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Abstract—In this paper, we develop a model to characterize the packets, at the cost of computational overhead. In this
the performance of multihop radio networks in the presence of paper, we present an admission control/routing framework in

energy constraints, and design routing algorithms to optimally \ypich we formulate and solve the problem of energy-aware
utilize the available energy. The energy model allows us to - . .
routing with energy replenishment.

consider different types of energy sources in heterogeneous . . o ]
environments. The proposed algorithm is shown to achieve a  Energy-aware routing has received significant attention over
competitive ratio (i.e., the ratio of the performance of any offline the past few years [4], [5], [6], [7], [8], [9]. In [5], [8],

algorithm that has knowledge of all past and future packet gigorithms have been presented to optimize the lifetime of the

arrivals to the performance of our online algorithm) that is . . .
asymptotically optimal with respect to the number of nodes in network. These algorithms can be viewed as different attempts

the network. The algorithm assumes no statistical information to.clombi”e the key ek?mentls of two basic routing approaches:
on packet arrivals and can easily be incorporated into existing Minimum Energy (ME) routing, which uses the least energy,
routing schemes (e.g., proactive or on-demand methodologies) inand Max-min routing that selects the route with the maximum
a distributed fashion. Simulation results confirm that the algo- pottleneck residual node energy. It is shown through simu-

rithm performs very well in terms of maximizing the throughput : - . . .
of an energy-constrained network. Further, a new threshold- lations in [5] that the algorithm empirically achieves a good

based scheme is proposed to reduce the routing overhead whileCOMpetitive ratio. The definition of competitive ratio will be

incurring only minimum performance degradation. given later. In [9], the authors describe a way to incorporate a
Index Terms— Energy-Aware Routing, Competitive Analysis, simp[e measure of a node’s residual energy into .the node’s_ cost
Mathematical Programming/Optimization, Simulations function in solving the problem of routing multicast circuits
in an energy-limited wireless network. The authors realize the
|. INTRODUCTION potential of developing alternative cost functions and make no

Ad hoc wireless networks have a broad range of applicgl-aim of optimality. In [10], [11], it is shown that shortest path

bility: they can be used to interconnect PCs and laptops if QHting with a cost metric that is an exponential function in

wireless LAN setting, provide the means of communicatiorr"?Sidual energy is optimal in a competitive ratio sense. The

between hand-held devices, as well as enable the transmisSGH" contribution in these works is to show that there is an

of events that are observed by sensor network nodes bacl@‘?@l_()gy between the energy-aware routing proplem and the
quiting of permanent virtual circuits (PVCs) as in [12], and

collection points or data processing centers. The operatior[h h ing f link q
capabilities of such networks are fundamentally limited b at the mapping from per-link resources to per-node resources
es not change the nature of the problem.

the energy available at the nodes (radios) in the network: ) ) S
New and exciting developments in the area of renewable T he intellectual merit of our work lies in the development
sources of energy [1], [2], [3] can be used to replenis‘N

the energy of individual nodes without the need to tether., a mathematical framework that takes into account practi-
them to an electrical outlet. However, energy management cal realities such as energy replenishment, mobility, and
is still very important in such networks since replenishment  erroneous routing information,

rates are typically small, and therefore, the available energy. associated analytical techniques to provide an understand-
is still a bottleneck in being able to successfully transmit ing of the performance benefits that can be achieved
packets through the network. In fact, the introduction of through energy-aware routing, and

renewable energy sources poses new problems in the energy distributed and scalable routing solutions that can be

management of these ad hoc networks. Among other possible tailored to a variety of network topologies, traffic and
techniques for energy conservation, energy-aware routing is mobility patterns.

aimed at choosing the most energy-efficient route to forwaEsiur energy model only assumes that each node in the network

. . _ knows its own short-term energy replenishment schedule. This
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fact adapt to the heterogeneity to do admission control aadding a constant to the link cost at each hop. This is a special
routing in an energy-opportunistic way. This algorithm is decase of our model with,,,,, = constant.

veloped by making connections to routing of permanent virtual We consider a discrete-time system in which each sensor
circuits (PVC) and switched virtual circuits (SVC) in the ATMnode begins with a fully charged battery that has a capacity
(Asynchronous Transfer Mode) literature. This is an onlingf ,,. At the end of each time slat, P, (7) is the residual
algorithm that can be easily implemented in a distributeshergy at node.. Each node falls in one of the two categories
fashion. By “online” we mean the algorithm does not knowepending on whether a renewable energy source is attached
future packet routing requests at decision time. In contrast, @1it. we useV, to denote the set of nodes with energy
offline algorithm knows the arrival times and packet sizes @gplenishment, and/, to denote the set of nodes with no

all the packet routing requests, including those in the futurenergy replenishment.

We show that our algorithm asymptotically achieves the bestat the beginning of time slot-, noden € V, receives

achievable performance of any online algorithm. ~ the energy accumulated due to replenishment in the previous
The rest of this paper is organized as follows. In Section lime slot, represented by(r —1). At all times, the maximum

we formulate the problem of energy-aware routing with energhergy at node: is not allowed to exceed,,.

replenishment, and present our network and energy modelpata packet routing requests arrive to the network sequen-

In Section Il and Section IV, we present our algorithm anﬁla”y the jth of which can be described as:

briefly discuss its implications. In Section V, we discuss

our main result on the competitive ratio of our algorithm. 8(5) = (SG), DG),1(5), T*(j ; 1

We further discuss routing with incremental deployment in () = (5(0), DG)UD, T7(3): p(D)); )

Section VI. Numerical results are provided in Section V“where g

A threshold-based scheme to reduce routing overhead is W&:mest

_sented in S_ection VI, and the_ integration of our algorithrfrs(j) is the arrival time of the request, and finafig;) is the
gto a D?)I(?-Ige oln-((jj_emand roll(mng frameworkd|s_ dlgcus_sed fvenue gained by routing this packet through the network. A
ection IX. Concluding remarks are presented in Section Kequest can be accepted only if there is at least one feasible

path (that is, each node along the path must have at least
Il. PROBLEM FORMULATION I(j)en(R(j)) amount of residual energy) in the system when
e request arrives. If the routing request is accepted and
(j) is the route used to accommodate the request, then

(j) is the source node of thg’th packet routing

D(j) is the destination/(j) is the packet length,

A wireless multi-hop network is described by a directea?1
graph G(V, E), whereV is the set of vertices representin (f)en(R(j)) will be the amount of energy expenditure at

the sensor nodes, arfd is the set of edges representing th%oden if n € R(j). We also assume that the reduction of
- ) ! , .
(r::m'r?huomcg IS%DO:PI;S gfm;aoemn éger:;'e Toa((:jkeestts'n;ltr'?)nsicr::]smigergy is instantaneous for all the nodes along the path since
utti-nop lon-a p u inatl 'e time-scale of energy replenishment is usually much larger

of:nez ct)r rrultlgle edges. . iated with h ed than the time-scale of packet forwarding. In other words, we
‘tuple ( ””'“T”m)_ IS assoclated with - €ach €d9€,55me the delay due to packet transmission, queueing, etc.,
(n,m) € E, wheret,,, is the transmission energy require-

it d d is th i : IS negligible compared to the time it takes to replenish the
ment for hoden andry, 1S the reception energy requwer_nen%nergy consumption of transmitting/receiving one packet.
for node m. More precisely, if a data packet of lengthis

sent directly from node: to nodem, an amount of energy For any noden in V,., the energy model can therefore be

equal tolt,,, will be subtracted from the residual energy Oi,summarlzed by the following equation:
noden, andlr,,, will be subtracted from the residual ener .
of nodem. For simplicity, we assume that the size of a cont%l Po(r) = min(Pu(r = 1) + (7 — 1), un)
packet is negligible compared to the size of a data packet. In —I(an(§)l(4)en(R(5)), ne v,
Section VIII, we consider the impact of routing overhead and
develop a scheme to reduce it. whereI(-) is the indicator function and,,(j) is the event that

We define the unit energy requirement of noden path 4(J) is accepted at, andn € R(j).
R as It is assumed that each node has an accurate estimate

en(R) = roim + ton,¥n € R, of it; own short—term energy replenishment schedule. More
precisely, at time-slotr, node n knows ~,(7),v.(7 +

where nodes»” and n’ are the upstream and downstreamt),...,v.(7,), Where 7, is the earliest time the battery at
neighbors of node: in path R, respectively. For convenience,noden would be fully recharged if no request were accepted at
whenn is a source node, we let,.,, = 0, and whenn is a or after timer. It is worth noting that the,, here is dependent
destination node, we lét,,,, = 0. on the residual energy of nodeat the arrival time of a request.

Often, it is assumed that,,, = 0. Clearly, this is a In practice, this type of short-term prediction can be easily
special case of our model. However, studies on short-rangeplemented.
communication with low radiation power show that the trans- We also assume that, is finite for n € V.. More
mission and reception energy costs are often the same [I1}jecifically, we denotd” < oo as an upper bound on the
We can incorporate this in our model by letting,, = r,.,. time it takes to fully charge the empty battery at any given
Alternatively, in [4], the reception energy cost is captured byoden € V.



For any noder in V,,, sincevy(7) = 0, it is evident that the [(j)e, (R(j)) is the energy requirement for packeof length

corresponding energy model can be written as: I(7), and p is an appropriately chosen constant. Note that
. ) ) since we have assumed thgt = ¢, v, > 0,Vn. The hybrid
Po(7) = Po(7 = 1) = I{an(7))1(7)en(R(7)); nE€Vp-  case where some nodes may have no energy replenishment is
Our goal is to maximize the totakvenueover some finite addressed in Section IV. .
horizon [0, ¢]; As in a typical weighted shortest path routing, the cost as-
sociated withR when considering requegt(j) will therefore
Jei= Y p(i)I(a(h)), (2) be calculated as:
L ) _
7 g s k) Costz(j) = 3 Culj. R)
wherea(j) is the event thati(j) is accepted, and(¢) is the nER

index of the last arrival in the time horizon, or equivalently, Our proposed algorithm can be described as follow:
k(t) is the total number of arrivals in the time interval ¢].

We briefly comment on the choice of the revenue of tHe E-WME (Energy-opportunistic Weighted Minimum En-

packet,p(j), in the above formulation: ergy) Algorithm
o If p(j) = 1, then J; is simply the total throughput in  For an incoming routing requegt check if the least-cost
[0,¢]. route R from S(j) to D(j) satisfies

« If different packets have different priorities, then this . p
can be reflected in the above formulation by choosing Costa(j) < p(J)- ()
different values ofp(-) for different packets. A larger If yes, accept the request and route the packet on the least-
value of p would then indicate a packet of high priority.cost route.

« Since the work of Gupta and Kumar [14], a new metric Otherwise reject the request.

(bit-meters per sec.) that combines throughput as well as
the distance traversed by a bit has become popular. ThisRemark:The E-WME algorithm presented hérkas prov-

can also be incorporated in our model by simply choosirably good performance (because the cost function has been
p(j) to be proportional to the distance betwe®{y) and appropriately chosen) in the sense that it can secure a relatively

D(j). large amount of revenue without any statistical information

about the routing requests. This point will be further discussed

I1l. ALGORITHM FOR THE CASE OF CONSTANT when presenting our main result using competitive analysis
REPLENISHMENT RATE in Section V. Moreover, this algorithm requires only local

To succinctly highlight the main attributes of our solutioninformmon at each node and can be easily incorporated in
y highlig raditional distance-vector type of routing framework in a

in this section, we describe our algorithm for the case when the

rate of energy replenishment is constant (in time) at each nocJStribUted fashion. For DSR-like mobile ad hoc on-demand
gy rep ro%ting protocols, we have also designed a distributed algo-

(although different nodes can ha_ve dlff_eren_t replenlshmerri}thm using our proposed metric to render them energy-aware.
rates). We also assunig, = ¢ in this section, i.e., all nodes

have non-zero energy replenishment rate. The solution to t s will be further discussed in Section IX.
gy Tep o ) Before delving into our results from competitive analysis,
more general case will be presented in the next section.

T . ) . it is more interesting to first look at the cost metric defined in
The basic idea of our algorithm is to assign a cost to ea g

T ; L . , and to intuitively understand why this algorithm results in
node, which is an exponential function in its residual ener bod performance:
and then use shortest-path routing with respect to this metric. i . .
1) Note that the metric in our E-WME algorithm for each

To account for the timing relationship between the energy de | il f . £ th dal idual
consumption and replenishment, we also need to measure the node IS an.exponentlg unction of the nodal residua
energy, a linear function of the transmit and receive

impact of previously accepted requests. To this end, we define ) ) ) .
energies, and an inversely linear function of the re-

the power depletion indeX,,(j) of noden as ; . )
plenishment rate. So E-WME provides us with a clear
An(j) = uy — Py (4) 3) guideline of how to balance the importance of residual
Up, ’ energy (related to load balancing), the transmit and
receive energies (related to resource thriftiness), and the
quality of the replenishment.
) If we assume that the nodes have the same energy re-

plenishment process, e.g., all have the same constant rate

where P/ (j) is the energy at node right before considering
request j. We will show in Sections IV and V that the
appropriate cost metri€',, associated with each node is given 2

by: Y of replenishment, the cost function (4) can be viewed as
Cn(j, R) = ——— (™D — 1)i(f)en(R()),  (4) combining elements of the so-called Minimum Energy

Vo log (ME) and Max-Min approaches, similar to ideas in [10],

where we recall thaR? is a path from source to destination, [11]. Suppose that there are two identical parallel links

u, is the battery capacity of node, ~, is the rate of

energy replenishment,(j) is the fraction Qf the Maximum  1pore precisely with the cost function given in (6) and (7) from Section
storable energy used up at nodevhen considering requegt Iv.



whose transmission and reception nodes have the saméact, \,, (4, 7) is the fraction of the energy consumed due to
residual energies, then the one with the smaller link3(1),5(2),...,6(j — 1)} at noden, as measured at time
energy cost will be selected. Thus, it resembles the MEote that new routing requests (with index greater thanl))
algorithm in this case. On the other hand, if there is @an arrive at or before time, but their energy consumption
choice between two nodes whose link energy costs asél not be included in the calculation of,,(j, 7). There are
the same, the algorithm will choose the node with thiaree cases in the above definition:

larger residual energy. This behavior is similar to the , > 7 (;): By the definition of#, (j), A, (j, 7) should be
Max-min approach. zero at or after time?,, (5).

3) In an environment where the rates of energy replen-, 7s(j — 1) < 7 < 7,(j): In this case, part of the energy
ishment are heterogeneous, by using the cost function consumption has been restored.

(4), the network automatically directs traffic to nodes , - < 7s(j — 1): In this case, the time-slot is before
with a faster energy renewal rate. Consider a set of the arrival time of requestj — 1), hence, it is almost
nodes with similar residual energy as well as similar  meaningless to talk about the energy consumption of
link transmission and reception energy requirements. {3(1) 3(2),...,(j — 1)} at time 7. For preciseness,
Of these nodes, the ones which can replenish their e define),(j,7) in this case to be\,(k., ), where

batteries at a higher rate will advertise a cheaper cost. _ is the largest request indek such that\,(j, 7) is

For instance, in a sensor network powered by solar cells, “meaningful”.

nodes receiving more sunlight will forward more data

packets. P (0
4) Note that even though,, is in the numerator in (4),it .|

does not imply that nodes with larger battery capacity ' ]

are assigned a higher cost. The reason isdhat also

embedded in the exponential cost metric singé¢;j) = ntd)

1 Pl where P/ (j) is the residual energy at node

u 1

when Eonsidering requegt

IV. E-WME ALGORITHM FOR THE GENERAL CASE

In this section, we present the E-WME algorithm that allows
a time-varying replenishment rate at each node. This algorithm
can be applied to a hybrid network where nodes with and T°G-0 T 0 t
without renewable energy sources are both present.
For any node: with renewable energy sourcee., n € V., Fig. 1. The amount of energy at nodeassuming that no request is accepted
; . . after requestyj — 1)
we begin by defining a set of parameters to describe the effect
of previously accepted routing requests when considering the
new request(j). More specifically, letAt,, () be the amount ~ Figure 1 shows the amount of energy at nedassuming
of time it takes for the incoming energy, accumulated frofat no request is accepted after requgst 1). In reality, it
time slot7(j—1), to equak,, — P, (T*(j—1)). As mentioned is conceivable that only a fraction of the last replenishment is
in Section Il, we then define received by the node, due to limited battery capacity. This is
.. o ) taken into account in the definition of,(j, 7).
() =T°0 = 1) + Atn(y). For any noden with no renewable en(erg3)/ sourdee., n €
7.(7) is the earliest time the battery at nodevould be fully V}, the power depletion index,,(j) is defined as
recharged if no request were accepted after regyjestl). It Po(T*(j) — 1)

can also be written as: An(f)=1- ” :
T—1 "
() = _min |7 Z Y (t) > (=P (T4 (j—1)))]. Wher_ePn_(TS(j) — 1) is the residual energy at nodeyvhen
2T (j=1) t=T5(j—1) considering requegt As excepteda,,(j) is not a function of

g]e-slotf.

To characterize the energy consumption due to revioEl i . .
gy P P We now define our routing metric used on each node as:

packets, we define the new power depletion indexj, )

as Cn(J, R)
An(d;7) _ ] RGO = DiGen(B()). n € Vi g
0, 72 7(j), T(p*9 — D)i(j)en(R()), n eV,
)\’I’L k-,—, T), T < T°(5 — 1 ) . . .
= ( )T_l G=1 where 1 is a constant to be defined later, afdis a path
un—Pn(T°(G-1))= > ()

=501 from S(j) to D(j). We recall thatl’ < co as an upper bound

Un ’ on the time it takes to fully charge the empty battery at any
where given noden € V,.. The main change in the definition of
kr =max[j : T°(j — 1) <7]. the node cost metric fon € V, is to take into account the

otherwise,



replenishment schedule in the immediate future. Again, tlsensidering request Putting (8) and (9) into (6) gives

cost associated wittR when considering requegt(;) will An(i)—1

therefore be calculated as: Co(j,R) = Z 1(j)en(R) (07 — 1)
. T=1"(5)
Costr(j) = D Culj, R) 7 BEO L )
neR = l(J)en(R) a — - = nJ
1—p wn Y

The E-WME algorithm is the same as that given in Secs

. . . . Note thatpy=™ =~ 1 — zlogu, when0 < z < 1. Using
tion I, with the cost function given by (6) and (7). this approximation and (3), the cost function can be further

Remarks:It is worth noting that the admission control Ofsimplified:
routing requests is done in an energy-opportunistic fashion. _
Again, we turn to the example of a sensor network powered ¢ (5, R) ~ l(7)en(R)un @An(j) —1-\n(j) log M) (10)
by solar cells. Let us assume that a request arrives at the Yn log p
network right after sunset. Recall our assumption that each - LG)en(R)un (UA,L(J‘) _1) (11)
node knows its short-term energy replenishment schedule. At Y log 1 '
this moment, each node knows that the energy replenishmeqg |ast approximation is true sindg (j) is not close to zero
rate will be much smaller for the several hours to come. (léhdu = 1.
practice, this type of knowledge can be gained by evaluating
the energy replenishment schedule over the past few days.) v/ AsyMPTOTIC OPTIMALITY OF THE E-WME
The7,(-) calculated will then be relatively large, so the cost of ALGORITHM
routing the packet will be higher than that during the daytime. . . .
As cogr]nparepd to its daytimeg policy, the networl? is thusymor_e In this section, we show that the algorithms presented

conservative in accepting the request, which is precisely wHBt Secttui_n II:I antc_i Sle ction lt\'i' are tf)nl'_lr_f algorltllrwt”_ns W'tth
the network should do in this particular scenario. asymptotically optimal competitive ratio. The competitive ratio

, i is defined as
In a hybrid network where both kinds of nodes are present,
) . . Jt off
we look at two nodes: one with energy replenishment and sup sup 2
one without. Assuming that they both have the same residual t all input Jt,on
energy and that the routing request takes the same commu- sequences im,¢

nication costs from them, it is clear that the cost metric f%here Ji off is the performance achievable by any offline
o]

the nqde with energy replenishment is smaller. Therefore, tqr@orithm’ and.J; on is the performance of the given online
node is more likely to be used than the one without energyyqrithm where the performance is defined in equation (2). A
replenishment. competitive ratio of- means that the performance of the online
In a network where there are only nodes with energy algorithm is at least /r that of any offline algorithm. In other
replenishmentthe modified E-WME algorithm reduces natuwords, a smaller competitive ratio means better performance.
rally to the algorithm presented in [10], [11]. We need the following two assumptions:
The cost function (6) is more complicated than that of tanll p(j) F Vn € R(j), and

h 1
constant rate case (4). Nevertheless, it corresponds to a si pe) = L 1(j)en(R(H)T =5
u

sum th_a_t can gasily pe cc_)mputed at each node. _Further, from) 1(5)e, (R()) < 7 vn € R(j),
an intuitive point of view, it still carries all the merits that we . log 1 ' '
discussed in Section lII. where R(j) is the path chosen by either the online or the

%Ffline algorithm to route3(j), L is the maximum hop count
allowed for any pathF' is a constant chosen large enough to
r:f@tisfy (A1), T < oo, as defined before, is an upper bound
on the time it takes to fully charge the empty battery at any
given noden € V., andpu = 2(LFT + 1). Assumption
(A1) requires that the revenue from a packet scales with the
amount of resource it requests. This is quite reasonable and
certainly agrees with the definition of revenue as throughput
or weighted throughput. Assumption (A2) guarantees that
un, — PL(5) = (Fn(G) — T° ()Y, (8) the energy claimed by a packet is not larger than a certain
fraction of the total energy available at any single node. These
assumptions are modifications of the assumptions in [12] and
take into account some crucial differences that we will discuss
MG ) = n ’ ) shortly. _ _
Unp, Under assumptions (Al) and (A2), we have the following
theorem. We prove this theorem for the E-WME algorithm
where we recall that’/ (5) is the node energy right beforein the general case using the cost function given by (6). A

Note that the cost function (4) for the case when the rate
energy replenishment is constant in time, ig.(7) = v,, can
be approximated directly from the more general cost met
(6) when the node energy level is not full or close to full.

Consider the case wherg, # 0. Since noden does not
have a full battery upon the arrival of(j), and by the
definition of 7,,, we have

and




similar result can be proven using the cost function (4) fane or more nodes are deployed. It is assumed that the online

the special case with constant energy replenishment. algorithm does not know the time at which each phase takes
place until it actual happens.

Theorem 1:(Asymptotic Optimality of the E-WME Al- An interesting question we attempt to answer here is how

gorithm) a good routing algorithm should behave with an incremental

(A) The E-WME algorithm has a competitive ratio uppegieployment of nodes. To approach this question, we first look
bounded byO(log(|V|)), where|V] is the number of nodes at the performance of the Minimum Energy (ME) routing and

in the network. _ . . ‘Max-min routing in this context.
(B) The competitive ratio of any online routing scheme is , , L
lower bounded by2(log |V'|). « Since the ME algorithm uses communication cost only,

From (A) and (B), our algorithm is asymptotically optimal. It may not be able to utilize the energy in some of the
newly arrived nodes.
Proof of Theorem 1Please refer to the Appendix for the proof. * The Max-min algorithm strives to protect the nodes that
There are some similarities between SVC routing in the &re low in energy at the cost of more energy spent per
ATM literature [12] and our algorithm. However, our algorithm ~ Packet. This kind of protection may not be necessary.
and proof have several crucial differences that we note below. Since there may be more nodes coming to hele |_n”the
1) The replenishment of energy, or the release of resources [UtUre, it may be desirable to have some nodes “die” to
in our case is a per-node activity, while it is a per-request  S&ve 0N communication energy per packet.
activity in the routing SVC case. As we can see from the above simple analysis, with
2) The release of resources in our system is throughirgremental deployment of nodes, we again need to strike
replenishmenprocesswhile the bandwidth occupied by the right balance between these two approaches, among other
a SVC is released at the end of the connection. things. In fact, in the following theorem, we show that the
3) The SVC case is a typical loss system where there &eWME algorithm works well without any modification:
multiple servers with no waiting room. In our system,

each node can be viewed as an energy queue where th¢heorem 2:(Asymptotic Optimality of the E-WME Al-
workload is the energy to replenish and the battery {gyithm in Networks with Incremental Deployment)
the buffer. As a result, the limits of the summation over (A) With unknown incremental deployments, the E-

time in the cost metric equation (6) actually depend AmE algorithm has a competitive ratio upper bounded by

the residual energy seen by an ingoming request. In tEﬁlog(\VD), where|V| is the maximum number of nodes in
SVC case, the summation over time depends only e network

the holding time of the incoming request itself. . : .
4) The hybrid network model we have in this paper al: (B) With unknown incremental deployments, the competi-

. tive ratio of any online routing scheme is lower bounded by
lows the co-existence of renewable resources and nqn-

renewable resources. Routing in this context has nopogW')' ) . , ,
been discussed previously in the related literature. From (A) and (B), our algorithm is asymptotically optimal.
In the Appendix, we prove the above main result usinﬁ _
techniques developed for the SVC case while taking infg©Of of Thgorem 2: _ _ S _
account the crucial differences between the two scenariosThe detailed proof is omitted since it is a straightforward

described above. extension of the proof of Theorem 1. The intuition required

to prove the logarithmic competitive ratio is to duplicate the

VI. ROUTING WITH INCREMENTAL DEPLOYMENT OF network in time, and then use the result from the PVC case.
NODES Here, the same idea applies, except that the size of the network

In a wireless sensor network, due to cost or technic&®n now increase over time. Fortunately, this does not bring
considerations, deploying nodes adaptively and incrementafigfditional complexity to the proof. We provide the following
can result in significant improvement of network performancenline technical report for details [15]. In constructing the
For networks of sensor nodes without the support of energgduest sequence for the proof of the lower bound, we can
replenishment (e.g., solar cells), incremental deployment @gsume the first request arrives only after all the nodes are de-
nodes, as an alternative way to replenish the in-network energl@yed. The proof then follows that of part (B) of Theorem 1.
is almost mandatory. Even for networks with nodal energy u
replenishment, the failure of the electronic devices at nodes,The above theorem shows that the E-WME algorithm can
as well as the potentially unpredictable number of monitoredake good use of the available energy at any time to pro-
events, makes it desirable to have the ability to depldgng network lifetime, without any knowledge of future node
(possibly more powerful) nodes in an incremental fashiodeployments. Intuitively, one would expect this result to be
Furthermore, using incremental deployment, it is easier taue because, as mentioned before, the incremental deployment
determine and deploy the right amount of sensors, e.g.,dbnodes can be viewed as a way to add to the in-network
reach a certain degree of connectivity and coverage. energy. By defining the cost metric as an exponential function

In the following discussion, we assume that the incremental node residual energy, the E-WME routing is capable of
deployment scheme consists of multiple phases. In each phasasely adapting to these changes in network energy profile.



VIl. NUMERICAL RESULTS the optimality of our algorithm has been established assuming

We now describe the results from our simulations. For ogfimission control. However, since most prior algorithms that
simulations, we randomly depl®00 nodes on a0 x 10 field. We compare E-WME to do not use admission control, we

All nodes have an initial energy df The energy consumption decided not to use admission control for E-WME, but only
to send a unit packet directly i&d3 , whered,,, is the Use the E-WME cost metric for shortest path routing to obtain

nm?

distance between two nodes afd = 10~% is a constant. @ fair comparison with other algorithms.
Packet lengths are all00. The constantk, as well as the

packet lengths, is chosen in such a way that the energy required 9000}
to transmit a packet is only a small fraction of the total

Comparison of Total Throughput

available energy at a node. There is a link between node 7000 :;NME
and m if and only if (a) the distance between them is less 6000"
than or equal to the maximum transmission range of a node 5000/ ME

Max-min zPmin

CMMB:! —_—

and (b) noden has enough energy to transmit a packet from
n to m directly. The maximum transmission rarge 3. For
each routing request, the source-destination pair is randomly
selected among all the nodes (we have obtained similar results
when packets are directed to a single node, such as data Max—min
collection center in a sensor network. See Section VIII for 0 200 400 600 800 1000

. . . Accumulated Node Partition
such an example). Each node is responsible for generating
Its own paCke_tS as well as forwarding packets for othefsg 2 Throughput comparison of E-WME to other schemes
Energy replenishment processes at the nodes are assumed to

bei.i.d. random processes. The average replenishment rate olf:, 5 h he th h . b £
half of the nodes is 3 times greater than the other half. At igure 2 shows the throughput comparison between our E-

each time slot, the amount of energy that a node recei E algorit'hm and other rout'ing algorithms in t.he literature.
is uniformly distributed over intervalf), 49| or [0, 4], where hese allgorlthms can b_e put into .tr'\ree categories: _
4 =1.875 x 1075. « Basic approaches include minimum energy routing and
Even though our algorithm attempts to maximize the rey- Max-min routing [13] (See Section | for a brief descrip-
enue of the network, to illustrate that the algorithm also has ~tion of these two algorithms).
good performance under other metrics, we also use the oft* APproaches based on dynamic weighted shortest path
used notion of lifetime to compare our algorithm with other ~ include Broadcast Incremental Power (BIP) [9], Maxi-
algorithms. Specifically, we say thatpartition has occurred mum Battery Capacity (MBC) [7], and E-WME. For BIP,
for a node pair if there is no path between the nodes with We vary parametes in the suggested range.5, 2] [9]
sufficient energy to route a packet. The above definition leaves a@nd the result reported in Figure 2 is the case when the
the definition of network lifetime “open.” Lifetime could then ~ throughput peaks witl# = 1.0. Similarly, for MBC, we
be defined as the time that it takes for a certain fraction of the T€POrt the case with the quadratic model [7]. _
node pairs to experience partition. We believe a good definitions Other approaches include Max-min Battery Capacity
of network lifetime is strongly application-dependent. Some ~ Routing (CMMBCR) [8] and Max-minz Py, routing
applications may require that all nodes stay connected at any [2]- The reported result for Max-min P,,,;,, routing is
given time, as in the traditional ad hoc computer networks. the case when the maximum throughput is observed with
In that case, the throughput until the first node down time the parameter = 2.0.
will be a good candidate for the network lifetime. In the case It can be seen that E-WME always has better throughput
where nodes are densely deployed, losing connectivity ath@n the other routing algorithnisThe two main reasons
few nodes may not pose great danger to the health of & that E-WME is optimal in the sense of minimizing the
network. To take into the many possible definitions of lifetimeompetitive ratio, and that it strikes the right balance between
we plot the end-to-end throughput against the number of nogving communication cost and distributing the load.
pairs that have experienced partition. For example, a pointFigure 3 depicts the node energy distribution after 4200
(500,5000) would mean that;000 packets were delivered successful end-to-end packet deliveries. This corresponds ap-
between the randomly chosen source-destination pairs by Bieximately to the time-instance at which the first node
time 500 packets were dropped by the network because thdtrtition takes place in E-WME (see Figure 2). It is clear that
was not sufficient energy to transmit the packets. Of courdge network with the ME or the Max-min algorithm has many

since we allow energy replenishment, a partitioned node-p&iere nodes with low energy levels (the “crosses” correspond
could regain its connectivity later on. to nodes with less than 5% of their battery capacity, while

In our simulations, we do not allow rejection of packetscircles” correspond to nodes with greater than 5% of their

Note that this, in fact, handicaps the E-WME algorithm sindeattery capacity). The reason for the poor performance of the
ME algorithm is its failure to load-balance between the nodes.

3000y, —

Total Throughput Before N-th Partition

2The selection of maximum transmission range by itself is an interesting
problem. Here, we just choose a value so that any two nodes are initially’In fact the improvement in using E-WME will even be larger if replen-
connected to each other in a multi-hop fashion. ishment rates chosen are higher.
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The reason for the poor performance of the Max-min algorlth'ﬁ_ng 5. Throughput comparison of Minimum Energy routing and E-WME
is its failure to consider transmit and receive energies, whiglth different amounts of overhead

leads to routes with only a few hops and very large average

energy expenditure per packet.

the residual energy at a node passes some preset threshold.
Intuitively, thresholds should be more finely tuned in nodes
that are closer to energy depletion (so that these nodes can
be avoided, if possible). Towards this end, we define a set of
thresholds

| e o
P N W o

T(i):logug i=1,2,..., M.

After forwarding a packet, each node will check its fractional
residual energy. If one or more thresholds is crossed, the node
will then initiate an update.

This threshold-based scheme chooses the right moment to
initiate updating. It is clear that an error term will appear in the
cost metric since we are not using the most up-to-date node
Fig. 4. Comparison of energy spent per packet between E-WME and tgpergy information. However, it can be easily shown that, as
greedy approach (ME) long as no threshold has been passed since the last update, the

error in the per-node cost is upper boundedty/M, where

The ME routing is a greedy approach in terms of saving is a constant with respect to node energy. A set of equally
energy on each routing request. Compared to E-WME, sugpaced thresholds, on the other hand, will have a much larger
a myopic scheme can end up costing more in the long rugrror when the node residual energy is low. We provide the
Figure 4 shows the energy spent per packet (averaged olglowing online technical report for details [15].
every 500 packets and normalized to the mean energy inOur routing algorithm can therefore adapt to different traffic
the ME case) for E-WME and ME routing. The averagpatterns. A heavily loaded network does more updating. In a
energy per packet starts at a relatively low level for the MBetwork where different types of low-duty cycle traffic patterns
routing. Without load balancing, the residual energy runs oate possible, this routing algorithm self tunes accordingly. This
faster at the critical nodes, e.g., the nodes near the centeccafi result in order of magnitude reduction in routing overhead,
the network, which leads to possible disconnections in tlad incur only minimal degradation in performance.
network. Hence, as more requests are routed, the averag®imulation results in Figure 5 show that a four-threshold
energy cost quickly increases, and eventually exceeds gwheme has performance close to that of the ideal algorithm.
average energy cost for the E-WME case. The latter, on tfle the ideal case updating is done upon every change in
other hand, remains relatively steady over time. Although t@dal energy and the energy for exchanging updates is totally
average energy spent per packet is not our optimization gaoaimitted.) It is assumed in this set of simulations that the energy
this figure does offer some explanation for why the E-WMB&t each node is non-renewable. For each routing request, the
algorithm outperforms greedy approaches such as the M@urce node is randomly chosen and the destination is a
routing. common data collection gateway at the center of the field.

When nodes are mobile, the routing overhead can be further
VIIl. REDUCING ROUTING OVERHEAD reduced by using an on-demand routing scheme. We will

The proposed algorithm relies on instantaneous nodal inf@iSCuss this in the following section.
mation, so that changes in the energy level at each node have to
be instantaneously communicated to other nodes. In practice, IX. ON-DEMAND ROUTING
this load balancing need not be carried out frequently. OurWhen ad hoc network nodes are highly mobile, a proactive
approach is as follows: routing updates are only initiated whelistance-vector implementation could lead to a large amount
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o o
o © P

o
3

0 1000 2000 3000 4000
Successful End-to—end Packet Delivery

5000



of overhead. In a mobile environment, on-demand routing Note that the cost function (6) is path-dependent: the same
protocols, e.g., Dynamic Source Routing (DSR) [16], hawsode can have different costs depending on its upstream and
the potential of reducing routing overhead, since there is downstream neighbors in the path. In the route discovery
need to constantly update the routing tables. Ideally, routipgocess of DSR, when an intermediate node propagates the
should be tailored for different degrees of mobility. Proagoute request packet, there can be more than one possible next
tive routing should be used in a low mobility environmenthop, since the path is not finalized yet. Because the E-WME
while on-demand routing should be used in a high mobilityetric dictates the delay at each node in the above algorithm,
environment. Given our proposed dynamic routing frameworit, is then impossible to have a single delay value for each
an interesting question is the following: can we design r@gode. To solve this problem, in our algorithm, we calculate
distributed algorithm to integrate E-WME into an on-demantte cost of dink (n,m) as follows:
routing framework? ¢ r

The difficulty lies primarily in the route discovery process. Crm(j) = Pni(m.)cn(j’ R) + %Cm(% R),
Here, we would like to use the E-WME routing metric, and n\J emiJ o
at the same time incur only a minimum amount of routinynere we recall that,,,, andr,,, are the transmission and
overhead. We propose the following approach to translate fif¢eption energy requirement of a unit packet for node
E-WME cost metric linearly to waiting time, and forward only2nd nodem, respectively. Note that the link cost,,.(j)
the best metric based on ideas in [5]. calculated this way is independent of the path that the link

The algorithm for the route discovery process is given &in. ) . i
follows. For simplicity of presentation, we assume that the 1he following theorem shows the above algorithm finds

intermediate nodes do not know a path to the destinatidR€ correct E-WME path with little communication overhead.
Let M, be the E-WME metric associated with the best _ o .
path (currently known to node) from the source to node 1heorem 3:(Validity of the Energy-Aware Route Discov-

n, and Mpacketbe associated with a route request packeily Algorithm)

representing the E-WME metric of the best path discovered sol '€ €nergy-aware route discovery algorithm finds the

far. Let§ be an appropriately chosen small positive constariiortest path with respect to the E-WME metric with no more
than |V| transmissions in total.

Energy-Aware Route Discovery Algorithm

1) Each node: calculates the E-WME cost metric,,,, on
each of itsincominglinks from local communication.
M, is initialized to beco for all nodes.

Proof of Theorem 3For part 3c of the algorithm, it is clear that
each node in the network transmits at most one route request
packet for each round of the route discovery process. Therefore

o . no more thanV| route request packets are transmitted in total.
2) The source nodé initiates route discovery by broad- V] d b

. . . ... _To prove that the algorithm finds the correct shortest path,
casting a route request packet with source identification b g P

e show that each node knows the shortest path from source
S, destination identificatiorD, a unique request packet P

: . . : node S to itself when its timer expires. (Note that all the
identificationi, cost met”CMpacket: 0, and the time- P (

“shortest” paths mentioned in this proof are with respect to
stampTh. the E-WME metric.) Leth be the hop count of the shortest
3) For any other node, path from the source nodg to noden. We prove this result
a) upon receiving a route request packet, upddie py induction overh as follows:

by ) 1) If h =1, from part 2 in the algorithm, it is clear that
M, = min(Mp, Cpn JFMpackef- noden gets the shortest path from source ndflgo
b) If M, = Cpun + Mpacket compute the delag, itself when its timer expires.
as 2) Letus assume that any node with= k gets the shortest
Ty =6 x M,, path from source nod§ to itself when its timer expires.
For any node: with h = k + 1, the shortest patig,,
and set the timer to expire at tinfé, +7,,). Can- from S to n consists of the short patiRg,, from S
cel any timer that was set to expire aftét+7, ), to a nodem and the link(m,n), where nodem is a
and is associated with the route discovery initiated neighbor of noden. Since Rg,, is a path withk hops,
by nodeS with the same request id. nodem sends the correct routing update to nedehen
¢) Upon expiration of the timer, if node is not the the timer of noden expires. SinceRg,, is the “shortest”
destination, it propagates the routing request by  path, the delay calculated for this path is the smallest.
settingMpaCket: M,, and appending its own ID This has two implications: on the one hand, no timer of
to the source route list in the packet. Otherwise noden can expire before this timer, which implies the
(noden is the destinationD), it transmits a route update from noden is not ignored; on the other hand,
reply packet back to the source by reversing the  the update sent out when this timer expires carries the
route. In both cases, node ignores any further path Rs, as well as the correct E-WME metric. ®
route request packet initiated by nodewith the |n the above theorem, the delay due to queueing and MAC
same request id. contention, etc., is ignored. By choosing a large enough

0, we can ensure that the algorithm is still correct in the
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presence of such delay [5]. Using the above approach, ealso introduced to reduce routing overhead while incurring
can reduce the overhead at the cost of a larger delay in rootmimum performance degradation.

discovery. Meanwhile, other features of on-demand routing, The following are possible directions for future work. The
e.g., detecting a change in network topology, time to keagrength of the competitive analysis lies in the fact that no

routes in cache, etc., are not affected. statistical information on packet arrivals is assumed. This,
however, can lead to conservative results since the focus is in

1200 Compafso” of Total Throughput the worst case. In multi-hop networks, some information about
oo the packet arrival pattern may be known in advance, or through
1100} “\ apoaasI0ea0ESteRssEoasEoatsons | adaptive learning. Taking advantage of such knowledge, i.e.,

1000( | ] routing with a certain amount of known statistical information,

| ] may help develop algorithms for these scenarios.

i In addition to taking energy considerations into account, our
I ] routing decisions should also take into account different chan-
L ] nel conditions, especially in a wireless environment. The goal
! | will be to develop optimal opportunistic routing algorithms

that favor good channel conditions in order to minimize packet
10 20 30 20 retransmissions, and thus avoid unnecessary wastage of battery
Accumulated Node Partition resources.
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Fig. 6. Throughput comparison of energy-aware DSR and original DSR
APPENDIX

We have implemented the above energy-aware route disc&oof of Theorem 1:
ery algorithm using th@s-2simulator [17]. In our simulation, ~ (A) We outline the proof as follows. We first establish the
we use the 802.11 MAC layer implementedris-2. There are relationship between/on, the secured revenue of the online
50 nodes randomly deployed in the sensor field. Their mobiliglgorithm, and the residual energy in the network (Please refer
is captured by the Random Way Point model with an averatfe Inequality (18)). We then show thdtp¢ — Jon), the
moving speed 0f.0 m/s and a pause time af00 seconds. additional revenue gained by the offline algorithm is upper-
In Figure 6, we show the performance comparison of twepunded by a function of the residual energy (Please refer
versions of DSR, one with the energy-aware route discovely Inequality (19)). It follows that the ratio of¢ to Jon
mechanism and one without. (We have carried out extensi$eupper-bounded by a logarithmic function in the number of
simulations with different node speeds and/or different traffiiodes in the network.
patterns. What is reported in Figure 6 is typical in our simu- Throughout the proof, for notational convenience, let
lations.) It can be seen from the figure that the energy-aware . . . .
DSR has better throughput performance. We assume in these Br(j) = R(G) O Vi, and i5,(j) = R(7) NVy
simulations uniform transmission and reception power becausgnote the sets of renewable and non-renewable nodes used to
the underlying MAC layer assumes symmetric connectiviticcommodate request respectively.
Otherwise the gain would be more significant. Nevertheless,We begin by proving the following useful results. First,
the point we are trying to make here is that the idea of delaye consider a nodes V,. Let A be the set of requests
based route discovery has provably bounded overhead, andc¢epted by the E-WME algorithm, akdbe the index of the
works in an actual on-demand routing framework. last request. Given a node € V,, a time slotr, and any

function f,,(-), we have
X. CONCLUSIONS

In this work, we address the problem of energy-aware > {fn(An(i+1,7) = fu(An(5, 7))}
routing with distributed energy replenishment. We formulate ngf)fg:i’;:((f;;rl)
the problem as an integrated admission control and routing o
framework by appealing to ideas from PVC/SVC routing in _ A+ 1.7)) — £ (N (7 7)Y 12
the ATM literature. The energy model in this framework allows ;{f"( W+ LD) = faalGim)} - (12)

vastly different energy sources in heterogeneous environments. . ) .

We have shown that our E-WME algorithm has an asymp- We consider the following three.cases whose union corre-
totically optimal competitive ratio, which suggests that i§PONds to the complement of the index &&t, = {j € A :
practice this algorithm can lead to significant improvements< R(G),T°(G) <7 <7(G+1)}n eV

in the performance of the network. The algorithm is easy to1) if j ¢ A, or j € A butn ¢ R(j), the load created by
implement: it requires local short-term energy replenishment the firstj requests is the same as the fifgt- 1) ones,
information and assumes no knowledge about the statistical since thejth request has no impact on the energy of
information on the packet arrivals. The algorithm can be seam- noden at timer. It follows that A\(j + 1,7) = A(4, 7).
lessly integrated with distance-vector-like proactive routing 2) If 7 > 7,(j + 1), then the energy consumed by the first
protocols, and with minor modifications, can also be integrated  j requests is fully recharged at time It follows that
with on-demand routing protocols. A threshold-based scheme A(j + 1,7) = A(j,7) = 0.
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3) If + < T5(j), then A(j + 1,7) = A(j,7), by the st , ,
definition of A(j, 7). <> 3 Y (WM —1)i)en(R()) log

In the above three caseg,(\.(j + 1,7)) = fn(A(J, 7)) JjeAneR (I 7=T"(4)

always holds since\(j + 1,7) = A(j, 7). In other words, for (i +1)-1
any index;j satisfying any of the above three conditions, or + Y en(R() logp - (16)
equivalentlyj ¢ U, -, the corresponding term in the right hand T=T"(j)

side of Equation (12) gives no contribution to the sum. Hence,

we can calculate the summation according to a smaller set 0fq; the nodes without renewable energy sources, from (13),
indices, as indicated by the left hand side of Equation (12), simpler result [10], [11] holds in the following form:
Similarly, for any noden € V,, we have the following

result: Z T A(EA1) n
DR ACHEER B e P
JeAmet) < 35 IO — 1i()en(RG)) log s
— Fan(G+1) = faXn(G)}. (13) JEANER, ()
;{ Onlg 1) eI} +l(j)en(R(5))log pu} (17)

We are now ready to derive the relationship between the
residual energy and the revenue secured by the online algocombining (16) and (17), and using the fact thiHy) is

rithm. accepted and part of assumption (A1), it follows that
For anyj € A, n € R,(j), andr satisfyingT*(j) < 7 <
7n(d)s An (k+1,7) An (k41
) ) Uy (7 T —1) + Tun(p n(k) 1)
Yol 7) = un{(p U — 1) — (0T — 1)} n;/} zT: ngp
N A"(j77)+l('j)ezflR('j)) _ An(4,7)
= (s ) < ¥ togu { Costal) + LT mx [17)en(()] |
. An(5,7) L@en (R(5)) _ . neR(j)
- Un b (.u un 1) jeA
Mo (G7) (o L2 (RGN (o0,
= O ), < Y towu{pti) + L7 mx 1G)en (R0
Since2® — 1 < x for z € [0, 1] and using (A2), we have JEA !
L 1(f)en(R(j < log 1t {p(j) + p(4)}
Y, (j,7) < unﬂx\n(J,T)M log 11 j;A
< (U~ DiG)en (R log < 2 2el)log (18
. . S
+(5)en(R(j)) log p. (14) !
Similarly, for any;j € A, n € R,(j), and7 sat.isfying%n (J) < Next, we derive the relationship between the residual energy
7 < 7u(j +1), the following equation holds: and theadditional revenue secured by the offline algorithm.
Yo(G,7) = up{(p UL 1) — (@7 Z 1)) Let Q be the set of requests accepted by the offline
=y, (pUthT) _ 1) algorithm and rejected by our online algorithm, aRd;j) be

the path chosen by any given offline algorithm &), j € Q.

< .
= u"’\".(J + 1’7i) log . Since3(j) is rejected by the E-WME algorithm,
[(G)en(R(5) = iz, () (D)
= U, log 1t
Un, . . .
< 1G)enlR()) log as A0 < 2 GURE 3 GGR)
neR,(j) neR,(5)
SummingY,(j,7) overn € V,, 7, and j, by the virtue of £0(5)—1
(12), (14), and (15), we have = Y ) (WM = Di)en(R())
Z Zun(u’\"(kﬂ’ﬂ —1) n€R(j) =T (j) .
nev. 7 + Y T = 1)i(j)en(R())
n€R,(J)

k
= D> D D Yalin) (i) -1
S T —DiG)en(R())

nev, 7 j=1 <
= > > > Y, (3, 7) n€ R, (j) 7=T7(j)
B o VI + Y T = Di()en(R()).
Fn(+1)—1 n€Ry(4)

=2 2 2 %G

JEARER,(§) T=T5(j) Summing over allj; € Q and exchanging the order of
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summation, we have to violate energy capacity constraint at nodeat its arrival

. time-slotr. (Due to the replenishment, the first time slot such
;QP(J) a violation can happen is the arrival time slot.) Then
J
I A7) > 1 — (el BD) (20)
< D8 > DRI —)i()en(R()) tn
i€Q | neR.(j) =T (j) From the above inequality and (A2),
An(im) 1 1*“'7)63,(?('7)) 1
b T 1) (RG)) " S )
nER,(J) -
_ Z Zu”(u)\n(lﬁ»l,r) _ 1) Z l(])en(R(])) = g —1=LFT. (21)
G AEE, o Femen
. B An(dym) _ ; ; ; 5
£ T (k40 1)21(3)en(R( ) (1 DI(j)en(R(4)) i i)((]j))en(R(J))LFT
neVy, JEQMER,(J) -
< Z Zun(uxn(zcﬂ,f) ~1) From the description of our algorithm, the above inequality
= shows thatg(;j) could not have been accepted in the first
N (B41) place. The above argument works for nodes with or without
+ Z Tun(p —1). 19 renewable energy source. Therefore our routing algorithm does
nevp not violate the energy constraint at each node.
The last step is true since (B) The proof of the lower bound follows the proof for the
1()en(R()) SVC case [18], where examples are shown to prove the lower
Z L e L, Vn € V,, bound of Q(log|V|) in circuit-switched networks. In these
jeQmery), Un examples, capacity constraints are put on the links. However,
Te)s7<ia() it so happens that in the examples, every linkm) that can
and possibly have the maximum congestion connects to exactly
1(j)en(R(H)) one distinct noden. This property makes it straightforward
Z T <1 Vn eV, to convert the examples into special cases of the energy-
JEQMER,()) " aware routing problems we study. In this case, the energy

i.e., the energy claimed by the offline algorithm from eacteplenishment does not complicate the proof either.

node at each time slot cannot exceed the battery capacity0r completeness, we include the proof as follows:

of that node. Note that the conditidh*(j) < 7 < 7,(j) To show the lower bound, we construct a sequence of

for n € V, implies that the energy consumption due tgouting requests, and show that the total revenue secured by

B(j) has not been replenished yet in our energy moddhe online algorithm is upper bounded by the total revenue of

thereforel(j)e, (R(7)) is part of the used energy for the offlinethe offline algorithm multiplied by/logn.

algorithm. Consider a string ofn + 1) nodes with uniform battery
Inequality (18) basically establishes the relationship b&apacity, sayl. Denote the nodes byo,vi,...,v,. The

tween the secured revenue and the residual energy. Inequdl@pSmission energy requiremept, .1 = a, and the reception

(19) guarantees that the additional revenue gained by the ®Rergy requirementy .1 = 0, &k = 0,1,2,...,n — 1.

fline algorithm is upper-bounded by a function of the residudll all batteries are initially full. All requests appear at the

energy. Denoting the set of all calls accepted by the offlifeginning, though sequentially. They come (logn + 1)

algorithm by.4*, we have: phases. In each phase) < i < logn, there are2! groups
) . of requestsp < j < 2* — 1. A request in phase, group j
Joff  _ 2je0Pl) + 2 jeanoPl) haswv;,» as source node and;. ), as the destination
Jon ZjeA p(J) node. Each group of such requests consists /of identical
S o r(d) + 3 car(h) packet routing requests, where each packet has unit length.
< i€Q D p(jj)e <1+ 2log . Each request carries the same reveaue
JEA

Note that the sequence of routing requests is designed such

Recall thaty = 2(LFT + 1), where L is the maximum that the resource per unit revenue decreases exponentially fast,
hop count allowed for any pathf’ is a constant chosenwhich means that accepting later requests is “exponentially”
large enough to satisfy (A1) is the upper bound on thebetter. However, an online algorithm cannot wait for the last
time it takes to fully charge an empty battery. Thereforeequest since it does not know which request is the last one.
(14 2logu) = O(log|V]), sinceL < |V|. Let ¢; denote the total amount of energy used by the online

It remains to be shown that our routing algorithm does natgorithm in phase. Since there are. nodes in the network
violate the energy constraint at each node. Againdebe whose energy can be used to transmit packets, it is evident that
the set of requests accepted by our online algorithm. Suppdsg™ " ¢; < n. At phasei, a unit of revenue corresponds to
by way of contradiction that(j) is the first accepted requestspendingn/2* units of energy, since /2’ nodes are involved



to accommodate one packet routing request. Bgtbe the

total revenue secured by the online algorithm up to phiase

Then

=0

(15]

(16]

Note that offline algorithm can always accept only th(L.-m
requests in phask and secur@” revenue and declare phase
k to be the last phase. Therefore, the maximum revenue for
an offline algorithm up to phask is 2*. We now consider [
the ratio of the online revenue to the offline revenue, namely

Bk/Q"?. To show the lower bound, it is enough to show that
there exits someé: such that this ratio is upper bounded by
2/logn. Consider the summation of the ratio froln= 0 to
log n:

logn

Z

Therefore, there exists sonkesuch thatB,, /2

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

lognlogn logn

2

273
=0
<

2/logn.
|

logn k

=>.>.

k=0 i=0

i—

sz:

Cz
=0 k=1
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