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Abstract that new techniques are required to bridge the gap from
This paper addresses the problem of resource allocation in sensbigh-level goals to low-level implementation.

networks. We are concerned with how to allocate limited energy, ; _
radio bandwidth, and other resources to maximize the value of, In this paper, we present a novel approach to adap

each node’s contribution to the network. Sensor networks preseriive resource allocation in sensor networks, cal&eif-
a novel resource allocation challenge: given extremely limited re-Organizing Resource Allocation (SORA) this approach,

sources, varying node capabilities, and changing network condix. : ; X
tions, how can one achieve efficient global behavior? Currently,lndl\”dua1I sensor nodes are modeled as self-interested

this is accomplished by carefully tuning the behavior of the low- @gents that attempt to maximize their “profit” for perform-
level sensor program to accomplish some global task, such &afg local actions in response to globally-advertised price in-

distributed event detection or in-network data aggregation. Thi ; ; . ;
manual tuning is difficult, error-prone, and typically does not Con_sformatmn. Sensor nodes run a very simple cost-evaluation

sider network dynamics such as energy depletion caused by bursfyinction, and the appropriate behavior is induced by adver-
communication patterns. tising prices that drives nodes to react. Nodes adapt their

We presentSelf-Organizing Resource Allocation (SORA) : ; TR ; ;
new approach for achieving efficient resource allocation in sen-behavIor by learning their utility for each potential action

sor networks. Rather than manually tuning sensor resource usagdirough payment feedback. In this way, nodes dynamically
SORA defines a virtual market in which nodes gglbds(suchas  react to changing network conditions, energy budgets, and

sensor readings or data aggregates) in responsecesthat are ; T ;
established by the programmer. Nodes take actions to maximizgXternal stimuli. Prices can be set to meet systemwide goals

their profit, subject to energy budget constraints. Nodes individuOf lifetime, data fidelity, or latency based on the needs of
ally adapt their operation over time in response to feedback fronthe system designer.

payments, using reinforcement learning. The behavior of the net- . . o .
work is determined by the price for each good, rather than by Consider environmental monitoring [9, 28] and dis-

directly specifying local node programs. tributed vehicle tracking [23, 45], which are two oft-cited

SORA provides a useful set of primitives for controlling gpplications for sensor networks. Both applications require
the aggregate behavior of sensor networks despite variance g

individual nodes. We present the SORA paradigm and a sensdiodes to collect local sensor data and relay it to a central

network vehicle tracking application based on this design, as welbase station, typically using a multihop routing scheme. To

as an extensive evaluation demonstrating that SORA realizes gadyce bandwidth requirements, nodes may need to aggre-

efficient allocation of network resources that adapts to changin . o

network conditions. %ate their local sensor data with that of other nodes. In-
network detection of distributed phenomena, such as gra-
dients and isobars, may require more sophisticated cross-

1 Introduction node coordination [15, 41, 47].

Sensor networks, consisting of many low-power, low- Two general challenges emerge in implementing these
capability devices that integrate sensing, computation, andpplications. First, nodes must individually determine the
wireless communication, pose a number of novel systemileal rate for sampling, aggregating, and sending data to
problems. They raise new challenges for efficient com-operate within some fixed energy budget. This rate affects
munication protocols [13, 44], distributed algorithm de- overall lifetime and the accuracy of the results produced
sign [11, 24], and energy management [1, 5]. While a num-by the network. Each node’s ideal schedule is based on
ber of techniques have been proposed to address these chigd-physical location, position in the routing topology, and
lenges, the general problem of resource allocation in sensahanges in environmental stimuli. Many current applica-
networks under highly volatile network conditions and lim- tions use a fixed schedule for node actions, which is sub-
ited energy budgets remains largely unaddressed. Currenptimal when nodes are differentiated in this way. Sec-
programming models require that global behavior be specend, the system may wish to tune these schedules in re-
ified in terms of the low-level actions of individual nodes. sponse to changes in the environment, such as the target
Given varying node locations, capabilities, energy budgetsyehicle’s location and velocity, to meet goals of data rate
and time-varying network conditions, this approach makesand latency. More complex adaptations might involve se-
it difficult to tune network-wide resource usage. We argueectively activating nodes that are expected to be near some



phenomenon of interest. Currently, programmers have t428KB of code memory, 4KB of data memory, and a Chip-
implement these approaches by hand and have few tools ton CC1000 radio capable of 38.4 Kbps and an outdoor
help determine the ideal operating regime of each node. transmission range of approximately 300m. The node mea-
Rather than defining a fixed node schedule, SORAsures 5.7cnmx 3.1cmx 1.8cm and is typically powered by
causes nodes to individually tune their rate of operation us2 AA batteries with an expected lifetime of days to months,
ing techniques from reinforcement learning [37]. Nodesdepending on application duty cycle. The limited memory
receive virtual payments for taking “useful” actions that and computational resources of this platform make an inter-
contribute to the overall network goal, such as listening foresting design point, as software layers must be tailored for
incoming radio messages or taking sensor readings. Eaghis restrictive environment. The Mica2 node uses a lean,
node learns which actions are profitable based on feedbaclomponent-oriented operating system, called TinyOS [16],
from receiving payments for past actions. Network retask-and an unreliable message-passing communication model
ing is accomplished by adjusting prices, rather than pushbased on Active Messages [38].
ing new code to sensor nodes. Network lifetime is con- To begin, we outline the distributed resource allocation
trolled by constraining nodes to take actions that meet @roblem that arises in the sensor network domain. We high-
local energy budget. light several prior approaches to this problem and make the
In this paper, we focus on a specific challenge applicacase for market-based techniques as an attractive solution.

tion, \{eh|cle tracking, whlch provides a rich space of prqb-z.l Resource allocation in sensor networks
lems in terms of managing latency, accuracy, communica- _
tion overhead, and task decomposition. The SORA modeP€nsor networks have been proposed for a wide range of

is not specifically tailored to tracking, however, and can be_novel applications. Examples include instrumenting build-
readily adopted for other problem domains. We present #19S, bridges, and other structures to measure response
thorough evaluation of the SORA approach using a realisti€® S€ismic events [8, 20], monitoring environmental con-
sensor network simulator. Our results demonstrate that, uslitions and wildlife habitats [9, 28], tracking of vehicles
ing SORA, resource allocation within the sensor network@/ong & road or in an open area [43], and real-time moni-
can be controlled simply by advertising prices, and thatoring of patient vital signs for emergency and disaster re-
nodes self-organize to take the set of actions that make th@onse [25, 33]. o _
greatest contribution to the global task under a limited en-  One of the core challenges of sensor application design
ergy budget. This paper expands on our previous Workshoﬁ balancing the resource usage of individual nodes with the
paper [18] on SORA, presenting a thorough evaluation oplobal behavior desired of the network. In general, the se-
the approach. guence of actions taken by a node affects local energy con-
We show that SORA achieves more efficient alloca-SUmption, radio bandwidth availability, and overall quality

tion than static node scheduling (the most commonly-use@f the results. However, tuning the resource usage of in-

approach currently in use), and outperforms a dynami(giividual sensor nodes by hand is difficult and error-prone.
scheduling approach that accounts for changes in ener Ithough TinyOS [16] and other systems provide interfaces

availability. In addition, SORA makes it straightforward to 10f Powering down individual hardware devices such as the
differentiate node activity by assigning price vectors thatrad'o and CPU, using these interfaces in a coordinated fash-

influence nodes to select certain actions over others. ion across the network requires careful planning. For ex-

The rest of this paper is organized as follows. In Sec_ample, if a node is sleeping, it cannot receive or route radio

tion 2 we present the background for the SORA approachr,nessages_' . . .
specific goals, and related work. Section 3 presents the | N€ typical approach to scheduling sensor operations is

Self-Organizing Resource Allocation model in detall, and© calculate a static schedule for all nodes in thg network.
Section 4 describes the use of SORA in our vehicle track 0" €xample, query-based systems such as TinyDB [26]

ing application. Section 5 presents our implementation of?nd Cougar [46] allow the user to specifyqaery epoch

SORA in a realistic sensor network simulator, as well ashat drives periodic sampling, aggregation, and data trans-

evaluation in terms of network behavior and node specialMiSSion. Other programming models, such as directed dif-

ization as prices, energy budgets, and other parameters aision [12, 17], abstract regions [41], or Hoods [43], ei-

tuned. Finally, Section 6 describes future work and conther assume periodic data collection or leave scheduling to
cludes. ’ higher-level code. However, an application that uses a fixed

schedule for every node will exhibit very different energy
consumption rates across the network. For example, nodes
.. responsible for routing messages will consume more en-
2 Motivation and Background ergy listening for and sending radio messages. Likewise,
Sensor networks consist of potentially many nodes withnodes on the network periphery may not need to route ra-
very limited computation, sensing, and communication cadio messages at all.

pabilities. A typical device is the UC Berkeley Mica2  Another solution is to compute, offline, the optimal
node, which consists of a 7.3 MHz ATmegal28L processorschedule for each node based on a model of radio con-



nectivity, node location, and physical stimuli that induce which may attempt to cheat or otherwise hoard resources in
network activity. For example, Adlakret al. [1] describe  the system for their own advantage. In the sensor network
a design-time recipe for tuning aspects of sensor networksontext, however, we assume that nodes are well-behaved
to achieve given accuracy, latency, or lifetime goals. How-and programthem to behave as the classic economic ac-
ever, this approach assumes a statically-configured networtors of microeconomic theoryThus, we use markets as
where resource requirements are known in advance, rather programming paradigmnot because we are concerned
than allowing the network behavior to be tuned at runtimewith self-interested behavior of sensor nodes. We need not
(say, in response to increased activity). model complex game-theoretic behavior, but can instead
Other systems have attempted to address the nodecus on nodes that (by design) are classic price-taking eco-
scheduling problem for specific applications or communi-nomic agents.
cation patterns. For example, Lat al. [24] describe an SORA is inspired by Wellman’s seminal work on
approach to tracking a moving half-plane shadow throughmarket-oriented programminf80, 40], which uses mar-
a sensor network that can be used to selectively activateet equilibrium to solve statically-defined distributed op-
nodes along the frontier of the shadow. STEM [34] is atimization problems. We believe that SORA is the first
protocol that dynamically wakes nodes along a routing pattserious attempt to use market-oriented methods to pro-
to trade energy consumption for latency. LEACH [13] is avide complete runtime control for a real distributed sys-
cluster-based routing scheme that rotates the local clustetem. This systems focus leads us to consider continuous,
head to distribute energy load across multiple nodes. Theseal-time resource allocation, while Wellman's work was
techniques point to more general approaches to adaptingbncerned with solving a static allocation problem. Other
the behavior of sensor networks to maximize lifetime. recent work has applied economic ideas to specific sensor
Providing application control over resource usage is of-network problems. For instance, market-inspired methods
ten desirable when designing high-level programming abhave been suggested for the problemaahocrouting [2]
stractions for sensor networks. Abstract regions [41] fo-and information-directed query processing [47]. Our goal
cuses on the ability to tune the communication layer toin SORA is not to provide a point solution but to address
trade off energy for accuracy. Likewise, TinyDB provides athe general issue of adaptive resource allocation.
lifetime keyword that scales the query sampling and trans-
mission period of individual nodes to meet a user-supplie®  Self-Organizing Resource Allocation

lifetime target [27]. Both of these approaches provide qn Self-Organizing Resource Allocation (SORA), sensor

means for nodes to “self-tune” their behavior to meet spe, . o .o programmed to maximize their “profit’ by tak-

cific systemwide resource and accuracy targets. Howeve(ng actions subject to energy constraints. Actions that con-

the general problem of adaptive resource allocation in S€Yibute to the network’s overall goal, such as taking useful
sor networks has not been adequately addressed.

sensor readings or forwarding radio messages, result in a
2.2 Al-based approaches to resource allocation  payment to the node taking the action. By setting the price

The SORA approach draws on the areas of reinforcemel;LPr each action, th? network’s global _behavior can be tuned
learning and economic theory to yield new techniques fo y the_system designer. Nodes contmuously learn a model
decentralized optimization in sensor networks. rém- for Wh!Ch aC“OT‘.S are profitable, allowing them to adapt to
forcement learnind37], an agent attempts to maximize changing conditions.

its “reward” for _taking a serie_s of gctions. Whether or 3.1 Goals

tnhoet 23%?5 ;gfeeligfnzgv\vﬂzgtﬁ e?(jlrr];cciji : yrggsegzsz)fis rel N essential problem that SORA addresses is that of deter-
ceived while the node is listening for incoming mess:ages:.mInlng the set of local actions to be taken by each sensor

The agent’s goal is to maximize its reward, subject to con-nOde to meet some global goals of lifetime, latency, and

straints on resource usage, such as energy. accuracy for the data produced by the network as a whole.
The reward for each sué:cessful action can be modeleEaCh node can take a set of local actions (such as data sam-
as apricein a virtual market. By applying ideas from eco- pling, aggregation, or routing), each with varying energy

nomic theory, SORA attempts to achieve efficient resourc&0Sts and differing contribution_s o the gI_obaI task of the
allocation in a decentralized fashion. Economics has bee etwork. Throughself-scheduling nodes independently

used as an inspiration for solving resource-manageme etermine their ideal behavior (schedul§subject to con-

problems in many computational systems, such as net’;:traints on local energy cons.umption. Self-scheduling in

work bandwidth allocation [35], distributed database querySORA meets three key goals:

optimization [36], and allocating resources in distributedDifferentiation: Nodes in a sensor network are heteroge-

systems such as clusters, Grids, and peer-to-peer nateous in terms of their position in the network topology,

works [3, 4, 7, 10, 39]. resource availability, and proximity to phenomena of in-
Much of this prior work has been concerned with terest. Through self-scheduling, noddifferentiatetheir

resource arbitration across multiptelf-interestedusers, behavior based on this variance. For example, nodes closer



to phenomena of interest should acquire and transmit morability of others. For example, a node cannot aggregate
sensor readings than those nodes that are further away. sensor readings until it has acquired multiple readings.

Adaptivity: Differentiation in nodal behavior should also ~ Taking an action may or may not produce a good of
vary with time, as external stimuli move, nodes join andValue to the sensor network as a whole. For example, listen-
leave the network, energy reserves are depleted, and ndfg for incoming radio messages is only valuable if a node
work connectivity shifts. Such adaptation permits a morel1€ars a transmission from another node. Likewise, trans-
efficient use of network resources. For example, nodes willitting a sensor reading is only valuable if the reading has
consume energy only when it is worthwhile to do so based'seful informational content. We assume that nodes can de-

on current network conditions, rather than as dictated by a#f'mine locally whether a given action deserves a payment.
a priori schedule. This works well for the simple actions considered here, al-

. , . though more complex actions (e.g., computing a function
Control: Finally, a system designer should have the ability 561 5 series of values) may require external notification
to express systemwide goals and effemttrol over the be- ., payments.

havior of the network despite uncertainty in the exact state,

energy reserves, and physica}I location of sensor nodes. Fay 4 Energy budget

example, if the data rate being generated by the network

is insufficient for the application’s needs, nodes should bt node’senergy budgetonstrains the actions that it can
instructed to perform sampling and routing actions morefake. We assume that nodes are aware of how much energy
frequently. This goal differs from internal adaptation by each action takes, which is straightforward to measure of-
nodes, since it requires external observation and manipuldline. The energy budget can be modeled in a number of

tion. different ways. A simple approach is to give each node a
_ fixed budget that it may consume over an arbitrary period
3.2 SORA overview of time. In this case, however, nodes may rapidly deplete

In the SORA model, each sensor node acts asgent their energy resources by taking many energy-demanding
that attempts to maximize its profit for taking a series ofactions, resorting to less-demanding actions only when re-
actions Each action consumes some amounienérgy — Serves getlow.
and produces one or mogmodsthat have an associated  To capture the desire for nodes to consume energy at a
price. Nodes receive payments by producing goods thategular rate, we opt to use a token bucket model for the
contribute value to the network’s overall operation. For ex-budget. Each node has a bucket of energy with a maximum
ample, a node may be paid for transmitting a sensor readsapacity ofC' Joules, filling at a rate that represents the
ing that indicates the proximity of a target vehicle, but notaverage desired rate of energy usage (e.g., 1000 J per day).
be paid if the vehicle is nowhere nearby. Reacting to thisVhen a node takes an action, the appropriate amount of en-
payment feedback is the essential means of adaptivity irgy is deducted from the bucket. If a node cannot take any
SORA. Prices are determined by thient of the sensor action because its bucket is too low, it msstep which
network, which can be thought of as an external agent thaplaces the node in the lowest-possible energy state.
receives data produced by the network and sets prices to The capacityC' represents the total amount of energy
induce network behavior. that a node can consume in one “burst.” dfis set to

The local program executed by each node is simple anthe size of the node’s battery, the node is able to consume
avoids high communication overhead in order to operatdts entire energy reserves at once. By limiti@g one can
efficiently. In the SORA approach, nodes operate usingound the total amount of energy used by a node over a
primarily local information about their state, such as energyshort time interval.
availability. The onlyglobal information shared by nodes
is the current set of prices, which are defined by the sens@.5 Agent operation

network client. To minimize overhead, prices should be .. : .
) Given a set of actions, goods produced by those actions,
updated infrequently (for example, to effect large changes

. : 7 rices for each good, and energy cost for each action, each
in the system’s activity) and can be propagated to node : : :

. 7 . .~ “agent operates as follows. A node simply monitors its local
through a variety of efficient gossip or controlled-flooding

protocols [22] state and the global price vector, and periodically selects
' the action that maximizes itgility for each action. Upon

3.3 Goods and actions taking that action, the node’s energy budget is reduced by

e appropriate amount, and the node may or may not re-

. tf
The actions that sensor nodes can take depend on the aIOIOchéive a payment depending on whether its action produced

cathn, but typically mclude sampling a sensor, gggregatmgﬂ valuable good. We define the utility functiafia) for an
multiple sensor readings, or broadcasting a radio messagg.

An action may beinavailableif the node does not currently dctiona to be:
have enough energy to perform the action. In addition, pro- { B.pe  if the action isavailable

duction of one good may have dependencies on the avail- u(a) = 0 otherwise



wherep,, is the current price for action, and 3, is the Action Energy C"f‘fumed
estimated probability of paymefur that action, which is sample(single sensor) 8.41 x 10" J

. . send(single message) 2.45 x107°J
learned by nodes as described below. An action may be | |en 597 x 103
unavailableif e_ither the current energy budget is too low sleep 8.95 x 1075
to take the action, or other dependencies have not been met| aggregatgcompute max of array) 8.41 x 107°J
(such as lack of sensor readings to aggregate). Figure 1:Energy consumed for each sensor action.

In essence, the utility function represents the expected
profit for taking a given action. The parametgris con-

tinuously estimated by nodes over time in response to th%arily induce more nodes to produce that good: the dynam-

success of taking each action. This is a form of reinforcej.q of maximizing expected profits may temper a node’s
ment learning [37]. After taking an actian the new value  yggire to take a given action despite a high price. Our ex-

3. is calculated based on whether the action received a P&%eriments in Section 5 demonstrate the effect of varying

ment: prices. As it turns out, subtle changes to prices do not have
g -1a + (1 —«a)B, if areceives a payment much impact on global network behavior. This is because
a™ ] (1-a)fa otherwise each node’s operation is mostly dictated by its adaptation to

coarse-grained changes in the local state, such as whether
sampling sensors or listening for incoming radio messages
is currently profitable. Prices serve to differentiate behavior

tions are likely to result in payments, leading to a n"’Ituralonly when a node has multiple profitable actions to choose

self-organization depending on the node’s location in theoetween. Even when one action has a much higher price

network or mtnns_lc capabilities. For example, a hode tha_ an others, nodes will still take a mixture of actions due
has the opportunity to route messages for other nodes wi . )

. . . . . ; ) 0 continual exploration of the state space throughethe
be paid for listening for incoming radio messages; nodes on

the edges of the network will learn that this action is rarelygreeoIy learning policy.

(if ever) profitable. The best approach to selecting optimal price settings in
The expected profit for an action will vary over time SORA is still an open problem. Given the complexities of

due to price adjustments and changing environmental coragent operations and unknown environmental conditions,

ditions. Therefore, it is important that nodes periodically analytically solving for prices to obtain a desired result is

“take risks” by choosing actions that have a low paymentnot generally possible. In a stationary system, it is possible

probability 3,. We employ ane-greedy action selection to search for optimal prices by slowly adjusting each price

policy. That is, with probabilityl — e (for some smalk; we  and observing its effect on network behavior; this approach

currently uses = 0.05), nodes select the “greedy” action is used by the WALRAS system [40].

that maximizes the utility,(a). However, with probability

€ anode will select an (available) action from a uniform dis-

« represents the sensitivity of the EWMA filter (in our ex-
periments,c = 0.2). In this way, nodes learn which ac-

A better approach is to determine prices empirically
A N based on an observation of the network’s behavior at dif-
tribution. In effect, this ignores the value 6f and allows . . .

ferent price points. For example, a system designer can

a node to explore for new opportunities for profit. Such ' ith bed depl imulati
exploration prevents a node from never electing to take ar?Xperlment with a testbed deployment or simulation to un-

. . . derstand the effect of differing prices on overall behavior.
action because it has not recently been paid to do so [37].

Our current reinforcement learnin heme d N rices can be readily tuned after deployment, since broad-
tak lijntcu ﬁ id ? tionceth er cea ‘ gf S% % ,e toss 0 asting a new price vector to an active network is not ex-
axe into consideration oIher aspects of a nodess state, SUgy\qye - This process could be automated by an external

as the sequence of past actions or the gtz_ite of nel_ghbo&)ntrollerthat observes the network behavior over time and
ing nodes, which may lead to more efficient SOluuonS'adjusts prices accordingly

However, these techniques involve considerable complex-
ity, which goes against our goals of simplicity and limiting ~ One approach to setting prices, based on economic prin-
per-node state. We intend to explore alternative learningiples, is to establish eompetitive equilibriumwhere the
algorithms as part of future work. supply of goods produced by the network equals the de-
mand for those goods expressed by the client. This model
is attractive when there are multiple users programming the
In SORA, the global behavior of the network is controlled sensor network to take different sets of actions on their be-
by the client establishing prices for each good. Prices ar@alf, since equilibrium prices ensure that network resources
propagated to sensor nodes through an efficient global datxe shared in an optimal manner. However, computing
dissemination algorithm, such as SPIN [14] or Trickle [22]. equilibrium prices often requires continuous information
The client can also adjust prices as the system runs, faon the network’s supply of goods, which may lag pricing
example, to affect coarse changes in system activity. updates. A detailed discussion of this technique is beyond

There is a complex relationship between prices andhe scope of this paper, but we return to this problem in
agent behavior. Raising the price for a good will not necesSection 6.

3.6 Price selection and adjustment



4 Application Example: Vehicle Tracking neighboring node that is both physically closer to the desti-

As a concrete example of using SORA to manage resourc'%ation (always the base station, in this case) and is currently
executing thdistenaction. This protocol assumes a CTS-

allocation in a realistic sensor network application, we con-

sider tracking a moving vehicle through a field of sensors RTS MAC layer that allows a node to send a message to any

We selected vehicle tracking as a “challenge application’one of its next-hop neighbors that are currently listening. In

for SORA because it raises a number of interesting prob.!h's way, as long as any closer neighbor is currently listen-

lems in terms of detection accuracy and latency, in-network9: th? message will t.)e forwarded. This approac_:h meshes
vell with the stochastic nature of node actions in SORA

aggregation, energy management, routing, node specializ . . .
tion, and adaptivity [6, 43, 45]. Vehicle tracking can be and does not require explicit coscheduling of senders and

seen as a special case of the more general data collectiéfic®'Vers:
problem also found in applications such as environmentalf,3 Discussion

and structural monitoring [20, 28]. SORA naturally leads to an efficient allocation of net-

4.1 Tracking overview work resources. Individual nodes are constrained to op-
) o ) ) ~erate within their energy budget, and the schedule for each
In the tracking application, each sensor is equipped with g ,4e may vary over time depending on network conditions
magnetometer capable of detecting local changes in magyq external stimuli. Nodes continuously learn which ac-
netic field, which indicates the proximity of the vehicle t0 tions are most profitable and thereby have the most value to
the sensor node. One node acts as a fixed base statiqe sensor network as a whole. Tlisiergenbehavior is
which collects readings from the other sensor nodes angh e effective at allocating limited network resources than
computes the approximate location of the vehicle based o5 gitional schemes based on static schedules.
the data it receives. The systemwide goal is to track the lo-  The SORA approach captures a number of design trade-
cation of the moving vehicle as accurately as possible whils that are worth further discussion. One advantage of
meeting a limited energy budget for each node. this model is that the nodal program is simple: nodes sim-
Each sensor node can take the following set of actionsp|y take actions to maximize their expected profit. Nodes
samplea local sensor readingenddata towards the base o not reason directly about dependencies or consequences
station listenfor incoming radio messagesieepfor some  of 5 series of actions, ordering, or the rate at which actions
interval, andaggregatemultiple sensor readings into a sin- are taken. Because nodes learn the payoff probabilities
gle value. Each node maintains a ﬁxed'length LIFO bufferthey adapt to Changing network conditions over time, and
of sensor readings, which may be sampled locally or reyjfferent nodes will take different sets of actions depending
ceived as a radio message from another node. Each entgp, their utility functions.
in the buffer consists of a tuple containing a vehicle loca- Adjusting prices gives the client of the network control
tion estimate weighted by a magnetometer reading. Th@yer the behavior of the system, allowing the network to
sample action appends a local reading to the buffer, and thge readily retasked simply by advertising a new price vec-
listen action may add an entry if the node receives a mesgy, However, because nodes operate to maximize éxeir
sage from another node during the listen interval. pectedprofit, an equilibrium arises that balances the actions
Aggregation is used to limit communication bandwidth taken by different nodes in the network. For example, in-
by combining readings from multiple nodes into a singlecreasing the price of the listen action might substantially
value representing the “best” sensor reading. The aggregateduce the number of nodes that choose to sample or send
action replaces the contents of the sample buffer with a sinsensor readings. However, since listening nodes are only
gle weighted position estimate, ignoring any sample oldepaid when other nodes send data, the proportion of sending
than a programmer-defined constant (10 sec in our simulaand listening nodes is kept in balance. This is a valuable
tions). Thesleepaction represents the lowest-energy stateaspect of self-scheduling and does not reqeitglicit co-
of a node which is entered when energy is unavailable fobrdination across nodes; this equilibrium arises naturally
other actions, or no other action is deemed profitable. Figfrom the feedback of payments. We demonstrate this as-
ure 1 summarizes the energy requirements for each actiopect of SORA in Section 5.
based on measurements of the Mica2 sensor node. SORA can be viewed as a general approach to decen-
. tralized resource allocation in sensor networks, and is not
4.2 Routing specifically tailored for data collection and vehicle track-
All radio transmissions route messages towards the basag. However, it is worth keeping in mind that many sensor
station using a multihop routing protocol. Nodes are notnetwork applications operate by routing (and possibly ag-
assumed to be within a single radio hop of the base. Thgregating) data towards a single base station, as evidenced
choice of routing algorithm is not essential; we use a simpldoy much prior work in this area [5, 11, 17, 26, 46]. It
greedy geographic routing protocol, similar to GPSR [19]seems clear that the SORA approach could be readily ap-
but without any face routing, although other routing algo-plied to this broad class of systems; for example, SORA
rithms can be used [44, 17]. Messages are forwarded to thepuld be used to control the execution of query operators



in TinyDB [26]. 5.1 Configuration

Extending SORA to other applications involves two ba-We simulated a network of 100 nodes distributed semi-
sic steps: first, identifying the set of primitive actions andirregularly in a 100x100 meter area. The base station (to
goods that the system should expose, and second, measwhich all nodes route their messages) is located near the
ing the associated energy costs for each action. For exipper-left corner of this area. The energy cost for each ac-
ample, exposing a complex operation such as “computéon is shown in Figure 1. The simulated vehicle moves in a
the sum-reduce of sensor readings over a nod@earest circular path of radius 30 m at a rate of 1.5 m/sec. Moving
neighborhood” [41] would be straightforward to wrap asthe vehicle through such a path causes nodes in different
an SORA action. One requirement for actions is that datareas of the network to detect the vehicle and route sensor
dependencies be made explicit. For example, the send andadings towards the base station. The strength of each sen-
aggregate actions depend on the sensor reading buffer bger reading depends on the distance to the vehicle; sensors
ing non-empty. More complex actions might have a richercannot detect the vehicle when it is more than 11 meters
set of dependencies that must be met in order to fire. Thiaway.
suggests that nodes should be able to reason about taking aUnless otherwise noted, the energy budget for each
sequencef actions to produce some (highly-valued) good; node is 1000 J/day, corresponding to a node lifetime of
this is another interesting avenue for future work. 30.7 days. The prices for all actions were set to an iden-

tical value, so nodes have no bias towards any particular
action. The exploration probabilityis set to 0.05, and the
5 Experiments and Evaluation learning parameter is set to 0.2. We demonstrate the ef-

fect of varying these parameters in Section 5.7 and 5.8.
To demonstrate the use of Self-Organizing Resource Al-

location in a realistic application setting, we have imple-2-2 Comparative Analysis

mented the SORA-based vehicle tracking system in a senfo compare the use of SORA with more traditional ap-
sor network simulator. This simulator captures a greaproaches to sensor network scheduling, we implemented
deal of detail, including hardware-level sensor operationshree additional versions of the tracking system. The first
and a realistic radio communication model based on tracesmploys static schedulingin which every node uses a
of packet loss statistics in an actual sensor network. Wéixed schedule for sampling, aggregating, and transmitting
have also implemented the SORA-based tracking applicadata to the base station. This is the most common ap-
tion in TinyOS [16] using the TOSSIM [21] simulator en- proach to designing sensor network applications, typified
vironment. However, due to performance limitations in by fixed sampling periods in TinyDB [26] and directed
TOSSIM, the results below are based on our custom simudiffusion [17]. The static schedule is computed based on
lator that runs roughly an order of magnitude faster. Thisthe energy budget. Given a daily budget Bfjoules, a
performance gain is accomplished primarily by eliminat-node calculates the rate for performing each round of ac-
ing the high overhead associated with the TOSSIM GUl tions (sample, listen, aggregate, transmit, and sleep) in or-
as well as eliding hardware-level details of node actionsier to meet its budget. For example, given a daily budget
that are not relevant to the SORA approach. We have verief 1000 J, the data collection sequence can be performed
fied that the two simulators produce nearly identical resultsonce every 0.4 sec. This schedule is conservative, since not
The SORA code can be readily ported to run on actual senall nodes will actually detect the vehicle or transmit data
sor nodes, and we are currently planning to take measureturing each period. The same schedule is used for every
ments on our building-wide sensor network testbed [42]. node in the network, so nodes do not learn which actions

Our evaluation of SORA has three basic goals. First, wehey should perform, nor adapt their sampling rate to stim-
show that SORA allows nodes to self-schedule their action!li such as the approach of the vehicle.
to achieve an efficient allocation of network resources. Sec- The second approach emplogtgnamic schedulingn
ond, we show that SORA achieves much greater energy efvhich nodes continuously adjust their processing rate
ficiency than traditional scheduling techniques without sacbased on their current energy budget. In this way, nodes
rificing data fidelity. Third, we show that SORA allows the that do not consume energy aggregating or transmitting
system designer to differentiate node actions by varying endata can recycle that energy to increase their sampling rate
ergy budgets and price vectors. accordingly.

We compare the use of SORA to several other imple-b Thde th'tLd ?ndkfmal a}:t)profa\ch,l thdgtodds tri?]ckt?;r ';: d
mentations of vehicle tracking that use different schedul- ased on Ine fracking system impiemented using the Hoods

ing techniques. These include the commonly-used Statigommunlcanon model [43]. It is largely similar to the

scheduling technique, a dynamic energy-aware schedulin ynamically-scheduled tracker,_ except in the way that
scheme, and a tracking application based on the Berkele odes calculate the target location. Each node that detects

NEST deSign 6_18 described in [43]- These systems are de- 1This assumes that a node runs at 3V with 2850 mA-hours of battery
scribed in detail below. supply.
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Figure 2: Actions and energy budget for a single node.This figure shows the actions taken, the energy budget, and the
values for the listen and sample actions for node 31, which is along the path of the vehicle.

the vehicle broadcasts its sensor reading to its neighborsearby, the node mostly sleeps, since no interesting sam-
The node then listens for some period of time, and if itsples or radio messages are received. The energy bucket
own reading is the maximum of those it has heard, comfills during this time accordingly; the bucket capadityis
putes the centroid of the readings (based on the known loset arbitrarily to 115 mJ, which requires the node to sleep
cations of neighboring nodes) as the estimated target locder 20 seconds to fill the bucket entirely.

tion. This location estimate is then routed towards the base Observe that the node performs listen and Samp|e ac-
station. We implemented the Hoods tracker to emulate th@ons even when its utility for doing so is low (even zero).
behavior of a previously-published tracking system for di-Thjs is because the node has enough energy to perform
rect comparison with the SORA approach. these actions, and thegreedy action selection policy dic-
5.3 Agent operation tates that it will explore among these alternatives despite

ligible utility.
We begin by demonstrating the operation of the sensor netrJeg 'gible utility

work over time, as nodes learn which actions receive payz - :

ments. Figure 2 depicts the actions taken, energy buzg)(;?,"" Network activity over time

and g values for node 31, which is along the path of theFigure 3 shows the proportion of (non-sleeping) actions
vehicle. As the vehicle approaches along its circular pattand energy use by the network over time. As the graph
at timet = 470, the node determines that it will be paid shows, over 60% of the actions taken by nodes during the
to sample, aggregate, and send sensor readings. As the ven aresleep Listenand sendconsume far more energy
hicle departs around time= 590, the node returns to its than other actions. The variation in network activity arises
original behavior. At certain times (e.g., &t= 500 and  due to the movement of the vehicle. For example, at time
t = 548), the node receives messages from other nodes = 600, the vehicle is closest to the base station, so only
and routes them towards the base station, explaining the irthose nodes close to the base are sampling and routing data,
crease in3 for the listen action. When the vehicle is not while the rest of the network is dormant.
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Figure 3:Actions taken and energy use over timeThis graph shows (a) the proportion of non-sleep actions taken by all nodes in the
network and (b) the total energy consumed over time. Over 60% of the actions taken by the netwsltadgare

1 N sition estimate received by the base station, the tracking

09 D)f}jxx*“ error is measured as the difference between the estimated

08 . x A and true vehicle positioat the time that the estimate is re-

07 a i ceived This implies that position estimate messages that
= 7 a are delayed in the network will increase tracking error,
voos a/ 7 since the vehicle may have moved in the interim. As the
5 05 ; g figure shows, SORA achieves an 80th percentile tracking
§ 0.4 ; : - error of 3.5 m, only slightly higher than the static and dy-

03 namic trackers.

0.2 2 SORA, with aggregation — The Hood tracker performs poorly due to its different

o St "0 20gregton | algorithm for collecting and aggregating sensor data. Fig-

. Hood | - ure 5 shows a scatterplot of position estimates received at
0 1 2 3 4 5 6 7 8 the base station for each tracking technique. Hood delivers
Tracking event error far fewer position estimates and exhibits wider variation in

Figure 4:Tracking accuracy. This figure is a CDF of the track- accuracy. Also, disabling aggregation in SORA (by setting
ing position error over a run of 1000 sec for each of the tracking the price for theaggregateaction to 0) causes more posi-

systems. The static and dynamic schedulers are the most accuraig, , estimates to be delivered that exhibit greater variation
since they operate periodically, while SORA has slightly higher,

error due to its probabilistic operation. Disabling aggregation in than the aggregated samples.
SORA causes accuracy to suffer since more readings are deli

ered to the base station. These three tracking schemes outperfo;ﬁf6 Energy efficiency

the Hood-based tracker with the same energy budget. By allowing nodes to self-schedule their operation in re-
sponse to external stimuli and energy availability, SORA
5.5 Tracking accuracy achieves an efficient allocation of energy across the net-

work. For each of the scheduling techniques, we measure
To compare SORA with the other scheduling techniquesthe efficiency of resource allocation in terms of the energy
we are interested in two metrics: tracking accuracy and encost to acquire each position estimate in proportion to the
ergy efficiency. We do not expect SORA to be more ac-total amount of “wasted” energy in the network.
curate than the other scheduling approaches, however, itis For each position estimate received by the base station,
important that it performs in the same ballpark in order toywe measure the “useful” energy cost of acquiring and rout-
be viable. ing that data. This includes the sum energy cost of sam-

Figure 4 compares the accuracy of the SORA trackepling, (optional) aggregation, radio listening, and trans-

with the other three scheduling techniques. For each pomission of the data along each hop. In the case of esti-
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Figure 6: Tracking accuracy and energy efficiency. This figure shows (a) the mean tracking error and (b) overall system energy
efficiency as the energy budget is varied.

20 - useful energy consumed by the network to the total energy
10 consumed (useful plus wasted energy).
o It is important to note that the statically-scheduled and

Dynamic

dynamically-scheduled trackers do not make any attempt

E ) iomradinian PO T O TP LR P to save energy beyond their energy budget. Nodes are pro-
I grammed to operate at a rate that consumes the local energy
£ 10 - - - : i iti -
8 EY, T A b budget, despite local network conditions. In SORA, how
2 2 ‘ ‘ : ‘ ever, many nodes may conserve energy by sleeping when
8 o oA , o — they have zero utility for any potential action (e.g., because
T ool sl i N . they are in a quiescent area of the network). The use of
el PO A reinforcement learning in SORA allows nodes to tune their
10 - . - . . _
. ‘ RPN S S duty cycle in response to local conditions, significantly ex

tending lifetime.

Figure 6 summarizes the accuracy and efficiency of each
Figure 5: Tracking accuracy scatterplots. These scatterplots  scheduling technique as the energy budget is varied. Each
show the set of readings delivered to the base station by eachystem varies in terms of its overall tracking accuracy as

tracking system over time. Hood performs poorly and deliverswe” as the amount of energy used. While SORA has

far fewer vehicle position estimates. The effect of disabling ag-, . .
gregation in SORA can be seen clearly. a somewhat higher tracking error compared to the other

scheduling techniques, it demonstrates the highest effi-
ciency, exceeding 66% for an energy budget of 2100 J. The
mates with aggregated values, we count both the total enstatic and dynamic schedulers achieve an efficiency of only
ergy cost for each sensor reading in the estimate, as wefi2os. In SORA, most nodes use far less energy than the
as the number of sensor readings represented. Because #dget allows. The ability of SORA to “learn” the duty
gregation amortizes communication overhead across mUbycIe on a per-node basis is a significant advantage for in-
tiple readings, we expect aggregation to reduce the overafireasing network lifetimes.
per-sample energy cost. The total amounuséful energy ] ]
consumed by the network is the sum of the energy cost fop-/  Varying learning parameters
all position estimates produced during a run of the trackingapart from the energy budgets and prices, two parameters
system. that strongly affect node behavior in SORA arehe ex-

All other energy consumed by the networkvimsted ploration probability, andv, the EWMA gain for learning
in the sense that it does not result in data being deliveredction success probabilities. By varyiagve can trade off
to the base. In a perfect system, witpriori knowledge increased energy waste (for exploring the action space) for
of the vehicle location and trajectory, communication pat-faster response to changing network conditions. By varying
terns, and so forth, there would be no wasted energy. lm, the system reacts more or less quickly to changes in suc-
any realistic system, however, there is some amount oess probabilities; higher values @fcause a node to bias
waste. For example, nodes may listen for incoming radicaction selection towards more-recently profitable actions.
messages or take sensor readings that do not result in posi- Figure 7(a) shows the effect of varyirgirom 0.01 to
tion estimates. We defirefficiencyas the ratio of the total 0.5. As the probability of taking a random action increases,
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Figure 7:Effect of varying exploration and learning parameters. (a) « is held constant at 0.2 and the probability of taking a random
actione is varied. (b)e is held constant at 0.05 and the EWMA filter gaimvigs varied.

the proportion of energy wasted taking those actions alsmumber of listen and send actions, while the other nodes
increases. However, the proportion of energy wasted takingrostly perform sample actions, which consume far less
the “greedy” action (the action with the highest expectedenergy overall. Identical prices are used throughput the
probability of success) decreases, since nodes learn moreetwork, showing that differences in energy budget have
rapidly which actions are profitable by exploring the actiona profound effect on resource allocation.
space. Advertising different price vectors to different sets of
Figure 7(b) shows a similar result for varying When  nodes is another way to specialize behavior in SORA. Fig-
a is increased, nodes react very quickly to changes in acdre 9 shows a case where 20% of the nodes are configured
tion success. When = 1.0, if an action is successful as “routers” with all prices set to 0, except for listening, ag-
once, the node will immediately prefer it over all others. gregation, and sending. The other nodes act as “sensors”
Likewise, the node will immediately ignore a potentially with nonzero prices only for sampling and sending. As the
profitable action the first time it is unsuccessful. As a resultfigure shows, each group of nodes exhibits very different
the proportion of energy used on successfully choosing théehavior over the run, with sensor nodes performing a large
greedy action decreases. Also, since the node’s action seumber of sampling and send actions, while router nodes
lection policy is increasingly myopic, nodes spend moreprimarily listen and transmit. Routers spend a great deal of
time sleeping. As a result, a greater proportion of energyime sleeping because most actions (e.g., aggregation and
is spent on exploratory actions since few “greedy” actionssending) are unavailable, and listening consumes too much
are considered worthwhile. energy to perform continually.

5.8 Heterogeneous energy budgets and prices 6 Future Work and Conclusions

SORA allows nodes to be differentiated with respect toThe design of sensor network applications is complicated
their energy budgets, as well as the prices under which thely the extreme resource limitations of nodes and the un-
operate. For example, certain nodes may have access tkaown, often time-varying, conditions under which they
large power supply and should be able to perform moreoperate. Current approaches to resource management are
power-hungry operations than nodes operating off of smalbften extremely low-level, requiring that the operation of
batteries. Likewise, advertising different price vectors toindividual sensor nodes be specified manually. In this pa-
different nodes allows them to be customized to take cerper, we have presented an technique for resource allocation
tain actions. in sensor networks in which nodes act as self-interested
Figure 8 shows the behavior of the tracking systemagents that select actions to maximize profit, subject to en-
where 20% of the nodes are given a large energy budget afrgy limitations. Nodes self-schedule their local actions in
3000 J/day, effectively allowing them to ignore energy con-response to feedback in the form of payments. This allows
straints for the purpose of selecting actions. The large enrodes to adapt to changing conditions and specialize their
ergy budget nodes automatically elect to perform a greatenehavior according to physical location, routing topology,



M Listen O Sample W Agg N Send M Listen O Sample W Agg N Send

1.0 4 1.0 o
0.8 — 0.8 -
v wv)
=] =]
2 S
< < 0
o .
= =
= =
= S
g ] 5 04+
& Ty 5
= l."l. =
=2 g .. .i-,. =
0 A N
l.‘.l. ' \ LD \ N
1 N 0.2 1 i ,"!“j o ‘.1..‘.' h o s h .“l I 'l.:' S
N ||||| T et P et || ||||
: | il
i I
0 4 600

0.0
400 600 20! 00 800 1000
Time Time
(a) Large energy budget (b) Small energy budget

Figure 8: Exploiting heterogeneous energy budgetsHere, 20% of the nodes are given a large energy budget of 3000 J/day (a),
where the rest of the nodes use a smaller energy budget of 500 J/day (b). The large energy budget nodes automatically take on a greater
proportion of the energy load in the system, choosing to perform a far greater number of listen and send actions than the low-energy
nodes.

and energy reserves. price points simultaneously, allowing the client to adjust
Exploiting techniques from reinforcement learning andprices based on the resulting gradient information.

economic theory yields new insights into the allocation of o o

scarce resources in an adaptive, decentralized fashion. OBicher pricing models: More complex pricing schemes

initial work on SORA raises a number of interesting ques-¢an be used to induce sophisticated behaviors in the net-

tions that we wish to explore in future work. These areWork. For example, rather than pricing only those goods
described in summary below. that result from single actions, we can prigequencesf

- o _ ) __actions. Consider aggregating multiple sensor readings into
Equilibrium pricing:  As discussed earlier, a system is in 4 single value for transmission. Rather than price the final
competitive equilibrium (Pareto optimal) when prices aréaggregate value and requiring an agent to reason about a
selected such that supply of goods equals demand. Thigequence of actions to achieve that result, we can establish
is an attractive model for allowing multiple users to al- yrices for each step in the sequence and introduce control
locate and share sensor network resources in an optimg} gata dependencies between actions. Another question is
fashion. However, such an approach raises a number @t oflocation-based pricesn which goods are priced dif-
practical problems that must be addressed before it can grently in different areas of the network. This can be used
applied to sensor networks. The traditionalonnement 5 establish a ring of “sentry nodes” around the perimeter

approach [29]is to increase prices on undersupplied goodst the network that wake other nodes in the interior when
(and vice versa for oversupplied goods) until reaching equithe entrance of a vehicle is detected.

librium, and execute trade only after prices have been se-
lected. A real system must depart from this approach irNew application domains: We intend to explore other ap-
that it operates continuously. As a result, since supply anglications for the SORA technique. As discussed earlier,
demand may lag price adjustments, true equilibrium mayhis requires that nodes be programmed with new actions
never be reached. and corresponding energy consumption models. One ap-
In addition, calculating equilibrium prices generally re- plication that we are actively investigating involves sen-
quires clients to havglobalinformation on the supply pro- sor networks for emergency medical care and disaster re-
vided by each sensor node at the currently-proposed pricesponse [25]. This scenario involves establishing multicast
We are exploring techniques in which aggregate supply incommunication pathways between multiple vital sign sen-
formation is collected and piggybacked on other transmissors worn by patients and handheld devices carried by res-
sions to the base station. However, clients must then opecuers and doctors. We envision SORA providing a mech-
ate on incomplete and out-of-date supply information. An-anism for efficient bandwidth and energy allocation in this
other approach is to collect supply information at severakenvironment.
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Figure 9: Specialization through pricing. Here, 20% of the nodes are configured as “routers” (left) using prices for listening,

aggregation, and sending. The other 80% of the nodes are configured as “sensors” (right) and only have prices for sampling and

sending. As the figure shows the proportion of actions taken by each group of nodes differs greatly according to the prices.

Integration with programming languages: Finally, our [5]
broader research agenda for sensor networks involves
developing high-levemacroprogrammindanguages that 6]
compile down to local behaviors of individual nodes.
SORA presents a suite of techniques for scheduling node
actions and managing energy that could be integrated intd”
such a language. For example, TinyDB’s SQL-based query
language could be implemented using SORA to control the[8]
execution of query operators on each node, rather than the
current model of relying on a static schedule. We have
completed the initial design of a functional macroprogram- [9]
ming language for sensor networks that compiles down to

a simple per-node state machine that could be readily im-
plemented using a SORA-based model [31, 32]. [10]
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