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Abstract—Network throughput and energy consumption are
two important performance metrics for a multi-hop wireless
network. Current state-of-the-art is limited to either maximizing
throughput under some energy constraint or minimizing enegy
consumption while satisfying some throughput requirement In
this paper, we take a multicriteria optimization approach to
offer a systematic study on the relationship between the two
performance objectives. We show that the solution to the mdti+
criteria optimization problem is equivalent to finding an optimal
throughput-energy curve, which characterizes the envelop of the
entire throughput-energy region. We prove some important pop-
erties of the optimal throughput-energy curve. For case stdy, we
consider both linear and nonlinear throughput functions. In the
linear case, we characterize the optimal throughput-energcurve
precisely through parametric analysis, while in the nonlirear
case, we use a piece-wise linear approximation to approxine
the optimal throughput-energy curve with arbitrary accuracy.
Our results offer important insights on exploiting the trade-off
between the two performance metrics.
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energy (or power) constraints (e.g., [9], [14], [31]) or Irin
mizing energy consumption while satisfying some throughpu
constraints (e.g., [5], [10], [24], [25], [31]). Althoughamy of
these prior efforts were able to offer some optimal soligjon
none of them can offer a holistic view on how the maximum
network throughput changes as a function of network energy
consumption, i.e., the so-called optimal throughput-gper
curve in this paper.

The significance of optimal throughput-energy curve is
three-fold. First, this shows the envelop of the entire
throughput-energy region, which offers a global perspecti
on the throughput-energy tradeoff. In contrast, a solutmn
traditional problems such as maximizing throughput under
energy constraints or minimizing energy under throughput
constraints only represents a single point on this curve.
Second, each time when the requirement on either network
throughput or energy consumption changes, one can use
the optimal throughput-energy curve to find a new optimal

Since the inception of multi-hop wireless networks, thioug tradeoff between throughput and energy immediately, rathe

put and energy consumption are two key performance metriggn resorting to solving a new optimization problem. Ripal
that bear in the minds of network designers and operatofige optimal throughput-energy curve shows us the existehce
Throughput is clearly the first and foremost performanggsaturation pointbeyond which the throughput can no longer
consideration, as users of a multi-hop wireless network ifg further increased, regardless of how much additionabgne
creasingly wish such network can offer comparable expeeens ysed.

as its counterpart wired networks. On the other hand, energy . inis paper, we conduct a systematic study on the op-

consumpnon IS altso rega:crdedltfif] a kgy Iperformtanci C0n§|ﬂ1—al relationship between network throughput and energy
eration, as many types of mufli-hop WIreless networks (e'%onsumption for a multi-hop wireless network. We tackles thi

ad hoc network, sensor network) are battery-powered and ﬁFSbIem through a multicriteria optimization formulatidre.,

CO_?St:ja”;edt;:wth energy a: each ntOd?.I't t th tmaximizing network throughput while minimizing total powe
0 date, there IS a vast amount of literature on these W, e hatwork. Our main contributions can be summarized as
performance metrics. For network throughput, people haY(ﬁlows
been trying to maximize it either at different layers (e.g., '

throughput-efficient scheduling algorithms [8], [26], [3E38], .
throughput-efficient routing algorithms [6], [13], [32])ro
jointly across multiple layers (e.g., [1], [2], [7], [12]24],
[27]). For energy, people are trying to conserve/minimize i
consumption while meeting certain service requirementg,(e
energy-efficient scheduling and MAC schemes [17], [21]],[34
[35], [37], [39], energy-efficient routing protocol [15]18],
[23)).

We have also witnessed quite some studies exploring the in-
teraction between network throughput and energy consompti
in the context of either maximizing network throughput unde

Through multicriteria optimization formulation, we find
that the optimal solutions of this multicriteria optimiza-
tion problem can be found by obtaining the so-called
optimal throughput-energy curve.

We find a number of important properties associated
with the optimal throughput-energy curve, such as non-
decreasing, concave, the existence of a saturation point,
and strictly increasing between zero and the saturation
point.

For case study, we consider two cases where the through-
put functions are linear and nonlinear, respectively.



— In the linear case, we show that the optimal For power control at each node, we employ a simple
throughput-energy curve can be characterized prén/off” control, which has been used for energy-saving in
cisely via parametric analysis. wireless networks (see e.g., [28], [30]). When a link is “pn”

— In the nonlinear case, we show that the optimahe transmitter of this link transmits at a fixed power lefel
throughput-energy curve can be approximated hwhen the link is “off” (for energy conservation), the trariter
piece-wise linear segments with arbitrary desiredf this link does not expend any power for transmission. To
accuracy. quantify the percentage of time that the link is in different

The remainder of this paper is organized as follows. iBtate, denotey; (0 < o; < 1,1 € £) the fraction of time
Section I, we describe our network model. In Section lIWithin a time frame that link is “on”.
we present a multicriteria formulation that maximizes rmtevy ~ Based on this on/off energy conservation model, the average
throughout while minimizing energy consumption in a multirate of link! can be computed as
hop wireless network. We show that finding the optimal
solution .to Fhis multicriteria optimization problem is equ Ci = oy - Blog,(1 + Pr- gl) ’ (4)
alent to finding the optimal throughput-energy curve. We als
present some important properties associated with thenapti
throughput-energy curve. Section IV and Section V presew
two case studies when the throughput functions are linegr ag
nonlinear, respectively. Section VI concludes this paper.

ereB is the channel bandwidtly; is channel gain between

e transmitter and receiver of linkand n is the ambient
aussian noise density. Note the absence of interference in
(4), due to our use of orthogonal channels in the network.

Il. NETWORK MODEL On link I, we have the following flow rate constraint:
We consider a general multi-hop wireless network with a set
of N nodes. A potential directed link, j),i,7 € N, exists Z ri(m) < Cy, forallle L, (5)
between two nodesand; if and only if the distance between meM

1 and j is smaller than a transmission range. Dengt¢he

set of potential links in the network. To focus on throughpLWhiCh states that the aggregate flow rates from all sessions
and energy performance, we simplify link layer schedulinﬁaversmg linkl cannot exceed the achievable rate of this link.

by employing orthogonal channels among the links, simdar t

that in [12], [22], [29]. 1. THROUGHPUFENERGY CURVE AND ITS PROPERTIES
Denote M a set of user (unicast) communication sessions

in the network. Denoterc(m) and dst(m) the source and A. Multicriteria Formulation

destination nodes of session € M, respectively. Denote

r(m) the rate of sessiomm € M. We consider a general

flow routing strategy where flow splitting (i.e., multi-patis

allowed. On linkl, denoter;(m) the data rate that is attributed

to sessionm € M. Denote£P"t and £ the sets of potential

outgoing and incoming links at nodg respectively. Then

we have the following flow balance equations for multi-ho

routing.

In this paper, we are interested in a multicriteria optimiza
tion problem, i.e., how to maximize network throughput whil
minimizing energy consumption at the same time. We now
give a formulation of this problem.

Denoteh(-) as a concave and nondecreasing utility function.
M\le define the network throughput utility as follows:

« Ifnodei is the source node of session i.e.,i = src(m), U= hr(m)],
meM
then
Z ri(m) = r(m). (1) wherer(m) is the rate of sessiom € M. Note that in the
leLprt special case wheh[r(m)] = r(m), thenU is simply the sum
. If nodei is an intermediate relay node along the path @ff throughput in the network; in the case whefr(m)| =
sessionm, i.e., i # src(m) andi # dst(m), then In[r(m)], U is called proportional fairness [20].
1 (i stc(m)) 1 (dst(m).i) _ N(_)W we consider energy consumption._ the that when a
Z ry(m) = Z ri(m) . ) link is active, the rate of energy consumption includes gyer

consumption both for transmission and reception. Then the

. o o network energy consumption rateé in the network can be
« If node is the destination node of sessien i.e.,i = {efined as follows:

dst(m), then

leLPu lecin

> ) = o). ® P=Y o (Fr+P).

1z lec

It can be easily verified that once (1) and (2) are satisfiegh thwhereq; is the fraction of time within a time frame that lirik
(3) is also satisfied. As a result, it is sufficient to list ofly is active,Pr is the transmission power, arig; is the reception
and (2) in a formulation. power.



With the above two definitions, our multicriteria optimiza-one of the objective value). That is,
tion problem can be formulated as follows.
OPT(P) max »  hlr(m)]

MOPT min P =Y - (Pr+ Pg)

meM
leL
S.t. oy(Pr + Pg) =P (6)
max U = Z hlr(m)] IEZL
meM All constraints in MOPT

s.t. Constraintg1), (2), (4) and (5)
r(m),ri(m) > 0,0 < q; < 1.
Note that the two objective functions, andU, areconflict- We now show that the optimal solution to O) is a weakly

ing objectives. For example, whe is minimized (i.e.0), U Fareto optimal solution to MOPT.

is also0 and is not maximized. So there does not appear toLemma 1: Letx* = {r*(m),r;(m),a;|l € L,m € M}

exist an optimal solution in our problem that optimizes bothe an optimal solution to ORP) for a given value ofP*

objectives simultaneously. with a corresponding objective valué*, thenx* is a weakly
Given that an optimal solution does not exist, a natur®areto optimal solution to MOPT.

question to ask is what kind of solutions should we pursueLemma 1 can be proved by contradiction. Due to page

when investigating problem MOPT? Before answering thlamitation, we refer readers to [19].

question, we first clarify how to compare two feasible solu- Denote the range aP to be|0, P,,..], whereP,,,.. can be

tions. Denote Py, Uy ) and(Ps, Uz) the objective pairs of two obtained by settingy, = 1 for all [ € £. That is, Ppez =

different feasible solutions, and x2, respectively. We say >, _.(Pr + Pg) = |L| - (Pr + Pg). If one can enumerate

objective pair(Py,U;) dominates(P,,U;) if P, < P, and all possible P € [0, P,...] and obtain their corresponding

U; > U,. This means that solutior; uses no more energy optimal solutions via OP{P), then based on Lemma 1, all

than solutionx, to achieve the same or more throughput, i.ethese solutions are weakly Pareto optimal solutions.

x1 IS better tharx,. With this clarification, it is clear that our  Now we show the converse is also true, i.e., any weakly

goal should be to find solutions that are not dominated by apgreto optimal point P,U) of MOPT can be obtained by a

other solutions. That is, we want to find solutions with theigorresponding problem of ORP).

objective pair(Pt, UT) such that there doeasot exist another

solution with objective pair{P,U) such thatP < P' and

U > U'. Such solutions are calleBareto optimal solutions

(also called efficient solutions in [16]) and the objectizue

oot 7t . . L
pair (P!, U') corresponding to a Pareto optimal solution i Based on Lemmas 1 and 2, we conclude that each weakly

called aPareto optimal point Pareto optimal solutions are . . !
those for which improvement in one objective can only blgareto optimal poin{?, U) of MOPT uniquely corresponds

. : A I to the same(P,U) generated by an optimal solution of
achieved with the deterioration of the other objective. N 4
For our problem, we find that it is difficult to obtainOPT(P)' Thus, by finding the optimal/ for each OPTP),

all Pareto optimal solutions directly. Instead, we can find g € [O’l?ml\‘;fc])’PV_l‘fe %T‘n optam all the weakly I?ar;.to op[)]t|mal
solution x* with its objective pair(P*,U*) such that there points o - This gives us a mapping from to U,

does not exist another solutiesnwith its objective pain P, U) which we denote a¥ : P. — U _Intumvely, this says that
satisfying P < P* andU > U~*. That is, there does not]cor any weakly Pareto optimal poit®, U), U = [(P) is the

exist a solutionx that can use less energy than solution maximum throughput utility that the network can deliver. We

to achieve more throughput. Such solutions are calledkly call U = f(P) f[he optimal throughput-energy curvavhich
Pareto optimal solutiongalso called weakly efficient solutionsV€ formally define as follows.

in [16]) and the objective value pa{P*,U*) corresponding  Definition 1. (Optimal Throughput-Energy Curve) For

to such a solution is called weakly Pareto optimal point all P € [0, Py, the mappingf : P — U via solv-
Note that Pareto optimal points are also weakly Pareto opitig OPT(P) constitutes an optimal throughput-energy curve
mal, but weakly Pareto optimal points are not always Paretb= f(P).

optimal. Weakly Pareto optimal solutions are those for Wwhic

improvement in both objectives simultaneously is impdssib C. Properties

but improvement on one objective without deteriorating the |, this section, we present several interesting properties

other. is possible. ang we find all the Wegkly Pareto optimgyy the optimal throughput-energy curve. These propesies
solutions, we can identify a subset of solutions that are‘ﬁarimportant for us to understand the general behavior of this

optimal based on its definition. curve and to characterize this curve under specific throughp
B. Throughput-Energy Curve utility function.

Instead of solving MOPT directly, let's consider a simpler Property 1: U = f(P) is a nondecreasing function over
single objective optimization problem for a givéh(i.e., fixing 0< P < Pqz.

r(m),r(m) >0,0<a; <1.

Lemma 2: Each weakly Pareto optimal poifP,U) of
MOPT can be obtained by solving an instance of QPJT

The proof of Lemma 2 is based on contradiction. Due to
page length, we refer readers to [19].



This property is easy to understand intuitively. It says tha U1
the throughput will not decrease when energy is increased.
The proof is quite straightforward and is omitted here.

Property 2: U = f(P) is a concave function.
Proof: Based on the definition of a concave function, we
need to prove that for any;, P>, and A (0 < P; < Poaa,
0 < Py < Phasz, @and0 < X < 1), we havef[AP, + (1 —
NP2 2 Af(P1) + (1= A) f(P2).
Suppose the optimal solution of OPMW) is x!' =

1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

PS Pmax -
{rt(m),r}(m),a}|l € L,m € M} with the optimal objective >
value f(P;). Suppose the optimal solution of OP%) is P
x? = {Tg(m)arl?(m)aalg” € L,m € M} with the optimal Fig. 1. The shape of an optimal throughput-energy curve.

objective valuef(P). We will construct a feasible solution

for OPTAP, + (1 — A)P2) with an objective value being yhat can achieve thig, by solving the following optimization
at leastAf(P;) + (1 — \)f(P). Then, for the optimal so-

roblem:
lution of OPTAP;, + (1 — M) P,), its optimal objective value P
FOP, + (1 = \)Py) is at least\f(Py) + (1 — \) f(P2). Pi= min Y a;-(Pr+ Pg)
The constructed solution s x*+(1—\)-x2. We now show lec
that it is a feasible solution to ORXP; + (1 — \)P%). First, st Z hlr(m)] > U,
we verify that) - x! + (1 — \) - x2 satisfies constraint (6). We e
have}”,p[Aay + (1= N)af](Pr+ Pr) = A3 e oq (Pr + Constraintél), (2), (4) and (5).

PR) + (1 - )\) Zleﬂ OéZQ(PT + PR) = \P + (1 - /\)PQ, ie.,

constraint (6) holds. Second, we note that the region definedSince the throughput-energy curve is a non-decreasing func
by constraints (1), (2), (4) and (5) is a convex region. Sind®n (Property 1) and that we havf Ps) = f(Ppaz) = Us,

x! andx? are both in this region, we have thatx* + (1 — the throughput-energy curve must be flat betwgen P,q.|.
\)-x2 is also in this region, i.e)-x! + (1 — \)-x?2 satisfies Since P is the minimum energy that achievés, based on
constraints (1), (2), (4) and (5). Therefore, the conseuictProperty 1, we havg (P) < U; for P < P;.

solution satisfies all constraints in OPYP;, + (1 — \)P;) and  The following property says that the segment of the optimal

thus is feasible. throughput-energy curve is strictly increasing #®re [0, Ps]
Now we calculate the objective value achieved by solutidgee Fig. 1).
A-xt 4+ (1—X\)-x2, which is Property 4: f(P) is a strictly increasing function foP> €
1 2 O, PS .
Z h[/\r (m) + (1 =A)r (m)} | Iiroof: Our proof is based on contradiction. Suppose
meMm . ) f(P) is not strictly increasing within[0, P;]. Since f(P)
z Z {AB[rt(m)] + (1 = Mhlr®(m)]} is nondecreasing (Property 1), there must eRisk P, <
meM P, < P, such thatf(P) = f(P2) < f(Ps). We can
= A Z hrt(m)] + (1 =) Z h [r?(m)] expressP; as a linear combination aP; and P, as follows:
meM meM Py, = APy + (1 — \)Ps, where0 < X\ < 1. Then, we have
M)+ =] MP)+(1=NFP) > AP+ (1= Nf(Py)
where the first inequality holds sinck(-) is a concave = f(P)

function. Therefore, we have constructed a feasible smiuti
to OPTAP; + (1 — A\) P;) with its objective value greater than = fAA+(A-NP],
or equal toAf(P1) + (1 —A) f(P2). This completes the proof. where the first inequality holds singgP,) = f(P») < f(P;)
B and the third inequality holds sind& = AP, +(1—\)P;. But
The next two properties further spell out the particulamghathis contradicts to the fact tht P) is a concave functionm
of the concave throughput-energy curve. Recall that all the weakly Pareto optimal points of MOPT
Property 3: There exists a saturation poiffes, Us) on the coincide with the optimal throughput-energy curfieP) over
optimal throughput-energy curvg(P) such thatf(P) = Us;, P € [0, Pynag)- It is easy to see that the points ¢giiP) over
for P € [Ps, Pras] and f(P) < U, for P < Ps. P € [0, P;] are Pareto optimal points (while those ¢(P)
The above property says that the last segment of the optimakr P € (Ps, P,,...] are only weakly Pareto optimal points).
throughput-energy curve ikat after the saturation point (see Although we have successfully analyzed some properties
Fig. 1). Now, we show how to compute the saturation poimf the optimal throughput-energy curve, it remains difficul
(Ps, Us) as follows. We first compute the maximum achievabl® characterize the entire curve for a given throughpuitytil
network throughput/, under OPTE,,....). Once we havé/,, function. A naive approach to approximate the curve is as
we can find the minimum network energy consumption fate follows. We can discretize the energy inter@J P;] into a



large number of equally spaced intervals. For each energy Basis Updating Algorithm

consumption valueP;, we can compute its correspondin L. Input: An optimal basis3 for a given .

P o | comp ponding |5 computeA = B-'A, b= B~'b, andb’ = B~'L
throqghput valuef(P;) by solving OPTP;). So we obtain 3. IfS={i:b, <0} =0 terminates.
a point(P;, f(P;)) on the throughput-energy curve. Once we &L b;
. / i 4, § = mines { —4 }
find all these points on the curve, we can connect them via . i
linear segments. This will give us an approximate throughpu 5. 7= argmin, =7 f
energy curve. Although this approach is simple and straight | 6. s = argmin; {be_ Aj < o}_

X i A
forward, it does not offer any performance guarantee of the| ; | .ip5— (B\{r}) U {s} andb = b + 4L
curve. 8. UpdateB based on3 (B consists ofA’s columns
In contrast, the goal of this paper is to characterize theecur whose indices are il ).

with performance guarantee. In the following two sectiams, 9. ComputeP = P+ andU = csB™'b.
consider two classes of throughput utility functions: timear 10. Output: The new basis3, ¢ and (P, U) pair.

case and the non-linear case. In the linear case, we are able
to characterize the optimal curve exactly by exploiting som
special structures of linear program; for the nonlinearecas
we develop a novel technique to approximate the curve wittonbasic matrix isQ. Assume that the optimal solution to
(1—¢)-optimal performance guarantee, whers an arbitrary LP(P) is (x5,xg), Wherexs andxg denote the values of
small error reflecting our desired accuracy. basic and non-basic variables, respectivBlandQ denote the
sets of basic and non-basic variables, respectively. Ranot
andcg the objective function coefficient vectors of throughput
In this section, we consider the case where the throughpuility U for the basic and non-basic variables, respectively.
utility function is linear with respect te(m), m € M. That Then we can write the corresponding canonical equations as
is, U = >, ,epw(m)r(m), wherew(m) is a constant and follows:
can be considered as the weight for sessior M. In this
case, our OP{IP) becomes the following LP.

Fig. 2. The basis updating algorithm.

IV. CASE1: LINEAR THROUGHPUTFUNCTION

U+ (cgB™'Q —cgo)xg =c5B™'b
XB + BilQXQ =B 'b.
LP(P) max U= Y w(m)r(m) _ _
meM Suppose we do a perturbation on paramdtri.e., we
s.t.  All constraints in OPT(P) changeP to P + 4, then vectotb becomedb + (4,0, ..., O)IT.
Then, the only change due to this perturbation is Bat'b
rim),ri(m) 20,0 < e <1. will be replaced byB~!(b + 1), where vectod has a single
Instead of obtaining the/(P) curve by solving LPP) for 1 on the first element and zero on all the others. Note that
all possible P € [0, Pyaz], Which is unpractical, we will B~!(b + 4I) is a basic feasible solution (BFS). As long
exploit the special structure of LP and obtain the?) curve as B~!(b + éI) is nonnegative, the current basis remains
by solving afinite number of LPs. In particular, since (P) optimal. The optimal basis will change only when one of the
is parametric linear program with respect®o we propose to elements inB~! (b + ¢I) becomes negative. The value bt
employ the so-callegparametric analysigPA) technique [3, which this change occurs can be determined as follows. [@enot

Chapter 6.8] to obtairf(P) curve efficiently. b =B 'bandb’ = B7'I, and letS = {i : b} < 0}, where
b; is thei-th element in vectob’. If S = (), then the current
A. Finding f(P) Curve via Parametric Analysis basis is optimal for all values af > 0 since all elements in
The main idea of PA is to investigate how a perturbation orectorB—*(b + 6I) are nonnegative. Otherwise, let
parameterP will affect the optimality of LR P). For a given R b
value of P, the current optimal basis of I(P?) could still be 0= min{ — } @)
optimal when there is a perturbation éh Thus, the interval es L=

[0, P;] can be partitioned into consecutive small intervals, eagly, 5 < [0,4], the current basi® remains optimal and its
corresponding to a different optimal basis. Within each |Bm"l‘:orresponding BFS iss = B~1(b + 6I). Whens > &,
interval, the optimal basis to L(P) is the same eveR varies. ihe pasisB is no longer optimal. Thus, we need to choose
Further, we will show thatf(P) is linear within each small the yariablez, to leave the basis, where the minimum in
interval. (7) is attained fori = . The entering variable is chosen
Partition [0, Ps] into Smaller Intervals.  We now show by the dual simplex method rule [3, Chapter 6.8]. Based on
how to partition interval0, P;] into small intervals. Rewrite the new optimal basis obtained after the pivot, we can update
LP(P) in the standard forrtMax cx,s.t. Ax = b andx > 0. the corresponding canonical equations and gePd’) pair,
Here we use boldface to denote vectors and matrices. Fowlaich is an endpoint of the linear segment fdfP).

fixed value of P, this LP can be solved via standard technique Figure 2 lists the steps to obtain a new optimal basis for a
in polynomial time [3, Chapter 8.4]. Corresponding to thigiven optimal basi#3. Thus, starting fromP = 0, we can use

P, suppose that we have an optimal basic maBixand the this algorithm iteratively to find different bases until weach
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The complexity of the basis updating algorithm can be

analyzed as follows. The dominant computational complex- Fig. 3. Topology for a 20-node network.

ity occurs in step 2.A = B~'A. Note that our linear

programming LPP) has Z = (1 + 2|£| + |N| — |[M]) which are distributed in a square region of 1000b900m.
constraints andv’ = (|£| - M| + 2|£| + |M]) variables. The transmission power and reception power for each node
Since A = B~!A involves matrix multiplication of & x Z are set toPr = 1W and Pz = 0.2W. The channel bandwidth
matrix and aZ x V matrix, its complexity isO(Z2V) = on each link isB = 1 MHz. We use a simplified channel
O(ILB M| + INP|L|IM| + N L] M]). gain modelg; = d; 7, whered; is the distance between the
Linearity of Each Small Interval.  For each small interval transmitter and receiver of linkand~ is the path loss index.

with an optimal basis, we now show tha(P) is linear. We sety = 3. There are ten user sessions in the network
Suppose interval0, P,] is divided into K small intervals @nd Table I specifies the source and destination nodes of each

[P, Pyi],i = 1,...,K, where P, = 0,Px.q = P,, and session. For the weight(m) of each sessiom € M, we

the optimal basis for smallP;, P;,] is B,. Then, for an consider two sce_r_1arios: (i) equ_al weight, e@(m)_: 1 for
optimal basisB; within a particular small intervalP;, P; 1], all m € M; and ("? raqdom weight for each session.

the objective value of throughpyt(P), P, < P < P, can  1he top curve in Fig. 4(a) shows the throughput-energy

be computed as follows. curve when each session has an equal weight of 1. At the
saturation point, we havéd’; = 50.12 and Us; = 120.02.
f(P)=cgB; (b +41), (8) This curve is obtained by using PA method, which gives

us 33 endpoints that interconnect the piece-wise linear seg
ments of f(P). Note that for each endpoint, our algorithm
f(P) = cgile[b + (P - P)I]. (9) also provides its corresponding optimal solution of mbiip
routing variables-(m), r;(m) and each link’s active timey;.
For comparison, the bottom curve in Fig. 4(a) shows the
throughput-energy curve under the popular minimum energy
routing scheme [33], where each session chooses the path
consuming the minimum energy. The minimum energy path
Lemma 3: For the linear case, the optimal throughputor a session can be computed by using the well-know shortest
energy curvef(P) is piece-wise linear withirf0, Ps]. path algorithms, (e.g., Dijkstra’s algorithm or Bellmaoré
Recall that by executing the basis updating algorithm salgorithm [11]), where the link cost on link is set to the
guentially, we also obtain a series @?, U) pair, each corre- total energy consumed to send one bit from the transmitter
sponding to an optimal basis. Sin£éP) is a piece-wise linear to the receiver, i.e.C;/(Pr + Pgr). The large gap between
line with each linear segment determined by an optimal basiBroughput utility of the two curves shows that minimum-
the series of(P,U) pairs are the endpoints of these lineagnergy routing is far from optimal in terms of throughput-
segments. Then, by connecting these endpoints consdgutivenergy curve. This result affirms the importance of emplgyin
we are able to obtain the entire optimal throughput-energylticriteria formulation as we have done in this paper.
curve f(P). Figure 4(b) shows the results for the case when the weight
of each session is randomly chosen. The randomly generated
weights for the ten sessions are 0.8147, 0.9058, 0.1270,
In the following, we present some pertinent numerical ré&.9134, 0.6324, 0.0975, 0.2785, 0.5469, 0.1270 and 0.9134,
sults to demonstrate our theoretical findings. We first descr respectively. Again, the throughput-energy curve is ofstuime
our simulation settings. As shown in Fig. 3, we consider farm as that in Fig. 4(a), as expected. At the saturationtpoin
randomly generated multi-hop wireless network with 20 spdeve haveP, = 60.43 and U, = 72.11. The bottom curve in

whered = P — P;. Substitutingd = P — P, into (8), we have

In (9), sincecgi,le, b,I and P; are constants, anf is the
only variable, we conclude that(P) is a linear function of
Pfor B, < P<Pip,i=1,...,K. We formally state this
result in the following lemma.

B. A Numerical Example
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(a) Equal weight . . . . .
First, we identify the two endpoints on the optimal

throughput-energy curve that we want to approximate. On the
U left side, since the throughput utility isla(-) function, it is

negative wherP is small. Assuming we are only interested in
the optimal throughput-energy curve whéaP) > 0, we will
pick a P, denoted ad%, such that/y = f(Fp) is just above
zero! On the right side, recall that the optimal throughput-
energy curvef(P) is flat from P = P; to P = P4, SO we
can choose the saturation poif®s,U;) (see Section Il on
how to obtain it) as our right endpoint.

With our two endpoints on the optimal throughput-energy

curve being( Py, Uy) and(Ps, Us), our approximation method
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o 10 20 3 4 s & 7 works as follows (see Fig. 5). We connect poif%, Up)
Rate of Neworlc Energy Consumpton and (P,,U,) with a linear segment and consider it as our
(b) Random weight first approximation of the optimal throughput-energy cuike

examine if linear segmeantis accurate enough, we compute an
error upper bound of this approximation (in percentile). This
Fig. 4(b) shows the throughput-energy curve under minimui® not trivial and will be shown in Lemma 4. i < ¢, then
energy routing, which is far from optimal. our linear approximation is considered accurate enough and
we are done. Otherwise, we will find a poif®*, U*) on the
) ) ) optimal throughput-energy curve and use two linear segsnent
In this section, we consider the case where the throughpuind » as a better approximation. Again, finding this point
utility function h(:) is a concave, but nqnlinear function(P*vU*) is not trivial (as the complete optimal throughput-
of r(m),m € M. In particular, we consider[r(m)] = energy curve is unknown) and will be explained shortly. Now
ln[r(m)],m_ € M, which is _called proportional fairness inthe same process continues on linear segmiemisd c. The
[20]. In this case, for a given?, OPT(P) is a conveX, process continues unil < ¢ for every linear segment of the
nonlinear program. Although convex program QPYJ can piece-wise linear approximation curve.

be solved efficiently for one giverP, it is impractical to  \we first show how to computéP*, U*), since we need
solveinfinite number of such convex problems whévwaries (p+ 17+) when computing.

from 0 to P,,,.. Further, due to nonlinearity, we cannot tak?—inding (P*,U) Point (P*,U*) has the maximum ap-

advantage of such technique as PA to compute ekact L2 . ;
proximation error when we use a line segment to approximate

optimal throughput-energy curve efficiently. : .
Instead of finding the exact optimal throughput-energ%/S:S&iggoiégigftg?l g]r:gu(%-gpl(J]t;n:rrgyt(\:/\l/gVZr(]ZZiiTt% 6

, iece-wise li imation fa thi ; . = .
curve, we propose a piece-wise linear approximation fa éﬁ a line segment, which we denote @$P). Then this

(1% aptimal, with- being an arbirary small number Notene segment/(P) can be characierized a§P) = I +
’ %LU (p — Pp). Although the optimal throughput-energy

that for a givenP, we can always find a correspondify P:—F . . . .
on the optimal throughput-energy curve by solving a convéx'™ve f(P) is unknown, we imagine that we move line
program (see Lemma 1). So the question becomes how’t
choose a set of such points and connect them with piece-ij
linear segments such that this piece-wise linear apprdioma

is no more thare (in percentile) from the unknown optimal INote thatf(P) = 0 cannot be our left endpoint due to the singularity it

throughput-energy curve. presents when we compute the approximation error (in péleen

Fig. 4. The throughput-energy curves for a 20-node example.

V. CASE 2: NONLINEAR THROUGHPUTFUNCTION

) upward until it is tangential to the curve. Denote
I tangential point agP*,U*), which is the point having
€ maximum absolute (rather than percentile) approxima-
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0

Fig. 7. A (1 — e)-optimal throughput-energy curve for the nonlinear case.

tion error if we were to usef(P) to approximatef(P). e= 1%

Then, we havef(P*) — f(P*) = max{f(P) — f(P)} = N _
max{Y>,, c v hlr(m)] — [U1 + %(p — P))]}. Therefore, throughput. utility functionh[r(m)] = lr}[r(m)]. We use the _
the tangential poin{P*,U*) can be found by solving the Same setting as that of the numerical example shown in

following optimization problem. Section IV. The network topology is shown in Fig. 3. We first
determine the suturation poi(Ps, U,) based on the approach
max Z hlr(m)] — {U1 + M(p_ Py) presented in Section lll. On the left, we find(3.86) = 0.
meM P =P So we choosel, = 4 > 3.86 and find its corresponding
o throughput utility f(Py) = 0.35. On the right, we find the
st ;al(PT+PR) F=0 saturation point(P,,U,) = (51.83,23.54). Now we will
All constraints in MOPT, approximate the optimal throughput-energy curie?) for

P € [4.00,51.83]. Suppose we set the target approximation
where P is also a variable. Note that the above optimizatiogrror ¢ = 1%, i.e., we are pursuing 89%-optimal piece-
problem is a convex problem, which can be solved efficientlyise linear approximation. Using the method described im th
by using subgradient method [4, Chapter 8.9]. section, we obtain 18 piece-wise linear segments shown in
Finding 0.  After obtaining the tangential poir{tP*, U*), Fig. 7, corresponding to linear connection of 19 points an th
we can calculate an upper boumaf the approximation error optimal throughput-energy curve.

(in percentile) with the following lemma.

Lemma 4: An error upper bound of usirf§P) as the ap- V1. CONCLUSION

. . f _ Uy

proximation Off(R)’ Py S.P < Py,ls0 = %/[1 + U*—f(]?*).]' In this paper, we explored the relationship between two key
Proof: Referring to Fig. 6, for any point?, f(P)) within - performance metrics of a multi-hop wireless network: netwo

[P1, P,], the approximation error (in percentile) is throughput and energy consumption. By casting the problem

f(P) = f(P) f(P) = f(P) 1 into a multicriteria optimization, we showed that the st
7(P) = F(P) - /(P) + f(P) = - i) to this problem is equivalent to finding the so-called optima
F(P)—F(P) throughput-energy curve of the network. Subsequently, we

presented a number of important properties associated with

Sincef(P) > f(P1) = Uy and f(P) — f(P) < U* = f(P"), the optimal throughput-energy curve. As for case study, we

we have . considered both the linear and nonlinear throughput fonsti
fP)—f(P) _ 1 1 _ For the linear case, we were able to characterize the optimal
= < =0 p
f(P) 1+ fr) T 14 #1(13) ' throughput-energy curve precisely via parametric angly=or
f(P)—f(P) -

the nonlinear case, we proposed a piece-wise linear approxi
B mation that can guarantéé — ¢)-optimal.

Now given that we can computeat each iteration and our | theory, the characterization of optimal throughputsege
process stops whem < ¢ for each segment, it is not hardeyrye is a significant advance over the state-of-the-artghwh
to see that our piece-wise linear approximation can gueeanis |imited to either maximizing throughput under some egerg
(1 —¢)-optimal. We state this result in the following theoremegnstraint or minimizing energy consumption while satiisfy

Theorem 1: For any smalt > 0, the proposed piece-wisesome throughput requirement, with either being able toroffe
linear approximation method can approximate the optimgnly a single point on the optimal throughput-energy curve.
throughput-energy curvg(P) with (1 — ¢)-optimal. In practice, the optimal throughput-energy curve is verfuls
A Numerical Example. We now use a numerical examplefor a network designer or operator, as it offers a holistewi
to illustrate the optimal throughput-energy curve when then the two performance metrics. A network designer/operato



can achieve a desired trade-off between the two metrigs] C. Jiang, Y. Shi, Y.T. Hou, and S. Kompella, “On optimal
depending on the specific network application scenarios.
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