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Abstract— We study sensor networks with energy harvesting conservation need not be the dominant theme. Rather, the
nodes. The generated energy at a node can be stored in ajssues involved in a node with an energy harvesting source
buffer. A sensor node periodically senses a random field and can be quite different. The source of energy and the energy

generates a packet. These packets are stored in a queue andh ting devi b h that th tb
transmitted using the energy available at that time at the nde. arvesting cevice may be suc at the energy cannot be

For such networks we develop efficient energy management generated at all times (e.g., a solar cell). However one may
policies. First, for a single node, we obtain policies that @ want to use the sensor nodes at such times also. Furthermore
throughput optimal, i.e., the data queue stays stable for ta  the rate of generation of energy can be limited. Thus one
largest possible data rate. Next we obtain energy managemen .,y \ant to match the energy generation profile of the
policies which minimize the mean delay in the queue. We h ti ith th fi file of
also compare performance of several easily implementableis- arvesting source wi e energy cpnsump lon profile o
optimal policies. A greedy policy is identified which, in lowSNR ~ the sensor node. It should be done in such a way that the
regime, is throughput optimal and also minimizes mean delay node can perform satisfactorily for a long time, i.e., astea
Next using the results for a single node, we develop efficient energy starvation should not be the reason for the node to
MAC pollcu.es. _ o die. Furthermore, in a sensor network, the MAC protocol,
Keywords: Optimal energy management policies, energy,ing and relaying of data through the network may need to
harvesting, sensor networks, MAC protocols. be suitably modified to match the energy generation profiles
|. INTRODUCTION of different nod_es, which may vary_with the nodes.

Sensor networks consist of a large number of small, inex- Inkthe_tl;]ollowmg xve surt\_/ey thz IlterEatulre on sensor net-
pensive sensor nodes. These nodes have small batteries pitfy S WIth energy harvesting nodes. -arly papers on energy
%arvestlng in sensor networks are [10] and [17]. A practical

limited power and also have limited computational powe h i q ot i< d bed
and storage space. When the battery of a node is exhaust%%lar energy harvesting sensor node proltolype 1S describe
[8]. A good recent contribution is [9]. It provides vari®u

it is not replaced and the node dies. When sufficient numb e . ;
eterministic theoretical models for energy generatiod an

of nodes die, the network may not be able to perfor . . _
its designated task. Thus the life time of a network is afncrdy C(_)nsumptlo_n_proflles (based (n p) traffic moqels
important characteristic of a sensor network and it is tipd uand provides conditions foelnerg)_/ .neutral operatignie.,
with the life time of a node. yvhen the node can (_)peratg mdeﬂmt_ely. In [7] a sensor node
Various studies have been conducted to increase the ll{ﬁecon&dered Wh'(.:h Is sensing certain interesting evdiis.
time of the battery of a node by reducing the energy intensi\%u'[hor_s study OF’F'F”"".' sleep_-wf'ike cycles such that tI'_1e event
tasks, e.qg., reducing the number of bits to transmit ([F])[1 etection probal_mllty 'S max!m|zed. A recent survey is [14]
making a node to go into power saving modes: (sIeep/Iistemh'Ch also provides an optimal sleep-wake cycle for solar

S . . . cells so as to obtain QoS for a sensor node.

periodically ([21]), using energy efficient routing ([1824]) _
and MAC ([25]). Studies that estimate the life time of é\/IAC dproztgcolas\ for sen;sor netwqus ar$ ztlud!ed :Iln [233’
sensor network include [18]. A general survey on sens ?2] "fll_r;] [ g A g?_ner? surv?y .'St. aﬁ;’(‘: € '? [ } an
networks is [1] which provides many more references of. ] roughput optimal opportunistic protocols are
th : iscussed in [13].

©S€ 1SSues. In this paper we summarize our recent results ([20]), on

In this paper we focus on increasing the life time of the n pt P ks with h i d d b d
battery itself by energy harvesting techniques ([9], [14])Sensor networks with energy harvesting nodes and base

Common energy harvesting devices are solar cells, wind ! them propose new s_che_mes for_ schedgllng a MAC for
bines and piezo-electric cells, which extract energy from t such networks. The motivating application is estimation of

environment. Among these, solar harvesting energy throu random field which is one of the _canomcal ap_pllcat|0n_s
photo-voltaic effect seems to have emerged as a technolo sensor networks. The above mentioned theoretical sudie

of choice for many sensor nodes ([14], [16]). Unlike for e motivated by other applications of sensor networks. In

a battery operated sensor node, now there is potentially an a:jpplllclzatlzg, the Sensor nO((jjes senset the randkoT field
infinite amount of energy available to the node. Hence ener riodically. After sensing, a node generates a packet (pos

ibly after efficient compression). This packet needs to be
This work was partially supported by a research grant froneilp transmitted to a central node, possibly via other sensoesiod

Corporation. In an energy harvesting node, sometimes there may not
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to store the packets till they are transmitted. The energgandom field and generating packets to be transmitted to a
generated can be stored (possibly in a finite storage) fer latcentral node via a network of sensor nodes. The system is
use. slotted. During slotk (defined as time intervalk, k& + 1],
Initially we will assume that most of the energy is con-.e., a slot is a unit of time)X; bits are generated by
sumed in transmission only. We will relax this assumptiothe sensor node. Although the sensor node may generate
later on. We find conditions for energy neutral operation oflata as packets, we will allow arbitrary fragmentation of
a node, i.e., when the node can work forever and its dagmckets during transmission. Thus, packet boundariesare n
gueue is stable. We will obtain policies which can suppoiimportant and we consider bit strings (or just fluid). Thesbit
maximum possible data rate. X, are eligible for transmission itk + 1)st slot. The queue
We also obtain energy management (power control) poliength (in bits) at timek is ¢x. The sensor node is able to
cies for transmission which minimize the mean delay of thegansmitg(7%) bits in slotk if it uses energyl.. We assume
packets in the queue. that transmission consumes most of the energy in a sensor
We use the above energy mangement policies to developde and ignore other causes of energy consumption (this
channel sharing policies at a MAC (Multiple Access Chanis true for many low quality, low rate sensor nodes ([16])).
nel) used by energy harvesting sensor nodes. This assumption will be removed in Section V. We denote
We are currently investigating appropriate routing algoby Ej the energy available in the node at tiheThe sensor
rithms for a network of energy harvesting sensor nodes. node is able to replenish energy by in slot k.
The paper is organized as follows. Section Il describes the We will initially assume that{X;} and {Y,} are iid
model for a single node and provides the assumptions magiedependent, identically distributed) but will genezalithis
for data and energy generation. Section Ill provides condassumption later. It is important to generalize this asgionp
tions for energy neutral operation of a node. We obtain etablto capture realistic traffic streams and energy generation
power control policies which are throughput optimal. Sarcti  profiles.
IV obtains the power control policies which minimize the The processe§g;} and{Ej} satisfy
mean delay via Markov decision theory. A greedy policy n
is shown to be throughput optimal and provides minimum U1 (@ = 9(Ti))" + X, @
mean delays for linear transmission. Section V provides a Er1 = (Ex —Tg) + Yy 2)

throu_ghput optimal PO”(.:y when th_e_ energy consumed i_(l/hereT;C < Ej. This assumes that the data buffer and the

sensing and processing IS non-qegllg|ble. A sensor nOde,W'énergy storage buffer are infinite. If in practice these dmsff

a fading channel is also considered. Section VI prowd((e?e large enough, this is a good approximation. If not, even
h

simulation results to confirm our theoretical findings an en the results obtained provide important insights aed th

compares various energy management policies. Section \éblicies obtained often perform well for the finite buffesea
introduces a multiple access channel (MAC) for energ The function g will be assumed to be monotonically

harvesting nodes. Section VIII provides efﬂmentenergylm.a non-decreasing. An important such function is given by
agement schemes for orthogonal MAC protocols. Section§ . nnon's capacity formula

IX and X consider MACs with fading channels (orthogonal

and CSMA respectively). Section XI compares the different g(Ty) = llog(l + BTy) (3)
MAC policies via simulations. Section Xll concludes the 2
paper. for Gaussian channels whefeis a constant such that T

is the SNR. This is a non-decreasing concave function. At
low values of Ty, g(T%) ~ 51 Tk, i.e., g becomes a linear
In this section we present our model for a single energfunction. Since sensor nodes are energy constrained,sthis i
harvesting sensor node. a practically important case. Thus in the following we limit
our attention to linear and concave nondecreasing funetion
Data Buffer : g. We will also assume that(0) = 0 which always holds in
X, — ; mln(qk'g(;")) practice.
i Many of our results (especially the stability results) voii
q, valid when{ X} and{Y}} are stationary, ergodic. These as-
T, sumptions are general enough to cover most of the stochastic
models developed for traffic (e.g., Markov modulated) and
energy harvesting.
Y —> 5 Of course, in practice, statistics of the traffic and energy
E harvesting models will be time varying (e.g., solar cellrgye
K harvesting will depend on the time of day). But often they
can be approximated by piecewise stationary processes. For
example, energy harvesting by solar cells could be taken
as being stationary over one hour periods. Then our results
We consider a sensor node (Fig. 1) which is sensing @uld be used over these time periods. Often these periods

Il. MODEL FOR A SINGLE NODE

Energy Buffer

Fig. 1. The model



are long enough for the system to attain (approximaté)e will see in Section VI that storing energy can also provide
stationarity and for our results to remain meaningful. lower mean delays.

In Section Il we study the stability of this queue and Although TO is a throughput optimal policy, i is
identify easily implementable energy management policiesmall, we may be wasting some energy. Thus, it appears
which provide good performance. that this policy does not minimize mean delay. It is useful
to look for policies which minimize mean delay. Based on
our experience in [19], the Greedy policy

We will obtain a necessary condition for stability. Then we
present a transmission policy which achieves the necessary Ty, = min(Ey, f(qr)) (5)

condition, i.e., the policy is throughput optimal. The mear\]/vheref — 4. looks promising. In Theorem 2, we wil
delay for this policy is not minimal. Thus, we obtain other how that the stability condition for this policy B[X] <

policies which provide lower mean delay. In the next sectio [g(Y")] which is optimal for lineag but strictly suboptimal

we will consider policies which minimize mean delay. f trictl Ust as th i ~ v di d
The proofs of Lemma 1 and Theorems 1-4 are providetﬁ)r a strictly concavey (J.US as the po ICY = Y Iscusse
in [20]. above). We will show in Section IV that whepnis linear,

Let us assume that we have obtained an (asympto{ts—) is not only throughput optimal, it also minimizes long

. . o . erm mean delay.
cally) stationary and ergodlc tran§m|SS|on pOI{@“} WhICh For concaveg, we will show via simulations that (5)
makes {qr} (asymptotically) stationary with the limiting

distribution independent ofy. Taking {7} asymptotically p.rowd_es Iess._mean. dglay than TO at low load. How&_aver
. . since its stability region is smaller than that of the TO pgli
stationary seems to be a natural requirement to obt

al -
(asymptotic) stationarity of g} at E[X] close toE[g(Y)], the Greedy performance rapidly
In the following X, T, v" wil d.enote generic r.v.s with the deteriorates. Thus it is worthwhile to look for some other

distributions ofX,, Ty, Y; respectively. good policy. Notice that the TO polif:y wastes energy if
, qr < g(E[Y] — €). Therfore, we can improve upon it by
Lemma 1 Let g be concave nondeceasing ahd} }, {Y%} saving the energyE[Y] — ¢ — g~ (qx)) and using it when
be_statlonary, ergodic sequences. Fof} to be an asymp- the ¢, is greater thary(E[Y] — ¢). However forg a log
totically stationary, ergodic energy management poliat th qnction, using a large amount of energys also wasteful
makes{q;} asymptotically stationary with a proper station-gyen wheng;, > ¢(t). Taking into account these facts we
arécilfstnbutlomr, it is necessary thab[X] < E, [g(T)].g improve over the TO policy as
g(L(Lt D Ty = min(g~(qr), Ex, 0.99(E[Y] + 0.001(Ex — cqx) 1))
Ty, = min(Ey, E[Y] — €) 4) . . , ©)
wherec is a positive constant. The improvement over the TO
where € is an appropriately chosen small constant (seglso comes from the fact that &), is large, we allowl}, >
statement of Theorem 1). We show that it is a throughpyt[y] but only if ¢, is not very large. The constants 0.99 and
optimal policy, i.e., using thisI}, with g satisfying the (0.001 were chosen by trial and error from simulations after
assumptions in Lemma g} is asymptotically stationary experimenting with different scenarios.
and ergodic. We will see in Section VI via simulations that this policy,
Theorem 1 If {X;},{Yz} are stationary, ergodic tobe denoted by MTO can indeed provide lower mean delays
and ¢ is continuous, nondecreasing, concave theiian TO at loads abovE[g(Y)].
if E[X] < g(E[Y]), (4 makes the queue stable One advantage of (4) over (5) and (6) is that while using
(with ¢ > 0 such thatE[X] < g(E[Y] — ), i.e., (4), after some timel}, = E[Y] — e. Also, at any time,
it has a unique, stationary, ergodic distribution andither one uses up all the energy or ug#¥’] —e. Thus one
starting from any initial distribution, ¢, converges can use this policy even if exact information abdiit is
in total variation to the stationary distribution. not available (measuring, may be difficult in practice). In
m fact, (4) does not need even while (5) either uses up all
Henceforth we denote the policy (4) by TO. the energy or useg$(qx) and hence needs only, exactly.
From results on GI/GI/1 queues ([2]), #X}} areiid, Now we show that under the greedy policy (5) the
E[X] < g(E[Y)), Ty = min(Ey, E[Y]—¢) andE[X?] < co  queueing process is stable whehX] < E[g(Y)]. In next
for somea > 1 then the stationary solutiofig,} of (1) few results (Theorems 2 and 3) we assume that the energy
satisfiesE[¢* 1] < oo. buffer is finite, although large. For this case Lemma 1 and
TakingT}, = Y for all k will provide stability of the queue Theorem 1 also hold under the same assumptions with slight
if E[X] < E[g(Y)]. If gis linear then this coincides with the modifications in their proofs.
necessary condition. i is strictly concave the®[g(Y)] < Theorem 2If the energy buffer is finite, i.e.F, < e < oo
g(E[Y]) unlessY = E[Y]. ThusT}) = Y}, provides a strictly (buteé is large enough) an&[X] < E[g(Y)] then under the
smaller stability region. We will be forced to use this pglic greedy policy (5)(qx, Ex) has an Ergodic set. |
if there is no buffer to store the energy harvested. This show The above result will ensure that the Markov chain
that storing energy allows us to have a larger stabilityorgi {(qx, Ex)} is ergodic and hence has a unique stationary dis-

IIl. STABILITY



tribution if {(qx, E)} is irreducible. A sufficient condition ~ Theorem 4 The Greedy policy (5) isv-discount optimal

for this is0 < P[X, = 0] < 1and0 < P[Y, =0] <1 for0 <« < 1wheng(t)=~tfor somey > 0. Itis also av-
because then the state, 0) can be reached from any stateerage cost optimal. |

with a positive probability. In genera{,(¢x, Ex)} can have The fact that Greedy igv-discount optimal as well as
multiple ergodic sets. Then, depending on the initial stat@verage cost optimal implies that it is good not only for
{(qx, Ex)} will converge to one of the ergodic sets and thdong term average delay but also for transient mean delays.

limiting distribution depends on the initial conditions.
V. GENERALIZATIONS

IV. OPTIMAL POLICIES In this section we consider two generalizations. First we
In this section we choosg, at timek as a function ofy, will extend the results to the case of fading channels and
and £, such that then to the case where the sensing and the processing energy
oo at a sensor node are non-negligible with respect to the
E Zak qk] transmission energy.
k=0 In case of fading channels, we assume flat fading during a

slot. In slotk the channel gain ig%. The sequencéh}

is assumed stationary, ergodic, independent of the traffic
sequence{ X} and the energy generation sequeddg }.

is minimized where) < a < 1 is a suitable constant. The
minimizing policy is calledr-discount optimal. When = 1,
we minimize

= Then if T}, energy is spent in transmission in slbf the
lim sup—F | ) qk] {qx} process evolves as

. o o . Ge+1 = (g — g(hTe)) " + X
This optimizing policy is called average cost optimal. By
Little’s law ([2]) an average cost optimal policy also mini-If the channel state information (CSI) is not known to the
mizes mean delay. If for a givelyy, E), the optimal policy Sensor node, thef, will depend only on(g, Ej;). One can
T}, does not depend on the past values, and is time invariathen consider the policies used above. For example we could
it is called a stationary Markov policy. useT}, = min(Ey, E[Y]—¢). Then the data queue is stable if

If {X;} and{Y}} are Markov chains then these optimiza-E[X] < E[g(h(E[Y]—¢))]. We will call this policy unfaded
tion problems are Markov Decision Problems (MDP). Ford O. If we use Greedy (5), then the data queue is stable if
simplicity, in the following we consider these problems whe E[X] < E[g(hY)].
{X:} and{Y}} areiid. We obtain the existence of optimal |f CSI h; is available to the node at time, then the

a-discount and average cost stationary Markov policies. following are the throughput optimal policies. dfis linear,

Theorem 3 If g is continuous and the energy buffer isghen g(z) = fz for some > 0. Then, if0 < h <

finite, i.e., e < € < oo then there exists an optimal- = and P(h = h) >0, the optimal pollcy_ IS:
di . : . o T(h) = (E[Y] —€)/p(h = h) andT'(h) = 0 otherwise.
iscounted Markov stationary policy. If in additidi[ X | < . L : o
g(E[Y]) and E[X?] < o, then there exists an average COSEl'hus |f_i_z can take an arbitrarily large v_alue W|th_p05|t|ve
optimal stationary Markov policy. The optimal costdoes probability, tlhenE[hT(h)] = oo at the Op‘.'”.‘a' SOIUt'On'.
not depend on the initial state. Also, then the optimal If g(x) = 3log(1+fx), then the water filling (WF) policy
discount policies tend to an optimal average cost policy as 1 1\ T
a — 1. Furthermore, ifu,(q,e) is the optimala-discount Ty (h) = (h_o - E) (@)

cost for the initial statdq, e) then _ ) )
where hg is obtained from the average power constraint

liml(l —a) inf ova(g,e) =v E[Ty] = E[Y] — ¢, is throughput optimal. This is because it
o maximizes} Ej, [log(1+ BhT (h))] with the given constraints.
u Both of the above policies can be improved as before, by
In Section Il we identified a throughput optimal policy not wasting energy when there is not enough data. As in (6)
wheng is nondecreasing, concave. Theorem 3 guarantees {€Section I1I, we can further improve WF by taking
existence of an optimal mean delay policy. It is of interest N
to |den_t|fy one_such poI|c_y also._ln general one can com_putf]C — min (f(Qk), o8 (i 1 +0.001(E), — ch)+)
an optimal policy numerically via Value Iteration or Policy h h
Iteration but that can be computationally intensive (eiglyc (8)
for large data and energy buffer sizes). Also it does ndtve will call it MWF. These policies will not minimize mean
provide any insight and requires traffic and energy profildelay. For that, we can use the MDP framework used in
statistics. In Section Il we also provided a greedy policysection IV and numerically compute the optimal policies.
(5) which is very intuitive, and is throughput optimal for Till now we assumed that all the energy that a node
linear g. However for concavg (including the cost function consumes is for transmission. However, sensing, proagssin
%log(l-i—’yt)) it is not throughput optimal and provides low and receiving (from other nodes) also require significant
mean delays only for low load. Next we show that it providegnergy, especially in more recent higher end sensor nodes
minimum mean delay for lineay. ([26]). Since we have been considering a single node so far,
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[

we will now include the energy consumed by sensing ant , ‘
processing only. For simplicity, we will assume that the@od e gf:;?' Policy
is always in one energy mode (e.g., lower energy mode —T0.
([21]) available for sensor nodes will not be considered)
If a sensor node with an energy harvesting system can t
operated in energy neutral operation in normal mode itsel
(i.e., it satisfies the conditions in Lemma 1), then there is
no need to have lower energy modes. Otherwise one has
resort to energy saving modes.

We will assume thatZ, is the energy consumed by
the node for sensing and processing in stotUnlike T} 5 ‘
(which can vary according tg.), {Z,} can be considered a 8 05 08 o 08 09 !
stationary, ergodic sequence. The rest of the system is as In
Section Il. Now we briefly describe a energy managemem?tg.l_z. Meqn_Delgy O[_)tirrlljala Greedé/, TO Polgzizfefs with No Faglin

olicy which is an extension of the TO policy in SectionNonlinear g; Finite, Quantized data and energy buffers,Y: Poisson
ﬁl. Tx;lis can provide an energy neutralpope>r/ation in theuneaed at SERY] = 1. Elg(1)] = 0.92, g(E[Y]) =1
present case. Improved/optimal policies can be obtained fo

this system also but will not be discussed due to lack o

space. N N 1000_‘ jiUnbufféred ]

Let ¢ be the minimum positive constant such tHztX] < T
g(c). Then if c + E[Z] < E[Y] — 6, (whered is a small s00. 2 |
positive constant) the system can be operated in energ
neutral operation: If we tak@} = ¢ (which can be done
with high probability for all & large enough), the process
{qr.} will have a unique stationary, ergodic distribution and
there will always be energy, for sensing and processing
for all k large enough. The result holds{it X, Y, Zi)} is 2007
an ergodic stationary sequence. The arguments to show tt
are similar to those in Section Il and are omitted.

When the channel has fading, we neBfX| < E[g(ch)]

in the above paragraph. Fig. 3. Comparison of policies with No Fading(z) = 10z; X, Y
Exponential, E[Y] = 1, E[g(Y)] = 10, g(E[Y]) = 10
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V1. SIMULATIONS FOR SINGLE NODE

In this section, we compare the different policies we have
studied via simulations. The function is taken as linear :
(9(x) = 10z) or asg(z) = log(1+z) . The sequencesX}} 2007 2 o
and {Y} areiid. (We have also done limited simulations DR
when {X,} and {Y,} are Autoregressive and found that P
conclusions drawn in this section continue to hold). We
consider the cases wheXi andY have truncated Poisson,
exponential, Erlang or Hyperexponential distributionseT
policies considered are: Greedy, TQ, = Y;, MTO (with
¢ = 0.1) and the mean delay optimal. At the end, we will
also consider channels with fading. For fading channels w
compare unfaded TO and MTO against fading TO and fadin
MTO. For the linearg, we already know that the Greedy ' EX
policy is throughput optimal as well as mean delay optimal.

The mean queue lengths for the different cases are plottE§- 4. Comparison of policies with No Fading(x)
. . Exponential; E[Y] = 10, E[g(Y)] = 2.01, g(E[Y])
in Figs. 2-6.

In Fig. 2, we compare Greedy, TO and mean-delay optimal
(OP) policies for nonlineay. The OP was computed via
Policy Iteration. For numerical computations, all quaesit the three policies are negligible tiF[X] = 0.8. After that,
need to be finite. So we took data and energy buffer sizélse mean queue length of the Greedy policy rapidly increases
to be 50 and used quantized versions @f and E,. The while performances of the other two policies are comparable
distribution of X andY is Poisson truncated d@ These till 1 (although fromE[X] = 0.6 till close to1, mean queue
changes were made only for this example. Nd#[Y]) =1 length of TO is approximately double of OP). At low loads,
and E[g(Y)] = 0.92. We see that the mean queue length oGreedy has less mean queue length than TO.

(5]
=]

(=]
(=]

Average Queue Length

50

oF

log(1+z); X,Y:
2.4



distributions. The distribution of rv. X is a
mixture of 5 exponential distributions with means
E[X]/4.9,2F[X]/4.9,3E[X]/4.9,6 E[X]/4.9 and
10F[X]/4.9 and probabilities0.1,0.2,0.2,0.3 and 0.2
respectively. The distribution oft” is obtained in the
same way. NowE[Y] = 1, E[g(hY)] = 10 and
Elg(hE[Y])] = 10. The stability region of fading TO
is E[X] < E[g(hY)] = 22.0 while that of the other three
policies is F[X] < 10. However, mean queue length of
i fading TO is larger from the beginning till almost 10. This is
] because in fading TO, we transmit only when= h = 2.2
EX which has a small probability< 0.2).

Fig. 6 considers nonlinearwith X, Y Erlang distributed.
Fig. 5. Comparison of policies with Fading)(z) = 10z; X,Y: Also, E[Y] = 1, E[g(hY)] = 0.62, E[g(hE[Y])] = 0.64.
Hyperexponential($)E[Y] = 1, E[g(Y)] = 10, 9(E[Y]) = 10 Now we see that the stability region of unbuffered and
Greedy is the smallest, then of TO and MTO while WF
and MWF provide the largest region and are stable for
E[X] < 0.70. MTO and MWF provide improvements in
mean queue lengths over TO and WF.
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VII. M ULTIPLE ACCESSCHANNEL

<]
=]

In a sensor network, all the nodes need to transmit their
data to a fusion node. Thus, for this a natural network to
consider is a Tree ([3]). In the present scenario of nodds wit
energy harvesting sources, selection of a Tree can depend on
the energy profiles of different nodes. This will be subject

@
=]

Average Queue Length

EX of another study. Here we assume that an appropriate Tree
has been formed and will concentrate on the link layer.
Fig. 6. Comparison of policies with Fading{z) = log(1 + x); X, Y An important building block for this network is a multiple
Erlang(5);E[Y] = 1, E[g(hY)] = 0.62, E[g(hE[Y])] = 0.64; WF, Mod. i
WF stable forE[X] < 0.70 access channel. In sensor networks contention based (e.qg.,

CSMA) and contention-free (TDMA/CDMA/FDMA) MAC
protocols are considered suitable ([1], [12]). In fact for
estimation of a random field, contention-free protocols are

Fig. 3 considers the case whéh andY are exponential more appropriate.
andg is linear. NowE[Y] = 1 andg(E[Y]) = E[g(Y)] = We consider the case wheré nodes with data queues
10. Now all the policies considered are throughput optimad),, ..., @ are sharing a wireless channel. Each queue
but their delay performancediffer. We observe that the generates its traffic, stores in a queue and transmits as in
policy T}, = Y}, (henceforth called unbuffered) has the worsSection Il. Also, each node has its own energy harvesting
performance. Next is the TO. mechanism. The traffic generated at different queues and

Fig. 4 provides the above results fpnonlinear, whenX  their energy mechanisms are assumed independent of each
andY are exponential. Now, as befofg, = Y}, is the worst. other.

The Greedy performs better than the other policies for low Let {X(i)},{Yx(i)} and {Z(i)} be the sequences
values of E[X]. But Greedy becomes unstablefy(Y)] = corresponding to nodeé. For simplicity we will assume

2.01 while the throughput optimal policies become unstablé X, (i), k& > 0} and {Yx(i),k > 0} to beiid although

at g(E[Y]) = 2.40. Now for higher values ofF[X], the these assumptions can be weakened as for a single queue. As
modified TO performs the best and is close to Greedy atentioned at the end of Section V, the energy consumption
low E[X]. {Zk(i)} can be taken care of if we simply replaéBY (i)]

Figs. 5-6 provide results for fading channels. The fadiny E[Y (i)] — E[Z(i)] in our algorithms. In the following
process{h;} is iid taking values).1,0.5,1.0 and 2.2 with  we do that and write it a&[Y (¢)] only (and hence ignore
probabilities0.1,0.3,0.4 and 0.2 respectively. Fig. 5 is for Zj()).
linearg and Fig. 6 is for nonlineag. The policies compared  The N queues can share the channel in different ways.
are unbuffered, Greedy, Unfaded TO (4) and Fading TO. IMhe stability region ofQ1, Q2, ..., @x and optimal (good)
Fig. 6, we have also considered Modified Unfaded TO (6fansmit policies depend upon the sharing mechanism used.
and Modified Fading TO (MWF) witle = 0.1 (8). We consider a few commonly used scenarios in the rest of

In Fig. 5, X and Y have Hyperexponential the paper.



VIIl. ORTHOGONAL CHANNELS class of policies which use constant powers) is to choose

The N sensor nodes use TDMA/orthogonaldU€ue
CDMA/FDMA/OFDMA to transmit. Then theN queues . _ I (i EY(i)]—e¢ 11
become independent, decoupled queues and can bék = 479 AT ar(0)gi | hi(0) a(i) (11)
considered separately. Thus, the transmission policies - . . ey
developed in previous sections for a single gueue can %‘d then usel, = (B[Y (if)] — €)/a(i}). Here a(iy) is

. . . e fraction of time slots assigned #j. However now
used here. In the following we explain them in the contex . . :
we do not knowa(i}) and this may be estimated (see

of TDMA. . : ey X
If the queues have to use the channel in a TDMA fashiotnhe end of this section). l&(ij;) is replaced with the true

. - value, then stability of the queues in the MAC follows
then necessary conditions for stability of thé queues are ; ) . i
. . N from [5] if the fading states take values in a finite set
: There existoy, as,...an,0; > 0 and) . ; a; = 1 such

that and the system satisfies the following condition. Let there
exist a functionf (rx(1), ...,rx(N)) which picks one of the
EX@)] < oy g ( (9) Queues as a function dfri(1),...,7(N)) wherery (i) =
gi (@) EE=0), ai) £ Bo[1{f(r1, ..7w) = i}] and
whereg; is the energy to bit mapping f@p;. A stable policy = (rq,...,rx) is the stationary distribution ofry,...,ry).
for each queue will be as in Section Ilf); is givena;  Then if E[X(i)] < > r1{f(r1,....,rn) = i}7(r1,...,*N)
fraction of slots (on a long term basis) and it uses enerdgr eachi, the system is stable. This policy tries to satisfy
(E[Y (i)] — €)/a; whenever it transmits. For better delaythe traffic requirements of different nodes but may not be
performance, the slots allocated to different queues shoudlelay optimal. Based on experience in [19], a Greedy policy

M) =12, N

3 90t )
6%

be uniformly spaced. We can improve on the mean delay by E[Y(i)] - e
using (6). i), = arg max <min <gi (hk(z) <T) ,qk(i)>)
It is possible that more than one set(ef, ..., ax) satisfy (12

the stability condition (9). Then one should select the ®alu qides better mean delays. However, it is throughput opti
which minimize a cost function, (say) weighted sum of meap, only for symmetric traffic statistics and whéiy ()] =

delays. E[Y (j)], for all i, j. But it can be made throughput optimal

IX. OPPORTUNISTICSCHEDULING FOR FADING (as (11)) while still retaining (partially) its mean delagrp
CHANNELS: ORTHOGONAL CHANNELS formance as follows. Choose an appropriately large pe@sitiv

) ) ] ) constantL. If none of ¢ (i) is greater thanL, use (12);
Now we discuss the MAC with fading. Lét (), k > 1} otherwise, on the sefi : g¢,(i) > L, }, use (11). We call

be the channel gain process Q. It is assumed stationary, ihis Modified Greedy Policy.

ergodic and independent of the fading processijerj # i. The mean delay of the above policies can be further
We discuss opportunistic scheduling for the contentior frelmproved if instead off; = (E[Y (5)] — €)/a(i), we use
MAC. We will study the CSMA based algorithms in the next(G). But tr,le stability region remains same. '

Section. o The policies (11) and (12) can be further improved if
If we assume that eaqh _c@i has infinite data backlog, jnstead of usingly,(i) = E[Y (i)] — ¢, we use waterfilling
then the policy that maximizes the sum of throughputs fof,; ; in (3). Of course we reduce transmit power as in (6) if
g(x) = log(1 + fz) and for symmetric statistics (i.e., €aChihere is not enough data to transmit. Now not only the mean

h; has same statistics and &l[Y'(i)] are same) is to choose ge|ays reduce but the stability region also enlarges.

Q The policies (11), (12) and Modified Greedy provide good
i, = arg max(hy(i)) (10)  performance, require minimal information (onky[Y (i))),

are easy to implement and have low computational require-

ments. In addition they naturally adapt to changing traffic

and channel conditions.

E[Ty(h)] = NE[Y (i},) — €. In (11)-(12) we needx(i) to obtain the energy’. But

unlike for TDMA, «(ix) is not available in these algorithms

%nd depends on the algorithm used. Thus, in these algorithms

Sve use a simple variant of the LMS (Least Mean Square)

earlgorithm ([6]) to estimatex(i):

in slot k£ and us€l (h) via the water-filling formula (7) with
the average power constraint

This is an extension of an algorithm in [11] to the energ
harvesting nodes. A modification of this policy is availabl
in [11] for asymmetric case.

If g is linear, then for the symmetric case, a chann
is selected only if it has the highest possible gain (for Initially start with guess
bounded). If more than one channel is in the best state,tselec 1
one of them with equal probability. aoli) =5, 1=1..., V.
oo (10) aiizes roughput, 1 mey b el un the aigrtm for (sayh e of ks, Each node
. o ; < .+ tomputes the fraction (i) of slots it gets and recomputes
in our setup infinite backlog is not a realistic assumption.
Without this assumption a throughput optimal policy (in the ant1 (1) = an (i) — play (i) — o (1)) (13)



wherey is a small postive constant. XI. SIMULATIONS FOR MAC PROTOCOLS
At any time the current estimate af(i) is used by the

_ In this section for simplicity, we simulate the system under
algorithms.

symmetric conditions, apply the different algorithms, and
compare their performances. We uger) = log(1 + z).
The fading of each channel changes from slot to slot in-
dependently{hx(i),k > 1} areiid with values 0.1, 0.6,
Since ZigBee and 802.11 use CSMA, we discuss oppot-8 and 5 with probabilities 4/12, 5/12, 2/12 and 1/12. The
tunistic scheduling for CSMA also. As against (11)-(12)sth {X(i),k > 1} and {Y%(i),k > 1} are iid expontential.
is a completely decentralized algorithm. This is used byaZharhe LMS (13) was taken withy = 0.01 and theays were
and Tong [26]. The basic idea in [26] is to make the back-offipdated after 30-50 slots.
mechanism in a node to be a function of the channel state of
that node. The nodes that are to be given priority are given
smaller back-off time. This mechanism has also been used in

X. OPPORTUNISTIC SCHEDULING FOR FADING
CHANNELS: CSMA

—&—T0

IEEE 802.11e to provide priority to voice and video traffic. e —6— Greedy
In this section we take this idea further by also including th < ié?e“iﬁy with Water Filling
effect of queue lengths and power control in deciding the £ A LT T Water Filing
back-off interval as against only the channel state in [26]. P
Let f be a nonincreasing function with values[in 7,,,4.] B 0,
where,,.. 1S the maximum allowed back-off time in slots. %
If i is the channel gain in a slot then in [26] the back-off & ™y
time is taken to bef(h). g

m

o

=]
T

In our setup, to use opportunistic scheduling in CSMA,
we use the above mentioned monotonic functfoon each
of the sensor nodes contending for the channel. Jheses 0lmewpens e
the back off time of

f (gi (hk (2)%)) . (24) Fig. 7. Orthogonal Channels: Symmetric, 3 Queues

When a node gets the channel, it will transmit a complete
packet and use energy per slot as

-k « -k 160f] : &1 ;nen ia‘ ac _'0
Ti(ii) = [BLY (i})) - dl/alii). (15) o B Bt
. . 140 H —— Qur Palicy
Now we are making the usual assumption that the channel —— Our Policy with Waterfiling
gains stay constant during the transmission of a packet. We ™
can use (6) to improve performance. %‘ o)
Using the ideas in the last section we can develop better 2w
algorithms than (14)-(15). Indeed, with (14), instead &)(1 8 .
we can use waterfilling (fog in (3)). We can also improve = ®
over (14) by using, for back-off time ath node, an
o] :
, AElY (i) —e -
(0 o (m@ EE=)) as)
OZ(Z) Dg 002z 004 006 ErDE 01 2 04 0‘16 DIWE DI2 i
which takes care of the traffic requirements of different Mean Arrival Rate

nodes.
We can also use the (modified) Greedy in (12). H{¢)
in the above algorithms will be computed via LMS in (13).
We will compare the performance of these algorithms via For orthogonal channels, under symmetric conditions with
simulations in Section XI. 3 queues, average queue lengths are shown in Fig. 7 for
An advantage of above algorithms over the algorithm3O (11), Greedy (12), TDMA, Greedy with water-filling and
in Section IX are that these are completely decentralize@DMA with water-filling policies. The{h (i), k > 1} areiid
Each node uses only its own queue length, channel stagponential with mean 1. For symmetric conditions, Greedy
and E[Y (i)] to decide when to transmit. The algorithmsis throughput optimal and hence Modified Greedy is not
in Section IX require a central controller (may be a clusimplemented. We see that TDMA becomes unstable much
ter head) for implementation. Centralized algorithms havieefore the other policies, and that its average queue length
also been considered in sensor networks and provide betiemuch worse even when it is stable. Greedy performs better
performance. than TO near the stability boundary which i X] = 0.39.

Fig. 8. CSMA: Mean Delay, Symmetric 10 Queues
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