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Abstract—In this paper, we study the resource allocation
issues related to OFDM-based multiuser cognitive radio cellular
networks, where both of primary network and secondary network
are investigated to make an all-round evaluation of the network
performance, including the Quality of Experience (QoE) of the
primary users (PUs) and the minimal rate requirement of the
secondary users (SUs). Since the general resource allocation
optimization task we formulate leads to challenging mixed integer
nonlinear programming problems, we first propose a heuristic
subchannel allocation method to remove the awkward integer
constraints. Then an efficient distribution algorithm, which yields
nearly linear computational complexity, is developed to work out
the optimal power allocation. Simulation results indicate that
our proposed resource allocation scheme works better under
different performance metrics as compared to others. Moreover,
our proposed distribution algorithms converge stably and quickly.

I. INTRODUCTION

The rapid development of information and communication
technology (ICT) has led to the tremendous growth of traffic
data in various aspects of mobile service and each year the
corresponding energy consumption is increasing at an amazing
speed of 16%−20% [1]. It is predicted that mobile data traffic
will grow up to 1000-fold by 2020 [2] due to the increase
of broadband services and the burst traffic of point to point
transmission in cloud platforms [3]. The energy consumption
issue in different wireless communication systems has been
investigated in the literature [4–6], where the optimization
problems are around the system energy efficiency while taking
into consideration of practical constraints such as interference
and channel uncertainty.

Meanwhile, the scarcity and low utilization efficiency of
spectrum resource has also gained accelerating focus in the
past decades. Since the multimedia industry witnessed the
boom of the tremendous growth of ”smart” devices such
as laptops and smartphones, and also the growth of various
multimedia applications in our daily life, the current available
spectrum resource can not afford such a big burden, which
requires mobile operators and research institutions to come
up with advanced spectrum sharing strategies. Cognitive radio
(CR), where secondary users (SUs) in secondary network (SN)
can opportunistically access the available vacant spectrum
holes licensed by primary network (PN) without causing
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harmful interference to the primary users (PUs), is a natural
solution to cope with the diverse, exploding and random traffic
data in current mobile communications [7].

Another notable issue of wireless communication networks
is the quality representation metrics which can reasonably
reflect the network performance [8]. Conventional signal qual-
ity metrics and system quality metrics such as Peak-Sinal-
to-Noise-Ratio (PSNR) and Quality of Service (QoS) are
successfully applied in various multimedia communications.
However, those conventional objective metrics do not include
user perceived quality, which may not subjectively reflect
users’ requirement and experience. As a result, Quality of
Experience (QoE), a user-oriented evaluation metric is formal-
ly introduced [9], which aims at overcoming the shortage of
conventional objective metrics. Additionally, there are quite
a few evaluation models for QoE assessment, among which
Mean Opinion Score (MOS) is mostly promoted [10].

In [11], QoE-based multichannel allocation problem for
small-cell users in 5G heterogeneous networks (HetNets) is
investigated. In [12], a novel spectrum sharing paradigm is
proposed, in which a base station (BS) offload strategy is
introduced to enhance the users’ QoE and spectrum utiliza-
tion efficiency. However, as far as the authors have known,
much emphasis is always put on the downlink OFDM-based
cognitive network (secondary network), while the network
performance of PN are paid much less attention to. Since the
performance of both the PN and SN are important in wireless
mobile communication, we address the resource allocation
issue for both of them in this paper. First, we study the QoE-
oriented resource allocation method for PUs in PN, where we
introduce an assessment model, MOS, for QoE at first and
then try to maximize the sum MOS values subject to the
total transmit power limit and interference constraints after-
wards. Then, as for SN, we try to maximize the total system
throughput while taking into consideration of many practical
constraints including QoS requirement of SUs, transmission
power budget and interference constraints of SN. Since both
of the two optimization task we formulate are mixed integer
nonlinear programming (MINLP) problems that are NP-hard,
a heuristic subchannel allocation method is firstly introduced
to remove the integer constraints, after which an efficient
power distribution algorithm is designed to obtain the optimal
power allocation. Since the computational complexity of our
proposed method is nearly linear, we conclude that it worth
applying in practical.
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Fig. 1. System model

The rest of this paper is organized as follows. Section II
illustrates system model and Section III presents the optimiza-
tion problems. In Section IV, we discuss the subchannel allo-
cation scheme and the optimal power distribution algorithm .
Simulation results and discussions are presented in Section V
and conclusions are drawn in Section VI.

II. SYSTEM MODEL

Consider the downlink of a multiuser OFDM-based CR net-
work, where K secondary users (SUs) in secondary network
(SN), denoted by K = {1,2, . . . ,K}, share the spectrum with
L primary users (PUs) in primary network (PN), denoted by
L = {1,2, . . . , L}, while both of PN and SN are deployed in
a hexagonal cells model of equal sizes as can be seen from
Fig. 1. We assume perfect channel state information (CSI) is
available at the transceivers of the SUs and the PUs. The SUs
use different OFDM subchannels, as well as the PUs. There
exists inter-tier interference between the SUs and the PUs and
the interference to the lth PU introduced by the SUs must
be kept below IP−thl while the interference to the kth SU
introduced by the PUs must be kept below IS−thk .

A. Interference Model

Let N = {1,2, . . . ,N} denote N OFDM subchannels
while the starting frequency is f0 and the bandwidth of each
subchannel is W /N , where W is the total bandwidth of
our considered system. Denote the interference to the lth PU
introduced by the kth SU’s access on the nth subchannel with
unit transmission power as ISP

l,k,n,

ISP
l,k,n = ∫

fl+Wl−f0−(n−1/2)W /N

fl−f0−(n−1/2)W /N
gSP
l,k,nφ(f)df, (1)

where fl and wl are the staring frequency and the bandwidth
of the lth PU, φ(f) is the power spectrum density (PSD) of the
OFDM subchannel, and gSP

l,k,n is the power gain from the kth
SU’s transmitter to the lth PU’s receiver on the nth subchannel.

Similarly, the interference introduced to the kth SU by the
lth PU on the nth subchannel with unit transmission power is

IPS
k,l,n = ∫

nW /N−(fl+1/2Wl)

(n−1)W /N−(fl+1/2Wl)
gPS
k,l,nφ(f)df. (2)

B. MOS Model

As aforementioned, MOS is the most widely used metric of
QoE, which is a utility function of the transmission rate and
links the technical objective parameters with the subjective
user perceived quality [13]. As investigated in [14] , different
MOS models are suitable to different media applications
such as Voice over Internet Protocol (VoIP), Internet Protocol
Television (IPTV) and File Download (FD). In [15], it is
investigated that there exists a bounded logarithmic relation-
ship between the objective QoS metric and subjective QoE
metric. In this paper, we consider the MOS model for FD,
which consists of elastic services including file transfer and
web browsing. Let MOSl and Rl denotes the lth user’s MOS
value and transmission rate, respectively, we can conclude the
mathematical expression of QoE used in this paper as follows,

MOSl = A log(BRl), (3)

where A=2.3473, B=0.2667 are constants which are deter-
mined by an analysis of the experimental results for FD
services.

III. PROBLEM FORMULATION

Our objective is to maximize the sum MOS value of the PUs
in PN and the sum throughput of SUs in SN, respectively.

A. Primary Network

Define rl,n as the achievable data rate of the lth PU on the
nth subchannel,

rl,n = W

N
log2(1 + pl,nHl,n), (4)

where pl,n is the power allocated to the lth PU on the nth
subchannel and Hl,n is the signal-to-noise ratio (SNR) of the
the lth PU on the nth OFDM subchannel with unit power.
Then the sum rate of the lth PU can be defined as follows,

Rl =
N

∑
n=1

ρl,n
W

N
log2(1 + pl,nHl,n), (5)

where the binary variable ρl,n = 1 indicates the nth subchannel
is occupied by the lth PU and ρl,n = 0 otherwise.

We try to maximize the sum MOS value of PN while
taking into consideration of the total transmission power limit
of PN and interference introduced to the SUs in SN. Thus,
the mathematical expression of the optimization problem is
described as follows,
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OP 1 max
pl,n

L

∑
l=1

MOSl,

s.t. C1 ∶
L

∑
l=1

N

∑
n=1

ρl,npl,n ≤ P PN
T ,

C2 ∶ pl,n ≥ 0,∀l ∈ L,∀n ∈ N ,

C3 ∶
L

∑
l=1

N

∑
n=1

ρl,npl,nI
PS
k,l,n ≤ IS−thk ,∀k ∈ K,

C4 ∶
L

∑
l=1

ρl,n = 1,∀n ∈ N ,

C5 ∶ ρl,n ∈ {0,1},∀l ∈ L,∀n ∈ N ,

(6)

where P PN
T is the maximum transmitted power the PN can

afford and IS−thk is the interference threshold of the kth SU.
C1 , C2 and C3 represent the power limit and interference
constraint of PN, respectively. C4 and C5 guarantee that one
subchannel can be allocated to at most one PU.

B. Secondary Network

For SN, we try to maximize the sum throughput of all
SUs in SN while guaranteeing the QoS requirement of SUs,
the total transmission power budget and the interference con-
straints of SN. Mathematically, the optimization problem can
be described as follows,

OP 2 max
pk,n

K

∑
k=1

Rk,

s.t. C1 ∶ Rk ≥ Rmin,

C2 ∶
K

∑
k=1

N

∑
n=1

ck,npk,n ≤ P SN
T ,

C3 ∶ pk,n ≥ 0,∀k ∈ K,∀n ∈ N ,

C4 ∶
K

∑
k=1

N

∑
n=1

ck,npk,nI
SP
l,k,n ≤ IP−thl ,∀l ∈ L,

C5 ∶
K

∑
k=1

ck,n = 1,∀n ∈ N ,

C6 ∶ ck,n ∈ {0,1},∀k ∈ K,∀n ∈ N ,

(7)

where ck,n is a binary variable and ck,n = 1 indicates that the
kth SU is allocated the nth subchannel and ck,n = 0 otherwise.
Rmin is the minimal rate (QoS) requirement of SUs, P SN

T is
the maximum transmitted power the SN can afford and IP−thl

is the maximum interference that PU l can bear. Thus, C1 is
the QoS requirement, C2 and C3 represent the power budget
of SN while C4 limits the interference introduced to the PUs.
C5 and C6 are intuitive.

IV. PROPOSED PN AND SN ALGORITHM

It is intuitive that both OP 1 and OP 2 are NP-hard because
of the involved binary variables. Since OP 1 and OP 2 have
similarities in structure, we develop a two-step procedure to

TABLE I
SUBCHANNEL ALLOCATION

Algorithm:

1: Initialization:

2: Set Rl = 0, Ωl = 0, ∀l ∈ L, Lt = L, Nt = N ;

3: First round:

4: for i = 1 to L

5: Find l∗, n∗ that rl∗,n∗ ≥ rl,n,∀l ∈ t,∀n ∈ Nt;

6: Ωl∗ = Ωl∗ {n∗}, Lt = Lt/l∗ Nt = Nt/n∗;

7: Rl∗ = rl∗,n∗ .

8: end for

9: Second round

10: while Nt ≠ ∅

11: Find l∗ = argmin
l∈L

Rl;

12: Find n∗ that rl∗,n∗ ≥ rl∗,n,∀n ∈ Nt;

13: Ωl∗ = Ωl∗ {n∗}, Nt = Nt/n∗;

14: Rl = Rl + rl∗,n∗ .

15: end while

address both of them. We give the detailed resource allocation
scheme for OP 1 here.

A. Subchanel Allocation

First, we propose a heuristic subchannel allocation method
to remove ρl,n in OP 1. Let pMl,n and rMl,n denotes the maximum
power allocated to subchannel n for PU l and the highest rate
PU l can achieve over the subchannel n, respectively. We have

pMl,n =min(P PN
T ,min

l∈L
( I

S−k
th

IPS
k,l,n

)),

rMl,n = W

N
log(1 + pMl,nHl,n).

(8)

Obviously, the SNR of subchannels and the interference
constraint are jointly taken into consideration for our consid-
ered CR network, in other words, the power allocated to the
subchannels are always bounded by the total power limit P PN

T

and interference threshold IS−kth .
The key idea shown in Table I is that we allocate the

subchannel to the users over which they can achieve the
highest possible rate among all available ones. L and N
are the set of PUs and subchannels, respectively. The set of
subchannels allocated to SU l is denoted as Ωl.

B. Power Distribution

For a given subchannel assignment, the binary variable ρl,n
and the constraints C4 and C5 vanish, OP 1 can be rewritten
as follows:

OP 3 max
pl,n

∑l∈LMOSl,

s.t. C1 ∶ ∑l∈L∑n∈Ωl
pl,n ≤ P PN

T ,

C2 ∶ pl,n ≥ 0,∀l ∈ L,∀n ∈ N ,

C3 ∶ ∑l∈L∑n∈Ωl
IPS
k,l,n ≤ IS−thk ,∀l ∈ L.

(9)
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Intuitively, OP 3 requires us to work out the maximum MOS
values of PN while satisfying the power limits and interference
threshold of the considered system. Such a power distribution
problem is easy to be proved as a convex problem because
the objective function is convex and all the constraints are
affine [16]. It can be solved by standard convex optimization
techniques in which barrier method that is quadratic conver-
gence is generally used. However, the high computation cost
of barrier method prevents its online applications since the
computation complexity of solving OP 3 with barrier method
is O(N3) that is impractical. Thus, we take a fast algorithm
[17] to efficiently solve OP 3.

The barrier function of (9) is

φ(P ) = −∑
l∈L

∑
n∈Ωl

log(pl,n) − log(P PN
T −∑

l∈L

∑
n∈Ωl

pl,n)

− ∑
k∈K

log(IS−thk −∑
l∈L

∑
n∈Ωl

pl,nI
PS
k,l,n),

(10)

where P = (p1,1, . . . , pL,N). Denote

f(P ) = ∑
l∈L

log(α log(βW
N
∑
n∈Ωl

log2(1 + pl,nHl,n))).
Then, by introducing a logarithmic barrier function with a
parameter t, we can convert OP 3 into a sequence of min-
imization problems, in which t is a parameter to control the
accuracy of solution. Thus, OP 3 can be approximated by
solving the following unconstrained minimization problem

minψt(P ) = −tf(P ) + φ(P ). (11)

Generally, Newton method is recommended to solve such
kind of unconstrained minimization problems because of its
quadratic convergence property [16]. Newton step at P, de-
noted by ΔPnt, is given by

∇2ψt(P )ΔPnt = −∇ψt(P ), (12)

where ∇2ψt(P ) and ∇ψt(P ) are the Hessian and the gradient
of ψt(P ), respectively. For simplicity, we denote

f0 = P PN
T −∑

l∈L

∑
n∈Ωl

pl,n,

fl = α log(β ∑
n∈Ωl

W

N
log2(1 + pl,nHl,n)),

gk = IS−thk −∑
l∈L

∑
n∈Ωl

pl,nI
PS
k,l,n.

The Hessian of ψt(P ) is

∇2ψt(P ) =D + ∇f0∇f
T
0

f2
0

+∑
l∈L

∇fl∇fT
l

f2
l

+ ∑
k∈K

∇gk∇gTk
g2
k

+ ∇
2f0

f0
+∑

l∈L

∇2fl

fl
+ ∑

k∈K

∇2gk

gk

=D +
K+L+1

∑
i=1

qiq
T
i

(13)

TABLE II
FAST CALCULATING NEWTON STEP

Step 1 Decompose ΛM , ΛM = ΛM−1 + qMqT
M

.

Then we have u0 = u1

1
−

qTMu1

1

1+qT
M

u1

2

u1

2
,

Where ΛM−1u
1

1
= −▽ψt(P ) and ΛM−1u

1

2
= qM

After Step 1, we can figure out the △Pnt by solving u1

1
and u1

2
,

Step 2 Decompose ΛM−1 with ΛM−1 = ΛM−2 + qM−1qT
M−1

Similarly, u1

1
and u1

2
can be obtained by

u1

i = u
2

i −
qTM−1

u2

i

1+qT
M−1

u2

i

u2

3
, i = 1,2,

where ΛM−1u
2

1
= −▽ψt(P ), ΛM−1u

2

i = qM+2−i, i = 2,3.

⋮

Continue this process to Step M ,

Step M

We can obtain M + 1 variables by solving M + 1 linear equations,

DuM
1
= −▽ψt(P )

DuM
i = qM+2−i, i = 2,3, . . . ,M + 1.

where D = diag(λ1, . . . , λN),

λi = tα

h2

l,i[1+ ∑
n∈Ωl

log
2
(1+hl,ipl,i)]

ln 2[ ∑
n∈Ωl

log
2
(1+hl,ipl,i)(1+hl,ipl,i)]2

+ 1
p2

l,i

,

qi =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

▽f0
f0

, i = 1,
▽fl
fl

, l = 1, . . . , L, i = l + 1,
▽gk
gk

, k = 1, . . . ,K, i = k +L + 1, . . . ,K +L + 1.
Matrix D is positive definite and all qiq

T
i > 0. Thus, it can

be concluded that the Hessian (13) is positive definite and
also invertible. Consider the special structure of the Hessian
of ψt(P ), an efficient algorithm can be developed to calculate
the Newton step. According to the decomposition in (13), the
Hessian can be written into

Λi = D +
i

∑
m=1

qmqT
m, i = 1,2, . . . ,M, (14)

where M = K + L + 1. Then we develop an (M + 1)-step
iterative algorithm to quickly calculate the Newton step. The
detailed description of the algorithm is given in Table II, which
yields a computation complexity of O(K2N) that is proved in
[17]. Thus, we can conclude that our proposed efficient power
allocation method has a significant advantage over the standard
convex optimization technique since K ≪ N in practical.

Similarly, OP 2 can be solved by the proposed two-step RA
algorithm efficiently and the evaluation of the performance
of our proposed algorithms are investigated in the following
section.

V. SIMULATION RESULTS AND DISCUSSIONS

In this section, a series of experimental simulations are con-
ducted to evaluate the performance of the proposed algorithms.
Consider the downlink of multiuser OFDM-based CR cellular
network, where all SUs and PUs randomly locate in a 3×3
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km area and each receiver is uniformly distributed within the
radiation radius of the transmitter, which is assumed to be 0.5
km. Besides, we take the following channel model: (i) The
channel suffers from frequency selective fading; (ii) The path
loss exponent is 4 while the variance of logarithmic normal
shadow effect is 10 dB; (iii) The amplitude of multipath fading
is Rayleigh. Besides, the noise power is 10−13 W and the
interference thresholds are set to 5 × 10−13 W.

First, we evaluate the performance of our proposed algorith-
m for PN. To evaluate the sum MOS value of PN, we compare
our proposed algorithm with other representative algorithms,
including equal power allocation (EPA), interference-factor
power allocation (IFPA) and maximum SNR power allocation
(MSPA). The EPA and IFPA algorithms are investigated in
[18]. Specifically, the EPA makes the assumption that the
transmission power is equally allocated among subchannels,
while the IFPA guarantees that the transmission power dis-
tributed to each subchannel is inversely proportional to the
interference level. Besides, the MSPA performs subchannel
allocation according to user’s SNR over subchannels, in which
users are always allocated the subchannel over which they can
obtain the highest SNR.

Fig. 2 shows the average MOS value of PUs as a func-
tion of the transmission power limit. There are 32 OFDM
subchannels and the number of PUs and SUs are set to 2
and 4, respectively. As can be seen from Fig. 2, the average
MOS value increases as the transmission power limit grows
and our proposed algorithm outperforms the others since we
take joint consideration of the SNR of subchannels and the
interference constraint. Note that when the transmission power
limit is small, EPA performs well and when the transmission
power limit grows larger, the performance of IFPA improves
obviously, this is because as the increase of transmission power
limit, the subchannels tend to be interference limited rather
than power limited and IFPA which allocates subchannels to
users with the minimal interference level performs well.

Fig. 3 shows the average MOS value of PUs as a function of
the interference threshold. There are 2 PUs and 4 SUs in the
considered system and the number of subchannels is 32 while
the transmission power budget is 1 W. From Fig. 3 we can
observe that the average MOS value increases with the growth
of interference threshold, since more power can be consumed
to maximize the sum MOS value of PN as long as the inter-
ference introduced to SUs is within the interference threshold.
Note that our proposed algorithm always performs better than
the others while the gap between our proposed algorithm and
EPA becomes smaller as the increase of interference threshold.
This is because when the interference threshold is small, most
of the subchannels are interference limited. However, with the
continuous growth of interference threshold, the subchannels
tend to be power limited rather than interference limited, and
EPA, which is power limited, improves more obviously than
the others.

Then, we evaluate the performance of our proposed algo-
rithm for SN. Fig. 4 shows the sum rate of SUs as a function of
the transmission power limit. There are 2 PUs and 4 SUs in our
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Fig. 2. Average MOS value of PUs as a function of the transmission power
limit with N = 32, L = 2 and K = 4.
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Fig. 3. Average MOS value of PUs as a function of interference threshold
with N = 32, L = 2,K = 4 and PT = 1 W.

considered system. As can be seen from Fig. 4, the sum rate of
SUs increases with the increase of transmission power limit,
this is because the growth of power budget offers abundant
transmission power for SUs to maximize their transmission
rate. It can also be seen from the figure that the sum rate of
SUs also increases as the number of subchannels increases,
which can be explained as the channel diversity in wireless
environment. Anyway, our proposed algorithm ourperforms
EPA in different cases.

Fig. 5 show the number of Newton iterations of our pro-
posed algorithm with 200 random instances with different
setting of N . The transmission power limit is 1 W, while the
number of PUs and SUs are set to 2 and 4, respectively. As
can be seen from Fig. 5 , the number of Newton iterations,
which directly indicates the computational complexity of our
proposed power distribution method which is discussed in
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Fig. 5. Number of Newton iterations over 200 instances of the algorithms
with L = 2,K = 4 and PT = 1 W.

section IV, is not large with given number of subchannels. It is
also noted that the variation of the number of Newton iterations
is slight, indicating our proposed algorithm is efficient and
promising in practical applications.

VI. CONCLUSIONS

In this paper, we presented novel resource allocation s-
trategies for OFDM-based multiuser cognitive radio cellular
networks, in which we take consideration of subjective and
objective assessment metric for the PN and SN, respective-
ly. A QoE-based user-oriented assessment model is firstly
introduced to evaluate the performance of the PN and an
optimization task that aims to maximize the sum MOS value of
the PUs is formulated, while another optimization task which
aims at maximizing the total system throughput subject to the
QoS requirement of the SUs is also formulated for the SN af-

terwards. Since the formulated optimization problems are NP-
hard, we tackle them with two steps: subchannel allocation and
power distribution. A heuristic subchannel allocation scheme
is proposed to remove the integer constraints to make the
problem trackable, followed by an efficient power distribution
algorithm with low complexity, which obtains the optimal
power allocation solution by exploiting the special structure
of the problem. Simulation results show that our proposed re-
source allocation algorithms is robust and converges stably and
quickly, and can achieve better performance when comparing
with other algorithms.
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