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Abstract—Due to the emerging various data services, current cellular networks have been experiencing a surge of data traffic and are
already overloaded; thus, they are not able to meet the ever exploding traffic demand. In this study, we first introduce a multi-radio
multi-channel multi-hop cognitive cellular network (M*C?N) architecture to enhance network throughput. Under the proposed
architecture, we then investigate the minimum length scheduling problem by exploring joint frequency allocation, link scheduling, and
routing. In particular, we first formulate a maximal independent set based joint scheduling and routing optimization problem called
original optimization problem (OOP). It is a mixed integer non-linear programming (MINLP) and generally NP-hard problem. Then,
employing a column generation based approach, we develop an e-bounded approximation algorithm which can obtain an e-bounded
approximate result of OOP. Noticeably, in fact we do not need to find the maximal independent sets in the proposed algorithm, which
are usually assumed to be given in previous works although finding all of them is NP-complete. We also revisit the minimum length
scheduling problem by considering uncertain channel availability. Simulation results show that we can efficiently find the e-bounded
approximate results and the optimal result as well, i.e., when ¢ = 0% in the algorithm.

Index Terms—Cognitive cellular networks, multi-radio multi-channel multi-hop, cross-layer optimization, minimum length scheduling

1 INTRODUCTION

UE to the emerging various data services, current cellu-

lar networks have been experiencing a surge of data
traffic and already overloaded, thus not able to meet the
ever exploding traffic demand. Even the new generation
LTE or WiMAX cellular networks may still suffer from low
per-user throughput because of a large number of network
users sharing limited frequency bandwidth as well as poor
cellular signals in certain areas like obstructed or suburban
areas. Although Wi-Fi networks may provide high data
rates, they have serious shortcomings as well. First, wireless
local area networks (WLANs) or hot spots have poor
coverage and can easily get overcrowded. Second, citywide
Wi-Fi networks like mesh networks have not been widely
deployed yet, thus requiring additional deployment cost,
and may interfere with existing WLANs, hot spots,
and other Industrial, Scientific and Medical (ISM) band
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users (e.g., cordless phones, RFID systems, wireless telemet-
ric systems like smart meter networks).

In this paper, we first introduce a multi-radio multi-
channel multi-hop cognitive cellular network (M3C?N)
architecture to meet the fast-growing traffic demand in cel-
lular networks. In particular, both cellular base stations
(BSs) and network users are equipped with multiple cogni-
tive radios. Thus, we can exploit the greatly under-utilized
licensed spectrums, i.e., white spaces/spectrum holes, for
communications, and hence enhance network throughput.
Moreover, instead of delivering all the traffic between base
stations and users in one hop like that in traditional cellular
networks, we propose to carry such traffic in hybrid mode,
i.e., either in one-hop or via multiple hops depending on
the local available frequency channels and the correspond-
ing channel conditions. In so doing, we can further take
advantage of local available channels, frequency reuse, and
link rate adaptivity to provide higher network throughput.
Note that a couple of works such as [1], [2] investigate the
capacity of such multihop cellular networks and have
shown that such hybrid mode communications can
improve the network capacity a lot compared to one-hop
communications. However, these works only consider the
case where nodes share the cellular frequency channels
and have not exploited the local available channels or
multi-radio as we propose in this study. Besides, although
asymptotic capacity bounds have been studied, the exact
optimal throughput value remains unknown. Generally,
the proposed M3C2N architecture can enhance network
performance and adapt to dynamic traffic distribution, yet
relieving service providers from any significant additional
infrastructure costs.

1536-1233 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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Under the M3C2N architecture, we investigate the mini-
mum length scheduling problem by exploring joint fre-
quency channel allocation, link scheduling, and routing.
Specifically, by constructing a conflict graph, we first formu-
late a maximal independent set based joint scheduling and
routing optimization problem called original optimization
problem (OOP). It is a mixed integer non-linear program-
ming (MINLP) and generally NP-hard problem. We notice
that finding all the maximal independent sets in a conflict
graph is NP-complete, and most previous research just
assumes that they are given [3]-[5]. In this study, we do not
make such assumptions. Instead, we decompose OOP into a
sequence of linear programming (LP) problems, which we
name master problems (MPs). After that, employing a col-
umn generation (CG) based approach, we further decom-
pose each MP into a restricted master problem (RMP) and a
pricing problem (PP), which are a small-scale LP problem
and a binary integer programming (BIP) problem, respec-
tively. The basic idea is that RMP starts with some initial
independent sets, while PP updates the set of independent
sets in each iteration. Notice that RMP can be solved in poly-
nomial time, but PP is still a problem with high complexity.
Therefore, we design a sequential-fix (SF) algorithm which
can find a suboptimal solution to PP in polynomial time.
Although SF is suboptimal, we can still find the optimal solu-
tion to MPs and hence OOP due to the intrinsic iterative
nature of column generation. Besides, it has been observed
in the context of column generation algorithms [6], [7] that
one can usually determine solutions that are at least 95-99
percent of the global optimality fairly quickly. Subsequently,
we develop an e-bounded approximation algorithm, which
can obtain upper and lower bounds that are less than (1 + ¢)
and larger than (1 —¢€) of the optimal result of each MP,
respectively, and an e-bounded approximate result of the
OOP. Simulation results show that upper and lower bounds
converge quickly and thus we can efficiently find the optimal
result as well, i.e.,, when € = 0% in the algorithm. In other
words, we are able to solve OOP very efficiently without
having to find the maximal independent sets. Furthermore,
although most previous research on network optimization
assumes constant channel bandwidth, in practice, the
vacancy/occupancy of licensed channels can be uncertain
and dynamic at different times, due to the unpredictable
activities of the primary users. In this study, we also revisit
the minimum length scheduling problem by taking uncer-
tain channel availability into consideration.

Our main contributions can be summarized as follows:

e We introduce a multi-radio multi-channel multi-hop
cognitive cellular network architecture and a new
hybrid mode communication scheme to enhance net-
work throughput.

e We explore the minimum length scheduling problem
by joint frequency channel allocation, link schedul-
ing, and routing. Most previous works only obtain
suboptimal results that are either unbounded or still
far from the optimal results, and many works based
on conflict graphs also assume that all the maximal
independent sets are given. In this paper, we develop
a column generation based e-bounded approximation
algorithm, which relaxes this assumption and is able
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Fig. 1. The architecture of a multi-radio multi-channel multi-hop cognitive
cellular network.

to find tight e-bounded approximate solutions and
the optimal solutions as well. The computational
complexity of the proposed algorithm is analyzed.
The developed algorithm can also be applied to
cross-layer optimization problems in other networks.

e We consider heterogeneous networks and take

uncertain channel availability into account when
studying the minimum length scheduling problem,
which is an intrinsic feature of cognitive radio net-
works but has rarely been studied before.

e We conduct extensive simulations to validate the

efficiency of the proposed algorithms.

The rest of this paper is organized as follows. We briefly
introduce our system models in Section 2. We then formu-
late a minimum length scheduling problem for M*C*Ns in
Section 3. After that, we propose in Section 4 a column gener-
ation based e-bounded approximation algorithm which can
efficiently find e-bounded approximate solutions and the
optimal solution when e = 0. Subsequently, we revisit the
minimum length scheduling problem by considering uncer-
tain channel availability in Section 5. Simulations results are
presented in Section 6 to evaluate the performance of the pro-
posed algorithm. Section 7 discusses the most related works.
We finally conclude this paper in Section 8.

2 SyYSTEM MODELS

2.1 Network Architecture

As shown in Fig. 1, we propose a novel multi-radio multi-
channel multi-hop cognitive cellular network architecture.
Specifically, an M?C?N is a cellular network in which both
the service provider and network users can access multiple
channels with multiple cognitive radios. For example, base
stations and more powerful terminals (e.g., laptops and tab-
lets) can have higher cognitive capabilities and span a larger
range of frequency spectrum (e.g., from MHz spectrum to
GHz spectrum), while less powerful devices (e.g., smart
phones and cellular phones) may just access only several
typical frequency spectrum, such as the cellular spectrum,
the 2.4 GHz ISM spectrum, and the TV spectrum which has
large bandwidth and good penetration and propagation
performances. We call cellular spectrum “the basic
channel”, and other spectrums “the secondary channels”.
The service provider uses the basic channel for signaling,
controlling, handling handoffs, accommodating users’ voice
traffic, etc., and uses all the available channels to support
users’ data traffic. As a central coordinator, the service pro-
vider performs network optimization to find out the
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optimal radio and frequency allocation, link scheduling,
and routing schemes for satisfying users’ traffic demand
based on the observed, collected, and predicted channel
information [8]-[10] in the coverage area.

Besides, instead of delivering all data traffic in one hop
like that in traditional cellular networks, we propose to
carry such traffic either in one-hop or via multiple hops,
depending on the available channels and the corresponding
channel conditions. In addition, since downlink transmis-
sions from base stations to users will likely outweigh uplink
transmissions, we focus on downlink transmissions in this
study. The analysis for uplink transmissions simply follows
the same process presented herein.

2.2 Network Model

Consider a cell in an M*C?N consisting of A/ = {1,2,...,
i,...,N} users and a set of available secondary channels
M={1,2,...,b...,M} with different bandwidths." We
denote the base station by B and the basic channel by 0, and
consequently let N =NU{B} and M = MU{0}. The
bandwidth of channel b is denoted by WP, Moreover, we
denote the set of radios at node i € N by R; = {1,2,..., R;}
where R; is the number of radios that node i has. Suppose
there are a set of £ ={1,2,...,1,..., L} downlink sessions
from the base station to network users. We let s(I) and d(l)
denote the source node and the destination node of session
l € L, respectively. Thus, s(I) = B and d(l;) # d(l) for any
11,1, € L. We also denote by r(I) the throughput demand of
session [. Besides, due to their different geographical loca-
tions, users in the network may have different available
channels. Let M; C M represent the set of available channels
atnode : € V. Then M; might be different from M, where j
is not equal to i, i.e., possibly M; # M. Note that the local
available channels can be determined by spectrum sensing,
which can be performed in several different ways, such as
centralized sensing, distributed sensing, and external sens-
ing [16], [17]. There has been a lot of work in the literature
studying this problem and is out of the scope of this paper.

Some important notations are summarized in Table 1.

2.3 Transmission/Interference Range and Link
Capacity

Suppose the power spectral density of node i on channel b
is P. A widely used model [18], [19] for power propaga-
tion gain between node i and node j, denoted by g;;, is
gij = C - [d(4,7)]7, where i and j also denote the positions
of node ¢ and node j, respectively, d(i,j) refers to the
euclidean distance between i and j, y is the path loss factor,
and C is a constant related to the antenna profiles of the
transmitter and the receiver, wavelength, and so on. We
assume that the data transmission is successful only if the
received power spectral density at the receiver exceeds a
threshold P2. Meanwhile, we assume interference becomes

1. Note that in this study we only consider the minimum length
scheduling in one cell to focus on the optimization problem and make
it easier to understand. The interference from other cells can be
addressed by frequency planning and our interference model that will
be introduced later. Many related works on cross-layer optimization
for cognitive cellular networks also focus on one cell only [11]-[15].
Besides, the presented study here can be easily extended to multi-cell
scenarios with minor changes.

TABLE 1
Important Notations

Symbol Definition
N Set of users and the BS in the network
M Set of the secondary channels and the basic channel
L Set of downlink sessions
A1/A2/A3 Infrastructure/Proxy/Ad hoc region
KIK Set of all maximal independent Sets/Independent Sets

Wq Time share of IS Z, being active

C?j,mn (Z4) | Data rate on the LRC tuple ((¢, ), (m,n),b)
fii () Flow rate of session [ over link (i, j)

€ Approximation factor

\ Result of OOP

hglthy Result of MP/RMP when the proxy region is Sg

w; /d)lg/@b}j Optimal/Low bound/Upper bound result of MP
when the proxy region is Sy

Vg Result of PP when the proxy region is Sy

non-negligible only if it produces a power spectral density
over a threshold of PI” at the receiver.? Thus, the transmis-
sion range for a node i on channel b is Ry’ = (CP/PL)",
which comes from C(R}’)™" - P’ = Pb. Similarly, based on
the interference threshold P}(P? < P?), the interference
range for a node is R’ = (CP!/P})"”, which is larger than
Ry, Thus, different nodes may have different transmission
ranges/interference ranges on different channels with dif-
ferent transmission power.

In addition, according to the Shannon-Hartley theorem,
if node 7 sends data to node j on link (7, j) using channel b,
the capacity of link (4, j) on channel b is’

i PP
o = W'log, (1 + g—Jn ) (1)

where 7 is the thermal noise at the receiver. Note that the
denominator inside the log function only contains 7. This is
because of one of our interference constraints, i.e., when
node ¢ is transmitting to node j on channel b, all the other
neighbors of node j within its interference range are prohib-
ited from using this channel. We will address the interfer-
ence constraints in detail in the following section.

3  MINIMUM LENGTH SCHEDULING FOR M?C2Ns

In this section, we investigate the minimum length schedul-
ing problem for M?C2Ns by joint frequency allocation, link
scheduling, and routing. Traditional cellular networks
employ one-hop transmissions to support the traffic
between base stations and network users, which we call the
“infrastructure mode” communications. This design results in
very poor throughput performance due to limited fre-
quency channel bandwidth. In this study, we propose a

2. Note that the interference model we adopt in this study is the
Protocol Model introduced in [20], which considers one interfering link
at a time. Gupta and Kumar [20] also introduces the Physical Model,
according to which a transmission is successful if its signal-to-interfer-
ence plus noise ratio (SINR) is above a threshold. It has been shown in
[20] that these two interference models can be equivalent in terms of
network capacity by setting the interference range in Protocol Model
appropriately. Shi et al. [21] also study how to set the optimal interfer-
ence range in Protocol Model to bridge the gap between it and Physical
Model in analyzing throughput of multi-hop wireless networks. Proto-
col Model has been widely adopted in cross-layer wireless network
optimization and design [3], [22], [23].

3. Note that this link capacity is the same no matter which radios the
transmitter and the receiver use.
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Fig. 2. Hybrid mode communications.

“hybrid mode” communication paradigm to enhance the per-
formance of M?C?Ns by taking advantage of local available
channels and link rate adaptivity.

3.1 Hybrid Mode Communications

In hybrid mode communications, we only let a fraction of
nodes close to a base station communicate with the base sta-
tion directly in one hop. The other nodes farther away need
communicate via multiple hops, i.e., in ad hoc mode, with
some of the above nodes in order to communicate with the
base station.

We further illustrate the hybrid mode communication
paradigm in Fig. 2. Consider a regular cell C, at the center of
which there is a base station denoted by B. We denote the
minimum transmission range of all the users on all the
channels by RZ", i.e., RP™ = min,ep ep{ Ry}, and define
anarea S, (1 < p < P) as follows:

Sy ={pl(p—1)-Ry" < d(p.B) < p- R},

where p denotes a point in the network and its position as
well, and B denotes the position of the base station. Letting
the largest distance between the BS and a point in the cell be
D, we can have P = [D/R}""]. Then, we choose one of the
above areas, say S, (1 < g < P), as the proxy region. In partic-
ular, define by §(p) (1 < p < P) a binary function, which is
equal to 1 when area 5, is selected as the proxy region and 0
otherwise. Consequently, we have

P
ZS(p) =1, and g=3§"'(1).

Let Ay = S,. Then, thenodesin 4; = |J ZZISP, which we call
the infrastructure region, communicate with the base station
directly in one hop. The nodes in A; = C\ A;, which we call
the ad hoc region, communicate via multiple hops with the
nodes in A, in order to communicate with the base station.
Note that the hybrid mode communication paradigm
changes into the traditional infrastructure mode when
g =P, and becomes the pure ad hoc mode when g =1.
Although ad hoc mode transmissions lead to higher fre-
quency reuse, more ad hoc mode transmissions in the net-
work, i.e., lower g, do not necessarily lead to higher

performance. For instance, when g = 1, all the traffic burden
will be put on the nodes in S;, which may not be the optimal
strategy resulting in the best performance when all the net-
work users have the same available channels, not to men-
tion the fact that the users in S; may even have fewer
available channels with lower bandwidths. Therefore, we
need to find out an optimal proxy region in the network.

In addition, although only the nodes in the infrastructure
region communicate with the base station in one hop, the
base station still needs to maintain the transmission power
level to cover the whole cell in order to guarantee voice
services, and controlling and signalling. So we assume the
base station’s transmission range is the same on all the chan-
nels, i.e., to cover the whole cell.

3.2 Construction of Conflict Graph and
Independent Sets

Taking into account the local channel availability and the

existence of a powerful base station, we construct a conflict

graph as follows to characterize the interference among the

communication links in a cell.

In particular, we denote the conflict graph by G(V, E),
where V' is the vertex set and £ is the edge set. Each vertex
corresponds to a link-radio-channel (LRC) tuple defined as
((4,4), (m,n),b), where i,j € N, j € Tﬁ', m € R;, n € Rj, and
b e M;M;. Here, ’Tf is the set of nodes within node i’s
transmission range on channel b. The LRC tuple indicates
that node i transmits to node j on channel b with ¢ and j
using radio m and radio n, respectively. We say that two
LRC tuples interfere with each other if 1) the receiving node
in one tuple is within the interference range of the transmit-
ting node in the other tuple given that the two tuples are
using the same channel, or 2) the two tuples use the same
radio at one or two nodes. We connect two vertices in V'
with an undirected edge if the corresponding LRC tuples
interfere with each other.

In the conflict graph G(V, E), we define a variable wy,,,
where z,y € V, as follows:

1, if there is an edge between vertex x and y
Wey = .
0, otherwise.

Thus, if there is a vertex (i.e., LRC tuple) set Z C V and a
vertex x € T satisfying > 7 w;, < 1, the transmission
on the LRC tuple z can be carried out successfully even if
all the other LRC tuples belonging to the set Z transmit at
the same time. If every = € 7 satisfies the above condition,
we can schedule the transmissions over all these LRC tuples
in 7 to be active simultaneously. Such a vertex set Z is called
an independent set. If adding any more LRC tuples into an
independent set 7 results in a non-independent one, 7 is
defined as a maximal independent set.

3.3 Link Scheduling and Routing Constraints
3.3.1 Link Scheduling Constraints
Given the constructed conflict graph G = (V, E), suppose

we can list all the maximal independent sets® as
K=A{Z,,75,...,Zq}, where Q=|K|, and Z,CV for

4. We will show in the next section that we do not really need to find
all the maximal independent sets.
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1<¢< Q. Then, in the conflict graph G, at any time
instance, there should be only one active maximal indepen-
dent set to ensure the success of all the transmissions. We
denote the maximal independent set Z,,s time share (out of
unit time 1) to be active by w,. Therefore, we have

wy <1,
1<¢<@

w,>0(1<¢g<Q).

Let ¢;,,,(Z,) be the data rate on the LRC tuple ((i,}),
(m,n),b) when the maximal independent set Z, is active.
Then, ¢, ,.,(Z,) is equal to 0 if the LRC tuple ((4, j), (m, n),b)
isnot in 7,, and equal to the link capacity calculated accord-
ing to (1) otherwise. Thus, letting f;;(I) denote the flow rate
of session [ over link (i,j) (over all the channels), where
teN,leLl,and j€ | berT?, the traffic rate on link (4, j),
ie., >, fij(1), should not exceed the capacity of the link.
Consequently, the schedule of the maximal independent
sets should satisfy the following constraint:

Q
SRS we > D> > dLLT). ()

lel q=1 bEMiﬁMj meR; TLER]'

3.3.2 Routing Constraints

Recall that we consider downlinks in this study, which
means that the base station is the source node for all the
flows. In our hybrid mode communication paradigm pre-
sented in Section 3.1, we have defined the infrastructure
region A;, the proxy region A,, and the ad hoc region A;.
The destinations in the infrastructure region receive packets
from the base station in one hop and hence on a single path,
while packets intended for the destinations in the ad hoc
region reach the proxy region first, which may go through
multiple paths.

Thus, at the base station, we have the following con-
straints:

> fis) =0, 3)
JeN
foagy(l) = (1) Vd(l) € Ay, (4)
D [y =rl) Vd() € As. (5)

JEA

The first constraint means that the incoming data rate at the
base station is 0. The second constraint indicates that the
traffic intended for any destination in the infrastructure
region is delivered in one hop on a single path. The third
constraint means that the traffic for any destination in the
ad hoc region goes through the proxy region and may be
delivered on multiple paths.

Remember that we define by d(I) (I € £) the destination
node of session [. We then define by d~'(j) the session
whose destination is j. We further let D(L) be the set of all
the destination nodes in the network, ie, D(L)=
{d)|le L}, and T, = U beM{Ti’. Then, we can have the
constraints below:

e Foranyje A and j € D(L), we have
fai(l) = (D), (6)

i.e., the destination nodes in the infrastructure region
A receive their packets from the base station directly
in one hop on a single path. Note that this constraint
holds whenever the constraint (4) holds.

e Foranyje Ay A4, d(l) € A3, and j # d(l), we have

> b= ful), (7)

{PUETP} iETj

which indicates that each node in the proxy region
Ay and in the ad hoc region A; can act as a relay
node for the destination nodes in the ad hoc region,
and hence its total incoming data rate is equal to its
total outgoing data rate.

e Foranyje€ Ajandj€ D(L), wehave .7, fij(l) =
(1), which means that the total incoming data rate to
each destination node in the ad hoc region is equal to
its throughput demand. Note that this constraint holds
whenever the constraints (5) and (7) hold.

3.4 Scheduling Length Optimization for MC?Ns
The objective of this study is to exploit both the cellular and the
local available channels to minimize the scheduling length, i.e.,
W = >, <o Wy required to support certain traffic demands in
M3C?Ns. Gathering information about channel availability in
the network, the service provider can achieve this goal by opti-
mally selecting proxy region, determining end-to-end paths,
and scheduling the transmissions. Note that a minimum value
of ¥ greater than 1 indicates that the current traffic demands
exceed the system capacity and cannot be satisfied.
Considering the hybrid communication paradigm, the
scheduling length optimization problem under the afore-
mentioned link scheduling and routing constraints can be
formulated as follows:

OOP : Minimize V= w,
1<¢<@Q
s.t. Equations (2) and (3)
P
D ) =180 €{0, 131 <p<P)g=58"(1) (8
p=1

Ai(g) = CJ Sp, A2(g) = Sy, As(g) = C\A1(g) (9)

Fran()1{d(D) € Ai(9)} =r(1) (L€ L) (10)
D fuOHdD) € A9} =r()) (LeL)  (11)
jeAy
D i) € A5(g), 5 € Aa(g) U As(9), j # d(1)}
{lieTp} (12)
=D fiO1{d(D) € A5, € As(9) U As(9). 5 # d(D} (1 € £)
wy>0(1<¢<Q) (13)
fil) >0 (eLieN, jeTy), (14)
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where (2) indicate that the flow rate over link (4, j) cannot
exceed the link capacity, (8)—(9) characterize the hybrid
communication paradigm and define the infrastructure
region, the proxy region, and the ad hoc region, and (3),
(10)-(12) are the routing constraints. Here, we define an
indicator function 1{A} which is equal to 1 if the event A is
true, and 0 otherwise.’

Given all the maximal independent sets in the network, we
can find that the formulated optimization problem above is a
mixed integer non-linear programming problem, which is in
general NP-hard to solve [24], [25]. In the rest of this paper,
we call this optimization problem the original optimization
problem, and denote the minimum scheduling length by W*.

Note that the solution to the OOP consists of the follow-
ing four parts: 8(p)’s, fi;(I)’s, s!;,,,’s and w,’s, which deter-
mine the proxy region, routing, frequency-domain
scheduling, and time-domain scheduling, respectively. Par-
ticularly, w,’s represent the time share (out of unit time 1)
for the maximal independent set /, to be active. The service
provider can pre-assign an index number to each of the
maximal independent sets, and schedule all the maximal
independent sets (i.e., the link-radio-channel tuples) to be
active following a certain order in each time slot, e.g., from
the lowest index number to the highest. In so doing, a
detailed time-domain schedule can be obtained and each
LRC tuple knows when and how long it needs to be active
in each time slot. Besides, if the traffic demand changes or
some users join/leave the network, the OOP problem will
be computed again to find a new solution. Otherwise, the
same solution will be adopted.

4 A COLUMN GENERATION BASED EFFICIENT
c-BOUNDED APPROXIMATION ALGORITHM

In this section, we propose a column generation based
e-bounded approximation algorithm, which can efficiently
find the e-bounded approximate results and the optimal
result as well, i.e., when ¢ =0 in the algorithm, without
finding the maximal independent sets. The definition of
e-bounded approximate solution will be given later.

4.1 Decomposition of the Original Optimization
Problem

The OOP is a mixed integer non-linear programming prob-
lem because of §(p)’s in constraint (8) and the non-linear
constraints (10)-(12). Notice that when the proxy region A,,
ie., 8(p)’s, is fixed, the infrastructure region A; and the
ad hoc region A3 will both be determined, which can turn
the OOP into a linear programming problem. Therefore, we
can solve the OOP as follows: we first solve the P schedul-
ing length optimization problems separately considering
that one of the P subareas (as shown in Fig. 2) is selected as
the proxy region, and then compare the P results and find
the minimum scheduling length among them as the global
optimization result for the OOP. Notice that when the user
density is sparse, it is possible that there are no users in one
or some (but obviously not all) of the P subareas. Thus,

5. Note that each maximal independent set’s time share to be active
is a real number. OOP is formulated based on the maximal independent
sets as in [3]-[5].

when an empty subarea is selected as the proxy region, the
traffic for destinations in the ad hoc region cannot be sup-
ported, and hence we set the minimum scheduling length
in that case to be infinity.

Specifically, we decompose the OOP into P linear pro-
gramming problems, each of which we call a master problem
(MP). Notice that the optimal result of OOP remains the same
when we consider all the independent sets K which include
all the maximal independent sets K. Thus, when the proxy
regionis S, (1 < g < P), the MP is formulated as follows:

MP : Minimize ¥, = Z wy
1<q<(K]|
s.t. Equations (2),(3),(13),and (14)
Sy (D) = (1) (L€ L,d(l) € Ai(g)), (15)
> fa)=r(l) (L€ L,dl) e As(g)), (16)
JEA2(9)
> B =Y fi)
{plieTp} €T
(L€ L,j€ As(g)U As3(g), d(l) € As(g), 7 # d(l)). (17)

However, after the decomposition, there are still two dif-
ficulties in solving this linear programming problem. First,
each MP is a linear programming problem if we can find all
the independent sets, which is nonetheless an NP-complete
problem itself [26], [27]. Second, even if we can find all the
independent sets, the number of such sets increases expo-
nentially as the number of LRC tuples and hence can be
huge. In the following, we propose a column generation
based approach to circumvent these difficulties and effi-
ciently solve each MP.

4.2 Column Generation

Column generation is an iterative approach for solving huge
linear or nonlinear programming problems, in which the
number of variables (columns) is too large to be considered
completely [6]. Generally, only a small subset of these varia-
bles are non-zero values in an optimization solution, while
the rest of the variables (called nonbasis) are zeros. Therefore,
CG leverages this idea by generating only those critical varia-
bles that have the potential to improve the objective function.
In our case, each MP is further decomposed into a restricted
master problem and a pricing problem. The strategy of this
further decomposition procedure is to operate iteratively on
two separate, but easier, problems. During each iteration, PP
tries to determine whether any columns (i.e., independent
sets) uninvolved in RMP exist that have a negative reduced
cost,® and adds the column with the most negative reduced
cost to the corresponding RMP, until the algorithm termi-
nates at, or satisfyingly close to, the optimal solution.

6. Reduced cost [6] refers to the amount by which the objective func-
tion would have to improve before the corresponding column is
assumed to be part of optimal solution. In the case of a minimization
problem like in this paper, improvement in the objective function
means a decrease of its value, i.e., a negative reduced cost. In finding
the column with the most negative reduced cost, the objective is to find
the column that has the best chance to improve the objective function.
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Notice that the formulation of MP considers the entire set
of independent sets K, while RMP only starts with a set of
initial feasible independent sets, say X', which can be easily
formed by placing just one LRC tuple in each of them. Thus,
an RMP can be formulated as follows:

RMP : Minimize w_g = Z Wy

1<q<|K|
s.t. Equations (3), (13), (14), and (15)-(17)

K|
Srw<Y w Y 3 Y @)

lel q=1 beM;NM; meR; nER,;

(ieN,jeT;, and Z, € K'). (18)
RMP is a small-scale linear programming problem that
can be easily solved in polynomial time by the polynomial
interior algorithm introduced in [31]. We can thus obtain its
primal optimal solution and a Lagrangian dual optimal
solution. Since RMP uses only a subset of all the indepen-
dent sets (i.e., columns) used by MP, i.e,, K' C K, the opti-
mal result for RMP serves as an upper bound on the
optimal result for MP. By introducing more independent
sets to the RMP, column generation may be able to decrease
the upper bound. Therefore, we need to determine which
column can potentially improve the optimization result the
most and when the optimal result of RMP is exactly the
same as or satisfyingly close to the optimal result of MP.

4.3 Introducing More Columns to RMP

During every iteration, when RMP is solved, we need to
verify whether any new independent set can improve the
current solution. In particular, for each independent set
Z, € K\ K, we need to examine if any of them has a nega-
tive reduced cost. The reduced cost u4(Z,) for a column
T, € K\ K' can be calculated as [28]:

UH(IQ) =1- Z )‘ZJ Z Z Z Clz')j.,m'n(IQ)’

ieN jeT; beEM;NM,; meR; n€R;

(19)

where );;’s are the Lagrangian dual optimal solution corre-
sponding to (18). Since there are totally |N| x (|| — 1) con-
straints generated from (18), the total number of A;;’s is also
N (A = 1),

Notice that we need to find the column which can pro-
duce the most negative reduced cost. Consequently, this col-
umn to be added to RMP can be obtained by solving

Minimize

ix (20)
Z,eK/K!

ug = uy(Zy),

or equivalently

S Y S L., @

ieN jeT,; beM;NM; meR; nER;

Maximize Vg =
Zael\K!

which is called a pricing problem. Denote by u; and v} the
optimal solutions to the above two problems, respectlvely
Then, if ug >0 or vg <1, it means that there is no negative
reduced cost and hence the current solution to RMP opti-
mally solves MP as well. Otherwise, we add to RMP the col-
umn derived from (21), and repeat re-optimizing RMP. We

leave how to solve PP in Section 4.4.

4.4 Solving PP

Next, we study how to solve PP, i.e., the optimization prob-
lem formulated in (21). Our objective is to find out the inde-
pendent set, i.e., all the LRC tuples that can be active at the
same time, which can maximize Vg.

We define a variable s, as follows: sf’] mn 18 equal to 1 if
node ¢, using radio m, transmits to node j, using radio n, on
channel b, and equal to 0 otherwise. Then, the independent
set we need to find out is {((¢,7), (m,n), )\sw = 1} that
can maximize v, in (21).

Recall that we let ’Tb denote the set of nodes that can
access channel b and are within the transmission range of
node 7, and R; the set of radios at node i. We can prove that
a node cannot transmit to or receive from multiple nodes on
the same channel due to interference, even if it has multiple
radios with different transmission power. Thus, we have

PIDIDIL LD IND DD DL T

]e’Ti’ meR; n€R; MJET[;} meER; n€R;

(22)

Besides, a node j cannot use the same channel or radio
for transmission and reception at the same time. There-
fore, we get

Z Z Z s?jﬂnn T Z Z Z S?qw =1 (23)
{7-‘]-57—?} meR; n€R; quT;)_ YER; 2€Ry
D2 D st D2 D D Sl (24)

beM; {iljeT?} meR; PEM; q67§ 2€Rq

Moreover, the total number of communication links, trans-
mitting or receiving, at any node j should be no larger than
the number of radios node j has, which means

PP D DD BE HEPID IS DL M g

beM;; {i|jET£’} mER; n€R; beM; qe'j? YER; 2€Rq

(25)

In addition to the above constraints at the same node, there
are also scheduling constraints due to potential interference
among the nodes in the network. In particular, if node 7 uses
channel b to transmit data to node j € 7%, then any other
node that may interfere with the reception at node j should
not use this channel. To model this constraint, we let Z; ® rep-
resent the set of nodes that can produce interference at node
j on channel b, i.e., Ib ={p|dy <Ry ,p;éj,Tb # (}. The
interpretation of 7, b+ @ in the above defmltlon is that node D
may interference w1th the reception at node j only if there
are some nodes within p’s transmission range on channel b
which p can transmit to. Based on the definition of Z ?,
we have '

PIRD DD IE TR DID DD DL M=

i|jeTty mER; n€R; b yeRy z€R,
{l\JETZv}m n qET YERp 2€ERy

(26)

Consequently, considering the above constraints, the
PP (21) of finding the optimal column can be formulated
as follows:
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PP: Maximize Y A; 3. > > st

ieN JET; beM;NM; meR; neR;
s.t. Equations (22)—(26)
Z s?j‘mn < |Z,|, forany Z, € K’

((1.4)(mm) b)eT
b —
Sij,mn =0 or ]‘7
where S?j,mn are the optimization variables. Recall that \;;’s

are the Lagrangian dual optimal solutions to RMP, and
¢} mn's are calculated according to (1). Note that the
inequation above indicates the obtained independent set is
a new one, i.e., not in K'. Since S?j,mn can only take value
of 0 or 1, PP is a binary integer programming problem
and thus NP-complete [25]. Instead of using the traditional
branch-and-bound or branch-and-cut [24] approach, we fol-
low a similar idea to that in [5], [29] to develop a greedy
algorithm to find a suboptimal solution to PP, which is
called the sequential-fix algorithm.

The main idea of SF is to fix the values of s); . 's sequen-
tially through a series of relaxed linear programming prob-
lems. Specifically, in each iteration, we first relax all the 0-1
integer constraints on s, ‘s to 0 < s, <1 to transform
the problem to a linear programming problem. Then, we
solve this LP to obtain an optimal solution with each si{i,mn
being between 0 and 1. Among all the values, we
set the largest s/, . to 1. After that, by (25), among all the
sty and s, forany c,d e My, {p|je Ty, p#i}, q€ T]d-,
heR, k,yeRj z€ R, we randomly choose R; —1 of
them and set them to 1, while having the rest set to 0. Then,
by (26), we can fix s, =0 and s} =0 for any
{plieT)p#i}, teP), qeT], heR, kER; yeRy,
z2 € Ry

Having fixed some s?.  ’sin the first iteration, we remove

1],mn
all the terms associateé with those already fixed s?j‘mn’s,
eliminate the related constraints in (25) and (26), and update
the problem to a new one for the second iteration. Similarly,
in the second iteration, we solve an LP with reduced number
of variables, and then determine the values of some other
unfixed sﬁ.’j,mn’s based on the same process. The iteration con-
tinues until we fixall s?; ' to be either 0 and 1.

Recall that when the optimal result of PP is less than 1, i.e.,
v; <1, it means that there is no negative reduced cost and
RMP can be optimally solved. Unfortunately, the SF algo-
rithm developed above does not find the optimal solution to
PP. Nevertheless, when the optimal result of the relaxed PP
(formulated by relaxing binary variables in PP to variables
between 0 and 1), denoted by v_;;, is less than 1, we have
v; < v_; < 1 and hence RMP can still be optimally solved.

4.5 cBounded Approximate Solutions

Since the number of independent sets in K increases expo-
nentially as the number of links in the network, the number
of iterations (of PP) needed to find all the independent sets
producing negative reduced cost might be very large, espe-
cially in large-size networks. However, it has been observed
in the context of column generation algorithms [6], [7] that
one can usually determine solutions that are at least 95-99
percent of the global optimality fairly quickly, although the
tail-end convergence rate in obtaining the optimal solution
can be slow in some classes of problems. Here, we propose

an e-bounded approximation algorithm to find e-bounded
approximate solutions more efficiently.

We first give the definition of e-bounded solutions as
follows.

Definition 1. Let 0 < € < 1 be a predefined parameter and yr, be
the optimal result of the MPP when the proxy region is S,
(1 < g < P). Then, a solution is called an e-bounded approxi-
mate solution if its corresponding result v, satisfies correctly
throughout the paper.

(1 =e)¥, < ¥, < (1+ )9,

Then, we can have the following lemma.

Lemma 1. Denote by y; and 1//’g the upper bound and lower
bound on the optimal result ¥, of the MP when the proxy
region is S, (1 < g < P). Then, e-bounded approximate solu-
tions (0 < € < 1) can be obtained when there is no new inde-
pendent set found by PP, or the iteration stops at v; < 1, or

!
v 1
u — :
Yy, l4e

(27)

1
Proof. When z—g > %ﬂ, we can get that 1//5 < (1 +e)1//é <
(I+ ey,

and ¥, >yu/(1+6¢) > (1— oyl > (1 -y
Thus, any obtained result between the upper and lower
bounds, i.e., wlg <y, < w;", satisfies ¥, < w;' <(1+ e)w;
and ¥, > % > (1 —¢€)y,, and hence is an e-bounded
approximate solution by definition. Besides, when there
is no new independent set found by PP or v_; <1, as
mentioned before, the obtained solution is the optimal
solution and hence an e-bounded approximate solution
as well. 0

Notice that in (27), € is predetermined, e.g., 3 percent. As
mentioned before, the optimal result of RMP in each itera-
tion is an upper bound on the optimal result of MP, i.e., y.
A lower bound can be obtained by[28]

I qu * *
vV, =V, +Yu, <V,

where wu; is obtained by solving (20) optimally, and
Y>>, <q<IK| Wa holds for the optimal solution to RMP [28].
We set Y = 1. Then, if a traffic demand can be supported,
the optimal solution must satisfy >,  _gw, <Y =1
Thus, if an optimal solution leads to 21 <q<K| Wa > 1, then
the corresponding traffic demand cannot be supported.
However, since we actually do not obtain v’ with the SF
algorithm, the lower bound can be set to % =y + Vuy,
which is less than w;‘ + yu; and hence w;. Here, u;Ts
obtained by the optimal result of the relaxed PP, ie,
uy = 1 — ;. In'addition, since u; is negative, 1//2 may be neg-
ative as well. Therefore, we finally calculate Wﬁ; by

(28)

I/I]'g = max{w;” + Vuy, 0}. (29)

We finally detail an e-bounded approximation algo-
rithm for the scheduling length optimization problem in
Algorithm 1. Note that in the algorithm we choose the solu-
tion of an RMP, whose result, 1//;, serves as an upper bound
on the optimal result of the corresponding MP, as the
e-bounded approximate solution of the MP since we have
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found the corresponding scheduling and routing solutions.
It is easy to prove that minj<,<p{y; } among all the MPs is
an e-bounded approximate solution to the OOP.”

Algorithm 1 e-Bounded Approximation Algorithm
Input: Approximation factor e, traffic demand r(l), initial
s wu = o0, wl —
uy = —oo and v = 4oo for any g € [1, P].
Output: g, ¥y, Wg s wy, fii ()
1: Decompose OOP into P RMPs in each of which one of
the P subareas in the cell is chosen as As;
2: forg—ltOPdo

3 while # < —6 and v} >1 do
4: Solve RMP with current region plan g and K,
and obtain its optimal result ¢ and dual optimal
solution \;;’s;
5: while {s?;  i,j € N,m € Ri,n € R;,b €
M M;} #0 do
Solve PP by relaxrng 0<sb
Search for the s?; i mn
and set it to be 1;
8: Find s¢ ] k and sjq ye fo; any ¢,d € M,
lieTy,p#it,ae TS he Ry kyy €
Rj, z € Rq, and set 7; — 1 of them to 1
and the others to 0;
o: Fix sb,,, = 0 and s7, . = 0 for any
{pIJET”p#Z}tG ?q € T,
heR,,,keRJ, yGRt,zeR

independent set X', P = l

17, mn S 1;
with the largest value

10: Remove the fixed s?; ,,,,’s from {s?; . };
11: end while
12: Update XK' = K' U Z,, where I, =
{((3, ), (M), b)) = 1};
13: Obtain the current optimal result of the relaxed
PP v B
14: ug =1—vy;
1s: O = vy + Vuy;
16: end while
17: end for
18: Sort the scheduling time under each proxy region plan in
increasing order, ¥} < - .- < Yp;
19: if ¢} <1 then
20: Current traffic demand can be supported, and g* =
arg o, v = Ui, vhe = of;

21: else if ¥ > 1 + € or the corresponding lower bound > 1
then
22: Current traffic demand cannot be supported;
23: else
24: Set ¢ = 0 to see if the traffic demand can be
supported.
25: end if

7. Denote the optimal result of the OOP by W*. Define
Vi 7m1n1<q<p{1p} Then we have yi. <y <y (l+¢) for any
g ;& g*, where z// is the optimal result of the MP correspondmg to ¥y.
Since V" is equal to either one of the y;’s or ., we have
Yy < (1+¢)V". Besides, since . >¢l >y (l—¢) and yy. > W7,
we can get Y. > (1-€e)¥". In l{act we also have Vg > \lg* since
TR

4.6 Computational Complexity Analysis

As we mentioned before, although each MP is an LP prob-
lem, solving it directly still requires a high computational
complexity since finding all the independent sets is an NP-
complete problem. Note that each node needs to have
O(logn) neighbors on average in order to achieve asymp-
totic connectivity in wireless networks as proved in [30].
Considering a connected network, the number of LRC
tuples in it, denoted by G, will be O(|N|(log|N|)[R|*|M])
where |R| denotes the maximum number of radios a node
can have. Thus, the number of independent sets is at most
26, i.e., O(2W1gND)) Since usually only a small number of
independent sets would be useful in a scheduling problem,
the developed column generation based algorithm finds the
useful ones one-by-one iteratively. We analyze the compu-
tation complexity of our algorithm as follows.

Theorem 1. The computational complexity of our proposed col-
umn generation based algorithm for MP is O(K* + |N*)
when there are K iterations in the algorithm, and
021 i the worst case.

Proof. In our proposed column generation based algorithm,
one RMP and one PP are solved in each iteration. In
RMP, the variables include w,’s and f;;(l)’s. Note that the
initial independent sets are formed by placing one LRC
in each of them. Thus, in the kth iteration, the numbers of
wy's and f;;(1)’s are G + k and |N|(log|N|)L, respectively.
Since RMP is an LP problem, it can be solved by the poly-
nomial interior algorithm introduced in [31], whose com-
putation complexity is O(n®) where n is the number of
the variables in a problem. Therefore, the computation
complexity of RMP in = the Ath iteration is
O((G + k + |N|(log|N])L)*). In PP, we develop an SF
algorithm that consists of multiple rounds of computa-
tion for relaxed LP problems with a decreasing number
of variables, i.e., ,55’7 . S, in each round. Note that the

number of variables is clearly upper bounded by G.

Thus, the computation complexity in each round is no

larger than O(Gi‘). Besides, notice that in each round, SF

fixes one of s’ .mn S to 1 and other interfering variables to

0 according to constraints (22)-(26). Particularly, from the

first 1nequal1ty in (22), we can know that if s?, =1,

then s, e =0(k#jory#morz#n). Therefore, all the
variables sﬁ’] mn S IN PP can be determined in at most

IN[IM| rounds. Consequently, the computation com-

plexity of PP in the kth iteration is upper bounded by

O(G®IN|M|). We can see that the computational com-
plexity in the kth iteration of our algorithm is

O((G+k+ NPL)® + G3N|IM)).

Thus, the computational complexity of our column
generation algorithm when there are K iterations is

K
O(E:HG+k+MWLf+G%MMMD

k=1
=0((G+ K+ N L) + KG*IN'|M))
= O(K* + W\ ).

The first step is due to Y1, k% = K*(K +1)*/2. In the
worst case that all the independent sets need to be found,
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our algorithm needs to have at most 2¢ — G iterations

and hence its computational complexity is

O((2WHosWIYE L A PY, e, O(2HV sV O

Note that our later simulations show that usually only a
small number of iterations are needed, i.e., our algorithm
has only a worst-case exponential complexity. In contrast, if
we solve MP directly, the computational complexity is
O((2¢ + N (loglN')L)%), ie., O(2*V1eN1) and hence
always exponential. Thus, our algorithm’s computational
performance can be much better.

5 UNCERTAIN CHANNEL AVAILABILITY

So far we have assumed that frequency channels in M3C?Ns
have constant bandwidths. However, in practice, the
vacancy/occupancy of the secondary channels (or licensed
channels) is uncertain and dynamic at different times, due
to the unpredictable activities of the primary users. To
model this unique feature of M?3C2Ns, we consider that the
bandwidths of secondary channels, i.e., Wts (1<b< M),
are independent random variables, which is inspired by the
statistical results of frequency channels obtained by experi-
ments in [8]-[10]. Thus, from (1), we can know that link
capacities cﬁ-’j’s are random variables as well.

Taking uncertain frequency channel availability into
consideration, we can reformulate constraint (2) in OOP as
follows:

q=1 beM;NM; meR; n€R; leL

Q
Pr (Z Wq Z Z Z C?j,mn(zq) 2 Zfij(l)> > g (30)

where B is a control parameter describing network oper-
ator’s requirements on link quality. In so doing, the original
MINLP becomes a stochastic optimization problem (SOP),
with random variables involved in its constraints. Obvi-
ously, we cannot directly apply our previously proposed
method to solve this problem.

On the other hand, according to Markov inequality, we
have

Q
Pr (Z wy D YD @) > Zﬂj(”)

q=1 beM;NM; meR; neER; lel
- E {Zqul Wy ZbeMmMj Zme?%,, ZneRj C?j,mn(z(])_
- 2ec fii(D)
0 -
. Zq:l Wy ZbeMiﬂM] E |:Zm€72i ZneRj C?j,mn (IQ)_
2iec fis(D) ’

which can give us a relaxed linear constraint as follows:

Q
ﬂz.flj(l) < Z:wfl Z Z Z E[C?jﬂln(zl])]'

lel beM;NM; mER; nER;

(31)

As a result, the SOP can be transformed back to an MINLP,
which can be efficiently solved using our proposed
e-bounded approximation algorithm. Notice that since (31) is
a relaxed constraint compared to (30), the obtained optimal
results serve as lower bounds on the optimal results of SOP.

6 SIMULATION RESULTS

In this section, we carry out extensive simulations to evalu-
ate the performance of the proposed algorithm. Simulations
are conducted under CPLEX 124 on a computer with a
2.8 GHz CPU and 24 GB RAM. Notice that previous works
obtain suboptimal results that are either unbounded or far
away from the optimal results, and many works based on
conflict graphs assume all the maximal independent sets
are given. Since our developed e-bounded approximation
algorithm relaxes this assumption and is able to find tight
e-bounded approximate solutions and the optimal solution
as well, we focus on the performance evaluation of the pro-
posed algorithm and do not compare it with other schemes.

Specifically, we consider a square network of area
1,000 m x 1,000 m. A base station is located at the center,
while 30 nodes are uniformly and randomly distributed in
the area. Assume that each node has a downlink session
from the BS and has a traffic demand of 100 Kbps. The num-
ber of radio interfaces at the BS and at each user are 5 and 2,
respectively. Some important simulation parameters are
listed as follows. The path loss exponent is 4 and C = 62.5.
The transmission power spectral density of nodes is
8.1 x 107y, and the reception threshold and interference
threshold are both 10n. Thus, the transmission range and
the interference range on all channels are all equal to 150 m.
Besides, we set the reception power density of nodes to be
4.5 x 107y based on the fact that the ratio of transmission
power to reception power of wireless adaptors is usually 1:1
to 2:1 [32]. The transmission power spectral density of the
BS is 5.06 x 10'%7, and hence the BS’s transmission range is
750 m on all channels, i.e., covering the whole network area.
Note that since the location of the BS is (500 m, 500 m) and
Ry =150 m, there are P = [%5] =5 proxy region candi-
dates. Moreover, we assume the basic channel, i.e., the cellu-
lar channel available at the nodes and the BS, has
bandwidth of 1 MHz. The available secondary channels at
each user are 4 randomly chosen channels from the channel
set [10, 20, ..., 100] KHz, all of which are available at the BS.
In addition, in the case of uncertain channel availability, we
consider all the secondary channels” bandwidths follow the
same normal distribution (50 KHz, (5 KHz)?).

In the following, we evaluate the cost of solving RMP in
Section 6.1. We evaluate the cost of solving PP, and compare
the performance of the proposed SF algorithm with that of
one traditional algorithm in Section 6.2. Then, we show the
minimum scheduling length and the maximum network
throughput, and compare the performance of our proposed
architecture with that of pure ad hoc mode and that of tradi-
tional cellular networks in Section 6.3. Section 6.4 compares
the energy consumption in our proposed hybrid mode with
that in pure ad hoc mode and that in pure one-hop mode.
We finally demonstrate the results under uncertain channel
availability in Section 6.5.

6.1 Cost of Solving RMP

We first study the cost of solving RMP under different net-
work settings. Note that in order to well investigate the
cost of solving RMP, we apply a traditional algorithm (pro-
vided by CPLEX), which can solve BIPs, to solve PP in
inner iterations. Table 2 shows the iteration numbers and
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TABLE 4
Solving PP Using SF with Different ¢’s
€ Iter. No. Run. Time (S) | Iter. No. | Run. Time (s)
(Trad. Alg.) (Trad. Alg.) (SF) (SF)
5% 102 8.48 115 4.80
3% 113 9.32 129 5.35
1% 131 10.95 151 6.37
0% 151 12.67 173 7.34
TABLE 5

Solving PP Using SF with Different Network Sizes

TABLE 2
Solving RMP with Different ¢’s
€ Iteration Number | Running Time (s)
5% 102 16.51
3% 113 18.28
1% 131 21.20
0% 151 24.41
TABLE 3
Solving RMP with Different Network Sizes
Network Size | Iteration Number | Running Time (s)
N =20 55 6.38
N =25 79 11.34
N =30 151 24.41
3 N
v,
25[ —WV |
v
2 ;
15F

Scheduling length

0 50 100 150 200
Iteration numbers

Fig. 3. Convergence property when using the traditional algorithm to
solve PP.

running time needed to solve RMP in order to obtain
e-bounded approximate solutions when g = 3. We can see
that when N = 30, it takes 102 iterations and 16.51 seconds
to obtain 5 percent-bounded results, and 151 iterations and
24.41 seconds to get the optimal result, i.e., when e = 0%.
Table 3 gives the cost of solving RMP when € = 0% in net-
works of different sizes. We can observe that it only takes a
few iterations and very little time to obtain the results.

Besides, Fig. 3 illustrates the convergence property of
upper and lower bounds on optimal scheduling length when
we use traditional algorithms to solve PP in inner iterations,
given that ¢ = 0% and there are 30 nodes in the network. Spe-
cifically, we assume the proxy regionisat g = § (1) = 3. At
each iteration, we compute the lower and upper bounds on
the minimum scheduling length of MP and track their pro-
gresses. Recall that in each iteration the upper bound,
denoted by v, for simplicity, is the optimal result for RMP,
while the lower bound, denoted by v, for simplicity, is calcu-
lated according to (29). We can find that, even though the
gap between the lower and upper bounds is initially high,
the gap narrows down quickly in the first 100 iterations. In
addition, note that there is a sharp decrease of v, at the
beginning. This is because the initial set of independent sets
K’ used for solving RMP is very small, and can be easily well
improved. Thus, it demonstrates that the choice of initial
independent sets does not have much impact on the conver-
gence performance. Moreover, we find that the minimum
scheduling length achieved is 0.78, which is smaller than 1.
This means that with current proxy region plan, we can find
a valid optimal solution to support users’ traffic demands.

Network Iter. No. Run. Time (S) | Iter. No. | Run. Time (s)
Size (Trad. Alg.) (Trad. Alg.) (SF) (SF)
N =20 55 2.66 70 2.15
N =25 79 4.08 99 3.82
N =30 151 12.67 173 7.34
1
0.8f
9o
T 0.6]
5
s
& 0.4}
0.2
0 . . . .
0 0.2 0.4 0.6 0.8 1

€

Fig. 4. The relationship between ¢ and iteration ratio.

6.2 Cost of Solving PP

We then evaluate the cost of solving PP by the proposed SF
algorithm under different network settings. Particularly,
Table 4 compares the iteration numbers (for solving RMP)
and the total running time of SF with those of a traditional
algorithm provided by CPLEX when g = 3. We notice that
although using SF leads to a few more iterations than using
the traditional algorithm, the running time when using SF is
much less due to much lower complexity. We then evaluate
in Table 5 the cost of solving PP in networks of different
sizes when ¢ = 0% and g = 3. Obviously, the proposed SF
outperforms (in terms of running time) traditional algo-
rithms more as network size gets larger.

Moreover, from Tables 2 and 4, we can see that when
N =30 and € = 0%, the running time for RMP and PP are
2441 and 7.34 seconds, respectively, resulting in total
running time of 31.75 seconds. When N = 30 and ¢ = 5%,
the running time for RMP and PP are 16.51 and 4.81
seconds, respectively, resulting in total running time of
21.32 seconds. Note that the number of iterations for solv-
ing RMP is 151 when e = 0% and 102 when ¢ = 5%. Thus,
we can see that given the same network size, the total run-
ning time is approximately proportional to the number of
iterations for solving RMP (151:102~ 31.75:21.32 ~
1.48).

In order to further illustrate the iteration number (and
hence running time as well) with regard to e of our pro-
posed e-bounded approximation approach, we show in
Fig. 4 the iteration ratio under different ¢’s. Here, the itera-
tion ratio is defined as the ratio of the iteration number
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Fig. 5. Convergence property when using SF to solve PP.

under certain e to that to achieve optimality, i.e., e = 0. We
can see that the iteration ratio decreases very fast as e
increases. In particular, even when ¢ is very tight, say 0.01,
the iteration ratio is only about 0.87. When ¢ is larger than
0.1, the iteration ratio drops below 0.62. This reveals similar
results observed by [6], [7] that column generation
approaches can determine solutions that are at least 95-99
percent of the global optimality fairly quickly.

In addition, Fig. 5 shows the convergence property of
upper and lower bounds on optimal scheduling length
when we use SF to solve PP in inner iterations, given that
e = 0%, g = 3, and there are 30 nodes in the network. We
can see that the minimum scheduling length is also 0.78,
which is the same result as that in Fig. 3.

6.3 Minimum Scheduling Length and End-to-End
Throughput

Next, we study the minimum scheduling length and the
maximum end-to-end throughput with different proxy
region allocation plans.

Fig. 6a depicts the minimum scheduling length wz when
g ranges from 1 to 5. We can see that the minimum schedul-
ing length " is equal to 0.61 when g = 2, which means that
the second proxy region candidate S, is the optimal proxy
region. Besides, when g =1, i.e., in the case of pure ad hoc
mode transmissions, ¥, is 0.97. When g =15, the M3C2N
becomes a one-hop cognitive cellular network (one-hop mode
communications with both cellular and secondary channels
available). Obviously, this structure cannot exploit spec-
trum spatial reuse among nodes and results in ¥, = 1.05,
which is larger than 1. It indicates that we cannot support
users’ traffic demands with this proxy region plan. Accord-
ingly, we can derive the maximum end-to-end throughput

200

1.5] 150

g
(Kbps)

100]

-

0.5 50,

Fig. 6. Performance results with different proxy region plans. (a) Mini-
mum scheduling length. (b) Maximum end-to-end throughput.
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Fig. 7. Performance results in different transmission modes. (a) Mini-
mum scheduling length. (b) Maximum end-to-end throughput.

75(1), i.e., saturated throughput when the minimum sched-
uling length is 1, for each node under each region allocation
plan g, assuming that all nodes still have equal traffic
demands, which s r; (1) = (1) /.

To more clearly compare the performance of our pro-
posed hybrid mode communications with that of pure ad
hoc mode transmissions (¢ = 1) and that of pure one-hop
mode transmissions (g = 5), we show the scheduling length
and maximum throughput of these three architectures with
different number of users in Fig. 7. We can easily see that
the hybrid mode architecture has the best performance.

We further demonstrate the minimum scheduling length
as well as the maximum end-to-end throughput in Fig. 8
under four different network architectures, i.e., single-radio
single-channel single-hop traditional cellular network (Type
A), single-radio single-channel multi-hop cellular network
(Type B), single-radio single-channel multi-hop cognitive
cellular network, (Type C) and multi-radio multi-channel
multi-hop cognitive cellular network (Type D). Note that we
still consider that each node has a downlink traffic demand
of 100 Kbps. In particular, Type A architecture represents the
current typical cellular network. Its scheduling lengths are
all larger than 1 when N ranges from 5 to 30, indicating that
it cannot fully support all the data traffic demands. Besides,
the scheduling length keeps on increasing as N grows. For
Type B architecture, it allows multi-hop transmissions in cel-
lular networks and hence can support more traffic than Type
A due to increased spectrum spatial reuse and link rate adap-
tivity. Type C architecture can further enhance network
throughput because of more available channel resources
brought by cognitive radio. Type D architecture, i.e., the pro-
posed one in this paper, has the best performance.

6.4 Energy Consumption

We also compare the energy consumption, including trans-
mission energy and reception energy, per bit of traffic in our

O Type A O Type A
o5t 0 Type B 200 O Type B
9 Type C O~ Type C
2f[ % Type D o x Type D x
o g 150 . x x
S 15 ° o e
o a % 100 o
1 8 8 o 2 g 8 o 8
x x o
05 x x 50 o
0
5 10 15 20 25 30 5 10 15 20 25 30
N N
(a) (b)

Fig. 8. Performance results under different architectures. (a) Minimum
scheduling length. (b) Maximum end-to-end throughput.
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Fig. 9. Energy consumption at mobile users under different transmission
mode.

proposed hybrid mode with that in pure ad hoc mode and
that in pure one-hop mode. Specifically, it is calculated by
dividing the total power consumption by the maximum end-
to-end throughput achieved. Since energy consumption at
mobile users is more critical in wireless networks, Fig. 9
shows the energy consumption per bit of traffic at all mobile
users, when N ranges from 5 to 30. The energy per bit con-
sumed in pure 1-hop mode is the lowest since the mobile
users’ transmission energy is 0. Besides, we find that given
the same N, the mobile users consume much more energy per
bit in pure ad hoc mode than in hybrid mode. This is because
first, more nodes may be involved in the data transmissions
in pure ad hoc mode, and second, hybrid mode can support
higher end-to-end throughput as illustrated in Fig. 7b.

6.5 Minimum Scheduling Length under Uncertain
Channel Availability

We first illustrate the results of minimum scheduling length
under uncertain channel availability with different g’s in
Fig. 10. Note that we consider a network of 30 nodes, and
set g = 3 as the proxy region. We can see that the minimum
scheduling length (when the results are stable) when
B = 0.9 is shorter than that when g = 0.95. This is intuitively
true because a smaller $ indicates a lower requirement on
service quality, and hence the minimum scheduling length
can be lower. Interestingly, we also notice that it takes more
iterations for the result to become stable when B is smaller.
We also show in Fig. 11 the minimum scheduling length

2r :
: f B=0.95, W
g ——B=0.95,,

15¢ B=0.9,w, |
...... B=0.9,¥,

Scheduling length

0.5

0 1
0 50 100 150
Iteration numbers

200

Fig. 10. Performance comparison under different g’s for uncertain chan-
nel availability.

<
=2 0.8(" °_ o g™ "o Poo 0 DD og . °
c o o o oo
b e T ST
E : o
5 0.6
°
(9]
<
[$]
3 0.4
€
>
E o p=0.95
£02 + B=09 |
B=0.85
0
0 10 20 30 40 50

Simulation instance index

Fig. 11. Minimum scheduling length under different g’s for uncertain
channel availability.

under different A’s. Note that we have assumed that all
secondary channels have the same expected bandwidths of
50 KHz. For each B, we conduct 50 simulations, each with a
newly generated topology and bandwidths for all the sec-
ondary channels according to their distributions. We find
that the minimum scheduling length achieved when
B = 0.85 is the lowest among the three, due to the same rea-
son as that for Fig. 10. In addition, we show in Fig. 11 the
minimum scheduling length under secondary channels of
different expected bandwidths E[W")’s, which indicates dif-
ferent levels of secondary channel availability. We assume
that all secondary channels have the same standard vari-
ance of 5 KHz. For each E[W"], we conduct 50 simulations,
each of which uses a newly generated topology. We set
B =0.9. As shown in Fig. 12, we find that the minimum
scheduling length achieved when E[W'’] =60 KHz is the
lowest since it has the highest level of channel availability.

7 RELATED WORK

In this section, we discuss related work on multihop cellular
networks and cross-layer throughput optimization for wire-
less networks.

7.1 Multihop Cellular Network Architecture

In traditional cellular networks [1], [33]-[35], ad hoc commu-
nications are introduced to deliver information between
users, but every user still communicates with base stations
directly in one hop, which leads to low frequency spatial

< o o DDD o 9 o
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208y oo™ mog 07 foto goo”oge” 078 o
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Fig. 12. Minimum scheduling length under different E[IW*]’s for uncertain
channel availability.
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reuse and hence low throughput. Considering multi-hop
communications between nodes and base stations, some
works such as [1], [2] investigate the capacity of multihop cel-
lular networks, which has been shown to be much higher
than that of traditional cellular networks. However, these
works only consider the case where nodes share the cellular
channels and have not exploited the local available channels
or multi-radio as we propose in this study. Besides, although
asymptotic capacity bounds have been studied, the exact
optimal throughput value remains unknown.

7.2 Cross-Layer Optimization for Wireless Networks
There has been some work on joint link scheduling and
routing for throughput optimization in traditional ad hoc
networks [4], [36]-[38], multi-radio multi-channel mesh net-
works [26], [39]-[43], and cognitive ad hoc networks [3],
[18], [19], [29], [44].

Traditional ad hoc networks. Jain et al. [36] study the
throughput bounds of one source-destination pair consider-
ing both routing and interference. Zhai and Fang [4] study
the impact of routing metrics on path capacity by formulat-
ing a joint link scheduling and routing optimization prob-
lem. A single traffic flow is considered in the paper. Lin and
Shroff [37] employ a joint rate control and scheduling
approach to maximize the utility of the network subject to
the constraint that the network is stable. The same authors
[38] then design a distributed algorithm to solve the prob-
lem, which is shown to achieve a constant factor of the
capacity region. Routing is not considered in their optimiza-
tion problem. In these works, they study single-radio sin-
gle-channel networks.

Multi-radio multi-channel networks. Alicherry et al. [39],
[40] investigate the throughput optimization problem by
joint channel assignment and routing, assuming a CSMA/
CA medium access control protocol, and find a suboptimal
result that is within K - ¢(¢)/I of the optimal result, where K
is the number of channels, c¢(q) is a constant greater than 4,
and [ is the number of radios at each node. Kodialam and
Nandagopal [41] study the throughput bounds of multi-
radio multi-channel mesh networks following a similar
approach. Li et al. [26] explore the capacity region by formu-
lating a joint scheduling, channel assignment, and routing
optimization problem, and develop a heuristic algorithm to
obtain capacity upper bounds. Zhou [42] studies the video
streaming problem to minimize the video distortion by
jointly considering channel assignment, rate allocation, and
routing. Link scheduling is not considered. Lin and Rasool
[43] design distributed algorithms that jointly solve the chan-
nel assignment, scheduling, and routing problem, and show
that the algorithms can achieve an efficiency ratio of
1/(K +2) or 1/K, where K is the interference degree of the
network.

Cognitive ad hoc networks. Tang et al. [3] try to maximize
network throughput considering frequency channel alloca-
tion and scheduling but not routing, and find suboptimal
results. Feng and Yang [18] study a joint transport, routing,
and frequency channel allocation optimization problem to
maximize network utility. Ding et al. [44] attempt to maxi-
mize network utility by joint relay selection, routing, and
frequency channel allocation, and propose both centralized

TABLE 6
Comparison between Our Work and Existing Works
on Cross-Layer Optimization for Wireless Networks

Multi- Frequency- Time- Optimal
radio domain domain solution
multi- scheduling | scheduling
channel
[4] X V4 V4 X
[45] X X VA X
[37] X X V4 V4
[38] X X VA VA
[39] V4 V4 X X
[40] VA N4 X X
[41] Vv V V X
[26] V v v X
[42] V4 V4 X X
[43] V v v X
[3] X VA VA X
[18] X vV VA X
[44] X Vv VA4 X
[29] V4 V4 X X
[19] V4 VA X X
Our work V4 V4 V4 V4

and distributed algorithms to obtain suboptimal results.
Hou et al. [19], [29] try to minimize space-bandwidth prod-
uct by joint frequency channel sharing and routing. Heuris-
tic algorithms are proposed to find lower bounds on the
optimal results. In such works, time-domain link scheduling
is not considered.

We summarize the main differences between the above
works and ours in Table 6. In general, only a few perform a
complete study on joint link scheduling (both in time
domain and in frequency domain) and routing. Besides,
previous works only obtain suboptimal results that are
either unbounded or still far from the optimal results. In
this paper, we are able to find e-bounded approximate
results, which are less than (1 + ¢) and larger than (1 — ¢) of
the optimal result and hence much tighter. Here, 0 < ¢ < 1
is a system control parameter. Besides, some conflict graph
based works like [3], [4] assume all the maximal indepen-
dent sets are given, while we do not make this assumption
in this study.

Moreover, a few works [11]-[13] study cognitive cellular
networks, but they focus on resource management rather
than join link scheduling and routing optimization, and still
enforce one-hop direct communications between nodes
within the transmission range of base stations and the base
stations. In addition, since each node has only one radio,
such networks can be considered as a special case in the
proposed M3C?Nss.

Furthermore, most previous research on the minimum
length scheduling has been conducted on traditional ad hoc
networks [46]-[48] and only considers link scheduling. In
contrast, we study this problem in cognitive networks by
taking into consideration both scheduling and routing.
Besides, most previous works only derive an upper bound
on the minimum scheduling length, while we obtain both
upper and lower bounds in e-bounded approximate solu-
tions, which converge quickly, and can also efficiently find
the optimal result when € = 0%.

In addition, most previous works study homogeneous
networks, where each node has a fixed set of available chan-
nels and all nodes have the same transmission range on all
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the channels. While in M*C2Ns, we consider heterogeneous
networks and take uncertain channel availability into
account, which is an intrinsic feature of cognitive radio net-
works but has rarely been studied before. Besides, although
column generation has been adopted in the study of wire-
less networks [49]-[54], our problem formulation and the
algorithm design are completely different. We propose an
e-bounded approximation algorithm for the first time in the
literature.

8 CONCLUSIONS

In this paper, we have proposed a novel multi-radio multi-
channel multi-hop cognitive cellular network (M3C2N)
architecture to enhance the throughput of current cellular
networks. We study the minimum length scheduling prob-
lem in M?C?Ns, and formulate it as a maximal independent
set based joint scheduling and routing optimization prob-
lem, which we call OOP and is a mixed integer linear pro-
gramming (MINLP) and hence generally NP-hard problem.
Then, we decompose OOP into a sequence of MPs, each of
which is further decomposed into an RMP and a PP. Notic-
ing that RMP can be solved in polynomial time but PP is still
an NP-complete problem, we then design a sequential-fix
algorithm which can find a suboptimal solution to PP in
polynomial time. After that, an e-bounded approximation
algorithm is developed which can find the e-bounded
approximate result and the optimal result (when e = 0%)
quickly. Consequently, we are able to solve OOP very effi-
ciently, in terms of both e-bounded approximate solutions
and optimal result as demonstrated by simulations, without
having to find the maximal independent sets. Furthermore,
although most previous research only assumes constant
channel bandwidth, we take uncertain channel availability
into consideration to account for practical issues, e.g., the
unpredictable activities of primary users.

ACKNOWLEDGMENTS

This work was supported by the U.S. National Science
Foundation under grants CNS-1149786 (CAREER Award),
ECCS-1128768/1129062, CNS-1147851/1147813, and CNS-
1343220/ CNS-1343356. The work of Huang was supported
by the National High Technology Research and Develop-
ment Program of China (863 program) under grant
No. 2011AA010503, and the Joint Program of National
Science Foundation of China-Guangdong under grant
No. U1301256. The work of Glisic was supported by the
Finnish Academy under grant COCAHANE-257162.

REFERENCES

[1] Y. Lin and Y. Hsu, “Multihop cellular: A new architecture for
wireless communications,” in Proc. IEEE Int. Conf. Comput. Com-
mun., Tel Aviv, Israel, Mar. 2000, pp. 1273-1282.

[2] P.Li, X. Huang, and Y. Fang, “Capacity scaling of multihop cellu-
lar networks,” in Proc. IEEE Int. Conf. Comput. Commun., Shanghai,
China, Apr. 2011, pp. 2831-2839.

[3] ].Tang, S. Misra, and G. Xue, “Joint spectrum allocation and sched-
uling for fair spectrum sharing in cognitive radio wireless
networks,” Comput. Netw. J., vol. 52, no. 11, pp. 2148-2158, Aug. 2008.

[4] H.Zhaiand Y. Fang, “Impact of routing metrics on path capacity
in multirate and multihop wireless ad hoc networks,” in Proc.
IEEE Int. Conf. Netw. Protocols, Santa Barbara, CA, USA, Nov.
2006, pp- 86-95.

[5]

[6]
[7]
[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]
[28]

M. Pan, C. Zhang, P. Li, and Y. Fang, “Joint routing and link
scheduling for cognitive radio networks under uncertain spec-
trum supply,” in Proc. IEEE Int. Conf. Comput. Commun., Shanghai,
China, Apr. 2011, pp. 2237-2245.

L. S. Lasdon, Optimization Theory for Large Systems. New York, NY,
USA: Dover, 2002.

M.S. Bazaraa, ]. J. Jarvis, and H. D. Sherali, Linear Programming and
Network Flows. 3rd ed. New York, NY, USA: Wiley, 2005.

M. McHenry, “Spectrum white space measurements,” New
America Foundation Broadband Forum, Washington, DC, USA,
Jun. 20, 2003.

M. A. McHenry, P. A. Tenhula, D. McCloskey, D. A. Roberson,
and C. S. Hood, “Chicago spectrum occupancy measurements
and analysis and a long-term studies proposal,” presented at
the First Int. Workshop Technology Policy Accessing Spectrum,
Boston, MA, USA, Aug. 2006.

D. Chen, S. Yin, Q. Zhang, M. Liu, and S. Li, “Mining spectrum
usage data: A large-scale spectrum measurement study,” in Proc.
Int. Conf. Mobile Comput. Netw., Beijing, China, Sep. 2009, pp. 13-
24.

H. Xu and B. Li, “Efficient resource allocation with flexible chan-
nel cooperation in OFDMA cognitive radio networks,” in Proc.
IEEE Int. Conf. Comput. Commun., San Diego, CA, USA, Mar.
2010, pp. 561-569.

J.Jin and B. Li, “Cooperative resource management in cognitive
WIiMAX with femto cells,” in Proc. IEEE Int. Conf. Comput. Com-
mun., San Diego, CA, USA, Mar. 2010, pp. 1-9.

J. Jin, H. Xu, and B. Li, “Multicast scheduling with cooperation
and network coding in cognitive radio networks,” in Proc. IEEE
Int. Conf. Comput. Commun., San Diego, CA, USA, Mar. 2010,
pp- 1-9.

R. Wang, V. K. N. Lau, L. Lv, and B. Chen, “Joint cross-layer
scheduling and spectrum sensing for OFDMA cognitive radio sys-
tems,” IEEE Trans. Wireless Commun., vol. 8, no. 5, pp. 2410-2416,
May 2009.

T. C. yam Ng and W. Yu, “Joint optimization of relay strategies
and resource allocations in cooperative cellular networks” IEEE
J. Sel. Areas Commun., vol. 24, no. 2, pp. 328-339, Feb. 2007.

T. Yucek and H. Arslan, “A survey of spectrum sensing algo-
rithms for cognitive radio applications,” IEEE Commun. Surv.
Tutorials, vol. 11, no. 1, pp. 116-130, First quarter, 2009.

Y. Zeng, Y.-C. Liang, A. T. Hoang, and R. Zhang, “A review on
spectrum sensing for cognitive radio: Challenges and solutions,”
EURASIP |. Adv. Signal Process.—Special Issue Adv. Signal Process.
Cognitive Radio Netw., vol. 2010, pp. 1-15, Jan. 2010.

Z.Feng and Y. Yang, “Joint transport, routing and spectrum shar-
ing optimization for wireless networks with frequency-agile
radios,” preneted Proc. IEEE Conf. Comput. Commun., Rio de
Janeiro, Brazil, Apr. 2009, pp.1665-1673.

Y. T. Hou, Y. Shi, and H. D. Sherali, “Spectrum sharing for multi-
hop networking with cognitive radios,” IEEE |. Sel. Areas Com-
mun., vol. 26, no. 1, pp. 146-155, Jan. 2008.

P. Gupta and P. Kumar, “The capacity of wireless networks,”
IEEE Trans. Inf. Theory, vol. 46, no. 2, pp. 388—-404, Mar. 2000.

Y. Shi, Y. T. Hou, J. Liu, and S. Kompella, “Bridging the gap
between protocol and physical models for wireless networks,”
IEEE Trans. Mobile Comput., vol. 12, no. 7, pp. 239-258, Jul. 2013.

X. Che, X. Liu, X. Ju, and H. Zhang, “Adaptive instantiation of the
protocol interference model in mission-critical ~wireless
networks,” in Proc. IEEE 7th Annu. Commun. Soc. Conf. Sens. Mesh
Ad Hoc Commun. Netw., Boston, MA, USA, Jun. 2010, pp. 1-9.

M. Pan, C. Zhang, P. Li, and Y. Fang, “Spectrum harvesting and
sharing in multi-hop CRNs under uncertain spectrum supply,”
IEEE ]. Sel. Areas Commun.—Special Issue Cooperative Netw. Chal-
lenges Appl., vol. 30, no. 2, pp. 369-378, Feb. 2012.

Y. Pochet and L. Wolsey, Production Planning by Mixed Integer Pro-
gramming. Secaucus, NJ, USA: Springer, 2006.

M. R. Garey and D. S. Johnson, Computers and Intractability: A
Guide to the Theory of NP-Completeness. San Francisco, CA, USA:
Freeman, 1979.

H. Li, Y. Cheng, C. Zhou, and P. Wan, “Multi-dimensional conflict
graph based computing for optimal capacity in MR-MC wireless
networks,” in Proc. Int. Conf. Distrib. Comput. Syst., Genoa, Italy,
Jun. 2010, pp. 774-783.

R. Diestel, Graph Theory. New York, NY, USA: Springer, 2005.

D. Bertsimas and J. Tsitsiklis, Introduction to Linear Optimization.
Belmont, MA, USA: Athena Scientific, 1997.



16

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[371]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 13, NO.X, XXXXX2014

Y. T. Hou, Y. Shi, and H. D. Sherali, “Optimal spectrum sharing
for multi-hop software defined radio networks,” in Proc. IEEE
Conf. Comput. Commun., Anchorage, AK, USA, May 2007, pp. 1-9.
P. Gupta and P. Kumar, “Critical power for asymptotic connectiv-
ity in wireless networks,” Stochastic Analysis, Control, Optimization
and Applications: A Volume in Honor of Wendell H. Fleming,
New York, NY, USA, Springer, 1998, pp. 547-566.

Y. Ye, “An o(n®l) potential reduction algorithm for linear pro-
gramming,” Math. Program., vol. 50, pp. 239-258, 1991.

B. Chen, K. Jamieson, H. Balakrishnamurthy, and S. Dao, “Span:
An energy-efficient coordination algorithm for topology maintai-
nance in ad hoc wireless networks,” ACM Trans. Wireless Netw.,
vol. 8, no. 5, pp. 481-494, 2002.

H. Luo, R. Ramjee, P. Sinha, L. Li, and S. Lu, “Ucan: A unified cel-
lular and ad-hoc network architecture,” in Proc. ACM 9th Annu.
Int. Conf. Mobile Comput. Netw., San Diego, CA, USA, Jun. 2003,
pp- 353-367.

P. Li, C. Zhang, and Y. Fang, “Capacity and delay of hybrid wire-
less broadband access networks,” IEEE |. Sel. Areas Commun.—
Special Issue Broadband Access Netw., vol. 27, no. 2, pp. 117-125,
Feb. 2009.

A. Zemlianov and G. Veciana, “Capacity of ad hoc wireless net-
works with infrastructure support,” IEEE ]. Sel. Areas Commun.,
vol. 23, no. 3, pp. 657-667, Mar. 2005.

K. Jain, J. Padhye, V. N. Padmanabhan, and L. Qiu, “Impact of
interference on multi-hop wireless network performance,” in
Proc. 9th Int. Conf. Mobile Comput. Netw., San Diego, CA, Sep.
2003, pp. 66-80.

X. Lin and N. B. Shroff, “Joint rate control and scheduling in mul-
tihop wireless networks,” in Proc. IEEE Conf. Decision Control, Par-
adise Island, Bahamas, Dec. 2004, pp. 1484-1489.

X. Lin and N. B. Shroff, “The impact of imperfect scheduling on
cross-layer congestion control in wireless networks,” IEEE/ACM
Trans. Netw., vol. 14, no. 2, pp. 302-315, Apr. 2006.

M. Alicherry, R. Bhatia, and L. E. Li, “Joint channel assignment
and routing for throughput optimization in multi-radio wireless
mesh networks,” in Proc. Int. Conf. Mobile Comput. Netw., Cologne,
Germany, Aug. 2005, pp. 58-72.

M. Alicherry, R. Bhatia, and L. Li, “Joint channel assignment and
routing for throughput optimization in multiradio wireless mesh
networks,” IEEE ]. Sel. Areas Commun., vol. 24, no. 11, pp. 1960-
1971, Nov. 2006.

M. Kodialam and T. Nandagopal, “Characterizing the capacity
region in multi-radio multi-channel wireless mesh networks,” in
Proc. Int. Conf. Mobile Comput. Netw., Cologne, Germany, Aug.
2005, pp. 73-87.

L. Zhou, “Distributed scheduling scheme for video streaming
over multi-channel multi-radio multi-hop wireless networks,”
IEEE |. Sel. Areas Commun., vol. 28, no. 3, pp. 409-419, Apr. 2010.
X. Lin and S. B. Rasool, “Distributed and provably efficient algo-
rithms for joint channel-assignment, scheduling, and routing in
multichannel ad hoc wireless networks,” IEEE/ACM Trans. Netw.,
vol. 17, no. 6, pp. 1874-1887, Dec. 2009.

L. Ding, T. Melodia, S. N. Batalama, and ]. D. Matyjas,
“Distributed routing, relay selection, and spectrum allocation in
cognitive and cooperative ad hoc networks,” in Proc. IEEE Sens.
Mesh Ad Hoc Commun. Netw., Boston, MA, Jun. 2010, pp. 1-9.

K. Jain, J. Padhye, V. N. Padmanabhan, and L. Qiu, “Impact of
interference on multi-hop wireless network performance,” Wire-
less Netw., vol. 11, pp. 471-487, Jul. 2005.

P. Djukic and S. Valaee, “Delay aware link scheduling for multi-
hop TDMA wireless networks,” IEEE/ACM Trans. Netw., vol. 17,
no. 3, pp. 870-883, Jun. 2009.

D. M. Blough, G. Resta, and P. Santi, “Approximation algorithms
for wireless link scheduling with SINR-based interference,” IEEE/
ACM Trans. Netw., vol. 18, no. 6, pp. 1701-1712, Dec. 2010.

O. Goussevskaia, Y. V. Oswald, and R. Wattenhofer, “Complexity
in geometric SINR,” in Proc. 8th ACM Int. Symp. Mobile Ad Hoc
Netw. Comput., Montreal, QC, Canada, Sep. 2007, pp. 100-109.

P. V. Patrik Bjorklund and D. Yuan, “Resource optimization of
spatial TDMA in ad hoc radio networks: A column generation
approach,” in Proc. IEEE Int. Conf. Comput. Commun., San Fran-
cisco, CA, USA, Mar. 2003 , pp. 818-824.

L. Fu, S. C. Liew, and J. Huang, “Fast algorithms for joint power
control and scheduling in wireless networks,” IEEE Trans. Wireless
Commun., vol. 9, no. 3, pp. 1186-1197, Mar. 2010.

[51]

[52]

[53]

[54]

X.Zheng, F. Chen, Y. Xia, and Y. Fang, “A class of cross-layer opti-
mization algorithms for performance and complexity trade-offs in
wireless networks,” IEEE Trans. Parallel Distrib. Syst., vol. 20,
no. 10, pp. 1393-1407, Oct. 2009.

M. Johansson and L. Xiao, “Cross-layer optimization of wireless
networks using nonlinear column generation,” IEEE Trans. Wire-
less Commun., vol. 5, no. 2, pp. 435-445, Feb. 2006.

M. Cao, X. Wang, S.-J. Kim, and M. Madihian, “Multi-hop wire-
less backhaul networks: A cross-layer design paradigm,” IEEE ].
Sel. Areas Commun., vol. 25, no. 4, pp. 738-748, May 2007.

J. Luo, C. Rosenberg, and A. Girard, “Engineering wireless mesh
networks: Joint scheduling, routing, power control, and rate
adaptation,” IEEE Trans. Netw., vol. 18, no. 5, pp. 1387-1400, Oct.
2010.

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.



