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Abstract— Due to the drastic increase in wireless video traffic,
the capacity of the existing and future wireless networks will be
greatly stressed, while interference will become the dominant
capacity-limiting factor. In this paper, we investigate relayassisted downlink multiuser video streaming in a cognitive radio
(CR) cellular network. We incorporate zero-forcing precoding to
allow transmitters collaboratively send encoded (mixed) signals
to all CR users, such that undesired signals will be canceled and
the desired signal can be decoded at each CR user. We present
a stochastic programming formulation of the problem, as well
as a problem reformulation that greatly reduces computational
complexity. In the cases of a single licensed channel and multiple
licensed channels with channel bonding, we develop an optimal
distributed algorithm with proven convergence and convergence
speed. In the case of multiple channels without channel bonding,
we develop a greedy algorithm with a proven performance bound.
The algorithms are evaluated with simulations and are shown to
achieve considerable gains over two heuristic schemes.
Index Terms— Cognitive radio (CR), optimization, relayenhanced cellular network, video streaming, zero forcing.

I. I NTRODUCTION

D

UE TO significant advances in wireless access technologies and the proliferation of wireless devices and
applications, there is a fundamental change in wireless network
traffic. According to a Cisco study [2], the growth of wireless
data is predicted to be 11-fold between 2013 and 2018, and
66% of the increase in future wireless data will be video
related. The capacity of the existing and future wireless
networks will be greatly stressed. Coupled with the depleting
spectrum and dense chaotic deployment of base stations (BSs),
interference will become the major capacity-limiting factor.
Cognitive radios (CRs) provide an effective solution to
meet this critical demand, by exploiting codeployed networks and sharing underutilized spectrum [3]. On the other
hand, cooperative communications represent another effective
solution to the capacity problem, in which wireless nodes
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help each other in information delivery to achieve the socalled cooperative diversity [4]. Recently, researchers have
been exploring the idea of combining these two techniques
[5]–[8], and the potential of cooperative CR networks has been
demonstrated with a testbed implementation [5]. Furthermore,
Guan et al. [9] addressed the challenging problem of joint
video encoding rate control, power control, relay selection, and
channel in cognitive ad hoc networks with cooperative relays.
A solution algorithm based on a combination of the branchand-bound framework and convex relaxation techniques was
proposed, and the performance evaluation results demonstrated
the efficacy of cooperation and CR for video streaming.
In this paper, we investigate relay-assisted multiuser video
streaming in a CR cellular networks, in which videos are
supported to make the best use of the enhanced network
capacity. We consider a BS and multiple relay nodes (RNs)
that collaboratively stream multiple videos to CR users within
the network. It has been shown that the performance of a
cooperative relay link is mainly limited by two factors: 1)
the half-duplex operation, since the BS–RN and the RN–user
transmissions cannot be scheduled simultaneously on the same
channel and 2) the bottleneck channel, which is usually the
BS–user and/or the RN–user channel, and usually has poor
quality due to obstacles, attenuation, multipath propagation,
and mobility [4]. To support high-quality video service in
such a challenging environment, we assume a well-planned
relay network, in which the RNs are connected to the BS with
high-speed wireline links. Therefore, the video packets will be
available at both the BS and the RNs before their scheduled
transmission time, thus allowing advanced cooperative transmission techniques to be adopted for streaming videos.
In particular, we consider zero-forcing precoding,
a multiuser interference suppression technique in which
the BS and RNs simultaneously transmit encoded mixed
signals to all CR users, such that undesired signals will be
canceled and the desired signal can be decoded at each CR
user [10], [11]. We first present a stochastic programming
formulation of the problem of zero forcing for video
streaming in cooperative CR networks. The cross-layer
optimization formulation considers important design factors
including spectrum sensing, opportunistic spectrum access,
cooperative relay, zero-forcing precoding, and video quality
of service requirements. We then present a reformulation of
the problem based on linear algebra theory [12], such that
the computational complexity can be greatly reduced.
We develop effective solution algorithms to the formulated
problem. In particular, we consider three scenarios. In the
case of a single licensed channel, we develop a distributed
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algorithm based on dual decomposition [13] and prove its
guaranteed convergence and bounded convergence rate. In the
case of multiple licensed channels with channel bonding (in
which a transmitter can aggregate all the available channels to
transmit the encoded signal [14]), we show that the distributed
algorithm can still be used to achieve optimal solutions.
Finally, in the case of multiple licensed channels without channel bonding, we develop a greedy algorithm that leverages the
single-channel algorithm for near-optimal solutions and prove
a lower bound for its performance. The proposed algorithms
are evaluated with simulations, and are shown to outperform
two heuristic schemes that do not incorporate interference
suppression techniques with considerable gains.
The remainder of this paper is organized as follows.
We present the system model and preliminaries in Section II
and the problem statement in Section III. The proposed
solution algorithms are developed and analyzed in Section IV.
We present the simulation results in Section V and discuss
related work in Section VI. Section VII concludes this paper.
II. S YSTEM M ODEL AND P RELIMINARIES
We next present the system model, assumptions, and
preliminaries that provide the basis for the problem formulation in Section III. Some of the preliminaries are derived/used
in [15] and [16]. We do not claim contribution here but include
the preliminaries for the sake of completeness.
A. Spectrum and Network Model
We consider a spectrum consisting of one common control
channel (indexed 0) and M licensed channels (indexed from
1 to M). The M licensed channels are allocated to a primary
network, and the common control channel is exclusively used
by a cooperative CR network colocated with the primary
network. As in [3], we assume a synchronized time slot structure for the licensed channels. The states of the M licensed
channels evolve over time independently, while the occupancy
of each channel follows a two-state discrete time Markov

process [3]. Let S(t)
= [S1 (t), S2 (t), . . . ,SM (t)] denote the
network state in time slot t, where element Sm (t) represents
the status of channel m as: Sm (t) = 0 for an idle channel and
m can
Sm (t) = 1 for a busy channel. The utilization of channel

be derived as ηm = Pr{Sm = 1} = limt0 →∞ 1/t0 tt0=1 Sm (t),
for m = 1, . . . , M.
In the relay-assisted CR cellular network, there is a CR BS
(indexed 1) and (K − 1) CR RNs (indexed from 2 to K )
deployed in the area to serve N active CR users. Let
U = {1, 2, . . . , N} denote the set of active CR users. We
assume that the BS and all the RNs are equipped with multiple
transceivers: one is tuned to the common control channel and
the others are used to sense multiple licensed channels at the
beginning of each time slot, and to transmit encoded signals
to CR users. We consider the case in which each CR user
has one software defined radio (SDR)-based transceiver, which
can be tuned to operate on any of the (M + 1) channels.
If the channel bonding/aggregation techniques are used [14],
a transmitter can collectively use all the available channels,
and a CR user can receive from all the available channels
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simultaneously. Otherwise, only one licensed channel will be
used by a transmitter, and a CR user can only receive from a
single chosen channel at a time.
To support high-quality video service, we assume a wellplanned relay network, in which the RNs are connected to
the BS via broadband wireline connections. Although the
relays in local thermal equilibrium (LTE)-advanced networks
are based on radio interfaces, there are also many solutions
based on wireline connections. For example, in small cell
networks, the small cell BSs are connected with the X2
interface through wireline connections. In [17], passive optical
networks are deployed for the small cell backhaul. In femtocell
networks, the femtocell BSs are connected with the broadband
wireline connections [16]. In the future cloud radio access
network architecture [18], light loaded BSs are connected to
a virtualized baseband unit pool through optical connections,
in which baseband processing is shared among all the sites.
As a result, the video packets will always be available for
transmission at the RNs at their scheduled transmission time.
To cope with the much poorer BS–user and RN–user channels,
the BS and RNs adopt zero forcing to cooperatively transmit
multiple videos to CR users, while exploiting the spectrum
opportunities in the licensed channels (Section III).
B. Spectrum Sensing
Each time slot consists of a spectrum sensing phase and
a data transmission phase. The BS and the RNs sense the
licensed channels and exchange their sensing results over the
common control channel during the sensing phase. We adopt
a hypothesis test to detect channel availability. For channel m,
the null hypothesis and the alternative hypothesis are
m
Hm
0 : {channel m is idle} and H1 : {channel m is busy}.

We model both types of detection errors: 1) false alarm,
when an idle channel is considered busy and a spectrum
opportunity will be wasted and 2) miss detection, when a
busy channel is considered idle, which may cause collision
with primary users.
Let lm be the lth sensing result obtained on channel m,
with binary (0 or 1) values. The false alarm and miss detection
probabilities associated with lm , denoted by lm and δlm , are
m
m
m
lm = Pr(lm = 1|Hm
0 ) and δl = Pr(l = 0|H1 ).

(1)

Given L sensing results obtained for channel m for time
m =
slot t, the corresponding sensing result vector is 
L
m
m
m
m
m
A m
A
[m
1 , 2 , . . . ,  L ]. Let Pm ( L ) := Pm (1 , 2 , . . . ,  L )
be the conditional probability that channel m is available,
which can be computed iteratively as

m −1
m
 m
(δ1m )1−1 1 − δ1m 1
ηm
A
×
Pm 1 = 1 +
1−m
m
1 − ηm
1
(1m )1 1 − 1m




m
 lm := PmA m
PmA 
, m
2 , . . . , l


1
1

 −1
= 1+
m
m
PmA m
1 , 2 , l, l−1
m −1
m
(δlm )1−l 1 − δlm l
×
1−m , l = 2, . . . , L.
m
l
(lm )l 1 − lm

1760

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 24, NO. 10, OCTOBER 2014

In [19], we show that the more sensing results, the more
accurate the channel state estimation. Note that the proposed
scheme does not distinguish where the sensing result was
obtained. Thus, it is also possible to have the CR users to
participate in the sensing phase to collect more sensing results
for better prediction of the channel states.
C. Opportunistic Spectrum Access
 m ), each channel m will be opporWith sensing result PmA (
L
 m ) in time slot t.
tunistically accessed with probability PmD (
L
 m )),
When channel m is busy (i.e., with probability 1 − PmA (
L
accessing the channel will cause collision to primary users.
For primary user protection, such collision probability should
be bounded by a prescribed threshold, denoted as γm . The
primary user protection constraint can be written as
 m D m
 L Pm 
 L ≤ γm .
1 − PmA 
(2)
Solving (2), the optimal channel access probability is
 m
 m 
 L = min γm / 1 − PmA 
 L ,1 .
PmD 

For the downlink video streaming application considered in
this paper, only the CSI of the downlink channel between a
BS and an RN to the user is required. Therefore, the operation
is similar to the traditional cellular networks, in which CSI is
also measured for, e.g., power control. The proposed scheme
collects CSI in the same fashion as in the existing cellular
networks; the only difference may be that the RNs also collect
CSI for the channels from themselves to the users. Since relays
have been incorporated in modern cellular network standards
(e.g., LTE-advanced), it is reasonable to assume that such
CSI measurement/feedback is available in practical systems.
We assume accurate user channel gains in this paper. The
impact of inaccurate measurements is a general problem for
adopting interference suppression techniques. Several implementations/testbed experiments have demonstrated the feasibility and robustness of applying interference management
techniques in practical settings [20]–[22].
E. Video Performance Measure

(3)

Define index variables Dm (t)’s to indicate the available
channels that the BS or RNs access in time slot t

0, channel m is accessed in time slot t
Dm (t) =
1, otherwise
m = 1, 2, . . . , M. (4)
Let A(t) be the set of available channels in time slot t.
It follows that A(t) := {m | Dm (t) = 0}.
D. Zero-Forcing Precoding
We next briefly describe the main idea of zero forcing
considered in this paper [10]. Interested readers are referred
to [20] and [21] for insightful examples, a classification of
various interference alignment scenarios, and practical considerations.
Consider two transmitters (denoted as s1 and s2 ) and two
receivers (denoted as d1 and d2 ). Let X 1 and X 2 be the
signals corresponding to the packets to be sent to d1 and d2 ,
respectively. The transmitters s1 and s2 send compound signals
a1,1 X 1 + a1,2 X 2 and a2,1 X 1 + a2,2 X 2 , respectively, to the two
receivers d1 and d2 simultaneously. Let G i, j be the channel
gain from transmitter si to receiver d j . If noise is ignored, the
received signals Y1 and Y2 can be written as

 


 
G 1,1 G 1,2
a1,1 a1,2
X1
Y1
=
Y2
G 2,1 G 2,2
a2,1 a2,2
X2


:= G × A × X.
(5)
From (5), it can be seen that both receivers can
perfectly decode their signals if the transformation matrix A
is chosen to be {G }−1 , i.e., the inverse of the channel gain
matrix. With this technique, the transmitters are able to send
packets simultaneously, and the interference between the two
concurrent transmissions can be effectively canceled at both
receivers [21].

We assume the BS streams multiple real-time videos, one
to each active CR user, with help from the RNs. The mediumgrain quality scalability (MGS) option of H.264/Scalable
Video Coding (SVC) is adopted in our model because the scalability is very useful to achieve a graceful quality degradation
under the highly dynamic CR network environment [15], [23].
Due to the real-time constraint, we assume that each group
of pictures (GOPs) must be delivered in the next T time
slots. Video packets are transmitted in the decreasing order
of their significance to the quality of reconstructed video.
To deal with the nonideal channels between BS (RNs) and
users, some error control mechanism must be adopted. Due to
scalable coding, a lower significance packet will be useless if
a higher significance packet is not delivered. As a result, it is
necessary to ensure that a higher priority packet is received
before sending the next packet. The video will be cut off when
the deadline T is reached, and the quality of the reconstructed
video is proportional to how many packets can be successfully
transmitted within the deadline (with retransmissions and the
extra delay incurred). The effect of nonideal channels is
captured in the problem formulation.
In [24], a simple linear rate-distortion model is proposed for
fine-granular quality scalability (FGS) videos and used in the
optimization of FGS video streaming over a wireless local area
network (WLAN). Wien et al. [25] provide a representative
comparison of FGS and MGS and demonstrate the comparable
performance of the two approaches, and the SVC quality
scalability videos all exhibit similar linear rate-distortion characteristics for the rate range of interest. Therefore, the quality
of reconstructed MGS video can be modeled with a linear
equation
W (R) = α + β × R

(6)

where W (R) is the average peak signal-to-noise ratio (PSNR)
of the reconstructed MGS video, R is the effective received
rate of the enhancement layer at the receiver after the channel
losses, and α and β are constants depending on the specific
video sequence and codec.
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III. P ROBLEM F ORMULATION
We present the problem formulation in this section. As discussed in Section II, the video packets are available at both the
BS and all the RNs before their scheduled transmission time;
the BS and RNs adopt zero-forcing precoding to overcome the
poor BS–CR user and RN–CR user channels.
Let X mj denote the signal to be transmitted to user j
on channel m, which has unit power. As illustrated in
Section
II-D, transmitter k sends a compound signal

m
m
m
a
j ∈U k, j X j to all active CR users, where ak, j ’s are the
weights to be determined. Ignoring channel noise, we can
compute the received signal Ynm at a user n as
Ynm =

K


Gm
k,n

j =1

k=1

=

N


N

j =1

X mj

K


m
m
ak,
jXj =

K 
N


m
m
m
ak,
j G k,n X j

k=1 j =1

m
m
ak,
j G k,n , n = 1, 2, . . . , N

(7)

k=1

where G m
k,n is the channel gain from the BS (i.e., k = 1) or an
RN k to user n on channel m. Note that to simplify notation,
m , G m , and X m when
we use ak, j , G k,n , and X j instead of ak,
j
k,n
j
considering only one specific channel. For user n, only signal
X n should be decoded and the coefficients of all other signals
should be forced to zero. The zero-forcing constraints can be
written as

We formulate a multistage stochastic programming problem
to maximize the expected
 logarithm sum of the PSNRs at
the end of the GOP, i.e., Nj=1 E log(W jT ) , for proportional
fairness among the video sessions. The multistage stochastic
programming problem can be decomposed into T serial subproblems, one for each time slot t, as [15]
N


maximize:

 
E log W tj |wtj

j =1
W tj = wtj +
bmj ∈ {0, 1},

s. t

(12)

t
j

(13)

for all m, j
Constraints (8), (9) and (11)

(14)

where tj is a random variable depending on spectrum sensing,
power allocation, and channel selection in time slot t. This is
a mixed integer nonlinear programming problem, with binary
variables bmj ’s and continuous variables ak, j ’s.
In particular, tj can have two possible values: 1) zero,
if the packet is not successfully received due to collision with
primary users and 2) the objective value increment achieved
in time slot t if the packet is successfully received. For the
latter case, we have

(8)

= W j (R(t)) − W j (R(t − 1))
⎛
 K
2 ⎞

βj B 
1
m
m
⎠ (15)
=
log2 ⎝1 +
ak,
j G k, j
T
N0

Usually, the total transmit power of the BS and every RN is
limited by a peak power Pmax . Since X j has unit power, for
all j , the power of each transmitted signal is the square sum
2 . The peak power constraint can be
of all the coefficients ak,
j
written as

where N0 is the noise power, β j is user j ’s constant in the
video quality model (6), B is the channel bandwidth, and
T is the number of time slots per GOP. To make the problem manageable, we assume the high SINR region, so that
t in (15) can be approximated as
j

K


ak, j G k,n = 0, for all j = n.

t
j

m∈A(t )

k=1

k=1

N


|ak, j |2 ≤ Pmax , k = 1, . . . , K .

(9)

j =1



m∈A(t )

Recall that each CR user has one SDR transceiver that can
be tuned to receive from any of the (M + 1) channels (without
channel bonding). Let bmj be a binary variable indicating that
user j selects licensed channel m, defined as

1, if user j receives from channel m
bmj =
0, otherwise
j = 1, . . . , N, m = 1, . . . , M.
(10)
Then, we have the following transceiver constraint:

bmj ≤ 1, j = 1, . . . , N.

t
j

βj B 
≈
2 log2
T

(11)

m∈A(t )

Let wtj be the PSNR of user j ’s reconstructed video at
the beginning of time slot t and W tj the PSNR of user j ’s
reconstructed video at the end of time slot t. In time slot t,
wtj is already known, while W tj is a random variable depending
on the resource allocation and primary user activity during the
time slot. That is, wtj+1 is a realization of W tj .

1
√
N0

 K



m
m
ak,
j G k, j

(16)

k=1

subject to
K


m
m
ak,
j G k, j > 0.

(17)

k=1

Note that (17) corresponds to the data transmitted to user j ,
which has to be greater than zero if user j is active. On the
other hand, 
the zero-forcing constraint (8) ensures that the
interference k ak, j G k,n must be zero, when j = n.
User j can successfully receive a video packet from channel
m if it tunes to channel m (i.e., bmj = 1), and the BS and RNs
 m )). The
transmit on channel m (i.e., with probability PmD (
L
probability that user j successfully receives a video packet,
denoted as P jt , is
P jt = min

⎧
⎨ 
⎩

m∈A(t )

⎫
⎬

 m
 L ,1 .
bmj PmD 
⎭

(18)
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Therefore, we can expand the expectation in (12) to obtain
a reformulated problem as follows:
 

 


maximize: Nj=1 E P jt log wtj + tj + 1 − P jt log wtj
(19)
subject to:

Constraints (8), (9), (11), (14) and (17).
IV. S OLUTION A LGORITHMS

In this section, we develop effective solution algorithms to
the stochastic programming problem (12). In Section IV-A, we
first consider the case of a single licensed channel, and derive
a distributed optimal algorithm with guaranteed convergence
and bounded convergence speed. We then address the case of
multiple licensed channels. If channel bonding/aggregation
techniques are used [14], the distributed algorithm in
Section IV-A can still be used to achieve optimal solutions.
In the case of multiple licensed channels without channel
bonding, we develop a greedy algorithm with a performance
lower bound in Section IV-C.
A. Case of Single Channel
1) Property: Consider the case when there is only one
licensed channel, i.e., when M = 1. The K transmitters,
including the BS and (K − 1) RNs, send video packets to
active users using the licensed channel when it is sensed idle.
For user j , the weight and channel gain vectors are a j =
 j = [G 1, j , G 2, j , . . . , G K , j ]T ,
[a1, j , a2, j , . . . , a K , j ]T and G
where T denotes matrix transpose. Due to spatial diversity,
 j vectors are linearly independent.
we assume that the G
From (8), it can be seen that a j is orthogonal to the (N −1)
 n ’s, for n = j . Since a j is a K by 1 vector, there are
vectors G
at most (K − 1) vectors that are orthogonal to a j . Since the
 j vectors are linearly independent, it follows that (N − 1) ≤
G
(K −1) and therefore N ≤ K . To successfully decode each signal X j , j = 1, 2, . . . , N, the number of active users N should
be smaller than or equal to the number of transmitters K .
From (8), it can be seen that a j is orthogonal to the (N −1)
 n ’s, for n = j . Since a j is a K by 1 vector, there
vectors G
are at most (K − 1) normalized vectors that are orthogonal to
 j vectors are linearly independent, it follows
a j . Since the G
that (N − 1) ≤ (K − 1) and therefore N ≤ K . Therefore,
to successfully decode each signal X j , j = 1, 2, . . . , N, the
number of active users N should be smaller than or equal to
the number of transmitters K .
Note that the above reasoning provides a necessary condition. The following additional constraints should be enforced
for the channel selection variables:
N


bmj ≤ K ,

for all m ∈ A(t).

(20)

j =1

That is, the number of active users receiving from any
channel m cannot be more than the number of transmitters
on that channel, which is K in the single-channel case and
less than or equal to K in the multiple channel case. We first
assume that N is not greater than K , and will remove this
assumption in the following section.

Algorithm 1: Basis Computation Algorithm
1
2
3
4
5
6
7
8
9
10

if K > N then
Solve homogeneous linear system GT x = 0 and get basis
[
v 1 , · · · , vK −N ];
for i = 1 to K − N do
e j,i = vi , for all j ;
end
end
for j = 1 to N do
Orthogonalize G− j and get (N − 1) orthogonal vectors
w
 j,i ’s;
Calculate e j,r as in (21);
end

2) Reformulation and Complexity Reduction: With a single
channel, all active users receive from channel 1. Therefore,
b1j = 1, and bmj = 0, for m > 1, j = 1, 2, . . . , N. The formulated problem is now reduced to a nonlinear programming
problem with constraints (8), (9), and (14). If the number of
active users is N = 1, the solution is straightforward: all the
transmitters send the same signal X 1 to the single user using
their maximum transmit power Pmax .
In general, the reduced problem can be solved with the dual
decomposition technique [13]. This problem has K × N primal
variables (i.e., the ak, j ’s), and we need to define N(N − 1)
dual variables (or Lagrangian multipliers) for constraints (8)
and K dual variables for constraints (9). Before presenting
the solution algorithm, we first derive a reformulation of the
original problem (19) that can greatly reduce the number
of primal and dual variables, such that the computational
complexity can be reduced.
Lemma 1: Each vector a j = [a1, j , a2, j , . . . , a K , j ] can be
represented by the linear combination of r nonzero linearly
independent vectors, where r = K − N + 1.
 i , where
Proof: From (8), each vector a j is orthogonal to G
j
j = i . Define a reduced matrix G− j obtained by deleting G
 1, . . . , G
 j −1 , G
 j +1 , . . . , G
 N ]. Then,
from G, i.e., G− j = [G
 x
a j is a solution to the homogeneous linear system G−
j  = 0.

Since we assume that the G i ’s are all linearly independent, the
columns of G− j are also linearly independent [12]. Thus, the
rank of G− j is (N −1). The solution belongs to the null space
of G− j . The dimension of the null space is r = K − (N − 1)
according to the rank–nullity theorem [12]. Therefore, each
a j can be presented by the linear combination of r linearly
independent vectors.
Let E j = {e j,1 , e j,2 , . . . , e j,r } be a basis for the null
space of G− j . There are many methods to obtain the
basis, such as Gaussian elimination. In the following, we
present an alternative scheme to compute the basis, which,
however, has the same asymptotic complexity as Gaussian
elimination.
The algorithm for computing a basis is shown in
Algorithm 1. In Steps 1–6, we first solve the homogeneous
v 1 , v2 , . . . , vK −N ].
linear system G x = 0 to get a basis [
Note that if K is equal to N, the basis is the empty set ∅.
We then set the K − N basis vectors to be the first K − N
vectors in all the bases E j , j = 1, 2, . . . , N. In Step 8,
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we orthogonalize each G− j and obtain (N − 1) orthogonal
vectors ω
 j,i , i = 1, 2, . . . , N − 1. Finally, in Step 9, we let the
 j,i ’s by subtracting
r th vector e j,r be orthogonal to all the ω
 j , as
all the projections on each ω
 j,i from G
j −
e j,r = e j,K −N+1 = G

N−1


 ω
G
j  j,i

i=1

ω
 j,i ω
 j,i

ω
 j,i .

m∈A(t )

Note that in the above equation, we omit the channel index m
for simple notation. The second equality is because the first
 j . The random
K −N column vectors in E j are orthogonal to G
t
variable W j in the objective function now only depends on
c j,r . The peak power constraint can be revised as
[E j (k)
c j ]2 ≤ Pmax , k = 1, . . . , K

(23)

j =1

where E j (k) is the kth row of matrix E j . In addition, the
constraint in (17) can be rewritten as
 j > 0.
(E j c j ) G

THE

C ASE OF S INGLE C HANNEL

(21)

Lemma 2: The solution space constructed by the basis
[
v 1 , v2 , . . . , vK −N ] is a subspace of the solution space of
 x
G−
j  = 0 for all j .
Proof: It can be shown that each vector vi is a solution
 x
of G−
j  = 0, for i = 1, 2, . . . , K − N.
Lemma 3: The vectors [
v 1 , v2 , . . . , vK −N , e j,r ] computed
in Algorithm 1 are a basis of the null space of G− j .
Proof: Obviously, the vi ’s are linearly independent.
From (21), it is easy to verify that e j,r is orthogonal to all the
 x
ω
 j,i ’s. Therefore, e j,r is also a solution to system G−
j  = 0.
 j and ω
 j,i are orthogonal to all the vi ’s, and e j,r is
Since G
 j and ω
 j,i , e j,r is also orthogoa linear combination of G
nal and linearly independent to all the vi ’s. The conclusion
follows.
Let E j = v1 , v2 , . . . , vK −N , e j,r and define coefficients
c j = [c j,1 , c j,2 , . . . , c j,r ] . Then, we can represent
 a j as a linear combination of the basis vectors, i.e., a j = rl=1 c j,l e j,l =
E j c j . Equation (16) can be rewritten as

!
βj B 
1   
t
c E G j
2 log2 √
j =
T
N0 j j
m∈A(t )

!
βj B 
1 
 
c j,r e j,r G j
2 log2 √
=
. (22)
T
N0

N


TABLE I
C OMPARISON OF C OMPUTATIONAL C OMPLEXITY FOR

(24)

With such a reformulation, the number of primal and dual
variables can be greatly reduced. In Table I, we show the
numbers of variables in the original problem and the reformulated problem. The number of primary variables is reduced
from K N to (K − N + 1)N, and the number of dual variables
is reduced from N 2 + K to N + K . Such reductions result in
greatly reduced computational complexity.
3) Distributed Algorithm: The formulated problem can be
solved by the BS in a centralized manner. Alternatively,
we develop a distributed algorithm for 1) reducing the computation load at the BS; 2) reducing the burden of the BS on
collecting channel states for all users to all the relays; and
3) making the system more robust.

For the distributed algorithm, we define nonnegative dual
variables μ
 = [μ1 , . . . , μ K , λ1 , . . . , λ N ] for the inequality
constraints. The Lagrangian function is
L(C, μ)
 =

N




E log W tj (c j,r ) |wtj

j =1

+

K


⎛
μk ⎝ Pmax −

+

⎞
2
E j (k)
cj ⎠

j =1

k=1
N


N




j
λ j E j c j G

j =1

=

N


L j (
c j , μ)
 + Pmax

j =1

K


μk

(25)

k=1

where C is a matrix consisting of all column vector c j ’s and
K



L j (
c j , μ)
 = E log W tj (c j,r ) |wtj −
μk E j (k)
cj

2

k=1

 j.
+λ j (E j c j ) G

(26)

The corresponding problem can be decomposed into N subproblems and solved iteratively [13]. In Step τ ≥ 1, for given
vector μ(τ
 ), each CR user solves the following subproblem
using local information:
c j , μ(τ
 )).
c j (τ ) = arg max L j (

(27)

Obviously, the objective function in (27) is concave.
Therefore, there is a unique optimal solution. The CR users
then exchange their solutions over the common control
channel. To solve the primal problem, we adopt the gradient
method [13]
c j (τ ), μ(τ
 ))
c j (τ + 1) = c j (τ ) + φ∇L j (

(28)

c j (τ ), μ(τ
 )) is the gradient of the primal problem
where ∇L j (
and φ is a small positive step size.
The master dual problem for a given C(τ ) is
 =
min q(μ)
μ


N

j =1

L j (
c j (τ ), μ)
 + Pmax

K


μk .

(29)

k=1

Since the Lagrangian function is differentiable, the subgradient
iteration method can be adopted
μ(τ
 + 1) = [μ(τ
 ) − ρ(τ )
g (τ )]+

(30)

g (τ )||2 is a positive step
where ρ(τ ) = q(μ(τ
 )) − q(μ
 ∗ )||
size, μ
 ∗ is the optimal solution, g(τ ) = ∇q(μ(τ
 )) is the
gradient of the dual problem, and [·]+ denotes the projection
onto the nonnegative axis. Since the optimal solution μ
 ∗ is
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Algorithm 2: Algorithm for the Case of a Single Channel
1
2
3
4
5
6
7
8
9
10
11
12
13

if N = 1 then
Set ak, j to Pmax for all k;
else
Set τ = 0; μ(0)

to positive values; C(0) to random values;
Compute bases E j ’s as in Algorithm 1;
repeat
τ = τ + 1;
Compute c j (τ ) as in (28);
Broadcast c j (τ ) on the common control channel;
Update μ(τ
 ) as in (30);
until ||μ(τ
 ) − μ(τ
 − 1)|| < κ;
Compute ak, j ’s;
end

TABLE II
C OMPARISON OF C OMPUTATIONAL C OMPLEXITY FOR THE C ASE OF
M ULTIPLE C HANNELS W ITH C HANNEL B ONDING

√
that τ (q(μ(τ
 )) − q(μ
 ∗ )) ≥ ξ , for all τ ≥ τ  . Taking the

square sum from τ to ∞, we have
∞

τ =τ

unknown a priori, we choose the mean of the objective values
of the primal and dual problems as an estimate for μ
 ∗ in
the algorithm. The updated μk (τ + 1) will again be used
to solve the subproblems (27). The distributed algorithm is
shown in Algorithm 2, where 0 ≤ κ  1 is a threshold for
convergence.
4) Performance Analysis: We analyze the performance of
the distributed algorithm in this section. In particular, we prove
that
√ it converges to the optimal solution at a speed faster than
1/τ as τ goes to infinity.
Theorem 1: The series q(μ(τ
 )) converges
to q(μ
 ∗ ) as τ
∞
goes to infinity and the square error sum τ =1 (q(μ(τ
 )) −
q(μ
 ∗ ))2 is bounded.
Proof: For the optimality gap, we have
||μ(τ
 + 1) − μ
 ∗ ||2 = ||[μ(τ
 ) − ρ(τ )
g(τ )]+ − μ
 ∗ ||2
≤ ||μ(τ
 ) − ρ(τ )
g(τ ) − μ
 ∗ ||2
= ||μ(τ
 )−μ
 ∗ ||2
−2ρ(τ )(q(μ(τ
 )) − q(μ
 ∗ ))
2
2
g (τ )|| .
+(ρ(τ )) ||
Since the step size is ρ(τ ) = q(μ(τ
 )) − q(μ
 ∗ )/||
g (τ )||2 , it
follows that:
(q(μ(τ
 )) − q(μ
 ∗ ))2
||
g (τ )||2
(q(μ(τ
 )) − q(μ
 ∗ ))2
≤ ||μ(τ
 )−μ
 ∗ ||2 −
ĝ 2
(31)

 )−μ
 ∗ ||2 −
||μ(τ
 + 1) − μ
 ∗ ||2 ≤ ||μ(τ

where ĝ 2 is an upper bound of ||
g (τ )||2 . Since the second
term on the right-hand side of (31) is nonnegative, it follows
that limτ →∞ q(μ(τ
 )) = q(μ
 ∗ ).
Summing (31) over τ , we have
∞

(q(μ(τ
 )) − q(μ
 ∗ ))2 ≤ ĝ 2 ||μ(1)

−μ
 ∗ ||2 .
τ =1

That is, the square error sum is upper bounded.
Theorem
2: The sequence {q(μ(τ
 ))} converges faster than
√
{1/ τ } as τ goes to infinity.√
 ))−q(μ
 ∗ )) > 0. Then,
Proof: Assume lim τ →∞ τ (q(μ(τ

there is a sufficiently large τ and a positive number ξ such

∞

1
(q(μ(τ
 )) − q(μ
 )) ≥ ξ
= ∞.
τ


∗

2

2

(32)

τ =τ

Equation
Theorem 1, which states
∞ (32) contradicts with
that
 )) − q(μ
 ∗ ))2 is bounded. Therefore,
τ =1 (q(μ(τ
we have
q(μ(τ
 )) − q(μ
 ∗)
=0
√
τ →∞
1/ τ
lim

indicating√
that the convergence speed of q(μ(τ
 )) is faster than
that of 1/ τ .

B. Case of Multiple Channels With Channel Bonding
When there are multiple licensed channels, we first consider
the case in which the channel bonding/aggregation techniques
are used by the transmitters and CR users [14]). With channel
bonding, a transmitter can utilize all the available channels in
A(t) collectively to transmit the mixed signal. We assume that
at the end of the sensing phase in each time slot, CR users
tune their SDR transceiver to the common control channel
to receive the set of available channels A(t) from the BS.
Then, each CR user can receive from all the channels in A(t)
and decode its desired signal from the compound signal it
receives.
This case is similar to the case of a single licensed channel.
Now, all the active CR users receive from the set of available
channels A(t). We thus have bmj = 1, for m ∈ A(t), and
b mj = 0, for m ∈
/ A(t), j = 1, 2, . . . , N. When all the bmj ’s are
determined this way, (12) is reduced to a nonlinear programming problem with constraints (8) and (9). The distributed
algorithm described in Section IV-A can be applied to solve
this reduced problem to get optimal solutions. The complexity
reduction achieved by the reformulated problem is presented
in Table II for this case.

C. Case of Multiple Channels Without Channel Bonding
We finally consider the case of multiple channels without
channel bonding, in which each CR user has a narrowband SDR transceiver, and can only receive from one of the
channels. We first present a greedy algorithm that leverages the
optimal algorithm in Algorithm 2 for near-optimal solutions,
and then derive a lower bound for its performance.
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Algorithm 3: Channel Selection Algorithm for the Case
of Multiple Channels Without Channel Bonding
1
2
3

4
5
6
7
8
9

Initialize b to a zero vector, user set U = {1, · · · , N} and
user-channel set C = U × A(t);
while C = ∅ do
Find the user-channel pair { j  , m  }, such that

{ j  , m  } = arg max{{ j,m}∈C } {(b + υ m
j ) − (b)};

m



Set b = b + υ j  and remove j from U;
N
m
if
j =1 b j = K then
Remove m  from A(t);
end
Update user-channel set C = U × A(t);
end

1) Greedy Algorithm: When M > 1, the optimal solution
to (12) depends also on the binary variables bmj ’s, which
determines whether user j receives from channel m. Recall
that there are two constraints for the bmj ’s: 1) each user can
receive from at most one channel (11) and 2) the number
of users on the same channel cannot exceed the number of
transmitters K (20). Let b be the channel allocation vector with
 the corresponding objective value for
elements bmj ’s, and (b)

a given user channel allocation b.
We take a two-step approach to solve (12). First, we apply
the greedy algorithm in Algorithm 3 to choose one available channel in A(t) for each CR user (i.e., to deter Second, we apply the algorithm in Algorithm 2
mine b).
to obtain a near-optimal solution for the given channel

allocation b.
In Algorithm 3, υ m
j is a unit vector with 1 for the [( j −1)×
 υ m 
M +m]th element and 0 for all other elements, and b = b+
j
indicates choosing channel m  for user j  . In each iteration, the
user-channel pair ( j  , m  ) that can achieve the largest increase
in the objective value is chosen, as in Step 3. The worst case
complexity of Algorithm 3 is O(K 2 M 2 ).
2) Performance Bound: We next analyze the greedy algorithm and derive a lower bound for its performance. Let νl
be the sequence from the first to the lth user-channel pair
selected by the greedy algorithm. The increase in objective
value is denoted as
(33)
Fl := F(νl , νl−1 ) = (νl ) − (νl−1 ).
S
Sum up (33) from 1 to S. We have
l=1 Fl = (ν S )
since (ν0 ) = 0. Let  be the global optimal solution
for user-channel allocation. Define πl as a subset of . For
given νl , πl is the subset of user-channel pairs that cannot
be allocated due to the conflict with the lth user channel
allocation νl (but not conflict with the user-channel allocations
in νl−1 ).
Lemma 4: Assume the greedy algorithm stops in S steps,
we have
() ≤ (ν S ) +

S 

l=1 σ ∈πl

F(σ ∪ νl−1 , νl−1 ).

Proof: The proof is similar to the proof of [16, Lemma 7],
and is omitted for brevity.

Fig. 1.

Competitive ratio E[χ ] defined in (36) versus channel utilization η.

Theorem 3: The greedy algorithm for channel selection in
Algorithm 3 can achieve an objective value that is at least
1/|A(t)| of the global optimum in each time slot.
Proof: According to Lemma 4, it follows that:
() ≤ (ν S ) +

S


|πl |Fl

l=1

≤ (ν S ) + (|A(t)| − 1)

S


Fl

l=1

= |A(t)|(ν S ).

(34)

The second inequality is due to the fact that each user
can choose at most one channel, and there are at most
min{|A(t)| − 1, N} pairs in πl according to the definition.
Without loss of generality, we assume there are more secondary users than the number of available channels. Then, the
number of pairs inπl is at most (|A(t)| − 1). The equality
S
in (34) is because l=1
Fl = (ν S ). Then, we have
1
() ≤ (ν S ) ≤ ().
|A(t)|

(35)

The greedy heuristic solution is lower bounded by 1/|A(t)| of
the global optimum.
Define competitive ratio χ = (ν S )/() = 1/|A(t)|.
Assume all the licensed channels have identical utilization η.
Define D as the number of available channels. Note that
all the licensed channels have identical utilization, and they
are identical distributed with Bernoulli distribution. Therefore,
D has a binomial distribution as
 !
M
Pr(D = d) =
η M−d (1 − η)d .
d
We define χ = 1 when there is no available channels. Then,
we derive the expectation of χ as
!
M  !

1
M
M
(36)
η M−d (1 − η)d .
E[χ] = η +
d
d
d=1

In Fig. 1, we evaluate the impact of channel utilization η
and the number of licensed channels M on the competitive
ratio. We increase η from 0.05 to 0.95 in steps of 0.05,
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and increase M from 6 to 12 in steps of 2. The lower
bound (35) becomes tighter when η is larger, or when M is
smaller. For example, when η = 0.6 and M = 6, the greedy
algorithm solution is guaranteed to be no less than 52.7% of
the global optimal. When η is increased to 0.95, the greedy
algorithm solution is guaranteed to be no less than 98.3% of
the global optimal. When |A(t)| = 1, the proposed scheme is
optimal, which validates the earlier analysis in Section IV-A.
V. P ERFORMANCE E VALUATION
We evaluate the performance of the proposed algorithms
with a MATLAB implementation and the JSVM 9.13 video
codec. For comparison, we develop two simpler heuristic
schemes that do not incorporate interference alignment.
1) Heuristic 1: each CR user selects the best channel
in A(t) based on channel condition. The time slot is
equally divided among the users receiving from the same
channel, to send their signals separately in each time
slot.
2) Heuristic 2: in each time slot, the active user with the
best channel is selected for each available channel. The
entire time slot is used to transmit this user’s signal.
Once channel assignment is determined, the PSNR increment in time slot t achieved by Heuristic 1 can be derived
as


K
bmj
βj B 
1   m 2
t
 m log2 1 +
G k, j
. (37)
j =
T
N0
j bj
m∈A(t )

Similarly,
t
j

Fig. 2. Convergence rate of the distributed algorithm with a single channel.

k=1

t
j

achieved by Heuristic 2 can be derived as


K
βj B  m
1   m 2
. (38)
G k, j
=
b j log2 1 +
T
N0
m∈A(t )

Fig. 3.

Received video quality for each CR user with a single channel.

k=1

As discussed in Section II-A, the dynamic of the licensed
channels is modeled by two-state discrete-time Markov
processes. For the user channels, the channel fading-gain
process is piecewise constant on blocks of one time slot, and
fading in different time slots are independent. The Rayleigh
fading model is used for all the simulation results reported
in this paper. The proposed algorithm uses the video quality
model (6) when solving the formulated problem. Then, the
solution is used in the simulations driven by the video data
generated by the JSVM 9.13 video codec using different test
sequences.
A. Case of Single Licensed Channel
In the first scenario, there are K = 4 transmitters, i.e.,
one BS and three RNs. The channel utilization η is set to
0.6, and the maximum allowable collision probability γ is set
to 0.2. There are three active CR users, each receives an MGS
video stream from the BS: Bus to CR user 1, Mobile to CR
user 2, and Harbor to CR user 3. The video sequences are in
the common intermediate format (252 × 288). The GOP size
of the videos is 16, and the delivery deadline T is 10. The
false alarm probability is lm = 0.3 and the miss detection
probability is δlm = 0.3 for all spectrum sensors. The channel

bandwidth B is 1 MHz. The peak power limit is 10 W for all
the transmitters, unless otherwise specified.
We first examine the convergence rate of the distributed algorithm. According to Theorem 2, the√distributed
algorithm converges at a speed faster than 1/ τ asymptotically. We compare the optimality gap√of the proposed
algorithm, i.e., |q(τ ) − q ∗|, with series 10/ τ in Fig. 2. Both
curves converge to zero as τ goes to infinity. It can be seen
that the convergence speed, i.e., the slope of the
√ curve, of the
proposed scheme is larger than that of 10/ τ after about
10 iterations. The
√ convergence of the optimality gap is much
faster than 10/ τ , which exhibits a heavy tail.
We next present the average Y-PSNRs of the three reconstructed MGS videos in Fig. 3. Among three schemes, the
proposed algorithm achieves the highest PSNR value. To illustrate the visual quality of the reconstructed video, we plotted
selected frames for each user in Fig. 4. The first heuristic
algorithm has an inferior performance since there is no collaboration among the transmitters, and time-division multiple
access has to be adopted to avoid interference among the users
choosing the same channel. The second heuristic algorithm
has the poorest performance, since for each time slot only
one cognitive user is active. Note that the proposed algorithm
is optimal in the single-channel case. It achieves significant
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Fig. 4. Comparison of the visual quality of the reconstructed frames for the three users. (a) User1, Bus, Heuristic1. (b) User1, Bus, Heuristic2. (c) User1,
Bus, Proposed. (d) User2, Mobile, Heuristic2. (e) User2, Mobile, Proposed. (f) User3, Harbor, Heuristic1. (g) User3, Harbor, Heuristic2. (h) User3, Harbor,
Proposed. (i) User3, Harbor, Proposed.

improvements ranging from 3.64 to 5.02 dB over the two
heuristic algorithms.
B. Case of Multiple Channels With Channel Bonding
In the second scenario, we investigate the case with two
licensed channels with channel bonding. The parameters are
the same as in the previous section, except that M = 2. We
also assume that CR users 1–3 are streaming test sequence
Bus, Mobile, and Harbor, respectively. The simulation results
are plotted in Figs. 5 and 6. Similar trend can be observed
as in Fig. 3, where the superior performance of the proposed
scheme is demonstrated.
 t
For the two heuristic algorithms, we find that
j
j
in Heuristic 1 is upper bounded by that of Heuristic 2.
However, due to the effect of the initial values of wtj , which
is essentially αi , and the bound of success probability in (18),
the average Y-PSNR of Heuristic 1 is not necessarily lower
than that of Heuristic 2. For instance, in the single-channel
case, the average Y-PSNR of Heuristic 1 is higher than that
of Heuristic 2, since in Heuristic 2, only one CR user is
selected. As the number of channels is increased to two, two

CR users will be selected with Heuristic 2. Hence, the Y-PSNR
performance of Heuristic 2 catches up. We can expect that if
the number of available channels is greater than or equal to
the number of CR users, Heuristic 2 will achieve much higher
Y-PSNR values than Heuristic 1.
Comparing with the proposed scheme, the two heuristic
algorithms have the advantage of low complexity. These two
schemes also exploit the diversity gain in multiuser communications. These can be adopted when complexity or scalability
becomes the main objective than video quality.
C. Case of Multiple Channels Without Channel Bonding
We next investigate the third scenario with six licensed
channels and four transmitters. There are 12 CR users, each
streaming one of the three different videos Bus, Mobile, and
Harbor. The rest of the parameters are the same as those in the
single-channel case, unless otherwise specified. Equation (34)
can also be interpreted as an upper bound on the global
optimal, i.e., () ≤ |A(t)|(ν L ), which is also plotted
in the figures. Each point in the following figures is the
average of 10 simulation runs with different random seeds.
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Fig. 5. Received video quality for each CR user for multiple channels with
channel bonding.

Fig. 7.
Reconstructed video quality versus channel utilization η in the
multichannel without channel bonding case.

Fig. 6. Reconstructed video quality versus the number of transmitters K for
multiple channels with channel bonding.

Fig. 8. Reconstructed video quality versus number of transmitters K in the
multichannel without channel bonding case.

The 95% confidence intervals are plotted as error bars, which
are generally negligible.
The impact of channel utilization η on received video
quality is shown in Fig. 7. We increase η from 0.3 to 0.9 in
steps of 0.15, and plot the Y-PSNRs of reconstructed videos
averaged over all the 12 CR users. Intuitively, a smaller η
allows more transmission opportunities for CR users, thus
allowing the CR users to achieve higher video rates and better
video quality. This is shown in the figure, in which all four
curves decrease as η is increased. We also observe that the
gap between the upper bound and proposed schemes becomes
smaller as η gets larger, from 32.65 dB when η = 0.3 to
0.63 dB when η = 0.9. This trend is also shown in Fig. 1.
The proposed scheme outperforms the two heuristic schemes
with considerable gains, ranging from 0.8 to 3.65 dB.
Finally, we investigate the impact of the number of transmitters K on the video quality. In this simulation, we increase
K from two to six with step size one. The average Y-PSNRs
of all the 12 CR users are plotted in Fig. 8. As expected,
the more transmitters, the more effective the interference
alignment technique, and thus the better the video quality.
The proposed algorithm achieves gains ranging from 1.78

(when K = 2) to 4.55 dB (when K = 6) over the two heuristic
schemes.
VI. R ELATED W ORK
Video over wireless networks have been an active research
area for years [26]–[30]. This paper is closely related to the
prior work on cooperative communications [4] and that on
CR networking [3]. There have been significant advances in
these areas, which laid out the foundation for this paper.
Researchers have been exploring the idea of combining these
two techniques [5], [6], [8]. In [5], an overview of cooperative
relay scenarios and related issues was presented, along with
a GNU radio implementation of a Medium Access Control
protocol. In [6], a centralized heuristic was presented to
address the relay selection and spectrum allocation problem in
CR networks.
Cooperative diversity has been exploited for wireless video
streaming in [9] and [31]–[34]. Liu et al. [31] proposed a
network-coding-based cooperative repair framework for peers
in an ad hoc WLAN to improve broadcast video quality during
channel losses, in which repair is optimized for broadcast
video in a rate-distortion manner. Hua et al. [32] proposed
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a scalable video broadcast/multicast solution that integrates
scalable video coding, 3G broadcast, and ad hoc relays to
balance the system-wide and worst case video quality of all
viewers in a 3G cell. In [33], two-hop cooperative transmission
was integrated with layered video coding and packet-level
forward error correction to enable efficient and robust video
multicast in a cellular network, in which multiple relays
forward the data simultaneously using randomized distributed
space time codes. In [34], a problem of joint rate control,
relay selection, and power allocation for video streaming
over cooperative networks was formulated and solved, aiming
to maximize the sum PSNR of a set of concurrent video
sessions.
The problem of video over CR networks has only been
studied in [15], [16], [23], and [35]–[38]. In [35], a dynamic
channel selection scheme was proposed for CR users to transmit videos over multiple channels. In [36], a distributed joint
routing and spectrum sharing algorithm for video streaming
over CR ad hoc networks was described and evaluated with
simulations. In our prior work, we considered video multicast
in an infrastructure-based CR network [15], unicast video
streaming over multihop CR networks [23], and CR femtocell
networks [16]. In [37], the impact of system parameters
residing in different network layers is jointly considered to
achieve the best possible video quality for CR users. Unlike
the heuristic approaches in [35] and [36], the analytical and
optimization approach taken in this paper yields algorithms
with optimal or bounded performance. Ding and Xiao [38]
investigated the problem of enabling multisource video
on-demand applications in multiinterface cognitive wireless
mesh networks. Both centralized and distributed algorithms
are developed for joint multipath routing and spectrum allocation for video sessions to minimize the total bandwidth
cost.
As point-to-point link capacity approaches the Shannon
limit, there has been considerable interest on exploiting interference to improve wireless network capacity [10], [11],
[20], [21], [39]. In addition to information theoretic work
on asymptotic capacity [10], [11], practical issues have been
addressed in [20]–[22], [39], and [40]. Katti et al. [39]
presented a practical design of analog network coding to
exploit interference and allow concurrent transmissions, which
does not make any synchronization assumptions. In [20],
interference alignment and cancellation is incorporated in
multiple-input and multiple-output LANs, and the network
capacity is shown, analytically and experimentally, to be
almost doubled. Li et al. [21] presented a general algorithm
for identifying interference alignment and cancellation opportunities in practical multihop mesh networks. The impact of
synchronization and channel estimation was evaluated through
a GNU radio implementation. Liu et al. [40] present a relayassisted ARQ scheme, in which a distributed beamformingbased interference cancellation scheme is used for cognitive
relays to exploit spectrum opportunities for retransmission
of lost packets. Anand et al. [22] presented the design
and experimental evaluation of Simultaneous Transmission
with Orthogonally Blinded Eavesdroppers, in which multiantenna APs can construct simultaneous data streams using
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zero-forcing beamforming. This work certainly justified the
viability of the proposed scheme in this paper.
VII. C ONCLUSION
In this paper, we investigated the problem of relay-assisted
multiuser scalable video streaming in a relay enhanced
CR cellular network. We presented a stochastic programming
formation and derived a reformulation that leads to considerable reduction in computational complexity. A distributed
optimal algorithm was developed for the case of a single
channel and the case of multichannel with channel bonding,
with proven convergence and convergence speed. We also
presented a greedy algorithm for the multichannel without
channel bonding case, with a proven performance bound.
The proposed algorithms were evaluated with simulations and
were shown to outperform two heuristic schemes without
interference alignment with considerable gains.
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