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Abstract 
 

We consider a virtualized cognitive radio (CR) network, where multiple virtual network 

operators (VNOs) who own different virtual cognitive base stations (VCBSs) share the same 
physical CBS (PCBS) which is owned by an infrastructure provider (InP), sharing the 

spectrum with the primary user (PU). The uplink scenario is considered where the secondary 

users (SUs) transmit to the VCBSs. The PU is protected by constraining the interference 
power from the SUs. Such constraint is applied by the InP through pricing the interference. A 

Stackelberg game is formulated to jointly maximize the revenue of the InP and the individual 

utilities of the VNOs, and then the Stackelberg equilibrium is investigated. Specifically, the 
optimal interference price and channel allocation for the VNOs to maximize the revenue of the 

InP and the optimal power allocation for the SUs to maximize the individual utilities of the 

VNOs are derived. In addition, a low‐complexity ±‐optimal solution is also proposed for 

obtaining the interference price and channel allocation for the VNOs. Simulations are 

provided to verify the proposed strategies. It is shown that the proposed strategies are effective 

in resource allocation and the ±‐optimal strategy achieves practically the same performance as 

the optimal strategy can achieve. It is also shown that the InP will not benefit from a large 

interference power limit, and selecting VNOs with higher unit rate utility gain to share the 

resources of the InP is beneficial to both the InP and the VNOs. 
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1. Introduction 

To increase the wireless network resource utilization efficiency, wireless network 

virtualization has been increasingly popular for resource management [1]. The physical 

wireless network operated by the infrastructure providers (InPs) can be shared by multiple 
wireless virtual networks operated by different virtual network operators (VNOs). Since 

wireless network virtualization enables sharing of physical resources such as infrastructure 

and radio spectrum between wireless virtual networks, resource utilization efficiency can be 

improved significantly. Due to diverse resource limitations, wireless channel fadings, and user 
requirements, resource allocation among wireless virtual networks is challenging and has 

received much attention. For example, in [2], an efficient heuristic resource allocation scheme 

was proposed in virtualized multi‐cell long term evolution (LTE) networks to maximize 

network sum rate. In [3], a two‐stage power allocation scheme in virtualized LTE networks 

was proposed. In [4], the dynamic interaction among the InP and the VNOs was modeled as a 

stochastic game where the InP is responsible for spectrum allocation and the VNOs are 

responsible for satisfying users’ requirements. 

On the other hand, coexistence investigation of heterogeneous wireless networks (HWNs), 

where different wireless access networks such as Wi‐Fi network and LTE network are 

deployed within the same area, have attracted a lot of attention recently  [5]-[7]. In particular, 

cognitive radio (CR), as a promising technique to improve spectrum efficiency in HWNs, has 

received much attention [8]. In CR networks, spectrum efficiency is improved by allowing 
unlicensed users, also known as secondary users (SUs) to use the spectrum allocated to 

licensed users, also known as primary users (PUs). The PUs are protected by constraining the 

interference from the SUs to the PUs. Specifically, in the popular CR underlay model, the SUs 
and the PUs can coexist simultaneously under the condition that the interference power from 

the SUs to the PUs is below an acceptable level. Resource allocation in CR networks has been 

investigated in many works. For example, in [9], aiming at minimizing the bandwidth‐power 

product, a two‐step resource allocation scheme was proposed under the interference power 
constraint, the transmit power constraint and the minimum rate constraint. In [10], an optimal 

resource allocation scheme was proposed to maximize the ergodic sum capacity under the 

long‐term interference power constraint, the long‐term transmit power constraint and the 
proportional fairness constraint. In [11], power allocation algorithms were proposed for a CR 

multiple access channel under the transmit power constraint and the PU outage constraint. In 

[12], the problem of network selection and channel allocation to minimize the cost of the SUs 

was investigated and schemes based on particle swarm optimization and genetic algorithm 
were proposed. In [13], a novel cooperative mechanism for the SUs and the PUs with wireless 

energy harvesting was proposed and the cat swarm optimization was used to maximize the 

total throughput of the SUs and the PUs. In [14], the problem of resource allocation for the 
SUs to maximize the SU ergodic transmission rate under the PU secrecy outage constraint and 

the SU transmit power constraint with perfect or imperfect channel state information was 

studied. 

Therefore, combining wireless network virtualization and CR can bring higher resource 

efficiency, especially spectrum efficiency, than either one of them can achieve. However, to 
the best of our knowledge, resource allocation in virtualized CR networks have not been 

considered in existing literature. In this paper, we investigate the resource allocation problem 

for an uplink virtualized CR network. Multiple VNOs who own different virtual cognitive 
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base stations (VCBSs) share the same physical CBS (PCBS) which is owned by an InP. The 

interference power from the SUs within VCBSs are constrained to protect the PU. Such 

constraint is applied by the InP through pricing the interference. The price‐based joint channel 

and power allocation problem for the uplink virtualized CR network is investigated. The 

problem is formulated as a Stackelberg game to jointly maximize the revenue of the InP (the 

leader) and the individual utilities of the VNOs (the followers). The Stackelberg equilibrium is 
investigated for the proposed resource allocation game. We derive the optimal interference 

price, channel allocation for the VNOs and the optimal power allocation for the SUs to 

maximize the revenue of the InP and the individual utilities of the VNOs, respectively. A 

low‐complexity ±‐optimal solution is also proposed for obtaining the interference price and 

channel allocation for the VNOs. Simulations are conducted to verify the effectiveness of the 

proposed strategies. From the simulation results, it is shown that the optimal strategy and the 

±‐optimal strategy achieve virtually the same performance. It is also shown that a medium 

interference power limit is advantageous to the InP and the InP will not achieve higher revenue 

from a larger interference power limit. Beside, it is shown that it is beneficial for both the InP 
and the VNOs to select VNOs with higher unit rate utility gain to share the resources of the 

InP. 

The rest of the paper is organized as follows. The system model and problem formulation 
are presented in Section 2. Section 3 investigates the Stackelberg equilibrium and the 

interference prices and resource allocation strategies. Simulation results are provided in 
Section 4 to verify the proposed strategies. Section 5 concludes the paper. 

2. System Models and Problem Formulation 

 
Fig. 1. System model. 

 

We consider a CR network with one PCBS, which is virtualized to  VCBSs, sharing the 

spectrum with the PU. The PCBS is operated by an InP and each VCBS is operated by a VNO. 

For notational simplicity, VNO  is assumed to operate VCBS . The available spectrum is 

divided into  independent and orthogonal channels. It is assumed that each VCBS can be 

allocated one channel and one channel can be allocated to only one VCBS at a time
1
. There are 

multiple SUs served by each VCBS, and in order to avoid inter-SU interference within a 

                                                        
1 It is noted that our considered model can be easily extended to the case when multiple channels can be 

allocated to the same VCBS. Assuming that VCBS  can be allocated  number of channels, then 

we can create  additional VCBSs to share the resource allocated to VCBS  and use the proposed 

strategies to solve the resource allocation problem. 
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VCBS, we assume that each VCBS schedules only one SU to use the allocated channel at one 

time. The SU scheduling is assumed to be done and not considered in this paper. We consider 
the uplink transmission scenario where the SUs transmit signals to VCBSs. All the channels 

involved are assumed to be block-fading, i.e., the channels keep constant in one transmission 

block, but may change from one transmission block to another. The instantaneous channel 

power gains from the SU within VCBS  to VCBS  and the SU within VCBS  to the PU on 

the channel  are denoted by  and , respectively. The noises power is denoted by . 

We formulate the price‐based resource allocation problem using the Stackelberg game. In 
the Stackelberg game, a leader who moves first and a set of followers who move subsequently 

compete with each other on certain resources. Here, the InP is the leader and the VNOs are the 

followers. We assume that the PU and the InP belong to the same operator, where the PU has 

the priority to use the spectrum than the PCBS and allows the PCBS to share the spectrum on 
condition that the interference power from the SUs is restricted. The InP complies with this 

constraint by pricing the interference power from VNOs and allocating proper channels to the 

VNOs, aiming at maximizing its own revenue. Then, the VNOs maximize their individual 
utilities based on the allocated channels and assigned interference prices. 

Let  denote the transmit power of the scheduled SU within VCBS  on channel n and let 

 be a binary variable with  denoting that channel  is allocated to VCBS  and 

vice versa. To protect the PU, the interference power constraint is applied as 

  (1)  

where  is the predefined interference power limit. Given the above Stackelberg game 

model, the revenue of the InP is expressed as 

                           (2) 

where ,  and  are the interference price vector, the channel allocation matrix and the 

power allocation matrix, respectively, where , , and , 

with  denoting the interference price for VNO . The objective of the InP is to find the 

optimal interference price vector and the channel allocation matrix that maximize its revenue 

under the interference power constraint. The revenue maximization problem for the InP is 
formulated as 

 

The constraints in (5)-(7) imply that one channel can be allocated to only one VCBS, and one 
VCBS can occupy only one channel at a time.  
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At the VNOs’ side, the utility of VNO  on its assigned channel  is defined as 

  (3) 

where  denotes the unit rate utility gain for VNO . The above utility for VNO  consists of 

two parts. The first part is the profit for successfully transmission, and the second part is the 

cost for causing interference to the PU. Then, the utility maximization problem for VNO  is 

formulated as 

  (4) 

P1.1 and P2.1 form a Stackelberg game and our objective is to find the Stackelberg 
Equilibrium (SE) where neither the InP nor the VNOs have incentives to deviate. Since there is 

only one InP, the best response of the InP can be found by solving P1.1. For this, the best 
response of the VNOs shall be found first due to the fact that the InP’s strategy is based on 

those of the VNOs. Since the utility of VNO  does not depend on other VNOs’ power 

allocation, the best response of each VNO can be found by solving P2.1. Thus, the SE for the 

formulated game can be found by solving P2.1 for given ¸  and ®, and then solving P1.1 with 

the obtained best response of the VNOs.  

3. Stackelberg Equilibrium Solution 

At the VNOs’ side, it can be verified that   is convex. Thus, the optimal solution 

for P2.1, , can be obtained by setting the derivative of   to zero, i.e. 

  (5) 

from which we have 

  (6) 

where  It is seen that if the interference price is too high for VNO  on 

channel , i.e., , the scheduled SU is not allow to transmit on channel  in VNO . 

Inserting (11) into P1.1, the problem at the InP’s side becomes 

  (7) 

                   (8) 

                                       (9) 

                                        (10) 

               (11) 
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The above problem is non‐convex due to the constraint in (16). In the following two 
subsections, we propose the optimal solution based on the exhaustive search method and the 

‐optimal solution based on the dual optimization method, respectively, for P1.2. 

3.1 Optimal solution based on the exhaustive search method 

In this subsection, we solve P1.2 optimally using the exhaustive search method, i.e., the 

optimal solution to P1.2 can be found by finding the maximum objective function in (12) 

among  possible channel allocation choices. For a given channel allocation choice, P1.2 can 

be reformulated as 

  (12) 

                           (13) 

where  and  are the channel power gains related to the SU within VNO  on the allocated 

channel. In Appendix A, we show that P1.3 is still non‐convex. We solve P1.3 by exploring its 

special structure. Without loss of generality, we assume that all the VNOs are sorted 

as .  

Lemma 1: Assuming that  and  

for , then the optimal solution to P1.3 is given by 

  (14) 

where   

Proof: Refer to Appendix B.         

Based on Lemma 1, we can obtain the following theorem.  

Theorem 1: The optimal solution to P1.3 is given by 

  (15) 

where , . 

Proof: Refer to Appendix C.          

Based on Theorem 1, the optimal channel allocation solution to P1.2 can be found by 

finding the maximum  among  possible channel allocation choices 
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using the exhaustive search method. Thus, the complexity of the optimal strategy based on the 

exhaustive search method is roughly . 

3.2 ±‐optimal solution based on the dual optimization method 

In this subsection, we solve P1.2 using the dual optimization method [15]. Usually, the 

solution provided by the dual optimization method is not optimal for non‐convex problem. 

However, later in this subsection, we will shown that the optimal duality gap of P1.2 is zero 

and the proposed strategy based on the dual optimization method is ‐optimal with  

arbitrarily small. 

The partial Lagrangian function of P1.2 with respect to the constraint in (13) can be written 
as 

  (16) 

where  is the nonnegative dual variable associated with the constraint in (13). The above 

expression can be rewritten as 

  (17) 

The Lagrange dual function can be then expressed as 

                                                                   (18) 

                                       (19) 

                                        (20) 

               (21) 

It can be seen that the optimization variables  and  are not coupled in the above problem. 

Thus, the above problem can be separated into two levels of optimization. At the lower level, 

we obtain the optimal  for a fixed value of  by solving the following problems, one for each 

pair of VNO  and channel , as given by 

  (22) 

where  and  denotes the value of  for VNO  

occupying channel . It can be seen that, when ,  is equal to zero. In 

this case, we can set  due to the fact that VNO  is forbidden to use channel  as can 

be seen from (11). When , the problem in (27) is re‐expressed as 

  (23) 
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It can be verified that the above problem is convex. Thus, by setting the derivative of the 

objective function in (28) with respect to  to zero, we have the optimal solution of the 

problem in (27) as  if  and  if . 

Inserting the above  into , we have  if 

 and  if . In the case of , we can also set 

 due to the fact that VNO  can not use channel  as can be seen from (11). 

Combining the above discussions, we can have 

  (24) 

with the solution to the problem in (27) as 

  (25) 

At the higher level of optimization, we optimize  given  as 

  (26) 

                                    (27) 

                                     (28) 

            (29) 

 

It can be observed that the above problem is a standard assignment problem that can be 

optimally and efficiently solved by the Hungarian algorithm [16]. Finally, the value of  can 

be obtained by the sub‐gradient‐based method that iteratively updates  until convergence 

[17]. 

Our proposed strategy based on the dual optimization method to solve P1.2 is summarized 

in Algorithm 1. The sub‐gradient‐based method used for obtaining the value of  typically 

converges in a small number  [17], [18] and the complexity of the Hungarian algorithm is 

 [16]. Thus, the total complexity of Algorithm 1 is roughly , which is much 

less complex than the optimal strategy based on the exhaustive search method. 

Proposition 1: Let  be the optimal objective value of P1.2 and  be the 

optimal dual objective value with º ¤ the optimal dual variable. The optimal duality gap of P1.2 

is defined as  which is zero, i.e., . 

Proof: Refer to Appendix D.          
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Algorithm 1: Joint channel allocation and pricing strategy based on the dual optimization 
method at the InP's side. 

1: Initialize  . 

2: Repeat 

3:    Calculate  from (29) for all , . 

4:   Calculate  by the Hungarian algorithm. 

5:         Obtain  from (30) where , for all . 

6:          

7:          

8:         . 

9: Until . 

where  is the iteration number,  is a scalar step size,  denotes the error tolerance.  

 

Remark 1: It is noted that, for  we can see more clearly that the optimal duality gap 

of P1.2 is zero. For  channel allocation is not needed and P1.2 reduces to the following 

problem as 

  (30) 

                                                         (31) 

 

where we omit the index   as there are only one VCBS and one channel. Since it is easy to 

see that the optimal solution of the above problem must lead to positive objective function, we 

omit the operation  for simplicity. Then, the optimal solution in (20) is simplified as 

 

  (32) 

 

As for the solution obtained from the dual optimization method, the solution in (30) becomes 

, where the value of  must be determined by the sub‐gradient‐based method such 

that the constraint in (36) is satisfied at equality, otherwise,  can be decreased to let 

 and the objective function in (35) will be increased. Then, inserting 

 into we get Thus, we have 

 It is clearly seen that the solutions provided by the optimal strategy and the 

strategy based on dual optimization method are the same and the duality gap of P1.2 is zero for 

. 
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Remark 2: It is noted that Algorithm 1 yields a ‐optimal objective function value with  

arbitrarily small. This is because the sub‐gradient‐based is guaranteed to find the dual variable 

 that is within some range of the optimal value due to the existence of error tolerance. The 

value of  can be arbitrarily small as long as the error tolerance is arbitrarily small. 

Proposition 2: The SE for the formulated Stackelberg game in P1.1 and P2.1 is , 

where ,  are obtained by the optimal strategy presented in Section 3.1 or the ‐optimal 

strategy in Algorithm 1, and  is obtained as follows: the transmit power of the scheduled SU, 

, within VNO  on channel  with  is obtained from (11), while the other transmit 

powers are zero. 

5. Simulation Results 

This section provides simulations to evaluate the performance of the proposed price-based 

resource allocation strategies. The number of VCBSs/VNOs is assumed to be . It is also 

assumed that the scheduled SUs and the PU are distributed uniformly around the PCBS, and 
the distances from the PCBS to the scheduled SUs and the PU are distributed uniformly in the 

interval  The propagation pathloss model  dB is adopted, 

where  is the distance and  is the Log-normal shadow fading with variance  dB. The 

multipath fading is assumed to be Nakgami-  fading with parameter . In addition, 

we set  W and  For the purpose of comparison, two reference strategies 

are presented. The reference strategy 1 subsequently allocates the channel to the VCBS whose 

SU has the maximum channel power gain , while the reference strategy 2 subsequently 

allocates the channel to the VCBS whose SU has the minimum channel power gain . The 

interference pricing and power allocation of the reference strategies follow the same 
procedures proposed in the optimal strategy. The following results are obtained by averaging 

over  simulation runs. 

Fig. 2  shows the revenue of the InP vs.  under different values of . It is seen that the 

curves of the proposed optimal strategy and the -optimal strategy overlap. This indicates that 

the -optimal strategy is practically optimal as  is arbitrarily small. It is also seen that the 

optimal strategy and the -optimal strategy achieve higher revenues than the reference 

strategies for small and medium values of . As  increases, the revenues of the InP 

achieved by different strategies increase and saturate to the same level for a given  and a 

large value of . This can be explained as follows. From (20), it is observed that ’s 

achieved by the optimal strategy and the reference strategies are very small for a very large 

. On the other hand, for the -optimal strategy, since  as ,  from (30) 

achieved by the -optimal strategy is also very small for a very large . Thus, as 

, from (12), the revenues of the InP achieved by the four strategies all become 

 Fig. 3  shows the sum utility of the VNOs vs.  under 

different values of . It is shown that the sum utility of the VNOs increases with the increase 

of . It is also shown that the proposed optimal strategy and the -optimal strategy 

achieve the same sum utility of the VNOs and outperform the reference strategies. 
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Fig. 2. Revenue of the InP vs. . 

 

 
 

Fig. 3. Sum utility of the VNOs vs. . 

 

 

Figs. 4 and 5 show the revenue of the InP and the sum utility of the VNOs, respectively, vs. 

 under different values of . It is shown that both the revenue of the InP and the sum 

utility of the VNOs are almost linear increasing functions of . It is also shown that the 

proposed optimal strategy and the -optimal strategy achieve higher revenue of the InP and 

sum utility of the VNOs compared to the reference strategies. In addition, it is shown that 

performance gaps between the proposed optimal/ -optimal strategy and the reference 

strategies increase with the increase of . 
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Fig. 4. Revenue of the InP vs. . 

 

 
Fig. 5. Sum utility of the VNOs vs. . 

5. Conclusions 

This paper investigates the price-based resource allocation strategies for an uplink virtualized 

CR network. The interference power constraint is applied to protect the PU transmission. We 
use Stackelberg game to jointly maximize the revenue of the InP and the individual utilities of 

the VNOs. The optimal interference price and channel allocation for the VNOs, and the 

optimal power allocation for the SUs are derived. Additionally, a low-complexity -optimal 

solution is also proposed for obtaining the interference price and channel allocation for the 

VNOs.  
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Simulation results show that the revenue of the InP increases as the interference power 
limit increases and then saturates for a high interference power limit, while the sum utility of 
the VNOs increases without limit as the interference power limit increases. It is also shown 

that the revenue of the InP and the sum utility of the VNOs increase almost linearly with the 

increase of the unit rate utility gain for VNOs. Beside, it is shown that the proposed optimal 

strategy and the -optimal strategy achieve virtually the same revenue of the InP and sum 

utility of the VNOs. From these observations, we conclude that the InP will not benefit from a 

large interference power limit, and thus a medium interference power limit is advantageous to 
the InP considering the fact that a small interference power limit leads to very low revenue. 

We also conclude that selecting VNOs with higher unit rate utility gain to share the resources 

of the InP is beneficial to both the InP and the VNOs. 

Appendix A: Proof of non-convexity of P1.3 

Here, we prove that P1.3 is non-convex. Let  Then, we can rewrite 

 as 

  (33) 

We prove that  is not a concave function of  by contradiction. Assuming that 

 is a concave function of , then for   and , the 

inequality  must be satisfied according to 

the definition of concave function [15]. From (38), we have  and 

. It is easily seen that . On one hand, if 

, then we get 

  (34) 

The inequality is due to the fact that . On the other hand, if 

, then we get  Considering the fact that 

 and  we get 

  (35) 

The inequalities in (39) and (40) contradict with assumption that  is a concave function 

of . Thus,  is not a concave function of . 

Since  is not a concave function of ,  is also not a concave function 

of  Thus, P1.3 is non-convex due to the fact that the objective function is not concave. 
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Appendix B: Proof of Lemma 1 

Since  and , we have 

 for  and  for 

. Thus, we can set  due to the fact that the revenue 

from VNO  is zero. For the remaining , they can 

be obtained by solving the reformulated P1.3 as 

  (36) 

               (37) 

It can be verified that the above problem is convex and thus can be solved by convex 
optimization. The Lagrangian of the above problem is 

  (38) 

where  is the non‐negative Lagrange multiplier. Setting the first derivative of  with respect 

to  to zero, we have the optimal solution as 

  (39) 

The value of  is obtained by inserting the above expression into (36) at equality as 

  (40) 

Thus, we can obtain the solution as given by (19).  

Appendix C: Proof of Theorem 1 

We use mathematical induction to prove Theorem 1.  

First, we prove the base case.  

Lemma C.1:  is the optimal solution to P1.3 if and only if 

. 

Proof: First, we prove that  is a necessary condition for 

 being the optimal solution to P1.3. From Lemma 1, the 

price  is optimal if . Inserting 

 into the inequalities , we have 
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. Since , 

we have  

Next, we prove that  is a sufficient condition for 

 being the optimal solution to P1.3. Suppose that the above 

price is still optimal for . Then, combining  and , 

we have  and thus this contradicts with our presumption that  

Therefore,  is the optimal solution to P1.3 only if 

. 

Based on the above arguments, Lemma C.1 is thus proved.      

Next, we prove the inductive case. 

Lemma C.2: If  is a necessary and sufficient 

condition for  being the optimal solution to P1.3, 

then  is a necessary and sufficient condition for 

 being the optimal solution to P1.3. 

Proof: First, we prove that  is a necessary 

condition for  being the optimal solution to P1.3. From Lemma 1, the above price is 

optimal if  and  Inserting 

 into the inequalities , 

we have  Since 

, we have  From the preassumption that 

 is a necessary and sufficient condition for  

being the optimal solution to P1.3, we have  Thus, we have 

 

Next, we prove that  is a sufficient condition for 

 being the optimal solution to P1.3. Since  is a 

necessary and sufficient condition for  being the optimal solution to P1.3,  

does not lead to  being the optimal solution to P1.3. Suppose that the above price is 

optimal for  Then, combining  and 

, we have  and thus this contradicts with our 

presumption that . Therefore,  is the optimal solution to P1.3 only if 

. 

From the above arguments, Lemma C.2 is thus proved.      

Based on Lemma C.1 and Lemma C.2, Theorem 1 is thus proved. 
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Appendix D: Proof of Proposition 1 

Let  be the interference price vector and  be the channel 

allocation matrix obtained optimally from the dual optimization method. First, we show that 

, , and  satisfy complementary slackness, i.e., 

  (41) 

To see this, we first prove that  Since  we only need to prove that  

Suppose that  then from (30), we have  for all  Clearly, this will 

violate the constraint in (13). Thus,  must be strictly larger than zero. Therefore, to prove 

(46), we need to prove that . Suppose that 

 then according to the sub-gradient-based method 

used in Algorithm 1, the value of  shall be decreased. This contradicts with the assumption 

that  is optimal. Thus, the equality in (46) must be satisfied. 

Now, we show that  as follows 

  (42) 

 

where  follows from the equality in (46) and (b) follows from the fact that  is the 

optimal objective value. On the other hand, according to the property of weak duality [15], we 

have the inequality  Thus,  

This completes the proof. 

References 

[1] C.  Liang and F.  R.  Yu, “Wireless network virtualization:  A survey, some research issues and 

challenges,” IEEE Communications Surveys & Tutorials, vol. 17, no. 1, pp. 358–380, 2015. 

Article (CrossRef Link) 

[2] M. I. Kamel, L. B. Le, and A. Girard, “LTE multi-cell dynamic resource allocation for wireless 

network virtualization,” in Proc. of IEEE Wireless Communications and Networking Conference 

(WCNC), pp. 966–971, 2015. Article (CrossRef Link) 

http://dx.doi.org/10.1109/COMST.2014.2352118
http://dx.doi.org/10.1109/WCNC.2015.7127600


4764                                                        Xu et al.: Price-based resource allocation for virtualized cognitive radio networks 

[3] B. Fan, H. Tian, and B. Liu, “Game theory based power allocation in LTE air interface 

virtualization,” in Proc. of IEEE Wireless Communications and Networking Conference (WCNC), 

pp. 972–976, 2015. Article (CrossRef Link) 

[4] F. Fu and U. C. Kozat, “Stochastic game for wireless network virtualization,” IEEE/ACM 

Transactions on Networking, vol. 21, no. 1, pp. 84–97, 2013. Article (CrossRef Link) 

[5] M.  Jo, T.  Maksymyuk, B.  Strykhalyuk, and C.-H.  Cho,  “Device-to-device-based heterogeneous 

radio access network architecture for mobile cloud computing,” IEEE Wireless Communications, 
vol. 22, no. 3, pp. 50–58, 2015. Article (CrossRef Link) 

[6] H. Zhang, X. Chu, W. Guo, and S. Wang, “Coexistence of Wi-Fi and heterogeneous small cell 

networks sharing unlicensed spectrum,” IEEE Communications Magazine, vol. 53, no. 3, pp. 

158–164, 2015. Article (CrossRef Link) 

[7] T. Maksymyuk, M. Kyryk, and M. Jo, “Comprehensive spectrum management for heterogeneous 

networks in LTE-U,” IEEE Wireless Communications, to be published. 

[8] Y.-C. Liang, K.-C. Chen, G. Y. Li, and P. Mahonen, “Cognitive radio networking and 

communications: An overview,” IEEE Transactions on Vehicular Technology, vol. 60, no. 7, pp. 

3386–3407, 2011. Article (CrossRef Link) 

[9] K. Madushan Thilina, E. Hossain, and M. Moghadari, “Cellular OFDMA cognitive radio 

networks: Generalized spectral footprint minimization,” IEEE Transactions on Vehicular 
Technology, vol. 64, no. 7, pp. 3190–3204, 2015. Article (CrossRef Link) 

[10] L.  Li and C.  Xu,  “On  ergodic  sum  capacity  of  fading  channels  in OFDMA-based  cognitive  

radio  networks,” IEEE Transactions on Vehicular  Technology, vol. 63, no. 9, pp. 4334–4343, 

2014. Article (CrossRef Link) 

[11] D.  Xu and Q.  Li, “Power  allocation  for  two-user  cognitive  multiple access  channels  under  

primary  user  outage  constraint,” International Journal of Communication Systems, 2015 

Article (CrossRef Link) 

[12] N. U. Hasan, W. Ejaz, N. Ejaz, H. S. Kim, A. Anpalagan, and M. Jo, “Network selection and 

channel allocation for spectrum sharing in 5G heterogeneous networks,” IEEE Access, vol. 4, pp. 

980–992, 2016. Article (CrossRef Link) 

[13] H. Gao, W. Ejaz, and M. Jo, “Cooperative wireless energy harvesting and spectrum sharing in 5G 

networks,” IEEE Access, vol. 4, pp. 3647–3658, 2016. Article (CrossRef Link) 
[14] D. Xu and Q.  Li,  “Resource  allocation  for  cognitive  radio  with primary  user  secrecy  outage  

constraint,”  IEEE  Systems  Journal. Article (CrossRef Link) 

[15] S. Boyd and L. Vandenberghe, Convex Optimization.  Cambridge, U.K.: Cambridge Univ. Press, 

2004. Article (CrossRef Link) 

[16] H. W. Kuhn, “The hungarian method for the assignment problem,” Nav Res Logist Q, vol. 2, no. 

1-2, pp. 83–97, 1955. Article (CrossRef Link) 

[17] N. Shor, K. Kiwiel, and A. Ruszczynski, Minimization methods for non-differentiable functions.   

Berlin, Germany: Springer-Verlag Press, 1985. Article (CrossRef Link) 

[18] D. Xu, Z. Feng, and P. Zhang, “Resource allocation for heterogeneous services in multiuser 

cognitive radio networks,” International Journal of Communication Systems, vol. 27, no. 10, pp. 

2121–2140, 2014. Article (CrossRef Link) 
 

 

 

 

 

 

 

http://dx.doi.org/10.1109/WCNC.2015.7127601
http://dx.doi.org/10.1109/TNET.2012.2190419
http://dx.doi.org/10.1109/MWC.2015.7143326
http://dx.doi.org/10.1109/MCOM.2015.7060498
http://dx.doi.org/10.1109/TVT.2011.2158673
http://dx.doi.org/10.1109/TVT.2014.2353646
http://dx.doi.org/10.1109/TVT.2014.2312416
doi:%2010.1002/dac.3096.
http://dx.doi.org/10.1109/ACCESS.2016.2533394
http://dx.doi.org/10.1109/ACCESS.2016.2579598
doi:10.1109/JSYST.2016.2585654.
http://dx.doi.org/10.1017/CBO9780511804441
http://dx.doi.org/10.1002/nav.3800020109
http://dx.doi.org/10.1007/978-3-642-82118-9
http://dx.doi.org/10.1002/dac.2462


KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 10, NO. 10, October 2016                                   4765 

 

Qun Li received the PhD degree in signal and information processing from Beijing 

University of Posts and Telecommunications, Beijing, China, in 2013. Currently, she is a 
Lecturer in Nanjing University of Posts and Telecommunications, Nanjing, China. Her 
research interests include signal processing in communication systems. 

 

Ding Xu received the PhD degree in communication and information systems from 

Beijing University of Posts and Telecommunications, Beijing, China, in 2013. Before 
pursuing PhD, he worked as an engineer for Nortel Networks. Currently, he is an 
Associate Professor in Nanjing University of Posts and Telecommunications, Nanjing, 
China. His research interests include resource allocation and performance analysis for 
cognitive radio networks. 

 


