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Abstract In this paper, by integrating together conges-
tion control, power control and spectrum allocation, a
distributed algorithm is developed to maximize the
aggregate source utility and increase end-to-end through-
put. Despite the inherent difficulties of non-convexity and
non-separability of variables in the original optimization
problem, we are still able to obtain a decoupled and dual-
decomposable convex formulation by applying an appro-
priate transformation and introducing some new variables.
The objective is accomplished by the interaction and
coordination among three sub-algorithms of the algorithm
through the congestion prices. The convergence properties
of the three sub-algorithms are also proved. Simulation
results illustrate several other desirable properties of the
proposed algorithm, including the impacts of node mobility
and path and packet losses on convergence and robustness.
This work is a preliminary attempt towards a systematic
approach to jointly designing a congestion control sub-
algorithm and a power control sub-algorithm coupled with
a spectrum allocation sub-algorithm.
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1 Introduction

One of the fundamental tasks performed frequently by ad
hoc networks is congestion control, whose main objective
is to regulate the allowed source rates so that the total
traffic load on any link does not exceed its available
capacity. At the same time, the data rates that can be
achieved for wireless links depend on the interference
levels, which in turn are determined by the power control
and spectrum allocation policies. It is well known that both
power and wireless spectrum are scarce resources in
wireless ad hoc networks. To improve the spectrum utili-
zation significantly, cognitive radio (CR) has been recently
proposed as a smart technology which allows detecting
vacant spectrum holes and jumping into them [1, 2], which
is the primary motivation of the use of cognitive radio
networks. In [34, 35], cognitive cross-layer architecture for
the cognitive ad hoc networks was proposed and many new
and challenging problems regarding the design of CR
systems are formulated. Thus, in cognitive ad hoc networks
with multicarrier communications (e.g., orthogonal fre-
quency division multiple access (OFDMA)), which allow
multiple users to transmit simultaneously on different
subcarriers, it is a serious challenge how to efficiently
allocate the available spectrums detected by spectrum
sensing to different subcarrier links of cognitive radio
inter-/intra-users in a distributed fashion, and how to mit-
igate congestion of links while maintaining a higher utility
of subcarriers. This is one of motivations of our work.
Another motivation of our work is that unlike in wired
networks where links are disjoint resources with fixed
capacities, in ad hoc wireless networks the link capacities
are “elastic”, which depends on transmission power and
frequency spectrum since wireless channel is a shared
medium and interference-limited. The third motivation of
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our work is that because of multi-path routing induced by
adding spectrum allocation, the objective functions are
non-convex and non-separable, which is also very difficult
to obtain their optimal solutions. However, the case exists
extensively in ad hoc networks.

Congestion control has been widely studied as a network
utility maximization (NUM) problem, and much of existing
research on NUM in wireless networks focuses on the
jointly optimal transport layer congestion control and
media access control (MAC) layer contention control and
channel assignment [3-7, 11, 12]. They consider joint
design of congestion control and contention control to find
optimal end-to-end source rate at the transport layer and
per link persistence probabilities at MAC layer to maxi-
mize the aggregate source utility. In [33], the utility-life-
time tradeoff in wireless sensor networks (WSNs) was
studied by optimal flow control in a more practical way by
taking into account link congestion and energy efficiency
in their network model. But they do not consider the impact
of transmission power on congestion control and channel
utilization.

To address the issue of the jointly optimal congestion
control and per-link power control, more recently, in [8, 9],
the problem of joint congestion control and resource allo-
cation was considered in wireless networks. By jointly
considering contention control problem, Giirses in [10]
proposed a cross-layer optimized congestion, contention
and power control algorithm for transport, MAC and phys-
ical layers respectively by adopting the generalized network
utility maximization (GNUM) approach in ad hoc networks.
However, those results in [8—10] are only feasible for the
network model with fixed nodes and fixed single-path
routing, where the NUM problem is convex and can be
decomposed into two separate maximization problems.

Besides the interaction between congestion control and
power control, the influence of spectrum allocation on
congestion control cannot be neglected as well since both
the elastic capacities of links and the transmission rates of
sources are dependent on spectrum allocation in cognitive
ad hoc networks with multicarrier communications. There
are several pieces of work on the subcarrier allocation of
OFDMA systems in [13, 14]. However, those subcarrier
allocation schemes are based on the centralized approach.
Obviously, they are infeasible for ad hoc networks. In
[15-17], the distributed opportunistic access schemes were
presented through a judicious design of a novel backoff
mechanism to utilize the channel information and reduce
collisions for OFDMA systems. In [18], a primal-dual
optimization framework was developed to schedule any-to-
any CR communications based on OFDMA and to allocate
powers so as to maximize the weighted average sum-rate
of all users. However, those frameworks in [17, 18] do
not consider the subcarrier multi-path nature of ad hoc
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networks with OFDMA, which generally leads to a primal
non-convex and non-separable optimization problem. In
[36], the authors considered the problem of gathering
correlated sensor data by a single sink node in a wireless
sensor network, and designed efficient distributed protocols
to maximize the network lifetime. In [19], close to our
work, Xi and Yeh proposed distributed algorithms in
wireless networks for spectrum allocation, power control,
routing, and congestion control in accordance with the
duplexing constraint. One of their core contributions is that
the spectrum allocation is transformed into an equivalent
graphic-theoretic link-coloring problem to activate differ-
ent subsets of conflict-free links on different sub-bands.
However, these results are not suitable for cognitive ad hoc
networks with OFDMA because the available subcarrier set
for CR users is detected by an appropriate spectrum sens-
ing approach, thus there is conflict-free among each other.

Therefore, in this paper, to address the above challenges
and achieve high end-to-end throughput and efficient
resource utilization, we study and analyze a distributed
coordination problem of jointly optimal end-to-end con-
gestion control and per-link power control and spectrum
allocation while the architectural separation among dif-
ferent layers is preserved. Furthermore, we propose a new
distributed coordinative algorithm that integrates together
transport layer congestion control, and physical layer
power control coupled with spectrum allocation for cog-
nitive ad hoc networks with OFDMA. Based on elastic link
capacity that is regarded as a function of transmission
power, we construct a joint optimization formulation of
congestion control and power control to maximize the
network utility with multiple alternative subcarrier links,
which is a non-convex and non-separable optimization
problem. By introducing new variables and small distur-
bance quadratic terms, the original joint optimization
problem becomes decoupled and dual-decomposable. That
is, it can be vertically decomposed to the congestion con-
trol subproblem and power control subproblem. The former
is a primal algorithm where the congestion prices are
generated based on local aggregate source rate. The latter is
a dual subgradient algorithm where the transmission power
of each source is updated by the congestion prices. The
heuristics spectrum allocation sub-algorithm is the subop-
timal solution of the min—max effective subcarrier utili-
zation based on the congestion prices.

Remarkably, when the convergence takes place, for all
links along the multi-hop route, our distributed coordina-
tive algorithm not only provides the optimal transmission
rates for each subcarrier-to-subcarrier link, but also deter-
mines which portion of the rates is designated for trans-
mission in what powers and which subcarriers under the
adjustment of congestion prices. We show that this inter-
action and coordination among the three sub-problems are
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crucial to the convergence and performance of the joint
solution. In comparison with [19], simulation results
demonstrate that our distributed algorithm converges much
faster and achieves significant gains of network utilization
and throughput. More importantly, our algorithm is robust
to node mobility and packet losses.

The rest of this paper is organized as follows: Sect. 2
describes the network model and parameters with cognitive
ad hoc networks. Section 3 introduces the subcarrier-to-
subcarrier link construction for each node-to-node path of
Section 4 formulates the utility-maximization
problem of joint congestion control and resource allocation
with elastic link capacities. In Sects. 5 and 6, we propose
the distributed congestion control, power control and
spectrum allocation sub-algorithms based on dual-decom-
posable and subgradient approach and prove their conver-
gence. Several numerical examples are given in Sect. 7 to
demonstrate the effectiveness, convergence and robustness
of our proposed algorithm. The conclusions are drawn in
Sect. 8.

source.

2 Network model

We consider a cognitive ad hoc wireless network with
multicarrier communications. We assume that A/ denotes a
set of CR nodes with the node number N = IN and ¢ is a
set of logical node-to-node paths with the link number
E = lel which represents the ability of successful trans-
mission between nodes within wireless range. The whole
channel consists of K subcarriers and the bandwidth of
each subcarrier is not identica. A CR node ne N

Table 1 Notation table

represents a wireless transceiver. We assume that the CR
node n has M,, available subcarriers detected by the optimal
linear cooperation framework (OLCF) given in [21], and
the collection of M, available subcarriers is denoted by
M,.

Each node-to-node path e € ¢ consists of one or more
subcarrier-to-subcarrier logical links /, formed between the
subcarriers of ¢'s endpoints. The set of all subcarrier-to-
subcarrier links in the ad hoc network is denoted by £, with
L = |LI. Each node-to-node path is unidirectional and can
be active on one or more of the subcarriers. A spectrum
allocation is given by the collection n = {k,,ﬁi,n =1,...,
N,i=1,...,M,}, where subcarrier i of node n is operating
at channel k, ;. We consider a slot-synchronized system
with a periodic frame consisting of multiple slots. That is, a
node cannot transmit or receive on the same subcarrier at
the same slot, and simultaneous operation of different
subcarriers of the same node at the same slot is permitted
only if the subcarriers have been assigned to different
channels.

We consider a set of sources S, with S = IS| < N. We
assume that packets from sources are routed to their des-
tinations according to the established links which consist of
a path from source node to destination node and are fixed
by the network layer at the time of optimization. In our
network model the routing matrix R of size L x S corre-
sponds to these established links where entries r;; of the
matrix take the value of 1 if source s is using subcarrier
link /, and O otherwise. Although node-to-node path are
fixed, it is possible to split traffic across the subcarriers and
channels of each path. The descriptions of most of nota-
tions in this paper are summarized in Table 1.

Notation Description Notation Description

N Set of nodes Wy Number of subcarrier links of source s

N Number of nodes X Transmission rate of source s

€ Set of node-to-node paths e Capacity of link / on subcarrier i

E Number of node-to-node paths pio Transmission power used by link / on subcarrier i

K Total number of subcarriers for all the nodes P SINR of link / over i

M, Set of available subcarriers for node n e Binary variable denoting routing of traffic from
the path iof source s through subcarrier link /

M, Number of available subcarriers for node n 0 Lagrange Multiplier for link / on subcarrier i

L Set of subcarrier-to-subcarrier links p@) Step size at #-th iteration

L Number of subcarrier-to-subcarrier links r[)fi) Utilization of link / on subcarrier i

n: Subcarrier allocation to channels AP Number of active CR nodes within the coverage
area of the traffic source s operating on link / over subcarrier i

S Set of traffic sources nr Total number of spectrum adjustment

S Number of traffic sources T Period of spectrum allocation and reallocation

W Set of subcarrier links from traffic

source s to its destination
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3 Path construction

In an ad hoc network with multicarrier communications,
multi-subcarriers enable the multiple transmission options
for a transmitter through different subcarriers and sub-
channels. The total incoming traffic at each intermediate
node is aggregated from multiple subcarriers and should be
split to each of outgoing links which might be incident to
different subcarriers.

By the approach similar to that of [20], we construct a
set of subcarrier links for each node-to-node path of
source s as follows. Firstly, we start from the subcarrier-
to-subcarrier links of the path e near to source s, and
create one link 7 for each available subcarrier between the
two end nodes, tr(e) and rcv(e), of the path e, then add
the link 7 into the set of paths m,; secondly, for sub-
sequent path ¢’of path e, for each available subcarrier
between its end nodes, tr(¢’) and rcv(e’), the corre-
sponding subcarrier-to-subcarrier link is appended to all
the paths constructed for the previous link, and the link is
added to the set of paths @; and finally, this incremental
path construction procedure iterates for all links until the
end of the node-to-node path, and results in a set of paths
@, for each source s. As shown in Fig. 1, source s; is
associated with an origin—destination node pair denoted
by (h(s1), d(s1)). We assume that the node A(s;) has three
available subcarriers, ki, k, and k3, then by the above
procedures, it has three subcarrier-to-subcarrier links to its
next neighbor node R; corresponding to subcarriers ki, k,
and k3, respectively.

Our congestion control design distributes the traffic of
each source s across its set of paths @, Based on the
construction procedure and slot-synchronized nature, the
number of subcarrier links w; = lw,l of source s is equal to
the number of available subcarriers at each node-to-node
path, such as w,, = 6.

Fig. 1 Construction of the set
of paths

4 Problem statement

In network utility maximization (NUM) framework, each
source s has its utility function and network resource
(power, spectrum and bandwidth) are allocated so that
network utility (i.e., the sum of all users’ utilities) is
maximized. A utility function can be interpreted as the
level of satisfaction attained by a user as a function of
resource allocation. Different shapes of utility functions
lead to different types of fairness. In this paper, the utility
of a source transmitting at rate x, is expressed by

1—a
o) = {wic ezl )
wylog xg, otherwise,
where U(-) is a strictly concave, non-decreasing, twice
differentiable function. If we set o = 0, NUM reduces to
system throughput maximization. If o« = 1, proportional
fairness among competing users is attained; if « = 2, then
harmonic mean fairness; and if « — oo, then max—min
fairness. One of our aims is to find a source rate vector that
maximizes aggregate utility and can lead to the realization
of various fairness objectives. The fairness region depends
on the positive priority parameters W = {w; >0, s =
1,...,S} and parameter o > 0.

The rates of links depend on the medium access scheme,
channel condition and the resource allocations such as
transmit powers, spectrums and time-slots. A source s per-
ceives utility U(x,) when data are transmitted from A(s) to
d(s) at a total rate of x,. Since rate x; is the aggregate traffic
achieved by transmission to each subcarrier path i with rate

S x where @, denotes the number of
paths of each route from A(s) to d(s).

We assume that the capacity c¢§”’(p{”) of link / on sub-
carrier i of source s is a function of the signal-to-inter-
ference-plus-noise ratio (SINR) yEf)(pgi)) of link / over i, and

+\?, hence, x, =

h
(8_3 ) _ d(s2) Interference

Transmission direction

Ry d(s))

ks
- - -0k
+— .. —o k,
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pi? denotes the transmission power used by link / on sub-
carrier i. Thus, in interference-limited ad hoc networks, we
can write the physical layer link capacity as

e (5) = B g1+ -4 (7)),

where B{” is the bandwidth of link / on subcarrier i,
constant k = (—¢)/log(¢, - BER), ¢, and ¢, are
constants depending on the modulation and BER is the
required bit-error-rate [22]. However, high SINR can
always be maintained since CSMA/CA based MAC layer
prevents the nearby (i.e., 2-hop) nodes to operate at the
same time. High SINR allows us to approximate c{”(p}”) as
below

() ~ B tog(k -5\ (p")). 2)

Let 6} be the thermal noise power at the receiver of link
[ on subcarrier i, G be the direct link gain between the
transmitter of link m and the receiver of link / on subcarrier
i. Then SINR of link / on subcarrier i can be defined as
(i) (i)
7 (PE )> Gy PE) . (3)
Em#l Glmpm + g

It is manifest from (2) and (3) that each link capacity ¢
of link / on subcarrier i is “elastic”, and is a function of the
transmission power pfi), subcarrier allocation and the
channel conditions (such as link gain GE,’,)I and thermal
noise a/)) Note that in fact, in an OFDMA system, since
each subcarrier can be used by only one link at any time,
the sum interference to the receiver of link / on subcarrier

i should be zero.

We denote by X, = x§i>7i =1,...,w4| the source rate

distribution vector, and by X = [%,,s = 1,...,5]" the net-
work rate distribution. We assume that the binary routing
variable r}? indicates if subcarrier-to-subcarrier link / is
used by the path i of source s or not. The rate of a sub-
carrier-to-subcarrier link equals the sum of the individual
rates of all the paths of the network crossing this link.
Those individual rates also indicate the portion of the
aggregate traffic of the link that should be routed in each
subcarrier path. Therefore, given subcarrier links, we for-
mulate the joint congestion control and resource allocation
as the following utility-maximization problem with elastic
link capacities:

N Wy
()
7393 U(;xx ) )

s
subject to Z r,(;)x@ < cl@ (p}l)), Vie L, Vi€ w,

s=1

(5)

[}

mm < Zpl <pmdx = £7 (6)
w; '
< Zx@ <x™, Vse S, (7

where the optimization variables are both source rate x > 0
and transmission powers p > 0. Constraint (5) indicates that
traffic traversing a wireless subcarrier-to-subcarrier link / do
not exceed the capacity of the link; Constraint (6) describes
that the transmission power at each transmitter on link / is
constrained by the maximum and minimum transmission
powers, pi™™* and p™", in order to save the finite energy of
each transmitter and satisfy the diverse quality of service
requirement, respectively; Constraint (7) demonstrates that
the transmitting rate of each source is bounded by the
maximum and minimum transmitting rates, x;"** and x™" in
order to keep the fairness and improve the efficiency of
wireless links. The GNUM formulations given by (4)—(7)
bind the transport and physical layer. The solution gives the
optimal transport layer source rates and physical layer
power level p, that maximize the total network utility.

The multi-path nature of the problem (4) leads to several
difficulties in constructing solutions suitable for online
implementation. One of the main difficulties is that once
some sources have multiple alternative paths, even if U(-)
is a strictly concave function in x,, it is not in xs’) due to the

linearity of > «\": and, since the dual of the problem

may not be differentiable at every point, hence, the
objective function in (4) may not be strictly concave [23].

Another major challenge of solving the optimization
problem (4) is two global dependencies: (1) between
source rates x; and link capacities c;, and (2) between each
link capacity c; and all the interfering powers, in terms of

the attainable data rate under a given power vector j, =

P i= lw} Let P=[p,i=1,....0".

mary goal in this paper is to distributively find the joint
global optimal solution (X, P*) to problem (4) by breaking
down the two global dependencies.

Our pri-

5 Distributed algorithm

The core goal of this section is to propose the distributed
congestion control and power control sub-algorithms by
using Layering as Optimization Decomposition (LOD) [26]
approach to solve the optimization problem (4) systemati-
cally and distributively. LOD 1is a popular approach for
solving the cross-layer optimization problems in the form
of GNUM. It simply decomposes the optimization problem
into subproblems using dual decomposition and assigns
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them to different layers. The necessary conditions for
applying LOD are convexity and separability. However,
the optimization problem (4) is neither convex and nor
separable on optimization variables in its dual. Therefore,
to circumvent the difficulties due to the lack of strict
concavity and variable separability, we will first convert
the original optimization problem (4) into a new convex
and separable one by using the ideas from Proximal
Optimization Algorithms [23, 28, p. 232]; secondly, we
will propose two sub-algorithms by employing LOD;
finally, we will discuss the robustness of the two distributed
sub-algorithms.

At first, we convert the original optimization problem
according to the ideas from Proximal Optimization Algo-
rithms, which is
(i) to add a small penalty quadratic term to objective

function: ZS DY 12( yﬁi)

small positive constant, y\” is an auxiliary variable for
each x{”. Then the optimization objective function
becomes

(o8

U’(“yr) sz Z ( '>_y§"))2;

(i) to make the logarithm change of variables and
(i) (@) A(i) (@ 5(0)

2
), where 0 is a

constants: X3’ = logxs’, =logys’, p;’ =

log pl(l) mm 10g pmm max 1ngmax )Emm —
Y ) ) 5

log xmm max log xmax X

After the above two-step transformation, the optimiza-
tion problem (4) can be rewritten as

maXZ (S , ), (8)

N , o
subject to Z rl(?eﬁ) < é§l> (ﬁz(l))a

Vie LVicm, (9)

[o}

pnin < Zp, <P Vie L, (10)
. wA o
i< YR <@g Vs e s, (11)
i=1

ol 2) () - Y U U

where U(xs ) Vs ) U Ze)‘? —Z%( s —e«f) It
i=1 i=1

is easy to show that the optimal value of (8) coincides with

that of (4). In fact, let ¥, = [yﬁ),z = 1,...,w3} and Y =

V,,s=1,. S]T. If X" denote the maximizer of (4), then
X =X, Y =X are the maximizer of (8).
Then the new link SINR is obtained as (12) after setting

i (p") = 51" ().

@ Springer
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i)
Gl(l ehl - (12)
Zm;él Glmepm +o
Similarly, new physical layer link capacities are given
by (13) after setting 55” (ﬁ;i)) = c} 9 (ep1)> and using (12)

) (17) = 51 g (164) + 51

i) pl i
—log (Zm# Gfrie‘””’ + a§ >)}
through the second derivative
) in (13) is a

convex function. Thus, it is not difficult to obtain that the
constraint set formed by (9)—(11) is convex as well.

Next, in order to prove (8) to be a convex optimization
problem, we need verify the concavity of the objective
function.

The optimization problem (8) can be solved by two steps
at t-th iteriation:

(Sy) The maximization is alternately taken over X while
keeping Y fixed, i.e., fix ¥ = Y(¥) and maximize the aug-
mented objective function with respect to X.

Define

g(x§f>) = v <x‘£i>) (i aU/(x‘(Yi)) (14)

"/1 (Pz

(13)

It can be verified, e.g.,

test, that the term log(zm 4G, (1) gl 4 o)

m

ax@z T axﬁi) 7

It is easy to obtain the following theorem:

Theorem 1 With the addition of the quadratic term

S5 S8 ) or any fixed ¥, if g(") <0,

then the primal objective function U ()2@) is strictly con-

cave with respect to X.

Proof This can be proven in the same way as in [25,
Proof of Lemma 1]. (|

From Theorem 1, considering the utility functions (1)
parameterized by o, we can easily show that if o > 1,

U ()2@) becomes a strictly concave function. Throughout

this paper, we assume that the condition in Theorem 1 is
satisfied. Hence, the maximizer of (8) exists and is unique.
Let X(7) be the solution to this optimization.

(S;) Based on the results obtained in (S;), then the
maximization is resolved over Y while keeping X fixed, i.e.,
Y(r + 1) = X(@).

It is easy to show that such iterations will converge to
the optimal solution of problem (4) as t — oo [24, p. 233].

Since the objective function in (8) is now strictly con-
cave, we can use LOD approach to solve the optimization
problem (8)—(11) as follows.
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Let /l(i), i=1, ..., o, be the Lagrange Multiplier for

constraints (9). Let Z, = {i}i),i: 1,...,ws} and A=
o T

Anl=1,.. .,L} . To proceed, let us define the Lagrang-

ian function

L(X,2,PY) = ZS: -U (i e,;p‘)) B f‘:g(eﬁi) B e§$;)>2:|
s=1 | -
)

i=1

SN0 0,80 | NN 040 (0
SR A | 3 o)
i=1 =1 =1 =1
(15)
Moreover, the objective function of the dual problem is
D(X,.,P,Y)
= max L(X,A,P,Y)
x>0p>0
L o o )
= max Bs )(7 )”Y + )V<l)€,(l) (i) ’
x>0,p>0[; ( ) ;; 1~ (pl )
(16)
where
Wy ) [O8 6 2
s O &) _ W
;e Zz( ¢ )
ws L
=2 A (17)

i=1 [=1

By the linearity of the differentiation operator, the
objective function (16) can be decomposed into two
separate maximization subproblems

P1:D;(X,A,Y)=max » B,(X,1,7Y)
x>0 Z (18)
subject to ™" < Ziml A‘ <X Vs e S;
Wy
P21 Ds (P, 2) = max Vyouer (P Z Zl DD,
Wy
subject to pm‘“ < Zpl <pr, vie L.
(19)

The first maximization P1 involves in congestion
control mechanism for different xﬁ“, and the second one
P2 concentrates on power control mechanism in physical
layer. Note that the maximization involved in the
calculation of the dual function has been decomposed

into many simple maximization subproblems, which imply

that the optimal resource allocation problems can be
separated and solved in a distributed manner.

In the following, we will present congestion control sub-
algorithm and power control sub-algorithm by solving the
two maximization subproblems (18) and (19), respectively,
to effectively mitigate congestion at the network bottle-
necks and increasing the link data rates, using the Lagrange
multipliers A as congestion prices to allocate exactly the
right power to each transmitter.

5.1 Congestion control sub-algorithm

The dual problem of (18), given Y, then corresponds to
minimizing D{(X, 4, Y) over the dual variables 4, i.e.,

ranzn(}Dl(X’ 2,Y). (20)

Since the objective function of the primal problem (8) is
strictly concave, the dual is always differentiable. The
subgradient formulae of D; on the dual variable /15’) and the
(i)

data rate x;’ are given by

VD (A7) = =l (21)
and
N dU xgi) 0) 0] O\ o
VD (’Cgl)) - (<'>) 5( e )e
dx
— 00 (22)

The solutions for the maximization problem P1 can then
be distributively solved by subgradient descent iterations
algorithm given by
i;l\ﬂx

@) = [0 + 0D ()

NOING i i ?
=i (0),20) =2 Mt)] i
(23)

- [ ‘ +
A1) = [ﬂé’(tHﬁr(f)VDl(’“g ))L@—x(”(z)] -

where [-]Tdenotes the projection on [0, 4+00). It is again
easy to show that, given Y, the dual update (23) and (24)
will converge to the minimizer of D{(X, 4, Y) as t - o0,
provided that the step sizes f,(¢) are sufficiently small [24,
p- 214].

Remark 1 From (17), we can observe that the potential
oscillation may be caused by the multipath nature of
problem (4), but the additional quadratic term plays the
crucial role in inhibiting the oscillation. Assume that there
is no additional quadratic term, i.e., = 0, then we can
easily find from network flow competition viewpoint that
only paths that have at least competition price A” will have
positive transmission rate x$”, when (17) is solved for any
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source s that has multiple alternative paths. That is, if

)»5") > mkin /Iyd, then x{”
to oscillation of x when the dual variable A" is updated

by (24). However, when 0 > 0, it makes the maximum

= 0. The property can easily lead

point X, of (17) continuous in Zl. Hence, the quadratic term
serves a crucial role to restrict the oscillation and stabilize
the system.

5.2 Power control sub-algorithm

As without fixed infrastructure of ad hoc networks, the
power control operated by the optimization problem P2
must also be implemented distributively, just like conges-
tion control part. Since the data rate on each wireless link is
a global function of all the transmit powers, it is difficult
that the power control subproblem can be nicely decoupled
into local problem for each link. However, we show that
distributed solution is still feasible, provided that an
appropriate set of limited information is passed among the
nodes.

We first establish that the objective function of problem
P2 is a strictly concave function of a logarithmically
transformed power vector.

Theorem 2 The objective function V,u...(P, ) of prob-
lem P2 in (19) is concave over ﬁ;i).
Proof 1Tt is not difficult to see from (13) that the second

term in the square bracket is linear in ﬁl(i), and the last term

is concave in ﬁ§i> because the log of a sum of exponentials

of linear function of ﬁ;i) is convex, as proven in [6].
(i) [ 5(@0)

Therefore, the function ¢, ( ) ) is concave. O

It is easy to verify that the subgradient of V..., (P, 4)

with respect to ﬁ;i) is

VI(i) V[mwer (ﬁ;l)) == Bl(i) |f1§l> — eﬁgl) Z

() G0
e

(25)

Remark 2 The subgradient (25) is obtained under the high
SINR assumption. If this assumption is not maintained, the

expression (13) of é;i) (ﬁ”) will become

ROPRG i 0 ) i ) by
& 1) :Bf)[log(zmﬂ G + 0} + kG| e )

i) pd i
~tog((3, e+l

The subgradient (25) will be also modified according to

the above expression of é}i) (AE")).
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Then the subgradient projection algorithm that solves
problem P2 is obtained as follows. The transmission power
ﬁ;i) used by link / on subcarrier i is adjusted iteratively
5 (0) 1
p(t+1)

Amax

Py

(i) (i) A (i)
= |p,’t) + ﬁ HV;’V ower (p ) ) ) . . .
l ( ) p( ) L Tpowe l [3}”—]351)([),)u;,)—).’(,>(1):|ﬁl]nin

(26)

Simplifying the equation and using the definition (12) of
SINR, we can write (26) as the following distributed power
control sub-algorithm with message passing:

A(0)

p(t+1)
. . - . . ﬁ;“ax
= '@+ BB A1) ~ BB 3G w0 |
/#l Ismin
1
(27)
A3 (¢
where ;(f) = -5 -— are messages passed from the

ep/('i)(l)G@
J
transmitter of link j # [. That is, the transmitter of each
link j calculates a message /,(f) based on locally measur-
able quantities, and passes the message to the transmitters
of all other links by a flooding protocol. Each transmitter
updates its power based on locally measurable quantities
and the received messages by iterative equation (27). More
importantly, the link price )v('i)(t) in the message /(1) is
obtained by subgradient descent iterations algorithm (24)
in congestion control mechanism. Thus, we can implement
the joint control of congestion and power by the Lagrange
multipliers A.

It is worth noting that the distributed sub-algorithms
of joint congestion control and power control requires
two level convergence structure, i.e., each outer iteration
(S1) consists of an inner level of iterations (24). In order
to guarantee the convergence of the distributed algo-
rithm, the inner level of iterations (24) must converge
before each outer iteration can proceed from steps (S1)
to (S2). In practice, it is difficult for network elements to
decide in a distributed manner when the inner level
iterations should stop. However, all computation in the
constructed algorithms can be carried out based on
locally measurable information, and hence can be easily
distributed. More precisely, the dual objective function
DX, A, P, Y) in (16) has been decomposed into S sep-
arate congestion control subproblems for each source
s =1,..., § and L power control subproblems for each
link [ =1,..., L.

Remark 3 According to (27), a message Y(f) can be
updated at each link j based on locally measurable
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(@)
J
be estimated over a certain time window. Hence, no per-
source information needs to be stored or maintained. That
is, an advantage of the measurement-based approach is that
the algorithm does not need to rely on prior knowledge of
the parameters of the system. This facilitates all the com-
putation in a distributed fashion.

quantities such as SINR " (r) and link gain G}, which can

5.3 Robustness discuss of distributed algorithm

It is known from the previous parts that the path loss factor
Gj?, which determines the message /;(f) and the power
level in (27), is perfectly estimated by receiver. However,
mobility of the nodes and fast variation of the fading
process may lead to a mismatch between the Gﬂ,’:) used in
the power update algorithm and the Gf;) that actually
appear in the link data rate formula. Therefore, it is useful
to know how much error in the estimation of GEP can be
tolerated without losing the convergence of joint power
control and congestion control.

Let AG{)(#) denote the error in the estimation of G}’ at t-
th iteration. We provide a sufficient condition using results
about gradient algorithm with errors in gradient circulation
[28].

Theorem 3 The distributed algorithm (21)—(27) con-
verge to the optimum of (16) with GE;) estimation errors, if
there exists a T such that for all times t > T, the following

inequality holds:

2 @)y 20 0]
> 23800

i i j
7 A D )(f)GJ(j)(f)

(28)
Proof The proof can be found in “Appendix”. O

Theorem 3 gives an analytic condition of convergence
with inaccurate estimations of GE}) for path losses.
Numerical experiments can be carried out in simulations,
where the Gf}) factors in (27) are perturbed randomly
within a range. Results of one typical experiment are
shown in Fig. 6(b) for the same network topology and
connections as those in Fig. 3. In this simulation, compared
with Fig. 3, the Gg) factors are generated at random

between +20 and —20% of their true values. The algorithm
converges to the same optimum after a much longer and
wider transient period.

6 Spectrum allocation

In this section, one of our focuses is how to efficiently
find a feasible spectrum allocation strategy when fre-
quency bands are enough to alleviate congestion. The
key idea of our spectrum allocation is to use the over-
load spectrum utilization and the Lagrange multipliers of
the congestion control sub-problem to identify the most
congested links as local areas of highest priority. The
new spectrum allocation 7' should remove traffic from
highly congested resources or add bandwidth to highly
congested resources if possible. Therefore, in this paper,
we will allocate a subcarrier which can minimize the
maximum spectrum utilization of the heavy overload link
to this link to reduce congestion. To achieve the goal,
we first formulate the constrained min—max problem to
minimize the maximum efficient subcarrier utilization
(ESU) of traffic source; secondly, we will give the
expression of ESU related to transmission probability
and link utilization; finally, we will propose a heuristic
distributed spectrum allocation algorithm by solving the
min—-max optimization problem, in which congestion
control and spectrum allocation are resolved sequentially
and iteratively.

We assume that there are A;” active CR nodes within the
coverage area of source s when it operates on link / over

(D)
!

subcarrier i. These nodes are indexed by m e[l 0 =
1

{1,2, .. .7A§i)}. In cognitive ad hoc networks, A{ is not

constant value because nodes can join and leave the net-
work at any time due to their mobility, or become inactive,
i.e., there is no message to be sent. Each active node has an
average volume of traffic demand, denoted by d,,, which is
the data rate that must be provided by its associated traffic
source in order to support the required QoS in the appli-
cation layer. Let ¢ denote the utilization of link [ on
subcarrier i, and Y’}i)(n) be the ESU of source s when it
operates on link / over subcarrier i during the n-th spectrum
adjustment interval, where n € I, = {1, 2,..., ny}, and ny
is the total number of spectrum adjustment allowed within
a spectrum allocation and reallocation period, denoted
by T.

Remark 4 1t is worth noting that ¢} is fraction of time
interval during which its link / on subcarrier i is sensed
busy or used for transmission, the larger the link utilization,
the busier the link and the higher the probability that
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congestion occurs. Therefore, one of our aims is to control
the larger ESU to reduce the probability that congestion
occurs in this link.

To effectively allocate the M, orthogonal subcarrier to
the L links in a distributed fashion, the following con-
strained objective function for spectrum allocation can be
achieved at the n-th spectrum adjustment:

mjnmlax ‘Pl(i) (n) forie M,,leL,nel, (29)
subject to
max{d,,} <% (n)c",

m (30)

fOmeIA(,),iEMn,IGE,I/ZEIn.
1

The objective function in (29) is to allocate spectrums
such that the ESU of the most heavily loaded link is
minimized. The min-max operation results in more
resource available for the most heavily loaded link at
each spectrum allocation period. Constraint (30) states that
the traffic demand for a link from all its associated nodes
should be less than the capacity the link can provide. It can
be seen that the spectrum allocation problem (29) is a
global optimization problem. In theory, it is usually
formulated as an integer linear programming (ILP)
problem and found to be NP-complete or NP-hard.
Therefore, we will have to develop heuristic algorithm to
find suboptimal solutions locally so that the NP-hard
problems can be avoided.

A virtual-transmission time (VTT), which refers to the
time interval between two successful transmissions, con-
sists of one successful transmission and several idle [29].
For a source with Afi) active neighbor CR nodes, each
neighbor transmits with a probability p{”, the probabilities
that the link / on subcarrier i is in idle and successful
transmission, denoted as p{) and p}?, respectively, can be
provided as follows:

(i) A @) _ 40) (D) A
P/o:(lfpl) and p;;’ = A;"p (I*P/) :
(31)

Let ﬁlm denote the average time interval that the link / on

subcarrier i spends on a successful transmission; and Dl@ be
its average VTT. The utilization of link / on subcarrier i can
be defined at n-th subcarrier adjustment as [29, 30].

o) (n) = @) (n) /5, (n), (32)
where
8" (n) = Lsgtoply (n), (33)

@ Springer

0 (1) = ty10p\g) (1) + Equcpll (), (34)

where L, is the average message length in bytes; #, and
tyo. are the time needed to transmit a byte and a slot,
respectively; E,. is the average duration time of a suc-
cessful transmission.

By substituting (31), (33) and (34) into (32), we find

i Lms Ip
¢ (n) = —E—, (35)
tslotN[ (11) + Esuc
; )
where N ;')(n) = Lo g easily seen that the utilization

: D) :
¢"(n) is a function of the transmission probability p”, the
number of the active CR nodes A'” and the duration time of

successful transmission Eg,..

Remark 5  Although the channel utilization is also defined
in [30], the difference is that we do not consider the
interference and collision in spectrum allocation due to
with OFDMA modulation. However, it needs to be taken
into consideration that the impact on the ESU of source s is
caused by the collective interference generated by its active
neighbor CR nodes.

By the above consideration, P¥(n) consists of two
parts: the first part accounts for the utilization of link / on
subcarrier i as shown in (35); the other accounts for the
wasted time slots due to the interference caused by a group
of active CR nodes that are transmitting simultaneously.
Therefore, we have

A
¥ ) =20 ) |0 () + 30 e ) | (36)
k=1

where the definition of )f)(n) is the same as that in (24) and
ps denotes the transmission probability of active CR node
k other than [ on subcarrier i. The link on subcarrier i of the
co-link interfering nodes transmits at the same probability

as the link [/ of source s. Thus we have
¥ (n) = 27 () [9) () + AV ¢ mp ()], (37)

where it is regarded as the fact that all the active neighbor
CR nodes virtually join the competition for subcarrier
i with probability p{".

Especially, we define the ESU function as the product of
the link utilization ¢{”(n) and the congestion price (Lagrange
Multiplier) /l?”(n), which is reasonable since the higher link
congestion price implies the link has the more traffic load
while ¢{”(n) effects on the ESU level. By the bridge role
played by the Lagrange Multiplier, we can build up the
correlation among congestion control, power control and
spectrum allocation to achieve the joint optimization. Note
that since each active CR node has only one link on
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subcarrier ito transmit data simultaneously, it is feasible to
take the upper bound of active CR node link as A{".

In the following, we will develop a heuristic distributed
spectrum allocation algorithm in two aspects:

First, the search for a link [ in max ‘I’;i) (n) in (25) is

replaced by a research for a pfi)(n) that maximizes the
Y{)(n). By taking the partial derivative of ¥{’(n) with
respect to pi”’(n) equal 0, and replacing the time step n by
n — 1 in the right hand side of equation, we can find

pi’ () = =91 (n = 1)/ (@¢)" (n = 1)/3p}" (n = 1))
— 1A (n = 1). (38)

Let Wy)(n) denote the maximum ESU achieved by using
p?i)(n) in (38). Therefore, each subcarrier of source s can
operate independently to minimize its Wi’(n) without
relying on extensive message exchanges with other nodes.

Second, we need search for an optimal subcarrier i,

i € M,,, in min W (n) in (25).

The distributed spectrum allocation algorithm can be
summarized as follows:

Stepl: Initially, set n = 1, for n € I,,.. Each link of source
s is allocated with one of the available subcarriers
randomly.

Step2: For link [/ on subcarrier i, collect network
congestion status information, i.e., }v?) and x}i) from
congestion control sub-algorithm and ¢} information
from power control sub-algorithm, then the link / on
subcarrier i estimates its optimal transmission probabil-
ity p§”(n) by using (38) to achieve maximum subcarrier
utilization. Compute ESU by using (37) and obtain the
maximum ESU W{?(n) during the n-th subcarrier
updating cycle.

Step3: After switching to a few different subcarriers
during different subcarrier updating cycles, the link /
has experienced several different values of Wi(n). Select
the subcarrier that corresponds to the minimum

Wi?(n) value. Denote Z(n) = min{Wl(i> (”)} and Ki(n) =

i, which is the optimal subcarrier for link / at this time.
Step4: Check the inequality

|Zi(n)=Zi(n = 1)[ <& (39)

where &g is predefined constant that determines the deg-
radation of QoS of the network. If (39) holds, stop the
current subcarrier adjustment. Go to Step 2, to monitor the
network status.
Step5: Check whether or not the constraint (30) is
satisfied. If not, let i = K;(n) for link [ and set
n=n+1, then go to Step (2). If yes, select
K (n) = iasthe best subcarrier for link / and go to Step (6).

Step6: Switch to the best channel related to an optimal
subcarrier with switching probability p,, for example
ps = 0.5, for uniformly distributed subcarrier layout.
Step7: Let n = n + 1, then go to Step 2.

Therefore, each source node can run the sub-algorithm
periodically and independently. It periodically scans its
available subcarrier set and maintains a record for each
subcarrier. Among them, it finds and allocates its best
subcarrier locally to the link /. The convergence of this
algorithm can be proved by using the Theorem 2 in [31],
which states that the algorithm does not have infinite
looping if 0 < p, < 1.

7 Numerical results

We evaluate the performance of the proposed distributed
joint optimization algorithms, and compare it to the
approach of Xi and Yeh in [19]. We first describe the
implementation of our iterative congestion control, power
control and spectrum allocation algorithms. Then we
discuss the results of the comparative performance
evaluation.

7.1 Implementation

We have implemented our joint congestion control, power
control and spectrum allocation framework and the algo-
rithms in [19] using Network Simulator-2 (NS-2) [32] in
C++, respectively. The implementation of our algorithms
includes the following components.

7.2 Path construction sub-algorithm

We first make use of the optimal linear cooperation
framework (OLCF) [21] to detect the availability of a
subcarrier and obtain the available subcarrier set of a CR
node. A set of subcarrier paths is constructed for each
node-to-node route of source. Since each subcarrier of
nodes has one subcarrier-to-subcarrier link, every node
has multiple subcarrier paths to its destination. The con-
struction procedure is shown in Sect. 3. In addition, node-
to-node paths are pre-computed separately by using
Dijkstra’s shortest path algorithm and minimum hop
count as metric.

7.3 Congestion control sub-algorithm
The CCA distributes optimally the traffics of each source to
these paths to avoid congestion by adjusting the congestion

prices. We interpret the congestion prices as the congestion
information of links, which is indeed consistent with the
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contention relationship among flows in ad hoc networks
since transmissions on one link contribute the congestion
over all links. Source s can solve (18) separately without
the need to coordinate with other sources because con-
gestion price summarizes the entire congestion information
source s needs to know. This is enabled by the multi-path
congestion control problem formulation presented in Sect.
SA.

7.4 Power control sub-algorithm

By congestion price derived by CCA, we iteratively update
the power of each transmitter to assign the optimal power
for every link. The change of transmission power leads to
the adjustment of the link capacity, which can reduce the
allowed transmission rates to reach the goal of reduce
congestion. The distributed algorithm is presented in
Sect. 5B

7.5 Heuristic spectrum allocation sub-algorithm

Based on the link utilization obtained in (37) and conges-
tion price in Sect. 5, the spectrum allocation sub-algorithm
distributes the optimal subcarrier for each link. The algo-
rithm is of low complexity since it only involves local
searches in the most congested links. The detail allocation
procedure is shown in Sect. 6.

The relationship among congestion, power and spectrum
allocation can be summarized as shown in Fig. 2. As stated
in Introduction, the main objective of congestion control is
to regulate the allowed source rates so that the total traffic
load on any link does not exceed its available capacity,
which depends on the interference level, and in turn the
power control and spectrum allocation policy. It follows
from these observations that a tradeoff exists between
subcarrier allocation, power levels, data rates, and con-

gestion in ad hoc networks. These elements need to be
coordinated in order to arrive at enhanced strategies that
not only maintain a minimum variance between the actual
and desired SINR levels but that also ensure a low prob-
ability of packet loss in the network.

It is not difficult from Fig. 2 to see that the couple of
spectrum allocation with power control and the effect of
spectrum allocation on the overall performance work as
follows:

(1) The HSA always monitor network congestion and
data rate status in a real time from the transport layer.
Once congestion occurs, at first, the HSA begins to
run iteratively to turn out a spectrum allocation
policy;

(2) According to the policy and channel conditions, the
PCA adjusts the corresponding transmission powers,
and in turn modifies the link capacities;

(3) The CCA adjusts the date rates of traffic sources.
Certainly, it is possible that the data rates are adjusted
while the allocated subcarriers and the computed link
capacity keep invariable.

Therefore, congestion price information from transport
layer need be used by power control and spectrum allo-
cation in physical layer to either adapt its existing algo-
rithm or create new diversity. Link capacity information
from power control component and source rate information
from congestion control component will be transmitted to
spectrum allocation component to make a new subcarrier
allocation strategy. Furthermore, the strategy is provided
with power control component as criteria of adjusting
power together with congestion price. Then congestion
control component modifies transmitting rates of sources
according the link capacity given by power control com-
ponent. Therefore, these tasks need be jointly accom-
plished across the layers.

Fig. 2 Nonlinearly coupled
dynamics of congestion, power
control and spectrum allocation

The master cross-layer utility-maximization

problem (4)-(7)

Proximal Optimization

Algorithms/LOD

Subcarrier
4
Capacity h 4 allocation 7T
Congestion control c Power control Spectrum allocation
sub-algorithms in transport o] sub-algorithmsin [T o] sub-algorithms in
layer hysical layer hysical layer
Q Price A p<)y Capacity C 'y p<)y
Rate X, Power p ESU W
Price A Rate X,
Price A
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7.6 Overhead and complexity analysis for distributed
joint optimization algorithm

e Overhead—The messages ,(f) passed from the
transmitter of link j # [/ for every subcarrier i to the
transmitters of all other links by a flooding protocol;
the congestion price messages ),j(i)(t) transmitted
among these cross-layer sub-algorithms; the average
duration time E;,. of a successful transmission; link
capacity ¢§” information of link / on subcarrier i; data
rate x information from its associated active CR
nodes; the propagation delay and interframe spacing
time.

e Complexity of distributed joint optimization algorithm

For path construction sub-algorithm, we employ the Dijk-
stra’s shortest path algorithm to pre-compute node-to-node
paths, and a CR node n has at most M,, available subcar-
riers. Therefore, the complexity of this sub-algorithm is
O(MN logN), where Ndenotes the number of the CR nodes,
M denotes the number of the available subcarriers detected.

For congestion control sub-algorithm, it is shown in [27] that
given M0 the subproblem (18) can be solved in at most
Olwy log wy] steps. For each subcarrier i of source s, the

number of the data rate x@ updating iterations is bound and
does depend on the number of the subcarrier-to-subcarrier
links. For a source s, the complexity of this sub-algorithm is
O((N + )Mo, log wy), where w, denotes the number of
subcarrier-to-subcarrier links from /(s) to d(s). Therefore, the
complexity of this sub-algorithm is O[(N + L)MZS log (SM)].

For power control sub-algorithm, since it need not
additionally compute the congestion price A’ and the
number of power updating iterations is bound, which does
not depend on the number of the CR nodes, the com-
plexity of the power allocation process is, therefore,
O(LM).

For spectrum allocation sub-algorithm, as stated in step
2 of the spectrum allocation sub-algorithm, we need obtain
the maximum ESU Mi)(n) according to the optimal
transmission probability p{”(n) by using (38). The com-
plexity of this step is O(M log M), where M the total

number of spectrum adjustment allowed. The complexity
of the whole spectrum allocation sub-algorithm is
O(LM? log M).

If we combine the complexity of these sub-algorithms,
the overall complexity of the distributed joint optimization
algorithm is O[(N + L)M>S log (SM)].

7.7 Performance evaluation

In our simulations, for giving a justified evaluation in a
large scale wireless multi-hop ad hoc network, network
topology is composed of N = 100 nodes, E = 60 node-
to-node links, § = 30 sources. We model an OFDMA
system in which the entire bandwidth is divided into
2048 subcarriers, i.e., K = 2048, which is provided by
OFDMA standard. The bandwidth Bof each subcarrier is
randomly distributed in [1, 5] kbps. All the nodes are
distributed randomly in an area of 1,000 x 1,000 m>.
Without loss of generality, we take sources s;, S», S3,
their corresponding destinations h(s;), h(s,), h(s3) and the
intermediate nodes R;, R, as the observation object in
our simulation. We set BER = 107>, ¢; = ¢» = 1, and
Gy = dfk4 where dj; is the distance between transmitter
of link / and receiver of link k. The thermal noise power
density of each subcarrier is —145 dBm/Hz. We assume
that the minimum and maximum data rates for all the
links, x™" and x™* are uniformly distributed in (0, 1)
kbps and (12, 15) kbps, respectively, and let the mini-
mum and maximum transmission powers for all the
sources, p™" and p™, have uniform distribution in (0.2,
0.8) and (6, 8) mW, respectively, for reflecting the
diversity of different source rates and subcarrier powers.
Finally, we set the parameters related to algorithms
as iteration step size f.(f) = f,(t) =0.01, 6 =0.1,
tyor = 20 uS, Ly = 10KB, Eg,. = 300 us, & = 0.01
and ¢, be distributed randomly in (5, 20) us since the
time needed to transmit a byte is different. All of results
are obtained by taking the mean values collected from
100 trial runs of corresponding appropriately experi-
mental scenarios.

Table 2 The efficiency
evaluation of power control and

spectrum allocation

Node h(s;) h(s,) h(s3) R; R,
Subcarriers allocation for transmission in case 1 ki, ko, k3 ks ko ko ks, ks
Rate in case 1 (kbps) 28.2 14.3 18.6 30.6 254
Power in case 1 (mW) 7.2 34 4.5 6.3 7.6
Subcarriers allocation for transmission in case 2 ks, ks ks, ky ki, ko ks, ks ki, ko, ks
Rate in case 2 (kbps) 232 21.4 19.5 34.6 39.4
Power in case 2 (mW) 5.2 4.5 3.8 6.5 7.6
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Fig. 3 Evaluation of data rate for each subcarrier of source h(s;)
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Fig. 4 Evaluation of transmission power for each subcarrier of
source h(s;)

7.8 The effect of power control and spectrum
allocation on utility

In this part, we will verify the efficiency and convergence
of our proposed distributed algorithms. We take the utility
function with proportional fairness, i.e., wy = 1 and o = 1.
The initial transmission powers for all the sources are
2.25 mW. After the algorithm achieves stable, the obtained
spectrum allocation for each node is list in Table 2. Fig-
ures 3 and 4 indicate the convergences of data rate and
power for each subcarrier link of source h(s;), respectively.
A key question for practical implementation of the pro-
posed cross-layer design is whether the coupled nonlinear
dynamics among these sub-algorithms can proceed close to
the equilibrium before the network topology, routing and
source characteristics change dramatically. It is desirable to
choose a constant step size that is neither so large that the
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Fig. 5 Comparison of convergence and throughput between our
algorithm and [19]

algorithm diverges (e.g., violating the conditions in Sect.
5), nor so small that the convergence is too low. We find
that when f,(f) and fB,(¢) are less than 0.05, the proposed
algorithms can converge to the equilibrium. One way to
accomplish this is to let each source and each transmitter
autonomously decrease the step size at each time slot
t according to the following rule: B.(f) = f,() = wit,
w > 0 is a constant. Such a diminishing sequence of step
size also make the algorithm even robust: errors in
queueing delay A and path loss G can be tolerated. It is also
possible to speed up the convergence of the algorithm by
diagonally scaling the distributed subgradient method
P+ 1)

Hmax

p;

50) Wl 50)
= t HWV V,,W< )‘ o ,
[p’ O BN poner P17 ) 050300 e

where W should be the inverse of the Hessian H of
V§i>Vpowe, (ﬁ;i)). Approximately, we can take W = diag
(H;i ")

We verify the effect of power control and spectrum
allocation on the network utility from two aspect, i.e.,
without power control and spectrum allocation (case 1) and
with them (case 2), where there exists the link congestion
between R; and R, and the interference to R1 and d(s,)
from h(s3). Table 2 shows that as more sources begin to
transmit data, some subcarriers are reallocated and powers
are also readjusted. Some node link capacities actually
decrease, while the capacities on the bottleneck links rise to
maximize the total network utility. This is achieved
through a distributive adaptation of power, which lowers
the power levels that cause most interference on the links
that are becoming a bottleneck in the dynamic demand-
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supply matching process. The end-to-end throughput per
watt of power transmitted, i.e., the throughput power ratio
(TPR), is 20.5% higher with power control and spectrum
allocation, compared TPR without power control and
spectrum allocation. Therefore, power control, spectrum
allocation and congestion control, which are running dis-
tributively and coordinated through the congestion prices,
work together to enhance energy efficiency of multi-hop
transmission across a multi-hop ad hoc network.

Moreover, we compare the convergence rate and utility
by our algorithms with those by approach in [19] using
equal weights w; for all sources. The main reason behind
this choice is that it is not straightforward to determine
optimal weights in advance. It can be seen from Fig. 5 that
the convergences of our proposed algorithms are faster and
the throughputs obtained by our algorithms are larger by
comparison with those obtained by [19]. The main reasons
are that (i) in spectrum allocation in [19], the connectivity
and interference graphs need be constructed, and the link
coloring problem need also be resolved, which is NP-hard.
However, we need only solve the linear combination
optimization problem to detect and allocate those available
subcarriers, which has less overhead; (ii) in [19], the power
and spectrum modifications are based on route links of
nodes. Link-based modifications involve switching both
radios of a radio link to a different channel. However, our
modifications are based on radio spectrums, which involve
switching only a single radio to a different channel. Link-
based modifications are more drastic because they result in
more links switching channels.

7.9 The impact of node mobility on convergence
and throughput

In this part, we further verify the impact of the path losses
induced by mobility of the nodes and fast variation of the
fading process on the convergence and the utility of joint
distributed coordinative algorithms proposed in this paper.
The mobility model in the simulator works in the following
way: a node randomly select a destination point within the
network limits and then moves toward that point at a speed
of 0, 5, 10, 15 and 20 m/s. In this simulation, Gy in (27) are
perturbed randomly between 20 and —20% of their true
values to verify the robustness of the algorithms with
inaccurate estimations of GE}). From the results of Fig. 6,
we have the following observations. First, our proposed
algorithms are robust to the low speed mobility, and can be
fast converged. Second, the aggregated throughput of the
ad hoc network with lower speed mobility is larger than
that with higher speed mobility. Third, the higher speed of
node mobility, the larger fluctuation of the aggregated
throughput. Meanwhile, it can be observed from Fig. 7 that
for a given power, the higher the speed of node mobility is,
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Fig. 6 a The impact of node mobility on convergence b The
algorithm is robust to wrong estimates of path losses
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Fig. 7 Relationships among the transmission rate, power and mobil-
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and the lower the transmission rate of the node has; simi-
larly, to keep a larger transmission rate, the node with
higher mobility speed is allocated to larger power.

The reason behind the observations is that the higher
speed mobility leads to larger transmission power allocated
by power control algorithm in order to keep the connec-
tivity between source and destination, moreover, induces
larger interference range and contention region. Thus, to
share the same capacity of the wireless channel, flows in
the ad hoc network with higher mobility speed faces more
contention than that with lower speed mobility. Thus the
allocated rate to flows is lower, and with more fluctuation.

7.10 The impact of packet losses on convergence

The distributed implementation of our proposed algorithms
depends heavily on information feedback through message
passing (such as congestion prices and messages (1))
among network elements. Obviously, if the newest con-
gestion prices and the newest messages 1/,(1) are lost, the
rate, power and price can not be timely updated. Thus, the
packet losses will impact on the convergence of the dis-
tributed algorithms. It is of significance to study the
robustness of our distributed algorithms to packet losses.
We experimented with different percentages of packet
losses and evaluated its impact on convergence. The sim-
ulation results of are shown in Fig. 8, where RNI stands for
the Required Number of Iterations to achieve the expected
optimal precision which refers to the ratio between the
optimal solution obtained in the current iteration and that in
the previous iteration. It can be observed from Fig. 8 that a
large percentage of packet losses increase the convergence
time and the higher optimal precision need the larger RNI
to guarantee the convergence satisfied the required con-
vergence precision.

600 T T
L
—<— convergence precision=0.90
—%— convergence precision=0.95
500 | convergence precision=0.99

0 L L

0 5 10 15
Percent of packet losses (%)

Fig. 8 Impact of packet losses on convergence
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7.11 The impact of the dynamic change of routes
on throughput and fairness

In a mobile ad hoc network, the topology change of the
network induced by node mobility and the change of the
total offered traffic loads will lead to the dynamic change
of routes between source and destination pairs. While
simulating the ad hoc network with mobile nodes under
different offered traffic loads from 0 to 100 kps, we choose
the random waypoint mobility model with zero pause time,
and each node in the network moves at either 5, 10 or
20 m/s speed. Obviously, the faster the node moves and the
more the offered traffic loads, the more frequent the routes
adjust. The impact of the dynamic change of routes on the
end-to-end throughput and consumed power are shown in

70

—— 20m/s
—<— 10m/s
—*— 5m/s

End-to-end throughput (kbps)

0 10 20 30 40 50 60 70 80 90 100
Total offered load (kbps)

Fig. 9 The impact of the dynamic change of routes on throughput
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Fig. 10 The impact of the dynamic change of routes on consumed
power
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Fig. 11 The impact of the dynamic change of routes on fairness

Figs. 9 and 10, respectively. It is straightforward from
Figs. 9 and 10 that the faster the change of routes, the
higher the consumed power whereas the lower the achieved
throughput. We further observe that when total offered
loads increase, the increase of throughput is slower as the
change of routes becomes fast. This is reasonable because
an increase of the node movement speed will induce that
the more intermediate nodes move in or out of existing
routes, requiring the routing protocol to take periodic
actions to repair these routes in time. It in turn leads to the
higher number of signaling packets required by the routing
protocol to discover and maintain routes. Those signaling
packets need consume capacity and power resource in the
network. The faster change of routes may generate too
many signaling packets in the presence of node mobility,
and therefore, a higher transmission power may be
consumed.

Furthermore, we will employ fairness index for all flows
xi{(1 < i < N)to evaluate the impact of the dynamic change
of routes on fairness among flows in terms of end-to-end
throughput, i.e.,

N 2 N
f= E Xi N-§ X,
i=1 i=1

where x; denotes the end-to-end throughput of the ith flow.

Figure 11 shows that the low movement speed will turn
out the high fairness. The reason behind the observation is
that the high movement speed will generate the more sig-
naling packets. These packets waste a lot of wireless
bandwidth and consume significant power. It is unfair to
the flows of the nodes with low movement speed. The
fairness index is still much less than 1 for the scenario of
low movement speed because the traffic distribution is
unbalanced in the presence of node mobility and the flows

ESU

01 1 1 1 1 1
0 20 40 60 80 100 120

Number of iterations

Fig. 12 Comparison among RSA, ISA and HAS

with shorter paths still have advantages over the flows with
longer paths. In addition, the dynamic change of routes
may also introduce instability into the network for the
power control to converge, and this may result in a higher
number of link drops.

7.12 Performance analysis of heuristic spectrum
allocation

In wireless ad hoc networks, the selection criterion that a
link chooses a subcarrier to provide the best connection
service can be either the stability of the connection, such as
the duration of connection in a mobile environment, or
signal quality, such as signal strength and bit error rate. In
the first case, the subcarrier allocation is somewhat random
because it is not related to subcarrier utilization. We call
this scheme Random Subcarrier Allocation (RSA). In the
second case, the allocation is based on the interference
level detected by the traffic source. We call this scheme
Interference-based subcarrier allocation (ISA).

For the same throughput, compared to RSA, our heu-
ristic spectrum allocation (HSA) improves ESU for about
40% as shown in Fig. 12; compared to ISA, HSA still
improves ESU for about 25% for the simulated layout and
load. This is due to the fact that HSA keeps monitoring
the subcarrier utilization and reallocates subcarrier
whenever it is degraded below a threshold value. An
advantage is that our HSA takes into account link avail-
able capacity, the attained data rate and congestion status
information.

In terms of complexity, HSA needs much more com-
putations than RSA and ISA due to min—max optimization.
In terms of fairness, RSA and ISA may achieve an equal
share of the number of the available subcarriers. For HSA,
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the fairness is related to the load distribution. If the load is
uniformly distributed, HSA also achieves a fair subcarrier
allocation, particularly for light-to-moderate load. If the
load is non-uniformly distributed, HSA allocates subcarri-
ers in a unfair way that heavily loaded nodes get more
shares of the available subcarriers. The reason is that HSA
allocates subcarriers in order to maximize network utility
and alleviate network congestion, in stead of fairness.

8 Conclusions

In this paper, we have presented a joint cross-layer design
scheme of congestion control, power control and spectrum
allocation for cognitive ad hoc networks with OFDMA
modulation, where the resulting algorithms are to solve a
utility maximization problem with elastic link capacities.
Although the original optimization problem is non-convex
and non-decoupled due to multiple alternative subcarrier
paths, we are still able to provide a dual-decomposable
convex formulation by adding the penalty quadratic term
and transforming the variables. We have derived two sub-
algorithms that are not only distributed spatially, but more
interestingly, they decompose vertically into the transport
layer and physical layer to jointly solve the optimization
problem by use of subgradient iterative project approach.
The first one is a primal algorithm, i.e., congestion control
sub-algorithm, where sources adjust their end-to-end rates,
and the congestion prices are generated. The second is a
dual subgradient algorithm, i.e., power control sub-algo-
rithm, where the transmission power of each source is
adjusted. Moreover, to dynamically adapt for the change of
channel status and meet heterogeneous traffic demands, a
distributed spectrum allocation sub-algorithm is proposed
by iteratively solving the min—max optimization problem
of effective spectrum utilization. The three sub-algorithms
interact and are coordinated through congestion prices. We
prove that the nonlinear coupled algorithms converges to
the optimum of the joint congestion control, power control
and spectrum allocation problems, even in the case of path
and packet losses. Simulation results have further verified
the convergence and effectiveness of the proposed algo-
rithms and the robustness to node mobility and packet
losses.
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Appendix A: Proof of Theorem 3

Frequently, in optimization problems to be solved
with gradient method, the gradient is not computed

exactly. It is easy to show that if there exists an error e{” in

the gradient V Voower (pf)), the gradient direction

becomes V,l Vpower (p;l)) + €.

Substituting pl(i) — ¢ into (25), we can get

[ 0 _p$ 4Gy
PUWW(p[ ) - )°l _pll ],' j,‘ Nl
J#l Zm;&j G](nzI)EH) + O-j( )
(40)
It follows from (3) that
G
(D) () 0 _ i Fj
Zm?é] G]mpm + O-_] (i) (i) (41)
Vi \Pi
Substituting (41) into (40), we have
G\, () (i)
1 (P- )
pawer(p[ ) - [)°[ - Z j ] I ! 1 .
]J p]
(42)

In our optimization problem, an error in G(') leads to an

error eg) in the gradient vector, from (43), this can be

formulated as follows:

i i (i ) v (P>)
el<>:B§>pl(>Zﬂ+,

. Ginl (43)
J#1 il

Let us consider the case that e}i) is small relative to the

gradient, that is,

lel* < [|¥ Vyower(P)|*- (44)

By taking the square in both sides of (43) and adding, it
follows that

H vVpuwer (P) H2

=3 [Bwe 0]
l
ﬂ%wcwow@uqz
B0 () ; (G (1)
+Zl: OO

P0G
o i s~ 04 (06 @ ()
Zzl:Bl (t)pl (t) ; (,)( )G( >(l‘)

j
Similarly, from (44), we can obtain

;o (45)
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lel’= 3" [B7p" ST

i) 4 () (D), (D)\] 2
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G0

Jj

(46)
I £

Substituting (45) and (46) into (44) and simplifying, one

can get the result of Theorem 3. This completes the proof
of Theorem 3.

References

10.

11.

12.

15.

. Mitola, J., & Maguire, G. Q. (1999). Cognitive radio: Making

software radios more personal. I[EEE Pers Commun, 6, 13-18.

. Weiss, T. A., & Jondral, F. K. (2004). Spectrum pooling: An

innovative strategy for the enhancement of spectrum efficiency.
IEEE Commun Mag, 42, S8-S14.

. Chen, L., Low, S. H., & Doyle, J. C. (2005). Joint congestion

control and media access control design for ad hoc wireless
networks. In Proceedings of IEEE Infocom, Vol. 3, March 2005,
pp 2212-2222.

. Lee, J.-W., Chiang, M., & Calderbank, A. R. (2006). Jointly

optimal congestion and contention control based on network
utility maximization. [EEE Communications Letters, 10(3),
216-218.

. Yu, Y., & Giannakis, G. B. (2008). Cross-Layer congestion and

contention control for wireless ad hoc networks. IEEE Transac-
tions on Wireless Communications, 7(1), 37-42.

. Tan, K., Jiang, F., Zhang, Q., & Shen, X. (2007). Congestion

control in Multihop wireless networks. [EEE Transactions on
Vehicular Technology, 56(2), 863—873.

. Giannoulis, A., Salonidis, T., & Knightly, E. (2008). Congestion

control and channel assignment in multi-radio wireless mesh
networks. In Proceedings of IEEE Secon, June 2008, pp 350-358.

. Chiang, M. (2005). Balancing transport and physical layers in

wireless multiple networks: Jointly optimal congestion control
and power control. IEEE Journal of Selected Areas in Commu-
nications, 23(1), 104-116.

. Soldati, P., Johansson, B., & Johansson, M. (2008). Distributed

cross-layer coordination of congestion control and resource
allocation in S-TDMA wireless networks. Wireless Networks, 14,
949-965.

Giirses, E. (2008). Cross-layer optimized congestion, contention
and power control in wireless Ad Hoc networks, Networking
2008, LNCS 4982, pp. 14-25.

Xu, W., Wang, Y., Chen, J., Baciu, G., & Sun, Y. (2008). Dual
decomposition method for optimal and fair congestion control in
Ad Hoc networks: Algorithm, implementation and evaluation.
Journal of Parallel and Distributed Computing, 68(7), 997—
1007.

Zhai, H., & Fang, Y. (2006). Distributed flow control and med-
ium access in multihop ad hoc networks. IEEE Transactions on
Mobile Computing, 5(11), 1503-1541.

. Parag, P., Bhashyam, S., & Aravind, R. (2005). A subcarrier

allocation algorithm for OFDMA using buffer and channel state
information. In Proceedings of IEEE 62nd VTC, Vol. 1, Sep-
tember 2005, pp. 622-625.

. Kim, I. et al. (2001). On the use of linear programming for

dynamic subchannel and bit allocation in multiuser OFDM, IEEE
GLOBECOM, November 2001, pp. 3648-3652.
Qin, X., & Berry, R. (2003). Exploiting multiuser diversity for
medium access in wireless networks. In Proceedings of IEEE
INFOCOM, Vol. 2, April 2003, pp. 1084-1094.

16.

17.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Qin, X., & Berry, R. (2004). Opportunistic splitting algorithms
for wireless networks. In Proceedings of INFOCOM, Vol. 3,
March, 2004, pp. 1662-1672.

Wang, D., Minn, H., & Al-Dhahir, N. (2009). A distributed
opportunistic access scheme and its application to OFDMA sys-
tems. IEEE Transactions on Communications, 57(3), 738-746.

. Bazerque, J.-A., & Giannakis, G. B. (2007). Distributed sched-

uling and resource allocation for cognitive OFDMA radios, 2nd
International conference on cognitive radio oriented wireless
networks and communications, CrownCom 2007.

Xi, Y., Yeh, & E. M. (2007). Distributed algorithms for spectrum
allocation, power control, routing, and congestion control in
wireless networks. In Proceedings of ACM, MobiHoc ‘07, Sep-
tember 2007, pp. 180-189.

Giannoulis, A., Salonidis, T., & Knightly, E. (2008). Congestion
control and channel assignment in multi-radio wireless mesh
networks. In Proceedings of IEEE SECON, 2008, pp. 350-358.
Quan, Z., Cui, S., & Sayed, A. H. (2008). Optimal linear coop-
eration for spectrum sensing in cognitive radio networks. /EEE
Journal of Selected Topics in Signal Processing, 2(1), 28-39.
Goldsmith, A. (2004). Wireless communications. Cambridge,
UK: Cambridge University.

Lin, X., & Ness, B. (2006). Shroff, utility maximization for
communication networks with multipath routing. IEEE Trans-
action on Automatic Control, 51(5), 766-781.

Bertsekas, D. P., & Tsitsiklis, J. N. (1989). Parallel and dis-
tributed computation: Numerical methods. Upper Saddle River,
NJ: Prentice-Hall.

Lee, J.-W., Chiang, M., & Calderbank, R. (2006). Optimal MAC
design based on network utility maximization: Reverse and for-
ward engineering. In Proceedings of IEEE INFOCOM 2006.
Chiang, M., Low, S. H., Calderbank, A. R., & Doyle, J. C.
(2007). Layering as optimization decomposition: A mathematical
theory of network architectures. Proceedings of the IEEE, 95(1),
255-312.

Lin, X., & Shroff, N. B. (2004). Utility maximization for com-
munication networks with multi-path routing. Purdue University,
West Lafayette, IN, Tech. Rep. http://min.ecn.purdue.edu/~
linx/papers.html.

Bertsekas, D. P. (1999). Nonlinear programming (2nd ed.).
Belmont: Athena Scientific.

Cali, F., Conti, M., & Gregori, E. (2000). Dynamic tuning of the
IEEE 802.11 protocol to achieve a theoretical throughput limit.
IEEE/ACM Transactions on Networking, 8(6), 785-799.

Yu, M., Malvankar, A., & Su, W. (2008). A distributed radio
channel allocation scheme for WLANs with multiple data rates.
IEEE Transactions on Communications, 56(3), 454-465.
Leung, K., & Kim, B. (2003). Frequency assignment for multi-
cell IEEE 802.11 wireless networks. In Proceedings IEEE
Vehicular Technology Conference (VIC’03), Orlando, FL, Oct.
2003.

Network Simulator, ns-2, Homepage, http://www.isi.edu/nsnam/ns.
Chen, J., He, S., Sun, Y., Thulasiraman, P., & Shen, X. (2009).
Optimal flow control for utility-lifetime tradeoff in wireless
sensor networks. Computer Networks, 53(18), 3031-3041.
Zhang, R., Liang, Y.-C., & Cui, S. (2010). Dynamic resource
allocation in cognitive radio networks: A convex optimization
perspective. IEEE Signal Processing Magazine: Special Issue on
Convex Optimization on Signal Processing, 27(3), 102-114.
Yu, Y., Wang, L., & Yu, Q. (2009). Cross-layer architecture in
cognitive Ad Hoc Networks, 2009 WRI International conference
on communications and mobile computing. http://doi.ieece
computersociety.org/10.1109/CMC.2009.142.

He, S., Chen, J., David K., Yau, Y., & Sun, Y. (2010). Cross-
layer optimization of correlated data gathering in wireless sensor

@ Springer


http://min.ecn.purdue.edu/~linx/papers.html
http://min.ecn.purdue.edu/~linx/papers.html
http://www.isi.edu/nsnam/ns
http://doi.ieeecomputersociety.org/10.1109/CMC.2009.142
http://doi.ieeecomputersociety.org/10.1109/CMC.2009.142

356

Wireless Netw (2011) 17:337-356

networks, IEEE SECON 2010. http://www.cs.purdue.edu/homes/
1ans/20061129/publications/he2010secon.pdf.

Author Biographies

Songtao Guo received his B.S.,
M.S. and Ph.D. degree in
Computer Software and Theory
from Chongqing University,
Chongging, China, in 1999,
2003 and 2008, respectively. At
present, he is a associate pro-
fessor at Chongqing University
His research interests include
resource allocation in wireless
networks, network congestion
control, stability analysis and
bifurcation control of nonlinear
systems with time delays.

Chuangyin Dang received his
Ph.D. degree (Cum Laude) in
Operations Research/Economics
from Tilburg University, the
Netherlands, in 1991, M.Sc.
degree in Applied Mathematics
from Xidian University, China,
in 1986, and B.Sc. degree in
Computational Mathematics
from Shanxi University, China,
in 1983. At present, he is a
professor at City University of
Hong Kong. He has published
over 60 papers in journals
including Mathematical Pro-
gramming, Mathematics of Operations Research, SIAM Journal on
Optimization, etc. Before joining City University of Hong Kong in
1998, he was Assistant Professor at the University of Auckland from

@ Springer

1993 to 1998, Delft University of Technology from 1992 to 1993, and
the University of California from 1991 to 1992. His research interests
include Computational Optimization and Applications, Logistics and
Supply Chain Management and Modelling and Analysis in Eco-
nomics and Finance.

Xiaofeng Liao received the
B.S. and the M.S. degree in
Mathematics  from  Sichuan
University, Chengdu, China in
1986 and 1992, respectively. He
received the Ph.D. degree in
circuits and systems from Uni-
versity of Electronic Science
and Technology of China in
1997. Form 1999 to 2001, he
was doing postdoctoral research
at Chongqing University. At
present, he is a professor at
Chongqing University. From
October 1999 to October 2000,
he was a researcher associate at City university of Hong Kong. From
March 2001 to June 2001 and March 2002 to June 2002, he is a senior
researcher associate at City University of Hong Kong, respectively.
He has published over 150 academic journal and conference papers.
Currently, his main interest is neural networks, nonlinear dynamical
systems, network security, bifurcation and chaos, synchronization and
control of chaos, and signal processing.


http://www.cs.purdue.edu/homes/lans/20061129/publications/he2010secon.pdf
http://www.cs.purdue.edu/homes/lans/20061129/publications/he2010secon.pdf

	Distributed algorithms for resource allocation of physical and transport layers in wireless cognitive ad hoc networks
	Abstract
	Introduction
	Network model
	Path construction
	Problem statement
	Distributed algorithm
	Congestion control sub-algorithm
	Power control sub-algorithm
	Robustness discuss of distributed algorithm

	Spectrum allocation
	Numerical results
	Implementation
	Path construction sub-algorithm
	Congestion control sub-algorithm
	Power control sub-algorithm
	Heuristic spectrum allocation sub-algorithm
	Overhead and complexity analysis for distributed joint optimization algorithm
	Performance evaluation
	The effect of power control and spectrum allocation on utility
	The impact of node mobility on convergence and throughput
	The impact of packet losses on convergence
	The impact of the dynamic change of routes on throughput and fairness
	Performance analysis of heuristic spectrum allocation

	Conclusions
	Acknowledgments
	Appendix A: Proof of Theorem 3
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


