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DFuse is an architectural framework for dynamic applicatio n-specied data fusion in sensor
networks. It bridges an important abstraction gap for devel oping advanced fusion applications
that takes into account the dynamic nature of applications a nd sensor networks. Elements of the
DFuse architecture include a fusion API, a distributed role  assignment algorithm that dynamically
adapts the placement of the application task graph on the net work, and an abstraction migration
facility that aids such dynamic role assignment. Experimen tal evaluations show that the API
has low overhead, and simulation results show that the role a ssignment algorithm signi cantly
increases the network lifetime over static placement.
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1. INTRODUCTION

There is an ever-evolving continuum of sensing, computingand communication
capabilities from smartdust, to sensors, to mobile devicesto desktops, to clusters.
With this evolution, capabilities are moving from the larger footprint to the smaller
footprint devices. For example, tomorrow's mote will be comparable in resources
to today's mobile devices; and tomorrow's mobile devices Wil be comparable to
current desktops. These developments suggest that futureensor networks may
well be capable of supporting applications that require resurce-rich support today.
Examples of such applications include streaming media, sweillance, image-based
tracking and interactive vision. Many of these fusion applications share a common
requirement, namely, hierarchicaldata fusion, i.e., applying a synthesis operation
on input streams.
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This paper focuses on the challenges involved in supportingusion applications
in wireless ad hoc sensor network§WASN). Developing a fusion application is
challenging in general, for the fusion operation typically requires time-correlation
and synchronization of data streams coming from several disbuted sources.

Since such applications are inherently distributed, they ae typically implemented
via distributed threads that perform fusion hierarchically. Thus, the application
programmer has to deal with thread management, data synchroization, bu er
handling, and exceptions (such as time-outs while waiting ér input data for a
fusion function) - all with the complexity of a loosely coupled system. WASN
add another level of complexity to such application develoment - the need for
being power-aware [Cayirci et al. 2002]. In-network aggregtion and power-aware
routing are techniques to alleviate the power scarcity of WASN. While the good
news about fusion applications is that they inherently needin-network aggregation,
a naive placement of the fusion functions on the network nodg will diminish the
usefulness of in-network fusion, and reduce the longevityfahe network (and hence
the application). Thus, managing the placement (and dynamt relocation) of the
fusion functions on the network nodes with a view to saving paer becomes an
additional responsibility of the application programmer. Dynamic relocation may
be required either because the remaining power level at theurrent node is going
below a threshold, or to save the power consumed in the netwdéras a whole by
reducing the total data transmission. Supporting the reloation of fusion functions
at run-time has all the traditional challenges of process mjration [Zayas 1987].

We have developedDFuse, an architecture for programming fusion applications.
It supports distributed data fusion with automatic management of fusion point
placement and migration to optimize a givencost function (such as network longevity).
Using the DFuse framework, application programmers need dy implement the fu-
sion functions and provide the data ow graph (the relationships of fusion functions
to one another, as shown in Figure 1). The fusion API in the DFwse architec-
ture subsumes issues such as data synchronization and bu enanagement that are
inherent in distributed programming.

The main contributions of this work are summarized below:

(1) Fusion APIl: We design and implement a rich API that a ords programming
ease for developing complex sensor fusion applications. €hAPI allows any
synthesis operation on stream data to be speci ed as a fusiofunction, ranging
from simple aggregation (such as min, max, sum, or concatettimn) to more
complex perception tasks (such as analyzing a sequence ofieb images). This
is in contrast to current in-network aggregation approaches [Madden et al. 2002;
Intanagonwiwat et al. 2000; Heidemann et al. 2001] that allev only limited types
of aggregation operations as fusion functions. The API inaldes primitives for
on-demand migration of the fusion point.

(2) Distributed algorithm for fusion function placement and dynamic relocation:
There is a combinatorially large number of options for plachg the fusion func-
tions in the network. Hence, nding an optimal placement, in a distributed
manner, that minimizes communication is di cult. We develo p a novel heuristic-
based algorithm to nd a good (with respect to some prede ned cost function)
mapping of fusion functions to the network nodes.
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Also, the placement needs to be re-evaluated quite frequeht considering the
dynamic nature of WASN. The mapping is re-evaluated periodcally to address
dynamic changes in nodes' power levels and network behavior

Fusion and aggregation terms are often used interchangeapin sensor network
community. For clari cation, however, we would like to note down a basic
di erence. An aggregation is typically performed on data of same type, to
minimize communication; while a fusion is performed on dataof possibly dif-
ferent types, to derive a decision. Thus, a fusion point plaement is a more
constrained problem than an aggregator placement.

(3) Experimental evaluation of the DFuse framework: The evaluation includes
micro-benchmarks of the primitives provided by the fusion APl as well as mea-
surement of the data transport in a tracker application. Using an implementa-
tion of the fusion API on a wireless IPAQ farm coupled with an event-driven
engine that simulates the WASN, we quantify the ability of th e distributed al-
gorithm to increase the longevity of the network with a given power budget of
the nodes. For example, we show that the proposed role assigrent algorithm
increases the network lifetime by 110% compared to static glcement of the
fusion functions.

(4) Simulation results for larger networks: Using a novel middleware simulator
(MSSN) [Wolenetz 2005; Wolenetz et al. 2004; 2005], we simate the DFuse
architecture on a network of hundreds of nodes and for di erat sizes of the
application task graph. We show that the performance of DFu® scales well for
larger networks and application graphs with respect to an opimal placement
(approximated using a simulated annealing algorithm).

This journal version of the paper is a signi cant extension d a previous conference
publication [Kumar et al. 2003]. The extensions are along tle following dimensions:
1) We present a comprehensive list of the APls available in tle fusion module. 2) We
introduce the bottom-up and top-down approaches to improving the quality of the
initial placement of the role assignment algorithm. Based o the characteristic of
the input task graph, one or the other approach may be more ddgable to provide
a better initial deployment. 3) Using a novel home-grown middleware simulator
(MSSN), we present scalability results in terms of increasen network size as well
as in the size of the input application task graph. Within the simulator, we have
developed approximations to an optimal assignment (using isnulated annealing
algorithm) that allows comparison of our proposed role asginment algorithm to a
theoretical optimal.

The rest of the paper is structured as follows. Section 2 angkes fusion applica-
tion requirements and presents the DFuse architecture. In 8ction 3, we describe
how DFuse supports distributed data fusion. Section 4 explins a heuristic-based
distributed algorithm for placing fusion points in the netw ork. This is followed by
implementation details of the framework in Section 5 and itsevaluation in Section 6.
We then compare our work with existing and other ongoing e orts in Section 7,
present some directions for future work in Section 8, and coclude in Section 9.
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2. APPLICATION CONTEXT AND REQUIREMENTS

A fusion application has the following characteristics: (J) it is continuousin nature,
(2) it requires e cient transport of data from/to distribut ed sources/sinks and (3)
it requires e cient in-network processing of application- speci ed fusion functions.
A data source may be a sensor (e.g. camera) or a standalone gi@m; a data sink
represents an end consumer and includes a human in the loopnaactuator (e.g.
re alarm), an application (e.g. data logger), or an output d evice such as a display;
a fusion function transform the data streams (including aggegation of separate
streams into a composite one) en route to the sinks. Thus, a fion application is
a directed task graph the vertices are the fusion functions, and the edges represt
the data ow (i.e. producer-consumer relationships) amongthe fusion points (cycles
- if any - represent feedback in the task graph).

This formulation of the fusion application has a nice generéity. It may be an
application in its own right (e.g. video based surveillancg. It allows hierarchically
composing a bigger application (e.g. emergency responseherein each component
may itself be a fusion application (e.g. image processing o¥ideos from trac
cameras). It allows query processing by overlaying a spect query (e.g. \show a
composite video of all the tra c at the spaghetti junction”) on to the task graph.

Consider for example, a video-based surveillance applicain. Cameras are de-
ployed in a distributed fashion; the images from the camerasare ltered in some
application-speci ¢ manner, and fused together in a form that makes it easy for
an end user (human or some program) to monitor the area. The ampute inten-
sive part may analyze multiple camera feeds from a region toxract higher level
information such as \motion", \presence or absence of a huma face", or \pres-
ence or absence of any kind of suspicious activity". Figure Shows the task graph
for this example application, in which Iter and collage are fusion functions that
transform input streams into output streams in an application speci ed manner.
The fusion functions may result in contraction or expansionof data ows in the
network. For example, the Iter function selects images with some interesting prop-
erties (e.g. rapidly changing scene), and sends the compresd image data to the
collage function. Thus, the Iter function is an example of a fusion point that does
data contraction. The collage function uncompresses the irages coming from pos-
sibly di erent locations. It combines these images and send the composite image
to the root (sink) for further processing. Thus, the collage function represents a
fusion point that may do data expansion.

2.1 Technology Trends

Given the pace of technology, it is conceivable to imagine fure sensor networks
wherein some nodes have the computational capability of tody's handhelds (such
as an iPAQ), and communication capabilities equivalent to Bluetooth, 802.11a/b/g,
802.15.3 (WPAN), or even UWB (up to 1Gbps). While a quest for snaller foot-
print devices with lower cost continues, we expect that thee will have a continuum
of capabilities from the Berkeley motes to today's handheld. Recent advances in
low-power microcontrollers, and increased power-conscis radio technologies lend
credence to this belief. For example, next generation iMoteprototypes [imote ]
and Telos motes [Polastre et al. 2004] are available for reaech now. Although
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Fig. 1. An example application. (A) pictorial representation of the task graph
(with expected data ow rates on the edges); (B) textual representation of the task
graph.

not as computationally powerful as a modern iPAQs, iMotes povide 12MHz 32-bit
ARM7TDMI processors and 64KB RAM/512KB FLASH, a signi cant increase in
capability compared to Berkeley mote MICA2 [mica2 ] predecssors that only had
8MHz 8-bit ATmegal28L microcontrollers with 4KB RAM/128KB FLASH. Fur-
thermore, the wireless bandwidth available with iMotes is Bluetooth based (over
600Kbps application-level bandwidth), greatly exceedingBerkeley motes' 38.4Kbps
data rate. Coupled with this trend, high-bandwidth sensors such as cameras are
becoming ubiquitous, cheaper, and lighter (in this case, pssibly due to the large-
scale demands of cell-phone manufacturers for these cameatavhere camera phone
shipment is expected to reach 903 million in 2010 [Reiter ]).Thus, we envision the
future wireless sensor networks deployments to consist ofigh bandwidth and pow-
erful sensor/actuator sources and infrastructures coexigng with more constrained
nodes, with energy still being a scarce resource.

2.2 Architectural Assumptions

We have designed the DFuse architecture to cater to the evoimg application needs
and emerging technology trends.

We make some basic assumptions about the execution envirorent in the design
of DFuse:

|The application level input to the architecture are:
(1) an application task graph consisting of the data ows andrelationship among
the fusion functions
(2) the code for the fusion functions (currently supported as C program binaries)
(3) a cost function that formalizes some application quality metric for the sensor
network (e.g. \keep the average node energy in the network te same").

|The task graph has to be mapped over a large geographical are. In the ensuing
overlay of the task graph on to the real network, some nodes maserve asrelays
while others may perform the application-speci ed fusion gerations.

|The fusion functions may be placed anywhere in the sensor ndwork as long as
the cost function is satis ed.
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|All source nodes are reachable from the sink nodes.

|Every node has a routing layer that allows each node to deter mine the route to
any other node in the network. This is in sharp contrast to mod current day
sensor networks that support all-to-sink style routing. However, the size of the
routing table in every node is only proportional to the size d the application task
graph (to facilitate any network node in the ensuing overlayto communicate with
other nodes hosting fusion functions) and not the physical ge of the network.

|The routing layer exposes information (such as hop-count t o a given destination)
that is needed for making mapping decisions in the DFuse ardkecture.

It should be noted that dynamically generating a task graph to satisfy a given
data-centric query plan is in itself an interesting researt problem. However, the
focus of this paper is to provide the system support to meet tle application require-
ments elaborated in the previous subsections honoring thelmove assumptions.

2.3 DFuse Architecture Components

Figure 2 shows the components of the DFuse architecture. The are two com-
ponents to this architecture that are the focus of this paper fusion module and
placement module

From an application perspective, there are two main concers:

(1) How do we develop the fusion application? The fusion codéself (e.g. \motion
detection" over a number of incoming video streams and prodaing a digest)
is in the purview of the application developer. However, thee are a number
of systems issues that have to be dealt with before a fusion @pation can be
carried out at a given node including: (a) providing the \plu mbing" from the
sources to the fusion point; (b) ensuring that all the inputs are available; (c)
managing the node resources (CPU and memory) to enhance permance, and
(d) error and failure handling when some sources are non-resnsive.

We have designed a fusion module with a rich API that deals wih all of the
above issues. We describe this module in Section 3.

(2) How do we generate an overlay of the task graph on to the sesor network?
As we mentioned earlier, some nodes in the overlay will act aselays and some
will act as fusion points. Since the application is dynamic gources/sinks may
join/leave as dictated by the application, new tasks may be ceated, etc.), and
the physical network is dynamic (sources/sink may fail, intermediate nodes may
run out of energy, etc.) this mapping is not a one-time deal. Ater an initial
mapping re-evaluation of the mapping (triggered by changesn the application
or the physical infrastructure) will lead to new assignment and re-assignment
of the nodes and the roles they play (relay vs. fusion).

We have designed a placement module that embodies a role ageiment algo-
rithm that deals with the above issues. We describe this modle in Section 4.

3. FUSION MODULE

The API provided by the fusion module is summarized in Figure3. The API calls
are presented in an abstract form to elide language and platfrm implementation
details.
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Fig. 2. DFuse Architecture

The fusion API provides capabilities that fall within the fo llowing general cate-
gories:

3.1 Structure management

This category of capabilities primarily handles \plumbing " issues. The fundamental
abstraction in DFuse is the fusion channel shown in Figure 4. It is a named,
global entity that abstracts a set of inputs and encapsulates a programmer-supplied
fusion function. Inputs to a fusion channel may come from thenode that hosts
the channel or from a remote node. Item fusion is automatic ad is performed
according to a programmer-speci ed policy either on reques(demand-driven, lazy,
pull model) or when input data is available (data-driven, eager, push model). Items
are fused and accessed by timestamp (usually the capture tim of the incoming
data items). An application can request an item with a particular timestamp
or by supplying some wildcard speci ers supported by the API (such asearliest
item, latest item). Requests can be blocking or non-blocking. To accommodate
failure and late arriving data, requests can include a mininum number of inputs
required and a timeout interval. Fusion channels have a xedcapacity speci ed at
creation time. Finally, inputs to a fusion channel can themslves be fusion channels,
creating fusion networks or pipelines. Using a standard or ppgrammer-supplied
protocol, a fusion channel may be migrated on demand to anoter node of the
network. This feature is essential for supporting the role @signment functionality
of the placement module. Upon request from an application, he state of the
fusion channel is packaged and moved to the desired destinan node by the fusion
module. The fusion module handles request forwarding for cinnels that have been
migrated.

3.2 Correlation control

This category of capabilities primarily handles speci cation and collection of \cor-
relation sets" (related input items supplied to the fusion function). Fusion requires
identi cation of a set of correlated input items. A simple scheme is to collect input
items with identical application-speci ed sequence numbes or virtual timestamps
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| Structure Management

channel = createFC(inputs, fusion_function)
result = destroyFC(channel)

channel_connection = attachFC(channel)

result = detachFC(channel_connection)

item = get/putFCltem(channel_connection, attributes)
result = consumeFCltem(channel, attributes)
inputs = get/setFClnputs(channel, new_inputs)
inputs = addFCInput(channel, input)

inputs = removeFClnput(channel, input_index)
location = getFCLocation(channel)

result = moveFC(channel, new_location)

result = moveFC(channel, new_location, protocol)

| Correlation Control

params = get/setFCCorrelation(channel, correlation_par ams)
params include:
min, max correlation set size
correlate by timestamp?
correlation ranges for temporal correlation (per input)
discard late items?
correlation predicates:
boolean addltemToCorrelationSet(channel, item, set)
boolean activateFusionFunction(channel, set)

| Computation Management

function = get/setFCFunction(channel, fusion_function)
handler = get/setFCEventHandler(channel, event, handler )
source = get/setFCAsynchinput(channel, source)

| Caching, Prefetching, Bu er management

size = get/setFCPrefusionBufferSize(channel)
policy = get/setFCFusionPolicy(channel, fusion_policy)

policy = get/setFCPrefusionBufferExpiry(channel, expir y_policy)
| Failure and Latency Handling
timeout = get/setFCCorrelationTimeout(channel, timeout )
policy = get/setFCCorrelationTimeoutPolicy(channel, ti meout_policy)

item = get/putFCErrorltem(channel, error_item)
| Status and Feedback Handling

status = get/putFCStatus(channel, status, include_input s?)
command = get/putFCCommand(channel, command, propagatef?

Fig. 3. Fusion channel API summary

Producers \ / Consumers

®
(sensors or ° (actuators or
other fusion o other fusion

°
channels) / ST \ channels)

Fig. 4. An example task graph using the fusion channel abstretion.

Fusion function f()
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(which may or may not map to real-time depending on the appli@tion). Fusion

functions may declare whether they accept a variable numbeof inputs and, if so,
indicate bounds on the correlation set size. Correlation mg involve collecting sev-
eral items from each input (for example, a time-series of dat items from a given
input). Correlation may specify a given number of inputs or correlate all arriving

items within a given time interval. Most generally, correlation can be characterized
by two programmer-supplied predicates. The rst determines if an arriving item

should be added to the correlation set. The second determirgf the collection phase
should terminate, passing the current correlation set to the programmer-supplied
fusion function.

3.3 Computation management

This category of capabilities primarily handles the speci cation, application, and
migration of fusion functions. The fusion function is a progammer-supplied code
block that takes as input a set of timestamp-correlated itens and produces a fused
item (with the same timestamp) as output. A fusion function is associated with
the channel when created. It is possible to dynamically chage the fusion function
after channel creation and modify the set of inputs to a fusiom channel.

3.4 Memory Management

This category of capabilities primarily handles caching, pefetching, and bu er
management. Typically, inputs are collected and fused (ordemand) when a fused
item is requested. For scalable performance, input items a collected (requested) in
parallel. Requests on fusion pipelines or trees initiate aeries of recursive requests.
To enhance performance, programmers may request items to bprefetched and
cached in aprefetch bu er once inputs are available. An aggressive policy prefetches
(requests) inputs on-demand from input fusion channels. Bler management deals
with sharing generated items with multiple potential consumers and determining
when to reclaim cached items' space.

3.5 Failure and Latency Handling

This category of capabilities primarily allows the fusion points to perform partial
fusion, i.e. fusion over an incomplete input correlation sé It deals with sensor
failure and communication latency that are common, and often indistinguishable,
in sensor networks. Fusion functions capable of accepting &ariable number of
input items may specify a timeout on the interval for correlation set collection. Late
arriving items may be automatically discarded or included in subsequent correlation
sets. If the correlation set contains fewer items than needby the fusion function,
an error event occurs and a programmer-supplied error hanelr is activated. Error
handlers and fusion functions may produce speciatrror items as output to notify
downstream consumers of errors. Fused items include metaath indicating the
inputs used to generate an item in the case of partial fusion Applications may use
the structure management API functions to remove the faulty input if necessary.

3.6 Status and Feedback handling

This category of capabilities primarily allows interaction between fusion functions
and data sources such as sensors that supply status informian and support a
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command set (for example, activating a sensor or altering & mode of operation -
such devices are often a combination of a sensor and an actua). We have observed
that application-sensor interactions tend to mirror appli cation-device interactions in
operating systems. Sources such as sensors and intermedidusion points report
their status via a \status register’." Intermediate fusion points aggregate and
report the status of their inputs along with the status of the fusion point itself via
their respective status registers. Fusion points may poll his register or access its
status. Similarly, sensors that support a command set (to aler sensor parameters or
explicitly activate and deactivate) should be controllable via a \command" register.
The speci c command set is, of course, device speci ¢ but thgeneral device driver
analogy seems well-suited to control of sensor networks.

4. PLACEMENT MODULE

This module is responsible for creating aroverlay of the application task graph on
to the physical network that best satis es an application-speci ed cost function.
A network node can play one of the three roles:end point (source or sink), relay,
or fusion point [Bhardwaj and Chandrakasan 2002]. In our model, the end poits
are determined by the application. The placement module embdies a distributed
role assignmentalgorithm that manages the overlay network, dynamically assigning
fusion points to the available nodes in the network.

The role assignment algorithm has to be aware of the followig properties of a
WASN:

| Node Heterogeneity Some nodes may be resource rich compared to others. For
example, a particular node may be connected to a permanent peer supply.
Clearly, such nodes should be given more priority for takingon transmission-
intensive roles compared to others.

| Communication Vs. Computation: Studies have shown that wireless communi-
cation is more energy draining than computation in current day wireless sensor
networks [Hill et al. 2000]. It should be noted that in future wireless sensor net-
works wherein we expect more signi cant processing in the ndes (exempli ed
by the fusion functions), computation is likely to play an in creasingly important
role in determining node energy [Wolenetz 2005].

| Dynamic Behavior: As we already mentioned (see Section 2.3), both the appli-
cation and the network environment are dynamic, thus requiring role assignment
decisions to be made fairly frequently during the lifetime d the application.
Therefore, it is important that the algorithm have low overh ead, and scale well
with the size of the application and the network.

The formulation of the role assignment problem, the cost furction, and the pro-
posed heuristic are sensitive to the above properties. Hower, the experimental
and simulation results (Section 6) deal only with homogeneas network nodes.

1A register is a communication abstraction with processor re gister semantics. Updates overwrite
existing values, and reads always return the current status
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4.1 The Role Assignment Problem

Given N = (Vy;Ey), viz.,the network topology, and T = (W;E;), viz.,the task
graph, and an application specic cost metric, the goal is to nd a mapping f :
Vi !V, that minimizes the overall cost Here, V,, represents nodes of the sensor
network and E,, represents communication links between them. In the task gaph,
V; represents fusion functions ( Iter, data fusion, etc.) and E; represents ow of
data between the fusion points. A mappingf : V; ! V, generates an overlay
network of fusion points to network nodes; implicitly, this generates a mapping
| : E¢ I f eje2 E,g of data ow to communication links. The focus of the role
assignment algorithm is to determinef ; determining | is the job of the routing layer
and is outside the scope of this paper.

We use \fusion function" and \fusion point" interchangeabl y to mean the same
thing.

4.2 Cost Functions

We describe ve sample cost functions below. They are motiveed by recent research
in power-aware routing in mobile ad hoc networks [Singh et al 1998; Jae-Hwan
Chang and Leandros Tassiulas 2000]. Théealth of a nodek to host a fusion role
r is expressed as the cost functiore(k; r). Note that the lower the value computed
by the cost function, the better the node health, and therefae the better equipped
the nodek is to host the fusion point r.

| Minimize transmission cost - 1 (MT1) . This cost function aims to decrease
the amount of data transmission required for hosting a fusim point. Input data
needs to be transmitted from the sources to the fusion pointsand the fusion
output needs to be propagated to the consumer nodes (possiplgoing through
multiple hops). For a fusion function r with m input data sources (fan-in) and n
output data consumers (fan-out), the cumulative transmisson cost for placingr
on nodek is formulated as:

x
cvrt 1(k;r) = t(source) HopCount(input;;k)=Rel(input;;k)

1
[y

+ t(r) HopCount(k; output; )=Rel(k; output;)
j=1

Here, t(x) represents the amount of data transmission (in bits per unittime) of a
data sourcex, HopCount(i; k) is the distance (in number of hops) between node
i and nodek, and Rel(i;j ) is a value between (@&nd1) representing the reliability
of the transmission link between nodes and j.

| Minimize power variance (MPV) : This cost function aims to keep the power
(energy) levels of the nodes the same. This is a simple costration that ignores
the actual work being done by a node and simply focuses on theeamaining power
at any given node for role assignment decisions. The cost ofoihg any work at
node k is inversely proportional to its remaining power level power(k), and is
formulated as:

cupv (k) = 1 =power(k)
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| Minimize ratio of transmission cost to power (MTP) : MT1 focuses on
the work done by a node. MPV focuses on the remaining power at given node.
MTP aims to give work to a node commensurate with its remaining energy level,
and thus represents a combination of the rst two cost functions. Intuitively, a
role assignment based on MTP is a re ection of how long a givemode k can
host a given fusion functionr with its remaining power level power(k). Thus,
the cost of placing a fusion functionr on nodek is formulated as:

eute (Kir) = out a(kir) cmpv (K) = out 1(k;r)=power(k)

| Minimize transmission cost - 2 (MT2) . This cost function takes into account
node heterogeneity. In particular, it biases the role assigment with a view to
protecting low energy nodes. It can be considered a variantfdMT1 , with the cost
function behaving like a step function based on the node's mmaining power level.
The intuition is that if a node has wall power then its cost function is the same
as MT1. For a node that is battery powered, we would protect it from hosting
(any) fusion point if its energy level goes below a predetermiad threshold Thus
a role transfer should be initiated from such a node even if itresults in increased
transmission cost. This is modeled by making the cost of hogstg any fusion
function at this node in nity . This cost function is formulated as:

cut 2(k;r) = ( power(k) > threshold ) ?( eyt 1(k;r) : INFINITY ))

| Minimize Computation and Communication Cost (MCC) : This cost
function accounts for both the computation as well as the comrmunication cost
of hosting a fusion function:

cvee (K;r) = cut 1(K;r)  €adio (k) (Communication energy)
+ cycleCount(k;r) frameRate (r) e.omp(k) (Computation energy)

This equation has two parts:
(1) Communication energy: cut 1(K; r) represents the transmission cost (bits per
unit time);
€radio (K) is the energy per bit consumed (Joule/bit) by the radio at node k.
(2) Computation energy: cycleCount(k,r) is the computation cost (total number
of instructions per input data item) for executing the fusion function r on
node k for a standard data input (frame) size;
frameRate(r) is the number of items generated per second by;
ecomp (K) is the energy per instruction consumed (Joule/instruction) by the
processor at nodek.
If the network is homogeneous and if we assume that the proceisg of a given
fusion function r is data independent, then cycleCount(k;r) and ecomp (k) are
the same for any nodek. In this case role assignment based on MCC behaves
exactly the same as MT1.
In our experimental and simulation results reported in this paper (which does
relative comparison of our role assignment algorithm to stéic and optimal), we do
not consider MCC any further. However, absolute network lifetime will diminish
if the node energy for computation is taken into account. Sub a study is outside
the scope of this paper and is addressed in companion works péénetz 2005;
Wolenetz et al. 2004; 2005].

ACM Transactions on Sensor Networks, Vol. X, No. Y, XX 20XX.



112

It should be emphasized that the above cost functions are sapies. The appli-
cation programmer may choose to specify théhealth of a node using the gure of
merit that best matches the application level requirement. The role assignment
algorithm to be discussed shortly simply uses the applicatn provided metric in its
assignment decisions.

4.3 In Search of Optimality

The general case of mapping an arbitrary task graph (directd) onto another ar-
bitrary processor graph (undirected) is NP-complete [Garg and Johnson 1979;
Papadimitriou and Yannakakis 1988]. Since DFuse treats a faion function as a
black-box, and the application-speci ed cost function canbe arbitrary, the general
problem of role assignment is NP-complete.

Given speci c task graphs and speci c cost functions, optimal solutions can be
found deterministically. For example, consider an input task graph in which all
the fusion functions are data-expanding. For transmissionbased cost functions
(MT 1;MT 2), a trivial O(1) algorithm would place all the fusion points at the
sinks (or as close as possible to the sinks if there is a prolstehosting multiple roles
at a sink).

Fig. 5. Mapping a task graph using minimum Steiner tree (MST) : Example shows that MST does
not lead to an optimal mapping. For Gp, the edge weights can be thought of as hop counts, and
for Gt, as transmission volume. Edge weights on the overlay graphs (c and d) are obtained by
multiplying the edge weights of the task graph with those the  corresponding edge weight of the
network links.

At the other extreme, consider a task graph wheraall the fusion functions are data
contracting. In this case, for transmission based cost furtions, fusion functions
need to be applied to nodes that are as close to the data sourseas possible.
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Therefore, nding a minimum Steiner tree (MST) of the networ k graph connecting
the sources and the sinks, and then mapping individual fusin functions to nodes
close to the data sourcesnay lead to a good solution, though optimality is still not
guaranteed as shown in an example mapping in Figure 5. In the>ample, since
an MST is obtained without considering the transmission reaglirements in the task
graph, a mapping based on MST turns out to be more expensive tin the optimal.
Also, nding MST is APX-complete 2, with best known approximation bound of
1.55 [Robins and Zelikovsky 2000]. Finally, as is illustragd in this example, MST
based solutions cannot be applied for an arbitrary task grafpp and cost functions.

Moreover, existing approximate solutions to Steiner tree ad graph mapping
problems are impractical to be applied to sensor networks. &h solutions assume
that (1) the network topology is known, (2) costs on edges in he network are
known, and (3) the network is static. None of these assumptias hold in our case:
the network topology is not known and must be discovered; cdas on edges are
known locally but not globally (and it is too expensive to gather this information
at a central planner); and even if we could nd the optimal deployment, because of
inherent dynamism of WASN, we need to re-deploy.

All of these considerations lead us to design a heuristic forole assignment. The
fundamental design principle is not to rely on any global knavledge.

4.4 The Role Assignment Heuristic

We have developed a heuristic that adheres to the design priiple of using local
information and not relying on any global knowledge. The heuistic goes through
three phases: initialization , optimization, and maintenance We describe these
three phases in the following subsections.

4.4.1 |Initialization Phase. In this phase, we make a rst-cut naive assignment
of fusion points to the network nodes. The application has no started yet, and
no application-speci ed cost function is used in this initial mapping. The only
real input to this phase of the algorithm is the resource congaints of the network
nodes (for e.g. \is a node connected to a wall socket?", \doea node have enough
processing power and memory", etc.). The initial placement however, has a huge
impact on the quality of the steady-state behavior of the apgdication. For example,
if the initial mapping places a fusion point k hops away from an optimal placement,
at leastk role transfers are needed before reaching an optimum. Thefere, we adopt
either a top-down or bottom-up approach based on thenature of the application task
graph to make the initial placement a good starting point for the subsequent phases.
Essentially, if it is known that all the fusion functions in t he task graph are data
contracting, then placing them as close to the data sourcesspossible lowers the
transmission overhead. This is the bottom up approach, whee we start from the
leaves (sources) of the task graph and work towards the rootgink). On the other
hand, if the task graph has mostly data expanding fusion funtions, then placing
the fusion points close to the sinks makes sense. This is thep-down approach,
where the mapping starts from the root of the task graph and piogresses towards

2APX is the class of optimization problems in NP, having polyn  omial time approximation algo-
rithms
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the leaves. The default (in the absence of anya priori knowledge about the task
graph) is to take a bottom-up approach since data contraction is more common in
sensor applications.

In either case, this phase is very quick. Needless to say, th@apping of sources
and sinks to network nodes is pre-determined. Therefore, ta job of the initialization
phase is to determine the mapping of the fusion points to the etwork nodes. In
principle if the task graph has a depthk and the network has a depthn, an attempt
is made in the initialization phase to place all the fusion pants in at most k levels
of the tree either near the sources (bottom-up) or the sinks {op-down).

Top-down Approach. This phase starts working from the root (sink) node?.
Based on its resource constraints, the root node either dedes to host the root
fusion function or not. If it decides to host the root fusion function, then it delegates
the mapping of the children subtrees to its neighbors (eithe in the same level or the
next level). This role assumption and delegation of the subtees progresses until all
the fusion functions are placed on network nodes. Relay nodgas required) are used
to connect up the sources to the network nodes that are hostig the fusion points
of the task graph closest to the leaves. It is possible that irthis initial phase a node
may be asked to host multiple fusion functions, and it is alsopossible that a node
may decide not to host any fusion point but simply pass the in@ming subtree on to
one of its neighbors. In choosing delegates for the subtregthe \resource richness"
of the neighbors is taken into account. This recursive tree hilding ends at the data
source nodes, i.e. the leaves of the task graph. The completi noti cation of the
tree building phase recursively bubbles up the tree from thesources to the root.
Bottom-up Approach. As with the top-down approach, this phase starts at the
root node. However, the intent is to assign fusion points clee to the sources due
to the data contracting nature of the task graph. To understand how this works,
suppose the input task graph is a tree with depthk. The leaf nodes are the data
sources. Their parents are the fusion points that arek 1 level distant from the
root. For each fusion function at layer (k 1) the root node asks an appropriate data
source (commensurate with the task graph connectivity and &oiding duplication)
to select the network nodes to host the set of fusion functios at levelk 1 that are
its consumers. To select the fusion node among its neighbarthe data source will
prefer a node which is closer to the root node in terms of hop amt. The selected
nodes at levelk 1 report their identity to the root node. Once all the fusion
functions at level (k 1) have been thusly mapped, the root node recursively maps
the fusion functions at the next higher levels of the tree in asimilar way. As with
the top-down approach, relay nodes (as required) bridge thel®t level fusion points
of the task graph to the root.

For the bottom-up approach, the root node plays an active rok in mapping the
fusion point. The alternative would be to ood the complete task graph to the
leaf nodes and other participating network nodes close to th leaves. Since the
data sources can be quite far from the root such ooding can beajuite expensive.
Therefore, in the bottom-up approach the root node explicily contacts a network
node that is hosting a fusion point at a given level to map its parents to network

SNote that there could be multiple root nodes (one for each sin k in the application task graph).
This phase of the heuristic works in parallel starting from e ach such root.
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nodes. This was not necessary for the top-down approach, whe the root node
needed to contact only its neighbor nodes for the mapping oftie subtrees.

4.4.2 Optimization Phase. Upon completion of the initialization phase, the root
node starts a recursive wave of \start optimization phase" message to the nodes
of the network. This phase is intended to re ne the initial mapping before the
application starts. The input to this phase is the expecteddata ows between the
fusion points and the application-speci ed cost function. During this phase, a node
that is hosting a fusion point is responsible for either coninuing to play that role
or transferring it to one of its neighbors. The decision for ole transfer is taken
by a node (that hosts that role) based on local information. With a certain pre-
determined periodicity a node hosting a fusion function inbrms its neighbors its
role and its health (a metric determined by the application-speci ed cost function).
Upon receiving such a message, the recipient computes its omhealth for hosting
that role. If the receiving node determines that it is in better health to play that
role, an intention to host message is sent to the sender. If the original sender
receives one or more intention messages from its neighborthe role is transferred
to the neighbor with the best health. The overall health of the overlay network
improves with every such role transfer.

The optimization phase is time bound and is a tunable paramegr of the role
assignment heuristic. Upon the expiration of the preset tine bound, the root node
starts a recursive wave of \end optimization phase" messagein the network. Each
node is responsible in making sure that it is in a consistent tate (for example, it
is not in the middle of a role transfer to a neighbor) before popagating the wave
down the network. Once this message reaches the sources thpkase is over, and
the application starts with data production by the sources.

4.4.3 Maintenance Phase. The maintenance phase has the same functionality as
the optimization phase. The input to this phase are theactual data ows observed
between the fusion points and the application-speci ed cosfunction. In this phase,
nodes periodically exchange role and health information ad trigger role transfers
if necessary. The application dynamics and/or the network d/namics leads to such
role transfers. Any such heuristic that relies entirely on local information is prone
to getting caught in local minima (see Section 4.5). To redue such occurrences,
the maintenance phase periodically increases the size of ¢hset of neighbors a
node interacts with for potential role transfer opportunit ies. The overhead of the
maintenance phase depends on theeriodicity with which the neighborhood size
is increased and thebroadcast radiusof the neighborhood. These two factors are
exposed as tunable parameters to the application.

4.4.4 Support for Node Failure and Recovery.Failures can occur at any of the
nodes of the sensor network: sources, sinks or fusion point# sink failure is directly
felt by the application and it is up to the semantics of the application whether it
can continue despite such a failure. A source or intermedia fusion point failure
is much more subtle. Such a failure a ects the execution of tle fusion functions
hosted by the nodes downstream from the failed node that arexecting input from
it. The manifestation of the original node failure is the unsuccessful execution of
the fusion functions at these downstream nodes. As we mentied in Section 3.5,
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the fusion module has APIs to report fusion function failure to the application.
The placement and fusion modules together allow recovery ahe application from
failure as detailed below.

After the rsttwo phases of the role assignment heuristic, any node that is hosting
a fusion point knows only the nodes that are consuming data fom it. That is, any
given node does not know the identity of the network nodes thaare producing data
for that node. In fact, due to the localized nature of the role transfer decisions, no
single node in the network has complete knowledge of the physal deployment of
the task graph nor even the complete task graph. This poses ahallenge in terms
of recovering from failure. Fortunately, the root node has il knowledge of the
task graph that has been deployed. We describe how this knowtge is exploited in
dealing with node failure and recovery.

Basically, the root node plays the role of an arbiter to help resurrect a failed
fusion point. Note that any data and state of the application that is lost at the
failed node has to be reconstructed by the application. The ecovery procedure
explained below is to simply re-establish the complete taskgraph on the sensor
network subsequent to a failure.

O ee O O ee O

Fig. 6. An example failure scenario showing a task graph over laid on the network. An edge in
this gure may physically comprise of multiple network link  s. Every fusion point has only local
information, viz. identities of its immediate consumers.

Recovery procedure. Let the failed fusion point be at level k of the task graph,
with m input producer nodes at level k 1) to this fusion point, and n output
consumer nodes at levelK+1) awaiting output from this fusion point. The following
three steps are involved in the recovery procedure:

(1) Identifying the consumers: The n consumer nodes at level K + 1) generate
fusion function failure messages (see Section 3.5). Theseessages along with
the IDs of the consumers are propagated through the network atil they reach
the root node.

(2) Identifying the producers: Since there arem producers for the failed node,
there are correspondinglym subtrees under the failed fusion function. The
root identi es these subtrees and the data sources at the |efaof these subtrees,
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respectively, by parsing the application task graph. For e@h of thesem sub-
trees, the root node selectone data source at the leaf level. Them selected
data sources generate grobe message each (with information about the failed
fusion function). These messages are propagated through éhnetwork until

they reach the m nodes at level k 1). Thesem nodes (which are the pro-
ducers of data for the failed fusion function) report their respective identities
to the root node.

(3) Replacing the failed fusion point: At this point the root node knows the physical
identities of the consumers and producers to the failed fusin point. It requests
one of them to choose a candidate neighbor node for hosting éhfailed fusion
function. The chosen node informs the producers and consume of the role
it has assumed and starts the fusion function. This complete the recovery
procedure.

Needless to say, during this recovery process the consumene producer nodes
(once identi ed) do not attempt to do any role transfers. Als o, this recovery proce-
dure is not resilient to failures of the producers or the conamers (during recovery).

4.5 Analysis of the Role Assignment Heuristic

For the class of applications and the environments that the pble assignment algo-
rithm is targeted, the health of the overall mapping can be thought of as the sum
of the health of individual nodes hosting the roles. The heuistic triggers a role

transfer only if there is a relative health improvement. Thus, it is safe to say that
such dynamic adaptations indeed improve the life of the netwrk with respect to

the cost function.

The heuristic could occasionally result in the role assignrant getting caught in a
local minima. However, due to the dynamic nature of WASN and the re-evaluation
of the health of the nodes at regular intervals, such occurreces are short lived.
For example, if ‘'minimize transmission cost (MT1 or MT2)' is chosen as the cost
function, and if the network is caught in a local minima, that would imply that
some node is losing energy faster than an optimal node. Thugne or more of the
suboptimal nodes die causing the algorithm to adapt the asginment. This behavior
is observed in real life as well and we show it in the evaluatin section.

The choice of the cost function has a direct e ect on the behaior of the heuristic.
We examine the behavior of the heuristic for a cost function hat uses two simple
metrics: (a) simple hop-count distance, and (b) fusion dataexpansion or contraction
information.

Fig. 7. Linear Optimization
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Fig. 8. Triangular Optimization

The heuristic facilitates two types of optimizations:

| Linear Optimization : If all the inputs to a fusion node are coming via a relay
node (Figure 7A), and there is data contraction at the fusion point, then the
relay node becomes the new fusion node, and the old fusion nedransfers its
responsibility to the new one (Figure 7B.) In this case, the fision point is moving
away from the sink, and coming closer to the data sources. Siitarly, if the
output of the fusion node is going to a relay node, and there iglata expansion,
once again the relay node acts as the new fusion node. In thisase, the fusion
point is coming closer to the sink and moving away from the daa sources.

| Triangular Optimization . If there are multiple paths for inputs to reach a
fusion point (Figure 8A), and if there is data contraction at the fusion node,
then a triangular optimization takes place (Figure 8B) to bring the fusion point
closer to the data sources; in the event of data expansion th&ision point moves
towards the sinks. The original fusion point node becomes aalay node.

5. IMPLEMENTATION

We use iPAQ running Linux as our conceptualization of
a \future sensor node" in the implementation. DFuse is
implemented as a multi-threaded runtime system, assum-
ing infrastructure support for reliable timestamped data
transport through the sensor network. The infrastruc-
tural requirements are met by a programming system
called Stampede [Ramachandran et al. 1999; Adhikari
et al. 2002]. A Stampede program consists of a dynamic
collection of threads communicating timestamped data
items through channels Stampede also providesregis-
ters with full/lempty synchronization semantics for inter-
thread signaling and event noti cation. The threads,
channels, and registers can be launched anywhere in theFig. 9. Fusion Module
distributed system, and the runtime system takes care Components

of automatically garbage collecting the space associated

with obsolete items from the channels.
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5.1 Fusion Module

The fusion module consists of the shaded components shown Figure 9. It is im-
plemented in C as a layer on top of the Stampede runtime systemAll the bu ers
(input bu ers, fusion bu er, and prefetch bu er) are implem ented as Stampede
channels. Since Stampede channels hold timestamped itemis,is a straightforward
mapping of the fusion attribute to the timestamp associatedwith a channel item.
The Status and Command registers of the fusion architectureare implemented us-
ing the Stampede register abstraction. In addition to theseStampede channels and
registers that have a direct relationship to the elements ofthe fusion architecture,
the implementation uses additional Stampede channels andhreads. For instance,
there are prefetch threads that gather items from the input bu ers, fuse them, and
place them in the prefetch bu er for potential future requests. This feature allows
latency hiding but comes at the cost of potentially wasted néwork bandwidth and
hence energy (if the fused item is never used). Although thigeature can be turned
0, we leave it on in our evaluation and ensure that no such wasgeful communi-
cation occurs. Similarly, there is a Stampede channel that ®res requests that
are currently being processed by the fusion architecture teeliminate duplication of
work.

The createFC call from an application thread results in the creation of al the
above Stampede abstractions in the address space where theeating thread re-
sides. An application can create any number of fusion channe (modulo system
limits) in any of the nodes of the distributed system. An attachFC call from an
application thread results in the application thread being connected to the spec-
i ed fusion channel for getting fused data items. For e cient implementation of
the getFCltem call, a pool of worker threads is created in each node of the di
tributed system at application startup. These worker threads are used to satisfy
getFCltem requests for fusion channels created at this node. Since datmay have
to be fetched from a number of input bu ers to satisfy the getFCltem request,
one worker thread is assigned to each input bu er to increasdahe parallelism for
fetching the data items. Once fetching is complete, the workr thread rejoins the
pool of free threads. The worker thread to fetch the last of the requisite input
items invokes the fusion function and puts the resulting fugd item in the fusion
bu er. This implementation is performance-conscious in two ways: rst, there is
no duplication of fusion work for the same fused item from muliple requesters;
second, fusion work itself is parallelized at each node thnagh the worker threads.

The duration to wait on an input bu er for a data item to be avai lable is speci ed
via a policy ag to the getFCltem. For example, if try _for_time_delta policy is
speci ed, then the worker thread will wait for time delta on the input bu er. On
the other hand, if block policy is speci ed, the worker thread will wait on the input
bu er until the data item is available. The implementation a Iso supports partial
fusion in case some of the worker threads return with an errocode during fetch of
an item. Taking care of failures through partial fusion is a very crucial component
of the module since failures and delays can be common in WASN.

As we mentioned earlier, Stampede does automatic reclamain of storage space
of data items in channels. Stampede garbage collection usesglobal lower bound
for timestamp values of interest to any of the application threads (which is derived
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from a per-thread state variable called thread virtual time). Our fusion architecture
implementation leverages this feature for cleaning up the ®rage space in its internal
data structures (which are built using Stampede abstractins).

5.2 Placement Module

Stampede's runtime system sits on top of a reliable UDP layein Linux. Therefore,

there is no support for adaptive multi-hop ad hoc routing in the current implemen-
tation. Further, there is no support for gathering real health information of the

nodes. For the purposes of evaluation, we have adopted a ndveombined imple-
mentation/simulation approach. The fusion module is a real implementation on

a farm of iPAQs as detailed in the previous subsection. The Ecement module
is an event-driven simulation of the three phases of the rolassignment algorithm
described in Section 4. It takes an application task graph ad the network topology

information as inputs, and generates an overlay network, wirein each node in the
overlay is assigned a unique role of performing a fusion opation. It models the

health of the sensor network nodes. It currently assumes andeal routing layer
(every node knows a route to every other node) and an ideal MAQayer (no con-
tention). Further, path reliability for MT1 and MT2 cost fun ction evaluation is

assumed to be 1 in the simulation. However, it should be cleathat these assump-
tions are not inherent in the DFuse architecture; they are male only to simplify

the simulator implementation and evaluation.

We have implemented an interface between the the fusion moda implementation
and the placement module simulation. This interface faciltates (a) collecting the
actual data rates of the sensor nodes experienced by the appation running on
the implementation and reporting them to the placement module simulation, and
(b) communicating to the fusion module (and e ecting through the DFuse APIs)
dynamic task graph instantiation, role changes based on théhealth of the nodes,
and fusion channel migration.

6. EVALUATION

We have performed an evaluation of the fusion and placement wdules of the DFuse
architecture at two di erent levels: micro-benchmarks to quantify the overhead
of the primitive operations of the fusion API including channel creation, attach-
ments/detachments, migration, and 1/O; and ability of the p lacement module to
optimize the network given a cost function. The experimentd setup uses a set of
wireless IPAQ 3870s running Linux \familiar" distribution version 0.6.1 together
with a prototype implementation of the fusion module discussed in section 5.1.

We rst describe the micro-benchmarks and then the results vith the placement
module, both for a small network of twelve iPAQs. Next, we will describe the
simulation results for a network of more than a thousand nods, where we will only
look at di erent aspects of the placement algorithm.

6.1 Micro Measurements of Fusion API

Figure 10 shows the cost of the DFuse API. In part (a), each APIcost has 3 elds
- local, ideal, and API overhead Local cost indicates the latency of operation ex-
ecution without any network transmission involved, ideal cost includes messaging
latency only, and API overhead is the subtraction of local ard ideal costs from
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Fig. 10. (a) Fusion Channel APIs' cost (b) Fusion channel migation (moveFC)
cost

‘ Round ‘ Msg overhead H ‘ Round ‘ Msg overhead

‘ AP

Trips (bytes) API Trips (bytes)

createFC 3 596 getFCltem(1K) -0 1 0 6 3112
destroyFC 5 760 getFCltem(10) - 00 1 10 1738
attachFC 3 444 getFCltem(1K) - 00 1 10 4780
detachFC 3 462 getFCltem(10) - 01 2 10 1738
putFCltem (10) 1 202 getFCltem(1K) - 01 2 10 4780
putFCltem (1K) 1 1216 consumeFCltem 2 328
getFCltem (10) - 0 1 1 P 662 moveF(@2R) 20 4600
getFCltem (1K) - 0 1 1 P 1676 moveF(R2L) 25 5360
getFCltem(10) - 0 1 O 6 1084 moveF(R2R) 25 5360

Table I. Number of round trips and message overhead of DFuseSee Figure 10 for
getFCltem and moveFQon guration legends.

actual cost on the iPAQ farm. Ideally, the remote call is the sum of messaging
latency and local cost. Fusion channels can be located anywvehne in the sensor net-
work. Depending on the location of the fusion channel's inpt(s), fusion channel,
and consumer(s), the minimum cost varies because it can inlee network commu-
nications. getFCltem is the most complex case, having four di erent con gurations
and costs independent of the item sizes being retrieved. Fgpart (a), we create fu-
sion channels with capacity of ten items and one primitive Sampede channel as
input. Reported latencies are the averages of 1000 iteratits.

On our iPAQ farm, netperf [Netperf 2003] indicates a minimum UDP roundtrip
latency of 4.7ms, and from 2-2.5Mbps maximum unidirection streaming TCP
bandwidth. Table | depicts how many round trips are required and how many bytes
of overhead exist for DFuse operations on remote nodes. Frothese measurements,
we show messaging latency values in Figure 10(a) for ideal sa costs on the farm.
We calculate these ideal costs by adding latency per round tp and the cost of the
transmission of total bytes, presuming 2Mbps throughput. Comparing these ideal
costs in Figure 10(a) with the actual total cost illustrates reasonable overhead for
our DFuse API implementation. The maximum cost of operations on a local node
is 5.3ms. For operations on remote nodes, APl overhead is Ieghan 74.5% of the
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ideal cost. For operations with more than 20ms observed latecy, API overhead
is less than 53.8% of the ideal cost. This gure also illustrées that messaging
constitutes the majority of observed latency of API operations on remote nodes.
Note that ideal costs do not include additional computation and synchronization
latencies incurred during message handling.

The placement module may cause a fusion point to migrate acrss nodes in the
sensor fusion network. Migration latency depends upon manyactors: the number
of inputs and consumers attached to the fusion point, the rehitive locations of
the node where moveFQs invoked to the current and resulting fusion channel,
and amount of data to be moved. Our analysis in Figure 10(b) asumes a single
primitive stampede channel input to the migrating fusion channel, with only a single
consumer. Part (b) shares the same ideal cost calculation ntkodology as part (a).
Our observations show that migration cost increases with nmber of input items
and that migration from a remote to a remote node is more cost than local to
remote or remote to local migration for a xed number of items. Reported latencies
are averages over 300 iterations for part (b).
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Fig. 11. The network tra c timeline for di erent cost functi ons. X axis shows the
application runtime and Y axis shows the total amount of data transmission per
unit time.
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6.2 Application Level Measurements of DFuse
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Fig. 12. iPAQ Farm Experiment Setup. An arrow represents tha t two iPAQs are mutually
reachable in one hop.

We have implemented the fusion application (Figure 1) usingthe fusion API
and deployed it on the iPAQ farm. Figure 12 shows the topologtal view of the
iPAQ farm used for the fusion application deployment. It consists of twelve iPAQ
3870s con gured identically to those in the measurements abve. Node 0, where
node i is the iPAQ corresponding to ith node of the grid, acts as the sink node.
Nodes 9, 10, and 11 are the iPAQs acting as the data sources. €Hocation of Iter
and collagefusion points are guided by the placement module. We have tued the
fusion application to generate data at consistent rates astsown in Figure 1, with x
equal to 6KBytes per minute. This is equivalent to a scenariowhere cameras scan
the environment once every minute, and produce images rangg in size from 6 to
12KBytes after compression.

The placement module simulator runs on a separate desktop isynchrony with
the fusion module. At regular intervals, it collects the transmission details (number
of bytes exchanged between di erent nodes) from the farm. Ituses a simple power
model (see Section 6.2.1) to account for the communicationast and to monitor
the power level of di erent nodes. If the placement module deides to transfer a
fusion point to another node, it invokes the moveFQ\PI to e ect the role transfer.

6.2.1 Power Model. The network is organized as the grid shown in Figure 12.
For any two nodes, the routing module returns the path with a minimum number
of hops across powered nodes. To account for power usage atedent nodes, the
placement module uses a simple approach. It models the powéavel at every node,
adjusting them based on the amount of data a node transmits orreceives. The
power consumption corresponds to ORINOCO 802.11b PC card szi cation [ori
2003]. Our current power model only includes network commuitation costs. After
nding an initial mapping (naive tree), the placement algor ithm runs in optimiza-
tion phase for two seconds. The length of this period is tunake and it in uences the
quality of mapping at the end of the optimization phase. During this phase, fusion
nodes wake up every 100ms to determine if role transfer is waanted by the cost
function. After optimization, the algorithm runs in mainte nance phase until the
network becomes partitioned (connectivity can no longer besupported among all
the fusion points of the task graph). During the maintenance phase, role transfer
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Fig. 13. Comparison of di erent cost functions. Application runtime is normalized
to the best case MT2 ), and total remaining power is presented as the percentage
of the initial power.

decisions are evaluated every 50 seconds. The role trans$eaire invoked only when
the health improves by a threshold of 5%.

6.2.2 Experimental Results. Figure 11 shows the network tra ¢ per unit time
(sum of the transmission rate of every network node) for the ost functions discussed
in Section 4.2. It compares the network tra ¢ for the actual p lacement with respect
to the best possible placement of the fusion points (best pasble placement is found
by comparing the transmission cost for all possible placenms). Note that the
application runtime can be increased by simply increasing lie initial power level of
the network nodes.

In MT1 , the algorithm nds a locally best placement by the end of the opti-
mization phase itself. The optimized placement is only 10% wrse than the best
placement. The same placement continues to run the applicadbn until one of the
fusion points (one with the highest transmission rate) diesi.e. the remaining capac-
ity becomes less than 5% of the initial capacity. If we do not dow role migration,
the application will stop at this time. But allowing role mig ration, as in MT2 , en-
ables the migrating fusion point to keep utilizing the power of the available network
nodes in the locally best possible way. Results show thaWiT2 provides maximum
application runtime, with an 110% increase compared to thatfor MT1 . The ob-
served network tra c is at most 12% worse than the best possille for the rst half
of the run, and it is the same as the best possible rate for thedtter half of the run.
MPV performs the worst while MTP has comparable network lifetime asMT2 .
Figure 11 also shows that running the optimization phase bedre instantiating the
application improves the total transmission rate by 34% conpared to the initial
naive placement.

Though MPV does not provide comparably good network lifetime (Figure 1B),
it provides the best (least) power variance compared to othe cost functions (Fig-
ure 13A). SinceMT1 and MT2 drain the power of fusion nodes completely before
role migration, they show worst power variance. Also, the number of role migra-
tions is minimum compared to other cost functions (Figure 138). These results
show that the choice of the cost function depends on the apptiation context and

ACM Transactions on Sensor Networks, Vol. X, No. Y, XX 20XX.



125

o 1000 I
30000 —e—TopDown Initialization —— TopDown Initialization
—a—BottomUp Initialization 800 4 —=— BottomUp Initialization
25000 { o

@
o
o

20000

N
o
s}

15000

N
=}
S

10000

5000 ._H_._._.\I—H—.—. T T T 1

0 0 10 20 30 40
0O 10 20 30 40 50 60 70 80 90 100 Task Graph Size (Number of fusion functions)
Contraction Ratio (%)

Control Overhead
(Number of messages)

o

Transmission Rate (Bytes/Sec)

Fig. 15. E ect of input task graph size upon total
Fig. 14. E ect of data contraction on initial map- transmission cost of initial mapping. Network
ping quality. Network grid size is 32X32. grid size is 32X32.

10000 TopDown Initialization

—e— TopDown Initialization
100000 P 8000 BottomUp Initialization
90000 —a— BottomUp Initialization
80000
70000
60000
50000
40000
30000
20000

6000
4000

Control Overhead
(Number of messages)

2000

Transmission Ratio (Bytes/Sec)

0 200 400 600 800 1000 1200
100000 Network Size (Total number of nodes in the grid)
o 1 2 M ©
Task Graph Size (Number of fusion functions)
Fig. 17. E ect of network size upon control over-
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the network condition. If, for an application, role transfer is complex and expen-
sive but network power variance is not an issue, therMT2 is preferred. However,
if network power variance needs to be minimized and role trasfer is inexpensive,
MTP is preferred.

6.3 Simulation-based Study of Large Networks and Appliocat

To evaluate DFuse's scalability, we employMSSN, an event driven simulator of the
DFuse fusion channel and placement module. We report on thre studies performed
with this simulator: (a) control overhead of initializatio n phase algorithms, (b)
performance of the role assignment algorithm for a small aplication on a large
network, and (c) scalability of the role assignment heuristc for a large application.

6.3.1 Initialization phase algorithms. We have simulated the two initialization
algorithms to study their control overhead properties and initialization quality.
The control overhead relates directly with the time and enelgy consumed during
the initialization phase. The variables are the network graph size, input task graph
size, and the average distance from sink to the sources. Rdtshow that the
control overhead, in terms of the total number of control mesages, depends mainly
on the distance between the sink and the data sources, and itaries only a little
with the size of the task graph. Also, Figure 14 and 15 show theicompared to top-
down algorithm, bottom-up approach leads to much better initial mapping in terms
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Fig. 18. Results of 3 simulations using MT2 on 4x4 and 32x32 grids (16 and 1024 nodes).

of total transmission cost. Even when the task graph has conderable number of
of data expansion fusion points (i.e. contraction ratio les than 50% in Figure 14),
bottom-up algorithm gives better initial mapping than the t op-down algorithm.

Figure 16 and 17 show that the control overhead (number of cotmol messages) for
the two initialization algorithms increase linearly with t he increase in task graph
size or with the increase in sink to data source distance. Amiag the two algorithms,

bottom-up algorithm has lower message overhead.

6.3.2 Single Fusion Point Scalability Study. To determine the performance with
respect to optimal transmission cost of the placement modié as the number of
network nodes increases, we use a simple, single fusion pbiimage collage) ap-
plication model with two camera sources and a single sink. Wescale the network
topology from a 4x4 to a 32x32 grid, with the initial camera placements mapped
randomly along one edge (to distinct nodes), and the sink plaed in one of the two
opposite corners of the grid. Simulation begins in the mainénance phase, with the
collage fusion channel mapped to a random node not chosen farcamera or sink.
We tailor the cameras each to produce 2KB images 5 times per iulated second,
and tune the collage fusion function to simply concatenate he two input images,
yielding 20KB per simulated second throughput to the sink, barring any migration
or communication-induced latencies. These rates are 100rties faster than used in
our iPAQ farm, but still well within OriNoCo 11Mbps bandwidt h, barring excessive
collisions. For the 4x4 grid (initially fully powered, with a node having a 1 hop
distance to nearest neighbors only, including diagonal nghbors), the transmission
cost for any of our random camera placements, once the collags optimally placed,
is 60KB*hops/second, assuming no collisions or other latecies. Similarly, for the
32x32 grid, the initial optimal transmission cost at maximum possible throughput
is 620KB*hops/second, for any of our random camera placemsa.

6.3.2.1 Single Fusion Point Scalability Results. Figures 18, 19 and 20 show, for
each of theMT2 , MPV and MTP cost functions, and for each of two topology
scales: 4x4 and 32x32 nodes, the application lifetime and nlime transmission cost
over time produced by the local placement heuristic, relatve to the current trans-
mission cost of an optimal, globally decided mapping. For eeh cost function and
topology scale, we use 3 trials with varying initial random lections of camera and
collage placements. The graphs indicate the average, miniom and maximum costs
across these trials, for each of the actual and optimal mappigs. As a baseline ver-
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Results of 3 simulations using MPV

on 4x4 and 32x32 grids (16 and 1024 nodes).
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stant migration would need to take from current mapping, eva

n terms of number of hops an in-
luated at every placement heuristic

i cation, the initial optimal transmission costs depicted in these gures agree with
the predicted 60KB*hops/second for the 4x4 topology and 62&B*hops/second for
the 32x32 topology. Furthermore, as nodes die, even the optial costs increase as
redundant, but more expensive resources are leveraged by ¢hplacement heuristic.
For MT2 (Figure 18), actual placement corresponds closely to the dpmal place-
ments for the 4x4 topology, and rapidly converges to optimalmapping followed by
slow degradation for 32x32 topology. ForMPV (Figure 19), transmission cost for
the majority of network lifetime is approximately 50-100% more than an optimal
mapping. Minimizing power variance leads to frequent migrdions and transmis-
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sion cost-agnostic behavior, hence the high variance in tnasmission cost over the
life of the network. For MTP (Figure 20), actual placement rapidly converges to
an optimal mapping, followed by moderate degradation and ircreasing variance as
transmission cost is traded o for greater mapping stability as battery variances
increase. The performance rankings of each of these cost feions remain the same
as the network scale increases from the iPAQ-farm to the 10240de simulation:
MT2 achieves very close to optimal transmission cost, even in #32x32 node sim-
ulation, followed by MTP and then MPV . MT2 and MTP consistently achieve
the greatest application lifetime, although MPV achieves the same lifetime in one
case: When the simple application is simulated on a large, 382 sensor network
topology, the lifetime of the network is limited by the energy in \hot spot" critical
nodes adjacent to the sink. Even though costly migrations ad high-transmission
cost mappings result from usingMPV , there are enough redundant resources in
the network to let the application survive until the sink's n eighbors die.

Figure 21 gives overall summaries of the proximity of the loally decided col-
lage placement to the globally optimal transmission cost pacement, for each of the
cost functions and network scales studied. 0 hops dominateof MT2 because it
performs close to optimal. This gure also indicates that examining neighbors fur-
ther away than 1 hop during placement decisions may not be nexssary forMT2 ,
as an optimal mapping is never further than a single hop awayrom the current
mapping in our experiments. MPV usage results in poor (large) numbers of hops
to get to the best transmission cost mapping becaus®PV does not attempt to
optimize transmission cost. Although a multihop placement heuristic may assist
in minimizing battery variance for large networks, it makes no practical sense to
do this because the transmission cost will remain unoptimied for MPV  while the
migration cost would increase, further reducing lifetime performance forMPV . In
essence, battery variance might be minimized, but no real wdk beyond migration
would be done. MTP has generally close proximity to the best transmission cost
mapping, closer than MPV but not as close asMT2 . As this cost-function par-
tially optimizes for transmission cost, a multihop placement heuristic may assist
in reducing transmission cost and increasing applicationifetime. However, in the
next section we show thatMT2 , MTP and MPV perform well in terms of cost
relative to our best \optimal" cost as scale increases, coutering the need for a
multihop placement heuristic.

6.3.3 Large Application Scalability Study. We extend MSSN to include three
general-purposeoraclesto determine \optimal" # cost in the context of MT2 , MPV
or MTP cost function. For small applications, we implement a geneal brute force
oracle, BF , that evaluates all n' possible mappings. We also employ two di erent
tunings, SA1 and SA2 of a simulated annealing algorithm in the form of two
approximating oracles.

4 Applications with ~ f fusion points mappable to n sensor nodes haven® possible mappings, making
determination of optimality for realistic applications ha  ving more than 10 fusion points imprac-

tical, especially as the application scale increases. We ap proach the problem of determining

optimality by using approximation algorithms with feasibl e complexity.
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Algorithm 6.1:  SA-Oracle (type; channels; nodes; costFunction(); Tcoiq)

for each c2 channels
do cthost  ragndom node 2 nodes
currentCost 2 channels  COStFunction (c)
T ( averagq cost for each neighbor with higher cost)=In(0:80))
if type= SAl
then iterationsP erT emperature j channelsj?
else iterationsP erT emperature j channelsj j nodeg==SA2
temperatureCount 0
repeat
oldCost  currentCost
for i g 1to iterationsPerT emperature
candidate random neighbor of current state
if ( cost(current to candidate) < 0)
then current state  candidate==Accept
do else if random number 2 [0;1]<exp(  cost=T)
% then current state  candidate==Accept

else ==Reject
T T 095
temperatureCount  temperatureCount +1
until (type= SAl and
(T < Teog OF temperatureCount > jnodeg? or currentCost = oldCost))
or (type= SA2and T <T¢oq)

In our SA1 and SA2 oracles, the state of our system is described by the current
mapping of fusion channels onto nodes, where a node may hostuttiple fusion chan-
nels simultaneously. The oracles take the application-spa ed DFuse cost function
summed over allf fusion channels as the objective function. We use two basio/pes
of randomized permutations to reach aneighbor state: picking a new host at ran-
dom for a fusion channel chosen at random, or swapping the htsof two randomly
chosen fusion channels. We choose a su ciently high initialtemperature in the
units of the global cost function by solving for T, given an input parameter for the
probability of accepting an average cost increase initialy (80%), and by averaging
any cost increases across all neighbors of the initial stateEach successive temper-
ature is a fraction (95%) of the previous temperature. SA1 and SA2 dier in the
number of perturbations considered at each temperature legl, and in the de nition
of the frozen state. SA1 is tuned to perform a signi cantly smaller search than
SA2 for large state spaces.SAl evaluatesf 2 perturbations at each temperature
level and terminates annealing whenT < T ;old, the number of temperature reduc-
tions has exceedea? or when the cost at the end of a temperature level is the same
as at the beginning. SA2 evaluatesf n perturbations at each temperature level
and terminates annealing only whenT < T.old. By empirically observing when
SA2 costs do not change adl decreases for more than 4 successive temperature
levels, we de ne T.old for each of the DFuse cost functions. Pseudocode for our
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Fusion Footprint (kb)
Function Description Input | Output | Runtime
Collage Combines two inputs into one output | 56*2 112 0

Select Selects one of two inputs 56*2 56 0

EdgeDetect Annotates one input 56 56 0
MotionDetect Compares one input to previous 56 56 94

Table Il. Scalable Application Model: Fusion Functions
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Fig. 22. Scalable Application Model: Sample 3 Fusion Point Aoplication on 16x16
Grid

SA1l and SA2 oracles is in Algorithm 6.1.

For this large application scalability study, we construct a scalable application
workload model based on workloads used in previous MSSN stigbs [Wolenetz et al.
2004]. The task graph consists of a tree composed from subgras comprised of
fusion channels that combine 2 inputs into 1 output stream ard fusion channels
that transform 1 input into 1 output stream. We only consider the time and energy
used to transmit inputs, outputs and channel bu er and state migration when de-
termining resource consumption. Table Il shows these dataizges for each function.
For example, the Selectfunction takes two 56kb inputs and outputs 56kb each iter-
ation, and the MotionDetect channel migrates 94kb in addition to any bu er state.
We con gure the sensor network to be a 256 node 16x16 grid withrectilinear and
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Cost Ratios at Varying Application Scales
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Fig. 25. Large Application Scalability Results For ~ MPV

diagonal nearest-neighbor connectivity and initially map the application onto it in
a form much like a tree. The number of fusion points is determned by the number
of camera sources used, thereby easily scaling the applidgah. Figure 22 presents
a sample 2 camera, 3 fusion point application's initial mappng (on a much smaller
grid here). Larger application scales are formed by combimg subgraphs like these
together into a larger tree.

6.3.3.1 Large Application Scalability Results. Figures 23, 24 and 25 show, for
each of theMT2 , MTP and MPV cost functions, and for several larger scale
applications, the performance and runtime complexity of the DFuse local placement
heuristic relative to BF , SA1 and SA2 oracles. For each cost function, oracle and
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application scale, we perform 10 trials using di erent random seeds for the simulated
annealing oracles and for the random choice among similar &y fusion functions

when generating the application task graphs. The graphs initate the average and
+/- one standard deviation across trials. For example, Figure 24 shows that DFuse
achieves an average cost 2.2 times higher thaBA2 for MTP with a 9 camera,
4 fusion point application, but only searches about 1/10,0@ of the mappings that

SA2 searches. It is computationally infeasible to runBF for large application

scales, but we include it for the 3 fusion point, 2 camera conguration as an optimal

baseline.

For MT2 , Figure 23 shows that DFuseoutperforms SA1 at all application scales
studied. This is likely due to the relatively small portion of the state space that
contains globally minimum transmission cost mappings. SA1 searchesf 2 map-
pings per temperature, and can terminate temperature redutons much sooner
than SA2, resulting in searching a very small portion of the search spce (about
1/100,000 for the smallest application scale studied).SA2 performs optimally at
this small application scale. For MT2 , DFuse performs about the same relative
to SA1 and SA2 as scale increases. While it is impractical to implement a gibal
algorithm such as SA2 in our sensor networks, we see that it would perform only
about twice as good as DFuse at the cost of much larger runtimeomplexity.

For MTP , Figure 24 shows that DFuse approaches bottSA1 and SA2 and
the standard deviation decreases as scale increases. Inspen of simulation traces
also indicates that DFuse performs about the same amount ofesarching and SA2
performs about twice the amount of searching forMTP vs MT2 . While it is
infeasible to perform a brute force search at larger scalest is quite interesting
to see that DFuse approaches our best feasibly computed optial global oracle at
larger scales forMTP .

For MPV , Figure 25 shows that SA1 and SA2 perform similarly as scale in-
creases (similar means, similar increasing standard devi@ns). The existence of
similar means betweenSA1 and SA2 con rms intuition that using MPV results in
a large number of global mappings close to the optimum mappig. For smaller ap-
plications, many of the nodes will remain idle and thereforehave equivalent MPV
costs. As application scale increases, standard deviatioincreases, re ecting the
larger number of battery level equivalence classes acroshd nodes. These results
indicate that we could expect goodMPV performance on average as application
scale increases becauseAl and SA2 perform about 1.1 to 1.3 times as good as
DFuse on average across all scales studied.

6.3.4 Placement Heuristic Results Summary. Our simulation experiments with
larger networks and applications con rm our intuitions abo ut the scalability of the
role assignment heuristic:

|As the network is scaled up to 1024 nodes for a single fusion mint application,
all three cost functions behave similarly with respect to e&h other in terms of
transmission cost relative to the current optimal transmission cost: MT2 per-
forms close to optimal, followed by MTP; MPV performs the worst.

|Scalability results, in terms of application lifetime, co nrm that more complex
cost functions that incorporate transmission energy costyMT2 and MTP) are
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able to extend lifetimes better than MPV, and that increasing redundant energy
resources (nodes) in WASN can further extend lifetimes whemising the migration
facility of DFuse.

|For large topologies and small applications studied, we n d that the energy of the
neighbors of the fusion application's powered sources andris typically deter-
mines the lifetime of the application. In this case, there ae so many redundant
in-network nodes that the lifetime is limited by the xed loc ation of application
endpoints (sources and sinks are assumed to not migrate).

|Examining neighbors further than 1 hop away from a fusion po int during a local
placement decision to achieve good transmission cost perfbance is unnecessary
for MT2 and MTP, and nonsensical for MPV.

[Most importantly, DFuse's placement heuristic performs w ell with respect to
our best feasibly computed globally optimal performance asapplication scale
increases for each of the cost functions. We show that heutis performance
actually improves relative to this optimal for MTP as applic ation scale increases.

7. RELATED WORK

Data fusion, or in-network aggregation, is a well-known tetinique in sensor net-
works. Research experiments have shown that it saves congthble amount of
power even for simple fusion functions like nding min, max a average reading of
sensors [Madden et al. 2002; Intanagonwiwat et al. 2000]. Wile these experiments
and others have motivated the need for a good role assignmemtpproach, they do
not use a dynamic heuristic for the role assignment and theirstatic role assignment
approach is not amenable to streaming media applications.

Using a data ow (task) graph to model distributed applicati ons is a common tech-
nigue in streaming databases, computer vision, and robotis [Cherniack et al. 2003;
Viola and Jones 2001; Rehg et al. 1997]. DFuse employs a sdribased interface
to express task graph applications over the network similarto SensorWare [Boulis
et al. 2003]. SensorWare is a framework for programming seas networks, but its
features are orthogonal to what DFuse provides. Specicall, 1) SensorWare does
not employ any strategy for assigning roles to minimize the tansmission cost, or
dynamically adapt the role assignment based on available ources. It leaves the
onus to the applications. 2) Since DFuse focuses on providgsupport for fusion in
the network, the interface to write fusion-based applications using DFuse is quite
simple compared to writing such applications in SensorWare 3) DFuse provides
optimizations like prefetching and support for bu er management which are not
yet supported by other frameworks. Other approaches, like RG [Madden et al.
2002], look at a sensor network as a distributed database angrovide a query-based
interface for programming the network. TAG uses an SQL-likequery language and
provides in-network aggregation support for simple classeof fusion functions. TAG
assumes a static mapping of roles to the network, i.e. a routig tree is built based
on the network topology and the query on hand.

Database researchers have recently examined techniques foptimizing continu-
ous queries over streaming data. In many cases, the systemseacentralized, and
all of the processing occurs on one machine [Chen et al. 200@ptwani et al. 2003;
Chandrasekaran et al. 2003]. The need to schedule operatover distributed,
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heterogeneous, resource constrained devices presents damentally di erent chal-
lenges. More recently, researchers have examined distribed stream processing,
where computations are pushed into the network much as in DFgse [Ahamad and
Cetintemel 2004; Pietzuch et al. 2006]. Unlike DFuse, thessystems usually assume
powerful in-network computation nodes, and attempt to minimize individual met-
rics like network usage and maximize throughput. For exampk, SBON [Pietzuch
et al. 2006] employs every node to run Vivaldi algorithm and gnerate a latency cost
space of whole network to facilitate operator placement. DEse allows a variety of
optimization functions so that the processing can be carrid out on lower-capability,
energy-constrained devices.

Moreover, a common technique in data stream systems is to reder Iter and
join (e.g. fusion) operations, according to the rules of redtional algebra, in order
to optimize network placement [Srivastava et al. 2005]. Sinlarly, systems such as
Aurora* [Cherniack et al. 2003] allow \box sliding" (e.g., moving operators) and
\box splitting" (e.g., splitting computation between two ¢ opies of an operator), but
assume that the semantics of the operator are known in orderd determine which
recon gurations are allowable. Our system is meant to deal \vith task graphs where
the computations are complex black boxes, and where operains often cannot be
reordered.

Some work has looked at in-network processing of streams umj resource con-
strained devices [Madden et al. 2002] but have focused primmdy on data aggre-
gation. Our work also addresses data fusion, which utilizesnore complex com-
putations on specic streams and requires novel role assignent and migration
techniques. Java object migration in MagnetOS [Liu et al. 2®5] is similar in spirit
to the role migration in DFuse, but MagnetOS does not allow the application to
specify its own cost function to a ect the migration behavior.

Other areas where distributed tree optimization has been loked at include dis-
tributed asynchronous multicast [Bhattacharya et al. 2003, and hierarchical cache
tree optimization on the Internet [Tewari et al. 1999]. However, these optimiza-
tions are done only with respect to the physical network progerties, and they do
not need to consider any input task graph characteristics (fision function depen-
dencies, black-box treatment, etc) and sensor network reguements (dynamism,
energy). One recent work in composing streaming applicatios over peer-to-peer
environments [Gu and Nahrstedt 2005] has looked at an optingation problem of
our avor, but the proposed algorithm adapts a mapping only in lieu of node fail-
ures, thus it is not suitable for WASN environments that need much more dynamic
adaptations.

Recent research in power-aware routing for mobile ad hoc natorks [Singh et al.
1998; Jae-Hwan Chang and Leandros Tassiulas 2000] propogesver-aware metrics
for determining routes in wireless ad hoc networks. We use siilar metrics to for-
mulate di erent cost functions for our DFuse placement modue. While designing a
power-aware routing protocol is not the focus of this paperwe are looking into how
the routing protocol information can be used to de ne more exible cost functions.

8. FUTURE WORK
There are several avenues for future research.
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|[While the applications targeted by the DFuse architecture are general (see Sec-

tion 2), the role assignment algorithm assumes knowledge dhe data sources for
deploying a task graph on the sensor network. This assumptio is limiting for ad-
dressing data centric queries where such knowledge is not aiable a priori. We
are exploring di erent ways to handle this additional source of dynamism in task
graph deployment. One possible approach is to have an intest-dissemination
phase before the initialization phase of the role assignméralgorithm. During
this phase, the interest set of individual nodes (for specic data) is disseminated
as is done in directed di usion [Intanagonwiwat et al. 2000] When the response
packets from the sources reach the sink (root node of the apjaation task graph),
the source addresses are extracted and recorded for later @isn other phases of
the role assignment algorithm.

[We plan to study the role assignment behavior in the presence of node mobil-
ity and/or failure. We expect future iterations of this algo rithm to gracefully
adapt fusion point placements in the presence of mobility ad failures as is done
currently to conserve power. The cost function may need to ikclude parameters
pertaining to mobility and node failures.

|[We are also investigating techniques for simultaneously d eploying multiple appli-
cation task graphs, including such issues as algorithms fadynamically detecting
such overlap, quantifying the energy saving a orded by mergng the overlapping
subgraphs, and techniques for merging subgraphs.

9. CONCLUSION

As the form factor of computing and communicating devices shinks and the capa-
bilities of such devices continue to grow, it has become reasable to imagine ap-
plications that require rich computing resources today beoming viable candidates
for future sensor networks. With this futuristic assumption, we have embarked on
designing APIs for mapping fusion applications such as distbuted surveillance on

wireless ad hoc sensor networks. We argue that the proposedaimework will ease
the development of complex fusion applications for future snsor networks. Our
framework uses a novel distributed role assignment algortim that will increase the

application runtime by doing power-aware, dynamic role asggnment. We validate

our arguments by designing a sample application using our imework and evalu-
ating the application on an iPAQ based sensor network testbd. We further show

the scalability of role assignment through extensive simuations.
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