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Streaming Scalable Videos over
Multi-Hop Cognitive Radio Networks

Donglin Hu and Shiwen Mao, Senior Member, IEEE

Abstract—We investigate the problem of streaming mul-
tiple videos over multi-hop cognitive radio (CR) networks.
Fine-Granularity-Scalability (FGS) and Medium-Grain-Scalable
(MGS) videos are adopted to accommodate the heterogeneity
among channel availabilities and dynamic network conditions.
We obtain a mixed integer nonlinear programming (MINLP)
problem formulation, with objectives to maximize the overall
received video quality and to achieve fairness among the video
sessions, while bounding the collision rate with primary users
under the presence of spectrum sensing errors. We first solve the
MINLP problem using a centralized sequential fixing algorithm,
and derive upper and lower bounds for the objective value.
We then apply dual decomposition to develop a distributed
algorithm and prove its optimality and convergence conditions.
The proposed algorithms are evaluated with simulations and are
shown to be effective in supporting concurrent scalable video
sessions in multi-hop CR networks.

Index Terms—Cross-layer optimization, dynamic spectrum
access, distributed algorithm, multi-hop cognitive radio networks,
video streaming.

I. INTRODUCTION

cognitive radio (CR) is an advanced radio device with

A interface(s) to sense the radio environment, an intelligent
agent for decision-making based on radio environment and
past experience, and a frequency-agile radio that can be tuned
to a wide range of frequency bands and operate from there.
CR represents a paradigm change in spectrum regulation and
access, from exclusive use by licensed, or primary, users
to sharing spectrum with, and dynamic spectrum access for
unlicensed, or secondary, users. It has profound impact on
how future wireless networks will be designed and operated.
The high potential of CRs has attracted substantial interest.
The mainstream CR research has focused on developing effec-
tive spectrum sensing and access techniques (see [1] and [2]
and reference therein). Although considerable understandings
have been gained on various aspects of CR, the important
problem of guaranteeing application performance has not
been the focus of major CR research. To this end, we find
spectrum-intensive and rate-adaptive multimedia, or video as
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Fig. 1. Illustration of the multi-hop video CR network architecture.

a reference application, makes excellent use of the enhanced
spectrum efficiency in CR networks. Unlike data, where each
bit should be delivered, video is loss tolerant and rate adaptive.
They are highly suited for CR networks, where the available
bandwidth heavily depends on primary user behavior. Graceful
degradation of video quality can be achieved as spectrum
opportunities change over time.

In our prior work [3], we investigated the problem of
multicasting Fine-Granularity-Scalablity (FGS) video in an
infrastructure-based CR network and demonstrated the fea-
sibility of video over CR networks. In this paper, we study
the more challenging problem of video over multi-hop CR
networks. As illustrated in Fig. 1, we consider an infras-
tructureless CR network co-located with one or more fixed
primary networks. CR users non-intrusively exploit white
spaces in the licensed bands for streaming multiple videos.
The objective is two-fold: to maximize the overall video
quality and to achieve fairness among the concurrent video
sessions, subject to bounded interference to primary users.

We adopt FGS videos to accommodate heterogeneous chan-
nel availabilities and dynamic network conditions [4]. FGS
video is coded into a base layer (BL) and an enhancement
layer (EL). The EL can be truncated at any bit location, while
all the remaining bits are still useful for decoding. This feature
simplifies the design of video streaming systems. We also
consider H.264/SVC Medium-Grain-Scalable (MGS) videos
in this paper. MGS is shown to achieve better rate-distortion
performance over MPEG-4 FGS, although MGS only has
Network Abstraction Layer (NAL) unit-based granularity [5].

In order to model and guarantee end-to-end video perfor-
mance, we adopt the amplify-and-forward relay approach for
video data, which is well-studied in the context of cooperative
communications [6]. Specifically, each CR node is equipped
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with two transceivers operating on orthogonal channels. Dur-
ing data transmission, a relay CR node receives data from its
upstream node using one transceiver on one channel, while
simultaneously amplifies and forwards the received data to its
downstream node using the other transceiver operating on a
different channel. This is equivalent to establishing a virtual
tunnel through a multi-hop multi-channel path, as illustrated
in Fig. 2. It is also analogous to the “cut-through switching”
approach for packet switching networks [7]. In addition to
allowing a neat formulation of the challenging multi-hop video
streaming problem, this approach also satisfies video’s needs
for low latency, low jitter, and high bandwidth. Its feasibility
and practical considerations for multi-hop wireless networks
have been addressed in [8].

The target problem is non-trivial due to the additional
dimension of network dynamics (i.e., channel availability) and
the additional uncertainty (i.e., spectrum sensing and sensing
errors) found in CR networks. The stringent QoS requirements
necessitate cross-layer optimization. The lack of centralized
control also calls for distributed algorithms. We formulate
streaming multiple videos over a multi-hop CR network as
a mixed integer nonlinear programming (MINLP) problem,
considering important design factors such as spectrum sens-
ing and sensing errors, spectrum access and primary user
protection, video quality and fairness, channel scheduling,
and path selection. We first develop a centralized sequential
fixing algorithm to derive upper and lower bounds for the
achievable video quality. These bounds provide useful insights
on performance limits of the CR video system. We then
decompose the MINLP problem into a channel scheduling
problem and a path selection problem. The channel scheduling
problem is solved with a greedy algorithm. For path selection,
we apply dual decomposition and develop a distributed algo-
rithm. We prove the optimality of the proposed approach and
derive the convergence condition for the distributed algorithm.
The algorithms are evaluated with extensive simulations. The
distributed algorithm is shown to be highly effective for sup-
porting concurrent video sessions in multi-hop CR networks,
as it can achieve a performance close to that of the centralized
algorithm as well as the upper bound in the cases examined.

The remainder of this paper is organized as follows. The
system model is described in Section II. We present the
problem formulation and develop the centralized algorithm in
Section III. We derive the distributed algorithm and analyze
its optimality and convergence performance in Section IV.
Simulation results are presented in Section V and related work
is discussed in Section VI. Section VII concludes the paper.

II. SYSTEM MODEL
A. Network Model

We consider a spectrum band consisting of M orthogonal
channels with identical bandwidth [9]. As shown in Fig. 1,
the channels are shared by K primary networks and one
multi-hop CR network. The primary network base stations
provide data or multimedia service to primary users. There
is no fixed infrastructure in the CR network; secondary users
non-intrusively explore the spectrum opportunities for unicast
video communications.
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1) Primary Networks: We assume that the M channels
are allocated to K primary networks, which cover different
service areas. We further assume that the primary systems use
a synchronous slot structure as in prior work [2], [10]. Due
to primary user transmissions, the occupancy of each channel
evolves following a discrete-time Markov process, as validated
by recent measurement studies [2], [10], [11].

In primary network k, the status of channel m in time slot ¢
is denoted by S (t) with idle (i.e., S¥ (t) = 0) and busy (i.e.,
Sk (t) = 1) states. Let Ak, and p, be the transition probability
of remaining in state 0 and that from state 1 to 0, respectively,
for channel m in primary network k. The utilization of channel
m in primary network k, denoted by n* = Pr(S* = 1), is

k
lZLS’TZ(t) = %

2) The Multi-hop CR Network: Consider a multi-hop CR
network co-located with the primary networks, within which
N CR nodes are streaming S real-time videos. Let U/* denote
the set of CR nodes that are located within the coverage of
primary network k. A video session [ may be relayed by
multiple CR nodes if source z; is not a one-hop neighbor of
destination d;. We assume a common control channel for the
CR network [10]. We also assume the timescale of the primary
channel process (or, the time slot durations) is larger than the
broadcast delays on the control channel, such that feedbacks
of channel information can be received at the source nodes in
a timely manner.

For CR users, each time slot consists of three phases: the
spectrum sensing phase, the data transmission phase, and the
acknowledgment phase. Assume that each CR user has two
transceivers. In the sensing phase, one transceiver is used to
sense one of the M channels, while the other is tuned to the
control channel to exchange channel information with other
CR users. Each video source computes the optimal path se-
lection and channel scheduling based on sensing results. In the
transmission phase, the channels assigned to a video session [
at each link along the path form a virtual “tunnel” connecting
source z; and destination dy, as illustrated in Fig. 2. Each node
can use one or more than one channels to communicate with
other nodes using a channel aggregation technique such as
Orthogonal Frequency Division Multiplexing (OFDM) [10],
[12]. When multiple channels are available on all the links
along a path, multiple tunnels can be established and used
simultaneously for a video session. In the acknowledgment
phase, the destination sends ACK to the source for success-
fully received video packets through the same tunnel.

We adopt amplify-and-forward for video transmission [6].
During the transmission phase, one transceiver of the relay
node receives video data from the upstream node on one
channel, while the other transceiver of the relay node amplifies
and forwards the data to the downstream node on a different,
orthogonal channel. There is no need to store video packets at
the relay nodes. Error detection/correction will be performed
at the destination node. As a result, we can transmit through
the tunnel a block of video data with minimum delay and jitter
in one time slot.

Compared to the traditional “hop-centric” approach, this
scheme greatly reduces the collision, contention, processing,

lim
T— o0

nk = (1
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Fig. 2. The cut-through switching model for video data.

and queueing delay induced at relay nodes [7], [8]. It is suit-
able for real-time data with tight delay and jitter requirements.
It is especially amicable for FGS video, since a corrupted
packet may still be useful for decoding. The viability, protocol-
related issues, and practical considerations of this approach are
addressed in [8]. The challenging issue, however, is how to
set up the tunnels, while the available channels at the relays
evolve over time due to primary user transmissions. We will
address this issue in Section IV.

B. Spectrum Sensing

Although precise and timely channel state information is
highly desirable, continuous full-spectrum sensing is hardware
demanding. Without loss of generality, we assume each CR
user periodically chooses one channel to sense in each time
slot [13]. The index of the chosen channel by user ¢ in time
slot ¢ is: M;(t) = [M;(0) + ¢ — 1] mod M, where M;(0) is
the index of the channel sensed in time slot O.

There are two types of spectrum sensing errors: with a false
alarm, a spectrum opportunity will be wasted, while a miss
detection may lead to collision with primary users. Without
loss of generality, we assume that the same spectrum sensing
mechanism is used with identical sensing error probabilities
for all CR users. Let €, and §,, denote the probabilities of
false alarm and miss detection on channel m, respectively. For
time slot ¢, we have:

m=1,-,M

POV () — 1185 (1
{ (N VC)

P(W(t) = 0|5y, (t)

7

0) = em,
1) = 6,

where W/ (t) is user i’s sensing result for channel m.

In a multi-hop CR network, the sensing results from various
users may be different. Denote Hj as the hypothesis that
channel m in primary network £ is idle, and H; the hypothesis
that channel m in primary network k is busy in time slot ¢. The
conditional probability that channel m is available in primary
network k, denoted by a¥, (¢), can be derived as in (3), where
0 represents a specific sensing result (0 or 1), U* is the
subset of users in ¥ (i.e., the set of CR nodes that are located
within the coverage of primary network k) that sense channel
m, uk, is the number of users in X observing channel m
is idle, ¥, represents the history of channel m in primary
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network k,! and ¥ and ¢F, are defined as:
k _ PW™=0lH\) _ b m _
{ Pm = P(W;::O|H(l)) = 772, when 6i" =0 @)
kE _ PWT=1H1) _ 1-6, m _
Om = POV = oo When 07 =1.

The third equality equality in (3) is due to independent sensing
processes. The fourth equality is because sensing processes
are independent of channel history. Based on the Markov
chain channel model, we have (5), which can be recursively
expanded:

Pr(Holrh) = Mookt — 1)+ s [1— bt~ 1]
Pr(Hy|mk ) = 1 — Pr(Ho|n*). )

C. Spectrum Access and Interference Modeling

Based on spectrum sensing results, a CR user determines
which channel(s) to access for transmission of video data.
Let k¥ be a threshold for spectrum access: channel m is
considered idle if the estimate a’fn is greater than the threshold,
and is considered busy otherwise. The availability of channel
m in primary network k, denoted as A,’jl, is

Ak —_ 07 a’I:n > HI:n
m 1, otherwise.

For each channel m, we can calculate the probability of
collision with primary users as:

k k . .
Pr(A}, = 0|H)) =Zl—€%(“;"> (1= 8,) [ 1=2(8,)7, (D)

(6)

where set 1% is defined as:

-1
k . i Uk I—iPr(Hl‘an) k
— 1 ,,n"l - - > . 8
m {Z { +Pm Pr(Hy|rk) = Fm ®)

For non-intrusive spectrum access, the collision probability
should be bounded with a prescribed threshold 7¥,. A higher
spectrum access threshold %, will reduce the potential inter-
ference with primary users, but increase the chance of wasting
transmission opportunities. For a given collision tolerance 7¥,,
we can solve Pr(A* = 0|H,) =~k for sk . The objective
is to maximize CR users’ spectrum access without exceeding
the maximum collision probability with primary users.

Let Q;; be the set of available channels at link {3, j}.
Assuming i € U* and j € U, we have

Qm-:{m‘Afn:OandAﬁ;:O}. )

D. Link and Path Statistics

Due to the amplify-and-forward approach for video data
transmission, there is no queueing delay at intermediate nodes.
Assume each link has a fixed delay w; ; (i.e., processing and
propagation delays). Let P;* be the set of all possible paths
from z; to d;. For a given delay requirement 73, the set of
feasible paths P; for video session [ can be determined as:

Pi={P[Spsepwis <To PEPLY. (10)

Ik represents the availability of channel m in primary network k in the
previous time slot. If the channel was used in that time slot, 7, can be
readily determined as O or 1, since the channel state was known (i.e., with or
without ACKs). Otherwise, 7%, can be estimated in the form of ak, (t — 1)

as in (3).
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ak (t) = Pr(Ho|W™
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Pr(W™ =07 i € UX|Hoy, k) Pr(Ho|mk)

(] m) m)_

Pr(Ho|rk,) [Tcyen Pr(Wi™ = 67| Ho, k)

ZSG{O 1} PI‘(

=0m,1¢€ Uk |Hg, mk ) Pr(Hg|mk)
PT(HO‘Wm) Hieu;gb Pr(W/™ = 07" |Ho)

B ZsG{O,l} PT(HS‘Tdfn) Hiel/{k PI‘(Wm = 9m| s T nL) B

-1
Pr(W;™ = 6;"|H)
Pr(W™ = 0;"[Ho)

Pr(H, |my,)
Pr(H(lJlﬂfn) H

icuk,

1+

Let p;"; be the packet loss rate on channel m at link {4, }.
A packet is successfully delivered over link {i,j} if there is
no loss on all the channels that were used for transmitting the
packet. The link loss probability p; ; can be derived as:

Hme./\/l (1

where M is set of licensed channels and I,,, is an indicator:
I, = 1 if channel m is used for the transmission, and [,,, = 0
otherwise. Assuming independent link losses, the end-to-end
loss probability for path Plh € P; can be estimated as:

pij=1- — ), (11)

pi=1=I1g jpeps (L= piy)- (12)

E. Video Performance Measure

As discussed, both FGS and MGS videos are highly suitable
for dynamic CR networks [3]. With FGS or MGS coding, each
video [ is encoded into one base layer with rate RY and one
enhancement layer with rate R}. The total bit rate for video !
is R, = R} + Ry.

We consider peak-signal-noise-ratio (PSNR) (in dB) of
reconstructed videos. As in prior work [3], [14], the average
PSNR of video I, denoted as ();, can be estimated as:

QuR) = Qi +A(R —R)) = Q) + iR, (13)
where Q;’ is the resulting PSNR when the base layer is
decoded alone, f3; a constant depending on the video sequence
and codec setting, and QO QY =B R;’. We verified the model
(13) with several test video sequences using the MPEG-4 FGS
codec and the H.264/SVC MGS codec and found it is highly
accurate. The results are omitted for brevity.

Due to the real-time nature, we assume that each group of
pictures (GOP) must be delivered during the next GOP win-
dow, which consists of Ng time slots. Beyond that, overdue
data from the current GOP will be useless and will be dis-
carded. We further assume fixed packet length L. Therefore
the average rate in a GOP window is R = (N, L,)/(NgTs),
where T is the time slot duration and N, is the number of
successfully delivered packets.

We also aim to achieve fairness among the concurrent video
sessions. It has been shown that proportional fairness can
be achieved by maximizing the sum of logarithms of video
PSNRs (i.e., utilities). Therefore, our objective is to maximize
the overall system utility, i.e.,

(14)

maximize: Y, Ui(Ry) =), log(Qi(Ry)).

256{071} PT(HS‘Tdfn) Hieu#l PI‘(Wlm = e;m‘Hs)

ub, =k, Pr(Hy k)]
L () (ot 1 LT

ITI. PROBLEM STATEMENT
A. Multi-hop CR Network Video Streaming Problem

For the system described in Section II, the problem of video
over multi-hop CR networks consists of path selection for each
video session and channel scheduling for each CR node along
the chosen paths. We define two sets of index variables. For
channel scheduling, we have

1, atlink {4, 5}, if channel m is
i?; = assigned to tunnel 7 in path P} (15)
0, otherwise.
For path selection, we have
n | 1, if video session [ selects path P} € P, (16)
Y=\ 0, otherwise,

Note that the indicators, xi ?m and yl , are not independent.

If yl = 0 for path ’Pl , all the zb ?’T ’s on that path are 0. If

link {4, j} is not on path P}, all its b ;’ " s are also 0. For link

{i,7} on path ’Pl , we can only choose those available channels
in set €); ; to schedule video transmission. That is, we have

i?,:l €{0,1} if m € Q, ;, and xi?; = 0 otherwise. In the
rest of the paper, we use x and y to represent the vector forms
of zy%" and yf', respectively.

As discussed, the objective is to maximize the expected
utility sum at the end of Ng time slots, as given in (14).
Since log(Q;(E[R;(0)])) is a constant, (14) is equivalent to

the sum of utility increments of all the time slots, as
21 10g(QuE[RI(Ng)])) — log(Qu(E[R:(0)]))
=221 2 {1og(Qu(E[Ri(1)])) — log(Qu(E[R:i(t — 1)]))} .(17)

Therefore, (14) will be maximized if we maximize the ex-
pected utility increment during each time slot, which can be
written as:

> log(Qu(E[R
>, log <1 + 5

1(1)])) — log(Qu(E[Ri(t — 1)]))

E[Ri(t)] — E[Ri(t — 1)])
lh r
Z Z yl log 1—|—ZZ

QuE[R:(t —1)])
Bl pT 21, z m
I heP;

NeT.Ql~ NoT =1
¥ it ( DO N >) |
ePy

where z] is the next hop from z; on path P}, Py j, 1s the packet
loss rate on tunnel r of path P}, = QIE[Ri(t — 1)]),
and pf = 1L/ (NT,@} ),

- pzh)
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From (11) and (12), the end-to-end packet loss rate for
tunnel r on path P} is:

H{z}j}E”Plh HmEM (1

We assume that each tunnel can only include one channel on
each link. When there are multiple channels available at each
link along the path, a CR source node can set up multiple
tunnels to exploit the additional bandwidth. We then have the
following constraint:

mei7?,7:z <1, Y{i,j}ePr

Considering availability of the channels, we further have,

S i < |l ¥ i, 5} € Pl (20)

where |€; ;| is the number of available channels on link {7, j}
defined in (9).

As discussed, each node is equipped with two transceivers:
one for receiving and the other for transmitting video data
during the transmission phase. Hence a channel cannot be used
to receive and transmit data simultaneously at a relay node.
We have for each channel m:

L,h,r Lh,r
Zr i,7,m +Zr jkm— ’
Ym,I,Y h e P,V {i,j}, {4, k} € P 21

I,h,r
pip=1- —piy)Tiam. (18)

(19)

Let n}' be the number of tunnels on path P}'. For each
source z; and each destination d;, the number of scheduled
channels is equal to nf‘ We have for each source node

Z Zm lzlhzrm_nlyh VhEPhVZ

Let dj be the last hop to destination d; on path P}', we have
for each destination node

S Tt = MY V€ PLY L

At a relay node, the number of channels used to receive
data is equal to that of channels used to transmit data, due to
flow conservation and amplify-and-forward. At relay node j
for session [, assume {i,5} € P" and {j, k} € P'. We have,

DOND DEELIEED DED Dy
VY heP,VIY{ij} {4k} € P

(22)

(23)

(24)

We also consider hardware-related constraints on path selec-
tion. We summarize such constraints in the following general
form for ease of presentation:

2 Zheplw'lq,hylh <1Vvy.

To simplify exposition, we choose at most one path in P; for
video session [. Such a single path routing constraint can be
expressed as ) ylh < 1, which is a special case of (25) where
w}y, =1 for all h, and wj, , =0 forall g # 1,1’ # I, and h.
We can also have ), ylh < & to allow up to & paths for each
video session. In order to achieve optimality in the general
case of multi-path routing, an optimal scheduling algorithm
should be designed to dispatch packets to paths with different
conditions (e.g., different number of tunnels and delays).
There are also disjointedness constraints for the chosen
paths. This is because each CR node is equipped with two
transceivers and both will be used for a video session if it is

(25)
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included in a chosen path. Such disjointedness constraint is
also a special case of (25) with the following definition for
wy,, for each CR node g:

L,

Finally we formulate the problem of multi-hop CR network
video streaming (OPT-CRV) as:

max: Z Z yllog (1 + pj Z Z xil’j;; -

L heP;
(15) ~

if node g € path P}

otherwise, (26)

(1- p%)) 27

subject to: (25).

B. Centralized Algorithm and Upper/Lower Bounds

Problem OPT-CRV is in the form of MINLP (without
continuous variables), which is NP-hard in general. We first
describe a centralized algorithm to derive performance bounds
in this section, and then present a distributed algorithm based
on dual decomposition in the next section.

We first obtain a relaxed non-linear progmmming (NLP)
version of OPT-CRV. The binary variables xi s " and yl are
relaxed to take values in [0,1]. The integer variables nl are
treated as nonnegative real numbers. It can be shown that
the relaxed problem has a concave object function and the
constraints are convex. This relaxed problem can be solved
using a constrained nonlinear optimization problem solver.
If all the variables are integer in the solution, then we have
the exact optimal solution. Otherwise, we obtain an infeasible
solution, which produces an upper bound for the problem. This
is given in Lines 1~2 in Table I.

We also develop a sequential fixing algorithm (SF) for
solving OPT-CRV. The pseudo-code is given in Table I. SF
iteratively solves the relaxed problem, fixing one or more
integer variables after each iteration [3], [15]. In Table I, Lines
3~7 fix the path selection variables yl , and Lines 8~17 fix
the channel scheduling variables xi?; and tunnel variables

; . The tunnel variables n}' can be computed using (22) after

1‘2?:” and y' are solved. When the algorithm terminates, it
produces a feasible solution that yields a lower bound for the

objective value.

IV. DUAL DECOMPOSITION

SF is a centralized algorithm requiring global information. It
may not be suitable for multi-hop wireless networks, although
the upper and lower bounds provide useful insights on the
performance limits. In this section, we develop a distributed
algorithm for Problem OPT-CRV and analyze its optimality
and convergence performance.

A. Decompose Problem OPT-CRV

Since the domains of xl?:n defined in (19)~(24) for

different paths do not intersect with each other, we can
decompose Problem OPT-CRYV into two subproblems. The first
subproblem deals with channel scheduling for maximizing the
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TABLE I
SEQUENTIAL FIXING ALGORITHM (SF) FOR PROBLEM OPT-CRV

1: Relax integer variables xi ;L;L, yl , and ”z ;

2:  Solve the relaxed problem using a constrained NLP solver;

3: if (there is yl not hxed)

4: Find the largest yl, , where [I, h'] = argmax{y}'},
and fix it to 1;

5: Fix other ylh’s according to constraint (25);

6 : Go to Step 2;

7: end if

8 : if (there is xi ? . not fixed)

9: Find the largest zt & ],/’ ,» where [¢/, 7/, m/, I/, r'] =
arg max{xl hr T}, and set it to 1;

10: Fix other xl o ', S according to the constraints;

11: if (there is other variable that is not fixed)

12: Go to Step 2;

13: else

14: Fix nlh’s based on x and y;

15: Exit with feasible solution {x,y,n};

16: end if

17:  end if

expected utility on a chosen path Plh. We have the channel

scheduling problem (OPT-CS) as:

Hl' =max 3, 3,20 (1 —p])) (28)
subject to: (19) ~ (24), lz’lh’; ., € 10,1}, for all I, h,r,m.
IR

In the second part, optimal paths are selected to maximize the
overall objective function. Letting Flh log (1 + p; I'H h)
have the following path selection problem (OPT-PS):

fy) =22 Zthhygh
2 Zheplw‘zq,hyzh <1, forall g
y € {0,1}, for all 1, h.

maximize: 29)

subject to:

B. Solve the Channel Scheduling Subproblem

We have the following result for assigning available chan-
nels at a relay node.

Theorem 1: Consider three consecutive nodes along a path,
denoted as nodes i, j, and k. Idle channels 1 and 2 are
available at link {7, j} and idle channels 3 and 4 are available
at link {j,k}. Assume the packet loss rates of the four
channels satisfy p; ; > p7; and p3, > p},. To set up two
tunnels, assigning channels {1, 3} to one tunnel and channels
{2, 4} to the other tunnel achieves the maximum expectation
of successful transmission on path section {4, j, k}.

Proof: Let the success probabilities on the channels be
ﬁ}j_l_pgj’ﬁ?j_l_pl]’p]k 1_pjk’andpjk:
1- pj .- We have p”. < sz and p] < p] - Comparing
the success probabilities of the channel assignment given in
Theorem 1 and that of the alternative assignment, we have
pz D3+ D7 D) — DDy — Pr b x = (B — Diy) (B3 —
P} ) > 0. The result follows.

According to Theorem 1, a greedy approach, which always
chooses the channel with the lowest loss rate at each link when
setting up tunnels along a path, produces the optimal overall
success probability. More specifically, when there is only one
tunnel to be set up along a path, the tunnel should consist
of the most reliable channels available at each link along the
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TABLE I
GREEDY ALGORITHM FOR CHANNEL SCHEDULING

1: [Initialization: tunnel » = 1, link {7, j}’s from z; to d;;
2: i (A ] ==0)
3. Exit;
4:  elseif (|A; ;| ==1)
5: Assign the single channel in A; j, m/, to tunnel 7;
6 Check neighboring link {k,%};
7: if (p}l'; € Ag.i)
8: Remove p}@’f; from Ay ;,
i<k, j < ¢ and go to Step 2;
9: else
10: Go to Step 13;
11: end if
12:  else
13: Put A; ; in set Alh;
14: if (node j is not destination d;)
15: P J, ] v
16: Go to Step 2;
17: end if
18:  end if
19:  while (A;L is not empty)
20: Find the maximum value p;?fj, in set Alh
21: Assign channel m/ to tunnel r;
22: Remove set A,/ ;s from set Ah
23: Check neighboring link {k, z} and {j,v};
24 if (p7"; € A; and Ay ; € AJ)
25: Remove p}@’f; from Ay ;3
26: if (Ay,; is empty)
27: Exit;
28: end if
29: end if
30: if (pm S ALU and Aj, € Ah)
31: Remove pm from Aj o3
32: if (Aj, is empty)
33: Exit;
34: end if
35: end if

36:  end while
37:  Compute the next tunnel: r — 7 + 1 and go to Step 2;

path. When there are multiple tunnels to set up along a path,
tunnel 1 should consist of the most reliable channels that are
available at each link; tunnel 2 should consist of the second
most reliable links available at each link; and so forth.

Define the set of loss rates of the available channels on
link {4,5} as A;; = {p}";Im € € ;}. The greedy algorithm
is given in Table II, with which each video source node
solves Problem OPT-CS for each feasible path. Lines 2~3
in Table II checks if there is more channels to assign and
the algorithm terminates if no channel is left. In Lines 4~11,
links with only one available channel are assigned to tunnel r
and the neighboring links with the same available channels are
removed due to constraint (21). In Lines 12~18, links with
more than two channels are grouped to be assigned later. In
Lines 19~21, the available channel with the lowest packet
loss rate is assigned to tunnel 7 at each unallocated link,
according to Theorem 1. To avoid co-channel interference,
the same channel on neighboring links is removed as in Lines
22~35.

C. Solve the Path Selection Subproblem

To solve Problem OPT-PS, we first relax binary variables ylh
to allow them take real values in [0,1] and obtain the following
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TABLE III
DISTRIBUTION ALGORITHM FOR PATH SELECTION

Initialization: set 7 = 0, e4(0) > 0 and step size s € [0, 1];

Each source locally solves the lower level problem in (32);

if (F' =3, df eq(7)) > 0) y =yl + 5, y' = min{y', 1};

else yl}L = ylh — s, yl}L = max{ylh, 0};

3:  Broadcast solution yI*(e(r));

4:  Each source updates e according to (34) and broadcasts e(7 + 1)
through the common control channel;

5: 7 < 7+l and go to Step 2 until termination criterion is satisfied;

N —

relaxed path selection problem (OPT-rPS):

fly) =2 ZhFlhyzh
2 Zheplw‘zq,hyzh <1, forall g
0<y} <1, forall h,l.

maximize: (30)

subject to:

We then introduce positive Lagrange Multipliers e, for the
path selection constraints in Problem OPT-rPS and obtain the
corresponding Lagrangian function:

L(y,e) =2, Fy + > ogee(1 =25 Zhwiq,hylh) €1y
=Yy - Zgwihy?eg) + 49
=3 L () + > 4C9-

Problem (31) can be decoupled since the domains of ylh’s
do not overlap. Relaxing the coupling constraints, it can be
decomposed into two levels. At the lower level, we have the
following subproblems, one for each path P},

max L} (y)',e) = F'y — 3 i u)'eq. (32)

0<yr<1
At the higher level, by updating the dual variables e4, we can
solve the relaxed dual problem:

min q(e) = ¥, 5,80 (o) ve) + Xper (33)
where (ylh) " is the optimal solution to (32). Since the solution
to (32) is unique, the relaxed dual problem (33) can be solved
using the following subgradient method that iteratively updates
the Lagrange Multipliers [16]:

.
es(T+1) = [eg(r) — a1 = T, Sl . G4

where 7 is the iteration index, a(7) is a sufficiently small
positive step size and [z]T denotes max{z,0}. The pseudo
code for the distributed algorithm is given in Table III.

D. Optimality and Convergence Analysis

The distributed algorithm in Table III iteratively updates
the dual variables until they converge to stable values. In
this section, we first prove that the solution obtained by the
distributed algorithm is also optimal for the original path
selection problem OPT-PS. We then derive the convergence
condition for the distributed algorithm.

Fact 1 ([16]): Consider a linear problem involving both
equality and inequality constraints

maximize: a'x (35)
subject to: hix=0by, ---, h, x=b,,
gll)(SCh Tty g;“XSCTa
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where a, h;, and g; are column vectors in R,,, b;’s and ¢;’s are
scalars, and a’ is the transpose of a. For any feasible point x,
the set of active inequality constraints is denoted by A(x) =
{j gjx = ¢;}. If x* is a maximizer of inequality constrained
problem (35), x* is also a maximizer of the following equality
constrained problem:

maximize: a'x

(36)
ix=by, -, hl x=b,

gix =c;,Vj € Ax).

subject to:

Lemma 1: The optimal solution for the relaxed primal
problem OPT-rPS in (30) is also feasible and optimal for the
original Problem OPT-PS in (29).

Proof: According to Fact 1, the linearized problem of
OPT-PS, i.e., OPT-rPS, can be rewritten as an equality con-
strained problem in the following form:

Fy
wiy =1, jeAly")
0< ylh <1, for all h,l,

maximize:

(37)

subject to: (38)

where F, w;’s, and y are column vectors with elements Flh,
wi 5> and ylh, respectively. We apply Gauss-Jordan elimination
to the constraints in (38) to solve for y. Since there is not
sufficient number of equations, some y;*’s are free variables
(denoted as yf ) and the rest are dependent variables (denoted
as y;l). Assuming there are r free variables, the dependent
variables can be written as linear combinations of the free
variables after Gauss-Jordan elimination, as

yi = S @iyl 0, 5 € Ay,
Due to Gauss-Jordan elimination and binary vectors w;’s,
w; and Bj in (39) are all integers. Therefore, if all the
free variables yzf attain binary values, then all the dependent
variables y? computed using (39) will also be integers. Since
0< y;l < 1, being integers means that they are either O or 1,
i.e., binaries. That is, such a solution will be feasible.
Next we substitute (39) into problem (37) to eliminate
all the dependent variables. Then we obtain a unconstrained
problem with only r free variables, as

(39)

maximize: Y7_, Fyy! + bo (40)

Since the free variables yf ’s take value in {0, 1}, this problem
can be easily solved as follows. If the coefficient F; >0, we
set y{ = 1; otherwise, if F;, < 0, we set ylf = 0. Thus
(40) achieves its maximum objective value. Once all the free
variables are determined with their optimal binary values, we
computes the dependent variables using (39), which are also
binary as discussed above. Thus we obtain a feasible solution,
which is optimal. [ ]

Lemma 2: If the relaxed primal Problem OPT-rPS in (30)
has an optimal solution, then the relaxed dual problem (33)
also has an optimal solution and the corresponding optimal
values of the two problems are identical.

Proof: By definition, the problems in (31) and (33) are
primal/dual problems. The primal problem always has an
optimal solution because it is bounded. Since Problem OPT-
rPS is an LP problem, the relaxed dual problem is also
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bounded and feasible. Therefore the relaxed dual problem
also has an optimal solution. We have the strong duality if
the primal problem is convex, which is the case here since
Problem OPT-rPS is an LP problem. ]
We have Theorem 2 on the optimality of the path selection
solution, which follows naturally from Lemmas 1 and 2.

Theorem 2: The optimal solution to the relaxed dual prob-
lem (32) and (33) is also feasible and optimal to the original
path selection Problem OPT-PS given in (29).

As discussed, the relaxed dual problem (33) can be solved
using the subgradient method that iteratively updates the
Lagrange Multipliers. We have the following theorem on the
convergence of the distributed algorithm given in Table III.

Theorem 3: Let e* be the optimal solution. The distributed
algorithm in Table IIT converges if the step sizes «(7) in (34)
satisfy the following condition:
2[q(e(r)) —q(e) ]

|G ()2
where G(7) is the gradient of g(e(7)).

Proof: Since g(e(7)) is a linear function, we have sub-
gradient equality, as

q(e()) — g(e*) = [e(r) —e*] G(7).
It then follows that
le(r) — a(r)G(r) - e*||?
= |le(r)—e*||* — 2a(7)[e(r) —e*'G(7) + (a(7))?[|G(7)|[?
= |le(r)—e*|]* — 2a(7)[a(e(r)) —q(e")] + (a(r))*||G(7)||?
(42)

0<a(r) < , for all 7, 41)

B

If a(7) satisfy (41), the sum of the last two terms in (42) is
negative. It follows that, ||e(7) — a(T)G(T) —e*|| < ||e(T) —
e*||. Since the projection operation is nonexpansive, we have,

le(r +1) —e*|| = l[e(r) — a(n)G(T)]" = [e"] ]|
< le(r) —a(n)G(r) —e*|| < |le(r) — €7,

which states the conditional convergence of the algorithm. W

Since the optimal solution e* is not known a priori, we
use the following approximation in the algorithm: a(7) =
%, where §(7) is the current estimate for g(e*). We
choose the mean of the objective values of the relaxed primal

and dual problems for ¢(7).

E. Practical Considerations

The distributed algorithms are based on the fact that the
computation is distributed on each feasible path. The OPT-
CS algorithm requires information on channel availability and
packet loss rates at the links of feasible paths. The OPT-PS
algorithm computes the primal variable ylh for each path and
broadcasts Lagrangian multipliers over the control channel to
all the source nodes. We assume a perfect control channel such
that channel information can be effectively distributed and
shared, which is not confined by the time slot structure [10].

We assume relatively large timescales for the primary
network time slots, and small to medium diameter for the CR
network, such that there is sufficient time for timely feedback
of channel information to the video source nodes and for
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Fig. 3. Topology of the multi-hop CR network. Note that only video source
nodes, video destination nodes, and those nodes along the precomputed paths
are shown in the topology.

the distributed algorithms to converge. Otherwise, channel
information can be estimated using (5) based on delayed
feedback, leading to suboptimal solutions. If the time slot is
too short, the distributed algorithm may not converge to the
optimal solution (see Fig. 7). We focus on developing the CR
video framework in this paper, and will investigate these issues
in our future work.

V. SIMULATION STUDIES
A. Methodology and Simulation Settings

We implement the proposed algorithms with a combination
of C and MATLAB (i.e., for solving the relaxed NLP prob-
lems), and evaluate their performance with simulations. For
the results reported in this section, we have K = 3 primary
networks and M = 10 channels. There are 56, 55, and 62
CR users in the coverage areas of primary networks 1, 2, and
3, respectively. The ]Z/{,%T 'sare [S464875674] (ie.,
five users sense channel 1, four users sense channel 2, and so
forth); the [UZ|’s are [4 6 57 6 53 8 5 6], and the |U3|’s
are [8 65476 85 6 7]. The topology is shown in Fig. 3.

We choose L, = 100, T, = 0.02 and Ng = 10. The
channel utilization is 1¥, = 0.6 for all the channels. The
probability of false alarm is €X, = 0.3 and the probability of
miss detection is 6° = 0.2 for all m and k, unless otherwise
specified. Channel parameters \*, and p*, are set between
(0,1). The maximum allowed collision probability 7*, is set
to 0.2 for all the M channels in the three primary networks.

We consider three video sessions, each streaming a video
in the Common Intermediate Format (CIF, 352 x 28R), i.e.,
Bus to destination 1, Foreman to destination 2, and Mother
& Daughter to destination 3. The frame rate is 30 fps, and
a GOP consists of 10 frames. The duration of a time slot is
0.02 seconds and each GOP should be delivered in 0.2 seconds
(i.e., 10 time slots).

We compare four schemes in the simulations: (i) the upper-
bounding solution by solving the relaxed version of Problem
OPT-CRV using an NLP solver, (ii) the proposed distributed
algorithm in Tables II and III, (iii) the sequential fixing
algorithm given in Table I, which computes a lower-bounding
solution, and (iv) a greedy heuristic where at each hop, the
link with the most available channels is used. Each point in
the figures is the average of 10 simulation runs, with 95%
confidence intervals plotted as error bars in the figures. The
95% confidence intervals are negligible in all the figures.
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Fig. 4. Tllustrate the convergence of the distributed algorithm.

B. Simulation Results

1) Algorithm Performance: To demonstrate the conver-
gence of the distributed algorithm, we plot the traces of the
four Lagrangian multipliers in Fig. 4. We observe that all the
Lagrangian multipliers converge to their optimal values after
76 iterations. We also plot the control overhead as measured by
the number of distinct broadcast messages for e;(7) using the
y-axis on the right-hand side. The overhead curve increases
linearly with the number of iterations and gets flat (i.e., no
more broadcast message) when all the Lagrangian multipliers
converge to their optimal values.

We examine the impact of spectrum sensing errors in Fig. 5.
We test six sensing error combinations {¢;,, d,,} as follows:
{0.1, 0.5}, {0.2, 0.3}, {0.3, 0.2}, {0.5, 0.11}, {0.7, 0.06},
and {0.9, 0.02}, and plot the average PSNR values of the
Foreman session. It is interesting to see that the best video
quality is achieved when the false alarm probability e, is
between 0.2 and 0.3. Since the two error probabilities are
correlated, increasing one will generally decrease the other.
With a larger ¢,,, CR users are more likely to waste spectrum
opportunities that are actually available, leading to lower
bandwidth for videos and poorer video quality, as shown in
Fig. 5. On the other hand, a larger d,,, implies more aggressive
spectrum access and more severe interference to primary users.
Therefore when ¢,, is lower than 0.2 (and J,, is higher than
0.3), the CR nodes themselves also suffer from the collisions
and the video quality degrades.

2) Impact of Primary Network Parameters: In Fig. 6, we
examine the impact of channel utilization 1 on received video
quality. We focus on Session 2 with the Foreman sequence.
The average PSNRs achieved by the four schemes are plotted
when 7 is increased from 0.6 to 0.9 for all licensed channels.
Intuitively, a smaller 7 allows more transmission opportunities
for CR nodes, leading to improved video quality. This is
illustrated in the figure where all the four curves decrease as 1
gets larger. The distributed scheme achieves PSNRs very close
to that obtained by sequential fixing, and both of them are
close to the upper bound. The heuristic scheme is inefficient
in exploiting the available spectrum even when the channel
utilization is low.

3509

45

T T T
—— Upper Bound
—+=— Distributed
Sequential Fixing
—&— Heuristic Scheme | |

42

)

o
=2
o
=
7]
o
30 i i i i i i i i
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
False Alarm Probability (g)
Fig. 5. Video PSNR versus spectrum sensing error.
44 . .
—#— Upper Bound
—+=— Disbtributed
42r Sequential Fixing | |
—e— Heuristic Scheme
40 1
D 38t -
o
B a6 1
o
34+ 1
32r 8
30 i i i i i
0.6 0.65 0.7 0.75 0.8 0.85

Channel Utilization (n)

Fig. 6. Video PSNR versus primary user channel utilization 7).

As discussed, the time slot duration is also an important
parameter that may affect the convergence of the distributed
algorithm. In Fig. 7, we keep the same network and video
session settings, while increasing the time slot duration as 4
ms, 10 ms, 20 ms, 40ms and 100 ms. For a given time slot
duration, we let the distributed algorithm run for 5% of the
time slot duration, starting from the beginning of the time
slot, and then stop. The solution that the algorithm produces
when it is stopped will be used for video transmission in the
remainder of this time slot. It can be seen that when the time
slot is 4 ms, the algorithm does not converge after 5% x4=0.2
ms, and the PSNR produced by the distributed algorithm is low
(but still higher than that of the heuristic algorithm). When the
time slot duration is sufficiently large (e.g., over 10 ms), the
algorithm can converge and the proposed algorithm produces
very good video quality as compared to the upper bound and
the lower bound given by the sequential fixing algorithm.

3) Comparison of MPEG-4 FGS and H.264/SVC MGS
Videos: Finally, we compare MPEG-4 FGS and H.264/SVC
MGS videos, while keeping the same settings. It has been
shown that H.264/SVC has better rate-distortion performance
than MPEG-4 FGS due to the use of efficient hierarchical
prediction structures, the inter-layer prediction mechanisms,
improved drift control mechanism, and the efficient coding
scheme in H.264/AVC [5]. Although MGS has Network
Abstraction Layer (NAL) unit-based granularity, it achieves
similar rate-distortion performance as H.264/SVC FGS [5].
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under various channel utilizations.

We plot the upper bounds and the distributed algorithm
results in Figs. 8 and 9 for various channel utilizations
and false alarm probabilities, respectively. From the figures,
it can be observed that there is a gap about 2.5 dB be-
tween the H.264/SVC MGS and MPEG-4 FGS curves, which
clearly demonstrates the rate-distortion efficiency of MGS over
MPEG-4 FGS. The proposed algorithm can handle both MGS
and FGS videos, and the same trend is observed in both cases.

VI. RELATED WORK

The high potential of CRs has attracted considerable interest
from the wireless community [1], [2], [17]. The mainstream
CR research has been focused on spectrum sensing and
dynamic spectrum access issues [9]-[11], [13], [18]. Several
papers have addressed the impact of spectrum sensing errors
on the design of spectrum access schemes [18]-[21]. The
approach of iteratively sensing a selected subset of available
channels has been adopted in the design of CR MAC protocols
(e.g., see [10], [13], [18]). Our work is complementary to this
class of work by providing an important application for the
enhanced spectrum efficiency achieved by spectrum sensing
and access schemes reported in the literature.
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under various false alarm probabilities.

Multi-hop SDR or CR networks have been studied in a few
recent works [15], [22], [23]. The authors formulate cross-
layer optimization problems considering factors from the PHY
up to the transport layer. Distributed algorithms are developed
by applying the dual decomposition technique [16], [24]. We
adopt similar methodology in this paper, but address the more
challenging problem of streaming real-time videos.

The problem of QoS provisioning in CR networks has
been considered in a few papers [10], [20], [25], where the
focus is still on the so-called “network-centric” metrics such
as maximum throughput and delay [10], [20]. In a recent
work [20], Urgaonkar and Neely derive an interesting delay
throughput trade-off for a multi-cell cognitive radio network,
while primary user protection is achieved by stabilizing a
virtual “collision queue.”

In [25], a game-theoretic framework is described for re-
source allocation for multimedia transmissions in spectrum
agile wireless networks. In this interesting work, each wireless
station plays a resource management game, which is coordi-
nated by a network moderator. A mechanism-based resource
management scheme determines the amount of transmission
time to be allocated to various users on different frequency
bands such that certain global system metrics are optimized.
In our prior work [3], we consider video multicast in an
infrastructure-based CR network. We present effective greedy
heuristic algorithms for scheduling video data, with proved
optimality bound and low computational complexity. In this
paper, we consider the challenging case of multi-hop CR
networks, where distributed algorithms are highly appealing.

VII. CONCLUSION

We studied the problem of streaming multiple scalable
videos in a multi-hop CR network. The problem formulation
considered spectrum sensing and sensing errors, spectrum
access and primary user protection, video quality and fairness,
and channel/path selection for concurrent video sessions. We
first solved the formulated MINLP problem using a sequential
fixing scheme that produces lower and upper bounds on the
achievable video quality. We then applied dual decomposition
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to derive a distributed algorithm, and analyzed its optimality
and convergence performance. Our simulations validated the
efficacy of the proposed scheme.
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