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The past few years have seen substantial amounts of computer science research on sensor networks. Other
subfields have had a number of workshops on the topic (e.g., the Workshop on Wireless Sensor Networks
and Applications (WSNA) in 2002 and 2003 and the Sensor Networks Protocols and Applications (SNPA)
Workshop in 2002 and 2003, both of which are systems/networking focused). Furthermore, there are now at
least two major conferences – the Conference on Information Processing in Sensor Networks (IPSN), started
in 2002, and the ACM Conference on Sensor Systems (SenSys), started in 2003. These conferences have
published a small number of database papers, but there is no forum for discussion on early and innovative
work on data management in sensor networks.
We believe that the Workshop on Data Management for Sensor Networks (DMSN’04) fills a significant
gap in the database community by bringing interested researchers together to identify research challenges
and opportunities. Specifically, the workshop focuses on data processing and management in networks of
remote, wireless, battery-powered sensing devices (sensor networks). The power-constrained, lossy, noisy,
distributed, and remote nature of such networks means that traditional data management techniques often
cannot be applied without significant re-tooling. Furthermore, new challenges associated with acquisition and
processing of live sensor data mean that completely new database techniques must also be developed.
The workshop represents a wide range of topics, including: data replication and consistency in noisy
and lossy environments, database languages for sensor tasking, distributed data storage and indexing, energyefficient data acquisition and dissemination, in-network query processing, integration of sensor network data
into traditional and streaming data management systems, networking support for data processing, techniques
for managing loss, uncertainty, and noise, query optimization, and privacy protection for sensory data.
As a response to the Call for Papers, the DMSN’04 workshop received 38 abstracts, of which 25 materialized as full papers by the submission deadline. During the review process, each paper was reviewed by at
least three PC members or external reviewers, resulting in the acceptance of 15 papers.
We are grateful to many people who contributed to the content and organization of the workshop. First of
all we would like to thank the steering committee: Panos Chrysanthis, Mike Franklin, Johannes Gehrke, and
Joe Hellerstein. Their advice and support proved invaluable. We are also grateful to the Program Committee
members and the external reviewers for helping us put together a high-quality program for the workshop. Intel
Corporation’s generous donation enabled us to support activities that would not have been possible with just
the registration income, like the best paper award and student travel grants. We would also like to thank Surajit
Chaudhuri of Microsoft Research and the CMT team for allowing us to use the Conference Management
Toolkit service and for their assistance. Finally, we would like to thank the VLDB’04 organizing committee
and in particular John Mylopoulos, Alberto Mendelzon, S. Sudarshan, Mariano Consens, Grant Weddell, and
Iluju Kiringa.
Alexandros Labrinidis and Sam Madden
August 2004
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Abstract

cause of these constraints, techniques for distributed systems, databases, and data stream management cannot be
applied directly to sensor networks. In particular, any system dealing with sensor generated data needs to pay attention to these constraints.
There have been many related research efforts in the
database and data stream management areas. Traditional
database management aims to reduce the query response
time using indexes. On the other hand, the main goal in
the context of data streams is to reduce the storage and
computational cost and give fast approximate answers to
queries. However, monitoring a system (a system can be
any measurable phenomenon in the physical world) with
queries is quite different from query processing over data
streams and database management systems. The cost of
query execution in sensor networks is not only bounded
by computational and storage costs but also bounded by
data collection cost. In data stream and database management systems, however, data collection cost is not taken
into account explicitly; instead it is assumed that data is
already available. This assumption is quite reasonable in
database and data stream management systems which are
built on wired systems that do not have energy and bandwidth constraints. This, however, is not true in sensor networks where each sensor is run by ordinary batteries and
has energy and bandwidth constraints which directly affect
the quality of monitoring.
Recently, there are several proposals to deal with sensor generated data aiming to reduce the cost of data collection to prolong the lifetime of the sensors. In [5], researchers proposed the Fjords architecture for managing
multiple queries over many sensors. They collect readings
of all sensors and try to compute common subexpressions
among queries only once. There are several researches try
to compute queries in-network such as [10, 6, 11, 12]. In
general, in-network aggregation can reduce the power usage by pushing part of the computation into the network.
However, these works only consider aggregation queries
and do not consider multi-queries. Lazaridis and Mehrotra [4] proposed to compress the raw data at each sensor
node, then the compressed data is sent to the basestation
when the precision is out of bound. Goel and Imielinski [3]
proposed a prediction technique to monitor environment by

Recent advances in hardware technology facilitate applications requiring a large number of sensor devices, where each sensor device has computational, storage, and communication capabilities. However these sensors are subject to certain
constraints such as limited power, high communication cost, low computation capability, presence
of noise in readings and low bandwidth. Since
sensor devices are powered by ordinary batteries,
power is a limiting resource in sensor networks
and power consumption is dominated by communication. In order to reduce power consumption,
we propose to use a linear model of temporal, spatial and spatio-temporal correlations among sensor readings. With this model, readings of all
sensors can be estimated using the readings of a
few sensors by using linear observers and multiple
queries can be answered more efficiently. Since a
small set of sensors are accessed for query processing, communication is significantly reduced.
Furthermore, the proposed technique can also be
beneficial at filtering out the noise which directly
affects the accuracy of query results.

1 Introduction
Due to advances in miniaturization, low power, and low
cost design of sensors, large-scale sensor networks are being deployed to monitor systems. Examples include environment monitoring on Great Duck Island and James
Reserve [2, 7]. In sensor networks, each sensor can be
modeled as a full fledge computer with computational,
communication, and sensing capabilities. However, these
sensors are subject to several constraints such as limited
power, high communication cost, low computation capability, presence of noise in readings and low bandwidth. BeCopyright 2004, held by the author(s)
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applying MPEG techniques in prediction.
When monitoring the physical environment, there are
physical rules relating to data originating from different data sources (there is a physical rule between readings of sensors), which is different from data streams and
databases. Most of the time, these physical rules can be
discovered and modeled using correlations among sensor
readings. Once this model is known, the query processor
can use this model to observe the environment by collecting data from a few sensors instead of all of them. Furthermore, this model can be used to reduce the noise in the
measurements. Our main observation behind this work is
that if two sensors are close to each other, then there is a
physical rule between their measurements. And this physical rule can be discovered with temporal, spatial and spatiotemporal correlations among sensor readings. For example,
if two sensors are  meters apart from each other then
their temperature measurements are correlated. Therefore,
if these correlations are determined and modeled with historical data, the query processor can use that model to estimate the readings of all sensors using the readings of a few
sensors. Formally, if a system is identified and modeled
using a linear model, then that linear model can be used to
observe all readings using only a subset of the sensors.
Hence, the properties of BINOCULAR can be summarized as follows:


to estimate the readings of the sleeping sensors. A system
model expresses an estimate based on the current readings
of the working sensors ( ) and the current estimate of the
sleeping sensors (  ). In a linear system model this is expressed by a linear relationship between  
and (  ,   )
 and
based
on
a
linear
correlation
using
system
matrices

. This can be expressed as follows:
 

BINOCULAR models the readings of sensors as a linear system to observe readings of all sensors with a
small set of sensor readings. Therefore, it is an energy
efficient monitoring system.


BINOCULAR improves the quality of the answers of
queries by reducing the noise over sensor readings using linear observers.


BINOCULAR balances energy consumption among
sensors while extending their lifetime.

The rest of the paper is organized as follows: Section 2
formalizes the problem of monitoring systems with queries
and gives a solution overview. Linear observers are introduced in Section 3. Section 4 describes the proposed query
processing technique. Section 5 reports the results of our
preliminary experimental evaluations. Section 6 concludes
the paper, presents future work and discusses open research
problems.

2 Problem Formulation
Overview

and



(1)

where   is the state (the estimated readings of
the sleeping sensors), !!" is the input (the actual
readings of the working sensors), #$% & is the system
matrix,
'( )" is the input matrix, * is the number
of the working sensors and
 + is the number of the sleeping
sensors. Matrices  and are derived using a system identification toolbox e.g, Matlab [8], which uses some historical data set to derive them. Thus, queries can be thought of
as a function of these states and inputs. If the correlations
among sensor readings can be captured by a perfectly linear
model (e.g, illumination), then we can estimate the exact
readings of all sensors using the working sensors. However, in most cases these correlations cannot be captured
by a linear model but need to be approximated by a linear
model (e.g, temperature readings). In this case we have to
collect
readings of all sleeping sensors periodically (every
,
time units) in order
to avoid error accumulation. The
,
appropriate value of can be derived from historical data.
However, if the readings of sleeping sensors can be estimated by a small subset of them (linear observers), then
collecting readings from that subset is enough to estimate
the readings of all sleeping sensors. This scheme requires
the system model to be continuously used to derive the estimated readings of all sensors based on the readings of the
working sensors.
The linear observers are activated peri,
odically every time units for a short period to recalibrate
the errors in the system model. In this paper we use a linear
observer to estimate the readings of all sleeping sensors. A
linear observer is a linear system built from the original system model given by (1). Given a system model in the form
of (1) and a vector of readings of a subset of the sensors
-  of size . (- /!01 where 023546& and 087:9;=<> is
if sensor < is in the observer set and it is the only in that
row), our goal is to determine whether all sleeping sensors
can be observable via the -  , referred to as the observer.
If it is possible to observe, then we use the linear observer
specified by the -  '01 

BINOCULAR is a monitoring system where users
pose continuous queries to monitor the physical environment. Therefore, it is a multi-query processing
platform.






Example Consider an environment monitored by three
sleeping sensors and one working sensor with a system
model:
 

Solution







(2)

where   is a ?8@A matrix such that   7:9B> is the estimated
reading of sleeping sensor 9 and   is C@D matrix and
F  7BE> is the
 actual reading of the working sensor at time
.  and are matrices given by a system identification
toolbox based on historical data. If this model is accurate

Given a set of sensors BINOCULAR divides them into two
types: working and sleeping sensors. In order to estimate
the readings of all sensors, BINOCULAR only collects
data from the working sensors and uses a system model
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The states of all sleeping sensors can be observed via - 
using the following system called linear observer if the
7   0> pair is observable:

then actual readings of sleeping sensors need not to be collected, because all of the readings of the sleeping sensors
can be estimated from the reading of the working sensors.
However, if the model is a linear approximation, then the
error given by the system model will accumulate over time.
In order to decrease such an error
, we collect readings of
the three sleeping sensors every time units. However, if
the readings of these three sensors are observable by any
of them, then the readings of the other two sleeping sensors can be estimated by collecting data from that observer.
Then the question becomes: Is this
system model observ
able via -   01 where 0   8 (the reading of the
third sensor)? If it is observable then we can construct a
linear observer and use that to estimate the readings of the
other two sleeping sensors.
The problem of monitoring systems with queries can be
formulated as follows: Given a set of historical readings of
sensors, and a set of continuous queries to monitor,


 

 

to execute queries while reducing and balancing the energy
consumption.
In this paper, we assume that the working and sleeping sensors are statically assigned. In addition, we assume working sensors are not subject to energy constraints.
However, these assumptions are not realistic. Hence, we
need a scheduler to schedule sensors as a working or a
sleeping sensor. The choice of working sensors to model
the system more accurately and a scheduling technique
needs further research.

0

Given a system model and a 0 matrix where - $
  1
0   ,
we can construct a linear observer if the pair 7   0> is an
Definition 1 The pair 7   0> is said to be an observable
pair if the matrix



..
.
0(

is full column rank.
Theorem 1 states how and why a linear observer can be
constructed with an observable pair 7   0> .
Theorem 1 Given a system model and a -  as follows:
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Therefore, we can estimate all of the states by collecting the
readings of sleeping sensors and ? via the linear observer
in Theorem 1.
Using the same observer will drain the energy of the sensors designated as observers. Therefore, we should find a
set of observers and switch among them periodically. In
order to do this, we should have an observer determination
technique. The goal of the observer determination process
is to give a set of 0 matrices such that the system is observable via -  01  . The number of possible different observers is )( , where * is the number of sleeping sensors.
For small * , it is possible to test all 0 matrices whether
7   0> is observable or not. However, for large * it is impossible to test all of the possible +( cases. Therefore, we
need a heuristic to find a set of observers in polynomial
time.

observable pair which is defined as follows [1]:

0
0(

(5)

Suppose we are given the system matrix  and we can
measure two
 of the sleeping sensors, say  7BE> and  7 ?6> ,
where    7B >( 7> ! 7 + >"$# . Then we can construct
an observer with a decaying observer error if 7 % 0> pair
is observable where

3 Formal Model For Observers



 

Equation (6) tells us that if all the eigenvalues of the error
gain matrix    0 are with magnitude strictly less than
unity, i.e.,    0 is Schur,
then we can claim     
F
and hence      as  . Now, the question is can
one always pick  so that    0 has this property. It is
possible to pick such an  only if the 7 % 0> pair satisfies
the observability condition [1]. Indeed, if 7 % 0> is an
observable pair then the eigenvalues of    0 can be arbitrarily placed (all of them can be set to zero for instance)
with a proper choice of  and the system called observer
given by Equation (5) can be used to estimate all of the
states.

construct linear observers and an observer scheduler





0   > 

Proof 1 If we define the error as  !   , then we can
write using (3), (4), and (5)

discover a linear model between the readings of working sensors and sleeping sensors,


   57 - 

where  is an observer matrix.

build a scheduler to schedule sensors as a working or
a sleeping sensor,




Discussion So far, we use the system model to estimate
the readings of sleeping sensors with the readings of the
working sensors. However, the linear observer given by

(3)
(4)
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switching from  to   . Algorithm 1 uses  for   time
units. After that, it calculates the new scores and repeats
the same process based on the new scores.

(5) can be used to estimate the readings of all the sleeping
sensors with readings of the working sensors and sensors
in that observer. Although it seems inefficient in terms of
energy consumption, it may be beneficial to get more accurate results. We leave these experimental evaluations as
future work. In general, we need a set of observers and an
observer scheduler to select a linear observer to estimate
the readings of all the sensors. Given a set of observers,
we can not switch them at any time. Formally, suppose we
have a set of observers defined by  E    !  
and
"
0   0   !  0
.
Let
the
resultant
error
gain
matrices

 
 !  "  
be

, where
    0 is Schur
"
for all 9  6 & !  )* . Although each error gain matrix
is Schur, there is no guarantee that the error decays to zero
under arbitrary switching between observers. Intuitively, if
we stay at an observer long enough before switching to another one then we still should have a decaying observer error. Therefore, we need an observer scheduler to schedule
observers appropriately. Throughout the paper, we assume
that we are given a set of observers
and a  time matrix 

such that given two observers  and   ,   is the time to
switch from  to   .

Algorithm 1 Observer Scheduler Algorithm
1: Input:
2: # : Time matrix shows time needed before switching observers;
3: 8 : Set of observers 8:9;8=<?>*@A@A@A>8CB
4: Procedure:
5: while There is a query do
6: Calculate the score of each observer in 8
7: Find two observers 8CD and 8#E with highest scores
8: Use 8 D for # DFE
9: end while
10: End Procedure

















5 Preliminary Results
The main motivation behind BINOCULAR is modeling the
correlations among the sensor readings and use that model
in query processing. Thus, we conducted some preliminary experiments over a real temperature dataset from the
Tropical Atmosphere Ocean Project [9] to show correlations among the readings of sensors can be modeled. We
took the average daily temperature readings of 20 sensors
for 6 days. After that we randomly select one sensor
as a working sensor and the remaining as sleeping sensors.
Based on the first ?6 days we build a system model and
try to measure the average errors of readings of sensors for
each time interval during the remaining G 6 days In addition to this, we collect actual readings of all sleeping sensors at time ?6 in order to avoid the error accumulation
(we did not use observers). The average error
 is

 for time

ML *N
calculated
as
follows:
7
7
H
)
4I
6

>
#
J
K






H


>

J
E




where  is the estimated reading and  is the actual reading of a sensor 9 at time  . Results are shown in Figure
1, where the  axis represents time and the - axis represents the average percentage error. With the system model
and one working sensor, we can estimate the reading of
all sensors within ? AO percent error on the average (this
is PRQ S 0 ). This preliminary result shows that we can
model the readings of sensors and use that model in order
to process queries resulting in significant savings in energy
consumption. In this study, for example, we need only one
sensor to be working instead of all of the  sensors.

4 Query Processing
The readings of the sensors are needed to answer queries.
Recall there are two methods to estimate the readings of the
sensors:




Method 1: Use the system model continuously and
access
any of the observers for a short time every
,
time units to recalibrate the errors in the system
model.
Method 2: Use only observers such that at any time
only one of the observers is accessed and the estimated
readings of all of the sleeping sensors are derived from
that observer.

The job of the query processor is to schedule observers
to balance energy consumption among sensors. The observer scheduler chooses the observer with the highest
score where the score is defined as the   + 0 + */. 9 + 0   "!9 +#$%'&(*) +,-   divided by the . / .0 912,  3%+4 - '&65 E+' 9 +
*) 7,-   . At any time the observer scheduler chooses
the observer with the lowest cost and the highest energy.
Observer scheduling is quite straightforward in Method
1. The job of the observer scheduler
is to select the observer
,
with the highest score every time units and execute it for
a short time to estimate readings of all sleeping sensors in
Method 1.
Since the observer scheduler cannot switch observers at
any arbitrary time, observer scheduling is not straightforward in Method 2. An example of observer scheduling for
Method 2 is shown in Algorithm 1, which uses an eager
approach to schedule
observers assuming the  matrix is

  be the two observers with the
known. Let  and

 highest scores and   is the time needed to execute  before

6 Conclusion and Future Work
In this paper we presented our system monitoring framework, BINOCULOR, and also showed some preliminary
results. BINOCULAR uses a linear model between working sensors and sleeping sensors to answer queries while
using a small set of sensors. We introduced the notion of
linear observers to account for the fact that the linear model
will always be an approximation of the physical environment. By using the linear observers, the modeling error
can be reduced exponentially over time. This results in less
communication cost and prolongs the lifetime of sensors.
Although we presented the general framework, there are
still open research questions. These include:
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How to choose working sensors and balance energy
usage among all sensors?



How to determine the set of observers in large scale
networks?



When and how to switch observers to balance energy
consumption?
How to adapt the system model to changes which is
needed for systems with mobile sensors?
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Abstract
A distributed data-stream architecture finds
application in sensor networks for monitoring
environment and activities. In such a network,
large numbers of sensors deliver continuous
data to a central server. The rate at which the
data is sampled at each sensor affects the communication resource and the computational
load at the central server. In this paper, we
propose a novel adaptive sampling technique
where the sampling rate at each sensor adapts
to the streaming-data characteristics. Our approach employs a Kalman-Filter (KF)-based
estimation technique wherein the sensor can
use the KF estimation error to adaptively adjust its sampling rate within a given range,
autonomously. When the desired sampling
rate violates the range, a new sampling rate
is requested from the server. The server allocates new sampling rates under the constraint
of available resources such that KF estimation error over all the active streaming sensors
is minimized. Through empirical studies, we
demonstrate the flexibility and effectiveness of
our model.

1

Introduction

As sensor networks grow in size, bandwidth allocation
becomes increasingly critical. A sensor network needs
to allocate its bandwidth to maximize total information gain. A desirable bandwidth allocation scheme
should distribute the given bandwidth such that it
is sensitive to streaming data characteristics, query
precision, available resources (communication, power,
CPU), and sensor priority (data from some sensors
might be more important than others) [9, 2]. We can
Copyright 2004, held by the author(s)
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further motivate this research using the following two
examples.
• Wireless sensor-networks are being used for habitat monitoring applications. In [11], sensors registering light, temperature, and sound are deployed
in burrows of Storm Petrels (a seabird) for monitoring purposes. During the day time, the burrows are expected to be empty, and thus we can
have a low sampling rate. However, if some unusual measurements are recorded at some burrows
(say abrupt increase in sound levels), it would be
desirable to collect samples from them more frequently than the other burrows.
• In video surveillance applications like [6], multiple cameras are mounted at key locations to monitor activities of vehicles and people in a parking
lot. If a camera shows a vehicle exhibiting unexpected behavior (random swirling, speeding), the
camera’s sampling rate should be increased by decreasing the sampling rates of the other cameras
that are not observing abnormal behavior.
A naı̈ve solution to the above-mentioned problems
is over-sampling [12]. However this comes at increased
cost of resources, namely:
• CPU — The CPU at the central server might
have to process unnecessary data from numerous
sources, but this would not affect the result significantly.
• Network Bandwidth — The communication channel would be transmitting unnecessary data.
Moreover, in cases of low bandwidth networks the
option of over-sampling might not be available at
all.
• Power Usage — Power conservation is critical for
wireless sensors. Over-sampling leads to increased
power consumption of a sensor’s measuring devices, radio transmitter, and processing unit.

10

There has been a significant amount of work in the
sensor-network resource management. The key aspect
that differentiates this work from the prior efforts lies
in data collection (sensing). We adjust sampling rates
(sensing rates) at sensors to adapt to data characteristics. Traditional methods (e.g., load-shedding [17] and
adaptive precision setting [13]) collect data at a peak
sampling rate and then determine whether collected
data should be dropped to conserve resources. Even
though the filtering and load-shedding approaches can
reduce bandwidth consumption in the transmission
phase, excessive sampling rates incur high cost in data
collection and processing (to determine what data to
drop) at the sensors. The adaptive sampling scheme
proposed in this paper adjusts the data collection rate
according to data characteristics. Therefore, resources
are conserved and better utilized working only on data
relevant to the queries.
Our general and adaptive sampling approach adjusts the sampling interval SI (the time interval between two consecutive samples) collectively. At the
sensors, the SI is adjusted depending on the streaming data characteristics. The remote source is allowed
to modify the sampling interval independently within
a specified Sampling Interval Range (SIR). If the desired modification in the SI is more than that allowed
by the SIR, a new sampling interval is requested from
the server. At each sensor, we use the Kalman Filter
estimator to predict the future values of a stream based
on those seen so far. Large prediction errors signify unexpected behavior of the streaming data or an interesting event. The sampling interval is adjusted based on
the prediction error. At the server, new sampling intervals are allocated to the requesting sensors based on
available bandwidth, network contention, and streaming source priority.
We consider a simple network model to conduct the
experiments, where all the streaming sources connect
to a single network channel. The server continuously
monitors the usage of this network channel and allocates new bandwidth based on its availability. These
kinds of networks are prevalent in video surveillance,
object tracking and process control (automated meter
reading, building automation). Extending our current
architecture to multi-hop sensor networks is a part of
future research.
The main contributions of our work can be summarized as below:
• We propose a model which, is adaptive to adjust
the sampling rate based on the input data characteristics and general to map to linear (as well as
non-linear) problems without many major modifications.
• Our method utilizes the given bandwidth judiciously such that more important sources get more
bandwidth by reducing the bandwidth of less important ones.

• Our method allows the capability at the remote
site to adjust the sampling rate (to a certain
extent) independently without the central server
mediation to improve response time.
• Finally, we propose an optimal estimation scheme
(Kalman Filter) that can be used on the sensor
side to assess data arrival characteristics.

2

Related Work

The resource management problem in data streaming
has been studied mainly from the perspective of data
filtering [5, 13]. It has been shown that using adaptive
precision bounds [13], unusual trends in the streaming
data can be captured (the data is updated to the server
only when it falls out of an adaptive precision bound)
at low communication costs. However, due to uniform
sampling, the approach does not have the capability to
utilize a given bandwidth to maximize the information
gain.
The adaptive sampling approach proposed in [10]
considers only the network channel contention while
adjusting the sampling rate. The sensors check for the
network channel contention before putting the data on
it and reduce the sampling rate if the contention and
data-tuple drop rate is high. This reduces the overall
load on the network channel and achieves a better delivery rate at the server. The proposed approach does
not utilize the network channel judiciously, and it uses
adaptive sampling only when the network channel becomes congested and requires load-shedding.
The use of adaptive sampling and bandwidth management in sensor networks has been very well motivated in [12, 3, 14, 9]. However a scalable method applicable in a distributed environment is still not available.
As we have discussed in Section 1, the problem of
adaptive sampling is not the same as that of loadshedding [17]. First, to the best of our knowledge, none
of the load-shedding techniques have yet used prediction/estimation models. Second, while load-shedding
modules are activated only when the load on the system increases beyond what it can handle, adaptive
sampling modules are executed during the lifetime of
a stream. In the event of network congestion, the
load-shedding module would reduce the data transmission rate of the sensor by randomly dropping tuples,
whereas an adaptive sampling technique would reduce
the data collection rate in such a way that higher priority data receive a higher proportion of the available
bandwidth.

3

The Kalman Filter

The Kalman Filter was introduced in 1960 by R. E.
Kalman [7] as a recursive solution to the discrete-data
linear filtering problem. Since then, it has found application in the fields of data smoothing, process es-
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timation, and object tracking, to name a few. The
traditional Kalman Filter is a linear algorithm that
estimates the internal state of a system based on a
prediction/correction paradigm. Below, we provide
a brief overview of the Kalman Filter’s mathematical
formulation, for more details refer [18].
The Kalman Filter comprises a set of mathematic
equations that provide a recursive solution to the leastsquares method. The system model is represented in
the form of the following equations:
xk+1 = φk xk + wk

(1)

zk = Hk xk + νk

(2)

where
xk = state vector of the process
φk = state transition matrix relating xk
to xk+1
wk = process model noise
zk = measurement vector
Hk = matrix relating system state and
measurement vector
νk = measurement noise
k = discrete time index

4

The prediction x̂k is based on a linear combination
of previous prediction/estimation and the weighted
prediction error. This error is called innovation ψk ,
which is calculated as follows:
ψk = zk − Hk x̂−
k.

(3)

The value of the weight is called Kalman Gain Kk
which is adjusted with each measurement. The prediction is calculated as follows:
x̂k = x̂−
k + Kk ψk .

There is a wide spectrum of filtering solutions
available which work on the estimation/correction
paradigm and can be substituted for Kalman Filter in
our proposed architecture. However, we support the
use of Kalman Filter as it can be easily customized to
provide good results on a wide range of streaming sensor data and produce unbiased estimates even when
the incoming data have high variance. Biased algorithms (like Exponential Weighted Moving Average,
EWMA) might not be the best choice when incoming
data has high variance. Error estimates can be further improved using more sophisticated solutions like
Particle Filter [8] or condensation (conditional density
propagation) [4] as they work on non-Gaussian noise
processes and multi-modal state propagation. Such
algorithms are likely to provide better results as reallife data are not Gaussian, however this performance
upgrade comes at increased cost of computational resources. Most of the sensing devices have limited computational capacity and selecting the best filtering solution is subject to the availability of the resources.
The advantage of using Kalman Filter here is that the
computational complexity can be easily manipulated
by adjusting the number of state variables in the state
propagation equation.

(4)

Applying the least-square method we get
Kk = Pk− HkT ( Hk Pk− HkT + Rk )−1 .

(5)

Pk = (I − Kk Hk )Pk− .

(6)

where, Pk and Rk are the error covariance and measurement noise covariance matrices respectively (the
superscript denoting the a priori state of the matrices).
The advantage of using the Kalman Filter is that it
gives satisfactory results even when we cannot model
the process accurately (i.e., when the values of matrices νk and φk are unknown) and that the innovation
sequence can be used to evaluate the performance of
the estimation process.

Our Approach

We now present our adaptive sampling approach in a
distributed stream environment. We consider an environment where numerous sensors continuously stream
updates to a central server. For example, a system
of sensors that continuously measure the location of a
moving object in two dimensions (one sensor for each
object). Our adaptive approach would distribute the
available bandwidth automatically in such a way that
sensors monitoring objects showing increased activity
have shorter time intervals between successive (low
sampling interval) measurements whereas those with
reduced activity have longer time intervals (high sampling interval). This way, the trajectory generated at
the server by interpolating the measurements from the
sensors would be closer to the original trajectory than
that obtained by performing uniform sampling.
To maintain simplicity, we do not assume the presence of any data filtering or load-shedding modules in
our discussion. Thus, the data-sampling interval is the
same as the data-transmission interval of the sensor.
We interpret the sampling interval as the number of
time units between two successive measurements.
There are two main modules in the system, one
on the sensor side and the other on the server side.
Due to the space limitations, we describe each of them
only briefly. To simplify our discussion, we assume in
this paper that the tuple size over all the sources is
the same, and hence the bandwidth consumption is
directly proportional to the sampling interval at the
streaming sources.
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4.1

Source Side Module

Let SIi denote the current sampling interval at source
Si (i is the ith source) which, is the number of time
units between two consecutive measurements. Let
SIRi denote the range within which, the sampling
interval can be adjusted by the source without any
server mediation and SIilast denote the latest value of
sampling interval received from the server. (We currently assume static SIRi ’s.) Let SIidesired denote the
desired sampling interval based on the KF prediction
error. Sensor Si need not contact the server for additional bandwidth provided that
(SIilast − SIRi /2) ≤ SIidesired ≤ (SIilast + SIRi /2).
(7)
If SIidesired satisfies Equation 7 then SIi takes the
value of SIidesired . This scheme helps the source to
capture unexpected data trends immediately as the
server grants over the network could be delayed due
to network congestion or unavailability of resources.
Each data tuple sampled by Si is forwarded to a
Kalman Filter KFi which, provides with the innovation ψti value (Section 3). The estimation error δi at
any instant t is then calculated as:
δti = sqrt(trace(ψti (zti )−1 )2 ).

(8)

We multiply the innovation (error in prediction) by the
inverse of the measurement matrix to get the fractional
error (ψti and zti are column matrices). We take the
square of the matrix to eliminate any negative values.
Finally the square root of the trace gives the fractional
error over all the variables in the measurement matrix.
Si maintains a sliding window of size Wi that holds
the last Wi values of the estimation error. If nij is the
j th element of the sliding window at Si (ni1 being the
latest element), total error ∆i over the sliding window
is calculated as:
j=W
Pi

∆i =

j=1

nij /j

j=W
Pi

.

(9)

1/j

j=1

Equation 9 ensures that the newer values in the window have higher weight.
User parameters λi and θi control the dynamics of
SIi . Each time ∆i is calculated, a new sampling interval SIinew is generated as follows:
SIinew = SIi + θi ∗ (1 − efi ).

(10)

i
where fi = ∆iλ−λ
. Equation 10 ensures sharp fall and
i
gradual rise in the sampling interval due to the exponential factor that helps improving the response time
of the system. If SIinew satisfies Equation 7, then the
sampling interval is assigned this new value; otherwise,

a new sampling interval is requested from the server.
The source requests the change is the sampling interval
∆SIi such that
∆SIi = SIinew + SIRi /2.

(11)

In addition the source also sends the fractional error fi
for each request of decrease in the sampling interval.
4.2

Central Server module

We now discuss the sampling rate allocation policy at
the central server. The allocation algorithm is executed each time a request for decrease in sampling interval (increase in the sampling rate) is received from
a streaming source. The server maintains a variable
Ravail that holds the amount of communication resource available at any time. When a source reports
about an increase in its sampling interval, the server
immediately adds the proportional amount of resource
units to Ravail and sends an acknowledgment to the
source. Any request for a decrease in a sampling interval is added to a job-queue that is processed continuously by a separate thread.
Each job Jp in the job-queue has 5 attributes which,
are described below:
1. Fractional error fp is received from the source
when it sends a request.
2. Request Reqp is the units of resource requested.
3. History hp is the age of the request in the jobqueue. Its value is incremented by unity each time
the job-queue is processed.
4. Grant gi is the fraction by which, the Reqp has
been satisfied so far.
5. Query Weight wp the weight of the streaming
source from the query evaluator.
Assuming that the error fp is reduced to zero if resource request Jp is satisfied completely, we can formulate a linear optimization problem, minimizing the
total error over all the jobs. If Jp is allocated Ap units
of resources, then the residual error after satisfying
the job is proportional to (1 − Ap /Reqp ). Jobs having higher fp , hp , and wp are given more priority than
others, whereas the priority varies inversely with gp .
We normalize each attribute by dividing it by the sum
of its value in all the jobs in the job-queue. Thus the
objective function can be formulated as:
´´
³
³
P
h
w
g
A
f
min P pfp ∗ P php ∗ P wp p ∗ gp p ∗ 1 − Reqpp (12)
Ap
½ P
Ap ≤ Ravail
s.t.
(13)
0 < Ap ≤ Reqp
Constraints in Equation 13 ensure that the sum of the
allocated resources is less than that of the total available and that each grant is less than its request. Once
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the optimization problem is solved, the resource units
are distributed to the requesting sources and the jobqueue attributes are updated accordingly.

Adaptive Sampling
Uniform Sampling

0.125
0.12

Results

ξ =η∗m

(14)

where m is the fraction of messages exchanged between
the source and the server, to the total number of tuples
read by the source, where η is the mean fractional error
between the actual trajectory and that generated by
interpolation. While calculating m we considered the
number of tuples forwarded by the source, messages for
bandwidth allocation and acknowledgment messages
from the server to the source. In all the experiments
θi =2, the initial sampling interval was five tuples and
none of the sources were allowed to skip more than 12
tuples in the adaptive sampling module. We studied
the affect of the number of sources, sliding window size
Wi and λi on the ERU . Results shown in Figures 1,
2, and 3 were obtained using Wi = 5 and λi = 0.6.
Figure 1 shows the mean fraction of messages forwarded to the main server against the number of
sources. In this figure m is low for a small number
of sources, but as the number of sources increases, it
rises and stabilizes around 0.12. In all the cases the
number of messages is less than or equal to that sent
using uniform sampling.
Figure 2 shows that the fractional error using adaptive sampling is always less than that using uniform
sampling, except when the number of sources is one.
This is because we initialize the experiments with same

0.115

m

In this section we present the preliminary results of our
distributed adaptive sampling system. We performed
the experiments on data produced by the oporto realistic spatio-temporal data generator [15]. We recorded
the trajectories (in 2 dimensions) of 12 shoals produced
by the generator for 3, 000 time units. Oporto produces data with uniform distribution and some of the
trajectories were more complex than the others.
We implemented our system and conducted the experiments on a Pentium III processor workstation with
256MB of RAM on a 10/100 Mbps LAN. The coding
was done on JDK 1.2.4, using JAMA [1] matrix package for matrix operations and OR-Objects [16] package
to solve the LP problem.
We initialized different streaming sources with different trajectories but the same initialization parameters using a linear KF model [5]. All the sources had
to wait until the sliding window was full. We ran the
simulation until one of the sources had read all the
3, 000 records. The tuples received at the server with
their timestamps were then used to create the complete trajectory using linear interpolation for both X
and Y coordinates. We evaluated the performance of
our system based on an effective resource utilization
(ERU ) metric ξ which, is calculated as
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Figure 1: m on varying # of streaming sources
0.35
Adaptive Sampling
Uniform Sampling

0.3
0.25
0.2
η

5

0.13

0.15
0.1
0.05
0
0

2

4

6

8

10

No. of Steaming Sources

Figure 2: η on varying # of streaming sources
sampling interval for both uniform and adaptive methods. Thus if the number of sources is one, then we
cannot beat the uniform sampling method.
Figure 3 shows change in ERU on varying the number of sources. The trend is similar to that in Figure 2. We observe that our approach outperforms the
uniform sampling method even when the number of
sources is high. There are some unusual results when
the number of sources is five and seven. This is because the trajectories for these sources of input data
may be unusually simple/complex.
Figure 4 shows the affect of parameter λi on the
ERU . Resource utilization is high for very low values
of λi because although the error rate would be low, the
number of messages would be very high. We observed
lower ERU when λi varied around 0.4 and 1.2. This is
because at lower values of λi the error is low and thus
ERU is low, on slightly higher values, although the
error is high, the value of m drops down significantly
enough to reduce the resource utilization below that of
uniform sampling. However at further increasing the
value of λi , ηi starts to dominate and the ERU starts
to increase.
The effect of varying the sliding window size is
shown in Figure 5. It is observed that at low values
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Our preliminary results are encouraging but further
research is indicated in the following directions:
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8

Figure 5: ERU on varying Wi

Figure 3: ERU on varying # of streaming sources
Adaptive Sampling
Uniform Sampling

0.015
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Wi

No. of Steaming Sources

0.014

• Extending the current architecture to multi-hop
sensor networks.

0.013

• Choosing appropriate window size.

0.012

• Developing efficient techniques to compute the error over the sliding window. In some cases exponential decay methods might provide better results.
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Figure 4: ERU on varying λi

• Developing efficient algorithms to reduce the request/acknowledge message overhead between the
server and the sources. (Currently the message
overhead is high.)

of Wi give better ERU . As the window size increases,
the ERU approaches constant value.

• Developing algorithms to incorporate adaptive
SIRs in the current system.
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• Testing the system performance on more real life
data sets.

λi

Conclusions and Future Work

In this paper we have proposed an adaptive sampling
technique based on a Kalman Filter estimation of error as an alternative to commonly used uniform sampling techniques. We motivated the need for adaptive sampling techniques in a sensor network environment, where network bandwidth is a valuable resource.
Adaptive sampling was shown to be desirable not only
to conserve resources but also to improve the overall
quality of results (minimize the fractional error between the actual and the interpolated results).
We discussed some of the preliminary results in Section 5 to show the effectiveness of our approach. We
observed that when we choose the input parameters
judiciously, our system can provide performance upgrade as much as three to four times as compared to
uniform sampling (Figure 3). We have also shown the
effect of different input parameters on the system performance which, suggests that further research needs
to be conducted to enable us to choose optimal parameters for the system.
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Abstract

in the presence of rapid update streams. Limiting the
number of updates can significantly reduce this overhead.
We present a novel approach to limiting stream
updates, called Predictive Filtering. In many scenarios
like motion tracking and network monitoring,
approximate data values can be tolerated by the stream
applications [2]. When the data values do not change
randomly, prediction algorithms can be used to
approximate the next update when it occurs without
actually streaming the data. In our approach the sink
requesting data from a stream source specifies to the
source a certain precision constraint that needs to be
satisfied. Predictors are then deployed both at the source
and the sink that adapt to evolving data patterns in the
stream. An update is streamed only when the difference
between the actual and the predicted value at the source
increases beyond the threshold or the precision constraint;
otherwise the sink uses the predicted update. In the case
of streams with a known update rate, the sink knows when
the next update should be predicted; otherwise an updatebeacon (described later) is used to signal the occurrence
of a new update at the source.
As with all previous prediction techniques our
approach is also limited to data streams that show some
pattern in the updates because predictions are based on the
previous updates and patterns. Our approach is well suited
for streaming sensor data, since many sensors track
phenomena with an inherent pattern, such as temperature,
motion, and so on. We next give an example of one
particular application of our approach.

Recent years have witnessed an increasing
interest in filtering of distributed data streams,
such as those produced by networked sensors.
The focus is to conserve bandwidth and sensor
battery power by limiting the number of updates
sent from the source while maintaining an
acceptable approximation of the value at the
sink. We propose a novel technique called
Predictive Filtering. We use matching predictors
at the source and the sink simultaneously to
predict the next update. The update is streamed
only when the difference between the actual and
the predicted value at the source increases
beyond a threshold. Different predictors can be
plugged into our framework, and we present a
comparison of the effectiveness of various
predictors. Through experiments performed on a
bee-motion tracking log we demonstrate the
effectiveness of our algorithm in limiting the
number of updates while maintaining a good
approximation of the streamed data at the sink.

1. Introduction
Advances in networking and sensor technology have
made it possible to access sensor data as it is gathered,
and this in turn has fueled the development of applications
that use a continuous stream of data. To manage this data,
several data stream management systems have been
developed, including STREAM [4], NiagaraCQ [6],
TelegraphCQ [7] and Aurora [5]. We consider distributed
environments in which remote data sources continuously
stream updates to a stream processing installation. These
environments incur a significant communication overhead

1.1
Example Application: Location Tracking and
Collision Prevention
Consider a scenario where a number of fast moving
objects are being tracked to maintain location
information. Tracking the location of fast moving objects
incurs a large amount of communication overhead
because of the large number of updates required per unit
time to track an object. Our predictive filtering approach
takes advantage of the fact that motion does not tend to be
random. For example, airplanes follow air routes and bees
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move in a way that communicates information to other
bees. As long as the objects being tracked stay on the
predicted course, few updates will have to be streamed.
Moreover, our filters can allow us to look beyond the
current update and predict with some probability the
future positions of the tracked objects. This can aid in
applications that may need to react early to certain
conditions, such as two airplanes passing too close to each
other.

linear data stream that monotonically increases, decreases
or remains constant for sufficiently large intervals of time;
such a scenario happens when tracking fast moving
objects that tend to stay on course. In situations where
linear extrapolation is not appropriate because of the
rapidly fluctuating or more complex patterns of behavior,
enhanced prediction techniques like double-exponential
smoothing can be used. In some cases like streaming
stock market data, statistically modeling a system for
predicting such updates might not be possible. In such
scenarios neural network-based time series prediction
methods can serve the purpose. However, besides the
nature of data stream, the update rate may also affect the
choice of the prediction technique. We can tolerate
computational delays for streams with slow update rates;
but for streams with faster update rates, techniques with
less computational overhead have to be used to ensure
delivery of all updates. We now briefly describe each of
these approaches.
The basic components of our approach are shown in
Figure 1. We maintain two predictors; one at the source,
and other at the sink, that are exact copies of each other.
The predictors contain three components; the ‘Predict’
component that is responsible for predicting the update
based on past updates; ‘Learn’, which performs the
learning in case of an incorrectly predicted update, and
finally the ‘Update Trigger’ that causes periodic
generation of an update in case of regular streams or
causes the generation of an update on arrival of an updatebeacon. The update-beacon is a small message that occurs
in lieu of the actual update to signal the sink that an
update has occurred. Update-beacons are important for
streams with irregular update rates in which the
occurrence of next update cannot be determined until it
actually occurs. An update-beacon is not required for
regular streams, but for irregular streams we must tolerate
some communication overhead imposed by updatebeacons (which is less than actually propagating the
updates) in order to know when updates should be
predicted. It may be possible to extend our predictors to
predict the update rate as well, although we have not yet

1.2 Related Work
An approach to data stream filtering was suggested by
Olston, Jiang and Widom [1], which makes use of
adaptive filters for processing continuous queries with
precision guarantees. However, the approach makes no
attempt to predict the next update and is thus similar to
our approach with the predictor always predicting the next
update to be equal to the last update. We present results
comparing our techniques to their approach in Section 4.
Quantitative guarantees regarding the precision of
approximate answers is dealt with in [3]. One possible
application for monitoring of environmental conditions
using wireless sensors is discussed in [8, 9, 10].
1.3 Roadmap of the paper
The rest of this paper is divided into 4 sections; Section 2
gives a brief description of various prediction techniques
explored in this paper. Section 3 contains the details to
incorporate the prediction techniques into our stream
framework. Section 4 contains an evaluation of our
approach and its performance when compared to existing
data stream filtering algorithms. In Section 5 we conclude
by discussing some possible future directions and
challenges in the domain.

2. Overview of Algorithm & Prediction
Techniques
The choice of a prediction technique is highly dependent
on the nature of the data stream under consideration.
Using linear extrapolation one can easily approximate a
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Figure 1. Showing the components in Predictive Filtering
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not changing rapidly we can predict more than the next
update i.e. the dth update into the future is calculated using
the following expression:
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Figure 2. Source side update component
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u ( t n + 1) − u ( t n )
and c = {u ( t n ) − m × t n}
tn + 1 − t n

Double exponential smoothing-based prediction (DESP)
[11] models a given time series using a simple linear
regression equation where the y-intercept c and slope m
are varying slowly over time. An unequal weighting is
placed on these parameters that decays exponentially
through time so newer observations get a higher
weighting than older ones. The degree of exponential
decay is determined by the parameter α
[0:1). The
method makes use of two smoothing statistics:
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S '(u (tn)) = α S (u (tn )) + (1 − α ) S '(u (tn − 1))
Using these smoothing statistics c and m can be estimated
as c and m by applying the following equations
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2.2 Double Exponential Smoothing
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For linear extrapolation, learning consists only of tracking
the previous two updates.
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where m =
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+ d

m'(tn ) =

'

,
,

α
1−α

( S (u (tn)) − S '(u (tn )))

c'(tn) = 2S (u (tn )) − S '(u (tn)) − tn m'(tn )
Given these estimates and with some algebraic
manipulation the next update is predicted time d into the
future with

Figure 3. Sink side update component
examined this possibility. The filter-bound at the source is
a user specified parameter that encapsulates the degree of
approximation that is tolerable.
The procedures at the source and the sink for handling
updates / update-beacons are shown in Figure 2 and
Figure 3 respectively. The learn() and predict()
procedures are specific to the type of prediction technique
being used. The following sub-sections contain details
about these procedures.

u (tn + d ) = (2 +

αd
αd
)S (u(tn)) − (1 +
)S '(u(tn))
1−α
1−α

In this case, the predictor learns by refining c and m over
time based on updates.
2.3 Artificial Neural Network based Predictors

2.1 Linear Extrapolation

Another popular technique used for prediction is Neural
networks [12, 13, 14]. Compared to the previous two
techniques, they tend to be more adaptable and flexible,
since they can effectively model complex non-linear
mappings and a broad class of problems due to their nonparametric nature. Their topology and weights are
adaptable; therefore they are able to learn, which makes
neural networks well suited for applications like
prediction, system identification, and classification in
many problem domains. One of the drawbacks of neural
networks is that they need a sufficiently large data set to

Linear Extrapolation provides a technique that imposes a
very low overhead but performs sufficiently well for
predicting a wide range of data streams. Given two
updates at time tn and tn+1 the update at time tn+2 is given
by the following expression:
u (tn + 1) − u (tn )
u (tn + 1) − u (tn )
tn + 2 + {u (tn ) −
tn}
tn + 1 − tn
tn + 1 − t n
Thus, the next update is predicted to be on a straight line
connecting the previous two updates. When the stream is
u (tn + 2 ) =
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Figure 6. E-Code representation of source side linear
predictor

Figure 4. Modified source side update component
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source predictor updates and produces better on-line
training of the neural network. We have so far
experimented with simple three-layer feed-forward neural
networks and made use of the error back-propagation
method to train the network; units with sigmoid function
were used to construct the network. We are gathering
results for neural-network based predictors as part of our
ongoing work.
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3. Implementation Details
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In this section we deal with the issues concerning the
deployment of predictive filters. We have implemented a
distributed stream management framework using the
ECho publish-subscribe middleware [18, 19] developed at
Georgia Tech. The predictive-filtering algorithm
discussed in this paper was implemented as a part of our
stream management framework. The ECho middleware
supports channels that facilitate the flow of data between
the source and the sink. One of the important features of
the ECho-Channel framework is its ability to dynamically
compile and deploy filters written in E-Code, a highly
portable subset of C, at remote sites to process data at the
source. We have used this ability of the framework to
enable deployment of predictors at the source. More
details about ECho and the E-Code Language can be
found in [18].
The E-Code equivalent of a source-side predictor
using linear extrapolation is shown in Figure 6. The
variables input and filter_data are implicitly available to
the function. The input variable contains the update. The
filter_data variable contains configuration and state
information, including the slope, y-intercept, last update
and the update iterator. A return value of 1 causes the
update to be transmitted to the sink while a 0 results in
non-transmission of the update.

,

Figure 5. Modified sink side update component
train the network, but this is what makes them even more
suitable for stream-based applications that present
enormous amounts of data. Another advantage of using
neural networks is that they can be used to predict
categorical data streams, which may have certain
elements that cannot be mathematically approximated.
However, the inherent mathematical complexity involved
in training neural networks and then in the prediction may
limit the usefulness of this approach.
Since we do not want to overload the stream data-source
with computations for predicting the next update, we use
a modified algorithm in this scenario. The learning
component in case of neural network based predictors is
present only at the sink and the predictor at the source is
periodically updated to ensure similar predictions as the
sink. The modified source and sink procedures are shown
in Figure 4 and Figure 5 respectively. Further
modifications to the algorithm include updating the sink
predictor with batched updates after a threshold number
of mispredictions. This allows us to limit the number of
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Figure 7. The original path followed by the Bee.

Figure 9. Bee-Path Trace using Linear Extrapolation

Figure 8. Bee-Path Trace using Source
Approximation

Figure 10. Bee-Path Trace using Double Exponential
Smoothing

Table 1. Comparison of various predictive filtering techniques for constant Filter-Bound = 5
Filtering Technique

RMS Error

No Filtering

Number of Updates
Propagated
7846

Source Approximation[1]

542

3.98

-

Linear Extrapolation

672

2.62

Double Exponential Smoothing

454

2.07

Another advantage of using ECho channels is that the
sink can remotely access the filter_data configuration
information available to the source-predictor. This facility
helps in remote maintenance of this structure and proves
helpful in implementation of neural network based
predictors in which the source predictor needs to be
updated by the sink.

records a log of various fast-moving objects. The
temporal data feed was visual data collected by the
BioTracking group at Georgia Tech [20]. The group video
recorded activity of bees around a beehive for 10 days, 12
hours per day; and then processed the video using an
image-processing algorithm to track the individual bees.
We chose this data stream because the high rate of change
in a bee’s trajectory allows us to examine our techniques
for predicting very complex data streams.
The original motion log of a single bee is shown in
Figure 7, which depicts 7846 updates from the bee-path

4. Experimental Results
We evaluated the performance of our technique and its
applicability by designing a motion tracking system that
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Table 2. Comparison of various predictive filtering techniques for RMS-Error ~ 4
Filtering Technique

Filter-Bound

No Filtering

Number of Updates
Propagated
7846

Source Approximation [1]

542

5.00

-

Linear Extrapolation

464

6.30

Double Exponential Smoothing

359

7.80

trace. In our experiment, we limited the number of
updates for tracking the bee by using various prediction
techniques discussed above. Figure 8 shows the path
traced by the bee using the source approximation
technique discussed in [1]. Note that the path is very
sparse and misses some details. Figure 9 shows the results
obtained by using a linear extrapolation predictor. The
figure shows more of the zig-zag nature of the original
curve as the filter tries to predict and approximate the
correct position of the bee. The results of using a double
exponential smoothing based predictor are shown in
Figure 10 and smooth edges and even more detail are
shown in the figure.
Table 1 shows the actual number of updates
propagated from the source to approximate the position
log for the various prediction techniques when filterbound is kept constant. It also contains the root-meansquared (RMS) difference (error) between the updates
predicted by or received at the source and the actual
updates. The RMS measures the quality of the
approximated data; lower error is better. The number of
updates required for linear extrapolation is more than that
required for source approximation but the corresponding
RMS error is considerably lower. However, the double
exponential smoothing technique is the best both in terms
of the number of propagated updates and the RMS error.
Table 2 shows the actual number of updates required by
each technique to approximately deliver the same quality
in terms of RMS error at the sink. The table clearly shows
the advantage of using prediction-based methods for
filtering the updates. It maybe noted that better filtering
techniques allow for relaxed filter-bound to achieve the
same quality of sink updates.
Experiments with neural-network based predictors are
being conducted as part of our ongoing work.

applicable to a large number of streaming data
applications typically present with sensor networks that
deal with regular data: e.g. network monitoring data,
traffic data and stock market data, and so on. We are
currently exploring the possibility of predicting
categorical data streams using neural network based
predictors. We understand that the techniques are limited
to data with numeric values; if the data is from a domain
with discrete strings or categories as values, a
modification of the proposed techniques will be needed.
This is left as part of our future work.
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Abstract

database management systems (DBMS) that run on large
back-office servers are the most well-known embodiment
of this kind of technology. Researchers have recently realized that similar technologies are needed in smaller environments in which resource limitations are also an issue
[9, 4]. In sensor-based applications, bandwidth and battery
power are typically the scarce resources.
This paper looks at a real sensor-based application in
which results are computed along with a confidence value.
The data management game that we play here is to set
transmission parameters (statically or dynamically) in order to achieve the highest confidence only when the application requires it. Our techniques use strategies that are
informed by the confidence models to conserve bandwidth
and power. We discuss these ideas and some possible approaches in terms of a military physiologic sensing application. Our main contribution is in the way that confidences
can be used in this particular application.
The warfighter’s workplace has unique occupational
challenges: from mission demands, the environment, and
combat injuries. Modern dismounted soldiers commonly
engage in intense, mentally and physically demanding 310 day missions, often in rugged terrain or complex urban
settings. Warriors carry heavy loads and are often food and
sleep-restricted. Environmental conditions can vary widely
in terms of ambient temperature, humidity, wind speed,
barometric pressure, and the like. In non-war mode the
military can suffer over 120 heat casualties a year [1]. Under or over hydration can decrement physical and cognitive performance, and increase the risk of heat injury, hyponatremia, or death [14, 15, 16]. Added to the harsh environment is the possibility of receiving a wound. Once
a warfighter has become a casualty, it is critical that treatment is received quickly during the “golden hour”, which
is the short period of time when proper medical treatment
can mean the difference between life and death. It has been
suggested that 20% of these deaths could be prevented with
rapid intervention [13]. Therefore, wearable physiological
and medical status monitoring can play an important role
in: sustaining physical and mental performance, reducing

The military is working on embedding sensors in a
“smart uniform” that will monitor key biological
parameters to determine the physiological status
of a soldier. The soldier’s status can only be determined accurately by combining the readings from
several sensors using sophisticated physiological
models. Unfortunately, the physical environment
and the low-bandwidth, push-based personal-area
network (PAN) introduce uncertainty in the inputs
to the models. Thus the model must produce a
confidence level as well as a physiological status
value. This paper explores how confidence levels can be used to influence data management decisions. In particular, we look at power-efficient
ways to keep the confidence above a given threshold. We also contrast push-based broadcast schedules with other schedules that are made possible
by two-way communication.

1 Introduction
Data management has traditionally been reserved for large
complex software environments in which huge amounts of
data must be processed with limited resources. Modern
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the likelihood of non-battle injuries such as heat stroke, and
provide remote notification and medical status of a casualty.
In this paper, we first describe the Warfighter Physiologic Status Monitoring (WPSM) application in detail
in Section 2, where we also present an example scenario
and show how the sensor network behaves under this scenario. We discuss potential data management techniques
that would improve the existing network in Section 3. We
present some preliminary simulation results in support of
these discussions. Section 4 summarizes related work in
the area. We conclude the paper by discussing future directions in Section 5.

2 The WPSM Application

Figure 1: WPSM-IC Sensor System

2.1 The Sensor System
The Medical Research and Material Command (MRMC)
under its Warfighter Physiologic Status Monitoring - Initial
Capability (WPSM-IC) program is developing what is essentially a wellness monitor for each soldier. This system
is comprised of a medical hub which hosts a personal area
network of physiologic and medical sensors and a number of algorithms. The algorithms estimate the state of
the warfighter in the following areas: Thermal, Hydration,
Cognitive, Life Signs, and Wound Detection. Each area has
four potential states that are coded by color. Green represents normal-no action is required; Yellow means requires
attention; Red calls for immediate action; and Blue indicates a system fault. For each area’s state, the hub also estimates a confidence level. Confidence refers to the accuracy
level of the state estimated by a model.
The states for each medical and physiologic area are
based upon input to the state algorithms from a number
of sensors distributed around a warfighter’s body, uniform
and equipment, as well as outputs from other algorithms
resident in the medical hub. Figure 1 shows a schematic
of the current WPSM-IC sensor system and the physical
placement of sensor equipment on a warfighter. The ingestible thermometer pill is network-enabled, and measures the temperature of the stomach and intestines, which
is usually a good indication of body core temperature. The
fluid intake monitor measures the amount of fluid consumed through a bladder-style canteen. The life sign detection sensor (LSDS) is an integrated system with multiple
parameters and algorithms including heart rate, respiration
rate, body orientation, actigraphy 1 , and skin temperature.
The LSDS also has an integrated ballistic impact detection device which provides an alert when on-body acoustic signals are detected that indicate the probability that a
ballistic projectile has impacted the warfighter. The sleep
performance watch treats sleep as a consumable quantity,
measures it, and uses an algorithm to equate this to apparent cognitive readiness. The soldier also carries a GPS and
other technologies which report his geographic location.
1 Actigraphy

The sensors are connected to the medical hub by a proprietary wireless RF network [12]. The network was developed with a number of key requirements unique to a military operational environment. The network needed to be
very low power, to allow miniature physiologic sensors to
run for weeks without the need of battery recharge or replacement, and also have an ability to reject cross talk and
interference from similar networks borne by other soldiers
when congregated in close proximity to each other. In addition, the network had to provide a low profile signature
to avoid detection.
The current network uses a detuned (low detectability)
40MHz radio frequency (RF) carrier. Digital data are transmitted from sensors to the medical hub utilizing a pseudo
random push transmission scheme. Sensors are factory set
with an identification number (ID) and random number table seed. Sensors are supplied operating in a deep sleep
mode and are activated through an infrared (IR) port, by a
medical hub. Activation associates a particular sensor with
a particular hub. The sensor in a series of initial transmissions sends its transmission schedule (based upon its ID
and random number seed) and clock information to the hub.
Knowing this information, the hub is able to keep itself in
a sleep mode, powering up fully only when it knows to expect a transmission from an associated sensor. This reduces
power consumption in the hub (∼0.1% duty cycle) and also
guards, to some degree, against cross talk from other sensors. This “push-only” scheme has the benefits of allowing
sensors to only carry transmission circuitry which is activated on a known schedule, rather than both a transmitter
and receiver. In a “polled” scheme, a sensor would need
to constantly power the receiver circuitry to listen for data
polls, and hence consume more power. Sensors in the current network sample every 15 seconds and transmit data at
2400 baud on average every 15 seconds. The transmission
interval can vary from 3 seconds to 27 seconds according
to the pseudo random schedule with each transmission time
interval having an equal probability of occurrence. Each
sensor message is 240 bits long.

is a measure of activity patterns [7].
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Model
TSkin
Threshold
Model1
Model2
Model3
TCore

Skin Temp.
√
√

Heart Rate
√
√

Actigraphy

Geo-Location

Resp. Rate

√
√
√

√
√

√

Pill

√

# Sensors
1
2
1
2
4
1

Table 1: Models for estimating thermal state
2.2 Example Scenario: Estimating the Thermal State

per.
Our thermal state estimation problem consists of three
major dimensions that determine the confidence levels:

In this paper, we focus more closely on the warfighter thermal state, and the sensors and models which allow thermal
state and its confidence to be determined. In what follows,
we describe an example scenario for estimating the thermal
state of a soldier.
The best and most confident method to assess thermal
state is direct measurement of core body temperature by
using the network-enabled ingestible pill. When core body
temperature is greater than 39.5◦ C, there is a high probability that the warfighter is in thermal strain. However,
this method is impractical for continual use. Thus, these
devices are reserved for use during high thermal stress
missions, while encapsulation in nuclear, biological, and
chemical protective suits, and/or if use is indicated by other
algorithms or medics.
When a core temperature pill is not being used, WPSMIC plans to use variants of two basic types of models to
provide an estimate of thermal state. The simplest model
is the Threshold Model [2] that takes inputs from two sensors measuring skin temperature and heart rate. Under very
low and high skin temperatures, the confidence in states
produced by this model is higher than otherwise. For midvalues of temperature, knowing heart rate values improves
confidence. The second model is a first principles model
similar to the USARIEM Scenario Model [6], that takes
metabolic rate, environmental conditions, clothing configurations and biometric data as inputs to estimate core body
temperature. Metabolic rate and the environmental conditions are key drivers of this model. From the current
system, metabolic rate can be derived independently from
heart rate, respiration rate, actigraphy, and geo-location
readings in multiple ways with different confidence levels. Based on these, Table 1 summarizes six alternative
models to estimate thermal state together with the sensors
they are using. TSkin Model is a simplified version of
the Threshold Model, using only the skin temperature sensor. The Threshold Model additionally uses the heart rate
sensor. Models 1-3 represent variants of the first principles model where metabolic rate is derived using different sets of sensors: Model1 uses just actigraphy; Model2
uses both actigraphy and geo-location; Model3 uses actigraphy, geo-location, heart rate and respiration rate. Finally,
TCore Model uses the core temperature pill. Each alternative model has complex algorithms that map sensor values
to physiologic states with certain confidence levels. The
details of these algorithms are outside the scope of this pa-

1. Model: The first factor is the model, and hence the
set of sensors, that participate in the state computation. Input from a greater number of sensors usually
increases the confidence in the state. This is not true
when the core temperature pill is used. However, the
core temperature pill is unique in that it is a consumable sensor, with a costly logistics and resupply train.
2. Latency: The second factor is the latency of sensor
messages. As readings get older, their relevance and
usefulness to the models and state algorithms decay.
Thus, a latency decay function or “shelf-life” is defined for each sensor. This function maps latency values measured in seconds to decay coefficients. For
our example scenario, all sensors are simply assumed
to have the following exponential decay function2:
2−(dlatency/15e−1) , where latency > 0
For example, a heart rate reading of age 20 seconds
has a decay coefficient of 0.5, i.e., a state computation
that uses this heart rate value would have its confidence level degraded by 0.5. When multiple sensors
are involved in a model computation, we simply use
their average latency to compute the decay coefficient.
If sensors had different latency decay functions, then
we would take an average of their individual decay
coefficients.
3. State: Finally, the third determinant of confidence is
the output state. For our thermal state estimation problem, the Green state can be determined with higher
certainty than the Yellow and Red states.
Next, we present confidence assignments on two of the
dimensions, Model and State. The latency dimension is
based on the decay function provided above.
As mentioned earlier, physiologic models are also affected by the physical environment. In Table 2, we illustrate a detailed work environment scenario. The first
two columns of this table show nine different environmentactivity combinations. Work environment conditions are
2 In general, it is more realistic to choose different decay functions for
different sensors. For example, heart rate readings would certainly age
faster than ambient temperature readings.
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Env.
cool
warm
hot
cool
warm
hot
cool
warm
hot

Work
low
low
low
med
med
med
high
high
high

TSkin
Y
76
76
57
66.5
47.5
38
38
19
4.75

G
80
80
60
70
50
40
40
20
5

R
72
72
54
63
45
36
36
18
4.5

G
90
90
80
90
70
60
60
40
20

Threshold
Y
R
85.5 81
85.5 81
76
72
85.5 81
66.5 63
57
54
57
54
38
36
19
18

G
95
95
95
95
80
70
90
60
50

Model1
Y
90.25
90.25
90.25
90.25
76
66.5
85.5
57
47.5

R
85.5
85.5
85.5
85.5
72
63
81
54
45

G
95
95
95
95
90
80
95
70
60

Model2
Y
90.25
90.25
90.25
90.25
85.5
76
90.25
66.5
57

R
85.5
85.5
85.5
85.5
81
72
85.5
63
54

G
95
95
95
95
95
90
95
80
75

Model3
Y
90.25
90.25
90.25
90.25
90.25
85.5
90.25
76
71.25

R
85.5
85.5
85.5
85.5
85.5
81
85.5
72
67.5

TCore
G/Y/R
100
100
100
100
100
100
100
100
100

Table 2: Work Environment models to estimate thermal state and their confidence levels
ways achieve better confidence levels. Models periodically
compute states based on what has most recently been received from the participating sensors. When more sensors
are present in the network, the frequency of packet collisions and message drops increases. When the most recent
measurement from a sensor is missing, state computation
at the hub has to rely on a stale earlier reading from that
sensor. As mentioned before, stale data degrades the confidence level associated with each instance of model output.
Figure 2 shows how each model behaves under three of the
environment-activity conditions. Model3, using four sensors to estimate metabolic rate, achieves better confidence
than other models (except TCore) in the (warm, high) and
the (hot, high) cases which represent relatively high intensity conditions. To generalize this notion, delivering highconfidence for different detection goals (i.e., thermal stress,
wound detection, etc) demand different models.

measured independently from the soldier (e.g. through
a weather station) and they are external to the soldier’s
personal area sensor network. However, they directly affect the confidence achieved by the models. For each
environment-activity combination, confidence levels for
six alternative models are shown. Note that these values are
representative values. Each model can estimate the Green
(G) state with the highest confidence. If a Yellow (Y) is
computed, this confidence degrades by 0.95; if a Red (R)
is computed, it degrades by 0.90. TCore Model is an exception as its confidence for all states is perfect due to its
being a direct measure of thermal state. Note that as the
environment moves from cool to hot, and as activity moves
from low to high, more types of sensors may be needed
to maintain a high confidence about the soldier’s thermal
state.
The application requires different confidence levels depending on soldier’s state. Table 3 shows the required
thresholds for our example. If a Green state is reported,
its confidence has to be at least 50. If a Yellow state is observed, a confidence value of at least 70 is required. Finally,
if soldier’s state is reported to be Red, a confidence value of
at least 80 has to be provided. In other words, the application requires higher confidence for more important events.
The goal is to operate the sensor network in such a way
that it delivers state estimations with sufficient confidence
levels.
State
Green
Yellow
Red

Confidence Threshold
≥ 50
≥ 70
≥ 80

Figure 2: Simulation of the push-only scheme

Table 3: Required confidence thresholds for each state

3 Confidence-based Data Management

2.3 The Push-Only Transmission Scheme

In the WPSM context, data management largely concerns
the scheduling of data transmissions. Frequent transmission can in principle improve latency, but over zealous
transmission can waste power and increase the odds of a
collision (i.e., lost data). In what follows, we discuss techniques for optimizing this tradeoff. We use confidence
modeling as the primary way to inform these decisions.

We simulated the existing push-only sensor network on
CSIM [11]. We ran the alternative models of the example scenario through the simulator, using one model and
one environment-work pair at a time. We assumed that the
soldier is in the Green state. We make the following important observation: Models requiring more sensors do not al-
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Model
Model 1
Model 2
Model 3
All Models

Average Confidence
64.92
72.73
77.75
79.22

% Drop
0
1.98
5.79
5.71

sor parameters to match the requirements of the physiological models. Thus, we foresee a need to incorporate twoway communication into future sensor designs. Of course,
we must be able to show that the extra power needed to run
the receiver is worth it.
In general, sensors reporting with high frequency feed
low-latency values into the models, but messages are more
likely to get dropped due to collisions. In the extreme case,
high data rates can translate into high latency as well as
extensive energy consumption. On the other hand, lowfrequency transmissions seldom get dropped and use power
economically, but they may not refresh the models as often
as needed. Each sensor’s sampling rate should be adjusted
between these two extremes based on model requirements.
One thing to consider is the sharing between running
models. There are five different areas where state estimation is needed. Each area may also run multiple models
concurrently. Each model requires readings from a certain
subset of the sensors. Sensors could be ranked based on
how many models they are feeding. Also, importance of a
state could be considered. For example, Wound Detection
may be more important than Cognitive State. Sensors involved in Wound Detection should have higher rank. Sensors of high rank should have shorter sampling and reporting periods.
A second consideration is the latency decay functions
of the sensors. A cumulative latency decay function could
be defined based on functions of all sensors involved in a
model computation. This function would indicate how often that model has to be refreshed to preserve its confidence
level. As mentioned before, some sensors can have stricter
latency requirements than others. For example, heart rate
readings age faster than temperature readings. This implies
that the heart rate sensor must update more often, illustrating the notion that refresh periods are application dependent.

Table 4: Model redundancy simulation results
3.1 Exploiting Redundancy
Physiologic states can be estimated with higher certainty
by allowing redundancy at several levels.
Model Redundancy. All alternative models to estimate a
particular state can run concurrently. As we have demonstrated, various factors like sensor values and latency
decay may cause one model to achieve higher confidence
than another. By running the models simultaneously, one
can obtain multiple state estimations at different levels of
certainty and the one with the highest confidence can be
picked. Table 4 shows preliminary results from a model
redundancy simulation for a changing work environment
scenario. We again assume that the soldier is in the Green
state. Models 1-3 are run both separately and all together.
The work environment is initially set to (cool, high) and
then gradually changed to (warm, high) and (hot, high).
When all models are redundantly run together, the average
confidence is the highest. Models 1 and 2 have fewer
drops due to fewer sensors sharing the channels. Model 3
and All Models use four sensors and they both experience
higher percent message drop due to collisions. Note that
All Models loses around the same percent of messages as
Model 3 alone, but achieves higher average confidence.
Data Redundancy. Sensor readings can be transmitted
multiple times. A sensor message not only contains the
most recent reading, but also the previous reading as well.
This type of redundancy is useful when the model to be
computed not only requires the most recent sensor value,
but a valid sensor reading every certain time period. This
increases the probability that a reading will get through.
Obviously, allowing redundancy has drawbacks in terms
of resource consumption. Running all models at the same
time increases network traffic and message loss. Similarly,
repeating readings in multiple messages increases message
lengths, thus consuming bandwidth and expending additional battery power. Therefore, the degree of redundancy
has to be adjusted based on a tradeoff between desired level
of confidence, variability of the conditions affecting confidence, and resource consumption.

3.3 Bi-directional Data Communication
The sensor network used in the described application is designed to be push-only, where data flows in a single direction, from sensors to the hub. Sensors do not have any
receivers, but only transmitters. The rationale behind this
kind of a setup is threefold. First, it uses less power since
no sensor wastes battery by listening to the network. Second, message loss is small since collisions are expected to
occur less frequently. Last but not least, push-only sensors are much cheaper to build. However, this design limits
many potential optimizations that could be performed at the
receiver hub.
The receiver hub is the only point in the network that has
a complete view of all the sensors and all the physiological
models with their confidence requirements. As such, it can
make the best judgement about how to deliver high confidence states in an efficient way. However, in a push-only
scheme, it has no control over sensor transmissions. The
hub must be able to ”pull” from the sensors as needed.
With a two-way communication model, we can accumu-

3.2 Adjusting Sampling Rates
In the current deployable network, sensors come with
factory-set transmission schemes. Thus, their sampling and
transmission periods are not adjustable. However, we believe that confidence levels and network lifetime could be
considerably improved by dynamically adjusting these sen-
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Env.
cool
warm
hot
cool
warm
hot
cool
warm
hot

late minimal sensor readings in order to populate the lowerconfidence models. Typically, the amount of data and the
latency requirements are lower for low confidence results.
In this situation, if we get an alert for a thermal stress event
with a low confidence, we can then contact the sensors to
collect more data in order to feed the higher confidence
models. Thus, we only spend bandwidth and power when
it is needed. In other words, in the normal operating case,
it is best to run lean at the expense of confidence. When an
important but low confidence event is observed, we expend
more resources to confirm or deny it. We now illustrate
this point on our work environment example presented in
Section 2.2. As shown in Table 3, our application has different confidence requirements depending on the soldier’s
state. These requirements can be met in multiple ways using alternative models. For example, if the soldier is in
the Green state and under the (hot, high) condition, Models 1-3 and TCore Model can deliver enough confidence
(≥ 50). Among these models, Model1 is the most desirable one. First of all, Model1 uses only one sensor. Thus,
network bandwidth does not have to be shared with other
sensors. The network lifetime with one sensor would be
much longer as the energy consumption at the hub is proportional to the the number of sensors it is communicating
with. Finally, the actigraphy sensor used by Model1 is a
much cheaper alternative than using the core temperature
pill. If we apply this heuristic of “using as few sensors as
possible” to all condition and state combinations in Table
2, we end up with model preferences shown in Table 5.

Work
low
low
low
med
med
med
high
high
high

G
TSkin/Model1
TSkin/Model1
TSkin/Model1
TSkin/Model1
TSkin/Model1
Model1
Model1
Model1
Model1

Y
TSkin/Model1
TSkin/Model1
Model1
Model1
Model1
Model2
Model1
Model3
Model3

R
Model1
Model1
Model1
Model1
Model2
Model3
Model1
TCore
TCore

Table 5: Model preferences based on the number of sensors
ing between alternative estimation models dynamically. As
such, it is a much more efficient alternative to the redundancy approach proposed in Section 3.1.
Two-way communication is also more flexible than the
sampling rate adjustment approach discussed in Section
3.2. Sensor transmission rates can effectively be adjusted
by changing the pull frequency at the hub.

4 Related Work
There is a growing body of research on sensor network
data management. TinyDB [18] and Cougar [4] are two example query processing systems for multi-hop sensor networks. These systems emphasize in-network processing of
declarative queries to reduce data communications and battery usage. TinyDB especially focuses on acquisitional aspects of query processing like where, when and how often data should be collected from the sensors [9]. Sensor sampling rates are adjusted based on event and lifetime
specifications of queries. Cougar uses sensor update and
query occurrence probabilities for view selection and location on top of a carefully constructed aggregation tree [4].
Scheduling techniques to overcome collisions in the sensor
network are also explored in this project. These systems
are designed to serve monitoring applications that span a
larger or difficult to reach geographical area than the personal area case, where multi-hop sensor communication is
a necessity (e.g., habitat monitoring).
More relevant to our problem are quality-driven approaches. As an example, TiNA exploits temporal coherency tolerance specifications of users in in-network processing to trade off between result quality and energy conservation [17]. Sensor readings are reported only if they
differ from an earlier value by a certain amount. Another
example is the QUASAR project [8], which also exploits
applications’ tolerance to imprecision to minimize resource
consumption. As a more closely related work to ours, a
model-driven approach for data acquisition in sensor networks has been recently developed by Deshpande et al [5].
A probabilistic model of the sensor network data is created based on a history of readings from sensors and correlations between them. Queries can be approximately answered based on this model. If confidence requirements
can not be met by the model alone, then the sensors in the
network need to be queried. The model is also refined as

To show the performance benefit of this heuristic, we
considered a scenario where the soldier is in a (hot,
medium) environment and is initially in the Green state.
Then his state gradually changes to Yellow and Red.
Model3 delivers enough confidence for all of these states.
Therefore, we ran one simulation where only Model3 is
used. In a second simulation, we started out with Model1
and changed to Model2 only when soldier entered Yellow
state, when Model1 can not deliver enough confidence.
Similarly, when the soldier’s state changed to Red, we
switched from Model2 to Model3 so that confidence is
above the required threshold. This second run simulates
the behavior of a hub pulling from sensors as necessary.
Initially, it only pulls from the actigraphy sensor; then the
geo-Location sensor is added; and finally, heart rates and
respiration rates are pulled. We further assumed that the
main determinant of network lifetime is the battery at the
hub which is about 1800 mAHrs. Additionally, we assume
that each sensor that is turned on has a current draw of
50mA; i.e, if this sensor is left on for an hour, it will consume 50mAHrs of the total 1800mAHrs battery. Then we
compared these two simulations in terms of network lifetime. The first simulation runs out of hub battery in 9 hours
whereas the second one can survive more than 14 hours.
This simple scenario clearly demonstrates how a pull-based
model could conserve energy based on model and situationspecific confidence requirements.
In a way, bi-directional communication enables switch-
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ues have recently been received. If recent heart rate readings suggest that the heart rate could not have gone beyond
normal threshold since the last reading, then we do not need
to receive a new heart rate report.
WPSM-IC is currently concerned with dismounted warriors and the management of their personal area networks.
The goal at this point is to create a summary of the soldier’s
physiological state at the hub. In the future, this state information would be disseminated to other battlefield units.
This might include mobile medics who are deployed in the
theater of operation or to advanced field hospitals that are
prepared to deal with both prevention of potential casualties as well as management of known casualties of various
kinds. The information that is uploaded beyond the individual soldier would be used for some form of remote triage.
The remote triage problem, of course, comes with its
own technical challenges. Similar reports from more than
one co-located soldier might be an indication of a particular kind of attack. Physiological status reports from many
soldiers can be used to prioritize treatment. In these cases,
the medic might find that the reported confidence level is
not high-enough to warrant the deployment of an ambulance. Instead, the medic may contact the soldier’s hub to
amplify the confidence to some given level. This might require a great expenditure of resource, but in an emergency,
the investment is likely worth it.

more readings are received. In the application that we consider, multiple complex models exist to estimate physiological states of a soldier. Each model uses a different set
of sensors. These models and their confidence levels are
well-defined. Rather than building and refining the models,
we concentrate on efficient data acquisition from sensors to
estimate states with acceptable confidence using alternative
models.
There is some related work on data management for personal area sensor networks as well. For example, a recent work proposes a query processing system for healthcare bio-sensor networks [3]. Patient heart rates are monitored using electrocardiogram (ECG) and accelerometer
sensors. Multiple ECG sensors have to be worn for a complete measurement of the electrical activity of the patient’s
body. Furthermore, if the patient moves, ECG signals may
be corrupted. Therefore, readings from an accelerometer
sensor have to be correlated with ECG readings for a more
reliable result. This application has similar sensor network
uncertainty concerns as ours. However, the focus of this
work is on query processing at the base station. We believe
our confidence-based approach could be used at the data acquisition phases of this system to improve query results. In
the same domain, CodeBlue is a wireless communications
infrastructure for medical care applications [10]. It is based
on publish/subscribe data delivery where sensors worn by
patients publish streams of vital signs and geographic locations to which PDAs or PCs accessed by medical personnel
can subscribe. Secure and ad hoc communication, prioritization of critical data, and effective allocation of emergency personnel in case of mass casualty events are major
emphases of this project.
Finally, wireless sensor networks are also a subject of
recent research in the networking community. Of particular
relevance to our work are MAC (Medium Access Control)
protocols that determine when and how the network nodes
coordinate to share a broadcast channel [19]. Collision
avoidance is a major concern in these protocols. S-MAC is
one such protocol where sensor nodes periodically sleep to
reduce energy consumption by avoiding idle listening [20].
While such protocols make the underlying network more
reliable in power-efficient ways, they are unaware of the
application-specific requirements, like confidence levels in
our WPSM-IC application.
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Abstract

the sensor network. One typical sensor database scenario involves sensor elements that are prone to failure,
are highly resource-constrained, and must communicate across a lossy network. Sensor networks comprised of small battery-powered motes are a representative instantiation of this scenario [7]. In such an
environment, aggregation queries are particularly effective, as they are robust to node and link failures,
can be resilient to incorrect or outlying responses, and
are amenable to the use of in-network processing to
minimize messaging cost. For these queries, approximate answers typically suﬃce, especially in light of the
very high cost of ensuring 100% reliability in communications in sensor networks. Recent work has focused
on computation of aggregates using a request/reply
model in which a query is broadcast to a region of interest, individual sensors make best-eﬀort replies, and
responses are aggregated in-network en route to the
origin of the query [3, 11, 20].
In this paper, we argue that there is a rich and relatively under-explored set of classic statistical methods
that have not yet been extensively studied in the domain of sensor databases. In particular, we propose
a more careful study of random sampling methods,
which have long been used in other domains to approximately compute aggregates such as MEDIAN, AVG,
and MODE [2, 12, 13]. Random sampling is a particularly good ﬁt for approximate aggregation queries
in the sensor network domain in light of the potentially modest messaging cost. While we view random
sampling as especially useful in the context of data
management and data aggregation problems, we also
note that it is an integral component of other useful
randomized algorithms that are potentially applicable
to sensor networks, including randomized routing [18].
In the context of sensor networks, a natural abstraction is spatial sampling, i.e. sampling from geographical locations within the network uniformly at random.
On a 2-D network with bounded spatial extent, such
an objective can easily be realized by picking an (x, y)
coordinate from within the space at random and using geographical routing to route to the node closest

Recent work in sensor databases has focused extensively on distributed query problems, notably
distributed computation of aggregates. Existing methods for computing aggregates broadcast
queries to all sensors and use in-network aggregation of responses to minimize messaging costs.
In this work, we focus on uniform random sampling across nodes, which can serve both as an
alternative building block for aggregation and as
an integral component of many other useful randomized algorithms. Prior to our work, the best
existing proposals for uniform random sampling
of sensors involve contacting all nodes in the network. We propose a practical method which is
only approximately uniform, but contacts a number of sensors proportional to the diameter of
the network instead of its size. The approximation achieved is tunably close to exact uniform sampling, and only relies on well-known
existing primitives, namely geographic routing,
distributed computation of Voronoi regions and
von Neumann’s rejection method. Ultimately,
our sampling algorithm has the same worst-case
asymptotic cost as routing a point-to-point message, and thus it is asymptotically optimal among
request/reply-based sampling methods. We provide experimental results demonstrating the eﬀectiveness of our algorithm on both synthetic and
real sensor topologies.

1

Introduction

In the emerging research area of sensor databases, a
central challenge is to develop cost-eﬀective methods
to extract answers to queries about conditions inside
The authors were supported in part by NSF grants ANI9986397, ANI-0093296, ANI-0205294, and EIA-0202067.
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to that point. While this is desirable for many applications, such as computing spatial averages [6], many
other applications and database queries prefer to ignore geometry and instead wish to sample uniformly
from the set of nodes. Examples include querying average sensor battery life, counting the number of nodes
that are currently capable of executing a given sensing task, determining the 95th quantile of sensor CPU
utilization, or estimating the number of sensors that
will fail within the next day. Our focus is to develop
practical algorithms for uniformly sampling from a set
of sensor nodes with low messaging cost.

Sampling: Problems and Methods

We now formally deﬁne our sampling problems.
Definition 1 (Uniform random sampling) An
algorithm samples uniformly at random from a set of
reachable sensors S if and only if it outputs a sensor
1
ID s ∈ S with probability |S|
.
Uniform random sampling is simple if the set of sensor IDs is known in advance and sensors neither fail nor
move. However, it is much more challenging in the realistic case where the set of IDs may not be known and
the set of reachable sensors dynamically changes over
time. For these reasons, we will be content with the
following close approximation to uniform sampling.

Since it is well-known that nodes in a sensor network often have highly irregular placements, spatial
sampling will produce non-uniform samples of the
nodes [5]. Our work relies on spatial sampling as a
starting point, but uses practical methods for smoothing, or regularizing, the non-uniform samples to produce approximately uniform node samples. The key
idea is to have each sensor node compute and maintain
the area of its Voronoi cell. A uniform node sample is
then realized by sending a sequence of spatial samples
until one is “accepted”. A targeted node in the network “accepts” by responding to a given spatial sample with an appropriate probability normalized by its
Voronoi cell size, otherwise it “rejects”. The speciﬁcs
of this normalization depend on global statistics on the
number of nodes in the network and on an appropriate k-quantile of Voronoi cell sizes across the network.
We argue that these statistics can be updated infrequently and consistently. Ultimately, this application
of von Neumann’s rejection method [19] results in approximately uniform node samples.

Definition 2 ((, δ)-sampling) An algorithm performs (, δ)-sampling of a reachable set S if and only
if it returns a sample s ∈ S such that no element of
S is returned with probability greater than 1+
|S| and at
least (1 − δ)|S| elements are output with probability at
1
least |S|
.
By this deﬁnition, our goal is to sample from almost
all sensors nearly uniformly with tunable parameters
 and δ. Our deﬁnition allows us to under-sample a
small fraction δ of the nodes.
In a sensor network scenario, we typically wish to
sample from a set of pairs k, v where k identiﬁes a
particular sensor and is unique within the set, and v
is some value associated with the sensor. This value
might be a measurement by the sensor, such as the
local temperature, or an internal statistic such as the
remaining battery life. As motivated earlier, sampling
in sensor networks is more challenging since neither a
full list of sensors nor direct communication with them
is available.
Prior to this work, the following two methods for
near-uniform sampling were proposed in the context
of sensor and other overlay networks.

As sketched above, our algorithm for generating a
random sample has a messaging cost that is typically
bounded by the messaging cost of a small constant
number of spatial samples in the expectation. This
cost is low since the messaging cost of computing a spatial sample is akin to routing a point-to-point message
using a geographic routing method such as GPSR [8].
In the worst case, such a message traverses the diameter of the network. In contrast, the best existing
methods for node sampling, which can compute an exactly uniform sample, necessitate contacting all nodes
in the network [13]. We note that the additional infrequent global update costs incurred by our algorithm
can be amortized by the potentially vast number of
samples that can be taken between updates.

Min-wise sampling: In [13], the use of min-wise
samples [1] was proposed for sampling a sensor network uniformly at random. Given a hash function h
on sensor IDs, they returned the value associated with
the ID s such that h(s) is minimal (i.e. ∀s ∈S (h(s) ≤
h(s ))). Each sensor would then propagate the value
associated with the smallest observed h(s ). With
careful control of the transmissions, this scheme can
be implemented with each node in the sensor network
sending a constant number of messages, for a total of
Θ(|S|) transmissions. However, since the entire network is involved, this is an expensive operation.

The remainder of the paper is organized as follows:
Section 2 formalizes the uniform sampling problem and
the limitations of existing methods. We summarize the
building blocks of our proposed method in Section 3.
Our rejection-based sensor sampling algorithm is presented in Section 4. Then in Section 5 we describe
the practical implementation issues, and Section 6 concludes with the broader implications and applications
of our work.

Random walks: Another natural method for sampling is the use of random walks. In the sensor network
domain, one could generate a random sample by propagating a request message along a randomly chosen khop path starting from the query sink, and sampling
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the kth sensor reached. Unfortunately, this procedure
would both need to use a large value of k, and would
need to compensate for the fact that the method is
biased toward drawing samples from near the center
of the spatial region where sensors are located, as we
demonstrate in Section 5.1.

to weight sensor readings for spatial aggregates [6] and
they are easily computable, but it is well known that
these areas vary widely when the sensors are placed
randomly [16]. This variation leads to a bias in spatial
sampling – each sensor is chosen with probability in
proportion to A(s), the area of its Voronoi cell. For
convenience, we assume the areas are normalized so
that they sum to one, and thus A(s) can also be interpreted as the probability a randomly chosen point
is closest to s.

Our methods follow a rather diﬀerent line. Like the
random walk method, we ultimately seek out a single
sensor, but our choice of the route to the sensor avoids
many of the dependencies and complications of the
random walk approach.

3

von Neumann’s rejection method: Much of the
early work on random sampling focused on sampling
complex distributions, assuming the ability to sample
simpler distributions. A well known example of this
is von Neumann’s rejection method [10, 19]. Suppose
we wish to sample from a distribution with probability density function f (i.e. an event t has probability
f (t)). If we can sample from a distribution with probability density function g, then we can sample from
f as follows. First generate a sample t using g, but
f (t)
,
only accept and return sample t with probability cg(t)
where c is a positive constant. If t is not accepted, it
is rejected and the process repeats for a new sample
f (t)
≤ 1, then
t. Assuming that c is chosen so that cg(t)
the probability of picking a particular event t on the
f (t)
ﬁrst attempt is g(t) · cg(t)
= 1c f (t). It then follows that
after c expected samples from g, we have one sample
from f .

Prerequisites

Instead of choosing a path at random, we choose a location in the sensor coordinate space at random and
route a probe to its closest sensor using geographic
routing techniques. When we partition the coordinate space into regions of ownership by mapping the
nearest neighbor regions (Voronoi cells) to sensors, we
note that these regions are irregularly sized in most
instances. Thus, this naive spatial sampling method is
very likely to generate a biased sample. Therefore, our
last key step is to use von Neumann’s rejection method
to normalize the samples. We now brieﬂy summarize
these three prerequisite ideas.
Geographic routing: If every node in a network is
aware of its own coordinates (e.g. via GPS), then it is
possible to route to a particular position using entirely
local decisions. Most of these local routing decisions
can be made in a greedy fashion, simply choosing the
neighboring node which has the closest coordinates to
the destination. This greedy routing fails when there
is an obstruction, or “void”, which must be circumnavigated to reach the destination. GPSR [8] provides an
elegant solution to this problem with just two states.
The default state of GPSR is greedy routing, while the
other state follows the perimeters of voids until greedy
routing can resume. When a packet reaches its target
point, another round of perimeter routing is run to
visit each of the immediately surrounding sensors so
that it can ﬁnd the sensor nearest to the target point.
Fortypical topologies in 2-D, geographic routing takes
Θ( |S|) steps.

4

Rejection-based Sensor Sampling

We now describe our method to combine ideas of spatial sampling with von Neumann’s rejection method to
ﬂatten out an irregular probability distribution into a
nearly uniform one. For our application, the desired
1
, and the
density function is uniform, i.e. f (t) = |S|
distribution which we can sample from, g(t), is the
distribution of Voronoi cell areas. One weakness in
von Neumann’s method for exactly reproducing a distribution f is that the constant c must be chosen so
(t)
that for all events t, fg(t)
≤ c. In our application, if
there exists a very small Voronoi cell, then c, and hence
the expected messaging cost, can be very large. Since
we cannot rule out this possibility, we content ourselves for now with generating approximately uniform
samples. Later, in Section 5.2, we consider strategies
to boost sampling probabilities for the smallest cells to
signiﬁcantly reduce residual sampling bias. We employ
the following basic algorithm.

Voronoi diagrams: Once routing to an arbitrary
point is possible, we must also quantify the size of the
region of points that are closest to a particular sensor
s. Formally, the set of points closer to sensor s than
any other sensor is called the Voronoi cell of s [4]. In
the planar case which we consider, the Voronoi cell of
s is a convex polygon containing s, where each edge of
this polygon lies on a perpendicular bisector between
s and another sensor. The exact boundaries of this
Voronoi cell are easily determined exactly by locating
all of the sensors in the immediate vicinity of s. The
areas of these Voronoi cells have been used previously

Algorithm 1 (Rejection-based Sampling)
1 The random sampler picks a random location in
the sensor field and routes a message to the sensor
s closest to this point, using geographic routing
and pre-computation of Voronoi cells.
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(a) MIT sensor testbed. Reproduced with permission
from [17]

(b) James Reserve sensor network. Reproduced with
permission from [5]

Figure 1: Maps of real sensor deployments used in our experiments.
)
, s accepts and re2 With probability min(A(s),τ
A(s)
ports its value, where τ is a threshold to be defined
shortly.

(1 − δ)|S| elements are sampled with probability at
1
. First, we show that all large cells, i.e. cells
least |S|
with area at least τ , are sampled in a given iteration
of the sampling algorithm with probability at least
1
|S| . The probability that a given sensor s is sampled
in a particular probe is ps = min(A(s), τ ), and thus
the
 probability that a particular probe is successful is
s ps ≤ |S|τ . Now let E denote the event that the
algorithm ultimately samples from a large cell .

3 Otherwise, s rejects and the random sampler repeats Steps 1-3. The random sampler also returns
to Step 1 if it times out waiting for a response.
Intuitively, τ can be thought of as a threshold on
Voronoi cell areas, in which we think of any Voronoi
cell of area at least τ as large and any area less than
τ as small. By our procedure, all large cells will
be selected equiprobably, but small cells will be selected with smaller probability, in proportion to their
area. To ensure that Algorithm 1 results in (, δ) sampling, we must guarantee that the fraction of small
cells (sampled non-uniformly) is less than δ, and that
the bias introduced by under-sampling small cells results in at most (1 + )-oversampling of large cells. In
practice, we set τ to be the area
ofthe cell that is


, and prove the
the k-quantile, where k = min δ, 1+
following main result.

p
τ
1
.
= 
≥
Pr[E ] = 
p
p
|S|
s
s
s
s
Now since large cells are at least a (1 − δ) fraction of
all cells by the setting of k ≤ δ, we have that at least
(1 − δ)|S| elements are sampled with probability at
1
.
least |S|
Next we show that no element is sampled with probability greater than 1+
|S| . By construction, large cells
are sampled with highest probability, so we restrict
attention to those cells. Starting from the same probability bound as before:
p
τ

Pr[E ] = 
= 
p
p
+
s
s
s
s|A(s)<τ
s|A(s)≥τ ps
τ

= 
s|A(s)<τ ps +
s|A(s)≥τ τ
τ
≤ 
s|A(s)≥τ τ
τ
≤
(1 − k)|S|τ

Theorem
1
=

 Running Algorithm 1 with k

min δ, 1+
and setting τ to be the cell area

that is the k-quantile results in (, δ)-sensor sampling.

Proof: By our problem deﬁnition, it suﬃces to show
that the method ensures that no element of S is sampled with probability greater than 1+
|S| and at least
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=
=

τ
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1+ )|S|τ
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1
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Threshold Management

Given user-speciﬁed values of  and δ, the threshold τ
should be set to thek-quantile
of the Voronoi cell ar

eas, where k = min δ, 1+ as discussed earlier. The
k-quantile can be computed during an initial preprocessing step using recent techniques developed in the
sensor database community. In particular, work such
as [3, 11] shows how to eﬃciently count the number
of sensors matching some criteria (e.g. with a cell area
below a speciﬁed threshold) and deriving other simple
statistics such as the average cell area. We note that
while these values need to be updated to account for
dynamic changes within the sensor network, they need
not be exact, as bounds on the values suﬃce for our
methods. Therefore, only infrequent updating of these
global statistics is needed to maintain consistent and
approximately correct values. Updating these statistics can easily be performed either by piggybacking
them on the random probes or on various control and
maintenance messages. Either way, once these statistics are available, the sampler recomputes τ , and sends
it with each probe. Since the sampler’s value of τ is
included in the query, each sensor deciding to accept
or reject a probe acts consistently.

Figure 2: Sample distribution using long random walks
along adjacent Voronoi cells. Each sensor’s cell is labeled with its probability relative to the mean. For
example, a sensor labeled 1.3 is picked with probability 1.3/|S|.
sensors placed uniformly at random on a unit square.
The ﬁrst real network, illustrated in Figure 1(a), is
a testbed deployed at MIT [17]. These sensors were
heuristically placed according to expected quality as a
vantage point, and proximity to available power outlets. The second real deployment, illustrated in Figure 1(b), is a sensor network for micro-climate monitoring at the James Reserve [5]. These sensors are
more concentrated in the lower left, where there is
thick foliage.
The objective of these experiments was to demonstrate that we can cheaply obtain a close approximation to uniform sampling. Thus, besides examining
 and δ at for various choices of τ , we also examine
the expected value of the random variable Y, which is
the number of probes sent before a sample is returned.
The actual energy costs of our method depend heavily upon the geographic routing protocol in use. Since
testing the performance of various geographical routing protocols is beyond the scope of this work, we do
not implement geographic routing in our simulation.
First, we conﬁrm our intuition that random walks
are unsuitable for near-uniform random sampling. We
consider the following random process. Starting at any
sensor in the network, a query repeatedly considers the
sensors with adjacent Voronoi cells and moves to one
chosen uniformly at random. After a suﬃcient num-

Practical Implementation Issues

We now discuss the details of a practical implementation of Algorithm 1. We begin in Section 5.1 presenting experimental results using the basic implementation outlined in Section 4, and then discuss various
reﬁnements to improve the uniformity of sampling in
Section 5.2.
5.1

1.3
1.1
0.9

0.6
0.9

5

0.6

1.7

1.3

0.8

Thus the theorem follows.
Relating this result back to von Neumann’s method,
1
. As
this corresponds to a situation in which c = τ |S|
with the rejection method, the probability that a particular sensor s is picked and accepted on the ﬁrst at)
= min(A(s), τ ). It remains to
tempt is A(s) min(A(s),τ
A(s)
select an appropriate threshold τ for our algorithm.
4.1

0.8

0.8

Experiments

We experimentally validated our proposed sampling
algorithm using three topologies: two from real sensor deployments and one synthetic topology with 215
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(a) MIT sensor testbed

(b) James Reserve sensor network

Figure 3: Resulting distributions for real testbeds. Nodes are in increasing order of Voronoi cell area.
c
naive
1
2
3
4
5


1.9
0.34
0.047
0
0
0

δ
0.6
0.45
0.25
0
0
0

E [Y]
1.00
1.34
2.09
3.00
4.00
5.00

(a) MIT sensor testbed

c
naive
1
2
3
4
5


4.3
0.48
0.12
0.041
0.012
0.0072

δ
0.69
0.46
0.23
0.15
0.038
0.019

E [Y]
1.00
1.48
2.24
3.12
4.05
5.04

c
naive
1
2
3
4
5

(b) James Reserve sensor network


3.8
0.27
0.051
0.017
0.0079
0.0042

δ
0.57
0.41
0.15
0.06
0.029
0.017

E [Y]
1.00
1.27
2.10
3.05
4.03
5.02

(c) 215 randomly placed points

Table 1: Summary of experimental results
ber of steps to converge on the stationary distribution,
the query outputs its current location. Figure 2 shows
the Voronoi diagram of the MIT sensor testbed and
the relative sampling probabilities of each sensor. As
expected, the sensors most likely to be chosen are in
the middle of the network, and the sensors least likely
to be chosen are on the edges of the network. Suﬃciently long random walks on this topology can achieve
(0.71, 0.52)-sampling. This is better than naive spatial
sampling, which would achieve (1.90, 0.60)-sampling
on the same topology, but our rejection-based methods
will give much better results.
Figure 3 shows the results of Algorithm 1 on the
real topologies assuming that there are no faults and
each sensor knows the area of its own Voronoi cell.
The areas of both networks are the areas of their minimum bounding boxes. The threshold τ was set to
1
c|S| for c = 1, 2, 3, 4, 5, and the naive spatial sampling
method is included as a baseline. As c increases and τ
decreases, the distribution becomes more uniform and
improvements in both  and δ are clearly visible.
Tables 1(a) and 1(b) summarize the parameters of
the resulting sampling distributions, along with the
expected number of probes for each sample. With the
1
MIT sensor testbed, setting c = 3 (equiv. τ = 3|S|
)
results in uniform sampling – this is because there are

no sensors with less than a third of the average cell
area in their Voronoi cell. With the James Reserve
network, one sensor has a cell area of slightly more
than one tenth of the average, so c ≥ 10 is necessary
for uniform sampling. However, this is the only sensor
which is under-sampled for c ≥ 5.
For comparison, Table 1(c) summarizes the corresponding results for a synthetically generated topology of 215 randomly placed points on a unit square.
The smallest Voronoi cell in this topology was slightly
1
smaller than 98|S|
, so if exact sampling is desired,
an average of c ≥ 99 probes per sample are needed.
However, just setting c = 5 achieves (0.0042, 0.017)sampling.
Figure 4 shows the cell size distributions of our test
topologies where the impact of human choices on sensor placement is present. First, humans are prone to
favor interesting or easily accessible points, resulting
in sensors being clustered together, each with belowaverage area. This is evident in Figure 4: the two
real sensor networks have a larger fraction of sensors
with below-average Voronoi cell areas than a randomly
generated topology. At the same time, humans are unlikely to choose very poor placements where many sensors are extremely close together. Figure 4 also hints
at this point, as the smallest Voronoi cells in syntheti-
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Cumulative Probability

0.9

James Reserve
MIT
random

0.8

Uniform random sampling is a standard and useful
primitive underlying many algorithmic and statistical methods. Our work focused on the unique constraints imposed by sensor networks, and the problem
of cheaply selecting one sensor node uniformly at random. In future work, there are numerous generalizations to consider. Our methods immediately generalize to queries that wish to sample nodes satisfying a
geometric predicate, such as those within a region of
interest, but we have not yet studied how to eﬃciently
sample from nodes satisfying a non-geometric predicate. Another interesting question is how best to take
advantage of parallelism when the number of samples
needed or the expected number of attempts is high.
Here, distinct probes may traverse common network
links, so clever strategies may be able to reduce total
transmission costs. We also plan to consider how to optimize sampling for queries which do not fall into a request/reply paradigm. For example, if query patterns
are known in advance, such as periodic ﬁxed queries,
a more streamlined method for sampling that avoids
explicit requests could be implemented in a decentralized fashion. However, our methods may still ﬁnd use
in answering such queries since their “on-demand” nature allows quick responses to unexpected events or
failures.
Finally, we note that variants of our sampling methods can be applied much more broadly, outside the
context of sensor networks. For example, uniform node
sampling is also an important problem in structured
P2P networks based on coordinate systems [9]. Variants of our methods apply to these P2P scenarios and
provide a simpler and more topology-agnostic alternative to existing methods.
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Voronoi Cell Size

Figure 4: Cell size distributions for random and real
testbeds
cally generated networks are signiﬁcantly smaller than
the ones in real topologies.
5.2

Future Work and Conclusions

Algorithmic Modifications

We now consider a variety of heuristics for improving
our baseline algorithm by reducing the impact of small
Voronoi cells on the (, δ)-approximation.
Sleeping: Perhaps the simplest method for handling
sensors with very small Voronoi cells is for some of
these sensors to sleep. Sleeping sensors are deactivated, and sampling from them is thus rendered impossible. Putting one small cell to sleep will increase the
size of adjacent cells (which are also likely to be small),
so it is not necessary to put all small cells to sleep to
remove their impact. We note that this approach is
similar in spirit to some routing schemes which use
sleep for power management, particularly in crowded
areas [21]. Because the sensed values from the sleeping nodes are unavailable, this approach may not be
appropriate for some applications.
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Pointers: Another method for increasing the sampling probability of small cells is for larger cells to
keep pointers to nearby small cells and forward some
rejected probes to those small cells. That is, whenever a large cell would reject a probe, it may instead
redirect the probe to a nearby small cell. The probability of forwarding a probe can be negotiated between
the cells based on their respective sizes. Essentially, a
large cell would donate part of its “unused” area to its
small neighbor.
Virtual coordinates: Instead of using real-world geographic coordinates to map points to sensors, we can
use virtual coordinates [14, 15], modiﬁed to include either a repulsive force between close sensors, or a hard
lower bound on the inter-sensor distances. Virtual coordinate spaces also allow the boundaries of the sensor
network to be pre-deﬁned, instead of explored via periodic probing [5].
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Abstract

In this paper we explore some initial ideas and challenges in performing online, in-network data reduction
in sensor networks. Data reduction techniques can be
used to provide synopses or “sketches” that can be used
to approximately answer queries. Our main contribution
here is not to present specific results, but to rough out
a set of ideas and research challenges that we hope the
community can explore and define further.
We begin by describing in some detail two techniques for in-network computation of Haar Wavelets. We
hinge this discussion on the Haar support tree, a logical
dataflow specification that describes the ordering constraints on combining data values. We show that an earlier idea for in-network computation of the Haar does not
observe the constraints of the support tree, and instead
produces biased results. We then consider constraining
the network topology to generate a physical communication tree that observes the constraints of the logical
Haar support tree. We present the surprising observation
that a correct communication pattern for the Haar support tree results in a binomial communication tree at the
network layer. This insight leads to some relatively crisp
questions surrounding the optimization of communication topologies for computing Haar wavelets in-network.
Given this specific example as background, we pose a
more generic (albeit vaguely defined) family of optimization problems for doing in-network data reduction, by focusing on the general problem of mapping from support
graphs to communication graphs for various computations. We also raise various challenges in transferring
this algorithmic work to practice.

We consider the in-network computation of approximate
“big picture” summaries in bandwidth-constrained sensor networks. First we review early work on computing the Haar wavelet decomposition as a User-Defined
Aggregate in a sensor query engine. We argue that this
technique can be significantly improved by choosing a
function-specific network topology. We generalize this
discussion to a loose definition of a 2-level optimization
problem that maps from a function to what we call a support graph for the function, and from there to an aggregation tree that is chosen from possible subgraphs of the
physical network connectivity. This work is frankly quite
preliminary: we raise a number of questions but provide
relatively few answers. The intent of the paper is to lay
groundwork for discussion and further research.

1 Introduction
Wireless sensor networks must operate with significant
constraints on energy and bandwidth consumption. This
presents challenges for interactive analysis of data in
sensornets, since data analysts tend to desire a bigpicture view of the data before “drilling down” to specific queries. The big-picture queries can range over all
the data in the network, but fortunately approximate answers are often sufficient for these purposes. Techniques
to provide approximate answers to resource-intensive
queries of this sort were explored by a variety of researchers in traditional database scenarios (e.g., [6, 8]).
Copyright 2004, held by the author(s)

Proceedings of the First Workshop on Data Management
for Sensor Networks (DMSN 2004),
Toronto, Canada, August 30th, 2004.
http://db.cs.pitt.edu/dmsn04/

2 Case Study: Wavelets
Wavelets have been widely used in the database literature as a data reduction technique (a tutorial is presented
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such a tree [16].
The decoding of the transformed data can be done in a
straightforward fashion starting from the root and recursing downwards: given the overall sum s at the root, and
the difference d at the node below, the overall sums of
the left and right subtrees are calculated as (s + d)/2 and
(s − d)/2 respectively, and the process can then recurse
to the leaves.
As described, the output of the Haar transform is exactly the same size as the input. However, a simple
scheme can be used to lossily compress the wavelet by
truncating the list of coefficients. The basic idea is to
only keep coefficients with high absolute values 2 , and
“round” the remaining coefficients to zero. In our example of Figure 1, truncating to the top 3 coefficients
gives [35, 0, 0, 8, -4, 0, 0 ,0]. The resulting output array
has mostly zero-valued entries, and can be represented
compactly via a number of well-known techniques (e.g.,
via (position, value) pairs for the non-zero entries, or
run-length encoding.) Decoding our truncated example
wavelet reconstructs the input as [2, 6.75, 4.375, 4.375,
6.125, 6.125, 2.125, 2.125]. Note that wherever a node
in the support tree was rounded to zero, the reconstructed
leaves in the corresponding subtree moved closer together in value. Dropping coefficients “smooths” differences in the original data.
If the full wavelet encoding is available somewhere
– e.g. on a disk, or across a network – then the number of “unrounded” coefficients fetched locally can be
increased incrementally in a “multi-resolution” manner,
to remove these smoothing effects. Each new coefficient
fixes a more subtle smoothing than the previous. This
incremental improvement in the reconstruction is one attractive feature of wavelets.
A final side-note is merited regarding the treatment of
set-valued data like columns of database tables. Wavelets
are a sequence-encoding scheme, preserving the ordering
of values in the input. In databases, this input ordering
is arbitrary by definition. Given that any ordering is acceptable, an open question is to choose an ordering of the
input data for which a wavelet truncated to the top k coefficients is most effective. For numeric data, sorting the
table is a natural option; an extension of this idea for inte-
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Figure 1: A column of a table and its Haar wavelet support tree (sometimes called an “error tree”). The output
of the wavelet transform in this example is [35, -1, 3, 8,
-4, 3, 3, 3].
in [11]). Aggregate queries can be answered approximately by running them over compressed wavelets of a
raw dataset. Wavelets have a number of attractive properties, including their mathematical simplicity, and their
ability to provide “multi-resolution” results by incrementally fetching more of the wavelet from a disk or network.
2.1 A Brief Primer on Haar Wavelets
The Haar wavelet is the simplest and most popular example of the wavelet family. The Haar is also easy to explain; we give a brief sketch here. Given an array of numbers (e.g., one column of a database table), it pairs up
the neighboring numbers in odd and even positions (e.g.
rows of the table), and transforms them into two different
numbers: their sum and their difference. The differences
are stored, and the sums are passed into a recursive application of the procedure. The recursion can be visualized
as a tree, as in Figure 1 1 . The numbers (“coefficients”)
stored at each internal node in the tree represent the differences between the overall sum of leaves in the left and
right subtrees of the node; the edges are labeled with the
sums that are passed up. The root represents the sum
of all the entries in the original array. We call this tree
the support tree of the Haar wavelet: edges in the tree
represent data dependencies, where each internal node
is computed as a function of its children, and the leaves
underneath a node represent the support of the value in
that node. The output of the Haar transform can be produced by a breadth-first traversal of the (non-leaf) nodes
of the support tree, though in practice there are coding algorithms that do not require constructing and traversing

√
the values are normalized by dividing by 2i where i is
the height of the node above the leaves. Normalization does not affect
the examples or algorithms here.
2 Typically

1 The example builds a 1-d wavelet. Multi-d wavelets are analogously built with trees of fan-in 2d .
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Figure 2: Given support subtrees of differing sizes, the PM technique zero-pads the smaller subtree before combining
them.
ger data is the Wavelet Histogram, which run-length encodes the sorted column into (value, frequency) pairs and
performs a wavelet transform on the resulting sorted frequencies [13]. For categorial attributes, the best choice
of sort-order is an open question; it is likely to be dependent on the wavelet basis functions chosen (e.g. Haar,
Daubechies-4, Mexican Hat, etc.)

literature [12].
The PM technique uses a distributed, bottom-up
scheme to construct a Haar support tree like that of Figure 1. It has a total communication cost that is linear
in the number of nodes of the network (one fixed-size
message per node). The PSRs in the PM technique are
essentially arrays of k wavelet coefficients represented as
(position, value) pairs. Each PSR corresponds to a subtree of a complete Haar support tree. The main logic in
the PM technique is in the merging function, which takes
two arrays of wavelet coefficients (representing two Haar
subtrees), generates a new set of wavelet coefficients representing the two trees connected by a new root, and
keeps the top k of those coefficients as the new PSR 3 .
Upon completion, the PM technique produces k large
wavelet coefficients that can be used to lossily reconstruct the input data.
A Haar support tree is a balanced binary tree. But
aggregation in TinyDB imposes no structure on the communication tree, and hence it does not control the order in
which PSRs are merged. The merging function can be invoked on two arbitrary PSRs, which may represent Haar
subtrees of differing heights. To handle this, the PM approach proposes a zero-padding technique to “promote”
the smaller of the two input PSRs to a tree of the same
height as the larger: it pads the smaller PSR with an appropriate number of zero-valued leaves until it becomes

2.2 Haar Wavelets as a Distributed UDA
Earlier work based on the TinyDB system presented a
User-Defined Aggregation (UDA) technique to compute
a Haar wavelet over readings gathered in a sensor network [10]. We refer to this as the Pad-Merge or PM
technique, and briefly review it here.
As in extensible databases, UDAs in TinyDB are represented by a triplet of functions: a merging function f ,
an initializer i, and an evaluator e. The initializer converts a scalar input value into an opaque partial state
record (PSR), the merging function takes two PSRs and
combines them into a new PSR, and the evaluator takes
a PSR and produces an output scalar value. In sensornet query systems like TinyDB, an aggregation query is
disseminated to participating sensor nodes, which call
the initializer function on their local reading and then
communicate PSRs up a communication tree of network
links to the query node. When a node N receives a PSR
from a child in the tree, it calls the merging function to
merge the incoming PSR into N ’s current PSR; when
N has merged in all of its children’s PSRs, N sends the
merged PSR to its own parent. Details of this aggregation scheme, including the dissemination of queries and
construction of communication trees, can be found in the

3 The order in which PSRs are combined recursively determines the
left-to-right ordering of the leaves of the Haar tree. In our discussion
here we focus on set-oriented query scenarios where this order – or,
equivalently, IDs of the nodes – is insignificant. Preserving the order
or node IDs can be done in a number of different ways that would
complicate our discussion here unnecessarily.

42

3
-4
7

10

5

7

3
1
17

3

[17,3,-4,3] [7,3]

2
-1

35

2

5

[4]
4

8
18

3

[10,-4]

13
5

8

7

[5]
5

[8]
8

5

4

[3]

3
1

3

[t]
Figure 3: An in-network computation of the Haar wavelet of Figure 1. The left side annotates the (logical) support
tree with dark arrows representing physical message-passing between the sensor nodes. The right side of the figure
shows just the (physical) communication tree, i.e., the leaf level of the left side. Each edge on the right is labeled with
the wavelet coefficients sent.
sult. In this section we explore the possibility of achieving such an invariant by controlling the sensor network
topology used for aggregation in the network.

a balanced binary tree of the same height as the larger
PSR (Figure 2). This guarantees that the PM technique
always merges two PSRs of the same size, and hence always constructs balanced binary Haar support trees.
If the PM technique never truncates any coefficients,
it can reconstruct the data perfectly: the extra zeros introduced by padding can be correctly accounted for and
deleted in the decoding process. However, in the practical cases where the PSR is much smaller than the number
of nodes in the network, each merging step has to truncate to the top k coefficients. When zero-padding is used,
the truncating can smooth the spurious zeros across the
true data. In the end, the PM technique will produce a
k-coefficient wavelet that is not as accurate as the one
that would be produced in a centralized implementation
of the Haar encoding – the PM wavelet will incorrectly
bias the reconstructed data toward zero, in many cases in
a significant way.

For purposes of illustration, assume for a moment that
we have a fully-connected communication network with
nodes numbered 1 through 2 l . Our goal is to construct
the Haar support tree bottom-up by passing messages between nodes. By convention, we will assume that lowernumbered nodes will pass messages to higher-numbered
nodes. The process begins at the leaves of the support
tree: node 1 passes its value to node 2, node 3 passes
its value to node 4, etc. The even-numbered recipients
pass along PSRs that contain their top k difference coefficients as well as their sum: node 2 passes its PSR
to node 4, node 6 passes its PSR to node 8, etc. At the
end of this process, the contents of the Haar support tree
would be distributed throughout the network, with the
top-k coefficients and the overall sum residing at node
2l . This communication pattern is depicted by the directed arrows in the left side of Figure 3.

2.3 Haar-Specific Network Topologies
The PM technique introduces bias when padding Haar
support subtrees of unequal size. Imagine that one could
guarantee that only equal-sized subtrees were merged.
Then no zero-padding would be needed, and the correct
top-k wavelet coefficients would be produced as a re-

Given our assumption of a fully connected sensor network graph, this distributed algorithm employs a very
stylized subgraph that comes from the data structures literature: the binomial tree [4] (right hand side of Fig-
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3.1 A Static Optimization Problem
Section 2.3 raises the challenge of finding communication trees that match the Haar wavelet support tree. This
is an example of a more general optimization problem
in sensornet aggregation. The challenge is to take any
aggregation function and map it onto the graph of radio
connectivity in the network. This can be viewed as a
multi-layer optimization problem: as illustrated in Figure 4: (a) a support graph must be chosen for the aggregation function, and (b) the support graph must be
mapped onto a communication tree; the communication
tree in turn is constrained to be a subgraph of (c) the radio
connectivity graph of the sensornet. Note that depending
on the aggregation function, there may be more than one
satisfying support graph for step (a). Similarly, in step
(b) there are multiple communication trees corresponding to a chosen support graph, more than one of which
may be a subgraph of the radio connectivity.
In the case of the Haar wavelet, the mapping from
support graph to communication graph was quite elegant: a balanced binary support tree became a binomial
communication tree. Since the properties of binomial
trees are well known, they are amenable to analysis and
(hopefully) simple construction and maintenance algorithms. It is unclear whether the mappings of other support graphs into communication graphs will be as elegant. The curious reader is encouraged to play with the
Daubechies-4 wavelet as a more complex example, since
it has a support DAG rather than a support tree. The general mapping problem itself is of interest, as is the question of characterizing the communication graphs at the
output.

Figure 5: A binomial tree embedded in a radius-1 grid.
ure 3). In a binomial tree of 2 l nodes, the root has
l children, which are binomial trees of 2 i nodes for
i ∈ 0, . . . , l − 1. The depth and maximum fan-in of a binomial tree are both logarithmic in the number of nodes.
We can now relax our unrealistic requirement of full
connectivity in the sensor network, and ask whether this
technique is feasible in practice. This reduces to two basic questions: (1) do binomial trees naturally occur as
subgraphs of practical sensornet communication graphs,
and if so, then (2) can an efficient, distributed topologyselection algorithm be devised to find and maintain a binomial subtree topology in a sensor network?
It would be interesting to study this question empirically, and/or to analyze it formally for random graphs
from typical distributions. Here we simply provide a
bit of intuition from the canonical simplistic sensornet
model of an equally-spaced 2-d grid of nodes with communication radius of 1 grid-square per node. In a 4 × 4
grid, it is certainly possible to find binomial trees (Figure 5). Note however that in two dimensions each node
has only 8 neighbors, and the root of a binomial tree of
size 2l has l children. Hence clearly any 2-d grid topology of more than 256 nodes will not have a binomial tree
embedding unless its communication radius is greater
than 1. Similarly, since the corner of a grid has only 3
neighbors, there is no binomial tree rooted at a corner of
our 4 × 4 grid of Figure 5.

As noted in the previous section, it may in some cases
be impossible to find a communication graph in the network to match a particular support graph for a function. In such cases, two options are available. One is to
achieve such a topology as an overlay network, by having some sensors forward PSR messages directly to other
nodes without applying the merging function. This of
course causes overheads that spoil the ideal linear communication cost of many aggregates. The second option is to always apply the merging function on arriving PSRs regardless of data dependencies in the support
graph; logically this reshapes the support graph that gets
computed. This is exactly the approach taken by the PM
technique for Haar wavelets. Ideally this latter approach

3 Generalizing the Haar Example
Haar wavelets are only one of many non-trivial aggregation functions that may be of use in sensor networks.
The discussion above illustrates a number of interesting,
general problems that arise in computing such complex
aggregates efficiently. In this section we briefly sketch a
set of research problems that arise in this space.
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Support Graph
Communication Tree
Radio Connectivity Graph

Figure 4: The general optimization problem needs to choose a Support Graph, and map it to a Communication Graph
that is a subgraph of the Radio Connectivity Graph.
should include a technique to quantify the error introduced by such inappropriate merging.
The general optimization problem is as follows.
Given an aggregation function, a connectivity graph, and
a cost function to minimize, the challenge is to choose a
min-cost communication graph in the network that is a
subgraph of the connectivity graph. The communication
graph must be annotated to differentiate between cases of
PSR forwarding and PSR merging. The cost function is
likely to be a multi-objective metric, incorporating perhaps such issues as bandwidth, latency, power consumption, and bounds on errors in the result.

sign of error-correcting aggregation functions. The recent work on duplicate-insensitive distinct count sketching [3] may seen as an example of this idea. A generic
challenge with any of these schemes is to minimize waking time: if a node chooses not to propagate any data
(e.g., because its coefficients are below a threshhold) it
should be able to power down. This is complicated by
the problem of loss, since it is unclear how receivers differentiate between lost packets and unsent packets.
A second critical challenge is that of network dynamism. Experience shows that connectivity in a sensornet changes over time as a function of many factors.
Given that the physical graph will change over time, a
dynamic reoptimization technique is needed for the problems sketched above, and preferably one that works in
a distributed fashion with minimal communication requirements.

3.2 Real-World Complications
This optimization problem is relatively well-defined, but
not entirely realistic. Here we highlight additional challenges that are likely to arise in practice.
The first is the very real issue of packet loss in sensor networks. Loss probabilities on radio links can be
estimated, and added as inputs to the optimization problem. But this leaves the question of how to deal with
loss. A natural option is to implement network retries;
the expected number and cost of retries can be translated
in the cost metric to bandwidth, latency and power consumption. A second option is simply to tolerate loss, and
estimate the loss in accuracy of the answer. A third, intriguing direction is the use of forward error correction.
Naive application of error-correcting codes seems like a
bad idea, since the codes are traditionally used to preserve opaque packets. Given our knowledge of application semantics, it is interesting to explore the joint de-

An additional, fundamental challenge arises at the architectural level. This paper advocates algorithmic optimizations that collapse traditional boundaries between
application-level logic and various parts of the network
stack (e.g. topology construction, loss handling, etc.)
This raises the challenge of architecting a system that
allows users defining new aggregation functions to describe acceptable networking choices with a minimum of
fuss. This is an extensibility interface that is not well understood. A better understanding of this interface might
also provide guidance in choosing data reduction functions to compute. For example, the support graphs of
various wavelet variants (Haar, Daubechies-4, etc.) are
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reduction techniques whose merging function is fully
commutative and associative. The network optimization
for these aggregates is therefore unconstrained by the
choice of support tree. AMS sketches [2] are one example that may be a good alternative to wavelets. Nath
and Gibbons propose a scheme to additionally introduce duplicate insensitivity to aggregates in a general
way [14]. Duplicate insensitivity removes the constraint
of the communication graph being a tree, allowing for
arbitrary “diffusion” or “gossip” of messages.

quite different. Understanding how to describe these differences compactly to a system might also provide analytical insight into their relative merits in terms of mappability to communication graphs.
Finally, this discussion raises the question of what one
does with multiple concurrent functions with competing
desires – e.g. a query that requests the simultaneous computation of two very different aggregates.

4 Open Issues and Alternatives
This paper describes a relatively focused family of optimization challenges. In this section we briefly touch on
some broader issues and alternative approaches.
An important challenge in this context is to handle
changes in the data while the aggregation protocol is
running. Multi-resolution schemes like wavelets can let
users watch detail accumulate as coefficients are passed
up in multiple rounds of communication, in the spirit of
Online Aggregation [9]. However, during the multiple
rounds of communication, the data itself may be changing, and it may be more beneficial to send newer, coarsegrained data rather than increasing refinements on stale
data. In this vein, it might be beneficial look at spatiotemporal wavelet encoding, and consider which coefficients of the spatio-temporal wavelet to communicate at
each timestep. This tradeoff emcompasses data properties and user desires, and it inherently a mix of systems,
coding, and HCI issues.
The traditional database approach to aggregation has
a unidirectional dataflow that results in the one-way communication trees we have discussed here. A broad class
of data analysis techniques can be more efficiently computed in two communication rounds: one up a tree and
the other back down. This includes multi-dimensional
regression, Fast Fourier Transforms, and Bayesian belief propagation, all of which can be computed via the
Junction Tree algorithm [1]. These techniques have been
mapped into the sensornet domain in recent years [7, 15].
But current sensornet query engines have yet to incorporate these approaches into their architectures or languages, and the integration may require a new architecture beyond analogies to Object-Relational UDAs. It is
worth noting that many of the problems suggested here
are related to work being studied in the Junction Tree
context [15].
Another fruitful vein of exploration is to design data

Wavelets have been proposed for sensor networks in
the work of Ganesan, et al. on DIMENSIONS [5]. DIMENSIONS does not perform any distributed wavelet
computation. Instead it has two main components: (a)
it uses local wavelets to lossily compress archival storage of readings over time at each node in the network,
and (b) it embeds a geographic quad-tree in the network
to provide distributed, hierarchical spatial summarization. Each node of the quad tree receives the (waveletencoded) data from the nodes below, decodes it to form
a 2-d array, and re-encodes the array into (threshholded)
2-d wavelet coefficients used both for lossy local storage and for communication further up the quad-tree.
DIMENSIONS blends two approaches to hierarchical
data reduction: local wavelets and distributed quad trees.
An interesting question is whether a distributed multidimensional wavelet of the form described in this paper
could be extended appropriately to achieve the functionality of DIMENSIONS in a unified fashion.

5 Conclusion
If sensornet query engines are to succeed, they need to
either provide a wide range of useful built-in functionality, or be easily extended to incorporate new functionalities. Given the relative immaturity of the area, it is
unlikely that we will anticipate many of the important
features in advance. The traditional User-Defined Aggregation functionality of extensible databases should be
a key feature in sensornet query systems, and optimization of UDAs over networks will be a key challenge. Perhaps the most critical aspect of the work described here
is architectural challenge raised: how do users define the
merging rules for complex UDAs to the system, and are
there general optimization techniques to take such rules
and use them to achieve good performance?
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¥^¡¤°¡¼%¯!§PG¶ª\¤%¢¡ª\¢¶¢>§u^¨¨u§P¡¤^¢G%ª¦«y¡§uu¤%¥T¤¦¡¼\
%·IN¡¢`ª\u¤¥^%¢¡qª\´ª\uN§u¢G¨¨qª lcCV^mX3RZ7VQonqpj½ rs ± Ø ¢µ¶¢
aqw!¬¡^¯ ^¸\¡§Pu!¡¡u¨u®G¢G;®´¤P4\´ª\u¬G!¬¸\¡¼\P;«y¡Gº
§uu¤\¥\_± N%GPÀ\¢G¯«\¨^½y¤Â¢+u%%PCNG¡>¡¼¢µw¯^\¤¡¡¢
¡u¯¡N¤¨¢ª.¢ª5¡P§uG¶ªyD¡¼\N¯µ®ju¯u¡eG¬hªy¤Êh·¡u}I©y«iu
G¬e¢%¤¯>¢G¨u½´q¢§·¼®´¤P\´ª\w§uG¸%¨ª.£i¡P«i^%¤£\¨w¬NW¡¡¤\¥
¡¼%>ªyP¡u§P¡¤G¡u§uG¶ªy t ¢ª§P^¯«%¸y¡¤%¥ ¶¢§·´Wu;¬G+¢Â¥^¤®jP
I©y«i;¬D¢G\¤¯>¢G¨ò±
y¤\§uT«iqbP>¤¢$¯>¢qÚW.¡uG¸\¡§uÂ§P^%W¶¢¤´q½³NTN^¸\¨ª
¨¤j.¡¼%¤mª%¢µ¶¢ aq £iPCNuP^¸y¡§uuÄ¢G%ªA®´¤PY%´ª\P;¡Â£i
¢Gm«iqN·ºC·¿§u¤u5¢Gm«i^¤£%¨G vD¤A«¢¡¤§u¸\¨¢q½K¬»GÄ%G\º ¡¤¯Pº
§P¡¤°¡¤§q¢G¨´¢«%«\¨¤§q¢µ¡¤^%u½NDNG¸%¨ª¹¨¤^D¡`¶¢Gª\³¯u¡¢G¥G¨¢¡P%§P©
®jP¡¸\+«iqN·.¸%¡¢¥^ ¢G.u®^u¡+¢µ¡T¡^¸y¡qª¬»¡G¯ ¡¼\Tu\G
%´ªyu`w¼%P¡;¡¼\P©RG¡¤¥^¤%¢¡qª ¡+¡¼\!¡u«iu§·¡¤®^¹®y¤P\´ª\uu±
Ã $G¶ªyP;¡ ¢G§¶¼%¤u®j.P%P¡¥©yºsP¿.§u¤umª%¢µ¶¢ aqw¹£iPCNuP
^¸y¡§uum¢ª¦®y¤P \´ª\uu½ÍN.¢^ª%ª´¡u¹u®j·¶¢G¨D§·¼%¢G¨¨u%¥Gu¹¤\º
¡¤%¤§;¡.¢Gª ¼%§!%PCNG¡>§uG¯¯+¸\%¤§q¢¡¤G O}¯¤%¤¯¤Áu¤%¥5§u^¨°º
¨¤¤G%$¢ ¡¼%ÇÂÈÉ ¨¢u©Pq½;¯>¢G¢¥^¤%¥d¶¢^ªy¤^Ì¤ ¢0«iqNPº
P¿§P¤P´Ä¯>¢%%·q½}¢G%ªu¨u§P¡¤\¥Ìu%P¡¥©´ºC·¿§u¤um¡^¸\¡Pu± Ã 
¡¼%¤¹«%¢G«iP¹b§u^\¤ªyP5ª%¢µ¶¢ ª\¤u¯¤%¢¡¤^AW¶¢¡u¥G¤PÄ¡¼%¢
¢q®j^¤ªÌ§uG¨¨¤¤^\ t ¢ªÌ¯u¡¢¥^5¡·¶¢G%¯¤¤^\W u;¢¾¡¼%Ä§u^W
G¬¼%¤¥G¼%P¹¯P¡¢G¥^5¨¢¡u\§P©±!ÅÄ§u¢¡P¬»¸%¨¨°©A§PG¶ª\¤%¢¡5¶¢%Wº
¯¤¤^%£i·INPu*\´ª\uu½`¢G¨¨µw¤\¥¡¼%u¯ ¡A¡¸y¡0¡¼\u¤°.¶¢º
ª\¤G¹GÊ¯GW¹G¬¡¼%5¡¤¯^±5Éb¸y¡u¹¥^P%P¶¢µ¡¤GA¶¢Gª\¤^¹§uG\º
¸%¯!%q¢µ¡¨© ¢G¯+¸\§·¼R«iqNPw¼%PÂ¨¤W¡P%¤%¥¾¡u§Pu¤®y¤\¥¢G
w¼%PÂ¶¢G%¯¤°¡¤%¥ tI©y«%¤§q¢¨M¤ª\¨G O ¡u§uP¤®^G O ¶¢G%¯¤°¾¶¢¡¤^!¢¡
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½ pGO rLO r± | n }Gs ½³¢Gd
ª p:Owp^± ~8|7OpG± }n |su·
± N¼´¸\u½}¡¼%R¢º
£%¤¨¤°I©Ì¡>¡¸\¡¦¡¼%u¯ GÊw¼\u$%G;%uqªyqªÂ©y¤P¨ªy;¤¥^\¤Ë%§q¢G
u\P¡¥G©T¡¢q®y¤\¥^u±
N¼%D¡u¯>¢¤%ª\PMG¬\¡¼%¤M«%¢G«iP}¤K¡¥j¢%¤Áuqª5¢GM¬»^¨¨µwu±´u§Pº
¡¤^
 r>Py¸\¯P¶¢¡P!u®j·¶¢G¨}®G¢¡¤¢G¡;¬b§¶¼%qªy¸%¨¤%¥R«\¡G£%¨u¯.º
¢ª0ª\¤§u¸%P.¡¼%u¤°§uG¯«%¨PÀy¤°I©±0´u§P¡¤^y
 zA«y¡uu¡.G¸\
§¶¼%qªy¸%¨¤%¥0¢G¨¥^¡¤°¡¼%¯¢ª¼\¤¥G¼%¨¤¥^¼¡Â¤°¡ §P¨G¤¡P¶¢G§·¡¤G
w¤°¡¼¡¼%+¡G¸\¡¤%¥Ì¨¢u©Pq±ÂÈY¡¼\G¡^¸\¥^¼PÀy«iP¡¤¯u¶¢¨³P®^¢¨¸%¢º
¡¤^Â¬}¡¼%¹«y¡^«i^uªÂ¢G¨¥^¡¤°¡¼%¯ ¢GªT§u^¯«iP¡¤\¥.¢G«\«\¡^¢G§¶¼%u
¤!«y¡uu¡qª ¤$yP§P¡¤^ }\±`ÅÄª\¤§u¸%¡u¨¢¡qª bG¡T¤$´u§Pº
¡¤^ |5¢GªTªy¶¢u^¸y¾§P^%§P¨¸\¤^%¤Ì´u§P¡¤^ ´±
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Å¤°¡¼Ì§u¶ª\¤¢µ¡qªÌ§·¼\qª\¸\¨¤\¥\½h¢ª\¢¶¢>ª\¤u¯¤¢µ¡¤^Ì«\¡¡Gº
§uG¨K¤¦¢>P%G!%PCN¡ ¼¢CN>§uG¯«i^%P´¡P Ob¢ QU VAZ:S ceXL[
\ [8R:TWce]Y¡¼¢µ`¢§P¡¤®^¢µ¡uN%·IN¡+qªy¥^ubÄ¡¼%¢³¡¼%u¤°b¶¢%Wº
¯¤¤^%mªyT\G!¤¡P¬»P¡+w¤°¡¼$^%+¢G\G¡¼%·q½K¢ª¦¢ TR:SL]hceXL[
\ [8R:TWce] ¡¼%¢Äu¨u§P¡m¡^¸y¡uÄ¬»G5¤ª\¤®´¤ª\¸%¢G¨³¯u¡¢G¥Guu
± bº
N!¤¯«i¶¢GD«iP¬»G¡¯>¢G\§u`¯P¡¤§u³¢¡ VX/VTC[:`UkR:X QkS j ]hcCR:X
¢G%ª 1VQkQ\[7Vw\]FVX/U `± Ã  ¡¼\¤P§P¡¤^e½\Nm§uG%¤ª\P¾q¢§·¼Â¬
¡¼%P;¯P¡¤§uw¢G%ªTj·¡§·¼R§u^¯«\¨PÀy¤C©¡u¸%¨°¡`¬`¡¼%!¬»^¨¨q`º
¤%¥ÂG«\¡¤¯¤Áq¢¡¤G«\¡G£%¨u¯P O1tò¤ u¾Ë%ª\¤%¥ ¢GG«\¡¤¯>¢G¨D«¢¤°5¬
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¡^¸y¡¤%¥¢¨¥GG¡¤°¡¼%¯ ¬;¢5¥^¤®juÂ§¶¼%uª\¸%¨G vtò¤¤¤ uNË%ª\¤%¥+¢GÂG«\º
¡¤¯>¢G¨e§·¼\qª\¸\¨;¬»G;¢.¥^¤®juÌ§uG¨¨P§P¡¤^¦G¬D¡^¸y¡uu{± N%¸\¨¨M«\¡¬
G¬e¡¼%u¡u¸%¨°¡`§q¢T£i¬G¸%ª>¤ ¢T·Ày¡Pª\uª>®^P¡¤^RG¬M¡¼\
«¢«iP n s ±
N¼%T¸%%ª\P¡¨°©y¤%¥¦¬»¶¢G¯·NG¡¬»G>G¸\G«\¡¤¯¤Áq¢¡¤^*«\¡G£\º
¨u¯>¤T¢R¬»^¨¨qwu± ÅÌ¢¸%¯Â¡¼\Ìu% \´ª\u¬¡¯×¢
¯+¸\¨°¡¤ºs¼\^«dw¤¡P¨P %·IN¡*P¯+£iqª\ª\qª¤Æ¡¼%Ì«\¨¢G%G
± N\G
¤¯«%¨¤§u¤°I©½Nw¢¸%¯N¡¼%b%´ª\N¶¢Gª\¤^³¼¢q®jb¤ªyu¡¤§q¢G¨´¶¢G\¥^u
G¬b^\+¸%\¤°q+± N¼´¸%u½h¡¼%Ä%´ªyu!¬¡¯ ¢ SXce] Z:ceQiY[:TA\Wj !Ib
%´ªyu¾¢¡m§u^\%u§·¡qª £©T¢GÂqªy¥^m¤°ÊA¡¼\m²³¸\§u¨¤ª\q¢Ìª\¤W¶¢G\§u
£iPCNuu¡¼\u¯ ¤+¢+¯^W p^±$Å>¡u«\¡uP´Ä¡¼%>§uG¯¯+¸\%¤°º
§q¢µ¡¤G N¡´¨^¢^ª £©¡¼\!¶¢¡;¬}¯u¡¢¥^;¥Gu%P¶¢µ¡¤^¦¢wu¢G§¶¼
%´ªy ½D¥^¤®ju£© W½K¡^¥GP¡¼%PÄw¤°¡¼¢Â«\¡G£¢£%¤¨¤C©ªy¤W¡¤£\¸\º
¡¤^  j½}¥^¤®´¤%¥Â¡¼%>«y¡^£¢£%¤¨¤°I©$¡¼¢5¢Â¯u¡¢¥^>¥^P%P¶¢µ¡qª
¢\´ª\ ³¤!ªyuW¡¤%qª>¬G\´ª\" !\±
 VX/VTC[:`'ceX c(c*)\:]hcCR:X
#!ûeøyõµ%ü $ úûKeú ú &8\ÿqú»öi*û 4YÃ *¡¼%m
j3TR,+-V.+½³NT¢¡R¥^¤®ju0¢Ì§uG¯¯+¸%\¤§q¢¡¤^ANG¡´¨j¢Gª*¢¯^\¥
¡¼%`P%G%´ªyu¢Gª5®y¤P*P¡®j·¡u½´¢G%ª+^¸y¥Gj¢¨¤³¡mªyP¡Pº
¯¤%Ä¢>ª%¢µ¶¢Rªy¤u¯¤¢¡¤G$§¶¼%P¯m¡¼%¢!¯¤\¤¯¤ÁPu¡¼\5P\º
P¡¥©+§uG%¸\¯qª5¤ªyu¨¤®^P¡¤%¥m¢G¨¨\¯u¡¢G¥Gu³w¤°¡¼\¤>¢¾£i^¸%%ª\qª
ª\P¨¢u©± Ã TG¸\`¯´ªyu¨ò½yb¹¢G¸\¯!¡¼¢µN¡¼%¾u%·¡¥G©R§u^\¸%¯qª
w¼%P¢A\PIbG¡qªy¥^Ì¤>¢G§·¡¤®G¢¡uª*¤ t0/'13254 u·½bw¼\P¡ /
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¯¤Áu!¡¼\!¡u¨u®G¢G¯P¡¤§!¬!¢5¥^¤®juÂ§¶¼%uª\¸%¨^±

¢¹ª%¢µ¶¢¹ª\¤u¯¤¢µ¡¤^«\¡¡§u^¨\¡¼¢¯¤%¤¯¤ÁuuD¢q®jP¶¢¥^¯uWº
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N$«\¡G«i^A¢§u¨¢G ¬Ä«iP¡¤´ª\¤§¢§P¡¤®^¢µ¡¤G §·¼\qª\¸\¨PR¡¼%¢
§uG%P¡®jP;u%·¡¥G©¦£© tò¤ u!¢q®j^¤ªy¤\¥T¤¡P¬»P¡u%§P¢;¡¼\ÇÂÈÉ
¨¢u©Pm¢ª tò¤¤ u!¢¨¨qw¤%¥ ¸%«iP¡\´ª\u!¡R¡¸\¡¦GÊ¡¼%u¤°;¶¢Gª\¤^
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¤§q¢G¨¨°©du¨u§P¡.¢$¤%¥G¨ ¨q¢^ªyP\´ª\>¬G.q¢G§¶¼d%^\u¯«\C©§Pu¨¨ ±
V!´ªyu`ªyP¡P¡¯¤%¡¼%§uu¨¨Í¡¼%¢N¡¼\P©£iu¨G%¥5¡Ä£©>¸%¤%¥5ª\¤Wº
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§uG%W¶¢G¤\K¡¼%N¤ª\G¬h¢§uu¨¨¡!¼%¢µ®^¨u\¥G¡M¼ w$¢K¯^W@ xzy{ |y½
w¼%·¡T x ¤m¡¼%.¶¢%¯¤¤^¶¢G\¥^>G¬¢Â\´ª\^±Ìy¤%§P^%¨°©
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w¼¢µ`¬G¨¨qwu½%b!w¤¨¨Í¡P¬»P`¡+§Pu¨¨¢ QWS'jVTWX/RZ7VQ;Gw¤¯«%¨°©
X/RZ8VQ¶±
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N¼%P.¡u¸%¨°¡Ä¤%ª\¤§q¢µ¡.¡¼¢¹¡¼\¥^u\P¶¢G¨«\¡G£%¨u¯ G¬ªyPº
 ¤¥^\¤\¥¦¢GG«\¡¤¯>¢G¨ª%¢µ¶¢Ìª\¤u¯¤¢µ¡¤^«y¡G¡§uG¨ ½D¥G¤®ju¢
¢¡£\¤°¶¢©u\GNG¡´¨j¢GªÍ½´¤N¤¶¢G§P¶¢£%¨^± Ã +¡¼%¤b«%¢G«iPq½b
¬§P¸%m^A^%P¨P¯u¹G¬N¡¼\.ªyu¤¥^«%¢G§u^½M¢¯u¨°©Ì¡¼¢m¬
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u§P¡¤Ge±
Ã ¡¼\T¡u¯>¢¤%ª\P+G¬¾¡¼%R«¢G«i·q½N£©qªy¥^Â¢§P¡¤®^¢µ¡¤^*b
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± N%¤\º
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¡uG¨¸y¡¤^RÇÂÈÉd«y¡G¡§uG¨N¡5®^P©mNu¨¨¤¢q®jG¤ªy¤%¥;¤¶¢º
§uu¨¨K§P^¡u¡¤^e½¤\§u5¢G¨¨}%´ªyu¾¤Ì¡¼%m§uP¨¨K¢¡mw¤¡¼\¤$§P^¯.º
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¨°©.¬G¸\`uª\¥^PP O{t x}W~8u@ tu}W~8u·g½ t xZ}xGu@ tu}xGu·g½ tC~}p'u@ tp>}p'u
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q¢¤¨°©Rªyu«%¨q©´¢G£\¨¤R¢mª\¤W¡¤£%¸y¡qª.¯>¢G\%Pq½¤\§u¾¨§q¢¨i§uGº
ª\¤%¢¡¤^$¸\¿§Pu!¬¹§¶¼%qªy¸%¨¤%¥R¢R\P4¸\«iP¡%´ªy^± NK¤¢¨¨©½
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È¯´ª\¤°Ëuªm®^P¡¤^+¬%¡¼\F A c jVK ceXgVAZMF\:l:VN¢¨¥GG¡¤°¡¼%¯ ª\u
%}ªyPË\¤ª\P´¡¤§q¢¨j§¶¼%qªy¸%¨uM¬»G}q¢§·¼m¡Õ¸¢µ¡^½£%¸yK§¶¼%qªy¸%¨u
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Abstract
In this position paper, we present MEADOWS, a
software framework that we are building at
HKUST for modeling, emulation, and analysis of
data of wireless sensor networks. This project is
motivated by the unique need of intertwining
modeling, emulation, and data analysis in
studying sensor databases. We describe our
design of basic data analysis tools along with an
initial case study on HKUST campus. We also
report our progress on modeling power
consumption for sensor databases and on
wireless sensor network emulation for query
processing. Additionally, we outline our future
directions on MEADOWS for discussion and
feedback at the workshop.

1. Introduction
Sensor networks have created exciting opportunities for
data management [2], especially for in-network query
processing [1][5][11][18], because these networked
sensor nodes form a large-scale, dynamic, and distributed
database with each node acquiring, processing and
transmitting data simultaneously. However, studying innetwork sensor query processing is a challenging task due
to the unique features of sensor networks. These unique
features of sensor networks include: (1) each sensor node
has limited computation, communication, and storage
capabilities as well as limited power supply; (2) sensory
units and communication channels are lossy and errorprone; and (3) deployed sensor nodes are embedded in the
physical world, are scattered geographically, and may be
mobile. In order to facilitate studying sensor databases in
general and in-network query processing in specific, we
Copyright 2004, held by the author(s)

propose MEADOWS, a software framework that we are
building at HKUST (The Hong Kong University of
Science and Technology) for modeling, emulation, and
analysis of data of wireless sensor networks.
Modeling, emulation, and data analysis for sensor
networks is essential for studying in-network query
processing systematically. On one hand, studying query
processing techniques in real sensor networks with real
applications has been fruitful and has a high practical
impact [11]. On the other hand, the tight integration of
sensor networks with the physical world, the high
uncertainty in sensory data, and the high deployment cost
make it hard to produce general and complete results
through field studies only. Consequently, it is highly
desirable to perform in-depth analysis of sensory data
from field studies and to model and emulate sensor
networks in controlled environments.
Let us give a real-world example to illustrate the
usefulness of MEADOWS.
This example is an
experimental monitoring application that we deployed
near a frog pond on HKUST campus in the spring of
2004. We used the MICA2 Motes made by Crossbow [4]
for the sensor nodes and TinyDB [15] as well as other
software running on the motes for collecting sensory data.
In TinyDB, the data collection process is the execution of
declarative, SQL-like queries, which eases application
development and allows for optimization for performance.
However, if we would like to answer some important
questions about the query processor for the application,
we find it is difficult or infeasible to obtain the answers
through a simple field study. Specifically, some of the
questions are as follows:
(1) We have only ten sensor nodes available for the
application. How many do we really need and what
geographical deployment topology do we use in order to
observe important phenomena such as trends in
temperature, humidity, and frog croaks around the frog
pond?
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(2) If we collect sensor readings every 30 seconds,
what will be the status of power consumption at each
node as time goes and when will the batteries run out?
(3) If we change the type of sensor nodes (e.g., CPU,
radio channel, sensing units), the routing scheme of the
sensor network, or the data collection queries, what will
be the new answers to questions (1) and (2)?
In MEADOWS, we attempt to answer these questions
through data analysis, modeling, and emulation. We
show that we can determine the number of sensor nodes
needed and the geographical deployment scheme by
performing data analysis (Section 2). We also show that
we can estimate power consumption in various scenarios
realistically by including real-world factors into modeling
and emulation (Sections 3 and 4). In addition, the
integration of data analysis, modeling, and emulation
helps answer the questions better than merely employing
one of the three approaches in isolation. Our ultimate
goal is to enable various studies on sensor databases and
sensor query processing.
To date, modeling, emulation, and data analysis of
sensor networks for query processing is still at an early
stage. Our work in MEADOWS is only initial steps in this
direction. In this early report, we present a case study of
preliminary sensor network data analysis in Section 2, a
hierarchical power consumption model for sensor
databases in Section 3, and a sensor network emulator for
query processing in Section 4.
We draw some
conclusions and list future directions in Section 5.

2. Analysis of Sensor Network Data
In this section, we focus on real-world sensory data and
discuss a case study of collecting and analyzing the data
from a small network of sensors deployed outdoors on the
HKUST campus. The purpose of this case study is to
explore how data analysis can help answer questions
about sensor query processors. In addition, we aim to
gain insights for data analysis tool design.

Throughout the late spring, the frogs in the pond croak
loudly all day long. We chose the frog pond as it has this
interesting phenomenon as well as other outdoor
microclimate characteristics (e.g., close to the sea and two
pagodas).
We deployed a small number of sensor nodes in two
groups near the frog pond. We collected one-day of
sensory data during four two-hour periods. We preprocessed the data by adding labels (e.g., timestamps) and
converting data formats (e.g., from raw sensor readings to
more human-friendly engineering units). We analyzed
the data by examining patterns, exceptions (outliers), and
correlations. Finally, we discuss our design of data
analysis tools as well as the insights gained from the case
study.
2.2 The Case Study
We deployed two groups of MICA2 motes in the two
pagodas near the frog pond (Figures 1 and 2). Mote 0’s of
both groups were sink nodes connected with a laptop
through a serial cable. Group 1’s Motes 1-5 used the
MTS310CA sensor boards, which detect temperature,
light, noise level, acceleration and magnetic value.
Group2’s Motes 1-2 used the MTS420CA weather sensor
boards, which measure temperature, light, acceleration,
humidity and barometric pressure. We used TinyDB [15]
to collect data from Group 1 and a modified Xlisten
program from the TinyOS Sourceforge CVS directory
[17] to collect data from Group 2, due to the applicability
of the software to different types of sensor boards. In
addition, we logged battery voltage of both groups for
data conversion and analysis.

2.1 Overview
Analysis of real-world data provides realistic basis for
modeling and emulation. Because sensor networks are
designed to be tightly embedded in the physical world,
collecting and analyzing real-world sensor network data is
both challenging and worthwhile. Even though there have
been a few projects on outdoor deployment of sensor
networks [14], we have not yet seen previous studies with
a goal of answering questions about query processors.
Therefore, as a first step of our framework development,
we conducted a field study with this specific goal in mind.
The scale of the study was small due to our resource limit.
However, it is sufficient for the purpose of producing an
initial design of data analysis tools.
The case study is the frog pond monitoring application
we briefly described in the Introduction. The frog pond is
located at the northeastern corner of the campus.

Figure 1: Deployment of Group 1 Motes
It was a cloudy day and rained intermittently. We
collected data during the following four 2-hour periods:
6:30-8:30, 12:30-14:30, 17:30-19:30, and 22:00-24:00.
We set the sampling period of each reading to be 30
seconds and collected thousands of readings per group.
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We show three figures (Figures 3-5) as representative
examples.
The noise readings of all sensor nodes of Group 1
were similar to one another at a point of time. We picked
two motes that differed most in the readings, Motes 1 and
5, to show in Figure 3. These readings captured frog
croaks mainly. They indicate that frogs croaked most
actively in the early morning and were most quiet during
noon time. There is a gap of a few minutes in the
morning readings, which was due to a crash of our data
logging program and its subsequent recovery.

slightly higher than that measured by Group 1 motes
(except around noontime), even though the two pagodas
were close to each other (within a distance of 20 meters).
We think there are two possible reasons for this
difference: (1) the temperature sensors of the two groups
have different hardware characteristics since they are
made by different companies, and (2) the microclimates in
the two pagodas had a slight difference due to their
different geographical locations.
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Figure 3: Group 1 Noise Readings
The humidity readings of Group 2 remained at the
level of around 90% most of the time (Figure 4). There
were some readings of abnormally high humidity (larger
than 130%) of Mote 1 at the beginning of the morning
period. These abnormal readings were because some rain
drops splashed onto Mote 1 by accident when we took it
out of a box and deployed it. The water made the
humidity sensor of Mote 1 malfunction and to return
abnormally high readings. This kind of physical problems
for motes is common and recoverable [14]. After being
dried, the humidity sensor returned to normal operation.
The temperature readings of the two groups varied
slightly within each group (21-24°C in Group 1 and 2123°C in Group 2). As illustrated in Figure 5, the
temperature measured by Group 2 motes was often

From our data analysis, we suggest that the application
just use one Mote per pagoda for a small-scale case study
around the frog pond, since the readings within each
group were similar and there were slight differences
between the two groups that were deployed in different
geographical locations (pagodas). Moreover, if the
application scenario changes and more questions about
the query processor are asked, we need to have a set of
general data analysis tools to answer these questions.
Based on our experience with the frog pond case
study, we propose the following three requirements for a
sensory data analyzer.
(1) The analyzer should have data acquisition
functions that are fault-tolerant and adaptive, since the
sensory data collection process determines the quality of
sensory data. The fault-tolerance requirement is because
hardware malfunctioning is common in field studies, as

60

we have already experienced. It is thus desirable that a
data collector is able to recover, to migrate the work from
a failed node to a normal node, and to resume the work.
The adaptivity requirement is to take advantage of the
patterns and regularities captured in sensor readings. For
instance, continuous quantities such as temperature can be
measured with a sampling frequency adapted to the
changes in the temperature readings in order to improve
power efficiency while keeping the quality of sensory
data unaffected.
(2) The analyzer should have a set of basic functions
for data pre-processing and post-processing operations.
Data pre-processing is to further ensure the quality of data
for analysis. Data post-processing is mainly for the
presentation of analytical results. For example, the
function convert() converts sensor readings from raw
ADC counts to human-friendly engineering units, the
function
calibrate()
performs
hard-ware-specific
calibration of the readings, and the function plot() plots
data points and curves together with analytical summaries
following user-defined criteria.
(3) As the core of the analyzer, the sensory data
analysis functions include pattern and outlier detection,
and correlation of multiple sensory attributes or multiple
sensor nodes. We further discuss these two kinds of
functions as follows.
First, detecting patterns and outliers in single-node
single-attribute sensory data is the basic analytical
operation. For instance, given the temperature readings of
one sensor node, the basic analytical information about
these readings must include a summary of the range, the
trend, and the outliers of the data. As a result of
measuring natural phenomena, sensory data has inherent
patterns as well as outliers. Moreover, outliers sometimes
are due to real events in the environments and sometimes
due to system errors. It is necessary to pay special
attention to outlier analysis.
Second, correlation analysis gives insight into sensory
data, because each sensor node has multiple sensory
attributes and multiple sensor nodes work concurrently in
a geographical region. The inherent correlations between
natural phenomena as well as the temporal and spatial
correlations of sensor nodes will be useful for both sensor
query processing and application deployment.
For
example, when an application is detecting transient
changes such as a sudden increase in the noise level, it
can utilize the spatial correlation of a cluster of adjacent
nodes to detect the noise with a high fidelity. In other
words, if one sensor node detects a sudden increase of
noise level, it might be a real event as well as a system
error. But if multiple nearby nodes report the same event,
the probability of a system error is much lower than that
of a real event.
In summary, analytical results from real-world sensory
data, such as patterns, outliers, and correlations, can help
answer questions about query processors as well as
improve query processing. In addition, data analysis can

interact with modeling and emulation to better serve the
purpose of studying query processing. On one hand,
analytical results serve as a realistic basis for modeling
and emulation; on the other hand, modeling and emulation
can be used for guiding and cross-validating data analysis.

3

Modeling Power Consumption

Having presented a case study of sensory data analysis,
next we turn to modeling of sensor databases. Due to the
short time period (eight hours) and resource constraints
(no oscilloscope on site) of the field study, we were
unable to obtain detailed power consumption statistics.
Since power efficiency is a major issue in sensor query
processing, we examine this issue by modeling and
emulation.
3.1 Overview
Power efficiency is a major issue in sensor networks,
since sensor nodes are battery-powered and it is difficult
or infeasible to recharge deployed sensor nodes in
practice. There has been work on power efficiency of
sensor nodes [6][13], sensor networks [8][10], and senor
query processing techniques [1][3][11][18]. However, it
remains unclear how to evaluate power efficiency of
sensor databases systematically. The main reason is that
there are many intertwined factors that affect power
consumption in a sensor database system, for instance,
sensor node computation, wireless transmission, and
various query processing techniques. Therefore, we
propose to represent these factors in a general model for
studying power consumption of sensor databases.
We group these factors into a three-level hierarchy
(Figure 6): the sensor database, the sensor network, and
the sensor node. The sensor node model captures power
consumption characteristics of a single sensor node and
provides a quantitative approach to estimate the power
consumption of a single sensor node by the operations of
the node. The sensor network model groups main factors
in wireless communication that affect power consumption
in a sensor network. It adapts the quantitative approach
provided by the sensor node model to a network
environment. The sensor database model formalizes main
factors of database workloads that affect power
consumption in a sensor network and further improves the
accuracy of power consumption estimation for database
workloads.
As a result, our hierarchical model can estimate the
power consumption of a sensor query processing
workload in a unified and general way. We can
instantiate each level of model with specific real-world
factors and estimate power consumption of query
workloads realistically. For instance, we can use the
MICA2 hardware specification for the sensor node, a
typical network routing scheme for the sensor network,
and a monitoring query used in our frog pond application
for the database workload.

61

In the remainder of this modeling section, we use
UML (Unified Modeling Language) style illustrations for
modeling (Figures 6-9). A big box with a small square on
top represents a package, e.g., “Sensor Database Model”.
A package can contain other packages. A dashed line
with an arrow stands for the “uses” relationship. A solid
line with an arrow stands for the “has” relationship.

  
&' #)(#*

build the spanning tree by traversing the graph via
Breadth-First Search. Finally, the model metrics include
per-node metrics (the number of neighbors per node and
the number of children per node in the spanning tree) as
well as network-wide metrics (expansion, resilience, and
distortion).
Note that a node’s neighborhood is
determined by the wireless signal transmission range in
the deployment whereas a node’s children are determined
by the routing tree. Obviously, different routing schemes
have different power consumption characteristics. Our
sensor network model aims to provide insights for
designing power-efficient routing schemes.

   
$%


 "!#


Figure 6: Model Hierarchy
3.2 The Model
Figure 7: Sensor Node Package

We show our hierarchical power consumption model in
Figures 7, 8, and 9 and describe them briefly. For brevity,
all formulas are omitted and will be available in a
technical report.
In Figure 7, we represent the configuration of a smart
sensor node as a package of six types of units: the
processor, the RAM, the flash memory, the wireless
transmission unit, the battery, and the sensing data units.
A configuration contains the important units (in terms of
power consumption) of a sensor node and the parameters
for power consumption estimation of the units. The
parameters starting with “pc” represent the unit power
consumption, e.g., “pcInstruction” of the processor stands
for power consumption per instruction. We define several
operations in a sensor node (not shown in Figure 7):
sensing (sampling), listening, sending (transmitting),
receiving, discarding, and processing. We estimate the
power consumption of a sensor node during a period of
time by summing up the power consumption of all
operations occurred during this period.
For each
operation, the power consumption is calculated using a
linear battery model [13]. Clearly, our sensor node model
accommodates a wide range of sensor nodes with various
hardware characteristics.
In Figure 8, we model a sensor network with the
canonical topology, the routing scheme, and the model
metrics. The canonical topology is represented as an
undirected graph with its k-ary spanning tree. The routing
scheme is responsible for building the spanning tree on
the graph. For instance, in the flooding scheme, we can

Figure 8: Sensor Network Package

Figure 9: Sensor Database Package
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identifies clusters of nodes and selects leader nodes of
clusters in a round-robin fashion for packet merging (or
called “partial aggregation” in networking terms, but not
the “aggregation”, e.g., SUM(), in database terms). The
query workload we tested was a simple aggregation
query: “SELECT MAX(temperature), humidity FROM
sensors GROUP BY humidity EPOCH 30 seconds”.
The “sensors” virtual table had a schema of {humidity,
temperature, timestamp} with a fixed length of 4 bytes per
attribute. We assumed each packet contained a header of
20 bytes. With the temperature and humidity attributes in
the query result, each packet contained 28 bytes. We also
assumed that each sensor node covered an area of a circle
with a radius of 20 feet. The average distance between a
sensor node and the sink node (Mote 0) was assumed to
be 500 feet. We used LEACH’s assumption that the unit
power consumed in sending is proportional to the
distance.

Figure 10: LEACH (left) versus Flooding (right)
Figure 11 shows the predicted average node lifetime in
a network of N (ranging from 6 to 24) nodes resulted from
our model. Our model predicts that LEACH results in 5times improvement on power efficiency over flooding
whereas in the original LEACH paper this factor was 8.
One major reason for this difference is that we considered
power consumption of database workloads as well as
individual sensor nodes in addition to networking.
LEACH vs Flooding
6

5
Node Life Time(month)

In Figure 9, the sensor database model consists of the
data model, the query model, the query plans, the
workload model, and the model metrics. Our data model
is relational and our query model is TinySQL-style
extended SQL [11] with clauses specifying sampling rate
EPOCH and query lifetime LIFETIME. The query plans
describe the execution plans of queries with selection,
projection, and aggregation operators. The model metrics
include the number of tuples, the size of each tuple, and
the reduction factor of each operation (selection,
projection, or aggregation). A reduction factor is defined
to be the ratio of the output data size to the input data size
of the operator. Finally, the workload model estimates
power consumption of the query workload in the sensor
network.
To estimate the power consumption of a query
workload, we consider both the local computation cost
and the network traffic cost, which depend on the
complexity of the handling and the volume of data
handled. We have developed algorithms for estimation of
sensor network lifetime in terms of power consumption in
the static (the routing tree does not change as long as the
network topology does not change) and dynamic (the
routing tree changes dynamically) deployment
respectively.
The algorithms estimate the power
consumption for each node and identify the weak points in
the sensor network. A weak point is a node whose power
consumption is higher than others in the sensor network.
The algorithm for the static deployment works in the
following steps:
(1) Generate a k-ary spanning tree based on the
selected routing scheme. If it fails, the algorithm stops.
(2) Generate the query plan of the query workload
on the sensor network and estimate the reduction factors
for selection, projection and aggregation as needed.
(3) Estimate the power consumption of each node
for this query workload as time goes, and identify the
weakest point until it runs out of power.
(4) Remove the dead weak point from the network
and repeat the previous steps starting from step (1).
For the dynamic deployment, we modify the algorithm
for the static deployment by adding a time period round.
At the end of each round, even though there are no nodes
run out of battery, there will still be a router reassignment
process. Similar to the algorithm for the static
deployment, the algorithm for the dynamic deployment
estimates the lifetime of the deployment until the sensor
network is disconnected.
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3.3 Initial Validation Results
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We have validated our model using a typical sensor node
configuration, two representative routing schemes, and a
simple query workload. The sensor node configuration
followed the MICA2 [4] Motes hardware specification.
The two representative routing schemes we compared
were LEACH [8] and flooding (Figure 10). LEACH

Figure 11: Predicted Average Node Lifetime
Since the number of nodes was small and there were at
most two hops in LEACH in our study, the effect of
database-style in-network aggregation (e.g., executing
MAX() at a leader node) was insignificant. We are

63

considering more complex and larger-scale cases for
validation, in which in-network aggregation makes a
difference [1][11][18].
3.4 Discussion
As shown in the preliminary results, our modeling can
estimate power consumption of query processing
workloads fairly realistically by using real-world factors
such as sensor node hardware configuration,
representative routing schemes, and typical queries in
monitoring applications. In order to further improve our
model, we consider the following three extensions:
(1) Extend the estimation of reduction factors for
power-aware query processing. For example, our data
analysis shows that patterns and correlations are common
in sensory data. If a query processor takes advantage of
these patterns and correlations and performs patternaware or correlation-aware data acquisition, we can
extend the estimation method of reduction factors for
these techniques.
(2) Extend the estimation of node neighborhood in the
sensor network model by considering synchronization
characteristics of transmission. A neighborhood of a node
is a basic topology element in a multi-hop networking
environment and transmission between nodes can be
synchronous or asynchronous.
We have modeled
transmission to be synchronous as commonly assumed by
existing work. In order to achieve more accurate
estimation, we plan to cover asynchronous transmission
as well.
(3) Extend the database workload model to handle
joins. Joins are a complex operation in sensor databases,
which involves factors such as where and how to perform
the join. Using the reduction factor only seems to be
insufficient for modeling the power consumption
characteristics of a join operation.

4

Emulation for Query Processing

these problems, either by representing the logical views
and actions of the target system (simulation) or by
executing the code with the same control flow as that of
the target system (emulation).
We propose an emulation environment, VMN (Virtual
Mote Network), for studying sensor query processing. It
is a mix of simulation and emulation. We use TinyOS
[16] modules to emulate the application execution
environment in each VM (Virtual Mote). We simulate the
radio channel and the sensing units of each VM following
the MICA2 [4] hardware specification. The sensory data,
which is fed into the virtual sensing units as the input of
VMN, is generated from real-life data such as data
collected in our frog pond monitoring application (Section
2). Finally, the execution of query processing code on
each VM and the network topology are emulated on
networked PCs.
Our VMN is different from the two existing sensor
network simulators, TOSSIM [9] and EMStar [7], in that
VMN utilizes networked PCs to emulate networked motes
in parallel and has execution time and power consumption
models for query processing applications.
Other
simulators such as ns-2 [12] and Sensorsim [13] or
emulators such as EMPOWER [19] lack the execution
environment of smart sensor nodes.
4.2 The Emulator
Our VMN (Figure 12) emulates a real network of MICA2
motes running TinyOS. PC 0 acts as the virtual base
station, which runs VM 0 to emulate the sink node (Mote
0) in the real sensor network and runs the real application
client (in this case, the TinyDB GUI) to communicate
with VM 0. Each of the PCs 1 to n emulates multiple
virtual motes except VM 0. Virtual motes communicate
with one other through the virtual channel, which is
implemented on top of UDP (User Datagram Protocol) on
a LAN (Local Area Network) and simulates a real radio
channel with bit errors and delays.
PC 0
VM0
Application
TinyOS
Virtual
Hardware

VMN
Manager

…

VMm
Application
TinyOS
Virtual
Hardware

4.1 Overview
Currently, it is difficult to study in-network query
processing on real sensor networks, not only because the
deployment is expensive and hard to maintain, but also
because the resource constraints in a sensor network limit
the collection of detailed statistics about the system
running status. Both simulation and emulation can ease

Application
Client

VMm+1
Application
TinyOS
Virtual
Hardware

PC n
VMm+2 …
Application
TinyOS
Virtual
Hardware
…

Virtual Channel

Modeling is useful for defining the problem space and
quantifying the effects of multiple factors, as shown in
our hierarchical power consumption model in Section 3.
Nevertheless, dynamic behaviors of programs, for
instance, parallel execution of query processing code on
multiple sensor nodes, sometimes are hard to abstract and
to model. Under such situations, emulation is useful for
observing the execution process. In this section, we
present an emulator for sensor query processing.

Figure 12: Architecture of a VMN
Each VM (Figure 13) emulates a MICA2 mote
running TinyOS. We partition a VM into the upper layer
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and the lower layer. The upper layer includes (i) the
application, (ii) the senders and receivers of Active
Messages (AM), UART (Universal Asynchronous
Receiver/Transmitter, or RS232 serial communication)
packets and radio packets, and (iii) the VM manager for
emulation control and statistics collection on the node.
The lower layer consists of (i) various types of virtual
sensors, the virtual UART (for Mote 0 only), and the
virtual RFM (Radio Frequency Monolithic), (ii) the
virtual drivers for (a), and (iii) the virtual clock. This
partitioning scheme is to identify the components that are
pertinent to program execution and then to put these
components into the upper layer. Consequently, it is
solely the task of the upper layer to emulate the
environment such that the real code of a query processing
application for a real sensor mote runs on a VM as if it
runs on the real mote.

transmitting and the sender of this current bit can hear that
transmitting VM, or (2) another VM is sending to the
same destination as this sender.
Finally, the transmission delay module adds a delay to
the virtual time of each packet to be sent.
Having described the three network effect modules,
we then describe the transmission process of data on a
virtual channel from/to a VM: When outgoing bits are
sent from the Virtual Radio Frequency Module (VRFM)
of the VM to the virtual channel, they pass through the
three modules and stay in a buffer for wrapping (in the
lower right corner of Figure 14). When all bits of a packet
arrive in the buffer, the virtual channel wraps them into a
packet and sends out the packet via UDP. When an
incoming UDP packet arrives at the virtual channel, it is
put into a queue (lower left of Figure 14) and is
decomposed into bits to be sent to the VRFM of the VM
via another buffer (on the left of Figure 14).

Virtual Mote
Application

To VRFM From VRFM

TinyOS
VM Manager

Bits

Active Message Sender / Receiver
UART Packet
Sender /Receiver

Bit error
Module

Collision signal
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Figure 14. Virtual Channel
Figure 13: Architecture of a VM
Connecting multiple VMs, the virtual channel
simulates wireless network effects using three software
modules: the bit error module, the collision module and
the delay module (shown in Figure 14).
The bit error module uses an experiential radio signal
error data model to generate the bit error rate. The error
rate is defined as (number of error bits received by the
receiver) / (number of total bits sent by the sender). The
module maintains a table of two attributes: distance and
bit error rate, and generates bit errors randomly at a rate
that the table specifies.
The collision module simulates radio signal collision
by performing two operations: carrier sense and collision.
Both operations need information about the virtual time
(the time in the emulated world) and the data transmission
status of all VMs. This information is kept in the VMN
Manager.
In the carrier sense operation, the collision module
asks the network manager whether if a sending VM can
hear any VMs that are transmitting data. If so, the
sending VM will wait a period of time whose length is
defined by the network protocols. In the collision
operation, the collision module destroys the current bit to
be sent on one of the two conditions: (1) another VM is

Because VMs run simultaneously, synchronization is
needed to ensure that the messages and the operations of
VMs are in the same order with that of the target sensor
network. The synchronization procedure is as follows: at
the startup time, the network manager initializes its table
of network status information including the total number
of VMs n and the value of the virtual clock of each VM:
vt0, vt1… vtn-1. Whenever the VMs run for a predefined
interval T, which is called the synchronization interval,
they pause and report to the network manager. After
every VM has reported to the network manager that its
virtual clock has advanced by T, the network manager
sends out a broadcast message to inform the VMs to
resume running. In addition, the UDP packets on the
virtual channel are put in a queue and sorted by their
virtual time in the ascending order. With the queue and
the synchronization interval, the order of operations and
messages are ensured to be the same as that on the real
network.
4.3 Preliminary Evaluation Results
We have done preliminary evaluation of the VMN with a
small number of nodes running a simple query on TinyDB
and validated the results of running the query on real
MICA2 motes. The query was to report temperature
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consumption by the sum of (current * running-time),
because the number of measurement points was different
in the real mote network than in the VMN. The sum of
the real measurement was 27.38 mA*seconds, and that of
VMN was 28.68 mA*seconds, which resulted in an error
rate of 4.72%.

Estimated Electric Current (mA)

readings of all motes for every epoch of 960ms. This
short sampling rate was used to measure the electric
currents on real motes at a fine granularity, because the
HP 4155A oscilloscope we used was able to measure
electric currents at a scale of milliseconds for a period of
time of up to 2 seconds. The 2 seconds were sufficient for
studying the processing of the query, because we
observed two epochs in each measurement.
We measured the power consumption of this query on
a 4-node real mote network using an oscilloscope (HP
4155A) during the query execution (Figure 15). We then
ran the query on a 4-node VMN and estimated the power
consumption of the query (Figure 16). In our power
consumption emulation, we divided the query execution
time into several power modes with different operations.
These operations are: “Sleeping”, “Processing”,
“Listening”, “Sampling” and “Transmitting”. Two
different operations can occur in one mode, e.g.,
Processing & Transmitting. The measured electric current
in a mode was nearly constant (the range was within +/0.3 mA in our experiments).
Figure 15 shows our measurements of four power
modes during the query processing in the 4-node real
mote network, which were “Listening”, “Processing &
Transmitting”,
“Processing
&
Listening”,
and
“Sampling”. Because the sampling rate was short
(960ms), the motes did not run into sleeping. In other
experiments with a longer sampling rate (>10s), we
measured that the average current in sleeping was about
0.0162 mA. All of these results are consistent with the
data sheet of MICA2 Motes [4]. These results are also
similar to those reported by Madden et al. [11] except one
difference is that we did not get the “Snoozing” mode
with an average electric current of 4 mA. We are
investigating this issue further.
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Figure 16: Estimated Power Consumption of a VM

5

Conclusion and Future Work

We have proposed a software framework, MEADOWS,
for modeling, emulation, and data analysis of wireless
sensor networks. We have reported a case study of realworld data collection and analysis and proposed a
preliminary design of data analysis functions for detecting
patterns, outliers, and correlations.
We have also
presented our initial work on a hierarchical power
consumption model for sensor databases and on a sensor
network emulator using networked PCs. We find that this
framework is useful for answering questions about sensor
query processing.
In addition, the integration of
modeling, emulation, and data analysis creates synergy
for studying sensor query processing.
Our future work on MEADOWS include (1)
implementing our proposed data analysis functions and
using the results to cross-validate with our modeling and
emulation work, (2) conducting extensive, more complex
case studies for our sensor database power consumption
model and extending the model, and (3) increasing the
scale of sensor network emulation and adding node
mobility emulation.



Running Time(second)

Figure 15: Measured Power Consumption of a MICA2
Mote
Figure 16 shows the estimated power consumption
and the estimated query execution time in the 4-node
VMN. Compared with the results in Figure 15, the error
on query execution time estimation was 1.4-1.34 = 0.06
seconds or 0.06/1.34 = 4.4%. We calculated the power

Acknowledgement
We collaborated with Pei Zheng at Arcadia University,
USA on sensor network emulation. The design of data
analysis functions was influenced by discussions with our
collaborators at Peking University, China. We thank Jeff
Naughton for his helpful comments on the paper.
Funding for this work was from Grants HKUST6158/03E,
HKUST6161/03E provided by the Hong Kong Research
Grant Council (RGC).

66

References
[1]

[2]

[3]

[4]
[5]

[6]

[7]

[8]

Jonathan Beaver, Mohamed A. Sharaf, Alexandros
Labrinidis, and Panos K. Chrysanthis. PowerAware In-Network Query Processing for Sensor
Data. The 2nd Hellenic Data Management
Symposium, 2003.
Philippe Bonnet, Johannes Gehrke, and Praveen
Seshadri. Towards Sensor Database Systems. The
2nd International Conference on Mobile Data
Management (MDM), 2001.
Ugur Cetintemel, Andrew Flinders, and Ye Sun.
Power-Aware Data Dissemination in Wireless
Sensor Networks. The 3rd ACM International
Workshop on Data Engineering for Wireless and
Mobile Access, 2003.
Crossbow Corp. http://www.xbow.com
Amol Deshpande, Suman Nath, Phillip B.
Gibbons, and Srinivasan Seshan. Cache-and-Query
for Wide Area Sensor Network. SIGMOD
Conference 2003.
Laura Marie Feeney. An Energy Consumption
Model for Performance Analysis of Routing
Protocols for Mobile Ad-hoc Networks. Mobile
Networks and Applications, 2001.
Lewis Girod, Jeremy Elson, Alberto Cerpa,
Thanos Stathopoulos, Nithya Ramanathan, and
Deborah Estrin. EmStar: a Software Environment
for Developing and Deploying Wireless Sensor
Networks. USENIX 2004.
Wendi Heinzelman, Anantha Chandrakasan, and
Hari
Balakrishnan.
Energy-fficient
Communication Protocol for Wireless Microsensor
Networks.
The 33rd hawaii International
Conference on System Sciences, 2000.

[9]

Philip Levis, Nelson Lee, Matt Welsh, David
Culler. TOSSIM: Accurate and Scalable
Simulation of Entire TinyOS Applications. The 1st
International Conference on Embedded Networked
Sensor Systems, 2003.

[10] Erran Li and Joseph Halpern. Mimimum-Energy
Mobile Wireless Networks Revisited. ICC 2001.
[11] Samuel Madden, Michael J. Franklin, Joseph M.
Hellerstein, and Wei Hong. The Design of an
Acquisitional Query Processor for Sensor
Networks. SIGMOD Conference 2003.
[12] NS2. http://www.isi.edu/nsnam/ns/.
[13] Sung Park, Andreas SAvvides, and Mani B.
Srivstava. Sensorsim: A Simulation Framework
for Sensor Networks. MSWIM, 2000.
[14] Robert Szewczyk, Joseph Polastre, Alan
Mainwaring, and David Culler. Lessons from a
Sensor Network Expedition. In Proceedings of the
1st European Workshop on Wireless Sensor
Networks (EWSN), 2004.
[15] TinyDB. http://telegraph.cs.berkeley.edu/tinydb/.
[16] TinyOS. http://www.tinyos.net.
[17] Xlisten
Program.
http://cvs.sourceforge.net/viewcvs.py/tinyos/tinyos
-1.x/contrib/xbow/tools/src/xlisten/.
[18] Yong Yao and Johannes Gehrke. Query Processing
for Sensor Networks. CIDR 2003.
[19] Pei Zheng and Lionel M. Ni. EMPOWER: A
Network Emulator for Wireless and Wired
Networks. INFOCOM 2003.

67

 
    ! "# " $%&'(# ) *
+%#",   -. #" /10 32&453, 6  !78 9 &: 
 7;
<#=?>A@CBEDFBEGIHKJMLN>O@QPOGRPASUTWVQX
g?hUikjmloneprqehneqIsutWqevrqxwyqez6{e|
yhprqepr{?mjiWpr{{6
Wpr{{O`
UcQR¡o¢6££W¤b¥R¦¦_¤§U¨

YZ>6VWP\[&] J_^TWG`XW[`>6VQaRTWBb[
}_j~mz6{qe'lUneprqehncqIwyqez{e|
yhprqepr{?mjiWpr{{6
Wpr{{6\O`
¥©ª6£¢6«3£W¤?¥R¦3¦_¤§¨

¯ ®8°±U²A³W´O±
µ qepqc¶prhqchj¶hqc{?·Nj¸U4¹q qeºUzAqcne{qe»¼{j
zj3»6neq½qevr{4prh¯¹¾{p~&qevr ~m¹hhqe¿¹h»¯ikj
vrjh'zOqepjU»c¹Chqeqe»6qe»|dt'prQpr~&zvrpqc{¹{QqehUÀ
j'ÁUqeprqeyhqeqe»{jÂAqjz{pr~&pÃcqe»¿·'pr{#qezAqcne{
{j½Oj{¯qezOjhq4{pr~&q¿¹h»¯qehqc,nejh6~&zUÀ
{prjh|Äpr{{qeq½qcÁ36pqe~mqch3{mprh~&ph6»N·_q
»qeqevrjzÅhjKqev5nej?À?vr¹Kqe½jz6{pr~mprÃe¹{prjh{qenÆUÀ
hprÁUqe_{¹{N6{prvrpÃcq8prhUikj~m¹{prjh5¹Oj{_jK·¯{q
~mqc»pr~Ç¹neneqenejh3{jv:ÈEÉ#8}'Êyvr¹KqeyjzOqe¹{qe
·'prvrqIz6jUneqeprh½Á36qeprqeprh½vr¹q¿ne¹vrq¿qehj
hqe{?·_j¸qehUUpjh~&qehU{c|(t'q¯neqehU{¹vÂik¹~&qÆÀ
·_j¸#jij8¹zzj¹nÆ#pr8¹#w8¹{¹¿tW¹h~&prprjh
8vrqe¹{¹{d6hpËikj~mvr8ne¹z{6qe_{q'{ne{6q
jKi¿»¹{¹¯{¹h~mprpjh#¹vrjh6¾·'pr{{qcpnejhUÀ
{¹phU{ ¹h»ÂqeÁUprqc~mqehU{c|ÌyCik¹~&qe·Nj¸qehUÀ
¹6vqcAj{½ÁU¹vrpr{¹{prqÂ¹h¹vr3prZ¹h»½Á36¹hU{pr{¹À
{prq'nej{?À?¹qe»mjz{pr~mprÃe¹{prjh5jKiqehj_ÁUqeprqec|
Ä q#prvvr{¹{q#{q¶qÎÍ\qenc{prqeh6qe4jijÂik¹~&qÆÀ
·_j¸U»qeqevrjzprh'¹ynejvrvrprprjhUÀ?¹K·_¹qCnÆqe»6vrqe
¹h6» qcK¹vr¹{prhpr{'qeºUzAqcpr~mqehU{¹vrvr|
Ï ÐÑ ±3²OÒ'Ó8Ô8´O±UÕÒ Ñ
Ä qm¹q#¹zpr»vr¶~&jKUph6 {jK·N¹»Â¹½·Njvr»¾{¹{Âpr¿hqe{?À
·_j¸qe»4{jm¹hhzqeneqe»qch3{qe»¾ne¹vrq·'6qeqÂqeqc4»qc3prneq
¹h6»F¹zzvrpr¹hncq ·'prvrv'¹Kq ncj~mz6{prh4¹h»¯nej~&~¿hprne¹À
{prjhQne¹z¹6pvrpr{prqe¹h»~&¹{qehjWhqe{?·_j¸3W·'prvrvKAq_»qÆÀ
zvrjKqc» ·'pr»qcv|NÅvr¹qz¹{8jKid{qprhUikj~m¹{prjhÂprhUik¹?À
{ne{qprdqejvrUph6Z{jK·N¹»yÖ×ØkÙÚeÛ?ÜeÝÆ×KÖrÚ8ÞdßàØÚcÖÚcÜáÜCqehj
hqe{?·_j¸Ue'qK|â|rdprhUikj~m¹{prjh½{¹nÆ¸Uprh¶U{qc~m¿6ná¯¹
øEêÆø ìAöRêcù`èkúRãeó äûücåKüeæâùeç¿üRýkèkþCéçkõ éêeørèkÿ ùKë?åûáú ìAÆêeù ç¿RýEíKê êcKèkóWîEæâêeê ïâïâð#Kæ çkeéñKíKèEíçkæâòeîàðèEîkò éó OôRæâîkð½îEçkôKõ ñKöRè ÷eå êáìOêeWèEóK÷ ç


  

 



YGK>A[cTd>VCa ]#GRB?[eTWVd>D,fWG`aRTQX
g?hUiEjlUncpqchneqIsut qcvqwyqez{c|
8h6pqepr{?mjKidWpr{{
Wpr{{O`
¥U¡o6£K¬©3¦¢6££ ¤?¥R¦U¦N¤?§3¨

¹przAj{'qcnepr{?4prhUiE¹{ne{6qK~mjhpr{jprhjinÆprvr»qeh
prh~mqc{jzAjvrp{¹h¹qe¹czj3»6ne{d{¹h6pr{prjh5ph5·N¹qejq
hqe{?·_j¸Ue AhqÆÀ?¹prhqe»Â·Nqc¹{6qed~mqc¹6qe~&qehU{eqe{nK|dyvrv
jKi_{qeqm{¹¸UqcÁ36pq¿q mneprqehU{~mqenÆ¹hpr~&_ikjÁUqeÀ
prh{q8qehj'»¹{¹¹h6»¿qe{{prh{q8qevr{_jKiQ{q8ÁUqe
prh ¹¶{pr~mqevr4~&¹hhqce|¶t_Uzprne¹v_qchj¿Á36qe qeºUqenc{prjh
~m¹z¿prhU{j ¹¾{qeqÎÀbvrpr¸q4»6¹{¹,»qevrprqe¯z¹{{qeh·'qcq½¹
qczOjh»prh½qchjmhjU»q&qeh»6¿p{I»6¹{¹½{j¹¶hqcpUAj
hjU»q¿·'prnÆ½{¹h~&pr{pr{8iE{qe{j {q¿hqeºU{h6j3»6q¿{jKÀ
·_¹»68{6qqeÁUqc{prh#hjU»q&È {6qjUj{ÆÊÆ|8t'6q»¹{¹¿nej~ À
prhqe» ikj~ ¹vvOqcvqcK¹hU{dqchj8~&¹KAqyÁ36p{q8vr¹q'¹h»
·'prvrv qeÁUprq¿qe46p¶»6¹{¹#{¹h6~mprprjh4¹{qe{j#¹{?À
pr?ik{p~&qQnejh{¹phU{e|NÉ#qe¹hU·'prvq vrpr~mpr{¹{prjKhOjh5qehj
hjU»q'qejneqc'vpr¸qN¹{{qe¿zOjK·Nqcdpr~mzvr8{¹{MqeºUneqeprq
{¹h~mprprjhWprh¿qezAjhq{jqeh6j_ÁUqepqcNne¹h¿vrqe¹»¿{j
zqe~m¹{qZh6qe{?·Nj¸&»qe¹{|
lUqeqe¹vW{qenÆhprÁUqe¹KqOqeqeh½zjzAjqe»½{j&¹vrvrqeUp¹{q
{6q'zjvrqe~ ji\vrpr~mpr{qc»ZzOjK·_qed¹{W{q'hqe{?·_j¸Ivrqeqev6ná
¹Wqeh6qeÀ?q mneprqehU{Wj{prh6nevr{qeph6Z¹h»{¹h6~mprprjh
nÆqc»vrprh r`:ZR: ?|lUqchjm»¹{¹6¹q#qeqe¹nÆ
¹m¹vrj¾vrjUj¸qc»prh3{j qeh6jÁ36qez6jUneqeprh¯{¹{qÆÀ
prqe{j ~&prhpr~mp ÃcqZ{q¿ÁUqe4qezAjhq&{pr~mq5¹h»½qe»6neq
qehqc,nejh6~&z{prjh {¹{¿prhncv6»qm¹~mz6vprh r` ?dzqÆÀ
»prne{pjh r` ?¹zz6jKºUpr~m¹{prjh â ?Q¹h»4prhUÀ?hqe{?·_j¸#ÁUqe
zj3ncqeph64È j_¹qe¹{prjhAÊ `oo6 ?| Äpr{¿{q¹~mq
j¹vprhm~&prh»Uj'qeqe¹nÆ½~m¹¸qe_¹h#qÆÍj{y{jÂik6q{q
{qcná6hprÁ36qe'¹h»&~mqe{jU»dne6qch3{vrmqe»#ph¿{q{?·Nj5»pËi À
ikqeqehU{¹qc¹8jid»¹{¹¹qe¹h6»4hqe{?·_j¸3prh6|'Ä qAqcvprqeq
{6¹{d{qeqyprd¹h¹{¹vOnejhUqcqchneq8{jK·N¹»Mnej~¿prhprh
qchjÁUqezjUneqeprh4¹h»½vjK·_qeyv¹Kqe8h6qe{?·Nj¸4z6jKÀ
{jUnejvr'{¹{'ne¹h4U{qc~m¹{prne¹vrvrIOqqeºUzvrjqe»4prh&j»6qe8{j
qeh¹vrqq mneprqehU{8jzAqe¹{pjhmjiqehj8h6qe{?·Nj¸Ue|
g?h4{prZz6¹zOqe·NqprhU{jU»neqÂ¹h4prhU{qc¹{qe»½¹z6zj¹nÆ
{j qehj¿ÁUqeFz6jUneqeprh¾{¹{Â{pvrprÃeqe¿zOqe ikj~m¹h6neq
¹h6» ikh6ne{prjh6¹v_{¹»qÆÀ?jKÍIOqe{?·_qeqeh¯{6q ÁUqc zj3ncqe À
prh½nÆqe~&qee_¹h»,{q#~mqc»pr~¹neneqcmncjhU{jvÈkÉ 8}'Ê
vr¹Kqec|Nyh qcº3¹~mprh¹{prjh¿ji {6qqe¹jh8{¹{y¹KÍqene{8Oj{
qehqc5nejh~mz6{prjh¹h6»qezAjhqy{pr~mqWqeqe¹vr {¹{_È ¹UÊ
»¹{¹#{¹h~mprpjh Ý Ö Öß ÜÎß UÜ8qezqeqehU{Â¹m~&¹ Æjyjneq
jKiQqchqe¿·N¹{q8prhI·'prqevrqe'nej~m~¿h6p ne¹{prjh UÈ AÊMhh6qenÆÀ
L






{

 n

 n

 n






 

 ! "$#&%('))!*+(#-,!. /102%3#,546%3# 87:9<;
= >@BACCD(EGF(HIJ@LKNM O(CQPEG>I MJRS@>TBI O(@UV@WFVXZYLM8Y\[]YLF(Y^
?
HC_`CFM2K!@W>ZaCF(I @>QbcCM$de@>TBI\f!Xc[ga(bihWjjLkBlnm
o @>@FM @mpJYLF(YqD(YrmsZt(Ht(I MvujLM OmhWjjLkw
xqyy{z}|!~~{{}:zB yy !{nW~{nW W{~

8

:q



(

68

qe¹¶¹~mjhU{8jiZ×Ý Eß `Ú kß IÚyikj8{q¿qeh6jed»6qI{j
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discarded unless there is some sort of capture [Pah95].
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ÁUqe{N¹h»¿qe~&¹prhÂprvrqehU{dhU{prv W'qch»d{q8{¹h6~mprprjh
{j U|dt'q'zOqeprjU»mjiQprvrqehneqprd¹qe»&jh¿Upr{¹vOne¹prqe
qchprh¿·'qcqprhUikj~m¹{prjhprh¿{q _{ºÂp_qe»#{jÂ»qe{qc?À
~mprhqMjK·¯vjh{qcIjvr»Â¹nÆ¸ÂjKÍW| yj{q8{6¹{Wqeh6j
5¹h» Â»j¿hj{_qchqÂ{q _{º¿¹h»#nejvr»mzOj{qch3{pr¹vrvr
{¹h~mpr{Q¹{W{q_¹~mqd{p~&qdqepr{6qed{j  jW{jqe¹náÂj{qe
qcvr{prhph ncjvrvrpprjhc|mtWj z6qeqehU{I{prikj~¹zzOqehUÀ
prhqehj Âqczvrpqc'{j Wy·'p{m¹¿nejh A~m¹{prjh4Èk}_{ºÊ
È nc¹vrvrqe»nevrqe¹?À?{jKÀ?qch»j#}_t8l,ph U| `ÊÆ|t'prm{p~&qK
{6qhjU»qeyph#{q{¹h~mprprjhm¹hqjKi #È Â¹h»
prh Cpq4RÊqe¹I{q }_{º¶¹h» »j½hj{5{¹h~&pr{Z6h3{prv
{6q8qeh»¿jiQ{qy{¹h~mprpjhikj~ W'{j U|Wg?h¿{prdneqÆÀ
h¹prjK{6q'hjU»qe o  U¹h» yAqevrjh8{jZ{q'¹~mq
nejvvrprprjh »6j~m¹prh|'g?h¶qehqe¹vE¹hU#{?·Nj&nej~&~¿hprne¹{prh
hjU»qe C¹h» IzAqcnepËikm¹mÝ Ö ÖßrÜeß Â×ß }'wÂÈ ? Ê
{6¹{Qnc¹hÂAq_»q Ah6qe»I¹W{q_hprjh5jKi{¹h~mprpjh¹h6qe
jKi W¹h6» U|
8h6j{6qem·_¹K jKiqevrpr~mprh¹{prh#nejvrvrprprjh6Ipr¿{j ncqe¹{q
¹hÂj{jjh¹vU{¹h~mprprjh~&qenÆ¹hpr~·'qcqeUÂ¹ZncqehUÀ
{¹v¹6{jpr{?'nÆ¹ ¹,¹q¶{¹{prjh¹vrvjUne¹{qe&zOqÆÀ
nep An¿{p~&qIvrj{xikjh6j3»6qe{j{¹h~&pr{Z6¹qc»¾jh½qcqe À
K¹{prjh¿j_zOjvrvrph6 r Q{6¹{_·'pvrvOAqp~&prv¹W{jÂ{pr~mq'»prUpËÀ
prjhI~¿vr{pz6vqM¹neneqcÈ t8wÉ#ZÊÎ|3t'6pWjK·_qeqedqcÁ36pqe_¹
neqehU{¹vrprÃeqe» UhnÆjhprÃe¹{pjh¶~&qenÆ¹h6p~ {¹{nejvr»½Aq
ik¹pvrZncj~mz6vqcº8{jpr~mz6vqc~mqehU{eencjh~mq_prh6p One¹hU{QjKqe?À
qe¹»½ikjph¹vrprh&¹h» Oq¿»p mnevr{{j4pr~&zvrqe~mqehU{'prh½¹
~¿vr{pËÀ?jz#neqeh¹prj|#8vr{6j nejvrvrprprjhcQjKqcqe¹prh6
¹h6»¾pr»vrqmvrpr{qehprh½¹q&~m¹ Îjjneqemji8qehqe,·N¹{q
prh¿·'prqevrqe'~¿vr{pËÀb6jzhqc{?·Nj¸OnejhU{jv{¹ mn8jKqcqe¹»
pr8¹&prhp Anc¹hU{_ik¹nc{jyprh4{q5qehqe4nejh6~mz{pjh#{¹{
6jvr»¾¹vrj4Oq#{¹¸qeh¾prhU{j¹nenejhU{ â ?|¶t'prÂne¹h,Aq
¹nÆprqeqe»Uq mneprqehU{4~&qe{6j3»6 jiI·'prqevrqe¶~&qe{¹Àb»6¹{¹
~m¹h¹qe~mqch3{ UA ?|
8hpr~&zAj{¹hU{ jzAqch qcqe¹nÆ¼»prqene{prjh qevr¹{qe» {j
j6 ·_j¸¯p&»qeqevrjzprh,phU{qevrvprqehU{¿nej{?À?¹qe»{¹{qÆÀ
prqe ikj&·'pr{nÆprh,hjU»qe#{j¯vqcqez~&jU»q#{j¾~&prhpr~mp Ãcq
qehqc¿ncjh~mz{prjh  3o3 6 ?|Wg?h â {qy¹{j
zjzOjqc»¶¹&nej?À?vr¹Kqe»qcprh#iEj8zOjK·_qe~m¹h6¹qc~mqehU{e|
t'qy{qe~ Înej'vr¹Kqc qeq8qÎikqe'{j¹zOjK·NqcN~&¹h¹qÆÀ
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` qµn

~mqch3{_vr¹Kqe'6{prvrpÃcph6I¸UhjK·'vrqe»q¹Oj{'j{qqe{z4¹h»
z¹ná¸qe{&ikj·N¹»prh6|g?hUÀbh6qe{?·Nj¸¯¹qe¹{prjh¯¹ ¹vrj
Oqeqeh#zjzAjqe»#{jI¹Kq8qchqemU¿qc»neprhÂ{q¹~mj6h3{
jKi'nej~m~¿hprne¹{prjh6'¹{{q&qeºUzAqchq&jKi'qeºU{¹nej~&z{¹À
{prjh r`3 b|WtW r` ¹h6»}_j¹ â qchqe¹{q'ÁUqe
j{prh,{qeqe½ph ¹F·_¹K¯pr~mprvr¹Â{j¯·'¹{#·Nq½nejh6pr»qe
prh¯{prmz6¹zOqee|t'p 8 â prm¹ ~mpr»»6vqc·N¹qmvr¹Kqe¿pr{?À
{prh&jh4{jz4jidqepr{qetW ¼jZ}_j6¹c|Zt'p yqe~mzvrjKU
ÁUqe¶qe~m¹h3{prne¿È ¹h6» ph½z¹{prne6v¹e µ ¹vrpr{?#jKi8w8¹{¹UÊ
¹h6»¾ne¹h¾qc»neq4qchqe¾nejh6~mz{pjh prh6p One¹hU{vr U
qevrpr~mprh¹{prhmqe»h6»¹hU{¿»¹{¹½{¹h~&prprjhe| 8jK·_qeqee
hjhq¶ji{qeq nÆqe~&qe#nejh6pr»qeqe»»¹{¹¾{¹h6~mprprjh
nejvvrprprjhW{jqe»neq{q8¹~mj6h3{CjKiQqe{¹h~mprpjhd¹h»
{UM¹Kq_qehqc|d8vrvUjKi{6qeq'ná6qe~mqeM¹~mq_{6¹{W{q
É#8}¼vr¹Kqe¹h»vrqe¿nejvvrprprjhe|½8hvrpr¸q¿tW Âd}_j¹c
¹h6» {qenÆhprÁUqepr~&pvr¹d{j&t'p yj ¹ } ?Aj'¹zUÀ
zj¹nÆÂqe~mz6vjKUCÁ36qe¹h»Âhqe{?·_j¸Â~mqc{¹»6¹{¹'{jqehqc?À
¹{qÁ36qe¿zvr¹hN¹h»mj{prhI{qeqc8{6¹{_¹Kjpr»¿nejvrvprpjh
¹h6»~m¹ºUpr~¿prÃeq4vqcqez {p~&qK·'prvq 6¹vr¹hncph6FqezOjh6q
{pr~&q8¹h6»mqehqc#nejh6~mz{pjh|
Ô ² :´ QÓ8Ô ?Õ Ñ ÇÔy°Õ Ñ Â
Ä q8»6qeqevrjzm¹h#¹vqe¹prn'ik¹~&qe·Nj¸{¹{'¹vrvjK·'M¹IqehUÀ
j'ÁUqe&jz{pr~mprÃeqe_{j¿¹¹hqnejhneqehU{y»¹{¹¿{¹h?À
~mprprjhprh{q_Á36qe{qeq'jy¹W{jy¹Kjp»nejvrvprpjhe|Ct'q
pr»qe¹#pr8{¹{{6q¿Á36qe4jz{pr~&pÃcqe8qehqe¹{qc¹#nÆqe»6vq
ikj »6¹{¹¯{¹h6~mprprjh&{¹{#p#»prqe~&ph6¹{qc»{j¯qe¹ná
hjU»q prh{6q¾ÁUqeqeK¹vr¹{pjh{qeq| 8jzzOjqe» {j
t8wÉ#'À?vrpr¸q'zOjvrprneprqee{qnÆqe»6vq5p_¹Âqe{qe»#{¹{?À
qeZ{¹{¹Kjpr»nejvrvprpjhO{Qpr{prQ6zZ{j8prh»prUpr»¹vKhjU»q
{j¿»6qenepr»qjK·{j¿Oqe¹Kq·'p{prh#¹¿qe{yjKi ncjh{¹prh3{yprhUÀ
{qcK¹vrzOqenep Aqc» 3{qÂnÆqe»6vrqK|¿g?h¶{qIqcqehU{{¹{¹
hjU»qdnc¹hhj{CikjvrvrjK·4{6qdnÆqe»6vrq'{j8¹Kjpr»8ncjvrvrpprjhc`nejv À
vrprprjhC¹qN¹h»vrqe»U{6q8É#8}½vr¹Kqec| t'Ucprh{qe¹»ÂjKi
»qevrqe¹{ph6 {q¿nejvvrprprjh¶qejv6{prjh½jvqcv{j4{qmÉ#8}
vr¹KqecjMik¹~mqc·Nj¸Â{prvrprÃeqe'ÁUqemqc~m¹hU{pncN{j¿nejUj?À
»prh¹{q{¹h~mprpjh_Aqe{?·_qeqehqehjyhjU»qee|
\

L¨n

JÎÏ n

K|

È  IÊÆ|t'6p&pr¿¹¾{prne{#j»qe
jzAqe¹{pjhW{¹{prednÆqc»vrq ~¿6{Aq&qeºUqene{qe»
OqÆikjq ¿|
U|  \È  IÊÆ|t'6pyprZ¹h4jKqcvr¹z4jzAqc¹KÀ
{pjh{6¹{W¹vrvrjK·'Qná6qe»vrqe ¯¹h» {j8Oq'qeºUqene{qe»
nejhneqehU{v|
U|  
È IÊÎ|8t'pr8pr'¹&hjhUÀ?{prne{yj?À
»qc¿jzOqe¹{prjh,{¹{Iqepr{qemnÆqe»vrqe ÇOqÆikjq ¿
jZz6{  AqÆiEj!q |Ât'Ue" È  I#Ê È È  IÊ $
È ÊÊÎ|
8 ¹h¼qeºU¹~mz6vq,jKi¶wytW jzAqe¹{pjh nejhpr»qe,{q
ÁUqe¶{qeq¿prh Qprq¿&·'prná½·_¹qeh6qe¹{qe»ikjj~mq
ÁUqe µ |3t'6p_6jK·''¹h¶ß ß Eß ×KÖ3wytWzAqencp One¹{pjh#{¹{
&q %Aqene{d{q_¹prndnejh{¹prhU{Wjio{q_Á36qe{qeqK|dt'q_nepr?À
nevrqeyqezqeqch3{5{q¹hqe8jid{qÂqeh6jyhjU»qec| j'{q
zzAjqe¿ji:{prIqcº3¹~mzvrqKC·Nq&¹~mqÂ{6¹{Â{q&{¹h?À
~mprprjh4zOjK·_qepnejh{¹hU{¹h»¶{q¿hjU»qeÂ¹qI{¹{prjhUÀ
¹|_t'qprhpr{pr¹vAzAqencp One¹{pjh¶ncjhp{yjKid¹¿qe{yjKid{prne{
j»qe4¹h»jKqev¹zjzAqc¹{prjhc| 6j#prh{¹h6neqKIjzAqc¹KÀ
{prj(h ' 4zOqenep Aqc {¹{&{¹h~mprpjh  W#jUnene
¹KiE{qe
 p5nej~&zvrqe{qe»|¶t'prÂnejh{¹prhU{Iq %Aqene{
{6q¿Á36qe½{qeq¿{jzAjvj|ÌyzOqe¹{prj)h ÂIzAqcnep AqeÂ{¹{
Ânc¹h½AqÂqeºUqene{qe» nejhneqehU{vr4·'pr{  o
prhncq8hqepr{qe hj Oqevrjh5{jI}'wÂÈ 6 ÊÆ¹h»¿hqcp À
{6qe Âhj Â¹qprh }'wÂÈ o ÊÆ|
Z÷øù(úLø û!ü`ýþÒÿ
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Initial DTA
specification:
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n2

Ä ¿q »q Ohq#¹ wy¹{¹4tW¹h~&pprjh½8vrqe¹,ÈkwytWZÊ5{¹{
q mneprqehU{v,qeh¹vrqemnÆFÁUqc¯nÆqe»6vrph6|t'q¶wytW
nejhpr{8ji¹¿qe{8jidjzOqe¹{prjh'{¹{y{¹¸q{¹h~mprpjh
Oqe{?·Nqcqeh4·'prqevrqe8qehj8hjU»qc'¹'prhz{'¹h»mz6jU»neq5¹
nÆqc»vrqjKi {¹h~&pprjh6d¹_{qqevr{c|dÄ q8ne¹vvO¹ÂjhqÆÀ
jz¶{¹h6~mprprjhikj~ qeh6jÂhjU»q {j#hjU»q ¹h
ÚcÖÚ IÚ E×Ø EØ× oÜ ÂßrÜÆÜeß È »qeh6j{qc»
ÊÆ|¿Ä qI¹vrj
q ¹½zOqenepr¹v'U~¿AjvE Ö ÖËN{¹{Â»qehj{qe¿¹¯Ý AÖrÚ EÚ
È jIÚ `Êy{¹h6~mprprjh| W¹nÆ4{¹h6~mprprjh
3
·'prnÆ prhj{5qe~mz{?p5¹jUnepr¹{qc» ·'p{ ¹4nejvvrprprjh4»jKÀ
~m¹prhm}'wIÈ ? Ê_¹'»q Ah6qe»¶prh#lUqene{pjh¶U|d{¹h~&p À
prjh nÆqe»vrqÂpr8qepr{6qe8¹h4qevrqe~mqch3{¹m{¹h~mprprjhj
¹nej~mzOjp{prjhjiQqevrqe~mqehU{¹5{¹h~&prprjhdph6ZjzAqc?À
¹{prjhjKi_{qmwytW¼¹»qeneprOqe»¾OqevrjK·|It'qmwytW¼prhUÀ
nevr»qc8{6qeq6¹prnjzOqe¹{prjh'{¹{'nej~¿6ph6q8{?·_j¿{¹h?À
~mprprjh¿ná6qe»vrqe¹h6»
` q 

¿¼© 3¼

¿¼

are not in CD(n6,n3).

à\árâáãåäáBæNçnèéêç{çéëæìÃíîïðäá
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3

n6

O1: o(n4~n2, n2~n1)
O2: o(n5~n2, n2~n1)
O3: o(n6~n3, n3~n1)
O4: o(n7~n3, n3~n1)

A2: a(n4~n2, n7~n3)
A3: a(n4~n2, n3~n1)
A4: a(n5~n2, n6~n3)
A5: a(n5~n2, n7~n3)
A6: a(n5~n2, n3~n1)
A7: a(n6~n3, n2~n1)
A8: a(n7~n3, n2~n1)

Cpr6q µ qe#{qeq¹h»#prhpr{pr¹vwyt lUzOqenep Ane¹{prjh
W¹ná,jzOqe¹{prjh ji8{q&prhpr{pr¹vdzAqcnep Ane¹{prjh¿»q Ahqe
¹¾pr~mzvrq#{¹h~mprpjh¾ná6qe»vrq nejhpr{prh¾jiI{?·Nj qcv À
qe~&qehU{¹¾{¹h6~mprprjhc|t'q½w8tW prh3{jU»ncqe#¹ qe{
jKi'{¹h ikj~m¹{prjh4vrqeÂ{¹{ne¹h Oqm6qe»,{j4qehqe¹{q
~mjqynej~&zvrqeºmná6qe»vrqeyikj~{qprhpr{pr¹vzAqcnep Ane¹{prjh|
Cprq jK·'Nqcº3¹~mzvrqeMjKi wytW{¹h ikj~m¹{prjhÂvrqe
*ÂÆÀ *UA¹h»4prvrvr{¹{qejK·{6qeqÂvrqe¹zzvr#{jK·_¹»6
qchqe¹{prh&~mjqnej~&zvrqeº¿nÆqe»6vrqe  o+ Â`¿¹h» I
ikj~ {q8prhpr{p¹vUzOqenep Ane¹{prjh¿prh Cprq8U|  ynÆqe»6vrqe
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Example of DTA transformations:

Example DTA transformation rules:

,

R1: o(A,B) o(B,A)
R2: a(A,B) = a(B,A)
R3: c(A,B) = c(A,B)
R4: a(A,B) & a(A,C) = a(A, c (B,C) )
R5: c( A, c(B,C)) & o(A,B) = c( o(A,B), C )
R6: c( c(B,C), A) & o(B,A) & o(C,A) = o(c(B,C), A)

A1,A2,R4 imply:
A9: a( n4-n2, c(n6~n3, n7~n3) );
A3, A9, R4 imply:
A10: a( n4-n2, c(c(n6~n3, n7~n3), n3~n1));
A10,O3,O4,R6 imply:
A11: a( n4-n2, o(c(n6~n3, n7~n3), n3~n1));

Cpq WºU¹~mz6vqyjKidw8tW{¹h ikj~m¹{prjh


Z¨ ½5»

Figure 5 represents valid moves between DTA schedules.

schedule

cost

ni~nj

Tp(ni)+Ttx(ni~nj)+Tp(nj)

o(A,B)

cost(A)+cost(B)

a(A,B)

max(cost(A),cost(B))

c(A,B)

cost(A)+cost(B) – Tf

M1.
M2.
M3.
M4.
M5.
M6.
M7.
M8.
M9.

Cpq W{pr~m¹{prhncj{8jinÆqe»vrqe
{6qeqyqevrqe~mqehU{¹5{¹h~&prprjhe·'6pvrq_qe¹nÆ&jKi-I`y¹h»
I8nÆqe»vrqeyikj'qevrqe~&qehU{¹¿{¹h~mprpjhe|
8jhqji {6qpr~mz6vqyjynej~&zvrqeº¿{¹h~mprpjhmná6qe»UÀ
vrqe_nejh6pr»qeqe»#j5ik¹_prhnevr»q'¹vvOqevrqe~&qehU{¹I{¹h~&p À
prjh8ji{qÁUqe4{qeqKj&·Nq5ne¹vrvQ{qe~ ×Ø Eß ×ÖQÜeÝ 6Ú KÛ
ÖÚcÜÆ|ÌyWj¹vUprQ{jZqehqe¹{q8w8tW,qeºUzqeprjh6dikjNÝ 5Û
AÖrÚ EÚÂÜeÝ 6Ú ÖÚcÜÆ|¼nej~mzvrqe{qnÆqc»vrq¿prhnevr»qe¹vvWqevrqÆÀ
~mqch3{¹{¹h~mprpjhdji\{q8ÁUqe¿{qeqK| _qevrjK·¯·NqyprhUÀ
{jU»neq_¹8nej{W~mjU»qcvKikjQjz6{pr~mprÃeprhd»6¹{¹y{¹h~mprpjh
prhmj»qey{j¿qehqe¹{q5nej~&zvrqe{qy¹h»#q mneprqehU{'ná6qe»vrqec|
Cprq 4jK·'5pr~mzvrqÂnej{Iqc{pr~&¹{prjh4qeºUzqcprjh
ikjmqe¹nájKiÂ{q wyt  qeºUzqcprjhe| g?h{pr#ne¹qK{q
nej{dnejqezOjh»6N{jZ{q'qeºUqene6{prjh¿{p~&qW¹jUnepr¹{qc»¿·'p{
¹4z¹{pncvr¹ná6qe»vrqK| 6j5nevr¹pr{?½jKi'zqcqehU{¹{prjh¯·_q
prhjq_qehqeÂnejh6~&z{prjh5¹{Q{prWzAjphU{c| 6jWqeºU¹~&zvrqK
{6q'qeºUqene{pjh¿{pr~mqMjKiAqevrqe~&qehU{¹{¹h6~mprprjh
nejhpr{jKiNvrjUne¹vCzjUneqcprh#{p~&qe8t'z¹{8h6j3»6qe d¹h»
4zvr¿{6qm{pr~&q¿t'{º qcÁ36pqe»,ikjÂ{¹h~mpr{{prh#»¹{¹
ikj~ W{j 3|
t'q#qeºUqene6{prjh¯{pr~&q¿jKi8{prne{¿j»qe¿jiZná6qe»vrqe&
¹h6» pr8{6qI~ jKiNqcº3qcne{prjh¶{p~&qe8jid%¹h» y| j
jKqcvr¹zz6ph6¾nÆqc»vrqe½ ¹h» y8{q qcº3qcne{prjh{pr~mq
·_jvr» Oq {q#~m¹º3pr~Â~ jKi8{q#qeºUqene{prjh¯{pr~mqcjKi
¹h6» y| Qprh¹vrvW{q#qeºUqene6{prjh¯{pr~&qIjiZ{6q nÆjprneqmOqÆÀ
{?·_qeqeh¿¯¹h» pW{q'¹~mqd¹Q{6q'qeºUqene{pjh¿{pr~mqWjiA{q
{prne{dj»qc ~&prh36Q¹8z6qe»q Ahqe»&{pr~mqWiE¹ne{jWt_i|Qt_iprh»pËÀ
ne¹{qe{6¹{'prh#qehqc¹vE{6qjz{pr~mprÃeqe_zqÎikqe{qnÆjprneq
jzOqe¹{prjhFjKqe¿{prne{#j»qec8prhneq{q#vr¹{{qe&qe{prne{
%AqeºUprprvrpr{?jKiQ{q'jz{pr~mprÃeqedprhÂÁUqe¿nÆqe»vrprh6|dÄ q'pÀ
hjqmz6jz6¹¹{prjh½{pr~&qe¹Â{qe½¹qmhqcvrprprvrqIprh {pr
ne¹qK|


Ò©r½ »

:

Choice commutativity
Overlap commutativity
Choice associativity
Overlap associativity
Order associativity
A/C exchange
Left A/O exchange
Right A/O exchange
C/A exchange

:

:

:
;
;

M10. Left O/A exchange

;

M11. Right O/A Exchange

Á

:

c(X,Y)
c(Y,X)
a(X,Y)
a(Y,X)
c(X,c(Y,Z))
c(c(X,Y),Z)
a(a(X,Y),Z)
a(X,a(Y,Z))
o(X,o(Y,Z))
o(o(X,Y),Z)
a(X,c(Y,Z))
c(a(X,Y),Z)
a(X,o(Y,Z))
o(a(X,Y),Z)
a(X,o(Z,Y))
o(Z, a(X,Y)
c(a(X,Y),Z)
a(X,c(Y,Z)),
provided any(X,Z) holds
a(X,o(Y,Z)),
o(a(X,Y),Z)
provided any(X,Z) holds
o(Z, a(X,Y)
a(X,o(Z,Y)),
provided any(X,Z) holds

;

;

;

CpFigure
q =<d5:¹vrValid
p»&~mjKmoves
qedObetween
qe{?·Nqcqeh DTA
wytWSchedules
lUnÆqe»vrqe
{prneprz¹{prh#prh¶¹Á36qe| g?h j»qcI{j »6qeneqc¹q#{prnej~ À
zvrqeºUpr{?'·_q4»qeqevrjzOqe»qcpr{prnÆÀb6¹qc»zhprh,~mqe{UÀ
jU»Â{¹{Iqevrpr~mprh¹{qÂOjz6{pr~m¹vd¹vr{qch¹{prqec|¾Ä qm¹vrj
qeºUzvrjqe»½¹h6»j~&pÃcqe»#¹vrjpr{~&'{j&nejzOqI·'pr{¶{qIqcºÀ
zOqene{qc»4nej~&zvrqeºUpr{?Iji ÁUqepqc8prhmvr¹qyne¹vq5qehjyhqe{?À
·_j¸Uc| ¹h»6j~mprÃeqc»m¹vrjpr{~m r ¹qne¹vr¹vrqZ{qenÆUÀ
hprÁUqe½{jjvrq ncj~mz6vqcºnej~¿6ph6¹{jpr¹vyjz{pr~mprÃe¹{prjh
zjvrqe~&N{¹{_qe¹nÆ#ikjN¹Âjvr{prjh&prhm¹¿vr¹q8z¹ncqjKi
¹vrvzOjprvrq8jvr{pjhe| W¹ná&jv6{prjh¿prd¹jUnepr¹{qe»&·'p{
¹z6zvrpnc¹{prjhUÀbzAqcnep AnNncj{e| ¹h»j~mprÃeqe»¹vjp{~mO·'prvrv
qc¹nÆ5ikjC¹8jvr{prjhZ·'pr{{q_~mprhpr~¿¹venej{W3zOqe?iEj~ À
prh¿¹h»j~Ç·_¹vr¸UNprh#{6qjv6{prjh#z6¹neqUpr¹¿¹¿qcprqejKi
K¹vrpr»½~mjKqce|mg?h jInc¹q&zAjp6vq¿jvr{pjh¹q wytW
nÆqc»vrqee|
Cprq  qezqeqehU{%K¹vrp» ~mjKqeOqe{?·Nqcqeh wytW
nÆqc»vrqee| 8qcq¯× ?>A@CB>7D ½p¿qevr¹{pjh¯Aqe{?·_qeqeh{?·_j
wytW%nÆqe»vrqe E_&¹h)» EW4»6q Ahqe»,qencpqevr ¹iEjvËÀ
vrjK·'
× GF BIH ZpË=i È J KIÊ_j# \È KL J4ÊÆ|
× GF Bk× MH9BN ZpËi:× GF BIH Z¹h» × GF BN |
× GF BkÝ OH"BN ZpËi'× GF BPH Z¹h» × GFQBN K|
× GF B MH9BN ZpËi:× GF BIH Z¹h» × GF BN |
wypËÍ\qeqehU{4¹h»j~mprÃeqe»¹vrjpr{~&¿qe~mzvrjK¯»pËÍqeqehU{
~mjKUprh#{¹{qepqc¿¹h»¯{jzz6ph6¶nejh»pr{prjhe|Floj~mq&jKi
{6q¶~&j{¿·_qevrvËÀb¸UhjK·'h¯¹h»j~mprÃeqe» jz{p~&prÃe¹{pjh ¹vrjÀ
/. 021
30"154 7698
pr{~m_¹qg?{qe¹{pqg?~mz6jKqc~mqehU{8ÈàggÊÆlUpr~¿vr¹{qe»¿8hUÀ
_¹prn wyt  nÆqe»6vrph6¾~m¹K,Aq½qeºUzOqehprq »q½{j¾pr{ hqe¹vrph6Z¹h»Ât'·NjÀ W6¹q8Ìyz{pr~mprÃe¹{prjh r ?| Ä q_qeºUzvrjq
nej~¿prh¹{jpr¹v¿h¹{qK| t'qhU~¿Oqe¾ji ¹vr{qeh¹{pq zOqe?ikj~&¹hneqÂjKi'qe¹ná ji:{qe~ ikjZ{q¿zzAjq&jKi'ne¹v À
nÆqc»vrqejK·'¹{vrqe¹{qeºUzAjhqehU{pr¹vrvr#·'pr{4{q¿hU~¿À ¹6vq¿wytW%nÆqe»vrprh6|mg?h CpqmoQ·_q¿pvrvr{¹{qÂjK·
OqeNjiQqeh6j'h6j3»6qeN¹h»¿qevrqe~&qehU{¹I{¹h~&pprjh6 z6¹?À wytWná6qe»vrprh¿ne¹h 6{prvrpÃcqZggN¹vrjpr{~|
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Procedure II () {
minS = Sser ;
while (not stopping_condition) do {
S = random DTA schedule
while (local_minimum(S)) do {
S’ = random DTA schedule
in neighbors(S)
if cost(S’) < cost(S) then S=S’
}
if cost(S) < cost(minS) then minS=S
}
return(minS)
}

{6qZncjvrvrpprjhm»6j~m¹prhIpr'6h¸&¹vrvrjK·'prh{6qZzOjprprvrpr{?
jKinejhneqehU{#{¹h~mprprjh¿Oqe{?·_qeqeh»pËÍ\qeqehU{#qehj
hjU»qec|Çt'pr&prh 6zprh3{qeqc{prh¯jzzAj{hpr{prqe&ikj
neqe¹{ph6¿~mprhpr~¿¹vUnej{'ÁUqemnÆqc»vrqee|'Ìy'ÁUqe&jzUÀ
{pr~&pÃcqe8qe{pr~m¹{qey{q¿{¹h~&pprjhzAjK·_qeeC»¹{¹m¹{qec
¹h6» j»6qejKi8{¹h~&pprjhjKi8qchjIhjU»qc{¹{~mprhpËÀ
~mprÃeqcNnej{8prh#~¿vr{przvrqN·_¹KUe|dÄ q»prncynÆ4neqeh¹?À
prj_hqeºU{e|
}_qe{¹prh#qchj8hjU»qey~m¹KÂAqvrjK·jh 6¹{{qe#zOjK·Nqc
¹h6»mpËi\{prNprhUiEj~&¹{pjhprN¸UhjK·'h3pr{d·_jvr»¿Oq8¹»K¹hU{¹À
qcj_{jqe»ncqZ{qepr_{¹h~&prprjhIzOjK·Nqcd¹h»&¹hq'{j
zjvrjh&{qÂhqe{?·_j¸4vrpËikqK|t'qeq¿~&¹K¿AqÂqchjhjU»qe
{6¹{#¹Kq mneprqehU{4qchqe¹h6»nejvr»prhneqe¹q¾{6qepr
{¹h~mprprjh¿zOjK·Nqe_iEj_¹¿neqe{¹prh#zAqcprjU» ji {p~&q'{jÂUÀ
z¹'j~mq'jz_¹h»&»prqene{vr¿qe¹ná#{qhjU»q8{¹{_prhpr{pËÀ
¹{qe»¿{6q8ÁUqe|Wg?h¿{prdnc¹q'{qZwytW¯·'prvvU{prvprÃeq'¹nej{
~mjU»qcv{¹{N{¹¸qeNprhU{j5¹nenejhU{NOj{mqezOjhq{pr~&qN¹h»
qehqcnejh~&z{prjh·'prvrq4{¹»prh¯neqe{¹ph»qeqeq,jKi
nejhneqehnc ÈàpE| q|UhU~¿OqeNji jzAqe¹{pjh W{¹h~mprpjh
{6¹{Qnc¹hÂjKqev¹zph5{qdprhpr{p¹vzAqencp One¹{pjhAÊikjprhncqe¹?À
prhÂ{qzAqcqe»4jKiWj~mq8{¹h~&pprjh6e|
Cprq prvrvr{¹{qe_{prdpr»qe¹Â·'pr{¿{?·_jpr~&zvrq'{¹h?À
~mprprjhneqeh¹prjc|Ng?h¿neqeh¹pr`j i -j {¹h~mprprjh
&¹h»  &ne¹h½jUneneÂnejhneqehU{vr ·'6pnÆ½prZqÆÀ
%Aqenc{qe»¿U{q_jKqcvr¹zjzOqe¹{prjh Idprh{q_nejqezAjh»UÀ
prhÂph6p{pr¹vQwytWzAqencp One¹{pjh| _#prhneqc¹prh¿{¹h~&p À
prjhZzOjK·_qeWjKiqeh6j Èàneqeh6¹prj i gj ÊÆR{qMjzzOj{hpr{?
jKi{¹h~mpr{{ph6
¹h6»  ½nejhncqehU{vr
»pr¹zzOqe¹e·'prná qevr{4prh¹,~mjq#qe{prne{qe»%wytW
zOqenep Anc¹{prjh| 8jK·_qeqecA{q¹prhmprh
Â{¹h~&p À
prjh4zOqeqe»W¹·_qevrvQ¹Z¹&zAjp6pvrpr{?&ikj m{jm{¹h~mpr{
»prqcne{vr {j W&ne¹h¯jKqcnej~mq¿{6q vr¹ná¸½jKinejh6neqehne
prh¶neqeh¹prkj i j h»qeÂneqe{¹ph ncpne~&{¹hneqec|48zz6¹?À
qehU{vrprh{6pWne¹q ·_jvr»zAqeh6»¿~mjqdqehqcÂ{jynej~ À
zvrqe{q'p{W{¹h~&prprjh|QÄ q_¹q'qcº3{qeh»prh5{q8wytW¾nej{
~mjU»qcvd{j½ne¹z6{qm{6q {¹»qejKÍÂAqe{?·_qeqeh¯{¹h6~mprprjh
zOqeqe»A{¹h~mprprjh¿zOjK·Nqe'¹h»¿»qeqeqc8jKiWnejh6neqehne
prhIqehj_Á36qeÂzjUneqcprh6|d8~&ph6Zqehqe¹v~&jU»vr¹KÀ
{prjhZnÆqe~mqcQ¹h6»pr{¹vrqW¹hqeCjKi{¹h~mpr{OzAjK·_qeW·_q
zvr¹h½{j#nej~mz¹qÂ{q¿qe6v{·'pr{½~mqe¹qe~mqch3{·'p{
qc¹vQz6jU»ne{8vrpr¸q o| '¹h» Nvrqe{jUj{|

Explanation of variables and parameters:
minS – current DTA schedule with
minimal cost;
Sser – random serial DTA schedule;
S – random initial DTA schedule;
neighbors(S) – a set of schedules that can be
generated from S via one valid
move;
stopping_condition – number of considered
initial schedules;
local_minimum(S) – a number of neighbors of
S to be tested, of which none has lower cost
than S. If the test is successful, S is considered
to be a local minimum

Qprq Wgg_8vrjpr{~¼ikj:wytW lUnÆqe»6vprh
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É#vr{p À?¹{qÂ{¹h~mprpjh4przzOj{qe»,prh4{q¿h6qe·¼qehUÀ
qe¹{prjh¿jKiQ{¹h»6¹»6dikjd·'prqevrqe'vrj3nc¹vnej~m~¿h6pnc¹{prjh
È nÆ¹ U| cX¹ W+ WKUÊ¹ ·_qevrv¹#prhqcjvrUprh½ik{q
{qcná6hjvrjprqee|'8h6»qe8{qeqI{¹h6»¹»eOp{'pryzAjprvrqyikj
hjU»qe_{j5{¹h~&pr{Q¹{M»pËÍ\qeqehU{N»6¹{¹5¹{qe_»qezOqeh»prhjh
prh¹v_ÁU¹vrpr{?| y¹vvrdprh6¹v'ÁU¹vrpr{?½»qe¹»qc¿·'p{
»pr{¹hncq¾È ¹v{j6¯{pr¿pr¿hj{¿{q4jhvr¾qe¹jhAÊ  ?|
t'qÂz¹{4vrjIÈ {¹{pr8»6qezAqch»qehU{jh4{qÂqehUUprjh6~mqehU{
¹h6»ÂikqeÁUqchneÊÆO{qy~mjU»vr¹{prjhná6qe~mqK{q8{¹h~&p À
prjhFzOjK·_qe¿¹h»¯{q#qeneqcpqe#qeh6pr{prUpr{? pYh %Aqehncq4{q
»¹{¹¹{qed{¹{Wne¹hIOq'zjK3pr»qc»ikjW¹ZprqehÁU¹vrp{?¿Èàpr{
qej'¹{q8j_z¹ná¸qe{_qej_¹{q`ÊÆ| jdprh{¹hncqKnejh6pr»qe
z¹q¿pËik{¸qeUprh¶ÈEd[l ZÊ¹qe» ~&jU»vr¹{pjh#nÆqe~&qee|
g?h¿{6q8ne¹q8jiM[l ZÂ3{q8hU~¿Oqedji\pr{ WKU~¿Ajv3·'prvrv¹i À
ikqenc{'{q6p{_qej'¹{qK|:}_jhpr»qe'6ph6¹mM[l ZÇÈ :dYl ZxÊÎ
ÁU¹{qeh6¹ M[l Z È µ d[l ZÊÆ À dYl Z ¹h»RRÀd[l Z {¹{
{¹h~mpr{#K:o 4¹h» pr{¿zOqe¿U~¿Ojv_qezAqenc{prqevr|
t'q#qehqc zOqe¿pr{Â{j½{q#hjprqmzOjK·_qeIzAqcne{¹v»qehUÀ
pr{?,¹{prj¿qcÁ36pqe»3,{qcq4~&j3»6vr¹{prjh nÆqe~&qem{j
¹nÆprqeq4¹ pr{Âqej#¹{q4ji`Y \A]#¹q#qczOqene{prqevr `o
`od U|  ¹h»¯ » â ?| yj{qÂ¹vrjm{6¹{nej~&z¹qe»4{j
'd[l ZÂ µ M[l ZÂ À M[l Z¼¹h» ` À M[l Z ne¹h4{¹h~mpr{_»¹{¹
¹{WU '¹h» y{pr~mqe6pqeC¹{qeWprh{q_¹~mqW¹h»·'pr»{|
6j¹ne{¹v_zj3»6ne{Â¹qe» jh o| Kp~&prv¹'zjzAqc?À
{prqeC¹zz6v|Qy6~mprh'¹'nejh{¹hU{W{¹h»¹»{¹h6~mprprjh
zOjK·NqecA¹h U| y¹qe»#hjU»q~m¹KÂOq¹vrqy{j¿{¹h~mpr{
»¹{¹8¹{d_É#zC{j8¹hj{qeChjU»qd{6¹{Qpr Mik{C¹K·N¹K`6{
jh6vÂ¹{'U| É z_{jÂ¹hj{qe_hjU»q{6¹{_p`yik{d¹K·_¹K ^
j'É#6z'{jÂ¹hjU»q{6¹{_p_`Zik{N¹K·_¹KÂprh U| c
{qcná6hjvrj|ÂgEi:{q¿{¹h~mprprjh4zOjK·NqcZprprhneqe¹qe»¾j
{6qZqch3Uprjh~mqch3{_pr'jzOqeh#z¹neqKO{q¹hqjKi {¹h~&p À
prjhm¹{yÉ#z'nejvr»mOqph6neqe¹qe»|Ng?hmj{»6j3jN¹qe¹e
{6q »6p{¹hneqe&z¯{j½·'prná¯neqc{¹prhF»6¹{¹½¹{qe&ne¹h,Aq
¹nÆprqeqe»#·'prvvOOqZ»6p ÍqeqehU{e| 6j_qeºU¹~&zvrqK¹Â»¹{¹¿¹{qjKi
'É#6zNnc¹h¿Oq'¹nÆprqeqc»¿p i{6q'hjU»qe_¹q'qez¹¹{qe»mU
K~AU| mÉ#6zp i_{qÂqez6¹¹{prjh½pr8Oqe{?·_qeqeh¾¿¹h»
~3¹h»4IÉ z8pËiWp{_pr'Aqc{?·Nqeqch ¹h»4`~ _c|
8vr{qeh¹{prqcvAU4qe»ncph6 {qÂ{¹h~&prprjh zOjK·_qee
{6q¹hqnc¹h4Oqqc»neqe» ·'6pvrq¸qcqezprhm{q»¹{¹¿¹{q
¹{¹K &É#zc| qe»neprh#{qI¹hqI¹vrjmpr~&zvrpqc'{¹{
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Initial DTA Specification:

Initial DTA Specification:

O1: o(n4~n2, n2~n1)
O2: o(n3~n2, n2~n1)
A1: a(n4~n2, n5~n3)

O1: o(n4~n2, n2~n1)
O2: o(n3~n2, n2~n1)

QÊ½2»

m ± ²on³W°Õpn5±rq¶³C±³ ² Ò®rscÒ²

l

I

Ù

Û

Õ

Ô ²

¹h6»4{¹h~mprpjh4»qevr¹K#prhUikj~m¹{prjh&{j&¹h½zzOqevqcqev
z¹qehU{WhjU»qK|Wt'qeh{q_¹~&qWzjUneqedzjz¹¹{qeQ6z{q
j{prhÂ{qeqhU{pvOpr{Nqe¹nÆqc8{6qjUj{_hjU»qK|dt'6qZ¹AjKq
zj3ncqenc¹h½K¹#»qczAqeh6»prh#jh4¹ne{¹vWÁ36qe4¹h»½hqe{?À
·_j¸,{¹{pr{prnee| jIqcº3¹~mzvrqK_{q{¹h~&prprjh {pr~mq
jKi'{6q¿v¹{qe{hjU»q¿ne¹h Oq AºUqe» ¹h»¶{¹h~&pprjh6'ikj
{6q8qc~m¹prhprhhjU»qc'jvr»mOq8nÆqc»vrqe»#¹qc¹»mjiQ{q
vr¹{qe{'hjU»q|

e± BÖ

:´ QÓ8Ô ?Õ Ñ
g?hj»6qe¶{j¯zzOj{¶wytW ÁUqcnÆqe»6vprh¯{q jzUÀ
{pr~&pÃcqe¿jvr»qcv¯zOjhpr6v,¹KK¹prvr¹vrq¿¹h»¹ncneUÀ
¹{qyÁ36qe&{¹{pr{prneN¹h»mj{qcNqevrqeK¹hU{_hqe{?·_j¸¿~&qe{¹À
»¹{¹¾prhncv6»prh neqehU{4hqc{?·Nj¸¯{jzAjvj'zjUneqeprh
¹h6»I{¹h6~mprprjh»qevr¹KUenejvrvrprprjh»6j~m¹prh¹h»5neqehU{
»pr{pr{prjh½jKiNzqÆÀ?¹qe¹{qe» ¹h»½~m¹{qepr¹vrprÃeqe»4»¹{¹6|
lUnÆÂÁUqe{¹{pr{prneW¹h»hqe{?·_j¸~mqc{¹KÀ?»¹{¹_jvr»Aq
{jqe»¿prhI¹pr6v¹KK¹pvr¹vrq »6p{p6{qe»¿qezOjpr{j5·'p{
K¹Uph6½ikqehqeeÂzqencpprjh¹h»¹KK¹prv¹prvrp{?½qcÁ36pqÆÀ
~mqch3{e|Fwyqeprh¾¹h»¾pr~&zvrqe~mqehU{¹{pËjh4jiZnÆF¹½qczAj?À
pr{j¯{jqe{qe#·'pr{¹h¹zz6jz6pr¹{q4prh6¹vrprh¶U{qc~
pr¹ ncjhp»6qe¹vrq¿ná6¹vrvrqehq|g?h½{6pqene{prjh ·Nq¿qezAj{
j6IjhUÀbjprh4qeqc¹nÆjh¾»qcprhprh½¹ oÚRØ R×KÜeß RÚ4ÝÆ× E×KÛ
Ö ÆÙ&Ü KÜ kÚ Gt d× {6¹{pr~mzvrqe~¿qehU{'nÆ½¹ ~&qe{¹Àb»6¹{¹
qczAjpr{j|
Ä q'¹q'nejh6pr»qeph6{qeq¹prn'ne¹{¹vrjpr~mzvrqe~&qehU{¹À
{prjh¿¹vr{qeh¹{prqe :È`Ê'ÝÆÚ kØ×KÖrß RÚ 5ÜeÝ 6Ú ÂÚc3·'qcq8¹vrv{q
{¹{p{prne_~mqe{¹»¹{¹prd~m¹prh3{¹prhqe»prh¿¹neqch3{¹vAhjU»qy¹nÆÀ
neqeprvrq{jm¹Â¹q8{¹{prjh¶ÈEÊ ßrÜ EØeß u kÚ 5ÜÎÝ Ú ÂÚe
·'qeq#qe¹nÆ¯hjU»q#~m¹phU{¹prhpr{ÂjK·'h¾~mqc{¹»6¹{¹{¹{pr?À
{prnec¹h» È Ê vu`Øeß ¿ÜeÝ 6Ú ÂÚc\·'6qeqÂj~mq8qehjhjU»qe
~m¹prh3{¹prh{qeprNjK·'h¿{¹{pr{pnc'¹h»&j{N{¹{pr{prne_¹Oj6{
j{qeyhjU»qe'¹h6» UÀ?hqe{?·_j¸3c|
w vx C7y{z |L v} 7~½g?h ¹4neqch3{¹vprÃeqc»¾nÆqc~mqKW{q
jUj{hjU»q¿pr¹4¹q&{¹{prjh¯È 'lÊ5·'pr{ ¹4vr¹qÂj¹»UÀ
ne¹{¹qe¹#¹h6»¶h6vpr~&p{qe»4zOjK·NqcZzzvr4prhneq¿pr{pzqÆÀ
6~m¹6v¹ AºUqe»¯hjU»q#¹h»¾vrjUne¹{qe»¾prh,¹h¾jzzOj{hpr?À
{prnÂvrj3nc¹{prjh|It'q 'l½~m¹prhU{¹prh'{qÂ{¹{p{prnejh¶z6jKÀ
neqeprh¹h»{¹h6~mprprjh¯»qevr¹KUe{6q¶hqc{?·Nj¸{jzOjvËÀ
j'¹h»nejvvrprprjhF»6j~m¹prhe| t'6q4UhnÆjhprÃe¹{prjhjKi
{6qmz¹{prneprz¹{prh4h6j3»6qeInc¹h¾Oqmqc¹prvr½¹nÆprqeqc»dprhneq
qeqe½hjU»q¿vrpr{qch{j#{q¿¹~mq 'lO|Wt'q :lzOqe?ikj~&
ÁUqeFnÆqe»vrprh,prh¾wytW ¹h»¯j¹»ne¹{&{q4qÆÀ
6v{prh nÆqe»6vrq¶{j¾qeqe¯hjU»q4prh¯{6q¶hqc{?·Nj¸O| j
{6p&zzAjqK8j{?À?jKi¹h»¯prh6¹vrprh¶jmzOqeprjU»prn4Oqe¹KÀ
nejhNnc¹h¿Oq8qe~&zvrjKqe»| yj{qy{¹{dqchjNhjU»qcNhqcqe»m{j
jh6vyqencqeprq_{prprhUikj~m¹{prjhá6{Qhqeqc»Ihj{{¹h~mpr{prhUÀ
ikj~m¹{prjhÂ»prqcne{vrm{jI{q :l&¹N{pr'~m¹KqeÁUprqvr¹q
{¹h~mpr{_zAjK·_qe'¹h»#prhne'vr¹qqehqc&nejh6~&z{prjh|
 pMx v"x k|L v} 7~&g?h¶{prnÆqe~&qKQqe¹ná ·'prqevrqe
hjU»q¿~&¹prhU{¹prh'{¹{pr{pnc~mqe{¹KÀ?»¹{¹¿¹Oj{pr{qevËi|¿Ä q
nejhpr»qejhvr vrjUne¹vQqchjzjUneqcprh#{p~&qeIÈàt'zAÊÆ¹h»
{6q'{¹h~&prprjhZ{pr~mqd{jZ¹yz¹qehU{dhjU»qÈ t'{ºoÊÎ| ¯ÁUqe
ne¹h Oq6~mpr{{qe»¿¹{'¹ÂjUj{_hjU»qjKiW¹Ij{prh{qeq¹h»
{6qehpr{Inc¹hzjz¹¹{q#»jK·'h¾{q4{qeq4{j qeqc¯hjU»qK|
'iE{qeqcneqeprUph6m¹¿ÁUqeqe¹náná6pvr»4h6j3»6qprh4{q5vjK·_qe{
vrqeqcv z6jKUpr»qe8pr{8{¹{p{prnec\pE|âqK|rAz6jUneqeprh#¹h»{¹h?À
~mprprjh{pr~mqe'È »6qevr¹K3ÆÊW{j5{qeprdz6¹qch3{yÈ Cprq yÀQ{jzAÊÆ|
t'qehQ{qÂz¹qehU{hjU»qÂzAqe ikj~myÁ36qe½nÆqe»6vrph6¿ikj
qe¹ná nÆprvr» hjU»q¿prh#{q#w8tW¼prh¶j»qcI{j ~&prhpr~mp Ãcq
nejvvrprprjhW¹h»&{qy¹ne{pq'{pr~mq_iEjd{q8z¹qehUP{  _qcneqeprqec|
t'qÂz¹qehU{hjU»qÂqe{h6I{prZnÆqe»vrq¿{j pr{ZnÆprvr»qeh
È Cpr6q ZÀOj{{j~ ÊÆ|C'ik{qeNnÆqe»vrprhÂpr{_ná6pvr»qehU{q
z¹qehU{mh6j3»6q4qe{pr~m¹{qe¿¹h6»Fqeh»#pr{&jK·'h¯zjUneqeprh
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jh {qmOqe¹KUprj5jKi'{q#w8tW¼nÆqc»vrqeÂikj¹4~mqc»pr~
nej~mzvrqeºUpr{?ÁUqem{qeqprh3jvrUprh{qeh&qehj'hjU»qc'·'p{
jKqcvr¹zz6ph6 ncjvrvrpprjh4»j~m¹ph6e|mWjUneqcprh½¹h6» {¹h?À
~mprprjhnej{M·NqeqNqehqe¹{qe»¿¹h»j~&vr8ph6 x¹pr¹h
»pr{pr{prjhc|
t'q'¹prn8wytWFnÆqe»vrqe'qehqe¹{qe»mná6qe»vrqe'{¹q
U¾{¹q#{¹{ph6½ikj~ prhpr{pr¹v_nÆqe»6vrqem·'pr{¯{?·_j¶qcv À
qe~&qehU{¹ {¹h~mprpjh#È {¹q¾`ÊÎ|lU{¹q4U ½¹h»
qczqeqehU{mná6qe»vrqe¿·'pr{ o ¹h»¯#nÆqe»6vrqe»¯{¹h?À
~mprprjhc|QlU{¹q''prhnevr»qc ncj~mz6vqc{qdná6qe»vrqedncjKqeph6
¹vrvqevrqe~&qehU{¹¿{¹h~mprprjh_jKiW{qÁUqcm{qeq|
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Cprq RÈ ¹UÊynej~&z¹qeK¹vrqejKi'¹Kqc¹qI{pr~mqnej{
¹h6» ¹Kqe¹q&Aqchq A{Âikjqe¹ná,nÆqe»6vrph6¶{¹qK| Äpr{
{6qprhneqc¹q5jKid{q5h36~¿Aqe_jKid{¹h6~mprprjh_{6qAqchqÆÀ
A{WjK·'eK{Whj{W¹iE¹{W¹Q{6q'{pr~mqWnej{e| CprqZRÈ OÊ
Cprq }_j~mz6¹prjh4ji wytW ná6qe»vrprh4·'pr{½qcpr¹v zvrj{Q{qN¹Kqe¹q_qevr¹{prqdOqehq A{d¹W¹yzAqeneqehU{¹q'jiA{q
nÆqc»vrprh
jKqc¹vrv¹Kqe¹q'{p~&qNncj{_zOqeNnÆqe»vrprh{¹qK|dÄ q_jUÀ
qcq&{¹{ikjpr~mz6vqÂprhpr{pr¹vWnejhneqehU{¿ná6qe»vrqeÂ{q
Cprq ½jK·'m{q4¹Kqe¹q#ÁUqe¯qeºUqenc{prjh { pr~mq OzOqeqehne{q qcA» {'Oprdqe¹¹Kvr~mUprjjc{W| qeWÁUvrqe¹~mvOqc{h3j{{¹q8{{pr~m¹hq'~mnejpr{e|dpjt'h6dpM¹Kp_q'¹h¿nejqc~ ºÀÀ
ikj'»pËÍ\qeqehU{nÆqe»6vprh&{¹qce|Ä qZncj~mz6¹q{qwytW z¹¹6vq5{pr~mqynej{e| _ nÆqe»vrprh&{qe~ ncjhne6qch3{vr
nÆqc»vrprh4·'pr{½¹½ÜÎÚRØeß ×ÖdÜeÝ 6Ú Öß Ù4Ü EØ× kÚ?Ù I{6¹{zAqc?À
ikj~mMqevrqe~mqehU{¹Â{¹h~mprprjh_qeÁUqch3{pr¹vrvr| jdqe¹ná {wy6tWqepr Qqcpr»pr¹qevU#qeºUjqehne6¹K{prjqeh¹| yq4jKj·Nhqcq¶qe6c¹`vËiEiIjQjKiÂncj{~mq z6vqc{{p~&qWq#nÆneqej»6{4vrqejK i
nÆqc»vrprhI{¹q8·_q8qezOj{'{q¹Kqe¹q8qeºUqene6{prjh&{pr~mq È {¹q¿Ê'{qÂ¹Kqe¹q5qevr¹{prqOqehq O{Zpr¹yvrjK·¹ZU| o
jKi_¹vrvQpr{ynÆqe»6vrqee|Ä qjqcqÂ{6¹{¹{yqe¹nÆ4ná6qe»vËÀ ·'prnÆ¿~mqe¹hd{¹{_jhvrIv ÅjKiQ{q8{j{¹vqepr¹vncj{_¹
prh4{¹qK'{q#¹zzj¹nÆ¾{¹{Âqemwyt  nejhpr»qe¹vr Oqeqeh½pr»»qeh|_t'pr8pr'¹vrj¿¹h#qeºUzAqcne{qe»½Oqe¹KUprjeOprhneq
j6{zOqe?ikj~&Nqepr¹vCnÆqe»6vrph6|
Cprqm` qezOj{jh4{qÂ¹Kqc¹qOqehq A{5{¹{8qe¹ná ne{j¹~mhz~mvrqepr{q4prjnÆhÂqe»6È 6vrUqe4ÀbnÆ¹qeq4»nejvrqe~mÆÊzOj·'prqc{»4jKiIprh6jqchUZÀ?Kqevr¹qe~mpr¹qch6h3ne{q¹prh
nÆqc»vrprh{¹qeM¹prhikj~nejh6neqehU{d{¹h~mprprjhc| {6qeprI{p~&qIncj{c|¶t'Ucdp{5p5~mjqInÆ¹vrvqchprh&ikj{q
?g hU{pr{pqevr_{q#Oqehq O{ pr¿z¹{&jKiZ{q4{p~&qmnej{&{¹{ wytWnÆqe»6vrqe¿{j½pr»qm{pr~mqÂnej{¿jKi8h6jhUÀ?qevrqe~mqch3{¹
{ 6qwytW ná6qe»vrqeÂpr8¹6vqÂ{j Îpr»q mnÆqe»vrprh#j~mq 6UÀbnÆqe»vrqec|
{ ¹h~mprprjh'nejhneqehU{v|t'qIOqehq A{py»q Ah6qe»¶qÆÀ
neprqcv ikj qc¹nÆjKimwyt jzAqe¹{pjhe| t'q Aqchq A{  /. # G8
jKi8¹OÈ 5 ÊprqcÁ36¹v_{j½~mprhpr~I6~ÇjiZnej{Ânej{`È ZÊÂ¹h» Cprq mjK·'¿j7~mT q&54 jKiZR5jRhV ÂqeºU7zA6 qepr~mqehU{¿0"{154 ¹7{¿69qc8 K¹vËÀ
nej{`ÈxÊÎ| j8{qIqe{jiN{q¿wytWjzOqe¹{prjh{qOqehUÀ ¹{qe»¯{6qmzOqe?ikj~&¹hneq&jKi{q#g?{qc¹{prqmg?~&zjKqe~mqch3{
q A{5p5qeÁU¹vd{j4Ãeqej|#t'UeW¹hU4qepr¹v_nÆqc»vrq¿¹5¹ È ggÊ¿¹vjp{~ ikjmwytW nÆqe»6vprh6|g?{&qezOj{m¹Kqe?À
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{6qI·'prhhqcnÆqe»6vrq¿ná6jqch¶U4gg8¹vrjpr{~ ÈÞdß Ý Ü
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È× áÙ Ö Ù×ß UÜÊÆ|Nt'6qvrj3nc¹v~mprhpr~¿~¹prh#jUnene8·'qeh
gg¿¹vrjpr{~ pr~&zjKqeI¹ ¹h»6j~ ph6p{pr¹v'nÆqc»vrq¶Upr¹
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 vrj{È ne¹vvrqe»&{qy¹nÆ¸À?jKÍ4prh3{qeK¹vÀ _gÊd·'prvrvOAqyqevrqene{qe»
¹h»j~mvr¿prh4¹m·'prh»jK·¼È nc¹vrvrqe»¶{qnejhU{qehU{prjh¶·'prh»jK·
À}_ÄÊÆ|Ug?hmne¹q8{qeqZpr_¹nejvvrprprjh{6qZ}_Ä prd»jvrqe»|
t'prd»jvrprhjUnene'qe¹nÆm{pr~mq_{qeqpM¹nejvrvrprprjh#È qÆÀ
6v{prh4prh z¾{j4¹h prhncqe¹q#jKiIR #{p~&qeáÊÎ|4gEiZ{qeq
¹qqeqe¹vQqchj8hjU»qeyprhm{6q¹~mq'nejvvrprprjhm»j~m¹prh
{6¹{hqcqe»¾{j {¹h~&p{»¹{¹6Q{q&zjUneqcÂ·Njvr»¶qevr{
prh#j~&q8nejvrvprpjh_¹h»#nejhpr»qe¹vrq¹»»pr{prjh¹vO·N¹pr{prh
{pr~&qK|¶ p~&prv¹8neqeh¹prj ¹z6zAqeh6¿Aqe{?·_qeqeh¯hjU»qc 
¹h6» o|t'6q¿h36~¿AqejiNnejvrvrprprjh68·_jvr»½¹vrj#»qezOqeh»
zOjh½hqe{?·_j¸¶{jzOjvrj ¹h»½{q¿{?UzOq¿jKi'Á36qeprqemÈàjK·
vr¹q¿{6q¿{¹ mnm·'prvrvWAq&¹{pqeh½zAjphU{prh {q&qehj
hqe{?·_j¸ÊÆ|
Ä q8Oqevrprqeqwyt nÆqc»vrprh¿·Njvr»¿qe»6neqnejvrvprpjh
¹h6»¾pr~mzjKqÂ{q&qehqe,¹KUprhc| }_jvrvrprprjh6Zqe6v{Âprh
nej~mzvrqe{qevr·N¹{qe»qehqe| g?h¹»»6p{prjh»6prh¯{q
¹ná¸jKÍ¾vj{c qehjhjU»qe5·'pvrvWOq¿nejhU{prhUjvr4~&jhUÀ
pr{jprh {6q¶~&qe»pr~ qevr{prh¾prh·_¹{qe»qehqc nejhUÀ
6~mz{pjh|'Ä q¹Kq¹vrj¿prhjqe»4{6qI¹ná¸UhjK·'vrqe»6~mqch3{
zj3ncqe'¹{N{qZÉ#8} v¹Kqedprh¿{6p_zqevrp~&prh¹Z¹h¹vrUprc|
}_qehU{vr·_qd¹q_p~&zvrqe~mqch3{prhdpr~¿vr¹{prjhOprhIÌ t
É#jU»qevrqe  A{j{qe{_{q'»6qeqeq8ji\{p~&qd¹h6»Iqeh6qeI¹KÀ
prh'{¹{wyt ·_j6v»#zjKUp»6qjKqeyqevr¹ o| ÆÀ?vrpr¸q
{¹h~mprprjh
Nö

©

Cpq¿R _¹nÆ¸ÀbjÍ¶prh U| É#8}
jKiW¹¿qepr¹vQnÆqe»vrqmÈ ÜeÚ`Ø Ý Ü rÊ_¹'¹ÂqÎikqeqchneq¿zOjprhU{N¹h»
¹¿·_j{'ne¹qncqeh¹prj|
t'qÂzzOqepU{8¹z½¹vrjmqczAj{5jh½Aqeh6q A{¹h»
vrjUne¹vU~mprhpr~¿~¯¹prhWjKi{q_·'prhhqeMnÆqe»6vq|dÄprvrqN·_q
j6qeqÂ{qc¹»4prhncqe¹qÂjKid{qÂOqehq A{K¹v6qKA{qIvrjUne¹v
~mprhpr~Â~¼¹phAqe6¹KqeÁUpr{qzOj¹»prne¹vvr|Zt'6ppr8¹h
qeºUzOqene{qc» Aqe6¹K3prjeAprhneq5ikj'qe¹nÆ¶K¹v6qZjidgg'{jzz6ph6
nejh»pr{prjh ·_qmqe{¿{6q ¹~&qIvrjUne¹v_~mprhpr~¿~ nejh»pr{prjh|
t'UeCphqehqc¹vW·_qIj6v»qeºUzAqenc{I¹&¹h6»j~ K¹v6qjKi
× ÆÙ Ö Ù×ß UÜÆ|
g?hj»6qe4{j¯qeºUzvrjq½{q zOqe?iEj~&¹hncq¶jiI{q vrjUne¹v
~mpr~&p ~Â~Çz6¹qm·_q¿zvrj{{qmnej{cNOqehq A{¿¹h» vrjUne¹v
~mprhpr~Â~¹prhyikj»pËÍqeqch3{ÂK¹vrqcZji:{q¿vrjUne¹vW~mprhpËÀ
~¿~ nejh6»pr{prjhÂÈ vrjK·_qe{?·Nj&¹zjKi_{q Cprq `ÊÎ|
Ä qÂjqeq¿{¹{Z{qÂzAqe ikj~m¹hneqÂjKi'{qÂgg¹vrjpr{~
nejhpr{qehU{vr#pr~mzjKqe_¹y·Nqprhneqe¹qI{qK¹vrqc'jKid{q
{6qZvrjUne¹vQ~mprhpr~Â~nejh»pr{prjh6e|
g?h~&~m¹'j#qeºUzAqepr~mqehU{jK·_qe»{¹{4gg&¹vËÀ
jpr{6~ nc¹vrqeÂ·NqevrvWiEjvr¹q¿ÁUqe½{qeqe¿¹h»¶»6qe~mjhUÀ
{¹{qe_qe¹jh¹vrq'zOqe?iEj~&¹hncqN·'pr{ÂzjzOqedz¹¹~&qe{qc
qc{{prhe|
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Ä q hj{qÂ{¹{ o| ÆÀ?vrpr¸q8{¹h~&pprjh6'~m¹KmOq5ik¹{qe
{6¹h¯pr~mz6vq&qepr¹vnÆqe»6vrqe#nejhpr»qeqc»¹AjKq 6h»qe
vrprU{vr¯vrj¹»6qe»nejh6»pr{prjhc{4·_j6v»{prvv5Aq,vrjK·Nqc
{6¹hwyt 5| 6j¿qcº3¹~mzvrqKdprh Qprq4U_vrqe{¿¿¹~&q
{6¹{Â{q4É#8}¼vr¹Kqeprh»qezOqeh»6qehU{vr¾jzAqe¹{qe¿¹h»,{q
ÁUqe jz{p~&prÃeqeneqe¹{qe¿hj½nÆqe»6vrqK| 6j{prI{jzOjvËÀ
j{qeqInejvr»#Aqncjhne6qch3{5{¹h~&prprjh

j  8¹h»  j
U| 8jK·_qeqce{qeqypr
hj¿¹¹hU{qeq5·'prná#ji {6qeqÂ·'prvvjUnenc A{c| }_jhpr»qc
{6q¿nejhU{qch3{prjh Oqe{?·Nqcqeh
&¹h6»  o| lUzUÀ
zOjq'{q'~mqc»pr~prWpr»vrqN¹h»ÂAj{ Z¹h» 'qchqyp{W¹
pr»vrq¹{'{6q¹~mq8{pr~mq86zAjh qeneqeprUprhm{qÁUqe|'t'qe
·'prvrv3Oj{¿·N¹pr{QiEjd¹{pr~mqdne¹vrvqc»¿»pr{pr{qc»¿phU{qe?ÀEik¹~mq
z6¹neq¿Èkwyg WlÊM¹h»&{¹h~mpr{W{qz¹ná¸qe{_pr~¿vr{¹hqej6vr
qcvr{prh½prh¾¹4ncjvrvrpprjh|½gEi8{qe,qeh6q#{q#nÆ¹hhqev'¹{
vrprU{vÂ»pËÍqeqehU{y{pr~mqec3jhqjKiW{qhjU»qey·'prvvO{¹h~mpr{
A{'qcvr{prh5ph&{qyqencjh»#hjU»qy¹nÆ¸UprhjKÍ4¹NjK·'h
prh Cprq¿`U|
lUz6zAjq¿hjU»q m·_¹¹6vqÂ{j&{¹h~mpr{ A{c| 8jU»q
½·'prvrv'¹nÆ¸ÀbjÍ¹h6»F·_¹pr{¿{pvrv'hjU»q nej~&zvrqe{qe¿pr{
{¹h~mprprjh|½'ik{qeIh6j3»6q ½nej~&zvrqe{qe5p{I{¹h~&p À
prjh ·'prvrvU·N¹p{Cikjd¹hÂ¹»6»pr{prjh¹vU{pr~mq_qeÁU¹v6{jIwyg Wl
¹h6»4¹hUU·'qeqAqc{?·Nqeqch¹h» vrj{8qe¹nÆ4jKid»¹{pjh
 _AqÆiEjq5p{_¹{{qe~&z{_{¹h~mprprjh|Qt'6qZhU~¿Oqe_jKi
Zµ



Cprq  t'pr~mq }_j{Å·'p{ »pËÍqeqch3{ÅnÆqe»6vrph6
nÆqc~mqe
Cprq  mqezqeqehU{m{6q¿qeºUzAqenc{qe»,qevr¹{prjhprz¶OqÆÀ
{?·_qeqeh U| ÆÀÉ#8}y qepr¹vZ¹h»wyt  Àb6¹qc»F{¹h~&p À
prjhe| 8#»prne6qc» ¹OjKq U| ÎÀbvrpr¸q&{¹h~mprpjh
~m¹KOq¯ik¹{qe {¹h¼p~&zvrq¾qepr¹v¿nÆqe»vrqe¯nejhpr»UÀ
qeqe»#¹OjKq86h»qe'vrprU{vrÂvrj¹»6qe»mnejh»pr{prjheU{'·_jvr»
{prvvyAq½vrjK·_qem{¹hw8tW5| 6j¿pr6qemhqc{?·Nj¸vrj¹»
¹h6» ~mjqnej~mzvrqeº4qehjÂÁ36qeprqeÂ{q¿zOqe ikj~m¹h6neq¿jKi
U| ÎÀ É 8}nejhpr»qe¹vr,»qe¹»qc¿nej~&z¹ph6 {j¶qÆÀ
pr¹v3¹h»¿w8tW,nÆqe»6vprh6|wytW¾·'prvrvU¹vr·_¹K3Cj{zAqc?ikj~
qcpr¹v_nÆqe»6vrph6| Ìyz6qevrpr~mprh¹#pr~¿vr¹{prjh#qevr{
6zzAj{{6py¹~&z{prjh| }_6qch3{vr ·_q¹qh6»qe{¹¸À
prh¿¹mncj~mz6qeqchprq5{6»#jKid»pËÍ\qcqehU{ÁUqe#ná6qe»vËÀ
prhÂjz{pjhe|
 ¯Õ°U´Ô8°U°ÕÒ Ñ Ò Ñ I   ?Õ´³W®'Õ Õ?±
g?h¿{6p_z¹zAqec·Nq'6q8{q8g U| N{¹h»¹»m¹d{q
¹pr'ikj'{q5~mqe»pr~¼¹neneqenejhU{jvC~mqenÆ¹hpr~¹8·_q
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Ä q_·Njvr»vrp¸qd{j{¹h¸5jW{»qehU{NÉ#j6¹~mqc»IlU¹¹Ki
wypr3¹qeqevlU¹~m¹¹h» }_prUÀ?¸U¹h6£¢prh¿¹_·_qevrvA¹d{q
¹h6jhUU~mj6ZqeUprqe·NqcÂikj{qcpÂ{6j3{ ikv_nej~&~mqehU{e|
lUzOqenepr¹v{¹h¸U&{j 8vrqeºU¹h»j` ¢¹ph6p»6p¿·'6jqnejhUÀ
{nc{prq ¹h»prhpr3{ ikvyqe{prjh#php Ane¹h3{vr¾pr~¿À
zjKqe»#{6qIwyt  ik¹~mqc·Nj¸O|
s ² Ñ ´ C°
r Z'{6qej }_j~m~¿hprne¹{prjh6e¥| ¤ ß EÚ o× oÚRØ ¦¨§[©MD7ª@v@
¤mßàØÚcÖÚcÜáÜ «9¬c t'ÚRØ ® Ø I× ÝÆCÚ ª È ¹KK¹prv¹vrq ¹{
U{{z ¯WvWK¹{qcjc|ânej~ WÊÆU8z6prvQ U|
â xC| _jhhqc{e# °| qc¸q ¹h»FC|Nloqe¹»pE|_t jK·_¹»
lUqeh6j¿wy¹{¹¹q¿lUU{qc~me"| t'Ø `MÝ ª ®± ± I®ª

²°| _qe¹KqeeÉ½|35|AlU¹¹Ki35+| ¢¹6prhpr»preU¹h»#CX| ZÂ|
}_3¹hU{6pcQ| ¢jUne¹{pjhUÀ?8·_¹q j{prh,ikj¶wy¹{¹
8qe¹{prjh¯iEj loqehj 8qe{?·_j¸3c²| t'Ø `MÝ ª ®´³'Ú
>AÚ UÜ Ø Ú kÞ Ø µ`Ü ¤ Ø µÜ O\
y| }_qeh ZÂ| °¹~mprqejh | _¹vr¹¸Uprh¹h ¹h»
|AÉ jpre|AlO Ayh Wh6qeÀ mneprqehU{}_j3j»prh¹À
{prjh¶yvjp{~ ikj8tWjzOjvrj4É#¹prhU{qeh6¹hneqÂprh¶y»
8jUnÄprqcvqc 8qc{?·Nj¸Ue|WjUnK|ji 8}'É É jp }_j~
}_jhoi|rA6
â ²°|¿}_jhpr»prhqK M¶| ¢pE Â| Zjvrvrprj½¹h·
» °| Nqec|
8z6zjKºUpr~m¹{qyqe¹{prjh½tWqenÆhprÁUqeiEjlUqehj
wy¹{¹¹qecA| t'Ø `MÝ ª ® ¸p¹L¹L¹º¸ c¹ I®ªA
â Z|¾}_qe{prh3{qe~mqcvk5| Qvrprh»qce» I|¾lUh|CjK·_qe?À
mneprqehU{wy¹{¹%wyprqe~mprh¹{prjh¼prh ÄprqevrqelUqehUÀ
j yqe{?·Nj¸Ue"| t'Ø `MÝ ª ® ¬ "± ± u`ß c¹¼¤ hØ µKÜ A

xC-| ZÂ|}_6U¹h3{pr8¹h½» <5A| ¾O¹»jjÃehU| j¿
~ ¢jKÀ
 q¶Ò Ñ ´ Ôy°ÕÒ Ñ °
ne¹{prjh¯w8¹{¹¹qeI{j CqeK¹pq }_¹{¹vrj=| t'Ø `MÝ ª h®
± Q>À¤ Ø µÜ OQ
Ä qdprhU{j3»6neqe»Â¹'hjKqcv3¹vrqe¹prnCik¹~mqe·_j¸'ikjQzAqencp iEÀ
prh¿¹h6»4¹h¹vr3Ãcph6I»¹{¹&{¹h~&prprjh'¹vrjh6I·'pr{nejhUÀ
Z|wyqe~mqee7 °6| qe6¸q | '¹ Æ¹¹~m¹h 5|AtWprjhp
{¹phU{ pr~&zAjqe»U¹¯ÁUqeprh·'prqevrqe4qehj½hqe{?À
¹h6U» I9| N¹j6| WhqeÀ mneprqehU{wy¹{¹4É#¹h6¹qc~mqehU{
·_j¸Uc| Ìyik¹~mqe·_j¸ qeh6¹vrqe %AqeºUprvrqFncj?À?vr¹Kqe
k
i
j lUqeh6j 8qe{?·_j¸U W¾Ä j¸Àbg?hUÀWjqe 'qezOj{e|
ÁUqeIjz{pr~mprÃe¹{prjh{qenÆhprÁUqe_{¹{d{prvrprÃeq_phoikj~m¹{prjh
t'Ø `MÝ ª h®!D Á¸Â¹L¹L¹¼Ã AÜ E× EÚ ÚRÄ
Þ H Ø µk¤ Ø µÜ
¹Oj6{N{qÉ#8}¯vr¹Kqec| t'6qZÁUqc¿jz6{pr~mprÃe¹{prjhÂqevr{
Å>AÚ UÜ cØ 5Ú EÞ Ø µKÜÆA o|
prh¾qe»ne{prjh¾prh,qehqe¾ncjh~mz{prjhW·'prnÆ¾prhneqe¹qe
Cprqe{p»6q8g?hnK| > ÚÆÝ`ß MÝá× kß UÜ ® #Ú Æ Çt ß g@M©©v©M>
{6qmvrpËikqe{pr~&q¹h» qÎÍ\qenc{prqeh6qe¿ji8{q&hqe{?·_j¸OW{j4z6jKÀ
¤mßàØÚcÖÚcÜáÜ ±½ÚeÜ ÉÈ kÚRØ B × k×Ü 6ÚÆÚ pªÈ ¹KK¹prv¹vrq¿¹{
»ncqm{6qmqeºUzOqene{qc» µ ¹vrp{?½jKi8wy¹{¹4prh¶¹4{pr~mqevr4~&¹hUÀ
U{{z ¯WvWK·'·'·| Aqe{pr»q| ncj`~ Wpr~¿¹qc WKyqe Cprvrqeg?~&¹qeW
hqec|ZÄ q5¹vrj¿prhU{j3»6neqe»½{qÂhqencqe¹½prhUik¹{nc{qK
»jUne~&qehU{ W Z `l wl ¹AR 6| zO»UieÊ
¹¿zOqeK¹prqnc¹{¹vrj¿{6¹{'zjK3pr»qc8j6_ik¹~mqe·_j¸¿·'p{
pr6v¿¹KK¹prv¹vrq'¹h»#¹nene¹{q5Á36qe#{¹{p{prney¹h»#qcv À r` xlO| jUqev¹h»mt|g?~&prqevrph6¸UpE|qe»prne{prjhUÀ?¹qe»4~&jhUÀ
qeK¹h3{'h6qe{?·Nj¸&~mqe{¹KÀ?»¹{¹|
pr{jprh½ph,qeh6j&hqe{?·_j¸3 tW¹¸3prhvqcjh¿iEj~
}_qehU{vr#·_qI¹qh6»qe{¹¸Uprh#¹¿nej~&zqcqehpqIqcºÀ
É4 Â|
EÚRØ ª-È'Ú Rß Ú`Þ ÈEÊÎA6K|
zOqepr~mqch3{¹vO¹h»&{qcjqc{prne¹v{»6¿jKi jMik¹~mqe·_j¸A|Cg?{
prhnevr»qcN{qp~&zvrqe~mqch3{¹{pjKh5¹h»&{qe{prhÂjKi jWik¹~&qÆÀ r ZÄ| | 8qeprhÃcqevr~m¹h 5|}_¹h»6¹¸K¹¹hK¹h» 5| N¹v À
·_j¸½prh¶pr~¿vr¹{qc»4¹h» qe¹vËÀ?·Njvr»½qe{{prhcd¹·_qevrvd¹
¹¸Uph¹h| WhqcÀ?q mneprqehU{dnej~m~¿h6pnc¹{pËjhyzj{jKÀ
qeºUzvrjprh#p{nej~&zvrqe{qeh6qeÂ¹h»½nej~mzvrqeºUpr{?#ná6¹¹ne{qc?À
nejvÂikj4·'prqevrqe ~&pncjqehj½hqe{?·_j¸Uc£| t'Ø RCÝ ª h®
pr{pnce|
Æ ¸ >7> I®ªË
¹q¿nejh6pr»qeph6¶vr¹qÂne¹vrqmqchjIhqc{?·Nj¸UI{¹{5~m¹K
hqeqc»¿{j{¹h~mpr{Qvr¹qd¹~mjhU{QjiA»¹{¹jKqeCik¹prvrvjh
»pr{¹hncqee| 6j'vrjK·Nqc'»¹{¹¿¹{qeIÈàjh#{6qj»qe8jid¹Âikqe·
¸UzÆÊ'¹h6» ~m¹vvrqe_¹hqceA¹¿~&jq86p{¹vrq~mqcná6¹hpr~
prd{6qZh6qe·'vrIzjzOjqe»#g o| RU| 8{¹h»¹» â Oikj
vrjK·_Àb¹{qd·'prqevrqe zOqejh6¹vU¹qe¹8hqc{?·Nj¸Ue|dÄ qWhj{q_{¹{
{6p~&qenÆ¹hpr~Ç¹vjmqe~&zvrjKUZ}'lÉ# W}_uikj~mqc»pr~
¹ncneqe¹v{j6m{q»qe{¹prvr'¹q»pËÍqeqch3{c|
g?h½qeºUzvr¹prhprhm{qmwytW%¹h»½ph {q¿pr~¿vr¹{prjhcA·_q
qI¹&neprnevr¹8nejKqe¹q¹qe¹ ikjyqe¹nÆ½hjU»qK|8g?h½qe¹vrp{?
{6qZ¹»prj¿zjz¹¹{prjh¿nejh»pr{prjh'»qe{qe~&ph6qZ{q¹zAq
jKiW{q5nejKqe¹q¹qe¹¿¹h»#{pr'·'pvrvOAq5pqevr¹c|NÄ q8»6j
hj{qd{¹{Cneprnevr¹QnejKqe¹q_¹qc¹Q¹q_nej~&~mjhv _qc»I¹
¹z6zjKºUpr~m¹{prjhO¹h6»¹vrj ikjC~m¹{qe~&¹{pnc¹vR{¹ne{¹prvrp{?|
t'qeÂ»jzjK3pr»q'6d·'pr{Âph6prU{W¹d{j6jK·¾¹zjzAjqe»
~mqcná6¹hpr~ ~m¹K zOqe ikj~4| É#jqejKqce8{q wytW »jUqe
hj{N»qczAqeh6»4jh&{q6¹zOqZji {qnejvrvrprprjh¿»j~m¹ph6e6{
¹{qc¿jh {6q ¸UhjK·'vrqe»6qmji8·'¹{Â{¹h~mprprjhiEj~
·'¹{hjU»qeÂ¹qmvrpr¸qevr4{j4nejvrvrpr»qK| j{6pcdpr{pr ¿À
neprqehU{'pËiQ{qyprh3{qe?iEqeqeh6neqInÆ¹¹ne{qepr{prne'ji qehj'hjU»qe
¹q¿¸UhjK·'h¶¹#zprjpE|Âg?h¶¹ AºUqe» {jzOjvrj ·'pr{¶¹#~&¹vrv
hU~¿OqeIjiZhjU»qce'pr{¿pÂqe¹¾{j »qe{qe~&ph6qm6ná ná6¹?À
¹nc{qep{prne&¹h»¯j6{¹prh,¸3h6jK·'vqc»q&jKi{q#nejvrvprpjh »jKÀ
~m¹prhe|Âg?h¶¹#»qeh6qmh6qe{?·Nj¸OQ{prnej6v»½Oq¿¹ z6j6vqc~4|
Äprvrqd·_qN»6jZh6j{Q¹»»qe_{prCzjvrqe~4K{6qeq'¹KqNOqeqeh
qcqe¹nÆ¹{{qe~&z{5{j½zjKUpr»qmvrjUne¹{prjh prhUikj~&¹{prjh4jKi
qchj'hjU»qee| jdj{prhÂzzAjqecAhjU»qc'hqeqe»#{jÂ»qÆÀ
{qc~mprhq¿·'6¹{{qeprhqepr3OjI¹q¿¹h» {q&hU~¿AqcjKi
jzIqeÁUprqe»,{j4qe¹nÆ,¹4qeh6j¿h6j3»6qmne¹h zjKUpr»qm6
·'pr{#qeÁUprK¹vrqehU{_prhUikj~m¹{prjh|
Cprh¹vrvr'pr{mpr&·Nj{zOjprhU{prh j6{ {¹{#j¿ik¹~&qÆÀ
·_j¸½prhj{Ivrpr~mpr{qc»4{j4{qeqÎÀbvrpr¸q&»¹{¹4z¹{{qehe_{Âpr
¹vrjmne¹z¹vrq¿jiNne¹z6{ph6 6j¹»qe»6¹{¹#»prqe~&ph6¹{prjh
z¹¹»6p~mdnÆ4¹ÞM× RÚÜeÝ 6Ú Öß Ù ?|
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Abstract

time, e.g., while moving across the area covered by the respective network. Of course, this does not only hold for
the data delivering sensors, but also for the network nodes
that query the data streams within the ad-hoc network. In
the past, various approaches for finding information, i.e.,
documents, files, etc., in P2P networks have been studied, which has led to a number of topologies for P2P networks, one example being super-peer networks [28]. Dealing with data streams, finding peers which deliver the required information is not the only task. Additionally, a
continuous data flow from data sources to consumers in
the network has to be established. An interesting challenge
arising in this highly dynamic environment is to develop
a distributed, self-organizing system for efficient routing
and in-network query processing. We pursue this goal with
our StreamGlobe system which is based on its predecessor ObjectGlobe [3]. StreamGlobe extends ObjectGlobe—
which is mainly focused on distributed query processing
for persistent data on the internet—by introducing query
processing capabilities on data streams in the network.
In our context, data streams are represented in XML and
queried (i.e., subscribed) using XQuery. While StreamGlobe is not restricted to sensor networks, we use them as
a motivating example in the following.

Recent research and development efforts show the
increasing importance of processing data streams,
not only in the context of sensor networks, but also
in information retrieval networks. With the advent of various mobile devices being able to participate in ubiquitous (wireless) networks, a major
challenge is to develop data stream management
systems (DSMS) for information retrieval in such
networks. In this paper, we present the architecture of our StreamGlobe system, which is focused
on meeting the challenges of efficiently querying
data streams in an ad-hoc network environment.
StreamGlobe is based on a federation of heterogeneous peers ranging from small, possibly mobile devices to stationary servers. On this foundation, self-organizing network optimization and
expressive in-network query processing capabilities enable powerful information processing and
retrieval. Data streams in StreamGlobe are represented in XML and queried using XQuery. We
report on our ongoing implementation effort and
briefly show our research agenda.

Consider Figure 1 as an abstract example of a possible
application scenario for StreamGlobe. The depicted network contains four so-called super-peers (SP0 to SP3 ),
forming a stationary super-peer backbone network, and five
possibly mobile thin-peers, or peers for short, (P0 to P4 )
connected to the backbone. Peers P0 , P2 and P3 are a cell
phone, a laptop, and a PDA, respectively. These peers are
meant to register queries in the network and are therefore
at the receiving end of data streams. In contrast to that,
peers P1 and P4 are sensors delivering their sensor data to
the network in the form of XML data streams. Two examples for applications of similar real-life networks would
be satellite communication and weather observation. In
the former case, orbiting satellites would be the moving
sensors—or rather collections of sensors—streaming their
data to various receiving stations on the ground for evalu-

1 Introduction
In recent years, Peer-to-Peer (P2P) networks have gained
huge attention both in the media and the computer science community. This is, on the one hand, due to the
stunning success of filesharing systems like, e.g., Napster
and Gnutella. But on the other hand, it is also caused by
the degree of flexibility these networks provide. For example, they can be used for setting up ad-hoc sensor networks where sensors can join and leave the network at any
Copyright 2004, held by the author(s)
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ation. In the latter case, the sensors would be attached to
weather balloons or observation planes, delivering data like
temperature, humidity, etc. to enable weather forecasts for
different regions.
To illustrate some of the difficulties of query processing in such networks and to motivate our approach, we
now introduce a rather simplified real-world example in a
little more detail. Let us assume that P4 in Figure 1 delivers a data stream produced by special sensor suits worn
by firefighters in action. The sensors continuously deliver
sensor readings containing the corresponding firefighter’s
identity (id), a timestamp (time), and the GPS coordinates
of the sensor (x, y), as well as information about the firefighter’s vital statistics and the environmental conditions.
We have exemplarily chosen to monitor body temperature
(bt), pulse rate (pr), and oxygen saturation (os), as well
as environmental temperature (et), carbon dioxide concentration (CO2), and sulfur dioxide concentration (SO2). For
brevity, we use the following simplified DTD to describe
the data stream, although StreamGlobe actually employs
XML Schema.

Figure 1: Example Scenario
needed (i.e. not subscribed) anywhere else in the network,
leading to a smaller data stream and reducing network traffic. The resulting stream, containing the combined information for satisfying the queries of P0 and P2 , is routed to
SP2 . Note that up to now, data needed by both P0 and P2
has been routed as one single stream through the network.
At SP2 , however, the stream has to be split into the—in
our case—non-disjoint parts for the two receiving peers.
This involves replicating the stream and again filtering the
two new streams, resulting in two streams which constitute
the final results for the two queries. These are eventually
routed to P0 and P2 via SP0 and SP1 , respectively.
Decisions such as where to execute which operators in
the network and how to route the data streams are made
by the StreamGlobe query optimizer. Additional difficulties arise by the fact that the network can change over time
by adding or deleting queries and data streams which requires a strategy for continuous or periodic reoptimization.
The distinguishing features of StreamGlobe compared to
related systems are thereby its self-organizing network, in
terms of continuous reactions to dynamic changes in registered data streams and queries, and its routing and optimization approaches for query and network traffic optimization in P2P networks.
The remainder of the paper is organized as follows. Section 2 presents some related work. In Section 3 we give
an overview of the StreamGlobe system architecture. Section 4 deals with optimization and query processing in
StreamGlobe. In Section 5 we present a brief report on
the current implementation status of our StreamGlobe prototype. Finally, Section 6 concludes the paper and gives an
outlook on future work.

<!ELEMENT reading (id, time, x, y,
bt, pr, os,
et, CO2, SO2)>
<!ELEMENT id (#PCDATA)>
...

The remaining elements have analogous DTD entries. Let
us now further assume that P0 and P2 are devices used by
an emergency physician and the fire department, respectively. The former should receive a notification on a cell
phone whenever a firefighter’s oxygen saturation reaches a
critical level. Therefore, the peer represented by the physician’s cell phone registers the following XQuery.
for $m in stream("firefighters")/reading
where $m/os < 92 or $m/os > 98
return
<alert>
{$m/id} {$m/time} {$m/x} {$m/y}
{$m/os}
</alert>

The fire department wants to monitor the environmental
conditions, e.g., to be able to issue a warning if the conditions get critical for the firefighters on site or the residents
living nearby. Thus, it registers the following XQuery.
for $m in stream("firefighters")/reading
return
<gas>
{$m/id} {$m/time} {$m/x} {$m/y}
{$m/CO2} {$m/SO2}
</gas>

2 Related Work
In the following, we present an overview of some work related to our StreamGlobe system. In particular, we deal
with work in the fields of data stream systems, query processing, network architecture, and grid computing.

StreamGlobe will handle this scenario as follows. Suppose
we want to reduce network traffic. The data of P4 will be
sent to SP3 where it will be filtered, leaving only the elements id, time, x, y, os, CO2 and SO2 in the stream. The
elements bt, pr and et can be removed as they are not

2.1 Data Stream Systems
With StreamGlobe being a system that handles and processes data streams, it is worthwhile to take a look at other
recent approaches to building data stream systems.
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One important project is TelegraphCQ [7]. This is a system that deals with continuously adaptive query processing
in a data stream environment. Cougar [30] tasks sensor
networks through declarative queries. Aurora [6] is a new
DBMS for monitoring applications and constitutes a centralized stream processor for dealing with streaming data.
In [10] two complementary large-scale distributed stream
processing systems, Aurora* and Medusa, are described.
Aurora* is a distributed version of Aurora with nodes belonging to a common administrative domain. Medusa
supports the federated operation of several Aurora nodes
across administrative boundaries. STREAM [2] incorporates its own declarative query language for continuous
queries over data streams and relations. It handles streams
by converting them into relations using special windowing
operators and converting the query result back into a data
stream if necessary. PIPES [20] is a recent public domain
infrastructure for processing and exploring data streams.
All of these systems—more or less—focus on special
aspects of (adaptive) query processing, load balancing, or
quality-of-service management. The major contribution of
StreamGlobe is that it does not only efficiently locate and
query data streams, but also employs in-network query processing for adaptively optimizing data flow within the network. Thus, StreamGlobe pushes query processing from
subscribing clients towards data sources in the network.
The optimization is based on data stream clustering derived
from clustering the queries in the system. NiagaraCQ [8]
intends to achieve a high level of scalability in continuous
query processing by grouping continuous queries according to similar structures. In StreamGlobe, we employ a
similar multi-query optimization approach to reduce network traffic and to enable efficient query evaluation.

or documents, our system is able to perform expressive innetwork transformations of data streams. Therefore, it can
dynamically create appropriate data streams that best fit the
queries to be answered while at the same time reducing network traffic.
To achieve this goal, StreamGlobe uses clustering techniques to identify reusable existing data streams in the network that fit newly registered queries. This approach has
similarly been applied in the world of persistent data where
view materialization and view selection are used to improve the efficiency of query processing [21]. In [29], further algorithms for solving the view materialization problem are devised. Materialized view selection and maintenance have also been examined using techniques of multiquery optimization [23].
As already mentioned, StreamGlobe uses XQuery to
query XML data streams. In [11] an XQuery engine called
XQRL for processing XQueries on streaming XML data
is introduced. In StreamGlobe, we use FluX [19], another XQuery engine for efficiently processing XML data
streams. The query containment problem in the context of
XML queries, which is relevant for multi-query optimization, has been addressed in [27].
2.3 Network Architecture
Considering network architecture, a lot of work has been
done with respect to P2P, Publish&Subscribe, and ad-hoc
networks.
P-Grid [1] is a self-organizing, structured P2P system.
The notion of self-organization with respect to stream processing and stream routing is also central to StreamGlobe.
In [28] the concept of super-peer networks is introduced.
These networks are meant to improve the scalability of
P2P networks by using a super-peer backbone network.
The super-peers usually are powerful servers. Less powerful, possibly mobile thin-peers can register and deregister
themselves in the network via the super-peers.
HyperCuP [25] is an approach that uses hypercubes as
a network topology in P2P networks. It thereby achieves a
logarithmic upper bound for the number of hops needed to
get from one super-peer in the network to any other superpeer. This topology is used in [5] to deal with distributed
queries and query optimization in P2P systems.

2.2 Query Processing
With respect to query processing, works in the fields of
multi-query optimization, as pointed out above, and continuous queries are related to StreamGlobe. Multi-query
optimization (MQO) has been addressed in [26]. It pursues the goal of processing multiple queries all at once instead of one query at a time. The main optimization potential lies in the fact that queries may share a considerable
amount of common—or at least similar—input data that
can be reused for more than one query. Obviously, StreamGlobe in general has to deal with a set of queries simultaneously, thus rendering multi-query optimization an applicable and suitable optimization approach. Also, queries
in StreamGlobe are usually continuous queries over data
streams. Efficient processing of such queries has been examined in [22]. Query processing in sensor networks has
been explicitly addressed in [31].
Multicast in IP, ad-hoc and sensor networks, described
for example in [15], routes data towards receiving ends in
a way that reduces network traffic by transmitting the same
message or document only once for all recipients instead of
multiple transmissions, one for each recipient. It is important to point out that our work differs from these approaches
in a major way. Instead of only reusing existing messages

2.4 Grid Computing
StreamGlobe builds on and extends the Open Grid Services
Architecture (OGSA) and its reference implementation, the
Globus Toolkit [14] by adding data stream processing capabilities to the grid computing domain. A related approach,
also building on Globus, is described in [9]. However, this
alternative approach concentrates mainly on data stream
analysis and quality-of-service aspects in data stream delivery whereas we primarily focus on self-organization, distributed in-network query processing and optimization.
Another system building on the Open Grid Services Architecture is OGSA-DAI (Open Grid Services Architecture
Data Access and Integration) [24]. As the name suggests,
this project is concerned with constructing a middleware to
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Data Sources

Data Stream Processing

StreamGlobe constitutes a federation of servers (i.e., peers)
which carry out query processing tasks according to their
capabilities. The basic architecture of a peer is depicted
in Figure 2. The various layers of this architecture will be
sketched in the following. Dashed lines mark layers whose
presence depends on the capabilities of the respective peer.

XSAG

FluX

P2P Overlay Network

Metadata
Management

Optimization

3 StreamGlobe Architecture Overview

StreamGlobe

XQuery
Subscriptions

enable the access and integration of data from distributed
data sources via the grid. It also contains a distributed
query processor called OGSA-DQP. In contrast to StreamGlobe, OGSA-DAI has no special focus on data streams.

OGSA (Globus Toolkit)

3.1 Open Grid Services Architecture

Figure 2: Architecture Overview

The StreamGlobe architecture is based on grid standards.
Grid computing [13] and the associated Open Grid Services Architecture (OGSA) [12] have gained considerable
attention recently. Grid computing denotes a distributed
computing infrastructure where computers can exchange
data and perform large-scale resource sharing over the grid.
To achieve this, an architecture for integrating heterogeneous dynamic services while guaranteeing certain qualityof-service requirements is needed. For this purpose, the
Open Grid Services Architecture has been developed.
Despite the growing importance of the grid standards,
data stream processing in the grid computing context has
hardly been investigated so far. We have decided to implement our StreamGlobe prototype as an extension of the
Globus Toolkit for grid computing [14]. Globus is a reference implementation of the Open Grid Services Architecture. Our goal is to use existing Globus techniques for our
purposes where possible and to integrate the StreamGlobe
system and its functionality into the toolkit as an extension
of Globus for data stream processing.
The main aspects of Globus that will be used in StreamGlobe are communication mechanisms and service data elements. Service data elements can be associated with any
service in the grid. They are essentially XML documents
satisfying a given XML Schema and describing properties
of the service they are associated with. In our context, service data elements will be used for describing data streams
and properties like bandwith of network connections, processing capabilities of peers, etc.

neighbors. A peer only interacts with its neighbors, i.e., no
direct communication takes place between two peers not
being neighbors. If data has to be transferred between two
random peers, a route between these two peers has to be
established such that two successive peers on this route are
neighbors and the starting point and the end point of the
route are the source peer and the destination peer, respectively. For the implementation of this overlay network, previous work on P2P network topologies can be employed,
e.g., a structured approach based on Cayley graphs as used
in the HyperCuP [25] topology. Since a major goal is building a network with highly heterogeneous peers with respect
to computing power—ranging from small, mobile devices
to stationary workstations or servers—, we have to classify
peers according to their capabilities. Thin-peers are devices
with low computational power, like sensor devices, PDAs,
cell phones, etc., which are not able to carry out complex
query processing tasks. In contrast, super-peers are stationary workstations or servers providing enough resources for
extensive query processing. These super-peers establish a
backbone taking over query processing tasks which cannot
be performed by other peers. Thus, they constitute a superpeer backbone network similar to that in [28].
3.3 Client Interface
User interaction in StreamGlobe is depicted at the top layer
of Figure 2. StreamGlobe enables clients to specify subscription rules for information processing and retrieval using the XQuery language. Subscription rules are registered
at certain peers, i.e., normally at the devices users are working with, e.g., their laptops, PDAs, cell phones, etc. In our
context, subscriptions are transforming queries and not just
queries for retrieving matching files or documents. In fact,
StreamGlobe enables expressive transformations of data
streams according to registered subscription rules. Thus,
it allows clients to flexibly tailor data streams to their individual requirements.
Similarly, data sources also register the provided data
streams at a certain peer within the StreamGlobe system.
Data streams can be registered in two ways. A data source
may register its data stream as an individual stream, which
then is published using a unique identifier. Another possibility is registering a data stream as part of a virtual data

3.2 Network Topology
In the OGSA framework, direct communication between
all participating grid services is allowed. However, this behavior is not the normal way of communication in networks
including mobile devices. It might not even be desirable
in a scenario that tries to reduce network traffic as in our
case. For instance, mobile sensors will normally communicate via some kind of access point they are connected to.
Hence, in StreamGlobe we establish a logical P2P overlay
network constituting a federation of heterogeneous peers.
Developing a research platform, we do not restrict ourselves to employing a special P2P network topology for
StreamGlobe at the moment. The P2P network consists
of a set of peers. Each peer has a set of other peers as
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Optimizer
Query Engine
Data Port
In Out

3.4 Peer Architecture
A more detailed view of the peer architecture is depicted
in Figure 3. It basically reflects the structure sitting on top
of the P2P network layer of Figure 2. The various components are implemented as cooperating grid services in
the OGSA framework. The individual peers exchange control information, e.g., registration of new neighbors, subscriptions, etc., via a top-level interface service, which dispatches the messages to corresponding subsidiary StreamGlobe services, e.g., the optimization or the query engine
service. The communication of these services is conducted
via the RPC mechanisms of the Globus Toolkit. All services marked by solid rectangles are mandatory for every
peer. Dashed boxes mark services that vary between different peers according to their functionality, as mentioned
earlier. For example, thin-peers do not incorporate a complete optimization and query execution unit, but only provide basic functionality. A cell phone might for instance
only provide functionality for receiving and displaying data
streams and a sensor device might only be able to transmit
its measurement data.
The metadata management component, which will be
discussed further in the next section, interacts with each
of the components and provides information needed for
network management, optimization, and query execution.
Peers exchange XML data streams representing user data
over their data ports. The XML data streams are initially
parsed by the wrappers and represented as a sequence of
SAX events. Special events are interspersed within these
streams which are used for internal purposes. For example,
synchronization marks are generated whenever the system
restructures the data flow to synchronize all affected peers
for the change in query execution. Since the Globus Toolkit
currently does not provide suitable techniques for transmitting data streams, we use our own protocol based on TCP
connections for this purpose.

to neighbors

StreamGlobe
Interface

Notify

RPC

Metadata Management

to neighbors

stream, which again is accessible using a unique identifier and multiplexes all the data of the participating data
sources into one single stream. This technique is used in
the introductory example to merge the sensor data of all
firefighters. The schema of the data streams is specified using XML Schema. Streams are fed into StreamGlobe using
wrappers, which are running on corresponding peers and
transform the data into a suitable format, e.g., by converting raw sensor data to XML.

to neighbors

Figure 3: Peer Architecture
• Subscriptions: All subscription rules and registered
data sources are recorded. For each registered data
source, the schema of the data stream is stored.
Schemas of data streams are specified using the XML
Schema language.
• Optimization: The metadata management maintains information needed for optimizing the network.
Among others, it maintains properties of network connections, like bandwith and current amount of network traffic. It also maintains the computational capabilities of the peers and statistics of the data streams,
i.e., size and cardinality of the elements of a data
stream. The statistics can be provided either by the
data source itself or by computing them online as
the corresponding wrapper feeds the data stream into
StreamGlobe.
All metadata is stored locally at a peer in the form of
Globus service data elements. For being able to optimize
the network, special speaker-peers, which will be introduced in Section 3.6, will need to have more global information about a special set of peers (a certain subnet). In this
case, those special peers maintain additional information,
e.g., the graph of the network topology of the respective set
of peers, or are able to request the desired information from
the corresponding peers, e.g., statistics of a certain data
stream. To maintain a consistent state, peers have to notify
the speaker-peer of changes, e.g., if a peer joins or leaves
the network, new subscriptions or data streams are registered or existing subscriptions or data streams are deregistered, etc. Therefore, MDVs of peers register themselves
as notification sinks or notification sources at the MDV of
their speaker-peer using the notification mechanism of the
Globus Toolkit.

3.5 Metadata Management
As Figures 2 and 3 suggest, metadata is needed in all layers
of the StreamGlobe architecture. The metadata management (MDV) is based on the distributed metadata management of ObjectGlobe [16] and forms a backbone that peers
exchange metadata with. In particular, the metadata management component records the following information:

3.6 Optimization and Evaluation Strategy
In Section 1, we have briefly introduced our approach of
optimizing the data flow in the network using in-network
query processing. In the following, we give an overview
of the optimization and evaluation strategy we employ in
StreamGlobe.

• Network: The metadata management records the
neighborhood relationships between peers needed for
establishing the P2P overlay network.
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Optimization in a distributed architecture implies several challenges. In order to perform optimization, some
metadata about the network—as described in the previous
section—has to be available. In a distributed system, there
are basically three approaches for performing optimization
using such metadata:

using special filtering techniques such as XSAGs [18].
More details will be presented in Section 4.
Of course, optimization is a continuous process which
reoptimizes the system on-the-fly as peers come and go,
data sources and subscription rules are registered and
deregistered, and data streams change over time.

4 Optimization and Query Processing

1. A single optimizing component has global knowledge of all metadata and performs optimization with a
global view of the network.
2. Every peer has only local knowledge of its own metadata (including that its neighbors can be asked for their
metadata) and tries to optimize the network by making
locally optimal decisions.
3. A hybrid approach, in which special peers have global
knowledge of (small) subnets which are individually
optimized by the responsible peer.

In this section, we describe some of our approaches to optimizing network traffic and performing efficient query processing in StreamGlobe. This substantiates the strategy introduced in the previous section.
4.1 Optimization
First, we address the key ideas for achieving the three optimization goals stated at the end of Section 3.6. The
first goal is achieved by appropriately pushing subscription evaluation into the network. This is done by executing the subscription as a whole or in part at one or more
appropriate peers on a route from the data sources to the
peer where the subscription was registered. An appropriate
peer is a peer that is able to process the subscription, i.e.,
has sufficient computing power and is selected by the query
optimizer, taking into account optimization goals such as,
e.g., reducing network traffic. In order to support powerful subscription rules, the concept of mobile code is employed. Besides peers providing a basic set of functionality,
users are enabled to include user-defined code in subscription rules, e.g., predicates, aggregation operators, etc. This
user-defined code is subsequently instantiated at the peer
processing the corresponding part of the subscription.
The second goal is accomplished by using two techniques complementing each other. The first technique is
filtering of data streams. Filtering is achieved by using
either projection (called structural filtering) or selection
(called content-based filtering) or both on the elements of a
data stream—as described in the example scenario in Section 1—and is performed by filtering operators. These filtering operators are executed at peers on the route of the
data stream as close to the source of the stream as possible. Thus, the amount of data that has to be transmitted
through the network is reduced. The second technique is
data stream clustering. This term denotes the combination of several similar or equal data streams in the network
to form one single stream that serves multiple recipients.
Data stream clustering in StreamGlobe works as follows.
During the registration of a new query, the system parses
the query, identifies its properties and stores them in a suitable data structure. In our case, this will be a Globus service data element. The properties of a query include the
data streams needed to answer the query (content aspect),
the operations, e.g., projections, selections, joins, etc., used
to transform these input streams (structural aspect) and the
conditions needed for these operations, e.g., projection attributes, selection and join predicates, etc. All transformed
data streams in the system, that where generated by a query,
are equally represented by their respective properties. Initial data streams, registered at a super-peer by some data

Since we assume a large, distributed environment, a centralized optimization component as in the first method is
infeasible. The second approach fits quite nicely into a
distributed P2P network, but it seems unlikely that it will
deliver acceptable results. Hence, we focus on the hybrid
approach: A selected super-peer, called speaker-peer, is responsible for optimizing a certain subnet of the network.
Of course, this subnet may include other super-peers that
will not actively participate in optimizing this part of the
network. With peers joining and leaving subnets, a speakerpeer might decide that a subnet is getting too big (or too
small). In this case, the subnet is split into two new subnets and for each new subnet a responsible speaker-peer is
elected among the super-peers (or analogously a subnet is
merged with a neighboring subnet if it is getting too small).
Additionally, by varying the maximum size of a subnet optimized by a speaker-peer, the approaches (1) and (2) can
be simulated, which enables an evaluation of all three approaches in terms of optimization quality.
Basically, optimization in StreamGlobe determines the
peers at which (at least parts of) the subscriptions are executed and decides how to route the data streams in the
network. Optimization has three major goals:
1. Enable users to register arbitrary subscriptions at any
(suitable) device regardless of its processing capabilities.
2. Achieve a good distribution of data streams in the network without congesting it with redundant transmissions.
3. Optimize the evaluation of a large number of subscription rules by means of multi-query optimization.
The goals (1) and (3) are accomplished by pushing
query execution into the network. Subscription rules, i.e.,
XQueries, are evaluated using the FluX query engine [19]
that was developed in cooperation with our group. The second goal is achieved by placing filtering operators on the
routes of data streams. These filtering operators are also executed by FluX. They could alternatively be implemented

93

P2
π

P4

FluX

π
π /σ

SP1

SP3

!

π /σ

Forwarding
Projection
Projection and Selection

FluX

FluX Subscription Evaluation

π

!
P0

FluX

SP2

SP0

Figure 4: Query Evaluation Plan for the Example Scenario
source, are represented by a unique id. The reason for
choosing this properties approach is to get one level of abstraction higher compared to the schema representation of
data streams, thus facilitating the comparison of streams
and the search for reusable data streams in the network.
During the actual data stream clustering stage, the
speaker-peer of the affected subnet looks up all relevant metadata (i.e. service data elements) of existing data
streams in its subnet and compares their properties to those
of the newly registered query. In a first simple greedy approach, the speaker-peer selects those data streams as input
streams for the new query that contain the necessary information for answering the query, contain the least amount
of unnecessary information, and have to be routed through
the minimum number of peers to get to the recipient. Of
course, the decision where to execute certain query operators, e.g., joins, in the network has also to be made.
This, along with more sophisticated methods for searching reusable streams and routing them to recipients, is the
subject of future research and will be based on an appropriate cost model. Furthermore, we also intend to investigate strategies for reorganizing the network in order to keep
the system globally effective even if local evolutions due to
network and/or subscription changes lead to a deterioration
of global system performance.
Data stream clustering as described above also contributes to fulfilling the third goal of effective multi-query
optimization. In every subnet, the speaker-peer analyzes
the registered subscriptions and identifies common subexpressions. These common subexpressions are evaluated
once in this subnet by executing a subscription rule corresponding to a common subexpression at a suitable peer.
Rather than individually evaluating this subexpression in
each of the original subscriptions, the subscriptions are
rewritten to utilize the newly generated and specialized data
stream stemming from the common subexpression. Besides reducing the workload of the affected peers, network
traffic might be further reduced. For instance, a common
task will be aggregating sensor data. Instead of transmitting the whole dataset to every peer performing the same
aggregation, it will be executed near the data source and
only the aggregated results, which will constitute a smaller
data volume, will be delivered to the respective peers. Furthermore, existing aggregated data streams in the system

can be reused to compute more common aggregates similar
to the roll up and the cube operations in data warehousing.
Figure 4 shows the query evaluation strategy using the
example scenario from Section 1. The symbols at the network connections represent groups of elements. The diamond represents the elements bt, pr, and et, the circle
represents os, the triangle represents CO2 and SO2, and the
rectangle represents id, time, x, and y. Projections cause
symbols to disappear as their corresponding elements are
filtered out of the stream. Selections remove certain instances of elements that do not fulfill the selection predicates which is depicted as dotted symbols. An exclamation
mark denotes a change in data representation, e.g., the introduction of the alert element at SP2 in the result for the
query at P0 . In our example, the introduction of the gas
element in the answer for the query at P2 is supposed to
take place at P2 itself and therefore does not show up in
the network. The decision whether to perform the FluX
subscription evaluation at P2 , SP1 , or SP2 is made by the
optimizer and is based on factors like computational power
and current load factor of peers.
The sample query evaluation plan in Figure 4 depicts
the situation after the data stream and the two queries of
Section 1 have been registered in the network of Figure 1.
Furthermore, the query optimizer has already optimized the
queries and integrated them into the system. First, the elements bt, pr, and et are removed from the stream by
a projection operator. To reduce network traffic, the optimizer chooses to install the mobile code of the appropriate
projection operator as close to the data source as possible.
Since the data source P4 is a simple sensor without query
processing capabilities and is therefore not able to perform
the projection by itself, the projection operator has to be
installed and executed in the network at super-peer SP3 .
The resulting data stream is routed only once (as one data
stream cluster) to SP2 , although it is needed twice in the
system. Therefore, the optimizer decides to replicate the
data stream at SP2 to obtain two identical versions of the
stream. The decision of how to route and where to replicate
the stream is simply made by pursuing the goal of minimizing the number of hops each stream has to go from its
source to its recipient in the network. Of course, more sophisticated optimization goals and routing strategies can be
employed here. We will examine this in future work. At
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SP2 , the stream with destination P2 , which is the fire department, is again reduced by a projection operator removing element os. The remaining stream is forwarded to P2
via the shortest path, in this case over SP1 . The rest of the
query evaluation, consisting of the introduction of the gas
element, is performed at P2 itself. The stream with destination P0 is also filtered at SP2 , this time using a projection
and a selection as demanded by the respective query. Also,
the new alert element in the query result is already introduced at SP2 . The resulting stream is then forwarded to
P0 , again using the shortest path which is via SP0 . In general, the shortest path is not unique and depends on the underlying network topology. In the case of multiple shortest
paths, one appropriate path among them is chosen.
Continuing our example from Section 1, we now take
a look at a more complicated situation. Let us assume
that peer P1 represents a collection of weather sensors
delivering a virtual data stream registered at super-peer
SP0 . Each sensor reading contains the identifier of the
corresponding sensor (id), a timestamp (time), the GPS
coordinates of the sensor (x, y), and measurements for
wind (wind), temperature (temp), humidity (hum), and air
pressure (ap). Sensor readings for wind consist of wind
strength (strength) and wind direction (direction).
The resulting data stream corresponds to the following
DTD.

then split the stream at SP2 , routing P3 ’s part directly to
P3 . The remaining stream for peer P2 could then be routed
to SP1 , where the join processing could take place. But if
the join is known to produce a relatively small result compared to the input streams, it would probably be better in
terms of network traffic to process the join already at SP2
and then route the result to P2 via SP1 . This is an example of a more difficult decision that has to be made by the
StreamGlobe query optimizer.
4.2 Query Processing
Let us now outline some basic concepts used for in-network
query processing. Query execution in StreamGlobe focuses
on processing streaming data and therefore employs pushbased evaluation strategies—in contrast to traditional query
engines where data is normally “pulled” from subordinate
operators, e.g., by using the iterator model.
First, we will explain how filtering operators are executed. As outlined before, filtering operators perform a
projection of a data stream on the required parts of the
entire schema and a selection according to predicates of
a subscription rule. Since the basic schema of the original data stream remains the same1 (besides discarding unnecessary information), projection can be done on-the-fly
without the need of buffering parts of the data stream. Performing selections is somewhat more difficult, because in
the worst case data cannot be propagated before the predicate is evaluated, which renders buffering inevitable. Thus,
we restrict filtering operators to only employ predicates referring to a single data object of the data stream. Therewith, at most the current data object has to be buffered for
being able to propagate the filtered data stream. Hence, we
can implement these operators scalably and efficiently using automata-based techniques as described in [18] or the
new FluX query engine which was developed in cooperation with our group and will be sketched in the remainder
of this section.
In order to evaluate subscription rules on data
streams, we employ novel optimization techniques, called
FluX [19], for minimizing memory buffer consumption
during the execution of XQueries on streaming data. FluX
is an intermediate language extending the XQuery syntax
by event-based processing instructions which enables conscious handling of main memory buffers. The key idea of
the FluX query language is the novel process-stream statement { ps $x: ζ } for event-based (streaming) processing of a substream assigned to a variable $x. It processes the data stream by means of a list of event-handlers
ζ. Each event handler is of one of the two forms

<!ELEMENT reading (id, time, x, y,
wind, temp, hum, ap)>
<!ELEMENT id (#PCDATA)>
...
<!ELEMENT wind (strength, direction)>
<!ELEMENT strength (#PCDATA)>
<!ELEMENT direction (#PCDATA)>
...

We now further assume that the fire department at P2 registers a new query at SP1 in addition to the one already
registered in Section 1. This new query requires the data
from P4 to be joined with data from P1 . The fire department is interested in finding out how strong and from which
direction the wind blew at the point in time and at the place
a gas concentration was measured. Therefore, it joins the
data of the gas sensors from P4 with that of the weather
sensors from P1 . The join tries to find for each measured
gas concentration a sensor reading for wind strength and
direction that was close to the gas measurement in terms of
both, the point in time the respective sensor readings where
created and the geographical location at which the corresponding sensors where located. This can be achieved by
using the bestmatch join operator [17].
One possibility to compute the join would be to filter
P1 ’s data stream accordingly at SP0 and route the resulting stream directly to SP1 , where the join processing takes
place and the result gets delivered to P2 . This would probably be the best solution if no data from peer P1 is needed
anywhere else in the network. However, when P3 also requests data from P1 , it might be better to route a data stream
with the data for both P2 and P3 from SP0 to SP2 first and

• on a as $y return α
• on-first past(S) return α
with α being an arbitrary subexpression, a being the label of a tag, and S being a set of labels of XML tags. An
“on a” handler is executed if an opening tag labeled a is
encountered in the stream of $x. The subsequent elements
1 In
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particular, the order of elements is preserved.

5 Implementation Status

of the data stream are labeled as a substream $y and used
to evaluate the subexpression α (which may in turn be a
process-stream statement or traditional XQuery). The latter “on-first” handler is executed if no more elements
labeled s with s ∈ S will be encountered in the stream being currently processed and triggers the evaluation of α. In
general, an arbitrary query cannot be evaluated purely onthe-fly without buffering, e.g., if the sequence of elements
in the query is different from that in the input data stream.
Hence, a FluX query consists of a purely streaming part using our novel syntax and of embedded traditional XQuery,
which is evaluated on previously buffered parts of the data
stream. The main challenge is to rewrite an XQuery into a
corresponding FluX query which evaluates this query using
as many of the event-based methods as possible and thereby
minimizing buffer usage. In [19], an algorithm which utilizes order constraints on the elements imposed by the DTD
of the data stream is presented to achieve this goal.
Rewriting XQuery into FluX is based on generating
a safe FluX query. That is, an XQuery subexpression
of a FluX query operating on buffered data must only
reference—e.g., by path expressions or other variables—
parts of the data stream which will not be encountered any
more after this expression has been evaluated. Thus, the
query engine can easily populate buffers with the needed
parts of the data stream and provide these buffers for the
execution of the buffer-based parts of the FluX query. The
second query of our example scenario using the given DTD
would be rewritten into FluX as follows.

As of the writing of this paper, we have implemented
the basic infrastructure of StreamGlobe, building on the
Globus Toolkit, and we are able to establish an overlay P2P
network between peers. We have also completed a prototype implementation of the FluX streaming query engine
for evaluating subscription rules. This query engine is currently being integrated into the StreamGlobe system. At
the moment, the optimization techniques of Section 4 are
developed and implemented. A first prototype system of
StreamGlobe including all the basic features presented in
this paper will be operational by the end of the year.

6 Conclusion and Future Work
In this paper, we have described the ongoing development
of our StreamGlobe system. StreamGlobe is focused on
meeting the challenges that arise in processing data streams
in an ad-hoc P2P network scenario. It differs from other
data stream systems in not only efficiently locating and
querying data streams, but also optimizing the data flow
in the network using expressive in-network query processing techniques. This is basically achieved by pushing operators for query processing into the network. Continuous
reoptimization leads to an adaptive and self-optimizing system which enables users to carry out powerful information
processing and retrieval. StreamGlobe builds on and extends the Globus Toolkit, a reference implementation of the
Open Grid Services Architecture (OGSA) for grid computing, and serves as a research platform for our future work.
Future research will cover further topics in query processing on streaming data, optimization methods for distributed data stream processing, load balancing and qualityof-service aspects [4] in a distributed data stream management system. In detail, this will include augmenting the
FluX query engine to support windowing operators like aggregations and joins. It will also comprise improving the
optimization component by taking into account reorganisation issues to keep the system effective as well as synchronization aspects, e.g. for distributed join processing on
various streaming inputs. Furthermore, we will continue to
examine routing approaches for our hierarchical network
organisation and conduct advanced research concerning the
combination of multiple query processing operators, predicate comparisons in the context of query clustering, and the
minimization of memory requirements during query evaluation. Eventually, support for content-based query subscriptions will be added to StreamGlobe.

{ps stream("firefighters")
on reading as $m return
{ps $m:
on-first past() return <gas>;
on id as $id return {$id};
on x as $x return {$x};
on y as $y return {$y};
on CO2 as $CO2 return {$CO2};
on SO2 as $SO2 return {$SO2};
on-first past(*) return </gas>; } }

This FluX query is purely event-based (outputting the values of the substreams in the “on” handlers can be done onthe-fly) and hence needs no buffering at all. “on-first
past(*)” is a shortcut for the set S containing all possible labels in this substream and is therefore executed after all other elements have been written. More details
on FluX together with an experimental evaluation can be
found in [19].
Summarizing, FluX enables query evaluation on data
streams with very low memory consumption and thus provides for a scalable evaluation of subscription rules. However, some subscription rules might possibly need unbounded buffering, e.g., subscriptions containing joins or
special aggregates. In such cases, unbounded buffering
is precluded by requiring users to specify window constraints. These allow for a scalable execution on infinite
data streams.

Acknowledgments. Franz Häuslschmid and Angelika
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[17] A. Kemper and B. Stegmaier. Evaluating Bestmatch-Joins
on Streaming Data. Technical Report MIP-0204, Universität
Passau, 2002.
[18] C. Koch and S. Scherzinger. Attribute Grammars for Scalable Query Processing on XML Streams. In Proc. of the Intl.
Workshop on Database Programming Languages, pages
233–256, Potsdam, Germany, Sept. 2003.
[19] C. Koch, S. Scherzinger, N. Schweikardt, and B. Stegmaier.
Schema-based Scheduling of Event Processors and Buffer
Minimization on Structured Data Streams. In Proc. of the
Intl. Conf. on Very Large Data Bases, Toronto, Canada,
Aug. 2004. To appear.
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Abstract

the complexities of distributed and often decentralized
operation, the highly resource constrained nature of
network nodes and the highly transient nature of network topology [4]. Moreover, applications must operate unattended for prolonged periods of time and still
maintain their integrity and quality of service.
In recent years it has become clear that the investigation of higher level computational paradigms
is necessary so as to abstract the complexity of systems development and offer application developers
with a more amenable programming framework. To
this end, query processing has attracted considerable
interest and is rapidly becoming a popular computational paradigm for a plethora of sensor network applications. This approach has been seen to address
well the complex requirements of application development in sensor networks in a variety of applications
including environmental monitoring, distributed mapping and vehicle tracking [5, 12]. Prototype sensor
network query processors have been implemented in
Tiny DB [11] and Cougar [17] systems.
In this paper we argue that another database technology that may provide an appropriate computational
model for a distinct set of sensor and actuator network
applications is event-condition-action (ECA) rules [15]
(also referred to as active rules). Indeed, sensor and
actuator network applications often operate in one of
either modes:

Recent years have witnessed a rapidly growing interest in query processing in sensor and
actuator networks. This is mainly due to the
increased awareness of query processing as the
most appropriate computational paradigm for
a wide range of sensor network applications,
such as environmental monitoring. In this paper we propose a second database technology,
namely active rules, that provides a natural
computational paradigm for sensor network
applications which require reactive behavior,
such as security management and rapid forest fire response. Like query processing, efficient and effective active rule execution mechanisms have to address several technical challenges including language design, data aggregation, data verification, robustness under topology changes, routing, power management and many more. Nonetheless, active
rules change the context and the requirements
of these issues and hence a new set of solutions
is appropriate. To this end, we outline the implications of active rules for sensor networks
and contrast these against query processing.
We then proceed to discuss work in progress
carried out in project Asene that aims to effectively address these issues. Finally, we introduce our architecture for a decentralized
event broker based on the publish/subscribe
paradigm and our early design of an ECA language for sensor networks.

1

• in event-driven applications, for example detection of forest fires, security management or product detection in ubiquitous retailing [9], the system remains inactive until an event is generated
in one of the nodes; then the event propagates
through the system which subsequently initiates
appropriate actions in response to this event,

Introduction

Application development for sensor and actuator networks presents unique challenges since it has to address

• in demand-driven applications, for example environmental monitoring [5], activity is initiated in
response to external requests, usually in the form
of queries.
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While query processing matches well the characteristics of the later class of applications, an ECA rule-
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based approach offers a better fit for applications with
execution profile that corresponds to the first pattern
above. In such applications, the system needs to provide a timely response to events and although in principle this would still be possible using a sensor network
query processor, its deployment would unnecessarily
consume the limited resources by regularly checking
for events that may not have occurred.
In the following Section we discuss ECA rules as a
computational model for reactive systems with particular reference to sensor and actuator networks. We
then proceed to compare more traditional ECA technologies with the novel needs of sensor networks. In
Section 4, we discuss the requirements of ECA rules in
this context and highlight the differences to the more
well established sensor network query processors. Finally, we introduce the architecture of the Asene system for Active SEnsor NEtworks. We conclude with
a discussion of work in progress and major challenges
ahead.

2

may be that further events are generated, which may
in turn cause more ECA rules to fire.
In sensor and actuator networks in particular the
action part of an ECA rule may be either logical or
physical. For example, the action may be to signal an
actuator node to activate the alarm, or it may be a
notification for a node to initiate a particular control
sequence [16].
There are several advantages in using ECA rules
to implement this kind of functionality compared to
direct implementation in application code [2, 14]:
• ECA rules allow an application’s reactive functionality to be specified and managed within a
rule base rather than being encoded in diverse
programs, thus enhancing the modularity, maintainability and extensibility of applications.
• ECA rules have a high-level, declarative syntax
and are thus amenable to analysis and optimization techniques which cannot be easily applied if
the same functionality is expressed directly in application code.

Active Rules as a Model for Computation in Sensor Networks

• ECA rules are a generic mechanism that can abstract a wide variety of reactive behaviors, in contrast to application code that is typically specialized to a particular kind of reactive scenario.

We begin by examining in more detail the structure
of a reactive sensor and actuator network application.
A reactive application must be able to detect the occurrence of specific events or changes in the network
state, and to respond by automatically executing the
appropriate application logic. For example, in a security monitoring scenario sensors capable of detecting specific chemicals are deployed in the area under
observation, for example a customs and excise enclosure in a port area. In addition to the sensor nodes,
a smaller number of actuator nodes are also deployed
with the capability to trigger alarms when activated.
In this case, there is little scope for fixed network infrastructure due to the transient nature of most objects
within the enclosure and the use of heavy machinery.
The aim is to program the application so that when
specific events are observed and specific conditions are
met the network reacts in a predetermined way, for example when the concentration of particular chemical
factors are observed and their concentration exceeds a
set threshold within a small area the alarm in this and
neighboring areas are activated.
ECA rules [15] are one way of implementing this
kind of functionality. An ECA rule has the general
syntax
on event
if condition
do actions
The event part specifies when the rule is triggered.
The condition part is a query which determines if the
sensor network is in a particular state, in which case
the rule fires. The action part states the actions to be
performed if the rule fires. A side effect of these actions

To illustrate the use of active rules to model reactive functionality we note that the application logic
described at the beginning of this section could be encapsulated within the following rule
ON UPDATE toxicity
IF AVG(toxicity) > thres WITHIN radius r1
DO ACTIVATE alarm WITHIN radius r2

3

Sensor Networks and Traditional Active Database Systems

ECA rules in the context of a sensor and actuator
network present a number of novel challenges against
the traditional database view [8]. In traditional active
database (and web-based) systems the condition and
action parts of an ECA rule are most often tightly coupled, that is the execution model of a particular rule
is [E][CA]: a database object is monitored and when
modified in a predetermined way an event is generated.
Rules whose event parts match this event are then triggered and, if their conditions hold, their actions are
scheduled for execution. In all cases, execution of the
condition query and the action part is driven by the
same application logic. Hence, ECA functionality is
tightly coupled and coordinated. Moreover, such systems are generally administered by database experts
and often implement advanced failure-tolerance features, including clustering, power backups and replicated communication channels.
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Sensor and actuator networks consist of a large
number (often several hundreds) of loosely-coupled
node elements [1]. Each node operates fairly independently and can make its own decisions about its
wake-up/sleep cycle and the data it accepts to forward to nearby nodes. Nodes may also have different
capabilities, for example sensors may be able to detect
temperature, humidity, changes in the magnetic field
of the Earth, different types of biosensing and so on.
Actuators may be biomanipulators, microvalves and
micropumps or they can simply be electrical switches.
In addition to sensor and actuator nodes, nodes that
have the sole purpose of providing communications
and computational assistance may also be introduced
in the system. In all cases, nodes will have high failure
rates which may result in network fragmentation, that
is the separation of network segments into isolated islands of system functionality.
Sensor and actuator networks are deployed in adhoc ways and thus the resulting topologies may be
highly irregular and with highly heterogeneous density
and connectivity patterns. Furthermore, the topology
may often change rapidly during its pre-deployment,
deployment, and re-deployment phases and possibly
at very high speed. This is in stark contrast to traditional database management systems which assume
that connectivity is fairly fixed and network topology
is rarely of concern and dealt with outside the database
management system.
Last but not least, sensor and actuator nodes are
very limited in power, computational capability and
holding capacity and are normally unavailable for regular repair or frequent battery recharge. Although
Moore’s law predicts that node capabilities will increase rapidly, they will always be less powerful than
other embedded, portable or hand-held computing devices and most importantly battery power available for
their operation will remain limited for the foreseeable
future.

4

the system is required to provide a timely response
to events at the lowest communications and computational cost. Although potentially a SNQP could be
used for this type of application, in practice it would
unnecessarily consume limited resources by regularly
checking for events that may not have occurred. Indeed, SNQPs primarily address data acquisition from
a relatively small number of vantage points. ECA
rules may provide an effective and efficient mechanism
to support reactive behavior by localizing control and
by providing a mechanism to react to events rather
than proactively test whether a particular event has
occurred.
This difference in scope between SNQP and ECA
rules implies that the two systems have very different
execution profiles which also means that they also have
very different requirements. In the following paragraphs we attempt to outline the most critical differences between the two approaches and in the following
section we discuss our current work in trying to address the novel requirements of ECA execution within
project Asene.
• Vantage Points. SNQPs assume that queries
are initiated at a single or a relatively small number of vantage points, with data aggregation potentially carried out at a few intermediate locations, the so-called storage points. In ECA rules
any sensor in the network may generate an event
which may be used by any actuator also potentially placed at any network location. Thus, an
ECA rule may fire at any node location within the
network and may also activate any node within
the network.
• Communication Pattern. SNQPs collect data
in regular patterns which sensor nodes can use
to synchronize and agree on wake-up/sleep cycles. ECA rules are reactive and thus rules fire at
unpredictable, irregular intervals. Hence, wakeup/sleep schemes that can support this asynchronous mode of operation are required. Moreover, this irregular pattern implies that nodes consume power at different rates and for this reason
node failure is more irregular and harder to predict.

Challenges for Active Functionality
in Sensor Networks

In this paper we propose that ECA rules can provide
a natural computational paradigm to sensor and actuator network applications that require reactive behavior. While sensor network query processors (SNQP)
[3, 5, 11] have proven very successful in providing appropriate abstractions for user interaction, ECA rules
address the problem of unattended system behavior
and can effectively model application logic in autonomic situations1 . In the context of such applications,
1 The scope of active functionality as described here should
not be confused with the so-called event queries supported by
Tiny DB. Event queries aim at providing user control over data
acquisition so that users can register their interest for specific
results returned by an acquisitional query and specify additional
queries that should be carried out in response. Hence, support-

• Routing. SNQPs currently mostly use treebased routing mechanisms that flood the network at least once, during the tree construction stage. In this context the communications
overhead placed by the route discovery stage is
justified by the relatively large amount of data
that is being collected. An ECA rule processor is characterized by small, incremental updates
rather than a single data collection step and thus
ing generic reactive functionality is well beyond the scope of
event queries.
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the route discovery stage of tree-based algorithms
would dominate the communications cost. Consequently, globally optimal routes would probably
not optimize power consumption for the network
as a whole and localized routing algorithms could
be more efficient [7].
• Data Model. SNQPs currently view the sensor
network as a single data space. ECA rules require
an alternative data model which distinguishes between the different types of objects that are being
observed and generate events. In the following
section we propose a mechanism for the construction of separate data spaces based on the so-called
topic channels.
• Aggregation. Aggregation in ECA is carried out
at the signal rather than the query layer which
is the norm for SNQP. Although the mathematical techniques used for aggregation in SNQP [6]
can also be used in ECA rule processing, this is
done at a lower layer and within a particular topic
channel in an approach akin to collaborative signal processing in distributed environments.

Event channels are also responsible for the distribution of events following the so-called publish/subsribe
(P/S) paradigm [13]. P/S systems are commonly used
to bring together data sources and information consumers by transparently delivering events from the
first to the second. In Asene, event channels are responsible for maintaining a list of subscribers to the
particular event and for sending notifications. Thus,
subscriber nodes may move freely and re-attach to the
channel at alternative locations. Effectively, an event
channel functions as a decentralised event broker following the P/S jargon.
The particular characteristics of sensor and actuator networks make them especially compatible with
the P/S paradigm, in particular with regard to the
need for in-network storage and processing:
• P/S systems are characterized by the same basic
properties as sensor and actuator networks; that
is, communication is anonymous, inherently asynchronous and multicasting in nature. P/S systems
are also capable of quickly adapting to changing
network topologies.
• P/S systems can support the decentralized operation of event management and delivery, transparently for both sensor and actuator nodes. This is
particularly important since computation in sensor and actuator networks is highly asymmetric
and thus local adaptability and local control is of
great importance.

• In-network storage. Although both systems
clearly benefit from in-network storage, SNQP develops hierarchical-directional mechanisms based
on the tree-based routing algorithms employed,
whereas ECA rules benefit from decentralized-flat
and schemes at the topic channel level.
• Network Segmentation. ECA rules execute
within the a specific network locality and thus can
be relatively resistant to network segmentation for
example due to loss of connectivity caused by intermediate node failure. ECA rules may still fire
despite their isolation from a sink controller.
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• The P/S anonymity property in particular implies that communicating nodes are not required
to identify the party they wish to communicate
with (that is, subscribers need only describe the
characteristics of the events they want to receive
instead of naming a specific publisher to receive
events from) and thus data aggregation may be
implemented transparently for the end application. Moreover, the anonymity property implies
that flexile wake-up/sleep cycles can be developed
since delivery of events to subscribed recipients
does not depends on a single sensor node.

A System Architecture for ECA in
Sensor Networks

One of the major challenges in implementing an ECA
rule based architecture for sensor and actuator networks is the distribution of events in a computationally efficient manner. In this section we introduce the
Asene approach to support ECA functionality in sensor and actuator networks.
Asene is built on top of event channels which are
also viewed as data object primitives. An event channel has two elements: a collection of nodes that monitor the same attribute and associated algorithmic
mechanisms that coordinate node operation. Within
an event channel nodes carry out collaborative signal
processing and data aggregation and are responsible
for in-network storage and event generation. Finally,
the node components of an event channel encapsulate
internal structures that maintain shared descriptions
of the channel.

• Conceptually P/S systems deliver events to multicast groups, a communications mode that is a
good fit for the provision of incremental updates
to aggregation operators constructed on top of
role-based spatial hierarchies of sensor and actuator networks nodes. The power saving potential of
these multi-resolution data aggregation schemes
can be considerable and more importantly their
effectiveness increases rapidly with the number of
nodes in the system. Moreover, it is possible to
achieve relatively high performance by using the
periodic beaconing performed of most medium access and topology control protocols for update delivery across a particular topic channel.
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The properties that make P/S suitable for use in
sensor and actuator networks also suggest a natural
way to support node failures as a feature of the system rather than as a fault. Indeed, in this context data
aggregation is performed independently by each node.
Hence, loss of updates will affect accuracy locally and
nodes will continue computation with whatever data
available, on a best effort basis. This is a distinct advantage over techniques originating from more tightly
coupled systems, where there would be a need for roll
backs and data cleansing operations which are not appropriate in the case of sensor and actuator networks.
One of the expected advantages of this architecture
is that it allows for complex wake/sleep schemes while
at the same time maintaining a good quality of service
via replication of the in-network stored data and of the
subscription information.
The use of event channels as the core building block
for Asene allows for the full decoupling of the [E], [C]
and [A] components of ECA rules. Also note that
queries associated with the condition part of an active
rule can be answered locally and in some cases the
data required could be disseminated at the same step
as the event itself. It is also worth observing that new
functionality can be introduced in the system via the
simple insertion of new condition nodes, that is nodes
that are responsible for checking for specific conditions
in response to event notifications. Finally, constructing activation channels is also a viable alternative although often the expected number of actuator nodes
would be much smaller than the number of sensors and
it is probably not as cost efficient as an approach.
5.1

Heterogeneity

An interesting observation on the effects of the Asene
architecture is that significant operational benefits
may be achieved if heterogeneous sensor and actuator networks are constructed. Heterogeneity in this
case is seen primarily in communication capability and
in terms of the range of communication. Inserting a
few nodes that have longer range capabilities (but also
higher power consumption) can significantly increase
the robustness of the event channel by increasing the
connectivity across node clusters.
5.2

Composite Events

Using event channels as the main mechanism for data
dissemination also suggests a clear way for constructing rules with composite events: the condition node
needs only subscribe to all corresponding event channels. Compare this against the difficulty of dealing
with multidimensional data in the context of SNQP.
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may provide an appropriate computational model for
a distinct set of sensor and actuator network applications. However, ECA rules in this context present
several challenges which we highlighted in previous
sections. We have also introduced Asene, an ongoing
research project that aims to establish ECA rules as
the common mechanism for the description of reactive
functionality in sensor and actuator networks.
The current version of Asene supports simple event
channels built on top of Tiny OS [10] primitives and
a simple ECA language. We are currently developing further our algorithms for the efficient construction of event channels in sensor networks. Our focus
is on a single-step approach that identifies all members of all registered event channels in a particular
network and thus removes the need for duplication of
the bootstrap phase. We are also improving on the
data structures used to represent the internal state of
a particular event channel and maintain the list of active subscriptions. Our work aims to balance the need
for low communication between nodes and the asynchronous nature of event generation with regard to the
wake-up/sleep node cycles. We are planning to conduct extensive experiments with the prototype implementation to better understand the tradeoffs involved.
In addition to the development of efficient and effective event channel management mechanisms, a second
major objective of the Asene project is the definition
of an appropriate lightweight ECA language that satisfies the requirements of the application domain. The
brief example presented in Section 2 in the context
of a security management application is taken from
the current version of Asene. Clearly, further work
in understanding the performance implications of the
different constructs is required and balanced against
language expressivity.
The next step for Asene is the integration of advanced aggregation algorithms and the study of localized routing algorithms for event dissemination. In
doing so we favor a multi-resolution approach similar to the aggregation schemes discussed in [6] but
more appropriate for the structure of our event channel construction algorithms. Finally, we intend to further investigate the relative merits of different routing
strategies for event dissemination based on localized
network descriptions. We anticipate both approaches
to offer significant reduction in resource demands from
the network.
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Abstract
Wireless sensor networks consist of nodes with the
ability to measure, store, and process data, as well
as to communicate wirelessly with nodes located
in their wireless range. Users can issue queries
over the network, e.g., retrieve information from
nodes within a specified region, in applications
such as environmental monitoring. Since the sensors have typically only a limited power supply,
energy-efficient processing of the queries over the
network is an important issue. In this paper, we
introduce a general framework for distributed processing of spatio-temporal queries in a sensor network that has two main phases: (1) routing the
query to the spatial area specified in the query;
(2) collecting and processing the information from
the nodes relevant to the query. Within this
framework, different algorithms can be designed
independently for each of the two phases. We also
propose novel algorithms for this framework, one
for the first phase and two for the second phase. In
an extensive experimental evaluation we study the
performance of these algorithms in terms of energy consumption, under varying conditions. The
results allow us to recommend the most energy
efficient solution, given a network and a spatiotemporal query.

1

Introduction

Recent technological advances, decreasing production costs
and increasing capabilities have made sensor networks suitable for many applications, including environmental monitoring, biological contamination detection, warehouse management, traffic organization and battlefield surveillance.
Today’s sensors are no longer just simple sensing devices wired to a central monitoring site, but they have
Copyright 2004, held by the author(s)
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computation, storage and wireless communication capabilities. Most of these devices are battery operated, which
highly constrains their life-span, and it is often not possible to replace the power source of thousands of sensors.
Energy efficient data processing and networking protocols
must therefore be developed to make the long-term use of
such devices possible. While the network research community has studied energy efficient protocols in the context of
ah-hoc networks, the database community has been confronted mostly with time and size constraints, but rarely
with energy limitations. Therefore, the ability to apply
traditional data processing techniques in sensor networks
is limited, and different solutions must be found.
In this paper we focus on energy efficient query processing in sensor networks. In particular, we are interested in answering historical spatio-temporal queries such
as “What was the humidity yesterday morning in Lake Annete area?”. We study this problem in a sensor network
where each sensor is only aware of the existence of the
other sensors located within its communication range, and
the query can be initiated locally at any sensor. There
are two main reasons for allowing query initiation at any
node. First, using only designated sensors as query originators causes an unbalanced energy use among sensor nodes,
leading to faster energy depletion at the designated sensors,
as well as the sensors located in their proximity, as these
nodes would participate in the processing of most queries.
Second, nodes could become unavailable for various reasons, such as energy depletion, hardware failure or hostile environment. To the best of our knowledge, historical
query processing in such a sensor network environment has
not been investigated before. The advantages of this environment are network robustness, a balanced use of sensors’
energy resources and a wide range of application scenarios
that can take advantage of the proposed solutions.
An application where such a sensor network enviroment
can be used is micro-climate monitoring in national parks.
The sensor nodes could be deployed from a plane over a
forest area. Upon activation, each node would start observing periodically various physical phenomenons, such as
temperature and humidity of air and soil. Park rangers patrolling through the forest can access the network through
any node in their proximity using a notebook or iPAQ.
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For instance, when certain events such as forest disease or
small fires are observed, the ranger could query the network about historical observations, which may help him
understand what have caused such events or learn about
other areas that are threatened by similar events.
We propose the STWin framework for processing
historical spatio-temporal queries in sensor networks,
i.e., queries that specify the spatial area and temporal
range the answers must belong to. As sensor nodes spend
most of their energy supply during communication [1], we
aim at minimizing the amount of data exchanged among
nodes during query processing. Our framework has two
phases. First, we search for a path from the query originator node to a sensor located within the query’s spatial
window. Second, the located sensor assumes query coordinator role, gathers the answers from all query relevant
sensors and ships them back to the query originator. We
use a greedy routing algorithm in the first phase, while for
the second phase we propose two algorithms, one based on
parallel flooding, the other using a depth first strategy.
In summary, the contributions of this paper are:
• we study the processing of spatio-temporal queries in
a sensor network where each node only knows about
the network nodes located within its wireless range;
• we introduce the STWin query processing framework;
• we propose three algorithms to be used within the
STWin framework;
• we evaluate experimentally the performance of these
algorithms and discuss their benefits and drawbacks.
The remainder of this paper is organized as follows. Section 2 describes some of the research work related to ours.
Section 3 presents the sensor network settings as well as the
characteristics of the query and data. Section 4 details our
solution for spatio-temporal query processing. Section 5
presents the experimental evaluation of the proposed algorithms, and Section 6 concludes the paper.

2

Related Work

In this section we discuss a few works related to our current
investigations. As sensor networks research lays at the intersection of networks, systems and databases, we describe
a few projects addressing data management issues in the
sensor environment from the plethora of publications addressing various aspects of sensor networks.
The Cougar project [22] is one of the most related to
ours as it also investigates techniques for query processing over sensor data. However, unlike ours, their research
focuses on a sensor networks environment where there is
a central administration that knows the location of all
sensors. In [4] the authors focus on defining a sensor
database model for processing long-running queries, which
are modelled as persistent views over the distributed sensor database. A central optimizer has the tasks of building
a query plan and disseminating it to the relevant sensor
nodes. In a similar environment but with emphasis on energy efficient query processing, they extend their work in
[23] and analyze a wider range of problems, such as routing and crash recovery, basic query plans and in-network
aggregation.

In [13], Madden et al. focus on query processing in a
sensor environment where the information about the existing sensors is available in a catalog. Sensor nodes simply
collect and transmit the raw data to the powered sensor
proxies that are in charge of further processing and routing
the answers to the users. The authors focus on minimizing the used energy by adapting the sensors’ sampling and
data package transmission rates. They introduce the Fjord
architecture for management of multiple queries. Designed
for Berkley Mica motes and running on top of TinyOS,
TinyDB [15] is a distributed query processor that runs on
each of the sensor nodes. The authors focus remains on optimizing data acquisition for long-running queries, no data
being stored locally at the nodes. To reduce the energy
consumption, they also propose TAG [14], an aggregation
service for networks of TinyOS motes.
Beaver et al. [2] propose a solution for in-network aggregation, which exploits the temporal correlation in a sequence of sensor readings to reduces the energy used during
query processing. Their solution, called TiNA, also allows
the user to specify a temporal coherency tolerance when
an approximate answer is sufficient, which lowers the energy costs. Similar to TinyDB and Cougar, TiNA is designed for a sensor environment where sensors simply forward their measurements to answer a long-running query,
without storing any historical data.
Directed Diffusion [12] proposes a data-centric framework for query processing. Their sensor network environment is similar to ours in the sense that the query can be
originated at any node, and nodes are only aware of their
neighborhood. Different from us, nodes do not store historical data and sensing is only performed in response to a
query request. In Diffusion, nodes request data by sending
interests for specific data, which is then collected by the
source nodes and shipped to the originator node. Intermediate nodes can cache and aggregate data, as well as direct new interests based on the cached data. The Directed
Diffusion uses flooding to find paths from the query originator node to the data source nodes. Path reinforcements
are used for selecting a small number of “good-paths” over
which sensed data is returned. This scheme creates multiple paths for delivery, which increases the robustness of
delivery at increased energy costs.
A system that focuses on query processing over historical data is DIMENSIONS [8, 9]. The authors focus
on multi-resolution summarization of data using wavelet
transform and construct a sensor hierarchy over the network. While temporal summarization is performed in each
node, each level in the sensor hierarchy deals with another
resolution of summarization. Their solution is suitable for
data-mining, where a query can first look at the data at
a coarse resolution and then focus on a region of interest
at a finer resolution. The hierarchical scheme is applied
in a grid sensor network where clusterheads (nodes storing
coarser resolution in the sensor hierarchy) are dynamically
selected based on their location in the grid.
The authors in [11] focus on sensor data processing, and
propose solutions for data stream joins over the sensor data
in tracking or monitoring application. The performance of
their solution decreases sharply with increasing number of
sensors, with more evaluation being required to establish
the validity of their methods for large scale sensor deployments. In [6], the authors propose one of the first index
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structures for sensor networks. The solution is based on
the R-tree and it seems to be energy and time efficient,
but no evaluation is presented. Xu and Lee [21] propose
a window-based query processing technique in a network
of moving sensors, where sensors only take measurements
and provide data upon users’ request. Though interesting,
their solution has no experimental evaluation.
In the area of networks research, much work has been
done in ad-hoc wireless networks. One of the most relevant
issues for efficient query processing in sensor networks is
position based routing, that is, network routing when the
destination node is known and addressed by means of its
location. We refer the reader to several surveys [16, 20, 10]
on techniques for position based routing in ad-hoc networks. In our scenario, a sensor node is only aware of the
network nodes located within its wireless communication
range, which complicates the routing decisions. In such
a case position based routing algorithms with guaranteed
delivery cannot be readily re-used.

3

Background and Settings

We assume a sensor network with fixed nodes that have
equal roles in the network’s functionality. Each node has
a CPU, long term storage, its own energy source and it is
connected to other members of the network through wireless communication. All sensor’s components have limited
capabilities and the power source can be depleted quickly
if not used efficiently.
Due to the wireless network characteristics, a node can
communicate directly only with the sensors located within
its wireless range, which form its neighborhood. A node
can send a message individually to one of its neighbors, or
it can use broadcasting to send the message simultaneously
to all of its neighbors. When a message has to be sent
to all or most neighbors, it is cheaper to broadcast the
message than to send it individually to the neighbors. A
sensor communicates with nodes other than its neighbors
using a multi-hop routing protocol over the network. There
are two main types of messages in query processing: query
messages (which transport the query) and answer messages
(which transport the query answers).
Each node knows its location (e.g., it may use GPS during node activation), as well as the location of its neighbors
(collected during network activation). Sensor nodes may
have several sensors, e.g., for temperature, humidity, magnetism, and light. In this paper we consider sensors that
observe the state of a measured entity at the sensor location
only. This is different from range sensing (e.g., movement
sensing used in tracking [7, 19]), which measures the state
of an entity not necessarily located at a sensor’s position,
but in its vicinity. Sensors take measurements periodically,
and the collected values are stored locally for future querying. Data collection is performed continually, which can
be viewed as an infinite stream. As infinite data cannot
be fully stored, we adopt the stream storage solutions for
fixed storage space proposed in [24]. The solution uses temporal aggregations over the data stream at multiple time
granularities. The aggregation level for a data record is
dependent on the age of the record, with only the most
recent data fully stored. The aggregation levels and their
granularity are decided before the network deployment and
are dependent on the measured data and the storage size.

Similar to any approximation technique, the adopted storage solution may not be able to provide useful data if the
query requires high quality answers. Such stream storage
solutions need to be used only when sensor nodes use small
sampling rates or generate complex data per sample. For
instance, a sensor node with 1 megabyte of memory measuring temperature once every 5 minutes could store more
than 1 year of raw data, which is beyond the expected
lifetime of some of the sensor devices currently available.
Each sensor node stores and manages locally its measurements. Each measurement has attached to it a timestamp corresponding to the time of measurement. Each
type of sensor has associated a measurement interval,
which defines the interval between successive data collections and is identical for all sensor nodes. We consider
the data in the sensor network as a specialized distributed
database, with temporal data stored in a node’s database.
Each node has a location, which gives spatial properties
to data. Thus, on a global view, the sensor networks is a
distributed database storing spatio-temporal data.
We are interested in processing historical spatiotemporal queries, denoted by HSTQ(qID,sw,tw), where sw
represents a spatial window, tw represents a temporal window and qID uniquely identifies a query. The answer to the
HSTQ query is formed by all sensor measurements from
the given area sw during the time range tw. Sensor nodes
have equal capabilities and therefore a query can originate
at any node with query answers located in some (possibly
all) of the nodes. Some sensor network scenarios [15, 22]
consider the so-called long-running queries, where a user
wants the continuously monitor the measured entities. We
do not consider this type of query in this paper.

4

Spatio-Temporal Query Processing

Given a historical spatio-temporal query HSTQ(qID,sw,tw)
at a sensor node, the problem is to efficiently locate and retrieve the answers, given the limited knowledge each node
has about the overall network. As a major constraint on
sensor nodes is their limited energy supply, we focus on energy efficient techniques. It has been shown that the energy
required by sensing and computation is up to three orders
of magnitude less than the energy used for communication [17]. Therefore we use the energy cost of communication as the measure of efficiency. This cost is proportional
to the number and the size of exchanged messages.
In this section we discuss first a basic query processing
algorithm for sensor networks. Next, we present an original framework for processing spatio-temporal queries and,
within this framework, we propose three new algorithms.

4.1

Basic Query Processing Algorithm

A straightforward way to locate the query answers, which
we call FullFlood, is contacting every network node. The
query originator node broadcasts the query to its neighbors, which in turn broadcast the query to their neighbors, and so on, until all nodes have received the query.
Due to query message broadcast, each node will receive
the same query several times. For each query, a node
processes only the first query message received, discarding subsequent query messages. When a query is received,
the node first broadcasts the query, then it selects the lo-
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Figure 2: Query routing example
Figure 1: The FullFlood algorithm - message flow
cally stored data relevant to the query (if any), it waits
for its neighbors’ answers and merges them with its own,
and finally it returns the answer to the neighbor that it
received the query from. Once the query originator node
has received the relevant data from all nodes, it can answer
the query. The messages flow for FullFlood algorithm is
shown in Figure 1.
The FullFlood algorithm is guaranteed to find the
query answer for a connected sensor network, but it incurs high communication costs due to the large number of
messages required to contact all nodes. The algorithm is
similar to a parallel breadth first search in a network graph,
where sensor nodes are vertices and edges represent direct
communication links between sensors. Assuming there is
no communication delay, the query will reach each node on
the shortest path (with respect to number of hops) from
the query originator. As query messages are broadcast
along all paths, the first message reaching a node must
have travelled over the shortest path. After a query is processed locally, each node returns the answer to the neighbor
it first received the query from, and therefore answers are
returned over the shortest path to the query originator.

4.2

is not located inside the query’s spatial window. A heuristic contacting only a subset of all network nodes should
use a lower number of messages than FullFlood, which
may lead to lower energy consumption. An additional advantage of such a solution is reduced network congestion,
which improves the query response time. Also, if only a
subset of the network nodes is involved in processing each
query, then several queries could be efficiently processed
simultaneously in different parts of the network. We propose the STWin (Spatio-Temporal WINdow) framework
for query processing in which such a heuristic can be implemented. In this framework, we divide the query processing into two phases, one for locating a path from the
query originator node to a sensor inside the query’s spatial
window, the other for gathering the query answer from the
relevant nodes and returning it to the query originator.
• Phase 1: Given a query at a node NQ , called query
originator, we want to find a path to a node located
in the query’s spatial window. This node will assume
query coordinator role NC for Phase 2.
• Phase 2: The coordinator node NC initiates the
query processing within the query’s spatial window.
The processing algorithm must locate all relevant
nodes, gather the results and return them to the query
coordinator NC . The coordinator will then return the
answer to the query originator node NQ on the routing path discovered in Phase 1.

Query Processing with STWin

If there is only one node relevant to the query, the optimal
solution is contacting the node on the shortest path from
the query originator and returning the answers over the
same path. When the query answer involves several nodes,
communicating with these nodes on the shortest path between the query originator and each of them is no longer
optimal. Figure 2 shows an example. Forwarding the query
over the shortest paths (routes (a) and (c)) requires 6 query
messages in order to reach both relevant nodes, while route
(b) requires only 5 messages. On the other hand, returning the nodes’ answer over the shortest path is still optimal (assuming there is no aggregation of answers). As the
energy usage is proportional to the message size and the
same amount of answer data must be transferred over any
of the possible return paths, sending the answers over the
shortest path is the cheapest. Finding an optimal solution
requires each network node to know the network layout,
as well as possibly expensive local computation for finding
the optimal route for each particular query. Due to sensors’ limitations, it is not feasible for each node of a large
sensor network to find and store the full network layout,
as well as make expensive processing. On the other hand,
contacting all sensor nodes as in FullFlood algorithm is
not the most energy efficient approach.
A heuristic solution for query processing is contacting
only the query relevant nodes, and a few extra nodes for
routing the query and the answer if the query originator

These two phases form a general query processing
framework, where various algorithms can be used in each
phase. In the following we propose one algorithm for the
first phase and two algorithms for the second phase.

4.2.1

Phase 1: GreedyDF

The GreedyDF algorithm uses a greedy technique to find
a routing path from the query originator node to a node
NC located at the center of the query’s spatial window.
Other possibilities for choosing NC exist, and which node
is the best to select as coordinator for a query is an open
question. Choosing the center node is a good compromise
between the likelihood of a heuristic to find at least a node
in the query area and the length of the path over which
answers from the coordinator node will be returned to the
query originator node. The query originator forwards the
query to its neighbor located closest to NC , which in turn
forwards the query to its neighbor closest to NC , and so
on. If node NC is found, then node NC initiates Phase 2.
The routing may reach a sensor node that is closer to NC
than any of its neighbors, in which case the query cannot be forwarded. If the reached node is located in the
query’s area, the node assumes coordinator role NC and
initiates Phase 2, else an empty answer is returned. The
GreedyDF algorithm uses a small number of messages, but
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Figure 3: The algorithms within the STWin framework - message flow
it does not guarantee that a routing path to a node in the
query’s spatial window will be found. Greedy-based routing methods for position based routing in ad-hoc networks
have been shown to nearly guarantee delivery for dense network graphs, but to fail frequently for sparse graphs [20].
Variants to this heuristic would include using a different
neighbor selection method or backtracking the search when
query forwarding cannot be done. We choose to not use
backtracking solutions as they cannot guarantee answer location within a small number of steps, while ultimately
degenerating to a slow network flood with higher communication costs due to the extra messages required for the
backtracking steps. The message flow for the GreedyDF
algorithm is depicted in Figure 3(a).

4.2.2

Phase 2: WinFlood and WinDepth

For the second phase of STWin we propose two algorithms.
The WinFlood algorithm consists of a constrained parallel
flooding, where a node broadcasts the query to its neighbors only if its own location is inside the query’s spatial
window. The constrained flooding starts at the query coordinator node NC and stops when the query reaches nodes
outside the spatial window. Figure 3(b) show the message
flow for the WinFlood algorithm. The WinFlood algorithms
is similar to a window-constrained parallel breadth first
search in the network graph.
An alternative solution is the WinDepth algorithm,
which is based on the depth first search policy. In
WinDepth each node may forward the query only to
those neighbors located within the query’s spatial window.
When a node receives a query, it adds its node ID in the
query header so that the query path is remembered. Then
it selects a neighbor located within the spatial window that
has not received the query yet (determined based on the
query header), and forwards the query to this neighbor.
When the neighbor returns the partial query answer, the
node checks again if there is any other of its neighbors
that is relevant to the query and has not received it yet. If
there is such a neighbor, it forwards the query to this node
and waits again for the neighbor’s answer. This process
is repeated until all of a node’s neighbors located within
the window have answered the query, at which point all
the partial answers received are merged with the locally
stored answers and the new partial answer is returned to
the neighbor that the node received the query from. The
message flow for the WinDepth algorithm is shown in Figure 3(c).
The WinFlood algorithm uses broadcast messages to forward the query, while in WinDepth nodes send individual

messages to neighbors located within the window. As the
cost of one broadcast message is generally lower than the
cost for a group of one-to-one messages, it may be cheaper
to use broadcasting and stop the query forwarding when
an exterior node is reached. An advantage of WinFlood
is that it is faster than WinDepth for the same number
of contacted nodes and likely more cost efficient within a
small window due to the use of broadcast messages. On the
other hand,WinDepth contacts a smaller number of nodes,
which makes more nodes available to answer other queries,
and it causes less network congestion, which helps improve
the query response time if several queries are processed
simultaneously in the network.
In the following section we evaluate experimentally the
proposed algorithms and discuss the effects of several factors on the energy used during query processing.

5

Experimental Evaluation

We implemented a sensor network simulator in order to
study the performance of the presented algorithms. The
sensors’ placement follows a uniform distribution over a
two dimensional region. We represent a historical spatiotemporal query HSTQ by the coordinates of a spatial area
(sw), a temporal range (tw) and its query ID (qID). The
query’s spatial window covers 1% of the monitored region
(that is 10% on each spatial coordinate), unless otherwise
noted. The temporal window covers 60 measurements,
where each measurement is represented by a <value,timestamp> pair. A summary of query and sensor network parameters and their default values used in our experimental
evaluation is presented in Table 1.
We compare the algorithms in terms of the average energy used per network node for communication while processing a query. According to [18], the energy used to transmit and receive one bit of information in wireless communication is given by:
Energytransmit = α + γ × dn

(1)

Energyreceive = β

(2)

where d is the distance to which a bit is being transmitted, n is the path loss index, α and β capture the energy dissipated by the communication electronics and γ
represents the energy radiated by the power-amp. In our
experiments, we use the following values for these parameters [3]: α = 45 nJ/bit, β = 135 nJ/bit, n = 2, and
γ = 10 pJ/bit/m2 . As typical sensors do not have sophisticated communication electronics capable of adapting the
transmission range [5], we assume all messages are transmitted as far as the wireless communication range. In our
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Figure 4: The effect of several parameters on the average energy used per network sensor for the investigated algorithms
Parameter
Area covered
Wireless range
Number of sensors
Tuple size <value, time-stamp>
Query size
Query (spatial window)
Query (temporal window)

Default Value
1000x1000 meters
50 meters
2000
8 bytes
24 bytes
1% (of area)
60 measurements

Table 1: Parameters of query and sensor network
experiments we only measure the energy used to transmit
and receive messages. We focus on the energy efficiency
of the query processing algorithms and make the measurements independent of the characteristics of the MAC layer
(for instance 802.11 radios consume as much energy in idle
mode as for receive mode, while other radios may switch
to a low-energy state when idle).
For the algorithms within the STWin framework,
we call STWinDepth the combination of GreedyDF
with WinDepth, and STWinFlood the combination of
GreedyDF with WinFlood. All experimental measurements
are averaged over 100 randomly generated sensor networks,
with 10 random queries over each network.
First, we investigated the effect of node density on the
performance of GreedyDF. For networks with 2000 or more
nodes, GreedyDF is able to find a routing path from the
query originator to a node inside the query’s spatial window for most of the tested networks. In the majority of the
successful cases, the reached node is located in the proximity of the center of query area. To have a fair comparison,
the following measurements consider the energy used by an
algorithm while processing a query only when each algorithm located all answers for that query.
Figure 4(a) presents the effect of the number of sensors
on the energy usage of each algorithm. As node density
increases, FullFlood sends a larger number of messages
to nodes not relevant to the query, which leads to higher
energy costs. The increase in sensor density leads to an increase in the number of nodes holding relevant data, which
affects the costs of all algorithms, as a larger answer set
must be returned to the query originator. With more nodes
available for routing, the GreedyDF algorithm may be able
to find a shorter path to the query coordinator node, an
advantage for both STWinDepth and STWinFlood as
less energy will be used for locating the query coordinator
and a shorter path is used to return the answers from the
coordinator node to the query originator. On the other
hand, the coordinator node will send a larger answer set to

the query originator in both STWinDepth and STWinFlood. The increase in the number of relevant nodes affects more STWinDepth than STWinFlood. This is due
to the depth first policy used by WinDepth for query routing, as this policy contacts most relevant nodes on one
query forwarding path. This behavior causes the larger
answer set to be returned over a longer path to the query
coordinator, which increases the energy usage.
The negative effects of this behavior of STWinDepth
can be also seen in Figure 4(b), where the query size is
increased. A larger query area affects the FullFlood algorithm less than the other two methods as only the communication cost for returning the answers increases for this
algorithm, while the energy used for locating these answers
stays constant. With the query’s spatial window increasing, STWinFlood uses flooding over a larger set of nodes,
ultimately degenerating into the FullFlood algorithm for
large query windows. In both STWinDepth and STWinFlood, the answers from a larger spatial window are sent
back to the query originator over a longer path (as the
answers are first collected by the coordinator node) compared to the FullFlood method, which returns all answers over the shortest path. For large query windows,
FullFlood uses less energy per node than STWinFlood
for 2000 nodes, but STWinFlood performs better than
FullFlood for large queries in denser networks (the corresponding graphs are not shown due to space limitations).
Figure 4(c) shows the effect of a query’s temporal range
on the energy consumption. A variation in the query’s
temporal range only affects the size of the answer messages,
and leads to a linear variation of the energy used by these
messages. The increase in energy usage is the smallest
for FullFlood as the algorithm returns the answers over
the shortest path to the query originator. STWinFlood
performs better than STWinDepth because the relevant
answers are returned on the shortest path to the query
coordinator in STWinFlood, and both algorithms share
the answer return path (discovered by GreedyDF) from the
query coordinator node to the query originator.

6

Conclusions

While the technological advances have lead to sensors with
reduced sizes and increased capabilities, the sensor data
management is still in its incipient stages. The challenges
are multiple, and the database research has to move its
focus from considering time as a main optimization goal
toward energy efficiency or a combination of both time and
energy. The size of the database is no longer a primary
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challenge, with the focus moving to the distributed nature
of the database and query processing.
In this paper we made a few steps toward energy efficient query processing in a sensor network environment
where each sensor is aware of only its neighbors. In this
scenario, we proposed the STWin query processing framework, where the query is first forwarded to a query coordinator node within the query’s spatial window, followed
by an efficient query processing involving only the relevant
nodes. Within this framework, we proposed the GreedyDF
algorithm for the first phase, and WinDepth and WinFlood
algorithms for the second phase.
The experimental results showed that STWinFlood is
more energy efficient in most situations than simple flooding as well as the solution involving just depth-first based
algorithms. Only for very large query windows in networks
with low sensor densities, the FullFlood algorithm performs slightly better in terms of energy usage, and it is
more robust for locating all relevant answers (however, it
causes network congestion, reducing the network’s capability to process several queries simultaneously). STWinFlood performs only slightly better than STWinDepth
for small query windows, but the difference in performance
dramatically increases for queries over large areas. An advantage of STWinDepth is that there are at most two
nodes working in each query processing step, which allows
the rest of the network to process other queries or simply
sleep to save energy. For most cases, STWinFlood has
shown low energy usage, and therefore we recommend it for
sensor networks where each node is only aware of the other
nodes located within its wireless range. The STWinFlood
combines the strengths of both depth first and breadth first
techniques while limiting their drawbacks.
In this paper we introduced techniques for query
processing when the user in interested in retrieving all the
relevant information. In other situations, an aggregated
query answer may be sufficient. We are currently investigating new algorithms within the STWin framework that
would allow efficient in-network aggregation during query
processing.
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Abstract
An important type of spatial queries for sensor
networks are K Nearest Neighbor (KNN) queries.
Currently, research proposals for KNN query processing is based on index structures, which are
typically expensive in terms of energy consumption. In addition, they are vulnerable to node failure and are difficult to maintain in dynamic sensor
networks. In this paper, we propose KPT, an algorithm for dynamically processing KNN queries
in location-aware sensor networks. KPT shows
great potential for energy savings and improved
query latency. Since the tree infrastructure is constructed only temporarily, KPT is less vulnerable
to sensor node failure.

1 Introduction
Recent research on accessing data available in sensor networks has been focused on index structures, data storage, routing algorithms, data dissemination and aggregation techniques [2, 4, 6, 8, 7, 9, 15]. A major goal of these
proposals is to support various types of queries posed to a
sensor network from any location. A query is transmitted
from the query source to the sensor nodes or network locations that contain the data needed to satisfy the query. The
results (i.e., data collected at the sensor nodes) are then aggregated (if allowed) and returned back to the query source.
The main requirement for query processing is to incur as
little energy expenditure as possible without dropping the
queries or sacrificing execution latency.
Spatial queries such as window/range queries and k
nearest neighbors (KNN) search are particularly relevant
Copyright 2004, held by the author(s)
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to sensor network applications because the data needed
for these applications is often geographically distributed in
the network. Several approaches have been proposed that
support window/range queries in sensor networks [5, 14],
while a preliminary study of the KNN queries in sensor
networks, called Peer-Tree, has just started [1]. Peer-tree, a
distributed index structure based on the design principle of
R-trees, ignores the fact that sensor nodes are susceptible
to radio interference, signal attenuation, and fading. As a
result of these radio problems index structures are difficult
to implement in sensor networks and expensive to maintain in terms of energy consumption. This paper introduces
the KNN Perimeter Tree (KPT) Algorithm for supporting
KNN queries. KPT exploits the fact that KNN queries
are geographically-based to achieve energy savings and increased fault tolerance. A preliminary performance evaluation is given to demonstrate the capabilities of KPT. For this
paper we are assuming a stationary, location-aware sensor
network. KPT assumes that sensors are aware of their geographical neighbors needed to support geographical routing. Sensor data is stored using local storage which can be
organized as cache lines based on sensing event types. A
given sensor can aggregate data over a period of time; for
example a line in the cache may represent the sensing data
of a minute.
This paper is organized as follows. In Section 2 we introduce KNN queries in sensor networks and review relevant research efforts. Then we introduce the KPT algorithm
in Section 3 and its analysis in Section 4. Finally, Section 5
concludes this study and discusses the future work.

2 Related Work
In this section we describe the background of sensor networks, KNN queries and related research contributions.
2.1

KNN Query in Sensor Networks

k-Nearest Neighbor (KNN) queries of spatial data have
been an interesting research topic for some time [10, 11]. A
KNN query is initiated by a query source node and involves
finding the k spatially nearest objects to a given query point
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within the sensor network. Centralized or distributed index structures such as the R-tree have provided support for
KNN queries [3]. However, in the context of sensor networks, technical issues such as node failures (caused by depleted energy resources or communication problems) make
such index structures unwieldy and inefficient for executing
KNN queries.
KNN queries can be classified into two types for sensor
networks. For Type 1 queries, we assume that all sensor
nodes locally store sensor data and are able to answer a specific query constrained by a geographical query condition.
For example, assume that a query desires the k nearest temperature readings to some query point and all sensor nodes
have a sensing component to measure temperature. In this
case, the query needs to be transmitted to the k geographically nearest sensor nodes to the desired query point. The
KNN nodes sample the temperature data and return it back
to the query source node.
For Type 2 KNN queries, we assume that some additional query condition precludes the ability of all sensors to
satisfy a query despite being located inside the desired geographic region. Type 2 queries request sensor data about
the k nearest events to some given query point. These
event locations are unpredictable and therefore determining which k sensors to transmit the query to for execution
is more complicated than Type 1. In this paper, we consider only Type 1 KNN queries and leave support of Type
2 KNN queries as future work.
2.2

Geographical Routing

We assume for this research that sensor networks are stationary and location aware and that sensor nodes are knowledgeable about neighbor nodes within their radio range.
Given these assumptions, several algorithms exist that can
route messages towards geographic locations.
The Greedy Perimeter Stateless Routing (GPSR) algorithm is a geographical routing algorithm which operates
in two modes in location-aware sensor networks: greedy
mode and perimeter mode [4]. In greedy mode, the forwarding node forwards the message to the neighbor nearest the destination. If no such neighbor exists, the algorithm switches to perimeter mode, which, given a planarized graph of the network topology, routes messages
around voids in the network. GPSR can be employed for
routing Nearest Neighbor (NN) queries in sensor networks.
Given a desired location, GPSR can continue to route the
query message until the NN to the query point is reached.
The nearest neighbor sensor node can be confirmed by routing in perimeter mode around the query point. Due to this
nice property, GPSR was selected as the routing protocol
for implementing KPT.
2.3

Peer-Tree

To the best of our knowledge, Peer-Tree (PT) is the only
other proposal in the literature that is able to support KNN
queries. Peer-tree applies the decentralized R-tree index

structure to ad-hoc sensor networks in order to support
location-based queries [1].
Like with the R-tree, the sensor network is partitioned
into Minimum Bounding Rectangles (MBRs). Each MBR
covers a geographical region and includes as a member any
sensor node inside that area. The clusters are then organized in a hierarchical fashion until one overall cluster geographically spans the entire network. For each cluster, a
specific node is designated as a clusterhead, which knows
the location and ID of all sensors that belong to the MBR
cluster. Furthermore, it knows the location and ID of the
clusterheads of any child clusters and its parent clusterhead. Although the authors do not discuss the physical
layer of the network topology directly, it is logical that that
the authors assume the clusterhead can communicate with
all nodes within its MBR as well as its parent.
In Peer-Tree, queries do not originate at the root of the
tree, but come up from the level 0 child nodes since it is
desirable to allow queries to be spawned from random locations in the network. NN queries can be locally scoped to
include only the largest MBR necessary for satisfying the
query. For handling NN queries, the source node routes the
query message to its clusterhead. The clusterhead determines whether the query point is within its MBR. If so, the
clusterhead then begins the algorithm for finding the NN. If
it is not, the clusterhead forwards the query to its parent for
processing. Eventually a clusterhead is reached that covers the area that contains both the query source and query
point. This clusterhead becomes the Peer-Tree root node
for processing the query.
The traditional branch-and-bound algorithm [10] is executed by the root node. Beginning with the child MBRs
of the root, the partition list is sorted by MINDIST and
the Peer-Tree is recursively traversed while a NN leaf node
candidate is maintained and used for pruning MBRs. Supporting KNN queries with Peer-Tree is more complicated
and not discussed by the Peer-Tree authors. For Peer-Tree
to execute the query, it must be sent to the parent of the
highest clusterhead required for finding the NN in order to
guarantee that all candidate nodes will be evaluated (unless
the query is already at the root clusterhead). At this point,
the same branch-and-bound technique is employed except
that a sorted buffer of at most k nearest neighbors is maintained and pruning is done according to the distance of the
furthest nearest neighbor in this buffer.
There are several problems with the Peer-Tree approach.
First, query messages must typically be routed through several layers of clusterheads. Transmission between clusterheads is executed largely independently of the physical
geographic direction and distance. Depending on the network topology and the locations of clusterheads, it is possible that many unnecessary hops are included when routing
messages towards query points. Furthermore, the clusterheads become communication bottlenecks where network
congestion is likely (depending on the rate of submitted
queries) especially if the distances between clusterheads is
large and additional transmitting power is required. Ad-

120

ditionally, adding hierarchical infrastructure to sensor networks is inherently problematic since sensor networks are
highly unstable. To handle the issue of fault tolerance,
the authors propose using a lease period for all clusterhead
nodes so that the hierarchical infrastructure is re-evaluated
periodically.

3 KNN Perimeter Tree
Our hypothesis is that geographical routing algorithms
such as GPSR can be used to approach shortest-path routing such that overall improved performance and fault tolerance is possible for KNN queries. Minimizing the individual responsibilities of sensor nodes makes the network less
vulnerable to failure since there are no critical nodes in the
network. Furthermore, less communication is necessary to
maintain index or topology information in the network.
The KNN Perimeter Tree (KPT) builds upon GPSR [4]
for processing KNN queries. KPT is deployed at all sensor
nodes during network deployment. GPSR can successfully
deliver messages to the nearest neighbor of any query point
in the network. Since data is only available at the sensor
nodes that generate them, a query need only be routed to the
sensor nodes that own the data. All nodes in the network
may participate in processing/forwarding queries.
The KPT algorithm can be broken down into phases as
follows:
1. find the nearest neighbor and a maximum KNN
boundary;
2. find k − 1 nearest neighbors;
3. disseminate and execute query;
4. return result.
3.1

Find NN and a Maximum KNN Boundary

The query message is geographically routed from the query
source towards the query point specified in the query.
Based on GPSR, the message will eventually reach the geographically nearest neighbor to the query point. This node
is designated as the home node of the KNN query. The
home node is assigned temporary responsibilities for organizing the dissemination of the query and processing the
results. This responsibility does make the home node vulnerable to node failure however only for the short duration
of the time needed to process the query.
To avoid flooding a query to the whole network, a maximum KNN boundary is estimated to restrict the search
space for finding the remaining k−1 nearest neighbors. We
consider several approaches for determining this boundary
while the query message is being routed to the home node.
These approaches seek to determine a circular boundary in
terms of a radius distance centered at the query point which
is guaranteed to contain the KNN sensor nodes and the approaches have different tradeoffs.
An intuitive approach (called SUMDIST) for determining the boundary is to add the position of each sensor node
on the forwarding path from the query source to the home

Home node
Query point

Figure 1: KPT home node and perimeter
node to a list in the query message. When the home node is
reached, the distance between the home node position and
the k-th position in the list serves as the maximum boundary. This approach has a higher communication cost since
up to k locations are transmitted along with the query at
every hop. For large values of k, this cost can be large.
A second approach (called MHD-1) includes only a
counter variable, and a maximum hop distance (MHD)
value which represents the largest distance value for any
one hop on the route between the query source node and
the home node. The counter variable is incremented at
each forwarding hop until it reaches k. MHD always maintains the largest hop distance visited. After the query message reaches the home node, the maximum KNN boundary
value can be determined by multiplying the MHD value by
k. The advantage of this approach is that the cost of determining the maximum KNN boundary is less than the naive
approach since only a few values are transmitted with the
query message (independent of k). However, the search
boundary is likely to be larger (and thus less efficient) than
the boundary obtained from the naive approach.
An improvement on the second approach (called MHD2) is to minimize the MHD value by plotting the hop distance along the direct path between the query source and
query destination using geometry instead of taking the direct hop distance between neighbor nodes. However, the
location of the query source node has to be added to the
query message at an additional energy cost.
An assumption that is made for all three methods is that
at least k hops occur on the route between the query source
and the home node. Therefore, it is necessary to consider
the case when fewer than k hops occur. To solve this problem we estimate the boundary by taking the MHD value
and multiplying it by k (even for the naive approach). We
believe that this estimation should be fairly good for many
cases; however in implementing the KPT algorithm, we
must consider the case when the estimation fails.
Figure 1 demonstrates the state of the KPT algorithm after the query has been routed to the nearest neighbor home
node and the perimeter has been established. The query
point is illustrated with a star and the home node which
connects the incoming geographical route with the perime-
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ter route is solid.
3.2

Find k − 1 Nearest Neighbors

Given that the query is at the home node which knows the
maximal KNN boundary, the next step is to determine the
IDs and locations of the k − 1 nearest neighbor nodes. A
naive approach is to simply flood the query to all nodes
within the circular KNN boundary centered at the query
point. However, flooding expends excess energy, particularly if nodes are densely packed with much overlapping of
radio and sensing ranges.
We propose the Perimeter Tree which is designed to reduce the number of total messages required to determine
the (k − 1)-NN nodes and for disseminating the query to
them. The philosophy of this approach is to divide the
boundary circle into regions for each of which a minimum
spanning tree can be constructed that is rooted at a perimeter node. The subtrees expand in the direction away from
the destination. The individual trees are bounded by the
circular boundary and the two subtree boundaries on both
sides.
The perimeter nodes that encircle the query point each
make up a root of a minimum spanning tree that expands
away from the destination and is bounded by the circular KNN boundary. The perimeter nodes are determined
when the query message is transmitted by the home node
in GPSR perimeter mode to validate the home node as the
NN to the query point similar to the Perimeter Refresh Protocol in GHT [9]. At each hop around the perimeter, the
midpoint on the line between Perimeter nodes is computed
and by plotting a line from the query point through the midpoint to the circular boundary the subtree boundaries are
determined, similar to a Voronoi cell [12].
The next step is to establish the spanning trees in each
of the bounded areas that are rooted at the perimeter nodes.
The goal is to build a tree with as few messages transmitted
as possible and with also the shortest possible latency. By
having multiple trees rooted at the perimeter nodes instead
of one tree rooted at the home node the maximum height
of the trees is reduced which reduces the overall query latency, although in highly irregular networks balancing the
tree may not be possible which would affect the query latency but not the correctness. The construction of the tree
begins with the perimeter root node which knows the query
point, the two subtree boundaries (the midpoints between
it and its two perimeter neighbors) and the circular KNN
boundary. At a minimum, this information is transmitted
to its potential children along with other information specified in Phase 3. In a tree, nodes only have one parent and
belong to a certain level of the tree. Finally, a child node
responds to its parent after hearing from its children and
transmitting all node level information including node IDs
and locations. This information is forwarded to the perimeter root which then transmits it to the home node. The home
node then has all the locations of all nodes within the circular KNN boundary which it can then sort by their distance
from the query point and thus determine the KNN node set.

Figure 2: KNN Perimeter Tree
The perimeter boundaries are employed in order to keep
the tree as balanced as possible and thus reduce the overall query latency. However, strictly enforcing this boundary for construction of the tree may exclude nodes that are
within the circular boundary but are out of communication
range of all potential parent nodes within its median boundary. Therefore we allow nodes to select a parent outside its
tree boundary, but only if it does not hear a request from
another potential parent from within its tree boundary. Although it may be possible for a sensor node to exist within
the circular boundary and be completely disconnected from
all other nodes within the circular boundary, it is unlikely.
Furthermore, this would tend to happen towards the edge
of the circular boundary reducing the probability that the
disconnected node belongs to the KNN set.
Figure 2 demonstrates the state of the KPT after the
Perimeter Tree has been established. The perimeter nodes
are used to construct the tree boundaries to minimize the
total height of the tree.
3.3

Disseminate and Execute Query

After Phase 2, the home node is aware of the IDs and locations of the KNN nodes. The next step is for the query
to be disseminated for execution. A naive approach is for
the home node to unicast or multicast using the Perimeter
Tree the query to the KNN nodes. In order to reduce the
overall latency, we propose combining the query dissemination with the Perimeter Tree establishment from Phase
2. As the Perimeter Tree is constructed, the actual query
is transmitted to all tree members for automatic execution.
This approach should have drastically improved latency,
but less efficient energy performance since more than the
KNN nodes actually execute the query. Imposing a quota
system on the number of nodes to execute a query per subtree can reduce the execution cost without increasing the latency. The quota estimation method assigns the top q nodes
of every subtree to execute the query automatically where
q is a quota estimation defined in Equation (1) and p is the
number of perimeter nodes and c is an adjustable parameter
which trades off the quota size and the number of retransmissions needed when quota estimations fail.
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q

=

k
+c
p

(1)

The q value is set by the perimeter root node and decremented as it is assigned to nodes farther down the tree. The
nodes assigned to execute the query do so and return the
results back to the home node as the tree is constructed.
The remaining nodes in the tree that are not assigned by
the quota to execute the query automatically simply return
location information.
After the tree is constructed, the home node receives the
p × q results along with all the location and ID results from
all nodes within the circular KNN boundary. The home
node determines the KNN node set and whether the quota
results include all necessary data to satisfy the KNN query.
If any members of the KNN node set did not return quota
estimation results, then the quota failed and must be resolved. The resolution can be handled simply by unicasting the query to the missing nodes and routing the results
back, adding additional overhead and latency and is thus
undesirable. The c parameter can be adjusted by experiment to determine the appropriate quota size. Flooding is
used to execute the query if the circular boundary is underestimated using one of the MHD methods which adds
considerable energy and latency costs. However, we feel
that this situation will be rare.
3.4

Variable
h
l
n
x
f
s
d
k
m
M
Pi

Return Results

After the home node has collected the query results, it
needs to transmit them back to the query source by unicasting the results geographically using GPSR. The Perimeter Tree can be destroyed after the location information
has been returned to the home node. We reiterate that the
Perimeter Tree only exists for a short period of time and
therefore is only vulnerable to node failure very briefly unlike Peer-Tree.

4 Preliminary Performance Analysis
To give an idea of the capabilities of KPT versus Peer-Tree,
we performed a mathematical analysis on both approaches
in terms of the number of messages required to execute
a query. For the analysis, we assume that nodes are uniformly distributed. To determine the cost processing KNN
queries with KPT and Peer-Tree, we define some parameters which are listed in Table 1.
For analyzing the performance of KNN query processing, we break the execution into three phases for both KPT
and PT:
• Phase 1 consists of the number of messages required
to reach the home node for KPT or the Peer-Tree MBR
root node.
• Phase 2 represents the cost of executing the query by
getting the query to the KNN nodes and returning the
results back to the Phase 1 home node.

Definition
Height of Peer-Tree
Average distance between nodes
Number of nodes in network
Number of nodes in KNN PT MBR
MBR fanout (.69 × M )
Square axis of network (s × s)
Average query distance
Number of nearest neighbors required
Minimum children per MBR
Maximum children per MBR
Probability a PT node is accessed at level i

Table 1: Summary of Parameters for Analysis
• Phase 3 represents the cost of returning the query results back to the query source node.
Estimating the query execution cost for KPT is fairly
simple. For phases 1 and 3, we can estimate the number of
hops required to route a message to the query source node
and the home node and back by using the expression dl .
For phase 2, we estimate the number of messages as two
messages per node inside the circular boundary. We can
compute the average number of nodes inside the circular
boundary by dividing the area of the circular boundary by
the average area per sensor node (density) and thus we de2
fine the number of messages as 2×(π×(k × l) )/((s2 /n)).
Performance analysis of Peer-Tree is more complicated.
We refer to the analysis of KNN queries for R*-Trees [13]
which is similar to Peer-Tree except that message transmissions are used instead of disk accesses when information
from a node is needed. For phases 1 and 3, the number
of messages required to transmit the query message to the
root parent node and the results back is the number of levels in the tree from level 0 to the level of the root parent.
The level of the root parent is one above the smallest MBR
that contains the query point and the query source node.
For estimating the size of the smallest MBR that contains
the query point and the source node we assume an average
square-shaped MBR where the query distance d makes up
half the bisecting hypotenuse with an area of 2 × d2 . The
number of sensor nodes contained within the parent of the
MBR that spans the source node and query point can be
estimated as x = (h × 2 × d2 )/((s2 )/(n)). We can determine the height of the tree needed to execute the query as
x
) [13].
h = 1 + logf ( M
For computing the cost of phase 2 for Peer-Tree,
we
use the same formula for node accesses defined as
h−1
i=0 (ni × Pi ) where h is the height of the tree, Pi is
the probability that a node at level i is accessed and ni is
the total number of nodes at level i [13]. Due to the space
constraints of this paper, we leave the details to [13]. Two
messages are required for each node access, one to deliver
the query and one for a response.
For constructing experiments using the mathematical
analysis the following default parameters were used. A
network size of 100 × 100 meters2 was used with a node
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and does not take into account that the messages for PeerTree would likely have to be transmitted at a higher power
level and are thus more expensive. The size of the messages, per-bit cost of transmission and query execution
costs are also not considered here. Most importantly, this
analysis assumes that all required infrastructure for PeerTree is in place, i.e., the considerable cost for constructing
and maintaining the tree is not demonstrated. Nonetheless,
KPT is able to perform often significantly better than PeerTree for executing KNN queries. Fault tolerance to node
failure is also not demonstrated. Considering fault tolerance and actual energy consumption will be demonstrated
through simulation in our future work.
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Figure 4: Experiment 2: Effect of query distance
density of 500 uniformly distributed sensors. The average
query distance used was 30 meters with a k value of 3.
For Peer-Tree, each MBR contained between 3 and 6 children. The metric used for analysis was simply the number of messages required to execute the query for KPT and
Peer-Tree.
Figure 3 demonstrates the effect of k on the performance
of KPT and Peer-Tree. The results show that while PeerTree is not affected by the value of k, KPT performs better for lower k values, specifically with k smaller than 6.
This makes sense since the larger the k value, the larger the
circular query boundary which includes more nodes in the
query.
Figure 4 shows the effect of the query distance on the execution performance of both approaches. The effect of the
query distance on KPT is minimal; only a very small linear
increase for KPT while Peer-Tree suffers an exponential increase in the number of messages as the query distance increases. This is due to the fact that the size of the spanning
parent MBR grows much larger and the height of the tree
increases as well. Although not demonstrated here, PeerTree is also affected by the size of the child node capacity
and the node density of the network.
We acknowledge that this analysis is primitive by simply counting the number of messages of an individual query

We believe that KPT shows potential for improving performance in terms of energy consumption and latency for processing KNN queries in sensor networks. Our preliminary
analysis shows that KPT can achieve significant energy
savings over Peer-Tree in terms of the number of messages
required to execute a KNN query without even comparing the costs required to construct and maintain the PeerTree infrastructure when compared to the minimal neighbor information required for geographical routing. Additionally, although not demonstrated through analysis, KPT
intuitively is more fault tolerant than Peer-Tree.
For the future work of this project, simulation experiments are under construction that are designed to back up
the claims of this paper. Additionally, further improvements of KPT may be possible if assumptions can be made
about the node distribution. Furthermore, we intend to also
investigate the use of KNN queries in mobile sensor network environments by employing routing protocols for dynamic networks. Finally, we intend to consider supporting
Type 2 KNN queries with KPT.
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