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Abstract

In-network sensor query processing systems are used for
power -fficient sensory data acquisition and aggregationin
wireless sensor networks. Due to the cross-layer design of
these systems and the resource-limited and noisy nature of
WSNs, it is challenging to study the end-to-end
performance of these systems in a realistic setting. In this
paper, we design and implement a benchmark, Bisgue, for
this purpose. We identify the components of an SUT
(System Under Test), set the network topology, database
schema and population, select nine queries, as well as fix
the performance metrics and scaling factors for the
benchmark. We apply Bisque to TinyDB and its variations
with different network routing protocols and aggregation
techniques on a WSN emulation platform. Our initial
results show both the strengths and the limitations of
current-generation WSN query processing systems.

1. Introduction

Recent years have seen exciting progress on inenletw
query processing techniques [7][16][17][29] for &l&ss
sensor networks (WSNSs). This progress is integaiwith
the development of network routing protocols such a
AODV (Ad-hoc On-Demand Distance Vector) [4] and
Directed Diffusion [14]. As sensor query procegsin
systems involve both resource-limited hardware. (dhge
Crossbow MICA2 motes [8]) and new system software
(e.g., the Berkeley TinyOS [23]) with a cross-lagesign,
it is challenging to study the end-to-end perforoearmf
these systems in a realistic setting. In this pape make
the first attempt to develop a benchmark, Bisque
(Benchmark for In-network Sensor Query Processifay),
this purpose.

[28] and XMark [18] for XML query processing, and
Linear Road [1] for Stream Data Management.
Nevertheless, benchmarking in-network sensor query
processing requires new considerations on all eseHive
factors as well as on other factors.

First, we identify the SUT. As an in-network senso
query processing system is networked embedded a@ffw
its components on a sensor node are tightly intedraith
one another. Typically, there are three majorrgaye such
a system from bottom up: the MAC (Media Access
Control) layer, the routing layer, and the queryela We
focus on the two upper layers as they are moreelglos
related to query processing. Especially, givenréhatively
simple query layer in current systems, the routiager
plays a significant role in query processing andsctor
further study from a database point of view.

Next, we consider the database and query workload
design. As used in most sensor query processistgrag,
the database schema is a single relational tablieveér
than 20 attributes, including both sensory attebsue.g.,
light, temperature) and non-sensory attributes (e.g.,
nodelD). The database is virtual and dynamic in that the
data are flowing out of sensor nodes continuously are
not saved in the network. The workload is alsopsanas
seen in current WSN monitoring applications [3][1T] is
a set of continuous queries with selection, prajectand
aggregation operations. For the benchmark database
population, we generate synthetic data based dmwardd
data sets using spatial and temporal interpolatimrder to
both preserve the characteristics of the real-wddth sets
and suit the benchmark setup.

We select the performance metrics to be responss ti
power consumption, and quality of data. These inseare
chosen for real WSN application requirements ofiran
network sensor query processing system. In mission

Traditional database benchmarks mainly consider thecritical applications such as poisonous gas detectr

following five factors: (1) the System Under TeSUT),

usually the DBMS under evaluation, (2) the database concern.

schema and population, (3) the database worklegBdhé
performance metrics, and (5) the scaling factox$ ather
parameters. These issues have been discussegtmide
the classic benchmarking handbook [11] for trarneact
processing systems and have been well coveredtén la
benchmarks, for instance, OO7 [5] for Object-Omeht
DBMS, BUCKY [6] for Object-Relational DBMS, XBench

production monitoring, short response time is they k
For some outdoor, long-running applicegjo
power consumption is another concern as it mayds#yc
or impossible to replace the batteries. Finalbtadquality
is chosen because the environment is noisy and the
communication and aggregation techniques may be
erroneous.

Moreover, for an in-network sensor query processing
system, we set its network topology, scaling factand



other parameters in Bisque. We design the nettmbe in
a simple but representative n*n grid topology wittte
network size being one of the scaling factors. ®treer
two scaling factors are the length of the samptleriml in a
continuous query and the test duration. Theseingcal
factors together determine the amount of data figwin
the network. In addition, wireless transmissionge and
noise level are set as two system parameters.

With this benchmark design, we implement several

SUTs, generate network topologies and data setsriius
scales, and test the SUTs on our sensor networkasmnu

VMNet [25]. All SUTs are based on TinyDB [21], a

leading and publicly available in-network sensoremyu
processing system, with variations in the routimgtqcol
(TinyDB original, Directed Diffusion [14], or AODV4])

and in the aggregation scheme (TinyDB original or
The network emulator VMNet emulates
Crossbow MICA2 motes based wireless sensor networks
performance

SKETCH [7)).

and allows realistic application-level
evaluation [27]. All tools and documents are aalzli at
the Bisque web site [2] and we expect gradual gzdah
them with the advances in the state of the art #ed
growth of our experience.

or some nodes in the network, whereas the latopines
some aggregation information (e.g., SUM, MAX) abthe
sensor readings. In the following, we give an visw of
the state-of-the-art in-network processing techesqdor
these two classes of queries followed by a disonsshn
related work on benchmarking in general and peréoce
evaluation for sensor query processing in specific.
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Figure 1. A typical setup of in-network sensor query
processing

The remainder of this paper is organized as follows 2.1 Data acquisition queries

Section 2 reviews the background and related workne

network sensor query processing and benchmarking.

Sections 3 and 4 present the design and implenemtat
the benchmark, respectively. We discuss our Inigigults
in Section 5 and conclude in Section 6.

2. Background and related work

The current generation of smart sensor nodes, ¢esno
is battery-powered tiny devices equipped with ledit
computation and communication capabilities. Theeso
communicate with each other using a radio chanmed i
multi-hop fashion. Figure 1 illustrates a typicatup for
in-network sensor query processing. In this figtihe PC
runs client-side programs for users to post commanrd
queries to the sensor network and to receive qresylts
from the network. The sensor node that is conudeici¢he
PC is the sink (node). It forwards commands aretiga to
other nodes and forwards results to the PC. Afisse
nodes have network
(selection, projection, and aggregation) code. ébnquery
is injected into the network, these networked nadesthe
query epoch by epoch and send results back toitkeirs
each epoch.

In our work, we focus on continuous (or long-rurg)in
queries as opposed to snapshot (or one-time) guen®
study in-network query processing, we categorizeseh
queries into two classes: (simple) data acquisitjarries
[3][14][17] and aggregation queries [7][13][16][29]The
former simply collects individual sensor readingasni all

routing and query processing

As a simple data collection process, a data adonsi
query relies on the routing layer to execute thsk.ta
Consequently, routing protocols are the major faftiothe
performance of simple data acquisition queries e Buthe
resource-limited and noisy nature of sensor netsjaitkeir
routing protocols are aimed at efficient power eonption
and reliable data transmission. Three represeatediuting
protocols for data acquisition queries are AODV (4$ed
in Cougar [29]), Directed Diffusion [14], and theein
TinyDB. [17]

AODYV is a reactive routing protocol for ad-hoc mebi
networks. It builds a route between two nodes amthe
demand of the source node. This protocol has been
adopted and enhanced in Cougar to support theiryque
proxy layer for sensor networks. Directed Diffusicor
DD in short, is a data-centric communication pagadihat
integrates application-specific semantics into thating
layer. In DD, data is named as attribute-valuespand is
disseminated from source nodes to the node of taneist
(query) along multiple paths (multi-paths) for adlility.
Each receiving node adaptively reinforces (eitresitprely
or negatively) its neighbors based on the dataveddrom
them. In comparison, TinyDB uses a cost-basedleing
path routing protocol to build a routing tree, grdposes a
number of techniques for data acquisition quemesensor
networks, such as ordering of sampling and preecand
prioritizing packet delivery.



2.2 Aggregation queries power consumption and accuracy of their model-drive
data acquisition techniques. In comparison, ourrkwo
Different from simple data acquisiton queries, formalizes the key issues such as SUTs, topologyrics,
aggregation queries are not only related to the-lewel and scaling factors for general WSN query procgssin
routing protocols, but are also concerned with the ~ With this formalization as the basis, we study the
network aggregation schemes adopted in the hig-lev performance of different techniques under various
query (application) layer. Two representative @iwork configurations. _
aggregation techniques are TAG [16] in TinyDB and  Finally, there are also a few performance studies o
SKETCH [7]. sensor networks in simulation/emulation environraent

In the TAG approach [16], an aggregate is computed The two that are most relovant to our work are ¢hasing
bottom-up in the routing tree and many optimization POWerTOSSIM [19], a TinyOS simulator, and the TAG

techniques are used to improve the performance, e.g Simulator [7][16]. The study done on PowerTOSSIN][1
snooping the shared radio channel, hypothesisngestnd ~ Instrumented  TinyOS code to measure the power
adaptive network topology maintenance. Most rdgent Cconsumption of a set of simple programs (for examnfile
Considine et al. [7] studied approximate aggregatio Blink application that makes the lights on a sensode

techniques to enable fault-tolerant, multi-pathtimyr This ~ Plink) and a simple TinyDB query running on the
goal is achieved by converting duplicate-sensitive simulator. In comparison, the TAG simulator wasdi$o

aggregates, such as COUNT and SUM, into dupIicate-StUdy tho power consumption of TAG and the cerzedli
insensitive sketches before transmission. Althotigk aggregation [16], as well as the result accuracytha total
approach may increase communication overhead, theP@cket size of SKETCH [7]. Similarly, we use oensor

authors argue that their techniques are indiffetenthe ~ N€twork emulator to conduct realistic, applicatlovel
failures in nodes and in network links. Consequerttie performance evaluation. However, our focus isdsigh a

quality of data is improved in comparison with TAG. benchmark for in-network query processing and this
Additionally, both Cougar and Directed Diffusion benchmark can be used with other evaluation plaisor

considered aggregation processing. Cougar's apprsa

to divide an aggregation query plan into a numbeftaov 3. Benchmark design

blocks [29] whereas Directed Diffusion investighte

packet merging and duplicate elimination (not eiya8QL Bisque is designed as a general benchmark for in-
aggregates) [13]. network query processing systems. The purposdsufu@

is to reveal the main performance characteristicthese
2.3 Benchmarking and performance evaluation systems while keeping the major performance factors

controllable. The key elements of Bisque includgTs,

Benchmarking is a long-lasting research topic ie th network topology, data schema and population, query
database community [11]. There have been a nuwiber workload, performance metrics, and scaling factdrsthe
successful domain_speciﬁc benchmarks proposedhm t fO||0Wing, we present the formalization of thesereénts.
literature, for example, the TPC-x family benchnsafR4]
for transaction processing. Later benchmarks sash 3.1 System under test
BUCKY [6], Linear Road [1], OO7 [5], XBench [28]nd
XMark [18] are also excellent examples. We leawamf The system-under-test (SUT) in Bisque isimmetwork

the design methodology of these previous domaigiipe ooy query processing system. A three-layer illustration
benchmarks, and design and implement our own fer in of a typical SUT is shown in Figure 2.

network sensor query processing. We consider tata-

centric routing and data aggregation schemes in our Query Layer

benchmark and aim at creating a realistic and semtative [ selection ][ Projecion ][ doin ][ Aggregation |
setting for the performance study. To our bestwkedge,

Bisque is the first benchmark for in-network sengoery Routing Layer

processing. [Topology Maintenance][ Data Transmission ][Query Dissemination]

There have been a number of performance studies on
sensor networks using real-world deployment, inicigd MG ey
the GDI (Great Duck Island) project [13]']d the research [ Energy Conservation ][ Bandwidth Allocation ][Time Synchronization]

deployment in BBQ [9]. GDI deployed sensor netveoirk
outdoor environments mainly to study the power
consumption and data loss rate of the deployed or&tw Figure 2. Three-layer illustration of an SUT
The research deployment in BBQ was used to evathate



The MAC (Medium Access Control) layer of an SUT

manages the wireless, multi-hop radio communication The sink is shown as the dot in the center.

channel of a WSN. Its tasks include energy coraim,
bandwidth allocation, and time synchronization. eTh
routing layer maintains the network topology to
disseminate queries from the sink node into thevowekt
and to transmit sensor readings in the networkalBj, the
query layer executes declarative, SQL-style datmbas
queries. In this layer, relational query operatmes applied
to the sensor readings before the data are traeshtiy the
routing layer. The query layer is also responsifde
metadata management and power-aware query optiorizat
This layered SUT architecture in Figure 2 is an
abstraction of current in-network sensor query essing
systems, but not a requirement of Bisque. The corapts
of different layers may mix with one another ingesific
implementation of an SUT.

3.2 Network topology

As in common practice, the network topology in Bisq
is defined with three factors: the area, the nodstions,
and the network links. The sensor nodes are deglay
the specified positions in a two-dimensional ardaao
specified shape and size. Given the wireless rmasson
range of each node, a network link exists between t
nodes if their distance is within the transmissiange of

Figure 3 shows an example of a 5*5 grid deployment.
If the
transmission range of all nodes is 15 meters, theimum
number of hops from a node to the sink is 2 (drom
(0,0) to the sink (20,20)).

3.3 Database schema and population

The Bisque database schema consists of a singlalvir
relational table namedsensors. Such virtual table
abstraction has been widely used by previous reseeork
on sensor databases [17][29]. The schema conkmitis
sensory attributes that represent common types of sensors
today (e.g., temperature, light and microphone @shs
and non-sensory attributes (e.g., nodelD, timestamp, and
location attributes). We omit the schema for space
consideration. It is available in the Bisque sfieafion [2].

Because sensor networks are tightly embedded in the
physical world, sensory data collected from a deci
network deployment usually reflect the spatio-terapo
trends and correlations of the phenomena being toreai
in the environment. Therefore, we consider usinmga-
world data set as the Bisque database population.

There are many data sets publicly available instiresor
network research community, e.g., the Intel Labadsat
[15] and the GDI [12] data set. After analyzingsbeeal-
world data sets, we pick the Intel Lab data setthes

each node and no obstacles block the wireless Isignarecommended data set for Bisque. The reason fightsa

between them.

To simplify performance analysis, similar to the
previously adopted topologies [7], Bisque defines area
as a square of widthy, in which m*m nodes (including a
sink) are deployed at the cross points of (aml)*(m-1)
grid with the cell widtha= w/(m-1). Without causing
confusion, we call this grid am*m grid in the remainder of
the paper.
coordinate Xy), with the node at the lower left corner
being 0,0) and the node at the upper right cornemj.
The sink resides at or near the center of the afea:is
odd, it is at W2,w/2); otherwise, it is at((m-2)a/2, (m
2)al2).
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Figure3. A 5*5grid deployment

data set comes with a detailed network topologyrdia
and has a sufficient number of readings for eacternio the
topology.

In order to fit the data set to different sampleivals,
network topologies and test durations, we havegiesi a
data generator based on a simple spatio-temporal
interpolation model. Given an original data set #re user

The position of each node is denoted asequirements for the target data set (e.g., thatimes of

the nodes, the sample interval, and the duraticthedata
set), the data generator outputs a synthetic dzta She
code and description of this data generator islabiai at
the Bisque Web site [2].

Using the original Intel Lab data set as the injubur
data generator, we generate three synthetic datadfe
different scales (small, medium and large) as tbfaudt
Bisque database populations. The three data setsic
sensor readings for a 9-node (3*3), 25-node (545Y 49-
node (7*7) grid network topology, respectively.

The first reading of each node in a data set hasdme
timestamp. Each reading contains four fieldsdeid,
timestamp, light andtemp. In a data set, there are 1000
readings for each node (except for the sink) witfixad
interval of one second. Therefore, there are ljo2K,
24K and 48K sensor readings in the three data sets.

To give a rough idea about the spatial and temporal
characteristics of our data sets, Figure 4 showsntlean



values of the light readings of each node in thend@e
data set, and Figure 5 the light readings of five
representative nodes in the 49-node data set iover t
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Figure4. Mean light readings of nodesin the 49-node data set
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Figure5. Light readings of five nodesin the 49-node data set
3.4 Query workload

The goal of the Bisque query workload design is to
reveal the performance characteristics of in-netwprery
processing techniques. The query workload attertgts
include: (1) queries that are most common and usefu
real-world sensor network applications, and (2)rigpsethat
are simple but can serve as basic building blooksrfore
complex queries.

In this section, we present the nine SQL querieth@n
current version of Bisque query workload. In therkioad,
Q1-Q5 are data acquisition queries (Section 3.dnt) Q6-
Q9 are aggregation queries (Section 3.4.2). Adrips in
the workload are continuous queries. For the saitplof
presentation, the SAMPLE INTERVAL clause of all
queries is omitted. The sample interval of theserigs is
one of the scaling factors in Bisque, which is d&sed
separately in Section 3.6.

3.4.1 Dataacquisition query workload
Q1: Single Sensory Attribute Projection

SELECT nodeid, light
FROM  sensors

Q1 is the simplest query in the workload and allaws
basic performance comparison of different routing
protocols of the SUTs. It projects a single sepsdiribute
for all nodes in the network. The non-sensoryilaite
nodeid is also projected in order to identify what node a
tuple is from. Since what sensory attribute tojgrbdoes
not affect the relative performance of SUTight is chosen
as an arbitrary sensory attribute to project is thiery.

Q2: Projection of Multiple Sensory Attributes

SELECT nodeid, light, temp
FROM  sensors

Q2 projects multiple sensory attributes for all esdn
the network. The purpose of this query is to itigage the
effect of number of sensory attributes on differemiting
protocols. The number of attributes projectedhia query
can be increased as necessary.

Q3: Single Sensory Attribute Projection and Selection

SELECT nodeid, light
FROM  sensors
WHERE light> C

Q3 studies the performance of selection queriesaon
sensory attribute. In comparison with Q1, thisrguelds a
WHERE clause with a selection predicate on theegtep
light sensory attribute.

In each epoch (sample interval) of the query, ahbse
nodes whose current light readings satisfy theipage will
send out their data towards the sink even thoughaales
in the network must acquire their own light readingrhe
set of nodes that satisfy the predicate may vanmynfepoch
to epoch depending on the data.

The parametelC in the predicate is a user-specified
constant value. It can be changed to achieve rdiife
selectivities of the predicate.

Q4: Conjunctive Selection on Multiple Sensory Attributes

SELECT nodeid, light, temp
FROM  sensors

WHERE light > C;

AND temp> C,

The query condition of Q4 is the conjunction of tiplé
selection predicates on sensory attributes. Thirygis
used to investigate the predicate ordering issuguiary
evaluation. The number of predicates involved e t
selection condition can be increased as necessarand
C, are two user-specified constant values.



Q5: Disjunctive Selection on Multiple Sensory Attributes

SELECT nodeid, light, temp
FROM  sensors

WHERE light > C;

OR temp > C,

Q5 differs from Q4 in that its query condition is
disjunctive.  The techniques of handling disjunetiv
conditions, if present, are evaluated by this query

3.4.2 Aggregation query workload
Q6: Duplicate-Insensitive Smple Aggregation

SELECT MAX(light)
FROM  sensors

Q6 tests the performance of the aggregation schémes
duplicate-insensitive aggregates. All nodes inntbhavork
participate in the aggregation process.

Q7: Duplicate-Sensitive Smple Aggregation

SELECT SUM(light)
FROM  sensors

Q7 tests the performance of the aggregation schémes
duplicate-sensitive aggregates. The duplicateibétsof
the aggregate requires extra effort in multi-pathting in
order to ensure the correctness of query results.

Q8: Aggregation with Sensory Attribute Selection

SELECT AVG(light)
FROM  sensors
WHERE light > C

Q10: Aggregation with GroupBy and Having Clauses

SELECT SUM(light), loc_x
FROM Sensors

GROUP BY loc_x

HAVING SUM(light) < C

Unfortunately, when we used either VMNet or reakteno
network to test these complex queries, there wéteno
severe problems during the query execution. Thelpms
include high packet loss rates, heavily inaccurgtery
results, and difficulties in finding a multi-hoput@ to the
sink for distant nodes. We believe these problemes
mainly due to the computation and communication
resource constraints on the current generationeos®
motes.

3.5 Performance metrics

We select the following three performance metrias f
Bisque to evaluate the expected battery life, thiery
response time, and the result data quality.

(1) Power Consumption within an Interval (PT). Itis
the average accumulated power consumption of a tiade
processes the query within a time interval. Thistrin
determines the battery life of sensor nodes.

(2) Response Time (RT). For a given query, the
response time is the average time interval betwgen
consecutive query results arriving at the sink. teNthat,
given a fixed time duration, the number of resgkserated
by different SUTs may be different for the samergumn
the same data set and the same network topolodys T
difference is due to the differences in the routimg query

In comparison with Q6 and Q7, Q8 adds a selection processing techniques of the SUTs, and it affebis t

predicate on the aggregation attribute. The peteic
selects a subset of the nodes in the network ticjpeate in
the aggregation and this subset may change ovehepd
the query depending on the data.

Q9: Aggregation with GroupBy Clause

SELECT AVG(light), loc_x
FROM Sensors
GROUP BY loc_x

Q9 adds a GROUP BY clause to an aggregation query,

which results in more communication cost in thewoek
in comparison with Q6-Q8. The increased commuidnat
cost is because multiple partial aggregates, etaich is
for one group, are transmitted in each epoch.

3.4.3 Discussion

response time inversely.

(3) Relative Error Rate (RE). Assume at time, the
returned result i, and the correct sensory resulids If
there areM results produced between timeandt,, we
compute the average result error i@ein Equation 1 as in
previous work [7]. The relative error rate measutiee
accuracy of the query results.

1 & Vi - C
RE =— ) abs(———=L)* 100 %. i
v tzt ( c, ) o .....Equation 1
=11

3.6 Scaling factors and other parameters

We define three scaling factors in Bisque:
(1) Number of Nodes, or network size. It is the number
of nodes in the WSN, including the sink. This &act

We have considered several other complex queries asfects response time directly. It often takessimk longer

candidates to be added to the future version ofBisgue
query workload. An example is the following quépygo,
which adds a HAVING clause to Q9.

to receive a query result from a node in a largsork
than in a smaller one because it may take more hogs



the network contention may be heavier in the larger difference among TinyDB, AODV, and DD is in their

network.

(2) Sample Interval of Continuous Queries. The
sample interval is specified in a continuous quefynode
running the query generates a data tuple every Ilsamp
interval. If the sample interval is short, the aaday have
to work at a full speed and may have no time tesle

(3) Test Duration. The test duration of each query is set
based on the sample interval of the query. Bispeeifies
the duration to belO times long as the sample interval,
which is sufficient to get stable performance resul

The two other system parameters taamsmission range
and noise level. The transmission range is the maximum
distance between a source and a destination notthénwi
which the radio signals of the source node canesstally
reach the destination node. It determines the bietween
two nodes in a network. The noise level of an mmrent
describes the noise strength in the wireless chaoina
WSN. As it can be measured in an environment ande
classified to describe typical application envir@mts, it is
often used to estimate the Bit Error Rate (BER)thw
wireless communication [27].

4. Implementation

As the first step of our performance study usinggBe,
we selected four well-known SUTs proposed in the
literature, called AODV, DD, SKETCH, and TinyDB,
respectively. For fair comparison, all techniquesg.,
AODV, DD and SKETCH) are re-implemented to run on
TinyOS [23] unless the techniques are releasedthege
with the latest TinyOS stable version (1.1.0) (eACQP
[17] and TAG [16]). We have tested all of our
implementations using small-scale sensor netwoe{erb
we evaluate their performance on VMNet. Our rasah
the emulated networks (ESNs) from VMNet are simitar
those on real WSNs of the same configuration.

4.1 SUTs

To control the scale and complexity of the initial
performance study, we used the CSMA type MAC layer
provided in TinyOS 1.1.0 [17] for all four SUTSs. t #is
stage, we focus on investigating the performangeaotof
the different aggregation schemes and routing pod$o
adopted in the SUTs. For reliability, we comprestee
query messages of TinyDB to allow a query to be
transmitted in one message. Without this compoasshe
query messages sometimes need to be re-sent to tteac
nodes that are far from the sink, which has non-
deterministic performance effects. In addition, added
two attributes,loc x and loc_ y, into the query layer to
enable querying the locations of nodes. In shib&,major

routing layers. The difference between TinyDB and
SKETCH is SKETCH's new aggregation scheme and
multi-path routing. In the following, we presenhtet
implementation of the SUTs in detail.

TinyDB. We adopted the implementation of TinyDB in
TinyOS 1.1.0 package and made the necessary
modifications to allow benchmarking. This release
TinyDB includes a subset of the ACQP and TAG
implementation.

We chose the version 1.1.0 over the more recent
released version 1.1.13 for the code stability Eration.

At the current stage, we focus on the widely usedls-
path cost-oriented routing protocol in the versloh.0, and
do not compile and link other routing protocolsg(ge.
MintRoute [26]) released in the later versions TanyDB.
As illustrated by our experimental results in Sattb.2,
with an initial but stable implementation, the perfiance
differences between TinyDB and other SUTs are direa
revealed using Bisque.

AODV. There is an AODV implementation, Tiny
AODV, for an early version of TinyOS in the public
domain [20]. We adopted the core source code of
TinyAODV and modified it to run with the current+géon
of TinyDB query parser. The two modifications dfg
changing the old message format to match the newO$
message format, and (2) adding support for thetimtand
nodelD attributes.

DD. Directed Diffusion was initially implemented and
tested using the ns-2 simulator [14]. The autHater
developed a micro-edition of DD running on MICA rest
which is called TinyDiffusion [22]. However, the
implementation of TinyDiffusion contains only a dima
subset of the original design ideas presented enptper.
Considering this limitation, we chose to develop own
version of DD without using the publicly-available
TinyDiffusion code.

We have implemented the core components of DD for
MICA2 motes and TinyOS. This includes the interast
data caching, periodical interest refreshing, gratset-up
and maintenance, initial exploratory source dattn yow
rates, multi-path routing, path reinforcement ardjative
reinforcement.

We have made our best effort to follow the exacigte
ideas of DD. Nevertheless, in order to facilitate
benchmarking, we have made several minor modi6oati
We describe these modifications in order.

First, DD was designed and implemented using an
animal tracking application example in the origipalper.

In comparison, the Bisque query workload consists o
declarative database queries. Consequently, waerthe
high-level query layer source code of TinyDB andyon
replace the routing components of TinyDB with toeDD

we developed.



Second, the authors considered a peer-to-peer rietwo our technical report [27]. The computation of athmetrics
scenario in the original paper of DD, in which evende for Bisque is described in the following.

in the network can be both a data source and a slnk First, the query response time. VMNet logs the
comparison, Bisque is targeted for an in-networksee timestamps of sensory results at each node. Tleeyqu
query processing scenario, where all nodes in gte/ark response tim®&T is computed using Equation 2, wheres

are source nodes but there is only one sink coadéotthe the total number of results within the predefinexbtt
base station. Therefore, we disable the sink neodtiDD duration, andri the timestamp of thh result received at
on all nodes in the network except for the nodenected the sink.

to the base station. L

Finally, DD is based on multi-path routing and ajaa RT=—-» Ti-Ti-1......cccoiviiinnnn, Equation 2
assumes that aggregates are duplicate-insensitiverder n-1 i=2
to ensure the correctness of query results for ichate- Second, the relative error rate. The relativeremate is

sensitive SQL aggregates, such as COUNT and SUM, wecomputed using the input data set and the loggesyqu
change the multi-path routing of DD to single-pathting results. According to Equation 1 in Section 3, telative

for these aggregates (Q7-Q9 in Bisque query woddloa error rate needs the correct res@t of a query at
SKETCH. We implemented SKETCH [7] on top of timestamp t, and the returned resdit Since each tuple in
TinyDB for three aggregation operators, includinghg the data set bears a timestamp, VMNet uses a donirt

COUNT, and AVG. We followed most of the the query on the data set directly and computesdhect
implementation strategies proposed in the original resultCt at timestamp. The returned resultt is logged in
SKETCH paper [7]. For benchmarking, we have mbade t VMNet at the virtual time. Thus, the error rate can be
following modifications: computed.

(1) We modified the routing layer of TinyDB to daa
multiple paths, since SKETCH was proposed to run in
multi-path sensor networks.

(2) Instead of usin@0 16-bit bitmaps in the original .
SKETCH paper [7], we used0O 16-bit bitmaps for 9.1 Experimental setup
sketches. With the original compression scheme in

5. Experiments

SKETCH, this setting yields a good tradeoff betweata We used three PCs, each of which was equippedawith
accuracy (quality) and power consumption in our Pentium® 3.2GHz CPU, 1GB RAM, and a 40GB hard
experiments. disk. The operating system of the three PCs wak HRe

(3) We used the hash function proposed by Flajolet Linux 9.0. All PCs ran experiments independently.
[10], as we have no information about the exacthhas Because VMNet estimates response time and power

function used in the original SKETCH. consumption using instruction-level emulation ohser
nodes, different speeds of PCs do not affect the
4.2 Testbed experimental results.

The target sensor nodes that VMNet emulated in our
experiments were Crossbow MICA2 motes [8]. Theseen
board was MTS300CA and the processor board MPR
410CA. The sink consisted of an MIB510 interfacautdl
and an MPR410CA processor board. The version of
TinyOS and TinyDB in the experiments was 1.1.0.

We used 9, 25, and 49-node emulated sensor networks
(ESNs). The 5*5 ESN is shown in Figure 3, and ail
7*7 ESNs are similar to the 5*5 ESN. We intentilbyna
kept the network size to be under 100 to studyditailed
performance of the SUTs. Testing on large-scateor&s
with multiple sinks is one direction of our futur@rk.

The noise level of the environment was configuetd
-13 dB, which was an experiential value for a tgpiab
environment as ours. We set the path loss parasietget
a transmission range of 15 meters. This transanissinge
setting came from our experience with that of theCAR
sensor motes.

We set the remaining scaling factors as follows.ewh
the sample intervals of queries are 2s, 10s and tB@s

We used our VMNet [25] network emulator to perform
the experiments. It emulates MICA2 motes based ¥/SN
and reports performance results on power consumptio
execution time as well as relative error rate iprguesults.
The emulation is trace-driven and the queries rurthie
virtual (emulated) time. For instance, if the s&mripterval
of a query is 10s and the readings of each nodeeimnput
data set are one second apart, VMNet will take auteof
every 10 readings of nodelbfrom the input data set and
feed it to nodd in each sample interval.

We have performed extensive experiments to validate
VMNet. The results show that VMNet is able to mestie
power consumption and execution time realisticalljhe
relative performance difference between differestwork
configurations reported in VMNet is close to thatasured
in real WSNs. The mechanisms of estimating the ggow
consumption and the execution time of nodes in an
emulated sensor network (ESN) are described inildeta



corresponding test durations are 20s, 100s and. 3U0s
select the length of the interval as 60s when nm@ggthe
power consumption within an intervaPT), denoted as
PT(60s).

For the constant parameters in the Bisque querieset
C =130in Q3 and Q8;,& 130 and €= 590 in Q4 and
Q5. As a result, the selectivities of Q3 and Q8 laoth

between SUTs became considerable. The reasoratis th
with a short sample interval of 2s, the nodes kaefpve
[17] (no sleeping) and the power consumption inrapens
other than sleeping does not differ much [8]. dmtcast, a
longer sample interval (e.g., 10s and 30s) alldvessiensor
nodes to sleep for a period after their tasks amshied
within each sample interval. Furthermore, the sathe

90%, and those of Q4 and Q5 are 68% and 96%,sample interval, the heavier the network traffis, each

respectively. We define thepoch selectivity as the average
of the query selectivities for all nodes in an dpocThe
maximum and minimum selectivities of each querydtr
epochs and all nodes are within a 3% differencehef
epoch selectivity. We excluded low-selectivity fes
because we found that the performance differenetseen
the SUTs were insignificant when few nodes had ligsu
We designed high selectivities in Q3, Q5, and Q8How
the effects of additional computation in queriesthwi

predicates when the amount of data transmittedcis n

changed much. In Q4, we designed the medium $etgct
to study the effects of selectivity on the perfonme of the
SUTs.

node with satisfying query results tries to sené oesult
per sample interval.

Figure 6b shows that on average, TinyDB was thet mos
power-saving SUT when the sample interval was 10s.
average node power consumption was 13% and 9% less
than that of DD and AODV, respectively. This power
saving in TinyDB is mainly due to its routing treetup.

As TinyDB keeps a neighbor table that caches the
information about the parent node and children sptiee
route managing overhead is reduced after the rpitee is

set up.

In our experimental results, an even longer sample
interval of 30s did not affect the relative diffece in the

The SUTs were started at the same time after VMNet power consumption of the SUTs and its average power

started. Because the sink is usually equipped with
external power supply and without a sensor boaetlatd,
we excluded the sink from the performance evaluatio
Since SKETCH is designed for
aggregation queries, we did not evaluate its peréorice
for duplicate-insensitive aggregation queries (eQ@f) or
data acquisition queries.

5.2 Experimental results

As the first step, we focus more on comparing the
general performance trends of different SUTs than o

studying the characteristics of individual SUTsistead of
flooding the reader with results on all combinasioof
setups, we identify four main factors for the perfance
comparison and describe their effects in order.

5.2.1 Sampleinterval

We tested the performance of the SUTs using quefies
different sample intervals with other factors fixedVe
found that a sample interval longer than 2 seconds
necessary in order to show the performance diftaen
between SUTs on current-generation WSNSs.

duplicate-sensitive

This

consumption of each SUT was about 25% less thanotha
10s. The longer sample intervals of 10s and 3@sndi
affect the relative difference between SUTs wasibse, as
we found out in the source code of TinyDB, the afien
flows were similar for long sample intervals ande th
difference was determined by the length of the ptege
time [21]. Therefore, in the following experimentse
fixed the sample interval to be 10s, which wasisigiffit to
show the relative difference between the SUTs.

25-node, sample interval 25 | @TiyDB mAODV 0DD B SKETCH| [|25-node, sample interval 10s| @ TiyDB ®AODV 0DD  m SKETCH
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Figure 6. Average PT(60s) of the 25-node ESN

requirement was most prominent for the comparisnon o 5.2.2 Network size

power consumption within a fixed duratid®T.

As shown in Figure 6a, when the sample interval was
two seconds (2s), the power consumption within 60s in different sizes of ESNSs.

We next measured the performance of the SUTs rgnnin
The results show ttred

(PT(60s)) of each SUT differed less than 1% and the network size affected both response time and daddity,

averagePT(60s) of the SUTs was about 4.465 Joules.

When the sample interval was 10s, the power consamp
decreased significantly for all SUTs and the ddfere

The average power consumption did not differ muebs(
than 8%) among 9, 25, 49-node ESNSs, even thougfast



slightly more in a larger network than that in aadler one.
The small difference was because the number of h@ss
small (3 at the maximum) and the distance betwestes
was the same for all ESNs.

We pick Q4 and Q5 as the representative dataThe reason is mainly related to packet loss.

acquisition queries to show the effects of netwsike.
Figure 7 shows that the 49-node ESN had the lorggesty
response time, and the 25-node ESN the shortesalifor
SUTs. The reason is as follows.
acquisition queries, each node tries to send igsyqresult
to the air when it has one. Because the seleesvidimong

and are therefore omitted from discussion. Fig@re
presents the relative error rates of Q7 in theetHESNs.
For the three SUTs other than SKETCH, the relatirrer
rates of Q7 increased with the increase of the ortwize.
Witen
network size increases, the network contention ineso
more severe and thus more packets are lost ingveork.
Interestingly, SKETCH had the smallg=EE in the 49-

In processinga dat node ESN but the largest in the 25-node ESN. Taetofs

are involved; one is the packet loss rate, andother the
approximation error in the SKETCH hash function.

different ESNs were similar, the 9-node ESN had the According to the property of the hash function, the
fewest nodes sending query results within a sampleapproximation error is the lowest if the data dsttion is

interval, whereas the 49-node had the most. When t
number of result-sending nodes increased, the nsgpo
time would decrease in general. This was true wthen
network size increased from 9 to 25. However, bgeedhe
network contention was more severe in the 49-no8N,E
especially around the sink, the sink node receifeder
query results than that in the 9-node and 25-no8NsE
Consequently, the 49-node ESN got the longest rsgpo
time.

Compared with other SUTs in Figure 7, AODV always
had the shortest response time in any size of ESMiss is

because the transmission mechanism of AODV is moredata quality.

reliable than that in other SUTs. In AODV, a saurode
posts requests to other nodes for forwarding itulte
Other nodes will reply if they are ready for red¢egt The
source node will not send its data until it recsitiee reply.
In contrast, nodes in TinyDB and DD send data tlyec
without going through the request-reply processt firThis
may result in network contention and packet
Consequently, there were more results arrivinghatdink
within a sample interval in AODV than in other SUdisd
the response time in AODV was the shortest.

The response time of the aggregation queries was

similar for all SUTs because the network trafficswaot
heavy due to in-network aggregation. Hence, th& giot
an aggregation query result every sample intergahatter
what the SUT was.

o)) ‘ ol mAODV  ODD Q5 | @TnyDB  ®mAODV DD

Response Time (s)
Response Time (s)

9 49

25 25
Network Size Network Size

Figure 7. Average RT of the ESNs

The relative error rates (RE) of queries other tkah
(SUM) were all smaller than 5% on different sizé&£8Ns

loss.

uniform. The more nodes in the network, the betier
uniformity of data distribution in the Bisque datet.
Therefore, the approximation error of the hash fiomc
becomes smaller when the network size increases.

In the 9-node ESN, although the approximation eofor
the hash function was the largest, its packet tats was
the smallest among the ESNs and dominated the data
quality. Hence, its data quality was better thzat in the
25-node network. In contrast, in the 49-node nétwo
although the packet loss rate was the largest,
approximation error decreased sharply and domintted
Consequently, the 49-node ESN get th
smallest relative error rate.

the
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Figure 8. Relativeerror rate of the SUTsrunning Q7
5.2.3 Aggregation scheme

In the following, we discuss the effects of the time
network aggregations schemes: TAG in TinyDB and
SKETCH. Although our implementation of AODV and
DD included the TAG scheme, we exclude them from
discussion, because the effects of TAG in themmatavell
differentiated due to their complex path management
mechanisms. As power consumption is a major confoern
aggregation, we focus on comparing the power
consumption of aggregations queries Q6-Q9 in TinyDB
and SKETCH.

Q6-Q9 in Figure 6b shows the effect of in-network
aggregation. In TinyDB, Q6-Q8 consumed less powwer



process than acquisition queries on average. imdisates
that the
wireless communication and thus saves power
consumption, since the partial aggregation in imdenodes
avoids forwarding all data to the sink [16][29].

However, TinyDB cost a similar amount of power i@ Q
to those in acquisition queries. This exceptiominly
due to the group by clause in Q9, which requirestipte
groups to send their results to the sink. If &erimal node
finds that its children and itself are not withimet same
group, it does no partial aggregation but forwatds
results instead. Hence, there are network patihtve no
partial aggregation for a group-by query, whichr@ases
the power consumption. In addition, Q9 is more plax
and needs more computation to process than otlegregu
which also increases the power consumption.

Figure 6b also shows that SKETCH cost about 32%
more power in Q7 and Q8 than TinyDB. This extraveo
consumption was due to the multi-path routing ahe t
additional computation of the SKETCH algorithm.
However, SKETCH achieved the lowest relative eraie
in Q7 as shown in Figure 8. This indicates thaE$KH
improves the data quality of duplicate-sensitiveerigs at
the price of more power consumption.

5.2.4 Queries

After studying the average performance of SUTs in
processing all Bisque queries, we examine the peeoce
of individual queries on the SUTSs.

25-node, sample interval 10s B AODV oDD
5

. B

‘ @ TinyDB

Response Time (s)
N

QueryID

Figure9. Average RT of Q1 and Q3intheSUTs

We have seen the power consumption of all queries i
Figure 6b and the response time of two represestati
queries Q4 and Q5 in Figure 7. In Figure 9 wehfert
show the response time of Q1 and Q3. Putting tegeth
results in Figure 6b and Figure 9, we see that ¢vengh
Q1 is the simplest query in the Bisque query wa#loit
did not necessarily lead to the leB3tandRT. Especially,
Q3, which differs from Q1 only with a selection giate
of 90% selectivity, achieved much shorter respdiree
and slightly smaller power consumption. Since Q3
produces 10% fewer results than Q1, its networkesdion

was less severe than Ql's. Consequently, moreyquer

in-network aggregation technique decreasesresults of Q3 arrived at the sink than those ofi@&ach

sample interval, which translates into a shortapoase
time for Q3. Also because of the lighter network
contention, Q3 consumed less power than Q1.In géner
the difference in the power consumption between
acquisition queries was small in Figure 6b. Q3-Q5
consumed about 13% less power than Q1 and Q2, on
average. The reason is that Q1 and Q2 requiredks to
send results whereas Q3-Q5 have selection predicate
Among Q3-Q5, Q4 had the smallest selectivity and
consumed the least power on TinyDB and AODV.
However, DD consumed more power in processing @4 th
that in Q5. The reason, as we found in the exparts) is
the larger overhead in path management when rur@#hg
than Q5 on DD. Because the sensory data keep iclgang
some nodes sometimes have satisfying data and isoaset
not. This causes frequent changes of reinforcetispa
which costs additional power to manage, as happémed
Q4.

The smaller selectivity of Q4 leads to a largepoese
time than that of Q5 on average (Figure 7). Tiffisceé was
because there were much fewer query results ofh@d t
that of Q5 within a sample interval, as the selgtgtiof Q4
was about 30% smaller than that of Q5 on average.

On average, the aggregation query Q6 consumed the
least power among all queries (Figure 6b). Twcoea
are involved. First, as stated in the previougiees, in-
network aggregation decreases the power consumption
Second, Q6 is the simplest aggregation query irBtkgue
query workload since it queries only one attribatel the
operation is MAX, which is simpler to compute thaxG
and SUM.

Finally, Q7 had the largest relative error rate agall
aggregation queries. This is because Q7 computds &U
data for all nodes, which is more sensitive to padkss
than queries with other aggregates (MAX and AVG).

5.3 Discussion

Having analyzed the performance of the SUTs with
different factors varied, we summarize the main
performance results, which are consistent with éhiasthe
previous work [7][14][16][17].

(1) Long sample intervals save power consumption.
TinyDB was the best power-saver and DD the weakest.

(2) AODV had the shortest response time, 28% faste
than other SUTs on average.

(3) SKETCH significantly improved the relative erro
rate of the duplicate-sensitive aggregation queries

In addition to the performance results, we find taen
though the electric current in transmitting was kaeyest
[17][27], the nodes in ESNs spent 80%-95% of tkeiergy
in listening and receiving. Since a significan&ghof this



power consumption in listening and receiving wasted
(called overhearing), this finding points out a gibke
direction to further improving the power consumptiof
WSNSs.

(8]

6. Conclusion and future work [9]

In this paper, we present the design and implertienta [10]
of Bisque, a benchmark for in-network sensor query
processing. We have selected a number of SQL epiéri
Bisque to represent various data acquisition and[11]
aggregation workloads in a realistic WSN environtmen
We have implemented several existing in-networkssen
query processing techniques for these two typesuefies
and have conducted experiments to evaluate and aremp
their performance. As our purpose in this worktas
evaluate our benchmark design and to gain thelitsigto
representative query processing techniques, we hate
included other SUTs at this stage.

The design and implementation of a sensor query
processing benchmark is a brand-new topic for dstlag@re
is little previous work in the field. Fortunatelye learn
from previous domain-specific benchmarks and foons
the embedded nature of WSNs such as resource tiionita
and cross-layer design. In addition, the resouoce®/SN
research in the public domain, such as TinyOS angDB 17]
code bases and forums, have been great help for ou[
implementation. Following this tradition, we hapet our
benchmark together with its implementation on thebw
[2]. Itis our hope that our benchmark will intst@nd help
more people in the community to work on sensor yuer
processing.

Future work includes analyzing our experimentalltss
in greater detail, designing and testing more cem@nsive
query workloads, and evaluating the techniques gusin
larger-scale platforms.

(12]

(13]

(14]

[15]
(16]

(18]

(19]

(20]
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