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Abstract—We tackle the challenging problem of streaming mul-
tiuser videos over the downlink of a cellular cognitive radio
network (CRN), where each cognitive user (CU) can sense and
access multiple channels at a time. Spectrum sensing, channel
assignment, and power allocation strategies are jointly optimized
to maximize the quality of service (QoS) for the CUs. We show that
the formulated mixed integer nonlinear programming (MINLP)
problem can be decomposed into two subproblems: 1) SP1 for
the optimal spectrum sensing strategy and 2) SP2 for the optimal
channel assignment and power allocation, without sacrificing opti-
mality. We show that SP1 can be optimally solved if there is no
restriction on the sensing capability for each CU, and develop a
column generation (CG)-based algorithm to solve SP2 iteratively
in a distributed manner. We also develop a heuristic algorithm
for spectrum sensing with greatly reduced requirement on CU
hardware, while still achieving a highly competitive sensing per-
formance. We analyze the proposed algorithms with respect to
complexity and time efficiency, and derive a performance upper
bound. The proposed algorithms are validated with simulations.

Index Terms—Quality of service, cognitive radio networks,
column generation, multiuser video streaming, optimization.

I. INTRODUCTION

A RECENT study by Cisco reveals an unprecedented
paradigm change in wireless data: there is not only a

dramatic growth in volume, but also a fundamental change in
the composition of wireless traffic, a majority of which will be
video related in the near future [1]. Such fast growth in wire-
less video traffic, coupled with the depleting spectrum resource,
calls for a more flexible management of radio resources in
today’s and future wireless networks, in order to unlock the
wireless network capacity by promoting more efficient use of
spectrum.

Manuscript received December 3, 2014; revised May 21, 2015; accepted
September 2, 2015. Date of publication September 10, 2015; date of current
version January 7, 2016. This work was supported in part by the U.S. National
Science Foundation (NSF) under Grant CNS-0953513, and in part by the
Wireless Engineering Research and Education Center (WEREC), Auburn
University. This work was presented in part at the 11th IEEE International
Conference on Mobile Ad Hoc and Sensor Systems, Philadelphia, PA, USA,
October 2014. The associate editor coordinating the review of this paper and
approving it for publication was Dr. Yan Xin.

Z. He and S. Mao are with the Department of Electrical and Computer
Engineering, Auburn University, Auburn, AL 36849-5201 USA (e-mail:
zzh0008@tigermail.auburn.edu; smao@ieee.org).

S. Kompella is with the Information Technology Division, U.S. Naval
Research Laboratory, Washington, DC 20375 USA (e-mail: sk@ieee.org).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TWC.2015.2477509

To this end, the Cognitive Radio (CR) technology has been
widely recognized as an effective solution for efficient and
flexible access to the radio spectrum [2]. In a CR network
(CRN), cognitive users (CU) detect primary user (PU) activ-
ities on licensed channels, and access the channels that are
sensed idle opportunistically and unobtrusively [3]. Bandwidth-
demanding and elastic mobile services, such as wireless video,
will benefit enormously from this new wireless networking
paradigm [4].

Although with great potential, the problem of video over
CRNs brings about a whole level of technical challenges, par-
ticularly due to the extra dimension of dynamics on channel
availability and the uncertainty from spectrum sensing and
access. The manifold design trade-offs, multifarious network
dynamics, limited network resources and, on the other hand,
video’s stringent QoS constraints, necessitate a holistic cross-
layer design approach to “squeeze” the most out of the CRN.
Usually such cross-layer design results in a tremendously com-
plex global optimization problem, where all the layers (i.e., the
PHY, MAC, network, and application layers) and all the users
(i.e., PUs and CUs) are tightly coupled [5], [6]. A decompo-
sition principle that helps to decouple the design of spectrum
sensing, access, and application QoS provisioning would be
crucial for making the problem manageable [10].

In this paper, we tackle the problem of downlink multi-user
video streaming in a cellular CRN, where each CU receives
a video stream from the Cognitive Base Station (CBS). We
consider the general case that each CU is able to sense (with
multiple sensors or sequentially sensing the channels [11])
and access (e.g., with channel bonding/aggregation [12]) mul-
tiple channels. We adopt the H.264 Scalable Video Coding
(SVC) (Quality Scalability) model from [14], and jointly design
spectrum sensing, channel access, and power control for max-
imizing the QoS of all the CUs. There are two tightly coupled
parts in this problem: the spectrum sensing problem (SP1) to
determine which CU to sense which channel; and the chan-
nel assignment and power allocation problem (SP2) to allocate
channels and transmit power to the CUs.

The formulated problem turns out to be a Mixed Integer
NonLinear Programming (MINLP) problem, which is NP-hard
in general. However, as in [10], where a separation principle
is established to decouple the design of sensing strategy from
that of sensor and access policy, we show that our problem can
also be decoupled into two relatively easier sub-problems with
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a decomposition principle and develop an effective Column
Generation (CG) based solution algorithm [15].

The major contributions made in this paper include:
1) A holistic problem formulation that jointly optimizes

the spectrum sensing, channel assignment, and power
allocation strategies for maximizing CU QoS.

2) A decomposition principle to decouple the original prob-
lem into a sensing strategy optimization problem SP1 and
a resource allocation problem SP2, without sacrificing
optimality if there is no restriction on the sensing capa-
bility for each CU, and effective algorithms to solve SP1
and SP2.

3) A heuristic sensing scheme that is less demanding on
CU hardware than the optimal sensing strategy, but can
achieve highly competitive sensing performance.

4) An upper bound for the performance of the CG-based
distributed algorithm and an analysis of complexity and
efficiency in terms of time savings.

5) Simulation validation to demonstrate the superior perfor-
mance of our proposed algorithms in terms of sensing
performance and the QoS achieved by CUs.

The remainder of this paper is organized as follows.
Section II reviews related work. The system model and problem
formulation are presented in Section III, while the decom-
position principle and the two sub-problems SP1 and SP2
are presented in Section IV. The CG-based distributed algo-
rithm to solve SP2 is developed in Section V and analyzed in
Section VI. Section VII presents the performance validation and
Section VIII concludes the paper.

II. RELATED WORK

CR research has been largely focused on the aspects of spec-
trum sensing and dynamic spectrum access. In [16], the authors
study the sensing-throughput tradeoff problem that optimizes
the spectrum sensing time so that the CU’s throughput can be
maximized with restricted interference to the PUs. Unlike [16],
the protocol proposed in [10] also considers the problem of
which channel to sense, in addition to sensing parameters and
access strategy optimization. Moreover, the design of sensing
strategy is independent to sensing parameters design and the
access strategy, as specified in a principle of separation [10].
These works focus on the optimization of sensing parameters
only, and there is no collaboration among CUs. Considering
the fact that different CUs may have different spectrum sensing
performance, the authors in [17] propose an algorithm where
groups of CUs are formed for cooperative sensing, aiming to
find the best grouping scheme to discover most idle channels.
Furthermore, the problem of sensing parameter optimization
in addition to optimal sensor selection is addressed in [18], in
order to achieve a trade-off between detection performance and
sensing overhead.

Recently, cross layer design for video streaming over CRNs
has attracted considerable interest. Unlike exploiting new spec-
trum frontiers [19], the aim is to make more efficient use of
allocated spectrum for enhanced video service. An auction
game model is proposed in [20] to solve the problem of spec-
trum allocation in delay-sensitive content-aware multimedia

delivering. Channel/path selection for multi-user video stream-
ing is formulated as an MINLP problem in [5] to maximize
the received video quality while restricting collisions with PUs.
Packet scheduling is studied in [12] in which spectrum sens-
ing at the PHY is integrated with packet scheduling at the
MAC layer to improve delay-QoS provisioning over CRNs.
The authors also analyze the throughput and delay performance
with a Markov chain and M/GY /1 queuing model. Beyond
these, other cross layer factors such as Fine Grained Scalability
(FGS) coding, error control, and modulation, are jointly con-
sidered in [4] to achieve the maximum QoS for CUs in a
cellular CRN. Interestingly, cross layer optimization of stream-
ing videos over a CR link can also be modeled as a POMDP
(Partially Observable Markov Decision Process) as in [21], in
which intra refreshing rate, a video codec parameter, along with
spectrum sensing and access strategies are jointly designed.

Different from the above mentioned prior works that consider
the physical layer factors, some other works treat the problem of
video streaming over CRNs in the upper layers. The authors in
[7] model the routing problem in video streaming over CRNs
as a decision tree problem. Then the routing scheme is opti-
mized in order to maximize the PSNR of the received video
sequence. Considering the fact that different CUs may have dif-
ferent channel data rate and different buffer storage size, which
result in different abilities of tolerating network dynamics, the
authors of [8] propose to allocate channels to CUs according
to their buffer storage. Reducing the playout speed to a certain
extent when the buffered data at the receiver is low, is also a
feasible solution to reduce the probability of playout outage, as
the authors propose in [9].

This paper is motivated by these interesting prior works, and
is mainly focused on the joint design of spectrum sensing and
resource allocation strategies for streaming multi-user videos
over the downlink of a cellular CRN with a novel decompo-
sition principle, which is not well addressed in prior work but
is essential for supporting the demand of large bandwidth for
video applications and enhance the QoS of CUs.

III. SYSTEM MODEL AND PROBLEM STATEMENT

A. System Model

We consider a primary network operating on N1 licensed
orthogonal channels, while each channel j has bandwidth B j .
A CR network is co-located with the primary network, consist-
ing of a CBS and M CUs. The CUs sense the PU activities on
the licensed channels and access the channels in an opportunis-
tic manner. As in [11], we first assume that each CU is equipped
with N1 sensors so that it can sense all the channels simultane-
ously. This assumption is relaxed in Section IV-B, where each
CU can only sense a few channels at a time. The CBS deter-
mines the status of the licensed channels based on the sensing
results reported from the CUs.

We consider the scenario of downlink multi-user video
streaming, where the CBS transmits different video streams
to the CUs using the channels sensed idle. Once the channel
states are estimated, the CBS and CUs determine the alloca-
tion of the idle channels, and the CBS selects a power level k,
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Fig. 1. Operations of CBS and CUs in a time slot.

k = 1, 2, . . . , K , for the video transmission to a CU on each
allocated channel. We assume that each CU and the CBS adopt
the channel bonding/aggregation technique [12], [13], such that
they can transmit on multiple assigned channels simultaneously
to make use of all the available spectrum. To enforce a certain
level of fairness among the CRs, we define an upper bound Ci

on how much total time a CU i can access all the channels.
If Ci is less than the total number of channels, this can limit
how much channel time a CR can have at most. Otherwise, if
Ci is equal to the number of channels, then there is no such
fairness constraint and a CR can access all the channels for the
entire time slot. We assume time is divided into a series of non-
overlapping Group of Pictures (GOP) windows, each consisting
of T time slots. The operations of the CBS and CUs in each time
slot, as discussed above, are summarized in Fig. 1.

B. Problem Statement

Due to multipath fading and shadowing, different CUs usu-
ally experience different SNRs when detecting a PU signal, and
thus may have different sensing performance. It is important
to choose a suitable set of CUs to sense a licensed channel
[17]. To achieve diversity gain, cooperative sensing is usually
used to improve the detection performance by fusing the sens-
ing results from multiple CUs, where a certain fusion rule is
used to combine the CU sensing results. In this paper, we con-
sider cooperative sensing with the OR fusion rule: if any of the
CUs reports the presence of a PU signal on a channel, the CBS
will determine that the channel is busy; otherwise, the channel
is considered to be idle.

We use an M × N1 matrix X to represent the assignment of
sensing tasks, where each element xi j is defined as

xi j =
{

1, CU i is assigned to sense channel j
0, otherwise.

(1)

For energy detection, the probability of detection of PU sig-
nal on channel j by CU i , Pdi j , and the probability of false
alarm on channel j by CU i , Pfi j , can be expressed as [16]⎧⎪⎨⎪⎩

Pdi j = 1
2 erfc

((
λi j

n0 B j
− γi j − 1

)√
κ

2(2γi j +1)

)
Pfi j = 1

2 erfc
(√

2γi j + 1 erfc−1 (2Pdi j

) +
√

κ
2 γi j

)
,

(2)

where n0 is the power density of Additive White Gaussian
Noise (AWGN) which is i.i.d. at each CU, γi j is the SNR of PU
signal on channel j at CU i’s side, λi j is the energy detection
threshold on channel j by CU i , and κ is the number of samples
collected. For cooperative sensing with the OR fusion rule, the

probability of detection of PU signal on channel j , Pd j , and the
probability of false alarm on channel j , Pf j , can be written as

Pd j = 1 −
M∏

i=1

(1 − Pdi j )
xi j , Pf j = 1 −

M∏
i=1

(1 − Pfi j )
xi j . (3)

To provide a graceful protection to PUs, we set Pd j = Preq ,
where Preq is the maximum interference from the CU system
that can be tolerated by the PU system, and

∑M
i=1 xi j = � j , for

all j = 1, 2, . . . , N1, where � j is the minimum number of CUs
to sense channel j . If we set Pdi j = P̄d j = 1 − (1 − Preq)1/� j ,
it follows (3) that Pd j = Preq .

Let r j denote the real state of channel j : r j = 0 when
channel j is idle, and r j = 1 otherwise. Also let s j be the coop-
erative sensing result on channel j : s j = 0 if the channel is
determined idle, and s j = 1 otherwise. We have{

P(s j = 0) = P(r j = 0)(1 − Pf j ) + P(r j = 1)(1 − Pd j )

P(s j = 1) = P(r j = 0)Pf j + P(r j = 1)Pd j .

(4)

The cooperative sensing results on the N1 channels can be
represented as �S = {

s j , j = 1, . . . , N1
}
. There are 2N1 pos-

sible outcomes for �S, and let �Sh be the h-th outcome, 0 ≤
h ≤ 2N1 − 1. To determine the j-th element in �Sh , let s j =
� j (h), j = 1, 2, . . . , N1, denote the relationship between �Sh

and s j . Assuming independent channel states, the probability
of getting outcome �Sh can be written as

P(�S = �Sh) =
N1∏
j=1

P(s j = � j (h))

=
N1∏
j=1

[
(1 − � j (h))P(s j = 0) + � j (h)P(s j = 1)

]
. (5)

We adopt the QoS model for H.264 SVC (Quality
Scalability) from [14] as

ρi = αi + βi · Ri , (6)

where ρi is the Y-PSNR (Peak Signal-to-Noise Ratio) of the
received video at CU i , αi and βi are constants dependent on
the content type of the video sequence, and Ri is the effec-
tive data rate of the video sequence. According to conditional
expectation, the expected overall QoS can be derived as

E

(
M∑

i=1

ρi

)
=

M∑
i=1

2N1−1∑
h=0

E(ρi |�S = �Sh)P(�S = �Sh)

=
2N1−1∑

h=0

M∑
i=1

E(ρi |�S = �Sh)P(�S = �Sh). (7)

For �S = �Sh , let 
h = {
j : � j (h) = 0, j = 1, 2, . . . , N1

}
be

the set of channels sensed idle. Let Yh =
[

yh
i jk

]
, 1 ≤ i ≤ M ,

j ∈ 
h , 1 ≤ k ≤ K , be the channel assignment and power allo-
cation matrix, where 0 ≤ yh

i jk ≤ 1 is the amount of time that
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CBS transmits to CU i with a power level of k on channel j
in a time slot, when the sensing outcome is �Sh . The channel
assignment and power allocation strategy can be expressed as
Y = [

Y0, Y1, . . . Y2N1−1

]
.

Putting it all together, it follows that

E(ρi |�S = �Sh) = αi + βi · E(Ri |�S = �Sh)

= αi + βi · E

⎛⎝∑
j∈
h

K∑
k=1

Ri jk · yh
i jk |�S = �Sh

⎞⎠
= αi + βi

∑
j∈
h

K∑
k=1

(
P j

00 Ri jk
00 + P j

10 Ri jk
10

)
· yh

i jk

(8)

where Gk is the power of level k, di j is the channel gain

between the CBS and CU i on channel j , P j
00 = P(r j =

0|s j = 0) = (1−Pf j )P(r j =0)

(1−Pf j )P(r j =0)+(1−Pd j )P(r j =1)
, P j

10 = P(r j =
1|s j = 0) = 1 − P j

00, Ri jk
00 = B j log2(1 + Gkdi j/(n0 B j )), and

Ri jk
10 = B j log2(1 + Gkdi j/(n0 B j (1 + γi j ))).

Define wi jk = αi + βi B j (P j
00 Ri jk

00 + P j
10 Ri jk

10 ). The master
problem of maximizing the total expected QoS, denoted as P0,
can be formulated as follows.

P0 : max :
2N1−1∑

h=0

M∑
i=1

∑
j∈
h

K∑
k=1

wi jk · yh
i jk · P(�S = �Sh) (9)

s.t.
∑
j∈
h

K∑
k=1

yh
i jk ≤ Ci ,∀ i, h (10)

M∑
i=1

K∑
k=1

yh
i jk ≤ 1,∀ j (11)

M∑
i=1

∑
j∈
h

K∑
k=1

yh
i jk · Gk ≤ Gtotal ,∀ h (12)

M∑
i=1

xi j = � j ,∀ j (13)

xi j = {0, 1} ,∀ i, j (14)

yh
i jk

{
∈ [0, 1] , if Gkdi j/(n0 B j ) ≥ γ̄

= 0, otherwise,
∀ i, j, k.

(15)

In each time slot, constraint (10) enforces that the sum of
time CU i spend on all channels is less than Ci . Using discontin-
uous orthogonal frequency division multiplexing (D-OFDM),
the CBS or a CU can aggregate multiple discontinuous orthog-
onal channels together to form an aggregated channel and then
access the aggregated channel [11]–[13]. This way, the CBS
or a CU can aggregate and access all the channels assigned to
it simultaneously. Therefore, after computing all the yh

i jk’s, the

CBS transmits to all CUs sequentially according to the yh
i jk’s,

and each CU is informed of this schedule before transmission
so that each CU knows when to access which channel, then it

is a feasible and optimal scheduling. Constraint (11) enforces
that the transmission time on each channel is within 1 time slot.
constraint (12) enforces that the total transmission power of the
CBS must not exceed the average power limit Gtotal ; constraint
(13) enforces that there are � j CUs to sense each channel j ;
and constraint (15) enforces that the necessary condition for the
CBS to transmit to CU i on channel j with power level k is that
the resulting SNR must be greater than a predefined threshold
γ̄ such that CU i can successfully decode the received video.

Note that constraint (15) indicates yh
i jk ≥ 0. Combined with

constraint (11), it follows that each 0 ≤ yh
i jk ≤ 1. Therefore,

constraint (15) can be rewritten as

yh
i jk

{≥ 0, if Gkdi j/(n0 B j ) ≥ γ̄

= 0, otherwise,
∀ i, j, k. (16)

The upper bound of 1 on the yh
i jk’s is thus removed and the

problem can be solved more efficiently, since usually LP solvers
solve an LP without upper bounds faster than LPs with upper
bounds.

IV. PROBLEM DECOMPOSITION

A. Optimal Sensing Strategy for Problem P0

The formulated problem P0 is an MINLP, which is NP-hard.
However, we observe that the optimal sensing strategy can be
obtained by solving a relatively easier problem as follows.

We first introduce Lemma 1 as a basis for our later analysis.
Lemma 1: The objective value of P0 is a decreasing function

of Pf j , for all j = 1, 2, . . . , N1.

Proof: Define F(X, Yh) = ∑M
i=1

∑
j∈
h

∑K
k=1 wi jk ·

yh
i jk · P(�S = �Sh) and f (X, Y) = ∑2N1−1

h=0 F(X, Yh). The
partial derivative of F(X, Yh) with respect to Pf j is

∂ F(X, Yh)

∂ Pf j

= −yh
i jk · P(�S = �Sh) ·

M∑
i=1

K∑
k=1

(
βi · Ri jk

00 ·

((1 − Preq)P(r j = 0)P(r j = 1) + (1 − Pf j )P(r j = 0)2)+
αi P(r j = 0)(Ri jk

00 P j
00 + Ri jk

10 P j
10)/B j

)
≤ 0.

It follows that ∂ f (X,Y)
∂ Pf j

= ∑2N1−1
h=0

∂ F(X,Yh)
∂ Pf j

≤ 0. �
Theorem 1: The optimal spectrum sensing strategy to prob-

lem P0 can be obtained by solving the following problem
SP1.

SP1 : ∀ j = 1, 2, . . . , N1

min : Pf j = 1 −
M∏

i=1

(1 − Pfi j )
xi j (17)

s.t.
M∑

i=1

xi j = � j . (18)

Proof: Let the optimal solution to the original problem P0
be (X

′
, Y

′
) and the solution to SP1 be X∗. Since X

′
is optimal to

the maximization problem P0, we have f (X∗, Y
′
) ≤ f (X

′
, Y

′
).
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On the other hand, since X∗ is optimal to the minimization
problem SP1, it follows Lemma 1 that f (X∗, Y

′
) ≥ f (X

′
, Y

′
).

Therefore we conclude that f (X∗, Y
′
) = f (X

′
, Y

′
) and X∗ is

optimal to problem P0.
After obtaining X∗, we substitute it into problem P0 to solve

for Y∗. The Y∗ obtained this way is also optimal to P0, i.e.,
we have f (X∗, Y∗) ≥ f (X∗, Y) ≥ f (X, Y), for all X, Y. The
proof is completed. �

From the proof of Theorem 1, we have the following
Decomposition Principle for the joint sensing, channel assign-
ment and power allocation problem.

Corollary 1: If there is no restriction on the sensing capa-
bility for each CU, or ηi ≤ i , for all i , problem P0 that
jointly optimizes spectrum sensing, channel assignment, and
power allocation can be decomposed into two sub-problems:
one for the optimal spectrum sensing strategy, and the other for
the optimal channel assignment and power allocation, without
sacrificing optimality.

Problem SP1 can be rewritten as the following problem SP1a,

SP1a : ∀ j = 1, 2, . . . , N1,

max :
M∑

i=1

xi j · log2(1 − Pfi j ) (19)

s.t.
M∑

i=1

xi j = � j , (20)

which can be solved easily with an LP solver.

B. Optimal Solution for a More General Condition

Due to the time constraint (i.e., when the channels are sensed
sequentially) or the hardware constraint, it may not be feasible
for a CU to sense all the channels. We consider a more gen-
eral case of spectrum sensing, where each CU i can only sense
at most i channels simultaneously at a time slot. Therefore
the following additional constraint is added to Problem P0.
Problem P0 is a special case when i = N1.

N1∑
j=1

xi j ≤ i < N1,∀ i. (21)

Denote the more general problem as P0a. We still apply
the same solution algorithm as in Theorem 1 to Problem P0a,
and each channel j will select � j users with the best sensing
performance (smallest false alarm probability). There are two
different cases. First, if a CU i is selected by more than i

channels, then the new Constraint (21) is violated. Second, if
CU i is selected by less than i channels, then Constraint (21)
is still satisfied and Theorem 1 still holds true and the solution
is optimal under the new constraint. Denote � j as the set of � j

CUs with the best sensing performance regarding to channel j .
We can use the following procedure shown in Algorithm 1 to
check if each CU i is selected by less than i channels.

Algorithm 1 has a polynomial complexity of O(M N 2
1 ). We

conjecture that if the PUs are widely separated, or when the

Algorithm 1. Applicability of Theorem 1

1 for i = 1 : M do
2 ηi = 0;
3 for j = 1 : N1 do
4 if CU i ∈ � j then
5 ηi = ηi + 1;
6 end
7 end
8 if ηi > i then
9 Theorem 1 is not applicable;

10 Break;
11 end
12 end

Algorithm 2. Heuristic Spectrum Sensing Algorithm

1 Sort the N1 channels in descending order of P(r j = 0) and
let the sorted channel set be �;

2 for j = 1 : N1 do
3 Let j ′ = �( j);
4 Solve problem SP1b and denote the solution as  j ′ ;
5 if  j ′ = ∅ then
6 Channel j ′ is determined to be busy;
7 end
8 for i = 1 : M do
9 if xi j ′ = 1 then

10 i = i − 1;
11 end
12 end
13 end

channels are highly diverse, Theorem 1 will be more likely to
hold true under the new practical constraint (21). However, if
Theorem 1 is not applicable under (21), we can use a heuris-
tic algorithm to obtain a near-optimal solution to P0a, which is
presented in the following section.

C. Heuristic Spectrum Sensing Algorithm

The idea of heuristic algorithm to Problem P0a is to sort the
N1 channels according to P(r j = 0), for all j = 1, 2, . . . , N1,
in the descending order, and then minimize Pf j , for all j =
1, . . . , N1, sequentially. The heuristic spectrum sensing algo-
rithm is presented in Algorithm 2. In Line 4, the following
problem SP1b is solved.

SP1b : ∀ j = 1, 2, . . . , N1,

min : Pf j ′ = 1 −
M∏

i=1

(1 − Pfi j ′ )
xi j ′ (22)

s.t.
M∑

i=1

xi j ′ = � j ′ (23)

xi j ′ ≤ i . (24)

In Lines 5∼7, if there is no feasible solution to problem SP1b,
there is not a sufficient number of CUs to sense channel j ′, and
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we conservatively assume that channel j ′ is busy to avoid colli-
sion with PUs. Each time if CU i is assigned to sense a channel,
i is decreased by 1 as in Lines 9∼11. When i reaches 0, con-
straint (24) will prevent CU i to be assigned to sense any more
channels.

In Section VII, we will show that the performance of
Algorithm 2 is very close to that of the optimal sensing strategy
in terms of both sensing performance and the expected overall
QoS, even when i � N1.

D. Optimal Chanel Assignment and Power Allocation Solution

After obtaining X∗, cooperative sensing is conducted and the
CBS determines the set of available channels based on sensing
results, as shown in Fig. 1. From now on, we omit the subscript
(or superscript) h in all the symbols, since the cooperative sens-
ing results on the N1 channels is already determined. Denote
the number of channels sensed idle as N2, and re-index the
N2 idle channels as 1, 2, . . . , N2. Then the remaining channel
assignment and power allocation problem SP2 can be written
as follows.

SP2 : max :
M∑

i=1

N2∑
j=1

K∑
k=1

wi jk · yi jk (25)

s.t.
N2∑
j=1

K∑
k=1

yi jk ≤ Ci ,∀ i (26)

M∑
i=1

K∑
k=1

yi jk ≤ 1,∀ j (27)

M∑
i=1

N2∑
j=1

K∑
k=1

yi jk · Gk ≤ Gtotal

Constraint (16). (28)

In practice, there may be a large number of CUs and licensed
channels, and the CBS also has a great flexibility to choose the
power level for transmission on a channel. Therefore, the con-
straint matrix of SP2 could be huge and it may be hard to solve
with an LP solver due to its size. In the next section, we pro-
pose to use the Column Generation (CG) method [15] to solve
SP2 and derive a decentralized algorithm for better scalability.
With the proposed CG method, the CBS and CUs solve differ-
ent sub-problems, thus alleviating the computational burden on
the CBS.

V. COLUMN GENERATION METHOD TO SOLVE SP2

A. Dantzig-Wolfe Decomposition

We first reformulate problem SP2 from the standard form
into a disaggregated formulation by applying Dantzig-Wolfe
decomposition of LP problems [22].

For i = 1, 2, . . . , M , let i =
{
χ1

i , χ2
i , . . . , χ

Qi
i

}
denote

the set of feasible channel assignment and power allocation
schemes to CU i . Then

χ
q
i =

{
yq

i jk, j = 1, 2, . . . , N2, k = 1, 2, . . . , K
}

,

for q = 1, 2, . . . , Qi , is a feasible scheme satisfying all the con-
straints, where yq

i jk = 1 if the CBS transmits to CU i on channel

j at power level k, and yq
i jk = 0 otherwise. Thus, the feasible

schemes are indeed the extreme points of the the feasible region
of SP2, which is the key for Dantzig-Wolfe decomposition [22].

Introduce a variable 0 ≤ zq
i ≤ 1 to denote the amount of

time the CBS transmits using feasible scheme χ
q
i within a

time slot. Let the “utility” gained by using χ
q
i for CU i as

�
q
i = ∑N2

j=1

∑K
k=1 wi jk · yq

i jk . Then SP2 can be represented in
a set-partition form, termed the Master Problem (MP), as

MP : max :
M∑

i=1

Qi∑
q=1

�
q
i · zq

i (29)

s.t.
Qi∑

q=1

zq
i ≤ 1,∀ i, (30)

M∑
i=1

Qi∑
q=1

(
K∑

k=1

yq
i jk

)
zq

i ≤ 1,∀ j, (31)

M∑
i=1

Qi∑
q=1

⎛⎝ N2∑
j=1

K∑
k=1

yq
i jk · Gk

⎞⎠ zq
i ≤ Gtotal ,

(32)

0 ≤ zq
i ≤ 1,∀ i, q. (33)

Constraint (30) ensures that 0 ≤ yi jk = ∑Qi
q=1 yq

i jk zq
i ≤ 1, for

all i, j, k; constraints (31) and (32) correspond to constraints
(27) and (28), respectively; and constraints (26) and (16)
are specified in the INitialization Problem (INP) and Pricing
Problem (PP) defined next in Section V-B. For convenience
of our later discussion, the problem containing a subset of the
columns and cost coefficients (variables) of the MP is called
Restricted MP (RMP).

B. Design of the Column Generation Method

Obviously, it is infeasible to solve the MP directly due to
the exponential number of columns. However, usually most of
the variables in the optimal solution to the MP are equal to
zero, with only a small number of positive-valued variables.
The MP solution can be re-optimized iteratively by finding the
variables having the potential to improve the objective value at
each iteration. This is done by iteratively solving the PP, which
examines whether there exists a variable with a negative (in the
case of a minimization problem) or positive (in the case of a
maximization problem) reduced cost, and then generates the
corresponding column to add it to the RMP.

The RMP contains only a small subset of all the feasi-
ble columns and variables of the MP and thus can be solved
quickly. The simplex multiplier obtained from the RMP will be
passed to the PP to identify a new column to enter the RMP
again, until there is no variables whose reduced cost is negative
(in the case of a minimization problem) or positive (in the case
of a maximization problem). Thus an optimal feasible solution
to the MP is found. The purpose of RMP is to generate the
simplex multiplier for solving the PP.
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The CG based Distributed Optimization Algorithm (CDOA)
includes the following six steps.

Algorithm 2. CG Based Distributed Optimization Algorithm

Step 1: CU i solves the following i-th INP and reports its
solution to the CBS, i = 1, 2, . . . , M .

INP : max :
N2∑
j=1

K∑
k=1

wi jk · yi jk (34)

s.t.
N2∑
j=1

K∑
k=1

yi jk ≤ Ci , (35)

K∑
k=1

yi jk ≤ 1,∀ j, (36)

yi jk

{
∈ {0, 1}, if Gkdi j/(n0 B j ) ≥ γ̄

= 0, otherwise,
∀ j, k.

(37)

Each of the M solutions generates a feasible column of the
MP. The CBS uses the M feasible columns and the corre-
sponding cost coefficients to initiate the RMP, which has the
same formulation with the MP, but with Qi = 1, for all i =
1, 2, . . . , M .

Step 2: The CBS solves the RMP, from which a vector of
simplex multiplier �T = (νT , μT , ϕ) is obtained, where (·)T

denotes the transpose of a vector, νT is a 1 × M vector with the
i-th entry νi corresponding to the i-th constraint in the RMP,
μT is a 1 × N2 vector with the j-th entry μ j corresponding
to the (M + j)-th constraint in the RMP, and ϕ is the simplex
multiplier corresponding to the last constraint in the RMP. The
objective value of the RMP is a lower bound to the MP.

Step 3: The CBS broadcasts �T to all CUs and assigns CU
i to solve the following i-th PP, to find the column and the cor-
responding variable with the most positive reduced cost [15] to
enter the RMP to improve the objective value of the MP.

PP : max : �i =
N2∑
j=1

K∑
k=1

(wi jk − μ j − ϕGk) · yi jk − νi

(38)

s.t.
N2∑
j=1

K∑
k=1

yi jk ≤ Ci , (39)

K∑
k=1

yi jk ≤ 1,∀ j,

Constraint (37). (40)

Step 4: Each CU i decides when to report its optimal solution
to the i-th PP to the CBS according to a delay

τi = ξ(�i ), (41)

where ξ(·) denotes a decreasing function of �i . Define an index
a = arg maxi=1,...,M {�i }. In case that �a > 0, then the current
optimal solution to the RMP is not optimal to the MP and CU

a sends its solution in the earliest time τa (since it has the max-
imum value �a). Other CUs overhearing CU a’s message will
not send their respective messages. In case that �a ≤ 0, the cur-
rent optimal solution to the RMP is also optimal to the MP, and
no CU sends message to CBS.

Step 5: The CBS verifies the optimality of the current solu-
tion: if nothing is received from the CUs after a predefined
period of time, the CBS concludes that �a ≤ 0 and thus the
CG method is terminated; otherwise, go to Step 6.

Step 6: For index a = arg maxi=1,...,M {�i }, let Qa = Qa +
1 and generate the column

H Qa
a =

⎡⎣ea,

K∑
k=1

yQa
a1k, . . . ,

K∑
k=1

yQa
aN2k,

N2∑
j=1

K∑
k=1

yQa
ajk · Gk

⎤⎦T

(42)

with the solution to the a-th PP derived in Step 3, where ea

is a 1 × M unit vector with the a-th entry being 1. Add the
column and the corresponding variable zQa

a to the RMP and go
to Step 2.

VI. UPPER BOUND, COMPLEXITY AND TIME EFFICIENCY

A. Upper Bound for the MP

In the following, we derive an upper bound for the optimal
objective value of the MP in each iteration of the CG method.

Theorem 2: At each iteration, let �T be the simplex multi-
plier vector of the RMP; �a = maxi=1,...,M {�i } be the most
positive reduced cost obtained from the PPs; �b be a (M + N2 +
1) × 1 column vector with the i-th entry being the value of right
hand side of the i-th constraint of the RMP, i = 1, 2, . . . , (M +
N2 + 1); �g be a (M + N2 + 1) × 1 column vector as g =
(11 . . . 1︸ ︷︷ ︸

M ones

00 . . . 0︸ ︷︷ ︸
(N2+1) zeros

)T . Then an upper bound for the MP can be

derived as: �
T �b = (�T + �a �g)�b.

Proof: Let �̂T be a feasible solution to the dual problem
of the MP (termed DMP), according to the relationship between
the dual and primal problems [15], we have

�̂T Hq
i ≥ �

q
i , i = 1, . . . , M, q = 1, . . . , Qi , (43)

where Hq
i is given in (42). As discussed, at each iteration we

can obtain a simplex multiplier vector �T by solving the RMP,
as well as the most positive reduced cost by solving the PP.

�a = max
i,q

{� q
i − �T Hq

i }
⇒ �T Hq

i ≥ �
q
i − �a, i = 1, . . . , M, q = 1, . . . , Qi , (44)

where �a > 0. Denote �
T = (�T + �a �g) and multiply its

both sides by Hq
i . We have

�
T

Hq
i = �T Hq

i + �a �gHq
i ⇒ �

T
Hq

i = �T Hq
i + �a · 1

⇒ �
T

Hq
i − �a = �T Hq

i ⇒ �
T

Hq
i − �a ≥ �

q
i − �a

⇒ �
T

Hq
i ≥ �

q
i , i = 1, . . . , M, q = 1, . . . , Qi .
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The first inequality is from (44). This means that �
T

is a feasi-
ble solution to the DMP. By duality, the corresponding dual LP
of a maximization LP is a minimization LP [15]. So the DMP
is a minimization LP, and �

T
is a feasible solution to the DMP.

Let the optimal solution to DMP be �T . It follows that

�
T �b ≥ �T �b = ϒ∗, (45)

where ϒ∗ is the optimal objective value of the minimization
LP DMP. Due to Strong Duality, ϒ∗ is also the optimal objec-

tive value of the MP. It follows that �
T �b = (�T + �a �g)�b is an

upper bound for the MP according to (45). �

B. Complexity and Optimality Analysis

In the general problems solved by the CG method, the INP
and PP problems are at least as hard as the one dimensional 0-1
Knapsack problem, which is NP-hard [25].

However, an interesting characteristic of the INP and PP in
our case is that the coefficients of the constraint matrix in the
INP and PP are either 0 or 1, such that the unimodularity prop-
erty [24] is satisfied in both problems. As a result, both the INP
and PP have the optimal solution with their LP relaxations, and
thus they can be solved with the Simplex method [15], [25].
Again, the upper bound of 1 on yi jk can be removed as in P0.

Lemma 2: The INP and PP are indeed LPs and thus can
be solved with the Simplex method with a polynomial-time
average-case complexity.

Although the INP and PP can be solved with the Simplex
method which has a average complexity of polynomial-time,
it is possible that the Simplex method will require exponential
time in extreme cases. Here we introduce a Greedy algorithm
which solves the INP and PP in strongly polynomial time and
still gets the optimal solution, to reduce the time complexity of
CDOA.

The basic idea of our Greedy Algorithm is that, for the INP
or PP of each CU, the decision variables corresponding to the
combinations of channel and power level that having the highest
”utilities” among all possible combinations and still satisfy the
constraints of the INP or PP, take value of 1, while the other
decision variables take value of 0. In this way a feasible and
optimal solution is guaranteed.

Note that Line 1 to Line 5 of Greedy Algorithm executes in
Step 1 of CDOA to solve the INP and thus executes only once,
in order to further reduce the computation complexity of our
Greedy Algorithm, while Line 6 to Line 36 executes in Step 3
of CDOA to solve the PP and thus may executes multiple times
during a whole operation of CDOA.

Theorem 3: The Greedy Algorithm yields the optimal solu-
tion for the INP and PP.

Proof: We can see from constraint (40) that each channel
can be chosen at most once with one power level on it, and
for each combination of channel and power level, there is an
associated utility ξi jk .

Therefore, in order to maximize the total utility:
1) For each channel, we choose the combination of channel

and power level having the greatest utility among all the
K combinations;

2) If a combination has a negative utility, say, ξi jk , then the
combination should not be used, i.e., yi jk = 0 in the opti-
mal solution. So the chosen combination should have a
positive utility;

3) From constraint (37) we know that if the resulting SNR
of a combination, say δi jk , is less than the threshold, then
the combination should not be used. So the chosen com-
bination should have a resulting SNR greater than the
threshold.

We form a set using the combinations where each combina-
tion must satisfy the above three conditions.

From constraint (39) we know that each CU can use at most
Ci channels. Therefor, from the above set, we choose ρi combi-
nations having the greatest utilities among all the combinations,
where ρi = Ci if the number of elements in this set is greater
or equal to Ci , and ρi < Ci otherwise.

In this algorithm, all the constraints are used and thus the
solution is feasible, and from the discussion we know that the
solution is also optimal. �

For the greedy algorithm that solves the INP at optimality, we
just need to replace ξi jk = wi jk − μ j − ϕGk with ξi jk = wi jk

at Line 11 of the above algorithm.
Lemma 3: The Greedy Algorithm has a polynomial compu-

tational complexity of O(max{N 2
2 , N2 K }).

The proof is omitted for brevity.

C. Time Efficiency of CDOA

Finally we analyze the time efficiency of CDOA. We com-
pare the time needed to solve the MP with CODA (with a
distributed parallel execution), t1, and that without using CODA
(with a centralized sequential execution), t2.

Let the number of iterations of CDOA be L . Let τml be
the amount of time to process the RMP, τpl the amount of
time to process a PP, τb the time for the CBS to broadcast the
simplex multiplier to the CUs, τrl the time for CU a (where
a = maxi=1,...,M {�i }) to report its solution to the a-th PP to
the CBS, all in the l-th iteration of CDOA. Also assume that
the time to broadcast the simplex multiplier to the CUs by the
CBS is negligible. The time saving s = t2 − t1 achieved by the
distributed, parallel execution can be approximated as

s =
L∑

l=1

(τml + M · τpl) −
L∑

l=1

(τml + τpl + τb + τrl)

=
L∑

l=1

((M − 1) · τpl − τb − τrl). (46)

Since the size of the PP does not change during each iteration,
we assume that τpl = τp. Then (46) can be rewritten as

s = τp

L∑
l=1

(
(M − 1) − τb + τrl

τp

)
. (47)

In (47), τb and τrl are usually negligible compared with τp

for even a modest problem having hundreds or thousands of
constraints and variables. When the number of simplex itera-
tions is proportional to the number of constraints, the overall
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TABLE I
SIMULATION PARAMETERS

cost of the simplex method is O(m4 + nm2) arithmetic opera-
tions for a problem having m constraints and n variables [25].
Therefore, s can be further approximated by

s = O
(

L M(N 4
2 + K N 3

2 )
)

. (48)

It can be seen that s is an increasing function of L , M , N2, and
K , which represent the size of the problem. Such improvement
in time efficiency demonstrate the advantages of the distributed
CG-based algorithm.

VII. SIMULATION RESULTS AND ANALYSIS

In this section, Matlab simulation results are used to demon-
strate the performance of the proposed algorithms. Unless
specified, the value of simulation parameters are as shown in
Table I. Each simulated point in the figures is obtained by
repeating the simulation rp = 50 times with different random
seeds, and 95% confidence intervals are computed and plotted
in the figures to guarantee credible results. Three widely used
videos in the uncompressed YUV4MPEG format are used in
the simulation. They represent three levels of motions: slow
(Suzie), medium (Carphone), and quick (Football) [28], and
the accuracy of the QoS model has been tested in our prior
work [29]. In the figure, the markers are obtained by experi-
ment with the real video sequences, and the lines are obtained
by linear regression. Video QoS parameters αi and βi for the
three sequences are calculated based on their respective linear
regression plots.

In Figs. 2 and 3 we compare the performance of the optimal
sensing strategy and that of the Heuristic algorithm, in terms of
sensing performance and the resulting overall Y-PSNR of the
received videos, respectively, We consider four cases that the
number of sensors a CU has in the Heuristic algorithm i = 3,
4, 5, and 6, where i � N1 = 30. Note that M · i ≥ N1 · � j

is a necessary condition to have any channel sensed by at lest
� j sensors. In Fig. 2, the legend ‘Idle channels’ means the num-
ber of channels cooperatively sensed idle; ‘Missed channels’
means the number of channels cooperatively sensed idle while
these channels are actually busy, so the number of channels that
are sensed idle and are actually idle is the difference between
the two.

From these two figures we can see that the heuristic algo-
rithm achieves a performance close to the optimal sensing
strategy when i ≥ 3. In this case, we have M · i = N1 · � j .

Algorithm 3. Greedy Algorithm

1 for j = 1 : N2 do
2 for k = 1 : k do
3 Compute δi jk = Gkdi j/(n0 B j );
4 end
5 end
6 for j = 1 : N2 do
7 for k = 1 : K do
8 if δi jk < γ̄ then
9 Set ξi jk = σ , where σ < 0 and is a fixed

constant;
10 else
11 Compute ξi jk = wi jk − μ j − ϕGk ;
12 end
13 end
14 end
15 end
16 for j = 1 : N2 do
17 ξ̂i j = arg maxk=1,...,K {ξi jk};
18 end
19 Let ρi = 0;
20 for j = 1 : N2 do
21 if ξ̂i j > 0 then
22 ρi = ρi + 1;
23 end
24 end
25 Sort the ρi channels in the decreasing order of ξ̂i j and let

the sorted channel set be A;
26 if ρi ≤ Ci then
27 for j = 1 : ρi do
28 Set yiA( j)k′ = 1;
29 end
30 else
31 for j = 1 : Ci do
32 Set yiA( j)k′ = 1;
33 end
34 end
35 end

A channel j , may not have ‘good’ CUs (i.e., with a relative
small Pfi j ) to sense it, since these CUs may have already been
assigned to another channel j ′, which has a higher P(r j ′ = 0)

and thus has a higher priority of being optimized. Thus channel
j may be discarded due to insufficient CUs to sense it, result-
ing in a lower value of SP2 due to fewer available channels for
video streaming. Recall that  is the number of channels that a
CU can sense at a time slot. Once a CU is assigned to sense 

channels, it is deleted from the remaining CUs list. Therefore,
as  is increased, which means that a CU can sense more chan-
nels at a time slot, it is more likely that each channel can be
sensed by the best CUs. Thus the sensing performance of each
channel will be improved. We found that when  is selected
from 3 to 6, the result is sufficiently good. However, as the
last three sub-figures shows, the Heuristic algorithm achieves
almost the same performance as the optimal sensing strategy
when i = 4, 5, and 6. Thus even the channels having a lower
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Fig. 2. Optimal versus Heuristic Sensing in terms of sensing performance for
 = 3, 4, 5, 6.

Fig. 3. Optimal versus Heuristic Sensing in terms of overall Y-PSNR in dB for
 = 3, 4, 5, 6.

priority will have a higher chance to be sensed by ‘good’ CUs.
Then Pf j , j = 1, 2, . . . , N2 is more likely to be reduced, and
the objective function value is improved. Note that both the
heuristic and the optimal sensing have the same computational
complexity and workload for the ‘good’ cognitive users, since
in both algorithms each channel will be sensed by the CUs with
the best sensing performance. The only difference is that in the
optimal sensing strategy, the sensing of each channel is opti-
mized at the same time; while in the heuristic algorithm, the
sensing of each channel is optimized sequentially, in the order
of decreasing priority, which is determined by its probability of
being idle.

Besides, we also compare the sensing performance and over-
all Y-PSNR performance of our proposed Heuristic algorithm
with a Benchmark Algorithm called the Random Algorithm,
as the authors in [12] did, which randomly assigns � j CUs
to sense channel j , ∀ j . We can see that the Heuristic algo-
rithm outperforms the Random Algorithm significantly, the
main reason for which is that the Random Algorithm doesn’t

Fig. 4. Convergence performance of CG: (Upper) M = 9, N1 = 18 and
(Lower) M = 15, N1 = 30. Ci = 2, for all i = 1, 2, . . . , M .

consider the sensing accuracy of different CUs for different
channels. It is very likely that for a particular channel, the
Random Algorithm will assign CUs having a high false alarm
probability to this channel to sense it, which results in a great
probability of this channel being false alarmed. That’s why the
number of idle channels found by the Random Algorithm is
very small, although the number of missed detected channels
of the Random Algorithm is close with that of the Heuristic
Algorithm and the optimal sensing strategy. Under such sens-
ing performance, it is within our expectation that the overall
Y-PSNR performance of the Random Algorithm falls behind
that of the Heuristic Algorithm drastically. Therefore, we claim
that Heuristic Algorithm provides a much better performance
than Random Algorithm does.

Fig. 4 demonstrates the convergence of the CG method in two
cases: M = 9, N1 = 18 (the upper figure) and M = 15, N1 =
30 (the lower figure). We set Ci = 2, for all i = 1, 2, . . . , M in
both cases. We have the following observations. (i) The number
of iterations is positively correlated to the problem size, since
as the number of CUs and channels grows, there may be more
feasible schemes to improves the current objective value at a
specific iteration. (ii) The most positive reduced cost maxi {�i }
tends to decrease over iterations. This trend is the result of the
greedy approach of the CG algorithm, which means that the
algorithm chooses the feasible scheme having the most posi-
tive reduced cost (thus possibly having the greatest potential
to improve the current objective value of the MP) from the
remaining candidate feasible schemes, to enter the RMP at each
iteration. (iii) The increment of the objective function at a spe-
cific iteration is positive correlated to maxi {�i }. This follows
directly from the above discussions. (iv) The upper bound to
the optimal objective function value converges quickly, and
is also positively correlated to maxi {�i }. From Theorem 2,

the upper bound at a certain iteration �
T

b is actually a posi-
tive function of maxi {�i } (�a in Theorem 2) at this iteration.
Since maxi {�i } drops quickly and become very close to 0,

�
T

b drops and then converges to the optimal objective func-

tion value quickly. Note that �
T

b is not necessary decreasing as
the iteration goes. There are two main reasons: (a) maxi {�i } is
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Fig. 5. PSNR comparison for three types of videos achieved by CG:
(Upper) M = 9, N1 = 18 and (Lower) M = 15, N1 = 30. Ci = 2, for all i =
1, 2, . . . , M .

not necessary decreasing as the iteration goes although it shows

a trend of decreasing. (b) �
T

b also depends on the simplex
multiplier �T , whose convergence is hard to analysis.

The convergence of the Y-PSNR of each type of received
video is shown in Fig. 5. It is observed that for the type 3
video, the Y-PSNR shows a tendency of increasing as the iter-
ation goes. For the type 1 video, the Y-PSNR shows a trend of
decreasing, especially in the lower plot in Fig. 5. The Y-PSNR
of type 2 video is decreased in the upper plot and doesn’t show
much change in the lower plot. However, the overall Y-PSNR
of the three types of videos increases along with the iterations.
The main reason is that to improve the overall Y-PSNR, at each
iteration, the CG algorithm preferentially assigns channel and
power resources to the type of video which may have the great-
est potential for improving the overall Y-PSNR. Recall that
under the same data rate, the Y-PSNR of type 3 video is the
greatest and the Y-PSNR of type 1 video is the smallest among
the three types. Thus on the condition that the number of avail-
able channels is limited and is less than the number of video
sessions, channel and power resources will be taken from what
have been allocated to type 1 videos and then be assigned to
type 3 videos first, then to type 2 video. Besides, the magnitude
of changes of the three types of videos decreases quickly over
iterations, which is in consistence with the change of the overall
Y-PSNR, as shown in Fig. 4.

In Fig. 6, we compare the proposed algorithm with a bench-
mark scheme [26], with respect to both QoS (i.e., Y-PSNR) and
QoE of the received videos. In the benchmark scheme, an idle
channel, say channel j , with a higher P(r j = 0) is assigned to a
CU, say CU i , that is less delay-tolerant and thus have a higher
priority to use the available channels. In our simulation we ran-
domly assign an integer priority level ranging from 1 to 3 to
each CU. We use the MOS (Mean Opinion Score) to evaluate
QoE and the MOS model is adopted from [27] as the benchmark
scheme does [26].

It can be seen that when min j {P(r j = 0)} ≥ 0.35, the
Y-PSNR achieved by the benchmark scheme is about 100 dB
lower than that achieved by the proposed scheme, which means

Fig. 6. QoS and QoE comparison between the proposed scheme and the
benchmark: (Upper) QoS comparison and (Lower) QoE comparison.

that each CU with our proposed scheme has an average Y-PSNR
of 3 dB higher than that with the benchmark scheme. Both
curves tends to increase as min j

{
P(r j = 0)

}
increases, since

more channels are likely to be available for video transmission.
Within the entire range of min j

{
P(r j = 0)

}
, our proposed

algorithm outperforms the benchmark scheme in terms of
Y-PSNR, because the solution to the problem in [26] is not nec-
essary optimal to our problem and thus yields a lower bound
to our problem. Furthermore, we find that the overall MOS of
the two schemes are almost the same. Thus our proposed algo-
rithm achieves a considerably higher QoS and a comparable
QoE performance as the benchmark scheme.

VIII. CONCLUSION

In this paper, we investigated the problem of QoS-driven
multi-user video streaming over cellular CRNs. We showed
that there exists a decomposition principle in the optimal joint
design of spectrum sensing, channel assignment, and power
allocation that circumvents the curse of dimensionality in gen-
eral MINLPs. The decomposed spectrum sensing problem was
solved with an optimal algorithm, along with a heuristic algo-
rithm that is much less demanding on CUs’ hardware. A
CG-based decentralized channel assignment and power alloca-
tion algorithm was next developed to relieve the computation
burden on the CBS. And a Greedy Algorithm which solves
the sub-problems generated during the CG based algorithm
at optimality in polynomial time is proposed to reduce the
computational complexity. We analyzed the complexity and
time efficiency, and derive an upper bound for the CG-based
algorithm, and validated its performance with simulations.
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