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. INTRODUCTION

Recent advances in the eld of wireless communications, dath acquisition has enabled us with a unique
capability to remotely sense our environment. Data actjplisinetworks can be used to sense natural as well
as human-created phenomena. Several experimental nstaogkalready in place for studying earthquakes [12],
re [3], and glacial movements [13], which are all criticad the human existence. As these applications require
deployment in remote and hard-to-reach areas, it is driticensure that such networks can operate unattended for
long durations. The lack of easy access to a continuous pssece in most scenarios and the limited lifetime of
batteries have hindered the deployment of such networks.

To that end, new and exciting developments in the areas afwalnle sources of energy [1], [5], [14], [15],
[16], [18], [21], [4], [17] suggest that this is feasible. 8¢e renewable sources of energy could be attached to
the new nodes and would typically provide energy repleneshinat a slow rate (compared to the rate at which
energy is consumed by a continuous stream of packet trasiemé that could be variable and dependent on the
surroundings. For example, self-powered sensors have dmexioped that rely on harvesting strain and vibration
energies from their working environment [18], [14], as wad other types of energy sources including solar cells
[1], [15], [16], [18], [21]. Further, sensor networks coubé comprised of highly heterogeneous nodes in which
some nodes may have more ef cient sources of energy repiem@at than others (including some nodes that may
have no renewable sources of energy), thus making it impertitat energy ef cient mechanisms be put in place
to manage these networks.

The design and control of sensor networks with the addedrdifoe of renewable energy makes the problem
of managing these networks substantially different fromirthon-replenishment counterpartsor example, in the

case of sensor networks without replenishment, having &etyathat is close to being full is a desirable feature.
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However, in the case of a network with replenishment, a faltdry means that there can be no replenishment.
Hence this is a missed opportunity to utilize the replenishtvenergy, resulting in a lower overall performance.
This is further exacerbated by the fact that, in practicétela replenishment rates are the highest when the battery
levels are low, which means that determining the right badabetween being disconnected and achieving high
throughput is a complex issue. Moreover, while there has Isggni cant prior work on sensor networks that has
explicitly or implicitly optimized the network lifetime ften de ned as the time when the rst node runs out of
energy) new metrics of performance are required for netwvarith replenishment. For example, with appropriately
chosen data sampling rate and routes, the lifetime of n&twoath replenishment could be made in nite, and
metrics, such as the throughput or some function of the ttrput are more relevant in such scenaribsus, a
new resource management paradigm needs to be developedittizepthe performance of sensor networks with
energy replenishment

For networks with replenishment, conservative energy edjpere may lead to missed recharging opportunities
due to battery capacity limitations, and aggressive usdgaergy may lead to lack of coverage or connectivity for
certain time periods, which could hurt the application'gugements. Thus, new techniques and protocols must be
developed to balance these seemingly contradictory goalsaiximize sensor network performance. In this paper,
our goal will be to understand thiamits of the performanceof the sensor networks with replenishment, and to
developsimple distributecalgorithms and protocols that approach these limits.

We consider individual sensor nodes with a nite energy ciipabeing replenished at a variable rate. In this
paper we discuss local power control mechanisms in ordevodd gpaths leading to energy wastage unique to
replenishing nodes. Our approaches provide guidelinesh@wae performance close to that with unlimited energy
sources.

Many fundamental wireless communication and networkingbjgms can be stated asility maximization
problems subject to energy constraints. Thiéity function can be the throughput (e.g., in energy ef cient routing),
the probability of detection of an intruder (e.g., in cog@por the network lifetime (e.g., in sleep-wake schedyling
or the achievable rate of reliable transmission in basie#s communication. These problems have been mainly
addressed for stations with unlimited and/or non-rephlinis energy sources. Consequently the solutions avoid the
usage of energy higher than necessary to achieve certdis sascessfully. Here we focus on developing power
aware schemes that exploit the replenishment energy tomizithe utility of a node.

We rst state the general form of thetility maximizationproblem in Section Il and show ways to achieve the
maximum achievable utility with replenishing sources.dratve apply our ndings to show how to achieve the
capacity of a Gaussian channel in Section 1I-B. Finally, vigcadss the complexities involved, as we add extra
dimensions to the problem. In particular we focus on delay stady solutions in the context of joint power and

gueue management in Section .
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Fig. 1. The energy source with instantaneous replenishmaat (t).

Il. ACHIEVING REPLENISHMENT CAPACITY WITHOUT QUEUE CONSTRAINTS

The energy source of node as illustrated in Fig. 1, can contain no more thdQR joules of energy at any given
point in time. Energy is drawn from this source at an instaetas rate (t) to achieve networking tasks and the
battery replenishes at an instantaneous rrgte) (t is the discrete time index), which we assume to be a stochasti
process with a long term averagg. Let us denote witlBy(t) the total available energy in the battery at tite

Now, suppose we have a concave and non-decreasing utitittifun® Uy (e (t)) of the instantaneous consumed
energyex(t) at nodek. We de ne the time average utility

1 X
Uav,k( )= — Ui (ex(t)): 1)
t=1

Initially we consider the problem in which every no#letries to maximize its average utility subject to battery

constraints:

max im U 2
e (t); t>1 1 av,k( ) 2

subject to By (t) = maxfO;minfMy;By(t 1)+ r(t) e(t 21)gg
and e(t) 6 By(t):

Note that, with an unlimited energy source (il = 1 ) of average powery, the maximum average utility that
nodek can achieve idJ( ) and this can be achieved by simply choosegt) =  for allt 6 . However, if
My < 1, achievingUa.k( ) = Uk( k) is not possible as ! 1 . For instance, if one usex(t) = , for all

t > 1, Bx(t) will occasionally get discharged completely, due to thdalality of ry(t). At such instances(t)
has to be set t®. ConsequentlyJak( ) < Uk( k) as !1 . However as the battery si2dy increases, we
should be able to achieve an average utility close to the uppendUy( ). The question we answer next is,

“how close can we get to the upper bound asymptoticalymad 1 ?”

A. An Asymptotically Optimal Power Allocation Scheme

Now we present a simple power allocation scheBewhich, apart from achieving the maximum average utility

asymptotically, i.e.LJeﬁ,’k ' Uk( k), asMg !'1 |, has some desirable scaling properties under weak assumapti

INote that, in many practical scenarios, it is reasonablessume that the utility function is non-decreasing and ttierdiminishing
returns for increasing power. Equivalently, one can alsusitier a convex and non-increasing cost function.



Fig. 2. With schemes, the instantaneous utility alternates betwegnand uqy

on the processi(t). In particular we assume that the asymptotic semi-invatizgn moment generating function
m !#

: 1
r.(S) = %T ?IogE exp st_1 re(t)

of ri(t) exists fors 2 (1 ;Smax), for somesmnax > 0. Hence for largeMy, the variations in the procesg(t)
averages out nicely within the time scale t&i(t) changes signi cantly. The scheme also has a low probability
of complete battery dischargps.x (M) asMg grows large.

This scheme is motivated by the buffer control strategyouhiiced in [19] to achieve the near-optimal distortion
for variable rate lossy compression. Another approach wiimilar motivation of utilizing energy ef ciently with
replenishing batteries is given in [20]. There, each nodeagas energy to keep its duty cycle period as smooth
as possible and at the same time tries to keep the batteeydteste to a certain desired level.

We use the notatioa, = O(b,) if a5 goes to 0 at least as fast Bganda, = ( h,) if a, andhb, go to 0 at

the same rate.

Proposition 1: Consider any concave and non-decreasing utility functipfeg(t)) such that dz%@ <1
k

for all & > 0. Given any > 2, there exists a power allocation sche@esuch thatps.x (M) = O(M, ) and

I 2
Uk( «) Ug,,k = mﬁMMki

Our proof is constructive. Consider the allocation sch&ria which
8

S 2 ¢ K B(t) 6 My=2
Q)= : 3
k*+ ks Bk(t) >M=2

for some ¢ > 0. As shown in Fig. 2, the instantaneous utility associateith BichemeS alternates between,
andug. The smaller the value we select far, the closer the average utilitng,’k, of SchemeS gets toUx( «).
However a small ¢ implies a small drift away from the empty state, and hencegh Iprobability of discharge.
By choosing ¢ = % we will show for any choice of > 0, the desired scaling for the utility function is
achieved. Then, by choosing suf ciently large, we will prove that we can achieve the dedi scaling for the

probability of complete discharge.



Once the battery state is more than half empty, Be(t) < M =2, the drift of the battery state becomes positive
with a net rate . The semi-invariant moment generating function of theantineous drifty(t) ( « K)s
is sk(s)= r.(8) s« k). Let s, be the unique negative root ofs.c(s). Note that, aM, ' 1 (i.e.,

k! 0), s, goes to 0.

Lemma 1:The variance of(t); 2 = ?2%0) satis es

ds, 2
=5 @)
d k k:O r2k
Proof: Let (S”.)k(O) = % o The cumulant expansion of(t) leads to
; o
R
0= sus0= Do~
n=1
x s
= sl 0 e
n=1
Since 2 (0) = , we have
S
o= ©)
n=2
Differentiating both sides with respect tQ, (5) becomes
e G (L
I O ——*—= &
K n=2 !

For ¢ =0; s, =0 and the above equality becomes
2.
d k k=o r2k .

Proof of Proposition 1: Here we prove that schen& satis es the scaling properties given in Proposition 1. By

choosing = Mk , we rst show thatps k(M) = O(M, ). Using Wald's identity [2], one can write
M

Psk(Mi) = O exp s =

Using Lemma 1, we have
s 2 _ 2 In M
< = =
3 7 My

for My 1. Choosing = ,k, we prove the desired resyg.x(My) = O(M, ).

Next we show that for any choice of, schemeS achieves an average utllllya\,’k such thatUg (' k) Uf\,’k =

(In M})?
Mg

Otherwise, as illustrated in Fig. 2, the utility alternatestweenu, and ugq. With a second order Taylor series

. Instantaneous utilityJy (ex(t)) = 0 if By(t) =0 (i.e., with probability GM, )), sincee(t) =0

approximation to the utility function can be approximatexd a

Ui Uk( k) UK k+ UXR w) &



for 1. Since the battery state spends equal timBat M (=2 andBy < M (=2,

1
Uik = 5(Uu+ U (L psx(M)

2 2
In My +0 (In Mk)

=U + U — 6
k() + UX W) My M2 (6)
foran for which > 2 ThusUg( k) US, = ('n—h,“f'kkf)z , sincejuXl )j<1.

Here, we illustrated that even with very simple localizedusons, it is possible to achieve good scaling laws
for the performance of a given networking task if the regment process behaves “nicely.” As we shall show,
however, things get more complex when there are other @nttron buffer over ow or delay for instance. One
may need more sophisticated solutions which may even nebd twn-localized. Before we discuss such a case,

we consider a speci c example to illustrate the ideas dgyedioin this section so far.

B. Capacity of AWGN Channel

Now we apply the proposition to study the basic limitatiorfspoint to point communication with nite but
replenishing energy sources. For simplicity, we consitier additive white Gaussian noise (AWGN) channel: At

time t, the transmitter transmits a complex valued block (pacKef(t) and the receiver receive4(t). We have
Yie(t) = heXi (1) + Wi (t); (7)

where the channel gaing is a complex constant and, (t) is additive white (complex) Gaussian noise with two
sided power spectral densily,=2. We de ne thechannel SNRas |, = jhxj2=N,. The maximum amount of data

that could be reliably communicated over this channel withamount of energg(t) at timet is
Ck(ex(t)) =log (1 + e&(t) k) bits/channel use (8)

assuming the block size is long enough so that suf cient ayieig of additive noise is possible. Thus the rate
at which the reliable communication can be achieved is aa@oon-decreasing function of the transmit power
and hence it can be viewed as our instantaneous utility. €prently, the average utility (1) is the average rate
Car( )= 1" 1y Culalt).

Now, suppose that we want to transmit the maximum amounttaf @ger this link, using a battery containiivy
joules with an instantaneous replenishment ra{¢). We assume that each time slot is long enough for suf ciently

long code blocks to be formed. Formally,

. 1X
max lim — log(1 + e(t) «) (9)
e(t); t>1 11 —

subject to By (t) = maxfO;minfMy;By(t 1)+ re(t) et oo
With an unlimited energy sourceM(y = 1 ) of limited average powery, the maximum achievable long term

average rate, i.e., the channel capacitZig ) =log(1+ « k) bits/channel use. Note that it is not possible to

achieve a higher rate than this with any energy source ofageepower .
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Fig. 3. Instantaneous replenishment ratg(t), data rateCy (t) and the battery stat@(t) for a channel SNR =0 dB

and a moving averaging Iter with an averaging period of 5 &@dmins.

Next, applying Proposition 1, we show that with the allooatschemes as given in (3), an average rad}f\,’k
such thatCy( ) Cavk = W is achievable. As shown in Fig. 2, with strate§ythe data rate alternates

between two values, sag, andcq. With a second order Taylor series approximation to the cigpéunction (8),

1 1
. C 2
G Ck( W) 13 K @E 2k
for 1. Choosing i = % and to guarantee a complete discharge probabili4Q) ), for > 2,
1 InM, 2 (In My)2
cS,=C +0 —— 10

since the battery state spends equal tim8at M (=2 andBy < M =2, completing the proof.

In Figure 3, we illustrate schem® for a channel with SNR ¢ = 1. The replenishment ratg(t) consists of
a sinusoid to mimic the daily cycles and a zero-mean Gaussiamponent with independent samples to mimic
the short term variability. The standard deviation of thad@nm component is higher for higher values of the
replenishment rate. This process is a good representatitire actual replenishment process given in Fig. 4(a) at
least for illustration purposes. We do not assume any kriydeofr,(t), so we use a moving averaging lter as
an estimate for . We chose such that ¢ is 2% of .

First, we use a fairly short averaging period (5 mins). Thgs tter follows the long term variations fairly closely
and the rate assignments are rather conservative, giifeis quite close ta(t) for all t. Consequently the battery
state never comes close to one of the extremes (exceptal, where the battery is full). Here, the achieved
rateC vk IS within 92% of the channel capacit@x( k). Next, we use a long averaging period (50 mins). Since
the long term variations can be signi cant within that timeake, there are higher variations By this time. As
a result,B; occasionally visits the extreme states and the battery nsgharge completely at times. Due to the
occasional complete battery discharge, the achieved hedime is 4% lower than the previous scenario.

So far we have shown how to maximize a concave non-decreaslitg function subject to battery constraints.
At every point in time, one should choose a power level asectoghe replenishment rate as the battery constraints

allow and this way one can asymptotically achieve a perfoceavery close to that with unlimited energy sources.
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The main limitation of this approach is that may not be feasible in practicéndeed the average replenishment
rate x may be very small compared to the power necessary to achatarc networking tasks. For instance in
many sensor network applications, data arrives at a nodeiistof packets. Moreover, the energy required to
transmit a full packet is worth tens of seconds of replenshimThus at a rate a@x( ), it takes an unacceptable
amount of time to transmit even a single data packet. Corsglyy Schemeés may lead to (data) buffer over ows
and high delay.

To overcome these limitationsye investigate the joint control of the queue and the powervhat follows we
state a possible approach, which highlights the major s&ssociated with the proposed problem and provides

some guidelines to ask the right questions.

I1l. JOINT QUEUE AND POWER CONTROL

Here we consider a system in which packets arrive at each, kgdandomly and are enqueued before getting
transmitted. LetQy(t) and Kk be the queue state and the data buffer size respectivelydateearrival process
A (t) represents the amount of data (in bits) arriving at the quuame slott and let y = E[Ak(t)]. Nodek
needs to support the incoming traf ¢ without over owing itkata buffers. For that purpose it will adjust the power

e (1) to maximize the amount of data served per unit time:

. 1X
max lim = Cr(ex (1)) (11)
e(t); t>1 11 —

subject to By(t) = maxfO;minfMy;By(t 1)+ r(t) et 1gg;
Qk(t) = max fO;minfKy; Qe(t 1)+ Ak(t) Cy(e(t 1))gg
e(t) 6 By(t) and Cy(ex(t)) 6 Qk(t) for all k:

This time a scheme such &s based solely on the battery state does not necessarilydaashr optimal solutions.

Not takingQ(t) into account is likely to cause buffer over ows (and undewrs). Likewise, a scheme based solely
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on the queue stat®(t) is likely to be energy inef cient. The optimal (or a near-opal) scheme should jointly
control the queue size and the battery state to avoid enartage, as well as data buffer over ow. It is a good
idea to start by choosing a desired state for WQjtit) andB(t) (e.g., mid pointK =2 and M =2 respectively).
Now, we can choose(t) such that thalrift of the pair is toward the desired states. The main complexXithis
task stems from the fact that the drifts @k (t) andB(t) are dependent. In Fig. 5(a) we illustrate the connection
between the service rate and the energy consumed at a timméoslan AWGN channel with SNFO dB. For
instance, to provide 3 units of service, the node needs tswoa 18 units of energy.

With this dependence, the parameter of major importancerbes the relative “size” of the data queue with
respect to the battery. For most systems it is reasonablssin@e darge battery regimen which the time scale
that changes occur iBg(t) is much larger than the time scale at whiQR(t) varies. Namely, within the duration
that some change occurs By (t), Qk(t) may uctuate signi cantly. Technically, with the AWGN chael this
assumption is equivalent tdl,, (2 v 1)K\. If this is the case, we should give priority to adjust the upie
state in the short run. We can achieve this by choositfty such that the drift ofQ(t) is always (for allt) toward
the desired queue state. At the same time, in the long runheeld avoid the extreme states Bk (t) and one
way of achieving this is by adjusting the magnitude of thdtdFollowing is an example.

Suppose we want to achieve similar asymptotic near-optprnaperties as Schen® as M, andK bot go
to 1 . We now modify Schem& slightly to jointly control Bi(t) and Qk(t). The new energy allocation scheme

So allocates energg(t) according to the joint queue and battery stge (t); Qx(t)). The joint state can lie in

Note that we have two limits and we want the inside limit to lseV, ! 1 to operate at the large battery regime.
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one of the 4 regions illustrated in Fig. 5(b). Accordingly
8

% K 3k=2 (Bk(t); Qk(t) 2 1

=2; B ; 2 1l
eEQ(t): Kk (Bk(t); Qk(1)) 12)

k+3 k=2 (Bk(t); Qk(t) 2 1

kt k=2 (Bi(t); Q(t)) 2 IV
underSq. With a careful examination, one notices that, in sch&geas given in (12), the queue drift is always
toward the mid poinK (=2 regardless oB(t). Battery stateBy(t) only determines the magnitude of this drift.
The drift of the battery state, however, can be toward a Mull or a complete discharge O state depending on
Qk(t), but on average it is toward the desired stslite=2.

For any given arrival rate x < Cy( ) = log(L+ « &), by choosing i suf ciently smalP, SchemeSg as

in (12) achieves the scaling laws fM given in Proposition 1 for any concave non-decreasingtytilinction.
However, here we need to consider another parameter, taebdéier over ow probability,gs, (K k). One may not
be able to simultaneously meet two constraints, one for Hteety discharge probabilityys, (M), and another
for the buffer over ow probability,gs, (K): For a given , if we choose ¢ to guaranteg@s, (M) = O(M, ),
we no longer have control over the buffer over ow probalil¥Ve can show that if the arrival proce&g(t) has a
well de ned semi-invariant moment generating functiag, (K¢) = O(K 0) for some °> 0. However, we do
not have the freedom to chooseand °independently.
In Figures 6 and 7, we illustrate schei@g for an AWGN channel with SNR = 1. We use a moving averaging
Iter of length approximately 2 hours to estimatg from r(t). We choosey to be 2% of the mean replenishment
rate. In both cases the packet arrival prockgét) follows a two-state Markov chain; one of the states is the idl
state and in the other state packets arrive in bursts. Thelrate | is approximately 10% of the average link
capacity in all simulations.

In Fig. 6, packet size is selected so that each packet canahentitted using an energy worth 100 secs of
replenishment in the morning time. Packet arrivals are oy Wbursty: the average burst size is 2. In such a mild
scenario,Sq works just ne. In the morning time, the queue remains almesipty most of the time and the
batteries remain almost full. At night, due to decreasediserrate, the queue starts to Il up, but there is enough
energy accumulated in the morning so that buffer over ow t@navoided with the available energy. In Fig. 7,
on the other hand, even though the average power neededdmaxate the incoming traf c is the same as in
Fig. 6, the arrivals are much burstier. Transmitting eaatkpaconsumes 250 secs worth of morning replenishment
energy and packets arrive in bursts of an average size 5islis¢bnarioSq drops 17% of the packets due to buffer
over ow (this rate typically varies between 10%-50% witheie parameters in all simulations). One can observe

that these buffer over ows are occurring despite the battgyerating at near-full conditions all the time. Indeed

3Again, « should be proportional tihh M =Mj.
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Bk(t) is never below 80% of the full capacity, which shows tBat does not do a reasonable job of joint energy

and queue management in this scenario.

IV. FUTURE DIRECTIONS

This case study motivated us to investigate this problertinéurin the following directions.

In schemeSq, there are only four possible choices &((t) all of which are close to the average replenishment
rate. In reality, packet arrivals will be bursty and we ithaded in Fig. 7 thaSq can be highly inef cient in
terms of queue management in such scenarios. So we will ssltlie following questions.

What is the optimal or near optimal local solution in the prese of a constraint on the buffer over ow
probability, rather than on complete discharge probaffilivhat is the trade-off between the buffer over ow
probability and the complete discharge probability? Alsothe presence of channel fading and multiuser
interference, how do we design optimal or near-optimal firaktsolutions? We believe ef cient solutions will
involve link scheduling in the presence of interference.

As shown in Fig. 4(b), the replenishment rate is a (non-linéanction of the battery state. We will study
capacity achieving solutions with such practical detaflshe battery taken into account.

Schemes that maximize the throughput does not necessaxi®y dood delay properties. Indeed, for ef cient

use of resources, it is not a good idea to keep queues emptaramshergy ef cient scheme may suffer a
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drought issue in order to keep some packets in the queue. &etplinvestigate local schemes to minimize
the queue delay.

With power control as we described in this section, the servate at each node of a sensor network will
be different and it will be a function of the replenishmenterand the queue state at that node. Therefore
any given path between a source and a destination will aotitsiis with mismatching rates. This makes it
necessary to employ congestion control along with localtgmis to avoid buffer over ows.

The question is in a network of replenishing sensors, areeth@y good congestion control solutions to
avoid queue over ows? Unlike classical approaches, reptenent rates should be a part of the equation for
ef cient solutions. We will build on our extensive exper@on congestion control mechanisms to investigate
this problem [7], [9], [8], [11], [10], [6]. One approach Wwibe to use the solution from (11) to provide us with
the achievable link rates that could then be used in a coiogestntrol algorithm such as the one developed

in [8].
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