Optimized Scheduled Multiple Access Control for
Wireless Sensor Networks

loannis Ch. Paschalidis, Wei Lai} and Xiangdong Sorig

Abstract—We consider wireless sensor networks with multiple monitoring applications in particular, cameras are exghm
sensor modalities that capture data to be transported over multi- yseful and they start to appear in several WSNET devices [6].

ple frequency channels to potentially multiple gateways. We study Cameras, though, require higher throughput from the neétwor
a general problem of maximizing a utility function of achievable ’ ’ -

transmission rates between communicating nodes. Decisions in-and acqgntuate the case for eff|C|er.1t tran_sport. )

volve routing, transmission scheduling, power control, and chan- 10 Utilize the scarce resources (i.e., wireless medium and

nel selection, while constraints include physical communication energy) in the most efficient manner, transmission scheguli
constraints, interference constraints, and fairness constraits. can not be seen in isolation but needs to be coordinated with:
Due to its structure the formulation grows exponentially with (i) channel selectiorthat is, determining over which frequency

the size of the network. Drawing upon large-scale decomposition h | tain t o bet ¢ d hould
ideas in mathematical programming, we develop a cutting-plane channél a cenan transmission beétween wo nodes shou

algorithm and show that it terminates in a finite number of take place{ii) power contro| which consists of selecting the
iterations. Every iteration requires the solution of a subproblem appropriate power level for a given transmission betweem tw
which is NP-hard. To solve the subproblem we(i) devise a nodes; andiii) routing, that is, determining how should data
Ipartlcular rellaxatuc_)nl that is solvable in pol;;]nomlal g\me ag_d () pe routed from a given source to the intended destination.
everage polynomial-time approximation schemes. £ combination To that end, one must relax the standard (OSI) networking

of both approaches enables an improved decomposition algorithm . . < :
which is efficient for So|ving |arge pr0b|em instances. |a.yer|ng aI’ChIteCtUI’e as the set Of deC|S|OnS we Outlln@j ar

Index Terms—Mathematical programming/optimization, mul- typically dealt with in different layers. Making these dgions

tiple frequency channels, routing, transmission scheduling, wire- JOINtY is often'refe.rred to asross-layer desigr[l?], [8].
less sensor networks. Scheduling in wireless networks has received a lot of atten-

tion. The majority of the literature, starting with the seli
work of [9], has considered a problem where packets arrive
] ) .. tovarious nodes according to a stochastic process and bave t
RANSMISSION scheduling, which amounts to decidinge ansported over the network to specific destinationsnEv
when a node should send information and to which othghqe can queue packets while they are awaiting transmission

node, has attracted much attention in the context of larggsy the objective is to schedule packet transmissions so as
scale low-poweVireless Sensor NETworks (WSNE[I$)[2]. 15 maximize throughput while maintaining the stability of a

These networks, operate under stringent resource liitati g eyes. In this setting, it is of interest to characterize th
due to wireless communications and scant energy resourgesimum throughput region — the set of arrival rate vectors
provided by batteries. Commercial wireless sensor netingrk o \yhich the network is stabilized under some scheduling
devices primarily use a random multiple access (MAC) mechjicy _ and to devise such stable policies. Subsequent work
anism to transmit information. These devices are capable @Ee, e.g., [10], [11], [12], [13], [14], [15], [16]) has deed
switching between multiple frequency channels, but cdlyen 5 st of policies that differ in their compiexity and the
this is mostly done for robustness purposes. With the fléNibi ¢4 :tion of the maximum throughput region they can achieve.

of operating neighboring sensors in non-overlapping f#8U ohtimization techniques have also been used extensively in
cies, and with the use of transmission scheduling rather th@olving networked control problems, e.g., [17]. For a otiten

a random MAC, we can substantially reduce interference agglqrk on applications of optimization in network controew
eliminate packet collisions, thus, achieving much higleio oo 1o [18].

resource utilization as well as greater energy presemvatio_ The problem we consider is different in that we assume

This can only benefit a plethora of sensor networking applere is an infinite supply of packets at given sources thed ne
cations, including indoor location detection [3], [4], @b , he transported over the network to specific destinations.
monitoring [5], surveillance, etc. For surveillance anditat 1, objective is to maximize throughput or, more generally,
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joint routing and power control problem is considered in][1%ion problem. Sec. Il presents our decomposition algatith
without frequency diversity. and establishes its convergence. In Sec. IV we developestrat
To solve the joint transmission scheduling, channel sgies for generating dual “cuts” that involve solving the sub
lection, power control and routing optimization problem wgroblem efficiently. These lead to an improved decompasitio
propose an exact and efficient solution approach inspired @lgorithm. We present illustrative numerical results irc.S¢.
our earlier work in [2], [20], [21]. More specifically, our Conclusions are in Sec. VI.
approach amounts to an iterative algorithm that decompod¥gtational Conventions: Throughout the paper all vectors
the optimization problem into aaster problemand asub- are assumed to be column vectors. We use lower case boldface
problem We employ a dual cutting-plane strategy where ilgtters to denote vectors and for economy of space we write
every iteration we are required to solve the subproblem whig = (z1,...,zr) for the column vectorx. x’ denotes the
is NP-hard. A similar strategy was also used in [2] but thef&anspose ofk and 0 the vector of all zeroes. We use upper
we assumed a Signal-to-Interference-plus-Noise (SIN®etd case boldface letters to denote matrices. We use scriptdett
physical layer. Here, as well in the preliminary work in [20]to define sets and denote by Con¥) the convex hull of a
[21] we use a protocol-based physical layer according &t.«/, and by|</| its cardinality. We denote by (x) the
which interfering transmissions “collide.” Such a modatda indicator function ofx € <. When. is described by a simple
our assumptions on transmission achievable rates as wellcagdition, sayx > 0, we simply write1(x > 0).
interference effects between nodes, are in accordance with
our experiments with prevailing wireless sensor netwagkin !I- NETWORKMODEL AND PROBLEM FORMULATION
devices. In this paper, we significantly improve upon [2@]]  We consider a WSNET withV' nodes each of which
by developing new strategies for dealing with the compiexitcan receive, transmit and relay information with a single
of the subproblem. Specifically, to solve the subproblen(ijve port/antenna that it carries. These nodes can be ejtesors
devise a new more parsimonious integer linear programmiagdata sinks We assume that nodes do not multicast informa-
formulation, (i) develop a particular relaxation that is solvabléion, so each transmission has a specific receiver and is from
in polynomial time and(iii) leverage polynomial time ap- one node to another. Since they carry a single antenna, nodes
proximation schemes. As confirmed by our numerical resuliggnnot receive and transmit simultaneously. Furthermere,
an appropriate combination of these approaches enablescaiving nodes cannot receive information from multiple esd
improved decomposition algorithm which is quite efficieot f simultaneously. We also assume that there @rérequency
solving large problem instances. The contributions of oarkw channels available for all the nodes in the network. At any
to the existing literature can be summarized as follows.  point in time each node may only transmit or receive over
one of these channels, or, otherwise, remain silent. Howeve
nodes may keep switching between different channels inrorde
to reduce interference.
Sensors in the WSNET collect different types of data

e . . :
. T .~ depending on the physical system or process they monitor
the extreme points (transmission rate vectors) in P 9 Phy y P y

o Lo : .g., temperature, pressure, levels of harmful agents, a&td
utility maximization problem, and search for the optima 9 b P gerty

e : . want to relay them to other (sensor or data sinks) nodes. As a
transmission scheduling, channel selection, power cop-

. : . . ... result, the WSNET carries multiple types of traffic, diffegim
trol and routing policy that achieves the optimal utility. . . 4 . i
7 : . nformation content and utility associated with their sessful
Compared to the existing work in the literature (e.g., [8

ansmission. Atraffic classrefers to a certain type of traffic
[19], [22], [23], [24], [25]), our model does not aSSUm&y;y, 5 particular origin and destination; suppose we have

any prespecified routing policy and considers frequen(fyaﬂic classes. We denote by(k) and d(k) the source and

(2 ilr\:grisnl?ér:‘gr:rrlclgt%g(;ggit\j/vg?:rgsggg:.inthis work is dmerdestination of class;, for k = 1,..., /K. Note that in our
model the destinations of the traffic can be either data sinks

ent from what has been considered in the literature (e'gﬁat collect information, or sensor nodes that need data fro

26]) and is more practical in wireless sensor networks. ! ; :
[26]) P oéher sensors, for instance, to enable in-network prongssi

Our subproblem is a result of the interference model an Let p; . denote the power used by nodeto transmit
. . . s 1jkc
has not received much attention in the existing work. .Taassk traffic to nodej over channek, fori,j = 1,..., N,

solve the subproblem, we propose a new relaxation, i.e., ..., K. c = 1...C. We will refer to such a

the matching relaxation, that can be solved in ponnomiﬁ,Iansmission as théi, j, k, ¢) transmission. Let us write for
time, and we Ieygrage the polynomial time approximaFiO{p] NQKC-dimensio’nz;l \’/ector of powers.and denotey;.
zz&ggéﬁﬂmzmmg these elements we devise a SEres§ component correspor)dir)g to the 4, k, ¢) transmissi(.)n..
(3) We examine aﬁd compare the computational ef'ficien':Or any (i j, k, c) transm_|SS|on we assume the traljsm|SS|on
. . . wer p;;x. may be adjusted (continuously or discretely)
of the proposed algorithms in solving th_e SprrOble”@gtween(ﬂ) and p;, the maximum power available at node
;Oa:r;gp%erts; gisozgrﬁr;c;vr\?!se:r?e, our work is the first °"%nd we dgnote by@_the set of allp’s that are technically
' feasible with the available hardware.
The rest of the paper is organized as follows. In Sec. Il we We assume that the adjacent-channel interference is negli-
present the system model and formulate the utility maximizgible due to proper filtering and channel tuning, and thus the

(1) Our formulation of the utility maximization problem is
close to the one we proposed in our prior work (cf. [2]
[20], [21]), and is distinct from those in others’ work in
the literature. More specifically, we explicitly enumerat
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transmissions in different frequency channels do not fater sijke € {0,1}, Vi,5,k, ¢, @)
yv|th each other. On the other ha_nd, concurrent transmission g, s < 1, Ve, V(i j, k) # (u,v,w) such that

in the same channel may cause interference to each other and v € Dii, pijper ) ®)
render them unsuccessful. In accordance with our expetsnen 1\ Pighes €)-

with commercial devices such as the MICA2 motes manufagondition (2) states that nodes cannot transmit and receive
tured by Crossbow Inc., we assume that for dyj,k,c) simultaneously, condition (3) states that nodes can omlystr
transmission, the transmission is successful if Received mit traffic of a single class to a single other node over a
Signal Strength Indication (RSS4} node; is above a certain single channel, condition (4) states that nodes can receive
threshold; the maximum transmission rate is a constaift only a single traffic class from a single other node over a
the transmission is successful afdotherwise. Apparently, single channel, and condition (5) states that ngdould be
the existing hardware imposes severe limitations (pragessreachable” fromi in order to receive information. Finally,
clock speed, limitations of the radio chip, speed of the buggndition (8) states that whilé is transmitting no nodes
etc.) that prohibit the transmission rate to reach the Shannn ;s interference set2 (i, pijre, ¢) €an be receiving from
capacity of the channel, thus, resulting in a constant masim another node over the same channdbecause packets will
transmission rate for all SINR levels above a certain thotesh “collide” at node v. We will be referring to this condition
Fori =1,...,N,0 < p < pandc = 1,...,C, let ag theinterference constraintWe denote by.# the set of
2,(i, p, c) be the set of nodes to which notlean successfully a|| (s, p) complying with the transmission restrictions (2)—
transmit with power levep over channek when not being (8). we will refer to a(s,p) € . as avalid transmission
interfered by other transmissions. Let al9(i,p, c) the set scheme; note that it specifies who talks to whom along with
of nodes in the neighborhood of the sendewhich cannot the corresponding power level and frequency channel. We wil
receive any other transmission over chanmetlue to the call r a valid transmission rate vector if it is associated with
interference caused by nodé& transmission. The nodes ing transmission scheme, p) € .7, and we letZ be the set
2,(i, p,c) may, however, establish connections to other nodgs a| valid transmission rate vectors. Cleady is a finite set,
using different frequency channels if these are interfeaeenasTZ.].,CC € {0,v, =}, Vi, j, k. c.
free. We will be making the following assumption, which iS penote by L the cardinality of set%, and consider the
natural for wireless communications. It simply says thahler complete collection of transmission rate vectets. .., rL €
power allows communicating with more nodes but also causgs a long-term average transmission rate vector rof=

more interference. S aur”, wherea, > 0 for all n = 1,...,L and

L . .
Assumption 1 (Monotonicity) For any node = 1,...,N, 2-n—1@n = 1, €an be achieved by the WSNET if we use
channelc = 1,...,C, and power levels < p» we have a time-sharing strategy and operate the network a fraetipn
2,(i,p1,¢) C o’@t(i ’pg ¢) and 2,(i,p1,c) C o@_l(i a2, ). of time according to a transmission scheme associated with

r". It follows that any point in the convex hull Co(¥#) of
Denote byr;;i. the transmission rate for théi, j,k,c) % is achievable by such a time-sharing strategy. Note also,
transmission. We assume that the transmitting nddensmits  that Con(%) is a polytope (i.e., bounded polyhedron) as the
with the maximum possible rate, which is equahtavhen the convex hull of the finite sefZ.
transmission is successful. Throughout this work we with@d ~ Over the long run, the WSNET should obey flow conserva-

the convention that;;,. = —rjir. for any (i, j, k,c). Thus, tion laws, i.e., the traffic of each class should not accutaula
if an (i, j, k, c) transmission is in progress we hawg,. = in any node other than its destination. Hence,

and rjj. = —y foré,j = 1,...,N, k = 1,...,K, and N o .

¢=1,...,C. We can interpret;;. as thenet flow rateof D jm1 Qoo Tijke =0, Vi # s(k),d(k), Vk,

traffic cla§sk |nformat|on2from r_10dez tp node; over chanr,1el that is, clasg: traffic flow into i equals clas# traffic outflow
c. We write r for the N*KC-dimensional vector ofi;r.'s ¢

. om node: over all the channels.
and denote by:;;x. its component that corresponds to the ne o . L
. . oo We seek to maximize the overall utility of transmissions
flow rate for an(i, j, k, ¢) or a (4,4, k, ¢) transmission.

Let s;jkc € {0,1} be the indicator of ari, j, k,c) trans- in the WSNET, expr_es.sed as a functidi(r) of the long-
g . o o2 7T term average transmission rate veatoiVe assume thak (r)
mission, namelys;;,. = 1 if the (i, j, k, ¢) transmission is in

progress and otherwise. Let be the vector of;;..’'s. Then IS continuous, concave, and bounded in Coay. In most
practical scenariosF'(r) takes the form of some function
Tijke = V(Sijke — Sjike), Vi, j, k, c. 0} F(f) where r is the vector of7;;;, = Zlerijkc, for all
i,j, k. Nonetheless, in the sequel we will work with the
more general functiorf'(r); clearly a functionF'(¥) can be
handled as a special case. Note that by considering system

Furthermore, the transmission restrictions introduceads tfar
translate into the following set of conditions

Sijke + Suiwt < 1, Vi, 5, k, c,u,w, 1, (2) utility, we cover a large variety of objectives studied ireth
Sijhe + Sivwt < 1, Y0, k, €) # (v, w, 1), Vi, (3) ]Iciterat'.[ure, finclul\c/iling Weig;ted throgghpu; ;Nhig:h is a Iine:;t
_ . unction of r. Moreover, F'(r) needs not to be a sum o

Sijke T Sujwl <1, V(Z, k,C) 7é (U,w,l),Vj, (4) ( )

_ _ o individual utilities associated with each traffic class.tiia,
Sijke = 0, Vi, k,c,Vj & 24(i, pi, c), (5) it can represent quite general performance metrics of éster
0 < pijke < Pisijkes Vi, 5, k, ¢, (6) that model interdependent behavior of the various sensars,
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when, for instance, clusters of sensors collaborate tosvard To develop the decomposition approach consider the prob-

common goal. lem (10), to which we will be referring as thmaster prob-
We are interested in utility maximization subject to fasee lem Let (A, u, o, v) be the dual vectors. The dual function

constraints. We model fairness considerations as a sdt ofG(\, u, v, o) is given by

linear inequalitiesAr < b, where A € RExXN’KC gpg

b € R are given. For example, these constraints can impose G(\, pu,v,0) = inf { —F(r)+ X (r—3, anr”)

equality among all transmission rates, or force the desting a0 .
of various classes of traffic to never send out any traffic efrth + (X, an —1) +0'(Ar —b)
own classes. Let# be the set of rates that satisfy fairness
constraints and flow conservation, i.e., 2k Lt ) ) Vik 2o L r”’“}

A N C = Gi(A\v,0)+Ga(A, ) — p—o'b,
F = {I‘ | Ar < bv Z Z Tijke = O7VZ 7é S(k>7d(k)7Vk}a

j=1c=1 where
and to exclude trivial cases assume C(cﬁ\)m F £ 0. (A v,o) = inf{ P+ (N + o' A)r
We can formulate the utility optimization problem as r
max F(I‘) (9) + Zk E'L;ﬁs (k) Vik E Z Tz]krc}
st. reConvZ)N.F
GoAp) = inf 35 (n— Xr”)an

which is a convex optimization problem. An important obser-
vation is that we seek to maximize utility over the convex hul et

of Z rather thanZ itself (as for example in earlier work, e.g., 7 ={(\v,0) | Gi(Av,0) > —cc}
[19], [26]). This is bound to yield higher system utility and Do ={(A\, 1) | G2(A, 1) > —o0}
as we have seen the WSNET operates by time-sharing amapgi note that
different transmission schemes.
Letr!,...,rl denote the extreme points of Cd#). Any Do ={( A p) [ p=Xr">0,n=1,...,L},
r € ConZ) can be expressed as a convex combination of _
those. Incorporating the definition oF, (9) becomes Ga( A, p) = {0’ if (A, “_) € 72,
—o0, otherwise,
min  — F(r) (10)
ot r— ZL ar — 0 and 2, is independent of',...,r’. Then the dual of the
- . n=1 "i ’ master problem (10) is
—10n = 1,
E:;b’ max Cil()\7 v, U)gj pL—o'b (11)
S.t. v,o) € ,
Z;\;lzcczlrijkc =0, Vi 7& S(k)7 d(k)5Vk7 L Nr 7)’ 1 n=1,...,L,
ap >0, n=1,...,L. o> 0.

The problem above maximizes a concave function over
polyhedron. It can be solved using, for example, toadi-
tional gradient methodIf F(r) is linear, then it is a linear
programming problem.

The challenge with problem (10) is that Cda#) can
have a humongous number of extreme points — in general min —F(r)

Ghce the master problem is a convex optimization problem
there is no duality gap.

Suppose now we have an extreme point of GoAy, say
r!, which belongs toZ. Letm € {1,..., L}, and consider

a number which grows exponentially with the si2e of the st. r—Y"  a,r" =0,

network. One could simply enumerate all extreme points but Yoy =1, 12
this approach can only solve very small instances (on the Ar <b, 12)
order of 5-6 nodes). Instead, we will develop a decompasitio Zé\':l chzl Tijke =0, Vi # s(k), d(k), Vk,
algorithm that will enable us to solve sizable instanceds Th a, >0, n=1,...,m,

algorithm does not need to know,...,r" in advance. It

generates them as needed and |dent|f|es the ones that shwn@h we call therestricted master problemat the mth
be used to achieve optimality iteration. Suppose we solve this problem to optimality; its

dual is identical to (11) with the exception that only coastts
p—Ar" >0, forn=1,...,m, appear. We refer to this latter
problem as theestricted dual problenat themth iteration. Let

In this section we propose a decomposition method fér(™, a(™); X(™ ;,(m) (™) &(m)) pe an optimal primal-
solving (10). For linear utilities the method is elumn dual pair for the restricted master problem. The dual vari-
generationmethod for solving large-scale linear programmingbles are dual feasible and satigy™, v(™, a(™) € 2,
problems. To handle the nonlinear objective we present it a§™ > 0, andu (m) _ \(m)'yn >0, foralln=1,...,m.
a cutting planemethod for the dual problem. If M(m) A e >0 for all n = = 1,...,L then we have

IIl. A DECOMPOSITION METHOD
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a primal-dual pair for (10) and we are done. Otherwise, weheorem Ill.1 Supposex* is an optimal solution to the ILP
need to generate an extreme point, $&y"!, of Con %)

that violates dual feasibility, solve the: + 1st restricted max > ; ;o) WijeTije

master problem, and continue ‘i‘terat,jn_g in this fashion. We . g: Tijo + i\’: EC: e <1, Vi,

next examine how to produce “cuts” in the dual, i.e., how Z1e=1 SZ1e=1

to generate an extreme point that violates dual feasibility

<

Ma

. (15)
Lije + ’Z—:l Luve < 17 VC, such that

Yo # 7, v € 2i(4, Dije, €),
A. The subproblem zije € {0,1}, Vi, j, c.
At the mth iteration we seek an extreme poirt'*! of
Con( %) satisfying (™ — A rm+1 < 0. As the extreme
points of Conv#) are also inZ, we might as well generate Sijke = L (1,4, K, O)age, Vi Gk, e, (16)
a pointr that minimizesu™ — A™'r over . This suggests

the subproblem and sets;;, . = 0 wheneverr;,. = 0. Definep};, =

Dijesijre and letp” be the vector of the;;, .'s. Then(s*, p*)

/
max Ar (13) is an optimal solution to problem (14).

st. reZ,

] () We summarize the discussion on the subproblem as follows:
with cost vectorA = A , to compute an optimal solution* of (13) we first follow

We now establish some properties of (13)e RV % is e procedure described in Thm. III.1 to obtain &in then
the dual vector corresponding to the first constraint of -(1Oéomputer* as in (1). To achieve this* we operate the
Denote by\i;x. the element of\ corresponding to'i;r. and  \WSNET as follows: (4, j, k,¢) transmissions occur only if
let Tijre = ¥(Aijhe — Ajine). Recall thats;ji. is the indicator = — 1 and if so at the minimum powe;;.. needed for

of the (4, j, k, c) transmission. Then nodei to reach node over channet.
K N N c
Nr = 21%21 Zﬁ1 ng:1 ZCC:1 ’Y)\ijkc(sijkc - sjikc)
= D k1 Doim1 21 Quoe TijheSijhes B. The decomposition algorithm
and consequently problem (13) is equivalent to ~ We now have all the ingredients to present the decomposi-
tion algorithm and establish its convergence. The algorith
max S0 SV Z;,V:l S FijkeSighe (14) in Fig. 1; we assume that (10) is feasible and we will discuss

st (s,p) €7, at the end of this Section how this assumption can be relaxed.

where.” is the set of transmission schem@sp) satisfying
constraints (2)—(8). For all, 7, k, ¢ define

1) Initialization : Let r! € Con %) N .# and setm = 1.
2) m-th iteration:

Mijke = a) Solve the restricted master problem (12) with

é {ﬁ-i_jkw if j S gt(i7piac):

0, otherwise, r',...,r™ to obtain an optimal primal-dual pair
N (I.(m)7 a(m); }\(m)) ’u(m), V(m)’ o.(m))_
bijke = min{p | 0 < p < p;, j € 2(i,p,c)}, and letp b) Solve the subproblem (13) with cost vecddf® as
denote the vector of;;i..'s. Moreover, for alli, j = 1,..., N outlined in Section IlI-A. Let™*! be the optimal
andc=1,...,C let solution obtained.
c) If p(m — AW pm+1 > 0 stop; (r(™), a(™)) is an
Wije = MaXg=1,.... K Tijke optimal solution of (10). Otherwise, set := m+1

and go to step 2a.
and construct a set#” as follows: for eachl < 4,5 < N g P

and channek = 1,...,C select only onek such thatk =
argmax ., < x mijie, and let(s, j, k, c) be an element of?". Fig. 1. The decomposition algorithm.

Remark : In practice, the minimum power levgl;. depends
on the locations of nodeisand; as well as the channe| but The following theorem, whose proof is in Appendix VII-B,
is not dependent on the traffic claksAs such, with a slight establishes the convergence of the algorithm. The key islea i
abuse of notation we will denote ;. the minimum power that at every iteration we generate a new transmission rate
needed for nodé to reach nodeg over channet. vector and there is a finite number of those.

The next theorem shows that solving (14) amounts to

solving aninteger Linear ProgrammingILP) problem; the rpoqr0m 1112 Assume that (10) is feasible. Then the de-

proof is in Appendix VII-A. composition algorithm of Fig. 1 terminates with an optimal
solution of (10) in a finite number of iterations.
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C. Initialization ¥ = (v,&), where& is the complete set of edges between

We conclude this section by outlining how to initializ?0des in?". To each edg¢i, j) € & we associate a weight
the algorithm of Fig. 1. We require an initial vectof ¢ @ij Such that
ConV %) N Z. In many cases of practical interest = 0
would be feasible, which is the case wheén > 0. This
includesb = 0 which can be interpreted to mean that fairneg¥ote thatw;; = @;; > 0, Vi, j. Let us also construct a set
is relative. Arguably, this covers the majority of practical¢” as follows: for eachl < i,j < N, we select only one
cases. Ifb # 0, then it might still possible to reformulate satisfying
the fairness constraints so tHat> 0. Otherwise, some extra
work needs to be done to discover an initial feasible satutio ¢ = agmaX << max{wijq, Wyiq },
To this end, consider the followinguxiliary master problem and let(i, j, ¢) be an element o¥. The next theorem estab-
L n lishes that solving the MWM relaxation of the subproblem
st r—> " a,r" =0, . . i y
amounts to solving a maximum weighted matching problem

‘«Dij = mMaxi1<c<C max{wijc,wjicL VZ,] ev. (19)

%n:l an—:bL 17 for graph¥ where the edge weights are given in (19). The
Ly zh _ (A7) proof is in Appendix VII-C.

D=1 Qaomt Tijke = 0, Vi # s(k), d(k), VE,

an 20, n=1,...,1L, Theorem IV.1 Supposey* is an optimal solution to the

where we introduce the vector of auxiliary variablgs This maximum weighted matching problem
problem can be solved using a Slml|611r decomposition algo- max Z(i,j)eé’ Gijvis
rithm as in Fig. 1. We start witlhw = 1, r* = 0, and note that - .

. . st > |Gy ee Vi <1, Vi
r=0,a; =1,y = b form a feasible solution. The dual of e o i i (20)
(17) is almost identical to (11) with a modified definition of Yig ;{yg)“l} ’\;72’. .
G1(A, v, o). The subproblem remains the same as before and Yii T »J-
the decomposition approach applies. If the optimal sotutib Then, an optimal solutiox™ to problem (18) satisfies
(17) satisfiesy > 0 then we are done as we have a feasible

solution of (10) to initialize the algorithm in Fig. 1 (thi®uld Tije = Le(i: g, )yig, Vi c.
involve time-sharing between several transmission schgme ) )
Otherwise, (10) is infeasible. Remark : It should be noted that (20) is always feasikje=£

0 is a feasible solution), thus, it is always possible to aobtai
an optimal solution to problem (18).

The maximum weighted matching problem is a well studied

The efficiency of the algorithm of Fig. 1 critically dependsyroblem in graph theory. Many algorithms and heuristics for
on how efficiently we can solve the subproblem. As outlinegifferent matching variants have been proposed and it heis be
in Section I-A, solving the subproblem amounts to solvinghown that (20) can be solved 0(|7|3) amount of time
an ILP. General ILPs are hard to solve (they are NP-completg)7]  that is, polynomial in the size of the input. In our case
solvers invariably use branch-and-bound methods which, dg/| — N and it takesO(C'N?) additional time to calculate
pending on the problem and its size, can take a long tim@e weights and obtaix* from y*, thus, the complexity of
In this section we devise a relaxation of (15) and leveraggoblem (18) iSO(CN? + N3).
Polynomial Time Approximation Schemes (PTASarrive at
more efficient algorithms for solving problem (10) based on
the algorithm of Fig. 1. B. MWM-based cuts

The polynomial solvability of the MWM relaxation of the
subproblem (15) enables a more efficient algorithm based on
the decomposition algorithm shown in Fig. 1. More specif-
We first relax the interference constraints from problemga)ly, for each iteration of the decomposition algorithne w

IV. DECOMPOSITION ALGORITHM REVISITED

A. A relaxation based on maximum weighted matching

(15). The resulting problem is seek a transmission rate vectothat violates the dual feasi-
max Z(i o) WijeTie bility (a ”put” of the dual feasible set); we either supplyo the
N ¢ N C the restricted master problem, or declare success whenasuch
s.t. _Zl 21 Tije + Zl Zl Tjie < 1, Vi, (18) r does not exist. We can produce cuts by solving the MWM
j=le= j=le=

o relaxation, thus, avoiding solving the subproblem to optity
wije € {0,1}, Vi, 5, c. at each iteration. The proposed algorithm, to be referreaisto

In this section we show that it is equivalent toMaximum MWNM, is shown in Fig. 2. Note that the algorithm employs the
Weighted Matching (MWM) problerand can actually be MWM relaxation to produce a (potentially infeasible) sodutti
solved in polynomial time. Let us call problem (18) th&VM to the subproblem and then uses a greedy approach to “prune”
relaxation of problem (15). We will next proceed to solvethat solution and make it feasible. Specifically, we firstiapt
problem (18). (cf. Step 2) to switch high-valued interfering transmissido

Let¥ = {1,..., N} where each element of corresponds interference-free channels and then we silence (cf. Step 4)
to a sensor node of the WSNET. Consider the undirected grdptv-valued transmissions that cause interference.
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1) Initialization: Let y be an optimal solution to problem determined by its geographical locatidrSimilar with [28],
(18) obtained as described in Thm. IV.1. $etccording [26], let us first specify an error levelfor the PTAS and find
to (1) and (16), and let? = {(i, j, k, ) | sijke = 1}. the smalles® such that(@+1) >1—e _

2) lteration (channel selection): Select an(i, j, k,c) € We divide the region? into horizontal strips and from top

</ with the largest weightr, ... Check all interference © bottom label the strips a#,, ..., %, . The region.? is
constraints (8) to which; ;. participates. divided into as many as possrble horizontal strips so that th

interference caused by any transmitting nodeAy, does not
affect any node (in any channel) in a st#g,,/ if strip %,,
is not neighboring ta%,,,, Vm,m' € {1,..., My}. Now, for
a given intege, € {0,...,0}, let us remove from region
Z every strip whose label numbet € {1, ..., M} satisfies
N . : the condition:m mod (© + 1) = 6,. Note that by removing a
¢ and anUStr accordingly. strip we delete all nodes inside the strip. Next, we orgatiiee
b) Else skip. strips remaining into subregions by putting in the same eubr
Remove(i, j, k., c) from 7. If o7 = () break; else  gion strips that are neighboring each other. Suppose tigt th
go to the beginning of 2). yields a numberT'(dy) of non-neighboring subregions, each
3) Leto ={(i,4,k,¢) | sijke = 1} of width O(©); we denote them b)@(go,l), ... "%(GO,T(%))'
4) Iteration (collision avoidance): Select an(i, j, k,c) € Next, consider an arbitrary subregic#,, ) (1 <t < T'(6y))
&/ with the smallest weightr;;... Check all interfer- and partition it into as many as possible vertical stripshs t
ence constraints (8) to which ;. participates. If these the interference caused by any transmitting node in onp stri
constraints are not satisfied sgf,. = 0 and adjustr  does not affect any node (in any channel) in a non-neighgorin
accordingly. Removéi, j, k, c) from o7. If o7 = ) exit strip. In this fashion we generate a number of rectangleshvhi
and outputr; else go to the beginning of 4). from left to right we label as#! (00.1) %’M‘ - For some
fixed integerd, € {0,...,0} we remove from this collection
of rectangles the ones with label number e {1,..., M}
satisfying the condition'n mod (© + 1) = 6;. As before,
we organize the remaining rectangles into rectangularesubr
gions by putting in the same subregion rectangles that are
neighboring each other. Suppose that this yields a number

Note that the transmission rate vectoobtained from the
T'(0o,0;) of non-neighboring rectangular subregions, each of
algorithm in Fig. 2 is a feasible solution to the subproblem 60.1) %(et T(Og 6))

(13). Let A(™ and (™ be the optimal dual variables cor-Width O(©?); we denote them bw(e e

responding to the first and second constraints of (12) at tW.e repeat this process for every horrzontal su re@@o t)

m-th iteration, respectively. Then ji™ < A(™'r, we have t = 1,---,T(6o), thus, partitioning regionZ" into a col-

generated a cut in the dual feasible set, we cam(§et?) = r, lection of non- neighboring rectangular SUbreQIQ%Q“t),

and continue the iteration in the decomposition algorithm. ¢ = 1,...,T(6y), 7 = 1,...,T(6y,0;). This collection is
However, we cannot terminate the algorithm basedron parametrized bWo,Gh . «79T(90>; a different parameter set

In particular, letr* be the optimal solution to the subprobleads to a different collection of non-neighboring rectalag

lem (13). Clearly A g > A™)'e Therefore, even if subregions, each of size(©?).

1™ < A0 we may haveu™ > A’y and thus the ~ Note that due to the coenstructlon any transmitting node in

stopping criterion is not met. In this case we have to solee t@ rectangular subregiorgy"'7) does not interfere with any

subproblem to optimality (by solving (15)) in order to checkiodes in any other rectangular subregion. Therefore, we can
the stopping criterion. focus on each subregion individually, and for each subregio

obtain a part of the transmission rate vector by solving [@ob
(15) to optimality and computing rates implied by tke of
Thm. lIl.1. The resulting global transmission rate veatads a
feasible solution to the subproblem (13). Since the pararaet

Next we seek solutions to problem (15) via an alternati®: 91 - - - - 07(s,) SPecify the Wa¥§f is partitioned we can tune
route — PTAS (Polynomial Time Approximation Scheme) folhem in order to obtain a g(ood solution. More specifically,
geometric graphs. Related approaches have been proposelﬁ’ (00561, 07(9y)) = A" 'x(00361,...,07(p,)) Where
the literature to solve other NP-hard problems, e.g., marim ™ is the optimal dual vector corresponding to the first con-
independent set [28] and maximum weighted matching proBiraints of (12) at then-th iteration, andr(6o; 61, ..., 07(s,))
lem with K -hop interference constraints [26]. We combine thits the solution we obtain using the method described above.
approach with MWM-based cuts to solve the problem morghe algorithm described in Fig. 3, to be referred to as
efficiently. Furthermore, we propose a randomized appraximPTAS, yields a feasible solution to (13) with maximum
tion scheme. L'(00;01,...,070,))-

Denote by.# the two-dimensional region in which all the lwe assume? is two-dimensional in this paper, but the extension to the
sensor nodes reside and the position of each sensor noderig-dimensional case is straightforward.

If these constraints are not satisfied:

a) If there exists another chanrneto that switch-
ing the (4, 4, k, ¢) transmission t@ (i.e., setting
sijke = 0 and s; ;. = 1) satisfies the interfer-
ence constraints then switch the transmission to

Fig. 2. MWM algorithm that constructs a feasible solutiontte subproblem
(13).

C. PTAS-based cuts
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1) Initialization : Specify an error levet. Letr = 0 and® the optimal dual variables corresponding to the first andisec

equal to the smallest integer such ”@%%)2 >1—e constraints of problem (12) at the-th iteration, respectively.
2) For each combinatioffy; 61, . .., 07,) Such that < As such, we propose another algorithm — RAS (Randomized
00,01, ..., 07, < © partiion  into rectangular Approximation Scheme)+MWM — based on PTAS+MWM to

region and calculat& (6o; 61, . ., Oz (a,))- iteration, as shown in Fig. 5. More specifically, we r.andomly

3) Let choose a set of parametetk; 6;, ..., 0r(,)) and test if they
induce a valid transmission vector; we continue picking the
(06:67, ..., 07(gs)) = argmaxl'(6o; 61, ..., 07(,)).  parameters until we find one or the maximum number of trials

is exceeded. (A similar idea was used in [16] but in a differen
context.) As will be clear in Sec. V, RAS+MWM cuts may
considerably reduce the running times of the decomposition

Fig. 3. PTAS algorithm that constructs a feasible solutmthe subproblem algorithm with a reasonable maximum number of trials.
(13).

Outputr(65; 67, .. ., 9?(90))'

1) Initialization : Specify an error levet. Letr = 0 and©

PTAS is actually “asymptotically opti- equal to the smallest integer such ﬂ@%%)Q >1—c¢
mal” in the sense that whene goes to 0, Specify the number of trial$/ and setw = 1. Let
r(05:07,...,07,) converges to an optimal solution of T = 0.

(13). More specifically, lefl"™* be the optimal value of the 2) Iteration: With a uniform probability distribution select
subproblem (13); similar with [26] we have the following 6o € {0,...,0} and thend; € {0,...,0}, Vi €

theorem which provides the guarantee; the proof is in  {1,...,7(6p)}.

Appendix VII-D. a) If (60;61,...,07,)) € 7, go to the beginning of
step 2).

Theorem IV.2 T'(65;67, ..., 054,)) = (537)°T™" b) Else add(f; 01, ...,07,)) to 7. According to

this combination reorganizeZ into into rect-

angular subregions, solve the MWM relaxation
and construct a feasible solution for each subre-
gion with the algorithm in Fig. 2, and calculate

Note that with PTAS we still solve an ILP for each of
the subregions. However, as the sizes of the ILP’s are much
smaller than the one for the whole regia, they usually
take much less time to solve. On the other hand, we might

as well utilize the algorithm in Fig. 2 to construct a feasibl r(90?91; -5 01(00))-

solution by solving the corresponding MWM relaxation for c) If A (0001, ...,070,) > u™ orw =W
each rectangular subregion. This yields a third algorithmn, exit and outputr(0o; 01, . . ., 07(s,)); €lse setw :=
be referred to as PTAS+MWM, which is described in Fig. 4. w + 1 and go to step 2).

1) Initialization : Specify an error levet. Letr = 0 and©  Fig. 5. RAS+MWM algorithm that constructs a feasible solutim the
equal to the smallest integer such tiig€)* > 1 —e.  subproblem (13).
2) For each combinatio(¥y; 01, ..., 07@,)) such that) <
00,01, . ..,07,) < O reorganizeZ into into rectangu- We have proposed four algorithms — MWM, PTAS,
lar subregions, solve the MWM relaxation and constru€fTAS+MWM, RAS+MWM - to generate feasible solutions
a feasible solution for each subregion according to ttie the subproblem that can produce cuts in the course of the
algorithm in Fig. 2, and calculatg(fy; 61, . . _’QT(QO))_ decomposition algorithm. In terms of computational codd an
3) Let for large enough networks artd the algorithms are ordered as
MWM, RAS+MWM, PTAS+MWM, PTAS, from least to most
(9859;“"9;(95)) = argmayl'(6o; 01, - -, Or(ay) )- expensive. Although only PTAS can produce an arbitrarily
Outputr(6;; 0%, .79}(9 ))_ close_to optimal solution of_the subprqblem, our numerical
0 experience shows that putting PTAS in the framework of
the decomposition algorithm significantly slows down the
Fig. 4. PTAS+MWM algorithm that constructs a feasible salntto the computation due to the overhead of solving ILPs. As a result
subproblem (13). we only incorporate MWM, PTAS+MWM and RAS+MWM;
. . _the final algorithm for problem (10) is in Fig. 6 with MWM
In some instances in order to solve problem (10) wit nd PTAS+MWM cuts. To incorporate RAS+MWM in the

the d_ecomposition approac_h, it may be co_mputationqlly Cttamework, we can simply replace step (d) in the algorithm in
pensive to search exhaustively for the optimal combmathﬂg 6 by the algorithm described in Fig. 5

(05:07,-...07,) at each iteration of the decomposition
algorithm. Rather, in the same spirit of searching for a
“good” solution for the subproblem, at the:-th iteration
we only need a combination @f; 61, . .., 07(,)) such that  |n this section we present some illustrative numerical ltesu
X 1 (00: 04, .. - Or0y)) > ™, whereA(™ and (™) are to assess the efficiency of the proposed approach.

V. NUMERICAL RESULTS
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TABLE |

1) Initialization : Let r! € Con %) N.# and setm = 1.  MAXIMUM THROUGHPUT AS A FUNCTION OF THE NUMBER OF CHANNELS
2) m-th iteration: AVAILABLE IN THE NETWORK .

a) Solve the restricted master problem (12) with

r',...,r'™ to obtain an optimal primal-dual pair # of Channels Th(rlgggg)p“t
(r("") R a(m); A(m), M(Tn)7 V(T"’)’ ('7'(7"’))_ . . l 1607
b) Use MWM (cf. Fig. 2) to obtain a feasible solution 2 24

r to the subprgblem (13).
o) If pm — X(™'r < 0, let r(m+D) =, setm :=
m + 1 and go to step 2a).

d) Obtain a feasible solutionto the subproblem (13) B. The value of cuts

with PTAS+MWM (cf. Fig. 4). To assess the benefit of utilizing the MWM-based and
e) If plm — A™'r <0, let r(m+D) = r, setm := PTAS-based cuts, we compa(® the algorithm in Fig. 1,
m + 1 and go to step 2a). which only utilizes the cuts generated by solving the ILP)(13

f) Solve the subproblem (13) to optimality by solving(let us call this type of cuts INTEGER), and the following:
(15). Letr™*! be the optimal solution obtained. (ii) the algorithm in Fig. 6 but without steps (d)—(e) (i.e., only
g) If p(m — AM) pm+l > stop; (r(™, a(™) is an MWM-based cuts are being used)i) the algorithm in Fig. 6,
opt|ma| solution of (10) Else set := m + 1 and that is, with both types of cuts (MWM and PTAS+MWM),
go to step 2a). and (iv) the algorithm in Fig. 6 with step (d) replaced by
the algorithm in Fig. 5, namely, with RAS+MWM type cuts
where the maximum number of trials in RAS+MWM is set
Fig. 6. The improved decomposition algorithm with MWM andto 5. In Fig. 7 and Fig. 8, and for the case of one and
PTAS+MWM cuts. two frequency channels, respectively, we plot the throughp
achieved by the policies obtained during the course of the

The example we consider is a WSNET wii5 nodes algorithms mentioned above.
uniformly distributed over a square region 15 x 185 (feet)?.
There arel00 classes of traffic, generated B9 source nodes
and collected by data sinks. Each node has a maximur
transmission ratey of 4.8 Kbits per second (Kbps). The
objective is to maximize throughput, namely,

N K C
F(r) =3 ic Zj:l D ket Daemt Tijhes
where o7 is the set of all the source nodes. We impose tt
fairness constraint requiring all traffic classes to haveatq
rate.

To construct the set®,(i,p, c) and 2,(i, p, ¢) we assume 6 1
that the transmit powetP; decreases with the distancé
as P,d—2. Accounting for the fact that commercial WSNET VW PTAS WM TNTEGER
nodes are not sensitive enough to measure small differen 2 T IIWMRASIMWMHINTEGER
in RSSI (cf. second branch of (21)) we will be using

= = MWM+INTEGER
T
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21
Rt) dg 17 ( )

RSSI = {
Fig. 7. Comparison between various cuts in the case of a sagléable

where R; is P, measured in dBm, RSSI is in dBm, adds channel.

in feet. Using this expression, for any transmitting nadee ) _ )

let 2, (i, p, ) include all nodes with RSSI aboves3.0 dBm;  Table Il records the running time (in seconds) for each

such nodes can reliably receive packets fronn 2,(i, p, c) algorithm to achieved0% of the optimal objective valife

we include all nodes with RSSI aboves5.0 dBm, these nodes Namely,14.46Kbps for one frequency channel angl.57Kbps

can not receive any other transmission wliés transmitting. for two, respectively. _ _
A few observations are in order. First, MWM-based cuts
A. The value of multiple frequency channels offer significant improvement in terms of the computational
efficiency. More specifically, in the cases of one and two

We next evaluate the benefit of using multiple frequen ¥equency channels, the running times of the algorithm with

channels. We use the decomposition algorithm in Fig. 6 o%ly MWM-based cuts ar23.51% and39.68% less than those

obtain the maximum achievable throughput. Table | lists th

maximum achievable throughput for the cases of udirand 061\‘ the algont_hm in Fig. 1, respectively. Secqnd, for smalle
; . . ' usieg instances (with one frequency channel) adding RAS+MWM
2 channels. Notice that with a maximum transmission rate

of 4.8 Kbps and5. data sink; the maXimum throughput is at 2All the programs were run on a computer with a CPU running at 3.06
most24 Kbps which we achieve witB frequency channels. GHz, and 3.6 Gbytes of main memory; background processes weimatin
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a number of feasible transmission schemes. Time-sharing
convexifies the achievable region and achieves highetyutili
than any individual scheme.

1 Because we optimize over the convex hull of achievable
transmission rate vectors, the problem formulation grows
exponentially with the size of the network. Yet, the decom-
position method identifies “promising” transmission sclesm
as needed, similarly as in column generation methods for
10 1 large-scale linear programs. These transmission schemes a
generated by a dual separation subproblem and the efficiency
of our algorithm largely depends on how efficiently we

25

THROUGHPUT(Kbps)

° = = = MW (PTAS VW) FINTEGER | can solve this subproblem. To that end, we exploited the
T O RASTMWN)HINTEGER subproblem structure and developed a toolset based on a
0 oo MWMHNTEGER maximum weighted matching relaxation and polynomial time

L L L
0 0.5 1 15 2 25 3 35

; approximation schemes. The numerical results we presented
convincingly demonstrate the benefits of multiple chanaat$

Fig. 8. Comparison between various cuts in the case of twoladlai show that our approach can efﬁdently solve Iarge instantes

channels. WSNET problems.

We should note that the approach we presented is offline

TIME(seconds)

TABLE I X . : ;
RUNNING TIME (IN SECONDS COMPARISON BETWEEN varlous cuts  and centralized — admittedly an implementation drawback fo
WITH A SINGLE AND TWO CHANNELS. large WSNETSs. However, the structure of the decomposition
Type of Cuts 1 Channel|[ 2 Channels algorithm allows us to distribute some of the work with oelin
INTEGER 688 11572 computation. Specifically, master problem iterations can b
MWM 488 6980 ;
VWM and PTASTMWN 663 15095 performeq at a central gateway. Note that given the. set of
MWM and RASTMWM 1428 1792 transmission schemes',...,r™ used at them-th iteration

no other information is needed, especially ho connectigity
interference information that may only be known by indivédiu

nodes. Once a master problem iteration is performed thesgalu

cuts may actually increase the running time. On the othedhany 1o 43l variables needed for solving the subproblem can
for larger instances (two frequency channels) RAS,+MW'\6e sent over to the respective nodes. If we give up on reaching
cuts become much more helpful, reducing the running timg, gy act optimal solution, feasible solutions to the sublera
of _the a_Igonthm with only MWM-based cuts b1.35%. generating dual cuts for the master problem) can be ob-
T_hwd, with a proper setting of the maximum r_lumber OEained in a distributed manner and the generated trangmissi
trials, RAS+MWM cuts enable a much more efficient use Qonemes passed back to the gateway which solves the master
the decomposition algorithm than PTAS+MWM cuts, and thgpjem . To solve the subproblem, one can employ distribute
running times are reduced B.52% and(2.92% for one and 550 oximation algorithms for the maximum weighted match-
two frequency channel;, re?"e"“"?'y- ing relaxation [29], [30]. Furthermore, the PTAS schemes
AS the Iast_remark in this section, we note another Mend themselves to a distributed implementation as th@uari
dence illustrating that MWM and RAS+MWM supply quality;, g2) rectangular subregions are localized. The exact imple-

cuts for the decomposition algorithms. In particular, Befo eniation details of such a distributed approach we owtline
achieving90% of the optimal throughput in the instance of,

' - ) and whether it is practical for large WSNETSs is left to future
two frequency channels with the algorithm with MWM anqnvestigations.
RAS+MWM cuts, the decomposition algorithm perforidd 7

iterations, out of which there ar&84 times (or 59.53%)

where the MWM algorithm provides a valid transmission

vector to the restricted master problem, RAS+MWs times A+ Proof of Theorem 1.1

(36.6%), and we only solve the ILP (13} times, i.e.,3.87% First we show(s*, p*) is feasible for problem (14). To see

VIlI. APPENDICES

of the total number of iterations. this, note that by constructiofs, p) satisfies the constraints
(6) and (7). Moreover, by setting;;, . = 0 for any (i, j, k,c)
VI. CONCLUSIONS such thatr; ;. = 0 we haves* satisfying constraint (5). Also,

We considered the problem of efficient transport in WSQy writing the constraints (2) — (4) in a more compact form,

NETs with multiple frequency channels and developed an Z(j kc) Sigke + Z(j koe) Sjike < 1, Vi, (22)
approach to jointly optimize transmission scheduling, pow w o _ _
control, channel selection, and routing. The objectiveds e can see thats™, p*) satisfies constraint (22), that is,
maximize a utility function of average transmission rates , * , *

(e.g., weighted throughput) subject to fairness consaiVe 23k Sz]kc,+,z(]’k’i) Pyike . i}
proposed a decomposition algorithm and established its con — 2oy Lor (0 o R e+ 320 g ey Low (5, By ) e
vergence. The resulting policy involves time-sharing agon SZ(]-,C) Tie + Z(j’c) zj. <L
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Similarly, let us write constraint (8) as where the first and last equalities are due to the definition of
N wijc. This contradicts the fact that* is optimal for problem
Sijke T 2y=1Suwvwe < 1, (23) (14) and the conclusion follows.
such thatve, V(j,k) # (v,w) andVv € 2;(i, pijke, ¢), and
note that by definition B. Proof of Theorem 1.2
., (i, pijesc) if st =1, Recall thgt at then-th iteration the subprob]em minimizes
2i(6; Pijkes ©) = 0 otherwise p™ — (™' overr € 2. Thus, if (™ — X0 pmt1 > 0 it

follows that,u(m)—)\(m)/r > 0forallr € Z. Since all extreme
Vi, j, k,c. Then it is evident that constraint (23) holds whepoints of Cony%) are in #, the latter condition implies
Siike = 0, Vi, j, k,c. Whensy,, - =1 Vi, j, k,c, we have that 4™ — X'y > 0 for all extreme pointse?, ..., rt

N N N of Con\(%). Therefore,(r(™) | a(™); X(™) ,(m) 1 (m) g (m))
2u=15uvwe = 2au=1 Lot (U, 0,0, €)200c < 30,1800 = 0, s an optimal primal-dual pair for (10) and the algorithm

Y(j,k) # (v,w), v € 2,(i, pijke, ¢), Where the last equality terminates.

is due to the fact?, = 1. As such, we conclude thé*, p*) Next note that due to Thm. 11l.1 and the resulting structure
is feasible for prolb?em (14). of the subproblem solutions, at each iteration we generate
Next we proceed to shoys*,p*) is optimal for problem a valid transmission rate vectar € Z. Letr',...,r™ be

(14). Suppose it is not. Then there exists an optimal saiutid® transmission rates generated up tosih iteration and
(5,p) to problem (14) with a strictly better objective valueSUPPOSe the algorithm does not terminate atrtlhtﬁ iteration.
Without losing feasibility or optimality, let us sk, = 0 if The next transmission rate to be generai€tit!, is different

Siike = 0, V4,4, k,c. Next, pick any(i, j, k,c) transmission from the ones generated earlier since they are separated by a
resent in the ontimal solution. ie.. such th hyperplane. In particular, singé™), A(™ are feasible for th
present in the optimal solution, i.e., such thag,. = 1. "YPErpiane.inparucular, sin » AT aré 1easible for the
Clearly, jijrc > pi;e because otherwisg would not be restricted dual problem at the-th iteration we have

reachable byi and the transmission can not take place (cf. (m) _ y(m) . n _

o o A >0, n=1,....m,
(5)). Lower the power of the transmission ;. and note (m) (m)’ 1
that j is still reachable and2;(i, pijc,c) € 2(4, Pijke, ) pim = AN T <.

due to Assumption 1. As a result, by changipg. to pije Thus, at each iteration we generate a new point of the finite

we can sill haves;;z. = 1 and maintain feasibility of "f‘" setZ#. Hence, the algorithm terminates in a finite number of
constraints (2)—(8) since the transmissions that can itt=sll iterations

with (7, j, k, ¢) get reduced (cf. (8)). Furthermore, the value o
the objective function in (14) remains unchanged since lig on
depends om. We can use the same power reduction strate§y Proof of Theorem IV.1

for any transmission present in the optimal solutisnp), thus | et us first showx* is a feasible solution to problem (18).
constructing a new solutio(s, p) which remains optimal for To see this, note that;;, by construction takes values {0, 1}

problem (14). for all i, j, c. Further,
Now let us construct a solutiost to problem (15) such N o N o
that;j. = S 1, 3ijke, Vi, j, ¢. The constructed solutior is D im1 21 Thje T 2121 i
i i i N C .. * N c .. %
fvea3|ble for problc_—:m (15). To see t_hls, qot? that by cpnﬂ'mnc :ijlzc:ﬂ%”(% jie)ys + Ej:1zc:11(€(3> i,y
Zije € {0,1}, ¥i,4,c. Further, since(s,p) is feasible for N ., —C o -
problem (14) we can see :Zj:lyij Y1 iy g, ¢) + 1% (4,4, 0)]

N
:Zj:ﬂﬁkj <1

where the second equality is due gp. = y3; and the third
equality follows from the definition of.

Next we relate the objective values of problem (18) and
(20). We have

2 GoyTijet 2o 30) Tiie = Do kue) Sidhe T 2o ko) Sijhe < 1.

Finally, for anys, j, ¢, if (a) &;;c = 1 then we haves;;,. =1
for somek and thuss,yw. = 0, V(i,7,k) # (u,v,w), v €
2,(1, Pijke, ¢) due to constraint (8). As a result,,. = 0, Vu,
Vo 7£ j, v E Ql(ivpijkc»c)u and thus;;ijc“i’zglefuvc S ]-a if
(b) &;;c = 0, then by constructlon we caq své;—;kc =0 for all Z(i,j)eg@z’jyfj
k, and consequently; .. = 0. Since 2;(i, p;jke.c) = 0 we Y * Imax max{wsje, wse)]
also havet;;. + ZuNzlimm <1, Vv #j, v € 2(iPijke,C)- icy ie‘l/yz]. ' 1<e<C . .’L]c’ jic
To this end we have proved thatis feasible for problem (15). =2 _(i.5.0Y55 L (0, 4, wije + 14 (J, 4, wjic]
Last, recall that we suppogg, p) is a better solution than =2Z(i,j,c)wijc$fjc>

(s*,p*) to problem (14). Then o o
where the second equality is due to the definitiorisof

Z WijeTije = Z TijkeSijhe > Z TijkeSijhe Now supposex* is not optimal for problem (18) and there

(i,5,¢) (i,5,k,c) (i,5,k,c) exists a feasible solutiok with a strictly better objective
. * ¥ value. Let us construct a solutignto problem (20) as

= Z Wijkc]-:%/(zvjvkvc)xijc = Z Wijelije Qntop (20)

(i-3:k.c) (i.d:c) b = Seeadije + Seoadjie, V1< 4,5 < N.
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It is evident that by constructiof;; is 0 or 1, andg;; = §;; Lemma VIL.1 maxy f(%) > 2T

O+1
for any i, j. Furthermore, for any = 1,..., N we have ) )
A N . . Proof: First note that by constructiody, N &, = 0 if
Zj\(i,j)eéayij = Zj:l om1 Eije + Ejic) <1, 0, # 05, \791,92 =0,. .;,G). Moreover,ug)zoé"g C é.
and thusy is feasible for problem (18). Let #p = 6,NE(X(Y)), V0 = 0,..., 0. Note that the links
To this end, note that in %, are among the ones that are induced by the optimal
o solutionx(¥) but reside in the region that is later removed.
Z(i,j)eé”wijyij Then it can be seen that
¢ oS 7 *
“ Y X | max{ense i [D ba)| S0 = uUi) < w@EE@) = 74) =T
i€y eV =TT e=1 since we consider disjoint parts of the optimal solution.as
2237 i j o) WideTije- result we can see thating w(#5) < g+

Let 8" = argminw(#4). Then

- A maxg (%) > [(“)
2 iqes@iilis 2 2250 wigeLige o > w(&(X(9))) —w(H)
> 2) i joWiieTije = 2o )esWisYij T

_ | | - 21"~ g = el
which contradicts the assumption thgt* is optimal for ] o -
problem (18) and the conclusion follows. where the second inequality is due to the definitionfof B

Now we have all the ingredients to prove Theorem IV.2.

Let us first supposed, = argmaxf(¥%) and 6; =

D. Proof of Theorem 1V.2 argma@f(%(%, ) Vit = 1(,)...,T(06). ;\&pp(ly I)_emma Vil
The proof is similar to [28] with some differences due tgg graph#,, ;’)’ and we have

our problem settings, that is, the structure of the interfiee 0’

constraints and the presence of multiple frequency channel f(gj}t) > @&Hf(g(%’t)), Vt=1,...,T(0)).

Denote by¥ = (¥,¢&) the graph induced by the network o ,

under consideration, that i, = {1,..., N} and& = {(i,j) | Note thatZtT:(f")f(%(%t)) = (%

j € 2u(i,pije, c) for somec € {1,...,C}, Vi,j € V}.

Therefore, we have

). Therefore

/
0

We denote by, = (7, &) the subgraph created by remov- L0567, - .., 075)) = ZtT:“f")f(%;{)’,t)
ing from ¢ all the nodes and links in each strig,,, such that TO) o ;
m mod® + 1 = 6 (cf. Sec. IV-C), ford = 0,...,©. Define 2 Zt:{ o1/ (o)
Gy = (Yo, &p) =S “\¥Y, and denote b)g(g’t) = (7/(9,,5),(5’(9@) = @Lilf(g%) > (%)21—‘*,

the subgraph ot/ with all the' npdes inside the' SUbr.eglonwhere the last inequality follows from another applicatioi
By, fort = 1,...,7T(0). Similarly, though with slight

’ . / . Lemma VII.1.
abuse of notation, we denote I%(% " the subgraph induced
by removing from subregio® 4 ;) each strip@g’; 0 such that
mmod® +1=4¢,fore =0,...,0.

Consider the following ILP problem defined on an arbitraryll] R. Madan, S. Cui, S. Lall, and A. Goldsmith, “Cross-layesin for
graph¥ = (¥, &) C G- lifetime maximization in interference-limited wireless sensetworks,”
= , C 9.

IEEE Trans. on Wireless Communicationsl. 5, no. 11, 2006.
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