are
performed sequentially by cognitive (secondary) users. This
can inherently cause interfering with primary users in the
licensed bands, as secondary users cannot hear the return of
primary users while transmitting data.
With full duplex radio, on the other hand, the users
can transmit data and sense/receive data simultaneously. This
can potentially improve the throughput of the secondary
network and at the same time provide better protection to
the primary users. Since the secondary users can sense the
primary channel(s) whilst transmitting over the primary’s
idle channel, they can detect return of primary users and
would immediately stop transmission over the respective
frequency band. End to end delay reduction is also another
major benefit of full duplex communication, as some of the
above sequential processes can be made concurrent with full
duplex radio.
Potential benefits of full duplex communication, specifically in enhancing spectral efficiency, have also been known
since 1960s. However, hardware and system complexities
hindered wide use of these technologies in realistic conditions; substantial effect of self-interference in full duplex
radio and practical difficulties in cancelling it were the prime

reasons for the five-decade delay in serious attention to this
technology. Recent advances in self-interference cancellation,
through cutting edge digital and analog signal processing techniques, have brought full duplex communication
closer to reality. At the same time, remarkable advances
in centralized and distributed signal processing, machine
to machine communication, deep learning methods, and
cloud/edge computing have spurred a major shift in cognitive
radio paradigm and realized many early promises of this
technology.
Applications of these two technologies, in the future wireless networks, can be vast, and the potentials for improving
network performance, for example, in terms of delay and
throughput, are promising. As said above, by combining the
two technologies, that is, cognitive and full duplex radio, even
further benefits can be achieved, for instance, offering higher
secondary user throughput and concurrently protecting the
primary users through parallel sensing and transmitting data
by the secondary users.
However, when we deal with 4th and 5th generation
dense networks and apply full duplex and cognitive radio
technologies in the emerging Internet of Things, new challenges will arise. For instance, multiuser interference is
increased when full duplex communication is exploited in
multiuser scenarios, and especially in dense environments.
This will necessitate new cognitive and full duplex MACand Network-layer protocols to tackle these problems in
multiuser and multihop scenarios. Such new MAC and
Network layer protocols can be far more efficient than the
respective standard protocols, as the users can learn the
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environment through cognitive radio and can transmit while
sensing through full duplex radio.
Security is another concern in wireless networks with
potentially large number of users/machines competing for
limited shared pool of resources, specifically in shared spectrum cognitive network conditions.
The present special issue of this journal is dedicated to
addressing some of the challenges in cognitive and full duplex
networking. The first paper “Cognitive Security of Wireless
Communication Systems in the Physical Layer” by M. H.
Yilmaz et. al. looks into so-called “cognitive security” and
proposes new physical layer measures for enhancing security
in cognitive wireless networks. This paper specifically suggests employing an adaptive radio that adapts to the network
condition and accordingly takes necessary precautions before
security attack takes place.
The second paper, “Fast Cooperative Energy Detection
under Accuracy Constraints in Cognitive Radio Networks”
by S. Peng et al., studies minimizing the delay incurred
in finding and accessing frequency holes in cognitive networks. Service latency is a critical constraint in many of
the applications in the 5th generation wireless systems.
The proposed technique in this work is based on cooperative energy detection by the secondary (i.e., cognitive)
users.
The third paper, “Coexistence of Cognitive Small Cell
and WiFi System: A Traffic Balancing Dual-Access Resource
Allocation Scheme” by X. Huang et al., touches upon optimization of heterogeneous cognitive networks, comprising
(licensed) small cells and (unlicensed) wifi constituents. 5G
networks are envisaged to corroborate the idea of cognitive networking in heterogeneous conditions; hence optimal
allocation of resources in such networks is essential for
achieving fair and high quality of service provisioning to
various applications. New power allocation algorithms are
presented by the authors to achieve traffic balance between
licensed and unlicensed users in a cognitive networking
setup.
The 4th paper, “Distributed Schemes for Crowdsourcingbased Sensing Task Assignment in Cognitive Radio Networks” by L. Zhai et al. studies crowdsourcing by exploiting
spectrum sensing in cognitive wireless networks. This paper
considers the scenario where spectrum sensing is assigned to
mobile terminals and tablets as a distributed task. The authors
propose a number of algorithms in order to optimize this
assignment.
The last paper, “Cooperative Full-Duplex Physical and
MAC Layer Design in Asynchronous Cognitive Networks”
by T. Febrianto et. al., studies an asynchronous cognitive
network (i.e., no synchronicity between primary and secondary users), where the nodes are also capable of full duplex
communication. Full duplex radio in cognitive users has
been exploited for enhancing the sum-throughput of the
network. The users can simultaneously transmit and sense
channel/receive data. This paper also proposes a new full
duplex MAC protocol for the case where multiple secondary
users cooperatively sense the primary channels. This paper
considers the case where a cognitive full duplex user can sense
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sensed channels on the MAC throughput.
M. Shikh-Bahaei
Y.-S. Choi
D. Hong

Hindawi
Wireless Communications and Mobile Computing
Volume 2018, Article ID 4092681, 17 pages
https://doi.org/10.1155/2018/4092681

Research Article
Coexistence of Cognitive Small Cell and WiFi System: A Traffic
Balancing Dual-Access Resource Allocation Scheme
Xiaoge Huang, Yangyang Li

, She Tang, and Qianbin Chen

Chongqing Key Laboratory of Mobile Communication Technology, Chongqing University of Posts and Telecommunications,
Chongqing, China
Correspondence should be addressed to Yangyang Li; lyyhenan@163.com
Received 26 May 2017; Revised 17 November 2017; Accepted 11 December 2017; Published 8 January 2018
Academic Editor: Yang-Seok Choi
Copyright © 2018 Xiaoge Huang et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
We consider a holistic approach for dual-access cognitive small cell (DACS) networks, which uses the LTE air interface in both
licensed and unlicensed bands. In the licensed band, we consider a sensing-based power allocation scheme to maximize the sum
data rate of DACSs by jointly optimizing the cell selection, the sensing operation, and the power allocation under the interference
constraint to macrocell users. Due to intercell interference and the integer nature of the cell selection, the resulting optimization
problems lead to a nonconvex integer programming. We reformulate the problem to a nonconvex power allocation game and find
the relaxed equilibria, quasi-Nash equilibrium. Furthermore, in order to guarantee the fairness of the whole system, we propose
a dynamic satisfaction-based dual-band traffic balancing (SDTB) algorithm over licensed and unlicensed bands for DACSs which
aims at maximizing the overall satisfaction of the system. We obtain the optimal transmission time in the unlicensed band to ensure
the proportional fair coexistence with WiFi while guaranteeing the traffic balancing of DACSs. Simulation results demonstrate that
the SDTB algorithm could achieve a considerable performance improvement relative to the schemes in literature, while providing
a tradeoff between maximizing the total data rate and achieving better fairness among networks.

1. Introduction
Recently, the rapid progress and pleasant experience of smart
Internet based devices lead to an increasing demand for high
data rate in wireless communication systems, which cause the
growth of mobile traffic over thousands of times in the next
decade [1]. However, since the licensed spectrum is limited,
the new available licensed spectrum is becoming rare and
expensive. To respond to increasing wireless communication
capacity demand, new technologies have been proposed for
cellular networks, such as small cells, microwave, massive
multiple-input multiple-output (MIMO). Small cells as parts
of the second tier in multitiered cellular networks have
been considered as an effective means to boost the capacity
and expand the coverage [2]. The incorporation of massive
MIMO techniques into cellular networks can boost the channel throughput by transmitting independent data streams
simultaneously over different antennas. However, the scarcity
of the licensed spectrum is still the major block to further
improve the data rate. The innovations that focus on the

techniques that enable better utilization of the spectrum,
including unlicensed bands, are an urgent issue. Specifically,
it is assumed that up to 30% of the broadband access
in cellular networks can be offloaded to the unlicensed
spectrum occupied by WiFi networks [3].
Cognitive radio is able to enhance the spectrum efficiency by allowing cognitive radio users (CRs) to access the
resources owned by primary users (PUs) in an opportunistic
manner. In order to minimize the performance degradation
caused to PUs, CRs perform spectrum sensing to determine
the status of the spectrum [4]. In this paper, we define a
dual-access cognitive small cell (DACS) network which takes
the advantage of CRs and small cell networks. The DACS
network could reuse the spectrum over small regions, which
is regarded as one of the promising solutions for expanding
the coverage and boosting the capacity of wireless networks.
In addition, cognitive small cell base stations (CSBSs) can
coexist with macrocell base stations (MBSs) by using the
unoccupied licensed spectrum based on sensing results.
One of the primary tasks of the DACS is to find a proper
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selection mechanism for cognitive small cell users (CSUs)
and the associated CSBSs based on the sensing performance.
However, the reliability of the sensing result is limited by
several factors; thus the influence of the sensing accuracy
should be taken into account.
Particularly, the unlicensed spectrum is considered as a
solution of disposing the scarcity and valuableness of the
licensed spectrum in Rel. 13, which supports the LTE system
to offload the traffic to the unlicensed spectrum used by
WiFi network, namely, LTE-unlicensed (LTE-U) [5]. The
extension of LTE over 5 GHz spectrum requires providing
fair coexistence of LTE-U with already existing WiFi systems.
A feasible way to use both the licensed and unlicensed
band simultaneously through the carrier aggregation feature
(CA) is investigated in [6, 7]. On the one hand, allowing
cellular networks to share the unlicensed band could mitigate
spectrum scarcity in the licensed spectrum, while improving
spectrum efficiency in the unlicensed band. Literature [8]
investigated traffic load offloading from LTE-U to WiFi
and aims to maximize the throughput of LTE-U with the
minimum throughput requirement of WiFi networks. On
the other hand, the impact of the cellular network on the
WiFi system is not negligible; for example, the transmission
of LTE users could increase the collision probability to
WiFi systems. Therefore, there comes a critical challenge for
designers to ensure that the LTE-U can coexist with WiFi
fairly and friendly in the unlicensed band while guaranteeing
regulatory requirement of the local government policy.

band [19–22]. In [19], the authors proposed a LBT scheme
by enabling carrier sensing at each LTE-eNB. Although the
scheme can enable fair coexistence between LTE-U and WiFi,
it results in spectrum underutilization due to the carrier sense
operation in the LBT scheme. The fair coexistence between
LTE-U and WiFi in the unlicensed band has been investigated
by a stochastic geometry modeling approach where the LBT
scheme is applied at SBSs [20]. A channel access framework
based on LBT mechanism in LTE-U systems was proposed
in [21], without the consideration of the licensed and the
unlicensed spectrum management. In [22], the authors introduced a new time-frequency structure with a modified LBT
scheme.
Traffic balancing scheme between licensed and unlicensed bands was proposed in [23–25]. The authors in
[23] presented traffic balancing scheme in the licensed and
unlicensed band by controlling the transmission power in
the licensed band and the fraction of transmission time
in the unlicensed band, respectively. However, the analysis
in [23] was limited to the single user case, which can not
be easily extended to the case with multiple users. For the
downlink traffic balancing between licensed and unlicensed
bands, [24] proposed a regret-based learning aided downlink
traffic balancing scheme to ensure fair coexistence between
LTE-U and WiFi. Jointly considering the power control
and spectrum allocation in licensed/unlicensed bands to
maximize the spectrum efficiency while guaranteeing the
QoS of small cell users and WiFi users was discussed in [25].

1.1. Related Work. In the licensed band, resource allocation
problems are discussed in [9–13]. The power allocation
problem in cognitive small cell networks (CSNs) leads to a
noncooperative game (NCG) which was discussed in [11]. In
addition, the sensing information was addressed in [12] as a
part of the game, and the analysis of the equilibria is based on
a concept called quasi-Nash equilibrium (QNE) [13].
The current researches focus on the coexistence of LTEU and WiFi in the unlicensed band based on different
deployment scenarios [14–18]. In [14], the authors proposed
a time-domain resource separation method based on almost
blank subframes (ABSs). In this scenario, LTE users stop
transmitting in ABSs, whereas WiFi users have the opportunity to access the channel without interference. A similar
coexistence scheme was proposed in [15], where LTE users
allocate silent gaps with a predefined duty cycle to facilitate
better coexistence with WiFi users. However, those schemes
cannot achieve the optimal performance of LTE-U operation
due to its discontinuous transmission. In [16], Zhang et al.
proposed an enhanced static ABSs scheme to mitigate the
cochannel interference between small cells and WiFi systems.
The authors in [17] specially aim to optimize the transmission
QoS of LTE users with the minimum transmission requirement of WiFi users, while it does not meet QoS requirement
of all the LTE users by the designed mechanism. Based on the
decision tree and the game theory, [18] presented a flexible
architecture decoupling control plane from data plane which
could improve throughput and spectrum efficiency.
Listen-before-talk (LBT) scheme is a another way to
enable the coexistence of LTE-U and WiFi in the unlicensed

1.2. Contributions. In this study, dual-access cognitive small
cell (DACS) refers to the cognitive small cell with LTE
technologies which can access both licensed and unlicensed
bands simultaneously. The transmission model is based
on the current wireless transmission system, in which the
licensed spectrum is scarce and UEs have ever increasing
data rate requirements, especially for downlink transmission.
Thus, the supplemental downlink (SDL) model is suggested
in [17, 26]; in this model LTE could offload parts of the
traffic load to the unlicensed band and coexist with the
WiFi user while taking into account the WiFi transmission
requirements. In addition, in order to ensure the transmission
QoS, the control information will still use the licensed
band. Therefore, we use the licensed band to support the
uplink transmission and use the unlicensed band to support
the downlink transmission. Assume there are two sets of
antennas for each CSBS; 𝐴 𝐿 is used for the licensed band
and 𝐴 𝑢 for the unlicensed band. The DACS can access
both licensed and unlicensed bands simultaneously; in the
licensed band, CSUs are considered as the secondary users
which work based on the mechanism of cognitive radio (CR)
technologies. It could reuse the licensed spectrum when the
macrocell users (MUs) are absent. In the unlicensed band,
CSUs share the unlicensed spectrum with WiFi users by
adjusting the transmission time. The objective is to maximize
the utility of the whole system (including macrocell system,
DACS system, and WiFi system), which could evaluate the
satisfaction of the whole system, while guaranteeing the
coexistence between CSUs and WiFi users in the unlicensed
band. The main contributions can be summarized as follows:
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(i) Firstly, CSU defined in this paper is based on CR
technologies in which the licensed band could be
reused when the MBS is absent. In addition, SDL
model is considered for the transmission scheme, and
parts of the downlink traffic load could be offloaded
to the unlicensed band while the control information
still uses the licensed band to ensure the transmission
QoS. We propose a sensing-based power allocation
scheme to maximize the total data rate of the whole
network (LTE and WiFi) by jointly optimizing the
cell selection, the sensing operation, and the power
allocation as well as the unlicensed band transmission
time.
(ii) Secondly, in the licensed band, we aim at maximizing
the total data rate of DACSs by jointly optimizing the
CSU-CSBS assignment, the detection operation, and
the power allocation under the interference constraint
to MUs. Due to the nonconvexity of the optimization
problem, we reformulate the problem to a nonconvex
power allocation game and find the quasi-Nash equilibrium (QNE) of the nonconvex game. The sufficient
conditions for the existence and the uniqueness of a
QNE are given by theoretical prove.
(iii) Thirdly, in the unlicensed band, taking into account
the dynamic WiFi traffic load with varying transmission probability, we propose a dynamic channel access
scheme for CSUs based on enhanced-LBT (E-LBT)
scheme which could increase the spectrum efficiency
and guarantee the transmission QoS of WiFi networks
in the unlicensed band. Specifically, we analyze the
WiFi traffic load by a statistical method, which could
calculate the optimal transmission time of CSU based
on the transmission probability of WiFi users.
(iv) Finally, we propose a satisfaction-based dual-band
traffic balancing (SDTB) algorithm over the licensed
and the unlicensed band which aims at maximizing
the overall utility of DACSs and WiFi networks
by jointly optimizing the cell selection, detection
operation, and power allocation in the licensed band
and transmission time in the unlicensed band. Furthermore, we calculate the computation complexity
and evaluate the performance of the proposed SDTB
scheme in the realistic channel status with multiCSBS and multi-AP.
In the rest of this paper, we describe the system model
in Section 2 and formulate the optimization problem in
Section 3. The optimal satisfaction-based dual-band traffic
balancing scheme is shown in Section 4. The simulation
results are discussed in Section 5 and Section 6 finally
concludes the paper.
Notations. Matrices and vectors are indicated in boldface.
C𝑚×𝑛 denotes that the space size of matrix is 𝑚 × 𝑛. Tr(⋅) and
(⋅)𝐻 stand for trace and Hermitian transpose, respectively. [⋅]+
denotes max(0, ⋅). ∇x2 𝑅(x) is the Hessian matrix of function
𝑅(x); ∇x 𝑅(x) is the gradient of function 𝑅(x) at point x.

3

2. System Model
As shown in Figure 1, we consider a DACS system which
could transmit and receive signals in both licensed and unlicensed bands simultaneously. There are 𝑀 CSBSs, 𝐽 CSUs,
one MBS, 𝐾 MUs, one WiFi-AP, and 𝑁 WiFi users. In the
licensed band, we consider the uplink transmission of CSBSs
based on sensing results from antennas 𝐴 𝐿 while sharing the
unlicensed band with WiFi systems for downlink transmission based on sensing results from antennas 𝐴 𝑢 . Due to the
limited coverage radius of CSBSs, the number of CSUs and
CSBSs is in an order of magnitude. Assuming both the CSBSs
and the MBS are equipped with 𝑁𝑟 antennas (including 𝐴 𝐿
and 𝐴 𝑢 ), WiFi-AP and various users (CSUs, MUs, and WiFi
users) are equipped with 𝑁𝑡 antennas (including 𝐴 𝐿 and 𝐴 𝑢 ).
There is no cooperation within the heterogeneous network
(macrocell network, DACS network, and WiFi network).
Each user can simultaneously communicate over multiple
channels; thus, multiuser interference (MUI) in the same
channel must be taken into account.
2.1. Resource Allocation for CSUs with MUs in the Licensed
Band. In the licensed band, we consider the uplink transmission under OFDMA technology where CSUs could control
the emitted antenna pattern and the power allocation of
each subchannel through the precoding matrices. We aim
at maximizing the sum rate of overall DACSs with proper
precoding matrix, as well as the best assignment between CSU
𝑗 (𝑗 = 1, 2, . . . , 𝐽) and the associated CSBS 𝑖 (𝑖 = 1, 2, . . . , 𝑀).
The binary incidence matrix is A, whose coefficients 𝑎𝑖𝑗 shows
the status between CSBS 𝑖 and CSU 𝑗. If 𝑎𝑖𝑗 = 1, it denotes
that CSU 𝑗 and CSBS 𝑖 are associated; otherwise 𝑎𝑖𝑗 = 0.
The binary incidence matrix 𝑎𝑖𝑗 should satisfy the following
conditions:
𝑖𝑗
(1) For CSU 𝑗, ∑𝑀
𝑖=1 𝑎 = 1 means that CSU 𝑗 can only
connect to one CSBS;

(2) For CSBS 𝑖, ∑𝐽𝑗=1 𝑎𝑖𝑗 ≤ 𝐷, where 𝐷 is the maximum
acceptable number of CSUs for CSBS 𝑖.
The value 𝐷 is derived from zero-forcing (ZF) decoding
to eliminate the interference; thus, 𝐷 ≤ 𝑁𝑟 /𝑁𝑡 . Based
on this assumption, CSUs connected to the same CSBS do
not have interference, while there is intercell interference
between DACSs and macrocell networks. The frame structure
of CSU 𝑗 consists of a sensing slot of duration 𝑡𝑠 and a data
transmission slot of duration 𝑇𝐿 − 𝑡𝑠 over 𝑘 (𝑘 = 1, 2, . . . , 𝐾)
spatial subchannels. In the sensing slot, if MU is detected
absent, CSUs start transmitting in the transmission slot. We
assume that simultaneous spectrum sensing of each licensed
subchannel is performed by the set of antennas 𝐴 𝐿 at each
CSBS under energy detection scheme, where the MU signal
is modeled as a complex Gaussian random signal in the
presence of an additive white Gaussian noise. The detection
problem on subchannel 𝑘 can be formulated as a hypothesis
test, where hypothesis 𝐻0,𝑘 represents the absence of a MU in
subchannel 𝑘, and hypothesis 𝐻1,𝑘 represents the presence of
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Figure 1: Network model. Illustration of DACSs shares licensed bands with the macrocell network and unlicensed bands with the WiFi
network.

a MU in subchannel 𝑘. Specifically, for channel 𝑘, the received
signal y𝑘𝑖 at CSBS 𝑖 can be formulated as
𝐻0,𝑘 : y𝑘𝑖 (𝑡) = n𝑘 (𝑡)
𝐻1,𝑘 : y𝑘𝑖 (𝑡) = S𝑖𝑘 (𝑡) + n𝑘 (𝑡) ,

𝐻
∑ Tr (Y𝑖𝑘 ) ⋛𝐻1,𝑘 𝜏𝑘 ,
0,𝑘
𝑙=1

𝑘 = 1, 2, . . . , 𝐾,

2

2

𝑖
𝑖
(𝛿𝑘,0
) = 𝐿 𝑠 𝑁𝑟2 (𝛿𝑘,𝑛
)

4

2

2

𝐻

(1)

(2)

where 𝜏𝑘 denote the decision thresholds. According to the
Central Limit Theorem, for large 𝐿 𝑠 , Y𝑘 are approximately
𝑖
𝑖 2
normally distributed: Y𝑖𝑘 ∼ N(𝜇𝑘,0
, (𝜎𝑘,0
) ) for 𝐻0,𝑘 , and Y𝑖𝑘 ∼
𝑖
𝑖 2
, (𝜎𝑘,1
) ) for 𝐻1,𝑘 , where
N(𝜇𝑘,1
𝑖
𝑖
= 𝐿 𝑠 𝑁𝑟 (𝛿𝑘,𝑛
)
𝜇𝑘,0

𝐻

2

𝑖
𝑖
(𝛿𝑘,1
) = 𝐿 𝑠 (𝑁𝑟 (𝛿𝑘,𝑛
) + 𝛾𝑘 Tr (G𝑖𝑘 (G𝑖𝑘 ) )) .

where y𝑘𝑖 (𝑡) ∈ C𝑁𝑟 ×1 denotes the received signal, n𝑘 (𝑡) ∈
C𝑁𝑟 ×1 denotes the i.i.d noise on subchannel 𝑘 with zero
𝑖
𝑖
)2 , that is, N(0, (𝛿𝑘,𝑛
)2 I), and S𝑖𝑘 (𝑡) =
mean and variance (𝛿𝑘,𝑛
G𝑖𝑘 s𝑘 (𝑡) stands for MU signals on subchannel 𝑘, where s𝑘 (𝑡) ∈
C𝑁𝑡 ×1 ∼ N(0, 𝛾𝑘 I) is a column vector of 𝑁𝑡 information
symbols, 𝛾𝑘 is the variance of symbol s𝑘 , and G𝑖𝑘 ∈ C𝑁𝑟 ×𝑁𝑡 is
the channel matrix on subchannel 𝑘 between MU and CSBS
𝑖. 𝐿 𝑠 = 𝑡𝑠 𝑓𝑠 denotes the number of detection samples. Under
an energy detection scheme the decision is based on [27]:
𝐿𝑠

2

𝑖
𝑖
𝜇𝑘,1
= 𝐿 𝑠 (𝑁𝑟 (𝛿𝑘,𝑛
) + 𝛾𝑘 Tr (G𝑖𝑘 (G𝑖𝑘 ) ))

(3)
The probabilities of detection P𝑖𝑘,𝑑 and false alarm P𝑖𝑘,fa for
the 𝑘th channel for CSBS 𝑖 are expressed in closed forms as
P𝑖𝑘,fa (𝜏𝑘 , 𝑡𝑠 ) = Q (
P𝑖𝑘,𝑑 (𝜏𝑘 , 𝑡𝑠 ) = Q (

𝑖
(𝜏𝑘 − 𝜇𝑘,0
)
𝑖
𝛿𝑘,0
𝑖
(𝜏𝑘 − 𝜇𝑘,1
)
𝑖
𝛿𝑘,1

)
(4)
).

2.2. Resource Allocation for CSUs with WiFi Users in the
Unlicensed Band. In the unlicensed band, the coexistence
of DACS and WiFi is based on LTE-Release 10–12 by using
specific techniques such as Carrier Sense Adaptive Transmission (CSAT) with LTE air interface protocol, which performs
Clear Channel Assessment (CCA) before transmitting data
[5]. CCA may potentially degrade the channel utilization
and lose the access opportunities in unlicensed spectrum
channel to other systems. In LTE-Release 13, LBT mechanism
is required which needs to change LTE air interface [22]. The
performance of WiFi systems will be significantly affected
due to the CSMA/CA mechanism, while the performance
of DACS system was almost unchanged based on the LTE
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protocol. The main challenge for the coexistence of DACS and
WiFi is to ensure the fairness between two systems.
Two guidelines are followed in the design of the access
scheme in the unlicensed band: (1) the CSBS senses the
unlicensed band in order to avoid interference from ongoing
transmission by other users; (2) the access scheme aligns with
LTE frame structure.
In order to access the unlicensed band while guaranteeing
the fairness for WiFi users, in this paper, we develop a
channel access scheme that aligns with LTE frame structure,
namely, Enhanced-LBT (E-LBT) scheme. The proposed ELBT is based on the 3GPP definition. Instead of fixing the
data transmission and detection duration, the transmission
duration for DACSs will be adaptively adjusted with respected
to the available licensed bandwidth as well as the WiFi
traffic load. The frame structure of CSBS 𝑖 consists of the
detection duration and the data transmission duration in the
unlicensed band.
Assume that spectrum sensing in the unlicensed band is
performed by the set of antennas 𝐴 𝑢 at each CSBS by energy
detection scheme. If the unlicensed band is regarded as clear
(no WiFi users or other CSBSs occupying the band), the CSBS
𝑖 will start transmitting for time duration 𝑇𝑖 according to the
channel condition as well as the WiFi traffic load.
Due to the randomness of the locations of WiFiAP/CSBS, as well as the time-varying channel conditions, the
detection results depended on the current traffic load of WiFi
users. For the simplicity and without loss of generality, we
define the probability of a WiFi user continuing to transmit
data in the next slot (after accessing the unlicensed band) as
𝜆.
In the E-LBT scheme, there are the five following cases in
the unlicensed band transmission.
Case 1. WiFi and CSBS 𝑖 occupy the unlicensed band simultaneously with cochannel interference. For instance, the WiFi
user is transmitting in the unlicensed band while CSBS 𝑖
accesses the band under error detection results, namely, miss
detection with probability 1 − P𝑖𝑑 .
Case 2. CSBS 𝑖 and CSBS 𝑖 + 1 are transmitting in the
unlicensed band simultaneously with cochannel interference.
For instance, CSBS 𝑖 decides to access the unlicensed band
which is occupied by other CSBSs due to miss detection
results.
Case 3. WiFi is absent, and CSBS 𝑖 occupies the unlicensed
band without false alarm.
Case 4. WiFi occupies the unlicensed band, without interference from CSBSs. For instance, all the CSBSs detect the WiFi
signal correctly.
Case 5. WiFi and all the CSBSs are absent; thus the channel
is idle.
The details of E-LBT scheme are shown in Figure 2.
According to above cases, the detection problem in the
unlicensed band can be formulated as a hypothesis test. We
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denote the hypotheses as 𝐻𝑋𝑌 , where 𝑋 ∈ {0, 1, 2}, 𝑌 ∈ {0, 1}
represent the activity of CSBSs and WiFi users, respectively.
𝑋 = 0 represents all the CSBSs being absent; 𝑋 = 1 represents
only one CSBS transmitting; 𝑋 = 2 represents more than
one CSBS transmitting at the same time. Similarly, 𝑌 = 0
represents the WiFi user being absent, while 𝑌 = 1 represents
the WiFi user transmitting. For instance, hypothesis 𝐻20
represents more than one CSBS occupying the channel
without the WiFi user; thus there is interference between
CSBSs in the unlicensed band. Specifically, the received signal
at CSBS 𝑖 under each hypothesis can be written as
𝐻10
S𝑖 (𝑡) + n (𝑡)
{
{
{
{
𝑖
𝑖
{
{
S (𝑡) + W (𝑡) + n (𝑡) 𝐻11
{
{
{
{
y𝑖 (𝑡) = {S𝑖+1 (𝑡) + n (𝑡)
𝐻20
{
{
{
{
{
𝐻01
W𝑖 (𝑡) + n (𝑡)
{
{
{
{
𝐻00 ,
{n (𝑡)

(5)

where y𝑖 (𝑡) ∈ C𝑁𝑟 ×1 denotes the received signal, n(𝑡) ∈ C𝑁𝑟 ×1
denotes the additive background noise with zero mean and
variance (𝛿𝑛 )2 , that is, N(0, (𝛿𝑛 )2 I), {S𝑖 (𝑡) = H𝑖𝑢 s(𝑡), W𝑖 (𝑡) =
G𝑖𝑤 w(𝑡)} ∈ C𝑁𝑟 ×1 stand for the receive signals at CSBS 𝑖 from
other CSBSs, and WiFi in the unlicensed band, respectively.
Specially, for 𝐻20 , S𝑖+1 (𝑡) represents the received signals from
multi-CSBSs. s(𝑡) ∈ C𝑁𝑟 ×1 ∼ N(0, 𝛾𝑢 I) is a column vector
of 𝑁𝑟 information symbols, 𝛾𝑢 is the variance of s(𝑡), and
H𝑖𝑢 ∈ C𝑁𝑟 ×𝑁𝑟 is the channel matrix in the unlicensed band
from other CSBSs to CSBS 𝑖. w(𝑡) ∈ C𝑁𝑡 ×1 is a column vector
of 𝑁𝑡 information symbols, and G𝑖𝑤 ∈ C𝑁𝑟 ×𝑁𝑡 is the channel
matrix in the unlicensed band from WiFi user to CSBS 𝑖. By
the similar process to (4), the probabilities of detection P𝑖𝑑
and false alarm P𝑖fa , with the threshold 𝜏𝑢 in the unlicensed
band are given, respectively, by
P𝑖fa

(𝜏𝑢 , 𝑡𝑢 ) = Q (

P𝑖𝑑 (𝜏𝑢 , 𝑡𝑢 ) = Q (

(𝜏𝑢 − 𝜇0𝑖 )
𝛿0𝑖
(𝜏𝑢 − 𝜇1𝑖 )
𝛿1𝑖

)
(6)
),

where
2

𝜇0𝑖 = 𝐿 𝑢 𝑁𝑟 (𝛿𝑛 )
2

4

(𝛿0𝑖 ) = 𝐿 𝑢 𝑁𝑟2 (𝛿𝑛 )
𝜇1𝑖 = 𝐿 𝑢 (𝑁𝑟 (𝛿𝑛 )

2
𝐻

𝐻

𝐻

𝐻

(7)

+ 𝛾𝑢 (Tr (G𝑖𝑤 (G𝑖𝑤 ) ) + Tr (H𝑖𝑢 (H𝑖𝑢 ) )))
2

2

(𝛿1𝑖 ) = 𝐿 𝑢 (𝑁𝑟 (𝛿𝑛 )

2

+ 𝛾𝑢 (Tr (G𝑖𝑤 (G𝑖𝑤 ) ) + Tr (H𝑖𝑢 (H𝑖𝑢 ) ))) .

6

Wireless Communications and Mobile Computing
k2

k2

WiFi transmission

Transmission duration k2

i

Transmission duration T

Detection duration
CSBS i transmission in
the unlicensed band

k1

Misdetection

k1

k3

k4

Misdetection

k1

Time

Time
Transmission duration TL

Detection duration
CSBS i transmission in
the licensed band

k1

Transmission duration Ti+1

Interference
k1

Time
Interference

k4

Detection duration
CSBS i + 1 transmission
in the unlicensed band

k2 k3

Transmission duration

MU occupied

Time
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k2: WiFi transmission duration without collision in the unlicensed band

k3: interference between DACSs and WiFi in the unlicensed band

k4: interference between DACSs in the unlicensed band

Figure 2: Data transmission in the unlicensed band.

Based on the above discussion, there is cochannel interference in Cases 1 and 2, whereas Cases 3 and 4 referred to
the scene without cochannel interference; if the unlicensed
band is idle, we obtain Case 5. Before discussion, we give
the definition of the following parameters. In Figure 2, 𝑘1
represents the average transmission time of DACSs without
interference; 𝑘2 represents the average transmission time
of WiFi without interference; 𝑘3 represents the average
interference time between DACSs and WiFi; 𝑘4 represents the
average interference time between DACSs under miss detection; 𝑘𝑡 represents the average backoff time and detection
time.
(i) Cases with Interference
Case 1 (𝑡1 ). Let 𝑡1 = 𝑘3 /𝑘tol denote the final interference
ratio between DACSs and WiFi in the unlicensed band, where
𝑘tol = 𝑘𝐿 + 𝑘𝑤 + 𝑘𝑡 is the total available transmission time,
including the average transmission time of DACSs, 𝑘𝐿 =
(1 − P𝑖fa )𝑇𝑖 , and the average transmission time of WiFi based
on the traffic load 𝜆 (𝑘 represents the time slot index), 𝑘𝑤 =
𝑘−1
= 1/(1 − 𝜆)2 . Furthermore, taking into account
∑∞
𝑘=1 𝑘 ⋅ 𝜆
the idle time, we have 𝑘𝑡 = 𝑑⋅(𝑘𝐿 +𝑘𝑤 ), which depends on the
detection and backoff time before occupying the unlicensed
band, where 𝑑 is idle time factor. 𝑘3 = (1 − (P𝑖𝑑 )𝑀)(𝑘𝑤 − 𝑘2 )
is the average interference time between DACSs and WiFi,
𝑖 𝑘−1
= 1/(1 − 𝜆P𝑖𝑑 )2 represents the
where 𝑘2 = ∑∞
𝑘=1 𝑘 ⋅ (𝜆P𝑑 )
WiFi average transmission time without interference.
Case 2 (𝑡2 ). The interference ratio between DACSs is denoted
as 𝑡2 = 𝑘4 /𝑘tol , where 𝑘4 = 𝑘𝐿 ⋅ (1 − (P𝑖𝑑 )𝑀−1 ) is the average
interference time between DACSs, under miss detection.

where 𝑘1 = 𝑘𝐿 ⋅ (P𝑖𝑑 )𝑀−1 is the average transmission time
without interference.
Case 4 (𝑡4 ). The WiFi transmission ratio is given by 𝑡4 =
𝑘2 /𝑘tol .
(iii) Spectrum Idle
Case 5 (𝑡5 ). Due to the backoff time and detection time before
accessing the channel, the idle ratio is 𝑡5 = 𝑘𝑡 /𝑘tol .
According to the above analysis, we obtain that the
transmission ratio of DACSs and WiFi in the unlicensed band
can be represented as 𝜂 and Φ, respectively:
𝜂 = 𝑡1 + 𝑡2 + 𝑡3

(8)

Φ = 𝑡1 + 𝑡4 .

3. Problem Formulation
Table 1 describes the users’ transmission data rate in the
licensed and unlicensed band. The transmission data rate of
DACSs consists of the uplink transmission rate 𝑅𝐿 in the
licensed band and the downlink transmission rate 𝑅𝑢 in the
unlicensed band, and the transmission data rate of WiFi user
𝑛 (𝑛 = 1, 2, . . . , 𝑁) is expressed as 𝑅𝑤,𝑛 .
3.1. In the Licensed Band. In this work, the data rate of
the DACS consists of two parts: uplink transmission in the
licensed band and downlink transmission in the unlicensed
band. In the licensed subchannel 𝑘, the received signal z𝑖𝑘 ∈
C𝑁𝑟 ×1 at the CSBS 𝑖 from CSU 𝑗 is given by

(ii) Cases without Interference
𝐽

Case 3 (𝑡3 ). The transmission ratio of DACSs in the unlicensed band without interference is denoted as 𝑡3 = 𝑘1 /𝑘tol ,

𝑖𝑗 𝑗

𝐽

𝑖𝑗 𝑗

z𝑖𝑘 = ∑ 𝑎𝑖𝑗 H𝑘 q𝑘 + ∑ (1 − 𝑎𝑖𝑗 ) H𝑘 q𝑘 + n𝑘 ,
𝑗=1

𝑗=1

(9)
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Table 1: The relationship between five cases and transmission data rate.
Cases
Hypothesis
Transmission ratio
Licensed band

User type

DACS

Unlicensed band

WiFi

1
𝐻11
𝑡1

2
𝐻20
𝑡2

01
𝑅𝑈
01
𝑅𝑤,𝑛

10
𝑅𝑈

𝑗

3
𝐻10
𝑡3
𝑅𝐿
00
𝑅𝑈

𝑖𝑗

where q𝑘 denotes the transmission data from CSU 𝑗; H𝑘 ∈
C𝑁𝑟 ×𝑁𝑡 is the cross-channel matrix on channel 𝑘 from CSU 𝑗
to CSBS 𝑖. The first term on the right-hand side is the desired
signals sent from intracell CSU 𝑗; the second term represents
the intercell interference from other CSUs that share the subchannel 𝑘. The achievable sum rate of DACS 𝑖 for a given set
of user’s covariance matrices Q1𝐿,𝑘 , Q2𝐿,𝑘 , . . . , Q𝐽𝐿,𝑘 , is denoted
𝑗

𝑗

𝑗

𝑗
𝑖𝑗 𝑀
as 𝑅𝐿𝑖 (Q𝐿 , a𝑗 , 𝜏, 𝑡𝑠 ), Q𝐿 = (Q𝐿,𝑘 )𝐾
𝑘=1 , a = (𝑎 )𝑖=1 , and 𝜏 =
(𝜏𝑘 )𝐾
𝑘=1 and formulated as

4
𝐻01
𝑡4

𝐽
{𝑀
}
A = {∑𝑎𝑖𝑗 = 1, ∑𝑎𝑖𝑗 ≤ 𝐷, 𝑎𝑖𝑗 ∈ {0, 1}} .
𝑗=1
{𝑖=1
}

⋅ log det (I +
where 𝐵𝐿,𝑘

𝑖𝑗 𝑗
𝑖𝑗
H𝑘 Q𝐿,𝑘 (H𝑘 )𝐻,

=

𝑗,𝐻

∑𝑎𝑖𝑗 Q𝐿,𝑘 ) ,

𝑗=1

𝑗,𝐻

𝐵𝐿 /𝐾 is the bandwidth, Q𝐿,𝑘
𝑗
Q𝐿,𝑘

=

𝑇𝑠 = 1 − 𝑡𝑠 /𝑇𝐿 , and
denote the
covariance matrix of the symbols transmitted by CSU 𝑗 in
𝑗
subchannel 𝑘. C𝑘 is the noise-plus-interference covariance:
𝑗

𝐽

𝑖𝑗

𝑗

𝑖𝑗 𝐻

C𝑘 = I + ∑ (1 − 𝑎𝑖𝑗 ) H𝑘 Q𝐿,𝑘 (H𝑘 ) .

(11)

𝑗=1

For CSU 𝑗, the total transmission power over all licensed
𝑗
. Consubchannels should not exceed its budget power 𝑃max
sequently, the power budget constraint is denoted as
𝐾

𝑗

𝑗
.
∑ Tr (Q𝐿,𝑘 ) ≤ 𝑃max

(12)

𝑘=1

Considering that the sensing information is not always reliable, to guarantee the QoS of MUs, the cochannel interference
from CSUs should not exceed an interference mask. Thus the
individual soft-shaping constraint to effectively protect the
MU is denoted as
𝑗

𝑗

𝑗 𝐻

(1 − P𝑖𝑘,𝑑 (𝜏𝑘 , 𝑡𝑠 )) Tr (G𝑘 Q𝐿,𝑘 (G𝑘 ) ) ≤ 𝑃mask,𝑘 ,

(13)

𝑗

where G𝑘 ∈ C𝑁𝑡 ×𝑁𝑡 is the channel matrix from CSU 𝑗 to the
MU in subchannel 𝑘 and Pmask = [𝑃mask,𝑘 ]𝐾
𝑘=1 denotes the
interference mask on all subchannels. In addition, from the
target sensing accuracy, the following linear constraint should
be satisfied:
𝜏𝑘,min ≤ 𝜏𝑘 ≤ 𝜏𝑘,max ,

(16)

𝑖∈𝑀

(10)

(14)

(15)

Therefore, the sum data rate of DACSs over all licensed
subchannels can be written as
𝑅𝐿 = ∑ 𝑅𝐿𝑖 .

𝑘=1

𝐽

𝑅𝐿
01
10
00
𝑅𝑈 = 𝑡1 𝑅𝑈
+ 𝑡2 𝑅𝑈
+ 𝑡3 𝑅𝑈
11
01
𝑅𝑤,𝑛 = 𝑡4 𝑅𝑤,𝑛 + 𝑡1 𝑅𝑤,𝑛

𝑖
𝑖
)max and 𝜏𝑘,max = (𝜇𝑘,1
)min , denoted as
where 𝜏𝑘,min = (𝜇𝑘,0
𝜏 ∈ T. For the convenience of reading, we enable the 𝑎𝑖𝑗 to
the following convex set:

𝑅𝐿𝑖 (Q𝐿 , a𝑗 , 𝜏, 𝑡𝑠 ) = 𝑇𝑠 ∑ (1 − P𝑖𝑘,fa (𝜏𝑘 , 𝑡𝑠 )) 𝐵𝐿,𝑘
𝑗 −1
(C𝑘 )

Average transmission rate

11
𝑅𝑤,𝑛

𝐾

𝑗

5
𝐻00
𝑡5

3.2. In the Unlicensed Band. DACSs and WiFi coexist in the
unlicensed band, sharing the unlicensed band under the ELBT mechanism. Based on the E-LBT, the CSBS detects the
channel condition before transmitting data and determines
the transmission time according to the channel condition
(e.g., WiFi traffic load). Thus, DACSs transmission data rate
is associated with WiFi real-time traffic load. According
to Table 1, the data rate of DACSs and WiFi networks is
composed of several parts:
01
), the data rate of DACS 𝑖 with
(i) For Case 1 (𝑅𝑢01 , 𝑅𝑤,𝑛
interference from WiFi is given by
𝐽

−1

𝐻

𝑖𝑗 𝑖
𝑖𝑗
𝑅𝑢01 = ∑ 𝐵𝑢 log det (I + (C𝑗.1
𝑢 ) H𝑢 Q𝑢 (H𝑢 ) ) ,

(17)

𝑗=1

where 𝐵𝑢 is the unlicensed bandwidth, H𝑖𝑗𝑢 is the
channel matrix in the unlicensed band from CSBS
𝑖 to CSU 𝑗, and Q𝑖𝑢 represents the covariance
matrix of CSBS 𝑖 in the unlicensed band. C𝑗.1
=
𝑢
2
𝑗
𝑗 𝐻
𝛿𝑛 I+G𝑢 Q𝑤 (G𝑢 ) denotes the noise-plus-interference
covariance matrix of WiFi networks, G𝑗𝑢 is the channel
matrix in the unlicensed band of CSU 𝑗, and Q𝑤 is the
covariance matrix of WiFi networks. Moreover, the
data rate of WiFi user 𝑛 with interference from DACSs
is given by
−1

𝐻

01
𝑅𝑤,𝑛
= 𝐵𝑢 log det (I + (C0𝑢 ) H𝑤 Q𝑤 (H𝑤 ) )

(18)

where C0𝑢 = 𝛿𝑛2 I+G𝑖𝑢 Q𝑖𝑢 (G𝑖𝑢 )𝐻 denotes the noise-plusinterference covariance matrix from DACSs in the
unlicensed band; G𝑖𝑢 represents the channel matrix in
the unlicensed band from DACS 𝑖 to WiFi users.
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(ii) For Case 2 (𝑅𝑢10 ), the data rate of DACS 𝑖 with
interference from other DACSs is given by
𝐽

−1

𝐻

𝑖𝑗 𝑖
𝑖𝑗
𝑅𝑢10 = ∑𝐵𝑢 log det (I + (C𝑗.2
𝑢 ) H𝑢 Q𝑢 (H𝑢 ) ) ,

(19)

We adopt a utility function 𝑈(𝑅) to evaluate user’s
satisfaction about an achieved data rate 𝑅. The widely used
logarithmic utility function is considered to guarantee the
proportional fair coexistence between CSUs and WiFi,
𝑈 (𝑅) = ln (𝑅) ,

𝑗=1

𝑀
2
𝑖𝑗
𝑖𝑗 𝑖
𝑖𝑗 𝐻
where C𝑗.2
𝑢 = 𝛿𝑛 I + ∑𝑖=1 (1 − 𝑎 )H𝑢 Q𝑢 (H𝑢 ) denotes
the noise-plus-interference covariance matrix from
nonassociated DACSs in the unlicensed band.

(iii) For Case 3 (𝑅𝑢00 ), the data rate of DACS 𝑖 without
interference from other users is given by
𝐽

−1

𝐻

𝑖𝑗 𝑖
𝑖𝑗
𝑅𝑢00 = ∑ 𝐵𝑢 log det (I + (C𝑗.0
𝑢 ) H𝑢 Q𝑢 (H𝑢 ) ) ,

(20)

𝑗=1

where C𝑗.0
= 𝛿𝑛2 I is the additive background noise
𝑢
covariance matrix in the unlicensed band.
11
(iv) For Case 4 (𝑅𝑤,𝑛
), the data rate of WiFi user 𝑛 is
denoted as
11
𝑅𝑤,𝑛

𝐻

H Q (H )
= 𝐵𝑢 log det (I + 𝑤 𝑤 2 𝑤 ) ,
𝛿𝑛

(21)

where ln(⋅) is natural logarithm function. It could capture
the typical user satisfaction about data rate—as data rate
increases, user utility grows faster when data rate is low than
when it is high.
Since CSUs have the ability to access both the licensed
and unlicensed bands simultaneously, the CSUs will generate
interference to the cochannel users (MUs, WiFi users) during
the transmission process. Therefore, in this paper, we focus on
the harmonious coexistence mechanism between CSUs and
WiFi users, while ensuring the communication performances
of MUs and WiFi users in the licensed and unlicensed
band, respectively. According to the above analysis, the optimization problem of maximizing the total utility of DACSs
and WiFi networks by jointly optimizing the cell selection,
detection operation, power allocation, and transmission time
in the licensed and unlicensed band can be formulated as 𝑃1:
𝑗

max

Q𝐿 ,a𝑗 ,𝜏,𝑡𝑠 ,𝑇𝑖

𝑗

𝑁

+ ∑ ln (𝑅𝑤,𝑛 (𝑇𝑖 ))

Consequently, we obtain the achievable total data rate of
DACSs in the unlicensed band as
𝑅𝑢 =

+

𝑡2 𝑅𝑢10

+

𝑡3 𝑅𝑢00

(22)

𝑛=1

s.t.

𝑗

𝑗

(23)

𝑗 𝐻

(𝑐1) (1 − P𝑖𝑘,𝑑 (𝜏𝑘 , 𝑡𝑠 )) Tr (G𝑘 Q𝐿,𝑘 (G𝑘 ) )
≤ 𝑃mask,𝑘

and the achievable data rate of WiFi user 𝑛 as
01
11
+ 𝑡4 𝑅𝑤,𝑛
.
𝑅𝑤,𝑛 = 𝑡1 𝑅𝑤,𝑛

𝑗

𝑈 (Q𝐿 , a𝑗 , 𝜏, 𝑡𝑠 , 𝑇𝑖 )
= ln (𝑅𝐿 (Q𝐿 , a𝑗 , 𝜏, 𝑡𝑠 ) + 𝑅𝑢 (𝑇𝑖 ))

where H𝑤 is the WiFi channel matrix in the unlicensed band.

𝑡1 𝑅𝑢01

(24)

𝐾

(25)
𝑗

𝑗
(𝑐2) ∑ Tr (Q𝐿,𝑘 ) ≤ 𝑃max
𝑘=1

In the unlicensed band, all the CSUs and WiFi users share
the same spectrum band. Therefore, there is not only the
interference between CSUs, but also the interference between
CSUs and WiFi users. According to Figure 2, CSUs decide
to access the unlicensed band based on the results from ELBT scheme. However, due to the variable channel state, the
detection accuracy of a DACS is fluctuant; thus the detection
results are not always reliable: (1) WiFi user is transmitting in
the channel, but DACSs detect that the channel is idle (with
misdetection). Consequently, there is interference between
CSUs and WiFi users due to misdetection. Specially, when
users are closer to each other, the interference is serious. (2)
WiFi users are not transmitting in the channel, but DACSs
detect that the channel is busy (with false alarm), resulting in
a waste of available spectrum resource.
In the licensed band, in order to share the spectrum
with MUs, power control for CSUs is needed to ensure the
interference from CSUs to MUs below a given interference
mask. Due to different government regulation requirements,
we assign separated power budgets to the licensed and
unlicensed band.

(𝑐3) a ∈ A
(𝑐4) 𝜏 ∈ T
(𝑐5) 0 ≤ 𝑡𝑠 ≤ 𝑇𝐿
(𝑐6) 0 ≤ 𝑇𝑖 ≤

(𝑘tol − 𝑘𝑤 )
,
(1 − P𝑖fa )

∀𝑖, 𝑗, 𝑘,

where (𝑐1) is the nonconvex individual soft-shaping constraint to effectively protect MUs from harmful interference
by CSUs transmission. (𝑐2)–(𝑐6) are the convex constraint
sets. (𝑐2) ensures that the total transmission power of CSU
𝑗 should not exceed its power budget. In addition, due to the
integer nature of the element 𝑎𝑖𝑗 of the incidence matrix, the
problem 𝑃1 is an integer programming which is NP-hard.
Furthermore, constraint (𝑐6) shows that the transmission
time of CSUs in the unlicensed band must be no more than
the total transmission time except the WiFi transmission
time based on the correct detection, so that the harmonious
coexistence between CSUs and WiFi users can be achieved. In
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order to find the optimal solution of problem 𝑃1, we propose
a dual-band (licensed and unlicensed bands) traffic balancing
scheme to simplify the original problem and find equivalent
solutions.

4. Satisfaction-Based Dual-Band Traffic
Balancing Scheme
The optimization problem can be divided into two suboptimization problems and solved separately. Firstly, we
maximize the data rate 𝑅𝐿 of CSU in the licensed band
by optimizing the cell selection, detection operation, and
power allocation, which results in the maximum utility of
the licensed band. Secondly, we maximize the utility 𝑈(⋅)
of whole networks by optimizing the transmission time in
the unlicensed band. Specifically, the alternative direction
optimization method is used to obtain the optimal solution
of 𝑃1:
(i) Suboptimization 1: sensing-based power allocation
(SBPA): for CSU 𝑗, the status 𝑎𝑖𝑗 can be considered
as a constant with the initial assignment and the
optimal sensing time 𝑡𝑠 can be found by exhaustive
search. Thus, we start from the two multidimensional
𝑗
variables Q𝐿 and 𝜏𝑘 to maximize the data rata 𝑅𝐿⋆ of
DACSs. Due to the inherently competitive nature of
distributed multiuser DACSs, we adopt the game theory to solve the nonconvex noncooperative problem
for DACSs.
(ii) Suboptimization 2: dual-band traffic balancing
(DBTB): based on the solution from SBPA, we
obtained the optimal 𝑅𝐿⋆ in the licensed band. In
the following step, the 𝑅𝐿⋆ as well as the associated
𝑗⋆
parameters Q𝐿 , a𝑗⋆ , 𝜏⋆ , 𝑡𝑠⋆ are considered as constant
and the original optimization problem can be
formulated as maximizing the utility 𝑈(⋅) in (25). The
suboptimization problem DBTB aims at optimizing
the transmission time 𝑇𝑖 based on WiFi real-time
traffic load, that is, 𝜆, to maximize the total utility of
whole networks, while guaranteeing the coexistence
between CSUs and WiFi users.
4.1. Suboptimization Problem 1: SBPA. According to the
inherently competitive nature of distributed multiuser
DACSs, game theory is adopted to solve the nonconvex
noncooperative problem for DACSs. The resource allocation
problem among CSUs is reformulated as a strategic
noncooperative game. In order to simplify the game, we
consider the problem equal to maximizing the individual
rate of CSU 𝑗. For CSU 𝑗, the variable a𝑗 can be considered
as a constant and the optimal sensing time 𝑡𝑠 can be finally
optimized by exhaustive search. Collaborative spectrum
sensing can improve the performance of spectrum sensing
in cognitive radio networks [28]. Furthermore, we assume
that the sensing results from CSBS 𝑖 are shared with CSU
𝑗 in this cell, with the initial assignment based a𝑗 , we have
𝑗
𝑗
P𝑘,fa = P𝑖𝑘,fa and P𝑘,𝑑 = P𝑖𝑘,𝑑 . We start from the two
𝑗

multidimensional variables case, that is, Q𝐿 and 𝜏. Assume
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that there are 𝐽 players, corresponding to the 𝐽 CSUs, each
one controlling the variables x𝑗 = (Q𝑗 , 𝜏), 𝑗 = 1, . . . , 𝐽.
Let x−𝑗 = (x1 , . . . , x𝑗−1 , x𝑗+1 , . . . , x𝐽 ) be the set of strategies
from all the CSUs, except CSU 𝑗. The optimization function
𝑗
𝑗
𝑅𝐿 (Q𝐿 , 𝜏) for CSU 𝑗 is the data rate over channels, given by
𝑗

𝐾

𝑗

𝑗

𝑅𝐿 (Q𝐿 , 𝜏) = 𝑇𝑠 ∑ (1 − P𝑘,fa 𝐵𝐿,𝑘 (𝜏𝑘 ))
𝑘=1

⋅ log det (I +

(26)

𝑗 −1
(C𝑘 )

𝑗,𝐻

Q𝐿,𝑘 ) ,

where 𝑇𝑠 is considered as a constant to be optimized at a later
step. Each CSU competes against the others by choosing the
transmit covariance matrix Q𝑗 and the associated threshold
𝜏 to maximize its own rate with the given certain constraints.
The noncooperative power allocation game of CSU 𝑗 can be
formulated as problem 𝑃2:
max
𝑗

Q𝐿 ,𝜏

𝑗

𝑗

𝑅𝐿 (Q𝐿 , 𝜏)
𝑗

𝑗

𝑗

𝑗 𝐻

(1 − P𝑘,𝑑 (𝜏𝑘 )) Tr (G𝑘 Q𝐿,𝑘 (G𝑘 ) ) ≤ 𝑃mask,𝑘 ,

s.t.

(27)

𝐾

∑
𝑘=1

𝑗
Tr (Q𝐿,𝑘 )

𝑗
≤ 𝑃max
,

𝜏 ∈ T, ∀𝑖, 𝑗, 𝑘.
The resulting game 𝑃2 is nonconvex, we analyze the proposed
nonconvex game based on a relaxed equilibrium concept
introduced in [13], namely, the QNE, and prove that the
proposed nonconvex game in DACSs always admits a unique
QNE, which coincides with the NE. We denote the non𝑗
convex individual constraints (𝑐1) as HC (x) = [ℎC (x𝑗 )]𝐽𝑗=1 .
The convex individual constraints (𝑐2)–(𝑐5) are denoted as
̃ C (x) = [(𝑔̃𝑗 (x𝑗 ))𝐾 ]𝐽 , and embedded in the definition set
G
𝑘=1 𝑗=1
𝑘
𝑗

𝑗

of x𝑗 = [Q𝐿 , 𝜏], denoted as XC . Thus, we can formulate the
̃ C ) as problem 𝑃3:
nonconvex game GC (HC , G
𝑗

𝑅𝐿 (x𝑗 )

max
x𝑗

𝑗

ℎC (x𝑗 ) ≤ 0,

s.t.

𝑗

x𝑗 ∈ XC .

(28)

𝑗

Let YC denote the feasible strategy set of CSU 𝑗, written as
𝑗

𝑗

𝑗

YC = {x𝑗 ∈ XC | ℎC (x𝑗 ) ≤ 0} , 1 ≤ 𝑘 ≤ 𝐾.

(29)

𝑗

Denoting by 𝛼𝑘 the multipliers associated with the nonconvex
𝑗
constraints ℎC (x𝑗 ) ≤ 0 of CSU 𝑗, the Lagrange function of the
problem 𝑃3 can be written as
𝑗

𝑗

𝐿𝑗 (x𝑗 , 𝛼𝑗 ) = −𝑅𝐿 (x𝑗 ) + 𝛼𝑗 ℎC (x𝑗 ) .

(30)

10

Wireless Communications and Mobile Computing
𝑗

CSU 𝑗 has a unique optimal solution x𝑗,⋆ ∈ XC . In addition,
the ∇x2𝑗 𝐿𝑗 (x𝑗 , 𝛼𝑗 ) is positive definite, if the following sufficient
condition is satisfied:

The KKT conditions of CSU 𝑗 are given by
𝑗

𝑗

𝑗

𝑗

𝑗 𝐻

𝑗

∇Q𝑗 𝑅𝐿 (Q𝐿 , 𝜏) − 𝛼𝑘 (1 − P𝑘,𝑑 (𝜏𝑘 )) Tr (G𝑘 (G𝑘 ) )
𝐿

𝑗 𝐻

𝑗

max𝑘=1,...,𝐾 (𝛼𝑗 /√2𝜋) Tr (G𝑘 (G𝑘 ) )

=0
𝑗

𝑗

𝑗

𝑗

𝑗 𝐻

𝑗

∇𝜏 𝑅𝐿 (Q𝐿 , 𝜏) + 𝛼𝑘 ∇𝜏𝑘 P𝑘,𝑑 (𝜏𝑘 ) Tr (G𝑘 Q𝑖𝐿,𝑘 (G𝑘 ) )

(31)

𝑗
min (Re (𝜉min (−∇2 𝑗 𝑅𝐿𝑖 (x𝑗 )) , 𝜉min (−∇𝜏2 𝑅𝐿 (x𝑗 )))) (33)
Q𝐿

< 1.

=0
𝑗

𝑗

𝑗

𝑗 𝐻

𝑗

Proof. The proof is provided in [29].

𝛼𝑘 [(1 − P𝑘,𝑑 (𝜏𝑘 )) Tr (G𝑘 Q𝐿,𝑘 (G𝑘 ) ) − 𝑃mask,𝑘 ]

𝑗

𝑗

𝜉min (−∇Q2 𝑗 𝑅𝐿 (x𝑗 )) and 𝜉min (−∇𝜏2 𝑅𝐿 (x𝑗 )) denote the min-

= 0,

𝐿

𝑗
𝑗
𝑗
𝑗
where ∇Q𝑗 𝑅𝐿 (Q𝐿 , 𝜏), ∇𝜏 𝑅𝐿 (Q𝐿 , 𝜏) denote the complex matrix
𝐿
𝑗
𝑗
derivative of 𝑅𝐿 (x𝑗 ) with respect to Q𝐿 and 𝜏, respectively.
⋆

More specifically, if x are the stationary solutions of game
̃ C ), the KKT conditions (31) can be reformulated to
GC (HC , G
the equivalent form:

𝑗

𝑗

imum eigenvalues of matrices −∇Q2 𝑗 𝑅𝐿 (x𝑗 ) and −∇𝜏2 𝑅𝐿 (x𝑗 ),
𝐿
respectively. This condition quantifies how much MUI can be
tolerated by the systems to guarantee the existence and the
uniqueness of the QNE, meaning that when the interference
from the CSU to the MU is sufficiently small (satisfying the
condition (33)), the nonconvex problem 𝑃3 has a unique
solution QNE, which coincides with the NE.

𝑇𝐿

(x⋆ , 𝛼⋆ )

𝑗

𝑗

𝑗

𝑗

𝑗

𝑗 𝐻

∇Q𝑗 𝑅𝐿 (Q𝐿 , 𝜏) − 𝛼𝑘 (1 − P𝑘,𝑑 (𝜏𝑘 )) Tr (G𝑘 (G𝑘 ) )
𝐿

𝑗

𝑗

𝑗

𝑗

𝑗

𝑗

𝐽

𝑗 𝐻

⋅ ( ∇𝜏 𝑅𝐿 (Q𝐿 , 𝜏) + 𝛼𝑘 ∇𝜏𝑘 P𝑘,𝑑 (𝜏𝑘 ) Tr (G𝑘 Q𝐿,𝑘 (G𝑘 ) ) )
𝑗

𝑗

𝑗

𝑗 𝐻

(32)

−𝑃mask,𝑘 + (1 − P𝑘,𝑑 (𝜏𝑘 )) Tr (G𝑘 Q𝐿,𝑘 (G𝑘 ) )
𝑗=1
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
ΓC (x⋆ ,𝛼⋆ )

≤ 0,

(x𝑗 , 𝛼𝑗 ) ∈ YC .

Inequalities (32) define a VI problem with variables (x, 𝛼),
denoted as VIC (YC , ΓC ), where the vector function ΓC is
𝑗
defined in (32), and feasible set YC = ∏𝐽𝑗=1 XC × R𝑟+ . The
VIC (YC , ΓC ) is an equivalent reformulation of the KKT conditions (31). The convex constraints (𝑐2)–(𝑐5) are embedded
𝑗
𝑗
in the complex defining set YC , YC = ∏𝐽𝑗=1 XC ×R𝑟+ , where XC
stands for the complex convex constraints (𝑐2)–(𝑐5) defined
in the problem 𝑃1, and 𝑟 is the total number of multipliers 𝛼.
Definition 1. A quasi-Nash equilibrium of the game
̃ C ) is defined and formed by the solution tuple
GC (HC , G
⋆ ⋆
(x , 𝛼 ) of the equivalent VIC (YC , ΓC ), which is obtained
under the first-order optimality conditions of each player’s
problems, while retaining the convex constraints in the
𝑗
defined set XC [13].
Theorem 2. The 𝑉𝐼C (YC , ΓC ) has a solution; thus the game
̃ C ) has a QNE, which is nontrivial.
GC (HC , G
The similar proof can be found in [12]. The uniqueness of
the QNE for the problem 𝑃3 needs an appropriate secondorder sufficiency condition. We provide the following theorem.
Theorem 3. If the Hessian matrix of (30), denoted as
𝑗
∇x2𝑖 𝐿𝑖 (x𝑖 , 𝛼𝑖 ), is positive definite for all x𝑗 ∈ XC and 𝛼𝑗 ∈
R𝑟+ , then the nonconvex optimization problem 𝑃3 for each

4.2. Suboptimization Problem 2: DBTB. Based on the optimal
𝑗⋆
results Q𝐿 , a𝑗⋆ , 𝜏⋆ , 𝑡𝑠⋆ obtained from SBPA, we obtain the
achievable maximum sum data rate 𝑅𝐿⋆ of DACSs in the
licensed band. In DBTB, we focus on maximizing the utility of
whole networks while ensuring the traffic balancing between
CSUs and WiFi users in the licensed and unlicensed band.
Consequently, the original problem can be formulated as
max
𝑇𝑖

𝑈 (𝑇𝑖 )
=

s.t.

ln (𝑅𝐿⋆

0 ≤ 𝑇𝑖 ≤

𝑖

𝑁

𝑖

(34)

+ 𝑅𝑢 (𝑇 )) + ∑ ln (𝑅𝑤,𝑛 (𝑇 ))
𝑛=1

𝑘tol − 𝑘𝑤
, ∀𝑖, 𝑗, 𝑘.
1 − P𝑖fa

(35)

The objective function of the above DBTB is only related to
the DACS transmission time 𝑇𝑖 in the unlicensed band. By the
characteristics of the natural logarithm equation, when 𝑇𝑖 is
large, there are higher data rate and satisfaction of DACS, with
lower WiFi users data rate and satisfaction; on the contrary,
when 𝑇𝑖 is small, the CSUs’ data rate and satisfaction are
lower, but those of WiFi users are higher.
Since the overall utility is composed of two parts: DACSs
utility and WiFi networks utility, to achieve the maximum
utility of whole networks, we need to balance the tradeoff
between them. Therefore, we maximize the whole network
utility by maximizing the data rate of DACSs while guaranteeing the WiFi users transmission quality. Equation (34) is a
linear equation with respect to 𝑇𝑖 . To get the optimal 𝑇𝑖 , take
the derivative of (34) with respect to 𝑇𝑖 and set it to zero; we
obtain that
𝑇⋆ =

𝑒̃ ⋅ 𝑔̃ + 𝑓̃ − 𝑁 ⋅ 𝑔̃ ⋅ ̃𝑏
,
2𝑁 ⋅ 𝑔̃ ⋅ 𝑎̃

(36)
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̃ 𝑔̃ are expressed as follows:
where the 𝑎̃, ̃𝑏, 𝑐̃, 𝑒̃, 𝑓,

of two steps: line search step and trust region step. We
start from line searching to ensure that the search direction
is a descent direction for the merit function, turning to
the trust region step otherwise. The merit function of our
problem is composed of an objective function component
and a component comprising constraints of the problem. We
outline the main steps of SDTB algorithm in Algorithm 1,
where 𝑁𝑏 is the maximum number of backtracking search
steps. For our problem, we choose 𝜀 = 10−7 and 𝑁𝑏 = 3. The
resulting algorithm is ensured to have global convergence,
thus achieving a QNE of the game 𝑃3. For more details, we
refer to [12, 29–31].
The complexity of the iterative SDTB algorithm relates to
the procedure of line search iteration steps and trust region
iteration steps, as well as the size of the DACS. The total
complexity of the SDTB algorithm is given by 𝑂SDTB =
𝑂(ln(1/𝜀)𝐽√𝐿(2𝐾 + 𝐽)) ∼ 𝑂(ln(1/𝜀)𝐽((𝑁𝑏 + 1)√𝐿(2𝐾 + 𝐽) +
𝐿(2𝐾 + 𝐽))).

2

𝑎̃ = (1 + 𝑑) (1 − P𝑖fa ) (1 − 𝜆)4 𝑇2 [(1 + 𝑑) 𝑅𝐿⋆
+ 𝑅𝑢0.0 (P𝑖𝑑 )

𝑛−1

𝑛−1

+ 𝑅𝑢1.0 (1 − (P𝑖𝑑 )

)]

̃𝑏 = (1 − P𝑖 ) (1 − 𝜆)2 𝑇 [2𝑅⋆ (1 + 𝑑)2
fa
𝐿
(1 − 𝜆)2

𝑛

+ 𝑅𝑢0.1 (1 + 𝑑) (1 − (P𝑖𝑑 ) ) (1 −
+ 𝑅𝑢0.0 (P𝑖𝑑 )

𝑛−1

2

(1 − 𝜆P𝑖𝑑 )
𝑛−1

+ 𝑅𝑢1.0 (1 − (P𝑖𝑑 )

)

)]

𝑛

𝑐̃ = 𝑅𝐿⋆ (1 + 𝑑)2 + 𝑅𝑢0.1 (1 − (P𝑖𝑑 ) ) (1
(37)
−

2

(1 − 𝜆)
(1 −

2
𝜆P𝑖𝑑 )

5. Simulation Results

)
𝑛−1

𝑒̃ = (1 − P𝑖fa ) (1 − 𝜆)2 (1 + 𝑑) [𝑅𝑢0.0 (P𝑖𝑑 )
𝑛−1

+ 𝑅𝑢1.0 (1 − (P𝑖𝑑 )
− (1 −

(1 − 𝜆)2
(1 −

2
𝜆P𝑖𝑑 )

)
𝑛

) 𝑅𝑢0.1 (1 − (P𝑖𝑑 ) )]

2
𝑓̃ = √ (̃
𝑒 ⋅ 𝑔̃ − 𝑁𝑔̃ ⋅ ̃𝑏) − 4𝑁𝑔̃ ⋅ 𝑎̃ (𝑁𝑔̃ ⋅ 𝑐̃ − 𝑒̃)

𝑔̃ = (1 − P𝑖fa ) (1 − 𝜆)2 .
Considering the constraint (35) which restricts the transmission time 𝑇𝑖 of DACS, we have
+
𝑒̃ ⋅ 𝑔̃ + 𝑓̃ − 𝑁 ⋅ 𝑔̃ ⋅ ̃𝑏
𝑘 −𝑘
𝑇 = min ((
) , tol 𝑖𝑤 ) ,
2𝑁 ⋅ 𝑔̃ ⋅ 𝑎̃
1 − Pfa
⋆

(38)

where (𝑥)+ = max(0, 𝑥). The optimal solutions (38) show that
DACSs can adjust the transmission time based on the realtime WiFi users traffic load.
According to the above analysis, based on the SBPA,
DACSs could get the maximum data rate 𝑅𝐿⋆ in the licensed
band by optimizing the cell selection, detection operation,
and power allocation. Furthermore, based on the DBTB,
DACSs could adjust the amount of traffic assigned to the
unlicensed band to decide the transmission time 𝑇𝑖 in the
unlicensed band.
Due to the nonconvexity of the problem, we propose
a satisfaction-based dual-band traffic balancing (SDTB)
algorithm for DACSs based on the IP method [30, 31],
which is composed of two suboptimization problems: SBPA
and DBTB. Suboptimization problem SBPA is composed

In this section, we evaluate the proposed satisfaction-based
dual-band traffic balancing (SDTB) algorithm in practical
deployment scenarios. We consider a DACS network with
𝑀 = 3 CSBSs, 𝐽 = 8 CSUs, and 𝐾 = 2 MUs. All the MUs and
CSUs are randomly placed in a 50 m × 50 m square. Assume
CSBS, MU, and CSU are equipped with 𝑁𝑟 = 10 and 𝑁𝑡 = 2
antennas, respectively. All involved channels between CSUs,
CSBSs, and MUs obey Rayleigh distribution as well as the
channel gains being associated with distance.
Table 2 summarizes the path loss model and parameter
used in the simulations. The path loss is based on the 3GPP
Indoor scenario for LTE [32], where path loss (PL) is in dB,
𝑑𝑖𝑗 is the distances between user 𝑗 and station 𝑖, and 𝐿 ow
is the outer wall penetration loss. Log-normal shadowing is
with variance 3 dB, 𝑇𝐿 = 50 ms, 𝑓ls = 2 MHz in the licensed
𝑖
)2 = 1,
band, 𝑓us = 5 GHz in the unlicensed band, and (𝛿𝑘,𝑛
according to [33]. 𝑃mu = 10 dB is the transmission power
𝑗
= 5 dB.
of MU. The maximum power of CSU 𝑗 is 𝑃max
LTE-Advanced is adopted as the cellular air interface while
802.11 with a frame aggregation level of 15 k Bytes is used for
the WiFi air interface. The unlicensed bandwidth is set to
20 MHz. The calculated utility function described in Section 3
is used in the simulations.
Figure 3 represents the total data rate of DACSs in the
licensed band 𝑅𝐿 versus the sensing time 𝑡𝑠⋆ for different 𝐷.
We can observe the optimal sensing time 𝑡𝑠 from the figure.
Based on the result, there exists a maximum data rate at the
optimal sensing time 𝑡𝑠⋆ for different 𝐷. 𝐷 = 2 represents
the case without optimization, leading to the lower total data
rate due to the CSBSs and CSUs being randomly associated
compared with the proposed SDTB algorithm, in which CSUs
could select the best CSBSs to maximize the total data rate.
Notice that, for 𝐷 = 4 and 𝐷 = 5, the curves are overlapped,
which means that there is no rate gain for 𝐷 ≥ 4; thus DACSs
achieve the best performance.
Figure 4 shows the total utility of CSUs and WiFi users
versus the WiFi traffic load 𝜆 for different DACS transmission
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𝑗

(1) Initialize x𝑗 = (Q𝐿 , 𝜏), z𝑗 = (x𝑗 , s𝑗 ), 𝜆. Ψ𝑗 = (𝛼𝑗 , 𝛽𝑗 ), 𝑇𝑖 , Trust region radius Υ𝑗 > 0 and k𝑗 > 0.
(i) sub-optimal algorithm 1: SBPA
(2) repeat
(3) for 𝑗 = 1 : 𝐽
(4)
repeat; repeat
(5)
Compute the number 𝑁𝑒𝑗 , set LS = 0
(6)
if 𝑁𝑒𝑗 ≤ 3𝐾

→
(7)
Get direction 𝑑𝑟 and step size 𝜌 for z𝑗 and Ψ𝑗 by Newtons’s method
𝑗
𝑗
(8)
if Step size 𝜌min > 𝜀, set 𝑖 = 0, 𝜌𝑇𝐿 = 1
(9)
repeat

→
(10)
if The merit function in search direction 𝑑𝑟 for
𝑗
𝑗
𝑗
𝑗
(11)
Ψ this step 𝜌 is decreased update 𝜌 , z
(12)
Update Υ𝑗 and set LS = 1
𝑗
(13)
else Update 𝑖 = 𝑖 + 1, choose a smaller 𝜌𝑇𝐿
(14)
endif
𝑗
(15)
until 𝑖 > 𝑁𝑏 Or 𝜌𝑇𝐿 < 𝜀 Or LS == 1
(16)
endif; endif
(17)
if LS == 0
(18)
Compute z𝑗 , Ψ𝑗 Υ𝑗 using the trust region method
(19)
endif, Update k𝑗
(20)
until x𝑗 and Ψ𝑗 satisfy the stopping test
(21)
Reset the barrier parameters, so that k𝑗 is decreasing
(22) until x𝑗 and Ψ𝑗 satisfy the stopping test
(23) Update x𝑗
(24) endfor
(25) until x𝑗 achieve convergence
(ii) sub-optimal algorithm 2: DBTB
(26) Based on the optimal result 𝑅𝐿⋆
(27) Take the derivative of (34), set to zero, obtain 𝑇𝑖 in (36)
(28)
if 𝑇𝑖 < (𝑘tol − 𝑘𝑤 )/(1 − P𝑖fa ), then get optimal 𝑇⋆ in (36)
(29)
else get the optimal 𝑇⋆ = (𝑘tol − 𝑘𝑤 )/(1 − P𝑖fa )
(30)
endif
(31) End the SDTB algorithm
Algorithm 1: Satisfaction-based dual-band traffic balancing algorithm.
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Figure 3: The sum rate 𝑅𝐿 versus sensing time 𝑡 for different 𝐷.

time 𝑇. We assume that the licensed bandwidth 𝐵𝐿 =
1.4 MHZ and the WiFi users number 𝑁 = 1. In this figure,
we could observe that, with fixed 𝑇, the overall utility is
not maximized with variational WiFi traffic load 𝜆. The total
utility increases with increasing 𝜆 at the beginning, that is,
because the data rate of WiFi increases with increasing 𝜆
whereas there is only tiny influence on DACSs. The utility of
whole networks achieves the maximum value at different 𝑇
with dynamic traffic load 𝜆, namely, traffic balance turning
point, (e.g., 𝑇 = 5, 𝜆 = 0.56, 𝑅𝐿 = 21.52). After this point,
the utility of whole networks decreases owing to the fact that
the utility descending from DACSs is more than the utility
ascending from WiFi with respect to the increasing traffic
load 𝜆. For larger 𝑇, the traffic balance turning point appears
with larger 𝜆. Furthermore, we compare the proposed SDTB
algorithm with the ordinary scheme for fixed transmission
time 𝑇. It is clear from the result that the proposed SDTB
algorithm can obtain the optimal 𝑇 under different WiFi
traffic load 𝜆 and achieve the maximum utility of whole
networks.
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Table 2: Simulation parameters.
Value

CSBS number
CSU number
CSU transmission
duration in licensed
bands
CSU transmission
duration in unlicensed
bands
Licensed frequency
Unlicensed frequency
Unlicensed bandwidth
MU’s transmission
power
CSU’s maximum power
budget
CSBS/WiFi-AP’s
transmission power
Path loss between MBS
and CSU
Path loss between CSBS
and CSU
Path loss between CSBS
and WiFi

𝑀=3
𝐽=8

12.5
12
Utility

Parameter

𝑇𝐿 = 50 ms

11

𝑇 ∈ (0, 30) ms

10.5
1.5

𝑓ls = 2 MHz
𝑓us = 5 GHz
𝐵𝑢 = 20 MHz
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Figure 5: The utility versus data rate ratio 𝑅𝐿 /𝑅𝑢 and transmission
time 𝑇.

𝑃max = 5 dB
15 dBm

12.5

PL = 25.3 + 37.6log10 (𝑑𝑖𝑗 )
PL = 38.46 + 20log10 (𝑑𝑖𝑗 ) + 0.7𝑑𝑖𝑗

12

𝑖𝑗
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Utility

12

11.5

T = 3, 𝜆 = 0.44

11.5

T = 7, 𝜆 = 0.7

T = 5, 𝜆 = 0.56

11

11.5
11
Utility

10.5
10.5

0.2

0.4

0.6 0.8
1
1.2 1.4
Data rate ratio RL /Ru

Optimal T⋆
T=1
T=5

10
9.5
9
0.1

0

1.6

1.8

2

T = 10
T = 15

Figure 6: The utility versus the data rate ratio 𝑅𝐿 /𝑅𝑢 for different 𝑇.
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Figure 4: The utility versus the WiFi traffic load 𝜆 for different 𝑇.

Figure 5 shows the variability of utility for different data
rate ratio 𝑅𝐿 /𝑅𝑢 and transmission time 𝑇. Specifically, for
fixed transmission time 𝑇, the bigger the data rate ratio
𝑅𝐿 /𝑅𝑢 , the higher the utility of whole networks. This is
because the increasing of 𝑅𝐿 directly causes the increasing of
whole networks, while the 𝑅𝑢 does not change.

Figure 6 shows the utility versus the data rate ratio 𝑅𝐿 /𝑅𝑢
for different 𝑇. Let 𝜆 = 0.6, 𝑁 = 1. Based on the optimal
power allocation and the optimal cell selection in the licensed
band, for fixed 𝑇 (e.g., 𝑇 = 10), only the bandwidth of
the licensed and unlicensed band will affect 𝑅𝐿 and 𝑅𝑢 ,
respectively. Furthermore, we fix the unlicensed bandwidth
𝐵𝑢 = 20 MHz, and obtain different data rate 𝑅𝐿 in the licensed
band based on different licensed bandwidth (1.4, 3, 5, 10, 15,
20, and 30 MHz). Compare the curves of 𝑇 = 5, 10, 15 with
optimal 𝑇⋆ ; we can see that with the same data rate ratio
𝑅𝐿 /𝑅𝑢 , the larger the 𝑇 is, the lower the utility could be. This
is because larger 𝑇 represents the larger traffic load of DACSs,
which results in the WiFi performance decreasing due to the
interference from DACSs. Notice that, for 𝑇 = 1, the smaller
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Figure 7: The optimal 𝑇⋆ versus the data rate ratio 𝑅𝐿 /𝑅𝑢 for
different WiFi users number 𝑁 and 𝜆.

the data rate ratio 𝑅𝐿 /𝑅𝑢 , the lower the utility due to DACSs
having a low satisfaction from the licensed band.
From Figure 7 we can observe that the optimal transmission time 𝑇 depends on several parameters. For the fixed
𝜆 and 𝑁, the optimal 𝑇 decreases when the data rate ratio
𝑅𝐿 /𝑅𝑢 is increasing. That is because the licensed band could
gradually ensure the QoS of DACSs while less resource is
required from the unlicensed band. Moreover, when 𝜆 = 0.3,
the optimal DACSs transmission time 𝑇 is smaller with larger
𝑁. In addition, we can see that the larger the 𝜆, the larger the
optimal transmission time 𝑇 of DACSs. Since larger traffic
load of WiFi results in larger transmission time of DACS,
guaranteeing the maximum utility of whole networks can be
achieved.
From Figure 8, it is clear that the DACSs transmission
time ratio 𝜂 = 𝑡1 + 𝑡2 + 𝑡3 is a decreasing function of 𝜆, and an
increasing function of transmission time 𝑇. Since the optimal
𝑇⋆ is influenced by 𝜆, in order to keep the traffic balancing
between DACSs and WiFi, and maximize the utility of whole
systems, the ratio 𝜂 is stable.
In Figure 9, we evaluate the optimal DACSs transmission
time ratio 𝜂⋆ with 𝜆 = 0.6 and 𝑘𝑤 = 1/(1 − 𝜆)2 . The
optimal DACSs transmission time ratio 𝜂⋆ is decreasing with
the increasing data rate ratio 𝑅𝐿 /𝑅𝑢 for different WiFi users
number 𝑁. 𝜂 decreases to zero when ratio 𝑅𝐿 /𝑅𝑢 > 1.15, 𝑁 =
2, and 𝑅𝐿 /𝑅𝑢 > 0.75, 𝑁 = 3, respectively. In this case,
DACSs can obtain enough resource in the licensed band and
do not acquire additional resource from the unlicensed band.
In addition, we also observe that the more the WiFi users,
the lower the optimal DACS transmission time ratio 𝜂⋆ , since
more WiFi users lead to fiercer competition and less available
spectrum resource in unlicensed band.
In order to illustrate the dual-band access scheme based
on sensing information in the licensed/unlicensed band and
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T = 15

Figure 8: The DACSs transmission time ratio 𝜂 versus the 𝜆 for
different 𝑇.
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Figure 9: The optimal DACSs transmission time ratio 𝜂⋆ versus the
data rate ratio 𝑅𝐿 /𝑅𝑢 for different WiFi users number 𝑁.

evaluate the performance of the proposed SDTB algorithm,
we use the following schemes for simulation comparison:
(1) Ergodic Capacity Resource Allocation (ECRA) algorithm
which only accesses the licensed band; (2) Distributed Downlink Resource Allocation (DDRA-fixed 𝑇) algorithm which
only uses the unlicensed band with fixed 𝑇; (3) Optimal
Distributed Downlink Resource Allocation (DDRA-optimal
𝑇) algorithm which only uses the unlicensed band with
optimal 𝑇⋆ ; (4) Dual-Band Resource Allocation (DBRA-fixed
𝑇) algorithm which uses both licensed and unlicensed bands
with fixed 𝑇; (5) SDTB algorithm which could access both
licensed and unlicensed bands with optimal 𝑇⋆ . Generally,
we set 𝑇 = 15 and 𝜆 = 0.6, 𝐵𝐿 = 14 MHz, and 𝑁 = 1.
Figures 10 and 11 show the average data rate and the utility
of different algorithms, respectively. We have the following
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observations from the figures. First of all, the proposed
SDTB algorithm significantly improves the performance of
DACSs, while it does not significantly affect the performance
of WiFi network. Secondly, based on FDD, DACSs could
access both licensed and unlicensed bands simultaneously,
which improves the average utility and data rate compared
with the Half-Duplex model. Obviously, the proposed SDTB
algorithm obtains higher average utility than other schemes.
Moreover, there is very little difference between the DDRAfixed 𝑇 and the DBRA-fixed 𝑇 schemes, due to the small
part of contributions from the licensed band to the final

results. The proposed SDTB algorithm provides a better
tradeoff between maximizing the total network data rate and
obtaining fairness among different networks.
In this section, we evaluate the performance of the proposed SDTB scheme and the CSMA/CA scheme in realistic
channel status with multi-CSBS and multi-AP. In the realistic
scenarios, the traffic load of WiFi nodes is random and
formulated by the Poisson-distribution with parameter 𝑢𝑝 . In
order to obtain the optimal transmission time for both LTE
users and WiFi nodes we should predict the traffic load of
WiFi nodes which is random. Thus, we consider the following
three scenarios: CSBSs and one WiFi node scenario with
optimal-𝑇 based on the SDTB algorithm, CSBSs and one
WiFi node scenario with 𝑇 = 10 based on the DBRA-fixed
𝑇 algorithm, and WiFi nodes alone. Figures 12 and 13 show
the data rate and the utility versus the time for different
scenarios. Considering that WiFi nodes access the channel in
a random fashion, the Poisson-distribution with parameter
𝑢𝑝 is used in the simulation to present the random arrival of
WiFi users traffic load and the number of the packet obeying
exponential distribution. 𝐾𝑝 is the number of WiFi packets
according to the Poisson-distribution with mean rate 𝑢𝑝 , and
the probability of a WiFi user continuing to transmit data in
𝐾𝑝
((𝑢𝑝 )𝑘 ⋅𝑒−𝑢𝑝 )/(𝑘!). The mean rate 𝑢𝑝 =
the next slot is 𝜆 = ∑𝑘=0
5 in our simulation. Based on the simulation results, the data
rate of the DBRA-fixed 𝑇 algorithm and the WiFi-alone is not
stable during the simulation time due to the random traffic
load of WiFi, while the data rate of the proposed algorithm
with optimal 𝑇 could provide a stable performance, as well
as the traffic balancing between the DACS system and the
WiFi system. Clearly, the total data rate and the data rate of
WiFi with optimal-𝑇 are not always larger than those of the
algorithm with 𝑇 = 10. This is because the main purpose
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is to maximize the total utility of the whole network. From
Figure 13, we can observe that the total utility of LTE and
WiFi and WiFi utility with optimal-𝑇 are stable which is in
accordance with the result from the Figure 4. The proposed
SDTB algorithm can obtain the optimal 𝑇 under different
WiFi traffic load 𝜆 and achieve the maximum utility of whole
networks. Specially, the utility of WiFi-alone scenario is close
to the number 6, since the WiFi access mechanism is based on
the CSMA/CA protocol without the interference from LTE
system. Moreover, Figure 13 shows that the proposed scheme
in our paper can achieve higher and stable satisfaction.

6. Conclusion
In this paper, we have described the dual-access cognitive
small cell (DACS) network that uses the LTE air interface to
transmit and receive signals in the licensed and unlicensed
band simultaneously. In order to maximize the total utility
of the whole network, we jointly optimize the cell selection,
the sensing operation, and the power allocation in the
licensed band while optimizing the transmission time in
the unlicensed band. A satisfaction-based dual-band traffic
balancing (SDTB) algorithm over licensed and unlicensed
bands for DACSs is proposed to improve the total utility
of DACSs and WiFi systems. The optimization problem is
divided into two suboptimization problems: sensing-based
power allocation (SBPA) and dual-band traffic balancing
(DBTB). The SBPA problem is formulated as a nonconvex
game and it theoretically proved the existence and uniqueness
of the QNE. In addition, based on the DBTB scheme, we
could obtain the optimal transmission time in the unlicensed
band and ensure the fairness coexistence between DACS and
WiFi.
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While the wireless communication systems provide the means of connectivity nearly everywhere and all the time, communication
security requires more attention. Even though current efforts provide solutions to specific problems under given circumstances,
these methods are neither adaptive nor flexible enough to provide security under the dynamic conditions which make the security
breaches an important concern. In this paper, a cognitive security (CS) concept for wireless communication systems in the physical
layer is proposed with the aim of providing a comprehensive solution to wireless security problems. The proposed method will
enable the comprehensive security to ensure a robust and reliable communication in the existence of adversaries by providing
adaptive security solutions in the communication systems by exploiting the physical layer security from different perspective.
The adaptiveness relies on the fact that radio adapts its propagation characteristics to satisfy secure communication based on
specific conditions which are given as user density, application specific adaptation, and location within CS concept. Thus, instead
of providing any type of new security mechanism, it is proposed that radio can take the necessary precautions based on these
conditions before the attacks occur. Various access scenarios are investigated to enable the CS while considering these conditions.

1. Introduction
The proliferation of wireless technologies in our daily life
leads to an increasing demand for these technologies. While
the prevalence of wireless communication systems presents
indisputable advantages to the users, due to the open
broadcast nature of the wireless signals, the communication
exchanges are exposed to the attacks of adversaries. As
opposed to its wired counterparts, the enhanced mobility support of the wireless communication systems comes
with the handicap of serious security vulnerabilities from
the physical layer to the application layer. To protect the
wireless signals from malicious attacks, security measures
should be provided to the user. In the existing wireless
communication systems, security concerns are addressed in
the upper layers by means of various encryption techniques.

Encryption is achieved in such a way that the message is
encrypted with a key generated by using cipher, that is, an
encryption algorithm, before the signal is transmitted. The
receiver can decrypt the message by using the same key.
However, since encryption is a way of protecting the message
in the upper layers, it does not prevent the signal from
being detected by adversaries in the medium. Additionally,
encryption increases the infrastructural overhead and power
consumption to enable the authentication, which may not be
feasible in some applications such as wireless sensor networks
[1]. Data security in wireless domain has to adapt itself to the
new wireless communications paradigm by becoming more
adaptive and flexible. To this end, implementation of communication security in the physical layer has recently become
a field of interest. Existing security threats in the physical
layer can be categorized into three groups: eavesdropping,
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Eve

Jammer

Figure 1: When Alice transmits a message to Bob at time 𝑡𝑖 ,
(a) eavesdropper receives/listens the same message at time 𝑡𝑖 , (b)
jammer transmits a jamming signal to Bob at time 𝑡𝑖 , and (c) spoofer
listens to the message at time 𝑡𝑖 and then transmits a spoofing
message at time 𝑡𝑗 where 𝑡𝑗 ≠ 𝑡𝑖 .

jamming, and spoofing as depicted in Figure 1. In the physical layer security studies, legitimate transmitter, legitimate
receiver, and passive attacker are symbolized, respectively,
as Alice, Bob, and Eve. The attacker might be considered as
either a jammer or a spoofer if attacker is active.
(1) Eavesdropping: when Alice transmits a message to
Bob, any receiver can receive the message since the
message is propagated through the whole environment. Eavesdropping refers to a situation where Eve
can receive the message transmitted by Alice. The
message needs to be protected against the eavesdroppers.
(2) Jamming: when Alice and Bob are communicating
with each other, a jammer transmits a noise type
of signal to Bob with the aim of corrupting the
communication. When Bob receives both signals at
the same time, legitimate signal would be received as
meaningless signal. Therefore, the signal would not
be decoded. This type of attack is named as jamming.
When the attack is held, it needs to be identified by
legitimate users, and the signal needs to be protected
accordingly.
(3) Spoofing: spoofing refers to a situation where the
attacker deceives Bob. Spoofing can be carried out
in two ways. (a) When Alice stops transmitting the
signal, an attacker starts to transmit a deceiving signal
to Bob. (b) When Alice transmits the signal, if an
attacker transmits deceiving signal with higher power
than Alice’s signal power, Bob would receive the
attacker’s signal as legitimate signal while it would
consider Alice’s signal as interference signal. Similar
to the jamming case, this attack needs to be identified
and necessary precautions should be taken.
In the literature, studies on physical layer security mainly
focus on spread spectrum (SS) techniques and channel
and power based solutions. In SS techniques, the energy

of the signal is spread over the wider spectrum by means
of possessing a wider band. SS techniques are particularly
useful against the jamming attacks and eavesdropping. In
eavesdropping case, these techniques are used to attain the
low probability of interception and detection. Frequency
hopping spread spectrum (FHSS) and direct sequence spread
spectrum (DSSS) are primary SS techniques used in the
literature. FHSS is derived by hopping the signal with a predefined pseudorandom code in the spectrum while in DSSS
the energy of the signal is spread over a wide spectrum with
a pseudonoise (PN) sequence which keeps the signal power
under noise level. As mentioned in [2], these techniques can
be utilized to provide security against jamming attacks with
certain vulnerabilities. For instance, FHSS technique may be
vulnerable against spoofing attacks. To overcome this issue,
an antijamming scheme that is based on transmitting a secure
identity generated with cryptographic methods is proposed
in [3]. Thus, the legitimate transceiver communication can
be protected against jamming and spoofing attacks. The
drawbacks of DSSS scheme against jammers are investigated
in [4]. This drawback is defined in such a way that when
PN sequence of jammer is matched with the transmitter’s PN
sequence, the legitimate receiver can be jammed. To address
this drawback, authors propose a watermarked DSSS scheme.
In this scheme, an authentication information is embedded
to PN sequence to make the system more resistant against
jamming attacks.
In channel based solutions, the uniqueness feature of
the channel can be utilized to improve security. Since the
communication channel between Alice and Bob is different
from the channel between Eve and Bob, Alice can perform
a secure communication by using its unique channel with
Bob. The effects of artificial noise insertion in the presence
of Eve are explored in [5]. The primary objective of the
artificial noise insertion is to degrade Eve’s channel while
not affecting Bob’s channel. To carry out this aim, Alice adds
noise intentionally to the null spaces of Bob’s channel. Since
Eve does not know the intentional addition of noise, she
is not able to detect the signal correctly. Thus, the secure
communication would be satisfied even if Eve’s channel is
not known. Primarily, eavesdropping and spoofing can be
prevented with channel based solutions.
In power based solutions, received signal strength (RSS)
and directional antenna are used to provide security. RSS is
utilized to detect the primary user (PU) emulation attack
in [6]. In the cognitive radio network, there are PUs and
secondary users (SUs). SUs use the licensed spectrum of
PUs. If PU utilizes any bands in its spectrum, SU does
not use the same band in order not to cause interference
with PU. To determine which bands are utilized by PU,
SU can use spectrum sensing algorithm. There might be
spoofers in the environment to deceive SUs by masquerading
the PU. A verification algorithm to detect the spoofers is
proposed in [6] by utilizing the signal characteristics and
location of the legitimate transmitter. RSS measurements are
performed within a wireless sensor network. All transmitters
locations can be estimated by identifying the RSS peaks.
In [7], directional antennas are explored against jamming
attacks instead of the more conventional omnidirectional
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antennas. The connectivity is maintained under jamming
attacks with directional antennas. Since there are multiple
antennas in Bob, certain antennas can easily be reconfigured
towards a direction other than the direction where the
jamming signal is coming from. In this case, the transmitter
can keep the connectivity with the legitimate receiver with
higher data rate when compared to omnidirectional antenna
usage case. Wyner introduces the wiretap channels, namely,
eavesdropper’s channel, in [8]. He aims at rendering the signal
meaningless taken by wire-tapper. To achieve this, Wyner
utilizes signal-to-noise ratio (SNR) differences observed at
Bob and Eve. If Eve’s SNR is lower than Bob’s SNR, Alice
can initiate a secret communication with Bob without any
information leakage to Eve via encoding.
While the aforementioned studies provide a security only
in the physical layer, the security in cross-layer is investigated
in the following studies. The requirements and benefits of
cross-layer security are presented for wireless sensor network
(WSN) in [9]. As explained in [9], cross-layer design should
work collaboratively to detect the adversaries while enabling
the efficient power consumption. The cross-layer utilization
by means of the intrusion detection is proposed in [10]. It is
proved that security which is obtained by exploiting the data
coming from different layers such as link and network layers
is increased significantly when compared to the single layered
security solutions in terms of true positive rates.
Besides the studies focusing on the specific security
issue, in a few studies, the physical layer security literature
is surveyed. In each of these papers, authors examine the
security studies from different perspectives. In [11, 12], and
from a bigger picture in [13, 14], authors investigate the
security in cognitive networks. While authors in [15] explain
the security issues in health care domain, authors in [16] look
at these issues in smart grid applications.

2. Motivation
Although existing efforts satisfy the security needs of the
users under certain conditions and for specific wireless communications systems, they might fail in others. For instance,
since channel based solutions have complete dependency on
channel conditions, while these solutions would work when
legitimate transceiver is static and has reciprocal channel,
these solutions would fail when the legitimate transceiver
is either mobile or performs communication based on frequency division duplexing. Alternatively, SS techniques can
be employed to protect data against jamming attacks and
eavesdropping. When there is a spoofer in the environment, if
an additional protection algorithm as given in [3] is not proposed, SS technique would fail. Moreover, using an additional
algorithm would increase the complexity of the legitimate
transceiver. Another issue with SS techniques is related to PN
or hopping sequence sharing. When a legitimate transmitter
sends PN or a hopping sequence to a legitimate receiver,
if the sequence is not protected, an illegitimate node can
capture this secret information. Therefore, illegitimate node
can easily eavesdrop, jam, or spoof the legitimate receiver.
As explained in Section 1, localization can be performed
with power based solutions. In RSS based localization, it is
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assumed that illegitimate node uses omnidirectional antennas and multiple receivers measure the RSS of this node
to be able to perform true localization. If illegitimate node
employs the directional antenna, localization would fail [17].
On the other hand, since the location of eavesdropper is
unknown, power based solutions cannot provide security
against eavesdroppers either.
All of these weaknesses of the existing solutions indicate
the necessity that the security threats need to be investigated
with more comprehensive solutions in the physical layer. In
this study, we propose cognitive security (CS) concept which
provides adaptive security solutions in the communication
systems by exploiting the physical layer security from different perspective. The adaptiveness relies on the fact that
radio adapts its propagation characteristics to satisfy secure
communication based on specific conditions. In this paper,
the conditions are defined as the user density, application specific adaptation, and location. Please note that, in the existing
efforts, security is provided when the legitimate transceiver
is under attack(s). However, the security is performed in CS
concept before the attack occurs. In other words, CS proposes
that the necessary precautions are required to be taken before
the attack takes place based on the conditions which are
explained in detail in the subsequent sections. Thus, the
systems would adjust the propagation parameters of the radio
against possible threats. With the given conditions, CS should
(i) Increase the reliability in the wireless communication
systems: since transceiver would be able to adjust the
security level, increasing the security adaptively will
increase the overall reliability of the communication
system automatically. Especially, when a receiver is
under jamming attack, one of the most important
problems is to satisfy reliable communication to guarantee the quality of service requirement. CS would
play an important role in this situation.
(ii) Decrease the system complexity: the active attackers
need to be detected in current security mechanisms.
This requires additional algorithms to be implemented in the systems. Since, in CS concept, detecting
the attackers is not necessitated, this would reduce
the complexity caused by the usage of the additional
algorithms.
Along with these advantages, CS should also
(i) Increase the data rate: the radio resources allocated
for providing secure communication can be reduced
for the cases which do not necessitate high level
of security due to low probability of threat. For
instance, if the security is based on the location, let
us say, in rural areas, security level is lowered when
compared to urban areas. Since some resources which
are allocated to provide security would remain empty,
these resources will be used for data communication.
Thus, the users who live in rural areas would have
higher data rates.
(ii) Decrease the energy consumption: it is important to
lower the consumed energy in the systems during the
communication, for example, in mobile devices. If
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Figure 2: System model for cognitive security.

security level is lowered in uplink, the mobile device
would be able to transmit the same amount of data in
less duration since the data rate would be higher.

3. Cognitive Security Concepts
The system model for cognitive physical layer security is
illustrated in Figure 2. The radio combines the relevant information obtained from the radio channel and environment.
Based on the available knowledge, the context is detected. To
improve the detection performance, the statement information can be attained from the upper layers. After an associated
security mechanism is determined by the radio, the level of
the security can be adjusted as a function of the intensity of
threat.
In this study, we define three the CS concepts: user
density, application specific adaptation, and location.
3.1. User Density. User density refers to a number of users per
unit area. If the number of users is high in a given area when
compared to a predetermined normal, for example, schools
and hospitals, it can be stated that the area has high density in
terms of the number of users and named as high user density
through the rest of the paper. From the security perspective,
high user density is an important parameter, especially for
CS concept. As mentioned in Section 1, there are three threat
groups in physical layer security studies. The radio can act
intelligently to provide secure communication in spite of the
fact that these three groups are probable to occur related to
the user density. For specific places such as hospitals, office
blocks, and airports, security is highly important. Jammers,
eavesdroppers, or spoofers are expected to exist in such places
as shown in Figure 3. In [18], authors define the probability of
eavesdropping (or attacking) in a given area 𝐴.
𝑃 (𝑒) = 1 − 𝑒−𝜌𝐴 ,

(1)

where 𝜌 is the node density. For a given area, when the node
density increases, probability of eavesdropping increases as
well.
Density is the detectable data by the radio. In a high user
dense area, since most of the resources would be occupied
by the users, the detection of the density can be achieved

by observing the total number of allocated resources at a
time. When high density is detected, attackers would aim
to affect the communication in between legitimate users, for
instance, between a patient and a doctor in the hospital.
Implantable medical devices (IMDs) such as defibrillators
and peacemakers are implanted within the patient’s body and
are monitored and controlled by the physician with the help
of external unit wirelessly. This wireless nature will make
the IMDs vulnerable to attacks which might disrupt the
communication by jamming or sending wrong information
to the legitimate receiver by spoofing. In both cases, if the
patient is in a critical condition and needs an emergent
treatment, since the doctor will not be able to know the
patient’s situation because of jamming or spoofing, s/he will
not treat his/her patient. The result might therefore be fatal for
the patient. In this case, to be immune to attacks, the radio
might increase the security. If the high user density stems
from the office block, legitimate users might be eavesdropped
on. The aim of the eavesdropper is to capture the company’s
critical information. Another important issue is that there
might be many jammers, eavesdroppers, or spoofers who
work collaboratively in high user dense areas. The security
can possibly be improved significantly by adaptively adjusting
the propagation parameters of the radio.
There might be various reasons for users to gather in
a given area such as stadium, hospital, school, or airport.
Since it is not possible for a radio to detect the reason of
users’ gathering, the necessary information can be obtained
from the upper layers. For instance, if the users in the high
dense area send important documents, this can be detected
by the upper layers and this information is provided to radio.
Based on this notice, radio can consider that the density
stems from the employees who work in an office block. This
type of security approach is named as cross-layer security
in the literature [9]. As defined in Section 2, one of the key
advantages of CS is to increase the data rate. If a holistic
approach is not considered, data rate might be decreased
unnecessarily in some cases. For instance, assume that the
security should be higher in office blocks than the security
in stadiums. Since radio does not have the reason of users’
gathering, it would increase the security to the same level
in all high user dense areas. This may not be desirable for
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Figure 3: Attackers would appear in the user dense areas. Also, they are more likely to jam or spoof the vehicular communication in the
intersections.

every situation. For the same amount of user data, high
secure communication might necessitate more resources to
be allocated than less secure communication. Therefore, data
rate in the relevant dense area would decrease. When the
density in question occurs in the stadiums, data rate would
become more critical. The security level in the stadium should
not be the same as the one in the office blocks. This situation
can be considered as the probability of error in the increment
level of security.
3.2. Application Specific Adaptation. Application specific
refers to different fields such as military, commercial, and
health monitoring in which the radio is used. Communication is typically held wirelessly in these fields. To minimize
or alleviate the interference, different frequency bands are
allocated for each field. These different bands carry significant
context information for the radio. This helps the radio to
detect the type of application for which the communication
is being fulfilled.
Each application has different security requirement.
While it is high for military communication, it might be
low for commercial applications, such as for cellular communication. Ensuring secure communication requires more
resources to be allocated and a higher data rate is vital
for commercial sector. Allocating as many resources as in
military communication for security reasons to carry out the
communication may therefore not be feasible in commercial

domain. In any case, communication needs to be provided
securely when the transceiver is under attacks. Existing
security threats would differ based on time and place where
the communication is being held for each application. For
instance, when the country is in peace, passive attacks like
eavesdropping would be significant for military communication. But, if there is an emergency situation such as a battle,
jamming and spoofing are going to be very serious issues as
well. In these types of situations, security needs to be adjusted
accordingly. The existing algorithms which are proposed to
protect the data from eavesdroppers may not provide the
security in jamming or spoofing scenarios as mentioned in
Section 2. This indicates that securing the communication
against each type of attacks necessitates different solutions.
In any emergency situation, military may need to reach out
to the public across the country or may need additional
resources for the communication. To meet this demand,
military has to utilize certain ubiquitous structures such as
cellular base stations and broadcasting antennas. Although
security level might be lower in cellular communication when
compared to military, when the emergency situations occur,
radio should be able to detect it and adapt itself to new
situations. Since the cellular or broadcasting structure is not
suitable to implement the same security methods, the radio
should provide more secure communication via the physical
layer security mechanisms. Herein, military would protect
its communication against jamming or spoofing attacks. If
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the security level depends on the application, it needs to be
adaptively managed.
Another important application is the Internet of things
(IoT) for future wireless networks. Various types of technologies such as implantable medical devices (IMDs), WSN, and
autonomous vehicles will share the bands in IoT. These different technologies may require different level of security. For
instance, while it is critical to provide high security for IMD,
it may need less security in smart home applications such as
controlling the refrigerator over the Internet. Therefore, CS
will play an important role in 5G and beyond networks in
terms of providing and adjusting necessary security and data
rate needs for each application.
3.3. Location. Specific location or social environment where
the communication is fulfilled is an important parameter
for CS concept. For some devices such as unmanned aerial
vehicles (UAVs), the location information is required to
find their geographical position. Therefore, it is important
to provide security against attacks based on the location
information. It can be said that there is a high correlation
between the type of the security threats and the location.
For instance, for vehicle-to-vehicle (V2V) communication,
location determines the type of the communication between
vehicles. When two vehicles go back-to-back on the road,
the communication is performed to maintain a minimum
distance between vehicles, namely, space cushion, through
the sensors at all times to not cause an accident. Alternatively,
when two vehicles encounter an intersection where there
is a significant decision-making process, the type of the
communication would be different. One issue is the order of
the vehicles to cross the intersection [19]. While this example
highlights the importance of the location in terms of the type
of the V2V communication, this location information is also
critical to satisfy the secure communication between vehicles.
The two vehicles at the intersection point need to talk to each
other while simultaneously monitoring the measurement of
the sensors to detect any possible rear vehicle. This may
lead to some security gaps to attack the vehicles that are
at the intersection point as depicted in Figure 3. In this
situation, there are two possible security issues: jamming and
spoofing. An attacker may destroy the communication of
the vehicles or may send the same message to two vehicles
such as the priority of who would pass first. Both situations
would eventually cause an accident. The security level can
be significantly increased if the radio is able to detect the
location. Thus, the accident may be precluded.
In terms of social environment, three types of environments can be considered: rural, suburban, and urban areas.
The main difference between the environment types is the
population density. At this point, it is important to emphasize
that the social environment should not be confused with user
density in terms of the detectability. As mentioned above, user
density definition covers a small area such as stadiums and
schools, and it can be within urban, suburban, and rural areas.
However, environment covers the whole urban, suburban, or
rural area by definition.
In wireless communication, environment information
is important in terms of the capacity. For instance, to
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increase the capacity, various deployment strategies of the
base stations (BSs) are applied. While the BSs whose coverage
area is as high as 1-2 km might be sufficient to serve for
the users in rural areas, the small BSs whose coverage area
is around 10–200 m would need to be deployed in urban
areas to meet the users’ demands. To provide a secure
communication, environment is a significant parameter.
Based on the environment type, security need would differ,
especially in the public safety context. The crime rates are
much higher in urban areas. For example, 39 crimes are
recorded per 1,000 residents in rural areas while 79 crimes
are reported in urban areas in England [20]. To decrease the
crime rate, governments need to take necessary preventions.
When a crime or an emergency situation occurs, each unit
of the system, for example, mobile devices and networks,
should work coordinately and securely so that the relevant
government agent can act promptly. If the system is under
jamming or spoofing attacks, the communication might be
disrupted. Therefore, a high security level should be provided
for each unit. Since, most of the time, this is the case
for the urban areas, radio should adaptively increase the
security based on the environmental information for the
wireless systems. In conclusion, the type of environment also
determines the level of security rather than just the security
itself.
Figure 4 shows the relation between security needs and
type of environment in terms of probability of attacks. This
figure is drawn, that is, not based on simulation, to only help
readers to visualize this relation. The probability of attack
increases in the urban areas when compared to rural areas.
It is also visualized that the increasing probability of attack
increases the usage of resources for security reasons, which
also leads to decreasing data rate.
Another importance of the location information is related
to the devices which have dependency on accurate geographical position such as UAVs. While UAVs can be controlled
from a ground station, they can also have preinstalled
location and mission information and perform duty automatically. In both cases, UAVs necessitate location information obtained from global positioning system (GPS) satellites. Attackers would intend to disrupt the communication
between UAV and GPS satellite.
Please note that UAVs are used for different purposes in
different areas. While they are used for policing in public
safety, they are also utilized in scientific researches, for
disaster relief, and in armed attacks. Each type of usage may
require the security in different levels in terms of localization.
While the low level of security might be enough to provide
communication in disastrous relief cases with the aim of
obtaining high data rate, high level of security would be
necessary in armed attacks. On the other hand, when the
country is in battle, UAVs used for other purposes such
as for commercial usage can also be utilized to defend the
country against the enemies. Since the enemies’ aim would
be to disrupt or spoof the communication between UAVs
and GPS satellites, UAVs would need to increase the security
accordingly to not be harmed or controlled by the enemies.
As highlighted above, the aim in this study is to take the
necessary precautions based on some conditions; any type of
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Table 1: Advantages of cognitive security concept against security threats.
Security threats

Explanation of cognitive security conditions
(i) Increase the secrecy rate (versus information rate) in scenarios of
high user dense areas such as office blocks and airports or locations
such as urban areas or specific applications such as military and
public safety
(ii) Relax the secrecy constraints, that is, increase the information rate,
for conditions such as rural areas, WiFi, and cellular communication
The level of security against jamming, for example, processing gain in
spread spectrum, is adaptively increased in locations such as
intersections of roads or specific applications such as military and
public safety
Enable the spoofing detection mechanism when the condition exists,
and disable the algorithm, or use a simpler method, in high user
dense areas such as office blocks, stadiums, or locations such as
intersections of roads and location dependent UAV devices, or
specific applications such as military and in vivo communication

Eavesdropping

Jamming

Spoofing

Benefits
Data rate
Latency
Energy consumption

Reliability
Complexity
Latency

Complexity
Reliability

M
Allocated resources for
security
0
Data rate

N

0

1
Attacking probability
0

Urban

Suburban

Rural

Figure 4: Based on the environment information, security needs can change. While the probability of attack might be higher in urban areas,
it might be low in rural areas. The increased probability of attack increases also the resource usage to provide higher security, which also leads
to decreased data rate.

new security mechanism is therefore not proposed within CS
concept. Instead, three different conditions are given to help
radio to determine if the security is a need or not. In Table 1,
the benefits of the CS concept related to security threats are
enlisted. After the security need occurs, any current security
solution can be utilized. At this point, it is worth mentioning

that the CS should not be confused with context-aware
security concept. In context-aware security, the information
is mainly obtained by different sensors. Based on the these
information, the system in upper layers tries to detect if there
is an attack. If so, then, the necessary security algorithm is
placed. In other words, the focus in context-aware security is

8

Wireless Communications and Mobile Computing
2.5

total transmit power of Alice is fixed and shared between the
data and artificial noise signals.
Bob, CS

2
Rate (bps/Hz)

Bob, FS
1.5

4. Conclusion and Open Issues
Eve FS

Providing security in wireless communication is a critical
task. In this paper, we focused on the security in physical layer
where we proposed CS concept. Radio can adapt its security
level in CS by considering three different conditions which
are defined as user density, application specific adaptation,
and location. These conditions come along with certain
challenges which can be listed as follows.

Eve CS

1

0.5

0

0

2

4

6
8
10 12 14
Number of eavesdroppers

16

18

20

Figure 5: When the number of eavesdroppers increases in a given
area, while the rate of Bob remains constant in the FS case, it is
decreasing in CS. However, in terms of the security, CS provides
higher security than FS case.

on providing the necessary security when it is a need based
on the context information like temperature, speed, and so
on [21] as in conventional approaches in the security studies
[13, 14]. In CS, the security need is determined based on the
conditions regardless of the attack that occurs.
In Figure 5, we compare the CS with fixed security (FS),
in which the security level is the same for any conditions, for
the user density case in terms of rate versus the number of
eavesdropper. The rate is computed as Rate = ∑𝑖 log2 (1 +
SNR𝑖 ), where 𝑖 is the antenna index. As given in (1), when
the user density increases in a given area, the probability of
eavesdropping also increases. Based on (1), we realize this
increment as the increasing number of eavesdroppers in the
figure. We assume that Alice transmits the signal to Bob
from multiple antennas and there are multiple eavesdroppers
working collaboratively. We assume that the transmitter
utilizes multiple antennas with artificial noise to provide
security during communication with Bob. Invoking that the
signal transmitted by multiple antennas can be considered as
multidimensional signal, one of these dimensions is allocated
for the data transmission to Bob while the remaining ones
are used for the artificial noise transmission. In FS case, we
assume that the number of transmit antennas of Alice is fixed.
In this case, when the number of eavesdroppers increases,
Eve’s rate will also increase. Since only fixed number of
antennas is used to send artificial noise signal, the desired
security will be achieved only for the cases where the number
of eavesdroppers is less than the number of dimensions
allocated for the artificial noise at the transmitter. Therefore,
the sum rate of the eavesdroppers will increase by increasing
the number of collaborating malicious nodes. For this case,
the rate of Bob will remain constant. In CS case, the number
of transmit dimensions for the artificial noise of Alice changes
with the number of eavesdroppers in the environment. While
the security level of eavesdropper stays the same because of
having constant rate, Alice’s rate decreases. It is because the

4.1. How to Detect If the Condition Exists? To make the
security adaptive, ensuring the detectability of context information is critical. While some of the context information
such as user density is easy to detect via available spectrum
sensing techniques [22], for some of them such as application
specific, it is a hard task. As explained in Section 3.2, when the
country is in battle and the military needs to use the cellular
stations and frequencies for the communication, radio should
have the capability to increase the security. Here, the question
arises as to how the radio realizes that condition. If there is
a need to obtain some parameters from the upper layers to
detect the context information, how should radio collaborate
with those layers? Collaboration between the layers is also a
subject of cross-layer techniques [9].
4.2. How to Identify the Correct Statement about the Context?
As mentioned in Section 3.1, detailed knowledge might be
needed to adapt the security level after detecting the existence
of context information. For instance, the reason of users’
gathering can be an entertainment event which might not
necessitate a high security level while it can be required
in business environments. How one can differentiate the
statement of the context emerges as a hot topic.
4.3. What Type of Security Mechanism Can Be Used and
How Many Resources Should Radio Allocate? There are many
studies to secure the communication in physical layer most
of which focus on specific circumstances. Especially, after
detecting the context information and identifying the correct
statement, the third step is: “Other than current efforts, what
type of security mechanisms should be performed depending
on the information captured from the environment and
upper layers?” Will this new method provide higher security
than the existing efforts? For which context will it be a
remedy? Regardless of whether a new method is proposed
or any existing solution is used, how is the security level
adjusted? For instance, based on the security threat, the
waveform can be determined in the physical layer. If there is
a jamming attack, spread spectrum waveform can be utilized.
In this case, the security level can be considered as the
processing gain, that is, the amount of spreading. As a final
note, the adaptation ability of a specific technique to change
the security needs should also be considered. For instance,
transmit power can be a limiting factor for some users which
might restrict the flexibility of the security level in artificial
noise insertion based techniques. Alternatively, in SS, total

Wireless Communications and Mobile Computing
available bandwidth needs to be considered while performing
the adaptation.
In this study, we provided different conditions which
necessitate CS. However, it is highlighted that various new
context information can be integrated into CS concept by
taking the dynamic nature of the wireless communication
systems.
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Spectrum sensing is an important issue in cognitive radio networks. The unlicensed users can access the licensed wireless spectrum
only when the licensed wireless spectrum is sensed to be idle. Since mobile terminals such as smartphones and tablets are popular
among people, spectrum sensing can be assigned to these mobile intelligent terminals, which is called crowdsourcing method.
Based on the crowdsourcing method, this paper studies the distributed scheme to assign spectrum sensing task to mobile terminals
such as smartphones and tablets. Considering the fact that mobile terminals’ positions may influence the sensing results, a precise
sensing effect function is designed for the crowdsourcing-based sensing task assignment. We aim to maximize the sensing effect
function and cast this optimization problem to address crowdsensing task assignment in cognitive radio networks. This problem is
difficult to be solved because the complexity of this problem increases exponentially with the growth in mobile terminals. To assign
crowdsensing task, we propose four distributed algorithms with different transition probabilities and use a Markov chain to analyze
the approximation gap of our proposed schemes. Simulation results evaluate the average performance of our proposed algorithms
and validate the algorithm’s convergence.

1. Introduction
According to Cisco’s report, the wireless traffic has increased
sharply in the past few years and the global mobile data traffic
grew by 63% in 2016 [1]. The high growth rate of wireless
traffic leads to crowd wireless spectrum. This upward trend
of mobile traffic, which is attributed to the rapid proliferation
of mobile devices (e.g., smartphones and tablets), will lead to
a looming shortage of wireless spectrum [2]. Nevertheless,
a recent study reveals that much of the licensed spectrum,
under current policy in the fixed spectrum assignment, is
in fact poorly utilized [3]. To improve wireless spectrum
utilization, cognitive radio has recently emerged as a solution
[4]. When the licensed wireless spectrum is sensed to be idle,
cognitive radio allows unlicensed users to access the idle
licensed wireless spectrum opportunistically. Therefore, wireless spectrum sensing is the premise for unlicensed users to
use the wireless spectrum.

Nowadays, mobile terminals, including smartphones and
tablets, are very popular. These mobile terminals are intelligent and they can sense the wireless spectrum. Therefore,
spectrum sensing tasks can be assigned to mobile terminals, which is called crowdsourcing, a new sensing method
empowering ordinary users to carry out sensing with their
mobile devices and aggregating the sensing data [5].
In this paper, based on the crowdsourcing method, we
propose distributed algorithms to assign mobile terminals
the spectrum sensing task. Mobile terminals in different
positions may have different sensing results about the same
channel since shadowing, multipath fading, and other issues
may influence the sensing results. Considering the impact of
mobile terminals’ positions, we propose a precise sensing
effect function of the crowdsourcing-based sensing task assignment. We aim to maximize the sensing effect function
and cast this optimization problem to address crowdsensing
task assignment in cognitive radio networks. Because the
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complexity of this problem increases exponentially with the
growth in mobile terminals, this problem is difficult to
be solved. To assign crowdsensing task, we propose four
distributed algorithms with different transition probabilities
and use a Markov chain to analyze the approximation gap of
our proposed schemes. As the proposed algorithms are
distributed, it is convenient for each mobile terminal to carry
out algorithms independently. Based on the details of our
proposed algorithms, the complexity is low. Therefore, it
is comfortable for mobile terminals to implement the distributed algorithms.
In this paper, we study crowdsourcing-based sensing task
assignment. The main contributions of the paper are summarized as follows:
(i) Considering the impact of mobile terminals’ positions, we propose a precise objective function for the
crowdsensing task assignment.
(ii) It is difficult to assign crowdsensing task for the reason
that the complexity of this problem increases exponentially with the growth in mobile terminals. Therefore, we design four distributed algorithms with
different transition probabilities to solve this problem
in cognitive radio networks.
(iii) Using a Markov chain, we analyze the approximation
gap of our proposed schemes.
(iv) Simulation results validate the algorithm’s convergence and show that our proposed algorithms achieve
the optimal sensing effect.
The rest of the paper is organized as follows. In Section 2,
related literatures are introduced. In Section 3, we formulate the system model of crowdsensing task assignment. In
Section 4, we propose four distributed algorithms to solve the
sensing task assignment and use a Markov chain to analyze
the approximation gap of our schemes. In Section 5, the proposed algorithm is evaluated with simulation results. Finally,
conclusions are shown in Section 6.

2. Related Work
Whether licensed users utilize the wireless spectrum or not
decides the spectrum state. Therefore, to search for the idle
spectrum, it is necessary to model licensed users’ activity
[6]. Then, spectrum sensing is carried out. A single user,
experiencing shadowing, multipath fading, and other issues,
may acquire a wrong sensing result. To improve the sensing
accuracy, cooperative spectrum sensing has been proposed
by multiple users [7].
There are some related works about cooperative spectrum
sensing. In wideband cooperative sensing, users, by exchanging their compressed sensing results, estimate the spectrum
states cooperatively [8, 9]. In [10], the cooperative spectrum
sensing that is assigned to multiple users, namely, crowdsourcing-based method, is proposed to address the security issue
of false data launched by malicious mobile users. The studies
only relate to single-channel system, while in multichannel
networks, the assignment of channel sensing is studied to
maximize the quality of monitoring [11–14]. These literatures

propose a simplistic objective function which is a weighted
sum of some binary variables. And there is no budget constraint in these literatures. In [15], the authors, considering
a limited budget, propose the sensing task assignment by
selecting a subset of mobile users and solve the problem by
greedy algorithm and Linear Program rounding algorithm.
In all aforementioned literatures, centralized algorithms
are implemented to assign spectrum sensing. However, the
system employing a centralized algorithm is not robust when
the central node goes down. Moreover, the centralized system
is not flexible in users joining or leaving the system [16]. To
tackle the faults of centralized algorithms, the problem of
spatial spectrum sensing is studied in a distributed way to
make full use of spatial spectrum opportunities [17]. Using
stochastic geometry, the performance of spatial spectrum
sensing is analyzed. In [18], the authors propose a gametheoretic distributed power control mechanism based on
channel sensing results of users in cognitive wireless sensor
network. Tiny operating system (TinyOS), widely used in
sensing system, is considered to be the most robust and
energy-efficient system. In [19], the authors provide a review
of TinyOS at its design paradigm, scheduling algorithms,
programming model, and other features. Sensing nodes with
TinyOS are more flexible in different sensing applications.
Compared to the spectrum sensing in recent studies, the
paper solves sensing task assignment in distributed ways
with the two major differences: (i) an objective function,
considering different sensing outcomes in various subregions, is introduced to represent sensing effect; (ii) aiming
to achieve higher sensing effect, four distributed algorithms,
with different transition probabilities, are designed to tackle
the problem of sensing task assignment.

3. System Model of Crowdsensing
Task Assignment
In this section, we describe the system model of crowdsensing
task assignment. Since shadowing, multipath fading, and
other issues may influence the sensing results, mobile terminals in different positions may have different sensing results
about the same channel. Considering the impact of mobile
terminals’ positions, we propose a precise sensing effect function of the crowdsourcing-based sensing task assignment.
Let 𝑁 denote the number of channels and let 𝑀 denote
the number of mobile terminals in the system. We assume
that a mobile terminal can only choose one channel to sense
from all 𝑁 channels. A channel-assignment configuration 𝑓
is a vector indicating the channel choice of each mobile terminal; that is, 𝑓 = {𝑓1 , 𝑓2 , . . . , 𝑓𝑀}, where 𝑓𝑖 ∈ {1, 2, . . . , 𝑁}
denotes the chosen channel of mobile terminal 𝑖. We define
𝐹 as the set of all feasible 𝑓’s. Given a channel-assignment
configuration 𝑓, we design the sensing effect as follows.
Some issues may influence the sensing results of mobile
terminals. In a region, mobile terminals may experience different shadowing and multipath fading in the sensing process
when they are at different positions of this region. Therefore,
the sensing results of these terminals are different even if
they sense the same channel. Considering the impact of
positions, we can divide a region into several subregions.
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Mobile terminals in these subregions obtain different sensing
results which capture the spatial diversity. It is assumed
that there are 𝑚 subregions. For the mobile terminals in a
subregion ℎ, each terminal chooses a channel to sense. If
a channel 𝑖 is sensed by at least a mobile terminal, we use
𝑧𝑖 ℎ = 1 to denote this case. If no mobile terminals sense the
channel 𝑖, we use 𝑧𝑖 ℎ = 0 to denote this case. As the channel
𝑖 may be sensed in multiple subregions, we use 𝑦𝑖 to denote
the number of sensing subregions. Then we can obtain 𝑦𝑖 =
𝑖
𝑖
∑𝑚
ℎ=1 𝑧ℎ . The sensing effect can be represented by 𝑦 . When
𝑖
𝑦 equals a larger value, the sensing result is more effective.
Therefore, if 𝑦𝑖 equals 𝑚, the maximized sensing effect is
reached. If 𝑦𝑖 equals zero, the sensing effect is also zero. When
𝑦𝑖 is small, we can imagine that the growth rate of sensing
effect is higher as 𝑦𝑖 increases. On the contrary, when 𝑦𝑖 is
large, the growth rate of sensing effect is slower as 𝑦𝑖 increases.
Therefore, given a channel-assignment configuration 𝑓,
we design the sensing effect function of channel 𝑖 as follows:
1/𝑚

𝑈𝑓 (𝑖) = (

𝑦𝑖
)
𝑚

, 𝑖 = 1, 2, . . . , 𝑁.

(1)

According to (1), we can see that the sensing effect
function increases as 𝑦𝑖 increases from zero to 𝑚. When 𝑦𝑖
is small, the sensing effect function increases faster with the
growth of 𝑦𝑖 . When 𝑦𝑖 is large, the sensing effect function
increases more slowly with the growth of 𝑦𝑖 .
Figure 1 depicts an instance of crowdsensing task assignment with any one channel-assignment configuration 𝑓 ∈ 𝐹.
It is assumed that there are three channels in the system. In the
sensing region, we assume that there are four terrain types.
Mobile terminals in different terrain types may have different
sensing results about the same channel. Therefore, the sensing
region can be divided into four subregions. Obviously, the
sensing region may be divided into more subregions when
there are more terrain types. Due to the influence of terrain
types, mobile terminals in different subregions may obtain
different sensing results when they sense the same channel.
According to the channel-assignment configuration 𝑓, each
mobile terminal is assigned a channel to sense.
Let 𝑉𝑓 = ∑𝑁
𝑖=1 𝑈𝑓 (𝑖) denote the sensing effect function
of all channels with channel-assignment configuration 𝑓.
To obtain optimized sensing effect of the system, we aim
to maximize the sensing effect function of all channels by
choosing the optimal channel-assignment configuration 𝑓
from 𝐹. Therefore, the objective function can be expressed as
max
𝑓∈𝐹

𝑉𝑓 .

(2)

4. Distributed Algorithms
In the system, the size of feasible set 𝐹 is very large even for
a fewer mobile terminals, since |𝐹| = 𝑁𝑀, where 𝑁 denotes
the number of channels and 𝑀 denotes the number of mobile
terminals. Therefore, the maximization problem in (2) is
hard to be solved. In this section, we design four distributed

Subregion 1

Subregion 4

Subregion 2

Subregion 3

A mobile terminal sensing channel 1
A mobile terminal sensing channel 2
A mobile terminal sensing channel 3

Figure 1: An instance of crowdsensing task assignment.

algorithms to address crowdsensing task assignment. Then
we use a Markov chain to analyze the approximation gap of
our distributed algorithms. Each mobile terminal broadcasts
its sensing result representing the channel status to other
terminals with one bit result (0 denoting the idle state and
1 denoting the busy state). Therefore, the signaling overhead
is small and can be overlooked.
4.1. Distributed Algorithms. Initially, each mobile terminal
chooses a channel to sense randomly. Using an additional
report, each mobile terminal broadcasts the chosen channel
and its position to other mobile terminals. When all mobile
terminals have received other terminals’ chosen channels
and positions, each terminal can obtain the current channelassignment configuration 𝑓 and calculate 𝑉𝑓 independently.
Then each mobile terminal generates a random number
following exponential distribution [20], and its mean equals
𝐸 which is predefined.
After mobile terminals generate their random numbers
independently, they count down their random numbers one
by one. When the countdown of a mobile terminal expires,
this mobile terminal (named mobile terminal 𝑗) chooses one
of its not-in-sensing channels randomly. Then mobile terminal 𝑗 may switch to the chosen channel with the probability
𝑝𝑓𝑔 or stay at the current channel with the probability 1 −
𝑝𝑓𝑔 , where 𝑔 denotes a new channel configuration if mobile
terminal 𝑗 switches to the chosen channel to sense.
If mobile terminal 𝑗 stays at its current channel, there
is still the channel-assignment configuration 𝑓. On the
contrary, if mobile terminal 𝑗 switches to the chosen channel
to sense, a new channel-assignment configuration 𝑔 appears.
When mobile terminal 𝑗 switches to the chosen channel to
sense, it generates a random number following exponential
distribution and broadcasts the new channel-assignment
configuration 𝑔 to other mobile terminals. After other terminals receive the channel-assignment configuration 𝑔, they
can calculate the new sensing effect function 𝑉𝑔 and continue
their current countdown processes. When the countdown
process of a mobile terminal ends, the terminal can calculate
the transition probability based on new 𝑉𝑔 .
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Input 𝐸, 𝛽
(1) Each mobile terminal chooses a channel to sense randomly.
(2) Mobile terminal 𝑗 broadcasts its chosen channel and position to other mobile
terminals.
(3) When terminal 𝑗 receives all other terminals’ choice and positions, it calculate
𝑉𝑓 independently.
(4) Terminal 𝑗 generates a timer following exponential distribution with mean
equaling 𝐸.
(5) Terminal 𝑗 begins to count down.
(6) When the timer expires, terminal 𝑗 chooses one of its not-in-sensing channels
randomly. Terminal 𝑗 switches to this channel with 𝑝𝑓𝑔 or stay at the current channel
with 1 − 𝑝𝑓𝑔 .
(7) If terminal 𝑗 switches, it broadcasts 𝑔 to other mobile terminals.
(8) Other terminals calculate 𝑉𝑔 under the new channel-configuration 𝑔.
(9) Then the terminal 𝑗 repeats step (4)–(9).
Algorithm 1: Wait-and-Selection algorithms for terminal 𝑗.

In this implementation, the transition probability 𝑝𝑓𝑔 is
so important that it will influence the sensing effect of the
system. We design 𝑝𝑓𝑔 by four different algorithms as follows.
Algorithm 1. In this algorithm, the transition probability 𝑝𝑓𝑔
is designed as
𝑝𝑓𝑔 =

1
exp (𝛽𝑉𝑓 )

,

Algorithm 2. In this algorithm, the transition probability 𝑝𝑓𝑔
is designed as
min {exp (𝛽𝑉𝑓 ) , exp (𝛽𝑉𝑔 )}
exp (𝛽𝑉𝑓 )

.

(4)

When the sensing effect function 𝑉𝑔 under targeting
channel-assignment configuration 𝑔 is larger than 𝑉𝑓 under
current channel-assignment configuration 𝑓, the transition
probability equals 1. This means that the mobile terminal
must switch to the chosen channel. When 𝑉𝑔 is smaller than
𝑉𝑓 , the transition probability can be obtained based on (4).
Algorithm 3. In this algorithm, the transition probability 𝑝𝑓𝑔
is designed as
𝑝𝑓𝑔 =

exp (𝛽𝑉𝑔 )
exp (𝛽𝑉𝑓 ) + exp (𝛽𝑉𝑔 )

Algorithm 4. In this algorithm, the transition probability 𝑝𝑓𝑔
is designed as

(3)

where 𝛽 is a positive constant which is predefined. This algorithm is easy to achieve as 𝑝𝑓𝑔 only depends on the sensing
effect function 𝑉𝑓 under current channel-assignment configuration 𝑓. And 𝑝𝑓𝑔 is independent of sensing effect under
the targeting channel-assignment configuration 𝑔. Therefore,
mobile terminal 𝑗 switches to the chosen channel with the
transition probability determined by the current channelassignment configuration 𝑓.

𝑝𝑓𝑔 =

likely to switch to the chosen channel. When 𝑉𝑔 is smaller
than 𝑉𝑓 , the transition probability is less than 50%. This
means that the mobile terminal is more likely to stay at the
current channel.

.

(5)

When 𝑉𝑔 is larger than 𝑉𝑓 , the transition probability is
more than 50%. This means that the mobile terminal is more

𝑝𝑓𝑓 =

exp (𝛽𝑉𝑔 )
max {exp (𝛽𝑉𝑓 ) , exp (𝛽𝑉𝑔 )}

.

(6)

When 𝑉𝑔 is larger than 𝑉𝑓 , the transition probability
equals 1. This means that the mobile terminal must switch to
the chosen channel. When 𝑉𝑔 is smaller than 𝑉𝑓 , the transition probability is calculated based on (6).
In Algorithms 2–4, the transition probability 𝑝𝑓𝑔 depends
on both the current channel-configuration 𝑓 and the targeting channel-assignment configuration 𝑔. Therefore, the
algorithms employing Algorithms 2–4 are more complicated
than that employing Algorithm 1.
We name this implementation with four different transition probabilities as Wait-and-Selection (WS) algorithms.
Each mobile terminal carries out the Wait-and-Selection
(WS) algorithms independently. The distributed algorithms
are described as in Algorithm 1.
4.2. Analysis of Approximation Gap. We define the approximation gap as the difference between the maximum sensing
effect in our algorithms and that in theory. A Markov chain
is used to describe the transition among channel-assignment
configurations in the system. Based on the balance equation,
the probability of each state in the Markov chain can be
obtained. Then we can use the state probabilities to calculate
the approximation gap. The details are described as follows.
According to the “Wait-and-Selection” algorithms, each
channel-assignment configuration 𝑓 corresponds to one
state. Thus, there are finite states of the designed Markov
chain. The number of states equals |𝐹|, with 𝐹 representing
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the set of all feasible 𝑓’s. Each channel-assignment configuration can be reachable from any adjacent state based on onestep transition.
Let 𝑁 denote the number of channels and let 𝑀 denote
the number of mobile terminals in the system. According
to the WS algorithms, each mobile terminal counts down
following exponential distribution which is memoryless.
Since each mobile terminal counts down with the rate 1/𝐸
under the current state 𝑓, the rate by which the process has
the opportunity to leave state 𝑓 is 𝑀/𝐸.
After count-down expiration, a mobile terminal chooses
one of its not-in-sensing channels randomly with the probability 1/(𝑁 − 1). Then the mobile terminal may switch to
the chosen channel with transition probability 𝑝𝑓𝑔 designed
by four algorithms in (3)–(6). Therefore, the transition probability from state 𝑓 to state 𝑔 after count-down expiration is
𝑝𝑓𝑔 /(𝑁 − 1).
Then, we can obtain the transition rate 𝑞𝑓𝑔 from state 𝑓
to state 𝑔 as follows:
𝑞𝑓𝑔 =

Algorithm
Algorithm 1
Algorithm 2
Algorithm 3
Algorithm 4

20
0.17
0.1
0.099
0.1

𝐸 (𝑁 − 1)

.

(7)

𝑝𝑓∗ 𝑞𝑓𝑔 = 𝑝𝑔∗ 𝑞𝑔𝑓

𝛾=

(8)

exp (𝛽𝑉𝑓 )
∑𝑔∈𝐹 exp (𝛽𝑉𝑔 )

, 𝑓 ∈ 𝐹.

(9)

The stationary distribution 𝑝𝑓∗ also denotes the percentage of the duration that the system is under the channelassignment configuration 𝑓. Obviously, it represents the
optimal solution of the problem which is expressed as follows:

𝑝𝑓 ≥0

s.t.

∑ 𝑝𝑓 𝑉𝑓 −

𝑓∈𝐹

1
∑ 𝑝 log 𝑝𝑓 ,
𝛽 𝑓∈𝐹 𝑓

⋅ ∑ exp 𝛽 (𝑉𝑓 − max 𝑉𝑓 )) ≤
𝑓∈𝐹

1
𝛽

⋅ log (exp (𝛽 max 𝑉𝑓 ) |𝐹|) = max 𝑉𝑓 +
𝑓∈𝐹

(12)
1
log |𝐹| ,
𝛽

where |𝐹| describes the size of channel-assignment set 𝐹.
From (12), we can obtain the approximation gap of our
proposed algorithms as follows:
 1



𝛾 − max 𝑉𝑓  ≤ log |𝐹| .
 𝛽

𝑓∈𝐹

(13)

(10)

∑ 𝑝𝑓 = 1,

where 𝛽 is a constant.
With the stationary distribution 𝑝𝑓∗ obtained in (9), the
optimal value in (10) is
1
log ( ∑ exp (𝛽𝑉𝑓 )) .
𝛽
𝑓∈𝐹

1
log |𝐹| .
𝛽

(14)

Based on formulation (14), the approximation gap is close
to zero when 𝛽 approaches to infinity. This illustrates that
our distributed algorithms approach the optimal value of
the maximization problem in (2) with a large value of
𝛽. On the other hand, the approximation gap ratio is
(1/𝛽)log|𝐹|/max𝑓∈𝐹 𝑉𝑓 . When max𝑓∈𝐹 𝑉𝑓 is much larger than
(1/𝛽) log |𝐹|, 𝛽 has less impact on the results of our distributed algorithms. Under this condition, our distributed
algorithms are not sensitive to 𝛽 and approach the optimal
value of the maximization problem in (2) even if 𝛽 is not large.

5. Simulations

𝑓∈𝐹

𝛾=

28
0.065
0.044
0.045
0.056

Therefore, the upper bound of approximation gap is

of
From (8), we can obtain the stationary distribution
state 𝑓. For each transition probability of four algorithms, the
stationary distribution 𝑝𝑓∗ of state 𝑓 is the same as others.

max

26
0.068
0.05
0.048
0.049

1
log (exp (𝛽 max 𝑉𝑓 )
𝑓∈𝐹
𝛽

𝑝𝑓∗

𝑝𝑓∗ =

M
24
0.093
0.066
0.068
0.067

𝑓∈𝐹

Let 𝑝𝑓∗ be the stationary distribution of state 𝑓. Since the
detailed balance equation must be satisfied, we obtain

= 1.

22
0.14
0.089
0.087
0.087

The aforementioned analysis illustrates that our distributed algorithm realizes the optimal value of the problem
in (10). From (11), we can obtain

𝑓∈𝐹

𝑀𝑝𝑓𝑔

∑ 𝑝𝑓∗
𝑓∈𝐹

Table 1: The approximation gap of sensing effect with 𝛽 = 10.

(11)

In this section, our proposed algorithms are evaluated by
simulations. The average solution is derived by running
the algorithm 1000 times. The simulation parameters are
described as follows. The sensing region is a circular region
with a 100-meter radius. And the sensing region is equally
divided into four subregions. Mobile terminals are located in
the subregions randomly.
Let 𝑁 denote the number of channels and let 𝑀 denote
the number of mobile terminals. There are three channels in
the system. Then 𝑁 = 3. 𝐸 is set to be 3. In Tables 1 and
2, we set 𝛽 = 10 and 20, respectively. It is easy to see

6

Wireless Communications and Mobile Computing
Table 2: The approximation gap of sensing effect with 𝛽 = 20.

Algorithm 1
Algorithm 2
Algorithm 3
Algorithm 4

20
0.15
0.073
0.074
0.074

M
24
0.092
0.035
0.035
0.035

22
0.114
0.073
0.072
0.071

0.06

26
0.069
0.037
0.035
0.038

28
0.067
0.032
0.031
0.031

Approximation gap ratio

0.08

Approximation gap ratio

Algorithm

0.065

0.055
0.05
0.045
0.04
0.035

0.075

0.03

0.07

0.025
10

12

16

18

20



0.065
Algorithm 1
Algorithm 2
Algorithm 3

0.06
0.055

Algorithm 4

Figure 3: The approximation gap ratio varies with 𝛽 (𝑁 = 5; 𝑀 =
30).

0.05
0.045
10

14

12

14

16

18

20

0.7


0.6

Algorithm 4

Figure 2: The approximation gap ratio varies with 𝛽 (𝑁 = 3; 𝑀 =
12).

that the optimal channel-assignment configuration can be
realized when each channel is sensed in all four subregions.
According to formulation (1), the optimal sensing effect of a
channel is 1. Therefore, we can obtain that the optimal sensing
effect of the system is 3 when there are three channels in the
system. As 𝑀 varies from 20 to 28 and 𝛽 changes, Tables
1 and 2 show the approximation gap of the sensing effect
following our Wait-and-Selection algorithms. As shown in
Tables 1 and 2, we can see that the approximation gap of our
proposed algorithms employing four transition probabilities
decreases as the number of mobile terminals increases. As
there are more mobile terminals, more subregions will be
sensed. Therefore, the approximation gap decreases as 𝑀
increases, and its magnitude is less than the gap’s upper
bound (1/𝛽)log|𝐹|, where |𝐹| equals 𝑁𝑀. We also see that
the approximation gap is smaller when 𝛽 is larger. This means
that our distributed algorithms approach the optimal sensing
effect with a large value of 𝛽. In addition, the approximation
gap of Algorithm 1 is more than the other three algorithms.
This implies that the algorithms employing Algorithms 2–4
approach the optimal sensing effect at the cost of increased
complexity.
Figures 2 and 3 depict the impact of 𝛽 on the real gap ratio
of our four algorithms when 𝐸 = 3. In Figure 2, the number
of mobile terminals equals 12, and the number of channels
equals 3. In Figure 3, the number of mobile terminals equals

Approximation gap

Algorithm 1
Algorithm 2
Algorithm 3

0.5
0.4
0.3
0.2
0.1
0
10

12

14
16
18
The number of mobile terminals

Greedy
PSO
Algorithm 1

20

Algorithm 2
Algorithm 3
Algorithm 4

Figure 4: Our algorithm compared with centralized algorithms.

30, and the number of channels equals 5. As shown in Figures
2 and 3, the gap ratio of Algorithms 2–4 decreases as 𝛽
increases, while the gap ratio of Algorithm 1 does not change
as 𝛽 increases. For Algorithm 1, the transition rate 𝑞𝑓𝑔 is so
little that mobile terminals almost do not switch to other
channels. Therefore, the sensing effect will not change and the
gap ratio is stable. For Algorithms 2–4, this means that the
larger 𝛽 is, the more accurate our distributed algorithms are.
Moreover, we can see that the gap ratio of Figure 3 is lower
than that of Figure 2. That means 𝛽 has less impact on our
distributed algorithms when there are more channels.
When there are three channels in the system (𝛽 =
20), Figure 4 depicts the gap of our algorithms and other
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Figure 5: The impact of 𝛽 for Algorithm 2.

Figure 6: The impact of 𝛽 for Algorithm 3.
4.9

4.85
Sensing effect

centralized algorithms such as the greedy algorithm in [15]
and the particle swarm optimization (PSO) algorithm which
is good at optimization problem [21]. As shown in Figure 4,
the approximation gap of our algorithms is lower than
centralized algorithms. And our algorithms’ gap decreases
as the number of mobile terminals increases. That means
our distributed algorithms have better performance than centralized algorithms. The distributed algorithms employing
Algorithms 2–4 have similar performance which is better
than the algorithm employing Algorithm 1. This implies that
Algorithms 2–4 make mobile terminals switch to channels to
obtain higher sensing effect.
Figure 5 depicts the impact of 𝛽 on the sensing effect
of the system and the convergence time for the distributed
algorithm employing Algorithm 2. There are five channels
and 30 mobile terminals in the system. Therefore, the optimal
sensing effect is five. As shown in Figure 5, the sensing effect
is close to the optimal value and the convergence time is
long when 𝛽 = 30. On the other hand, the sensing effect
is far from the optimal value and the convergence time
is short when 𝛽 = 1. Therefore, the proposed algorithm
employing Algorithm 2 approaches the optimal value and the
convergence time increases as 𝛽 increases.
Figures 6 and 7 depict the impact of 𝛽 for Algorithms 3
and 4, respectively. There are also five channels and 30 mobile
terminals in the system. Therefore, the optimal sensing effect
is five. As shown in Figures 6 and 7, the sensing effects of
Algorithms 3 and 4 increase as 𝛽 increases. The larger 𝛽 is,
the higher the sensing effect is. And we also observe that
convergence time is longer when 𝛽 is larger.
Through contrasting Figures 5, 6, and 7, we can observe
that the sensing effect of Algorithm 2 is similar to that of
Algorithm 4. And the sensing effect of Algorithm 3 is less
than those of Algorithms 2 and 4. The reason is that Algorithms 2 and 4 make the channel-assignment configuration 𝑓
move to 𝑔 with a higher probability if the new configuration
𝑔 corresponds to higher sensing effect.
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Figure 7: The impact of 𝛽 for Algorithm 4.

6. Conclusion
Spectrum sensing can be assigned to mobile intelligent
terminals, which is called crowdsourcing method. This paper
studies crowdsensing task assignment to maximize sensing
effect. Considering the fact that mobile terminals’ positions
may influence the sensing results, we design a precise
sensing effect function for the crowdsourcing-based sensing
task assignment and aim to maximize sensing effect and
cast this optimization problem to address crowdsensing
task assignment in cognitive radio networks. To tackle
the impact of interference and multipath, we design the
objective function considering the sensing results influenced
by different locations. When users locate at various areas,
the sensing process may be affected differently. Thus, the
sensing outcomes may be different. To decrease the impact
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of different locations, the objective function of this paper,
representing the sensing effect, is designed based on the
number of locations sensed by users. The larger the number
is, the higher the sensing effect is. Therefore, maximizing the
objective function means considering the impact of interference and multipath. Compared to aforementioned literatures
implementing centralized algorithms, distributed algorithms
are proposed with different transition probabilities to obtain
bounded close-to-optimal solutions. Simulation results show
that our distributed algorithms approach the optimal sensing
effect and validate the algorithm’s convergence. In the future,
some related issues such as multipath should be studied in the
cooperative spectrum sensing.
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In asynchronous cognitive networks (CNs), where there is no synchronization between primary users (PUs) and secondary
users (SUs), spectrum sensing becomes a challenging task. By combining cooperative spectrum sensing and full-duplex (FD)
communications in asynchronous CNs, this paper demonstrates improvements in terms of the average throughput of both PUs
and SUs for particular transmission schemes. The average throughputs are derived for SUs and PUs under different FD schemes,
levels of residual self-interference, and number of cooperative SUs. In particular, we consider two types of FD schemes, namely,
FD transmit-sense-reception (FDr) and FD transmit-sense (FDs). FDr allows SUs to transmit and receive data simultaneously,
whereas, in FDs, the SUs continuously sense the channel during the transmission time. This paper shows the respective trade-offs
and obtains the optimal scheme based on cooperative FD spectrum sensing. In addition, SUs’ average throughput is analyzed under
different primary channel utilization and multichannel sensing schemes. Finally, new FD MAC protocol design is proposed and
analyzed for FD cooperative spectrum sensing. We found optimum parameters for our proposed MAC protocol to achieve higher
average throughput in certain applications.

1. Introduction
Cognitive networks (CNs), which can dramatically improve
spectrum efficiency using dynamic spectrum access (DSA)
technology, is a promising solution for the spectrum scarcity
problem [1–3]. CNs allow the cognitive devices or secondary
users (SUs) to use licensed or primary users’ (PUs) frequency
spectrum in an opportunistic way while guaranteeing the
quality of both systems.
The majority of research works in this area have studied
these problems in synchronous conditions, where PUs and
SUs are time slotted and synchronized. However, in realistic
scenarios, SUs have no information about the PUs’ signals,
which results in operations in asynchronous mode. Jiang et
al. have studied some key issues for asynchronous CNs in [4].
Asynchronous cooperative spectrum sensing has been
proposed in [5, 6] which shows improvement in the average
throughput of SUs. In-band full-duplex (FD) communication
[7] is also a promising technology that can improve the performance of CNs. FD spectrum sensing has been proposed

in [8] which allows SUs sense and transmit data at the same
time.
In shared-spectrum full-duplex networking, it is common for the FD transceivers to operate in the transmitsense mode, that is, to transmit and sense simultaneously
and in the same frequency band [9, 10]. In this mode no
data is received during the data transmission period, in
contrast with standard noncognitive full-duplex scenarios.
It has been shown that operating in transmit-sense mode
can reduce the outage probability of the primary network
significantly, compared to the conventional listen-before-talk
scheme (i.e., compared to the cognitive scenario where halfduplex transmission is performed following a short sensing
period) [11].
An alternative approach to full-duplex networking in CNs
is to combine sensing with data transmission and reception
[12, 13]. Exploiting full-duplex communication capability of
the transceivers, data transmission takes place simultaneously with data reception in this scheme, as it does with
standard full-duplex networks. However, to allow spectrum

2
sharing with the primary network, the reception process
is divided in time so that sensing and data receiving can
take place in different time slots, while data transmission
continues over the entire time period, that is, using time
division duplex (TDD) in reception.
The advantage of transmit-sense mode approach is that
it allows continuous sensing which can, in turn, improve
the probability of detecting returning primary users. This
improvement in the likelihood of detection is also a result
of more advanced learning algorithms that can be implemented in continuous sensing. This is in contrast with
data transmit-sense-reception mode, where sensing takes
place in short periods of time; that is, data reception and
sensing are scheduled according to a time-division-duplex
scheme. Intermittent sensing in this mode does not allow the
employment of advanced and reliable learning algorithms,
which implies higher missed detection probability, compared
to the transmit-sense mode. On the other hand, operation
in transmit-sense-reception mode improves the secondary
users’ throughput at the cost of deteriorating primary network’s performance.
The authors in [12, 13] have introduced adaptive fullduplex transmit-sense (FDs) and full-duplex transmitreceive-sense (FDr) to improve the performance of the
spectrum-sharing mechanism. These two works use energybased sensing and waveform-based sensing, respectively.
However, both of these works have not considered cooperative spectrum sensing in order to further improve the spectrum sensing accuracy. On the other hand, the effect on the
primary network can be alleviated by deploying cooperative
sensing. Cooperation among the secondary users in sensing
the licensed channel can improve the quality of detecting
the activity of primary users in the licensed spectrum. By
combining cooperative sensing and full-duplex communication features, full-duplex cooperative spectrum sensing
mechanism is analyzed to improve the average throughput
of SUs, while guaranteeing PUs’ quality and throughput. This
solution has been proposed in [14] only for time-slotted PUs
and in [15] for cooperative acknowledgement. The recent
work in [16] has analyzed SUs’ performance in non-timeslotted case, without looking into the imposed effect on PUs.
Motived by the above observation, the contributions of
this paper can be summarized as follows. The throughput
of both secondary and primary users is derived under FDr
and FDs schemes as functions of residual self-interference
(SI) and the number of cooperating users in spectrum
sensing. Furthermore, the results are extended for different
primary channel utilization. Unlike our previous work in
[17], in this paper, we introduce the full-duplex cooperative
multichannel based FDr and FDs sensing schemes and also
find the minimum number of cooperating secondary users
required in FDr scheme so that the achievable throughput
for the primary users is very close to that in the FDs scheme.
In the literature, the full-duplex cooperative multichannel
scenarios have also been considered [8, 18, 19]. However,
these works assume SUs perform the standard p-persistent
carrier sense multiple access (CSMA) mechanism for contention resolution on the selected channel. Such distributed
mechanism can effectively avoid the data crash and improve
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Figure 1: On-off process channel model.

the spectrum efficiency of the network. On the other hand,
by comparing with the cooperative multichannel allocation
mechanism which will be considered in this paper, the
distributed version has to be limited to a “small” network.
Based on the cooperative SUs design, in this paper, we also
propose a MAC layer protocol design and analyze the average
throughputs of SUs and PUs when utilizing TV white space
as primary channels. The results show that, by increasing
the number of sensed channels, the average throughput of
proposed FD schemes may not always be improved, especially
for FDr scheme. This is because the duration of sensing is
considered as nontransmitting time, which reduce the time
for data transmission.
The rest of this paper is organized as follows. The system
model and throughput analysis are presented in Section 2.
Spectrum sensing and self-interference effect are analyzed
in Section 3. Formulation of secondary and primary average
throughput for the cooperative full-duplex sensing scenario is
in Sections 4 and 5, respectively. The analysis for the average
throughput optimization and its corresponding numerical
results are provided in Section 6. A new MAC protocol design
is proposed and evaluated in Section 7. Finally, conclusions
are drawn in Section 8.

2. System Model
As discussed in abstract and introduction sections, the
asynchronous cognitive networks are defined that only the
primary and secondary networks are not synchronized, but
within the secondary network, the secondary users will be
assumed to be synchronized. Moreover, the primary users
in this case may or may not be synchronized. In addition,
we also assume that SUs always have packets to “receive” as
[9, 20], and this assumption is meaningful if the number of
SUs is directly linked to the traffic demand in MAC protocol
design.
2.1. Primary Users. One pair of PUs is considered to communicate in half-duplex (HD) mode over 𝑊 spectrum bands,
where the bands are not overlapped and with the same
spectrum utilization as 𝛽. PUs’ channel is modeled as an onoff process as [21], which is shown in Figure 1. The channel is
considered in on state when it is occupied by PUs. On the
other hand, off state means there is an available spectrum
that can be exploited by SUs. The length of the on state (𝑇on )
and off state (𝑇off ) follows the exponential distribution with
averages of 𝜌on and 𝜌off , respectively. In this case, the primary
channel utilization 𝛽 can be calculated as
𝛽=

𝜌on
.
𝜌off + 𝜌on

(1)
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Figure 2: Secondary users transmission, reception, and sensing schemes.

2.2. Secondary Users. We consider that there are 𝑀 SUs that
cooperate in sensing the PUs’ spectrum bands. Among these
𝑀 cooperating SUs, there is one coordinator node which
decides whether the primary channel is available for SUs.
The coordinator node will collect the sensed information
from 𝑀 collaborating SUs [5] and use it for “soft decision”
[22]. If, during the SUs’ transmission, the coordinator node
realizes the PU’s return to the channel, it would immediately
inform the active SUs to stop opportunistic transmission in
the primary band. Spectrum allocation by the coordinator is
not studied in this paper, and the spectrum allocation scheme
will be considered to be independent of the asynchronous
spectrum sensing process.
As shown in Figure 2, we consider two full-duplex sensing
mechanisms for SUs to use the available primary users’
channels opportunistically. In addition, we also include the
half-duplex (HD) mechanisms for comparison. Specifically,
for the HD communication sensing process, SUs’ frame is
divided into two intervals, that is, sensing (𝑇𝑠 ) and transmitting (𝑇𝑡 ), with sampling rate of 𝜔𝑠 . Energy-based sensing
is applied for the sensing process of SUs. 𝑇𝑝 = 𝑇𝑠 + 𝑇𝑡 is
defined as sensing period. In the second scheme, SUs use fullduplex communication to sense, transmit, and receive data
within the same frame time 𝑇𝑝 . This scheme is referred to as
full-duplex transmit-receive-sense (FDr), and it allows SUs to
receive data during the data transmitting process. The third
scheme is full-duplex transmit-sense (FDs), where SUs sense
the primary channel continuously during data transmission.
2.3. Average Throughputs. We assume that each SU can sense
V(≤𝑊) channels over 𝑇𝑝 seconds, where each channel is
sensed for 𝑇so seconds. In this case, we have
𝑇𝑠 = 𝑉 ⋅ 𝑇so .

(2)

In addition, 𝐿 is defined as the average number of sensed idle
channels by 𝑀 SUs, which can be derived as [6]
𝑊

𝐿 = ∑ V ⋅ 𝑃V (V) ,

(3)

V=0

where 𝑃V (V) is the probability that V idle channels can be
sensed by 𝑀 SUs, and by considering (1), we have [6]
V

𝑃V (V) = (𝐿V) 𝛽𝐿−V (1 − 𝛽) .

(4)

Therefore, SU’s average throughput with V sensible channels can be expressed as
𝐿 ⋅ 𝜏𝑠,scheme
(5)
,
𝑊
where 𝜏𝑠,scheme is SU’s average throughput per channel for a
specific sensing scheme, for example, HD, FDr or FDs. On
(V)
the other hand, PU’s average throughput (i.e., 𝜏𝑝,scheme
) with
multiple channels will have the same behaviour as for the
single channel case (i.e., 𝜏𝑝,scheme ) since all the channels are
independently distributed. From following sections, we will
mathematically derive the average throughputs per channel
for both SU and PU in detail.
(V)
=
𝜏𝑠,scheme

3. Spectrum Sensing and Self
Interference Effect
The two fundamental measures to be evaluated in spectrum
sensing are the detection probability (𝑃𝑑 ) and the false alarm
probability (𝑃𝑓 ). 𝑃𝑑 is the probability that SUs can detect
a busy channel when PUs do use the channel. 𝑃𝑓 is the
probability that SUs falsely detect a busy channel whereas
there is actually no PU activities.
Residual self-interference (SI) in full-duplex communication affects the detection probability and the probability
of false alarms in sensing the activity of primary users. An
energy detection technique is widely deployed for detecting
the primary users’ activity in the shared spectrum. In fullduplex sensing, that is, simultaneous data transmission and
spectrum sensing in the same frequency band, the energy
of the residual SI, as a result of imperfect SI cancellation,
may be mistaken for primary users’ signal. This, in turn, will
increase the false alarm probability and reduce the secondary
users’ throughput. Waveform-based sensing is an alternative
sensing method that can alleviate this problem in full-duplex
scenarios. In this approach sensing the primary signals is
carried out by correlating the received samples with known
pattern samples.
Another alternative to energy detection is cyclostationary
feature detection, which is based on the estimation of the
Fourier spectrum cyclic density and can detect weak signals
from primary users by only exploiting the cyclostationarity
property of communication signals. However, this approach
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is rather complex for implementation. A different approach
in detecting primary users’ signals is based on tracking the
primary users by employing smart antennas and avoiding
spatial interference with their signals through transmit beamforming. Cooperative sensing can improve the probability
of detecting primary signals, at the cost of higher computation and networking complexities. Using full-duplex radios,
transmission and reception of data can be implemented
simultaneously for further increase in the secondary user
throughput. In this paper, cooperative energy-detectionbased sensing is considered in the analysis.
Hypotheses 𝐻0 and 𝐻1 correspond to the cases where
primary channel is in the off state and on state, respectively.
Under the 𝐻0 and 𝐻1 conditions, the SUs’ received signals at
time instant 𝑛 (𝑟𝑚 [𝑛]) are, respectively, given by
𝐻0 : 𝑟𝑚 [𝑛] = 𝑥𝑚 [𝑛] + 𝑢𝑚 [𝑛] ,

(6)

𝐻1 : 𝑟𝑚 [𝑛] = 𝑥𝑚 [𝑛] + 𝑠𝑚 [𝑛] + 𝑢𝑚 [𝑛] ,

where 𝑛 refers to the 𝑛th sample and subscript 𝑚 denotes the
𝑚th SU. 𝑥𝑚 is the self-interference of 𝑚th SU and 𝑠𝑚 is the
signal transmitted by PU and received at the 𝑚th SU. The
background noise which is assumed as circular symmetric
complex Gaussian is denoted by 𝑢𝑚 . The mean of 𝑢𝑚 is zero,
and the variance is 𝜎2 .
The overall energy statistic of primary channel received at
the coordinator SU (𝑅) is given by [5]
𝜔𝑇

𝑀 𝑠 𝑠
1

2
𝑅=
∑ ∑ 𝑟𝑚 [𝑛] .
𝑀𝜔𝑠 𝑇𝑠 𝑚=1 𝑛=1

(7)

where 𝜀th is the energy detection threshold, 𝑈 is the number of
primary samples during the sensing period, 𝑎 is the number
of samples during off state before primary’s return to an active
(ON) state, and 𝑑 is the number of samples during in which
the primary is at on state before becoming inactive. SNR𝑥,𝑦
is the signal-to-noise ratio at receiver 𝑥 due to the signal
transmitted by transmitter 𝑦. 𝑥, 𝑦 ∈ {𝑝, 𝑠}, where 𝑝 and 𝑠,
respectively, refer to a primary and secondary user. 𝜅 (0 < 𝜅 ≤
1) represents the self-interference mitigation coefficient [8,
23]. If 𝜅 is high, this means that self-interference is mitigated
well. On the other hand, low values of 𝜅 imply that self
interference at the receiver is high. 𝑄(⋅) is the complementary
distribution function of standard Gaussian, which is defined
by
𝑄 (𝑥) =

∞
2
1
∫ 𝑒(−𝑡 /2) 𝑑𝑡.
√2𝜋 𝑥

(9)

Consider multichannel sensing scenarios, where PUs may
change their states (i.e., on or off) during SUs’ sensing period.
In this case, there are four possible cases when we calculate 𝑃𝑑
and 𝑃𝑓 in order to obtain the average throughputs.
Case 1. PU is not active during the SUs’ sensing period. In
this case, 𝑃𝑓 which is used for SUs’ achievable throughput
calculation can be expressed as
𝑃𝑓 = 𝑄 ((

𝜀th
− 1) √𝑀𝜔𝑠 𝑇𝑠 ) ,
𝜎2

(10)

where this equation is derived by setting 𝑑 = 0 and 𝑈 =
𝑀𝜔𝑠 𝑇𝑠 .
Case 2. PU is always active during the SUs’ sensing period.
In this case, 𝑃𝑑 which is used for PU’s achievable throughput
calculation can be expressed as

In addition, 𝑃𝑑 and 𝑃𝑓 are given by [8]
𝑃𝑑 = Pr [𝑅 ≥ 𝜀th | 𝐻1 ]
= 𝑄(

𝜀th /𝜎2 − ((𝑈 − 𝑎) /𝑈) 𝜅SNR𝑠,𝑝 − 1
√ ((𝑈 −

𝑎) /𝑈2 ) (𝜅SNR

2

𝑠,𝑝

+ 1) +

),
(8)

𝜀th /𝜎2 − (𝑑/𝑈) 𝜅SNR𝑠,𝑝 − 1
2

),

√ (𝑑/𝑈2 ) (𝜅SNR𝑠,𝑝 + 1) + (𝑈 − 𝑑) /𝑈2

𝑃𝑓 = 𝑄 (

𝑀𝜔𝑠 𝑇𝑠
𝜀th
− 𝜅SNR𝑠,𝑝 − 1) √
) , (11)
2
2
𝜎
(𝜅SNR + 1)
𝑠,𝑝

𝑎/𝑈2

𝑃𝑓 = Pr [𝑅 ≥ 𝜀th | 𝐻0 ]
= 𝑄(

𝑃𝑑 = 𝑄 ((

where, here, we set up 𝑎 = 0 and 𝑈 = 𝑀𝜔𝑠 𝑇𝑠 .
Case 3. PU is firstly active until the 𝑑-th sample and then
not active for the rest. In this case, 𝑃𝑑 , which is used to
calculate the PU’s achievable throughput, is derived from (11).
For calculating the SUs’ throughput, apart from 𝑃𝑓 in (10),
they still need to take the following 𝑃𝑓 into account, which is
given by

𝜀th /𝜎2 − ((𝑑 − ⌊𝑑/𝑈⌋) /𝑈) 𝜅SNR𝑠,𝑝 − 1
2

),

(12)

√ ((𝑑 − ⌊𝑑/𝑈⌋) /𝑈2 ) (𝜅SNR𝑠,𝑝 + 1) + (𝑈 − 𝑑 + ⌊𝑑/𝑈⌋) /𝑈2

where 𝑈 = 𝑀𝜔𝑠 𝑇𝑠 and ⌊𝑎⌋ represents the maximum integer
that is smaller than 𝑎.

Case 4. PU is firstly not active until the 𝑎-th sample and
then active for the rest. In this case, 𝑃𝑓 which is used to
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calculate the SUs’ average throughput is derived from (10).
For calculating the PU’s average throughput, apart from 𝑃𝑑

𝑃𝑑 = 𝑄 (

𝜀th /𝜎2 − ((𝑈 − 𝑎 + ⌊𝑎/𝑈⌋) /𝑈) 𝜅SNR𝑠,𝑝 − 1

4.1. SUs’ Achievable Data Rate. During the off state, the
maximum achievable data rate (𝐷𝑠,0 ) for SUs under the effect
of background noise and residual SI is
SNR𝑠,𝑠
).
1 + (1 − 𝜅) SNR𝑠,𝑠

(14)

If the coordinator falsely detects that there is no primary
activity in the on state, the achievable data rate (𝐷𝑠,1 ) for SUs
is
SNR𝑠,𝑠
).
1 + SNR𝑠,𝑝 + (1 − 𝜅) SNR𝑠,𝑠

(15)

In this paper, the effect of multiuser interference
is assumed to be controlled and cancelled effectively,
using physical layer and MAC layer techniques, for example, through adaptive beamforming as in [24], adaptive
rate/power control and scheduling mechanisms as in [25, 26].
4.2. SUs’ Average Throughput in Half-Duplex Mode. In order
to compare our proposed full-duplex based sensing protocols
to the existing protocols, in this subsection, we first introduce
the SUs’ average throughput in conventional half-duplex
mode. As illustrated in Figure 3(a), there are four different
states that should be considered to formulate the half-duplex
(HD) SUs’ average throughput (𝜏𝑠,HD ). As derived in [5],
assuming asynchronicity between SUs and PUs, 𝜏𝑠,HD can be
expressed as
11

𝜏𝑠,HD = ∑ 𝑃 [𝑆𝑖,HD ] 𝐶𝑖,HD ,
𝑖=00

(13)

where 𝑃[𝑆𝑖,HD ], ∀𝑖 are defined as probability of event 𝑆𝑖,HD
occurred in HD scheme, and following the assumed ON/OFF
distributions, they can be expressed as

4. Secondary Users’ Average
Throughput Analysis

𝐷𝑠,1 = log2 (1 +

),

2

√ ((𝑈 − 𝑎 + ⌊𝑎/𝑈⌋) /𝑈2 ) (𝜅SNR𝑠,𝑝 + 1) + (𝑎 − ⌊𝑎/𝑈⌋) /𝑈2

where 𝑈 = 𝑀𝜔𝑠 𝑇𝑠 .

𝐷𝑠,0 = log2 (1 +

in (11), they also need to take the following 𝑃𝑑 into account,
which is given by

(16)

𝑃 [𝑆00,HD ] =

𝜌off
𝑒−𝑇𝑝 /𝜌off ,
𝜌off + 𝜌on

(17)

𝑃 [𝑆01,HD ] =

𝜌off
(1 − 𝑒−𝑇𝑝 /𝜌off ) ,
𝜌off + 𝜌on

(18)

𝑃 [𝑆10,HD ] =

𝜌on
(1 − 𝑒−𝑇𝑝 /𝜌on ) ,
𝜌off + 𝜌on

(19)

𝑃 [𝑆11,HD ] =

𝜌on
𝑒−𝑇𝑝 /𝜌on .
𝜌off + 𝜌on

(20)

In addition, 𝐶𝑖,HD is data rate for 𝑆𝑖,HD event for HD scheme,
which can be found in [5].
4.3. SUs’ Average Throughput in Full-Duplex Transmit-SenseReception Mode. Following the similar approach as in the
HD scheme under the same four different cases, the average
throughput for FDr scheme (𝜏𝑠,FDr ) can be obtained as
11

𝜏𝑠,FDr = ∑ 𝑃 [𝑆𝑖,FDr ] 𝐶𝑖,FDr ,

(21)

𝑖=00

where 𝑃[𝑆𝑖,FDr ], ∀𝑖, are defined as probability of event 𝑆𝑖,FDr
occurring in FDr scheme, and 𝐶𝑖,FDr is the achievable
throughput for 𝑆𝑖,FDr event for FDr scheme. In this case, as
illustrated in Figure 3(b), we have
𝑃 [𝑆𝑖,FDr ] = 𝑃 [𝑆𝑖,HD ] ,

∀𝑖.

(22)

For an ideal single channel point-to-point communication, the achievable throughput in FDr is twice as high as that
in HD scheme. However, due to the SI effect (when 0 ≤ 𝜅 < 1)
on 𝐷𝑠,0 , 𝐷𝑠,1 , and 𝑃𝑑 , the achievable throughput will be lower
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Figure 3: Four possible states in (a) HD and (b) FDr scenario.

than in the perfect SI cancellation case (𝜅 = 1). 𝐶𝑖,FDr can be
calculated as
𝐶00,FDr = 2𝑃𝑓

𝑇𝑝 − 𝑇𝑠
𝑇𝑝

𝐷𝑠,0

𝐶01,FDr

2
(𝑃 𝐷 𝑇 − 𝑃𝑓 𝐷𝑠,0 𝑇𝑠 )
𝑇𝑝 𝑑 𝑠,1 𝑝
(23)

𝐶10,FDr
−𝑇𝑝 /𝜌on

2 (𝐷𝑠,1 𝑃𝑑 − 𝐷𝑠,0 𝑃𝑓 ) (𝜌on − (𝑇𝑝 + 𝜌on ) 𝑒
=
𝑇𝑝
1 − 𝑒−𝑇𝑝 /𝜌on
+

)

2
(𝑃 𝐷 𝑇 − 𝑃𝑑 𝐷𝑠,1 𝑇𝑠 )
𝑇𝑝 𝑓 𝑠,0 𝑝

𝐶11,FDr = 2𝑃𝑑

𝑇𝑝 − 𝑇𝑠
𝑇𝑝

𝑃 [𝑆00,FDs ] =

𝜌off
𝜌off + 𝜌on

𝑃 [𝑆11,FDs ] =

𝜌on
.
𝜌off + 𝜌on

(24)

Average data rate during 𝑆00,FDs and 𝑆11,FDs can be calculated by

−𝑇𝑝 /𝜌off
)
2 (𝐷𝑠,0 𝑃𝑓 − 𝐷𝑠,1 𝑃𝑑 ) (𝜌off − (𝑇𝑝 + 𝜌off ) 𝑒
=
−𝑇
/𝜌
𝑝
off
𝑇𝑝
1−𝑒

+

𝑆11,FDs are defined as the probability of being in off and on
state, respectively, and they can be expressed as

𝐷𝑠,1 ,

where 𝑃𝑑 = 1 − 𝑃𝑑 and 𝑃𝑓 = 1 − 𝑃𝑓 .
4.4. SUs’ Average Throughput in Full-Duplex Transmit-Sense
Mode. In contrast with HD and FDr schemes, in FDs,
the transmission time during a frame is not constant. SUs
continuously sense the channel and can immediately start or
stop transmission based on the sensing result. Hence, only
two states are studied for average throughput calculation as
shown in Figure 4. The probabilities of the events 𝑆00,FDs and

𝐶00,FDs = 𝑃𝑓 𝐷𝑠,0

(25)

𝐶11,FDs = 𝑃𝑑 𝐷𝑠,1 .

(26)

Therefore, SUs’ average throughput (𝜏𝑠,FDs ) for FDs
scheme is
11

𝜏𝑠,FDs = ∑ 𝑃 [𝑆𝑖,FDs ] 𝐶𝑖,FDs .

(27)

𝑖=00

5. Primary Users’ Average
Throughput Analysis
5.1. PUs’ Achievable Data Rate. The PUs’ achievable data rate
without interference (𝐷𝑝,0 ) from SU is
𝐷𝑝,0 = log2 (1 + SNR𝑝,𝑝 ) .

(28)

The PUs’ achievable data rate with interference (𝐷𝑝,1 )
from SU due to miss-detection can be calculated as
𝐷𝑝,1 = log2 (1 +

SNR𝑝,𝑝
1 + SNR𝑝,𝑠

).

(29)

5.2. PUs’ Average Throughput When Secondary Is in HalfDuplex or Full-Duplex Transmit-Sense-Reception Modes. The
PUs’ average throughput can be calculated by modeling the
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Figure 6: Illustration of PU’s average throughput when SU uses FDs
scheme.
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Figure 4: Two possible conditions in FDs scenario.
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(32)

Dp,0

Finally, the PUs’ average throughput for HD (𝜏𝑝,HD ) and
FDr (𝜏𝑝,FDr ) cases can be formulated as

Secondary user
Half-duplex Ts Tt

𝑏𝑇𝑝

𝜏𝑝,HD = 𝜏𝑝,FDr = ∑𝑃 [𝑆𝑗,𝑝 ] 𝐶𝑗,𝑝 .

Tp

(33)

𝑗=0

Full-duplex Ts Tt
receive-sense
ＩＨ

Figure 5: Illustration of PU’s average throughput when SU uses HD
or FDr schemes.

on state event as a time-slotted frame of size 𝑇𝑝 , as shown
in Figure 5. The average number of slots (𝑏𝑇𝑝 ) is defined
as ratio of the primary user on sate (𝜌on ) to sensing period
(𝑇𝑝 ). Furthermore, the event where SUs transmit during the
on state can be modeled as binomial distribution with the
probability of occurrence given by 1 − 𝑃𝑑 . 𝑃[𝑆𝑗,𝑝 ] is defined as
probability that 𝑗 frames of SUs are transmitted during 𝜌on of
PU when SUs use HD or FDr scheme, which can be expressed
as
𝑃 [𝑆𝑗,𝑝 ] = (

𝑏𝑇𝑝
𝑗

𝑗 (𝑏 −𝑗)

) 𝑃𝑑 𝑃𝑑 𝑇𝑝

,

(30)

5.3. PU’s Average Throughput When Secondary User Is in
Full-Duplex Transmit-Sense Mode. In the same fashion as
in Section 5.2, PUs’ average throughput when SUs use FDs
scheme can be calculated as shown in Figure 6. Instead of
dividing by 𝑇𝑝 , 𝜌on is divided by 𝑇𝑠 to estimate the number
of slots, 𝑏𝑇𝑠 . 𝑃[𝑆𝑙,𝑝FDs ] is defined as probability that 𝑙 frames
of SUs are transmitted during 𝜌on of PU when SUs use FDs
scheme, which can be expressed as
𝑏𝑇
𝑙 (𝑏 −𝑙)
𝑃 [𝑆𝑙,𝑝FDs ] = ( 𝑠 ) 𝑃𝑑 𝑃𝑑 𝑇𝑠 ,
𝑙
where
𝑏𝑇𝑠 = [

𝑏𝑇𝑝

𝐶𝑙,𝑝FDs = (𝑙 ⋅ 𝐷𝑝,1 ⋅
+ (𝐷𝑝,0 ⋅

(31)

and [⋅] is rounded to nearest integer number operator. The
average data rate (𝐶𝑗,𝑝 ) when 𝑗 frames of SUs are transmitted
during 𝜌on of PU can be calculated as
𝐶𝑗,𝑝 = (𝑗 ⋅ 𝐷𝑝,1 ⋅

𝑇𝑝
𝜌on
⋅
)
𝜌off + 𝜌on 𝜌on

𝜌on
].
𝑇𝑠

(35)

The average data rate (𝐶𝑙,𝑝FDs ) when 𝑙 frames of SU are
transmitted during 𝜌on of PU can be calculated as

where
𝜌
= [ on ] ,
𝑇𝑝

(34)

=

𝜌on
𝑇
⋅ 𝑠)
𝜌off + 𝜌on 𝜌on
𝜌on
𝜌 − 𝑙𝑇𝑠
⋅ on
)
𝜌off + 𝜌on
𝜌on

𝜌on 𝐷𝑝,0 − 𝑙𝑇𝑠 (𝐷𝑝,0 − 𝐷𝑝,1 )
𝜌off + 𝜌on

(36)

.

The PU’s average throughput when SUs use FDs scheme
(𝜏𝑝,FDs ) can be calculated as
𝑏𝑇𝑠

𝜏𝑝,FDs = ∑𝑃 [𝑆𝑙,𝑝FDs ] 𝐶𝑙,𝑝FDs .
𝑙=0

(37)
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Table 1: Proposed MAC simulation parameters.
Value

Description

32 ms

𝜅
𝑊
𝜀th /𝜎2
SNR𝑠,𝑠
SNR𝑠,𝑝

Sensing period

0.99
11 [28]
1.03 [5]
10 dB [5]
−10 dB [5]

SNR𝑝,𝑝

10 dB

SNR𝑝,𝑠

−10 dB
100 kHz
[5]
640 ms
160 ms

𝜔𝑠
𝜌off
𝜌on

Self-interference mitigation coefficient
Number of primary user’s channels
Received signal power-to-noise ratio threshold
Average signal-to-noise ratio received by secondary user from secondary signal
Average signal-to-noise ratio received by secondary user from primary signal
Average signal-to-noise ratio received by primary user from primary signal
Average signal-to-noise ratio received by primary user from secondary signal
Sampling rate
Average length of off state for primary user
Average length of on state for primary user

6. Analysis for Physical Layer Method and
Numerical Results

5

Based on the above derived average throughputs for both
secondary and primary users per channel, the generalised
average throughput for multichannel case can be formulated
by inserting (14), (19), and (25) into (5), respectively, for
secondary users. As discussed in Section 2, for the primary
users, the average throughput for multichannel case is equal
to the ones for single channel case, which are given by (31)
and (35). Then, the optimization problems which aim to
maximize the secondary users average throughput can be
expressed as
max

𝑚,V,𝑇𝑠

s.t.

(V)
𝜏𝑠,scheme
=

𝐿 ⋅ 𝜏𝑠,scheme
,
𝑊
(38)

(V)
≥ 𝑅𝑝,scheme
𝜏𝑝,scheme

SNR𝑥,𝑦 ≤ SNR𝑥,𝑦 ,

∀𝑥, 𝑦,

where 𝑚(≤𝑀) is number of active secondary users, 𝑅𝑝,scheme
is primary user’s minimum rate constraint, and SNR𝑥,𝑦 is
the SNR upper limit for (𝑥, 𝑦) link. In order to obtain the
optimal solution of problem (36), we can implement the
first-order derivation of the objective function with respect
to either 𝑚, V, or 𝑇𝑠 and then set the derived equation to
zero if there is unique root. Alternatively, numerical results
can be implemented to help to find the optimal solution. In
the following subsections, numerical results are provided for
both primary and secondary users, and the parameters used
in the numerical results are shown in Table 1, which are in line
with those in [5] for fair comparison.
6.1. Secondary Users’ Average Throughput. In Figure 7, SUs’
average throughput is presented versus number of cooperating SUs (𝑀) for different schemes and 𝜅 values. It shows
that FDr scheme achieves higher average throughput for
SUs compared to FDs and HD. This is due to the longer
transmitting time (𝑇𝑡 ) in FDr compared to the other schemes.

Secondary user’s average throughput (bits/sec/Hz)

Parameter
𝑇𝑝

4.5
4
3.5
3
2.5
2
1.5

0

5
10
15
Number of cooperative secondary users M
HD
FDs, k = 1
FDs, k = 0.99

FDs, k = 0.95
FDr, k = 1
FDr, k = 0.99

20

FDr, k = 0.95

Figure 7: SU’s average throughput versus 𝑀 for different schemes
and different value of 𝜅.

The SU’s average throughput of different schemes monotonically increases with the number of cooperating SUs, 𝑀.
As expected, it shows that cooperative sensing offers better
performance compared to the noncooperative case (𝑀 =
1). This figure also demonstrates the effect of 𝜅 on the SUs’
average throughput for FDr and FDs schemes, noting that in
HD scheme SI is zero (𝜅 = 1). By decreasing 𝜅, the average
throughput for both FDs and FDr deteriorates slightly.
6.2. Primary Users’ Average Throughput. Figure 8 shows the
average throughput of PU versus the number of SUs (𝑀) for
different schemes and 𝜅 values. Although for the SUs’ average
throughput, FDr outperforms FDs and HD, for the PUs’ average throughput FDr gives the worse performance, especially
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9
4
Secondary user’s average throughput (bits/sec/Hz)

Primary user’s average throughput (bits/sec/Hz)

0.7
0.65
0.6
0.55
0.5
0.45
0.4
0.35

0

5
10
15
Number of cooperative secondary users M

HD

FDs, k = 0.95

FDr, k = 0.95

FDs, k = 1

FDr, k = 1

No SU activity

FDs, k = 0.99

FDr, k = 0.99

99% guarantee

20

90% guarantee

3.5
3
2.5
2
1.5
1
0.5
0

1

2

3
4
5
6
7
8
9
Number of cooperative secondary users M

HD, V = 3
HD, V = 2
HD, V = 1

FDs, V = 3
FDs, V = 2
FDs, V = 1

10

FDr, V = 3
FDr, V = 2
FDr, V = 1

Figure 8: PU’s average throughput versus 𝑀 for different schemes
and 𝜅.

Figure 9: SU’s average throughput versus 𝑀 for different schemes
and values for 𝑉 and with 𝜅 = 0.99, 𝑊 = 11, 𝑇so = 1 ms, and 𝛽 = 0.2.

for lower 𝑀. Indeed, it shows an average throughput trade-off
between SUs and PUs. FDs gives similar average throughput
performance as no SUs active case even the number of
cooperative SUs is equal to one. This is because secondary
users incorporate continuous sensing, and cooperation in
this case does not provide much performance improvement
for primary users. Furthermore, it can reduce transmitting
time of the SU, 𝑇𝑡 during on state. As a result, PUs can
transmit in the absence of SUs for most of the time during
the on state.
According to this figure, the average throughput of PU
increases with 𝑀 especially when SUs employ FDr or HD
schemes. It shows that the use of cooperative sensing outperforms noncooperative sensing from both PU and SU points
of view. The graphs also reveal that 𝜅 plays an important
role in PU’s performance. In FDr case, a significant gain in
PU’s average throughput is achieved for higher values of 𝜅.
The reason is that the higher 𝜅 would increase the 𝑃𝑑 , which
is in turn closely related to the average throughput of the
PUs. When 𝑃𝑑 increases, the average throughput of PUs will
increase. As seen from the figure, the PUs’ average throughput
for HD case is the same as for FDr when 𝜅 is equal to one.

still outperforms HD and FDs schemes for the multichannel
sensing case. When 𝑀 increases, average throughput will
also increase. By increasing 𝑀, the false alarm probability
will be reduced, while the number of sensed idle channels
will increase. This is consistent with our previous results
(Figure 7). It is worthwhile to note that, for multichannel
sensing case, the sensing time 𝑇𝑠 increases as the number
of multichannels increase. In this case, with a fixed 𝑇𝑝 , the
detection probability 𝑃𝑑 will increase and 𝑏𝑇𝑠 in (33) will
decrease, so that the primary users’ average throughput will
be affected.

6.3. Multi-Channel Sensing Results. In Figure 9, SUs’ average
throughput in multichannel sensing case is presented versus
number of cooperating SUs (𝑀) for different schemes, with
𝜅 = 0.99, 𝑊 = 11, 𝑇so = 1 ms, and 𝛽 = 0.2. What
is shown here is that an increasing number of channels, 𝑉,
sensed by SUs will increase the average throughput. This is
due to the fact that increasing 𝑉 will increase the sensing
time 𝑇𝑠 , so that the probability that SUs detect idle channels
is increased as well. In addition, according to this figure, FDr

7. Proposed MAC Protocol Design
7.1. Deployment Architecture. Our MAC design is based on
a limited infrastructure support architecture in cognitive
vehicular networks [27]. Road side units (RSU), as defined
in IEEE 802.11p standard, are placed on the road. These play
the role of coordinator nodes in the cooperative cognitive
radio network, taking care of spectrum selection and access.
On the other hand, vehicular nodes act as secondary users
(SUs). Figure 10 illustrates the network architecture for our
proposed MAC.
7.2. Proposed MAC Framework. Our MAC framework is
developed based on a slotted time MAC structure illustrated
in Figure 11. There is one control channel (CCC) and 𝑊 primary licensed channels, within 𝑇𝑝 time duration. Moreover,
the proposed MAC protocol is divided into four phases.
The first phase is sensing phase (SP). Each SU which
has packets to send senses 𝑉 channels from 𝑊 licensed
channels during this phase. Energy detection technique is

10

Wireless Communications and Mobile Computing
is decided by the coordinator based on 𝑀𝑐 values.
𝑀th is defined as a threshold which allows each SU
to use FDr mode based on PU’s performance guarantee. Coordinator selects FDs transmission mode
by default. However, If 𝑀𝑐 > 𝑀th and both the
coordinator and the SU have packets to send, then
FDr can be selected.
(3) Synchronization information for all SUs in the cooperative network.
The last phase is data transmission phase (DTP). If an
SU uses FDr mode, then data and acknowledgement can
be transmitted in both uplink and downlink directions. FDs
mode allows SU to send data in uplink or downlink direction
and sense at the same time. During the DTP phase, if the
SU detects primary user activity, it will stop transmitting the
current data or acknowledgement.
Road side unit (RSU)/coordinator of SUs node
Vehicles/SUs node
Cooperation

7.3. Proposed MAC Protocol Average Throughput. In this
section, the proposed MAC is evaluated using average
throughput as performance metric.

Figure 10: MAC deployment topology.

used to detect PU’s activity. Furthermore, SUs listen to CCC
for broadcast information.
The second phase is reporting and contending phase
(RCP). In this phase, the SU informs the coordinator about
the sensing result and its intention to use licensed channels.
The CCC frame is split into 𝑀𝑥 minislots. Each SU selects one
minislot based on the broadcast information received during
the SP phase.
The third phase is the broadcast phase (BP). After receiving the sensing result information, the coordinator performs
spectrum decision, access and SU management. Spectrum
decision is performed by selecting idle channels based on
overall energy statistic calculation as in [5]. Furthermore, 𝐿
identified available licensed channels are allocated among 𝑀𝑐
SUs. If 𝐿 < 𝑀𝑐 , only the first of 𝐿 SUs can use one channel
per user. The remaining SUs will be allocated in the next time
slot. If 𝐿 > 𝑀𝑐 , then each SU may be eligible for ⌊𝐿/𝑀𝑐 ⌋
channels. ⌊⋅⌋ is rounded down to nearest integer operator.
In relation to management of SUs, the coordinator removes
inactive SUs and adds new SUs into its list of 𝑀𝑐 SUs. In
addition, broadcast is also used for acknowledging arrival of
new SUs.
Broadcast messages contain the following information:
(1) Number of current SUs in the cooperative network
(𝑀𝑐 ): this information is required for the new SU to
join the cooperative network. The new SU selects a
random minislot number from 𝑀𝑐 + 1 to 𝑀𝑥 .
(2) Available licensed channels for specific SUs: transmission mode, FDr or FDs, according to Figure 11

7.3.1. Proposed MAC’s Average Throughput Using Full-Duplex
Transmit-Sense-Reception Mode. Average throughput can be
calculated using the same method as in Section 4.3. However, average throughput calculation in the proposed MAC
requires preparation time (𝑇pr ), which consists of sensing
time (𝑇𝑠 ), reporting time (𝑇𝑟 ), and broadcasting time (𝑇𝑏 ).
Figure 12 shows the frame structure of the proposed MAC.
𝑇pr,FDr = 𝑇𝑠 + 𝑇𝑟 + 𝑇𝑏 = 𝑉 ⋅ 𝑇so + 𝑀𝑥 ⋅ 𝑇ro + 𝑇𝑏 .

(39)

The average throughput for the proposed MAC (𝜏𝑠,MFDr ) can
be calculated as
(𝑉,𝑀 )

𝑥
𝜏𝑠,MFDr
=

𝐿 ⋅ ∑11
𝑖=00 𝑃 [𝑆𝑖,FDr ] 𝐶𝑖,MFDr
,
𝑊

where
𝐶00,MFDr = 2𝑃𝑓

𝑇𝑝 − 𝑇pr,FDr
𝑇𝑝

𝐷𝑠,0

𝐶01,MFDr
=

2
𝑇𝑝 (1 − 𝑒−𝑇𝑝 /𝜌off )
−

𝐷𝑠,0 𝑃𝑓

2𝐷𝑠,1 𝑃𝑑 (𝜌off − (𝑇𝑝 + 𝜌off ) 𝑒−𝑇𝑝 /𝜌off )
𝑇𝑝 (1 − 𝑒−𝑇𝑝 /𝜌off )

(40)
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Figure 11: Proposed MAC framework.

+

2
(𝑃 𝐷 𝑇 − 𝑃𝑓 𝐷𝑠,0 𝑇pr,FDr )
𝑇𝑝 𝑑 𝑠,1 𝑝

Following the same method as in Section 4.4, the average
throughput for the proposed MAC can be calculated as

𝐶10,MFDr
−𝑇𝑝 /𝜌on

2 𝐷𝑠,1 𝑃𝑑 − 𝐷𝑠,0 𝑃𝑓 (𝜌on − (𝑇𝑝 + 𝜌on ) 𝑒
=
𝑇𝑝
1 − 𝑒−𝑇𝑝 /𝜌on
+

(𝑉,𝑀 )

𝑥
=
𝜏𝑠,MFDs

)

𝐶11,MFDr = 2𝑃𝑑

𝑇𝑝

𝐶00,MFDs =

𝐷𝑠,1 .
(41)

𝐶𝑖,MFDr is the achievable throughput of the proposed
MAC for 𝑆𝑖,FDr event in the FDr scheme.
7.3.2. Proposed MAC’s Average Throughput Using the FullDuplex Transmit-Sense Mode. In FDs scheme, 𝑇pr only consists of reporting (𝑇𝑠 ) and broadcasting time (𝑇𝑏 ), because
sensing time (𝑇𝑠 ) is in parallel with transmission time (𝑇𝑡 ).
𝑇pr,FDs = 𝑇𝑟 + 𝑇𝑏 = 𝑀𝑥 ⋅ 𝑇ro + 𝑇𝑏 .

(43)

where 𝐶𝑖,MFDs is the achievable throughput of our proposed
MAC for 𝑆𝑖,FDs event for FDs scheme

2
(𝑃 𝐷 𝑇 − 𝑃𝑑 𝐷𝑠,1 𝑇pr,FDr )
𝑇𝑝 𝑓 𝑠,0 𝑝
𝑇𝑝 − 𝑇pr,FDr

𝐿 ⋅ ∑11
𝑖=00 𝑃 [𝑆𝑖,FDs ] 𝐶𝑖,MFDs
,
𝑊

(42)

𝐶11,MFDs =

𝑃𝑓 𝐷𝑠,0 (𝑇𝑝 − 𝑇pr,FDs )
𝑇𝑝
𝑃𝑑 𝐷𝑠,1 (𝑇𝑝 − 𝑇pr,FDs )
𝑇𝑝

,
(44)
.

7.4. Proposed MAC Protocol Numerical Results and Analysis.
Tables 1 and 2 summarize the parameters for evaluation of our
proposed MAC protocol. In order to perform an evaluation
based on the realistic scenario (i.e., utilizing TV white space
channels), the number of primary channels (𝑊) is established
based on system B TV channels in Western Europe and many
other countries in Africa, Asia, and the Pacific [28]. It is
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Figure 12: Proposed MAC frame structure.

2.5

Parameter
𝑇𝑝
𝑇so
𝑇ro
𝑇𝑏

Value
32 ms
1 ms
0.5 ms
2 ms

Description
Sensing period
Sensing time of each channel
Reporting time for one minislot
Broadcasting time

assumed the cooperative networks are saturated when the
number of cooperative users (𝑀) is equal to the maximum
number of minislot (𝑀𝑥 ).
Figure 13 demonstrates average throughput of the proposed MAC for various number of channels sensed by SU (𝑉)
and different number of minislots (𝑀𝑥 ). It shows FDr scheme
has a higher average throughput compared to FDs scheme. In
both schemes, increasing 𝑀𝑥 improves average throughput
until the optimum value of 𝑀𝑥 . It deteriorates slightly after
reaching the optimum value. Here, 𝑀𝑥 can be linked with
the number of cooperative users which have been activated.
Specifically, 𝑀𝑥 increases throughput by improving the number of SUs (𝑀) that perform cooperative spectrum sensing.
Furthermore, cooperative spectrum sensing improves the
average throughput. At the same time, minislots consume

Proposed MAC’s average throughput (bits/sec/Hz)

Table 2: Proposed MAC simulation parameters.

2

1.5

1

0.5

0

0

5

10
15
Number of minislots, Mx

FDs, V = 5

FDs, V = 2

FDr, V = 4

FDs, V = 4

FDs, V = 1

FDr, V = 3

FDs, V = 3

FDr, V = 5

FDr, V = 2

20

FDr, V = 1

Figure 13: Proposed MAC’s average throughput versus 𝑀𝑥 for
different schemes and value for 𝑉.
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allocated time in a framework which cannot be used for
data transmission. As a result, increasing 𝑀𝑥 shortens the
transmission time in one frame. In general, when throughput
gain from cooperative spectrum sensing cannot compensate
for throughput loss due to allocated minislot in a frame, it
reduces the average throughput.
The number of sensed channels (𝑉) has a different
effect for FDr and FDs schemes. In FDs scheme, increasing
the value of 𝑉 slightly improves the average throughput.
This is due to the fact that increasing 𝑉 will increase the
probability that SUs detect idle channels. Different from FDs
scheme which only has throughput gain, in FDr scheme,
there is throughput loss due to sensing time. Sensing time
is considered as nontransmitting time, which reduces data
transmission time. As a result, an increment of 𝑉 will
decrease slightly the average throughput. When throughput
gain cannot compensate for throughput loss, increasing 𝑉
deteriorates the average throughput.
Based on the numerical results, the optimum values for
𝑉 and 𝑀𝑥 are shown to be 3 and 11, respectively. It produces
the maximum average throughput of 2.3436 bits/sec/Hz
when operating in FDr mode and 1.3387 bits/sec/Hz in
FDs mode. In other words, the stated parameter values can
be implemented for optimum proposed MAC protocol in
the cooperative cognitive network, while utilizing system B
TV channels. It is worthwhile to note that our proposed
cooperative full-duplex spectrum sensing technique needs to
set up a coordinator to allocate the spectrum resource to the
SUs. Such scheme is quite different with the distributed user
contention based resource allocation (e.g., see [9]). In this
case, fair comparison between these schemes is difficult to
obtain. In addition, like the work in [9], the author proposed
the frame fragmentation during the data transmission phase
in order to protect the PUs. Such design makes the data
transmission model quite different from ours. On the other
hand, we compare our proposed full-duplex scenarios with
the conventional half-duplex scheme in order to show the
performance improvement.

8. Conclusion
Performance trade-offs for FDr, FDs, and HD schemes are
found by analyzing the average throughput of both PUs and
SUs under multichannel spectrum sharing and considering
the effect of residual self-interference. The FDr scheme can
offer similar achievable PU throughput as in FDs by incorporating a sufficient number of cooperating SUs for full-duplex
cooperative sensing. In addition, it is shown that the result
is consistent for different primary channel utilization and
parameters setup. Furthermore, the proposed MAC protocol
based on numerical results is designed and evaluated. The
optimum parameter sets for proposed MAC are found to be
implemented in particular cognitive networks in the future
(e.g., the cognitive vehicular network by utilizing system B
TV channels).
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Cooperative energy detection (CED) is a key technique to identify the spectrum holes in cognitive radio networks. Previous study
on this technique mainly aims at improving the detection accuracy, while paying little attention to the performance of detection
time. This paper concentrates on the issue of fast CED, which is achieved by minimizing its detection time subject to the constraints
on detection accuracy. Firstly, the prevalent counting rule based CED algorithm is optimized. Taking the special cases of counting
rule (AND rule and OR rule), for example, we show that detection time can be minimized by selecting an optimal number of
secondary users. Moreover, we prove that OR rule is superior to AND rule in detection time, and thus OR rule based CED is faster
than AND rule based CED. Then, a sequential test (ST) based CED algorithm is proposed to exploit the benefit of ST and detect
primary user even faster. After analyzing its detection time, we illustrate that ST based CED is able to spend the minimal detection
time in satisfying the accuracy constraints by choosing an optimal sample number. Simulation results are provided to verify the
effectiveness of both fast algorithms discussed in this paper.

1. Introduction
The significant achievement in wireless technologies has
inspired masses of wireless services, which not only facilitate
human life but also bring about considerable requirements on
spectrum resource, causing the so-called “spectrum scarcity”
problem. Cognitive radio (CR) is one of the promising
techniques to alleviate this problem by allowing secondary
users (SUs) to recycle the “spectrum holes” on the spectrum
band that has been licensed to primary user (PU) for exclusive
use. In order to identify the spectrum holes, SUs should detect
whether PU is using the licensed band [1].
Several classical methods, such as energy detection,
match filter detection, and cyclostationary feature detection,
have been proposed for PU detection [2]. Among them,
energy detection is preferable because of its simplicity, low
computational complexity, and small amount of requirement on prior information about PU’s signal. However, this
method works badly when the signal-to-noise ratio (SNR) is
low [3]. To combat the performance degradation at low SNR

region, literatures [4, 5] suggest multiple SUs in a CR network
cooperate and introduce the cooperative energy detection
(CED). CED is usually implemented according to two successive stages: firstly in the sensing stage, each SU individually
performs energy detection and outputs its sensing result;
then in the fusing stage, a fusion center (FC) collects and
fuses multiple SUs’ sensing results to make a final decision.
The sensing results can be either raw information SUs have
observed [6–8] or local decisions SUs have made based
on the observations [9, 10], leading to CED with soft and
hard combination [11], respectively. Since the latter consumes
less dedicated reporting channel resource, it increasingly
becomes the dominant choice [6, 10, 12].
Previous research on CED mainly concentrates on
designing proper cooperation mechanism to achieve better
detection accuracy. However, accuracy is not the only performance metric. Once PU stops using licensed band, SUs
ought to immediately reuse it to increase the throughput;
once PU begins occupying the band, SUs should vacate it
as soon as possible to avoid causing interference [13, 14].
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are collected, and the time of collecting each SU’s local
decision is 𝑅 times of 𝑇. Since combination delay is also
insignificant, the time required by fusion stage is given by
𝑇𝑓 = 𝑚𝑅𝑇. Consequently, the detection time of CED can be
modeled as [16]

SU1
SU2
...
SUj
..
.

Local decisions

PU

Received signals

Primary signal

FC

Final
decision

SUm
Sensing
stage

Fusion
stage

Figure 1: Cooperative primary user detection in CR network.

In other words, the capability of detecting PU speedily is
also of vital importance. Unfortunately, there is a trade-off
between detection speed and detection accuracy, and the
improvement in the former usually leads to the degradation
in the latter [13, 15].
Although CED is a popular method that has attracted
great attention, its detection accuracy and detection speed
are usually discussed separately. This paper jointly considers
these two performance metrics based on some well-proved
tools in CED and achieves fast CED via minimizing the detection time subject to the detection accuracy constraints. Fast
counting rule based CED algorithm is discussed. Sequential
test (ST) is applied to complete PU detection even faster. The
remainder of this paper is organized as follows. Section 2
describes the CED scenario and the detection time model.
Section 3 investigates the problem of minimizing detection
time for counting rule based CED algorithm. Section 4
introduces the ST based CED algorithm and maximizes its
detection speed. Simulation results are provided in Section 5.
Section 6 concludes this paper.

2. Scenario Description and
Detection Time Model
A CR network composed by one FC and 𝑚 SUs is considered
in this paper. SUs implement CED with hard combination to
cooperatively detect PU with the help of FC. Detailedly, the
whole detection procedure comprises two stages, namely, the
sensing stage and the fusion stage, as shown in Figure 1.
In the sensing stage, each SU measures the energy of its
received signal, based on which a local decision is made.
Assume 𝑛 samples are used to calculate energy, and the
sampling interval is 𝑇. Note that calculation delay is usually
negligible due to powerful computational hardware, so the
time required by sensing stage can be expressed as 𝑇𝑠 =
𝑛𝑇. Then in the fusion stage, FC collects multiple SUs’ local
decisions through a dedicated control channel [6, 10, 12]
and combines them to make the final decision. In order to
avoid consuming too much spectrum resource, multiple SUs
usually access the control channel in time division multiple
access mode, and their local decisions need to be collected
one by one not in parallel. Assume all 𝑚 SUs’ local decisions

𝑇𝑑 = 𝑇𝑠 + 𝑇𝑓 = 𝑛𝑇 + 𝑚𝑅𝑇.

(1)

This paper focuses on the detection time illustrated above
and aims at minimizing it under the constraints of detection
accuracy to achieve fast CED. The accuracy of final decision
is usually evaluated in terms of global false alarm probability
𝑄𝑓 and global missed detection probability 𝑄𝑚 ; thus the
optimization problem can be depicted as
min

w.r.t. 𝑚 or 𝑛

s.t.

𝑇𝑑 = 𝑛𝑇 + 𝑚𝑅𝑇,
𝑄𝑓 = 𝛼,

(2)

𝑄𝑚 = 𝛽,
where 𝛼 and 𝛽 represent the desired false alarm and missed
probabilities, respectively.

3. Fast Counting Rule Based CED
As shown in Figure 1, this paper discusses CED with hard
combination. One suboptimal solution to hard combination
is the counting rule (also referred to as the voting rule or
K-out-of-N rule) [4, 11, 12]. This section investigates the fast
counting rule based CED algorithm.
3.1. Algorithm Description. According to counting rule based
CED, each SU conducts energy detection in the sensing stage.
The received energy of the 𝑗th SU is given by
𝑛

2
{
𝑛 (𝑖) ,
∑
{
{
{𝑖=1  𝑗 
V𝑗 = { 𝑛
{
{∑ 𝑠 (𝑖) + 𝑛 (𝑖)2 ,
{
 𝑗

𝑗
{𝑖=1

𝐻0 ,
(3)
𝐻1 ,

where 𝑛𝑗 (𝑖) and 𝑠𝑗 (𝑖) denote the additive noise and the
received signal of the 𝑗th SU at the 𝑖th sample, respectively,
and 𝐻0 and 𝐻1 denote the hypotheses of PU using and not
using the licensed band, respectively.
Comparing V𝑗 with a threshold 𝜆, the 𝑗th SU can make its
local decision 𝐷𝑗 as follows:
V𝑗 < 𝜆 Accept 𝐻0 and 𝐷𝑗 = 0,
V𝑗 ≥ 𝜆 Accept 𝐻1 and 𝐷𝑗 = 1.

(4)

Without loss of generality, assuming that 𝑛𝑗 (𝑘) is white
and Gaussian with zero mean and unit variance and that
the total energy of primary signal within each observation
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block remains constant, V𝑗 approximately follows Gaussian
distribution according to the central limit theorem [6, 13]:
{N (𝑛, 2𝑛) ,
V𝑗 ∼ {
N (𝑛 (1 + 𝛾) , 2𝑛 (1 + 2𝛾)) ,
{

𝐻0 ,
𝐻1 ,

(5)
𝑁𝑗 ≥ 𝑘

where 𝛾 is the received SNR of SU.
Based on (5), the false alarm and missed detection probabilities of SU’s local decision yield to
𝑃𝑓 = 𝑄 (

𝜆−𝑛
),
√2𝑛

𝑃𝑚 = 1 − 𝑄 (

∞

𝜆 − 𝑛 (1 + 𝛾)
√2𝑛 (1 + 2𝛾)

(6)
),

2

where 𝑄(𝑥) = ∫𝑥 (1/√2𝜋)𝑒−(𝑡 /2) 𝑑𝑡 is the 𝑄 function.
In the fusion stage, FC implements counting rule to make
the final decision. More specifically, FC accepts 𝐻1 if and only
if at least 𝑘 (1 ≤ 𝑘 ≤ 𝑚) SUs accept 𝐻1 ; otherwise, it accepts
𝐻0 :
𝑚

∑ 𝐷𝑗 ≥ 𝑘

𝑗=1

Accept 𝐻1 ,
(7)

𝑚

∑ 𝐷𝑗 < 𝑘

𝑗=1

number of SUs accepting 𝐻1 is certainly below 𝑘 even though
the remaining SUs all accept 𝐻1 . Otherwise, FC continues
collecting the next SU’s local decision 𝐷𝑗+1 and calculating
𝑁𝑗+1 :

Accept 𝐻0 .

Stop collecting, accept 𝐻1 ,

𝑁𝑗 ≤ 𝑗 − 𝑚 + 𝑘 − 1

Consequently, in counting rule based CED, how many
SUs’ local decisions will be collected and fused to make the
̂
final decision not fixed. It is a random variable denoted by 𝑚,
̂ ∈ [min{𝑘, 𝑚 − 𝑘 + 1}, 𝑚].
where 𝑚
When FC finally accepts 𝐻1 under the hypothesis 𝐻0 ,
̂ = 𝑙 indicates that the number of SUs accepting 𝐻1 reaches
𝑚
𝑘 after the 𝑙th SU’s local decision of accepting 𝐻1 is taken into
consideration. The corresponding probability is given by
̂ = 𝑙, 𝐻1 | 𝐻0 ) = 𝑃𝑓 ⋅ (
Pr (𝑚

𝑙−1

𝑙−𝑘

) 𝑃𝑓 𝑘−1 (1 − 𝑃𝑓 )
𝑘−1

. (11)

̂=
When FC finally accepts 𝐻0 under the hypothesis 𝐻0 , 𝑚
𝑙 indicates that the number of SUs accepting 𝐻0 reaches 𝑚 −
𝑘 + 1 (namely, 𝑁𝑙 reaches 𝑙 − 𝑚 + 𝑘 − 1) after the 𝑙th SU’s
local decision of accepting 𝐻0 is taken into consideration. Its
probability is
̂ = 𝑙, 𝐻0 | 𝐻0 )
Pr (𝑚
𝑙−1

= (1 − 𝑃𝑓 ) ⋅ (

𝑚
𝑚 𝑗
𝑚−𝑗
,
𝑄𝑓 = ∑ ( ) 𝑃𝑓 ⋅ (1 − 𝑃𝑓 )
𝑗=𝑘 𝑗

Similarly, we obtain

𝑚
𝑗
𝑄𝑚 = ∑ ( ) (1 − 𝑃𝑚 ) ⋅ 𝑃𝑚𝑚−𝑗 .
𝑗
𝑗=0

(10)

Otherwise Continue collecting 𝐷𝑗+1 .

So the global false alarm and missed detection probabilities
of the final decision can be deduced as

𝑘−1

Stop collecting, accept 𝐻0 ,

) (1 − 𝑃𝑓 )
𝑚−𝑘

𝑚−𝑘

𝑃𝑓 𝑙−(𝑚−𝑘+1) .

(12)

̂ = 𝑙, 𝐻1 | 𝐻1 )
Pr (𝑚

(8)

= (1 − 𝑃𝑚 ) ⋅ (

𝑙−1

) (1 − 𝑃𝑚 )
𝑘−1

𝑘−1

𝑃𝑚 𝑙−𝑘 ,
(13)

̂ = 𝑙, 𝐻0 | 𝐻1 )
Pr (𝑚

Note that, in realistic applications, it is unnecessary for FC
to firstly collect all 𝑚 SUs’ local decisions and then count how
many of them accept 𝐻1 . Once the 𝑗th (min{𝑘, 𝑚 − 𝑘 + 1} ≤
𝑗 ≤ 𝑚) SU’s decision has been collected, we may count the
number of SUs accepting 𝐻1 in {𝐷1 , 𝐷2 , . . . , 𝐷𝑗 }:

= 𝑃𝑚 ⋅ (

𝑙−1

𝑙−(𝑚−𝑘+1)

) 𝑃𝑚 𝑚−𝑘 (1 − 𝑃𝑚 )
𝑚−𝑘

.

̂ can be expressed as
Therefore, the mean of 𝑚
𝑗

𝑁𝑗 = ∑ 𝐷𝑞 = 𝑁𝑗−1 + 𝐷𝑗 ,

(9)

𝑞=1

where 𝑁0 ≜ 0.
If 𝑁𝑗 is equal to or greater than 𝑘, FC could stop collecting
more local decisions and make the final decision of accepting
𝐻1 directly. If 𝑁𝑗 is equal to or smaller than 𝑗 − 𝑚 + 𝑘 + 1,
FC could also stop collecting and accept 𝐻0 because the

̂
𝐸 {𝑚}
̂ = 𝑙, 𝐻0 | 𝐻0 ) + Pr (𝑚
̂ = 𝑙, 𝐻1 | 𝐻0 )]
= 𝑃0 [Pr (𝑚

(14)

̂ = 𝑙, 𝐻0 | 𝐻1 ) + Pr (𝑚
̂ = 𝑙, 𝐻1 | 𝐻1 )] ,
+ 𝑃1 [Pr (𝑚
where 𝑃0 and 𝑃1 are the prior probabilities of 𝐻0 and 𝐻1 ,
respectively.
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̂𝑑 = 𝑛𝑇 + 𝑚𝑅𝑇
̂ is a random variable, 𝑇
̂
Since 𝑚
is also
a random variable. As a result, the optimization problem
described in (2) should be rewritten as
min

w.r.t. 𝑚 or 𝑛

s.t.

̂𝑑 } = 𝑛𝑇 + 𝐸 {𝑚}
̂ 𝑅𝑇
𝐸 {𝑇
𝑄𝑓 = 𝛼,

(15)

𝑄𝑚 = 𝛽.
In the rest of this paper, we will discuss (15) instead of (2).
3.2. 𝑘 = 𝑚 (AND Rule). Considering the counting rule with
parameter 𝑘 (1 ≤ 𝑘 ≤ 𝑚), this subsection deals with a special
case of 𝑘 = 𝑚 for simplicity. In this case, FC accepts 𝐻1 if and
only if all SUs accept 𝐻1 , and the counting rule turns to be the
“AND rule” [2].
Substituting 𝑘 = 𝑚 into (8), the constraints on detection
accuracy can be reexpressed as
𝑄𝑓 = 𝑃𝑓 𝑚 = 𝛼,
𝑚

𝑄𝑚 = 1 − (1 − 𝑃𝑚 ) = 𝛽.

2
2
𝑚
𝑚
[𝑄−1 ( √
1 − 𝛽)] ,
𝛼) − √1 + 2𝛾𝑄−1 ( √
2
𝛾

𝜆=

2
2
𝑚
{(1 + 𝛾) [𝑄−1 ( √
𝛼)]
𝛾2

𝑚
𝑚
− (2 + 𝛾) √1 + 2𝛾𝑄−1 ( √
𝛼) 𝑄−1 ( √
1 − 𝛽)

(17)

(18)

2

2
2𝑇 −1 𝑚
𝑚
[𝑄 ( √𝛼) − √1 + 2𝛾𝑄−1 ( √
1 − 𝛽)]
2
𝛾

𝛽
1−𝛼
+ 𝑃1
).
+ 𝑅𝑇 (𝑃0
𝑚
𝑚
1 − √𝛼
1 − √1 − 𝛽

(21)

1−𝛽
𝛼
̂ = 𝑃0
+ 𝑃1
.
𝐸 {𝑚}
𝑚
𝑚
1 − √𝛽
1 − √1 − 𝛼
Using the equations above, the sample number 𝑛, the
̂𝑑 } of OR rule
threshold 𝜆, and the average detection time 𝐸{𝑇
based CED are given by
𝑛=

2
2
𝑚
𝑚
[−𝑄−1 ( √1 − 𝛼) + √1 + 2𝛾𝑄−1 ( √
𝛽)] ,
2
𝛾

𝜆=

2
2
𝑚
{(1 + 𝛾) [𝑄−1 ( √1 − 𝛼)]
𝛾2

(20)

Note that both 𝛼 and 𝛽 are usually small, and thus the
̂𝑑 } decreases as 𝑚 increases, while its right part
left part of 𝐸{𝑇
increases as 𝑚 increases. Intuitively, neither too many nor too
few SUs should be used. There exists an optimal number of
SUs with which the average detection time can be minimized.

(22)

(23)

2

𝑚
𝛽)] } ,
+ (1 + 2𝛾) [𝑄−1 ( √
𝑚
̂𝑑 } = 2𝑇 [−𝑄−1 ( √
𝐸 {𝑇
1 − 𝛼)
𝛾2

2

(19)

Finally, the mean of detection time for AND rule based CED
is given by
̂𝑑 } =
𝐸 {𝑇

𝑄𝑚 = 𝑃𝑚 𝑚 = 𝛽,

𝑚

It should be pointed out that, given a number of SUs 𝑚,
accuracy constraints can be satisfied if the sample number 𝑛
and the threshold 𝜆 are chosen according to (17) and (18).
̂ yields
Substituting 𝑘 = 𝑚 and (16) into (14), the mean of 𝑚
to
𝛽
1−𝛼
+ 𝑃1
.
𝑚
𝑚
1 − √𝛼
1 − √1 − 𝛽

𝑚

𝑄𝑓 = 1 − (1 − 𝑃𝑓 ) = 𝛼,

𝑚
− (2 + 𝛾) √1 + 2𝛾𝑄−1 ( √1 − 𝛼) 𝑄−1 ( √
𝛽)

𝑚
1 − 𝛽)] } .
+ (1 + 2𝛾) [𝑄−1 ( √

̂ = 𝑃0
𝐸 {𝑚}

3.3. 𝑘 = 1 (OR Rule). Besides 𝑘 = 𝑚, another special case for
the counting rule with parameter 𝑘 (1 ≤ 𝑘 ≤ 𝑚) is 𝑘 = 1; that
is, FC accepts 𝐻1 if any one of 𝑚 SUs accepts 𝐻1 , resulting in
the so-called “OR rule” [2].
Substituting 𝑘 = 1 into (8) and (14), we obtain

(16)

In addition, using the results of (6) to deduce 𝑛 and 𝜆, we get
𝑛=

Since 𝑚 is a natural number, its optimal value 𝑚opt can
be easily obtained via numerical search according to (20).
Substituting 𝑚opt into (17) and (18), the optimal values for
the sample number and the threshold, namely, 𝑛opt and 𝜆 opt ,
can be derived as well. In practical scenarios, if implementing
AND rule based CED according to the parameters 𝑚opt , 𝑛opt ,
and 𝜆 opt , we will not only guarantee the desired detection
accuracy but also minimize the detection time. In other
words, the expected fast PU detection is achieved.

𝑚
+ √1 + 2𝛾𝑄−1 ( √
𝛽)] + 𝑅𝑇 (𝑃0

+ 𝑃1

𝛼
𝑚
1−𝛼
1− √

(24)

1−𝛽
).
𝑚
1 − √𝛽

Similarly, the optimal value for the number of SUs to
̂𝑑 }, namely, 𝑚opt , can be obtained via numerical
minimize 𝐸{𝑇
search according to (24). 𝑛opt and 𝜆 opt can be derived from
(22) and (23), respectively. With these parameters, fast OR
rule based CED will be achieved in terms of minimizing
average detection time subject to desired detection accuracy.
Moreover, in order to compare two special cases of 𝑘 = 𝑚
and 𝑘 = 1, we define the average detection time difference as
̂𝑑 | 𝑘 = 1} − 𝐸 {𝑇
̂𝑑 | 𝑘 = 𝑚} .
Δ𝑇𝑑 = 𝐸 {𝑇

(25)
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Without loss of generality, considering 𝑃0 = 𝑃1 and 𝛼 =
𝛽 < 1/2, it is easy to deduce
Δ𝑇𝐾𝑀 =

2
2
4𝑇
𝑚
𝑚
𝛼)] − [𝑄−1 ( √1 − 𝛼)] } < 0. (26)
{[𝑄−1 ( √
𝛾

Therefore, given the same number of SUs and the same
accuracy constraints, OR rule consumes less detection time
compared with AND rule. In other words, it is faster than
AND rule.

4. Fast ST Based CED
4.1. Algorithm Description. Invented by Wald, ST is superior
in consuming less observations to control both false alarm
and missed detection errors compared with other traditional
test methods [15, 17]. In this section, FC implements ST to
fuse multiple SUs’ local decisions, resulting in the ST based
CED.
The sensing stage of ST based CED is identical with that
of counting rule based CED. In the fusion stage, FC collects
multiple SUs’ local decisions one by one and fuses them to
make the final decision according to ST instead of counting
rule. When the 𝑗th local decision 𝐷𝑗 is obtained, its loglikelihood ratio 𝐿𝐷𝑗 and cumulative log-likelihood ratio 𝑆𝐷𝑗
can be derived as
𝐿𝐷𝑗 = log (

Pr (𝐷𝑗 | 𝐻1 )
Pr (𝐷𝑗 | 𝐻0 )

(27)

𝑞=1

where 𝑆𝐷0 ≜ 0.
Comparing 𝑆𝐷𝑗 with two thresholds 𝜆 𝐿 and 𝜆 𝐻 (𝜆 𝐿 <
𝜆 𝐻), whether making the final decision or continuing collecting the next SU’s local decision is determined as follows:

Accept 𝐻0 ,

𝜆 𝐿 < 𝑆𝐷𝑗 < 𝜆 𝐻

(28)

Continue collecting 𝐷𝑗+1 ,

where both 𝜆 𝐿 and 𝜆 𝐻 depend on the desired detection
accuracy 𝛼 and 𝛽. According to the propositions in [17], these

̂𝑑 } = 𝑛𝑇 +
𝐸 {𝑇

≈

=

(1 − 𝛼) log (𝛽/ (1 − 𝛼)) + 𝛼 log ((1 − 𝛽) /𝛼)
𝐸 {𝐿𝐷𝑗 | 𝐻0 }
(1 − 𝛼) log (𝛽/ (1 − 𝛼)) + 𝛼 log ((1 − 𝛽) /𝛼)
(1 − 𝑃𝑓 ) log (𝑃𝑚 / (1 − 𝑃𝑓 )) + 𝑃𝑓 log ((1 − 𝑃𝑚 ) /𝑃𝑓 )

,

(29)

̂ | 𝐻1 }
𝐸 {𝑚
≈

𝛽 log (𝛽/ (1 − 𝛼)) + (1 − 𝛽) log ((1 − 𝛽) /𝛼)
𝐸 {𝐿𝐷𝑗 | 𝐻1 }
𝛽 log (𝛽/ (1 − 𝛼)) + (1 − 𝛽) log ((1 − 𝛽) /𝛼)
𝑃𝑚 log (𝑃𝑚 / (1 − 𝑃𝑓 )) + (1 − 𝑃𝑚 ) log ((1 − 𝑃𝑚 ) /𝑃𝑓 )

.

Then the average detection time of ST based CED yields
to
̂𝑑 } = 𝑛𝑇 + (𝑃0 𝐸 {𝑚
̂ | 𝐻0 } + 𝑃1 𝐸 {𝑚
̂ | 𝐻1 }) 𝑅𝑇.
𝐸 {𝑇

𝑆𝐷𝑗 = ∑ 𝐿𝐷𝑞 = 𝑆𝐷𝑗−1 + 𝐿𝐷𝑗 ,

𝑆𝐷𝑗 ≤ 𝜆 𝐿

̂ | 𝐻0 }
𝐸 {𝑚

=

𝑗

Accept 𝐻1 ,

4.2. Detection Time Optimization. Inherited from the feature
of ST, ST based CED is able to stop collecting once the
collected local decisions are sufficient enough to guarantee
the desired accuracy. It has two distinctive characteristics: (1)
accuracy requirements are autonomously satisfied via ST as
shown in (28), so there is no need to care about its detection
accuracy any more. (2) How many SUs’ local decisions will
be collected and fused before making the final decision is not
̂ The means
fixed. Similarly, denote this random variable by 𝑚.
̂ under both hypotheses are given by [17]
of 𝑚

)

𝑃
{
{
log ( 𝑚 ) 𝐷𝑗 = 0
{
{
1 − 𝑃𝑓
{
={
{
1 − 𝑃𝑚
{
{
) 𝐷𝑗 = 1,
{log (
𝑃𝑓
{

𝑆𝐷𝑗 ≥ 𝜆 𝐻

thresholds are given by 𝜆 𝐿 = log(𝛽/(1 − 𝛼)), 𝜆 𝐻 = log((1 −
𝛽)/𝛼) (𝛼 < 1/2, 𝛽 < 1/2).

(30)

̂𝑑 } depends on the variables 𝑛, 𝑃𝑓 ,
As shown in (30), 𝐸{𝑇
̂𝑑 } is eventually determined by the
and 𝑃𝑚 . Because of (6), 𝐸{𝑇
parameters 𝑛 and 𝜆. Conducting two-dimensional numerical
search based on (30), a pair of optimal values for 𝑛 and 𝜆
̂𝑑 } and achieve fast ST based
can be obtained to minimize 𝐸{𝑇
CED.
Without loss of generality, we assume 𝛼 = 𝛽 and 𝑃𝑓 = 𝑃𝑚
to balance false alarm or missed detection errors. As a result,
𝜆 can be written as a function of 𝑛:
𝜆=

√1 + 2𝛾 + 1 + 𝛾
𝑛,
√1 + 2𝛾 + 1

(31)

̂𝑑 } solely depends on 𝑛:
and 𝐸{𝑇

(1 − 2𝛼) log ((1 − 𝛼) /𝛼) 𝑅𝑇
.
√
[1 − 2𝑄 ( 2𝑛 ⋅ 𝛾/2 (√1 + 2𝛾 + 1))] log (1/𝑄 (√2𝑛 ⋅ 𝛾/2 (√1 + 2𝛾 + 1)) − 1)

(32)
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Figure 2: Average detection time and detection time difference of counting rule based CED versus SU number for 𝛾 = −5, −7 dB.

̂𝑑 }, namely,
The optimal sample number to minimize 𝐸{𝑇
𝑛opt , can be easily derived from (32), with which the speed of
ST based CED is consequently maximized.

5. Numerical Results
This section provides some simulation results to verify the
theoretical derivations above. Simulation settings are listed
as follows: 𝑇 = 0.046459 us [18], 𝑅 = 1, 𝛼 = 𝛽 = 1%, and
𝑃0 = 𝑃1 .
In order to test the detection accuracy of fast counting
rule based CED, Monte Carlo simulations are conducted with
different numbers of SUs (𝑚 = 10, 50, 100, 150, 200) for
𝛾 = −5 dB. Given a specific 𝑚, if 𝑘 = 𝑚, parameters 𝑛
and 𝜆 are chosen according to (17) and (18), respectively, and
the accuracy results (𝑄𝑓 and 𝑄𝑚 ) are recorded in Table 1. If
𝑘 = 1, parameters 𝑛 and 𝜆 are derived from (22) and (23),
respectively, and the corresponding results are demonstrated
in Table 2. It can be seen from both tables that, no matter
how 𝑚 changes, the global false alarm and missed detection
probabilities always remain constant and practically equal
1%. Therefore, the proposed fast counting rule based CED is
able to meet the accuracy constraints.
Since the accuracy constraints have been satisfied, we
focus on the performance metric of detection time in
Figure 2. Considering 𝑘 = 𝑚 and 𝑘 = 1, Figure 2(a) plots the
average detection time curves of counting rule based CED
versus the number of SUs for 𝛾 = −5, −7 dB. As shown in this
subfigure, all curves are concave regardless of 𝑘 and 𝛾. In other
words, there exists an optimal number of SUs to minimize

Table 1: Detection accuracy of counting rule based CED with 𝑘 = 𝑚
for 𝛾 = −5 dB.
𝑚
10
50
100
150
200

𝑛
261
201
187
180
176

𝜆
253.32
173.63
153.88
144.60
138.81

𝑄𝑓
0.99%
0.95%
1.02%
1.02%
1.02%

𝑄𝑚
0.99%
1.00%
0.95%
1.03%
1.02%

Table 2: Detection accuracy of counting rule based CED with 𝑘 = 1
for 𝛾 = −5 dB.
𝑚
10
50
100
150
200

𝑛
142
66
48
40
36

𝜆
193.68
106.01
84.64
74.65
68.43

𝑄𝑓
0.97%
1.02%
0.98%
1.03%
0.97%

𝑄𝑚
1.00%
0.96%
0.99%
0.97%
0.97%

the average detection time. Implementing numerical search
according to (20) and (24), the theoretical optimal number
of SUs 𝑚opt and the minimal average detection time 𝑇min are
obtained and plotted. Note that each point of (𝑚opt , 𝑇min )
agrees well with the bottom of corresponding detection
time curve. This phenomenon shows the effectiveness of our
method to achieve the highest detection speed. Moreover, to
dig into the special cases of 𝑘 = 𝑚 and 𝑘 = 1, Figure 2(b)
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Table 3: Detection accuracy of ST based CED for 𝛾 = −5 dB.

50

100

𝜆
46.94
56.94 (𝑃𝑓 = 𝑃𝑚 )
66.94
103.88
113.88 (𝑃𝑓 = 𝑃𝑚 )
123.88

𝑄𝑓
0.82%
0.32%
0.56%
0.61%
0.76%
0.35%

𝑄𝑚
0.62%
0.33%
0.90%
0.30%
0.75%
0.61%

10
̂d} (us)
E{T

𝑛

 = −5 dB

15

5

depicts their average detection time difference versus the
number of SUs for 𝛾 = −5, −7 dB. In this subfigure, the Monte
Carlo curves are derived from Monte Carlo simulations, and
the theoretical curves are calculated by (26). As two types of
curves are overlapping and always below 0, the correctness
of (26) is verified. So the average detection time of counting
based CED with 𝑘 = 1 is smaller than that with 𝑘 = 𝑚.
In other words, OR rule based CED is faster than AND rule
based CED.
Aiming to verify the accuracy of fast ST based CED,
we perform Monte Carlo simulations with various sample
numbers (𝑛 = 50, 100) for 𝛾 = −5 dB, and record the
global false alarm as well as missed detection probabilities in
Table 3. Given each 𝑛, three values of the local threshold 𝜆 are
involved: the value calculated by (31) to guarantee 𝑃𝑓 = 𝑃𝑚
(𝜆 = 56.94, 113.88), and the calculated value with ±10 offsets.
As shown in Table 3, both 𝑄𝑓 and 𝑄𝑚 are always smaller than
1%, indicating that the proposed fast ST based CED satisfies
the accuracy constraints well.
Finally, Figure 3 plots the average detection time curves of
counting rule based CED and ST based CED versus the sample number for 𝛾 = −5 dB. In counting rule based CED, both
𝑘 = 𝑚 and 𝑘 = 1 are investigated. As shown in this figure,
the curve of 𝑘 = 1 is fairly lower, and thus the superiority of
OR rule over AND rule is verified again. In ST based CED,
𝑃𝑓 = 𝑃𝑚 is considered, the Monte Carlo curve is obtained
by Monte Carlo simulation, and the theoretical curve is
calculated by (32). Three phenomena should be emphasized
here: (1) Monte Carlo and theoretical curves agree well with
each other, which demonstrates the validity of (32); (2) the
curves of ST based CED are even lower than that of counting
rule based CED with 𝑘 = 1, which shows that ST based CED is
faster; (3) the ST curves are concave, and thereby it is possible
to find an optimal sample number to minimize the average
detection time. Furthermore, we perform numerical search
according to (32) and derive the optimal sample number 𝑛opt
as well as the corresponding minimal detection time 𝑇min .
Note that the point of (𝑛opt , 𝑇min ) is located at the bottom of
Monte Carlo curve. Therefore, by properly selecting a sample
number as suggested, the proposed ST based CED is able to
minimize the average detection time and achieve the highest
detection speed.

6. Conclusion
This paper has jointly considered two performance metrics
of CED and realized fast CED via minimizing the detection
time under the constraints on detection accuracy. Some

0

0

50

100

150

200

250

n
Counting rule based,
k = m (AND)
Counting rule based,
k = 1 (OR)
ST based, Pf = Pm ,
Monte Carlo

ST based, Pf = Pm ,
Theoretical
(nＩＪＮ , TＧＣＨ )

Figure 3: Average detection time of counting rule and ST based
CED versus sample number for 𝛾 = −5 dB.

well-proved tools of CED were employed. The counting rule
based CED algorithm was discussed. Its detection accuracy
and detection time were analyzed. Considering the special
cases of counting rule (AND rule and OR rule), we illustrated
that the minimal detection time could be achieved by appropriately choosing the number of SUs. Moreover, we proved
that, under the same accuracy constraints, OR rule consumed
less detection time and was faster than AND rule. Then, by
replacing counting rule with ST, the ST based CED algorithm
was proposed. This algorithm inherited the benefit of ST and
was able to complete PU detection even faster. Its detection
time was also analyzed. Via minimizing the detection time,
an optimal sample number was deduced, with which ST
based CED could obtain the highest detection speed while
guaranteeing the desired detection accuracy.
It should be pointed out that although this paper merely
illustrates how to combine the detection results of multiple
SUs in CR networks, our approach can be applied to the
multiantenna scenarios, and how to appropriately combine
the outputs of multiple antennas to achieve fast detection is
also worth investigating.
Moreover, since the computational complexity of CED
also depends on the sample number and the number of
SUs, it can be similarly modeled as in (1). Consequently, the
performance of computational complexity is similar to that
of detection time; that is, ST based CED is the best, and AND
rule based CED is the worst.
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